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Introduction

The present volume contains contributions and lecture notes of the XII Symposium
on Probability and Stochastic Processes, held at the Universidad Auténoma de
Yucatan (UAdY), Mexico in November 16-20, 2015.

The traces of this symposium reach back to December 1988 at CIMAT, when it
was held for the first time. The symposium is one of the main events in the field,
and it takes place every 2 years at different academic institutions in Mexico. During
these 27 years and up until today, this series of symposia has readily accomplished
its main goal of exchanging ideas and discussing the latest developments in the field
by gathering both national and international researchers as well as graduate students.

The symposium in 2015 gathered scholars from over seven countries and covered
a wide range of topics that highlight the interaction between applied and theoretical
probability. The scientific programme included two courses: Optimality of two-
parameter strategies in stochastic control organized by Kazutoshi Yamazaki, and
Scaling limits of large random trees organized by Bénédicte Haas. The event
also benefited from nine plenary talks that were delivered by José Blanchet, Loic
Chaumont, Alex Cox, Takis Konstantopoulos, Andreas Kyprianou, Hubert Lacoin,
Mihai Sirbu, Gerénimo Uribe and Hasnaa Zidani. Another four thematic sessions
and fourteen contributed talks completed the outline of the symposium.

This volume is split into two main parts: first the lectures notes of the two
courses provided by Bénédicte Haas and Kazutoshi Yamazaki, followed by research
contributions of some of the participants. The lecture notes of Bénédicte Haas
and Kazutoshi Yamazaki give an overview of the recent progress on describing
the large-scale structure of random trees, and on stochastic control problems
where the optimal strategies are described by two parameters under a setting
that is driven by a spectrally one-sided Lévy process, respectively. The research
contributions start with an illustrative article written by Ekaterina Kolkovska and
Ehyter Martin-Gonzdlez, in which they investigate a classical risk process with two-
sided jumps that is perturbed by a spectrally negative «-stable process, where the
gain size distribution has a rational Laplace transform. The contribution of Daniel
Herndndez-Herndndez and Leonel Pérez-Herndndez analyses the minimality of the
penalty function associated with a convex risk measure. By considering dynamic

programming, Laurent series and the study of sensitive discount optimality, Beatris
vii
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Escobedo-Trujillo, Héctor Jasso-Fuentes and José Daniel Lépez-Barrientos analyse
Blackwell-Nash equilibria for a general class of zero-sum stochastic differential
games. ['-convergence of monotone functionals is discussed in the contribution
written by Erick Trevifio-Aguilar, where a criterion is presented under which a
functional that is defined on vectors of non-decreasing functions is the I'-limit
of a functional that is defined on vectors of continuous non-decreasing functions.
A criterion for the blow-up of a system of one-dimensional reaction-diffusion
equations in a finite time is proposed by Eugenio Guerrero and José Alfredo
Lépez-Mimbela, where the criterion depends on the drift terms of the system of
partial differential equations and on some measures which turn out to be invariant
distributions of some diffusions that are associated with the system. Finally, Arno
Siri-Jégousse and Linglong Yuan study the asymptotic behaviour, for small times,
of the largest block size of Beta-n-coalescents as n increases.

In summary, the high quality and variety of these contributions give a broad
panorama of the rich academic programme of the symposium and of its impact.
It is worth noting that all papers, including the lecture notes of the invited courses,
were subject to a strict peer review process with high international standards. We are
very grateful to the referees, many of whom are leading experts in their fields, for
their diligent and useful reports. Their comments were implemented by the authors
and considerably improve the material presented herein.

We would also like to express our gratitude to all the authors whose original
contributions are published in this book, as well as to all the speakers and session
organizers of the symposium for their stimulating talks and support. Their valuable
contributions show the interest and activity in the area of probability and stochastic
processes in Mexico.

We hold in high regard the editors of the book series Progress in Probability,
Steffen Dereich, Davar Khoshnevisan, Andreas E. Kyprianou and Sidney I. Resnick,
for giving us the opportunity to publish the symposium volume in this prestigious
series.

Special thanks to the symposium venue Universidad Auténoma de Yucatdn and
its staff for their great hospitality and for providing excellent conference facilities.
We are also indebted to Rosy Davalos, whose outstanding organizational work
permitted us to focus on the academic aspects of the conference.

The symposium as well as this volume would not have been possible without
the generous support of our sponsors: Centro de Investigaciéon en Matemadticas,
RED-CONACYT Matemdticas y Desarrollo, Laboratorio Internacional Solomon
Lefschetz CNRS-CONACYT, Instituto de Investigaciones en Matematicas Apli-
cadas y en Sistemas and Instituto de Matemaéticas at UNAM as well as Universidad
Auténoma de Yucatan.

Finally, we hope that the reader of this volume will enjoy learning about the
various topics that are treated therein, as much as we did editing it.

Guanajuato, Mexico Daniel Hernandez-Hernandez
Guanajuato, Mexico Juan Carlos Pardo
Guanajuato, Mexico Victor Rivero
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Scaling Limits of Markov-Branching )
Trees and Applications e

Lecture Notes of the XII Simposio de Probabilidad y
Procesos Estocasticos 16—-20 Novembre 2015, Mérida,
Yucatan

Bénédicte Haas

Abstract The goal of these lecture notes is to survey some of the recent progress
on the description of large-scale structure of random trees. We use the framework
of Markov-Branching sequences of trees and discuss several applications.

Keywords Random trees - Scaling limits - Self-similar fragmentations -
self-similar Markov processes

Mathematics Subject Classification 05C05, 60F17, 60J05, 60J25, 60J80

1 Introduction

The goal of these lecture notes is to survey some of the recent progress on the
description of large-scale structure of random trees. Describing the structure of large
(random) trees, and more generally large graphs, is an important goal of modern
probabilities and combinatorics. Beyond the purely probabilistic or combinatorial
aspects, motivations come from the study of models from biology, theoretical
computer science or mathematical physics.

The question we will typically be interested in is the following. For (7,,,n > 1) a
sequence of random unordered (i.e. non-planar) trees, where, for each n, T}, is a tree
of size n (the size of a tree may be its number of vertices or its number of leaves, for
example): does there exist a deterministic sequence (a,,n > 1) and a continuous

B. Haas ()
Université Paris 13, Sorbonne Paris Cité, LAGA, CNRS (UMR 7539), Villetaneuse, France
e-mail: haas@math.univ-paris13.fr
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random tree 7 such that

T,
n T9
a, n—>o00

To make sense of this question, we will view T}, as a metric space by “replacing”
its edges with segments of length 1, and then use the notion of Gromov-Hausdorft
distance to compare compact metric spaces. When such a convergence holds, the
continuous limit highlights some properties of the discrete objects that approximate
it, and vice-versa.

As a first example, consider 7, a tree picked uniformly at random in the set of
trees with n vertices labelled by {1, ..., n}. The tree T; has to be understood as a
typical element of this set of trees. In this case the answer to the previous question
dates back to a series of works by Aldous in the beginning of the 1990s [8-10]:
Aldous showed that

T, @
2 o TBr (D

where the limiting tree is called the Brownian Continuum Random Tree (CRT),
and can be constructed from a standard Brownian excursion. This result has various
interesting consequences, €.g. it gives the asymptotics in distribution of the diameter,
the height (if we consider rooted versions of the trees) and several other statistics
related to the tree 7;,. Consequently it also gives the asymptotic proportion of trees
with n labelled vertices that have a diameter larger than x./n or/and a height larger
than y./n, etc. Some of these questions on statistics of uniform trees were already
treated in previous works, the strength of Aldous’s result is that it describes the
asymptotics of the whole tree T),.

Aldous has actually established a version of the convergence (1) in a much
broader context, that of conditioned Galton—Watson trees with finite variance. In this
situation, to fit to our context, 7,, is an unordered version of the genealogical tree
of a Galton—Watson process (with a given, fixed offspring distribution with mean
one and finite variance) conditioned on having a total number of vertices equal to
n,n > 1. Multiplied by 1/./n, this tree converges in distribution to the Brownian
CRT multiplied by a constant that only depends on the variance of the offspring
distribution. This should be compared with (and is related to) the convergence of
rescaled sums of i.i.d. random variables towards the normal distribution and its
functional analog, the convergence of rescaled random walks towards the Brownian
motion. It turns out that the above sequence of uniform labelled trees can be seen as
a sequence of conditioned Galton—Watson trees (when the offspring distribution is a
Poisson distribution) and more generally that several sequences of combinatorial
trees reduce to conditioned Galton—Watson trees. In the early 2000s, Duquesne
[44] extended Aldous’s result to conditioned Galton—Watson trees with offspring
distributions in the domain of attraction of a stable law. We also refer to [46, 70] for
related results. In most of these cases the scaling sequences (a,) are asymptotically
much smaller, i.e. a, < +/n, and other continuous trees arise in the limit, the so-
called family of stable Lévy trees. All these results on conditioned Galton—Watson
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trees are now well established, and have a lot of applications in the study of large
random graphs (see e.g. Miermont’s book [78] for the connections with random
maps and Addario-Berry et al. [4] for connections with Erd6s—Rényi random graphs
in the critical window).

The classical proofs to establish the scaling limits of Galton—Watson trees consist
in considering specific ordered versions of the trees and rely on a careful study of
their so-called contour functions. It is indeed a common approach to encode trees
into functions (similarly to the encoding of the Brownian tree by the Brownian
excursion), which are more familiar objects. It turns out that for Galton—Watson
trees, the contour functions are closely related to random walks, whose scaling
limits are well known. Let us also mention that another common approach to study
large random combinatorial structures is to use technics of analytic combinatorics,
see [54] for a complete overview of the topic. None of these two methods will be
used here.

In these lecture notes, we will focus on another point of view, that of sequences
of random trees that satisfy a certain Markov-Branching property, which appears
naturally in a large set of models and includes conditioned Galton—Watson trees.
This property is a sort of discrete fragmentation property which roughly says that
in each tree of the sequence, the subtrees above a given height are independent
with a law that depends only on their total size. Under appropriate assumptions, we
will see that Markov-Branching sequences of trees, suitably rescaled, converge to a
family of continuous fractal trees, called the self-similar fragmentation trees. These
continuous trees are related to the self-similar fragmentation processes studied by
Bertoin in the 2000s [14], which are models used to describe the evolution of
objects that randomly split as time passes. The main results on Markov-Branching
trees presented here were developed in the paper [59], which has its roots in the
earlier paper [63]. Several applications have been developed in these two papers,
and in more recent works [15, 60, 89]: to Galton—Watson trees with arbitrary degree
constraints, to several combinatorial trees families, including the Pdlya trees (i.e.
trees uniformly distributed in the set of rooted, unlabelled, unordered trees with n
vertices, n > 1), to several examples of dynamical models of tree growth and to
sequence of cut-trees, which describe the genealogy of some deletion procedure of
edges in trees. The objective of these notes is to survey and gather these results, as
well as further related results.

In Sect.2 below, we will start with a series of definitions related to discrete
trees and then present several classical examples of sequences of random trees.
We will also introduce there the Markov-Branching property. In Sect.3 we set
up the topological framework in which we will work, by introducing the notions
of real trees and Gromov—Hausdorff topology. We also recall there the classical
results of Aldous [9] and Duquesne [44] on large conditioned Galton—Watson trees.
Section 4 is the core of these lecture notes. We present there the results on scaling
limits of Markov-Branching trees, and give the main ideas of the proofs. The key
ingredient is the study of an integer-valued Markov chain describing the sizes of the
subtrees containing a typical leaf of the tree. Section 5 is devoted to the applications
mentioned above. Last, Sect.6 concerns further perspectives and related models
(multi-type trees, local limits, applications to other random graphs).
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All the sequences of trees we will encounter here have a power growth. There is
however a large set of random trees that naturally arise in applications that do not
have such a behavior. In particular, many models of trees arising in the analysis of
algorithms have a logarithmic growth. See e.g. Drmota’s book [42] for an overview
of the most classical models. These examples do not fit into our framework.

2 Discrete Trees, Examples and Motivations

2.1 Discrete Trees

Our objective is mainly to work with unordered trees. We give below a precise
definition of these objects and mention nevertheless the notions of ordered or/and
labelled trees to which we will sometimes refer.

A discrete tree (or graph-theoretic tree) is a finite or countable graph (V, E) that
is connected and has no cycle. Here V denotes the set of vertices of the graph and E
its set of edges. Note that two vertices are then connected by exactly one path and
that #V = #E 4 1 when the tree is finite.

In the following, we will often denote a (discrete) tree by the letter t, and for
t = (V, E) we will use the slight abuse of notation v € ttomean v € V.

A tree t can be seen as a metric space, when endowed with the graph distance
dgr: given two vertices u, v € t, dg(u, v) is defined as the number of edges of the
unique path from u to v.

A rooted tree (1, p) is an ordered pair where t is a tree and p € t. The vertex p
is then called the root of t. This gives a genealogical structure to the tree. The root
corresponds to the generation 0, its neighbors can be interpreted as its children and
form the generation 1, the children of its children form the generation 2, etc. We will
usually call the height of a vertex its generation, and denote it by ht(v) (the height
of a vertex is therefore its distance to the root). The height of the tree is then

ht(t) = sup ht(v)

vet

and its diameter

diam(t) = sup dg(u, v).

u,vet

The degree of a vertex v € t is the number of connected components obtained
when removing v (in other words, it is the number of neighbors of v). A vertex
v different from the root and of degree 1 is called a leaf. In a rooted tree, the
out-degree of a vertex v is the number of children of v. Otherwise said, out-
degree(v)=degree(v)-1Liyxroy. A (full) binary tree is a rooted tree where all
vertices but the leaves have out-degree 2. A branch-point is a vertex of degree
at least 3.
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In these lecture notes, we will mainly work with rooted trees. Moreover we will
consider, unless specifically mentioned, that two isomorphic trees are equal, or,
when the trees are rooted, that two root-preserving isomorphic trees are equal.
Such trees can be considered as unordered unlabelled trees, in opposition to the
following definitions.

Ordered or/and Labelled Trees In the context of rooted trees, it may happen that
one needs to order the children of the root, and then, recursively, the children of each
vertex in the tree. This gives an ordered (or planar) tree. Formally, we generally see
such a tree as a subset of the infinite Ulam—Harris tree

o0
u=[Jn
n=0

where N := {1, 2, ...} and N’ = {&}. The element & is the root of the Ulam—Harris
tree, and any other u = uuy ... u, € U\{D} is connected to the root via the unique
shortest path

= uy —> ujup = ... —> Uj...uUy.

The height (or generation) of such a sequence u is therefore its length, n. We then
say thatt C U/ is a (finite or infinite) rooted ordered tree if:

e get

e fu=uy...u, et\{g},thenu = uj...u,_1 € t(the parent of an individual in
t that is not the root is also in t)

e ifu = uy...u, € t, there exists an integer ¢, () > 0 such that the element
up...upj €tifandonlyif 1 < j < ¢, ().

The number ¢, () corresponds to the number of children of u in t, i.e., its out-degree.
We will also sometimes consider labelled trees. In these cases, the vertices are
labelled in a bijective way, typically by {1, ..., n} if there are n vertices (whereas in
an unlabelled tree, the vertices but the root are indistinguishable). Partial labelling
is also possible, e.g. by labelling only the leaves of the tree.
In the following we will always specify when a tree is ordered or/and
labelled. When not specified, it is implicitly unlabelled, unordered.

Counting Trees It is sometimes possible, but not always, to have explicit formula
for the number of trees of a specific structure. For example, it is known that the
number of trees with n labelled vertices is

n"~2  (Cayley formula),

and consequently, the number of rooted trees with  labelled vertices is

n" L
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The number of rooted ordered binary trees with n + 1 leaves is
1 2n
n+1\n
(this number is called the nth Catalan number) and the number of rooted ordered

trees with »n vertices is
1/2n—-2
n\n—1)

On the other hand, there is no explicit formula for the number of rooted (unlabelled,
unordered) trees. Otter [79] shows that this number is asymptotically proportional
to
cic'n—3/?

where ¢ ~ 0.4399 and « ~ 2.9557. This should be compared to the asymptotic
expansion of the nth Catalan number, which is proportional (by Stirling’s formula)
to w~1/24np=3/2,

We refer to the book of Drmota [42] for more details and technics, essentially
based on generating functions.

2.2 First Examples

We now present a first series of classical families of random trees. Our goal will be
to describe their scaling limits when the sizes of the trees grow, as discussed in the
Introduction. This will be done in Sect. 5. Most of these families (but not all) share
a common property, the Markov-Branching property that will be introduced in the
next section.

Combinatorial Trees Let T, denote a finite set of trees with n vertices, all sharing
some structural properties. E.g. T,, may be the set of all rooted trees with n vertices,
or the set of all rooted ordered trees with n vertices, or the set of all binary trees with
n vertices, etc. We are interested in the asymptotic behavior of a “typical element”
of T,, as n — oo. That is, we pick a tree uniformly at random in T}, denote it by 7,
and study its scaling limit. The global behavior of 7;, as n — oo will represent some
of the features shared by most of the trees. For example, if the probability that the

1
height of T, is larger than n2*¢ tends to 0 as n — oo, this means that the proportion

of trees in the set that have a height larger than n 2+ i asymptotically negligible,
etc. We will more specifically be interested in the following cases:

e T, is a uniform rooted tree with n vertices
e T, is a uniform rooted ordered tree with n vertices
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e T, is a uniform tree with n labelled vertices
* T, is auniform rooted ordered binary tree with n vertices (n odd)
e T, is auniform rooted binary tree with n vertices (n odd),

etc. Many variations are of course possible, in particular one may consider trees
picked uniformly amongst sets of trees with a given structure and n leaves, or more
general degree constraints. Some of these uniform trees will appear again in the next
example.

Galton—Watson Trees Galton—Watson trees are random trees describing the
genealogical structure of Galton—Watson processes. These are simple mathematical
models for the evolution of a population that continue to play an important role in
probability theory and in applications. Let n be a probability on Zy (n is called
the offspring distribution) and let m = ) ,_,in(i) € [0, oo] denote its mean.
Informally, in a Galton—Watson tree with offspring distribution 7, each vertex has
a random number of children distributed according to 7, independently. We will
always assume that (1) < 1 in order to avoid the trivial case where each individual
has a unique child. Formally, an n-Galton—Watson tree 7" is usually seen as an
ordered rooted tree and defined as follows (recall the Ulam—Harris notation /):

* ¢y (T") is distributed according to n
« conditionally on ¢z (T") = p, the p ordered subtrees t; = {u € U : iu € T"}
descending fromi =1, ..., p are independent and distributed as 7.

From this construction, one sees that the distribution of 7" is given by:

P(T7=1) =] e, 2)

vet

for all rooted ordered tree t. This definition of Galton—Watson trees as ordered trees
is the simplest, avoiding any symmetry problems. However in the following we will
mainly see these trees up to isomorphism, which roughly means that we can “forget
the order”.

Clearly, if we call Z; the number of individuals at height k, then (Z;, k > 1) is
a Galton—Watson process starting from Zy = 1. It is well known that the extinction
time of this process,

inf{k > 0: Z; = 0}
if finite with probability 1 when m < 1 and with a probability € [0, 1) whenm > 1.
The offspring distribution n and the tree 7" are said to be subcritical whenm < 1,
critical when m = 1 and supercritical when m > 1. From now on, we assume that

m=1

and for integers n such that P#7T" = n) > 0, we let T,)"" denote a non-ordered
version of the Galton—Watson tree 7" conditioned to have n vertices. Sometimes, we
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will need to keep the order and we will let T,,n’v’ord denote this ordered conditioned

version. We point out that in most cases, but not all, a subcritical or a supercritical
Galton—Watson tree conditioned to have n vertices is distributed as a critical Galton—
Watson tree conditioned to have n vertices with a different offspring distribution. So
the assumption m = 1 is not too restrictive. We refer to [66] for details on that point.

It turns out that conditioned Galton—Watson trees are closely related to combina-
torial trees. Indeed, one can easily check with (2) that:

e if n = Geo(1/2), Tn”’v’Ord is uniform amongst the set of rooted ordered trees with
n vertices

e if n = Poisson(1), 7,7"" is uniform amongst the set of rooted trees with n labelled
vertices

e ifp= é (80 + 62), T,,n’v’ord is uniform amongst the set of rooted ordered binary
trees with n vertices.

We refer e.g. to Aldous [9] for additional examples.

Hence, studying the large-scale structure of conditioned Galton—Watson trees
will also lead to results in the context of combinatorial trees. As mentioned in the
Introduction, the scaling limits of large conditioned Galton—Watson trees are now
well known. Their study has been initiated by Aldous [8—10] and then expanded by
Duquesne [44]. This will be reviewed in Sect. 3. However, there are some sequences
of combinatorial trees that cannot be reinterpreted as Galton—Watson trees, starting
with the example of the uniform rooted tree with n vertices or the uniform rooted
binary tree with n vertices. Studying the scaling limits of these trees remained open
for a while, because of the absence of symmetry properties. These scaling limits are
presented in Sect. 5.2.

In another direction, one may also wonder what happens when considering
versions of Galton—Watson trees conditioned to have n leaves, instead of n vertices,
or more general degree constraints. This is discussed in Sect. 5.1.2.

Dynamical Models of Tree Growth We now turn to several sequences of finite
rooted random trees that are built recursively by adding at each step new edges
on the pre-existing tree. We start with a well known algorithm that Rémy [88]
introduced to generate uniform binary trees with n leaves.

Rémy’s Algorithm The sequence (7,(R),n > 1) is constructed recursively as
follows:

e Step 1: T1(R) is the tree with one edge and two vertices: one root, one leaf

» Step n: given T,—1 (R), choose uniformly at random one of its edges and graft on
“its middle” one new edge-leaf. By this we mean that the selected edge is split
into two so as to obtain two edges separated by a new vertex, and then a new
edge-leaf is glued on the new vertex. This gives 7, (R).

It turns out (see e.g. [88]) that the tree T,,(R), to which has been subtracted the
edge between the root and the first branch point, is distributed as a binary critical
Galton—Watson tree conditioned to have 2n — 1 vertices, or equivalently n leaves
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(after forgetting the order in the GW-tree). As so, we deduce its asymptotic behavior
from that of Galton—Watson trees. However this model can be extended in several
directions, most of which are not related to Galton—Watson trees. We detail three of
them.

Ford’s a-Model [55] Let o € [0, 1]. We construct a sequence (7, («),n > 1) by
modifying Rémy’s algorithm as follows:

e Step 1: T1(«) is the tree with one edge and two vertices: one root, one leaf

» Step n: given T,,_1 (@), give a weight 1 — « to each edge connected to a leaf, and
a to all other edges (the internal edges). The total weight is n — 1 — «. Now, if
n # 2 ora # 1, choose an edge at random with a probability proportional to
its weight and graft on “its middle” one new edge-leaf. This gives 7, (). When
n = 2 and o = 1 the total weight is 0 and we decide to graft anyway on the
middle of the edge of 71 one new edge-leaf.

Note that when o = 1/2 the weights are the same on all edges and we recover
Rémy’s algorithm. When « = 0, the new edge is always grafted uniformly on an
edge-leaf, which gives a tree 7;,(0) known as the Yule tree with n leaves. When
a = 1, we obtain a deterministic tree called the comb tree. This family of trees
indexed by « € [0, 1] was introduced by Ford [55] in order to interpolate between
the Yule, the uniform and the comb models. His goal was to propose new models
for phylogenetic trees.

k-Ary Growing Trees [60] This is another extension of Rémy’s algorithm, where
now several edges are added at each step. Consider an integer kK > 2. The sequence
(T (k),n > 1) is constructed recursively as follows:

» Step 1: Ty (k) is the tree with one edge and two vertices: one root, one leaf
» Step n: given T,,_1 (k), choose uniformly at random one of its edges and graft on
“its middle” k — 1 new edges-leaf. This gives T (k).

When k£ = 2, we recover Rémy’s algorithm. For larger k, there is no connection
with Galton—Watson trees.

Marginals of Stable Trees: Marchal’s Algorithm 1In [73], Marchal considered the
following algorithm, that attributes weights also to the vertices. Fix a parameter
B € (1, 2] and construct the sequence (7, (), n > 1) as follows:

* Step 1: T1(B) is the tree with one edge and two vertices: one root, one leaf
» Step n: given T,,_1(B), attribute the weight

— B — 1 oneachedge
— d — 1 — B on each vertex of degree d > 3.

The total weight is n — 1. Then select at random an edge or vertex with a
probability proportional to its weight and graft on it a new edge-leaf. This gives

T (B)-
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The reason why Marchal introduced this algorithm is that 7,(8) is actually
distributed as the shape of a tree with edge-lengths that is obtained by sampling n
leaves at random in the stable Lévy tree with index . The class of stable Lévy trees
plays in important role in the theory of random trees. It is introduced in Sect. 3.2
below.

Note that when 8 = 2, vertices of degree 3 are never selected (their weight is 0).
So the trees 7,,(B), n > 1 are all binary, and we recover Rémy’s algorithm.

Of course, several other extensions of trees built by adding edges recursively may
be considered, some of which are mentioned in Sects. 5.3.3 and 6.1.

Remark In these dynamical models of tree growth, we build on a same probability
space the sequence of trees, contrary to the examples of Galton—Watson trees or
combinatorial trees that give sequences of distributions of trees. In this situation,
one may expect to have more than a convergence in distribution for the rescaled
sequences of trees. We will see in Sect. 5.3 that it is indeed the case.

2.3 The Markov-Branching Property

Markov-Branching trees were introduced by Aldous [11] as a class of random binary
trees for phylogenetic models and later extended to non-binary cases in Broutin et
al. [30], and Haas et al. [63]. It turns out that many natural models of sequence of
trees satisfy the Markov-Branching property (MB-property for short), starting
with the example of conditioned Galton—Watson trees and most of the examples of
the previous section.

Consider

T,,n>1
( )

a sequence of trees where 7, is a rooted (unordered, unlabelled) tree with n leaves.
The MB-property is a property of the sequence of distributions of T,,n > 1.
Informally, the MB-property says that for each tree T,,, given that

the root of 7}, splits it in p subtrees with respectively A1 > ... > A, leaves,

then 7}, is distributed as the tree obtained by gluing on a common root p independent
trees with respective distributions those of 7j, ..., T,\p. The way the leaves are
distributed in the sub-trees above the root, in each 7y, for n > 1, will then allow to
fully describe the distributions of the T,,,n > 1.

We now explain rigorously how to build such sequences of trees. We start with a
sequence of probabilities (g,, n > 1), where for each n, g, is a probability on the
set of partitions of the integer n. If n > 2, this set is defined by

P
Poi={h=00 ... heN > 20, >1:) A=ng,
i=1
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whereas if n = 1, P; := {(1), #} (we need to have a cemetery point). For a partition
A € Pp, we denote by p(A) its length, i.e. the number of terms in the sequence A.
The probability g, will determine how the n leaves of 7,, are distributed into the
subtrees above its root. We call such a probability a splitting distribution. In order
that effective splittings occur, we will always assume that

gn((m) <1, Vn=1.

We need to define a notion of gluing of trees. Consider ty, .. ., t,, p discrete rooted
(unordered) trees. Informally, we want to glue them on a same common root in
order to form a tree (t1, ..., ty,) whose root splits into the p subtrees ti, ..., tp,.
Formally, this can e.g. be done as follows. Consider first ordered versions of the

trees t‘l’rd, R t‘;rd seen as subsets of the Ulam-Harris tree I/ and then define a new
ordered tree by
d dy . P :cord
(7 . 0 = {2} U ige
The tree (t1, ..., t,) is then defined as the unordered version of (t‘l’rd, o t‘;rd).

Definition 2.1 For each n > 1, let g, be a probability on P, such that ¢, ((n)) <
1. From the sequence q = (gn,,n > 1) we construct recursively a sequence of
distributions (£})) such that for all n > 1, £, is carried by the set of rooted trees
with n leaves, as follows:

. ﬁcll is the distribution of a line-tree with G + 1 vertices and G edges where G is
a geometric distribution:

PG =k =q@®1 —qa@®), k=0,

e forn > 2, Lg is the distribution of

(T, ..., Ty
where A is a partition of n distributed according to g,, and given A, the trees
T1, ..., Tpa) are independent with respective distributions L4 e E(zl\,,m)'

A sequence (T,,, n > 1) of random rooted trees such that 7,, ~ L) foreachn € Nis
called a MB-sequence of trees indexed by the leaves, with splitting distributions
(gn,n=1).

This construction may be re-interpreted as follows: we start from a collection of
n indistinguishable balls, and with probability g, (11, ..., Ap), split the collection
into p sub-collections with A1, ..., A, balls. Note that there is a chance g, ((n)) < 1
that the collection remains unchanged during this step of the procedure. Then, re-
iterate the splitting operation independently for each sub-collection using this time
the probability distributions gy, ..., gx,. If a sub-collection consists of a single
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Fig. 1 A sample tree 7. The first splitting arises with probability g1 (4, 4, 3)

ball, it can remain single with probability g1 ((1)) or get wiped out with probability
q1(¥). We continue the procedure until all the balls are wiped out. The tree T}, is then
the genealogical tree associated with this process: it is rooted at the initial collection
of n balls and its n leaves correspond to the n isolated balls just before they are
wiped out, See Fig. 1 for an illustration.

We can define similarly MB-sequences of (distributions of) trees indexed by
their number of vertices. Consider here a sequence (p,,n > 1) such that p, is a
probability on P, with no restriction but

p1(() = 1.

Mimicking the previous balls construction and starting from a collection of n
indistinguishable balls, we first remove a ball, split the n — 1 remaining balls in sub-
collections with A1, ..., A, balls with probability p,—1((A1,...,Ap)), and iterate
independently on sub-collections until no ball remains. Formally, this gives:

Definition 2.2 Foreachn > 1, let p, be a probability on P,, such that p; ((1)) = 1.
From the sequence (p,, n > 1) we construct recursively a sequence of distributions
(V,‘l) ) such that forall n > 1, V,l; is carried by the set of trees with n vertices, as
follows:

J V{’ is the deterministic distribution of the tree reduced to one vertex,
« forn > 2,V? is the distribution of

(T, ..., Ty
where A is a partition of n — 1 distributed according to p,—1, and given
A, the trees Ti,...,T,n) are independent with respective distributions
p p
VAI, R VAp<A>‘
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A sequence (T,,, n > 1) of random rooted trees such that 7,, ~ VP foreachn € Nis
called a MB-sequence of trees indexed by the vertices, with splitting distributions
(pn,n = 1).

More generally, the MB-property can be extended to sequences of trees (7,,, n >
1) with arbitrary degree constraints, i.e. such that for all n, 7, has n vertices in
A, where A is a given subset of Z;. We will not develop this here and refer the
interested reader to [89] for more details.

Some Examples

1. A deterministic example. Consider the splitting distributions on P,

qn([n/21,n/2) =1, n=2,

as well as g1 (#) = 1. Let (T, n > 1) the corresponding MB-sequence indexed
by leaves. Then 7}, is a deterministic discrete binary tree, whose root splits in
two subtrees with both n/2 leaves when n is even, and respectively (n + 1)/2,
(n —1)/2 leaves when # is odd. Clearly, when n = 2, the height of 7, is exactly
k, and more generally for large n, ht(7;,) ~ In(n)/In(2).

2. A basic example. For n > 2, let g, be the probability on P, defined by

gn((n)) =1-— nla and ¢n([n/2], |n/2]) = nla for some o > 0,

and let g;(¥) = 1. Let (T,,n > 1) be an MB-sequence indexed by leaves
with splitting distributions (g,). Then T, is a discrete tree with vertices with
degrees € {1, 2,3} where the distance between the root and the first branch
point (i.e. the first vertex of degree 3) is a Geometric distribution on Z; with
success parameter n~“. The two subtrees above this branch point are independent
subtrees, independent of the Geometric r.v. just mentioned, and whose respective
distances between the root and first branch point are Geometric distributions
with respectively ([n/2])™% and (|n/2])™* parameters. Noticing the weak
convergence

—
Geolr™) @, ko1
n¢ n—00
one may expect that n~%T, has a limit in distribution. We will later see that it is
indeed the case.
3. Conditioned Galton—Watson trees. Let Tn'”1 be a Galton—Watson tree with
offspring distribution 7, conditioned on having n leaves, for integers n for which
this is possible. The branching property is then preserved by conditioning and

the sequence (Tnn’l, n : P(#eavesT") > 0) is Markov-Branching, with splitting
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distributions

! P P(heavesT" = Ai
a0 =y %, P i izt Flfeaves 1)
i=1 m;(A)! P(#eaves T = n)

for all A € P,,n > 2, where #eavesI " is the number of leaves of the
unconditioned Galton—Watson tree 77, and m;(A) = #{1 < j < p : A; = i}.
The probability ¢* " is given by g """ ((1)) = n(1).

Similarly, if 7,"" denotes a Galton-Watson tree with offspring distribution 1,
conditioned on having n vertices, the sequence (Tnn’v, P(#verticesT") > 0) is MB,
with splitting distributions

p! % ,p=1 P(#verticesT" = Ai)

pr
n-l le m;i(A)! P(#verticesT" = n)

() =n(p) x 3)

for all A € P,_1,n > 3 where #yerticesI ! 1S the number of leaves of the
unconditioned GW-tree T". Details can be found in [59, Section 5].

. Dynamical models of tree growth. Rémy’s, Ford’s, Marchal’s and the k-ary
algorithms all lead to MB-sequences of trees indexed by leaves. To be precise,
we have to remove in each of these trees the edge adjacent to the root to obtain
MB-sequences of trees (the roots have all a unique child). The MB-property can
be proved by induction on n. By construction, the distribution of the leaves in
the subtrees above the root is closely connected to urns models. We have the
following expressions for the splitting distributions:

Ford’s a-Model Fork > 5,n > 2,

qujord,a(k, n— k)
_ r'k—o)frn—k—oa) (a/n n—2
_<1+1"¢'2’> T — )l —a) <2(k>+(1_2a)(k—1>>’

and g1 (¥) = 1. See [55] for details. In particular, taking « = 1/2 one sees that

an™ (k. n — k)

_ i (1 N ]ll#;) Fk—1/2)T'(n —k —1/2) (n)’ . n’n -
Fn—1/2T(1-1/2) \k
k-Ary Growing Trees Note that in these models, there are 14 (k—1)(n—1) leaves
in the tree T}, (k), so that the indices do not exactly correspond to the definitions
of the Markov-Branching properties seen in the previous section. However, by
relabelling, defining form = 1+ (k — 1)(n — 1) the tree T, (k) to be the tree
T, (k) to which the edge adjacent to the root has been removed, we obtain an
MB-sequence (T, (k),m € (k — 1)N + 2 — k). The splitting distributions are
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defined form =14+ (k —1)(n—1),n >2and A = (A1, ..., At) € Py, such that
Ai =14 (k—1)¢;, for some ¢; € Z for all i (note that Zle ¢i=n—2)by

k) = > q,, ()

n=(ny,...,nx)eNFmnl=x

where n' is the decreasing rearrangement of the elements of n and

k 1
_ 1 F(k + n;)

i=1

L (=) ’”Z*:l nm! (- j— 1!
FG+n—D\ 5 m—j+D (-2

See [60, Section 3].
Marchal’s Algorithm For A = (A1, ..., p) € Py,n > 2,

qul\/larchal,ﬁ ()»)

n! B PTQ2— B HT(p - B) ﬁ Ty —ph
oMl Apmi)! e my()! T —BHI Q2 - B)

thra—-p
where m; (1) = #{1 < j < p : A; = i}. This is a consequence of [46, Theorem
3.2.1] and [75, Lemma 5].

5. Cut-trees. Cut-tree of a uniform Cayley tree. Consider C, a uniform Cayley
tree of size n, i.e. a tree picked uniformly at random amongst the set of rooted
tree with n labelled vertices. This tree has the following recursive property (see
Pitman [85, Theorem 5]): removing an edge uniformly at random in C,, gives
two trees, which given their numbers of vertices, k, n — k say, are independent
uniform Cayley trees of respective sizes k, n — k. Now, consider the following
deletion procedure: remove in C, one edge uniformly at random, then remove
another edge in the remaining set of n — 2 edges uniformly at random and so on
until all edges have been removed. It was shown by Janson [65] and Panholzer
[83] that the number of steps needed to isolate the root divided by /n converges
in distribution to a Rayleigh distribution (i.e. with density x exp(—x2/2) on R} ).
Bertoin [15] was more generally interested in the number of steps needed to
isolate ¢ distinguished vertices, and in that aim he introduced the cut-tree TnCut
of Cy. The tree T " is the genealogical tree of the above deletion procedure,
i.e. it describes the genealogy of the connected components, see Fig.2 for an
illustration and [15] for a precise construction of 7. Let us just mention here
that 7" is a rooted binary tree with n leaves, and that Pitman’s recursive property
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On®
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T

Fig. 2 On the left, a version of the tree C7, with edges labelled in order of deletion. On the right
the associated cut-tree T5", whose vertices are the different connected components arising in the
deletion procedure

implies that (7", n > 1) is MB. The corresponding splitting probabilities are:

(n — k)" k=1 k=1 (n — 2)1

Cut,Cayley _
n kn=l="" o1 & a3

, nf2<k<n-—1,

the calculations are detailed in [15, 84].

Cut-tree of a uniform recursive tree. A recursive tree with n vertices is a tree with
vertices labelled by 1, ..., n, rooted at 1, such that the sequence of labels of vertices
along any branch from the root to a leaf is increasing. It turns out that the cut-tree
of a uniform recursive tree is also MB and with splitting probabilities

qr(l?ut,Recursive (k, n— k)

= " ( Loy ! >n/2<k§n—1,
n—D\ktk+1) m—-kh—-k+1)

see [16].

Remark The first example is a simple example of models where macroscopic
branchings are frequent, unlike the second example where macroscopic branchings
are rare (they occur with probability n=* — 0). By macroscopic branchings, we
mean that the way that the n leaves (or vertices) are distributed above the root gives
at least two subtrees with a size proportional to n. Although it is not completely
obvious yet, nearly all other examples above have rare macroscopic branchings (in
a sense that will be specified later) and this is typically the context in which we
will study the scaling limits of MB-trees. Typically the tree 7,, will then grow as
a power of n. When macroscopic branchings are frequent, there is no scaling limit
in general for the Gromov—Hausdorff topology, a topology introduced in the next
section. However it is known that the height of the tree 7), is then often of order
cIn(n). This case has been studied in [30].
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3 The Example of Galton—Watson Trees and Topological
Framework

We start with an informal version of the prototype result of Aldous on the description
of the scaling limits of conditioned Galton—Watson trees. Let n be a critical offspring
distribution with finite variance o € (0, o), and let 7,”"" denote a Galton—Watson
tree with offspring distribution 7, conditioned to have n vertices (in the following it
is implicit that we only consider integers n such that this conditioning is possible).
Aldous [10] showed that

X —> Tpr 4

where the continuous tree 7p; arising in the limit is the Brownian Continuum
Random Tree, sometimes simply called the Brownian tree. Note that the limit only
depends on 7 via its variance o 2.

This result by Aldous was a breakthrough in the study of large random trees,
since it was the first to describe the behavior of the tree as a whole. We will discuss
this in more details in Sect. 3.2. Let us first introduce the topological framework in
order to make sense of this convergence.

3.1 Real Trees and the Gromov-Hausdorff Topology

Since the pioneering works of Evans et al. [52] in 2003 and Duquesne and Le
Gall [47] in 2005, the theory of real trees (or R-trees) has been intensively used
in probability. These trees are metric spaces having a “tree property” (roughly, this
means that for each pair of points x, y in the metric space, there is a unique path
going from x to y—see below for a precise definition). This point of view allows
behavior such as infinite total length of the tree, vertices with infinite degree, and
density of the set of leaves.

In these lecture notes, all the real trees we will consider are compact metric
spaces. For this reason, we restrict ourselves to the theory of compact real trees.
We now briefly recall background on real trees and the Gromov—Hausdorff and
Gromov-Hausdorff—Prokhorov distances, and refer to [51, 71] for more details on
this topic.

Real Trees A real tree is a metric space (7T, d) such that, for any points x and y in

T’

* there is an isometry ¢, , : [0,d(x,y)] — T such that ¢, ,(0) = x and
(/)x,y(d(xs =y

« for every continuous, injective function ¢ : [0, 1] — T with ¢(0) = x, ¢(1) =y,
one has ¢([0, 11) = ¢y, ([0, d(x, Y)]).
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Note that a discrete tree may be seen as a real tree by “replacing” its edges by
line segments. Unless specified, it will be implicit throughout these notes that these
line segments are all of length 1.

We denote by [[x, y]] the line segment ¢, ([0, d(x, y)]) between x and y. A
rooted real tree is an ordered pair ((7, d), p) such that (7, d) is a real tree and
p € T. This distinguished point p is called the root. The height of a point x € T is
defined by

ht(x) = d(p, x)

and the height of the tree itself is the supremum of the heights of its points, while
the diameter is the supremum of the distance between two points:

ht(7) = sup d(p, x) diam(7) = sup d(x,y).

xeT x,yeT

The degree of a point x is the number of connected components of 7 \{x}. We call
leaves of T all the points of 7\{p} which have degree 1. Given two points x and y,
we define x A y as the unique point of 7 such that [[p, x]]N [[p, y1] = [[p, x A ¥]].
It is called the branch point of x and y if its degree is larger than or equal to 3. For
a > 0, we define the rescaled tree a7 as (7, ad) (the metric d thus being implicit
and dropped from the notation).

As mentioned above, we will only consider compact real trees. We now want to
measure how close two such metric spaces are. We start by recalling the definition
of Hausdorff distance between compact subsets of a metric space.

Hausdorff Distance If A and B are two nonempty compact subsets of a metric
space (E, d), the Hausdorff distance between A and B is defined by

depu(A, B) =inf{8 >0; ACB®and B C A‘E},

where A® and B are the closed e-enlargements of A and B, i.e. A® = {x € E :
d(x, A) < &} and similarly for B?.

The Gromov—Hausdorff extends this concept to compact real trees (or more
generally compact metric spaces) that are not necessarily compact subsets of a single
metric space, by considering embeddings in an arbitrary common metric space.

Gromov-Hausdorff Distance Given two compact rooted trees (7,d, p) and
(T".d', p'), let

dou(T, T') = inf { max (dz u(¢(T), ¢'(T'),dz(¢(p), d'(p'))},

where the infimum is taken over all pairs of isometric embeddings ¢ and ¢’ of T
and 7" in the same metric space (Z, dz), for all choices of metric spaces (Z, dz).



Scaling Limits of Markov-Branching Trees and Applications 21

We will also be concerned with measured trees, that are real trees equipped
with a probability measure on their Borel sigma-field. To this effect, recall first the
definition of the Prokhorov distance between two probability measures u and 1 on
a metric space (E, d):

dpp(u, 1) = inf{e > 0; VA € B(E), n(A) < '(A®) + e and p'(A) < n(A®) +¢}.

This distance metrizes the weak convergence on the set of probability measures on
(E.d).

Gromov-Hausdorff-Prokhorov Distance Given two measured compact rooted
trees (7, d, p, ) and (77, d’, p’, '), we let

denp(T, T') = inf { max (dzu(@(7), ¢'(T), dz (@ (p), ¢'(0)), dz p (st $Li)) ).

where the infimum is taken on the same space as before and ¢.pu, qﬁ; ' are the
push-forwards of u, 1’ by ¢, ¢'.

The Gromov-Hausdorff distance dgy indeed defines a distance on the set of
compact rooted real trees taken up to root-preserving isomorphisms. Similarly, The
Gromov—Hausdorff—Prokhorov distance dgyp is a distance on the set of compact
measured rooted real trees taken up to root-preserving and measure-preserving
isomorphisms. Moreover these two metric spaces are Polish, see [52] and [3]. We
will always identify two (measured) rooted R-trees when they are isometric and still
use the notation (7, d) (or 7 when the choice of the metric is clear) to design their
isometry class.

Statistics It is easy to check that the function that associates with a compact rooted
tree its diameter is continuous (with respect to the GH-topology on the set of
compact rooted real trees and the usual topology on R). Similarly, the function
that associates with a compact rooted tree its height is continuous. The function
that associates with a compact rooted measured tree the distribution of the height
of a leaf chosen according to the probability on the tree is continuous as well (with
respect to the GHP-topology on the set of compact rooted measured real trees and
the weak topology on the set of probability measures on R). Consequently, the
existence of scaling limits with respect to the GHP-topology will directly imply
scaling limits for the height, the diameter and the height of a typical vertex of the
trees.

3.2 Scaling Limits of Conditioned Galton—Watson Trees

We can now turn to rigorous statements on the scaling limits of conditioned Galton—
Watson trees. We reformulate the above result (4) by Aldous in the finite variance
case and also present the result by Duquesne [44] when the offspring distribution 5
is heavy tailed, in the domain of attraction of a stable distribution. In the following,
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n always denotes a critical offspring distribution, 7;,"" is an 7-GW tree conditioned
to have n vertices, and j,"" is the uniform probability on its vertices. The following
convergences hold for the Gromov—Hausdorff—Prokhorov topology.

Theorem 3.1

(i) (Aldous [10]) Assume that n has a finite variance o2. Then, there exists a
random compact real tree, called the Brownian tree and denoted Tg;, endowed
with a probability measure g, supported by its set of leaves, such that as
n— 0o

o @ (Te )
2\/’1 y My GHp Brs MBr) -

(i1)) (Duquesne [44]) If nx ~ kk™17% as k — o0 for a € (1,2), then there
exists a random compact real tree Ty, called the stable Lévy tree with index «,
endowed with a probability measure (Lo supported by its set of leaves, such that
asn — 00

" @ [ al@—1\"" .
n,v Joa—1
(nll/“’M" ) GhP k2 —a) * Tas e | -

The result by Duquesne actually extends to cases where the offspring distribution
n is in the domain of attraction of a stable distribution with index a € (1, 2]. See
[44] for details.

The Brownian tree was first introduced by Aldous in the early 1990s in the series
of papers [8—10]. This tree can be constructed in several ways, the most common
being the following. Let (e(¢),# € [0, 1]) be a normalized Brownian excursion,
which, formally, can be defined from a standard Brownian motion B by letting

|Bgti(d-9)|

Vd—g

where g :=sup{s < 1: By =0}andd = inf{s > 1 : B; = 0} (note thatd — g > 0
a.s. since By # 0 a.s.). Then consider for x, y € [0, 1], x < y, the non-negative
quantity

e(t) = 0<t<l,

de(x,y) =e(x) +e(y) — 2zei[r)1cfy|{e(z)}’

and then the equivalent relation x ~¢ y < de(x,y) = 0. It turns out that the
quotient space [0, 1]/ ~ endowed with the metric induced by d. (which indeed
gives a true metric) is a compact real tree. The Brownian excursion e is called the
contour function of this tree. Equipped with the measure pe, which is the push-
forward of the Lebesgue measure on [0, 1], this gives a version ([0, 1]/ ~e, de, te)
of the measured tree (7, us,). To get a better intuition of what this means, as well
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as more details and other constructions of the Brownian tree, we refer to the three
papers by Aldous [8—10] and to the survey by Le Gall [71].

In the early 2000s, the family of stable Lévy trees (74, @ € (1, 2)]—where by
convention 7> is V2. Ter—was introduced by Duquesne and Le Gall [46, 47] in the
more general framework of Lévy trees, building on earlier work of Le Gall and Le
Jan [72]. These trees can be constructed in a way similar as above from continuous
functions built from the stable Lévy processes. This construction is complex and we
will not detail it here. Others constructions are possible, see e.g. [50, 56]. The stable
trees are important objects of the theory of random trees. They are intimately related
to continuous state branching processes, fragmentation and coalescence processes.
They appear as scaling limits of various models of trees and graphs, starting with
the Galton—Watson examples above and some other examples discussed in Sect. 5.
In particular, it is noted that it was only proved recently that Galton—Watson trees
conditioned by their number of leaves or more general arbitrary degree restrictions
also converge in the scaling limit to stable trees, see Sect.5.1.2 and the references
therein.

In the last few years, the geometric and fractal aspects of stable trees have been
studied in great detail: Hausdorff and packing dimensions and measures [45, 47, 48,
57]; spectral dimension [34]; spinal decompositions and invariance under uniform
re-rooting [49, 64]; fragmentation into subtrees [75, 76]; and embeddings of stable
trees into each other [35]. We simply point out it here that the Brownian tree is
binary, in the sense that all its points have their degree in {1, 2, 3} almost surely,
whereas the stable trees 7y, @ € (1,2) have only points with degree in {1, 2, oo}
almost surely (every branch point has an infinite number of “children”).

Applications to Combinatorial Trees Using the connections between some fam-
ilies of combinatorial trees and Galton—Watson trees mentioned in Sect. 2.1, we
obtain the following scaling limits (in all cases, 1, denotes the uniform probability
on the vertices of the tree T},):

e If T, is uniform amongst the set of rooted ordered trees with n vertices,

T, (d)
(\/n,un> pos (78, . 14Br) -

e If 7, is uniform amongst the set of rooted trees with n labelled vertices,

T, (d
, 273, .
<\/n Hn) a; ( Ts, HBr)

e If 7, is uniform amongst the set of rooted binary ordered trees with n vertices,

T, (@
) 27B,, .
<\/n Hn) a; ( Ts, HBr)

As a consequence, this provides the behavior of several statistics of the trees, that
first interested combinatorists.
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We will not present the original proofs by Aldous [10] and Duquesne [44], but
will rather focus on the fact that they may be recovered by using the MB-property.
This is the goal of the next two sections, where we will present in a general setting
some results on the scaling limits for MB-sequences of trees. As already mentioned,
the main idea of the proofs of Aldous [10] and Duquesne [44] is rather based on
the study of the so-called contour functions of the trees. We refer to Aldous and
Duquesne papers, as well as Le Gall’s survey [71] for details. See also Duquesne
and Le Gall [46] and Kortchemski [69, 70] for further related results.

4 Scaling Limits of Markov-Branching Trees

Our goal is to set up an asymptotic criterion on the splitting probabilities (g,) of
an MB-sequence of trees so that this sequence, suitably normalized, converges to
a non-trivial continuous limit. We follow here the approach of the paper [59] that
found its roots in the previous work [63] were similar results where proved under
stronger assumptions. A remark on these previous results is made at the end of this
section.

The splitting probability g, corresponds to a “discrete” fragmentation of the
integer n into smaller integers. To set up the desired criterion, we first need to
introduce a continuous counterpart for these partitions of integers, namely

Slz s=1(s1,52,...):81>s2>...>0and ZS,':l

i>1
which is endowed with the distance dg,(s,s’) = sup;~;|s; — s;|. Our main
hypothesis on (g,) then reads:
( )

Hypothesis (H) There exist y > 0 and v a non-trivial o-finite measure on S¥
satisfying [, (1 —s1)v(ds) < oo and v(1,0, ...) = 0, such that

Y e () (1— M)f(’\l,...,k",o,...) N /&(l—sl)f(s)v(ds).

n n n n—o00
rEPy,

for all continuous f : S¥ — R.

