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Preface

Since the term “random field”” has a variety of different connotations, ranging from
agriculture to statistical mechanics, let us start by clarifying that, in this book, a
random field is a stochastic process, usually taking values in a Euclidean space, and
defined over a parameter space of dimensionality at least 1.

Consequently, random processes defined on countable parameter spaces will not
appear here. Indeed, even processes on R! will make only rare appearances and,
from the point of view of this book, are almost trivial. The parameter spaces we like
best are manifolds, although for much of the time we shall require no more than that
they be pseudometric spaces.

With this clarification in hand, the next thing that you should know is that this
book will have a sequel dealing primarily with applications.

In fact, as we complete this book, we have already started, together with KW
(Keith Worsley), on a companion volume [8] tentatively entitled RFG-A, or Random
Fields and Geometry: Applications. The current volume—RFG—concentrates on
the theory and mathematical background of random fields, while RFG-A is intended
to do precisely what its title promises. Once the companion volume is published,
you will find there not only applications of the theory of this book, but of (smooth)
random fields in general.

Making a clear split between theory and practice has both advantages and disad-
vantages. It certainly eased the pressure on us to attempt the almost impossible goal
of writing in a style that would be accessible to all. It also, to a large extent, eases the
load on you, the reader, since you can now choose the volume closer to your interests
and so avoid either “irrelevant”” mathematical detail or the “real world,”” depending on
your outlook and tastes. However, these are small gains when compared to the major
loss of creating an apparent dichotomy between two things that should, in principle,
go hand-in-hand: theory and application. What is true in principle is particularly true
of the topic at hand, and, to explain why, we shall indulge ourselves in a paragraph
or two of history.

The precusor to both of the current volumes was the 1981 monograph The Geom-
etry of Random Fields (GRF) which grew out of RJA’s (i.e., Robert Adler’s) Ph.D.
thesis under Michael Hasofer. The problem that gave birth to the thesis was an applied
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one, having to do with ground fissures due to water permeating through the earth un-
der a building site. However, both the thesis and GRF ended up being directed more
to theoreticians than to subject-matter researchers. Nevertheless, the topics there
found many applications over the past two decades, in disciplines as widespread as
astrophysics and medical imaging.

These applications led to a wide variety of extensions of the material of GRF,
which, while different in extent to what was there, were not really different in kind.
However, in the late 1990s KW found himself facing a brain mapping problem on
the cerebral cortex (i.e., the brain surface) that involved looking at random fields
on manifolds. Jonathan Taylor (JET) looked at this problem and, in somewhat of a
repetition of history, took it to an abstract level and wrote a Ph.D. thesis that completely
revolutionized! the way one should think about problems involving the geometry
generated by smooth random fields. This, and subsequent material, makes up Part III
of the current, three-part, book.

In fact, this book is really about Part III, and it is there that most of the new
material will be found. Part I is mainly an adaptation of RJA’s 1990 IMS lecture
notes, An Introduction to Continuity, Extrema, and Related Topics for General Gauss-
ian Processes, considerably corrected and somewhat reworked with the intention of
providing all that one needs to know about Gaussian random fields in order to read
Part III. In addition, Part I includes a chapter on stationarity. En passant, we also
included many things that were not really needed for Part III, so that Part I can be
(and often has been) used as the basis of a one-quarter course in Gaussian processes.
Such a course (and, indeed, this book as a whole) would be aimed at students who
have already taken a basic course in measure-theoretic probability and also have some
basic familiarity with stochastic processes.

Part II covers material from both integral and differential geometry. However, the
material here is considerably less standard than that of Part I, and we expect that few
readers other than professional geometers will be familiar with all of it. In addition,
some of the proofs are different from what is found in the standard geometry literature
in that they use properties of Gaussian distributions.”

There are two main aims to Part II. One is to set up an analogue of the critical point
theory of Marston Morse in the framework of Whitney stratified manifolds. What
makes this nonstandard (at least in terms of what most students of mathematics see
as part of their graduate education) is that Morse theory is usually done for smooth
manifolds, preferably without boundaries. Whitney stratified manifolds are only
piecewise smooth, and are permitted any number of edges, corners, etc. This brings
them closer to the objects of integral geometry, to which we devote a chapter. While
the results of this specific chapter are actually subsumed by what we shall have to
say about Whitney stratified manifolds, they have the advantage that they are easy to
state and prove without heavy machinery.

The second aim of Part II is to develop Lipschitz—Killing curvatures in the setting
of Whitney stratified manifolds and to describe their role in what are known as “tube

! This verb was chosen by RJA and not JET.
2 After all, since we shall by then have the Gaussian Part I behind us, it seems wasteful not
to use it when it can help simplify proofs.
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formulas.” We shall spend quite some time on this. Some of the material here is
“well known” (albeit only to experts) and some, particularly that relating to tube and
Crofton formulas in Gauss space, is new. Furthermore, we derive the tube formulas
for locally convex Whitney stratified manifolds, which is both somewhat more general
than the usual approach for smooth manifolds, and somewhat more practical, since
most of the parameter spaces we are interested in have boundaries. In addition, the
approach we adopt is often unconventional.

These two aims make for a somewhat unusual combination of material and there is
no easily accessible and succinct? alternative to our Part I for learning about them. In
the same vein, in order to help novice differential geometers, we have included a one-
chapter primer on differential geometry that runs quickly, and often unaesthetically,
through the basic concepts and notation of this most beautiful part of mathematics.

However, although Parts I and II of this book contain much material of intrinsic
interest we would not have written them were it not for Part I1I, for which they provide
necessary background material. What is it in Part III that justifies close to 300 pages
of preparation? Part III revolves around the excursion sets of smooth, R¥-valued
random fields f over piecewise smooth manifolds M. Excursion sets are subsets of
M given by

Ap=Ap(f,M)E{teM: f(r) e D)

for D C R¥.

A great deal of the sample function behavior of such fields can be deduced from
their excursion sets and a surprising amount from the Euler, or Euler—Poincaré, char-
acteristics of these excursion sets, defined in Part II. In particular, if we denote the
Euler characteristic of a set A by ¢(A), then much of Part III is devoted to finding
the following expression for their expectation, when f is Gaussian with zero mean
and unit constant variance:

dim M
E{p(Ap)} = Y 2m)/2L;(M)ME(D). 0.0.1)
j=0

Here the £ (M) are the Lipschitz—Killing curvatures of M with respect to a Riemann-
ian metric induced by the random field f, and the M’; (D) are certain Minkowski-like

functionals (closely akin to Lipschitz—Killing curvatures) on R* under Gauss mea-
sure.

If all of this sounds terribly abstract, the truth is that it both is, and is not. It is
abstract, because while (0.0.1) has had many precursors over the last 60 years or so, it
has never before been established in the generality described above. It is also abstract
in that the tools involved in the derivation of (0.0.1) in this setting require some rather
heavy machinery from differential geometry. However, this level of abstraction has

3 The stress here is on “succinct.” With the exception of the material on Gauss space, almost
everything that we have to say can be found somewhere in the literatures of integral and
differential geometry, for which there are many excellent texts, some of which we shall list
later. However, all presume a background knowledge that is beyond what we shall require,
and each contains only a subset of the results we shall need.
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turned out to pay significant dividends, for not only does it yield insight into earlier
results that we did not have before, but it also has practical implications. For example,
the approach that we shall employ works just as well for nonstationary processes as
it does for stationary ones.* However, nonstationarity, even on manifolds as simple
as [0, 1]%, was previously considered essentially intractable. Simply put, this is one
of those rare but constantly pursued examples in mathematics in which abstraction
leads not only to a complete and elegant theory, but also to practical consequences.

An extremely simple and very down-to-earth application of (0.0.1) arises when
the manifold is the unit interval [0, 1], f is real-valued, and D = [u, 00). In that
case, E{¢(Ap)} is no more than the mean number of upcrossings of the level u by the
process f, along with a boundary correction term. Consequently, modulo the bound-
ary term, (0.0.1) collapses to no more than the famous Rice formula, undoubtedly
one of the most important results in the applications of smooth stochastic processes.
If you are unfamiliar with Rice’s formula, then you might want to start reading this
book at Section 11.1, where it appears in some detail, together with heuristic, but
instructional, proofs and applications.

One of the reasons that Rice’s formula is so important is that it has long been used
as an approximation, for large u, to the excursion probability

IP’{ sup f(#) > u}

tel0,1]

itself an object of major practical importance. The heuristic argument behind this
is simple: If f crosses a high level, it is unlikely do so more than once. Thus, in
essence, the probability that f crosses the level u is close to the probability that there
is an upcrossing of u, along with a boundary correction term. (The correction comes
from the fact that one way for sup, (g 1) f(#) to be larger than u is for there to be
no upcrossings but f(0) > u.) Since the number of upcrossings of a high level will
always be small, the probability of an upcrossing is well approximated by the mean
number of upcrossings. Hence Rice’s formula gives an approximation for excursion
probabilities.

If (0.0.1) is the main result of Part III, then the second-most-important result is
that, at the same level of generality and for a wide choice of D, we can find a bound
for the difference

IP{31 e M: f(r) € D} — E{p(Ap)}I.

A specific case of this occurs when f takes values in R!, in which case not only can
we show that, for large u,

2] sup (1) = u} - Elo(Apso)
teM
is small, but we can provide an upper bound to it that is both sharp and explicit.
Given that the second term here is known from (0.0.1), what this inequility gives is
an excellent approximation to Gaussian excursion probabilities in a very wide setting,
something that has long been a holy grail of Gaussian process theory.

4 Still assuming marginal stationarity, i.e., zero mean and constant variance.
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In the generality in which we shall be working, the bound is determined by geo-
metric properties of the manifold M with the induced Riemannian metric mentioned
above. Furthermore, unlike the handwaving argument described above for the simple
one-dimensional case, the new tools provide a fully rigorous proof.

At this point we should probably say something about why we chose to take
piecewise smooth manifolds as our generic parameter space. This is perhaps best
explained via an example. Suppose that we were to take parameter spaces that were
smooth, even C°°, manifolds, with C* boundaries.

Fig. 0.0.1. A C* function defined over a manifold with a C® boundary gives excursion sets
that have sharp, nondifferentiable, corners.

Such an example is shown in Figure 0.0.1, where the parameter space is a disk.
The three excursions of a (C*°) function f above some nominal level are marked on
the function surface, and these lie above the three corresponding components of the
excursion set A[, o). Note that, despite the smoothness of each component of this
example, the excursion set has sharp corners where it intersects with the boundary of
the parameter space. In other words, A[,, o) is only a piecewise smooth manifold.

It turns out that since we end up with piecewise smooth manifolds for our excursion
sets, there is not a lot saved by not starting with them as parameter spaces as well.?

So now you know what awaits you at the end of the path through this book.
However, traversing the path has value in itself. Wandering, as it does, through the
fields of both probability and geometry, it is a path that we imagine not too many of
you will have traversed before. We hope that you will enjoy the scenery along the
way as much as we have enjoyed describing it. (We also hope, for your sake, that it
will be easier and faster in the reading than it was in the writing.)

We are left now with two tasks: Advising how best to read this book, and offering
our acknowledgments.

3 Of course, we could simplify things considerably by working only with parameter spaces
that have no boundary, something that would be natural, for example, for a differential
geometer. However, this would leave us with a theory that could not handle parameter
spaces as simple as the square and the cube, a situation that would be intolerable from the
point of view of applications.
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The best way to read the book is, of course, to start at the beginning and work
through to the end. That was how we wrote it. However, here some other possibilities,
depending on what you want to get out of it.

(1) A course on Gaussian processes: Chapters 1 through 4 along with Sections 5.1
through 5.4 if you want to learn about stationarity as well. These chapters can
be read in more or less any order; see the comments in the introduction to Part I.

(i1) Random fields on Euclidean spaces, with an accent on geometry: Sections 1.1—
1.4.2 and Chapter 3 for basic Gaussian processes, Sections 4.1, 4.5, and 4.6
for some classical material on extremal distributions, and Chapter 5 on station-
arity. Chapter 6 and Section 9.4 give the basic geometry and Chapter 11 the
random geometry of Gaussian fields. Section 14.4 gives examples of how the
results of Chapter 11 relate to excursion probabilities, and Section 15.10 gives
examples of the non-Gaussian theory. (Note that because you have chosen to
remain in the Euclidean scenario, and so avoid most of the real challenges of
differential geometry, you have been relegated to reading examples instead of
the general case!)

(iii) Probabilisitic problems in, and using, differential geometry: Sections 1.1, 1.2
and the results (but not proofs) of Chapter 3 to get a bare-bones introduction to
Gaussian processes, along with Sections 5.5 and 5.6 for some important notation.
As much of Chapter 7 as you need to revise differential-geometric concepts,
followed by Chapters 8, 9, and 10. The punch line is then in Chapters 12 and 13
for Gaussian processes and Chapter 15 in general. It is only in this last chapter
that you will get to see all the geometric preliminaries of Part II in play at once.

(iv) Applications without the theory: Wait for RFG-A. We are working on it!

Now for the acknowledgments. Both RJA and JET owe debts of gratitude to KW,
and we had better acknowledge them now, since we can hardly do it in the preface
of RFG-A.

Beyond our personal debts to KW, not least for getting the two us of together,
the subject matter of this book also owes him an enormous debt of gratitude. It
was during his various extensions and applications of the material of GRF that the
passage between the old Euclidean theory and its newer manifold version began to
take shape. Without his tenacious refusal to leave (applied) problems because the
theory (geometry) seemed too hard, the foundations on which our Part III is based
would never have been laid.

Back to the personal level, we also owe debts of gratitude to numerous students
at the Technion, UC Santa Barbara, Stanford, and the ICE-EM in Brisbane who sat
through courses as we put this volume together, as well as the group at McGill that
went through the book as a reading course with KW. Their enthusiasm, patience, and
refusal to take “it is easy to see that” for an answer when it was not all that easy to
see things, not to mention all the typos and errors that they found, has helped iron a
lot of wrinkles out of the final product.

In particular, we would like to thank Nicholas Chamandy, Sourav Chatterjee,
Steve Huntsman, Farzan Rohani, Alessio Sancetta, Armin Schwartzman, and Sreekar
Vadlamani for their questions, comments, and, embarrassingly often, corrections.
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The ubiquitous anonymous reviewer also made a number of useful suggestions and
we are suitably grateful to him/her.

The generous support of the U.S.—Israel Binational Science Foundation, the Israel
Science Foundation, the U.S. National Science Foundation, the Louis and Samuel
Seiden Academic Chair, and the Canadian Natural Sciences and Engineering Research
Council over the (too long a) period that we worked on this book are all gratefully
acknowledged.

Finally, don’t forget, after you finish reading this book, to run to your library for
a copy of RFG-A, to see what all of this theory is really good for.

Until such time as RFG-A appears in print, preliminary versions will be available

on our home pages, which is where we shall also keep a list of typos and/or corrections
for this book.

Robert J. Adler Jonathan E. Taylor
Haifa, Israel Stanford, CA, USA
ie.technion.ac.il/Adler.phtml www-stat.stanford.edu/~jtaylo
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Part I. Gaussian Processes 3

If you have not yet read the preface, then please do so now.

Since you have read the preface, you already know a number of important things
about this book, including the fact that Part I is about Gaussian random fields.

The centrality of Gaussian fields to this book is due to two basic factors:

* Gaussian processes have arich, detailed, and very well-understood general theory,
which makes them beloved by theoreticians.

» Inapplications of random field theory, as in applications of almost any theory, it is
important to have specific, explicit formulas that allow one to predict, to compare
theory with experiment, etc. As we shall see in Part I, it will be only for Gaussian
(and related; cf. Section 1.4.6 and Chapter 15) fields that it is possible to derive
such formulas, and then only in the setting of excursion sets.

The main reason behind both these facts is the convenient analytic form of the
multivariate Gaussian density, and the related properties of Gaussian fields. This is
what Part I is about.

There are five main collections of basic results that will be of interest to us.
Rather interestingly, although later in the book we shall be interested in Gaussian
fields defined over various types of manifolds, the basic theory of Gaussian fields
is actually independent of the specific geometric structure of the parameter space.
Indeed, after decades of polishing, even proofs gain little in the way of simplification
by restricting to special cases even as simple as R. Thus, at least for a while, we can
and shall work in as wide as possible generality, working with fields defined only on
topological spaces to which we shall assign a natural (pseudo)metric induced by the
covariance structure of the field.

The first set of results that we require, along with related information, form Chap-
ter 1 and are encapsulated in different forms in Theorems 1.3.3 and 1.3.5 and their
corollaries. These give a sufficient condition, in terms of metric entropy, ensuring the
sample path boundedness and continuity of a Gaussian field along with providing in-
formation about moduli of continuity. While this entropy condition is also necessary
for stationary fields, this is not the case in general, and so for completeness we look
briefly at the majorizing measure version of this theory in Section 1.5. However, it
will be a rare reader of this book who will ever need the more general theory.

To put the seemingly abstract entropy conditions into focus, these results will be
followed by a section with a goodly number of extremely varied examples. Despite
the fact that these cover only the tip of a very large iceberg, their diversity shows
the power of the abstract approach, in that all can be treated via the general theory
without further probabilistic arguments. The reader who is not interested in the general
Gaussian theory, and cares mainly about the geometry of fields on R" or on smooth
manifolds, need only read Sections 1.4.1 and 1.4.2 on continuity and differentiability
in this scenario, along with the early parts of Section 1.4.3, needed for understanding
the spectral representation of Chapter 5.

Chapter 2 contains the Borell-TIS (Borell-Tsirelson-Ibragimov—Sudakov) in-
equality and Slepian inequalities (along with some of their relatives). The Borell-TIS
inequality gives a universal bound for the excursion probability
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]P{ sup £ () > u} (0.0.2)
teT

u > 0, for any centered, continuous Gaussian field. As such, it is a truly basic
tool of Gaussian processes, somewhat akin to Chebyshev’s inequality in statistics or
maximal inequalities in martingale theory. Slepian’s inequality and its relatives are
just as important and basic, and allow one to use relationships between covariance
functions of Gaussian fields to compare excursion probabilities and expectations of
suprema.

The main result of Chapter 3 is Theorem 3.1.1, which gives an expansion for
a Gaussian field in terms of deterministic eigenfunctions with independent N (0, 1)
coefficients. A special case of this expansion is the Karhunen—Lo¢ve expansion of
Section 3.2, with which we expect many readers will already be familiar. Together
with the spectral representations of Chapter 5, they make up what are probably the
most important tools in the Gaussian modeler’s bag of tricks. However, these ex-
pansions are also an extremely important theoretical tool, whose development has
far-reaching consequences.

Chapter 4 serves as a basic introduction to what is also one of the central topics
of Part III, the computation of the excursion probabilities for a zero-mean Gaussian
field and a general parameter space T. In Part III we shall develop highly detailed
expansions of the form

n
]P’{ sup f(¢) > u} = u"‘e‘“z/z"% Z Cju_j + error,
teT X
j=0

for large u, appropriate parameters o, o%, n, and C; that depend on both f and T.
However, to do this, we shall have to place specific assumptions on the parameter
space T, in particular assuming that it is a piecewise smooth manifold.® Without
these assumptions, the best that one can do is to identify o, a%, and occasionally Co,
and this is what Chapter 4 will do. Furthermore, to keep the treatment down to a
reasonable length, we shall generally concentrate only on upper bounds, rather than
expansions, for Gaussian excursion probabilities.’

Chapter 5, the last of Part I, is somewhat different from the others in that it is
not really about Gaussian processes, but about stationarity and isotropy in general.
The main reason for the generality is that limiting oneself to the Gaussian scenario
gains us so little that it is not worthwhile doing so. The results here, however, will be
crucial for many of the detailed calculations of Part III.

6 For those of you who are already comfortable with the theory of stratified manifolds, our
“piecewise smooth manifolds’” are Whitney stratified manifolds with convex support cones.

7 There is also a well-developed theory of a Poisson limit nature for probabilities of the form
P{sup,cr, f () = n(x,u)}, for which n(x, u) and the size of 7, grow (to infinity) with
u. In this case, one searches for growth rates that give a limit dependent on x, but not u.
You can find more about this in Aldous [10], which places the Gaussian theory within a
much wider framework of limit results, or in Leadbetter, Lindgren, and Rootzén [97] and
Piterbarg [126], which give more detailed and more rigorous accounts for the Gaussian and
Gaussian-related situation.
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There are a number of ways in which you can read Part I of this book. You
should definitely start with Sections 1.1 and 1.2, which have some boring, standard,
but important technical material. From then on, it is very much up to you, since
the remainder of Chapter 1 and the other four chapters of Part I are more or less
independent of one another. A reviewer of the book suggested going from Section 1.2
directly to Chapter 3 to read about how to construct examples of Gaussian processes
via orthogonal expansions, a suggestion that certainly makes historical sense and
would also be more natural for an analyst rather than a probabilist. With or without
Chapter 3, one can go from Section 1.2 to Section 1.3 to learn a little about entropy
methods and from there directly to Chapter 4 to get quickly to extremal properties,
one of the key topics of this book. Chapter 2, on the Borell and Slepian inequalities,
can follow this. We obviously wrote the book in the order that seemed most logical
to us, but you do have a fair number of choices in how to read Part I.

Finally, we repeat what was already said in the preface, that there is nothing new
in Part I beyond perhaps the way some things are presented, and that as a treament
of the basic theory of Gaussian fields it is not meant to be exhaustive. There are now
many books covering various aspects of this theory, including those by Bogachev
[28], Dudley [56], Fernique [67], Hida and Hitsuda [77], Janson [86], Ledoux and
Talagrand [99], Lifshits [105], and Piterbarg [126]. In terms of what will be important
to us, [56] and [99] stand out from the pack, perhaps augmented with Talagrand’s
review [154]. Finally, while not as exhaustive® as the others, you might find RJA’s
lecture notes [3], augmented with the corrections in Section 2.1 below, a user-friendly
introduction to the subject.

8 Nor, perhaps, as exhausting.
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Gaussian Fields

1.1 Random Fields

We shall start with some rather dry, but necessary, technical definitions. As mentioned
in the penultimate paragraph of the introduction to Part I, once you have read them
you have a number of choices as to what to read next.

As you read in the preface, for us a random field is simply a stochastic process,
usually taking values in a Euclidean space, and defined over a parameter space of
dimensionality at least 1. Although we shall be rather loose about exchanging the
terms “field” and “process,” in general we shall use “field” when the geometric
structure of the parameter space is important to us, and shall use “process’’ otherwise.
“Random’ and “stochastic’ are, of course, completely synonymous.

Here is a formal definition, which states the obvious (and, we hope, the familiar).

Definition 1.1.1. Let (2, F, P) be a complete probability space and T a topological
space.! Then a measurable mapping f : Q@ — RT (the space of all real-valued
functions on T) is called a real-valued random field.> Measurable mappings from
to RTY, d > 1, are called vector-valued random fields. If T C RN, we call f an

(N, d) random field, and if d = 1, simply an N -dimensional random field.

Thus, f(w) is a function, and (f (w))(¢) its value at time 7. In general, however,
we shall not distinguish among

I The use of T comes from the prehistory of Gaussian processes, and probably stands for
“time.”” While the whole point of this book is to get away from the totally ordered structure
of R, the notation is too deeply entombed in the collective psyche of probabilists to change
it now. Later on, however, when we move to manifolds as parameter spaces, we shall
emphasize this by replacing T by M. Nevertheless, points in M will still be denoted by .
We hereby make the appropriate apologies to geometers.

2 More on notation: While we shall follow the standard convention of denoting random
variables by uppercase Latin characters, we shall use lowercase to denote random functions.
The reason for this will be become clear in Parts II and III, where we shall need the former
for tangent vectors.
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fi=f) = ft,0) = (f(0)@),

etc., unless there is some special need to do so.

Before going further, we shall make one technical blanket assumption on all
random fields that will appear in this book, although we shall rarely mention it again.
Throughout, we shall demand that all random fields be separable. If you are familiar
with this assumption, you will know that it solves many measurability problems. For
example, without separability, it is not necessarily the case that the supremum of
a random field is a well-defined random variable. If you are not familiar with the
concept, it probably would not have occurred to you that such problems might exist.
Either way, you need not worry about it anymore.

1.2 Gaussian Variables and Fields

A real-valued random variable X is said to be Gaussian (or normally distributed) if
it has the density function

e—(x—m)2/202’

o(x) 2 xeR,

2o

for some m € R and ¢ > 0. It is elementary calculus that the mean of X is m and
the variance o2, and that the characteristic function is given by

$(6) = EfeX) = pl0m—067/2

We abbreviate this by writing X ~ N (m, 02). The case m = 0, o2 = 1 is rather
special, and in this situation we say that X has a standard normal distribution. In
general, if a random variable or process has zero mean, we call it centered .

Since the indefinite integral of ¢ is not a simple function, we also need notation
(@) for the distribution function and (W)for the tail probability function of a standard
normal variable:

P 21w 2 —0*/2 gy, (1.2.1)

1 X
— e
2 /;oo

3 This property, due originally to Doob [50], implies conditions on both 7" and f. In particular,

An R9-valued random field f, on a topological space T, is called separable if there exists

a countable dense subset D C T and a fixed event N with P{N} = 0 such that, for any

closed B c R and open C T,

{w: f(t,w) e BYtel}Alw: f(t,w) e BNt e IND} CN.
Here A denotes the usual symmetric difference operator, so that
AAB = (AN B U (A°NB), (1.1.1)

where A€ is the complement of A.
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While ® and ¥ may not be explicit, there are simple, and rather important, bounds
that hold for every x > 0 and become sharp very quickly as x grows. In particular,
in terms of ¥ we have*

1 1 1
(; — x_3> p(x) < ¥U(x) < )—Cgo(x). (1.2.2)

An R?-valued random variable X is said to be multivariate Gaussian if, for every
o = (a1, ...,0q) € R, the real-valued variable (o, X') = Z?:l o; X; is Gaussian.”
In this case there exists a mean vector m € R? with m j = E{X} and a nonnegative
definite® d x d covariance matrix C, with elements cij = E{(X; —m)(X; —mj)},
such that the probability density of X is given by

1 1 —1 /
_ —5x=—m)C™" (x—m)
oW = ooamenzt (12.3)

where |C| = det C is the determinant’ of C. Consistently with the one-dimensional
case, we write thisas X ~ N(m, C), or X ~ Ny(m, C) if we need to emphasize the
dimension.

4 The upper bound in (1.2.2) follows from the observation that
—0o0 —0o0
/ 12 gy < / Lem?/2 gy — x—1e=12
x X X

after integration by parts. For the lower bound, make the substitution # +— x 4 v/x to
note that

X 0

_ xflefxz/z/Ooef(szz/xz)/zdv
0
o0
> x_le_xz/Z/ e V(1 —v%/(2x2)) dv
0

on using the fact that e™% > 1 — z for all z > 0. It is now trivial to check that the remaining
integral is at least 1 — x 2.

3 Throughout the book, vectors are taken to be row vectors, and a prime indicates transposition.
The inner product between x and y in RY is usually denoted by (x, y) or, occasionally, by
x -y and even (x, y) when this makes more sense.

6 Ad x d matrix C is called nonnegative definite (or positive semidefinite) if xCx’ > 0 for
all x € RY. Afunction C : T x T — R is called nonnegative definite if the matrices
c, tj))?l,/:l are nonnegative definite forall 1 <n < ocoandall (¢1,...,1,) € T".

7 At various places we shall use the notation | | to denote any of “absolute value,” “Euclidean
norm,” “determinant,” or “Lebesgue measure,” depending on the argument, in a natural
fashion. The notation || || is used only for either the norm of complex numbers or for special
norms, when it usually appears with a subscript. This is unless it is used, as in Chapter 2
in particular, as || f|| to denote the supremum of a function f, which is not a norm at all.
Despite this multitude of uses of a simple symbol, its meaning should always be clear from
the context.
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In view of (1.2.3) we have that Gaussian distributions are completely determined
by their first- and second-order moments and that uncorrelated Gaussian variables
are independent. Both of these facts will be of crucial importance later on.

While the definitions are fresh, note for later use that it is relatively straightforward
to check from (1.2.3) that the characteristic function of a multivariate Gaussian X is
given by

$(0) = Efe!0-X)} = ¢i(0.m—30C0" (1.2.4)

where 6 € R9.

One consequence of the simple structure of ¢ is the fact that if {X,,},>1 is an L?
convergent® sequence of Gaussian vectors, then the limit X must also be Gaussian.
Furthermore, if X,, ~ N(m,, C,), then

Im, —m|> >0 and |C,—C|>— 0 (1.2.5)

as n — oo, where m and C are the mean and covariance matrix of the limiting
Gaussian. The norm on vectors is Euclidean and that on matrices any of the usual.
The proofs involve only (1.2.4) and the continuity theorem for convergence of random
variables.

One immediate consequence of either (1.2.3) or (1.2.4) is that if A isany d x d
matrix and X ~ Ng(m, C), then

AX ~ N(mA, A'CA). (1.2.6)

A judicious choice of A then allows us to compute conditional distributions as well.
If n < d make the partitions

X=X" X =(X1,.... Xp). Xpy1. ... Xa)),
m=(m',m* = ((mi,....mp), (Mpy1, ... ma)),
Cn C2
C = ,
(CZI 6)))
where Cy is an nxn mayrix. Then each X is N(m', C;;) and the conditional
distribution® of X° given X/ is also Gaussian, with mean vector

mijj =m' + CijC (X —mly (1.2.7)
and covariance matrix

8 That is, there exists a random vector X such that E{| X, — X|2} — O0asn — oo.
9 To prove this, take

In —C12C22>
A=
< 0 Ig—n

and define Y = (Yl, Y2) = AX. Check using (1.2.6) that Yland Y2 = X% are independent
and use this to obtain (1.2.7) and (1.2.8) fori =1, j = 2.
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Cijj = Cii — GijCy;'Cji. (1.2.8)

We can now define a real-valued Gaussian (random) field or Gaussian (random)
process to be arandom field f on a parameter set 7 for which the (finite-dimensional)
distributions of (f,, ..., f,) are multivariate Gaussian for each 1 < n < oo and
each (t1,...,t,) € T". The functions m(¢) = E{ f(t)} and

C(s, 1) = E{(fs —ms)(f —my)}

are called the mean and covariance functions of f. Multivariate'® Gaussian fields
taking values in R are fields for which (a, f}) is a real-valued Gaussian field for
every o € RY.

In fact, one can also go in the other direction as well. Given any set T, a function
m : T — R, and a nonnegative definite function C : T x T — R there exists!! a
Gaussian process on 7" with mean function m and covariance function C.

Putting all this together, we have the important principle that for a Gaussian
process, everything about it is determined by the mean and covariance functions.
The fact that no real structure is required of the parameter space T is what makes
Gaussian fields such a useful model for random processes on general spaces. To build
an appreciation for this, you may want to jump ahead to Section 1.4 to look at some
examples. However, you will get more out of that section if you first bear with us to
answer one of the most fundamental questions in the theory of Gaussian processes:
When are Gaussian processes (almost surely) bounded and/or continuous?

1.3 Boundedness and Continuity

The aim of this section is to develop a useful sufficient condition for a centered
Gaussian field on a parameter space 7 to be almost surely bounded and/or continuous,
i.e., to determine conditions for which

P[sup|f(t)| < oo} —1 or IP[ lim | f() — f(s)| =0, Vr € T] — 1.
tET s—>t

Of course, in order to talk about continuity—i.e., for the notation s — ¢ above to have
some meaning—it is necessary that 7" have some topology, so we assume that (7', 7)
is a metric space, and that continuity is in terms of the 7-topology. Our first step is to
show that 7 is irrelevant to the question of continuity.!> This is rather useful, since

10 Similary, Gaussian fields taking values in a Banach space B are fields for which «( fr)
is a real-valued Gaussian field for every « in the topological dual B* of B. The co-
variance function is then replaced by a family of operators Cs; : B* — B, for which
Cov(a(f1), B(fs)) = B(Csra), fora, B € B*.

11 This is a consequence of the Kolmogorov existence theorem, which, at this level of gen-
erality, can be found in Dudley [55]. Such a process is a random variable in R” and may
have terrible properties, including lack of measurability in . However, it will always exist.

12 However, T will come back into the picture when we talk about moduli of continuity later
in this section.
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we shall also soon show that boundedness and continuity are essentially the same
problem for Gaussian fields, and formulating the boundedness question requires no
topological demands on 7.

To start, define a new metric d on T by

d(s, 1) £ (BI(f(s) — £ 2, (1.3.1)

in a notation that will henceforth remain fixed. Actually, d is only a pseudometric,
since although it satisfies all the other demands of a metric, d(s, t) = 0 does not
necessarily!3 imply that s = 7. Nevertheless, we shall abuse terminology by calling
d the canonical metric for T and/or f.

It will be convenient for us always to assume that d is continuous in the T-topology,
and we shall indeed do so, since in the environment of f continuity that will interest
us, d continuity costs us nothing. To see this, suppose that supy E{ f,z} < 00, and
that f is a.s. continuous. Then

lim d(s, 1) = im E{(f(s) = f(1))°)

=B lim(£) — £1)?]
=0,

the exchange of limit and expectation justified by the uniform integrability provided
by the fact that since f is Gaussian, boundedness in L? implies boundness in all L -
In other words, a.s. continuity of f implies the continuity of d.

Here is the lemma establishing the irrelevance of t to the continuity question.

Lemma 1.3.1. Let f be a centered Gaussian process on a compact metric space
(T, t). Then f is a.s. continuous with respect to the t-topology if and only if it is a.s.
continuous with respect to the d (pseudo)topology. More precisely, with probability
one, forallt € T,

lim [f@) = fOl=0 < lim [f(s) = fO]=0.

s:7(s,1)—>0 s:d(s,t)—

Proof. Since d is (always) assumed continuous in the t topology, it is immediate
that if f is d-continuous then it is T-continuous.
Suppose, therefore, that f is T-continuous. For n > 0, let

Ay ={(s,t) eT xT :d(s,t) <n}

Since d is continuous, thisis a T-closed subset of 7 x T'. Furthermore, ﬂ77>0 Ay = Ao.
Fix ¢ > 0. Then, by the T-compactness of T, there is a finite set B C Ag (the number
of whose elements will in general depend on ¢) such that

13 Fora counterexample, think of a periodic process on R, with period p. Then d(s, ) = 0
implies no more than s — ¢t = kp for some k € Z.
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U i(s, HeT xT :max(t(s,s), 1, t)) < 8}
(s’,t")EB

covers A, for some n = n(e) > 0, with n(¢) — 0 as & — 0. That is, whenever
(s,1) € Ay thereis an (s',¢") € B with 7(s, s’), 7(t,1') < e. Note that

lfe = sl = 1fs = ol + 1y = fol+ 1fe = fil.

Since (s', ") € B C Ag, we have f(s") = f(¢') a.s. Thus

sup |fr — fs| <2 sup |fi — fil,
d(s,t)<n(e) T(s,1)<e

and the t-continuity of f implies its d-continuity. O

The astute reader will have noted that in the statement of Lemma 1.3.1 the param-
eter space T was quietly assumed to be compact, and that this additional assumption
was needed in the proof. Indeed, from now on we shall assume that this is always the
case, and shall rely on it heavily. Fortunately, however, it is not a serious problem. As
far as continuity is concerned, if 7' is o-compact'* then a.s. continuity on its compact
subsets immediately implies a.s. continuity over T itself. We shall not go beyond
o -compact spaces in this book. The same is not true for boundedness, nor should it
be.!> However, we shall see that, at least on compact T, boundedness and continuity
are equivalent problems. Furthermore, both depend on how “large’ the parameter
set T is when size is measured in a metric that comes from the process itself.'® One
way to measure the size of T is via the notion of metric entropy.

Definition 1.3.2. Let f be a centered Gaussian field on T, and d the canonical metric
(1.3.1). Assume that T is d-compact, and write

By(t,e) 2 (s €T :d(s, 1) <) (13.2)

for the d ball centered ont € T and of radius ¢. Let N(T, d, ¢) = N (¢) denote the
smallest number of such balls that cover T, and set

H(T,d, &) = H(¢) = In(N(e)). (1.3.3)

Then N and H are called the (metric) entropy and log-entropy functions for T (or
f). We shall refer to any condition or result based on N or H as an entropy condi-
tion/result.

147 s o-compact if it can be represented as the countable union of compact sets.

15 Think of simple Brownian motion on R4. While bounded on every finite interval, it is a
consequence of the law of the iterated logarithm that it is unbounded on R .

16 A particularly illuminating example of this comes from Brownian noise processes of Sec-
tion 1.4.3. There we shall see that the same process can be continuous, or discontinuous,
depending on how we specify its parameter set.
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Note that since we are assuming that 7" is d-compact, it follows that H (¢) < oo for
alle > 0. The same need not be (nor generally is) true for lim,_,o H (¢). Furthermore,
note for later use that if we define

diam(7) = sup d(s, 1), (1.3.4)
s, teT
then N(¢) = 1 and so H(e) = 0 for ¢ > diam(T).

Here then are the main results of this section, all of which will be proven soon.

Theorem 1.3.3. Let f be a centered Gaussian field on a d-compact T, d the canonical

metric, and H the corresponding entropy. Then there exists a universal constant K
such that

diam(T)/2
IE{ supf,] < KfO H'2(s) de. (1.3.5)

teT
This result has immediate consequences for continuity. Define the modulus of
continuity wr of a real-valued function F on a metric space (7, ) as

wp@) =wr.(8) 2 sup |F(t)— F(s)|, &> 0. (1.3.6)
T(s,0)<$

The modulus of continuity of f can be thought of as the supremum of the random
field fs; = f: — fs over a certain neighborhood of 7 x T, in that

wf(8) = sup f(s,1). (1.3.7)
(s.)eT xT
T(s,1)<8

(Note we can drop the absolute value sign since the supremum here is always non-
negative.)
More precisely, write d? for the canonical metric of f;, on T x T. Then

a0, 61 = [B{h — 10— o= 102]]
< 2max(d(s, ), d(s’, 1)),
and so
N{(s,0) e T x T :d(s, 1) <8},d?,8) < N(T.d,35/2).

From these observations, it is immediate that Theorem 1.3.3 implies the following
corollary.

Corollary 1.3.4. Under the conditions of Theorem 1.3.3 there exists a universal con-
stant K such that

)
E{opa@®)} < K/ H'2(¢) de. (13.8)
0

Note that this is not quite enough to establish the a.s. continuity of f. Continuity
is, however, not far away, since the same construction used to prove Theorem 1.3.3
will also give us the following, which, with the elementary tools we have at hand at
the moment,'” neither follows from, nor directly implies, (1.3.8).

17 See, however, Theorem 2.1.3 below to see what one can do with better tools.
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Theorem 1.3.5. Under the conditions of Theorem 1.3.3 there exists a random n €
(0, 00) and a universal constant K such that

b
wra@®) < K / H'(¢) de, (1.3.9)
0

forall 5 < n.

Note that (1.3.9) is expressed in terms of the d modulus of continuity. Translating
this to a result for the T modulus is trivial.

We shall see later that if f is stationary,'8 then the convergence of the entropy inte-
gral is also necessary for continuity and that continuity and boundedness always occur
together (Theorem 1.5.4). Now, however, we shall prove Theorems 1.3.3 and 1.3.5
following the approach of Talagrand [154]. The original proof of Theorem 1.3.5 is
due to Dudley [51], and in fact, things have not really changed very much since then.
Immediately following the proofs, in Section 1.4, we shall look at examples, to see
how entropy arguments work in practice. You may want to skip to the examples
before going through the proofs first time around.

We start with the following almost trivial, but important, observations.

Observation 1. If f is a separable process on T then sup,.r f; is a well-defined (i.e.,
measurable) random variable.

Measurability follows directly from Definition 1.1.1 of separability, which gave
us a countable dense subset D C T for which

sup f; = sup f.
teT teD

The supremum of a countable set of measurable random variables is always measur-
able.

One can actually manage without separability for the rest of this section, in which
case

sup {E[sup f,] cFCT, F ﬁnite}
teF

should be taken as the definition of E{sups f;}.

Observation 2. If f is a separable process on 7 and X a centered random variable
(not necessarily independent of f), then

E{ sup( f; -l—X)} =IE[ supf,}.

teT teT

18 We shall treat stationarity in detail in Chapter 5. For the moment all you need to know is that
under stationarity the expectation E{ f (¢)} is constant, while the covariance E{ f (¢) f (s)} is
a function of s — ¢ only.
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As trite as this observation is, it ceases to be valid if, for example, we investigate
sup, | f; + X| rather than sup, (f; + X).

Proof of Theorem 1.3.3. Fix a point #p € T and consider f; — f,. In view of Obser-
vation 2, we can work with E{supy ( f; — fi,)} rather than E{supy f;}. Furthermore, in
view of separability, it will suffice to take these suprema over the countable separating
set D C T. To save on notation, we might therefore just as well assume that 7 is
countable, which we now do.

We shall represent the difference f; — f;, via a telescoping sum, in what is called
a chaining argument, and is in essence an approximation technique. We shall keep
track of the accuracy of the approximations via entropy and simple union bounds.

To build the approximations, first fix some r > 2 and choose the largest i € Z
such that diam(7) < r~, where the diam(7) is measured in terms of the canonical
metric of f. For j > i, take a finite subset IT; of 7" such that

sup inf d(s, 1) <r~/
teT S€l;

(possible by d-compactness), and define a mapping 7; : T — II; satisfying

supd(t, (1)) <r 7, (1.3.10)
teT
so that
supd (i (1), wj—1(t)) < 2r~/+1, (1.3.11)

teT

For consistency, set [1; = {fp} and 7; (t) = 1y for all . Consistent with the notation

.. A i .
of Definition 1.3.2, we can choose I1; to have no more than N; = N(r~/) points,
and so entropy has now entered into the argument.
The idea of this construction is that the points 7 ; (#) are successive approximations

to ¢, and that as we move along the “chain” 7 ;(¢) we have the decomposition!?
fl‘_ft() ZZfJTj(I)_fJTj,I(t)~ (1312)
Jj>i

19 we actually need to check two things: that the potentially infinite sum in (1.3.12) is well
defined, with probability one, and that it indeed converges to f; — f,. The first is straight-
forward, the second requires a little measure theoretic legerdemain.

By (1.3.11) and (1.3.13) it follows that

—(r/v/2) 7% )

P“fnj(t) - fnj,l(z)| > (V/ﬁ)_j} < 2exp (2(2i’1+1)2

= 2exp (—21 /8r2) ,
which is emminently summable. By Borel-Cantelli, and recalling that » > 2, we have that

the sum in (1.3.12) converges absolutely, with probability one.
For the second step, fix a ¢ € T and consider the sum
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To start the proof we look for a bound on the tail of the distribution of supy (f; —
S, for which we need a little notation (carefully chosen to make the last lines of the
proof come out neatly). Define

Mj;=N;N;_q, aj=23/2r7j+1,/1n(21'*iMj), SZZCI]'.
Jj>i

Then M j is the maximum number of possible pairs (7 (t), ;1 (t)) as t varies through
T and a; was chosen so as to make later formulas simplify. Recall (1.2.2), which
implies

PIX > u} < e /%, (13.13)

for X ~ N(0, %) and u > 0. Applying (1.3.13) we have, for all u > 0,

2.2

—u-a;
. J
P{3reT: fu;0) — faj 1) > uaj} < Mjexp (m) , (1.3.14)

and so

—u2a2~
J
IP’{ tsuIT) fi— fin = uS} =< ZMj exp (_2(2r—j+1)2>
€ J>i
_ 2

j>i
For u > 1 this is at most
.. 71!2 2 ) 2
Jj>i Jj>i

The basic relationship that, for nonnegative random variables X,
0
E{X} = / P{X > u}du,
0

together with the observation that sup, .y (f; — f;,) = 0 since tp € T, immediately
yields

n
A
ft(n) 2 fi + Z fnj(,) — fnjfl(;) = fr,0)-
=i+l

(n)

From the construction of the 7; it is immediate that E{| f(t) — f; |2} — Oasn — oo,

and so the fact that ft(") converges almost surely implies that it must also converge to f;.
Since this must be true for any countable subset of points in 7', separability gives that it is
true throughout 7' (cf. footnote 3).
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]E{ sup f,} <KS, (1.3.15)

teT

with K = 1+ 2/ loo 274 dy. Thus, all that remains to complete the proof is to
compute S.
Using the definition of S, along with the elementary inequality that ~/ab < /a +

«/E, gives

§ <22t (= ivin2 4+ i N + i)

Jj>i
<K|r! +Zr_j,/1an
Jjzi
<KY ri /N,
Jj=i

where K is a constant that may change from line to line, but depends only on r. The
last inequality follows from absorbing the lone term of 7~ into the second term of
the sum, which is possible since the very definition of i implies that N;4+; > 2, and
changing the multiplicative constant K accordingly.

Recalling now the definition of N; as N (r=7), we have that

e<r/ = N() > N,.
Thus
r—i
/ VinN()de = Y (r—J - r_J_l) N, =K r /N,
0 jzi Jzi
Putting this together with the bound on § and substituting into (1.3.15) gives
rfi
]E{ sup f,} < K/ Hl/z(e) de.
teT 0

Finally, note that N(¢) = 1 (and so H (¢) = 0) for ¢ > 2r~ > diam(7), to establish
(1.3.5) and so complete the proof. O

Proof of Theorem 1.3.5. The proof starts with the same construction as in the proof
of Theorem 1.3.3. Note that from the same principles behind the telescoping sum
(1.3.12) defining f; — f;, we have thatforall s, € T and J > i,

fo = fs = fay0 — frs0 + Z[fnj(z) — frjaw] (1.3.16)
j>J

- Z[fnj(s) =[xl

j>J
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From (1.3.13) we have that for all u > 0,

Pl fr;0) — frrj0)| = ud (1), wj(s)) < e/,

Arguing as we did to obtain (1.3.14), and the line or two following, we now see that

P {3 st €T fry = fayio)l 2 V2d G0, n,,(s))m} <2,

Since this is a summable series, Borel-Cantelli gives the existence of arandom jo > i
for which, with probability one,

J > o= ey = frjio)) < V2 (1), ”j(s))\/m

foralls,t €T.
Essentially the same argument also gives that

J > Jo= a0 = frjaol = V2d(j @), 7wj-1(0),/InQ@I~ Mj)

forallt € T.
Putting these into (1.3.16) gives that

Ifi — fs] < Kd(ﬂjo(t),ﬂjo(s))\/m
+K Z d(mj(), Nj—l(l))\/M'

J>Jo
Note that d (7 (t), wj—1(¢)) < 2r~/*! and

Ty (8) < d(s, 1) +2r /0 < 37700

if we take d(s,t) < n 2 y=Jo. The above sums can be turned into integrals just as
we did at the end of the previous proof, which leads to (1.3.9) and so completes the
argument. O

Before leaving to look at some examples, you should note one rather crucial fact:
The only Gaussian ingredient in the preceding two proofs was the basic inequality
(1.3.13) giving exp(—u2/2) as a tail bound for a single N (0, 1) random variable. The
remainder of the proof used little more than the union bound on probabilities and
some clever juggling. Furthermore, it does not take a lot of effort to see that the
square root in the entropy integrals such as (1.3.5) is related to “inverting’’ the square
in exp(—u?/2), while the logarithm comes from “inverting” the exponential. If this
makes you feel that there is a far more general non-Gaussian theory behind all this,
and that it is not going to be very different from the Gaussian one, then you are right.
A brief explanation of how it works is in Section 1.4.6.
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1.4 Examples

Our choice of examples was determined primarily by the type of random fields that we
need later in the book. Thus we shall start by looking at random fields on R, followed
by looking at how to turn questions of differentiability into questions of continuity.
Following these, we shall look at the Brownian family of processes, needed for setting
up the spectral representation theory of Chapter 5. As mentioned above, this family
is also very instructive in understanding why the finiteness of entropy integrals is
a natural condition for continuity. The section on generalized fields is useful as a
recipe for providing examples, and the section on set-indexed processes is there for
fun. Neither of these will appear elsewhere in the book. The non-Gaussian examples
of Section 1.4.6 are worth knowing about already at this stage.

1.4.1 Fields on RY

Returning to Euclidean space after the abstraction of entropy on general metric spaces,
it is natural to expect that conditions for continuity and boundedness will become so
simple to both state and prove that there was really no need to introduce such abstruse
general concepts.

This expectation is both true and false. It turns out that avoiding the notion of
entropy does not make it any easier to establish continuity theorems, and indeed,
reliance on the specific geometry of the parameter space often confounds the basic
issues. On the other hand, the following important result is easy to state without
specifically referring to any abstract notions. To formulate it, let f; be a centered
Gaussian process on a compact 7 C RY and define

pw = sup E{If = fil’}. (1:4.1)

[s—t|<u
where | - | is the usual Euclidean metric. If f is stationary, then

p(u) =2 sup[C(0) — C(1)]. (1.4.2)

[t]<u

Theorem 1.4.1. If, for some 6 > 0, either

8 | o 2
/ (=Inu)2dp(u) < oo or / p (67” ) du < 00, (1.4.3)
0 5

then f is continuous and bounded on T with probability one. A sufficient condition
for either integral in (1.4.3) to be finite is that for some 0 < C < coand o, n > 0,

C

llog |s — ¢+’

E{lf, — fil*} < (1.4.4)

forall s, t with |s — t| < n. Furthermore, there exists a constant K, dependent only
on the dimension N, and a random &y > 0 such that for all § < Jy,
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P(®) |
wf(8) < K/O (—Inu)2 dp(u), (1.4.5)

where the modulus of continuity w ¢ is taken with respect to the Euclidean metric. A
similar bound, in the spirit of (1.3.8), holds for E{w s (8)}.

Proof. Note first that since p(u) is obviously nondecreasing in u, the Riemann—
Stieltjes integral (1.4.3) is well defined. The proof that both integrals in (1.4.3)
converge and diverge together and that the convergence of both is assured by (1.4.4)
is simple calculus and left to the reader. Of more significance is relating these integrals
to the entropy integrals of Theorems 1.3.3 and 1.3.5 and Corollary 1.3.4. Indeed, all
the claims of the theorem will follow from these results if we show that

8 p®) 1
f H'(e)de < K f (—Inu)? dp(u) (1.4.6)
0 0

for small enough §.

Since T is compact, we can enclose it in an N-cube C of side length L =
max;=1,..,N Sup; ;7 |t —si|. Since p is nondecreasing, there is no problem in defin-
ing

,,,,,

P (&) £ supfu : pu) < ¢}.

Now note that for each ¢ > 0, the cube Cr, and so T, can be covered by [1 +
LVN /(2 p_1 &)1V (Euclidean) N-balls, each of which has radius no more than ¢ in
the canonical metric d. Thus,

) )
/ H'2() de < JN/ (n(1 + LN/ (2p~"(6)))? de
0 0

®)
- ﬁ/p (n(1 + Lv/N/2u))* dp(u)
0

®)
<2JN /,, (—Inu)? dp(u)
0

for small enough 6. This completes the proof. O

The various sufficient conditions for continuity of Theorem 1.4.1 are quite sharp,
but not necessary. There are two stages at which necessity is lost. One is simply that
entropy conditions, in general, need not be necessary in the nonstationary case. The
second is that something is lost in the passage from entropy to the conditions on p.

As an example of the latter, take standard Brownian motion W on [0, 1], take the
homeomorphism /(¢) = In4/(In(4/t)) from [0, 1] to [0, 1], and define a new process
on[0, 1]by f(¢) = f (h'/2(1). Ttis trivial that f is a.s. continuous, since it is obtained
from W via a continuous transformation. It is also easy to verify that f and W have
identical entropy functions. However, while the p function for W satisfies (1.4.3),
this is not true for that of f. The reason for this is the high level of nonstationarity of
the increments of f as opposed to those of W.
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Despite these drawbacks, the results of Theorem 1.4.1 are, from a practical point
of view, reasonably definitive. For example, we shall see below (Corollary 1.5.5) that
if f is stationary and

K K>

<C0O)-C@) =< W’

W = (147)

for |¢| small enough, then f will be sample path continuous if &> > 0 and discontin-
uous if oy < 0.

Before leaving the Euclidean case, it is also instructive to see how the above
conditions on covariance functions translate to conditions on the spectral measure
v of (5.4.1) when f is stationary. Although this involves using concepts yet to be
defined, this is a natural place to describe the result. If you are familiar with spectral
theory, the following will be easy to follow. If not, then you can return here after
reading Chapter 5.

The translation is via standard Tauberian theory, which translates the behavior of
C at the origin to that of v at infinity (cf., for example, [25]). A typical result is the
following, again in the centered, Gaussian case: If the integral

/OO (Tog(1 + ) " v(dn)
0

converges for some o > 0, then f is a.s. continuous, while if it diverges for some
a < 0, then f is a.s. discontinuous.

In other words, it is the “high-frequency oscillations’ in the spectral representation
that are controlling the continuity/discontinuity dichotomy. This is hardly surprising.
What is perhaps somewhat more surprising, since we have seen that for Gaussian pro-
cesses continuity and boundedness come together, is that it is these same oscillations
that are controlling boundedness as well.

1.4.2 Differentiability on RY

We shall stay with Euclidean 7 C R¥ for the moment, and look at the question of
a.s. differentiability of centered, Gaussian f.

Firstly, however, we need to define the L2, or mean square, (partial) derivatives
of a random field.

Choose a point t € RV and a sequence of k “directions” t{, e, t,é in RN, so that
t' = (t],....1;) € QFRN, the k-fold tensor product RN with itself. We say that
f has a kth-order L? partial derivative at ¢, in the direction ', which we denote by
Dﬁz f(t, ), if the limit

Dk, f. 1) é lim

( Zh t) (1.4.8)

exists in L2, where F (¢, t') is the symmetrized difference

OH
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k
Faty= Y <—1>k—2f="?ff<r+2sfr,~’)
i=1

s€{0,1}k

and the limit above is interpreted sequentially, i.e., first send & to O, then h;, etc. A
simple sufficient condition for L? partial differentiability of order k in all directions
and throughout a region T € R¥ is that

k k
1 —~
lim — —FE3F(t,) ht!|Fls, Y his (1.4.9)
ol ot | () (- 20|

exists? for all 5,7 € T, all directions s', 7’ € ® R", and all sequences k1, ..., hy
and h;, ..., hg, where the limits are again to be interpreted sequentially. Note that if

f is Gaussian then so are its L? derivatives, when they exist.

With L? partial derivatives defined, we can now turn to sample path, or almost
sure, derivatives and ask, for example, whether they are continuous and bounded. It
turns out that the general structure that we have so far built actually makes this a very
simple question to answer.

To see why, endow the space RY x ®@*RY with the norm

172
k

/ A / 72
(s, SNk = Is| + lIs lgrry = Is] + (E Is; > ;

i=1
and write By (v, h) for the h-ball centered at y = (¢, ¢') in the metric induced by
|l - l|v.k. Furthermore, write
A
Tip =T x {t' It gery € (1 = p, 1+ p)}

for the product of 7' with the p-tube around the unit sphere in ® R . This is enough
to allow us to formulate the following theorem.

Theorem 1.4.2. Suppose f is a centered Gaussian random field on an open T € RV,
possessing kth-order partial derivatives in the L* sense in all directions everywhere
inside T. Suppose, furthermore, that there exist 0 < K < oo and p, 8, hg > 0 such
that for 0 < n1, n2, h < hy,

E{[F(t.m1") = F(s, 125"} (1.4.10)
< K(=In(l@,1") = s, DI+ I = ma) =4,
for all

((t, 1), (s,5") € Ti,p X Tip : (5,58") € By (2, 1), ).

Then, with probability one, f is k-times continuously differentiable; that is, f €
ck(T).

20 This is an immediate consequence of the fact that a sequence X, of random variables
converges in L% if and only if E{X,, X;,} converges to a constant as n, m — oo.
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Proof. Recalling that we have assumed the existence of L? derivatives, we can define
the Gaussian field

F(t,nt"), n#0,

Fa,t',n =
DY, f@, 1), n=0,

~ A o .
onT =T, , x (—h, h), an open subset of the finite-dimensional vector space RN x
®FRYN x R with norm

I, s mlIN g = 1 )Nk + 0l

Whether f € CX(T) is clearly the same issue as whether FecC (?), with the issue
of the continuity of f really only being on the hyperplane where n = 0. But this
puts us back into the setting of Theorem 1.4.1, and it is easy to check that condition
(1.4.4) there translates to (1.4.10) in the current scenario. O

1.4.3 The Brownian Family of Processes

Perhaps the most basic of all random fields is a collection of independent Gaussian
random variables. While it is simple to construct such random fields for finite and
even countable parameter sets, deep technical difficulties obstruct the construction
for uncountable parameter sets. The path that we shall take around these difficulties
involves the introduction of random measures, which, at least in the Gaussian case,
are straightforward to formulate.

Let (T, 7, v) be a o-finite measure space and denote by 7, the collection of sets
of 7 of finite v measure. A Gaussian noise based on v, or “Gaussian v-noise,” is a
random field W : 7, — R such that forall A, B € 7,,,

W(A) ~ N(0,v(A)), (1.4.11)
ANB=0= W(AUB)=W(A)+ W(B) as., (1.4.12)
ANB=0= W(A) and W(B) are independent. (1.4.13)

Property (1.4.12) encourages one to think of W as a random (signed) measure,
although it is not generally o-finite.>! We describe (1.4.13) by saying that W has
independent increments.

Theorem 1.4.3. If (T, T, v) is ameasure space, then there exists a real-valued Gauss-
ian noise, defined for all A € 7T, satisfying (1.4.11)—(1.4.13).

Proof. In view of the closing remarks of the preceding section, all we need do is
provide an appropriate covariance function on 7, x 7,,. Try

21 While the notation “W” is inconsistent with our determination to use lowercase Latin
characters for random functions, we retain it as a tribute to Norbert Wiener, who is the
mathematical father of these processes.
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Cu(A, B) 2 v(AN B). (1.4.14)

This is nonnegative definite, since for any A; € 7, and o; € R,

E a;Cy(A;, Aj)a; = E Oinljf Ip;(x)14; (x)v(dx)
- T
L]

iJ
2
:/ (Z%’IA,-(X)> v(dx)
T\

> 0.

Consequently, there exists a centered Gaussian random field on 7, with covariance
C,. It is immediate that this field satisfies (1.4.11)—(1.4.13), and so we are done. O

A particularly simple example of a Gaussian noise arises when T = Z. Take v
a discrete measure of the form v(A) = ), axdx(A), where the a; are nonnegative
constants and & is the Dirac measure on {k}. For 7 take all subsets of Z. In this
case, the Gaussian noise can actually be defined on points ¢ € T and extended to a
signed measure on sets in 7, by additivity. What we get is a collection { Wy };c7 of
independent, centered, Gaussian variables, with ]E{W,?} = ai. If the a; are all equal,
this is classical Gaussian “white’” noise on the integers.

A more interesting case is T = RN, 7 = BV the Borel o-algebra on RY, and
v(-) = | - |, Lebesgue measure. This gives us a Gaussian white noise defined on the
Borel subsets of R™ of finite Lebesgue measure, which is also a field with orthogonal
increments, in the sense of (1.4.13). It is generally called the set-indexed Brownian
sheet. Itis not possible, in this case, to assign nontrivial values to given points ¢ € RV,
as was the case in the previous example.

It also turns out that working with the Brownian sheet on all of B is not really
the right thing to do, since, as will follow from Theorem 1.4.5, this process is rather
badly behaved. Restricting the parameter space to various classes of subsets of B is
the right approach. Doing so gives us a number of interesting examples, with which
the remainder of this section is concerned.

As a first step, restrict W to rectangles of the form [0, ] C RY, where 1 € Rﬁ =
{(t1,...,tny) : t; = 0}. It then makes sense to define a random field on R_’X itself via
the equivalence

W) = W ([0, 1]) . (1.4.15)

W; is called the Brownian sheet on Rﬁ, or multiparameter Brownian motion. It is
easy to check that this field is the centered Gaussian process with covariance

E{W,W,} = (s1 At1) X - X (s§ ALN), (1.4.16)

where s A t 2 min(s, t).
When N = 1, W is the standard Brownian motion on [0, c0). When N > 1, if we
fix N — k of the indices, it is a scaled k-parameter Brownian sheet in the remaining
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variables. (This is easily checked via the covariance function.) Also, when N > 1,
it follows immediately from (1.4.16) that W; = O when ming 7 = 0, i.e., when 7 is
on one of the axes. It is this image, with N = 2, of a sheet tucked in at two sides and
given a good shake, that led Ron Pyke [128] to introduce the name.

A simple simulation of a Brownian sheet, along with its contour lines, is shown
in Figure 1.4.1.

SRR
255NN
KRR
RIS
K>
538

ot

Fig. 1.4.1. A simulated Brownian sheet on [0, 1]2, along with its contour lines at the zero level.

One of the rather interesting aspects of the contour lines of Figure 1.4.1 is that they
are predominantly parallel to the axes. There is a rather deep reason for this, and it has
generated a rather massive literature. Many fascinating geometrical properties of the
Brownian sheet have been discovered over the years (e.g., [36, 44, 45] and references
therein), and a description of the potential theoretical aspects of the Brownian sheet
is well covered in [91], where you will also find more references. Nevertheless, the
geometrical properties of fields of this kind fall beyond the scope of our interests,
since we shall be concerned with the geometrical properties of smooth (i.e., at least
differentiable) processes only. Since the Brownian motion on er is well known to
be nondifferentiable at all points, it follows from the above comments relating the
sheet to the one-dimensional case that Brownian sheets too are far from smooth.

Nevertheless, we shall still have need of these processes, primarily since they
hold roughly the same place in the theory of multiparameter stochastic processes
that the standard Brownian motion does in one dimension. The Brownian sheet is
a multiparameter martingale (e.g., [36, 84, 170, 171]) and forms the basis of the
multiparameter stochastic calculus. There is a nice review of its basic properties in
[165], which also develops its central role in the theory of stochastic partial differential
equations, and describes in what sense it is valid to describe the derivative

NW(t, ..., ty)
Aty - - dty

as Gaussian white noise.

The most basic of the sample path properties of the Brownian sheets are the
continuity results of the following theorem. Introduce a partial order on R* by writing
s < (Xtifs; < ()tyforalli =1,...,k,andfors < tlet A(s,t) = ]_[iv[si, t].
Although W(A(s, 1)) is already well defined via the original set-indexed process, it
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is also helpful to think of it as the “increment” of the point-indexed W, over A(s, t),
that is,

N
W(A(s, 1)) = Z (—HN-Eliciy <s + Zai (t — si)) . (1.4.17)

aec{0, 1}V i=1

We call W(AC(s, t)) the rectangle-indexed version of W.

Theorem 1.4.4. The point and rectangle-indexed Brownian sheets are continuous**

over compact T C RV,

Proof. We need only consider the point-indexed sheet, since by (1.4.17) its continuity
immediately implies that of the rectangle-indexed version. Furthermore, we lose
nothing by taking T = [0, 1]". Thus, consider

wis,n 2E{IW() - WP

for s, t € [0, 11V. We shall show that
w(s. 1) < 2N|t — s|. (14.18)

from which it follows, in the notation of (1.4.1), that p*(u) < 2Nu. Since

f loo e 2 dy < 00, Theorem 1.4.1 (cf. (1.4.3)) immediately yields the continuity
and boundedness of W.
To establish (1.4.18) write u V v for max(u, v) and note that

w(s, 1) < Zﬁ(s,- Vi) — Zﬁ(si At).
i=1 i=1
Seta = 2] (s; viti)and b = 2 [T, (si A ;). Then2 > a > b and
w(s,t) <a(sy Viny) —b(sy Aty).

If sy > tn, the right-hand side is equal to

asy — bty = a(sy —ty) +ty(a —b) <2|sy —ty|+ |a — b|.
Similarly, if sy < #y the right-hand side equals

aty —bsy = a(ty —sy) +sy(a —b) < 2|ty — sy| +la — bl,

so that

22 For the rectangle-indexed case, we obviously need a metric on the sets forming the parameter
space. The symmetric difference metric of (1.1.1) is natural, and so we use it.
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N-1 N-1

w(s, 1) <2ty — syl + [[ i v = i nm).

i=1 i=1
Continuing this process yields

N
w(s, 1) <2 |t —sil < 2Nl —sl,

i=1
which establishes (1.4.18) and so the theorem. m]

In the framework of the general set-indexed sheet, Theorem 1.4.4 states that the
Brownian sheet is continuous over A = {all rectangles in 7'} for compact 7', and so
bounded. This is far from a trivial result, for enlarging the parameter set, for the same
process, can lead to unboundedness. The easiest way to see this is with an example.

An interesting, but quite simple example is given by the class of lower layers in
[0, 11%. A set A in RY is called a lower layerif s < tandt € A implies s € A. In
essence, restricted to [0, 1]% these are sets bounded by the two axes and a nonincreasing
line. A specific example in given in Figure 1.4.2, which is part of the proof of the
next theorem.

Theorem 1.4.5. The Brownian sheet on lower layers in [0, 112 is discontinuous and
unbounded with probability one.

Proof. We start by constructing some examples of lower layers. Write a generic
point in [0, 1]? as (s, ) and let Ty; be the upper right triangle of [0, 113, i.e., those
points for which which s < l andt < 1 < s 4 t. Let Co; be the largest square in
To1, i.e., those points for which which % < s < 1and % <t <l

Continuing this process, forn = 1,2,..., and j = 1,...,2", let T,; be the
right triangle defined by s +¢ > 1, (j — 127" <s < j27", and 1 — j27" <t <
1 —(j — 127", Let Cy; be the square filling the upper right corner of 7,;, in which
Qj—D27m*tD <5 < j27"and 1 — (2j — 27D < < 1 — (j — D27

The class of lower layers in [0, 1]* certainly includes all sets made up by taking
those points that lie between the axes and one of the step-like structures of Figure 1.4.2,
where each step comes from the horizontal and vertical sides of some 7,; with,
perhaps, different 7.

Note that since the squares C,; are disjoint for all n and j, the random variables
W (Cy;) are independent. Also |Cy;| = 4=+ forall n, j.

Let D be the negative diagonal {(s, ) € [0, 1P :s+t= I}and L,; = DN T,;.
For each n > 1, each point p = (s,¢) € D belongs to exactly one such interval
Ly, j(n,p) for some unique j (n, p).

For each p € D and M < oo the events

A _
Enp = {W(Cn,j(n,p)) > M2 (n+1)}

are independent forn = 0, 1,2, ..., and since W(an)/Z_(”H) is standard normal
for all n and j, they also have the same positive probability. Thus, for each p we
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Fig. 1.4.2. Construction of some lower layers.

have that for almost all w, the events E,,, occur infinitely often. Let n(p) = n(p, w)
be the least such n.

Since the events E,,(w) are measurable jointly in p and w, Fubini’s theorem
implies that with probability one, for almost all p € D (with respect to Lebesgue
measure on D) some Ej, occurs, and n(p) < oo. Let

Vo = U Ta(p).jn(p).p)»
peD

Ay 2 (s, 0):s+1<11UV,,

A
B, = Ao\ U Cup), j(p),p)-
peD

Then A, and B, are lower layers. Furthermore, almost all p € D belong to an

interval of length 2%_"(”), which is the hypotenuse of a triangle with the square
Cp = Cu(p).j(n(p).p) in its upper right corner, for which 2W(C),) > M2~""). Con-
sequently,
W(Ay) — W(By) = > M27"P) )2,
P

where the sum is over those p € D corresponding to distinct intervals Ly (p), j (u(p), p)-
Since the union of the countably many such intervals is almost all of the diagonal,
the sum of Y 27"(P) is precisely 1.

Hence W(A,) — W(By,) > M/2, implying that max{|W(Ay)l|, |W(By)|} >
M /4. Sending M — oo we see that W is unbounded and so, a fortiori, discontinuous
with probability one over lower layers in [0, 1]%. O

The above argument is due to Dudley [54], and a similar argument shows that
W is unbounded over the convex subsets of [0, 1]3. A fortiori, W is also unbounded
over the convex subsets of [0, l]k for all £ > 4 and (just to make sure that you don’t
confuse sample path properties with topological properties of the parameter space)
W is continuous over convex subsets of the unit square. For details see [56].
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These examples should be enough to convince you that the relationship between
a Gaussian process and its parameter space is, as far as continuity and boundedness
are concerned, an important and delicate subject.

1.4.4 Generalized Fields

We start with an example: Take a centered, Gaussian random field f on R¥, with
covariance function C. Let F be a family of functions on R, and for ¢ € F define

Flo) = f o(1) £ (1) d. (14.19)
RN

We thus obtain a centered Gaussian process indexed by functions in F, whose co-
variance functional is given by

con=Biforan= [ [ vocsopoda s

The above construction makes sense only when C(¢,¢) < oo, for otherwise f
has infinite variance and the integrand in (1.4.19) is not defined. Nevertheless, there
are occasions when (1.4.20) makes sense, even though C (¢, t) = oo. In this case we
shall refer to C as a covariance kernel, rather than as a covariance function.

We shall look at a very important example of such processes in Section 5.3 when
we consider moving averages of Gaussian v-noise, in which case F will be made up
of translations of the form ¢(s) = F(t — s), for F € L?(v).

Another important example arises in the spectral representation of stationary pro-
cesses. In Section 5.4 we shall take F to the family of complex exponentials exp(if-1)
for fields on RY, or as the family of characters for fields on a general group.3

While moving averages and stationary processes afford two classes of examples,
there are many more, some of which we shall describe at the end of this section. In
particular, given any positive definite function C on RY x R¥, not necessarily finite,
one can define a function-indexed process on

23 On the assumption that you might already be familiar with basic spectral theory, consider
the spectral distribution theorem, Theorem 5.4.1. This is written in the setting of complex-
valued fields. For simplicity, assume that the spectral measure v has a spectral density g.
Then (5.4.1) gives us that stationary covariances over RY can be formally written as

Cis, 1) = fRN &% (0yda

= /RN /RN et [gl/z(kl)ml’kz)gl/z(kz)] e=I5%2 gy dig,

which is in the form of (1.4.20), with ¢ = €!'", ¢ = ¢~5". The covariance kernel in the
integrand now involves the Dirac delta function, which is certainly not finite on the diagonal.
It is this issue that will lead to our having to be careful in defining the stochastic integral in
the spectral representation of Theorem 5.4.2.
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o b {(p;/ / ¢(s)C(s,t)g0(t)dsdt<oo}.
RN JRN

The proof requires no more than checking that given such a C on RY x R¥, the
corresponding C defined by (1.4.20) determines a finite positive definite, and so
covariance, function on F¢ x Fc.

In general, function-indexed processes of this kind, for which the covariance
kernel C(s, t) is infinite on the diagonal, are known as generalized random fields.**

The question that we shall now look at is when such processes are continuous and
bounded. The answer involves a considerable amount of work, but it is worthwhile at
some stage to go through the argument carefully. It is really the only non-Euclidean
case for which we shall give an involved entropy calculation in reasonably complete
detail.

We start by describing potential function spaces to serve as parameter spaces for
continuous generalized Gaussian fields with such covariance kernels.

Take T C RV compact, g > 0, and p = [g]. Let Cy, ..., Cp and C, be finite,
positive constants, and let F @ = F (q)(T, Co, ..., Cp, Cy) be the class of functions
on T whose partial derivatives of orders 1, ..., p are bounded by Cy, ..., Cp, and
for which the partial derivatives of order p satisfy Holder conditions of order ¢ — p
with constant C,;. Thus for each ¢ € FDandr,r+1t€T,

2 ®,(, 1)
n k]
ot + 1) =ZT+A(t, ), (1.4.21)
n=0
where each &, (¢, ) is a homogeneous polynomial of degree n in 7 = (71, ..., Tn)

of the form

24 The terminology comes from deterministic analogues. There are many partial differential
equations for which no pointwise solution exists, but “smoothed’” or “weak’” versions of the
equations do have solutions. This is analogous to the nonexistence of a pointwise-defined
f() in (1.4.19), while a function-indexed version of f does make sense. The function ¢
plays the role of a local mollifier, or smoothing function.

A particularly important class of examples, arising in physics, is given by covariance
kernels whose behavior near the diagonal is bounded, for « < N, by

C( l) < L
SO =TT e

When o« = N — 2, N > 2, these kernels include the so-called free field of Euclidean
quantum field theory. (When N = 2 the free field has a covariance kernel with a logarithmic
singularity at 0, and when N = 1 the free field is no longer generalized, but is the real-
valued, stationary Markov Gaussian process with covariance function C(t) = e Pl for
some B > 0.) These processes, along with alarge number of related generalized fields whose
covariance kernels satisfy similar conditions, possess a type of multidimensional Markov
property. For details on this see, for example, Dynkin [57, 58, 59, 60] and Adler and Epstein
[6] and references therein. For structural and renormalization properties of generalized fields
of this kind, presented among a much wider class of examples, see Dobrushin [49], who
also treats a large variety of non-Gaussian fields.
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Y e
D, (t,7) = Z Y By, (1.4.22)
Jj1=1 Jjn=1 1 n
and where p
1
sup || 0 and |AG D] = Gyl (1.4.23)
teT 8t/1 atJn

For these parameter spaces, we have the following result.>>

Theorem 1.4.6. Let T C RY be compact, and suppose that C is a covariance kernel
satisfying
/ C(s,t)dsdt < oo.
TxT

A centered Gaussian process with covariance function satisfying (1.4.20) will be
continuous on .7-'(‘7)(T, Co,....Cp,Cy)ifqg > N.

A couple of comments are in order before we start the proof. Firstly, note that since
we have not specified any other metric on (@, the continuity claim of the theorem
is in relation to the topology induced by the canonical metric d. There are, of course,
more natural metrics on F@, but recall from Lemma 1.3.1 that mere continuity is
independent of the metric, as long as C (¢, ¥) is continuous in ¢ and 1. More detailed
information on moduli of continuity will follow immediately from Theorem 1.3.5,
the relationship of the chosen metric to d, and the entropy bound (1.4.32) below.

Secondly, the condition ¢ > N, while sufficient, is far from necessary. To see
this one need only take the case of f(¢#) = X, where X is centered Gaussian. In this
case, defining f(¢) by (1.4.19) gives a generalized process that is continuous over
F@ for all ¢ > 0, regardless of the dimension N. To obtain sharper results one
needs to assume more on the specific form of the covariance kernel, which we shall
not do here.

Proof of Theorem 1.4.6. The proof relies on showing that the usual entropy integral
converges, where the entropy of F(@) is measured in the canonical metric d given by

d*(p. ¥) = /T /T (p(s) =¥ (5)) C(s, 1) (p(t) — ¥ (1)) ds dr. (1.4.24)

We shall obtain a bound on the entropy by explicitly constructing, for each ¢ > 0,

a finite family ]—"g(q) of functions that serve as an &-net for F?) in the d metric. To
make life notationally easier, we shall assume throughout that 7' = [0, V.
Fix ¢ > 0 and set

§=25(s) =¢'/4. (1.4.25)

Let Zs denote the grid of the (1 4 [§~! )" points in [0, 1]V of the form

25 There is a similar-looking but incorrect result (“Theorem” 1.7) in the lecture notes [3]. We
thank Leonid Mytnik for pointing out that it had to be wrong.
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ty=méd,....,nn8), n=0,1,..., |_871J, i=1,...,N. (1.4.26)
Set
8y = 8u(e) =897, n=0,...,p=lql,

and for each ¢ € FD p=0,..., p, and t;; of the form (1.4.26) let Ag")((p) denote
the vector formed by taking the integer part of 8, ! times the partial derivatives of ¢
of order n evaluated at the point #,;. (The index 7 here is, of course, N-dimensional.)

Thus, a typical element of A,(7") is of the form

(ni,..., ny) 1
i n
where we have written @"1:++"N) for the derivative 3"¢/8™ x1 - -- 3"V xy, and the

n-i];,NIl

Finally, for ¢ € F@, let A®™ = A™(¢) denote the vector-valued function on
Zs defined by A(”)(tﬂ) = A%")(go). For each ¢ € F@, let F )y denote the set of
¥ € F9 with fixed matrix A (¢). Our first task will be to show that the d-radius
of Fym  is not greater than Ce, where C is a constant dependent only on g and N.
All that will then remain will be to calculate how many different collections F4w )

index i runs from 1 to ( ), the number of partitions of n into N parts.

are required to cover F(4). In other words, we need to find how many ¢’s are needed
to approximate, in terms of the metric (1.4.24), all functions in F' (@),
Thus, take @1, ¢ € FA(n)((p), and set

9 =91 — . (1.4.28)

Let || |4 be the norm induced on F@ by the metric d, and || ||so the usual sup
norm. Then

ol zf / @($)C(s, () ds dt, ¢lloc = sup [@(r)].
[0,11¥ Jo,11¥ [0.13¢

We want to show that the ¢ of (1.4.28) has d-norm less than Ce, for some finite
constant C.

Note first, however, that in view of the definition (1.4.27) of the matrix A5 we
have for each #, € Z; and each partial derivative @11V of such a ¢ of order
ny+---+ny=n < pthat

PO (1) < 8y,

Putting this inequality together with the Taylor expansion (1.4.21)—(1.4.22), we
find that for all 7 € [0, 117,

P gm
FGIEDY — 08"+ €8T = C(N. p)s".,
n=0
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the equality following from the definition of the §,, and the fact that each polynomial
®,, of (1.4.22) has less than N" distinct terms.
Thus, for ¢ of the form (1.4.28),

lelloo < C89. (1.4.29)

We now turn to ||¢||4. Allowing the constant C to change from line to line, we have
ot = | P(5)C (s, Dp(0) ds dr
[0,11N x[0,1]¥

< Caz‘f/ C(s,t)ds dt
[O,I]NX[O,I]N
< s,
Thus, by (1.4.25),
lella < Ce, (1.4.30)

as required.

It remains to determine how many collections Fw) ) are required to cover F @,
Since this is a calculation that is now independent of both Gaussian processes in
general and the above covariance function in particular, we shall only outline how it
is done. The details, which require somewhat cumbersome notation, can be found
in Kolmogorov and Tihomirov [94], which is a basic reference for general entropy
computations.

Consider, for fixed §, the matrix As, parameterized, as in (1.4.26), by n; =
0, 1,...,[8’1], i=1,...,N,andn = 0,1,..., p. Fix, for the moment, n, =
-« =y = 0. Itis clear from the restrictions (1.4.23), (1.4.27), the definition of §,,
and the fact that each vector A,(7”) has no more than (”7\,]! Il) distinct elements that
there are no more than

(W) (ot _
o(£G) () ) =06

(for an appropriate and eventually unimportant £) ways to fill in the row of A corre-
sponding to (n1,...,ny) = (0,...,0).

What remains to show is that because of the rigid continuity conditions on the
functions in F@, there exists an absolute constant M = M(q, Co, ..., Cp, Cy) such
that once this first row is determined, there are no more than M ways to complete
the row corresponding to (11, ...,ny) = (1, ..., 0), and similarly no more than M 2
ways to complete the row corresponding to (ny, ...,ny) = (2, ...,0), etc. Thus, all
told, there are no more than

o~ E MUY (1.431)

ways to fill the matrix As, and so we have a bound for the number of different
collections Fy ) @)
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Modulo a constant, it now follows from (1.4.25), (1.4.30), and (1.4.31) that the
log entropy function for our process is bounded above by

ETONAON
Ci+———In|-|)+C3| - . 1.4.32
Tyt )T (1432
Since this is integrable if ¢ > N, we are done. O

Before leaving function-indexed processes, there are a number of comments that
are worth making that relate them to other problems both within and outside of the
theory of Gaussian processes.

In most of the literature pertaining to generalized Gaussian fields the parameter
space used is the Schwarz space S of infinitely differentiable functions decaying
faster than any polynomial at infinity. Since this is a very small class of functions
(at least in comparison to the classes F@ that Theorem 1.4.6 deals with), continuity
over S is automatically assured and therefore not often explicitly treated. However,
considerations of continuity and smaller parameter spaces are of relevence in the
treatment of infinite-dimensional diffusions arising as the solutions of stochastic par-
tial differential equations, in which solutions over very specific parameter spaces are
often sought. For more on this see, for example, [82, 166, 165].

A class of examples of particular importance to the theory of empirical processes
is that in which the covariance kernel is the product of a Dirac delta § and a bounded
“density,” g, in the sense that

E(f (@) f () = / oW (Ng(r) di

:f/ 0()[g2(5)8(s. )8 2Oy (1) dr.

Such processes will arise as the stochastic integrals W (g) in Section 5.2, where
W is a Gaussian v-noise where v is (now) a probability measure with density g. For
more on this setting, in which the computations are similar in spirit to those made
above, see Dudley [56].

Secondly, it is worth noting that much of what has been said above regarding gen-
eralized fields—i.e., function-indexed processes—can be easily extended to Gaussian
processes indexed by families of measures. For example, if we consider the function
@ in (1.4.19) to be the (positive) density of a measure 1 on RY, then by analogy it
makes sense to write

flw = /R fOu@n,
with the corresponding covariance functional
cun =Bt smi= [ [ wascenvan.

Again, as was the case for generalized Gaussian fields, the process X (1) may be
well defined even if the covariance kernel C diverges on the diagonal. In fact, f(u)
will be well defined for all © € M¢, where
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Mc E {M : / f uds)C(s, tHyu(dt) < oo} .
RN JRN

Similar arguments to those used above to characterize the continuity of a family
of Gaussian fields on (@) can be used to ascertain continuity of measure-indexed
processes on suitably smooth classes of measures. We leave both the details and an
attempt to formulate the appropriate results to the interested reader. The general idea
of how to proceed can be gleaned from the treatment of set-indexed processes in the
following section.

1.4.5 Set-Indexed Processes

We have already met some set-indexed processes in dealing with the Brownian family
of processes in Section 1.4.3, in which we concentrated on Gaussian v-noise (cf.
(1.4.11)—(1.4.13)) indexed by sets. We saw, for example, that while the Brownian
sheet indexed by rectangles was continuous (Theorem 1.4.4), when indexed by lower
layers in [0, 11? it was discontinuous and unbounded (Theorem 1.4.5).

In this section we shall remain in the setting of v-noise, and look at two classes of
set-indexed processes. The first will be Euclidean, and the parameter spaces will be
classes of sets in compact T C RY with smooth boundaries. For this example we also
add the assumption that v has a density bounded away from zero and infinity on 7.
For the second eaxmple, we look at Vapnick—Cervonenkis classes of sets, of singular
importance in statistical learning theory and image processing, and characterized by
certain combinatorial properties. Here the ambient space (in which the sets lie) can be
any measure space. We shall skimp on proofs when they have nothing qualitatively
new to offer. In any case, all that we have to say is done in full detail in Dudley
[53, 56], where you can also find a far more comprehensive treatment and many more
examples.

Our first family is actually closely related to the family 74 of functions we have
just studied in detail. While we shall need some of the language of manifolds and
homotopy to describe this example, which will be developed only later, in Chapter 6,
it will be basic enough that the average reader should have no trouble following the
argument.

With SV~! denoting the unit sphere in R, recall the basic fact that we can
cover it by two patches Vi and V, each of which maps via a C* diffeomorphism
Fj:V;— BN"ltotheopenball BN ! = {t e RN~ : [1]? < 1}.

Adapting slightly the notation of the previous example, let F' (q)(Vj, M) be the
set of all real-valued functions ¢ on V; such that

poFle FOMBN M, ..., M)

(cf. (1.4.21)~(1.4.23)). Furthermore, let F@ (SN=1 M) denote the set of all real-
valued functions ¢ on SV=! such that the restriction of ¢ to V; is in F4(V;, M).
Now taking the N-fold Cartesian product of copies of F' (@) (SN -1 m ), we obtain a
family of functions from S¥~! to RY, which we denote by D(N, ¢, M), where the
D stands for Dudley, who introduced this family in [52].
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Each ¢ € D(N, g, M) defines an (N — 1)-dimensional surface in R", and a
simple algebraic geometric construction?® enables one to “fill in” the interior of this
surface to obtain a set I,. We shall denote the family of sets obtained in this fashion
by I(N, g, M), and call them the Dudley sets with q-times differentiable boundaries.

Theorem 1.4.7. The Brownian sheet is continuous on a bounded collection of Dudley
sets in RN with q-times differentiable boundariesifg > N —1> 1. IFN —1> 1 >
q > 0orif N—1 > g > 1, then the Brownian sheet is unbounded with probability 1.

QOutline of proof. The proof of the unboundedness part of the result is beyond us,
and so you are referred to [56]. As far as the proof of continuity is concerned, what
we need are the following inequalities for the log-entropy, on the basis of which
continuity follows from Theorem 1.3.5:

Ce™2W=D/Ng=N+D = (N — 1)/N <q <1,

These inequalities rely on the “simple algebraic geometric construction’ noted above,
and so we shall not consider them in detail. The details are in [56]. The basic idea,
however, requires little more than noting that there are basically as many sets in
I(N, q, M) as there are functions in D(N, g, M), and we have already seen, in the
previous example, how to count the number of functions in D(N, g, M).

There are also equivalent lower bounds for the log-entropy for certain values of
N and ¢, but these are not important to us. O

We now turn to the so-called Vapnick—C‘ervonenkis, or VC, sets, due, not surpris-
ingly, to Vapnick and Cervonenkis [163, 164]. These sets arise in a very natural way
in many areas including statistical learning theory and image analysis. The recent
book [162] by Vapnick is a good place to see why.

The arguments involved in entropy calculations for VC classes of sets are of an
essentially combinatoric nature, and so somewhat different from those we have met so
far. We shall therefore look at them somewhat more closely than we did for Dudley
sets. For more details, however, including a discussion of the importance of VC
classes to the problem of finding universal Donsker classes in the theory of empirical
processes, see [56].

Let (E, £) be ameasure space. Given a class C of setsin £ and a finite set F C E,
let AC(F ) be the number of different sets A N F for A € C. If the number of such
sets is 2!F! then C is said to shatter F. Forn = 1,2, ..., set

mc(n) 2 max{Ac(F) : F has n elements}.

26 The construction works as follows: For given ¢ : SN=1 5 RN in D(N, q, M), let Ry, be
its range and Ay, the set of all # € RN, ¢ Ry, such that among mappings of § N=1into
RN \ {t}, ¢ is not homotopic (cf. Definition 6.1.3) to any constant map ¥ (s) = r # ¢. Then
define Iy = Ry U Ayp. For an example, try untangling this description for ¢ the identity
map from § N=1 o itself to see that what results is Iy =B N
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Clearly, m€ (n) < 2" for all n. Also, set

1.4.33
00, mc(n) =2"forall n. ( )

Vo2 !inf{n -mCn) < 2", m€mn) < 2" for some n,

The class C is called a Vapnick—Cervonenkis class if mc(n) < 2" for some n, i.e.,
if V(C) < oo. The number V(C) is called the VC index of C, and V(C) — 1 is the
largest cardinality of a set shattered by C.

Two extreme but easy examples that you can check for yourself are £ = R and
C all half-lines of the form (—oo0, ], for which m€(n) = n + 1 and V(C) = 2, and
E = [0, 1] with C all the open sets in [0, 1]. Here m€(n) = 2" for all n, and so
V(C) = oo and C is not a VC class.

A more instructive example, which also leads into the general theory we are after,
is E = R" and C is the collection of half-spaces of R . Let ® (N, n) be the maximal
number of components into which it is possible to partition RY via n hyperplanes.
Then, by definition, mc(n) = ®(N, n). Itis not hard to see that ® must satisfy the
recurrence relation

DN, n)=dN,n—1)+dWN —1,n—1), (1.4.34)

with the boundary conditions ® (0, n) = ®(N,0) = 1.

To see this, note that if RY has already been partitioned into ® (N, n — 1) subsets
vian — 1 (N — 1)-dimensional) hyperplanes, Hi, ..., H,_1, then adding one more
hyperplane H, will cut in half as many of these subsets as intersect H,,. There can be
no more such subsets, however, than the maximal number of subsets formed on H, by
partitioning with the n — 1 (N —2)-dimensional hyperplanes HiNH,, ..., H,_1NHy;
ie.,, ®(N —1,n — 1). Hence (1.4.34).

Induction then shows that

Z;v:o (j) n>N,

O(N,n) =
2", n<N,

where we adopt the usual convention that (']1) =0ifn < j.
From either the above or (1.4.34) you can now check that

®(N,n) <n™ +1 forall N,n > 0. (1.4.35)

It thus follows, from (1.4.33), that the half-spaces of RV form a VC class for
all N.

What is somewhat more surprising, however, is that an inequality akin to (1.4.35),
which we developed only for this special example, holds in wide (even non-Euclidean)
generality.

Lemma 1.4.8. Let C be a collection of sets in € such that V(C) < v. Then

mc(n) < ®(w,n) <n’+1 foralln>v. (1.4.36)
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Since the proof of this result is combinatoric rather than probabilistic, and will be
of no further interest to us, you are referred to either of [163, 56] for a proof.

The importance of Lemma 1.4.8 is that it enables us to obtain bounds on the
entropy function for Gaussian v-noise over VC classes that are independent of v.

Theorem 1.4.9. Let W be the Gaussian v-noise on a probability space (E, £, v). Let
C be a Vapnick—Cervonenkis class of sets in € with V(C) = v. Then there exists
a constant K = K (v) (not depending on v) such that for 0 < & < % the entropy
function for W satisfies

N(C, &) < Ke ®|Ineg|’.

Proof. We start with a little counting, and then turn to the entropy calculation proper.
The counting argument is designed to tell us something about the maximum number
of C sets that are a certain minimum distance from one another and can be packed
into E.

Fix ¢ > 0 and suppose A1, ..., A, € C,m > 2, and v(A;AA;) > g fori # j.
‘We need an upper bound on m. Sampling with replacement, select n points at random
from E. The v-probability that at least one of the sets A; AA; contains none of these
n points is at most

(1 = &) 1437
<2)( —e&)". (1.4.37)

Choose n = n(m, €) large enough so that this bound is less than 1. Then
P{all symmetric differences A; AA; are nonempty} > 0,

and so for at least one configuration of the n sample points the class C picks out at
least m distinct subsets (since, with positive probability, given any two of the A; there
is at least one point not in both of them). Thus, by (1.4.36),

m < mc(n) <n’ = (n(m, 8))U. (1.4.38)

Take now the smallest n for which (1.4.37) is less than 1. For this n we have
m%(1 — &)1 > 2, so that

2Inm —In2
n— 1 S 11 N
[In(1 — &)
and n < (2lnm)/e. Furthermore, by (1.4.38), m < 2lnm)Ve™".

For some mo = mo(v) < oo, 2lnm)’ < m'/®*tD for m > myg, and then
m<e V1 solnm < (v+ 1)|Ing|. Hence

—v v 1
m<K)e "|lng|” for0<e< X

if K (v) = max(mg, 2"t (v + 1)?).
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This concludes the counting part of the proof. We can now do the entropy
calculation. Recall that the canonical distance between sets in £ is given by
dy(A, B) = [V(AAB)]3.

Fix ¢ > 0. In view of the above, there can be no more than m = K (v)e?|2Ing|
sets Ay, ..., Ay in C for which d,, (A;, Aj) > e forall i, j. Take an g-neighborhood
of each of the A; in the d, metric. (Each such neighborhood is a collection of sets in
£.) The union of these neighborhoods covers C, and so we have constructed an e-net
of the required size, and are done. O

An immediate consequence of the entropy bound of Theorem 1.4.9 is the follow-
ing.

Corollary 1.4.10. Let W be Gaussian v-noise based over a probability space (E, £, v).
Then W is continuous over any Vapnick—Cervonenkis class of sets in E.

For more about set-indexed processes, particularly from the martingale viewpoint,
see [84].

1.4.6 Non-Gaussian Processes

A natural question to ask is whether the results and methods that we have seen in this
section extend naturally to non-Gaussian fields. We already noted, immediately after
the proof of the central Theorem 1.3.5, that the proof there used normality only once,
and so the general techniques of entropy should be extendable to a far wider setting.
For most of the processes that will concern us, this will not be terribly relevant.
In Chapter 15 we shall concentrate on random fields that can be written in the form

f) =F@El@,..., g0,

where the g are i.i.d. Gaussian and F : R — R is smooth. In this setting, conti-
nuity and boundedness of the non-Gaussian f follow deterministically from similar
properties on F and the g/, and so no additional theory is needed.

Nevertheless, there are many processes that are not attainable in this way, for
which one might a priori expect that the random geometry of Part I1I of this book might
apply. In particular, we are thinking of the smooth stable fields of Samorodnitsky
and Taqqu [138]. With this in mind, and for completeness, we state Theorem 1.4.11
below. However, other than the “function of Gaussian’ non-Gaussian scenario, we
know of no cases for which this random geometry has even the beginnings of a parallel
theory.

To set up the basic result, let f; be a random process defined on a metric space
(T, 7) and taking values in a Banach space (B, || ||g). Since we are no longer in the
Gaussian case, there is no reason to assume that there is any longer a canonical metric
of T to replace t. Also, recall that a function ¢ : R — R is called a Young function
if it is even, continuous, convex, and satisfies
im 2% o, gim 2

x—>0 X xX—>00 X
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Theorem 1.4.11. Take f as above, and assume that the real-valued process || f; —
fs|lB is separable. Let N be the metric entropy function for T with respect to the
metric t. If there exists an a € (0, 1] and a Young function ¢ such that the following
two conditions are satisfied, then f is continuous with probability one:

E{ <||f(t)—f(s)||°é>} <1
¢ (. 1) =5

f o (N () du < oo.
Nz (u)>1

The best place to read about this is in Ledoux and Talagrand [99].

1.5 Majorizing Measures

Back in Section 1.3 we used the notion of entropy integrals to determine sufficient
conditions for the boundedness and continuity of Gaussian fields. We claimed there
that these arguments were sharp for stationary processes, but need not be sharp in
general. That is, there are processes that are a.s. continuous, but whose entropy
integrals diverge. We also noted that the path to solving these issues lay via majorizing
measures, and so we shall now explain what these are, and how they work.

Our plan here is to give only the briefest of introductions to majorizing measures.
You can find the full theory in the book by Ledoux and Talagrand [99] and the more
recent papers and book [152, 154, 155, 156] by Talagrand. In particular, [154] gives
a very user friendly introduction to the subject, and the proof of Theorem 1.5.1 below
is taken from there.

We include this section for mathematical completeness®’ and will not use its
results anywhere else in the book. It is here mainly to give you an idea of how to
improve on the weaknesses of entropy arguments, and to whet your appetite to turn
to the sources for more. Here is the main result.

Theorem 1.5.1. If f is a centered Gaussian process on (d-compact) T, then there
exists a universal constant K such that

sfswp i} = Kinrsup [t s

where By is the d-ball of (1.3.2) and the infimum on p is taken over all probability
measures (L on T.

Furthermore, if f is a.s. bounded, then there exists a probability measure u and
a universal constant K' such that

K’ 1.5.2
f??/\/ M(Bd(f o f??f’} (152

27 “Mathematical completeness’ should be understood in a relative sense, since our proofs
here will most definitely be incomplete!
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A measure | for which the integrals above are finite for all t is called a majorizing
measure.

Note that the upper limit to the integrals in the theorem is really diam(7), since
e>diam(T) = T C By(t,e) = w(By(t,e)) =1,

and so the integrand is zero beyond this limit.

Theorem 1.5.1 is the majorizing measure version of Theorem 1.3.3,2® which gave
an upper bound for E{sup, f;} based on an entropy integral, but which did not have
a corresponding lower bound. Theorem 1.5.1, however, takes much more work to
prove than its entropic relative. Nevertheless, by building on what we have already
done, it is not all that hard to see where the upper bound (1.5.1) comes from.

Outline of proof. Start by rereading the proof of Theorem 1.3.3 as far as (1.3.14).
The argument leading up to (1.3.14) was that, eventually, increments fr; ) — fx;_, (?)
would be smaller than ua;. However, on the way to this we could have been less
wasteful in a number of our arguments.

For example, we could have easily arranged things so that

Vs, teT, 7Tj(t)=7Tj(S)$7Tj_1(t)=7Tj_1(S), (1.5.3)

which would have given us fewer increments to control. We could have also as-
sumed that

Vtel'[,-, Tje) =1, (1.5.4)
so that, by (1.5.3),
ﬂj_l(l) =7Tj_1(7Tj(t)). (1.5.5)

Soletus assume both (1.5.3) and (1.5.4). Then controlling the increments f,,j 0~
fn_,-_| (t) actually means controlling the increments f; — fﬂj_1 (¢) for t € I1;. There
are only N; such increments, which improves on our previous estimate of N;jN;_j.
This does not make much of a difference, but what does, and this is the core of the
majorizing measure argument, is replacing the original a; by families of nonnegative
numbers {a; (l)}zenj, and then to ask when

Vite Hj, fr — fﬁj—|(t) < uaj(t) (1.5.6)
for large enough j. Note that under (1.5.6),
VieT, fi— fi <us,

where

28 There is a similiar extension of Theorem 1.3.5, but we shall not bother with it.
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A
S = supZaj(nj(t)).
teT j>i

Thus
p{ sup(fi — f) 2 I ESID I (VENSESTI0)
te

J>i tel'[;.

—u az(t)
<Z Zzexp((2 1+1)2> (1.5.7)

J>i tel'[/

where l'I/j EY IT; \Ui<k§j_1 IT;. (The move from the IT; to the disjoint l'[/j is crucial,
and made possible by (1.5.5).) This bound is informative only if the right-hand side
is less than or equal to one. Let us see how to ensure this when u = 1. Setting

=2 —aj 0 1
Wj(t)— exp m , (58)

we want to have Zj Ztel’[’/ w;(t) < 1. We are now getting close to our majorizing
measure.

Recall that 7" has long ago been assumed countable. Suppose we have a probability
measure y supported on 7" and forall j > i and all € IT; setw; () = u({t}). Undo
(1.5.8) to see that this means that we need to take

_2
p{th)’

aj(t) = 2r~/*1! [In
With this choice, the last sum in (1.5.7) is no more than 21_”2, and S is given by

2
=2 Jj+1
swp) 1 oD

teT i

all of which ensures that for the arbitrary measure ;© we now have

2
K A g —= | 1.5.9
B} = Koo 159)

This is, in essence, the majorizing measure upper bound. To make it look more
like (1.5.1), note that each map m; defines a partition A; of T comprising the sets

Até{seT:nj(s)zt}, tell;.

With A (¢) denoting the unique element of A; that contains t € T, it is not too hard
(but also not trivial) to reformulate (1.5.9) to obtain
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E{ supf} <Ksupy r o/ In ———,
rer )T e § (A0

(1.5.10)
which is now starting to look a lot more like (1.5.1). To see why this reformulation
works, you should go to [154], which you should now be able to read without even
bothering about notational changes. You will also find there how to turn (1.5.10)
into (1.5.1), and also how to get the lower bound (1.5.2). All of this takes quite a bit
of work, but at least now you should have some idea of how majorizing measures
arose. O

Despite the elegance of Theorem 1.5.1, it is not always easy, given a specific
Gaussian process, to find the “right” majorizing measure for it. To circumvent this
problem, Talagrand recently [155] gave a recipe for how to wield the technique
without the need to explicitly compute a majorizing measure. However, we are
already familiar with one situation in which there is a simple recipe for building
majorizing measures. This is when entropy integrals are finite.

Thus, let be H (¢) be our old friend (1.3.3), and set

A 1
g(t):wlln;, 0<t<l. (1.5.11)

Then here is a useful result linking entropy and majorizing measures.

Lemma 1.5.2. If fooo H'2(¢)de < oo, then there exists a majorizing measure p and
a universal constant K such that

sup/ng(u(B(t,s)))ds < K(n|logn| + /n H'2(&) de), (1.5.12)
0 0

teT
forall n > 0.

This lemma, together with Theorem 1.5.1, provides an alternative proof of Theo-
rems 1.3.3 and 1.3.5, since the additional term of 1| log n| in (1.5.12) can be absorbed
into the integral (for small enough 7) by changing K. In other words, the lemma
shows how entropy results follow from those for majorizing measures. What is par-
ticularly interesting, however, is the proof of the lemma, which actually shows how
to construct a majorizing measure when the entropy integral is a priori known to be
finite.

Proof. For convenience we assume that diam(7) = 1. Let {A, 1, ..., A, yo-n ),
for n > 0, be a minimal family of d-balls of radius 27" that cover T. Set

Bk = Ani \ | Anj. (1.5.13)
Jj<k
sothat B, = {By 1,..., By, N(2-m)} 1 a partition of T and each B; is contained in a

d-ball of radius 27". For each pair n, k choose a point #,, y € B, x and then define a
probability measure u on T by
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00 NQ™™)
(A=Y 27N Y s, (A),
n=0 k=1

where §;, is the measure giving unit mass to #;. This will be our majorizing measure.
To check that it satisfies (1.5.12), note first that if ¢ € (27"+D 277], then

w(B(t, e)) > (2" N@ Dy~

forallt € T. Consequently,

o—n 1 [o0) 1
n—d 27K n@*N @2 *))2
fo ! w(B(t,€)) £ = k:,% (e
00 2—n
=y 2—’<(k1n2)%+2/ (In(N(£))? de
k=n+1 0

2—n
< (n+2)2*"\/1n2+2/ H'?(¢) de,
0

the last line following from a little elementary algebra.
This establishes (1.5.12) for dyadic . The passage to general 5 follows via a
monotonicity argument. O

Another class of examples for which it is easy to find a majorizing measure is
given by that of stationary fields over compact Abelian groups. Once again, we
shall assume that you are either familiar with the notion of stationarity or will return
after having read Chapter 5. Under stationarity it is perhaps not suprising that Haar
measure is a majorizing measure.

Theorem 1.5.3. If f is stationary over a compact Abelian group T, then (1.5.1) and
(1.5.2) hold with u taken to be normalized Haar measure on T .

A very similar result holds if T is only locally compact. You can find the details
in [99].

Proof. Since (1.5.1) is true for any probability measure on 7, it also holds for Haar
measure. Thus we need only prove the lower bound (1.5.2).

Thus, assume that f is bounded, so that by Theorem 1.5.1 there exists a majorizing
measure u satisfying (1.5.2). We need to show that u can be replaced by Haar measure
on 7', which we denote by v.

Set

Dy, £ sup(n : w(B(t,n)) < 1/2, forallt € T},

with D, defined analogously. With g as in (1.5.11), (1.5.2) can be rewritten as

Dy,
/0 g(u(B(e) de < KE[ sup £},

teT
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forall ¢t € T. Let t be a random variable with distribution v; i.e., T is uniform on 7.
For each ¢ > 0, set Z(¢) = u(B(t, ¢)). Then, forany o € T,

E(Z(e)) = /T (B, )v(dn)
=/u@+ﬂm@wwo
T

_ / v(t + Blto, &) u(dt)
T
= v(B(1o. ),

where the second equality comes from the stationarity of f and the third and fourth
from the properties of Haar measures.

Now note that g(x) is convex over x € (0, %), so that it is possible to define a
function g that agrees with it on (0, %), is bounded on (%, o0), and convex on all of
R4. By Jensen’s inequality,

g2E{Z (o)) < E{g(Z(e))}.

That is,

g (B(19,¢))) < /;g(M(B(t’ e)v(de).

Finally, set A = min(D,,, D,). Then

A A
/0 S0 (Blto, &) ds < /0 de /T Su(B(, )v(dD)

A
- / / V(AN (u(B(, &) de
TJO

< K]E{ supft}.

teT

This is the crux of (1.5.2). The rest is left to you. O

This more or less completes our discussion of majorizing measures. However, we
still have two promises to fulfill before completing this chapter. The first of these is
to show why entropy conditions are necessary, as well as sufficient, for boundedness
and continuity if f is stationary. This is Theorem 1.5.4 below. Its proof is really a
little dishonest, since it relies on the main majorizing measure result Theorem 1.5.1,
which we have not proven. It could in fact be proven without resort to majorizing
measures, and was done so originally. However, for a chapter that was supposed to be
only an “introduction” to the general theory of Gaussian processes, we have already
used up more than enough space, and so shall make do with what we have at hand
already.
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Theorem 1.5.4. Let f be a centered stationary Gaussian process on a compact group
T. Then the following three conditions are equivalent:

f is a.s. continuous on T, (1.5.14)
fisa.s. bounded on T, (1.5.15)
o0
/ H'*(e)de < . (1.5.16)
0

Proof. That (1.5.14) implies (1.5.15) is obvious. That (1.5.16) implies (1.5.14) is
Lemma 1.5.2 together with Theorem 1.5.1. Thus it suffices to show that (1.5.15)
implies (1.5.16), which we shall now do.

