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Preface

Originally, the main body of these exercises was developed for, and presented to,
the students in the Magistere des Universités Parisiennes between 1984 and 1990;
the audience consisted mainly of students from the Ecoles Normales, and the spirit
of the Magistere was to blend “undergraduate probability” (; random variables,
their distributions, and so on ...) with a first approach to “graduate probability”

(; random processes). Later, we also used these exercises, and added some more,
either in the Préparation a I’Agrégation de Mathématiques, or in more standard
Master courses in Probability.

In order to fit the exercises (related to the lectures) in with the two levels alluded
to above, we systematically tried to strip a number of results (which had recently
been published in research journals) of their random processes apparatus, and to
exhibit, in the form of exercises, their random variables skeleton.

Of course, this kind of reduction may be done in almost every branch of mathemat-
ics, but it seems to be a quite natural activity in probability theory, where a random
phenomenon may be either studied on its own (in a “small” probability world), or as
a part of a more complete phenomenon (taking place in a “big” probability world);
to give an example, the classical central limit theorem, in which only one Gaussian
variable (or distribution) occurs in the limit, appears, in a number of studies, as
a one-dimensional “projection” of a central limit theorem involving processes, in
which the limits may be several Brownian motions, the former Gaussian variable
appearing now as the value at time 1, say, of one of these Brownian motions.

This being said, the aim of these exercises was, and still is, to help a student with
a good background in measure theory, say, but starting to learn probability theory,
to master the main concepts in basic (?) probability theory, in order that, when
reaching the next level in probability, i.e. graduate studies (so called, in France:
Diplome d’Etudes Approfondies), he/she would be able to recognize, and put aside,
difficulties which, in fact, belong to the “undergraduate world”, in order to concen-
trate better on the “graduate world” (of course, this is nonsense, but some analysis
of the level of a given difficulty is always helpful...).

Among the main basic concepts alluded to above, we should no doubt list the
notions of independence, and conditioning (Chapter 2) and the various modes of
convergence of random variables (Chapter 5). It seemed logical to start with a short
Chapter 1 where measure theory is deeply mixed with the probabilistic aspects.
Chapter 3 is entirely devoted to some exercises on Gaussian variables: of course, no
one teaching or studying probability will be astonished, but we have always been
struck, over the years, by the number of mistakes which Gaussian type computations
seem to lead many students to.

A number of exercises about various distributional computations, with some em-
phasis on beta and gamma distributions, as well as stable laws, are gathered in
Chapter 4, and finally, perhaps as an eye opener, a few exercises involving random

xiii
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processes are found in Chapter 6, where, as an exception, we felt freer to refer to
more advanced concepts. However, the different chapters are not autonomous, as it
is not so easy — and it would be quite artificial — to separate strictly the different
notions, e.g. convergence, particular laws, conditioning, and so on.... Nonetheless,
each chapter focusses mainly around the topic indicated in its title.

As often as possible, some comments and references are given after an exercise;
both aim at guiding the reader’s attention towards the “bigger picture” mentioned
above; furthermore, each chapter begins with a “minimal” presentation, which may
help the reader to understand the global “philosophy” of this chapter, and/or some
of the main tools necessary to solve the exercises there. But, for a more complete
collection of important theorems and results, we refer the reader to the list of text-
books in probability — perhaps slightly slanted towards books available in France! —
which is found at the end of the volume. Appended to this list, we have indicated
on one page some (usually, three) among these references where the notion N is
treated; we tried to vary these sources of references.

A good proportion of the exercises may seem, at first reading, “hard”, but we hope
the solutions — not to be read too quickly before attempting seriously to solve the
exercises! — will help; we tried to give almost every e—6 needed! We have indicated
with one star * exercises which are of standard difficulty, and with two stars ** the
more challenging ones. We have given references, as much as we could, to related
exercises in the literature. Internal references from one exercise to another should be
eased by our marking in bold face of the corresponding numbers of these exercises
in the Comments and references, Hint, and so on. ..

Our thanks go to Dan Romik, Koichiro Takaoka, and at a later stage, Alexander
Cherny, Jan Obloj, Adam Osekowski, for their many comments and suggestions for
improvements. We are also grateful to K. Ishiyama who provided us with the pic-
ture featured on the cover of our book which represents the graph of densities of the
time average of geometric Brownian motion, see Exercise 6.15 for the corresponding
discussion.

As a final word, let us stress that we do not view this set of exercises as being
“the” good companion to a course in probability theory (the reader may also use
the books of exercises referred to in our bibliography), but rather we have tried to
present some perhaps not so classical aspects....

Paris and Berkeley, August 2003
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Some frequently used notations

a.e.
a.s.

I.V.

iid.
Question x of
Exercise a.b

*Exercise
**Exercise
P\A < Q\A

dP

dQ| 4

P®Q
X(P)

w
Vyp — V

An n-sample X,,
of ther.v. X

N or G

T

Z
Z, (a>0)
Zu,,b (a, b > O)

almost everywhere.
almost surely.
random variable.

independent and identically distributed (r.v.s).

Our exercises are divided in questions, to which we may refer
in different places to compare some results.

Exercise of standard difficulty.
Challenging exercise.

P is absolutely continuous with respect to ), when both
probabilities are considered on the o-field A.
When the choice of A is obvious, we write only P < Q.

denotes the Radon—Nikodym density of P with

respect to @, on the o-field A, assuming P, < @),

again, A is suppressed if there is no risk of confusion.
denotes the tensor product of the two probabilities P and Q.
denotes the image of the probability P by the r.v. X.

indicates that the sequence of positive measures on IR (or IR")
converges weakly towards v.

denotes an n-dimensional r.v. (X7,..., X, ), whose components

are i.i.d., distributed as X.

Bernoulli (two valued) r.v.

Standard centred Gaussian variable, with variance 1:
P(N €dx)=e"7 \7577 (x € IR).

Standard stable(1/2) IR, ~valued variable:

P(T € dt) = Sy exp (1), (t > 0).

Standard exponential variable: P(Z € dt) = e~'dt, (t > 0).
Standard gamma(a) variable: P(Z, € dt) =t*"le™! If(li), (t>0).
Standard beta(a, b) variable:

P(Zyy € dt) ="M (1 — )" et (t € (0,1)).

It may happen that, for convenience, we use some different
notation for these classical variables.







Chapter 1

Measure theory and probability

Aim and contents

This chapter contains a number of exercises, aimed at familiarizing the reader with
some important measure theoretic concepts, such as: Monotone Class Theorem
(Williams [63], 1.3, 11.4, 11.13), uniform integrability (which is often needed when
working with a family of probabilities, see Dellacherie and Meyer [16]), L” conver-
gence (Jacod and Protter [29], Chapter 23), conditioning (this will be developed in
a more probabilistic manner in the following chapters), absolute continuity (Fristedt
and Gray [25], p. 118).

We would like to emphasize the importance for every probabilist to stand on a
“reasonably” solid measure theoretic (back)ground for which we recommend, e.g.,
Revuz [49].

Exercise 1.11 plays a unifying role, and highlights the fact that the operation of
taking a conditional expectation is a contraction (in L?, but also in every L?) in a
strong sense.

**1.1 Sets which do not belong in a strong sense, to a o-field

Let (2, F, P) be a complete probability space. We consider two (F, P) complete
sub-o-fields of F, A and B, and a set A € A.

1



Exercises in Probability

The aim of this exercise is to study the property:

0<P(AB) <1, P as. (1.1.1)

1. Show that (1.1.1) holds if and only if there exists a probability @), which is
equivalent to P on F, and such that

(a) 0<Q@(A)<1l, and (b) B and A areindependent.

Hint: 1f (1.1.1) holds, we may consider, for 0 < a < 1, the probability:

14 14e
@ {"‘P<A|B> H ‘a)m} .

2. Assume that (1.1.1) holds. Define B4 = BV a(4). Let 0 < a < 1, and Q be
a probability which satisfies (a) and (b) together with:

dQ

P ’f is BA-measurable.

() Q(A) = a, and (d)

Show then the existence of a B-measurable r.v. Z, which is > 0, P a.s., and
such that:

14 14e
Ep(Z) =1, and Q—Z{aP(A’B) +(1—a)m}.13.

Show that there exists a unique probability Q which satisfies (a) and (b), to-
gether with (c), (d) and (e), where:

~

() @

=P .
B B
3. We assume, in this and the two next questions, that A = B#, but it is not
assumed a priori that A satisfies (1.1.1).
Show then that A" € A satisfies (1.1.1) iff the two following conditions are
satisfied:
(f) there exists B € B such that: A= (BN A)U (BN A°), up to a negligible
set, and
(g) A satisfies (1.1.1).
Consequently, if A does not satisfy (1.1.1), then there exists no set A’ € A
which satisfies (1.1.1).

4. We assume, in this question and in the next one, that A = B4, and that A
satisfies (1.1.1).
Show that, if B is not P-trivial, then there exists a o-field A’ such that
BGA'GA, and that no set in A’ satisfies (1.1.1).



1. Measure theory and probability 3

5. (i) We further assume that, under P, A is independent of B, and that:

P(A) = 3.
Show that A’ € A satisfies (1.1.1) iff A" is P-independent of B, and
P(A") = 3.

(ii) We now assume that, under P, A is independent of B, and that:
P(A) = a, with: a # {O, 5 1}.

Show that A" (belonging to A, and assumed to be non-trivial) is independent
of Biff A= Aor A = A°.

(ii) Finally, we only assume that A satisfies (1.1.1).
Show that, if A’(€ A) satisfies (1.1.1), then the equality A = B4 holds.

Comments and references: The hypothesis (1.1.1) made at the beginning of the
exercise means that A does not belong, in a strong sense, to B. Such a property
plays an important role in:

J. AzEMA AND M. YOR: Sur les zéros des martingales continues, Séminaire de
Probabilités XX VI, Lecture Notes in Mathematics, 1526, 248-306, Springer 1992.

** 1.2 Some criteria for uniform integrability

Consider, on a probability space (€2, .4, P), a set H of r.v.s with values in IR, which
is bounded in L!, i.e.
sup E(X) < oo .

XeH

Recall that H is said to be uniformly integrable if the following property holds:

sup XdP — 0. (1.2.1)
XeH J(X>a) amee

To each variable X € H associate the positive, bounded measure vx defined by:

VX(A):/XdP (Aec A) .

Show that the property (1.2.1) is equivalent to each of the three following properties:

(i) the measures (vx, X € H) are equi-absolutely continuous with respect to P,
i.e. they satisfy the criterion:

Ve>0,36>0, VAe A P(A) <é=suprx(A) <e, (1.2.2)
XeH



(i)

(iii)

Exercises in Probability

for any sequence (A,) of sets in A, which decrease to (), then:

lim (Sup VX(An)> ~0, (1.2.3)

o\ XeH

for any sequence (B,,) of disjoint sets of A,

lim <sup Z/X(Bn)> =0 . (1.2.4)

Comments and references:

(a)

The equivalence between properties (1.2.1) and (1.2.2) is quite classical; their
equivalence with (1.2.3) and a fortiori (1.2.4) may be less known. These equiv-
alences play an important role in the study of weak compactness in:

C. DELLACHERIE, P.A. MEYER AND M. YOR: Sur certaines propriétés des
espaces H' et BMO, Séminaire de Probabilités XII, Lecture Notes in Mathe-
matics, 649, 98-113, Springer, 1978.

De la Vallée-Poussin’s lemma is another very useful criterion for uniform inte-
grability (see Meyer [40]; one may also consult: C. Dellacherie and P.A. Meyer
[16]).

The lemma asserts that (X, ¢ € I) is uniformly integrable if and only if there
exists a strictly increasing function ® : IR, — IR, , such that % — 00, as
x — oo and sup,.; E[®(X;)] < co. (Prove that the condition is sufficient!)
This lemma is often used (in one direction) with ®(x) = 22, i.e. a family
(X, i € I) which is bounded in L? is uniformly integrable. See Exercise 5.8
for an application.

*1.3 When does weak convergence imply the convergence of
expectations?

Consider, on a probability space (€, A, P), a sequence (X,) of r.v.s with values
in IR, , which are uniformly integrable, and such that:

1.

2.

X, (P) = v .

n—oo

Show that v is carried by IRy, and that [v(dzx)zr < oco.

Show that E(X,,) converges, as n — oo, towards [ v(dz)z.
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Comments:

(a)

Recall that, if (v,;n € IN) is a sequence of probability measures on IR? (for
simplicity), and v is also a probability on IR, then:

Vnn_%oz/ if and only if: (v, f)— (v, f)

n—oo

for every bounded, continuous function f.

When v, n_%o v, the question often arises whether (v, , f) — (v, f) also for
some f’s which may be either unbounded, or discontinuous. Examples of such
situations are dealt with in Exercises 5.3 and 5.8.

Recall Scheffe’s lemma: if (X,,) and X are IR -valued r.v.’s, with X, T%O X,

and E[X,] — FE[X], then X,, — X in L'(P), hence the X/ s are uniformly
n—oo n—oo
integrable, thus providing a partial converse to the statement in this exercise.

* 1.4 Conditional expectation and the Monotone Class
Theorem

Consider, on a probability space (€2, F, P), a sub-o-field G. Assume that there exist
two r.v.s, X and Y, with X F-measurable and Y G-measurable such that, for every
Borel bounded function g : IR — IR, one has:

Elg(X) [ G] =g(Y) .

Prove that: X =Y a.s. Hint: Look at the title !

Comments: For a deeper result, see Exercise 1.11.

** 1.5 LP-convergence of conditional expectations

Let (2, F, P) be a probability space and X € LP(Q, F, P), X > 0, for some p > 1.

1.

Let H be the set of all sub-o-fields of F. Prove that the family of r.v.s
{(E[X |G]P) : G € H} is uniformly integrable. (We refer to Exercise 1.2 for
the definition of uniform integrability.)

Show that if a sequence of r.v.s (Y,,) , with values in R;, is such that (Y}?)
is uniformly integrable and (Y;,) converges in probability to Y, then (Y},) con-
verges to Y in LP.
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3. Let (B,) be a monotone sequence of sub-o-fields of F. We denote by B the
limit of (B,,), that is B = V,, B, if (B,,) increases or B = N, B, if (B,,) decreases.
Prove that

D
E(X|B,) X5 E(X|B).
Hint: First, prove the result in the case p = 2.
Comments and references: These three questions are very classical. We present the
end result (of question 3.) as an exercise, although it is an important and classical
part of the Martingale Convergence Theorem (see the reference hereafter). We wish
to emphasize that here, nonetheless, as for many other questions the LP convergence

results are much easier to obtain than the corresponding almost sure one, which is
proved in J. Neveu [43] and D. Williams [63].

*1.6 Measure preserving transformations

Let (2, F, P) be a probability space, and let T : (2, F) — (£2, F) be a transformation
which preserves P, i.e. T(P) = P.

1. Prove that, if X : (Q,F) — (IR, B(IR)) is almost T-invariant, i.e. X(w) =
X(T(w)), P a.s., then, for any bounded function ® : (2 x R, F ® B(R)) —
(R,B(IR)), one has:

El®(w, X (w))] = E[®(T(w), X (w))] . (1.6.1)

2. Conversely, prove that, if (1.6.1) is satisfied, then, for every bounded function
g: (R,B(IR)) — (R, B(IR)), one has:

Elg(X) | T YF)] = g(X(T(w))), P as. (1.6.2)

3. Prove that (1.6.1) is satisfied if and only if X is almost 7T-invariant.
Hint: Use Exercise 1.4.

* 1.7 Ergodic transformations

Let (2, F, P) be a probability space, and let T': (2, F) — (£2, F) be a transformation
which preserves P, i.e. T(P) = P.

We denote by J the invariant o-field of T, i.e.
J={AcF 14(Tw) =14(w)} .
T is said to be ergodic if J is P-trivial.
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1. Prove that T is ergodic if the following property holds:

(a) for every f,g belonging to a vector space H which is dense in L*(F, P),

E[f(goT")] — E(f)E(9) ,

n—oo

where T™ is the composition product of 7" by itself, (n — 1) times: T" =
ToTo---oT.

2. Prove that, if there exists an increasing sequence (Fy)ren of sub-o-fields of F
such that:

(b) ViFr =F,
(c) for every k, T~Y(F) C Fi,
(d) for every k, N(T™)~*(Fy) is P-trivial,

then the property (a) is satisfied.
Consequently, the properties (b)—(c)—(d) imply that 7" is ergodic.

* 1.8 Invariant o-fields

Consider, on a probability space (€2, F, P), a measurable transformation 7" which
preserves P, i.e. T(P) = P.

Let g be an integrable random variable, i.e. g € L'(Q, F, P).

Prove that the two following properties are equivalent:

(i) for every f € L>®(Q,F,P), E[fg] = E[(f oT)g]

(i) ¢ is almost T-invariant, i.e. g =goT, P a.s.

Hint:  One may use the following form of the ergodic theorem:

n

1 , 1
g oSl = Bl T]
=1

where 7 is the invariant o-field of T'.

Comments and references on Fzxercises 1.6, 1.7, 1.8:

(a) These are featured at the very beginning of every book on Ergodic Theory.
See, for example, K. Petersen [45] and P. Billingsley [6].
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(b) Of course, many examples of ergodic transformations are provided in books
on Ergodic Theory. Let us simply mention that if (B;) denotes Brownian
motion, then the scaling operation, B +— (%BC.) is ergodic for ¢ # 1. Can
you prove this result? Actually, the same result holds for the whole class of
stable processes, as proved in Exercise 5.15.

(c) Exercise 1.11 yields a proof of (i) = (ii) which does not use the Ergodic
Theorem.

* 1.9 Extremal solutions of (general) moments problems

Consider, on a measurable space (Q, F), a family ® = (¢;);es of real-valued random
variables, and let ¢ = (¢;);e; be a family of real numbers.
Define Mg . to be the family of probabilities P on (€2, F) such that:

(a) ® C LY(Q,F,P) ; (b) forevery i€ I, Ep(p;) =c¢;.

A probability measure P in Mg . is called extremal if whenever P = aP;+(1—a) P,
with 0 <a <1and P, P, € Mg, then P = P, = P,.

1. Prove that, if P € Mg, then P is extremal in Mg, if, and only if the vector
space generated by 1 and ® is dense in L'(Q, F, P).

2. (i) Prove that, if P is extremal in Mg, and ) € Mg, such that Q < P,
and 22 is bounded, then Q = P.

(ii) Prove that, if P is not extremal in Mg,., and Q € Mg, such that
Q2P7With0<6§j—g§C<oo,forsomee,C’>0,thenQisnot
extremal in Mg .

3. Let T be a measurable transformation of (Q, F), and define M7 to be the
family of probabilities P on (2, F) which are preserved by T, i.e. T(P) = P.
Prove that, if P € My, then P is extremal in M if, and only if, T is ergodic
under P.

Comments and references:

(a) The result of question 1 appears to have been obtained independently by:

M.A. NAIMARK: Extremal spectral functions of a symmetric operator. Bull.
Acad. Sci. URSS. Sér. Math., 11, 327-344, (1947).

(see e.g. N.I. AKHIEZER: The Classical Moment Problem and Some Related
Questions in Analysis. Publishing Co., New York, p. 47, 1965), and
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R. DoucgLAs: On extremal measures and subspace density, Michigan Math.
J., 11, 243-246, (1964). II Proc. Amer. Math. Soc., 17, 1363-1365, (1966).

It is often used in the study of indeterminate moment problems, see e.g.

CH. BERG: Recent results about moment problems. Probability measures on
groups and related structures, XI (Oberwolfach, 1994), pp. 1-13, World Sci.
Publishing, River Edge, NJ, 1995.

CH. BERG: Indeterminate moment problems and the theory of entire func-
tions. Proceedings of the International Conference on Orthogonality, Moment
Problems and Continued Fractions (Delft, 1994). J. Comput. Appl. Math.,
65, no. 1-3, 27-55, (1995).

(b) Some variants are presented in:

E.B. DYNKIN: Sufficient statistics and extreme points. Ann. Probab. 6, no.
5, 705-730, (1978).

For some applications to martingale representations as stochastic integrals,
see:

M. YOR: Sous-espaces denses dans L' et H' et représentations des mar-
tingales, Séminaire de Probabilités XII, Lecture Notes in Mathematics, 649,
264-309, Springer, 1978.

(c¢) The next exercise gives the most classical example of a non-moments deter-
minate probability on IR. It is those particular moments problems which
motivated the general statement of Naimark—Douglas.

*1.10 The log normal distribution is moments indeterminate

Let N,2 be a centred Gaussian variable with variance o%. Associate to N,2 the log

normal variable:
X2 = exp (N,2) .

1. Compute the density of X,2; its expression gives an explanation for the term
“log normal”.

2. Prove that for every n € Z, and p € Z,
E { ", sin (%Naz)} ~0. (1.10.1)

3. Show that there exist infinitely many probability laws p on IR, such that:

/ u(de) & = exp <”22"2> .

(i) for every n € Z,
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(ii) u has a bounded density with respect to the law of exp (N,2).

Comments and references:

()

This exercise and its proof go back to T. Stieltjes’ fundamental memoir:

T.J. STIELTJES: Recherches sur les fractions continues. Reprint of Ann. Fac.
Sci.  Toulouse 9, (1895), A5-A47. Reprinted in Ann. Fac. Sci. Toulouse
Math., 6, no. 4, A5-A47 (1995).

There are many other examples of elements of M,2, including some with
countable support; see, e.g., Stoyanov ([56], p. 104).

In his memoir, Stieltjes also provides other similar elementary proofs for dif-
ferent moment problems. For instance, for any a > 0, if Z, denotes a gamma
variable, then for ¢ > 2, the law of (Z,)¢ is not moments determinate. See,
e.g., J.M. Stoyanov [56], § 11.4.

There are some sufficient criteria which bear upon the sequence of moments
m, = E[X"] of an r.v. X and ensure that the law of X is determined uniquely
from the (m,) sequence. (In particular, the classical sufficient Carleman cri-
terion asserts that if Zn(mgn)_l/ n — o0, then the law of X is moments de-
terminate.) But, these are unsatisfactory in a number of cases, and the search
continues. See, for example, the following.

J. STOYANOV: Krein condition in probabilistic moment problems. Bernoulli
6, no. 5, 939-949 (2000).

A. Gut: On the moment problem. Bernoulli, 8, no. 3, 407-421 (2002).

*1.11 Conditional expectations and equality in law

Let X € LY(Q,F,P), and G be a sub-o-field of F. The objective of this exercise
is to prove that if X and Y ‘%) F [X | G] have the same distribution, then X is G
measurable (hence X =Y).

1.

2.

3.

Prove the result if X belongs to L2
Prove that for every a,b € IR,

E[(XNa)V (=b)|G]=(Y ANa)V (=D), (1.11.1)
and conclude.

Prove the result of Exercise 1.4 using the previous question.
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4. In Exercise 1.8, prove, without using the Ergodic Theorem that (i) implies
(ii).

5. Let X and Y belong to L', prove that if E[X |Y] =Y and E[Y | X] = X,
then X =Y, a.s.

Comments and references:

(a) This exercise, in the generality of question 1, was proposed by A. Cherny. As
is clear from questions 2, 3, 4 and 5, it has many potential applications. See
also Exercise 2.6 where it is used to prove de Finetti’s representation theorem
of exchangeable sequences of r.v.s.

(b) Question 5 is proposed as Exercise (33.2) on p. 62 in D. Williams’ book [62].

*1.12 Simplifiable random variables

An r.v. Y which takes its values in IR, is said to be simplifiable if the following
property holds:

if XY (law) YZ, with X and Z taking their values in IR, and X, resp.: Z, are
independent of Y, then: X (taw) Z.

1. Prove that, if Y takes its values in IR \ {0}, and if the characteristic function
of (logY’) has only isolated zeros, then Y is simplifiable.

2. Give an example of an r.v. Y which is not simplifiable.

3. Suppose Y is simplifiable, and satisfies: Y lav) Ap , where on the right hand
side A and B are independent, and neither of them is a.s. constant.

Prove that A cannot be factorized as: A "2y , with Y and C independent.
Comments and references:

(a) To prove that two r.v.s are identical in law, it is sometimes very convenient
to first multiply both these variables by a third independent r.v. and then to
simplify this variable as in the present exercise. Many applications of this idea
are shown in Chapter 4, see for instance Exercise 4.16.

To simplify an equality in law as above, the positivity of the variables is
crucial as the following example shows: let e; and €5 be two independent
symmetric Bernoulli variables, then 19 (law) €1 does not imply that e = 11!

For some variants of these questions, see Durrett [19], p. 107, as well as
Feller [20], section XV, 2.a.

11
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(b) An r.v. H is said to be infinitely divisible if for every n € IN, there exists
H™, .. H™ which are iid. and H "2 g™ 4 ... 4 H®  The famous
Lévy-Khintchin formula asserts that Elexp(iAH)] = exp1()), for a function
¥ (of a very special form). In particular, the characteristic function of H has
no zeros; we may use this result, in the setup of question 1, for Y such that
H =logY is infinitely divisible.

(c) Exercise 7, p. 295 in A.N. Shiryaev [55] exhibits three independent r.v.s such
that U+ V ") 117 + V', but U and W have not the same law. Hence, exp(V)
is not simplifiable.

*1.13 Mellin transform and simplification

The Mellin transform of (the distribution of) an IRy valued r.v. Z is the function:
s — E[Z?], as defined on IR, (it may take the value +00).

Let XY, Z be three independent r.v.s taking values in IR, and such that:

(i) Xy "2 zy,
(i) for 0 < s < g, with some ¢ > 0, E[(XY)*] < o0,

(i) P(Y > 0) > 0.

Show that: X (law) 7.

Comments and references:

(a) The advantage of this last Exercise (and its result) over the previous one is
that one needs not worry about the characteristic function of (logY’). The
(small) cost is that we assume X,Y,Z have (small enough) moments. In
our applications (e.g. in Chapter 4), we shall be able to use both criteria of
Exercises 1.12 and 1.13.

(b) It may be worth emphasizing here (informally) that the Mellin transform is
injective (on the set of probabilities on IR, ), whereas its restriction to IN is
not. (Please give precise statements and keep them in mind!) See Chapter VI
of Widder [61].
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Solutions for Chapter 1

Solution to Exercise 1.1

1. Suppose that (1.1.1) holds, then we shall prove that for every a € (0, 1), the prob-

ability @, satisfies (a) and (b). First, note that @, is equivalent to P. Indeed, let
N € F be such that Q,(N) =0, then Ep (131(“;'%)) =0and Ep (;ﬁq%)) = 0. Since
0 < P(A|B) <1and 0 < P(A°|B) < 1, P a.s., the preceding identities imply that
P(ANN)=0and P(A°N N) =0. Hence P(N) = 0. The converse is obvious. On

the other hand, Q,(A) = aEp (%) =« € (0,1). To prove the independence,

note that Ep (Pl&“l%)) = P(B), whenever B € B. Therefore Q,(AN B) = aP(B)
and we easily verify that Q,(A)Q.(B) = aP(B).

Suppose now that (a) and (b) hold and set Ny = {w € Q : P(A|B) = 0}, and
Ny = {w e Q: P(AB) = 1}. We have P(AN Ny|B) = 15, P(A|B) = 0, thus
P(AN Ny) = 0 and Qu(AN Ny) = 0. But Ny € B, thus Qu(ANNy) =0 =
Qa(A)Qa(No) and Qn(Ny) = 0. This is equivalent to P(Ny) = 0. To prove that
P(Ny) =0, it suffices to consider P(A°N N;|B) and to proceed as above.

2. Let @), be the probability defined in 1, and set Z, = %I . First, we show
e|F

that Eq, (Za| B) = Zys, Qo a.s. It suffices to prove that for every F-measurable r.v.
X >0,
Eq(X) = Eq.(Eq.(Za| B)X) .

By (d), Z, is BA-measurable, thus all we have to prove is:
Q(A) = Eq.(Eq.(Za| B)14) .
It follows from the definition of (), that:

Eo, (Eo,(Za| B)La) = alip (EQa<zay B B)> |

Furthermore, since Z, is B4-measurable,

EQa(EQa(Za|B)1A) = aEP(EQa(Za|B))
= OéEp(Za)

13
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On the other hand, we have:

Q(A) = EQa (ZalA)

1
= o (250t
= OZEP(ZQ).

Put Z = E(Z,| B), then from the above, we verify that Ep(Z) = 1. Since @ and
Q. are equivalent, Z, > 0, @, a.s. Therefore, Z > 0, (), a.s., which is equivalent
to Z > 0, P a.s. We have proven that Z satisfies the required conditions.

Now, let @ and Q. be two probabilities which satisfy (a) and (b) together with
(c), (d) and (e). By (c) and (e), it is obvious that @, = @) ,. This implies that

%V = %V, P a.s. and we conclude that @ = Q on the o-field F.

3. Suppose that (1.1.1) holds. Each element of B4 is of the form (B;NA)U(ByNA°),
where B; and By belong to . Indeed, the set {(B; N A) U (By N A®) : By, By € B}
is a o-field which contains B4 (we leave the proof to the reader). Put A’ = (B; N
A) U (By N A°), then by (1.1.1), we have

0 <1p,P(A°|B) +1p,P(A°|B) <1, P as.,
and thus By = BS, up to a negligible set. The converse is obvious.

4. With A" = {A € A: (1.1.1) is not satisfied for A}, it is not difficult to prove
that A’ is a o-field. Moreover, it is clear that B C A’ C A. Now, let B € B be non
trivial, then BN A € A" and BN A ¢ B, thus BGCA'.

5. (i) If A’ satisfies (1.1.1) then, by 3, there exists B € B such that A’ = (BN A)U
(B¢ A°), thus P(A|B) = 15P(A) 4+ 1. P(A°) = 1/2. The converse is obvious.

(ii) A" € A, therefore there exist By and By such that A" = (B; N A) U (By N A9)
and A’ is independent of B iff P(A’'| B) = 15, P(A) + 15, P(A) is constant. Since A’
is non-trivial and P(A) ¢ {0,1/2,1}, this holds if and only if B; = () and By = 2
or B; =Q and By = 0.

(iii) Since A’ € A/, it is clear that BA" C A. Moreover, by 3, there exists B € B such
that A’ = (BN A) U (BN A°). Then, we can prove that A = (BN A')U (BN A’)
and A € BY, thus AGBY .
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Solution to Exercise 1.2

(1.2.1)=-(1.2.2): Pick € > 0, then on the one hand, according to (1.2.1), there
exists b > 0 such that :

sup vx (X >b) <¢€/2.

XeH

On the other hand, for every A € A such that P(A) <¢/(2b),

sup vx((X <b)NA) <bP(A) <¢/2.
XeH

Finally, (1.2.2) follows from the inequality :

sup vx(A) < sup vx((X <b)NA)+ sup vx(X >b) <e.
XeH XeH XeH

(1.2.2)=(1.2.4): If (B,) is a sequence of disjoint sets in A then },-q P(B,) < 1,
and thus lim,, ., P(B,) = 0. Therefore, for € and 6 as in (1.2.2), there exists N > 1
such that P(B,) < ¢ for every n > N, hence supxy [z X dP <e.

(1.2.4)==(1.2.3): Suppose that (1.2.3) is not verified. Let (A,) be a sequence
of sets in A which decreases to () and such that lim, . (supycy vx(4,)) = € > 0.
For every X € H, lim,, .., vx(A,) = 0, thus there exists X' € H and n; > 1 such
that vx1(A1\An,) > €/2, put By = A;\A,,. Furthermore, there exists ny > n; and
X? € H such that vx2(An,\An,) > €/2, put By = A,,\A,,. We can construct, in
this manner, a sequence (B,,) of disjoint sets of A such that, supycy vx(B,) > €/2
and (1.2.4) is not verified.

(1.2.3)==(1.2.1): Suppose that (1.2.1) does not hold, then there exists ¢ > 0 such
that for every n € IN, we can find X™ € H which verifies vx» (X" > 2") > e. Put
A, = Upsp(XP > 2P), then (A4,) is a decreasing sequence of sets of A such that
supyep Vx(An) > €. Moreover, lim,_.., P(A4,) = 0, indeed, for every n > 1,

oo o0 1
P(An)SZP(XPZQP)ngﬁﬁo, as n — 00.

p=n p=n

This proves that (A,) decreases to a negligible set A. Finally, put A, = A,\ A, then
(A]) is a sequence of A which contradicts (1.2.3).

Solution to Exercise 1.3

1. Since each of the laws v, (def) Xn(P) is carried by IRy, then for every bounded,
continuous function f which vanishes on IR, and for every n € IN, we have:
E(f(X,)) = 0. By the weak convergence of v, to v, we get [ f(z)v(dx) = 0
and this proves that v is carried by IR, .
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To prove that [zv(dx) < oo, note that

/ zv(dx) = lim [ (z A a)v(dz) = lim (lim /(a: A a)yn(dx)) < sup E[X,] < o0,

aloo aloo \M—00
since the X,;s are uniformly integrable.

2. For any a > 0, write
|B[X,)] — /xy(dx)\ < |E[X.] - E[X, Ad]| + | E[X, Ad] /(:1: A a)v(dz)|
+ \/(x A a)v(dz) — /xu(dw)]

Since the r.v.s X, are uniformly integrable, for any £ > 0, we can find a such that
for every n, |E[X,] — E[X,, ANa]| < ¢/3 and | [(z A a)v(dx) — [zv(dx)] < /3.
Moreover, from the convergence in law, there exists N such that for every n > N,
|E[X, Aa] — [(zAa)v(de)] < e/3.

Solution to Exercise 1.4

First solution: From the Monotone Class Theorem, the identity:
Elg(X)|G] = g(Y)

extends to:
EG(X,Y)|G]=G(.Y),

for every (bounded) Borel function G : IRXIR — IR;. Hence taking G(x,y) = Tz
yields the result.

Second solution: Let a > 0. From the hypothesis, we deduce:
E(XIyxi<ay = Yyi<ay)®[G) =0, as.
SO, E((X]I{\X|§a} - YH{|Y|§a})2) = O, hence X]I{‘XEQ} = Y]I{\Y|§a}7 a.s, for any

a > 0.

Solution to Exercise 1.5
1. Thanks to the criterion for uniform integrability (1.2.2) in Exercise 1.2, it suffices
to show that the sets: {{E[X |G]? > a} : G € IH} have small probabilities as a — oo

uniformly in IH. But this follows from

P(E[X|GP > a) < P(E[X?|G] > a) < éE[X”] .



1. Measure theory and probability — solutions 17

Note that instead of dealing with only one variable, X € L, X > 0, we might also
consider a family {X;,7 € I} of r.v.s such that {X? i € I} is uniformly integrable.
Then, again, the set {E[X;|GJP,i € I,G € H} is uniformly integrable.

2. Let € > 0, then
E[lY, =YP] < E[Y, = Y[ Iy, —yp<a] + El[Yn = Y Py, —vpse]
< e+ 2By, vpsa] + EY Ly, —ypsq)),

where the last equality comes from |z + y|P < 2P7'(|z|P + |y|P). When n goes to
00, the terms E[Y Iy, _ypsey] and E[YPIy, _ypse]) converge to 0, since (Y}P) is
uniformly integrable and P(|Y,, — Y|? > ¢) converges to 0 as n goes to oo.

3. In this question, it suffices to deal with the case p = 2. Indeed, suppose the result
is true for p = 2 and consider the general case where p > 1.

First suppose that p € [2,00) and let X € LP(Q2, F, P). This implies that X €
L*(Q,F,P) and E(X|B,) € L*(Q, F, P) for every n € IN. Since E(X |B,) Z,
E(X|B), as n — oo, the sequence of r.v.s (E(X |B,)) converges in probability to
E(X |B) and from question 1, the sequence (E[X |B,]F) is uniformly integrable.
Therefore, from question 2, (E(X | B,,)) converges in L? to E(X | B).

If p € [1,2) then there exists a sequence (X;) € L2 such that X —> X, as
k — oo. Assume that for each k € IN, E(Xy|B,) N E(Xy|B) as n — oo
then from Hélder’s inequality, E(X,|B,) - E(X)|B) as n — oo. Let ¢ > 0,
and k such that || X — Xg|z» < e. There exists ng such that for all n > ny,
|E(Xy|B,) — E(Xk | B)||zr < e, and we have

IE(X|B,) = E(X|B)|lr < [[E(X|B,) — E(Xk|Bn)lr
+ E(Xk|Bn) — E(Xi | B)||r
+ [E(Xk|B) = E(X[B)|r < 3¢.

Now we prove the result in the case p = 2. At first, assume that (B,) is an
increasing sequence of o-fields. There exist Y € L*(Q, B, P) and Z € L*(Q, B, P)*
such that X =Y + Z. For every n € IN, Z € L*(Q,B,, P)*, hence E(X |B,) =
E(Y |B,). PutY, = E(Y |B,), then for m < n, E[(Y, — Y;,)?| = E[Y,?] — E[Y?], so
E[Y}?] increases and is bounded, so this sequence of reals converges. From Cauchy’s
criterion, the sequence (Y;) converge in L? towards an r.v. Y. Now we show that
Y =Y: forany k < n and Ty, € By, E[Y,Ip,] = E[Y1,]. But the left hand
side converges as n — oo towards E[Y Ip,] = E[Y 1, ]. Finally, we verify from the
Monotone Class Theorem that {I' € B : E[Y ;] = E[Y 1]} is equal to the sigma-
field B, hence Y =Y.

Assume now that (B,,) decreases. For any integers n and m such that m > n, the
rv.s X — E[X|B,] and E[X |B,,] — E[X | B,] are orthogonal in L*(Q, F, P), and
from the decomposition: X — E[X |B,,| = X — E[X |B,] + E[X | B,] — E[X | B,],
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we have
|X — E[X |Bn]ll7 = [|X — E[X |B,]|I7. + | E[X | Ba] — E[X | Bu]|72 -

This equality implies that the sequence (|| X — E[X | B,]||r2) increases with m and
is bounded by 2.||X|| 12, hence it converges. Furthermore, the same equality implies
that [|[E[X | B,] — E[X | B,]||z2 tends to 0 as n and m go to co: we proved that
(E[X | B,]) is a Cauchy sequence in L?*(2, F, P), hence it converges. Call Y the
limit in L? of (E[X | B,]). Note that Y is B-measurable. For any B € B and n € IN,
we have E[X1p] = E[E[X |B,]1g]. Letting n go to oo on the right hand side, we
obtain E[X1g] = E[Y 1g], hence Y = E[X | B].

Solution to Exercise 1.6

1. Since T preserves P, we have:
E[®(w, X(w))] = E[&(T(w), X(T(w)))]-
When X is almost T-invariant, the right-hand side is E[® (T (w), X (w))].

2. Let g be such a function. Every T~1(F)-measurable function is of the form ¢oT
where ¢ is an F-measurable function. Therefore, it suffices to prove that for any
IR ;-valued F-measurable function ¢,

Elp(T(w))g(X(w))] = E[¢(T(w))g(X(T(w)))] -
Since T preserves P, it is equivalent to prove that
Elp(T(w))g(X (w))] = Elp(w)g(X (w))] .
But this identity has already been proved in question 1, with ®(7'(w), X (w)) =
O(T(w)g(X(w)).

3. If (1.6.1) is satisfied, then by question 2, (1.6.2) holds and by Exercise 1.4,
X =XoT as.

Solution to Exercise 1.7

1. Property (a) implies that for every f and g in L?,

Elf(geoT")] — E(f)E(g)- (1.7.a)
Indeed, let (f;) and (gx) be two sequences of H which converge respectively towards
f and ¢ in L? and write
[E[f(goT")] = E[f1E[g]] < |E[f(goT™)] = E[fr(gr o T")]]

+ [E[fr(ge o T™)) = E[fe] Elg]| + | E[fx] Elge] — E[f] E[g]|-
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Since T preserves P, then for any n,

|E[f(g 0 T")] — Elfu(gk o T)]| = |E[(f — f) (g5 0 T™)| + E[f (g 0 T" — gy, o T"))|
< B[(f — fi) )2 El(gr 0 T™))7 + E[fV2El(g o T" — gx 0 T")??
E[(f — f)2)2 Elg2)? + E[fV*El(g — 1)) |

so that for any € and n, there exists K, such that for all k& > K, both terms
|E[f(goT™)]— E[fr(groT™)]| and |E[f| E[gx] — E[f]E[g]| are less than e. The result
is then a consequence of the fact that for any &, the term |E[fy,(gx0T™)]|— E[fx] E[gx]|
converges towards 0 as n — oo.

Now let g € L*(Z), then go T™ = g and (1.7.a) yields E[fg] = E[f]E|g], for any
f € L*(F). This implies g = El[g], hence 7 is trivial.

2. Let H = Up>oL?(Q, Fy, P), then from Exercise 1.5, H is dense in L?(Q, F, P).
Now we prove that H satisfies property (a).

Let g € H, then there exists k € IN such that g € L*(Q,F, P). Moreover,
from (c), ((T™) ' (Fx))n>o0 is a decreasing sequence of o-fields. Let f € H, then

from (d) and Exercise 1.5, E[f | (T™) "' (Fy)] — iy E[f], in L*(Q, F,P). Put f, =
E[f | (T™)~Y(F)] and g, = g o T™, then we have,

|E[fngn] = ELf1Elgnll < lfn = Elf]llz2]lgnll 2

and since E|g,] = Flg] and ||g o T™||z2 = ||g|z2, one has the required convergence.

Solution to Exercise 1.8

1. By (ii) and the invariance of P under 7', we have:

Elfgl = E[foT-goT|=E[foT-g],
and thus (ii) implies (i).

Suppose that (i) holds then by applying this property to f, foT, foT? --- foT™",
successively, we get: E[fg] = E[f o T™ - g] for every n € IN*, hence,

Blfg) = B[ (Spafo17) ]

Since f € L™, we can apply Lebesgue’s theorem of dominated convergence together
with the Ergodic Theorem to get

lim E{ ( ZzlfoTp) -g} = E[E[f|T]g].

n—oo
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Consequently, one has E[fg] = E[E[f]|J]g], for every f € L. This identity is
equivalent to

Elfgl = E[E[f|TIE9] T
E[fElg] T,

for every f € L, which implies that ¢ = E[g|J], a.s. This last statement is
equivalent to g =go T, a.s.

Solution to Exercise 1.9

1. Call L the vector space generated by 1 and ®. First, assume that L is dense
in LY(Q,F, P) and that P = aP; + (1 — a)P,, for a € (0,1) and Py, P, € Mg.,.
We easily derive from the previous relation that L is dense in L*(Q, F, P), i = 1, 2.
Moreover, it is clear by (b) that P, and P, agree on L, hence it follows that P, = P.

Conversely, assume that L is not dense in L'(Q,F, P). Then from the Hahn—
Banach theorem, there exists g € L>®(Q,F, P) with P(g # 0) > 0, such that
JgfdP = 0, for every f € L. We may assume that |g|lc < 1/2, then put
P =(1—-g)P and P, = (14 g)P. Clearly, P, and P, belong to Mg, and we
have P = (P, + P) but these probabilities are not equal to P since P(g # 0) > 0.

2. (i) From question 1, the vector space P generated by 1 and ® is dense in
LY(Q,F, P). Since % is bounded, @ is also dense in L}(Q, F, Q).
(ii) Under the hypothesis, L}(Q, F, Q) and L*(Q, F, P) are identical.

3. This study is a particular moments problem with
(def) .
¢ = {f—fOT,fEb(Q,f)},

and the constants ¢y = 0.

So, P € Mz is extremal if and only if ® U {1} spans a dense space in L'(P), or
equivalently the only functions g in L*(2, F, P) such that:

for all f € b(Q,F), E[fg] =E[(foT)g] (1.9.a)

are the constants. But, in Exercise 1.8, we proved that (1.9.a) is equivalent to
the fact that g is almost T-invariant; thus P € My is extremal if and only if 7 is
P-trivial, that is T" is ergodic under P.
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Solution to Exercise 1.10

1. The density of X,2 is readily obtained as:

1 1 logy)?
W@exf’<‘(202)  ¥>0

2. We obtain the equality (1.10.1) by applying the formula

Elexp(zN,2)] = exp (22202)

(which is valid for every z € C) with z =n +ip, p = 25 and n,p € Z.

3. Let for instance u be the law of exp(NV,2) under the probability measure
(1 + Z cp Sin (%N02)> dP,
o
P

where (c,) is any sequence of reals such that >, [c,| < 1, then question 1, asserts
that (i) is satisfied. Moreover, (ii) is trivially satisfied.

Solution to Exercise 1.11

1. From the hypothesis, we deduce that
E[(X -Y)} = E[X?) - E[Y? =0.

2. We first note that E[X Aa|G] <Y Aa, but since X Aa and Y Aa have the same
law, this inequality is in fact an equality. Likewise, we obtain (1.11.1). The same
argument as for question 1 now yields:

(XANa)V(=b)=(Y ANa)V(-b) as.,
and finally, letting @ and b tend to +00, we obtain X =Y, a.s.
3. We easily reduce the proof to the case where X and Y are bounded. Then the hy-
pothesis implies simultaneously that X and Y have the same law, and E[X |G] =Y,
so that we can apply the above result.
4. Under the hypothesis (i) of Exercise 1.8, we deduce

Elg|T™\(F)] = goT.
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Hence the above result yields g = go T, a.s.

5. It is easily deduced from the hypothesis that the identity (1.11.1) is satisfied,
hence X =Y, a.s.

Solution to Exercise 1.12

1. The main difficulty in this question lies in the fact that we cannot define “log X”
and “log Z”, since X and Z may actually be zero on non-negligible sets. We rewrite
the hypothesis XY (law) 7y trivially as
T XY 2 170, 2Y
and since P(Y = 0) = 0, we can write, for any A # 0:
E [Txop exp (iA(log X +10g V)| = E [z exp (iA(log Z + log V)] .

From the independence hypothesis, we obtain

E [Tx-0y exp (iAlog X)| Efexp (iAlogY))]
= E [ 750y exp (iAlog Z)| E exp (iXlog Y))],

from which we easily deduce X (lav) 7.

2. Applying the Fourier inverse transform, we can check that the characteristic

function of the density f(z) = 11=%5% is given by
1=t for |t <1
olt) = { 0 for |t >1 7

l(l—cos:r)(zl—l-cosQ:v) is w(t) _

Ky x

and that the characteristic function of the density g(x) =
o(t) + 5(p(t — 2) + p(t +2)), for all ¢ € IR.

Let X and Y be r.v.’s with values in IRy \ {0} such that log X has density ¢
and logY has density f. Let Z be an independent copy of Y, then equation
Y(t)p(t) = ¢*(t), for all t € IR ensures that XY (2%) 7y Nonetheless, X and
Z have different laws, so Y is not a simplifiable variable.

3. Assume A ‘2 YC', then, we have: Y (taw) Y CB, but since Y is simplifiable,
we deduce: 1 &) CB, hence CB = 1, a.s. This is impossible since C' and B are
assumed to be independent, and B is not constant.
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Solution to Exercise 1.13

We deduce from the hypothesis that:
E[X°|=E[Z°],

for 0 < s < e. Thus, the laws of X and Z have the same Mellin transforms on [0, £],
hence these laws are equal (see the comments at the end of the statement of this
exercise).

A relevant reference: H. Georgii [68] makes use of a number of the arguments em-
ployed throughout our exercises, especially in the present Chapter 1. Thus, as a
further reading, it may be interesting to look at the discussions in [68] related to
external Gibbs measures.
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Chapter 2

Independence and conditioning

“Philosophy” of this chapter

(a) A probabilistic model {(£2, F, P); (X;):er} consists of setting together in a math-
ematical way different sources of randomness, i.e. the r.v.s (X;);cs usually have some
complicated joint distribution

It is always a simplification, and thus a progress, to replace this “linked” family
by an “equivalent” family (Y;);es of independent random variables, where by equiv-
alence we mean the equality of their o-fields: o(X;,i € I) = o(Y;,j € J) up to
negligible sets.

(b) Assume that the set of indices I splits into I; + I, and that we know the
outcomes {X;(w);4 € I;}. This modifies deeply our perception of the randomness of
the system, which is now reduced to understanding the conditional law of (X;)icr,,
given (X;);er,. This is the main thema of D. Williams’ book [64].

(c) Again, it is of great interest, even after this conditioning with respect to (X;)ier,,
to be able to replace the family (X;);cr, by an “equivalent” family (Y;);e,, which
consists of independent variables, conditionally on (X;);cy, .

Note that the terms “independence” and “conditioning” come from our everyday
language and are very suitable as translations of the corresponding probabilistic
concepts. However, some of our exercises aim at pointing out some traps which may
originate from this common language meaning.

(d) The Markov property (in a general framework) asserts the conditional indepen-
dence of the “past” and “future” o-fields given the “present” o-field. It provides
an unending source of questions closely related to the topic of this chapter. The
elementary articles

25



26 Exercises in Probability

F.B. KNIGHT: A remark on Markovian germ fields. Z. Wahrscheinlichkeitstheorie
und Verw. Gebiete, 15, 291-296 (1970)

K.L. CHUNG: Some universal field equations. Séminaire de Probabilités, VI,
pp. 90-97. Lecture notes in Math., Vol. 258, Springer, Berlin, 1972.

give the flavor of such studies.

* 2.1 Independence does not imply measurability with
respect to an independent complement

1. Assume that, on a probability space (2, F,P), there exist a symmetric
Bernoulli variable € (that is, € satisfies: P(e = +1) = P(e = —1) = 3),
and an r.v. X , which are independent.

Show that ¢ X and ¢ are independent iff X is symmetric (that is: X law) _x )

2. Construct, on an adequate probability space (€2, F,P), two independent
o-fields A and B, and an r.v. Y such that:
(i) Y is AV B-measurable; (ii) Y is independent of B;
(iii) Y is not measurable with respect to A.

