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ABSTRACT

The following thesis is divided in two main topics. The first part studies variations of
optimal prediction problems introduced in Shiryaev, Zhou and Xu (2008) and Du Toit
and Peskir (2009) to a randomized terminal-time set up and different families of utility
measures. The work presents optimal stopping rules that apply under different criteria,
introduces a numerical technique to build approximations of stopping boundaries for
fixed terminal time problems and suggest previously reported stopping rules extend

to certain generalizations of measures.

The second part of the thesis is concerned with analysing optimal wealth allocation
techniques within a defaultable financial market similar to Bielecki and Jang (2007). It
studies a portfolio optimization problem combining a continuous time jump market
and a defaultable security; and presents numerical solutions through the conversion
into a Markov Decision Process and characterization of its value function as a unique
fixed point to a contracting operator. This work analyses allocation strategies under
several families of utilities functions, and highlights significant portfolio selection

differences with previously reported results.
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CHAPTER 1

INTRODUCTION

Let us assume that you are, free of charge, offered to take part in a very simple game
involving two dice. You are invited to roll these dice up to N times and, at any point
prior to the last roll, you are allowed to stop playing and cash-in an amount of money
equivalent to the last roll number. You are therefore a decision maker within a game and
your task is to deduce what the optimal strategy to follow is, with aims of maximising

the cash reward.

Such a simple yet captivating brainteaser embodies the essence of what probabilistic
problems within the scope of this thesis are trying to achieve. As a decision maker,
you want to be capable of determining what the optimal decision to make is, whenever
your judgement is to affect the outcome of interest. Indeed, you should certainly keep
on rolling whenever the current sum of the dice is lower than the expected reward

should you choose to continue.

The present thesis deals with stochastic control problems that aim to determine
optimal strategies to follow, in situations where outcomes are partly random and partly
under our control. The work is divided into two main blocks and covers control
problems derived from the theory of optimal stopping and Markov decision processes,
fields that have found vast applications in diverse areas such as finance, statistics,
machine learning and economics. This work is motivated by two different kinds of
financial problems; on the one hand, prediction problems that aim to identify the
optimal time for a stop action to be taken, maximizing the value of a given reward

process; on the other hand, wealth allocation problems that aim to maximize the



expected terminal wealth of a financial portfolio, adopting optimal allocation strategies

over a given set of financial products.

In what follows we separately discuss the scope and relevance of each of these fields,
we review previously published research of interest, and we finally present the line of

work developed in Chapters 3, 4 and 6 of this thesis.

1.1 PART 1: OPTIMAL STOPPING AND PREDICTION PROBLEMS

Optimal stopping theory studies the problem of choosing the optimal time to take a
particular action, with aims of maximizing or minimizing an expected reward/cost. Its
use is widespread within some areas of statistics, economics, and mathematical finance.
These problems may relate to either discrete or continuous time cases; in this work we
focus on the latter case. In order to formally introduce the definition of a stopping

problem we first present the notion of a stopping time.

Definition 1.1.1. Given a filtered probability space (Q,F,{Fi}t>0,P), a random
variable T : QO — [0, c0) is said to be an F;-stopping time provided {t < t} € F; for
allt > 0.

Intuitively we say that 7 is a stopping time if the event {7 < t} can be determined
with the knowledge available up to time t. All decisions in stopping problems must
be based on the information available prior to the present time and no anticipation is

allowed.

Definition 1.1.2. Let T be a time horizon and (Q), F, { F; }+>0, IP) be a filtered probability
space. Denote by G = (G)>0 an Fi-adapted gain process. An optimal stopping problem
is the problem of identifying the stopping time 7* so that

V = E[G]| = sup E[G{]. (1.1.1)

0<t<T

Here, V denotes the value function, which models the optimal expected
reward/cost. An infinite time horizon is allowed, and usually leads to a subset of

stopping problems for which explicit solutions are often attainable. In this first part



of this thesis we will first present a variation of a previously explored fixed horizon
stopping problem, and will afterwards direct our attention to a randomized terminal
time set up, in order to investigate ways of overcoming complications arising under

the original set up.

Optimal stopping problems have been a major object of study for approximately 60
years now and there exists currently a wide collection of techniques for approaching
them; these are determined by the nature of the underlying process. Techniques
that take advantage of the unconditional finite-dimensional distribution of a gain
process are categorized within the subgroup of techniques referred to as the Martingale
Approach, with the Snell envelope being its most important concept (cf. [55]). Snell was
the first to characterize the solution to a discrete-time stopping problem as the minimal

supermartingale dominating its gain process .

On the other hand, techniques that exploit the analytical structure of conditional
transition functions are referred to as the Markovian Approach; these attempt to study
optimal stopping problems through functions of initial points in a state space. Such
an approach deals with the extension of problem (1.1.1) to a state space (E, B), where
Gt = G(X}) defines the Markovian representation for a measurable function G, with
a Markovian family of processes ((X¢)¢>0, (Ft)i=0, (Pt)xee). Here, X = (X¢)i>0 is a
Markov process with values in E. This approach leads to problems

V(x) = supEy[G(X:)],
TeT
where P, (Xgp = x) = land 7 = {7t : 0 < t < T}. If the Markov representation of
the problem is valid, analytical tools provided by the theory of Markov processes can
often be utilized; it is through the infinitesimal generator of the underlying process that
a close link between optimal stopping and free-boundary problems can be established.

Problems addressed in next chapters admit such a representation.

This relation between optimal stopping and free-boundary problems was explored
by Mikhalevich (cf. [42]) and several other authors during the 1960s. Work during this
decade includes that of McKean (cf. [40]), who first transformed into a free-boundary

problem the optimal stopping problem linked to pricing an American Call option. The



success of mathematical finance would later on attract further attention to optimal
stopping; see [49] for an extensive overview of the theory and applications of optimal

stopping and free-boundary problems.

Optimal Prediction Problems

Optimal Prediction problems can be defined as a subgroup of optimal stopping
problems concerned with stopping a certain stochastic process as close as possible
to its ultimate maximum, over a pre-defined period of time and with no anticipation
allowed. These problems are of great theoretical interest and find applications within
fields of financial engineering. Well-known discrete-time variants of these problems

include the Secretary and House Selling problems (cf. [9]).

In this work we concern ourselves with continuous-time variants of these problems.
A continuous time optimal prediction problem was first studied by Graversen, Peskir
and Shiryaev for the case of a Brownian motion B = (B;);>o (cf. [29]). The authors

analysed the optimal stopping problem

V = inf E[(B; — max Bs)?].

7€[0,1] 0<s<1
An explicit solution to the problem was obtained through the method of time change.
Afterwards, Du Toit and Peskir continued in [20] their study considering an extension
to the case of a drifted Brownian motion B* = (B}');>; they presented a solution to the

problem

_ A A2
V= Tér[})fl]E[(Br fmax By

In particular, the stopping rules obtained for both cases above were defined as the first
entry time of an underlying stochastic process to some stopping region; the process

accounted for the distance between the Brownian motion and its running maximum.

Within a financial context and considering a geometric Brownian motion Z, Du Toit
and Peskir (cf. [21]), Shiryaev, Xu and Zhou (cf. [54]) and Zhou, Dai, Jin and Zhong (cf.

[60]) derived results on the stopping problems

s } ) (1.1.2)

. Mr
Vi= inf E|— d V= E|—
1= e B[] and Ve sup B[



where M7 stands for the maximum of Z over the entire time interval [0, T|. The use
of probabilistic techniques in [21] and [54], and a PDE approach in [60] enabled the
authors to derive the so-called Bang-Bang strategies, defining a goodness index through
parameters describing the dynamics of Z and categorizing most processes as either good
(never to stop) or bad (immediate stop). Problems V; and V; surprisingly led to different
optimal stopping rules for a given subset of parameters; in this case, the solution
to Vi was given as a time-dependent optimal stopping boundary for an underlying

stochastic process to cross.

More recently, Espinosa and Touzi (cf. [26]) and Elie and Espinosa (cf. [25]) have
addressed optimal stopping problems for a more general family of mean reverting
diffusions with similar financial motivations. In their case the terminal time bounding
the time space is random and it is given by the first hitting time of a diffusion
process to 0. In [26] the solution to the optimal stopping problem inf.c g E[U(X; —
maxo<s<g Xs)] is defined as the first crossing time of a time dependent boundary by
some underlying stochastic process, where X stands for some mean reverting diffusion
and U is an increasing and convex loss function; 8 is the first hitting time of X to 0. On

the other hand, [25] provides a solution to the problem

. maxp<s<g Xs — Xr )2
inf [E [( ) } .
7€[0,6] maXp<s<g Xs

In this case, results are consistent with those in [21], [54] and [60], and a restrictive time

dependent stopping boundary is defined, so that immediate stop is close to optimal.

The first part of this thesis makes use of the extensive collection of optimal
stopping techniques under a Markovian approach reviewed in [49] and explored in
[17, 21, 25, 54, 60] and references therein. Chapter 2 offers an introduction to the
notation and approach to optimal stopping problems for continuous time processes,
and summarizes a set of results of use in order to study prediction problems to follow.
Next, Chapter 3 analyses a variation of problems (1.1.2), focused on minimizing a
non-linear utility function of the ratio between a geometric Brownian motion and its
absolute maximum over the entire time interval. The Chapter offers optimal stopping
strategies that apply under certain restrictions regarding the parameters describing

the model, and characterizes the resulting value functions. The solutions show



consistency with the previous research aforementioned and suggest only ever stopping
bad processes, defined in terms of a relation between parameters in the stochastic
process. In addition, the work discusses the intractability of the stopping problem
via reduction to a free boundary problem, in cases when optimal stopping times are

expected to respond to departures of a diffusion from the origin value 0.

Chapter 4, on the other hand, brings together the theory in [49] and randomization
techniques examined in [17], [2] and [31] in order to analyse generalizations of
optimal prediction problems to families of utility functions covering wider cases not
presented in the literature. This is done in an extended time-randomized context,
where the stopping terminal deadline is random and independent of the state of
the diffusion of interest. In this work, we derive a family of stopping problems
which are time-independent with the underlying diffusion being two-dimensional. We
discuss the existence of optimal stopping boundaries and obtain complete solutions
as the unique solution to a boundary value problem. Our results allow for us to
computationally build numerical approximations of fixed terminal time set-up optimal
stopping problems and suggest the possibility of extending optimal stopping rules
defined in [21] to a more general family of power utility measures. The results on this

work have been submitted for publication to SIAM Journal on Control and Optimization.

1.2 PART 2: MARKOV DECISION PROCESSES AND FINANCE

Markov decision processes (MDPs) provide a mathematical framework for
modelling decision making in situations where outcomes are partly random and partly
under the control of a decision maker. They are useful for the study of diverse
optimization problems generally solved via dynamic programming, and have found
applications in diverse areas such as epidemic processes, queueing systems, machine

learning and economics.

A Markov decision process is in essence a discrete-time stochastic control process,
it allows for a generalization to a continuous time set up, this however requires a

significant amount of additional theory and is out of the scope of this thesis. The most



common set up of an MDP consists of a system evolving over discrete-time points and
controlled by a set of sequential decisions. Transitions of the system state are random
and Markovian, meaning transition to future states is independent of past history.
Given a current system state, a decision maker chooses an admissible action, generally
influencing the transition to a new state according to some stochastic law. The decision
maker receives rewards according to his choices of controls for every system state,
and aims to optimally control the system evolution process. The general optimization
criterion is to maximise the expected value of the sum of random rewards. Figure 1.1

presents the schematic evolution of an MDP.

Definition 1.2.1. A Markov decision process is a sequence of random variables X =
(Xn)n>0 describing the stochastic evolution of a system state. It is modelled by a 4-

tuple (E, A, Q.(+,-),R.(+,-)) where:

E denotes the state space that process X takes values on.

A denotes the action space. For any specific x € E at time 1, only a subclass of

actions D, (x) C A may be admissible.

Qn(B|x,a) is the stochastic transition kernel; it models the probability for action

a € Ainstate x € E at time n, to lead to some state y € B attimen + 1, for B C E.

e R, (x,a) is the one-stage reward of the system at time n, if the current state is x and

action a € A is taken.

[ Stagen+1 |

| S'tate Xn ........gr.a(.?f;jg[;...) ........ { State Xn+1 ]

Reward R, (X,,, a,,)

Figure 1.1: Schematic representation of the evolution of a Markov Decision Process

In order to introduce the concept of a Markov decision problem we first define the

notion of a Markov policy. Loosely, this is a sequence of decision rules 7 = (71,(-))n>0



with 7, (x) € D,(x); it determines the action taken by the controller for all x € E
and time n > 0. If 7 = (71(-))n>0, i.e. if 71,(-) is independent of n for all n > 0, the
policy is named stationary and is independent of time evolution; stationary policies are
fundamental to the theory of infinite horizon MDPs and are essential to the work in

this thesis.

Definition 1.2.2. A Markov decision problem is the problem of identifying the optimal
Markovian policy 7t which will maximize, over an horizon N, the expected sum of

rewards given by
N-1
B[ Y Re(Xo (X)) (12.1)
k=0

where the expectation is taken over the probability distribution induced by policy 7.

Equation (1.2.1) is usually referred to as the total reward criterion and, as mentioned,
infinite time horizon N is allowed. It is possible, and sometimes convenient, to extend
the scope of policies 7t to history-dependent (non-Markovian) policies. As well as that,
we note that it is possible to include a discounting parameter in the characterization
of (1.2.1). In general, there exist several different characterizations of optimality
criteria and vast variations on formulations of discrete-time Markov decision processes,
including problems with constraints, partial state observations, average reward criteria
and so on. We will however restrict ourselves to the theory relevant to the second part

of this thesis.

Markov decision processes were known at least as early as the 1950s with the
work of Bellman (cf. [3]). In his work, Bellman develops functional equations for
finding optimal policies through the introduction of the concepts of state, action and
transition. Substantial research establishing the importance of the model resulted
later from Howard’s book (cf. [32]) published in 1960. The foundations on Markov
decision models, and the formalization of the model in use up to these days, are due
to Dubins and Savage (cf. [22]) and Blackwell (cf. [7]) respectively. Dubins and Savage
analysed a gambling model whose underlying ideas are very similar to MDPs in terms
of structure. On the other hand, Blackwell first established a generalized description

of action sets, rewards and transition probabilities and emphasized the importance of



stationary policies in his work.

Another important work of special relevance to this part of the thesis is that of
Bertsekas and Shreve (cf. [4]), which provides detailed analysis on the probabilistic
structure and measurability questions for the generalized Borel model for MDPs. For a
detailed introduction and extensive overview of these problems and their theory, along

with further references, we refer to the work of Puterman (see [51]).

MDPs and Wealth Optimization Problems

Wealth optimization or portfolio optimization problems are widely studied topics
within the subject of financial engineering. Their concern is on choosing the optimal
proportions of various assets to be held in a financial portfolio, according to some
chosen performance criterion. This criterion usually combines considerations of the
expected value of the portfolio’s return, its dispersion and some measures of financial

risk.

Let T be a finite time horizon and denote by X = (X;);>0 a continuous time stochastic
process defined on a filtered probability space (Q, F,{F:}i>0,[P). Assume that X
describes the evolution of a wealth process dependent on an allocation strategy or policy,
taking values on a set II. In the second part of this thesis we concern ourselves with a
variation of a optimization problem of the form

V(t,x) = sup E[U(XT)|X] = «], (1.2.2)

mell

for all (t,x) € [0, T] x Ry. Here, the supremum is taken over all admissible policies in

I, and function U is the utility determining a certain performance criterion.

Research within the field of portfolio optimization was triggered during the late 60s
with the work of Merton (cf. [41]), who made use of stochastic control techniques
for maximizing expected discounted utilities of consumption. Later, his work was
extended to different default-free frameworks where market uncertainty was mainly
modelled by continuous processes with Brownian components, such work includes
that of Fleming and Pang (cf. [28]), Karatzas and Shreve (cf. [34]) and Pham (cf. [50]),

among others.



In the last decade, it is the optimal investment linked to defaultable claims that has
attracted attention. High yield corporate bonds offer attractive risk-return profiles and
have become popular in comparison to stocks or default-free bonds; recent work in the
area includes that of Bielecki and Jang (cf. [5]), Bo et al. (cf. [8]), Lakner and Liang (cf.
[37]) and Capponi and Figueroa-Lépez (cf. [16]). Authors Bielecki and Jang (cf. [5])
tirst considered a market including a defaultable bond, a risk-free account and a stock
driven by Brownian dynamics, and analysed optimal asset allocations for a variation

of problem (1.2.2) with a risk averse CRRA utility, given by

Ty
V(t,x,h) = supIE[(XT)
mell Y

’X{T —x,H =h|, witho<y<1, (1.2.3)

for all (¢t,x,h) € [0,T] x Ry x {0,1}; here h denotes the current value of a default
process H = (H;):>o that models the state of the defaultable bond under the intensity
based approach to credit risk (see [6]). For this matter, the authors assumed constant
parameters governing the system and default intensity, and derived closed form
solutions for the optimal allocations, pointing out that investment on defaultable
securities is only justified under the presence of reasonable interest premiums. In
addition, since a Brownian asset is invariant to default event risk, their results allocate

it a constant fraction of wealth in a similar fashion to [41].

Bo et al. (cf. [8]) approached a perpetual allocation problem for an investor with
logarithmic utility, considering a defaultable perpetual bond along with a traditional
stock and a risk-free account in a similar manner to [5]. Their work modelled
stochastically the intensities and premium process including a common Brownian
factor, and postulated the price process of the defaultable bond based on heuristic
arguments instead of arbitrage-free arguments. Their results establish, in the same
fashion to Bielecki and Jang, monotonicity conditions on the optimal investment on

defaultable bonds with respect to the risk premium and recovery of wealth at default.

More recently, Lakner and Liang (cf. [37]) employed duality theory to obtain similar
optimal allocation strategies in a 2-way market, including a continuous time money
market account and a defaultable bond whose prices can jump; and Capponi and
Figueroa-Lopez (cf. [16]) extended previous work in [5, 8, 37] to a defaultable market

with different economical regimes, where a defaultable bond, a money market and a

10



stock are all dependent on a finite state continuous time Markov process Y = (Y});>0;

in their work they obtained explicit solutions to the optimization problem

V(t,x,h;y) =sup E[U(XT)|X[ =x,Hy =h,Y; = y]

nell
with logarithmic and risk averse CRRA utilities, for all (¢,x,h) € [0,T] x Ry x {0,1}
and y € {y1,..yn}. A numerical economic analysis highlighted the preference
of investors to buy defaultable bonds when the macroeconomic regimes yield high

expected returns and the planning horizon is large.

Results in the literature do however primarily relate to markets incorporating
Brownian-driven assets and are limited with regards to the choices of utility functions
that they provide solutions for. The work in the second part of the thesis incorporates
the presence of a defaultable bond in a finite horizon market with a bank account and
a continuous-time jump asset driven by a piecewise deterministic Markov process (see [1]).
In this circumstance, it is possible to build a bridge between a problem formulated
in continuous time and the theory of discrete-time MDPs, reducing the optimization
problem to a discrete-time model by considering an embedded state process. Similar
financial markets, in absence of the defaultable claim, have previously been explored
by Kirch and Runggaldier (cf. [35]) and B&uerle and Rieder (cf. [11]). Authors
Kirch and Runggaldier (cf. [35]) presented an algorithm for the evaluation of hedging

strategies for European claims, addressing the optimization problem

T
V(t%,5) = minE[I(F(Sr) — x — [ mdS)|XF = x,8i =],
t

mell
which aims to minimize the expected value of a convex loss function / of the hedging
error of a claim with payoff F, for all (t,x,s) € [0,T] x R%. Here, S is an asset whose
dynamics are driven by a geometric Poisson process and X is the available capital

under 7t. Strategies in I are given by units held in the risky asset at different times.

On the other hand, Bauerle and Rieder (cf. [11]) considered the general portfolio
utility maximization problem (1.2.2). In their case, the wealth process X reflects the
evolution of wealth in a portfolio mixing a bank account and a generalized family of
pure jump models; in addition, utility U is any increasing a concave function. The

authors make use of the embedding procedure previously explored by Almudevar (cf.

11



[1]) in order to convert the problem into a discrete-time MDP, and offer a proof for the
validity of value iteration and policy improvement algorithms to approximate optimal

allocation policies.

The second part of this thesis makes use of results on credit risk presented in
[6] along with the theory for MDPs reviewed in [51] and [13]. Chapter 5 offers an
introduction to the notation and approach to discrete-time Markov decission processes,
and summarizes a set of results of use in order to analyse an MDP derived from a
portfolio optimization problem in Chapter 6. Here, the work of Bduerle and Rieder in
[11-13] is extended to the context of defaultable markets explored in [5, 8, 16, 37] and
references therein. Model parameters within a pure jump asset can be determined so
that a Brownian market is approximated and such an approach overcomes the need to
assume any particular form for the utility function. Furthermore, it provides means of
analysing portfolio strategies incorporating illiquid markets. Through the conversion
of the optimization problem into a Markov decision process (MDP), its value function
is characterized as the unique fixed point to a dynamic programming operator and

optimal wealth allocations are numerically approximated through value iteration.

In order for such a characterization to hold, default intensities and interest rates
are assumed constant in a similar manner to that in [5]. However, an extension to
Markov modulated regimes similar to [16] is discussed in the closing section. Our
numerical analysis explores the dependence of optimal portfolio selections on the risk
premium and different parameters describing the system, and extends the work in [5, 8,
16, 37] to more general families of logarithmic and exponential utility functions. The
results highlight the nature of the significantly different allocation procedures under
an exponential family of utilities, and the existence of a dependency on optimal stock
allocation to default event, in a model with short selling restrictions. The results on this

work are currently being edited and will soon be submitted for publication.
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CHAPTER 2

RESULTS ON OPTIMAL STOPPING AND A RANDOMIZATION

TECHNIQUE

We begin the first part of this thesis offering an introduction to the notation and
approach to optimal stopping problems for continuous time processes. We summarize
a set of results under a Markovian approach presented in the theory in [49]; these will
be of use in order to analyse optimal prediction problems presented in the next two
chapters. In addition, we introduce some results on free-boundary problems and a

finite horizon randomization technique playing a key role in following work.

Let X = (X;)t>0 denote a Markovian process taking values in a measurable space
(E, B) and defined on a filtered probability space (Q, F, (Ft)i>0, Px), which satisfies
the usual conditions of completeness and right-continuity. It is assumed that E = R”
for some n > 0 and B is the Borel c-algebra on E. Under probability measure PPy,

process X starts at x € E and is right-continuous; in addition

n—oo

XTH —> XT Px'a.s. 2

for all sequence of stopping times such that 7, T T as n — co. It is also assumed that

the mapping x + Py (F) is measurable for all F € F.

We recall that a Markovian method of solution deals with optimal stopping problems
of the form

V(x) =supE«[G(X+)], (2.0.1)
TeT

where 7 = {7 : 0 < 7 < T} and the expectation is taken with respect to IP,. Here, it is
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assumed that function G : E — R satisfies
E.| sup [G(X)|| < oo
0<t<T
for all x € E, and we recall that infinite time horizon is allowed. Under this setting,
a decision on whether to stop or continue observing process X evolve in time depends
only on its present state, not on its past. Thus, it poses a stopping problem of a random

path in the state space E.

The general theory of optimal stopping in [49] defines the notion of a stopping set D,
along with a complementary continuation set C, so that stopping is optimal whenever
the current state of the diffusion of interest falls within D. It holds that E = D U C and
DNC =@, so that

T"=1p =inf{t >0 : X, € D} (2.0.2)

stands for the optimal stopping time offering a solution to (2.0.1), if any. In most
optimal stopping problems, heuristic arguments about the shape of D make it possible
to guess its generalized mathematical representation; this ability is crucial in solving
these problems. In these cases, T will attain a supremum and the first part of the
problem is reduced to identifying the shape of D; having to additionally compute the

value function V' (x) as explicitly as possible.