Note firstly that by Theorem 1.5.3 we know that

sup/oog(,u(B(t, 8))) de < 00 (1.5.17)
teT JO

for y normalized Haar measure on 7. Furthermore, by stationarity, the value of the

integral must be independent of ¢.

For ¢ € (0, 1) let M (¢) be the maximal number of points {tk},]:/[:(‘f) in T for which

min  d(tj, ) > &.
1<j,k<M(e)

It is easy to check that
N(e) < M(e) < N(¢/2).
Thus, since p is a probability measure, we must have
n(B(t,€) < (N2e) ™"

Consequently, by (1.5.17) and, in particular, its independence on ¢,

00 > /OO ¢(W(B(t, £))) de > /oo(lnzv(zs))% ds = 2/00 H'2(e) ds,
0 0 0

which proves the theorem. O

Our second and final responsibility is to prove that the claims we made back
at (1.4.7) are correct. That they are is the statement of the following corollary to
Theorem 1.5.4.

Corollary 1.5.5. If f is centered and stationary on open T C RN with covariance
function C, and

K K>

W <C0O)—-C@ =< —

for |t| small enough, then f will be sample path continuous if ap > 0 and discontin-
uous if a; < 0.
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Proof. Recall from Theorem 1.4.1 that the basic energy integral in (1.5.16) converges
or diverges together with

/OO pe™)du, (1.5.19)
1)

where
p*() =2 sup[C(0) — C(1)]

[t<u

(cf. (1.4.2)). Applying the bounds in (1.5.18) to evaluate (1.5.19) and applying the
extension of Theorem 1.5.3 to noncompact groups easily proves the corollary. O
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Gaussian Inequalities

Basic statistics has its Chebyshev inequality, martingale theory has its maximal in-
equalities, Markov processes have large deviations, but all pale in comparison to the
power and simplicity of the coresponding basic inequality of Gaussian processes. This
inequality was discovered independently, and established with very different proofs,
by Borell [30] and Tsirelson, Ibragimov, and Sudakov (TIS) [160]. For brevity, we
shall call it the Borell-TIS inequality. In the following section we shall treat it in
some detail.

A much older inequality, which allows comparison between the suprema of dif-
ferent Gaussian processes, is due to Slepian, and we shall describe it and some of its
newer relatives in Section 2.2.

2.1 Borell-TIS Inequality

One of the first facts we learned about Gaussian processes was that if X ~ N (0, 02),
then for all u > 0,

3
o o 1.2,.2 o 1.2,.2
— e T < PX > u) < e 24/ (2.1.1)
(«/27114 «/2nu3> 2mu
(cf. (1.2.2)). One immediate consequence of this is that
lim u™2 mP{X > u} = — (262~ (2.1.2)

u—>00

There is a classical result of Landau and Shepp [96] and Marcus and Shepp [110] that
gives a result closely related to (2.1.2), but for the supremum of a general centered
Gaussian process. If we assume that f; is a.s. bounded, then they showed that

lim =2 1an[ sup f, > u] = —Q02)7, (2.1.3)

u— 00 teT

where
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A
o7 = sup E{f?)
teT
is a notation that will remain with us throughout this section. An immediate conse-
quence of (2.1.3) is that for all & > 0 and large enough u,

]P’l sup f; > u] < et —u?/207 (2.1.4)

teT

Since ¢ > 0 is arbitrary, comparing (2.1.4) and (2.1.1), we reach the rather surprising
conclusion that the supremum of a centered, bounded Gaussian process behaves much
like a single Gaussian variable with a suitably chosen variance.

In Chapter 4 we shall see that it requires little more than the basic techniques of
the current chapter, along with the notion of entropy from Chapter 1, to considerably
improve on (2.1.4), in that the exponential term ¢® “* can be replaced by a power term
of the form u®. Later, in Part III, we shall how to do even better, although then we
shall have to assume more on the random fields.

Now, however, we want to see what can be done with minimal assumptions, and
to see from where (2.1.4) comes. In fact, (2.1.4) and its consequences are all special
cases of a nonasymptotic result due, as mentioned above, independently, and with very
different proofs, to Borell [30] and Tsirelson, Ibragimov, and Sudakov (TIS) [160].

Theorem 2.1.1 (Borell-TIS inequality). Let f; be a centered Gaussian process,
a.s. bounded on T. Write

I =11l =sup fi.
teT

Then
E{IfN} < oo,

and for all u > 0,
PUFI—BIFI} > u} < e 127 (2.1.5)

Before we look at the proof of (2.1.5), which we refer to as the Borell-TIS
inequality,! we take a moment to look at some of its conseqences, which are many
and major. It is no exaggeration to say that this inequality is today the single most
important tool in the general theory of Gaussian processes.

An immediate and trivial consequence of (2.1.5) is that for all u > E{|| f ||},

P{| f]| > u} < e~ @ EISI?/207

so that both (2.1.3) and (2.1.4) follow from the Borell-TIS inequality.

! Actually, Theorem 2.1.1 is not in the same form as Borell’s original inequality, in which
E{|| f I} was replaced by the median of || f|. However, the two forms are equivalent. For
this and other variations of (2.1.5), including extensions to Banach space—valued processes
for which || || is the norm, see the more detailed treatments of [28, 56, 67, 99, 105]. To see
how the Borell-TIS inequality fits into the wider theory of concentration inequalities, see
the recent book [98] by Ledoux.
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Indeed, a far stronger result is true, for (2.1.4) can now be replaced by
P{IfI > u} < eCum /27,

where C is a constant depending only on E{|| X ||}, and we know at least how to bound
this quantity from Theorem 1.3.5.

Note that, despite the misleading notation, || || = sup is not a norm, and that very
often one needs bounds on the tail of sup, | f;|, which does give a norm. However,
symmetry immediately gives

IP{ sup| ;| >u} §2P{5111pf, >u}, (2.1.6)

so that the Borell-TIS inequality helps out here as well.
Here is a somewhat more significant consequence of the Borell-TIS inequality.

Theorem 2.1.2. For f centered, Gaussian,

P{IfIl <oo} =1 <= E{llfI} < o0 2.1.7)

— ]E{eallfllz} < 00
for sufficiently small .

Proof. The existence of the exponential moments of || f|| implies the existence of
E{|| f1I}, and this in turn implies the a.s. finiteness of || f||. Furthermore, since by
Theorem 2.1.1 we already know that the a.s. finiteness of || f|| entails that of E{|| f|},
all that remains to prove is that the a.s. finiteness of || || also implies the existence
of exponential moments.

But this is an easy consequence of the Borell-TIS inequality, since, with both
II.fII'and E{|| I} now finite,

o
el 1Py Z/o Pl > ) du

< +E(IFI) +2/ P{IFI > Vinul/) du
e VE{ £}
<e* +E{IfI}
00 (St e _ 2
+2f exp( ( I 2E{||f||}) ) du
e VE{| f1I} 207
<e* +E{IfI}
o0 oy 2
+4a/ u exp (W) exp{auz}du,
0 207

which is clearly finite for small enough . O
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Recall Theorems 1.3.3 and 1.3.5, which established, respectively, the a.s. bound-
edness of || f|| and a bound on the modulus of continuity w,4(5) under essentially
identical entropy conditions. It was rather irritating back there that we had to establish
each result independently, since it is “obvious’ that one should imply the other. A
simple application of the Borell-TIS inequality almost does this.

Theorem 2.1.3. Suppose that f is a.s. bounded on T. Then f is also a.s uniformly
continuous (with respect to the canonical metric d) if and only if

lim ¢ () = 0, (2.1.8)
n—0
where
o 2E{ swp (£ - £, 2.1.9)
d(s,t)<n

Furthermore, under (2.1.8), for all ¢ > 0 there exists an a.s. finite random variable
n > 0 such that

wfd(8) < () Ing()I°, (2.1.10)
forall § <n.

Proof. We start with necessity. For almost every @ we have

lim sup |[fs(w)— fi(w)| =0.
77—>0d(s,t)<r;

But (2.1.8) now follows from dominated convergence and Theorem 2.1.2.
For sufficiency, note that from (2.1.8) we can find a sequence {,} with §, — 0
such that ¢ (8,) < 27". Set 8, = min(8,, 2~"), and consider the event

Av={ swp If = fil > 272}
d(s,t)<é),

The Borell-TIS inequality (cf. (2.1.6)) gives that for n > 3,
1
P{A,} < 2exp (—5(2”/2 — 2")2/22”> < Kexp(—=2""1).

Since P{A,} is an admirably summable series, Borel-Cantelli gives us that f is a.s.
uniformly d-continuous, as required.

To complete the proof we need to establish the bound (2.1.10) on wy,4. Note
first that

diam(S) = sup (E{|f; — fs|*)"/?

s,tes
=27 §upSE{|ft = fsl}
< «/EE{ sup fr — fs}

s,teS

= V27 ¢ (diam(S)),
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where the second line is an elementary Gaussian computation and the third uses the
fact that sup ,¢(f; — fs) is nonnegative. Consequently, we have that

8§ <279 (9), (2.1.11)

forall § > O.
Now define the numbers

8y =sup{8: p(8) <e "}

and, for ¢ > 0, the events

Bo={ sup Ifi= fil > 6@},

d(s,1)<8,

Then the Borell-TIS inequality gives

2
P{B,) < 4exp {—%(Hnwnw/z - 1)2"’8(#} < Ky exp{—Kan€),

the second inequality following from (2.1.11) and the definition of §,,.
Since ), P{B,} < oo, we have that for n > N(w),

©fa(Bn) < G P (3,172,
Monotonicity of w .4, along with separability, complete the proof. O

We now turn to the proof of the Borell-TIS inequality. There are essentially three
quite different ways to tackle this proof. Borell’s original proof relied on isoperimetric
inequalities.> While isoperimetric inequalities may be natural for abook with the word
“geometry” in its title, we shall avoid them, since they involve setting up a number of
concepts for which we shall have no other need. The proof of Tsirelson, Ibragimov,
and Sudakov used Ito’s formula from stochastic calculus. This is one of our favorite
proofs, since as one of the too few links between the Markovian and Gaussian worlds
of stochastic processes, it is to be prized.

We shall, however, take a more direct route, which we learned about from the
excellent collection of exercises [38], although its roots are much older. The first step
in this route involves the following two lemmas, which are of independent interest.

Lemma 2.1.4. Let X and Y be independent k-dimensional vectors of centered, unit-
variance, independent, Gaussian variables. If f,g : R — R are bounded C?*
functions then

2 Borell has a newer, very recent version of this approach, to be found in [31, 32].

3 Or at least one of RJA’s favorite proofs. Indeed, this approach was used in RJA’s lecture
notes [3]. There, however, there is a problem, for in the third line from the bottom of page
46 appear the words “To complete the proof note simply that....” The word “simply” is
simply out of place, and in fact, Lemma 2.2 there is false as stated. A correction (with the
help of Amir Dembo) appears, en passant, in the “Proof of Theorem 2.1.1” below.
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1
Cov(f(X),g(X))zf E{{(Vf(X), Vg(aX + V1 —a?Y))} da, (2.1.12)
0

Proof. It suffices to prove the lemma with f(x) = ¢/*) and g(x) = /¥, with
s,t,x € R¥. Standard approximation arguments (which is where the requirement
that f is C? appears) will do the rest. Write

o) 2 E[e! 1] = (P2
(cf. (1.2.4)). It is then trivial that

Cov(f(X), g(X)) = ¢(s + 1) — @(s)p(1).

On the other hand, computing the integral in (2.1.12) gives

/01 E{(Vf(X), Vg(aX + V1 —a?Y))} da

[ e { < (109) . sy >)>}

-, o Y s j1yEf et el

1
__ / dat (s, 1) (IP+2ls.n)+1sP)/2
0
= —p()e@)(1 - ")
=@(s +1) = es)p@),
which is all that we need. O

Lemma 2.1.5. Let X be as in Lemma 2.1.4. If h : R* — R is C? with Lipschitz
constant* 1 and if E{h(X)} = 0, then for all t > 0,

Efe" ) < o2, (2.1.13)

Proof. LetY be an independent copy of X and « a uniform random variable on [0, 1].
Define the pair (X, Z,) via

A
(X, Zy) = (X, aX + V1 —a?Y).
4 Recall that the Lipschitz constant of a function on R is given by

If(X)—f(y)I}.

A
1 fllip 2 sup V£ ()| = sup{
X X |.X —)’|
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Take & as in the statement of the lemma, ¢ > 0 fixed, and define g = e’ h

(2.1.12) gives

. Applying

1
Efn(X)g(X)} =/O E{(Vg(X), Vi(Za))} da

= /1 E{(Vi(X), Vi(Zy))e" ™} da
<m0,
using the Lipschitz property of /. Let u be the function defined by
10 = 0],
Then
E{h(X)e"" @} = u' (1)e"®,

so that from the preceding inequality, u’(z) < ¢. Since u(0) = 0 it follows that
u(t) < 12/2, and we are done. O

The following lemma gives the crucial step toward proving the Borell-TIS in-
equality.

Lemma 2.1.6. Let X be a k-dimensional vector of centered, unit-variance, indepen-
dent Gaussian variables. If h : R — R has Lipschitz constant o, then for all
u>0,

P{h(X) — E{h(X)} > u} < e~ 24°/7°, (2.1.14)

Proof. By scaling it suffices to prove the result for 0 = 1. Assume for the moment
that f € C2. Then, for every t,u > 0,

P{h(X) — E{h(X)} > u) < / OB O g p (1)
h(x)=E{h(X)}>u
< TR HOO-EHOOD |
12
<e2

—tu
)

the last inequality following from (2.1.13). Taking the optimal choice of t = u gives
(2.1.14) for f € C2.

To remove the C? assumption, take a sequence of C? approximations to f each
one of which has Lipschitz coefficient no greater than o and apply Fatou’s inequality.
This completes the proof. O

We now have all we need to prove Theorem 2.1.1.
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Proof of Theorem 2.1.1. There will be two stages to the proof. Firstly, we shall
establish Theorem 2.1.1 for finite 7. We then lift the result from finite to general 7.
Thus, let T be finite, so that we can write it as {1, ..., k}. In this case we can
replace sup by max, which has Lipshitz constant 1. Theorem 2.1.1 then follows
immediately from 2.1.6. The general case is a little more delicate.
Let C be the k x k covariance matrix of f on T, with components ¢;; = E{f; f;},
so that

2 2
o7 = max c¢;; = max E{f~}.
T <ick " T i<i<k Ui

Let W be a vector of independent, standard Gaussian variables, and A such that A’A =

C. Thus f £ AW, and max; f; £ max; (AW);, where £ indicates equivalence in
distribution (law).
Consider the function 4 (x) = max; (Ax);, which is trivially C2. Then
|max(Ax)i — maX(Ay)l-| = |max(eiAx) — max(e,-Ay)|
1 1 L 1
< max |e,~A(x — y)|
1
< max |e;A] - [x — yl,
1

where as usual e; is the vector with 1 in position i and zeros elsewhere. The first
inequality above is elementary, and the second is Cauchy—Schwarz. But

le;A|? = e;A'Aej = €;Ce; = ¢jj,
so that

|m;ax(Ax)i — m?X(Ay)i| <orlx—yl

In view of the equivalence in law of max; f; and max; (AW); and Lemma 2.1.6, this
establishes the theorem for finite 7.

We now turn to lifting the result from finite to general 7. This is, almost, an easy
exercise in approximation. For each n > 0 let T, be a finite subset of 7" such that
T, C T,4+1 and T, increases to a dense subset of 7. By separability,

sup f; 23 sup f;,

teTy teT

and since the convergence is monotone, we also have that

]P’{ sup f; > u] — IP’{ sup f; > u} and IE{ sup f,] — ]E{ supft}.

teT, teT teTy, teT

Since a%n — o'% < 00 (again monotonically), this would be enough to prove the

general version of the Borell-TIS inequality from the finite-7 version if only we
knew that the one worrisome term, E{sup; f;}, were definitely finite, as claimed in
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the statement of the theorem. Thus if we show that the assumed a.s. finiteness of || f |
implies also the finiteness of its mean, we shall have a complete proof to both parts
of the theorem.

We proceed by contradiction. Thus, assume E{|| f||} = oo, and choose ug > 0
such that

1 3
¢4/ < = and ]P’{ sup fr < MO} z -
4 tel 4

Now choose n > 1 such that E{|| f||7,,} > 2uo, which is possible since E{|| f|1,} —
E{ll fllT} = oo. The Borell-TIS inequality on the finite space T;, then gives

> 2e71/9F > 27/ = P{||| fliz, — E(IflIz,} > o)

| =

3
= PIES 7} = 1 f ]l > ok = PULfll7 < uok = 7.

This provides the required contradiction, and so we are done. O

2.2 Comparison Inequalities

The theory of Gaussian processes is rich in comparison inequalities, where by this
term we mean results of the form “if f is a “rougher” process than g, and both are
defined over the same parameter space, then || f|| will be “larger” than ||g].”” The
most basic of these is Slepian’s inequality.

Theorem 2.2.1 (Slepian’s inequality). If f and g are a.s. bounded, centered Gauss-
ian processes on T such that E{ ftz} = E{gtz} forallt € T and

E{(f; — f9)*) < E{(gr — g5)°} 2.2.1)

foralls,t € T, then for all real u,
PO > ul < Plllgll > u}. (2.2.2)

Furthermore,

E{NAIY < Edligl}- (2.2.3)

Slepian’s inequality is so natural that it hardly seems to require a proof, and hardly
the rather analytic, nonprobabilistic one that will follow. To see that there is more
to the story than meets the eye, one need only note that (2.2.2) does not follow from
(2.2.1) if we replace’ supy f; by supy | f;| and supy g; by supy |g;|.

Slepian’s inequality is based on the following technical lemma, the proof of which,
in all its important details, goes back to Slepian’s original paper [144].

5 For a counterexample to “Slepian’s inequality for absolute values” take T = {1, 2}, with
f1 and f> standard normal with correlation p. Writing P, (u) for the probability under
correlation p thatmax (| f1[, | f2|) > u,itiseasy tocheck thatforallu > 0, P_{(u) < Py(u),
while Py(u#) > P;(u), which negates the monotonicity required by Slepian’s inequality.
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Lemma 2.2.2. Let f1, ..., fi be centered Gaussian variables with covariance matrix
C = (c,-j)ﬁjzl, cij = E{fifj}. Leth: R* — R be C?, and assume that, together

with its derivatives, it satisfies a o(|x|%) growth condition at infinity for some finite
d.S Let

HC) =E{h(f1,.... f)}, (2.2.4)

and assume that for a pair (i, j), 1 <i < j <k,

92h(x) ~0

2.2.5
ox;0x; — ( )

forall x € R¥. Then H(C) is an increasing function of cij.

Proof. We have to show that

dH(C)
36‘,'/'

>0

whenever 82h/8xi8xj > 0.

To make our lives a little easier we assume that C is nonsingular, so that it makes
sense to write ¢ (x) = ¢¢ (x) for the centered Gaussian density on R¥ with covariance
matrix C. Straightforward algebra shows that’

92 9 92
e v _ 2% i ] (2.2.6)

ap 1
acij 2 8xi2 ’ acij B 0x;0x ’

Applying this and our assumptions on /% to justify two integrations by parts, we
obtain, fori # j,

2
dH(C) :/ NG dx:/ O°hX) L xydx > 0.
—Bc,’j - Py Rk 0X;0X;

Cij

This completes the proof for the case of nonsingular C. The general case can be
handled by approximating a singular C via a sequence of nonsingular covariance
matrices. =

Proof of Theorem 2.2.1. By separability, and the final argument in the proof of
the Borell-TIS inequality, it suffices to prove (2.2.2) for T finite. Note that since
E{f?} = E{g?} forallt € T, (2.2.1) implies that E{ f; f;} > E{g,g,} foralls,t € T.
Let h(x) = ]_[f-‘=1 hi(x;), where each h; is a positive nonincreasing, C? function
satisfying the growth conditions placed on 4 in the statement of Lemma 2.2.2, and k
is the number of points in 7. Note that for i # j,

6 We could actually manage with & twice differentiable only in the sense of distributions. This
would save the approximation argument following (2.2.7) below, and would give a neater,
albeit slightly more demanding, proof of Slepian’s inequality, as in [99].

7 This is, of course, little more than the heat equation of PDE theory.
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3?h(x) )
dx;0x; = h; (xi)hj(x ) E hy(xp) =0,
n#j

since both A} and h} are nonpositive. It therefore follows from Lemma 2.2.2 that

k k
EhjmmﬁzE{ﬂm@ﬂ. 22.7)
i=1 i=1

Now take {h l(”)};'lo | to be a sequence of positive, nonincreasing C? approximations

to the indicator function of the interval (—oo, A], to derive that

PN < u} = Plllgll < ul,

which implies (2.2.2).
To complete the proof, all that remains is to show that (2.2.2) implies (2.2.3). But
this is a simple consequence of integration by parts, since

e’} 0
MWN=AHWN>MM—/IMN<MM
00 0
sA MM>MM—/ P{llgll < u} du
—E{jgl}.
This completes the proof. O

As mentioned above, there are many extensions of Slepian’s inequality, the most
important of which is probably the following.

Theorem 2.2.3 (Sudakov-Fernique inequality). Let f and g be a.s. bounded
Gaussian processes on T. If

E{fi} =Elg/}

and
E{(fi — )} < E{(g — g%}
foralls,t €T, then
E(I£1} < Eligl). (22.8)

In other words, a Slepian-like inequality holds without a need to assume either zero
mean or identical variance for the compared processes. However, in this case we have
only the weaker ordering of expectations of (2.2.3) and not the stochastic domination
of (2.2.2).
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The original version of this inequality assumed zero means, and its proof involved
considerable calculus, in spirit not unlike that in the proof of Slepian’s inequality (cf.
[66] or [85]). The proof that we give is due to Sourav Chatterjee, [37] who, at the
time of writing, is a gifted young graduate student at Stanford. It starts with a simple
and well-known lemma.

Lemma 2.24. Let X = (X1, ..., X¢) be a vector of centered Gaussian variables
with arbitrary covariance matrix, and let h : R¥ — R be C', with h and its first-
order derivatives satisfying a o(|x|?) growth condition at infinity for some finite d.
Then, for 1 <i <k,

k
E{X;h(X)} = Z]E{Xin}]E{hj(X)}. (2.2.9)
j=1
where h 2 Oh/0x;.

Proof. Assume firstly that the X ; are independent and have unit variance. Then,

]E{X,h(X)}:/ xih(x)e ¥P/2 dx (2.2.10)
]Rk
:/ h,-(x)e_lx‘Z/zdx
Rk
=E{hX)},

where the second equality is via a simple integration by parts. This is (2.2.9) for this
case.

For the general case, write C = AT A for the covariance matrix of X, and define
W' (x) = h(Ax). Let X' = (X1,”..., X;) be a vector of independent, standard
normal variables. Then, X ~ AX’, and writing a,,, and a,ﬁn for the elements of A
and AT and applying (2.2.10),

k k
E{X;h(X)} =E { > aimX;:,h/(X/>} = > amB{h, (X))

m=1 m=1

k k k
=Y aimE Y ajuh;(X) t =Y B0} aimal;
m=1 j=1

j=1 m=1

k
= ZE{X,-Xj}E{hj(X)},
j=1

as required. O

The Sudakov—Fernique inequality on finite spaces is a special case of the following
result, whose proof, en passant, actually provides more. For general (nonfinite) spaces
the arguments that we have previously used to go from finite to general parameter
work here as well, giving the classic Sudakov—Fernique inequality with no extra work.
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Theorem 2.2.5. Let X = (X1,..., X)) and Y = (Y1, ..., Yy) be Gaussian vectors
with B{X;} = E{Y;} for all i. Set

vii =E(X - X% vt =B - YR,

and
y 2 Sup lv¥ — vl
Then
[E{ max X;} — E{ max Y;}| < V2y logk. (2.2.11)

If, in addition, yi;( < yg for1 <i,j <k, then
E{ max X;} < E{ max Y;}. (2.2.12)
1 1

Proof. Without loss of generality, we may assume that X and Y are defined on the
same probability space and are independent. Fix 8 > 0 and define hg : R* — R by

k
hp(x) EY gt log (Z eﬂxi) .
i=1

Note that
k
max x; = B~ log(ef M%) < g~ og (Z eﬁx’)
4
i=1
< B M og(keP ™%y = B~ log k + max x;.
1
Thus
sup |h,3(x) — max x,-| < ﬂ*] logk. (2.2.13)
xeRk !

Now let u; = E{X;} = E{Y;} and set

Furthermore, write 0¥ = E{)?i)?j}, o¥f = ]E{X,-)N(j}, and for ¢t € [0, 1] define the

ij
random vector Z; by

Z; 21 —1X; + 1Y+
Now fix 8 > 0 and, for all ¢ € [0, 1], set

0(1) 2 E{hs(Z))}.
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Then ¢ is differentiable, and

k s 7.
=EY F L)
¢'(0) iz; e ,)(2\[ 5 1_t>}

Again, for any i, Lemma 2.2.4 gives us that

dhg a 92hg
E{a_x,»(z’)x"} =1 —t;ai;‘E{ (Z)

axi3Xj
and
3hﬂ k Bzhﬁ
E{—L(Z)Y:} =1 YE Z) g
{Bxi( ) l} «/—;U” {E)xiaxj( t)}
so that
/ 1 a a2h Y X
o'(t) = 3 Z E FYr (Z) ¢ (o5 — o). (2:2.14)
ij=1 9%

In a moment we shall show that if yl.x < yil./ then ¢’ > 0 throughout its range. This
will prove (2.2.12), since it implies that for all 8 > 0,

Efhg(Y)} = @(1) = ¢(0) = E{hg(X)}.
Taking 8 — oo and applying (2.2.13) establishes (2.2.12). The more delicate inequal-

ity (2.2.11) requires more information on ¢, which comes from a little elementary
calculus.

Note that
3hﬁ eﬂM A
— &)= = pi(x),
8x, Zj: eﬁxl '
where for each x € R, the p;(x) define a probability measure on {1, ..., k}. Itis

then straightforward to check that

0%hp X) = B(pi(x) — p?(x)), i=],
dx;0x; —Bpi(x)pj(x), i

Thus,
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k52
hg v
i;l oxax; 0 o) (2.2.15)

k k
=B> P} —af) =B D pix)pix)a) — o)

i=1 i,j=1

k
B
=5 2 PitpjWlof +0f; = 20)) = (of +0fj = 207)]
ij=1

k
= g > pi@p; @ = v

i,j=1

The second equality here uses the fact that ) ; p;(x) = 1, while the third one relies
on the fact that

of +of =20 =E{(X; - X;)*)
=E{(Xi = X))?} = (i — 1))* = v — (i — j)%,

along with a similar equality for the o' .

Substituting (2.2.15) into (2.2.14) gives us that ¢’(¢) > 0 whenever yij.( < yg, as
we claimed above.

All that remains, therefore, is to establish (2.2.11), which we do by getting a bound
on ¢’ ().

Combining (2.2.15) with the definition of y, it is immediate that

. 2 £
i,j=1 i,j=1

k 2 k
Z 9 hﬂj (x) (UI-I; —05) < /3_)/ Z pi(x)p;j(x) = ,373’

Substituting this into (2.2.14) gives

E{hp(Y)} — Efhg(X)}] = lo(1) — p(0)] < ’%TV.

Combining this with (2.2.13) gives

2logk
]]E{maxX,-}—IE{maxY,-Hfﬁ—y—i- o8 ,
i i 4 B
and choosing g = /8logk/y gives (2.2.11), as required. O

There are many extensions to the Sudakov—Fernique inequality that we shall not
need in this book, but you can find them in the references in the description of Part I.
From those sources you can also find out how to extend the above arguments to obtain
conditions on covariance functions that allow statements of the form
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P{ min max X;; >u}>P{ min max Y;; > u},
I<i<n1<j<m I<i<nl<j<m
along with even more extensive variations due, originally, to Gordon [69]. Gor-
don [70] also shows how to extend the essentially Gaussian computations above to
elliptically contoured distributions.
As we mentioned earlier, Chapter 4, which does not require the material of Chap-
ter 3, continues with the theme of suprema distributions.
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Orthogonal Expansions

While most of what we shall have to say in this brief chapter is rather theoretical,
it actually covers one of the most important practical aspects of Gaussian modeling.
The basic result is Theorem 3.1.1, which states that every centered Gaussian process
with a continuous covariance function has an expansion of the form

OEDIRANGE (3.0.1)

n=1

where the &, are i.i.d. N(0, 1), and the ¢, are certain functions on 7 determined by
the covariance function C of f. In general, the convergence in (3.0.1) is in L2(P)
for each t € T, but (Theorem 3.1.2) if f is a.s. continuous then the convergence is
uniform over T, with probability one.

There are many theoretical conclusions that follow from this representation.
For one example, note that since continuity of C will imply that of the ¢, (cf.
Lemma 3.1.4), it follows from (3.0.1) that sample path continuity of f is a “tail
event” on the o -algebra determined by the &,,, from which one can show that centered
Gaussian processes are either continuous with probability one, or discontinuous with
probability one. There is no middle ground. A wide variety of additional zero—one
laws also follow from this representation. Perhaps the most notable is the following,

P{lin}fs — f forallt e T} —1
s—
— P{lim £ = ft} — 1 foreacht e T.
s—>t

That is, under our ubiquitous assumption that the covariance function C is continuous,
pointwise and global a.s. continuity are equivalent for Gaussian processes. A proof,
in the spirit of what follows, can be found in [3].

The practical implications of (3.0.1) are mainly in the area of simulation. By
truncating the sum (3.0.1) at a point appropriate to the problem at hand, one needs
“only” to determine the ¢,. However, these arise as the orthonormal basis of a
particular Hilbert space, and can generally be found by solving an eigenfunction
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problem involving C. In particular, if T is a nice subset of RY, this leads to the
famous Karhunen—-Lo¢ve expansion, which we shall treat briefly in Section 3.2. While
even in the Euclidean situation there are only a handful of situations for which this
eigenfunction problem can be solved analytically, from the point of view of computing
it is a standard problem, and the approach is practical.

3.1 The General Theory

As usual, we shall take T to be compact in the canonical metric d generated by f.
The first step toward establishing the expansion (3.0.1) lies in setting up the so-
called reproducing kernel Hilbert space (RKHS) of a centered Gaussian process with
covariance function C.
Inessence, the RKHS is made up of functions that have about the same smoothness
properties that C (s, 7) has, as a function in ¢ for fixed s, or vice versa. Start with

n
S = u:T—)R:u(-):ZaiC(s,-,o), a;real,s; e T, n>1¢.

i=1

Define an inner product on S by

wv)p =D aCsi.). Y _bjClty.) | =D aibjClsi.tj).  (3.1.1)

i=1 j=1 gy i=lj=l

The fact that C is nonnegative definite implies (u, u) g > Oforallu € S. Furthermore,
note that the inner product (3.1.1) has the following unusual property:

i=1 i=1

(M,C(t, ))H = (Zalc(slv)3 C(tv )) :Zalc(sl,t) ZM(I) (3]2)
H

This is the reproducing kernel property.

For the sake of exposition, assume that the covariance function, C, is positive
definite (rather than merely nonnegative definite), so that (u, u)g = 0 if and only if
u(r) = 0. In this case (3.1.1) defines a norm [lul g = (u, u) ) .

For {u,},>1 a sequence in S we have

[y (@) — um @) = [y — um, C@, NH| < llup —unllgICE, )la
< up —unllgC(t, 1),

the last line following directly from (3.1.1). Thus it follows that if {«,} is Cauchy in
|| - || then it is pointwise Cauchy. The closure of S under this norm is a space of
real-valued functions, denoted by H(C), and called the RKHS of f or of C, since
every u € H(C) satisfies (3.1.2) by the separability of H(C). (The separability of
H (C) follows from the separability of T and the assumption that C is continuous.)
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Since all this seems at first rather abstract, consider two concrete examples. Take
T ={1,...,n} finite, and f centered Gaussian with covariance matrix C = (¢;;),
cij = E{fi f;}. Let C~! = (c¢'/) denote the inverse of C, which exists by positive
definiteness. Then the RKHS of f is made up of all n-dimensional vectors u =
(u1, ..., uy,) with inner product

n n
u,v)g = ZZM,-C”UJ-.

i=1 j=1
To prove this, we need only check that the reproducing kernel property (3.1.2) holds.!
However, with 6 (i, j) the Kronecker delta function, and Cy denoting the kth row of C,

n

n n
w, Com =)y uicVcj =Y uis(i, k) = u,
i=1

i=1 j=1

as required.

For a slightly more interesting example, take f = W to be standard Brownian
motion on T = [0, 1], so that C(s, t) = min(s, ¢). Note that C(s, -) is differentiable
everywhere except at s, so that following the heuristics developed above we expect
that H(C) should be made up of a subset of functions that are differentiable almost
everywhere.

To both make this statement more precise and prove it, we start by looking at the
space S. Thus, let

u(t)y =Y aiClsi, 1),  v(t) =) biC(ti, 1),

i=1 i=1

be two elements of S, with inner product

non
(u,v)g = Zzaibj min(si,tj).

i=1 j=1I

Since the derivative of C (s, t) with respect to ¢ is ﬂ[O,x] (1), the derivative of u is
Y i1 ailj 5 (2). Therefore,

1
(u,v)g = ZZaibJ-/O 1[0,s,»](t)]1[0,;_,-](f) dt
1
2/0 (Zail[o,si](f)ijl[o,zj](t)) dt
1
=/ u(®)v () dt.
0

I'A simple proof by contradiction shows that there can never be two different inner products
on S with the reproducing kernel property.
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With S under control, we can now look for an appropriate candidate for the RKHS.
Define

t 1
H= {u:u(t):/ i(s)ds, / (i(s))* ds <oo}, (3.1.3)
0 0

equipped with the inner product

1
(u,v)Hzf u(s)v(s)ds. (3.1.4)
0

Since it is immediate that C(s, -) € H fort € [0, 1], and
1

wu,C(t, )y = /0 u(s)lip () ds = u(t),

it follows that the H defined by (3.1.3) is indeed our RKHS. This H is also known,
in the setting of diffusion processes, as a Cameron—Martin space.

With a couple of examples under our belt, we can now return to our main task:
setting up the expansion (3.0.1). The first step is finding a countable orthonormal
basis for the separable Hilbert space H(C). We start with H = span{f;, t € T},
with the (covariance) inner product that 7{ inherits as a subspace of L>(P). Next we
define a linear mapping ® : S — H by

n

OW) =0 (Zaicm, ~)) =Y aif(t).
i=1

i=1

Clearly, ®(u) is Gaussian for each u € S, and ® is norm-preserving. That is,
2
H@ (ZaiC(Ii, ')) HH = Zaic(tia tjaj = Hzaif(ti)
iJ

Consequently, ® extends to all of H(C) with range equal to all of H, with all limits
remaining Gaussian. This extension is called the canonical isomorphism between
these spaces.

Since H(C) is separable, we now also know that H is, and proceed to build an
orthonormal basis for it. If {¢,},>1 is an orthonormal basis for H(C), then setting
& = O(gn) gives {£,},>1 as an orthonormal basis for H. In particular, we must have
that the &, are N (0, 1) and

2
2

fr= &R{fita). (3.1.5)

n=1
where the series converges in L>(P). Since ® was an isometry, it follows from
(3.1.5) that
E{fién} = (C @, ), on)r = @n (D), (3.1.6)

the last equality coming from the reproducing kernel property of H(C). Putting
(3.1.6) together with (3.1.5) now establishes the following central result.
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Theorem 3.1.1. If {¢,}n>1 is an orthonormal basis for H(C), then f has the L?
representation

fi=) Enpult), G.1.7)
n=1

where {&,},>1 is the orthonormal sequence of centered Gaussian variables given by
&n = O(pn).

The equivalence in (3.1.7) is only in L?: i.e., the sum is, in general, convergent,
for each ¢, only in mean square. The following result shows that much more is true
if we know that f is a.s. continuous.

Theorem 3.1.2. If f is a.s. continuous, then the sum in (3.1.7) converges uniformly
on T with probability 1.2

We need two preliminary results before we can prove Theorem 3.1.2. The first is
a convergence result due to Itd and Nisio [83], which, since it is not really part of a
basic probability course,? we state in full, and the second an easy lemma.

Lemma 3.1.3. Let {Z,},>1 be a sequence of symmetric independent random vari-
ables, taking values in a separable, real Banach space B, equipped with the norm
topology. Let X, = Y _, Z;. Then X, converges with probability one if and only if
there exists a B-valued random variable X such that (X, x*) — (X, x*) in proba-
bility for every x* € B*, the topological dual of B.

Lemma 3.1.4. Let {¢, }n>1 be an orthonormal basis for H(C). Then, under our glo-
bal assumption of continuity of the covariance function, each ¢, is continuous and

> er (3.1.8)
n=1

converges uniformly int € T to C(t, ).

Proof. Note that

19a(s) = @ (D] = [(C (s, ), @u (N g = (CE, ), ou ()]
= [([C(s,) = C(t, )], eu () g
< lnllalCCs, ) = C, )llm
=C(s, ) = C@t, )lla
=C(s,5) —2C(s,t) + C(t,1)
=d’(s, 1),

2 There is also a converse to Theorem 3.1.2, that the a.s. uniform convergence of a sum
like (3.1.7) implies the continuity of f, and some of the earliest derivations (e.g., [68]) of
sufficient conditions for continuity actually used this approach. Entropy-based arguments,
however, turn out to give much easier proofs.

3 When the Banach space of the It6—Nisio theorem is the real line, this is a textbook result.
In that case, however, it goes under the name of Lévy’s theorem.
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where the first and last-but-one equalities use the reproducing kernel property and
the one inequality is Cauchy—Schwarz. The continuity of ¢, now follows from that
of C.

To establish the uniform convergence of (3.1.8), note that the orthonormal ex-
pansion and the reproducing kernel property imply

Ct,) =Y en(NCW ), 0 =) eaC)en(0), (3.1.9)

n=l1 n=1

convergence of the sum being in the || |z norm. Hence, fo; 1 (p,zl (t) converges to
C(t,t) forevery t € T. Furthermore, the convergence is monotone, and so it follows
that it is also uniform (= Dini’s theorem). O

Proof of Theorem 3.1.2. We know that for eacht € T, Z;’;l &0, (1) is a sum
of independent variables converging in L?(P). Thus, by Lemma 3.1.3, applied to
real-valued random variables, it converges with probability one to a limit, which we
denote by f;. The limit process is, by assumption, almost surely continuous.

Now consider both f and each function &,,¢,, as random variables in the Banach
space C(T'), with sup-norm topology. Elements of the dual C*(T') are therefore finite,
signed Borel measures i on 7', and (f, u) = f f du. Define

HO =Y &)=Y OW)ei().

i=1 i=1

By Lemma 3.1.3, it suffices to show that for every u € C*(T) the random
variables ( f;,, ) converge in probability to ( f, u). However,

< /T [ECf () — £ i@

E{I<fn,u«>—<f,u)|}=]E{

/T(fn(t) — f(O))p(dr)

SfTE{Ifn(t)—f(t)l} ()

1

o0

=f PORHOY BTACOY
T

j=n+1

where || (A) is the total variation measure for jt.

Since Zio:n 11 gajz-(t) — Ouniformlyint € T by Lemma 3.1.4, the last expression
above tends to zero as n — o0. Since this implies the convergence in probability of
(fu, 1) to {f, u), we are done. O

3.2 The Karhunen-Loeve Expansion

As we have already noted, applying the orthogonal expansion (3.1.7) in practice
relies on being able to find the orthonormal functions ¢,. When T is a compact
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subset of RY there is a special way in which to do this, leading to what is known as
the Karhunen—Logve expansion.

For simplicity, take T = [0, 1]V, Let Ay > Ay > ---, and ¥, Y2, ...,
be, respectively, the eigenvalues and normalized eigenfunctions of the operator
C : L2(T) — L*(T) defined by (Cy)(t) = [; C(s,t)¥(s)ds. That is, the A,
and 1, solve the integral equation

/ C(s, DY (s)ds = My (1), (3.2.1)
T

with the normalization

n=m,

L
/Twna)wm(r)dr:iQ .

These eigenfunctions lead to a natural expansion of C, known as Mercer’s theorem
(see [132, 181] for a proof).

Theorem 3.2.1 (Mercer). Let C, {Ay}n>1, and {,},>1 be as above. Then

C(s.1) = Z)»n%(swn(t), (3.2.2)

n=1
where the series converges absolutely and uniformly on [0, 11V x [0, 1TV.
The key to the Karhunen—Logve expansion is the following result.

Lemma 3.2.2. For f on |0, 11V as above, {/7, Yn}is a complete orthonormal system
in H(C).

Proof. Set ¢, = /A, ¥, and define

h: h(t)_Zancpn(t) refo, 1V Za <oo}

n=1

Give H the inner product

o0
(h.@)u =Y _ anbn,

n=1

where h = Y anp@, and g = Y byey.
To check that H has the reproducing kernel property, note that

(h(), C(t. )u = (Z ann (), Z\/xnwn(rwn(-))
n=1 n=1 H
=Y Vhnan (1) = h(0).
n=1

It remains to be checked that H is in fact a Hilbert space, and that {y/A, 1} is both
complete and orthonormal. But all this is standard, given Mercer’s theorem. O
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We can now start rewriting things to get the expansion we want. Remaining with
the basic notation of Mercer’s theorem, we have that the RKHS, H(C), consists of
all square-integrable functions / on [0, 1]V for which

00
D

n=1

2
< 00,

[ nowar
T
with inner product

(h.Q)u =Y n fT ()Y (0) dt fT gV (1) dt.
n=1

1
The Karhunen—Loéve expansion of f is obtained by setting ¢, = A7 ¥, in the
orthonormal expansion (3.1.7), so that

1
fi=) A& ), (3.2.3)

n=1

where the &, are i.i.d. N(O, 1).

As simple as this approach might seem, it is generally limited by the fact that
it is usually not easy to solve the integral equation (3.2.1) analytically. There is,
however, at least one classic, example for which this can be done, the Brownian sheet
of Section 1.4.3, which we recall has covariance function

E{W,W;} = (st At1) X --- X (SN AIN) (3.24)
onIN =0, 1]N.
For the moment, we set N = 1 and so have the standard Brownian motion

on [0, 1], for which we have already characterized the corresponding RKHS as the
Cameron—Martin space. For Brownian motion (3.2.1) becomes

1 ' 1
Mp(t)/ min(s, )Y (s)ds :/ sW(s)ds—}-t/ v(s)ds.
0 0 t

Differentiating both sides with respect to ¢ gives

1

(1) = / ¥ (s) ds,
t

M) ==y @),

together with the boundary conditions v (0) = 0 and ¥'(1) = 0.
The solutions of this pair of differential equations are given by

_ Vasin (Len+1 Ap = 2 i 325
Yn(t) = sin (5( n+ )7Tt>, n = (m) , (3.2.5)
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as is easily verified by substitution. Thus, the Karhunen—Log¢ve expansion of Brown-
ian motion on [0, 1] is given by

V2 & 2 (1
W, = ?;gn <2n — 1) sin <§(2n + 1)m> .

Returning now to the general Brownian sheet, it is now clear from the product
form (3.2.4) of the covariance function that rather than taking a single sum in the
Karhunen—Logve expansion, it is natural to work with an N-dimensional sum and a
multi-index n = (ny, ..., ny). With this in mind, it follows then from (3.2.5) that
the eigenfunctions and eigenvalues are given by

N
Y (t) = 2N/2 Hsin (% (2n; + l)mi> ,
i=1

N 2 2
I = ]_[ (—(2n,~ " 1)”> )

i=1

As an aside, there is also an elegant expansion of the Brownian sheet using the
Haar functions, which also works in the set-indexed setting, due to Ron Pyke [129].

Another class of examples that can almost be handled via the Karhunen-Logve
approach is that of stationary fields defined on all of (noncompact) RY. Since what
is about to come is rather imprecise, we shall allow ourselves the standard notational
luxury of the stationary theory of taking our field to be complex-valued, despite the
fact that all that we have done in this chapter was for real-valued processes. In this
case the covariance function is C(s, 1) = E{f; f;} = C(t — s) and is a function of
t — s only. Itis then easy to find eigenfunctions for (3.2.1) via complex exponentials.
Note that for any A € R, the function ¢!-*) (a function of t € R") satisfies

/ C(s,)e!M ds = / C(t — 5)e'™™ ds
RN RN
— ei(t,)») C(u)e—iﬂt,)») d’/l — K}\e[(t,)Q
RN 7
for some, possibly zero, K.

Suppose that K; # 0 for only a countable number of A € RY. Then the Mercer
expansion (3.2.2) can be written as

C(t) = Z K; et (3.2.6)
A

while the Karhunen-Loeve expansion becomes

f@0y =Y K gl (3.2.7)
A
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These are, respectively, special cases of the spectral distribution theorem (cf. (5.4.1))
and the spectral representation theorem (cf. (5.4.6)) of Chapter 5 when the spectral
measure is discrete.

Despite the minor irregularity of assuming that f is complex-valued, the above
argument is completely rigorous. On the other hand, what follows is not.

If K, # 0 on an uncountable set, then the situation becomes more delicate,
but is nevertheless worth looking at. In this case, one could imagine replacing the
summations in (3.2.6) and (3.2.7) by integrals, to obtain

C(1) = / Ky e'"M d
RN

and
f(6) = / K2 M . (3.2.8)
RN

Everything is well defined in the first of these integrals, but in the second we have
the problem that the &, should be independent for each A, and it is well known that
there is no measurable way to construct such a process.

Nevertheless, we shall see in Chapter 5 that there are ways to get around these
problems, and that when properly formulated, (3.2.8) actually makes sense.



4

Excursion Probabilities

As we have already mentioned more than once before, one of the oldest and most
important problems in the study of stochastic processes of any kind is to evaluate the
excursion probabilities
P{sup £() = ul.
teT

where f is a random process over some parameter set 7. As usual, we shall restrict
ourselves to the case in which f is centered and Gaussian and T is compact for the
canonical metric of (1.3.1).

While the Borell-TIS inequality, Theorem 2.1.1, gives an easy and universal
bound to Gaussian excursion probabilities, it is far from optimal. In fact, comput-
ing excursion probabilities for general Gaussian processes is a surprisingly difficult
problem. Even the simple case of 7 = [0, 1] is hard. In this one-dimensional case,
there is hope for obtaining an explicit expression for the excursion probability if f is
Markovian. For example, if f is Brownian motion, then, as any elementary textbook
on stochastic processes will tell you, the so-called reflection principle easily yields
that P{supg<,<; f(t) = u} = 2W(u), where W is the Gaussian tail probability (1.2.1).

However, if we turn to stationary processes on R, then there are only five non-
trivial! Gaussian processes for which the excursion probability has a known analytic
form, and the resulting formulas, while amenable to numerical computation, are not
generally very pretty.”

In each of these five examples the process is either Markovian or close to Marko-
vian, and this is what makes the computation feasible. Similarly, none of the processes
has even a mean square derivative, and so none are particularly smooth. In the case
of smooth processes, or processes over parameter spaces richer than the unit interval,
the very specific tools that work for these very special cases fail completely. What
one can do in the general case is the subject of this chapter and of Chapter 14.

! There is also one close-to-trivial but extremely enlightening case, with covariance function
cos(wt), for which elementary calculations give the excursion probability. We shall discuss
this in some detail in Section 14.4.4.

2 The five covariance functions are
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Our ultimate aim will be to develop, when possible and appropriate, expansions
of the form

n
IP’{ sup f (1) > u} = uaefuz/zg% Z Cjuij + error 4.0.1)
teT ;
j=0

for large u and appropriate parameters «, a%, n, and C; that depend on both f and
T. Furthermore, we would like to be able to identify the constants C; and also to be
able to say something about the error term.

In Chapter 14 we shall indeed establish such a result, with a full identification
of all constants. However, we shall have to make two major assumptions. One is
that the parameter space 7 is a piecewise smooth manifold, and the second is that
f is almost surely C2. The current chapter will make fewer assumptions, and will
concentrate on general approaches relying heavily on the concept of entropy from
Chapter 1. As a consequence, we shall generally be able to identify only the first term
in (4.0.1). Even then, while we shall be able to determine « and a%, only under rare
cases shall we also be able to identify Cy.

Furthermore, so as to keep the treatment down to a reasonable length, we shall
generally concentrate on upper bounds, rather than expansions, for Gaussian excur-
sion probabilities.

This chapter contains six sections. The first four have just been described. The
remaining two are both brief, and are meant as quick introductions to techniques that
can lead to sharper results under additional assumptions. They lie between the general
results of the first four sections and the very sharp results, for smooth Gaussian fields
on structured domains, of Chapter 14.

4.1 Entropy Bounds

As we saw in Section 2.1, an immediate consequence of the Borell-TIS inequality is
the fact that for all ¢ > 0 and large enough u,

Ct)=e,
cay= |1l st
o It > 1,
C(t) = 3 exp[—51e[1{1 — 3 exp[—2]¢1//31}.
e Lt U
Cit—1), —oo<t<o0,
cay = [T oIa=p. =1
—B/(1=B). 1<l <(1-B)/p.

where in the last case, 8 € (0, 1), and the computation of the excursion probability is known
only for f(0) conditioned to be 0. For details, see [145, 43] and the review [26].
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B{sup f; = u} = e 2, .1.1)

teT

where o% = supy E{ ftz} (cf. (2.1.4)). This is in the classic form of a large-deviation
result, and holds with no assumptions beyond the almost sure boundedness of f.
Our aim is to improve on (4.1.1) by placing side conditions on the entropy (cf.
Definition 1.3.2) of f over T. Here is a very easy, and definitely suboptimal, result.

Theorem 4.1.1. Let [ be a centered, a.s. continuous Gaussian field over T with
entropy function N. If N(¢) < Ke™%, then for all sufficiently large u,

P { sup f(t) > u} < CqudtNe=u/207 (4.1.2)

teT
for every n > 0, where C,, = C(K, «, o%) is a finite constant.

Proof. Take ¢ > 0 and define

u(t, e) = IE{ sup J%}

SEBy(t,e)

and

u(e) = sup u(t, ), 4.1.3)
teT

where B, (t, €) is a ball of radius & around ¢ in the canonical metric d of (1.3.1). Since
N (¢e) balls of radius ¢ cover T, it is an immediate consequence of the Borell-TIS
inequality that for u > u(e),

P {sup @) > u} < N(g)e 2 —n@)*/of (4.1.4)
teT

Allowing C = C(x) to denote a constant, dependent only on « and that may
change from line to line, we have from Theorem 1.3.3 that

u(t, &) < C/S(log N(e)? ds < C/S(log(l/a))% de < Ceylog(1/e). (4.1.5)
0 0

Sete = e(u) = u~', choose u large enough so that u > Cu~',/log u, and substitute
into (4.1.4) to obtain

2
P {sup () > u} < Oyt 3 (wmCou Jiogu ) o (4.1.6)

teT
< C3uaeC44/log ue—u2/2o%.

Since for n > 0 and u large enough ¢“v!°8% < 4" this gives us (4.1.2) and so
completes the proof. O
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The bound in (4.1.2) can be improved slightly, to C (u log u)"‘e_“z/ 2"%, by choos-
ing & = £(u) in the above proof to satisfy u~! = e(log(1/¢))!/?. The gain, however,
is rather small, in view of the fact that far stronger results hold. In particular, in a
series of papers [135, 136, 150, 137, 153] by Samorodnitsky and Talagrand, with a
leapfrogging of ideas and techniques,’ the results of the following three theorems,
among others, were obtained. In each, f is a priori assumed to have continuous

. . A
sample paths with probability one, a% = supy E{ ftz}, and at each appearance, K
represents a universal constant that may differ between appearances.

Theorem 4.1.2. If for some A > o7, some a > 0, and some gy € [0, o] we have
N(T,d,s) < (A/e)* 4.1.7)

forall ¢ < g, then for u > 0%[(1 + Ja)/eo] we also have

P{su f> }< K Au a\p(i> 4.1.8)
er =1 =\ Vaoz or ) -

where K is a universal constant.*

Theorem 4.1.3. Set

Ty=|reT B = 0f - 8], (4.1.9)

Suppose there exist @ > B > 1 such that for all § > 0, ¢ € (0, 8(1 + \/a)//B), we
have

N(Ts,d,e) < AsPe™. (4.1.10)
Then for u > 207+/B,
-
ABP/2 *
P{supfz > u} < AP gt <i> w <l> . @.1.11)
a®/2 2 o
teT O'T T

Theorem 4.1.4. Suppose there exist A, B > 0 and o € (0, 2) such that
N(T,e) < Aexp(Be™?).

3 While the Samorodnitsky and Talagrand papers are what led to the final form presented
here, the key arguments are much older, and two of the key players were Simeon Berman
(e.g., [20, 21, 22, 23]) and Michel Weber (e.g., [167]).

4 Note that at first sight, the right-hand side of (4.1.8) seems to scale incorrectly, since in
the power term we would expect to see u/o7 rather than u/ 0%. This is an artifact of the
condition A > o7, which implies that increasing o7 requires increasing A as well, thus
ensuring correct scaling. The same phenomenon appears in (4.1.11), albeit a little more
subtly.
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Then, for allu > 0,

P {sup fi > u} < Kjexp (Kzuzo‘/(2+°‘)) Y (i) ,

teT or
where K1 and K» are universal.

In a moment we shall turn to proofs of the first two of these results,> adopting
(and occasionally correcting typos and oversights in) the proofs in [153]. Note that
(4.1.10) raises an interesting question whether we (formally) take « = S. In that
case the upper bound is of the form C(«, )W (#/oT), and this also serves as a trivial
lower bound when C = 1. Thus it is natural to ask if there are scenarios in which
one can in fact also take C = 1 in the upper bound. It turns out that there are, and we
shall look at these in Section 4.2.

Theorems 4.1.2 and 4.1.3 treat entropy functions for which the growth of N in
¢ is of a power form, which, at least for processes indexed by points in Euclidean
spaces or smooth manifolds, are the most common. Theorem 4.1.4, which we shall
not prove, handles the scenario of exponential entropy and is a qualitatively different
result. Note that you cannot set « = 0 in this result to recover either Theorem 4.1.2
or 4.1.3. The upper bound given here is, under mild side conditions, also a lower
bound.

Before reading further, you might want to turn now to Section 4.3 to see some
concrete examples for which the above results apply. Here, however, we shall give
the proofs of Theorems 4.1.2 and 4.1.3. The central idea is old, and goes back at
least to the works of Berman [18, 19] and Pickands [123, 124, 125] in the mid to late
1960s, which themselves have roots in Cramér’s classic paper [41].

The basic approach lies in looking for a subset Try,x C T (very often a unique
point in 7)) where the maximal variance is achieved, and then studying two things:
the “size” of Tnax (e.g., as measured in terms of metric entropy) and how rapidly
E{ f,z} decays as one moves out of Trax. The underlying idea is that the supremum
of the process is most likely to occur in or near the region of maximal variance, and
the rate of decay of E{ ftz} outside that region determines how best to account for the
impact of nearby regions.

A key lemma, on which all the proofs we shall give rely, is the following result
of [153]. Recall throughout the assumption of Chapter 1 that the parameter space T
is compact for the pseudometric d, which we shall assume is still in place.

Lemma 4.1.5. Let f be a centered, a.s. continuous Gaussian process on T and X a
centered Gaussian variable such that the family {X, f;,t € T} is jointly Gaussian.
Assume that

E{(fi = X)X} <0 (4.1.12)

SA proof of a lower bound for (4.1.11) can be found in [136]. You can also find quite general
arguments, for both upper and lower bounds and for non-Gaussian as well as Gaussian
stationary processes, in a number of papers by Albin (e.g., [9]). We shall see more in the
way of lower bounds for specific cases soon.
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forallt € T. Set

p=E{swpnl 2 =E(X), @ =supB((f - X)),
teT teT

Then, ifa <o andu > L,

N2
IP’[ sup fi = u} < %exp (—M)

teT 2a?

4 =’ N g (Y a3
+«/7a2+azexp(_2(ﬂlz+02)>+ ( o > D

If, in addition, u > max(2u, i + o), then

u au a’u? 2up
IP’{ sup f; > u} < \IJ<—> 1+ K—exp|—=)|exp| — ), (4.1.14)
teT o o2 204 o2

where K is a universal constant.

In a typical application of Lemma 4.1.5, X is usually the value of f at a point
to € T of maximal variance. In that case (4.1.12) trivially holds, and a < o will also
hold if T is sufficiently small.

Proof. While the proof is rather technical, the idea behind it is actually quite simple.
It starts by defining the function a; by

E - X)X
o= BUZ0X
o
and the random process g; by
fi=g+A+a)X.

Note that E{g; X} = 0. That is, X and the full process g are independent.

The argument then works as follows. There are essentially three ways for supz f;
to be larger than u. One is for supy g; to be large. One is for each of X and supr g;
to be large enough for the sum to be large, and the last is for X to be large. The
three terms in (4.1.13) correspond, in order, to these three cases, and each is obtained
by conditioning on the distribution of X and then using the Borell-TIS inequality to
handle supy g;. That there is only one term in (4.1.14) comes from the fact that here u
is even larger, and then the last term actually dominates all others. The reason for this
is that from the assumption a; < 0 and a < o it follows that E{Xz} > supr E{gtz},
and so it is “easier” for X to reach larger values than it is for g. Now read on.

It is trivial to check that forall s, € T,

Efe - 0?) <E{(i - 122},

so that by the Sudakov—-Fernique inequality (Theorem 2.2.3),
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E{supg,} §E{supft} = U. 4.1.15)

teT teT

Preparing for the conditioning argument, write

P{supf,zu‘X:x}=IP’{sup(f,—X)zu—x‘X=x}

teT teT

=IF’{ sup(gr +a;X) > u —x‘X =x}.

teT

For x > 0, using the fact that a; < 0, we have

sup (gr + a;x) < sup g,
teT teT

from which it trivially follows that for x > 0,

]P’{ sup f; > u‘X :x} < ]P’{ supg; > u —x‘X :x}.
teT teT

However, since X and the process g are independent, we can drop the last condition-
ing, and since

Elet} <2l +ax?} =El(i -0} <

it follows from (4.1.15) and the Borell-TIS inequality (Theorem 2.1.1) that for 0 <
X <u-— M,

)2
u) . (4.1.16)

P{supf,zAX:x}gexp(— 22
a

teT

We get a slightly different bound for x < 0. Note that since

_ B -XX) _a _
- Bl - 0OXN _a

|a|

=<

SHES

b

o

we have

sup(gr +a;x) < |x| +supg = —x + sup g;.

teT teT teT

Thus, again applying the Borell-TIS inequality, we have

]P){ Sup(gt +atX) >u —X‘X :X} < ]P’{ sup gr > u}
teT teT

_ 2
< exp <_—(” ) ) (4.1.17)

2a?

which is independent of x. We now have all we need to establish (4.1.13). Write, for
u Z l'l/3
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oo efxz/Za2
IP’{supf zu}:/ ]P’{supf zu‘X:x}—dx
teT ' —o00  ‘reT ' V2o
0 U—p 00
:/ +/ +/
—00 0 u—p
A
=hL+DL+ 1

The term I3 is trivially bounded by the last term in (4.1.13). For I;, bound the
integrand by (4.1.17) and integrate out x to obtain the first term on the right-hand side
of (4.1.13). For the intermediate term, apply (4.1.16) and note, with s = u — u, that

I < 1 /‘ © (s — x)2 x2 d
exp| ——=——— =5 dx
2= oo )P 2 202
a 52
=———exp|——— ).
Va? + o2 2(02 +a?)
evaluating the integral by completing the square. Thus the first part of the lemma,

(4.1.13), is established.
It remains to prove (4.1.14). We start by observing that

o (_(u—u)2> e <_ (u — p)? >ex (_ (u — p)*o? )
P\T2a2 ) TP\ 2@ +00)) P\ 22+ 0 )

Sinceo >aandu > u+o,

. =\ _ o2\ _a
xp | ————— xp | —— —.
P 2a%@? +0%) ) — P\T42) =5

Thus the sum of the first two terms on the right-hand side of (4.1.13) is bounded
above by

2a ( — p)?

—exp| ————5- |-

o P 2(a? 4 02)

1 1 a?
- — -,
a?+02 " 02 ot

Since

the previous expression is at most

) 2 2.2
g (U= )

o 202 204

- 2au(u — 1) u?a? (u— p)?

———exp| — Jexp| ———— ],

- o3 P{20% P 202

on applying the various inequalities between a, o, u and . Apply the basic Gaussian
tail bound (1.2.2) to bound the above by
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Kua v u—u ula?
ex ,
o? o P\ 254
for a universal K. To complete the argument note that for x > 1, y > 0,

W(x —y) < eVW(x).

(This is easily proven from the fact that f(y) 2 ePYW(x) — W(x — y) satisfies
f(0) = 0 and has positive derivative, since

1
() =2xe™W(x) — ?e%xwﬂ/z S0,

again applying the Gaussian tail bound (1.2.2).) O

While Lemma 4.1.5 will be the main tool for the proofs of Theorems 4.1.2
and 4.1.3, we first need a counting result about partitioning our (pseudo)metric
space (T, d).

Lemma 4.1.6. Let (T, d) be a metric space and take p, q integers, p < q. Let Py
be a partition of T of sets of diameter no more than 4=911. Take a set of integers k;,
p <1 < q. Then there exists an increasing sequence {P;},<i<q of partitions of T
with the following properties:

P11 is a refinement of P;. i.e., For each A € Pjy1 there is an (4.1.18)
A" € Py suchthat A C A'.
For each set A € P, diam(A) < 4=+, 4.1.19)
Each set of 'P; contains at most k; sets of Pj+1. (4.1.20)
P
P < Na + ] ]’:", foralll < q, “.121)
]

where N (g) is the metric entropy function for (T, d) and |P;| is the number of sets
in Py.
Proof. We shall construct the partitions Py by decreasing induction over /; i.e., we
show how to construct P once Py is given.
Set N = N(4~!) and consider points {#;}1<j<ny of T such that

supinf d(t,1;) < 47",

teT !
Fori < N let A; be the union of all the sets in 731 100 that intersect By (;, 4=, Thus,
since the sets in Py o, have diameter no larger than 47!, A; has diameter at most

2.4—l +2_4—1 =4—l+l.

Now define C; = A; \ |J;_; A;. These form a partition of 7 that is coarser than
P 100~ Some of these sets might contain more that ; sets of Py, . In such a case,
these sets can be repartitioned into smaller sets, all but at most one of which is the
union of exactly k; of the sets in 771+OO. The exception will contain fewer than k; of
the sets in PIJroo. This constructs 771 and (4.1.21) is immediate. O
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Corollary 4.1.7. Suppose thatin Lemma 4.1.6 we have, for some A, « > 0, N (4_1) <
(A4HY if I > p and [Pyl < (A49)*. Then, if ki > 2 - 4% for all I, we have
|Pi| < 2(A4")*

Proof. Using the construction given in the proof of the lemma, and by decreasing
induction over /,

2 A4l+1 o

[Pyl < (A4)* +
Proof of Theorem 4.1.2. The argument is by partitioning, much as for the proof of
Theorem 4.1.1. The improvement in the result relies on being more careful as to
how the partitioning is carried out, and from a judicious application of Lemma 4.1.5,
which we did not previously have.

Start by choosinga < or and p > 0. Then choose a partition {7;};<x of T into N
compact sets, each of diameter no more than a and for each of which E{supy, f;} < u.
Then, for u > max(2u, u + or), it follows from (4.1.14) (by taking X to be f taken
at a point of maximal variance in each 7;) that

au a’u? 2up u
IP’{ sup f; > u} <N|[1+ K—2 exp 7 exp | —- vl—1), 4122
teT oF 20y of or

where K is a universal constant. The free variables here are ¢ and a, and the problem
isthat N — oo as a, u — 0. The trick therefore is to find a sequence of partitions
for which N does not grow too fast.

As usual, our first step is to assume that 7 is finite and once again apply the
argument at the end of the proof of the Borell-TIS inequality for moving from finite
to infinite T.° Thus we can, and do, assume that T is finite, and can now start the
serious part of the proof.

Since T is finite, we can consider it as a partition of itself, and find a g large
enough so that d(s,t) > 479! for all s, € T. Applying Corollary 4.1.7 with
ki = 12-4% 4+ 1 < 3-4% and for each [ < ¢, with 4! < g9, we find a further
partition of T into N < 2(A4") sets {Ti}i<n such that form > [,

N(th d, 47m+1) S (3 . 40[))1171

for all i < N. The last inequality follows from repeated applications of (4.1.20).
Using this bound in Theorem 1.3.3, it is a simple calculation to see that

IE{ sup ﬁ} < K Jad™, (4.1.23)

teT;

for some universal K.

6 The one issue that is slightly more involved this time is whether a bound on the entropy
function for the original parameter space 7 translates to an equivalent bound for the process
defined on a finite subset of 7. This, however, is easy to check.
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Now take for / the smallest integer such that 4= < ﬁa% /4Ku, with the K of
(4.1.23). Assuming, for no loss of generality, that K > 1, we have 41 < €0, provided
that u > /ao?/eo. Since 47! > /ao?/16Ku we have N < (16K Au/ /a0?).
We also have, in the notation of Theorem 4.1.2, that

2 2
oo oo
S g o YT
4u u

Now observe that since u > /aor, we have u < \/aor < u/4 and a < oy, so that
the result now follows from (4.1.22), as promised. O

Proof of Theorem 4.1.3. As before, the proof uses a partitioning argument. This
time, however, we start by partioning the space into regions depending on the size
of [E{ ftz}. In each of these regions we apply Theorem 4.1.2 to bound the supremum,
so that the hard part of the bounding has already been done. The rest of the proof is
really just accounting, to make sure that the various pieces add up appropriately.

To start, fix u > 207+/B. Set &g = 0, §; = ﬂa%/u and, for k > 1, set
8 = 28718, Fork > 1set Uy = Ty, \ Ts,_,. Seteg = 81(1 + /a)/+/B, and
note that

o3 (1+va) _ o3V _

€0 )

Thus, setting akz = a% — 8,%_1, and applying Theorem 4.1.2 to Uy, we obtain

o
K
Pl sup = uf < asf (= \y(i>
teUy ﬁak O

Let ko be the largest integer such that 6x,—1 < o7 /2. Since u > 2/Bor, we have
that ko > 2 and 8,1 > o7 /4. For k < ko, we have 07 > 302 /4, so that

o
Ku o u?
B T
P1 su >ut <AS, | ——= — )exp{l ———7+—] .
{;e[})kft_ }_ k (ﬁa%) <u) p( 2(0%—8,%_1))

Since we also have that

we see that

P{ sup , asf (K ) D)y ( > )
sup f; = M} < exp| — .
teUy ' k «/aa% 20’# or

Note that
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242 242
B us8;_, 8 8 usdi;_,
E 6, exp|— =487 + E 6, exp | —
k p( ZU‘T1 ) ! k p( 204

k>1 k>2 T

<o | 14> 2Pkexp(—p2%)
k>2

< (K8))P,

the last line requiring 8 > 1. Consequently, if we set 7/ = J, <k, Uk, we have,
recalling the value of §1, that

a—p
B2
IP{ sup f; > u} < A%Kﬁ”‘ (iz) v (i> . (4.1.24)

teT’
For ¢t ¢ T' we have

E {f,z} <0} — 8%, <o} —02/16 = 1507/16.

Thus, if we now apply the entropy bound (4.1.10), we see that for u > o7./B we
have

o
g Ku < 4u )
Pl sup fizul<dAop|—) ¥v(—=]. (4.1.25)
{teT\pT’ft ] T(J&;%) orv/15

To conclude, it suffices to check that for x > /B we have W(4x/+/15) <
(KB)P2x=BW(x), so that the left-hand side of (4.1.25) is dominated by the left-
hand side of (4.1.11). ]

4.2 Processes with a Unique Point of Maximal Variance

We shall now look at a rather interesting special case. We know already from the
discussion following Theorem 4.1.3 that there would seem to be cases in which the
trivial lower bound

P{supf(t) > u} >supP{f(t) >u}=w <i>
teT o

teT T

comes close (up to a constant) to serving as an upper bound as well.

A class of examples in which this holds with the constant 1 arises when there is a
unique point o € T at which the maximal variance is achieved and some additional
side conditions are assumed. In that case, we have the following elegant result of
Talagrand [151].
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Theorem 4.2.1. Suppose f is a centered, bounded Gaussian process on T, and that
there is a unique point ty € T such that

E{f,§]=a%=sup]E{f,2}. @.2.1)
T
For § > 0, set
Ty=|reT:E{fify) zof - 82}
Suppose that
E {su

fim E08Pen, i} o 4.22)

§—0 1)
Then

P {sup,er f(1) > u}
im
Uu—00 W(u/or)

= 1. 4.2.3)

There is actually a converse to this result, which states that (4.2.3) implies the
existence of a #p € T for which (4.2.1) and (4.2.2) hold. You can find a proof of the
converse in [151].

Proof. Since it is a triviality that
P{supﬁ zu] >P{fy, = u} =\y<i>,
teT orT

the theorem will be proven once we establish (4.2.3) with a limsup rather than lim.
To start, take n € (0, 1) and, by (4.2.2), §p small enough so that

5 <280 = E{ sup ﬁ} <. (4.2.4)

teTs

‘We can and do assume that §g < o7 nz. Note also that

sup E{ftz} < 0%,
I¢T,30

since otherwise there would be a ¢ ¢ Tj, (so that ¢ # t) for which E { f,2} = a%,
which contradicts the assumption of there being a unique point of maximal variance.
It therefore follows immediately from the Borell-TIS inequality that

_ P{ Suprer\1y, fr = M}
lim

=0, 4.2.5
w00 W (u/or) *2)

and so to complete the proof it will suffice to show that for some universal K, and
for u large enough,
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IP’{ sup f, > u} <y (i) 1+ Kn). (4.2.6)
or

ZET(;O

Fix 4 and set @ = 0% /nu. Adopting and adapting the main idea in the proof of
Theorem 4.1.3, define a nondecreasing sequence of subsets of 7', and a sequence of
“annuli,” by setting V_; = J and, for k > 0,

Vie = Tokg» U = Vi \ Vi—1.

If p is the smallest integer for which 27« > &g, then

T, ¢ | U
O<k=p

and we shall now try to obtain the bound in (4.2.6) by obtaining a similar bound for
each Uy and then combining them via a union bound.

Setting pux = E {sup,y, f;}. (4.2.4) implies that 11 < an?2

for k < p. Setting
21\ 1/2
oc=sup (E{(fi = fu)’])
teVi
we have

wp = sup KE{| fi — fo|} < KE :su‘y |fi — f,0|} < K < Kan’2*, 4.2.7)
revy

teVy

the first line being a standard Gaussian identity and the second inequality coming
from the fact that ¢y € V.
By (4.1.14) with X = f;, we therefore have

tely

P { sup f; > u} <w <i> (1 + KneKT/2e21 < @ (i> 1+ Kn).
or or

We use a similar argument for the remaining Uy. Take the random variable X of
Lemma 4.1.5 to be Xy = (1 — (a2k’1)2/a%)f,0. It is then easy to check that the
definition of T implies that (4.1.12) holds. Furthermore, since k < p and §y < o1 nz,

1/2 2](—1 2
(]E {(Xk - fto)2}> "= ) < g1 < n’a2t.
or or

It follows from (4.2.7) and the triangle inequality that if we set

at = s E | (/i - X0}

teV

then a; < Kn2a2k. Thus, by (4.1.14) and the fact that < 1 we have
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u 2~2k k
P{ sup f; > u} <y 1+K7’]2keK'7 2% K2
evy wa—m%ﬂWﬁ)( )

u

K22k
§w<wa—m%*ﬂmﬁ>e '

Using the fact that for x < 1 we know that (1 — )c)_1 > 1+ x, we have

u _ou (a2k_1)2u
or(1 — (@2k-12/g2) ~ or 203

Also, since a simple change of variables shows that
Yx +y) <e W (x),

for y > 0, it follows, on recalling the definition of «, that

)\ “ <\Il<i>ex _—(azk—l)ZMZ
or(1— (@2k-1H2/02) ) ~ or ) P o

() (5)
<WV|—)expl—— ).
or 4n
Putting all this together, we thus have

3 e = (5) oo (2 (5 ),

1<k<p 1<k<p

89

Since the last sum can be made arbitrarily small by taking n small enough, we have

established (4.2.6) and so the theorem.

4.3 Examples

]

Theorem 4.2.1 provided us with conditions under which Gaussian processes have
supremum distribution, at least in the tail, which behaves the same as that of a single

Gaussian variable. Here is a class of examples for which this happens.

Example 4.3.1. Let f; be a centered Gaussian random field on RN, with f(0) = 0
and with stationary and isotropic increments, in the sense that the distribution of

f@&+s)— f(s) depends only on |t|. Suppose that
PO 2R s - 7} =E{ ]

is convex, and that
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i pA@)
1m
t—0 |t

= 0. 43.1)

With some abuse of notation, let T = [0, T'] be an N-dimensional rectangle. Then

P {sup,cr fi > u}

im =1, 4.3.2)
u—co W(ujor)

where 0% = sup,.7 E {fz(t)} =E {fz(T)}.

Without doubt the best known class of random fields statisfying the conditions
of the example are the so-called fractional Brownian motions or fields, which have
covariance function

1
Cls. 1y = 5 (1 + 112 = 1t = s>).

While these processes have isotropic increments for all @ € (0, 1), it is only when
o > % that p2 is convex. More information on these processes can be found, for
example, in [138].

Proof. The proof requires no more than checking that conditions (4.2.1) and (4.2.2)
of Theorem 4.2.1 hold. Since f has stationary increments, (4.2.1) is clearly satisfied
by taking fo = 7. Thus we need only show that (4.2.2) holds, namely,

Efswne, £)
§—0 1)

=0.

However, since pz(t) is convex, it has a left derivative at each point, and so it is easy
to check (draw a picture) that for € Ts we have |T —¢| < K 82 for some finite K.
Thus, since f has isotropic increments, it suffices to show that

. E{Sup0§t§82 |ft|}
lim
5—0 1)

=0.

But this follows immediately from an entropy bound such as Theorem 1.3.3 along
with the inequality (1.4.6) and condition (4.3.1). O

We now look at two applications of Theorem 4.1.3. The first, which treats a
nonstationary process on IV = [0, 1]V, is designed to show how sample roughness
and nonstationarity interact to determine excursion probabilties. Setting 8 = oo
gives a result for stationary processes, and setting « = 2 gives a result for (relatively)
smooth processes of a form that we shall study in far more detail in Chapter 14.

The second example shows how to use the general theory to handle a Brownian
sheet problem.

Example 4.3.2. Let f be a centered, unit-variance, stationary Gaussian process on
IN with covariance function C satisfying
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1—-C@) <alt|*, 4.3.3)

when |t| <y, for some a,y > 0and o € [0, 2]. Let o(t) be positive, continuous,
and nondecreasing (under the usual partial order) on I such that

lo (1) — o (s)| < bt — s/ (4.3.4)
foralls,t €1 N and some b, B > 0, and define a new, nonstationary, process h by
)=o) f(t), telIV. (4.3.5)

Finally, let o, without a parameter, denote o(l,...,1). Then there exists a
(computable) finite C = C(N,a, a, b, B, 0) > 0 such that for sufficiently large u,

IP’{ sup h(r) > u

teIN

_2,2N
| = {Cu TR (L), 0<a<28 a0

Cv (%), 0<28=<a.

Proof. Note firstly that if o is strictly increasing, then / has a unique point of max-
imum variance, at fp = (1, ..., 1). Nevertheless, even in this case, the assumptions
we have made are not strong enough to imply that (4.2.2) holds, so that Theorem 4.2.1
(which is designed for examples in which there is a unique point of maximal variance)

need not apply. Consequently, we apply Theorem 4.1.3, so that the proof relies on
finding a good bound for the entropy N (75, d, €) of the set

Ty = {r e IV E(h?) = 02(t) = 0% — 32}.

It is an easy calculation from (4.3.4) that Ts can be covered by a cube of side length
no more than C8%#p=1/8 where C = C(N)isa dimension-dependent constant.
Furthermore, in view of the definition (4.3.5) of h,

E {(h, — hs)z} = (01 — 0,)2 + 20105 (1 — C(t — 5)) 4.3.7)
< bt —s*P + 20%alr — s|%,
the inequality holding for all |t — s| < y, by (4.3.5).
Moving to the canonical metric on IV in order to calculate entropies, it follows
that if 0 < o < 28, then (4.3.7) implies
d(s,t) < C|t — s|*/?.
Combining this with the comments above on the size of Ts, we have that

N(Ts,d,e) < Ce2Nlag?/B,

The first case in (4.3.6) now follows from Theorem 4.1.3. The second is similar and
left to you. O
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Our last example deals with the pinned Brownian sheet over N-dimensional rect-
angles. Recall from Section 1.4.3 that the Brownian sheet is a Gaussian noise defined
on the Borel subsets of R" . The set-indexed, pinned Brownian sheet, based on a prob-
ability measure v on the Borel sets of 1 N is the set-indexed, zero-mean Gaussian
process B with covariance function

E{B(A)B(A)} =v(ANA") —v(A)v(A). (4.3.8)

The point-indexed, pinned Brownian sheet is obtained by looking only at rectangles
of the form [0, 7] for some # € IV, in which case we can index it simply by . Both
the set and point-indexed pinned sheets play a crucial role in the theory of empirical
processes.

Example 4.3.3. Let B be the set-indexed, pinned Brownian sheet based on a proba-
bility measure v and defined over the collection Ay of N-dimensional rectangles in
IN. Assume that v have a bounded density that is everywhere positive.” Then there
exists a finite C = C(v) > 0 such that for large enough u,

IP’{ sup B(A) > u} < CuPeN-D 22 (4.3.9)
Ae Ay

For the point-indexed pinned sheet,®

7 The condition on v can be relaxed to demanding that v has a strictly positive density on
1

some interval [s — e, + €] (s, t, € € IN) for which v([s, 1) > 5. Indeed, the conditions
can be relaxed even further to those used by [5] in obtaining corresponding bounds for the
point-indexed sheet. See Samorodnitsky [136, 137] for details.

8 Using the “double-sum” techniques of Section 4.5 below, one can do considerably better
than (4.3.10). In a series of works [78, 62, 63, 161] various versions of this technique were
used to show that

N—1
IP’{ sup B(t) > u} = %uzw_l)e_zuz,
relN (N —-D!

where a(u) < b(u) < limy— o a(u)/b(u) is well defined. (Note: the factor (N — 1)!
is missing in [62, 63].)

In the one-dimensional case there is no loss of generality in taking v to be uniform measure
on [0, 1], in which case B is the Brownian bridge. We can then do better than (4.3.10). In
particular, any standard graduate probability textbook will prove—via an iterative use of
the classic reflection principle—that

o)
Pl sup 1B)| > uf =23 (-f e,
t€[0,1] e

the first term of which, of course, we have in (4.3.10), albeit without a precise constant.
Note that the factor of 2 here comes from the fact that we have looked at the supremum of
the absolute value of B. The fact that it is precisely 2 comes from the “well-known’” fact
that high maxima and low minima of Gaussian processes are asymptotically indpendent
(e.g., [97]).
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]P{ sup B(t) > u} < CuPN=D =22, (4.3.10)
telN

Proof. The first point to note is that since v is a probability measure, it follows from
(4.3.8) that

sup ]E{B(A)Z} = sup E{B(I)Z} = 1
AeAy telN 4
Assuming all its conditions hold, Theorem 4.1.3 therefore immediately gives the
exponent of the exponentials in (4.3.9) and (4.3.10). The remainder of the proof
involves an unentertaining amount of straightforward algebra, so we shall be content
with only an outline. In particular, we shall discuss only (4.3.9). The point-indexed
result (4.3.10) is easier.

As in the proof of Example 4.3.2 we need to find a bound for the entropy of
N(Ts,d, €), where T is now given by

1
T5={AeAN:E[BZ(A)}zZ—52}
={AGAN:U(A)—U2(A)2;L—8 }

If v is Lebesgue measure, which we now assume to keep the notation manageable,
this simplifies to

1 1
Ts = {AEAN:E(I—(S)SV(A)E§(l+8)}. 43.11)

To approximate the sets in T3 in terms of the canonical metric, take N-dimensional
rectangles whose endpoints sit on the points of the lattice

LY = {ze [0, 11V : 1; = nie?, n; e (0,1,...,[5*2]), i=1,...,N].
We can choose each of the first N — 1 coordinates n; in at most g2 ways, and the
last (in view of (4.3.11)) in at most Cnde2 ways, so that
N (Ts,d, &) < Che V5.

Substituting this into (4.1.10) and (4.1.11) is all we need in order to establish (4.3.9)
and so complete the argument.

If v is not Lebesgue measure, but has an everywhere positive bounded density,
the same argument works with a few more constants. O

4.4 Extensions

There is almost no limit to the number of extensions and variations that exist of the
results of the preceding two sections. Obviously, the more one is prepared to assume,
the more one can obtain.
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For example, in the notation of Theorem 4.2.1, set

L) = E{ sup(f; ~ELfi fu) f)}-

teTy
It is not hard to see that condition (4.2.2) of Theorem 4.2.1 is equivalent to

. L)
lim — =
h—0 h

0.

Dobric, Marcus, and Weber [48] have shown that if we assume a little more about
L(h) we can improve Theorem 4.2.1 as follows.

Theorem 4.4.1. Suppose there exists a unique to € T such that E { f,%} =1=

supy E {ftz} and two functions w1, wy, concave for h € [0, i_z]for some h > 0 with
w; (0) = 0. Define

i (h
hi(u):sup{h:wh(z) :u}, i=1,2.

If
wi(h) < L(h) < wa(h)
and

sup B ([ f; = fuB(fif)]'} < @ = eh?

teTy

for h € [0, hl for some ¢ > 0, then there exist constants C1 and Co such that for all
u large enough,

o) < PIUPT fi Zuh - couan o)
T

If, for example,

’

. L(h)
lim sup >
h—0 1(h)

then for all ¢ > 0,

s P{sup,er f(1) > u}
e’ W) exp(ky (1 — e)uwy (h1 () —

You can find a proof of this result in [48]. It differs in detail, but not in kind, from
what we have seen here.

There are also asymptotic bounds of a somewhat different nature due to Lifshits
[104], who, in a quite general setting, has shown that
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u> P —du'-r u—d
P{supft>u}x(2—p)l/2‘{lp (—2 \Il< )

teT pUT or
Q-—pu* dp—Du d*

X €eXx — — — 1,
P 2p0% po% 20%

forall 1 < p < 2, where W,(x) = E{exp(xsup,cr f;”) and d a constant (not
easily) determined by f. Of course, this result is somewhat circular, since one
needs the Laplace transform of sup,.y f;” before being able to compute anything.
Nevertheless, the above inequality leads to some nice theoretical results about £7-
valued Gaussian processes.

We close this section with a much less general case than we have hitherto con-
sidered. Suppose that f is a stationary, zero-mean Gaussian field on R" and has a
covariance function that near the origin can be written as

C(t) =1—1tAf' + o(t]), (4.4.1)

where A = {A;}1<;, j<n is the matrix of second-order spectral moments (cf. (5.5.2)).
In this case, one can show that

lim P {supego, v fi > u} _ (det A)!/?
u—00 uN\IJ(u) (27T)N/2 :

4.4.2)

Why this result should be true is something we shall soon investigate in detail and
over parameter spaces far more general than cubes in Part III of the book. Indeed,
we shall obtain far more precise results, of the ilk of (4.0.1).

4.5 The Double-Sum Method

Since we have mentioned it already a number of times, it is only reasonable that we at
least also briefly describe the so-called double-sum method for computing asymptotic
exceedance probabilities.

The description will be very brief, since the topic is treated in detail in both [97]
and [126]. In particular, Piterbarg’s monograph [126] has an excellent and remarkably
readable treatment of this rather technical material in the setting of random fields.

In essence, the technique is not qualitatively different from what we have been
doing throughout this chapter. The differences lie only in the details and in the
concentration on lower, as well as upper, bounds for exceedance probabilities. The
basic idea is to break up the parameter space T into a finite union of small sets Ty,
where the size of the T} generally depends on the exceedance level u. The Ty need
not be disjoint, although any overlap should be small in relation to their sizes. While
initially there is no need to assume any particular structure for 7, this usually is
needed for the most precise results.

It is then elementary that
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ijIP’{ sup /(1) = u) = P{fgf(t) > u

teTy

teTy

> P{sup f(t) > u “4.5.1)
32| s

_ ZZ#]{P{ suﬁ f@) = u,sup f(t) > u}
te,-

teTy

The single summations are treated much as we did before, by choosing a point #; € Ty,
writing

P{sup £(0) = uf = /_:P{ sup £ (1) = u| £ () = u py, () dlx,

teTy teTy

and arguing much as we did in the proof of Lemma 4.1.5.

The crux of the double-sum method lies in showing that the remaining double-sum
is of lower order than the single sum and, where possible, estimating its size.

If one could write the joint probabilities in (4.5.1) as the product

IE”{ sup f(t) > u, sup f(t) > u} = IP’{ sup f(t) > u}]P’{ sup f(t) > u}

teT; teTy teT; teTy

then we would be basically done, since then the double-sum term would easily be
seen to be of lower order than the single sum. Such independence obviously does not
hold, but if we choose the sizes of the 7 in such a fashion that a “typical component™
of an excursion set is considerably smaller than this size, and manage to show that
high extrema are independent of one another, then we are well on the way to a proof.

The details, which are heavy, are all in Piterbarg [126]. Piterbarg’s monograph
is also an excellent source of worked examples, and includes a number of rigorous
computations of excursion probabilities for many interesting examples of processes
and fields.

4.6 Local Maxima and Excursion Probabilities

We close this chapter with somewhat of a red herring, in that we shall describe an
approach that makes a lot of sense, that has been used and developed with considerable
success by Piterbarg [126] and others, but which we shall nevertheless not explore
further. Despite this, it does give a good heuristic feeling for results we shall develop
in Part III, particularly those of Chapter 14.

We leave the general setting of the previous sections, and concentrate on smooth
random fields over structured parameter spaces. In particular, we shall adopt the
regularity conditions of Chapter 12, in which f will be a smooth Gaussian process
defined over a Whitney stratified manifold M. Since we shall get around to defining
these manifolds only in Section 8.1, you can either return to the current discussion
after reading that section, or simply assume that “an N -dimensional Whitney stratified
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manifold” is no more than another way of saying “a unit cube IV c R¥.” You will
not lose much in the way of intuition in doing so.

Furthermore, since the current section deals with a general idea rather than specific
results, we shall not be more precise about exactly what conditions we require and
shall simply assume that everything we write is well defined. The appropriate rigor
will come in Part III of the book.

Our aim is to connect the excursion probability of f with the mean number of its
local maxima of a certain type.

We start by noting that an N-dimensional Whitney stratified manifold M can be
written as the disjoint union

N
M= U WM, 4.6.1)
k=0

of open k-dimensional submanifolds (cf. (9.3.5)). (If you are working with I, then

this is just a decomposition of IV into k-dimensional facets, so that dy M = M° is

the interior of the cube, d—1 M the union of the interiors of the (N — 1)-dimensional

faces, and so forth, down to dgM, which is made up of the 2N vertices of the cube.)
Let

le (M) Lu (extended outward maxima of f in M with f; > u).

In the terminology of Section 9.1, Mf is more precisely defined as the number of
extended outward critical points t € oM C M of f for which the Hessian of
fla.m has maximal index. For the example of IV, these points are the local maxima
te M, k=0,...,N,of flsm for which f(z,) ? f(z) whenever the #,, € O M
converge to ¢ monotonically (for the usual partial order on R") along a direction
normal to 0, M at ¢.

Since the notion of extended local maxima® includes the 0-dimensional sets 9y M
(i.e., the “corners” of M) it is not hard to see that if sup,.,, f; > u, then f must have
at least one extended outward maximum on M, and vice versa (see the argument in
Section 14.1.1 if you want details). Consequently, we can argue as follows:

9 Note that if we write
M, (M) 2 #(local maxima of f in M with f; > u),

then one can actually carry through all of the following argument with M,f replaced by
M,,. In fact, this was Piterbarg’s original argument (cf. [126]). Since it is always true that
M, > M,f, this means that the upper bound given in (4.6.5) below is poorer with this
change. Since the lower bound involves a difference of two terms, each of which is larger
with this change, it is unclear which variation of the argument is better, although one expects
the version with M f rather than M, to give the tighter bound. In some sense, the difference
is of academic interest only, since neither bound can be explicitly evaluated. When we turn
to the explicit computations for the Gaussian case in Chapter 14, we shall in any case adopt
a somewhat different approach.
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N N

B sup fi = uf =PMEOD = 1) < kZOP{Mf(akM) > 1) < ;E{Mf(akw.
- - 4.6.2)

This gives a simple upper bound for excursion probabilities in terms of the mean
number of outward extended maxima. For a lower bound, note that

{sup fi= u} — (MEM®) =1, ME@OM) =0y U {ME@M) = 1}, (4.63)
teM

where 0M = U,](v:_o1 oM. Now assume that f, as a function on the N-dimensional
manifold M, does not have any critical points on d M. Write

(MEM°y > 1, ME(aM) =0} = (MEMm°) =1, ME(aM) = 0}
U{MEM®) > 2, ME(aM) = 0.
To compute the probabilities of the above two events, set
px =P{ML(M°) =k},
and note that
o
E{M;(M°)} = P(M; (M) = 1} + Y kps,
k=2
so that
P{MEM) =1, ME@M) =0}
=PMEM) = 1) —PMEM°) =1, ME (M) > 1}
o0
=E{MS(M®)} =Y kpe —PIMF(M®) =1, M£ (OM) > 1).
k=2

In a similar vein,
P{ME(M®) > 2, ME (aM) = 0}
o
= p—PMEM®) = 2. ME (M) = 1.
k=2
Putting the last two equalities together with (4.6.3) immediately gives us that
[e¢)
P{ sup f; = u} = BMEMO) = 3 (k= Vg + PIME@M) = 1)
teM P

~PMEM) = 1, ME(aM) = 1) 4.6.4)
z E{ME(MO)} - %E{Mf(MO)[MuE(MO) — 11

on noting that k — 1 < k(k — 1)/2 for k > 2. Iterate this argument through d; M,
0 <k < N — 1, and combine it with (4.6.2) to obtain the following.
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Theorem 4.6.1. Let f be almost surely C? on a C* Whitney stratified manifold M.
With the preceding notation, assume that f |y, pm has, almost surely, no critical points
on U];;(l) 0jM. Furthermore, assume that the randomvariables M, f (0 M) have finite
second moments for all k and given u. Then

N

S EME@M)) = IP{ sup f, > u} (4.6.5)
k=0 teM

ol 1
=3 [E{Mf M)} = SE(M QMM (M) — 1]}] :
k=0

Of course, we have not really proven Theorem 4.6.1 with the rigor that it deserves,
so you should feel free to call it a conjecture rather than a theorem.

What you should note about this theorem/conjecture is that it makes no distri-
butional assumptions on f beyond ensuring that all the terms it involves are well
defined and finite. It certainly does not require that f be Gaussian. Consequently, it
covers a level of generality far beyond the Gaussian theory we have treated so far.

It also makes sense that it would be quite a general phenomenon for the
negative terms in (4.6.5) to be of smaller order that the others. After all, for
M,f (0 M) [Mf (0x M) — 1] to be nonzero, there must be at least two extended outward
maxima of [y, s above the level u on 9y M, and this is unlikely to occur if u is large.

Thus Theorem 4.6.1 seems to hold a lot of promise for approximating extremal
probabilities in general, assuming that we could actually compute explicit expressions
for the simple expectations in (4.6.5) along with some useful bounds for the product
expectations.

In Chapter 11 we shall work hard to obtain generic expressions that, in principle,
allow us to compute all these expectations. In particular, we shall have Theorem 11.2.1
for the simple means and Theorem 11.5.1 for the factorial moments in (4.6.5). Un-
fortunately, however, carrying out the computations in practice will turn out to be
impossible, even in the case that f is Gaussian. Consequently, we shall be forced to
take a less-direct path to approximating excursion probabilities, by evaluating mean
Euler characteristics that actually approximate the first-order expectations in (4.6.5).
The details of this argument will appear in Chapter 14.

First of all, however, we shall need to spend quite some time in Part II of this
book on studying geometry.
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Stationary Fields

Stationarity has always been the backbone of almost all examples in the theory of
Gaussian processes for which specific computations were possible. As described in
the preface, one of the main reasons we shall be studying Gaussian processes on
manifolds is to get around this assumption. Nevertheless, despite the fact that we
shall ultimately try to avoid it, we invest a chapter on the topic for two reasons:

* Many of the results of Part Il are significantly easier to interpret when specialized
down to cases under which stationarity holds.

* Even in the nonstationary case, many of the detailed computations of Part III can
be considered as deriving from a “local conversion to pseudostationarity,” or,
even more so, to pseudoisotropy. This will be taken care of there via the “induced
Riemannian metric” defined in Section 12.2. Knowledge of what happens under
stationarity is therefore important for knowing what to do in the general case.

We imagine that many of you will be familiar with most of the material of this
chapter and so will skip it and return only when specific details are required later. For
the newcomers, you should be warned that our treatment is full enough only to meet
our specific needs and that both style and content are occasionally a little eclectic. In
other words, you should go elsewhere for fuller, more standard treatments. References
will be given along the way.

The most important classic results of this chapter are the spectral distribution and
spectral representation theorems for RV of Section 5.4. However, the most important
results for us will be some of the consequences of these theorems for relationships
between spectral moments that are concentrated in Section 5.5. This is the one section
of this chapter that you will almost definitely need to come back to, even if you have
decided that you are familiar enough with stationarity to skip this chapter for the
moment.

5.1 Basic Stationarity

Although our primary interest lies in the study of real-valued random fields, it is
mathematically more convenient to discuss stationarity in the framework of complex-
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valued processes. Hence, unless otherwise stated, we shall assume throughout this
chapter that f(t) = (fr(t) + if;(¢)) takes values in the complex plane C and that
E{ll fOII*} = E{f3(t) + f}(t)} < oc. (Both fg and f; are, obviously, to be real-
valued.) As for a definition of normality in the complex scenario, we first define
a complex random variable to be Gaussian if the vector of its two components is
bivariate Gaussian.! A complex process f is Gaussian if Doy fi is a complex
Gaussian variable for all sequences {;} and complex {o;,}.

We also need some additional assumptions on the parameter space 7. In particular,
we require that it have a group structure> and an operation with respect to which
the field is stationary. Consequently, we now assume that 7 has such a structure,
“4” represents the binary operation on 7 and “—” repesents inversion. As usual,
t —s =t + (—s). For the moment, we need no further assumptions on the group.

Since f; € C, it follows that the mean function m(z) = E{f(¢)} is also complex-
valued, as is the covariance function, which we redefine for the complex case as

C(s. ) 2E([f(s) — m)IF @) — m@D)]1}, (5.1.1)

with the bar denoting complex conjugation.
Some basic properties of covariance functions follow immediately from (5.1.1):

e C(s,t) = C(t, s), which becomes the simple symmetry C(s,t) = C(t,s) if f
(and so C) is real-valued.

e Forany k > 1, t,...,t € T, and z1,...,zx € C, the Hermitian form
Zle Zl;zl C(ti, tj)ziz; is always real and nonnegative. We summarize this,
as before, by saying that C is nonnegative definite.

(The second of these properties follows from the equivalence of the double-sum to
Al i Lf () — mzil?))

Suppose for the moment that 7 is Abelian. A random field f is called strictly
homogeneous or strictly stationary over T, with respect to the group operation +, if
its finite-dimensional distributions are invariant under this operation. That is, for any
k > 1 and any set of points 7, ¢, ..., € T,

() FE) E (0D fll+ 1)), (5.1.2)

An immediate consequence of strict stationarity is that m () is constantand C (s, t)
is a function of the difference s — ¢ only.

Going the other way, if for a random field with E{|| f O)*) <ooforallsr e T
we have that m(¢) is constant and C (s, t) is a function of the difference s — ¢ only,
then we call f simply stationary or homogeneous, occasionally adding either of the
two adjectives “weakly” or “second-order.”

11t therefore follows that a complex Gaussian variable X = Xpg + i Xy is defined by five
parameters: E{X}, E{X g}, E{X2}, E{X%}, and E{X; X g}.

21t stationarity is a new concept for you, you will do well by reading this section the first
time taking T = RY with the usual notions of addition and subtraction.
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Note that none of the above required the Gaussianity we have assumed up until
now on f. If, however, we do add the assumption of Gaussianity, it immediately
follows from the structure (1.2.3) of the multivariate Gaussian density> that a weakly
stationary Gaussian field will also be strictly stationary if C'(s,7) = E{[f(s) —
m(s)][f () — m(¢)]} is also a function only of s — ¢. If f is real-valued, then since
C = (' it follows that all weakly stationary real-valued Gaussian fields are also
strictly stationary, and the issue of qualifying adjectives is moot.*

If T is not Abelian we must distinguish between left and right stationarity. We
say that a random field f on T is right-stationary if (5.1.2) holds and that f is left-
stationary if f'(t) 2 f(—1) is right-stationary. The corresponding conditions on the
covariance function change accordingly.

In order to build examples of stationary processes, we need to make a brief
excursion into (Gaussian) stochastic integration.

5.2 Stochastic Integration

We return to the setting of Section 1.4.3, so that we have a o -finite> measure space
(T, T,v), along with the Gaussian v-noise W defined over 7. Our aim will be to
establish the existence of integrals of the form

/ FOWdr), (5.2.1)
T

for deterministic f € L?(v) and, eventually, complex W. Appropriate choices of f
will give us examples of stationary Gaussian fields, many of which we shall meet in
the following sections.

Before starting, it is only fair to note that we shall be working with two and a bit
assumptions. The “bit” is that for the moment we shall treat only real f and W. We
shall, painlessly, lift that assumption soon. Of the other two, one is rather restrictive
and one not, but neither is of importance to us. The nonrestrictive assumption is the
Gaussian nature of the process W. Indeed, since all of what follows is based only on
L? theory, we can, and so shall, temporarily drop the assumption that W is a Gaussian

3 Formally, (1.2.3) is not quite enough. Since we are currently treating complex-valued pro-
cesses, the k-dimensional marginal distributions of f now involve 2k-dimensional Gaussian
vectors. (The real and imaginary parts each require k dimensions.)

4 The reason for needing the additional condition in the complex case should be intuitively
clear: C alone will not even determine the variance of each of f; and fg but only their sum.
However, together with C’ both of these parameters, as well as the covariance between f7
and fg, can be computed. See [113] for further details.

5 Note that “o-finite” includes “countable” and “finite,” in which case v will be a discrete
measure and all of the theory we are about to develop is really much simpler. As we shall
see later, these are more than just important special cases and so should not be forgotten
as you read this section. Sometimes it is all too easy to lose sight of the important simple
cases in the generality of the treatment.
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noise and replace conditions (1.4.11)—(1.4.13) with the following three requirements
forall A, B € 7:

E{W(A)} =0, E{[W(A))*} = v(A), (5.2.2)
ANB=0= W(AUB)=W(A) + W(B)as., (5.2.3)
ANB=0=E{WA)W(B)}=0. (5.2.4)

Note that in the Gaussian case (5.2.4) is really equivalent to the seemingly stronger
(1.4.13), since zero covariance and independence are then equivalent.

The second restriction is that the integrand f in (5.2.1) is deterministic. Remov-
ing this assumption would lead us to having to define the Itd integral, which is a
construction for which we shall have no need.

Since, by (5.2.3), W is a finitely additive (signed) measure, (5.2.1) is evocative
of Lebesgue integration. Consequently, we start by defining the stochastic version
for simple functions

n
fO) =) aily @, (5.2.5)
1
where Ap, ..., A, are disjoint 7 -measurable sets, by writing
A n
W(f) E/ fOW@EN) =Y aW(A). (5.2.6)
r 1

It follows immediately from (5.2.2) and (5.2.4) that in this case W (f) has zero mean
and variance givenby > ai2 V(A;). Think of W ( f) as amapping from simple functions
in L3(T, T, v) to random variables® in L2(P) = L%(2, F, P). The remainder of the
construction involves extending this mapping to a full isomorphism from L2?(v) =
L*(T,T,v)onto a subspace of L2(P). We shall use this isomorphism to define the
integral.

Let S = S(T') denote the class of simple functions of the form (5.2.5) for some
finite n. Note first there is no problem with the consistency of the definition (5.2.6)
over different representations of f. Furthermore, W clearly defines a linear mapping
on S that preserves inner products. To see this, write f, g € S as

n

fO =) aily ),  g)=) bily®),
1

1

in terms of the same partition, to see that the L2(P) inner product between W ( f) and
W (g) is given by

6 Note that if W is Gaussian, then so is W(f).
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(W, W) 2y = {Za,W(A) > WA )} (5.2.7)
= ZaibiE eng
1

= /T f®g)v(de)

=(/ g>L2(v)7

the second line following from (5.2.4) and the second-to-last from (5.2.2) and the
definition of the Lebesgue integral.

Since S is dense in L2(v) (e.g., [134]) for each f € L?(v) there is a sequence
{/fn} of simple functions such that || f, — fll 2, — 0asn — oo. Using this, for
such f we define W ( f) as the mean square limit

W(f) 2 lim W(f). (5.2.8)

Furthermore, by (5.2.7), the limit is independent of the approximating sequence
{f»}, and the mapping W so defined is linear and preserves inner products; i.e., the
mapping is an isomorphism. We take this mapping as our definition of the integral
and so now not only do we have existence, but from (5.2.7) we have that for all
f.g € LX),

E(W(f)W(g)} = /T FOgOV (). (52.9)

Note also that since L? limits of Gaussian random variables remain Gaussian (cf.
(1.2.5) and the discussion above it) under the additional assumption that W is a
Gaussian noise, it follows that W ( f) is also Gaussian.

With our integral defined, we can now start looking at some examples of what
can be done with it.

5.3 Moving Averages

We now return to the main setting of this chapter, in which T is an Abelian group
under the binary operation + and — represents inversion. Let v be a Haar measure
on (T, T) (assumed to be o -finite) and take F : T — R in L%(v). If W is a v-noise
on 7, then the random process

f) 2 /T F(t — s)W(ds) (5.3.1)

is called a moving average of W, and we have the following simple result.

Lemma 5.3.1. Under the preceding conditions, f is a stationary random field on T.
Furthermore, if W is a Gaussian noise, then f is also Gaussian.
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Proof. To establish stationarity we must prove that
E{f@)f()}=Clt—s)

for some C. However, from (5.2.9) and the invariance of v under the group operation,
BSOSO} = [ Fi—wFG -
T

= / F(@—s+v)F@)v(dv)
T
2cC-s).

and we are done.

If W is Gaussian, then we have already noted when defining stochastic integrals
that f(r) = W(F(t — -)) is a real-valued Gaussian random variable for each 7. The
same arguments also show that f is Gaussian as a process. O

A similar but slightly more sophisticated construction also yields a more general
class of examples, in which we think of the elements g of a group G acting on the
elements ¢ of an underlying space 7. This will force us to change notation a little
and, for the argument to be appreciated in full, to assume that you also know a little
about manifolds. If you do not, then you can return to this example later, after having
read Chapter 6, or simply take the manifold to be R". In either case, you may still
want to read the very concrete and quite simple examples at the end of this section
now.

Thus, taking the elements g of a group G acting on the elements ¢ of an underlying
space T, we denote the identity element of G by e and the left and right multiplication
maps by L; and R,. We also write I, = Lg o Rg_l for the inner automorphism of G
induced by g.

Since we are now working in more generality, we shall also drop the commutativity
assumption that has been in force so far. This necessitates some additional definitions,
since we must distinguish between left and right stationarity. We say that a random
field f on G is strictly left-stationary if for all n, all (g1, ..., g,), and any go,

(f@D.eees @) E (f o Lgy(81), - f o Lg(gn))-

It is called strictly right-stationary if f'(g) 2 f(g™1) is strictly left-stationary and
strictly bistationary, or simply strictly stationary, if it is both left and right strictly
stationary. As before, if f is Gaussian and has constant mean and covariance function
C satisfying

Clg1, 82) = C'(gy g2, (5.3.2)

for some C' : G — R, then f is strictly left-stationary. Similarly, if C satisfies

C(g1,8) =C"(g18, ") (5.3.3)
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forsome C”, then f is right-stationary. If f is not Gaussian, but has constant mean and
(5.3.2) holds, then f is weakly left-stationary. Weak right-stationarity and stationarity
are defined analogously.