3. Construct, on an adequate probability space (2, F,P), two independent
o-fields A and B, and a non-constant r.v. Z such that:
(j) Z is independent of A; (jj) Z is independent of B;
(Gii) Z is AV B-measurable.

4. Let G be a Gaussian subspace of L*(Q, F, P) which admits the direct sum
decomposition: G = G; @ Gy. (Have a brief look at Chapter 3, if necessary .. . )
Define A = 0(Gy), and B = 0(G,).
a) Show that there is no variable Y € G, Y # 0 such that the hypotheses
i)-(ii)—(iii) are satisfied.
b) Show that there is no variable Z € G, Z # 0, such that the hypotheses
j)-(j)—(jj) are satisfied.

o /\/—\

Comments and references: This exercise is an invitation to study the notion and
properties (starting from the existence) of an independent complement to a given
sub-o-field G in a probability space (2, F, P). We refer the reader to the famous
article

V.A. ROHLIN: On the fundamental ideas of measure theory. Mat. Sbornik N.S.,
5 (67), 107150 (1949).
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(Be aware that this article is written in a language which is closer to Ergodic Theory
than to Probability Theory.)

* 2.2 Complement to Exercise 2.1: further statements of
independence versus measurability

Consider, on a probability space (£, F, P), three sub-o-fields A, B,C, which are
(F, P) complete.
Assume that:

(i) ACBVC, and (ii) A and C are independent.

1. Show that if the hypotheses
(i) ACBVC,and (ii)’ AV B is independent of C
are satisfied, then A is included in B.

2. Show that, if (ii)’ is not satisfied, it is not always true that A is included in 5.
3. Show that if, besides (i) and (ii), the property (iii): B C A is satisfied, then:
A =B.

** 2.3 Independence and mutual absolute continuity

Let (2, F, P) be a probability space and G be a sub o-field of F.

1. Let I' € F. Prove that the following properties are equivalent:

(i) I is independent of G under P,
(ii) for every probability @ on (2, F), equivalent to P, with (%) G measur-
able, Q(I') = P(I).
2. Let @ be a probability on (€2, F) which is equivalent to P and consider the
following properties:

(j) % is G measurable.
(jj) for every set I' € F independent of G under P, Q(I') = P(I').

Prove that (j) implies (jj).

3. Prove that in general, (jj) does not imply (j).
Hint: Let G = {0,9Q,{a},{a}°}, assuming that {a} € F, and P({a}) > 0.
Show that if X, F-measurable, is independent from G, then X is constant.
Prove that if G C F, with G # F, then there exists () which satisfies (jj), but
not (j).
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Comments and references:

(a) This exercise emphasizes the difficulty of characterizing the set of events which
are independent of a given o-field. Another way to ask question 2, is:
“Does the set of events which are independent of G characterize G #”

Corollary 4 of the following paper is closely related to our problem:

M. EMERY AND W. SCHACHERMAYER: On Vershik’s standardness criterion
and Tsirelson’s notion of cosiness. Séminaire de Probabilités, XXXV, Lecture
Notes in Mathematics, 1755, 265-305, Springer, Berlin, 2001.

(b) It is tempting to think that if G has no atoms, then (jj) implies (j). But, this is
not true: M. Emery kindly gave us some examples of o-fields G without atoms,
with G strictly included in F, and such that any event in F independent from
g is trivial.

* 2.4 Size-biased sampling and conditional laws

Let Xi,...,X,, be n independent, equidistributed r.v.s which are a.s. strictly
positive.

Define S, = X7 + Xo + -+ - + X,,, and assume n > 3.

Let, moreover, J be an r.v. taking values in {1,2,...,n} such that:
P(J=j|X1,...,X,) =X;/S, .

We define the (n — 1)-dimensional r.v. X7, ;) = (X7,...,X;;_;) as follows:
Xi_{XiH Cif P> (isn—1).

Show that, given S;_, = X7 +---+ X7, ther.v.’s X, ;) and X; are independent,
and that, moreover, the conditional law of anq)» given S*_| = s, is identical to
the conditional law of X(,_1) = (X1,..., Xn_1), given S,,_; = s.

Comments and references: This result is the first step in proving the inhomogeneous
Markov property for (Sn - X X;,m=1,2,... ,n), where (X3,...,X,) is a size-
biased permutation of (X7,...,X,), see, e.g., p. 22 in

M. PERMAN, J. PITMAN AND M. YOR: Size-biased sampling of Poisson point

processes and excursions. Probab. Theory and Related Fields, 92, no. 1, 21-39
(1992)

for the definition of such a random permutation. See also
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L. GorDON: Estimation for large successive samples with unknown inclusion prob-
abilities. Adv. in Appl. Math. 14, no. 1, 89-122 (1993)

and papers cited there for more on size-biased sampling of independent and identi-
cally distributed sequences, as well as Lemma 10 and Proposition 11 in

J. PITMAN: Partition structures derived from Brownian motion and stable subor-
dinators. Bernoulli 3, no. 1, 79-96 (1997)

for some related results. We thank J. Pitman for his suggestions about this exercise.

** 2.5 Think twice before exchanging the order of taking the
supremum and intersection of o-fields!

Let (2, F, P) be a probability space, C a sub-o-field of F, and (D,,)nen a decreasing
sequence of sub-o-fields of F.

C and D,, for every n, are assumed to be (F, P) complete.

1. Prove that if, for every n, C and D; are conditionally independent given D,,
then:

((CVvD,) =CvV <ﬂ Dn> holds. (2.5.1)

n

2. If there exists a sub-o-field &, of D, such that C and D; are conditionally
independent given &,, then C and D; are conditionally independent given D,,.

Consequently, if C and D; are independent, then (2.5.1) holds.

3. The sequence (D, ),ew and the o-field C are said to be asymptotically inde-
pendent if, for every bounded F-measurable r.v. X and every bounded C-
measurable r.v. C| one has:

E[E(X | D.)C] — E(X)E(C). (25.2)

Prove that the condition (2.5.2) holds iff N, D,, and C are independent.

4. Let Yy, Y:,... be independent symmetric Bernoulli r.v.’s For n € IN, define
X, =YY1...Y, and set C = 0(Y1,Y5,...), D,, = 0(Xk : k > n). Prove that
(2.5.1) fails in this particular case.

Hint: Prove that N,(CV D,) =CV o(Yp); but CV (N,D,) =C, since N, D, is
trivial.
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Comments and references:

()

(b)

The need to determine germ o-fields G (def) N D,, occurs very naturally in many
problems in Probability Theory, often leading to 0—1 laws, i.e. G is trivial.

A number of authors, (including the present authors, separately!!), gave wrong
proofs of (2.5.1) under various hypotheses. This seems to be one of the worst
traps involving o-fields.

A necessary and sufficient criterion for (2.5.1) to hold is presented in:

H. vON WEIZSACKER: Exchanging the order of taking suprema and countable
intersection of o-algebras. Ann. LH.P., 19, 91-100 (1983).

However, this criterion is very difficult to apply in any given set-up.

The conditional independence hypothesis made in question 1 above is pre-
sented in:

T. LINDVALL AND L.C.G. ROGERS: Coupling of multidimensional diffusions
by reflection. Ann. Prob., 14, 860-872 (1986).

The following papers discuss, in the framework of a stochastic equation, in-
stances where (2.5.1) may hold or fail.

M. YOR: De nouveaux résultats sur I’équation de Tsirelson. C. R. Acad. Sci.
Paris Sér. I Math., 309, no. 7, 511-514 (1989).

M. Yor: Tsirelson’s equation in discrete time. Probab. Theory and Related
Fields, 91 no. 2, 135-152 (1992).

A simpler question than the one studied in the present exercise is whether the
following o-fields are equal:

(.Al V .AQ) M .A3 and (.Al N .Ag) V (AQ N .A3) (253)
(A1 N ./42) V .Ag and (.A1 V Ag) N (AQ V Ag) . (254)
With the help of the Bernoulli variables €1, €5, €3 = €169 and the o-fields

A, = o(g), i = 1,2,3, already considered in Exercise 2.2, one sees that the
o-fields in (2.5.3) and (2.5.4) may not be equal.

* 2.6 Exchangeability and conditional independence:
de Finetti’s theorem

A sequence of random variables (X,,),>1 is said to be exchangeable if for any per-
mutation o of the set {1,2,...}

(X1, Xa, ) "2 (X, 0y, Xog@), - ) -
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Let (X,)n>1 be such a sequence and G be its tail o-field, ie. G = N,G,, with
Gn=0{X,, Xp41,...}, forn > 1.

1.

2.
3.

Show that for any bounded Borel function @,
E[2(X1)| ] " E[2(X,) |G

Show that the above identity actually holds almost surely.

Show that the r.v.s Xi, X, ... are conditionally independent given the tail
o-field G.

Comments and references:

()

The result proved in this exercise is the famous de Finetti’s Theorem, see e.g.

B. DE FINETTI: La prévision : ses lois logiques, ses sources subjectives. Ann.
Inst. H. Poincaré, 7, 1-66 (1937).

It essentially says that any sequence of exchangeable random variables is a
“mixture” of i.i.d. random variables.

D.J. Aubous: Exchangeability and related topics. Ecole d’été de proba-
bilités de Saint-Flour, XII1-1983, 1-198, Lecture Notes in Mathematics, 1117,
Springer, Berlin, 1985.

O. KALLENBERG: Foundations of Modern Probability. Second edition.
Springer-Verlag, New York, 2002. (See Theorem 11.10, p. 212).

See also P.A. Meyer’s discussion in [40] of the Hewitt-Savage theorem.
Question 2 is closely related to Exercise 1.4, and/or to Exercise 1.11.

De Finetti’s theorem extends to the continuous time setting in the following
form: Any cadlag exchangeable process is a mixture of Lévy processes. See
Proposition 10.5 of Aldous course cited above. See also Exercise 6.19 for
some applications.

* 2.7 Too much independence implies constancy

Let (2, F, P) be a probability space on which two real valued r.v.s X and Y are
defined.
The aim of questions 1, 2, 3 and 4 is to show that the property:

(

I {(X —Y) and X are independent

(X —=Y) and Y are independent

can only be satisfied if X — Y is a.s. constant.
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1. Prove the result when X and Y have a second moment.
In the following, we make no integrability assumption on either X or Y.

2. Let ¢ (resp. H), be the characteristic function of X (resp. X —Y).
Show that, if (I) is satisfied, then the identity:

o(x) (1 - |H(x)\2) =0, foreveryzelR, (2.7.1)
holds.
3. Show that if (2.7.1) is satisfied, then:

|H(z)| =1, for|z|<e, and ¢ > 0, sufficiently small. (2.7.2)

4. Show that if (2.7.2) is satisfied, then X — Y is a.s. constant.

In the same vein, we now discuss how much constraint may be put on the condi-
tional laws of either of the components of a two dimensional r.v., given the other.

5. Is it possible to construct a pair of r.v.s (X,Y) which satisfy the following
property, for all z,y € IR:

) conditionally on X =z, Y is distributed as N(x,1)
conditionally on Y =y, X is distributed as N (y, 1)

(Here, and in the sequel N (a,b), denotes a Gaussian variable with mean a,
and variance b.)
6. Prove the existence of a pair (X,Y") of r.v.s such that

(K) X is distributed as N(a, o?)
conditionally on X = z, Y is distributed as N (x, 1).

Compute explicitly the joint law of (X,Y).
Compute the law of X, conditionally on Y = y.

Comments and references: See Exercise 3.11 for a unification of questions 5 and 6.
* 2.8 A double paradoxical inequality

Give an example of a pair of random variables X, Y taking values in (0, 00) such
that:

(i) EX|Y]<oo, EY|X]<oo, as,

(i) EX|Y]>Y, EY|X]> X, as.
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Hint: Assume that P(% € {%,2}) =1, and P(X € {1,2,4,...}) = 1. More
precisely, denote p, = P(X = 2" Y = 2"71) ¢, = P(X = 2"V = 2""!) and
find necessary and sufficient conditions on (p,), (¢,) for (i) and (ii) to be satisfied.
Finally, find for which values of a, the preceding discussion applies when: p,, = ¢, =
(const.) a™.

Comments and references: That (i) and (ii) may be realized for a pair of non-
integrable variables is hinted at in D. Williams ([64], p.401), but this exercise has
been suggested to us by B. Tsirel’son.

For another variant, see Exercise (33.2) on p. 62 in D. Williams [62]. See also ques-
tion 5 of Exercise 1.11 for a related result.

* 2.9 Euler’s formula for primes and probability

Let NV denote the set of positive integers n, n # 0, and P the set of prime numbers
(1 does not belong to P). We write: alb if a divides b.

o 1
To a real number s > 1, we associate ((s) = > — and we define the probability P;

k=1 k*
on N by the formula:
1

(s)n*

P({n}) = c

1. Define, for any p € P, the random variables p, by the formula:

Pp(n) = Lippny -

Show that the r.v.s (p,,p € P) are independent under P, and prove Euler’s

identity:
1 1
— = 1——1.
(s) ,,gp ( ps)

S
Hint: o) P,({1}).

2. We write the decomposition of n € N as a product of powers of prime numbers,

as follows:
n = H pap(n) ,

pEP

thereby defining the r.v.s (a,,p € P).

Prove that, for any p € P, the variable o, is geometrically distributed, with
parameter ¢, that is: Ps(a, = k) = ¢"(1 — q) (ke NN) .

Compute ¢. Prove that the variables (a,, p € P) are independent.

33



34 Exercises in Probability

Comments and references: This is a very well-known exercise involving probabilities
on the integers; for a number of variations on this thema, see for example, the
following.

P. DiaconNis AND L. SMITH: Honest Bernoulli excursions. J. App. Prob., 25,
464-477 (1988).

S.W. GorLoMB: A class of probability distributions on the integers. J. Number
Theory, 2, 189-192 (1970).

M. KAc: Statistical independence in probability, analysis and number theory. The
Carus Mathematical Monographs, No. 12. Published by the Mathematical Associa-
tion of America. Distributed by John Wiley and Sons, Inc., New York, xiv+93 pp.
(1959).

PH. NANOPOULOS: Loi de Dirichlet sur IN* et pseudo-probabilités. C. R. Acad.
Sci. Paris Sér. A-B, 280, no. 22, Aiii, A1543-A1546 (1975).

M. SCHROEDER: Number Theory in Science and Communications. Springer Series
in Information Sciences. Springer, 1986.

G.D. Lin AND C.-Y. Hu: The Riemann zeta distribution. Bernoulli, 7, no. 5,
817-828 (2001).

This exercise is also discussed in D. Williams [64].
*2.10 The probability, for integers, of being relatively prime

Let (A;)j<m be a finite sequence of measurable events of a probability space (2, F, P)
and deﬁne pk = Zl§i1<-~~<ik§m P(Ail ﬂ P ﬂ Alk)

1. Show that .
P(UIL AR) = D (=1 1 py. (2.10.1)
k=1

2. We denote by k& Al the g.c.d. of two integers k and [. Let n > 1 and Ny, N
be two independent r.v.’s which are uniformly distributed on {1,...,n}. We
denote by @, the law of (N7, Ns) and define the events A = {N; A Ny = 1},
A, = {p|Ny and p|N>}, p > 1. We denote by py,...,p; the prime numbers less
than or equal to n.

(a) Show that for any positive integer m,

m

Qn(Uii4p) = > (=), (2.10.2)

k=1

where p, = n=? Zl§i1<...<ik§n[n/(pi1 - 'pik:)]Q'
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(b) Deduce that for any fixed m,

: . m 1
a1 fl (1)
k

k=1

(c) Show that
. 1 6
lim @, (A) = @ =3

where ( were introduced in the previous exercise.

3. Generalize the above results to the case where Ny, ..., Ny are independent and
uniformly distributed on {1,...,n}.

Comments and references: The reader will find deep links between probability theory
and number theory developed in:

G.H. HArRDY AND E.M. WRIGHT: An introduction to the Theory of Numbers.
Fifth edition, The Clarendon Press, Oxford University Press, New York, 1979.

G. TENENBAUM: Introduction to Analytic and Probabilistic Number Theory. Cam-
bridge Studies in Advanced Mathematics, 46. Cambridge University Press, Cam-
bridge, 1995.

G. TENENBAUM: Ezxercices corrigés de théorie analytique et probabiliste des nom-
bres. With the collaboration of Jie Wu. Cours Spécialisés, 2. Société Mathématique
de France, Paris, 1996.

J. KuUBILIUS: Probabilistic Methods in the Theory of Numbers. Translations of
Mathematical Monographs, Vol. 11, American Mathematical Society, Providence,
R.I., 1964.

* 2.11 Bernoulli random walks considered at some stopping
time

Let (X,,n > 1) and (Y,,,n > 1) be two sequences of r.v.s which take values in {0, 1}.

Assume that all the variables (X, Y,,;n,m > 1) are independent, and that, for any
n > 1, one has:
P(X,=1)=p and P(Y,=1)=¢q,

where p and ¢ are fixed, and 0 < p,q < 1.

1. Show that the r.v.s Z, = X,Y,, n > 1, are independent, and identically
distributed. Compute their common distribution.



36

Exercises in Probability

. Define S, = i X, and T, = i /.
m=1 m=1

What are the laws of S,, and 7,7

write simply S, for S:(,)(w).
Show that 7 and S, are random variables. What is the law of 77

. Show that, forn > 2 and 1 < k < n:

1—
P(X’f:HT:”):P(szl|Zk=0):p1(_—pg>'

. Show that:

(6 i =1;) |T—n)=ﬁP(Xi:$i]T:n) ,

and deduce therefrom the value of P(S; =k | 7 =n).

. Compute E(S; | 7 =n), and then E(S;). Check that:

. Define 7(w) = inf {n > 1: T, (w) = 1}, with the convention: inf(f) =

0o. We

(2.11.1)

Comments: This is a simple exercise whose main aim is to help the reader check
his/her familiarity when working with a randomly indexed sequence of random vari-

ables.

The r.v.

T is a stopping time with respect to the increasing family of o-fields
Fn = o{Xy, Yk < n}, and the final equalities (2.11.1) may be obtained as

consequences of the optional stopping theorem applied to the (F,)-martingales:
(S, —nE[Xy]) and (T,, — nE[Z4]).

Let W_, W, L be three r.v.s such that:

(i) L takes its values in Ry;

(ii) foralla>0,b, c€ R, E [exp( aL +ibW_ +icW,)] = f(2a + |b),

fu,v) = <coshv + Y smhv) Jifv#0, and f(u,0) = (1 +u)~?

c)

** 2.12 cosh, sinh, the Fourier transform and conditional in-
dependence

, where:
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1. What is the law of L? What is the law of W =W, + W_7?

2. Show that W_ and W, are independent, conditionally on L. What is the
conditional law of W_, given that W, = x and L = (7

Compute explicitly E [exp(icWy) | L = {].

Comments and references: The triplet (L, W_, W) may be realized as follows: con-
sider two independent one-dimensional Brownian motions (3;,¢ > 0)) and (v, ¢t > 0),
starting from 0, and define:

L=ty W= [ d Lgcop, We = [ dr Tgaooy

where ¢ = inf{t : §; = 1} and (¢;,t > 0) is the local time of § at 0. This triplet
appears naturally in the limit laws for the (small and large) winding numbers of
planar Brownian around a given point; see for example:

J.W. PITMAN AND M.YOR: Asymptotic laws of planar Brownian motion, Annals
Prob., 14, (3), 733-779 (1986)

or Chapter 5 in M. Yor [65], or Chapter 10 in Revuz-Yor [51].
** 2.13 cosh, sinh, and the Laplace transform

Let A_, A, and L be three IR -valued r.v.s whose joint distribution is characterized
by:
-1

sinh(u)) . A u>0.
(2.13.1)

2a + A
1

1 1
E {exp - <aL + 5)\2/1, + §,u2A+>] = (cosh(,u) +

1. Prove that A, and A_ are conditionally independent given L. Prove that

4 ) Z°

_ = ﬁ 5
where Z and N are independent; Z has an exponential law with parameter 1
and N is a centred Gaussian variable with variance 1.

Hint: Use the result of question 7 of Exercise 4.2.
2. Prove that the triplet (L, W, W_) studied in Exercise 2.12 satisfies:

(L, W, Wo) "2 (L AN, \JA_N_), (2.13.2)

where on the right hand side, the triplet (L, A;, A_), and N, and N_ are
independent and N, and N_ are centred Gaussian variables, with variance 1.

37



38 Exercises in Probability

3. Deduce the conditional independence of W, and W_ given L (as shown in
Exercise 2.12) from that of A, and A_ given L.

4. Give an explicit formula for the joint density of (H = £, A_). Deduce the
density of A_ in an integral form. Give the conditional density of H given
A_ = u. Give the conditional Laplace transform of A, given A_.

5. Fix X and u. Give a series development of the density of (\2A_ + u2A,).
Comments:

(a) Using the same notation as in the comments for Exercise 2.12, we may realize
the triplet (L, A_, A}) as: (la,fo" dsllyp <oy, Jo ds]I{BS>0}). See also Exercise
6.13 for another occurrence in terms of Brownian motion of these two or
three-dimensional distributions.

(b) This exercise points out at an apparently paradoxical situation: question 3
allows us to describe “explicitly” the distribution of any linear combination of
A_ and A, (with positive coefficients); hence, we “know” the law of (A_, A, )!
(already through the Laplace transform formula (2.13.1)!). But it is notorious
that the conditional law of A, given (A_ = a) is almost “impossible” to invert
explicitly! (See Exercise 6.13 for some further discussion.)

** 2.14 Conditioning and changes of probabilities

Let (€2, F) be a measurable space and G be a sub-o-field of F. Let P and @ be two
probabilities which are mutually absolutely continuous on F. We denote by X, the
Radon—Nikodym density of ) with respect to P and F.

1. Show that the two following properties are satisfied:
(a) 0< Ep(Xo|G) <o P as.,
and
(b) for every F-measurable r.v. f, with values in R,
Ep(fXo|G)=Eq(f|G)Ep(Xo|G) .
2. The aim of the rest of the exercise is to describe all F-measurable r.v.s X',
which take values in IR, and which satisfy:
(@) Ep(X'|G) <oo P as,
and

(b’) for every F-measurable r.v. f, with values in R,
Ep(fX'|G) = Eo(f | G)Ep(X"| G) .

Prove that, if X’ = vX,, where ~ is a G-measurable r.v., with values in IR,
then X' satisfies (a’) and (b’).
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3. Assume that X’ = vXj, with v a G-measurable r.v. with values in IR,.
Compute v in terms of Ep(X' | G) and of Ep(X, | G).

4. Prove that, if X’ satisfies (a’) and (b’), then, there exists 7, a G-measurable
r.v. with values in IR, such that: X’ = vX,.

5. Find a necessary and sufficient condition, in terms of Xy, such that, for any
F-measurable r.v. f, with values in IR,

Ep(f19) = Eo(f19) -

*2.15 Radon—Nikodym density and the Acceptance—
Rejection Method of von Neumann

Consider, on a measurable space (2, F), two probabilities P and @), with @ << P,
and Z—g =f.

Enlarge the probability space (Q2,F, P) in (' = Qx [0,1], F® B, IP = P® A),
where A denotes the Lebesgue measure on [0, 1]. Denote by w’ = (w,u) the generic

point of €', and U(w') = u.

1. Assume that P(f

<
®: (2 F) = (Ry, By

M) = 1, for some M > 0. Then prove that, for any
.), one has:

E[@|f > MU] = Eqla].
2. We no longer assume that f is essentially bounded; nonetheless, prove that,

with the same notations as above:

Eg[®] = lim IE[®|f > MU].

M —o0

Comments and references: This exercise originates from Dan Romik’s Ph.D. thesis.
A relevant reference is:

R.Y. RUBINSTEIN: Simulation and the Monte Carlo Method. Wiley Series in Prob-
ability and Mathematical Statistics. John Wiley & Sons, Inc., New York, 1981.

*+2.16 Negligible sets and conditioning

Let (X,Y) be a pair of IR, -valued random variables, and assume that
(i) (X,Y) has a jointly continuous density;

(i) if g(y) denotes the density of Y, then: g(y) ~ cy®*, asy — 0, for some ¢ > 0,
and some o > 0.
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Furthermore, consider an IR, -valued variable S which is independent of the pair
(X,Y), and satisfies: FE [S*(O‘H)} < 00.

1. Prove that for any bounded Borel function f : IR, — IR, one has

FIF(SX) | SY =0] = -

IR (ST (SX) Y =0], (216.1)

where both conditional expectations may be defined as:

@ef) . E[FTz<)]
E[F|Z = 0] 4y == —tZ=eh]
[F] ] =" lim PZ<e)

with obvious notations for F and Z.

2. Prove that, if Y satisfies (ii) with o = 0, and S (law) VT, where T is an
exponential variable with parameter 1/2, then

E[f(SX) | SY = 0] = B[f(IN|X) | Y = 0], (2.16.2)

where N denotes a Gaussian, centred, variable, which is independent of the
pair (X,Y), and has variance 1.

3. Prove that, if Y satisfies (ii) with a > 0, and if @ — (v + 1) > 0 then, if
g (aw) Z,, one has

ELf(SX) | SY = 0] = E[f (ZutasnX) | Y = 0], (2.16.3)

where Z,_(a41) denotes a gamma variable with parameter a — (o + 1), which
is independent of the pair (X,Y).

Comments and references: Either of the formulas (2.16.1), (2.16.2), (2.16.3) may
look strange (unintuitive?) at first sight; for instance, one is tempted a priori to
think that the left hand side of (2.16.2) is equal to

E[f(5X) Y =0],

but this differs from the correct right hand side of (2.16.2)! For a closely re-
lated discussion, see D. Williams’ warning ([64], pp. 260-261) about ill-defined
quantities P(X € dx|X = Y), which could mean either P (X €dr|¥ = 1), or
P(X €edr|X —Y =0), and so on... .

Here, one is clearly confronted with the difficulty of conditioning with respect to
negligible sets; about this subject, P. Lévy even wrote an article:

P. LEVY: Une hiérarchie des probabilités plus ou moins nulles, application a certains
nuages de points. L’Enseignement Math., (2) 15, 217-225 (1969).
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This is also found in:

P. LEvY: Buvres de Paul Lévy. Published under the direction of Daniel Dugué
with the collaboration of Paul Deheuvels and Michel Ibéro. Gauthier-Villars, Paris,
1980.

*2.17 Gamma laws and conditioning

Let X and L be two r.v.s which take their values in IR;. Assume furthermore that:

E[X]<oo and P(Ledl)=e'dl. (2.17.1)

1. Show that the three following properties are equivalent.

(a) There exists a > 0 such that for any A > 0:

a
E[X exp(—AL)] = e

(b) There exists @ > 0 such that E [X | L = (] = exp(—{a), a.e. (dl).
(c) For every k € IN,

E [Xé—n = (E[X])F .

Show that, moreover, if those properties are satisfied, then the following rela-
tionship between a and « holds:

1
a =
1+«

2. Prove that the variables X = (1 + ¢(L)e) exp(—aL), with a Borel function ¢

such that —% <ep< %, and ¢ is a symmetric Bernoulli variable independent

of L, satisfy the equivalent properties (a), (b) and (c).

3. Find the appropriate variant of question 1 when the property (2.17.1) is re-
placed by:

e

P(Ledl)=e R

(2.17.2)
for some v > 0.

4. Assume that the equivalent properties stated in question 1 hold. If v(dt) is a
positive o-finite measure on IR, , we define:

L,(0) = / v(dt)e ™ and S, (m) = / v(dt)

Ry R

14+tm
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Then, prove that:
EIXL,(L)]=8,(F[X]) .

*2.18 Random variables with independent fractional and
integer parts

Let Z be a standard exponential variable, i.e. P(Z € dt) = e~'dt. Define {Z} and
[Z] to be respectively the fractional part, and the integer part of Z.

1. Prove that {Z} and [Z] are independent, and compute their distributions
explicitly.

2. Consider X a positive random variable whose law is absolutely continuous.
Let P(X € dt) = ¢(t) dt. Find a density ¢ such that:

(i) {X} and [X] are independent;
(i) {X} is uniformly distributed on [0, 1].

Hint: Use the previous question and make an adequate change of probability
from e~"dt to p(t) dt.

3. We make the same hypothesis and use the same notations as in question 2.
Characterize the densities ¢ such that {X} and [X] are independent.
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Solutions for Chapter 2

Solution to Exercise 2.1

1. Let f and g be two bounded measurable functions on (€2, F, P). Then,

E(f(eX)g(e)) = %[E(f(X)g(l)) +E(f(=X)g(=1))]

and the variables € X and ¢ are independent if and only if

E(f(X))g(1) + E(f(=X))g(=1) = E(f(X))(9(1) + g(=1))

for every f and g as above. If X is symmetric then this identity holds. Conversely,
let g such that g(1) = 0 and g(—1) # 0, then the above identity shows that X is
symmetric.

2. Let (Q,F, P) be a probability space on which there exist A, B € F such that A,
B are independent and P(A) = P(B) = 1/2. Defining X = T4 — T4c, e = I — 1,
A=0(X)={0,Q A4 A% and B = o(c) = {0,Q, B, B°}, then A and B are inde-
pendent sub-o-fields of F. Moreover, the r.v.s X and ¢ are independent symmetric
Bernoulli variables, so from question 1., ¥ = ¢X and ¢ are independent. Hence Y
is AV B-measurable and independent of B, but Y is not measurable with respect to
A since (V) = {0,Q, (AN B)U (AN B°), (AN B°) U (A°N B)} and neither of the
sets (AN B)U (A°N B°), and (AN B°) U (A°N B) can be equal to A.

3. Take Z =Y = eX, A, and B defined in the previous question. By applying
question 1 to the pair of variables (¢X,¢) and then to the pair of variables (¢X, X),
we obtain that Z (which is obviously A V B-measurable), is both independent of A
and independent of B.

4. (a) Let Y7 € Gy and Y5 € Gy be such that Y = Y] 4+ Y, and assume that Y is
independent of Y5. Since Y and Y3 are centred, the variables Y; + Y5 and Y5 are
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orthogonal. Therefore, Y2 = 0 a.s. and (iii) does not hold (we have supposed that

Y #£0).

(b) We answer the last point in the same manner: let Z; € Gy and Zy € Gy such
that Z = Z1 4+ Z,. If Z is independent of both Z; and Z, then Z; = 0 and Z, = 0
a.s.

Comments on the solution: Since any solution to question 3 also provides a solution
to question 2, it is of some interest to modify question 2 as follows:

(i) and (ii) are unchanged; (iii) is changed in (iii): Y is neither measurable with
respect to A, nor independent from A.

(Solution: take A = o(G), B = o(e), where G is Gaussian, centred, ¢ is Bernoulli,
independent from G, then Y = Ge solves the modified question 2.)

Solution to Exercise 2.2

1. All variables considered below are assumed to be bounded (so that no integrability
problem arises). Since A, B and C are complete, it suffices to prove that for every
A-measurable r.v., X, one has E(X |B) = X, as. Let Y and Z be two r.v.s
respectively B-measurable and C-measurable then

E(E(X|BVC)YZ) = E(XYZ)
= E(XY)E(Z), by (i),
— E(E(X|B)Y)E(Z)
= E(E(X|B)YZ), since B and C are independent.

Since the equality between the extreme terms holds for every pair of r.v.s Y and Z
as above, the Monotone Class Theorem implies that E(X |B) = E(X |BV () as.
But X is BV C-measurable, by (i), thus: E(X |B) = X, a.s.

2. See question 2 of Exercise 2.1.

3. This follows from question 1 of the present exercise.
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Solution to Exercise 2.3

1. (i) = (ii): Let @ be a probability measure which is equivalent to P. Since I' is
independent of G, and % is G measurable then

Q) = Ep E—gﬂp] = Ep {Z_ﬁ P(T) = P(T).

(ii) = (i): The property (ii) is clearly equivalent to:

for every bounded G measurable function ¢, Ep|[¢plr] = Ep[¢|P(I"), which amounts
to I' being independent of G.

2. (j) = (jj): This follows from (i) = (ii).

3. Suppose that X is independent of the event {a}, then for any bounded measurable
function f:

E[f (X)) = E[f(X)IP({a})
but, almost surely f(X)L,y = f(X(a))L{4y, so that
E[f (X)) = f(X(a))P({a}),

hence E[f(X)] = f(X(a)) for any f, bounded and measurable. This proves that
X = X(a), a.s.

Solution to Exercise 2.4

Let f be a bounded Borel function defined on IR*™* and g, k be two bounded real
valued Borel functions, then:

E(f(XG1)9(X)h(5, 1)) = E(E(f(X()9(Xo) 1S, 0)h(S, 1) (24.a)
On the other hand, put

X((ill) = (X0, Xy, X, X5 X))
S’r(szl = Z Xi7
1<i<n, i#j

then from the hypotheses:

E(f(X{ )g(Xn(S5 1) = S E(F(XE)g(X)h(SP ) 1y)
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Since X, (fL 1 and X are independent, then:
S () () () X
B (X9 0XR(S10) = 3 { BUOGL) 1S90 57— |
j=1 Snfl + Xj
Put E(f(X((flll)) 1S9 ) = k(SY)), then from above,
E(f(X(-1))9(X0)h(S; 1)) = E(k(S(,-1))9(Xs)h(S; 1)) -
This implies:

E(f(X()g(Xn)h(5,_1)) = E(k(S{, 1)) E(9(Xs) [ Sh_1)h(S; 1))
= E(E<f<X(n—1)’S(n—1)> ( (XJ>’Sn—1)h(S:;—1))
(2.4.b)

Comparing (2.4.a) and (2.4.b), we have:
E(f(X(1)9(X) [55-1) = E(fF(Xn) | S5 E(9(Xg) [55-4)
thus, given S5 ;, X{,_ ;) and X, are independent. Now, putting E(f(Xn 1))\

Sr_1) = ki(S;_y) and E(f(X(m-1))|Sn-1) = k2(Sn—1) then we shall show that
k1(Sk_ 1) = k2(Sn—1) a.s. By the same arguments as above, we have:

n X
B (X )a(Si1)) = X B (BUXEL, 1580520 g2)
j=1 n

Since the law of X((i)_l) is the same as the law of X(,_1),

BUF(Xiu 1)g(S5)) = En:E( (89 )g(89, )§n>
= E(ko(S;_1)g(S:_1)) .

But also, by definition, E(f(X(,_1))g(S;_1)) = E(k1(S;_1)g(S;_1)), which proves
the result.

Solution to Exercise 2.5

1. In this solution, we set: D =N, D,. It suffices to show that for every bounded,
C V Dj-measurable r.v. X:

E(X| N, (CVD,) =EX|CVD), as. (2.5.a)
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We may consider variables X of the form: X = fg, f and ¢ being bounded and
respectively C-measurable and D;-measurable. Let X be such a variable, then on
the one hand, since C V D,, decreases, Exercise 1.5 implies:

E(X|CVD,) L5 B(X| N, (CV D), (n— ). (2.5.b)
On the other hand, since C and D; are independent conditionally on D,,, then

But again, from Exercise 1.5, E(g|D,) L, E(g|D) as n goes to co. Moreover, C
and D; being independent conditionally on D,, for each n, these o-fields are inde-
pendent conditionally on D, hence

E(X|CVD,) L fE(g|D) = BE(X|CVD), (2.5.¢)

as n goes to 0co. We deduce (2.5.a) from (2.5.b) and (2.5.¢).

2. With f, g, h such that f is C-measurable, g is D;-measurable and h is D,-
measurable, we want to show that:

E(E(f|Dyp)E(g|Dn)h) = E(fgh). (2.5.d)

We shall show the following stronger equality:
E(E(f|Dn)E(g|Da)h| &) = E(fgh|Ey). (2.5.¢)
Let k be &,-measurable; then, from the hypothesis and since gh is D;-measurable,

E(fghk) = E(E(f|&.)E(gh|&n)k)
= E(E(f|&.)E(E(g| Du)h|En)k) .

By applying the hypothesis again:
E(fghk) = E(E(fE(g|Dn)h|En)k).
Finally, by conditioning on D,,:
E(fghk) = E(E(E(f | Dn)E(g| Du)h | En)E) -
Since, on the other hand, for every k, &£,-measurable,
E(fghk) = E(E(fgh|&En)k)

one deduces that (2.5.e) holds. (This result holds in that particular case because
D,, C D, but it is not true in general.)

47
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3. If (2.5.2) holds then it is obvious that D and C are independent. Suppose now
that D and C are independent and let X be bounded and F-measurable and C' be
bounded and C-measurable, then from Exercise 1.5,

E(E(X|D,)C) — E(E(X|D)C)=EX)E(C), (n— ).
4. First, we have N,(C V D,) C CV o(Yp) since for each n, CV D, C CV o(Yp).
Moreover, it is obvious that Yj is N, (C V D,,)-measurable, so CVo(Yy) C N, (CVDy,).

On the other hand, we easily check that X7, Xs,... are independent, hence from
Kolmogorov’s 0-1 law, the o-field N, D, is trivial, and C VvV (N, D,,) = C.

Comments on the solution: The counterexample given in question 4 is presented in
Exercise 4.12 on p. 48 of D. Williams [63].

Solution to Exercise 2.6:

1. It follows from the exchangeability property that for any n > 2,
(X1, X2, X3,0) "2 (X0, Xy Xt )
hence for any bounded Borel function &,
E[®(X1)|G,] = E[0(X))|Ga] .

We conclude by applying the result of Exercise 1.5 which asserts that E[®(X) |G,
converges in law towards E[®(X;) |G|, as n goes to co.

2. This is a direct consequence of Exercise 1.11.

3. Question 2 shows that X; and G, are conditionally independent given G. Similarly,
for any n, X,, and G, 1 are conditionally independent given G, so, by iteration, all
r.v.s of the sequence (X1, Xs,...) are conditionally independent given G.

Solution to Exercise 2.7

1. When X and Y are square integrable r.v.s, assumption (I) implies Var(X —Y) =
E[(X -Y)} - E[X —Y]*=0, hence X —Y is a.s. constant.

2. Let x € IR, then

(p(x)’H(m)F — E[eixX]E[e_ix(X—Y) E[eix(x_y)
— B[] = Bl = o).
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The second equality follows from the independence between X and X — Y, while
the third one, follows from the independence between Y and X — Y.

3. This follows immediately from the continuity of ¢, and the fact that ¢(0) = 1.
Indeed, since ¢(x) # 0, for |z| < e, e sufficiently small, from (2.7.1) we have
|H(z)| =1, for |z| < e.

4. We shall show that if for an r.v. Z, its characteristic function ¥ (z) = E[e™?]
satisfies |1 (z)| = 1 for |z| < €, for some € > 0, then Z is a.s. constant.

Indeed, consider an independent copy Z' of Z. We have: Elexpix(Z—2")] =1, for
|z| < e, sothat: 1—cos(x(Z—2")) =0, or equivalently: ©(Z —Z2") € 2rnZ, a.s. This
implies Z — Z' = 0, a.s, since if |Z(w) — Z'(w)| > 0, then |Z(w) — Z'(w)| > I%TI — 00,

as x — 0. Now, trivially, Z = Z’ a.s. is equivalent to Z being a.s. constant.
5. First solution:

Under the assumption (J), the law of Y — X given (X = z) would be AV (0, 1), hence
Y — X would be independent of X. Likewise, under the assumption (J), ¥ — X
would be independent of Y. But, this could only happen if Y — X is constant, which
is in contradiction with the fact (also implied by (J)) that Y — X is N'(0,1). Thus
(J) admits no solution.

Second solution:
Under the assumption (J), we have:

PIX € da]e “F dy = P[Y € dyle“F dz, z,ycR.

This implies that
PX € dz]dy = PlY edyldz, z,yelR.

But this identity cannot hold because P[X € dz| and P[Y € dy]| are finite measures
whereas the Lebesgue measures dx and dy are not.

6. The bivariate r.v. (X,Y) admits a density which is given by :

_G@=a® _(y-o?
e 22 e

2
V2mo? 2w

So, the distribution of Y is given by:

PIX €dz,Y € dy] =

dedy, z,y€lR.

d z—a)? y—x)?
/ PX edz,Y € dy] = Y e~ e iy
{zer}

270 J{zer}
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dy _1+02 [I— a+z72yi|2 _ (y—a)?
— 2_ e 202 1402 dr e 20+02)
T J{zrer}
d _(w=a)?
— 7ye 2(1+02) , y c R.
21(1 4 0?)

We conclude that Y is distributed as A (a, 1 + ¢?) and the conditional density of X
given Y =y is:

2
2 _1+0? |, ate?y
1 + g 202 x 1+0’2

fX/Y:y(x) - 277'0'2 5 M IR)
2

which is the density of the law N/( alt‘f;y, o).

Solution to Exercise 2.8

We use the notations defined in the hint of the statement. We are looking for X
and Y such that

Y X
Fl=|X|>1, E[—Y>1.
1% |
First, for any n > 0,
Y 1 Py =271 X =2m) Py =21 X =2m)
El=|X=2" = — (2! ’ ontl ’
{X | } on < P(Xx=2v P(X = 27)
]‘ n n
= o P g I
20+ @ Pntn
The latter expression is greater than 1 whenever
1
qn > ipn (28&)
for any n. Now, the other conditional expectation, is equal to:
X 1 P(X =21y =2m) P(X =21y =2m)
El=|ly=2" = — (2! ’ ontl ’
{Y | } o ( Py =2 PY = 2v)

1 In—1 19 Pn+1 .
2 gn—1 + Prt1 gn—1 + Pn+1

From above the necessary and sufficient condition for F [% Y = 2”} to be greater

than 1 is )
Pnt+1 > §qn_1 . (28b)
When p, = ¢, conditions (2.8.a) and (2.8.b) reduce to: p, > ip,_o. This is satisfied

by any sequence (p,) of the form p,(= ¢,) = Ca", for 0 < C' < 1 and % <a<l.

Note that conditions (2.8.a) and (2.8.b) imply E[X] = >0, 2"(p, + gn) = 0.
Actually, it is easily shown that condition (ii) in the statement never occurs when
both X and Y are integrable.
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Solution to Exercise 2.9

1. It suffices to check that

Ppy, =1,...pp, = 1] =1_  Pp,, = 1], (2.9.a)
for any finite sub-sequence (p,,,...,pp.), & > 1 of (p,)pep. Indeed, for such a
sub-sequence, we have:
PS[ppl =1,...pp = 1] = Ps{m?:l{lpj e N}

= PJ{ip1...pr: 1l €N}
1

- ZEZN (s)(Ip1 - pr)*

(p1-- )’

since > jen ﬁ = P,(N) = 1. Moreover, this identity implies Ps(p,, = 1) = 1/p3,

for each j = 1,...,k, and (2.9.a) is proven.

To prove Euler’s identity, first note that Nyear{p, = 0} = {1}. Then, we have
Py({1}) = Py[Mpep{p, = 0}], that is:

1
N = HpePPS[pp = O]

¢(s)
1
= II 1——1.
peEP ( ps>
2. It is not difficult to see that

{op =k} =p"{p, = 0},
where we use the notation: p*{p, =0} = {p*j : j € N, p,(j) = 0}. Hence
1 1 1
— _ k — _ _ —
Play =k = P (py =0} = . Plpa =01 = - (1 - ;) |

The latter identity shows that «y, is geometrically distributed with parameter ¢ =
1/p®. Let ki,...,k, be any sequence of integers and py,...,p, be any sequence of
prime numbers, then

{ay, :k‘l,...,apn:kn}:plfl...pﬁ"{ppl =0,...,pp, =0}.

And
ks fn 1
Ps[pl R 2% {pm 207"'7ppn = O}] = ﬁp[ppl :Oa"'vppn :O]
YRRy 24
Hence, the independence between «,,, ..., q,, follows from the independence be-

tween pp,, ..., Pp,-
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Solution to Exercise 2.10

1. First note that

m

I[UznzlAk — ]I(QLHZIAZ)C — 1 - HmzlzlAz — 1 —_ H (1 - HAk) .
k=1

Developing the last term, we have:

1—

(1 — ]IAk) = i(—l)k_l Z ]IAilﬂ---ﬁAik .

1 k=1 1<iy <-<ip<m

=

k

Formula (2.10.1) is obtained by identifying the expectations of the above equalities.

2. (a) Comparing (2.10.1) with (2.10.2), it suffices to show: @Q,(4,, N---NA4,, )=
n=2n/(pi ... pi,))*. Moreover, for any k: Ay, N---NA, = Ay . .p - Since Ny
and Ny are independent, Q,,(4,) = Q.(p|N1)? for any p. Therefore, it remains to
check that for any integer p, Q,(p|N1) = %[%], which is easy to do.

(b) For any k > 1, n = %[n/(pi, ... pi,)]* —

for k < m, pup — 2 1< <o iy <im iy -pig)2

———~ . as n — 00, and since m is fixed
(Piy Py, )2 ’ ’

as n — o0o. Hence

m 1
lim (Ui Ap) = (-1 3

k=1 1<61 <. <ig <im (piy - -pik)2
m 1
= 1- 1——=1.
kl;Il ( pi)
(c) We first observe that Q,(A) = 1—Q,,(Up_,A,,). Now, to deal with @Q,,(U}_;A,,)
as n — oo, fix an integer m, let n > m and write:
lelApk - nglApk C ( ;cnzlApk) U (Uk>mAPk) :

This leads to the inequality

1 2
Qn( ZL:IAPI@) S Qn(UZ:lAPk) S Qn(UZ":1Apk) + ﬁ Z |:£] ’

k>m Dk
- 1 n ]2 1
and since -5 > s, o < > k>m P2y We have, for any m

-] (1-%) < lim QU Ay,) < 1— ] <1—i> L

2 2
=1 i k=1 Dy k>m Pk

as n — 0o. We obtain the required equality by letting m go to oo.
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3. It suffices to set A = {Ny A--- AN, =1}, A, = {p|N1,...,p|Ni} and to note
that from the independence of Ny, ..., Ni, we have Q,(4,) = Jx[p/n]*. The rest of
the proof is identical to the case £ = 2 and we obtain

1

lim Qn(A) = RCB

Solution to Exercise 2.11

1. Set K,, = (X,,,Y,), n > 1. The independence between the r.v.s (X, Y, : n,m >
1) implies in particular that the r.v.s (K,,) are independent. Since for each n > 1,
Z, is a Borel function of K, the r.v.s (Z,,) are independent. It is easy to check that
for each n > 1, Z,, is Bernoulli distributed with parameter pq.

2. For every n > 1, let Gx,, Gz,, Gg, and Gr,, be respectively the generating
functions of X,,, Z,, S, and T,,. It follows from the independence hypothesis that

Gx,(s) =1—p+ps, and Ggz(s)=1—-pq+pgs,
hence: Gg, (s)=(1—p+ps)" and G, (s)=(1—pg+pgs)".

Therefore S,, and T,, have binomial laws with respective parameters (n,p) and
(n, pq)-

3. Let n > 1, and note that {7 > n} = Np—{{T}, = 0}. Since the T}s are r.v.s, the
event M7~} {T, = 0} belongs to F. This shows that 7 is a r.v. Now, we deal with
Sr. We have: {S; =n} = U2 {S, =n,7=p} € F,since Sy, p>1and 7 are r.v.s.
Hence, S; is an r.v. For every n > 1, the equalities

Plr = n] = P[My=i{Z, =0} = (1—pag)" ",

show that 7 is geometrically distributed with parameter pq.

4. From the independence between the r.v.s Z,,, we obtain forn > 2 and 1 < k < n:
P[X, =1,7 =n]
PZ=0,...,2,1=0,X,=1,Y,=0,Z4p1=0,..., 2,1 =0,7, = 1]
= p(1—q)(1—pg)" ’pq.
Then it follows that,
p(1 —q)(1 —pg)"*pq
(1 =pg)"= = (1 —pg)
(1-qp
1 —pgq

PXy=1|t=n] =
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On the other hand, the independence between X and Y} yields:

P[X,=1Y,=0
P[Xy=1|2Z,=0] = X =1,% = 0)

P[Z; = 0]
(1-q)p
1—pq

5. First note that if x, = 0, then both sides are equal to 0. Note also that the
identity is trivial for n = 1, so, suppose that n > 2. Developing the right hand side
gives:

PIMZ{Xi = i} |7 = n]
P[X1:xl,...,Xn:xn,Zl:0,...,Zn,1:O,Zn:1]

(1 —pg)"~'pg
o P[Xl :J}'l,...,Xn :l‘n,l'l}/l :07...,.@”,1)/”,1 :O7Xn = 17Yn == 1]
(1 —pg)"~'pq
(1 —pg)"~'pq '
Now, we compute the term P[X; = z; |7 =n], for 1 <i <n:
P[XZ =T | T = TL} = K]' - pQ)n_lpq]_IP[Zl = 07 LI Zi—l = 07X7, = Xy, mz}/z = 07

Zis1=0,...,2,1=0,X,=1Y,=1]
P[X; = ;] P[z;Y; = 0]
1—pg '
The result follows from the above identity:

o If k > mn, then P[S; =k|T=n]=0.

e If £ < n, then

P[S,=k|Tr=n| = P[S,=k|7=n]
- Z P[mznzl{Xi:l?i}’T:n]
{wi:d 07 @ik}
_ (”) (p(l_Q))k<1—p)nk
k)\ 1=pg ) \1-pq
6. From above, we have
n 1_
E[ST\Tzn]:ZkP[ST:MT:n]:M’
k=1 1 —pq

then it follows that

EIS] = S Plr—nlB[S, |7 —n] = .

n=1 n=1

0o . 1— q
= > n(l—pg)" 'pPe(l —q) = —
n=0

(1 — pg)"ngp*(1 — q)
I —pq
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By definition, Z, = XY, = 1, which implies X, = Y, = 1. Thus we have: E[T;]=1.
On the other hand,

BlrEIX] = Blrlp = (i) p=t.

and E[T|E[Z:] = (1/pq) pq = 1.