We will see in Sect.5 that most of the examples of splitting probabilities
introduced in Sect. 2.3 satisfy this hypothesis. As a first, easy, example, consider
the “basic example” introduced there (Example 2): ¢g,((n)) = 1 — n™% and
gn([n/27, |n/2]) = n=*, a > 0. Then, clearly, (H) is satisfied with

y =a and v(dS)Z‘S(é,;,o,...)‘



Scaling Limits of Markov-Branching Trees and Applications 25

The interpretation of the hypothesis (H) is that macroscopic branchings are rare, in
the sense that the macroscopic splitting events n > ns,s € S¥ withs; < 1 —¢
occur with a probability asymptotically proportional to n™7 15, <1—¢)v(ds), for a.e.
fixed e € (0, 1).

The main result on the scaling limits of MB-trees indexed by the leaves is the
following.

Theorem 4.1 ([59]) Let (T,,n > 1) be a MB-sequence indexed by the leaves
and assume that its splitting probabilities satisfy (H). Then there exists a compact,
measured real tree (Ty,y, (Ly,v) such that

T, d
<ny s Mn) G—Hf>’ (7;/,1” My,v)a

where ., is the uniform probability on the leaves of T,.

The goal of this section is to detail the main steps of the proof of this result and to
discuss some properties of the limiting measured tree, which belongs to the so-called
family of self-similar fragmentation trees (the distribution of such a tree is entirely
characterized by the parameters y and v). In that aim we will first study how the
height of a leaf chosen uniformly at random in 7}, grows (Sects. 4.1 and 4.2). Then
we will review some results on self-similar fragmentation trees (Sect. 4.3). Last we
will explain how one can use the scaling limit of the height of a leaf chosen at
random to obtain, by induction, the scaling limit of the subtree spanned by k leaves
chosen independently, for all &k, and then finish the proof of Theorem 4.1 with a
tightness criterion (Sect. 4.4).

There is a similar result for MB-sequences indexed by the vertices.

Theorem 4.2 ([89]) Let (T,,,n > 1) be a MB-sequence indexed by the vertices
and assume that its splitting probabilities satisfy (H) for some 0 < y < 1. Then
there exists a compact, measured real tree (T, y ) such that

T, (d)
) b T ) )
<ny Mn) GHP ( Y,V Hy,v)

where (., is the uniform probability on the vertices of T,,.

Theorem 4.2 is actually a direct corollary of Theorem 4.1, for the following rea-
son. Consider an MB-sequence indexed by the vertices with splitting probabilities
(pn) and for all n, branch on each internal vertex of the tree 7,, an edge with a
leaf. This gives a tree T, with n leaves. It is then obvious that (T,,n > 1) is an
MB-sequence indexed by the leaves, with splitting probabilities (g, ) defined by

(A, oo Ap, 1) = pu1 (Mg, ..o Ap), forall (A1, ..., Ap) € Pry

(and g, (A) = O for all other A € P,). It is moreover easy to see that (g,) satisfies
(H) with parameters (y, v),0 < y < 1, if and only if (p,) does. Hence Theorem 4.1
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implies Theorem 4.2, since T ,,, endowed with the uniform probability, is at distance
less than one from (7}, i, ) for the GHP-distance.

We will present in Sect.5 several applications of these two theorems. Let us
just consider here the “basic example” of Sect.2.3 (Example 2). We have already
noticed that its splitting probabilities satisfy Hypothesis (H), with parameters o
and 6(1/2,1/2,0,..). Hence in this case, the corresponding sequence of MB-trees
T, divided by n* and endowed with the uniform probability measure on its
leaves converges for the GHP-topology towards a (o, 8(12,1/2,0,...))-self-similar
fragmentation tree.

Remark These two statements are also valid when replacing in (H) and in the
theorems the power sequence n? by any regularly varying sequence with index y >
0. We recall that a sequence (a,) is said to vary regularly with index y > 0 if for all
c >0,

A(cn
lenl o7,
a, n—oo

We refer to [24] for backgrounds on that topic. For simplicity, in the following we
will only works with power sequences, but the reader should have in mind that
everything holds similarly for regularly varying sequences.

Convergence in Probability In [63], scaling limits are established for some MB-
sequences that moreover satisfy a property of sampling consistency, namely that for
all n, T, is distributed as the tree with n leaves obtained by removing a leaf picked
uniformly at random in 71, as well as the adjacent edge. This consistency property
is demanding and the approach developed in [59] allows to do without it. However
we note that if the MB-sequence is strongly sampling consistent, one can actually
establish under suitable conditions a convergence in probability of the rescaled trees,
which is of course an improvement. By strongly sampling consistent, we mean that
versions of the trees can be built on a same probability space so that if 7,7 denotes
the tree with n leaves obtained by removing an edge-leaf picked uniformly in 7,41,
then (7, T+1) is distributed as (7,7, T,4+1). We refer to [63] for details.

4.1 A Markov Chain in the Markov-Branching Sequence of
Trees

Consider (7,,, n > 1) an MB-sequence of trees indexed by the leaves, with splitting
distribution (g,, n > 1). Before studying the scaling limit of the trees in their whole,
we start by studying the scaling limit of a typical leaf. For example, in each T, we
mark one of the n leaves uniformly at random and we want to determine how the
height of the marked leaf behaves as n — oo. In that aim, let x,, denote this marked
leaf and let %, (k) denote its ancestor at generation k, 0 < k < ht(x,) (so that x, (0)
is the root of 7,, and *, (ht(,)) = *,). Let also 7,7 (k) be the subtree composed of
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% ®

R R

Fig. 3 A Markov chain in the Markov-Branching trees. Here n = 9, the marked leaf is circled and
the subtrees of descendants of x9 (k) for 0 < k < 4 are dotted. Moreover Xo(0) = 9, Xo(1) = 5,
X9(2) =3,X9(3) =2, X9(4) = 1and X9(i) =0,Vi > 5

the descendants of «, (k) in 7, formally,
Ty (k) :=={v € Ty : xa(k) € [[p, ]I}, k < ht(x,)
and T,¥ (k) := @ if k > ht(x,). We then set
X (k) == #{leaves of T"(k)}, Vk € Zy 5)

with the convention that X, (k) = O for £ > ht(x,) (Fig.3).

Proposition 4.3 The process (X, (k),k > 0) is a Zy-valued non-increasing
Markov chain starting from X,(0) = n, with transition probabilities

P, )= gm0y’ foralll < j <i, withi =1 (©)
L
rEP;

and p(1,0) =q1(@) =1— p(, 1).

Proof The Markov property is a direct consequence of the Markov branching
property. Indeed, given X, (1) = ii,..., Xp(k — 1) = ix_1, the tree Ty (k — 1)
is distributed as T;,_, if ix—1 > 1 and is the emptyset otherwise. In particular,
when i1 = 0, the conditional distribution of X, (k) is the Dirac mass at 0. When
ix—1 = 1, we use the fact that x, is in 7,)(k — 1), hence, still conditioning on the
same event, we have that %, is uniformly distributed amongst the i;_; leaves of
T;,_,. Otherwise said, given X, (1) = iy,..., Xy(k — 1) = if—y with i1 > 1,
(T (k — 1), %) is distributed as (T;,_,, *;,_, ) and consequently X, (k) is distributed
as X;,_,(1). Hence the Markov property of the chain (X, (k), k > 0). It remains to
compute the transition probabilities:

pn, k) =P(X,(1) =k) = Z gn (WP (Xn(1) = k|Ay = 2)
reP,

where A, denotes the partition of n corresponding to the distribution of the leaves
in the subtrees of 7, above the root. Since *, is chosen uniformly amongst the set
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of leaves, we clearly have that

k
P(X,(1) =klA, =2 = x#{j:rj=k}, Vk>1
n

O

Hence studying the scaling limit of the height of the marked leaf in the tree 7},
reduces to studying the scaling limit of the absorption time A, of the Markov chain
(X, (k), k= 0)atO:

Ap :=inf{k > 0: X, (k) = 0}

(to be precise, this absorption time is equal to the height of the marked leaf +1). The
study of the scaling limit of ((X,(k), k > 1), A,) as n — o0 is the goal of the next
section. Before getting in there, let us notice that the Hypothesis (H) on the splitting
probabilities (g,,n > 1) of (T,,n > 1), together with (6), implies the following
behavior of the transition probabilities (p(n, k), k < n):

- k k
nVZp(n,k)(l— )g( )—>/ 2(r)p(dx) (7)
=0 n n /) n—>oo Jig 1]

for all continuous functions g : [0, 1] — R, where the measure y in the limit is a
finite, non-zero measure on [0, 1] defined by

d - i 1- i i ds). 8
/IO,I]g(X)M( x) /‘%Zs( 5;)g(si)v(ds) ®)

i>1
To see this, apply (H) to the continuous function defined by

Z,’Z[ si(1—s:)g(si)

f(s) = fors # (1,0,...)
1—s1

and f(1,0,...) = g(1) + g(0).

4.2 Scaling Limits of Non-increasing Markov Chains

As discussed in the previous section, studying the height of a typical leaf in MB-
trees amounts to studying the absorption time at O of a Z, -valued non-increasing
Markov chain. In this section, we study in a general framework the scaling limits
of Z 4 -valued non-increasing Markov chains, under appropriate assumptions on the
transition probabilities. At the end of the section we will see how this applies to the
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height of a typical leaf in an MB-sequence. In the following,
(Xn(k), k = 0)

denotes a non-increasing Z,-valued Markov chain starting from n (X,(0) = n),
with transition probabilities (p(7, j), 0 < j < i) such that

( )

Hypothesis (H) 3y > 0 and p a non-trivial finite measure on [0, 1] such that

y J—
n ;}p(n,k) (1 n) f (n) = ]f(x)u(dx)

[0,1

for all continuous functions f : [0, 1] - R.

This hypothesis implies that starting from n, macroscopic jumps (i.e. with size
proportional to n) are rare, since for a.e. 0 < ¢ < 1, the probability to do a jump
larger than en is of order c,n~" where ¢, = f[o,l—a](l — x)~ ' (dx) (note that this
may tend to oo when ¢ tends to 0).

Now, let

Ap:=inf{k > 0: X, (i) = Xu(k), Vi >k}

be the first time at which the chain enters an absorption state (note that A, <
oo a.s. since the chain is non-increasing and Z.-valued). In the next theorem,
D([0, 00), [0, 00)) denotes the set of non-negative cadlag processes, endowed with
the Skorokhod topology.

Theorem 4.4 ([58]) Assume (H').
(1) Then, in D([0, 00), [0, 00)),
(X" L7h o 0) 9, (exp(—e). 1 = 0).

n n—00

where & is a subordinator, i.e. a non-decreasing Lévy process, and t is the time-
change (acceleration of time)

(1) == inf{u >0: /u exp(—yé&,)dr > t} ,t>0.
0

The distribution of & is characterized by its Laplace transform E[exp(—1§,)] =
exp(—tp (L)), with

A>0.

d.
600 = 1 (0] + H((1PA + f (1 — 5y ),

0,1) 1—=x
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(il) Moreover, jointly with the above convergence,

An @ (% . .
—> exp(—yé&)dr = 1nf{t > 0:exp(—é:¢) = 0} .
0

nY n—oo

Comments For background on Lévy processes, we refer to [12]. Let us simply
recall here that the law of a subordinator is characterized by three parameters:
a measure on (0, co) that codes its jumps (which here is the push-forward of
u(dx)(1 —x)L(xe(0,1)) by the application x — — In(x)), a linear drift (here 1 ({1}))
and a killing rate at which the process jumps to 400 (here 1 ({0})).

Main Ideas of the Proof of Theorem 4.4

(i) Let Y,(t) := n_an(LthJ), fort > 0,n € N. First, using Aldous’ tightness
criterion [23, Theorem 16.10] and (H’), one can check that the sequence
(Yn,n > 1) is tight. It is then sufficient to prove that every possible limit in
distribution of subsequences of (Y;,) are distributed as exp(—&;). Let Y’ be such
alimit and (ng, k > 1) a sequence such that ¥, converges to Y’ in distribution.
In the limit, we actually prefer to deal with & than with &;, and for this reason
we start by changing time in Y}, by setting

Ty, (1) = inf{u >0: /u Y, (r)dr > t} and Z, (1) := Yy (tv,(1)) .1 > 0.
0

One can then easily check that (Z,,) converges in distribution to Z’ where
Z' =Y oy, withty/(t) ;= inf{u > 0: [/ (Y'(r))"7dr > t}. Itis also easy
to reverse the time-change and get that

Y() =2 (') =2 <inf{u >0: f Z" (rydr > t}) , t>0.
0

With this last equality, we see that it just remains to prove that Z’ is distributed
as exp(—&). This can be done in three steps:

(a) Observe the following (easy!) fact: if P is the transition function of a
Markov chain M with countable state space C R, then for any positive
function f such that f~1({0}) is absorbing,

J(M (@)

k—1
F (M) Tk
E)Pf(M(l))
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is a martingale. As a consequence: for all A > 0 and n > 1, if we let
Gu(1) = E [(X,(1)/n)*], then,
0¥ T3, (1)) —1 -

mPo =z ] Gxo®w| . 120
i=0

is a martingale.
(b) Under (H), 1 — G,(A) ~ n~Y¢(A). Together with the convergence
n—0o0

in distribution of (Z,,) to Z’ and the definition of M,E)‘), this leads to the
convergence (this is the most technical part)

(d)
MY =5 (2 exp(9 (1)),

and the martingale property passes to the limit.

(c) Hence (Z)* exp(¢(A)-) is a martingale for all A > 0. Using Laplace
transforms, it is then easy to see that this implies in turn that —In Z’ is a
non-decreasing process with independent and stationary increments (hence
a subordinator), with Laplace exponent ¢.

Hence 7' 2 exp(—§).

(i1) We do not detail this part and refer to [58, Section 4.3]. Let us simply point out
that it is not a direct consequence of the convergence of (¥;,) to exp(—&;) since
convergence of functions in D([0, 00), [0, 0o)) does not lead, in general, to the
convergence of their absorption times (when they exist). O

This result leads to the following corollary.

Corollary 4.5 Let (T,,,n > 1) be a MB-sequence indexed by the leaves, with
splitting probabilities satisfying (H) with parameters (y, v). For each n, let x, be a
leaf chosen uniformly amongst the n leaves of T,,. Then,

) 9 [ ewtrear
0

nv n—o00

where & is a subordinator with Laplace exponent ¢ (1) = fSl s (1 — sl)‘) siv(ds),
A>0. B

Proof As seen at the end of the previous section, under (H) the transition probabili-
ties of the Markov chain (5) satisfy assumption (H") with parameters y and p, with
wu defined by (8). The conclusion follows with Theorem 4.4 (ii). O

Further Reading Apart from applications to Markov-Branching trees, Theo-
rem 4.4 can be used to describe the scaling limits of various stochastic processes,
e.g. random walks with a barrier or the number of collisions in A-coalescent
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processes, see [58]. Recently, Bertoin and Kortchemski [18] set up results similar
to Theorem 4.4 for non-monotone Markov chains and develop several applications,
to random walks conditioned to stay positive, to the number of particles in some
coagulation-fragmentations processes, to random planar maps (see [20] for this
last point). Also in [61] similar convergences for bivariate Markov chains towards
time-changed Markov additive processes are studied. This will have applications
to dynamical models of tree growth in a broader context than the one presented in
Sect. 5.3, and more generally to multi-type MB-trees.

4.3 Self-Similar Fragmentation Trees

Self-similar fragmentation trees are random compact measured real trees that
describe the genealogical structure of self-similar fragmentation processes with a
negative index. It turns out that this set of trees is closely related to the set of
trees arising as scaling limits of MB-trees. We start by introducing the self-similar
fragmentation processes, following Bertoin [14], and then turn to the description of
their genealogical trees, which were first introduced in [57] and then in [91] in a
broader context.

4.3.1 Self-Similar Fragmentation Processes

Fragmentation processes are continuous-time processes that describe the evolution
of an object that splits repeatedly and randomly as time passes. In the models
we are interested in, the fragments are characterized by their mass alone, other
characteristics, such as their shape, do not come into account. Many researchers
have been working on such models. From a historical perspective, it seems that
Kolmogorov [68] was the first in 1941. Since the early 2000s, there has been a full
treatment of fragmentation processes satisfying a self-similarity property. We refer
to Bertoin’s book [14] for an overview of work in this area and a deepening of the
results presented here.
We will work on the space of masses

St={s=(s1.52...):s125>...20and ¥ s <1¢,

i>1

which contains the set S, and which is equipped with the same metric d Si.

Definition 4.6 Leto € R. An a-self-similar fragmentation process is an S*-valued
Markov process (F(t),t > 0) which is continuous in probability and such that,
for all #p > 0, given that F(f9) = (s1, s2, ...), the process (F(to + t),t > 0) is
distributed as the process G obtained by considering a sequence (F® i > 1) of
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i.i.d. copies of F' and then defining G (7) to be the decreasing rearrangement of the
sequences s; F(s*t),i > 1, forall # > 0.

In the following, we will always consider processes starting from a unique mass
equalto 1,i.e. F(0) = (1,0, ...). Attime ¢, the sequence F (¢) should be understood
as the decreasing sequence of the masses of fragments present at that time.

It turns out that such processes indeed exist and that their distributions are
characterized by three parameters: the index of self-similarity « € R, an erosion
coefficient ¢ > 0 that codes a continuous melt of the fragment (when ¢ = 0 there
is no erosion) and a dislocation measure v, which is a measure v on Si such that
f St (1 — sp)v(ds) < oo. The role of the parameters o and v can be specified as

follows when ¢ = 0 and v is finite: then, each fragment with mass m waits a random
time with exponential distribution with parameter v (Sf) and then splits in fragments

with masses mS, where S is distributed according to v/ v(Sf), independently of the
splitting time. When v is infinite, the fragments split immediately, see [14, Chapter
3] for further details.

The index « has an enormous influence on the behavior of the process: when
a = 0, all fragments split at the same rate, whereas when o > 0 fragments with
small masses split slower and when o < 0 fragments with small masses split faster.
In this last case the fragments split so quickly that the whole initial object is reduced
to “dust” in finite time, almost surely, i.e. inf{t > 0: F(t) = (0,...)} < co ass.

The Tagged Fragment Process We turn to a connection with the results seen in the
previous section. Pick a point uniformly at random in the initial object (this object
can be seen as an interval of length 1, for example), independently of the evolution
of the process and let F;(7) be the mass of the fragment containing this marked point
at time 7. The process F(t) is non-increasing and more precisely,

Theorem 4.7 (Bertoin [14], Theorem 3.2 and Corollary 3.1) The process F, can
be written as

Fi(t) = exp(—&;(r)), V=0,

where & is a subordinator with Laplace exponent

b0 = c+/$L (1 - Zsi)v(ds) +c)\+/$¢ ;(1 —sM)sivds), A>0

i>1

and t is a time-change depending on the parameter o, tT(t) = inf{u >0: fé‘
exp(a&)dr > t}.
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4.3.2 Self-Similar Fragmentation Trees

It was shown in [57] that to every self-similar fragmentation process with a negative
index « = —y < 0, no erosion (¢ = 0) and a dislocation measure v satisfying
v(};~18i < 1) = 0 (we say that v is conservative), there is an associated
compact rooted measured tree that describes its genealogy. We denote such a tree
by (T,,v, 4y,v) and precise that the measure (1, , is fully supported by the set of
leaves of 7, and non-atomic. In [91], Stephenson more generally constructed and
studied compact rooted measured trees that describe the genealogy of any self-
similar fragmentation process with a negative index. However in this survey, we
restrict ourselves to the family of trees (7,,,, y,v), with y > 0 and v conservative.

The connection between a tree (7,,,, y,,) and the fragmentation process it is
related to can be summarized as follows: for all + > 0, consider the connected
components of {v € T, : ht(v) > ¢}, the set of points in 7, , that have a height
strictly larger than ¢, and let F'(t) denote the decreasing rearrangement of the 1, -
masses of these components. Then F is a fragmentation process, with index of self-
similarly —y, dislocation measure v and no erosion. Besides, we note that 7, ,
possesses a fractal property, in the sense that if we fix a + > 0 (deterministic) and
consider a point x at height 7, then any subtree of 7,,, descending from this point
x (i.e. any connected component of {v € 7, , : x € [[p, v]]}), having, say, a j,,,-
mass m, is distributed as m? T, .

First Examples The Brownian tree and the a-stable trees that arise as scaling limits
of Galton—Watson trees all belong to the family of self-similar fragmentation trees.
More precisely,

* Bertoin [13] notices that the Brownian tree (7g;, tp;) is a self-similar fragmen-
tation tree and calculates its characteristics: y = 1/2 and vpe(s1 +s2 < 1) =0
and

V2

vpr(s1 € dx) = Jrad2(1 — )3/

1/2 <x < 1.

The fact that vp;(s1+s2 < 1) = 0 corresponds to the fact the tree is binary: every
branch point has two descendants trees, and in the corresponding fragmentation,
every splitting events gives two fragments.

e Miermont [75] proves that each stable tree 7 is self-similar and calculates its
characteristics whena € (1,2): y =1 — 1/ and

f f(8)vy(ds) = C,E [Tlf (Ei > 1):| ,
St T

_afe— DI —1/a)
* re-—a)

where
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and (E;, i > 1) is the sequence of lengths, ranked in decreasing order, of intervals
between successive atoms of a Poisson measure on R with intensity («I'(1 —
1a)'dr/r' Ve and T) = ), &.

Hausdorff Dimension We first quickly recall the definition of Hausdorff dimen-
sion, which is a quantity that measures the “size” of metric spaces. We refer to the
book of Falconer [53] for more details on that topic and for an introduction to fractal
geometry in general. For all > 0, the r-dimensional Hausdorff measure of a metric
space (Z, dz) is defined by

M'(Z) := lim

inf diam(C;)" : Z C U;>1C;
£—0 {(C;)ierv:diamC; <e} ; ) izl
where the infimum is taken over all coverings of Z by countable families of subsets
C; C Z,i € N, all with a diameter smaller than ¢. The functionr > 0 — M"(Z) €
[0, oo] is finite, non-zero at most one point. The Hausdorff dimension of Z is then
given by

dimy(Z) = inf{r > 0: M"(Z) =0} = sup{r > 0: M"(Z) = oo}.

The Hausdorff dimension of a fragmentation tree depends mainly on its index of
self-similarity. Let £(7,,,) denote the set of leaves of 7, ,. Then we know that,

Theorem 4.8 ([57]) If f Sty I 1)v(ds) < oo, then almost surely
. 1 . 1
dimy (L (7},,,)) = and dimy(T,,,) = max( , 1) .
14 14

In particular, the Hausdorff dimension of the Brownian tree is 2, and more generally
the Hausdorff dimension of the a-stable tree, o € (1, 2), is &/ (x — 1). This recovers
a result of Duquesne and Le Gall [47] proved in the framework of Lévy trees (we
note that the intersection between the set of Lévy trees and that of self-similar
fragmentation trees is exactly the set of stable Lévy trees).

Height of a Typical Leaf The measured tree (7., ity,,) has been constructed
in such a way that if we pick a leaf L at random in 7, , according to u, , and
we consider for each ¢t > 0 the u, ,-mass of the connected component of {v S
Tyt ht(v) > t} that contains this marked leaf (with the convention that this mass
is 0 if ht(L) < t), then we obtain a process which is distributed as the tagged
fragment of the corresponding fragmentation process, as defined in the previous
section. In particular, the height of L is distributed as the absorption time of the
process exp(—&;) introduced in Theorem 4.7, i.e.

ht(L) <€ /0 exp(—y&,)dr ©)
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where & is a subordinator with Laplace exponent ¢(A) = f St Zizl(l —
s?)siv(ds),)\ > 0. This is exactly the distribution of the limit appearing in
Corollary 4.5.

4.4 Scaling Limits of Markov-Branching Trees

We can now explain the main steps of the proof of Theorem 4.1. In that aim,
let (T,,n > 1) denote an MB-sequence indexed by the leaves with splitting
probabilities satisfying (H), with parameters (y, v) in the limit. We actually only
give here a hint of the proof of the convergence of the rescaled trees and refer to [59,
Section 4.4] to see how to incorporate the measures. The proof of the convergence
of the rescaled trees consists in three main steps:

First Step: Convergence of the Height of a Typical Leaf Keeping the notations
previously introduced, ht(x,) for the height of a typical leaf in 7,, and ht(L) for
the height of a typical leaf in a fragmentation tree (7., y,v), we get by (9) and
Corollary 4.5 that

MO @ by,

nY n—oo
Second Step: Convergence of Finite-Dimensional Marginals For all integers
k > 2, let T,,(k) be the subtree of 7, spanned by the root and k (different) leaves
picked independently, uniformly at random. Similarly, let 7, , (k) be the subtree of
T, v spanned by the root and k leaves picked independently at random according to
the measure (1, ,,. Then (under (H)),

T, (k
®) @ ) (10)
nY n—o0

This can be proved by induction on k. For k = 1, this is Step 1 above. For
k > 2, we use the induction hypothesis and the MB-property. Here is the main
idea. Consider the decomposition of 7,, into subtrees above its first branch point
in T, (k) and take only into account the subtrees having marked leaves. We obtain
m > 2 subtrees with, say, n1, ..., n, leaves respectively (Z;”:l n; < n), and each
of these trees have k; > 1,...k, > 1 marked leaves (Z;”:l ki = k). Given m,
ni, ..., Am, ki1, ...ky,the MB-property ensures that the m subtrees are independent
with respective distributions that of T, (k1), ..., Ty, (k). An application of the
induction hypothesis to these subtrees leads to the expected result. We refer to [59,
Section 4.2] for details.

Third Step: A Tightness Criterion To get the convergence for the GH-topology,
the previous result must be completed with a tightness criterion. The idea is to use
the following well known result.
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Theorem 4.9 ([23], Theorem 3.2) If X, X, X, (k) X (k) are r.v. in a metric space
(E, d) such that X, (k) X(k) Vk and X(k) X and for all ¢ > 0,

hm limsupP (d(X,, Xn(k)) >¢) =0 (1

k=00 p—oo

then X, () X.

—)OO

In our context, the finite-dimensional convergence (10) has already been checked.
Moreover, since fi,,, is fully supported on the set of leaves of 7, ,, we see by
picking an infinite sequence of ii.d. leaves according to w,. ,, that there exist
versions of the 7, , (k), k > 1 that converge almost surely to 7;,1, as k — oo. It
remains to establish the tightness criterion (11) for 7, T;,(k), with respect to the
distance dgy. The main tool is the following bounds:

Proposition 4.10 Under (H), for all p > 0, there exists a finite constant C), such
that

P(ht(T") Zx) < C Vx > 0,Vn > 1.

p— 9
nv X

The proof holds by induction on n, using (H) and the MB-property. We refer to [59,
Section 4.3] for details and to see how, using again the MB-property, this helps to
control the distance between T, and T,,(k), to get that for ¢ > 0:

T, (k) T,
lim 1imsup19>(dGH< n ), ) > s) =0
k=00 p—o0 nY ~nY

as required.

5 Applications

We now turn to the description of the scaling limits of various models of random
trees that are closely linked to the MB-property.

5.1 Galton-Watson Trees
5.1.1 Galton—Watson Trees with n Vertices

A first application of Theorem 4.2 is that it permits to recover the classical results
of Aldous and Duquesne (grouped together in Theorem 3.1) on the scaling limits
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of Galton—Watson trees conditioned to have n vertices. To see this, one just has to
check the two following lemmas, for n a critical offspring distribution, n(1) # 1,

and ( p,?w’") the associated splitting distributions defined in (3).

Lemma 5.1 Ifn has a finite variance o2, then (pSW,n) satisfies (H) with

y=1/2 and v= ZUB,.

Lemma 5.2 Ifn(k) ~ kk=*~! for some a € (1, 2), then (p,?w’n) satisfies (H) with

1/
y=1—1/a and v = (KF(Z—a)oFl(a — 1)71) ¢ Vg

The measures vg; and v, are the dislocation measures of the Brownian and «-
stable tree, respectively, and are defined in Sect.4.3.2. Together with the scaling
limit results on MB-trees, this gives Theorem 3.1 (i) and (ii) respectively. The proofs
of these lemmas are not completely obvious. We give here a rough idea of the main
steps of the proof of Lemma 5.1, and refer to [59, Section 5] for more details and
for the proof of Lemma 5.2.

Sketch of the Main Steps of the Proof of Lemma 5.1 Recall that 7”7 denotes a
Galton—Watson tree with offspring distribution 5. To simplify, we assume that the
support of n generates Z, so that P(#yertices?” = n) > 0 for all n large enough. The
Otter-Dwass formula (or cyclic lemma) [86, Chapter 6] then implies that

P(#vertices T = n) = n_IP(Sn =-1)

where S, is arandom walk with i.i.d. increments of law (n(i +1), i > —1). Together
with the local limit Theorem, which ensures that P(S, = —1) ~ (uno?n)~'/2,
n

—> 00
this leads to

P(#verticesT" = n) n:;oo (27‘[0’2)_1/21/1_3/2.

(We note that this argument is also fundamental in the study of large Galton—Watson
trees via their contour functions). Then the idea is to use this approximation in the
definition of p,‘;’w’” to show that the two sums

NI Al (1 - “) ! (A) and
rEP, " n

n

o 1 Z ¥ AM n—Ap A —3/2 n—»n —3/2
27 n n’ n 7 n n

h=[n/2]
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are asymptotically equivalent (this is the technical part), for all continuous functions
f:S } — R. The conclusion follows, since the second sum is a Riemann sum that

converges to o (v/27) ! fll/z fO, 1 —x, .. )x73/2(1 — x)=3/2dx.

5.1.2 Galton—Watson Trees with Arbitrary Degree Constraints

One may then naturally wonder if Theorem 4.1 could also be used to get the scaling
limits of Galton—Watson trees conditioned to have n leaves. The answer is yes,
and moreover this can be done in a larger context, using a simple generalization
of Theorems 4.1 and 4.2 to MB-trees with arbitrary degree constraints. This
generalization was done by Rizzolo [89] using an idea similar to the one presented
below Theorem 4.2 to get this theorem from Theorem 4.1. It is quite heavy to state
neatly, so we let the reader see the paper [89] and focus here on the applications
developed in this paper to Galton—Watson trees.

The classical theorems of Aldous and Duquesne on conditioned Galton—Watson
trees can be extended to Galton—Watson trees conditioned to have a number of
vertices with out-degree in a given set. To be more precise, fix A C Zy and
consider an offspring distribution 1 with mean 1 and variance 0 < o> < oo. For
integers n for which such a conditioning is possible, let Tn”’A denote a version of
a n-Galton—Watson tree conditioned to have exactly n vertices with out-degree in
A. For example, if A = Z, this is the model of the previous section, whereas if

A = {0}, T,,"’A is a n-Galton—Watson tree conditioned to have n leaves.

Theorem 5.3 (Kortchemski [69] and Rizzolo [89]) Asn — oo,

A
T, ) ( 2 )
n,A s Tx )

The proof of Rizzolo [89] relies on his theorem on scaling limits of MB-trees
with arbitrary degree constraints. The most technical part is to evaluate the splitting
probabilities, which is done by generalizing the Otter-Dwass formula. The proof of
Kortchemski [69] is more in the spirit of the proofs of Aldous and Duquesne and
consists in studying the contour functions of the conditioned trees. We note that
[69] also includes cases where n has an infinite variance, and is in the domain of
attraction of a stable distribution (the limit is then a multiple of a stable tree). It
should be possible to recover this more general case via the approach of Rizzolo.

An Example of Application to Combinatorial Trees Indexed by the Number of
Leaves Let T, be a tree uniformly distributed amongst the set of rooted ordered
trees with n leaves with no vertex with out-degree 1. One checks, using (2), that
T, is distributed as an n-Galton—Watson tree conditioned to have n leaves, with n
defined by n(i) = (1 —27Y%71 i > 2 (1) = 0 and n(0) = 2 — 2!/2. The



40 B. Haas

variance of 7 is 4(\/ 2 — 1), so that finally,

() o)
\/n”un GHp 21/4(\/2_1) Br> UBr

where , is the uniform probability on the leaves of T7;,.

5.2 Polya Trees

The above results on conditioned Galton—Watson trees give the scaling limits of
several sequences of combinatorial trees, as already mentioned. There is however
a significant case which does not fall within the Galton—Watson framework, that of
uniform Polya trees. By Pélya trees we simply mean rooted finite trees (non-ordered,
non-labelled). They are named after Pélya [87] who developed an analytical
treatment of this family of trees, based on generating functions. In this section, we
let 7;,(P) be uniformly distributed amongst the set of Pdlya trees with n vertices.

These trees are more complicated to study than uniform rooted trees with labelled
vertices, or uniform rooted, ordered trees, because of their lack of symmetry. In
this direction, Drmota and Gittenberger [43] showed that the shape of T, (P) is
not a conditioned Galton—Watson tree. However Aldous [9] conjectured in 1991
that the scaling limit of (7,,(P)) should nevertheless be the Brownian tree, up
to a multiplicative constant. Quite recently, several papers studied the scaling
limits of Pdlya trees, with different points of view. Using techniques of analytic
combinatorics, Broutin and Flajolet [26] studied the scaling limit of the height of
a uniform binary P6lya tree with n vertices, whereas Drmota and Gittenberger
[43] studied the profile of T,,(P) (the profile is the sequence of the sizes of each
generation of the tree) and showed that it converges after an appropriate rescaling
to the local time of a Brownian excursion. Marckert and Miermont [74] obtained
a full scaling limit picture of uniform binary Pdlya trees: by appropriate trimming
procedures, they showed that rescaled by /n, they converge in distribution towards
a multiple of the Brownian tree.

More recently, with different methods, the following result was proved.

Theorem 5.4 (Haas—Miermont [59] and Panagiotou—Stufler [81]) Asn — oo,

( T, (P)
Jn

where w,, (P) denotes the uniform probability on the vertices of T, (P).

(d)
s Mn (P)> G—HP)’ (CP7T31‘1 H«Br), cp ~ 1.491

The proof of [59] uses connections with MB-trees, whereas that of [81] uses, still,
connections with Galton—Watson trees. Let us first quickly discuss the MB point of
view. It is easy to check that the sequence (7}, (P)) is not Markov-Branching (this is
left as an exercise!), however it is not far from being so. It is actually possible to
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couple this sequence with a Markov-Branching sequence (7, (P)) such that

E[doup(n ™ Ty(P),n T, (P)] —> 0, Ve >0
n—

and (7, (P)) and (7, (P)) have the same splitting probabilities (p,) (by splitting
probabilities for trees that are not MB, we mean the distribution of the sizes of
the subtrees above the root). These splitting probabilities are given here by

[Ti=1 #F(m (1)

4T, , forix e P,

Pn—-1 ) =

where m;j(A) = {i : A; = j}, #T; is the number of rooted trees with n vertices
and F;(k) denotes the set of multisets with k elements in T; (with the convention
F;(0) := {@}). It remains to check that these splitting probabilities satisfy (H) with
appropriate parameters and to do this, we use the result of Otter [79]:

n

#T,, ~ c
nn%oo ]13/27

forsomec > 0,k > 1.

Very roughly, this allows to conclude that the two following sums

I > pu(d) (1 - A;) f (2) and

rEP,

c nl M on—M M —3/2 n—»n —3/2
D .0, ...

n n n n n

r=[(n—1)/21

are asymptotically equivalent, so that finally, using that the second sum is a Riemann
sum, (H) holds with parameters y = 1/2 and v = vg;/cp, with cp = \/2/(0\/71).
The method of [81] is different. It consists in showing that asymptotically 7, (P)
can be seen as a large finite-variance critical Galton—Watson tree of random size
concentrated around a constant times # on which small subtrees of size O (log(n))
are attached. The conclusion then follows from the classical result by Aldous on
scaling limits of Galton—Watson trees.

Both methods can be adapted to Pdlya trees with other degree constraints. In
[59] uniform Pélya trees with n vertices having out-degree in {0, m} for some fixed
integer m, or out-degree at most m, are considered. More generally, in [81], uniform
Pélya trees with n vertices having out-degree in a fixed set A (containing at least
0 and an integer larger than 2) are studied. In all cases, the trees rescaled by /n
converge in distribution towards a multiple of the Brownian tree.

Further Result To complete the picture on combinatorial trees asymptotics, we
mention a recent result by Stufler on unrooted trees, that was conjectured by Aldous,
but remained open for a while.
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Theorem 5.5 (Stufler [92]) Let T, (P) be uniform amongst the set of unrooted trees
with n vertices (unordered, unlabelled). Then,

Li® @
r

J/n GH

(with the same cp as in Theorem 5.4).

The main idea to prove this scaling limit of unrooted uniform trees consists in
using a decomposition due to Bodirsky et al. [25] to approximate 7,"(P) by uniform
rooted Poélya trees and then use Theorem 5.4. This result more generally holds for
unrooted trees with very general degree constraints.

5.3 Dynamical Models of Tree Growth

As mentioned in Sect. 2.2, the prototype example of Rémy’s algorithm (7;,(R), n >
1) is strongly connected to Galton—Watson trees since the shape of T,(R) (to
which has been subtracted the edge between the root and the first branch point)
is distributed as the shape of a binary critical Galton—Watson tree conditioned to
have 2n — 1 vertices. This implies that

T, (R) @
( \/n > Mn (R)) a; (2“/2713& MBr) .

Similar scaling limits results actually extends to most of the tree-growth models
seen in Sect.2.2. To see this, it suffices to check that their splitting probabilities
satisfy Hypothesis (H). Technically, this mainly relies on Stirling’s formula and/or
balls in urns schemes. Note however that the convergence in distribution is not fully
satisfactory in these cases, since the trees are recursively built on a same probability
space, and we may hope to have convergence in a stronger sense. We will see below
that this is indeed the case.

5.3.1 Ford’s Alpha Model

For Ford’s «-model, with o € (0, 1), it is easy to check (see [63]) that the splitting
probabilities gf™®* satisfy hypothesis (H) with y = « and v = VFord.q» Where
VFord, 1S @ binary measure on & ¢ (VFord,a (51 + 52 < 1) = 0) defined by

Liij2<x<ny

R (a(x(l — )+ 2 — da)(x(1 — x))—“) dx.

VFord,a(Sl edx) =

This, together with Theorem 4.2 leads for « € (0, 1) to the convergence:
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Theorem 5.6 ([63] and [59]) Forall o € (0, 1),

To(a) )
< ne » Mn (d) a; (%,VFurd,a ’ lu’aaVFurd,ot) .

This result was actually first proved in [63], using the fact that the sequence
(T, («)) is Markov-Branching and consistent. Chen and Winkel [32] then improved
this result by showing that the convergence holds in probability.

For « = 1/2 (Rémy’s algorithm), note that we recover the result obtained via
the Galton—Watson approach. Note also that the case @ = 1 is not included in the
hypotheses of the above theorem, however the trees 7, («) are then deterministic
(comb trees) and it is clear that they converge after rescaling by n to a segment of
length 1, equipped with the Lebesgue measure. This tree is a general fragmentation
tree as introduced by Stephenson [91], with pure erosion (and no dislocation). When
a = 0, we observe a different regime, the height of a typical leaf in the tree growth
logarithmically, and there is no convergence in the GH-sense of the whole tree.

5.3.2 k-Ary Growing Trees

Observing the asymptotic behavior of the sequence of trees constructed via Rémy’s
algorithm, it is natural to wonder how this may change when deciding to branch
at each step k — 1 branches on the pre-existing tree, instead of one. For this k-ary
model, it was shown in [60] that q,’j satisfies (H) with y = 1/k and v = v, where

k=11 (1=1/k) S
ds) = I > Lis ~g0s >snds,
Vi (ds) k(! kt 5i ( 1— Si) {s12522... 2548

i=1 i=1

is supported on the simplex of dimension k — 1. Together with Theorem 4.1 this
gives the limit in distribution of the sequence (7, (k), n > 1). Besides, using some
connections with the Chinese Restaurant Processes of Dubins and Pitman (see [86,
Chapter 3] for a definition) and more general urns schemes, it was shown that
these models converge in probability (however this second approach did not give
the distribution of the limiting tree.) Together, these two methods lead to:

Theorem 5.7 ([60]) Let u, (k) be the uniform measure on the leaves of T, (k).
Then,

T, (k) P
(l’ll/k 1Mn(k)> a;)’ (7767 ,bLk)

where (Tx, k) is a self-similar fragmentation tree, with index of self-similarity 1/k
and dislocation measure vy.
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Interestingly, using the approximation by discrete trees, it is possible to show that
randomized versions of the limiting trees T, k > 2—note that 75 is the Brownian
tree up to a scaling factor—can be embedded into each other so as to form an
increasing (in k) sequence of trees [60, Section 5].

In Sect. 6.1 we will discuss a generalization of this model. Here, we glue at each
step star-trees with k — 1 branches. However more general results are available when
deciding to glue more general tree structures, with possibly a random number of
leaves.

5.3.3 Marginals of Stable Trees

For 8 € (1, 2], the sequence (7, (8), n > 1) built by Marchal’s algorithm provides,
for each n, a tree that is distributed as the shape of the subtree of the stable tree
Tp spanned by n leaves taken independently according to pg. Duquesne and Le
Gall [46] showed that T;,(B) is distributed as a Galton—Watson tree whose offspring
distribution has probability generating function z + S~!(1 — z)#, conditioned to
have n leaves. As so, it is not surprising that appropriately rescaled it should
converge to the 8-stable tree. Marchal [73] proved an almost-sure finite-dimensional
convergence, whereas the results of [63] give the convergence in probability for the
GHP-topology. Additional manipulations even lead to an almost-sure convergence
for the GHP-topology:

Theorem 5.8 ([35]) Let u,(B) be the uniform measure on the leaves of T,(B).
Then

T,(B) as.
( b ,un(ﬁ)> ps (BTs. 1p)

Using this convergence, it was shown in [35] that randomized versions of the
stable trees 7g,1 < B < 2 can be embedded into each other so as to form a
decreasing (in 8) sequence of trees.

To complete these results, we mention that Chen et al. [33] propose a model that
interpolate between the o-model of Ford and Marchal’s recursive construction of the
marginals of stable trees, and determine there scaling limits, relying on the results
of [63].

5.4 Cut-Trees

The notion of the cut-trees was introduced in Example 5 of Sect.2.3.

Cut-Tree of a Uniform Cayley Tree We use the notation of Example 5, Sect. 2.3

and let C,, be a uniform Cayley tree and 7" its cut-tree. Relying essentially on

Stirling’s formula, one gets that q,,C uCayley ootisfies (H) withy = 1/2 and v =
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vgr/2, which shows that the rescaled cut-tree 72" //n endowed with the uniform
measure on its leaves converges in distribution to (27g;, upr). This was noticed
in [15] and used to determine the scaling limits of the number of steps needed to
isolated by edges delation a fixed number of vertices in C,. Actually, Bertoin and
Miermont [19] improve this result by showing the joint convergence

Theorem 5.9 (Bertoin—-Miermont [19])

Cn T\ @
<\/n1 \/n> a; (27T3rs 27}3r)

where Tg; is a tree constructed from Ty, that can be interpreted as its cut-tree, and
that is distributed as Tgr.

Bertoin and Miermont [19] actually more generally extend this result to cut-trees of
Galton—Watson trees with a critical offspring distribution with finite variance. This
in turn was generalized by Dieuleveut [41] to Galton—Watson trees with a critical
offspring distribution in the domain of attraction of a stable law. See also [5, 28, 29]
for related results.

Cut-Tree of a Uniform Recursive Tree On the other hand, note that g ""Recvrsive

does not satisfy (H). However, Bertoin showed in [17] that in this case, the cut-tree
T, rescaled by n/In(n) converges for the GHP-topology to a segment of length 1,
equipped with the Lebesgue measure.

6 Further Perspectives

6.1 Multi-Type Markov-Branching Trees and Applications

It is possible to enrich trees with fypes, by deciding that each vertex of a tree carries
a type, which is an element of a finite or countable set. This multi-type setting is
often used in the context of branching processes, where individuals with different
types may evolve differently, and had been widely studied. For the trees point of
view, scaling limits of multi-type Galton—Watson trees conditioned to have a given
number of vertices have been studied by Miermont [77] when both the set of types
and the covariance matrix of the offspring distributions are finite, by Berzunza [21]
when the set of types is finite with offspring distributions in the domain of attraction
of a stable distribution and by de Raphélis [40] when the number of types is infinite,
under a finite variance-type assumption. The Brownian and stable trees appear in
the scaling limits.

One may more generally be interested in multi-type Markov-Branching trees,
which are sequences of trees with vertices carrying types, where, roughly, the
subtrees above the root are independent and with distributions that only depend
on their size and on the type of their root. In a work in progress [62], results similar
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to Theorems 4.1 and 4.2 are set up for multi-type MB-trees, when the set of types
is finite. Interestingly, different regimes appear in the scaling limits (multi-type or
standard fragmentation trees), according to whether the rate of type change is faster
than or equal to or slower than the rate of macroscopic branchings.

This should lead to new proofs of the results obtained in [21, 77]. This should
also lead to other interesting applications, in particular to dynamical models of tree
growth. In these growing models one starts from a finite alphabet of trees and then
glues recursively trees by choosing at each step one tree at random in the alphabet
and grafting it uniformly on an edge of the pre-existing tree. This generalizes the
k-ary construction studied in Sects.2.2 and 5.3.2, and is connected to multi-type
MB-trees. In this general setting multi-type fragmentation trees will appear in the
scaling limits.

6.2 Local Limits

This survey deals with scaling limits of random trees. There is another classical
way to consider limits of sequences of trees (or graphs), that of local limits. This
approach is quite different and provides other information on the asymptotics of the
trees (e.g. on the limiting behavior of the degrees of vertices). Roughly, a sequence
of finite rooted trees (f,) is said to converge locally to a limit ¢ if for all R > 0, the
restriction of #, to a ball of radius R centered at the root converges to the restriction
of ¢ to a ball of radius R centered at the root. The trees are therefore not rescaled
and the limit is still a discrete object.

For results on the local limits of random models related to the ones considered
here, we refer to: Abraham and Delmas [1, 2] and the references therein for Galton—
Watson trees, Stefdnsson [90] for Ford’s «-model and Pagnard [80] for general MB-
sequences and the study of the volume growth of their local limits. We also mention
the related work by Broutin and Mailler [27] that uses local limits of some models
of MB-trees to study asymptotics of And/Or trees, that code boolean functions.

6.3 Related Random Geometric Structures

The discrete trees form a subclass of graphs and are generally simpler to study.
There exist however several models of graphs (that are not trees) whose asymptotic
study can be conducted by using trees. Different approaches are possible and it is
not our purpose to present them here. However we still give some references that are
related to some models of trees presented here (in particular Galton—Watson trees)
to the interested reader (the list is not exhaustive):

* on random graphs converging to the Brownian tree: [7, 22, 31, 39, 67, 82, 93]
» onrandom graphs converging to tree-like structures: [36-38]
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* on the Erd6s—Rényi random graph in the critical window and application to the
minimum spanning tree of the complete graph: [4, 6]

* on random maps (which are strongly connected to labeled trees): [78] and all the
references therein.

In most of these works the Brownian tree intervenes in the construction of the
continuous limit.
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Optimality of Two-Parameter Strategies )
in Stochastic Control s

Kazutoshi Yamazaki

Abstract In this note, we study a class of stochastic control problems where the
optimal strategies are described by two parameters. These include a subset of
singular control, impulse control, and two-player stochastic games. The parameters
are first chosen by the two continuous/smooth fit conditions, and then the optimality
of the corresponding strategy is shown by verification arguments. Under the setting
driven by a spectrally one-sided Lévy process, these procedures can be efficiently
performed owing to the recent developments of scale functions. In this note, we
illustrate these techniques using several examples where the optimal strategy and
the value function can be concisely expressed via scale functions.

Keywords Singular control - Impulse control - Zero-sum games -
Optimal stopping - Spectrally one-sided Lévy processes - Scale functions
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1 Introduction

In stochastic control, the objective is to optimally control a stochastic process to
minimize or maximize the expected value of a given payoff, which is determined
by the paths of the control and/or controlled processes. In other words, we want
to identify an optimal strategy that attains the minimal or maximal expected
value, which is referred to the (optimal) value function. Essentially, all real-life
phenomena contain uncertainty. Consequently the problem of stochastic control
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arises everywhere. It is well studied in, among other fields, finance (e.g., portfolio
optimization, asset pricing, and risk management), economics (e.g., search, real
options, and games), insurance, inventory management, and queues.

Because stochastic control has a wide range of applications and is studied in a
variety of fields, there are many different possible modeling approaches. A model
can be categorized based on (1) a discrete/continuous time, (2) a discrete/continuous
state, and (3) a finite/infinite horizon.

In this note, we focus on a relatively simple class of stochastic control problems
where analytical solutions can be obtained. We assume the continuous-time, infinite-
horizon case with the state space given by R or its subset. In addition, we assume
randomness to be modeled by a one-dimensional spectrally one-sided Lévy process,
or a Lévy process with only one-sided jumps that does not have a monotone path
almost surely (a.s.). As the title of this note suggests, we are particularly interested
in cases where two parameters are sufficient to describe the optimal strategy. While
one-parameter optimal strategies are ubiquitous, to the best of our knowledge the
study of two-parameter strategies is rather rare.

1.1 One-Parameter Strategies

In most stochastic control problems that admit analytical solutions, an optimal
strategy can typically be described by one parameter.

In the continuous-time, infinite-horizon optimal stopping driven by a one-
dimensional Markov process, the stopping and waiting regions are separated by
free boundaries, and, in many cases, the boundary is a single point. In the
American/Russian perpetual (vanilla) options driven by a Lévy process, it is known,
as in [3] and [37], that it is optimal to exercise when the process itself or its
reflected process goes above or below a certain barrier for the first time. In the
quickest detection of a Wiener process [45] where we want to promptly detect the
unobservable sudden change of the drift of the process, it is optimal to stop when
the posterior probability process exceeds some level for the first time. There are a
number of other examples for which the first crossing time of a boundary is optimal.
See [17, 31, 33] and also the book by Peskir and Shiryaev [41].