We can now start collecting the building blocks of the construction, which will be
of a left-stationary Gaussian random field on a group G. An almost identical argument
will construct a right-stationary field. It is then easy to see that this construction will
give a bistationary field on G only if it is unimodular, i.e., if any left Haar measure
on G is also right invariant.

We first add the condition that G be a Lie group, i.e., a group that is also a C*®
manifold such that the maps taking g to g~! and (g1, g2) to g1 g2 are both C®. We
say G has a smooth (C*°) (left) action on a smooth (C°°) manifold T if there exists
amap6 : G x T — T satisfying, forallt € T and g1, g2 € G,

(e, t) =t,
0(g2,0(g1,1)) = 0(g281,1).

We write 6, : T — T for the partial mapping 6,(t) = 0(g,t). Suppose v is a
measure on 7', and let 04, (v) be the push-forward of v under the map 0g; i.e., Ogs (V)

is given by
/ Ogs (V) = / V.
A 0,-1(A)

Furthermore, we assume that 6, (v) is absolutely continuous with respect to v, with
Radon—Nikodym derivative
A dOgy(v)
D(g) = —5——(), (5.3.4)
dv
independent of r. We call such a measure v left relatively invariant under G. It is
easy to see that D(g) is a C°° homomorphism from G into the multiplicative group
of positive real numbers, i.e., D(g1g2) = D(g1)D(g2). We say that v is left invariant
with respect to G if it is left relatively invariant and D = 1.
Here, finally, is the result.

Lemma 5.3.2. Suppose G acts smoothly on a smooth manifold T and v is left rela-
tively invariant under G. Let D be as in (5.3.4) and let W be Gaussian v-noise on
T. Then for any F € L*(T, v),

1
= ——W(F o0,
f®) = =W ob,)

is a left stationary Gaussian random field on G.

Proof. We must prove that

E{f(g1)f(g2)} = C(g ' g2)
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for some C : G — R. From the definition of W, we have

E{f(g1)f(g2)} = / FO, 1 0))F O, 1(1)v(dr)

1
v/ D(g1)D(g2)

Jm/F(G 1 (B, (1)) F ()8, (V) (d1)

= & M) F()v(dr)
~/D(g1)D(g2)

R REOSROORTE

A _
= C(g; ')

F(@g 82

This completes the proof. O

It is easy to find simple examples to which Lemma 5.3.2 applies. The most
natural generic example of a Lie group acting on a manifold is its action on itself.
In particular, any right Haar measure is left relatively invariant, and this is a way to
generate stationary processes. To apply Lemma 5.3.2 in this setting one needs only to
start with a Gaussian noise based on a Haar measure on G. In fact, this is the example
(5.3.1) with which we started this section.

A richer but still concrete example of a group G acting on a manifold 7 is given
by the group of rigid motions Gy = GL(N,R) x RV acting’ on T = R". For
g=(A,1)ands € RV, set

O(A,1)(s) = As + t.

In this example it is easy to see that Lebesgue measure Ay (dt) = dr is relatively
invariant with respect to G with D(g) = det A. For an even more concrete ex-
ample, take compact Borel B ¢ RY and F(s) = 1 p(s). It then follows from
Lemma 5.3.2 that

W (A=Y (B -1)

T == ]

is a stationary process with variance Ay (B) and covariance function

v (41431 B = (11 = 1))

J/1det(A147 )]

where we have adopted the usual notation that B +¢ = {s +¢ : s € B} and
={At :t € B}.
Examples of this kind have been used widely in practice. For examples involving
the statistics of brain mapping see, for example, [142, 143].

C((A1, 1), (A2, 1)) =

7 Recall that GL(N, R) is the (general linear) group of invertible transformations of RN
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5.4 Spectral Representations on RY

The moving averages of the previous section gave us examples of stationary fields that
were rather easy to generate in quite general situations from Gaussian noise. Now,
however, we want to look at a general way of generating all stationary fields, via the
so-called spectral representation. This is quite a simple task when the parameter set
is RV, but rather more involved when a general group is taken as the parameter space
and issues of group representations arise. Thus we shall start with the Euclidean
case, which we treat in detail, and then discuss some aspects of the general case in the
following section. In both cases, while an understanding of the spectral representation
is a powerful tool for understanding stationarity and a variety of sample path properties
of stationary fields, it is not necessary for what comes later in the book.

We return to the setting of complex-valued fields, take 7 = R, and assume, as
usual, that E{ f;} = 0. Furthermore, since we are now working only with stationary
processes, it makes sense to abuse notation somewhat and write

C(t—s)=C(s,t) = E{f(s)f()}.

We call C, which is now a function of one parameter only, nonnegative definite if
Z;‘J:] ziC(t; —t))z; > Oforalln > 1,11,...,t, € RV, and zy, ..., z, € C. Then
we have the following result, which dates back to Bochner [27], in the setting of
(nonstochastic) Fourier analysis, a proof of which can be found in almost any text on
Fourier analysis.

Theorem 5.4.1 (spectral distribution theorem). A continuous function C : RYN —
C is nonnegative definite (i.e., a covariance function) if and only if there exists a finite
measure v on the Borel o-field BN such that

C(t) = / M y(dn), (5.4.1)
RN

forallt € RN,

With randomness in mind, we write 62 = C(0) = v(R"). The measure v is called
the spectral measure (for C), and the function F : RN — 0, az] given by

N
FO)£v (H(—oo,ki]), h=(,...,hn) €RY,

i=1
is called the spectral distribution function.? When F is absolutely continuous the
corresponding density is called the spectral density.
The spectral distribution theorem is a purely analytic result and would have noth-
ing to do with random fields were it not for the fact that covariance functions are

8 of course, unless v is a probability measure, so that o2 = 1, F is not a distribution function
in the usual usage of the term.
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nonnegative definite. Understanding of the result comes from the spectral represen-
tation theorem (Theorem 5.4.2), for which we need to extend somewhat the stochastic
integration of Section 5.2.

As usual, we start with a measure v on RY, and define a complex v-noise to be a
C-valued, set-indexed process satisfying

E{(W(A)} =0, E{WAWA)]} = v(A), (5.4.2)
ANB=0= W(AUB) = W(A) + W(B) as., (5.4.3)
ANB =0 = E{(WA)W(B)} =0, (5.4.4)

9

where the bar denotes complex conjugation.
It is then a straightforward exercise to extend the construction of Section 5.2 to
obtain an L? stochastic integral

W(f) = /I:RN SQ)W(dr)
for f : RN — C with || f|| € L?(v), and satisfying

E(W(HW ()} = /H; L fgGyvEn). (5.4.5)

This construction allows us to state the following important result.

Theorem 5.4.2 (spectral representation theorem). Let v be a finite measure on
RN and W a complex v-noise. Then the complex-valued random field

f(t) = f MW (d) (5.4.6)
RN
has covariance
C(s,t) = / D2 (@) (5.4.7)
RN

and so is (weakly) stationary. If W is Gaussian, then so is f.

Furthermore, to every mean square continuous, centered (Gaussian) stationary
random field f on RN with covariance function C and spectral measure v (cf. The-
orem 5.4.1), there corresponds a complex (Gaussian) v-noise W on RN such that
(5.4.6) holds in mean square for eacht € RV,

In both cases, W is called the spectral process corresponding to f.

9 You should note for later reference that if we split a complex v-noise into its real and
imaginary parts, Wr and W; say, it does not follow from (5.4.4) that A N B = ¢ im-
plies any of E{W(A)W(B)} = 0, E{Wr(A)Wg(B)} = 0, E{W;(A)W;(B)} = 0, or
E{W;(A)Wg(B)} = 0. Indeed, this is most definitely not the case for the complex W of
Theorem 5.4.2 when, for example, the stationary process f there is real-valued. See the dis-
cussion below on “real” spectral representations, in which the above problem is addressed
by taking W to be defined on a half-space rather than all of RV,
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Proof. The fact that (5.4.6) generates a stationary field with covariance (5.4.7) is an
immediate consequence of (5.4.5). What needs to be proven is the statement that all
stationary fields can be represented as in (5.4.6). We shall only sketch the basic idea
of the proof, leaving the details to the reader. (They can be found in almost any book
on time series—our favorite is [34]—for processes on either Z or R and the extension
to R¥ is trivial.)

For the first step, set up a mapping © from'® H £ span{f;, t € RN} c L?(P) to
K 2 spanfe’”, t € RV} € L2(v) via

O ajfap | =) aje" (5.4.8)
j=1 j=1

foralln > 1,a; € C,and t; € RN, A simple computation shows that this gives
an isomorphism between H and KC, which can then be extended to an isomorphism
between their closures H and K.

Since indicator functions are in &C, we can define a process W on R" by setting

W) =071 s (5.4.9)

where (—oo, A] = ]_[7: 1(=00, A;]. Working through the isomorphisms shows that
W is a complex v-noise and that fRN exp(i(t, A)) W(dA) is (LX(P) indistinguishable
from) f;. O

There is also an inverse!! to (5.4.6), expressing W as an integral involving f, but
we shall have no need of it and so now turn to some consequences of Theorems 5.4.1
and 5.4.2.

When the basic field f isreal, itis natural to expecta “real” spectral representation,
and this is in fact the case, although notationally it is still generally more convenient
to use the complex formulation. Note firstly that if f is real, then the covariance
function is a symmetric function (C(¢) = C(—t)), and so it follows from the spectral
distribution theorem (cf. (5.4.1)) that the spectral measure v must also be symmetric.
Introduce three'? new measures, on R x RV=!, by

10 Actually, we really define 7 to be the closure in L% (PP) of all sums of the form Z:’: 14 f ()
fora; € Candt; € T, thinned out by identifying all elements indistinguishable in Lz(IP’),
i.e., elements U, V for which E{||(U — V)||2} = 0. Recall that we already met this space,
as well as the mapping ®, when treating orthonormal expansions in Section 3.1.

11 Eormally, the inverse relationship is based on (5.4.9), but it behaves like regular Fourier
inversion. For example, if A(A, n) is a rectangle in RY that has a boundary of zero v
measure, then

ekl _ o—imklk

K K N
W(A(x,n»:Klgnm(zn>—NfK~~-/ [[———rwa.

—it
K =1 k

As is usual, if v(A(A, 1)) # 0O, then additional boundary terms need to be added.
12 Note that if v is absolutely continuous with respect to Lebesgue measure (so that there is a
spectral density), one of these, v, will be identically zero.
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i) =v( AN eRY x>0},
mA) =v(AN{xeRY =0},
n(A) = 2v1(A) + v2(A).

We can now rewrite!3 (5.4.1) in real form as
c@) =/ cos({(A, 1)) u(dAr). (5.4.10)
R+XRN71

There is also a corresponding real form of the spectral representation (5.4.6). The
fact that the spectral representation yields a real-valued process also implies certain
symmetries'* on the spectral process W. In particular, it turns out that there are two
independent real-valued p-noises, Wi and W5, such that!>

fi = f cos((A, 1)) Wi(dXr) + / sin((A, t))Wa(dr). 5.4.1D)
Ry xRN-1 Ry xRN-1

It is easy to check that f so defined has the right covariance function.

5.5 Spectral Moments

Since they will be very important later on, we now take a closer look at spectral
measures and, in particular, their moments. It turns out that these contain a lot of
simple, but very useful, information. Given the spectral representation (5.4.7), that s,

C(t) = / &My (dn), (5.5.1)
RN
we define the spectral moments
P f Al AN v(an), (5.5.2)
RN
forall (i, ...,iny) withi; > 0. Recalling that stationarity implies that C(¢) = C(—t)

and v(A) = v(—A), it follows that the odd-ordered spectral moments, when they
exist, are zero; i.e.,

13 There is nothing special about the half-space A1 > O taken in this representation. Any
half-space will do.

14 To establish this rigorously, we really need the inverse to (5.4.6), expressing W as an integral
involving f, which we do not have.

15 1n one dimension, it is customary to take W; as a u-noise and W as a (2v1)-noise, which
at first glance is different from what we have. However, noting that when N = 1,
sin(At)Wr(dA) = 0 when A = 0, it is clear that the two definitions in fact coincide in
this case.
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N
Aipiy =0 if D i is odd. (5.5.3)
j=1

Furthermore, it is immediate from (5.5.1) that successive differentiation of both sides
with respect to the #; connects the various partial derivatives of C at zero with the
spectral moments. To see why this is important, recall the definition (1.4.8) of the L?
derivatives of a random field as the L? limit

DX, f(t,t') = lim F(t, ht'),
12 f @ 1) hl_)H})( )

fort € RN andt’ € QFRV.
By choosing #' = (e, ..., €, ), where ¢; is the vector with ith element 1 and all
others zero, we can talk of the mean square derivatives

ak

Ak . .
mf(l‘) = Dsz(ﬁ (€iys---s€i))

of f of various orders.
It is then straightforward to see that the covariance function of such partial deriva-
tives must be given by

(5.5.4)

E 9 f(s) O* f (1) %G,
Bsilasil s as,-k alilatil cee 8l‘ik o asilat,’l e asikat,'k '
The corresponding variances have a nice interpretation in terms of spectral mo-

ments when f is stationary. For example, if f has mean square partial derivatives of
ordersae + Band y + 6 fore, B,y,6 € {0,1,2,...}, then'®

3a+ﬁf(t) ' 3y+8f(t) _ (_1)a+ﬁ gotp+y+s
0v;0Pt; Y%y 0°1;0P1;07 1,9%;

C(t)' (5.5.5)
=0
- (—1)“+ﬂia+ﬂ+y+5/ AR A v ().

Ry Y

Here are some important special cases of the above, for which we adopt the shorthand
fi = df/ot; and fi; = 82f/8ti8tj along with a corresponding shorthand for the
partial derivatives of C:

(i) f; has covariance function —C; and thus variance Aoe; = —C;;(0), where ¢},
as usual, is the vector with a 1 in the jth position and zero elsewhere.

16 1f you decide to check this for yourself using (5.4.6) and (5.4.7)—which is a worthwhile
exercise—make certain that you recall the fact that the covariance function is defined as
E{f(s)f ()}, or you will make the same mistake RJA did in [2] and forget the factor of
(—1)2F# in the first line. Also, note that although (5.5.5) seems to have some asymmetries
in the powers, these disappear due to the fact that all odd-ordered spectral moments, like all
odd-ordered derivatives of C, are identically zero.
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(i) Inview of (5.5.3),andtaking 8 =y =6 =0, = 1in (5.5.5),
f () and f;(¢) are uncorrelated, (5.5.6)

forall j and all ¢. If f is Gaussian, this is equivalent to independence. Note that
(5.5.6) does not imply that f and f; are uncorrelated as processes. In general,
for s # t, we will have that E{ f(s) f;j (1)} = —Cj(s —t) # 0.

(iii) Takingae =y =8 =1, B =0in (5.5.5) gives that

fi(t) and fx(¢) are uncorrelated (5.5.7)

for all i, j, k and all .

This concludes our initial discussion of stationarity for random fields on RY. In
the following section we investigate what happens under slightly weaker conditions
and after that what happens when the additional assumption of isotropy is added. In
Section 5.8 we shall see how all of this is really part of a far more general theory
for fields defined on groups. In Section 3.1 we shall see that, at least for Gaussian
fields restricted to bounded regions, that spectral theory is closely related to a far
wider theory of orthogonal expansions that works for general—i.e., not necessarily
Euclidean—parameter spaces

5.6 Constant Variance

It will be important for us in later chapters that some of the relationships of the previous
section continue to hold under a condition weaker than stationarity. Of particular
interest is knowing when (5.5.6) holds; i.e., when f(z) and f;(¢) are uncorrelated.

Suppose that f has constant variance, o2 =C (¢, t), throughout its domain of
definition, and that its L? first-order derivatives all exist. In this case, analagously to
(5.5.5), we have that

9 9
Elf0fin}=-Ct.5)| _ =5-Ct.5)| . (5.6.1)
J 5= i §=

Since constant variance implies that 9/9¢;C(z, t) = 0, the above two equalities
imply that both partial derivatives there must be identically zero. That is, f and its
first-order derivatives are uncorrelated.

One can, of course, continue in this fashion. If first derivatives have constant
variance, then they, in turn, will be uncorrelated with second derivatives, in the sense
that f; will be uncorrelated with f;; foralli, j. It will not necessarily be true, however,
that f; and fj; will be uncorrelated if i # j and i # k. This will, however, be true
if the covariance matrix of all first-order derivatives is constant.
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5.7 Isotropy

An interesting special class of homogeneous random fields on RY that often arises in
applications in which there is no special meaning attached to the coordinate system
being used is the class of isotropic fields. These are characterized!” by the property
that the covariance function depends only on the Euclidean length || of the vector ¢,
so that

C(t) = C(|t]). (5.7.1)

Isotropy has a number of surprisingly varied implications for both the covariance
and spectral distribution functions, and is actually somewhat more limiting than it
might at first seem. For example, we have the following result, due to Matérn [111].

Theorem 5.7.1. If C(¢) is the covariance function of a centered, isotropic random
field f on RY, then C(t) > —C(0)/N forallt.

Proof. Isotropy implies that C can be written as a function on R only. Let 7 be any
positive real number. We shall show that C(t) > —C(0)/N.

Choose any 11, ..., ty41 in RY for which |t; — tj| = v foralli # j. Then, by
(5.7.1),

N+1 2

> fw)
k=1

E = (N + D[CO) + NC(1)].

Since this must be positive, the result follows. O

The restriction of isotropy also has significant simplifying consequences for the
spectral measure v of (5.4.1). Let6 : RNV — R be arotation, so that |0(t)| = |¢| for
all 7. Isotropy then implies C () = C(6(t)), and so the spectral distribution theorem
implies

/R i M y(dhr) = /R i e OOy (dh) (5.7.2)

= / e 0y (dr) = / ' Mg (dh),
RN RN

where vy is the push-forward of v by 6 defined by vg(A) = v(#~'A4). Since the
above holds for all ¢, it follows that v = vg; i.e., v, like C, is invariant under rotation.
Furthermore, if v is absolutely continuous, then its density is also dependent only on
the modulus of its argument.

An interesting consequence of this symmetry is that an isotropic field cannot
have all the probability of its spectral measure concentrated in one small region in

17 Isotropy can also be defined in the nonstationary case, the defining property then being that
the distribution of f is invariant under rotation. Under stationarity, this is equivalent to
(5.7.1). Without stationarity, however, this definition does not imply (5.7.1). We shall treat
isotropy only in the scenario of stationarity.
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RV away from the origin. In particular, it is not possible to have a spectral measure
degenerate at one point, unless that point is the origin. The closest the spectral measure
of an isotropic field can come to this sort of behavior is to have all its probability
concentrated in an annulus of the form

(L eRY :a < || <b).

In such a case it is not hard to see that the field itself is then composed of a “sum” of
waves traveling in all directions but with wavelengths between 27 /b and 27 /a only.

Another consequence of isotropy is that the spherical symmetry of the spectral
measure significantly simplifies the structure of the spectral moments, and hence the
correlations between various derivatives of f. In particular, it follows immediately
from (5.5.5) that

E{fi()fiO} =-E{f®)fij)} = r28ij, (5.7.3)

where §;; is the Kronecker delta and A, EY fRN Al.zv(dk), which is independent of the
value of i. Consequently, if f is Gaussian, then the first-order derivatives of f are
independent of one another, as they are of f itself.

Since isotropy has such a limiting effect in the spectrum, it is natural to ask how
the spectral distribution and representation theorems are affected under isotropy. The
following result, due originally to Schoenberg [140] (in a somewhat different setting)
and Yaglom [177], describes what happens.

Theorem 5.7.2. For C to be the covariance function of a mean square continuous,
isotropic, random field on RN it is necessary and sufficient that

_ [T J-2pGlt)
v _/o i) N-D/2 m(dar), (5.7.4)

where | is a finite measure on Ry and Jy, is the Bessel function of the first kind of
order m, that is,

IR S T
Jm(x)_];)( D KTk +m+1)

Proof. The proof consists in simplifying the basic spectral representation by using
the symmetry properties of v.

We commence by converting to polar coordinates, (A, 01, ...,0n-1), A > O,
©01,...,0n-1) € SN=1 where SV~ is the unit sphere in RY. Define a measure uw
on R, by setting ([0, A]) = v(B™ (1)), and extending as usual, where BV (1) is the
N-ball of radius A and v is the spectral measure of (5.4.1).

Then, on substituting into (5.4.1) with ¢+ = (|#],0, ..., 0) and performing the
coordinate transformation, we obtain

i) = f h / exp(ilf]2 cos Oy _1)o () (d),
0 SN—I
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where o is surface area measure on SVN~!. Integrating out 61, ..., Oy_2, it fol-
lows that

o0 m
Ctl) = sn2 f / H0SON1 (sin YN dfy_ p(d),
0 0

where

A 27.[N/2

2= N>, (5.7.5)
T'(N/2)

SN

is the surface area'® of SV 1.
The inside integral can be evaluated in terms of Bessel functions to yield

T girltleost N2 g go _ JN-22GIID
0 (At V=272

which, on absorbing sy _» into u, completes the proof. O

For small values of the dimension N, (5.7.4) can be simplified even further. For
example, substituting N = 2 into (5.7.4) yields that in this case,

C(I)Z/O Jo(AltDp(dAr),

while substituting N = 3 and evaluating the inner integral easily yields that in
this case,
 sin(A|t])
C() :/ ——u(dr).
o Al

Given the fact that the covariance function of an isotropic field takes such a special
form, it is natural to seek a corresponding form for the spectral representation of the
field itself. Such a representation does in fact exist and we shall now describe it,
albeit without giving any proofs. These can be found, for example, in the book by
Wong [169], or as special cases in the review by Yaglom [178], which is described in
Section 5.8 below. Another way to verify it would be to check that the representation
given in Theorem 5.7.3 below yields the covariance structure of (5.7.4). Since this
is essentially an exercise in the manipulation of special functions and not of intrinsic
probabilistic interest, we shall avoid the temptation to carry it out.

The spectral representation of isotropic fields on RY is based on the so-called
spherical harmonics'® on the (N — 1)-sphere, which form an orthonormal basis for

18 When N = 1, we have the “boundary’ of the “unit sphere”” [—1, 1] € R. This is made up
of the two points £1, which, in counting measure, has measure 2. Hence s; = 2 makes
sense.

19 We shall also avoid giving details about spherical harmonics. A brief treatment would add
little to understanding them. The kind of treatment required to, for example, get the code
correct in programming a simulation of an isotropic field using the representations that
follow will, in any case, send you back to the basic reference of Erdélyi [61] followed by
some patience in sorting out a software help reference. A quick web search will yield you
many interactive, colored examples of these functions within seconds.
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the space of square-integrable functions on SV~! equipped with the usual surface
measure. We shall denote them by {hfn]\llfl), l=1,...,d,,m =0,1,...}, where
the d,, are known combinatorial coefficents.20

Now use the spectral decomposition

f@) = /R X R W(da)
to define a family of noises on R by
Wi (A) = fA fSN_. hY =D 6)W (dn, d6),

where, once again, we work in polar coordinates. Note that since W is a v-noise,
where v is the spectral measure, information about the covariance of f has been coded
into the W,,;;. From this family, define a family of mutually uncorrelated, stationary,
one-dimensional processes { f;;} by

o
Jm+(N—=2)2(Ar)
fml(”)=/0 WWml(dk),

where, as in the spectral representation (5.4.6), one has to justify the existence of this
L? stochastic integral. These are all the components we need in order to state the
following.

Theorem 5.7.3. A centered, mean square continuous, isotropic random field on RN
can be represented by

oo dp

fO=FE0 =33 fu@h " ®). (5.7.6)

m=0 I=1

In other words, isotropic random fields can be decomposed into a countable num-
ber of mutually uncorrelated stationary processes with a one-dimensional parameter,
a result that one would not intuitively expect. As noted above, there is still a hidden
spectral process in (5.7.6), entering via the W,,; and f;,,;. This makes for an important
difference between (5.7.6) and the similar looking Karhunen—Log&ve expansion we
saw Section 3.2. Another difference lies in the fact that while it is possible to truncate
the expansion (5.7.6) to a finite number of terms and retain isotropy, this is not true
of the standard Karhunen-Loe¢ve expansion. In particular, isotropic fields can never
have finite Karhunen-Loeve expansions. For a heuristic argument as to why this is
the case, recall from Section 5.7 that under isotropy the spectral measure must be
invariant under rotations, and so cannot be supported on a finite, or even countable,
number of points. Consequently, one also needs an uncountable number of inde-
pendent variables in the spectral noise process to generate the process via (5.4.6).

(N=1)
hm»llqm,ZN—Li[N—] }, where 0 <

Iy_1 <--- <11 < m. The constants dj, in our representation can be computed from this.

20 The spherical harmonics on SV ~1 are often written as {
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However, a process with a finite Karhunen—Loeéve expansion provides only a finite
number of such variables, which can never be enough.

An interesting corollary of Theorem 5.7.3 is obtained by fixing r in (5.7.6). We
then have a simple representation in terms of uncorrelated random coefficients f,; (r)
and spherical harmonics of an isotropic random field on the N-sphere of radius r. If
the random field is Gaussian, then the coefficients are actually independent, and we
will, essentially, have generated a Karhunen—Logve expansion. You can find many
more results of this kind, with much more detail, in [102].

One can keep playing these games for more and more special cases. For example,
it is not uncommon in applications to find random fields that are functions of “space”
x and “time” ¢, so that the parameter set is most conveniently written as (¢, x) €
R, x RN, Such processes are often stationary in ¢ and isotropic in x, in the sense that

E{f(s,u)f(s +t,u+x)} =C(, |x]),

where C is now a function from R2 to C. In such a situation the methods of the
previous proof suffice to show that C can be written in the form

C(t,x):/ / TGN OX)u(dv, d)),
—00 J0

where
2 (N=2)/2 N
Gy(x) = (;) r (3) Jiv=2)2(x)

and p is a measure on the half-plane R, x RV,

By now it should be starting to become evident that all of these representations
must be special cases of some general theory, which might also be able to cover
non-Euclidean parameter spaces. This is indeed the case, although for reasons that
will soon be explained, the general theory is such that, ultimately, each special case
requires almost individual treatment.

5.8 Stationarity over Groups

We have already seen in Section 5.3 that the appropriate setting for stationarity is that
in which the parameter set has a group structure. In this case it made sense, in general,
to talk about left and right stationarity (cf. (5.3.2) and (5.3.3)). Simple “stationarity”
requires both of these and so makes most sense if the group is abelian (commutative).

In essence, the spectral representation of a random field over a group is intimately
related to the representation theory of the group. This, of course, is far from being a
simple subject. Furthermore, its level of difficulty depends very much on the group
in question, and so it is correspondingly not easy to give a general spectral theory for
random fields over groups. The most general results in this area are in the paper by
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Yaglom [178] already mentioned above, and the remainder of this section is taken
from there.”!

We shall make life simpler by assuming for the rest of this section that 7 is a
locally compact Abelian (LCA) group. As before, we shall denote the binary group
operation by +, while — denotes inversion. The Fourier analysis of LCA groups is
well developed (e.g., [133]) and based on characters. A homomorphism y from T
to the multiplicative group of complex numbers is called a character if ||y (¢)|| = 1
forallt € T and if

y(t+s)=y@®)y(s), s,teT.

If T = R" under the usual addition, then the characters are given by the family

— Qi)

iy)h(t) =¢ }AGRN
of complex exponential functions, which were at the core of the spectral theory of
fields over RN, If T = ZN, again under addition, the characters are as for 7' = RN,
but A is restricted to [—7, 7]V. If T = R" under rotation rather than addition, then
the characters are the spherical harmonics on SV 1.

The set of all continuous characters also forms a group, I' say, called the dual
group, with composition defined by

1 +y2)@) = n@®y2().

There is also a natural topology on I' (cf. [133]) that gives I' an LCA structure and

. A . .
under which the map (y,f) = y(t) : ' x T — C is continuous. The spectral
distribution theorem in this setting can now be written as

C() :/l;(y, Hv(dy), (5.8.1)

where the finite spectral measure v is on the o -algebra generated by the topology on
I". The spectral representation theorem can be correspondingly written as

F) = fr (v, DW (), (5.82)

where W is a v-noise on I'.

Special cases now follow from basic group-theoretic results. For example, if T
is discrete, then I is compact, as we noted already for the special case of T = ZV.
Consequently, the integral in the spectral representation (5.8.2) is actually a sum and

21 There is also a very readable, albeit less exhaustive, treatment in Hannan [76]. In addition,
Letac [103] has an elegant exposition based on Gelfand pairs and Banach algebras for
processes indexed by unimodular groups, which, in a certain sense, give a generalization of
isotropic fields over RY. Ylinen [179] has a theory for noncommutative locally compact
groups that extends the results in [178].



5.8 Stationarity over Groups 121

as such will be familiar to every student of time series. Alternatively, if 7' is compact,
I" is discrete. This implies that v must be a sum of point masses and W is actually a
discrete collection of independent random variables.

An interesting and important special case that we have already metis T =
Treating T as both an N-sphere and the rotation group O(N), we write the sum
01 + 6y, for 61,6, € SN~ for the rotation of 6; by 65, the latter considered as an
element of O(N). In this case the characters are again the spherical harmonics, and
we have that

sN-1,

oo dpy
FO =33 Wuhly Vo), (5.8.3)
m=0 [=1

where the W,,; are uncorrelated with variance depending only on m. This, of course,
is simply (5.7.6) once again, derived from a more general setting. Similarly, the
covariance function can be written as

CO1.0) =COr) =Y oaCh " (cos(@r2)). (5.8.4)

m=0

where 01, is the angular distance between 0; and 6,, and the C,I,\l’ are the Gegenbauer
polynomials.

Other examples for the LCA situation follow in a similar fashion from (5.8.1) and
(5.8.2) by knowing the structure of the dual group I".

The general situation is much harder and, as has already been noted, relies heavily
on knowing the representation of 7. In essence, given arepresentation of G on GL(H)
for some Hilbert space H, one constructs a (left or right) stationary random field on
G via the canonical white noise on H. The construction of Lemma 5.3.2 with 7 = G
and H = L*(G, i) can be thought of as a special example of this approach. For
further details, you should go to the references given earlier in this section.
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If you have not yet read the preface, then please do so now.
Since you have read the preface, you already know that central to much of what
we shall be looking at in Part III is the geometry of excursion sets:

Av= AL TR eT: £() = u) = £ ([u, 00))

for random fields f over general parameter spaces 7 .

In order to do this, we are going to need quite a bit of geometry. In fact, we are
going to need a lot more than one might expect, since the answers to the relatively
simple questions that we shall be asking end up involving concepts that do not, at
first sight, seem to have much to do with the original questions.

In Part III we shall see that an extremely convenient description of the geometric
properties of A is its Euler, or Euler—Poincaré, characteristic. In many cases, the
Euler characteristic is determined by the fact that it is the unique integer-valued
functional ¢, defined on collections of nice A, satisfying

0 ifA=40,

A) =
A =11 i As ballike,

where by “ball-like”” we mean homotopically equivalent®? to the unit N-ball, BV =
{t € RN :|¢| < 1}, and with the additivity property that

9(AUB) = ¢(A) + ¢(B) — (AN B).

More global descriptions follow from this. For example, if A is a nice set in R?,
then @(A) is simply the number of connected components of A minus the number
of holes in it. In R3, ¢(A) is given by the number of connected components, minus
the number of “handles,” plus the number of holes. Thus, for example, the Euler
characteristics of a baseball, a tennis ball, and a coffee cup are, respectively, 1, 2,
and 0.

One of the basic properties of the Euler characteristic is that it is determined by
the homology class of a set. That is, smooth transformations that do not change
the basic “shape” of a set do not change its Euler characteristic. In Euclidean spaces
finer geometric information, which will change under such transformations, lies in the
so-called Minkowski functionals. However, even if we were to decide to do without
this finer information, we would still arrive at a scenario involving it. We shall see,
again in Part III, that the expected value of ¢ (A, (f, T)) will, in general, involve the
Minkowski functionals of 7. This is what was meant above about simple questions
leading to complicated answers.

There are basically two different approaches to developing the geometry that we
shall require. The first works well for sets in R™ that are made up of the finite union
of simple building blocks, such as convex sets. For many of our readers, we imagine
that this will suffice. The basic framework here is that of integral geometry.

The second, more fundamental approach is via the differential geometry of ab-
stract manifolds. As described in the preface, this more general setting has very con-
crete applications, and moreover, often provides more powerful and elegant proofs

22 The notion of homotopic equivalence is formalized below by Definition 6.1.4. However,
for the moment, “ball-like” will be just as useful a concept.
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for a number of problems related to random fields even on the “flat” manifold RV
This approach is crucial if you want to understand the full theory. Furthermore, since
some of the proofs of later results, even in the integral-geometric setting, are more
natural in the manifold scenario, it is essential if you need to see full proofs. How-
ever, the jump in level of mathematical sophistication between the two approaches is
significant, so that unless you feel very much at home in the world of manifolds you
are best advised to read the integral-geometric story first.

Chapter 6 handles all the integral geometry that we shall need. The treatment
there is detailed, complete, and fully self-contained. This is not the case when we
turn to differential geometry, where the theory is too rich to treat in full. We start with
a quick and nasty revision of basic differential geometry in Chapter 7, most of which
is standard graduate-course material. Chapter 8 treats piecewise smooth manifolds,
which provide the link between the geometry of Chapter 6, with its sharp corners and
edges, and the smooth manifolds of Chapter 7. In Chapter 9 we look at Morse theory
in the piecewise smooth setting. While Morse theory in the smooth setting is, once
again, standard material, the piecewise smooth case is less widely known. In fact,
Chapter 9 actually contains some new results that, unlike most of the rest of Part II,
we were not able to find elsewhere.

In the passage from integral to differential geometry a number of things will
happen. Among them, the space T (time, or multidimensional time) will become
M (manifold)?® and the Minkowski functionals will become the Lipschitz—Killing
curvatures.

While Lipschitz—Killing curvatures are well-known objects in global differential
geometry, we do not imagine that they will be too well known to the probabilist reader.
Hence we devote Chapter 10 to a study of the so-called fube formulas, originally
due to Hermann Weyl [168] in Euclidean spaces. In addition, as we have already
noted in the preface, some of the proofs are different from what is found in the
standard geometry literature, in that they rely on properties of Gaussian distributions.
Furthermore, Chapter 10 also discusses a relatively new generalization of the Weyl
results to manifolds in Gauss space, due to JET [158].

The tube formulas of Chapter 10 can also be exploited to develop a formal ap-
proximation to the excursion probability

P[supf(t)zu}

teM

for certain Gaussian fields with finite orthonormal expansions,?* and we shall look at
this in Sections 10.2 and 10.6.

All of Part II, old and new, is crucial for understanding the general proofs of
Part III.

23 A true transition from T to M would also have the elements 7 of T becoming elements
p (points) of M. However, as we have already mentioned, this seems to be too heavy a
psychological price for a probabilist to pay, so we shall remain with points # € M. For this
mortal sin of misnotation we beg forgiveness from our geometer colleagues.

24 The most general case will be treated in detail in Chapter 14 via Morse-theoretic techniques.
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Integral Geometry

Our aim in this chapter is to develop a framework for handling excursion sets, which
we now redefine in a nonstochastic framework.

Definition 6.0.1. Let f be a measurable real-valued function on some measurable
space, and let T be a measurable subset of that space. Then, for eachu € R,

Av=A L TRt eT: (1) >u) (6.0.1)
is called the excursion set of f in T over the level u.

Throughout this chapter, T will be a “nice” (in a sense to be specified soon) subset
of R¥, and our tools will be those of integral geometry.

6.1 Basic Integral Geometry

Quite comprehensive studies of integral geometry are available in the monographs
of Hadwiger [74] and Santal6 [139], although virtually all the results we shall derive
can also be found in the paper by Hadwiger [75]. Other very useful and somewhat
more modern and readable references are Schneider [141] and Klain and Rota [92].

Essentially, we shall be interested in the study of a class of geometric objects
known as basic complexes. Later on, we shall show that with probability one, the
excursion sets of a wide variety of random fields belong to this class, and the concepts
that we are about to discuss are relevant to random fields. We commence with some
definitions and simple results, all of which are due to Hadwiger [75].

Assume that we have equipped RY with a Cartesian coordinate system, so that the
N vectors e; (with 1 in the jth position and zeros elsewhere) serve as an orthonormal
basis. Throughout this and the following two sections, everything that we shall have to
say will be dependent on this choice of basis. The restriction to a particular coordinate
system will disappear in the coordinate-free approach based on manifolds.
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We call a k-dimensional affine subspace of the form
E:{teRN:tj:aj, jelJ, —oo<tj<oo, j¢J}

a (coordinate) k-plane of RY if J isasubset of size N —k of{l,..., N}anda;, j € J,
are fixed.

We shall call a compact set B in RY basic if the intersections E N B are sim-
ply connected for every k-plane E of R¥ k = 1,..., N. Note that this includes
the case E = RY. These sets, as their name implies, will form the basic build-
ing blocks from which we shall construct more complicated and interesting struc-
tures. It is obvious that the empty set ¢ is basic, as is any closed convex set. In-
deed, convex sets remain basic under rotation, a property that characterizes them.
Note that it follows from the definition that if B is basic, then so is £ N B for any
k-plane E.

Aset A C R is called a basic complex if it can be represented as the union of a

finite number of basic sets, By, ..., By, for which the intersections B,, N ---N B,
are basic for any combination of indices vy, ..., v, k = 1, ..., m. The collection of
basic sets

p=p(A)={B1,..., By}

is called a partition of A, and their number, m, is called the order of the partition.
Clearly, partitions are in no way unique, nor, despite the terminology, are the elements
of a partition necessarily disjoint.

The class of all basic complexes, which we shall denote by Cp, or Cg if we need
to emphasize its dimension, possesses a variety of useful properties. For example,
if A € Cg,then EN A € Cp for every k-plane E. In fact, if E is a k-plane with
k < Nand A € Cg’, we have EN A € C’é. To prove this it suffices to note
that if

p=1{B1,..., By}
is a partition of A, then
p ={ENBy,...,ENB,}
is a partition of £ N A, and since E N B; is a k-dimensional basic set for all

JyENAeck.

Another useful property of Cp is that it is invariant under those rotations of R
that map the vectors ey, . .., exy onto one another. It is not, however, invariant under
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all rotations, a point to which we shall return later.! Furthermore, C p 1s additive, in
the sense that A, B € Cg and AN B = ¢ imply> AU B € Cp.

These and similar properties make the class of basic complexes quite large, and,
in view of the fact that convex sets are basic, implies that they include the convex ring
(i.e., the collection of all sets formed via finite union and intersection of convex sets).

With a class of sets in mind, we can now begin our search for a way to describe
the shape of sets by looking for an integer-valued functional® with the following two
basic properties:

0 ifA=0,
w(A) = . . . (6.1.1)
1 if A #£ @ is basic,

and
9(AUB) =9(A) +¢(B) —9(ANB), (6.1.2)

whenever A, B, AUB, ANB e€(Cp.

An important result of integral geometry states that not only does a functional
possessing these two properties exist, but it is uniquely determined by them. We shall
prove this by obtaining an explicit formulation for ¢, which will also be useful in its
own right.

Let p = p(A) be a partition of order m of some A € Cp into basic sets. Define
the characteristic of the partition to be

I Anote for the purist: Asnoted earlier, our definition of C g is dependent on the choice of basis,
which is what loses us rotation invariance. An easy counterexample in C% is the descending
staircase ( J32; Bj, where Bj = {(x,y) : 0 < x < 27J,1—21=J <y < 1-27J}. Thisis
actually a basic set with relation to the natural axes, but not even a basic complex if the axes
are rotated 45 degrees, since then it cannot be represented as the union of a finite number
of basic sets.

Hadwiger’s [75] original definition of basic complexes was basis-independent but cov-
ered a smaller class of sets. In essence, basic sets were defined as above (but relative to a
coordinate system) and basic complexes were required to have a representation as a finite
union of basic sets for every choice of coordinate system. Thus our descending staircase is
not a basic complex in his scenario.

While more restrictive, Hadwiger’s approach gives a rotation-invariant theory. The
reasons for our choice will become clearer later on, when we return to a stochastic setting.
See, in particular, Theorem 11.3.3 and the comments following it. See also the axis-free
approach of Section 9.2.

2 Note thatif ANB # #, then AUB is not necessarily a basic complex. For a counterexample,
take A to be the descending staircase of the previous footnote, and let B be the line segment
{(x,y) : y=1—x,x € [0, 1]}. There is no way to represent A U B as the union of a finite
number of basic sets, essentially because of the infinite number of single point intersections
between A and B, or, equivalently, the infinite number of holes in A U B.

3 A functional on a lattice of sets that satisfies (6.1.2) and p(A) = 0if A # @ is called an
evaluation; cf. [92].



130 6 Integral Geometry

k(A, p) = Z(I)E(Bj) - Z(Z)G(B,-l NBj)+--- (6.1.3)

+ (—1)”“2(")e(3,~1 N---NBj)+- -
+ (=)™ e(Bin---N By,

where Z(") denotes summation over all subsets {ji, ..., j,}of {1,...,m},1 <n <
m, and € is an indicator function for basic sets, defined by

ey= | TA=D
1 if A # (s basic.

Then, if a functional ¢ satisfying (6.1.1) and (6.1.2) does in fact exist, it follows
iteratively from these conditions and the definition of basic complexes that for any
A € Cp and any partition p,

@(A) =«k(A, p). (6.1.4)

Thus, given existence, uniqueness of ¢ will follow if we can show that « (A, p) is
independent of the partition p.

Theorem 6.1.1. Let A C R be a basic complex and p = p(A) a partition of A.
Then the quantity k (A, p) is independent of p. If we denote this by ¢(A), then ¢
satisfies (6.1.1) and (6.1.2), and ¢(A) is called the Euler characteristic of A.

Proof. The main issue is that of existence, which we establish by induction. When
N =1, basics are simply closed intervals or points, or the empty set. Thus, setting

¢(A) = number of disjoint intervals and isolated points in A

yields a function satisfying ¢(A) = «(A, p) for every p and A C C}; for which
(6.1.1) and (6.1.2) are clearly satisfied.

Now let N > 1 and assume that for all spaces of dimension k less than N we have
a functional ¢* on Clg for which ¢*(A) = k (A, p) forall A € C’é and every partition
p of A. Choose one of the vectors e}, and for x € (—o0, c0) let E, (which depends
on j) denote the (N — 1)-plane

E;2(teR 1 =x). (6.1.5)

Let A € Cg and let p = p(A) = {By, ..., By} be one of its partitions. Then clearly
the projections onto Eq of the cross-sections AN E are all inC g ~! 5o that there exists
a partition-independent functional ¢, definedon {ANE,, A €C g } determined by

ox(ANEy) = cpN_l(projection of AN E, onto Ey).

Via ¢, we can define a new partition-independent function f by
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F(A, x) =@ (ANEy). (6.1.6)

However, by the induction hypothesis and (6.1.6), we have from (6.1.3) that

)] (@)
fAX)=)""eBjNE)—Y €BjNB,NE)+ .
Consider just one of the right-hand terms, writing
€(x) =€(Bj;N---NBj, NEy).

Assume that the intersection B;, N---N B}, is nonempty. Otherwise, there is nothing
to prove. Since € (x) is zero when the intersection of the B, with Ey is empty and one
otherwise, we have for some finite ¢ and b that e(x) = 1ifa < x <bande(x) =0
otherwise. Thus €(x) is a step function, taking at most two values. Hence f(A, x),
being the sum of a finite number of such functions, is again a step function, with a
finite number of discontinuities. Thus the left-hand limits

fA,x7) =1lim f(A,x — ) 6.1.7)
o
always exist. Now define a function &, which is nonzero at only a finite number of
points x, by
h(A,x) = f(A,x) — f(A,x7) (6.1.8)
and define

9(A) =Y "h(A, x), (6.1.9)

where the summation is over the finite number of x for which the summand is nonzero.
Note that since f is independent of p, so are 4 and ¢.

Thus we have defined a functional on Cp, and we need only check that (6.1.1)
and (6.1.2) are satisfied to complete this section of the proof. Firstly, note that if B is
a basic set and B # (J, and if a and b are the extreme points of the linear set formed
by projecting B onto ¢;, then f(B, x) = 1 if a < x < b and equals zero otherwise.
Thus h(B,a) = 1, while h(B,x) = 0, x # a, so that ¢(B) = 1. This is (6.1.1)
since (@) = 0 is obvious. Now let A, B, AU B, AN B all belong to Cp. Then the
projections onto Eq of the intersections

ANE,, BNE,, (AUB)NE,, ANBNE,
all belong to C 2’ ~! and so by (6.1.6) and the induction hypothesis,
f(AUB,x)= f(A,x)+ f(B,x) — f(AN B, x).
Replacing x by x~ and performing a subtraction akin to that in (6.1.8) we obtain

h(AU B, x) =h(A, x) + h(B,x) —h(AN B, x).
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Summing over x gives
9(AUB) = ¢(A) + ¢(B) —¢(ANB),

so that (6.1.2) is established and we have the existence of our functional ¢. It may,
however, depend on the partition p used in its definition.

For uniqueness, note that since by (6.1.4), k (A, p’) = ¢(A) for any partition p’,
we have that k (A, p’) is independent of p’ and so that ¢ (A) is independent of p. That
is, we have the claimed uniqueness of ¢.

Finally, since « (A, p) is independent of the particular choice of the vector e;
appearing in the proof, so is ¢. O

The proof of Theorem 6.1.1 actually contains more than we have claimed in
the statement of the result, since in developing the proof, we actually obtained an
alternative way of computing ¢(A) for any A € Cp. This is given explicitly in the
following theorem, for which Ej is as defined in (6.1.5).

Theorem 6.1.2. For basic complexes A € CY, the Euler characteristic ¢, as defined
by (6.1.4), has the following equivalent iterative definition:

number of disjoint intervals in A if N = 1,

Y AP(ANE) —9(ANE:)) ifN > 1, (6.1.10)

p(A) = {

where

Pp(ANE,-) = hi% (AN Ex_y)
y

and the summation is over all real x for which the summand is nonzero.

This theorem is a simple consequence of (6.1.9) and requires no further proof.
Note that it also follows from the proof of Theorem 6.1.1 (cf. the final sentence there)
that the choice of vector e; used to define Ej is irrelevant.*

The importance of Theorem 6.1.2 lies in the iterative formulation it gives for ¢,
for using this, we shall show in a moment how to obtain yet another formulation that
makes the Euler characteristic of a random excursion set amenable to probabilistic
investigation.

Figure 6.1.1 shows an example of this iterative procedure in R2. Here the vertical
axis is taken to define the horizontal 1-planes E,. The values of ¢(A N E,) appear
closest to the vertical axis, with the values of / to their left. Note in particular the set
with the hole “in the middle.” It is on sets like this, and their counterparts in higher
dimensions, that the characteristic ¢ and the number of connected components of
the set differ. In this example they are, respectively, zero and one. For the moment,
ignore the arrows and what they are pointing at.

41t is also not hard to show that if A is a basic complex with respect to each of two coordinate
systems (which are not simple relabelings of one another) then ¢(A) will be the same for
both. However, this is taking us back to the original formulation of [75], which we have
already decided is beyond what we need here.
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-1

+1

+1 +1

Fig. 6.1.1. Computing the Euler characteristic.

To understand how this works in higher dimensions, you should try to visualize
some N-dimensional examples to convince yourself that for the N-dimensional unit
ball, BY, and the N-dimensional unit sphere, sN-1

eBY) =1, " H=1+ DN L 6.1.11)

It is somewhat less easy (and, indeed, quite deep in higher dimensions) to see that
if K x denotes BY with k nonintersecting cylindrical holes drilled through it, then,
since both Ky ; and its boundary belong to C N

oK) =14 (=K,
while
e@Kn ) =1+ =DV =k
Finally, if we write K N.k to denote BY with k “handles” attached, then
oKy =1-k.

In view of (6.1.11), knowing the Euler characteristic of balls means that we know
it for all basic sets. However, this invariance goes well beyond balls, since it can also
be shown that the Euler characteristic is the same for all homotopically equivalent
sets, i.e., sets that are geometrically “alike” in that they can be deformed into one
another in a continuous fashion. Here is a precise definition of this equivalence.

Definition 6.1.3. Let f and g be two mappings from A to B, both subsets of a Haus-
dorff space® X. If there exists a continuous mapping, F : A x [0, 1] — X with the
following three properties, then we say that f is homotopic or deformable to g:

F(t,0)= f(t) VteA,

F(t,t)e X Vi e A, T €][0,1],

F(,1)=g() VteA.

5 A Hausdorff space is a topological space T for which, given any two distinct points s, t € T,
there are opensets U, V C T withs e U,r e Vand U NV = (.
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Definition 6.1.4. Let A and B be subsets of (possibly different) Hausdorff spaces. If
there exist continuous f : A — B and g : B — A for which the composite maps
gof:A— Aand fog: B — B aredeformable, respectively, to the identity maps
on A and B, then A and B are called homotopically equivalent.

6.2 Excursion Sets Again

We now return briefly to the setting of excursion sets. Our aim in this section will
be to find a way to compute their Euler characteristics directly from the function f,
without having to look at the sets themselves. In particular, we will need to find a
method that depends only on local properties of f, since later, in the random setting,
this (via finite-dimensional distributions) will be all that will be available to us for
probabilistic computation.

Since the main purpose of this section is to develop understanding and since we
shall ultimately use the techniques of the critical point theory developed in Chapter 9
to redo everything that will be done here in far greater generality, we shall not give
all the details of all the proofs. The interested reader can find most of them either
in GRF [2] or the review [4]. Furthermore, we shall restrict the parameter set T to
being a bounded rectangle of the form

N
T=[s.01 2 [[lsin]. —o00<s <1 < 0. 6.2.1)
i=1
For our first definition, we need to decompose 7 into a disjoint union of open sets,
starting with its interior, its faces, edges, etc. More precisely, a face J, of dimension
k, is defined by fixing a subset o (J) of {1, ..., N} of size k and a sequence of N —k
zeros and ones, which we write as e(J) = {¢;, j ¢ o(J)}, so that

J={veT v =—es+ejiifj ¢ o), 6.2.2)
sjp<vj<tjifj eo(J)}.

Note that faces are always open sets.

In anticipation of later notation, we write d; T for the collection of faces of di-
mension k in 7. This is known as the k-skeleton of T. Then oy T contains only T°,
while 89T contains the 2%V vertices of the rectangle. In general, 3; T has

Jp 2Nk (2’ ) (6.2.3)

elements. Note also that the usual boundary of 7', 3T, is given by the disjoint union

aT=NL_J1 U 7

k=0 Jeo,T
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We start with some simple assumptions on f and, as usual, write the first- and
second-order partial derivatives of f as f; = 0f/0t;, fij = 82f/81,-8tj.

Definition 6.2.1. Let T be a bounded rectangle in RN and let f be a real-valued
function defined on an open neighborhood of T.

Then, if for a fixed u € R the following three conditions are satisfied for each
face J of T for which N € o(J), we say that f is suitably regular with respect to T
at the level u if the following conditions hold.

(A) f has continuous partial derivatives of up to second order

in an open neighborhood of T . 6.24)
(B) f|s has no critical points at the level u. (6.2.5)
(C) If J € 0T and D;(t) denotes the symmetric (k — 1) x (k — 1)

matrix with elements fij, i, j € o(J) \ {N}, then there are no 6.2.6)

t € J forwhich0 = f(t) —u =det D;(t) = f;(t) for all
J€a()\{N}.

The first two conditions of suitable regularity are meant to ensure that the boundary
0A, = {t € T : f(t) = u} of the excursion set is smooth in the interior 7° of T and
that its intersections with 0T also is smooth. The last condition is a little more subtle,
since it relates to the curvature of 9 A, both in the interior of 7 and on its boundary.

The main importance of suitable regularity is that it gives us the following theorem.

Theorem 6.2.2. Let f : RN — R! be suitably regular with respect to a bounded
rectangle T at level u. Then the excursion set A, (f, T) is a basic complex.

The proof of Theorem 6.2.2 is not terribly long, but since it is not crucial to
what will follow, it can be skipped at first reading. The reasoning behind it is all in
Figure 6.2.1, and after understanding this you can skip to the examples immediately
following the proof without losing much.

For those of you remaining with us, we start with a lemma.

Lemma 6.2.3. Let f : RN — R! be suitably regular with respect to a bounded
rectangle T at the level u. Then there are only finitely many t € T for which

f—u=fit)=---= fn_1(t) =0. (6.2.7)
Proof. To start, let g = (g!,..., g") : T — RY be the function defined by
gl =f0—u g®)=Ffi_1(), j=2.....N. (6.2.8)

Let t € T satisfy (6.2.7). Then, by (6.2.5), t ¢ 9T i.e., ¢ is in the interior of
T. We shall show that there is an open neighborhood of ¢ throughout which no other
point satisfies (6.2.7), which we rewrite as g(¢) = 0. This would imply that the points
in T satisfying (6.2.7) are isolated, and thus, from the compactness of T, we would
have that there are only a finite number of them. This, of course, would prove the
lemma.
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The inverse mapping theorem® implies that such a neighborhood will exist if the
N x N matrix (dg'/0t;) has a nonzero determinant at t. However, this matrix has
the following elements:

ag!

%8 _ pe forj=1,...,N,

a1, fi@® or j

31'

8 fiij@) fori=2,...,N.j=1,....N.
8tj ’

Since 1 satisfies (6.2.7), all elements in the first row of this matrix, other than the N'th,
are zero. Expanding the determinant along this row gives us that it is equal to

(=DN (1) det D(1), (6.2.9)

where D(¢) is as defined in (6.2.6). Since (6.2.7) is satisfied, (6.2.5) and (6.2.6) imply,
respectively, that neither fx(¢) nor the determinant of D(¢) is zero, which, in view
of (6.2.9), is all that is required. O

Proof of Theorem 6.2.2. When N = 1 we are dealing throughout with finite collec-
tions of intervals, and so the result is trivial.

Now take the case N = 2. We need to show how to write A, as a finite union of
basic sets.

Consider the set of points ¢ € T satisfying either

f@® —u=fi() =0 (6.2.10)

or

f@)—u= fo(t) =0. (6.2.11)

For each such point draw a line containing the point and parallel to either the horizontal
or vertical axis, depending, respectively, on whether (6.2.10) or (6.2.11) holds. These
lines form a grid over T, and it is easy to check that the connected regions of A, within
each cell of this grid are basic. Furthermore, these sets have intersections that are
either straight lines, points, or empty, and Lemma 6.2.3 (applied to the original axes
and a 90° rotation of them) guarantees that there are only a finite number of them, so
that they form a partition of A,,. (An example of this partitioning procedure is shown
in Figure 6.2.1. The dots mark the points where either (6.2.10) or (6.2.11) holds.)
This provides the required partition, and we are done.

6 The inverse mapping theorem goes as follows: Let U C RV be open and g =
(gl, ey gN ) : U — RV a function possessing continuous first-order partial derivatives
agi/atj, i,j=1,..., N. Then if the matrix (agi/atj) has a nonzero determinant at some
point ¢ € U, there exist open neighborhoods U and Vj of ¢ and g(#), respectively, and a
function g_1 : V1 — Uy, for which

gl @) =1 and gg ') =5

forallt € Uy and s € Vj.
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Fig. 6.2.1. Partitioning excursion sets into basic components.

For N > 2 essentially the same argument works, using partitioning (N — 1)
planes passing through points at which

fO) —u=fi()=---= fn-1(0).

Lemma 6.2.3 again guarantees the finiteness of the partition. The details are left
to you.” O

We now attack the problem of obtaining a simple way of computing the Euler
characteristic of A,,. As you are about to see, this involves looking at each A, N J,
J € &T,0 < k < N, separately. We start with the simple example 7 = I, in
which 0,7 = T, 91T is composed of four open intervals parallel to the axes, and
doT contains the four vertices of the square. Since this is a particularly simple case,
we shall pool 91T and 9yT, and handle them together as o7 .

Thus, let f : R2 — R! be suitably regular with respect to I at the level u.
Consider the summation (6.1.10) defining ¢ (A, (f, I%)), that is,

p(Aw) = Z {p(Au NEx) — ¢(Ay NE-)}, (6.2.12)
x€(0,1]

where now E is simply the straight line #, = x, and so n 2 ¢(A, N E,) counts the
number of distinct intervals in the cross-section A, N E.. The values of x contributing
to the sum correspond to values of x where n, changes.

It is immediate from the continuity of f that contributions to ¢(A,) can occur
only when E is tangential to dA, (Type I contributions) or when f(0,x) = u or
f (1, x) = u (Type II contributions). Consider the former case first.

If E, istangential to 0 A, at apointz, then f1(¢#) = 0. Furthermore, since f (¢) = u
on dA,, we must have that f>(¢) # 0, as a consequence of suitable regularity. Thus,
in the neighborhood of such a point and on the curve dA,, t> can be expressed as an
implicit function of #; by

ft,g) =u.

7 You should at least try the three-dimensional case, to get a feel for the source of the conditions
on the various faces of T in the definition of suitable regularity.
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The implicit function theorem® gives us
dn, [
dn H@®)’

so that applying what we have just noted about the tangency of E, to dA,, we have
for each contribution of Type I to (6.2.12) that there must be a point ¢ € I? satisfying

f@)=u (6.2.13)
and

fi(®) =0. (6.2.14)

Furthermore, since the limit in (6.2.12) is one-sided, continuity considerations
imply that contributing points must also satisfy

H@) > 0. (6.2.15)

Conversely, for each point satisfying (6.2.13) to (6.2.15) there is a unit contribution
of Type I'to ¢(A,). Note that there is no contribution of Type I to ¢(A,) from points
on the boundary of 12 because of the regularity condition (6.2.5). Thus we have a one-
to-one correspondence between unit contributions of Type I to ¢ (A,,) and points in the
interior of 72 satisfying (6.2.13) to (6.2.15). It is also easy to see that contributions of
+1 will correspond to points for which f11(#) < 0 and contributions of —1 to points
for which fi;(t) > 0. Furthermore, because of (6.2.6) there are no contributing
points for which f11(z) = 0.

Consider now Type II contributions to ¢ (A), which is best done by looking first
at Figure 6.2.2.

The eight partial and complete disks there lead to a total Euler characteristic of 8.
The three sets A, B, and C are accounted for by Type I contributions, since in each
case the above analysis will count +1 at their lowest points. We need to account for
the remaining five sets, which means running along 972 and counting points there.
In fact, what we need to do is count 41 at the points marked with a e. There is never

8 The implicit function theorem goes as follows: Let U € RN be openand F : U — R
possess continuous first-order partial derivatives. Suppose at t* € U, F(t*) = u and
Fpn (t*) # 0. Then the equation

F(th"'7tN71’g(t17'~'7tN71)) =u

defines an implicit function g that possesses continuous, first-order partial derivatives in
some interval containing (¢, ..., fx _,), and such that g(¢f', ..., 5, _|) = t5;. The partial
derivatives of g are given by

g __F

—— forj=1,...,N—1.
01 Fy

Furthermore, if F is k-times differentiable, so is g.
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Fig. 6.2.2. Contributing points to the Euler characteristic.
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aneed to count —1 on the boundary. Note that on the two vertical sections of /2 we
count +1 whenever we enter the set (at its intersection with 372) from below. There
is never a contribution from the top side of 1 2. For the bottom, we need to count the
number of connected components of its intersection with the excursion set, which
can be done either on “entering” or “leaving” the set in the positive #; direction. We
choose the latter, and so must also count a +1 if the point (1, 0) is covered.

Putting all this together, we have a Type II contribution to ¢ (A) whenever one of
the following four sets os conditions is satisfied:

f=(0,0), f() =u, fi(1) <0,
= (0.0). f() =1, fr(1) >0,

t= (L), f(O) =u, fot) >0, (6.2.16)
t=(1,0), f(t) > u.

The above argument has established the following, which in Chapter 9, with com-
pletely different techniques and a much more sophisticated and powerful language,
will be extended to parameter sets in R and on C? manifolds with piecewise smooth
boundaries:

Theorem 6.2.4. Let f be suitably regular with respect to I? at the level u. Then the
Euler characteristic of its excursion set A, (f, I?) is given by the number of points t
in the interior of 1* satisfying

f@®—u=fit) =0, f@) >0, and f11(t) <O, (6.2.17)
minus the number of points satisfying
f@)—u= fi@) =0, f@) >0, and f11(t) >0, (6.2.18)

plus the number of points on the boundary of I* satisfying one of the four sets of
conditions in (6.2.16).

This is what we have been looking for in a doubly simple case: The ambient
dimension was only 2, and the set 7 a simple square. There is another proof of
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Theorem 6.2.4 in Section 9.4, built on Morse theory. There you will also find a gener-
alization of this result to I for all finite N, although the final point set representation
is a little different from that of (6.2.16). Morse theory is also the key to treating far
more general parameter spaces. Nevertheless, what we have developed so far, along
with some ingenuity, does let us treat some more general cases, for which we give
an example. You should be able to fill in the details of the computation by yourself,
although some hand waving may be necessary. Here is the example:

A

A

Fig. 6.2.4. Points on a horizontal part of the boundary.

Consider the parameter space T to be the surrounding dumbell shape of Fig-
ure 6.2.3. Of the four components of the excursion set (the hatched objects), three
intersect d7. We already know how to characterize the small component in the top
left: We count a 41 for each e, —1 for each o, and sum. The problem is what to do
with the remaining two components. Worsley [174] showed that what needs to be
done is again to subtract from the number of points in the interior of 7' that satisfy
(6.2.17) the number satisfying (6.2.18) and then to go along d7 and add a +1 for
each point marked with a e.

More precisely, the rules for marking are as follows:

(a) If ¢ is in the interior of T', then apply the criteria (6.2.17) and (6.2.18) exactly as
before, marking e (4+1) and o (—1), respectively.
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(b) Ifr €e aT N0 A, and the tangent to T is not parallel to the horizontal axis, then
let fup(t) be the derivative of f in the direction of the tangent to 97 pointing
in the positive t, direction. (Two such tangent vectors appear as ¢ and 7 in
Figure 6.2.3.) Furthermore, take the derivative of f with respect to #; in the
direction pointing into T. Call this f, . (It will equal either f; or — f1, depending
on whether the angles 6 in Figure 6.2.3 from the horizontal to the T vector develop
in a counterclockwise or clockwise direction, respectively.) Now mark 7 as a e
(and so count as +1) if f (#) < 0 and fyp(#) > 0. There are no o points in this
class.

(c) Ift €e 9T N 0A,, and the tangent to 97T is parallel to the horizontal axis, but 7 is
not included in an open interval 97 that is parallel to this axis, then proceed as in
(b), simply defining f to be fj if the tangent is above 97 and — f; otherwise.

(d) Ift € 9T N9 A, belongs to an open interval of 9T that is parallel to the horizontal
axis (as in Figure 6.2.4), then mark it as a e if T is above 9T and fi(¢) < 0.
(Thus, as in Figure 6.2.4, points such as B and C by which A, “hangs” from 0T
will never be counted.)

(e) Finally, if t € 9T N A, has not already been marked, and coincides with one of
the points that contribute to the Euler characteristic of T itself (e.g., A, B, and J
in Figure 6.2.3), then mark it exactly as it was marked in computing ¢ (7).

All told, this can be summarized as follows.

Theorem 6.2.5 (Worsley [174]). Let T C R? be compact with boundary 9T that is
twice differentiable everywhere except, at most, at a finite number of points. Let f
be suitably regular for T at the level u. Let x (A, (f, T)) be the number of points in
the interior of T satisfying (6.2.17) minus the number satisfying (6.2.18).

Denote the number of points satisfying (b)—(d) above as xyr, and denote the sum
of the contributions to ¢(T) of those points described in (e) by gyr. Then

@(A) = x(A) + xor + par. (6.2.19)

Theorem 6.2.5 can be extended to three dimensions (also in [174]). In principle, it
is not too hard to guess what has to be done in higher dimensions as well. Determining
whether a point in the interior of 7 and on dA,, contributes a +1 or —1 will depend
on the curvature of A, while if r € 9T, both this curvature and that of 0T will have
roles to play.

Itis clear that these kinds of arguments are going to get rather messy very quickly,
and a different approach is advisable. This is provided via the critical point theory of
differential topology, which we shall develop in Chapter 9. However, before doing
this we want to develop some more geometry in the still relatively simple scenario of
Euclidean space and describe how all of this relates to random fields.

6.3 Intrinsic Volumes

The Euler characteristic of Section 6.1 arose as the unique additive functional (cf.
(6.1.2)) that assigned the value 1 to sets homotopic to a ball, and O to the empty set.
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It turned out to be integer-valued, although we did not demand this in the beginning,
and has an interpretation in terms of “counting’ the various topological components
of a set. But there is more to life than mere counting, and one would also like to be
able to say things about the volume of sets, the surface area of their boundaries, their
curvatures, etc. In this vein, it is natural to look for a class of N additional position-
and rotation-invariant functionals {L ; }?Izl that are also additive in the sense of (6.1.2)
and scale with dimensionality in the sense that

Li(AA) =2 L;(A), »>0, (6.3.1)

where 1A 2 {t:t=2As, s €A}

Such functionals exist, and together with L 2 ¢, the Euler characteristic itself,
make up what are known as the intrinsic volumes defined on a suitable class of sets
A. The reason why the intrinsic volumes are of crucial importance to us will become
clear when we get to the discussion following Theorem 6.3.1, which shows that many
probabilistic computations for random fields are intimately related to them. They can
be defined in a number of ways, one of which is a consequence of Steiner’s formula
[92, 139], which, for convex® subsets of RV, goes as follows:

For A Cc RN and p > 0, let

Tube(A, p) = {x € RN : d(x, A) < p} (6.3.2)
be the “tube’ of radius p, or “p-tube,” around A, where

d(x, A) 2 inf |x — y|
yeA

is the usual Euclidean distance from the point x to the set A. An example is given
in Figure 6.3.1, in which A is the inner triangle and Tube(A, p) the larger triangular
object with rounded-off corners.

With Ay denoting, as usual, Lebesgue measure in RY, Steiner’s formula states!©
that Ay (Tube(A, p)) has a finite expansion in powers of p. In particular,

N
Ay (Tube(A, p)) = ZwN_,pN—fﬁj(A), (6.3.3)
j=0
where
nil? s
wj=1j(BO,1) = —— =" (6.3.4)
r(f+1) J

9 Moving from basic complexes down to the very special case of convex sets is a severe
restriction in terms of what we need, and we shall lift this restriction soon. Nevertheless,
convex sets are a comfortable scenario in which to first meet intrinsic volumes.

10 There is a more general version of Steiner’s formula for the case in which T and its tube
are embedded in RN /, where N’ > N = dim(A). In that case (6.3.2) still holds, but with
N replaced by N’. See Theorem 10.5.6 for more details in the manifold setting.
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is the volume of the unit ball in R/. (Recall that s ; was the corresponding surface
area; cf. (5.7.5).)

We shall see a proof of (6.3.3) later on, in Chapter 10, in a far more general
scenario, but it is easy to see from Figure 6.3.1 from where the result comes.

Fig. 6.3.1. The tube around a triangle.

To find the area (i.e., two-dimensional volume) of the enlarged triangle, one needs
only to sum three terms:

* The area of the original, inner triangle.

* The area of the three rectangles. Note that this is the perimeter (i.e., “surface
area’”) of the triangle multiplied by p.

* The area of the three corner sectors. Note that the union of these sectors will
always give a disk of Euler characteristic 1 and radius p.

In other words,
arca(Tube(A, p)) = np2<p(A) + p perimeter(A) + area(A).

Comparing this to (6.3.3), it now takes only a little thought to guess what the
intrinsic volumes must measure. If the ambient space is R2, then L, measures area,
L1 measures boundary length, while £y gives the Euler characteristic. In R3, £3
measures volume, £, measures surface area, £ is a measure of cross-sectional di-
ameter, and L is again the Euler characteristic. In higher dimensions, it takes some
imagination, but £y and Ly_1 are readily seen to measure volume and surface area,
while £ is always the Euler characteristic. Precisely why this happens, how it in-
volves the curvature of the set and its boundary, and what happens in less-familiar
spaces forms much of the content of Section 7.6 and is treated again, in fuller detail,
in Chapter 10.

In the meantime, you can try checking for yourself, directly from (6.3.3) and a
little first-principles geometry, that for an N-dimensional cube of side length 7 the
intrinsic volumes are given by

L ([0, T]N) = (7) T4, (6.3.5)

It is also not hard to see that for N-dimensional rectangles,
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N

L (H[o, m) =) T Ty, (6.3.6)
i=1

where the sum is taken over the (7 ) different choices of subscripts i1, ..., ;.

For handling BY, the ball of radius A, it useful to go beyond first principles.
Noting that Tube(BY, p) = BY, , we have

Ap?
YN
Ay (Tube (Bf’, p)) —0+pVoy =Y ( .))LJpN—./wN
=0 7
N
(N\ .
= Z“’N—jPN’( ) peN
=0 J WN—j
Comparing this to Steiner’s formula (6.3.3), it is immediate that
N .
L <B£’) _ < ) i N (6.3.7)
' J WN—j

For S){V 1 the sphere of radius X in R¥, a similar argument, using the fact that

Tube(S, ', p) = B)Y, , — B ,.

yields

Lj(s§1)=2(]\,7> ON_ 5 =2(N, 1) N5 (6.3.8)
J /) @ON—j J SN—j
if N — 1 — j is even and O otherwise.
Further examples can be found, for example, in [139].
A useful normalization of the intrinsic volumes are the so-called Minkowski func-
tionals, defined as
M;(A) = (jlwj)Ln-;(A), (6.3.9)

so that, when expressed in terms of the M ;, Steiner’s formula now reads like a Taylor
series expansion

N o j
An(Tube(A, p)) = Z %M,-(A). (6.3.10)
j=0 7"

It is an important and rather deep fact, due to Weyl [168] in the manifold setting, !
that the £; are independent of the ambient space in which sets sit. Because of
the reversed numbering system and the choice of constants, this is not true of the
Minkowski functionals.'?

11 See also [73, 92] and Chapter 10, where we develop this in detail.
1275 see why the M are dependent on the ambient space, let iyps be the standard in-
clusion of RV into RM, M > N, defined by iyp(x) = (x1,...,xy.0,...,0) € RM
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There is another way to define intrinsic volumes that works just as well for our
main scenario of basic complexes as it does for convex sets, based on the idea of
kinematic density.'> Let Gy = RY be the isometry group (of rigid motions) on
RY, and equip it with the Haar measure 1, normalized to be Lebesgue measure on
RY and the invariant probability measure on the rotation group O (N). A formula of
Hadwiger states that

£;(A) = mfc ¢(AN gEn_in(dg), (6.3.11)
N

where E is any j-dimensional affine subspace of RV,

[IY] v <N>‘°_N (6.3.12)
J [N = JILT J /) ON—j®@;

where [N]! = Nlwy and ¢ is our old friend the Euler characteristic. The numbers [Z]
are known as flag coefficients [92]. Hadwiger’s formula is important, and we shall
return to it later.

Note, however, that although over the class of convex sets the two definitions of
intrinsic volumes are equivalent, Steiner’s formula no longer holds for these intrinsic
volumes over the class of basic complexes, or even over the convex ring. For a
counterexample, take the union of a vertical and horizontal line as in Figure 6.3.2
and consider the tube around it. Blindly applying Steiner’s formula, one finds that
there are two problems: The area of the quarter disk on the lower left corner has been
forgotten, and the area marked with a black square has been double counted. Since
these two areas are different, they do not cancel to give the right volume for the tube.

D

Fig. 6.3.2. A tube around the letter L.

The way around this will be to develop a somewhat different notion, that of
Lipschitz—Killing curvatures, which we shall do in Chapters 7 and 8 in the setting on

for x € RN. Consider M > N , and note that the polynomials X, (Tube(A, p)) and
Ay (Tube(iyp(A), p)) lead to different geometric interpretations. For example, for a
curve C in RZ, M (C) will be proportional to the arc length of C and M;(C) = 0, while
M3 (i2,3(C)), rather than M (i2 3(C)), is proportional to arc length.

13 We shall meet this again, in a slightly different format and in far more detail, as a special
case of Crofton’s formula, Theorem 13.1.1. In Chapter 13 we shall also develop a sig-
nificant extension of the Hadwiger formula (6.3.11), and use it to lift results about Euler
characteristics to results about Lipschitz—Killing curvatures.
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manifolds, and for which we shall develop in Chapter 10 an extension of Steiner’s
formula. One of the key differences between Lipschitz—Killing curvatures and the
intrinsic volumes that we have looked at so far will be that the former will also be
allowed to take negative values. This will allow, for example, for the subtraction of
the area of the double-counted square in Figure 6.3.2.

The time has now come to explain what all of the above has to do with random
fields. For this we need one more result from integral geometry, due to Hadwiger
[74], which also seems to be the only place to find a proof. However, unless you
have a weakness for classical German, you should turn to Schneider [141] to read
more about it. In Klain and Rota [92], a proof is given for continuous, invariant
functionals on the convex ring, which, as noted previously, is a subset of the basic
complexes. Zahle [182] has the most general result in terms of the classes of sets
covered, although with continuity replacing monotonicity among the conditions of
the theorem.

Theorem 6.3.1. Let  be a real-valued function on basic complexes in RN , invariant
under rigid motions, additive (in the sense of (6.1.2)) and monotone, in the sense that
for all pairs A, B, either A C B = Y(A) < ¢y (B)or A C B = {¥(A) > ¥ (B).
Then

N
Y(A) =) ciLj(A), (6.3.13)
=0
where cy, ..., cy are nonnegative (\-dependent) constants.

Now take an isotropic field f on RY and consider the set-indexed functional

(A AP {sup ) > u} . (6.3.14)

teA

Then v is clearly monotone and rigid-motion-invariant. Unfortunately, it is not quite
additive, since even if A and B are disjoint,

V(AU B) =y (A)+ ¥ (B) (6.3.15)
—P[(flelgf(t) > u) N (flelgf(l‘) > u)]

Consider the last term here for large 1. In that case both ¥ (A) and ¥ (B) will
be small. If A and B are disjoint, then it is reasonable to expect that the events
{sup4 f > u} and {supp f >} will be close to independent,'* and so the final term
in (6.3.15) would be a product of two very small terms, and so of smaller order than
either.

14 This would happen, for example, if A and B were sufficiently distant for the values of f in
A and B to be close to independent. It turns out that at least for Gaussian f, these heuristics
are true even if A and B are close, as long as u is large enough. We shall not treat these
results, but you can find examples in [17] and [97].
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On the other hand, if A N B # { then one could argue as follows: Since it is
difficult for sup, f to be greater than u, and it is difficult for supg f to be greater
than u, if both of these events are to happen, then it is most likely that the supremum
of the process will occur somewhere in A N B, making the final term in (6.3.15)
approximately ¥ (A N B).

Putting the two cases together, it is therefore not unreasonable to expect that there
might be an invariant, additive, and monotone functional fﬂu for which

P{wpﬂ0>u}=ﬁﬂA%+MJAAD, (6.3.16)

teA
in which case, by Theorem 6.3.1, we would be able to conclude that

N
P {sup f@) > u} = Z cj(u)L;(A) + lower-order terms (6.3.17)

teA =0
for some functions c; (u).
The fact that such a function does indeed exist, and is given by

Vu = E{p(A,(f, A))},

where ¢ is the Euler characteristic and A, an excursion set, is one of the main punch
lines of this book and of the last few years of research in Gaussian random fields.
Proving this, in wide generality, and computing the coefficients ¢; in (6.3.17) as
functions of u is what much of Part III of this book is about.

If you are interested mainly in nice Euclidean parameter spaces, and do not need
to see the details of all the proofs, you can now comfortably skip the rest of Part II,
with the exception of Section 9.4, which gives a version of Theorem 6.2.4 in general
dimensions. The same is true if you have a solid background in differential geometry,
even if you plan to follow all the proofs later on. You can return later when the need
to confirm notation arises.
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Differential Geometry

As we have said more than once, this chapter is intended to serve as a rapid and
noncomprehensive introduction to differential geometry, basically in the format of a
“glossary of terms.” Most will be familiar to those who have taken a couple courses
in differential geometry, and hopefully informative enough to allow the uninitiated!
to follow the calculations in later chapters. However, to go beyond merely following
the arguments there and to reach the level of a real understanding of what is going
on, it will be necessary to learn the material from its classical sources.”

Essentially all that we have to say is “well known,” in the sense that it appears
in textbooks of differential geometry. Thus, the reader familiar with these books will
be able to skim the remainder of this chapter, needing only to pick up our notation
and emphases.

7.1 Manifolds

A differentiable manifold is a mathematical generalization, or abstraction, of objects
such as curves and surfaces in RV, Intuitively, it is a smooth set with a locally defined,
Euclidean, coordinate system.

Manifolds without boundary

We call M a topological N-manifold if M is a locally compact Hausdorff space such
that for every ¢ € M, there exist an open U C M containing ¢, an open U C RV,
and a homeomorphism ¢ : U — U.

1 For first-timers we have added numerous footnotes and simple examples along the way that
are meant to help them through the general theory. In general, we shall be satisfied with the
exposition as long as we have not achieved the double failure of both boring the expert and
bamboozling the novice. We also apologize to the experts for attempting the impossible:
to reduce their beautiful subject matter to a “glossary.”

2 For the record, the books that we found most useful were Boothby [29], Jost [88], Millman
and Parker [114], Morita [116], and O’Neill [121]. The two recent books by Lee [100, 101]
stand out from the pack as being particularly comprehensive and easy to read, and we highly
recommend them as the right place to start.
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A (coordinate) chart on M is a pair (¢, U), where, as above, U C M is open and
¢ : U — @U) C RY is a homeomorphism. A collection {¢; : U; — RN};c; of
charts is called C¥ compatible if

giog; 1 iUiNU)) — ¢iU;NU;)) (7.1.1)

is a Ck diffeomorphism? for every i, j € I for which U; N U; #0.

If a collection of charts gives a covering of M, i.e., | J;c; Ui = M, thenitis called
a(C*)atlas for M. An atlas is called maximal if it is not contained in any strictly larger
atlas with homeomorphisms satisfying (7.1.1). A topological N manifold, together
with a CK maximal atlas, is called a C* differential manifold. The maximal atlas is
usually referred to as the differential structure of M.

The component functions xi, ..., xy of a coordinate chart (¢, U), defined by
o) = (x1(t), ..., xn(1)), are called the local coordinates on U.

Manifolds with boundary

If some of the U; map to subsets of the half-space HY 2 RV=1 x R, in RV, then we
talk about a manifold with boundary, rather than a simple manifold. A manifold with
boundary can be thought of as a disjoint union of two manifolds: dM, its boundary,
an (N — 1)-dimensional manifold, and M°, its interior, an N-dimensional manifold.

Continuous and differentiable functions on manifolds

The notions of continuous and differentiable functions on a C¥ manifold M are
straightforward. A function f : M — R is said to be of class C¥ if f o ¢! is of
class C¥, in the usual Euclidean sense, for every chart in the atlas.

Tangent spaces
For a manifold M embedded in RY, such as a curve or a surface, it is straightforward
to envision what is meant by a tangent vector at a point ¢ € M. It is no more than
a vector with origin at #, sitting in the tangent plane to M at ¢. Given such a vector,
v, one can differentiate functions f : M — R along the direction v. Thus, to each v
there corresponds a local derivative. For abstract manifolds, the basic notion is not
that of a vector sitting in a tangent plane, but rather that of a differential operator.

To see how this works, we start with the simplest case, in which M = RY and
everything reduces to little more than renaming familiar objects. Here we can manage
with the atlas containing the single chart (M, i), where iy is the inclusion map.
We change notation after the inclusion, writing x = iyy () and M’ = iyy(M)
(= RY). To every vector X, with origin x € M’, we can assign a linear map from
CY(M") to R as follows:

If f e CI(M) and X, is a vector of the form X, = x + ZlN=1 a;e;, where
{ei}1<i<n is the standard basis for R¥ . we define the first-order differential operator4

3 That is, both @; o (pj_l and its inverse g o <pi_l are k-times differentiable as functions from

subsets of RV to subsets of RV

4 Hopefully, the standard usage of X to denote both a vector and a differential operator will
not cause too much confusion. In this simple case, they clearly amount to essentially the
same thing. In general, they are the same by definition.
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X, by its action on f:

(7.1.2)

It is elementary calculus that X satisfies the productrule X, (fg) = f X g+ gXs f,
and that for any two functions f, g that agree on a neighborhood of x we have
X f = Xxg. )

For each x € U, identifying 8% ‘x with e;, we see that

0
{ ax;
forms a basis for an N-dimensional space of first-order differential operators, which
we call the tangent space at x and denote by T, RY . Returning to M, and identifying
T,RN with T,R", we have now defined the tangent space here as well.

Before turning to the case of an abstract manifold M, we need to be a little more
precise about the term “first-order differential operator”’ used above. While it may be
obvious what is meant in R", we need to be a little more careful in general. Loosely
speaking, given an x € R and a neighborhood U of x, a first-order differential
operator is a linear operator on C'(U) that satisfies the product rule and depends
only on the derivatives of a function when evaluated at x. The looseness in the
term “depends only on the derivatives of a function when evaluated at x can be
made precise by requiring that the operator be actually defined on the germ> of C!
functions at x. Since this definition is local, it extends easily to manifolds. Thus,
choosing + € M and a chart (U, ¢) around ¢, we can define similarly a first-order
differential operator at € M as a linear operator (on the germs of C! functions) that
satisfies the product rule.

Formally, if x € o(U) C RY for some chart (U, @), then we can lift the basis of

T RY (built as in the Euclidean case) to the point ¢ = (p_1 (x) via @, ,1 the so-called
1

x}lfifN

differential or push-forward of ¢~" att. The map ¢, tl is a linear map that maps the
first-order differential operators (9/0x;) |4(r), 1 < i < N, acting on C L)) to
first-order differential operators on C'(U), and we define it by

(654 Ko)) £ = Xow (o0™) (.13)

for any f € C'(M). Since D ,1 is linear, it follows that the set

0

—1

2 (7.1.4)
{(p*’t <3xi ‘P(l)>}l<i<N

5 The germs of f at x are the (equivalence) class of functions g for which f = g over some
open neighborhood U of x. All local properties of f at x depend only on the germs to which
f belongs.
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is linearly independent. We define the space it spans to be 7; M, the tangent space
of M at t. Its elements X,, while being differential operators, are called the tangent
vectors at t.

With some abuse of notation, in a chart (U, ¢) with a coordinate system
(x1,...,xy) for (U) the basis (7.1.4) is usually written as

a
8xi

and is referred to as the natural basis for T; M in the chart (U, ¢).

: (7.1.5)

f}lgigN

Chain rule: The push-forward

The chain rule of vector calculus is a formula for differentiating the composition 2o g
for g € C'(RF;R/), h € C'(R/; R!). In differential geometry, the chain rule is
expressed through the push-forward of differentiable functions. Specifically, given
two manifolds M and N and any g € C'(M; N),% we define its push-forward g, by
defining it on charts (U, ¢) and (V, ¥) of M and N, for which g(U) NV # @, as

(g+X)h = X;(h o g),
for any h € C1(N).

Vector fields

Since each X, € T;M is a linear map on C!(M) satisfying the product rule, we
can construct a first-order differential operator X, called a vector field, that takes ck
functions (k > 1) to real-valued functions, as follows:

(Xf): = X;f forsome X; € ;M.
In other words, a vector field is a map that assigns, to each t € M, a tangent vector

X; € T;M. Thus, in a chart (U, ¢) with coordinates (x, ..., xy), a vector field can
be represented (cf. (7.1.5)) as

N 3
X, = Zai (t)B—Xi (7.1.6)
i=1

t

If the a; are C* functions, we can talk about C* vector fields. Note that for j > 1,a
C* vector field maps C/ (M) to cmin(G=LE) (pry,

6 ck (M; N), the space of “k-times differentiable functions from M to N,” is defined analo-
gously to c! (M). Thus f € Ck(M; N) if forall t € M, there are a chart (Uyy, ¢pr) for M
and a neighborhood V of t with V C Uy such that f(V) C Uy for some chart (Uy, ¢n)
for N for which the composite map ¢y o f o ((/JMY1 topm (V) = on(f(V))is Ck in the
usual, Euclidean, sense.
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Vector bundles

A C! vector bundle is a triple (E, M, F), along with a map 7 : E — M, where
E and M are, respectively, (N + ¢)- and N-dimensional manifolds of class at least
C! and F is a g-dimensional vector space. The manifold E is locally a product.
That is, every t € M has a neighborhood U such that there is a homeomorphism
ou : UxF — n~Y(U) satisfying (w opy)(t, fu) = t,forall f; € F. Furthermore,
for any two such overlapping neighborhoods U, V with ¢ € U NV, we require that

out, fu) =ev(t, fv) <= fu =guv® (fv),

where gyy () : F — F is a nondegenerate linear transformation. The functions
guv : UNV — GL(F) are called the transition functions of the bundle (E, M, F).
The manifold M is called the base manifold, and the vector space 7 ~!(¢), which is
isomorphic to F' (as a vector space), is called the fiber over ¢t. Usually, it is clear from
the context what M and F are, so we refer to the bundle as E. A C/, Jj <1, section of
a vector bundle is a C/ map s : M — E such that 77 o s is the identity map on M. In
other words, if one thinks of a vector bundle as assigning, to each point of t € M, the
entire vector space 77~ (¢), then a C/ section is a rule for choosing from this space
in a smooth (C/) fashion.

We denote the space of C¥ sections of a vector bundle E by I'*(E).

In a similar fashion, one can define fiber bundles when the fibers F are not vector
spaces, although we shall not go through such a construction yet. Two such fiber
bundles that will be of interest to us are the sphere bundle S(M) and the orthonormal
frame bundle O (M) of a Riemannian manifold (M, g). These will be described below
once we have the definition of a Riemannian manifold.

Tangent bundles

Perhaps the most natural example of a vector bundle is obtained from the collection
of all tangent spaces T; M, t € M. This can be parameterized in a natural way into a
manifold, 7 (M), called the tangent bundle.

In a chart (U, @), any tangent vector X;, t € U, can be represented as in (7.1.6),
so the set of all tangent vectors at points ¢t € U is a 2N-dimensional space, with local
coordinates ¢(X;) = (x1(¢), ..., xy(t); ai(t), ...,an(t)). Call this E;, and call the
projection of E; onto its last N coordinates F;. Denote the union (over t € M) of
the E; by E, and of the F; by F, and define the natural projection 7 : E — M given
by 7 (X;) = ¢, for X; € E;. The triple (E, M, F), along with 7, defines a vector
bundle, which we call the tangent bundle of M and denote by T (M).

The tangent bundle of a manifold is itself a manifold, and as such can be given a
differential structure in the same way that we did for M. To see this, suppose M is a
C* manifold and note that an atlas {U;, ¢; };c; on M determines a covering on T'(M),
the charts {7 ' (U;), @;}ie; of which determine a topology on T (M), the smallest
topology such that ‘Zprl(U) are homeomorphisms. In any two charts (U, ¢y) with
local coordinates (x1, ..., xy) and (V, ¢y ) with local coordinates (yq, ..., yy) with
UNV #@,avector X; € T(M) is represented by



154 7 Differential Geometry

Xi =10, ..., xn(0);a1(1), ..., an(1))
= (1@, ..., yn(@); b1 (1), ..., by (1)),

where we have the relation
N o
1
bi(t) = ;a 105 (7.17)

and dy;/dx; is the first-order partial derivative of the real-valued function y; with
respect to x;.

Since gy o ¢y, !'is a C* diffeomorphism, we have that § o oy isa c¥! diffeo-
morphism, having lost one order of differentiation because of the partial derivatives
in (7.1.7). In summary, the atlas {U;, ¢;};c; determines a C k=1 differential structure
on T (M) as claimed.

7.2 Tensor Calculus

Tensors are basically linear operators on vector spaces. They have a multitude of
uses, but there are essentially only two main approaches to setting up the (somewhat
heavy) definitions and notation that go along with them. When tensors appear in
applied mathematics or physics, the definitions involve high-dimensional arrays that
transform (as the ambient space is transformed) according to certain definite rules.
The approach we shall adopt, however, will be the more modern differential-geometric
one, in which the transformation rules result from an underlying algebraic structure
via which tensors are defined. This approach is neater and serves two of our purposes:
We can fit everything we need into only six pages, and the approach is essentially
coordinate-free.” The latter is of obvious importance for the manifold setting. The
downside of this approach is that if this is the first time you see this material, it is very
easy to get lost among the trees without seeing the forest. Thus, since one of our main
uses of tensors will be for volume (and, later, curvature) computations on manifolds,
we shall accompany the definitions with a series of footnotes showing how all of
this relates to simple volume computations in Euclidean space. Since manifolds are
locally Euclidean, this might help a first-timer get some feeling for what is going on.

Tensors and exterior algebras

Given an N-dimensional vector space V and its dual V*, a map w is called a tensor
of order (n, m) if

welLV® - VOV D ---dV*R),

n times m times

7 Ultimately, however, we shall need to use the array notation when we come to handling
specific examples. It appears, for example, in the connection forms of (7.3.14) and the
specific computations of Section 7.7.
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where L(E; F) denotes the set of (multi)linear® mappings between two vector spaces
E and F. We denote the space of tensors of order (n, m) by 7,"', where n is said to
be the covariant order and m the contravariant order.’

Let 7(V) = @?”}:] ’Z;](V) be the direct sum of all the tensor spaces 'T;(V).
The bilinear associative tensor product ® : T(V) x T(V) — T (V) is defined on
Tji X le as

(C{ ®ﬂ)(vla <oy Vitk, vika RN v;k_l,_[)
A
=1, U VY V) X BT e Vi Vg e Vi)

The algebra (7 (V), ®) can be sp‘lit into two subalgebras, the covariant and con-
travariant tensors 7*(V) = @52, 7/ (V) and To(V) = @2, T2(V).

Alternating and symmetric covariant tensors

A covariant tensor y of order k (a (k, 0)-tensor) is said to be alternating if

Y Wo(1)s > Vok) = Es¥V (V1,...,v) forallo € S(k),

where S(k) is the symmetric group of permutations of k letters and &, is the sign of
the permutation o. It is called symmetric if

YWo(ly, .-, Vok)) = Y1, ..., v) forallo e S(k).

For example, computing the determinant of the matrix formed from N-vectors gives
an alternating covariant tensor of order N on RY.

For k > 0, we denote by AR(V) (respectively, Sym(’ZBk(V))) the space of alter-
nating (symmetric) covariant k-tensors on V, and by

AWV =P AW, Sym* (V) = P Sym(Tg(V)),
k=0 k=0

their direct sums. If kK = 0 then both A°(V) and Sym(’]E)O(V)) are isomorphic to R.
Note that A*(V) is actually a finite-dimensional vector space, since AF (V) = {0} if
k> N.

There exist natural projections A : 7*(V) — A*(V)and § : T*(V) —
Sym*(V) defined on each T%(V) by

8 A multilinear mapping is linear, separately, in each variable. In general, we shall not bother
with the prefix.

9 For a basic example, let V = R3. There are three, very elementary, covariant tensors
of order 1 operating on vectors v = (v, vp, v3). These are 6] (v) = v, 62(v) = vy, and
#3(v) = v3. Thus 6; measures the “length” of v in direction j, or, equivalently, the “length”
of the projection of v onto the jth axis, where “length” is signed. The fact that the length
may be signed is crucial to all that follows. Not also that since RR3 is its own dual, we could
also treat the same 6; as contravariant tensors of order 1.
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1
Ay (g, ..., ) = F Z ¥V Wa(l)s -+ s Vo(k))s
oeSk)

1
Sy(i,...,n) = o Z YWo(l), -+ Va(k))-
oesk)

Grassmann algebra

The bilinear, associative wedge product,'® or exterior product, A : A*(V) x
A*(V) — A*(V)is defined on A" (V) x A*(V) by

anp=" 4w p). 72.1)
rls!

The algebra (A*(V), A) is called the Grassmann or exterior algebra of V.

Induced inner products on 7 *(V)

Any inner product on V induces, in a natural way, an inner product on 7*(V), and
correspondingly on any subspace of 7*(V). We shall be particularly interested in
A*(V) and so give the details for this case.

Specifically, given an inner product on V and an orthonormal basis By =
{61, ...,0yN]} for V*, then

N
Basvy = {00} U | {00 A A cin <ia <o <ij), (7.2.2)
j=1

10 Continuing the example of footnote 9, take u, v € RR3 and check that this definition gives
(61 A By)(u,v) = (ujvy — viuy), which is, up to a sign, the area of the parallelogram
with corners 0, 7 (u), 7 (v), and 7 (1) + 7 (v), where 7 () is the projection of u# onto the
plane spanned by the first two coordinate axes. That is, this particular alternating covariant
tensor of order 2 performs an area computation, where “areas” may be negative. Now take
u, v, w € R3, and take the wedge product of 61 A 6 with 63. A little algebra gives that
01 A Oy AB3)(u, v, w) = det(u, v, w), where (u, v, w) is the matrix with u in the first
column, etc. In other words, it is the (signed) volume of the parallelepiped three of whose
edges are u, v, and w. Extending this example to N dimensions, you should already be able
to guess a number of important facts, including the following:

(i) Alternating covariant tensors of order n have a lot to do with computing n-dimensional

(signed) volumes.

(i) The wedge product is a way of combining lower-dimensional tensors to generate higher-
dimensional ones.

(iii) Our earlier observation that Ak(V) = {0} if K > N translates, in terms of volumes, to the
trivial observation that the k-volume of an N-dimensional object is zero if k > N.

(iv) Since area computations and determinants are intimately related, so will be tensors and
determinants.
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where 6 is a O-form, is a basis!! for A*(V), which itself is a vector space of dimen-
. N (NY _ AN
sion Y . (7) =2V,
The unique inner product on A*(V') that makes this basis orthogonal is the “cor-
responding” inner product to which we referred above.

Algebra of double forms
Define A™™ (V) to be the linear span of the image of A" (V) x A™ (V) under the map
®, and define, with some abuse of notation, A*(V) @ A*(V) = @:?mzo AV,
An element of A" (V) is called a double form of type (n, m). Note that an (n, m)
double form is alternating in its first n and last m variables.

The double wedge product - on A*(V) ® A*(V) is defined on tensors of the form

y=a®p e A*(V)x A*(V) by
@®B)- (@ @B)=(@rad)RBAB), (7.2.3)

and then extended by linearity. For y € A™™(V) and 6 € AP9(V) this gives
y -0 € AVTPmFa (V) for which

v ((ur oo ttngp) s (V1s - Vntg)) (7.2.4)
1
= S eotp[y oy vtte,) s (Ups s 0p,))
oeSn+p)
pESm+q)
X 9((ugn+l,...,ugn+p),(vpmﬂ, ...,vperq))].

Note that a double form of type (n, 0) is simply an alternating covariant tensor, so that
comparing (7.2.4) with (7.2.1), it is clear that the restriction of - to @?’:0 A0V is
just the usual wedge product.
We shall be most interested in the restriction of this product to
o
AV 2 @D AT (W).

j=0

The pair (A**(V), -) is then a commutative (sub)algebra.'?

For a double form y € A**(V), we define the polynomial y/ as the product of
y with itself j times for j > 1, and set y° = 1. If y is of type (k, k) then y/ is of
type (jk, jk). Furthermore, for powers, (7.2.4) simplifies somewhat. In particular,
if y is a (1, 1) double form, then it is easy to check from (7.2.4) that

v ((ursooug) s (vis ., v))) = jtdet (v (e, vy e=1....;) - (72.5)

Note that if y is of the simple form « ® B, then it follows from either the above or
directly from (7.2.3) that y/ = 0O forall j > 1.

11 The notation of the example of footnote 9 should now be clear. The 1-tensor 6; defined by
0;(v) = v; is in fact the jth basis element of V* if V is given the usual basis {ej}j.V:l.
Thus, in view of the fact that B, «(y) is a basis for A*(V), the examples of tensors of order
2 and 3 that we built are actually archetypal.

12 The productis not commutative on all of A*(V)® A*(V), since in general, fora € A™™ (V)
and B € AP9(V) wehave o - B = (—1)"PTM4B . .
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Trace of a double form

As described above, any inner product on V induces a corresponding inner product
on A*(V). Therefore, any inner product on V also induces a real-valued map on
A**(V), called the trace, defined on tensors of the formy =a ® 8 € AkK by

Tr(y) = (o, B)
and then extended by linearity to the remainder of A**(V). Given an orthonormal
basis (v, ..., vy) of V, asimple calculation shows that for y € Ak’k(V), k>1,we

have the following rather useful expression for Tr:

1 N
Te(r) = 3 Y (@as o va) Ways - vg). (7.2.6)

at ..., ar=1

If y € A%O(V), then y € R and we define Tr(y) = y. One can also check that
while the above seemingly depends on the choice of basis, the trace operator is, in
fact, basis-independent, a property generally referred to as invariance.

There is also a useful extension to (7.2.6) for powers of symmetric forms in
y € Ab1. Using (7.2.5) to compute y/, and (7.2.6) to compute its trace, it is easy to
check that

Tr (/) = jidetr (v (v, 03); oy ys (7.2.7)

Ly

where for a matrix A,

detr;(A) 2 sum over all J X j principal minors of A. (7.2.8)

When there is more than one inner product space under consideration, say V; and
V5, we shall denote their traces by Tr"t and Tr"2.

For a more complete description of the properties of traces, none of which we
shall need, you could try [64, Section 2]. This is not easy reading, but is worth the
effort.

A useful trace formula

To each y € AX¥(V) there corresponds a linear map T, : AK(V) — AK(V). The
correspondence is unique, and so one can think of y and 7), as equivalent objects. To
define T, take a basis element of AK(V) of the form Oi, A A B (cf. (7.2.2)) and
define its image under 7), by setting

T, A NG wr, . wi) =Y Wiy e, Vi, W1 .-, wg) (7.2.9)

and extending linearly to all of A¥(V).
It is a simple computation to check that if k = 1 and we write

N
I = Z‘)i ®6;, (7.2.10)
i=1
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then 77 is the identity from A'(V) to AN (V). In general, Ty« is the identity from
AR(V) to AR(V).

We shall have need of the following useful formula (cf. [64, p. 425]) in Part III
when we calculate the expected Euler characteristic of a Gaussian random field on
M. Fory e A¥%(V),and0 < j < N —k,

jy— _WN=-Bt
Tr(yl’) = N —k— ) Tr(y). (7.2.11)
Tensor bundles, differential forms, and Grassmann bundles
Having defined the tangent bundle T (M) and, for a fixed vector space V, the tensor
spaces 7,7 (V), A*(V), and A**(V), it is a simple matter to define corresponding
tensor bundles over M.

The basic observation is that given a C¥ manifold M and its tangent space T; M
with dual 7,* M, we can carry out constructions of tensors on V = T; M, at every
t € M, exactly as we did in the previous section. Then, just as we defined vector
fields as maps t — X; € T;M, t € M, we can define tensor fields, covariant tensor
fields, alternating covariant tensor fields, etc.

It is also quite simple to associate a differential structure with these objects,
following the argument at the end of Section 7.1. In particular, since tensor fields of
order (n, m) are determined, locally, in the same way that vector fields are defined, any
atlas {U;, @;}iey for M determines!3 a C*~! differential structure!* on the collection

M) 2 | T M),
teM

which itself is called the tensor bundle of order (n, m) over M.
Constructing the Grassmann algebra on each 7; M and taking the union

A = | A*(Tm)
teM

gives what is known as the Grassmann bundle of M. As was the case for vector
fields, one can define C/, j < k — 1, sections of A*(M), and these are called the C/
differential forms" of mixed degree.

13 The finite dimensionality of spaces 7,)! (T; M), noted earlier, is crucial to make this con-
struction work.

14 Included in this “differential structure” is a set of rules describing how tensor fields transform
under transformations of the local coordinate systems, akin to what we had for simple vector
fields in (7.1.7).

In fact, there is a lot hidden in this seemingly simple sequence of constructions. In
particular, recall that at the beginning of our discussion of tensors we mentioned that the
tensors of applied mathematics and physics are defined via arrays that transform according
to very specific rules. However, nowhere in the path we have chosen have these demands
explicitly appeared. They are, however, implicit in the constructions that we have just
carried out.

15 The reason for the addition of the adjective “differential” will be explained later; cf. (7.3.16)
and the discussion following it.
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Similarly, carrying out the same construction over the AX(7, M) gives the bundle
of (differential) k-forms on M, while carrying it out for A™*(7; M) yields the bundle
of double (differential) forms on M.

7.3 Riemannian Manifolds

If you followed the footnotes while we were developing the notion of tensors, you
will have noted that we related them to the elementary notions of area and volume in
the simple Euclidean setting of M = RY. In general, of course, they are somewhat
more complicated. In fact, if you think back, we do not as yet even have a notion
of simple distance on M, let alone notions of volume. For this, we need to add a
Riemannian structure to the manifold.

Riemannian manifolds

Formally, a C¥~! Riemannian metric g on a C* manifold M is a C¥~! section of
Sym(’];)2 (M)) such that for each ¢ in M, g; is positive definite; that is, g;(X;, X;) > 0
forall t € M and X, € T;M, with equality if and only if X, = 0. Thus a C¥~!
Riemannian metric determines a family of smoothly (C*~!) varying inner products
on the tangent spaces T; M.

A CK manifold M together with a C¥~! Riemannian metric g is called a C¥
Riemannian manifold (M, g).

Sphere and orthonormal frame bundles

The first thing that a Riemannian metric gives us is the length g;(X;, X;) of tangent
vectors X; € Ty M, and this allows us to define two rather important fiber bundles.

The sphere bundle S(M) of (M, g) is the set of all unit tangent vectors of M, i.e.,
elements X; € T (M), for some t € M, with g;(X;, X;) = 1. This is an example of a
bundle with fibers that are not vector spaces, since the fibers are the spheres S(7; M).

Another example is the orthonormal frame bundle, O(M), the set of all sets of N
unit tangent vectors (X tl, X ,N yof M suchthat (X!, ..., X tN ) form an orthonormal
basis for T, M.

Geodesic metric induced by a Riemannian metric

Despite its name, a Riemannian metric is not a true metric on M. However, it does
induce a metric 7, on M. Since g determines the length of a tangent vector, we can
define the length of a C! curve ¢ : [0, 1] — M by

L(C)=/0 V&i(cp,cp)dt
[0,1]

and define the metric 7, by

To(s,1) = inf L(c), (7.3.1)
ceDN([0,11; M) (s 1)
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where Dl([O, 1]; M) s, is the set of all piecewise C! maps ¢ : [0, 1] - M with
¢(0) = s, ¢(1) = ¢t. When the Riemannian metric g is unambiguous, we write T
asT.

A curve in M connecting two points s, ¢ € M, along which the infimum in (7.3.1)
is achieved, is called a geodesic connecting them. Geodesics need not be unique.

Gradient of f € C1(M, g))
The gradient of f is the unique continuous vector field on M such that

gV, X)) =X, f (7.3.2)
for every vector field X.

Differentiating vector fields: Connections on vector bundles

Differentiating vector fields is considerably more subtle on manifolds than in simple
Euclidean space, and since it is crucial to all that follows, we shall spend some time
discussing it. In fact, itis already a delicate issue if the manifold M is a simple surface
in R3, and so we look at this case first.