Solution to Exercise 2.12

1. Taking b = ¢ = 0 in (ii) gives E[e %] = 1/12/<2m’ for every a > 0, hence, L is
exponentially distributed with parameter 1/2. Now set a = 0 and b = ¢ in (ii), then

we obtain the characteristic function of W:

, b !
E[e®™™] = <cosh b+ |_b| sinh b) , ifb#£0,
— 1, ifb=0,
that is
E[e™™] = e 1ol

Hence, W is Cauchy distributed with parameter 1.

2. Set (L) = E[e®-FiW+ | []. The r.v. (L) satisfies:
E[e_aL(p(L)} _ E[e—aL+ibW_+icW+] ,

for every a > 0. But from the expression of the law of L obtained in question 1.
and (ii), we have:

EleLtibW-+ieWs] _ p |g—al ¢ e*(%m*%Jrlzﬂ)L

sinh ¢ ’
ccothcil+ 1]

thus p(L) = == e (<2312 and it is clear, from this expression for ¢(L), that

sinh ¢
it can be written as:

p(L) = E[™ | L]E[e" | L],
for all b, c € IR, where:

. b
E[e®™~|L] = exp (—%L) (2.12.a)
, 1
EleW+ ] = —¢ —Z(ccothe — 1)L . 2.12.
e | L] Sohe exp 5 (ccothe ) ( b)

Thus, W, and W_ are conditionally independent given L.
From the conditional independence proved above, we have for all [ € IR, and
x € IR:
Ele™-|L=1,W, =z]=E["™-|L=1,

55
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moreover, from (2.12.a), we obtain:
E[e™-|L=1=e:" belR.
Hence, conditionally on W, = x and L =1, W_ is Cauchy distributed with param-

eter (/2.
From (2.12.b), we have

Ele™+ | L = 1] = Smchce—(—°°°5‘”—%)l . c#0.

Comments on the solution: For [ = 0, the latter Fourier transform can be inverted
whereas for [ # 0, there is no known explicit expression for the corresponding den-
sity. (However, computations in A.N. Borodin and P. Salminen [7] show that an
extremely complicated “closed form” formula might be obtained; this has also been
remarked upon by R. Ghomrasni (2003, to appear)) This difficulty has been ob-
served in:

J. BAss AND P. LEVY: Propriétés des lois dont les fonctions caractéristiques sont
1/chz, z/shz, 1/ch®z. C. R. Acad. Sci. Paris, 230, 815-817 (1950).

One can find series developments for the corresponding densities in A.N. Borodin
and P. Salminen [7]. See also:

P. Biang, J. PITMAN AND M. YOR: Probability laws related to the Jacobi theta
and Riemann zeta functions, and Brownian excursions. Bull. Amer. Math. Soc.
(N.S.), 38, no. 4, 435-465 (2001).

Solution to Exercise 2.13

1. This is quite similar to the computations made in question 2 of Exercise 2.12,
and one finds:

2 2 2 2
E [exp— (%A + %A+> |L] = F [exp—%A | L} E {exp—%fh | L}

A 7 1
= exp <—§L> b g exp (—§(u cothy — 1)L) .

From question 7 of Exercise 4.2, if T is (s)-distributed (that is P(T" € dt) =

\/jf? exp (—%), t > 0), then its Laplace transform is:

o oo (7)) oo, 120,
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and the law of T is characterized by the identity

Gz 1

= 37

where N is a centred Gaussian variable with variance 1. Hence, the Laplace trans-
form of A_ may be expressed as:

E _)ﬁA — L_/ood —v_,—vA
€xp 5 - = 1 ve ‘e
= /Oodve_”E <6_A22U2T)
0
)\2z2 )\222
e (-5 7)| = £ e (-5 35|

2. The identity in law (2.13.2) follows from the double equality:

)\2 2
Elexp(—aL +iAXW,_ +iuW_)] = E [exp (—aL - —A+ A)}

- E {exp <—aL FIAN AL+ mN_,/A_ﬂ .

T

and question 1 follows.

3. This follows from:
A
Elexpt(\W,y +uW_)|L=1=FE [exp (—A+ ,u ) | L = l} .

4. Write the Laplace transform of (A_, A,) as

1
cosh p + % sinh p

= / dt exp —t (cosh ot — smh M)

I o —ghcoshp _2%u _£
= — dt e " sinhp du e 2 e 2u .
sinh p Jo 27ru3

By letting p converge towards 0 in the above expression, we obtain the following
different expressions for the density g of A_:

glu) = / dte!— ( ) / dte‘t(l_;;;%)
/2

1 u/2
= E[(N = Vu)'] = m—e/P(NZ\/E)a

where N denotes a standard normal variable. These expressions are closely related
to the Hermite functions h_; and h_»; see e.g. Lebedev [69].

Note also that from (2.13.1) the variable L is exponentially distributed with param-
eter % and from question 1, the law of A_ given L = [ is the same as the law of %T.

o7
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The law of L given A_ is then obtained from Bayes formula, since we know the law
of A_ given L, the law of L and the law of A_. So, with H = @ L we find:

1 —(ﬁ+h)
P(He€ dh|A_ =u) = ————=dhhe \** /.
( | ) g(u)V2mu3

We then use the conditional independence of A, and A_ given L, to write:
1w %
E {exp (—7A+> |A_ = u] =F {E [exp—;AHH} |A_ = u]

2
- /P(H cdh|A_ =u)E [exp—'LL—A+|H: h}
/ dh he P2 b)) P exp —hpicothy — 1)
= — X Xp — —
g( ) AU P 2u sinh P H H

(sinlfl;) g(u)W/ dt £ (5 +tvcothp)
- ( & >g(u(,ucoth,u) )

~ \sinhp g(u)

5. This can be done by first establishing a series development of the Laplace trans-
form of (A_, Ay) in terms of e™*:

52 1
E {exp (-5(/\2,4_ + u2A+)] = cosh(s/1) + %Sinh(s,u)
. 2
R CRIE
2e 5+

(14+2) (14 pe=2om)’

_A
where p = —&. Note that since |p| <1, we get
m
2
Elexp | == (NA_ + pu?A, = T s“z Yl 2sun
2 1+ M
2

N +
=
HMEZ HM8

where a,, = (2n + 1)u. Hence, we obtain:

P(NA_+ p*A, €dt) =
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Solution to Exercise 2.14

1. We first recall that for @) absolutely continuous with respect to P, and X, the
Radon-Nikodym density of () with respect to P, then Ep(Xj) = Eg(1l) = 1, and
Xy > 0 Pas., since Q(Xo < 0) = Ep[Xolix,<0] = 0. Moreover, X, € L} (P) and
Ep[Xo] = 1. Indeed, Q(Xy < 0) = Ep[Xol{x,<01] > 0 implies Xy > 0, P-a.s. The
equality Ep[Xo] = 1 follows from the definition of Xj.

(a) From above, for any sub-o-field G of F, we have 0 < Ep[Xy|G] < 400, P-a.s.
Now, let Yy (= 1/Xj) be the Radon—Nikodym density of P with respect to @), and
put C' = {Ep[X,|G] = 0}. We have

P(C) = Eq[Yollo] = Eq[Eq[Yo | G]1c]
= Ep[Ep[Xo|G]EQ[Yo|Gllc] =0,
which implies that Ep[X,|G] > 0, P-a.s.
(b) Let A € G, then

Eqf14] = EqlEq[f G114l = Ep[Eqlf|G] X014
= Ep[Eq[f|G]EP[Xo|GIT4].

But one also has,
Eqlfla] = Ep[fXolla] = Ep[Ep[fXo|G]14].
Identifying the right hand sides of both equations above, we obtain
Ep[Ep[fXo|Gl4] = Ep[EQ[f | GlEP[Xo | G4l
for any A € G, which establishes identity (b).

2. First solution:

We have : Ep[fX'|G] = vEp[fXo|G] and Ep[X'|G] = vEp[Xo|G], hence (a’) and
(b’) follow respectively from (a) and (b).

Second solution:

For any A € G, we have

Eqlfvlla] = Ep[EqQlf |Gy Xolla]
Ep[Eqlf | G1Ep[vXo| G4l

Writing the left hand side as
EqQ[fv1a] = Ep[Ep[fvXo|G]14]

gives (b).
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3. Since v is G-measurable, then Ep[X'|G] = vEp[X(|G]. So, from (a), we may
write v = EP[XO | g]ilEp[X/ ’ g]

4. From 1 (b) we have Eg[f|G] = Ep[Xo |G 'Ep[fXo|G]. Set v = Ep[Xo|G]™*
Ep[X"|G], then 2 (b’) gives

Ep[fX"|G] = Ep[fXo|Gly = Ep[f7X0|G].

Identifying the expectations of each member of the above equality, it follows that
Ep[fX'] = Ep|[fvXy], for any F-measurable function f, so that X’ = vX,, P-a.s.

5. From 1 (b), a sufficient condition is that X is G-measurable. Conversely, suppose
that for any F-measurable function f, Ep[f|G] = Eg[f|§], then from 1 (b), we
have

Ep[fXo] = Ep[Ep[f |G]EP[Xo|G]] = Ep[fEp[Xo|G]].
It follows that Xg = Ep[X,|G], P-a.s.

Solution to Exercise 2.15

We may directly answer question 2. Indeed, for any M > 0,

Ep[® (A1) Ep@(f A M)

Ee|f = MU= Ep [ A 1] ~ Ep[fAM]

which converges, as M — oo, towards Ep[® f], by monotone convergence.

Solution to Exercise 2.16

1. First note that under the conditions of the statement, the functions y —
Elf(SX)|Y = y] and z — E[f(SX)|SY = z| are continuous on IR, and the
conditional expectation E[f(SX)|SY = 0] may be defined as

E[f(SX)Mjo<sy<e)] .

EIF(SX) 18V =0l =lim =5 o)

Let A > 0 and write

Elf(SX)Lo<sy<ey] = E[f(SX)Mo<sy<ep Us<rey] + E[f(SX) Ljo<sy <ey Lszacy] -
(2.16.2)
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Since E[S™(®*1] < +o0, for the first term of the right hand side, we have

P(Sed
E[f(SX)Tjp<sy<ep Lisarey) < AP(S < Ae) < A()\E)aH/ P(5 € ds)

_ +1
0ae) st = o™,

(2.16.b)
where A is such that f < A on IR,. Now, to deal with the second term, define
k(s,y) = E[f(sX)|Y =y], for any s > 0 and write

BUASX) Tpssveq Tissna) = [ P(S € ds) [ dyk(s.v)os).

[Ae,00)

From (ii) in the statement of the exercise and by continuity of the function k(s,y),
we have

[ tiktsgn = (c+0 () o0, (2160

where ¢(¢) — 0 as ¢ — 0. The above expression becomes

E[f(SX)Locsy<eyDyszaey] = /[A )P(5€d8)0(5/8)a+1k(870)
1

a+1 €
+ ¢ /[/\6700) P(S €ds)yp <g> Sa+1k(s,0).

Since ¢ (%) is bounded in /s on the interval [Ae, 00), by dominated convergence

the expression [, ) P(S € ds)p (i) —+rk(s,0) tends to 0 as e goes to 0, so that
we can write

E[f(SX)Wjocsy <o Lisony] = /[ P(S € ds)e(e/s)* (s, 0) +o(e2F1) . (2.16.d)

Ae,00)

Finally from (i), P(0 <Y < ¢) ~ "1 as € goes to 0, so from (2.16.a), (2.16.b)
and (2.16.d), we have
k(s,0) 1

. E[f(SX)Mjo<sy<ey] _ _
by oy e s f/mP(Se ds)~ 2 = B | g f(SX)]Y = 0| |

Note that in the above equalities, the integral P(S € ds ’“Sf’l) should be
( q gral [p, e

Joo,00) P(S € ds)% but this makes no difference, since the assumption, F[S~(+]<
+oo implies: P(S = 0) = 0.) We conclude by noticing that from the same arguments

as above,
PO<SY <¢)

20 PO<Y <e)
2. First, applying the result of question 1, we obtain

1
Sa+1

1

BIf(SX)|SY = 0] = i

E[TV?f(VTX)|Y =0].
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We get (2.16.2) by computing the right hand side of the above equality:

1
E[T,l/Q]E[

\/g/ooo dt %e‘tﬂE[t—l/?f(\/gX) Y = 0] =
\/%/Ooo dye—y2/2E[f(yX) 'Y =0] = E[f(|N]|X)|Y =0].

3. Again, from question 1, we have

T2 (VTX) Y = 0] =

1

—(a+1
WE[ZQ( VHZX)|Y =0].

E[f(5X)[SY = 0] =

We refer to Exercise 4.3 for the expression of the density of Z,. This gives:
1
E [Z—(a+1)]

(a)
N oz+1 / dZ

—/ dzmza e B[f(2X) |Y = 0] = E[f(Zo-(arX) | Y = 0].

E(Z; D f(Z,X)|Y =0

2 e BV f(2X) | Y = 0]

Solution to Exercise 2.17

1. First recall that the Laplace transform of L is given by

1
FElexp —AL] = SR A>0. (2.17.a)

Now suppose that (a) holds, then from (2.17.a), we have
E[E[X |Lle ] = aEJexp —\al],

for any A > 0. This can also be written as

/OOO (BIX|L=le) e di = /000 () N,

The functions between parenthesis in the above integrals have the same Laplace
transform, so they are a.e. equal, hence, we have:

E[X|L=I=exp—(a' =1, ae. (dl).

and thus: a = (1 +«a)™!
If (b) holds, then we may write:

E[X exp—AL| = E[E[X | L]exp —AL] = Elexp —(a + \)L],
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and from (2.17.a), this last expression equals 7%~ So we obtained (a).
Suppose that (a) holds. By analytical continuation, we can show that E[X exp
(AL)] = 1. Hence, for any A < 1, from Fubini’s Theorem,

and the series development of the exponential function, we have

E[X exp (AL)]

-y e

k>0

)\kak-H _

= 1, and identifying this expression

Then we obtain (c) by writing : Y755
with the previous one.

Conversely, if (c) holds, then, for any 0 < p < [X],

. E[X
E[X exp (L)) guE[ k'}:%’

from Fubini’s Theorem. By analytical continuation, this expression also holds for
A= —p >0, so (a) holds.

2. For variables of the type of X it is easy to show that E[X | L] = exp(—al), i.e
(b) is satisfied.

3. Let us show that under condition (2.17.2), the following properties are equivalent.

(a) There exists a > 0 such that for any A\ > 0:

E[X exp(=AL)] = (H‘LM)W.

(b) There exists a > 0 such that E[X | L = ] = exp(—{a).
(c) For every k > 1,
kt+vy

E[XLF =v(y+1)...(y+ k- DEX] ™.

Moreover, if those properties are satisfied, then the following relationship between

a and « holds: .

1+«

a =

Under condition (2.17.2), we say that L is gamma distributed with parameter v (see
Exercise 4.3). It is not difficult to check that its Laplace transform is given by

1

,
) . A>0. (2.17.b)
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We verify (a)<=>(b) in the same manner as in question 1. To check (a)<=(c
we use the same arguments together with the series development: (1 + z)~

),
T =
I =y +y(y+1)% Sy (y+1) - (v—i-k:—l)%—i-- , which holds for any = > 0.

4. We start from the equality

(tL)*
k!

E{X ]—tkE[X]k“, telRy, k>0.

Integrating with respect to v(dt), we have:

/]R+ v(dt)E [X (tlf!)k} = /ﬂh v(dt)E[X|(tE[X])".

Finally we obtain the result by performing the sum over £ > 0 and using Fubini’s
Theorem.

Solution to Exercise 2.18

1. For any pair of bounded Borel functions f and g, we write:

EUZN(2)) = 3 [ duesu = mgn)
Zoe_"/o dv f(v)e "g(n).

Hence P({Z} € dv) = 1S Tjepydv, P([Z] =n) = e (1 —e '), n € IN and
{Z} and [Z] are independent.

2. We take o(t) ‘< e (1 —e) = (1—eYelle . Then with Q = (1—e 1)elZ P,
we obtain:

Eqlf(Za({Z])) = (1= ) 3 (o) [ dv ()
3. Let X be an r.v. with density ¢ then
B Do) = 3 [ = migtnyett
= > (f an et m) o).
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From above, the independence between {X} and [X] is equivalent to

</ du f(u u+n)> g(n) =
(;)/0 du f(u)p u—i—n)(Z/ du g(n u—l—n)),

for any pair of bounded Borel functions f and g. This is also equivalent to

/Olduf(u) (u +n) (Z/ du f(u u))/oldvgo(v+n),

for any bounded Borel function f that is
o(u+n)= <Z¢k+u>/ dvo(v+n), ae. (du).
k=0

Then, ¢ must satisfy: for every n € IN,

o(u+n)=1vu)e,, ue(,1),ae., (2.18.a)

for a positive sequence (c,) in ', and ¢ > 0, fol dutp(u) < oo. Conversely, it follows
from the above arguments that if ¢ satisfies (2.18.a), then the independence of { X}
and [X] holds.

Comments on the solution:
(a) More generally, B. Tsirel’son told us about the following result. Given every

pair of probabilities on IR, , p and v, which admit densities with respect to
Lebesgue measure, there exists a joint law on IR?H that of (A, B) such that:

(i) A is distributed as p,
(ii) B is distributed as v,
(ili) B — A belongs to @, a.s.

In our example: B is exponentially distributed and A = { B}.

(b) Note how the property (2.18.a) is weaker than the “loss of memory property”
for the exponential variable, which is equivalent to:

o(u+s)=Co(u)p(s), u,s>0.






Chapter 3

Gaussian variables

Basic Gaussian facts

(a) A Gaussian space G is a sub-Hilbert space of L?(2, F, P) which consists of
centred Gaussian variables (including 0).

A most useful property is that, if X;,..., X, € G, they are independent if and
only if they are orthogonal, i.e.

E[X;X;| =0, foralli,jsuch that i # j.
(b) It follows that if H is a subspace of G, and if X € G, then:
E[X |o(H)] = proju(X).

For these classical facts, see e.g. Neveu ([42], Chapter 2), and/or Hida-Hitsuda
([28], chapter 2).

(c) The above facts explain why linear algebraic computations play such an impor-
tant role in the study of Gaussian vectors, and/or processes, e.g. the conditional
law of a Gaussian vector with respect to another is Gaussian and can be obtained
without manipulating densities (see, e.g., solution to Exercise 3.11).

(d) However, dealing with nonlinear functionals of Gaussian vectors may necessitate
other (nonlinear!) techniques; see e.g. Exercise 3.10.

(e) We have not used in our exercises, but would like to mention, the following
non-decomposability property of the Gaussian distribution, due to H. Cramer. If X
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and Y are two independent centred variables such that their sum is Gaussian, then
each of them is Gaussian. See, e.g., Lukacs [38], p. 243, for this result as well as its
counterpart, due to Raikov, for the Poisson law).

(f) Further fine results on Gaussian random functions are found in Fernique [21] and
Lifschits [37].

* 3.1 Constructing Gaussian variables from, but not
belonging to, a Gaussian space

Let X and Y be two centred, independent, Gaussian variables.

1. Show that, if ¢ is an r.v. which takes only the values +1 and —1 and which
is measurable with respect to Y, then X is a Gaussian variable which is
independent of Y. In particular, eX and e are independent.

2. Show that the sub-o-field ¥ of o(X,Y") which is generated by the r.v.s Z which
satisfy:

(i) Z is Gaussian and (ii) Z is independent of Y

is the o-field o(X,Y) itself.
3. Prove an analogous result to that of question 2, when Y is replaced by a

Gaussian space IH which is assumed to be independent of X.

Comments: The results of this exercise — question 2, say — highlight the difference
between the Gaussian space generated by X and Y, i.e. the two-dimensional space
Y = {\X + uY;\, u € IR}, and the space L?(c(X,Y)), which contains many other
Gaussian variables than the elements of X.

*3.2 A complement to Exercise 3.1
Let (2, F, P) be a probability space, and let G (C L?*(2, F, P)) be a Gaussian space.

Let Z be a o(G)-measurable r.v., which is, moreover, assumed to be Gaussian, and
centred.
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1. Show that, if the condition

() the closed vector space (in L*(Q, F, P)) which is generated by Z and G
is a Gaussian space

holds, then Z belongs to G.

2. In the case dim(G) = 1, construct an r.v. Z, which is o(G)-measurable, Gaus-
sian, centred, and such that () is not satisfied.

Comments: This exercise complements Exercise 3.1, in that it shows that many
variables Z constructed in question 2 of Exercise 3.1 did not satisfy (vy) with
G={ X +pY: :\pelR}

**3.3 On the negative moments of norms of Gaussian vectors

We consider, on a probability space, two C-valued r.v.s Z = X+iY and 2’ = X'+iY”’
such that:

(a) the vector (X,Y, X’ Y’) is Gaussian, and centred;
(b) the variables X and Y have variance 1, and are independent;
(c) the variables X" and Y’ have variance 1, and are independent.

In the sequel, IR? and € are often identified, and (2, z’) denotes the Euclidean scalar
product of z and 2/, elements of € ~ R?, and |z| = (z, z)"/%.

1
1. Show that F <W) < oo if and only if p < 2.
2. Let A be the covariance matrix of Z and Z’, that is

V01,0, € R?,  E[(01,2) (0, Z)] = (61, Aby) .

Show that there exists a Gaussian vector &, with values in IR?, independent
of Z, such that: 7/ = A*Z + &, where A* denotes the transpose of A.

Show that £ = 0 a.s. if and only if A is an orthogonal matrix, that is:
A*A =1d.

3. Show that if (I — A*A) is invertible, and if p < 2, then:

0 2 (7

Z ) < C, for a certain constant C';
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. 11
0 £ (i) <

Comments and references: It is interesting to compare the fact that the last expres-
sion is finite for p < 2, under the hypothesis of question 3, with what happens for
Z = 7', that is:

1
E(W) < oo if, and only if : p < 1.

The finiteness result (ii) is a key point in the proof of the asymptotic independence
of the winding numbers, as time goes to infinity, for certain linearly correlated planar
Brownian motions, as shown in:

M. Yor: Etude asymptotique des nombres de tours de plusieurs mouvements
browniens complexes corrélés. In: Festschrift volume in honor of F. Spitzer: Ran-
dom Walks, Brownian Motion and Interacting Particle Systems, eds. R. Durrett,
H. Kesten, pp. 441-455, Birkhauser, 1991.

** 3.4 Quadratic functionals of Gaussian vectors and
continued fractions

Let p € IN, and [y, (1, . . ., Bp+1 be a sequence of (p+2) independent, Gaussian r.v.s
with values in IRY. For each 4, the d components of 3; = (Bij;d =1,2,...,d) are
themselves independent and centred, and there exists ¢; > 0 such that:

1 , .
E[EH,J}:; (i=-1,0,....p, j=12...,d) .
We write (z,7) for the scalar product of two vectors in IR%.

1. Let U be an orthogonal d x d matrix, with real coefficients.

Show that the r.v.s f: (Bi, Biv1) and f: (B, UBi+1) have the same law.
i=0 =0

Hint: For every k € IN, U* is an orthogonal matrix.

2. In this question, we assume d = 2.
p
Define S = 32 (Bis Biv1)-
iz
(In the sequel, it may be helpful to use the convention: f_; = 8,12 = 0, and
871 - So, Sp+1 - O)
Prove, using descending iteration starting from n = p, that for every n, there
exist two functions h,, and k,, such that:

Elexp(iz S,) | Bn = m] = hy(z) exp <— ‘ﬂ; kn(x)> : (3.4.1)
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Prove a recurrence relation between, on one hand, h,, h,y1 and k,, and on
the other hand, k,, and k&, .

Deduce therefrom the formulae

2 2 2 2 x

_ =z x x ol
k”(x) T et cngit Cngot T op

Cnt (3.4.2)

and

E [exp(izS,)] = ﬁ (C”k”(x)). (3.4.3)

n=-—1

. In this question, we assume d = 1. Define a; = ﬁ(z =-1,0,...,p).

Show that Sy has the same distribution as: (g, Ag), where g = (go, - ., gp+1)
is a random vector which consists of centred, independent Gaussian variables,

0 CLO O P O O
CLO O al PPN O 0
with variance 1, and A = o
0 0o ... (Ip_l 0 Gp
0 0 ... 0 a O

p+l
Deduce therefrom that Sy is distributed as 3° d,,g2, where (d,,) is the sequence
n=0

of eigenvalues of A.

. In this question, we assume d = 2. Prove the formula:

© expliz ) = (=) ——1
¢ Elexp(tx = (—) _
" \2) der (A LD
. Write Dy, 0, (A) = det(A + Ay).
Prove a recurrence relation between Dy, . q,, Da;....ap, a0d Dg, . q,-

How can one understand, in terms of linear algebra, the identity of formu-
lae (b) and (c)?

. Give a necessary and sufficient condition in terms of the sequence of real
numbers (a,,n > 0) such that

n
Z Q;9iGi+1 converges in L?,
i=0

where (g;) is a sequence of independent, centred, reduced Gaussian variables.

71



72

Exercises in Probability

Comments and references:

()

For more details, we refer to the article from which the above exercise is drawn:

PH. BIANE AND M. YOR: Variations sur une formule de Paul Lévy. Ann.
Inst. H. Poincaré Probab. Statist., 23, no. 2, suppl., 359-377 (1987).

and its companion:

C. DONATI-MARTIN AND M. YOR: Extension d’une formule de Paul Lévy

pour la variation quadratique du mouvement brownien plan. Bull. Sci. Math.,
116, no. 3, 353-382 (1992).

Both articles and, to a lesser extent, the present exercise, show how some
classical continued fractions (some originating with Gauss) are related to series
expansions of quadratic functionals of, say, Brownian motion.

In question 6, using the Martingale Convergence Theorem (see e.g Exercise

n
1.5), it is possible to show that, > «;g;g;11 converges almost surely as n goes
i=0

to +o00.

** 3.5 Orthogonal but non-independent Gaussian variables

1.

We denote by z = x+iy the generic point of C = IR+iIR. Prove that, for every
n € IN, there exist two homogeneous real valued polynomials of degree n, P,
and @), such that:

2" = Pu(z,y) +iQn(z,y) -
(These polynomials are closely related to the Tchebytcheff polynomials.)

. Let X and Y be two centred, reduced, independent Gaussian variables. Show

that, for every n € IN*,

_ R(XY)
(X2 + V2T

@n(X,Y)

and B,=——
(X2 4 Y?)

n

are two independent, centred, reduced Gaussian variables.

. Prove that the double sequence

S = {An, Byin,m € N}

consists of orthogonal variables, i.e.
if C' and D are two distinct elements of S, then: E[C'D] = 0.
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4. Let n # m. Compute the complex cross moments of (A, B, A, By,), that is
E[Z%(Z,,)", for any integers a, b, where Z, = A, +iB, and Z,, = A,, +iB,,.
Is the vector (A, By, Am, B,,) Gaussian ?

* 3.6 Isotropy property of multidimensional Gaussian laws

Let X and Y be two r.v.s taking their values in IR*. Let, moreover, Gy, be a Gaussian
r.v. with values in IR, which is centred, and has I, for covariance matrix, and let
U be a r.v. which is uniformly distributed on S,_;, the unit sphere of IR*.

We assume moreover that Gy, U, X and Y are independent.
Prove that the following properties are equivalent:
. law .. law law
@) IXI =Y () (G X) " (G Y () (U X) (0 Y),

where (z,7) is the scalar product of z and y, two generic elements of IR, and
||| = ((x, z))"/? is the Euclidian norm of z € IR¥.

** 3.7 The Gaussian distribution and matrix transposition

1. Let G,, be an n-sample of the Gaussian, centred distribution with variance 1
on IR. Prove that, for every n x n matrix A with real coefficients, one has:

law *
|AGA] 2 A G
where A* is the transpose of A.

2. Let X be an r.v. with values in IR, which has a finite second moment. Prove
that if, for every n € IN, and every n x n matrix A, one has:

|AX,, || "2 14X,

where X,, is an n-sample of the law of X, then X is a centred Gaussian variable.

Comments: The solution we propose for question 1 uses systematically the Gauss
transform, as defined in Exercise 4.16. Another proof can be given using the fact
that AA* and A*A have the same eigenvalues, with the same order of multiplicity:
write AA* = U*DU and A*A = V*DV | where U and V are orthogonal matrices
and D is diagonal, then use:

G, ®va, 2 ua,.
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* 3.8 A law whose n-samples are preserved by every
orthogonal transformation is Gaussian

Let X be an r.v. with values in IR, and, for every n € IN, let X,, denote an n-sample
of (the law of) X.

1. Prove that if X is Gaussian and centred, then for every n € IN, and every
orthogonal n x n matrix R, one has:

X, ™ pX, .

2. Prove that, conversely, if the above property holds for every n € IN, and every
orthogonal n x n matrix R, then X is Gaussian and centred.
Comments and references about Fzxercises 3.6, 3.7 and 3.8:

This characterization of the normal distribution has a long history going back to the
1930s and early 1940s with H. Cramér and S. Bernstein, the main reference being:

M. KAc: On a characterization of the normal distribution. Amer. J. Math., 61,
726-728 (1939).

Amongst more recent references, we suggest:

C. DONATI-MARTIN, S. SONG AND M. YOR: On symmetric stable random vari-
ables and matrix transposition. Annales de I’I.H.P., 30, (3), 397-413 (1994)

G. LETAc AND X. MILHAUD: Une suite stationnaire et isotrope est sphérique.
Zeit. fir Wahr., 49, 33-36, (1979)

G. LETAC: Isotropy and sphericity: some characterizations of the normal distribu-
tion. The Annals of Statistics., 9, (2), 408-417 (1981)

S. BERMAN: Stationarity, isotropy and sphericity in ¢,. Zeit fur Wahr., 54, 21-23,
(1980)

and the book by S. Janson [30].
** 3.9 Non-canonical representation of Gaussian random walks

Consider Xi,...,X,,... a sequence of centred, independent Gaussian r.v.s, each
with variance 1.

Define for n > 1, S, = iXi and X, = S, — i (i>
i=1 =1\ J
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We define the o-fields:
fn:U{Xl,...,Xn} and Qn:(f{Xl—Xj,lgz,an} .

S; S .
1. Prove that: G, = o{¥,%s,...,5,} = J{, - 1< < n}
¢ J

2. Fix n and let {Sy, k < n} = {Sy — £S,, k < n}. Prove that {Sy, k < n} is

independent of S, and is distributed as {Sk, k < n} conditioned by S, = 0.
Prove that G,, = o{Sk, k < n}.

3. Define Y, = X, — &
n
Show that, for any n > 1, the equality: G, = o{Y},Y5,...,Y,} holds, and
that, moreover, the variables (Y,,,n > 1) are independent. Hence, the sequence
Yo =3",1Y;,n=1,2... has independent increments.
Let (ag, & = 1,2,...) be a sequence of reals, such that oy # 0, for all k.

Prove that Eﬁla) (& Sp — Yh—y oSk has independent increments if and only if

o = 1, for every k.

4. Prove the equality: — — o Cnedl
n  n+1 n
Sh, _
Deduce therefrom an expression for £ [—]gn+k] (k € IN) as a linear com-
n

bination, to be computed, of (Y11, Yaio, -, Ynik).
5. Prove that S, is measurable with respect to o{Y,11, Yoi2,...}.

6. Prove that: F,, = G, where: F = liin T Fi, and Gy, = lilgn T Gg.

Comments and references: This is the discrete version of the following “non-canonical”
representation of Brownian motion, which is given by:

't ds 't t

0

where we use the (unusual!) notation (S;t > 0) for a one-dimensional Brownian
motion. Then, (3;,¢ > 0) is another Brownian motion, and (3.9.1) is a non canon-
ical representation of Brownian motion, in the sense that (S,;u < t) cannot be
reconstructed from (X, u < t); in fact, just as in question 2, the random variable S;
is independent of o{3,;u < t}; nonetheless, just as in question 6, the two o-fields
o{Syu;u >0} and o{X,;u > 0} are equal up to negligible sets.

For details, and references, see, e.g., Chapter 1 in M. Yor [65]. Another example,

due to Lévy is:
3 [t /o
=8 -2 [ Sudu= | (3——2) ds,. .
tJo 0 t
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(X}, t>0) is a Brownian motion and (S,, v < t) cannot be constructed from

Y ou < t) since [TudS, = tS; — [!S,du is independent from (¥, u < t). For
u 0 0 u

a more extended discussion, see:

Y. CHIU: From an example of Lévy’s. Séminaire de Probabilités, XXIX, 162-165,
Lecture Notes in Mathematics, 1613, Springer, Berlin, 1995.

A recent contribution to this topic is:

Y. HiBINO AND M. H1TsuDA: Canonical property of representations of Gaussian
processes with singular Volterra kernels. Infin. Dimens. Anal. Quantum Probab.
Relat. Top., 5, (2), 293-296 (2002).

*3.10 Concentration inequality for Gaussian vectors

Let X and Y be two independent centred d-dimensional Gaussian vectors with
covariance matrix I,.

1. Prove that for any f,g € CZ(IRY),
Cov(£(X),9(X)) = [ CBI(VF(X), Vg(aX + VI—a®))da,  (3.10.1)

where Vf(z) = (%(I))
Hint: First check (3.10.1) for f(x) = ¢'*® and g(z) = /%), s,t, 2 € IR

2. Let p, be the Gaussian measure in IR*® which is the distribution of (X, aX +
V1 —a?Y) and denote by p the probability measure fol e da. Let Z be a
random vector in IR? such that the 2d-dimensional random vector (X, Z) has
law .

Prove that for any Lipschitz function f, such that || f||., <1 and E[f(X)] =0,

the inequality

E[f(X)e!X)] < tE[e )], (3.10.2)
holds for all ¢ > 0 and deduce that

E[eM] < e7 . (3.10.3)

3. Prove that for every Lipschitz function f on IR¢ with || f

Lip < 1, the inequality

N

P(f(X) - E[f(X)] 2\ <e” (3.10.4)

holds for any A > 0.
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Comments and references: The inequality (3.10.4) is known as the concentration
property of the Gaussian law. Many developments based on stochastic calculus may
be found in:

M. LeEDOUX: Concentration of measure and logarithmic Sobolev inequalities.
Séminaire de Probabilités XXXIII, 120-216, Lecture Notes in Mathematics, 1709,
Springer, Berlin, 1999.

M. LEDOUX: The concentration measure phenomenon. Mathematical Surveys and
Monographs, 89. American Mathematical Society, Providence, RI, 2001.

See also Theorem 2.6 in:

W.V. L1 AND Q.M. SHAO: Gaussian processes: inequalities, small ball probabili-
ties and applications. Stochastic processes: theory and methods, 533-597, Handbook
of Statist., 19, North-Holland, Amsterdam, 2001.

This inequality has many applications in large deviations theory, see Exercise 5.5;
the present exercise was suggested by C. Houdré, who gave us the next reference:

C. HouprE: Comparison and deviation from a representation formula. In: Stochas-
tic Processes and Related Topics, 207218, Trends in Mathematics, Birkh&user
Boston, Boston, MA, 1998.

R. AzENcOTT: Grandes déviations et applications. Eighth Saint Flour Probability
Summer School-1978 (Saint Flour, 1978), pp. 1-176, Lecture Notes in Mathematics,
774, Springer, Berlin, 1980.

The inequality (3.10.4) is somehow related to the so called Chernov’s inequality,
ie.
E((f(X) = E[f(X)])’] < EI(f'(X))],
for any f € C'(IRY). Note that this inequality was re-discovered by Chernov in
1981; it had been already proved much earlier by Nash in 1958. A proof of it may
be found in Exercises 4.29 and 4.30, pp. 126 and 127 in Letac [36]. See also Ex-
ercise 3.13, Chapter 5 in Revuz and Yor [51] for a proof based on stochastic calculus.

*3.11 Determining a jointly Gaussian distribution from its
conditional marginals

Give a necessary and sufficient condition on the six-tuple («, 3,7, 6, a,b) € IR®, for
the existence of a two-dimensional Gaussian variable (X, Y") (not necessarily centred)
with both X and Y non-degenerate satisfying:
LY|X =2) = N(a+Bx,a*) (3.11.1)
LIX|Y =y) = N(y+6y,b*). (3.11.2)

7
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Solutions for Chapter 3

Solution to Exercise 3.1

1. Let f and g be two bounded measurable functions. We prove the result by writing

E[f(eX)g(Y)] = E[f(X)g(Y)Tempj] + E[f(=X)g(Y )T (e )]
= Blf(X)] (Blg()Iemry] + Elg(Y) L))
= E[f(X)|E[g(V)].

2. For any a € IR, let £¥ = (H{yga} — ]I{y>a}), then Z, = ¢¥ X is a Gaussian vari-
able which is independent of Y and o(X,Y) = o(X, Z, : a € IR). Since, from ques-
tion 1, each Z, is independent of Y, then the latter identity proves that o(X,Y) = 3.

3. Let X be a Gaussian variable which is independent of IH. We want to prove that
the sub-o-field of o(X, H) which is generated by the r.v.s satisfying:

(i) Z is Gaussian and (ii) Z is independent of H

is the o-field o (X, H) itself.

The proof is essentially the same as in the previous question. To any Y € H, we
associate the family (¢} : a € IR) as in question 2. Moreover, we can check as in
question 1. that for fixed a € IR and Y € HH, each €' X, is a Gaussian variable
which is independent of IH. Finally, it is clear that U(]H) oel 1a€eRY € H)
and o(X,H) = 0(X,e¥ X :a € R, Y € H).

Solution to Exercise 3.2

1. Let H be the closed vector space generated by Z and G, and let IF be the Gaus-
sian subspace of IH such that IH =1IF & G. Z can be decomposed as: Z = Z; + Zs,
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with Z; € IF and Z; € G. It follows from general properties of Gaussian spaces
that Z; is independent of G; hence E[Z | o0(G)] = Z3. But Z is o(G)-measurable, so
Z (= Z3) belongs to G.

2. Let Y and G be such that G = {aY : a € IR}. Pick a real a > 0 and define Z =
Y Ijyi<ay + Y1{jy|>a;. We easily check that Z is Gaussian, centred and is o(G)-
measurable although the vector (Y, Z) is not Gaussian. Indeed, Y +7 = 2Y ljjy >4,
thus P(Y + Z = 0) = P(]Y| < a) belongs to the open interval (0,1); the closed
vector space generated by Z and G cannot be Gaussian.

Comments on the solution: In the case dim(G)=2, any variable Z constructed
in question 2 of Exercise 3.1 constitutes an example of an r.v. which is o(G)-
measurable, Gaussian, centred, and such that (7) is not satisfied.

Solution to Exercise 3.3

1. A classical computation shows that |Z|? = X? + Y? is exponentially distributed
with parameter 1/2. The result follows.

2. Set & = (&,&) = Z' — A*Z. From (a), the vector (X,Y, &1, &) is Gaussian, so
to prove that & and Z are independent, it is enough to show that their covariance
matrix equals 0. But by definition, this matrix is the difference between A and the
covariance matrix of Z and A*Z, which is precisely A.

The covariance matrix of A*Z is A*A and the covariance matrix of Z' is I, so &
has covariance matrix: I, — A*A and the result follows.

3. (i) We know from question 1 that if p < 2, then the conditional expectation

Eiﬁ | Z} is integrable, hence a.s. finite. On the other hand, we deduce from the

ependence between Z and £ that

m

1 1
257 - # e

1
= F|— . 3.3.a
[‘§+x’p:|x_A*Z ( )
Now let us check that the function z — E {m} is defined and bounded on IR?.

Since the covariance matrix I, — A* A of £ is invertible, then the law of £ has a density
and moreover, there exists a matrix M such that M¢ is centred and has covariance
matrix I. Let | M| be the norm of the linear operator represented by M, then from
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the inequality |ME& + Mx| < |M||€ + x|, we can write

foj MI|PE 1 (M e ln=at)*+ )2 e
_ < _ / ’
|§ + x|p = | | |M§ + M:I:|P o Jr2 (y% + yg)p/z Y1 aYs

where Mz = (2, x)). The latter expression is clearly bounded in (z},2}) € IR?.
Hence, the conclusion follows from equality (3.3.a) above.

(ii) From (i), we have

1 1 1 1 1
Dl p—— =F|—F 1| <CF |——
[\zmm} Lzrp [W’ H—C [\er

< +00.

Solution to Exercise 3.4

1. Since f3; is centred and has covariance matrix c; ', 14, then for any orthogonal
matrix U, Ug; (law) ;. Moreover, from the independence between the §i’s and since
for every k € IN, U* is an orthogonal matrix, then we have

(Bos- -+ Bpsa) =7 (Bo, UBy, U By, UM B
This identity in law implies
- (law) P i i
Y <BiBia>E D <Ulﬁi, Ul+1ﬁi+1> :
i=0 i=0

We conclude by noticing that for any i, (U83;, U 3,,.1) = (Bi, UBis1)-

2. First, for n = p, we have

E[eixsp | ﬁp _ m} _ E[ei<xﬁp»ﬁp+l> |ﬁp = m]
= EletlemBen)]

_ 22 |'m\2
= e 2cp

)

and the latter expression has the required form. Now, suppose that for a given index
n < p, E[e®% |3, = m] has the form which is given in the statement. Using this
expression, we get

E[eixan | Boor =m] = E[ei(xﬁnq,ﬂn)eixsn By =m] = E[ei@m,ﬂn)eizsn]

— E[ei@m,ﬁn)E{emSn | Bn]] — E[ei(xm,ﬁn>hn(w)e_|ﬁgl kn(x)]

- h 2 Cn—l oo d ixmjy —kn(x)y2/2 —cn_1y2/2
= hn(z) H o ye € €
i=1 -
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iTm;z
J

e [k (z)+cp_1 e—z2/2

Fm /+oo

2‘"1‘2

— h"n, n—7 T 2(kn (@) Fep— 1)
(‘75)/@“( I

From the above identity, we deduce the following recurrence relations:
hn(2)en-1 x?

By () = —27L and ky(2) = —
1(7) kn(2) +ony 0 1(z) kon(2) + oot

(3.4.a)

which implies (3.4.2).
Expression (3.4.1) yields

ElexpizSy| = ho (x)E[e_lﬁolsz(m)/Q]

+oo 2
— holz) (\/2—; / ) dye*(’“O(“C)*C*l)W?)

= ho(2) W%(%éﬂ = /_J:odzezz/2>2— %

Combining this identity with the above recurrence relation, we obtain

k_l@ﬂ _ hﬂ%)Q) k_ﬂx)
22 ki(z)+co | a?

_ (@), El) H (

2 2
X T ne_1

ElexpizSy] = ho(z)cy

")

Ag = (aopg1, aogo + @192, G191 + 233, - - ., Gp_19p—1 + ApGp+1, ApGp)

3. Ag being given by

we obtain

(g, Ag) = (2a0g0g1 + 2019192 + 2029295 + - - - + 2a,GpGp+1) »

which allows us to conclude that

So = Pobi+ -+ BB

() 1 T b2
% \/mgoéh \/00719192 mgpgpﬂ

= 2a09091 + -+ 2ap9pp+1 -

A may be diagonalized as A = U~'DU, where U is an orthogonal matrix. Since
Ug 2 g, we have (g, U~'DUg) "2 (g, Dg) = 273 dg?.
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4. When d = 2, Sy can be developed as follows:

So = BoaBig + Bo2br2 + BB + Prafeg+ -,

so it clearly appears that Sy is equal in law to the sum of two independent copies of
the sum Y°_, 3i3:41 in the case d = 1. Now let us compute E[e***°] for d = 1:

p+1

H / 7(172m'dn)y2/2

Ble%] — { i YL dngn]

p+1 1
H o V1 —2zid,

So, when d = 2, taking account of the above remark, one has:
. p+1 1 7 p+1 1
E eszg — : — (_) : )
] nl;[() 1—2xid, \2z/)  det (A + ﬁ[)

5. Developing the determinant of A+ AI; with respect to the first column, we obtain:

Dao,...,ap(/\> = )\Dal,...,ap()\) — apdet(M),
where
ap aip 0 0 ... 0
0 X as 0 ... 0
0 0 ap1 A a
0 0 a, A

7777777777

This recurrence relation is a classical way to compute the characteristic polynomial
of A. Henceforth formulae (b) and (c¢) combined together yield another manner to
obtain this determinant.

6. Set X,, = >I"  @i9;gi+1, then for any n and m such that n < m one has

so (X,,) is a Cauchy sequence in L? (which is equivalent to the convergence of (X,,)
in L?) if and only if 39°; a? < cc.
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Solution to Exercise 3.5

1. We prove the result by induction. For n = 0 and n = 1, the statement is
clearly true. Let us suppose that for a fixed n € IN, there exist two homogeneous
polynomials of degree n, P, and @),,, such that:

We can write 2"t as:
2= aPy(2,y) — yQu(r,y) +ilyPule, y) + 2Qu(z, y)].

The polynomials P, 1(x,y) = 2Py (x,y)—yQn(z,y) and Qi1 =y Pz, y)+2Qn(x, y)
are homogeneous with degree n + 1, so the result is true for z"*1.

2. Set Z = X +i4Y. It is well known that Z may be written as Z = Rexp(iO),
where R = (X2 + Y?)Y/2 and © is a uniformly distributed r.v. over [0, 27 which is
independent of R. On the one hand, note that IZ\Z% = Rexp(in®) has the same
law as Z. On the other hand, from question 1, we have

Z’VL

—— =A, +1iB,,.
|Z]”*1 +1

So the complex r.v. A, +iB,, has the same law as Z, which proves that A, and B,
are two independent, centred Gaussian variables.

3. First, from question 2, we know that E[A,B,] = 0 for any n € IN. Let n # m.
With the notations introduced above, we have

E[(A, +iB,)(A,, +iBy)] = E[R*expi(n + m)O] = E[R*|Elexpi(n +m)0] =0,
and

E[(A, +iB,)(A,, —iBy,)] = E[R*expi(n — m)0] = E[R*|Elexpi(n —m)0] = 0.

Developing the left hand side of the above expressions, we see that the terms
E[A, A, + E[B,B], ElA,A,| — E[B, B, E[AnB,] + E[B,A,], and E[A,, B, —
E[B,,A,] vanish, from which we deduce that E[A,A,,] = E[B,B,] = E[A,,B,] = 0.

4. (A,, B,,) and (A, B,,) are pairs of independent, centred Gaussian r.v.s such that
Zn=A,+iB, = Rexp(in®) and Z,, = A,,,+iB,, = Rexp(im®). So, for integers a, b:

E(Z3(Zy,)"] = B[R exp(i(na —mb)O)]
E[R“*)Elexp(i(na — mb)0©)].
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law

From question 1 of Exercise 3.3, R? (taw) 2e, where € is exponentially distributed
a+b a+b a+b

with parameter 1, thus F[R*™] = 22 Ele 2] = 22 (“TH’ + 1). Moreover,
Elexp(i(na — mb)@)] = e2@inta—mb) 1 3¢ py 2 mb, and 1 if na = mb. Hence

2im(na—mb)

a+b (exp(2im(na — mb)) — 1)
> 1) im(na —mb)

E[Z%(Zn)"] = 2T < ,  if na # mb,

= 1, if na=mb.

If the vector (A, By, Am, By) were Gaussian, then from question 3, the pairs
(A, B,) and (A, By,) would be independent, hence Z,, and Z,, would be inde-
pendent. But this is impossible since |Z,| = |Z,,| = R is not deterministic. Note
that the vector (A, B,) is not Gaussian either. This can easily be verified for n = 2.

Solution to Exercise 3.6

(i)<=-(ii): The identity in law (X, G) (law) (Y,G) is equivalent to E[eMXG)] =
E[e*Y:&)] for every A € IR. Computing each member of the equality, we get
E[e=*IXI") = E[e=%IVI"] for every A € IR, hence, the Laplace transforms of the

(non-negative) r.v.s || X||* and ||Y]|? are the same, which is equivalent to || X|| (law)
IY]-

(ii)«=(iii): First observe that since the law of G is preserved by any rotation in
RE, |G|U ") @, hence (i)« |G| (U, X) "2 |G| (U,Y). Now, it is easy to
check that UlG u is a simplifiable r.v., so lfl"om Exercise 1.12 (or use Exercise 1.13)
IGIHU. %) "2 6]l (U.Y) <= (U, X) (U, Y).

Comments on the solution: It appears, from above, that these equivalences also hold
if we replace G by any other isotropic random variable (i.e. whose law is invariant
under orthogonal transformations) whose norm is simplifiable.

Solution to Exercise 3.7
1. Let G/, be an independent copy of G, then for any real A, we have:
E[ei)\(G’n,AGn)] _ E[eiA(A*G/n,Gn)} .

By conditioning, on the left hand side by G,,, and using the characteristic function of
G/, (and similarly for the right-hand side, with the noles of G,,, and G/, exchanged),
the previous identity can be written as:

Ele~ ¥ 14GI?) — ple- Y1467
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This proves the identity in law: [|[AG,| "2 |A*G,,||, by the uniqueness property
of the Laplace transform.

2. Let n € IN* and denote by X®, i = 1,...,n the coordinates of X,,, then by
considering the equality in law of the statement for

1 - 1
1 0 --- 0
A= —
\/ﬁ .o ?
0 -~ 0
we get the following identity in law
L Q= ) aw)
%| S XWITET X (3.7.a)
i=1

Since X is square integrable, we can apply the Central Limit Theorem, so, letting
n — oo in (3.7.a), we see that |X| is distributed as the absolute value of a centred
Gaussian variable.