2.1 GENERAL RESULTS ON OPTIMAL STOPPING

The following results refer to the theory of optimal stopping for continuous time
Markovian processes and can be found in [49] (Chapter 1, subsection 2.2). We

summarize this theory for future reference and all results will be stated without proof.

In what follows no different treatment of finite horizon and infinite horizon stopping
problems is necessary. We note that whenever T < oo, time evolution and its closeness
to T is a factor of importance and therefore stopping problem V in (2.0.1) should be
reformulated as

V(t,x) = sup Eix[G(t+ T, Xit1)], (2.1.1)

0<t<T—t
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for all (t,x) € [0, T] x E; here, the expected value is taken with respect to a measure
IP; , such that P; (X; = x) = 1. The following results are obtained for problem (2.0.1)
with T = co and extend to the finite horizon case upon noting that the state space E
admits the representation R* x E, and process Y; = (t, X;) is Markovian. Moreover, it

holds that V(T, x) = G(T, x) for all x € [0, T] x E and therefore 1p < T is finite.

From now on we assume T = oo unless otherwise specified. For problem V in (2.0.1),

we define the stopping set
D={x€E : V(x)=G(x)}, (2.1.2)

and continuation set

C={x€E:V(x)>G(x)}. (2.1.3)

We observe that if the value function V is lower semicontinuous and the gain function
G is upper semicontinuous, then C is open and it follows that D is closed. In this case,

Tp in (2.0.2) is an F;-stopping time since both X and (F});>0 are right continuous.

Definition 2.1.1. Let F : E — R be a measurable function so that F(X;) € L!(IP,) for

all stopping times T € 7. Function F is said to be superharmonic if

E,F(X:) < F(x),

forall x € E.

The following result lists necessary conditions for the existence of an optimal

stopping time and settles the optimality of Tp in V under the definition of D in (2.1.2).
Theorem 2.1.1. Assume there exists an optimal stopping time T* in problem (2.0.1), so that
V(x) = ExG(X¢)

forall x € E. Then, value function V is the smallest superharmonic function dominating the
gain function G on the state space E. In addition, if V is lower semicontinuous and G is upper

semicontinuous, then

e stopping time Tp with D given by (2.1.2) is such that tp < T* and is optimal in (2.0.1);
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e the stopped process (V(Xinzp))t>0 is a right-continuous martingale under Py for all

x € E.

In addition, the following complementary result provides sufficient condition for the

existence of an optimal stopping time in problem V.

Theorem 2.1.2. Assume there exists a smallest superharmonic function V that dominates
the gain function G on E in the stopping problem (2.0.1). Assume as well that V is lower

semicontinuous and G is upper semicontinuous.

Set D= {x € E : V(x) = G(x)} and let Tp be defined by (2.0.2). Then,

o V =V and tp is optimal in (2.0.1) if Py (1p < o0) = 1 forall x € E;

e there is no optimal stopping time (with probability 1) in (2.0.1) if Py(tp < o0) < 1 for

some x € E.

We note that condition P,(tp < o0) = 1 is always satisfied whenever T < oo,
since (T,x) € D for all x € E. In this case, Theorem 2.1.2 is particularly useful
since it justifies the existence of an optimal stopping time identified with 7p in (2.0.2).
These results apply whenever one can prove from the definition of V that it is lower
semicontinuous. The following corollary presents a way of tackling stopping problems

fitting this criteria.
Corollary 2.1.3 (Existence of a Stopping Time).

Infinite Horizon. Consider optimal stopping problem (2.0.1) and assume that V is lower
semicontinuous and G is upper semicontinuous. If Px(tp < o0) = 1 for all x € E, then the
optimal stopping time is given by tp, with D as in (2.1.2). If P, (tp < o0) < 1 for some x € E,

then there is no optimal stopping time with probability 1.

Finite Horizon. Consider optimal stopping problem (2.1.1) and assume that V is lower
semicontinuous and G is upper semicontinuous. Then the optimal stopping time is given by

Tp, with D as in (2.1.2).

It has therefore been shown that optimal stopping problem V in (2.0.1) is equivalent

to the problem of finding the smallest superharmonic function V that dominates the
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gain function G on the state space E. We note that while V' poses a maximization
problem, same arguments apply to optimal stopping problems linked to minimization
problems. In these cases, the focus will be given to finding the biggest subharmonic
function dominated by the gain function over the entire state space. Results on
the existence of an optimal stopping time will in this case follow from the upper

semicontinuity of the value function.

2.2 FREE-BOUNDARY PROBLEMS

A traditional way of finding superharmonic (or subharmonic) functions dominating
(or dominated by) the gain function G is making use of solutions to free-boundary
problems. These are differential equations to be solved for both an unknown function
and domain; the segment of the boundary of the domain is the unknown free boundary.
Well-known free-boundary problems include the Stefan and obstacle problems (see [58]
and [15]).

Consider the maximization problem (2.0.1), due to the Markovian structure of the
process X, it is possible to set up a link between problem V and a deterministic equation
that governs X in mean. This link takes the form of a partial differential equation
when X is continuous, or a partial integro-differential equation when X is a jump
process. The basic idea of this approach is that the smallest superharmonic function

V dominating G solves

AxV(x) <0 forall x € E (V minimal), (2.2.1)
V(x) > G(x) forall x€C, (2.2.2)
V(x) =G(x) forall xeD, (2.2.3)

where Ay stands for the infinitesimal operator of the Markovian process X, given by

Axf(x) =lim E,[f(X1)] = f(x)

t—0 t

7

and acting on suitable functions f : R” — RR. It is important to observe that both

V and C (or D) are unknown in the system of equations (2.2.1)-(2.2.3), and need to
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be determined. In addition, we note that in the problems analysed in this thesis the

infinitesimal generator of X has a differential form.

Assuming the gain function G is smooth enough in a neighbourhood of dC, condition
(2.2.1) above is in general split into two different conditions, these depend on the nature
of the state process X and stopping set C and give rise to the concepts of continuous fit
and smooth fit. Roughly speaking, if process X immediately enters the interior of D

after starting at dC, value function V solves

AxV(x) =0 forallx € C,
V(x) = G(x) forallx € D,
V| _ 9G

W ’ac = ‘ac (smooth fit) .

On the other hand, if process X does not immediately enter the interior of D after

starting at dC, value function V solves

AxV(x) =0 forallx € C,
V(x) = G(x) forallx € D,
V|ac = G‘ac (continuous fit) .

We note that condition AxV(x) = 0 forall x € C in the system of equations above
is linked to the statement that (V(Xiar,))t>0 is a martingale in Theorem 2.1.1. The
conditions of smooth and continuous fit will be formalized and further developed in

this thesis when necessary for our purposes.

2.3 THE SUPREMUM FUNCTIONAL AND THE NEUMANN PROBLEM

Assume from now on that that the state space is given by E = R. Let S; define the
supremum process of X, given by
St = sup X;. (2.3.1)
0<s<t
Free-boundary problems linked to the supremum process are of particular interest in

this work; we therefore revise some results in [49] (Chapter 3) in relation to S, these will
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provide a base of analysis for Chapter 4 of this thesis. Under the settings introduced at

the beginning of this chapter, we consider the optimal stopping problem

V = supE[G(X;, S1)], (2.3.2)
TeT

where 7 = {7 : 0 < 7 < co}. We note that the process (X}, S¢)s>0 is Markovian and

therefore previous analysis within this chapter applies.

Results presented here extend to a finite horizon terminal time set-up, upon careful
reformulation of the state process in (2.3.2). This usually increases the degree of
complexity of problem V due to the importance of the time variable (time remaining
decreases as the state evolves). Such results do however fall outside the scope of this

thesis.

We note that process S is strictly increasing whenever S; = X;, and constant at times
when the values of S and X differ. Its characterization allowing for arbitrary starting

points s € E and s > x is given by
S? =sV St P

for all t > 0. The extension of (2.3.2) to an arbitrary starting point in {(x,s) € R? : s >
x} is given by

V(x,s) =supEys[G(Xt, St)], (2.3.3)
TeT

where the expectation is taken with respect to a probability measure for which IP(Xy =

x,S0=s)=1

It is important to note that the dimension of the extended optimal stopping problem
(2.3.3) will be that of the minimal underlying Markovian process that leads to a
solution; this could be smaller than the dimension of the initial process (X}, S¢):>0. The

dimension of a stopping problem is in general a complicated thing to determine.

The Neumann Boundary Condition

The Neumann boundary condition is a type of boundary condition that when
imposed on an ordinary or a partial differential equation, it specifies the values that

the derivative of a solution is to take on the boundary of the domain.
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Assume that the gain function G : E — R in (2.3.3) is continuous. Furthermore,
assume the existence of an optimal stopping time 7* € 7T for problem V in (2.3.3).
It follows from Corollary 2.1.3 that T* is given by the first entry time of (X;, S¢)i>0
to the closed stopping set D in (2.1.2) and is denoted by 7p. Hence, V admits the
representation

V(x,s) = Bys[G(Xe,, Sv,)] - (2.3.4)

We recall that the existence of a closed stopping set D implies the existence of an
open continuation set C. We furthermore make the assumption of the boundary dC of
C being regular, in the sense that for every starting point (x,s) € dC the process (X}, S5)

immediately enters the stopping set D.

Under these conditions, if the process (X;);>o is continuous, it is shown in [49]
(Chapter 3, section 7) that the extended optimal stopping problem (2.3.4) solves a

boundary problem with Neumann boundary condition for all (x,s) € C, i.e.

AxV(x,s) =0 for x < s with s fixed, (2.3.5)
a—V(x,s) =0 forx =s, (2.3.6)
0ds

V], = G. (237)

We note that equation (2.3.6) stands for the Neumann condition on the boundary
alongside the diagonal x = s; here, the process (X}, S¢)i>0 can be identified with the

continuous process X.

2.4 A FINITE HORIZON RANDOMIZATION TECHNIQUE

The technique of terminal time randomization, modelled as a Poisson process, was
first introduced within the context of optimal stopping in order to offer approximations
for American option values and their selling boundaries in [17]. In this context,
randomizing the horizon T was done as a first step in a more general procedure; this
aimed to asymptotically reduce the variance while holding the mean in the random

parameter setting.
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Let V denote the finite horizon optimal stopping problem given in (2.1.1); we recall

that this is given by

V(t,x) = sup E;[G(t+ T, Xit1)],

0<T<T—t
for all (t,x) € [0,T] x E. In this case the flow of time affects the value of V
and the dimensionality of the stopping problem gains a degree of complexity. The
characterization of the boundary (or boundaries) of the continuation set C, offering
a solution to problem V, usually relates to a time dependent functional defining the

threshold in the state space E where the process X takes its values.

Let N = (Ni)i>0 denote an Fi-adapted Poisson process with jump intensity
parameter w, independent to X. Randomizing the time horizon in problem V consists
on modelling T as the nth jump T, in process N, and setting the jump intensity to
w = n/T, for some n € IN. Note that the asymptotic dynamics of a counting process

Ny= N,

resemble the flow of time as n tends to infinity, i.e.

dN; ~dt as n— .

Under such characterization of the horizon deadline, and due to the exponential
distribution of jump times in N and its memoryless property, the closeness to time T
is independent on the current time t and only dependent on the current state k in the
jump process N. Under these circumstances, it is possible to set up a time-independent
Markovian optimal stopping problem

V(k,x) = sup E[G(Nr, X)| Fr,] (24.1)
TeT

for all (k,x) € {0,1,..,n — 1} x E, where T stands for the set of all stopping times
taking values in [Tj, T,,]. A detailed presentation of a stopping problem of this kind

will be presented in the opening section of Chapter 4 .

Note that the expected value of the randomized horizon and its variance are given
by

TZ
E[T,)] =T and Var[T,]| = p
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Upon satisfaction of certain continuity and measurability conditions guaranteeing the
existence of a solution in (2.4.1), it is possible to build approximations to stopping rules
for the original finite horizon problem V increasing the amount of steps # in the random

horizon setting and therefore asymptotically fixing the value of T;, to T.
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CHAPTER 3

AN OPTIMAL PREDICTION PROBLEM

Let T > 0 denote a given positive terminal time and Z = (Z;)o<;<r define a

geometric Brownian motion with drift € R and volatility ¢ > 0, given by
Zy = Zoexp{oB; + (4 — 0% /2)t}

on a filtered probability space (Q), F, { F; }+>0,IP). Here B = (B;)o<t<T stands for a one-
dimensional standard Brownian motion with By=0 and {F; };>¢ is the IP-augmentation

of the filtration generated by B. Denote the running maximum process of Z as

M; = max Zs, te€][0,T]. (3.0.1)

0<s<

Note that M7y is the ultimate maximum value that Z will reach before time T; due to
the stochastic nature of the process, the precise time for this to happen will only be
known at time T. In this chapter, we set up an optimal prediction problem and aim to
identify a stopping time T € [0, T| establishing an optimal stopping rule that optimizes the
expected value of a weight function measuring the closeness between Mt and Z. In
view of the results in the literature presented in Chapter 1, we analyse a variation of
problems (1.1.2) making use of a non-linear utility function U(x) = (1 — ax)? of Z+/ My
for different values of & € (0,1). We note that « < 0 would pose maximization problem

instead. This leads to the optimal prediction problem

v=ipelu()] - m((F5) ] G0

where 7 stands for the set of all F;-stopping times 7 € [0, T].

This chapter offers optimal stopping strategies to problem (3.0.2) under some

restrictions on the parameters that define the model. The problem is first modified
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and adapted to the natural filtration of B in Section 3.1, while Section 3.2 presents a
Markov representation for its extension to all possible starting points, along with the
proof of existence of optimal stopping times. Section 3.3 offers partial results defining
stopping rules that show consistence with previous work; and Sections 3.4 and 3.5
focus on the application of different approaches in order to provide necessary proofs.

Finally, Section 3.6 offers a discussion of used methods and their drawbacks.

3.1 AN ALTERNATIVE EXPRESSION FOR V

The prediction problem (3.0.2) is not adapted since Mr is not F;-measurable.
Therefore, it does not fall within the scope of standard optimal stopping problems and
needs to be modified. Following work in [21], for any A € R we let B} = (B})o<i<7

denote a drifted Brownian motion given by
B} = By + At,
fort € [0,T]. Set A = (u — 0?/2) /o, then M; in (3.0.1) reads
M; = Zoexp{cS}, (3.1.1)
where S* = (S1)g<i<7 is given by S} = maxp<s<¢ BJ. Thus, V in (3.0.2) is given by
V=infE[(1- ae 0(S1-B))?) (3.1.2)

We note (cf. [39]) that the cumulative distribution function of S is given by

Fo(s) = P(S} <5) = q><s ?f:\t) - eZAScI>(_S\;EM> , (3.1.3)

for all (t,s) € R%Z. Here ®(-) stands for the cumulative distribution function of a

standard normal variable.

Lemma 3.1.1. Let function G be defined as

(o]

G(t,x) = (1 —ae )2 + 2mx/ (7% — e 27%)(1 — Fsy (z))dz (3.1.4)

X
forall (t,x) € [0, T] x Ry. Then, V in (3.1.2) may be expressed as the Fi-measurable optimal
stopping problem

V= igfr]E[G(T, X0, (3.1.5)

with process X = (X;)o<t<T given by X; = S — B}
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Proof. A similar approach to that in [21], using deterministic times and making use of

the law of total expectation, shows that for any ¢ € [0, T

E[(1—ae G0 = BE[(1—ae ) 7]

= E [IE [(1 — zxe_‘f[(s?—B?\)V(maxogsgr—tBf‘+s—3?)])2|]-"t]} )
The independent and stationary increments of B} imply that

( max B}, — B{\) ‘}} Law st .,

0<s<T—t

so that

—o(SA—BM\2 X2 e —oz\2
lE[(l — ae 1B = IE[(l —ae”7X) Fo (Xi) + ” (1—ae™%%) dFS,%it(z)} .
Noting that lim,_, 1 (1 — ae™7%)2(1 — FS/}_t(Z)) = 0, we integrate by parts the above
expression to obtain

[ele]

E[(1—ac G B)?) — B[(1 - ae™™)2 4 2(7(x/

(e ae %) (1 - Fgy (2)) dz}

lE[G(t,Xt)} .

Arguments based on each stopping time being the limit of a decreasing sequence of
discrete stopping times (cf. [21] & [24]), allow for us to extend this result to all stopping
times, so that

V = inf E[G(1, X+)],
TeT

completing the proof. O

Function G in (3.1.4) is referred to as the gain function for the stopping problem V.

3.2 EXTENSION OF V AND EXISTENCE OF AN OPTIMAL STOPPING TIME

We shall make use of Markovian techniques within the theory of optimal stopping
presented in Chapter 2. For this, we recall from (2.1.1) that a Markovian approach to
stopping problems with finite horizon deals with the extension of problem V in (3.1.5)
to

V(t,x) = _inf Eia[G(t+1, Xiio)], (3.2.1)

0<t<T—
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for all (t,x) € [0, T| x Ry; here, the expectation is taken with respect to a measure PP; ,
such that P; ,(X; = x) = 1. We note that the original problem (3.1.5) is obtained as the
special case V = V(0,0).

However, in order to redefine problem (3.2.1) in a rather tractable way;, it is necessary
to know how X depends on its starting value x > 0. It is shown in [30] that the process
X; = S{\ — Bf‘, with Xo = x > 0, has the law of a Brownian motion with negative
drift —A reflected at 0. In addition, it is known (c.f. [20]) that this shares the law of the

process X* = (X*)o<i<7 defined by
X =xVS}—B}, (3.2.2)

so that, for any x > 0 and t € [0, T| fixed, it holds that X under PP, is equal in law to
X* under IP.

Lemma 3.2.1. The optimal stopping problem V in (3.1.5) admits an optimal stopping time and

can be extended to
V<t' X) = IEt,X[G(t + TD(t/x)/Xt+TD(t,x))] = E[G(t + TD(t,X),XiD(t,x))] s (323)

with

p(t,x) =inf{s € [0,T —t] : (t+5,X]) € D}, (3.2.4)
forall (t,x) € [0,T] x Ry and some D C [0, T| x R..

Note. The subset D C [0, T] x R4 will be referred to as the stopping set.

Proof. We note from (3.1.4) that G is continuous in (£, x), as well as X* on x. In addition,
we note that

E[G(t, XF)] = E[(1 - ae™X)? + m/

. (7% — e 2%) (1 — FS%_f(z))dz]

(e 0]

<1E[1+20/
0

e“’zdz} < 00,

for all t+ € [0,T]. The use of the dominated convergence Theorem implies that the
mapping (t,x) — E[G(t + 7, X¥)] is continuous for all T € 7. As a consequence,
the extended V given in (3.2.1) is upper semicontinuous for all (¢, x) € [0,T] x R.

The interpretation of Corollary 2.1.3 for minimization stopping problems entails the
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existence of a stopping region D C [0, T] x R and optimal stopping time Tp in (3.2.4)

allowing for the characterization of the extension of V in (3.2.3).

Results in Section 2.1 indicate that the extended V in (3.2.3) is given by the biggest

subharmonic function dominated by the gain function G on the entire state space.

Function G is a highly non-linear function at low values of x, as observed in Figure

3.1. Lemma A.1.1 in Appendix A shows that, for all (t,x) € [0, T] x Ry, it is possible
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forall A € R/{5,c}. If A = § we get

(x+§(T-1)?

tefw — (Zae_ax wle=20% ><D(x Z%T ; )>

T — t))

2

G(t,x) = 1420a

NI
—~

- (20(26_” +20(1 + ox) + (T — t))q)(

+3“2602(T—t)q)< X = 320—(T_t>)
T—t ’

ﬁ

and if A = o, function G is given by

[ —t _ (xto(T-1)? x (7( t)
= 1-— 2 TD —ox 2,—20x x—o(T—t)
G(t, x) 120« \/276 (21xe ae )CD( ; )

—x—0o(
T—t

H
|
~
~—
N—

- <20ce‘7x — a?(1 4 20x) — 2a%0*(T — t)><I><

In addition, we recall from (2.1.2) that, for any starting (t,x) € [0,T] x Ry, the
optimal stopping time takes place whenever the current state of the two-dimensional
Markovian process (t + s, XY )o<s<7—+ falls within the subset of the state space where

the values of G and V are the same, so that the stopping set is given by
D={(t,x) €[0,T] xRy : V(t,x) =G(t,x)},
and is a closed set. The continuation set C was defined in (2.1.3) as
C=D={(t,x) € [0,T] xRy : V(t,x) < G(t,x)}.

We note that D UC = [0, T] x Ry. In addition, since the terminal time indicates forced
stopping, so that {T} x R is always a part of D, we have tp < T. Also, V(t,x) <

G(t,x) forall (t,x) € [0, T|] x Ry, since immediate stopping is always possible in (3.2.3).

3.3 CHARACTERIZATION OF THE STOPPING SET

The shape of the stopping set is dependent on the value of parameters y and o,
which describe the dynamics of the process Z. The following results provide partial
characterizations of D and establish Bang-Bang stopping strategies for several choices
of parameters, allowing for different « € (0,1); we recall that Bang-Bang strategies
apply whenever [0, T) x R is fully included in either D or C. The theorem is stated

without proof and results proving its different parts are postponed to the next sections.
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Techniques of use are rather direct, and a discussion on the intractability of the problem

through its reduction to a free-boundary problem is included in Section 3.6.

Theorem 3.3.1. The optimal stopping set D for the optimal stopping problem (3.2.3) is

partially characterized by the following expressions. If 0 < a < §

]

b_ [0, T] x Ry when p < -5, (331)
{(T,x) :x >0} whenyz%z.
Fl<as<?
H_ [0,T] x R4 when p < —‘772 , (332)
{(T,x): x>0} whenyZ%.
Finally, if 3 <a <3
D={(T,x): x>0} whenu> 3(272 . (3.3.3)

Note that lower values of &« increase our ability to describe D. This is because the
manipulation of the utility function U, with respect to a, triggers several beneficial
inequality properties on a differential operator closely related with the infinitesimal
generator of the underlying process X, as we will see in Section 3.4. The following
corollary follows from Theorem 3.3.1 and characterizes stopping rules for the original

non-extended stopping problem V in (3.1.5).

Corollary 3.3.2. The optimal stopping rule for problem (3.1.5) is partially characterized by the

. . 1
following expressions. If 0 < a < 5

0 whenu < —‘772 ,
™ (0,0) = ) (3.3.4)
T wheny>% .
Ifr<a<?
0 whenpu < —"72 ,
p(0,0) = i (3.3.5)
T when y > 3% .
Finally, 1f% <a< %
302
™m(0,0) =T whenyu>—. (3.3.6)
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In what follows, Section 3.4 introduces a direct approach to the problem based on
techniques of stochastic calculus, and leads to results proving most of Theorem 3.3.1.
The case y > ‘772 in equation (3.3.1) requires a different approach based on Girsanov’s
Theorem and techniques of change of measures; the proof of which is postponed to

Section 3.5.

3.4 A DIRECT STOCHASTIC APPROACH

The aim under this approach is to exploit the properties of the stochastic infinitesimal
generator of the underlying process X, which is key in order to establish proof for most
of the cases in Theorem 3.3.1. The infinitesimal generator of X is known (see [21]) to

act on twice differentiable functions f (satisfying f'(0) = 0) as
1
Axf(x) = =Af'(x) + Ef”(x) . (3.4.1)
Applying It6 formula on G in (3.2.3) we get
Tp(t,x) Tp (£,x)
Vit,x) = G(tx)+ JE[/ Gi(t+s,X¥)ds + / Galt+5, X2)dX;]
0 0

o (t,x) 1
+ E[/ SGalt 45, XD)A(X*, X7, (34.2)
0

for all (t,x) € [0, T] x R. An application of the Itd6-Tanaka formula (cf. [49], Theorem
30.9) shows that
dX; = —Adt + sign(Y;)dB; +dIP(Y),

where the process Y is the unique strong solution to the stochastic differential equation
dY; = —Asign(Y;)dt +dB;,
with Yo = 0, and dI°(Y) is the local time of Y at 0 given by
dio(y) = 13%218/; 1(1Ys| < €)d(Y,Y)s.