Suppose X and Y are two vector fields, and we want to “differentiate” Y, at the
point# € M, in the direction X,. Following the usual procedure, we need to “move”
a distance § in the direction X; and compute the limit of the ratios (¥Y; — Y;4sx,)/0.
There are three problems here. The first is that there is no guarantee (and it will not
generally be the case) that r 4 6 X, lies on M, so that Y, sx, is not well defined. Thus
we have to find a way of “moving in the direction X, while staying on M. This in
itself is not a problem, and can be achieved by moving along any C' curve ¢ with
¢(0) =t, ¢(0) = X;. Then, instead of Y;s5x,, which may not be well defined, we
consider Y,s), and so need to evaluate the limit

Yos) — Y,
lim —<® "1

Lim 5 (7.3.3)

The second problem is that Y.(5) € TC((;)R3 and ¥, € T,R3, so that the above difference
is also not well defined. However, fixing a basis for R3, we can use the natural
identifications of 7,R3 and TC(S)R3 with R3 to define the difference Y.5) — Y; and so,
under appropriate conditions on Y, to also define the limit in (7.3.3).

The third problem is clearest in the case in which Y is also a tangent vector field,
and for reasons that will become clearer later we decide that we would like a notion
of derivative that also yields a tangent vector in 7; M. The above construction will
not necessarily do this, even when (7.3.3) exists and yields a vector in T;R3. This
last problem can, however, be easily solved by projecting (using the natural basis for
T;R3) the limit (7.3.3) onto T; M C T,R3.

This solves the problem of differentiating vector fields when M is embedded in a
general Euclidean space, since there is really nothing special about dimension three
in the above construction. We shall denote the result of the above construction by

VxY = (VxY)(),
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and call it the covariant derivative'® of Y in the direction X. Note that unless the
surface M is flat, Vx Y (¢) is quite different from the usual derivative X,Y;. In partic-
ular, while Vx Y (¢) € T; M, the same is not generally true of X;Y;. Furthermore, in
general, VyY # VyX.

It is not trivial to extend the above construction to general manifolds, and so we
shall adopt a path of definition by characterization, rather than by construction. As
a first step, we define the notion of a (linear) connection on the tangent bundle of a
manifold M as a bilinear mapping

V :T9UT(M)) x THT (M) — T™@E=D (7 (pr))

satisfying the following three properties:

V is linear over R in Y: (7.3.4)
Vx (@Y1 + bY>) =aVxY +bVxY fora,beR,

V is linear over R in Y: (7.3.5)
Vixisex,Y = fVx, Y +gVx,Y  for f,g € C'(M),

V satisfies the product rule: (7.3.6)
Vx(fY)=Xf)Y + fVxY for f € C'(M).

Itis easy to check that the covariant derivative we defined above for the Euclidean
setting satisfies all of the above three requirements. Furthermore, it is quite easy to
generate connections on a general manifold.

In particular, given a chart (U, ¢) on an N-dimensional manifold M, suppose that
we have N3 functions {Ff‘j : U — R}y« jk<n. If, using the natural bases for the
T; M, we define

N
Vg =) T3 (1.3.7)

ij 3xy°

k=1

and extend V to T (M) x T (M) by linearity, then it is easy to check that the three
conditions required of a connection are satisfied on U. It is then standard fare to patch
charts together to construct a connection on the full manifold, given enough functions
Flk] In other words, if we can determine the Ffj for a given connection, then we have
determined the connection. Note, however, that there is uniqueness here in only one
direction. It is clear that the Ff‘j determine a connection. It is neither clear nor in
general true that on a given Riemannian manifold there is only one connection.

For uniqueness, we need to demand a little more. We start by noticing that the con-
struction we gave of the Euclidean connection, with its projection onto tangent spaces,
actually determines a unique set of Flk/ This follows from properties (7.3.4)—(7.3.6),
the representation (7.3.7), and the following two consequences of the construction:

16 Hopefully, the double usage of V for both gradient and the covariant derivative (and, soon,
the Riemannian connection) will not cause too many difficulties. Note that, like the gradient,
the connnection “knows’” about the Riemannian metric g. The reason for this will become
clear soon.
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S o D
Vaﬁi ;= Va;}f T (7.3.8)

d d Jd \ __ 0 d 0 d
dx; <3x/' ’ a)‘k> - <Vaii dxj’ 3xk> + <Vaii dxg? E)’ (7.3.9)

where (, ) is the usual Euclidean inner product.

Indeed, the above two equations actually determine the connection that we con-
structed, without any need to go back to the construction. The connection resulting
from these equations is now called the Levi-Civitd connection for M. The advantage
of using these equations over our previous construction is that they do not depend on
the embedding of M in R/ and so present a purely “intrinsic” (to M) approach.

This approach also works for general C3 Riemannian manifolds (M, g), and
yields the Levi-Civitd connection determined by the following two conditions, which
extend (7.3.8) and (7.3.9) to the non-Euclidean scenario:

V is torsion-free, i.e., (7.3.10)
VxY —VyX —[X,Y]=0;

V is compatible with the metric g, i.e., (7.3.11)
Xg(Y,Z)=g(VxY,2)+g(VxZ,7Y),

where [X,Y]f = XYf — YXf is the so-called Lie bracket'” of the vector fields X
and V.18

It is a matter of simple algebra to derive from (7.3.10) and (7.3.11) that for c!
vector fields X, Y, Z,

2¢(VxY,Z) = Xg(Y, Z) + Yg(X, Z) — Zg(X.Y) (7.3.12)
+8(Z,[X, YD +g(Y,[Z, X]) + g(X, [Z, Y]).

This equation is known as Koszul's formula. Its importance lies in the fact that the
right-hand side depends only on the metric g and differential-topological notions.
Consequently, it gives a coordinate-free formula that actually determines V.

Another way to determine the Levi-Civitd connection is via an extension of
(7.3.7), which was written in terms of the natural bases of the 7; M. For this, we
need the notion of a C¥ orthonormal frame field {E;}1<i<n, which is a C* section
of the orthonormal (with respect to g) frame bundle O(M). Then, given a connec-
tion V, an orthonormal frame field E on M, and defining N3 functions Ffj by the
relationships

Vg Ej =T} Ey, (7.3.13)

17 The Lie bracket measures the failure of partial derivatives to commute, and is always zero
in the Euclidean case.

18 Actually, (7.3.11) is a little misleading, and would be more consistent with what has gone
before if it were written as

Xig(Yr, Zt) = & (Vx Y, Zt) + g (Yr, (Vx Z)p).

The preponderence of #’s here is what leads to the shorthand of (7.3.11).
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determines the connection by setting

N
VEEj =) THE.
k=1

and extending by linearity. The functions F;‘j are known as the Christoffel symbols
(of the second kind) of the connection V (with respect to the given orthonormal frame
field).

Yet another way to determine the Levi-Civitd connection, which is essentially a

N

rewriting of the previous paragraph, is to define a collection of N> 1-forms {Ql.j 3 =1

known as connection forms, via the requirement that

N
VxEi =Y 6/ (X)E;. (7.3.14)
j=1

Since the connection forms must satisfy
0] (X) = g (VxEi, Ej),

the importance of Koszul’s formula for determining the connection is now clear. We
shall see in detail how to compute the Gij for some examples in Section 7.7. In general,
they are determined by (7.3.19) below, in which {6;}1<; <y denotes the orthonormal
dual frame corresponding to {E;}1<i<y. To understand (7.3.19) we need one more
concept, that of the (exterior) differential of a k-form.

Iff:M— Ris C!, then its exterior derivative or differential, df , is the 1-form
defined by

df(Eir) = fi(t) 2 Eit f. (7.3.15)

Alternatively, df is just the push-forward of f : M — R. Consequently, we can
write df, using the dual frame, as

N
af =Yy fi:.
i=1

Ifo = Z,N: 1 h;6; is a 1-form, then its exterior derivative is the 2-form

N
do 23" dh; A 6;. (7.3.16)
i=1
Note that the exterior derivative of a O-form (i.e., a function) gave a 1-form, and

that of a 1-form gave a 2-form. There is a general notion of exterior differentiation,
which in general takes k-forms to (k + 1)-forms,'® but which we shall not need.

19 This is why we used the terminology of “differential forms” when discussing Grassmann
bundles at the end of Section 7.1.
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We do now, however, have enough to define the 1-forms Gl.j of (7.3.14). They are
the unique set of N2 1-forms satisfying the following two requirements:

N
do' =Y 07 noi =0, (7.3.17)
j=l1

6/ +6! =0. (7.3.18)

The Riemannian metric g is implicit in these equations in that, as usual, it determines
the notion of orthonormality and so the choice of the 6;. In fact, (7.3.17) is a conse-
quence of the compatibility requirement (7.3.11), while (7.3.18) is a consequence of
the requirement (7.3.10) that the connection be torsion-free.

Since it will occasionally be useful, we note that (7.3.18) takes the following form
if the tangent frame and its dual are not taken to be orthonormal:

N

dgij = Z (@igkj +6] gki) , (7.3.19)
k=1

where 8ij = (E,', Ej) = g(E,-, Ej).

Finally, we note that if M = R” and g is the usual Euclidean inner product, then
it is easy to check that VxY is no more than the directional derivative of the vector
field Y in the directions given by X. In this case VY is known as the flat connection,
and the Christoffel symbols are all identically zero.

Exponential map and geodesics

As we noted earlier, a geodesic from ¢ to s on (M, g) is a curve that locally minimizes
arc length among all curves between ¢ and s. It is straightforward to show that a
geodesic ¢ : (—§, §) — M satisfies

Vee = 0.

Hence, for every ¢(0) € T; M, there is a unique geodesic leaving ¢ in the direction
¢(0)/]¢(0)], obtained by solving the above second-order differential equation.
This procedure is formalized by the exponential map

eXP = €XP(py ) : M —> M (7.3.20)

of a Riemannian manifold (M, g), which sends a tangent vector X; € T; M to the
geodesic of length | X;| in the direction X, /|X;]|.

The exponential map also allows us to choose a special coordinate system for
charts. An orthonormal basis {E;} for 7; M gives an isomorphism E : RN > T'M
by E(x1,...,XN) = Zi x; E;. If U is a small enough neighborhood of ¢ in M we
can use E to define the coordinate chart

o 2 E ' oexp U — RV, (7.3.21)

Any such coordinates are called (Riemannian) normal coordinates centered at ¢.
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Hessian of f € C2(M, g))

The (covariant) Hessian V? f of a function f € C%(M) on a Riemannian manifold
(M, g) is the bilinear symmetric map from C!'(T'(M)) x C'(T(M)) to CO(M) (i.e.,
it is a double differential form) defined by’

V2f(X,Y)2 XYf —VxYf = g(VxVF, ), (7.3.22)

where Vy is the Levi-Civitd connection of (M, g). The equality here is a consequence
of (7.3.11) and (7.3.2).

Note the obvious but important point that if 7 is such that V f(r) = 0,2! then
Xf(t) = 0 for all X € T;M (cf. (7.3.2)), and so by (7.3.22) it follows that
V2 f(X,Y)(t) = XYf(t). Consequently, at these points the Hessian is indepen-
dent of the metric g.

7.4 Integration on Manifolds

We now have the tools and vocabulary to start making mathematical sense out of
our earlier comments linking tensors and differential forms to volume computations.
However, rather than computing only volumes, we shall need general measures over
manifolds. Since a manifold M is a locally compact topological space, there is
no problem defining measures over it, and by Riesz’s theorem, these are positive,
bounded linear functionals on C? (M), the ¢ denoting compact support. This descrip-
tion, however, does not have much of a geometric flavor to it, and so we shall take a
different approach. The branch of mathematics of “adding a geometric flavor’ to this
description is known, appropriately, as geometric measure theory. A user-friendly
introduction to this beautiful area of mathematics can be found in Morgan’s book
[115]. The definitive treatment, however, is still to be found in Federer’s treatise
[65]. We shall not, however, have need for much of this rather heavy machinery.

Integration of differential forms

Recall that for any two manifolds M and N, a C! map g : M — N induces a
mapping g : T (M) — T (N), referred to as the push-forward (cf. (7.1.3)). Just as g,
replaces the chain rule of vector calculus, another related mapping g* : A*(T'(N)) —
A*(T (M)), called the pullback, replaces the change of variables formula. Actually,
the pullback is more than just a generalization of the change of variables formula,
although for our purposes it will suffice to think of it that way. We define g* on
(k, 0)-tensors by

20 g2 f could also have been defined to be V(V f), in which case the first relationship in
(7.3.22) becomes a consequence rather than a definition. Recall that in the simple Euclidean
case the Hessian is defined to the N x N matrix Hy = (82f/8x,- 8xj)£?'j:1. Using Hy to
define the two-form sz(X, Y)=XHy Y’, (7.3.22) follows from simple calculus.

21 These are the critical points of f,and will play a central role in the Morse theory of Chapter 9
and throughout Part III.
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A
(gFa) (X1, ..., Xp) = a(g« X1, ..., g+ Xp). (7.4.1)

The pullback has many desirable properties, the main ones being that it commutes
with both the wedge product of forms and the exterior derivative d (cf. (7.3.16)).

With the notion of a pullback defined, we can add one more small piece of nota-
tion. Take a chart (U, ¢) of M, and recall the notation of (7.1.5) in which we used
{0/0x;}1<i<n todenote both the natural Euclidean basis of ¢ (U) and its push-forward
to T(U). We now do the same with the notation

{dxi,....dxn}. (74.2)

which we use to denote both the natural dual coordinate basis in RY (so that dx; (v) =
v;) and its pullback under ¢.

Now we can start defining integration, all of which hinges on a single definition:
If AcC RV, and f : A — Ris Lebesgue integrable over A, then we define

/fdxl/\m/\ deé/ f(x)dx, (7.4.3)
A A

where {dx;}1<;<n, as above, is the natural dual coordinate basis in R¥, and the
right-hand side is simply Lebesgue integration.

Since the wedge products in the left-hand side of (7.4.3) generate all N-forms on
RN (cf. (7.2.2)), this and additivity solves the problem of integrating N-forms on R"
in full generality.

Now we turn to manifolds. For a given chart, (U, ¢), and an N-form « on U, we
define the integral of @ over V C U as

fvaé/w) (¢—1)*a, (7.4.4)

where the right-hand side is defined by virtue of (7.4.3).

To extend the integral beyond single charts, we require a new condition, that of
orientability. A CK manifold M is said to be orientable if there is there is an atlas
{Ui, ¢i}ier for M such that for any pair of charts (U;, ¢;), (U;, ;) withU;NU; # 0,
the Jacobian of the map ¢; o (pj_l has a positive determinant. For orientable manifolds
it is straightforward to extend the integral (7.4.4) to general domains by additivity.
This leads to the notion of an integrable N-form, essentially any N-form for which
(7.4.4) can be extended to all of M as a o-finite signed measure. In particular, every
integrable form o determines such a measure, 1, say, by setting

fa(A) = / a. (7.4.5)
A

Given an oriented manifold M with atlas as above, one can also define the notion
of an oriented (orthonormal) frame field over M. This is a C 0 (orthonormal) frame
field {Ey;, ..., En:} over M for which, for each chart (U, ¢) in the atlas, and at each
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t € U, the push-forward {¢.E;, ..., p<EN;:} can be transformed to the standard
basis of RV via a transformation with positive determinant.

Given an oriented orthonormal frame field, there is a unique volume form, which
we denote either by 2 or by Vol,, the latter if we want to emphasize the dependence
on the metric g, which plays the role of Lebesgue measure on M and which is defined
by the requirement that

(Volg) (Evry ...y Eng) = Q(Evy,y ..., Eng) = +1. (7.4.6)
From this, and the fact that 2 is a differential form, it follows that for X; € T; M,
(Volg)/ (X1, ..., Xn) = det({g:(Xi, Ej)}i<ij<N)- (7.4.7)

The integral of €2 is comparatively easy to compute. For a fixed (oriented) chart
(U, ¢), with natural basis {0/0x;}1<i<n, Write

9 9
gij(t) =g (— ) , (7.4.8)

3)(,'75./’

where g is the Riemannian metric. This determines, for each ¢, a positive definite
matrix (g;())1<i,j<n. Then,for A C U,

/QE/ (e~ hH*Q (7.4.9)
A w(A)

=/ \/det(gij o Ndxi A Adxy
@(A)
:/ Vdet(gij o) dx,

(A)

where the crucial intermediate term comes from (7.4.3)—(7.4.8) and some algebra.
Under orientability, both this integral and that in (7.4.4) can be extended to larger
subsets of M by additivity.?> This yields a o-finite measure g associated to €2,
called Riemannian measure, which, with some doubling up of notation, we shall also
write as Vol, when convenient.
For obvious reasons, we shall often write the volume form 2 as dx; A--- A dxy,
where the 1-forms dx; are the (dual) basis of T*(M).
An important point to note is that Vol, agrees with the N-dimensional Hausdorff
measure>> associated with the metric 7 induced by g, and so we shall also often write
22 The last line of (7.4.9), when written out in longhand, should be familiar to most readers as
an extension of the formula giving the “surface area” of a regular N-dimensional surface.
The extension lies in the fact that an arbitrary Riemannian metric now appears, whereas in
the familiar case there is only one natural candidate for g.

23 If M is an N-dimensional manifold, treat (M, T) as a metric space, where 7 is the geodesic
metric given by (7.3.1). The diameter of a set S C M is then diam(S) = sup{r(s, ) : 5,1 €
S}, and for integral n, the Hausdorff n-measure of A C M is defined by
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it as Hy. In this case we shall usually write integrals as || 1) dHy (¢) rather than
f I h’Hy, which would be more consistent with our notation so far.

We now return to the issue of orientability. In setting up the volume form €2, we
first fixed an orthonormal frame field and then demanded that Q;(Ey;, ..., En;) =
+1 for all t € M (cf. (7.4.6)). We shall denote M, along with this orientation, by
M. However, there is another orientation of M for which Q = —1 when evaluated
on the orthonormal basis. We write this manifold as M ~. On an orientable manifold,
there are only two such possibilities.

In fact, it is not just 2 that can be used to determine an orientation. Any non-
vanishing continuous N-form « on an orientable manifold can be used to determine
one of two orientations, with the orientation being determined by the sign of « on the
orthonormal basis at any point on M. We can thus talk about the “orientation induced
by a.”

With an analogue for Lebesgue measure in hand, we can set up the analogues of
Borel measurability and (Lebesgue) integrability in the usual ways. Furthermore, it
follows from (7.4.3) that there is an inherent smoothness2* in the above construction.
In particular, if M is compact, then for any continuous, nonvanishing N-form « that
induces the same orientation on M as does €2, there is an Q2-integrable function do/d 2

for which
/ _ do o
Ma S Ipde

For obvious reasons, da/d2 is called the Radon—Nikodym derivative of «.

From now on, and without further comment, we shall assume that all manifolds in
this book are orientable, and the frame fields and orientation chosen so as the make
the volume form positive.

Coarea formula

The following important result, due to Federer [64] and known as his coarea formula,
allows us to break up integrals over manifolds into iterated integrals over submanifolds
of lower dimension. Consider a differentiable map f : M — N between two

Ha(A) 2 0,27 liminf Y (diam B;)",
el0 ;

where for each ¢ > 0, the infimum is taken over all collections {B;} of open 7-balls in M
whose union covers A and for which diam(B;) < e. As usual, w; is the volume of the unit
ball in R”. For the moment, we need only the case n = N. When both are defined, and the
underlying metric is Euclidean, Hausdorff and Lebesgue measures agree.

Later we shall need a related concept, that of Hausdorff dimension. If A C M, the
Hausdorff dimension of A is defined as

. A . . .
dim(A) = inf 1 f E d B)H)* =0¢,
im(A) = in {(x 813(1)111 i (diam B;) }

where the conditions on the infimum and the B; are as above.
24 This smoothness implies, for example, that N-forms cannot be supported, as measures, on
lower-dimensional submanifolds of M.
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Riemannian manifolds, with m = dim(M) > n = dim(N). Ateacht € M its
push-forward, f (), is a linear map between two Hilbert spaces and can be written as

n m
PRAGZODI RGO (7.4.10)
j=1 i=1
for orthonormal bases {6, (¢)}"_, of (T; M)* and {GNJ-(f(t))};f:1 of TrN.
Writing {9/0¢1, ..., d/0t,} for the corresponding basis of T; M, the Aifj are
given by
Al () = @/01) £(0). (7.4.11)

Similarly, the pullback f*, evaluated at t € M, is a linear map from A* (T ) N)
to A*(T; M). If we restrict f*(¢) to A" (Ty)N), it can be identified with an element
in the linear span of A" (TyN) x A"(T:M).

Both the push-forward and the pullback share the same norm, which we write as
J f (t) and which can be calculated by taking the square root of the sum of squares of
the determinants of the n x n minors of the matrix A/ of (7.4.10). Alternatively, it
is given by

Jf(n) & \/det (Vi (1), V£ (1)) (7.4.12)

Federer’s coarea formula [64] states that for differentiable’> f and for g €
LM, B(M). Hon).

f gW)Jf(@)dHn (1) =/ dHn(“)/ 8(s) dHim—n(s). (7.4.13)
M N 7w

Simplifying matters a little bit, consider two special cases. If M = R" and
N =R, itis easy to see that Jf = |V f|, so that

/ gOIVF@®)|dt = / du/ g(s)dHn—1(s). (7.4.14)
RY R M)
There is not a great deal of simplification in this case beyond the fact that it is

easy to see what the functional J is. On the other hand, if M = N = RV then
Jf =|detVf]|, and

/ g(t)|detVf(t)|dt=/ du/ g(s) dHo(s) (7.4.15)
RN RN S~Hu)
:/ Z g@®) | du.
RN t:f(t)=u

We shall return to (7.4.15) in Section 11.4 and to the coarea formula in general in
Chapter 15, where it will play a very important role in our calculations.

25 Federer’s setting is actually somewhat more general than this, since he works with Lipschitz
mappings. In doing so he replaces derivatives with “approximate derivatives’ throughout.
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7.5 Curvature

We now come to what is probably the most central of all concepts in differential ge-
ometry, that of curvature. In essence, much of what we have done so far in developing
the calculus of manifolds can be seen as no more than setting up the basic tools for
handling the ideas to follow.

Curvature is the essence that makes the local properties of manifolds inherently
different from simple Euclidean space, where curvature is always zero. Since there
are many very different manifolds, and many different Riemannian metrics, there are
a number of ways to measure curvature. In particular, curvature can be measured
in a somewhat richer fashion for manifolds embedded in ambient spaces of higher
dimension than it can for manifolds for which no such embedding is given.?® A
simple example of this is given in Figure 7.5.1, where you should think of the left-
hand circle S! as being embedded in the plane, while the right-hand circle exists
without any embedding. In the embedded case there are notions of “up” and “down,”
with the two arrows at the top and bottom of the circle pointing “up.” In one case the
circle curves “away” from the arrow, in the other, “toward” it, so that any reasonable
treatment of curvature has to be able to handle this difference. However, for the
nonembedded case, in which there is nothing external to the circle, the curvature
must be the same everywhere. In what follows, we shall capture the first, richer,
notion of curvature via the second fundamental form of the manifold, and the second
via its curvature tensor, which is related to the second fundamental form, when both
are defined, via the Gauss equation (7.5.9) below.

Fig. 7.5.1. Embedded and intrinsic circles.

26 We have used this term often already, albeit in a descriptive sense. The time has come to
define it properly: Suppose f : M — M is C!. Take € M and charts (U, @) and (V, ¥)
containing ¢ and f(¢), respectively. The rank of f at t is defined to be the rank of the
mapping ¥ o f o o1 9(U) - ¥ (V) between Euclidean spaces. If f is everywhere
of rank dim M, then it is called an immersion. If dim M = dim 1\71, then it is called a
submersion. Note that this is a purely local property of M.

If, furthermore, f is a one-to-one homeomorphism of M onto its image f (M) (with its
topology as a subset of ]\71), then we call f an embedding of M in M and refer to M as an
embedded (sub)manifold and to M as the ambient manifold. This is a global property, and
amounts to the fact that M cannot “intersect” itself on M.

Finally, let M and M be Riemannian manifolds with metrics g and g, respectively. Then
we say that (M, g) is an isometrically embedded Riemannian manifold of (M , @) if, in
addition to the above, g = f*g, where f*g is the pullback of g (cf. (7.4.1)).
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Riemannian curvature tensor

We start with the (Riemannian) curvature tensor. While less informative than the
second fundamental form, the fact that it is intrinsic (i.e., it is uniquely determined
by the Riemannian metric) actually makes it a more central concept to Riemannian
geometry.

Much in the same way that the Lie bracket [ X, Y] = XY —Y X measures the failure
of partial derivatives to commute, the Riemannian curvature tensor, R, measures the
failure of covariant derivatives to commute. A relatively simple computation shows
that for vector fields X, Y it is not generally true that Vx Vy — Vy Vy = 0. However,
rather than taking this difference as a measure of curvature, to ensure linearity, it is
convenient to define the (Riemannian) curvature operator®’ as

A
R(X,Y) =VxVy —VyVx — Vix 1. (7.5.1)

Note that if [X, Y] = 0, as is the case when X; and Y; are coordinate vectors in the
natural basis of some chart, then R(X, Y) = VxVy — VyVy, and so the operator R
is the first measure of lack of commutativity of Vx and Vy mentioned above.

The (Riemannian) curvature tensor, also denoted by R, is defined by

R(X,Y,Z, W) 2 g (VxVyZ — VyVxZ — Vix.r1Z, W) (7.5.2)
=g(R(X,Y)Z, W),

where the R in the second line is, obviously, the curvature operator. Itis easy to check
that for RY, equipped with the standard Euclidean metric, R = 0.2

The definition (7.5.2) of R is not terribly illuminating, although one can read it
as “the amount, in terms of g and in the direction W, by which Vx and Vy fail to
commute when applied to Z.”” To get a better idea of what is going on, it is useful to
think of planar sections of 7; M.

Forany t € M, we call the span of two linearly independent vectors X;, Yy € M
the planar section spanned by X; and Y;, and denote it by 7 (X, ¥;). Such a planar
section is determined by any pair of orthonormal vectors Ey;, Ey; in w(X;, Y;), and

A
k() =—R (Eys, Ey, E1t, Ey) = R(Ey;, Ey, Eoy, Eyy) (7.5.3)

is called the sectional curvature of the planar section. Itisindependent of the choice of
basis. Sectional curvatures are somewhat easier to understand than the curvature ten-
sor, but essentially equivalent, since it is easy to check from the symmetry properties
of the curvature tensor that it is uniquely determined by the sectional curvatures.
We shall later need a further representation of R, somewhat reminiscent of the
representation (7.3.14) for the Riemannian connection. The way that R was defined

27 Note that the curvature operator depends on the underlying Riemannian metric g via the
dependence of the connection on g.

28 Manifolds for which R = 0 are called flat spaces. However, not only Euclidean space is
flat. It is easy to check, for example, that the cylinder § ' x R is also flat when considered
as a manifold embedded in R3 with the usual Euclidean metric.
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in (7.5.2) shows that it is clearly a covariant tensor of order 4. However, it is not
a difficult computation, based on (7.3.14), to see that it can also be expressed as a
symmetric double form of order (2, 2). In particular, if g is C? and {6i}1<i<n is the
dual of a C? orthonormal frame field, then R € C°(A%?(M)), and we can write

N
1
=3 > Qi@ (6 n0;). (7.5.4)
ij=1
where the €2;; are skew-symmetric C 0 differential 2-forms (£2;j = —L2j;) known as

the curvature forms for the section {E;}1<;<n and are defined by
Qi;(X,Y)=R(Ei,Ej, X,Y) (7.5.5)
for vector fields X, Y.

Projection formula

Although it is more aresult from linear algebra than differential geometry, since we are
about to start talking about projections, and these will appear frequently throughout
the book, we recall the following:

Suppose v is an element in a vector space V with inner product (-, -), and

w1, ..., w, are vectors in V. Then the projection of v onto the span of the w; is
given by
n
Pspan(wl,‘..,w,,)v = Z (w;, U)g” wj, (7.5.6)
i,j=1

where the g'/ are the elements of G~!, and G is the matrix with elements g ;o=
(wi, wj).
Second fundamental form

Let (M, g) be a Riemannian manifold embedded in an ambient Riemannian manifold
(M '7 of codimension?? at least one. erte V for the Levi-Civita connection on M
and V for the Levi-Civitd connection on M. If t € M, then the normal space to M
in M attis

TAM 2 (X, € M :3/(X,,Y;) = Oforall ¥, € T, M}, (7.5.7)

and we also write T-(M) = |J, T,-M. Note that since M =T,M & TAM for
each t € M, it makes sense to talk about tangential and normal components of an
element of 7; M and so of the orthogonal projections

=1 1 o —1 1
Prowy i wg'M — T(M), P s M — T(M),

29 The codimension of M in M is dim(ﬁ)—dim(M).
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where 7; is the canonical projection on t the tangent bundle T(M ), and T'(M) and
TL (M) are embedded subbundles of T(M ).

The second fundamental form of M in M can now be defined to be the operator
S from T (M) x T (M) to T-(M) satisfying

S(X.Y) 2 Piyy (VxY) = VxY — VY, (7.5.8)

where the equality here is known as Gauss’s formula.

When (M, g) isometrically embedded in (1\7[ , ©) there is a useful relation between
the second fundamental form and the curvature tensors R of (M, g) and Rof (1\7 ,2),
known as the Gauss equation, and given by

2(S(X, 2), S(Y, W)) — B(S(X, W), S(Y, W)) (1.5.9)
=2(R(X.Y,Z,W) — R(X,Y, Z, W)).

In the special case that M is a manifold with smooth boundary dM = M, the above
simplifies to

S2(X.Y), (Z, W)) = (R"M(x Y. Z. W) — RM(X.Y, Z, W)). (7.5.10)

Now let v denote a unit normal vector field on M, so that v € TJ-M for all
t € M. Then the scalar second fundamental form of M in M for v is deﬁned for
X, Y e T(M), by

Sy (X, Y) 2 Z(S(X, Y),v), (75.11)

where the internal S on the right-hand side refers to the second fundamental form
(7.5.8). Note that despite its name, the scalar fundamental form is not a differential
form, since it is symmetric (rather than alternating) in its arguments. When there is
no possibility of confusion we shall drop the qualifier “scalar” and refer also to S,, as
the second fundamental form.

In view of the fact that V is compatible with the metric g (cf. (7.3.11)), we also
have the so-called Weingarten equation that for X, Y € T (M) is given by

Sy(X,Y) = 2(VxY,v) = —3(¥, Vyv). (7.5.12)

As we already noted, S, is a symmetric 2-tensor, so that as for the curvature
tensor, we can view it as a symmetric section of A**(M). As such, it contains a lot
of information about the embedding of M in M and thus curvature information about
M itself. For example, fix v and, doubling up a little on notation, use the second
fundamental form to define an operator S, : T(M) — T (M) by

2S,(X), ¥) £ 5,(X, 1),

forallY € T(M). Then S, is known as the shape operator. Ithas N real eigenvalues,
known as the principal curvatures of M in the direction v, and the corresponding
eigenvectors are known as the principal curvature vectors.
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All of the above becomes quite familiar and particularly useful if M is a simple
surface determined by the graph of f : RN — R, with the usual Euclidean met-
ric. In this case, the principal curvatures are simply the eigenvalues of the Hessian
(Bzf/BxiE)xj)ft]/.:1 (cf. (7.3.22)). In particular, if (M, g) is a surface in R3 with the
induced Euclidean metric, then the product of these eigenvalues is known as Gauss-
ian curvature and it is Gauss’s Theorema Egregium that it is an isometry invariant of
(M, g), i.e., it is independent of the embedding of M in R3. In the next section we
shall see that the Gaussian curvature is not unique as far as isometric invariance goes
and that there are also other invariants, which can be obtained as integrals of mixed
powers of curvature and second fundamental forms over manifolds.

7.6 Intrinsic Volumes for Riemannian Manifolds

In Section 6.3, in the context of integral geometry, we described the notions of intrinsic
volumes and Minkowski functionals and how they could be used, via Steiner’s formula
(6.3.3), to find an expression for the tube around a convex Euclidean set. In Chapter 10
we shall extend these results considerably, looking at tubes around submanifolds of
some larger manifold. In doing so we shall encounter extensions of intrinsic volumes
known as Lipschitz—Killing curvatures, and study them in some depth.

However, while the detailed calculations of Chapter 10 are not needed for Part III,
the same is not true of Lipschitz—Killing curvatures, which will have a crucial role to
play there. Hence we define them now, with no further motivation.

Let (M, g) be a C? Riemannian manifold. For each ¢+ € M, the Riemannian
curvature tensor R; given by (7.5.2) is in A%2(T; M), so that for j < dim(M)/2 it
makes sense to talk about the jth power R; of R,. We can also take the trace

T (RV) (1) & "M (R).

Integrating these powers over M gives the Lipschitz—Killing curvature measures of
(M, g) defined, for measurable subsets U of M, by
W Jy TeM (RN=D/2)Vol, if N — j is even,
c,muy =1 () (7.6.1)
0 if N — j is odd.

The Lipschitz—Killing curvature, or intrinsic volume, of (M, g) is defined as
Li(M)=L;(M,M). (7.6.2)

While (7.6.1) is a tidy formula, the integral is not always easy to compute. Perhaps
the easiest example is given by the Lipschitz—Killing curvatures of SV, which you
should be able to compute directly from (7.6.1). We shall carry out the computation
at the end of the following section, after having looked a little more carefully at some
of the components making up the trace in the integrand.
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7.7 A Euclidean Example

We close this chapter with what might be considered a “concrete’” example, taking as
our manifold M a compact C? domain in RN endowed with a Riemannian metric g.
We shall show how to explicitly compute both the curvature tensor R and the second
fundamental form S, as well as traces of their powers. This section can be skipped
on first reading, although you will probably want to come back to it once we start
looking at specific examples in later chapters.

Christoffel symbols
We first met Christoffel symbols back in Section 7.3, where we used them to motivate
the construction of Riemannian connections. Now, however, we want to work in the
opposite direction. That is, given M and g, which uniquely define a Levi-Civita
connection, we want to represent this connection in a form conducive to performing
computations. In doing this we shall recover the Christoffel symbols of Section 7.3
as well as develop a related class of symbols.

We start with {E;}1<;<n, the standard®® coordinate vector fields on RY. This
also gives the natural basis in the global chart (R, i), where i is the inclusion map.
We now define’! the so-called Christoffel symbols of the first kind of V,

Tijk = ¢(VE,Ej, Ex), 1<i,j,k<N. (17.1)
We further define
gij = g(Ei, Ej). (7.7.2)

Despite the possibility of some confusion, we also denote the corresponding matrix
function by g = (g; j)f\f =1 doubling up on the notation for the metric.

With this notation it now follows via a number of successive applications of
(7.3.10) and (7.3.11) that

Tijk = (Ejgik — Exgij + Eigjk) /2. (7.7.3)
We need two more pieces of notation, the elements g/ of the inverse matrix g~

and the Christoffel symbols of the second kind of V, defined by
N
Fz{cj = Z gksl—','js.
s=1

30 Note that while the E; might be “standard,” there is no reason why they should be the “right”
coordinate system to use for a given g. In particular, they are no longer orthonormal, since
gij of (7.7.2) need not be a Kronecker delta. Thus, although we start here, we shall soon
leave this choice of basis for an orthonormal one.

31 An alternative, and somewhat better motivated, definition of the ' jx comes by taking the
vector fields {E;} to be orthonormal with respect to the metric g. In that case, they can
be defined via their role in determining the Riemannian connection through the set of N 2
equations Vg, E; = lecvzl i jk Ek. Taking this as a definition, it is easy to see that (7.7.1)
must also hold. In general, the Christoffel symbols are dependent on the choice of basis.
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Riemannian curvature
With the definitions above, it is now an easy and standard exercise to show that if the
metric g is C2, then

Ry 2 R((Ei. Ej). (Ex. E1)) (7.7.4)

N
= Z[gsl(Ei (T5) = Ej(T3)) + Tisi Ty — T T3]
s=1

N
=EiTji — E;Tin + Z (Tiks&"'Tjir — Tjks g™ Titr)-

s,t=1

Returning to the definition of the curvature tensor, and writing {de; }1<;<x for the
dual basis of {E;}1<;<n, it now follows (after some algebra) that the curvature tensor
itself can be written as

N
1
R=7 > REu(dei Adej) ® (dey Ade). (7.7.5)
ijkl=1
Next, we express the curvature tensor in an orthonormal frame field. To this end,
let X = {X,}1<i<n be a section of the orthonormal frame bundle O (M), having dual
frames {6;}1<i<n, so that

N
=Y gl.%./ dey, (1.7.6)
i'=1
where g% is given by
(g%)ij = g(E;, X;)
and the notation comes from the easily verified fact that g% (g%)’ = g, so that g% is

a square root of g.
It follows that

N
1
R=7 D REuO:n0)® O A0, 7.1.7)
i,j,k,=1
where
T s U U P
Riw=" D Rl 8, o &’ = R(Xi. X)), (Xi, X)),
i j k=1

. . 1
and you are free to interpret the g; ;o as either the elements of (g2)~! or of a square

root of g~ 1.
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In (7.7.7) we now have a quite computable representation of the curvature tensor
for any orthonormal basis. Given this, we also have the curvature forms €2;; (X, Y) =
R (Ei, E;j X, Y) of (7.5.4), and so, via (7.5.5), we can rewrite the curvature tensor as

1
R:EQ,'J'®(9[/\9]').

With the product and general notation of (7.2.4) we can thus write R¥ as

Rk = i . i (/\5{=19i21—1i21> ® (/\f:l(eiﬂ—l A 6)1‘21)) ’

2k
[T in=1
where
k
/\l:lQiZI—liZI (Xaw s XaZk)
1 k
= ok Z €o 1_[ Qiying—1 Xag-1y> Xagan)
o€S(2k) =1
1 k
_ X
Y Z o 1_[ Ri22—1i2/an(21—1)a0(21)'
oceS@k)  I1=1
It follows that
RN ((Xap - Xay)s Xy - Xay))
1 N k
- (at,...,azx) X
T 02 Z 8(1'1 ~~~~~ i2) Z € l_[ RiZl—Ii2laa(21—l)aa(Zl) ’
i1seening=1 ceSQ2k) 1=l
where for all m,
§(Cretn) _ &s if ¢ = o (b), for some o € S(m),

Grbm) 710 otherwise.

We are finally in a position to write down an expression for the trace of R¥, as
defined by (7.2.6):

1
Tr(Rk)zw Z R ((Xays - s Xan)s Kays -+ Xan)) (7.7.8)

1 k
=5 2 | X ]l
22k az;-1a2(Ag (21—1)Aq (21)

Al yeees ay=1 \oeS2k) =1

This is the equation we have been searching for to give a “concrete’” example of
the general theory.
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A little thought will show that while the above was presented as an example of
a computation on R¥, it is, in fact, far more general. Indeed, you can reread the
above, replacing R" by a general manifold and the E; by a family of local coordinate
systems that are in some sense “natural’’ for computations. Then (7.7.8) still holds,
as do all the equations leading up to it. Thus the title of this section is somewhat of a
misnomer, since the computations actually have nothing to do with Euclidean spaces!

The Lipschitz-Killing curvatures of S{V -1

We can now take a moment to look at the very familiar example of S){v ~! the sphere
of radius A in RY, and compute its Lipschitz—Killing curvatures from what we have
just established.

In Chapter 6 we already computed what we called there the intrinsic volumes
S){V*]. These were given by (6.3.8) as

_ N -1 SN :
Li(sN1) =2 A 7.7.9
]< & ) ( J )SN—j ( )

32

if N — 1 — j is even, and O otherwise. The argument that led to this was integral-
geometric, and involved no more than knowing how to compute the volume of N
balls and some trivial algebra.

We shall now rederive this from the integral (7.6.1) but shall have to work a little
harder. The advantage, of course, is that while the harder calculation generalizes to
more complex cases, the simple one does not.

Since it well known that S){V ~! has constant curvature, the trace in (7.6.1) is
constant. Furthermore, since the volume element there is simply spherical measure,
it is immediate that (7.6.1) reduces to

(=27)~WN-1=1/2

==y

when N — 1 — j = 0, and zero otherwise. Here ¢ is any point on S/{v -1 Thus, all
we need to do is compute the trace. We shall indicate how to do this, and leave the
remaining algebra needed to obtain (7.7.9) to you.

The key point to note is that if X, ¥, U, V are unit vectors in T; Siv _1, then

N—-1 11—
AV =gy TeS (Rz(N 1 J)/2)

-A73 (X, Y) = (U, V),
R(X,Y,U,V)=1{1"2  (X,Y)=(V,U), (7.7.10)
0 otherwise.

This can be checked, for example, by taking a parametric representation of S iv o
compute the Christoffel symbols of the first kind of (7.7.1) as the first step of the

32 We have not really shown that the integral-geometric intrinsic volumes of Chapter 6 are
the same as those that arise from differential-geometric considerations, of this and later
chapters. That this in indeed the case is nontrivial to establish in general. The current
calculation at least shows equivalence for Siv -1
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computations described above. Alternatively, at least for the nonzero cases, you can
use the “well-known” (and easily checkable) result that the curvature of S/% is 172
and then use (7.5.3) to go from two to general dimensions.

Once we have (7.7.10), then (7.7.8) and a little counting gives

N —1)!
Tr (Rk) _ (C1ykpk N DU
(N —1—=2k)!
This, along with some more algebra, will yield (7.7.9), as required.

Second fundamental form

We close this chapter by doing for the scalar second fundamental form S, what we did
for Riemannian curvature above and also going a little further, deriving an expression
for the trace of mixed powers of the form RkS) ( j < N —2k)on M. We shall
need these soon for computing the Lipschitz—Killing curvatures of manifolds with
boundaries (cf. (10.7.1)).

We start much as we did for the curvature tensor, by choosing a convenient set of
bases. However, this time the “natural” Euclidean basis is no longer natural, since
our primary task is to parameterize the surface d M in a convenient fashion.

Thus, this time we start with { E f}lsis ~N—1, the natural basis determined by some
atlas on M. This generates T (dM). It is then straightforward to enlarge this to a
section E* = {E[}1<ij<n of S(M), the sphere bundle of M, in such a way that on
oM, we have E;':, = v, the inward-pointing unit normal vector field on M.

It then follows from the definition of the scalar second fundamental form (cf.
(7.5.11)) that

N-—1
Sv=Y_ vin ®de], (7.7.11)
i=1

where, by (7.5.12), the connection forms y;; (on RV satisfy

vij(Y) = g(VyE[, E7). (7.7.12)

If we now define Ffjk = g(Vgr E;‘ E}), then the connection forms y;y can be

expressed™’ as

33 It is often possible to write things in a format that is computationally more convenient. In
particular, if the metric is Euclidean and if it is possible to explicitly determine functions
a;j, such that

N
Ef, =) ai(t)Ey,
k=1

then it follows trivially from the definition of the F;‘Ti y that

N

ad
My = > ;i (1) g~ (@nt (i (1) gt (1))-
k,l,m=1
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N-—1
yin = Y T¥yder. (7.7.13)
j=1

If, as for the curvature tensor, we now choose a smooth section X of O(M) with
dual frames 8 such that on 0M, Xy = v, similar calculations yield that

N-1 N-1
So=Y Sko®0; =) 6y @6,
i=1

i,j=1

where

Finally, on setting p = 2k + j, it follows that

N-1

A N—-1
v = Sk6;.
i=1

1 : .
RESI =2 D0 (A @aroan) A (Nhilin) © (A1) (7:714)

arp,..., ap=1

a formula we shall need in Chapter 12.
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Piecewise Smooth Manifolds

So far, all that we have had to say about manifolds and calculus on manifolds has
been of a local nature; i.e., it depended only on what was happening in individual
charts. However, looking back at what we did in Sections 6.1-6.3 in the setting of
integral geometry, we see that this is not going to solve our main problem, which
is understanding the global structure of excursion sets of random fields now defined
over manifolds.

In order to handle this, we are going to need a reasonably heavy investment in
notation leading to various notions of piecewise smooth spaces." The investment
will be justified by ultimately producing results, in Part III, that are both elegant and
applicable. To understand the need for piecewise smooth spaces, two simple examples
should suffice: the sphere S 2 which is a C* manifold without boundary, and the unit
cube /3, a flat manifold with a boundary made up of six faces that intersect at twelve
edges, themselves intersecting at eight vertices. The cube, faces, edges, and vertices
are themselves flat C*° manifolds, of dimensions 3, 2, 1, and 0, respectively.

In the first case, if f € Ck(Sz), the excursion set Au(Sz, f) is made of smooth
subsets of S2, each one bounded by a Ck curve. In the second case, for fe Ck(I 3),
while the individual components of A, (I3, f) will have a C* boundary away from
913, their boundaries will also have faces, edges, and vertices where they intersect
with 873. We already know from Section 6.2 that when we attempt to find point
set representations for the Euler characteristics of excursion sets, these boundary
intersections are important (e.g., (6.2.16) for the case of 1 2). This is even the case if
the boundary of the parameter set is itself smooth (e.g., Theorem 6.2.5). Consequently,
as soon as we permit as parameter spaces manifolds with boundaries, we are going to
require techniques to understand how these boundaries intersect with excursion sets.

1 We shall soon meet many types of piecewise smooth spaces, including stratified manifolds,
Whitney stratified manifolds, all in tame and locally convex (or not) versions. We shall
therefore use the term “piecewise smooth’ in a loose generic sense, referring to any or all
of these examples. In the formal statements of results, however, we shall be careful about
specifying which case is under consideration. Unfortunately—since one would prefer a
general theory—this is necessary, since very often, results that appear at first as if they
should hold in wider generality than stated do not.
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Thus, what we are searching for is a framework that will cover basically smooth
spaces, which, however, are allowed to have edges, corners, etc. This will ultimately
involve blending both integral and differential geometry. There are many ways to do
this, none of which could be considered canonical. The two most popular approaches
are based on the related, but nonequivalent, theories of Whitney stratified manifolds,
for which the standard reference is the monograph by Goresky and MacPherson [72],
and sets of finite reach, as developed by Federer [64, 65] with extensions by Zihle
[182] and others. In this book we shall adopt an approach based on Whitney stratified
manifolds, and in the remainder of the chapter we shall define carefully what these
are, and then proceed, both here and in Chapter 9, to add some additional restrictions
needed to make the results of Part IIT work.

The resulting treatment is therefore occasionally unmotivated, and it would only
be natural for you to ask why we suddenly add one side condition or another, and if
this one, why not another. The rather unsatisfactory answer is that we add conditions
that we require to make later proofs work. Indeed, it is probably instructional for you
to know that although this and the following chapter are only the eighth and ninth out
of fifteen, they were the last to be finished, since we had to return here time and again
to tailor conditions to match what we could prove. Our only consolation is that this
phenomenon seems to be endemic to the integral/differential geometry interface in
general; i.e., one chooses a basic framework, and then appends conditions to generate
proofs that morally should not require the additional conditions but in practice, do.?

Note, however, that if you are interested only in parameter spaces that are man-
ifolds without boundary then you can go directly to Chapter 9 and skip the current
one. However, you will then have to forgo fully understanding how to handle excur-
sion sets over parameter spaces as simple as cubes, which, from the point of view of
applications, is a rather significant loss.

Finally, we note that as much of the material of this chapter is not completely
standard material in differential geometry, and even those readers comfortable with
Chapter 7 may find it useful, at least for establishing notation.

8.1 Whitney Stratified Spaces

Our first step toward classifying piecewise smooth spaces will be what are known as
Whitney stratified spaces. The basic reference for these is the monograph by Goresky
and MacPherson [72], although we shall occasionally also have need of material that
can be found in Pflaum [122].

We start with a topological subspace M of a C¥ ambient manifold M. The term
“stratified” refers to a decomposition of M into strata, which we shall take to be
smooth manifolds. A Whitney stratified space is a stratified subspace’> M C M

2 Although, as noted above, we shall adopt an approach based on Whitney stratified manifolds,
it is clear that the same fine-scale detailing would have arisen had we adopted an approach
based on sets of finite reach. In addition, while this might have given an approach both
powerful and mathematically elegant, it involves a heavier background investment than is
justified for our purposes.

3 We shall henceforth drop the term “subspace’ in favor of space, with the understanding that
for our purposes, there is always some ambient M in which M is embedded.
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with some additional regularity constraints imposed. These regularity conditions
are essential in setting up Morse theory for stratified spaces, which we describe in
Chapter 9.

More formally, a C ! , | < k, stratified space, or decomposed space, M C Mis a
subspace of M along with a partition Z of M such that the following conditions are
satisfied:

1. Each piece, or stratum, S € Z is an embedded C! submanifold of M , without
boundary. _ _
2. ForR,S € Z,if RNS #@then R C S, and R is said to be incident to S.

We shall use the terminologies “stratified space” and stratified manifold interchange-
ably, and denote such spaces by (M, 2Z).

The partition Z has a natural partial order, namely R < Sif R C S. Thus we can
treat Z either as a partition of M, or as an abstract partially ordered set.

To fix a concrete example of a stratified space take M = I°. The natural decom-
position is to decompose I into the eight zero-dimensional vertices, the eight one-
dimensional edges, the six two-dimensional faces, and the single three-dimensional
interior. Similarly, if M = 91 3 the natural stratification is to decompose o7 3 into
the vertices, the edges, and the faces.

In general, a stratified space M C M with decomposition Z can be written as

dim M
M = U M,
=0

where ;M is the [-dimensional boundary of M made up of the disjoint union of a
finite number of /-dimensional manifolds. Given 0 < j < dim M, the space

j
U M
=0

is again a decomposed space, with partition {S € Z : dim(S) < j}.

Although there is a natural decomposition of I3, there are also many others, some
of which are similar and some of which are not. For example, in the “natural”
decomposition we made above, we could further decompose the three-dimensional
interior of I3 into the interior minus the point (%, %, %), and this point. For an even
simpler example note that R can be decomposed in many ways, three of which are

Zl = {(_OO, O)v {0}7 (Ov OO)},
Z; = {R\ {0}, {0}},
Z; =R

For the first two, the decompositions look locally the same at every point in R.
However, Z3 is fundamentally different at 0. A priori, this means that some of the
expressions for the intrinsic volumes described in Section 10.7 seem as if they may
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depend on the decomposition of M. That this is not the case is a somewhat subtle
issue, to which we shall return when the need arises.*

So far, we have not imposed any regularity on how the respective /-dimensional
boundaries 9 M are “glued” together. In the case of I3, and the natural decomposi-
tion described above, the pieces all fit together in a nice fashion. For more general
parameter spaces, we shall have to impose some further regularity on M.

Returning to I3 for motivation, note that every point ¢ € I3 has a neighborhood
that is isomorphic” to the product of an open neighborhood of the stratum that contains
¢ and a cone. For example, each vertex of I3 has a neighborhood that is isomorphic
to a closed octant in R3, and every point 7 in an edge of I° has a neighborhood
isomorphic to the product of an open interval around 0 and a closed quadrant in R2.

This “locally conic” property of I will be essential to the Morse theory developed
in Chapter 9, and that for general stratified spaces follows from Whitney’s conditions
(A) and (B) below. These conditions are regularity conditions imposed on a stratified
space that, in particular, imply that each point # € M has a neighborhood isomorphic
to the product of an open subset of the stratum S containing 7 and a cone® Cone(L )
with base Lg over a stratified space Lg, the link of M at ¢.

A stratified space (M, Z), is said to satisfy Whitney condition (A) at t € § if the
following holds for every S < S:

(A) If t, — t € S such that 7, € S for all n and the sequence of tangent spaces
T,n§ converges in the Grassmannia~n7 bundle of dim(S)-dimensional tangent
(sub)spaces of M to some T C TyM, then T D T;S. A limit of such tangent
spaces is called a generalized tangent space of M att.

4 This point is treated in detail in [122], where a distinction is also made between a decom-
position and a stratification, where the latter are equivalence classes of decompositions.
However, since any decomposition uniquely determines a stratification, for our purposes
we can assume that we are given a decomposition Z of M and talk about the stratifica-
tion induced by Z. Reference [122] also raises the possibility of parameterizing strata by
something known as “depth” rather than by dimension.

5 Two stratified spaces (M1, Z1) and (M5, Z;) of class C! are said to be isomorphic if there
existsamap H : M; — M5 thatis an isomorphism of the partially ordered sets Z1 and Z5.
Thatis, foreach S € Z1, H(S) € 25, and this map is an isomorphism when S and H (S) are
considered as elements of the partially ordered sets Z| and Z;, respectively. Furthermore,
H is such that for each § € Zy, H|g : § — H(S) is a diffeomorphism of class cl.

6 Recall that the cone Cone(L) over a topological space L is defined as the quotient space
Y =L x[0,1), where y; ~ y» <= y1 = (x1,0), yp = (x2,0) for x;, xp € L.

If the topological space is also a real vector space V, then a cone is a subset K of V for
which AK = K for all A > 0. (Technically, this is a positive cone, but all our cones will be
of this form, so we shall drop the qualifier.) Then K can be written in the form

K = {Ax : x € Kppge, A = 0}.

We refer to K as the cone over the base Ky ,qe and denote it by Cone(Kpqe)-

7 The Grassmannian bundle referred to here is the natural one, namely the union of the
Grassmannian manlfolds of dlm(S) dimensional subspaces of T,M where the union is
taken over all 7 € M, and the collection is parameterized similarly to the tangent bundle.
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In a chart (U, ¢) on M containing 7, a stratified space (M, Z) is said to satisfy
Whitney condition (B) at t € S if the following is satisfied for every S < S:

(B) Lett, — tands, — ¢t besuchthats, € S,s, € § for all n. Furthermore,
suppose that the sequence of line segments ¢(#,)¢(s,) converges in projective
space to a line ¢ and the sequence of tangent spaces Ts,,§ converges in the
Grassmannian to a subspace T C T; M. Then ¢, L) cr.

It is easy to show that condition (B) implies condition (A), and it is not too much
more difficult to show that whether condition (B) is satisfied at ¢ is independent of
the chart (cf. [122]). A stratified space (M, Z) is called a Whitney stratified space if
it satisfies Whitney condition (B) (and hence condition (A)) at every r € M.

Examples of Whitney stratified spaces abound, and include the following:

* piecewise linear sets;

* finite simplicial complexes;

* Riemannian polyhedra;

* Riemannian manifolds (with boundary);

* closed semialgebraic (subanalytic) subsets of Euclidean spaces (i.e., sets that are
finite Boolean combinations of excursion sets of algebraic (analytic) functions);

*  basic complexes with C? boundary.

The last of these, of course, provides the link between this chapter and the integral
geometry of Chapter 6.

Furthermore, Whitney stratified spaces have many desirable properties, among
them these:

* Whitney stratified spaces can be triangulated.

*  Whitney stratified spaces have a well-defined Euler characteristic.

» The intersection of two Whitney stratified spaces is generally a Whitney stratified
space, whose strata are the intersections of the strata of the two spaces.

These three properties will all be of key importance to us, so we shall discuss them a
little, including giving rough definitions of the terms we have used in stating them.

By a triangulation of a Whitney stratified space M we mean a covering of M by
diffeomorphic images of simplices of dimension no more than dim(M) such that if
two such images have a nonempty intersection, then the preimages of the intersection
must be full facets (subsimplices) of each of the original simplices.

The simplices of the triangulation can be joined to form a single simplicial complex
by joining them along the facets where their images intersected on M. We call this
a simplicial complex generated by M, and denote it by Sys. There is, of course, no
uniqueness in such a triangulation. We can then define the Euler, or Euler—Poincaré,
characteristic of M as the alternating sum

dim M
pM) 2 Y ()N Sy, (8.1.1)
j=0
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where o (Sy) is the number of j-dimensional facets in Sy;. Despite the fact that
there is no uniqueness for triangulations and so the right-hand side here would seem
to depend on Sy, it is a basic theory of algebraic topology that the Euler characteristic
is well defined and independent of the triangulation.

Finally, we turn to the issue of tranverse intersections. We say that two Whitney
stratified submanifolds, M| and M,, subsets of the same ambient N-dimensional
manifold M , intersect transversally if for each pair (j, k) with 0 < j < dim(M)
and 0 < k < dim(M>), and each ¢ € 9; M1 N 9 M>, the dimension of

span {X, +Y:X, € th‘8le, Y; € T,J‘BkMg} (8.1.2)

isequal to 2N — j —k > 0.

Now suppose that f € C k(M ) is such that its excursion set over M, A, (f, M ) =
f ’L[u, o0) is a Whitney stratified manifold. If M is a Whitney stratified submanifold
of M, and if A, (f, M) and M intersect transversally, then A, (f, M) will also be a
Whitney stratified manifold with a stratification inherited from those of A, (f, M )
and M.

The punch line of the above paragraph is that if we start with Whitney stratified
manifolds as the parameter spaces of random fields, and if our random fields behave
well, then excursion sets will also be Whitney stratified manifolds. This closure,
together with the fact that Whitney stratified manifolds provide a natural setting for
both smooth and angular parameter spaces, is one of the main reasons that this class
of sets will be, for us, the right choice for Part III.

8.2 Locally Convex Spaces

For much of what follows, we are going to have to slightly limit Whitney stratified
manifolds to those that are, in an appropriate sense, locally convex.

To make this precise, we need the notion of the tangent to a curve ¢ ina manifold M.
Take a chart (U, ¢) in the atlas of M, apointt € UNM,andacurvec : [—1,1] - M
for which ¢(0) = ¢. Then, at least for s sufficiently close to 0, we can write the
coordinate representation of ¢ as c(s) = (c1(s),...,cn(s)), and the formula for
the push-forward in the natural coordinates corresponding to ¢ gives us the natural
definition

A N ad
¢(0) = ;C"“’)a_x,.

c(0)

for the tangent vector to ¢ at 0.
If, for a manifold M, we now collect all limiting directions

SME[X, eT,M:35>0, ceC'((=3,9), i), (8.2.1)
c(0) =1, ¢(0) = X;, c(s) € M forall s € [0, )},
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we obtain a cone in T; M known as the support cone of M at t. Support cones behave
predictably under intersections, in that

Si(Mi N M) =85M NS M,. (8.2.2)

This follows from the simple observation that the support cone att € M| N M3 is the
set of all directions in which one can leave t € M| N M, while remaining in M| N M.
Thus each such direction must be contained in the support cones of both M; and M>,
i.e., it must lie in the intersection of the two support cones.

Figure 8.2.1 shows a part of the (shaded) support cones for two domains in R?,
where the bases of the cones are the points at the base of the concavity in each domain.
Note that while neither of the domains is itself convex, the smooth domain always
has convex support cones, while the domain with the concave cusp does not.

Fig. 8.2.1. Convex and nonconvex support cones.

We now have all we need to define a family of Whitney stratified spaces that will
be important for us later.

Definition 8.2.1. A Whitney stratified space (M, Z) is called locally convex if the
support cone S;M is convex for everyt € M.

Under this definition, the smooth domain of Figure 8.2.1 is locally convex, while
the domain with concave cusp is not. These examples are actually quite generic, since
the main import of the convex support cone assumption is to exclude sharp, concave
cusps. Similarly, while the N-cube 1 N is locally convex (and indeed, convex), its
boundary 87" is not.

With the notion of support cones fresh in our minds, this is probably a good place
to define their duals, for which we need to assume that M has a Riemannian structure.
This we do, writing g for the Riemannian metric on M and gorgp ;m for the metric
it induces on M or d; M.

This allows us to define a dual to each support cone S; M, known as the normal
cone of M at t and defined by

NM 2 (X, e T,M:3(X,,Y;) <0forall ¥, € S,M}. (8.2.3)

In the two domains in Figure 8.2.1, assuming the usual Euclidean metric, the
normal cones at the base of the concavity are the outward normal in the first case, and
empty in the other.
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A more interesting example is given in Figure 8.2.2 for the tetrahedron. In this
case we have shown the (truncated) normal cones at (a) a vertex (b) a point on an edge,
and (c) a point on a face. What remains is a point in the interior of the tetrahedron, for
which the normal cone is empty. Note that in each case the dimension of the normal
cone is the codimension of the stratum in which the base point sits, with respect to
that of the ambient manifold (in this case, R?).

(a) (b) (©

Fig. 8.2.2. Normal cones for a tetrahedron.

8.3 Cone Spaces

For technical reasons® we shall soon have to place a further restriction on the Whitney
stratified manifolds with which we shall work, this being that they be C? cone spaces.

To define these, recall that every point ¢ in a stratum S of a Whitney stratified
space has a neighborhood U in M homeomorphic to the product (SNU) x Cone(Lyg),
where Lg is its link in M. However, this homeomorphism is not necessarily differ-
entiable. (See the example of Neil’s parabola at the end of this section.) Requiring
differentiability is what leads to the notion of C!™ cone spaces, which we define
following [122].

Definition 8.3.1. Let M C M be a C! stratified space with stratification (Z, S), with
[ a nonnegative integer. Then M is said to be a cone space of class C! and depth 0 if
it is the topological sum of countably many connected C! manifolds, the strata S of
which are the unions of connected components of equal dimension.°

A space M is said to be a cone space of class CV™ (m > 0) and depth d + 1
(d = 0) ifeveryt € S C M has a neighborhood U C M such that U N M is C™
diffeomorphic to (U N S) x Cone(Ls), where Lg is a compact C' cone space of

8 The point at which we shall need C 2 cone spaces is in the proof of Theorem 9.2.6 in the
following chapter. Itis not clear to us at this stage whether the assumption that the manifolds
there are also cone spaces is necessary for the result to hold, or merely a requirement of our
method of proof. However, we were unable to find a proof without this assumption.

9 In [122], cone spaces are defined only for m = 0, i.e., works only for homeomorphisms.
Unfortunately, we shall need a little more for the proof of Theorem 9.2.6.

10 Note that these are true manifolds, and not manifolds with boundary.
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depth d, and Cone (L) denotes the cone. When m = 0, “C™ diffeomorphic” is to be
understood as “homeomorphic.”

In general, the set (U N S) x Cone(Lys) can be thought of as a subset of SM
if we choose an appropriate chart (¢, U) on M. In this sense, the set M is locally
approximated by (is homeomorphic to) the disjoint union

Jsim

teS

of support cones.

For an example, consider the important special case of convex simplicial com-
plexes in Euclidean spaces. Such spaces have canonical stratifications given by the
facets. In this case, for a given t € M, the “link” L is naturally identified with the
unit normal vectors of the supporting hyperplanes at ¢, chosen to point toward the
interior of M. Furthermore, if we denote the span of a facet S by [S], it is clear that
[S1@® Cone(Lyg) is S; M, where @ denotes Minkowski addition

A®B={x+y:xecA,yeB) (8.3.1)

(cf. [141]).
For a simple example of a C>? cone space that is not C>™ for any m > 1,
consider the so-called Neil’s parabola (cf. [122]) given by

Myeit = {(s,1) e R? 1 ° =12},

Its stratification is given by the origin and the two legs {(s, ) € Mnei1 : t > 0} and
{(s,1) € Mei1 : t < 0}.
MNei is clearly homeomorphic to Cone({—1, 1}), which we can identify with the
graph
{(s,1) e R? : 5 = |1]}.

However, there is no diffeomorphism of the plane that maps Myej to Cone({—1, 1}).
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Critical Point Theory

In the preceding chapter we set up the two main geometric tools that we shall need
in Part III of the book. The first of these are piecewise smooth manifolds of one kind
or another, which will serve there as parameter spaces for our random fields, as well
as appearing in the proofs. The second are the Lipschitz—Killing curvatures that we
met briefly in Chapter 7 and shall look at far more closely, in the piecewise smooth
scenario, in Chapter 10. These will appear in the answers to the questions we shall
ask. Between the questions and the answers will lie considerable computation, and
the main geometric tool that we shall need there is the topic of this short chapter.

Critical point theory, also known as Morse theory, is a technique for describing
various global topological characteristics of manifolds via the local behavior, at crit-
ical points, of functions defined over the sets. We have already seen a version of
this back in Section 6.2, where we obtained point set representations for the Euler
characteristic of excursion sets (cf. Theorems 6.2.4 and 6.2.5, which gave point set
representations for excursion sets in R%, over squares and over bounded sets with C2
boundaries). Our aim now is to set up an analogous set of results for the excursion
sets of C2 functions defined over C? piecewise smooth spaces. We shall show in
Section 9.4 how to specialize these back down to the known, Euclidean, examples of
Section 6.2.

A full development of this theory for manifolds, which goes well beyond what we
shall need, is in the classic treatise of Morse and Cairns [117], but you can also find
a very readable introduction to this theory in the recent monograph of Matsumoto
[112]. The standard theory, however, concentrates on smooth manifolds, as opposed
to the piecewise smooth case that we need. The standard reference in this case is the
excellent monograph of Goresky and MacPherson [72].

9.1 Critical Points

We begin with a general definition of critical points. Let (M, Z) be a C ! Whitney
stratified space embeddedina C k ambient N-manifold M. For f eC? (M ), acritical
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point of f isapoint t € M such that Vﬁ = 0. Points that are not critical are called
regular.

Now take M to be compact, N-dimensional, and C 2 piecewise smooth, embedded
in a C3 ambient manifold (A7[ , 2), writing, as gsual, g for the induced metric on M.
Extending the notion of critical points to f = f| requires taking note of the fact that
the various boundaries in M are of different dimensions and so, in essence, involves
repeating the above definition for each fjy, . However, our heavy investment in
notation now starts to pay dividends, since it is easy to see from the general definition
that a point ¢ € d; M, for some 0 < j < N, is a critical point if and only if

Vi eTr oM ©.1.1)

(cf. (7.5.7) for notation). Thus we need work only with the single function f and not,
explicitly at least, with its various restrictions. !

This definition implies that all points in do M are to be considered as critical points,
and, when dim(M) = dlm(M ), that critical points of fj5,m = f| Me are just critical
points of f in the sense of the initial definition.

We call the set

N
\Jtredm:Vf e 1-0,m}
j=0

the set of critical points of fiju. All other points are known as regular points.

A critical point t € d; M of fj is called nondegenerate if the covariant Hessian
v? fit,9;m 1s nondegenerate, when considered as a bilinear mapping. A function
f e CZ(IVI ) is said to be nondegenerate on M if all the critical points of f|y are
nondegenerate. The tangential Morse index

tra;m (1) 9.1.2)

of a nondegenerate critical point t € 9;M of fjy is the dimension of the largest
subspace L of T;3; M such that V2f (t)| ;, 1s negative definite. Thus, a point of
tangential Morse index zero is a local minimum of f on d; M, while a point of index
Jj is a local maximum. Other indices correspond to saddle points of various kinds.
Before defining Morse functions on stratified Whitney spaces, we need one further
concept: the normal Morse index, which, as its name suggests, complements the
tangential Morse index.

! This assumes, however, that one remembers where all these spaces are sitting, or (9.1.1)
makes little sense. Assuming that the ambient space M is N-dimensional (N =dim(M)),
we have, on the one hand, that Vfis also N-dimensional, whereas T,La M is (N — j)-
dimensional. It is important, therefore, to think of TtJ- 0 jM asa subs;iace of TtJ-M for the
inclusion to make sense. Overall, all of these spaces are dependent on M and its Riemannian
metric.
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9.2 The Normal Morse Index

The normal Morse index, o, is a measure of local change in the topology of the
manifold. In that sense it is very much like the Euler—Poincaré functional ¢ of
(6.1.10). However, unlike ¢, it records this change for any normal direction, and later
we shall take averages over all directions. In this way we overcome the drawback of
the theory of Chapter 6, which was axis-dependent (cf. footnote 1 there).

Beyond its use in Morse theory, o will also play a key role in the definition of
Lipschitz—Killing curvature measures for Whitney stratified spaces in Chapter 10.

9.2.1 The Index

We start with another item of notation. ~If (M, Z) is a Whitney stratified submanifold
of an ambient Riemannian manifold (M, g), we write

TAM = U T+s
SeZ

for the stratified normal bundle of (M, Z) (cf. (7.5.7)).

The next step in defining the normal Morse index involves moving everything to
Euclidean space. Thus, fixingat € M, take normal coordinates (U;, ¢;) (cf. (7.3.21))
on M at t. Now fix a unit vector v € T,lS , and choose (8¢, £9) small enough so that
the topology of

0, (U, 0 M) N {x e RIMUID . () = —g} n piimGD 9.2.1)

is unchanged for 0 < § < o and 0 < & < go. This set is easily seen to be a
Whitney stratified manifold embedded in RImMM) and so has a well-defined Euler
characteristic given either via (8.1.1) or via the integral geometry of Chapter 6 if the
setup there happens to apply here as well. For 0 < § < 6p and 0 < ¢ < g9, denote it
by x (v).

We then define the (normal) Morse index of M at t in the direction v to be

a) =a(w; M) 21— x (). 9.2.2)
In fact, the normal Morse index is really dependent only on the structure of
the support cone S; M, which, recall, we can express as 7;S @ K, for some cone

K; C T;S*. Moreover, a little thought shows that it is actually the structure of the
cone K; that is important, and so it therefore makes sense to work with

(v Kp) 2 a(v) = (v M).

Actually, it is not immediately clear that a(v) is well defined, i.e., that the above
Euler characteristic depends only on the vector v € TS (more precisely on its
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identification with a covector canonically determined by g)? and not on the choice of
chart ¢;. However, this is indeed the case, as is established in [72, Theorem 7.5.1].

The above definition of the Morse index is not as complex as it may at first
seem, as is seen from some simple examples. For example, if M = ([—1, 1] x
{0hH U ({0} x [—1, 1]) is a + in the plane, then a(v) = —1 forall v € ToR? unless
v is parallel to one of the axes. In this case «(v) = 0. If, on the other hand,
M = ([0, 1] x {0}) U ({0} x [0, 1]), then @(v) can take only one of the values —1, 0,
1, depending on the angle 6 = 6(v) that v makes with the x-axis. Specifically,

1, 0e(0%),
a()y =10, 0¢€[Z. x]u [%”,27{],
-1, 0 ¢€ (n, 37”)

The Morse index takes a particularly simple form for convex polytopes. In this
case it is easy to check that

. 9.2.3)
0 otherwise,

{ I, —ve(NMPe,

a(v) =

where N;M is the normal cone of (8.2.3) under the Euclidean metric.
Infact, (9.2.3) also holds if M is a Whitney stratified manifold with convex support

cones, that is, if M is a locally convex space. We shall use this fact heavily in Part III.
It is also not difficult to prove directly from the definition that «(vy, -) is additive,

in the sense that for each v, € T; S+,

a(v; K UKy = a(s Kp) +a(u; K — a(; K N K. (9.2.4)

Furthermore, since the support cones of M1 N M, for two Whitney stratified subspaces
are the intersections of the corresponding support cones of M| and M» (cf. (8.2.2)),
we can rewrite (9.2.4) as

a(v;; My U M) = a(v; My) + a(v; Mp) — a(v; My N Ma). (9.2.5)

9.2.2 Generalized Tangent Spaces and Tame Manifolds

We have avoided one technicality in the above discussion, related to what are known
as generalized tangent spaces. To define these, let S1 C $2 (S1 # S2) be two strata
of a Whitney stratified manifold, and take ¢ € S, C S, and {t,} a sequence of points
in S converging to ¢. Then a generalized tangent space at t is any limit
lim Tfn S 1-
thy—t
2 Note that the Morse index can actually be defined independently of the Riemannian metric,
although then we would need to define it on the stratified conormal bundle of M. Since
all our examples are Riemannian, we prefer to think of « as an integer-valued map on the
stratified normal bundle instead.
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We shall say that a vector v annihilates a generalized tangent space of M at ¢ if
g(v, X) = 0 for all X in the space.

Vectors v for which there exist such generalized tangent spaces are referred to as
degenerate tangent vectors® and all others as nondegenerate.

A little thought shows that there can be problems in defining the normal Morse
index for degenerate vectors. We shall therefore (almost surely) assume these prob-
lems away.

Definition 9.2.1. If C is a positive integer, then a closed stratified manifold M em-
bedded in an ambient manifold M is said to be “C-tame,” or simply “tame,”* if it
satisfies the Whitney condition (B) as well as the following two conditions:

(1) If S is a stratum of M, then the collection

{lim T,,S:te 85}
n—>1
of all generalized tangent spaces coming from S has Hausdorff dimension less

than dim(S) in the appropriate Grassmannian.
(i) Wherever the normal Morse index is defined, we have

la(vi; M)| < C.

The requirement that a manifold be tame is not, in general, a serious restriction. In
particular, all the examples of Whitney stratified manifolds that we gave in Section 8.1
are tame.

However, tameness has an important consequence for the degenerate tangent
vectors of a manifold. In particular, note that for fixed ¢, the set of degenerate tangent
vectors is a closed cone in T; M and the collection of all degenerate tangent vectors,

U {v € T, M : v, is a degenerate tangent vector of M at t}, (9.2.6)
teM

glued together across each t € M is a locally conic space. If M is tame, then it is
immediate that this space has Hausdorff dimension strictly less than dim(M) — 1
(cf. [33]).

This property will be important when we come to discuss the Morse theory of
excursion sets of random fields on manifolds in Chapter 12, as well as for defining
the Lipschitz—Killing curvatures of Whitney stratified spaces in Chapter 10.

3 For example, if we decompose R C R? as (—o0, 0) x {0}, {(0, 0)}, (0, c0) x {0}, then the
set of degenerate tangent vectors at 0 corresponds to the y-axis, since there is only one
generalized tangent space, the x-axis.

4 The classic use of the adjective “tame,” without the C, actually relates to stratified manifolds
satisfying a slightly milder (integral) condition on the normal indices (cf. [33]) than the
condition (ii) that we assume. However, since we shall later need to assume boundedness
in any case, we shall assume it already now and adopt the same term.

5 Cf. footnote 7 of Chapter 8.
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Another consequence of nondegeneracy, which we note now but, again, is for
later use, is the fact that if v is nondegenerate then

(X, € SiM : (X;,v) = —&} N By 50, 8) (9.2.7)
~ (X, € K, : (X;,v) <0} N S(T, M),

where here, and in the future, >~ refers to homotopy equivalence.

9.2.3 Regular Stratified Manifolds

We now come to a simple definition, to which, since it is so central to all that fol-
lows, we have devoted an entire subsection. Recall that cone spaces are defined in
Definition 8.3.1, local convexity at Definition 8.2.1, and tame spaces were defined
above.

Definition 9.2.2. Let M be a C 2 Whitney stratified manifold, embedded in an ambient
manifold M. Assume that M is also a C>' cone space of arbitrary depth and that M
is C-tame for some finite C. Then M is called a regular stratified manifold.

If, in addition, M is locally convex, then, not surprisingly, it is called a locally
convex, regular manifold.

In general, we shall not require that our manifolds be locally convex, although
many formulas (and some proofs) become easier in this case. However, this will be
a crucial assumption for Chapter 14, where we shall prove what is our main result
about excursion probabilities for smooth Gaussian fields.

9.2.4 The Index on Intersections of Sets

An issue that will recur often throughout Part III of the book will be the geometry of
aset M1 N M», where both M| and M> are stratified spaces. The simplest and almost
ubiquitous example will arise when we look at excursion sets, which we can write as

Au(fy, M) = M0 £ u, 00),

where we think of both M and f ~u, 00) as submanifolds of an ambient space M.
Another class of examples, which will be at the core of the generalized Crofton
formulas of Chapter 13, is provided by sets of the form

M f ),

which are boundaries of excursion sets, but still stratified manifolds.

In all these cases we shall need to relate the normal Morse index «(-; M} N M3) of
the intersection to those of the individual M, that is, to the a:(-; M ;). The final result
is given in Theorem 9.2.6 below, and is simple to understand without the technicalities
leading to its proof.
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While it is logically consistent to present and prove these results now, we do
warn you that the arguments are rather technical and of no interest to the rest of
the book beyond their application in establishing Theorem 9.2.6. Consequently, we
recommend that you pass them on first (at least) reading, and return only when you
have seen why, and how, we use the result.’ However, despite all of this, because
Theorem 9.2.6 itself will be very important for us, since we could not find anything
quite like it anywhere in the literature, and since the proof is definitely not trivial, we
give some details.

To start, we note that since normal Morse indices are always computed on the
Euclidean image of a stratified manifold under its coordinate charts (7.3.21) (cf.
(9.2.1)), it actually suffices to leave the setting of general manifolds and work rather
with cones in Euclidean’ space. ~

In particular, we shall start with two Euclidean cones K 1 and K>, which may
contain subspaces® and which we therefore write as

K\ =K &L, K=K ® Lo, (9.2.8)

where each L is the largest proper subspace contained in K e
We begin with the case that K| and K, are simplicial cones, for which we have
the following.

Theorem 9.2.3. With the above setup, suppose® that

n
K]:{Zaivi:aiEO, lfifn},

i=1

m
Kzz{Zaiwi:aizo, lfism},

i=1

fortwo sets of linearly independent vectors V. = {vy, ..., vy}and W = {wy, ..., wy},
where 0 < n < Codim(L1) and 0 < m < Codim(L»).
Suppose that

6 To be honest, we should point out that this indeed was how this section was written. We
completed the book presuming that Theorem 9.2.6 was true, and then returned to prove it
only when, to our surprise, we could not find it in the literature.

7 Actually, Theorem 9.2.3 and its proof could be stated in any Hilbert space, but we gain little
by doing so.

8 Note that we assume nothing about the dimensions of any of the sets here. All we shall
need, assumed implicitly in what follows, is that each Codim(L j) is finite. Thus, in terms
of the Hilbert space example of the previous footnote, all sets could be infinite dimensional,
as long as the required codimensions were finite.

Note also that one or both of the K ; could be equal to 0, the zero vector.

9 In view of the previous footnote, we could replace the conditions defining K| and K, by the
equivalent but notationally simpler requirement that they be cones over simplices. However,
since we need the additional notation for the definition of the operator 7}, below, we take
the longer definition already here.
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Codim (L N Ly) = Codim (L) + Codim (L) . 9.2.9)
Then, for almost'© every11 ve (LN LZ)J‘,
a(v; K1 N Ky) = a(v; Pr,Ky) - a(v; P, K»). (9.2.10)

Furthermore, suppose we enlarge W to a set

~

W =A{wi,..., Wn, ..., Wcodim(Ly)}

that W spans L, and then define'? a linear transformation T, (L1 N L)+ —
Li by
1

Codim(L»)
A .o
TL,v=Phv— Y (Pryv, PLwi)3Y Plw, 9.2.11)
i,j=1

where the 3/ are the entries of the inverse of the matrix with elements
gij = (PL,wi, PLwj), wij,w; €W. (9.2.12)
Then, again for almost every v € (L1 N Lg)J‘,
a(v; Ky N Ky) = a(Tp,v; Ky) - a(v; P, K»). 9.2.13)

Proof. While (9.2.10) may seem like a tidier and more natural result than (9.2.13),
the latter result will actually be rather important for us, and we shall also prove it first.

We start with a little notation, for which we fix a point ¢ € L 1N Lz and look at
a variety of vectors, matrices, and spaces at . However, since the notation is heavy
enough with carrying the dependence on ¢, it will not appear explicitly in any of what
follows. Note, however, that as far as the cones K| and K; are concerned, ¢ is always
at the apex of the cone.

Enlarge the set V to

V ={v1, ...\ Ups Ung1s - - VCodim(Ly) }
in such a way that span(V) = L]L and
Unti € span(K1)*, 1 <i < Codim(L;) — n.

10 The vectors that cause us problems at this stage are those that may annihilate generalized
tangent spaces, which in the current simple scenario have measure zero.

11 Since we normally write the Morse index as depending on a vector v; emanating from a
point 7, and here there is no reference to ¢, note that we are implicitly assuming that given
ave (LN Lz)l, the relevant ¢ is the point in L{ N L, from which it emanates.

12 The fact that w; € LJ- forall 1 < j < m comes from the orthogonal structure in (9.2.8).
It is also stralghtforward to check that the transformation 77, is independent of the choice
of extension of W to W.
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Next, let G be the Codim(L) x Codim(L) matrix with elements
gij = (vi, vj)
and '/ the elements of G~!. Define the dual vectors, v € Li, by

Codim(L)
* ~ij. . .
v = Z g'vj, 1=<i=<n.
j=1

It is straightforward to check that this set of vectors forms a basis for the normal
cone K f, which we can now write as

n
I?ik = {Zaiv;“ ta; <0, 1<i < n} @ {v t Popan(R )V = 0}
i=1
Codim(L1)
= Z aivi:ia; <0, 1<i<n

i=1

Similarly, define a set of vectors w;" € Lzl, starting with the w; rather than with
the v;, and use these to write an analogous representation for the normal cone I?;
of K>.

Given this notation, we are now in a position to start the proof.

Since intersections of simplicial cones are simplicial cones and simplicial cones
are convex, it follows from (9.2.3) that their normal Morse index is actually an
indicator function. Specifically, for v € (L1 N L)+,

a(v; K1 N K2) = 1 (g 0, (=), (9.2.14)

where - ~ ~ ~
(K1 NKy)* = KT (&) Kik
In particular, forv € (L1 N Lg)J-,
—veKi®K:
if and only if the coefficients of v in the basis'>

B = {bl’ R bCodlm(LmLz)} = {”p <+ UCodim(Ly)> W1» + - > wCodim(Lz)}

corresponding to {v}, ..., v;, w}, ..., w;,} are nonnegative.

To determine whether a vector is a nonnegative combination of these particular
elements of B, it suffices to compute the coefficients of v in the basis B. However,
these coefficients can also be written as (v, b)), where

13 The linear independence follows from the assumption that Codim(L{NLy) = Codim(L{)+
Codim(L>y).



202 9 Critical Point Theory

Codim(L1NL»)

bi= > glb, (9.2.15)
j=1
is the dual basis of B and
gij = (bi, bj)

is the matrix of cross products of the b;’s with g in its upper left corner and
(wi,wj), 1=1i,j < Codim(Ly),

in its lower right corner. As usual, the gij are the elements of the inverse of the matrix
of 8ij-

Note, for later use, that the above construction implies thatfor 1 < i < Codim(L1)
and Codim(Ly) + 1 < j < Codim(L; N Ly),

(vi, b%) = (b}, wj) = 0. (9.2.16)

With the above notation, we can now write the normal Morse index of K N K > as

n Codim(L1)+m
a(v; K1 N K2) = [ ] ] 10,00 (v, 65 | - [T Tl
j=1 j=Codim(L)+1
(9.2.17)
Our goal now is to relate each factor in the product to the factors on the right-hand
sides of (9.2.10) and (9.2.13). We start with (9.2.13).
Recall that the dual basis (9.2.15) is also uniquely determined by the orthonor-
mality relationship
(bi' bj) = 6ij

for all b; € B. Therefore, for any sequence of reals, c;,

<v +3 b, b;‘> =(v.53).

I#]

In particular, taking v € (L1 N L2)L and 1 < < n, and noting that the w; are then
orthogonal to b, we have

Codim(L»)
> 9.2.18)

<v, b;k) = <v — Z (PLIU, PLlwi)(?jwj, b;k
i =1

Codim(L>)
= <PLllv - Z (PLyv, PLlwi>§UPi wj, b7>
ij=I

The last line follows from expressing v € (L N Ly)* as
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Codim(L5)
v:Pf‘lv—f-Ple:PLle—i— Z (PLIV, PL,w,')g‘/PL,wj,
i,j=1

where the matrix g was defined in (9.2.12), and the representation of Pp v fol-
lows from the fact that the codimension assumptions of the theorem ensure that the
{PL,w;}j=1,...Codim(L,) are linearly independent and span the orthogonal comple-
ment of L]L in (L1 N Ly)~L.

Returning to (9.2.18), noting the definition (9.2.11) of the mapping 77, and the
fact that 77,v € Lf-, we now have

(v, bl*> = (T1,v, by = (T, v, PLlel*) = (Tr,v, v[), 9.2.19)
where the final equality follows from the observation that for 1 < i,/ <n,
(vi, PL-bf) = (v;, bf) = 81

(cf. (9.2.16)). By the uniqueness of the dual basis this implies that PLLl by =y
Substituting (9.2.19) into (9.2.17), we find that the first term on the right-hand
side there, and so also in (9.2.13), is given by

l_[ Lio,00) (T30, v1) = Ly (—=T1,v) = a(T1,v, K,
1=1

and so we are half-done.

We turn now to the second term. Note first that it follows from (9.2.16) that
bj € Ly for Codim(L1) + 1 < j < Codim(L; N L»).

Therefore, for 1 < i, j < Codim(L>),

<PL1wiv b(*iodim(Ll)Jrj> = <wiv b(*iodim(Ll)Jrj> = dij,

and so the vectors {b}: } are dual to the { Py, w;}. If we choose the extension

Codim(L1)+j
of W to W in such a way that

Wmti € span(K2)T, 1 <i < Codim(L>) —

then the vectors {b:

: Codim(L;)+i° 1 <i < m}aredual to {Pr,w;, 1 <i < m}, and so
we can write

m
1_[ 1 [0, 00)( v, bC0d1m(L1)+l)) = lLPLIK;‘(_V) =a(v, P, K>).
i=1

This takes care of the second term in (9.2.13).
To complete the proof, it remains only to check that (9.2.10) also holds. But this
is now easy, since by symmetry with respect to Kj and K5, we have

o (v; PLIEQ) =« (’TLIU; 1?2) ,
o (v; PLzl?l) =« (’Tsz; 1?1)

Substituting into (9.2.13) immediately yields (9.2.10) and we are done. O
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The following two corollaries are now reasonably straightforward.
Corollary 9.2.4. Suppose that

Ki=K &Ly,
Ky =K, ® Ly,

where K1 and K, are cones in RN for which the following conditions hold:

(1) There exist sequences K1, and Ky, of cones over simplicial complexes with
K;jn — K;j in the Hausdorff metric.

(ii) For each j and almost all v we have a(v; K, @ Lj) — a(v; K; ® L;) as
n— 00.

Let Codim (L1 N Ly) = Codim (L1) + Codim (L>). Then, for almost every v €
(L1 N Lyt

a(v; K1 N K2) = a(T,v; K1) - av, Pr,K>)
= a(\), PLZKI) : a(v’ PLlKZ)-

Proof. Note first that the result of Theorem 9.2.3 extends trivially to the case in which
the simplicial cones K| and K, are replaced by cones over simplicial complexes.
This follows from footnote 9, on applying Theorem 9.2.3 to the individual simplices
making up the complex and then exploiting the additivity (9.2.4).

Thus the result holds when each K; is replaced by a K; , @ L;. Conditions (i)
and (ii) of the theorem now imply the result in general. O

Before turning to our main result, we note the following corollary to the preceding
results.

Corollary 9.2.5. Suppose that
Ki=K ®L,
where K satisfies the conditions of Theorem 9.2.3 or Corollary 9.2.4 and
K> = Lo,

where L1 and Ly are subspaces of RN, If Codim(L; N Ly) = Codim(L;) +
Codim(L»), then for almost every v € (L1 N Ly)~*,

a(; K1 N K2) = a(v; K1 N Ly) = a(Tz,v; K)).
Proof. First note that Py, 1?2 = Pr, Ly >~ Ly N L is a subspace of less than full
dimension in RY and so has normal Morse index one at every point, and in all normal
directions. N
Note also that Py, K >~ K| N L. Now apply the appropriate theorem or corol-
lary. O
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Now that we have a set of basic results for cones, we can turn to the manifold
version of these results, which is what we shall actually need, but for which we offer
only an outline of a proof.

Theorem 9.2.6. Let M| and M, be regular stratified manifolds with stratifications

dim Ml dim Mz
M = U M, My = U M.
j=0 k=0
Suppose that for each j and k, My j and My intersect transversally and
Codim (Mlj N Mzk) = Codim (Mlj) + Codim (M) . (9.2.20)
Fixat € Myj N M. Then, for every such t and almost every v, € T;(M1; N M),

o (v Si(M1 N M) = a (vi; SsM1 N S M) (9.2.21)
= o (Vi3 Pr,my SiMy) - o (vi: Prouy ;S M>)
= (Z’kvt; SIMI) ‘o (Vt§ PT,MljSth) ,

where Tji - T;(My; N Myt — TtMlJ-j is defined by

Codim(Myy)
_ pl ~rs p L
Tjkv = Pry,,v — Z (Pr,py; v, Prosayjwr)8 Pryg,  Ws
r,s=1
where {w1, ..., Wcodim(My)) S a collection of vectors spanning TIMZJ;( and the "

are the entries of the inverse of the matrix with elements
grs = (Pr,my;wr, Pryy;ws), 1 <1, s < Codim(May).

Furthermore, if S;(M3) is a half-space, then for almost every v, € T;(My ; N
My ),

a(v; S (M N M) =« (Vz; PT,szkstMl) (9.2.22)
=u (TTij[; SZMI) .

Proof. Starting the proof is easy; finishing it is, to say the least, “tedious.”

To start it, note that the fact that S; (M| N M») = S; M| N S; M> is an immediate
consequence of the definition of support cones, and so the first equality in (9.2.21) is
trivial.

To continue, note that «(-, M) was actually defined on the Euclidean image of M
under the exponential map. Thus we can assume that we are in Euclidean space.

The rest (i.e., both (9.2.21) and (9.2.22)) would now follow with very little work
from Theorem 9.2.3 and Corollary 9.2.5 if it were true that M and M> were simplicial
complexes. Unfortunately, this, in general, is not the case.
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There are, however, a number of standard techniques for approximating tame
Whitney stratified manifolds by simplicial complexes.'* Furthermore, there are many
techniques'> for showing that results that hold for the simplicial approximations carry
over to the manifolds, as long as they are not too badly behaved.

In essence, one needs results akin to our Corollary 9.2.4, but whereas there we
were able to assume much about the convergence of approximations to make things
work, now we have to show that these assumptions are justified. Among other things,
one needs to show that the Morse indices of the approximations converge to those of
the limit, and it is precisely here that we need the condition that M; and M, be C?!
cone spaces.

All of this is, while standard fare in integrodifferential geometry, would take us
far beyond the level of this book, and so we shall not attempt a detailed proof.'® O

9.3 Morse’s Theorem for Stratified Spaces

In this section, we give an extension of the point set representation of the Euler
characteristic developed in Sections 6.1 and 6.2 to Whitney stratified spaces. The
extension is one of the central results of differential geometry and is known as Morse’s
theorem.

9.3.1 Morse Functions

The last definition we need before stating Morse’s theorem is that of a Morse function.

Definition 9.3.1. A function f € C? (I\ZI ), where M is a C* Whitney stratified manifold
embedded in a C? ambient manifold M, is called a Morse function on M if it satisfies
the following two conditions on each stratum oM, k =0, ..., dim(M):

(1) fla,m it is nondegenerate on M.
(ii) The restriction of f to M = UIEZO d;M has no critical points on U];;(l) M.

Note that (ii) is equivalent to requiring the following:
(iii) At each critical point t of fia,m, V fia,m,r is a nondegenerate tangent vector. 17

14 There are many references that could be given here, but perhaps the most appropriate
approximation is due to Cheeger et al. [39]. To see how to use it in the setting of tame
manifolds, see the papers by Zihle [182] and Brocker and Kuppe [33].

15 In our case the approach of Zihle [182] is probably the most appropriate.

16 You might ask, why, if we had not planned to prove Theorem 9.2.6, we bothered with the
proof of Theorem 9.2.3 and its corollaries.

The reason is that we could not find anything like Theorem 9.2.3 in the literature, and,
since the product result here for the Morse index is crucial for later parts of the book, we
felt duty bound to prove it. On the other hand, the move from simplicial complexes to tame
manifolds, while certainly not easy, is more standard fare, and so a description of the proof
as “tedious but straightforward” is not unjustified.

17 Cf. (9.2.6) and the discussion preceding it.



9.3 Morse’s Theorem for Stratified Spaces 207
9.3.2 Morse’s Theorem

With all the definitions cleared up, we have the necessary ingredients to state the
following version of Morse’s theorem, due to Goresky and MacPherson [72].

Theorem 9.3.2 (Morse’s theorem). Let (M, Z) be a compact C 2 Whitney stratified
space embedded in a C3 Riemannian manifold (M, %) andlet f € C*(M) be a Morse
function on M. Then, setting f = fium,

N
(M) =" > (="M O (Py Y fis M), (9.3.1)
J=0{ted; M:V fieT-o; M)}

where PTL,a, 18 the orthogonal projection onto (1;0; M )L, o(M) is the Euler char-
acteristic of M, and the iy, ajM(l) are the tangential Morse indices of (9.1.2).

If the support cones S; M are convex for each t € M, i.e., M is locally convex,
then (cf. (9.2.3)) the above theorem reads as follows.

Corollary 9.3.3 (Morse’s theorem for locally convex manifolds). Let (M, Z) be a
compact C ZL locally convex, Whitney stratified space embedded in a C 3 Riemannian
manifold (M, g) and let f € C?*(M) be a Morse function on M. Then, setting
f=rm

N
p(M) =" > DFMOY G (932)
J=0{ted; M:V feT9; M)

where (M) is the Euler characteristic of M.
The points counted in the above corollary are given a special name.

Definition 9.3.4. In the above setup, we call a point t € M an extended inward
critical point of f = fim if

—Vfi € Ni(M),

where Ny(M) is the normal cone of (8.2.3). Similarly, t is an extended outward
critical point if V f; € Ny(M).

Morse’s theorem is a deep and important result in differential topology and is
actually somewhat more general than as stated here, since in its full form it also gives
a series of inequalities linking the Betti numbers'8 of M to the critical points of Morse
functions on M. We shall make no attempt to prove Morse’s theorem, which, given

I8 Betti numbers are additional geometrical quantifiers of M of somewhat less straightfor-
ward interpretation than the Euler characteristic, and not unrelated to the Lipshitz—Killing
curvatures of Section 7.6.
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our definition of the Euler characteristic, relies on arguments of homology theory
and algebraic geometry. As mentioned above, [112] and [117] have all the details.
Theorem 9.3.2, as presented here, is essentially proven in [148], although the notation
and terminology there are a little different from ours.

Soon, in Section 9.4, we shall see how all of this affects simple Euclidean exam-
ples, in which case we shall recover the integral-geometric results of Section 6.2 for
which we did give full proofs.

What we shall prove now is the following corollary, which is actually what we
shall be using in the future. The proof is included, since, unlike that for Morse’s
theorem itself, it does not seem to appear in the literature. Note that we shall have
to add tameness to the list of conditions (by demanding regularity) since the proof
depends, in its last line, on Theorem 9.2.6.

Corollary 9.3.5. Let M be a regular stratified manifold embedded in a C 3 manifold
M. Let f € C*(M) be a Morse function on M, and let u € R be a regular value of
Sio;m forall j =0, ..., N. Then, writing f = fiu,

oM N f~'[u, 00)) (9.3.3)

N
e I S L A

J=0{ted; M: fi>u,V f,eT; 3; M)
If M is also locally convex, then

oM N £~ u, 00)) 9.3.4)

N
o (®
= > DML ey

J=0{t€d; M: fi>u,V f,eT-3; M}

Proof. As usual, write A, = M N f “u, o0). If — f were a Morse function on
A,, and if we changed the condition f; > u to j?; > u on the right-hand side of
(9.3.3), then the corollary would merely be a restatement of Morse’s theoreLn, and
there would be nothing to prove. However, the change is not obvious, and — f is not
a Morse function on A,, since it is constant on the strata of A, that are subsets of
MN FYul.

_The bulk of the proof involves finding a Morse function fon Ay that agrees with
— f on “most” of this set (thus solving the problem of the “non-Morseness’ of f)
and that, at the same time, has critical points in a one-to-one correspondence with the
critical points of f on M above the level u. (This allows us to replace ft > u with
fi > u).

The space M N f~'[u, oo) can be decomposed into j-dimensional strata of the

form 9; M ﬂNf_l(u, o0) and 941 M N f~Yu}. More formally, consider }T as a
function on M, which, since it is a manifold, has no boundary. Then
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o (7w, 00)) = F~' (. 0),
on—1 (77" lw 00)) = 7w,
9 (ff‘[u, oo)) ¥

forj=0,...,N —2.

Since f is a Morse function and u is a regular point for fjs, » for all &, it follows that
M and f ~I[u, oo0) intersect trgnsversally as subsets of M. Therefore A, is a (locally
convex) regular subspace of M that can be decomposed as

N
A= (a,-M NN, oo)) U (8j+1M N f’l{u}) (9.3.5)
j=0
N N—-1
= UajMﬂf_l(M,OO) U U 8j+1Mmf_l{u}
j=0 Jj=0

It is the last term here that gives rise to problems, since it is here that f| A, loses its
property of being a Morse function (on A,). Thus we search for a replacement to f
that is well behaved on this boundary set.

Since f is a Morse function on M, it has only finitely many critical points inside
a relatively compact neighborhood V of M. Furthermore, exploiting the fact that u
is a regular value of fj5, 4 for every k, there exists an & > 0 such that

U=f'u—cu+te)nMnV

contains no critical points of fjy. It is standard fare that there existsan 1 € C 2(1\71 )
that is a Morse function on f ~!{u} and that is zero outside of U,. Furthermore, since
V is compact, there exist K s and Kj, such that |[Vi| < K, and

|Pro,mV fl > Ky,

forallt € ;M NU,, 1< j<N.

It then follows that the function
Ky
3K

—f+=Lh
is a Morse function on A,. By our choice of 4, the critical points of fTAu agree with
those of f on M N U¢. Furthermore, V f|;;j M = T, mV f can never be zero on
U, N 9 M, and so there are no critical points of fat all in this region. Consequently,
the critical points of fon M N f_l[u, 00) are in one-to-one correspondence with
those of fon MN f_l(u, Q).

The result then follows from the fact that by Theorem 9.2.6 (cf. (9.2.22)) the
normal Morse indices at these points are the same for M as they are for M N
£ Hu, 00). O
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9.4 The Euclidean Case

With basic Morse theory for piecewise smooth spaces under our belt, it is now time to
look at one rather important example for which everything becomes quite simple. The
example is that of the N-dimensional cube IV = [0, 1]V, and the ambient space is
RN with the usual Euclidean metric. In particular, we want to recover Theorem 6.2.4,
which gave a point set representation for the Euler characteristic of the excursion set
of smooth functions over the square.

To recover Theorem 6.2.4 for the unit square we use Morse’s theorem 9.3.2 in its
original version. Reserving the notation f for the function of interest that generates
the excursion sets, write the f of Morse’s theorem as f,,. We are interested in
computing the Euler characteristic of the set

Ay={tel’: f(t) = u)
and will take as our Morse function the “height function”

Sm@®) = fu(ti, ) = 1.

Now assume that f is “suitably regular’ in the sense of Definition 6.2.1. This is almost
enough to guarantee that f,, is a Morse function over /2 for the ambient manifold
RR?. Unfortunately, however, all the points along the top and bottom boundaries of 7>
are degenerate critical points for f,,. We get around this by replacing 7> with a tilted

version, 1, 62, obtained by rotating the square through & degrees, as in Figure 9.4.1.

Fig. 9.4.1. The Euler characteristic via Theorem 9.3.2.

To compute ¢(A,) we now apply (9.3.1), and so need to characterize the various
critical points and their indices. The first fact to note is that, using the usual coordinate
system, we have V f;, = (0, 1), and so there are no critical points of f,,;, in A;,. Thus
we can restrict interest to the boundary d A,, which we break into three parts:

(i) points 7 € (I12)° NdA,;
(i1) pointst € 8[82 N A,, but not vertices of the square;
(iii) the four vertices of the square.
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An example of each of these three classes appears in Figure 9.4.1, where the excursion
set of f appears along with contour lines in the interiors of the various components.

At points of type (i), f(t) = u. Furthermore, since the normal cone N;(A,) is
then the one-dimensional vector space normaltodA,, —V f,, = (0, —1) € N;(A,) at
points for which df/d#; = 0 and df/dt, > 0. Such a point is at the base of the arrow
coming out of the disk in Figure 9.4.1. Differentiating between points that contribute
+1 and —1 to the Euler characteristic involves looking at 82 f/ 8t12. Comparing with
Theorem 6.2.4, we see that we have characterized the contributions of (6.2.17) and
(6.2.18) to the Euler characteristic.

We now turn to points of type (ii). Again due constancy of V f;,;, this time on
312, there are no critical points to be counted on (312 N A,)°. We can therefore add
the endpoints of the intervals making up 9/ 82 N A, to those of type (iii). One of these
appears as the base of the leftmost arrow on the base of Figure 9.4.1. The rightmost
arrow extends from such a vertex.

For points of these kinds, the normal cone is a closed wedge in R?, and it is left
to you to check that the contributions of these points correspond (on taking ¢ — 0)
to those of those described by (6.2.16).

This gives us Theorem 6.2.4, which trivially extends to any rectangle in R2. You
should now check that Theorem 6.2.5, which computed the Euler characteristic for a
subset of R? with piecewise C2 boundary, also follows from Morse’s theorem, using
the same f,,.

The above argument was really unnecessarily complicated, since it did not use
Corollary 9.3.5, which we built specifically for the purpose of handling excursion
sets. Nevertheless, it did have the value of connecting the integral-geometric and
differential-geometric approaches.

Now we apply Corollary 9.3.5. We again assume that f is suitably regular at the
level u in the sense of Definition 6.2.1, which suffices to guarantee that it is a Morse
function over the C? piecewise smooth space IV for the ambient manifold R and
that the conditions of the corollary apply.

Write J; = 9 I for the collection of faces of dimension k in IV (cf. (6.2.2)).
With this notation, we can rewrite the sum (9.3.3) as

N k
AL IV =Y DY (=D (), 9.4.1)

k=0 JeJ; i=0

where, fori < dim(J),

i) 2#{t e J:Vf0) =0,1_7,0) =i).

Recall that to each face J € Ji there corresponds a subset o (J) of {1, ..., N},
of size k, and a sequence of N — k zeros and ones €(J) = {e1, ..., ey—} such that

J=ltelV:tj=¢;ifj¢o(J)), 0<t; <1if j € a(J)}.

Sete* = 2¢ j — 1. Working with the definition of the C;, it is then not hard to see that
wi (J) is given by the number of points ¢ € J satisfying the following four conditions:
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f@0) =u, (9.4.2)

fi®y=0, jeoa(), (9.4.3)

e fin >0, j¢al), (9.4.4)
index(fuun () m.neo ) =k — i, (9.4.5)

where, as usual, subscripts denote partial differentiation, and, consistent with the
definition of the index of a critical point, we define the index of a matrix to be the
number of its negative eigenvalues.

Fig. 9.4.2. The Euler characteristic via Corollary 9.3.5.

In Figure 9.4.2 there are three points that contribute to ¢ (A, (f, I 2)). One, in
the center of the upper left disk, contributes via J = (1?)° = J>. That on the right
side contributes via J = “right side” € [J1, and that on the lower left corner via
J ={0} € Jo.

The representation (9.4.1) of the Euler characteristic of an excursion set, along
with the prescription in (9.4.2)—(9.4.5) as to how to count the contributions of various
points to the sum, is clearly a tidier way of writing things than what we obtained via
integral-geometric methods. Nevertheless, it is now clear that the two are essentially
different versions of the same basic result. However, it is the compactness of (9.4.1)
that will be of importance to us in the upcoming computations for random excursion
sets in Part III of the book.
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Volume of Tubes

In Chapters 7 and 8 we invested a good deal of time and energy in developing the many
results we need from differential geometry. The time has now come to begin to reap
the benefits of our investment, while at the same time developing some themes a little
further for later exploitation. This chapter focuses on the celebrated volume-of-tubes
formula of Weyl [73, 168], which expresses the Lebesgue volume of a tube of radius
p around a set M embedded in R! or S(R') in terms of the radius of the tube! and
the Lipschitz—Killing curvatures of M (see Theorem 10.5.6). It is an interesting fact,
particularly in view of the fact that” this is a book about probability that is claimed
to have applications to statistics, and despite the fact that Weyl’s formula is today the
basis of a large literature in geometry, that the origins of the volume-of-tubes formulas
were inspired by a statistical problem. This problem, along with its solution due to
Hotelling [79], were related to regression analysis and involved the one-dimensional
volume-of-tubes problem on a sphere, not unrelated to the computation we shall do
in a moment.

Much of the work in using Weyl’s tube formula and its generalizations lies in
deriving explicit expressions for Lipschitz—Killing curvature measures. This being
the case, even if you are comfortable with the material of Chapter 7 and are not
interested in the volume-of-tubes approximation per se, you will find it useful to read
Sections 10.7 and 10.9 of this chapter. These describe the Lipschitz—Killing curvature
measures of stratified Whitney spaces and the generalized Lipschitz—Killing curvature
measures that will be needed in Chapter 15.