It remains for us to show that X is symmetric. By considering the identity in law
in the statement of question 2 for

(1)

XD 4 X@) (law) XM — x|,

we obtain

From Exercise 3.6, this identity in law is equivalent to
e(XM 4 x@) 1) o (x (1) _ x @)y (3.7.b)

where ¢ is a symmetric Bernoulli r.v. which is independent of both X + X

and XM — X Let ¢ be the characteristic function of X. The identity (3.7.b)
1

may be expressed in terms of ¢ as: 2(@*(\) + ©2(\)) = ©(\)e(N), or equivalentl
y p @ as: 5(p @ P(A)p(A), or eq y

(e(A) —¢(N))? = 0. Hence, ¢()\) takes only real values, that is: X is symmetric.

Solution to Exercise 3.8

1. It suffices to note that RX,, is a centred Gaussian vector with covariance matrix
RR* = I,.

85
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2. Let n =2 and X, = (X', X?), then by taking
-1
=% %))
V2

X4 x2 02 x1 o x2 (aw) 5 X1 (3.8.a)

Writing this identity in terms of the characteristic function ¢ of X, we obtain the
equation: (t)2 = o(t)B(t) = p(v/2t), for any t € IR. Therefore, ¢ is real and
non-negative. Since moreover, ¢(0) = 1, then from the above equation and by the
continuity of ¢, we deduce that it is strictly positive on IR. We may then define
¢ = logp on IR. From the equation 2i(t) = 9(v/2t), which holds for all ¢ € IR,
and from the continuity of ¥, we deduce by classical arguments that ¢ has the form
Y(t) = at?, for some a € IR. So ¢ has the form o(t) = . Finally, differentiating
each member of the equation ¢(t)? = ¢(1/2t), we obtain a = —var(X)/2.

S-Sl

we get

Assuming the variance of X is finite, a more probabilistic proof consists in writing:

o) )

from which we deduce: -
(aw) 1 ,
X ‘= 5T ; X;.

Since from (3.8.a) X is centred, letting n — oo, we see from the central limit theorem
that X is a Gaussian variable.

Solution to Exercise 3.9

1. First note that G, = o{X;;1 — X;;1 < i < n—1} and o{%,3,,...,5,} =
o{¥it1 — Xi;1 < i <n—1}, so the first equality comes from the relation:

41
X - Xi="T

(Zi+1—2i)+2i_1—zi, 1§z§n—1
Note also that

S; S, S; S; .
o{—.——?;léi,jﬁn}—a{ +1——.;1§2§n—1},
J

7 1+ 1 7

so that the second equality is due to:
Si_|_1 SZ 1 Si—l—l )
— 2 = (X — - 3.9.
i1 i z< IR (3.9.2)
1
= (B —%), 1<i<n-—1.
7
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2. The vector (317 . .,S’n,SnA) is Gaussian and for each k£ < n, Qov(é‘k,Sn) =0,
hence, S, is independent of {Sy, k < n}. Writing {Sy, k < n} = {Sk+£S,, k <n},
we deduce from this independence that {S, k < n} has the same law as {S, k < n}

conditioned by S, = 0. Finally, we deduce from question 1 and the equality,
%Sl - %S] = %Sl - %Sj, that Qn = O'{Sk, k S 77,}

3. The equality G, = o{Y1,...,Y,} is due to (3.9.a). For each n > 1, (Y3,...,Y,,)

is a Gaussian vector whose covariance matrix is diagonal, hence, Y7,...,Y,, are
independent.

Since the vector ©(™ n =1,2,... is Gaussian, its increments are independent if
and only if

E[(Xk — akSk)(Xn — anSn)} = O,

for any k < n. Under the condition oy # 0, this is verified if and only if: oy = %

4. This equality has been established in (3.9.a).
By successive iterations of equality (3.9.a), we obtain:

Sn Sn+k i Yn+j

FREE

(3.9.b)

no n+k ‘Snt+ji-1
Note that from question 2, S, is independent of G,,x. Since moreover S, is
centred and (Y, 41, ..., Yoix) i G,ip-measurable, we have:
E & | gn-‘rk] = [ otk i n+] | gn—l—k
n n+kl = [n+j-—

= — Z TH_]

n—i-]—l

5. Letting & — oo in (3.9.b), we obtain:

Sn
* éif&ni’z -

_:_ TL+]
znﬂ_l as.

0, a.s. and in L*, by the law of large numbers,

the convergence of the series holds in L? and a.s. In particular, note that a.s.
S”” = 0 by the law of large numbers.

6. It is clear, from the definition of F,, and G, that for every n, F,, = G, V o(X1),
which implies F, = G V 0(X;). Moreover, from question 3, G, = o{¥1,Y5,...}
and from question 5, 0(X;) C o{Y7,Ys,...}. The conclusion follows.
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Solution to Exercise 3.10

1. By standard approximation arguments, it is enough to show identity (3.10.1)

for f(z) = ¢*) and g(z) = €%, with s,t,2 € IR?. Let us denote by ¢ the
2

characteristic function of X, that is E[e!®X)] = o(t) = e 5 , t € IR First, it

follows from the definition of the covariance that Cov(f(X),g(X)) = ¢(s +1t) —

©(s)e(t). On the other hand, the computation of the integral in (3.10.1) gives:

/01 E[<Vf(X) Vg(aX + mYﬂ da
= / daE[<(zt exp(i (t, X>)) (ZSJ exp(i <s,aX—i—my>))j>}

= —/ da § SjtjE[e’L t-‘rOLS,X ]E[€i<3\/1_a27y>]
0 -
J

1 1
= = [ da (s,t) exp =S (E]* + 20 (s.1) + |1])

1 —e b

s %@(s +1) — p(s)p(t)) -

= —p(s)e(t)

2. Let f be any Lipschitz function such that || f||., < 1 and E[f(X)] = 0, and define
g ) etf for t > 0. Then applying (3.10. 1) to f and g; gives

E[f(X)g(X)] = E[Vf(X),Vg(2))]
= E[(V[(X),V[(2))e!?)]
< tE[etf(Z)],

thanks to the condition || f||.,, < 1. Now let the function u be defined via E[e!/(X)] =
e"®. Then E[f(X)et!)] = u/(t)e"®), and from the above inequality: «/(t) < t.

2
Since u(0) = 0, we conclude that u(t) < £, that is E[e'/™)] < e7.
3. By symmetry, one can also apply (3.10.3) to —f, hence (3.10.3) holds for all

t € IR and for every Lipschitz function f on IR? with ||f||.,, < 1 and E[f(X)] = 0.
Then (3.10.4) follows from Chebychev’s inequality, since:

N

e*P(f(X) = BIf(X)] > \) <e7,

for every t and A,

PU) = BC0)> 0 < oot (5 2 =esw (=)
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Solution to Exercise 3.11 (Given by A. Cherny)
Let (X,Y) be a Gaussian vector with the mean vector (mx,my) and with the

covariance matrix
Cxx, CXxy
Cxy, Cyy

By the “normal correlation” theorem (see for example, Theorem 2, Chapter II, § 13
in Shiryaev [55], but prove the result directly...),

2

E(Y | X = :I}) = N(my + —CXY (fE —mx)7ny — —CXY>,
CxXXx CxXXx
CXy C%(y

LIX|Y =y = N(mx+—(y—my),cxx——>.
Cyy Cyy

In order for (o, 3,7, 6, a,b) to satisfy the desired property, we should have

2
CXy _ Cxy 2 CxxCyy — Cxy
f=— a=—""—"

a = My —mx—, = )
CXX Cxx CXX
2
CXy CXy 2 CxxCyy — Cxy
Y= Mmx —my—, b=—, b ="
Cyy Cyy Cyy

for some (mx,my,cxx,cxy,cyy).

Owing to the inequality c%y < ¢k 3y, we have 0 < 36 < 1. Let us first consider
the case when 36 = 0. Then cxy = 0, which yields 3 = 0, § = 0, a®> > 0, and
b*> > 0. On the other hand, for any (a, 3,7, 6, a,b) with these properties, we can find
corresponding (mx, my, cxx, Cxy, Cyy ).

Let us now consider the case when 0 < 3§ < 1. Then b = 6a?, a® > 0, and
b*> > 0. On the other hand, for any («a, 3,7, 6, a, b) with these properties, we can find
corresponding (mx, my, cxx, Cxy, Cyy).

Let us finally consider the case when $6 = 1. Then cg(y = cxxCyy, which yields
a=—03y,a®> =0, and b* = 0. On the other hand, for any (a, 3,7, 8, a,b) with these
properties, we can find corresponding (mx, my, cxx, Cxy, Cyy)-

As a result, the desired necessary and sufficient condition is:

(avﬂ77767a7b) S {520, 6:0, a2>0, b2 >0}

U {0<pBé<1,pb? =6’ a®> >0, b* >0}
U {86=1,a=—-py, da*=0,b =0}






Chapter 4

Distributional computations

Contents of this chapter

Probabilists are often dealing with the following two topics.

(i) Given a random vector Y = (X1,...,X,) whose distribution on IR" is known,
e.g. through its density, compute the law of p(X1,...,X,), where ¢ : R" — IR
is a certain Borel function. This involves essentially changing variables in multiple
integrals, hence computing Jacobians, etc.

(ii) The distribution of ¥ = (X1,...,X,,) may not be so easy to express explicitly.
Then, one resorts to finding expressions for some transform of this distribution which
characterizes it, e.g. its characteristic function ®y(y) = Elexpi < y,Y >], y € IR",
or, if Y = X takes values in IR, its Laplace transform A — E[e™*Y], A > 0, or
its Mellin transform: m — E[Y™], m > 0, or m € C, or its Stieltjes transform:
s — F [#], s > 0 (or variants of this function). For this topic, we refer for

14sY
instance to the books by Lukacs [38] and Widder [61].

In this chapter, we have focussed mainly on the families of beta and gamma
variables, as well as on stable(a) unilateral variables. Most of the identities on
these stable variables are found in the books by Zolotarev [66] and Uchaikin and
Zolotarev [59]. For some proofs (by analysis) of identities involving the gamma and
beta functions, we refer the reader to Andrews, Askey and Roy [1] or Lebedev [69].
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* 4.1 Hermite polynomials and Gaussian variables

Preliminaries: Let (x,t) denote the generic point in IR?.
There exists a sequence of polynomials in two variables (the Hermite polynomials)
such that, for every a € C:

a’t > a"
eq(x,t) = exp (a:r: - 2) => —lhn(:p, t).

n=0 """

In the following, we write simply e, (z) for e,(x, 1), resp. h,(z) for h,(x,1). Through-
out the exercise, X and Y denote two centred, independent, Gaussian variables, with
variance 1.

Part A.

1. Compute E [e,(X)ey(X)] (a,b € €) and deduce: E [hy,(X)hp(X)] (n,m € IN).

2. Let a € C, and ¢ € IR.

Compute E [exp a(X + ¢Y') | X] in terms of the function of two variables e,,
as well as of X and c.

Compute F [(X +cY)¥ | X], for k£ € IN, in terms of the polynomial of two
variables hy, and of X and c.

2

X
(X?+Y?%),g= ———, and € = sgn(X)

Part B. Define T = Xy

1
2

1. Compute explicitly the joint law of the triple (7', g,¢). What can be said about
these three variables?
What is the distribution of /277

2. Define p =¢,/g = \/%
Show that, for any a € C, the following identities hold.

(i) Elexp(aX) | u| = ¢(ap), where: ¢(z) =1+ zexp (%) F(x), and
F(z) = jo dy e /2.
(ii) E[sinh(aX) | p] = \/ga,u exp (%’ﬁ)

(ii) E[cosh(aX) | p] =1+ a2u20f1dy exp (“22—“2(1 - yQ))-
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3. Show that, for any p € IN:

Elhop(X) | ] = copnip(p? —11)”
Elhy(X) | pl = cop+ C’zpu20fdy (W21 —y?) -1 (p= 1),

, .
where cgp, copi1, and Cy, are some constants to be determined.

Y
4. Define v = ——. Are the variables ;1 and v independent?

V2T

Compute, for a,b € C, the conditional expectation:
E[exp(aX +bY) | p, V]

with the help of the function ¢ introduced in question 2 of part B.

Comments and references: This exercise originates from the article:

J. AzEMA AND M. YOR: Etude d’une martingale remarquable. Séminaire de
Probabilités, XXIII, 88130, Lecture Notes in Mathematics, 1372, Springer, Berlin,
19809.

We now explain how the present exercise has been constructed. The remark-
able martingale which is studied in this article is the so-called Azéma martin-
gale: uy = sgn(B;)\/T — 7y, where (B;) is a one-dimensional Brownian motion and
v = sup{s < t: By = 0}. Let us take t = 1, and denote p = 1, € = sgn(By),
g =1—, X = B;. Then the triplet (X2 ¢,g) is distributed as <X2,5, %)
in the present exercise (Brownian enthusiasts can check this assertion!) so that
the (Brownlan quantity E[p(By)|pm = z] found in the above article is equal to

B p(X)]ey/555 = -

** 4.2 The beta—gamma algebra and Poincaré’s Lemma

Let a,b > 0. Throughout the exercise, Z, is a gamma variable with parameter a,
and Z,; a beta variable with parameters a and b, that is:

P(Z, € dt) =t*te 'dt/T(a), (t >0)

and
(1 — )Pt

P(Z&b & dt) = ﬁ(a b)

, (t€]0,1]) .

1. Show the identity in law between the two-dimensional variables:

(law)

(Za7 Zb) - (Za,bZaery (1 - Za,b)Za+b) ) (421)
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where, on the right hand side, the r.v.s Z,;, and Z,;;, are assumed to be
independent, and on the left hand side, the r.v.s Z, and Z, are independent.

. Show the identity:

(law)

Za,b+c - a,bZa+b,c (422)

with the same independence assumption on the right hand side as in the pre-
ceding question.

Hint: Use Exercise 1.12 about simplifiable variables.

. Let kK € IN, and Ny,..., Ny, ..., N; be k independent centred Gaussian vari-

ables, with variance 1.

. 1/2
Show that, if we denote: R = (Z Nf) , then
i=1

R oz, (4.2.3)

and  z, = (r1,29,...,2) = le(Nl, N, ..., Ni) is uniformly distributed on

the unit sphere of IR®, and is independent of Ry

. Prove Poincaré’s Lemma:

Fix k > 0,k € IN. Consider, for every n € IN, x,, = (xgn), ..., (™) a uniformly
distributed r.v. on the unit sphere of IR".

Prove that: \/ﬁ(:cgn), . ,a:,(gn)) converges in law, as n — oo, towards (Ny, ...,
Ny), where the r.v.s (N;;1 < i < k) are Gaussian, centred with variance 1.

. Let 2, = (x1, 29, ..., x) be uniformly distributed on the unit sphere of IR*,

and let pe IN, 1 < p < k.
Show that:

p

Zx? (law) A4

i=1

k—p . (4.2.4)

’ 2

[SIS]

. Let k > 3. Assume that x, is distributed as in the previous question.

k

k—2 ( 2 _1>

Show that: (Z x?) is uniformly distributed on [0, 1].
=1

i

. We shall say that a positive r.v. T is (s) distributed if:

dt 1
P(T edt)= Nor exp <—%) .
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(a) Show that if 7" is (s)-distributed, then
T ") 1/N?, (4.2.5)

where N is a Gaussian r.v., centred, with variance 1. Deduce from this
identity that

Y

(b) Show that if (p;)1<;<x is a probability distribution, and if 73,75, ..., T}
k
are k independent, (s)-distributed r.v.s, then 3 p2T; is (s) distributed.
i=1

8. (a) Show that, if z;, = (x1,2s,...,zx) is uniformly distributed on the unit

sphere of IR®, and if (p;)1<i<k is a probability distribution, then the dis-
ko2

tribution of: (Z pg) does not depend on (p;)1<i<k-

i=1 Li

(b) Compute this distribution.

9. (This question presents a multidimensional extension of question 1; it is inde-
pendent of the other ones.)
Let (Z,,;;1 < k) be k independent gamma variables, with respective param-
eters a;.

k k
Show that > Z,, is independent of the vector: (Zai/ > Zayii < k), and
i=1 j=1

1=

identify the law of this vector, which takes its values in the simplex

D= {(3«“17-~-71’k);$i Zo;zk:xi = 1}.

i=1
Comments and references:

(a) There is a large literature about beta and gamma variables. The identities
in law (4.2.1) and (4.2.2) are used very often, and it is convenient to refer to
them and some of their variants as “beta—gamma algebra”; see e.g.:

D. DUFRESNE: Algebraic properties of beta and gamma distributions, and
applications. Adv. in Appl. Math., 20, no. 3, 285-299 (1998).

JEF. CHAMAYOU AND G. LETAC: Additive properties of the Dufresne laws
and their multivariate extensions. J. Theoret. Probab., 12, no. 4, 1045-1066
(1999).
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(b) As pointed out in:

P. DiaconNis AND D. FREEDMAN: A dozen of de Finetti results in search of
a theory. Ann. Inst. H. Poincaré, 23, Supp. to no. 2, 397-423 (1987),

Poincaré’s Lemma is misattributed. It goes back at least to Mehler. Some
precise references are given in

D. W. STrOOCK: Probability Theory: An Analytic View. Cambridge Uni-
versity Press (1993). See, in particular, pp. 78 and 96.

G. LETAC: FEzercises and Solutions Manual for Integration and Probability.
Springer-Verlag, New York, 1995. Second French edition: Masson, 1997.

(c) The distribution of T" introduced in question 7 is the unilateral stable distri-
bution with parameter 1/2. The unilateral stable laws will be studied more
deeply in Exercises 4.17, 4.18 and 4.19.

4.3 An identity in law between reciprocals of gamma
variables

We keep the same notations as in Exercise 4.2.
Let a, u > 0, with a < p; the aim of the present exercise is to prove the identity
in law:
I (aw) 1 1 1\ Za
— = — — 4+ =] = 4.3.1
Lo ZﬂJr ZQJFZM Zg’ ( )

where A = (u—«)/2, B = (1 + «)/2 and on the right hand side of (4.3.1), the four
gamma variables are independent.

1. Prove that the identity (4.3.1) is equivalent to:

1 1 1 Zb (law) 1
Y b (aw) >0, 4.3.2
Za+2b <Za Za+2b> Za+b Za ( )

2. Prove that (4.3.2) follows from the identity in law

1 1 1 Zb (law) 1 < Zb>
Za+2b (C Za+2b) Za+b Za+b C ( )

where C' is distributed as Z, and, in the above identity, C, Zy, Z,1p, Zqrop are
independent. (For the moment, take (4.3.3) for granted).

Hint: Use the fundamental beta-gamma algebra identity (4.2.1) in Exercise
4.2.
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3. We shall now show that the identity (4.3.3) holds for any random variable C'
assumed independent of the rest of the r.v.s in (4.3.3). We denote this general
identity as (4.3.3),... Prove that (4.3.3),. holds if and only if there is the
identity in law between the two pairs:

1 1 Z Z aw 1 V4
( + . ) (lax) (——”) . (4.3.4)
Za+2b Za+2b Za+b Za+b Za+b Za+b
4. Finally, deduce (4.3.4) from the fundamental beta—gamma algebra identity

(4.2.1).

Comments: The identity in law (4.3.1) has been found as the probabilistic transla-
tion of a complicated relation between McDonald functions K, (see Exercise 4.19
for their definition). The direct proof proposed here is due to D. Dufresne.

*4.4 The Gamma process and its associated Dirichlet
processes

This exercise is a continuation, at process level, of the discussion of the gamma—beta
algebra in Exercise 4.2, especially question 9.

A subordinator is a continuous time process with increasing paths whose increments
are independent and time homogeneous. Let (v, t > 0) be a gamma process, i.e. a
subordinator whose law at time ¢ is the gamma distribution with parameter ¢:

utflefu

0] du .

P(v; € du) =

1. Prove that for ty > 0 fixed, the Dirichlet process of duration tq > 0, which we

define as
<%, t< t0> (4.4.1)
Vto

is independent from =, hence from (7., u > to).

2. We call the process (%, t < 1), the standard Dirichlet process (Dy,t < 1).

Prove that the random vector (Dy,, Dy, — Dy, ..., Dy, — Dy, Dy — Dy,), for
t <ty < -+ <t <1, follows the Dirichlet law with parameters (¢,ty —
t1,...,1 —1t;), i.e. with density

up Tt uikitk_l(l —(ug + ... Fug))
L)Ltz —tr) ... T(1 — tx) |
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with respect to the Lebesgue measure dujdus . .. dug, on the simplex

Z = {(ui)1<ick+1 : Zul =1,u; >0}.
k i

3. Prove the following relation for any Borel, bounded function f : [0,1] — IR,

E [1 yy fl(u) dDJ =F {exp - ./01 f(u) d'yu} . (4.4.2)

Comments and references: In the following papers

D.M. CIFARELLI AND E. REGAZZINI: Distribution functions of means of a Dirichlet
process. Ann. Statist., 18, no. 1, 429-442 (1990)

P. Diaconis AND J. KEMPERMAN: Some new tools for Dirichlet priors. Bayesian
statistics, 5 (Alicante, 1994), 97-106, Oxford Sci. Publ., Oxford Univ. Press, New
York, 1996

D.M. CIFARELLI AND E. MELILLI: Some new results for Dirichlet priors. Ann.
Statist., 28, no. 5, 1390-1413 (2000)

the authors have used the formula (4.4.2) together with the inversion of the Stieltjes
transform to obtain remarkably explicit formulae for the densities of [ f(u)dD,,.
As an example,

1 (law) !
/ udD(u) "= / D(u) du
0 0
has density: %Sin(wx)m on [0, 1].
** 4.5 Gamma variables and Gauss multiplication formulae
Preliminary: The classical gamma function

['(z) = /dt t*let
0

satisfies Gauss’s multiplication formula: for any n € IN, n > 1,

P(nz) = — a4 T[T (z + k) . (4.5.1)

(2m) "2 n

(See e.g. Section 1.5 of [1].) In particular, for n = 2, formula (4.5.1) is known as
the duplication formula (see e.g. Lebedev [69])
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T(22) = 9231 )r< + 1) (4.5.2)
Z) = — 2 zZ zZ — y .J.
V2T 2
and, for n = 3, as the triplication formula:
[(32) = ——3%51( )r< +1)F< +2) (4.5.3)
2) = — 2 z+4 = - . 5.
2 © 3/ \" 73

1.

Prove that if, for a > 0, Z, denotes a gamma variable with parameter a, then
the identity in law:

n (law) p
(Zna)" " 0" ZuZ 1 Ly (4.5.4)

n

holds, where the right hand side of (4.5.4) features n independent gamma
variables, with respective parameters a + % (0<k<n-1).

We denote by Z,, a beta variable with parameters (a,b). Prove that the
identity in law:
Znayo)" "2 ZoyZoir o Zyynry, (4.5.5)

holds, where the right hand side of (4.5.5) features n independent beta vari-
ables with respective parameters (a + %, b) for0<k<n-1

Hint: Use the identity (4.2.1) in Exercise 4.2.

Comments and references:

(a)

The identity in law (4.5.4) may be considered as a translation in probabilistic
terms of Gauss’s multiplication formula (4.5.1). For some interesting conse-
quences of (4.5.4) in terms of one-sided stable random variables, see Exercises
4.17, 4.18 and 4.19 hereafter and the classical reference of V.M. Zolotarev
[66].

In this exercise, some identities in law for beta and gamma variables are de-
duced from the fundamental properties of the gamma function. The inverse
attitude is taken by

L. GORDON: A stochastic approach to the Gamma function. Amer. Math.
Monthly, 101, 858-865 (1994).

See also:

A. FucHs AND G. LETTA: Un résultat élémentaire de fiabilité. Application
a la formule de Weierstrass sur la fonction gamma. Séminaire de Probabilités,
XXV, 316-323, Lecture Notes in Mathematics, 1485, Springer, Berlin, 1991.

99



100 Exercises in Probability

** 4.6 The beta—gamma algebra and convergence in law

1. Let a > 0,and n € IN, n > 1.
Deduce from the identity (4.2.1) that

Zq (1aw) (Za,IZa-&-l,l s Za'f‘”_lvl) Za+n

where, on the right hand side, the (n + 1) random variables which appear are

independent.

Z

+ .

2. Prove that, as n — 0o, the sequence (ﬂ, n— oo> converges in law, hence
n

in probability, towards a constant; compute this constant.

3. Let Uy, Us, ..., U,,... be asequence of independent random variables, each of

which is uniformly distributed on [0, 1]. Let a > 0.

Prove that:

1 1
1 o7 aFm-n (law)
nU U U B g

n—oo

4. Let a > 0 and r > 0. With the help of an appropriate extension of the two

first questions above, prove that:

(law)
nZa,rZa-‘rr,r cee ZaJr(nfl)r,r — Zq ,
n—oo

where, on the left hand side, the n beta variables are assumed to be indepen-

dent.

* 4.7 Beta—gamma variables and changes of probability
measures

(We keep the same notation as in Exercises 4.2, 4.5, and 4.6.)

Consider, on a probability space (92, A, P), a pair (A, L) of random variables such

that A takes its values in [0, 1], and L in IR, , and, moreover:

(A 1—A)(1aw)(1 1)
L’ L - \z,’ Z,)"

where Z, and Z, are independent (gamma) variables.

L

ite M = ————.
We write A(l—A)
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1. Prove the identity in law:
(Av M) agV) (Za,bu Za—i—b) 3

where, on the right hand side (hence, also on the left hand side), the two
variables are independent.

2. Let B > 0. Define a new probability measure Q3 on (£2,.4) by the formula:
Qﬂ = CgL”B -P .

(a) Compute the normalizing constant cs in terms of a, b and £.

(b) Prove that, under @3, the variables A and M are independent and that
A is now distributed as Z, 5513, whereas M is distributed as Z, 4443

1-A
(c) Compute the joint law under Qg of T and 7

, and prove that they

are no longer independent.

* 4.8 Exponential variables and powers of Gaussian variables

1. Let Z be an exponential variable with parameter 1, i.e:
P(Zedt)y=etdt (t>0).

Prove that:
7 ') \/2Z|N], (4.8.1)

where, on the right hand side, N denotes a centred Gaussian variable, with
variance 1, which is independent of Z.

Hint: Use the identity (4.5.4) for n =2 and a = 2

3¢

2. Let p € IN, p > 0. Prove that:
7120 gahort-tdr (|Ny| | Ng? ... |N |7 (4.8.2)

where, on the right hand side of (4.8.2), Ny, N,,..., N, are independent, cen-
tred Gaussian variables with variance 1, which are also independent of Z.

3. Let (N,,p € IN) be a sequence of independent centred Gaussian variables with
variance 1.

Prove that:

n aw 1
H ’NPPLP Q) ~Z .
p=0

n—oo 2
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* 4.9 Mixtures of exponential distributions

Let A\ and )y be two positive reals such that: 0 < A\; < Ay < 0c0. Let T} and T5 be
two independent r.v.s such that for every t > 0, P(T; > t) = exp(—\it) (i = 1,2).

1. Show that there exist two constants « and (§ such that, for every Borel set B
Of IR+,
P(T1+T2€B)ZQP(T1EB)—FﬁP(TgEB) .

Compute explicitly o and (.
2. Consider a third variable T3, which is independent of the pair (77,73), and
which satisfies:
for every t > 0, P(T5 > t) = exp — (Ao — A\)t.
(a) Compute P(1T7 > T3).

(b) Compare the law of the pair (77, 7%), conditionally on (77 > T3), and the
law of the pair (T1 + TQ, TQ)

(¢) Deduce therefrom a second proof of the formula stated in question 1.
Hint: Write E[f(Tl)] =F [f(Tl)l(T1>T3)} + FE [f(Tl)l(TlﬁTa)} for f Z O, Borel.

3. (This question is independent of question 2).
Let A1, Ao, ..., A, be n positive reals, which are distinct and let 17,75, ...,T,
be n independent r.v.s such that:
for every t > 0, P(T; > t) = exp(—\it) (1 =1,2,...,n).

Show that there exist n constants agn) such that:
for every Borel set B in IR,

P <Z:1} € B) =Y a"P(T, € B) . (4.9.1)
i=1 i=1
Prove the formula .
a =11 <1 - i—) . (4.9.2)
i J

Comments and references: Sums of independent exponential variables play an im-
portant role in:

Pu. Biang, J. PiITMAN AND M. YOR: Probability laws related to the Jacobi
theta and Riemann zeta functions, and Brownian excursions. Bull. Amer. Math.
Soc. (N.S.), 38, no. 4, 435-465 (2001).
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** 4,10 Some computations related to the lack of memory
property of the exponential law

Let T and T be two independent, exponentially distributed r.v.s, i.e.
P(T €dt) = P(T' € dt) = e 'dt (t > 0).

1. Compute the joint law of (%,T + T’).

What can be said of this pair of r.v.s?

2. Let U be a uniformly distributed r.v. on [—1,41], which is independent of the
pair (T,7").
Define: X =log 5, and Y = U(T +T").

Prove that the pairs (X,Y) and (log %, T— T’) have the same law.
Hint: It may be convenient to consider U = (14 0).

3. Compute, for all u, v € IR:

Elexpi(vX 4+ uY)] .
Hints:
(a) It is a rational fraction of: %, (1 +ap) =% (1 —ip)tto.

for the classical I’

(b) The formula of complements: I'(x)['(1 — z) = sin(7zx)

function may be used.
4. Prove that, for any p € IR, E[Y expip(Y—X)] = 0.
Compute E]Y | Y=X].
5. Prove that the conditional law of (T',7"), given (7' > T"), is identical to the

law of (T + %/, %), in short:

aw T T
(s (1 5T
Deduce that the law of (|X|,|Y]) is identical to that of: <log (1 + QTT/) ,T’).

Comments and references: The origin of questions 4 and 5 is found in the study of
certain Brownian functionals in

PH. BIANE AND M. YOR: Valeurs principales associées aux temps locaux brown-
iens. Bull. Sci. Math., (2) 111, no. 1, 23-101 (1987).
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* 4,11 Some identities in law between Gaussian and
exponential variables

. Let Ny, N, N3 be three independent Gaussian variables, centred, with vari-

3 1/2
NE) , and compute its law.
i=1

ance 1. Define: R = (

X
. Let X be anr.v. such that P (X € da | R =r) = t1jg,(2)dz. Define: U = =

what is the law of U? What can be said of the pair (R, U)?

. Let Y = R — X; what is the law of Y given R?

Compute the law of the pair (X,Y).

. DefineG=X—-Y and T =2XY.

What is the law of the pair (G,T)?
What is the law of G? of T?7 What can be said of these two variables?

. Define V. =2U — 1.

Remark that the following identities hold:

1— 2
G =RV and T:R2< 2V> ,

and, therefore:

G? = 2T< v > : (4.11.1)

2
What is the law of 11/‘/2 given 17

Let A be an r.v. which is independent of T', and which has the arcsine distri-
bution, that is:
PAcda) = —2% (4 e01])
my/a(l —a) Y
Show that:
G? "2 914 (4.11.2)

Note and comment upon the difference with the above representation (4.11.1)

of G2.
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*4.12 Some functions which preserve the Cauchy law

1. Let © be an r.v. which is uniformly distributed on [0,27[. Give a simple
argument to show that tan(20) and tan(©) have the same law.

2. Let N and N’ be two centred, independent Gaussian variables with variance
1.

(i) Prove that C % % and tan(©) have the same distribution.

(ii) Show that C'is a Cauchy variable, i.e.

dx

P(C e dx) = 09

3. Prove, only using the two preceding questions, that if C' is a Cauchy variable,

then so are: ) ) L4C

Comments and references: Equation (4.12.1) is an instance of a much more gen-
eral result which, roughly speaking, says that the complex Cauchy distribution is
preserved by a large class of meromorphic functions of the complex upper half plane.

E.J.G. PitmMAN AND E.J. WiLLiaMms: Cauchy-distributed functions of Cauchy
variates. Ann. Math. Statist., 8, 916-918 (1967).

F.B. KNiGHT AND P.A. MEYER: Une caractérisation de la loi de Cauchy. Z.
Wahrscheinlichkeitstheorie und Verw. Gebiete, 34, no. 2, 129-134 (1976).

G. LETAC: Which functions preserve Cauchy laws? Proc. Amer. Math. Soc., 67,
no. 2, 277-286 (1977).

One may find some other related references in:

J. PiTMAN AND M. YOR: Some properties of the arcsine law related to its in-
variance under a family of rational maps. In a Festschrift volume for H. Rubin,

IMS-AMS series, ed: Das Gupta (2004), 45, 126-137.
*4.13 Uniform laws on the circle

Let U and V be two random variables which are independent and uniformly dis-
tributed on [0,1]. Let m,n,m/,n’ be four integers, all different from 0, that is
elements of Z \ {0}.
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What is the law of {mU + nV'}, where {z} denotes the fractional part of z. Give
some criterion which ensures that the two variables {mU + nV} and {m'U + n'V'}
are independent, where {z} denotes the fractional part of .

Hint: Consider E [exp 2im (p{mU + nV} 4+ ¢{m'U +n'V})] for p,q € Z.

*4.14 Trigonometric formulae and probability

1. Let © be an r.v. which is uniformly distributed on [0, 7[. Compute the law of
X = cos(0).

2. Prove that if © and ©' are independent and uniformly distributed on [0, 27,
then: |
cos(0) + cos(0) (1) cos(© + ©') + cos(© — O') .

Hint: Use Exercise 4.13.

3. Prove that, if X and Y are independent, and have both the distribution of
cos(©) [which was computed in question 1], then:

%(X +v) " xy
*4.15 A multidimensional version of the Cauchy distribution

Let N be a centred Gaussian r.v. with variance 1.
1. Prove that if 7 % 1/N?, then, one has:

P(T € dt) = (t > 0).

dt ( 1 >
V273 P2
2. Prove that if C' is a standard Cauchy variable, that is: its distribution is given

dx

E [exp(iAC)] = exp(—|A|) (AeR) .

(x € IR), then its characteristic function is

3. Deduce from the preceding question that the variable T', defined in question 1,
satisfies:

E [exp (—?Tﬂ —exp(—[A) (A €IR).

Hint:  Use the representation of a Cauchy variable given in Exercise 4.12,
question 2.
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4. Let Ty, Ts,...,T,,... be a sequence of independent r.v.s with common law
that of T

Compare the laws of Z T; and T.
How does this result compare with the law of large numbers?

5. Let No, Ni,..., N, be (n+ 1) independent, centred Gaussian variables, with
variance 1.

Compute explicitly the law of the random vector:

<N1 N, Nn>

— 4.15.1
No'No' " No s

and compute also its characteristic function:

E

N;
exp ( Z/\jN )] ,  where (}\;);<, € R".

j=1

6. Prove that this distribution may be characterized as the unique law of X
valued in IR", such that (f, X) is a standard Cauchy r.v. for any 6 € IR", with
0] = 1.

Comments and references:

(a) The random vector (4.15.1) appears as the limit in law, for h — 0, of :

(ﬂtJrh BY) (Z/ H; dﬁj) (415.2)

where 3°, 31,..., 3" are (n+ 1) independent Brownian motions, and {H7;j =
0,1...,n} are (n + 1) continuous adapted processes. The limit in law, as
h — 0, for (4.15.2) may be represented as

()
+ ; Sy
]_
with (HY, ... H}") independent of the random vector (4.15.1). For more details,

we refer to:

C. YOEURP: Sur la dérivation des intégrales stochastiques. Séminaire de
Probabilités, XIV (Paris, 1978/1979), 249-253, Lecture Notes in Mathematics,
784, Springer, Berlin, 1980

D. IsAACSON: Stochastic integrals and derivatives. Ann. Math. Statist., 40,
1610-1616 (1969).
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n 1/2
(b) Student’s laws (of which a particular case is Ny /(ZNE) / ) are classically
i=1
considered when testing mean and variances in Gaussian statistics. See e.g.
Chapter 26-27 in N.L. Johnson, S. Kotz and N. Balakrishnan [31], and Sections
7.2, 74, 7.51in C. J. Stone: A course in Probability and Statistics. Duxbury

Press, 1996.

**4.16 Some properties of the Gauss transform

Let A be a strictly positive random variable, which is independent of N, a Gaussian,
centred r.v. with variance 1. Let X be such that:

x ") \/AN.
We shall say that the law of X is the Gauss transform of the law of A.

0. Preliminaries: This question is independent of the sequel of the exercise.

(i) Prove that X admits a density which is given by:

o 1 x?
—exp|—— || -
V21 A P\ 24
(ii) Prove that for any A € IR, Elexp(iAX)] = E [exp (—/\;Aﬂ Hence the
Gauss transform is injective on the set of probability measures on IR, .

1. Prove that, for every o > 0, one has

E L;!“] _ B {ﬁ] E {ﬁ] . (4.16.1)

Give a criterion on A and «, which ensures that: F {

1
[ X

2. Prove that, for every o > 0, the quantity F [Aa/z} is also equal to:

E {Aclv/Q] = F( )2__1 /d:c 7 E [cos(aX)] . (4.16.2)

1 o0 @
Hint:  Use the elementary formula: —- = [dttz"te .
rtr(s)

3. The aim of this question is to compare formulae (4.16.1) and (4.16.2) in the

1
case F [ —— | < o0.
(W“)
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3.1. Preliminaries.

(i) Recall (see, e.g. Lebedev [69]) the duplication formula for the gamma
function:

I(29) = =2 4T (2 + )

and the formula of complements T'(2)I'(1 — z) = T

sin(7z)
t
(ii) For 0 < a < 1, ag ‘% Emfd:cx“il cos(z) exists in IR.
%0
1
(iii) Compute E (|N|a)’ when this quantity is finite, in terms of the

gamma function.

1
3.2. Prove that, if £ <|X|‘X> < 00, then:

1 a 1
E { } - o E< > . 4.16.3
Hint: Use formula (4.16.2) and dominated convergence.

3.3. Comparing (4.16.1) and (4.16.3) and using the result in 3.1 (iii), prove
that:

a, = I'(a) cos (%) O0<a<l). (4.16.4)

3.4. Give a direct proof of formula (4.16.4).
4. [A random Cauchy transform]

Develop a similar discussion as for the Gauss transform, starting with an
identity in law:
y ') po

where, on the right hand side, B and C are independent, B > 0 P a.s.
and C' is a Cauchy variable with parameter 1.

1
In particular, show that: F <W) = E (|C|*), and compute this quan-

tity, when it is finite, in terms of the gamma function.

Hint: Use question 2 in Exercise 4.12.
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Comments and references:

(a)

One of the advantages of using the Gauss transform for certain variables
A with complicated distributions is that X (law) N VA may have a simple
distribution. A noteworthy example is the Kolmogorov—Smirnov statistics:

A= (supsSl |b(3)|)27 where (b(s), s < 1) denotes the one-dimensional Brown-
ian bridge; A satisfies

P ((Til? yb(s)|>2 < x) = nfjoo(—l)” exp(—2na?)

whereas there is the simpler expression:
P (\N sup |b(s)] < a) = tanh(a), a>0.
s<1

For a number of other examples, see the paper by Biane-Pitman—Yor referred
to in Exercise 4.9.

The Gauss transform appears also quite naturally when subordinating an in-
creasing process (73, t > 0) to an independent Brownian motion (3,, u > 0)
following Bochner (1955), that is defining: X; = [3,,. Then, for each ¢, one

has: X, "2 /7N

*4.17 Unilateral stable distributions (1)

In this exercise, Z, denotes a gamma variable with parameter a > 0, and, for
0 < p <1, T, denotes a stable unilateral random variable with exponent y, i.e. the
Laplace transform of 7T}, is given by:

1.

Elexp(—AT,)] = exp(=\*) (A >0), (4.17.1)

Prove that, for any v > 0, and for any Borel function f : IRy — IR, the
following equality holds:

E[f((22)0)] = E {f (%) (TC)W] : (4.17.2)

% Iz

where ¢ = MFF((?), and, on the right hand side, Z, and 7}, are assumed to be

independent. In particular, in the case p = -, one has:

E[f(z¥)] =E [f (%) W} (4.17.3)

where Z denotes a standard exponential variable (with expectation 1).
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2. Prove that for s € IR, s < 1, one has

['(1—s)

BT = 51—y (4.17.4)

Comments and references:

(a) Formula (4.17.2) may be found in Theorem 1 of:

D.N. SHANBHAG AND M. SREEHARI: An extension of Goldie’s result and
further results in infinite divisibility. Z. fir Wahr, 47, 19-25 (1979).

Some extensions have been established in:
W. JEDIDI Stable processes: mixing and distributional properties. Prépubli-
cation du Laboratoire de Probabilités et Modeéles Aléatoires (2000).

(b) The (s) variable considered in Exercise 4.2 satisfies FElexp(—AT)] =
exp(—v2A). Hence, we have: %T (law) T%, with the above notations.

(¢) Except for the case p = § (see the discussion in Exercise 4.18), there is no
simple expression for the density of 7). However, see:

H. PoLLARD: The representation of e as a Laplace integral. Bull. Amer.
Math. Soc., 52, 908-910 (1946).

V.M. ZOLOTAREV: On the representation of the densities of stable laws by
special functions. (In Russian.) Teor. Veroyatnost. i Primenen., 39 (1994),
no. 2, 429-437; translation in Theory Probab. Appl. 39, (1994) no. 2, 354-362
(1995).

* 4.18 Unilateral stable distributions (2)

(We keep the notation of Exercise 4.17.)

0. Preliminary: The aim of this exercise is to study the following relation be-
tween the laws of two random variables X and Y taking values in (0, 00):
for every Borel function f : (0,00) — IR,

f (%) %} (4.18.1)

where 1 > 0, and c is the constant such that: F [ﬁ] =1.

Ef(X)]=E

aw) 1
In the case u = 0, one has obviously ¢ = 1, and (4.18.1) means that X (law) ?;

moreover, in the general case u > 0, replacing X and Y by some appropriate
powers, we may assume that 0 < p < 1.
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1. Prove that the following properties are equivalent:

(i) X and Y satisfy (4.18.1);

(i) P(Z,X € dt) = F(CM 11 (t)dt,
where Z,, and X are assumed to be independent, and ¢(t) = Elexp(—tY)];
(iii) P (ZiX € du) = cuut oy, (u)du,
where ¢, (u) = Elexp—(uY)"], and X and Z are assumed to be inde-
pendent.

2. Explain the equivalence between (ii) and (iii) using the result of Exercise 4.17.

Comments and references: The scaling property of Brownian motion yields many
illustrations of formula (4.18.1). For pu = 0, a classical example is the following
identity in law between B;, the Brownian motion taken at time 1 and T2, the first
hitting time by this process of the level 1:
B (law) 1
17 = 22k

For u = % an example is given by the relationship between the law of the local time
for the Brownian bridge and the inverse local time of Brownian motion. We refer
to:

PH. BiaNg, J.F. LE GALL AND M. YOR: Un processus qui ressemble au pont
brownien. Séminaire de Probabilités XXI, 270-275, Lecture Notes in Mathematics,
1247, Springer, Berlin, 1987.

J. PITMAN AND M. YOR: Arcsine laws and interval partitions derived from a sta-
ble subordinator. Proc. London Math. Soc., (3) 65, no. 2, 326-356 (1992).

** 4,19 Unilateral stable distributions (3)

(We keep the notation of Exercise 4.17.)

1. Let 0 < p <1and 0 < v < 1. Prove the double identity in law

Zn (law) Z_% (law) Z
T, T, 1,7,

(4.19.1)

where the variables Z, T, and T, are assumed to be independent, and we make
the convention that 773 = 1 a.s. Prove that (4.19.1) is equivalent to
1 (law) Z
Zw ) 2
Y

m

(4.19.2)
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2. Recall the identity in law (4.5.4) obtained in Exercise 4.5:
(Zna)n (law) nnZaZa+l RN

n—1.
a+ n

Combining this identity in law for an appropriate choice of a, with (4.19.2),
prove that for n € IN*, one has :

T "2 (n(Zs -

1
n n

~1
Zaa)) (4.19.3)
3. Let Z,; denote a beta variable with parameters a and b, as defined in Exercise
4.2, and recall the identity in law (4.2.1):
Za (lgv) Za,bZaer;

obtained in this exercise (on the right hand side, Z,;, and Z,; are indepen-
dent). Deduce from this identity that for all n,m € IN, such that m < n, we
have (with the convention, for m = 1, that [[)_, = 1):

(o) e (T ) () oo

where the r.v.s on the right hand side are independent.

4. Using identity (4.8.2) in Exercise 4.8, prove that for any p > 1:

Ty (20 (22 \(N2NF - NT)) (4.19.5)

where Ny, ..., N, are independent centred Gaussian variables with variance 1.
5. Applications:
(a) Deduce from above the formulae:
dt e

P(Tyed) = . (4.19.6)

PT) e dt) = F(;;@ (352\/%) K, (%\/é) . (4.19.7)

where K, is the MacDonald function with index v, which admits the
integral representation (see e.g. Lebedev [69]):

1 /x\Y oo dt x?
K,,(w):§<§>/0 ty+1exp—(t+4—t).

(b) From the representation (4.19.5), deduce the formula:

—

P(4(;1 : ) / mexp( Bly_a)§> . (4.19.8)
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(c) Set T'= <T§>_2, prove that

_z

P(T e dz) = Cilx/oldzM

x3 23(1 — 2)6

: (4.19.9)

with C = (T (2)B(4,4)) .
Comments and references:

(a) Formula (4.19.2) is found in :

D.N. SHANBHAG AND M. SREEHARI: On certain self-decomposable distri-
butions. Z. fiir Wahr, 38, 217-222 (1977).

These authors later conveniently extended this formula to gamma variables,
as is presented in Exercise 4.17.

As an interpretation of formula (4.19.2) in terms of stochastic processes, we

mention: .

l(a) (1a:W) S
° (Ta)>”

where l(;*) is the local time of the Bessel process with dimension 2(1 — «),
considered at the independent exponential time S. This relation is due to the
scaling property of Bessel processes; in fact, one has:

l(a) (12"7) )
' (Ta)~

Here, l%a) is the local time taken at time 1. Its distribution is known as
the Mittag—Leffler distribution with parameter «;, whose Laplace transform is

given by:
Blexp(all™)] = Flexp(a(T) ")) = 3= 2.

For more details about Mittag—Leffler distributions, we refer to

S.A. MoLCHANOV AND E. OSTROVSKII: Symmetric stable processes as

traces of degenerate diffusion processes. Teor. Verojatnost. i Primenen.,
14, 127-130 (1969)

D.A. DARLING AND M. KAcC: On occupation times for Markoff processes.
Trans. Amer. Math. Soc., 84, 444-458 (1957)

R. N. PiLrAr: On Mittag-Leffler functions and related distributions. Ann.
Inst. Statist. Math., 42, no. 1, 157-161 (1990).
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(b) Formulae (4.19.3), (4.19.5) and their applications, (4.19.7) and (4.19.8) are
found in V.M. Zolotarev [66].

*4.20 A probabilistic translation of Selberg’s integral
formulae

Preliminary: A particular case of the celebrated Selberg’s integral formulae (see
below for references) is the following:

(L +347)

Ty (4.20.1)

for every v >0, E[|A(X1,...,X,)]*"] = H

where X1, ..., X, are independent Gaussian variables, centred, with variance 1, and
Ap(21,...,7,) = [Ij<<n(®; — 1) is the Vandermonde determinant of the vector
(xi)i<n. See Exercise 3, Chapter 8, p. 440 of [1].

Prove that

(1) (An(X1,. .., X)) la“”HTl and (i) ﬁ () ﬁ ) 1 2.

7j=2

S

1<i<j<nare mdependent gamma variables with respective parameters 3
Hint: To prove (4.20.2) (i), resp. (4.20.2) (ii), use (4.19.2), resp. (4.19.3).

Comments and references:

(a) A discussion of Selberg integral formulae is found in Chapter 17 of
M. MEHTA: Random Matrices and the Statistical Theory of Energy Levels.
Academic Press, second edition, 1991.

(b) Some extensions of formulas (4.20.1) and (4.20.2) can be found in
I. Lu AND D. RICHARDS: Random discriminants. Ann. Statist., 21, no. 4,
1982-2000 (1993).

(c) It would be most interesting to be able to obtain an a.s. identity in (i) above,
instead of an identity in law, with the T}’s constructed from Xy,..., X,,.

115
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** 4,21 Mellin and Stieltjes transforms of stable variables

Let 0 < p < 1 and let T}, and Tl; be two independent, unilateral, stable variables

T
with exponent y, as defined in (4.17.1). Define X = ?’f
m
1. Prove the formula:
1 1
FE = >0). 4.21.1
{1+5X} T 520 (4.21.1)
2. Prove the formula:
EX* = 2T < s <. (4.21.2)
jusin 72

(X*® indicates, simply, X raised to the power s.)

3. Show that the density of X* is given by:

sin(mp) dy
P(X* € dy) = >0), 4213
( v) T y?+ 2ycos(mp) + 1 (y=0) ( )
or equivalently,
n
(T“> ) ¢, |c, > 0) (4.21.4)
T - © 12 ’ et
I
where C' denotes a standard Cauchy variable and C), = sin(mp)C'—cos(mp) (law)
Sms(iz’(”(;)@), and © is uniform on [0, 27/
1 . i inh
Hint: Using residue calculus, show that — / P el R, . M
mJr  coshx + cosmu sinh s

Comments and references:

(a) Formula (4.21.3) is very simple and striking, since it shows that the density of
the ratio of two independent, unilateral, stable variables can be made explicit,
whereas there is no such explicit formula for the density of 7),, except in the
particular cases which are considered in Exercise 4.19.