Then, we note that d(X*, X*); = dt and expand dX} = d(x V S} — B; — As) in

equation (3.4.2) to obtain
o (t,x)

V(tx) = G(t,x)+1E[/

Gi(t+3, X¥) + AxG(t +s, X;‘)ds]
0

™ (t,x) Y T (t,x)
+ ]E[/O Gyl +, XX)d(x v 1) —/0 Galt +5,X2)dBy] ,
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for all (¢, x) € [0, T] x R;. Note that Gy (t + s, X¥)d(x V S2) is always 0, since a change

of value in x VV S implies X = 0, and from G in (3.1.4) we note that

Gx(t, x)]| = 2ac(e” " —ae )P (S}_, < x| 0,

x=0+ x=0+

for all t € [0, T]. In addition, since E[G,(t, x)] < E[20e™7*] < oo, the term for Gy(t +
s, XY)dB; is a martingale starting at 0, for all » > 0. Then, by the optional sampling

theorem, the extended optimal prediction problem (3.2.3) may be expressed as
Tp(t,x)
V(t,x) = G(t x) +JE[/ H(t+5,XD)ds] (34.3)
0

with

H(t,x) = Gi(t,x) + AxG(t, x) . (3.4.4)
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Figure 3.2: Value of function H for x € [0,4), withT =5,4 =1, A = —0.5and u = 0.

It is noticeable that H is a non-monotone function of time and space.

Figure 3.2 presents the values of function H for some choice of parameters. In

addition, Lemma A.1.2 in Appendix A shows that, for all (t,x) € [0,T] x Ry, H is
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given by

H(tx) = ou- { |20+ A)e2* — (o—+zA)ew}q>(x—A<T—f>)

(T—1)
—x—A(T—t)>
(T—1)
—x—I—(/\—ZU)(T—t))
(T—1)

—2(A— o')e_%(ZA—a)(T—t)(D(—x + (/\(; i)t()T — t)) }

+ [O.E(ZA—U)x _ 2wezm—a)x] q>(

+20(A — 20)6’2‘7()"‘7)(T’t)<1>(

forall A € R.

3.4.1 Properties of Function H

In what follows we expose some properties of H for different values of « that are

useful in order to establish results in Theorem 3.3.1.

Lemma3.4.1. Ifa < 3and y > %, then H is strictly negative for all (t,x) € [0, T] x Ry.

Proof. Recall that A = (u — 0?/2)/0, then pu > % is equivalent to A > ¢. Let function

H be given by
At x) = % CH(t,x) = A(tx) + B(t, x) + C(t,x), (3.45)
with
Albx) = [2a(e+2)e — (0 +20)e ] q%?j@_;)ﬂ)
b [oel-r _ gpgeti-on] ®<W> ,
B(t,x) = [za(A —20)e AT gy U)e—%m—w—t)]
S (A(—Tz_a)t)(T_ t)) |
and
Clhx) = —2(A— c)e 50T
o Je( (/\(;i)t()T— t)) e (A(—TZ_U)t)(T— t))}
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Showing that H is strictly negative is equivalent to showing that function H is strictly
negative, since both ¢ and « are strictly positive. We show that for all (t,x) € [0, T| x

R4, functions A and C are less than or equal to 0 and function B is strictly negative.

Function C is obviously non-positive since A > ¢ and the term within the square

brackets is positive. The inequality A < 0 is proved in different ways depending on

the value of x. For x < @ we have that

e 20(0+ A)e 27 — (¢ +2A)e~ 7 < 0: Recall that a < % and o, x > 0, then

€8]

20(c+A)e ™ —(0+2A) < Z(04+A)e " —(c+27) <

2
< g(a+/\)—((7+2)\) < 0, since A > 0;

o ge2A—0)x _ 3,y p2(A—0)x < 0: Recall that ¢ > 0, then

1—20e7%" <0 & x< logézfx) )
For x > @, a direct calculation shows that
x—=A(T—t) 1 )
Al x) = [20(0+ A)e 2% — (0 421)e / T _L s
(h3) = [2a(+N)e = (420 [ T

—x—A(T—t)

j
+  |oeA 0 _opge2A-o)x / =0 _—_e7ds.
[ } oo V2

x . . . ! o X
7 in the first integral and s’ = s T

in

Applying the change of variable s’ = s +

the second we obtain

Atx) = [2a(c+ )™ = (0 +20)e™] /—A T 1 e
xX) = oo e — (o e .
’ —o0 V21

— _ —(s— —X—)?
+ [06(2)‘_‘7)’“—20((752()‘—”)36}./ WA= 1 )

—o0 V21

Hence, A(t, x) < 0 would follow from

2xs
20(c+A)e” " —o —2A < [2a0e 7" — 0] et T

foralls € (—oo, —A+/T — t). The term within brackets on the right hand side is negative

. log(2a) . .. . 24 oAy
since x > @ ; in addition, since e vT-t

is increasing on s we sets = —Ay/T — ¢,

so that A(t,x) < 0 follows from
20(c+A)eF —0—2A < 2a0e " -0,
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which holds for « %

In order to prove that B(t, x) < 0 we show that
206()\ _ 20.)6720'(/\70)(]"715) < 2<A o 0.>ef%(2A70)(Tft)
for different values of A. Recall that A > ¢, then

e if A < 20 the inequality is obvious, since the term on the left hand side is strictly

negative while the term in the right and side is strictly positive;

e in case A > 20, both expressions are positive and the result follows from

20(A—20) <2(A—=20) <2(A—0), sincea < Z,
and
20(A—0)(T—t) < —%(2/\ o) (T—1t) < 30 < 22,
therefore completing the proof. ]

Lemma3.4.2. Ifa < 3 and p < ‘77 then H is strictly positive for all (t,x) € [0, T] x R5.

Proof. Note that 1 < —Z is equivalent to A < —c¢. We make use of function H in
H>—% q >
(3.4.5) and rewrite it as

HA(t,x) = A(t,x) + B(t,x),

with
Altx) = 1<x>-[c1>("‘?T<T_‘t”) o(~ ¢£ Zx AT 0)y]
+ {I(x)%—ll(x)}-q)(__/\\/it))
and

B(t,x) = 2a(A—20)e A=) . <D<—x+(?x 20)(T — t)>

()\ 0')6 S(A—0)(T—t) | CI)( X+()\ U')(T—t)> ‘
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Functions I(x) and II(x) are given by
I(x) = 2a(c+A)e 2 — (0 +21)e 7",

II(x) = oe®=9% _240e2A=0)

The strict positivity of H would follow from the strict positivity of H. We show
that for A < —gand o < %, function A is strictly positive while function B is greater
than or equal to 0 for all (t,x) € [0,T] x R4. In order to show that A(t,x) > 0, we
separately show that both I and I + II are strictly positive, since the remainder terms

in the equation are clearly positive.

e I(x) > 0is equivalent to
e’ (o +27)
2(4A) 7
since A < —c. We note that the right hand side is increasing on A, since

d e (0+20) oo
dA 2(c+A)  2(c+A)

> >0.

Therefore
e’ (04 2A) . e’ (04 27)

> N = UX>1 .
2(c+ A7) = A 2(0+A) cr=ion

e I(x)+ II(x) > 0is, on the other hand, equivalent to

1 ox o 2Ax
“<7<e [(042A) —ce ])/
2 o+ A — ger

since A < —c. We note that the right hand side is increasing on x, since

di1 (e‘”[(a +2M) — (Te”"‘]> o220 — e o4 A — ge?M]
dx 2 O+ A — ge?hr B (0 + A — ge2hx)2
2/\262)\36
>0.
(0 + A —ge*x)2
Therefore

=1>u«.

x=0

1(6”[(0’ +2A) — 062“]) - 1(6”[(0 +2A) — aez“]>
2 o+ A — ge2tx —2 o+ A — getx

In order to show that B(t,x) > 0 we use a direct calculation. We note that the

inequality would follow from

—x+(A=20)(T—t)

20(A — 20)e~ 200N (T . = LefTszds
—o0 27
—x+(A—0)(T—t) 1 )
> 2(A—)e 22T T 7 ds.
—o0 27
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The change of variable s’ = s — c+/T — t on the right hand side integral leads to
g g 2

—x+(A-20)(T-1) R
20(A — 20)e 20 A=)T=1) . TR S
—00 V27
20T 2
> 2(A —g)e AT IR g SIS

—00 V27T

Thus, the non-negativity of B would follow from

&(A = 20)e 20T > () — )¢~ §RA-ONT—0)= =5 sV T

7

—x+(A—20)(T—t) )

for all s € (—oo, . Since A < —o0, the right hand side of the above

(T—t)
expression is always negative and increasing on s; substituting s for W,
B(t,x) > 0 would follow from
a(A—=20) > (A —0)e”™. (3.4.6)

We note that the term in the right hand side is always negative and decreasing on x > 0;
so that

A=0) > (A—0)e™ .

Thus, to show that (3.4.6) holds, we require to prove that (A —20) > A — o0, or

equivalently
Ao
< 34.7
=120 ( )
Finally, since
d A-0c 0 <0
dA(A—20) (A —0)? ’
the right hand side of (3.4.7) is decreasing on A and therefore
A—c S A—c _2
A=20 " A=20lr=—¢ 3
The inequality B(t, x) > 0 follows from the assumption a < 3. O

3.4.2 Partial Proof of Theorem 3.3.1

We now use results in Lemmas 3.4.1 and 3.4.2 in order to establish different parts of

Theorem 3.3.1.
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Proof of case u > 3%2 in (3.3.2) and (3.3.3). We show that in this case the optimal
stopping set D is given {T} x R. . Recalling expression for V in (3.4.3) and noting the
strict negativity result for H in Lemma 3.4.1, we conclude that forall (¢,x) € [0,T) x R4
an infimum is attained at time 7p (¢, x) = T — t. Therefore, it holds V (¢, x) < G(t, x) for
all (t,x) € [0,T) x Ry and (t,x) € C. For (t,x) € {T} x Ry, we get V(t,x) = G(t, x)
and (t,x) € D. O

Proof of case u < —%2 in (3.3.1) and (3.3.2). We show that in this case the optimal
stopping set D is given [0, T| x R.. Recovering expression for V in (3.4.3), and noting
the strict result for H in Lemma (3.4.2), we conclude that for all (t,x) € [0,T) x R+
it holds 7p(t,x) = t and (t,x) € D, since otherwise V(t,x) > G(t, x), which is a

contradiction. O

2
3.5 STOPPING TIMES FORa < 1 AND > &

We now make use of the moment generating function of X*, allowing for similar
probabilistic techniques to that in [54] (Section 5) to be applied, and setting the
remaining results in Theorem 3.3.1. Lemma A.2.1 in Appendix A shows that the

moment-generating function of X* is given by

i Sg— x —0t(A —os
MXf(S) = ]E[eth] — es(x+¢7t(za A)) qD((M)
s zag oot x4+ ot(A—os)
(B + (Actx)s) X T 0t(A—0s)
MY 2 q)< o/t )
24 x — Aot
T gs—2A 'q’<" ot ) (3.5.1)

forallt € [0,T] and s € (—o0,0) U (0, %). In addition, Mxx(0) = 1.

In order to prove case u > ‘772 in equation (3.3.1), without loss of generality we fix
o = 1 and show that the result holds whenever ;1 > 1. This is allowed by the scaling
property of Brownian motion, since a time change B,2; with terminal time U—Tz ando >0
recovers the original stopping problem. We continue introducing some preliminary

results.
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Lemma 3.5.1. If y = § and a < %, the following inequalities hold
E[G(T,X7)] = G(0,x) forx=0, and (3.5.2)

E[G(T, X7)] < G(0,x) forx>0. (3.5.3)

Proof. Note that y = 3 is equivalent to A = 0. From expression for G in (3.1.4) we

obtain
E[G(T, X})] = E[(1 — ae¥1))?] = 1 — 2aMxs (—1) + a®Mx; (—2) ,

with Mxx(s) as in (3.5.1). Then, noting expression for G in (3.2.5), for A = 0 we get

G(0,x) — E[G(T, X})] = (04262"—2&6’()@<\;T) + (20639‘_“26295)@(_\;?)
Tagp(X=T\ _ 2o 20-Tg(X=2T
+ 2une2 @(\/T) nce ®<ﬁ>
+ (20077 —due)o( - x:;;)
+ (lezeZT _ a262x+2T>(D< . x\—;;T) ‘ (3.5.4)

Substituting x = 0 in (3.5.4) above cancels all terms out and yields result (3.5.2).

In order to prove the second result (3.5.3) we first define the auxiliary function

er
p(x) = < (G(0,%) ~ EIG(T, X§)])

We will show that p(x) > 0 for all x > 0, which is equivalent to (3.5.3). We have seen

that p(0) = 0 and the proof would follow from dg—(xx) > 0 for all x > 0. We note that

6 aefo( - ) -o( )] vase(5)

dx VT
3x+7 g 2x+] _x+T 2042T (1 _ 2% _x+2T
+ [6e¥T2 —8e 2](1)( \/T>+4oce (1—e )<I>< 7T ),
so that the result would follow from
X X T x—T
0 < @(—ﬁ>—®<ﬁ)+ez®( ﬁ>
2X g X I _X+T x4+2T (1 _ 2 _X+2T
+ [3e 4@]62®< N >+2ae (1—e )@( T )

It is shown in [54] (Section 5) that

o~ Jp) —o(Jp) +efe ("7 ) + [ - 2lede( - T
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is strictly positive for all x > 0. Thus, the problem can be simplified to showing that

0 < 2[62x—€x]€%®<— X+T> + 2a€x+2T(1_62x)<D<_ x+2T>

VT VT
forallx > 0,1i.e
,XJTT i r 1 2 7% oyl T 1 2
0 §/ e¥ —1lez e zd +0c/ 1—e*|ez e zd 3.5.5
L e e dy e [ T [I-eF]eromemrdy (359)

for all x > 0. The change of variable ' = y — /T in the first integral implies that (3.5.5)
follows from

0< (e — 1)e’y‘ﬁ + ae?T (1 — )

forally € (—oco, — %) This is a decreasing function on y. We therefore show that

X _1)eX
(ex_l)eerZT_i_lerT(l_er) >0ea< (66236_)16 .

This holds true for a < %, since

d (e —1)e* efte*-2 S 2(cosh(x) — 1) >0
dx e2x—-1 (ex _ efx)Z = (ex _ efx)Z = >

and, using L'Hopital’s rule

(e —1)e* _ . (=1 1
> S
ex—1 — }lgr(\) e —1 2
O
Lemma 3.5.2. If u > 1 and a < 1, the following inequality holds
E[G(T,X7)] < G(0,x) forx>0. (3.5.6)

Proof. We note that y > % is equivalent to A > 0 and recall from the proof of Lemma
3.1.1 that
G(t,x) = E[(1 - uce’(xvsﬂt))ZU:t] )

for all (t,x) € [0, T] x Ry. Thus, noting (3.1.4) we have

G(0,x) —E[G(T,X7)] = E [(1 _ M—(va%))Z —(1- ae—(xVS%—B%))z]

= aFE [e_("\/s%) (e~ (VST — ¢2B1] 4 0[BT — 1])] .
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We make use of Girsanov’s theorem and define a new probability measure Q,

equivalent to IP, with Radon-Nikodym derivative

dQ _ p2Nt=AB}
dPp
We observe that under Q, process (B})o<;<T is a standard Brownian motion, since

1 2

Xt
ez,
27t

dQ(B} < x) = 2" MdP(B} < x) =

forallt € [0, T].

The use of Q allows for a simplification of the problem with respect to A, so that
G(0,x) — E[G(T, X})] = aEq [e—(va%)(,xe—(va%)[l — 2B 4 2[eBF — 1])8—%A2T+AB¢] .
Equivalently,
G(0,x) — E[G(T, X})] = aE[e~*VST) (ae= (VST [1 — ¢2B1] 4 0[BT — 1])e 2N T+ABT] |

where the expectation is taken with respect to the original measure IP.

Now, we define the auxiliary function

p(A) = (G(0,x) — E[G(T, X7)]) ,

and show that it is strictly increasing on A, so that result (3.5.6) follows from Lemma

3.5.1. Note that

dp(2) ~(x ~(x
T = E [~ (¥VS1)eABT B (e~ (FVST[1 — ¢2B1] 4 0[BT —1])] .

The equation within the expectation is always equal or greater than zero, and so its

expected value is positive. This can be seen as follows.

e If Br = 0, the case is trivial.
e If Br > 0, we note that x V St > Br and prove that
we~ (VST [e2Br 1] < e Br[e?Pr —1] < 2[ePT — 1],

or equivalently

2¢2Br _ DeBr
e2Br —1
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This result therefore follows from

2 _
Sy

o o1

forall y>1,

which is true whenever o < %, since

d2-2y _20y—1?_
dy ¥»-1  (2-12 "'

and the function is increasing on y, so that and application of L’'Hopital’s rule

yields

72y ‘- 2y > lim 72y2 —2y

=1 .
y?—1 y—1 y?2—1 -

e If By < 0, we show that
we~ (VST — 21 < [1 — &2PT] < 2[1 — €Pr],

or equivalently

2[1 — ePBr]

N

The result therefore follows from

a < 2[1 _yy] forall ye€(0,1),

which is true whenever o < %, since

M-yl _ _20=1° 4

v (yP-1)2 T

and the function is decreasing on y. Hence, the application of L'Hopital’s rule

a4
dy 1

yields

3.5.1 Remainder Proof of Theorem 3.3.1

We make use of results in Lemmas 3.5.1 and 3.5.2 to establish the remaining part of

Theorem 3.3.1 using a similar argument to that in [54] (Section 5).
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Proof of case u > ‘772 in (3.3.1). We note that T and x are arbitrary points and recall that

a < % Then, from (4.4.12) in Lemma 3.5.2 we observe that for y > ‘772
Eix[G(T,X7)] < G(t,x) forall (t,x) € [0,T) x Ry,

where the expectation is taken under a measure for which P(X; = x) = 1. It follows

that forall (t,x) € [0,T) x R+
V(t, x) = IEt,X[G(t + TD(tlx)/Xt+TD(t,x))] < IEf,X[G(T/ XT)] < G(t/ x) ’

and (¢, x) € C by the definition of the continuation set in (4.2.5).

Ifu= ‘772, inequality V(t,x) < G(t,x) cannot be attained for x = 0. However, both
stopping at deadline and immediate stopping are optimal, supporting result (3.3.1). To

see that, note from Lemma 3.5.1 and the arbitrary nature of T and x that
E:x[G(T,X7)] < G(t,x) forall (t,x)€[0,T)x[0,00).
Therefore, for all x € R, and stopping times T € T
E[G(T, X7)|F<] < E[G(7, X7)],
and
V(0,x) = E[G(1p(0,x), X3, (0.))] = EIG(T, X7)],

since V is a minimization problem. This shows that both 0 and T are optimal stopping

strategies and settles result (3.3.1). O

3.6 DISCUSSION

This chapter has analysed finite horizon stopping times that aim to minimize a
choice of a non-linear utility function; we recall that this function accounts for the
ratio between a running geometric Brownian motion and its absolute maximum over
the total time interval. It has been shown that Bang-Bang stopping strategies are
optimal under certain conditions, yielding similar results to those in [21, 25, 54, 60] and

reinforcing the idea of only ever stopping bad processes; in our case those for which
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the condition y < — ‘772 is satisfied. However, complete characterizations of D have not
been established in all cases, a problem that responds to the complexity of function H
derived from the choice of non-linear utility function in V; in Section 3.6.2 we discuss
the complications that a reduction to a free boundary problem similar to that in [21]

encounters in this case.

3.6.1 Characterization of the Value Function

The following corollary follows from Theorem 3.3.1 and Lemma A.2.1 in Appendix

A; it partially specifies the value function of the optimal stopping problem (3.2.3).

Corollary 3.6.1. Value function V in extended problem (3.2.3) is, for all (t,x) € [0, T] x R4,

partially characterized by the following expressions. If 0 < a < §

G(t, x when u < —2 ,
Vi) =] Y e
1—2aMys (—1) +a’Mx; (=2) whenp>%;
Fl<as?
G(t, x when u < —2 ,
V(t,x) = ( ) = 22

1 2aMy; (1) + My (2) whenpz Y

V(t,x)=1-2aMy: (-1)+ “ZMX%(_z) when p > 3% ,
where My denotes the moment generating function of Xi given in (3.5.1).

Figure 3.3 below illustrates the gain and value functions of a stopping problem of the
form (3.2.3) whose optimal strategy is to always stop at terminal time T. It is observed
that V < Gforall (t,x) € [0,T) x Ry and V = G for (t,x) € {T} x R;. We recall from
the theory of optimal stopping in Chapter 2 that V is the biggest subharmonic function

dominated by G.

3.6.2 Reduction to a Free Boundary Problem

As explained in the introductory Chapter 2, a common technique for characterizing

both the stopping set and value function is to pose a free boundary problem for V
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Value of Gain Function G Value Function V

Figure 3.3: Gain and value functions of stopping problem (3.2.3). Here, T = 5, & =
045, A = 0.2 and ¢ = 1. It is observed that V < G for all (t,x) € [0,T) x R} and
V =Gfor (t,x) € {T} x R4.

to solve; this is particularly helpful when stopping times are expected to respond to
departures of a diffusion of interest from a certain threshold value, and lead to the
concept of stopping boundaries. These boundaries do by definition define the boundaries
between sets D and C. In view of (2.2.1)-(2.2.3) we note that the stopping problem must
solve
Vi+ AxV(x) >0 forall (tx)€[0,T] xRy, (3.6.1)
V(x) < G(x) forall (t,x)eC,
V(x) = G(x) forall (t,x)eD,
with Ax given by (3.4.1). The inclusion of the time differential of V in equation (3.6.1)

corresponds to the finite-horizon nature of the problem and we refer the reader to [49]

for details on this matter.

Drawbacks on using such an approach in this case are revealed from a direct analysis
of function H in (3.4.4). For instance, when « is close to 1, direct examination of H

reveals the existence of two non-monotone functions #4 (t) and hy(#) such that
P={H>0}={(t,x) €[0,T] x Ry : ha(t) <x <h(t)}, and
N={H<0}={(t,x) €[0,T] xRy : (x,t) &P},

whenever A € (—1,1,), as seen in the left hand side of Figure 3.4, or monotone

functions hy(t), ha(t), h3(t) and hs(t), along with time points u; and up, so that
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P:P1UP2a1’1d

P = {(t,x) S [O,ul] X Ry hz(t) <x < ]’ll(t)} ,
b, = {(t,x) S [ng, T] X Ry h3(t) <x < h4(t)} p

N={(tx)€[0,T] xRs : (x,t) &P},

whenever A € (A, 3), for some A, € (—3,3), as seen in the right hand side of Figure

3.4. In this case, while arguments similar to those in Subsection 3.4.2 imply that N C C,

Positive/Negative Regions of H
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Figure 3.4: Positive and negative regions of function H, for different values of (x,t) €

[0,T] x Ry and & = 1. Left figure: A = 0.2, 0 = 1and T = 5. Right figure: A = 0.22,
c=1,T=5.

we only know that P may contain a stopping set. However, the complexity of function
H along with the non-monotone behaviour of the mapping ¢t — H(t,x), precludes
establishing the existence of such a stopping set in these cases, as well as characterising
the stopping boundaries and providing results on their regularity conditions; therefore
preventing the set up of a free boundary problem without resorting to purely analytic
methods outside of the scope of this thesis. In addition, establishing strict inequalities
for H with respect to 0 results an intractable problem, so that work in this chapter

yielding optimal Bang-Bang strategies is not applicable whenever « is close to 1.

Similarly, the analysis of the case u € (—9,5) whena < % in Theorem 3.3.1, reveals

that H is such that there exists a continuous and decreasing function &, with h(T) = 0,
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so that

P={H>0}={(t,x) €[0,T] x Ry :x < h(t)}, and

N={H<0}={(tx)€[0,T] xRy :x>h(t)},

leading to the complications discussed above and leaving the optimal strategy for this

interval unsolved.