In singular control, again, the controlling and waiting regions are typically
separated by a single point. Well-studied examples include de Finetti’s dividend
problem, in which we want to maximize the total expected dividends accumulated
until ruin [or the first time the (controlled) surplus process goes below zero]. A
majority of the existing literature focuses on the optimality of the barrier strategy
that pays dividends so that the surplus process is reflected at the barrier. In the
spectrally negative Lévy model, it has been shown by Loeffen [34] that a barrier
strategy is optimal on the condition that the Lévy measure has a completely mono-
tone density. On the other hand, for the spectrally positive Lévy case, optimality is
guaranteed as shown in [8]. Recently, these results have been extended to cases in
which a strategy is assumed to be absolutely continuous with respect to the Lebesgue
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measure: the optimal strategy can again be described by a single threshold, and the
so-called refraction strategy is optimal; see [32] and [50].

In the continuous-time inventory model (with the assumption that backorders
are allowed), one wants to find an optimal replenishment strategy that minimizes
the sum of the inventory and controlling costs. In the spectrally negative Lévy
case, under e.g. the convexity assumption regarding the inventory cost and with
the absence of a fixed cost, it has been shown to be optimal to replenish the item so
that the inventory does not drop below a certain level (see Section 7 of [49]). The
absolutely continuous case has been studied by Herndndez-Herndndez et al. [27], in
which they showed the optimality of a refraction strategy.

1.2 Two-Parameter Strategies

In view of the above examples of one-parameter strategies, it is not difficult to see
that by a simple modification to the problem setting, more parameters are needed to
describe the optimal strategy. Here, we list several examples where one additional
parameter is also needed.

1.2.1 Two-Sided Singular Control

In the above examples of singular control, we assumed control to be one-sided: we
can only decrease or increase the underlying process. However, there are versions
in which it is two-sided and we can both decrease and increase the process.

In the extension of de Finetti’s problem with capital injections, the surplus
process can also be increased by injecting capital. Typically, the problem requires
that capital be injected so that the surplus process never goes below zero. In
inventory control, we can think of a version in which the item can be replenished
and also sold so as to avoid a shortage or excess of an inventory, respectively.

1.2.2 Impulse Control

We can consider another extension from singular control by adding a fixed cost.
Namely, in addition to the cost (or reward) that is proportional to the amount of
modification, a fixed cost is incurred each time it is modified. In this case, it is clear
that one parameter is no longer sufficient to describe the optimal strategy. Instead,
we can expect that the (s, S)-strategy (more commonly called the (s, S)-policy) is a
reasonable candidate. In other words, given two threshold levels s and S, whenever
the process goes above (or below) s, it is pushed down (or up) to S. The optimality
of an (s, S)-strategy is often a primary objective in the impulse control literature.
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1.2.3 Zero-Sum Games Between Two Players

In a (stochastic) game, multiple players aim to maximize their own expected
payoffs. However, the payoff depends not only on the actions of one player but also
on those of the others. The primary objective of game theory is to identify, if any,
a Nash equilibrium (saddle point), which is a set of strategies such that no player
can increase her expected payoff by solely changing her strategy, unless the other
players also change their strategies.

Consider a case with two players in which a common payoff is maximized by one
player and is minimized by the other. Under settings similar to those described in
Sect. 1.1 above, each player’s strategy is described by one parameter. Consequently,
the equilibrium is described by two parameters.

1.3 Fluctuation Theory of Spectrally One-Sided Lévy Processes

In this note, we assume throughout that the underlying (uncontrolled) process is a
spectrally negative Lévy process. The spectrally positive Lévy process is its dual
and hence the case driven by this process is also covered. While spectrally one-
sided Lévy processes are not necessarily desirable for realistic models, at least
analytically, it has a great advantage to work with these sets of processes.

Over the last decade, significant developments in the fluctuation theory of
spectrally one-sided Lévy processes have been presented (see, e.g., the textbooks
by Bertoin [13], Doney [16], and Kyprianou [30]). Various fluctuation identities are
known to be written using the so-called scale functions, and these include essentially
all the expectations needed to compute the net present values (NPVs) of the payoffs
under the one- and two-parameter strategies described above.

The scale function is defined by its Laplace transform written in terms of the
Laplace exponent of the process. We see in this note that, despite its concise
characterization, it still contains sufficient information to solve the problem.

1.4 Solution Procedures

Using the expected NPVs of payoffs under each two-parameter strategy, written
explicitly in terms of the scale function, the classical “guess and verify” approach
can be performed in a straightforward manner. Here, we briefly illustrate each step
below.
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1.4.1 Selection of the Two Parameters

As the form of the candidate strategy is already conjectured, the guessing part
essentially is to decide on the values of the two parameters. Because we need to
identify two values, naturally, we need two equations.

Before discussing the two-parameter case, we start with the one-parameter case
to gain some intuition. As reviewed above in Sect. 1.1, the parameter usually
corresponds to the value of a barrier. Here, we temporarily use u,(x) for the
expected NPV when the parameter/barrier is a and the starting value of the process
is x.

In this case, the most intuitive and straightforward approach is to use the first-
order condition. Namely, we first obtain the parameter, say a*, that minimizes or
maximizes a — u,(x). Naturally, we expect (given that the barrier is in the interior
of the state space) the derivative du,(x)/da|,=q+ to vanish. This can be easily
accomplished because u, (x) is written using the scale function, whose smoothness
has been well studied (see Remark 2.1 below).

Alternatively, we can apply what is known as continuous/smooth fit, which
basically chooses the barrier a* so that the degree of smoothness of u,(-) at a
increases by one by setting a = a*. The smoothness at the barrier is in general
dependent on the regularity (see Sect.2.1 below for its definition). In optimal
stopping and impulse control, we expect the value function to be continuous (resp.
continuously differentiable) at the barrier when it is irregular (resp. regular) for the
controlling/stopping region. On the other hand, for singular control, we expect it to
be continuously differentiable (resp. twice continuously differentiable) at the barrier
when it is irregular (resp. regular).

At least for the Lévy case, these two methods tend to lead to the same condition,
i.e., some function, say a + g(a), of the barrier level a (and not x) vanishes; see
Fig. 1. In addition, under a suitable assumption, it is typically a strictly monotone
function. Hence, the candidate barrier can be defined as its unique root. Detailed
discussion of the equivalence of these two methods for optimal stopping problems
is presented in [18].

We now discuss the two-parameter case. Let us temporarily use v, p(x) for the
expected NPV under the strategy parametrized by (a, b) when the starting value of
the process is x.

Again, the first approach is to use the first-order condition. This time, we apply
it with respect to the two parameters (a, b), or equivalently, we compute the partial
derivatives dv, p(x)/da and dv, p(x)/3b and choose parameters so that both vanish
simultaneously. The second approach is to use continuous/smooth fit at the barriers
(with an additional condition for the case of impulse control). Again, we end up
having the same two equations, e.g., A(a, b) = 0 and A(a, b) = 0.

The difficulty here is that this time we need to show the existence of solutions
to the two equations, which are typically nonlinear functions. However, the two
equations tend to be related in that one is the partial derivative of the other, i.e.,
Aa, b) = dA(a, b)/0b. In other words, we want to obtain the curve b — A(a*, b)
that touches and becomes tangent to the x-axis at b* (see Fig. 2).



56 K. Yamazaki

1500 T T T T T T T

10001 i

500 b

=500 b

-1000 1 1 1 1 1 1 1
-20 -15 -10 -5 0 5 10 15 20
a

Fig. 1 (One-parameter case) Typical function a + g(a) obtained when the first-order or
continuous/smooth fit condition is applied. The desired parameter becomes its unique root
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Fig. 2 (Two-parameter case) Typical function obtained when the first-order or continuous/smooth
fit condition is applied. The plot is the curve b +— A(a, b) on [a, 0co) for different values of a.
Typically the desired values (a*, b*) become those for which A(a*, b*) = dA(a*, b)/db|p=p+ = 0.
In other words, we must determine the starting point a* such that the curve becomes tangent to the
x-axis at b*, as in the solid curve in the plot
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1.4.2 Verification of Optimality

After we select the values of the two parameters, say (a*, b*), we must verify the
optimality of the corresponding strategy. The so-called verification lemma gives a
sufficient condition for optimality that commonly requires:

(1) the smoothness of v, p*,
(2) that v,* p+ solves the variational inequalities.

The imposed conditions must be sufficient so that the discounted process of v+ p+(-)
(killed upon exiting the state space), driven by any controlled process, is a local
sub/super-martingale. In general, the forms of the variational inequalities are well
known (see e.g. [39]). However, its technical details must be customized, and, in
particular, we need to take care of the tails of v,+ ;= and the Lévy measure. Because
of the localizing arguments needed to apply 1t6’s formula, at the end, we must take
a limit and interchange it over integrals.

Regarding condition (1), we choose the values of (a*, b*) at the guessing step so
that v, p+ is “sufficiently smooth,” although the smoothness at the boundary may
not be sufficient to apply the usual version of 1t6’s formula (so we may need the
Meyer-Itd version). For stochastic calculus for Lévy processes, see [44] and [1].

Showing (2) is usually the hardest part and sometimes it fails. The variational
inequalities must hold at each point in the state space, which is separated into the
waiting and controlling regions. In our examples when the state space is R, except
for the impulse control case, the waiting region is given by (a*, b*), whereas the
controlling region is (—oo, a*) U (b*, 00). At a point in the waiting region (a*, b*),
the proof is normally simple because the discounted process of v, p+(-) driven by
the underlying process is a martingale (see Sect. 2.7.3). On the other hand, the proof
for the point in (b*, 00) (resp. (—o0, a*)) tends to be difficult for the spectrally
negative (resp. positive) Lévy case. Intuitively, this is because the process can jump
from one region to the other, where the form of v,+ ,+ changes.

1.5 Comparison with Other Approaches

The classical approach to the stochastic control of Lévy processes involves integro-
differential equations (IDEs).

First, we identify the candidate value function as the solution to an IDE with
its boundary conditions given by the desired continuity/smoothness at the barriers.
Except for special cases, this cannot be solved analytically, and hence verification
arguments must be made using this implicit representation of the candidate value
function. This is especially difficult when the Lévy measure is infinite.

A clear advantage of using the fluctuation theory approach described above is
that, if the function v, p+ can be computed using the scale function, computation
is much more direct and simple. While the scale function in general does not admit
analytically closed expression, solution methods do not require details of its form.
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Typically, the selection of parameters can be performed by its asymptotic property at
zero (see Sect. 2.3 below) and, for verification, we can use some general properties
of the scale function.

Another advantage is that it can deal with cases with jumps of infinite activ-
ity/variation without any additional work. The IDE approach must often assume
that the jump part of the underlying process is a compound Poisson process.
However, there are a number of important examples with infinite Lévy measures,
such as variance gamma, CGMY, and normal inverse Gaussian processes, as well as
classical ones, such as the gamma process and a subset of stable processes.

1.6 Computation

Using these approaches, the value function and the selected parameters are written in
terms of the scale function. Hence, their computation is essentially equivalent to that
of the scale function. Because the scale function is defined by its Laplace transform
written in terms of the Laplace exponent, it must be inverted either analytically or
numerically.

Some classes of Lévy processes have rational forms of Laplace exponents. For
these processes, analytical forms of scale functions can be easily obtained by
partial fraction decomposition. Among them, the case with i.i.d. phase-type jumps
[2] is particularly important, because at least in principle it can approximate any
Lévy process. This means that any scale function can be approximated by the
scale function of this process. Egami and Yamazaki [19] conducted a sequence of
numerical experiments to confirm the accuracy of this approximation.

Alternatively, the scale function can always be directly computed via numerical
Laplace inversion. As discussed in [29], the scale function can be written as the
difference between an exponential function (whose parameter is defined by ®(g) in
the current note) and the resolvent (potential) term (see the third equation in (2.8)
below). Hence, the computation is reduced to that of the resolvent term. This is
a bounded function that asymptotically converges to zero, and hence, numerical
Laplace inversion can be quickly and accurately conducted. For more details, we
refer readers to Section 5 of [29].

In this note, we review these techniques, using several examples of two-sided
singular control, impulse control and games, as reviewed in Sect. 1.2 above. Our aim
is not to offer rigorous arguments. Instead, we present a guide on how we can apply
the existing results in the fluctuation theory and scale function to solve stochastic
control problems. For more technical details, we refer readers to the original works
we cite throughout the note.

The rest of this note is organized as follows:

In Sect. 2, we review the spectrally negative Lévy process and the scale function.
In particular, we review the fluctuation identities as well as some important
properties of the scale function that we use later in the note.
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In Sect.3, we examine two-sided singular control, which we introduced in
Sect. 1.2.1. First, we give the formulation and review several examples. Then,
we discuss how to choose the two parameters via continuous/smooth fit and
demonstrate its optimality via verification arguments. In particular, we focus on
the problems considered in Bayraktar et al. [8] and Baurdoux and Yamazaki [6] and
illustrate how to follow these solution procedures.

In Sect.4, we consider impulse control, as addressed in Sect. 1.2.2. While the
techniques used are similar to those used for singular control, there are several major
differences and new challenges in the solution. In particular, we use the case in
Yamazaki [49] to illustrate the steps necessary to solve the problem.

In Sect.5, we discuss two-player optimal stopping games, as introduced in
Sect. 1.2.3, with a special focus on the problem studied by Egami et al. [20]. We
also make some remarks regarding other forms of two-player zero-sum games.

Throughout this study, we use f(x+) := limy, f(y) and f(x—) :=
limy 4, f(y) to indicate the right- and left-hand limits, respectively, for any function
f whenever they exist. We let A&, := & — &;_, for any process with left limits £.
Finally, for any interval Z C R, let Z := supZ, Z := infZ, and Z° be the interior
of Z.

2 Spectrally Negative Lévy Processes and Scale Functions

In this section, we review the spectrally negative Lévy process and its fluctuation
theory. We shall also review the scale function and list the fluctuation identities as
well as some important properties that are frequently used in stochastic control.
Note that the spectrally positive Lévy process is its dual, and the results introduced
here can be directly applied as well.

Defined on a probability space (€2, F,P), let X be a spectrally negative Lévy
process with its Laplace exponent X given by

1
Y(s) :=logE [esxl:l =ys+ o2’ +/ @ —1—=szl-_pv(dz), s=>0,
2 (~00.0)
@2.1)

where v is a Lévy measure with the support (—oo, 0) that satisfies the integrability
condition f(—oo,())(l A |z|P)v(dz) < oo. For every x € R, let P, be the conditional
probability under which X¢ = x (in particular, we let P = [Py), and E, and E be the
corresponding expectation operators. Let IF be the filtration generated by X.

The path variation of the process is particularly important in stochastic control,
especially when we apply continuous/smooth fit as we shall see in later sections.
For the case of a Lévy process, it has paths of bounded variation a.s. or otherwise
it has paths of unbounded variation a.s. The former holds if and only if o = 0 and
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f(_l 0) |z] v(dz) < oo; in this case, the expression (2.1) can be simplified to

V(s) =3ds ~I-/ (e — Dv(dz), s5=0,

(=00,0)

with§ 1=y — f(fl’o)zv(dz).

Throughout the note, we exclude the case in which X is the negative of a
subordinator (i.e., X is monotonically decreasing a.s.). This assumption implies that
8 > 0 when X is of bounded variation.

2.1 Path Variations and Regularity

As defined in Definition 6.4 of [30], we call a point x regular for an open or closed
set B if P {Tp = 0} = 1 where

Tg :=inf{t > 0: X; € B},

and irregular if P, {Tp = 0} = 0; here and throughout the note, let inf & = oo. By
Blumenthal’s zero-one law, the probability P, {Tp = 0} is either O or 1, and hence
any point is either regular or irregular.

As summarized in Section 8 of [30], for any spectrally negative Lévy process X,
the point 0 is regular for (0, o), meaning that, if the process starts at 0, it enters
(0, o) immediately. On the other hand, O is regular for (—oo, 0) if and only if the
process has paths of unbounded variation.

We shall see in later sections that the smoothness of the value function at (free)
boundaries depends on their regularity.

2.2 Scale Functions

Fix g > 0. For any spectrally negative Lévy process X, its g-scale function
WD R = [0, 00)

is a function that is zero on (—o0, 0), continuous and strictly increasing on [0, 00),
and is characterized by the Laplace transform:

/ T WD () dx = s> ®(q). 2.2)
0

1
V(s)—q
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where

P(g) :=sup{r = 0: ¥ (1) =q}.

Here, the Laplace exponent v in (2.1) is known to be zero at the origin and convex
on [0, 0o). We also define, for x € R,

(9) L * (@)
W (x) = A W (y)dy,
ZDG) =14 gW ),
@ * e
7" (x) :=/ ZD()dz = x + q/ / W (w)dwdz.
0 0o Jo
Because W@ (x) = 0 for —oo < x < 0, we have

w9 =0, Zz@x)=1 and Zz90) =x, x<o. (2.3)

We shall also define, when ¥/ (0+) > —o0,

R@(x) = 7P (x) + xeR.

¥’ (0+)
q b
In Fig. 3, we show sample plots of the scale function W% on [0, o) for the

cases of bounded and unbounded variation. Its behaviors as x | 0 and x 1 oo are
reviewed later in this section.

2.3 Smoothness of Scale Functions

A particularly important property of the scale function, which is helpful in applying
continuous/smooth fit, is its behaviors around zero: as in Lemmas 3.1 and 3.2
of [29],

0, if X is of unbounded variation
W@ (0) = ) > 24
© { é, if X is of bounded variation, 24

2

027 lf g > 05
W(‘I)’(0~|—) — III% W(q)/(x) — 00, ifc =0 and V(_OO, 0) = 00,
xl q+V(8*200’0)’ if o = 0and v(—o0,0) < oo.

(2.5)

Note that these can be confirmed in Fig. 3.
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>

scale function
w

N

Fig. 3 Plots of the scale function W@ on [0, 00). The solid red curve is for the case of bounded
variation; the dotted blue curve is for the case of unbounded variation (with o > 0). As reviewed
in (2.4), its behaviors around zero depend on the path variation of the process. In addition, as
in (2.13), it increases exponentially as x — oo

As we shall see in later sections, when considering continuity/smoothness at
the lower barrier, the difference between the right-hand and left-hand limits often
becomes the product of W@ (0) and some function, say A(a,b), of the two
parameters (barriers) (a, b) to be selected: for these to match, the parameters (a, b)
must be chosen so that A (a, b) vanishes if W@ (0) > 0.

When W@ (0) = 0 (or equivalently X is of unbounded variation), then the value
function is expected to be smoother. Repeating the same procedure for its derivative,
one gets that the difference between the right-hand and left-hand limits becomes
the product of W@’"(0+) and A(a, b); in this case, (a, b) must be chosen so that
A(a,b) =0.

At the upper boundary, the smoothness tends to be the same for both bounded and
unbounded variation cases: this gives another equation A(a, b) = 0 where A(a, b) is
the partial derivative of A (a, b) with respect to b.

Regarding the smoothness of the scale function on R\ {0}, we have the following;
see [15] for more comprehensive results. These smoothness results are important in
order to apply Itd’s formula where the (candidate) value function must be C? (resp.
C1) for the case of unbounded (resp. bounded) variation.
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Remark 2.1 If X is of unbounded variation or the Lévy measure does not have an
atom, then it is known that W@ is C!(R\{0}). Hence,

(1) 2@ is C'(R\{0}) and C°(R) for the bounded variation case, while it is
C2%(R\{0}) and C'(R) for the unbounded variation case,

2) Z(q) is CZ(R\{O}) and C'(R) for the bounded variation case, while it is
c3 (R\{0}) and C 2(R) for the unbounded variation case.

In addition, if o > 0, then W@ is C(R\{0}).

2.4 Fluctuation Identities for Spectrally Negative Lévy
Processes

Here we shall list some fluctuation identities for the spectrally negative Lévy
process X.
2.4.1 Two-Sided Exit

The most well-known application of the scale function is as follows. Let us define
the first down- and up-crossing times, respectively, of X by

T, :=inf{t >0: X; <b} and Tb+:=inf{t>0:X,>b}, beR.

(2.6)
Then, for any b > O and x < b,
E 7qu+1 B W(q)(x)
~ [e {Tb+<T07}:| T W@®)
_ W@ (x)
—qT, = 7@ _ 7@ 2.7
B[ ey | = 290 - 290) e
Ty | — 7@y~ 4 w@
E, [e 0 ] =70 = WO,

2.4.2 Resolvent Measures

The scale function can express concisely the g-resolvent (potential) measure. As
summarized in Theorem 8.7 and Corollaries 8.8 and 8.9 of [30] (see also Bertoin
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[14], Emery [22], and Suprun [46]), we have

Ty AT WD YWD —
Ex[/ e—qfl{x,edy,dt] - [ WOWELE =2, — y)]dy, b>0, x <b,
0

W@ (b)
-
Ex[/o 0 e_qtl{x,edy}dt] = [e_®(q)yw(q)(x) — WD (x — y)] dy, (2.8)
00 D(g)(x—y)
E, ~01 ]y, eandt | = | € — WD — y) | dy.
[/0 e lix edy) ] [W@(q)) (x—y)|dy

Now define, for any measurable function 2 and s € R,
o0 o0
Wik = [P h bdy = [P0y,
0 K}
X
%umr=/'wwu—yMQMm xcR.
N

Here ¢, (x; h) = 0 for any x < s because W% is uniformly zero on (—oo, 0). Then
it is clear that

T, AT W@ (x —a)
—qt _ . _ .
E[/O IR = L Ga®i ) = g ), b > a, x b,

T,
IE[/O e_q’h(X,)dt] — W(a; WD (x —a) — ga(x; h), x,a€R,

where we assume for the latter that W(a; h) is well-defined and finite.

2.5 Fluctuation Ildentities for the Infimum and Reflected
Processes

Let us define the running infimum and supremum processes

X,:= inf Xy and X,:= sup Xy, t>0.

0<t'<t 0<t'<t

Then, the processes reflected from above at b and below at a are given, respectively,
by

Y':=X,—DP and Y9:=X,4+U’ >0,
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where
D’ :=(X;—b)vO0 and U®:=(a—X,)Vv0, >0,
are the cumulative amounts of reflections that push the processes downward and

upward, respectively.

2.5.1 Fluctuation Identities for the Infimum Process

By Corollary 2.2 of [29],

- 1
E[ /0 e q’l{fx,edy}dt] = q)(q)w(q)(dy) — W@ (y)dy

1
— O y)d WD (0)80(d ,
(D(q)[ (y)dy + (0)d0(dy)]

where W@ (dy) is the measure such that W@ (y) = f[O,y] W@ (dz) (see [30,
(8.20)]) and §g is the Dirac measure at zero. Here, for all y > 0,

©D(y) := W' (y+) = (@)W (y) > 0. (2.9)
See another probabilistic interpretation of this function in Section 3.3 in [47]. This

function often appears in stochastic control. See in particular Sects.4 and 5.1.1
below and also [47].

2.5.2 Fluctuation Identities for l_/tb
Fix a < b. Define the first down-crossing time of Y? as:
Tap:=inf{t >0: Y’ <a).
First, the Laplace transform of 7, j is given, as in Proposition 2(ii) of [43], by

W@ (x —a)
—qTab] — 7D (v _ 4) — @ p —
Exle 1=Z2"x —a) —gW¥ (b —a) W@ (b — a)+) x <b.

Second, using its resolvent given in Theorem 1(ii) of [43], we have, for x < b,

E. [ [)ra,b e*qth(y_vrb)dt]

W@ (x —a) [

b
_ @ @ :
= worp—a |V OO +/ hWD' (b — y)dy} — ¢alx; h).

a
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Finally, as in Proposition 1 of [4], the discounted cumulative amount of reflection
from above is given by

W@ (x —
Ex[/ eapf|= o Cma <k
[Osfa.b] W(q) ((b - a)+)

2.5.3 Fluctuation Identities for Y§
Fix a < b. Define the first up-crossing time of Y'{ as:
T,p = inf{t > 0: Y] > b}.
First, as in page 228 of [30], its Laplace transform is concisely given by

Z@D(x —a)

7(11’(1, —
]E)C[e b] Z(fi)(b—a)’

x <b.

Second, by Theorem 1(i) of [43], for any x < b,

Tab . Z(q)(x—a) . .
B [ e o] = 70 i =t

Finally, as in the proof of Theorem 1 of [4], the discounted cumulative amount of
reflection from below, given ¥/ (0+) > —o0, is

Tab RD (b — a)
—qtqr7a | — _ p@(y _ @y _
IEX[/O p dUt]_ ROG—a) + 200 —a) 0 x<h

2.6 Fluctuation Identities for Doubly Reflected Lévy Processes

Fix a < b. As a variant of the reflected processes addressed above, the doubly
reflected Lévy process is given by

Y&l =X, + Ut — D¢t 1 >o0. (2.10)

This process is reflected at the two barriers a and b so as to stay on the interval
[a, b]; see page 165 of [4] for the construction of the processes U a.b pab anq
Y%t To put it simply, U%? is activated whenever Y% attempts to downcross a so
that Y%? stays at or above a; similarly, D" is activated so that Y%? stays at or
below b.
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First, as in Theorem 1 of [4], for x < b,

7@ —
E, [/ e_q’tha’bi| = (x —a) ,
[0,00) gWD (b — a)
7@ —
E, U e‘”de*”} =—R9Yx—a)+ (b —a) ZD(x — a),
[0,00) gW@D (b — a)

where we assume v/’ (0+) > —oo for the latter.
Second, using the g-resolvent density of Y®? given in Theorem 1 of [42], we
have, for x < b,

b @ (x — @ p —
E, |:/ eiqzh(Y,a’b)dt] _ / h(y) |:Z D(x —a)yW'9 (b — y) _ W(q)(x _ y)] dy
[0,00) a

@2.11)

gW@ (b —a)

@
WO ] (2.12)

@ (y _
+h(b)[Zq(x D WD 0

2.7 Other Properties of the Scale Function

Here we list some other properties of the scale function that are often useful in
solving stochastic control problems.
2.7.1 Asymptotics as x — oo

Suppose g > 0. It is known that the scale function W) increases exponentially:
we have

O e S ACCO (2.13)
By this, the following limits are also immediate:

W@ (x4) Z@ (x) _q

x560 W@ x) *l@.  Jlim, W@D(x) — ®(q)

Z(q)(x) g

and lim = .
X—>00 W(‘I)(x) CI)Z(q)

Note also that, for s € R and any measurable function % such that W (s; &) is well-
defined,

@s (x5 h)

S e = W(s; h). (2.14)
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2.7.2 Log-Concavity

The scale function W@ is known to be log-concave: as in (8.18) and Lemma 8.2 of
[30],

WD (y+) WD (x4)
= , y>x>0.

W@ (y) W@ (x)

In addition, W@ (x—) > W@’ (x+) for all x > 0. These properties are sometimes

needed for the monotonicity of related functions; see Sects. 4.3.2 and 5.2.1 below.

2.7.3 Martingale Properties

Let £ be the infinitesimal generator associated with the process X applied to a
sufficiently smooth function A (i.e. cl [resp. C?] for the case X is of bounded [resp.
unbounded] variation): for x € R,

Lh(x) :=yh (x) + ;ozh”(x)
+ /( 0 [h(x +2) —h(x) = h'(D)zl—1<c<0)] v(d2),  (2.15)

(resp. Lh(x) := 8h'(x) + / [A(x +2) — h(x)] v(dz)).
(—00,0)

The variational inequalities are written using this generator with A replaced with
the candidate value function. Typically, it makes sense (except at the selected
boundaries), thanks to its smoothness that can be confirmed by that of the scale
function as in Remark 2.1. At the boundaries, for optimal stopping and impulse
control, the function may not be smooth enough and hence (2.15) is not well-
defined, although its right and left limits normally exist and are finite. In such cases,
the Meyer-Itd formula (see, e.g., Theorem 71 of Protter [44]) is used in the proof of
verification lemma.
One useful known fact regarding the generator (2.15) is as follows. By Proposi-
tion 2 of [4] and as in the proof of Theorem 8.10 of [30], the processes
e~4UNTy AT 7(@) (g

—qUATy AT p(q)
t/\TO’/\T;) and e 0™BIR (Xt/\TO’/\T;)* 1 >0,

for any B > 0 are martingales, where we assume ¥'(0+) > —oo for the latter.

Thanks to the smoothness of Z@ and Z @ on (0, 0o0) as in Remark 2.1, we obtain

L—-9)ZD(y)=(L-q@RDP(y) =0, y>0. (2.16)
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The same result holds for W@ and
(L—q)WP(y) =0, y>0, 2.17)

on condition that it is sufficiently smooth.
Another useful known fact is that, as in the proof of Lemma 4.5 of [17], if & is
continuous,

(L= @)ps(x; h) =h(x), x>s. (2.18)

These properties are often sufficient to prove that the candidate value function is
harmonic in the waiting (non-controlling) region.

2.8 Some Further Notations

Before closing this section, we shall define, if they exist, the following threshold
levels.

Definition 2.1 Given a closed interval Z C R and a measurable function %, let
a = a(h) € 7 be such that h(x) < 0 forx € (—o0,a) NZ, and h(x) > 0 for
x € (a,o0) NZ, if such a value exists. If 7(x) < O for all x € Z, then we set
a=ah)=Z.If h(x) > O0forx € Z, then we seta = a(h) = 7.

Definition 2.2 Given a closed interval Z C R and a measurable function / such
that W(x; &) is well-defined and finite for all x € Z, let a = a(h) € Z be such
that W(x; h) < Oforx € (—o0,a) NZ, and ¥ (x; h) > 0 for x € (a,oc0) NI, if
such a value exists. If W(x; h) < O for all x € Z, then we seta = a(h) = Z. If
W(x;h) >0forx € Z,thenweseta = a(h) = 1.

These values for a suitably chosen (often monotone) function 4 give us particu-
larly important information. Typically, as in the examples shown in later sections,
the values of a and a can act as upper or lower bounds of the two parameters (a*, b*)
to be chosen. See, in particular, Sects. 3.3.3, 4.2.1 and 5.1.1 and also Tables 1, 2,
and 3.

In addition, the value a can be understood as the optimal parameter a* when the
other parameter is b* = oco. We will also see that the value a is important in the
verification step; see Lemmas 3.1(2), 4.1(2), and 5.2(2).

3 Two-Sided Singular Control

In this section, we consider the singular control problem where one can
increase and also decrease the underlying process. An admissible strategy
o= {(U,” , D)t > 0} is given by a pair of nondecreasing, right-continuous,
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and [F-adapted processes with U] = D{_ = 0 such that the controlled process
Y7 =X, + U —=D, >0,

stays in some given closed interval Z uniformly in time. Let IT be the set of all
admissible strategies.

We consider the sum of the running and controlling costs; its expected NPV is
given by

o
v (x) = Ex[/ e ' f(Y[)Hde ~|—/ e 1 (CUdUt” + CDde) ], x € R,
0 [0,00)

for g > 0, some continuous and piecewise continuously differentiable function f
on 7 and fixed constants Cy, Cp € R satisfying

Cu +Cp > 0. 3.1

Here, if x < Z (resp.x > I),then Uy = AUJ = Z—x (resp. Dj = ADj = x—1)
so that Y[ € Z.
The problem is to compute the value function given by

v(x) := inf V" (x), x €R,
mell

and the optimal strategy that attains it, if such a strategy exists.
Throughout this and next sections, let us also use the slope-changed version of f
given by

f(x) = f(x)+ Cygx, x€R. (3.2)

The roles and significance of this function will be clear shortly. We also assume the
following so that the expected NPV associated with U/" is finite.

Assumption 3.1 We assume EX| = ' (0+) > —o0.

Example 3.1 In the optimal dividend problem with capital injections driven by
a spectrally negative Lévy process, it is required that the controlled risk process
stay nonnegative uniformly in time (i.e. Z = [0, 00)). One wants to maximize the
expected NPV of dividends minus that for capital injections. This is a maximization
problem with U7 and D being, respectively, the cumulative amounts of capital
injections and dividends until # > 0. We can formulate this as a minimization
problem as above by setting Cp = —1 and Cy = f where 8 > 1 is the unit
cost of capital injection. Here f is assumed to be uniformly zero. This problem has
been solved by Avram et al. [4] for a general spectrally negative Lévy process.
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Example 3.2 In the dual model of Example 3.1, it is assumed that the underlying
process is a spectrally positive Lévy process. By flipping the processes with respect
to the origin, it is easy to see that the problem is equivalent to the above formulation
driven by a spectrally negative Lévy process with Z = (—00,0], Cp = B and Cy =
—1. This problem has been solved by Bayraktar et al. [8] for a general spectrally
positive Lévy process.

Example 3.3 A version of continuous-time inventory control considers the case
where inventory can be increased (replenished) and decreased (sold). With the
absence of fixed costs and if backorders are allowed, the problem can be formulated
as above with Z = R. Currency rate control (see, e.g., [28, 38]), where a central
bank controls the currency rate so as to prevent it from going too high or too low,
can also be modeled in the same way. The classical Brownian motion and continuous
diffusion models have been solved by Harrison and Taksar [24] and Matomaki
[36], respectively. In Baurdoux and Yamazaki [6], it has been solved for a general
spectrally negative Lévy process. In this note, we assume that f is convex for this
example.

3.1 The Double Reflection Strategy

In all the examples above, the optimal strategy is shown to be a double barrier
strategy mq p = {(U%?, D%"} with the resulting controlled process being the doubly
reflected Lévy process given in (2.10).

By (2.11) and (2.12), we can directly compute, fora < b,

vup() = B /0 e pvehyar + /

e (CydU™? + chD;”’)], x eR.
[0,00)

For x < b, it is given by

Va,b(x) = qWA(q(fz;)b_) 2 ZD(x —a) = CyRP (x —a)
+f ;“) Z9D(x —a) — ga(x; f) (3.3)
where
A(a,b):=Cp+Cuy+g¢ab; f), b=>a. (3.4)

For x > b, we have v, p(x) = v4,p(b) + Cp(x — b).
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Remark 3.1 In particular, when f = 0 (as in Examples 3.1 and 3.2 above), for
a<b,

Aa,b) = Cp+ CyZP (b — a),

Cp+CyZD®b —a)

@Dy — o) — @y — .
JWD B —a) ZW(x —a)— CyR¥Y(x —a), x<b;

Ua,h(x) =

see [4] and [8].

3.2 Smoothness of the Value Function

Focusing on the set of double barrier strategies, the first step is to narrow down
to a candidate optimal strategy by deciding on the threshold values, say a* and
b*. Because the spectrally negative Lévy process can reach any point with positive
probability, we must have that [a*, b*] C Z.

As we have discussed in Sect. 1.4.1, the two parameters can be identified by
the first-order condition or the smooth fit condition. The first approach uses the
first-order conditions at ¢* and b*; because a* and b* must minimize v, over a
and b, partial derivatives dv, p(x)/0a|g=a* b=p+ and 0v, p(x)/0b|g=g* p=p+ must
vanish, at least when the minimizers are in the interior of Z. The second approach
uses the condition that the value function is smooth. Here, we focus on the second
smoothness approach because the computation is slightly easier, and we need to
confirm the smoothness of v,+ ,+ after all when we verify its optimality.

In singular control, the value function normally admits twice continuous differ-
entiability (resp. continuous differentiability) at each interior point in Z when it
is regular (resp. irregular). Thanks to the smoothness of the scale function as in
Remark 2.1, the only points of v,+ p+ we need to pay attention are a* and b* where
the functions are pasted together. Due to the asymmetry of the spectrally negative
Lévy process, what we observe at these two points will be different. Here, recall
the definition of regularity and its relation with the path variation of the process as
reviewed in Sect. 2.1.

Regarding the smoothness of the value function at the lower barrier a*,

(1) if a* is regular for (—oo, a*) (or equivalently X is of unbounded variation), then
the twice continuous differentiability at a* is expected;

(2) if a* is irregular for (—oo, a*) (or equivalently X is of bounded variation), then
the continuous differentiability at a* is expected.

Regarding the smoothness at the upper barrier b*, because it is always regular for
(b*, 00), twice-differentiability is expected at b* regardless of the path variation
of X.

These procedures can be carried out in a straightforward fashion by using the
expression (3.3) in terms of the scale function. By taking derivatives in (3.3) and
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using (3.2),
A(a, b) -
Vb ®) = g gV E D = Cu—gai ) a<x<b,
7 o A(aa b) (g)/
Vg p(Xx+) = WO b - a) W ((x — a)+)

N / CWO e — ) Fody — FaHWD©), a<x <b.
3.5

In view of the former of (3.5), by (3.4),

v p(b=) = Cp = v, ,(b+),

Aa,b)
W@ (b —a)

A(a, b)

W) - Cy =
0 US W@ —a)

W@ () + v, ,(a—).
(3.6)

v, plat) =

In other words, the continuous differentiability of v, ; holds at b regardless of the
path variation. On the other hand, in view of (2.5), while the differentiability at a
holds for the case of unbounded variation, it only holds if

Aa,b
. Ak (3.7)
W@ (b —a)
for the case of bounded variation. Here, the case b = oo is understood as

limp_, o0 A(a, b)) W@ (b — a) = 0 where by (2.14) we can show that

A(a, b)

A @ —ay @) (3-8)

In view of the latter of (3.5),

Aa,b .
vy p(b=) = W(qf(“b ? oW (@ —a)=) = a.b),
A ’b / r
vy plat) = W(q)((“b _)a) W@'04) - f'aH) W),

where

b
Aa, b) = aabA(a, b—) = f Wb —y) f(»dy + f (b—)WP©), b>a.
‘ (3.9)



74 K. Yamazaki

For the unbounded variation case where the continuous differentiability at a
automatically holds, again by (2.5), its twice continuous differentiability holds on
condition that ¢, holds. Now, for both the bounded and unbounded variation cases,
the twice continuous differentiability at b holds if

A b)
P w@m - a)

WD (b —a)=) — A(a, b) = 0. (3.10)
In particular, on condition that €, holds, the condition €, can be simplified to
% :A(a,b) =0. (3.11)

Remark 3.2 When f = 0, the conditions €, and €, respectively, are simplified to

Cp+CyZDb—a)

0
0 WOb—a 0, (3.12)
C Cr ZDp —
e P T CuZWb —a) WD (b —a)—) — qCuyWD (b —a)=0. (3.13)

W@ (b - a)

These conditions on a and b can be used to identify the pairs (a*, b*). However,
these do not necessarily hold unless a*, b* € Z°. Here, we give examples where a*
and/or b* become boundaries of Z.

Remark 3.3

(1) In Example 3.1, it is expected, because B > 1 (the unit cost of capital injection
is higher than the unit reward of dividend), that capital is injected only when it
is necessary to make the company alive, and hence a* = 0.

(2) Similarly, under the formulation with the underlying spectrally negative Lévy
process described in Example 3.2, it is expected that b* = 0.

(3) In Example 3.3, if the increment of f as |x| — oo is at most linear and small in
comparison to the unit controlling costs Cyy and Cp, it may not be desirable to
activate at all the processes U” and/or D”. Hence, a* = —oo and/or b* = oo.

3.3 Existence of (a*, b*)

The first challenge is to show the existence of such (a*, b*). Here, we assume the
following.

Assumption 3.2 We assume that a = a( f ") (see Definition 2.1) exists and is finite,
where ' is understood as its right-hand derivative if not differentiable.

We shall see that a is a point such that a* lies on the left of @ and b* lies on its
right; see Table 1.
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Table 1 Summary of the key functions and parameters in Examples 3.2 and 3.3

Example 3.2

Aa, b) =Cp+CyZDPb—a)

fo) = Cuq

a* := a of (a, 0) such that €2 holds

<a =0=a(f)

= b* =0=Z

Example 3.3

Aa, b) i=Cp + Cy + ¢ab; f)

f) = f'(b) + Cugq

a =a(f

<a* = a of (a, b) such that €, and &, hold simultaneously
<a = a(f’)

< b* = b of (a, b) such that €, and €} hold simultaneously

For Example 3.3, when b* = 00, a* = a

3.3.1 The Case of Example 3.1

It is clear that Assumption 3.2 is satisfied with a = 0. As in Remark 3.3(1), a* =
0 = a = 7. Therefore, the condition €2 has no effect and we only require @2 which
reduces to

Cp + CyZ'D(b)

@/ p_y — @ (p) —
W@ () w9 b—) —qCyW'? (b) = 0. (3.14)

Hence, b* > 0 = a = Z can be chosen as the smallest value of b such that (3.14)
holds. This matches the condition given in (5.6) of [4].

3.3.2 The Case of Example 3.2

Again, Assumption 3.2 is satisfied with a = 0. Because Cp = B and Cy = —1,
there is a unique a* < 0 = a that satisfies €2 or equivalently that

Cp + CyZ9(—a*) =0. (3.15)

Hence, the candidate optimal strategy is given by a* = —(Z@)~1(=Cp/Cy) =
—(ZD)~1(B) and b* = 0. This matches the result in [8].
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3.3.3 The Case of Example 3.3

For Example 3.3, we want a pair (a*, b*) such that (3.7) and (3.10) hold simultane-
ously. Equivalently, we want (a*, b*) such that the function b — A(a*, b) attains a
(local) minimum O at b* (if b* < 00). Note that, for any a € R, b — A(a, b) starts
at A(a,a)=Cp+Cy > 0.

In this case, a always exists by the assumption that f is convex. In addition,
Assumption 3.2 requires that it is finite. Recall now Definition 2.2. The convexity
assumption and Assumption 3.2 guarantee that a = a( f7) also exists and is finite
(with the understanding that f is the right-hand derivative if it is not differentiable).
Note that necessarily a < a.

Figure 4 shows some sample plots of b — A(a,b) and b +— Ar(a, D). As
observed in these plots, we shall show that a* must lie on [a, a).

To see this, when a > a, then A(a, -) is uniformly positive because A(a, b) > 0
for b > a in view of (3.9). In addition, by the convergence (3.8) and how a is chosen,
limp_ 0o Ala,b) = coif a > a, limp_ o A(a,b) = —c0 if a < a, and (3.8)
becomes zero if a = a. On the other hand, for any a < a anda < b,

0 ~

; Aa+,b) = —F(a)WDP®B —a) > 0. (3.16)
a

This implies that the infimum a + infp~, A(a, b) is monotonically increasing.

Hence, the desired a* such that A(a*, -) touches the x-axis, if it exists, must lie on

(a,a).

Lambda
lambda
=
o

-150 ¢ <]

-200

-2 -1.5-1-0.50 0.5 1 1.5 2 2.5
b
b Ala,b)

-20

40 L~ .
-2 -1.5-1-0.50 0.5 1 1.5 2 2.5

b
b Aa,b)

Fig. 4 Existence of (a*, b*) for Example 3.3. Plots of b + A(a, b) on [a, co) for the starting
values a = a, (a + a*)/2, a*, (a* + a)/2, a are shown. The solid curve in red corresponds to the
one for a = a*; the point at which A (a*, -) is tangent to the x-axis (or A(a*, -) vanishes) becomes
b*. The function A(a, -) is monotonically decreasing while A(a, -) is monotonically increasing.
Equivalently, A(a, -) is uniformly negative while A(a, -) is uniformly positive
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By these observations, one can attempt to decrease the value of a starting at a
until we arrive at (1) a point a* such that infp~ .+ A(a*, b) = 0 or (2) the point a,
whichever comes first. For each case, we set (a*, b*) as follows.

(1) We set (a*, b*) such that 0 = infp~ 4+ A(a™, b) = A(a*, b*). Hence, &, holds.
If in addition, b — A(a™, b) is continuous at b*, then % also holds as well.

(2) We set a* = a and b* = co. By (3.8), limp_ 00 A(a*, b)) WD (b —a*) =0, or
equivalently &, holds.

Remark 3.4 In Examples 3.2 and 3.3, by construction, A(a*,x) > 0 for x €
[a*, b*].
3.4 Variational Inequalities and Verification

Below, we shall focus on the case a* € Z° and hence €, is satisfied (this excludes
Example 3.1): the value function becomes, by (3.3), for all x < b*,

Var b (x) = —Cy R (x — a*) + S ZD(x —a*) — g (x; f)
0 q~ . (3.17)
= —CU(I/I bk +x) + Ja )Z(q)(x —a*) — @a(x; f).
q q
By (3.4) and (3.9),
vg*’b*(x) =—A@*,x)+Cp, a*<x<b* (3.18)

The verification of optimality asks that our candidate value function v, 5+ solves
the variational inequalities:

(L = @Qvgrp+(x) + f(x) =20, x eI
min(v yx(x) + Cy, Cp — Vjs 4:(x)) 2 0,  x € (=00, ],

[(£ = @)va b (x) + f ()] min(vge e (x) + Cu, Cp — vge e (x)) =0,  x € I°.
(3.19)

Notice that, when Z > —oo, the middle condition is required to hold for the
extended set (—o00, Z] because X can jump instantaneously to the region (—oo, 7)
(and then immediately pushed up to 7). Here, the generator Lv,+ 5+ makes sense
due to the smoothness obtained above of v,+ p+ and because v+ p* is linear below
a* and Assumption 3.1 is given.

In order to show that these are sufficient conditions for optimality, in general
we need additional assumptions on the tail property of f and the Lévy measure.
This is necessary because verification arguments first localize in order to use Itd’s
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Fig. 5 A sample plot of the value function for Example 3.3 when X is of unbounded variation.
The up-pointing and down-pointing triangles show the points at a* and b*, respectively. It can be
confirmed that it is twice differentiable at a* and b*

formula. After the localization arguments, one needs to interchange the limits over
expectations. To this end, it is typically required that | f| only increases moderately
and/or the Lévy measure does not have a heavy tail.

Showing (3.19) is the main challenge and the proof needs to be customized for
each problem. However, some inequalities of (3.19) are easily shown without strong
assumptions on the function f (Fig.5).

Lemma 3.1 Suppose €, holds.

(1) We have (L — q)vg+p+(x) + f(x) =0 fora* < x < b*.

(2) If Assumption 3.2 holds with a* < a, then (L — q)vg*p+(x) + f(x) > 0 on
(=00, a™).

3) If A(a*, x) > 0 for x € [a*, b*], then U;*,b* (x) < Cp on (—o0, T].

Proof

(1) This is immediate by the results summarized in Sect.2.7.3 in view of the first
equality of (3.17).

(2) By the second equality of (3.17), vg* p+ (x) = [-Cy ¥’ (0+) + f(@a*1/q—Cuyx,
for x < a*, and hence (£L—q)vg+ p+(x)+ f(x) = f(x)— f(a*). This is positive
by x < a* < a and by how a is chosen.
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(3) In view of (3.18), this inequality holds for x € [a*, b*]. For x € (—o0,a™),
we have v;* »(x) = —Cy, which is smaller than Cp by (3.1). Finally, for
x € (b*, 00) NI, we have v;*’b*(x) =Cp. |

For Examples 3.2 and 3.3, by the fact that a* < a as discussed in Sects. 3.3.1
and 3.3.2, and also by Remark 3.4, the conditions in Lemma 3.1 hold. Hence, the
only pieces left to show in (3.19) are

1)y —Cy < v;*’b*(x) for all x € (a*, b*),
(2) (L= q)vg=p(x) + f(x) > 0forx € (b*, 00) NZ°.

These conditions unfortunately do not hold generally and must be checked individ-
ually. Here we give brief illustrations on how these hold for Examples 3.2 and 3.3.
In Example 3.2, (1°) holds immediately because, with Cy = —1 < 0,

Vo e () = =Cy Z9 (x —a*) = —Cy.

In addition, (2”) holds trivially because (b*, co) N Z° = &.

In Example 3.3, thanks to the assumption that f is convex, x — A(a*, x) is first
decreasing and decreasing (see Fig. 4). This together with (3.18) and the smoothness
at a* and b*, the function v,+ p+ is convex on R and hence (1”) holds.

The hardest part for Example 3.3 is to show (2’); the difficulty comes from the
fact that the process can jump from (b*, 00) to the regions (—o0, a*) and (a*, b*)
where the form of v,+ ;+ changes. In [6] under the convexity assumption, they use
contradiction arguments similar to [25, 34], where they show, for x > b*,

(L = @) (Var br — Va(x),x)(x—) = yg(ﬁ — @) (Vax b = Va(x),x)(¥) 2 0, (3.20)

where a(x) is the unique value of a such that A (a, x) = 0. This implies (2’) because
if both (3.20) and (£ — g)va* p*(x) + f(x) < 0 hold simultaneously, then

0> (£ —q)varp*(x) + f(x) = (L = q)Vaqo)x(x—) + f(x),

which contradicts with (£ — g)v,(x),x(x—) 4+ f(x) = 0 that can be shown similarly
to Lemma 3.1(1). The proof depends heavily on the convexity of f, with which the
function y — A(x, y) is first decreasing and then increasing. We refer the reader to
[6] for more careful analysis.

We conclude this section with a summary of the functions and parameters that
played key roles in Examples 3.2 and 3.3. Some similarities and differences with
the problems to be considered in later sections can be seen by comparing this with
Tables 2 and 3 below.
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Table 2 Summary of the key functions and parameters in Example 4.3

Aa.b) = SV HWD (S =)+ K — (S )

O] = f'(b) + Cugq

s* := s of (s, §) such that ¢ and €g hold simultaneously
<a =a(f)

< §* := S of (s, ) such that €5 and € hold simultaneously

It can be shown that s*, $* — aas K | 0

4 Impulse Control

In impulse control, a strategy 7 := {U: ¢ > 0} is given by UT = Y, pr_, uT,

t > 0, where {Tl.” ;1 > 1} is an increasing sequence of F-stopping times and uf’ s
fori > 1,is an ]:Ti” -measurable random variable such that uf’ e A, i > 1, a.s. for
some A C R.

The corresponding controlled process is given by Y = {Y/ ;¢ > 0} where
Y =0and

Y =X+ U, t>0.

The time horizon is given by 7.7, := inf{t > 0 : Y ¢ T} for some given closed
interval Z and U™ must be such that

Y" eI, 0<t<T7 atwhich AU >0 a.s. 4.1)

Let IT be the set of all admissible strategies.
With f, some continuous and piecewise continuously differentiable function on
7Z,and g > 0, the problem is to compute the value function

v(x) = nnellf_l v (x)

where

Tz,
vﬂ(x) = IEX[/ g_qlf(Ytﬂ)dt + Z e_ql[CU|AUt”| + K]l{lAU]’bO}]ﬂ x € R,
0 0=1=TZ.

and to obtain an admissible strategy that minimizes it, if such a strategy exists. The
constant Cy is the proportional cost, which is not necessarily restricted to be a
positive value. On the other hand, K is the fixed cost and must be strictly positive.
Again in this section, we assume Assumption 3.1 (note that this is not necessarily
needed for Example 4.1 below).

Example 4.1 In the optimal dividend problem with fixed costs driven by a spectrally
negative Lévy process, each time dividend is paid, a fixed cost K is incurred. In
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addition, the problem is terminated at ruin (i.e. Z = [0, 00)). The condition (4.1)
means that one cannot pay more than the remaining surplus.