When p = %, the identity

Th 1
2 (law) (law) . 0s2(@
T +T; 140 cos°(6)
2

where T% and T} are independent, C' is a Cauchy r.v. and © is uniformly

2
distributed on [0, 27, plays some role in the derivation by:
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P. LEVY: Sur certains processus stochastiques homogenes. Compositio Math.,
7, 283-339 (1939)

of the arcsine law for fol ds ;g >0y, where B is the standard Brownian motion.
His results have been extended to some multidimensional cases in:

M. BArLOW, J. PITMAN AND M. YOR: Une extension multidimensionnelle
de la loi de l'arcsinus. Séminaire de Probabilités XXIII, Lecture Notes in
Mathematics, 1372, 294-312 (1989).

Formula (4.21.3) is found in both:

V.M. ZOLOTAREV: Mellin—Stieltjes transforms in probability theory. Teor.
Veroyatnost. i Primenen., 2, 444-469 (1957)

and

J. LAMPERTT: An occupation time theorem for a class of stochastic processes.
Trans. Amer. Math. Soc., 88, 380-387 (1958).

The same law occurs in free probability, with the free convolution of two free
stable variables. See Biane’s appendix (Proposition A4.4) in:

H. BErcovict AND V. PATA: Stable laws and domains of attraction in free
probability theory. With an appendix by Philippe Biane. Ann. of Math., (2)
149, no. 3, 1023-1060 (1999).

See Exercise 5.10 for some discussion of the asymptotic distribution for 7,
as i — 0, using partly (4.21.3).

** 4,22 Solving certain moment problems via simplification

Part A. Let (u(n), n € IN) be the sequence of moments of a positive random variable
V', which is moments determinate.

Let (v(n), n € IN) be the sequence of moments of a positive random variable W,
which is simplifiable.

Assume further that V "2 WR, for R a positive r.v., independent of W.

Prove that there exists only one moments determinate distribution 6(dz) on
IR, such that:

/O°° o) =M e (4.22.1)

and that 6 is the distribution of R.

Part B. (Examples.) Identify R when:

(1)

pu(n) = (n)? and v(n) =T(n+a)T(n+ 8), a, 3 > 1;
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(i) p(n) = (2n)! and v(n) = nl;
(iii) u(n) = (3n)! and v(n) = (2n)!.

Comments and references:

(a) This exercise combines some of our previous discussions involving moment
problems, simplifications, beta—gamma algebra, etc.

(b) This exercise has been strongly motivated from a discussion with K. Penson,
in particular about the paper:

J.R. KLAUDER, K.A. PENSON AND J.M. SIXDENIERS: Constructing co-
herent states through solutions of Stieltjes and Hausdorff moment problems.
Phys. Review A., 64, 1-18.
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Solutions for Chapter 4

Solution to Exercise 4.1

Part A.

1. On the one hand, we have

Ele.(X)ep(X)] = Elexp (a + b) X] exp—%(a2 +0%) = expab =Y (ab)* , a,beC.

|
o !

On the other hand,

Elea(X)en(X)] =3

n,m

This shows that E[h,(X)hn,(X)] =0, if n # m and E[h,(X)h,(X)] = nl, if n =m.

a™bm

nlm!

Elh,(X)hy(X)], a,beC.

2. From the expression of the Laplace transform of Y, we deduce
Elexp(a(X + cY)) | X] = exp(aX)ElexpacY] = e, (X, —c?).

On the other hand, we have

Elexp(a(X + ¢¥)) | X] = fjo Z—TE[(X +ev)n | X1,
50 B[(X + V) | X] = Zea(X, —)|amo = hi(X, —¢2).

Part B.

1. First, note that e = sgn(X) is a symmetric Bernoulli r.v. which is independent of
(X2,Y), therefore it is independent of (T, g), and we only need to compute the law
of this pair of variables. Let f be a bounded measurable function on IRy x [0, 1],

then
2

BTl =2 [, 1 (360,

> e~ @ H+)/2 gy dy .
s 2

2 4 9?
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The change of variables:

u = (2% +1%)/2 x

v o=2?/(2* +y?) Yy =+2u—2uv,
gives

BT = [ )

Ry x[0,1] T Jo(l =)
Therefore, the density of the law of (T, g) on IR? is given by
1

eiu]:[u 0,00 7111} 0,1} »
{uel ]}W\/m {velo,1[}

This expression shows that T" and ¢ are independent and since ¢ is independent of
the pair (7', g), it follows that ¢, T" and ¢ are independent. From above, the law
of /2T has density ¢ exp —%tQ]I{te[Opo[} (so T is exponentially distributed), and g is
arcsine distributed.

u,v € IR.

2. (i) Observing that X = pv/2T, and using the previous question, we can write
Elexp (aX)[p] = Elexp (auv2T)| ]
0 1
= / exp (atp)t exp (—§t2) dt
0
= plapn),
where ¢ is given by ¢(z) = Elexp(zv2T)], for any z € C. For any real z, we have

o0 2 o 2
plr) = / te™ T dt =1+ x/ " dt
0 0

2

= l+uzexp (%) / e 2 (=0 gt
0

2 z 2
= 1+wexp(%>/ e_dey,

which gives the expression of ¢ on C, by analytical continuation.

The formulas given in (ii) and (iii) simply follow from the development of

cosh(aX) =1 (e“X + e‘“X).

3. Since sinh is an odd function, from the definition of e,(X), we can write

a2n+1

esxp (—‘;) BlsinbaX) 1] = X o Elh ()|

n>0
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On the other hand, from question 2, we have

2 2(,,2 1
exp L Elsinh(aX)|p] = ﬁa,u exp alp” = 1)
2 2 2
T L i1/ 2
= /= —q”" - 1"
V5h S e 0 = 1)
Equating the two above expressions, we obtain

Blhapen(0) 1] = |3 22 1y

From similar arguments applied to cosh(aX), we obtain

2n

a
—— Flhg, (X
3 a0 L
2 1 2 2
= exp (—a—> {1 + a2u2/ dy exp (a M1 yQ))}
2 0 2
= 1+ Z Lra™ + - /1 dy (1*(1 —y?) — )" a®"
= 2! 2n=1(n —1)! Jo ’
which gives, for p > 1,
(=r@p)! _
Elbay(X) |4 =~ 2p1 _1 [ )

4. The r.v.s i and v cannot be independent since they are related by p? + v = 1.

Set ¢’ = sgn(Y’) then it is obvious that T', g, € and &’ are independent. Moreover
note that v = ¢’y/g, so v 2T is independent of the pair of variables (u,v), and

Elexp(aX +bY) | pu,v] = Elexp(apVv2T + bvv2T) | u,v]
00 1 5
= / exp (atp + btv) texp <—§t ) dt
0
= plap+bv).

Solution to Exercise 4.2

1. We obtain this identity in law by writing for any bounded Borel function f
defined on ]Ri,

E[f<Za,bZa+bv (1 - Za,b)Za+b)]
1

1 oo 1 b—1
- [ dody fay. (1 = 7)) 50 D et

1 —2b—1 —t
_W//dzdtf,) “lemegbolt

a+b—

xafl(l _ y 1 7’[/

121
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where the second equality has been obtained with an obvious change of variables.
Note that the above calculation (with f = 1) allows us to deduce the formula

[(a)l'(b) =T(a+0b)B(a,b).

2. Let Z,, Zosv, Zatvre, Zap, Zapte, and Zgip . be independent variables. Since
Zaipie satisfies the hypothesis of Exercise 1.12, the identity in law we want to
prove is equivalent to

(law)

Za+b+cZa,b+c = a+b+cZa7bZa+b,c .

Applying question 1 to the products Z,ip4cZaptec a0d ZgipicZatne, We see that the
above identity also is equivalent to

1
Za (g‘/) a+bZa,b 5
which has been proved in question 1.

3. A classical computation shows that for any i, N? law) 97, /2. The identity in law
R} (law) 2Zy, follows from the expression of the Laplace transform of the gamma

variable with parameter a, i.e. Elexp —A\Z,] = ( 1 )a ., A>0.

pYE]
The law of a uniformly distributed vector z; on the unit sphere Sy_; of IR” is
characterized by the identities |z;] = 1 and x (taw) pz, for every rotation ma-

trix p in IR*. Since such matrices are orthogonal, from Exercise 3.8 it holds that
(Ny,..., Ng) (taw) p(N1, ..., Ni). Hence for every rotation matrix p, one has

1 (law) (
—(Ny,...,N;), R =
(Rk( 1, 3 k), k> P

S

Ny,....,Ny), R
Rk( 1, 3 k)a k>

and since ]Rik(Nl, ..., Np)| = 1, we conclude that RLk(Nl’ ..., Ny) is uniformly dis-
tributed on Si_; and independent of Ry.

4. Let (N;);>1 be an infinite sequence of independent centred Gaussian r.v.s with
variance 1. It follows from question 3 that for any k < n,

n n aw n
\/ﬁ(.’]ﬂ'g )7"'7xl(c )) (1:) g(va"ka)a

n

where R, is the norm of (Ny,..., Ni,..., N,). From question 3 (i) and the law of
large numbers, g—f converges almost surely to \/1/E[2Z;,] = 1, which proves the
result.

5. From question 3 (ii), R >Y ;22 = P | N? and R}, is independent of 37 | z2.
Moreover, we know from question 3 (i) that >°F_; N? is distributed as 2Zy and that



4. Distributional computations — solutions

Rl2 is distributed as —Z 5 So we have Zp (Iaw) P 1;. Applying the result
of question 2 we also obtaln Zy law) 7 p ke pZ k (law) Zf 127 ks And we conclude

thanks to the fact that Z k is snnphﬁable

6. From above, we have (382 22)k/2-1 (law) (Zija-1.1)"*1 and we easily check from

the above definition of beta variables that for any a > 0, Z¢ ; is uniformly distributed
on [0,1].

7. (a) By the change of variables ¢t = 1/z?, for any bounded Borel function f, we
have

Bl ()] =21 (5) e ae= o [ et =y,

To obtain the other identity in law, set F ( ) = Elexp(—% )] From above, F(a) =

\/gfooo 6_21 T dm hence one has F'(a) = —a\/7f0 e e T ‘i—ﬁ. The change
of variables u = 2 gives F'(« \/7 e Te ~5 du = —F(a). Therefore,
F(a) = ce™®, Where ¢ is some constant. Since F(0) = 1, we conclude that
Fla) =e.

(b) This simply follows from the expression of the Laplace transform of the (s) dis-
tribution: F [exp (——a Sk p? )} = [1%, exp(—psa) = exp(—a).

8. (a) Applying the result of question 7, we obtain that for any k& > 1:

T(@V)Zp_z (law) =y
i=1 N12 % =1 x12
where, on the right hand side, R} is independent from (zy,...,x;). Then we have

L ip_ (o) 11

2 2 .27
7,1:1;1 kal

Hence, since % is a simplifiable variable (use Exercise 1.12), we obtain:
k

for any j < k.

123



124 Exercises in Probability
(b) Now we give a more computational proof which also yields the density of >F , ’;—z

The calculation of the characteristic functions of log # and logT' gives
k

T(k/2 — i)

~ 1 i _aL(
E {exp (z)\log R_iﬂ = E[(2Zyp) ] =27 T/2) and
E[eMoeT] = B[(N?)] = 2/ Z/\e —z?/2 e 9—iX 00871,/\71/2673 i
V2 V7 Jo
= 27 MF(1/2 —i\).
So that for all A € IR,
ko2 1 k
E{expz)\log;x?} = T —in _F(k:/2—1/2)6(2 i\ 5 —35)
I'(k/2) /1 R AN
— Alog — | ————5—dt
T(k/2—1/2) Jo &P <Z o8 t) 1172
_9 oo 15
_ k=2 exp(iAlog x) (z=1) dx .
1

2 xk/2

2
In conclusion, the law of the r.v. ¥ | % has density k—;Q( zk/2 ]I[l ) (7).

9. Since Zf’:l (Zai / Z?Zl Zaj) = 1, it suffices to show the independence between
k

>¥ | Z,, and the vector (Zai/ Z Zoy 1 <k — 1).
j=1

Let f: IR, — IR and ¢ : IR’fr_1 — IR be Borel and bounded. From the change of
variables,

=4 T1 = Y1Yk
or equivalently
Yp—1 = x;;;1 Tho1 = Yr—1Yk
k—1
Yp =1+ + T T = Yk — 2im1 YiVk

and putting 7, = Z,,/ Z§:1 Z,,, we obtain:
Elf(Zay+ -+ Za)g(ZL o 20 )]

ap—1
T Tp—1
by (BB
/]Rif( ! k)9 i R S T4+ T
xtllll kal

2L %k (ekedwk) g d
€ Xr1...aT
T(ay)...T(ay) ! g
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alfl

= /IRi f(yk)g(yl, o ,ykfl)(ywk) o (yk71yk)ak*171 y

k-1 ap—1 e vyl
<yk - ; ?Jz‘yk) mH{(m,m,yH)e[o,uk*l} dys . . - dyy
yp el
- d / )W) (e
-/IR+ f(yr) Pl T an) M Jpios 95 ye-1) (Y1) (Yk-1)

k=1 o\ %L
F(a1+~-+ak)
=2 v 1 Sy dys .y
< Z:Zly> T(a1) .. D(ay) ~ (@ouen)e0aety G- Gt

ak.,lfl X

which shows the required independence. The above identity also gives the density

k
of the law of the vector: (Zai/ > Zy i <k— 1) on IR**:
j=1

F((M +- 4+ ak) -1 o1—1 k-1 1
a e _ Ao~ 1 — i Ak H _ s
I(ay)...T(ay) () (1) ( ; Y™ g,y ne1y

k
and this law entirely characterizes the law of the vector (Zai /> Zay i < k;) on
j=1

the simplex Zk )

Solution to Exercise 4.3

1. We prove the equivalence only by taking a = o and b = A.
2. It suffices to show that the right hand sides of (4.3.2) and (4.3.3) are identical in
law, that is:

1

_wL(Hﬁ) .

Za Za+b Za

But the above identity follows directly from the fundamental beta—gamma identity
(4.2.1).

3. We obtain (4.3.3), by adding the first coordinate to the second one multiplied by

&, in each member of (4.3.4).

4. This follows (as in question 2) from the equivalent form of (4.2.1):

law
(Zato, Zp) (=) (Zasbp Zavav, (1 = Zasvp) Zaton)

by trivial algebraic manipulations.
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Solution to Exercise 4.4

Both questions 1 and 2 are solved by considering the finite dimensional variables
(Vers Veas - - s ), fOr t1,ta, ..., tx, and using question 9 of Exercise 4.2.

3. The independence between (D, u < 1) and 7, allows us to write:

E {exp (—71 /01 f(u) dDu)} = /Ooo dte'E {exp —t /01 f(u) dDu}

1
- F {Hfol 7 dDJ'

Solution to Exercise 4.5

1. It suffices to identity the Mellin transforms of both sides of (4.5.4). (See comment
(b) in Exercise 1.13.)

Observe that for all @ > 0 and k > 0, E[(Z,)*] = “&£9)  Therefore, for every k > 0,

[(a)
n n n— k n n— F(k ta+ %)
El(n"ZZs - Zynt)'] = wMIGSLE |(Z,,5) [ =0 kHj:olw
I'(na + nk) k
= — - =F Zna " )
T = El(Zu)™

where the second to last equality follows from (4.5.1).

2. From question 1 of Exercise 4.2, we deduce that for all n > 1 and a > 0,

(Zna)n (12V) (Zna+nb)n(Zna,nb)n-

Applying the result of the previous question to Z,, and Z, 1) gives:

(law) n
ZuZpys oo Lot ") 2y Zyis o Zyy oot (Zna)"

n

Now, from question 1 of Exercise 4.2, we have Z,, : = Z, i ,Z, i, so that

(Za+bZa+b+% s Za-‘rb-i-n?—jl) (le,bZaJr%,b s Za+”7—jl,b)
@>@M4W%”4%%ﬂamﬁ.

The variable Z, 47,4, 1 ... 2, n1 being simplifiable, we can apply the result of

Exercise 1.12 to get the conclusion. (We might also invoke the injectivity of the
Mellin transform.)
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Solution to Exercise 4.6

1. From question 1 of Exercise 4.2, we have:
Za (lgv) Za71Za+1 ; Za (lg‘/) Za,lza+1,IZa+2 Yty

which allows to obtain (4.6.1) by successive iterations of this result.

—(a+n)
_ A
2. The Laplace transform of n='Z,,,, is given by E[e™*" 1Z‘””] = (1 + >
n

and we easily check that it converges towards e~ for any A € IR,.. This proves that
n~1Z,., converges in law towards the constant 1 as n goes to +oo.

A less computational proof consists of writing: Z,., (law) Zo+ X1+ -+ X,
where on the right hand side of this equality, the n + 1 r.v.s are independent, each
of the X;s having exponential law with parameter 1. Then applying the law of large

numbers, we get % — 1= F[X;] in law as n — 0.

1
3. As we already noticed in question 6 of Exercise 4.2, for any n, the r.v. Ua+-D
is distributed as Z,;(n—1),1, so from question 1, we have

7, 1) (nUﬁ . Un“——“ ) Zatn
n

where Z,,, is independent of (Uy, ..., U,). We deduce the result from this indepen-
dence and the convergence in law established in question 2.

4. By the same arguments as in question 1, we show that
1
Za (gV) Za,rZa—i—r,r oo Za+(n—1)r,rZa+m“ )

and as in question 2, we show that n='Z,,,, converges in law to the constant r as
n goes to +0o0. Then we only need to use the same reasoning as in question 3.

Solution to Exercise 4.7

1. From the identities: (4, 14) (law) (%, we deduce

L
A(1-A)’

and we know from question 9 of Exercise 4.2 that the right hand side of the above
identity is distributed as (Z,5, Za1s), these two variables being independent.
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2. (a) From Qs(Q) = 1, we obtain c¢5 = E[L?]7!. Since L = MA(1 — A), we have
from the independence between M and A: E[L°] = E[Mﬁ]E[Aﬁ(l — A)A]. Now,
let us compute E[AP(1 — A)P]: first we have A%(1 — A)° = %
write (Z,Zy)° as (Z,2,)° = W(Z + Zy)% = AP(1 — A)*(Z, + Z,)?" and from

the independence between ( ZaZbe, ZHZ:Zb) and Z, + Z;, established in question 9 of
Exercise 4.2, we have:

Since we can

E[A°(1—A)°] = ElZ.2%)°|E[(Za + Z)*)7
E[Z)\E(Z)|E(Z3,)
a4+ 0B)TMb+p) T(a+bd)
['(a) I T(a+b+20)°

Finally, with E[M?] = W we have:

_ T(@P() Ta+b+28) T'(a)T(b)
T T+ BC(b+8) Tla+b+8) T(a+tb+p)Blat+pBbtf)

(b) Let us compute the joint Mellin transform of the pair of r.v.s (A, M) under Qg,
that is: Eq,[A*M™], for every k,n > 0.

Eq,[A"M"] = czE[A*M™L"]
= cgE[AMP(1 — AP Mmh)
cgB[AFP(1 — APIE[M™].

As in 2 (a), by writing Z5+0 7] = AMP(1 — A)P(Z, + Z,)"+2%, we have

E[A(1 - 4] = B[Z;*E(Z)1B(Z,") ™
~ Tla+k+B)Tb+k+p) ['(a+0)
B ['(a) ey T(a+b+k+26)’

so that with E[M"*A] = W we obtain:

Fla+k+B)Tb+k+05) Tla+b+n+0)
I'(a) () T(a+b+k+206)

- ﬁ£%63@+k+ﬁm+ﬁﬁm+b+n+m

Bla+k+8,b+08)T(a+b+n+f)
B(a+ 3,0+ ) Tla+b+p)

= E[Z§+b,b+ﬁ]E[Zg+b] .

Thus, under Q)g, the r.v (A, M) has the same joint Mellin transform as the pair
(Zasbpt, Zats), hence their laws coincide.

EQ[,‘ [Aan] = Cg
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(c) For f be a bounded Borel function, we have

lr( 58] - el
= ok [f (z) @ ap)
_ Cﬁ /]R ( > ;T)y) 2@ Lyt e @) gy

_ C/J' / —B o—(a+1) 4= (b+1) —2tt
= —— t t t st dsdt
Mo JR? (5,)(s + ) s e sdt ,

which gives the density g of (%, %) under (g:

_ cs —B —(at+1)y—(b+1) ,— =Lt
)= —"~ t t N | .
9(57 ) F((I)F(b) (S + ) S € {s>0,t>0}

Solution to Exercise 4.8

1. From the identity in law (4.5.4), we have

7" 2z, 27,

where Z 1 is a gamma r.v. with parameter 1/2 which is independent of Z. To con-
clude, it sufﬁces to check that , /27, (law) |N |, which is easy.

2. Let 21,25, ..., Z, be exponentially distributed r.v.’s with parameter 1 such that
the 2p r.v.s Zl,Zg,...,Zp,Nl,Ng,.. N, are independent. Put Z = ZO. From
above, the identities in law: Z;_; ') \/2Z |N;| hold for any i = 1,.

Replacing Z; by 1/2Z5|Ns| in the 1dent1ty A \/2Z1|N1\ and from the inde-

pendence hypothesis, we obtain: Z (ta) 22422*4 (|N1\ | No|2 ) We get the result by
successive iterations of this process.

3. Tt is clear that the term 2222+ "2 in equation (4.8.2) converges almost surely
to 2. Moreover, since %Z%Q%J“"'J“% (]NlHNQ\% . \Np|2plfl) (law) 17 according to
equation (4.8.2), then (]NlHNQI% . ]Np\ﬂ’%l) converges in law to 1 7.
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Solution to Exercise 4.9

1. For every t > 0, we have
P+ Ty >t) = / MeMP(s + Ty > t) ds
0

t 00
= / e Msem(i=ra)s gg / e M8 ds
0 t

A2 e Mt _ A1 e Aot
A2 — A\ A2 — A1
)\2 >\1

= P(Ty >t) —
SIS VRS R Wy
This proves that the probability measure P(T) + Ty € dt) is a linear combination
of the probability measures P(T} € dt) and P(T, € dt) with coefficients o = 22

X2—A1
_ A
and 0 = —

P(Ty > t).

2. (a) This follows from the simple calculation:

P(Tl > T3) = /{ })\1(/\2 - )\1)6_)‘136_()\2_/\1)t dsdt
s>t
o0 %0 Ag — A
= M\ — /\1)/ e~ 2= At </ e e ds) dt =221,
0 t AQ

(b) Let us first compute the law of (71,73) conditionally on (7} > T3). Let f be a
bounded Borel function defined on IR?, we have from above:

-
P(T] > Tg)

= /2 f(sv t))‘1>\2€_/\1se_(AQ_/\l)tH{OStSS} dsdt.
R

E[f(T\,Ts) | Ty > T3] E[f(Th, Ts)]I{T1>T3}]

So, conditionally on (77 > T3), the pair of r.v.s (T3, T3) has density
)\1>\2€7’\1867(’\27’\1)tﬂ{ogtgs} 1

on IR?. Now we compute the law of (T} + Ty, T3):
Ef(i+13,T5)] = /2 F@+y,y)Mdge % du dy
R

= /2 f(87 t))\l)\267)\1867()\27&)tﬁ{ogtgs} dS dt .
R

We note that the pair of r.v.s (17 415, T5) has the same law as (77, T3) conditionally
on (T1 > T3)
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(c) From the result we just proved, we can write:

Aa — A
2

On the other hand, inverting 77 and T3 in question 2 (b), we obtain that the pair

of rv.s (T3 4+ T3, Ty) has the same law as the pair of r.v.s (73,71), conditionally on
(T5 > Ty). This implies

E[f (1) Wgr, <ryy] = E[f(T2)]P[T5 > Th] =

Writing E[f(T1)] = E[f(T)Lr,>my) + E[f(T1) M1, <1,3] and combining equations
(4.9.a) and (4.9.b) gives:

Elf (1) N syy] = E[f(Th + )| P[Ty > T3] =

E[f(Th +T3)]. (4.9.a)

LEYm) (A9

A2
Ao — N\
which proves the identity of question 1.

A1

Elf(Th +T3)] = N A

E[f(Ty)] - E[f(T3)],

3. It can be proved by induction that formula (4.9.1) is verified with the oagn)’s given

n (4.9.2). Question 1 gives the result at rank n = 2. Now suppose that the result
is true at some rank n € IN and let 7;,.1 be independent of 71,75, ..., T, and such
that P(T,+1 > t) = exp(—An41t), Apr1 being distinct from Ay, ..., \,. Forall t > 0,
we have:

n+1 00 n
P(ZTi>t> = / P(ZTi>ts) )\nHe_’\"“sds
i=1 0 i=1
t n 00
= / P (Zﬂ >t — 3) Appre 18 ds / Apgre 18 ds
0
= / Z o, ")P T, >t— 3)/\n+1e_/\"“s ds + e A+t

Recall that >7" = 1 Using the fact that for any ¢ = 1,2, ..., n, the constants
a; = /\’\fltl and b =5 /\ - satisfy P(Ti+T41 >1t) =a;P(T; > t)+b P(Th1 > 1),
we can write the above 1dent1ty in the following manner:

n+1
P (Z T, > t) =
i=1

t
aﬁ") </ P(T;,>1t— 5)>\n+1€_/\n+1s ds + e_’\”“t)
0

M=

1

<.
Il

A P(T; + Ty > 1)

I

S
Il
—

n+1
al (@ P(T; > t) + b P(T, 11 > 1)) = 3 o™ P(T; > 1),
=1

|

@
Il
—

+1) (n)

+ .
(nt1); = o;"a;, 1 =

where the «; s are determined via the last equality by al(»"

1,...,n, and oe,:fll =", oz,(»n)bi.

This equality being valid for all ¢ > 0, we proved (4.9.1) and (4.9.2) at rank n+ 1.

131



132 Exercises in Probability
Solution to Exercise 4.10

3 : ¢ T+T,,T+T’) is dis-
tributed as (U, Z,), where U and Z, are independent, U is uniformly distributed on
[0, 1] and Z, has density te " Iy;>0} (the reader may also want to give a simple direct
proof).

1. According to question 1 (or 9) of Exercise 4.2, the pair (

2. Put U = 3(1+ U), then U is uniformly distributed on [0, 1] and independent of
(T, T"). Moreover we have the identity:

(1 gig U(T+T’)) = <log1 _UU,(M— 1)(T+T’)> .

To conclude, note that the identity in law

ﬁ - (law) T
(log 5 (2U — 1)(T+T')) = (log F’T - T')

may be obtained from the identity (T o, T+ T ) (law) (U, T +T") established in the
previous question, from a one to one transformation.

3. The characteristic function of (X,Y) is
Elexpi(vX + uY)]
= / exp(ivlogt) exp(—t(1 — i) dt/ exp(—ivlogt') exp(—t'(1 4 iu)) dt’
0

= (1 —ip)" T 4 4p) = “‘)/ exp(ivlogs — s ds/o exp(—ivlogs — s')ds
(1 —ip) " (1 4+ i)~ WT(1 4 i) D(1 — iv)

= (1 —ip)” M1 )"l () T(1 — i)

— 1 1+1V 1 1 iu) T
(1= i)~ (1 4 i)~ Snh(m)

where I is the extension in the complex plane of the classical gamma function.

4. Deriving with respect to u the expression obtained in question 3, we have:
E[Y expi(vX + uY))

oav (=) 4ap) (1 =)t — (v 4+ 1)(1 —ip)™ (1 4 ip) =
~ sinh(7v) (1 — ip) 26+ (1 + jp)20-) :

Setting, ¥ = —pu in the right hand side of the above equality, we obtain the result.
The relation

EYexpiu(Y — X)]| = E[E[Y|Y — X]expiu(Y —X)] =0, pelR
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characterizes E[Y | Y — X] and shows that this r.v. equals 0.

5. The first part of the question is a particular case of question 2 of Exercise 4.9.
To show the second part, first observe that

(x,vy) (=) (log ; T — T’) (law) <log§ T — T) () _(X,Y) and
(]X|, |Y|) = (X» Y)H{X>0,Y>o} - (X, Y)H{Xgo,ygo} .
The two above equalities imply that
(X[ V) "= (X, )| X >0,V >0),

which, from the definition of (X,Y), can be written as:

aw T
(X1 2 ((tog 35,7 - T') |7 > 7).

From the first part of the question, we finally have:

<wuwﬂ“( Q+f}¢j.

Solution to Exercise 4.11

1. From the identity in law (4.2.3), we have R (law) 273, where Zs is gamma
distributed with parameter 2, so we easily compute the law of R: P(R € dr) =

\/52__(17“ :

2. If f is a bounded Borel function defined on IR?, then from the change of variables
(r,u) = (r, 7), we obtain:

E[f(R,U)] = /]Rz f(r, %) iH[OT](x)\/grgeT; dx dr
= // \/ire 2 drdu.

This shows that R and U are independent and U is uniformly distributed over [0, 1].

3. If fis as above, then E[f(X,Y) |R=7] =L [{ f(z,r—x)dz =L [§ f(r—y,y)dy.
This shows that conditionally on R = r, Y is uniformly distributed over [0,7].
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Integrating this identity with respect to the law of R, we obtain:

By = [T ) dy@— -
- [ e

which gives the density of the law of (X,Y): \/g(x +y)e”

(a+y)?

Lo 4002 (2, y)-
4. From the law of the pair (X,Y"), we deduce:

E[f(G,T)] = / / (z -y, zy) \/g(x—l—y)e‘Hw

| -
= [ 00 e T g2 g (1) .

We conclude that G and T' are independent. Moreover, G is a centred normal ran-
dom variable with variance 1 and T is exponentially distributed with parameter 2.

5. From (4.11.1) and the independence between GG and T, conditionally on T = ¢,

1
T V2 has the same law as Z—t, that is: P( —z €dz | T = t) (;) et dz.

6. From question 5, we know that G? is gamma distributed with parameter %
From question 4, 27" is exponentially distributed with parameter 1, and A is beta
distributed with parameters 1 and 1, so equation (4.11.2) is given by equation (4.2.1)
in the particular case a = b = 5. What makes the difference between (4.11.1) and
(4.11.2) is the fact that in (4.11.1) the variable % is not independent of 7" whereas

it is the case for A in (4.11.2).

Solution to Exercise 4.12

1. Since O is uniformly distributed on [0, 27|, we have 20 (mod 27) (2) © hence
tan(20) 12%) tan ©.

2.(1) Let © be the argument of the complex normal variable Z = N + iN'. As
we already noticed in Exercise 3.5, © is uniformly distributed on [0, 27[. So, the
identity: tan © = % gives the result.
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(ii) Let f be a bounded Borel function. In the equality

E[f(tan©)] :—/27r tanz)d 1/0 f(tanz) dz,

taking y = tanz, we obtain E[f(tan©)] = [ f(y) ﬂ(l—fyg)

3. Thanks to the well known formula tan 2a = 2%, and applying question
1, we have

tan © (law)
1 —tan’©
so that if C' is a Cauchy r.v., then C' "2 2S5, Since C (taw) &, which may be
deduced from question 2 (i), we obtain:

(law) 1-C”? l <l . )
¢ 20 2\C ¢)-

tan(20) = tan©,

To obtain the second equality, first recall from Exercises 3.7 and 3.8 that, N and
N’ being as in question 2, N + N" and N — N’ are independent, hence N + N’ (ta)
N = N (/AN So, from question 2 (i), we deduce:

y N+ N _ 1+% . y1+0C

- N N T 1 _
N' — N - ¥ 1-C

C e

Solution to Exercise 4.13
a) Recall that the law of a variable Z taking values in [0, 1] is characterized by its
discrete Fourier transform:

pa2(p) = Elexp(2irpZ)], peZ

and that Z is uniformly distributed on [0, 1[ if and only if ws(p) = Lp—gy. As a
consequence of this, it follows immediately that {mU+nV '} is uniformly distributed.

b) A necessary and sufficient condition for the variables {mU+nV} and {m'U+n'V'}
to be independent is that

Elexp [2im(p{mU + nV} + ¢{m'U + n'V'})]]
= FElexp (2imp{mU + nV })|E[exp(2irq{m'U + n'V'})],

for any p,q € Z.
Observe that since

exp [2im(p{mU +nV} + ¢{m'U + n'V'})] = exp [2im(p(mU + nV) + q¢(m'U + n'V))],
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the characteristic function of interest to us is:
Elexp [2im(p{mU + nV} + ¢{m'U + n'V})]|
= /[0 " exp [2im(p(mx + ny) + q(m'z + n'y))] dz dy .

The above expression equals 0 if pm + gm’ # 0 or pn + gn’ # 0 and it equals 1 if
pm + gm’ = 0 and pn 4+ gn’ = 0. But there exist some integers p,q € Z \ {(0,0)}
such that pm + ¢gm’ = 0 and pn + gn’ = 0 if and only if nm’ = n'm (in which case
take e.g. ¢ =nm,p = —nm’ = —n'm).

We conclude that a necessary and sufficient condition for the variables {mX +nY'}
and {m'X 4+ n'Y'} to be independent is that nm’ # n'm.

Solution to Exercise 4.14

1. If fis any bounded Borel function, then E[f(cos(©))] = = [f f(cost)df =
L f f(zx ) 7=, Where we put z = = cos(f) in the last equality. So, X has density
ﬁ on the interval [—1,1].

™ 1—

2. Applying Exercise 4.13 for m = 1, n = 1,m' = 1,n’ = —1 and © = 7U,
©' = 7V shows that (cos(© + ©’), cos(© — ©')) (law (cos O, cos ©)

3. This identity in law follows immediately from question 2 and the formula cos(© +
©') + cos(© — ©') = 2cos(O) cos(0).

Solution to Exercise 4.15

1. See question 7 of Exercise 4.2.

2. It suffices to check that the inverse Fourier transform of the function exp(—|A|),
A € IR, corresponds to the density of the standard Cauchy variable. Indeed, we

have: ) ) ) ) )
- —iAx ,—|A| d\ = — < > _
27T/]Re ‘ 27 1—z'a:+1+z'a: (14 22)’

for all z € IR.

3. We proved in question 2 of Exercise 4.12 that if N and N’ are independent,
centred Gaussian r.v.s, with variance 1. then C' (law) N . So, conditioning on N’ and
applying the result of question 1, we can write:

Elexp(irC)] = E {exp (m%)} _ g [exp <_§$>} _ g [exp (—)\;Tﬂ .
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4. A direct consequence of the result of question 7 (b), Exercise 4.2, is that # YT
has the same law as T', which disagrees with the law of large numbers. Indeed, if the
T;s had finite expectation, then the law of large numbers would imply that % i
converges almost surely to this expectation and # 1 T; would converge almost
surely to 0.

5. For every bounded Borel function f, defined on IR", we have:

N N,
Bl (5 i)
No No
/ f(ml x”) ! e L ﬁ:xQ dxodx dx
= — e, — — exXp —— , codxy
Rl Zo X (27r) ;rl P 2 =0 J 0T

2 n
= f(yly,yn) [.Rdﬂfo ) OL-H eXp_? (1+Zyj2>] d’yldyn

JR"

j=1
ntl
N / P o) ([ oo 2oL exp -0 L 14>y . dy
R? 1y---9Yn R 0\/% 2 (271_)% j:l J 1--- n
n+1
INES) no 2
= [ Fn) s (14X dn s dy
R™ T2 =1
Hence, the density of the law of (%, ce %—z) is given by:
n41

r(5)

where I'("H) = /7272 -2-3-...- (n — 1), if n is even and (") = (”719! if n is
f
%

7r<1+2y]2->] o (y,. .., yn) € IR™
j=1

%«o

and

odd. To obtain the characteristic function of this random vector, set T’ (

observe that

E

N L a2 _i(s a2\r
()]t
0

=1

so that from questions 1 and 3

exp (ii)\j%) =F {eé(zyl /\§>T} =exp | — (Zn: A?) ,  (4.15.a)

E

j=1 j=1

for every (A1,...,\,) € IR™
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6. Put X = (§,..., %), We obtain
Elexp(it (0, X))] = exp(=|t]),

for all ¢ € IR, by taking 6 = IMt where A = (A\q,...,\,) € IR", in the equation
(4.15.a). Since the law vy of X is characterized by (4.15.a), this proves that vy is
the unique distribution such that for any 6 € IR", with |8] = 1, (0, X) is a standard
Cauchy r.v.

Solution to Exercise 4.16

0. Preliminaries: (i) and (ii) follow directly from the definition of X and the inde-
pendence between A and N.

1. Since each of the variables A, N and X is almost surely different from 0, we can

write: L (&) \/1_ g Wthh 1mphes j X1|0< (law) 1 TN NI"" for every o« > 0. Moreover,

X
each of the variables being pos1t1ve their expectation is defined,

and
|X|°7 A% IN\

so formula (4.16.1) follows from the independence between A and N.

From equation (4.16.1), we deduce that E [\Xla] is finite whenever both F [
and F [IJ\}\“] are finite, that is when o < 1 and A~% is integrable.

b
volg| ™

2. Applying the fact that for every » > 0, a > 0, r~2 = (1g) [ dtt2 e and
2

Fubini’s theorem, we obtain:

E{ } / dt 15V Ele4).

Now, we deduce from the expression of the characteristic function of N, and the
independence between this variable and A that E[e 4] = E[eiV2AN] = E[eiv2X),
Finally, one has

E{ 1} = / dt ¢3N] = W/ da 2° B¢
__1/ dz ' Elcos (X)],

r(s)2

where the last equality is due to the fact that the imaginary part of the previous
integral vanishes.
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3.1. (iii) An obvious calculation gives:
et g g e 65),
|N | « 2o yst I° 20 \2 2
(4.16.a)

3.2. First note that from the hypothesis, | X| is almost surely strictly positive and

Jydz 2t cos (2X) = |X\a fO|X| dy y®~1 cos (y). Taking the expectation of each mem-
ber, and applying Fubini’s Theorem, we obtain:

/Ot dr 2 ' Elcos (2 X)] = E L);a /OtIX dy v cos (y)] .

Moreover, from 3.1 (ii), limtﬂoo |a fOt‘Xl dyy®~tcos (y) = \Xla’ a.s. Since F [\Xla] <
oo and [ dyy*~! cos (y) is bounded in s, we can apply Lebesgue’s theorem of domi-

nated convergence to the variable \X|a fo‘Xl dy y®~1 cos (y). Therefore, from (4.16.2)
we have:

139

1
E{ a] = limi/dl‘xa LElcos (X
A§ t—oo 1_‘ (%) 25* [ ( )}
1 1 tX| a 1
= lim —F / dy y* ! cos (y)} = = E[ } :
t—>oo]_"(%> 95-1 [’X’O‘ 0 1—‘(%) 2271 | X |

Preliminary 3.1 (i) implies

(3) - r (e (-8) gy

which yields a, = T'(a) cos (7).

3.4. Recall the hint for question 2: & = ﬁ Joe " te ™ dx for all r > 0 and
« > 0. This formula may be extended to any complex number in the domain
H = {z : Re(z) > 0}, by analytical continuation, that is

1 1 0
—:—/ e dy, zeH.
z¢ T(a) Jo
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Set z = A+ iu, then identifying the real parts of each side of the above equality, we
have:

cos (5 1
M = lim —— / e cos (px) da
ue 2—0 I'(a) Jo

hence by putting y = pa:

T =y
') cos( 5 ) AHOF / Yy cos (y) dy .

It remains for us to check that limy_ ﬁfg’o y“leMcos (y)dy = ﬁfo"o yo !
cos (y) dy. To this end, write

Y ; (2k+3)%
CO =
/ Y s(y) dy Z/(%H)l

k>0 2
(4k+3)T (4k+5)T
= Z / ’ y*te M cos(y) dy + ’ y* e cos(y) dy
S0/ (4k+3)T

a—1

e cos(y) dy

<

(4k+3) g

= Z /4 o (y+m) e e cos(y) dy

k>0 ¥ (4k+1) %

Observe that when 0 < o < 1, each term of the above series is negative and we can
state:

(4k+3)% %
Z/ Tyt = (y+ ) e ™) cos(y) dy < / y* e cos(y) dy <
2

k>0 4k+1

(4k+3)£
S [ (e cos(y) dy.
>0 (4k+1) 5

By monotone Convergence, both series of the above inequalities converge towards:

4k+3 0, a—
2 k>0 f((4]€:_1)2( —(y+m)* ) cos(y)dy = [5°y*~" cos(y) dy, as A — 0 and the

result follows

4. The equivalent form of equation (4.16.1) is

1 1

E|—|=F|—

[IY!“] {Ba

for every o« > 0. Now, recall the expression for the characteristic function of C-:
E[e*“] = exp (—]t]), t € IR. So, by the same arguments as in question 2, we obtain
that for every a > 0, E [ﬁ] - ﬁfooo dtt*1E[e 8] = Lﬁ)oo dt t* 1 E[eBC] =

ﬁ JoedttetE[etY] = ﬁfooo dtt*~1E[cos(tY)]. Now, suppose that E[ <
400, then as in question 3.2, we have:

1
Bl
7

E [ﬁ} , (4.16.1)

\Yla}

- %E [#] _ (4.16.c)



4. Distributional computations — solutions

On the other hand, thanks to the identity in law C (law) % established in question 2
of Exercise 4.12 (here, N and N’ are independent centred Gaussian variables, with

variance 1) and from formula (4.16.a), we obtain

e i) =2 [1¥H] = 210r1= 30 G-5)7(5+5) = oy

(4.16.d)

So that (4.16.b), (4.16.c) and (4.16.d) yield another proof of (4.16.4).

Solution to Exercise 4.17

1. For any Borel function f : IR, — IR, , we have:
1 1 S 1.7
E[f((z2)%)] = —/ te )t e dt
1/ ((Z2)7)] R fo [0

_ H o y—1_—st
= F(%)/o f(s)s" e ds.

Using the expression of the Laplace transform of 7}, we can write the above expres-
sion as w4y IS f(s)s7 " E[e*Tr] ds, which gives with obvious changes of variable:
n

. 2 o t ! —t
e E[/o I (T) 77 ‘”}

)
Bl )

Fé)E {/Ooo f(s)s7 e Tn ds

and the result follows.

2. From (4.17.3), we deduce for A > 0:

BIZE = BN+ VE | ]

so that:
E{ 1 ] B E[Z7]
(T)# | EZM(p+ 1)
(1+6)

pl(pu(1+0))

Hence F [(T:)M} = Fr((lfu‘;)) . Then, we obtain the result by analytical continuation.
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Solution to Exercise 4.18

1. We first note the following general fact. For every Borel function f : (0,00) —
IR, one has:

E[f(Z,X)] = /°° Fl B [f(sX)]e" ds

_ [/ ;Ef )tdt}

- I ﬁt“ Y ()E Dﬂ dt (4.18.2)

Now, assume (i) holds and observe that an equivalent form of equation (4.18.1) is
Eleg(Y) = FE [g (;) X“} for every Borel function ¢ : (0,00) — IRy, so that, the

above expression is
i 1 —tY

L et 0 Elee e,

and (ii) follows.
Conversely if (ii) holds then on the one hand, we have
x)= [ L p () Blee dt
o I'(n)

and, on the other hand, (4.18.a) allows us to identify Elce "] as F [%e*ﬂ for
every t > 0 and (i) follows.

(1)< (iil): Suppose (i) holds, then for every Borel function f : (0,00) — IR:

BIf(ZiX)) = [T Bl X)) at

e_(%)“
X du

= /OOO flu)pu ' E

= /Oo fu)epu'E [6*(“}/)#] du,
0

and (iii) follows.
If (iii) holds, then an obvious change of variables yields for every A > 0:

o0 1 n S t _
E[f()\_%Z%X)] :/ cpu L f (N ru) Ele” ™" du :/ E {if <—>} e Mt
0 0 Yo \Y
on one hand, and E[f()\_%Z%X)] = °FE [f (t%X)} Ae M dt on the other hand.
Equating these expressions, and using the injectivity of the Laplace transform, we
obtain (i).
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2. Suppose X, Z, Z,, and T}, are independent. Equation (4.17.3) allows us to write:

Z,X\ T(n+1)
T, |

E[f(Z<X)| = E {f (

So the equivalence between (ii) and (iii) is a consequence of the following equalities,

E {f <Z§f{> F(MT; 1)} - B [/Ooodtl_‘(cmtuletyf <£> W}

= /OOO du cuu"*lf(u)E[exp(—Tuuy)]

= | ducuu () Blexp(—uy ] = E[f(ZFX)],

t

where we set u = 7
I3

in the second written expression.

Solution to Exercise 4.19
1. Let Z, T, T, be as in the statement of question 1. For all ¢ > 0, we have:

P(Zi >1tT,) = E (/too e d5> = Elexp(—t"T}')]

HTIE

= FEBlexp(—t1,1,)] = P(Z > t1,1,).

The third equality following from the expression of the Laplace transform of 7},
given in Exercise 4.17. This proves the identity in law

Z* (aw) 2
T,  T.0,’

and the other identity follows by exchanging the role of x and v. We deduce (4.19.2),
from the above identity in law and the fact that T% is simplifiable (see Exercise 1.12).

2. Choosing a = = in (4.5.4) and = % in (4.19.2), we obtain:

aw aw Z
A PR/ A iy

Since 7 is simplifiable, we can write:

which leads directly to the required formula.
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3. When we plug the representations:

zn @) png ZuaZ
zm &) pmz w7,

into the formula

we obtain

aw 1
n"Z1 /A (lz)mmZL...ZLA

2 . (4.19.a)
" " " " (T=)

n

(We simplified by Z on both sides.) Then we may use the beta—gamma algebra
(formula (4.2.1)) to write:

Zi "™ 7y w wZi, k<nm,

where, on the right hand side, Z«_
into: !

& is independent of Zx . Then (4.19.a) simplifies

E_
m

m m—1 n—1
(m) (lg/) nn < Zﬁyk(i_l)) (H Zﬁ) ;
T% he1 n m n b n

which is the desired formula.

4. Raising formula (4.8.2) to the power 27 gives:

law — -1
77 = g (NYNFUN) Z, (4.19.b)
where Ny, ..., N, are independent centred Gaussian variables with variance 1. Com-
bining this identity with equation (4.19.2) for y = 5 and simplifying by Z gives

formula (4.19.5).

5. (a) Equation (4.19.6) follows from either formula (4.19.3) for n = 2 or formula
(4.19.5) for p = 1 and has already been noticed in question 1 of Exercise 4.15:
precisely, one has T (law) 57z, which yields (4.19.6).

Equation (4.19.7) follows from formula (4.19.3) for n = 3:

1 T
P(T_§>$) = P(Z% > 272:}})

0o e Y
/272 -1 dy l] '
x( %) Y3
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Hence, we obtain:
1
dx 1 x ’ x
P(((T\)ted = E -
(1) € da) )" |77, (2%) eXp( 2721>
3 3 3
(=
27y vyl

e 1
T b

which yields (4.19.7), after some elementary transformations.

(law)
i T SNINZC

4

(b) We use the representation (4.19.5) for p = 2:
1

First we write
N1 + ZNQ = Rexp(z@) y
where © and R are independent, © is uniform on [0, 27|, and from question 3 of

Exercise 4.2, R = (N2 + N2)z (a%) \/27Z. This gives
7, () 1 (law) 1

8R5(cos ©)%(sin O©)* 4373A(1— A2’
%\/a(?;l——a)’ a€[0,1].

4

where A = cos? © is independent of Z and has law P(A € da) =

To obtain (4.19.8), it remains to write:

1 1

> — :P(T;<x):P<Z> T 5

4(Ti)§ 4x3 1 4r3As(1 — A)3
1
N u——
4r3As(1 — A)3
(c) From (4.19.4), we have
T 7., 7,
3’6 3
(We refer to Exercise 4.2 for the law of 11 .) Then, we obtain:
1 2
P(T>2)=P(Z: > 22 )= —E / dtt3-tet|
3 36 T (2) xZ7Y
3 3%
hence, denoting here Z for Z 11, we obtain:
1 1 (Z\3 x ¢ rt e s
P(T € dx) = E—(—) ex (——) :—1/dz4 -
( ) F(%) Z \x P Z 3 Jo z3(1 —z)6
-1
»5))

with C' = (T'(2) B(
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Solution to Exercise 4.20

To prove identity (4.20.2) (i), it is enough to show that for every v > 0,

E[|AL (X1, ..., X)) = H

but from identity (4.19.2), (or (4.17.2)), one has

(%)

for every j, and the result follows thanks to (4.20.1).

E[z" T +jv)

E T E[27]  T(1+q)’

A direct application of (4.19.3) shows that for every j =2,3,...,n

1
T;. )V IT 2.

z
1<i<y ’

Since the r.v.s (/) [Ti<i<; Zi, j =2,3,...,n, on the right hand side, are indepen-

dent, their product is equal in law to the product of , 7 =2,3,...,n and we have

obtained (4.20.2) (ii).

Solution to Exercise 4.21

1. Let Z be an exponential variable with mean 1, such that 7,, T} and Z are
independent. First, for every s > 0, we have E[{ X] = E[e~**Z]. Moreover, the
identity in law (4.19.2) implies that for every s > 0:

1
—sTyZr

E [e*sXZ} —FEle

=K [e*suz } ;
and the last term clearly equals H%

2. From the definition of X we have: E[X°] = E[T;]E[T*]. The identity (4.17.4)

implies E[T,°] = Zﬁ() for s > 0, as well as E[T}] = Fr((ll S), for s < p. So that

with the formula of complements, as given in Exercise 4.16, we obtain

tlm
N

s 1F(£)F(1—£) sin s
EX = L Féis)l“(l — sl; - psin 2 ’

0<s<p.
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3. Now observe that the expression (4.21.4) admits an analytical continuation in
the domain {z € C : 0 < Re(z) < p}, hence the characteristic function of log X* is
given by

sinh 7t

E[X"™] = Elexpitlog X"] = telR.

wsinh 7wt

Thanks to the integral computed above, we deduce that

1 .
P(log X* € dx) = el

Y

mp coshz + cosmp

from which we deduce (4.21.3) by an obvious change of variables. Finally, again

T,
some elementary change of variables allows us to deduce the expression of T‘,‘ in

terms of a Cauchy variable from (4.21.3).