Beginning in the late 1980s and early 1990s, the usefulness of the tube formula
in statistics was rediscovered, and there were a number of works applying these
formulas to statistical problems, as in [87, 93]. A particularly interesting paper for
us was a 1993 paper by Jiayang Sun [147], which came out of a thesis under David
Siegmund. It had an early version (albeit not easily recognizable as such) of the

I' A word on notation: If (7, d) is a metric space, then the sphere of radius A in 7" is denoted
by S (T), with S(T) = S|(T). When T = RN we continue, when convenient, to use the
notation S ){V ~Land SN for § % (RM) and S(RV), respectively.

2 Despite current appearances!
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simple’ approximation

N
IP’{sup fi = u} ~ > pj )Ly (M)). (10.0.1)

teM =0

Here f is a sufficently nice, centered, unit-variance Gaussian field over a sufficiently
nice N-dimensional parameter space M. The functionals £; are Lipschitz—Killing
curvatures on a Euclidean sphere equipped with the Euclidean geodesic metric and
are defined in (10.5.4). The functions p; are defined as

()A 1 — @), j=0,
u) = .
Pj (27_[)—(]+1)/2Hj_1(u)e—uz/2’ j>1,

where Hj is the jth Hermite polynomial, which we shall meet in more detail later in
Chapter 11 (cf. (11.6.9)). Finally, v is a mapping from the parameter space M to a
unit sphere. Exactly which mapping and a sphere of which dimension will be clear
after you have read Sections 10.2 and 10.6.

As we shall soon see, the above approximation, given enough side conditions, is
actually rather simple to derive using volume-of-tube techniques. Furthermore, when
both are defined, it agrees with the approximation that we shall derive in Chapter 14,
which is based on the expected Euler characteristic and which is much harder to es-
tablish. Unfortunately, however, the volume-of-tubes approach has the disadvantage
of being restricted to a somewhat small class of Gaussian processes, in that they
are required to possess a finite Karhunen—Lo¢ve expansion. Specifically, these are
processes defined on a manifold M that can be expressed as

!
[, 0) =, E@)p = Y& @)y (0), (10.0.2)

j=1

for some smooth mapping ¥ : M — S(R!),* where the & ;j are independent, standard
Gaussians.

The volume-of-tubes-based derivation of the approximation (10.0.1) also has the
disadvantage that all results on its accuracy are very distributional in nature and there
is no known way to even begin thinking about how to extend them to non-Gaussian
processes. In any case, we shall not address the accuracy of the approximation in
this chapter, since it will follow as a corollary to the accuracy of the expected Euler
characteristic approach in Chapter 14 and the equivalence of the two approaches [148]
for finite Karhunen—Lo¢ve processes.

3 This is “simple” as long as you are also comfortable applying the same adjective to
Lipschitz—Killing curvatures, defined below in (10.5.4).

4 While if M = IV, this expansion may indeed arise from the L2(1 Ny expansion of a
covariance function as in Section 3.2, this is not necessary, the main issue being the existence
of a finite orthogonal expansion of some kind. Consequently, these processes are more
appropriately referred to as finite orthogonal expansion processes, although we shall retain
the nomenclature “finite Karhunen—Logve expansion processes” for historical reasons.
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What we shall do in this chapter is describe the volume-of-tubes approximation to
(10.0.1) in detail and also derive Weyl’s tube formula for locally convex subspaces of
R’ and S(R?!). Inour development of this approximation, we also consider the volume-
of-tubes problem in a slightly more general setting, necessary for the calculations of
Chapter 15.

In the following section we shall give a very brief description of the volume-
of-tubes problem in a general setting, specializing only later to the case of locally
convex spaces embedded in R! or S(R’), where one can develop very precise results.
Before getting into details, however, we shall describe in Section 10.2 the connection
between tubes and (10.0.1) so that you can see why all of this might be related to
probability in general and Gaussian processes in particular. However, if you do not
require the motivation, feel free to skip Section 10.2.

10.1 The Volume-of-Tubes Problem

For a metric space (T, ) the tube of radius p around A C T is, as we have already
seen in the Euclidean setting, defined as

Tube(A, p) 2 (x € T 1 7(x, A) < p} = | B:(v. 0, (10.1.1)
yeA
where
T(x, A) 2 inf 7(x, y) (10.1.2)
yeEA

is the usual distance function of the set A.
The volume-of-tubes problem’ seeks to compute, when possible,

p (Tube(A, p))

for some measure u, as a function of p. When this is not possible, it seeks approxi-
mations to w(Tube(A, p)).

Of course, the possibility of such a computation, or the accuracy and validity of
such an approximation, will depend on the properties of the measure v as well as
the set A. The simplest spaces to work on are the metric spaces R/ with its natural
metric structure and S(R/) with the geodesic metric from the induced Riemannian
structure on S(R!). The natural measures to consider in these examples are Lebesgue
measure on R/ and surface measure on S (RZ), which agree with the Riemannian
measures induced by the canonical Riemannian structures. These are the two main
examples that we shall consider. In addition, in Section 10.9 we shall also investigate
the Gaussian volume of tubes, where the metric space is R’ with its standard metric

5 Since s a general measure, it would really be more appropriate to talk of the measure of
tubes rather than their “volumes.” However, we shall stay with the more standard “volume”
terminology.”
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and the measure® yu = yr! the distribution of a random vector W ~ N (0, I;;). This
example will play a crucial role in the important computations of Chapter 15.

As for what type of sets A we need to consider, in order to derive explicit formulas
for u (Tube(A, p)), we shall have to restrict ourselves to sets A that are embedded
piecewise C 2 submanifolds of R’ or S(R!). For much of the discussion we shall
also limit ourselves to Lebesgue measure in the first case and surface measure in the
second. Both of these, of course, are the volume, or Hausdorff, measure induced by
the standard Euclidean metric in R’ (cf. footnote 23 of Chapter 7). In the final section
of the chapter we shall see what happens when y is Gauss measure on R/

10.2 Volume of Tubes and Gaussian Processes

We now start a discussion of the connection between the excursion probability (10.0.1)
and the volume of tubes for finite Karhunen—Loeéve processes. We shall conclude it
only in Section 10.6, when we shall have more information on tube formulas.

Take a Gaussian process f, which is a restriction to a locally convex submanifold
M of a process f on an ambient manifold M that has the representation (10.0.2),
that is,

l
f@t )=, §(w)r = Zéj(w)lﬁj(t) (10.2.1)
j=1

Note that we have introduced a new parameter here. Whereas we still use N to
denote dim(M) = dim(]l71 ), the new parameter / denotes the order of the orthogonal
expansion.

Note also that the vector £/|&| is uniformly distributed on S(R/), independently
of ||, which is distributed as the square root of a X12 random variable. We shall write
m; to denote the distribution of & /||, that is, the uniform measure over S(R/).

Finally, we shall assume that fhas constant unit variance, so that (10.2.1) imme-
diately implies

l
P 2> v =1, (10.2.2)

forallz € M. This being the case, we can define themap v : ¢t — (¥;(¢), ..., ¥i1(1)),
an embedding of M in S(R’). More significantly, we can define a random field f on
v(M) € S(RY) by setting

6 For a finite-dimensional Hilbert space, H, we shall use yg to denote the canonical Gaussian
random vector on H. That is, if X ~ yp, then for any orthonormal basis {1, .. ., {dim(H)»
the sequence

(€. X g - (Cdim(H)» X) H)

is a sequence of independent, standard Gaussians.
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Fo 2T (v ), (10.23)

for all x € Y (M). Note that f has the simple covariance function
Clx,y) =E{f(x)f(M}=(x,y), (10.2.4)

and thus there is no problem taking a version of it on all of S(R!) with this covariance
function. This process is known as the canonical (isotropic) Gausssian field on
S(R!). Apart from our need of it now, it will play a central role in the calculations of
Chapter 15, and more details on it can be found in Section 15.6.

For our current purposes, we note that since it is trivial that

sup f(1) = sup  f(x),
teM xey (M)

itis clear that in computing excursion probabilities for unit-variance finite Karhunen—
Loeve expansion fields, we lose no generality by treating only the canonical process
over subsets of S(R?).

Returning to tubes, when the metric space (7', 7) is S (R") with the geodesic metric,
i.e., when

T(x,y) =cos”! ({(x, ),

then a tube of radius p around a closed set A can be expressed as

Tube(A, p) = {x e SR :t(x, A) < p}

— {x = S(Rl) : 3y € A such that(x, y) > COS(,O)} (10.2.5)

= {x € S(Rl) D sup{x, y) > cos(p)} .

yeEA

If we think of X being a random vector uniformly distributed on S(R!) with
distribution 7;, then (10.2.5) implies that

P {sup(X, y) = COS(p)} =n ([x € SR') : sup(x, y) > cos(p)D

yeA yeA
= n; (Tube(A, p)) .

We now have enough to write out the basic equation in the volume-of-tubes
approach for such processes:
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P{supﬁ > u} = /OOIP’ sup f; > ul|€| ZT}PISI(CZ”)
teM 0 teM
=/ P {sup (¥, &) > ul|§] =F}P|s|(d’)
teM
=/ P 3 sup (s, &) > u||&| =r}P|s|(dr)
teM
Z/ P suAI;(l//t,g/”) > u/r||&| =r}E”|5|(d’)
te
:/ P{ sup (s,&/r) >u/r|&] =F}P|s|(d")
sey (M)
=/ Tube(ljf(M) cos_l(u/r))) P (dr)
r(5)
— 2711/2/ H,— 1(Tube(w(M) cos™ (M/r))) P (dr)
r L
- ZJI(IZ/ZE {H-1 (Tube(y (b, cos™ @/161)) Liggzan ] -

(10.2.6)
Therefore, the excursion probability (10.0.1) is a weighted average of the volume
of tubes around v (M) of varying radii, and being able to compute

Hi—1 (Tube(y (M), p))

will go a long way to computing (10.0.1). In particular, if it were true that, in some
approximate sense,

Hy—1 (Tube(yr (M), p)) & Y G j1(p)L; (¥ (M)) (10.2.7)
J

for some functions G j.I» then the right-hand side of (10.2.6), and hence (10.0.1),
would be approximately

,HZE{ﬂmfwmm%mﬁﬁwwn (10.2.8)

Much of the rest of this chapter is devoted to justifying this approximation’
and obtaining explicit representations for G j1- The justification is based on Weyl’s
tube formula on S (R?), given below in Theorem 10.5.7. Weyl’s formula states that
(10.2.7) is exact for p small enough if (M) is a locally convex space. Furthermore,
it identifies the functions G j.1(0).

7 Note that we can really expect the approximation to work only for large u. The issue is
that we expect tube expansion (10.2.7) to hold only for small p. Since p is replaced by
cos 1 (u /1€]) in (10.2.8), we can therefore expect the tube approximation to work well only
if, given |&| > u, |&| is close to u with high probability. This will happen only if u is large.
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Deriving Weyl’s formula requires an understanding of the local properties of
tubes, to which we devote the following section.

10.3 Local Geometry of Tube(M, p)

This section, as its title suggests, describes the local geometry of Tube(M, p), where
throughout, we shall assume that M is a locally convex, C2, Whitney stratified man-
ifold. To formally define the local geometry of the tube, we first have to specify the
ambient space in which M is assumed to be embedded and the metric space in which
the tube lives. Although this sounds rather pedantic, it is important in appreciating
the intrinsic nature of the final form of the volume-of-tubes formula. As a locally
convex space, M by definition needs an ambient space M in which to be embedded,
but M itself might be embedded in a Riemannian manifold (M 2), so that we have
the inclusion®

MCcMcCM.
In this case,
Tube(M, p) = {x eM: di(x, M) < ,o}, (10.3.1)

where d; is geodesic distance on M.
One of the main conclusions of Weyl’s formula is that if M is either R/ or S(RD,
then the volume of Tube(M, p) is intrinsic in the sense of the following definition.

Definition 10.3.1. A quantity Q(M) is intrinsic to a stratified manifold M embedded
in (M 2) if it can be computed based solely on the Riemannian metric of (M 2).
That is, lfM is lsometrlcally embedded in (M 2), and i (M) is the image of M under
the inclusion i : M — M, then O (M) is intrinsic if and only if

QM) = Q(i(M)).

A particularly important example of intrinsic quantities is that of the Lipschitz—Killing
curvature measures £; (M -), defined in (10.5.4).

The property of being intrinsic is arguably what has made Weyl’s tube formula
so useful, because it implies that it is enough to know only local properties of M as
it sits in M, without needing to know anything about how it sits in M.

With the triple M C M C M in mind, we establish the following convention
about notation: In general - will denote an object when we are considering M as
being embedded in M. For instance, SZM is the support cone of M att € M, as
opposed to S; M, the support cone of M att € M. Sometimes, there is no distinction
to be made, as in fact is the case when one is dealing with support cones, since it is

8 To clarify things, think of M = s = S(R2), a one-dimensional circle embedded in the
two-dimensional plane M = R2. If M = R3, then the tube around M, as defined by
(10.3.1), is a solid torus.
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easy to see that S; M and S M are isomorphic. However, there is a difference between
N¢M and N; M. Specifically,

NM=NM®T, M- = {X, €TM:X, =V, +Y,. V,e NNM, Y, € Ttﬁi},

where TtM L is the orthogonal complement of T,]\7I in T,M .

10.3.1 Basic Structure of Tubes

We now begin to describe the local structure of Tube(M, p), beginning with a lin-
carization of M near t € M, which we use as motivation for an explicit description
of Tube(M, p). Our ultimate goal is to come up with an explicit parameterization of
the tube that we can use to compute its volume via the differential-geometric tools of
Chapter 7.

As with all linearizations, there will be a region over which it works well, and
so we shall need to define various notions of critical radius for Tube(M, p). As we
shall see, Weyl’s tube formula is valid only for values of p smaller than the critical
radius of M, since for larger p the explicit parameterization of the tube breaks down.

The linearization we shall use is essentially a linearization of the metric projection
Em: M- M given by

Ev(s) 2 argmin,,, d(s. 1), (10.3.2)

which parameterizes the tube as

Tube(M., p) = | J {s € M : &y (s) =1.d(s.1) < p}
teM

where the union is disjoint if p is small enough.
Actually, we shall need more than this, since we shall also need an explicit de-
scription of the level sets

{s EM:SM(S):t}

of £y To do this, we start by approximating &y with the projection onto the convex
cone S; M, defined on T; M by

PS/J,I(X,) = argminyrem |X¢ — Y;| = argminy .5, 0 | Pr, 7 Xe — Yil. (10.3.3)

A simple convexity argument then shows that X, projects to the origin if and only
if Py 7 X: € N:M. Alternatively, if Py 7 X, ¢ N;M, then there exists some point
Y: #0 € §M such that |PT,A71Xf — Y| < |Xy].

This argument is based on a local linearization of Mand M att e M ; hence it
holds only locally. However, using the fact that near ¢, M can be approximated by
S; M, it is sufficient to establish that
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{s eM: Em(s) =t, Zi\(s,t) < ,0}
=expy ({X: € ,M : P ;i X, € N:M, | X < p}).

Therefore, for p small enough,

Tube(M, p) = |_J U expyz (1, X;) (10.3.4)
teM (X,eT, M:|X,|<p}

= U expir(t, Xo).

1EM (¥, eN, M:|X,|<p)

The second equality is based on the local linearization described above, i.e., if X; ¢
N; M then there exists a point s € M such that

Zl\(exp,q(t, X),s) < E(expﬁ(t, X)), 1).

Therefore, we can leave out all vectors X; such that X; ¢ W .
At this point, we have not yet quantified how small p should be for the above
argument to work. First of all, p should be small enough so that

expj; : B(Ttll?, p) — M

is a diffeomorphism onto its range. This means that p should be less than

De(M) e sup {r L expy ¢ B(T,M,r)— M (10.3.5)
is a diffeomorphism for all 1 € M 1,

the radius of injectivity of M.

In general, we shall have to take p even smaller, since we want the final expression
in (10.3.4) to be a disjoint union. Suppose, then, that p < Z)}(M ). The geodesic with
origin ¢ and direction X; € S(T; M) can be extended only so far without overlapping
itself or a geodesic emanating from another point. We define p.; : M X (w N
S(T,ﬁ)) — R, the local critical radius of M in M at t in the direction X;, as

pes(t, X0) 2 sup {r - dexpg (1, rX), M) =r}. (10.3.6)

Forr < pc,(t, X;) the point exps; (¢, r X;) projects uniquely to the point .
Taking the infimum over N; M, we define p. : M — R, the local critical radius
of M in M att, as

A .
pe B inf  pes(t, X)), (10.3.7)
X eNMNS(Ti M)

and finally, the critical radius of M in M as

pe(M, M) 2 inf p(7). (10.3.8)
teM
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Therefore, for p < min(p.(M, 1\7), Z)}(M)), the final expression in (10.3.4) is a
disjoint union. Consequently, for such p, Tube(M, p) is the image of the region

[(r, X, r): X, e NMNOS(T,M), 0<r < p}
under the bijection (for such p) F defined by
= A
F(t, Xy, r) =expg(t, rX;).

For values of p larger than min(p.(M, A?), ,6}(1\//7)), the map F may not be one-
to-one. However, it is always one-to-one when restricted to the region

{(r, X, r): X, € NoM N S(T,M), 0 < r < min (p, pe(t, xt))} . (103.9)

10.3.2 Stratifying the Tube

We now turn to describing the region (10.3.9) in more detail, essentially stratifying
Tube(M, p). After this, computing the volume of Tube(M, p) reduces to computing
an integral over each of its strata.

Asusual, we assume that M is an N-dimensional, stratified Whitney space (M, Z),
decomposed as a disjoint union

N
M=|]om,
j=0

where the manifolds ;M are (possibly empty) j-dimensional, C 2, submanifolds of a

Riemannian N-manifold (M, g). Recall that each d; M will in general contain many

connected components, namely, all those sets in the partition Z of M of dimension j.
For each stratum d; M for 0 < j < fix an orthonormal frame field

n= (ﬂls---ﬂll—j)

_— 1
for T;0; M as t varies over d; M. The region (10.3.9) can then be expressed as the
image of the disjoint union of the regions

pm= ) U U )){(z,s,r):Zsmi(t)eW
i 8imi (1)

1€0;M seS(RI=) 0<r<min(p,pe.i (1,3 l
(10.3.10)
under the maps

Gj:(t,s,r)—> (t, Zsz‘m(l),r> :
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Finally, Tube(M, p) is the disjoint union of the sets D;(p) under the maps F; 2
F o G|, so that we have

Fj:(t,s,r) = expg (r, Py simi (t)) ) (10.3.11)

l

That is,
Tube(M, p) = U F;(D;j(p)). (10.3.12)
J

Note that while this gives the tube in M around M, the same construction gives the
tube in M around M if we merely replace expg; in (10.3.11) by exp ;, although the
critical radius of M in M is in general different from the critical radius of M in M.

10.4 Computing the Volume of a Tube

10.4.1 First Steps

In the previous section, we decomposed Tube(M, p) into strata corresponding to
the strata of M. The strata of Tube(M, p) are open sets in M, and to compute
wu(Tube(M, p)) we are left with an integral over each stratum of Tube(M, p). That is,

pu(Tube(M, p)) = > u(Fj(D;(p)))- (104.1)
J

Assume now that p is a measure associated to an integrable /-form o, (see (7.4.5)).
Then it can be expressed as f), - Volj;, where Vol; is the Riemannian volume form
on M and fu is bounded. Applying the coarea formula (7.4.13) to the distance
function of M (which is almost everywhere® C! with Lipschitz gradient of norm 1)
on F;j(D;(p)), we find that

o
w(Fj(Dj(p))) =/(; /S()]Fj(Dj(p))(x)fu(x)Qj,r dr, (10.4.2)

where
Si(r) 2 (s eM:dg(s,d;M)=r), (10.4.3)

and €2 ; is the volume form induced on S;(r) by a,.
Alternatively, we can pull back (cf. (7.4.1)) 2 , to the level sets making up D; (o)
to obtain

9 Note that whereas we stated the coarea theorem for differentiable functions, the distance
function to 0 i M can be nondifferentiable on a set of dimension up to/ — 1. This, however, is
a set of too small dimension to affect the integral in (10.4.2). See footnote 25 in Chapter 7.
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p
M(Fj(Dj(P)))Z/ / , HD,»(p)(t,Svr)fy.(Fj,r(t,S))F/'*,r(Qj,r)drv
0 Jo;MxS@®-i) :

(10.4.4)
where F; , is the partial map

Fi (t,s) 2 Fi(t,s.r).

We are left with computing the pullback F ¥ (Rj,r), as well as the integration
over D;(p).

10.4.2 An Intermediate Computation

Although the details on how best to compute F7, (£2;,,) tend to be problem-specific,
there are some general preliminaries that will help for the two cases that we wish to
consider in detail, in which M is either R! or S(R/).

Fixing a point (t,s) € ;M x S (R!~7), recall that by the definition of the pullback
(7.4.1) and from (7.4.7),

Fi () (X1,tt5)s -+ Xi—1,05) (10.4.5)
=Qjr (FjreX1,tt5)s -+ Fjre Xi—1,9))
= det ((Fj,r«Xk.t5)» Wm,Fj,,(t,S)»lSk’msl_l ,

where Xj t,s) € T(; 3)3 M x S(Rli]) and (Wl Fjr(t,s)s -+ , Wi_ LFj (1, s)) is any
(suitably oriented) orthonormal basis of the tangent space at F j.r(t, s) to the level set
(10.4.3), a hypersurface in M. The inner product here is, of course, that of M.

Therefore, in order to evaluate F * +(82;,,) it will, in general be necessary

to choose a suitably oriented orthonormal basis (W, Fj (t,s)s - , Wiz, Fi s)) of
Tr; 4,8 ().

We now treat two specific cases, in both of which the exponential map has an
explicit form that makes computations feasible.!”

Furthermore, we shall ultimately want to replace the integral in (10.4.4) by an
integral with respect to the natural volume form on 9; M x S (R/=7), and so we note
here, for later use, the fact that if « is an n-form on an n-dimensional Riemannian
manifold with volume form €2, and X1, ..., X,, is an orthonormal basis for 7; M, then

a(Vi, .. V) =Q Vi, V) - (X1 oy Xn) (10.4.6)

for any collection of vectors V; € T; M.

10 Indeed, this is true of many spaces of constant curvature. In general, when M isan arbitrary
manifold, the Jacobian of F s which is needed to continue from (10.4.4), is difficult to
compute, since the map exp 7 has no simple closed form. In [73] the Jacobian is expressed
in terms of the solution to a Riccati differential equation, but we shall not pursue this
approach here.
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10.4.3 Subsets of R’

We now treat the case in which the ambient space is M = R!. Our aim s to compute
the determinant in (10.4.5).
In this case, since the exponential map is the identity, F; , is particularly simple
and is given by
I=j
Fir(t.s)=t+rY_ sini(®). (10.4.7)
i=1

This allows us to establish the following lemma, which will be a major step toward

computing (10.4.5).

Lemma 10.4.1. For any coordinate systems u on ;M and w on S (R'=7Y and any
orthonormal frames (n;)1<i<i—j normal to 3; M, the following relations hold:

9 I
Fire () = 50 +7 § 5V a (1), (10.4.8)
I—J
0 8s,~
Fjrs (W) =0+r) Fu (G0, (10.4.9)

i=1

As a consequence, we have

I—j
<Fj,r* (%) si(w)m; (¢ (u))> =0, (10.4.10)
Uj

ad
<Fj,r* <8_wk> , ZS’ (w)n; (t(u))> =0. (10.4.11)

i=1

N...
~. ._.

Proof. Note first that throughout the proof, hopefully without too much ambiguity,
we shall identify tangent vectors X € Ty]Rl with vectors in R!. Not doing so would
lead to even more unwieldy notation.

To verify (10.4.8) and (10.4.9), let (U, ¢) be a chart on M, in which case we can
rewrite (10.4.7) locally as a mapping from U x S(R/~/) by defining

I—j
Fjr(u,w) = o) +r ) siwni(pm)). (10.4.12)

With the usual abuse of Ilotation that ideniiﬁes d/0uy and ¢, (3/duy) we can
compute Fj ,4(3/dug) from Fj,(0/0ur) = Fjr+(@s(9/0uy)). To see how to do
this, take the standard basis (eq, ..., ¢;) on R’ and start by noting that for | <m <1,
1<k=<l-}],
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0 ~
— F. ,
<8uk ]J’(u S)>m

:<a¢(u>> +r’i’:’8ia<ni(¢(u>>,e,n>

ouy duy

i

_ (go* (a%))m o isi <<go (aiuk) m-) (), em>

3 g
= (a—> 1 Y5y 0. n).

where in this case the notational abuse appears in the passage between the last two
lines. Note, however, that from the “compatability”” property of the Levi-Civita
connection (cf. (7.3.11)), we have

d 0
o i (@), em) = (Vosouni (@), em) + (Vojourem, ni (o)), >§m
= (Vo au, i (@), en),

since Vy,guem = 0.
Substituting this in the above leads to

d ~ ad
Fj,r* a_uk :Fj,r* @

!

().
dug 7)) 0

el €m

a a
= 0fdu+r ) si ) o (ni(p(0). em) 5o

dey,

d
= 0/0uc+r Y s5i ) (Voo (9), em) 5—

1

= 0/0ux +r Z 8i Vo w1 (@(u)),

1

which gives (10.4.8). A similar argument gives (10.4.9).
We now turn to (10.4.10) and (10.4.11). To verify (10.4.10), first note that by the
definition of the pullback,

a
Fj’r* <a_l/£k) S Tijr(l,S)Sj(r)’

while by (10.4.9),

I=j
D o siwinit@) € TE, oS ().

i=1
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Equation (10.4.10) is now immediate.
To verify (10.4.11) note that we can express the first term there as

I=j
a
Fjrs (8_wk) = Zaki (s (w))m; (1 (u)),

i=1

where the ay; are given by

ds; (w)
ai (s(w)) = P (10.4.13)
andsoforall 1 <k <[ — j — 1 satisty
I—j
> agi(s(w))si(w) = 0. (10.4.14)
Therefore,
9 —Jj
< jirs (m) ; (W (t(u))>
I—j I—j
= <Z g (5 (W) 1 (£ (), Zsi<w)n,~<t<u>)>
n=1 i=1
I-j
= ari(s(w))si(w)
i=1
= 0. [m]

We now return to our main task, the computation of the pullback and, specifically,
the determinant in (10.4.5). By (10.4.6), it will suffice to do this for an orthonormal
basis of T(;5)d; M x S(R!=/). To this end, let (X;,, ..., X;) be an orthonormal
basis of 7;0;M,and for 1 <m <1 —j —1,let

I—j
Xm,s = Z Ami (S)

i=1

with the a,,; as in (10.4.13), be an orthonormal basis for T S(R!~/).
We now need to choose an orthonormal basis

(Wl,F_,-‘,(t,s)’ RN Wl—l,F_,,,(t,s))

for TF,.J(,‘S)SJ- (r). By Lemma 10.4.1, it is clear that such a basis is an orthonormal
basis for the orthogonal complement, in Tr j_r(t,s)Rl , of the vector
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I—j
n(t,s) =Y simi(t), (10.4.15)
i=1

with base at ¢ € 9; M and going through the point F (¢, s).L]
This motivates the following choice, with the X ;; and X,, s as above: For 1 <
m < j,let

Wm,F_/‘,(t,s) = Xm,t
and, for 1 <m <[ — j — 1, define

=
Wi, Fipes) = D ami ()0 (1).

i=1

It is not difficult to see that the set {Wl,pj,r(,ys), e, Wl_l,pj,r(,,s)} is an orthonor-
mal basis of Tr; (5 S;(r) since it is an orthonormal set and all elements are orthog-
onal to 5 (t, s).

Returning to (10.4.5), we can now compute

det ({Fjra Xk t.5) WonoFyr )| <ot 1 » (10.4.16)

for the Wm,pj_r(,’s) just constructed, and taking X1, ..., X, )?LS, el fl_j_l,s as
our choice for the vectors Xy (;,5y. In view of (10.4.6), this will suffice.

The matrix in (10.4.16) can be broken into four blocks. For the first, we take
1 < k,m < j, so that in the notation on Lemma 10.4.1, and for some collection of
coefficients b;x (1), it has elements

(Fj,r*Xk,tv Wm,Fj,r(t,x))

J
d
= <Fj,r* .X]:bik(t)a_ui aXm,t>
i=
J 5 I—j
= X;bik(t) W +r anvﬁrln s Xt
i=

! n=1
I—j
= <Xk,t +r anvXk,fnns Xm,t> s
n=1

the second equality here following from (10.4.8) of Lemma 10.4.1 and where n =
n(s, t) is the normal vector of (10.4.15).

However, noting the orthonormality of the X, and applying the Weingarten
equation (7.5.12), it is immediate that the above is equal to

11 Recall our convention of identifying tangent vectors X € Tle with vectors in R/
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Skm — 1 - S?’[(Xk,[1 Xm,t)v

where § is the scalar second fundamental form of 9; M in R! (cf. (7.5.11)).
Applying similar arguments based on Lemma 10.4.1 to the remaining terms in
(10.4.16), it is now easy to check that the determinant there has the form

et (1,-X,'—r.{Snm,,,Xm,,)}k,mz1 ..... j > 10417
0 redg—j—1yxi—j-1
To compute this determinant recall first the standard formula
det (g Ié,) = det(A) det(C)
for A and C square matrices, so that (10.4.17) simplifies to
=i det (Ij><j —r {Sn(Xk,ta Xm’t)}) . (10.4.18)

To evaluate the remaining determinant, we can either use standard, matrix-theoretic,
formulas for evaluating det(A + AT), or, more formally, we can view S as a double
form and use (7.2.11). Since we shall use the latter approach for more difficult
calculations later, we use it here as well. Therefore,

det Ijxj _V{SU(Xk,t»Xm,t)}
0 Pl j—1x(-j-1)
1 .
e B i W ((1 - rSn)])
J!

J
_ Zrl—j-i-i—l : .1 __ e TiM (Ij—iSi )
pare il —i)! n

| , ‘
o L (Y,
1.

Il
'M"

(=}

=

where we have used (7.2.11) in going from the third to the fourth line.
Putting the above together, we have proven the following theorem, which is one
of the two main results of this section.

Theorem 10.4.2. Suppose that M is a C 2 locally convex, Whitney stratified manifold
embedded in the N -manifold (M, 3) that is isometrically embedded in M = R!. Then

Fio(2,r) (X1 Xt Xigh oo )?z—j—l,s)

J
| o
— E rl_j_l-H‘—'TthajM(Sl_n),
1.
i—0

where § is the scalar second fundamental form of ;M in R
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In particular, if w is the measure associated to an integrable (I — 1)-form a,, on
S(RY), then

l .j p
NUTIUOESD ) B N NN R OREYAG R

j=0i=0
. -1 .
x IS (ST drHy o (ds)H (),
1!
(10.4.19)

where H;_ j_1 is standard surface measure on S (R'=7Y and H is the volume measure
induced on 3 M by the Riemannian metric g.

10.4.4 Subsets of Spheres

In this section, we treat the case M = Sy (Rl), the sphere of radius A in R’. This case
is very similar to the previous one, so we need only go over the major differences.
The geodesic metric on S; (R') is given by

di(t,s) = Acos~ (A2, 5)).

The exponential mapping expyg, (ri) is also explicitly computable in this case. For a
unit vector X; € T;S, (R and r > 0,

exps, ®H)(#, r X¢) = cos(r/A)t 4+ Asin(r/A) X;.
The maps F; , are of the form

I-1—j
Fjr(t.s) = cos(r/M)t +Asin(r/A) Y simi(2)

i=1

for some orthonormal frame (i (0), ..., m—1-j(1)) spanning 1;9; M L, the orthogonal
complement of 7;0; M in T, M = T,S;L(RI).

The orthogonality relations (10.4.10) and (10.4.11) still hold in this case, with the
minor change that the W; of the previous subsection now give a coordinate system
on S(R'=1-7) instead of S(R/~).

To be more specific, to construct an orthonormal basis on TF,-,,(t,s)S (), we set

W, Firt) = Xju
as before, for 1 <m < j,andfor1 <m <[ —2 — j we set

I—j—1
Witm Fi) = D ami($)ni(0),

i=1
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where

I—j—1
~ a
X = i) —, 1<m<I—-2-—],
n(s) ; ani ()5, L<m < j
is an orthonormal basis of T, S(R!~1-7).
Turning to the determinant (10.4.5) in F7, (2;,,), we have that it is now given by

det (cos(r/k)[ + Asin(r/A)S—y (Xk,t, Xm,t) .. )
0 Asin(r/1)1
| (10.4.20)
= > AT cos(r/n) T sin(r/a) I T M (ST,
i=0
where the first unit matrix is of size j and the second of size [ — j — 1. The vector
n = n(s, t) isas in the previous subsection and S is now the scalar second fundamental
form of 3; M in S; (R?) (cf. (7.5.11)).
We thus have the following result.

Theorem 10.4.3. Suppose that M is a C 2, locally convex, Whitney stratified manifold
embedded in the N-manifold (M, %) that is isometrically embedded in M = S, (R,
Then

F;jr(Qj,r) (Xl,tv ] Xj,ta il,Sv ] il—j—l,S)
j
= > AT cos(r/n) T sin(r/a) I T M (ST,
i=0

where S_y is the scalar second fundamental form of ;M in S (RY).
In particular, if | is the measure associated to an integrable (I — 1)-form o, on

S(RY), then
-1 j o
w (Tube(M, p)) =§O§ fa p fs o fo Loy (. 5.7) fu (Fjr (2. 5))
x M 7270 % cos(r /) sin(r/)»)l*j*“"il'
x TelOiM (ST ) drHy— o (ds)H(dr), |

where H;_j_> and 'H j are as in (10.4.19).

10.5 Weyl’s Tube Formula

As we have written them, Theorems 10.4.2 and 10.4.3 are not in the form of classic
Weyl’s tube formulas, since the remaining integrals there, since they depend on S,
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are not intrinsic. On the other hand, they are a little more general than the classic
Weyl’s tube formulas, for which w is either H; or H;—1.

In order to obtain an intrinsic formulation of these results, and so rederive the
classic Weyl’s tube formulas, we need to specialize down to H; or H;—; and prove
that only intrinsic quantities arise when the integrals in Theorems 10.4.2 and 10.4.3
are evaluated. This is the deep part of Weyl’s tube formula,'? and it is one of the first
appearances of Lipschitz—Killing curvatures.

The derivation that follows is a little unusual, since it involves expectations of
random Gaussian forms, and so is not what you will find in a standard textbook.
Nevertheless, it does fit in nicely with the theme of this book, which attempts to
integrate both geometry and probability.

The drawback of this approach is that the following argument depends on
Lemma 12.3.1, which is still two chapters into the future. With only minor effort,
we could rearrange things so that the lemma appeared here rather than there, but it is
in Chapter 12, where it logically belongs. To make things a little easier for you, we
shall “precall” one definition now.

Let V be a vector space and u € AV1(V) a double form on V. Furthermore, let
Cov:(V®YV)x (V®V)— R be bilinear, symmetric, and nonnegative definite.
We think of © as a mean function and Cov as a covariance function, and call W a
random, Gaussian 2-form on V ® V with mean function x and covariance function
Cov if for all finite collections of pairs (v;,, v;,) € V ® V, the W(v;,, v;,) have a
joint Gaussian distribution with means

E {W(Uilv vi2)} = M(Uils Uiz)

and covariances

E {(W(vil’ vip) — (i, viz)) : (W(vjl’ vjp) — (v, vjz))}

= Cov ((Uil s vi2)9 (vjl ’ ij)) .

Lemma 12.3.1 is about computing expectations of powers of such Gaussian forms,
where the powers are computed via the double wedge tensor product of (7.2.4).

To return to our main task, what remains in order to derive Weyl’s tube formula
is proving that for p small enough,

P . ~
f / /lD,(p)(t,s,r)Traf'M(S’_,))drdsdt=C(j,i,l)Q(8jM),
omJIsaomtyJo !

for some constant C and some intrinsic quantity Q(d;M), which will turn out to be
related to the intrinsic volumes of M.!3

121 fact, of the computations of Sections 10.3 and 10.4, albeit in the case of manifolds in R!
and S(Rl ) without boundary, and for ‘H; and H;_1, Weyl wrote that “so far we have hardly
done more than what could have been accomplished by any student in a course of calculus.”

13 Read VO]§\S<T,ale) (ds) and VOIE\ajM (dt) for ds and dt here.
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Recall that in the Euclidean case, we have S(7,0; M Ly = S(R!~/), while for the
spherical case, S(7;0 ML) = SR,
J
As a first step, define the constants

(27‘[)i/2

Clm,i) & { S

1, m=0,

» m+i>0, (10.5.1)

where as usual, s, = 27™/2/T (%) is the surface area of the unit sphere in R™.
Our first result relating the quantities in Theorem 10.4.2 to intrinsic quantities is
the following.

Lemma 10.5.1. Suppose that M is a C 2, locally convex, Whitney stratified manifold
embedded in the N-manifold (M, §) that is isometrically embedded in R!. Then, for
Jj <l the following quantities are intrinsic, for eacht € M:

cl—j,i) /;(Rl (n) TrT"’ M (ST Y- j-1(ds) (10.5.2)
= e
= mX:;)C(N —j.i—=2m)(=1) G — 2]

X /ma ML)TrT"’ M (R’"S’,vi’" ) Ly, ON— ) HN—j—1(dVn—)),
t

where S is the scalar second fundamental form of 9j M as it sits in R, T;o;M - is the
orthogonal complement of T,0; M in T,M Ris the curvature tensor of (M 2, Sis
the scalar second fundamental form 0; M as it sits in M, and

n=n(s.0)=Y simi(t),

— 1
with {n; (t)}1<i<i—j an orthonormal basis of T;0; M , the orthogonal complement of
T,9;M inR..

Remark 10.5.2. Above, if j = [, then M is essentially an open subset of R!, so
that N = | and the left- and right-hand sides of (10.5.2) are not defined. This of
course plays havoc with our notation, since we would be integrating over the sphere
in the zero subspace of T,M. We therefore adopt the following somewhat strange but
convenient convention: for any zero-dimensional space 0 and any function h on (0,

f h(v)dv 2 h(D).
NO)

This is well defined since 0 has only one element and is effectively equivalent to
defining S(0) = 0. We also adopt the convention, for the scalar second fundamental
form, that
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gi= 1 i=0
0 0 otherwise.

Finally, we define the volume of the unit ball in 0 to be 1, i.e.,

A
wo = 1.

These issues will, thankfully, arise only when we define the Lipschitz—Killing curva-
tures. The conventions are pedantic, but are important to ensure that the Lipschitz—
Killing curvature measures for locally convex spaces, defined in (10.5.4), agree with
the Lipschitz—Killing curvature measures for smooth manifolds defined in (7.6.1).

The corresponding version of Lemma 10.5.1 for subsets of a hypersphere is as
follows.

Lemma 10.5.3. Suppose that M is a C 2, locally convex, Whitney stratified manifold
embedded in an N-manifold (M, 3) that is isometrically embedded in S (R'). Then,
for j < 1, the following quantities are intrinsic, for eacht € M:

Cil—1—j i)/ u/\(n)l Tel M (ST YH,_ i _o(ds) (10.5.3)
T Jsi-i-iy NeMTT T "

- i (=D"

)L_z m
x o (A2r 4 R)
S(TIBJ‘ML) 2 J
X Iy, n—)HN—j—1(dVN—}),

where S is the scalar second fundamental form of 0;M as it sits in S, (R and
everything else is as in Lemma 10.5.1.

Remark 10.5.4. Above, if j =1 — 1, then M is essentially an open subset of Sy (R),
so that N =1 — 1 and the left- and right-hand sides of (10.5.3) are not defined. We
therefore again adopt the conventions of Remark 10.5.2.

The proofs of Lemmas 10.5.1 and 10.5.3 are virtually identical and are based on
the following lemma, for which we recall that ygm denotes Gauss measure on R™
and 7, denotes uniform measure over S(R™).

Lemma 10.5.5. Let W ~ ygn, let P; be a homogeneous function of order i on R™,
and let A be a cone in R™. Then

E{Pi(W)L,(W)} = C(m, i) s Pi() Lo (W) Him—1(dv).
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Proof.
E{Pi(W)lA(W)}
=E{IWIPW/IWDL W/ WD)
= foor" /S(Rm) Pi(v) 14 (V) (dV)P)w) (dr)

_ (%)
T ogm/2

/ riP\W\(dr)/ Pi(v)1,(W)Hpp—1(dv)
0 S(R™)

1 ) .
— —(2)~m/2pl+m)/ 2 <_m + l> / Pi(W)14(w)YHm—1(dv),
2 2 S(R™M)

which, on comparing with the definition of the C(m,i) at (10.5.1), proves the
lemma. o

Proof of Lemma 10.5.1. Our proof is somewhat indirect and, as mentioned above,
proceeds via Gaussian random forms, which are not generally found in geometric
arguments. Rather than taking one expression in (10.5.2) and showing that it is equal
to the other, we shall show that both are given by a certain expectation.

One of the nice aspects of this approach is that it immediately shows that both
sides of (10.5.2) are truly intrinsic,'# since the expectation will, a priori, involve only
intrinsic quantities.

We start with the case j < N, leaving the easier case of j = N for later.
Therefore, let X;_; ~ VTI/BJ-—A?i be a canonically distributed Gaussian random
vector on 1;9; M L, the orthogonal complement of 7;0 M in Ttﬁ . For a fixed or-

thonormal basis of 7;0; M L1 the random variable
l TrT,a_,-M(Si )
i —Xi-j

is a homogeneous polynomial of degree i in the components of X;_; in this basis.
Hence, by Lemma 10.5.5,

1 Mo
SETIOM Sy (X))

=C( -, z)//\ =D Lyt M (SL, YHI—j—1 (=)
STa;my

=Cd-j, z)f 1 TrTfa iM(SE Y HI-j-1(ds),

which is the left-hand side of (10.5.2).

14 Of course, this would also follow from any proof that (10.5.2) held, since while the left-hand
side—which seems to depend on the nonintrinsic parameter /—is not obviously intrinsic,
the right-hand side depends only on intrinsic quantities.
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On the other hand, X;_; can be decomposed as
~ L A
Xi—j = PppXi—j + PrpXi—j = Xn—j + Xi-n.

With this notation, and noting that the scalar fundamental form §), is linear in n, we
can write

i

1 T;0; M (i
S TSy =3

Ti0iM m i—m
G =t (S—XFNS—XN—./)’

where the double forms S_x, ; and S_x,_, are independent, since Xy_; and
X]_n are.
Furthermore,

I Xi-) = Iy,m(Xn—j)-

Consequently, we have

1o
E {; Tthd/M(S'_le)]lm(Xl_j)}

:
1 T,0;M i—

= 3 e T (B ST X))

0

i
1 T,0;M ~iem
=y pTER——" Trl+%i (]E{STXFN}JEHS’_XNijﬂN[M(XN_j)]),

where replacing S by Sis justified by the Weingarten equation (7.5.12).

The second expectation here is easily computed, as above, via Lemma 10.5.5. For
the first, we shall apply Lemma 12.3.1, but to do this we need to know the “means”
and “covariances” of S. From symmetry arguments, the expected value is clearly O.
That is, for any X, ¥;, Z;, W; € T,JVI,

E{S_x,_y(X:, Y} =0.

As for the “variance” term, by (7.5.8),

1
E {§S2X’N (X2, Y0, (Zu, Wt»}

=E{S_x,_y (X1, Z)S_x,_ (Yr, W)
— S_x, (X, W S_x, y (Ye, Z0)}
= E{(Pr, 7.V, Zs. Xi—n) Py, 7. Vv, We, Xi—n)
— Py, 57 Vx, Wi, Xi—n) Py i1 Vv, Z1, Xi—n)}
= (Pr.i7.Vx, Zi. Pr, i1 Vy,Wi) — (P 531 Vx, Wi, Py 571 Vy, Z4)
= R(X,. Y1, Z;. W) — R(X,, Yy, Z, Wy)
= —R(X;, Y, Z, Wy),
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where the second-ﬁg-last line follows from the Gauss equation (7.5.9) and the last
from the fact that M = R, and R/ is flat.
Consequently, applying Lemmas 10.5.5 and 12.3.1, we have

1 Py ;
E {l_‘ Tl /M(S’_Xl/_)lm(xl_j)}

ﬁ
B~

]

(_l)m T,0;M ( pm Si—2m
:ZmTr i (R E{S—XN,,-IN,M(Xij)D
m=0
L5 1y
= -~ 7 T,0,M ( 3mTi—2m _
_Zm!(i—2m)!E{Tr j (R S_XN,])HN,M(XNf])}
m=0

ﬁ
B~
i

(=D~

CN —j,i—2m)y——
(N = o= 2m) e !

Il
=

m

X /;(Ta o) Tr 0 M (E’m’gz_—vilrﬁ]) ]lN[M(Uij)Hijfl(dUN,j),
19

which is the right-hand side of (10.5.2), and so we are done when j < N.
When j = N we need the conventions that we adopted in Remark 10.5.2 to sort
things out. If j = N < [ then N;M = 0 C T; M, and by our conventions,

L)
Y C(N —j.i—2m)

m=0

(=D"

m!(i — 2m)!

x /S(Ta ) el M (ﬁ'"Ef_—fN"jj) Lyt On—YHN—j—1(dvy—})
10j

_ TrT’M(ﬁk), i = 2k is even,
o, i is odd.

On the other hand, if j = N = [, then, again by our conventions,

I, i=0,

1 , )
E{—TeloiMst o Y l—(X;_ )¢ =
{'! (S—xi) warXi=s) 0 otherwise.

l
The right-hand side of (10.5.2) is also 0 in this case, by our conventions and the fact
that R = 0, and so we are done. O

The proof of Lemma 10.5.3 is virtually identical and so we omit it. As in the
previous proof, there are some special cases (j = N =l —1land j < N =) to
be checked, but the conventions established in Remark 10.5.4 again suffice to handle
these.

We are now almost ready to complete the derivation of Weyl’s tube formula on R/
and S;L(Rl). For0 < j <kand! — k <i <1 define the (signed) Lipschitz—Killing
curvature measures [64] of a locally convex space M for 0 <i < N by
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=y
l (=™
Li(M, A) = Z(Zn) G012 S v -, S T am)

(10.5.4)

Jj=i m=0

X/ / TrT/a M (RmS‘{Nl 2m>
3;MNA JS(T;9; ML) i
X Iy (=vN—j)YHNn—j-1(dvy—j)H(dt),

where as usual, N is the dimension of the ambient manifold. We define £; (M ;) to
be 0if i > dim(M).

The above formula is somewhat simpler if M is embedded in R! and endowed
with the canonical Riemannian structure on R!. Then, by Lemma 10.5.1 and the
flatness of R/ (which implies that R = 0 and so only the terms with m = 0 remain in
(10.5.4)), the curvature measures (10.5.4) can be written as

N
Li(M,A) = Z(Zn)—<f—">/2C(1 — . j—10) (10.5.5)
j=i

xf f L pmam gy
o;MnA Js@i-iy (j —D)! 7

< Iy (—mHi—j-1(dmH; (),

where S is the scalar second fundamental form of 9; M as it sits in R/, T,9 M Listhe

orthogonal complement of 7;9; M in T,R!, and N, M is the normal cone at ¢ € 9 iM
as it sits in 7,R’.
As before, the (signed) total masses of the curvature measures give the intrinsic

volumes A
LiM)=L;(M,M). (10.5.6)

Theorem 10.5.6 (Weyl’s tube formula on RY). Suppose M C Rl is a C?, locally
convex, Whitney stratified manifold. For p < p.(M, RY),

N
H; (Tube(M, p)) = Z o i Li(M). (10.5.7)
i=0

The upper limit of the sum can be taken as infinity, since L;(M) = 0 fori > N.

Proof. Changing the second index of summation in (10.4.19) and setting f,, = 1,
we have that

‘H; (Tube(M, r))

T,0,M [ qi—i
_ZZ/M/S(RI /)/ lD(p)(tSr)( )Tr (7, dr ds dt.

j=0i=0
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By assumption, p < p.(M, R%), so that

=14 U U (t,s,r):Zsm,-(t)eN,M,r<p}.

tedjM seS(RI-7)0<r=p

Applying Lemma 10.5.1 to each term in the above summation, followed by integration
with respect to » on [0, p], yields the desired conclusion. O

In preparation for Weyl’s tube formula on spheres, we need to extend the
Lipschitz—Killing measures slightly to obtain a one-parameter family of measures.
As we shall see in a moment, the xth such measure is particularly useful for generating
a comparatively simple formula for tube volumes on a sphere of radius 1/,/k. The
definition, for « € R, is given by

15 ]

LM, A) & 2(2 )~/ Z (—1)"1;'((1;/:;,_]'2;;_ 2m) 105.8)

x/ / Trli0iM ((ﬁ—i—flz) Si—i 2’")
v
3 MNA JS(T9; ML) 2 N—j

X Iy (=vN— ) )HN—j—1(dvn—j)H;(dt).

Note that LY(M, ) = L;(M, -).
As for L; (M), we define the one-parameter family of intrinsic volumes

LMY & £5(M, M). (10.5.9)

Furthermore, if «k > 0O and M C S,-12 (R"), then, as in (10.5.5), there is a sim-
plification. This time it is due to the fact that for vectors E; in an orthonor-
mal frame field, R(E,, E;, E;i, Ej) = —« (cf. (7.7.10)), which implies that (R +
K 12)(E,, E;, Ei,Ej)=0,s0 that on taking a trace, only the terms in (10.5.8) with
m = 0 remain. The result is

N
LM, A) = Z(er)_(j_i)/zC(l —1—j,j—1) (10.5.10)
j=i

Xf f -
a;MnA Jso;mty (G — D! 7

X 11/\( MHi—j—2(dn),

where S is the scalar second fundamental form of 9; M asitsitsin S -1/2 R, T, oM L
is the orthogonal complement of 7;0; M in T; S,.—1,2 (RY), and N, M is the normal cone
att € 3;M asitsits in ;S -12(R').

A shght modification of the proof of Theorem 10.5.6 is enough to complete the
derivation of Weyl’s tube formula on S, (RY.
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Theorem 10.5.7 (Weyl’s tube formula on S (RY). Suppose M is a c?, locally
convex, Whitney stratified submanifold of Sy (R!). For p < pc(M, S;.(R")),

H;—1 (Tube(M, p))

o
= > AT G i oL (M)

i=0
o L%J )\l—l-‘rj ]|
= [ 14— Gy Gt (0/2) | £;(M).
j=0 \ n=0 : ’
where
b/2 0
Gab(p) 2 bl"j(th—+l)/ cos®(r) sin® =V (r) dr
3 0
zbl2 )
= I B (411)/2,5/2(c0s” p),
b 5
r(3)
with

1
7B A _ _
13<a+1)/2,b/2(X)=/ x@ D2 = x)b=272 gy

X
the tail of the incomplete beta function.
Finally, we note the following result for use in Chapter 15.

Lemma 10.5.8. The following equivalences hold between the standard and extended
Lipschitz—Killing curvatures:

o0

(=)™ (i +2n)!
ﬁ?(') = Z 7 ——Li2.() (10.5.11)
= 4m) n'i!
and
2 k" (4 2n)!
Li() = Z (42),1 %Efm(-). (10.5.12)
= !

Before starting the proof, we note that, at least for some examples, it is easier
to compute the £’J‘. than the £;. For example, suppose we use (10.5.10) to compute

E}. (S(R!)). Then, since the scalar second fundamental form is zero for S(R/) as it
sits in itself, the only nonzero curvature is the highest-order one, and this is given by

L] (SR = 5.
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From this and (10.5.12) it is now just a little algebra to check that
-1
L;(S®") = 2( . )s—’
J Si—j
for I — 1 — j even, and O otherwise, a result that we already computed from first

principles back in Chapter 6 (cf. (6.3.8)).

Proof. We shall proveonly (10.5.11), since (10.5.12) follows from an almost identical
argument. In both cases the argument is primarily algebraic and rather elementary,
but since keeping track of combinatorial coefficients is not always trivial, and this
lemma will be rather important later, we give the details.

By the definition (10.5.8), £f (M, A) is given by

L)

Z(Z”) G=/2 Z CN = Joj—i=2m) e ol

x/ / TrTe?iM ((ﬁ—i— E12) Si=i= 2’”)
9 MNA J ST, ML) 2 N=i

X Iy (=vn—j)HNn—j—1(dvn—j)H;(dt)

L m o
CIN—j,j—i—2m)
(j—=i)/2 _ n
_Z(zn)] ,;)XE)( /2)<> ml(j —i —2m)!

// TrT,d M (12n( R)m nS] i zmlN,M(VN—j))
X Hn—j-1(dvn—j)H (dt)
L5 L

_2(2”) G=D12 32 3 (2 ( >C(N ],j.—i—2m)

= s m!(j —i —2m)!

// 710 M (12n( Ry~ nS]{sz 2mthM(vN_j))
X Hn—j—1(dvn—j)H;(d?)
= Z(Zﬂ) (j—i)/2 L]lezj Ljinj (= K/2)" C(N—j,j—i—2m—2n)
m!(] —1 —2m — 2n)!
x /f Tl M (12”(—ﬁ)m%‘N—_";z’"—z"1NIM(uN,j))
X Hy—j-1(dvn-j)H(d1),

where we have used (7.2.11) in obtaining the last line.
Continuing, the last line can be rewritten as
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[
(47'[) (=) (l+2n) Z Qn)~ (j—i—2n)/2
!
n=0 - j=i+2n
Lj*i;ZrlJ
Z C(N — —1i—2m — 2n)
— m!(]—l—2m—2n)!
% // T8 M ((_E)mgi{N—_ij—Zm—Zn 1N,M(VN—]')>
X Hijfl(dVij)H'(dt)
L5
(471) "(—k)" (i +2n)!
= - —Lian(M, A)
n=0 ’ ’
o
(=4 /)™ (i + 2n)!
=> /, ——Lis2 (M, A),
e n! i!
which is what we require. O

10.6 Volume of Tubes and Gaussian Processes, Continued

With Weyl’s tube formula established for submanifolds of S (Rl) we are now able to
continue with the volume-of-tubes approximation (10.0.1) to excursion probabilities
for Gaussian processes. In (10.2.6), we established that for a Gaussian process f
with an orthogonal expansion of order /,
P{su = I (l) -1
pfizuf=—Z5E {1 (Tube(y (M), cos™ w/IED)) Ligizu | -

teM

where £2 ~ X12- On the other hand, Theorem 10.5.7 gives an explicit expression for
Hi-1 (Tube(y (M), cos™ u/Ig]))

for cos™'(u/|€]) < pe(M, S(R')). However, as |€| — oo, the radius of this tube
grows and may surpass p.(M, S(R')), in which case Weyl’s formula is not exact.
Formally ignoring this fact, we arrive at the following result.

Theorem 10.6.1. Let f be a finite Karhunen—Loéve process such that (M) is a C?,
locally convex, Whitney submanifold of S(R'), | > N. The formal tube approximation
is given by

N
P{sup fi = u} ~ Y piW) L (Y (M), (10.6.1)

teM =0
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where

1 — @), Jj=0,

Py = Qm)~UtDR2H, e 2, j =1,

and Hj is the jth Hermite polynomial (11.6.9).

Remark 10.6.2. It is important to understand the (im)precise meaning of (10.6.1).
The “~” does not indicate approximate equality, asymptotic equality, or any other
relationship that at this stage equates the left- and right-hand sides. Rather, it indi-
cates that the right-hand side comes from taking an expression that is eqivalent to the
left-hand side, and substituting into it expressions that, while sometimes equivalent,
are sometimes definitely wrong. Only in Chapter 14 shall we show, via completely
different methods, that the purely formal equivalence in (10.6.1) can be replaced by
asymptotic, in u, equivalence, with specific bounds on the error of doing so.

Proof. Since the approximation formally ignores the condition p < p.(M) in The-
orem 10.5.7, we have

]P’{supft > u}

teT

§J _
(—4m)™" j! _
xELY LG amio142n(cos™ W/IE oy | »

and all that remains is to prove that p;(u) is equal to

NOEC { (—4m)

27l/? n (j —2n)!

Gj—on1-1+42n—j (005_1(’/‘/|§|))]1{|§|>u}} .
n=0

We artificially decompose & as
€1 = X1 + Xa,
where X| ~ ij—Zn 11 X2~ X12—1 4on—j are independent, so that

X

——— ~Beta((j —2n+1)/2, (I —14+2n—j)/2),
X 1 X, ((J )/2, ( N/
independently of |& 2. Tt follows that

Gj—oni—1420—j(cos™ (/&)

_ 2 n(l—l+2n—j)/2p{ Xi u
r (%) Xi+X; - P

|s|2}



244 10 Volume of Tubes

Continuing with the calculation,

(—4m)~"T (L -
T@E {Gj—Zn,l—H—Zn—j (cos l(u/|§|))1{|g|zu}}

( 4m)~"T (J 2n+1)
2

X1
N
X1+ X2 |8
g (=20t
(—4m) T (5
2

— j—2n+1 .
(—4m)™"T (—] ) 0 (j=2n-1)/24—x/2
2 n—(j—2n+1)/2f x ¢ dx
2 W2 p(-2ntD)/2r (/f2zn+1>

7—G=2n+D)/2

&1 } "{Iézu}}

)n—(j—2n+l)/2p {Xl > uz}

= (2n)_(j+1)/2(_2—’11)n /ooxj_znf:_"z/2 dx.
u

() g [ s

a2 Gj—2n,1—1+2n—j(005_1(M/I«‘EI))l{|g|zu}}

(j+1)/2 JI(=D" *© i—2n . —x2/2
= (2n)" Y / 2 m i 2me=x/2 g
nl(j —2n

- (2n)*<i+1>/2/ Hj(x)e™ 212 dx
u

= pju),

as required, with the last line following from the basic properties of Hermite polyno-
mials (cf. (11.6.12)). O

10.7 Intrinsic Volumes for Whitney Stratified Spaces

So far, we have defined intrinsic volumes for the convex sets of Section 6.3!° via
integral-geometric techniques, and for the Riemannian manifolds of Section 7.6 and
this chapter via Lipschitz—Killing curvatures, for spaces that possess a local convexity
property. However, for our computations in Part III we shall also need intrinsic
volumes of Whitney stratified spaces for which no convexity of any kind need hold.

15 We also gave a possible, but not very promising, extension to basic complexes via kinematic
integrals at (6.3.11).
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Thus, in the current section, after describing the basic conditions under which
they can be defined, we shall define intrinsic volumes in a more general setting. The
defining expression will be a natural generalization of (10.5.4), which covered the
locally convex scenario.

However, while most of what we have done so far was devoted to and motivated
by the relationship between Weyl’s formula and intrinsic volumes, this will no longer
be the case. In fact, as we shall soon see in Section 10.8, Weyl’s formula need not
hold in the non—locally convex setting, and so we need alternative motivation for the
new curvatures. You can find this, among other details, in the differential geometry
literature (e.g., [24, 33]) or you can wait for Chapter 12, where Lipschitz—Killing
curvatures will arise when we compute the expected Euler characteristic of excursion
sets. The extended definition follows, after we make one remark about conventions
concerning the normal Morse index « of Section 9.2.

Remark 10.7.1. Referring to the convention adopted in Remark 10.5.2, we define
a(0) =1.

Definition 10.7.2. Let M be an N-dimensional, C 2 Whitney stratified manifold em-
bedded in a manifold (M 2). Assume that the set (9.2.6) of degenerate tangent
vectors'® has Hausdorff dimension less than or equal to dlm(M ) — 1, and that the
conventions of Remarks 10.5.2 and 10.7.1 are adopted. Then the Lipschitz—Killing
curvature measures of M are defined by

L’zlJ

L;(M, A) _Z(zn) (G—=i)/2 Z —D nf!((]j:l]’—JZan)‘_ zm) (10.7.1)

m=0

/ f TI,T,d M(RmS] i 2m>
9 MNA J s, ML) N

x a(wy—j)Hn—j-1(dvy_;)H;(d?),

where H  is the volume form on 0; M and H;_ ;1 the volume form'” on S(T, 0; M),
both determined by g.

We shall assume that all the signed measures defined here are finite.'8

As we did before (cf. Lemma 10.5.8), we can again extend these measures to
a one-parameter family of Lipschitz—Killing curvature measures, which we do by
setting

16 The assumption on the set of degenerate tangent vectors is prompted by the same issue that
arose in Section 9.2, that @ may not be well defined in vectors that annihilate a generalized
tangent space.

17.0f course, H;_ — j—1 really depends on ¢, but we have more than enough subscripts already.

18 A priori, there is no reason for the £; (M, ) to be finite. However, for all the examples we
consider in this section and indeed, all situations of interest in this book, that will in fact be
the case. We therefore invoke this as a standing assumption for the remainder of the book.
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e 9]

U NVESY

n=0

(=)™ (i + 2n)!

G nr L (M A). (10.7.2)

Furthermore, we can define Lipschitz—Killing curvatures, or intrinsic volumes, of
M by

Lj(M)2 L;(M, M), LY(M) = LS (M, M). (10.7.3)

Although it is not at all obvious from the definition (10.7.1), it can be shown that
the measures £ (M ) are independent of the stratification of M. Furthermore, £ is
a finitely additive valuation in its first variable and a (signed) measure in the second
one (cf. [24]).

The Lipschitz—Killing curvature Lo(M) is actually the Euler—Poincaré charac-
teristic of M, as defined via (8.1.1) and a triangulation. The fact that the curvature
integral and the Euler characteristic are equivalent is a celebrated result, known as
the Chern—Gauss—Bonnet theorem.

To get a feel for the fact that (10.7.1) is not quite as forbidding as it seems, you
might want to look at the simple example!® of the unit cube in RY now to see how it
works for familiar sets.

19 Consider, for our first example, a rectangle in RN equipped with the standard Euclidean
metric. Thus, we want to recover (6.3.5), that is,

L ([0, T]N) - (1;/>T1 (10.7.4)

Since we are in the Euclidean scenario, both the Riemannian curvature and second fun-
damental form are identically zero, and so the only terms for which the final integral in
(10.7.1) is nonzero are those for which / = k — j = 0. Thus all of the sums collapse and
(10.7.1) simplifies to

2~ (N=D/2p (b> 2*1/ Hj(dt)/ C(WYHy_ 1 (dv).
2 M S(I7-9; M)

Note the following:

(i) Referring to the convex polytope discussion in Section 9.2, a(v) = 1 Nid; pm(=v)is
zero excepton a 1/2N=)th part of the sphere st M), and the measure Hy ;|
is surface measure on S(7 19 i M). Consequently,

/ 27 (N=j)/2p—(N—j)
a(WHy—j—1(dv) = .

(ii) There are 2N~/ (N ) disjoint components to d; M, each one a j-dimensional cube of
edge length T.
(iii) The volume form on d; M is Lebesgue measure, so that each of the cubes in (ii) has

volume T/,

Now combine all of the above, and (10.7.4) follows.
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The formulas simplify considerably if M is a C? domain of R" with the induced
Riemannian structure, since then the ambient curvature tensor is identically zero. In
that case Ly (M, U) is the Lebesgue measure of U and

1 .
Li(M,U) =/ — Tr(SN=177) Volgur . (10.7.5)
! amnu SN—j(N —1 = j)! v ¢

for0 < j < N — 1, where s; is given by (5.7.5) and v, is the inward normal at ¢.
Using this formula, you might want to check how to compute the Lipschitz—Killing
curvatures for an N-dimensional ball,?’ although it would really be easier to wait
for (10.7.6).

In this setting (10.7.5) can also be written in another form that is often more
conducive to computation. If we choose an orthonormal frame field (Ey, ..., Ey—1)
on d M, and then extend this to one on M in such a way that Ey is the inward normal,
then it follows from (7.2.7) that

LM, U)= / detry_1—;(Curv) Volyp g, (10.7.6)
‘ aMnNU ‘

SN—j

where detr; is given by (7.2.8) and the curvature matrix Curv is given by

Curv(i, j) 2 Sy (Ei, Ej). (10.7.7)

It is important to note that while the elements of the curvature matrix may de-
pend on the choice of basis, detry_1_;(Curv) is independent of the choice, as will
be L;(M,U).

Since all of the simplifications (and examples in the footnotes) that we have just
looked at are locally convex, in the sense that they have convex support cones, we now
describe how to compute the Lipschitz—Killing curvatures for one highly nonconvex
example, a many-pointed star.

By a star, we mean the union of a finite collection line segments L1, ..., L,
emanating from a point vy with endpoints (v;)1<;<,. The ambient space is R2. The
space M = |} j=1 Lr has a natural stratification

81M=LrJLf, 80M=Ovj.
j=1 j=0

20 For the ball BN (T) we want to recover (6.3.7). It is easy to check that the second funda-
mental form of d BV (T) = sh-1 (T), with respect to the inner normal, is a constant it
over the sphere. Thus the term involving its trace can be taken out of the integral in (10.7.5)
leaving only the volume of § N=1(T), given by sy V-1 To compute the trace we use
(7.2.11), to see that Tr SN—1=/ = 7=(N=/=D (N — 1)1/;1, so that

sNTN_lT_(N_-/_l)(N—l)!:Tj(N—l> SN :Ti(N> N
J SN —j

sN—j(N = 1= jlj! SN—j j)on_j’

L;j(BN (1)) =

which is (6.3.7).
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First, we note that
LiM)=0, j=2,
and
-
Li(M, A) =) Hi(L;NA),
j=1

so it remains to compute the measure Lo(M, ). Clearly, Lo(M, ) concentrates on the
vertices of M, and considering the case of one segment alone, it follows easily from
(10.7.1) that

1 .
Lo(M,vj) = o 1<j<r

As for Lo (M, vg), note that for v a unit vector emanating from vy,

.
a)=1- Z Lo, ;) <0y
=

so that it again follows easily from (10.7.1) that

-
Lo(M, =1—--.
o(M, vo) 5

Putting all this together gives the Euler characteristic Lo(M) as 1 —r/24+rx(1/2) =1,
which is as it should be by Chapter 6.

Here is one more example that is simple but informative. You should find it easy
to check, using the fact that Lipschitz—Killing curvature measures are additive in M.
For0 < ¢ <2m,and (r(x, y), 8(x, y)) the polar representation of (x, y) € R2, let

My={(. ) R0 <70,y = 1,0 260,y < 9]

be a solid angle in the plane of angle ¢. Let v9 = (0,0),v; = (1,0),v2 =
(cos ¢, sin ¢) be the three vertices of M. Then,

L2(My, U) = Ha(U N M),
1
L1(My,U) = EHI(U NoMy),

1
Lo(My,U) = EHl(U N My N S(R?))

¢—m
2

; 1. 1.
1y (o) + ZlU(Ul) + ZlU(UZ)-
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10.7.1 Alternative Representation of the Curvature Measures

We conclude this section by noting an alternative representation of the curvature
measures of subsets of R/ and S (RI ). This representation is sometimes easier to work
with, and we shall use it in Chapter 15. Its proof follows from a straightforward
application of Lemma 10.5.5.

Lemma 10.7.3. Let M be a Whitney stratified subspace of R.. Then

Li(M, A) = Z(zn) V=R —— J_l), (10.7.8)

X f E{TrT’an(Sx,_j,,)j_iOl(Xl—j,t)}Hj(dl),
i MNA

where foreacht € ;M, X;_j; ~ Y1,0;M+ and « is the normal Morse index att € M
as it sits in R
If M is a Whitney stratified space in Sﬁ(Rl), then
-1 |
LM, A) =) @m)y U —— / (10.7.9)
' ]ZI (=D Jo;mna

X E T (S, VXm0 | H ),

where for eacht € 0;M, X;_1_j; ~ V1,0, M+ where TZBjMJ‘ is the orthogonal
complement of T;0;M in ESﬁS(RI), o is the normal Morse index att € M as it
sits in S ﬁ(Rl), and S is the second fundamental form of M as it sits in S W(Rl ).

In general, suppose that M C (]l~4 , 8) of dimension | is a Whitney stratified space.
Then

145 ]
1
LM, A) =) (2r)~U=D2 —/ (10.7.10)
Z Z m!(j —i—=2m)! Jy,mna

j=i m=0
X E T M (=R 4112/ 82Xy | 1 ),

where for each t € 0;M, X;_j; ~ Yo, ML where T,8jMJ‘ is the orthogonal
complement of T,0; M in TtA7I, « is the normal Morse index att € M as it sits in A7I
R is the curvature tensor of (M, g), and S is the shape operator of M as it sits in M.

10.8 Breakdown of Weyl’s Tube Formula

While the next three paragraphs may seem to be too brief to demand their own
numbered section, the observation that they make is important enough that the honor
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is deserved. From the definition of the Lipschitz—Killing curvatures for Whitney
stratified spaces, one may be tempted to extend Weyl’s tube formula to compute
the volume of a tube around all Whitney stratified spaces (M, Z) embedded in R’.
Specifically, one may be tempted to conclude that

l
Hi(Tube(M, p)) = Y p' oy L;(M)
j=0

even if M does not have convex support cones.

However, this is not true in general, and the same example that appeared in
Figure 6.3.2 suffices to provide a counterexample.

It is essentially for this reason that in Chapter 14, we shall have to restrict our
attention to locally convex spaces to obtain strong results about the accuracy of the
volume-of-tubes approach to computing excursion probabilities, as well as that of the
approximation via expected Euler characteristics.

10.9 Generalized Lipschitz—Killing Curvature Measures

As we saw in the earlier sections, the measures £;(M; ) are signed measures on M
that determine the coefficients in a (Lebesgue) volume-of-tubes expansion around
M when M is embedded in R!. These measures are adequate to derive Weyl’s tube
formula, but they will need to be generalized to continue our general study of the
volume-of-tubes problem, that is, computing u(Tube(M, p)) for measures other than
Lebesgue.

Our interest in general measures p is not purely academic, for the main result in
Chapter 15, which treats non-Gaussian random fields, relies heavily on the coefficients
in the tube expansion

yri (Tube(M, p)).

Since this is the main expansion that we shall need, for this section we shall assume
that the dimensions of both the underlying manifold and its ambient Euclidean space
are [. That is, in our earlier notation,

M=M=R, dim(M) = N = [ = dim(M).

The generalization of the measures £;(M, -) is needed to deal with the term
Sfu(Fjr(t,s)) in Theorem 10.4.2, which was, conveniently, identically 1 in Weyl’s
tube formula. The general strategy is to assume that f,, is smooth enough so that
there is a Taylor series expansion for f,, (Fj (¢, s)) of the form

o0 P gm
Ju(Fjr(t,8)) = fu(t+rn(,s)) = Z %qu(t), (10.9.1)

m=0
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where, as in (10.4.15), n = n(¢, s) is the unit vector from ¢ to F; (¢, s), and by
d™ f/dn™ we mean the mth-order derivative of f in the direction 7(z, s).
Using this expansion, we proceed to integrate

ﬂ (t)
dn™ f“

over §;(r), the hypersurface at distance r from 0; M for 0 < j < [. After integrat-
ing over §;(r), we integrate r over [0, o], much as we did in deriving Weyl’s tube
formula (10.5.7).

We begin by defining generalized Lipschitz—Killing curvature measures on
SB(R)), the sphere bundle of R!. These measures have finer information than the
basic Lipschitz—Killing curvature measures in that, up to a constant, they encode
surface measure on the hypersurfaces at distance » from M.

10.9.1 The Generalized Curvature Measures

Before we explicitly define these measures, we note that they should be measures
on SB(R!), the sphere bundle of R, which is canonically isomorphic to the product
S (Rl) x R!. For simplicity, however, we choose to define the generalized Lipschitz—
Killing measures on S(R’) x R rather than on SB(R'), keeping this canonical iso-
morphism in mind. We also note that when it is convenient, we shall think of them
as measures on SB(R/).

Definition 10.9.1. Let (M, Z) C R be an I-dimensional Whitney stratified space
satisfying the requirements of Definition 10.7.2. The generalized Lipschitz—Killing
curvature measures of M, defined on Borel sets A C R!, B ¢ S(R") and supported
on M x S(RZ), are defined, for0 <i <1 —1, by

L)

Li(M,AxB)= Z(z y~U=D/2 Z (—1)mmc‘$—_]l:,i' 2_ml)'_ 2m) (10.9.2)

f / TrT,E) M (RmSj i 2m)
3;MNA JS(TL+a;M)NB V=i

xa(—j))H—j1(dvi—;)H;(dt),

where a is the normal Morse index of Section 9.2.
For any Borel function f : R! x S(R) — R we use the standard notation

Li(M, f)

to denote the integral of f with respect to Zi (M, ). Ifi =1, we define E[(M, -) only
on Borel functions on Rl x S(R!) that are constant over S(R?). Specifically,

LM, f) 2 (10.9.3)

otherwise,

:IM FavYHID, f e BR) x SR,
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for some fixed but arbitrary v € S(R'), where
B®RY) x SR} = {A x SR : A e B(R’)}

is the subsigma algebra of B(RY) @ B(S(R')) generated by functions that are constant
over S(R!).

The generalized curvature measures L (M, -) can also be represented nonintrin-
sically as in (10.5.5) and (10.5.10), though we leave this generalization to the reader.
The following two results are immediate corollaries of Definition 10.9.1.

Corollary 10.9.2. Let (M, Z) C R! be a Whitney stratified space satisfying the re-
quirements of Definition 10.7.2. Then, for any Borel set A C R.,

Li(M,A)=L;j(M,A x SR).

Corollary 10.9.3. If (M, Z) is a locally convex, Whitney stratified space satisfying
the requirements of Definition 10.7.2, then (10.9.2) holds with a(v;_;) replaced by

]thM(—U]_j).

10.9.2 Surface Measure on the Boundary of a Tube

Having defined the measures {Z (M, )}o<j<i» we now proceed to describe how they
can be used to integrate over d Tube(M, r), the hypersurface of distance r from a
locally convex space M.

Before we attack this task in earnest, we revisit the Minkowski functionals, which
we defined, in the context of integral geometry, in Section 6.3. Recall that they were
defined as

Mj(M) = (jloj) Li—;(M),

although in Chapter 6 we treated only the case dim(M) = N =1 = dim(l\71 ).
Steiner’s formula (6.3.10), extended to the case N < [ (or, equivalently, Weyl’s
tube formula (10.5.7)) gives

Loy
Hy(Tube(M, r)) = > %M S(M).
=07’

That is, Weyl’s tube formula can be expressed as a (finite) power series with the
M (M) as coefficients. This motivates our definition of Minkowski curvature mea-
sures as

M;(M, A) £ (Jlo)Li—j(M, A), (10.9.4)

and generalized Minkowski curvature measures as

MM, A x B) 2 (jlo)L1_;j(M, A x B). (10.9.5)
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The reason we turn to (generalized) Minkowski curvature measures now, instead of
(generalized) Lipschitz—Killing curvature measures, is primarily one of notational
convenience, and they will mesh in well with the power series expansions of f, to
come. Ultimately, this will also turn out to be the most convenient approach for the
results of Chapter 15.

We now return to describing surface measure on d Tube(M, r). In Section 10.4,
we invested a substantial amount of effort in computing F ;r (£2j,), the pullback of
the volume form on §; (r), the hypersurface of distance » from 9; M. In Section 10.5
we combined this formula with our explicit description of the regions D (o) to derive
(10.5.7), Weyl’s formula for locally convex manifolds in R!. In describing regions,
we used the maps F; , (cf. (10.4.7)), which, when taken together and when r is small
enough, form a bijection

1

Fy
U U {1} x S(N;M) < 9 Tube(M,r) >~ M x S(RY),
j=0teo;M

which can explicitly be expressed as
F.(t,v)=t+rv,
F7N ) = Gu (). (s — Em(s))/r).

where &)y is the metric projection of M, defined in (10.3.2).
By pulling pieces from Sections 10.4 and 10.5, it is now not difficult to prove the
following theorem.

Theorem 10.9.4. Let (M, Z) C R be a C?, locally convex, Whitney stratified space.
For any Borel set A C R such that

H (AN M) =0,

andforanyr < p.(M,R!), the surface area of the intersection of A with d Tube(M, r)
can be written as*!
-1 Vj " |
Hi—1 (AN 3 Tube(M,r)) = Z 7Mj+1 (M, F~ (AN JTube(M, r))) .
— J
j=0
(10.9.6)

Proof. We do not provide a detailed proof, since nearly all of the work needed has
already appeared in Sections 10.4 and 10.5. In fact, the present case is even simpler,
since the integration over r is no longer necessary.

Essentially, all we need to do is to decompose ANd Tube(M, r) into cross-sections
of 0 Tube(M, r). That is, we first find the image of A under the metric projection &;.
Next, for each ¢ in €37 (A), we find all points in A N d Tube(M, r) that projected to .
Then, we sum the contribution of all these points, resulting in the integral against the
generalized Minkowski curvature measures M ;1 1(M, -). m]

21 The slightly awkward usage of F_, instead of F; in (10.9.6) is a notational consequence of
having used Sv,_j and oz(v[_j) in Definition 10.9.1 rather than S,vl_j and oy
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10.9.3 Series Expansions for the Gaussian Measure of Tubes

‘We are now ready to prove the main result of this section, in which we derive a power
series expansion for
wu(Tube(M, p))

when p has a bounded, analytic density with respect to Lebesgue measure. It is
possible to replace analytic functions with Schwarz functions, although the power
series expansion below is then only formal (cf. [158]).

Theorem 10.9.5. Let (M, Z) C R! bea C?, locally convex, Whitney stratified mani-
fold, and p a measure on R that has a bounded density S with respect to Lebesgue
measure. Assume that

p(Tube(M, p)) = / Ju(x) dHi(x) < oo.
Tube(M, p)

Then, for p < pc(M,RY),
pl=l
r/ ~
J(Tube(M. p)) = /O > MM, fo Fopydr (109.7)
j=0""

Suppose, in addition, that f, is analytic and for every & > 0 there exists a compact
K (¢) C R such that

plzl
r/ o~

/(; E 7|M}+]| <M, IK(S)cOFfr X
=07’

Z(r) a petll

m!

) dr <eg, (10.9.8)

unzformly in n, where |./\/l | is the (positive) measure corresponding to the signed
measure /\/l and we interpret d o as in (10.9.1). Then

_ ' (=r)" d"
/Tube(M,p)fM(X)dHl(x)_/ Z M’H (M Z m! dngm ”) ar

= ,u(M)—i—Z M”(M) (10.9.9)
j=1

where

A j—1 ]_1 ) - d] 1-m
Mb ) 2 Z( i ><—1)J""Mm+1( fu) (10.9.10)

jlm
m=0 d

Proof. The equality in (10.9.7) is a straightforward application of the coarea formula
(7.4.13) with the Lipschitz map over whose level sets we integrate being the distance
function dg: (M, -), along with (10.9.6).
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As far as (10.9.9) is concerned, there are two things to show. The first is that the
first equality is valid, and the second that the final expression is equal to that on the
line above it. The first inequality arises by formally replacing f,, o F_, in (10.9.7)
by its Taylor series expansion as in (10.9.1), that is,

m dm
fM(F_ra,s))—Z(n:!) o

m=0

—— Ju ().

We do, however, need to check that the resulting series expansion in (10.9.9) con-
verges nicely. Fix ¢ > 0 and choose K (¢) satisfying (10.9.8). Since we long ago
agreed that we consider only tubes of finite measure, we can, without loss of gener-
ality, assume that

w(Tube(M, p) N K (¢)°) < &,

so that we need focus our concentration only on what happens on K(¢). On
F :,1 (K (¢)), the convergence

mdm
Z(” i Fu "5 e =)

m!
m=0

is uniform in n. Alternatively, on K (¢) the convergence

- moogm 00
76 = Y B o) " £
m=0

holds uniformly in s. By the boundedness of f,, and compactness of K (¢) we can
therefore choose n(¢) large enough so that

'/«L(Tube(M, p) N K(e))

n(e)

P) -1 I"j " (_ )m dm
_/O ZOFM]J,.I 1[((6) X Z m| dr
J=

[e.0]

(=r@s)™ d"

ffube(M,p)ﬂK(e)m:n(s)+l m!dn(s)"

Ju(t(s)) dH(s)

<Eé&.

Thus there are no problems with the convergence in (10.9.9). As for the equality
between the two expressions there, note that
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/ Su(x)dH;(x)
Tube(M, p)
plfl }’j _ o0 (—I")m am
:M(M)+/0 ZﬁMM (M, p qu) dr
I—1 oo
_ m__ P d
/L(M)—i-/z_;)mz%(— ) m j+1< 07 mfu)
dn-
—M(M)+ZZ ( )( "= JM,+1< Pe ]fu>
j=1m= /

m m—1 | dm—j—l
m—j— s
—u(M)+§j . 2:( . )( D", ( dnm_.,_lf,i),
which, except for the fact that m and j have switched roles, is precisely what we

need. O

We conclude with a corollary to Theorem 10.9.5, which gives an explicit power
series representation of

yr! (Tube(M, p))

for suitable locally convex spaces (M, Z) C R'. This expansion will be crucial for
our analysis of non-Gaussian processes in Chapter 15.

Corollary 10.9.6. Suppose (M, Z) C R is a C?, locally convex, Whitney stratified
manifold, and that for every ¢ > 0 there exists K (¢) C R! compact such that

- l i
,o
/ |M]+1| <M HK(E)C o F_ ) dr

is less than €, uniformly in n, where H,, is the mth Hermite polynomial (11.6.9).
Then,

n Fm

Z —Hy (. 1)) /2

mO

x
yer (Tube(M, 0)) = g (M) + 3 %M]V.RI (M), (10.9.11)
=

where

j—1 . ~
ME ) £ @y Y (J N I)Mmﬂ (M. Hj 1w (. 1)) e71F/2),
m=0

(10.9.12)
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Proof. Comparing the above with Theorem 10.9.5, it is clear (cf. (10.9.10)) that all
we need show is that

djflfm

G 0 = DT H o (e,

However, this is easy to check from the generating function definition of Hermite
polynomials at (11.6.11). O

To see how this expansion works in the simplest of cases, take M = [u, 00) C R.
Since all the M are then identically zero for k > 2, there is only one term appearing
in the sum defining M?Rl (M). Furthermore, since Tube([u, 00), p) = [u — p, 00)),

we have that M 1 is supported on {u} x {+1} (+1 being the right-pointing unit vector

at u), and so

VRl e_uz/ 2
M ([, 00)) = Hjo1 () —z=

J ! V2

Itis elementary calculus to check that this gives the same expansion, when substituted

into (10.9.11), that comes from a simple Taylor series expansion of the Gaussian tail

probability W of (1.2.1). If you want to see the details, we shall go through them in

Section 15.10.1 for expository reasons.

We close with the following simple, but rather important, comment.

(10.9.13)

Remark 10.9.7. Unlike the usual Minkowski functionals, the functionals M),{Rl are

actually normalized independently of the dimension R, in the sense that for all
integers k > 0,

M)/Rl () — M?Rl+k ( x Rk)

J
Hence, from now on, we shall drop the R! in the definition of M};R], using the sim-

pler notation M. Furthermore, although these functionals were derived under the
assumption of local convexity, it actually turns out they can also be defined for non—
locally convex sets, as long as the integrals with respect to the measures M (M, -)
are finite.

We defer the examples of the applications of the results of this last section to
Chapter 15, where you finally will have a chance to see why we care about these
power series expansions.
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You could not possibly have gotten this far without having read the preface, so you
already know that you have finally reached the main part of this book. It is here that
the important results lie and it is here that, after over 250 pages of preparation, there
will also be new results.

With the general theory of Gaussian processes behind us in Part I, and the geometry
of Part II now established, we return to the stochastic setting.

There are three main (classes of) results in this part. The first is an explicit formula
for the expected Euler characteristic of the excursion sets of smooth Gaussian random
fields. In the same way that we divided the treatment of the geometry into two parts,
Chapter 11 will cover the theory of random fields defined over simple Euclidean
domains and Chapter 12 will cover fields defined over Whitney stratified manifolds.
Unlike the case in Chapter 6, however, even if you are primarily interested in the
manifold scenario you will need to read the Euclidean case first, since some of the
manifold computations will be lifted from this case via atlas-based arguments.

As an aside, in the final section (Section 12.6) of Chapter 12 we shall return to a
purely deterministic setting and use our Gaussian field results to provide a probabilistic
proof of the classical Chern—Gauss—Bonnet theorem of differential geometry using
nothing?? but Gaussian processes. This really has nothing to do with anything else
in the book, but we like it too much not to include it.

In Chapter 13 we shall see how to lift the results about the mean Euler charac-
teristics of excursion sets to results about mean Lipschitz—Killing curvatures. The
argument will rely on a novel extension of the classical Crofton formulas about av-
eraged cross-sections of Euclidean sets to a scenario in which the cross-sections are
replaced by intersections of the set with certain random manifolds, and the averaging
is against a Gaussian measure. This new “Gaussian Crofton” formula is completely
new and would seem to be of significant independent interest.

The second main result appears in Chapter 14, where we shall finally prove the
result promised long ago, that not only is the difference

‘P{sup f@ = u} — E{p(Au(f, M)}

teM

extremely small for large u, but it can even be bounded in a rigorous fashion. Not only
will this justify our claims that the mean Euler characteristic of excursion sets yields
an excellent approximation to excursion probabilities, but, en passant, we shall also
show that the volume-of-tubes approximation of Chapter 10 can be made rigorous
as well.

In the closing Chapter 15 we finally leave the Gaussian scenario and develop
the third main result, an explicit formula for both the expected Euler characteristics

22 Of course, this cannot really be true. Establishing the Chern—Gauss—Bonnet theorem without
any recourse to algebraic topology would have been a mathematical coup that might even
have made probability theory a respectable topic within pure mathematics. What will be
hidden in the small print is that everything relies on the Morse theory of Section 9.3, and
this, in turn, uses algebraic geometry. However, our approach will save myopic probabilists
from having to read the small print.
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and Lipschitz—Killing curvatures of excursion sets for a wide range of non-Gaussian
random fields, working in the general environment of differential, rather than integral,
geometry. The proof and approach of this chapter are quite different from those of
Chapters 11-13, and much of it is entirely new.

In fact, the results of Chapter 15 will actually incorporate most of the results of
Chapters 11-13, using only a small part of what is developed there. Consequently,
you could actually skip these chapters and go straight to the punch line in Chapter 15,
although you will, occasionally, have to backtrack to pick up some material from the
missed chapters. In doing so, however, you will miss a lot of interesting and useful
additional material, and so we advise against this.



11

Random Fields on Euclidean Spaces

The main result of this chapter is Theorem 11.7.2 and its corollaries, which give
explicit formulas for the mean Euler characteristic of the excursion sets of smooth
Gaussian fields over rectangles in RV .

The chapter develops in a number of distinct stages. Initially, we shall develop
rather general results that give integral formulas for the expected number of points at
which a vector-valued random field takes specific values. These are Theorem 11.2.1
and its corollaries. Aside from their basic importance in the current setting, these
results will also form the basis of corresponding results for the manifold setting of
Chapter 12. In view of the results of Chapter 6, which relate the global topology of
excursion sets of a function to its local behavior, it should be clear what this has to do
with Euler characteristic computations. However, the results are important beyond
this setting and indeed beyond the setting of this book, so we shall develop them
slowly and carefully.

Before we tackle all this, however, we shall take a moment to look at the classic
Rice formula, which is the simplest special case of our main result and the proof of
which incorporates many of the components of the general scenario.

11.1 Rice’s Formula

Let f be areal-valued stochastic process on the interval [0, 7], and u € R. Consider
the number of upcrossings by f of the level u in [0, T'], denoted by

NFO.T)2#{(t €[0.T]: f(t) =u, f'(t) > 0}. (11.1.1)

In this section, we are going to assume that N;‘ (0, T) is well defined! and finite,
without worrying about conditions that ensure this. These will appear in the following
sections, in horrid detail.

1 Upcrossings are, of course, an example of a point process, with which we imagine most of
you will be familiar. For those who are not, a point process defined over a measurable space
(X, F) is a collection of nonnegative, integer-valued random variables N(B), B € F. The
x € X for which N({x}) > 1 are called the atoms, or points of N, and if N({x}) € {0, 1}
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Indeed, we shall commit even more serious crimes, including exchanging delicate
orders of integration, sometimes involving the Dirac delta function. All will be
justified later.

As a first step, we would like to compute IE{NL}L (0, T)}. To this end, let §, be the
Dirac delta function at x, “defined” by the fact that, for any reasonable test function g,

/stx(y)g(y) dy = g(x).

Suppose that the upcrossing points of f,i.e., those ¢t € [0, T'] at which f(¢) = u and
f(¥) > 0, are isolated, so that each one can be covered by a small interval I in which
there are no other upcrossings and throughout which f” > 0.

Then, treating § as if it were a smooth function, a simple change of variable
argument gives that

1=fR$u(y)dy = /I%(f(t))-f/(t)dt.

Of course, this needs justification, but that is what Theorem 11.2.1 does. Concate-
nating all such intervals 7, and noting that there is no contribution to the following
integral from outside of them, we obtain

T
NSO, T) = /0 8u(f (1)) - Lig o) (f'@)) - f/(1) dt.

Now take expectations, freely exchanging orders of integration and assuming
that the pairs of random variables (f(¢), f'(¢)) have joint probability densities p,, to
see that

T 00 00
E{N;(O, T)} =f dt/ dx/ dyys,(x)p:(x,y) (11.1.2)
0 —00 0

T 00
= f / yp:(u, y)dyd:.
0 0

This is what could be called Rice’s formula in its most basic form, and it holds for all
processes on R for which the various operations above are justifiable. Note, however,
that it requires no specific distributional assumptions on the process f.

However, it turns out to be remarkably difficult to compute the integral in (11.1.2)
unless f is either Gaussian or a function of Gaussian processes. The case thatis central
to the remainder of this book is that in which f is indeed Gaussian, and has zero mean
and constant variance, which for notational convenience we assume is 1. (Otherwise,
the variance can be absorbed into « in all the following formulas.) In that case we
know from Section 5.6 that f(¢) and f'(r) are independent for each ¢, and so, denoting
the variance of f’(r) by A, it immediately follows that in this case,?

for all x then the point process is called simple. All the point processes that will appear in
this book will be simple. For further information on point processes, see, for example, [90].

2 To see an expression in the fully nonstationary case, look at [42, formula (13.2.1)]. Note,
however, that this expression is not of closed form, but remains as a rather complicated
integral over [0, T'].
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e7u2/2 T (oo efyz/Z)»,
t
—u?/2 T
=¢ / A}ﬂ dt.
2 0

If f is actually stationary, so that A, = A, where A is the second spectral moment
(cf. (5.5.2)), then (11.1.3) simplifies even further to
+ sz —u?/2
E{N,/(0,T)} = —=—e¢ , (11.1.4)
2

which is the classic Rice formula.

To see how the Rice formula is related to excursion sets A, and their Euler
characteristics ¢(A,), note the trivial fact that

@A (f.10,TD) = 145, + NSO, T), (11.1.5)
so that
E{p(Au(f. [0, TD)} = P{fo > u} + E{N,5 (0, T)} (11.1.6)
1/2

= W) + 2,
2

the second line holding only in the stationary case.

The role of the second spectral moment A, here is quite easy to understand. It
follows from the spectral theory of Section 5.4 that increasing A, increases the “high-
frequency components” of f. In other words, the sample paths become locally much
rougher. For example, Figure 11.1.1 shows realizations of the very simple Gaussian
process with discrete spectrum

V1 —a?

%aim(xn = 84 /a0, (11.1.7)

fora =0anda = %, which gives second spectral moments of 1, = 1,000 and
A2 = 200, respectively.

From the figure it should be reasonably clear what this means in sample path
terms: higher second spectral moments correspond to an increased number of level
crossings generated by local fluctuations. Similar phenomena occur also in higher
dimensions, as we shall see soon.

3 Rice’s formula is really due to both Rice [131] and Kac [89] in the early 1940s, albeit
in slightly different settings. Over the years it underwent significant improvement, being
proven under weaker and weaker conditions. In its final form, the only requirement on f
(in the current stationary, zero-mean Gaussian scenario) is that its sample paths be, almost
surely, absolutely continuous with respect to Lebesgue measure. This is far less than we
shall demand in the rigorous proof to follow, since it does not even require a continuous
sample path derivative, let alone a continuous second derivative. Furthermore, (11.1.4)
turns out to hold whether A, is finite, whereas we have implicitly assumed Ay < oo. For
details see, for example, [97].
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WV Wl

Fig. 11.1.1. Realizations of Gaussian sample paths with the spectrum (11.1.7) and second
spectral moments A, = 200 (left) and 1, = 1,000 (right).

Most of the current chapter concentrates on extending (11.1.6) from processes on
R to random fields on R”, still in the stationary case. Along the way, we shall also
handle all the technical issues that we ignored above.

The nonstationary case in higher dimensions is qualitatively different* from that
in one dimension and requires the setting of Riemannian manifolds. We shall turn to
this only in Chapter 12, in particular when we look at the nonstationary examples of
Section 12.5.

11.2 An Expectation Metatheorem

We start with a metatheorem about the expected number of points at which a vector-
valued random field takes values in some set. For the moment, we gain nothing by
assuming that our fields are Gaussian and so do not do so. Here is the setting:

Forsome N, K > llet f = (f',..., f¥)and g = (g!, ..., gX), respectively,
be RV - and RX-valued N-parameter random fields. We need two sets, T C RY and
B C RX. As usual, T is a compact parameter set, but now we add the assumption
that its boundary 97 has finite H y_1-measure (cf. footnote 23 in Chapter 7). As for
B, we shall assume that it is open and that its boundary 8B = B \ B has Hausdorff
dimension K — 1.

As usual, V f denotes the gradient of f. Since f takes values in R, this is now
an N x N matrix of first-order partial derivatives of f;i.e.,

. 9 i
(VAW = VIO = (FiO)ijet.n = ( J; (t)) .
i Jij=1,..N

.....

All the derivatives here are assumed to exist in an almost sure sense.’

4 One might guess that in moving to constant variance, but otherwise nonstationary, random
fields on RY all that might happen would be that the X; of (11.1.3) might be replaced
with some other local derivative, or perhaps determinant of derivatives, of the covariance
function at the point (¢, t). This, however, is not the case, and the actual situation, as we
shall soon see, is far more complicated.

5 This is probably too strong an assumption, since, at least in one dimension, Theorem 11.2.1
is known to hold under the assumption that f is absolutely continuous, and so has only a
weak-sense derivative (cf. [109]). However, since we shall need a continuous sample path
derivative later for other things, we assume it now.
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Theorem 11.2.1. Let f, g, T and B be as above. Assume that the following conditions
are satisfied for some u € RV :

(a) All components of f, V f, and g are a.s. continuous and have finite variances
(overT).

(b) Forallt € T, the marginal densities p;(x) of f(t) (implicitly assumed to exist)
are continuous at x = U.

(¢) The conditional densities® p:(x|Vf(), g@)) of f(t) given g(t) and V f(t)
(implicitly assumed to exist) are bounded above and continuous at x = u, uni-
formlyint € T.

(d) The conditional densities p;(z|f(t) = x) of detV f(¢t) given f(t) = x, are
continuous for z and x in neighborhoods of 0 and u, respectively, uniformly in
teT.

(e) The conditional densities p;(z| f(t) = x) of g(t) given f(t) = x, are continuous
for all z and for x in a neighborhood u, uniformly int € T.

(f) The following moment condition holds:

. N
sup max E{‘f’.(t)’ }<oo. (11.2.1)
teT 1=i,j<N !
(g) The moduli of continuity with respect to the usual Euclidean norm (cf. (1.3.6)) of
each of the components of f, V f, and g satisfy

P{w(n)>8}=0<nN) asn ] 0 (11.2.2)

forany ¢ > Q.

Then, if
Nll = NM(T) = Nu(fs g : Tv B)

denotes the number of points in T for which
f@)=uecRY and g(t)e B cRX,

and p:;(x, Vy,v) denotes the joint density of (fi, V f;, &), we have, with D =
NN +1)/2+K,

E{N,} = f / |det Vy| 1g(v) ps(u, Vy, v)d(Vy)dvdt. (11.2.3)
T JRD
It is sometimes more convenient to write this as
E{N,} = f E{ldet Vf(OI1g(g)|f (1) = u}p;(u)dt, (11.2.4)
T

where the p; here is the density of f(t).

6 Standard notation would demand that we replace the matrix Vy by the N(N + 1)/2-
dimensional vector vech(Vy) both here and, even more so, in (11.2.3) following, where
the differential d(Vy), which we shall generally write in even greater shorthand as dVy, is
somewhat incongruous. Nevertheless, on the basis that it is clear what we mean, and that
it is useful to be able to easily distinguish between reals, vectors, and matrices, we shall
always work with this slightly unconventionial notation.
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While conditions (a)—(g) arise naturally in the proof of Theorem 11.2.1, they all
but disappear in one of the cases of central interest to us, when the random fields f and
g are Gaussian. In these cases all the marginal and conditional densities appearing
in the conditions of Theorem 11.2.1 are also Gaussian, and so their boundedness
and continuity are immediate, as long as all the associated covariance matrices are
nondegenerate, which is what we need to assume in this case. This will also imply
that all variances are finite and that the moment condition (11.2.1) holds. Thus the
only remaining conditions are the a.s. continuity of f, V f, and g, and condition
(11.2.2) on the moduli of continuity.

Note first, without reference to normality, that if V f is continuous, then so must’
be f. Thus we have only the continuity of V f and g to worry about. However,
we spent a lot of time in Chapter 1 finding conditions that will guarantee this. For
example, we can apply Theorem 1.4.1.

Write C} = C;} (s, t) for the covariance function of fi, so that C}j = 82C3}/8sj ot

is the covariance function of f ]’ =ofi /ot j- Similarly, let Cé denote the covariance

function of g’. Then, by (1.4.4), V f and g will be a.s. continuous if

max |Cy, (1. 1) + C; (5. ) = 2C7, (s, O] < Kl In e — |75,

. . . (11.2.5)
max |[Cy(r, 1) + Cy(s, 8) = 2Cy (s, 0] < K|In |t — 5|71+,
L

for some finite K > 0, some « > 0, and all |t — s| small enough.

All that now remains to check is condition (11.2.2) on the moduli of continuity.
Here the Borell-TIS inequality—Theorem 2.1.1—comes into play. Write i for any
of the components of V f or g, and H for the random field on 7 x T defined by
H(s,t) = h(t) — h(s). Then, writing

w(m) = sup |H(s,1)l,

s, klt=s|<n
we need to show, under (11.2.5), that for all £ > 0,
Plw(n) > &} < o). (11.2.6)
The Borell-TIS inequality gives us that
Plo(n) > €} < 2exp(—(¢ — E{wm)?/20,}), (11.2.7)

where a,% = SUPy p.1—s| <y E{(H (s, ))2}. But (11.2.5) immediately implies that
0172 < K|Inn|~(+) while together with Theorem 1.4.1 it implies a bound of similar
order for E{w(n)}. Substituting this into (11.2.7) gives an upper bound of the form
anl In ”'a, and so (11.2.6) holds with room to spare, in that it holds for any N and not
just N = dim(T).

Putting all of the above together, we have that Theorem 11.2.1 takes the following

much more user friendly form in the Gaussian case.

7 The derivative can hardly exist, let alone be continuous, if f is not continuous! In fact, this
condition was vacuous all along and was included only for “symmetry”’ considerations.
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Corollary 11.2.2. Let f and g be centered Gaussian fields over a T that satis-
fies the conditions of Theorem 11.2.1. If for each t € T, the joint distributions of
(f(@®),Vf(),g(t)) are nondegenerate, and if (11.2.5) holds, then so do (11.2.3)
and (11.2.4).

We now turn to the proof of Theorem 11.2.1. We shall prove it in a number of
stages, firstly by setting up a result that rewrites the random variable N, in an integral
form, more conducive to computing expectations. Indeed, we could virtually end the
proof here if we were prepared to work at a level of rigor that would allow us to treat
the Dirac delta function with gay abandon and exchange delicate orders of integration
without justification. Since it is informative to see how such an argument works, we
shall give it, before turning to a fully rigorous proof.

The rigorous proof comes in a number of steps. In the first, we use the integral
representation to derive an upper bound to E{N, }, which actually gives the correct
result. (The upper bound actually involves little more than replacing the “gay aban-
don”” mentioned above with Fatou’s lemma.) The second step involves showing that
this upper bound is also a lower bound. The argument here is far more delicate, and
involves locally linear approximations of the fields f and g. Both of these steps will
involve adding conditions to the already long list of Theorem 11.2.1, and so the third
and final step involves showing that these additional conditions can be lifted under
the conditions of the theorem.

To state the first result, let 8, : RY — R be constant on the N-ball B(¢) = {t €
RN : |t] < €}, zero elsewhere, and normalized so that

/ Se(t)dt = 1. (11.2.8)
B(e)

Theorem 11.2.3. Let f : RV — RV, g : RN — RX be deterministic, T ¢ RN
closed, and B C RX open. Suppose, furthermore, that the following conditions are
all satisfied for u € RV:

(a) The components of f, g, and V f are all continuous.

(b) There are no points t € T satisfying both f(t) = u and either g(t) € 0B or
detVf(r) =0.

(c) There are no points t € dT satisfying f(t) = u.

Then
N,(f, g T,B) = lin})/ S:(f(t) —u)lg(g(®))|det Vf(r)|drt. (11.2.9)
e—=0J71

Proof. To save on notation, and without any loss of generality, we take u = 0.
Consider those t € T for which f(z) = 0. We first note that from (b) there is only
a finite number of such points,® and none of them lie in 87. Consequently, each
one can be surrounded by an open ball, of radius 7, say, in such a way that the balls

8 It is a standard result that if there are no points t € T satisfying both f(#) = u and
det V f(¢t) = 0, then there is only a finite number of points t € T satisfying f(¢) = u.
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neither overlap nor intersect 7. Furthermore, because of (b), we can ensure that n
is small enough so that within each ball, g(#) always lies in either B or the interior of
its complement, but never both.

Let o (¢) be the ball | f| < ¢ in the image space of f. From what we have just
established, we claim that we can now choose ¢ small enough for the inverse image
of o(¢) in T to be contained within the union of the 1 spheres. (In fact, if this were
not so, we could choose a sequence of points f, in 7" not belonging to any n sphere,
and a sequence ¢, tending to zero such that f(#,) would belong to o (g,) for each
n. Since T is compact, the sequence f, would have a limit point * in T, for which
we would have f(t*) = 0. Since t* ¢ 9T by (c), we must have t* € T. Thus t* is
contained in the inverse image of o (¢) for any &, as must be infinitely many of the ¢,,.
This contradiction establishes our claim.)

Furthermore, by (b) and the inverse mapping theorem (cf. footnote 6 of Chapter 6)
we can choose &, 1 so small that for each 1 sphere in T, o (¢) is contained in the f
image of the 1 sphere, so that the restriction of f to such a sphere will be one-to-one.
Since the Jacobian of the mapping of each n sphere by f is |det V f(¢)], it follows
that we can choose ¢ small enough so that

NO=/T58(f(t))ﬂ3(g(t))|detVf(t)ldf~

This follows since each n sphere in T over which g(¢) is in B will contribute exactly
one unit to the integral, while all points outside the n spheres will not be mapped onto
o (&). Since the left-hand side of this expression is independent of ¢, we can take the
limit as ¢ — 0 to obtain (11.2.9) and thus the theorem. O

Theorem 11.2.3 does not tell us anything about expectations. Ideally, it would be
nice simply to take expectations on both sides of (11.2.9) and then, hopefully, find an
easy way to evaluate the right-hand side of the resulting equation. While this requires
justification and further assumptions, let us nevertheless proceed in this fashion, just
to see what happens. We then have

E{No} =sli_I)I})]E/TSe(f(t))JlB(g(t))IdetVf(t)Idt

:// / lg(v)|det Vy|
7 JRVWNV+D/2 JRK

X {hm/ 8:(x)ps(x, Vy, v)dx} dVydvdt,
e—0 JRN

To see this, suppose that 7 is such that f(#) = u. (If there are no such ¢, there is nothing
more to prove.) The fact that f € c! implies that there is a neighborhood of # in which
f is locally linear: that is, it can be approximated by its tangent plane. Furthermore, since
det V f(¢) # 0, not all the partial derivatives can be zero, and so the tangent plane cannot be
at a constant “height.”” Consequently, throughout this neighborhood there is no other point
at which f = u. Since T is compact, there can therefore be no more than a finite number
of ¢ satisfying f(¢) = u.
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where the p; are the obvious densities. Taking the limit in the innermost integral
yields

E{No}=/T//1B(v)|detvy|p,(o, Yy, v)dVydvdt (11.2.10)
- fT E(]det V £ ()] 15 () LF (1) = 0} py (0) dr.