The objective is to maximize the total expected discounted dividends minus that
for fixed costs. We can formulate this as a minimization problem as above by setting
Cy = —1, UF being the negative of the cumulative amount of dividends until
t > 0,and A = (—o0, 0). Here, f is assumed to be zero. This problem has been
solved by Loeffen [35] for a spectrally negative Lévy process under a log-convexity
assumption on the Lévy density.

Example 4.2 In the dual model of Example 4.1, it is assumed that the underlying
process is a spectrally positive Lévy process. By flipping the processes with respect
to the origin, it is easy to see that it is equivalent to the above formulation driven by
a spectrally negative Lévy process with A = (0, 00), Z = (—o00,0] and Cy = —1.
This problem has been solved by Bayraktar et al. [9] for a general spectrally positive
Lévy process.

Example 4.3 Continuous-time inventory control often uses this model. Here, the
function f corresponds to the cost of holding and shortage when x > 0 and
x < 0, respectively. With the assumption that backorders are allowed, the problem
is infinite-horizon (Z = R). Bensoussan et al. [10, 12] considered the case of a
spectrally negative compound Poisson process perturbed by a Brownian motion
with A = (0, 0o). It has been generalized by Yamazaki [49] to a general spectrally
negative Lévy model. As in Example 3.3, we assume that f is convex. Assume also
that ¥/ (0+) > —oo.

4.1 The (s, S)-Strategy

With the fixed cost K > 0 incurred each time the control U” is activated, it is
clear that the reflection strategy is no longer feasible; instead one needs to solve the
tradeoff between controlling the process and minimizing the number of activation of
U™ . In this sense, the (s, S)-strategy is a natural candidate for an optimal strategy:
whenever the process goes below (resp. above) a level s, it pushes the process up
(resp. down) to S when s < § (resp. S < s).

Suppose %5 = {Uf’S;t > 0} is the (s, S)-strategy, and Y*S and T%;,S are
the corresponding controlled process and the termination time, respectively. By
using the results summarized in Sect.2.4, it is a simple exercise to compute the
corresponding expected NPV of costs:

s,S

T3
w0 =B | [ e S
0

+ D eUICUIAUP KL sy | X ER (42)

s,S
0<t<Tg;
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To see this, for the case s < S, it is noted (from the construction of the process Y 5,8 )
that P,-a.s., Y,S’S = X,for0 <t < T, and AU;’:g =S5—X,-on{Ty < T5:5Y.
s s h

N

By these and the strong Markov property of Y5, the expectation (4.2) must satisfy,
for every x > s,

Ty AT .
= —qt s —
vs () =] /O e F X | + By [ (Cu(S = Xp) + KDL o) |
FE e 1 s | 0es(9). 43)

Here the expectations on the right hand side can be computed by the identities
given in Sect.2. By setting x = § on both sides, we can solve for v s(S);
substituting this back in, we obtain vs s(x) for x € R. In particular, for the
computation when Z = R, see (4.13) below.

The case s > S is even simpler because then there is no overshoot at the time it
reaches s: we have, for x < s,

T ATy
v s() = B / e~ (X0t
0
FE [ s | [005(8) + Cus = $) + K1

We can similarly obtain first v (S) and then, by substituting this back in, vy g(x),
for x € R. See, e.g., [35] for explicit expressions when f = 0.

Remark 4.1 The same technique can be used to compute also the two-sided
extension (i.e. A = R\{0}) of the (s, S)-strategy: in this case, the strategy is
specified by four parameters, say, (d, D, U, u). The controller pushes the process
up to D as soon as it goes below d and pushes down to U as soon as it goes above
u, while he does not intervene whenever it is within the set (d, u). See [48] for the
fluctuation identities.

4.2 Smoothness of the Value Function

Focusing on the set of (s, S)-strategies, the first step again is to narrow down to
a candidate optimal strategy by deciding on the values of s and S, which we call
s* and S*. Again, as there are two values to be identified, naturally we need two
equations to identify these.

(1) Asis clear from what we have seen in the previous section, the value function is
expected to satisfy some continuity/smoothness at the point s*. In comparison
to the case of singular control, the degree of smoothness is decreased by one in
the case of impulse control. This can be summarized as follows:
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When s* < S$* (where vy« g+ is linear below s* and hence Ué*,s* (s*—) =
_CU)’

(a) if s* is regular for (—oo, s*) (or equivalently X is of unbounded variation),
then the continuous differentiability at s* is expected;

(b) if s* is irregular for (—oo, s*) (or equivalently X is of bounded variation),
then the continuity at s* is expected.

When s* > S* (where v+ g+ is linear above s* and hence Ué*,s* (s*+) =
Cy), because s* is regular for (s*, co) for any spectrally negative Lévy process,
the continuous differentiability at s* is expected.

It is noted that alternatively one can use the first-order condition on s* so
that dvs, 5/05|s=¢* s=s+ vanishes: we typically arrive at the same equation.

(2) The other equation can be obtained by what we postulate at the point S*. This is
less intuitive than (1). However, if we consider the first-order condition at S* so
that dvg,5/0S|s=s* s=s+ vanishes, easy computation derives that it tends to be
equivalent to the condition v;*’s*(S*) = —Cy (resp. v;*’s*(S*) = Cy) when
s* < §* (resp. s > S¥).

From the above discussions, when s* < §*, except for the case X is of bounded
variation, we arrive at the function that satisfies

U;*,S* (S*) = U;*’S* (S*) = _CU
Due to this fact, it is often easier if we deal with a modified function
Us,5(x) = v5,5(x) + Cux; (4.4)

by this, some terms tend to disappear and computation gets simplified. When S* <
s*, then the sign of the coefficient of Cy is flipped.

In impulse control, while the two equations that identify the two unknown
parameters (s*, $*) are slightly different from the singular control case for (a*, b*)
as in Sect. 3.2, we shall see that these two equations possess a similar relation to
those obtained for (a*, b*). Namely, the desired pair (s*, $*) is such that a function
of two variables and its partial derivative with respect to one of the parameters vanish
simultaneously.

4.2.1 The Case of Example 4.3

For Example 4.3, we shall see that the desired (s*, S*) are those (s, S) such that

Als, S)
> —o, (4.5)
®(q)(S —5)
@cq¢ _
s 0TS N6 8 —as ) =0, (4.6)

S .
®(q)(S—s)



84 K. Yamazaki

where ©@ is as defined in (2.9) with its antiderivative ®(q) given by

0P (x) = W (x) — D)W (x) > 0,

and
Als, x) = DOV (s; WP (x —5) + K —0s(x: f), x,5 €R, (4.7)
A(s, x) = 9 A(s,x), x>s. 4.8)
0x

Here, we shall confirm briefly how this is so. Note that when &; is satisfied, then
Cs is equivalent to the condition:

&5 A(s, ) =0. 4.9)

Remark 4.2 'We note the similarity between &5 and Cg (or @g) with the conditions
¢, and €, (or €;) as in (3.7), (3.10) (or (3.11)) in the two-sided singular control
case.

First, by using the technique (using Eq.(4.3)) discussed above, we can com-
pute (4.4): forall s < S,

¥y.5(8) = (q:(‘” [@“”(S —5) [\v(s; H- 1 (K 4 Cuy (0+))] 1+ AG, S)] ,
g® (S —5) ®(q) q

(q)
— 0" =) A (s, ) + A(s ¥ 5(5), x > s
ﬁs,su):[ S A S) F A0 + T s(), x =5,

K + 5 5(S), X <s.
(4.10)
Differentiating (4.10),
OW(x —
¥ o) = — (q)(x ) AGs.S) £ As.x), s <x <8, (4.11)
s — )

From these expressions, we shall see that the conditions €; and €g as in (4.5)
and (4.6) guarantee the desired smoothness/slope conditions described above:
namely,

(1) Ugx s+(-) is continuous (resp. differentiable) at s* when X is of bounded (resp.
unbounded) variation,
2) ﬁ;*’s*(S*) =0.
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(1) Regarding the continuity at s, by (4.10),

®(q) 0)

Us,s(s+) = —
®(q)(S — 5

A(s, §) + K + v5,5(5)

®(q)(0) B
- — @ A(S, S) + US,S(S_)7
O (S —y9)

where ®(q) (0) = 0 if and only if X is of unbounded variation in view of (2.4).
Hence, the continuity at x = s holds if and only if € holds for the case of
bounded variation. On the other hand, it holds automatically for the unbounded
variation case.

For the case of unbounded variation, we further pursue the differentiability

at x = s. Equation (4.11) gives v, ¢(s+) = — @2(;]()5(0) )A(s, S), and hence €
’ -5
leads to the differentiability at s.

(2) Regarding the slope condition at S, we have '7;,3(5) = — ggzzi‘;:;A(s, S) +

A(s, S). Hence, given g, the condition € guarantees f);’ 5(8) = 0 as desired.

Existence of (s*, $*) We now illustrate how the existence of (s*, $*) guar-
anteeing €5 and Cg can be shown. Here, as in Example 3.3, we shall assume
Assumption 3.2: then,

a=a(f) and a=a(f)

are well-defined and finite as in the discussion given in Sect. 3.3.3.

We shall see that the desired s* lies on the left of a while S* lies on its
right. As K decreases, the distance between s* and S* is expected to shrink and
converge to a, which is the optimal barrier in Example 3.3 for the case b* = oo.

To show the existence of (s*, $*), we shall first write

S
A5, S) = f W(y: FHOP (S - ydy+ K, s.SeR,
s

S
s, S) = W(S; fHYWD(0) + / W(y; HOP(S —ydy, S >
N
(4.12)
In Fig. 6, we show sample plots of the functions S = A(s, S) and S — A(s, S)
for several values of starting points s, including a and a*.

As can be confirmed in the figure and also clear from (4.12), by how a is chosen,
we have the following properties:

(1) Whens > a, A(s,S) > Ofor S > s and hence S — A(s, S) is monotonically
increasing on [s, 00).
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Fig. 6 Existence of (s*, §*) for Example 4.3. Plots of S > A(s, S) and S +— A(s, S) on [s, 00)
for five values of s are shown. The line in red corresponds to the one for s = s*; the point at which
A(s*, ) is tangent to the x-axis becomes S*. The rightmost curve corresponds to the one with
s = a; it is confirmed that A (a, -) is monotonically increasing and X(a, -) is uniformly positive

(2) Whens < a, A(s, $)/ds = —W(s; )0 (S — 5) > 0 by how a is chosen.
(3) For every fixed s € R, limgpoo A(s, S) = 00.

(4) Forevery fixed § € R, limg oo A(s, §) = —o00.

(5) Foranys € R, A(s,s) =K > 0.

It is now clear how to obtain the desired (s*, $*). Similarly to Example 3.3,
starting at s = a, we decrease the value of s until we arrive at s* such that
infg- ¢+ A(s™, S) = 0. This exists because the function s > infg.; A(s, S), s < a,
is increasing by the property (2) above and goes to —oo as s |, —oo by the property
(4). Note that, because (4.12) implies A(s*, S) < O for S € (s*, a), we must have
S* > a. Because infg- ¢+ A(s*, S) = 0 attains a local minimum at § = S*, we must
have A(s*, §*) = A(s*, §*) = 0, as desired.

4.2.2 Brief Remarks on the Cases of Examples 4.1 and 4.2

In [35] and [9], they use the first-order conditions to obtain (s*, $*) in Examples 4.1
and 4.2, respectively. To this end, they used the argument that the surface (s, S)
Vs, s(x) has a global minimum (if formulated as a minimization problem).

The difficulty in their case is that because Z has a boundary 0, it can happen that
S* (or both s* and S*) is zero. This means that the (s*, $*)-strategy, once activated,
moves the controlled process to the default boundary. In Example 4.2 where O is
regular for Z¢ = (0, 00), ruin then occurs immediately. On the other hand, in
Example 4.1, it is regular for Z¢ = (—o0,0) if and only if X is of unbounded
variation. Hence, while ruin occurs immediately for the unbounded variation case,
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it stays above 0 for a positive amount of time a.s. This suggests one difficulty in
solving the spectrally negative Lévy case.

If §* #£ 0, the slope condition Us* §+(8%) = —Cy =1 (resp. Us* S*(S )y=Cy =
—1) is satisfied for Example 4.2 (resp Example 4.1). Similarly, if s* # 0, then the
smoothness condition Us*,s*(s ) = —Cy = 1 (resp. vs*’S*(s ) =Cy = —1)is
satisfied for Example 4.2 (resp. Example 4.1).

4.3 Quasi-Variational Inequalities and Verification

The verification of optimality asks that the candidate value function v+ g+ satisfies
the QVI (quasi-variational inequalities):

(L = @vgs s+(x) + f(x) 20, x € Z7\{s*},

ver g+ (x) <K+ inf _[Cylul + vgx s+ (x +u)], x € (—o0,T],
’ ueA,x+uel ’

[(£ — @)vgx g+ (x) + f ()] [vgx 52 (x) — K — ueA,i)?frueI[CUlul + v e (x +u)] | =
x € I°\{s*}.
4.13)

Here, in the middle equality, if it is assumed for the case {u : u € A, x +u € T} is
empty, the right hand side is co.

For its proof, see [11, 12]. Similarly to the singular control case, in general
we need additional assumptions on the tail growth of f and the Lévy measure.
In particular, in [12, 49], it is assumed that the growth of f in the tail is at most
polynomial.

4.3.1 The Case of Example 4.3

With (s*, §*) that satisfy &, the function (4.10) simplifies to, for x € R,

b (59 = Dy ok = UV o5 (4.14)
q q
Usx 5% (x) = A(s™, x) + Ty 5+(S¥), (4.15)

or equivalently

Cy

_ <I>(q)
US,S*(X)—< g f)+(b()

) Z(q)(x — s — CUR(CI)(x L s+ (x5 f).
(4.16)

See Fig. 7 for a sample plot of vg« g+.
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Fig. 7 A sample plot of the value function v+ g+ for Example 4.3 when X is of unbounded
variation. The up-pointing and down-pointing triangles show the points at s* and S*, respectively

Similarly to the singular control case (see Lemma 3.1), some inequalities
of (4.13) are easily shown with minor assumptions on the function f.

Lemma 4.1 Suppose €; holds.

(1) We have (L — q)vgx sx(x) + f(x) =0 forx > s*
(2) If Assumption 3.2 holds and a is well-defined and finite with s* < a < a, then
(L = @)vs=,5+(x) + f(x) = 0 on (=00, s¥).

Proof
(1) In view of (4.16), this is immediate by the results summarized in Sect.2.7.3.
(2) Because Vg s+(x) = K + Ug+ 5+ (S*) for x < s* and by (4.14),
(L = @)vgr s+ (x) + f(x) = —q(K + Usx 5+(5™)) — Cuy'(0+) + Cygx + f(x)
= f0) = f(*) = W™ ).
This is positive by x < s* < a < a and how a and a are chosen. O
In view of Lemma 4.1, the remaining task is to show that

vgr s+ (x) = K + ing [Cou +ver s (x +u)], x <%,
uz

4.17)
vpr, 50 () < K+ inf [Cou + v e (x )], x> 57,
u=
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or equivalently

By 50 () = K + inf e e (x +u),  x <57,
U=

Ugr, g+ (x) < K + inf Ogx g+ (x +u), x > s*.
u>0

These can be shown for x < a easily as follows. For x < s*, in view of (4.15) and
because S* minimizes A(s*, x) over x € R, we must have

Ugx g+ (8™) = inf Tgx g+ (x). (4.18)
xeR

Hence,

Boe,59(0) = B+ (57) = Bpe 52(8) + K = K + Inf G50 (6 F ), x < 5™
u=

(4.19)

The case s* < x < a also holds by (4.18) and because 6;*’_?* (x) =A(s*,x) <Oon
[s*, a] in view of how a is chosen and (4.12).

Unfortunately, the proof of (4.17) for x > a is difficult and, we need a
nonstandard technique. As the fluctuation theory and scale function do not simplify
the proof to our best knowledge, it is out of scope of this note. We refer the reader
to the proof of Theorem 1(iii) of Benkherouf and Bensoussan [10].

Below, we summarize the functions and parameters that played important roles
in characterizing the optimal solution in Examples 4.3.

4.3.2 Brief Remarks on the Cases of Examples 4.1 and 4.2

As in the singular control case, verification is in general harder for the spectrally
negative case than for the spectrally positive case.

For Example 4.2, the variational inequalities (4.13) can be shown without much
difficulty. Similarly to Example 4.3 above, the generator part of (4.13) holds
trivially; this is due to the fact that in this case the controlling region is (—oo, s*)
and the waiting region is (s*, 0]; the process does not jump from the former
to the latter and hence the results similar to Lemma 4.1 hold. The other parts
of (4.13) can be shown using the log-concavity of the scale function as in Sect. 2.7.2,
which essentially shows that —v;*’S* (x) < —Cy if and only if x € (s*, $*); see
Lemma 5.3 of [9].

On the other hand, the verification for Example 4.1 can only be done for a subset
of spectrally negative Lévy processes. This is again due to the fact, in this case, that
the controlling region is (s*, co) and the waiting region is [0, s*); the process can
jump from the former to the latter, where the form of v+ g+ changes.
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5 Zero-Sum Games Between Two-Players

In this section, we consider optimal stopping games between two players: the inf
player and the sup player, whose strategies are given by stopping times 6 and ,
respectively. Here, a common expected payoff is minimized by the former and is
maximized by the latter. The problem is terminated at the time either of the two
players decides to stop or at the first exit time from some closed interval Z:

TIL’ = lnf{t >0 : Xl‘ ¢ I}
Without loss of generality, these can be assumed to satisfy
0,t <Tze, a.s. 5.1

Let g > 0 be the discount factor and the terminal payoff be given by

(1) gr: when the inf player stops first,
(2) gs: when the sup player stops first,
(3) g: when both players stop simultaneously (including the case 8 = t = T7¢),

such that g(x) = O for x ¢ Z. Then given any pair of strategies (6, 7), the expected
cost (resp. reward) for the inf (resp. sup) player is

v(x; 0, 1) = Ex[1{9<,}e‘49g1(x(,) + Lir<oye 97 gs(X7) + 1{r=6<oo}€_qrg(Xr):|-
(52)

The objective is to determine, if it exists, a pair of stopping times (8%, t*) C S,
called the saddle point, that constitutes the Nash equilibrium:

v(x; 0%, 1) <v(x; 0%, t) <v(x;6,t), VO,teS, (5.3)

where S is the set of stopping times satisfying (5.1).

Example 5.1 Egami et al. [20] considered several games in the setting of a
credit default swap (CDS) contract as extensions to the optimal stopping problem
considered in Leung and Yamazaki [33].

As in a usual perpetual CDS contract, the sup player (protection buyer) pays
premium continuously and whenever the default event {X < 0} happens, the sup
player receives from the inf player (seller) a fixed default payment 1, and the contract
is terminated.

In their cancellation game, they added a feature that the sup player and inf player
both have an option to cancel the contract before default for a fee, whoever cancels
first. Specifically,

(1) the sup player begins by paying premium at rate p over time for a notional
amount 1 to be paid at default;
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(2) prior to default, the sup player and the inf player can select a time to cancel the
contract;

(3) when the sup player cancels, he is incurred the fee ys to be paid to the inf player;
when the inf player cancels, he is incurred y; to be paid to the sup player;

(4) if the sup player and the inf player exercise simultaneously, then both pay the
fee upon exercise.

For the game to make sense, these parameters are assumed to satisfy
>y =0, p>0, ys+yr>0. (5.4)
Namely, the inf player wants to minimize while the sup player wants to maximize

the common expectation:

A0
V(x;0,7) =E, |:—/ e ' pde
0

+1{z A0 <00} (e_qT"“'O) Lem0=T o)) + Lizno<Tiwone 1 (=ysliz=o) + viliz=0y) )] ,
(5.5)

by choosing stopping times 6 and t, respectively.
Let

T(—0,0) p p
C(x; p):=E, |:—/ e 'pdt +e"T(°°v°)i| = ( + 1) tx)—", x>0,
0 q q
(5.6)
where, by (2.6),

q

WD(x), xeR.
®(q)

C(x) ==y [e—qT(—oo.t))] = 7@ (x) —
Then, by the strong Markov property, (5.5) can be written
V(x:0,7) =C(x; p) +v(x:6,7), x>0,
where

v(x; 0, 1) :=Ex [e—q(r/\Q) (85X r<o) + 81(Xo) 1 r>0) + 8(X1) 1 iz=0}) 1{1A9<oo}] ,
5.7

with, for x € R,

8500 = lmol[ () —7s) = (§ +1)e@)]. (5.8)
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g1 = lso| (7 1) = (7 +1)e00]) (5.9)
s@ =l (] =ys ) = (] +1)ew] (5.10)

In other words, the problem is to identify the pair of strategies (6™, t*) such
that (5.3) holds.

5.1 Threshold Strategies

If the (common) payoff functions have some monotonicity with respect to the
position of X as in the examples given in Sect. 1.1, it is expected that both implement
threshold strategies where one of them stops when X is sufficiently high while the
other stops when it is sufficiently low. Hence, it is a reasonable conjecture that the
equilibrium is characterized by two boundaries: @ < § or 8 < «.

We shall now consider a pair of strategies (6y, Tg) such that

(1) ifa < B, then 0, :=inf{t > 0: X; < o} and 75 :=inf{t > 0: X; > B},
(2) if B < a,thenf, :=inf{t > 0: X; > o} and 75 :=inf{t > 0: X; < B}.

In order to satisfy the condition (5.1), we musthave Z <o < <ZandZ < 8 <
a < T for (1) and (2), respectively.
In this case, the players’ expected NPVs of reward/cost (5.2) becomes

Vo p () 1= B[ g, <ep1€ %1 (Xo,) + Tigg<age s (Xry) .

By the reviewed results in Sect. 2.4, this can be computed by the scale function and
the Lévy measure.

Focusing on the strategy pairs given by (8, 7), the first step again is to choose
a candidate barrier pair («*, 8*) using two equations. The expected degree of
smoothness is the same as the impulse control case (see Sect.4.2) and is one less
than the singular control case (see Sect. 3.2). More precisely, we have the following
for the case a® < B* (the case B* < o™ holds in the same way by swapping the
roles of a* and B*):

(1) Regarding the smoothness of the value function at the lower barrier o™,

(a) if o™ is regular for (—oo, a*) (or equivalently X is of unbounded variation),
then the continuous differentiability at o™* is expected;

(b) if a™ is irregular for (—oo, a™*) (or equivalently X is of bounded variation),
then the continuity at o™ is expected.

(2) Regarding the smoothness at the upper barrier 8*, because it is always regular
for (8*, 00), continuous differentiability is expected at 8* regardless of the path
variation.
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5.1.1 The Case of Example 5.1

In the cancellation game, the sup player has an incentive to cancel the contract when
default is less likely, or equivalently when X is sufficiently high. On the other hand,
the inf player tends to cancel it when default is likely to occur, or equivalently when
X is sufficiently small. Because Z = [0, 00), we can conjecture that the sup player
and the inf player choose the strategies tg+ and 6,+ for some values 0 < o <
B* < oo. Regarding the cases «* = 0 and 8* = oo, see the interpretations given in
Remark 5.2.
For0 < o < x < B < 00, it is straightforward to write

Vo p(6) — gs(0) = T(xro ) — L + s,
N (5.11)

b

Vo, p(X) — g1 (%) = T(x; a0, B) — g

where
Y(x;a, B) = —ysE, I:e_Q(Qa/\Tﬁ)l(Tﬁ<6a}:| + yrEy I:e_q(ga/\fﬁ)l(fﬁ>§a or ga:,ﬁzr(_mo)}:l
— 1By [87"(9“7“)1[6a=15=r<,m,0)}] . (5.12)

By the results in Sect. 2.4 together with the compensation formula (see Theorem 4.4
of [30]), we can write

YT(x;a, B)= W(q)(x — ) W(I;)((o; /i)oz) — Ao, x) + i; —ys, B>x>a>0,
(5.13)
where, for0 < o < 8 < oo,
rapy="—ys— (" +v)z9@ -
q q
G f (296 — o)~ 296 + ) vidu). (5,14
q (—00,—a)

We also define the derivative of (5.14) as, for0 < @ < 8 < 00,

0
Ma, B) = aﬁA(a, B)y=—(p+rig) W9 —a)

+ 1=y (WOB—a) = WD B +w) vidu).
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We begin with establishing the continuous fit condition. First, by taking limits
in (5.11), we have, for0 < o < 8 < o©

Vo, p(B—) —8s(B) =T(B—;a, ) +ys =0, (5.15)

Ala, B)

Ua,/s((x‘l') —g1() = W(q)(()) w (@) B —a) ’

(5.16)

This means that continuous fit holds automatically at 8. On the other hand, at ¢,
while continuous fit holds automatically for the case of unbounded variation, it holds
if and only if

A ’
¢, A@h (5.17)
W@ (B — o)
for the bounded variation case.
Now, by taking the derivative of (5.13), we obtain, fora < x < g,
Uy p () — g5 (x) = v g(x+) — g7 (%)
A(a, B)
Y . — w@) _ _
=Y'(x+;a,8) =W ((x —a)+) W@ (B —a) Ma, x).
Hence, the smooth fit at 8 holds if and only if
Ala, B)
. wi(@) — o) — _ —
T WO —)=) gy o = e B =0,

Assuming that it has paths of unbounded variation (W(‘f) (0) = 0), then we obtain

Ale, B)

W(‘I)(ﬁ—a)’ 0<a<§B.

vy p(@4) — ¢'(@) = W' (0+4)

Therefore, €, is also a sufficient condition for smooth fit at « for the unbounded
variation case. In addition, if €, holds, then €z simplifies to

¢y (e, p) = 0.

We conclude that

(1) if («*, B*) satisfy €4, then continuous fit at & holds for the bounded variation
case and both continuous and smooth fit at «* holds for the unbounded variation
case;

(2) if (o*, p*) satisfy €g, then both continuous and smooth fit conditions at $* hold
for all cases.
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Remark 5.1 Note that, except that the form of A is different, the conditions ¢, and
€ (or %) are the same as ¢, and €; (or ;) as in (3.7) and (3.10) (or (3.11)) in
the two-sided singular control case and are similar to €; and €g (or Q:’S) as in (4.5)
and (4.6) (or (4.9)) in the impulse control case.

In order to show the existence of a pair that satisfy ¢, and g, consider the
function, for 0 < o < B,

~ o Ma ) WD (B +u)
R )= s gy =~ e+ (1= ”)/<_oo,_a> (1 - W _a)> v(du).

By using the log-concavity of the scale function as in Sect. 2.7.2, the following can
be easily derived.
Lemma 5.1

(1) Forfixed) < B < 00, o > 'X((x, B) is decreasing on (0, B).
(2) Forfixeda > 0, B — A(a, B) is decreasing on (o, 00).

Using Lemma 5.1(2) and (2.13), for « > 0, we can extend /):(oz, B) to the cases
B =« and B = oo with

o) = A, at) = llm Ae, B) == (p+qyn) + (1 — y)i(@),

@, 00) = ,31320 e B)=—(p+qyD) + (1 =y (W (; D) = P(g)W (e A),

where
v(x) :=v(—o00, —x), x >0.

We shall see that the function A( ) plays the same role as f (-) in Examples 3.3
and 4 3. Because A( ) and W (-; A) are monotonically decreasing, we can define « :=
a(— A) and @ := a(— A) as in Definitions 2.1 and 2.2, respectively. These will serve
as bounds on o* and we will have o < a* < «.

Egami et al. [20] show that there always exists a pair («*, 8*) belonging to one
of the following four cases:

casel: 0 <a* < B* <o

case2: 0 <a* < B*=o0;

case3d: 0=a* < B* < ox;
E3

cased: 0=o* < B* =o0;
which satisfy €, when o* > 0 and €g when B* < oco.

Here, we only give a brief sketch of the proof that if

a>0 and sup A(e, B) >0, (5.18)

B>a
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then case 1 holds. (If these are violated, «® = 0 and/or 8* = o0; see Remark 5.2
below.) To this end, observe that

aaa A, B) = —WD (B — a)r(@) (5.19)

is negative for every o € (0, a) by how « is chosen as in Definition 2.1. Hence,
the function o +— SUPg-q A(a, B) is monotonically decreasing on (0, ). Thanks
to the continuity of A(w, #) and (5.18), if we can show that SUPg-q Aa, B) < 0,
then there must exist «* € («, @) such that SUPg.. o+ A(a*, B) = 0 with its local
maximum attained at 8*. Indeed, by Lemma 5.1(2) and how « is chosen, X(a, B) <
0 or equivalently A(e, ) < O for B € (@, 00) and hence supg., A, B) =
Ao, a+) = —(y1 +ys) <O0.

These properties of the shapes of A and A can be confirmed by the numerical
plots given in Fig. 8.

Remark 5.2 While the details are omitted in this note, when (5.18) does not hold,
necessarily «* = 0 and/or 8* = oo. In the latter case, it can be shown that the sup
player never stops in the equilibrium.

In the case a* = 0, it may not yield the Nash equilibrium for the unbounded
variation case. To see this, we notice that a default happens as soon as X goes below
zero. Therefore, in the event that X continuously passes (creeps) through zero, the
inf player would optimally seek to exercise at a level as close to zero as possible.
Nevertheless, this timing strategy is not admissible, though it can be approximated
arbitrarily closely by admissible stopping times. It can be shown that a* = 0 is
possible only if the jump part X? of X is of bounded variation.

o o o o

Lambda
lambda
o

beta beta

B Aa, 5) B = Na, )

Fig. 8 Existence of (a*, *) for Example 5.1. Plots of 8 — A(«, 8) on [, 00) for the starting
values ¢ = o, (@ + «*)/2, a*, (@* + «)/2, . The solid curve in red corresponds to the one
for « = a*; the point at which A(a*, -) is tangent to the x-axis (or A(a*, -) vanishes) becomes
B*. The function A(c, -) is monotonically increasing while A(«, -) is monotonically decreasing.
Equivalently, A(«, -) is uniformly positive while A(e, -) is uniformly negative
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5.2 Variational Inequalities and Verification

The verification of optimality (for both players) require that, when a* < g%,

8s(x) < vgx px(x) < gr1(x), x€Z,
(L — q)vg* p(x) >0, x € (—00,a*)NI°,
(L — @)vex p=(x) =0, x € (@, NI,
(L — q)va= p=(x) <0, x € (B*, 00)NI°.

(5.20)

On the other hand, when a* > §*, it requires that

gs(x) < v pr(x) < g1(x), x €T,
(L — q)vgrp=(x) <0, x € (—o0, NI,
(L — q)vg=p=(x) =0, x e (B, a*)NI’,
(L~ q)vgx p=(x) >0, x € (a*,00)NT°

Suppose a* < B*. From the inf player’s perspective, assuming that the sup
player’s strategy is given by 7g« (so that the state space for the inf player is
Ig+ = (—o0, %) N 1), the above variational inequalities satisfy those for the
minimization problem for the inf player that

Uo{*’ﬂ*(,x) 5 gl(x), X € I/S*a
(L — q)vgxp+(x) =0, x € (—o0,a) NI},

(L — @uer p(x) =0, x € (a, ).

Similarly, from the sup player’s perspective, assuming that the inf player’s strategy
is given by 04+ (so that the state space of the sup player is Zy+ := (a*, 0c0) N I),
the above variational inequalities satisfy those for the maximization problem for the
sup player that

Vgr g (X) > gs(x), x € Iyx,
(L = q)verpr(x) <0, x € (B, 00) NI,
(E — q)va*’ﬁ*(x) =0, x¢€ ((X*, ,3*)

The case ™ > B* is similar, and hence we omit the details.

This is a rough illustration on why these conditions are imposed for verification.
We refer the reader to [20] and also [21, 40] for more rigorous arguments. In
general, if vg+ g+ is unbounded or Z has a finite boundary at which vy« g« fails
to be smooth/continuous, some localizing arguments are necessary.
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5.2.1 Verification for Example 5.1

Here we shall illustrate a proof technique on how the candidate value function vy g
solves the variational inequalities, focusing on Example 5.1 in the case 0 < «* <
B* < o0.

By (5.11), we can write

gs(x), x > p* »
v () = 1 8500 (e e (06) = g5 (), 0 < x < B = =(1+1)e00) + )
g1 (x), x <a*
(5.21)
where
5 - J/Sv X Z ﬁ*s
) Y et ), af < x < B,
J(x) = Py, I (5.22)
5 +1 x < 0.
Here, by (5.17),
Y(x;o*, B*) = (p + y1>Z(‘1)(x —a®)
q
1 —
_ f (Z(q)(x o) — Z@(x + u)) v(du). (5.23)
q (—00,—a*)

See Fig. 9 for a sample plot of the value function along with the stopping values.
Below, we show briefly that vy« g+ solves (5.20) when 0 < o* < * < oo.

Lemma 5.2 Suppose W'D is sufficiently smooth on (0, o) (i.e. C' when X is of
bounded variation and C* when it is of unbounded variation). Then we have the
following:

(1) gs(x) < vox pe(x) < gr(x), x €[0,00),

(2) (‘C - Q)va*,ﬂ*(x) Z 07 X € (07 a*)r

(3) (L= q@vg=pr(x) =0, x € (", p%),

4) (L —q)vgrpe(x) <0, x € (B* 00).

Brief sketch of proof

(1) We show for x € (a*, B*); the other cases are immediate.

The proof is relatively straightforward by the log-concavity of the scale
function as in Sect. 2.7.2 and the shapes of A and A given by

Al@*, ) <0 and A(*,B8) >0, o <pB<p*™ (5.24)
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value function

_1'050 0.01 0.02 0.03 0.04 0.05 0.06

X

Fig. 9 A sample plot of the value function v+ g+ (solid red line) for Example 5.1 when X is of
unbounded variation. The up-pointing and down-pointing triangles show the points at &* and 8*,
respectively. The two dotted lines show the stopping values gg and g;

Here (5.24) holds because, by Lemma 5.1, 8 — A(a*, ) increases on (a*, )
and decreases on (8%, oco) with its peak given at A(a*, 8*) = 0 (see Fig. 8).
Now, with the help of (5.19) and the log-concavity,

ay WO —a)

ay B
bia (Va, g (x) — g1(x)) = [8+a W@ (B —a)

]A(a,ﬂ*) >0, of <a<x<p’
Hence, by this, (5.16) and (5.24), 0 > W@ (0)A(x, B*)/ WD (B* — x) =
Uy pr (X +) — gr(x) > vgx pr(x) — gr(x) fora® < x < g*.

On the other hand, by (5.24),

n W@ (x — a*)

a
— = * @ g — o*
gy Car B =g = o et WS - o)

—A@*, BWD (B —a*)+)] >0, af <x<f<p"

Therefore, by this and (5.15), 0 = vgx x (x—) — gs(x) < vox g+ (x) — gs(x) for
o < x < B



100 K. Yamazaki

)

3)
“)

By the assumption that W(?) is sufficiently smooth, the identity (2.17) holds,
and therefore
L—-—g)Xx)=0, x>0. (5.25)
Hence,
(L = q)ar pr(x) = (1 = y)B(x) = (qv1 + p) = Mx). (5.26)

Because x < o* < «, this must be positive by how « is chosen.

In view of (5.21), (5.22), and (5.23), it is immediate by (2.16) together
with (5.25).

This is as usual the hardest part because the process can jump from the stopping
region of the sup player (8*, oo) to the other two regions (—oo, «*) and
(a*, B*), where the form of vy+ g+ changes. However, it is more straightforward
than the two-sided singular control case that we studied in Sect. 3.

In Egami et al. [20], they first show that (£ — q)ve+ g+ (B*+) < (L —
q)varp<(B*—) = 0 using how «* and B* are chosen so that vy« g« gets
smooth/continuous at 8*. It then remains to show that x = (£ — q)vg* g=(x)
is decreasing on (8%, 00). In view of the decomposition (5.21) and also (5.25),
it is equivalent to showing that (£ — ¢)J (x) is decreasing on (8%, co). Indeed,
because J' = J” = 0onx > B¥,

(L —=q)J(x) =/

(=00, f*—x)

|:J(x +u) — (; - Vs)] v(du) — (p — qys), x> B,

where the integrand is nonnegative and monotonically decreasing in x and the
set (—oo, B* — x) is decreasing in x as well. |

In Table 3, we summarize the functions and parameters that played major roles

in the above analysis for Examples 5.1.

Table 3 Summary of the key functions and parameters in Example 5.1

A@B) =L —ys= (D) ZD B0+ [ o [Z9B =) = ZD (B +w)] v(du)

Moy == tayD+ (1= yDi@)

o = a(—/):)

<a* := a of (a, B) such that €, and &4 hold simultaneously
<a = a(—X)

< B* := B of (a, B) such that €, and &4 hold simultaneously

It can be shown that «* = o when 8* = 0o
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5.3 Other Optimal Stopping Games

There are many other existing games studied for a spectrally one-sided Lévy
process. The following problems can be formulated as (5.3). However, there are
clear differences with the problem considered above.

Example 5.2 The McKean optimal stopping game corresponds to the case Z = R
with gs(x) = g(x) = (K —e*)v0Oand gy = (K —¢*) VO +§ for some K, § > 0.
In other words, this is an extension of the American put option where the seller
(inf player) can also exercise with an additional fee §. This problem was solved by
Baurdoux and Kyprianou [5] for a spectrally negative Lévy process. It is required
that 0 < ¢ (1) < g for the solution to be nontrivial.

Example 5.3 As a way to model a version of the convertible bond, Gapeev and
Kiihn [23] and Baurdoux et al. [7] considered the problem where the cost (resp.
reward) for the inf (resp. sup) player is given by

A0
V(x;0,7) = IEX[/ e™I(C1 + Ce®)dt + Lp<rye (X0 v K) + 1{,<9}e*qf+xf],
0

for C1 > 0 and C;, K > 0. This can be easily transformed to the formulation given
in the beginning of this section. Indeed, by the strong Markov property, we can write
V(x;0,7) =v(x;60, 1)+ F(x) where

o0
Fx) = Ex[/ eT(C + CzeX’)dt],
0
v(x: 6, 7) = Ex[hgff}e—q@ (X v K — F(Xg)) + 1jr<gye " (X7 — F(Xf))].

Hence, solving this is equivalent to solving (5.2) with g;(x) = g(x) = e¢* vV K —
F(x),gs(x)=e*— F(x),andZ = R.

Gapeev and Kiihn [23] considered the case of a Brownian motion plus i.i.d.
exponential jumps. Baurdoux et al. [7] studied for a spectrally positive Lévy process.

In these examples, while the fluctuation theory and scale function can be used as
main tools, the above techniques described in this section may not be directly used.

In Example 5.2, Baurdoux and Kyprianou [5] showed that the equilibrium is
given by either 7* :=inf{r > 0: X; < k*}ando* = o0, or 7* :=inf{t > 0: X; <
x*} and o* := inf{t > 0 : X; € [log K, y*]} for some thresholds k*, x* and y*.
While continuous/smooth fit can be used to identify these values, due to the critical
barrier log K, one does not observe the dependency between the two parameters that
we have seen in this section.

In Example 5.3, as shown in [23] and [7], the equilibrium is given by two up-
crossing times where at least one of them is the first time X goes above the critical
barrier log K. Therefore, again one does not observe the dependency between the
two parameters.
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5.4 When a Stopper Is Replaced with a Controller

One can naturally consider the case where the stopper(s) are replaced with singular
controller(s).

The game between a controller and a stopper has been studied by Herndndez-
Herndndez et al. [26] for the case driven by a diffusion process, where they
obtained general results on the verification lemma and gave some explicitly solvable
examples.

The case driven by a spectrally one-sided Lévy process is studied by Herndndez-
Hernédndez and Yamazaki [25], where they considered the problem where a stopper
maximizes and a controller minimizes the expected value of some monotone payoff.
They considered both the spectrally negative and positive cases. Not surprisingly,
the solution procedures are similar to the ones illustrated in this note: the candidate
barriers (a*, b*), which separate the state space into the stopping, waiting, and
controlling regions, are chosen by continuous/smooth fit so that

(1) the value function at the boundary for the controller is continuously differen-
tiable (resp. twice continuously differentiable) if it is irregular (resp. regular)
for the controlling region;

(2) the value function at the boundary for the stopper is continuous (resp. continu-
ously differentiable) if it is irregular (resp. regular) for the stopping region.

The verification of optimality can be carried out by showing the verification lemma
as in the one given in Sect.5.2. As we have seen, many parts of the verification
can be carried out without much effort. However, the difficulty is again to show
the sub/super harmonicity at the region where the process can jump instantaneously
to the other regions. To deal with this, Herndndez-Herndndez and Yamazaki [25]
applied similar techniques as the ones discussed in Sects. 3.4 and 5.2.1.

The game between two singular controllers is also of great interest. Under a
certain monotonicity assumption on the payoff function, it is expected that the
optimally controlled process becomes the doubly reflected Lévy process similarly
to the two-sided singular control case we studied in Sect. 3. Hence, the candidate
value function can be computed again using the scale function and is expected to
preserve the same smoothness as those observed in Sect. 3. Consequently, the two
boundaries can be chosen in essentially the same way. The verification lemma can
be easily obtained by modifying (3.19). It is expected that many of the techniques
used in Sect. 3 can be recycled.
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Abstract We investigate a classical two-sided jumps risk process perturbed by a
spectrally negative a-stable process, in which the gain size distribution has a rational
Laplace transform. We consider three classes of light- and heavy-tailed claim size
distributions. We obtain the asymptotic behaviors of the ruin probability and of the
joint tail of the surplus prior to ruin and the severity of ruin, for large values of
the initial capital. We also show that our asymptotic results are sharp. This extends
our previous work (Kolkovska and Martin-Gonzalez, Gerber-Shiu functionals for
classical risk processes perturbed by an «-stable motion. Insur Math Econ 66:22—
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For a given risk process X = {X(¢), t > 0}, the expected discounted penalty
function, named also the Gerber-Shiu functional, is defined by
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where 19 = inf{r > 0 : X (¢) < 0} is the ruin time, § > 0 is a constant representing
a discounting factor, and w : Ry x Ry — Ry is a nonnegative penalty function.
The random variables | X (79)| and X (rp—) are known respectively as the severity
of ruin and the surplus immediately before ruin. The functional ¢ was introduced
in [12] as a generalization of the concept of ruin probability, which is obtained as a
particular case when § = 0 and w = 1, and has been investigated intensively since
then. Many other important risk measures arise as particular cases of the Gerber-
Shiu functional, including the distribution of the claim that causes the ruin given
that 7y < oo, the joint Laplace transform of the severity of ruin and the surplus prior
to ruin, the Laplace transform of the time to ruin and the joint tail distribution of the
severity of ruin and the surplus prior to ruin.
The classical two-sided jumps risk process is given by

Ni(®) Na(0)
X)) =u+ct+ Y Yji— Y Ypi=u+ct+Zi(t) — Zo(), (1.1)
j=1 j=1

where u > 0 and ¢ > 0 are constants representing, respectively, the initial capital of
the insurance company and the prime per unit time that the company receives, and
Z1 ={Z1(@),t = 0}, Zr = {Z>(¢), t > 0} are two independent compound Poisson
processes with respective intensities and jump distributions, A; and F;, i = 1,2,
where A; > Ofori = 1, 2. Here Z; (¢) and Z,(¢) model respectively the accumulated
random gains and random claims at time ¢. In the case when A; = O the resulting
process is called the classical risk process.

In a previous paper [15] we investigated a perturbed two-sided jumps classical
risk process V,, = {Vy(2), t > 0}, given by

Vo (1) = X(t) —nWe(1), n> 0,1 =0, (1.2)

where X is the risk process defined in (1.1) and {W,(¢),# > 0} is an independent
standard «-stable process with index of stability 1 < o < 2 and skewness parameter
B = 1. Moreover, F| possesses a density f; whose Laplace transform ﬁ is arational
function of the form

=~ o(r)
A= L or>0, (13)
[T;2(qi +r)m
where N,m; € N with m; +my + --- + my = m, 0 < q1 < q@ <

- < ¢gm and Q is a polynomial function of degree at most m — 1. The family
of distributions satisfying (1.3) is widely used in probability applications. This
is a wide class of light-tailed distributions which includes Coxian distributions,
combinations of exponential distribution, phase-type distributions, combinations of
Erlang distributions and many others. It is dense in the class of general nonnegative
distributions (see e.g. [7] and [16, Theorem 8.2.8].) and this property allows for
numerical approximations for ¢ in the case of general gain distributions. Under



Asymptotic Results for the Severity and Surplus Before Ruin for a Class. . . 109

some additional assumptions on the claim size distribution function F> and the
penalty function w, in [15] we obtained a formula for the Laplace transform of
¢ and an expression for ¢ as an infinite series of convolutions of given functions.
However, such infinite sums of convolutions are hard to work with in practice, and
therefore, it is of interest to study the asymptotic behavior of such expressions.

In this paper we investigate the same model as in [15], to which we refer the
reader for motivation and explanations about the meaning of the model parameters.
Based upon the results obtained in [15], here we obtain an asymptotic formula for
the ruin probability ¥ (#) := P[tg < 00|V4(0) = u] as u — oo, see Theorem 1
below. In Theorem 2 we obtain an asymptotic formula, as u — 00, of the joint tail
distribution

Yap(W) :=P[|Vu(t0)| > a, Vo(t0—) > b, 70 < 0|V(0) =u], a>0,b>0.
(1.4)

In Theorem 3 we show that such asymptotic formula holds uniformly in the
parameters a and b. These results extend our previous work [14], where we
investigated similar behaviors for the classical risk process perturbed by W,. Other
asymptotic results for the ruin probability and the asymptotic distribution of the
overshoot of the process about high levels are obtained by Kliippelberg et al. [13] in
the case when the Lévy risk process is spectrally positive or spectrally negative. In
Doney et al. [6] asymptotic results for the time of ruin, the surplus before the time
of ruin and the overshoot at ruin time are obtained for Lévy risk processes under the
assumptions that the positive part of the Lévy measure of the process is heavy tailed,
and the renewal measure of the descending ladder process is of regular variation. In
the case we study here the risk process V,, has two-sided jumps distribution, such
that the upward-jump distribution is light-tailed. Therefore, our results complement
the investigation in [13] and [6].

We remark that expressions for Gerber-Shiu functionals of a more general class
of Lévy risk processes than the one we treat here are given in Biffis and Morales
[2] in terms of infinite series of convolutions of integral functions. However,
the integrals involved in such convolution formula are not easy to calculate in
general, since they are integrals with respect to pure jumps measures and require
Laplace transform inversion techniques. In [1] the authors give an expression for a
generalized version of the Gerber-Shiu functional for spectrally negative Lévy risk
processes in terms of integrals of the associated scale functions of the processes.
However, in most cases the scale functions are difficult to obtain explicitly.

The paper is organized as follows: in Sect.2 we give additional assumptions on
the process V,, that we need, as well as several definitions and preliminary results
that we use in the sequel. In Sect. 3 we obtain asymptotics for the ruin probability of
the process Vg, using Karamata’s theorem combined with certain results from [8].
The final Sect. 4 contains our main results, Theorems 2 and 3, and their proofs.



110 E. T. Kolkovska and E. M. Martin-Gonzélez
2 Definitions and Preliminary Results

In what follows we consider the process V,, and denote by i the corresponding ruin
probability ¥ (u) = P[tg < 00|V (0) = u] starting with an initial capital u > 0.
As above, we write Y, p(u) = P[|Vy(w0)| > a, Vu(t0—) > b, 19 < 00|V (0) = u],
u > 0, for the joint tail of the severity of ruin and surplus prior to ruin, where a and
b are fixed positive numbers. These two functions ¥ and Y, j are particular cases
of ¢ respectively, when w(x, y) = 1 and when w(x, y) = l{x>q,y>p}. We recall that
the survival probability ®(u) = 1 — ¥ (1), u € R, is a distribution function.
We consider the Generalized Lundberg equation

L(r) :=cr + 1% + M Fi(=r) + 22 Fa(r) — (M 4 22) = 0.

In [15, Proposition 3.6] it is proved that L has exactly m + 1 roots in the right-
half complex plane C; = {z € C: Re(z) > 0}, and when § = 0, 0 is a root of the
above equation with multiplicity 1. We denote the roots of L by p1, ..., pm+1, With
p1 = 0 when 6 = 0. We assume that the following conditions hold.

(a) The upward distribution Fj has a density fi, whose Laplace transform has the
form (1.3).

(b) The Net Profit Condition E[V, (1) — u] = ¢ + A1 — Aoz > 0 holds, where
nj =E[X;] <o0,j=1,2.

(c) Theroots py, ..., pm+1, are all different.

Notice that assumption (b) implies that lim,_, o, V4 (t) = 400 with probability 1.
For a > 0 we denote by z, , the density of the extremal stable distribution &y 4;
see e.g. [15, page 376] for the definition of ¢y 4. It is known [11, Lemma 1] that the

Laplace transform of z, 4 exists for all r > 0 and is given by Zy 4(r) = u +ra°‘*1 . We
N _a\m

set E(pj) = ]_[1_1[:1(!21 bi )_ " and denote by T, the Dickson-Hipp operator introduced
I#j pL—pj)

in [5], which is defined by 7, f(x) = [ e"0=9 f(y)dy for any x > 0, all

X
complex number r = r| 4 iry with r; > 0, and all integrable nonnegative functions

f. We define the function

m+1
g0(x) =12 Y E(p)Tp, fo(x), x>0,
j=1
and for « < 2 and u > 0 we denote l,(u) = (Olizzli'f)‘;a and fy(n) =

a—1_ a—1
S E o)) Toyla (). Ttis easily shown that fo (r) = 7% E(oj)p; ™,
From [15, Lemma 5.3] it follows that f, and go are real valued functions. In the
sequel we will assume that these two functions are nonnegative. This assumption
holds at least in the case when F> is a convex sum of exponential distribution
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functions with positive coefficients, since in this case it follows similarly as in
[4] that the roots pj, j = 1,...,m + 1, of the Lundberg equation L(r) = 0 are
nonnegative real numbers. This implies, due to the definition of E(p;), that also
E(pj) are nonnegative numbers.

Now we define the distribution functions

1 1
Fy(x) = c /fa(y)dy, Go(x) = c /80()’)51%
F G
0t 0t

Uy(x) = CIU /va(y)dy, x >0, 2.1
0+

and Fp j(x) = Mlz Jo F2(»)dy, x = 0. Here Cr = [§} fu(x)dx, Cc =
Joy g0(x)dx and Cy = [g} ve(x) dx. The functions v : Ry — Ry and W, :
R4+ — R are defined by their Laplace transforms

~ I~ ~
Vg (1) <1 + Ofa (V)Za,e(r)) = Za,0(r), (2.2)
where & = ¢/n% + « and k = ,]Lgo(O) + f»(0), and

g Ve (1)

Wo(r) = .
= [P+ L B0

(2.3)

In [15, Proposition 5.6] we give representations of v and W, as series of convolu-
tions of given functions.