3.6.3 Conclusion and Future Work

Results in this section show consistency on stopping strategies to be adopted in
comparison with previous work summarized in the introduction in Chapter 1, this
is with independence of the choice of utility function made. However, results are

unsatisfactory due to the high limitations in terms of cases covered.

Hence, tackling natural extensions of stopping problems (1.1.2), allowing for
generalized families of utility functions, seems to be beyond the bounds of possibility
in view of the technical complications arisen in this chapter. Thus, the randomization
technique introduced in Chapter 2 that focuses on modifying the dimensionality of
the stopping problem, leading to a family of simpler free boundary problems, seems
a rather efficient way to obtain solutions capable of asymptotically approximating
stopping rules to finite-horizon problems seemingly out of the reach of methods

exposed in this chapter. This leads to the next topic of study in Chapter 4.
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CHAPTER 4

TIME-RANDOMIZED PREDICTION PROBLEMS FOR A FAMILY

OF UTILITY FUNCTIONS

We continue with the notation introduced in Chapter 3 and let (Q), F,IP) denote a
probability space endowed with a filtration {F; };>o. For fixed n > 0, we now denote
by T the waiting time to the n'" jump T}, of an F;-adapted Poisson process N = (N;)>0
with rate w, so that

W1 p—wt

P(T € [t,t+dt)) = Wdt.

We recall that B = (B;);>( denotes a one-dimensional standard Brownian motion with
By = 0; we assume B and N to be independent. Additionally, for fixed constants y and

o, we recall that Z = (Z;);>0 denotes a geometric Brownian motion given by
Zi = Zoexp{oBi + (u — 0?/2)t} .

The running maximum processes M = (M;);>p and S = (S?)Qo are given by

M; = maxt Zs and Sf‘ = max Bs)L , t>0, (4.0.1)

0<s< 0<s<t

where A is a fixed constant and B} = B; + At. Recall further from (3.1.3) that the

distribution of S} is given by

Fsi(s) = P(S} <s) = q)(s_\/?t) — eZAsq,(—S\;EAt) .

In addition, we saw in (3.2.2) that the stochastic process X = (X;);>0 given by X; =
Sf‘ — B{‘ (with Xg = x > 0), shared the stochastic law of the alternative process X* =
(Xf)tZO/ with

XF=xVS}—B}.
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Definition 4.0.1. The family U consists of all C? functions U(x) defined in D = [1, )

that are increasing, strictly concave or convex and satisfy

E[ sup {U(eX) +c7/ / U (¢)(1 ~ Fyy (2)) d2lP (T, € dT)}] < oo,
0<t<T, ‘
(4.0.2)
foralln > 1 and x > 0. In addition, they meet the following convergence and

integrability criteria:

: axq /([ HX A
xl—lglooe u'(e™)p(s; >x) =0, (4.0.3)
/ U (e B+ YP(|By, | > x)dx < oo, (4.0.4)
0
/ " (B0 P(|By,| > x)dx < oo, (4.0.5)
0

for all constants values a, B, tp € R", where U’(x) and U”(x) are the first and second

order derivatives of U(x).

Note. Analytically testing the veracity of (4.0.2)-(4.0.5) for a given utility function can
be a daunting challenge. However, Section 4.7 offers a discussion on existence and

provides, by computational means, examples of utilities meeting these criteria.
For a given function U € U, we consider the optimal stopping problem
. Mr
V=inf E|U(—=—)]|, 4.0.6
nfElu(7)] (406
where 7T stands for the set of all stopping times taking values in [0, T].

This chapter will derive a family of time-independent stopping problems dependent
on a 2-dimensional underlying diffusion. Complete solutions will be obtained as
the unique solution to a family of free boundary problems. The detection of Bang-
Bang strategies and links to work in the previous Chapter will be analysed. The
final results will allow for us to computationally build numerical approximations of
fixed terminal time set-up optimal stopping problems, and suggest the possibility of
extending optimal stopping rules in [21] to a more general family of power utility

measures.

In Section 4.1, problem (4.0.6) will be modified in order to pose a time-independent

2-dimensional optimal stopping problem fitting the general theory presented in the
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introduction. Section 4.2 will then provide evidence of the existence of optimal
stopping times and offer a Markovian representation of the problem. The relation
between the stopping problem and the stochastic infinitesimal generator of the
underlying process is explored in Section 4.3, where the existence of Bang-Bang
strategies and stopping boundaries is discussed and the main result in the chapter
introduced. The proof of the result will be offered in Sections 4.4 and 4.5; where a
family of free boundary problems is presented and its solution is derived. Finally,

section 4.7 will discuss results and suggest future research directions.

4.1 AN ALTERNATIVE EXPRESSION FOR V

Lemma 4.1.1. For any given utility function U € U, let the gain function G be defined as
U(e™) +a [§° [ e U (e7)(1 — Fgy(2)) dzP(T,x €dT), k<mn,
G(k,x) =

u(e™), k>n,
@1.1)

where T,_. stands for the waiting time until the (n-k)™ jump of a Poisson process with rate
w, A= (p—0%/2)/cand FS{\(S) is as in (3.1.3). Then, (4.0.6) can be expressed as the time-

independent optimal stopping problem with underlying F;-measurable gain function given by
V= in7f']E[G(NT, X)) - (4.1.2)
TE

Proof. The proof is similar to that in Lemma 3.1.1. We can rewrite V in terms of a

Brownian motion with drift A and its running maximum so that

V = inf E[U(e"(517B0))] .
inf E[U(e”™175)]

Using deterministic times, and making use of the law of total expectation, the term

involving the expected value above, restricted to the case when {t < T}, reads

E[U(e"STP0)1y] = E[E[U(STP) 1,0y | F]]

- ]E[1{tg}15[u(ev((s?—B?)V(maXOsngr Bl =B | F]] -
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The independent and stationary increments of B} imply that

( max Bp, — Bf‘)‘]:t legvS

0<s<T-t

In addition, due to the memoryless property of the exponential distribution we have

T—t'2 T,—n,, where T,_y, stands for the waiting time until the (n — N;) jump in a

Poisson process with rate w. Recalling that processes N and B are independent, we get

]E[u(ea(S%fB?))l{th}] - ]E[l{tiT}u(e(TXt)]
+ 1{t<T}/ (e"XOP(S} < Xt)}]P(Tn,Nt € dT)]
- 1{t<T}/ / ¢”) fsi(z)d } (Tu-n, €dT)],

where fs% (z) is density function of S%. Using property (4.0.3) and integrating by parts

the inner integral in the last term of the right hand side we obtain

E[U(e )1 eny] = E[LyerU(E™)]
+ EBllgeno [ 7m0 - Foy(2)deP(T, y, € dT)]
0 X r

= E[G(N:y, Xi)lg<ry] -

As pointed out in [24] and [21], arguments based on each stopping time being the
limit of a decreasing sequence of discrete stopping times, allow for us to extend this
result for deterministic times to all stopping times. This implies that we may rewrite V
as

V - inf IE[G(NT, X-()] ’
TeT

completing the proof. O

4.2 EXTENSION OF V AND EXISTENCE OF AN OPTIMAL STOPPING TIME

Let us for now assume that V in (4.1.2) admits an optimal stopping time, this will
be shown below. Then, we let D denote the stopping set of all possible states at which

immediate halting results optimal in the stopping problem, so that

V = E[G(Nz,, Xzp)] , (4.2.1)
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where Tp is defined as
m =inf{t >0 : (N, X;) € D}.

We note that the subset defined by {n} x R™ must always be part of D, since the state

n in N indicates forced stopping. This implies that tp < T < co almost surely.

We note that the law of N started at k is equal to that of (NF);>o, with Nf = k + Nj.
In order to make use of optimal stopping techniques under a Markovian setting given
in Chapter 2, we extend stopping problem V allowing for a start at any point in the

state space (k,x) € {0,1,...,n} x R4, so that

V(k, ) = Exa[G(Nrsep ), Xep )t < TI = EIGINS o X3 0 )], (422)

™

with

p(k,x) = inf{t >0 : (N, X}) € D}, (4.2.3)
where [E; , denotes the expectation under a Markovian probability measure for which
P(N; = k,X; = x|t < T) = 1. Here, 1p(k, x) stands for the first entry time of the
2-dimensional Markovian process Ytk’x = (Nf,X¥) in D. We note that the original
problem in (4.2.1) can be retrieved as V = V/(0,0). Recall that the solution to our
stopping problem is provided by the largest subharmonic function that is dominated
by the gain function on the entire state space. The optimal stopping time is whenever
the current state of the Markovian process falls within the subset of the state space
where the value of the gain and dominating functions is the same. From the definition

of D in (2.1.2), the optimal stopping set D can be defined as
D = {(k,x) € {0,1,...,n} x RT : V(k,x) = G(k,x)}, (4.2.4)
and is complemented by
C=D"={(k,x) €{0,1,..,n} xR : V(k,x) < G(k,x)}. (4.2.5)

Note that if a Bang-Bang strategy were to be optimal, then {0, ...n — 1} x R™ would be

tully included in either D or C.

Lemma 4.2.1. The extended optimal stopping problem V in (4.2.2) admits an optimal stopping

time given by Tp in (4.2.3), for any (k,x) € {0,1,...,n} x Ry.
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Proof. We recall that any utility function U € U is continuous. Moreover, any
function f : INg — R, where Ny stands for the set of natural numbers including 0,
is continuous since all sets in INy are open. Therefore, we note from the expression
for G in (4.1.1) that the mapping (k,x) — G(k, x) is continuous on {0,1,...,n} x R*.
Then, by the dominated convergence theorem and assumption (4.0.2), it follows that
mappings of the form (k,x) + IE[G(Nk, X¥)] are continuous and therefore upper
semicontinuous over stopping times taking values in [0, T, ], where T, ; stands
for the time of the (n — k)™ jump in a Poisson process with rate w. Moreover, the
value function V(k, x) is the infimum of the mapping over such stopping times and is
therefore upper semicontinuous itself. The existence of an optimal stopping time and
its characterization in terms of the stopping set D follows from these facts, along with

Corollary 2.1.3 in the introduction section. ]

4.3 INFINITESIMAL GENERATOR AND SOLUTION TO THE PROBLEM

The stochastic infinitesimal generator of the process X was introduced in (3.4.1). We

recall it acts on twice differentiable functions f (satisfying f'(0) = 0) as

1
Axf(x) = =Af'(x) + 5f"(x).
On the other hand, the generator of a Poisson counting process is given by

t—0 t

= E%{@“”—Uf$)+ewﬂﬂk+1ww+f@+;ﬁ¥t+m&

= w[fk+1) - f(k)]. (4.3.1)

Therefore, the infinitesimal generator of the 2-dimensional Markovian process Y; =

(Nt, X;) acts on suitable functions f : {0,...,n —1} x R — R as

(k, x) +1d2f(k,x) .

Axflhx) = wlf(k+1,2) — £k )] - A2 )y T

(4.3.2)

Forall (k,x) € {0, ...,.n —1} x R, an application of It6 formula on function G in (4.2.2)
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yields
™ (k) k A pA
Vikx) = G(kx) +1E[/ Go(NE, XZ)d(x v 82— B)]
0
tp (k,x) p (k,x)
+ E[/ 0 ;Gxx(Ns",X;‘)d(Xx,Xx>s+/ T AG(NE X3)aNE]
0 0

with AG(NE, X¥) = G(NK, X¥) — G(NX, X¥). We recall that d(X*, X*); = dt; then,
adding and subtracting a compensator to the last integral term in the above equation,

we obtain
(k%) k k A
V(kx) — G(k,x)—HE[/ AxG(NE, X¥) ds+/ ANE, X)d(x v 83|
0
7p (k,x) k 1 (k,x) ‘ .
+ JE[—/ GX(NS,,X;C)dBSJr/ AG(NE, XZ)d(NE - ws)]
0 0
p (k,x) ‘
+ E| / wAG(NE, X2)ds| , 43.3)
0

Note that the processes (N¥ — ws)s>0 and (B;)s>0 are martingales; in addition, a change

in value in x VV 5} implies XY = 0, and Gy(k,0) = 0 for all k € {0, ...,.n — 1}, since
_ e du(egx) d Oo gz !/ (4
Ge(k,x) = /0 { P —|—Ua/x e”? U’ (e7%)(1 —FS%(Z))dz}IP(Tn_k e dT)
_ / {O_Ecrxu/(evx) o Uegxul(evx)(l — FS%(JC))}IP(TH,]( S dT)
0

_ /0 " 0o U () Egy (x)P(T, i € dT) . (4.3.4)

Therefore, in a similar manner to (3.4.3), equation (4.3.3) becomes
p (k,x)
V(kx) = Gk x) + E| / AyG(NE X2)ds] (4.3.5)
0

for all (k,x) € {0,..,n —1} x R. Moreover, differentiation of equation (4.3.4) with

respect to x shows that Ay G(k, x) in (4.3.2) is given by
AvG(kx) = w[G(k+1,x)— Gk x)] — (A — g)Gx(k,x)

b S [T U e Fy (vap(T, e dT).

4.3.1 Bang-Bang Stopping Rules and Characterization of V

Noting expression (4.3.5), the following two sets play a fundamental role in the

description of C and D,
©@ = {(kx)€{01,..,n—1} xR": AyG(k,x) >0}, (4.3.6)

Y = {(x)€{0,1,.,n—1} x R* : AyG(k, x) < 0} . (4.3.7)
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Let A = vV A? 4+ 2w and define functions Ry and R; as
X X
Ry(k,x) = / V(k+1,r)e A2rdr; Ro(k, x) = / V(k+1,r)e Ardr.  (438)
0 0

Lemma4.3.1. Let U e U. IfY ={0,1,..,.n —1} x RT or® = {0,1,..,n — 1} x R, then

a Bang-Bang stopping strategy is optimal. Moreover, if Y = {0,1,...,n — 1} x RT,

V(k,x)=U(e™) (1 + %e’zm> + %e()"A)’C(itﬁRz(k,x) + Rl(k,x)) ,

forall (k,x) € {0,1,...,n—1} x RT;if©@ ={0,1,..,n — 1} x R",
V(k,x) = G(k,x),
forall (k,x) € {0,1,..,n—1} x R™.

Proof. Note that,if Y = {0,1,...,n — 1} x R, it follows from expression (4.3.5) that for
all (k,x) € {0,1,...,n —1} x R" an infimum is attained at deadline T, so that V(k, x) <
G(k, x) and according to (4.2.5) we have (k, x) € C. Thus, the entire state space with the
exception of {n} x R* is contained in the continuation set, and the explicit expression

for V is given as the unique solution to the set of equations

AyV(k,x)=0  forall  (kx)e€{0,1,.,n—1} xR", (4.3.9)
lirré Vi(k,x) =0 for all ke{0,1,..,n—1}, (4.3.10)
xX—

lim V(k,x) =U(e”*)  forall ke{0,1,...n—1}. (4.3.11)

X—»00

Here, the differential equation (4.3.9) follows from the results on free boundary
problems presented in the introductory Chapter 2. Also, equation (4.3.11) is rather
obvious in view of the definition of the gain function in (4.1.1). The derivation of
(4.3.10) is however necessary and provided in Lemma 4.4.4 later in this Chapter. Hence,
making use of (4.3.10) and (4.3.11) as boundary conditions, the explicit solution for V
can be obtained solving the ordinary differential equation (4.3.9). We omit the details on
this procedure here, since this approach will be exposed later with means of providing

proof to the main result in the Chapter.

Finally,if ©® = {0,1,...,n — 1} x R", we note from the equation for V in (4.3.5) that for
all (k,x) € {0,1,...,n—1} x R" itholds 1p (k, x) = 0, since otherwise V (k, x) > G(k, x),
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which is contradictory. This implies that V(k, x) = G(k, x) and instantaneous stopping

is optimal. O

It follows from Lemma 4.3.1 that for a given U € U

D= {n} xR" if ®={0,1,..,n—1} x R", and

D={1,2,.,n} x Rt if Y={01,.,n—1} xR".

4.3.2 Stopping Boundaries and Solution to the Problem

Should conditions of Lemma 4.3.1 not be met, we note from expression (4.3.5) that
Y C C always. This is observed noting that for all (k,x) € Y we have AyG(k,x) < 0
and thus 7p(k,x) > 0. It follows that V(k,x) < G(k,x) and (k,x) € C. On the other

hand, it is not necessarily true that ® C D.

In this case, the memoryless property of the exponential distribution poses an
independent optimal stopping problem for each subsequent step in N (cf. [2, 17, 31]),
and may give rise to the existence of arrays of critical points in R™ dividing the state
space {0,1,..,n} x RT into sets D and C. These are referred to as optimal stopping
boundaries, and the optimal stopping rule for a problem V started at an arbitrary
(k,x) € C is given by the first crossing time for process X to a boundary. Formally
defined as time functions (constant over time within jumps in N), stopping boundaries
are linked to the amount of steps left to deadline in N at any given point of time, and
we denote them

& =0 (n—Np), (4.3.12)
for t > 0, (see example in Figure 4.1).

If set © in (4.3.6) is non-empty, there exist bounding functions b; : {0,1,...,n — 1} —
R, that define its frontier(s) with set Y. In this case, a direct analysis of functions b;
along with properties of operator Ay in (4.3.2) can usually determine the shape of the
stopping set D in terms of stopping boundaries ¢*. This is the basis for the conversion
of the stopping problem to an equivalent free boundary problem (for some examples

see [49], Sections 7 & 8). In what follows we make the following assumption and study
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Example Realization with 10 Steps to Deadline

Mh\mﬁ NI

Figure 4.1: Example realization with n=10 and U(x) = x. The values of the optimal

stopping boundary {* are observed along with the dynamics of a process X*; T is the

optimal stopping time.

the reduction of problem V in (4.2.2) to a free boundary problem.

Assumption 4.3.2. Sets @ and Y in (4.3.6)-(4.3.7) are non-empty and there exists a unique

n-dimensional array b such that

© = {(kx)e{0,1,..,n—1} xR :x>b(k)}, and

= {(kx)e€{0,1,..,.n—1} xR" : x < b(k)}.

Figure 4.2 below offers examples of choices of function U meeting this criteria; a
short discussion on the challenges of facing more than a single bounding function is

included in the discussion Section 4.7.

Under Assumption 4.3.2 and recalling that Y C C, it follows that D includes all
points (k,x) € {0,1,..,n — 1} x Ry where x lies above a boundary in (4.3.12) such
that {*(n — k) > b(k) for all k € {0,1,...,n — 1}, if any. Thus, the continuation set C is
defined by

C={(k,x)€{0,1,.,n} xR" : x<"(n—k)};

equivalently

D={(k,x)e€{0,1,.,n} xR : x>"(n—k)}.
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Values of A,G(k, x) for different k

4 A

A6 (k,x) =0

Figure 4.2: Numerical examples of the value of functions AyG(k, x) with respect to
x, for different fixed values of k. Here, y = 0.5, 0 = 1, w = 4 and n = 5; the left
hand side plot corresponds to U(x) = % (x3/2 4 x*/3), on the right hand side we have
U(x) = (x1/2 + x1/4).

Note that {7 = ((n —n) = {*(0) = 0. This definition of sets C and D stands in
accordance with the intuitive argument suggesting that stopping times are linked to big
departures of process Z from its running maximum. In addition, {* may take infinite
values, so that if {*(n — k) = oo for all k € {0,1,...,n — 1}, it follows ® C C, never
stopping results optimal and the corresponding value function V is given by Lemma
4.3.1. Finally, for any starting point (k,x) € {0,..,n} x R4, the optimal stopping rule

Tp linked to * takes the form

p(k,x) =inf{t >0 : X} > *(n— N} . (4.3.13)

Therefore, the solution to V will follow from the correct detection of the values that
¢* takes at each step. To give the main result in this Chapter, we first define the
following functions. Let C; and C», in terms of the corresponding optimal stopping
boundary {* and the set of parameters (A, 0, w), be given by

o~ (A+A)* (=)
Ci(k) = (Gx(k & (n—k)) = (A=A)G(k, " (n—k)))  ——F——

+ %Rz(k, (n—k), (4.3.14)
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and
e~ (A=A)Z* (n—k)
2A
w
— KRl (k,*(n—k)) . (4.3.15)

Co(k) = —(Gx(k, " (n—k)) = (A+A)G(k " (n —k))) -

with functions R; and R; given by (4.3.8).

Theorem 4.3.3. For a given U € U such that Assumption 4.3.2 holds, the extended optimal

stopping problem V (k, x) in (4.2.2) can be recursively decomposed as follows,

V(kx) = (k)eAM2)x 1 Cy (k)eA—2)

G
+ % . {e()"A)"Rl (k,x) — e(“A)"Rz(k,x)} , (4.3.16)

ifx <{*(n—k)andk < n, and
V(k,x) = G(k,x), (4.3.17)

if x > {*(n — k) or k = n. Function G(t, x) is as described in (4.1.1) and functions Ry, Rp, Cq
and C, are given by (4.3.8), (4.3.14) and (4.3.15), respectively.

The value of the optimal stopping boundary {*, at “n-k’ steps left to deadline, can be identified

as the unique positive solution to the integral equation

(A + A)Ci(k) + (A — A)Ca(k) = 0. (4.3.18)

For all x € R*, V is known at deadline and given by V(n,x) = G(n,x) = U(e’¥);
thus, equation (4.3.16) provides an iterative method for finding the numerical value
of V at any point in the state space. Next, we provide the proof for Theorem
4.3.3 in the following two sections. As mentioned, we aim to pose a family of free
boundary problems so that V stands as its unique solution; this is done in Section
4.4. Results establishing (4.3.16) and (4.3.18) follow then from the application of
ordinary techniques for solving linear second order differential equations with constant
coefficients (see for example [57]); this part of the proof is postponed to Section 4.5.
Additionally, Section 4.6 presents and discusses a direct simplification of the above

result to a case with a single jump in N.
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4.4 A FREE BOUNDARY PROBLEM

We recall from Chapter 2 (Section 2.2) that the optimal stopping problem V'(k, x) in
(4.2.2) satisfies

AyV(k,x) =0 for (k,x) € C, (4.4.1)

V(k,x) = G(k,x), for (k,x) € D, (4.4.2)

where Ay stands for the infinitesimal generator of the process Y given in (4.3.2). In

terms of the optimal stopping boundary ¥, this is equivalent to

wlV(k+1,x) = V(kx)] — AVi(k x) + $Vix(k,x) =0 forx < *(n—k), (44.3)

V(k,x) = G(k, x) forx > (" (n—k). (444)

In the following, we show that the mapping x — V (k, x) is continuous for any fixed
value of k in N. Note that twice differentiability of this mapping when restricted in
C follows from the general theory of Markov processes in [49] (Chapter 3, Section 7).
Moreover, in view of the introductory Section 2.3 in Chapter 2 on the Neumann free
boundary problem, we show that, for any k < 1, the system of equations (4.4.3)-(4.4.4)

is complemented by the following boundary conditions

limy 7. ) V(K x) = G(k,{*(n — k), (4.4.5)
limy (k) Ve(k, x) = Gx(k,{*(n — k), (smooth fit) , (4.4.6)
limy 0 Vi (k,x) =0, (normal reflection) . (4.4.7)

In order to show the validity of (4.4.5)-(4.4.7), we make use of variations of the methods
of solution presented in [49] (Chapter 4) and applied in [18, 20, 21, 29] among others.
4.4.1 Monotonicity and Continuity of V

We recall that V(k,x) < G(k,x) for any x < (*(n — k). Then, condition (4.4.5)
will follow from continuity of the mapping x +— V/(k, x). We start by introducing the

following lemma for later use.
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Lemma 4.4.1. Let U € U be an strictly-convex function and fix t > 0 and x € R™. Then, the

random variable e”Xi U’ (e"X1') has finite expectation.