Solution to Exercise 4.22

Part A.

Let X be anr.v. such that: E[X"] = V(n We deduce from our definition of p and v
that E[V"] = E[(WX)"], for every n; but since V' is moments determinate, we have
V ") WX, On the other hand, we know that y ) WR hence, WX ) WR.
Since W is simplifiable, it follows that x 2 g

Part B. Examples.

(i) Write V lav) 77’ where Z and Z' are two independent exponential variables
and T 2 ZaZg, where Z, and Zz are two independent gamma variables, with
respective parameters a and (3. The sequences of moments given in (i) are those of
V and W respectively. Moreover, from the beta—gamma algebra (see Exercise 4.2),
we have

7 (1aw) Z10-1Zy and Z' (law) Z15-123

consequently, R (law) Z1,0-121 -1, whose density is

(@ —1)(8— 1)/:(1 - t)w% dt, (0<r<1).

(ii) Here, the moments p(n) are those of V (2%) 72 then the duplication formula
for the gamma functlon translates probabilistically as: 72 1) 9 7 N2 (see Exercise
4.5). Hence, since W (2 Z we get R 1a¥) 9 2 (aw) Z1/2

(iii) NovvS the moments p(n) are those of V/ (2%) 73 and the moments v(n) are those
of W "2 72 From the discussion in Exercise 4.19, and more particularly (4.19.2)
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2
for p = %, we find that R = (ﬁ) is a desired solution. Note that, here, following

the comment (b) in Exercise 1.10, the law of Z3 is not moments determinate!



Chapter 5

Convergence of random variables

“Overhead”

e A sequence of random variables { X,,, n € IN} may converge in a number of different
ways, i.e.

(X250 = (X, 20 o (e
0

{Xuiz-)
e Important additional assumptions are necessary to obtain implications in reverse
order. Adequate references may be found in most of the books cited in our Bibliog-
raphy.
e The most well-known examples of almost sure convergence occur with the Law of
Large Numbers (LLN), whereas the Central Limit Theorem (CLT) involves conver-
gence in distribution. See Jacod and Protter [29] for a “minimalist” discussion.
e To a large extent, the “universal character” of the LLN and the CLT make them
the “two pillars” of Probability Theory.
e None of our exercises (with the exception of Exercise 5.5) discusses an impor-
tant complement to the LLN and the CLT, namely the LDT: the Large Devia-
tions Theorem of Cramer, and its many extensions due to Donsker—Varadhan and
Freidlin-Wentzell, among others. We recommend the nice succession of exercises in
Letac ([36], Exercises 408, 409 and 410), which constitutes a self-contained proof of
Cramer’s theorem.
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*5.1 Convergence of sums of squares of independent
Gaussian variables

Let (X,,n € IN) be a sequence of independent Gaussian variables, with respective
mean fi,, and variance o2

1. Prove that X, X? converges in L' if, and only if:
Yo (2 +02) < o00. (5.1.1)
2. Prove that, if the condition (5.1.1) is satisfied, then: 3, X2 converges in LP,
for every p € [1, 00].
3. Assume that p,, = 0, for every n. Prove that:

if ¥,02 = oo, then P(3, X2 = o0) = 1. (See complements after Ezercise 5.15).

* 5.2 Convergence of moments and convergence in law

Let (X,,n € IN) be a sequence of r.v.s which take their values in [0, 1].

1. Prove that, if for every k € IN, E(X¥) s %H7 then the sequence (X,,) con-

verges in law; identify the limit law.

2. Let a > 0. Solve the same question as question 1 when k#ﬂ is replaced by:

_a
k+a”

Comments and references: The result of this exercise is a very particular case (the
X,.’s are uniformly bounded) of application of the method of moments to prove
convergence in law; precisely, if pu, is the law of X,,, and if there exists a probability
measure p such that:

(i) the law p is uniquely determined by its moments [ z* du(z), k € IN; (this is
the case if [exp(a|z|) dp(z) < oo for some o > 0),

(ii) for every k € IN, [ 2% du,(x) (= E[X}]) converges to [ 2" du(x),

then the sequence (X,,) converges in distribution to p (see Feller [20], p. 269).
This is also discussed in Billingsley [4], Theorem 30.2, in the 1979 edition.

* 5.3 Borel test functions and convergence in law

Let (X,,) and (Y,,) be two sequences of r.v.s such that:



5. Convergence of random variables

(i) the law of X,, does not depend on n;

(i) (X, Yo) 22 (X,Y).

1. Show that for every Borel function ¢ : R — IR, the pair (p(X,),Y,) converges
in law towards: (¢(X),Y).

2. Give an example for which the condition (ii) is satisfied, but (i) is not, and
such that there exists a Borel function ¢ : IR — IR for which (¢(X,,),Y,) does
not converge in law towards (¢(X),Y).

Comments and references: For some applications to asymptotic results for function-
als of Brownian motion, see Revuz-Yor [51], Chapter XIII.

*5.4 Convergence in law of the normalized maximum of
Cauchy variables

Let (X3, Xs,...,X,,...) be a sequence of independent Cauchy variables with pa-
rameter a > 0, i.e.
a dx

Show that % (sup X, | converges in law towards %, where T is an exponential vari-
i<n
able, the parameter of which shall be computed in terms of a.

Comments and references: During our final references searches, we found that this
exercise is in Grimmett—Stirzaker [26], p. 356!
* 5.5 Large deviations for the maximum of Gaussian vectors

Let X = (Xy,...,X,) be any centred Gaussian vector.

1. Prove that for every r > 0:

<
ol%

P(max X; > E[max Xi]+or)<e 7, (5.5.1)

1<i<n

1
where 0 = max;<;<p E{Xz?]g’

Hint: Use Exercise 3.10 for a suitable choice of a Lipschitz function f.
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2. Deduce from above that:

_ 1
rglfoo = logP(llgiag)%Xi >r)= ~557-

(5.5.2)

Comments and references:
As in Exercise 3.10, the above results may be extended to continuous time processes.

The identity (5.5.2) is a large deviation formulation of the inequality (5.5.1) and
alms at investigating the supremum of Gaussian processes on a finite time interval,
such as the supremum of the Brownian bridge, see Chapter 6.

R. AzENcOTT: Grandes déviations et applications. Eighth Saint Flour Probability
Summer School-1978 (Saint Flour, 1978), 1-176, Lecture Notes in Mathematics,
774, Springer, Berlin, 1980.

M. LEDOUX: Isoperimetry and Gaussian analysis. Lectures on probability theory
and statistics (Saint-Flour, 1994), 165294, Lecture Notes in Mathematics, 1648,
Springer, Berlin, 1996.

*5.6 A logarithmic normalization
Let 7 > 0, and consider 7,(du) = r sinh(u)e" =<t ¥)dy, a probability on IR,
Let X,, be an r.v., with distribution ;.

1. What is the law of %COSh X7

2. Prove that: log(cosh X,,) — logn % Y. Compute the law of Y.

3. Deduce therefrom that: log(cosh X,,) (P) 1, and then that: ﬁ ﬂ 1.
logn n—o0 logn n—oo

4. Deduce finally that X,, —log n%Y—l—log Z. Give a direct proof of this result,
using simply the fact that X, is distributed with < 7y ,.

Comments and references:

(a) The purpose of this exercise is to show that simple manipulations on a seem-
ingly complicated sequence of laws may lead to limit results, without using
the law of large numbers, or the central limit theorem.

(b) The distribution 7, occurs in connection with the distribution of the winding
number of planar Brownian motion. See: M. YOR: Loi de l'indice du lacet
Brownien, et distribution de Hartman-Watson. Zeit. fir Wahr. 53 (1980),
p. 71-95.
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5.7 A y/nlogn normalization

1. Let U be a uniform r.v. on [0, 1], and ¢ an independent Bernoulli r.v., i.e.

P(e = +1) = P(e = —1) = 1/2.
Compute the law of X = 5/\/U

. Let X7, Xs,...,X,,... be a sequence of independent r.v.’s which are dis-

tributed as X. Prove that:

X+ Xt -+ Xy (aw)
(nlogn)l/? 00

where N is Gaussian, centred, with variance 1.
Let o > 0, and let X1, Xs,..., X,,... be a sequence of independent r.v.s such
that:

dy
P(X; € dy) = CWH{WIZH

for a certain constant c.

Give a necessary and sufficient condition on a deterministic sequence (¢(n),n €
IN) such that: ¢(n) — oo, as n — oo which implies:

Xi+--+ Xy (law)

-_—

p(n) n—o0

I

where N is Gaussian, centred. (See complements after Exercise 5.15).

Comments and references: As a recent reference for limit theorems, we recommend
the book by V.V. Petrov [46]. Of course, Feller [20] remains a classic.

*5.8 The Central Limit Theorem involves convergence in law,
not in probability

1.

Consider, on a probability space (2, A, P), a sequence (Y,,,n > 1) of indepen-
dent, equidistributed r.v.s, and X a Gaussian variable which is independent of
the sequence (Y,,,n > 1). We assume moreover that Y; has a second moment,
and that:

EV]=E[X]=0; EY]=E[X*=1.

Define: Un:ﬁ(}/’lqt--oJrYn).
Show that: lim F [|U, — X]|] exists, and compute this limit.
Hint:  Use Exercise 1.3.
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2. We keep the assumptions concerning the sequence (Y,,n > 1).
Show that, for any fixed p € IN, the vector
(V1,Ys,..., Y, Uy)

converges in law as n — co. Describe the limit law.

3. Does (U,,n — o0) converge in probability?

Hint: Assume that the answer is positive, and use the results of questions 1
and 2.

4. Prove that: N, 0{Yp, Y,+1,. ..} is trivial, and give another argument to answer
question 3.

Comments: See also Exercise 5.11 for some related discussion involving “non-
convergence in probability”.

5.9 Changes of probabilities and the Central Limit
Theorem

Consider two probabilities P and @) defined on a measurable space (£2,.4) such that
Q=D-P, for DeL(QAP),ie Q is absolutely continuous w.r.t. P on A.

Let X1, X5, -+, X, - be a sequence of i.i.d. r.v.s under P, with second moment;
we write m = Ep(X1), and 0% = Ep((X; —m)?). Prove that, under @, one has:

law

I ¢ (1aw)
— X;—m) — N
where N denotes a centred Gaussian variable, with variance 1.

Comments and references:

(a) This exercise shows that the fundamental limit theorems of probability theory:
the Law of Large Numbers and the Central Limit Theorem are valid not only in
the classical framework of i.i.d. r.v.s (with adequate integrability conditions)
but also in larger frameworks. A sketch of the proof of this result can be found
in P. Billingsley [4], although our proof is somewhat more direct.

Of course, there are many other extensions of these fundamental limit the-
orems, the simplest of which is (arguably) the case proposed in this exercise.

(b) This exercise is also found, in fact in greater generality, in Revuz ([50], p. 170,
Exercise (5.14)).

(¢) (Comment by J. Pitman). The property studied in this exercise gave rise to
the notion of stable convergence, as developed by Rényi (1963) and Aldous—
Eagleson (1978).
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*5.10 Convergence in law of stable(u) variables, as y — 0

Let 0 < p < 1, and 7}, a stable(u) variable whose Laplace transform is given by
exp(—A*), A > 0.

1. Prove that, as yp — 0, (7),)" converges in law towards %, where Z is a standard
exponential variable.

o
2. Let T, be an independent copy of T,,. Prove that <%> converges in law

Z

—7, where Z and Z' are two independent copies.

towards

3. Prove that: Z (taw) & —1, where U is uniform on (0, 1), and prove the result of
I

question 2, using the explicit form of the density of <%) as given in formula
m

(4.21.3).

Comments and references: A full discussion of this kind of asymptotic behaviour for
the four-parameter family of stable variables is provided by:

N. CRESSIE: A note on the behaviour of the stable distributions for small index o.
Z. Wahrscheinlichkeitstheorie und Verw. Gebiete, 33, no. 1, 61-64 (1975/76).

**5.11 Finite dimensional convergence in law towards
Brownian motion

Let 11,15, ...,T,,... be a sequence of positive r.v.s which have the common distri-
bution:

dt 1
pi) = e ()

[Before starting to solve this exercise, it may be helpful to have a look at the first
three questions of Exercise 4.15.]

1. Let (g;4 > 1) be a sequence of positive reals.

Give a necessary and sufficient condition which ensures that the sequence:
1 &,
— Z el , nelN |
L)

converges in law. When this condition is satisfied, what is the limit law?

Hint: The limit law may be represented in terms of pu.
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2. We now assume, for the remainder of this evercise, that e; = 1/2v/i (i > 1).
We define: S, = 2 3° €275,
i=1

(a) Prove that the sequence (S,,),ew converges in law.

(b) Let k € IN,k > 1. Prove that the two-dimensional random sequence:

(S(k—nn, Slm)

converges in law, as n — oo, towards (a1%, 811 + v15), where «, 3, are
three constants which should be expressed in terms of k.

(c) More generally, prove that, for every p € IN, p > 1, the p-dimensional
random sequence

(Sn; SQTH LRI Spn)

converges in law, as n — 0o, towards an r.v. which may be represented
simply in terms of the vector (11, T5,...,T},).

(d) Does the sequence (S,,) converge in probability?

3. We now refine the preceding study by introducing continuous time.

[nt?]
(a) Define S),(t) = £ 3 &?T;, where [2] denotes the integer part of .

=1
Prove that, as n — o0, the finite dimensional distributions of the process
(SI(t),t > 0) converge weakly towards those of a process (73, t > 0)
which has independent and time-homogeneous increments, that is: if t; <
ty < .-+ <tp, the variables T3,, Ty, — T3, ..., T;, — Tj,_, are independent,
and the law of T}, —T, depends only on (tir1—t;). The latter distribution
should be computed explicitly.

(b) Now, let X3, Xs,...,X,,... be asequence of independent r.v.s, which are
centred, have the same distribution, and admit a second moment. Define:

[nt]
n t — 71 Xz'.
&)=
Prove that, as n — oo, the finite-dimensional distributions of the pro-

cess (&,(t), t > 0) converge weakly towards those of a process with inde-
pendent and time homogeneous increments which should be identified.

Comments and references:

(a) If (B, t > 0) is the standard Brownian motion, then the weak limit of the
process (£,(t),t > 0), introduced at the end of the exercise, has the same law
as (0By, t > 0), where 02 = E[X?], in (b) above. In this setting, the process
(T}, t > 0) may be defined as the first hitting time process of o B, that is,
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for any ¢t > 0, T, = inf{s > 0,0B; > t}. Since 0B has independent and
time homogeneous increments, the same properties hold for the increments of
(T}, t > 0) and the results of questions 3 (a) and 3 (b) follow.

(b) We leave to the reader the project of amplifying this exercise when the T}s are
replaced by stable(u) variables, i.e. variables which satisfy

Elexp(—=AT;)] = exp(=A"), X >0,

for some 0 <y < 1 (the case treated here is p = 1/2).
**5.12 The empirical process and the Brownian bridge

Let Uy, Uy, ... be independent r.v.s which are uniformly distributed on [0,1]. We
define the stochastic process b™ on the interval [0,1] as follows:

b () = /i (% zij 0. (Ux) — t) . telo1]. (5.12.1)

1. For any s and t in the interval [0,1], compute E[b™(¢)] and Cov[b™ (s), b (t)].

2. Prove that, as n — oo, the finite-dimensional distributions of the process
(b™(t),t € [0,1]) converge weakly towards those of a Gaussian process,
(b(t),t € [0,1]), whose means and covariances are the same as those of b(™.

Comments and references: The process b™ is very often involved in mathematical
statistics and is usually called the empirical process. For large n, its path properties
are very close to those of its weak limit (b(¢),¢ € [0,1]) which is known as the
Brownian bridge. The latter has the law of the Brownian motion on the time
interval [0,1], starting from 0 and conditioned to return to 0 at time 1. Actually, the
convergence of b™ towards b holds in much stronger senses. This is the well known
Glivenko—Cantelli Theorem which may be found in the following references.

G.R. SHORACK: Probability for Statisticians. Springer Texts in Statistics, Springer-
Verlag New York, 2000.

G.R. SHORACK AND J.A. WELLNER: FEmpirical Processes with Applications to
Statistics. Wiley Series in Probability and Mathematical Statistics: Probability and
Mathematical Statistics. John Wiley & Sons, Inc., New York, 1986.

See also Chapter 8, p. 145, of Toulouse [58].
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**5.13 The Poisson process and Brownian motion

Let ¢ > 0, and assume that (Nt(c),t > () is a Poisson process with parameter c.
Define: X\ = N9 — ¢t.

Show that, for any n € IN*, and any n-tuple (ti,...,t,) € IR!, the random
vector %(Xt(f), . ,Xt(f)) converges in law towards (5, ..., 0, ), as ¢ — oo, where
(B, t > 0) is a Gaussian process. Identify this process.

Comments: The processes (Nt(c),t > 0) and (0, t > 0) belong to the important class
of stochastic processes with stationary and independent increments, better known
as Lévy processes. The Poisson process and Brownian motion may be considered as
the two building blocks for Lévy processes.

**5.14 Brownian bridges converging in law to Brownian
motions

Define a standard Brownian bridge (b(u), 0 < u < 1) as a centred continuous
Gaussian process, with covariance function

Eb(s)b(t)) =s(1—t), 0<s<t<1. (5.14.1)

1. (a) Let (B;, <t <1) be a Brownian motion. Prove that
b(u)=B, —uB;, 0<u<l (5.14.2)

is a standard Brownian bridge, which is independent of B;. This justifies
the following assertion.
Conditionally on By = 0, (B,, 0 < u < 1) is distributed as (B, —uBi, 0 <
u<1).
(b) Prove that (b(1 —u), 0 <u < 1) "2 (b(w), 0 < u < 1).
From now on, we shall use the pathwise representation (5.14.2) for the Brow-
nian bridge.

2. Prove that, when ¢ — 0, the family of processes indexed by (u, s, t)

{(b(u), W< 1) (lb(cs), 0<s< 1) : (\25(1 Cet) 0<t< i)} ,

Ve c
(5.14.3)
converges in law towards
{(b(u), u <1); (Bs, s >0); (B, t >0)}, (5.14.4)

where b, B and B’ are independent and B, B’ are two Brownian motions.
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3. Prove that the family of processes
(VXb(exp(—t/X)), t > 0)

converges in law, as A — 400, towards Brownian motion.

Comments and references: These limits in law may be considered as “classical”;
some consequences for the convergence of quadratic functionals of the Brownian
bridge are discussed in

G. PECCATI AND M. YOR: Four limit theorems involving quadratic functionals
of Brownian motion and Brownian bridge. In Asymptotic Methods in Stochastics,
Amer. Math. Soc., Comm. Series, in honour of M. Csorgé 44, 75-87 (2004).

*5.15 An almost sure convergence result for sums of stable
random variables

Let X1, Xs,...,X,,... be i.i.d. stable r.v.s with parameter a € (0,2], i.e. for any
n>1,
_1 (law)
n=% S, @) x| (5.15.1)

where S,, = > ; Xi. Prove that for any bounded Borel function f,

1 &1 1
og ,; %f (k:_ESk) — E[f(Xy)], almost surely as n — +oo. (5.15.2)

Hint: Introduce the associated continuous time stable Lévy process (S;):i>0, and
apply the ergodic theorem to the re-scaled process Z; = e‘éSet, and to the shift
transformation.

Comments and references: In the article:

P. ERDOS AND G.A. HUNT: Changes of sign of sums of random variables. Pac.
J. Math., 3, 673-687 (1953)

the authors proved a conjecture of P. Lévy (1937), i.e. for any sequence of partial
sums S, = X1 +---+ X, of i.i.d. r.v.s (X,,) with continuous symmetric distribution,

. 1 1 1
J\}l—{noo log N Z %]I{SPO} Pk s

k<N

This almost sure convergence result has been later investigated independently in

P. ScHATTE: On strong versions of the central limit theorem. Math. Nachr., 137,
249-256 (1988)
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and

G.A. BROSAMLER: An almost everywhere central limit theorem. Math. Proc.
Camb. Philos. Soc., 104, no.3, 561-574 (1988).

where the authors proved that any sequence of i.i.d. r.v.s (X,,) with E[X;] = 0 and
E[| X, **%] < oo, for some § > 0 satisfies the so called “Almost Sure Central Limit
Theorem”:

> ;H{iq} =¢(z), as., forall ze€lR,

k<N Vk

lim ——

Nl—rgo log N
(¢ is the standard Gaussian distribution function). It was shown slightly later that
the constant 0 may be assumed to be zero.

Many further developments have been made on this topic. The later ones concern
for instance: r.v.s which are in the domain of attraction of a stable law (our exercise
is a particular case), continuous time semi-stable processes, etc. An exhaustive
survey on the topic is done in

I. BERKES: Results and Problems Related to the Pointwise Central Limit Theorem.
Asymptotic methods in probability and statistics (Ottawa, ON, 1997), 59-96, North-
Holland, Amsterdam, 1998.

Complements to Exercises 5.1 and 5.7:

(C.1) Question 3 of Exercise 5.1 may be completed as follows:

(i) If a sequence of independent variables (Y;,) satisfies:
y,, () o2 Y, withY >0, E[Y] =1, then ¥,062 < oo if and only if ,)Y;, <
00, a.s.

(ii) Exhibit a sequence (Y;,) of independent R,-valued r.v.’s such that E[Y,] =1
(hence: X, E[Y,] = 00), but P(%,Y, < 00) =1
Solution: P (Yn = ﬁ) =1— 25 P(Y,=n>—1) = .

(C.7) Question 3 of Exercise 5.7 may be completed as follows:

Let o > 1, and let X7, X5, ..., be a sequence of independent r.v.’s such that: P(X; €
dy) = CIZU/% L{|y|>1}, for a certain constant c. Give a necessary and sufficient condition
on a deterministic sequence (¢(n),n € IN) such that: ¢(n) — oo, as n — oo, which
implies:
X1+ + X, (aw
p(n) n—o0
where Z is [-stable, for some 3 € (0, 2).

Z,

Solution: o € (1,3); take p(n) =n'/*"1, B=a—1;
a=3; p(n) = (nlogn)'/?, § =2
a>3;¢(n)=v/n, =2
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Solutions for Chapter 5

Solution to Exercise 5.1

1. The sum of r.v.s 3°; X2 converges in L' if and only if:

ZE[XZQ} :Z(Ji?—i-uf) < 00.

2. We show that under assumption (5.1.1), 3°; X? belongs to L?. First observe that
we can write X; as 0;Y;+ u;, where Y is a sequence of independent, centred Gaussian
variables with variance 1. Therefore we have:

IS X2, < IS o2V, + S 20l + S 2
< VP XS 0F + 1Yl X 2ousul + 3 42,

which is finite thanks to the inequality 2|o;u;| < o2 + p?. Thus, 37, X? converges
in LP towards >°3°, X?, by Lebesgue’s dominated convergence.

3. Let Y be a centred Gaussian variable with variance 1. For every n, we have:

E [672;;1)(:‘2} =11E [eif"fyz] =J+ 201-2)*% .
Since Y1 4 207 <17, (1 + 20?%), when n — oo, E [e_ ZLX{-"} converges towards 0.
This proves that P(lim,, ., 3" ; X? = +00) > 0. But the event

{lim,, 100 21"y X? = +00} belongs to the tail o-field generated by (X, n € IN),
which is trivial, so we have P(lim, ... 3" X? = +00) = 1.

Solution to Exercise 5.2

1. Since ﬁl = [y duu®, it follows that E[f(X,)] converges towards [ du f(u) for

any polynomial function f defined on [0,1]. Then, the Weierstrass Theorem allows
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us to extend this convergence to any continuous function on [0,1]. So (X,, n > 0)
converges in law towards the uniform law on [0, 1].

2. We may use the same argument as in question 1. Another means is to consider
the Laplace transform vy, of X,,. For every A > 0, ¢x, (\) converges towards

D =2

k>0 k>0

(V)" a
k' a+k

(=1*

SLE(X = B[,

where X is an r.v. whose law has density: am“_l]l{xe[o,l]}. So (X,, n > 0) converges
in law towards the distribution whose density is as above.

Solution to Exercise 5.3

1. It suffices to show that for any pair of bounded continuous functions f and g,

lim E[f(p(Xn))g(Ya)] = ELf((X))g(Y)]-

n—oo

Let g, be a uniformly bounded sequence of Borel functions which satisfies:

Elg(Yn) | Xn] = gu(X,) -

From the hypothesis, X, converges in law towards X. Since the law of X,, does not
depend on n, this law is the law of X. So, we can write:

Elf (p(Xn))gn(Xn)] = E[f(0(X))gn(X)] -

Set h = f o and let (h,) be a sequence of continuous functions with compact
support which converges towards h in the space L'(IR, By, vx), where vy is the law
of X. For any k and n, we have the inequalities:

[E[(X)gn(X) = M(X)g(V)]] < E[[A(X)gn(X) = hi(X)gn(X

+ B (X)ga(X)] = Elhi(X)g(Y)]]
+ E[h(X)g(Y) = h(X)g(Y)]]
BE[|M(X) = hi(X)]]

+ B (X)gn(X)] = Elhi(X)g(Y)]]
+ BE[|hi(X) = h(X)I],

IN

where B is a uniform bound for both ¢ and g,, that is |g| < B and |g,| < B, for all
n. Since hy is bounded and continuous, and from the hypotheses of convergence in
law, we have for every k:

Tim [ (X)g,(X)]~ Elh(X)g(¥)]| = lim [E[h(X,)g(Ya)]~ Elhi(X)g(¥)] = 0.
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Finally, since hy(X) converges in L*(Q, F, P) towards h(X), the term E[|hy(X) —
h(X)|] converges towards 0 as k goes to co.

2. To construct a counter-example, we do not need to rely on a bivariate sequence
of rv.s (X,,Y,). It is sufficient to consider a sequence (X,,) which converges in law
towards X and a Borel discontinuous function ¢, such that ¢(X,,) does not converge
in law towards ¢(X).

A very simple counter-example is the following: set X,, = a + %, with a € IR and
n > 1. Define also p(z) = I<4y, © € IR, then X, converges surely, hence in law,
towards a, although ¢(X,) =0, for all n > 1. So, it cannot converge in law towards

p(X) = pla) = 1.

Solution to Exercise 5.4

Let F;, be the distribution function of % (supign Xi>. For every z € IR, F}, is given
by:

Fuz) = P <1 <supX,.> < x) — P(X, < na)"

n \i<n

- (- [y

If z < 0, then since P(X; < nz) decreases to 0 as n — oo, F,(x) converges to 0.

Suppose x > 0. In that case, F,(x) ~ exp (—n

foo ady _ foo nadz
ne w(aZ+y?)  Jr  T(a2+4n2z2)’

. ~ adz a
nl—lgloo F,(xz) = exp (—/m @) = exp (_E) :

To conclude, we check that the function F' given by F(z) = lim,_ F,(z) =
1
Too

o9 ady

na W)’ as n — +OO, and since

we have

exp (—%) To,0)(x), for all z > 0, is the distribution function of where T, is

an exponential r.v. with parameter ¢ = %:
1 1
eXp(—E) :P<Tc>—) :P<—<x> .
T T T.

Comments on the solution: The law of (%) is a particular case of the Fréchet

distributions (with distribution function: exp(—az~%), a > 0, @ > 0), which are
themselves a special class of limit laws for extremes. See, for example:

P. EMBRECHTS, C. KLUPPELBERG AND T. MIKOSCH: Modelling Extremal Events.

For Insurance and Finance. Applications of Mathematics, 33. Springer-Verlag,
Berlin, 1997.
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Solution to Exercise 5.5

1. Let M be a matrix such that K = M*M and set

f(z) = max (Mx),.

1<i<n

Then we can check from Cauchy—Schwarz inequality, that f is Lipschitz with:

1
n 3
— 2 5
I flluw = (lrg%:i;M”) _fEfE;E[X 2=0,
hence question 3 of Exercise 3.10 implies:

7‘2
P <max X; > E[max X|] +07“) <e 7.

1<i<n 1<i<n

2. Question 1 yields the inequality

1
hr%igop 5 logP(max X;>r) < 557

To get the other inequality, it suffices to note that for any i =1,...,n
7‘2
( ) T exp <_F)
P(maxX >r> >P(X;>r :1—@(—) >
1<i<n 0; /—27_r (1 + UL)

where 0; = E[X2)2 and ® is the distribution function of the centred Gaussian law
with variance 1. Hence,

lim 1nf — log P(maXX >r)>—

r—00 2 202"

for all 1 < n.

Solution to Exercise 5.6
1. Let f be a bounded Borel function defined on IR;. We have

1 o 1 1 1 — cosh
E [f (— COSth)} = / f (— Coshu) — sinh u exp (ﬂ> du .
n 0 n n n

With the change of variables z = %cosh u, we obtain du = % and

E {f (%costhﬂ = /;O f(z)exp <1 —nnm) dx,

n
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which shows that the law of 1 - cosh X, has density exp (— - x) | SR

—n

2. From above, the r.v. (cosh X, — 1) follows the exponential law with parame-
ter 1, thus <osb X" converges in law towards the exponential law with parameter 1.
Consequently, log COS};X converges in law towards Y = log X, where X follows the
exponential law with parameter 1, that is

Blf(log X)] = [~ e flloga)de = [~ e 'erf(y)dy

3. Since log(cosh X,,) — logn converges in law towards ¥ < oo, a.s., the ratio

% — 1 converges in law (and thus in probability) towards 0.

Write: % = log"n + W. Since X,, is a.s. positive, log(1 + e=2X»)
_2XTL —

is a.s. bounded by log2 and W converges a.s. towards 0. We conclude

B, q,

l gn n—oo

from above that:

4. From the preceding question, we know that

1 —2Xn aw
log (eX” (Jre—)) log n(l—> Y,

2 n—oo

from which we deduce:

)

X, — (logn) —log o)y,

A direct proof of this result may be obtained by writing:

1 o]
E[f(X, —logn)] = - / (sinh(v + log n))en(1 cosh(v+logn)) £ () ),

—(logn)

for a bounded function f on IR, and letting n tend to 400

Solution to Exercise 5.7

Wl - - m
U

hence, the law of X has density: ﬁﬂ{lw\zl}-

(@) + ) 5
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2. The characteristic function of X is given by:
1 it —it
t) = - |[Flexp|—=]||+F |exp| —=
et = 5 (2 |ow (75)] +# e (7))

t o0 d
= E[cos\/v}:%Q/t cosx;f, telR.

When ¢ goes towards 0, ox () — 1 is equivalent to t?log t, so when n goes towards oo,

n
the characteristic function of £1=2EXn that is ( oy L t € IR is equivalent
v/ nl ’ \/nlogn ’

nlogn

t2 1 1 "

1+ <logt——logn——loglogn) , telR.
nlogn 2 2

to

2
When n goes to oo, the latter expression converges towards e‘t?, for any t € IR,

which proves the result.

3. Let € and U be as in question 1. We easily check that the law of X = eU” = has
the density which is given in the statement of question 3. Its characteristic function
is E[e"*] = (24 a)t*™ [° cosz %, and is equivalent to 1 — £:%¢? when ¢ goes
to 0. Therefore, if ¢*(n) — 400, as n — oo, then the characteristic function of

% is asymptotically equivalent to ( _ 2o

2a ¢?(n)
. . _2 . .
This expression converges towards e~z if ©?(n) is equivalent to QfTan, as n — oo.

)n, for any t € IR, as n — oo.

Note the important difference between the setups of questions 1 and 3; in the
latter, the classical CLT assumptions are satisfied.

Solution to Exercise 5.8

1. First we show that (|U, — X, n > 1) is uniformly integrable, which follows from
the fact that this sequence is bounded in L? (see the discussion following Exercise
1.2). Here are the details. Indeed, for every n > 1:

B(U, - X < (B[U2) + E[X7})” .
But E[U2] = >3, E[Y}2] =1, so that, E[|U, — X|*] < (1 + E[XQ]%)Z. Now, from
the Cauchy—Schwarz and Bienaymé—Tchebychev inequalities, we have for any a > 0:
a E(|U, — X|Tjju,-x>a}) < E[(U,, — X)?]. Hence
1 172
B(Un = X Mo, —x150) < = (14 B[XYE)

50 limg—to0 SUP,en El|Un — X| v, - x5y} = 0 and (|U, — X|, n > 1) is uni-
formly integrable. Moreover, applying the Central Limit Theorem, we obtain that
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(|U, — X|, n > 1) converges in law towards |Y — X|, where Y is an independent
copy of X, (recall that (U,) is independent from X). From the result of Exercise
1.3, we conclude that:

Tim B[|U, — X[] = BV — X|] = % (5.8.0)

The last equality follows from the fact that X — Y is a centred Gaussian variable
whose variance equals 2 (see Exercise 3.8).

2. From the independence between the r.v.s Y,,, we can write, for any bounded
continuous function, f, defined on IRP*™:

E [f(V,.... Y, Un)l

1 1
= /]RPE|:f<y17'~~7yp7%(yl+"'+yp)+%(yvp+1+"'+yn)>:| X
P(Y) € dyy,....Y, €dy,).

The Central Limit Theorem ensures that for any (v1,...,v,) € IR?,

lim, oo F {f <y1,...,yp,%(yl+...+yp)+%()@+1+.._+YH)>]
= E[fyi,- 9 X)),

where X is a centred reduced Gaussian variable. Finally, from above and since f is
bounded,
lim E[f(Yi..... Y, Un)] = E[f(Vi,.... Y, X)].

Hence, when n goes to oo, (Y1,...,Y,,U,) converges in law towards (Y7,...,Y,, X),
where X is a centred reduced Gaussian variable which is independent of (Y3, ...,Y}).

3. If U, would converge in probability, then it would necessarily converge towards an
r.v. such as X defined in the previous question. Let us assume that when n goes to

oo, U, B, X, where X is a centred Gaussian variable with variance 1, independent
of the sequence (Y,,, n > 1). Since from question 1, |U,, — X|, n > 1 is uniformly

1
integrable, the convergence in probability implies that U, L X, But, from (5.8.a)
E[|U, — X|] converges towards <=, which contradicts our hypothesis. So U, cannot
converge in probability.

4. Set Goo = NMyo{Yy, Ypi1,...}. It follows from the hypothesis that for any n > 1
and m > 1 such that n < m, o{Y1,...,Y,} is independent of o{Y} : k > m}. Since
for any m > 1, Goo C 0{Y} : k > m}, the sigma-fields o{Y7,...,Y,} and G, are
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independent for any n > 1. An application of the Monotone Class Theorem shows
that o{Y1,...,Y,,...} and G, are independent. Since G, C o{Y7,...,Y,,...}, the
sigma-field G, is independent of itself, so it is trivial.

Now assume that U, converges in probability. It is well known that hence the
limit would be measurable with respect to G,. According to what we just proved,
this limit must be constant, but this would contradict the Central Limit Theorem.

Comments on the solution: Actually, the property proved in solving question 4,
is valid for any sequence of independent random variables and is known as Kol-
mogorov’s 0—1 law.

Solution to Exercise 5.9

Set S,, = ﬁ > (X; —m) and let N be a Gaussian, centred r.v., with variance
1 (defined on an auxiliary probability space). Our goal is to show that for any
bounded continuous function f with compact support on IR,

Eolf(Sn)] — E[f(N)], asn — oc. (5.9.a)

For k > 1, put Dy, = Ep[D | Gil, with G, = o{X1,..., Xx}. Since we deal only with
variables X1, Xs,..., X, ..., we may assume, without loss of generality, that D is
measurable with respect to Goo = limgjoc Gr. We then write:

EQlf(Sn)] = Ep[(D — Di) f(Su)] + Ep[Dy f(Sn)] - (5.9.b)
Applying the result of Exercise 1.5, together with the inequality:
|Ep((D — D) f(Sa)ll < Ep[|D — Dil] I £l ,

we see that the first term of (5.9.b) converges towards 0, as k goes to oo, uniformly
in n. It remains to show that for any k£ > 1,

Ep[Drf(S,)] — E[f(N)], asn— oo. (5.9.c)

To this aim, put S, = U—\l/ﬁ S . (X; —m) and note that, since Sy, is independent
of Gx and Ep[Dy] = 1, one has

Ep[Dy.f(Skn)l = Ep[f(Ska)] — E[f(N)], asn — oo. (5.9.d)
Since f is uniformly continuous and [Sy,,, — S,| — 0 a.s., as n — +o0,
|Ep[Dif(Skn)] — Ep[Drf(S,)]] = 0, asn — +oo, (5.9.e)

by Lebesgue’s Theorem of dominated convergence. This finally leads to (5.9.c), via
(5.9.d) and (5.9.¢).
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Solution to Exercise 5.10

1. This follows easily from the Mellin transform formula:
I'1—s)
I'(1—ps)’

which was derived in Exercise 4.17 (cf. formula (4.17.4)). Hence, lim,,_o E[(T},)**] =
I'(1 — s), which proves the result.

E(T,)"*] = for s < 1,

2. This follows from question 1, since:

T K
log <?’f> = plog T, — plog T,

I
converges in law towards log Z — log Z’.

3. The identity in law: Z (law) 1 _ follows, e.g., from the beta—gamma algebra,
Z U

since (Z,2") (law) (U,1-U)(Z+ Z") (use question 1 of Exercise 4.2). Passing to the
limit in formula (4.21.3), as u — 0, one obtains, as u — 0:

(7)) =5
T, (y+1)?

and the right hand side is the law of £ — 1.

Solution to Exercise 5.11

1. Question 3 of Exercise 4.15 allows us to write

oo (Cangn)| = e o ()] = (-55%).

i=1

for every A € IR. This shows that the sequence =37, &?T; converges in law if
and only if % >, €i converges towards a finite real value, say €. In this case, the
n

Laplace transform of the limit in law is: e~ V2Ae , A > 0. We deduce from question 3
of Exercise 4.15 that this limit is the law of €27

n dx

2. (a) The series >, 2%/; may be compared with the integral [i" 37, so it is equiv-
alent to v/n and in this case, ﬁ >, €; converges to 1. Applying question 1, we see
that S,, converges in law to u.
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(b) First write Sp, = 2210 + & Zfﬁ(k,l)nﬂ e2T;. It is clear from question 1
that the first term on the right hand side converges in law to %Tl. The Laplace
transform of the second term is

)\2 kn )
P\ =y, 2 &l

i=(k—1)n+1

5 . A % 1
=exp | ————= — |-
2VEN i D Vi

1 kn 2
It converges to exp (— asn goes to 0o, so the sequence - 33" 1)1 & L

I, S

(k—i-\/Ex/k—T)) ’
. 1 . .

converges in law to mTQ, as n goes to co. Since both terms in the above

decomposition of Sy, are independent, we can say that (S(x_1)n, Sk,) converges in

law to (Tl, BT 4+ (H\/Elm)Tg), as n goes to oo.
(c) The p-dimensional sequence (S, Sop, ..., Spn) may be written as

1 n 1 pn
ZSQT,,—ZsQT—I—— ZsQTZ,...,—Ze?TH—---—I—— Z Ty | .
iz s P p—nt1
Since for each k£ < p, the variables - Z] (1)t Ei 2Ty, § = 1,2,...,k are inde-
l . o
pendent and converge respectively in law to F GV \/*)T , the limit in law of

(Sn, SQn, e ;Spn) 18
1 1 kg 1 P 1
T, =T+ —=T ..., > > L ——="T; | .
(121 2427 :k]-l-\/_\/— SrU+VIVi—T) J)

(d) From above, we see that when n goes to 0o, Sy, — S,, converges in law towards
o \/-TQ 1Ty which is non-degenerate. This result prevents S, from converging in
probablhty.

3. (a) The p-dimensional sequence (S;,,5},,...,5; ) may be written as
[t n] [t3n] [t3n] [t7n]
Z€2ﬂ,—252T+ NoogT,. ., =Y T+ +— Y. T,
i=[t2n]+1 s i 1

For each k < p, the Laplace transform

A,
E[exp(—?(Stk—S%_l)] = Flexp|—— Z e2T;
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A > 0, converges towards Efexp(—2 5 (1, — Ty, )] = exp (= A(ty — tr—1)). It follows
from the independence hypothesis that the r.v.’s (S;, — S} )i<k<p are independent,
hence so are the increments (T}, — T}, ,)1<k<p-

In conclusion, the finite-dimensional distributions of the process (S, (t),t > 0)
converge weakly towards those of a process with independent and time homoge-
neous increments. The increments, T;, — T}, ,, of the limit process are such that
(ty — tp_1)"2(Ty, — Ty, ) has law p. This process is the so-called stable(1/2) subor-
dinator.

(b) The increments of the process (§,(t), t > 0) at times ¢; < --- < t, are

[nt1] 1 [nt2] 1 [ntp]
Z i S Xy —= Y Xi
\/_ nt1 +1 \/ﬁl [ntp 1]+1
Put ty = 0 and call o2 the variance of the X;s and ¢ their characteristic function.

For each k=1, ...,p, we can check that \/1— > nt’;tk 41 X, converges in law towards

a centred Gaussian variable with variance o2(t; — t;_1) as n goes to +o0o. Indeed,
[ntk]

i—nty_1]+1 <% 1S equal to:

the characteristic function of the r.v. ﬁ >

" [nti]—[ntk—1] o2 1 el | |

nt — . — 1——t2 T\ Inte]—=[ntp—1 tE]:R
eutt) = (72) (1T o) ,
When n tends to 400, ¢,(t) converges towards exp (——(tk — tpe 1)) Finally,
note that the increments of the process (&,(t), t > 0) at times t; < --- < t, are
independent. So, we conclude as follows.

The finite-dimensional distributions of the process (§,(t),t > 0) converge weakly
towards those of a process with independent and time homogeneous increments. The
increments of the limit process at times ¢; < --- < t, are centred Gaussian variables
with variance o(t;, — t;_1), k = 2,...,p. Hence, the limit process is (¢By, t > 0),
where (B;, t > 0) is a Brownian motion.

Solution to Exercise 5.12

1. Let s and ¢ belong to the interval [0, 1], and write b (¢) = ﬁ > i1 (T, (Uk) —1).
We have .
Ep™ )] = —= > (PUs <) —1) = 0.
k=1
Suppose that s < t¢; from the independence between the r.v.’s Uy, we obtain:

1 n
Cov[b™(s), 6™ (1)] = — >~ Cov(lip(Us), T, (Ur))
k=1

= s—st,
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so that for any s and ¢,
Cov[p™(s),b™ ()] = s At — st. (5.12.a)
2. Let A\; >0 and t; € [0,1],i=1,...,7, for any integer j > 1 and write:
1 n
ZAb(” Z(ZAHMUk Zu) (5.12.b)
k 1 \i=1

From (5.12.b) and the Central Limit Theorem, we see that 37", A\;b((t;) converges
in law towards a centred Gaussian variable with variance:

J
ar (Z )\i]I[O,ti](Uk ) ZAQ t — 1 ) + Z )\ A (t /\tl/ - titi/).

i=1 1<i#i'<j
It means that (b(”)(tl) , (™) (;)) converges in law towards a centred Gaussian
vector (b(t1),...,b(t;)) whose covariance matrix is given by:

COV(b(ti), b(tﬂ)) = ti A ti’ - titi’ .y i, 7;/ = 1, e 7j 5

which allows us to reach our conclusion.

Solution to Exercise 5.13

The Poisson process with parameter c, (Nt(c), t > 0), is the unique (in law) increasing
right continuous process with independent and stationary (or time homogeneous)
increments, such that for each ¢ > 0, NV, ) has a Poisson distribution with parameter
ct. It follows that the process (Xt(c),t > 0) also has stationary and independent
increments. Set ¢y = 0 and let (¢q,...,t,) € ]PJ}r be such that t; <t < -+ < 1,

then the r.v.s (X7 X9 — x{

t1 9

kE=1,...,n X, () _ X' has the same distribution as th “t,_, Let us compute

th—1

Xtc) Xtc |) are independent and for each

the characterlstle function of ﬁth,tk_ .- For any A € IR, we have:

(i)
= exp (~iA(ty — th)VE — elty — i) 3 (C(tk—n+l))”eﬂn

n=0

— exp <—c(tk e )(1 = ) — Aty — t,H)\/E> .

When ¢ — o0, the latter expression converges towards exp (—%z(tk — tk,l)), which
is the characteristic function of a centred Gaussian variable with variance t;, — t,_1.
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This shows that, when ¢ — oo, the random vector %(Xt(f), Xt(zc) — Xt(f), e ,Xt(s) —

Xt(c)_l) converges in law towards a random vector whose coordinates are independent
centred Gaussian r.v.s with variances ty—tx_1, k = 1,...,n. So, we conclude that the
random vector ﬁ(Xt(f), . ,Xt(j)) converges in law towards (8, ..., 8,), as ¢ — 0o,
where ((;,t > 0) is a centred Gaussian process which has stationary and independent
increments. The latter property entirely characterizes the process (G;,t > 0), which
is known as Brownian motion and has already been encountered in question 3 (b)
of Exercise 5.8. From above, one may easily check that the covariance of Brownian
motion is given by:
ElBsf) =sNt, s,t>0.

Comments on the solution: As an additional exercise, one could check that the
process (Nt(c), t > 0) may be constructed as follows.

Let (X)k>1 be a sequence of independent exponential r.v.s with parameter c. Set
Sp=>1_1 Xk, n>1, then

(N9, ¢ > 0) () <Z Tis, <y, t > 0) .

n=1

Solution to Exercise 5.14

1. (a) This follows immediately from the Gaussian character of Brownian motion,
and the fact that

Eb(u)Bi]=u—u=0.
(b) It suffices to write b(1 —u) = By_, — (1 —u)B; = uB; — (B; — By_,), and to
use the fact that (—(B; — Bi—,),0 < u < 1) is a Brownian motion.

2. We first write ( bleu), 0 <u < %) and (Lb(l —cu), 0 <u< %) in terms of B

1
Ve

7

1 1
%b(cu) = %Bcu — VcuBy,
ib(CU) = L (Bl—cu - (1 - Cu)Bl) )

Ve Ve

and it follows that this question may be reduced to showing the following: for fixed
U, S, T >0, the process

1 1
(5.14.a)

converges in law towards (B, 3, '), a three-dimensional Brownian motion. This
follows from the fact that the mixed covariance function E [BU%BCS} converges
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towards 0 as ¢ goes to 0, and that each of the three families which constitute (5.14.a)
is constant in law (i.e. its law does not depend on c).

3. By writing v Ab(e %) = VAb(1— (1 —e %)) and using the time reversal property
of the Brownian bridge, it suffices to show that \/Xb(l - e_i) converges in law
towards Brownian motion. Now, using the representation of b as b(u) = B, — uBjy,
u < 1, we can replace b in VAb(1 — %) by B, a Brownian motion.

Finally, we can restrict ourselves to ¢t < T, for T fixed and then with the help of the
% — ¢ Holder property of the Brownian trajectories (B,, u < T'), we have

A (et =5 (5)

as A — oo. Now the result follows from the scaling property.

@)

Solution to Exercise 5.15

Let (S;)i>0 be the stable process which satisfies S (law) X3, that is a continuous
time cadlag (i.e. right continuous and left limited) process with independent and
stationary increments satisfying the scaling property

tma g, 1) g (aw) x (5.15.a)

The process Z defined from S by the Lamperti transformation Z; = e~ wS., t >0
is stationary, i.e.

for any fixed s, (Zy15,t>0) = (e_%s s, £ > 0) (ta) (Zy, t >0),

has independent increments. Hence the tail o-field Mo{Z; s, s > t} is trivial and
from the Ergodic Theorem,

%/Otf (Zu)du — E[f(Z))], as. ast — oc.

From the change of variables v = €* and the scaling property of S, we obtain:

1 t 1 1
gt o/ (0 7S dv = BIS(S)L, as, st — oo,

Finally, the result in discrete time easily follows from the above.

Comments on the solution: Lamperti’s transformation is a one-to-one transformation
between the class of Lévy processes (i.e. processes with stationary and independent
increments) and semistable Markov processes (i.e. non-negative Markov processes
satisfying a scaling property such as (5.15.a)). This transformation (and more on
semistable processes) is presented in:

P. EMBRECHTS AND M. MAEJIMA: Self-similar Processes. Princeton University
Press, 2002.



Chapter 6

Random processes

What is a random process ?

In this chapter, we shall consider on a probability space (2, F, P), random (or
stochastic) processes (X, t > 0) indexed by ¢ € IR,, that is applications (¢,w) —
Xi(w) assumed to be measurable with respect to By, ® F, and valued in IR (or C,
or IRY).

In the early stages of developments of stochastic processes (e.g. the 1950s, see
Doob’s book [17]), it was a major question to decide whether, given finite di-
mensional marginals {j, 4, }, there existed a (measurable) process (X, t > 0)
with these marginals. Kolmogorov’s existence theorem (for a projective family of
marginals; see, e.g., Neveu [43]) together with Kolmogorov’s continuity criterion

E[|X; — X,[F] < C|t —s|'*®, t,5>0,

for some p > 0, ¢ > 0, and C' < oo, which bears only on the two-dimensional
marginals, often allows us to obtain at once continuous paths realizations. It has also
been established (Meyer [40]) that on a filtered probability space (2, F, (Ft)e>0, P),
with (F;)i>0 right continuous and (F,P) complete, a supermartingale admits a
“cadlag” (i.e. right continuous, with left limits) version. As a consequence, many
processes admit a cadlag version, and their laws may be constructed on the corre-
sponding canonical space of cadlag functions (often endowed with the Skorokhod
topology). Once the (fundamental) question of an adequate realization solved, then
the probabilistic study of a random process often bears upon its Markov (or lack
of Markov!) property, as well as upon all kinds of behavior (either local or global),
and also upon various transformations of one process into another.
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Basic facts about Brownian motion

In this chapter, we draw more directly on research papers on Brownian motion,
(and more generally stochastic processes). Thus, the reader will see how some of
the random objects (random variables, etc.) used in the previous chapters appear
naturally in the Brownian context. Also, a few times, we have given less details in
the proofs, and have simply referred the reader to the original papers.