We recall [15, Proposition 5.4 b)] that the Laplace transform of the ruin
probability ¥ satisfies the equality

1 (c+rp )L,u)l_[N1qm‘i
-~ 11— Ap2) Lj=19; =
b)) = - S Wa(n), r>0. (2.4)
r r [T/ pj
Notice that the roots of Lundberg’s equation appear in conjugate pairs because the
l'lﬂ-il ‘I;nj

equation coefficients are real, hence " o, > 0.
j=2 Pi
We also recall the following deﬁnitiolns: Let F be a distribution function such that
F(0) = 0 with tail F = 1 — F. If there exist numbers ¢y, ¢o > 0 such that F(x) <

c1e”?* for all x > 0, then F is called light-tailed distribution function. Otherwise
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F is a heavy-tailed distribution function and in such a case we write F' € H. In case
that limy _, oo F*2(x)/F(x) = 2 we say that F belongs to the class of subexponential
distributions and write F' € S. The distribution function F belongs to the class L if
for any y > 0 there holds lim,_, o F(x — y)/F(x) = 1. Finally, F belongs to the
class R, for ¢ > 0 if F has a density f such that limy_, o f(x)/F(x) = c. We say
that f : Ry — Ry is a regularly varying function of x at co, with order a € R,
if limy_ o0 f(xt)/f(x) = t% fort > 0, and write f € RV,. In the particular case
when a = 0, we say that f is a slowly varying function of x at co. If f is regularly
varying of order a, then it can be written as f(x) = x“L(x), where L is a slowly
varying function. We define f ~ g if limy_ o f(x)/g(x) = 1. We write F € RV,
if F is such that F(x) ~ x?L(x). The following inclusions hold (see [9]):

RVocScLcHandRg C L. (2.5)

Lemma 1 Let Fy, F, be two distribution functions such that F;(0) = 0,i = 1,2,
and let H = F1 % I be their convolution.

a) If b € Sand F1(x) = 0o(F,(x)) as x — 00, then H € S. Moreover, H(x) ~
Fr(x).

b) If Fi(x) ~ x°Li(x) for i = 1,2, where L\ and L, are slowly varying
functions, then H(x) ~ x93 (L1(x) 4+ La(x)) as x — oo.

c) If Fo(x) ~ cF1(x) for some ¢ € (0, 00), then F| € S if and only if F» € S and
H~ (1+c¢)Fy(x).

d) If B € (0,1) and K(x) = (1 — B) ZZO:O B"F["(x) then the following three

conditions are equivalent:
KeS, FieS Kx)~  Fix).

Proof For a) and d) see, respectively, [8, Proposition 1a) and Theorem 3]. For b)
see [10, page 278]. The proof of c) is given in [16, lemmas 2.5.2 and 2.5.4].

3 Asymptotic Behavior of the Ruin Probability

In what follows we will use the elementary identities

Far) = fir) and F(r) = 1_rf(r), =0, 3.1)

valid for any distribution function F' with F(0) = 0 and having density f. First we
state the following auxiliary result.
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Proposition 1 The following asymptotics hold:

N m;
F 1 14

a) xl;ngo xofff) =, (1 - H’n;ilq’ '>, hence F, € S.
r2—ao) 1_[,':2 Lj

N m;
G A [TiZ, g
b) If F; € Ry, then lim o) _ Aap2 =19

= Afin addition Fp,1 € S, then
v=>o0 Fp(x)  Co 1_[’]":21 Pj

G() e S.
c) If Fo(x) = o(x™%), then Go(x) = o(x'~9).
N m;
U Nogh
d) lim a () = Unlr;ilq' , hence U, € S.
r—00 é‘a,e(x) l_[jzz Pj
Proof
a) Let us define F*(u) = f(;’ F,(x)dx. From (3.1) we obtain f*(r) =
~ P L= ¢, fa(r)
(1- CIF fa(r))/r?, hence lrif(} rra—(zr) = 1}11(} rCaF_la . From the definition

of Cr it follows that 1 — ClF f(; (0) = 0. Using L’Hospital’s rule gives

a—1 roz—l

1 1 P; -
| 1+ " E(pjpj ?
lml_choz(r) —lim Cr Z] 2 I pj—r
ro el rl0 re=l
-1 a—1 )
| pi —r (@ — Dre
i—» E(pj)p;j -
1.@2” T\ = r)? pj—r
= lim
rl0 (@ — 1)re—2
1 m+1 1 nN_l q.mi
=—, Y E(p)= 1—= 7, (3.2)
Cr =2 Cr HT:z Pj

where the last equality follows by [15, Lemma 5.3]. From [10, Theorem 1, page
443] we obtain the limit in part a), which implies that F is regularly varying.
Using (2.5) we also obtain that F, € S.

b) Notice that

fxoo ij f2(y)dy
Fa(x)

< I fxoo fyoo e ReWDGEN) £ (2)dzdy
im

— s

x—>00 Fp 1(x)

lim
X—>0Q

j=2,3,....m+1.(3.3)
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Taking limits when x — oo in the right-hand side of (3.3) yields

o R : o R . _ )
. fx eRe(pj)y fy e Rz £ (2)dzdy ~tim fxooe Re(0))z £, (2)dzdy
xX—>00 Fa1(x) xX—>00 e*Re(pl,-)sz(x)
_ , f2(x)
= lim e fo(x) lim Falo)
x—00 Re(pj)e” Re(p/)sz(x)—i—e Re(p/)x]v2(x) ¥=00 Re(p;) + ;2(;;))
(3.4)

where the first and second equalities follow by L’Hospital’s rule. Using the
assumption that > € R, we obtain from (3.4) and (3.3) that

[ T o dy| _

(3.5
Fo 1(x) )

X—>00

Since [ go(n)dy = A glmif” naF2.1(0) =2 Y5 Eoj) [ Ty, f2(y), the
triangle inequality yields '

PUYTEN N Y _ ZmH E(pj) [ Ty, 2(y)dy Go(x)
Co T12; pj Fa1(x) Foi(x)|
(3.6)
and
Go(x) < A2 l_LN 1 qzmi + Zm+1 E(pj) fxoo Ty, f2(y)dy
Fr1(0)| ™ Co [T o) Fa.1(x) ‘
3.7

The limit in part b) follows from letting x — oo in (3.6) and (3.7) and using (3.5).
Assuming that F> ; € S, the relation G € S follows from part ¢) of Lemma 1.
c) Letus assume that F(x) = o(x~%), hence L’Hospital’s rule implies that

F
lim zil,(x) =0. 68
x—>o00 x!'T¢
This yields
[ e R y)fz(z)dzdy LS AR)dzdy
lim < Jim
Xx—00 xl-« e xi=e

— 15 lim Fo 1(x)

x—oo xl—o

=0,



Asymptotic Results for the Severity and Surplus Before Ruin for a Class. . . 115

and from (3.8) we obtain

T, d
i |J T 2O (3.9)
X—>00 x1-a
Using (3.6) and (3.7) we obtain the inequalities
. 1
2 T 4" Fog o) | =c X720 E@) [T To LDIAY| | Gotx)
CG l—[;i_z-zlpj xl—a xl—a — | xl-a
(3.10)
and
. 1
Go) | _ 2 [Ty 4" Far() |, |~y X2 Ei) [ To o)y
xl—o | — CG ]—[;n:-l—zl P xl—a yl-a .

@3.11)

The result now follows by letting x — o0 in (3.10) and (3.11), and using (3.8)
and (3.9).
d) Putting r = 0 in (2.2) gives Cy = (1 + CGF)_l. Dividing both sides of (2.2) by

. T)\a(r) 12, o~ _’Za,@(r) .
Cy yields Cu (1 + p fa (r)za,e(r)> = o hence:
Ve (1) L~ _ L~ Za0 (1)
<1 T ) (1 + efa(V)Za,e(V)> =1+ efa(V)Za,e(V) T

=1+ éfa(r)?a,e(r) - <1 + C;)ix,e(r)

~ Cr . 1 ~
=1—Zu9(r) — GF Zu0 () (1 ~ fa<r>) .
(3.12)

We define the function U (x) = f(f Uy (y)dy,x > 0. From (3.1) we get

- Aoc(r)
N U 1"
U*(r) = “r(r) - rzCU . (3.13)

It follows from (3.12) that

—~ 1 =~
—~ 1 _?otﬁ(”) Cr Za,e(r) (1 ~ Cr foz(r))
rUg(r) _ pe=l g ra—1

—~ 3.14
re=2 1+ ) fa(r)Za0 (1) G4
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1-7Z 1
0+f¢x 1 we obtain lrlfrol rioif(r) = o Using this equality

together with (3.2) and letting » | 0 in (3.14), we obtain

Since Zy,g(r) =

77 + 11—1 IIq' N mj
g UG _ 0o 0n5"f b Cullic 1%, G.15)
m- 2 = = il :
rl0 14+ ¢ 5 0 [T

where in the last equality we used that Cy = (1 + CQF )~!. Since U} has the

monotone density U, Theorem 1 (page 443) in [10] gives the limit in part d).
This implies that the tail of U, is asymptotically regularly varying with index
1 — «, hence from (2.5) we conclude that U, € S.

Now we are ready to obtain the main result in this section.

Theorem 1 Consider the following three cases for the claim size distribution F.
As x — 00,

Casel : Fr(x) =o0(x™%),
Case 2 : Fa(x) ~ kx™% for some « > 0, (3.16)
Case3:Fr1 €S, FaeRopandx % =0 (Fz(x)).

Then, as u — 0o, we have:

a) In case 1:

o

n l—a
~ , 3.17
VO™ hapt — o TR — )" G-I
b) In case 2:
1 n% Aok l—a
~ , 3.18
v cH+ A1 — A2 |:F(2—05)+C(—1:|u ( )
c) In case 3:
A
) ~ 2 Faw), (3.19)

C+ ALl — A2u2

and in all cases ® € S.
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Proof

Case 1. We define the function G{j(x) = f(;‘ Go(y)dy,x > 0. Due to (3.1) we have
63 r) = 1_f§(”. From Proposition 1 ¢) and the assumption that F5(x) =
o(x~*) we obtain Go(x) = o (x!~*), hence Theorem 1 (page 443) in [10]

and the equality @6‘(;’) = 17;%’(” imply
G* 1 —3o(r)C!
0 =1tim e _ i 1 7800 (3.20)
rlo re=2 0 el

Using that 0 = ¥ (co) = lim ¥ (u), the final value theorem for
u—>00
Laplace transforms y(co0) = lim r(ﬁ(r) and (2.4) we obtain W, (0) =

m+1
<(c + A1 — Aapn) g,v‘z ,,,’, ) . Setting r = 0 in (2.3) yields
1 o~
1 B qep Ve (0)
HTzﬂf - Hew, 0) + L 20(0)%(0)
(c+ Ap1 — A2p2) v o 80V
1
nach

1-— ; [KCU + nla CGCU:I
or equivalently

1 1
1 oy 1= 4 [xCu+ hCoCu]

(¢ + rpr — Aap2) = 3.2D)
]_[l 1qiml n‘lch
Now we set ¥*(u) = fO” Y (y)dy. Due to (3.1), (2.4), (2.3) and (3.21) we
have
1 1-, [KCU+nL CGCU] O{Qﬁa(r)
. o CU 1- 5[wa(r>+ B0
U = !

;
1= 3 [ + LB | - [1_é[KC”C+U"I"CGC”]]ﬁa(r)

2 (1 B é I:Kﬁa(r) 4 nlagr\o(r)ﬁa(l’)])
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It follows that

1_mm+¢6p_@oq%m

gty 1 Cu n*o Co
lim = lim

rl0 rem2 o rem 1 — D kD (r) + B0 (r) Ve ()]

1 III lqt C

m+l
— s (3.22)

1— [kCu+n~*CsCu]’

where the last equality follows from (3.13), (3.15) and (3.20). From (3.21)

we obtain
1 l'IN—l fI-mi
=11 (j
6 175 »j v _ U
cHArpr — Aopa 1Y, ¢ C et Mp — A
m+l
neo T2
Tk o
hence from (3.22), lim ) = 7 . The asymptotic for-
rlo re—2 c+ AL — A2

mula (3.17) now follows from [10, Theorem 1, page 443]. Since (3.17)
implies that @ has a regularly varying tail, from (2.5) we conclude ® € S.
Case 2. We work again with the functions ¥* and G{j defined before. Due to

F, € RV,a and F, € R, from part b) of Proposition 1 we obtain

Go(x) ~ (23#2 1%',“'1‘1’ F7 1(x). Since Fa(x) ~ kx~%, an application

of L’ Hospital’s rule to lim Fj" ) yields Fa r(x) ~ Hence
X—>00

lea
1o K a1
PO I

Gol(x) ~ i=14;
o) Co(a — 1) 115 o)

to G{j(x) gives

x!=%. Applying [10, Theorem 1, page 443]

N m ~ o~ —1

A ' G, I=2g0(nC

oo [limia _ o rGa) o 1=8000Cq (3.23)
Cola =D 17t p; — r0 re= “ oo et

From the last equality we see, as in case 1, that the limit (3.22) remains
valid also in this case. Therefore

V) e [ _ B0 ]
R CYIE o i [1= T [
A0 e TG et | )+ B0 )Pa()]
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hence, substituting (3.13), (3.15) and (3.23) in the above equality gives

. 1 l_IN 149; .CU
o O _ 0 T o [ k(2 — a)i|
rlo re—?2 1-— P [KCU +n O‘CGCU] n% e — 1)

%=1+ k@2 —a)
C (et — dap)(@— 1)

The asymptotic formula (3.18) follows from [10, Theorem 1, page 443].
Since the right-hand side of (3.18) is a regularly varying function, it follows
that ® has a regularly varying tail. This finishes the proof of case 2.

*n
Case 3. The equality W,(x) = 0‘19 Vg * Ziio 91,, [K Vo + nla g0 * va] (x) 1is
proved in [15, Proposition 5.6]. From (2.4) we note that (¢ + A1 1 — Aau2)
n;n 2 p,

l_[l l
using the above equality and the definitions of U, and G in (2.1), it follows

that

. Wy is the density function of the probability of survival ®, hence

1
1_[;”+2 Pj
m;

zlqt

1
d(x) = 790 (c—i—Mlu — A2 42) CyUy

* Z on (KCUUa + o CcCuGy * Uoz) (x).
n=0

Now we define 8 = 61) [KCU + n*“CGCU]. Using (3.21), we obtain from
the last equality that

oo 'B"|:1
O == PUaxy. "
Lo Lo

= Uy % K(x), (3.24)

1 *n
(KCUUa +  CeCuyGo * Ua):| (x)
na

where K (x) = (1 — B) Y ooy B"K§" (x) with Ko(x) = (01/3 [KCUUa +

n~*CcCuy GO*UQ]) (x),x > 0. Since Uy and G are distribution functions,
using the definition of S we see that Ko and K are distribution functions as
well, and & is the convolution of the distribution functions U, and K. In
view of this, we need to study the asymptotic behaviour of K.

The assumption that x ™% = o(F2(x)), together with an application of
L’Hospital’s rule, imply that x!~® = o (F 2, I(x)) Since by assumption
Aapa TIY g;

o %mif Fa1(0).
hence x!™* = o (Go(x)), and due to part d) of Proposition 1 we get

F> € Ry, part b) of Proposition 1 yields Go(x) ~
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Ugsx) = o0 (Go(x)). It follows from the definition of Ky and Lemma 1

a) that 1 — Ko(x) ~ niaecﬁGcU Go(x). Since by assumption F> ; € S, from
part b) of Proposition 1 we obtain Go € S. It follows from Lemma 1 d)

that
B n*CeCu
K(x) ~ Go(x)
1-p 0B
N m,-
c+ripr —rop2 [IY, ¢ Cy n%0 nmﬂ AT
760 [T} o
. A2 42 D

which reduces to K (x) ~ F5 j(x) after simplifying the

o ) ctAipr —Azpuz )
coefficient in the right-hand side of the asymptotic expression above. From

here we obtain (3.19) using (3.24), Lemma 1 a) and the relation Uy (x) =
o(F2,1(x)) asx — oco. Hence @ € S.

Corollary 1 For the three cases in (3.16) the ruin probability ¥ (u) admits the
asymptotic expression

o

n |— Ao

Yu) ~ u
(c+rpr —rou) 2 —a) c+Aipr — Ao

Fp(u)asu — oo.

(3.25)

In particular, if Fo(u) ~ Li(w)u™% for some slowly varying function L1 and F»
belongs to any of the cases in (3.16), then

1 [ n* A2

u) ~ +
40 c+rpur—2ou [TR—a) aoa-—1

Ll(u)i| u . (3.26)

Proof The estimate (3.25) follows directly from Theorem 1. To obtain (3.26) we
consider the three cases in (3.16).

Case 1. We have lim “104™ — fjim F200 Li0u™ _ g Hence

u—oo U u—oo 4% Fau)
i Y(u)
1m

u—00 1 ?»2#2 -«
cHhp—hama [F(z o) T Ll(”)]”

I/fl(u)
= lim o =1

u—>00 1 n* + )»2#2 Li(uu'~
ctiipur—rapuz [ T2—a) ul-o

where we used (3.17) to obtain the last equality.
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_ 1 n* Aok
Case 2. Weset C = A1 1 —Aaiia [F(Z—a) + a_l]-

Using the equality lim Lj(u#) = « and (3.18) we obtain that
Uu—>00

; Y (u)
lim | } .
u—00 n 5 17(1
ctHAiipr—Aapm [F(Z—a) + a_lLl(u)] u
1//(114)
= lim Cu'=¢ _
u—o0 1 1 ne n A L](u)ul’a
Cctripi—rauy | TQR—a) T a—1 yl-o

Case 3. Notice that u™ = o (Fz(u)) implies u!™* = o (F2,1(u)). Using now
Karamata’s theorem (see e.g. [3, Proposition 1.5.10]) we obtain that

: For(w) _ a—1
ulggo LiGul-e = w2 . Hence
- Y (u)
lim | 3 .
u— 00 n 22 e
CcHA I —Aop2 [F(Z—a) + a—1 Ll(”)] u
Y (u)
Ao K2
= lim A=Ay Fa (u) 1
u—00 n* ul—o 1 Liul—«

FQ=) jopaFao )~ @=1 Fy )

4 Asymptotic Behavior of the Joint Tail of the Severity of
Ruin and the Surplus Prior to Ruin

For fixed 8 > 0 and a > 0, we define the function

n*(a—1)

B(x; B,a) := / e PO (Aze(y+a)+ G —a)

X

(y+ a)_“) dy, x>0.

4.1
In order to obtain asymptotic expressions for Y, ,(#) as u — oo in such a way that
A := max{u, b} — oo, we establish some preliminary lemmas.

Lemma 2

a) Forallx > 0and B > 0, B(x; B,a) < Ay + F(;’ia)al""forcmya > 0.
b) The asymptotic relation B(x; B,a) = o(Y(x + a)) as x — 00, holds in any of
the cases in (3.16).
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Proof

a) Since e #0=%) < 1 when y > x, and F2(y + a) < F2(y), we have

B(x; B, a)

S Ay — 1
S/x <A2F2(y+a)+7;((£x_a))

°° n*(a—1) —a
5/0 (Aze(y)Jr re— o Oy +a) )dy,

(y+ a)“) dy

which implies a).
b) Using that F2(y +a) < Fa(x +a)and (y +a)™ < (x +a) * forall y > x,
we see that

Buipiay = [ et (A2F2<x vo+ o Do a)*”‘) dy
_ 1 n%(a—1) _a
= 8 (Aze(x +a)+ re— o) (x +a) ) “4.2)

For the first two cases in (3.16), the limit lim I; 2,%) exists and is finite, hence

X—> 00
in any of these two cases we obtain

b (P2 + @+ TS+ a)7)

lim
X—00 (x + a)l—‘x
Faolx +a) | e
1 n%(a—1)
g (AZ Gtaye r(z—a>>
= lim —0. (4.3)
X— 00 X +a

Due to (3.17) and (3.18) we obtain, again in cases 1 and 2 of (3.16), that ¥ (u) ~
Au'~% for some constant A > 0. This and (4.3) imply

b (P2 + )+ FE) @)

lim
=0 Y +a)
b (P2t + @)+ 150+ a))
o (x +a)l-@ _
= Mim_ ¥ (x +a) =0.
(x + a)l_"‘

Hence we obtain the result in these two cases by dividing by ¥ (x + a) both sides
of (4.2) and making x — oo afterwards.
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In the remaining case 3, the assumption that F, € Ro and L’Hospital’s rule
imply that F 1 € Ro. From (3.19) we obtain that v (u) ~ A2F> (u) for some
constant A, > 0. Moreover, from the proof of Theorem 1 c) we see that xl-e =
o(F2,1(x)). Using these two results together with F2 ;1 € Ry, it follows that

(et T G o)
lim
o Y(x +a)

b (P2 + @+ TN 6+ )7)

— Iim Foi(x+a) _o
T x>0 Y(x 4+ a) -
Foi(x+a)

Again, the result follows dividing both sides of (4.2) by ¥ (x + a) and making
X — oo.

Recall the definition of the joint tail distribution Y, ;, given in (1.4).

Lemma 3 The joint tail distribution admits the representation
Yo W) =hg * We(m), u>0, “4.4)

where

N mi o o
g o — 1
ho(u) = i1 4; MFya+2)+ i )(a + 27| Lzspydz + Lo p(u),
m+1 re—ow)
j=2 Pj Ju
and 1op(6) = Y05 E(p)) [T e 0 (P +a) + 157 6+ a) )
Liy>pydy. Moreover, if F, belongs to any of the cases in (3.16), then for fixed
a,b >0,

/0 Lot — »)®(dy) = o(Y () as u — oo, @.5)

and the following limit holds:

u

lim [ Iopu—y)®(dy) =0, (4.6)

u— o0 0

uniformly on the sets {a > &, b > n} for all fixed &, n > 0.
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Proof Formula (4.4) follows directly from [15, Corollary 5.1]. To prove (4.5) we
first note that

e
m+1 00 o
) -1
< E . —Re(pj)(y—x) nWF n (Ol —o d ,
‘;' ol [ e Farta)+ 1 koY ay
which due to (4.1) is equivalent to
m+1
|1a,(0)| < Y 1E0))|B [x; Re(p)), a]. 4.7)
j=2

Let ¢ > 0 be given. From Lemma 2 b) there exists ug > O such that
27:21 |E(p;j)|B [u; Re(pj),a] < ey (u) for all u > ug. It follows from (4.7)
that

u

e Ly = = yNOWEY) | iy Hape = )P @y)
V() v (u)

Jo La.p(u — )@ (dy)
Y ()

ef(1—@w—y)Pdy) [ Hapu—y)|®dy)
0

U—1ug

= W) * o)

=31k, T g =

< P Aoz + F(2—a)a = ¢,
=2

where in the last equality we used Lemma 2 a). Hence

fou Iy p(u — y)®(dy) e(P) — O x D(u)) O () — ©(u — up)

W (u) ¥ (u) 0 W (u)
(1= b)) — Y @) Yl —ug) — Yr(u)
= =+ ¢o .
V() V()

The estimate in (4.5) follows from the last inequality and the fact that ® € S. Since
1, p, 18, by its definition, nonincreasing in a and b, it follows that

/0 Lo — Y)®(dy) < fo Ie.( — »)®(dy), 4.8)

foralla > & and b > 7.
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Since lim ¥ (u) = 0, using (4.5) we obtain that lim,_, fé‘ Inpy(u —
u— 00
y)®(dy) = 0. Hence the result follows from (4.8) by making u — oo.

‘We now obtain the main results of this section.

Theorem 2 Let F; belong to any of the three cases given in (3.16). Then, for fixed
a > 0, the joint tail of the severity of ruin and the surplus prior to ruin, Yq p,
admits the following asymptotic expressions as u — 00 in such a way that A =
max{u, b} — o0 :

o

. n -«
a) incase I, Yy p(u) ~ (a+A) 7%,
‘ (€ +Arp1 —hau2) T2 — @)
b) i 2, Yo p(t) ! R Ay
in case 2, u) ~ a ,
@b cH+rpur —2ou [TR—-—a) aoa—1
. A2 42
c) incase 3, Yqp(u) ~ Far(a+ A).

ct+ A — A2
Proof From (4.4) and [15, Corollary 5.5] it follows that

1
Yo p(u) =
“ C+ ALl — A22

x/"fm raFaa+ 0+ T | 1oy dz o@y)
0 Juy re-o e

N mj

[Tt q; '
1

172, »j

u
I, p(u —y) ®(dy). 4.9
o = 0@y )

In view of (4.5) we need only to study the asymptotic behavior of

1

Y*(u,a,b) =
c+ A — A2

x/u /oo [Aze(a+z)+ n%(a — 1)(a+z)—a:| Loy dz (dy)
0 Ju-y rQ-a)

as u — oo in such a way that A = max{u, b} — oo. First we suppose that A = u
and define

Yolu, a)
! /[A Fajatu-n+ " @+ )1—a]q>(d>
= 2o Fop@atu—y atu—y ).
c+Aripr — Az Jo ’ N

(4.10)
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Therefore
Y*(u,a, b)
1 u o0 na (a _ 1) —a]
< MF 4 dz®d(d
_C+MM1—A2M2/0 /Wy[z 2((1+Z)+l_,(2_a) @+ 2@
= Yo(u, a) 4.11)
and
Y*(u,a, b)
1 u o0 na(a _ 1) —
" e hapn - hamn /0 /u [AZFZ(Q FOF po g @t | e
hamaFa @ +u)+ @+ uw'=e
_ r@-= D (w). (4.12)
CH+Appr —Ag2u2
The above inequality and Corollary 1 imply that
YT*(u,a,b
iminf T 40 (4.13)
w00 (1 +a)
because lim ®(u) = 1. To finish the proof it suffices to show that
u— 00
T ’
o, a) _ (4.14)

m =
w0 Yr(u + a)

for any of the claim size distributions in (3.16). Indeed, the asymptotics in the three
cases follow from (4.14) together with (4.11), (4.13), (4.9) and (4.5).
We note that

1
Yo(u,a) =
c+rpy — Ao

u alfotna u
X |:)‘2/12F2,1(a)/0 (1= Fa,1(u—y)) ®(dy) + re-a /0(1 — Paq(u—y)) <I>(dy)} .
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. Fr1(u+a)
where we define for a > 0 the functions F, j(u) = 1 — and P, o (u) =
1 Fa 1(a)
a—
1-— ( au > ul=® u > 0. Hence,
a—+u

Yo(u, a) !

u,a) =

0 CH+ A —Ag2u2
lfana

X {kzﬂze,I(a) (@) — Fo 1 % ®(w)) + ¢ (®@) — Paja * <I>(u))}

re-a)

1
= opaFr (@) |[Pw) —1+1— Fg % P(u)
c+Ap —MM( [ ¢ ]

al = @ 141 —Pygx®
+F(2—O{)[ ) —1+1— Pgo* (’4)]>

1
c+ Ay —Au2
X (hapaFa (@) [1 = Fy @) — W(u)]

n al =y [1 = Pao# D) — W] (4.15)
rQ-—a) e ' ‘

Case 1. Due to Theorem 1 a) we have ® € S and Yv(@u) ~
o

n
u
(c+Aripr —2u)l2 —a)
Fo1(u) = o(u'=%) as u — oo, imply

1=¢ hence Lemma 1 ¢) and the assumption

o

n 1701.

1—F, 1 %x®) ~ u
’ (c+Arrpur —A2u2)l'(2 — )

This shows that

A2 Fo (a)

1 — Fup % @) — ¥@)] =o' ™) asu — oc.
c+ A — Aop2 [ “ ]

(4.16)
From Lemma 1 b), as u — o0,

au

a—1 o
n 1—«
1= Puo*®u) ~ :
ma* ) [<a+u) +(C+)\1M1—)»2M2)F(2—05):|u
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Case 2.

Case 3.
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which due to (3.17) implies

a—1
1= Pao % @) — Yu) ~ (aiu) . (4.17)

Using the expression for Yo(u, a) given in (4.15), together with (4.16)
1
and (4.17) we obtain Yo (i, a) ~ [AZMFZ, Ja+A)+
ct+ A — A2p2
NCET A)l—“], and (4.14) follows.

Since by assumption Fo(u) ~ «xu'~%, L’Hospital’s rule gives F j(u) ~

K -« ~ K -«
PRI Hence F, 1(u) ;l.z(afl)Fz,[(a)u . From (3.18) we

have W(u) ~ Cu'"® where the constant C is given by C =

C+)\1M}*)~2M2 [F(;’,a) + 23"1] Using this and Lemma 1 b) gives 1 — Fj, 1 *
D (u) ~ [C + uz(gfl)] u' =% Tt follows that

K K
ul*()l (a+l/l)17a.

= Farx @@=y~ "~ @1
(4.18)

From Lemma 1 b) and (3.18),

1 — Py xPu)

a—1 o
A
N ( au ) i n + 2K leot.
a+tu (c+ripr —Ap)l2—0a)  c+riipr —raun

This together with (3.18) yields

a—1
1= Pog % @) — Y(u) ~ (aiu) . (4.19)

Now using (4.18) and (4.19), we obtain

1 [ n“ A2k

Yo(u,a) ~ +
( ) c+rpur —2u [TR—-—a) o-—

1i| (a+u)'e.

Using the assumption u™* = o(F z(u)) and L’Hospital’s rule we

a—1
get ul™® = o(F2()). Since Pquq(u) = (a‘fu) =@ and
(auy a—1
lim a+uy
u— 00 au a=l
a+u

Pao() = o(F2;(u)), and from Corollary 1 and (3.19) we obtain

1 — Pyox D) ~ C+/\1/>121M—2Muz F> 1(u). Using (3.19) again we conclude

= 1 forall y > 0, we have P, o(u) ~ u' =% Hence
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that 1 — P, o * ®(u) — Y (u) = o(F2,1(u)). Due to Lemma 1 b),

1 A
i 242

1—F,,*c1>(u)~<
¢ Far(a) ¢+ Aipn — Aapp

) Fa(a+u),

Fo.1(u+a)

which implies 1 — F, 1 * ®(u) — ¥(u) ~ Fa.1(@)

obtain (4.14).

. In this way we

In the case of A = b we have
Y*(u, a, b)

! /LI/OO[AF(+)+na(a71)(+)7a:|l dz d(dy)
= 202(a Z a Z z>b} A2
e+ rmt —ropa Jo Sy re-a e=b) Y
1

C+ Al —Aaun

o

n
Q-

/0 [AszJ(a +b)+ (a+ b)l—a] (dy)

MpaFa (@ +b) + 13, (@+b)' o)
= u).
c+Aripr —rap2

The asymptotics for 7Y,;, follow by dividing 7Y,,(u) by
hamaFa(a+b)+ 1 J_, (a+ by«

_ c+Aipr — A2pd2 )
as in the cases 1, 2 and 3 above with u replaced by b.

, letting afterward u — oo, and proceeding

Corollary 2 For any of the cases in (3.16), the joint tail Y, has the asymptotic
expression when u — 0o and A = max{u, b} — 00 :

o
A
n (a+A)l—a+ 2142

T, u) ~
a.b®) (c+ i) —rou) TR —a) ¢+ rp = ropo

Fp 1(a+ A).

In particular, if Fo(u) ~ Li(w)u™% for some slowly varying function L1, and F;
satisfies any of the cases in (3.16), it follows

Yoy (u) ~ ! [ oy R Ll(a+A)}(a+A)1—“.
’ cHripur —rou [ TQR—a) ao-—1

We have the following sharper result, which shows that the asymptotics of Y p
given in Theorem 2, hold uniformly on the parameters a and b.

Theorem 3 Let F> belong to any of the three cases given in (3.16). The following
limits hold, when u — oo, uniformly on the sets Ag ;, = {a > &, b > n}, for fixed

E,n>0.
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1. Incase 1:
lim ‘Ta,b(u) — n (a+uw)'@ =0.
u—00 (c+rip1 —2r2p2) T2 —a)
2. In case 2:
. 1 n* Aok -
lim |7, - “l=0.
u—)oo‘ a.p() c+ A1 — A2 [F(Z—a)+a—li|(a+u)
3. In case 3:
lim ‘Ta,b(u) _ el Fa.(a+u)| =0.
u—00 c+ Ay — AU

Proof By (4.9) and (4.6), we only need to study the uniform convergence

1 u oo v
of Y*(u,a,b) = [x F 7% (@—1) w]
(,a.5) ¢+ Apr — Aau ofu[y 2halata F@-o (@t
1z>pydz®(dy) on the sets Ag ;.

Using (4.12) we obtain

n*(a+u)'=e VA CENERCIORSY
(c+ripr =)l —a) = (c+Aripr —2u2)I2 — @)
M Fo r(a+ u)®(u)
ct+ Ay — A2
n*(a+u)' = (®w) — 1)
T (et rpr —ru)l2—a)

YT*(u,a,b) —

Since (a + u)' = (du) — 1) is nonincreasing as a function of a, we have
@+w' = (@w—-1)<E+w'" (@w-1),

and since lim (& + u)l—« (®(u) — 1) = 0, the convergence
u— 00
lim (a4 u)'" ™ (@w)—1) =0 (4.20)
Uu—>00

is uniform on {a > &}. Hence for all ¢ > 0 and & > O there exists A > 0 such that
for u > A we have

T*(u,a,b) — @+ > . 4.21)
(c+ripr —Au)I'2—a) =
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We will use that, by the definition (4.10) and the equivalent formula (4.15),

Fap(a) (1 — Faqx @) —yu) = /0 Fai(a+u—y)ody)
and
' (1= Pag * @) — Y(u)) = / (@+u—y)' " oy),
0

hence

Fa.1(a) (1 = Fa1 % ®(u) — y(u)) and
a'™® (1 — Py * ®(u) — ¥ (u)) are nonincreasing in . (4.22)
Case 1: We have, by (4.12):

T*(u,a, b) — N+~ < Yo(a, b) — CE
o (c+rrpur —2pu)lF2—a) — ' (c+Arpur —2pu2)I2 —a)

Hence, from the definition of Yo (a, b) in (4.10) and the equality (4.15) we obtain:

o 1—«
T*(u,a,b) — n(a - u)
(c+rpr — Aou2)l'2 — @)
1
< A Fria)(1 —F, 1 «®w) —y(u
< C+MM1—)»2/L2[ 2maFa p(a) ( a1 * D) — Y (u))

o, l—a l—a
n“a a-+u
+I‘(2—a) (1 —Piox®w) —y(u) — ( 4 > >i| (4.23)

We know from (4.22) that 1 — P, o * ®(u) — ¥ (#) nonincreasing in a. Since

_ a—1 _
(”‘Z“)1 o _ <1+1u/a) and 1+4u/a is decreasing in a, it follows that — (“:{”‘)1 ¢

is decreasing in a. Hence 1 — P, o * ®(u) — ¥ (u) — (“Z“)l_a is decreasing in a.
From this and (4.17) we obtain, similarly as in (4.20), that
a+u -«
I_Pa,oz*q)(u)_w(”)_ a

lfotnot

I —0, 424
oo T'(2 — ) (4:24)

uniformly on {a > &}.
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For the remaining term in (4.23), from (4.16) and (4.22) we obtain using the same
argument

lim AopaFa (@) [1 = Fap % @) — y(w)| =0, (4.25)

uniformly on {a > &}. Due to (4.23), (4.24) and (4.25) it follows that, for all ¢ >
0,& > 0and n > O there exists A > O such that forallu > Aanda > &,b > n we
have
o 1—«a
T*(u,a,b) — n*(a +u) <e. (4.26)
(c+Arrpur —r2u2)l'(2 — )
Hence, the result follows from (4.21) and (4.26).
Case 2: Similarly as in the previous case, we obtain from (4.22) and (4.19)

. al—anoz a+4u l1-a
im 1 =Py Du) —(u) — =0, 4.27)
u—oo [I'(2 — ) ’ a
uniformly in {@ > &}. It also follows from (4.18) that
Tim_|Fa() (1= Far + @) = y()| =0, (4.28)

uniformly in {a > £}. Hence, for all ¢, &£, n > O there exists an A > 0 such that for
allu > Aanda > &, b > n we have

T*(u, a, b) — @+ <e. (4.29)
(c+Arrpur —Aop)l2—a) ~

The result follows now from (4.21) and (4.29).
Case 3: By (4.12) it holds

A2 L2
Y*(u,a,b)— Fo(u+a)
ct+ A — A2

A2 2
> For(u+a) (P@m)—1)
ct+ Ay — A2

770[ 1—«a
+F(2—a) (a+u) “"d(u).

As in the above cases we obtain that, for all ¢, &, n > 0 there exists an A > 0 such
that forallu > A anda > &, b > n we have

A
T*(u, a,b) — 2K2 Fa (u+a) > —e. (4.30)

c+ ALl — A2u2
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On the other hand,

Py A
2H2 Fa (u+a) < YTo(u,a) — 22 Fala+u)
¢+ ripy —A2p2

Y*(u,a,b) —
C+ A —Aaun

1
= et — Aapta :lzuz [For(@) (1 = Fapx®@w) — ) — Farla+u)]
al—ana

+ re—w (1= Paa @) — () } (4.31)

Since in this case we have lim (1 — P, 4 * ®(u) — (1)) = 0, using that 1 —
u— 00

Py.o * ®(u) is decreasing in a, it follows that

l—o o
. n _
im e (1= Py % ®u) — w(u))‘ -0, (4.32)

uniformly on {a > &}, for any & > 0. For the remaining term in (4.31), there holds
Fa (@) (1= Fap* ®w) —yw)
u
= Fa,1(a) [®(u) — Fap % Pu)] = Fz,l(a)/ (1= Far(u—y)) @(dy)
0

Forla+u—y)
Fy 1(a)

= (Fa,r(a+-) % ®)(u). (4.33)

— Fas(a) fo Fat(u— »)®(dy) = Fa.1(a) fo ®(dy)

Hence lim (F2,1(a + ) % <I>) (u) = 0 uniformly on {a > &} for £ > 0. Since
u— 00

Fyy(a) |1 — Fa % ®) — ¥ (u) — Far(a+u)
<[(Faoi(a+) % ®)(u) + Fa (@) Fa(a+u)],

and lim [(Fz,l(a +)xP)(u) + Far(a)Fa(a+ u)] = 0 uniformly on {a >
u— 00
&} for & > 0, we obtain that

Jm Fo y(a) |l — Farx®w) —yu) — Far(a+u)| =0, (4.34)

uniformly on {a > &}, £ > 0. Using (4.31), (4.32) and (4.34) we obtain that, for all
e, &, n > Othere exists A > O such that forallu > Aanda > &, b > n, it follows

A2 2

Y*(u,a,b) —
c+ A — Au2

Fri(u+a) <e. (4.35)

The result follows now from (4.30) and (4.35).
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Characterization of the Minimal Penalty )
of a Convex Risk Measure with e
Applications to Robust Utility

Maximization for Lévy Models

Daniel Hernandez-Hernandez and Leonel Pérez-Hernandez

Abstract The minimality of the penalty function associated with a convex risk
measure is analyzed in this paper. First, in a general static framework, we provide
necessary and sufficient conditions for a penalty function defined in a convex and
closed subset of the absolutely continuous measures with respect to some reference
measure [P to be minimal on this set. When the probability space supports a Lévy
process, we establish results that guarantee the minimality property of a penalty
function described in terms of the coefficients associated with the density processes.
These results are applied in the solution of the robust utility maximization problem
for a market model based on Lévy processes.

Keywords Convex risk measures - Fenchel-Legendre transformation - Minimal
penalization - Lévy process - Robust utility maximization

Mathematics Subject Classification 91B30, 46E30

1 Introduction

The definition of coherent risk measure was introduced by Artzner et al. in
their fundamental works [1, 2] for finite probability spaces, giving an axiomatic
characterization that was extended later by Delbaen [3] to general probability
spaces. In the papers mentioned above one of the fundamental axioms was the
positive homogeneity, and in further works it was removed, defining the concept of
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convex risk measure introduced by Follmer and Schied [4, 5], Frittelli and Rosazza
Gianin [7, 8] and Heath [10].

This is a rich area that has received a lot of attention and much work has been
developed. There exists by now a well established theory in the static and dynamic
cases, but there are still many questions unanswered in the static framework that
need to be analyzed carefully. The one we focus on in this paper is the charac-
terization of the penalty functions that are minimal for the corresponding static
risk measure. Up to now, there are mainly two ways to deal with minimal penalty
functions, namely the definition or the biduality relation. With the results presented
in this paper we can start with a penalty function, which essentially discriminate
models within a convex closed subset of absolutely continuous probability measures
with respect to (w.r.t.) the market measure, and then guarantee that it corresponds
to the minimal penalty of the corresponding convex risk measure on this subset.
This property is, as we will see, closely related with the lower semicontinuity of
the penalty function, and the complications to prove this property depend on the
structure of the probability space.

We first provide a general framework, within a measurable space with a
reference probability measure PP, and show necessary and sufficient conditions
for a penalty function defined in a convex and closed subset of the absolutely
continuous measures with respect to the reference measure to be minimal within
this subset. The characterization of the form of the penalty functions that are
minimal when the probability space supports a Lévy process is then studied.
This requires to characterize the set of absolutely continuous measures for this
space, and it is done using results that describe the density process for spaces
which support semimartingales with the weak predictable representation property.
Roughly speaking, using the weak representation property, every density process
splits in two parts, one is related with the continuous local martingale part of
the decomposition and the other with the corresponding discontinuous one. It is
shown some kind of continuity property for the quadratic variation of a sequence of
densities converging in L'. From this characterization of the densities, a family of
penalty functions is proposed, which turned out to be minimal for the risk measures
generated by duality.

The previous results are applied to the solution of the robust utility maximization
problem. The formulation of this problem, described formally in Sect. 6, is justified
by the axiomatic system proposed by Maccheroni et al. [17], which led to utility
functionals of the form

X — Qigg {Eq U (X)]+ ¢ (Q)]}. (1.1)

The elements of this display will be described in detail in the last section. For
previous works on this direction we refer the interested reader to the works
of Quenez [18], Schied [19] and Hernandez-Herniandez and Schied [11], and
references therein.
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The paper is organized as follows. Section 2 contains the description of the
minimal penalty functions for a general probability space, providing necessary and
sufficient conditions, the last one restricted to a subset of equivalent probability
measures. Section 3 reports the structure of the densities for a probability space
that supports a Lévy processes and the convergence properties needed to prove the
lower semicontinuity of the set of penalty functions defined in Sect. 4. In this section
we show that these penalty functions are minimal. The description of the market
model is presented in Sect. 5, together with the characterization of the equivalent
martingale measures and, finally, in the last section we solve the robust utility
maximization problem using duality theory.

2 Minimal Penalty Function of Risk Measures
Concentrated in Q « (P)

Given a penalty function v/, it is possible to induce a convex risk measure p, which
in turn has a representation by means of a minimal penalty function Iﬂ;. Starting
with a penalty function 1, we give in this section necessary and sufficient conditions
in order to guarantee that it is the minimal penalty within the set of absolutely
continuous probability measures. We begin recalling briefly some known results
from the theory of static risk measures, and then a characterization for minimal
penalties is presented.

2.1 Preliminaries from Static Measures of Risk

Let X : Q@ — R be a mapping from a set 2 of possible market scenarios,
representing the discounted net worth of the position. Uncertainty is represented
by the measurable space (€2, F), and we denote by X’ the linear space of bounded
financial positions, including constant functions.

Definition 2.1

(i) The function p : X — R, quantifying the risk of X, is a monetary risk measure
if it satisfies the following properties:

Monotonicity: If X < Y then p (X) > p(Y) VX, Y € X. 2.1)

Translation Invariance: p (X +a) = p(X) —aVa e RVYX € X. 2.2)
(i1)) When this function satisfies also the convexity property

POX+(1-NY)<dipX)+1—1)p¥)Vre[0,1] VX, Y € X,
(2.3)

it is said that p is a convex risk measure.
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(iii) The function p is called normalized if p (0) = 0, and sensitive, with respect
to a measure P, when for each X € L° (P) with P[X > 0] > 0 we have that

p(=X)>p(0).

We say that a set function Q : F — [0, 1] is a probability content if it is finitely
additive and Q (2) = 1. The set of probability contents on this measurable space
is denoted by Qon:. From the general theory of static convex risk measures [6], we
know that any map ¥ : Qconr — R U {400}, with infgeg, ., ¥(Q) € R, induces a
static convex measure of risk as a mapping p : 9, — R given by

p(X) := supgeo,,., {Eo[-X]1 - ¥(@Q)}. (2.4)

Here 9)1 denotes the class of measurable functions and )1, the subclass of bounded
measurable functions. The function v will be referred as a penalty function. Follmer
and Schied [5, Theorem 3.2] and Frittelli and Rosazza Gianin [7, Corollary 7]
proved that any convex risk measure is essentially of this form.

More precisely, a convex risk measure p on the space 9, (2, F) has the
representation

p(X)= sup {Eq[-X]—1v; (@)}, (2.5)
QEQCUVU
where
¥i(Q = sup Eg[-X], 2.6)
XeAp

and A, :={X € M, : p(X) < 0} is the acceptance set of p.

Remark 2.1 The penalty 1//‘:; is called the minimal penalty function associated to p
because, for any other penalty function ¢ fulfilling (2.4) , ¢ (Q) > I/f; (Q), for
all Q € Qcons- Furthermore, for the minimal penalty function, the next biduality
relation is satisfied

Y@= sup  {Eq[-X]—p(X)}, VQ €Qcon- 2.7)
XeMp(Q,F)

Let Q (2, F) be the family of probability measures on the measurable space
(2, F). Among the measures of risk, the class of them which representation
in (2.5) is concentrated on the set of probability measures Q C Q,p; are of special
interest. Recall that a function / : E C R® — R is sequentially continuous
from below (above) when {X,},cny 1+ X = lim,o0 I (X)) = I (X) (respectively
{(Xnlien ¥ X = limp 01 (X)) = 1 (X)). Follmer and Schied [6] proved that
any sequentially continuous from below convex measure of risk is concentrated on
the set Q. Later, Kritschmer [15, Prop. 3 p. 601] established that the sequential
continuity from below is not only a sufficient but also a necessary condition in
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order to have a representation, by means of the minimal penalty function in terms
of probability measures.

We denote by Q. (P) the subclass of absolutely continuous probability measure
with respect to [P and by O~ (P) the subclass of equivalent probability measure. Of
course, O~ (P) C Q(P) C Q (R, F).

Remark 2.2 When a convex risk measures in X' := L (IP) satisfies the property
p(X)=p ) if X =Y P-as. (2.8)
and is represented by a penalty function i as in (2.4), we have that

Q S Qcont \ Q;ﬁnt - ‘/f (Q) = o0, (29)

where QS is the set of contents absolutely continuous with respect to P; see [6,
Lemma 4.30 p. 172].

2.2 Minimal Penalty Functions

In the next sections we will show some of the difficulties that appear to prove the
minimality of the penalty function when the probability space (€2, F, P) supports a
Lévy process. We will also clarify the relevance of this property to get an optimal
solution to the robust utility maximization problem in Sect. 6.

In order to establish the results of this section we only need to fix a probability
space (€2, F,P). When we deal with a set of absolutely continuous probability
measures K C O« (P) it is necessary to make reference to some topological
concepts, meaning that we are considering the corresponding set of densities and
the strong topology in L' (P) . Recall that within a locally convex space, a convex
set K is weakly closed if and only if K is closed in the original topology [6, Thm
A.59].

Lemma 2.1 Lety : K C Q(P) — RU {400} be a function with infgexc ¥ (Q) €
R, and define the extension ¥ (Q) := oo for each Q € Qcons \ K, with K a convex
closed set. Also, define the function V, with domain in L! (P), as

00 otherwise.
Then, for the convex measure of risk p(X) :=  sup {EQ [—X]— ¥ (Q)}

QEQCUVU
associated with  the following assertions hold:
(a) If p has as minimal penalty y; the function  (i.e. Yy = ¥ ), then V is a proper
convex function and lower semicontinuous w.r.t. the (strong) L'-topology or
equivalently w.r.t. the weak topology o (Ll, L°°).
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(b) If W is convex and lower semicontinuous w.r.t. the (strong) L'-topology or
equivalently w.r.t. the weak topology o (Ll, L°°) , then

vlo.m =¥ lo.@)- (2.10)

Proof

(a) Recall that o (Ll, L°°) is the coarsest topology on L' () under which every
linear operator is continuous, and hence llléf (Z) == Ep[Z (—X)], with Z €
L', is a continuous function for each X € My, (Q, F) fixed. For § (K) :=
{Z : Z = dQ/dP with Q € K} we have that

\Iff( (2) = \Ifé( (2) 15c) (Z) + 00 X 1151y (£)

is clearly lower semicontinuous on & (K). For Z' € L' (P) \ 8 (K) arbi-
trary fixed we have from Hahn-Banach’s Theorem that there is a contin-
uous lineal functional [ (Z) with l(Z’) < infzesoyl (Z). Taking & =
é {inszWQ 1(Z2)—1 (Z’)} we have that the weak open ball B (Z’, 8) =
{Z eL'(P): |l (Z’) —1 (Z)| < s} satisfies B (Z’, 8) N§ (K) = &. Therefore,
lIJIX (Z) is weak lower semicontinuous on L' (P), as well as lIJZX z2) =
vX(Z)—p(X) . If

v Q =9y, Q= sup {/Z(—X)d]P’—P(X)},

XeMy(2,F)

where Z := dQ/dP, we have that ¥ (Z) = supxeon, (.7 {lllg( (Z)} is the
supremum of a family of convex lower semicontinuous functions with respect
to the topology o (Ll, L°°), and W (Z) preserves both properties.

(b) For the Fenchel-Legendre transform (conjugate function) ¥* : L*®° (P) — R
foreach U € L™ (P)

U (U) = sup {/ZUdIP’—\D(Z)’: sup {EqlUl-v¢ (@} =p(-U).
Zed(K) QeQcont

From the lower semicontinuity of ¥ w.r.t. the weak topology o (Ll, LOO) that
¥ = W** Considering the weak*-topology o (L°° P), L! (]P’)) for Z =
dQ/dP we have that

V(Q=¥(2Z)=v"(Z)= sup {/Z(—U)dP—W*(—U)}ZWZ(Q)-

UeL>™(P)

O
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Remark 2.3

1. As it was pointed out in Remark 2.2, we have that

Q € Qeont \ Qo = ¥ (Q) = +00 =¥ (Q).