Of course, interchanging the order of integration and the limiting procedure re-
quires justification. Nevertheless, at this point we can state the following tongue-in-
cheek “corollary” to Theorem 11.2.3.

Corollary 11.2.4. If the conditions of Theorem 11.2.3 hold almost surely, as well as
“adequate” regularity conditions, then

E{Nu}sz / | det Vx|1 g(v) p;(u, Vx, v) dVx dv dt
T JRVOHD/Z JRK (11.2.11)

= /TlE{IdetVf(t)IilB(g(t))If(t) = u}p;(u)dr.

As will be seen below, “adequate’ regularity conditions generally require no more
than that the density p; above be well behaved (i.e., continuous, bounded) and that
enough continuous derivatives of f and g exist, with enough finite moments.

At this point we suggest that if you are not the kind of person who cares too much
about rigor then you move directly to Section 11.6, where we begin the preparations
for using the above results. Indeed, there is probably much to be said in favor of even
the mathematically inclined doing the same on the first reading.

We now turn to the rigorous upper bound, and start with a useful lemma. It is
easily proven via induction started from Holder’s inequality.

Lemma 11.2.5. Let X1, ..., X, be any real-valued random variables. Then
n
E(1X1 - Xal} < [ JEBAX: 0 (11.2.12)
i=1

Theorem 11.2.6. Let f, g, B, and T be as in Theorem 11.2.3, but with f and g random
and conditions (a)—(d) there holding in an almost sure sense. Assume, furthermore,
that conditions (b)—(g) of Theorem 11.2.1 hold, with the notation adopted there. Then

E(N,(f, g; T, B)} < / dr / dv / | det Vy|py(u, Vy, v) dVy.
T B RNWN+D/2
(11.2.13)

Proof. Again assume that u = 0. Start by setting, for ¢ > 0,

Ns:/Tg;a(f(t))lB(g(t)ﬂdetVf(l)|dl,
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where §; is as in (11.2.8). By expanding the determinant, applying (11.2.12), and

recalling the moment assumption (11.2.1), we have that everything is nicely finite,
and so Fubini’s theorem gives us that

E{N®(T)} =/Tdt A@N v B88(x)|detVy|pt(x,Vy, v)dx dVydv
X X

=/ dt/ |det Vy|p:;(Vy,v)dVydv
T RNWN+D/2« B

< [ swply.var.
RN

Since all densities are assumed continuous and bounded, the innermost integral clearly
converges to

pi(0[Vy, v)

as ¢ — 0. Furthermore,

f 8 (x) pr (x| Vy, v)dx < SuPPz(x|Vy,v)f e (x) dx
RN X RN

= sup p;(x|Vy, v),
X

which, by assumption, is bounded.
Again noting the boundedness of E{|det V f;|}, it follows from (11.2.9), domi-
nated convergence, and Fatou’s lemma that

E{No} < lir% E{N*}
£—

:/ dt/ dv/ |det Vy|p:(0, Vy, v)dVy.
T B RNWN+1)/2

This, of course, proves the theorem. O

We can now turn to the more difficult part of our problem: showing that the upper
bound for E{N (T')} obtained in the preceding theorem also serves as a lower bound
under reasonable conditions. We shall derive the following result.

Theorem 11.2.7. Assume the setup and assumptions of Theorem 11.2.6, along with
(11.2.2) of Theorem 11.2.1, that is, that the moduli of continuity of each of the com-
ponents of f, V f, and g satisfy

Plw®n) > e} =omN) asn 0, (11.2.14)

for all ¢ > 0. Then (11.2.13) holds with the inequality sign reversed, and so is an
equality.
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Since the proof of this theorem is rather involved, we shall start by first describing
the principles underlying it. Essentially, the proof is based on constructing a pathwise
approximation to the vector-valued process f and then studying the zeros of the
approximating process. The approximation is based on partitioning 7 and replacing
f within each cell of the partition by a hyperplane tangential to f at the cell’s midpoint.
We then argue that if the approximating process has a zero within a certain subset of
a given cell, then f has a zero somewhere in the full cell. Thus the number of zeros
of the approximating process will give a lower bound to the number of zeros of f.

In one dimension, for example, we replace the real-valued function f on T =
[0, 1] by a series of approximations £ given by

£ = f ((] T %) 2") + [z - (j + %) 2"] I <<J T %) 2”) ,

for j27" <t < (j + 1)27", and study the zeros of £ as n — oo. Although this
is perhaps not the most natural approximation to use in one dimension, it generalizes
easily to higher dimensions.

Proof of Theorem 11.2.7. As usual, we take the level u = 0, and start with some
notation. For each n > 1 let Z, denote the lattice of points in RY whose components
are integer multiples of 27", i.e.,

Zn={teRY:t;=i27", j=1,....,N, i € Z}.

Now fix ¢ > 0, and for each n > 1 define two half-open hypercubes centered on an
arbitrary point t € RV by

An(t) = (s e RN 1 270D <50y, <7014y
A0 ={s € RV 1 —(1 = )27V <5, —1; < (1 — )27V},
Set

Iy =

1 if No(f, g; An(?), B) = 1and A, (1) C T,
0 otherwise,

and define approximations N” to No(f, g; T, B) by
N"= " Iu.
teln

Note (since it will be important later) that only those A, (¢) that lie wholly within T’
contribute to the approximations. However, since the points being counted are, by
assumption, almost surely isolated, and none lie on a7, it follows that

N" 23 No(f, g:T,B) asn — oo.

Since the sequence N" is nondecreasing in 7, monotone convergence yields
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E{No} = lim E{N"} > lim ZIP’{NO(A,,(I)) > 0}, (11.2.15)
n—oo n—oo

where the summation is over all ¢ € Z,, for which A, (t) C T.

The remainder of the proof involves determining the limiting value of
P{No(A,(t)) > 0}. Fix § > 0 small, and K > 0 large. For given realizations
of f and g define the function a)j (n) by

a)? (n) = max |:mjax w271, rrglx o), (27", m]ax Wg) (2_”)i| ,
where the moduli of continuity are all taken over T'. Furthermore, define M by

Mfzmax|: max sup|fj(t)|, max sup‘(afi/atj) (t)”.

1<j=<N terT 1<i,j<N ¢
Finally, set

82¢

TZoONIK + N1

Then the conditions of the theorem imply that as n — oo,
P{w*(n) > n}:o(Z_N”>. (11.2.16)
Choose now a fixed n and ¢t € Z, for which A, (t) C T. Assume that
w;‘c(n) <n (11.2.17)
and that the event Ggsg occurs, where

Gsx = {|detVf(t)| > 8 My <K/N,g(t) e {x €B: inf vyl > 5}}
ye

where || x|l = Y, |x’| is the usual £! norm. Finally, define r* to be the solution of
the following equation, when a unique solution in fact exists:
f@©) =@ =% -Vfi@). (11.2.18)

We claim that if both a)?(n) < n and Gsk occur, then, for n large enough,
t* € Af(t) implies

No(Ap (1)) >0 (11.2.19)
and
lf@®lh <27"K. (11.2.20)

These two facts, which we shall establish in a moment, are enough to make the
remainder of the proof quite simple. From (11.2.19), it follows that by choosing n
large enough for (11.2.16) to be satisfied we have
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P{No(An (1)) > 0} = P{Gsk N [t* € AL(D)]} + 027,

Using this, making the transformation t — * given by (11.2.18), and using the
notation of the theorem, we obtain

P{No(A, (1)) > 0}

>

/ |det Vy|p,((t — t*)Vy, Vy, v)dt* dVydv + o(2~™V).
GsxN{t*e A (1)}

Noting (11.2.20), the continuity and boundedness assumptions on p;, and the bound-
edness assumptions on the moments of the f!, it follows that, as n — oo, the last
expression, summed as in (11.2.15), converges to

(1 —e)N/ dt/ |det Vy|p: (0, Vy, v)dVydv.
T Gsk

Letting ¢ - 0,8 — 0, K — oo and applying monotone convergence to the above
expression, we obtain from (11.2.15) that

E(No(T))} = / dr / dv / | det Vy|p,(0, V'y, v) dVy.
T B RNWN+1D)/2

This, of course, completes the proof, barring the issue of establishing that (11.2.19)
and (11.2.20) hold under the conditions preceding them.

Thus, assume that w*(n) < 71, Gsg occur, and the t* defined by (11.2.18) satisfies
t* € AZ(t). Then (11.2.20) is immediate. The hard part is to establish (11.2.19). To
this end, note that (11.2.18) can be rewritten as

t— FOIVLOI" € A2 ). (11.2.21)

Let 7 be any other point in A, (¢). It is easy to check that

2
|det V£ (z) — det V£(1)| < % (11.2.22)

under the conditions we require. Thus, since detV f(¢) > §, it follows that
detV f(r) # 0 forany T € A, (¢) and so the matrix V f(7) is invertible throughout
Ap(t). Similarly, one can check that g(t) € B forall T € A, (7).

Consider first (11.2.19). We need to show that t* € A?(¢) implies the existence
of at least one T € A, (¢) at which f(7) =0.

The mean value theorem® allows us to write

9 In the form we need it, here is the mean value theorem for Euclidean spaces. A proof can
be found, for example, in [13].

Lemma 11.2.8 (mean value theorem for 120 ). Let T be a bounded open set in RY and
let f:T — RN have first-order partial derivatives at each point in T. Let s and t be two
points in T such that the line segment
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f(r)—f(t):(r—t)Vf(tl,...,tN) (11.2.24)
for some points tr@), ..., !N ) lying on the line segment L(¢, t), for any ¢ and
7, where V f (tl, oty ) is the matrix function V f with the elements in the kth

column evaluated at the point #*. Using similar arguments to those used to establish
(11.2.22) and the invertibility of V f (t) throughout A,, (), invertibility can be shown
for Vf(tl, ..., t") as well. Hence we can rewrite (11.2.24) as

FOIVEGE, ... = rovre, ...t + (& — o). (11.2.25)

Suppose we could show that f(1)[Vf(t!,....t")]7! € A, (0) if * € AL (1).
Then by the Brouwer fixed point theorem'? it would follow that the continuous
mapping of A, (¢) into A,(¢) given by

t>1— fOIVFGE, ..., e ),

has at least one fixed point. Thus, by (11.2.25), there would be at least one 7 € A, (¢)
for which f(7) = 0. In other words,

{a)?(n) <1, Gsg, t* € A1), nlarge} = N(T N A,(@1)) > 0.

But fO[VFE!,....tM]7! € AL 0) is easily seen to be a consequence of
t* € Af(t) and Gsg simply by writing
oV et .Mt

= OISO VIOV fat .. 1!

= FOV O (14 (VFO = Ve ) IV ra 1),
noting (11.2.21) and bounding the rightmost expression using basically the same
argument employed for (11.2.22). This completes the proof. O

Lis,t)={u:u=0s+{1—-06),0<6 <1}

is wholly contained in T. Then there exist points tl, ol tN on L(s, t) such that
O = f&)=VF@l, ..., Ny =), (11.2.23)
where by V f ', ..., ) we mean the matrix-valued function V f with the elements in the

kth column evaluated at the point ik,

10 In the form we need it, the Brouwer fixed point theorem is as follows. Proofs of this result
are easy to find (e.g., [146]).

Lemma 11.2.9. Let T be a compact, convex subset of RN and f : T — T a continuous
mapping of T into itself. Then f has at least one fixed point; i.e., there exists at least one
pointt € T for which f(t) =t.
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We now complete the task of this section, i.e., the proof of Theorem 11.2.1, which
gave the expression appearing in both Theorems 11.2.6 and 11.2.7 for E{N,}, but
under seemingly weaker conditions than those we have assumed. What remains to
show is that conditions (b)—(d) of Theorem 11.2.3 are satisfied under the conditions
of Theorem 11.2.1. Condition (c) follows immediately from the following rather
intuitive result, taking h = f, n = N — 1, and identifying the T of the lemma with
aT in the theorems. The claims in (b) and (d) are covered in the three remaining
lemmas of the section. Lemma 11.2.10 has roots going back to Bulinskaya [35].

Lemma 11.2.10. Let T be a compact set of Hausdorff dimension n. Leth : T —
R" pe, with probability one, C U vith bounded partial derivatives. Furthermore,
assume that the univariate probability densities of h are bounded in a neighborhood
ofu € R uniformly in t. Then, for such u, there are a.s. not € T with h(t) = u.
That is,

P{h~ ) = 0} = 1. (11.2.26)

Proof. We start with the observation that under the conditions of the lemma, for any
e > 0, there exists a finite C, such that

P[max sup dh' (1)/dt; < C8] >1—e.
ijor

Writing wy, for the modulus of continuity of 4, it follows from the mean value theo-
rem that

P{E,} > 1 — &, (11.2.27)

where
E 2 {wn(n) < V/nCen for small enough n} .
Take now a sequence {§,,} of positive numbers converging to 0 as m — oo. The
fact that 7' has Hausdorff dimension n implies that for any any § > 0, and m large
enough, there exists a collection of Euclidean balls {B,,;} covering T such that

> (diam(B))" ™ < . (11.2.28)
j
Define the events
A={FteT : h@t) =u}, Apj={3t € Byj : h(t) = u}.
Fix ¢ > 0 and note that
P{A} <> P{Aw; NE.} +P{ES}. (11.2.29)

J

In view of (11.2.27) it suffices to show that the sum here can be made arbitrarily
small.
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To see this, let 7,,; be the center point of B,;. Then, if both A,,; and E; occur, it
follows that for large enough m,

|\h(tmj) — u| < /nCe diam(B,;)).
Since h; has a bounded density, it thus follows that
P{Apj N Ee} < M(/nCe diam(Byj)"*!,

where M is a bound on the densities. Substituting into (11.2.29) and noting (11.2.28)
we are done. O

We now turn to the second part of condition (b) of Theorem 11.2.3, relating to
the points ¢ € T satistfying f(t) —u = detV f(¢) = 0. Note firstly that this would
follow easily from Lemma 11.2.10 if we were prepared to assume that f € C3(T).
This, however, is more than we are prepared to assume. That the conditions of
Theorem 11.2.1 contain all we need is the content of the following lemma.

Lemma 11.2.11. Let f and T be as in Theorem 11.2.1, with conditions (a), (b), (d),
and (g) of that theorem in force. Then, with probability one, there are no pointst € T
satisfying f(t) —u =detVf () =0.

Proof. As for the proof of the previous lemma, we start with an observation. In
particular, for any ¢ > 0, there exists a continuous function w, for which wg(n) |
0 as n | 0, and a finite positive constant C,, such that P{E.} > 1 — ¢, where now

E. 2 {maxsup|f;(t)| < C¢, max wf{'(n) < we(n), for0 <n < 1} .
ij teT ij j

To see this, the following simple argument'! suffices: For ease of notation, set
w*(n) = max ().
ij 7

It then follows from (11.2.2) that there are sequences {c, } and {1, }, both decreas-
ing to zero, such that

P{w*(nn) < cn} >1-—27"¢.

Defining w.(n) = ¢, for 5,41 < n < n,, Borel-Cantelli then gives, for some
n1 > 0, that

P{o*(n) < @:(n),0 <n<m}>1-¢/2.

If n1 < 1, set wg = cg for n; < n < 1, where ¢ is large enough so that

11 Note that this event tells us less about the o /i than in the corresponding event in the previous
JJ

lemma, and so we shall have to work harder to show that IE’{EE} > 1 — ¢. The problem is
that this time, we are not assuming that the f J’ , unlike the i' of the previous lemma, are cl.
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P{w*(n) <co, M <n= 1} >1—¢/2.

Now choose C, large enough so that
IE”{ sup | £(1)] < CS} S 1—g/2,
teT

and we are done.
We now continue in a similar vein to that of the previous proof. Let the B,,;; and
tmj be as defined there, although (11.2.28) is now replaced with

3 (diam Byy)" — exin(T) < 00 (11.2.30)
J
as m — oo for some dimension-dependent constant cy .
Define the events

Amj = {3t € Byj: f(t) —u=det V() =0}

Fixing & > 0, as before, we now need only show that ) ; P {Amj N E.} can be made
arbitrarily small.

Allowing Cy to be a dimension-dependent constant that may change from line to
line, if A;;; and E, occur, then, by expanding the determinant, it is easy to see that

|det V f (tui)] < Cy (max(l, Ce)N ! e (v/N diam(Byy)),
and that, as before,
|f(tmj) —u|l < CnC; diam(ij)-

It therefore follows that
Pl 1B = [ B[ det f(om)] = (€ max(1, € (VN diam(B,.)

| F ) = x}pr,y () dx,

where p; is the density of f(¢) and the integral is over a region in R of volume no
greater than Cy diam(By,;)".

By assumption (g) of Theorem 11.2.1 the integrand here tends to zero as m — oo,
and so can be made arbitrarily small. Furthermore, p; is uniformly bounded. Putting
all of this together with (11.2.30) proves the result. O

We now turn to the first part of condition (b) of Theorem 11.2.3, relating to the
points t € T satisfying f(t) = 0 and g(¢) € 0 B. These are covered by the following
lemma, whose proof is almost identical to that of Lemma 11.2.11 and so is left to you.

Lemma 11.2.12. Let f and T be as in Theorem 11.2.1, with conditions (a), (b), (e),
and (g) of that theorem in force. Then, with probability one, there are no pointst € T
satisfying f(t) —u = 0and g(t) € 9B.
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11.3 Suitable Regularity and Morse Functions

Back in Chapter 6 we laid down a number of regularity conditions on determin-
istic functions f for the geometric analyses developed there to be valid. In the
integral-geometric setting they were summarized under the “suitable regularity” of
Definition 6.2.1. In the manifold setting, we moved to the “Morse functions” of
Section 9.3.

We shall soon (in Section 11.7) need to know when arandom f is, with probability
one, either suitably regular or a Morse function over a finite rectangle 7  RY and
later (in Section 12.4) when it is a Morse function over a piecewise smooth manifold.

Despite the fact that this is (logically) not the right place to be addressing these
issues, we shall nevertheless do so, while the details of the previous section are
still fresh in your mind. In particular, without much further effort, Lemmas 11.2.10
and 11.2.11 will give us what we need.

We consider Morse functions over rectangles first, since here the conditions are
tidiest. We start with a reminder (and slight extension) of notation: As usual, 9T is
the k-dimensional boundary, or skeleton, of 7. Since T is a rectangle, each 9T is
made up of 2V (]Z ) open rectangles, or “faces,” of dimension k.

Morse functions can then be defined via the following three characteristics:

() f is C? on an open neighborhood of T
(ii) The critical points of fj5, r are nondegenerate forallk =0, ..., N.
(iii) fja,r has no critical points on U/;;(l) 0;T forallk =1,...,N.

Recall that in the current Euclidean setting, critical points are those ¢ for which
V f(t) = 0, and “nondegeneracy’’ means that the Hessian V2 f(t) has nonzero de-
terminant. Note also that in both conditions (ii) and (iii) there is a strong dependence
on dimension. In particular, in (ii) the requirement is that the R¥*!-valued function
(V(fia.1), det vZ( fiaxT)) not have zeros over a k-dimensional parameter set. Re-
garding (iii), the requirement is that the R*-valued function V( fia, ) defined on a
k-dimensional set not have zeros on a subset of dimension k — 1.

In this light, (ii) and (iii) are clearly related to Lemma 11.2.11, and we leave it to
you to check the details that give us the following theorem.

Theorem 11.3.1. Let f be a real-valued random field over a bounded rectangle T
of RN with first- and second-order partial derivatives f; and fij. Then f is, with
probability one, a Morse function over T if the following conditions hold for each
face J of T

(a) f is, with probability one, C* on an open neighborhood of T, and all second
derivatives have finite variance.

(b) For all t € J, the marginal densities p;(x) of V f1;(t) are continuous at 0,
uniformly in t.

(c) The conditional densities p;(z|x) of det V2f|1(t) given V fj(t) = x are contin-
uous for (z, x) in a neighborhood of 0, uniformly int € T.
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(d) On J, the moduli of continuity of f and its first- and second-order partial deriva-
tives all satisfy, for any ¢ > 0,

P{w(n) > ¢} =o0 (ndim(”) asn | 0.

As usual, we also have a Gaussian corollary (cf. Corollary 11.2.2). It is even
simpler than usual, since Gaussianity allows us drop the references to the specific
faces J that so cluttered the conditions of the theorem.

Corollary 11.3.2. Let f be a centered Gaussian field over a finite rectangle T. If for
eacht € T, the joint distributions of (f;(t), fij(t))i j=1,...N are nondegenerate, and
if for some finite K and all s,t € T,

.....

max |Cy, (t, 1) + Cy,; (s, 5) — 2Cp, (s, )| < K [In |t —s||71H%) (11.3.1)
a ; : .

then the sample functions of f are, with probability one, Morse functions over T.

The next issue is to determine when sample functions are, with probability one,
suitably regular in the sense of Definition 6.2.1. This is somewhat less elegant because
of the asymmetry in the conditions of suitable regularity and their dependence on a
particular coordinate system. Nevertheless, the same arguments as above work here
as well and it is easy (albeit a little time consuming) to see that the following suffices
to do the job.

Theorem 11.3.3. Under the conditions of Corollary 11.3.2 the sample functions of f
are, with probability one, suitably regular over bounded rectangles.

A little thought will show that the assumptions of this theorem would seem to
give more than is required. Consider the case N = 2. In that case, condition (6.2.6)
of suitable regularity requires that there be no t € T for which f(¢) —u = fi(t) =
f11(¢) = 0. This is clearly implied by Theorem 11.3.3. However, the theorem also
implies that f (1) —u = f>(t) = f22(t) = 0, which is not something that we require.
Rather, it is a consequence of a desire to write the conditions of the theorem in a
compact form.

In fact, Theorem 11.3.3 goes even further, in that it implies that for every fixed
choice of coordinate system, the sample functions of f are, with probability one,
suitably regular over bounded rectangles.!?

We now turn to what is really the most important case, that of determining suf-
ficient conditions for a random field to be, almost surely, a Morse function over a
piecewise C? Riemannian manifold (M, g). Writing our manifold as usual as

N
M = UajM (11.3.2)
=0

12 Recall that throughout our discussion of integral geometry there was a fixed coordinate
system and that suitable regularity was defined relative to this system.
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(cf. (9.3.5)), conditions (i)—(iii) still characterize whether f will be a Morse function.
The problem is how to generalize Theorem 11.3.1 to this scenario, since its proof
was based on the results of the previous section, all of which were established in a
Euclidean setting. The trick, of course, is to recall that each of the three required
properties is of a local nature. We can then argue as follows:

Choose a chart (U, ¢) from a countable atlas covering M. Let t* € U be a
critical point of f, and note that this property is independent of the choice of local
coordinates. Working therefore with the natural basis for 7; M, it is easy to see that
@(t*) is also a critical point of ¢(U). Furthermore, the covariant Hessian V2 f@)
will be degenerate if and only if the same is true of the regular Hessian of f o ¢!,
and since ¢ is a diffeomorphism, this implies that #* will be a degenerate critical point
of f if and only if ¢ (¢*) is for f o @~ !. It therefore follows that even in the manifold
case, we can manage, with purely Euclidean proofs, to establish the following result.
The straightforward but sometimes messy details are left to you.

Theorem 11.3.4. Let f be a real-valued random field over a piecewise C 2, compact
Riemannian submanifold (M, g) of a C3 manifold M. Assume that M has a countable
atlas. Then f is, with probability one, a Morse function over M if the following
conditions hold for each submanifold 0; M in (11.3.2). Throughout V and V2 are to
be understood in their Riemannian formulations and implicitly assumed to have the
dimension of the d; M where they are being applied.

(a) f is, with probability one, C* on an open neighborhood of M in M, and
E{(XYf)?} <ocoforX,Y € T,M,t € M.

(b) For each 8jM, the marginal densities p;(x) of V fs,m(t) are continuous at 0,
uniformly in t.

(¢) The densities p;(z|x) ofTral'M szij(t) given VﬁajM(t) = x are continuous
for (z, x) in a neighborhood of 0, uniformly int € M.

(d) On 0;M, the moduli of continuity of f, Vf|3jM, and sz\ajM(X, Y) all satisfy,
forany e > 0,

P{w() > ¢} =o (ndim@fM)) asn 40 (11.3.3)

forall X,Y € S(M) NT;0;M, where S(M) is the sphere bundle of M and
the modulus of continuity is taken with respect to the distance induced by the
Riemannian metric g.

As usual, there is a Gaussian corollary to Theorem 11.3.4, which requires only
nondegeneracies and condition (d). There are two ways that we could go about attack-
ing condition (d). The more geometric of the two would be to return to the entropy
conditions of Section 1.3 and find a natural entropy condition for (11.3.3) to hold.
This, however, involves adding a notion of “canonical distance’’ (under the canonical
metric d on M) to the already existing distance corresponding to the Riemannian
metric induced by f. The details of carrying this out, while not terribly difficult,
would involve some work. Perhaps more importantly, the resulting conditions would
not be in a form that would be easy to check in practice.
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Thus, we take another route, given conditions that are less elegant but easier to
establish and generally far easier to check in practice. As for Theorem 11.3.4 itself,
we leave it to you to check the details of the (straightforward) proof of the corollary.

Corollary 11.3.5. Take the setup of Theorem 11.3.4 and let f be a centered Gaussian
field over M. Let A = (Uy, ¢o)aci be a countable atlas for M such that for every
o, the Gaussian field f, = f o (pojl on ¢u(Uy) C RN satisfies the conditions of
Corollary 1132 with T = ¢4 (Uy), f = fo and some K, > 0. Then the sample
functions of f are, with probability one, Morse functions over M.

11.4 An Alternate Proof of the Metatheorem

The proof of the “metatheorem” Theorem 11.2.1 given in the previous section is but
the latest tale in a long history.

The first proof of this kind is probably due to Rice [131] in 1945, who worked in
the setting of real-valued processes on the line. His proof was made rigorous by Itd
[81] and Ylvisaker [180] in the mid 1960s. Meanwhile, in 1957, Longuet-Higgins
[106, 107] was the first to extend it to the setting of random fields and used it to
compute the expectations of such variables as the mean number of local maxima of
two- and three-dimensional Gaussian fields. Rigorous versions of Theorem 11.2.1, at
various levels of generality and with various assumptions, appeared only in the early
1970s asin [1, 7, 16, 108] with the proof of Section 11.2 being essentially that of [1].

Recently, however, Azais and Wschebor [15] have developed a new proof, based
on Federer’s coarea formula. We bring it up here for two reasons. First of all, it is
intrinsically interesting, and secondly, at first glance, it seems to avoid many of the
technicalities inherent in the point process approach that we have adopted.

Retaining the notation of the previous section, Federer’s coarea formula, in the
form (7.4.15), can be rewritten as

/ Z a(t) du:/ a(r)|det V £ ()| dt,
RY \ . f () =u RN

assuming that f and o : RN — R¥ are sufficiently smooth.

Take ar(t) = @ (f ()17 (¢), where ¢ is a smooth (test) function. (Of course, «
is now no longer smooth, but we shall ignore this for the moment.) The above then
becomes

/ @(M)Nu(f!T)du=/w(f(t))ldetvf(t)ldt-
RN T

Now take expectations (assuming that this is allowed) of both sides to obtain
/ PE{N,(f : T)}du
RN

_ /T E {o(f(1))] det V £(1)]} dt



284 11 Random Fields on Euclidean Spaces
= /RN go(u)[TE{ldetVf(t)Hf(t) = u} pi(u) dtdu.

Since ¢ was arbitrary, this implies that for (Lebesgue) almost every u,

E{(N.(f :T)} = /TIE {ldet V£ O)I| £ (1) = u} p(u) dt, (11.4.1)

which is precisely (11.2.4) of Theorem 11.2.1 with the g there identically equal to 1.
Modulo this restriction on g, which is simple to remove, this is the result we have
worked so hard to prove. The problem, however, is that since it is true only for almost
every u, one cannot be certain that it is true for a specific value of u.

To complete the proof, we need only show that both sides of (11.4.1) are con-
tinuous functions of u and that the assumptions of convenience made above are no
more than that. This, of course, is not as trivial as it may sound. Going through the
arguments actually leads to repeating many of the technical points we went through
in the previous section, and eventually Theorem 11.2.1 reappears with the same long
list of conditions. However (and this is the big gain), the details have no need of the
construction, in the proof of Theorem 11.2.7, of the linear approximation to f.

You can find all the details in [15] and decide for yourself which proof you prefer.

11.5 Higher Moments

While not at all obvious at first sight, hidden away in Theorem 11.2.1 is another result,
about higher moments of the random variable N, (f, g : T, B). To state it, we need,
for integral k > 1, the kth partial factorial of a real x defined by

Ok Ex(x=1)--(x—k+1).

Theorem 11.5.1. Let f, g, T, and B be as in Theorem 11.2.1, and assume that
conditions (a), (f), and (g) there still hold. For k > 1, write

TF={F=@,....t) 1 tj €T, V1 < j <k},
f@ = @), ..., fw) : TF — RNK,
20 = (g(t1), ..., gw)) : TF — R¥K,

Replace assumptions (b), (¢), and (d) of Theorem 11.2.1 by the following, assumed
to hold for eacht € T*\ {t e T* : 1t; = tj for somei # j}:

(b')The marginal densities roff(t) are continuous at i = (u ,u).

(¢") The conditional densities of f ) given g(j and V f(t (N) are bounded above and
continuous at u.

(d")The conditional densities p,~(z|f(?) = x) of det Vf(?) given f(}v) = x are con-
tinuous for z and x in neighborhoods of 0 and u, respectively.
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Then,

k
E{(Num:kaE H\detVfa,-)!lB(g(rj))\f(r‘)=ﬁ pr@ydi (11.5.1)
j=1

k
:/k/RkDH‘detDjHB(vj)p?(ﬁ,ﬁ, 5)dD di df,
T }
j=1

where

(1) p7(X) is the density of f(tN)
(i) p7(X, D, D) is the joint density of f(?), D@, and 3.
(ii1) D(?) represents the Nk x Nk matrix Vf(?). Note that 5(?) is a diagonal block
matrix, with the jth block D (&) containing the matrix V f (¢ i), wheret; € T is
the jth component of T.
vy D=NN+1)/2+K.

Proof. For each § > 0 define the domain
TFEFeT |4 —tj|=6forall 1 <i <<k}

Then the field f satisfies all the assumptions of Theorem 11.2.1, uniformly over the
parameter set Tak.

It therefore follows from (11.2.3) and (11.2.4) that E{N; (f, g: TK, BM}is given
by either of the integrals in (11.5.1), with the outer integrals taken over Tak rather
than T*.

Let § | 0. Then, using the fact that f = u only finitely often (cf. footnote 8), it
is easy to see that with probability one,

Na(f.8:TF, Bt (Nu(f, g : T, B)x.

The monotonicity of the convergence then implies covergence of the expectations
E{Na(f.%: T} BY)}.

On the other hand, the integrals in (11.5.1) are trivially the limit of the same
expressions with the outer integrals taken over T(Sk rather than 7%, and so we are
done. O

As for the basic expectation result, Theorem 11.5.1 takes a far simpler form if f
is Gaussian, and we have the following.

Corollary 11.5.2. Let f and g be centered Gaussian fields over a T that satisfies the
conditions of Theorem 11.2.1. Ifforeacht = (11, ..., ty) € T, the joint distributions
of {(f(tj), Vf(t)), gtj))}1<j<k are nondegenerate for all choices of distincttj € T,
and if (11.2.5) holds, then so does (11.5.1).
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11.6 Preliminary Gaussian Computations

In the following section we shall begin our computations of expectations for the Euler
characteristics of excursion sets of Gaussian fields. In preparation, we need to collect
a few facts about Gaussian integrals. Some are standard, others particularly tailored
to our specific needs. However, since all are crucial components for the proofs of the
main results of this chapter, we shall give proofs for all of them.

The first, in particular, is standard fare.

Lemma 11.6.1 (Wick formula). Let X1, X2, ..., X, be a set of real-valued ran-
dom variables having a joint Gaussian distribution and zero means. Then for any
integer m,

E{X1X2-- Xomy1} =0, (11.6.1)
E(X1X2- - Xom} = Y _B{X; Xi,} - B{ X, Xip,, ). (11.6.2)
where the sum is taken over the 2m)!/m!2"™ different ways of grouping X1, ..., Xom

into m pairs.

Note that this result continues to hold even if some of the X ; are identical, so that
the lemma also applies to compute joint moments of the form E{X ’11 e X ;{’{ ).

Proof. Recall from (1.2.4) that the joint characteristic function of the X; is
¢(9)=1E{e"219ixi} — 2, (11.6.3)

where

Q=00)=-

N =

n n
> OEXiX ;0.
i=1 j=1

Following our usual convention of denoting partial derivatives by subscripting, we
have, for all [, k, j,

n
Qj=—> E{X; X}k, (11.6.4)
k=1
Okj = —E{X; X},
Oij=0.
Successive differentiations of (11.6.3) yield
$; =00, (11.6.5)

ok = Qj + ¢ 0y,
Qi = o Qj + ¢k Quj + ¢1 Ok

D12..n = Q12...(i—D)(j+1)..n Q) + Z Ory..rp Okj»
k£
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where in the last equation, the sequence ry, . . . , r,,—2 does not include the two numbers
kand j.

The moments of various orders can now be obtained by setting & = 0 in the
equations of (11.6.5). Since from (11.6.4) we have Q;(0) = O for all j, the last (and
most general) equation in (11.6.5) thus leads to

E{X1 - Xa} = D B{Xy -+ Xy 5 E(X; X
k#j

From this relationship and the fact that the X; all have zero mean it is easy to
deduce the validity of (11.6.1) and (11.6.2). It remains only to determine exactly the
number, M say, of terms in the summation (11.6.2). We note first that while there are
(2m)! permutations of X1, ..., Xo, since the sum does not include identical terms,
M < (2m)!. Secondly, for each term in the sum, permutations of the m factors resultin
identical ways of breaking up the 2m elements. Thirdly, since E{X ; X} = E{Xz X},
an interchange of the order in such a pair does not yield a new pair. Thus

M@mhH(2") = 2m)!,

implying

_ @m)!
T omi2m

as stated in the lemma. O

For the next lemma we need some notation. Let A y be asymmetric N x N matrix
with elements A;; such that each A;; is a zero-mean normal variable with arbitrary
variance but such that the following relationship holds:

E{A;j A} =EG, j, k1) —6;ijdu, (11.6.6)

where £ is a symmetric function of i, j, k, [, and §; ; is the Kronecker delta. Write
| Ay | for the determinant of Ay .

Lemma 11.6.2. Let m be a positive integer. Then, under (11.6.6),

E{|Azm+11} =0, (11.6.7)
(=™ (2m)!

E{lAoul} = — o (11.6.8)

Proof. Relation (11.6.7) is immediate from (11.6.1). Now

|A2m| = Z n(p)Alil ce A2m,i2m,
P

where p = (i1, i2, ..., i2oy) is a permutation of (1,2, ...,2m), P is the set of the
(2m)! such permutations, and n(p) equals +1 or —1 depending on the order of the
permutation p. Thus by (11.6.2) we have
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E{lAxl} = Z n(p) Z E{A1;, A2iy} - - E{A2m—1,isp_1 D2m,ing }»
P 0

where Q is the set of the (2m)!/m!2™ ways of grouping (i1, i2, ..., i2y) into pairs
without regard to order, keeping them paired with the first index. Thus, by (11.6.6),

E{lAzml} =D n(p) D AE(, i1, 2, i2) — 814y 820} X -+ -
P 0

x {E€Qm — 1, iom—1,2m, i2m) — 82m—1,inp_ 02m,izy, }-

It is easily seen that all products involving at least one £ term will cancel out because
of their symmetry property. Hence

E{|Aom|} = Z n(p) Z(—l)m (81,82i5) * + (82m—1,i2— 1 S2m,in)
P

(=D 2m)!
T (m)2m

’

the last line coming from changing the order of summation and then noting that for
only one permutation in P is the product of delta functions nonzero. This completes
the proof. O

Note that (11.6.8) in no way depends on the specific (co)variances among the
elements of Ay. These all disappear in the final result due to the symmetry of £.

Before stating the next result we need to introduce the family of Hermite polyno-
mials. The nth Hermite polynomial is the function

ln/2]

( l)] n—2j
- E
H,(x) =n! ‘(n 2 n>0, x eR, (11.6.9)

where |a] is the largest integer less than or equal to a. For convenience later, we also
define

H_1(x) = V27W(x)e* 2, x eR, (11.6.10)

where W is the tail probability function for a standard Gaussian variable (cf. (1.2.1)).
With the normalization inherent in (11.6.9) the Hermite polynomials form an orthog-
onal (but not orthonormal) system with respect to standard Gaussian measure on R,
in that

n!, m=n,

1 2
—— | H\x)Hyu(x)e ™ ?dx =
th]R (x)H,, (x)e dx 0. m#£n,

An alternative definition of the Hermite polynomials is via a generating function
approach, which gives
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d}’l
Hy(x) = (—1y"e" /22 (e*xz/z) . n>0. (11.6.11)

dxn

From this it immediately follows that
o0 2 2 ) 2
/ H,(x)e ™ ?dx = Hy_1(w)e ™™ />, n>0. (11.6.12)
u

The centrality of Hermite polynomials for us lies in the following corollary to
Lemma 11.6.2.

Corollary 11.6.3. Let Ay be as in Lemma 11.6.2, with the same assumptions in force.
Let I be the N x N unit matrix, and x € R. Then

E{det (Ay —xI)} = (=D Hy (x).
Proof. It follows from the usual Laplace expansion of the determinant that

det(Ay—x1) = (=DVxV = S1(AMXN TS (AN 2 (= DV Sy (AN,

(11.6.13)
where S (Ay) is the sum of the (IZ ) principal minors of order k in |Ay|. The result
now follows trivially from (11.6.7) and (11.6.8). O

11.7 The Mean Euler Characteristic

We now assume f to be a centered, stationary Gaussian process on a rectangle 7" C
RV and satisfying the conditions of Corollary 11.3.2. As usual, C : RY — R
denotes the covariance function, and v the spectral measure. Then f has variance
o2 = C(0) = v(R"). We change notation a little from Section 5.4, and introduce
the second-order spectral moments

)\.ij :/ )\.i)\.jv(d)\.). (1171)
RN

Since we shall use it often, denote the N x N matrix of these moments by A.
Denoting also differentiation via subscripts, so that f; = 9f/d¢;, fij = 82f/8t,-8tj,
etc., we have, from (5.5.5), that

E{fi@®) f; O} = Lij = —C;;(0). (11.7.2)

Thus A is also the variance—covariance matrix of V . We could, of course, define the
components of A using only derivatives of C, without ever referring to the spectrum.

The covariances among the second-order derivatives can be similarly defined.
However, all we shall need is that

Eiive 2ELf (1) fu () = /R i akv(d) (11.7.3)
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is a symmetric function of 7, j, k, £.

Finally, note, as shown in Section 5.4, that f and its first-order derivatives are
independent (at any fixed point #) as are the first- and second-order derivatives (from
one another). The field and its second-order derivatives are, however, correlated, and

E{f @) fij(®)} = —xij. (11.7.4)

Finally, denote the N x N Hessian matrix (f;;) by V2 f, and recall that the index
of a matrix is defined as its number of negative eigenvalues.

Lemma 11.7.1. Let f and T be as described above, and set
wrk =#teT: f(t)>u, V() =0, index(V2f) = k). (11.7.5)

Then forall N > 1,

N N 172
e | _ eoMiTiial U
E{Z(—l) ,Lk} = o@Dy By (;)e u?/20?, (11.7.6)
k=0

Before turning to the proof of the lemma, there are some crucial points worth
noting. The first is the rather surprising fact that the result depends on the covariance
of f only through some of its derivatives at zero, that is, only through the variance
and second-order spectral moments. This is particularly surprising in view of the fact
that the definition of the w depends quite strongly on the f;;, whose distribution
involves fourth-order spectral moments.

As will become clear from the proof, the disappearance of the fourth-order spectral
moments has a lot to do with the fact that we compute the mean of the alternating
sum in (11.7.6) and do not attempt to evaluate the expectations of the individual pug.
Doing so would indeed involve fourth-order spectral moments. As we shall see in
later chapters, the fact that this is all we need is extremely fortunate, for it is actually
impossible to obtain closed expressions for any of the E{ux}.

Proof. We start with the notationally simplifying assumption that E{ ftz} =0’ =1.
It is clear that if we succeed in establishing (11.7.6) for this case, then the general
case follows by scaling. (Note that scaling f also implies scaling V f, which, since
A contains the variances of the elements of V f, gives the factor of o~V in (11.7.6).)

Our second step is to simplify the covariance structure among the elements of
V f. Let Q be any square root of A™!, so that

0'AQ = diag(l, ..., 1). (11.7.7)

Note that det 9 = (det A)~!/2. Now take the transformation of R given by r —
tQ~ !, under which T — T2 = {r : v = tQ~! for some r € T} and define
f2:72 - Rby
A
e = Q).

The new process f < has covariance function



11.7 The Mean Euler Characteristic 291

C%s,1)=C(sQ,10) = C((t —5) Q)

and so is still stationary, with constant, unit variance. Furthermore, simple differen-
tiation shows that V 2 = (V f)Q, from which it follows that

AC 2RIV (VIO 1)) = QAQ = I. (11.7.8)

That is, the first-order derivatives of the transformed process are now uncorrelated
and of unit variance. We now show that it is sufficient to work with this, much simpler,
transformed process.

Firstly, it is crucial to note that the uy of (11.7.5) for f over T are identical to
those for f€ over T€. Clearly, there is a trivial one-to-one correspondence between
those points of 7 at which f(¢#) > u and those of T2 at which fQ(t) > u. We
do, however, need to check more carefully what happens with the conditions on V f
and V2 f.

Since V€ = (V f)Q, we have that (V f2)(r) = 0 if and only if V f(tQ) = 0.
In other words, there is also a simple one-to-one correspondence between critical
points. Furthermore, since V2 f¢ = Q'(V2f)Q and Q is a positive definite matrix,
szQ(t) and sz(t Q) have the same index.

Consequently, we can now work with f€ rather than f, so that by (11.2.4) the
expectation (11.7.6) is given by

N
0)d —1)k
/TQ pr(©)dt 3 (1) (11.7.9)

k=0
x E{|det V2 f2(0)|Lp, (V2 F20) .00 (f LNV L) = 0},

where p; is the density of V f€ and Dy is set of square matrices of index k. Now
note the following:

(i) Since f, and so f Q are stationary, the integrand does not depend on ¢, and we
can ignore the ¢’s throughout. The remaining integral then gives the Lebesgue
volume of 72, which is simply | det Q|~!|T| = |A|'/2|T].

(i1) The term p;(0) is simply (27)~N/2 and so can be placed to the side for the
moment.

(iif) Most importantly, on the event Dy, the matrix V2 £ 2 (¢) has k negative eigenval-
ues, and so has sign (—1)*. We can combine this with the factor (—1)¥ coming
immediately after the summation sign, and so remove both it and the absolute
value sign on the determinant.

(iv) Recall that from the discussion on stationarity in Section 5.4 (especially (5.5.5)—
(5.5.7)), we have the following relationships between the various derivatives of
fQ,foralli,j,k e{l,...,N}

E(femflmi=0.  E{fP0finr=0.  E(f°nf2m} = -3

where §;; is the Kronecker delta. The independence of the first derivatives from
all the others means that the conditioning on V £ in (11.7.9) can be ignored,
and so all that remains is to evaluate
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o0 e,xzﬂ
/ T E{det A,}dx, (11.7.10)
u T

where by (1.2.7) and (1.2.8), A is a matrix of Gaussian random variables whose
elements A;; have means —x4;; and covariances

E{AijAke} = E(£7(0) £ 0} — 8 = E2(. j. k. £) — 818k

By (11.7.3), £2 is a symmetric function of its parameters.

This puts us directly into the setting of Corollary 11.6.3, from which it now follows
that (11.7.10) is equivalent to

-1 N 00 -1 N
: 2) / HN(x)e_xz/deZ( ) HN—1(M)€_”2/2,
g u

v/ V2
by (11.6.12).
Recalling (i), (ii), and (iv) above, substituting into (11.7.9), and lifting the restric-
tion that o2 = 1 gives us (11.7.6) and we are done. m]

With the proof behind us, it should now be clear why it is essentially impossible
to evaluate the individual E{z}. In doing so, we would have had to integrate over
the various subsets Dy ¢ RNWV+D/2 of (11.7.9), and, with only the rarest exceptions,
such integrals do not have explicit forms.

A careful reading of the proof also shows that we never really used the full power
of stationarity, but rather only the existence of the matrix Q of (11.7.7) and a number
of relationships between f and its first- and second-order derivatives. Actually, given
the simplicity of the final result, which depends only on o2 and A, one is tempted
to conjecture that in the nonstationary case one could replace Q by a family Q; of
such matrices. The final result might then be much the same, with the term |7 || A|!/?
perhaps being replaced by an integral of the form | 7 | A] 1724t, where A, would be
a local version of A, with elements (A,);; = E{f;(¥) f;j(¢)}. That this is not the
case will be shown later, when we do tackle the (far more complicated) nonstationary
scenario as a corollary of results related to fields on manifolds in the following chapter
(cf. the discussion of nonstationary fields in Section 12.5).

We can now turn to our first mean Euler characteristic computation, for which we
need to set up a little notation, much of it close to that of Section 9.4. Nevertheless,
since there are some slight changes, we shall write it all out again. We start with

N
T =[]0, 71,
i=1

a rectangle in RY. As in Section 9.4, write J; = Ji(T) for the collection of the
Nk (],Z ) faces of dimension k in T. As opposed to our previous conventions, we
take these faces as closed. Thus, all faces in J; are subsets of some face in Jj for
all k¥ > k. (For example, Jn contains only 7 while [y contains the 2N vertices of
T.) Let Oy denote the (]Z) elements of J; which include the origin.
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We need one more piece of notation. Take J € Ji. With the A;; being the spectral
moments of (11.7.1), write A for the k x k matrix with elements 4;;, i, j € o(J).
This is enough to state the following result.

Theorem 11.7.2. Let f be as described at the beginning of this section and T as
above. Forreal u, let A, = A,(f,T) ={t € T : f(t) > u} be an excursion set,
and let ¢ be the Euler characteristic. Then

E{p (A} = e /2" ZZ /11Ag1"2 WAL g, l( )—i—\ll( ) (11.7.11)

k+1)/2
k=1 JeOy @) ok

Note that the k-dimensional volume |J| of any J € Ji is given by |J| =
Hiea(]) T;.

Since (11.7.11) and its extension to manifolds in Section 12.4 is, for our purposes,
probably the single most important equation in this book, we shall take a little time
to investigate some of its consequences, before turning to a proof. To do so, we first
note that it simplifies somewhat if f is isotropic. In that case we have the following
corollary.

Corollary 11.7.3. In addition to the conditions of Theorem 11.7.2, let f be isotropic
and T the cube [0, T1V. If A> denotes the variance of f; (independent of i by iso-
tropy), then

N (N\rkq k)2
E{p (A} = e /273" (745 Hi_ 1( )+\IJ< ) (11.7.12)
k

— Q) kD 25k

The simplification follows immediately from the spherical symmetry of the spec-
tral measure in this case, which (cf. (5.7.3)) implies that each matrix A is equal to
Aal. In fact, looking back into the proof of Lemma 11.7.1, which is where most of
the calculation occurs, you can see that the transformation to the process f € is now
rather trivial, since Q = A~1/21 (cf. (11.7.7)). Looked at in this light, it is clear that
one of the key points of the proof was a transformation that made the first derivatives
of f behave as if they were those of an isotropic process. We shall see this again, but
at a far more sophisticated level, when we turn to the manifold setting.

Now consider the case N = 1, so that T is simply the interval [0, T']. Then, using
the definition of the Hermite polynomials given by (11.6.9), it is trivial to check that

T)‘é/z 7142/2(72
E{e (Au(f, [0, TD} =¥ (u/o) + ———e , (11.7.13)
2no
so that we have recovered (11.1.6) and with it, the Rice formula. Figure 11.7.1 gives
two examples, with 2 = 1, A = 200, and A = 1,000.

Note from (11.7.13) that as u — —oo, we have E{¢p(A,)} — 1. The excursion
set geometry behind this is simple. Once u < infr f(¢), we have A, = T, and
so ¢(A,) = ¢(T), which in the current case is 1. This is, of course, a general
phenomenon, independent of dimension or the topology of T'.
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-4 -2 2 4 -4 -2

Fig. 11.7.1. E{gp(A,)} : N = 1.

To see this analytically, simply look at the expression (11.7.13), or even (11.7.11)
for general rectangles. In both cases it is trivial that as u — —oo all terms other than
W (u /o) disappear, while W(u/o) — 1.

It thus seems not unreasonable to expect that when we turn to a more general
theory (i.e., for T a piecewise smooth manifold) the term corresponding to the last
termin (11.7.11) might be ¢ (T)W (1 /o). That this is in fact the case can be seen from
the far more general results of Section 12.4 below.

We now turn to two dimensions, in which case the right-hand side of (11.7.12)
becomes, for o2 = 1,

{ 26 2Tx7

—u?/2
(2n)3/2u + 7 :| e + W (u). (11.7.14)

Figure 11.7.2 gives two examples, again with X, = 200 and A, = 1,000.

10 40

6 20

Fig. 11.7.2. E{p(A,)} : N = 2.

Many of the comments that we made for the one-dimensional case have similar
analogues here and we leave them to you. Nevertheless, we emphasize three points:
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(i) You should note, for later reference, how the expression before the exponential
term can be thought of as one of a number of different power series: one in T,
one in u, and one in +/A7.

(i) The geometric meaning of the negative values of (11.7.14) are worth under-
standing. They are due to the excursion sets having, in the mean, more holes
than connected components for (most) negative values of u.

(iii) The impact of the spectral moments is not quite as clear in higher dimensions
as it is in one. Nevertheless, to get a feel for what is happening, look back at
the simulation of a Brownian sheet in Figure 1.4.1. The Brownian sheet is, of
course, both nonstationary and nondifferentiable, and so hardly belongs in our
current setting. Nevertheless, in a finite simulation, it is impossible to “see’’ the
difference between nondifferentiability and large second spectral moments,'3 so
consider the simulation in the latter light. You can then see what is happening.
Large spectral moments again lead to local fluctuations generating large numbers
of small islands (or lakes, depending on the level at which the excursion set is
taken), and this leads to larger variation in the values of E{p(A,)}.

In three dimensions, the last case that we write out, (11.7.12) becomes, for o?=1,

3/2 1/2 3/2
5% 5 3r%, 3TN TP e,
u u+ — e + W(u).
(2m)? (2m)3/2 2 (2m)?

Figure 11.7.3 gives the examples with 1, = 200 and A, = 1,000.

N
-

N
i

Fig. 11.7.3. E{p(A,)} : N = 3.

Note that once again there are a number of different power series appearing here,
although now, as opposed to the two-dimensional case, there is no longer a simple
correspondence between the powers of T, /A2, and u.

The two positive peaks of the curve are due to A, being primarily composed of a
number of simply connected components for large u and primarily of simple holes for

13 Ignore the nonstationarity of the Brownian sheet, since this has no qualitative impact on the
discussion.



296 11 Random Fields on Euclidean Spaces

negative u. (Recall that in the three-dimensional case the Euler characteristic of a set
is given by the number of components minus the number of handles plus the number
of holes.) The negative values of E{¢(A,)} for u near zero are due to the fact that
Ay, at those levels, is composed mainly of a number of interconnected, tubular-like
regions, i.e., of handles.

An example'* is given in Figure 11.7.4 that shows an impression of typical ex-
cursion sets of a function on I3 above high, medium, and low levels.

&

.!F _‘?\ \/ 

(dce e
SL) ey

S
/ - ,Z\l 4 \\t g /
( \ g

Fig. 11.7.4. Three-dimensional excursion sets above high, medium, and low levels. For obvious
reasons, astrophysicists refer to these three cases (from left to right) as “meatball,” “sponge,”
and “bubble’ topologies.

We have one more—extremely important—observation to make before we turn
to the proof of Theorem 11.7.2. Recall (6.3.5), which gave that the intrinsic volumes,
or Lipschitz—Killing curvatures, of [0, ]V were given by ( )T/ With this in mind,

simplifying to the case 02 = A = 1, (11.7.12) can be written far more tidily as

N
Elo (Au(f. T)} = Zﬁk(T)Pk(”)a (11.7.15)
k=0

where R

o) = Q)" D2 H e T, k>0,

since H_ (1) = v/27W (u)e*’/? (cf. (11.6.10)).

In fact, the above holds also when T is an N-dimensional, piecewise smooth
manifold, and f has constant variance (i.e., there are no assumptions of isotropy,
or even stationarity). The Lipschitz—Killing curvatures, however, will be somewhat
more complex, depending on a Riemannian metric related to f. This will be the
content of Sections 12.2 and 12.4 of the next chapter. Now, however, we (finally)
turn to the following proof.

Proof of Theorem 11.7.2. We start by recalling that each k-dimensional face J € J
is determined by a subset o (J) of {1, ..., N}, of size k, and a sequence of N — k
zeros and ones, which we write as e(J) = {g;, j ¢ o(J)}, so that

14 Taken, with permission, from Keith Worsley’s entertaining and illuminating Chance article
[175].
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J={reRN =Ty ifj g0, 0=y <Tj, if jea(D],

Corresponding to each sequence ¢(J) we define a set £*(J) of +1s, according to the

ruleejf =2¢; — 1.

Now recall’® from Section 9.4 (cf. (9.4.1)—(9.4.5)) that the Euler characteristic of
A, is given by

N k
QAL T) =D Y (=D Y i), (11.7.16)
k=0 i=0 JeTk

where, fori < dim(J), u;(J) is the number of ¢ € J for which

fo =u, (11.7.17)
fi)=0, jeolJ), (11.7.18)
eifit) =0, j¢o), (11.7.19)
1(t) 2 Index(frun () mneo sy =k — i, (11.7.20)

where, as usual, the index of a matrix is the number of its negative eigenvalues.

Our first and main step will hinge on stationarity, which we exploit to replace
the expectation of the sum over J € J; in (11.7.16) by something simpler.'® Fix a
particular J € Or—i.e., a face containing the origin—and let P(J) denote all faces
in Ji (including J itself) that are affine translates of (i.e., parallel to) J. There are
2N =k faces in each such P(J). We can then rewrite the right-hand side of (11.7.16) as

N &k

DY DT wm). (11.7.21)

k=0 i=0 JeOy J'ePWJ)

Consider the expectation of the innermost sum. By Theorem 11.2.1 (cf. (11.2.4)) we
can rewrite this as

oy

(E{l det V2 fir O y=k—iy le, IV fir () = O}pvy,, (0) dt,
rePn !

where £ (t) denotes the event that (11.7.17) and (11.7.19) hold.

Further simplification requires one more item of notation. For J € O, let P¢(J)
denote the collections of all sequences {¢;, j ¢ o(J)} of £1’s. The elements of
P€(J) can be identified with the sequences ¢*(J') with J' € P(J).

15 “Recall” includes extending the results there from cubes to rectangles and changing the
order of summation, but both these steps are trivial.
16 Our approach here is not unlike the first-principles geometry used to prove that

£;(10.71V) = <1]V>T/
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With this notation, and calling on stationarity, we can replace the last expression by
> [ BV @1 o VS0 = 01w, O,
exePe() Y

where &+ () denotes the event that (11.7.17) and (11.7.19) hold for &*.
Now note the trivial fact that for any J,

| fte5f5@) = 0forall j ¢ o(J))
exePe(J)

is the sure event, i.e., has probability one. Applying this to the last sum, we see that
it simplifies considerably to

/;]E{‘det Vzﬁ](t)‘ ﬂ{[([)=k*l}ﬂ{f(t)2u} Vﬁ](l) = O} pvfu(O) dt

Going back to Theorem 11.2.1, we have that this is no more that the expected number
of points in J for which

() > u, V@) =0,  Index(V2f)=k—i.

If we call the number of points satisfying these conditions ) _,(J), then putting
all of the above together and substituting into (11.7.16) we see that we need the

expectation of
k

N
DD EDEY D g .

k=0 JeO i=0

Lemma 11.7.1 gives us a precise expression for the expectation of the innermost
sum, at least for k > 1, namely,

(=DF|I|IA 12 U\ 2202
Qm) & D2k Tk (‘)e '

It is left to you to check that for the case k = 0 (i.e., when J; contains the 2N
vertices of T'), the remaining term is given by W(u/o). Putting all this together
immediately gives (11.7.11), and so the proof is complete. O

11.8 Mean Intrinsic Volumes

So far, this entire chapter has concentrated on finding the mean value of the Euler
characteristic of Gaussian excursion sets. However, the Euler characteristic is only
one of N + 1 intrinsic volumes, and it would be useful to know how the remaining
N behave. We shall prove, in the setting of manifolds, in Chapter 13, that
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N—j .
E{L;(Au(f. T} = [’ l“] 1) L1 (T), (11.8.1)

=0

where [Z] is the flag coefficient defined by (6.3.12).

As noted above, the proof appears only after we have moved to the manifold
setting. Nevertheless, the proof of (11.8.1) in the case of an isotropic field over an
N-dimensional rectangle requires none of the manifold material, and so, if you wish,
you can read it now in Section 13.2.

11.9 On the Importance of Stationarity

Before leaving the setting of random fields defined over N-dimensional rectangles,
it is worthwhile, once again, to recall how crucial stationarity was for our ability to
carry out the precise computations that led to Theorem 11.7.2.

In fact, stationarity appeared twice. We first used some consequences of station-
arity (although not its full force) in making the crucial transformation to the process
f€ (cf. (11.7.7)) in the proof of Lemma 11.7.1, which is where the really detailed
Gaussian calculations were made. The second time, we exploited the full power of
stationarity in the proof of Theorem 11.7.2 for handling the expectation of the awk-
ward summation of (11.7.16). At this stage, our argument also relied rather heavily
on the assumption that our parameter space was a rectangle.

It should be reasonably clear that handling nonstationary fields and/or nonrectan-
gular domains is going to require new tools. The tools for nonrectangular domains
are, not surprisingly, those that will arise in the following chapter, where we turn to
the setting of (Riemannian) manifolds. What is a perhaps more than a little surprising,
however, are that these will be precisely the tools needed for handling nonstationary
fields as well.
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Random Fields on Manifolds

In essence, this chapter will repeat, for random fields on manifolds, what we have
already achieved in the Euclidean setting.

As there, our first step will be to set up a “metatheorem” for computing the mean
number of points at which a random field takes a certain value under specific side
conditions. This turns out to be rather easy to do, involving little more than taking the
Euclidean result and applying it, chart by chart, to the manifold. This is the content
of the first section.

Actually computing the resulting expression for special cases—such as finding the
mean Euler characteristic of excursion sets over Whitney stratified manifolds—turns
out to be somewhat more complicated. We start the computation in Section 12.2,
where, for the second time,! we shall begin to see why we need our heavy investment
in the Riemannian geometry of Chapter 7. The main contribution of this section will
be to take the parameter space on which our Gaussian process is defined, endow it
with a Riemmanian metric induced by the process, and study this metric a little.

Section 12.3 is devoted to some general Gaussian computations, including the
moment formulas for random Gaussian forms that we used when looking at volume-
of-tube formulas. The real work is done in Section 12.4, which puts all the preceding
material together to devlop mean Euler characteristic formulas.

The strength of the general approach is shown by the examples of Section 12.5,
and, as we have already mentioned, we indulge ourselves somewhat with a fun proof
of the Chern—Gauss—Bonnet theorem in Section 12.6.

12.1 The Metatheorem on Manifolds

To formulate the metatheorem for manifolds, we need one small piece of notation.

I The first was in the volume-of-tubes approximation of Chapter 10, which was something of
an aside. Itis in the current chapter that we shall see the real need for Riemannian geometry
in a general setting, and not just geometry of RY or S(RY) with the usual Euclidean metrics.
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Let (M, g) be an N-dimensional Riemannian manifold, and let f : M — RN
be C!. Fix an orthonormal frame field E. Then V fz denotes the vector field whose
coordinates are given by

(Vfe)i = Ve 2 (V(E) = E f. (12.1.1)

where V is the gradient operator defined in (7.3.2). If f = (f L. - f N takes values
in RV, then V fr denotes the N x N matrix with elements V f é i

Theorem 12.1.1. Let M be a compact, oriented, N-dimensional C 1 manifold with
a C' Riemannian metric g. Let f = (f',....fN) : M — RN and h =
(h',...,h%)y : M — RX be random fields on M. For an open set B C RX for
which 3 B has dimension K — 1 and a point u € RV, let

N, = N,(M)=N,(f,h; M, B)
denote the number of points t € M for which
f(@)=u and h() € B.

Assume that the following conditions are satisfied for some orthonormal frame field E :

(a) All components of f, V fr, and h are a.s. continuous and have finite variances
(over M).

(b) Forallt € M, the marginal densities p;(x) of f(t) (implicitly assumed to exist)
are continuous at x = u.

(c) The conditional densities p;(x|V fE(), h(t)) of f(t) given h(t) and (V fg)(t)
(implicitly assumed to exist) are bounded above and continuous at x = u, uni-
formlyint € M.

(d) The conditional densities p;(z| f(t) = x) ofdet(Vféj (t)) given f(t) = x are
continuous for z and x in neighborhoods of 0 and u, respectively, uniformly in
teM.

(e) The conditional densities p;(z| f(t) = x) of h(t) given f(t) = x are continuous
for all z and for x in a neighborhood u, uniformly int € M.

(f) The following moment condition holds:

. N
sup max E{’Vfgl.(r)’ }<oo. (12.12)
teM 150, j<N

(8) The moduli of continuity with respect to the (canonical) metric induced by g (cf.

(7.3.1)) of each component of h, each component of f, and each V f éi all satisfy,
forany e > 0,

Plw) > ¢} = o (nN) asn 4 0. (12.1.3)

Then
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E{N,} = / E {Idet (v Fe)l lB(h)‘f = u} p(u) Volg, (12.1.4)
M

where p is the density* of f and Vol the volume element on M induced by the
metric g.

Before turning to the proof of the theorem, there are a few points worth noting. The
first is that the conditions of the theorem do not depend on the choice of orthonormal
frame field. Indeed, as soon as they hold for one such choice, not only will they hold
for all orthonormal frame fields but also for any bounded vector field X. In the latter
case the notation will change slightly, and V f’ é ; needs to be replaced by (X f ;.

Once this is noted, you should note that the only place that the metric g appears in
the conditions is in the definition of the neighborhoods B (¢, &) in the final condition.
A quick check of the proof to come will show that any neighborhood system will
in fact suffice. Thus the metric does not really play a role in the conditions beyond
convenience.

Furthermore, the definition of the random variable N, is totally unrelated to the
metric. From this it follows that the same must be true of its expectation. Conse-
quently, although we require a metric to be able to define the integration in (12.1.4),
the final expression must actually yield a result that is independent of the choice of
g and so be a function only of the “physical” manifold and the distribution of f.
However, choosing an appropriate g can greatly simplify the calculation.

Proof. Since M is compact it has a finite atlas. Let (U, ¢) be one of its charts and
consider the random fields f : ¢(U) ¢ RN — RV and & : ¢(U) c R¥Y — RX
defined by

A -1

féfog()*l, h hog

It is immediate from the definition of N,, that
Nu(f,h; U, B) = Nu(f, h; 9(U), B),

and so the expectations of both of these random variables are also identical.

Recall the comments made prior to the proof: All conditions in the theorem that
involve the orthonormal frame field E also hold for any other bounded vector field on
U C M. In particular, they hold for the natural coordinate vector field {0/9x;}1<i<n
determined by ¢.

2of course, what is implicit here is that for each t € M, we should really write p as p;, since
it is the density of f;. There are also a number of additional places in (12.1.4) where we
could append a ¢, but since it has been our habit to drop the subscript when working in the
setting of manifolds, we leave it out here as well.
Note that it is implicitly assumed that the integrand in (12.1.4) is a well-defined N-
form on M, or, equivalently, that the expectation term is a well-defined Radon—Nikodym
derivative. That this is the case will follow from the proof.
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Comparing conditions (a)-(g) of the current theorem with those in Theo-
rem 11.2.1, it is clear that f and h satisfy3 the conditions of Theorem 11.2.1. Conse-
quently,

BN, (s U.8) = [ B {ldecv Fw] LyGhoon| Fn = u] ety d.

o)

where . is the density of f(x).

All that remains is to show that this is equivalent to (12.1.4) with the domain of
integration restricted to U, and that we can replace U by M throughout. Consider
the right-hand side above, and rewrite it in terms of an integral over U. To this end,

note that
_. 9 .
(ij(x)):(Tf]) :
: Yo Ji=p7l )

where 9/dx; is the push-forward under ¢! of the natural basis on ¢(U). Together

with the definition of integration of differential forms in Section 7.4 this gives us that

E{N,(f, h; U, B)}
= / E ”det (a/ax,-ff) ’ ]lB(h(t))’f(t) = u} DXL A -+ A Dxn.
U t
The next step involves moving from the natural basis on U to the basis given by
the orthonormal frame field E. Doing so generates two multiplicative factors, which
fortunately cancel. The first comes from the move from the form dx; A --- A dxy
to the volume form Volg, and generates a factor of (det(g; j))_l/ 2 where gij(t) =

8:1(3/dx;,0/0x;) (cf. (7.4.9)).
The second factor comes from noting that

0 bl ; 12 ;
Ay B E = 20 ¢
ax,-f Ek g(axi k) kf Ek 8ir Exf

where gl/2 = (g(E,-, 8x,~))1§i’j§N is a square root of the matrix g = (gij)1<i, j<N-
Consequently,

det (8/8x,-fj)t - \/mciet (V fr).

Putting the pieces together gives us

3 The only condition that needs any checking is (11.2.2) on the moduli of continuity. It is
here that the requirement that g be ¢! over M comes into play. The details are left to you.
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E{N,(U)} = / E {|det v fe)l lB(h)‘f = u} p(u) Volg, (12.1.5)
U

for each chart (U, ¢).

To finish the proof, note that for each chart (U, ¢) the conditions of the theorem
imply that there are only a finite number of points in ¢(U) at which f = u (cf. foot-
note 8 in Chapter 11) and that there are no points of this kind on d¢(U) (cf. Lem-
ma 11.2.12).

Consequently, the same is true of f over U. In particular, this means that we can
refine a given atlas so that each point for which f = u appears in only one chart and
no chart contains more than one point of this kind. If this is the case, the integrals in
(12.1.5) are either zero or one, and so it is trivial to combine them to obtain a single
integral over M and so the theorem. O

As usual, we have the following corollary for the Gaussian case.

Corollary 12.1.2. Let (M, g) be a Riemannian manifold satisfying the conditions of
Theorem 12.1.1. Let f and h be centered Gaussian fields over M. Then if f, h, and
V fE are a.s. continuous over M, and if for each t € M, the joint distributions of
(f(@®), V fe(t), h(t)) are nondegenerate, then (12.1.4) holds.

Ultimately, we shall apply the above corollary to obtain, among other things,
an expression for the expected Euler characteristic of Gaussian excursion sets over
manifolds. Firstly, however, we need to set up some machinery.

12.2 Riemannian Structure Induced by Gaussian Fields

Up until now, all our work with Riemannian manifolds has involved a general
Riemannian metric g. Using this, back in Section 7.5 we developed a number of
concepts, starting with connections and leading up to curvature tensors and shape
operators, in corresponding generality.

For our purposes, however, it will turn out that for each random field f on a
piecewise C2 manifold M, there is only one Riemannian metric that we shall need.
It is induced by the random field f, which we shall assume has zero mean and, with
probability 1, is C? over M. It is defined by

g (X1, Y) 2E((X, f) - (Y, ), (12.2.1)

where X;, Y; € T; M, the tangent manifold to M at ¢.
Since the notation of (12.2.1) is rather heavy, we shall in what follows generally
drop the dependence on ¢. Thus (12.2.1) becomes

(X, Y) = E{XfYF). (12.2.2)
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We shall call g the metric induced by the random field* f. The fact that this
definition actually gives a Riemannian metric follows immediately from the positive
semidefiniteness of covariance functions.

Note that at this stage, there is nothing in the definition of the induced metric
that relies on f being Gaussian.’ The definition holds for any C? random field.
Furthermore, there are no demands related to stationarity, isotropy, etc.

One way to develop some intuition for this metric is via the geodesic metric t
that it induces on M. Since 7 is given by

(s, 1) = inf / Vg, () dt (12.2.3)
[0,1]

ceD'([0,11; M) s.1)

(cf. (7.3.1)), it follows that the geodesic between two points on M is the curve along
which the expected variance of the derivative of f is minimized.

It is obvious that g is closely related to the covariance function C (s, ) = E(f; f;)
of f. In particular, it follows from (12.2.1) that

8 (X1, Y1) = X X, C (s, 1) |s=s- (12.2.4)

Consequently, it is also obvious that the tools of Riemannian manifolds—
connections, curvatures, etc.—can be expressed in terms of covariances. In par-
ticular, in the Gaussian case, to which we shall soon restrict ourselves, all of these
tools also have interpretations in terms of conditional means and variances. Since
these interpretations will play a crucial role in the extension of the results of Sec-
tions 11.6 and 11.7 to Gaussian fields over manifolds, we shall now spend some time
developing them.

12.2.1 Connections and Curvatures

Our first step is to describe the Levi-Civitd connection V determined by the induced
metric g. Recall from Chapter 6 that the connection is uniquely determined by
Koszul’s formula,

28(VxY,Z) = Xg(Y,Z)+ Yg(X, Z) — Zg(X,Y) (12.2.5)
+e(Z, [X, YD +gY,[Z, X]) +¢g(X,[Z,Y]),

4 A note for the theoretician: Recall that a Gaussian process has associated with it a natural
L2 space, which we denoted by H in Section 3.1. The inner product between two random
variables in ‘H is given by their covariance. There is also a natural geometric structure on H,
perhaps seen most clearly through orthogonal expansions of the form (3.1.7). In our current
scenario, in which f is indexed by a manifold M, it is easy to see that the Riemannian
structure induced on M by f (i.e., via the associated metric (12.2.2)) is no more than the
pullback of the natural structure on H.

5 Oreven on f being C2. The induced metric is well defined for f, which is merely cl.
However, it is not possible to go much further—e.g., to a treatment of curvature—without
more derivatives.
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where X, Y, Z are C! vector fields (cf. (7.3.12)).
Since g(X,Y) = E{Xf - Yf}, it follows that

Zg(X,Y) = ZE{Xf - Y[} =R{ZXf-Yf+ X[ -ZYf}
=g(ZX,Y)+g(X, ZY).
Substituting this into (12.2.5) yields

g(VxY., Z) = E{(VxY)(Z[)} = EX(XY ) (Z[)}, (12.2.6)

and so we have a characterization of the connection in terms of covariances. We shall
see how to exploit this important relationship to obtain more explicit representations
of V when we turn to specific examples in a moment.

We now turn to the curvature tensor R of (7.5.2), given by

R(X,Y,Z,W)=g(VxVyZ — VyVxZ — Vix y1Z, W).

In order also to write R in terms of covariances, we recall (cf. (7.3.22) the covariant
Hessian of a C? function f:

V2f(X,Y)=XYf — VxYf. (12.2.7)

It follows from the fact that V is torsion-free (cf. (7.3.10)) that V2 f(X,Y) =
sz(Y, X), and so VZisa symmetric form.

With this definition, we now prove the following useful result, which relates the
curvature tensor R to covariances® and is crucial for later computations.

Lemma 12.2.1. If f is a zero-mean, C* random field on a C3 Riemannian manifold
equipped with the metric induced by f, then the curvature tensor R on M is given by

5 \2
2R = E{(V f) } (12.2.8)
where the square of the Hessian is to be understood in terms of the dot product of
tensors developed at (7.2.4).

Proof. Note that for C! vector fields it follows from the definition’ (12.2.7) that

2
(V2f) (.1, 2wy
=2[V2F (X, VA (Y, W) = V2 F(X, WIVE £ (Y, 2)]
=2[(XZf = VxZf)YXW[f = VyWf)
—(XWf -VxWHXYZf - VyZf)].
6 Keep in mind, however, that while (12.2.8) looks as if it has only geometry on the left-hand
side and covariances on the right, the truth is a little more complicated, since v2 involves

the connection, which depends on the metric, which depends on covariances.
7 Alternatively, apply (7.2.5), treating VvZasa (1, 1) rather than (2, 0) tensor.
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Take expectations of this expression and exploit (12.2.6) to check (after a little alge-
bra) that

2
E {(sz) (X, Y), (Z, W))} = 2E[XZf - YW[] — g(VxZ, Vy W)
—EIXWf-YZf]—g(VxW, VyZ)).
Now apply (7.3.11) along with (12.2.6) to see that the last expression is equal to

2(XE[Zf - YWf]—E[Zf - XYWf] — g(VxZ, Vy W)
— YE[XWf - Zf] + EIZf - YXWf] + g(Vx W, Vy Z))
=2(Xg(Z,VyW) — g(VxZ,Vy W) — ¢(Z, Vix y}W)
—Yg(VxW, Z) — g(VxW, VyZ))
=2(8(Z, VxVyW) — g(VyVx W, Z) — g(Z, Vix,11W))
=2R((X,Y), (W, 2))
= —2R((X,Y),(Z, W)),

the first equality following from the definition of the Lie bracket, the second from
(7.3.11), the third from the definition of the curvature tensor R, and the last is trivial.
This establishes® (12.2.8), which is what we were after. O

12.2.2 Some Covariances

Many of the Euclidean computations of Section 11.7 were made possible as a result
of convenient independence relationships between f and its first- and second-order
derivatives. The independence of f and V f followed from the fact that f had
constant variance, while that of V f and the matrix V2 f followed from stationarity.
Computations were further simplified by a global transformation (cf. (11.7.7)) that
transformed f to being isotropic.

While we shall continue to assume that f has constant variance, we no longer
can assume stationarity nor find easy transformations to isotropy. However, we have
invested considerable effort in setting up the geometry of our parameter space with
the metric induced by f, and now we are about to start profiting from this. We start
with some general computations, which require no specific assumptions.

We start with the variance function

GtzzE{ftz}.

81t you are a stickler for detail, you may have noticed that since our assumptions require
only that f be C2, it is not at all clear that the terms XY W £ and Y X W f appearing in the
derivation make sense. However, their difference, [X, Y]Wf, is well defined, and that is
all we have really used.
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Assuming, as usual, that f € CZ(M), we also have that 02 € Cz(M), in which case
there are no problems in changing the order of differentiation and expectation to see
that, for C! vector fields X and Y,

X02=XIE[f2] —2E{f - Xf}. (12.2.9)

Note that an important consequence of this is that if o2 is constant, so that Xo2 = 0
for all X, then f(¢) and X f(¢) are independent for all 7.
Continuing in this vein, but for general o2, we have

XYo? =2E(XYf - fY+E{Xf-YfD
and
XYo? —VxYo? =2E{XYSf - fY+E{Xf -Yf}—=E{VxYf-f}.

Rearranging the last line yields
2 1 22
E{V F(X, Y).f] = —E(Xf - Yf} + 5V’ (X.Y) (12.2.10)
1 2.2
= —g(X. V) + V2o (X. 7).

Now note that Xf and V2 f(Y, Z) are uncorrelated (and so independent in our
Gaussian scenario), since

E{Xf-sz(Y, Z)} —E{Xf-(YZf — VyZf)} =0 (12.2.11)

by (12.2.6). You should note that this result requires no assumptions whatsoever. It is

animmediate consequence of the geometry that f induces on M via the induced metric

and the fact that the covariant Hessian V? incorporates this metric in its definition.
Putting all the above together gives that

E{szt

= ol =2y L ovs2
f[ =X, Vfl = U} = —Ot2[+ ZGtZV o;,
where [ is the identity double form determined by g, defined in (7.2.10).

Assume now that f has constant variance, which we take to be 1. Then Xo? = 0,
and the last equality simplifies to give

E{sz,

Vi =v f= x} = —xI. (12.2.12)

The conditional variance of V2 f is also easy to compute, since combining (12.2.8)
and (12.2.10) gives what is perhaps the most crucial equality for the detailed compu-
tations that we shall carry out in Section 12.4:

]E{(VZf—E{(vzf) |Vf=v,f:x})2‘Vf=v,f=x} — —QR+1?).
(12.2.13)
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The above correlations change somewhat if instead of concentrating on the co-
variant Hessian V2 f, we look at simple second derivatives. For example, it follows
from (12.2.11) that

E(XYf - Zf} =E{VxYf - Zf} = g(VxY, Z). (12.2.14)

Continuing to assume that f has unit variance, let E be an orthonormal frame
field for the induced metric g. It then immediately follows from the above and the
fact that g(E;, E;) = §;; that

E{ny, Ekf,zvk,kzl,...,N,f,zx} (12.2.15)
N
=—xI+ Y ug(VxY, E)
k=1

=—xI+g(VxY,v).

Now might be a good time to take some time off to look at a few examples.

12.2.3 Gaussian Fields on RY

An extremely important example, which can be treated in detail without too much
pain, is given by the differential structure induced on a compact domain M in RY
by a zero-mean, C? Gaussian field. For the moment we shall assume that M has a
C? boundary, although at the end of the discussion we shall also treat the piecewise
C? case.

We shall show how to explicitly compute both the curvature tensor R and the
shape operator S in terms of the covariance function C, as well as traces of their
powers. We shall also discuss the volume form Vol,.

We shall not, in general, assume that f is either stationary or isotropic. In fact,
one of the strengths of the manifold approach is that it handles the nonstationary case
almost as easily as the stationary one.

The basis for our computations is Section 7.7, where we saw how to compute
what we need after starting with a convenient basis. Not surprisingly, we start with
{Ei}1<i<n, the standard coordinate vector fields on RN . This also gives the natural
basis in the global chart (RN , 1), where i is the inclusion map. We give RY the metric
g induced by f.

From Section 7.7 we know that, as far as the curvature operator is concerned,
everything depends on two sets of functions, the covariances

32C(r, s)
8ij(t) =g(E, Etj) = ———— (12.2.16)
or;or; .0
and the Christoffel symbols of the first kind,
3
A 0°C(r,s)
Liix =8(VE,Ej, E}) = ————| (12.2.17)
or;0r;josg .0
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where the last equality is a trivial consequence of (12.2.6) and (5.5.5).

All other terms appearing in Section 7.7 are derivable from these two either via
simple algebraic operations or by taking inverses and square roots of matrices. In
other words, there is nothing that cannot be computed directly from the first three
derivatives of the covariance function. Of course, for each example, considerable
perseverence or, even better, computer algebra might come in handy to actually carry
out the computations.

Nevertheless, there is one rather important case in which the expressions sim-
plify considerably. If f is stationary, then the g;;(#) are actually independent of 7.
Consequently, it follows from (5.5.5) and the symmetry of the spectral measure that

Fijrk =0 foralli, j, k, (12.2.18)

and so the curvature tensor, its powers, and their traces are identically zero. As a
consequence, most of the complicated formulas of Section 7.7 simply disappear. The
isotropic situation is, of course, simpler still, since then

8ij (1) = A2dij, (12.2.19)

where A, is the variance of any first-order directional derivative of f (cf. (5.7.3)).

The computation of the shape operator S also follows from the considerations of
Section 7.7. For a specific example, assume that d M is a C> manifold of codimension
1 in M. Thus the normal space to dM in M consists of a one-dimensional vector
field, which we take to be generated by an inward-pointing unit normal vector field
vondM.

As we saw in Section 7.7, the natural choice of basis in this setting is an orthonor-
mal frame field E* = {E}1<;j<n chosen so that on M, E}, = v. In this case, we
only need to know how to compute the 1";‘1. n of (7.7.13). While this is not always
easy, if f is stationary and isotropic, then as for the curvature tensor things do sim-
plify somewhat. In particular, if it is possible to explicitly determine functions a;;
such that

N
E}, = Zaik(I)Ekz,
k=1
then, as in footnote 33 of Chapter 6, we have that

N
. 9
Ty =1 le:“I ajk(t)a(am(t)a,’l(t)), (12.2.20)

so that the summation has dropped one dimension. Far more significant, however,
are the facts that the information about the Riemannian structure of (M, g) is now
summarized in the single parameter A, and that this information has been isolated
from the “physical” structure of d M inherent in the functions a;.

In fact, this can also be seen directly from the definition of the shape operator.
From (12.2.19) it is also easy to check that for any vectors X, Y,
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g§(X,Y) =2(X,Y),

where the right-hand side denotes the Euclidean inner product of X and Y. Conse-
quently, writing S¢ for the shape operator under the induced Gaussian metric and S*
for the standard Euclidean one, we have

S8(X,Y) =1SE(X, ), (12.2.21)

a result that will be useful for us later.

There is another scenario in which significant simplification occurs. Suppose that
A C 0M is locally flat, in the sense that A is a subset of an (N — 1)-dimensional
hyperplane. In that case the aj;(¢) are constant over A, and so it follows from
(12.2.20) that FjiN(t) =0forallt € A.

The last issue that we need to look at for this class of examples is that of the form
of the volume element Vol, corresponding to the metric induced by the Gaussian
field. Since our parameter space is a compact domain M C R, we can take an atlas
consisting of the single chart (M, i), where i is the identity mapping on RY. This
being the case, it is immediate from (7.4.9) that for any A C RY,

/Volg =[ |det A,|'/? dt, (12.2.22)
A A

where A; is the matrix with entries

of of | _ 9*C(r.s)
ot; 3tj - 3}’,‘8Sj

M(i, j) =E { :
(rs)=(1.1)

If f is stationary, then A; is independent of ¢ and is simply the matrix of second-
order spectral moments that we met at (11.7.1) and (11.7.2).
If f is also isotropic, then A; = A1, where [ is the identity matrix.

12.3 Another Gaussian Computation

At the core of the calculation of the expected Euler characteristic in the Euclidean
case were the results of Lemma 11.6.2 and Corollary 11.6.3 about mean values of
determinants of Gaussian matrices. In the manifold case we shall need a somewhat
more general result.

To start, recall the discussion following (7.2.6). If we view an N x N matrix A
as representing a linear mapping T from R to RY, with Ajj = (ej, Taej), then A
can also be represented as a double form y5 € AL1(RY), and from the discussion in
Section 7.1,

1
det & = < Tr ((yA)N) . (12.3.1)

Thus it should not be surprising that we now turn our attention to the expectations
of traces of random double forms, for which we need a little notation.
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Let V be a vector space and u € A1(V) a double form on V. Let Cov :
(V®V)x(V®V) — Rbe bilinear, symmetric, and nonnegative definite. We think
of u as a mean function and Cov as a covariance function, and call W a random,
Gaussian 2-form on V ® V with mean function u and covariance function Cov if for
all finite collections of pairs (v;,, v;,) € V ® V, the W (v;,, v;,) have a joint Gaussian
distribution with means

E {W(vil s Uiz)} = M(vi] s viz)
and covariances
E {(W(vil’ vip) — (Vi viz)) : (W(vjl’ vjp) — (v, vjz))}
= Cov ((Uil’ Viy)s (Vs vjz)) :

Lemma 12.3.1. With the notation and conditions described above, and understanding
all powers and products of double forms as being with respect to the double wedge
product of (7.2.4),

[ STk

5] X!
IEJ{W"} S . e 123.2
Lk —2jnnit (12.3.2)
j=0
in the sense that for all vy, ..., v, v}, ..., v €V,

E{Wk((vl,...,vk), (v}, v,’())}

L2]

(STt

k!

*—2j)1j20 (M"_chj) (Wi, v, (], ),

Jj=0
where C € A*2(V) is defined by

C((v1, v2), (v}, v3))
=K [(W — E{W})z((vl, U2)7 (v/lv Ué))]
=2 (Cov((v1, v}), (2, v3)) = Cov((v1, v3), (2, v}))).

Proof. Since it is easy to check that the standard binomial expansion works also for
dot products, the general form of (12.3.2) will follow from the special case u = 0,
once we show that for this case,

E | wk o k odd, 12.3.3
W=1epe, «=a; (1239

Thus, assume now that u = 0. The case of odd & in (12.3.3) follows immediately
from (11.6.1), and so we have only the even case to consider.
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Recalling the definition (7.2.4) of the dot product of double forms, we have that

2j
w2 (1, ... v2)), (V] .., véj)) = Z Ex€o 1_[ W (Ur(k)s Vg 1))
7,0€82)) k=1

where, as usual, S(2j) is the symmetric group of permutations of 2 letters and &,
is the sign of the permutation o. It then follows immediately from (11.6.2) that the
expectation on the right-hand side is given by

@))! !
T Z Enéo 1—[ E {W(Un(Zk—l)» vé(gk_l))w(vn(Zk)» U:T(gk))} >
7,0€S(2)) k=1

where the combinatorial factor comes from the different ways of grouping the vectors
(Y k) v(’r(k)), 1 <k <2j, into ordered pairs.’
The last expression can be rewritten as

2))! !
sz Z Enéo 1_[ E {W(Un(Zk—l), Ué(zkfl))W(Uan), U;(zk))
J: w,0eS(2j) k=1
- W(Uﬁ(zk)v v(/;-(zk_l))W(UJT(Zk—l)s U;(zk))}
2))! !
=57 Z ExEq 1_[ C((Vrk=1)> Vr(20)) (vf,(zk_l), U;(zk)))
P2 sese k=1
@nt / /
= 12 C]((UI,--~,02j),(U1,-~~»U2j)),
which completes the proof. O

The following corollary is immediate from Lemma 12.3.1 and the definition
(7.2.6) of the trace operator.

Corollary 12.3.2. With the notation and conditions of Lemma 12.3.1,

k
E!Tr(Wk } XZ: = 2})' 5 Tr (M"—chf). (12.3.4)

9 In comparing this with (11.6.2), note that there we had an extra summation over the groupings
into unordered pairs rather than a simple multiplicative factor. We already have each possible
grouping due to the summation over w and o in §(2j), and since we are keeping pairs ordered
we also lose the factor of 27/ there.
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12.4 The Mean Euler Characteristic

We now have everything we need to undertake the task of developing an explicit
formula for E{¢p (A, (f, M)) for a smooth, Gaussian random field f over a manifold
M. We shall treat the cases in which M does and does not have a boundary separately,
even though the first scenario is a special case of the second. Nevertheless, it is best
to see the calculations, for the first time, in the simpler scenario. When we get
around to adding in all the structure of piecewise smooth manifolds, the notation will
become somewhat heavier, although the main result, Theorem 12.4.2, will not look
very different from the nonboundary case of Theorem 12.4.1.

12.4.1 Manifolds without Boundary

Throughout this section, we shall assume that M isa C 2 submanifold of a C3 manifold.
Here is the main result:

Theorem 12.4.1. Let f be a centered, unit-variance Gaussian field on an N-
dimensional, C* manifold M, and satisfying the conditions of Corollary 11.3.5. Then

N
E{p (A} = Zﬁj(M)pj(u), (12.4.1)
Jj=0

where the p; are given by

. W2
pjw)=Qr)"UD2H, e T, j=0, (12.4.2)

H; is the jth Hermite polynomial, given by (11.6.9) and (11.6.10), and the L j (M) are
the Lipschitz—Killing curvatures (7.6.1) of M, calculated with respect to the metric
(12.2.2) induced by f, i.e.,

/2 ; . ..
- 2”) U;l),l) Jy TIM (RN=DIZ) Vol,  if N — j is even,

L;(M,U) =
! if N — j is odd.

(12.4.3)

Proof. The first consequence of the assumptions on f is that the sample functions of
f are almost surely Morse functions over M. Thus Corollary 9.3.5 gives us that

p(Ady = Y (=Dm®
{(teM:V f,=0}
N
= Z(—l)k#{t eM: f, >u,Vf, =0,index(—V?f;) = k).
k=0

To compute the expectation here first choose an orthonormal frame field £ =
(Eq, ..., Ey) for M and apply Theorem 12.1.1 N + 1 times. If we write the f



316 12 Random Fields on Manifolds

there as f*, then we set f* = V fg and h to be (f, —(E; E;) f), where, to save on
subscripts, we shall write (E; E; f) to denote the matrix (E; E; f); j=1,..N-

We read off the components of (E;E; f) (and later of v? fE) in lexicographic
order to get a vector. To avoid confusion, we write everything out once more in full:

Vfek=Erf, (EiEj [ = ExE f, V2 fe = V2 f(Ex, ED).

Finally, for the kth application of Theorem 12.1.1, we set

B = (u,00) x Ax 2 (u,00) x {H : index(—H) = k} C R x Symy, y.

where Sym, ,  is the space of symmetric N x N matrices. Then the second conse-
quence of our assumptions on f is that Theorem 12.1.1 is applicable in this setting.
Applying it gives

N
E{p(A,)} = —D'E{| det(E; E;
{p(A))} é/M( )'E{| det(E E; f)] (12.4.4)

% 14, (V2 f5) Ly 0 (P)IV f = 0} py £ (0) Vol

Recall now that V2 f(E;, E;) = E;E;f — Vg, E; f. However, conditioning on
V fr = 0 gives sz(Ei, E;) = E;E; f, so that we can replace (E;E; f) by szE
in the last equation above to obtain

N
ZfM(—l)k]Eﬂ det V2 £l 14, (V2 FE) L0y ()Y f = 0} pv £ (0) Vol .
k=0

If we now interchange summation and integration and bracket the factor of (—1)¥
together with | det V2 fz|, then we can drop the absolute value sign on the latter, al-
though there is a remaining factor of —1. This allows us to exchange expectation with
summation, and the factor of 14, (V2 fE) and the sum over k disappear completely.

Now recall that f has constant variance and note that since E is an orthonormal
frame field (with respect to the induced metric g), the componentsof V fr atanyt € M
are all independent standard Gaussians. Furthermore, as we saw in Section 12.2.2, the
constant variance of f implies that they are also independent of f(¢). Consequently,
the joint probability density of (f, V fr) at the point (x, 0) is simply

e—x2 /2

(zn)(N+1)/2'

Thus not only is it known, but it is constant over M.
Noting all this, conditioning on f and integrating out the conditioning allows us
to rewrite the above in the much simpler format

E(p(A,)) = 2m) VD2 / 2 gy
! (12.4.5)
X / E{det(—vsz)|VfE = O, f = x} Volg .

M
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Recalling the definition of the trace (cf. (12.3.1)), the innermost integrand can be
written as

1
ﬁE{Tr((—sz)N”VfE =0, f=x}.

Since V2 f is a Gaussian double form, we can use Corollary 12.3.2 to compute the
above expectation, once we recall (12.2.12) and (12.2.13) to give us the conditional
mean and covariance of V2 f. These give

-V
BT M2HNIV fE =0, f =x}
L) -
—1)J . .
= # TM (x N2 (17 + 2R)7)
(N =212/
j=0
N
1)/ :
:ZZ ‘ZJ(N) 5 'foijrM (IN 2[( >(2R)>
par g ( !
1Y) [ M52
R Gl VIV i (=D* (N—2k=2 N2
! 2K(N — 2k — 21)k!
=0 k=0
5] I
(—1 M, pl
= l_'Tr (R)Hy_2(x),
=0 :

where in the last line, we have used (7.2.11) and the definition (11.6.9) of the Hermite
polynomials.
Substituting back into (12.4.5) we conclude that E {¢ (A,)} is given by

L5)

o —(N+1)/2 .y (=1 M pl
> / Q)" N2 gy ix)e ™ 2 dx T/ TrM (R') Vol
1=0 u . M

]

oz

—_1!
(27r)’(N“)/2HN_zz_1(x)e*“z/z(l—')/ TeM (RY) Vol
: M

M= I

~
Il
S

Li(M)pju),

where the first equality follows from (11.6.12) and the second from the definitions
(12.4.2) of the p; and (12.4.3) for the £, along with a little algebra.
That is, we have (12.4.1) and so the theorem. ]

12.4.2 Manifolds with Boundary

We now turn to the case of manifolds with boundaries and shall incorporate, in one
main result, both the results of the previous section in which the manifold had no
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boundary, and the results of Section 11.7. There, as you will recall, the parameter
space was an N-dimensional rectangle, and the Gaussian process was required to be
stationary.

Thus, we return to the setting of Sections 8.1 and 9.3, and take M to be an N-
dimensional regular stratified manifold.

Theorem 12.4.2. Let M be an N-dimensional regular stratified manifold, and f,
as in Theorem 12.4.1, a centered, unit-variance Gaussian field on M satisfying the
conditions of Corollary 11.3.5.

Then E{p(A,)} is again given by (12.4.1), so that

N
Efp (A} =D Li(M)p;(w), (12.4.6)
i=0

with the single change that the Lipschitz—Killing curvatures L; are now defined by
(10.7.1), i.e.,

N L") 1
LMy =Y "2m) U2 N C(N —j.j—k-2)—————— (1247)

- £ 1N —k —20)!
X/ / T TiM (RlSi{—k.—zl)
oM Jsro ML) N

X a(vy—j)HN—j—1(dvN—;)H j(dE).

Remark 12.4.3. If we also require that M be locally convex, then a(v) = 1 Nm(—V),

and so a disappears from (12.4.7), although the integral over S(T;0; M) then be-
comes an integral over S(N;:M).

Before turning to the proof of Theorem 12.4.2, we need to establish a slightly
extended version of the metatheorem Theorem 12.1.1 and its Gaussian corollary,
Corollary 12.1.2. The extension is needed due to the fact that for general Whitney
stratified manifolds, Morse theory “counts’ critical points with multiplicities, given
by their normal Morse index «. Since o = 1 for locally convex spaces, this issue does
not arise for these spaces. Consequently, if these are the cases that you care about, you
can skip directly to the proof of Theorem 12.4.2 without worrying about the following
result. However, if you want to see a more complete proof of Theorem 12.4.2 in its
full generality, then you will have to bear with a little notation and some technicalities.

We start by adopting all the notation of Theorem 12.1.1 and adding to it a new
random field F : M — RL for some finite L. Next, we take a (deterministic) function

a:MxRE S 7Z
and define, for u € RV,

N{(f h, F; M, B) = N (M) = N
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by

NY(f.h. Fi M, B) 2 > a (F(1),
teM:f(t)=u and h(t)eB

assuming, of course, that the sum is over a countable number of points.
We can now state our next result.

Theorem 12.4.4. Retaining the notation and all conditions of Theorem 12.1.1 and
adopting the notation above, assume also the following:

(1) F is almost surely continuous over M.

(ii) For each t € M, the marginal densities p;(x) of F(t) (implicitly assumed to
exist) are continuous in x.

(iii) The conditional densities p;(x|V fg(t), h(t), F(t)) of f(t) givenh(t), (V fg)(t),
and F (t) (implicitly assumed to exist) are bounded above and continuous at
X = u, uniformlyint € M.

(iv) The conditional densities p;(z| f (t) = x) of F(t) given f(t) = x are continuous
for all z and for x in a neighborhood of u, uniformly int € M.

(v) The modulus of continuity of F satisfies (12.1.3).

(vi) || is bounded and o is piecewise constant on M x RL. Furthermore, for each
t € M, the set of discontinuities of a(t, -) has dimension no greater than L — 1
in RL, while for each x € R the set of discontinuities of a(-, x) has dimension
no greater than N — 1 in RV .

Then
E(NY} = /ME {|det (V fe)l JlB(h)oz(F)‘f = u} p(u) Vol . (12.4.8)

Proof. The proof of the theorem is really no different from that of Theorem 12.1.1,
but we are missing an analogue of its Euclidean precursor, Theorem 11.2.1, with the
extra complication of the o term. However, if you had the patience to follow the
details of the proof of Theorem 11.2.1, you will agree that it really is easy to see that
under the conditions we have added, the proof that we had of that theorem requires
only minor changes to cover the current scenario.

Further (unnecessary) details are left to you. O

The Gaussian corollary to Theorem 12.4.4 is the following.

Corollary 12.4.5. Let (M, g) be a Riemannian manifold satisfying the conditions of
Theorem 12.4.4. Let f, h, and F be centered Gaussian fields over M and o as in
the theorem. Then if f, h, V fg, and F are a.s. continuous over M, and if for each
t € M, the joint distributions of (f(t), V fg(t), h(t), F(t)) are nondegenerate, then
(12.4.8) holds.

Proof of Theorem 12.4.2. In essence, although Theorem 12.4.2 subsumes many
others that have gone before, it will not be hard to prove. We have already done
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most of the hard work in proving some of the earlier cases, and so we now face a
proof that is more concerned with keeping track of notation than needing any serious
new computations. Nevertheless, there is something new here, and that is the way
the Morse index and integration over normal cones are handled. These two points
actually take up most of the proof.

We start by recalling the setup, which implies that M has the unique decomposition

dim M
M= [ oM,
j=0

as in (9.3.5). Morse’s theorem, as given in Corollary 9.3.5 and slightly rewritten,
states that

dmM K J

P(A) =Y > Y (="Kt jin, (12.4.9)

j=0 k=—K n=0
where

ik = #{f €;M: f(t)>u, Vf() e NM,
O‘(_PTLrB_,-MVf(t)) =k, t_fa,m() = n}

If t € M° then the normal cone is {0}, and so the expectation of the j = N term
in (12.4.9) has already been computed, since this is the computation of the previous
proof. Nevertheless, we shall rederive it, en passant, in what follows. For this case,
however, it will be important that you recall the conventions set out in Remark 10.5.2,
which we shall use freely.

Fix a j, 0 < j < N, and choose an orthonormal frame field E such that
Eji1,..., En are normal to 0; M, from which it follows that E; f(¢), ..., En f(t)
are independent standard Gaussians for each .

To compute the expectation of (12.4.9) we argue much as we did in the proof of
Theorem 12.4.1, applying Theorem 12.4.4 rather than Theorem 12.1.1 to allow for
the new factor of « (cf. the argument leading up to (12.4.5)).10

This gives us the following, in which v is an (N — j)-dimensional vector, which,
for convenience, we write as (Vj11, ..., UN):

dimM K J

E{ D Y 2 (D kjun

j=0 k=—K n=0
o0
= (271)_(N+])/2/ e_xz/zdx/ H;(dr)
u 3jM
x/ e—‘“‘z/Ze,f(u,x)a(—v)HN_,-(du),
T M+

10 The fact that « is piecewise constant, as required by Theorem 12.4.4, is a consequence of
the fact that we are working with Whitney stratified manifolds. See [72] for details.
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where G,j (v, x) is given by

E {det <— (vzflajM(E’"’ E")>1§n,m§j>

\f=x, Enf=01<m<j. Emf=vm,j+1§m§N}-

As usual, H; denotes the volume (Hausdorff) measures that g induces on the 9; M
and Hy_; denotes the corresponding measure on 7;0; M L

We need to compute a few basic expectations before we can continue. The con-
ditional covariances of the Hessian remain the same as in the previous section, since
we are still conditioning on the vector (f, V fg). Specifically,

Var (VzﬁakM‘f =x,Vfe = (0, v)) =—QR+ 17,

where the zero vector here is of length ;.
Conditional means, however, do change, and from (12.2.15) we have, for X, Y €

CH(T(0;M)),
E {XYf‘f — X,V = (0, v)]

=B V2 iy u (X, | =2,V fr = 0,0)]

= —xg(X, Y) + g (VXY’ (O’ U))
= —xg(X, Y) + SV(X’ Y)a

where S is the scalar second fundamental form, given by (7.5.8) and (7.5.12). Equiv-
alently,

ElvzflajM‘f:x,VfE:(O,v)} = x4 S =—(xI+5.,).

We now have all we need to evaluate 9," (v, x), which, following the argument of
the preceding section and using the above conditional expectations and variance, is
equal to

=1/

T E {TralM (vszjM)j ‘f —x,Vfp = (0, v)}

= N (2 s )
Z T ((x]—{—Sv)] (1 +2R))

by Lemma 12.3.1. Rearranging somewhat, this is equal to
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% 1
- ;M j—2k y2k—21 pl
2 G201 k= ((“ + SR )

Z( DG — 21 — m)! 1
(j — 2k —m)tm! 2k=111(j —I)!

x xJ=2=m oM (STVRI )
by (7.2.11). Further rearrangement gives that this is the same as

; ﬂ
2’:L JXk:( DEG — 21 — m)! 1
Lo L L (j 2k —m)lm! 2Tk = D)!
. xd—2k=m ;M (STURI)

D CDRG =20 = m)! i
G =2k —mytm! 2Tk — 1)1

m=0 [=0 k=l

& (D T (s™,R")

j
=2 mll!

i (=D'(j =2~ m! 1 jor-m-ai
(=20 —m —20) 21l

J
=2 2 o TN R Hjarn ()

(=1!

;M om—2l pl .
- mTr 7 (S—l) R )H]_m(.x)

NN e

= e Z NG —k— 21)'T8M(S] .

We now fix at € d; M and concentrate on computing the expectation
(271)_N/2/ e P2 M (g k2 Rl o () iy j (d)
T,8; ML

= (2n)—N/2/ e VP2t M (g1 -k=2 Rl (b)) H i (dv).
T,0; ML
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We essentially computed this integral in proving Lemmas 10.5.1 and 10.5.3.
Specifically, by a simple generalization of Lemma 10.5.5, using the fact that « is
constant along rays, i.e., that for ¢ > 0,

a(cv) = a(v),

the above integral can be evaluated as

)~ N/2 fT - e M2 i M (57 -k=2 Rl (VYHy_j (dv)
t0j

=C(N—j,j—k=2]) TediM (SI7F 2 RNy (v)Hy - j—1(dV).
S(T;9; ML)

Collecting all the above, we finally have that

dim M 00 5 J
E{p(A)) = Y (m) NV+D/2 / e /2 " Hy(x)
j=0 u k=0
J—k
e C(N—j,j—k—2I)
X —_— —Jj,j—k—
11 —k —20)! s
=0
x TedM (7752 RNy (v)Hy— j—1(dv)
S(T9; ML)
dim M N L5 1
= ) Al x (Z A C(N = j, j =k = 2D)
P NG -k -2D!

x / TediM ($§ 72 RNy (v)Hy— j—1 (dv))
S(T;; ML)

after integrating out x (via (11.6.12)) and changing the order of summation.
Comparing the last expression with the definitions (12.4.2) of the px and (12.4.7)
of the L, the proof is complete. O

12.5 Examples

With the hard work behind us, we can now look at some applications of Theo-
rems 12.4.1, and 12.4.2. One of the most powerful implications of the formula

dim M
Efp (A0} = Y L;j(M)pju), (12.5.1)
j=0

is that for any example, all that needs to be computed are the Lipschitz—Killing
curvatures L ; (M), since the p; are well defined by (12.4.2) and dependent neither
on the geometry of M nor the covariance structure of f.
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Nevertheless, this is not always easy, and there is no guarantee that explicit forms
for the £; (M) exist. In fact, more often than not, this will unfortunately be the case,
and one needs to turn to a computer for assistance, performing either (or often both)
symbolic or numeric evaluations.

However, there are some cases that are not too hard, and so we shall look at these.

Stationary Fields over Rectangles
This is the example that we treated in Theorem 11.7.2 via the techniques of integral
rather than differential geometry.

Nevertheless, since N-dimensional rectangles are definitely piecewise C? mani-
folds, we should be able to recover Theorem 11.7.2 from Theorem 12.4.2. Doing so
is in fact quite easy, so we set M = ]_[fv=1 [0, T;] and, to make life even easier, assume
that f has unit variance and is isotropic with the variance of its derivatives given by
2. Thus, what we are trying to recover is (11.7.12) with Ay = A1, where [ is the
identity matrix.

The first point to note is that induced Riemannian g is given by

gX.Y) =E{XfYf} =2 (X.Y),

where the last term is the simple Euclidean inner product. Thus g changes the usual
flat Euclidean geometry of RY only by scaling, and so the geometry remains flat.

This being the case, (6.3.6) gives us the necessary Lipschitz—Killing curvatures,
although each L; of (6.3.6) needs to be multiplied by a factor of Aé/ 2, Substituting
this into (12.5.1) gives the required result, (11.7.12).

The few lines of algebra needed along the way are left to you.