Proof. Note first that

XF=xVvS}—B} < max(x+|/\|t+|Bt|,g£1a2<t{As+Bs}—At+|Bt|)
S

< max(x + |Alt+ |Bt|,52132<t |Bs| + |A|t+ |Bt])

< x+2max |Bs| + |Alt.
0<s<t
Since U is a non-decreasing and convex function,

0 < E[e7XU'(e7%)] < E[ev(xﬂmax()gsgfIBs|+IMt)u'(eo(x+2maXogsgt\BSIHMt))]

= —/ AU (67*())dP(max |Bs| > z),
0

0<s<t

where w(z) = x + |A|t + 2z. Integrating by parts the above yields

E[e"X U (e7X)] < —[e7EU (7)) P(max |Bs| > z)H;o

0<s<t

+ / [eaw(z) u/(eaw(z)) + 0_620w(z) u//(eaw(z))]]P(max |Bs| > Z)dZ )
0

0<s<t

Recall (cf. [21]) that IP(maxo<s<¢ |Bs| > z) < 2IP(|B¢| > z). Noting conditions (4.0.4)
and (4.0.5), it follows that

IE[eaXfu/(eaX?’)] < oo.
L]

Lemma 4.4.2. Fix U € U and k < n, the mapping x — V(k,x) is non-decreasing and

continuous in RY.

Proof. The proof is split up in two parts. To start with, we show that function G
defined by (4.1.1), to which V relates, is non-decreasing in x. We note that if k = n,
the monotonicity of G follows from Gy (k,x) = ce?™*U’(e”*) > 0. If k < n, we recall

from (4.3.4) that
Gy (k, x) = / o7 U (™) Fyy (x)P(T,,_x € dT) > 0, (4.4.8)
0
forall x € Ry.
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We now show that V is non-decreasing in x. If k = n, then (k,x) € D and so V = G.
Therefore V(k,x) = U(e’™), which is a non-decreasing function of x. If k < n, take
values x,y € R* with x < y and set 7, = 1p(k,x) and 7, = 1p(k,y), where 1p(k, -)
is given by (4.3.13). Since the subset {n} x R" is included in D, we have 7,7, < T
almost surely. According to the definition of V (k, x) in (4.2.2), the infimum is attained

at time 7, and we have
V(k x) = E[G(NE, X3,)] < E[G(Ng, X})],
implying that
V(ky) - V(kx) = E[G(Nf, X%,) — G(N, X{)] > E[G(N5, Xz,) — G(Ng, X}))] -
Recalling that G(k, x) is non-decreasing on x, and noting that X%/ > Xﬁy, we get
V(k,y) > V(kx),

settling the result on monotonicity for V.

We continue showing that the mapping x — V (k, x) is continuous on x for any fixed
k < n. If k = n, the value function is reduced to U(e”*), which is continuous in x by

assumption. If k < n, following the previous arguments, we note that for x <y
0 < Viky) - V(kx) < E[G(NE, XL) — G(NE, X2)].
Since G(k, x) is continuous in x, for any fixed value of k, the mean value theorem gives
0 < Viky) ~ V(kx) < E[(XY, — X3)Ge(NE,v)]

where X7 <v < XY . Moreover, noting that X7, — Xi =yV Si‘x — BifY —xV Sﬁx + Bi‘x <
y — x, we have

0 < V(ky) = V(kx) < (y — x)E[Gx(NE,,v)].

In order to further simplify the above, we recall result (4.3.4) and note that

Gy(NE,v) < erll/(em/)/o Fop (v)IP(T, i € dT)

< oe?'U'(e7Y) / P(T, ¢ €dT) = oe”™U'(e”Y),
0 &

: k s I k OVITH(pOVY k _—

if Nr < n. Also, it is trivial that G, (N7 ,v) < ge?’U’(e”) if N = n.
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If U is concave, then U’ is a non-increasing function. Noting that v < sz, we obtain
0< Viky)—V(kx) < ocly — x)B[e"Xx] . (4.4.9)

for some constant value ¢ > 0. If U is convex, then U’ is a non-decreasing function and

SO

0< Viky)—V(kx) <oy —x)E[XU (%)) (4.4.10)

Note that the integrability of ¢”X% U’(e“%%) for convex functions U follows from
Lemma 4.4.1. We refer to [21] for a probabilistic proof on the integrability of the term
"X Finally, take the limit as |y — x| — 0 in (4.4.9) and (4.4.10) above to conclude that
x — V(k,x) for k € {0, ..., n} are continuous mappings in R*, therefore concluding the

proof. O

4.4.2 The Condition of Smooth Fit

Lemma 4.4.3 (Principle of Smooth Fit). For any fixed k < n, Vi(k,x) exists and is
continuous at {*(n — k). In addition, it holds Vy(k,*(n — k)) = Gx(k,*(n —k)).

Note. We can observe an example of the smooth pasting of the value function V to the

gain function G in Figure 4.3.

Proof. Let e > 0 and 7. = tp(k,{*(n — k) —¢). From the definition of C in (4.2.5)
we note that V(k,{*(n — k) —¢) < G(k,{*(n — k) —¢). Also, it is always optimal to
halt while in D, so that V(k,{*(n — k)) = G(k,{*(n —k)) < ]E[G(N’T‘E,X%( N ))] This
implies

Gk, T (n—k)) =Gk, " (n—k) —e) < V(k, (" (n = k)) = V(k,T"(n —k) —¢), (44.11)

and

V(k " (n—k)) — V(k T*(n — k) —e) <B[G(NE, x5 ") — g(NE, x& )]
(4.4.12)

From (4.4.12), we derive making use of the mean value theorem, that for all fixed k

V(k T (n—K) = V(T (n—k) —¢) < BXL"H - xE076, (N, v)],



(n—k) (n—k)

where Xg: Ty < Xg . Recall that for any U in U the term G, (k, x) is positive

for all (k,x) € {0,1,...,n} x R. Note also that
XG U X — (k) v SE — (F(n—k) —e) VSL <.
Thus,
V(k*(n—k) = V(k{*(n—k)—e) < e E[G(NE,v)]. (4.4.13)

Since V is twice differentiable in C, dividing the terms in equations (4.4.11) and (4.4.13)

by € and taking the limit as ¢ — 0 leads to

Gx(k, 0" (n —k)) < Vi(k,g*(n —k)) < UimIE[G(NE,v)] . (4.4.14)

e—0

Moreover

% = 1k n—k —¢ =inf{s >0 : XX P> (- NF)}
= inf{s >0 : ({*(n—k) —¢)V S} — B — As > {*(n — N¥)}

e—0

< inf{s>0: —B;>e+As+ " (n— N - *(n—k)} == 0,

. . s . S . —0 .
since a Poisson process is right-continuous. This implies that v <~ {*(n — k), since

(n—k)—e (n—k)

Xg: < v < Xg: . Therefore, by (4.4.14), the fact that Vy(k,(*(n — k)) =

Gx(k,g*(n —k)) follows from the right-continuity of Poisson processes.

Next, we show that for any fixed k < n, Vy(k, x) is continuous at {*(n — k). For this,

we take § > 0, and in a similar fashion as before, for any € € (0,5) we have

V(k " (n—k) —5+e) — V(k " (n—k)—5) <

E[G(N*

Ts”/

Xg(n—k)—é—i-s) B G(NIT;,Xg(n_k)_J)] ,
so that

V(k{*(n—k)—6+e) = V(k {*(n—k) —5) < eE[G:(NK,v)],

(n—k) (n—k)—d+e 6—0 e—0, Xg*(nfk)fé
Ts5 .

where X% -0 < < X% . Since 5 — 0 we have 1, —

Now, dividing the above by ¢ and taking the limit as ¢ — 0 we obtain
Vi(k,*(n — k) = 8) < B[Gy(NE, X5 "7070)],
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Values of V and G at 1 Jump Left to Deadline

Figure 4.3: Values of V and G for different x and fixed single jump to deadline; here,
U(x) = x,A = 0and ¢ = w = 1. The smooth pasting of V to G is observed. The
stopping set D is the area for which V(n — 1,x) = G(n — 1, x).

so that

limsup Vi(k,{*(n —k) —06) < Gy(k,*(n—k)).
=0

To show that the reverse inequality holds, taking ¢ > 0, arguments seen before imply

that

IE[GX(NI'L;I V3)(X§;(Hik)7§ — X%:(nfk)*5*€)] ,

*(n—k)—

for some v3 € [X%( (n—k

2 Xg )_5_8]. If we divide the above by ¢ and take the limit

as ¢ — 0, the left hand side tends to Vi (k, {*(n — k) — ¢) and the right hand side does

so to
%]E[Gx(N'T‘d,m)(Xg(”’k)*‘s xR emey)
Rt LU R S UL USRS
=BG XY ) g i)
implying that

% * ﬂ—k —15
Velk, 0 (n — k) — 8) > E[G(NE, X5, "797°)

I{S¢J<§*(n—k)—5}] :
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Hence, due the right continuity of Poisson processes we get
li{sni(?fo(k,g*(n —k)—08) > Gy(k,{*(n—k)),
—

concluding the proof. O

4.4.3 The Condition of Normal Reflection
Lemma 4.4.4 (Normal Reflection). For any fixed k < n, lim,_,o Vy(k,x) = 0.

Proof. Fix k < n. If {*(n — k) = 0, then Vy(k, x) = Gy(k, x) and from equation (4.3.4)
we observe that limy_,o Vi (k,x) = 0. If {*(n — k) > 0, we apply It6’s formula for non-

continuous semimartingales to V(N¥, X?), while (N¥, X?) is in the continuation set C,

so that
V(NEXD) = V(k0) + / Ve (NE, X0)dX0 + 2/ Vi (NE, X0)d[X),
+ Y A[V(NE X?)]
s<t
where, for any multi dimensional Markovian process (Y;)i>0, A[V(Y})] = V(Y;) —

V(Y;-), and Y;- stands for the left-continuous left-limit process of Y in t. We note that

function V is twice differentiable in C and the limit lim,_,g V(k, x) exists.

We recall from Section 3.4 that dX? = dS} — Ads — dB; is a generalized Itd process
so that [X°]; = fo dB,)? fo dr = s. We plug these expressions appropriately in the

previous equation to obtain

V(NEXP) ~ V(k,0) = / AxV(NE, X0)ds + / L (NE, X0)ds?

- /va(Nf,X_S)dBS + Y A[V(NEXD)], @415

s<t
where the operator Ay is the infinitesimal generator of the process X given by (3.4.1).
Now, we note that jumps in process Nf are of size 1. Therefore, the last term in the
right hand side of equation (4.4.15) can be modified as follows

t
Y A[V(NE, XO)] /O V(NE +1,X0) — V(NE, X0)]dNE,

s<t
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implying that
t t
V(NK, X0 —V(k,0) = /OAXV(NSk,XS)ds + /0 V. (NF, x%)ds?
t
_ /Vx(Nf,XS)dBS
0

t
+ / [V(NE +1,X%) - V(N X0)JdNE,
0

and thus
E[V(NS, X)) ~V(k0) _ Elfy AXV(NEX0)ds] | E[fy Va(NE, X0)dS]
t N t t
E[[{[V(N* +1,X0) — V(NE, X0)]dNE
o ELGIVNE #1060 - VN XN
forallt > 0.
Hence, we take on both sides of (4.4.16) the limit as { — 0 to obtain
AyV(k,0) =
E[S} E[Nf —k
AxV(k,0) + Vi (k,0%) - lim ﬂ + [V(k+1,0) — V(k,0)] - lim M .
t—0 t t—0 t
(4.4.17)

Here, for fixed t > 0, the random variable Nf — k follows a Poisson distribution with

rate wt. Thus, we have 1E[N+k_k] 20 0 Therefore, equation (4.4.17) becomes
R )
AyV(k,0) = AxV(k,0) + Vi(k,07) '%ll’l’(} — + ANV (k,0), (4.4.18)
ﬁ

where Ay stands for the infinitesimal generator of the process N; described in (4.3.1).

Recalling that Ay = Ax + Ay, equation (4.4.18) reduces to

A
Vi(k,07) ~1im% =
t—0

0.

Note that

E[S}] > E[Si] — [A]t = VIE[|B[] — At

for all + > 0, due to S law | Bt | law V't|B1|. Thus, dividing the above by t and letting

t — 0 yields
A
tim B S i EUB] IA| = oo,
t—0 ¢t =0/t
so that it holds Vi (k,0") = 0 and the proof is completed. O
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4.5 A UNIQUE SOLUTION TO THE BOUNDARY PROBLEM

For all k € {0,..,n — 1}, the free boundary problem linked to V(k, x) in (4.2.2)
comprises equations (4.4.3) and (4.4.4), along with boundary conditions (4.4.5)-(4.4.7).
In this section, we use techniques for solving linear second order differential equations
and prove the validity and uniqueness of expressions (4.3.16)-(4.3.18), therefore setting

the proof of Theorem 4.3.3.

First, we recall that * takes value 0 for k = 7, so that instantaneous stopping results
optimal. This, along with condition (4.4.4), establishes (4.3.17) in the decomposition
of V(k,x) whenever x > (*(n —k) or k = n. In order to prove the complimentary
case when x < (*(n — k) and k < n, we provide a standard solution for V (k, x) in the
ordinary differential equation (4.4.3). This is a linear second order differential equation

with constant coefficients, we rewrite it as

%Vxx(k, %) = AVa(k, x) — 0V (k,x) = —wV(k+1,x) .

General theory of differential equations in [57] suggests the solution to this equation
is of the form V(k,x) = Vi (k,x) + Vp(k, x). Here, Vy is the solution to the associated
homogeneous equation and Vp is the non-homogeneous particular solution. Thus, we

use the method of variation of parameters on the system of equations

Vix(k, x) = 2AVy(k, x) — 2wV (k,x) = 0, (4.5.1)

Vix(k, x) = 2AVy(k, x) = 2wV (k,x) = —2wV(k+1,x). (4.5.2)

4.5.1 Solution to the Homogeneous Equation

The solution to Vy is of the form Vi (k, x) = C1(k)Vy(k, x) + Co(k) Va(k, x), with both
Vi(k,x) and V(k, x) being exponentials of the form e, plugging these into equation

(4.5.1) leads to the characteristic equation
e — 2 re™ —2we™ =0 = r—2Ar—2w=0,

solved by

r=A+VA24+2w and r=A—-VAZ+2w,

68



so that
Vi (k, x) = Cy (k)M VATH20x L ) (k)M VATH20)x (4.5.3)

where C; (k) and C;(k) are both functions of k.

4.5.2 Particular Solution

The method of variation of parameters tells us that we ought to look for a solution
such that Vp(k, x) = uy(k, x)eMtVAT20)x oy (ke x)e(A=VAH20)Y ywhere 1y and uy are
the solutions to

) (, x)eMVIR20T 4y (k)M VAT —

! (k, x) (E(A+\/A2+2w)x)’ + u(k, x) (e(Aﬂ/AZJrzw)x)’ = 2wV(k+1,x).

Equivalently,

(A=VA242w)x
ul(k,x):/ 2wV (k+1,x)e

W(e()\+\//\2+2w)x, e()\f\//\2+2w)x) dx,

uy(k,x) = —

/ 20wV (k + 1, x)eMVAZH2w)x d
W(e()x+\/)\2+2w)x’ e(/\f\/)LZJrZw)x) X

where W(f, g) stands for the Wronskian determinant of functions f and g, given by

W = 7 8 e~ pe),
fx) )

so that
W(e(/\—o—\/m)x, e(/\—\//\2+2w)x) _ _262Ax /72 +2w.

Hence, we have

WV (k +1,x)er— VA2 +2w)x
up(k,x) = dx
e \/A2 1 2w

- —(A+VAZ2w)x
= m/Vk+l,x)e dx,

and

WV (k + 1, x)eA VAT +2w)x
ux(k,x) = dx
e2Ax /A2 4 2w

- Y ~(A—vVAT12w)x
= m/VIH—l,x)e dx,
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so that Vp is given by

Vplk,x) = up(k,x)eMTVAF20x 4y (e x)elA VAT 2w)x

= % (E(AiA)le (k, x) — e(A+A)xR2(k, x)) ,

with A = VA2 4+ 2w and functions R; and R; given in (4.3.8). This, along with (4.5.3)

shows

V(k,x) = Ci(k)eAD% 4 Gy (k)e?A—B)x 4 %(M—A)xm (k, x) — e<A+A>xR2(k,x)) ,
(4.5.4)

the complete general solution for V (k, x) in (4.4.3).

4.5.3 Determining a Unique Solution

We use boundary conditions (4.4.5)-(4.4.6) to derive functions C; and C; in terms of
the optimal stopping boundary {*. We recall that functions Ry and R; in (4.3.8) are such
that

de (k, X) .

o = Vik+1,x)e" 2% and dRs (k, x)

= *()L+A)X
P V(k+1,x)e .

Then, from (4.5.4) above we have
Vi(k,x) = (A+8)Ci(k)e™™T 4 (A = A)Ca(k)elt =7
+ %((A — A)ePM PR (K, x) — (A + A)ePM AR, (K, x)) . (45.5)

Note that x — V(k, x) is a continuous mapping; then, the general form solutions for V

and V, in (4.5.4) and (4.5.5), along with (4.4.5)-(4.4.6), gives

G(k,C*(n—k)) _ C (k) (A+A)Z* (n—k) +C2(k)e(/\7A)C*(”*k)
w *
+ A A= (=R R, (k, 7% (n — k)
_ Z (A+A)§*(n k Z(k, C*(n _ k)) ) Eq A

and

Ge(k, 0¥ (n—k)) = (A+ A)Cy(k)ePM DTk L () — A)Cy(k)er =2 (1=h)
L (A= 8)eM A CRIR, (k, g (n — K))
L0+ A)e I Ry (k, 77 (0 — K)) Eq. B
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Here, taking A- (A —A) —Band A - (A + A) — Byields

Ci(k) = %Rz(k, 7*(n — k)
) ) o= (A+8)T* (n—K)
+ (Gx(k & (n—k)) = (A= A)G(k, C"(n = k) ———F 71—,
and
Ck) = —SRi(k G (n—k))
_ ) o—(A=8)Z* (n—k)
— (Gl T (1K)~ A+ A)C (K (1= 1) - S

settling (4.3.14) and (4.3.15).

Finally, note that lim,_,o R;(k, x) = 0 for i € {1,2}. Then, normal reflection condition
in (4.4.7) yields integral equation in (4.3.18) for optimal boundary * to solve, i.e.

x—0

Vie(k, %) 2% (A4 A)Ci (k) + (A — A)Ca(K) = 0,

which settles the last result in Theorem 4.3.3.

4.6 EXPONENTIAL TERMINAL TIME

In the special case when n = 1, so that T is an exponentially distributed random
variable, the stopping boundary will take a constant value. This is a common set up
within stopping problems with financial applications and is known as canadization of
the terminal time (see for example [17, 36]). Its advantage lies in that the dimensionality
of the problem is reduced to 1, so that the existence of a stopping set is easy to justify.

In this case, a simplified result derived from Theorem 4.3.3 above can be offered.
Let the gain function G be given by
G(x) =U(e"") +ow /OOO /xm e’ U’ (e7%) (1 — Fs(z)) dze “TdT. (4.6.1)
In addition, define functions R; and R, as
Ri(x) = /Ox U(e" e~ A=2rdr and  Ry(x) = /Ox U(e e~ AH8rgr, (4.6.2)

and let functions C; and C, in terms of the corresponding constant stopping boundary

{* and parameters (A, o, w), be given by
o (AHA)T

i = FRAL)+ (Gl = (A = D)G() - 5

A (4.6.3)
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and

o (A=A

G = SR - (GE) - A+ A)GE)) 5, (464)

with A = VA2 +2w.

Corollary 4.6.1. Let U € U be such that Assumption 4.3.2 is satisfied, then the underlying
extended optimal stopping problem V (x), derived from setting k = 0 and n = 1 in (4.2.2), is

such that

V(x) = CreMAx 4 Cpeh =2 4 %

, { e(A=DxR, (x) — e(A+A>XR2(x)} . (465)
ifx < *, and

V(x) = G(x), (4.6.6)

if x > (¥, where {* stands for the optimal stopping boundary. Function G(x) is given by
(4.6.1), and functionals Ry, Ry, Cy and Cy are given by (4.6.2), (4.6.3) and (4.6.4) respectively.

Finally, C* can be identified as the only positive solution to the integral equation

(A+A)Ci+(A—A)C,=0. (4.6.7)

4.7 DISCUSSION

This Chapter has analysed, in a time-randomized context, generalizations of optimal
prediction problems to a family of utility functions meeting certain conditions. A
time-independent family of stopping problems has been derived and the existence of
optimal stopping boundaries discussed, characterizing boundaries and optimal value
functions for problems meeting certain criteria relating the operator Ay in (4.3.2) and
the gain function G. Results in Theorem 4.3.3 allow for the iterative computation of
a stopping boundary (* associated to the problem of optimally halting a stochastic

process Z driven by a geometric Brownian motion with drift  and variance c.

In this case, we recall that the optimal stopping time comes at the first hitting time of
the diffusion X° in (3.2.2) to the boundary {*. We note that different sets of parameters
(u,0) defining Z must be linked to different boundaries; these can be either more

permissive, allowing for a broader range of values of X; not to fall in the stopping
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set D, or more restrictive, reducing the values of {* and therefore forcing the halt at a

slight take off of X from 0.

4.7.1 Existence

For a choice of utility function U € U, analytically tackling the veracity of conditions
in Definition 4.0.1 and Assumption 4.3.2 can be a daunting challenge, especially
due to the complexity of the integral term in (4.0.2) and equation Ay in (4.3.2). A
computational approach to these conditions does on the other hand show that several
families of functions meet these requirements. An example is given by the family of

combined power utility functions, i.e. functions U(x) of the form

withm > 0,0 < §; < 1foralli € {1,2,..,m} (strictly concave) or 1 < ¢; for all i €
{1,2,...,m} (strictly convex); 0 < a; < 1and } ", a; = 1. Direct numerical analysis of
functions Ay G(k, x) in (4.3.5) reveals the existence of common properties for measures
of this kind. For all (k,x) € {1,2,..n} x R" there exist uj, up € Ry with u; < up so

that

AyG(k,x) <0 if u > uy, and

AyG(k,x) >0 ifu<u.

Moreover, for any u € (u1,u) conditions in Assumption (4.3.2) are met. It follows that

for this family of functions the optimal stopping set D can partially be defined as

D= {n} x R" if u>uy, (4.7.1)
D=1{0,1,..,n} xR" ifu <wup;,and (4.7.2)
D={(kx)€{0,1,..,n} xR? : x> (n—k)} ifpue(u,ux). (47.3)

We recall from the introduction to this thesis that it was introduced in [54] and later
on extended in [21], that under a fixed terminal time set-up, the problem of optimizing
the ratio within a geometric Brownian motion and its ultimate maximum until deadline

(or its inverse), led to the categorization of processes into first 2 and later on 3 different

73



groups. The solution to our randomized problem for the family of combined power
utility functions suggests that we can make use of a virtually similar categorization to

that in [21] and [54], as exposed in the set of equations (4.7.1)-(4.7.3).

4.7.2 Multiple Bounding Functions

It is possible to extend the scope of this chapter to functions U in &/ not meeting
conditions listed in Assumption 4.3.2. The shape of sets ® and Y in (4.3.6) and (4.3.7)
is dependent on the choice of U, and this alters the construction of the stopping set D.
For instance, the choice of squared logarithmic utility function U(x) = log?(x), leading

to the randomized terminal time optimal stopping problem

. A A2
Telfg),fT]lE[(BT [max BS)], (4.7.4)

shows the existence of two bounding points for the set ® at any fixed value of k,

when A > 0 and is close to 0 (see Figure 4.4). This is consistent with results in

Values of A,G(k,x) for different k

Figure 4.4: Value of function AyG(k, x) for varying x and different fixed values of k.
Here, A > 0 and close to 0; in addition, ¢ = 1, w = 3, n = 6 and U(x) = log?(x). We

notice the existence of two bounding functions for sets ® and Y.