Therefore, under the conditions of Lemma 2.1 (b) the penalty function ¥ might
differ from 1//2'; on QF,, \ Q. For instance, the penalty function defined as
Y (Q) := 00 x 19,0, (Q) leads to the worst case risk measure p(X) :=
supge g (p) Eg [—X], which has as minimal penalty the function

1//; (Q) =00 X IQcont\Qcﬁnt (Q) ’

2. Note that the total variation distance dry (Ql,(@z) = supAe]_-|(@l
[A] — Q*[A]|, with Q', Q% € Q. fulfills that dry (Q', Q%) <
||dQ1 /d]P’—sz/d]P’” 1~ Therefore, the minimal penalty function is lower

semicontinuous in the total variation topology; see Remark 4.16 (b) p. 163
in [6].

3 Fundamentals of Lévy and Semimartingales Processes

Let (€2, F, ) be a probability space. We say that L := {L;};cr, is a Lévy process
for this probability space if it is an adapted cadlag process with independent sta-

tionary increments starting at zero. The filtration considered is I := {}'ﬂp (L) } teR,>

the completion of its natural filtration, i.e. }'ﬂp (L) := o {Ls:s <t} VN where
N is the o -algebra generated by all P-null sets. The jump measure of L is denoted
by u: 2 x (B(R;y) ® B(Rg)) — N where Ry := R\ {0}. The dual predictable
projection of this measure, also known as its Lévy system, satisfies the relation
wP (dt,dx) = dt x v (dx), where v () := E [ ([0, 1] x -)] is the intensity or Lévy
measure of L.

The Lévy-1t6 decomposition of L is given by

Lo=bt+ W, + / xdiu—,up}+ / xuds,dx).  (3.1)
[0,t]x{0<|x|<1} [0,¢]x{|x|>1}

It implies that L¢ = W is the Wiener process, and hence [L€], = ¢, where (-)¢ and
[ -] denote the continuous martingale part and the process of quadratic variation of
any semimartingale, respectively. For the predictable quadratic variation we use the
notation (- ).

Denote by V the set of cadlag, adapted processes with finite variation, and let
VT C V be the subset of non-decreasing processes in V starting at zero. Let A C V
be the class of processes with integrable variation, i.e. A € Aifandonlyif \/~ A €
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L' (P), where \/6 A denotes the variation of A over the finite interval [0, ¢]. The
subset AT = AN VT represents those processes which are also increasing i.e.
with non-negative right-continuous increasing trajectories. Furthermore, A;,. (resp.
AZZ ) 8 the collection of adapted processes with locally integrable variation (resp.
adapted locally integrable increasing processes). For a cadlag process X we denote
by X_ := (X;_) the left hand limit process, where Xo_ := X by convention, and
by AX = (AX;) the jump process AX; := X; — X;_.

Given an adapted cadlag semimartingale U, the jump measure and its dual
predictable projection (or compensator) are denoted by uy ([0,7] x A) :=
> o< 1a (AUy) and /15, respectively. Further, we denote by P C F ® B(R})
the predictable o -algebra and by P:=P®B (Ro) . With some abuse of notation,
we write 8; € P when the function 0] : 2 x Ry x Ry — R is P-measurable and
0 € P for predictable processes.

Let

LU := {9 € P : I{tu},en sequence of stopping times with 7, 1 oo
Tn
andIE|:f92d[UC] <ooVn e N}
0

3.2)

be the class of predictable processes 6 € P integrable with respect to U€ in the
sense of local martingale, and by

A(U°) = {/%dUC 0 € »C(UC)}

the linear space of processes which admits a representation as the stochastic integral
with respect to U°¢. For an integer valued random measure 1’ we denote by G (// )
the class of functions 0] : @ x Ry x Rg — R satisfying the following conditions:

(i) 61 €P,
Gi) [ 1610l ()7 ), dx) < oo Vi >0,
Ro

(iii) The process
2
JZ if 01 (s, x) 1t/ ({s},dx) — [ 61 (s,x) () ({s}, dx)} € Af .
s=t | Ry

Ry
0 teRy

The set G (u') represents the domain of the functional 6; — [ 61d (,u/ - )P) ,
which assign to 61 the unique purely discontinuous local martingale M with

AM, = / 01 (t,x) ' ({t},dx) — / o1 (t,x) (W) e}, dx) .

Ro Ro
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We use the notation f 01d (M/ — (,u’ )P) to write the value of this functional in

6. It is important to point out that this functional is not, in general, the integral with
respect to the difference of two measures. For a detailed exposition on these topics
see He et al. [9] or Jacod and Shiryaev [12], which are our basic references.

In particular, for the Lévy process L with jump measure u,

Guy=161€P:] [> {61 (s. ALY 1k, (ALy) eAl t. 33

s<t
- IER+

since u” ({tr} x A) =0, for any Borel set A of Ry.
We say that the semimartingale U has the weak property of predictable represen-
tation when

Mioeo = A (US) + { [0 (o= uE) 00 e 0 wu)} : (3:4)

where the previous sum is the linear sum of the vector spaces, and M, o is the
linear space of local martingales starting at zero.

Let M and M, denote the class of cadlag and cadlag uniformly integrable
martingale respectively. The following lemma is interesting by itself to understand
the continuity properties of the quadratic variation for a given convergent sequence
of uniformly integrable martingale . It will play a central role in the proof of the
lower semicontinuity of the penalization function introduced in Sect.4. Observe
that the assertion of this lemma is valid in a general filtered probability space and
not only for the completed natural filtration of the Lévy process introduced above.

Lemma 3.1 For {M(”)}nEN C My and M € My the following implication
holds

! P
MY L Moo= MW M| 0.

n—oo o

Moreover,

1
M L Moo= [MW — M| —> 0 v
n— o0

t n—>00

Proof From the L' convergence of Még) to M, we have that {Még)}neN U{My}is
uniformly integrable, which is equivalent to the existence of a convex and increasing
function G : [0, +00) — [0, +00) such that

@) tm %P — oo,

X—>00 X
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and

() supEE [G (\Mg@

)] VE[G (IMs])] < oo.

Now, define the stopping times

t<u

T = inf{u > 0: sup M,(") — Mt‘ > k}.

Observe that the estimation sup,.yE [G (‘Mr(fﬁ)
k

)] < SuPneNE[G (‘Még) )]

implies the uniformly integrability of {Mr(fﬁ)] N for each k fixed. Since any uni-
k Jne
formly integrable cadlag martingale is of class D, follows the uniform integrability

of { } . for all k € N, and hence isuptq M(") M,
ne
1ntegrab1e This and the maximal inequality for supermartingales

1
> 8] : sup E HM’(H) — M,H}
5

IER+
yields the convergence of {sup,q ‘M @ - M,

} is uniformly
neN

IA

P |:sup Mt(") — M;

IER+

IA

s[ju - naf] o

in L! to 0. The second Davis’

inequality [9, Thm. 10.28] guarantees that, for some constant C,

Mt(n) _ Mt

E[\/[M(") — M]Ti’] < CE |:sup

n
=T,

]—)O Vk e N,
n—0o0

and hence [M™ — M]r” L, Oforallk e N.
—> 00

k n

Finally, to prove that [M m M ]oo E) 0 we assume that it is not true, and then
[M® —M]_ % 0 implies that there exist & > 0 and {ng}rey € N with

d ([M("k) - M]oo , 0) > ¢

for all k € N,where d (X,Y) := inf{e > 0:P[|X — Y| > ¢] < ¢} is the Ky Fan
metric. We shall denote the subsequence as the original sequence, trying to keep the
notation as simple as possible. Using a diagonal argument, a subsequence {n;};cy C

N can be chosen, with the property that d ([M(”") - M]r"" , O) < ]i foralli > k.
k
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Since

tim [M©0 — ), =[M™ —M]  P-as,

k— 00 T 00

we can find some & (n;) > i such that

d ([M("i) — m]

Then, using the estimation
llk

]ID [
Tk(m)
<P| 1 sup Mt("") — M,‘ >k,
teRy

d ([M("k) - M|

which yields a contradiction with ¢ < d ([M("k) — M]oo , 0). Thus, [M(") — M]oo

£ 0. The last part of the this lemma follows immediately from the first

statement. O

,[M("i)—M] )< 1.
00 k

Tk(n;)

[M(nk) _ M:I _ [M(nk) _ M:I

it follows that

k— 00

; [M(nk) — M] ”k) — 0,
Tk

Tk(nk)

Using the Doob’s stopping theorem we can conclude that for M € M and
an stopping time v, that M* € M, and therefore it follows as a corollary the
following result.

Corollary 3.1 For {M(”)}nEN C Moo, M € My and T any stopping time holds

1
MO 5 My = [M® — M| =0,

T

=[M® - M]_ > 0. o

Proof [(M("))T - Mf] = [M® — M]",

o]

3.1 Density Processes

Given an absolutely continuous probability measure ) < P in a filtered probability
space, where a semimartingale with the weak predictable representation property
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is defined, the structure of the density process has been studied extensively by
several authors; see Theorem 14.41 in He et al. [9] or Theorem II1.5.19 in Jacod
and Shiryaev [12].

Denote by D; := E [ Z%‘}',] the cadlag version of the density process. For

the increasing sequence of stopping times 1, := inf ’t >0:D; < rll } n > 1 and
70 := sup, T, we have D; (w) = 0Vt > 19 (w) and D; (w) > 0Vt < 19 (w) , i.e.

D = D1jo,, 3.5)

and the process

1

D 1y p_xoy is integrable w.r.t. D, 3.6)
§—
where we abuse of the notation by setting [D_— # 0]] := {(w,1) € Q x R :
D;_ (w) # 0} . Both conditions (3.5) and (3.6) are necessary and sufficient in
order that a semimartingale to be an exponential semimartigale [9, Thm. 9.41], i.e.
D = £ (Z) the Doléans-Dade exponential of another semimartingale Z. In that case
we have

o=inf{t >0: D, =0o0rD;, =0} =inf{t >0: AZ, = —1}. 3.7

It is well known that the Lévy-processes satisfy the weak property of predictable
representation [9], when the completed natural filtration is considered. In the
following lemma we present the characterization of the density processes for the
case of these processes.

Lemma 3.2 Given an absolutely continuous probability measure Q < P, there
exist coefficients 6y € L (W) and 61 € G () such that

dQ, dQ 0
= 1 b == Z ) .
dp, = qp, MOl (%) (3.8)

where Z,Q € Mo is the local martingale given by

z? .= /eodw+ / 01 (s, x) (u (ds, dx) — ds v (dx)), (3.9)
10,¢] 10,11xRg

and & represents the Doleans-Dade exponential of a semimartingale. The coeffi-
cients 6y and 0 are dt-a.s and ,u%,? (ds, dx)-a.s. unique on [[0, t9]] and [[0, to]] X Rg
respectively for P-almost all w. Furthermore, the coefficients can be chosen with
6o = 0 on Jltg, oo[[ and 61 = 0 on JJtg, oo[[ xR .
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Proof We only address the uniqueness of the coefficients 6y and 61, because the
representation follows from (3.5) and (3.6). Let assume, that we have two possible
vectors 0 := (fp, 01) and 6’ := (9(’), 0] ) satisfying the representation, i.e.

Dy1jo,1 = | Di— d{ f 6o (s)dWs+ [ 61 (s,x)(n(ds,dx) —ds v (dx))}
10,£]1xRo

= [ D,- d{ f 6, ()dWs+ [ 6] (s, x) (u(ds,dx) —ds v (dx))},
10,£]1xRg

and thus

AD; = DA / 01 (s, x) (u(ds,dx) —ds v (dx))
\0, 1Ry

=D;_A / 01 (s, x) (u (ds,dx) —ds v (dx))
\J0,1xRo

Since D;_ > 0 on [[0, o[, it follows that

A / 01 (s,x) (u(ds,dx) —ds v(dx)) | =A / 0{ (s,x) (u(ds,dx) —ds v(dx)) | .
0,7]xRo 0,1]1xRRg

Since two purely discontinuous local martingales with the same jumps are equal, it
follows

01 (s, x) (i (ds,dx) — ds v (dx))
10,2]1xRg

= / 01 (s, x) (u (ds, dx) — ds v (dx))

10,¢1x R

/D, d{/@o(s)dW}—/Dt d{/@o(s)dW}

10,7]

and thus

Then,

0= [/ Dsd{f]o ](9() ) — 6o (u))quH = f (Ds-)* {6, (s) — 6o (s)}zds
)8 t

10,7]

and thus 9(’) = 6@y dt-a.s on [[0, t9]] for P-almost all w.
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On the other hand,

0= </ {9{ (s, x) — 01 (s, X)} (u(ds,dx) —dsv (dx))>

t

= / {61 (s.x) — 61 (s, x)}2 v (dx)ds,

10,2]1xRo

implies that 0y (s, x) = 6] (s, x) uﬁf (ds, dx)-a.s. on [[0, 9]l X Rg for P-almost
all w. O

For Q « P the function 6 (w, t, x) described in Lemma 3.2 determines the den-
sity of the predictable projection ,ug (dt, dx) with respect to ,u%,? (dt, dx) (see He
et al. [9] or Jacod and Shiryaev [12]). More precisely, for B € (B (R+) ® B (Rop))
we have

uh (@, B) = /B (1461 (w, 1, X)) ub (dt, dx) . (3.10)

In what follows we restrict ourself to the time interval [0, T'], for some T >
0 fixed, and we take /' = JFr. The corresponding classes of density processes
associated to Q« (P) and Qx~ (IP) are denoted by D« (P) and Dx (P), respectively.
For instance, in the former case

dQ

D (P) := {D = {Di}ie0,17 - 3Q € Q« (P) with Dy = JP

}, (3.11)
Fi

and the processes in this set are of the form

D; = exp : [ 6dW+ [ 61(s,x)(n(ds,dx)—v(dx)ds)

10,7] 10,21xRg
—3 [ 60 ds} x (3.12)
10,7]

X exp [ {In(1+61(s,x)) — 61 (s, x)} w(ds, dx)
10,2]1xRg

forfy € L(W) and 61 € G (1).
The set D« (PP) is characterized as follow.

Corollary 3.2 The process D belongs to D« (P) if and only if there are 6y € L (W)
and 61 € G () with 61 > —1 such that D; = &£ (ZQ) (t) P-a.s. Vt € [0, T] and
Ep [€(27) (t)] = 1 Vt > 0, where Z9 (1) is defined by (3.9) .
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Proof The necessity follows from Lemma 3.2. Conversely, let 6y € £ (W) and 61 €
G (w) be arbitrarily chosen. Since D; = f D_d Zf € M, is a nonnegative local
martingale, it is a supermartingale, with constant expectation from our assumptions.
Therefore, it is a martingale, and hence the density process of an absolutely
continuous probability measure. O

Since density processes are essentially uniformly integrable martingales, using
Lemma 3.1 and Corollary 3.1 the following proposition follows immediately.

Proposition 3.1 Let {Q(")}neN be a sequence in Q. (P), with D(Tn) = d%(:) =

T

converging to Dy = f;% = in L' (P). For the corresponding density processes
T

D{" = Ep [ DY |7: | and D, := Bg [Dr | F; ), for 1 € [0, T}, we have

[p® - D]T So.

4 Penalty Functions for Densities

Now, we shall introduce a family of penalty functions for the density processes
described in Sect. 3.1, for the absolutely continuous measures Q € O« (P).

Leth : Ry— Ry and ho, h1 : R — R, be convex functions with 0 = £ (0) =
ho (0) = h1 (0). Define the penalty function, with 79 as in (3.7), by

T A1o

P (@) = E@[ [ (o (80 0) + [, 8 0.3 b 61 (.3)) v (d)) dr} 1o, (@
0

+OO X Iant\Q« (Q) ’
(4.1)

where 6, 0] are the processes associated to Q from Lemma 3.2 and § (¢, x) : Ry x
Ro — R; is an arbitrary fixed nonnegative function § (¢, x) € G (u). Since 9y = 0
on [[tp, oo[[ and 61 = 0 on [[tp, co[[ xRp we have from the conditions imposed to
h, ho, and h

T
# (@) = Eg [f (10 0 (1) + fg, 6 (1. x) b1 61 (.3)) v (@) dr} 1o, (@
0

+00 X 1Qc(mt\Q<< (Q) :
4.2)

Further, define the convex measure of risk

p(X):= sup {Eg[-X]-2(Q]}. (4.3)
QeQ«®
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Notice that p is a normalized and sensitive measure of risk. For each class of
probability measures introduced so far, the subclass of those measures with a
finite penalization is considered. We will denote by Q”, Q7 (P) and QY (P) the
corresponding subclasses, i.e.

Q" :={Qe Q:¥(Q <oo}, QL(P) := Q" N Q«(P)and
QL(P) := Q7 N O~ (P). (4.4)

Notice that Q2 (P) # @.

Next theorem establishes the minimality on Q« (P) of the penalty function
introduced above for the risk measure p, its proof is based on the sufficient
conditions given in Theorem 2.1. This result is relevant to obtain one of the main
results of this paper, namely Theorem 6.1.

Theorem 4.1 The penalty function ¥ defined in (4.2) is equal to the minimal
penalty function of the convex risk measure p, given by (4.3), on Q« (P), i.e.

o @ = Vylo.@)-

Proof From Lemma 2.1 (b), we need to show that the penalization ¢ is proper,
convex and that the corresponding identification, defined as ® (Z) := ¥ (Q) if
Zes (Q<< (IP’)) = {Z e L'(P): Z =dQ/dP withQ € Q« (]P’)} and © (Z) := o0
onL'\§ (Q<< (]P’)), is lower semicontinuous with respect to the strong topology.
First, observe that the function ¢ is proper, since ¢ () = 0. To verify the
convexity of ¥, choose Q, Q € Q’é and define Q* := AQ+(1 — A) Q, for A € [0, 1].
dQ*

Notice that the corresponding density process can be written as D := JP

AD+ (1 —1) D P-as. . s
Now, from Lemma 3.2, let (6o, ¢1) and (6o, 01) be the processes associated to Q
and Q, respectively, and observe that from

Dy =1+ / D;s_6g (s)dW; + / D;_01 (s,x)d (u(ds,dx) — dsv (dx)))
[0,¢] [0,¢]xRo

and the corresponding expression for D we have for t} = inf ’t >0: D} < ,11 ]

S

X
tAT)

PR SO ADs—00(s)+(1—=2) Dy—Bo(s)
/ (Ds—) dDS - / ()»DS,+(1—)L)BS,) de +

INAT,

0 0

2D;5—61(s,x)+(1=2) Dy 1 (s,x) _ P
/ (ADy—+(1-1)D;) d(“ “P>‘

[0.tAT2 ] xR
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A -
The weak predictable representation property of the local martingale f(; A (DL) !
dD?, yield on the other hand

>

A

1AT) 1AT)

-1
f(Dﬁ,) dD" = f oL (s) dWy + / ef(s,x)d(u—ug,?),
0 0 [0,1AT2 ] xR

where identification

AD;_6) (s) + (1 — 1) Dy—8o (5)

A _
% )= (ADs_ + (1= 2) D)

3

and

0% (5. x) = ADs_01 (s, x) + (1 — ) Ds_81 (s, x)
e (ADy— + (1 = 2) Ds-) :

This is possible thanks to the uniqueness of the representation in Lemma 3.2. The
convexity follows now from the convexity of %, hp and /1, using the fact that any
convex function is continuous in the interior of its domain. More specifically,

[0,7]

?(Q") < Eg [ L Gt b (ho (60 (5))

+ [8(s,x)h1 (1 (s,x)v (dx)) ds]

Ro

(1-2)Dy a
tEqp [[ofr] (wﬁ(lfx)ﬁv)h (ho (fo (5))

+ f 8 (s, x) hl(gl (s, x))v (dx)) ds:|

Ry

=/ Mg ho (B (5))
o710 (ADs + (1 — 1) Dy)

+ [ 8(s,x) h1 (61 (s, X)) v (dX)>
Ry
x (ADs + (1= 1) Dy) 1 4 (135, ~0)dPds

(1 — 1) Dy
+ ~
lo,les{ (ADs + (1 — 1) Dy

)h (ho (@ (5))
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+ [ 8(s,x)h1 (61 (s, x))v (dx))

Ry
x (ADs + (1= 1) Ds) 1 4 (1235, ~0ydPds
=2 (Q+ (1 -1 (Q),

where we used that

{/ (t,x)hy (61 (t,x))v (dx)} and {/ 8 (1, x) h1(51 (t,x))v (dx)}
Ro Ro

teRy teRy

are predictable processes.
It remains to prove the lower semicontinuity of ®. As pointed out earlier, it is

enough to consider a sequence of densities Z™ := d%l) €6 (Q<< (]P’)) converging

in L' (P)to Z := ‘31% Denote the corresponding density processes by D™ and D,
respectively. In Proposition 3.1 it was verified the convergence in probability to zero
of the quadratic variation process

[D(") _ D]T = /T{Dﬁ")eg") (s) — Dy_6o (s)}zds
0

2
+ / {Di@@f") (s,x) — Ds_01 (s, x)} w(ds,dx).
[0,T]xRo

This implies that

2
I |D§"39(g"> (s) — Ds_6p (s)} ds 50,

and , (4.5)
I {Dﬁ’?@f") (s, x) — Dy_04 (s, x)} 1 (ds, dx) 5 0.
[0,T]xRo

Then, for an arbitrary but fixed subsequence, there exists a sub-subsequence such
that IP-a.s.

271
[D"6" )~ Dby )] =0

and

]2 L'(w

[D@6" (5. 1) — D61 5. 0] =% 0,
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where for simplicity we have denoted the sub-subsequence as the original sequence.
Now, we claim that for the former sub-subsequence it also holds that

D™ (5) "5 Dy 6y (s),
4.6)

Mx -a.s.

D"6™ (s, x) Dy_0 (s, x) .

We present first the arguments for the proof of the second assertion in (4.6).
Assuming the opposite, there exists C € B ([0, T])®B (Ro) ® Fr, with u xP [C] >
0, and such that for each (s, x, w) € C

2
lim {Dg’i)ef") (s, x) — Dy_0, (s, x)} —c#£0,

n—o00

or the limit does not exist.
Let C(w) = {(t,x) €[0,T] xRg: (¢, x,w) € C} be the w-section of C.
Observe that B := {w € @ : u[C (w)] > 0} has positive probability: P [B] > 0.
From (4.5), any arbitrary but fixed subsequence has a sub-subsequence converg-
ing [P-a.s. Denoting such a sub-subsequence simply by n, we can fix w € B with

(n) () 2
/ !D 6" (5, x) — Dys_ (s,x)} du (s, x)
C(w)

2
< f [P0 (5,%) = Dyt (5.0) | dp (s, %) — 0,
0,T1xRg n—00

2
and hence {D(")Q(") (s,x) — Ds_6 (s, x)] converges in p-measure to 0 on
C (w) . Again, for any subsequence there is a sub-subsequence converging p-a.s.

to 0. Furthermore, for an arbitrary but fixed (s, x) € C (@), when the limit does not
exist

2
a:= 11m1nf{D(")9(") (s, x) — Dy_0) (s, x)}

2
# lim sup {D(")O(") (s,x) — Ds_01 (s, x)} =:b,

n—oo

and we can choose converging subsequences z (i) and n (j) with

) n(i) an() 2
lim {DS, 01D (5, x) — Ds_0) (s,x)} —a

i—00

2
lim {D’“”@"(” (5. x) — Dy_0, (s,x)] — b.

j—o0
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From the above argument, there are sub-subsequences n (i (k)) and n (j (k)) such
that

. . 2
¢ = lLim {D’?“("”ef(’("” (s, %) — Ds_6; (s,x)} —0

s—
k— 00

. . 2
b= lim {D"(f("”ef(f("” (s, x) — Dy_6; (s,x)] =0,

S—
k— 00

which is clearly a contradiction.
For the case when

2
lim {Dﬁ’i)e{") (5, x) — Dy_04 (s, x)} —c#£0,
n—>oo

the same argument can be used, and get a subsequence converging to 0, having a
contradiction again. Therefore, the second part of our claim in (4.6) holds.

Since DA@@{") (s,x), Ds_01(s,x) € G(u), we have, in particular, that

Di"j@l(n) (s,x) € P and Dg_01 (s, x) € P and hence C € P. From the definition of
the predictable projection it follows that

Ozux]P’[C]z/ f lc(s,w)dudIP’zf / 1c (s, @) dub dP

Q [0,T1xRg Q [0,T]xRg
= // / 1c (s, w) dsdvdlP =1 x v x P[C],
Q Ro [0,T]
and thus

AxvxP-as.

D6 (s, x) IS Dy (s, x) .

Since

/ ‘Dt('i)—D,_‘d]P’xdtz / ‘Dt(”)—D, dP x dt — 0,

Qx[0,T] Qx[0,T]

we have that

L'(.xP) L(GxP)
’Dt(z)}tE[OT] — {Di-}ieo,r) and {D’(n)] — Dreoy-

tel0,T]
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Then, for an arbitrary but fixed subsequence {ni};cy C N, there is a sub-
subsequence {ny; },_; C N such that

D) (1) U b gy (1),
Dt(iki) Aﬁ.s. D,_,
Dt(nki) Aﬁ.s. D[.

Furthermore, Q < P implies that A x v x Q < A x v x PP, and then

D" o) (1, 1) G by gy (1, x),
Dt(iki) AxnﬁQg—a.s. D,_.

and

pl) Gas @.7)

Finally, noting that inf D; > 0 Q-a.s.

") (1,0 S g, (1 x). (4.8)

The first assertion in (4.6) can be proved using essentially the same kind of ideas
used above for the proof of the second part, concluding that for an arbitrary but fixed
subsequence {ny}ren C N, there is a sub-subsequence {nki } o C Nsuch that

i

] AxQ-a.s.
[bi] iy, @2
t€[0,T]
and
. AxQ-as.
{Oénkl) (I)} = {60 (D} ier0,7] - (4.10)
t€[0,T]

We are now ready to finish the proof of the theorem, observing that

lim inf (Q(">) — liminf / {h (ho (95’“ (t)) + / 5(t, %)
n—oo n—0o0
Qx[0,T] Ko

xh (6" (1, 3)) v (@) | Dls(j)d x Q).
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Let {ni}rezy € N be a subsequence for which the limit inferior is realized.
Using (4.7)—(4.10) we can pass to a sub-subsequence {nki }i <y C N and, from the
continuity of 4, hgandhy, it follows

liminf & (Q"”)

n n (" i)
> / liminf | {4 | ho (95 k")(z)) +/8(t,x)h1 (91( ki)(t,x))v(dx) Dfo d (. x Q)
Qx[0,T] l Ro
> h (ho (6o () +/ hy (01 (1, X)) v (dX)) d(xQ)
Qx[0,T] Ro
=7 (Q. o

5 The Market Model: General Description and Martingale
Measures

Let us now consider the stochastic process Y; with dynamics given by

Y, = / agds+ f Bod Wi+ / y (5.2) (1 (ds, dx) — v (dx) ds),  (5.1)

10,¢] 10,¢] 10,¢]1xRo

where « is an adapted process with left continuous paths (cag), 8 is cadlag with

B e L(W),andy € G (). Throughout we assume that the coefficients «, 8 and y
fulfill the following conditions:

(ADO<c<|B| VteR, Pas..

T (a)? .
(A2) [y (ﬂZ) du € My i.e. bounded.
(5.2)
(A3)y (1, AL) x 1gy (AL = —1 Vi Ry P-a.s. .

(Ad) {y (t, AL) 1R, (ALI)}IER+ is a locally bounded process.

The market model consists of two assets, one of them is the numéraire, having
a strictly positive price. The dynamics of the other risky asset will be modeled as a
function of the process Y; defined above. More specifically, since we are interested
in the analysis of problem of robust utility maximization, presented in the next
section, the discounted capital process can be written in terms of the wealth invested
in this asset, and hence the problem can be written using only the dynamics of the
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discounted price of this asset. For this reason, throughout we will be concentrated
in the dynamics of this price.

The dynamic of the discounted price process S is determined by the process Y as
its Doleans-Dade exponential

Sy = 505 X, (5-3)

where & represents the Doleans-Dade exponential of a semimartingale; condition
(A 3) ensures that the price process is non-negative. This process is an exponential
semimartingale if and only if the following two conditions are fulfilled:

(i) S =S1jo,q, forr :=inf{r >0:S, =0o0r S, =0},
5.4)
(i) s,l, 1ps_-op is integrable w.r.t. S,

where [S_ # 0]] := {(w,1) € @ x R} : S;— (w) # 0} . The first property in (5.4)
is conceptually very appropriate when we are interested in modelling the dynamics
of a price process. Recall that a stochastically continuous semimartingale has
independent increments if and only if its predictable triplet is non-random. There-
fore, in general, the price process S is not a Lévy exponential model, because
[Yeyl, = fé (ﬁu)2 du does not need to be deterministic. However, observe that the
price dynamics (5.3) includes Lévy exponential models, for Lévy processes with
AL = 1.
For the model (5.3) the price process can be written explicitly as

St =Soexpy [ agds+ [ BdWs+ [y (s,x)(u(ds,dx) —v(dx) ds)
10,7] 10,7] 10,11xRq

3 [ (B)*ds
10,¢]

X eXP{ [ n(d+y(s,x)—y (s, 0)}uds,dx) .
10,¢1x Ry
(5.5)

The predictable cadlag process {n:},cr,, satisfying the integrability condition

fot (115)% ds < oo P-as. forall 1 € R, shall denote the proportion of wealth at time
t invested in the risky asset S. For an initial capital x, the discounted wealth X; ™
associated with a self-financing investment strategy (x, =) fulfills the equation

X, ! Xzfﬂu
X7 =x+ 1ys_2opd Sy. (5.6)
0 Su—

We say that a self-financing strategy (x, 7) is admissible if the wealth process
X7 > 0forallt > 0. The class of admissible wealth processes with initial wealth
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less than or equal to x is denoted by X (x) . In what follows we restrict ourself to
the time interval [0, T'], for some T > O fixed, and take F = Fr.

Let us recall briefly the notation introduced in Sect. 3.1. Denote by Q () the
subclass of absolutely continuous probability measures with respect to P and by
O~ (IP) the subclass of equivalent probability measures. The corresponding classes
of density processes associated to Q. (P) and O~ (P) are denoted by D (P) and
Dx (IP), respectively. The processes in the class D« (IP) are of the form

Dy =expi [ 6odW + [ 01(s,x) (u(ds,dx) — v (dx)ds)
10,7] 10,2]1xRo

=3 S0y 60)° dS] x (5.7)

xexp{ [ {In(1+6i(s,x)) — 01 (s,x)} u(ds,dx) ¢,
10,11xRq

for6p € L(W) and 01 € G (). If [0 (s,x) u(ds,dx) € Ajoe (P) the previous
formula can be written as

1
D; = exp /GodW—z / (6o (5))* ds (5.8)
10,¢] 10,¢]

+ / In(1+6;(s,x))u(ds,dx) — / 01 (s, x)v(dx)ds
10,£]1xRg 10,21xRg

Next result characterizes the class of equivalent local martingale measures
defined as

Qelmm = {Q € Q%(]P)) X (1) C Mloc (Q)} = {Q € Q%(]P)) :Se Mloc (Q)}
5.9

Observe that (A 4) is a necessary and sufficient condition for S to be a locally
bounded process. This property is crucial in order to obtain the former equality
in (5.9). The class of density processes associated with Qg is denoted by
Detmm (P) . Kunita [16] gave conditions on the parameters (6p, #1) of a measure
Q € Q= in order that it is a local martingale measure for a Lévy exponential model
i.e. when § = £ (L). Observe that in this case Qejpm (S) = Qeimm (L) . Next
proposition extends this result, giving conditions on the parameters (6p, #1) under
which an equivalent measure is a local martingale measure for the price model (5.3).

Proposition 5.1 Given Q € Qx, let 69 € L(W) and 6 € G (u) be the
corresponding processes describing the density processes found in Lemma 3.2.
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Then, the following equivalence holds:

Q € Qeimm < ay + Bi6y (1) + / y(,x)01 (t,x)v(dx) =0Vt >0 P-as.
Ry
(5.10)

6 Robust Utility Maximization

The goal of the economic agent, with an initial capital x > 0, will be now to
maximize the penalized expected utility from a terminal wealth in the worst case
model. Given a penalty function ¢, this means that the agent seeks to solve the
associated robust expected utility problem with value function

u)= sup inf {[Eq[UXp)]+2Q]}, (6.1)
XeX(x) Qe Q% (P)

where Qi = {Q <« P: ¥ (Q) < oo} for a fixed reference measure P; see (4.2).
A utility function U : (0,00) —> R will be hereafter a strictly increasing,
strictly concave, continuously differentiable real function, which satisfies the Inada
conditions, namely U’ (0+) = 400 and U’ (c0o—) = 0.

The Fenchel-Legendre transformation of the function —U (—x) is defined by

V (y) = sup{U (x) — xy}, y > 0. (6.2)

x>0

This function V is continuously differentiable, decreasing, and strictly convex,
satisfying: V' (04) = —oo, V' (00) = 0, V (0+) = U (00), V (c0) = U (0+).
Further, the biconjugate of U is again U itself, i.e.

U(x):ing{V(y)—l—xy}, x > 0.
y>

For a fixed prior measure (Q, in Kramkov and Schachermayer [13] the dual problem
was formulated in terms of the value function

= inf {Eg[V (Y , 6.3
vg () Y;g‘}Q(y){ oV (rml} (6.3)

where
Yo () :={Y>0: Yo =y, YX Q-supermartingale VX € X (1)}. (6.4)

A similar problem was studied in [11] for diffusion processes and the logarithmic
utility function.
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Remark 6.1 To guarantee that the Q-expectationsin (6.1) and (6.3) are well defined,
we extend the operator Eg [U (-)] to £, as in Schied [19, p. 111], in the following
way

Eq[X]:=supEq[X Anl= lim Eq[X An] X eL%(Q,F). (6.5)
neN n—

The corresponding dual value function, in the robust setting, is defined by

v(y):= inf {vo )+ (@} . (6.6)

€Qx

In the rest of this section the connection between the penalty functions (4.1) and
the existence of solutions to the penalized robust expected utility problem (6.1) is
established. The first step in this direction is to notice that given Theorem 4.1, where
the minimality of the penalty function was proved, it is possible to write the primal
problem (6.1) as

u(x)= inf sup {Eq[UXn)]+?@Q]}.
QeQ% (P) XeX(x)

See Schied [19, Theorem 2.3]. Then, based on the duality theory for solving the
classical optimal investment problem, the dual problem (6.6) is solved using the
analogous sufficient conditions introduced by Kramkov and Schachermayer [13].
More precisely, for the class of utility functions described at the beginning of this
section, when

vg (y) < oo forall Q €Q? and y >0, (6.7)

where Q7 := {Q ~ P : 9 (Q) < oo} and ¢ is the minimal penalty function of the
associated convex measure of risk, we are able to conclude that there exists an
optimal solution to the dual problem (6.6), from which we can obtain an optimal
solution to (6.1), using Schied [19, Theorems 2.3 and 2.5]. For the proof of the
main result of this section, namely Theorem 6.1, we shall verify that these sufficient
conditions are satisfied.

6.1 Penalties and Solvability

Let us now introduce the class

£:= (0, 6M), £ cLw), €V egG(u, with
C=3¢ (ZS) Cap ,Btét(o) + f y (t,x) ED (¢, x) v (dx) = 0 Lebesgue vVt ( >
R
0 (6.8)
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where

z8 = / EOqw + / £D (5, x) (u (ds, dx) — ds v (dx)) .
10,7] 10,11xRy
Observe that D, (P) € C C YVp (1); see (6.4) for the definition of Mp (1). This

relation between these three sets plays a crucial role in the formulation of the dual
problem, even in the non-robust case.

Theorem 6.1 For g € (—oo, 1)\ {0}, let U (x) := 'x? be the power utility
function, and consider the functions h, hy and hy as in Sect. 4, satisfying the
following conditions:

h (x) > exp (K1x2) — 1 where k) :=1Vv 2 (2p2 + p) T and p := 1zq,
ho (x) = |x],
hy(x) > ‘i‘ ,for ¢ as in assumption (A1) .

Then, for the penalty function

T

Uxa (Q) :=Eq /h<ho (% (t))+/R ly (r, x)| h1 (61 (I,X))v(dX)) dtr |,
0
0

the penalized robust utility maximization problem (6.1) has a solution.

Proof The penalty function ¥,¢ is bounded from below, and by Theorem 4.1
equals on Q. (IP) the minimal penalty function of the normalized and sensitive
convex measure of risk defined in (4.3). Therefore, we only need to prove that
condition (6.7) holds. In order to prove that, fix an arbitrary probability measure

Q e Qi‘q = {Q~P: 84 (Q) < oo} and let & = (g, 1) be the corresponding
coefficients obtained in Lemma 3.2.

(1) In Lemma 4.2, Schied [19] establishes that even for Q € Q, with density
process D, the next equivalence holds

Yedop() & YDelp(y).

Therefore, for Q € Qiéq , with coefficient 8 = (6, 01), it follows that

wor gt oo o) <l G )}



162 D. Hernandez-Hernandez and L. Pérez-Hernandez

(2) Define

&ri= oy + B0 (1) +/ y (t,x)01 (1, x)v (dx),

Ro

the process involved in the definition of the class C in (6.8).

When ¢; is identically zero for all + > 0, Proposition 5.1 implies that
Q € Qeimm- However, for Q € Qg the constant process Y = y belongs
to Vg (), and it follows that vg (y) < oo, for all y > 0. In this case the proof
is concluded.

If & is not identically zero, consider £ := 6y () — g, and g :=0,. Since

{1 / y(t,x)@l(t,x)v(dx)} ePpP
B Ro tel0,T]

and

T

oo>z§‘xq((@)ZEQ /(

0

2
1/ y (t,x)0; (t,x)v(dx)) dt | — T,
ﬂl‘ Ro

it follows that { o ey .2) 61 (t,x)v(dx)} L€ L(W) for W a Q-

1€[0,T]
Wiener process and thus also £ € £ (W’) . Moreover, for £ = (§©, 1) we
have that £ (ZE) eC.
Using Girsanov’s theorem, we obtain further

S e[ (e () ]

(3) The Cauchy-Bunyakovsky-Schwarz inequality yields

sl v iy )]

2
= v Bg|expip [ (5)aw +5 [ (5) dt}:|
10,T] 10,T]

1
IlJyp]EQ[exp{ZP J (fﬂtr)dW’_@zaZ / (Zﬁ)zdt”z (6.9)

10,T] 10,T]

IA

1

XEQ[exp!(4§2+p) S (gft)zdtHz

10,T]
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On the other hand, the process

&t , 4[72 / (8;)2
exp 32 dw'’ — dt € Mjoe
P ”/ <ﬁ> > ] s toc (@)
10,T] 10,T]

is a local Q-martingale and, since it is positive, is a supermartingale. Hence,

4p? 2
Eg | exp Zp/(;t)dW/— ’2’ /(;’) art | <.
10,T] ' 10,T] '

2
Therefore we need only to take care about Eq [exp { (4’2’2 + p) f]o T (,85’[, )

dt ” in order to have the desired integrability. From assumption (A 2) we have

Eg [exp{(2p2 + p) 2/}01] ( )2dt” <cC,

o

B

and thus
so[ew{ (0 +0) [ (3) )] < crafernf2(2+1)
z ’ 2
) dt

1

X 6o ()| +

/ ( B
0

Finally, observe that for Q € Q , using that it has finite penalization

e (Q) < oo and Jensen’s inequality, we have

/ y (t,x)01 (t, x) v (dx)
Ro

— T 2

/ ho(é’o(t))+/|)/(t,X)|h1(91 (t,x)v(dx) | dt

0 Ro
/ v (t,x)
| Ry

K1

oo > Eg | exp T

T
1
> Eq | exp 2P +p /(|90(l)|+|/g
t

0

6, (t, x) v (dx)l)zdt}] .
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From the last two displays it follows that the r.h.s. of (6.9) is finite and the
theorem follows. m|

Next theorem establishes a sufficient condition for the existence of solution to
the robust utility maximization problem (6.1) for an arbitrary utility function.

Theorem 6.2 Suppose that the utility function U is bounded above by a power
utility U, with penalty function ¥xq associated to U as in Theorem 6.1. Then, the
robust utility maximization problem (6.1) for U with penalty ¥+« has an optimal
solution.

Proof Since U (x) := ;x_q >U (x) forall x > 0, for some g € (—o0, 1)\ {0} the
corresponding convex conjugate functions satisfy V (y) > 1% (y) foreachy > 0. As

it was pointed out in Remark 6.2, we can restrict ourself to the positive part VT (y) .
From Proposition 6.1, we can fix some Y € Vg () such that Eg [V (Y7)] < oo for

any Q EQZ‘C’ and y > 0, arbitrary, but fixed. Furthermore, the inequality V (y) >
V (y) implies that their inverse functions satisfy (V+)(_l) (n) > (V"’)(il) (n) for
all n € N, and hence

o0

ZQ [YT = (‘7+)(_1) (”)] = i@ [YT < (V+)(71) (n)] < 00.

The ~M0ments Lemma (Eq[|X]] < o0 & Z;’lil(@[|X| >n] < 00) yields
Eg [V+ (YT)] < 00, and the assertion follows. |

From the proof of Theorem 6.2 it is clear that the behavior of the convex
conjugate function in a neighborhood of zero is fundamental. From this observation
we conclude the following.

Corollary 6.1 Let U be a utility function with convex conjugate V, and ¥ a
penalization function such that the robust utility maximization problem (6.1) has
a solution. For a utility function U such that their convex conjugate function

V is majorized in an g-neighborhood of zero by V, the corresponding utility
maximization problem (6.1) has a solution.

Remark 6.2 When the conjugate convex function V is bounded from above it
follows immediately that the penalized robust utility maximization problem (6.1)
has a solution for any proper penalty function #. This is the case, for instance, of the

power utility function U (x) := ; x4, for g € (—o0, 0), where the convex conjugate

function V (x) = })x"’ <0, with p := ﬁq.
Next we give an alternative representation of the robust dual value function,
introduced in (6.6), in terms of the family C of stochastic processes.
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Theorem 6.3 For a utility function U satisfying condition (6.7), the dual value
function can be written as

. . £(z%),
v(y) = 1nf19 infeec 1Eq |V |y e + 9 (Q)
QeQx . (sz) (6.10)
DRSS

Proof Condition (6.7), together with Lemma 4.4 in [19] and Theorem 2 in [14] ,
imply the following identity

v(y) = Qingfﬁ {inf@egdmm((@) {Eq [V (ydQ/dQ)]} + v (Q)} :

Since Deymm (P) C C, we get

v(y) > inf {inf {EQ |:V (f({f}h)“ + 0 (@)}
QeQ? lgeC br (6.11)
3
i el (42

Finally, from Lemma 4.2 in Schied [19] and C C Yp (1) follows

i le v (€@
v@(y)_gnelc Q y D;@ ,

and we have the inequalities (6.11) in the other direction, and the result follows. O

6.2 The Logarithmic Utility Case

The existence of solution to the robust problem for the logarithmic utility function
U (x) = log (x) can be obtain using the relation between this utility function and
the relative entropy function. Let A, ko and & be as in Sect. 4, satisfying also the
following growth conditions:

h(x) > x,
1
ho (x) > 2x2,

hi (x) = {lx| vxIn(l+x)} 11,0 () +x (1 +x) 1r, (x).



166 D. Hernandez-Hernandez and L. Pérez-Hernandez

Now, define the penalization function

T
B10g (Q) := Eg [ [ 1 (1o B0 (1) + fiy Bt 61 .0) v (@) dt} lo. (@
0

+00 X IQconr\Q<< (Q) :
(6.12)

Remark 6.3 Notice that when Q € Qié"g (P) with coefficient § = (0, 01) has a
finite penalization, the following Q-integrability properties hold:

(6.3.1) [ 61t x)uf dt,dx) e L1 (Q)

[0,T1xRy
63i) [ {1+6; 0} In(1+6) ¢, x)pk (dt dx) e L1 (Q)
[0,T1xRy
(6.3ii) [ In(1+6; (s, x)) p(ds,dx) € L' (Q)
[0,T1xRy
(6.3.iV)EQ|: f ln(1+91)du:|=IEQ|: f {1n(1+91)}(1+91)duﬁp?}
10,T1xRo 10,T1xRo

In addition, for Q € Qi‘”g (") we have

63v) [ Oi(s,x)pu(ds,dx) <ooP—a.s.
[0.T]xRg

For Q € Q«(P), the relative entropy function is defined as
H@Q|P) = E [D;@ log (D;@)] .
Lemma 6.1 Given Q eQilOg (P), it follows that
H(QIP) = dhog (Q) .

Proof For Q eQi“’g (P) we have that 6y is integrable w.r.t. W’ a Q-Wiener process
as an square integrable martingale. Further Remark 6.3 implies that

1 T
H(@Q|P) =Eg 2/ (60)% ds + / In (1 + 61 (s, x))  (ds, dx)
0 10,T1x Ry

T
—//01 (s,x)v(dx)ds

0 Ro
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T

<Eg / ;(OO)st—I—/{ln(l—i—Ql (s, X))} 01 (s, x) v (dx) } ds
0 Ro

= ﬂlog (@) .

O

Using the previous result, the existence of solution to the primal problem (6.1)
can be concluded.

Proposition 6.1 Let U (x) = log (x) and thog be as in (6.12). Then the robust utility
maximization problem (6.1) has an optimal solution.

Proof Again, we only need to verify that condition (6.7) holds. Observe that, for
each Q € Qik’g (IP), we have that

Q

v (¥) < inf {E DY log br —log(y) — 1
T geC r E (ZS)T

Also, Proposition 5.1 and the Novikov condition yield for EeC withe® .= — %

s

and ’§<1> := 0, that @ € Qelmm, Where d@\d]P’ = D? =& (ZE)T . Further, from

Lemma 6.1 we conclude for Q eQi“’g (IP) that

Q 7 r 2
D ‘ 1 ‘

E|D%log( "L )| =H@IP)+Eg /a‘9§°>ds+ / %) ds | < oo
Dt / 2) \s.

T

and the claim follows. O
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1 Introduction

Among the most common payoff functions existing in the literature in the general
theory of dynamic games we can mention the (finite-horizon) Bolza-type payoff and
the well-known (infinite-horizon) discounted and average payoffs. The key features
of these two last criteria is that, whereas the discounted payoff only focuses on
earlier revenues, the average reward ignores these and pays attention only to the
asymptotic behavior of the utilities. A drawback of these points of view is that
they do not consider what happens in the mid-run. For example, there can be N-
tuples of strategies (N represents the number of players in the game) that might
be “optimal” for all the players in the infinite-horizon average criterion, but in turn,
they provide low profits (and/or high costs) to the players at any finite period of time.
From another angle, there exist several applications in which the (infinite-horizon)
discounted payoff criterion is used to model the real or present value (at the current
time) of a company; the key ingredient is the use of a discount factor. However, in
some other situations, this criterion might be used for some other purposes; one of
them is to regard it as an estimate of criteria without discount.

To fix ideas, suppose we have a game such that 7 = (71 --- , ) represents
an N-tuple associated to some choices of the players (i.e., ; corresponds to the
strategy of player i), and denote by r; the associated payoff rate function of player
i (for illustrative purposes let us assume for the moment that all players have the
same reward rate; i.e., r; = r foralli = 1, - -- N). The expected undiscounted and
discounted payoffs of & for each player are defined, respectively, as

e¢]

V(7) = E/oor(xﬁ(t))dt, and V() = E/ e~ r (X7 (1))dt,
0 0

where x7 (t) represents the state of the process under the policy 7 at time ¢, and
a > 0is a given constant. A very important property of V; is that, under mild
assumptions, it is finite-valued; whereas the former requires very strong hypotheses
to possess this feature. In this sense, if one is interested in studying optimality under
the criterion V, one may regard such criterion as the limit of some sequence of Vg
in the following sense:

Va, (@) = V() as {ax)y 1 0. (1.1

However, even when one can provide optimality results (Nash equilibria) to V,, for
some fixed and of course positive and even small «, it turns out that this V,, regarded
as an estimate of V, is acceptable at early periods of times, but it is very imprecise
in the long run.

An alternative approach that lies in the same direction of the limit (1.1) is the use
of Blackwell-Nash equilibria. This consists essentially in seeking Nash equilibria
that remain optimal for all the discounted payoffs V,, 0 < a < «*, for some fixed
a* > 0 (see Definition 8.1). Due to the nature of this class of equilibria, they turn
out to be good “optimizers”, when the payoff criterion under study is of type V.
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The purpose of this work is to analyze Blackwell-Nash equilibria for a general
class of zero-sum stochastic differential games; namely, we provide sufficient
conditions for ensuring the existence and characterizations of these equilibria.
This study is based on the analysis of the so-named sensitive discount equilibria
introduced in Definition 8.2. It is worth noting that Blackwell-Nash equilibria have
the property of being bias and overtaking equilibria too. In this sense, our present
analysis is more general than [5], because we use the same set of assumptions.
Finally, it is important to say that, due to the fact that our work studies only the
zero-sum case, here and in the sequel, we consider only to the case N = 2 players.

Another interesting application concerning Blackwell games goes in the spirit
of the so-named priority mean-payoff games, which are regarded as the limit of
special multi-discounted games. In this type of games, Blackwell equilibria play
an important role because of their stability property under small perturbations of
the discount factor—see [7-9]. The study of Blackwell-Nash equilibria in zero-sum
stochastic differential games also permits the extension to the theory of priority
mean-payoff games in the stochastic differential games setting.

Bias and overtaking criteria have been studied in the context of zero-sum
stochastic differential games; see, for example, [5, 17]. Nevertheless, to the best
of our knowledge, the only works dealing with sensitive discount and Blackwell
optimality, but in the context of controlled diffusions (i.e., the case of one player
only) are [12, 13] and [22]. It is worth mentioning, however, that there are
some works that are close to the present proposal. For instance, Arapostathis et
al. [3] study a zero-sum stochastic differential game under a slightly different
ergodicity assumption than ours. It states a parabolic Hamilton-Jacobi-Bellman
(HJB) equation, and finds risk-sensitive optimal selectors, in the sense that the
payoff form is “sensitive to higher moments of the running cost, and not merely
its mean”. This represents an alternative approach to ours, because while they deal
with the concept of risk-sensitivity (as introduced in [25]), we rather choose the
notion of sensitive discount in a Laurent series, as presented in [12] and [21]. Other
works that are related to the selective criteria we study for stochastic diffusions are
[5, 11-13, 17] and the references therein.