Among continuous time stochastic processes, i.e. families of random variables (X;)
indexed by t € IR, Brownian motion — often denoted (B, ¢ > 0) — is one of the
most remarkable:

(i) It is a Gaussian process: for any k-uple t; < to < ... < ti, the random vector
(By,, Bty - .., By,) is Gaussian, centred, with:

(ii) It has independent and stationary increments: for every t; < to < ... < ty,
By,,B, — By,,..., By, — By,_, are independent, and B;, — B,, | is distributed as

(i) Almost surely, the path: ¢ — B, is continuous; more precisely, it is locally
Hélder of order (3 — ¢), for every € € (0, 3).

(iv) It is a self-similar process of order %, i.e.
for any ¢ > 0, (B, t > 0) (law) (v/cBy,t > 0).

(Note that the previous chapter just ended with a reference to self-similar processes.)

(v) It is the unique continuous martingale (M, t > 0) such that:
for any s < t, E[(M; — M,)* | F,| =t — s,

a famous result due to Lévy. (For clarity, assume that (F;) is the natural filtration
associated with (M;).)

Note also that property (i) on the one hand, and properties (ii) and (iii) on the
other hand, characterize Brownian motion.

These facts are presented in every book dealing with Brownian motion, e.g.
Karatzas and Shreve [34], Revuz and Yor [51] and Rogers and Williams [53], etc.
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A discussion of random processes with respect to filtrations

The basic notions of a constant (respectively increasing, decreasing, affine, differ-
entiable, convex, etc.) function f (which we assume here to be defined on IRy,
and taking values in IR) have very interesting analogues which apply to stochastic
processes (X;);>0 adapted to an increasing family of o-fields (F;)¢>o:

e an (F;) conditionally constant process (for s < t, E[X;|Fs] = X;) is a (F)
martingale;

e an (F;) conditionally increasing process (for s < ¢, E[X,|Fs] > X;) is a (F)
submartingale;

e conditionally affine processes are studied in Exercise 6.19; their probabilistic
name is harnesses;

e conditionally convex processes have been shown to play some interesting role in
Mathematical Finance. See:

P. BANK AND N. EL KAROUIL:A stochastic representation theorem with applica-
tions to optimization and obstacle problems. Ann. of Prob., vol. 32, no. 1B, 1030—
1067 (2004).

A fundamental result of Doob—Meyer is that every conditionally increasing process
(i.e. submartingale) is the sum of a conditionally constant process (i.e. martingale)
and an increasing process.

*6.1 Solving a particular SDE

Let (B, t > 0) denote a one-dimensional Brownian motion. Prove that the stochastic
differential equation (SDE):

t t
1
Xt=x+b/,/1+X3st+20/X5ds (6.1.1)

admits a unique solution, for every x € IR. Fix x. Show that the solution is given
by: X; = ¢(B;), t > 0, where ¢ : IR — IR is a C? function. Compute ¢.

Comments and references: A list of explicitly solvable SDEs is provided in:

P.E. KLOEDEN AND E. PLATEN: Numerical Solutions of Stochastic Differential

177



178 Exercises in Probability

Equations. Applications of Mathematics, vol. 23, Springer, 1992.
** 6.2 The range process of Brownian motion

Let (B, t > 0) be a real valued Brownian motion, starting from 0, and (F;,t > 0)
be its natural filtration.

Define: S; = sup B,, I; = 1r<11; By, and, for ¢ > 0, 0. = inf{t : S, — I, = c}.

s<t

1. Show that, for any A € IR,

A%t
M, = cosh (A(S; — By)) exp 5

is an (F;) martingale.

2 1
" 14 cosh(A¢) ~ cogh? ()\g)‘

2. Prove the formula: F [exp (—%00)}
2

Comments and references: The range process (S; — I, t > 0) of Brownian motion is
studied in:

J.P. IMHOF: On the range of Brownian motion and its inverse process. Ann. of
Prob., 13, 3, 1011-1017 (1985)

P. VarLLois: Amplitude du mouvement brownien et juxtaposition des excursions
positives et négatives. Séminaire de Probabilités, XXVI, Lecture Notes in Mathe-
matics, 1526, 361-373, Springer, Berlin, 1992

P. VarLois: Decomposing the Brownian path via the range process. Stochastic
Process. Appl., 55, no. 2, 211-226 (1995).

* 6.3 Symmetric Lévy processes reflected at their minimum
and maximum; E. Csaki’s formulae for the ratio of Brownian
extremes

1. Let X = (X;, t > 0) be a symmetric Lévy process and define its past minimum
and past maximum processes as I; = inf,<; X, and S; = sup,; X,. Prove the
following identity in law, for a fixed ¢

(S — X0, Xy — I, X)) ") (1,8, X,) ") (8, -1, -X,) . (6.3.1)
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Hint: Use the time reversal property of Lévy processes, that is

(Xy = Xy, u < t) "2 (X, u<t). (6.3.2)

2. As an application, prove that

St = Xt (aw) St
Sy — I, S, — 1,

3. In this question, X denotes a standard Brownian motion and 7" an exponential
. . 2 .
time with parameter %, independent of X. Prove that, for x,y > 0

P(ST <z —Ir < Y, Xr € da) = (633)
] _0lal sinh(6y) —9la—z| sinh(fx) —Ja+y]|
v al  PVY) a—x e S/ a d
> ( Sh(6(z + ) simh(0(z +y))° ’

P(ST - XT S xZ, —IT + XT S y) = P(ST S xZ, —IT S y) (634)
_ sinh(fz) + sinh(fy)
sinh(6(z +vy))

As an application, prove that the distribution function of the ratio Slsj T

both the following continuous integral and discrete representations:

Sy 1—a >  sinh(ax)
P ( < a) = doe ————~ 6.3.5
S1—1 2 Jo cosh? (%) ( )

admits

= (1-a) <2a§: (=D +

n=1

= 1) . (6.3.6)

n+a sin(ra

4. Check that these formulae agree with Csaki’s formulae for the same quantity:
x (1)

P(Sl‘%h Sa)z?a(l—a)z

n=1

= all—a) <¢ <1 * g) —Y <; + g) * Sinzrwa) B (11> o (638

where 1(z) = & (logT'(z)) is the digamma function.

(6.3.7)

n2 — g2

Comments and references: Formulae (6.3.7) and (6.3.8) are due to E. Csaki (reference
below), who deduced them from classical theta series expansion for the joint law of
(Si, It, X¢), (see e.g. Revuz-Yor [51], p.111, Exercise (3.15)). In the same paper,
Csaki also obtained variants of these formulae for the Brownian bridge; these have
been interpreted via some path decomposition by Pitman and Yor.

E. CsAkI: On some distributions concerning maximum and minimum of a Wiener
process. In: Collog. Math. Soc. Jdnos Bolyai, 21, North-Holland, Amsterdam-New
York, 43-52, (1979).
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J. PiTMAN AND M. YOR: Path decompositions of a Brownian bridge related to
the ratio of its maximum and amplitude. Studia Sci. Math. Hungar., 35, no. 34,
457-474 (1999).

6.4 A toy example for Westwater’s renormalization

Let (By,t > 0) be a complex valued BM, starting from 0.

1. Consider, for every A > 0, and z € C\ {0}, the equation

t
Zyds
%—z+&+A/ww. (6.4.1)
0
Identify the process (|Z;], ¢t > 0).
Show the representation:
Zy = | Z| exp(ivy,) , (6.4.2)

t
where H; = [ |Zd—s|2, and 7y is a process which is independent of |Z|. Identify ~.
0 S

2. Define P to be the law on C(IR;, C) of the process Z, which is the solution
of (6.4.1).

Show that the family (PZ)‘; zeC\ {0}) may be extended by weak continuity

to the entire complex plane €. We denote by Py the limit law of P}, as z — 0.

We still denote by (Z;) the coordinate process on C'(IRy, C), and Z; =c{Z;, s <
t}.

Show that, for every z # 0, and every ¢t > 0, P} and P? are equivalent on
the o-field Z;, and identify the Radon-Nikodym density dP/dPP.

3. Show that, for every continuous, bounded functional F' : C (]0,1],C) — IR,
the quantity

1
I A2 ds
A_zEZ F(Z)exp (_70/ |Zs|2)
where )
A2 ds
A =E 77/
exp 9 / |Zs|2

converges, as z — 0, but z # 0. Describe the limit in terms of Pg.
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4. Let (R;,t > 0) be a Bessel process with dimension d > 2, starting from 1.
Define the process (¢, u > 0) via the equation:

t
ds

log R, = ¢p,, where H; = 2

0 S

(a) Identify the process (., u > 0).
b) Prove that — H, converges in probability towards a constant which
logt
should be computed.

(c) Prove the same result with the help of the Ergodic Theorem by consid-

a
ering: [ %7 as n — oo, for some fixed a > 1.
1 s

(d) Assume now that (R, ¢t > 0) is starting from 0.
1

Show that: lo;l % converges in probability as e — 0.
£ € S

(e) Show the convergence in law, as ¢ — 0, and identify the limit of:
Wﬁ(al), where 0 1) is the increment between € and 1 of a contin-
og <

uous determination of the angle around 0 made by the process Z, under
the law Py

Comments and references: This is a “toy example”, the aim of which is to provide
some insight into (or, at least, some simple analogue for!) Westwater’s renormal-
ization result which we now discuss briefly.

First, consider a two-dimensional Brownian motion (B, t > 0) and let f,(z) =
n?f(nz), where f : IR? (~ C) — IR, is a continuous function with compact support,
such that

/dmdyf(a:,y) =1.

It was proved originally by S. Varadhan (1969) [this result has then been reproven
and extended in many ways, by J.F. Le Gall and J. Rosen in particular] that, if we
denote {X} = X — E(X) for a generic integrable variable X, the sequence:

/01 ds/ol dt{ (B — B.)}

converges a.s. and in every LP, as n — oo towards what is now called the renormal-
1zed local time of intersection ~.
Moreover, for any k € IR, the sequence of probabilities:

1 1
WT(Lk) (déf) Cn €XP <_k/0 dg/o dt{fn(Bt — Bs)}) : P|U(BS,S§1)

converges weakly to cexp(k7y) - Plo(s, s<1)-
Westwater’s renormalization result is that for the similar problem involving now
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the three-dimensional Brownian motion (B,,s < 1), the sequence (W) n > 1
converges weakly towards a probability W) which is singular w.r.t. W®©)
P|0( B.,s<1)- In other words, Varadhan’s LP-convergence result does not extend to
three-dimensional Brownian motion, although a weak convergence result holds.

Further studies were made by S. Kusuoka, showing that, under W®) | the reference
process still has double intersections. Thus, both for d = 2 and d = 3, the objec-
tive (central in Constructive Quantum Field Theory) to construct in this way some
kind of self avoiding Brownian motion could not be reached. Intensive research on
this subject is presently being done, by G. Lawler, O. Schramm, W. Werner, using
completely different ideas (i.e. a stochastic version of Loewner’s equation on the
complex plane).

~—

** 6.5 Some asymptotic laws of planar Brownian motion

1. Let (7, t > 0) be a real-valued Brownian motion, starting from 0.

(a) Let ¢ € IR. Decompose the process (e, u > 0) as the sum of a contin-
uous martingale, and a continuous process with bounded variation.

(b) Show that the continuous process:

(% / dys exp(icys);u > O)
0

which takes its values in IR x C converges in law as ¢ — oo towards
i = (0 + = 0)
V2

where v, 4/, 7" are three real-valued independent Brownian motions, start-
ing from 0.

2. Let (Z;,t > 0) be a complex-valued Brownian motion, starting from Z, = 1.

Show that, as t — oo,

t
1 Z
— |d id

log 0/ "1Z.P

converges in law towards a limit, the law of which will be described.

Comments and references: A much more complete picture of limit laws for planar
Brownian motion is given in:

J.W. PITMAN AND M. YOR: Further asymptotic laws of planar Brownian motion,
Ann. Prob., 17, (3), 965-1011 (1989).
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See also D. Revuz and M. Yor [51], Chapter XIIT and

Y. Hu AND M. YOR: Asymptotic studies of Brownian functionals. In: Proceedings
of the Random Walks conference held in Budapest (1998), 187-217, Bolyai Soc.
Math. Stud., 9, Janos Bolyai Math. Soc., Budapest, 1999.

The following articles on asymptotic distributions and strong approximations for
diffusions are also recommended:

A. FOLDES: Asymptotic independence and strong approximation. A survey. In
Endre Csdki 65. Period. Math. Hungar., 41, no. 1-2, 121-147 (2000)

E. Csaki, A. FOLDES AND Y. Hu: Strong approximations of additive functionals

of a planar Brownian motion. Prépublication 779, Laboratoire de Probabilités et
Modeles Aléatoires (2002).

** 6.6 Windings of the three-dimensional Brownian motion
around a line

Let B = (X,Y, Z) be a Brownian motion in IR?, such that By ¢ D = {z =y = 0}.

Let (6;,t > 0) denote a continuous determination of the winding of B around D,
which may be defined by taking a continuous determination of the argument of the
planar Brownian motion (X, +iY,,u < t) around 0 = 0440. To every Borel function
f IRy — IR, we associate the volume of revolution

M= {(@y.2): (@ +9) < f(l2)} C R,

t
Denote 6 = J dOs1(p,crry-
0

1. Show that,
- log f( 6 () 7
f S th -t 7 /d s <a
! 10g)\ A—00 @ e lOgt t — o0 ; v (Bu<aSu)

where (3,7) is a Brownian motion in IR?, starting from 0,

S, =supfs, and o=inf{u:p, =1}.

s<u

2. Show, by a simple extension of the preceding result, that, if @ > 1, then:

1 (1 )
- _pf
]Ogt(et Ht)ﬁ ) 0.

Show, under the same hypothesis, that, in fact:

0; — Htf converges a.s., as t — 00.
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Comments and references: The aim of this exercise is to explain how the wanderings
of B in different surfaces of revolution in IR?, around D, contribute to the asymptotic
20,

.9 1 . .
windings: Togt (law) s, as t — 00. For a full proof and motivations, see:

J.F. LE GALL AND M. YOR: Enlacements du mouvement brownien autour des
courbes de l'espace. Trans. Amer. Math. Soc., 317, 687-722 (1990).

** 6.7 Cyclic exchangeability property and uniform law
related to the Brownian bridge

Let {b;, 0 <t < 1} be the standard Brownian bridge and F the o-field it generates.
Define the family of transformations ©,, u € [0,1], acting on the paths of b as

follows:
. bt+u_bu7 1ft<1—u,
Ou(b): = { bi—(iowy) — by, Hfl-u<t<1

This transformation consists in re-ordering the paths {b;, 0 < ¢t < u} and {b;, u <
t <1} in such a way that the new process is continuous and vanishes at times 0 and
1. For a better understanding of the sequel, it is worth drawing a picture.

1. Prove the cyclic exchangeability property for the Brownian bridge, that is:
©.,(0) ") b, for any u € [0,1].
Let Z(C F) be the sub-o-field of the events invariant under the transformations ©,,
u € [0, 1], that is:
for any given u € [0,1], A€ Z, ifandonlyif T4(b)=1400,(b), P —as.

An example of a non trivial Z-measurable r.v. is given by the amplitude of the
bridge b, i.e. supg<, <1 by — info<u<i by-

2. Prove that for any functional F(b) € L'(P),
1
E[F(b) |1 :/ duF 0 0,(b). (6.7.1)
0

Hint: Prove that for every u,v € [0,1], ©,0, = Ofy4v}, where {z} is the
fractional part of x.

3. Let m be the time at which b reaches its absolute minimum. It can be shown
that m is almost surely unique. Hence, m = inf{t : b, = inf,cjo1)bs}. Prove
that m is uniformly distributed and is independent of the invariant o-field Z.

Hint: First note that {m o ©, + u} = m, a.s.
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4. Let Ay = f01 du Ty, <oy be the time that b spends under the level 0. Prove that
Ap is uniformly distributed and independent of the invariant o-field Z.

Comments and references: The uniform law for the minimum time and the time
spent in IRy (or IR_) by the Brownian bridge has about the same history as the
arcsine law for the same functionals of Brownian motion and goes back to

P. LEVY: Sur certains processus stochastiques homogenes. Compositio Math., 7,
283-339 (1939).

By now, many proofs and extensions of this uniform law are known; those which
are presented in this exercise are drawn from:

L. CHAUMONT, D.G. HOBSON AND M. YOR: Some consequences of the cyclic
exchangeability property for exponential functionals of Lévy processes. Séminaire
de Probabilités, XXXV, Lecture Notes in Mathematics, 1755, 334-347, Springer,
Berlin, 2001.

The identity in law between the time at which the process reaches its absolute
minimum and the time it spends under the level 0 is actually satisfied by any process
with exchangeable increments, as shown in

F.B. KNIGHT The uniform law for exchangeable and Lévy process bridges. Hom-
mage a P.A. Meyer et J. Neveu. Astérisque, 236, 171-188 (1996)

L. CHAUMONT: A path transformation and its applications to fluctuation theory.
J. London Math. Soc., (2), 59, no. 2, 729-741 (1999).

This property admits an analogous version in discrete time and may be obtained as
a consequence of fluctuation identities as first noticed in

E. SPARRE-ANDERSEN: On sums of symmetrically dependent random variables.
Scand. Aktuar. Tidskr., 26, 123-138 (1953).

** 6.8 Local time and hitting time distributions for the
Brownian bridge

Let P, be the law of the real valued Brownian motion starting from a € IR and
P be the law of the Brownian bridge with length ¢, starting from a and ending at

z € IR at time ¢. Let (X, u > 0) be the canonical coordinate process on C(IR, IR).
The density of the Brownian semigroup will be denoted by p, i.e.

pe(a,b) = J%exp <— (@ ;tb) ) : (6.8.1)
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1. Prove that P¥) _may be realized as the law of the process

<a+ (Bu— %Bt) —l—%x, ugt) .
2. We put, for any y € IR, T, = inf{t : X; = y}. Prove the reflection principle
for Brownian motion, that is, under F,, the process XV defined by
X/ =Xy, on {t<T,}, X/=2y—X;, on {t>T,},
has the same law as X. Let S; = sup,, X,. For x <y, y > 0, prove that
Py(Sy >y, Xy <) =FPy(X;y <z —2y), (6.8.2)
and compute the law of the pair (X3, S;) under Fj.

3. Deduce from question 1 that for any a,y € IR,
_ N2
gt == (—u> dt, t>0.

(Note that when a =y, P,(T, =0) = 1.)

0
P (T, € dt) = '8—ypt(y, a)

4. Let (Ly,u < 1) be the local time of X at level 0. Using Lévy’s identity:
(S—X,8) " (1X|,L), under Py,

prove that under Py, (X;, L;) has density:

1 \2 2
(%) (2 +y) exp (‘W) , v€R,y>0. (6.8.4)

Deduce from the preceding formula an explicit expression for the joint law
of (Xy, Lt), for a fixed ¢ < 1, under the law PO(I_),O of the standard Brownian
bridge.

Comments and references: A detailed discussion of the (very classical!) result stated
in the first question is found in:

D. LAMBERTON AND B. LAPEYRE: Introduction to Stochastic Calculus Applied to
Finance. Chapman & Hall, London, 1996. French second edition: Ellipses, Paris,
1997.

We may also cite D. Freedman’s book [24] which uses the reflection principle an
infinite number of times to deduce the joint law of the maximum and minimum of
Brownian motion, a result which goes back to Bachelier!
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L. BACHELIER: Probabilités des oscillations maxima. C. R. Acad. Sci. Paris, 212,
836-838 (1941).

Further properties of the local times of the Brownian bridges are discussed in

J.W. PiTMAN: The distribution of local times of a Brownian bridge. Séminaire
de Probabilités, XXXIII, Lecture Notes in Mathematics, 1709, 388-394, Springer,
Berlin, 1999.

** 6.9 Partial absolute continuity of the Brownian bridge
distribution with respect to the Brownian distribution

We keep the same notation as in Exercise 6.8.

1. Prove that, under the Wiener measure P, the process

U U
- - — 11 <
{a (1 t> + tx+UX(z*?)’ u_t}

has law P® . In particular, the family {P® ;a € IR,z € IR} depends con-
tinuously on a and =x.

Hint: Use the Markov property and the invariance of the Brownian law by
time inversion.

Deduce therefrom the law of Ty under P . when a # 0.

Hint: Take for granted the following result for a nice transient one-dimensional
diffusion (X%)
Pu(Ly € dt) = Cpi(a,y) dt,

where L, is the last passage time at y € IR by (X;) (i.e. Ly, =sup{t >0: X, =
y}), and pi(a,y) denotes the density of the semigroup of (X;) with respect to
Lebesgue measure dy. See the reference in the comments below.

2. Prove the following absolute continuity relation, for every s < t:

—S XS?
EY [F(Xuu<s)]=E, {F(Xu,u < S)M} , (6.9.1)
pe(a, z)
where F': C([0, s],IR) — IR, is any bounded Borel functional.
3. More generally, show that for every stopping time S and every s < t,
(t) P-s(Xs, )
Ea*)q;[I[{S<S}F(Xua u S S)] = Ea I[{S<S}F(Xua u S S)W . (692)
t\ Wy
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4. Prove the equality: for every s < t,

PO (T, < s) =B, [T -, pt—Ty—(y’m) . 6.9.3
a—>m( Y S) {Ty<s} pt(a; (L’) ( )
Then, using question 2 of Exercise 6.8, prove that for every s < t,
0 pi-s(y, )
PO (T, € ds) = ds | —ps a’ 6.9.4
a I( Yy ) ayp (y ) pt(a,«fC) ( )

and check that when y = 0, it agrees with the result found in question 1.
5. Using the symmetry property of Brownian motion, prove that:

pe(a, —x)

PO (T, <s) = 8272 p® (7 o >0 6.9.5

a—»x( 0 5) pt(a, ZE) aefx< 0 S)a z,a 5 ( )

PO (Ty <) = POTD (6.9.6)
pila, x)

Comments and references: We have just seen how the time inversion property of
Brownian motion (which is shared by only a few diffusions!) allows us to express a
Brownian bridge in terms of Brownian motion. This is further exploited in Exercise
6.13. See also related discussions in:

S. WATANABE: On time inversion of one-dimensional diffusion processes. Z.
Wahrscheinlichkeitstheorie und Verw. Gebiete, 31, 115-124 (1974/75)

J. PITMAN AND M. YOR: Bessel processes and infinitely divisible laws. In:
Stochastic integrals (Proc. Sympos., Univ. Durham, Durham, 1980), pp. 285—
370, Lecture Notes in Mathematics, 851, Springer, Berlin, 1981.

*6.10 A Brownian interpretation of the duplication formula
for the gamma function

Recall (see (4.5.2)) that the duplication formula is:

I'(2z) = \/I_QQZ%F(z)F <z + ;) .

2T

1. Prove that (4.5.2) is equivalent to the identity in law

7" 2 7,7, (6.10.1)

where Z, denotes the standard gamma variable with parameter a, and Z; and
Zy/2 are assumed to be independent.
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Remark that (6.10.1) may also be written as

7, ")\ 27, IN]|, (6.10.2)

where N denotes a standard gaussian variable with variance 1, independent of
Zy. (The identity (6.10.2) is, in fact, the identity (4.8.1).)

2. Let (B;,t > 0) denote standard Brownian motion starting from 0, and let
x > 0. Define T, = inf{t > 0: B, = 2}. Prove the following formulae:

P(T, < Z,) = exp(—V2z), (6.10.3)
P(T, < Z,) = P(x<VZ|N|) (6.10.4)

where, on the left hand sides, T, and Z; are assumed to be independent and
on the right hand side, Z; and N are independent.

3. Deduce from (6.10.3) and (6.10.4) that (6.10.2), hence (6.10.1), are satisfied.
**6.11 Some deterministic time-changes of Brownian motion

Consider a linear Brownian motion (B, ¢ > 0) starting from 0, and two regular
functions u,v: IRy — IR. We assume that u satisfies u(0) = 0, and is strictly
increasing, and is C'. Assume also that v(t) # 0, for every ¢ > 0, and that v has
bounded variations.

1. Prove that the process X; = v(t)Byq), t > 0 is a semimartingale (in its own
filtration) and that its martingale part is:

t
/U(S)dBu(s) s tZ 0.
0

2. Prove that the martingale part of X is a Brownian motion if, and only if:

3. We denote by (L;*) and (LP) the respective local times at 0 of X and B. Prove

the formula:
u(t)

LX = /v(u—l(s)) dLE . (6.11.1)
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4. If B is a Brownian motion, and § € IR, § # 0, the formula:

1 — e 26t
Uy =e"B|——— t>0
t € ( 2/6 > ) -
defines an Ornstein—Uhlenbeck process with parameter (3, i.e. (U;) solves the
SDE:
dU; = dvy; + pU, dt
where 7y is a Brownian motion.

Apply the formula in the preceding question to relate the local times at 0
of U and B.

5. If (b(t),t <1) is a standard Brownian bridge, it follows from question 1 of
Exercise 6.9 that the process

t
B, =(1+1)b(—— t>0
t<+)(1+t>’ =

is a Brownian motion.

Prove that, if (L;,t > 0), resp. (¢, u < 1), is the local time of B, resp. b,
at 0, then:

/tldfv: (L) (t=0). (6.11.2)

t
. o« . . dLv
Give an explicit expression for the law of Of 115, for fixed ¢.

Hint: Use the result obtained in Exercise 6.8, question 3.

*6.12 Random scaling of the Brownian bridge

Let (By,t > 0) be a real valued Brownian motion, starting from 0, and define
A=sup{t>0:B,—t=0}.

1. Prove that
VA ') | N (6.12.1)

where N is Gaussian, centred, with variance 1.

2. Prove that: y
(B, —t,t < A) ‘2 (\/Kb (K) < A) : (6.12.2)

where, on the right hand side, A is independent of the standard Brownian
bridge (b(u),u < 1).
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3. Let u € IR. Prove the following extension of the two previous questions:
(i)
law N2
A, ) e (6.12.3)

aw t
(B, — pt, t < A,) "2 (,/Aﬂb (A—> < AH> : (6.12.4)
i

where, on the right hand side, A, = sup{t > 0 : B, — ut = 0} is indepen-
dent of the standard Brownian bridge (b(u),u < 1).

Deduce from the identity (6.12.4) that conditionally on A, = X, the process
(B; — ut,t < \) is distributed as a Brownian bridge of length .

Comments and references:

(a) One can also prove that for any p € IR, the law of the process (B, —uu,u < t),
given B;—ut = 0 does not depend on p and is distributed as a Brownian bridge
with length ¢. This invariance property follows from the Cameron—Martin
absolute continuity relation between (B, — pu,u < t) and (B,,u < t). There
are in fact other diffusions than Brownian motion with drifts which have the
same bridges as Brownian motion. See:

I. BENJAMINI AND S. LEE: Conditioned diffusions which are Brownian
bridges. J. Theoret. Probab., 10, no. 3, 733-736 (1997)

P. FrrzsimMonNs: Markov processes with identical bridges. FElectron. J.
Probab., 3, no. 12, 12 pp. (1998).

(b) It is often interesting, in order to study a particular property of Brownian
motion, to consider simultaneously its extensions for Brownian motion with
drift. Many examples appear in:

D. WirLiams: Path decomposition and continuity of local time for one-
dimensional diffusions I. Proc. London Math. Soc., 28, (3), 738-768 (1974).

*6.13 Time-inversion and quadratic functionals of Brownian
motion; Lévy’s stochastic area formula.

Let P\™) denote the law of the Brownian bridge with duration m, starting at a, and

a—0

ending at 0.
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1. Prove that, if (B;,t > 0) denotes Brownian motion starting at 0, then the law

of the process

{(1+t)B(L—L) : OStSm}

1+t 14+m
conditioned by {B (1 - ﬁ) = a} is P

Hint: Use the Markov property and the invariance of the Brownian law by
time inversion.

. Let m > 0, and consider ¢ : [0,m] — IR a bounded, Borel function. Prove

that, if (B;,t > 0) denotes Brownian motion starting at 0, then the law of
Jo" dto(t)BE, conditioned by {B,, = a} is the same as the law of

(Hm)Q/Om ds B? (p((l+m)s) |

A+ 1+

conditioned by {Bm =ay1+ m}
Show that, consequently, one has:
E {exp—)\/ dt B? | B, = a]
Jo

m  ds B2
(1+s)4

_ E {exp A+ m)2/0 By = am]

for every A > 0.

Set A = % Prove that this common quantity equals, in terms of a, b and m:

(Smﬁ?szexp (—;Q(bmco‘ch(bm) - 1)) : (6.13.1)

m

Comments and references: This exercise is strongly inspired by:

F. B. KNIGHT: Inverse local times, positive sojourns, and maxima for Brownian
motion. Colloque Paul Lévy, Astérisque, 157158, 233-247 (1988).

The expression (6.13.1) of E [exp (l’; Tdt Bf) | By, = a} is due to P. Lévy (1951).
0

It has since been the subject of many studies; here we simply refer to

M. Yor: Some Aspects of Brownian Motion. Part I. Some Special Functionals.
Lectures in Mathematics ETH Ziirich. Birkhéuser Verlag, Basel, 1992, p. 18, for-
mula (2.5).

Note that in Exercises 2.12 and 2.13, we saw another instance of this formula in
another disguise involving time spent by Brownian motion up to its first hit of 1.
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**6.14 Quadratic variation and local time of semimartingales
Consider, on a filtered probability space, a continuous semimartingale X; = M; +V;
for ¢ > 0, such that: Xg = My =V, =0, and

oo

E (M) + (/|dvs|> < 0. (6.14.1)

0

(Recall that (X), the quadratic variation of X does not depend on V| i.e. it is equal
to (M).)

1. Prove that (X;) satisfies:

E[(Xr)’] = E[(X),] (6.14.2)

for every stopping time 7 if, and only if:

lxldVi =0, as. (6.14.3)

2. Prove that (X,) satisfies (6.14.2) if and only if (X;") and (X;) satisfy (6.14.2).

3. (i) Show that if (M;) is a square integrable martingale, with M, = 0, then
Xy = —M,+ SM, where SM = sup,, M,, satisfies (6.14.2).

(ii) Show that if (M;) is a square integrable martingale, with My = 0, then
X; = M+ LM satisfies (6.14.2) if and only if L} = 0, which is equivalent
to M; = 0.
4. Prove that if (L;) denotes the local time of (X;) at 0, then (X;) satisfies:
E || X7|] = E[L7] (6.14.4)

for every stopping time T if, and only if (X;) is a martingale.

Comments: This exercise constitutes a warning that the well-known identities (6.14.2)
and (6.14.4), which are valid for square integrable martingales, do not extend to gen-
eral semimartingales.

**6.15 Geometric Brownian motion

Let (B, t > 0) and (W;,t > 0) be two independent real valued Brownian motions.
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Prove that the two-dimensional process:
t
(X,, Yy t > 0) (4D (exp(Bt),/eXp(Bs)dWS;t > 0) (6.15.1)
0

which takes values in IR? converges to oo as t tends to oo, (i.e. X? +Y? — oo, as
t — 00).

Hint: Consider the time change obtained by inverting:

t
A= /ds exp(2B;) .
0

Comments and references: The process (6.15.1) occurs very naturally in relation
with hyperbolic Brownian motion, i.e a diffusion in the plane with infinitesimal

2 92 92
y (92 4 0°
generator = ( 02 T+ ay2) .

J.C. GRUET: Semi-groupe du mouvement brownien hyperbolique. Stochastics and
Stochastic Rep., 56, no. 1-2, 53-61 (1996).

For some computations related to this exercise, see e.g.

M. YORr: On some exponential functionals of Brownian motion. Adv. in Appl.
Probab., 24, no. 3, 509-531 (1992).

The following figure presents the graphs of the densities of the distributions of A; for
some values of t. We thank K. Ishiyama (Nagoya University) for kindly providing
us with this picture.
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Numerical problems related to these densities are discussed in K. ISHIYAMA: Meth-
ods for evaluating density functions of exponential functionals represented as integrals
of geometric Brownian motion. To appear in: Method Comput. App. Prob. (2005).

*6.16 O-self similar processes and conditional expectation

Let (X, u > 0) be 0O-self similar, i.e.
(Xew, u>0) (law) (Xy, u>0), foranyc>0 (6.16.1)
and assume that E[|X;]] < oco.
Prove that, for every ¢ > 0,
E[X,| X)) = X4, (6.16.2)
where X, = %fg ds X;.

Comments and references:

(a) Let C be a cone in IR", with vertex at 0 and define:

Xy = Iypecy
where (B;) denotes the n-dimensional Brownian motion. Then formula (6.16.2)
yields:

1 t
E H{Btec}\;/o dsypecy =a| =a,

a remarkable result since the law of fé ds yp,ecy is unknown except in the
very particular case where C' = {z € IR" : x; > 0}. See the following papers
for a number of developments:

R. PEMANTLE, Y. PERES, J. PITMAN AND M. YOR: Where did the Brow-
nian particle go? Electron. J. Probab., 6, no. 10, 22 pp. (2001)

J.W. PITMAN AND M. YOR: Quelques identités en loi pour les processus de
Bessel. Hommage a P.A. Meyer et J. Neveu. Astérisque 236, 249-276 (1996).

(b) In the paper:

N.H. BiINGHAM AND R.A. DONEY: On higher-dimensional analogues of the
arc-sine law. J. Appl. Probab., 25, no. 1, 120-131 (1988)

the authors show that in general, time spent in a cone (up to 1) by n-
dimensional Brownian motion (e.g. in the first quadrant, by two-dimensional
Brownian motion) is not beta distributed, which a priori was a reasonable
guess, given Lévy’s arc-sine law for the time spent in IR, by linear Brownian
motion.
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#6.17 A Taylor formula for semimartingales; Markov
martingales and iterated infinitesimal generators

Let (Q,F,(F,), P) be a filtered probability space. We say that a right continuous
process, (X, t > 0) which is (F;) adapted is (F;) differentiable if there exists another
right continuous process, which we denote as (X]), such that:

(i) MX @ x, — J3ds X! is an (F;)-martingale.
(ii) E[|X¢]] < oo and E [fot ds ]X;H < 00.

1. Prove that if (X}) is (F;) differentiable, then its (F;) derivative, (X}), is unique,
up to indistinguability.

2. Assume that (X;) is (F;) differentiable up to order (n+1) and use the notation:
X" = (X')" and by recurrence X™ = (X(=DY 5 > 3. Then prove the
formula:

tn

EXt(") (6.17.1)

t2
Xt—tXt’+§Xt”+---+(—1)”
L5" ) X ! X/ n !
- /—'XS ds + M; —/deS Fo (=) /
0o n: 0 0

S’I’L

dMX"™

n! s

Hint: Use a recurrence formula and integration by parts.

3. Let (B, t > 0) denote a real valued Brownian motion. Define the Hermite
polynomials Hy(z,t), as:

Hy(z,t) = 2 — tk(kQ_I)x“ + (6.17.2)
2 k(k—1)(k—2)(k—3) ,_
5 ( I 53 I R (6.17.3)
(1) th/2 k(k—1)... (k- 2[k/2] + 1)$k_2[k/2]
k/2]! 9lk/2] '

Prove that (Hg(Bi,t), t > 0) is a martingale.

4. Give another proof of this martingale property using the classical generating
function expansion:
a’t k

exp (aac— 7) = Z%Hk(x,t), a€R, (z,t) e R xR, .
k=0 "

Comments and references: The sequence of Hermite polynomials is that of orthog-
onal polynomials with respect to the Gaussian distribution; hence, it is not as-
tonishing that the Hermite polynomials may be related to Brownian motion. For
orthogonal polynomials associated to other Markov processes, see:
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W. SCHOUTENS: Stochastic Processes and Orthogonal Polynomials. Lecture Notes
in Statistics, 146, Springer-Verlag, New York, 2000.

In particular, the Laguerre polynomials, resp. Charlier polynomials are associated
respectively to Bessel processes, and to the Poisson and Gamma process.

**6.18 A remark of D. Williams: the optional stopping
theorem may hold for certain “non-stopping times”

Let Wy =0, Wi, Ws, ..., W,,... be a standard coin-tossing random walk, i.e. the
variables Wy, Wy — W1, ..., W, — W;_1, ... are independent Bernoulli variables such
that P(Wy, — Wy = £1) = %, k=1,2,.... For p > 1, define:

o(p) =inf{k > 0: Wy =p}, n=sup{k <o(p): W, =0},
m = sup{Wy, k < n}, v =inf{k>0: W, =m}.

It is known (see the reference below) that:

(i) m is uniformly distributed on {0,1,...,p —1};

(ii) Conditionally on {m = j}, the family {Wj, k <~} is distributed as {Wj, k <

o(j)}-

Take these two results for granted. For n € IN, denote by F,, the o-field generated
by W07W17 . .,Wn.

Prove that for every bounded (F,,),>o martingale (M,,),>0, and every j € {0, 1,...,
p — 1}, one has:

B [My Ty | = B[Mo P(m = j)
In particular, one has: E[M,] = E[M,).

Comments and references:

(a) (i) and (ii), and more generally the analogue for a standard random walk of
D. Williams’s path decomposition of Brownian motion {By, t < T}, where
T, = inf{t : B, = p} were obtained by J.F. Le Gall in:

J.F. LE GALL: Une approche élémentaire des théoremes de décomposition
de Williams. Séminaire de Probabilités, XX, 1984/85, Lecture Notes in Math-
ematics, 1204, 447-464, Springer, Berlin, 1986.

Donsker’s theorem then allows us to deduce D. Williams’ decomposition results
from those for the random walk skeletons.
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(b) In turn, D. Williams (2002) showed the analogue for Brownian motion of the
optional stopping result presented in the above exercise.

Our exercise is strongly inspired from D. Williams’s result, in:
D. WILLIAMS: A “non-stopping” time with the optional stopping property.
Bull. London Math. Soc., 34, 610-612 (2002).

(c) It would be very interesting to characterize the random times, which we might
call “pseudo-stopping times”, for which the optional stopping theorem is still
valid.

*6.19 Stochastic affine processes, also known as “harnesses”.

Note that given three reals s < ¢t < T, the only reals A and B which satisfy the
equality
f(t)=Af(s)+ BS(T)

for every affine function f(u) = au+ 3, (a, 5 € IR) are:

T—1 t—s
A—T—_S, and B_T—S

Now assume that on a probability space (€2, F, P), a process (®;, t > 0) is given such
that: E[|®:]] < oo, for each ¢ > 0. We define the past—future filtration associated
with ® as Fyr = o{®, : u € [0,s] U[T,00)}. We shall call & an affine process if it

satisfies T ( )
—1 t—s

E® 7| = b, D,

{ t’fj] T +T—S T

s<t<T. (6.19.1)

1. Check that (6.19.1) is equivalent to the property that for s <t < t' < u, the
quantity
®t — CI)t/

E sul s 19.2
{ t—t |}-’] (6.19.2)

Dy—Ps

u—s

does not depend on the pair (¢,t¢'), hence is equal to
2. Prove that Brownian motion is an affine process.

3. Let (Xy, t > 0) be a centred Gaussian process, which is Markovian (possibly
inhomogeneous). Prove that there exist constants o, and (5,1 such that

E{Xt ‘ fs,T] - as,t,TXs + ﬁs,t,TXT .

Compute the functions o and 3 in terms of the covariance function K(s,t) =
E[X,X;]. Which among such processes (X;) are affine processes?
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4. Let (X, t > 0) be a Lévy process, with E[|X;|] < oo, for every t. Prove that
(X;) is an affine process.

Hint: Prove that for a < b, and for every A € IR:
Ela ' X, exp (iAX3)] = E[b~' X exp (iAX})].
5. Prove that, although a subordinator (T3, ¢ > 0) may not satisfy E[T;] < oo,
nonetheless the conditional property (6.19.1) is satisfied.
Hint: Prove that, for a < b, and every \ > 0,

E [% exp(—/\Tb)} =F {% eXp(—/\Tb)} .

6. Prove that if an affine process (X;) is L'-differentiable, i.e.

Xeyn — X 12
_—
h
then for every s, t, P(Y; =Y;) = 1, and (X;) is affine in the strong sense, i.e.
X, = at+ 3, for some random variables a and 3 which are FyVG..-measurable.

Y,, ash—0,

7. We now assume only that (X;, ¢ > 0) is a process with exchangeable incre-
ments, which is continuous in L!. Prove that it is an affine process.

Comments and references:

(a) The general notion of a harness is due to J. Hammersley. The particular case
we are studying here is called a simple harness by D. Williams (1980), who
proved that essentially the only continuous harnesses are Brownian motions
with drifts. In the present exercise, we preferred the term affine process. In
his book [63], D. Williams studies harnesses indexed by Z, and proves that
they are only affine processes in the strong sense.

(b) Without knowing (or mentioning) the terminology, Jacod and Protter (1988)
showed that every integrable Lévy process is a harness. In fact, their proof
only uses the exchangeability of increments, as we do to solve question 7. In re-
lation with that question, we should recall that any process with exchangeable
increments is a mixture of Lévy processes. (See the comments in Exercise 2.6,
and the reference to Aldous’ St-Flour course, Proposition 10.5, given there).

(¢) As could be expected, Lévy was first on the scene! (See Lévy’s papers referred
to below.) Indeed, he remarked that, for ® a Brownian motion, the property
(6.19.1) holds because

T—1t t—s
P, — b, P
! (T—s +T—s T)

is independent from F; 7.
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(d)

(e)
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If (&, = v, t > 0) is the gamma subordinator, then with the notation in

(6.19.2), iffijf is independent from Fj,,, which implies a fortiori that (®;) is

a harness.

The arguments used in questions 4 and 5 also appear in Bertoin’s book ([67],
p. 85), although no reference to harnesses is made there.

P. LEvVY: Un théoréme d’invariance projective relatif au mouvement brown-
ien. Comment. Math. Helv., 16, September 1943, p 242-248.

P. LEVY: Une propriété d’invariance projective dans le mouvement brownien.
C. R. Acad. Sci., Paris, 219 October 1944, p. 377-379.

J.M. HAMMERSLEY: Harnesses. Proc. Fifth Berkeley Sympos. Mathemat-
ical Statistics and Probability, Vol. III: Physical Sciences, Univ. California
Press, Berkeley, Calif., 89-117, 1967.

J. JAcoOD AND P. PROTTER: Time reversal on Lévy processes. Ann. Probab.,
16, no. 2, 620-641 (1988).

D. WILLIAMS: Brownian motion as a Harness. Unpublished manuscript,
(1980).

D. WILLIAMS: Some basic theorems on harnesses. In: Stochastic analysis,
(a tribute to the memory of Rollo Davidson), eds. D. Kendall, H. Harding
349-363, Wiley, London, 1973.

For a recent discussion of harnesses, see R. MANSUY AND M. YOR: Harnesses,
Lévy bridges and Monsieur Jourdain. Stoch. Proc. App., 115, no. 2, 329-338
(2005).

*6.20 A martingale “in the mean over time” is a martingale

Consider a process («a(s), s > 0) that is adapted to the filtration (Fs)s>0, and
satisfies: for any ¢ > 0, F[|a(t)|] < oo and F [fg du ]a(u)u < 00. Prove that the two
following conditions are equivalent:

(1)
(i)

(a(u), w > 0) is a (F,) martingale,

for every t > s, £ [é frdh a(h) \.7:8] = af(s).

Comments and references: Quantities such as on the left hand side of (ii) appear very
naturally when one discusses whether a process is a semimartingale with respect to
a given filtration by using the method of “Laplaciens approchés” due to P.A. Meyer.
For precise statements, see

C. STRICKER: Une caractérisation des quasimartingales. Séminaire de Probabilités,
IX, Lecture Notes in Mathematics, 465, 420-424, Springer, Berlin, 1975.
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*6.21 A reinforcement of Exercise 6.20

Consider a process (H(s), s > 0) not necessarily adapted to the filtration (Fs)s>o,
which satisfies:

(i) for any s > 0, E[|H(s)|] < oc.

t_Hs
S

(ii) for any s, the process t — E [Ht_ Fs}, (t > s) does not depend on .

We call the common value a(s).

1. Prove that («a(s), s > 0) is an (F;)-martingale.

2. Assume that (H(s), s > 0) is (Fs) adapted and that («a(s), s > 0) is measur-
able. Prove that (H;, t > 0) is of the form

t
H; = MH—/ a(u)du,
0
where (M, t > 0) is a (F;)-martingale.

Comments: For a general discussion on Exercises 6.17 to 6.21, see the comments
at the beginning of this chapter.



202 Exercises in Probability

Solutions for Chapter 6

In the solutions developed below, (F;) will often denote the “obvious” filtration in-
volved in the question, and F' = F(X,,u < t) a functional on the canonical path
space C'(IR,, [Rd), which is measurable with respect to the past up to time t¢.

Solution to Exercise 6.1

The coefficients of the SDE (6.1.1) satisfy the Lipschitz condition: [/1+y? —
V1+ 22|+ iy — 2| < 3|y — 2], so this equation admits a unique strong solution, for
every x € IR.

For any C? function ¢ : IR — IR, Itd’s formula applied to ¢(B;) gives:
1
d(¢(By)) = ¢'(By) dB, + 580”(Bt) dt. (6.1.a)

If X; = p(By), for a C* function ¢, then identifying equations (6.1.1) and (6.1.a),
we obtain ¢'(B;) = /1 + ¢?(B;) and ¢"(B;) = ¢(B;). Now, solving the differential

equation
{ Ply) =1+¢%y),

©"(y) =),

on IR, we obtain ¢(y) = sinh (y + ¢), where c¢ is any real constant. This shows that
X = sinh (B; 4 argsinh z), ¢ > 0 is the unique process which satisfies (6.1.1).

Solution to Exercise 6.2

1. Let F : IR x IRZ — IR be the function defined by F(z,y,2) = cosh(\(y —
x))exp (—A;z) This function satisfies:
1 0?

0 B 0 _ 2
5@}?(%)3/7’2)_’_&}7(%)3/72)*07 a_yF(:Caxwz)*Ov ((E,y,Z>EIRXIR+.
(6.2.a)
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Thanks to the first part of (6.2.a) and the fact that (S;, ¢ > 0) is an increasing
process, [t6’s formula applied to the semimartingale: (F'(By, S;,t), t > 0) gives:

% )
F(Bt,St,t):F(0,0,0)+/(] %F(Bu,su,u)dBﬁ/O g F (B Su,10) 45

Now observe that B, = S, for each time u at which S increases. This remark
and the second part of (6.2.a) show that the integral [} (%F(Bu, Su, u) dS,, vanishes,
hence

t
F(Bt7 Stvt) =1 + / 2FW(B’U,; S’U,au) dBu7
Jo Oz

which proves the result.

2. Since the distribution of Brownian motion is symmetric, we can replace in ques-
tion 1, S; — B, by By — I, and S; by I;, so that

Nt
N; = cosh (\(B; — 1)) exp —

is a (F;) martingale. Observe that 6, is a (F;) stopping time and that the martingales
(Mipg,) and (Ning,) are bounded, therefore, we may apply the optional stopping
theorem which yields:

E[My)=1, and E[N,]=1. (6.2.b)

Note also that almost surely, either My, — By, = c and By, — 1y, = 0, or My, — By, =0
and By, — Iy, = ¢, so that

20,
My, + Ny, = exp (— 5 ) (cosh()\c)I[{Mgc,BGC:C} + Winty, - By, =0}

+cosh(Ae)Uyp,, —1,.—c} + ]I{Becffoczo})

— e <_ A?C) (cosh(Ae) + 1) .

The result now follows from equations (6.2.b).

Comments on the solution: The result of this exercise implies that
(law) o
0, "= T% + Tg ,

where T, and T, are 2 independent copies of inf {t : |B;| = a}. This follows from

the fact the cosh(AB;) exp (—’%) is a (F;) martingale.
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Solution to Exercise 6.3

The solutions to questions 1 and 2 are immediate from the Hint; as an example,

St - Xt (la:w) Sup(X(t_u)_ - Xt) (la:w) _It .

u<t
3. First note the following identities for x > 0 and y > 0
P(STSJJ, —Ir <y, )(TEdCL):P)(TIS,Tmjng,y7 XTEdCL)
=P(T <T,NT_,, Xr € da)

=K Kl - ]I{TzAT,ygT}> ]I{XTeda}}
62 2
= P(Xr € da) — §E [/T”AT 6_%t]I{Xteda} dt}

= P(XT S da)

62 7£T AT o fﬁu
_EE [e Y 5 (/0 e 2 ]I{Xueda}duﬂ.

Now, identity (6.3.3) is easily deduced from the following well known facts.

P(Xr eda) = ge*mal da

7 | sinh(6y)
E TeNT—y 1 _ sinh(fy)
[6 2 {TI<T,y}_ sjnh((g(m ! y))
_o? - sinh{(0)
E TeNT—y 1 _ sinh(fz)
[e | A sinh(6(z + y))
oo 2 B 1
E, {/0 6_07UI[{XuEda} du| = 56—0\a_x| da,

where E, denotes the expectation with respect to P,, the law of Brownian motion
starting at x, (P = Fp). The identity (6.3.4) follows from both question 1 and
integration with respect to the law of Xr in (6.3.3).