[18] that analyse the stopping problem (4.7.4) under a fixed terminal time T. Such

observation suggests that there may exist two stopping boundaries, which in turn shifts
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the reduction procedure to an alternative free boundary problem to that in (4.4.3) and

(4.4.4).

4.7.3 Approximating a Fixed Terminal Time

Finally, results in this chapter also make it possible to build numerical
approximations of some fixed terminal time set-up optimal prediction problems. We
recall from Section 2.4 that if a randomized T is modelled by the n'" jump in a Poisson

process with rate w = n/T,, for fixed T, then it holds
T,
E[T] =T, and V[T]= o

so that T — T, as n — oo. Thus, it is possible to make use of low-variance Gamma
distributed estimates to the true deadlines. Figure 4.5 presents an approximation of
the stopping boundary for the fixed terminal time problem V with U(x) = x as first
analysed in [21], when A = —0.25.

Example Realization with Fixed Deadline

-

Ny L
M’W WH}M\WM , m\m}f i

T T

Figure 4.5: Estimate of continuous optimal stopping boundary for fixed terminal time

T, = 10, with A = —0.25 and ¢ = 1. The amount of breaks used to build this estimate

is 60, so that w = 6. Time T stands for the optimal stopping time to this process X*.
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PART II

APPLICATION OF MARKOV DECISION

PROCESSES TO FINANCE
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CHAPTER 5

RESULTS ON MARKOV DECISION PROCESSES

We begin the second part of this thesis offering an introduction to the notation and
approach to discrete-time Markov decision processes (MDPs). We will also summarize
a set of results presented in the theory in [51] and [13], which will be of use in analysing
an MDP derived from a portfolio optimization problem in Chapter 6. In addition, we
will introduce and describe computational procedures that aim to approximate optimal

solutions within the context of these problems.

In what follows, we will be restricting ourselves to the theory strictly relevant to this
thesis, and we therefore present results that apply to infinite horizon models under
non-discounted expected total reward criterion. Additionally, we focus on Markovian
decision rules that comply with the Markovian set up of our problem, and we ignore
the existence of history-dependent decision rules that allow for a formulation in greater

generality.

5.1 THE BOREL MODEL

Let (), B(Q)),P) denote a probability space where:

e The sample space () is given by {E x A}*, with E and A to be defined below.
e The o-algebra B((}) is given by the Borel measurable subsets of {E x A}*.

e Measure PP is a probability measure on B3(Q}).
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In addition, let X = (X;,),>0 and Y = (Y},),>0 be sequences of random variables taking

values in E and A respectively, so that
Xy(w) =%, and Y,(w)=uay,
for all n > 0. Here, an element w € () is a sequence of observations
w = (xo, 0, X1,&1,-..) ,

taking values in {E x A}®.

A technical formulation of an MDP in this thesis, extending the presentation in the
introduction section, consists of a history process Z = (Z,)u>0, describing the joint

stochastic evolution of states X,, € E and actions Y,, € A in a system, defined by
Zo(w) =x9p and Z,(w) = (x0, &0, X1, &1, ..., Xn) ,

for n > 1. It incorporates the following components:

e A Borel space (E, B(E)) of the state space E and its Borel subsets B(E). We assume

E to be an unbounded subset of the Euclidean space.

e A Borel space (A, B(A)) of the action space A and its Borel subsets 5(.A), along
with a collection of admissible action sets D(x) € B(.A) such that there exists a

measurable function f : E — A, with f(x) € D(x) forall x € E.
e A family of measures IP(D(x)) on the Borel subsets B(D(x)), for all x € E.
e Conditional transition probability functions Q,(-|x,«), which for all n > 0 satisfy

i) Qu(BJ-, ) is measurable with respect to B(E x D(x)), for B € B(E).

i) Qu(B|-, ) is integrable with respect to each P € P(D(x)), for all x € E and
B € B(E).

e Real-valued reward functions R, (x, a), which for all n > 0 satisfy

i) Ry,(-,-) is measurable with respect to B(E x D(x)).

i) Ry,(-,-) is integrable with respect to each P € IP(D(x)), forall x € E.
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Finally, it includes a set of Markovian one-step deterministic policies or decision rules F

given by
Fp ={f:E — A| f measurable and f(x) € D(x) forallx € E},
and a set of Markovian one-step randomized policies or decision rules given by
Fr ={f:E = P(A) with f(x) = Py € P(A) | Px(D(x)) =1forallx € E},
so that for all f € Fr

Ro(xm, f(xn)) = /D o Rnlon, )P, (da)

and
Qu(Blon fxn) = [ Qu(Bln, )P, (da),

for B € B(E). We note that Fp C Fg always, since deterministic policies can be attained

as randomized policies with density atoms.

A set of deterministic Markovian policies I1p is defined by the Cartesian product of
the corresponding decision set Fp; analogously, randomized Markovian policies I
are defined by the Cartesian product of Fg, so that IIp C Ilg. Within the scope of
this thesis, a Markov decision problem deals with the problem of identifying the optimal
deterministic Markovian policy w = (fo, f1,...) € Ilp, if any, that maximizes the
expected sum of rewards, which in view of (1.2.1) is given by

EY [ i Rie(Xx, Yk)}
k=0
for all x € E, where the expectation is taken over the probability distribution IP|x,—x
induced by the policy 7t € Ilp, and Y; = fx(Xx). However, it will also be necessary to

invoke randomized policies 7t € Il at certain points in our work.

We will generally refer to such an MDP as to be modelled by the 4-tuple
(B, A,Q.(,),R()) -

We lastly note that in general, the theory of Markov decision processes is sufficiently
rich as to be addressed without confronting such mathematical subtleties, and we will

offer simplified notation whenever possible.
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5.2 RESULTS FROM MDP THEORY

Results in this section refer to the theory of infinite horizon Markov decision
processes and can be found in [12], [51] (Chapters 5 to 7) and [13] (Chapter 7). Most
theory for MDPs deals with countable state-space models with bounded rewards; we
will however, for future reference, summarize a set of results of interest that allow
for the implementation of solution algorithms when the state space is not finite and

rewards unbounded. All results will be stated without proof.

An important particularity of infinite horizon MDPs is that they are often simpler
to solve than finite horizon models, and generally admit a stationary optimal policy.
We say that a deterministic Markovian policy © = (fy, f1,...) € Ilp is stationary, and

denote it (f),>0, if it uses a single decision rule at every decision epoch n > 0, i.e.

7= (fu)nz0 = (f)nz0 = (f, f,..) for some f € Fp,

and we note that randomized Markovian stationary policies are defined analogously.
When certain structure assumptions are satisfied, an infinite horizon model can
actually be seen as an approximation of its finite horizon equivalent, providing us with
tools in the core of MDP theory, such as reward and value iteration, in order to attain

approximations of the solution.

In the following we assume to be analysing a stationary problem, that is, the reward
functions, transition probabilities and decision sets do not vary between epochs n > 0;
also, we will assume that rewards are non-negative. We will refer to the value of a policy

7t as the function v : E — R defining the total expected reward
v"(x) = BT | ) R(X,, Yo)]
k=0
for all x € E; in addition, we call the value of the MDP the function v : E — R defined
as the optimal total expected rewards over policies 7t € Ilp, given by
v(x) = sup v"(x), (5.2.1)
nellp

for all x € E. We note that, even if a value v exists for the MDD, it does not imply

that an optimal policy in ITp will, since a different 77 € IIp may attain the maximum
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for each x € E. Our aim is to determine a policy * & Ilp, if possible, that satisfies

o™ (x) > v(x) forall x € E.

A key notion for characterizing the value function of an MDP is the principle of
optimality or Bellman equation. This concept plays a central role in the theory of
contracting MDPs, and presents a necessary condition for optimality, associated with
the optimization method of dynamic programming in discrete-time decision making
problems. If applicable, the value of the MDP at a certain state x € E may be expressed
in terms of the pay-off R from some initial action, plus the value of the remaining

decision problem resulting from it, so that in a stationary problem v satisfies

v(x) = (Tv)(x), (5.2.2)

where T denotes the maximal reward operator, given by

(To)(x) = sup {R(x,a) / Q(dy|x, o)}, (5.2.3)

aeD(x

for all x € E. The term within brackets in (5.2.3) is usually denoted
(Lo)(x]a) = R(x,« —|—/ Q(dy|x, «), (5.2.4)

and referred to as the reward operator. Generally, we aim to construct a function space
V so that, under reasonable conditions on states, actions, rewards and transitions to
ensure that 7v € V, equation (5.2.2) has a unique solution and equals the value of the
MDP. Another result of special relevance is Banach'’s fixed point theorem, which we

reproduce here.

Theorem 5.2.1 (Banach’s Fixed Point Theorem). Let (B, d) be a complete metric space with

a contraction mapping T : B — B, i.e. such that there exists a constant ¢ € [0,1) so that

d(T(x), T(y)) < cd(x,y),

forall x,y € B. Then, T admits a unique fixed point x* in B (i.e. T(x*) = x*). Furthermore,
x* can be found starting with an arbitrary element xo € B and defining a sequence (x,)n>0,

with x, = T(x,_1) for n > 1, so that
Xp— x5 as n— 0.
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Now, for any arbitrary measurable function w : E — R satisfying inf,cf w(x) > 0,

define the weighted supremum norm || - ||, for functions g : E — R by

gl = sup BE 52.5)

xcE w(x)

Also, let My, (E) be the space of measurable real-valued functions given by
My (E) = {g: E — R : ¢ measurable and ||g||» < oo} .

We note that convergence in M, (E) implies pointwise convergence, since for each x €

E and sequence of functions (g, ),>0 with g, € My, (E) for n > 0, it holds

|gn(x) = g(x)| <ew(x) if |gn—gllw <e

for some € > 0. Therefore, every Cauchy sequence of elements in My, (E) converges to

an element on its set, so that M, (E) is a Banach space.

Assumption 5.2.2. There exist constants y,x € R so that

i) sup,cp(y) R(x, &) < pw(x) forall x € E.

i) [rw(y)Q(dy|x,a) < xw(x) forall x € D(x) and x € E.

In view of this assumption, function w is sometimes referred to as a bounding function
for the MDP. Moreover, the Markov decision process is called contracting if x < 1,
and guarantees that the optimization problem v in (5.2.1) is well-defined, since for all

T € Ilp it holds

0" (x) = R(x,a0) + EF [ i R(Xk, Yk)} = R(x, a0) +/Ev”(y)Q(dy\x, o)
k=1
< pw(x) + pxw(x) + utw(x) + - = K w(x) < oo,

for all x € E, and [[v”|| < 7% so that v € My(E). It is also guaranteed that the

contracting infinite horizon MDP can be approximated by a finite horizon model, since
it can be shown in a similar fashion that there exists a constant ¢ > 0 such that
e}

lim IE;}[ Y R(X;, Yk)} < ¢ lim K"w(x) = 0.

n—o0 k= n—oo
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Lemma 5.2.3. Under Assumption 5.2.2, with x < 1, it holds that

1781 —Tg&llw < llg1 — g2llw

for any arbitrary ¢1,82 € My (E), where T is the maximal reward operator in (5.2.3).

Furthermore, given a stationary policy T = (f)n>0 € Ilp we have

v = lim (T o %o 7Ty)g = lim T/'g, (5.2.6)

n—oo n—00

forall g € My, (E), and v™ is the unique fixed point of Ty in My, (E), with

(Trg)(x) = (Lg)(x|f(x)), (5.2.7)

forall g € My,(E) and x € E.

Note that result (5.2.6) is a direct application of Banach’s fixed point Theorem 5.2.1,
when the metric is induced by the norm || - ||, since 7T is contracting. The result
suggests that it is possible to determine the value of a stationary deterministic policy
7t by repetitive application of 7 to an arbitrary initial function in My, (E). Next, we
reproduce a verification result that avoids general measurability problems; it states
that candidates for the optimal solution to problem (5.2.1) are given by fixed points of

the maximal reward operator.

Theorem 5.2.4. Under Assumption 5.2.2, with k < 1, let g € My (E) be a fixed point of
T : My (E) — My, (E). If there exists a decision rule f € Fp such that

(Tg)(x) = (Ts8)(x),

for all x € E, with 7} as in (5.2.7); then the value of the MDP is such that v = g and

T = (f)n>0 € Ilp is an optimal deterministic stationary policy.

In addition, the following structure theorem will provide us with means to
determine the existence of optimal stationary policies to our problem in Chapter 6,
along with proof for the usefulness of iterative methods, such as value iteration, in

order to approximate optimal solutions.

Theorem 5.2.5. Under Assumption 5.2.2, withx < 1, let Cy,(E) C My, (E) be a closed subset

such that
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i) 0 € Cy(E),
ii) T :Cy(E) = Cyu(E),
iii) forall ¢ € Cy(E) there exists an f € Fp such that Tg = T¢g,

with Ty as in (5.2.7). Then, it holds that

a) v € Cy(E) and v = To (value iteration).
b) v is the unique fixed point of T in Cy(E).
c) v is the smallest function § € Cy(E) such that g > T g (superharmonic).

d) Forall g € Cy(E)

K"
n
— <
lo=T"gllw = T—

78— 8llw-

e) There exists an optimal deterministic stationary policy 7 = (f)y>0 € Ilp such that

v="7o"

In view of Theorem 5.2.5, our efforts in Chapter 6 will be directed towards the

construction of a complete metric space (V, d) satisfying conditions (i) — (iif).

5.3 PIECEWISE DETERMINISTIC MODELS AND CONTROL FUNCTIONS

Stochastic processes that evolve through random jumps at random time points
and are governed by a deterministic flow in between jumps are referred to as
piecewise deterministic Markov processes (PDMPs). When a continuous time optimization
problem solely relates to piecewise deterministic stochastic processes, whose jump
behaviour can be controlled, it can then be reduced to a discrete-time MDP and
treated with previously introduced methods (see [1]). However, several mathematical
complications arise as the action space becomes a function space; here, we reproduce
some technical results found in [13] (Chapter 8) and [59] that ensure tractability of the

problem.

If (T,)n>0 denotes jump times in a PDMP, the evolution of the process up to time

T,1+1 is known to the decision maker at time T;,, for all n > 0, so that he can fix a control
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action «a(t) for all T, + t < T,41. This is the basis for treating a continuous-time control
problem as a discrete-time MDP, where an « € A is thought of as the action at time T,

or epoch nn > 0, and the action space A is given by a function space
A={a:R" - U : a measurable},

where U is the control action space, assumed to be a compact Borel subset of a Polish
space, a separable and completely metrizable topological space. In addition, it is shown
in [59] that for 4 to become a Borel space fitting previously presented theory, it can be

endowed with the coarsest r-algebra (with the fewest open sets) such that mappings
o / e fw(t, a;)dt
0

are measurable for all bounded and measurable functions w : R+ x U — R.

Relaxed Controls and the Young Topology

In addition to deterministic controls, it is also necessary to consider the space of
randomized controls. If allowed, a decision maker could choose to fix a randomized
control action at a decision epoch n > 0 at time T,,. Doing so, he fixes a probability
distribution p(t) € P(U) for all T, +t < T,.1, where P(U) is the set of probability
measures on the Borel subsets B(l{). Then, we think of p € R as an action at time T),,

where the function space R is given by
R ={p:R" = P(U) : pmeasurable} . (5.3.1)

Trivially, we have A C R, since all deterministic controls are attainable in R through
the adoption of measures with single mass points.

The set R is endowed with the Young topology, the coarsest such that for all p € R,
the mapping

> t,u)p(du)dt
o [ st upian)

is continuous for all functions g : [0,00] X &/ — R which are measurable in the first
argument and continuous in the second and satisfy

/OO max |g(t,u)|dt < oo. (5.3.2)
0 ued
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With respect to this topology R is a separable, metric and compact Borel space.

Moreover, for a sequence of controls (p,),>1 C R and fixed control p € R,

lim, e pn = p if and only if

lim /Ooo /Z;{g(t,u)pn,t(du)dt = /Ooo/ug(t,u)pt(du)dt, (5.3.3)

n— 00

for all functions g satisfying (5.3.2).

5.4 SOLUTION ALGORITHMS AND VALUE ITERATION

There exists a whole family of dynamic programming algorithms commonly used
to solve MDPs, notable variants of these include value iteration and Howard’s policy
improvement algorithm. These algorithms require storage for an indexed array of
values V, along with an array of policies 7r. When concluded, optimal policies will
be stored in 71, and V will contain the optimal sum of the rewards attained according

to each policy in 7.

Computational approximations of value functions and optimal policies in Chapter
6 have been obtained through the method of value iteration, combined with
linear interpolation methods that approximate values over a discretized grid of the
continuous state space. The method starts with an arbitrary value function V; meeting
certain conditions of continuity and concavity, and uses equation (5.2.2) to update its
values at a next stage, while storing within the array 7t the optimal strategy for every
point in the discretization of the state space. The contracting property of operator
T guarantees the convergence of the method, which will stop according to a given

tolerance for the value difference between steps.

Here, we present a simplified sequence diagram of the algorithm procedure. We let
E C E denote a discretization of the state space E, and we approximate values of V at
arbitrary points in E through linear/spline interpolation and exponential /logarithmic
transformations; in addition, we make use of Simpson’s rule for numerical integrations.
We denote by U C U a discretization of the control action space and let § be an arbitrary

tolerance value, then:
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e Define initial candidates V(x) and 7t(x) for all x € E;

e Repeat:

Forall x € E let 7t(x) = argmax{R(x,u) + [; V(y)Q(dy|x,u)}

ucll

Forall x € Elet Vi(x) = R(x, (x)) + [ V(y)Q(dylx, 7(x))

If(max(V;(x) — V(x)) < ¢) Bellman update V = V; & Break;

Bellman update V = V;;

e Return V and 7.

87



CHAPTER 6

MDP ALGORITHMS FOR WEALTH ALLOCATION PROBLEMS

WITH DEFAULTABLE BONDS

Let T > 0 be a fixed time horizon and ((, G,IP) denote a complete probability
space equipped with a filtration {G;};>9. Here IP refers to the real world (also called
historical) probability measure and {G;};>¢ is the enlargement of a reference filtration
{Fi}t>0 denoted G; = F; V H; and satisfying the usual assumptions of completeness
and right continuity; H; will be introduced later. We consider a frictionless financial
market consisting of a risk-free bank account B = (Bi)o<t<1, @ pure-jump asset
S = (St)o<t<t and a defaultable bond P = (P)o<t<7. The dynamics of each of the

components of the market are given as follows.

Risk Free Bank Account. Let By = 1 and r > 0 denote the market fixed-interest rate,

the deterministic dynamics of B are given by

dBt = TBtdt .
Pure Jump Asset. Let C = (C;)o<;<7 be a compound Poisson process defined on
(Q/ g/ {]:t}fZO/ ]P), glven by
Ni
Co=) Y, (6.0.1)
n=1

where N = (N;)o<i<T denotes a Poisson process with intensity v > 0 and (Y, )nen is
a sequence of independent and identically distributed random variables, with E[Y;] <
00, Y, > —1 and distribution y(dy). Here {F;};>0 is a suitable complete and right-

continuous filtration.

Asset S is a piecewise deterministic Markov process (see Section 5.3) adapted to F;
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and given by
dSt = Stf (‘udt + dCt) s

where y is the constant appreciation rate of the asset and So > 1. Figure 6.1 illustrates

some sample realisations of the process S.

Sample Realisations of S

A A
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Figure 6.1: Sample realisations of the Piecewise Deterministic Markov Process S, with
varying parameters. On the left hand side v = 2, T = 10, u = 0.025; on the right hand

sidev =40, T = 10, u = 0.05. Jumps Y follow truncated normal distributions.

Defaultable Bond. We consider a tradeable zero coupon bond with face value of one
unit and recovery at default. Let T > 0 be an exponentially distributed random variable
defined on (Q, G, {H:}>0,P) with intensity Ap; we make use of the intensity-based
approach for modelling Credit Risk (see [6]) and let the T model the default time of the
bond P. Here H; = o(H; : s < t) is the filtration generated by the one-jump process
H, =1 {r<t}s after completion and regularization on the right; C; and H; are assumed to

be independent and Ap is denoted the hazard rate of T, so that the compensated process
dM; = dH; — Apd(t A T) (6.0.2)

with My = 0is a (G;, IP)-martingale, with G; = F; V H;. Lastly, we denote by Z =
(Zt)o<t<t the Fi-adapted recovery process of P, i.e. the process determining the wealth

recovery upon default.

Then, the time-t price of this defaultable bond P with maturity at T is given by

T
Py = BiEq B (1~ Hy) + /t B.'Z,dH,

G|, (6.0.3)

89



where Q is a martingale measure equivalent to IP; intuitively, P, models the discounted
Q-expected value of the pay-off (1 — Hr) + HrZ+. The existence of such an equivalent
measure on (), G) follows from the results on change of measures presented in [6]

(Chapter 4).

This Chapter will extract the real world dynamics of the defaultable bond (6.0.3) and
set up a portfolio optimization problem V of the form (1.2.2), allowing for investments
on the three introduced financial instruments. We will present the conversion of the
problem into a discrete-time Markov decision process (MDP), so that the value function
is characterized as the unique fixed point to a dynamic programming operator. Then,
optimal wealth allocations will be numerically approximated through the method of
value iteration and the dependence of optimal portfolio selections will be explored in
terms of the risk premium and different parameters describing the system. Our results
suggest significantly different allocation procedures to those in [5, 8, 16, 37] under
an exponential family of utilities, and extends the work to more general families of

logarithmic and exponential utility functions.

The rest of the Chapter is organised as follows. Sections 6.1 and 6.2 derive the IP-
infinitesimal dynamics of the financial products and set up an allocation problem by
means of characterizing the dynamics of a joint wealth process. Section 6.3 follows
a procedure in order to introduce an equivalent MDP to our optimization problem,
and presents the main technical results in the Chapter. Sections 6.4 and 6.5 will
provide proof of our results and justify the use of value iteration techniques in order
to approximate optimal solutions. Finally, sections 6.6 and 6.7 present a numerical
analysis and make comments on optimal portfolio strategies, drawing comparisons
with previous results that lead to the key contributions of this work; in addition

possible extensions of the model and drawbacks of this approach are discussed.

6.1 THE P-DYNAMICS OF THE DEFAULTABLE BOND

Following results in [6] (Section 4.4) and [33] (Section 8.6), let 7 = 1 (T) = e~ (9= 1T

be a random variable satisfying 7 > 0 and Ep[yy] = 1, where ¢ is a strictly positive
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constant. Then, the change of measure with Radon-Nikodym density process

d
n =, = Erli(01G] = Eply(o)[], 611)

is such that 7 is an exponentially distributed random variable under Q, with intensity

Ag = ¢Ap; this is observed by noting that
dQ(t < t) = pe PP DIGP (T < 1) = pApe PMPidL .

In practice, default intensities are independently estimated, using credit ratings and
company data for the real world intensity Ap and derivatives prices (including CDS
and Options) for Ag; their underlying ratio ¢ is named the ‘Risk Premium’ and

represents the reward investors claim for bearing the risk of default in P.

Proposition 6.1.1. The stochastic process 1; defined by (6.1.1) is a (G;, IP)-martingale with
o = 1 and
dny = n- (¢ — 1)dMg,

where My is defined by (6.0.2).

Proof. Expanding the conditional expectation in (6.1.1) we get

n = Ep[n(t)|H = th)e_/\“’("’_l)r +(1- Ht)/ 4)6_)‘“’(4’_1)x/\pe_/\“’("_t)dx
¢

— thbe—?\u’(‘l’—l)'f + (1 _ Ht)e—/\n’@’—l)t — ¢Hte—/\ﬂ°(4’—1)(7/\t) .
Then, direct application of It6’s formula for non-continuous semi-martingales to #;
yields
die = 1 (¢ —1)[dH; — (1 — Hy)Apdt]
= e (¢~ D[dH: — Apd(t A T)]

proving the result. O

In order to obtain the IP-dynamics of P defined by (6.0.3) we make use of the models
for valuation of contingent claims subject to default risk in [23]. We first define the

concept of a gain process; we denote by G = (G;)o<i<7 the wealth gain process resulting

from holding one defaultable bond P, given by
dG; = dP; + Z;dH;, (6.1.2)
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with Gp = Py. Note that P and G differ in the sense that G incorporates the wealth
recovered in case of default in P, so that G; = Z; for t > 7. In addition, we make the

following assumption.