The rest of our work comprises eight short sections. In the next section we
introduce the notation that we use, our game model, the main hypotheses, and
the basic type of strategies we will deal with along our developments. Section 3
presents the long-run average optimality criterion, and a very well-known result
on the existence of the corresponding Nash equilibria. Section 4 is devoted to the
so called bias criterion. This is a first refinement of the criterion introduced in
Sect. 3, and we profit from it by quoting the concepts introduced in that part in
further sections. In Sect. 5 we extend the results from [21, Section 3] to the zero-sum
case. There, we use an exponential ergodicity condition to characterize a discounted
payoff in terms of a Laurent series. Sections 6—8 are extensions of the results from
[12] and represent the main contribution of this paper. In Sect. 6 we define the so-
called Poisson system and model its solution in terms of the criterion presented
before in Sect. 3. Section 7 shows a connection between the Poisson system and
the dynamic programming principle. There, we lay out the concept of canonical
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equilibria and represent it as the strategies for which certain HIB equations are met.
In Sect. 8 we exhibit Blackwell-Nash and sensitive discount equilibria and relate
them in some appropriated sense. We draw our conclusions in Sect. 9.

2 The Game Model and Main Assumptions

The Dynamic System Let us consider an n-dimensional diffusion process x(-)
controlled by two players and evolving according to the stochastic differential
equation

dx(@) =b(x(t),u1(t), uz(t))dt +o(x(@))dW(), x(0)=xp, t >0, (2.1)

where b : R" xU; xUp — R" and o : R” — R"*4 are given functions, and W (-) is
a d-dimensional standard Brownian motion. The sets U; C R™! and U, C R™2 are
given (Borel) sets. Moreover, for i = 1,2, u;(-) is a U;-valued stochastic process
representing the strategy of player i at each time ¢ > 0.

Notation For vectors x and matrices A we consider the usual Euclidean norms
2. 2 2._ N 2
lx>:= > x{ and |A]? :=Tr(AA)) = ) A}
k i,J
where A’ and Tr(-) denote the transpose and the trace of a matrix, respectively.

Assumption 2.1

(a) The action sets Uy and U, are compact.

(b) b(x,uy,us) is continuous on R* x Uy x Uy, and x +— b(x,uy, us) satisfies
a Lipschitz condition uniformly in (u1,uz) € Uy x Uy; that is, there exists a
positive constant K1 such that

sup [b(x, u1, uz2) —b(y,ur,u2)| < Kilx —y| forallx,y e R".
(uy,u2)elU; xUs

(c) There exists a positive constant K> such that for all x, y € R",
lo(x) —o(y)| = Kafx — yl.

(d) (Uniform ellipticity.) The matrix a(x) := o(x)o’(x) satisfies that, for some
constant K3 > 0,

x'a(y)x > K3|x|* forall x,yeR".
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For (11, u3) € Uy x Up, and v in C2(R"), p > 1, let

n

LU0y (x) = Zb"(x, ut, ur)div(x) + ; Z a’ (x)07v(x), (2.2)

i=1 ij=1

where b' is the i-th component of b, and @'/ is the (i, j)-component of the matrix
a(-) defined in Assumption 2.1(d).

2.1 Strategies

Throughout this work, we will be interested in finding saddle points (see The-
orem 3.5 below). To ensure that our search leads us to this result, we use the
theory of relaxed controls—see for instance, [19, 24, 26]. The use of this class of
controls, along with the semi-continuity properties of the cost/reward function (see
Assumption 2.8(c) below) will give us the convex structure needed to guarantee the
existence of non-cooperative Nash equilibria.

Foreachk = 1, 2, let P(Uy) be the space of probability measures on Uy endowed
with the topology of weak convergence, and denote by B(Uy) the Borel o -algebra
of Ug.

Definition 2.2 A randomized strategy for player k is a family 7% := {z*, t > 0} of
stochastic kernels on B(Uy) x R” satisfying:

(a) foreachr > 0 and x € R”, ntk(-|x) is a probability measure on Uy such that
ntk(Uklx) = 1, and for each D € B(Uy), ntk(Dl-) is a Borel function on R";
and

(b) for each D € B(Ug) and x € R”, the mapping t +—— ntk(le) is Borel
measurable.

We now introduce the notion of stationary strategy.

Definition 2.3 For each k = 1, 2, we say that a randomized strategy is stationary
if and only if there is a probability measure 7% (-|x) € P(Uy) such that J'rtk(~|x) =
7%(|x) forall x € R" and r > 0.

The set of randomized stationary strategies for player k = 1,2 is denoted by IT.
It is important to state that we suppose the existence of a topology defined on ITX,
k =1, 2, such that ¥ is compact—for more details see [14, Section 2].

For each pair of probability measures (¢, ) € P(U;) x P(Uz) we write the
drift coefficient b in (2.1) and the operator £ in (2.2) in terms of these measures by
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means of the following expressions:

b(x,¢,¥) 1=/ / b(x,ur, u2)¢(dur)y(dus), (2.3)
Uy J Uy

L2V h(x) :=/ / LU h (x) (duy) Y (dus). (2.4)
U2 Ju!

The notation above is valid also when the strategies 7! € II! or/and 72 e I1?
in (2.3)—(2.4) are interpreted as probability measures for each fixed x € R”; that is,
Jrk(~|x) e P(U k). In this case, unless the context requires further clarification, we
shall simply write the “variable” 7% in the left-hand side of (2.3)—(2.4), rather than
75 (]x).

Remark 2.4 Assumption 2.1 ensures that, for each pair of strategies (7', 72) €
1! x IT? there exists an almost surely unique strong solution of (2.1) which is a
Markov-Feller process. Furthermore, for each pair of strategies (!, 72) e IT! xI1?,
the operator L L7 in (2.4) becomes the infinitesimal generator of (2.1). (For more
details, see the arguments of [2, Theorem 2.2.12] or [6, Theorem 2.1].)

Sometimes we write x(-) as x™ L 2(-) to emphasize the dependence on (711, 712) €
I1' x IT2. Also, we shall denote by pr'n? (t, x, -) the corresponding transition prob-
ability of the process x™ 7 (), i.e., P* 7 (1, x, B) := P(x™ (1) € B|x(0) = x)
for every Borel set B C R” and r+ > 0. The symbol Eﬁl’”z(.) stands for the
associated conditional expectation.

Remark 2.5 In later sections, we will restrict ourselves to the space of stationary
strategies within the class of randomized strategies. The reason is that the recurrence
and ergodicity properties of the state system (2.1) can be easily verified through the
use of such policies, but for a more general class of strategies (for instance, that of
the so-called non-anticipative strategies), the corresponding state system might be
time-inhomogeneous; which might present some technical difficulties. Thus even
when it is possible to work with non-anticipative policies, our hypotheses ensure
the existence of Nash equilibria in the class of stationary strategies for both players
(see, [2, 15, 16]).

Definition 2.6 Let O C R” be an open set. We denote by 5,,(O) the Banach space
of real-valued measurable functions v on O with finite w-norm defined as follows:

)l
ol = sup
x€O w(x)
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2.2 Recurrence and Ergodicity

Assumption 2.7 There exists a function w € C 2(R™), with w > 1, and constants
d > ¢ > 0 such that

(i) limy|— 00 w(x) = +00, and
(ii) E”l*”zw(x) < —cw(x) +d for each (x', n?) € 1! x 11> and x € R™.

Assumption 2.7 ensures the existence of a unique invariant probability measure
1.2
M1 2 for the Markov process x™ 7 (-), such that

Mot z2(w) :=/ w(x) pg1 z2(dx) < oo forall (711,712) eI x . (2.5

(See [2, 18] for details.) Moreover, for every (711, n2) e ! x M2, x € R", and
t > 0, an application of Dynkin’s formula to the function v(z, x) := e“w(x), and
Assumption 2.7(ii) yield

EX T w(x () < e “w(x) + 4 _ e, (2.6)
C

Hence, integrating both sides of (2.6) with respect to the invariant measure (1 2
leads to

d
Mt g2 (w) < o 2.7

Assumption 2.8 The process x™ L 2(-) in (2.1) is uniformly w-exponentially
ergodic; that is, there exist constants C > 0 and § > 0 such that

sup BT T [ (0] — ppr 12(9)] < Ce ™ [ g lly w(x)  (2.8)

(!, m2)en! x1n?

Jorallx e R", t > 0, and g € By (R"). In this case, |11 ;1(8) equals the integral
in (2.5) with g rather than w.

Sufficient conditions for ensuring the w-exponential ergodicity of process x” L2 )
are given in [11, Theorem 2.7].

2.3 The Payoff Rate

Letr : R” x U; x Uy — R be a measurable function, so-named the payoff (or
reward/cost) rate, which satisfies the following conditions:
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Assumption 2.9

(a) The function r(x,uy, uy) is continuous on R" x Uy x U, and locally Lipschitz
in x uniformly with respect to (u1, uz) € Uy x Uy, that is, for each R > 0, there
exists a constant K (R) > 0 such that

sup Ir(x, uy, uz) —r(y,ui,uz)| < K(R)|x —y| forall |x|,|y| <R.
(u1,u2)€U; xUz

(b) r(-,ur,uz) is in By (R") uniformly in (uy, us); that is, there exists M > 0 such
that for all x € R"

sup [r(x, ur, uz)| < Mw(x).
(uy,u2)ely xUs

(c) r(x,uy,uy) is upper semicontinuous (u.s.c.) and concave in uy € U for every
(x,up) € R" x U,, and lower semicontinuous (l.s.c.) and convex in ur € U,
for every (x,u1) € R" x Uy.

Similar to (2.3)—(2.4), for each (¢, ¥) € P(U;1) x P(U,) we write
r(x,¢,¥v) = / / r(x,uy, up)p(du)¥y(duy), xeR". 2.9)
Uy J U

Note that this definition remains valid when the strategies 7! € I1! or/and 72 € I1?
are applied in (2.9) as they are interpreted as probability measures, for each fixed
x € R that is, 7%(-|x) € P(U¥). As was agreed earlier, we shall simply write the
“variable” ¥ in the left-hand side of (2.9) rather than 7% (-|x).

Remark 2.10 Under Assumptions 2.1 and 2.9, the payoff rate r(-, ¢, ¥) and the
infinitesimal generator £%¥h(-) (with h € C?(R") (] By (R")) are u.s.c. in ¢ €
P(Uy) and L.s.c. in iy € P(U>). For further details see [5, Lemma 3.1].

3 Average Equilibria

We devote this section to the introduction of the basic optimality criterion we will
use—and refine—along this study. We present the material in the spirit of [5, 11, 12,
17], and [20].

Definition 3.1 The long-run average payoff (also known as the ergodic payoff)
when the players use the pair of strategies (!, 72) € I1! x I1? given the initial
state x is

1 T
J(x, 7!, 72) = lim sup T]E;Tl’”z[/o r(x(t),nl,rrz)dt]. 3.1)
T—o0
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Given (711, 712) eI x 1'[2, let us define the constant
T 7?) i= pgt 2 (r (%) =[ r(e, 't A g 2 (dx). (3.2)
R}’l

with p 1 22 as in (2.5). Under our set of assumptions, it follows from (2.8)
and (3.2) that the average payoff (3.1) coincides with the constant J (!, 7?) for
every (nl, 712) e ! x M2—see [5, p. 669]. Moreover, by the definition (3.2) of
J(xt, 72, together with Assumption 2.9(b) and (2.7)

d
Gt s[R e G ) gt @0 < M- VG w?) el < T,
3.3)

so that the constant J (!, 72) is uniformly bounded on ' x I2.

Value of the Game Let

L:= sup inf J(nl,nz) and U:= inf sup J(nl,rrz)
nlenlnzenz nzenznlenl

The function L is said to be the game’s lower value whereas U is better known as
the game’s upper value. Clearly, we have L < U. If the upper and lower values
coincide, then the game is said to have a value, which we will denote by V; in other
words,

V=L=U. (3.4
As a consequence of (3.3), L and U are finite; and hence, so is V if the second
equality in (3.4) holds.
Definition 3.2 We say that a pair of stationary strategies (7*!, 7*?) e TT! x I1% is
an average Nash equilibrium (also known as an average saddle point) if

Jl )y < @, 7% < J@x*, 7?) forevery (n!,7?) eTl! x 2.

The set of average saddle points pairs is denoted by (IT! x I1%),,.

Remark 3.3 Note that if (7*!, 7*?) e IT' x I1? is an average Nash equilibrium
(in case it does exist), then the game has a value J(7*!, 7*?) =: V—see, for
instance, [10, Proposition 4.2]. However, the converse is not necessarily true.

The following definition is crucial for our developments.
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Definition 3.4 We say that a constant J € R, a function & € C2(R") N By (R™),
and a pair of strategies (7*!, 7*2) € IT' x I1? verify the average payoff optimality
equations if, for every x € R",

J=r0, 0 ) + 77 () (3.5)

= sup {r(x,d, 7 + L5 h(x)) (3.6)
pePU1)

— inf {7, y) + L7 Vh(x)) forallx € R (3.7)
YyeP(Uz)

In this case, the pair of strategies (*!, 7*2) e TT! x I1? that satisfies (3.5)—(3.7)
is called a pair of canonical strategies. We denote by (IT! x I1%)., the family of
canonical strategies.

Equation (3.5) is sometimes referred to as Poisson equation. This is the reason for
which we call Eqgs. (6.1)—(6.3) below, Poisson system.

The following result ensures the existence of solutions of Egs. (3.5)-(3.7).
It also states the existence of average saddle points, and provides us with their
characterization. For a proof see [3, 5].

Theorem 3.5 If Assumptions 2.1, 2.7, 2.8, and 2.9 hold, then:

(i) There exist solutions (J, h, (w*', *?)) to the average payoff equations (3.5)-
(3.7). Moreover, the constant J coincides with V defined in (3.4), and the
function h is unique up to additive constants; in fact, h is unique under the
additional condition that h(0) = 0.

(ii) A pair of strategies is an average saddle point if, and only if, it is canonical,
that is, (TT' x T1%)4e = (IT! x 11%)¢q.

Remark 3.6 One important aspect in the proof of the last result is that Remark 2.10
ensures that the mapping ¢ :— r(x, ¢, ¥) + L»Vh(x) is u.s.c. on the compact
set P(Uy) , whereas ¥ :— r(x, ¢, ¥) + L2V h(x) is Ls.c. on the compact set
P(U>). Therefore, the existence of a canonical pair (7*!, 7*?) as in (3.5)—(3.7) can
be easily obtained from standard measurable selection theorems —see, for instance
[23, Theorem 12.1].

4 Bias Equilibria

The first refinement of Definition 3.4 and Theorem 3.5 is presented in this section.
Here, we will note that the set of bias equilibria is a subset of that of average
equilibria. However, this section can be regarded as a list of some results that we
have obtained in past works (see, for instance [5] and [17]).
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Definition 4.1 Let (7!, 7%) € II' x I1? . The bias of (x', n2) is the function
hpi 72 € By(R") given by

(o)
Bt 72 (x) ;:/ [E™ " r(x(t), n', 72) — J(x', n¥)]dr  forall x € R".
0
4.1)
Remark 4.2

(i) The w-exponential ergodicity of the process x™ L () (see (2.8)) and the
Assumption 2.9(b) ensure that the bias 4,1 ;2 is a finite-valued function and, in
fact, it is in B, (R"). Moreover, its w-norm is uniformly bounded in (& L n?) e
n' x m2.

(ii)) By Escobedo-Trujillo et al. [5, Proposition 5.2] we can prove that if (7 L n?) e
1! x T2 is average optimal, then its bias hy1 52 and any function & satisfying
the average optimality equations (3.5)—(3.7) coincide up to an additive constant;
that is, for all x € R",

hnl’nz(x) = h(x) — Mnl’nz(/’l).

Definition 4.3 (Bias Equilibrium) We say that an average saddle point
(!, 72y e (' x 11%),, is a bias saddle point if

hpt gz (X) < hps g (x) < hpsa g2(x)

for every x € R" and every pair of strategies (!, 7%) € II!' x IT1%. The function
hyx1 g2 is called the optimal bias function.

We denote by (1'[1 X Hz)bias the set of bias saddle points. By Definition 4.3, (1'[1 X
Hz)bias C (Hl X Hz)(w; that is,

Bias equilibrium = Average equilibrium.

Let (J, h) be a solution of the average payoff optimality equations (3.5)—(3.7). We
define for each x € R” the sets

Ty(x) :=={p e PWUDIJ = inf {r(x,¢,¥)+L"Vhx)),
YyeP(Uz)

i) :={y e P J = sup {r(x,p,¥)+ LV h(x)).
9P Ur)

Definition 4.4 We say that the constant J € R, the functions 4, hecC 2(JR") N
By, (R"), and a pair (7*!, 7*2) € T1! x I1? verify the bias optimality equations if
and only if the triplet (J, h, (m*!, 7*?)) satisfies the average optimality equations
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(3.5)—(3.7) together with the following equations

h(x) = £7 7 h(x) 4.2)

= sup {L27 T (x)) (4.3)
$el((x)

= inf {£L7VE@)). (4.4)
Yelg(x)

The next result summarizes important results on the existence of bias equilibria. For
further details, see [5, Section 5] or [17, Theorem 7.7].

Proposition 4.5 Under Assumptions 2.1, 2.7, 2.8, and 2.9, the following holds:

(i) (IT' x T1%)piqs is nonempty.

(ii) l"(l) (x) and F(z) (x) are convex compact sets.

(iii) The triplet (J, hy g, h) consisting of the constant J in Definition 3.4,
the optimal bias function h; .« .« in Definition 4.3 and some other function
h e C2(R" () Bw (R™), form the unique solution satisfying the bias optimality
equations (3.5)—(3.7) and (4.2)—(4.4).

(iv) (', 7?) e ' x N1? is a bias saddle point if and only if it verifies the bias
optimality equations (4.2)—(4.4).

5 The Laurent Series

This section presents an extension of the results shown in [12, Section 3] or in [21,
Section 3] to the zero-sum case. Here, we use the exponential ergodicity condition
from Assumption 2.8 to characterize a discounted payoff in terms of a Laurent
series. This will be very useful in our later developments. This is the essence of
Theorem 5.5, which is the main result of this part.

Recall the definition of w in Assumption 2.7 and let w1 ;2 be the invariant
measure whose existence is ensured by Assumption 2.7.

Definition 5.1 Let B,,(R" x U; x U,) be the space of measurable functions v :
R" x U; x Uy — R such that

sup lv(x, ur, u2)| < Myw(x) Vx eR", 5.1
(u1,u2)€el; xUs

where M, is a positive constant depending of v.
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Asin (2.9) forv € B,,(R" x Uy x Up) and (¢, ) € P(Uy) x P(Uz), we write
v(x, ¢, ¥) 1=/ / v(x, ur, u2)¢(du)y(duy) Vx € R™.
Uy J U
Now use (!, 72) € IT' x I12 in lieu of (¢, ¥) € P(Uy) x P(Us). Let us define

v(nl,rrz) :=/ v(x,nl,nz)u,,nﬂz(dx), and
Rf’l
Zfl’nzv(x) = Egl’ﬂzv(x(t), !, 7% — v, 7).

With these ingredients, we define the v-bias operator G ;1 2 : By R*"x Uy xUp) —
By (R™) as follows

Gt p20(x) ;:/ [E" " u(x (1), 7', %) — v(x!, mH)ldr. (5.2)
0

Remark 5.2 Note that the w-exponential ergodicity of the process x” L2 (+) estab-
lished in (2.8), and (5.1) yield that

1277 0] < CMye ™ w(x),
and thus,
|G 41 2v(x)] <87 'CMyw(x) orequivalently |G 1 2v(x)]lw <87 CM,.

(5.3)

The following result shows some properties of both, the operator G ;1 2, and the
operators that result from its compositions with itself. Its proof delves into the
discussion that led from (3.10) to (3.11) in [12].

Lemma 5.3 For j > 0, let Gf:lnz be the j + 1-composition of G .1 ;2 with itself.
Then ’
Gt v isin ByRY), and i (ij;{zzv) —o.

Proof By (5.3), G 1 ;2 is in By, (R"). Now, the fact that w1 ;2(G,1 2) = 0is
straightforward from (3.2) and (5.2). The rest of the proof easily follows by applying
mathematical induction on j. O

Definition 5.4 Given a discount factor @ > 0. The expected a-discounted v-payoff
when the players use (7', 7%) € IT' x I12, given the initial state x € R”", is

o0
Volr, !, n2 v) = EX T [/ e y(x(t), 7!, nz)dt:| . (5.4)
0



182 B. A. Escobedo-Trujillo et al.

The following result provides a useful characterization of the @-discounted v-payoff
in terms of a Laurent series (see, for instance [4, Chapter 6]). The proof uses
essentially the same steps of the proof of Theorem 3.1 and Proposition 3.2 in [12],
so we shall omit it.

Theorem 5.5

(a) Let § > 0 be the constant in Assumption 2.8. If (', 7%) an arbitrary pair of
strategies in T1' x T1? and v is a function in By, (R" x Uy x Us), then, for
a € (0, 8), the a-discounted v-payoff (5.4) can be written as

1 > R
Vo(x, !, 72, v) = av(nl, %) + Z;)(—a)Jijinzv(x). (5.5)
/:

Moreover the above series converges in w-norm.

(b) Let 0 € R be such that 0 < 6 < §, where § is the constant in Assumption 2.8.
For eachv € B, (R" x Uy x Uy), (nl, 712) el!'xMN? andi =0,1,... define
the i-residual of the Laurent series (5.5) as

oo
Ri(x', 7% v, a) = Z(—a)jGj/:;v.
j=i

Then, forall || <0 andi =0,1, ...,

M
. 2 v k
Rt 7y v | < o Tl (5.6)

sup
(!, m2)en! x112

qu eachv € By(R" x Uy x Up), (!, 7#2)in I x M2, andi =0, 1,..., define
h:, ,vas

hjrlﬂzv(x) = (—1)iGjT+1}ﬂ2v(x) forall x e R" andi =1, 2. (5.7)

It is obvious that, for each v € B, (R" x U; x U,), hi{l 2V belongs to By, (R")
because G;Jflnzv does.
Notation For v = r, with r as in Assumption 2.9, we simply write the operator

in (5.7) as h;l 425 that is,

i i
hnl’nzr -.— hﬂl,ﬂz.

Note that fori = 0, hgl 2 equals to the bias function defined in (4.1), i.e.,

hgl’ﬂz(x) = G121 (X) = hy 2(x) forall x e R".
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Moreover,
1 2 0
hﬂl’ﬂz = _Gﬂl’ﬂzr(x) = Gnl,yﬂ(_hnlﬂz)v

is the bias of (!, 7%) when the payoffis —4°, ,.In general, using mathematical
Th,m
induction, we can obtain that

i i—1 .
o= G (=h5 ) i=12,.

By Theorem 5.5(a) and the expression (5.2), theT a-discounted payoff (5.4)—with r
in lieu v—can be written in terms of operator h; 1 2 as follows

1 >
Vobr,whm?ry = Jehx?)+ ) el o), (5.8)
i=0

and, by Lemma 5.3,

)=0 forall i=0,1,2,... (5.9)

i
al, 72

Mt z2(h

6 The Poisson System

We now define the so-called Poisson system and characterize its solution in terms of
the basic average optimality criterion, and the recursive operator G .1 ;2 introduced
in Sect. 5.

For the following definition, recall that Eq. (3.5) is sometimes dubbed Poisson
equation.

Definition 6.1 Let (7!, 72) € I1' x I1? fixed. We say that a constant J € R and
the functions 2°, k', ... it € C*(R") N B, (R") verify the Poisson system for
(!, 7?) e ' x 1% if

J o= r(x,al, 7+ L7 00, 6.1)
i) = 77 n (), (6.2)
B (x) = L7 pmH (. (6.3)

Theorem 6.2 Let m > —1 be fixed. The constant J € R and the functions
O R, ...t e C2(R™) N By (R") are solutions to the Poisson system (6.1)—
(6.3) if and only if J = J(x',7?), h' = k!, ,for0 <i < m, and K"t =
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hmH2 + z for z € R, where J and h’ Y 0 <i <m+ 1, are the functions in (3.2)
and ( 5.7), respectively.

Proof We will use mathematical induction over Egs. (6.1)—(6.3).

1. Case m = —1 follows from Lemma 3.2 and Proposition 5.1 in [5].
2. Now, suppose the result is valid for some m > —1.
3. Case m + 1: _
e “if” part: Suppose that J = J(x!,7?), bl = h’ , for 0<i <m,
and Bt = hm+12 + z for z € R. Then, we need to prove that hmJrl
verifies the (m 4 1)-th Poisson equation. To this end, observe that hm“2 is the

bias function of (7!, 72) when we consider as reward rate —hm+12(x). It is

easy to verify through a mathematical induction procedure that h””rl 2 satisfies

Assumption 2.9, then we can invoke Theorem 4.1 in [5], to ensure the existence
of a function /"2 € C2(R") N By, (R"), a constant J and a pair of strategies
(', %) that satisfy the average optimality equation

J — _hm+1(x) +£ﬂl,ﬂ2hm+2(x)

= sup {—K"FL() 4+ L8R (x)),
9eP(Uy)

— inf {=A"T () + L7 VR (),
YeP(Ur)

with J = Mnl’nz(—herl) = /Lnl,n2(_h:1ﬂ,2)- Now, Proposition 5.1 in [5]
gives that the bias function with reward rate —hmtl(x) = —hm+1

the following Poisson equation

2 (x) satisfies

1.2
Mnl,nz(_h:’;tiz) = —h:tiz(x) + LT hm+2(x),
which implies that

R () = L7 R (), (6.4)

al,m2

since that (5.9) gives 1 2(— hﬂJr?sz) = 0. Thus, (6.4) implies that h:f}rz,

satisfies the (m + 1)-th Poisson equation. ’
The “only if” part: Suppose that J € R and k0, h', ... n"T!1 € C2(R") N

By, (R") are solutions to (6.1)—(6.3). By the induction hypothesis the result holds

for somem > 0, i.e.,

(x) = A (x) = L7 Rt (). (6.5)

71]'[2
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1

Therefore, we only need to prove that A1 = h:fﬂ

,. Namely, the bias function

h;’:frjlrz(x) when the payoff rate is —h;’:l 2> verifies the following Poisson
equation

12
Pt 2 (<0 0) = =hy () + L7 R (),
then, by (5.9) we obtain

(x) = L7 T L (., (6.6)

hm
! al,n?

2

Thus, subtracting equation (6.5) to (6.6) we obtain
1.2
0= L7 (L (0 = K" @)

Therefore, h’:f 7172 — h"*1 is a harmonic function and as a consequence, Lemma
2.1 1in [5], yields

h;’:ffjﬂ(x) = ") + pgr 2 (). (6.7)

Since f;1 ;2 is an invariant probability measure, and e C2(R™) N By (RY)
satisfies the (m + 1)-th Poisson equation, we have

fpt g2 (1) = / L7 R () a(dy) =0 forall
RV!
"2 e C2(R™) N By(RY), (6.8)

where the last equality follows from a well-known result of invariant probability
measures—see, for example [2]. Therefore, el = h:’:l"’iz follows from (6.7)
and (6.8). ’

O

7 The Average Payoff Optimality System

We devote this section to link the Poisson system (6.1)—(6.3) from Sect.6 with
the optimization problem we are trying to solve (see Definitions 8.1 and 8.2
below). We do this by means of a system of average optimality equations, and
the characterization of their solutions as a sequence of canonical equilibria of a
collection of average payoff games. This is the purpose of the main result of this
part, namely, Theorem 7.4.
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Definition 7.1 We say that a constant / € R and functions WO R, ...t e
C?(R™) N By, (R™) verify the —1-th, O-th,. . ., m-th average payoff optimality system
for (m*!, 7*?) e ' x MM? and x € R if

J=rx, 7", o)+ 27700 ), (7.1)
= sup r(x, ¢, 7 + L9770, (7.2)
¢eP(Uy)
= inf rGo v+ L7 VRO (7.3)
YeP(Ur)
) = 772 pl ) (7.4)
= sup LO77R() (7.5)
Pely(x)
= inf £7VR') (7.6)
Yelg(x)
W) = L7 pmEl () (7.7)
= sup LOTTpmHl(y) (7.8)
el (x)
— inf L7V () (7.9)
yer2 ()

where letting Fl_l(x) :=P(Uy) and F%l(x) := P(U») for all x € R”, then the sets
Flj‘.(x), for0 < j <mand k = 1, 2, consist of probability measures ¢ € I‘Jl;l(x)
and ¢ € F?fl(x) attaining the maximum and minimum in the (j — 1)-th average
payoff optimality equation, respectively; that is, for each x € R”,

Fo(x) := {¢> ePWHIJ = inf [rCrgov)+ L‘Who(x)]} :
YeP(Ua)

r2(x) i= !w eP(U)|J = sup [r(x,¢, V) +£¢"”h0(x)]}
$ePUY)
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and, for1 < j <m,

Fix):={¢elj () A/ 'x)=inf LYW (x)},
yer; )

I (x) := Iper}_l(x)m/—l(x): sup L%V I (x)
¢el“]'.7l

Proposition 7.2 For each k = 1,2, and —1 < j < m, the sets {Flj(x)}jzo are
convex compact sets.

Proof We use mathematical induction on j:

1. Case j = —1,0. Since P(U;) and P(U>) are compact and convex sets (see, for
instance, [1, Theorem 15.11]), Lemma 5.1 in [5], gives that I‘(l) (x) and I‘(z) (x) are
also convex and compact sets.

2. Suppose now that for some 0 < j < m, Fjl. (x) and F? (x), are convex compact
sets.

3. Let us prove the result for m = j 4 1. To this end, note that

M@ =10 eI @)= nf L2VA 0T,
WGFJ-(X)

and

P2 = {y eI = sup LVhIH (x)
el ()

and by induction hypothesis I" /1 (x) and sz.(x) are convex compact sets. Then,
to verify if I‘]l 11 (x) and F? H(x) are compact sets it is sufficient to prove that
they are closed, but this property follows due to the compactness of I‘]l (x) and

FJZ. (x) (induction hypothesis) and the u.s.c in ¢ (L.s.c. ) of £?V established in
the Remark 2.10.
The proof that Fjl. 4+1(x) and F? 41(x) are convex sets mimicks that of Lemma
4.6 in [20].
O
Since {Fl/‘. (x)}j=0, K = 1,2, is a nonincreasing sequence of nonempty compact
sets, the set

i) = () Th (7.10)

m>—1

is nonempty and compact as well.



188 B. A. Escobedo-Trujillo et al.

The following definition concerns the pair of strategies (', 7%) € IT! x I1? that
attain the maximum and minimum respectively in Egs. (7.1)-(7.9).

Definition 7.3 We define

M), x M2 i=((r', 7% € M x 112 | (r! (). 72 10) € Thy 4y (1) x T2, (),

Vx € R"}.

A pair (!, 72) € T1}, x T12, will be referred to as a canonical equilibrium for the
—1-th, O-th, . . ., m-th average payoff optimality system (7.1)—(7.9).

From Definition 7.3, it is clear that H}Hl X anH C l'I;1 X 1'[,2,,, for all m =
-1,0,1,---.

Theorem 7.4 The —1-th, O-th,. .., m-th average reward HIB system (7.1)—(7.9)
admits a unique solution J € R, KO Y, ... Tl ¢ Cz(R") N By, (R™), where
J RO R, ™ are unique, and hmtl e unique up to an additive constant.
Moreover; the set T1}, x T12, is nonempty.

Proof We will use mathematical induction on m.

1. Case m = 0. It follows from Theorems 4.1, 5.1 and 5.2 in [5].
2. Suppose that the result holds for some m = j.
3. Now, we prove that the result holds form = j + 1.

The induction hypothesis ensures the existence of J € R, WO Ry, ... W e
C%(R")NB,, (R") which are unique solutions of the —1-th, O-th,. . ., j-th average
payoff optimality system and that that 1'[}. and 1'[; are nonempty.

Let us consider now a new game, so-named j-bias game, consisting in:

e The dynamic system (2.1).
e The payoff function — A/ . (7.11)
e The set of control actions I‘]l (x) and I‘JZ (x).

It is easy to verify that this new game satisfies all of our hypotheses. Then,

Theorem 3.5(i)—(ii) ensures the existence of solutions (J, /!, (x*!, 7*2)) to
the following average optimality equations

J

—hd () + L7 I ()

sup {—h' (x) + L2 R ()
$er; ()

— inf {—hI () + L7 VR ().
Yyer;e)
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The existence of a function h/12 € C2(R") N By, (R") satisfying

Rt (x) = 777 R 2 (x)

= sup L‘p’”*zhjﬁ(x)
¢el}(x)

= inf £7VRIT2(x).
Yeri)

is ensured by Proposition 4.5, and the fact that J = ,uﬂ*lﬂ*z(—h/ ). In this case
h7*1 is unique, and /%2 is unique up to additive constants. Thus, A/ *! satisfies
the (j + 1)-th average reward HJB equations.

It remains to prove that I"I,ln X I"I,zn is nonempty. To this end, we proceed again
by mathematical induction on m. Namely, for the case m = 0, the result follows
by Theorems 5.1 and 5.2 in [5]. Now assume that 1! x H? is nonempty for some
j =0,1,...;thatis, there is at least an element (71}, nf) eIl ; X 1'[; or equivalently,
(n}+1(-|x), n}+1(-|x)) € F}H(x) X rfﬂ(x) for all x € R". We want to prove that
H}.H X H?H is nonempty. For this, we consider again the j-bias game (7.11). Since
this game satisfies all of our hypotheses, we can invoke Proposition 4.5(i) to ensure
the existence of a bias equilibrium (77!, 72) associated to the j-bias game. Hence,
Proposition 4.5(iii) yields that, in fact, such equilibrium satisfies both, the j-th and
the (j + 1)-th average payoff equations. This completes the proof. O

Remark 7.5 Tt is worth noting the relation of the pairs (7*!, 7*2) € I} x 12, with
the m-bias game in (7.11); namely, if we apply iteratively Proposition 4.5, we can
easily verify that (7*!, 7%?) € 1'[,1,, X l'I,%1 if and only if such a pair is an average

Nash equilibrium for the j-bias game (7.11) for j = —1,--- ,m.
We define
o0
M, x M3, .= (1) (I, x I3). (7.12)
m=—1

As a consequence of (7.10) and Theorem 7.4, we deduce the following result.

Corollary 7.6 There exists a strategy (w', ) € TI' x T1? that satisfies the m-th
average reward HIB equation for allm = —1, 0, . ... In other words, I'IéO X Hgo is
nonempty.
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8 Blackwell-Nash Equilibria

In this section we present a zero-sum type of Nash equilibrium so-named Blackwell-
Nash equilibrium; we will also introduce a sensitive discount concept related to a
family of optimality criteria so-named m-discount equilibria, for m > —1. We will
see that a Blackwell-Nash equilibrium becomes the limit, as m — oo, of a sequence
of m-discount equilibria and prove the existence of each element of this sequence
based on the results given in previous sections. To begin with this analysis, we first
define the aforementioned concepts as follows.

Definition 8.1 (Blackwell-Nash Equilibrium) A pair (7*!, 7%?) € ! x I1% is
called Blackwell-Nash equilibrium if for each (!, 7?) e ' x I1? and each state
x € R", there exists a discount factor o* = o* (x, 7!, 72) such that

Vo(x, 7!, 7%?) < Vo (x, 71, %) < Vo (x, ¥t 72) (8.1)

forall0 < a < o*.

Definition 8.2 (Sensitive Discount Equilibrium)

(a) Letm > —1 be aninteger. A pair (7*!, 7*?) € IT' x I1? is called an m-discount
equilibrium if

1imigfa*m[va(x,n*1,n*2) —Vyx, 7', 7*%)] >0 foralln' eI,
o—>

and

limsup o " [V (x, 7%, 7%) — Vo(x, 7%, 7% < 0 forall 72 € I
a—0

(b) We call sensitive discount equilibria to the family {(71,’,‘[1, 71,’22) | m > —1} of all
the m-discount equilibria (m > —1).

We denote by H,ﬁ;d and H,%;d the sets of strategies m-discount optimal for player 1
and 2, respectively.

Theorem 8.3

(i) Letm > —1 be an integer, then H,ln X 1'[,%1 C 1'[,1,1"1 X H%{d.

(i) If (m*', 7*2) € Héo X Hgo, then it is a Blackwell-Nash equilibrium.
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Proof

(i) Consider the pair (7*!, 7*?) € H}” X 1'[3”, and use the series (5.8) to deduce
the following

1
o Ve, ¥ 2%2) = Vo (x, ! )]

= ;[a{n (J(n*l, %)~ J (!, ﬂ*2)> + aml—l (191 20 =AY 2)
+alm Z Oli( 7+, n*z(x) n n*z(x)) 8.2)
i=m+1

forall 7! € IT'. By virtue of Remark 7.5, (r*!, 7*?) is a Nash equilibrium for
the —1-th, O-th, ..., m-th bias game (7.11). Then, the first m + 2 elements in
equality (8.2) are greater or equal to zero. Finally, letting « — 0 in both sides
of (8.2) and using Theorem 5.5(b), we get

[Va(x ) — V(e wl, 7)1 > 0.
Similar arguments yield
1 *1 *2 2 2
o Ve, w0, %) — Vo (x, 7™ )] <0 forall 72 € 2.

Therefore 1'[1 X 1'[2 C Hm X Hm , which proves (i).
i 1 2 1 2
(i) Let 7! e ' and x € R” arbitrary and suppose that (7 * Vo ) e I, x I,
then using again (5.8) we can write

—

Vox, ¥, 2% = Vo(x, n', o) = [J(@*, 2% — J(n!, 7))

+

Ik

Il
o

@ [hy o) =Ry (D] (8.3)

By virtue of (7.12), (7*!, 7*2) € T1}, x T2, for —1 < m < 00. So, (7*!, 7*%)
is a Nash equilibrium for the m-bias game (7.11) for all m = —1,0,1, - --
Therefore, the equality in (8.3) is nonnegative for every « > «*, where o*
depends on the residual term (5.6), which yields the first inequality in (8.1). We
can also mimic the same arguments but now for arbitrary 72 € I1% and thus to
obtain the second inequality in (8.1), yielding that (x*!, 7*2) is a Blackwell-
Nash equilibrium.

0O
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We use Theorems 7.4, 8.3, and Corollary 7.6, to state our final claim.
Corollary 8.4 Under Assumptions 2.1, 2.7, 2.8, and 2.9,

(i) For each m > —1, the set H,l,;d X H%{d of m-discount optimal strategies is
nonempty.
(ii) There exist Blackwell optimal strategies in TI' x TI2.

9 Final Remarks

In this paper we have shown the existence and provide some characterizations of
the sensitive discount equilibria in a class of zero-sum stochastic differential games
with a uniform ellipticity assumption. This yields a Blackwell-Nash equilibrium in
the limit as m — oo. To this end, we truncated the Laurent series of the expected
discounted reward/cost, and thus stated the so-called Poisson system, which allowed
us to characterize the equilibria as the collection of strategies that meet it.

It is worth pointing out the fact that Theorem 8.3 and Corollary 8.4 show that, for
a zero-sum stochastic differential game, an m-discount equilibrium is equivalent to
a Blackwell-Nash equilibrium only when m — oo. This agrees with the controlled
diffusion scheme (see [12, 22]).

Some possible extensions of our work are, for example, to do this same analysis
but considering a more general dynamics type, such is the case of stochastic
differential equations with jumps (in the context of Lévy processes) or using the
same dynamic than ours but under weaker assumptions than those considered here,
such is the case of degenerate diffusions.
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A Note on I'-Convergence of Monotone m)
Functionals s

Erick Treviiio Aguilar

Abstract In this note we present a criterion under which a functional defined
on vectors of non-decreasing functions is the I"-limit of a functional defined on
vectors of continuous non-decreasing functions. To this end, we present a separation
principle in which a weakly converging sequence of continuous non-decreasing
functions is decomposed in two parts, one converging to a non-decreasing function
with a finite number of jumps and the other to the complementary jumps.

Keywords I'-Convergence - Monotone functionals - Singular control -
Skorokhod representation

Mathematics Subject Classification 60B10, 60B05, 49J45, 90C30

1 Introduction

For T > 0 fixed, we denote by C the class of right-continuous with left-limits
functions defined on the interval [0, T], which are non-negative and non-decreasing.
We denote by C f;ize the elements of C with a finite number of jumps and by co
the elements of C with no jumps. For ¢ € C, the jump at time ¢ € [0, T] is denoted
by Ac(?) and is defined as the difference c(¢) —c(z—). If ¢(0) > 0 then we consider
a jump of size c(0) at time ¢ = 0. Thus Ac(0) := c(0). An element of C defines
a unique positive measure in the interval [0, T] and we will consider the topology
of weak convergence on C. Recall that a sequence of measures {i, },eN converges
weakly to a measure w if for each continuous bounded function f : [0, T] — R
we have lim,,_, f fdun = f fdu. An equivalent property to weak convergence
is formulated in terms of the elements of C (which can be seen as “distribution
functions”). A sequence {C(n)},eN C C converges pointwise to an element ¢ € C
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for each continuity point of c if and only if the corresponding measures converges
weakly. By a slight abuse of language we will say that the sequence {C(n)},eN
converges weakly to C.

An important property of weak convergence is that it is metrizable on separable
spaces. Indeed, the well-known Prokhorov distance is a metric which on separable
spaces characterizes weak convergence; see e.g., Ethier and Kurtz [6, Section 3.1].
This property will be crucial for our results here.

Now consider a functional J : C® x C® — R and suppose we are required
to consider the functional in all of the space C x C. One reason why we might
need the functional in an enlarged space is related to the problem of minimizing the
functional. Indeed, a minimizer may fail to exist in the class of continuous elements
and we might need to consider an enlarged space. A classical method to construct
a functional in an enlarged space is by density and approximation. In this method,
we take a point (¢!, ¢?) € C x C and a sequence {(c!(n), c*(n))},en C C° x CO
which componentwise converges weakly. We might define a functional J* in the
point (¢!, ¢?) by the limit:

J*c!, c?H = lim_ Jic'n), ().

The method requires that the limit always exists and to be independent of the partic-
ular sequence. However, we will illustrate in Sect. 3 that for weak convergence, with
a very simple functional one gets different limits and even oscillatory behaviors.
Note also that even for elements of C® x C¥ the functionals J* and J does not
necessarily coincide and J* is not necessarily an extension of J. Thus, the method
does not work in general and we might need to consider “envelopes” instead of
extensions. A convenient solution still keeping in mind problems of minimization
is that of I'-convergence. The concept was introduced in the study of variational
problems by De Giorgi [5]. It is systematically presented by Dal Maso [4] and its
relevance in optimal control, which is our main motivation here, is presented by e.g.,
Buttazzo and Dal Maso [3]. The I'-convergence is a far reaching concept providing
a powerful framework covering a wide range of applications; see e.g., Braides [2]
and its references. In Sect.2 below, we give more detail on this concept for our
specific setting. Let us at this point formulate on the relevance of I"-convergence in
optimal control. Consider two topological spaces U (the space of controls) and Y
(the space of state variables), and a functionJ : U x Y — [0, +-o0c]. Given a set of
“admissible control-states” A C U x Y, consider the minimization problem:

min J(u, y).
(u,y)eA ®.)

This general problem may be difficult to study directly and instead, it might be
convenient to study related problems formulated with other sets A" c U x Y and
other functions J" for 4 € N. In principle, the minimization problem formulated
in terms of the pair (A", J") should be easier and provide information about
the original minimization problem formulated in terms of A and J. A way in
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which the sequence of auxiliary minimization problems help to understand the
original problem is that of convergence of minimal values and convergence of
optimal controls for the auxiliary problems, possibly along a subsequence, to an
optimal control of the original problem. This is one of the main properties of I'-
Convergence; see e.g., Buttazzo and Dal Maso [3, Theorem 2.1].

The construction of I'-limits is a highly non trivial task and in this paper we
obtain a substantial reduction based on an assumption of monotonicity.

Definition 1.1 A functional J is monotone if for each ¢!, ¢* € C% and v!, v2 € C°
we have

Jc' +v!, ¢ +v?) > Jicl, ). (1.1)

In this note, we prove the I'-convergence in C x C for monotone functionals as a
consequence of the property for elements of Cf,-,,i fe X Cfm,-te which have a finite
number of atoms. This is a non trivial reduction that makes use of Skorokhod’s
representation of weak convergence and depends strongly on the property of
monotonicity of the functional.

After this introduction, the note is organized as follows. In Sect. 2, we elaborate
on the concept of I'-convergence in our specific setting. In Sect. 3, we illustrate the
phenomenon of oscillatory behavior. In Sect.4 we prove a separation principle for
sequences of continuous distributions by making use of Skorokhod’s representation
of weak convergence. In Sect. 5 we prove the sufficient condition for I'-convergence.

2 TI'-Convergence

The next definition can be seen as a special case of the concept systematically
presented by Dal Maso [4].

Definition 2.1 For a functional J : C® x C° — R we say that the functional J* :
C x C — R is the I'-limit of J if the following conditions are satisfied:

1. for each point (¢!, ¢?) € C x C and sequence {(c!(n), c*(n))},en € C° x CO
which componentwise weakly-converges to (¢!, ¢?) we have:

Jie!, ¢ <liminfd(c' (), c(n)),

2. there exists a sequence {(c'*(n),c?*(n))}pen C C° x CU which weakly-
converges component by component to (¢!, ¢?) with the property

J*c!,c?) = lim_ Jc™ ), c*n)).
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3 An Example of Oscillatory Behavior

In this section we illustrate the phenomenon of oscillatory behavior with the very
simple functional J defined by

T s
Jic!, ¢?) ::/o dcf,/o del.

In particular this example illustrates the convenience of considering the concept of
I"-convergence.
For t € (0, T), let
2. _ Al
C; :=¢C; = 1. m@®). (3.1

Now we define continuous approximations. Take € > 0 with 7 + € < T and for
a € (0,1)lete :=ae. Let

| tA(T+e€) |
u,(€,a) 1= / m 1z rye(s)ds
0

) tA(T+€) 5
u; (e, o) ::/ me o lirte r+e1(s)ds. 3.2)
0
where
1 1
1. Cr+e —C;_ 1
m, = =
€ €
2 2
»  Chie—Ci 1
mg . = , = .
€—¢€ (1 —a)e

The functions u1 and u; are illustrated in Fig. 1.

Proposition 3.1 The functions u'(e, ) and u*(e, ) defined in (3.2) converge
weakly as € N\, 0 to ¢! and ¢? respectively, and

14+«

Jw'! (e, a), u* (e, a)) = 5

Proof Note that ul(e, a), u(e, @) converge pointwise as € N\ 0 in [0, T]/{r} to
c!, ¢?, respectively, and therefore converge weakly. For the second part of the
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Approximating controls

coccocccemel- - !

Fig. 1 The two functions ' and u?, defined in Eq. (3.2)

proposition, we have

T+ €

199

T ) K | T+€ ) K |
/0 dus(e,a)/o duz(e,a)zf mé’al[fﬁ/,,ﬂ](s)ds/() melr r4e(2)dz
T

+e’

| 2 T+€ K
=m€m€’a/ ds/ dz
T+€’ T
T+€
= m!m? / (s —1)ds
- €"Ve,a
T+¢€’

1
= mlmz’a 262(1 — a2)



200 E. Treviflo Aguilar

Remark 3.2 Note that it is possible to select a sequence {o;, };meN in such a way that
the sequence {J(u1 (€, om), u2(€, am)) }m <N generates a dense subset of the interval

[é, 1], due to Proposition 3.1.

4 A Separation Principle of Sequences

We start this section with Skorokhod’s representation of weak convergence in the
following form. Let {u, },en be a sequence of probability measures in the interval
[0, T] converging weakly to the measure p. Then, there exists a probability space
(2, F,P), arandom variable Y and a sequence of random variables {Y}, },eN defined
in this common space, such that Y;, has distribution w,, and Y has distribution n and
the sequence converges to Y everywhere in 2. See e.g., Billingsley [1, Theorem
25.6] for the proof.

Lemma 4.1 Let {Fy,}meN be a sequence of elements of C°. Assume the sequence
converges weakly to an element F of C. Thus, the sequence converges pointwise to
F except, possibly, for the points {ti};2, where F jumps.

Then, for ko € N fixed, there exist sequences of non-negative, non-decreasing
continuous functions {Gpy}menN and { Hy}meN such that

1. Fy, =Gy + Hyy, form € N.
2. The sequence {Hy;}meN converges pointwise to the function

(0.¢]
H@) = Y AF@)lg=n. (4.1)
k=ko+1

fort € [0, T].

3. The sequence {G,}meN converges pointwise to the function
G@):=Ft)—H(), 4.2)

fort € [0, T].

Proof We will do the proof only in the case that F;,(T) = F(T) = 1, the general
case following by normalization.

There exist a probability space (€2, F, P) and a sequence of random variables
{Xn}nen converging to a random variable X, with X,, ~ F,, and X ~ F, due to
Skorokhod’s representation theorem; see e.g., Billingsley [1, Theorem 25.6].
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Let
A= X710, T/ {th 41, Thgs2 - D,
B = Xfl(rkoﬂ, Tho42 - - -)-
Let us verify that the function G satisfies
G@)=P[{X <t} NA]. (4.3)
Note that

Fo)-PH{X <t}NA]l=P[{X <t}]]- P[{X <t} NA]
= P[{X <t}NB]

o]

> P[{Xft}ﬂX’l(rk)]

k=ko+1

o
- Z AF (1) {r<)
k=ko+1

= H(),
and the equality (4.3) follows. Let
Gu(t) = P[{Xn <t}NA], fort € [0,T]and m € N.

The function G, has the following properties:
1. The function is clearly non-negative and non-decreasing.
2. Gy, is a continuous function. Suppose by way of contradiction that G, has a
jump in ty € [0, T]. Take € > O smaller than the size of the jump
0<e <AGu).
Then
€ < P[{Xy =10}NA] < P[{Xn =10},
a contradiction with the fact that the function F}, is continuous. Thus, it was false
to assume that G, has a jump.

3. Fort € [0, T] we claim

lim_Gu() = G(). (4.4)



202 E. Treviflo Aguilar

Indeed, we have
lim P[{X,, <t}NA]= lim Ep [1(_oo,t](Xm)1A]
m—00 m—00

= Ep [1(—o0,1(X)14]

=P[{X <t}NA]

=G@),
where the second equality holds true due to Lebesgue dominated convergence
and the last equality is just (4.3).
Let

Hy = P[{Xm <t} NB].

Analogously to the sequence {G,, },,eN We can prove that Hy,

1. is a non-decreasing non-negative function,
2. is a continuous function
3. and lim,,;,— o H,,,(t) = H(2), fort € [0, T].

The proof concludes with the equalities
Gn(@)+ Hy(@) =P[{Xn <t}NA]l+ P[{X, <t}NB]
= P[(Xn < 1]
= Fp(1).