Finally, we deduce the results (6.3.5) and (6.3.6) by using the scaling property of

Brownian motion so that
ST (aw) ST

S, —I,  Sp—1Ip
4. Cséki’s formulae (6.3.7) and (6.3.8) can easily be recovered from respectively
(6.3.6) and (6.3.5). For the latter, one may use the following integral representation
due to Gauss of the digamma function.

oo [ % e
?/J(SC):/O ( P 1—62) dz,

see Theorem 1.6.1, p. 26, in [1]; see also Lebedev [69].
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Solution to Exercise 6.4

1. Applying 1t6’s formula to |Z;|? = Z,Z;, we obtain:

d(ZtZt) - Zt d7t + 7t dZt + 2 dt
= (Z;dB;+ Z;dBy) + (2\ +2) dt
= 2|Z,]dB, + (2) + 2)dt

where, from Lévy’s characterization theorem, df3; = Re(Z; dBy;)/|Z;| defines a real
valued Brownian motion. Hence, | Z;|? satisfies the equation of the square of a Bessel
process with dimension 6 = 2(A + 1). Thus, (Z;, t > 0) does not take the value 0,
a.s.

Let X and Y be the real part and imaginary parts of Z, respectively. Using [t0’s
formula again, we can now check that Z; = zexp ( I % b dZy ) hence

Zu

t Z,dZ, ¢ Z,dB,
Zy = zexp(/o 7 ’2)—zexp</0W+)\Ht)

_ dB. b dg,
= zexp< |Z]+)\Ht+/]Zu\ ,

where, from Lévy’s characterization theorem, df; = Re(Z;dB;)/|Z;| and d§; =
Im(Z; dBy)/|Z;| define two independent real valued Brownian motions. Finally we
obtain the representation (6.4.1) by time changing with the inverse of (H;). Then
(74) is a Brownian motion independent of |Z].

2. Clearly, assuming that P} exists, it should satisfy the following properties:

(i) under Py, the law of (Z;, t > 0) is left invariant by any deterministic rotation;

(ii) (|Z:/* t > 0) is the square of a § = 2(\ + 1) Bessel process starting from 0.

Following this intuition, we can now show the existence of Pj.

For ¢ > 0, we set B = By,. — B.. Let P} be the law under which B is a
Brownian motion, and the coordinate process (Z;, t > 0) is such that Z; = 0, a.s.
and for every ¢ > 0, the process Z(6) = (Z,,., t > 0) satisfies the equation

tZE)ds
1z

7% = 7. + BE +>\/ (6.4.2)

Moreover, we assume that the law of Z. is radial, (i.e. it is invariant by rotation),
and that |Z.| is distributed as \/ep, where p is the value at time 1 of a Bessel pro-
cess with dimension 6, starting from 0. With the help of Kolmogorov’s consistency
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theorem, the probability measure P, is now well defined and under P7, the process
(|Z¢|*, t > 0) is the square of a Bessel process of dimension § = 2(\ + 1), starting
from 0, so Z. converges Pg-almost surely towards 0, as e — 0. Moreover, from the
above equation, under P§', conditionally on Z., the process Z () has law Pj_. This
shows the weak convergence of (P, z > 0) towards Pp.

An application of Girsanov’s Theorem shows that for every ¢, the absolute conti-
nuity relationship holds for every z # 0:

Z A2t ds
A ¢ 0

P . 4.
~ exp( 5 /0 |Zs|2> 1, (6.4.b)

3. From (6.4.b), we have, for every bounded, continuous functional F* which is Z;

Z 7

measurable:
1 X2 [ ds 1 1
LB | F(Z)exp ( ) S 0 (F<Z>A),
A 2 12 B (i7p) &l

and from the weak convergence established in the previous question, together with
the nice integrability properties of —=, under the {P°} laws, we obtain that the

|Z1‘)‘7

-1
above expression converge towards (Eé\ (ﬁ)) E} (F(Z)ﬁ), as z — 0.

4. (a) Recall that R satisfies the equation

d—1 (tds
Ri=14+B+— | —,
¢ ! 2 Jo Ry
where B is a standard Brownian motion, so that since R does not take the value 0,
a.s., we obtain, from It6’s formula:

1tst_'_d—Q tds
R, 2 Jo R?’

log Ry =
0

Changing time in this equation with the inverse H~! of H (which is equal to the

quadratic variation of [j dlff), we obtain:

d—2
2

log RHu—l =G, + u,

-1
where G, = fOH“ % is a standard Brownian motion. This shows that ¢, = 8, +

d=2
2

(b) First, we deduce from the scaling property of R (i.e. R, (law) t'/2R;) that

u.

1
—logRtLg, as t — o0.



6. Random processes — solutions

From the scaling property of Brownian motion, we obtain:

1 1
By =W(———H
logtﬁH” <(1ogt)2 t)’

where W, = logtﬂ(m), s > 0 is a standard Brownian motion. Then we verify

from the scaling property of R, that mE [H;] — 0, ast — oo, hence W ((1 Pk Ht)
converges towards 0 in probability. Then we deduce from above and the represen-
tation of log R; established in the previous question that

1 P 1

—H, _— t .
log t LT WP

(c) For the following argument, it suffices to assume that R starts from 0. Then,

the scaling property of R implies that [} % (law) fan 1 RQ, for every positive integer
n. Since the scaling transform of R (: R — %RC., ¢ # 1) is ergodic, the Ergodic

Theorem implies:

e ds a ds 1 loga
nlingoﬁz - R2 —>E{/1 R—%} = (loga)E KR—%H =g A

as n — 00. It is then easily

hence, 1ogan fl " ds converges almost surely towards
shown that

d27

ff 1%52 converges almost surely towards

as t — oo.

logt d 27

(d) Again, it follows from the scaling property of R that

1 Lds (qaw) 1 t du
logl/)e R logllo R2’

so we deduce from the previous questions that IO; T /. ' 45 converges in probability

€ R2

towards as € — 0.

d2’

(e) The representation proved in question 1 shows that

L ds
O 1\ =~ — iy A /
(571) ,yHl ’YHE ’y . |ZS|2 Y

so that from the scaling property of 7:

1 7% (law) < 1>1/§ ds
<10g€> 9(571) = ’y( logg 0 |Zs|2 .

We finally deduce from question (d) that the right hand side of the above equality
converges in law towards 71/(4—2), as € — 0.
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Comments on the solution: As an important complement to the asymptotic result

1 tds ,e 1
logth B2 d—2° ST

for R a Bessel process with dimension d > 2, we present the following

4 tds law law .
_(logt)g ; ﬁ(:)%T((:):lnf{tﬂt:]‘})’ aSt—>OO7 (64C)

where R is a two-dimensional Bessel process starting from Ry # 0, and T is sta-
ble(1/2). See Revuz—Yor ([51], Chapter XIII) for consequences of (6.4.c) for the
asymptotics of the winding number of planar Brownian motion.

Solution to Exercise 6.5

1. (a) Ito’s formula allows us to write

2

. t I t
e =14+1c / ieYu dv, — — / e du.
0 2 Jo

So the process (', ¢t > 0) is the sum of the martingale (ic fg e dry,, t > 0) and
the process with bounded variation (1 - % Jy e du, t > 0).

(b) Define Z{9) = }Ld sexp(icys), u > 0, and consider the IR*-valued martingale
0

(v,Re(Z)), Im(Z c))) The different variation and covariation processes of this mar-
tingale, e.g. <7, Re(Z! > = [{ ds cos(c,), converge a.s., as ¢ — 00, towards those

of (7, %7 , ﬁfy ), (this follows from the occupation time density formula). The
desired result may be deduced from this, but we shall not give the details.

2. Recall from question 1 of Exercise 6.4 (with A\ = 0), the following representation
of the complex Brownian motion

Zy = |Zy| exp (ivm,) ,
where H; = ﬁ)t |ZdT“‘2, and v is a standard Brownian motion which is independent
of |Z|. (This is known as the skew-product representation of complex Brownian
motion.) From obvious changes of variables, we obtain:

1t

- d =1 t/ “d log 1)) |
ozt o “TZF " Togt o v expiy, = log s exp (i(log t)7s)

where 3, = @’y(logt)zs. Now, on the one hand, recall from question 1 (a) and (b)

that (% Jo' ds exp(icys), u > O), converges in law towards (%(’y& + i), u > O)7 as
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¢ — oo (7 and +” are independent Brownian motions). On the other hand, as
stated in the Comments and references of Exercise 6.4, t)Q H,; converges in law
towards a 1/2 stable unilateral random variable, T, as t — 00; in fact, from the

independence of v and |Z|, we may deduce that when t — oo,

logt/

converges towards

10gt/ "ds exp (i(logt)7s)

. (law) 1 .
V2 (Yip +ivip) = 75 O+ i),

where T', 7/ and 4" are independent. This independence and the scaling property of
Brownian motion allow us to write:
1 (law) L1 / /i
+ = +ivy)
\/5 (7T fVT) \/5 " (71 71)
with the help of question 1 of Exercise 4.15. Finally, from question 5 of Exercise
4.15, we derive the characteristic function of the above variable, which is exp (—%),

A e IR%

Solution to Exercise 6.6

1. For this question, we need to use the so called skew-product representation of
the planar Brownian motion (X,Y’) (which in fact we have already proven in the
solution to question 1 of Exercise 6.4): put X; +iY; = R;expif;. Then there exists
a planar Brownian motion (3, ) such that

R, =|Bo|exp(Bm,), and 6, =060y+ym,, with H, (def) / R (6.6.a)
Now, we may write 0{ = fot dye, MR, <f(2.))}-

To proceed, we shall admit that, up to the division by logt, we may replace in the
definition of 0], the process f(|Zs|) by s2.

So, in the sequel, we put 6/ = Jodyg, 1 Since u — [y dvexp(203,) is the

a .,
{Bus,<s2}
inverse of s — H,, we have

2 5= 2 [Mann
logt b~ logtJo T {Busglon(f) dvexp(28,))} -
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lngt, make the change of variables © = A?v, and use the fact that

Now, put A =
By = %ﬂm, and 7, = %’y,\%, v > 0, are two independent Brownian motions. We

obtain:
1~ Azt
f_ [ 5 = v 5
th = /0 dVv]I{BUS%]ogA2 fo dh exp(ZAﬁh)} ’

Now observe that the stochastic integral process |[; d’yv]I{lé < 1og 2 [ dh exp(2A\)}
1)_2)\ 0 3

converges in probability (uniformly on any interval of time) towards: [ d¥,

I {Bo<asup,c, s} This convergence holds jointly with that of Ht towards T' =

inf{v : B, = 1}, which proves the desired result.

2. The same computation as above leads to

1
—— (6, — 0])

(law)
dv,, ws,) = 0.
Ly .

t

So that the convergence holds in probability.

Solution to Exercise 6.7

1. For any u € [0, 1], let ©, be the transformation which consists in re-ordering the
paths {f(¢), 0 <t < w} and {f(t), u <t <1} of any continuous function f on [0,1],
such that f(0) = 0, in such a way that the new function ©,(f) is continuous and
vanishes at 0. Formally, ©,(f) is defined by

ft+u)— f(u), ift<1l—u,
@u(f)(t)—{f(t_(l W)+ f(1) = flu), fl-u<t<l1

Let By, t € [0, 1] be a real valued Brownian motion on [0,1]. Since B has independent
and time homogeneous increments, for any u € [0, 1], we have

0.(B) ") B. (6.7.a)

Now we use the representation of the Brownian bridge as b, (taw) B, —1tBy, t € [0,1],
which is proved in question 5 of Exercise 6.9. For u € [0, 1], put B’ = ©,(B), then
it is not difficult to check that ©,(b); = B, — tBj, t € [0,1], and the result follows
from (6.7.a).

2. First note that ©,(b) = {by4v) — by, 0 <t < 1} So,

6u (¢] GU(b) == @u({b{t+v} - b’LM 0 S t S ].})
= {b{{t+u}+v} — b{wv}, 0<t< 1} = @{u+v}(b) .
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Let F' € L'(P); we can check that [} F o0, du is Z-measurable. Indeed, from above
we have for any v € [0, 1],

1 1
</ Fo@udu)o@v = / FoB,00,du
0 0

1 1
= / Fo@{u+v}du:/ FoO,du.
0 0

On the other hand, from question 1, for any A € Z, and any u € [0, 1], we have
E[F14] = E[F o0 ©,14]. Integrating this expression over [0,1] and using Fubini’s
Theorem, we obtain:

1
E[F1.,]=E U duFo @u]IA} ,
0
which proves the result.

3. Consider G, a bounded measurable functional; the result follows from the com-
putation:

E[G(m)|T] = /l G(m) o O, du

0
m 1
= duG(m—u)—l—/ duG(1+m —u)
0 m

= /OldsG(s).

The first equality above comes from (6.7.1), and the second one comes from the
relation {m o ©, + u} = m which is straightforward and may easily be seen on a
picture.

4. As in question 3, consider G a bounded measurable functional and write

E[G(A) |T] = /01 G(Ay 0 ©,) du

1 1
= /duG</ ds]I{bsgbu}>.
0 0

Let (I) be the local time of b, at time 1 and level z € IR. Applying the occupation
time density formula, we obtain:

E[G(A)|T] = /OlduG</01dsI[{bs<bu}>

+oo 1
= [Trarc (/O ds ﬂ{bsgm}>
+oo x
= [ TBad (/ z@{dy> .
Making the change of variables: z = [*__I{ dy in the above equality, we obtain
1
EG(40)|T) = [ d=G(2),
0

which proves the desired result.
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Solution to Exercise 6.8

1. This follows immediately from the Gaussian character of Brownian motion, as in
question 1.(a) of Exercise 5.14.

2. Note that (X7 ., —y,t > 0) = (=(X5,++ —y),t > 0), hence from the Markov
property of Brownian motion at time 7}, under £, (X%y ++—Y,t > 0) is independent
of (X¥,t <T,) = (X, t <T,) and has the same law as (X;,¢ > 0). This proves that
XY is of a standard Brownian motion.

We prove identity (6.8.2) from the following observation:
{S; >y, Xy <a}y={X!>2y—=z}, Fas.

which we easily verify on a picture. Then, differentiating (6.8.2) with respect to z
and y, we obtain the density of the law of the pair, (X, S;) under Py:

2\2 (2y — x)?
(%> (2y — ) exp <_T , <y, y>0. (6.8.a)
3. Put 2 = y in (6.8.2), we obtain Py(S; > y,X; < y) = Fy(X; > y). Since
Py(S; > y) = Po(S: >y, Xy > y) + Bo(S; > y, Xy < y), we deduce from the previous
identity that

Py(Si >y)=2P(X: >y), y>0. (6.8.b)

Now, (6.8.b) together with the fact that Py(S, > y) = Py(T, < t) imply Py(T, <
t) = 2Py(X; > y). Moreover, the homogeneity of the Brownian law (see 6.8.1) yields
the equality Py(T,—, < t) = P,(T, < t), for any a < y, which finally gives

P,(T,<t)=2P(X;>y—a), y>0. (6.8.¢)

Then equation (6.8.3), for any a < y, follows from (6.8.c) by differentiating with
respect to t. The general case is obtained from the symmetry property of Brownian
motion.

4. From Lévy’s identity, we have:
(S = Xi50) "= (1X], L)

under P,. This identity in law together with (6.8.a), yield the density of the law of
the pair (|X;], L;):

<2);(:U—|—y)exp (—(“y)z> LTy >0

i3 2t

To deduce from above the density of (X, L), first write (Xy, L;) = (sgn(X:)| Xy|, Ly).
Now, observe that since L, is a functional of (|X,|,u > 0) and sgn(X}) is independent
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of (| Xyu|,u > 0), then sgn(X;) is independent of (|X;|, L;). Moreover, sgn(X;) is a
Bernoulli symmetric random variable. Hence, the density of the pair (X;, L;) under
P() is: .
1 \2 x| +y)?
(52) (el e (<205) ey =0

We may deduce from above and the absolute continuity relation (6.9.1), an explicit
expression for the density of the joint law of (Xy, L;), t < 1, under the law of the

standard Brownian bridge, Po(l_)@:

AT (el +°
(277(1—15)t3> (’x\+y)exp<— o _2(1—t)>’ zelR,y>0.

Solution to Exercise 6.9

1. For any a,p € IR, let P be the law of the Brownian motion starting at p with
drift @, that is the law of (4 + X + as,s > 0) under P. The invariance of the
Brownian law by time inversion may be stated as

[(sX1,5>0), P = [(X,,5>0), Pl .

In other words, time inversion interchanges the drift and the starting point. From
the above identity, we have for any x € IR:

{(SX%,S >0), P! (-|X% - %)

Applying the Markov property at time s = % to the process [(SX;, 5> O) , Pl‘j} gives

= [(Xe8>0), PY(-[ Xy = 2)] .

[(sX1.1,0 < s <t), PE] = [(X,,0 < s <#), PU(| Xy = )]

which is the first part of the question. Note that the law of the process on the right
hand side of the above identity does not depend on pu.
We now deduce the law of Ty under P | with the help of the hint, and of the

representation of the bridge in terms of Brownian motion with drift. Indeed, it

follows from these two arguments that under P, the r.v. - — 1 is distributed as

To t
the last passage time at 0 of the process: (% + Xs+as, s> 0), where (X, s > 0)
is a standard Brownian motion. Thus, from the hint, we deduce:

1 1
Pa@,x (? —7 € ds) = (cst) pg") (%O) ds, (6.9.a)
0

where p{® (x, y) is the density of the semigroup of Brownian motion with drift a. It
is easily shown that:

(“)(x )fLeX _ i(x_ )2+a(x_ )+§
ps 7y _\/% p 28 y y )
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so that, it follows from (6.9.a) that:

t 1 s r a*/1 1
PY (Tyed ds || == “Norr_a Tt F) )
e2a(To € ds) = |a ds 2rsH(t—s) T <2t(t_s)+a8+ 2 <s t>>
(6.9.b)

2. Let f be a generic bounded Borel function. It follows from the definition of P{*)
that

/ Eazx Xuvu < 8)]pt(a x)f(:c) dr = Ea[F(qu S S)f(Xt)]
= Euo[F(Xy,u < s)Ex, [f(Xis)]]
= / E.JF(Xy,u < 8)p—s(Xs, x)]f(z) da ,
R
where the second equality is obtained by applying the Markov property at time s.

We obtain relation (6.9.1) by identifying the first and last terms of these equali-
ties, using the continuity in z for both quantities: E® _[F(X,,u < s)|p;(a, ) and

a—x

E,JF(Xy,u < 8)p_s(Xs, )], for F a bounded continuous functional.

3. Relation (6.9.2) follows from (6.9.1) using the fact that (s — p_s(Xs,2), s < t)
is a P,-martingale, together with the optional stopping theorem.

4. We obtain (6.9.3) by taking S = T}, and F' = 7, . in (6.9.2).
We obtain (6.9.4) from (6.9.3) by writing:
PO (T <o) — SMPGT du) .
aaz( Yy S) 0 pt(a; I) ( Yy < ’U,)

Then, differentiate with respect to s and use (6.8.3).
Finally, it is immediate to recover the density of the law of Tj, given in (6.9.b)
from (6.9.3).

5. To prove (6.9.5), observe that p,(0,z) = p,(0, —z), for all u > 0, hence applying
(6.9.3), we have:

Pt— To(o l‘)

(a, _'I)

By combining the above equality with (6.9.3), we obtain (6.9.5). In particular, since
Pa(ﬂ,x(TO < t) =1, we have (6.9.6).

PLH (1o < 8) = By | Lipy<sy

Solution to Exercise 6.10

1. Recall that Z; and 2,/2, 7 1 have the same law if and only if their real moments

coincide (see Exercise 4.3). For every z > 0, we have E[Z7*] = I'(2z), on the one
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hand and
_1 S 1
E[(2\/2:2,)*7"| =2*7'E {Zf 2}3’[21 ]

1.1
= 2¥7'I'(z+2)I(

ST()T() = L geiper (z + 1)

Vo 2

on the other hand.
The identity (6.10.2) follows from: N2 "2 27,

(NI

I
2. It follows from (6.8.3) that 22 has a unilateral stable law with parameter 1. So,
x

we may write
P(T, < Zy) = / P(T, < t)e " dt = E[e" "] = exp(—V2z).
0

The second formula follows from properties of Brownian motion which we now re-
call. At first, observe that if B is the past maximum process of B, defined by
B; = Supg<s«; Bs, then (6.10.4) can be written as P(T, < Z;) = P(x < Byg,).
Secondly, it follows from the so-called reflection principle of Brownian motion that
B, 'aw) |By|, for every t > 0. Finally, the scaling property of Brownian motion
implies that B; "2 2 B, for every deterministic ¢, so that we have P(z < Byz) =

P(x < |Bg|) = P(x < VZi|Bi|) = P(x < V/Z1|N|).

3. With (6.10.3) and (6.10.4), we obtain P(x < /Z;|N|) = exp(—+/2r), which
precisely implies identity (6.10.2).

Solution to Exercise 6.11

1. The process (By(),s > 0) is a martingale in its own filtration which is also that
of X, since v(t) # 0, for all t > 0. Hence, using It6’s formula, we may write:

t t
Xo= [ v(s)dBuy + [ Bugdu(s), 120,
0 0

The process (3 By sy du(s),t > 0) is adapted to the same filtration and has bounded
variation. This proves that (X;) is a semimartingale whose martingale part is
fg U(S) dBu(s)

2. According to Lévy’s Characterization Theorem, the martingale (fg v(s) dBy(s), t >
0) is a Brownian motion if and only if its quadratic variation is ¢, that is

t
/ v?(s)du(s) =t, foreveryt>0.
0
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Since u' and v are continuous functions, this is equivalent to v*(s)u/(s) = 1.

3. Tanaka’s formula applied to X gives
t ¢
1X,| = /0 o(5)5g0(Bu(s)) dBugs) + /O |Bugy| dv(s) + LX . (6.11.)
Thanks to the same formula, we also have

t
|Bu)| = /O sg0(Buy(s)) dBu(s) + Ly »

which leads to

t t
[ o) Byl = [ ols)sn(Bus) dBus + [ vls) Lt .

It follows from the above identity and the decomposition |X;| = v(t)|Byw)| =
) 0(8) d|Buo| + J5 | Buo| dv(s), that

t
X0 = [ o)sen(Bun) dBuy + [ 1Buoldo(s) + [ o(s)aLti,. (6.11b)

We obtain the result by comparing (6.11.a) and (6.11.b).

4. With u(t) = 17;;2&, ul(t) = g—ﬁllog(l — 2f3t), and v(t) = €, we have from
(6.11.1):

—26t

LU o /162ﬁ dLsB
Lo VI—2Bs
5. We obtain this formula simply by applying (6.11.1) with u(t) = 1%, hence
u™Ht) = 15 and v(t) = t.

According to question 2 of Exercise 6.8, the density of the law of [; is

hly) = (M) [ty (UL
() 2 Lo 53
_ \ﬁl < )/\/_y\/ft)zﬂy)exp( 2) dz

() e ()0 ()

where, in the last equality, ® is the distribution function of the centred normal
distribution with variance 1. Finally, from (6.11.2), the density of fg dL” is given by:

ho (y) = \/%exp <—@> + 2y exp (—y;) ) <—%> .
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Solution to Exercise 6.12

1. From the time inversion invariance property of Brownian motion, the process
B, (def) tB1i,t > 0 is a Brownian motion and we have
t

1 - o) =
K:inf{u:Buzl}(d:f)Tl.

As is well known, and follows from the scaling property and the reflection principle
(see question 1 of Exercise 6.8), one has: T} (law) B2, which gives (6.12.1).

It also appears in Exercise 5.11 that 7} has a unilateral stable (1/2) distribution
(see the comments at the end). So, the result follows from question 1 of Exercise
4.15.

2. Reversing the time in (6.12.2), we see that this equation is equivalent to

(B.—1,t>T) " (t\/Kb (%) > %) .

Now, the proof of the above identity may be further reduced by making the changes
of variables t =T +u and t = % + u, to showing:

71, (B, — Lu>0) 2 Ll\ (lj/%\ub(ulzxu) ,uzo>] :

Applying the strong Markov property of Brownian motion at time 7; and using
the fact that it has time homogeneous and stationary increments, this also may be

written as
~ 1 1+ Au 1
Ty, (B.,u>0)] =)= < ) >
{1,(1“’&_0)] A> \/Kb 1—|—Au 7U_0

where B’ is a standard Brownian motion which is independent of 7. Finally it
follows from the scaling property of Brownian motion, and question 5 of Exercise

6.11 that the process
14+ Au 1
b( ) >0
( VA 1+ Au v= )

is a standard Brownian motion which is independent of A. This proves the result.

)

3. (i) and (ii). The proofs of (6.12.3) and (6.12.4) are exactly the same as the proofs
of questions 1 and 2, once we notice that

1 -
A—H:inf{u:Bu:,u,}.

From the scaling property of Brownian motion, for any A > 0, the re-scaled process
(\/Xb (i) ,0<t < )\) is distributed as a Brownian bridge starting from 0, ending
at 0 and with length A. Hence, the second part of the question follows directly from
the first.

217
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Solution to Exercise 6.13

1. First recall that the process B’ = (tB%, t > 0) has the same law as (B, t > 0).

S !/

Moreover, the process b = (B; — 5 Blym s €[0,1+ m]) has the law of a standard

Brownian bridge Po(ljom). From the Markov property of Brownian bridge applied at
time 1, conditionally on b; = a, the process

(bt € [0,m) = ((1+) (Br, = B )t € [0,m])
has law Pa(ﬁ%). Finally, we deduce the result from the identity in law

(140 (BL B ) telom) @ (1+6) (B o ) tefom]).

1
1+t 14+m 1+t 14+m

m)
—0»

2. From above, using the fact that if (X, v < m) is distributed as Pé then

(X, u < m) is distributed as P™). This leads to the identity in law:

a—0-

(/ dw(t)Bf!Bm:a> () (/ p(m — t)(1+1)2B%, ;dt\Bﬁza>,
0 0 m

1+t 1+m

and from the change of variable 7 = %ﬂ — p%m in the right hand side, it follows:

([ dtott)B?| B =a) = (/0m¢<(1+m)s> M4 g :a> |

1+s (s+ 1)+ Tm

Recall that from the scaling property of Brownian motion,
(Vvm+1B

which yields, from above:
(["atew B By = a)
0
aw m 1
(1:) <(1+m)2/ S BZQL?(( +m)5) ’Bm_a\/H—m> .
0

(s+1)+° 1+s

0 <s<m) "™ (B,,0<s<m),

_s
m—+1

m
One means to compute the expression F [exp (—)\ [ dt Bf) | B, = a,] is to deter-
0

mine the Laplace transform

‘ v
L, E [exp (—aB; - [ BQH :
0

as a consequence of Girsanov’s transformation. One will find a detailed proof in the
book referred to in the statement of the exercise.
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Solution to Exercise 6.14

1. First observe that from the condition (6.14.1), the semimartingale X converges
almost surely, so that X7 and (X),. are well defined for any stopping time 7" (taking
possibly the value 0o). We also point out that from It6’s formula, we have

t
X2 - (X), = 2/0 X, dX,
t t
— 2/ Xdes+2/ X, dv,. (6.14.2)
0 0

Assume that (6.14.2) holds for every stopping time 7". Then it is well known that
the process (X7 — (X),,t > 0) is a martingale. From (6.14.a) we deduce that
(fy XsdVs,t > 0) is also a martingale. Since this process has finite variation, it
necessarily vanishes. This is equivalent to (6.14.3).

Assume now that (6.14.3) holds. Then the process (fi X, dVs,t > 0) vanishes and
from (6.14.a), (X? —(X), ¢ > 0) is a martingale. Therefore, (6.14.2) holds for every
bounded stopping time. If T is any stopping time, then we may find a sequence of
(bounded) stopping times 7T,,, n > 1 which converges almost surely towards 7" and

such that for every n > 1, X2.» — (X), s, t > 0, is a bounded martingale. Hence,

lim (X7, = (X)) = X}—(X);, as, and (6.14.b)
E[X7] = E[(X).]. (6.14.c)

From the Burkholder—Davis—Gundy inequalities, there exists a constant C' such that:

(ss1>110)X5|>2] <CE |(M)_ + (7‘6“/3‘)2 ) (6.14.d)

hence we obtain (6.14.2) for T" from (6.14.b), (6.14.c), (6.14.1) and Lebesgue’s The-
orem of dominated convergence.

E

2. Xt and X~ are semimartingales such that for any time ¢t > 0, (XT), + (X ™), =
(X), and (X;")?+(X;)? = X7, almost surely. Hence, if X and X~ satisfy (6.14.2),
then so does X.

Suppose that X satisfies (6.14.2). From question 1, X also satisfies (6.14.3).
We will check that Xt and X~ satisfy (6.14.1) and (6.14.3) (so that they satisfy
(6.14.2)), that is

0 2
E M<+ (/|dv ) <00, E <M<*>> +</\dv§>\) <00,
0

(6.14.e)
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where M) and M) are the martingale parts of X+ and X, respectively, and
V) and V) are their finite variation parts.
From Tanaka’s formula and (6.14.3), V(*) and V(=) are given by

: 1t 1
V= [ Mpeg Vet [dEX =L
¢ ) x>0} +2 , s ol

- _ [ l/t X:_/t 1, x
Vi /0 Iix.copdVat 5 | ALy o L=y dVa+ 5L,

where L¥ is the local time at 0 of X. Since V and L¥ have zero variation on the set
{t : X; # 0} which contains both {t : X;* # 0} and {t : X; # 0}, then V) (resp.
V(=)) has zero variation on {t : X;* # 0} (resp. {t: X; # 0}). This proves (6.14.f).

Now we check (6.14.e). Since L¥ = 2 (Xt+ — Ja Tix, >0y dVs — I Tix, >0} dMS>,
there exists a constant D such that

(igg!Xs\>2+</Ooo\d‘/s\>2+<M>oo] :

From (6.14.d), the right hand side of the above inequality is finite. Finally, we
have (M) =[5 Ty mop d (M), < (M) and (M) = [ Tx,<op d (M), <
(M), almost surely. This ends the proof of (6.14.¢).

E[(L%)*] < DE

3. (i) We easily check that the semimartingale X = —M + S™ satisfies (6.14.3),
hence it satisfies (6.14.2).

(ii) Developing the square of the semimartingale X = M + LM we obtain:

E[X7] = E[Mj+2MrLy + (7))
= E[Mz]+ E[(Ly)*]
= E[(M);] + E[(L7')"].

Since (X), = (M), X satisfies (6.14.2) if and only if LM = 0, for all ¢; but since
E[|M;|] = E[LM] for every t, LM = 0 is equivalent to M; = 0.

4. Tanaka’s formula yields:
i
1X,| — L :/ sgn(X,) dX, .
0

If (6.14.4) holds for every stopping time 7" then (|X;| — L;) is a martingale and so
is Xy = fg Sgn(Xs) d(’Xs‘ - Ls)

If (X}) is a martingale, then (6.14.4) holds for every bounded stopping time. But
as in question 1, the condition (6.14.1) allows us to prove that (6.14.4) holds for
every stopping time.
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Solution to Exercise 6.15

Let A; = 5 ds exp(2B,). First we prove the identity

(exp (By), / exp(B,)dW,; t > 0) (R(A), B(A); t > 0) | (6.15.2)

where R is a two-dimensional Bessel process started at 1 and [ is a Brownian motion,
independent of R.

¢
Since ( Jexp(Bg)dW;t > O) is a martingale, whose quadratic variation is A;, the
0

process [ is nothing but its Dambis-Dubins-Schwarz (DDS) Brownian motion, and
the identity

( / exp(B,)dW,: t > 0) — (B(A);t > 0)

0
follows. To prove the other identity, write from It6’s formula:

t t
exp(2B;) =1+ 2/ exp(2B;) dB; + 2/ exp(2B;) ds . (6.15.b)
0 0
Changing the time on both sides of this equation with the inverse A, of A; we get
exp(2B,-1) =1+ 2/ exp(B,-1) dvs + 2u,
u 0 S

where « is the (DDS) Brownian motion defined by [i exp(B,)dB, = v(A;). This
shows that exp(2B,-1) is the square of a two-dimensional Bessel process started at
1 and the first 1dent1ty of (6.15.a) is proved. The independence between R and [3
follows from that of B and W: after time changing, -, the driving Brownian motion
of R is orthogonal to (3, hence these Brownian motions are independent.

Finally, since /R? + (2 is transient (it is a three-dimensional Bessel process) and
limy 400 Ay = 400, it is clear that the norm of the process (R(A;), 3(A:); t > 0)
converges almost surely towards co as t — +o00.

Note that instead of using equation (6.15.b), we might also have simply developed
exp(B;) with It6’s formula, and found R instead of R?.

Solution to Exercise 6.16

To present the solution, we find it easier to work with the process I; (def) fot ds X,
rather than with X, = —It Let f be a real valued function defined on IR which is
C1', with compact support. leferentlatmg f(I;) with respect to ¢ gives & ( f(L)) =
X, f'(I), so that f(I,) = f(0) + Ji ds X, f'(I,), and

B = 1(0)+ B [ [ dsx. (1]
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On the other hand, using the scaling property of the process X, we obtain that for
fixed t, f(I,) "= f(t1) = f(0) + [ ds f'(sI;) 1, hence:

Elf(1)] = f(0) + /Ot ds E[f'(s) 1] .

Comparing the two expressions obtained for E[f([;)] and again using the scaling
property of X, we get, for every s:

EIX.(1)] = BIL 7 (s1)] = B(LS(1.)].

which yields the result.

Solution to Exercise 6.17

1. Suppose that there exists another process (Y;, t > 0) (rather than (X, ¢t > 0))
such that X, — [J dsY; is an F,-martingale. Subtracting X; — [{ ds X/, we see that
Jyds (X! —Y,) is an F-martingale. Since [j ds (X, — Y;) has finite variations, it
necessarily vanishes. This proves that X] and Y; are indistinguishable.

2. It is clear that formula (6.17.1) holds for n = 1. Suppose that formula (6.17.1)
holds up to order n — 1. An integration by parts gives:

" t n—1 t on
xm = / X st / S oaxm
n! 0o (n—1)! o nl

Since dX™ = dMX"™ 4+ X1 ds, we have:

t n—1 tn t oM " t o
(~1)rt [ X ds = (-1 [—X,}’” - [ Zanx® - [P ds] .
0o (n—1)! n! o nl 0 n!
(6.17.a)
Plugging (6.17.a) into formula (6.17.1) taken at order n — 1, we obtain (6.17.1) at
order n.

3. We will prove a more general result. If (X;) is a Markov process, taking values
in (E,£), its extended infinitesimal generator L is an operator acting on functions
f: E — IR such that f(X;) is (F;) differentiable, where F; = 0{ X, s < t}. Then
one can show that (f(X:))" = ¢g(X;), for some function g. One denotes g = Lf and
f € D(L). Now it follows directly from the previous question that if f € D(L"*1),
then:

tz 2 ntn n ts" n+1
FOX0) = LLF(X) + SLF(X) + -+ (<) S LX) = [ L (X, ds

is a martingale.
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The result of this question simply follows from the above property applied to
Brownian motion whose infinitesimal generator L satisfies Lf = % 1", (f € C?) and
to f(x) = a*.

4. A formal proof goes as follows. Write, for s < ¢, the martingale property,

Qt 2
E {exp (aBt — QZ> \fs} = exp (aBS — c123> ,

and develop both sides as a series in a; the martingale property for each process
(Hy(Bg,t), t > 0) follows. Now, justify fully those arguments !

Comment: The notion of extended infinitesimal generator for a Markov process (X;)
which, to our knowledge, is due to

H. KuNiTAa: Absolute continuity of Markov processes and generators. Nagoya
Math. J., 36, 1-26 (1969).

H. KuniTA: Absolute continuity of Markov processes. Séminaire de Probabilités
X, Lecture Notes in Mathematics, 511, 44-77, Springer, Berlin, 1976

is very convenient to compute martingales associated with (X;), especially when the
laws of X are characterized via a martingale problem, a la Stroock—Varadhan, for
which the reader may consult:

D.W. STROOCK AND S.R.S. VARADHAN: Multidimensional Diffusion Processes.
Grundlehren der Mathematischen Wissenschaften, 233. Springer-Verlag, Berlin—
New York, 1979. Second edition, 1997.

Solution to Exercise 6.18

For every n € IN, there exists a function ¢, of (n + 1) arguments, such that M, =
©n(Wo, ..., W,). From (ii), we have:

E[M7 lm=j] = FE [tpg(j)(Woa Wi, ..oy Wa(j))}
= E[M,;)] = E[Mo],

where the last equality follows from the optional stopping theorem. Consequently,
we obtain:

E[MAy,—p] = E[BM,|m =)l = E[M]P(m = j).

Thus, a simple explanation of this result is that, once we condition with respect to
{m = j}, v becomes a stopping time.
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Solution to Exercise 6.19

1. The equivalence between (6.19.1) and (6.19.2) is straightforward.

2. Since Brownian motion (which we shall denote here by X) is at the same time
a Lévy process, and a Gaussian process, we know that there exist, for fixed s, ¢, T,
two reals u and v such that

EXy | For| = uXs +vXr,
which we write equivalently as
EX: — X5 | For] = (u—1) +0) X5 + v(Xr — X5). (6.19.a)
From (6.19.a), we can deduce easily that

EX,(X:—X,)] = 0=(u—1)+v
El(X: — X5)(Xr — X5)] t—s=v(T—ys),

which yields the right values of v and v.

3. Any centred Markovian Gaussian process may be represented as X; = u(t)fBy),
with 8 a Brownian motion and v and v two deterministic functions, v being a
monotone. Call (B;) the natural filtration of 5 and assume that v is increasing (for
simplicity). Then from question 1, we have

EXi | Fsr] = u®)E[Bo) | Buoes) )

which yields the right values of « and 3. Now, for X to be an affine process, we
should have

v(T) — v(t) u(t) _ Tt
v(T) —v(s) u(s) T—5s
v(t) —v(s) u(t) t—s

v(T) —v(s) w(T) T—s

4. The identity presented in the hint is easily deduced from the following

Elexp(i(AXa + 1X)] = exp(—at(A + p) — (b — a)¥(p)),

where v denotes the Lévy exponent associated with X, and a < b, A\, 4 € IR. Then
we have

B exp(inXs)] = - Blexpi\X + uX)] o = —av! (1) exp(—bu(1)).
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which implies the desired result. It follows that

X ] Xy
E|=2|F| =
[ a ’ b ] b )
and with the help of the homogeneity of the increments of X, we obtain:
X — X, 1 Xr— X,
E\l— | Fsr| = ———,
{ t—s | 7 T—5s

which shows that X is an affine process.

5. The proof is the same after replacing the characteristic function by the Laplace
transform.

6. Assume that X is differentiable. By letting ¢’ | ¢ in (6.19.2), we obtain E[Y; | Fs .|,
which does not depend on t € (s,u); but we also have Y; = lim._, XFEXS*S, in L*
and the same is true for Y,. Thus Y, and Y, are F,,-measurable, hence they are

both equal to %, the proof of this question is now easily ended.

7. It is easily shown that the property (6.19.2) is satisfied for ¢ and ¢ of the form
s+ %(u —5), 0 < k < n; hence, it also holds for all ¢, € [s,u], using the L'
continuity of X.

Joint solution to Exercises 6.20 and 6.21

We note that it suffices to prove Exercise 6.21, since then Exercise 6.20 will follow,
by considering

H, = /Otduoz(u).

To prove Exercise 6.21, we consider s < t < u, and we write

o) = B|TO=EE) )
_ E[E {—H(“):H(s) |.7-"t] |J—'S]
= LB | A+ als),

Comparing the extreme terms, we obtain
a(s) = Ela(t) | F .

To prove question 2 of Exercise 6.21, write a(s) = FE [ﬁ 1K duau|fs}, hence

EH, — Hy|F,] = E [fst du oy, ].7:8}, which allows us to deduce that H; — [i dua,
is a martingale.
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Where is the notion N discussed ?

In this book

In the literature

Monotone class theorem

Meyer ([40], T19, T20; pp. 27, 28);

Chapter 1 Dacunha-Castelle and Duflo ([12], chapter 3)
Uniform integrability Meyer ([40], pp. 35-40); Durrett ([19], section 4.5);
Ex. 1.2, Ex. 1.3 Grimmett and Stirzaker ([26], pp. 353)
Convergence of 1.v.s Fristedt and Gray ([25], chapter 12);
Chapter 5 Billingsley [5]; Chung [11]
Independence Dacunha-Castelle and Duflo ([12], chapter 5);
Chapter 2 Kac [32]
Conditioning Meyer ([40], chapter 2, section 4); Williams [63];
Chapter 2 Fristedt and Gray ([25], chapter 21, chapter 23)
Gaussian space Neveu [42]; Janson [30]; Lifschits [37]
Chapter 3
Laws of large numbers Williams ([64], p. 103); Durrett ([19], chapter 1);
Chapter 5 Feller ([20], chapter VII)
Central limit theorems Williams ([64], p. 156); Durrett ([19], chapter 2);
Ex. 5.8 Feller ([20], chapter VIII)
Large deviations Toulouse ([58], chapter 3); Azencott (see ex. 3.10);
Ex. 5.5 Durrett ([19], 1.9)

Characteristic functions
Chapter 4, Chapter 5

Lukacs [38]; Williams ([64], p. 166);
Fristedt and Gray ([25], chapter 13)

Laplace transform
Chapter 4

Feller ([20], chapter VII, 6)
Chung ([11], 66); Meyer [40]

Mellin transform
Ex. 1.13, Ex. 4.21

Zolotarev [66]; Widder [61]; Patterson [44]

Infinitely divisible laws
Ex. 1.12, Ex. 5.11

Fristedt and Gray ([25], chapter 16);
Feller ([20], chapter 6); Durrett ([19], 2.8)

Stable laws
Ex. 4.17 to 4.19, Ex. 5.11

Fristedt and Gray ([25], chapter 17);

Domains of attraction

(
)

Zolotarev [66]; Feller [20]
(

Feller ([20], chapter IX); Petrov [46]

Ex. 5.15
Ergodic Theorems Durrett ([19], chapter 6); Billingsley (see ex. 1.8)
Ex. 1.8
Martingales Baldi, Mazliak and Priouret [2];

Ex. 1.5, Chapter 6

Neveu ([43], section B); Williams [63];
Grimmett and Stirzaker ([26], section 7.7, 7.8,
chapter 12)
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Final suggestions: how to go further ?

The reader who has had the patience and/or interest to remain with us until now
may want to (and will certainly) draw some conclusions from this enterprise. . .. If
you are really “hooked” (in French slang, “accro”!) on exercises, counterexamples,
etc., you may get into [2], [14], [15], [18], [23], [27], [36], [54],[56], [57].

We would like to suggest two complementary directions.

(i) When, in the middle of a somewhat complex research program, involving a
highly sophisticated probability model, it is often comforting to check one’s asser-
tions by “coming down” to some consequences involving only one — (or finite) —
dimensional random variables. As explained in the foreword of this book, most of
our exercises have been constructed in this way, mainly by “stripping” the Brownian
set-up.

(ii) The converse attitude may also be quite fruitful; namely to view a one-
dimensional model as embedded in an infinitely dimensional one. An excellent
example of the gains one might draw in “looking at the big picture” is Ito’s theory
of (Brownian) excursions: jointly (as a process of excursions), they constitute a big
Poisson process; this theory allowed us to recover most of Lévy’s results for the
individual excursion, and indeed many more. . ..

To illustrate, here is a discussion relative to the arc-sine law of P. Lévy: in his
famous 1939 paper, P. Lévy noticed that the law of %fg ds g, >0y, for fixed ¢, is
also the same as that of % Jo" ds Iyp,~oy, where, for fixed h, 7, = inf{t : [, > h},
h > 0, is the inverse of the local time process [. This striking remark motivated
Pitman and Yor to establish the following infinite dimensional reinforcement of
Lévy’s remark: for fixed ¢ and h, both sequences: 1(Mi(t),..., M,(t),...) and
%(Ml(rh), oy My (1), .. .) have the same distribution, where M;(t) > My(t) > ...
is the decreasing sequence of lengths of Brownian excursions over the interval (0, t).

We could not find any better way to conclude on this topic, and with this book,
than by simply reproducing one sentence in Professor 1t6’s Foreword to his Selected
Papers (Springer, 1987):

“After several years, it became my habit to observe even finite-dimensional facts
from the infinite-dimensional viewpoint.”

So, let us try to imitate Professor 1t6 !!
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The abbreviations: ex., sol., and chap.
refer respectively to the corresponding
exercise, solution, and short presenta-
tion of a chapter.

absolute continuity ex. 2.3, ex. 6.9
affine process ex. 6.19

Bessel process  ex. 6.4, sol. 6.15

Brownian motion chap. 6
geometric ex. 6.15
hyperbolic  ex. 6.15

Brownian bridge ex. 6.7

Carleman criterion ex. 1.10
Central Limit Theorem chap. 5,
ex. 5.8, ex. 5.9
change of probability
characteristic function
concentration inequality
conditional
expectation ex. 1.4
independence ex. 2.12
law ex. 2.4, ex. 4.10
conditioning chap. 2, ex. 2.14, ex. 2.16
ex. 2.17
continued fractions
convergence
almost sure ex. 1.5, ex. 3.4
in law  ex. 1.3, ex. 4.6, ex. 5.4,
ex. 5.8, ex. 5.2
in LP ex. 5.1
weak ex. 1.3, ex. 5.11, ex. 5.12

ex. 2.14
ex. 1.12
ex. 3.10

ex. 1.10, ex. 3.4

density

Radon-Nikodym ex. 2.15

Y
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ex. 1.9
ex. 6.3
ex. 4.4

of a subspace
digamma function
Dirichlet process

ergodic transformation ex. 1.7,
ex. 1.8, ex. 1.9
exchangeable
sequences of r.v.’s ex. 2.6
processes ex. 6.7, ex. 6.19
extremes

asymptotic laws for sol. 5.4

ex. 4.5, ex. 4.16
ex. 4.4

gamma function
gamma process

Gauss multiplication formula ex. 4.5
duplication formula ex. 6.10
triplication formula ex. 4.5

harness ex. 6.19

hitting time
distribution ex. 6.8

infinitely divisible r.v. ex. 1.12

infinitesimal generator ex. 6.15,
extended sol. 6.17

independence chap. 2, ex. 2.3, 2.7
asymptotic ex. 2.5

invariance property ex. 6.12
1t0’s formula  ex. 6.1, sol. 6.1, ex. 6.4

Kolmogorov’s 0-1 law  sol. 5.8
large deviations ex. 5.5
law of large numbers chap. 5

local time (of a semimartingale)
ex. 6.8

Lévy’s arcsine law  ex. 6.7, ex. 6.16
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Lévy’s characterization of Brownian
motion sol. 6.10

Lévy’s identity ex. 6.8

Lévy processes ex. 5.13 , sol. 5.15,
ex. 6.3, ex. 6.7, ex. 6.19

martingale ex. 1.5, ex. 6.11, ex. 6.17
complex valued sol. 6.5
Markov property ex. 6.13
strong sol. 6.8, sol. 6.12
Markov process ex. 6.17
Mittag-Leffler distributions
ex. 4.19
moments
method ex. 5.2
problem ex. 1.9
of a random variable
ex. 5.2
Monotone Class Theorem ex. 1.4

ex. 3.3,

polynomials
Hermite ex. 6.17
orthogonal ex. 6.17
Tchebytcheff ex. 3.5
process
empirical ex. 5.12
Gaussian  chap. 3, chap. 6
Lévy ex. 5.13, sol. 5.15, ex. 6.3,
ex. 6.7, ex. 6.19
Poisson  ex. 5.13
semi-stable sol. 5.15

quadratic variation ex. 6.14,
ex. 6.15

range process (of Brownian motion)
ex. 6.2
reflection principle sol. 6.11

semimartingale ex. 6.17
scaling property sol. 6.3

random scaling ex. 6.12
Selberg’s formula  ex. 4.20
self-similar process ex. 6.9, ex. 6.16
skew-product representation sol. 6.5

Index

space
Gaussian  chap.3, ex. 3.1, ex. 3.2
Hilbert chap.3

stopping time ex. 2.11, ex. 6.9
non- ex. 6.18

sigma-field ex. 2.5

tail o-field ex. 1.7, sol. 5.1
Tanaka’s formula  sol. 6.10
time-change ex. 6.11
time-inversion ex. 6.9
transform  chap. 4

Fourier ex. 2.12, sol. 5.7

Gauss ex. 4.16

Laplace ex. 2.13, ex. 2.17,

sol. 5.2, sol. 5.11
Mellin  ex. 4.21
Stieltjes ex. 4.21

uniform integrability —ex. 1.2, ex. 1.3

variable

beta ex. 4.2, ex. 4.6, ex. 4.7

Cauchy ex.4.12, ex. 4.15, ex. 6.10

exponential ex. 4.8, ex. 4.9,
ex. 4.11, ex. 4.17

gamma ex. 2.17, ex. 3.3, ex. 4.2,
ex. 4.5, ex. 6.10 ex. 4.6, ex. 4.7

Gaussian chap. 3, ex. 3.1, ex. 3.7,
ex. 4.1, ex. 4.11

simplifiable ex. 1.12, ex. 4.2

stable ex.4.17, ex. 4.18, ex. 4.19,
ex. 4.21, ex. 5.15

stable(1/2) ex. 4.15, ex. 5.11

uniform ex. 4.2, ex. 4.6, ex. 4.13,
ex. 6.7
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