Assumption 6.1.2 (Recovery of Market). The wealth recovery upon default in P is given by
a fraction of its current market value, i.e. Z;y = (1 — L)Pi- forallt < T, with0 < L <1

constant.

Lemma 6.1.3. The price dynamics of the defaultable bond P in (6.0.3), under the Recovery of

Market assumption and real world probability measure P, are given by

dP; = P, [(r+ ¢ApL)dt —dH;] for t<TAT, and (6.1.3)

dP; =0 for T<t<T, (6.1.4)

with Py = e~ rT¢AeL)T,

Proof. The derivation of these equations follows from the application of Theorem 1 in
[23]. We use arbitrage-free arguments to obtain a pricing expression for P; the key
observation is that its future expected gain G in (6.1.2), up to time T A T, must match
the attainable risk-less reward under measure Q; that is, the discounted gain e "' G;
given by

e G = e P4 (1— 1) /0 e P, dH, (6.1.5)
for t € [0,7 A T], must be a Q-martingale. Noting that P(t = T) = 0 a.s., we may
assume that default does not occur at maturity time. Recall from (6.0.3) that P is
discontinuous only at the default time and that P, = 0 for t > 7, we may denote

Py = (1 — H;)Uy, where U, is a continuous process. Plugging this expression for P into

(6.1.5) above and applying Itd’s formula we obtain
d(e "G = e [(1 — Hy)dU, — r(1 — Hy-)U,-dt — LU,-dH,

fort € [0, T A T]. Itis possible to rewrite the above equation in terms of a compensated
jump process, through the inclusion and subsequent subtraction of a compensator in

the jump differential term dHy, so that
d(e"Gy) = e " [(1 — Hy-)(dU; — (r + AoL)U,-dt) — LutfdM?} ,
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where

dMQ = dH; — Agd(tA T)

with Mg2 = 0is a (G;, Q)-martingale. Therefore, for e "!G; to be a Q-martingale the
following must hold

dut = (7’ + (P/\][)L)Utdt ,

since we recall that Ag = ¢Ap. Finally, note that dP; = dU; — U;-dH; and P; = U for

t < 1, the result follows. O

6.2 WEALTH DYNAMICS AND THE ALLOCATION PROBLEM

Consider an investor wishing to invest in this market. Denote by 7t} the percentage
of total wealth at time ¢ invested on the risk-less bond; analogously 7r; and 7t/ denote
the time-t proportions on the asset and defaultable bond. The portfolio process m =
(7P, 7, il )o<i<1 is a Gi-predictable process taking values in

3
U= {(u,uz,u3) ER: Y u; =1}, (6.2.1)
i=1
so that short selling is not allowed and wealth is fully invested at all times and remains
positive. Note that 77/’ = 0 for t > 7; furthermore, although the price of P drops to zero
at default we must account for the gain derived from its recovery value, i.e. we consider

the IP-dynamics of the gain process G = (G;)o<¢<r in (6.1.2) with regards to portfolio

optimization purposes. From (6.1.3) and (6.1.4), the dynamics of G are determined by

dG; = G4 [(r + ¢ApL)dt — LdH;] for t<TAT, and
dG; =0 for 7<t<T,
with Gy = P,.
Denote by X = (X[")o<i<T the wealth process associated to a strategy 7w € U. Then,

its time-t infinitesimal gain is given by

dB ds dG
AXT = X7 . |(1 =l — )=t 3 220 gP2E
t t |:( t f)Bt tStf th7:|
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Denote by X/*° the purely continuous component of X[; the explicit form of X is
derived using It6 calculus and noting that

7T,c

dlog(X[) = t +log(1 — nPLdH;) +1og(1+ m7dC)

= [r+mi(u—r)+nPpApL]dt +log(1 — 7l L)dH; + log(1 + 7dCy) ,
so that
log(X[) = log(Xo) + [ [+ 7(u— 1) + el grLlds
+ log(1 — 7P L)H; + % log(1+ 7T%1Yn) , (6.2.2)
n=1

which follows noting that H; is a single jump process with jump size 1, at time 7; and

random jumps Y; in C; occur at random times T; in N. Hence, exponentiating equation

(6.2.2) we have
t S P Ny
X[ = Xoefﬂ (r75 (u=r)+75 47/\]1’L)d5(1 _ n’I;L)Hf H(l + n%lyn) , (6.2.3)
n=1

where Xj stands for the initial wealth.

Let IT denote the family of all measurable portfolio processes 7r taking values in /.

For a given increasing and concave utility function U : (0,00) — RT, let
VT[(tl X, h) - ]Et,x,h [U(X'ITE)]

denote the expected terminal reward associated to a portfolio strategy 7w € II, for
current state (t,x,h) € [0,T] x R* x {0,1}. Here, E; , ;, denotes the expectation under
the conditional probability measure IP|(xr—, p,—)- The optimal policy 7* € IT is the
one that maximizes the reward, so that

Vi (t,x,h) = sup Vx(t,x,h), (6.2.4)

nell

for all (t,x,h) € [0,T] x RT x {0,1}. As mentioned before, we aim to numerically
approximate the policy 7*, so as to explore the dependence of optimal portfolio
selections on the risk premium, utility of choice, and additional parameters defining
the model. Note that V+(T,x,h) = U(x) for all (x,h) € R" x {0,1} and problem V-

is tractable since [E[Y),] < oo.
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6.3 AN EQUIVALENT DISCRETE-TIME MARKOV DECISION PROCESS

We follow a similar approach to that in [11] and [12] in order to reduce problem
(6.2.4) to a discrete-time MDP, allowing for V;;+ to be computationally identified as the

unique fixed point to a maximal reward operator.

Let ¥ = (¥4)n>0 denote the increasing sequence of joint jump times in N and H,
given by
Y, = T'Vl]'{Tn<T} + Tl{T,,,1<T<T,1} -+ Tn711{1<TH,1} , (6.3.1)

with Y9 = 0. Intuitively, ¥ represents an ordered discrete counting process
incorporating default time T to jump times (T,),>0 in asset S; in addition, we refer
to the counting steps n > 0 of ¥ as decision epochs. We define the MDP composed by

the following 4-tuple (E, A, Q, R), an explanatory diagram is presented in Figure 6.2.

l T

- Transition Q (2,112, an") -
(=) )

[ Reward R(En,fnsn) ]

A 4

Time
Lpn LIJ:n+1

v

Figure 6.2: Explanatory diagram of the structure of the MDP (E, A, Q, R); variables
5, and &, 1 refer to the states of the system at epochs n and n + 1 subsequently. We

observe that each decision epoch 7 takes place at time ¥',.

The State Space E is given by E = [0, T] x R x {0,1} and supports times ¥, with
associated wealth Xy, and states of default process Hy,, right after each jump. We use

the notation =, to denote the n-th state of the system, given by

(¥, Xy, Hy,) €E if¥,<T,

A otherwise,
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forn > 0. A ¢ E is an external absorption state and allows for us to set up an infinite

horizon optimization problem as described in Chapter 5.

The Action Space A stands for the set of deterministic control actions
A= {a: R" — U measurable}, (6.3.2)

where U is given in (6.2.1). A control « € A is a function of time and «a(t) € U
determines the allocation of wealth at time t after a jump in ¥. We note that for a
given state E, € EU {A} only a subclass of actions D, (E,) C A may be admissible

(for example, if bond P defaulted).

In addition to A, we denote by F the set of all deterministic policies or decision rules
given by
F={f:EU{A} - Ameasurable} . (6.3.3)

At any decision epoch 7, a policy f, € F maps a state E, to an admissible control
action in D, (E,); we denote the resulting control by fn:” The policy determines, as a
function of the system state, the control chosen at epoch n; this results in a function
fi i RT — U that models the time evolving allocation of wealth in our portfolio 77, so
that

= fon(t—¥,) for t€ (¥, ¥ii1). (6.3.4)

A portfolio process 7w € I is called a Markovian portfolio strategy if it is defined by
a Markov policy, i.e. a sequence of functions (f,),>0 with f, € F (see Section 5.1).
We recall that if policies f, = f for all n > 0, the Markov policy is called stationary,
implying that decisions are independent of the epoch number and only dependent
on the system state. Figure 6.3 illustrates the characterization of a Markovian portfolio
strategy in a diagram. It is key to note that for a specified Markov policy, the controls to

take at each epoch are random, since they depend on the system states to be observed.

The Transition Probability Q. For current state £, € E and control an” € Dy(Ey),
the transition density describes the probability for the system to adopt a specific state

B .S P

in epoch 1 4 1 (or time ¥, 1). Let fo"(t) = (af,a5,af) € U denote the proportions

of wealth allocated to each financial instrument at t > 0 time units after jump time
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Initial Epoch [ Fix Control ]
—~ Policy f,, observes System State Z,, -
= ) O > it €EDn(ER) €A

New Epoch [ Fort € ¥, Whi1) ]

New jump in ¥

n=n+1 < [thﬁlgﬂ(t_an) ]

Figure 6.3: Characterization of a Markovian portfolio strategy 7t € II defined by a
Markov policy (fu)n>0, with f,, € F.

¥, according to control f5"; we note from (6.3.4) that this is equivalent to the global
portfolio wealth allocation 74y, at time t + ¥,,. Analogously, let F{’“E " denote the
associated wealth ¢+ > 0 time units after ¥,,; this is equivalent to the global wealth
X[y, at time t +¥,. Note from (6.2.3) that F{”E " is a deterministic function of the last

system state, given by

En

T (Xy,, Hy,) = Xy, eh (+80=mds (g 4 (1 — Hy )l ArLods) (6.3.5)

For an arbitrary &, = (t',x,h), Lemma B.1.1 in Appendix B shows that the transition

density kernel Q is given by
Q(B|Ew, fi") = P(Zn41 € B|Gy,, fr") =
= [T et [y T ) (14 ay) Ky
+ (1—h)Ap /OH e~ ST (¢ 4 s, T (x,0)(1 — aPL),1)ds, (6.3.6)
for B C E; in addition

QU{AMEn, fiir) =1 - Q(EIEw, fii) -

Since A is an absorbing state we define Q({A}|A, &) = 1 for all controls & € A.
Intuitively, formula (6.3.6) gives the probability for the system state at epoch n + 1

to fall within a subset B of the state space, given all information in Gy, .

The Reward Function R is a function R : E x A — R given by
R(t, x,h,0) = e HA-WAT=D11(T8_ (% 1)) . (6.3.7)
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The adoption of such a non-negative reward function ensures the reducibility of
optimization problem (6.2.4) to an infinite horizon discrete-time Markov decision
process, as it will be shown in Lemma 6.3.1 below. We note that the term
e~ w+(1=MAe)(T=t) defines the likelihood of no jumps in a Poisson process with rate
v+ (1 —h)Ap over a period of time T — ¢, this will be a key observation in the proof of

Lemma 6.3.1. In addition, we define R(A,a) = 0 forall w € A.
For an arbitrary state (t,x,h1) € E, we let v(t,x,h) denote the optimal total expected
reward over all Markov policies (f,)n>0 with f,, € F, given by

o(t, %, h) :supIEt,x,h[ R(Ey, fk)}, (6.3.8)
(fn) k=0

where [E; , ;, denotes the expectation under the probability measure IP|(x,—y y,—p)- We
now present an equivalency result between the portfolio optimization problem (6.2.4)

and the MDP (E, A, Q, R).

Lemma 6.3.1. Forany (t,x,h) € E, we have V«(t,x,h) = v(t, x, h).

Proof. We treat the case t = 0, arbitrary time points can be proved similarly upon
redefinition of terminal time T' = T — t and adjustment of notation (see [13], Chapter
8). Denote by ITy the set of all Markovian portfolio strategies and note that ITy; C IT.
Due to the Markovian structure of the state process the optimal strategy in (6.2.4) must
be Markovian (see [4]), so that

Ve (0,x,h) = sup V(0,x,h) = sup E,,[U(XT)], (6.3.9)
mell melly

i.e. the supremum is attained in the set II;. Any 7 € 1Ty is defined by sequence of
decision rules f,, € F forming a Markov policy ( f),>0 as described in (6.3.4); therefore,

for such a policy we need to show that

E,[U(XF)] = Ex,h[ki R(Z, f2)].
=0

The proof is conceptually similar to that in [11] (Theorem 3.1). Note that

[ee]

EulUXD)] = Eug| ¥ UK ,<re,,) ]
k=0

[ee]

= Y E. []Ex,h [U(X%T)l{\lfkgkwm}
k=0

Gy, |
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where Y is the increasing counting process in (6.3.1) incorporating default time in
H; to jump times in N;; we recall these are G;-adapted processes with exponentially
distributed jumps and intensities Ap and v. In view of (6.3.4) and (6.3.5) we note that
wealth X can be expressed as a deterministic function of the previous system state,
ie.

S
X[ =Tty (Xv, Hy,),

fort € [Yy, Yit1), with X' = x. Therefore

(o]

E
E. [U(XT)] = ZIEx,h[IEx,h{U(FJ;LY}((X‘YWH‘}’k))l{‘{’kgT<‘Yk+1}

a
= ) Eu [u(rj;;flfk(X‘kaH‘Yk))P(Tkﬂ >T> Tk|g‘1’k)} :
k=0

In addition, we note that

P(Yip1 > T = ¥elGw,) = Lrow P(¥ia > TIGy,)

= 1{T>Tk}€7(v+(1*HTk))‘“’)(T*‘Fk).

[ee] Ek
E p[U(XT)] = Z]Ex,h[1{Tzlfk}€_(V+(1_H‘I’k)A“°)(T_\Y")U(F];‘_\Pk(lek,H‘Pk))}
k=0
= Z]Ex,h[R(Ek/f];Ek)} ,

k=0

completing the proof. O

6.3.1 Main Results

It has been shown that value function V- in (6.2.4) can be derived as the sum of
expected rewards v in (6.3.8); in what follows, we make use of the theory exposed in
Section 5.2 and present results confirming the usefulness of iterative methods in order
to approximate optimal portfolio strategies for our problem. The efforts are directed
towards the construction of a complete metric space satisfying conditions (i) — (iii) in
Theorem 5.2.5, so that V- is identified as the fixed point to a reward operator. Proof of

the results is postponed to the next Sections.
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Let M(E) define the set of measurable functions mapping the state space E into the

positive subset of the real line, given by
M(E) = {g¢: E — R" : ¢ measurable} .

We recall from (5.2.3) that the maximal reward operator T for the MDP (E, A,Q,R) is a

dynamic programming operator acting on IM(E), such that

(Tg)(t,x,h) =sup {R(t, x,h,a)+ Z/g(s,y,k)Q(ds,dy,kH, X, h,zx)} ,
aceA k

forall g € M(E) and (t, x,h) € E. Additionally, the term within brackets is denoted

(Lg)(t,x,hla) = R(t, x,h,a) + Z/g(s, y,k)Q(ds,dy, k|t, x, h, &), (6.3.10)
k
and referred to as the reward operator, so that

(Tg)(t,x,h) =sup(Lg)(t, x, h|a). (6.3.11)
ac A

Now, let Cy(E) be the function space defined by
Cy(E) = {g € M(E) : g continuous and concave in x and ||g]|g < o0},  (6.3.12)

where

g(t,x,h)
_ ) 6.3.13
glls (t,i,llg:)e A+ x)efTD ( )

for fixed # > 0 satisfying conditions in Lemma 6.4.1.
Theorem 6.3.2. Operator T is a contraction mapping on the metric space (Cy(E), || - ||9)-

Theorem 6.3.3. There exists an optimal stationary portfolio strateqy * € I1, defined by a
Markov policy (f)n>o0 with f € F as shown in (6.3.4), so that V- in (6.2.4) is the unique fixed
point of T in Cy(E).

Theorem 6.3.3 implies that a single decision rule f : £, — A is optimal for all epochs
n > 0, and the control chosen after each jump in ¥ is only dependent on the state of the
system =; we note that this incorporates information on time left to deadline, current
wealth and event of default in P. Moreover, since V- is characterized as a unique
fixed point to a dynamic programming operator the use of computational approaches

to approximate its value is justified.

100



6.4 PROOF OF THEOREM 6.3.2

We begin with the presentation of a contraction result for later use. Let My (E) define

the function space given by
My (E) = {g € M(E) : [glls < oo},

where the norm | - ||y is as in (6.3.13). In view of (5.2.5), || - || is a weighted
supremum norm and My, (E) is a Banach space, since every Cauchy sequence of elements

converges to an element in the set.

Lemma 6.4.1. For sufficiently large 0 € Ry it holds ||T¢1 — T g2lle < [|g1 — £21|s, for all
81,82 € Mﬂ(E) .

Proof. Forall g1, g € My(E), it holds

(T&1=Tg)(t,x,h) < 51615{(581)(t/x/h|“)—(ﬁgz)(t/x/h\“)}

= sup { Zk:/(gl —92)(s,y,k)Q(ds, dy, k|t, x,h,(x)}

acA

< gt —gellosup { ¥ [ (1+y)e"TIQ(ds,dy,klt, v, b))
ac A~k

Denote by I the expression within brackets on the right hand side. In view of (6.3.6), it

reads

T—t oo
D= v [ et [T () (14 ay))e” Ty (dy)ds
0 —1

£ (=mAp [ e LT, 0)(1 = L)) T s
Note that for all (¢, x,h,a) € E x A we have

1+T%(x,h) <14 xe@FHHARLE < k(14 x),
for some k € RT, therefore there exists a constant ¢ € Rt so that

14+T%x,h)(1—aPL) <c(1+x),

and

/ju (%, 0)(1 + a%y))y(dy) = 1+ T8(x,0)(1 + a’7) < e(1 + %),
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forall x € RY, since § = E[Y] < co. Thus, the following holds for I

Tt T—t
I < C(]. + x)eﬁ(Tft) . {1// e*(V+(1fh)/\JP+l9)SdS + (1 . h>/\]P/ e*(VJr/\Jerl‘})sds}
0

0

< C(l + x)eﬁ(Tft)(l . 67(19+V+)\[J)(T7t)) (V :— 5 + o j\\]P - 0) ‘
P

There trivially exists a constant & € IR, big enough so that

Cﬂzc(l_e(19+1/+/\]P)(Tt))(viﬁ+v+iP+ﬁ> <1.
P

Thus,

- _ (Tg1 = Tga)(t,x, 1)
1781 —Tglle = (t,i:])PEE (1+ x)e?(T-1)

< llg1 — g2lleco < l|g1 — &2llo

completing the proof. O

We note from the proof of the Lemma that part (ii) in Assumption 5.2.2 is satisfied

with k¥ < 1. Upon noting that for all (¢, x,h,a) € E x A it holds that
R(t,x,h,a) < u(l+ x)e&(T_t) for some p > 0,

we conclude from the results in Section 5.2 that the MDP (E, A, Q, R) is contracting,

and therefore problem v in (6.3.8) is well-defined.

Since Cy(E) in (6.3.12) is a closed subset of My(E), the contracting property of T
in Theorem 6.3.2 follows. However, we must provide proof for the concavity of the
mapping x — (7g)(t, x,h), along with the continuity of (¢, x,h) — (T g)(t, x, h); here,

we do so separately.

6.4.1 The Proof of Concavity
Lemma 6.4.2. Forall g € Cy(E), the mapping x — (T g)(t,x, h) is concave.

Proof. We begin introducing the concept of invested amounts. In view of (6.3.5), at ¢
time units after a last decision epoch in E with wealth x and default state &, a control

action & € A with fractions a(t) € U for all t > 0 yields the wealth amounts a(t) =
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a(t)T¥(x,h). It is therefore possible to define an alternative convex action space of

invested amounts, given by
3
Ay ={a: Ry - R : Y ai(t) =Tf(x,h) forsomex € A} .
i=1

We denote by I'{ (x, 1) the deterministic wealth evolution in time for a controla € A, ;;

in addition, we refer to controls 2 and « as being equivalent if T'¢ (x,h) = I'{(x, h).

The dynamics of I'¢ (x, 1) are expressed in terms of invested amounts and given by

dr?(x, )

S (e af (- 1) + (1 - BafAvLg,

which is a first order linear differential equation, its general form solution is given by

T%(x,h) = fot ¢(s)lap (4 — 1) +¢((1t)— h)al ApL¢)dt + C ,

with ¢(t) = e~ /4, Therefore
t
If(x,h) = e”(x + / e lad(u—r)+(1— h)af/\chl)]dt) ,
0

which is a linear function on (x,4). For an arbitrary fixed ' > 0 and h € {0,1}, fix

wealths x1, xp > 0 with x; # x, and set controls a1, 2y € A so that

(Tg)(t,x1,h) = (L£g)(¥,x1,h|a1), and

(Tt x2,h) = (L8)(F,x2,hlaz),

where operators £ and 7 are given (6.3.10) and (6.3.11) by respectively. Now, choose

equivalent controls a; € Ay, and a; € A, ) so that
a(t) = ag (1T (%1, h) and  ap(t) = ap(£)T2(x2, h) ,
fort > 0. Fixx € (0,1) and let

x3 = kx1+ (1—x)xy, and

a3 = xa+(1—x)ay.
Note that a3 € A, ; since Y7_; a3,;(0) = x3. Hence,

(Tg)(¥,x3, 1) = sup(Lg)(t, x5, hla) = sup(Lg)(t, x3,h|a) > (Lg)(t, x3,hlas) ,

aeA acA
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with,

<‘Cg) (t,' X3, h|03) = ei(V+AP(1ih))(T7t/) u(r?—y <x3/ h))

/

+ (1- h)/\]p/o e” s ot 4, I (x3,h) — Lak,, 1)ds
T—t o
+ v /0 e~ (rH(I=1)Ap)s /_ (b5, T (x5, 1) + ya3 1) 7(dy)ds,

where 4l and agrs denote the wealth amounts invested in the defaultable bond P and
stock S respectively s > 0 time units after ', according to control a3 € A,, . We
recall that (x,a) — T%(x, h) is a linear mapping, utility U is a concave function and g is

concave on its second argument, so that

(Tg)(t,x3,h) = (L) (,x1,hlar) + (1 —x)(Lg)(F, x2, haz)

= x(Tg)(t,x1,h)+ (1 —x)(TQ)(t, x2, h),

completing the proof. O

6.4.2 Enlargement of the Action Space

In order to settle the continuity of the mapping (t,x,h) — (7g)(t,x,h), we will
naturally make use of the enlargement of the action space A in (6.3.2) to the set of

randomized controls. We recall from (5.3.1) that this is given by
R ={p:R" — P(U) measurable} ,

where P(U) defines the set of probability measures on the Borel subsets B({f) of the
compact set ¢/ in (6.2.1). Such an enlargement of the action space is common in these
circumstances (see [51], [4], [13]) and will provide us with tools to settle the desired
result. We recall that A C R, since all deterministic controls are attainable in R through
the adoption of measures with single mass points. Also, the set R is endowed with the
Young Topology as explained in Section 5.3, so that R is a separable, metric and compact
Borel space. Then, for a sequence of controls (p,),>1 C R and fixed control p € R,

lim, e pn = p if and only if

T T
lim/O /ug(t,u)pn,t(du)dt:/o /L{g(t,u)pt(du)dt, (6.4.1)

n—oo
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for all functions g : [0,00] x i/ — R which are measurable in the first argument and

continuous in the second and satisfy

” t,u)|dt . 6.4.2
| maxig(t,wldt < eo (64.2)

As a standard procedure, previous functions (6.3.5) and (6.3.6) defined on the set of
deterministic Markovian controls A need to be extended to R. For p € R, we define

the wealth dynamics between jump times in (6.3.5) as
dre (x,h) = /ul’f(x,h)[r FuS (i — 1) + (1 — h)uPApLglor(du)dt,
for all (x,h) € R* x {0,1}, so that
I (x,h) = T7 (x, )

is deterministic, with o € A defined by g; = [, up:(du). On the other hand the

transition density Q in (6.3.6) extends to

Q(BJ|t,x,h,p) =
T—t o
1// e’(w(l’hm’)s/ /1B(t+s,F§(x,h)(1—l—usy),h)Ps(d“)’Y(d]/)ds
0 -1JU

T—t
+ (1—h)A]p/ e*(VW)S/ 1p(t +5,TE(x,0)(1 —uPL),1)ps(du)ds,  (6.4.3)
0 u

where we recall () defines the density distribution of jumps Y in asset S. We note that,
by definition, deterministic controls can perform no better than relaxed ones. Here, we
introduce a result showing that, in fact, deterministic controls in A do perform as well

as randomized ones in K.