5 The I'-Limit Under Monotonicity

Theorem 5.1 Let J : C° x CO — R be a monotone functional. Assume J* : C x
C — Ris the T'-limit of J for elements in C finite X C tinize of distributions with a
finite number of jumps. Then, the T-limit of J in C x C is given as follows. For a
pair (¢!, c?) € C x C with a countable number of jumps {19, 1, ...} we have

J*c!,c?) = klim J*C' k), S (k)),

where

k
(k) =T} + ) AC, 1<
j=0

andC' is the continuous part of ¢!, fori =1, 2.
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Proof

1.

Let {(s'(m), 8>(m))}men C C° x CO be a sequence componentwise weakly-
converging to (¢!, ¢?) € C x C. We first prove that

lrinrgioréfJ(Sl(m), s%(m)) > klim J*E' k), S (k)). (5.1)

For k € N fixed and arbitrary m € N, take a decomposition si(m) = G'(m) +
Hi(m) as in Lemma 4.1 with G'(m) converging to C'(k) as m — oo. The
functional J is monotone and therefore

Js!'(m), s*(m)) = J(G' (m), G*(m)).
As a consequence

lim iO%fJ(sl(m), s2(m)) > lim: iO%fJ(Gl(m), G*(m)) = J*€' k), T*(k)),

where the last inequality holds true since G’ (m) weakly converges to C' (k). The
sequence {J* @ (k), €2 (k))}ken is non decreasing and we obtain the inequality
(5.1).

. Now we construct a sequence where the inequality (5.1) is satisfied with equality.

Let (K (k, )} jeN be a sequence of continuous functions weakly converging
to ¢ (k) fori = 1,2 and

J* @' (1), k) = lim J(K'(k, j), K> (&, ),
J—>00

such a sequence exists since J* is the I'-limit of J in Ctinire X Cfinire. Let p
denote the Prokhorov metric on the space of probability measures defined on the
interval [0, T]. Next, identify distributions with probability measures. For k € N
let jr € N be such that j; > jr—1 andfor j > jrandi =1,2

~i i 1
pC k), K (k, j)) < ok

~: . 1
c'(k),ct
p(Cc' (k) )<2k

J* @' (k), T (k) — I (k, j), K2 (k, j))| < ,1
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Then, the sequence {(kl(k, Ji), k2 (k, jk))}ken satisfies (5.1) with equality, since
it has the properties

p(C', K (k, jk) <

’

J* €' (k), T (k) — Ik (k, ji), K2 (k, o)) | <

= N =

O

Let us give an application of Theorem 5.1. To this end, take a non-negative Radon
measure 1 with support in the interval [0, T]. Consider a functional of the form

Jic!, c?) =/ f(t.cl,cPdn,, for (c!,c?) e C® x CY,
[0,T]

where f is a normal integrand. That is, the correspondence
t €0, T] — {(c',c?,a) e RE xR f(t,c', D) <o},

is closed-valued and measurable. Recall that a set valued mapping (or correspon-
dence) S : E — R U {00} defined in a measurable space (&, o) is measurable if
the inverse image sTloy:={Eee | 8SENO # (#} of every open set O is
measurable. We will assume that f(z, -, -) is a continuous non decreasing function
for each r € [0, T] and it is dominated by an 5-integrable function. It is clear that J
is a monotone functional. The I'-limit of J is given in the next result.

Proposition 5.2 For (¢!, c?) € C x C let D be the set of points where ¢' or ¢?
Jjumps and let A be the set of atoms of the Radon measure 1. Let (A N D)€ be the
complement of A N'D in the interval [0, T]. The T'-limit of J in (¢, ¢?) is given by

relr= [ gechchan+ Y aumsecl . 52
(AND)e

teAND

Proof Take (c!,c?) € Cinite % Crfinite. For i = 1,2, take a sequence
{w! (n)}pen C C¥ converging weakly to ¢'. We clearly have that

n—oQo

lim inf/ f(t, wlm), w?(n))dn,
[0,T]

= f f(,cl,cHdn, +liminf f £, whn), w?(n)dn,,
(AND)¢ =00 JAND

due to the weak convergence, since f is a continuous function.
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Take t € A N'D. We will do the proof for ¢ € (0, T), the other cases being more
simple. For € > OandS > O witht — 68,1 4+8 € (0,T)/AUDIlet N € N be such
that |wt s(n) — Ct 5| < € and |wt+5(n) t+5| <e¢€,forn > N. Then

—€ —I—Ciﬂ; < wi(n) <e€ +C§+5.
As a consequence

Ci < hm 1nfwt (n) < lim sup wt (n) < C
n—o0

The monotonicity and continuity of f implies now that

timint [ £l wondn = [ fG.el 6y,
AN

n—oo AND

Thus, we have proved that J*(c!, ¢?) < liminf,_, o J(w'(n), w!(n)).

Now we are going to construct a sequence {(v1 (n), vz(n))}neN converging
weakly to (¢!, ¢?) with J*(¢c!, ¢?) = lim,_, oo J(v' (1), v*(n)). Fort € DN (0, T)
let B;(8) := (¢t,t + 8] where § > 0 is small enough so thatt + & € (0, T)/(A U D)
and the sets B;(8) are pairwise disjoint. For i = 1, 2, let lf be the linear function
defined by

i) =@-n®"T 5)5_ ¢ | iy,

We define

Vi (8) = { 92— for z ¢ U;epno,m) B (9,
[;(z) for z € B;(9).
Let {8,},en be a sequence with §, < i and satisfying the requirements that
t+ 6, € (0,T)/(A U D) and the sets B;(5,) are pairwise disjoint. It is clear
that the sequence {(vl(S,,), v2(8n))}neN converges weakly to (c!, ¢?). Indeed,
(' (82). v*(8n)) = (¢, ¢?) outside the set |, cpno.) B: (8n). Moreover

/ ft, v} 80, v2Sp))dn, = / f(,cl_, ¢t ydn,,
AND AND

due to the definition of (v, (On), v; 2(8,)).

We have proved that J* as deﬁned in (5.2), is the I'-limit of J for elements
in Ctinire X Cfinite of distributions with a finite number of jumps. Then, after
Theorem 5.1, the I'-limit of J in C x C is given as follows. For a pair cl,c?) e
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C x C with a countable number of jumps {19, 71, . . .} we have
J(c'.¢®) = lim J*@' k), T (k).
k—o00
with the notation of Theorem 5.1. Note that

J@ ), k) = /[O 0T 0.,

Moreover, limg_, o 5;_(k) = Cﬁ_ uniformly in # € [0,T] and i = 1,2. As a
consequence

lim J*@' k), & (k)) = / f@, ¢l ¢t dn,
k— 00 [0,T]

due to the continuity of the function f. The right-hand side of the last equation
coincides with the right-hand side of (5.2). This proves the proposition. O
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A Criterion for Blow Up in Finite m)
Time of a System of 1-Dimensional s
Reaction-Diffusion Equations
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Abstract We give a criterion for blow up in finite time of the system of semilinear

partial differential equations (/") = 1 i (t x)+w, g) dui (. x)—l—uiﬂg’ (t,x),t >0,
x € R, with initial values of the form u; (0 x) = h (x)/go, (x), where 0 < ¢; €
L% (R,dx)NC* (R),0 < h; € L?> (R, dx), B; > Oandi = 1,2, j = 3—i. Moreover,
we find an upper bound T* for the blowup time of such system which depends both
on the initial values f1, f>, and the measures u;(dx) = (pl.z (x)dx,i =1,2.

Keywords Semilinear system of PDEs - Local mild solution - Finite time blow
up
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1 Introduction

Consider the semilinear partial differential equation

du(t,x)  10%u(t,x) ¢ (x)0u(, x)

= utP (1t t>0 R, (

or 2 ax2 @) ox €.x), >0, xek (1)
where B > 0, ¢ € C%(R) is a square-integrable, strictly positive function, and the
initial value is of the form u (0, x) = h(x)/@(x) with & € L%(R, dx) and ¢S(x) =
de(x)/dx. Setting p(x) = e/ in (1) it becomes

ou(t, x)

o = Lou(t,x)+u'tP(t,x), t>0, xeR,
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where L% := ; (,sz —x aax is the infinitesimal generator of the Ornstein-Uhlenbeck
semigroup {77, t > 0}. Using essentially Jensen’s inequality and the fact that the
measure u(dx) = ¢2(x) dx is invariant for {7}, ¢ > 0}, in [8] we were able to prove
that Eq. (1) exhibits blow up in finite time for any nontrivial initial value of the form
u©,x) =hx)/px),x € R.

Motivated by this example, in this note we provide a criterion for explosion in
finite time of positive mild solutions of the 1-dimensional semilinear system

1t 182u+(t " (x) duq (t
uy (t, x) _ ul(,x)+</)1() ul(,x)+u;+ﬂ1 (t,x), t>0, xeR,
at 2 9x2 @1 (x)  ox

dup(t,x)  19%ux(t,x) | @5 (X) dua(t,x)
ot T2 ax2 @ (x) ox
ui(0,x) = fi(x), xeR, i=12

+ui+ﬁ2(t,x), t>0, xeR, (2)

where f1, B2 > 0 are constants, fj, f> are nonnegative functions and ¢1, @2 €
C?(R) N L*(R, dx) are strictly positive. Semilinear systems of this type have
been investigated intensively in last years, starting with the pioneering work of
Galaktionov et al. [4] (see also [2, 3, 5, 7, 9] and the review papers [1, 6]). This kind
of systems arise as simplified models of the process of diffusion of heat and burning
in a two-component continuous media, where u1 and u» represent the temperatures
of the two reactant components.

Recall that a pair (11, u2) of measurable functions is termed mild solution of
system (2) if it solves the system of integral equations

t
u;(t,x) = Tti (fi(x) ~|—/0 TLS (u}ﬂg" (s,x)) ds, t>0, xceR, 3)

wherei = 1,2, j =3 —1i and {Tf, t > 0} is the semigroup of continuous linear
operators on L*°(R, dx) having infinitesimal generator

13 ¢ 3

LY — :
209x2 @ Ox

i=12.

Ifthere exists T € (0, 00) such that [luy (¢, ) || oo, ax)y =00 0r lua (2, I poo®,dx) =
oo forall + > T, then it is said that (u1, uz) blows up (or explodes) in finite time,
and in this case the infimum of such 7"’s is called the blow up time (or the explosion
time) of (uy, uy).
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Notice that for any g € L*°(R, dx) and i = 1, 2,
1) =E[g (x)]. 120 xeR,

where {Xf’i, t > 0} is the unique strong solution of the stochastic differential
equation

/

t
Y,=x+Bt+/ (p’(YS)ds, t>0, xekR;
b o

@i

here {B;, t > 0} is a standard 1-dimensional Brownian motion. It turns out that
under our assumptions both processes {Xf”, t > 0},i = 1,2, are recurrent and,
moreover, possess corresponding invariant measures

wi(dx) = ?(x)dx, i=1,2. 4)

The intuitive explanation of the blow up phenomenon in non-linear heat equa-
tions of the archetype

M At w0 = £ 20,
where 8 > 0 and A is the generator of a strong Markov process on a locally compact
space, is that if the initial value f is “small” then the tendency of the solution to
blow up (which it would do if u'*# were the only term in the left-hand side of the
equation) can be inhibited by the dissipative effect of the migration with generator
Aj; see e.g. [6, 9] or [10]. In view of the ergodicity of the processes {Xf”, t > 0},
i =1, 2, the mild solution of (2) should therefore blow up in finite time, at least for
certain non-trivial positive initial values f;, i = 1, 2.

In this work we give conditions which imply blow up in finite time of system (2)
under the assumption that ¢ /¢, is a strictly positive bounded function such that
inﬂg {o1 (x) /@2 (x)} > 0, and the initial values are of the form f; = h;/¢;, where
Xe

h; € L? (R, dx), i = 1, 2. We distinguish two cases: if 81 = B> we show that any
non-trivial positive mild solution of (2) blows up in finite time. If 1 # B> we prove
that a condition on the “sizes” of fi and f, and on the measures w1, u> of the form

/fldﬂl+/f2dﬂz > co,

(where the constant ¢y > 0 is determined by the system parameters) already implies
finite time explosion of (2); see Theorem 2 below. Moreover, we find an upper bound
T* for the blowup time of system (2) which depends both on the initial values f1, f2,
and the invariant measures (4). Our setting allows us to consider a wide range of
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choices for ¢ and ¢, for instance

@1 (x) = (sin (¥) +2) @2 (x) with 3 (x) = e /2,
or else
_ o —x22 . _ 2
01 (x)—<e +1>(p2(x) with ¢ (x) = 1/(1 4+ x7).
In these two cases the functions %4;, i = 1,2, can be chosen of the form
hi (x) = P;(Ix])/Q;i (|x]), where P;, Q; are polynomial functions with non-

negative coefficients such that their degrees satisfy 2 < deg (Q;) — deg (F;), and
Qi (0) > 0.

In the next section we prove existence and uniqueness of local mild solutions
of (2) using the classical fixed-point argument, adapted to our context. Our main
result, Theorem 2, is stated and proved in Sect. 3.

2 Local Existence and Uniqueness of Mild Solutions

Our proof of existence, uniqueness and positiveness of mild solutions of system (2)
is based on [14, Theorem 2.1], (see also [12, Theorem 2.1], [15, Theorem 3], [7,
Theorem 2] or [11, Theorem 1]).

For each 7 € (0, o0) we define the set

Er = {(ui,up) lur, uz : [0, 7] > L= (R, dx), [||(u1, u2)||| < o0},

where
WGy, u)lll:= sup {llur (t, )l Loom,ar) + luz (¢ I Lo @.an } -
tel0,1]
Then (E7, |||-]||) is a Banach space and the sets
Pr:={(u1,uz) € Er :u1 2 0,up >0} and
Br :={(u1,u2) € Er : [||(u1, u2)|ll < R}
are closed subsets of E; for any R € (0, 00). Therefore (P N Bg, |||-||]) is a

Banach space for all z, R € (0, 00).

Theorem 1 There exist T, R € (0, 00) such that system (2) has a unique positive
mild solution in P; N Bg.
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Proof We will prove that the operator WV : P, N BR — P; N Br defined by
t 11p
W (@ (1,0) w2 (1,3)) = (T,1 (fi @) + /0 7L, (w7 (5. 00) ds,

t
T (f> (x))+/ T2, (u}*ﬂz (s,x)) ds>,
0

is a contraction for certain 7, R € (0, 00). We start by verifying that ¥ is in fact
an operator from P, N Bg onto P; N By for suitably chosen 7, R € (0, 00). Let
79, Ro € (0, 00) be such that

Ro > (I fill poo.ax) + I f2ll poor.axy) and
Ro— (Il fill oo @.amy + 1 21l oo, dx))
0= 1+,31 n R1+,32

If (u1,u2) € Py, N B, then W ((u1, u2)) has positive components due to the
definition of ¥ and the fact that u{, up > 0. Hence

t
T (f ) + / T (15" ) s
0

te(0,70] L% (R,dx)

W ((u1, u2))[l| = sup {

t
o+ [ 12 (] 50)as

LOQ(R,dx)}

1 1
< Ifilean + 1 2l + o0 (R '+ R2).

where we have used the contraction property of the operators 7/, i = 1, 2, to obtain
the last inequality. It follows that |||V ((u1, u2))||| < Ry, i.e., ¥ is an operator from
Py, N Bg, onto itself.

In order to prove the contraction property of W we choose tg as above in such a
way that

ﬂl
mg}{(lw, VR e 0. 1). )

Let (uq, u2), (ﬁl, ﬁz) € Py, N Bg,. Using again the contraction property

of the operators Tti , i = 1,2, and the well-known inequality |a? — bP| <
plav b)”’1 |a — b|, which holds for all a, b > 0 and p > 1, we obtain

11 (@1, u2)) = @ (@, 2)) |

t
= [ 00 5 )
t€0,70] 0

LR, dx)
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t
1
+H / 12, (07 o) = (5,0 s }
0 L®(R,dx)
1+ﬁ1 1+/31
< sup (5.0 =@y s, ds
te[0,79] JO L*°(R,dx)
B2 1+/32
+ su H P s, s, H ds
te()lzo]/ (&) = ( )Lw(R,dx)

70
<= {+8) Rgl fo H”2 (s,) — a2 (s, ')HLOO(R,dx) ds
70
+ {1+ B2) Rngo H”l (s.) — i1 (s.°) ||L°°(R,dx) ds

< max {14 ) R o ||Gor,w2) = (@)

From the last inequality we conclude, due to (5), that W is a contraction in Py, N Bg,.
It follows from the Banach fixed-point theorem that W has a unique fixed point in
Py, N Bg,, which is the unique mild solution of system (2). m|

3 A Condition for Blowup in Finite Time

Our main result is the following

Theorem 2 Let ¢; € L? (R, dx)NC? (R) be a strictly positive function and assume
that the initial value f; admits the representation

hi (x)
fi(x) = >0, xeR, (6)
@i (x)

for some positive nontrivial h; € L> (R,dx), i = 1,2. Suppose in addition that
there exist strictly positive constants k1, ky such that

<</’1(X) -

ka, R. 7
S o tE @

1. Assume that B1 = B2. Then any non-trivial positive mild solution (u1, uz) of
system (2) blows up in finite time.
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1+

2. Assume that B > Bo. Let Ag = (%Ig?) frpa /311+/3 and suppose that
P2 lJrlﬂz
Sr @) pr(dx) + | f2 () po(dx) > 212 A7 €]
R R

Then any mild solution (u1, uy) of system (2) blows up in finite time.

Proof Let (u1, uz) be a mild solution of system (2). We denote
wi (1, x) =@ (Nu; (t,x), t>0, xekR.
Multiplying both sides of (3) by ¢; yields
. w7 (M I Wl —(1+4)
w; (1, x) = ¢; () T, v (x) )+ A i () T_g(w3 ;" (s, x) @3 7" (x))d
1
)

Since the function g; (x) := (piz (x) satisfies the differential equation

1 92 9 9l @)\
2 9528 (x) — 9 <gi (x) o (x)> =0, xeR,

it follows that u; (dx) = ¢7 (x) dx is invariant for the semigroup {7}, t > 0}. Let
us write E' [ f]:= [ f (x) @i (x) dx. Due to (9) this implies that

B wi (1, )] = [h,»(-)]+f0 (o 6 0e T O a0

1
Define a := min k%, 2 . From assumption (7) we get 2’ ( ) >aforallx e R

Y3 ¥
andi = 1, 2. Therefore

E [0l e 00 0]

. 1+B;
=L(50)) we

2 wisi (5 0O\ 93 )
>a ||€03—i ”LZ(R,dx) R 2

P3—i ()C) ||¢37i”L2(R,dx)
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”‘p3 172 @an w3—; (5, x) oL A
2424 x) 7 i () dx
||<p3 i@ g WE 930

28 : 1+B;
26; -
= allpsill i g (B fwsmi 01) (11)

where we have used Jensen’s inequality to obtain the last inequality. Plugging (11)
into (10) renders

i 3-i 1+pi
E [wi (1, )] > E' [ O] +allgsill 5o o f (B [wsoi (5,01) .

12)
Let y; (¢) be the solution of the system

2 1 1
@0 =algs-ill 2 g vl @, >0,

yi ) =E [ ()], i=12.

Putting b := a min { ot } we get the system of differential

LZ(R dx)’ ||§02||L2(]R dx)
inequalities

Y@ = by @), =0,
yi () =E'[h; ()], i=12
Let (z1 (t) , z2 (¢)) be the solution of the system of ordinary differential equations
G =bz;" @, >0,
) =E[h], i=12 j=3-i
By the Picard-Lindel6f theorem, this system with (z; (0), z2 (0)) = (0, 0) has a
unique local solution (wi (1), w2 (1)) = (0,0) for all ¢+ € [0, 7), for some T €
(0, 0o]. In our case E' [h; (-)] = 0. Therefore by a classical comparison theorem,

z1(t),z2 () > 0forall ¢ € [0, 7).
Consider the new function

E@W):=z21)+22@), t=>0.

We deal separately with the two cases in the statement of the theorem:

1. Case 81 = B2. Using the fact that

Piary +y1+ﬂ1 > 2—h (x _|_y)1+ﬂ1 , x>0, y=>0, (13)
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we get

E'(1) =2y (1) + 25 (1)
=0 (0" 0+ o)
> 27 PpEYPi (), >0,
E(0) =E'[h1 ()] +E [h2 ()]
Let I (¢) be the solution of the ordinary differential equation

I'()y=2"Pp1""Pry, >0,
1(0) = E'"[h1 ()] + E? [ha ()]

Since I is a subsolution of E (see [13], Lemma 1.2.) and I explodes at time

281

= 1 2 Bi
b1 (E' [hy ()] +E2 [ha ()])

€ (0, 00),

it follows that E explodes at some time tg < T*, and therefore, by a classical
comparison theorem we get that

E' fwi (¢, )] = llur (¢, ) p1gpy) =00 or

E? [wa (t, )] = lluz (t, ) 1 @ py) = 00

forall # > T*. Since [|u; (t, ) p1w ;) < Nwi (8, ) poow,ax) ||(Pi||iz(R’dx) for all
t € [0,00),i = 1,2, we conclude that the mild solution (u1, u2) of system (2)
blows up in finite time.

2. Case B1 > B2. Recall that forall x,y > 0,§ > 0 and p,q € (1, c0) such that

p~' + ¢! = 1 we have Young’s inequality
Xy = + . (14)
p q

From the definition of A it follows that
2Py = 2 (1) — Ag, forallr > 0.

In fact, it suffices to choose in (14)

148,

1+ﬁ1)1+ﬁ1 14 B

1
x=1 y=25"®, 5:<l—|—ﬂ2
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Therefore we have
Ewzb(q0+57 0 - a).
Using again inequality (13) we conclude that
a0+ () 2 2 RE P r)
hence
E(1)>b (2”32E1+ﬁ2 (t) — Ao) .
Let I (¢) solve the ordinary differential equation
1%n=b@%nHmay—m),t>Q
10) =E'[h1 O] +E* [h2()].

It follows from the same comparison theorem as above that [ is a subsolution of
E. Using separation of variables we get, for t € (0, 00),

1(1‘) dx o d)C
= / | < / ) =:T* (15)
E©0) b (2_’3216 2 — Ay) E©) b (2—/32x +h2 — AO)

But the hypothesis (8) implies that 7* < oo. Hence (15) cannot hold for
sufficiently large ¢, which yields that / explodes at a finite time 7** € (0, T*].
Therefore E explodes no later than 7* as well. From here we proceed as in the
case 81 = B2 to conclude that the mild solution (u1, u2) of system (2) blows up
in finite time also in this case.

O

The following result is an immediate consequence of the previous theorem. Recall
that E (0) = fR frdur + fR f2dus and

1+8
1 B1-F — 1 ;
_ + .32 1=F2 .Bl .32 . b=nmin k%, m1n ’ ||(,0; I 22,31 ] .
1+ 1 1+ i k3 | iel1.2) LR, dx)
Corollary 3 Under the assumptions of Theorem 2, if B1 = B> then the explosion

time of any non-trivial positive solution of (2) is bounded above by

. 2b1
BB (E (0)P1
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If B1 > B2 and (8) holds, then the time of explosion of (2) is bounded above by

T — /OO dx
- E©) b (2*ﬁ2x1+ﬁ2 _ Ao)'

Remark Theorem 2 and Corollary 3 remain valid when 8, > B1, with the obvious
changes in the correspondent statements.
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A Note on the Small-Time Behaviour )
of the Largest Block Size of Beta s
n-Coalescents

Arno Siri-Jégousse and Linglong Yuan

Abstract We study the largest block size of Beta n-coalescents at small times
as n tends to infinity, using the paintbox construction of Beta-coalescents and the
link between continuous-state branching processes and Beta-coalescents established
in Birkner et al. (Electron J Probab 10(9):303-325, 2005) and Berestycki et al.
(Ann Inst H Poincaré Probab Stat 44(2):214-238, 2008). As a corollary, a limit
result on the largest block size at the coalescence time of the individual/block {1} is
provided.

Keywords Beta-coalescent - Kingman’s paintbox construction -
Continuous-state branching processes - Largest block size - Block-counting
process
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1 Introduction and Main Results

Beta n-coalescents form a class of partition-valued coagulating Markov chains. This
family was introduced by Schweinsberg [20] following pioneer works of Pitman
[17], Sagitov [18] and Mohle and Sagitov [16]. Formally, a Beta n-coalescent
(™ (¢),t > 0) is a continuous-time Markov chain with values in partitions of
[n] :={1,2,...,n} starting at [T (0) = {{1}, {2}, ..., {n}}. As n-coalescents can
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be used as models for the genealogy of a sample of n individuals, we refer to [n]
as the set of (labels of) individuals. Its dynamics are determined by a parameter
o € (0,2): when TT™ has b blocks, any k-tuple of them merges into one block at
rate

Aok = Btk —a,b—k+a) 0
Bla,2 — )

where B(a, b) = T'(a)I"(b)/ I"(a+b) is the Beta function. In this paper, we are only

interested in the case o € (1, 2).

Equation (1) induces exchangeability and consistency of these processes.
Exchangeability means that if we permute the labels of individuals, the law of
1™ stays unchanged. Consistency refers to that for any couple of integers n < m,
the projection of 1" on [n] has the same law as I1?. By Kolmogorov’s extension
theorem [17], we can construct the so-called Beta-coalescent process (I1(z), t > 0)
taking values in partitions of N such that the projection of IT on [n] is equal in
distribution to TI®. When o € (1,2) the Beta-coalescent has proper frequency
(i.e., almost surely for any ¢+ > 0, IT has no singletons, see [17]) and comes down
from infinity (i.e., almost surely for any # > 0, IT has a finite number of blocks,
see [19]).

Berestycki et al. [2] provided many results on the behaviour of functionals
of TI(¢) as ¢ tends to 0, such as the number of blocks, the ranked sequence of
asymptotic frequencies of those blocks and the asymptotic frequency of the largest
block. For the latter, they establish the following result in Proposition 1.6:

Proposition 1.1 Let X (t) be the asymptotic frequency of the largest block of T1 at
time t, then

@C@TQ2 —a)et—«X (1) > X, ast goes 0 0 )

where X is a Fréchet random variable with parameter o, i.e., P(X < x) = e*xw,

d .
forany x > 0, and “— ” stands for the convergence in law.

This is a result in the infinite coalescent for + — 0. Often, especially when
used as a genealogy model, we are actually more interested in the n-coalescents
and their asymptotic behaviour, since we can then interpret results in terms of the
finite models (as in [7-9, 12, 13, 15, 21, 22]). Proposition 1.1 would in this sense
be first taking n — o0, then + — 0, while we would like a simultaneous limit
(tn,n) — (0, 00). In this case, we could look at specific, interpretable/interesting
small times ¢,.

Such time is the external branch length of individual 1 (studied in [9], and with

further extensions given recently in [22] and [24]), denoted by Tl(") and defined by

7™ = sup{z, {1} € ™ (1)}
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This can be seen as seeing the coalescent from the eyes of individual 1 and
measuring its “distance” to the rest of the sample or its genetic uniqueness [6].
Here individual 1 represents a randomly chosen individual of the sample thanks to
exchangeability. Observe that, since the Beta-coalescent has proper frequency when
a € (1, 2), this variable vanishes as we let n tend to infinity. We are now curious how
the block structure of the coalescent looks like at this specific time (asymptotically).

One possible tool for this study is the minimal clade size, studied in [22] for
o € (1,2) (see also [11] for « = 1 and [5] for « = 2). This is the size of the
block containing 1 at time Tl("). The size of the minimal clade gives the information
of how many individuals share the genealogy with individual 1 after he merges.
It was shown in [22] that the minimal clade size converges in law, without any
renormalization, to a heavy-tailed random variable of index (o — 1)2.

Now we would like to compare this minimal clade size to the size of the largest
block at time Tl("), denoted by W This comparison gives a first picture of the
inhomogeneity of the block structure of the Beta n-coalescent at small times. To
study W, we first consider the size of the largest block at any time 7, denoted by
W (r). Hence, we have

W(n) — W(n) (Tl(n))‘

We obtain an asymptotic result for W™ at the n! =% scale.

Theorem 1.2 For a Beta n-coalescent with 1 < o < 2, as n tends to infinity

1 1 d
@T(@)T Q2 —a))e ()"« WP n' %) 5 x| (3)

where X is a Fréchet random variable with parameter o.

Rewriting (3) as

W(n) lfott
-l (n )i>X,

L 1—a
al'(@) 2 —a))«(n "%t
the reader can observe the similarity with (2).

To study the behaviour of W we shall consider the restriction of 1™ on
{2,...,n}, denoted by ne? = (2@, r > 0). By consistency, the latter is
equal in law to I1"~1 modulo notations of the labels of individuals. Then W is
actually the largest block size of IT1¢"2) (Tl(")) plus 1, if {1} coalesces with the largest
block of 12 (Tl(n)) or plus O otherwise.

It has been established in the proof of Theorem 5.2 of [9] that conditional on
ne2 pe-l Tl(") converges in law to a random variable 7. More precisely,

t o
]P’(n“_lTl(n) > 7|12y BN P(T >1)=(1+ ) e-l, 4
ol ()



222 A. Siri-Jégousse and L. Yuan

This shows that in the decomposition of wm = W(”)(Tl(n)), the terms
(WD (nl=f), t > 0) and n*! Tl(") are asymptotically independent. Combining (4)
together with Theorem 1.2, we can describe the limit of W as a mixture.

Corollary 1.3 As n tends to infinity,
LW, (5)

where W is a positive random variable such that for any x > 0,

o0 eXP(_x_a aF(oz)ll;(Z—(x)) t 20—1

P(W <x) = /0 @ hra OF o) dt.

This note is organised as follows. In Sect. 2, we introduce the main tools such as
the construction of Beta-coalescents via continuous-state branching processes and
the paintbox construction of exchangeable coalescents. Section 3 is devoted to the
proofs of Theorem 1.2.

2 Preliminaries

2.1 Ranked Coalescent and Paintbox Construction

Assume all along the rest of the paper that 1 < « < 2. Let [T = (TI(¢), ¢t > 0) be the
Beta-coalescent and denote by K = (K (¢),t > 0) the block-counting process of II.
In words, K (¢) stands for the number of blocks of IT(¢). It is known that IT is coming
down from infinity: for any ¢ > 0, K (¢) is finite almost surely [19]. Also recall that
for any t+ > 0, I1(#) is an exchangeable random partition of N. This means that if
we permute finitely many integers in I1(¢), the law of I1(¢) is unchanged. Applying
Kingman’s paintbox theorem on exchangeable random partitions [14], almost surely
for every block B € I1(¢), the following limit, called the asymptotic frequency of
B, exists:

Furthermore, when ¢ > 0, the sum of all asymptotic frequencies equals 1 since I1
is of proper frequency [17]. Hence, one can reorder all the asymptotic frequencies
in a non-increasing way to define a sequence ®(t) = {61(¢), 02(2),--- , Ok ) (1)}
where 61 (1) > 02(1) > --- > Og(1y(1) and YN 6;(1) = 1. At time 1 = 0, every
block is a singleton and then has asymptotic frequency 0. Hence one can naturally
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set ®(0) = {0, 0, .. .}. Then the process ® = (O(t), t > 0) is well defined. We call
it the ranked coalescent.

Given ©(¢) for some ¢ > 0, one can recover the distribution of I1(¢) using again
Kingman’s paintbox theorem. Let us at first divide [0, 1] into K (¢) subintervals
such that their lengths are equal one to one to the values of elements of ®(¢). Then
we throw individuals 1, 2, - - - uniformly and independently into [0, 1]. Finally, all
individuals within one interval form a block and this procedure provides a random
exchangeable partition which has the same law as I1(#). Thanks to the consistency
property, the restricted partition I[1" (¢) can be obtained using the same procedure
but throwing n particles instead of infinitely many.

2.2 Beta-Coalescents and Stable Continuous-State Branching
Processes

To prove Theorem 1.2, we will use classical relations between Beta-coalescents
and continuous-state branching processes (CSBPs) developed in [4] (see also
Section 2 of [2]). We give a short summary to provide a minimal set of tools. A
continuous-state branching process (Z(¢), t > 0) is a [0, oo]-valued Markov process
(in continuous time) whose transition semigroup p;(x,-) satisfies the branching

property
pix+y,) = pi(x,)* p(y,), foralx,y>0.
For each t > 0, there exists a function u; : [0, c0) — R such that
Ele**®|Z(0) = a] = e~ ™), (6)

If, almost surely, the process has no instantaneous jump to infinity, the function u,
satisfies the following differential equation

3”’?) — W),

0

where W : [0, oc0) — R is a function of the form
o
U(u) = yu + Bu? +/ (™" — 1+ xul<1)m(dx),
0

where y € R, > 0 and 7 is a Lévy measure on (0, co) satisfying fooo(l A
x2) 7 (dx) < oo. The function W is called the branching mechanism of the CSBP.

As explained in [3], a CSBP can be extended to a two-parameter random process
(Z(t,a),t = 0,a > 0) with Z(0, a) = a. For fixed t, (Z(t, a), a > 0) turns out to
be a subordinator with Laplace exponent A — u,(A) thanks to (6).
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There exists a measure-valued process (M;,t > 0) taking values in the set
of finite measures on [0, 1] which characterises (Z(¢z,a),t > 0,0 < a < 1).
More precisely, (M;([0,a]),t > 0,0 < a < 1) has the same finite-dimensional
distributions as (Z(t,a),t > 0,0 < a < 1). Hence (M,([0,a]),0 < a < 1)
is a subordinator with Laplace exponent A — u;(A) and Z(¢, 1) = M,([0, 1]) is
a CSBP with branching mechanism W started at My ([0, 1]) = 1. In particular, if
the branching mechanism is W (1) = A%, its Lévy measure is given by w(dx) =
?E‘;:{Bx’l’“dx and, for all + > 0, M, consists only of a finite number of atoms.
For the construction of (M, ([0, a]),t > 0,0 <a < 1), werefer to [1, 4, 10].

A deep relation has been revealed in [4] between the Beta-coalescent and the
CSBP with branching mechanism W(A) = A%. It is described by the following two
lemmas which are respectively Lemma 2.1 and 2.2 of [2]. To save notations, from
now on, (Z(t),t > 0) will always denote a continuous-state branching process
(Z(@t, 1),t = 0).

Lemma 2.1 Assume that (Z(t),t > 0) is a CSBP with branching mechanism
V() = A* and let (M;,t > 0) be its associated measure-valued process. If
(T1(t),t = 0) is a Beta-coalescent and (©(t),t > 0) is the associated ranked
coalescent, then for all t > 0, the distribu}tvl}on of ©(t) is the same as the distribution
-1
2R
R(t) = (@ — Dal(a) [y Z(s)!~%ds and R~ (t) = inf{s : R(s) > t}.

of the sizes of the atoms of the measure ranked in decreasing order. Here

Let 1 denote the Slack’s probability distribution on [0, co) (see [23]) charac-
terised by its Laplace transform

L£,0) = f e udny =1 (1 + Ak a0 )
0

Lemma 2.2 Assume V(L) = A%, Foranyt > 0, let D(t) be the number of atoms of
M;, and let J(t) = (J1(t), -, Ip)(t)) be the sizes of the atoms of M;, ranked

in decreasing order. Then D(t) is Poisson with mean y(t) = ((o — 1)t)_a11.
Moreover, conditional on D(t) = k, the distribution of J(t) is the same as
the distribution of (y(t)_le, cee, y(t)_le) where X1, --- , Xy are obtained by

picking k i.i.d. random variables with distribution | and then ranking them in
decreasing order.

Remark 2.1 From the relation between (M;,t > 0) and (Z(t,a),t > 0,0<a <1)
and also the fact that for all + > 0, M, has a finite number of atoms D(t), we
can deduce that for a given ¢t > 0, there exist 0 < ay,---,apy) < 1 such that
{Z(t,a1) — Z(t,a1—),--- , Z(t,ap()) — Z(t, apy)—)} are exactly the sizes of the
atoms of M;. Markov property of (Z(¢,a),t > 0,0 < a < 1) implies that fors > ¢,
discontinuity points of the subordinator (Z(s,a),0 < a < 1) must be part (or all)
of the points ay, - - - , ap(). Therefore, t +— D(t) is almost surely non-increasing.
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3 Proofs

In this section, we aim to prove Theorem 1.2 and Corollary 1.3. From now on,

we will use the notations t, = n!=%¢ and ¢/ = (— 1?&1‘(04)' Lemma 2.1 entails

M,_
that ©(#,) has the same law as 1’;7: E;”))). Moreover, Lemma 4.2 of [2] states that

R™(tn)
I
sizes of the coalescent at time #, by the atoms of the renormalized measure-valued

process at time #;,. The advantage of this approximation is that the time is no longer
random. This idea will be executed through three steps. First, we will study the size
of the largest atom of the rescaled measure M/Z at deterministic time #,, using
tools of the theory of CSBPs. Second we show that the paintbox construction of an
exchangeable partition can also be provided by using a different paintbox and by
modifying it according to the differences between the paintboxes. In the third step,
we use this construction to approximate the partition IT1" at time #, from partitions
built from the rescaled atoms of M/Z at time (1 % &)z, for small ¢.

P L . L
— 1, as n goes to co. From this arises the idea of approximating the block

3.1 The Largest Atom Size of M |Z at a Fixed Time

We start with a technical lemma associated to the measure . We write a,, ~ by, if
limy, s 0o Z: = 1. Recall from Equation (33) of [2] that
—o

X
re-ao) ®)

n(lx, 00)) ~

when x goes to co.

Lemma 3.1 Let k > 0 and X be a random variable distributed according to [.
Define X such that conditional on X, X is a Poisson variable with parameter f .
Then for any x > 0,

(kx)™

lim nP(X > xne) = ,
n—00 re—aw

Proof Let M = I_xnrij. We start the proof with two claims. First, using Stirling’s
formula for M! and a change of variable, we get that forany 0 < 8 < 1,

ME M Mp t \M |
/O e*’M'dtzfo er<M> QaM)"2(1 4+ oM~ YY)dt

p M
0 2

_ O(eM(lfﬁJrlnﬁ)M%)‘ 9)
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The last equality is due to the fact that 1 — ¢ + In7 is negative and increasing for
t € (0, 1). Second, if B > 1, then

00 tM 00 M
/ et dt = f MU=+ Ty (1 + O(MTY)dt.

Notice that 1 — 7 + In¢ is strictly decreasing and concave over [8, oo]. Then there

exists a positive number ¢ such that 1 — ¢t 4+ 1Int < —et for any r > . Therefore,

00 tM 00 M
f e dt < / M CTNI2Z( oM Y)dt = O(e MM 1/?).
B B
(10

Now we can turn to X'. Thanks to successive integrations by parts,
M
M!

P(XZM~|—1)=]E[/k 1 an. (11
0

LetO0 < 81 < 1 and B> > 1, then we have
PX>M+1)=1+1,+ I,

where

X M
h=g[" e’ an
1= [0 e t1(x <kmp}ls
i 1
12=E[/ e dtlmp, <x<kmpay ],
0 M!

LM
I = E[/O e_’M!dtl{X>kMﬁ2}]-

Now let n tend to infinity. By (9), we get

M

M/Sl t
0<nl; <nP(X < kM,31)/ e_’M'dt — 0, n —> oo. (12)
0 !

It is easy to verify that fooo e”%dt = 1 for any integer M > 0. Then using

together (8) and (10), we obtain

. ) (kxB2)™™
lim nl3 = lim nP(X > kMp,) = . (13)
n—00 n—00 re—ow
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In the same way, we have

(kxp)™  (kxp2)™

0<nbh <nPkMBy <X <kM — ,
<nbh <nP(kMp <X < '82)_>F(2—a) F(Z—a)n

— OQ.

(14)

If 81 and B, are close enough to 1, nl> can be bounded by an arbitrarily small
positive number for n large enough. The proof is finished by combining (12), (13)
and (14). |

Fix t > 0.If D) # 0, let Ji(r) = gg; for 1 < i < D(). Let
{di(t),-- ,dpu()} be an interval partition of [0, 1] such that the Lebesgue
measure of d;(¢) is J;(r). Build a partition of [n] thanks to a paintbox associated
with {d(?), - - , dp)(t)}. Let N;(t) be the number of integers in the i-th interval
and N(¢) = max{N;() : 1 <i < D(t)}. This random variable stands for the size of
the largest block of a partition of [n] obtained by a paintbox construction from the

atoms of M/Z at time ¢.
Lemma 3.2 Let x > 0. Then

Y

) , i B tx ¢
A PV(@) < xne) = exp(= n o mo gy

2) Let0 <y < x. Then
lim P(3i: Ji(t)) <n'a"y, Ni(t)) > xne) = 0. (15)
n—>oo

Proof

1) Let us throw a Poisson number of integers on [0, 1] with parameter nZ(t)) .
Then, conditional on {J;(#},) : 1 < i < D(t})}, the number of integers falling
in d; (1)), denoted by N;, is a Poisson variable with parameter nJ; () and {N; :
1 <i < D(t})} forms a family of (conditional) independent random variables.
Let NV be the maximum of all AV;’s. Then, using Lemmas 3.1 and 2.2, as n tends
to infinity,

P < xné) = E[MPWPW; < xne)]
epey( L ye YT
PV = DaT(@)) T@-a)
tx ¢
= exp(— )

al'(0) (2 — a)
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Lemma 2.2 implies that Z(#,) tends in probability to 1 as n goes to infinity.
Hence N and A are close in the limit and standard comparison techniques allow
to conclude.

2) As Z(t) converges to 1, it is easy to show that (15) is equivalent to

lim P@i: Ji(t) <n'a" y, N > xne) = 0.
n—0o0

Let NV = max{N; : J; ) <n o y}. It is necessary and sufficient to show
that lim ]P(J\7 > xnti) = 0. Notice that conditional on J; (#},), \; is a Poisson
n—>oo

variable with parameter nJ; (z,). Let { P (yn«i ), P> (ynolz ), - - - } be a sequence of
i.i.d. Poisson variables with parameter yn«i and also independent of D(z},). Then

P(N > xna) < P(max{P,-(ynolt) 1<i<D(@)} > xné)
= 1 — E[(P(Pi(yne) < xne))P].

Using (11) and (9), one gets
1 1 1
P(Pi(yne) < xne) =1—o0( ).
n

. D(t}) . . ¢
Meanwhile, Lemma 2.2 tells that _convergesin probability to y ( (@—DeT@))
as n goes to infinity. Hence the proof is finished.

O

Remark 3.1 The key points to prove (15) is that Z(z),) converges to 1 in probability

and P i asymptotically bounded by a positive value from above. The distribution

of {J; (t,/,)}lg,-SD(,’;) is not necessary to know. Actually (15) remains true if 7, is
random and conditions on Z(z,) and D(z),) are still satisfied. This fact will be used
in the proof of Theorem 1.2.

3.2 Alternative Paintbox Construction

Let (A1, ---, Ag)and (By, - - - , Bx) be two partitions of [0, 1] with k > 1. We throw
n particles uniformly and independently on [0, 1] and group those within the same
intervals of (By, - -+, By), which gives a sequence of k numbers (Np,, -, Np,)
such that Np, is the number of particles located in B;. We can obtain the law of
this sequence in another way using (A1, - - - , Ax). Throw n particles uniformly and
independentlyon [0, 1]. Let/ :={i : 1 <i <n,I(A;) <I(B;)}, wherel(-) denotes



A Note on the Small-Time Behaviour of the Largest Block Size of Beta n-Coalescents 229

the Lebesgue measure. If a particle falls in A; with i € I, then move this particle to
B;. If a particle falls in A; withi € /¢, then associate to this particle an independent
Bernoulli variable with parameter Z(B i) _If the Bernoulli variable gives 1, then the
particle is put into B;. Otherwise, this particle will be put into B; for j € I with
probability

1(Bj) —I(A))

. 16
2 ner(Br) — 1(Ap)) (10

We denote by N gi the new amount of particles in B;. We have the following result.

Lemma 3.3 The following identity in law holds.

)
(Ng. - Np) = (Ng,,--- . Ng).
Proof Notice that only the Lebesgue measure of each element of (Ay, -+ , Ax) and
(B1, - -+, By) matters. So one can always assume that [0, 1] is divided in a way that

A; is contained in B; fori € I and B; is contained in A; fori € I¢. Then if a particle
is located in A; fori € I, it is also located in B;. But if a particle is located in A;
fori € I¢, with probability IEB ) it is located in B;. Assume that this particle is not
located in B;, then it must be in Upey B\ Aj. Using the uniformity of the throws,

this particle falls in B; with probability (16). O

3.3 Proof of Theorem 1.2

Let us first recall some technical results from [2]. Let ¢ > 0, ¢t > 0 and recall
to and f). Let t— = (1 — &)t and ty = (1 + e)t. Define the event By, =
{r_ < R~ Y1) < t4+}. It can be found in Lemma 4.2 of [2] that there exists a constant
C17 such that

P(B1,1) > 1 — Ci7t,e™. (17)

Also from Lemma 5.1 of [2], there exists a constant Cig such that for all a > 0,
t>0andn >0,

P(sup |Z(s,a) —al > n) < Cig(a+nitn “. (18)

0<s<t

Thus, if we define B, := {1 —n % < Z(s) < 1+n 2 , ¥s € [t_, 1]}, we obtain
that

P(By,) > 1 — Crot(1+&)(1+n 2 )n 2" (19)

where C19 = Cig3/(a — ol (@).
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Fix any s > 0 and let 7 be the random partition of [r] obtained from a paintbox

M,_
associated with Z(I’;,ll((‘z))). Then 7 £ 1 (s). Observe that if R~1(s) > 7_, we can
M;

as well at first build a partition from a paintbox associated with , () and then use

M,
Lemma 3.3 to obtain that associated with _. % '®) which has the same law as 7.

Z(R~1(s))

By Markov and branching properties of CSBPs, for any s > 7_, we can consider
the CSBP as the sum of D(z_) independent CSBP’s which we denote by m;(s) =
Zi(s —t—, J;(t=)). Notice that m; (s) can be 0 while J;(z_) is always positive. Let
us then build a partition V®(s) = (V| (s), ;" (s)..... V.50, (5)) of [n] from
a paintbox associated with ("Zg;, 1 <i < D(t2)). Let Il.(") (s) be the number of
particles in V" (s). and 1" (s) = sup{I"”(s),1 < i < D(z_)}. Fix x > 0 and

2(1—a
define By, = {3k : [[V(t_) > xne, J(t-) = n o, sup |mu(s) — Ji(t)] <

t_<s<ty
eJr(t-)}.

On the event B3 ;, we have that IJ(F")(L) > xnclx. Conditional on B ; we can
also build the partition V(")(Rf1 (tp)) from a paintbox associated to the partition
Z(t_)’l(.h(t_),..., Jpi_y(t-)) and Lemma 3.3. Let B(m, p) be a binomial
variable with parameters m > 2 and 0 < p < 1. Lemma 3.3 implies that

P (1R @) = (1= 26)xn0 By 1 By, 1 Bs, )

= <B <[xn«i] mR ) A 1) > (1= 26)xn«|Bi, N Bay N B )
B T Ik(@t-)Z(R7N(ty)) = 1.0 By M B3,

1 1—n127xa 1
>P|B|[xne], (1 —¢) e | = (1 =28)xn«
1+n 2

< 1 ( 1 l—nlha) )
=P (xne) " B|[xne], (1 —¢) e =0 =8)—¢].
14+n 2

A law of large numbers argument implies that
P (1R @) = (1 = 26)nd 1By N By By ) = 1~ 0)

for n large enough. Now observe from (18) that

2(1—a)

P(By,) = P@Ek: [ (_) = xne Jit) = n « )
X P( sup  mi(s) — ()] < e 3k I (12) = xna,
t_<s<ty

2(1—a)

Jrt-)=n o)
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>P@Ek: 1M () > xna, Bty =n o)

(1-a)2-a)

(1=2tCion & (1+e)e'™).
By Lemma 3.2, we obtain that

P@Ek: [ () = xna, Sty =0 o)

~P@Ek: L) = xne) = PU" () = xno)

~1 ! tx™%
P =8) T2 —a)

In consequence,

tx¢
liminf P(B3;) > 1 — —(1-
iminf P(B3,) = 1 — exp(—( g)al"(a)l"(Z—a))

when 7 tends to co. Then, thanks to (17) and (19), we deduce that

. tx¢
123}}? P(B1:NBy;NB3s) > 1—exp(—(1— s)O[F(O{)F(2 B a)).

Combining the latter with (20), we obtain

—o

al'()'2 — a) )-
(21

lim inf P (11")(1%—1(:")) > (1 - 2g)xni) > 1 —exp(—(1 — )
n—>oo

Next, we seek to find an upper bound for P (I_(irn) (R7Y(1,)) > xn o ) Conditional

on By ;, we construct V(”)(t+) from VW (R™1(1,)) using the method in Lemma 3.3.
Let

() ( p—1 ! 1 21-0)
Buy = Biy N {3k : [ (R7N00)) = xne, m (R (1)) = n” @

Imi(s) — me(R™1 (1))
sup ° <
R (1) <s <ty mg(R™ (1))

3

e}
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Similarly as for the lower bound,
P (1) = (1 = 2)wns By, 0 Ba)

1 Z(R™N (@) my(ty) |
>P <B ([xna], ZGmu(R-1 (1)) A 1) > (1 —2¢e)xn«|By; N B4,,)

; | = pli-a)/a ;
2P (B (xnelo (M=), | 2 (=200 | — 1. (22)

Using the strong Markov property of the CSBP and (18), we have

(n) 1 1 —1 2(1-a)
P(Bs;) =P(B1,, N{3Zk: [, (R™ (ty)) = xne,m(R™ (ty)) 2 n « })  (23)
x (1=2tCron" (1 4 £)!~) (24)

Notice that using (18), in the sense of convergence of probability

lim sup Z(s)= lim inf Z(s)=1
=i+

nﬁootffsfmr n—>oot_<s
Together with (17), we get the following convergence in probability
lim Z(R™'(t,)) = 1.
n—o0

Recall Remark 2.1 where it is deduced that ¢ — D(t) is non-increasing. Thus, on
the event By ;, we have D(r_) < D(R’l(tn)) < D(ty). It is then easy to see that

—1
D " (@) jg asymptotically bounded from above by a certain positive number. Now

we can apply Remark 3.1 and get

P(Bs,) = P@Ek : ["(R™' (1) = xna) + o(1) = PUP (R (1)) = xne) + o(1).

(25)
Using (22), (19) and (25), we get that
lim sup P14 (R~ (1)) = xne)
< lim P (y) = (1= 26)xn0)
1 —exp—(x(1—2ep—e A TE (26)

all'() (2 — )

Since ¢ can be arbitrarily small, (21) and (26) allow to conclude.
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