Also left to you is the nonisotropic case, which is not much harder, although you
will need a slightly adapted version of (6.3.6) that allows for a metric that is a constant
times the Euclidean metric on hyperplanes in RY, but for which the constant depends
on the hyperplane. This will give Theorem 11.7.2 in its full generality.

Isotropic Fields over Smooth Domains

In the previous example, we assumed isotropy only for convenience, and leaving the
argument for the general stationary case to you was simply to save us having to do
more complicated algebra.

However, once one leaves the setting of rectangles it is almost impossible to obtain
simple closed-form expressions for the £; if f is not isotropic. To see how isotropy
helps, we now take f isotropic over a compact, piecewise C> domain in R", and also
assume that E{ f2} = E{(3f/31;)*} = 1, so as to save carrying through an awkward
constant.

What makes the Lipschitz—Killing curvatures simpler in this case is not that their
defining formula (12.4.7) changes in any appreciable way, but that the symbols ap-
pearing in it have much simpler meanings. In particular, Hy is no more than standard
Hausdorff measure over 0y M, while H y_i_1 becomes surface measure on the unit
sphere S¥ %=1 In other words, the £; no longer carry any information related to f.

The Riemannian curvature R is now zero, and the second fundamental form S
simplifies considerably. To see how this works in an example, assume that M is a C>
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domain, so that there is only one C? component to its boundary, of dimension N — 1.
Then Ly (M) = Hy (M), and from (10.7.6) we have that for0 < j < N — 1,

L;(M) = / detry_ 1 (Curv)Hy_1, (12.5.2)
oM

SN—j

where detr; is given by (7.2.8) and the curvature matrix Curv is given by (10.7.7)
A simple example was given in Figure 6.2.3, for which we discussed finding,
via integral-geometric techniques, the Euler characteristic of A, (f, M), where M
was a C2 domain in R?. Although we found a point process representation for the
©(A,), we never actually managed to use integral-geometric techniques to find its
expectation. The reason is that differential-geometric techniques work much better,
since applying (12.5.2) with N = 2 immediately gives us the very simple result that

length(o M)

Lr(M) = Area(M), Li(M) = > ,

Lo(M) =1,
which, when substituted into (12.5.1), gives the required expectation.

A historical note is appropriate here: It was the example of isotropic fields on C?
domains that, in Keith Worsley’s paper [173], was really the genesis of the manifold
approach to Gaussian geometry that has been the central point of this chapter and the
reason for writing this book.

Under isotropy, you should now be able to handle other examples yourself. All
reduce to calculations of Lipschitz—Killing curvatures under a constant multiple of
the standard Euclidean metric, and for many simple cases, such as balls and spheres,
these have already been computed in Chapter 6. What is somewhat harder is the
nonisotropic case.

Stationary and Nonstationary Fields on RV

It would be nice to be able to find nice formulas for nonstationary Gaussian fields over
smooth domains, and even for stationary but nonisotropic fields, as we have just done
for isotropic fields over smooth domains and stationary processes over rectangles.
Unfortunately, although Theorems 12.4.1 and 12.4.2 allow us to do this in principle,
it is not so simple to do in practice.

The basic reason for this can already be seen in the stationary scenario of The-
orem 11.7.2, from which one can see that the Lipschitz—Killing curvatures for a
stationary process over a rectangle 7 = (]_[lN= 110, T;]) are given by

Li(T)y= Y " ||l (12.5.3)
]GO/'

the sum being over faces of dimension j in 7' containing the origin and the rest of
the notation as in Theorem 11.7.2. What (12.5.3) shows is that there is no simple
averaging over the boundary of T as there is in the isotropic case. Each piece of
the boundary has its own contribution to make, with its own curvature and second
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fundamental form. In the case of a rectangle this is not too difficult to work with. In
the case of a general domain it is not so simple.

In Section 7.7 we saw how to compute curvatures and second fundamental forms
on Euclidean surfaces in terms of Christoffel symbols. In Section 12.2.3 we saw how
to compute Christoffel symbols for the metric induced by f in terms of its covariance
function. For any given example, these two computations need to be coordinated and
then fed into definitions such as (12.4.3) and (12.4.7) of Lipschitz—Killing curvatures.
From here to a final answer is a long path, often leading through computer algebra
packages.

There is, however, one negative result that is worth mentioning here, since it is
sufficiently counterintuitive that it has led many to an incorrect conjecture. As we
mentioned following the proof of Lemma 11.7.1, a first guess at extending (12.5.3) to
the nonstationary case would be to replace the terms | J|||A | 172 there by integrals of
the form fJ [A;|'/2 dt, where the elements of A, are the covariances E{fi(0) f; (D)}
Without quoting references, it is a fact that this has been done more than once in
the past. However, it is clear from the computations of the Christoffel symbols in
Section 12.2.3 that this does not work, and additional terms involving third-order
derivatives of the covariance function enter into the computation. The fact that these
terms are all identically zero in the stationary case is probably what led to the errors.!!

Stationary Fields over Lie Groups

Lie groups provide an example that, while perhaps a little abstract, still yields a simple
form for the expected Euler characteristic of excursion sets. We first met Lie groups
back in Section 5.3, where we discussed them in the framework of stationarity.
Recall that a Lie group G is a group that is also a C° manifold such that the map
taking g to g~! is C°° and the map taking (g1, g2) to g1 g2 is also C*°. We need a little
more notation than we did in Section 5.3. We denote the identity element of G by e,
the left and right multiplication maps by L, and R, and the inner automorphism of
G induced by g by I; = Lg o R,
Recall that a vector field X on G is said to be left invariant if for all g, g’ € G,
(L g)* Xy = Xgg. Similarly, a covariant tensor field w is said to be left invariant
(right invariant) if for every go, g in G, L;‘;Oa)gog = w, (R;Oa)ggo = ®,). As usual,
w is said to be bi-invariant if it is both left and right invariant. If & is a (left-,
right-, bi-)invariant Riemannian metric on G, then it is clear that for every g, the
map (Lg, Ry, Ip) is an isometry'? of (G, h). In particular, the curvature tensor R
of h, is (left, right, bi-)invariant. This means that for Gaussian random fields that
1 On the other hand, if one thinks of the expression for E{p(A,)} as e‘”z/ 207 multiplied by
a power series in the level u, then it is correct to say that this conjecture gives the correct
coefficient for the leading term of the power series. This, of course, follows from the fact that
the coefficient of the leading term is £y (7), which is the “volume” of 7 measured under
the volume form derived from the induced metric. The corresponding integrals involve no
curvatures.
12 An isometry between two C k Riemannian manifolds (M, g) and (M ,8)isaC k+1 diffeo-
morphism F : M — M for which F*$ = g.
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induce such Riemannian metrics, the integrals needed to evaluate E{p(A,(f, M))}
are significantly easier to calculate.

Theorem 12.5.1. Let G be a compact N -dimensional Lie group and f a centered,
unit-variance Gaussian field on G satisfying the conditions of Corollary 11.3.5 for
G. Suppose that the Riemannian metric g induced by f is (left, right, bi-)invariant.
Then

=

L
E{p(Au(f, M))} = Volg(G)
k=0

* (1) ok (1)

T.G  pk
P Tre O (RY), (12.5.4)

where T,G is the tangent space to G at e.

Proof. This is really a corollary of Theorem 12.4.1, since G has no boundary. Ap-
plying that result, and comparing (12.5.4) with (12.4.1), it is clear that all we need to
show is that

/G TvC <R1>g/ Vol (dg') = Tr7eC (Rﬁ) Vol (G).

Suppose X, Y, Z, W are left-invariant vector fields. Since g’ + Lgg’ is an
isometry for every g, we have

Ry ((Xg, Yy), (Zg, Wy))
= Re (Lg-1,Xg, Lg-1,Ye), (Lg-1,Zg, Ly-1,Wy))

= Re (L) ™ X (L) ™V (L) ™ Zgs (L) ™ W )
=R, (Xe, Ye, Ze, We) .

Therefore, if (X;)1<i<x is an orthonormal set of left-invariant vector fields, then

(Rg)l (Kirgs - Xing)s Xjigo -+ X))
= (R (Xiyes -+ s Xise)s Kjrer s Xjie)) s

from which it follows that
1756 ((Ry)') =6 ((R)'),

which completes the proof. O

12.6 Chern—Gauss—-Bonnet Theorem

As promised at the beginning of the chapter, we now give a purely probabilistic proof
of the classical Chern—Gauss—Bonnet theorem. Of course, “purely” is somewhat of
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an overstatement, since the results on which our proof is based were themselves based
on Morse’s critical point theory.

The Chern—Gauss—Bonnet theorem is one of the most fundamental and important
results of differential geometry, and it gives a representation of the Euler character-
istic of a deterministic manifold in terms of curvature integrals. It has a long and
impressive history, starting in the early nineteenth century with simple Euclidean do-
mains. Names were added to the result as the setting became more and more general.
While it has nothing to do with probability, it can be obtained as a simple corollary to
Theorems 12.4.1 and 12.4.2. Here is a version very close to that originally proven in
1943 by Allendoerfer and Weil [11], for what they called “Riemannian polyhedra.”

Theorem 12.6.1 (Chern-Gauss—Bonnet theorem). Let (M, g) be a C?> compact,
orientable, N-dimensional Riemannian manifold, or a C? regular stratified manifold,
in either case isometrically embedded in some C3 Riemannian manifold (1\71 ,8) of
dimension N. Then, if M has no boundary,

(=DM

(M) = Lo(M) = O VAN

/ TrM (RV/?) Vol (12.6.1)
M

if N is even, and 0 if N is odd. In the piecewise smooth case,

dim M . L4)
M) =" Qm) Py C(N—j, j—2m)

j=0 m=0

x/ / TrT’an(RmS,{N_Em
;M JS(T9; ML) /

x a(wy—jYHn—j-1(dvy—;)H;(d?),

(=D"
m!(j —2m)!

where we adopt the notation of (10.7.1) and the convention of Remark 10.5.2.

Proof. Suppose f is a Gaussianrandom field on M such that f induces'? the metric g.
Suppose, furthermore, that f satisfies all the side conditions of either Theorem 12.4.1
or Theorem 12.4.2, depending on whether M does, or does not have, a boundary.

To save on notation, assume now that M does not have a boundary. Recall that
in computing E{p (A, (f, M))} we first wrote ¢ (A, (f, M))) as an alternating sum of
N different terms, each one of the form

@) 2#t e M: f,>u, Vf, =0, index(—V2f,) = k}.

13 Note that this is the opposite situation to that which we have faced until now. We have
always started with the field f and used it to define the metric g. Now, however, g is given
and we are assuming that we can find an appropriate f.
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Clearly, as u — —oo, these numbers increase to
Wk 2 #reM:Vf =0, index(—sz,) =k},

and ¢(M) is given by an alternating sum of the py. Since i (#) is bounded by the
total number of critical points of f, which is an integrable random variable, dominated
convergence gives us that

e(M) = lim E{p(A4,(f. M)},

and the statement of the theorem then follows by first using Theorem 12.4.1 to evaluate
E{p(A,(f, M))} and then checking that the right-hand side of (12.6.1) is, in fact, the
above limit.

If we do not know that g is induced by an appropriate Gaussian field, then we
need to adopt a nonintrinsic approach via Nash’s embedding theorem in order to
construct one.

Nash’s embedding theorem [118] states that for any C 3 N-dimensional Riemann-
ian manifold (M, g), there is an isometry iy : M — i,(M) C R for some finite N/
depending only on N. More importantly, RV " is to be taken with the usual Euclidean
metric.

The importance of this embedding is that it is trivial to find an appropriate f when
the space is Euclidean with the standard metric. Any unit zero-mean unit-variance
isotropic Gaussian random field, f” say, on RV " whose first partial derivatives have
unit variance and that satisfies the nondegeneracy conditions of Theorem 12.4.1 will
do. If we now define

/ .—1
= fi,on ©ig

on M, then it is easy to see that f induces the metric g on M, and so our construction
is complete.

Finally, we note that the case of piecewise smooth M follows exactly the same
argument, simply appealing to Theorem 12.4.2 rather than Theorem 12.4.1 and to a
version of the embedding theorem for stratified spaces (cf. [71, 119, 120]). O

Another way to prove the above Chern—Gauss—Bonnet theorem would be to repeat
the arguments of Theorem 12.4.2, simply removing the condition {f; > u} when
applying Corollary 12.4.5. This leads to the following corollary, which can be thought
of as arandom field version of the Chern—-Gauss—Bonnet theorem. This corollary will
be useful for us in Chapters 13 and 15 as a computational trick to compute the Euler
characteristic.

Corollary 12.6.2. Let (M, g) be as in Theorem 12.6.1, and f a centered, unit-
variance Gaussian field on M satisfying the conditions of Corollary 11.3.5 and in-
ducing the metric g on M. Then
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dim M i
277)~J/2
oo =y, BT
= 7

< [ fa(Ph VT b X TN (50 )| .
M

More generally,
dim M —in
B ) il
LoM, A)= )" —T
j=0

x / E{a(P%,a«MV&‘; M) x TrloiM ((—Vzﬂa,w’)}w(dr).
9 MNA J ’
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Mean Intrinsic Volumes

In the preceding two chapters we devoted a considerable amount of energy to com-
puting the mean Euler characteristics of the excursion sets of smooth Gaussian fields.
However, we know from both Chapters 6 and 7 that the Euler characteristic is but one
of the family of geometric quantifiers known as the Lipschitz—Killing curvatures.
Even when we were dealing with the Euler characteristic alone, the Lipschitz—
Killing curvatures of the parameter space arose in the expression for the mean Euler
characteristics of the excursion sets. In this chapter we want to compute the mean of
the Lipschitz—Killing curvatures of the excursion sets themselves. The main result
will be given in Theorem 13.4.1, which states that, under appropriate conditions,

dimM—j -
E{Li(Au(f. M)} = Y [’ l“] )L (M), (13.0.1)

=0

where the £; on both sides of this equation are computed with respect to the metric
induced on the parameter space M by the zero-mean, unit-variance Gaussian field f
(cf. (12.2.1)) and the A, (f, M) are, as always, the excursion sets of f above the level
u. The functions p; remain as in the preceding two chapters (cf. (12.4.2)).

In all, we shall give three proofs of (13.0.1). The first two, which make up the
content of the current chapter, exploit the results of Chapters 11 and 12 and use
some nonstochastic results of geometry to move from Euler characteristics to general
Lipschitz—Killing curvatures.

The first proof, in Section 13.2, will be for isotropic fields with unit variance
defined over subsets of RY. In this case the £; on both sides of (13.0.1) are the
basic intrinsic volumes (volume, surface area, etc.) that we met first in Chapter 6 and
the proof is quite straightforward. Indeed, all we shall need for the proof are two
basic results of integral geometry—the formulas of Crofton and Hadwiger—which
we shall give in the following section.

The second proof of (13.0.1) will be for the case in which f is more general and
M a Whitney stratified space. For this we shall need a non-Euclidian analogue of
Crofton’s formula, which we give in Section 13.3. This is a new result and should be
of independent interest outside the particular application that we have for it.
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The third proof will come in Chapter 15 when, via a completely new approach,
we shall re-prove the main results of this and the preceding two chapters.

13.1 Crofton’s Formula

Before formulating Crofton’s formula we need to review the idea of the affine Grass-
mannian manifold Graff (N, k), the set of k-dimensional subspaces of RN. The affine
Grassmannian Graff (N, k) is the set of all k-dimensional flats in RV, i.e, all linear
spaces in RY that do not necessarily pass through the origin. The affine Grassmannian
is diffeomorphic to Gr(N, k) x R¥. To see this, for V € Graff (N, k) let p(V) be
the unique point in V closest to the origin and take the mapping

Graff (N, k) 5 V < (V — p(V), p(V)) € Gr(N, k) x RV.

The space Graff (N, k) is a homogeneous space, being a quotient space of Gy,
the set of rigid motions on RY. Hence it inherits a measure A;{V invariant on Gy.
Under the above diffeomorphism, this measure factors as the invariant measure, say
v,iv, on Gr(N, k) and Lebesgue measure on RV,

There are of course many ways to normalize v,iv , and hence )»IJCV . One useful
normalization (useful because of Crofton’s formula below) is to require that

v (Gr(N, k)) = [IZ } :

the flag coefficients of (6.3.12).

With our constants set, we can now formulate Crofton’s formula. In its original
form, it was derived for M in the convex ring.1 We, however, need it in the setting
of Whitney stratified spaces, and in this setting it is due to Brockner and Kuppe [33].

Theorem 13.1.1 (Crofton’s formula). Suppose M C RY is a compact, tame,
Whitney stratified space. Then

/ LiMNVYdAN (V) = ["JT]]LHJ-(M). (13.1.1)
Graff (N,N—k) J

The £; in (13.1.1) are all computed with respect to the standard (Euclidean)
Riemannian metric on RY. This is important and somewhat limiting. To avoid this
limitation we shall develop a different, but analogous, result in Section 13.3 below,
after first seeing, in the following section, what we can do with results of this kind.

The special case k = 0 of Crofton’s formula is generally known as Hadwiger’s
formula,” and is given by

I See [92, 139] for a full treatment in the setting of the convex ring and also an extension to
basic complexes due originally to Hadwiger [75]. There is also a nice survey of the more
modern theory, which goes considerably beyond what we shall need, in [80].

2 Note that (13.1.2) differs a little from the version of Hadwiger’s formula that we met earlier
in (6.3.11). The difference, however, is superficial, and results only from where one places
the various normalizing constants.
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Li(M) = / Lo(M N V)YdIN_ (V). (13.1.2)
Graff (N,N—k)

13.2 Mean Intrinsic Volumes: The Isotropic Case

The existence of Hadwiger’s formula linking, as it does, Lipschitz—Killing curvatures
and Euler characteristics in Euclidean spaces, allows a very simple derivation of the
mean Lipschitz—Killing curvatures of excursion sets of isotropic processes from the
formula for their mean Euler characteristic.

The key point to the argument will rely on taking an isotropic f with unit second
spectral moment. In that case, as we have noted a number of times, the Riemannian
metric that f induces on the parameter space is the standard Euclidean one, and the
Lipschitz—Killing curvatures appearing in Theorems 12.4.1 and 12.4.2 are the simple
Euclidean ones of Section 13.1.

Theorem 13.2.1. Suppose that M C RN satisfies the conditions of Theorem 13.1.1
with the additional assumption that both M and its cross-sections M N'V are (A][\(’
almost surely) C2, tame, Whitney stratified manifolds. Suppose also that f is a cen-
tered, isotropic Gaussian process on M satisfying the conditions of Corollary 11.3.2
and that

E{f%)} =1 and E{ff(x)} =2,

forall1 <i < N, where the f; are the usual partial derivatives of f. Then, for every
0<j=N,
= [j+1
E{L;(Au(f. M)} = [J ] ] WH i) Ly (M), (13.2.1)
1=0

where the L, on both sides of the equality, are computed with respect to the standard
Euclidean metric on RN .

Proof. We first note that it suffices to establish (13.2.1) for the case A = 1. The
general case then follows from the scaling properties (6.3.1) of the £ ;.

Thus, assuming that A = 1, Hadwiger’s formula and Theorem 12.4.2 immediately
yield

E{L;(Au(f, M)} = fG vy B0 Aulf M OV)) dry_ (V)
Ta N—j
—J
pi () LiMNV)ydry_;(V)
Graff (N,N—j)

|
=

~
S

=
~.

T e,

=

(=)

and we are done. O
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For an alternative approach to computing the mean Lipschitz—Killing curvatures
in the setting of this section see [176].

13.3 A Gaussian Crofton Formula

Given the simplicity of the above approach for bootstrapping from the mean Eu-
ler characteristics of excursion sets to their mean Lipschitz—Killing curvatures, it is
tempting to try to adopt a similar approach in the general case. The problem in doing
s0, however, lies in the fact that Crofton’s formulas are rather specific to manifolds in
RY with its standard Riemannian metric and there does not seem to be an analogous
result for more general manifolds. Thus, we shall now spend a little time developing
a tool that will work in the general setting.

The basic idea will be to replace the cross-sections M N V by something more
appropriate for the manifold setting. In particular, we shall introduce an auxiliary set
of random manifolds D for which the union of the M N D over all D again gives
M and, more importantly, for which £ ; (M) can be computed by averaging the Euler
characteristics Lo(M N D) over D.

The main result, which would seem to be of significant interest beyond the appli-
cation that we have in mind, is as follows.

Theorem 13.3.1. Let M be a C2, n-dimensional manifold (without boundary) embed-
ded in a C3 manifold. Let y', ..., y* be centered, unit-variance, independent, iden-
tically distributed Gaussian fields on M satisfying the conditions of Corollary 11.3.5.
For u € R define the (random) submanifold

Du:{te[\q:y}:ul,...,y[k:uk}
of M, and suppose Zy = (Z},...,ZF P9 Mes )/Rk independently of the field y =
', ... Y0, Then, for0 < j <d1m(M)

2 e+
(1!

where the L j on both sides of the equanon are computed with respect to the Riemann-
ian metric mduced on M by the y'.

E{L;(M N D7)} = @m) ™ =Ly (M), (13.3.1)

The reason we call this a “Gaussian Crofton formula’ should be clear by analogy
with the original, Euclidean, Crofton formula (13.1.1). The formulas are similar, but
we have replaced the kinematic averaging under the measure )L%_ ¢ With a Gaussian
average. Note, also, that the averaging in (13.3.1) is over both y and Z;.

Proof. We start by noting that it suffices to prove (13.3.1) for the Euler characteristic
¢ = Ly. That is, we need only prove that

E{o(M N Dz)} = @) 2 [k]1 L (M). (13.3.2)
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This follows from the following observation: For j > 0, take Z; ~ yp; independent

of everything else, and write Z; ; for the concatenation of Z; and Z;. Note that, in
distribution,

M n DZk+j = (M N Dzj) n DZk'
Conditioning first on Zy, apply (13.3.2) to the manifold Mn Dz, to see that

(27-[)1'/2
(]!

= @2m)~

E{EJ' (Mszk)}z E{(p(]VIﬂDZH_,-)}

—kplk+ g1

L
[]] k+]( )

which establishes the general case.

We now turn to establishing (13.3.2). To this end, note that for fixed u € R¥, and
for almost all realizations of y, it follows from the regularity properties of y that D,
is a regular stratified manifold, embedded in M.

Consequently, an attractive route to try to take to prove the theorem would be
to apply our version of the Chern—Gauss—Bonnet theorem (Corollary 12.6.2) to the
(random) manifold MND 7, and so write the mean Euler characteristic of MND 7, as

D)~ (dim(M)—k) /2 o~
G / E{a(P%,DZ v M)
(dim(M) —k)! Jp,, k

« TrT’DZk <(_V2'§|D2k)(dim(ﬂ)—k)> }Hj (dr),

for some suitably regular random field ¥, which we can take to be a copy of y!,
independent of yl, e, yk . All that would then remain would be to compute the
expectation here, over both ¥ and Z;.
Unfortunately, the technicalities involved in applying this appealingly simple
argument are not trivial, and so we shall take a more basic route, via Morse theory.
We shall break the proof into in two parts, firstly fixing Z; and applying Morse
theory, which will eventually involve an averaging over y and y. At the second stage
we shall also average over Zj.
_ Thus, with Z; = u, we look for a way to express the Euler characteristic of
M N D, = D, in terms of points {t : y, = u} and VYy;, which is in the span of
\% y,l, ...,V ytk. Denote the latter space by

L2 span(Vy!, 1 <i <k).

With the manifold D, fixed, straightforward calculations show that the Hessian of ¥
on D, can be written as
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k
Vs = V25 — > (VT Vyhe' vy (13.3.3)
i,j=1
= V2% — Y (P, V5. Vyhel V2.
ij=1

where G; is the k x k matrix with elements
A i i
gije = (V¥ Vy)),

and g,/ are the elements of G ! 'We note for later use that the matrices G; have a
Wishart(n, Iix) distribution.?

We can now apply Morse’s theorem (Theorem 9.3.2) in an almost sure fashion,
for each realization of the pair y and ¥, to characterize the Euler characteristic of
M N D,. This gives a point set characterization of go(l\71 N D,) in the usual way. A
representation such as (11.2.9) turns this into an integral over M, and an argument such
as that used to prove Corollary 12.4.5 allows* us to conclude, under the conditions
of the theorem, that

E{p (M ND,)} (13.3.4)

= g T (55ior ) s

X py,Pth Vy(u, OYH(dt),

y=u, PLJ:V')7=O}

where py, PV is the joint density of y and PLf VY, and

J, & /det(G,). (13.3.5)

While this formula is similar to many that appear in Chapter 12, there is anew Jacobian
term, J;, here that deserves a few words. It arises due the fact that whereas previously
we counted points that were critical with respect to the underlying manifold M, we
are now counting points of the form

{t:y,:u,Pf;V%:O}:{t:ytl:ul,...,y,k:uk,Pf;V%:O}.

That is, we now have points critical with respect to a random submanifold. By
choosing a convenient basis of 7; M it is fairly straightforward to see that the Jacobian

3 Recall that the Wishart(n, X) distribution is defined as the distribution of a matrix W with
elements of the form W;; = qu:l Xmi Xmj, where the n vectors Xom = (X1, -+ - Xink)
are independent, each distributed as N (0, X).

4 Obviously, we have allowed ourselves considerable latitude in this argument. Filling in all
the details would take a few pages, but would involve little more than taking the references
we have made and rewriting them in the notation of the present problem. We leave the
details to the masochists and/or pedants among you.
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(13.3.5) is precisely the one that arises in an application of Corollary 12.4.5 needed
to establish (13.3.4).

Furthermore, noting that since y; and Vy; are independent the same is true of y;
and L;, and y; and J;, we can integrate out « in the above to obtain

IE{(p (MHDZ/«)}

X P vy (OHa(d1).

PLVF =0}

Consider the integrand.

E{Te ((=V2510)" %) 4| PE VT = 0] pp o5(0)

= glgrz)E { (( V2y|D)n_k> Jtl{pLil v, (B(O, 8))}

= Qn)~ 2R {TrLrl ((—VZ)] D)"—k) J,} ,

where we have used the fact that, given the subspace L;, the pair (sz\D,t, Jp) is
conditionally independent of PLL, V7, which then has a standard Gaussian distribution
on L,l.

We now condition on (Vzﬂ D.t» Jt), so that the next step is to compute the condi-
tional expectation

E{Te (v%50)" ) 4,

V2)~/\D,z, -It}-

Because of the conditioning, this is just the expected value of the trace of a fixed form
o € /\"_k’”_k(T, M ), restricted to a random subspace of dimension n — k of T,IVI
Lemma 13.5.1 below shows how to evaluate such expectations, and in our case it
follows from the lemma that

E {TrLrl ((—v2y‘|D)"—") 7,

-1
~ n i7
V3YiD.1 Jt} = (k> T M (( 2V )"~ k) T
(13.3.6)
To complete the computation, we now need to evaluate

E [TrT’ (( vzym)"—k) J, } .
Recall (13.3.3), which gives a different way of writing Vzﬂ p. In particular, consider

the second term in the last expression there, which involves the term

k

> (PL VT Ve VR
ij=1
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We want a more user-friendly version of this. To obtain it, for the moment we drop
the dependence on ¢ and define

Zgz, (PLVF, V'),

where the gl.; 12 are the elements of the matrix G~1/2 (= Gil/ 2) Then, conditional

on Vyl, el Vyk, szl, el szk, we have V. ~ N (O, Ixxx). Since the conditional
distribution does not depend on the conditioning variables, the V; are actually inde-
pendent of them. Furthermore, since the Vy’ and V2y/ are all independent of one
another, we have that for each 1,

k

> (P, Vi)l iy & Z Vw22l
i,j=1 i,j=1

where W ~ Wishart(n, Iy «), independently of everything else.
Consequently, by (13.3.3), we can write

T M (( 25 )"~ ") J, (13.3.7)
« n—k
Enlit | [v25- Y W Avy Jdet(W),
i,j=1
where, as above, W ~ Wishart(n, I;«;) and the random matrices Vzi,, V2 ytl, R

V2yk are independent and identically distributed.
From Lemma 13.5.2 below it then follows that

E [TrT’ (( vzy‘D)"*k> J,] () ~k/2 o {TrW ((—vzy)”*")} .
(13.3.8)

This last expectation, however, is not new, for we have already computed almost

identical terms in Chapter 12. In particular, it follows from Corollary 12.3.2 and the

computations at the end of the proof of Theorem 12.4.2 that

n!
(n —k)!

/ E T (=925 | Ha(dn) = @) "0 — k1L (D).
M

Putting all the pieces together, we have enough to prove (13.3.1), and so we are done,
modulo proving Lemmas 13.5.1 and 13.5.2, which we defer to Section 13.5. O

Our next step will be to extend Theorem 13.3.1 from manifolds to Whitney strat-
ified manifolds. In fact, one can go marginally further than this. Define a family of
additive functionals \I',f on C? Whitney stratified submanifolds M of a manifold M
by setting, in the notation of Theorem 13.3.1,
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j A
W/ (M) =E{L;(M N Dgz)}.
Then the following result shows that the \IJ,{ and the £; are very closely related.

Theorem 13.3.2. Let A7I yl, e, yk, Zli and D, be as in Theorem 13.3.1, and let M
be a regular stratified submanifold of M. Then, for all j < dim(M) — k&,

—kp2 lk+ 1!
[j1!

In the notation of the linear functionals described above, this can be written as

E{ﬁj(MﬂDzk)}z(Zn) £k+j(M)~

[k + /1!
Tl

Proof. Most of the hard work has been done in the proof of Theorem 13.3.1, and what
remains is some bookkeeping. As was the case for the proof of Theorem 13.3.1, the
strategy of the proof is to derive an expression to which we can apply Lemma 13.5.2.
Similar arguments to those appearing in the proof of Theorem 13.3.1, but taking into
account that we now have boundary terms to deal with, show that

W] = 2) 72 Lt ;.

E{¢ (M Dz,)) (13.3.9)

" 1 1 -
=) T / E{a (m: M 0 Dz,) Teh (=V35ip) ),
= =0 Jam

PLV =0} pr,, w5 Hi (@),

where 7 is again an independent copy of the y/ being used as a Morse function and
« is the normal Morse index of Section 9.2. As for the other terms,

Jr = v/ det(Gy),

where G is the k x k matrix with elements

A ; j
giji = (PramVyi, PramVy]),
while

L; = span [PT,a,MVy,i, 1<i< k} (13.3.10)

and we write L,l to denote the normal space to L; in 7;0; M. Finally, we have

n=Vy — PL,Vy (13.3.11)
1
= Pioam Vi + ) (V5 PramVyDe’ PramVyi,
i,j=1
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and

l
V3ips = V25 — Y (V5. PramVy)el Vil + Sy, (13.3.12)
i j=1

Here the g;'j are the elements of Gl_l, S is the second fundamental form of 9; M as it
sits in M, and

l
v = Pray V3 = Y (Y5 PramVyDe PiouVyi. (13.3.13)
i,j=1

The term Vzﬂ p.r in (13.3.12) deserves some explanation. It is the Hessian of the
restriction of ¥ to ;M N Dz, , and seeing that it has the above form takes some work.
Consider two vector fields X, W on 9;M N Dz, and let V denote the Levi-Civita
connection of 9;M N Dz, . Then, from the definition (7.3.22) of the Hessian and the
compatability property (7.3.11) of V, we have

V23 p(W, X) = W(VY, X) — (V¥, Vi X)
= W(Vy, X) — (V5. VwX) + (Pfs VW X. V5)

l
+ Y (VWX PramVy e (PramVy', V3),

r,s=1

with the second line coming from the form of the projection of vectors in Tt]l71 to
T,(4M N Dz,).
Now note that

(X, PramVy") = (W, PrauVy") =0,
for all 1 <r < k, which implies, again by (7.3.11) and (7.3.22), that
(VwX, PramVy') = =V (W, X).
Substituting this in the above gives

V3ip(W, X) = V2F(W. X) + (Vw X, Py, V)
1
— Y (VT Pram VY )8l Vil (W. X)

r,s=1

= VW, X) + Sph vy Ws X0

- Z (V. PromVy*)er V2ylyu(W, X),

r,s=1
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on applying the Weingarten equation (7.5.12). Furthermore, by the definition (7.5.8)
of the second fundamental form and the Weingarten equation, the rightmost term in
the last summand can be rewritten as

V3l (W, X) = V2y (W, X) + (Vw X, Py V')
Substituting this into the previous equation gives

V3ip(W, X)
l
= VIF(W. X) = Y (V. PramVy )g V2" (W, X) + S, (W, X),

r,s=1

which is (13.3.12). Thus, all the terms in (13.3.9) are well defined and we can turn
to evaluating the right-hand side there.

As in the proof of Theorem 13.3.1, this evaluation relies on getting everything
into just the right form for applying Lemmas 13.5.1 and 13.5.2.

Applying Lemma 13.5.1 to (13.3.9) and using the independence of Vy and V27,
we immediately find that

E {(p (Mn DZk)}
3!
— (I~ k)
x / E{a(n; M 0 D7) Telt (=V250) ™)1 P, VT = 0} pp,, w5 (OYH; (d1)
M

n
— Z(Zﬂ)_(l_k)/zk—

!
I
I=k

) [ Ef{a(n: M N D)) T (V251 0) %) J,  Hi (d).
M

We now want to apply Lemma 13.5.2 to the expectation here. The expression
above for V2§| p is of the right form, but this is not so for the term involving the
normal Morse index. However, an application of Theorem 9.2.6 shows that in fact,

a(n;; M N Dz) =a(v; M),
which is of the right form. (Recall that 1, and v; are defined, respectively, by (13.3.11)

and (13.3.13).)

Consequently, using this equivalence and Lemma 13.5.2, we find that
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E{(p (Mﬁ DZk)}

=Z(2nr<’*">/2% /3 Ela (4 M) T (=9 25) ) ;| o)
1=k oM

V
_ l/2 :
Z(Z ) k)!
x/ E{a(PTta,MV%;M)TrTrW(( V25)- k)}H,(dt)
M

Once again, similar computations to those appearing at the end of the proof of Theo-
rem 12.4.2 show that the final expression above is equal to

Q) PR Lr (M),

and so we are done. O

13.4 Mean Intrinsic Volumes: The General Case

We can now formulate and prove the main theorem of this chapter, which generalizes
to general Whitney stratified manifolds and to nonisotropic processes the Euclidean
result of Theorem 13.2.1.

Theorem 13.4.1. Suppose that M is a regular stratified manifold and that f is a
centered, unit-variance, Gaussian process on M satisfying the conditions of Corol-
lary 11.3.2.

Then, for every 0 < j < dim(M),

dimM—j -
E{L;(Au(f. M)} = Y [’f’}pz(uww(m, (13.4.1)

=0

where the Ly on both sides of this equation are computed with respect to the metric
induced by f as at (12.2.1), the combinatorial coefficients are defined in (6.3.12),
and the p; remain as in (12.4.2).

Proof. The proof mimics that of the Euclidean, isotropic version of the result in
Theorem 13.2.1, using the Gaussian Crofton formula of Theorem 13.3.2 rather than
the standard Crofton formula.

We start by fixing 0 < j < dim(M) and again introducing an auxiliary set
of Gaussian processes yl, e, yf and a Gaussian random variable Z; as in Theo-
rem 13.3.1, satisfying the conditions required there. As before, write

Du:[teM:y}:ul,...,le:uj}.

Then, by Theorem 13.3.2,
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(2;,)/'/2

E{L;(Au(f, M)} = Tl E {Lo(Au(f. M) N Dz))}
_(zn)j/Z

L

We now note that with probability one, the sets M N Dz; are Whitney stratified

E{E {Lo(Au(f, M) N Dz,)|Dz;}} .

manifolds,> and so we can apply Theorem 12.4.2 to compute the inner expectation
above, giving

E{Lj(Au(f, M)} = N Y pE{Li(M N Dy}
’ =0
iy dim M—j .
(2m)i/? _ipll+ 1
= u)2m) I/ Ljw(M),
T g pi() @) = L (M)
again by Theorem 13.3.2. However, this is (13.4.1) and so we are done. O

13.5 Two Gaussian Lemmas

We conclude this chapter with the two lemmas we promised during the proof of
Theorem 13.3.1. They are stated in somewhat more generality than what is needed
there. It turns out to be not much harder to prove the more general results, and as
currently formulated they may also turn out to have broader application.

Both lemmas turn out to be exercises in (statistical) multivariate analysis, for
which the standard reference is Anderson [12]. In particular, both proofs exploit
some basic facts of Wishart distributions, which we now summarize and proofs of
which can be found in [12, Section 13.3].

As noted earlier, the Wishart (n, X) distribution is the distribution of a matrix W
with elements of the form

n
Wij = Z Xmi Xmj

m=1
where the k n-dimensional vectors X,, = (X;u1, ..., Xmk) are independent, each
distributed as N (0, X). Alternatively, writing X for the n x k matrix with X,, being
the mth row, we have W £ X'X.

5 This follows from arguments similar to those used in Chapter 12 to establish the fact that
Ay, (f, M) is a Whitney stratified manifold. Specifically, note first that

MmDij{zeM:y;'—zj=0, 15i§k}.

Since the components yti are assumed suitably regular and Z; is just a random shift of
each component, the regularity of M N Dy, is essentially the same as the zero sets of the
vector-valued field y.
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The probability density of (the elements of) W is of the form
|W|(1—k—=1)/2—(Tr W)/2
2RT(3)

: (13.5.1)

where

k
e(n) 2 7H6DAT] T <n - %(j - 1)) .

j=1

We shall need two properties of the Wishart(n, Iy xy) distribution. The first is
the rather immediate fact that for any W ~ Wishart(n, Ixxx) and any orthogonal
matrix A,

AWA Ew. (13.5.2)

The second follows immediately from the fact that the density (13.5.1) can be rewrit-
ten as

Py —k=D/2 —¥*_ 32
j:l)‘j e

27K/20 () ’
where A; < --- < A; are the (real) eigenvalues of W. It states that for W ~
Wishart(n, Iy xx),
r k
det(W) = [ ] o1 (13.5.3)
j=1

where we read the right-hand side as “the product of k independent x 2 variables, with
degrees of freedom running from n 4+ 1 — k to n.”” An immediate consequence of this
is that

k
E{det(W)} =[[(n +1—j) =
j=1

n!
(n—k)!

(13.5.4)

Here is the first of our two lemmas.

Lemma 13.5.1. Let (V, {, ) be an inner product space with dim(V) = n. Suppose
that Ly C V is a uniformly distributed random subspace of V of dimension k, in

the sense that gLy é Ly for all orthonormal transformations g of V. Then, for all
double forms o € N\ (V),

E {TrLk (a)} )
0 otherwise.

TV (@), j <k,
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Proof. Firstly, we note that the case j > k is trivial, since then o = 0 by definition.
Secondly, by the linearity of double forms we note that it suffices to consider the case

ot:(a)l/\~-~/\wj)-(a)1/\-~-/\a)j) (13.5.5)
for some orthonormal set {wy, ..., w;}. Note that from the definition (7.2.6) of the
trace operator,

TrV (@) =TtV (w1 A Awj) - (01 A Awj)) = L. (13.5.6)

Finally, we claim that it also suffices to consider only the case j = k. To see this,
note that for an « of the above type,

Trl* (o) = D (7N I (TR B ) B

where {61, ..., 6} is a (random) orthonormal basis for L;. Note that the individual
terms in the sum all have an identical expectation, due to the assumed distributional
invariance of Ly (and its subspaces) under orthonormal transformation. Hence

E T @] = (I;)E{oz (01,2, 0;). (B1, ... 0;))) (13.5.7)

_ (i)]EHTrL-/ (a)}.

Thus, to compute the expected value of the trace of an o € /\j J (V) on a uniform
subspace of dimension k, it suffices to compute it on a uniform subspace of dimension
Jj- Consequently, we shall now concentrate on the form (13.5.5) for the case j = k.

To this end we introduce an auxiliary set of random vectors, X1, ..., Xi, taken
to be independent, identicially distributed with distribution yv.6 Then, for « of the
form (13.5.5), it follows from the definition of the trace operator that

a (X1, ..., X0, (X1, ..., Xp) = det(g) Trl (a),

where
gij = (X, Xj) ~ Wishart(n, Ixk)

is independent of L.
Let Z* = span{wy, ..., w} and, using the usual identification of V and its dual
V*, let V be the corresponding subspace of V. Define

Y = P{;X,’ ~ Y.
Note that

6 Recall that this means that for any x € V*, the dual of V, the real-valued random variable
x(X) is distributed as N (0, ||x]|).
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(X1, Xe), X1, oo X)) =a (Y, - Ye), Y, oo, Y1) .
However, the right-hand side here has a particularly simple distribution, since
a((Yr,....Y), (Y1, ..., V) =det(¥),
where
gij = (Yi, Y;) ~ Wishart(k, Ixxi).
Collecting equivalences, we now find that
det(g) Tr'* (o) = det(3).

Taking expectations over Ly, g, and g, recalling the independence of Lj and g, and
applying (13.5.4), we find that

—1 —1
E{Tr”%oz)}:(Z) :(Z) ™ (@),

the last equality following from (13.5.6). Combining this with (13.5.7) completes
the proof. O

The second, unrelated, lemma is the following.

Lemma 13.5.2. We consider three sets of random variables: a vector Z, a matrix W,
and a sequence Uy, . .., Uxy1 of vectors. All are independent, with distributions

Z ~ NQ, Iixk), W ~ Wishart(n, Ixxk), Uj~N(QO, %),

where X is an arbitrary covariance matrix.
Then, for any homogeneous functions G| of degree | and G, of degree r,

k k
—1/2 ~ —1/2
E{G | Ui+ Y zw; Pu; | G | D ziw ;2 | Vder(w)
i, j=1 ij=l

— @uy MOl g 0 EG2)).

(n—k) wp—1—k—r
In particular,

2l

k
E | Ui+ > zw;Pu; | Vderw)

i,j=1

2! _ n! Wp-21
= et L g [Ufl}.
112 (n—k)! wy—2—k
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Proof. For ease of notation, we first consider the case (~3, = 1, since there is really
little change until the final step.

Let Pw denote the distribution of W on Sym, ;, the space of k x k symmetric
matrices. Then

k
E G Uk+1+ZZ,-Wl.;1/2Uj Jdet(W) (13.5.8)

ij=1

:/ f v det(w)
SYmkxk Rk

k —1z1/2
124, e
xE{G; Uk+1+.ZIleij Ui | { Gyt 4B w(dw)
L ]=
=/ / det(w)
Symy, JRF
k efzwz’/Z
x E 1 G Uk+1+ZZjUj Wdz]?w(dw).

j=l1
In order to simplify this expression, fix Z and consider the expectation over W.

Take an orthornormal matrix, say Oz, with first row equal to Z/|Z| and the re-
maining rows chosen arbitrarily (but consistently with the first). Then, as we noted

at (13.5.2), OzW O/, £ W, and we can write det(OzW O’) as the product of x?2
random variables (cf. (13.5.3)) the first of which is actually ZWZ'/|Z |2.

Taking the expectation over these terms, we have k — 1 expectations of x? vari-
ables, along with

z2 ¢

’

r=—|Z12/)2

Z} ) {Xne_lzlzx"/z

Z—dM A
}_a’_k x, (A)

where X,, ~ x2 and My, is its moment-generating function. However, this is equal to

d 1 n/2 1 n/2—1
JR— =n D ——— .
dh (1 —2x> A= 1ZP)2 (1 + |Z|2>

Substituting this into the last line of (13.5.8) gives that the expectation there is equiv-
alent to

k—1
em ™ T]E {x,f_,} / n(1+ [zH!/Fnt (13.5.9)
X k

j=1 R

«ElG, Ups1 + Y 5_, iU dz
V1+]z|?
!

:(Zn)*k/Zn—]E{Gl (Ul)}/ (1 +|Z|2)Z/27n/271dz.
(n —k)! Rk
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Finally, since the integral here is, effectively, that of a multivariate ¢ density with
n — [ — k + 2 degrees of freedom and covariance parameter (n — [ — k + 2) "k
(cf. [12]), we have

/];%k F(%t+1)  on-i—x

and after putting all the pieces together, the proof is done.

Now suppose that G, is not identically 1. Then, the proof proceeds exactly as
above up to the point (13.5.9), keeping in mind that we had made the substitution

k
~ —1/2
2= 2= E W[/ Zjs
i,j=1

and the integral
f (1 + |Z|2)1/2—I1/2—1 dZ
Rk
is replaced with
f G+ [z dz.
Rk
Finally, exploit the homogeneity of G, to see that

E{G,(Th-1-k42)}
—r/2 ~
=E { (Xr?—l—k+2) } E{G:(2)}

(n—l—l§+2—r)
= 2—}"/2 . ﬂ_(n_l_k)/z(,()n_]_k T—}-ZE {5,« (Z)} . O
r(=7)
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Excursion Probabilities for Smooth Fields

As we have mentioned more than once before, one of the oldest and most important
problems in the study of stochastic processes of any kind is to evaluate the excursion
probabilities

P {Sup ft) > u} , (14.0.1)

teT

where f is a random process over some parameter set 7. As usual, we shall restrict
ourselves to the case in which f is centered and Gaussian and T is compact for the
canonical metric of (1.3.1).

In this chapter we shall restrict ourselves to the case of parameter sets that are
locally convex manifolds, and so shall write M rather than T for the parameter space.
The reason why we require local convexity will become clear from a counterexample
in Section 14.4.4.

In particular, we shall show that for such M and for smooth Gaussian random
fields f,

‘]P’{Sup f@ = u} — E{e (Au(f, M)}

teM

<0 (e*‘wz/(z“z)) , (14.0.2)

where ¢ is the Euler characteristic, A, (f, M) is the excursion set of f over M, o2
is the variance of f (assumed constant), and o > 1 is a constant that we shall be
able to identify. Since we already have explicit expressions for E{¢ (A, (f, M))} in
Chapters 11 and 12, we can rewrite (14.0.2) as

N
IP| sup £ () = u} = CoW (g) +uNe 2 3 € (14.0.3)

j=1
+ O(efau2/2<72)

where the C; are constants depending on o2 and the Lipschitz—Killing curvatures of
M with the Riemannian structure induced by f, and N = dim(M).
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A little thought shows that (14.0.3) is really a remarkable result. If we think of
the right-hand side as an expansion of the form

N
CoV (g) + e_"2/2‘72 Z CjuN_j + error,
j=1

it would be natural to expect that the error term here would be the “next” term of
what seems like the beginning of an infinite expansion for the excursion probability,
and so of order u—le—*/20" However, (14.0.3) indicates that this is not the case.
Since o > 1, the error is actually exponentially smaller than this.

Our main result, which formalizes the above, will be given in Theorem 14.3.3.
It has a number of precursors, the closest being a recent paper [159] with Akimichi
Takemura, from which most of this chapter is taken.! Takemura and Kuriki [148]
had a version of Theorem 14.3.3 for Gaussian fields with finite Karhunen-Lo¢ve
expansions. Their approach was somewhat different from the one that is adopted here,
in that they used the tube formulas of Chapter 10 to compute the excursion probability,
and showed, via a kinematic formula on the sphere, that this is equivalent (up to a
superexponentially small error) to computing the expected Euler characteristic. In
both [148] and [159] it was recognized that the expansion in (14.0.3) is actually the
expected Euler characteristic of an excursion set.

An important precursor to all of these results was an approximation of Piterbarg
[126, 127], who obtained a result like (14.0.3), over a class of subsets RN, although
without realizing that the expected Euler characteristic of an excursion set was in-
volved. We shall return to Piterbarg’s seminal results at the end of the chapter, when
we can appreciate them fully with the benefits of hindsight.

There is also a rich literature of results, dating back over half a century to Rice’s
formula (11.1.4) on R' and thirty years to [2] for the first calculation of an expected
Euler characteristic, which uses these formulas to approximate excursion probabil-
ities. Beyond the theory, these are approximations that have been heavily used by
practicioners in a wide variety of areas (cf. [8], our planned next volume). The liter-
ature of applications, naturally enough, had little, if anything, to say about either the
validity or the accuracy of the approximation. The theoretical papers (which gener-
ally treated only stationary processes over smooth Euclidean domains) were able to
give various justifications for the validity of the approximation, but were never able
to identify its precise level of accuracy. Doing so, particularly for the wide class of
parameter spaces with which we are working, is the central aim of this chapter.

The main result of this chapter is contained in Theorem 14.3.3, which gives a
precise bound on the difference between excursion probabilities and expected Euler
characteristics of excursion sets for Gaussian fields.

The path toward proving Theorem 14.3.3 is surprisingly technical, although the
idea behind it is actually quite simple. In principle, since we do not know much

I [159], piecewise smooth manifolds were defined in a somewhat different fashion, but
this leads to no significant differences in either the results or their proofs.
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about how to compute excursion probabilities, but we do know a lot about comput-
ing expectations, we turn the probability problem into an expectation problem by
introducing the random variable

M, 2 the number of global suprema above the level u.

Suppose that f has, almost surely, a unique global supremum, a situation that will
generally hold (as we shall show) for smooth random fields. Then

L, supy f(t) = u,
Mu = .
0  otherwise.

It is therefore immediate that

IP’{ sup f(t) > u} =E{M,}.
teM

In order to compute E{ M}, } we need to find a point process representation for M,, itself,
much as we did for the Euler characteristic, in which case the representation came
ready made from Morse theory. We can then use the theory of Chapter 12 to develop
an integral expression for E{M,}, analogous to those we developed for computing
E{p(A,)}. Although we were actually able to evaluate the integral expression for
E{p(A,)}, it turns out to be impossible to evaluate it for E{M, }. Consequently, we
shall take the difference between the two expressions, and work on this in order to
bound [E{M,} — E{p(A,)}| or equivalently, [P{sup,c,, f () > u} — E{p(A,)}]. All
of this is done in Sections 14.1 and 14.2 for quite general smooth random fields.
In other words, Gaussianity is not assumed, and so these arguments lay the basis
for quite a general theory. In Section 14.3 we specialize to the Gaussian case and
derive bounds that begin to look computable. This is the central Theorem 14.3.3 we
mentioned above. Finally, in Section 14.4, we shall see how to apply Theorem 14.3.3
in specific Gaussian scenarios, for which, after some work, the bounds become simple
and explicit.

The first step of this procedure, that of finding a useful point process representation
for My, turns out to be surprisingly difficult and extremely technical. We therefore
start with it.

14.1 On Global Suprema

Our setting will be that of Chapter 12, so that (M, g) will be an N-dimensional, locally
convex, regular stratified manifold (M = Uj'v:o 0;M) embedded in a C 3 manifold
(M, ). o

Furthermore, we take a random process f € C%(M), write f for the restriction
of f to M, and assume that f is a Morse function on M.

Of course, since f is random, each of the above requirements on }7 and f is
assumed to hold with probability one.
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However, our argument starts in a purely deterministic setting, searching for a
way to characterize global suprema of smooth functions. Thus, so as to make it clear
which parts of the argument are deterministic and which stochastic, we start with (a
realization of f, denoted by) %, which satisfies

AN

?zeCz(]VI), h = h|y is a Morse function on M.

14.1.1 A First Representation

Our first representation of global suprema lies in the following lemma, whose main
contribution lies in its third set of conditions.

Lemma 14.1.1. With M, Z, and h as above, fixt € 0;M, for some 0 < j < N.
Choose o' € C*(M, (—o0, 1]) such that

a'(s)=1= h(t) =h(s), o'(t)=1.
Then t is a maximizer of h above the level u if and only if the following three conditions
hold:

(W) h(t) > u
(ii) Vh(t) € N,M, where N;M is the normal cone to M at t. Thus t is an extended
outward critical point of h (cf. Definition 9.3.4).
(iii) Forallt € M,

h(r) = sup h'(s),
seM\{t}

where forall s € M,
h(s)—a' ()h(t) Olt(S) # 1

ht(s) é 1—al(s) ’
h(s), al(s) =1.

Furthermore, if Vo' (t) is nondegenerate, and t is a critical point of hyy; m, then
for any C? curve c : (=6,8) — ;M withc(0) =t, ¢(0) = X, € T;0; M,

V2o, (D) (Xr, X)) = Very 3 (O (Xy, X)h(1)
=V2afy 4 (X1, Xo)

limoh’(c(u)) = (14.1.1)

Note that the condition that a’ () = 1 ensures that for each t € M, ¢ is a critical
point of o’

Proof. The condition A (t) > u is self-evident. Suppose, then, that t € 9; M, 0 <
i <k, is a maximizer of h. Then, Vﬁ(t) € N;M. Otherwise, there exists a direction
X, € §;M such that g, (X, Vﬁ(t)) > 0 and ¢ cannot be a maximizer.

Because ¢ is a maximizer, for all s such that o/ (s) < 1 it follows that
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h(s) — o' (s)h(t)

o) < h(1).

On the other hand, if o’ (s) = 1, then, by choice of &', h(s) = h(t), which proves that

h(t) = sup h'(s).
seM\{t}

To prove the reverse implication, assume that ¢ is an extended outward critical
point of Ay, s and

h(t) > sup h'(s).
seM\{r)

Now suppose that ¢ is not a maximizer of 4. Then there exists s € M \ {t} such that
h(t) < h(s).
In particular, for such an s, our choice of & implies that &’ (s) < 1. It follows that

h(s) — o' (s)h(t)

h(t) < T a'(s)

which yields a contradiction.

The limit (14.1.1) follows from two applications of 1’Hopital’s rule. Specifically,
we note that 7 is a critical point of 4|3, ;7 by assumption and the properties of o’ imply
that # must also be a nondegenerate critical point of . Therefore,

h(e@w) — o' (c)h@) _ . A (h(c)) — o' (c)h@))

lim

u—0 1 — (xt(c(u)) u—0 % (1 _ OC[(C(M)))
i A £ (h(e(u» — o (cw)h()
Tum0 L ai(ew))

To compute the numerator and denominator here note the following: Fixat € o; M
and take 8 € C2(3; M) for which ¢ is a critical point of 8. Letc : (—§,6) — 0; M be
a C? curve with ¢(0) = ¢ and ¢(0) = X,. Then

dZ
lim —— f(cw) = V2B(1)(X,, X,).

Apply this fact to each term in the last ratio above and use the assumed properties
of o' to complete the proof. O

Although we are currently in a deterministic setting, it is nevertheless worthwhile
to “think stochastically” for a moment, to see what Lemma 14.1.1 has gained us. A
much simpler and, indeed, trivial result would be to say that ¢ is a maximizer of & if
and only if conditions (i) and and (ii) of the lemma hold, and if (iii) is replaced by
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h(t) > sup h(s).
seM\{t}

(Of course, this replacement for (iii) means that (i) and (ii) must automatically hold.)
This seems far simpler than the original (iii) and does not require the introduction of
the seemingly unnecessary function a'.

However, now think of 7 = f as a mean zero, unit-variance Gaussian field, and
leta’(s) = p(t, s), where p is the correlation function of f. It is trivial to check that
foreacht # sin M,

E{f®f' ()} =0,

so that f(¢) and sup,, M\{1) f*(s) are independent, something that is not true of f(¢)
and supc () f (5). Itis to gain this independence that we have introduced o and
h'. In fact, if life were good, we would stop here and count ourselves lucky at having
already found a useful point process representation for global suprema, as required
in the outline of our plan of attack. However, life is not always good, and indeed, we
shall soon see that the function (s, t) — h’(s) can have some unpleasant properties.

14.1.2 The Problem with the First Representation

Despite all that we have said so far about the functions /4, we have not looked too
closely at their properties. From (14.1.1) we know that 4’ (s) is continuous as s — ¢
in 9; M, but we have not looked at other directions. In fact, in other directions Al is
badly behaved. Itis straightforward to check, again by two applications of I’Hopital’s
rule, that

Vi) € NNM < sup h'(s) < oo, (14.1.2)
seM\{t}

Vi(t) e NM = inf h'(s) = —o0.
seM\{t}

In other words, there are paths of approach to ¢, in M butnot in d; M, along which the
behavior of A’ is highly singular. We now begin attempting to resolve this singularity,
with the solution finally appearing in Corollary 14.1.5, which gives a useable point
process representation for global maximizers. The stochastic version of the solution
appears in Corollary 14.1.6.

14.1.3 A Second Representation

Our aim in this section is to replace the function 4’ we studied above by something
smoother, although, unfortunately, it will be somewhat more involved. In order to
profit from the characterization of global maxima as certain types of extended outward
critical points (cf. Lemma 14.1.1), we shall ensure that the replacement function will
be identical to our original A’ at critical points. Furthermore, we shall show that for
this new function, which we shall continue to denote by A’, the function
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W) 2 sup hl(s) (14.1.3)
seM\{t}

is continuous at critical points of 4 if additional smoothness conditions are placed on
the functions &'. This will be the main result of this section.

Our strategy will be to augment M around a neighborhood of t € 9; M with
additional information that allows us to examine functions on M in finer scales. This
will lead to a “correction term” to 4’ that will compensate for the singular behavior
inherent in (14.1.2).

To start, we build the augmented space. Recall that we have assumed that M is
a piecewise smooth space, and so at any ¢ € M it is locally homeomorphic to the
support cone S; M . Furthermore, from Section 8.2, we have that if t € 9; M then we
can decompose the support cone by writing

SM=ToM x K,

where K; is a convex cone that contains no subspace.
For ease of exposition, for the moment we move to a simple Euclidean setting
and replace S; M by

K=LxKCRI=M,

with L a subspace and K a convex cone containing no subspaces. We describe the
construction in this scenario now and return to piecewise smooth spaces later.

In this scenario, the augmented space B(I? ) of K along L is taken to be the disjoint
union of the spaces

X =L x (K\ {0},
X = L x (K N S(RY)).

You should think of X as the image of
(LxK\{(t,s)eLxK:t=s)

under the map W given by
W(t,s)=(t,s — 1), (14.1.4)

and the second space, dX, as the “boundary” of X'. The boundary is attached as
follows: A sequence of points (#,, s,) € X converges to (fy, so) € dX if and only if

tn > o, lsal > 0, |s—| ~ so. (14.1.5)
Sn

This notion of convergence corresponds to a sequence U1, 5,) = (tn, 1y + 51)
converging to the diagonal

{(t,s)efo:s:t}
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along a well-defined direction.

Note that by identifying the tangent bundle 7'(RY) with R? x R? we can think
of B(I’(\) as a subset of 7'(R?) in which the ¢’s above are replaced with X; € §;M C
T;RY. When it is convenient, we will consider B(I? ) as either a subset of R%7 or a
subset of T'(R?).

With an augmented space at hand, we now take our first steps toward a new
definition of A’. Note firstly, however, that the {a'};cp of Lemma 14.1.1 were a
family of functions that did not necessarily arise as the partial map of a function
o:MxM— (—o0, 1]. In some cases, particularly in the stochastic setting below,
this is a natural assumption to make. Doing so allows us to prove the following.

Lemma 14.1.2. Suppose o € C*(RY x RY) is such that the partial map
o' (s) = alt,s)

satisfies the conditions of Lemma 14.1.1 at every t € L and such that the Hessian of
the partial map o' is nondegenerate at every t € L. Then, any hecC 2(R?) maps to

a continuous function h*K on B(K ) as follows:

ek g & h(t +5) — alt, 1 4+ s)h(t) — (Vh;, )R
B l—a(t,t+5)

if either t or s is not in 90X, and
~ = ~ V2h(t) (s,
lim R ) AT — O
(,v)— (t.5) V3a(t)(s, s)
for (t,s) € 0X.

Proof. All we need to prove is the continuity of E‘“? . This, however, follows from
two applications of I’Hdpital’s rule. O

The term
(Vhy, $)Ra
1 —a(,t+s)

above “resolves’ the singularity along the diagonal in some sense. In effect, it forces
every t € L to be a critical point of the map

h(t +5) —a(t, 1 4+ 5)h(t) — (VA(t), s)Ra
~ l—alt.i+5)

To see how to exploit this fact, recall that our motivation for introducing heK was
to describe the singularities in the function A’ (s) at crltlcal points # of 1. (Recall also
that L takes the place of 7;9; M in our general cone K). We are therefore interested
in critical points ¢ of h|, = h| - Note that if 7 is a critical point of &, then, for all
s € RY,
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h(s) —a(t, s)h(t) — (Vh(t),s — t)Ra (PLLVh(t), s —1)Ra
1 —alt,s) 1 —alt,s)

(PLVR(t),s — t)Ra
1 —oal(t,s)

W (s) =

(14.1.6)

WK s — 0+

where PLL represents orthogonal projection onto L, the orthogonal complement of
L in R?. The expression (14.1.6) indicates that at critical points ¢ of &z, k' (s) is the
sum of a well-behaved term, 71“*’(, and a singular term.

This representation holds for all critical points of &|;. However, for later argu-
ments we would like to have something of this form for all # € L and therefore
redefine i’ by setting
h(s)—al(S)hl(f_);[((f)LVh(t)sﬂRq , Olt(S) ;é 1’
h(s), al(s) =1.

B (s) & (14.1.7)

With this final (re)definition of 4, (14.1.6) holds for all ¢+ € L, and furthermore, for
each critical point ¢ of 4|z, the two definitions of A’ coincide. For the remainder of this
section, as long as we remain in the Euclidean settting, we use the definition (14.1.7).
We shall, however, need to adjust it somewhat when we return to the piecewise smooth
scenario.

We now derive some properties of our new h’.

Lemma 14.1.3. PLl Vh(t) € K*, the dual of K C L, ifand only if for any bounded
neighborhood O, of t,

sup h'(s) < +oo.
s€0\{t}

Proof. If PLLVh(t) € K*, then (14.1.6) implies that for all s,
n(s) <K@, s — ).

However, by Lemma 14.1.2, 7%k is continuous in s, and therefore bounded on
bounded sets. This proves one direction of the lemma.

For the other, if PLJ- Vh(t) ¢ K*, then there exists a unit vector v € K such that
(Pg-Vh(t), v)re > 0 and r + v € Oy for sufficiently small §. Equation (14.1.6)
then implies that

lim A’ (t + §v) = 400,

510
since the numerator on the right of (14.1.6) is strictly positive of order O(8) for §
small, while the denominator is of order O (82). O

Lemma 14.1.4. IfPi‘Vh (t) € (K*)°, then, for any bounded neighborhood O of the
origin in RY,
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Wo (1) A sup h(s)
seKN({t}®0)\{t}

= sup (ﬁ“’g(x, v) +

(PEVh(), v)Rq)
veKN(0\{0})

1 —a(t,t+v)
is continuous in t.

Proof. We first note that by (14.1.6) the two suprema above are equal, and so it
suffices to consider the second one.
Consider a convergent sequence

{(t, va)}nz0 — (x,v™(1)

in B(I? ) along which the supremum Wy (¢) is approached. Then either ||v, (¢)||re > O
for all n sufficiently large or ||v,(¢)|[ge — 0. In the first case it is immediate that
(z, v*(¢)) is in X, and as we will show in a moment, in the second case (¢, v*(t)) €
aX N L x S(L), where S(L) is the unit sphere in L. In other words, the limiting
direction v*(¢) is in S(L). Furthermore, if ||v,(¢)||rs — O then it is easy to see that
the sequence (¢, Prv,(¢)) also achieves the supremum Wy ().

To see why v*(¢) must be in S(L) in the second case, suppose that (¢, v, (z))
converges to (x, v*(t)) with v*(¢) € K \ L. Since PLLVh(t) € (K*)° it follows that

(PEVR(1), v* (1)) < O.
Therefore, applying the same argument as in (14.1.6),

. (PEVR(), va (1)) Ra
lim = —00,
n—>o0 1 —a(t,t + va(t))

which contradicts the assumption that
lim At + v, (1)) = Wo (r).
n—o0

The above implies that for any ¢+ € L and any convergent sequence (x, v,(t))
achieving Wy (¢) we can either assume that v, (¢)| is bounded uniformly below, or that
v, (1) € L for all n. Continuity of Wy (t) now follows, since for such sequences both

sup (7R 1, wa(0)) = K (s, 0, 1)

seB(t,5(g))
and

(PEVR(), vy (D)re  (PFVh(s), va(t))Ra

1 —a(t, t +v,(1)) 1 —a(s,s + v,(1))

sup
sEB(1,5(¢))

goto 0 as n — oo. This completes the proof. O



14.1 On Global Suprema 359

Lemmas 14.1.3 and 14.1.4 give us what we need for the Euclidean scenario, that s,
a candidate for i’ that is well behaved and that we can plug into our characterization
for global suprema. The same arguments also work for piecewise smooth spaces,
after some slight modifications.

Specifically, the map W, defined in (14.1.4), has no natural replacement for a
piecewise smooth space. However, we can think of B(K) as a subset of the tangent
bundle T (R?), so that we can think of W as a map from R? x R? to T'(R?). Translating
this to the piecewise smooth setting, we should therefore look for a replacement map,
say H, from M x M to T(M) such that for each 1 € M,

H({ty x M) C T,M. (14.1.8)

One of the key properties of W was that for sequences (#,, s,) € X converging to
(t,0) € 0X for which the unit vector

ty — Sn
ltn — snllra
converged in S(R?) (cf. (14.1.5)), W (t,, s, ) converged to a pointin X'. We can replace

this property of W by asking the following of H. For any C! curve ¢ : (=8,8) —
M x M with ¢(0) = (c1(0), c2(0)) = (¢, t) and ¢2(0) = X, we require that

fim 2c20) —HEGD (14.1.9)

u—0 u

Given such an H, we can, once again, redefine i’ fora C 2 function on a piecewise
smooth space M. For t € 3; M, we redefine h’ to be

h(s)—=a' (s)h(t)=E(Vhjs; m (), H(t,5)—a' (s)H (1, t)) ¢
h (s) ! =a’(s) ) #EL 44100
h(s), a'(s) =
Note that at critical points of /2y, s (¢) we always have that Vi 5, s = 0, so that the
term in g in (14.1.10) disappears, as it does for (i) in Lemma 14.1.5 below. Having
made this observation, by working in suitably chosen charts, it is not difficult to prove
the following lemma.

Lemma 14.1.5. With M, E and h as above, suppose that a € C2(A7I X 1\7 (—o0, 1])
is such that the partial maps o' (s) = «(t, s) satisfy

o' (s) = 1= h(t) = h(s), a'(t) =1,

for every t € M and such that the Hessian of the partial map o' is nondegenerate
atevery t € M. Furthermore, suppose H : Mx M — T (M) satisfies (14.1.8) and
(14.1.9), and let h' be defined as in (14.1.10).

Then t is a maximizer of h above the level u if and only if the following three
conditions hold:
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() h(t) —8(H(, 1), Vhjm(1)) > u.
(ii) Vh(t) € N/ M.
(i) Forallt e M,

ht) > W) 2 sup R (s).
seM\(r)

Furthermore, for every t € 3; M and any C? curve ¢ : (—=8,8) — 8; M with ¢c(0) =1t
and ¢(0) = X;,

V2 (h() —Z(H'(), Vhgu (D)) (X¢, X;)
—V2aly 1 (X, X;)

— (h(@®) = 3(H' (1), Vhjgm (1)),

lim 7' (c(?)) = (14.1.11)
t—0

where H' is the partial map H'(s) = H(t, s).
In addition, the function

W@ 2 sup hl(s)
seM\{t}

is, for each 0 < i <k, continuous on the set
. 1 1 o
{t € M : Py Vh(t) € (Piry yy NeM) }

where P%;ai 1 Tepresents projection onto the orthogonal complement of T;0; M in T, M.

To appreciate why all of this hard work has been necessary to characterize some-
thing as simple as a supremum, we need first to translate it all to a stochastic setting.

14.1.4 Random Fields

We now turn to a stochastic version of the previous section, with M a C?, locally
convex, regular, stratified manifold embedded in a C* manifold M and f~ a C? process
on M such that f= ﬁM is a Morse function on M.

We assume that f is L2, with correlation function

o EU©S0)
P = e ()

where o2(1) = E{f2(1)}. B
Although we are not, at this stage, assuming that f is Gaussian, we nevertheless
endow M with the usual Riemannian metric induced by f, so that for X;, Y, € T, M,

FX.Y) SE{X, T v.]}.

As usual, M is given the metric induced by g, and we also assume that both metrics
2
are C~-.
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We also place a new condition on p that we have not met before. It ensures that
the map ¢ f(t) is an embedding of M into L2(2, F,P) and rules out “global”
singularities in the process, a term whose meaning will become clearer later. The
condition is

pt,s)=1 & t=s. (14.1.12)

This condition rules out, for example, periodic processes on R. However, as we shall
see in Section 14.4.4, there is a good reason why this should be the case.

With the above definitions, we can now choose candidates for our functions « and
H of the previous subsection. Specifically, we take an orthonormal (with respect to
g) frame field (X1, ..., Xgin ii.1) on T, M and set

alt,s) 2 p(t,s), (14.1.13)
dlmM
H(t,s) = F(t,s) & > Cov(f(s), X; F) X (14.1.14)

j=1

It is easy to check that the definition of F is independent of the choice of frame
field.

We can then state the stochastic analogy of Lemma 14.1.5, i.e., a point process
representation for the maximizers of the random field f.

Corollary 14.1.6. In addition to the above assumptions, assume that the maximizers
of f are almost surely isolated and that there are no critical points of f|o; m such that
Pﬁ-a MVf(t) € IN;M C T,3; M*. Then the maximizers of f are the pointst € ; M,
0 <i < N, satisfying the following four conditions:

Q) f() —g(F@t, ),V figm®) = u.
(i) Vﬁa m() =0.
(iii) Py, u V() e (PH 70,0 N M)°.
(iv) f(t) = supgepp gy £1(5),

where

fO =) [ O-BEE)—pt)FOD,Y fiyu @)
)=

=) PUSD# L 1411s)
f(s), p(t,s) =1

Note that for later convenience, we have split the condition that 7 be an extended
outward critical point into two parts—i(ii) and (iii).

Proof Note firstly that since there are no critical points of figy such that
T ) uV f (t) € INNM C T, 9;M*, all global maximizers will be such that
PT,al-va(t) is in the relative interior of N;M in T,;3; M+. Thus (ii) and (iii) are
equivalent to the requirement that ¢ be an extended outward critical point.
Next, note that while « and p have been assumed to have almost identical prop-
erties, they differ in one important aspect: While we assumed that &’ (s) = 1 implied
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h(t) = h(s), the same cannot be said to hold when p (¢, s) = 1 unless we also assume
that E{ f(¢)} is constant and E{ f2(r)} = 1 for all r. Nevertheless, a quick check
through the previous proofs will confirm the fact that given the definition of f7, this
difference affects none of the arguments.

Having noted these two facts, we can apply Lemma 14.1.5 on an almost sure
basis, with A replaced by f’, a by p, and H by F. ]

14.1.5 Suprema and Euler Characteristics

We now have enough to finally see what the link is between ¢(A,), the Euler char-
acteristic of the excursion set {r € M : f(¢) > u}, and the global supremum of f.
To do this, we need one more assumption, that the global maximizer of the process
f is almost surely unique. In this case, it follows from Corollary 14.1.6, under the
assumptions made there along with uniqueness of the global supremum, that?

l{supzeM FOzu} = #{extended outward critical points ¢ of f for which

f@) >u, sup f’(s) < f()t. (14.1.16)
seM\{t}

On the other hand, if we return to Corollary 9.3.4, which gives a point set character-
ization for the Euler characteristic for excursion sets over piecewise smooth spaces,
and compare this to the above, we immediately obtain that

‘l{supzeM fzu} ~ o(Aulf, M))‘

< #{extended outward critical points ¢t of f for which

fO zu s fs) > 0.

seM\{t}

While correct, this relationship is not terribly useful, since we have no way of
computing the right-hand side of the inequality. What turns out to be a lot more
accessible is to begin evaluating the expectations of each term on the left, and then
compute with the difference. To do this, we need additional regularity conditions on
f, and adopt those of Theorem 11.3.4 along with the assumption? that for all t € M,

P{W@) = f(t)} =P{W({) =u} =0, (14.1.17)

2 Recall, once again, that at extended outward critical points V fi3,37 = 0, so that all the
expressions in Corollary 14.1.6 involving V f3. p disappear.

3 Sufficient conditions to guarantee that (14.1.17) holds are that for all pairs 1 < i, j < N
and all pairs {(¢,s) : t € 9; M, s € BjM}, the random vector

V(t.$) 2 (@) = £,V fiam. e, (0. Y fia m.E, ()

have a density, bounded by some constant K (¢, s). Then it is an easy consequence of
Lemma 11.2.10 that
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where

A
W) = sup f'(s),
seM\{t}

and f7 is as defined in (14.1.15). Note that none of these additional assumptions
require that f be Gaussian.

Noting (14.1.16), it is then a straightforward* application of Theorem 12.1.1, to
see, in the notation of Chapter 12, that

IP’{ sup f (1) zu}

teM
=E{M,}

N
=3 [ et =5 S 0D yorl ¥ S, = O
i=0 JOM

X PV fio;m,E; () dH; (1),
where
ASYP 2 (F() > u AW (), V(1) € N;MJ,

and where py fiog .5 ©) is the density of V fi5, i, g, () and H; is the volume measure
induced by the Riemannian metric g.

Arguing as in the proof of Theorem 12.4.2 (cf. also (12.4.4)) it is not hard to
see that

E(p(A, (/. M)}
N
=3 | BT 5, O) L9 1) = 0)
i—0 M

X PV figom,i; 0 (0) dHi (),
where
AFC 2 {f) = u, VF() € NM).
]P’{El(t,s) ted;M,yedjM,Vit,s)=0¢ Riﬂ'“} -0,

which implies (14.1.17).

4 Well. .. almost straightforward. A trivial application of Theorem 12.1.1 would require
that W be continuous, which is not the case. However, (an almost sure version of) Corol-
lary 14.1.5 does give us that W is continuous on the open set

{t €M : Pry V) e (N,M)°} :

and, if you check through the proofs leading to Theorem 12.1.1—which is still “straight-
forward” but which would take some time—you will see that this is all we actually need.
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The discrepancy between the mean Euler characteristic of an excursion set and
the supremum distribution is therefore

DifT f py () (14.1.18)

£ Elp(Au(f. M)}~ P| sup £() = u}
teM

N
= Z/ E{det(—V? fio, m.E; ()L 4= [V fla. ., (1) = O}
i=0 M

X PV figm.5; (1) (0) dHi (1),
where
APRR 2 4y < £(1) < W), V() € N,M).

There are three remarkable facts to note about (14.1.18). The first is that it is an
identity, and not an approximation or a bound. The second is that it holds for a wide
class of smooth random fields over a large class of piecewise smooth parameter spaces.
The last is that these smooth random fields were never assumed to be Gaussian.

Given (14.1.18), itis not difficult to guess how the rest of the proof should proceed.
The key point is that the expectation is taken only over the event A?RR, which is
included in the event {u < f(t) < W(¢)}. Now, if you remember our brief stochastic
diversion at the end of Section 14.1.1, you will remember that if f is Gaussian with
constant mean and unit variance, f(¢) and W (¢) are independent. Thus

PlAFR] <Pl < f(0) = W) (14.1.19)
sPlu=fO}yxPlu=wm}.

We know from the very general theory of Chapter 4 that for the smooth random fields
that we are considering it is likely that

P{sup £(1) = u} ~ u sup Plu = f (1)),
teM teM

for some «, and where, since the current argument is heuristic, we make no attempt
to give a precise mathematical meaning to the ~ here. Furthermore, we should
also be able to bound the rightmost probability in (14.1.19) by the general theory
of Chapter 4, since it is just a Gaussian excursion probability. If so, it too is going
to be exponentially small. Putting these two facts into (14.1.19) makes P {A?RR}
superexponentially small (when compared to P {supte u f@) = u}) and, modulo
technicalities, we basically have the result promised at the beginning of the chap-
ter. However, since that result also promised explicit bounds on the rate at which
Diff £ ps(u) — 0 as u — oo, we are also going to have to do some more detailed
computation.

Of course, whatis clear from the above description is that to truly exploit (14.1.18)
we are going to have to make distributional assumptions. Above, we have assumed
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Gaussianity. Perhaps not surprisingly, despite the universality of (14.1.18), we do
not know how to handle non-Gaussian processes.

This is a shame, since in Chapter 15 we shall obtain explicit formulas for
E{p (A,(f, M))} for a wide class of non-Gaussian random fields f, and it would
be nice to be able to exploit (14.1.18) to also approximate their excursion probabili-
ties. We do hope/believe that results akin to those that we are about to encounter for
Gaussian processes will also one day be proven in non-Gaussian scenarios, but for
the moment, we are stumped by the details.

14.2 Some Fine Tuning

While (14.1.18) is an explicit formula for the error in the expected Euler characteristic
approximation, it is still a little hard to compute with. The problem lies in the fact
that while we finally managed to find a version of W () = supsepp (1) f'(s) that is
continuous in ¢ (at least where it counts), f7 itself is still rather badly behaved. In
particular, it is generally singular near 7, with infinite variance.’ This, of course,
means that the approach outlined at the end of the last subsection for the Gaussian
case—of using the general theory of Chapter 4 to handle the distribution of W—is
doomed to failure, unless something is done.

5 To see why this should be so, it suffices to look at one example. Take f to be the restriction
of an isotropic field to [0, 112. Fix a point ¢ = (x, 0). We compute the variance of f* along
the curve

c(u) = (x,0) —u(1,0).
Straightforward calculations show that
F(t,c(u)) =0, F(t,1) =0,

so that

@) — p@, (c@)) f()
1—p(, cu) '

) =

The variance of f!(c(u)) is

L+ p(t, c(u))

Var (' (c(u))) = 1= p(t, cw)’

and

. ' o L+ plem)
Jim Var (f1(eu)) = lim ") =

In general, if € 9; M, then along a curve ¢ : (—§,0] - M with ¢(0) = —X; € M \
T;0; M, we have

li%Var (f"(cu))) = +oo.
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The key to circumventing this problem relies on two facts. Firstly, we are really
concerned only with large positive values of f7, and, secondly, we care about the
behavior of f only on the set

{(z, ®) 1 Piry V(1)) € (PTfal_MN,Mf} . (14.2.1)

We exploit these facts and introduce a process ]‘7 in this section that has, under
appropriate conditions, finite variance while dominating® f7 on the set (14.2.1). The
good news is that this is the last time we shall have to “adjust” f'. The final adjustment
is important, for not only does it make the proofs work, but the variance of jﬁ will
appear as an important parameter in our final result, related to the « in (14.0.3).

The process ﬁ is defined by

F©)—pt.9) fFO—Z(F ()= Py,m F' (), V(D))
HOE RN o PEOFL g0
fs) =8 (F'(s) = Pn,uF' (), V), plt,s)=1,

where Py, m : 7:,]\7 — N;M represents orthogonal projection onto N;M and F:
M x M — T (M) is given by

Bris) = {F(t,s) —p(t, ) E(t, 1), plt,s) #1, (1423)

F(,s), p(t,s) =1,
where F is defined in (14.1.14).

Lemma 14.2.1. We adopt the setting of Section 14.1.4 and the assumptions of Corol-
lary 14.1.6. Then, for every t in the set (14.2.1) of extended outward critical points
and for every s € M,

&) = 1.
Ift € ONM = M°, then equality holds above.
Proof. First, we note that

(= p(t, ) (f) = F16) = F(F'6) = Puu P ), Py y VI 0).

~

Since N; M is a convex cone, it follows that for any ¥; € T; M,
Y, — Py,uY; € N, M*,

where N; M* is the dual cone of N;M, which is just the convex hull of S;M. By
duality,

§(Yi — PyuY, Vi) <0

6 Obviously, ﬁ does not dominate the absolute value of f?. Were this true, f’ would also
have infinite variance and we would have gained nothing.
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for every V; € N;M. Consequently, on the set (14.2.1),
g (Y = PunYe Piyy Vi) <0

for every Y; € T,M . Since F! (s) € T[ZVI for each s, the first claim holds.
As for the second, if ¢t € dyM, then N;M = T;9y M+ and Py,mV; = 0 for all
V, € T, oy M. Similarly,

g (v Py Vi) =0
Therefore, on this set
Z(F'(s) — PvmF' (), V(1)) = 0. o

As far as the continuity (in #) of

Wo 2 sup F1(s) (14.2.4)
seM\{r}

is concerned, it is not difﬁcult\ to show that, almost surely, Lemma 14.1.5 holds with
S replaced by f?, i.e., that W(¢) is continuous on the set

{t € ;M : Piry V(1) € (Pfy y NeM)°).

As we will see in a moment in the proof of Theorem 14.2.2, Lemma 14.2.1
provides the basic bounds for Diff ¢, (u).

Lemma 14.2.1 now easily implies the following theorem, for which, since it is
the main result of this section, we collect all the conditions and notation.

Theorem 14.2.2. Suppose M is a C? compact, orientable, piecewise smooth mani-
fold, embedded in a C3 manifold M. Let f be a C? random field on M, and fits
restriction to M. Let p be the correlation function of f, and assume that the induced
metric is C* and that (14.1.12) holds. Furthermore, assume that foreacht € M the
partial map p(t, -) has a nondegenerate Hessian.

Assume that the maximizer of fzs unique and that there are no critical points of
fio:m such that PTia y V() € INM C T,0; M+

Finally, assume that all the conditions of Theorem 11.3.4 are in force and that for
everyt € M, N R

PW() = f(0}y =P{W() =u} =0,

where W is defined by (14.2.4), where ]‘7 there is defined by (14.2.2).
Then, with Diff g p1 (1) denoting the difference (14.1.18),

| Diff 7, a7 ()|
N
= Z A ” E{| det(—Vzﬁa,M,E, (t))”lBtERR|Vﬁ3iM’Ei () =0} (14.2.5)

X PV fio; M, E; () dH; (1),
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where R
BERR — (u < f(t) < W(n)).

Of course, there is the usual simple Gaussian corollary to the theorem.

Corollary 14.2.3. With M as in Theorem 14.2.2, assume that f is a zero-mean Gauss-
ian field satisfying the conditions of Corollary 11.3.5 and that (14.1.12) holds. Then
(14.2.5) holds.

14.3 Gaussian Fields with Constant Variance

We now come to what is the main section of this chapter, and the last part of the
program we described at its beginning. That is, we shall now actually obtain an
explicit bound for the difference between excursion probabilities and E{p(A,)}.

Our first step will be to show that for each ¢ € M, the process ﬁ of (14.2.2) is
uncorrelated with the random vector V fjs, i (¢). Hence, in the Gaussian case, ]/‘7 (s)1is
independent of V f|. 4 (¢). The following lemma requires no side conditions beyond
the basic ones on M and the requirement that f and p be smooth enough for all terms
to be well defined. Since this is much weaker than the conditions of Theorem 14.2.2,
we will leave more details for later. It also does not require that f be Gaussian, nor
that it have constant variance.

Lemma 14.3.1. For everyt € 9; M, 0 <i <k, and everys € M \ {t},
Cov (f1(s), X, f) =0

forevery X; € T;0; M.

Proof. Noting the definition (14.2.2) of f?, if p(¢,s) # 1, then

(1= p(t,9) Cov (' (5), X, f)
= Cov (f(s) —p(t,5) f(1), X: )
— Cov (§ (F'(9) = Pnu F' (), V(D)) , X, f)
= Cov (f(s) = p(t, ) f (), X¢ /) = F (F'(5) = Py F' (), X1)
where probably the best way to check the last line is to expand all the vectors in the

middle expression and then compute.
If, on the other hand, p (¢, s) = 1, then a similar computation shows that

Cov (F1(s). Xi f) = Cov (f(5)., X, f)
— Cov (Z(F'(s) — Py,uF'(5), VF(1)), X f)
= Cov (f(s). X /) — 8 (F'(s) — Py F' (). X1) .

The conclusion will therefore follow once we prove that for every t € M,
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Cov (f(5). X f) =8 (F'(s) — Pnm F' (s), X1) .
Cov (f(s) — p(t,) f(0), X: /) = & (F'(s) — Py,mF'(5), X1) .

Since the two arguments are similar, we prove only the first equality. The map
F' can be decomposed as

F'(s) = PramF'(s) + Py, F' (s),

where
i
PromF'(s) = ZCOV (f). X)) Xjr,
j=1
R q
PiramF'(5) = > Cov(f(s). X; (1)) X,
j=i+1
and (X1, ..., X4,,)is chosen such that (X1, ..., X; ;) forms an orthonormal basis
for T,0; M, while (X;11,,..., Xy ) forms an orthonormal basis for T,9; ML, the

~

orthogonal complement of 7;0; M in T; M.
Furthermore, since g(X;, V;) = 0 for every X; € T,0; M and V; € N, M, it
follows that

PNert(s) = PN,MP]J‘;QI.MFI(S),
and, for every X; € T;0; M,
F(F'(s) — Py F' (), X0) = B(Pra,m F'(5), X))
+§(Pﬁa,-MFt(S) - PN,MPﬁaiMF’(s), X))
= 8(PramF'(s). X))

=Y Cov(f(s), X; fFNE(X.1, X0)

j=1
= Cov(f(s), X: ),
and we are done. O

If we now assume that f is Gaussian, then the lack of correlation of Lemma 14.3.1
becomes independence, and the independence between the process f* and V fjy, a (1)
allows us to remove the conditioning on V fjj, s (?) in the expression for Diff 7,y (u),
regardless of whether f has constant variance.

Corollary 14.3.2. Suppose f is a Gaussian process satisfying the conditions Corol-
lary 14.2.3. Then, with the notation of Theorem 14.2.2,

N
| Diff £,y ()] < Z/BME{|det(—Vwa,.M,E,.(r))|ilcFRR} (14.3.1)
—t

X PV fia; m.E; 0 (0)dH; (1),
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where
CPRR = {u < f() — E(Pram F' (1), V(1) < W)}
If f has constant variance, then F'(t) = 0 € T,M and
CPRR = {u < f(1) < W(@)).

Proof. Comparing this result with Theorem 14.2.2, it is clear that the only thing we
need to prove is that if the event CFRR occurs, then the condition {u < f(t) < W(#)}
can be replaced with

{u < f(t) = Z(PromF (1), V) < W(t)}

and the conditioning can be removed.
The replacement is justified by the fact that on the event {V fi5,»(t) = 0}, we
trivially have

f@) = f() = E(PramF (1), V).

Furthermore, f(t) — & (PramF' (1), V(1)) is independent of V fis,p (1), and
Lemma 14.3.1 implies that W () is also independent of V f|, s (¢). Therefore, the
conditioning on V fj,  (t) can be removed. O

We are now ready to prove the main result of this chapter, and one of the main
ones of the book. The remainder of the chapter is about special cases, examples, and
counterexamples.

Theorem 14.3.3. Let f be a Gaussian process on a locally convex, regular; stratified
manifold M, with the assumptions of Corollary 14.2.3 in force. Assume, furthermore,
that f has constant variance 1. Then,

1 1
liurgioréf —u~?log | Diff 7 p ()] > 3 <1+ 2(f)> (14.3.2)
where
o2(f,1) 2 sup Var (F(s)) (143.3)
seM\{t}
and
o2(f) & sup o 2(f. 1). (14.3.4)
teM

Proof. We must find an upper bound for (14.3.1). Write
V2 fiom, £, (1) = V2 figom, £ (8) — BIV? fiom £, (1] £ (1))
+E{V? fiom. £ (D] £ (D)}
= V2 flom, 5, (1) + FOT — f(OI
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(cf. (12.2.12)). Now expand the determinant in (14.3.1) via a standard Laplace ex-
pansion as we did in (11.6.13) and apply Holder’s inequality for conjugate exponents
p and g to see that

N i
| Diff 757 (u)] < Z/aMZIE{f(f)jl{ﬂz)zu}}
i=0 %" j=0

x (E{| detr;—; (= V2 fiom, £, (t) — FODIPPHYP
x (P{W (1) = uh)"4 dH, (1),

where detry, is the “det-trace” defined in (7.2.8). Define

A A
u() = E{ sup f?(s}}, ut = sup () Lyu20)-
seM\t teM

For

uzswpE| sup (F1(5) —E(T )] +n*
teM seM\{t}

the Borell-TIS inequality (Theorem 2.1.1) then implies that
P(W(1) = u) < 2e~ W1 /20000),
Recalling that ]ﬁ (t) = f (1), for such u it also follows that
E{f(t)j l{f(l)Zu}} < Cjuj'*le*(lxt*p.*)z/z‘
Putting these facts together, for any conjugate exponents p, ¢,
| Diff 747 ()]

_(“_/£+>2 (1+ 21 . >
< cuM e 902 (f)

N i
2 /a | 2 Elldetri—j (V2 fiaar. (1) = fODIPYYP dHi(0).
i=0 %M j=0

The result now follows after noting that we can choose ¢ arbitrarily close to 1, and
u(q) such that for u > u(q), the remaining terms are arbitrarily small logarithmically
when compared to u?. O

There is, of course, a glaring weakness in Theorem 14.3.3, in that (14.3.2) contains
a liminf rather a lim, and it contains an inequality rather than an equality.

Fortunately, the theorem provides a lower bound on the exponential decay of
Diff £ p7 (1), and this is almost always the important one in any practical situation.
We believe that this lower bound is generally tight when a maximizer of 062 (f) occurs
in the interior of M, in the sense that then the term corresponding to dy M in the sum
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defining Diff ¢ (1) in (14.1.18) is exponentially of the same order as the upper
bound. However, we have not been able to round off the desired proof, since it seems
difficult to determine the sign of the lower-order terms in the error. This opens the
(unlikely) possibility that some terms in the sum (14.1.18) cancel each other out,
leading to a faster rate of exponential decay.

Thus, in the piecewise smooth setting, it is therefore still open as to whether
(14.3.2) can be improved, and if so, under what conditions.

14.4 Examples

We now look at a number of applications of Theorem 14.3.3. The theorem contains
two “unknowns.” One is the expected Euler characteristic and the other is the param-
eter UCZ( f). The expected Euler characteristic is the material of Chapters 11 and 12,
so we have no need to treat it again here. Consequently, looking at examples means
computing, or trying to understand, 002 (f), which, for reasons that will become clear
below, we now refer to as the critical variance. We shall start with the simplest possi-
ble example—stationary processes on R—and then jump to a rather general scenario.
We shall then close the chapter with a number of rather instructive special cases.

It is the general scenario that is actually the most instructive, for the simpler ones
are so special that they give little or no insight into what is really going on. Hopefully,
after reading the general case, with its elegant geometric interpretation of 03( f), it
will be clearer to you from where the constructions of the previous sections of this
chapter, particularly ﬁ, came.

The general case also allows us to investigate some very special cases in which
the approximation of Theorem 14.3.3 is either perfect (%2 (f) = 0) or meaningless
(02(f) = 00). Along the way, we shall also spend a little time with the “cosine
random field” (which actually provides the only example for which the approximation
is perfect) and see how it provides both examples and counterexamples for various
approximation techniques.

14.4.1 Stationary Processes on [0, T']

A simple but illustrative example is given by a stationary Gaussian f(¢),t € [0, T']
satisfying the conditions of Theorem 14.3.3. The ambient manifold will be R. Thus
f has variance 1, and we write p for its correlation (and covariance) function. To
save on notation, we shall also assume that the time scale has been chosen such that
Var ( f (1)) = —p(0) = 1. Under these assumptions the Riemannian metric g reduces
to the usual Euclidean metric on R.

We now need to find the supremum of 63( f, 1), which we shall do by dividing
the argument into two cases, ¢ in the open set (0, 7') and ¢ one of the boundary points
{0, T'}. This division into separate cases will be a theme in virtually all of the (more
complicated) examples to come. For this we introduce the notation

o2(f, A) 2 supa(f.1). (14.4.1)

teA
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For t € (0, T) the process ﬁ is given by

J)—plt—=5)f@)—pt—s)f)
L —p(—s) ’
where we apply (5.5.5) and the fact that the normal cone at interior points is empty,
so that the projection Py, s in the definition (14.2.2) disappears.
To compute the critical variance at such ¢ we use the relationships (5.5.5)—(5.5.7).
These easily give

) =

1—p(s)? — p(s)?

2
o (f,t) = su 14.4.2
¢ (/) —tssng—t 1 - /O(S))z ( )
s#0
_ Var(f(s) | f(0). f()
selo. Ty (L—p@—s)? 7
where the second line also uses (1.2.8).
By (14.4.2) the critical variance in the interior of [0, T'] is
1—p()? = p@t)?
o2(£,(0,T)) = sup PO =PW) (14.4.3)

0<t<T (1 _/O(t))z

The critical variance at the endpoints {0, T} needs a little more care. We consider
only the point + = 0, since by stationarity the critical variance at 7 is the same. In
the notation of Section 7.1, the normal cone at t = 0 is

0
Nol0, T] = — C ToR.
0[O0, T] UcatC 0
c<0

For ease of notation, we write Ny for Ny[0, T']. The projection onto Ny is

d d
PNO aa = “{aio} (/IE ,

(s) is given by
F8) = p() £(0) = L5 <0A(5) f(0)
(1= p(s))? '
The critical variance at t = 0 is therefore given by
) 1 —p()* = p(1)* + max(p(1), 0)*
9 0 =
D= e (1= ()
- L—p(0)? = p@)?
= sup D
0<t<T (I —p(@)

and so the process fo

) =

(14.4.4)

This implies that 2(f, 0) > 02(f,1), 0 <t < T. Therefore the critical variance
03( f) is attained at the endpoints t =0, T'.
We can summarize the above discussion as follows.
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Example 14.4.1. Suppose f is a centered, unit-variance C? stationary Gaussian
process on R satisfying the conditions of Theorem 14.3.3 and such that Var(f(¢)) =
—p(0) = 1. Then, forall T > 0,

1—p(®)? = p()? +max(p(t), 0)°
2(£.10,T]) =
0. Th= sup (1= p(1)?

While this is a reasonably simple expression to compute, it is actually quite trivial
if p is monotone over [0, T], since then /() < O for all # > 0 and the max term
disappears. The remaining supremum then turns out to be easy to compute, as we
shall see in the next section.

There are a number of results akin to Example 14.4.1 to be found in the literature,
some even slightly more general (cf. [14, 95, 126] and the references therein). All,
however, have proofs that rely on the fact that the random process under consideration
is defined over R, proofs that do not generalize to more general scenarios. As we are
about to see, the approach we take generalizes easily.

14.4.2 Isotropic Fields with Monotone Covariance

Carrying on in the spirit of the previous example, we now consider isotropic fields
over convex sets M in RY. We add a new condition related to a monotonicity
property for the covariance function. Thus, while this example is more general than
Example 14.4.1 in that it treats more general parameter spaces, it is more specific in
that it requires more of the covariance function. Nevertheless, it is quite general, and

gives a very simple and computable formula for the critical variance ocz.

Example 14.4.2. Suppose f is a centered, unit-variance, C? isotropic Gaussian pro-
cess on RN satisfying the conditions of Theorem 14.3.3 and such that

V. <8f(t)) I0)
ar| —— | = —
ot at}.

=0 o

’

for all j. Suppose that M is compact, piecewise smooth, and convex, and set T =
diam(M), where the diameter is computed in the standard Euclidean sense.
Suppose also that

t
p® _y (14.4.5)
3lj

forallt € [0, TIN. Then,

-1 14.4.6
-0 ( )

2 4
o2(f. M) = Var (8 S0 \f(r)) SR

2 - 4
o1’ ot
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Proof. We start by noting that since f is isotropic with unit second spectral moment,
the metric induced by f is the standard Euclidean one. Furthermore, we can take
M =RV,

We need to compute the maximal variance of the random field ﬁ(s) given by
(14.2.2). Consider the term Py, p F! (s) that appears there, where

N
F'(s) =Y Cov(f(s). Xi f()X; (14.4.7)

i=1

and the X; are the usual orthonormal basis elements of RV .
We clalm that under the above assumptions Py, y F ’(s) is identically zero, in
which case f (s) trivially simplifies to

— — 3(F! 7
Ps) = J(s) = p(t,5) f() = g(F'(s), VL)) (14.4.8)
1—p(,s)
_f®) —p.)f 1) = 3L, Cov(f(s). Xi f ) Xi f (1)

1 —p(,s)

To prove this claim, we start with ¢ € dy M, the highest-order stratum of M. In
this case N; M = {0}, so that the projection Py, y is trivially zero and there is nothing
to prove.

Thus, take t € oM withk < N ands € M, s # t. Let X be the unit vector
in T,RY in the direction s — f. Slnce M is convex, X] € S,M and, as we shall
see in a moment, X7 is parallel to F ’(s) Consequently, X;] € &M implies that
PymF Fi(s) = 0, as requlred

To see that X7 is parallel to F/ F! (s) we use isotropy twice. To make the calculations
easier, we use it ﬁrst to note that isotropy implies that there is no loss of generality
involved by taking t = O and s = (7,0, ..., 0), where T = |s — ¢|. In this case X}
is simply Xj.

Secondly, it is easy to check from (5.5.5) that, again because of isotropy,

sy A _de® -
Cov(f(7,0,...,0), X; f(0) = {o p1) = =T lwo....0 ' 1 (14.4.9)
) 1 .

Substituting into (14.4.7) and using the fact that p(s) < O gives us that F! (s) is
proportional to X1, so that X7 is parallel to F! (s).

We turn now to computing the variance of (14.4.8) for given s, . Once again,
we can choose t = 0 and s = (7,0, ...,0), for t = |s — ¢|. If we then substitute
(14.4.9) into (14.4.8), a little algebra easily leads to the fact that

1= p*(Is =1 = p*(Is —1])

Var(f'(s)) = (1= p(s —1])?2

)

and so
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5 1—p%(s —t]) — p2(ls — 1))
M) = .
oL My= s (1= p(s — 1)

(14.4.10)

By isotropy, we need not take the supremum over ¢ here, and so fix ¢, taking r = 0.
We now claim is that the supremum over s is achieved as s — 0. If this is true, then
isotropy implies that we can take s — 0 along any Euclidean axis. This being the
case, two applications of 1’Hopital’s rule show that

*p(t)
ary =0

ol (f, M) = ~1,

while (5.5.5) and the basic properties of Gaussian distributions give that this, in turn,
2 .
is the same as Var(%v(t)).
1

Consequently, modulo the issue of where the supremum in (14.4.10) is achieved,
we have completed the proof. We shall return to this issue at the end of the next
section. O

14.4.3 A Geometric Approach

In this section we want to look a little more carefully at the critical variance

ol(f) = sup a2 (f. 1), (14.4.11)
teM
where
o2(f,) 2 sup Var (f1(s)) (14.4.12)
seM\{t}

and ﬁ is given by (14.2.2) (cf. (14.3.3) and (14.3.4)). Our aim is to give a geometrical
interpretation of 062( f)inaquite general setting. With this, we shall return to complete
the proof of Example 14.4.2.

We shall start by looking closely at (14.4.12), for points’ t € d9yM = M°. In
later examples we shall see that these are often the most important points to consider.
They are also the points for which a geometric intepretation of (14.4.12) is most
accessible.

The geometry that comes into play here is that of H, the reproducing kernel Hilbert
space (RKHS) of Section 3.1. In particular, since we shall retain the assumption that
f has constant unit variance, we shall be concerned with the spherical geometry of
the unit sphere S(H) in H.

Recall, however, that there is a canonical isometry between H and H, the span of
fi» t € M. Consequently, we can, and shall, work in H rather than H. Recall also

7 Actually, the arguments will work in slightly greater generality. For example, if M is
composed of a number of disjoint piecewise smooth manifolds, then they will also hold
for all 7 in the top-dimensional stratum of the separate piecewise smooth manifolds. For
example, if M = [0, 172U ({3} x [0, 1]) then it will hold for all # € (0, 1)2 U ({3} x (0, 1)).
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that the unit-variance assumption also implies that the H inner product between f ()
and f(s) in S(H) is given by

(f@, fNH = p(s, D),

where p is the correlation function of f.
As a first step, we define amap ¥ : M — S(H) by

V(@) = f(@).

Under the assumptions of Theorem 14.3.3 it is immediate that W is a piecewise
C? embedding of M in S(H). Furthermore, it is not hard to see that

Vo (X) = X4 f,

so that the tangent space Ty ()W (M) is spanned by (X1, f, ..., Xn, f) for any basis
{X1,6,..., XN} of ;M. We denote the orthogonal complement of Ty W (M) in
Tr@yH by Tfl(l)\II(M), and the orthogonal complement of Ty W (M) in T¢ ) S(H)
by NynW(M).

Given a point f(¢) and a unit normal vector vy) € Ny W (M) we denote the
geodesic, in S(H), originating at f(¢) in the direction v (1) by ¢ £(1),v, - It is easy to
check that this is given by

CE@)r0) (r) =cosr- f(t) +sinr-vsy, 0=<r<m. (14.4.13)

As discussed in Section 10.3.1, when we looked at tube formulas, up to a certain
point along ¢ #(1),v, the points on this geodesic project uniquely to 7. The largest r
for which this is true is the local critical radius at f (¢) in the direction v (), and we
denote it by 8( f (1), vf(,))).8 The local critical radius at f(¢) is then

e (f (1) = inf O(f (1), vra), 14.4.14
(f (D) T S (f@®),vrw) ( )

and the global critical radius is

O = 0. (¥ (M)) = inf 6.(f(1)). (14.4.15)
teM

The following lemma links these critical radii of W (M) to the critical variances
(14.4.11) and (14.4.12).

Lemma 14.4.3. Under the setup and assumptions of Theorem 14.3.3,

cot?(@:(f(1))), 0<6. <%,

/4
07 750(,'<7t’

o2(fit) = (14.4.16)

forallt € ONM.

8 1t is important to note at this point that although H is made up of random variables, the
quantity 6(f(¢), vy(s) is deterministic. Furthermore, by the isometry between the RKHS
and H it has essentially the same definition in the RKHS that it has in H.
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Proof. Much as in the proof of Lemma 14.2.1 and Example 14.4.2, we start by noting
that if + € dy M, then N, M = T,oy M+ an~d Py,mV: =0forall Vi € T;oyM. Now
choose an orthonormal frame field for T (M) such that at every t € dy M, the first N
vectors in the frame field generate 7; M, while the remaining vectors generate N; M
(as a subspace of T,]VI ). Then ﬁ simplifies somewhat, and for s # ¢, € dyM, it is
easy to check that

f(s) = p(t,8) f(t) — Z(F'(s), V(1))

i _

fis) = oty
_f) = p ) f(1) = XL, Cov(f (), Xi f () Xi f (1)
B 1 —p(t,s) ‘

We now compute the variance of ﬁ(s). Note that

N
p(t.$)f(t)+ Y Cov(f(s), Xi f() X f (1)

i=1

N
= (f@, FOYHF@O) + D (), Xi fO)1Xi f (1)

i=1
= P, f(5),
where L; = span{ f(t), X1 f(@®),..., Xy f(®)}.

However, N ¢ W (M) is the orthogonal complement (in 7',y H) of the subspace
L;. Consequently,

N
Var (f(s)) = Var (f(s) —p(t,$)f(t) =Y Cov(f(s), Xl-f<r>>x,~f<r)>

i=1
= 1Py, e f )3y

where Py W (M) Tepresents orthogonal projection onto N )W (M).
Finally, we have that

I Py o womny ()12
o2(f.1) = sup 70 L

(14.4.17)
semvry (1 —p(t,$))?

We now need to show that the same expression holds for cot? (0. ( f (t))). Turning
to the picture in terms of geodesics, fix f(¢) and v (). Suppose that for a certain
r, the point ¢ r () v @ (r) does not metrically project to f(¢). This and a little basic
Hilbert sphere geometry implies there is a point f(s) € W (M) such that

cos”’ ((C-f'“>~”f'<r> ), f (S)>H) =T (cr0p0 () [5)) (14.4.18)
<7 (cf(t)»vf(t) (r), f(l))
= 05~ (e 10700 ) FD)y,)
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where 7 is geodesic distance on S(H).
Alternatively, applying (14.4.13),
(Cf(t),vf(f) (r)1 f(s)>H =COSr - <f(t)7 f(s)>H + Sinr : <vf(l)v f(s))H
=cosr - p(t,s)+sinr - (vf(,), f(s))H
> (Cf(t),vf(,) (r)v f(t)>H

= COSr.

A little rearranging shows that this is true if and only if

{vras F6))y
1- p(t’ S) ’

cotr <

Therefore,

(Vi F9))y

cot ((f (1), vy())) = sem\iry 1 —p(t,9)

Taking the supremum over all vy € S(N )W (M)) we obtain

Vi), f(8)
cot Bc(f) = sup <1—)”
V) ESIN £y W (M) seM\ {1} —p(t,s)

1PN oy wmn) f () I
seM\{r) 1—p(t,s)

Comparing this to (14.4.17) completes the proof. O

Lemma 14.4.3 gives a very succinct representation for the critical variance 062 )
that requires nothing about the rather complicated process ﬁ that led to its original
definition. Here is another result, part of which relates to the geometric structure
of H and part of which has a rather down-to-earth implication for the correlation
function p.

Lemma 14.4.4. Retain the assumptions of Lemma 14.4.3, and suppose that the pair
(t*,s*) € OyM x oy M achieves the supremum in

I Py wnn) f (9113,

sup sup (14.4.19)
remsemvisy (1 —p(t,9))?
Then,
f(s*) = cos(26,) - f(t*) + sin(26,) - v?(m, (14.4.20)

where
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Py oywm) f(s™)
I PNy wmy f ()l

* _
G

is the direction of the geodesic between f(t*) and f(s*). For any X+ € TxM and
any X« € TexM,

Cov(Xs+ f, f(s)) = (W (Xp), f(5¥))y, =0, (14.4.21)
Cov(Xg+ f, f (1)) = (Wi (Xs+), f (7)), =O. (14.4.22)

Furthermore, the partial map

p'"(s) 2 p(t*, 5)

has a local maximum at s*, and the partial map

Lk A
p* (1) = p(t,s")
has a local maximum at t*.

In order to appreciate the geometry behind (14.4.20) you might think as follows:
Given a pair of points in dy M that maximize (14.4.19), the three equations (14.4.20),
(14.4.21), and (14.4.22) imply that the tube of radius 6. around W (M) should self-
intersect along a geodesic from ¢* to s* in such a way that the tube, viewed locally
from the point ¢*, shares a hyperplane with the tube viewed locally from the point
s*. Alternatively, at the point of self-intersection the outward-pointing unit normal
vectors should be pointing in opposite directions.

Proof. Our first requirement is to establish (14.4.20). Looking back through the
proof of Lemma 14.4.3 (cf. (14.4.18)), it is immediate that if a pair (+*, s*) achieves
the supremum in (14.4.19) then there exists a point z € H equidistant from f(¢*) and
f(s*) and unit vectors vy € Ny W (M) and w r(s+) € N p(s+)W (M) such that

Z2=10c080c - (1) 4+ sinbc - vy = cosO - f(s*) +sinb - wp(er).

It is not a priori obvious that w f(sx) € Nf(+)W(M). However, if this were not
the case, then there would exist 1 € M, t # s, such that d(z, z) < 0.. This would
contradict the assumption that (¢*, s*) achieve the supremum in (14.4.19) and the
critical radius is .. This proves (14.4.20).

To prove (14.4.21) and (14.4.22) it is enough to show that the unit tangent vectors
éf(t*),vf(,*) (6.) and c'f(s*)wa(s*) (6;) at z satisty

U= Epey g 00) + Ef sy ey (O) = 0 € ToH. (14.4.23)

Suppose that u # 0. A simple calculation shows that

_ €08(26c) = (f (%), [(s™))p

sin 6,

(. £y = (1, F(5)yy
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If u # 0, then f(t*), f(s*), and z are not on the same geodesic, and the triangle
inequality implies that

c0s(20:) < (f(t*). £(s)),, -

which implies that
(u, f(t*))H = (u, f(s*))H <0.
Consider the geodesic originating at z in the direction u™ = u/||u| i and given by
coux(t) =cost -z +sint - u®.
Assuming that u* # 0, we have

(2w (0), f())gy = (¢ (0), f(I5))y, = (", )y <O.
This implies that for » < 0 and sufficiently small |r|,
(f), cous (M) = (f (™), czux (r))3 > cos .
For such an r, there exist distinct points 7(r) and 5(r) such that
d(czux(r), 1(r)) < O, d(czux(r),3(r)) < 6,

such that the geodesic connecting 7(r) and ¢z.u+(r) is normal to M at 7(r), and the
geodesic connecting 5(r) and c; ,+(r) is normal to M at5(r).
Without loss of generality we assume that

d(czux(r), 1(r)) < d(cpu(r), 5(r)).

In this case, the geodesic connecting 5 to c; = (r) is no longer a minimizer of distance
once it passes the point c, .+ (r), which is of distance strictly less than 6, from 5(r).
That is, for some point Z(r) along the geodesic connecting 5(r) and c; .+ (r), beyond
¢4+ (r) but of distance strictly less than 6, froms(r), there exist points in M strictly
closer to Z(r) than 5(r). We therefore have a contradiction, since the critical radius
of W(M) is 6,.

Consequently, we have that the u of (14.4.23) is indeed zero, and so (14.4.21)
and (14.4.22) are proven.

To prove claims about the partial maps pl* (s) and p*" (r) note first that f(s*)is
a linear combination of f(+*) and v s+, which are perpendicular to every vector in
Ty W (M). Similarly, f(¢*) is a linear combination of f(s*) and w f(s+), which are
perpendicular to every vector in T+ W(M). The fact that the partial maps o' (s)
and ps*(t) have local maxima then follows from the same contradiction argument
used above. O

Conclusion of the proof of Example 14.4.2. Recall that what remained was to show
the equivalence of the two suprema in
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L=p* (s —t) = p*(Us =t 1—p*@) = p*(1)
sup 3 — Sup 7
sEM (1—p(s — 1) 0 (1=p%(1)

(14.4.24)

(cf. (14.4.10)).
Itis trivial that the right-hand side of (14.4.24) is no larger than the left-hand side.
It is also trivial that left-hand side is less than
1—p*(1) = p*(0)
sup
1€[0,diam(m)|V (1= p(®))?

(14.4.25)

Thus if we can show that this is equal to the right-hand side of (14.4.24) we shall
be done.

Let * be one of the points achieving the supremum in (14.4.25) with N = 1.
Then Lemma 14.4.4 implies that p(+*) = 0, and that t* is a local maximum of p(¢).
But under the monotonicity assumption of the example, there is only one such point,
given by * = 0. O

14.4.4 The Cosine Field

We now turn to what is perhaps the grandfather of all Gaussian random fields, the
so-called cosine random field on RV . It is defined as

N
FORNTY ficoro), (14.4.26)
k=1
where each fy is the process on R given by
fe(t) 2 & cost + & sint.

The & and &; are independent, standard Gaussians and the wy are positive constants.
It is a trivial computation that f is a stationary, centered Gaussian process on R
with covariance and correlation functions

N
C(t)=p(t) =N""> " cos(witp).
k=1

We shall concentrate on the case in which w; = 1 for all k, in which case it is easy to
check that

E{f2(0) = E{(X; £ (1)) = E{(X,; X; £ (1)) = 1,
for all j, where X1, ..., X is the usual orthonormal basis of RV, Similarly,
E{XifX;f®} =0
ifi # j.
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The cosine field is important for a number of reasons, perhaps the most significant
of which is the fact that it is simple enough to enable explicit computations. For
example, set N = 1 and consider the excursion probability

P{ sup f(t) >u (14.4.27)
0<t<T
for u > 0. Note that
£cost + & sint = Rcos(t — 6), (14.4.28)

where R? = &2+ (&’)? has an exponential distribution with mean %, 0 = arctan(& /&)
has a uniform distribution on [0, 277 ], and R and 6 are independent. You can use this
information to compute the excursion probability (14.4.27) directly, but here is an
easier way:

Assume that T < 7 and write N,, for the number of upcrossings of u in (0, T'].
Then

0<t<T

IP’{ sup f(t) zu] =P{f0)>u}+P{f(O) <u, N, > 1}.

Butsince T < 7, the event { f(0) > u, N, > 1} is empty, implying that
P{f(()) <u, Nu > 1} = ]P{Nu = 1}

Again using the fact that T < 7, we note that N, is either O or 1, so that

]P’{ sup f(t) > u} = W (u) + E{N,}.

0<t<T

Looking back at Chapter 11, in particular (11.7.13), what we have just proven is that

IP| sup f(t)Zu}EE{(p(Au(f, [0, T1)}. (14.4.29)

0<t<T

In other words, the approximation that has been at the center of this chapter is
exact for the one-dimensional cosine process on an interval of length less than .

On the other hand, if ¢ < T < 2w, then much of the above argument breaks
down and (14.4.29) no longer holds. If T > 2m, then, since the cosine process is
periodic, increasing T has no effect whatsoever on supyg 7 f(¢), and the left-hand
side of (14.4.29) is independent of 7. The right-hand side, however, contains the
term E{N,}, which grows linearly with 7. Hence we see that the assumption in
the central Theorem 14.3.3 that p(¢,s) = 1 <= t = s, which does not hold for
periodic processes, was necessary.

But more than this can be seen from this very simple example. For example, if
we take an interval of length greater than 27, so that we get at least a full cycle of the
process, the excursion probability is simply
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2
P{R > u} = e /2,

where R is defined in (14.4.28). Note that this does not depend on 7. On the other
hand, E {¢ (A,(f, [0, T])} contains a term growing linearly in 7', and so here the
approximation breaks down. To relate these phenomena to the rest of this chapter,
we need to look at the critical variance o> for this example.

Unfortunately, we do not have among the results we have already proven one that
immediately yields acz. However, we do have a technique. The technique is that of
the proof of Example 14.4.2. Although the cosine process over R¥ is not isotropic,
as that example requires, if we restrict f to a unit cube of the form [0, T1V with
T < m/2 then the same argument as given there also works now. The conclusion is
again that

2
o2(f, 10, T1) = Var (3 ;;m ‘f(t)) =N-1, (14.4.30)
1

the rightmost expression resulting from a straightforward computation.

Taking N = 1 in (14.4.30) we immediately see why (14.4.29) is true. In this
case the critical variance is zero, and so Theorem 14.3.3 tells us that the mean Euler
characteristic approximation to the excursion probability is, in fact, exact. In higher
dimensions, however, this is no longer the case.

The cosine process can also be exploited to show why the basic approximation
of Theorem 14.3.3 works only for piecewise smooth manifolds, and not for Whitney
stratified manifolds.® Consider a two-dimensional cosine process restricted to the set
L, depicted in Figure 14.4.1. We take the angle « (measured from the horizontal
line) in [0, r] and we take each edge to be of length T < 7 /4. (Our convention is
that if « = /2 then the resulting vertical edge is above the horizontal one.)

Fig. 14.4.1. The stratified manifold L.

It is easy to check that regardless of the value of o, when restricted to an edge,
the cosine field is stationary with variance one and second spectral moment 1, = %
Furthermore, the expected Euler characteristic of the excursion set A, (f, Ly) is, with

one exception, independent of « and is given by

9 Recall that the main difference between these two classes of objects is that piecewise smooth
manifolds have convex support cones. Back in Chapter 12 we were able to obtain expected
Euler characteristics of excursion sets in both settings. In the current chapter, however, we
have been restricted to the locally convex scenario.
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U(u) + ﬁe*”z/z, o >0,

W) + e o =0,

Efo(Au(f, La)} =

When ¢ = m or @« = 0, so that L, is simply a straight line of length 27 or
T, then the argument above for the one-dimensional cosine process gives that the
excursion probability is identical to E {¢ (A, (f, Ly)}. On the other other hand, while
E{p (A,(f, Ly)}isconstanton (0, ] and discontinuous ate = 0, it seems reasonable
to claim that the excursion probability must be continuous in «. Consequently, it is
unreasonable to expect that it is exponentially accurate over all @ € [0, 7], as we
might have hoped for from Theorem 14.3.3. In fact, in the notation of that theorem
we have, for o ¢ {0, 7}, that the critical variance o, is infinite, or, in the notation of
Lemma 14.4.3, that the critical radius 6, is zero. 10

All this comes from the non(local) convexity of L.

Before leaving the cosine field, we note that it actually deserves far more credit
than we have given it so far. To this point, it has been a curiosity useful for providing
examples and counterexamples. In truth, however, it was the cosine process that
gave birth to this entire chapter and also had much to do with the Lipschitz—Killing
curvatures that appeared in Chapter 12. The history, which we describe only briefly,
is as follows.

Firstly, we restrict our attention to the cosine process on a rectangle of the form
T = ]_[,?/:1[0, Ty ], where Ty € (0, w/2]. Then, given the explicit form of the cosine
process (we are assuming still that w; = 1 for all k), note that

N

N

. a1

My = sup E — sup {&cosy + & sinn)=— E mp,
teT v VN o<y, <T; k VN =1

where the random variables m are independent.

However, we know the precise distribution of each of the my by (14.4.29), so that
in principle at least, we should now be able to find the distribution of My .

It turns out that this computation is a little too involved to be done exactly, and
some approximations need to be made along the way. This is what Piterbarg did in
[126], and what he derived was basically Theorem 14.3.3 for this case. You can find
all the details of the calculations in [126].

Theorem 14.3.3 is much richer, however, since it treats quite general processes
over piecewise smooth spaces. To go from the cosine process to a wider class of
processes, Piterbarg used Slepian’s inequality (Theorem 2.2.1). While Slepian’s
inequality allowed an extension beyond the cosine process, it did restrict the result
to random fields for which the matrix of second-order spectral moments is diagonal.
After all we have seen, we now know this to be a form of local isotropy and that the
way to remove this assumption is via the Riemannian metric induced by the field.

To go from rectangles to a wider class of parameter sets made up of locally convex
cells, not unlike the way we built up the basic complexes of Chapter 6, Piterbarg used

10 For more sophisticated examples of what can, and usually does, go wrong when the critical
radius is zero, see [149].
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a result not unlike our Theorem 6.3.1. As a consequence, he obtained an expression
for the excursion probability involving Minkowski functionals, which we now know
to be a Euclidean version of Lipschitz—Killing curvatures.

What Piterbarg did not realize was that the approximation that he obtained for
the excursion probability, involving second-order spectral moments and Minkowski
functionals, was in fact the expected Euler characteristic of excursion sets. This
was realized by one of us in [4]. In the meantime, Keith Worsley had worked out
some expected Euler characteristics for isotropic random fields on two-dimensional
surfaces (e.g., [173]), and Lipschitz—Killing curvatures (although not yet recognized
as such) began to appear.

All this came together in the thesis [157], where the induced Riemannian metric
appeared for the first time. As we have seen, this allowed the development of a theory
that was no longer restricted to stationary (and often also isotropic) random fields.

The rest is history, and the (currently) final result is what you have been reading.



15

Non-Gaussian Geometry

This final chapter is, for two reasons, somewhat of an outlier as far as this book is
concerned.

The first reason is that it was initially primarily motivated by applications that re-
quired a non-Gaussian theory, while most of the book has been about purely Gaussian
random fields.

The second reason is that in large part, it stands independent of the preceding
four chapters of Part III of the book and is able to recoup, with completely different
proofs, the main results of Chapters 11-13, although not those of Chapter 14.

Consider the first issue first. If you, like us, have applications in mind, it will take
no effort whatsoever to convince you that not all random fields occurring in the “real
world” are Gaussian.! The term “non-Gaussian” is, however, not well defined and
covers too wide a class of generalizations. Consequently, throughout this chapter we
shall limit ourselves to random fields of the form

f@®) =FQ®) =Fyi@),. ..., @), (15.0.1)

where the y;(¢) are a collection of independent, identically distributed Gaussian
random fields of the kind considered in the previous four chapters, all defined over a
nice parameter space M, and F : R¥ — R is a smooth function.> Such non-Gaussian
random fields appear naturally in many statistical applications of smooth random
fields (e.g., [172] or wait for [8]).

Choosing k = 1 and F(x) = x takes us back to the Gaussian case, but other
simple choices take us to a wide range of interesting random fields. For example,

Lyf you are a theoretician who has been reading this material for pure intellectual enjoyment,
then you will just have to take our word for the fact that such is the case. In any case, you
will be rewarded by some elegant theory in the coming pages, so you need concern yourself
no further with the “real world.”

2 In the previous chapters we assumed that the Gaussian fields f = f| M were the restriction
of processes defined on some larger ambient space M, itself necessary to describe M. The
random fields y; in (15.0.1) should therefore be thought of as restrictions of such fields and
so the left-hand side of (15.0.1) should actually read f = (F o y)|y-
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suppose that the y; are centered and of unit variance and consider the following three
choices for F, where in the third we set k = n + m:

ixz xivk —1 my i 1x2
i k k] +
Qies xi2)1/2 n Zn—r:n-s-l i

The corresponding random fields are known as 2 fields with k degrees of freedom,
Student’s ¢ field with k — 1 degrees of freedom, and the F field with n and m degrees
of freedom. If you have any familiarity with basic statistics you will know that
the corresponding distributions are almost as fundamental to statistical theory as
is the Gaussian distribution. If you are not statistically literate you can consider
these merely as specific examples of general non-Gaussian random fields of the form
(15.0.1). Although we shall return to two of these examples in Section 15.10, the rest
of this chapter will treat the general case.

As usual, we shall concentrate on the excursion sets of these random fields, a
problem that can be tackled in at least two quite distinct ways. The standard ap-
proach, which held sway until JET’s thesis [157] appeared in 2001 (cf. also [158]),
was to treat each particular F' as a special case and to handle it accordingly. This
invariably involved detailed computations of the kind we met first in Chapter 11 and
that were always related to the underlying Gaussian structure of y and to the specific
transformation F. This approach led to a large number of papers, which provided
not only a nice theory but also a goodly number of doctoral theses, promotions, and
tenure successes.

A more unified and far more efficient approach is based, in essence, on the obser-
vation that

Au(fiM) =A,(F(y),M) ={t e M : (Foy)t) > u} (15.0.3)
={teM:y@t)e F ' u,00)} =MnNy " (Fu, +00)).

(15.0.2)

Thus, the excursion set of a real-valued non-Gaussian f = F o y above a level u is
equivalent to the excursion set for a vector-valued Gaussian y in F -1 [u, 00), which,
under appropriate assumptions on F, is a manifold with piecewise smooth boundary.

This chapter is all about exploiting this observation in order to compute explicit
expressions for all the mean Lipschitz—Killing curvatures

EAL; (Au(f M)} =E{ L, 0y~ (7, +o0p)} . (15.04)

In fact, since the function F in (15.0.4) is quite general, sois the set F ~! ([u, +-00)),
which will generally be a stratified manifold in R¥. Consequently, rather than con-
centrating on the usual excursion sets, there is no reason not to take a general subset
D of R¥ and study the Lipschitz—Killing curvatures of y~'(D). Indeed, this is the
path that we shall take, and we shall show that for suitable stratified manifolds M and
suitable D C R¥, we have

dim M —i

_ +
E{ﬁi(Mﬂy 1(1))}: 2(:) [l ]Ji|(27r) f/2£,+J(M)My(D) (15.0.5)
Jj=
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where the combinatorial flag coefficients [:1} are those we met at (6.3.12) and the

./\/lr = MZRk are the generalized (Gaussian) Minkowski functionals that we met in
the Gaussian tube formula of Corollary 10.9.6.

The Lipschitz—Killing curvatures in both (15.0.4) and (15.0.5) are computed with
respect to the Riemannian metric® induced on M by the individual Gaussian fields
v;. This is good news in the latter case, since the fact that they are therefore identical
to those appearing in the purely Gaussian results of Chapters 11 and 12 means that
they do not need to be recomputed for the non-Gaussian scenario. Consequently,
obtaining a useful final formula for a specific case—such as those of (15.0.2)—
involves only knowing how to compute the M’J/ (F~'[u, 400)). This usually turns
out to be an exercise in multivariate calculus, and in Section 15.10 we shall look at
some examples.

Before describing how we plan to do all the above, we note two important points.
The first you might have already noticed yourself: The parameter spaces for the
random fields of this chapter are denoted by M and not 7. Thus we are in the
manifold setting of Chapter 12 rather than the Euclidean setting of Chapter 11. There
is no way around this. Even if we wanted to treat only simple Euclidean parameter
spaces, the structure of F ~1([u, 00)) is that of a manifold, and it is the structure of
this set that is crucial to the central computations of the chapter. There is no way that
we know to write this chapter for the differential-geometrically challenged.

The other point is that we shall not be able to develop a geometric theory of
random excursion sets when dealing with fields that do not have the underlying
Gaussian structure of (15.0.1). We have nothing satisfactory to say here. Indeed,
we know of no “purely”” non-Gaussian random field for which excursion sets have
been successfully studied.* While this is undesirable, it is probably to be expected,
since the sad fact is that even in the case of processes on R very little is known in
this generality. We therefore leave it as a (probably very hard) challenge for future
generations.

15.1 A Plan of Action

The derivation that we shall give of (15.0.5) will be somewhat different from what we
developed earlier in treating its Gaussian analogue. In particular, the Morse theory and
the point process characterization of the Euler characteristic that were so important
then will now play only a subsidiary role.’> Nor, in the main parts of the argument,

3 Recall that as far as L is concerned, the Riemannian metric used to compute it is irrelevant,
since L always gives the Euler characteristic. By the Chern—Gauss—Bonnet theorem (cf.
Section 12.6) this is independent of the metric.

4 There is a partial exception to this statement, in that smoothed Poisson fields have been
studied in [130]. The theory there, however, is not as rich as in the Gaussian case.

5 One negative aspect of this approach is that we have not been able to develop an analogue of
the results of Chapter 14 for the non-Gaussian case; i.e., we are unable to show that the mean
Euler characteristic provides a good asymptotic approximation to excursion probabilities.
Whether this is true, and under what conditions, is still an open question.
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will the Euler characteristic be singled out as a special Lipschitz—Killing curvature
from which the others may be derived, as was the case in Chapter 13.

Our first step, in Section 15.2, will be to compute a general form for expectation
in (15.0.5), showing that it must be of the form

dim M—i

Efciny o) ZO Livj(MF G, j. D). (15.1.1)
J:

where p depends on all the parameters given, but not on the distribution of the
underlying Gaussian fields y;.

With (15.1.1) established it is clear that we need only find the form of the function
p. Moreover, we are free to choose simple examples of the manifold M and the
Gaussian fields y; in order to do this, since the result cannot depend on these choices.
The choice we make is that of a specific rotationally invariant field restricted to subsets
of a sphere.

However, even with this choice the computations are nontrivial, and so we ap-
proach them in an indirect fashion. In particular, we shall start by looking at non-
Gaussian fields with finite orthogonal expansions and with coefficients coming from
random variables distributed uniformly over high-dimensional spheres. This will en-
able us to take expectations using an appropriate version of the kinematic fundamental
formula on spheres, Euclidean (flat) relatives of which we already met in Chapter 13
under the titles of Hadwiger’s formula (13.1.2) and Crofton’s formula (13.1.1). These
preliminary expectations are computed in Section 15.6, after we establish the requisite
kinematic fundamental formulas in Section 15.5.

The passage from this scenario to the Gaussian one will be via a limit theorem for
projections of uniform random variables on S” asn — o0, historically associated with
the name of Poincaré, although we shall need a slight extension of some more recent
versions due to Diaconis and Freedman [46] and their generalizations to matrices
in [47]. Poincaré’s result is given in Section 15.4 and applied to our setting in
Section 15.9, after we first see how it works in the case of the Euler characteristic,
Ly, in Section 15.7. This section effectively rederives the main results of Chapters 11
and 12.

It is in Section 15.9 that we shall finally exploit the non-Lebesgue tube-volume
results of Section 10.9 to see how the M arise in (15.0.5).

The argument throughout will involve a continual and delicate intertwining of
probability and geometry to obtain a result that, since it involves both expectations
and Lipschitz—Killing curvatures, lies in both areas. As such, we see it as being at
the core of what this book was supposed to be about, and we hope that you will enjoy
reading it as much as we did finding it.%

6 Actually, finding the proofs for this chapter was not always enjoyable. As you will soon see,
the basic idea behind everything is not too difficult, although it is often well camouflaged by
heavy notation and subject to heavy combinatorial manipulation. If you find following the
details occasionally oppressive you can imagine what it was like going through it all for the
first time. However, the final result, Theorem 15.9.5 (i.e., the formal version of (15.0.5))
came out to be so simple and elegant that “enjoy is still the most appropriate verb.
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15.2 A Representation for Mean Intrinsic Volumes

In this section, we give a formal statement of (15.1.1). The proof appears only in
the following section, so as to encourage you not to read it immediately and so spoil
what we feel is otherwise a rather elegant flow of ideas.

Theorem 15.2.1. Let M be an N -dimensional, regular stratified manifold embedded
in M , also of dimension N, and let D be a regular, stratified manifold in R k> 1.

Lety = (y1,..., ) : M — R¥ be a vector-valued Gaussian field, the compo-
nents y; of which are independent, identically distributed, zero-mean, unit-variance
Gaussian fields satisfying the conditions of Corollary 11.3.5.

Let Lj, j = 0,..., N, be the Lipschitz—Killing measures on M with respect
to the metric induced by the y;, as defined in (10.7.1). Then there exist functions
p(i, j, D) dependent on all the parameters displayed, but not on the distribution of
the underlying Gaussian fields y;, such that

N—i

E{ﬁi(Mﬁy_l(D)] - ZOE,»H(M)E(i,j, D). (15.2.1)
l:

The proof is not short, and it proceeds via a series of smaller calculations. The
basic idea is to write M N y~1 (D) as

N
My 'y =JJomMny ' @-D). (15.2.2)
j=01=0

Since both M and D are regular stratified manifolds and y is, with probability one,
C?, it follows from the basic properties of these manifolds (cf. Section 8.1) that such a
partition exists. If we also assume, without loss of generality,7 thatk > dim(ﬂ ), then
it follows from the properties of y that, with probability one, each d; M N y~ N (3k_1 D)
will be a (random) manifold of dimension j — [ in M.

To simplify notation below, we write the strata of M Ny~ D as

Mj; 2 0;Mny " (3 D). (15.2.3)

Using the alternative definition (10.7.10) of the Lipschitz—Killing curvatures and
applying additivity, it follows that the Lipschitz—Killing curvatures of M Ny~ D can

be expressed as
N j—i

LiMNy D)= Z ZL, (M, Mj). (15.2.4)
j=i 1=0
What we shall prove in the following section is that fori < j,

T1If k < N, then simply add N — k superfluous copies of the coordinate processes to y;,
yielding a new vector-valued process 7. Now set D = T lD, where 7 : RV — R¥ is

projection onto the first k coordinates of RY, and work with 3 and D rather than y and D.
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j—i
E{Li (M. M)} =" Liym(M.3;M) - 5. m, D). (15.2.5)

m=0

By summing the above over strata d; M of M, we reach the desired conclusion, in
which case the functionals o will eventually be expressed as some linear combination
of the p, summed over strata 9D of D. To actually identify the precise form of p
will take quite some time and effort, and it will not be until Section 15.9 that we shall
see how the /\/l;’ enter the picture.

Nevertheless, if this is your first reading, we recommend you start on this path
now, turning to Poincaré’s limit (Section 15.4) and the kinematic fundamental formula
on the sphere (Section 15.5), and continuing on from there, returning only later to the
following section for a proof of Theorem 15.2.1.

15.3 Proof of the Representation

In this section we prove Theorem 15.2.1, noting, however, that you will not need the
techniques of the proof for anything else in this chapter, and that on first reading it
should probably be skipped.

In the notation of the previous section, we shall prove that under the conditions
of Theorem 15.2.1,

i
E{Lo (M. M)} = LI(M,3;M)- 5,0 D), (15.3.1)
i=0

for some functions p depending only on the parameters displayed.

Once (15.3.1) is established, we can apply the linear relationships between the
E} and the £; (cf. Lemma 10.5.8) to move from a representation involving the £; to
one based on the C}. While the functionals /5 will then change,? this is not important
for us. The proof of Theorem 15.2.1 is then completed using the addivity of the
curvature measures Ll.l (M, -) and the Crofton formula of Theorem 13.3.2 as in the
proof of Theorem 13.4.1.

The calculations that follow are not particularly enlightening. However, if the
difficulties in this section do have one saving grace, it is to demonstrate the power of
the approach that we shall soon adopt via Poincaré’s limit. If we did not adopt that
approach, then we would need to compute an explicit formula for the functionals o
above and relate these to the Gaussian Minkowski functionals appearing in (10.9.12).
This was the approach taken in [158] when M and D were C? manifolds with smooth
boundary. It was difficult then, and would be even more so in the current scenario of
stratified spaces.

8 To see how they might change, look at the combinatorial manipulations in Section 15.6.2,
where a similar exchange occurs. As you will then see, we are indeed fortunate that we do
not need to repeat these manipulations here.



15.3 Proof of the Representation 393

Nevertheless, despite the technical nature of what follows, it is not completely
foreign, for the arguments have a lot in common with those in Chapters 12 and 13.
In particular, in the proof of Theorem 13.3.2 we defined an independent field ¥ with
the same distribution as each of the components of y to act as a (random) Morse
function for computing the Euler characteristic of M N Dz,. We shall do the same
again, although now we need to compute only Lo(M; M;;), and not the full Euler
characteristic Lo(M, y~' D).

Asin Chapter 13 we shall compute E{Lo(M; M )} by appealing to an expectation
metatheorem, in this case Corollary 12.4.5. However, in order to use this line of
argument, we shall require a little notation and shall need to write the strata of D in a
form that will simplify computations. In particular, we shall assume that each dx_; D
is a relatively open subset of the zero set of a nice function.

More formally, suppose that F; : R¥ — R/ is a C? function with Ffl(O) a
(k — I)-dimensional C? submanifold containing dx—;D. The stratum dx_; D will
generally have to be broken up into smaller pieces to achieve this, in which case we
can think of dx_; D as a generic stratum of dimension k — [ rather than the union of
all (k — [)-dimensional strata.” With this in mind, for the remainder of the proof we
shall assume that

haDC{xeRF,(x)=0,1<r<I}.

We now define f; = F;(y;), an R/-valued random field on M with components
fr@®) = Fi.(y), r =1,...,1, dropping the unnecessary dependence on /, which
will be fixed for the remainder of the proof. Given f, we introduce the J acobians!?
J f(t) with entries

Tf)rs = (Pro;mV fr (@), Pra,mV f5(1)).

Note, for later use, that given y, the Jacobians have conditional distributions (cf.
footnote 3 of Chapter 13)

Tf Oy ~ Wishart(j, (VF,(y), VF;(y))) £ Wishart(j, TF(y)).  (15.3.2)

9 It is not difficult to find functions Fj satisfying the conditions we require. For a concrete
example, we argue as follows: Extend d;_; D geodesic distance § along unit speed geodesics
emanating from it. Denoting the extension by 8]‘3_ ; D, note that since we are prepared to
work locally, we can assume that d;_; D has positive critical radius, so that we can choose
§ sufficiently small for the projection map Palf—l p to be well defined on Tube(dg—; D, 23).

Choosing the standard orthonormal basis for R¥, we can now define Fj(t) coordinatewise by
(Fi1); = (¢ = Py )% 1)<l

It is then easy to check that this F; satisfies all the required conditions.

10 While ff(t) is not strictly the Jacobian Jf (r) : T;:9; M — Ty, Rl, we call it the Jacobian
because (det(ff(t)))l/2 = |Jf(¢)|, where the norm |J f (¢)| is the square root of the sum
of all [ x [ principal minors of the matrix of the linear transformation Jf (¢) in terms of
orthonormal bases of 7;0; M and T, R
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With notation now set, we can start our computation. As a first step, choosing y
as a Morse function, note that Lo(M; M ;) is determined by the points”

{tedjM: f(t) =0,y € %D, Pr,u;, VY = 0}, (15.3.3)

along with the indices of V2%, and the normal Morse indices of M j1in M.

Applying an appropriately reworked version'? of Corollary 12.4.5, an argument
essentially identical to those appearing in the proofs of Theorems 13.3.1 and 13.3.2
shows that the expected value of Lo (M N y~'D, Mj;) is given by

1

T /3 y Efai M0y~ DY T ((<V25i,) ) 1TFO11, (15.34)

|70 =0, Pras, V5 =0 p.p, 0, 0 d),

where in order~ to make the fgrmulas a little more manageable, we write 1, for
Ly, 0 @), 1T f(0)] for (det(J £ (1)))'/2,

A ~
ne = P, Vi, (15.3.5)

and py, Pji for the joint density13 of f(¢) and Pr, M V75, which, it is easy to see, can
be written as _
Qm)~Y=D2p (0), (15.3.6)

where p is the density of f(y;).

Our goal is to show that the expectation in (15.3.4) factors, in an appropriate
fashion, into one factor related only to the Lipschitz—Killing curvature measures of
M and another that is related only to d¢—;D. (Since the density term py, Py 0, 0)
is actually independent of 7, we can ignore it.) Thus, we focus on evaluating the
conditional expectation in the integrand of (15.3.4).

To be more specific, we shall consider a finer conditional expectation, looking at

Efan: M0y DY T M (= V25100,) T FOIL | v v Fis Foa |0 (153.7)

11 Note that there is some redundancy in (15.3.3), since any ¢ € d;_; D also satisfies f(z) = 0.
Nevertheless, it will be convenient for us to state things as we have done.

12 Asin the proof of Theorems 13.3.1 and 13.3.2, where we also allowed ourselves the latitude
of quoting an unproven result, we again claim what while filling in all the details might take
a few pages, it would involve nothing conceptually new and so is left to you.

13 Actually, it is somewhat inappropriate to call p ¢, Py a joint “density”” without being a little
more careful. Clearly, Py, M, Vy; livesin T; 0 M, a j-dimensional space, and f (y;) lives in
an /-dimensional space. However, conditional on y;, yx ;, we can find a subspace of T; Bj M
that is perpendicular to y;(Ty, Bk,lD)L, the pullback of the orthogonal complement of
Ty, 0x—; D in Ty, R¥, as well as an orthonormal basis for this subspace X1 ¢, ..., Xj_1 .
The vector Pr, MﬂV% can thus be written as a linear combination of the X; ;’s and you
should think of the density p f, Py as the joint density of f* and the coefficients of Pr, M Vy:
in this basis. Working this way you can derive (15.3.6), which is well defined.
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where y,; and y, , are the push-forwards of y and . We shall see that this factors
as required, which, after a little further manipulation of expectations, will achieve
our goal.

This expectation is virtually identical to the one we evaluated in Theorem 13.3.2,
except for two significant differences:

* The set F[_1 (0) may not be flat as in Theorem 13.3.2, where it was a subspace
of R¥.

* The normal Morse index « is not as simple as it was there, since now it can also
depend on other strata of D.

We deal with the normal Morse index first. Theorem 9.2.6 implies that this Morse
index factors into a product of two modified Morse indices, one for M and one for
y~!D. To set this up properly for the current scenario, note first that the support cone
of M N y_1 D att € M, is the intersection of two support cones, that is,

S[Mj] = S[M ﬂS[yilD C T[M
Let
V, £ span {Vfi(1), 1 <i <)

be the normal to T,y‘1 (0x—; D) in all of T,M. By Theorem 9.2.6, for almost every
v € T,Mjl,,

a(v; MNy™'D) = a(v; S (M Ny~ D)) (15.3.8)
=a (Ty,v; SM) -« (v[; Pro;m (S, (y_lD))>
£ a1 (v) - aa(v),
where 7Ty, is as defined in Theorem 9.2.6. Specifically,

1
Ty, = Py v — 9 v Progu VOV T £ Piiy ¥ £ (),

r,s=0

In particular, we have

a(; M Ny 'D) =a1(ny) - a2 ()

for the n; of (15.3.5).
With regard to the second of these indices, note that the vectors in the cone
S ( y~! D) are push-forwards under y; ! of vectors in a cone in Ty, R¥. Consequently,

a () =a <’It§ Prio;m (5’ (y_lD)»
= o (y(10): Sy, (D) N yo(T;0;M)) |
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where, with some abuse of notation, we have written y,(7;0; M) to denote the col-
lection of push-forwards, by y, of vectors in 7;0; M. It is clear that, as a random
variable, a (;) is dependent only on the collection

Fi é {yz, Vit yt, y*t}

of four random variables. Hence, the conditional expectation in (15.3.7) does not

depend on ¢.
In view of the above observations, and appealing to Lemma 13.5.1, we have that

the conditional expectation (15.3.7) can be written as

E et M0y~ DY T (V25 TF 0011, |7

)
==

_ G =Dt
J!

|

. i—l  ~

Elatn: M0y DYTOM (95, ) T,
j-l

=Ll T FOILE] e ) T ((=%5,0) | 7.

To evaluate the expectation here, we need to look a little more closely at the
structure of the Hessian V2§| M- As in the proof of Theorem 13.3.2, applying the
Weingarten equation (7.5.12) gives us that

l
Ve = V25 = Y (V50 V i ) (T £ () V2 foja;m ().
r,s=1

This depends on the curvature of Fl_1 (0). With some perversity (note how terms
cancel) but with the future in mind, we acknowledge this dependence by writing

2~ —
VoVt = Er + Oy,

where
- A
by = (vzyt‘i')’t )_Sr]t
1 k 9F
S IPINE2 PramV f O fF O == (szu(t) + Yu - 1),
r,s=1u=1 Yu
0, = 0] +67,
A I k 32F
O 2 3 Y (VT PramV AV F@)
8yu8yv t

r,s=1u,v=1
X (X, Vyu () - (Yr, Vyy (1)),
k=l k

CHESC A i D0 (VL Pra, MVfr(f)Vf(f)” v

r,s=1u=1

t-1.
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Written as above, the curvature of F Z_l (0) is contained in the double form ®ll.
Continuing, we thus have that (15.3.7) is given by
]—',}

I . ~ =~
E {f,al(m)az(m TN (= 9%u,))
J:

_’i G — !
(G —1—m)m!j!

% TrTr3.fM (E [a1(77t)0l2(77z) Lgre] M) 1f‘]:f})
B Zf: 1 =
A= =D —m)!!

x TrldiM (E[O‘l(nz)az(nt) HCHNITGIR ‘E})

where the first equality follows from Corollary 12.3.2 and the second is no more than
a change of variables.

We shall apply Lemma 13.5.2, conditional on y;, to each term in the sum above. To
do so, we first identify variables and functions above with the variables and functions
in Lemma 13.5.2. With this in mind, set

1
Zi =Y (V5. PramV )T f©,;,
r=0

1/2 1/2

W= (TF(y)) " Tfo (TFG')~
U

2 .
Yi+yi-1 Sprlﬂ,jny_,) . I=i=l

-1
Cmi=ar- 0",

Itis straightforward to verify that, conditional on y;, the above random variables have
the required conditional distributions. The result after application of the lemma with
I=j—mi=m—1Li=jk=Iis

) _

m) LG, NE(G iy, (15.3.9)
(—D'ao

There is only one conditional expectation above because the U;’s are, in fact, inde-

pendent of ;.

Applying Lemma 13.5.2 again, along with the fairly obvious fact that E {©"} =
Cp, I™ for any m, we find constants, p(m, dx_; D), which may change from line to
line, such that the expected value of the above (after multiplication by the factor of
2m in (15.3.6)) is equivalent to
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J I
21—( I = @B, D)

« TrlidiM (E [Ol(PTri);‘MVS;z; M) - (V25 + 5 - I)jim} Imil>

J
Z—( ey 7 )!(2n>*<f*’”>/2ﬁ(m,ak_lb>

m=l
x T (B {a(Phy 3 V3 M) - (V25 + 5077 ]

the last equality following from (7.2.11).
Above, p(m, dx—; D) is a complicated expression involving the expected value of
products of the a, of (15.3.8), powers of G),1 and ®t2, and factors of 27 and w,,’s.
Finally, we see that as in Theorem 13.3.2, the term

[ (a5 a0 (545 1))
oM

is proportional to £} (M; 8 i M), with a proportionality constant independent of d; D
The reason that £! appears instead of £ = £ is because of the appearance of 3, -
above. This completes the proof, since all that remains under the expectation are
quantities whose distribution does not depend on . O

15.4 Poincaré’s Limit

There are two simple and well-known connections between independent standard
Gaussian variables and the uniform distribution on spheres. The first we met already
in Section 10.2 in discussing the relationship between tube formulas and excursion
probabilities. Slightly rewriting what we had there gives the observation that if X is
an n-vector the components of which are independent standard Gaussians, then the
distribution of X given that |X| = A is uniform on Sj (R"), the sphere of radius A
in R",

The second result is generally referred to as Poincaré’s limit, although whether it
really is Poincaré’s limit is another question [46]. Its simplest version can be stated
as follows:

If n, = Mn1, - - -, Nup) is uniformly distributed on Sﬁ(R”) and k > 1 is fixed,
then the joint distribution of (1,1, . . ., 7xk) converges weakly to that of k£ independent
standard Gaussians asn — 0o. One can prove this either by realizing n as conditioned
normals as described above, or via the following elementary argument.

Set k = 1 and fix n. Choose —/n < a < b < /n and note that P{a < n,; < b}
is given by the uniform measure of the spherical zone a < n,; < b, which is

[rn—udy P au [P = w2y du
f_‘(’}ﬁ(n —u)n/2=l gy f ~(1— u?/nyn/2-1 du’

(15.4.1)
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as is easily seen from Figure 15.4.1. As n — o0, the right-hand ratio converges to
fab e—u2/2 du
21

by elementary estimates, and so the one-dimensional case is done. The generalization
to k > 1 is straightforward.

Fig. 15.4.1. The “laddered” region, the left and right edges of which project down to a and b
on the right-pointing axis, is the spherical zone of (15.4.1) forn = 3.

This is the basic “Poincaré limit theorem,” but we shall need more. For a start,
we shall need to move from vectors to matrices, but this is really no more than a
change of notation, which we shall handle in a moment. Furthermore, rather than
talk about uniform random variables on spheres, it will be more convenient for us
to choose Haar distributed random orthonormal matrices and use these to transform
fixed points that will then have a spherically uniform distribution. This is also little
more than a notational issue.

More importantly, however, we shall need to know about the convergence of
expectations of functionals, and for this the proof itself becomes considerably more
involved. Consequently, we present Theorem 15.4.1 below without a proof, referring
you to [46, 47] for details.

Now for the notation. With 5, still uniformly distributed on § ﬁ(R”), consider
the random vector

A
Xin =70 sk (Mn),
where 7y, x @ S (R") — Bp«(0, 1), defined by
T k(X1 -y Xp) = (X1, 0, Xp), (15.4.2)

is projection from S, (R") onto the first k < n coordinates. Then the result we
described above can be rephrased by writing that as n — oo, and for k fixed,

Xin 5 N, Iixt). (15.4.3)

L C e e
where — denotes convergence in distribution (law).
Here is the generalization of Poincaré convergence that we shall need.
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Theorem 15.4.1 (Poincaré’s limit [47]). Fix [, k > 1 and suppose that g, € O (n) is
a Haar distributed random orthonormal matrix. Consider the random | x k matrix
X1 k.n with (i, j)th entry given by

(ﬂﬁ,n,k(ﬁgnei)>j :

where {ei, ..., ey} is the usual orthonormal basis of R". Then the matrix X i »
converges in total variation to X , anl x k matrix of i.i.d. N (0, 1) random variables.
Furthermore, if F is a real-valued function of matrices for which

E{|F(Xi)|} < oo,

then
Jim E{F(Xi.n)} =E{F(X10}. (15.4.4)

In fact, the conclusion (15.4.4) is not what is usually referred to as “Poincaré’s
limit,” but rather follows simply from the method of proof of a similar result in [47].
There it was shown that if P, ; and P/ x , denote the distributions of X; x and X; ¢ »,
then the Radon—-Nikodym derivative

dPxn
dPI,k

is bounded and converges uniformly to 1 as n — oo. This is essentially all that is
needed to lift the convergence in law of (15.4.3) to convergence in total variation,
from which the convergence of the expectations in (15.4.4) follows.

15.5 Kinematic Fundamental Formulas

The kinematic fundamental formula (KFF) is undoubtedly one of the most general and
fundamental results in integral geometry, of which many other well-known formulas
are special cases or corollaries. For a full treatment of this result in a variety of
scenarios you should turn to any of the classic references, including [24, 40, 65, 92,
139, 141].

We have already met a related result in the form of Crofton’s formulas of Sec-
tion 13.1. Crofton’s formulas gave expressions for the Lipschitz—Killing curvatures
of “typical” cross-sections of subsets M of R", that is, of intersections M N V where
the V were subspaces of R". The KFF, however, is essentially a formula giving
the “average” Lipschitz—Killing curvatures of M| N g, M>, where g, is a “typical”
isometry (i.e., rigid motion) of R” and M| and M, are both subsets of R”.

For us the KFF will be the key to identifying the functions g in results such as
(15.1.1), which are themselves key to developing the final expression for the mean
Lipschitz—Killing curvatures of excursion sets in Theorems 15.9.4 and 15.9.5 below.
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15.5.1 The KFF on R"

For the first KFF we take two tame stratified subsets My and M, of R" with finite
Lipschitz—Killing curvatures.'* Although this is not actually the case we shall need, it
is the simplest and most common version of the KFF and so a good place to start. We
also take G, the isometry group of R” with a Haar measure. Since G, is isomorphic
to R" x O(n), its Haar measures are not finite, making it somewhat misleading to
talk of the “average” Lipschitz—Killing curvatures we described above or of “typical”
isometries. Nevertheless, it is possible to normalize Haar measure on G, in such a
way as to obtain a measure v, for which, for any x € R” and any Borel set A C R",

Vo ({gn € Gp : gnx € A}) = H,(A), (15.5.1)

where H,, is the usual Lebesgue measure on R”.
With this normalization, the KFF reads!>

i+
i

n—i —1
fG £; (M 1 g M) dvn<gn>=2[ ]m Lis (M) Ly (M)

j=0
(15.5.2)

1
Y S
=y L (M) L (M),

i=0 Si+j+18n—j+1

where, since we shall need them again soon, we recall that

["] [n]! "/ 27"/
=— nl!'=nlw,, w,=——, s,= .
k|~ [k]'[n — k]! rG+1 r'3)

14 There is a fine point here about whether we should require that M and M> also be piecewise
C2. Since our definition of the Lipschitz—Killing curvatures involves curvature, the KFFs
that follow are poorly defined otherwise. On the other hand, there are alternative definitions
of the Lipschitz—Killing curvatures (better called intrinsic volumes than curvatures in this
case) without such strong smoothness assumptions along with corresponding KFFs. Thus,
we shall leave out the reference to smoothness when it is not required, despite the fact that
you will then have to look in the references given above to see what the KFF really means
in these scenarios.

151 (15.5.2) the Ly are always fotal curvature measures, or intrinsic volumes. However,
there are generalizations of (15.5.2) with curvature measures replacing intrinsic volumes.
For further details, which we shall not require, see [80, 141].

Further to the previous footnote, note that there are also versions of (15.5.2) over more
general classes of sets than tame stratified sets. Indeed, much of the recent work around the
KFF has been devoted to seeing just how general the sets may be taken.

A proof of (15.5.2) at (and beyond) the level of generality that we have stated the KFF
can be found, for example, in [33].
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15.5.2 The KFF on S, (R")

What will be far more important for us than the KFF on Euclidean space, for reasons
that will soon become clear, is a version of the KFF for subsets of S ﬁ(R”) in which
G, is replaced by G, , the group of isometries (i.e., rotations) on S (R"). Perhaps
not surprisingly, with an appropriate definition of curvature measures, the KFF on
the sphere ends up almost identical to the Euclidean version.

Noting that G, =~ O(n), we normalize Haar measure v, ; on G, ; much as
we did for G, in the Euclidean case. That is, for any x € S, (R") and every Borel
A C S (R"), we require that

va ({gn € Gyt gux € A}) = Hu1(A). (15.5.3)

The KFF on S; (R") then reads as follows, where M| and M, are tame stratified
spaces in S (R"):

/ E?_Z (M1 N gnM2) dvn 3(gn) (15.5.4)
Gpa
" i+ —1 2
= Z [l JH: ; ] czAﬂ(Ml)En 1—j(M2)
Jj=
- Si+15n

= —L:)L 2(M]);Cn 1— j(MZ),

i+
=0 Si+j+18n—j J

where the functionals L;.‘ () are from the one-parameter family defined in (10.5.8).

15.6 A Model Process on the /-Sphere

We now introduce a particularly simple process on the /-sphere S(R!), for which
we shall be able to compute all excursion set (and more) mean Lipschitz—Killing
curvatures with calculations using no more than the KFF on the sphere. Ultimately,
in Section 15.9, we shall use the results of this section to prove the main non-Gaussian
results of the chapter. This will be preceded, in Section 15.7, by a development of the
corresponding results for a special Gaussian process, the canonical isotropic Gaussian
process on S(R'). Although we do not really need it until then, we shall remind you
of what it is and tell you what we need it for, so that the computations of the current
section will be better motivated.

As we saw in Section 10.2, the canonical isotropic Gaussian process on the [-
sphere S (R!) is defined as the centered Gaussian process on § (R") with covariance
function

E{f(s)f(®)} = {s,1), (15.6.1)

where (, ) is the usual Euclidean inner product.
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We first met this process in Section 10.2, when we looked at the volume-of-
tubes approach to computing Gaussian excursion probabilities. In particular, we saw
there that any Gaussian field with a Karhunen—Logve expansion of order / < oo and
constant unit variance can be mapped to a process on a subset of S(R!), and that the
suprema for the two processes are identical.

In this chapter, however, we have a different task for the isotropic process, for
it will be the test process to which we referred earlier for computing the unknown
functionals g in (15.1.1) and Theorem 15.2.1.

However, rather than dealing directly with the isotropic Gaussian process, we
shall start with a series of approximations to it that are easier to handle and for which,
as noted above, we can compute mean Lipschitz—Killing curvatures via the KFF.

15.6.1 The Process

We shall need a family, {y™) }n>1, of smooth R¥-valued processes on stratified subsets
M of S(R!). To define it, for each n > [ we first embed S(R!) in S(R") in the natural
way, by setting

SRYy={t=(t1,....t) e SR") 1 131 = --- =1, = 0}.

We next take O (n), now thinking of it as the group of orthonormal n x n matrices,
equipped with its normalized Haar measure 1, as our underlying probability space.
Then the nth process y™ is defined by

VO, g) 2 7 s i (Vgnt) (15.6.2)

wherer € S(R)), g, € O(n),and Sk is the projection from S ﬁ(R”) to R¥ given
by (15.4.2).

From Theorem 15.4.1 above, it is clear that the processes y converge in total
variation norm'® to an R¥-valued Gaussian process

NOETOITG N 1)) (15.6.3)

where the components have covariance

Cov (yi(1), yj(s)) = 8ij - {t. )Rt

That is, each component of the limit is a version of the canonical isotropic Gaussian
field on R!, and they are independent of one another.

As we are about to see, it is remarkably straightforward to compute the mean
Lipschitz—Killing curvatures of many sets generated by the y, using only the KFF
onS W(R”). This is the content of the following subsection. Later, in Sections 15.7
and 15.9, we shall send n — o0 to see what happens for the Gaussian limit.

16 Note that in Theorem 15.4.1 the convergence relates to a finite collection of random vari-
ables, whereas here we are talking about processes y(”) and y defined over an uncountable
parameter space. However, since each of these processes depends on only a finite number
of random variables (via its expansion), there is no real problem talking about “convergence
in variation” of either the processes or, what is actually more important to us, of real-valued
functionals defined on them.
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15.6.2 Mean Curvatures for the Model Process

The following result is the key to all that follows in this section. Although it is based
on the one-parameter family L?‘ of Lipschitz—Killing curvatures rather than the ones
we are more used to using, we have already seen in Section 15.5.2 that they are better
suited to computations on spheres than are the usual ones. We shall make the change
back to the usual curvatures before we leave this section.

Lemma 15.6.1. Let y™ be the model process (15.6.2) on a tame stratified space
M c S(RY, with n > 1. Then, for any tame stratified space D C R¥,

. . 71 71
dim M — - "
~ im i in i+l n—1 1 £1 M ﬁn—l—j (Tr\/ﬁ,n,kD>
= Z n j j j+i (M) syn@=0/2
j=0
. 7 71 71
dim M —i Sl ' ﬁZ—l—j <7Tﬁ,n,kD>
= — L (M) =112
j=0 Sitj+1 - Sn—jf

Remark 15.6.2. It is important to understand what the meaning of 71\_/% LD i in
the above lemma, and in all that follows. The problem is that for all t € S ;(R"),

”ﬁ,n,k(t) € Bﬁ(Rk), which may, or may not, cover D. Thus, with the usual
definition

7 iD= [’ €SmR" 17 i) € D},

it follows that n:/% o D may be only the inverse image of a subset of D.

Proof. The first thing that we need to note is that & J% Wk

in S(R"), and so from the construction of y we have

D is a tame stratified space

E{L} (M N (™)' D)}

-1, )ﬂ} (M0 (") D)(gn) dpn(gn)

= /O(n) c! (Mﬂn_l/zgn_] (ﬂ&%yn,kD» dpin(gn)

— -1 _ _
—=pni/2 o L} (\/;M Nng, 1 (”J%,n,kD)> din(gn)
1 - .
= Snn(;1—1+i)/2 \/C\; 1 Ei (\/EM N 8n <n\/ﬁ,n,kD>) dl}n’n,] (gn)’

n.n—

where the second-to-last line follows from the scaling properties of Lipschitz—Killing
curvatures and the last is really no more than a notational change, using (15.5.3).
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However, applying the KFF (15.5.4) to the last line above, we immediately have
that it is equal to

dim M—i _ —1 n1 -1

ImZ a1 E VM) Bai (" 2.04P)
2 i j Y 5 D)/2

]:

—1

dim M—i o - £ () D
. + —1 n—1-— n,n,k
S ] g )

= j j Snn(n—l)/Z

which proves the lemma. O

We cannot overemphasize how important and yet how simple is Lemma 15.6.1.
The simplicity lies in the fact that despite the preponderance of subscripts and super-
scripts, the proof uses no more than the KFF and a few algebraic manipulations. If
you compare this to the effort required to compute the mean Euler characteristic of
excursion sets of univariate Gaussian processes in Chapters 11 and 12, not to mention
the effort required in Chapter 13 to lift this to mean Lipschitz—Killing curvatures, you
will have to agree that the above proof is indeed simple.

Of course, the price that we have paid for this simplicity is that we have aresult only
for a very special process, and not for the Gaussian and Gaussian-related processes
of central interest to us. However, these are obtainable as appropriate limits of the
y™ . as we shall now see.

Suppose we send n — o0 in (15.6.4), which by Poincaré’s limit is effectively
equivalent to replacing the model process y with the Gaussian y of (15.6.3). Then,
in order for the limiting process y to have finite expected values for the Lipschitz—
Killing curvatures £;(M N (y™)~1 D), we would like to have the following limits
existing for each finite j:

-1 L A D
. _ _1-
lim ni/? [" 1} " ’< vk ) (15.6.5)

n—o00 ] snn(n—l)/2

Assuming that these limits are indeed well defined and finite, we define

-1

-1\ £ .(n—l D)

~ AL i/ n—1 n—1—j \"/n,nk

,()J(D)—nlgrolo (n |: i ] > =D/ (15.6.6)

-1
L .(rr_l D)
_ 200 1 n—1—j \" /n,nk
@)L im

where the second line comes from a Stirling’s formula computation.
Sending n — oo in Lemma 15.6.1 and applying Poincaré’s limit of Theo-
rem 15.4.1 (cf. footnote 16), we see that if

E{|£}(Mmy—1p)|} < oo,
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then
E{c}(Mmy—ID)} - lgrgoE{E}(Mﬂ(y("))_lD)} (15.6.7)
dim M —i l+
=y [ l.f} J4i (MDP; (D).
=0

This is starting to take the form of (15.0.5), the result that we are trying to prove.
The combinatorial flag coefficients are in place, but both sides of the equation are
based on the Cl 4; curvatures rather than the £;4;, and we have yet to explicitly
identify the funct10ns 0. Note the important fact, however, that on the right-hand
side of the equation we have already managed to split into product form factors that
depend on the underlying manifold M and the set D.

As far as the fact that we are using the “wrong” Lipschitz—Killing curvatures
is concerned, recall that we have already seen in Lemma 10.5.8 that the E; can be
expressed as linear combinations of the £, and vice versa. Thus, in principle, it
should not be hard to derive a version of (15.6.7) with the usual curvatures. In
practice, the computation is not simple, but we shall carry it out in a moment. Once
done, it will show that

E{cimny D)) = Zz[i }.c,-(M)ci,j,,ﬁl(D), (15.6.8)

j=i 1=0

for some universal constants ¢; j ;.
Understanding the geometric significance of the linear combinations

o0
> cijapi() (15.6.9)
=0

is probably the most important part of this chapter, and is the closing step in proving
the main result, Theorem 15.9.5. In particular, we shall see that the above sum depends
only on i + j and is intimately related to the volume-of-tubes results of Chapter 10.

Before doing this, however, we tackle the easier part of the problem, that of finding
a version of (15.6.7) with the usual Lipschitz—Killing curvatures. Since the p; of
(15.6.7), assuming that they exist, are functionals of D and independent of M, we
prove the following general result under the assumption that the limits (15.6.5) are
indeed well defined.

Theorem 15.6.3. Let M C S(R!) be a tame stratified space, and assume that for
0 < j <dim(M), the limits

N\ (et D
pj(D) = lim (n1/2 [” .1} ) : J< vk ) (15.6.10)

J s,nm=1/2

are finite and



15.6 A Model Process on the [-Sphere 407
E {lﬁi(M n y_lD)|} < oo, (15.6.11)

where y is the Gaussian process on S(R') defined by (15.6.3). Then

dim M —i

EHL,-(MQy"D)}: Z [“{l} Li1(M)py(D), (15.6.12)
=0
where for j > 1,
& ey
pi(D)= (=D Y] pj-21(D) (15.6.13)

S (4m)I(j — 1= 2D)!

and
po(D) = yre (D).

Proof. Asusual, set N = dim(M), and recall the two basic formulas of Lemma 10.5.8
relating the {£;} >0 and the {L}} =0

e e]

(=D" (i +2n)!
g}(.)zz ——————Li21() (15.6.14)
= 4m)"n! i!
and
1 (42,
Li()=) ——————L 5, (). (15.6.15)
= 4m)"n! i! +

Combining (15.6.14) with (15.6.7), we obtain
E {c,-(M n y*‘D)}
L25)

2

n=0

1 (i+2n)!
Amym! il

Li2,(M Ny~ D)

Il
= =
I et —

—

I
gt

o

|2t 000

1 G+ VT [i 1ot
j=0

; (4)"n! i! J

=

ol

1 (i+2n)zN’i2” |:i+2n+j

@yl j }p’(D)

3
Il
o

j=0
LN—i—Zn—jJ
2 (=D! (G +2n+j+2D)!

12(; @) (i +2n + j)! Livant jra (M)

X
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Saving space, we suppress the dependence of p'and £ on D and M, respectively.
Proceeding, E{L; (M N y~1D)} can be written as

N-i .
'S ! Y E Tir ] .
2 @4mymn! il 2 J bi
n=0

N—i—2n—j
5]

j=0

Z (=D! G +2n+j+20)!
S @l G+ )
—i LM .
_NZ 22: 1 G+20) [i+2n+
T = Pi Gryml i j

n=0

Liton+j+21

LN*i*Zn—jJ
Xz: ) G+2m+j+2) .
1=0 (47[)11' (i +2n+1)' i+2n+j421
. I_N i— jJ
Yy Y ! (i +2( = B)!
Jj=0 o a=0 p= 0(47-[)04 ﬁ(ot—ﬂ)! i

X[i+2(a—/3)+j] D 420t
j Gm)PBLG + 2@ — B) + j)! T

where the first and third equalities come from a change of order of summation and
the second from the transformation («, 8) = (n + [, ). Again changing the order of
summation we find that this is the same a

LN*i

IN—-i—20 « 1 (l+2(0l—,3))'

Z 2 Z"1(471)1%(01—/3)' il

j=0 =0

X[H—Z(a—ﬂ)—irj} SV U e L
J Bl G+2—B)+ ) T

Making now the further change of variables (m, k) = (o, j + 2«), the above is

equivalent to

—il

=

1 (i +2(m — B))!

k—
T m
Ezﬁ Ty (m = B)! i!

[z+k—2ﬁ](—1)ﬂ (i +k)!
k —2m B! (i +k—2B)

1454
k
—Z£l+k(’+) Zpk 2mZ(4n)m 5+ 20m = B!

~
Il
=}

i+k
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Ji+k—28] D 1
k—2m B! (i+k—=28)"

the last line being just a minor reorganization of the preceding one.
We must therefore show that

m

=y
o'
Zﬁ,+k(l+) Z i sz(4n)m 5+ 20m = )

k=0

5 [i+k—2,8} (—1)"’ 1

k —2m Bl (G +k—2p)
= i+k

=Y z+k(M)[ }pk,
k=0

where the functionals pj are those of (15.6.13). Equivalently, we must show that
154
1
- - 2 !
Z Pr—2m Z  Gyn 50 +2m = B)!

y |:z +k —2;6] (—1)’3 1
k—=2m | Bl (+k—2B)

itk (z+k)'
pe=|

k'wkw (—D? Wik—2
- Z Ok—2m Z d P

Witk o ()™ (m — B)\B(k — 2m)! Wk —2m®itom-2p )

This is equivalent, by (15.6.13), to proving that the following identity holds for all
nonnegative integers k > 1,7 > 0:

D" ok _ i (G i k28
m!  kwjwg/2 ¢ (m — BB wiyom—2p - (k — 2m)wi—om /2’

Finally, after some further simple manipulations, this is equivalent to the identity

k m—p i+2m—28 k—2m)
B(+1)Z(1)<>< 5 +1,— ,

where B is the beta function

_TOT® _ ' s
B(V"”—r(y+a)—/op (1— py*'dp.

That this identity holds is verified in the following lemma, and so the proof is com-
plete. O
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Lemma 15.6.4. For every y,§ > 0 and every integer 0 < m < y,
“ m
B(y,$) = Z(—l)m—ﬂ(ﬁ)B (y —m,5+m—p).
p=0

Proof. The identity is clearly equivalent to

1 m

1
1= 1 m—p (m)/ y—m—1 1— 8+m—ﬁ—1d .
T ,32:(:)( ") ) P =R p

Suppose, then, that P is a random variable with distribution Beta(y, ), so that it
has density

fr(p) = prta=p¥tl, o<p<l.

B(y,d)
Then,

I=P"A-(1=-P)"=>" (m)(—l)m—ﬂa — pynFp-m,
po NP

Since m < y, we can take expectations of both sides above to obtain

1 =E{P"(1—(1—P)"

1 " (m !
— -1 m—ﬂ/ y—1l—m 1 — S+m—p—1 d ,
B(y’S)Z(J( e (1-p) p

=0

and we are done. O

What remains now is to check that the limits (15.6.6) are indeed well defined, and
to evaluate them. Before treating the general case, however, we shall work out one
special one, for which the computations will be simpler and the result familiar.

15.7 The Canonical Gaussian Field on the /-Sphere

Our aim in this section is to carry out all the remaining computations needed to
compute mean Lipschitz—Killing curvatures for the isotropic Gaussian process on the
sphere when the set D C RF is a half-space.

While this is merely a special case of what will follow in Section 15.9, the calcu-
lations in this case are considerably simpler and aid in understanding what is actually
going on. Furthermore, as we shall see in a moment, the result that we shall obtain is
also a special case of the main result of Chapter 12. Thus it can be thought of as an
independent verification of earlier results, or as a corollary of them. We shall return
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to this point in more detail in Section 15.7.2 below. Either way, the current section
should help in understanding the general case.

In terms of the notation of the previous section, we are dealing with the zero-mean
Gaussian process from § (R to R* defined by (15.6.3), and the hitting set D taken
to be the half-space

D:{yeRk:(y, n)zu}, (15.7.1)

for some unique unit vector 7 € S(R¥) and u € R,. The case k = 1 obviously yields
precisely the excursion sets treated in Chapter 12. However, even for general k, the
process f defined by

f@)=@.n)
is a zero-mean, unit-variance Gaussian process, and so, writing
MNy 'D=Mn Fu, +o0),

we are still in the scenario of Chapter 12. Consequently, under appropriate regularity
conditions on M, the results of Chapter 12 (especially Theorem 12.4.2) give us the
mean Euler characteristicof M N f “u, 400). If we compare this with (15.6.8) with
i = 0 (so as to obtain the Euler characteristic £y) we find that we must have

Qm)y~UtD2H e /2, j >0,

x
co.j1p(D) = pj(u) =
Z 0.j101(D) = pj(u) Y i=o0,

=0

where the H; are, as usual, the Hermite polynomials (11.6.9), and so we have found
our elusive constants for this case.

Nevertheless, our aim is not to use the results of Chapter 12 to help out in the
current calculation, but rather to calculate everything afresh. However, at least now
we know what kind of result we are looking for.

15.7.1 Mean Curvatures for Excursion Sets

Here is the theorem that we want to prove.

Theorem 15.7.1. Let M C S(R!) be a tame stratified space, y the canonical Gaussian
process on S(R!) defined by (15.6.3), and D the half-space in R defined by (15.7.1)
for some unit vector n € R* and u > 0. Then
dim M —i i
Elcimny'p)= Y [ l }EHJ(M)/OI(D), (157.2)
=0
where for j > 1,
pj(D) = @) VD2 H; e
and
po(D) = yre (D).
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The proof is based on the following lemma, which we state and prove first.

Lemma 15.7.2. Under the assumptions of Theorem 15.7.1, the p;(D) defined by
(15.6.6) satisfy

Fi(D) = Qm)~UtD/2,i =12

for j > 1, and
po(D) =1 — @ (u).

Proof. We begin with the observation that as long as n > u, and adopting the notation
of the preceding section, we have

7 iD= Bs e (x/ﬁn, cos*‘(u/\/ﬁ)) , (15.7.3)

a geodesic ball, or spherical cap, in S ﬁ(R”) of radius cos ™! (u/+/n) centered at the
point /nn € S sn(R"). An example is given in the shaded region of Figure 15.7.1.

nl2

Fig. 15.7.1. The spherical cap (15.7.3) with k = 1, n = 3, and n taken along the right-
pointing axis.

Consequently, it follows from the definition (15.6.6) of the p;(D) that they are
given by

‘CZ:ll—j (v/nBsny(n, cos™ ! (u//n)))

~ — —J2rim i
p(D) = (2m) /7] lim T .

forall j > Oand all u > 0.
In order to compute this limit, we move from spherical Lipschitz—Killing curva-
tures to Euclidean ones, with the claim that

0y (VB 01, cos™ /i) ) (15.7.4)
j—1
= (%) En—l—j (B]Rn—l (0, vn— uz)) .

To see this, first write
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A _
H = /nBswn (77, cos 1(”/«/@) ,

n*l
n—1—j

the only contributions to £g:]17 j (H) come from 9 H,!” which is a sphere of radius
~/n —u?. (See Figure 15.7.1 again.)

Consequently, up to a constant, EZ:II_ ; (H) is the integral of

and compute £ using the extrinsic formula (10.5.10). Note that for j > 0,

Tr(s,;'*‘)

over d H, where S is the second fundamental form of d H in § ﬁ(R").
However, although up to this point we have been considering d H as it sits in
S sz (R™), it can also be treated as a subset of the hyperplane

Lé{yeR":(y,n)zu}.

Consequently, we can also compute the Euclidean Lipschitz—Killing curvatures
Ly—i—j(H), this time using the extrinsic representation (10.5.5). While these will
not be the same as the EZ:IP j (H), they too will be given, up to constants, by the
integral of the trace of a scalar second fundamental form over 0 H.

In this case, however, the scalar form comes from considering d H as a subset of

L, and we write it as S. The two fundamental forms are related by

s=23%
= =S

in the sense that if n is the unit outward-pointing normal of 9 H in § ;;(R") atr € 9H,
and 7 is the unit outward-pointing normal of dH in L at x € dH, then for any
X, Y e T,0H,

u

Jn

Using this equivalence and substituting into (10.5.10) and (10.5.5) to get the constants
right, (15.7.4) now follows on noting that

Ln—1—j(Brun, vn —u?)) = Ly_1—j(Bga-1(0, Vn — u?)).

Since we long ago computed the Lipschitz—Killing curvatures for S(R") (cf. (6.3.8))
and we know how they scale (cf. (6.3.1)), the right-hand side of (15.7.4) is now trivial
to compute, and so for j > 0 and n > u, we now have

Sy(Xe, ¥y) = —=S85(X;, Yy).

-l
n—1—j
two strata, its interior and its boundary. The interior term makes no contribution, since in
(10.5.10) the scalar second fundamental form for the interior term is identically zero. See

the discussion following Lemma 10.5.8.

7 There are only two terms that could possibly contribute to £ (H), since H has only
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1y (VB 1, cos™! u/ /) ) (15.7.5)

j—1
u n—1 2\ (i=1—j)/2

=\|— . a)n_l_j(n—u) .
ﬁ) |:n—1—]:|

The rest of the proof for j > 0 is a straightforward application of Stirling’s
formula, specifically the fact that for any fixed «,

rag~ ()"

where by a, ~ b, we mean that a, /b, converges to a finite constant as n — ©00.
Applying this asymptotic equivalence, we easily check that

[ n—1 } (zn)j/Zn/ﬂ

n—1-j /1!
and
—1-j)/2
@y n" 1/ ~ Q)= HD/2, =172
Snn(n—l)/Z ’
so that

[j]!ujfln*(jfl)/Z n—1 wn_l_jn(n—l—j)/z w2 (n—1-j)/2
(2m)i/2 |:n—1—j:| s,n@=1/2 (1 _>

~ (277)_(j+1)/2uj_1e_“2/2,
Substituting this into (15.7.5) gives that for j > 0 and u > 0,
o1(D) = (271)_(/+1)/2u/—le—u2/2’
as required.

It remains only to treat the case j = 0. But since it is an immediate implication
of Poincaré’s limit that for all u > 0,

£ (VABsqn (1, cos™ (u//n)))

i, 5072 =1-2w,
this case is simple, and we are done. |

Proof of Theorem 15.7.1. The case j = 0 is an immediate consequence of Theo-
rem 15.6.3 and Lemma 15.7.2. Relying on the same results, but now taking j > 1,
we have
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pj(D)=(j— D! Am)kk!(j — 1 — 2k)!

pj—2k(D)

=~

=0
—1

51 (i1—
(—Dk@m)=U-1=2b2

@m)kKI(j — 1 — 2k)!
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4
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e
k=0

e

=Qm) UG -1
k=0
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(—DF J—1=2k =22
2kK1(j — 1 — 2k)!

on noting the definition (11.6.9) of the Hermite polynomials. O

15.7.2 Implications for More General Fields

The previous subsection contains a new method for deriving the mean values of the
Lipschitz—Killing curvatures of the excursion sets of the canonical isotropic process
on S(RY). Recall that our initial motivation for restricting attention to this one
very special process over this rather special parameter space was a consequence of
Theorem 15.2.1, which stated that we had only to identify the p; in order to obtain
a far more general result. The other terms, those involving the £;(M), had already
been identified by Theorem 15.2.1.

However, a quick revision of the proof will show that nowhere did we actually
use Theorem 15.2.1 to prove Theorem 15.7.1. Rather, the proof of this theorem relied
on no more than the KFF and some, essentially algebraic, manipulations.

A natural question, therefore, is to ask how far this approach can be extended.
That is, can we actually manage without Theorem 15.2.1 at all, which was not an easy
result to prove, and still handle more general scenarios?

In fact, we can manage with only the current techniques if we are prepared to limit
ourselves to processes with finite orthogonal expansions. We describe the approach,
without going into technical details.

Recall firstly the discussion of Section 10.2, where we saw that any unit-variance
Gaussian process fwith an orthonormal expansion of order / < oo can be realized as
the canonical isotropic process f on an appropriately chosen subset of S(R). In fact,
if ]7 is defined over a tame stratified manifold M, then the corresponding subset of
S(RY), which we denote by v (M) for consistency with the notation of Section 10.2,
is also a tame stratified manifold.

Now suppose that on S(R!) we take the usual Riemannian metric, which is also
the metric induced on S(R') by f, and on M we take the metric induced by f (cf.
Section 12.2). It then follows from the invariant nature of the Lipschitz—Killing
curvatures that if A C M, then

£l = ] ay.
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where superscripts have been added to emphasize that the Lipschitz—Killing curva-
tures on the left are computed with respect to the metric induced by fon M, while on
the right they are computed with respect to the metric corresponding to f on S(R!).

Putting all this together, we have that Theorem 15.7.2 holds not just for the
isotropic process on S(R’), but actually on all reasonable manifolds and for all smooth,
unit-variance, Gaussian processes with a finite expansion. That is, we have reestab-
lished all the main results of Chapters 12 and 13 for these processes.

The natural question to ask now is therefore whether we can extend this approach
to processes without a finite expansion, thereby avoiding all the Morse-theoretic
computations of the earlier chapters and of the crucial Theorem 15.2.1 in the current
chapter.

Our answer is twofold: Firstly, we have not been able to do so, and it is not clear
that the argument can be extended to processes without a finite expansion. Secondly,
and, we think, more important, is the fact that the Morse-theoretic approach was cru-
cial for establishing the accuracy of the expected Euler characteristic approximation
to the excursion probability

P{supf(t) zu}

teM

in Chapter 14. We see no way of adopting an approach based purely on geometric and
tube-theoretic tools that will give the level of accuracy given by the Morse-theoretic
approach.

Thus, despite the fact that in this chapter we are rederiving many of our earlier
results, it seems that we did not waste our time previously. Apparently, there are some
results that are still beyond the reach of the KFF.

15.8 Warped Products of Riemannian Manifolds

In view of the previous section, the light at the end of the tunnel, or chapter, should
now be becoming clearer. In order to evaluate the mean Lipschitz—Killing curvatures
that we are after, and in view of (15.6.6), what remains is to compute the limits

! —1
lim Foctj (nﬁ’””‘ D)

n— 00 snn(”*l)/2

for suitable sets D, a computation that is in part geometry and in part asymptotics. In
this section we shall concentrate on the geometry.
As a first step we shall need to investigate the structure of the set n\_/}l P €

S /m(R") a little more deeply than we have so far. In doing so, we shall also need
to introduce the notion of the warped product of Riemannian manifolds, the last
technical tool that we shall require from differential geometry in this book.

It is clear that the set JT;% axD is, topologically, a disjoint union
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D (D n Sﬁ(IR{k)) L <D N (Bge (0, v))° x S(R”_k)> . (15.8.1)

For example, in Figure 15.7.1, the first part of this union is merely the point at the
extreme right of the spherical cap, while the second part is the cap with this point
removed.

Since we are assuming that D itself is a tame stratified space, the same is true of

n\;}l .. P and of each of the two components above. Consequently, their intrinsic

volumes are well defined. One is easy to compute. Since D N S ﬁ(Rk) is a tame
stratified subset of S N (Rk ), its intrinsic volumes can be computed using (10.5.8).

The second set in the union is, however, somewhat more complex, since we have
written it as a product set and we have not yet developed tools for handling the
Riemannian structure of products. Furthermore, what we have written in (15.8.1) is a
topological equivalence, and ultimately, we shall need precise intrinsic volumes that
are not topological invariants.

The way to handle these problems is twofold. First of all, we need to break the
Riemannian structure of products into a product of structures, at least along each
stratum of a stratified space. Secondly, we need to keep track of the fact that while
(15.8.1)istopologically precise, at each pointin DN (BRk O, ﬁ))o the corresponding
S(R"*) is likely to have a different radius.

In fact, the rightmost part of (15.8.1) is a subset of awarped (Riemannian) product,
and each stratum of D N (Bpi (0, /n))° x S (R"~K) inherits this warped product
structure. Once we choose the appropriate warp we can, and shall, relate to (15.8.1)
no longer as a topologically correct relationship, but as if it were correct without
qualifiers.

To understand what this means, we take a moment to investigate warped products
and develop a general expression for the intrinsic volumes of their subsets. Once we
have that, we shall be able to develop a concrete expression for the intrinsic volumes
of m . D, which we do in Section 15.9.

15.8.1 Warped Products

We now develop some basic calculations needed to compute the intrinsic volumes of
warped products. We were unable to find many of these calculations in the literature
and so cannot adopt our usual policy of simply referring you to a good reference.
Bear with us—they will not be too long.

A (Riemannian) warped product consists of two Riemannian manifolds (M1, g1)
and (M3, g») and a smooth function o2 : M; — [0, +00), known as the warp. The
warped product is then defined to be the Riemannian manifold

A
(M1, M, 0) = (M1 x Ma, g1 + 02 g2). (15.8.2)

That is, the warped product of (M1, g1) and (M3, g2) with warp o2 is a Riemannian
manifold M| x M, such that for each (¢;, o) € M| x M, the Riemannian metric on
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M x M, is given by!8
8 (Xt] + Yl‘zv Zt] + Wt2) = &1 (Xt1 5 Zt]) + Utzlgz (Ytza Wtz) .

Usually, as in our case, M is a sphere.
As an example of a warped product consider

My = (Bgi (0, v/m)® x SR"™),
where the Riemannian metric on the open ball is given by
8 = grk + Vo ® Vo (15.8.3)
for
o (t) =n — ||t (15.8.4)

and the Riemannian metric g« on S (R"~k) is the canonical one inherited from R”*.
The reason we are interested in this example of a warped product is that each
(n —k — 1+ j)-dimensional stratum D, 14 ; of

(D0 (s@®)") x s
is isometrically embedded in this warped product and has the form
D; x S(R"K) (15.8.5)

for some j-dimensional submanifold D; of the open ball By« (0, /n)°. Using this
embedding we can compute

1/n —1 ~
‘Cn—l—i (n\/ﬁ’n,kD’ D”*k*“rj) ’

the contribution of these strata to the intrinsic volumes of ”\_ﬁi,n, kD.

The first step to computing these contributions is to compute the Levi-Civitd
connection V? of M,;, since this is needed in order to compute the second fundamental
form of D; x S(R"*) in M,.

Consider, therefore, a general warped product (M1, M>, o) and denote the Levi-
Civitd connection on each M; by V/. Use E,or E j» to denote vector fields on M,
identified with their natural extensions on M| x M>. Similarly, F', or F;, denotes
fields on M, extended to M| x M;. Then the following relationships hold:

V3 Ex=Vp E.  V§F,=ViF, (15.8.6)

and

18 Since the tangent space T(;, 1,) (M1 x M) is equal to T;; M @ Ty, M, any vector )}(fl»h)
in it can be written as X;; + X, for unique Xi; € T,j M;.
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VZF = V%E = E(logo)F. (15.8.7)

The two relationships in (15.8.6) follow directly from the definition of the Levi-Civitd
connection and the product structure of M. To prove (15.8.7) we apply Koszul’s
formula (7.3.12). If Fy,..., Fy is an orthonormal frame on (M3, g2), then it is
immediate that

1
o

)

are orthonormal vector fields on (M, g).
Koszul’s formula then gives us that for any vector field £ on (M1, g1),

1
g(VEFi, Fj) = EE(g(Fi, Fy)),

since all the other terms in the formula are zero either by orthogonality or the product
structure of (M, g). However,

E(g(F;, Fj)) = E(o%g:(F;, F})) = 20 E(0)g2(F;, Fj) = 20 E(0)5;.
Furthermore,
g(VEFi, E)=0

for any other vector field E on (M1, g1). Therefore, forany 1 <i <k,

k k
~ o~ 1 ~
VEF =) (ViR Fp), Fj=) —g(ViF, F)F;
j=1 Jj=1
k
= Y BT = 2 F = Bdogo) P,

j=1

from which (15.8.7) now follows.

15.8.2 A Second Fundamental Form

With the Levi-Civitd connection V? determined, the next step toward computing
intrinsic volumes lies in understanding the second fundamental forms over the sets
D;xS§ (R¥) as they sitin M, as well as their powers. For this we need to describe the
normal spaces Ty, n)M for t € Bpi(0, o/n) and n € S(R"~ k. A simple argument
shows that at a point (¢, n) € D; x S(R"™ ky,

~ 1
Ty Mp)* = <T,Dj ® TnS(R"”‘)) ~ 1,D%, (15.8.8)

where T,DL is the orthogonal (with respect to g, ) complement of 7; D; in T; B« (0,

Jn). From this, it is now not hard to see that the normal Morse index D; x § (Rk ) as
it sits in M? is actually the same as the Morse index of D; as it sits in BRk (0, /n).
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With the various tangent and normal spaces determined, we now let S denote the
scalar second fundamental form of D; x § (R”’k) in M, and S, the scalar second
fundamental form of D; in (Bg« (0, /1), g5). Then we have the following lemma.

Lemma 15.8.1. Retaining the above notation, for 0 <1 <n — 1, take
(t,m) € Dj x SR, w_j e (Ty,D; x SR )L

Then

1
1 —k—1
TS, )= (” . >(—1)”(uk_ j(ogo)) " Tr(Sy )

! _
[ = [

Proof. Fix an orthonormal (under g,) basis (Ei, ..., E, F1,..., Fy—k—1) of

T(¢,p M5 such that (Eyq, ..., E;) forms an orthonormal basis of 7;D;. Equation

(15.8.8) implies that any vx_; satisfying the conditions of the theorem can be ex-
pressed as

J
Vk—j = Z a E,
r=1

for some constants a,. Applying (15.8.6) and (15.8.7) along with the Weingarten
equation (7.5.12), we obtain
Svk,j (Er, Es) = _g(vgrvk—ja Ey) = —go (Vgr Vik—js Es) = Sa,kaj (Er, Ey),
Svk,j(Frs Fs) = _g(vlfj«"rvk—jy Fy) = _Vk—j(loggt)g(Frs Fy)

= —Vk—j (log 0¢)dys,
0.

Su_, (Er, Fy)

Therefore, for each v;_j, the matrix of the shape operator Svkﬂ. in our chosen
orthonormal basis is block diagonal with one block, of size j, being

{SO',Uk,j (Erv ES)}

1<r,s<j’
The other block, of sizen — k — 1, is
—k—jd0g o) I(n—k—1)x (n—k—1)-

Therefore, applying (7.2.7), we have thatfor/ <n —k — 1,

l

1 n—k—1 _ 1—r 1 -

TS ( L )(—1)’ " (vejlogon) T S Tr(Sg ),
’ r=0 ’

which completes the proof. O

Since Lipschitz—Killing curvatures are no more than integrals of powers of traces
of second fundamental forms, we now have all we need to begin the final computation.
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15.9 Non-Gaussian Mean Intrinsic Volumes
Our aim now is to compute the limits (15.6.6), that is,

-1
E"ﬁli.(rr—l D)
lim — o\ Yk

n—oo Snn("_l)/z ’

(15.9.1)

for which the following lemma is the most crucial step. It is in this step that the
generalized Lipschitz—Killing curvature measures £; and integrals against them as
in Definition 10.9.1 appear for the first time. The transition from this lemma to the
final result in Theorem 15.9.5, in which the Gaussian Minkowski functionals appear,
will then involve no more than some careful asymptotics.

Lemma 15.9.1. Asusual, D is a tame stratified subset of R* with j-dimensional strata
Dj. Suppose that Dn k=14 = Dj x S(R"™ kyisan (n — k — 1 + j)-dimensional
stratum of w~, ﬁ,n, P such that

Dypgo14j N SRY) =0
Then, foralli >k — j > 0,

1 —1 ~
e (D Buker) (15.9.2)

S ksk+1j n—k—1
= sk )
P S i+j—k—1
% Zj—l <D0’ 0n+k—2i—2j+21—1(Zn)—k/zhi+j_k_l]le> ’
where D° = D N Bpi (0, \/n) is the tame stratified space obtained from the inter-
section of the embedding of D in R* and the open ball of radius \/n, endowed with
the metric g, given by (15.8.3) and
A
hit, v) = (v, ).

(Note also that the final term in (15.9.2) is an integral against the generalized cur-
vature measure L;_;.)
Furthermore, suppose that for all0 <r,s <i +k — J,

Z (D, |hs|gok}le) < 00, (15.9.3)
writing @y for the k-dimensional Gaussian density (2m)*/2e=It P12, Then

1 1/n -1 ~
Jim L (7 kD Duir) (15.9.4)

i+j—k

[k+1—j1! i—1 ~
= Z T <k - 1>Cjz (D, (thiJrjfkflle) :
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Proof. From (10.5.10),
1 _ ~
En/_nl_i (n\/nl,n,kD’ ankflJrj)
_ Clk—j,i+j—k / /
Qm)UHI=PR2 + j =) Jpxs@iky S5t D;xS®R-H)L)
X Tr(Sy Ve Y Hk j(@dvi— ) Hu1- ok (dt, d),

where
Hy—1—j+x(dt, dn) = o/~ FH, 1k (dn)H j(dr)

is the Hausdorff measure that D; x S(R" —kY inherits from D?, the warped product
of (D?, gs) and S (Rk ) with its usual metric and warp function o? given by (15.8.4).

By Lemma 15.8.1, observation (15.8.8), and the subsequent remarks about the
normal Morse index «,

1/n —1 ~
L7 (ﬂﬁ,n’kD, ank71+j)

=cm—¢uq—mem*ﬂ*wfi/ /
D; Js@® k) Js(T, 0

itj—k

n—1—k 1 P4 k— i+ j—k—1
" zZo: <i+j—k—l>"t" EED™HE (e og o)

1
oI Tr(Sé,vk_j)“(kaj)kaj(defj)an]fk(dU)Hj (dr).
Equation (15.9.2) now follows from the fact that

Clk—j.i+j—kQ@m) =02 g,
Ck — j,D)Q2m)~1/2 T os

followed by integrating over S(R" %) and noting that

(Vk—j, )Rk
vi—j(logoy) = ——12 &,
O
As for the second conclusion of the lemma, (15.9.4), note that

lim Sk n—k—1 o Hk=2i=2j+21-1
n— 00 Snn(n—l)/2 l +J _ k _l t

~ i Sk ( n—k—1 )n(n+k—2i—2j—21—1)/2

n—00 snn(n_l)/z i —|—] — k=1
2 222
n

__ o™ e
(i+j—k=D!
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Also,

Sk+i—j _ Sieyi—jk+ 1= =DV i1
sii+j—k—=0D! siG— 1! k+1—j

_[k+l—j]!< i—1 )
- [l k+1—j)

Finally, since it is not hard to see that there exists a finite K such that for all n large
enough,

2

2\ "/
(1 _ ﬂ) < Ke P2
n

forallt € Bpi (0, /n)°, dominated convergence yields (15.9.4) and we are done. O

In Lemma 15.9.1 we computed the contribution of the sets 5n—k—l+ i =Dj x
S(R"K) to the curvatures cr 1 i (7'( kD) under the assumption that l~)n_k_ 14N
SR = 0. N

Our task now is to show that if in fact, Dy—f—14; N S(]Rk) # {J, then there is

actually no contribution to £”_ (71\7;1! 2 D) for n large enough. We write this as

n— 1 —i
shown in the following lemma.

Lemma 15.9.2. Suppose that D satisfies the conditions of Lemma 15.9.1 and that
D; C Sﬁ(Rk) is a stratum of D N By (0, /) for some n > 0. Then, for n >
-1
Z 1 (T nnkD nﬁnij)zo

and so for all sufficiently large n,

no (T Dhlf =0
n— 11( \frinkD)

for all h.
Proof. Since D; C S, (RY),

-
f kD/:D./’

and so \fl Dj is a j-dimensional stratum of 7, f kD. From Definition 10.9.1,

we see that such strata contribute only to the intrinsic volumes of order O to j, as
required. O

We now have all that we need to evaluate the illusive limits (15.6.6), namely,

n=! -1
£y (7 inaP)
snn(nfl)/z ’

7;(D) 2 @m)~2[j1! lim
n—oo

and via them the all-important functions p; (D) of (15.6.13).
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Theorem 15.9.3. Suppose D satisfies the conditions of Lemma 15.9.1. Then
pi(D) = @m) ™ P M (D), (15.9.5)

where the functionals M}’(D) are the coefficients in the standard Gaussian tube
formula derived in Section 10.9.3.

Proof. We start by computing the p;. By Lemmas 15.9.1 and 15.9.2,

k—1 i+j—k . .
~ —i/2. [k+1—j]! i—1
(D) = (27) " 2] - _J7
pi(D) = (2m)~""[i] j=§k_i IEZO T <k+l - 1)

X Zj—l (D, <thi+j—k—111)_,>
k=l itk i1
—en Y Y (i)
Paraifiier: k+1—j—1

X Miyi—; (D, Prchivj—k—i Jle)

i—1 .
. i—1\ ~
=Q@m) Py ( N )MmH (D, gxhi—1-m) ,
m=0

where the M are the generalized Minkowski curvature measures defined in (10.9.5).
With the p; determined, we can now turnto the p;. By (15.6.13) these are given by

L5
pi(D) = (i~ D! Y

=0

i—1 .
L5 li—21—1 (—1)
=(@—1)! — 27)~=2D/2
Y ZO: mX::O amiG — 1= 2™

(=1f

@G —1-ayri-2P

i—21—1\ ~
X ( m )Mm—H (Ds (pkhi—Zl—l—m)

i-1 .
. -1\ ~
= @m)~ Y (’ . )Mm+1 (D Hime1 (G, e ™72)
m=0

= @m) MMl (D),

the second-to-last line coming from the definition (11.6.9) of the Hermite polynomials,
and the last from the definition (10.9.12) of the M (D). o

The main results of this chapter, and indeed of the book, are now simple corollaries.

Theorem 15.9.4. Let M be an N-dimensional, regular stratified space, D a regular
stratified subset of R¥. Lety = (y1, ..., yt) : M — R¥ be a vector-valued Gaussian
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field, with independent, identically distributed components satisfying the conditions
of Corollary 11.3.5. Then

N—ipE. .
ele (mny o)) = ]X:(:) [’ jj} @) Liy ;DM(D),  (15.9.6)

wherethe Lj, j =0, ..., N, are the Lipschitz—Killing measures on M with respect to
the metric induced by the y;, and the M;’ are the generalized (Gaussian) Minkowski

functionals on R,

Proof. Theorems 15.6.3 and 15.9.3, which actually require fewer conditions than
we have assumed, immediately yield that (15.9.6) holds for the canonical isotropic
process y of (15.6.3).

On the other hand, Theorem 15.2.1, which does require all the conditions of the
theorem being proven, implies that in general, the mean Lipschitz—Killing curvatures
E {E,- Mny! (D)} break up into a sum of Lipschitz—Killing curvatures of M and
coefficients that are dependent only on D and some other constants. In particular,
they are independent of the covariance structure of the underlying process and its
parameter space. Consequently, these coefficients are the same as we computed for
the canonical isotropic process on the sphere. That is, (15.9.6) holds in general. O

Finally, we have the main theorem of the book, which is a trivial consequence of
the previous one. Indeed, we would have called it a corollary rather than a theorem,
were it not for the fact that it is such an important result.

Theorem 15.9.5. With the same notation and conditions as in Theorem 15.9.4, let
F € C%(R¥, R) and define the non-Gaussian random field f = F(y(t)). Then

N—ir., .
E{Li (Au(f, M)} =) [’ J;.’ } Q)P Ly (MM (F_l[u, +oo)) :
j=0

Proof. This is a trivial consequence of Theorem 15.9.4, taking D = F~([u, 0)).

15.10 Examples

To round off, we now want to look at three examples of Theorem 15.9.5, one familiar
and two new. By “examples,” what we mean are explicit computations of the coeffi-
cients M’]/ (F Iy, +oo)) for particular choices of the function F. There is no need
to recompute the coefficents £;; since these are the same as in the Gaussian case
and independent of the choice of F.

The familiar example will be the case of Gaussian f, in which case, in the notation
of Theorem 15.9.5, k = 1 and F(x) = x. Here we have seen the result many times,
including Chapters 11 and 12 for the Euler characteristic and Chapter 13 for the
remaining Lipschitz—Killing curvatures, not to mention in Section 15.7 of the present
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chapter. Thus our aim is simply to check that everything works as it should and to
see how to derive the specific from the general.

For the remaining two examples, we take two of the examples of (15.0.2), specif-
ically the so-called x2 and F random fields. In all three examples, we shall look for
functions p; ¢ such that

N
EA{Lo (Au(f. M)} =" pj. )L (M). (15.10.1)
j=0

The p;, r are generally known as the Euler characteristic (EC) densities for f, and
by Theorem 15.9.5 they are given by

pi.p ) = @) P M (F—l[u, +oo)). (15.10.2)

Although they are defined via the mean Euler characteristic calculation, it follows from
Theorem 15.9.5 that they determine all the other mean Lipschitz—Killing curvatures
as well, since
i+
E{Li (Au(f. M)} =) [ ; ]] pi ) Liyj(M). (15.10.3)

j=0

Throughout, we shall assume, as we have done so far and without further comment,
that the assumptions of Theorem 15.9.5 hold regarding both the manifold M and the
process y.

15.10.1 The Gaussian Case

The simplest of all examples is given by y being a real-valued, centered, unit-variance
Gaussian random field and F' the identity function, so that f = y. In this case we
already know by (10.9.13) that

B 1 i
M (F u, oo)) = M’ ([u, 00)) = e 2 (15.10.4)

and so
pj.rw) = Qm) UtV H  uye /2, (15.10.5)

Despite this easy path, we shall rederive the result via the Taylor series mentioned in
Chapter 10, as a preliminary to the more complicated x> and F cases.

Recall that the MY arise as coefficents in the formal tube expansion (10.9.11).
That is,

x
yg (Tube(D, p)) = ypi(D) + Y %M;R’ (D). (15.10.6)
=17
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Taking D, = [u, 00) here, and recalling the fact that

dj 2 2 . _ 2
¢ Y2 = (=) Hj(x)e™

(cf. (11.6.11)), we have, via a standard Taylor series expansion of the exponential
function, that

i (T (D, p)) =1 — ®(u — p)

]

1
_l—<CI>(u) Z p)](% ./_1(u)e_”2/2>

,0. 1 —un
=1-dw+ Y ———Hj_j(ue ™/,
; J' 2w !
so that on comparison with (15.10.6), we find that

1 2
ME(D,) = s Himme™ 7,
which is, of course, the same as (15.10.4) and so also implies (15.10.5).
Substituting (15.10.5) into (15.10.1) gives the mean Euler characteristic results of
Chapters 11 and 12 (cf. (11.7.15) and Theorems 12.4.1 and 12.4.2), while substituting
into (15.10.3) recaptures the main results of Chapter 13 for the remaining Lipschitz—
Killing curvatures (cf. Theorems 13.2.1 and 13.4.1).

15.10.2 The x? Case

The x? random fields arise in a number of applications (cf. [172]) and are easily
defined by taking F, in our standard notation, to be

G(y) = |y~

(The desire for a change of notation will become clear soon.) We shall write the
corresponding random processes as

8() = G(y@)).

The EC densities for these processes'® were originally derived in [2] for N = 2 and in

[172] in general, in both cases from a first-principles approach and with considerable
and complicated computation. We shall work via Theorem 15.9.5, an approach first
adopted in [157, 158]. As you will see in a moment, the general approach is basically
the same as in the simple Gaussian case, although the details of the computation are
a little more complicated.

19 The EC densities for noncentral X2 processes are also known, and available in [172] and
[157, 158].
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We start the actual computation by noting that if we take F(x) = |x|, then
f = F oy is the square root of the X;? random field g on M. Since the EC densities
of f are related to those of the X,? field g by

pj.e) = pj r(Nu),

it suffices to calculate the EC densities of f, which turns out to lead to slightly tidier
computations.?”

Following the same path we took for the Gaussian example, we note that for this
f we have

D, = F~' ([u, +00)) = RF\ B« (0, u),
and T (Dy, p) = D,—p, so that
YRk (T'(Dy, p)) = YRk (Du—p)~

It remains to express the right-hand side here as a Taylor series in p. Elementary
computations give the probability density py of f as

_ 1 k—1_—x2/2
Pk(x)—mx e ,
and so
o _—
(=p) d’™ " pi
Vet (Dup) = v (D) = ) == |

j=1

Direct calculations, again exploiting (11.6.11) as in the Gaussian case, show that

. i1 . .
di = py 1 —(j—1 i1kl 2
_ IR A A T
-1 = =Y - o Hi
dx T(k/2)2 ;( i >( D Hi(x)e

ey =, 1 P R S o
S (T ) e Hw).
[(k/2)2k=2)/2 = i dxi—1-i
The summation can be rewritten as

20 Of course, we have introduced a small problem here, since F(x) = |x|is not C?,as required
by Theorem 15.9.5. Nevertheless, we shall ignore the problem on the basis that a quick
check of the proof of Theorem 15.9.5 should convince you that for each u, F need be C 2
only in a neighborhood of u. Thus, if we restrict ourselves to u > 0, all is fine. In any case,
the problem is an artifact of choosing to work with |x| instead of the more natural |x|2,
which should also help convince you that it is not too serious.
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j—1 .

. j—1 - (k—1)! ki

E Ty iy -1 —— "=/ H;

o (k> l}< ; >( ) k+i —j)!x (x)
2

J—11li/

xk=i

Pﬂ_

—1 (k=1 i! .
1 -1 i+l 2i-21
tkzj= ’}( i )( ki G =2

i=

|
=0

lJ]

<
I o

1
-1 (k=1 il -
1%>jl}< . )(—1V+1k —
% (k+i — G — 20!

><
>v-
\
Pﬂ*

=

N
Il
= o

ﬁ
[~
N |

k—1 (=D = 1!

k 2 +21

: Z thzj=m— 2”(] 1—m—2l> T
=0 m=0

Combining the last three displays gives

VRK (Du—p)

j—1
k-/e 22 LzJ]lzl

_mkwnz ‘F(k/m(k MZ by

" o1 ey i
tezjmm=20\ iy gy oy min2! !

It now follows from the definition (15.10.2) of the EC densities that for j > 1,

i g2 Lt j—1-2
pj,fu) = Qm)I/2T (k/2)26=D/2 Z
=0 m=0
k—1 (_l)j—H-m-H(j _ 1); 2]
X Mz j—m-2ny| ; w=,
j—1-m—21 mll2

and so we have the following result.

Theorem 15.10.1. The EC densities of the sz random field g are given, for j > 1
andu > 0, by

=1, .
uk=i/2p=u/2 L1 j—-1-2

pj.gU) = (2m)J/2T (k/2)2*=2)/2 ; mZ

=0
1 k—1 (D= G -,
thzj=m=2\ G | _ min2! v

When j = 0,

pog) =P 7 = ul}.
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Perhaps the most important thing to note from this example is that although many
of the formulas above may be long, there is nothing at all difficult in them. All that
was required, once the structure of the sets D, was understood, was basic calculus.

Indeed, this is often the case. However, there are cases, as we shall see from
the following example, for which, as the function F becomes more complex, it
becomes more efficient to backtrack a little and to compute the Minkowski curvature
functionals from first principles.

15.10.3 The F Case

To define the F,, , random field, we take y = (yl, ..., Y™ty as in Theorem 15.9.5,
and set f = F oy, where
Py = 2 Zm 00
m Z:l:] (ym+i)2

There is problem with the F, , field, however, that does not arise with the Fj, ,
random variable (i.e., the field at a specific point). This is that for the field it may well
happen that there are ¢ for which y(#) = 0, in which case f (¢) is undefined. To avoid
this, we shall assume that n +m > N, so that by Theorem 11.2.10 we are assured
that, with probability one, there are no such points. Then, restricting to # > 0 and
using the same logic as in footnote 20, we have no problem.

In computing the EC densities of an F,, , field we return to first principles, and
the definition (10.9.10) of M"®* as

YRm+ Aj_l Jj—1 i—1—k di=1=k
MjR (M) = Z( k )(—1)]_ - Mk-l,-] (M, W§0m+n) .
k=0
To differentiate ¢,,, we again apply (11.6.11). With D, = F~Yu, +00) and
dD, = F~'({u}), noting the facts that (VF, V| y|?/2) = 0 and

0, n odd,
H,(0) =
" {(—D’%, n=2l,

it is now not hard (although it involves some patience playing with constants) to see
from (10.9.2) and (10.9.5) that for j > 1,

M]V.R'”” (Dy) (15.10.7)
L(i—')

Gy XZ:J(—DZ 1 R D )
= J_ N '1 ( + ) 2 e jle uw, AX
S 1 Qo Jyp,

Ry

—1) 1
=@G-n Yy, ch
=0

1!21 (27-[)(111+n)/2

—Ix12/2 1 Ty Du (Sj—2l—1) dH
s /aa,e G-2-nr it
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The computation of this last integral is not simple, so we separate it out as a lemma.

Lemma 15.10.2. In the notation above,
! LD (gh ) gl
e IR GO La e

F(m—i—n—k—l)
2 mu \ (m—1-k)/2 mu\ —(m+n—2)/2
)<_) (1+5)

" AT (T

e ()

Proof. We start by writing

n n

k
TraDF <S13CDF> y) = TraDF(,v) <<—|VF(y)|1V2F(y)6DF(y)) ) .
Then it is not hard to see that
1 oD k 1 oD —12 k
S TP (saDF) = ST (—|VF| v F|3DF) . (15.10.8)
In order to compute this trace, define

v =3 (7). vo=Y (). G = %

j=1 j=1

Since F = nU/mV, straightforward calculations show that

2n 1
VF|==,/G10+G) —,
V= N
|VF|"'VF =/ ! L vy N G 1 gy
T V1+G2yU 1+G2JvV
1 1 1
VF|"'V2F = —<—V2U—— dV ® dU +dU @ dV
v eI O\ yarm ¢ )
2G G _,
+de®dV—ﬁvv).

We now evaluate the matrix of [VF|"'V2F ina specific set of orthonormal frames
of VFL. Specifically, viewing R”" as the product R” x R” with the product metric,
we fix subspaces L1, the kernel of VU in R™, and similarly L, the kernel of VV in
R”, for which we choose orthonormal frames By, B,. The desired set of frames for
the kernel of VF is then B = { By, By, X}, where

| G 1 [ 1 1
X=,/———+=VU—-,/———F=VV.
1+G2JU 1+ G2V
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The matrix of —|VF|~!V2F in this set of frames is diagonal, with entries

m — 1times n — 1 times

! 1 I,G G,0
VG(1+G) LR ) RN )

By expanding the trace of the kth power of such a diagonal matrix we now obtain,
from (15.10.8), that

1o ane (kL 1 & ,-<m—1><n—1)
o F<S3DF>_(/‘VG(1+G)> g( Dz i)

Federer’s coarea formula (7.4.13) now implies that

1

v w2 ap, (o
(27 )(m+m)/2 /BD e X Tr (Sapu) dHm4n—1(x)

: 1 1 dDf k
=tim — | \VFLp e T (Shp, ) dyinsn ()
Rm+n .

e—0 2¢
1 dF, mn
=E{|VF|— Tr?Pr (S’gD ) |F=u M(u)-
k! F dAR
The lemma now follows after substituting for the density d Fy (ygm+r)/dAr and noting
that V(1 + G) = U +V ~ x2_, is independent of G and

r("* +p)

r (")

E{U+V)P}=2F

Combining (15.10.7) and Lemma 15.10.2, we have proven the following.

Theorem 15.10.3. Form +n > N and u > 0 the EC densities for the Fy, , random
field are given by

Qm)ip; pw)

n

F<m+n7j) )
2 mu\ (m—j)/2 mu\ —(m+n-2)/2
()

T 2UAPR(3)T(5) Ve

\_@JF m+n—j+l
G Y (4 +1)

— T (%)ly
j—2i—1

; mu i+l m—1 n—1
x ; (_I)H(T) <j—1—21—i)< i )

for j > 1, and for j = 0 by

pj,f(u) = IP){Fm,n > uj.
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There are many more formulas like these, for a wide variety of non-Gaussian
processes, some simpler, many even more complex.

Complexity, however, is a relative concept. The underlying formula behind all of
the special cases of this last section was the simple result of Theorem 15.9.5, namely,

N—i

E{L; (Au(f, M)} =) [

J=0

i ’} @) Liy j (MM, (F_l[u, +oo)> .

To a geometer, this is simple. To a statistician or probabilist, this last formula
is complex, since it involves unfamilar geometric quantities. Our hope is that after
reading this book, the statistician and the probabilist will now feel more comfortable
with the geometry underlying applications of random fields. Perhaps we have even
motivated the geometers and others among you to take a look at [8], which will show
what can be done with these results on a practical level. Now that this book is finally
done, together with Keith Worsley we can finally begin work on [8], as we promised
back in the preface. Look for it in your favorite bookstore, but be prepared to wait a
little. In the meantime, look for a work in progress on our websites, where we shall
also keep updates on this book.
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