Lemma 6.4.3. Forall g € Cy(E) it holds

(Tg)(t,x,h) = sup(Lg)(t, x, h|a) = sup(Lg)(t, x, h|p),
acA PER

forall (t,x,h) € E.
Proof. We recall that A C R, so that for all ¢ € Cy(E) it holds

sup(L£g)(t x, hla) < sup(Lg)(t x, ko),
acA PER
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for all (t,x,h) € E. In addition, recall that for all p € R we have p € A; so that the

result will follow from
(Lg)(t, x, hlp) < (Lg)(t x, hp),

for all p € R. Now, note from the function (6.3.7) that R(¢, x,h,p) = R(t, x,h,p), since
IV (x,h) = T?(x,h) by definition. In addition, any function ¢ € Cy is concave on its

second argument, so that by Jensen’s inequality we have

[ 8+ 5, TECe (1 + uSy), Hpu(du) < g+ 5,TECx )1+ 95, ),
and

], 8(t+5,TE(x,0)(1 = u”L), Dps(dn) < g(t +5,TE(x,0)(1 = p"L), 1),

for all (t,x,h) € E. Hence, it holds that

(£8)(t,x ) = R(txh,p)+ Y [ 8(s,y,K)Q(ds,dy, du klt, 3, p)
k

< R(t,x,h,p) —|—Z/g(s,y,k)Q(ds,dy,k]t,x,h,p)
k

= (£g)(t,x,hlp),

completing the proof. O

6.4.3 The Proof of Continuity
Lemma 6.4.4. The mapping (t,x,h) — (T g)(t, x,h) is continuous, for all g € Cy(E).

Proof. Note thatall setsin {0, 1} are open and therefore it suffices to prove that (¢, x) —
(T g)(t, x,h)is continuous. In view of Lemma 6.4.3, we note we can make use of relaxed
controls within R, since
(Tg)(t,x, h) = sup(Lg)(t, x, h|p)-
PER
We recall that R is a compact Borel space with respect to the Young topology, therefore,
in view of the definition of £ in (6.3.10) the proof would follow from the continuity of

the mappings E x R — R given by
(t,x,p) s e~ VHA=MARNT=D11(TE (%, 1)), (6.4.4)

106



and
(t,x,0) — Z/g(s,y,k)Q(ds,dy,kﬁ, x,h,p0), (6.4.5)
k

for fixed h € {0,1}. Since utility U is a continuous function and the exponential term

in (6.4.4) is continuous on time, continuity of mapping (6.4.4) reduces to showing that
(t,x,p) = T, (x, 1)

is continuous. From the definition of I in (6.3.5), this is equivalent to showing that

pu—r)ps(du)ds and t uP Ap Lopps(du)ds (6.4.6)
/ / e /0 /u ¢p

are continuous in (¢, p). Following the approach in [11] (Prop. 4.3) we provide proof
for the first integral expression in (6.4.6), the second is proved in a similar fashion. Let
(tn, Pn)n>1 C [0, T] X R be a sequence with (t,,p,) — (t,p), in order to ease notation

let €, s and €; denote

€ns _/ u—r Pns du) and € —/ —r)ps(du) :

Then,

IN

tn t t t
‘/ enlsds—/ enlsds‘ —|—’/ en,sds—/ esds‘
0 0 0 0

t t
(Z’l_r)’tn_t’+)/() en,sds_/o €sd5‘ .

th t
‘/0 €n,sd5—/0 esds)

IN

Noting that function u + ¢(t,u) = g(u) = u®(u — r) is such that satisfies (6.4.2), it

follows from the characterization of convergence in R in (6.4.1) that

n—00
— 0.

t
(y—r)\tn—tH—‘/o en,sds—/0 €,ds

We now turn our attention to the mapping (6.4.5), we note from the definition of the

kernel Q in (6.4.3) that continuity follows from that of functions

T—t 00
Wiltxp) = [ e 00 [ [ g6, T8(x, 1) (1 4+ uy), W)pi(du)y(dy)ds
(6.4.7)

and

T—t
Walt,x,p) = /O e~ (el /ug<t+s,r§<x,0)(1—uPL>,1>ps<du>ds, (64.8)
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for a fixed h € {0,1}. We follow a procedure in [12] (Lemma 1) to prove the continuity
of equation (6.4.7), that of (6.4.8) is proved in a similar fashion. We begin assuming
that ¢ € Cy(E) is a bounded function and we let (t,, X, pu)n>0 C [0,T] x R X R be
a sequence with (t,, x,, pn) — (t,x,p); in order to ease notation let g, and ¢’ denote

functions given by
gh(s,u) = gty +s, T8 (xu, h)(L+u’y),h) and g'(s,u) = g(t+s,T5(x, h)(1+uy),h).
Then
|Wi(tn, Xun, 0n) — Wi(t, x,0)| <
T— tn
‘/ —(v+(1=h)Ap)s / /gn s, u Pns(du) (dy)ds)
T— t 0
+/ —(v+(1-h)Ap)s / /|gn s, u) (s,u)|ons(du)y(dy)ds
+ )/ 1/+ 1 h )L]P / / g S u (pns<du> ps(du)>')/<dy)ds‘ .

Since g is a bounded function, the first term converges to 0 as n — oo. Due to dominated
convergence and the continuity of I' and g the second term does also converge to 0 as
n — oo. Finally, the third term converges to 0 due to the characterization of convergence

in R in (6.4.1).

Now, we recall from (6.3.13) that for all ¢ € Cy there exists some constant ¢, €
R* satisfying g(t,x,h) < co(1+ x)e® T, Let w(t, x,h) = g(t,x,h) — cg(1 + x)e?T—*)
define a negative and continuous function; then, there exists (cf. [4], Lemma 7.14) a

decreasing sequence of bounded functions (wy),>1 with w, — w pointwise, therefore
Wiltep) = [ e R [ o s ) (1), s () ()
defines a bounded and decreasing sequence of continuous functions with
Wy (t, x,0) — (6.4.9)
Walt, ) =g [ e O [T T ) (14 5T ().
as n — oo. Since the pointwise limit of non-increasing sequences of continuous

functions is upper semicontinuous, it follows that the right hand side function in (6.4.9)

is upper semicontinuous. In addition, the term
T—t 00
o [ eI [T ) (1 pEy))e Ty (dy)ds
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is continuous, therefore W is upper semicontinuous. Taking w(t, x,h) = —g(t,x,h) +
ce(1 + x)e?T=Y lower semicontinuity of W; is achieved, proving the result on

continuity for W; and completing the proof. O

6.5 PROOF OF THEOREM 6.3.3

We recall from Lemma 6.3.1 that the value of the original portfolio optimization
problem (6.2.4) can be derived as the sum of expected rewards v in (6.3.8). Theorem
6.3.3 implies that, in addition, the value function V- is characterized as a unique fixed
point to a dynamic programming operator, so that the use of computational methods
to approximate its value is justified. The main line of the proof is directed towards the

use of Theorem 5.2.5 in the introductory results section.

Proof of Theorem 6.3.3. We recall that the MDP (E, A, Q, R) is such that v = V- and
Assumption 5.2.2 is satisfied, with k < 1. In addition, the Banach space Cy(E) is a

closed subset of My(E) satisfying
i) 0 € Cy(E),
ii) T : Cy(E) — Cy(E).

Thus, according to Theorem 5.2.5 the proof would follow from the existence, for all

g € Cy(E), of a deterministic policy f € F such that T¢ = T¢g, with

(T59)(0,%1) = ROt 3, () + 1 [ 9oy, 0)Q(ds, dy, kit xh f62),
=
for all (t,x,h) € E.

It follows from a well-known result in [4] (Chapter 7) that there exists a randomized
policy f : E — R such that Tg = Tyg for all functions ¢ € C4(E). However, we note

from Lemma 6.4.3 that the deterministic policy f : E — A given by

Floh) /u uf M (du) e U

for all (t,x,h) € E, is measurable and such that 7¢ = 7;g, therefore completing the

proof. O
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6.6 NUMERICAL ANALYSIS

In what follows we present and analyse computational results to our discrete-
time infinite-horizon optimization problem (E, A, Q,R) defined in (6.3.1)-(6.3.8), for
different measures of risk aversion. Numerical approximations of optimal allocation
strategies " € II, along with optimal values V;+, are obtained through the method
of value iteration as introduced in Section 5.4 and justified by the results in Theorem
6.3.3. For this matter, we have made use of an homogeneous space discretization as

introduced in [11] (Section 5.3).

We recall that the equivalency result in Lemma 6.3.1 warrants the optimality of these
strategies in the original portfolio optimization problem (6.2.4), where alterations on
wealth allocations are only decided at times of jumps in the market (a jump in asset S
or a default in P) and span as time-dependent allocation functions until the next market
jump; these jumps are referred to as epochs within the context of the MDP. Thus, we take
advantage of the flexibility of the method regarding the choice of utility function and,
in view of the original problem, determine distinctions on optimal wealth allocation
strategies under different families of utilities, as well as the impact of generalizing
utilities towards risky investments. Additionally, we assess the influence on allocation
strategies of the different parameters defining the model and, more importantly, the

effect of the short selling restriction imposed on the original definition of the problem.

Results in this section allow for us to complement and draw comparisons with the
work in [5, 8, 16, 37], expanding its scope as discussed in Section 6.7. The focus is
on popular power, logarithmic and exponential utility measures of risk aversion. The

constant relative risk aversion (CRRA) family of power utility functions is given by

yl=c
U(x) = T2 for0<c<1, (6.6.1)
so that the level of relative risk aversion is constant and given by R(x) = — lel[,/;g) =c

where U’ and U"” denote the first and second order derivatives of U respectively. The

logarithmic family of utility functions is on the other hand given by
U(x) =log(x+c) force Ry, (6.6.2)
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and its level of risk aversion is R(x) = i, so that it is a CRRA utility measure only
if c = 0; if ¢ > 0 this is an increasing relative risk aversion (IRRA) measure. Finally,
the exponential family of measures is a popular constant absolute risk aversion (CARA)
family given by

—CX

Ulx)=1— ET forc € Ry, (6.6.3)

so that the absolute risk aversion level is constant and given by A(x) = — T = C

Value Functions V for different functions U
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Figure 6.4: Approximation of pre-default V for different utility functions U. Results
obtained through the method of value iteration with convergence in 10 iterations. T =

1,y=u=005A=025¢=13,L=05and v = 10.

Figure 6.4 presents pre-default value functions under different choices of measures;
we note that these are increasing in wealth and decreasing in time. In these cases,
optimal allocation strategies correspond to varying fractional distributions of wealth
between the defaultable bond and the bank account; and convergence in the grid has
been in all cases achieved under 10 iterations, using an initial candidate V according to

the strategy of investing all wealth in B.
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6.6.1 Discussion of Parameter Choices

In view of the questions to address within this section, numerical simulations are
undertaken with a set interest rate of r = 0.05. In addition, values such as jump
intensities A and v, risk premium ¢, loss at default L and appreciation rate of the stock y
are, unless otherwise stated, fixed to sensible positive values within a financial context.
This is done using parameter choices for numerical simulations in [5] and [16] as a
reference, therefore allowing for direct comparisons of our results with recent work on
portfolio management with defaultable bonds, and establishing general properties on
optimal strategies with respect to variations on utility functions and time, wealth and

default state values.

6.6.2 Performance Analysis of Utility Functions

Optimal allocations under different utilities vary on time, wealth values and level
of aversion towards risky investments. Under an exponential measure of constant
absolute risk aversion, the level of optimal risky investments is highly dependent on
wealth values; in this case, both 7 and 75 are decreasing functions of wealth for
x > x, with k € Ry small as observed in the case of a defaultable bond in Figure

6.5. In addition, a slight decrease on the aversion towards investing in P is noticed as

Optimal Percentage allocation in Defaultable Bond

Figure 6.5: Optimal z”, for U(x) = 1 — e~ * and varying values of t € [0, T] and x > 0.
Parameters r = 0.05, v = 10 and A = 0.25.
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time approaches deadline. On the contrary, the optimal wealth distribution remains
invariant with regards to changes in wealth for both power and logarithmic utilities,
however, there exists a mild increase of aversion towards the exposure to risky bonds as
time approaches deadline, while remaining nearly time-invariant when the planning
horizon is large; this is specially noticeable within logarithmic utilities and has been
previously reported as discussed in Section 6.7. Certainly, as time approaches deadline
(and maturity in P under definition (6.0.3)) there exists an increase on the value of P
and a decrease on the likelihood of default, implying that the defaultable bond gets

relatively cheap only when the planning horizon is large.

Additionally, stock investments remain time-invariant under both these measures; a
previously reported result that is discussed in Section 6.7. Figure 6.6 below presents
varying levels of the optimal percentage allocation 7° for varying values of the
difference between the appreciation rate of the stock y and the interest rate r under
power utility functions U(x) = %, showing that this is a linearly increasing function
on i —r and a decreasing function on the level of constant relative risk aversion

R(x) = c. However, the short-selling restriction imposed to the portfolio optimization

Post-Default Stock Allocation for Power Utilities

Figure 6.6: Optimal 7° after default, as a function of the distance between the

appreciation and interest rate and for different power utility measures U(x) = ’{:C

Maximum allocation equals 1, since no short-selling is allowed. Here, A = 0.25

¢=13,L=05and v = 10.
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problem causes allocations 7t° to remain invariant to a default event only if pre-default
bond allocations 7t? are strictly positive; if 7% = 0 at default time, both bond and stock

percentage investments may increase following a default event in P.

Moreover, we note in Figure 6.7 that for fixed t € [0, T] and wealth x € R, the

value function V is such that V(t,x,0) > V(tx,1) for all (t,x) € [0,f] x Ry. In

Loss of Value at Default Event
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Figure 6.7: Approximation of the loss in V at default. Here T = 1, r = u = 0.05,
A =025¢ =13,L = 0.5and v = 10. On the left hand side U(x) = g, on the right

hand side U(x) =1—e*.

addition, V(t,x,0) — V(t,x,1) is decreasing in time and equal to 0 at t = T, a common
feature under all utilities. Certainly, a default event decreases the dimensionality of
the problem through a reduction in the choices of investment opportunities. Under
exponential utilities and for x > x, the loss in value is a decreasing function on wealth.

Finally, utilities analysed present common properties with regards to alterations
on the values of several parameters defining the model. Optimal allocations 7" are
increasing functions of the risk premium ¢ and decreasing functions of the loss value L
at default, as illustrated in Figure 6.8 for a given pre-default state (¢, x,0) € E and utility
U(x) = 24/x in a two-Bond market. A higher incentive for bearing risk in P motivates
a higher investment; on the contrary, the opposite effect is caused by decreasing the

return on recovery, despite the fact that it increases the yield on the bond. It is also

never optimal to invest in a defaultable bond provided ¢ < 1. In addition, optimal
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Bond Allocation per Risk Premium in 2-Bond Market

Figure 6.8: Approximation of pre-default 778 in a two-Bond market, for different risk

premium ¢ and loss on default L. Parameters r = 0.05, v = 10, A = 0.25 and utility

U(x) = 24/x.

risky investments present a similar dependency on the level of aversion under different
utilities; these are decreasing functions of the level of relative/absolute risk aversion,

as observed in Figure 6.9 for a defaultable bond under power and exponential utilities.

6.7 DISCUSSION

This final Chapter has studied an extension of the work in [11-13] to the context
of a defaultable market, in order to present a numerical technique for the analysis of
optimal wealth allocation strategies for risk adverse investors, allowing for the use of
broad families of utility functions. The original continuous-time portfolio optimization
problem has been transformed into a discrete-time Markov Decision Process and
its value function has been characterized as the unique fixed point to a dynamic
programming operator, justifying the use of value iteration algorithms to provide the

approximations of results of our interest.

The chapter has analysed the dependence of optimal portfolio selections on the risk
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Optimal Allocation for Risk Aversion Level
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Figure 6.9: Optimal allocation 7" for utilities U(x) = %, U(x) = 1— <= and

varying values of ¢ > 0 in a two-Bond market with fixed (x,¢,0) € E. Parameters

r=20.05v=10and A = 0.25

premium, recovery of market value and several other parameters defining the model,
and has extended the scope of the results in [5, 8, 16, 37] to broader families of utility
functions, highlighting relevant divergences on optimal strategies with respect to
variations and generalizations in choices of utilities. In addition, the work as examined
the impact of a short selling restriction within the market, identifying a dependency on

optimal stock allocations with respect to default event on a corporate bond.

We recall that the work in [5, 8, 16, 37] covers continuous markets primarily driven
by Brownian components and focuses on power utility functions and a restrictive
choice of logarithmic utility. The analysis in Section 6.6 suggests that, similarly to
[5, 8, 16], investments on defaultable bonds are only justified when the associated risk
is correctly priced, measured in terms of risk premium coefficients ¢. Also, similar
monotonicity properties on optimal defaultable bond allocations have been identified
in comparison to those presented in [5] and [16], under power and logarithmic utilities,
so that these are decreasing on ¢, increasing on L and there exists a reduction of the risk
aversion as time approaches maturity; this work suggests that such properties extend
to generalizations of logarithmic utility functions defined in (6.6.2). On the contrary,

under exponential measures in (6.6.3), there exists a slight increase in the risk aversion
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towards P in time, and optimal defaultable bond allocations are highly dependent on
the wealth value and decreasing for x > «, for some small k € R;. Additionally, we

observed that in this case V (t,x,0) — V (¢, x,1) is decreasing on x for x > «.

Furthermore, it has been shown that the investment in the risky bond and stock
is always prioritised as the levels of constant relative or absolute risk aversion are
diminished. Also, optimal stock investments have been identified as linear functions
of the appreciation rate of the stock and interest rate, similarly to [41]; however, unlike
results reported in [5] and [16], a short-selling restriction has been identified to trigger

a dependency on the allocation with respect to default event in P.

6.7.1 Extensions and Limitations of the Model

This Chapter has treated a portfolio optimization problem involving one bank
account, a pure jump asset and a defaultable bond. The problem of considering
a diversified portfolio involving multiple assets and defaultable bonds is a natural
extension to this work, not addressed in here in order to avoid technicalities part of

extensive models.

Other natural extensions of the model under the reduction to an MDP approach
were pointed out by Bauerle and Rieder (see [11]). These include the introduction of
regime switching markets, where the different economical regimes are modelled by a
continuous-time Markov chain (I;);>¢ in a similar manner to [16], so that parameters
and coefficients defining the bank account, asset and defaultable bond vary according
to the different states of I. In this scenario, the state space within the formulation of the
MDP gains a degree of dimensionality, but the embedding procedure remains similar.
In addition, models with partial information can be considered upon assuming that I

is a hidden process and making use of filtering theory.

Finally, we note that this work has made rather strong assumptions regarding most
parameters defining the model. The interest rate, stock appreciation rate, default
intensities and loss on default rate have all considered constant. An extension to

Brownian models for such parameters would not be tractable under the approach
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presented in this Chapter; however, the inclusion of different economical regimes as

discussed above could present a more realistic case of study.
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APPENDIX A

APPENDIX TO CHAPTER 3

In this Appendix, we include some lengthy analytical calculations leading to minor
results that are part of Chapter 3 in this thesis.

A.1 CLOSED FORM EXPRESSION OF FUNCTIONS G AND H

Lemma A.1.1. Function G in (3.1.4) is always positive and can be expressed as

G(t,x) = 1- (2&67” . lxzez[fx)q><x—)\]g7:t))
+ (DCZO.EZ(A—U)x 200

o 2A—0)x —X — /\(T — t)
A—o A —of )q)( JT—1 )
4a(0 = A) cioony -t g X+ (A—0)(T—t)

+ 20— 0 e cI)( T — ¢

2
L (A —20) eZU(U—A)(T—t)®<_x + (A —20)(T - f))
A—0o

forall (t,x) € [0,T] x Ry and A € R/{%,0}. If A = § it is given by

T—t 32 x—9(T—1t)
t 1+2 0 (2pe % — p2e 20 \p( 2\ Y
SR R AR RS ()
g
_ 2 ,—ox 2 _ —X—3 T_t)
<20¢ e +2u(1+o0x)+ 0T t))cb( T )
3
e L) (A12)
T—t

forall (t,x) € [0, T] x Ry. Finally, if A = o, it is given by

— x+o(T—1))? — —
1-— 2(7042\/ T2 teJ +2<<TT4>’) — (sze*"x — aze’zm)@(w
T

—x — (T —
- <20¢e‘”‘ — a?(1 4 20x) — 2a%0*(T — t))CD(L(t

forall (t,x) € [0,T] x R;.

G(t, x)
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Proof. We recall from (3.1.4) that function G is given by

[e°]

G(t,x) = (1 —ae ") + Zazx/ (677 — we 27%)(1 — Fy

X

(z))dz

A
T—t
for all (t,x) € [0,T] x Ry. It is trivial that G is always positive; now, we note from

(3.1.3) that the distribution of S} _, is given by

FS/%#OC) = ]P(S/%—t <x)= @(%) _ €2Ax¢(W) ’

for all (t,x) € [0, T] x R, so that function G is split up as

G(t,x) = (1 —ae ™)* + 20a(A(x) + B(t,x) + C(t,x)) , (A.1.4)
with
Ax) = / C(e " —ae 7Y dz,
B(t,x) = /xw(fxe—szz —eme (s )‘T(T__t t)) dz,
and

(o]

C(t,x) = /

Equation A is easily derived to be

on the other hand, we make use of integration by parts in order to derive B, so that

_ l—vz_i—Zoz Z_A(T_t) *
B(t,x) = (Ue 55° )®<7T—t ) )
o OO 1 -0z __ ﬂ —20z Z_A(T_t) dz
/x (ae 20° )4)( VT —t >\/T—t'
with ¢(x) = \/%—ne*%. Careful evaluation of the integral expression above yields
_ i —2(7x_1 —ox x_/\(T_t)
B(t,x) = (20_6 e )q)(iT—t )
X ol A (T—t) gy (X + (A —20)(T — t)
+ 20° ¢( T—t )
- le%(afZ)\)(Tft)qD(_x—i_(/\_a)(T_t)) ,
(o T—t

forall A € R.
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Equation C needs to be treated independently depending on the value of the

parameter A. If A # &, 0, integration by parts gives

1 _ b _ —z— AT —1t)
— 2A-0)z _ 2(A—0)z

C(t,x) (2/\—(78 20— )¢ )(D( VT —t )
AT — t)) dz

i 1 o —z—
2A=0)z _ 2(A—0)z
* /x (2)\—0’6 Z(A—U)e )¢( T ¢ T —t

X

7

so that

If A =  we have

C(t,x) = (z+§e_”)®<\/%

so that,

X 2 —
C t, — % (T*t)@ e
(tx) = ST he(——2— :
v —x+5(T 1) T—f (8
(T — A S - =
(T t)d)( z )ﬂ/ e .

Finally, if A = o, function C is given by

gz

Cltx) = (—-— ocz)CD(T

so that,

Results (A.1.1)-(A.1.3) follow by plugging in expression (A.1.4) equations A and B

along with the corresponding choice of C, according to the choice of parameter A. [
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Lemma A.1.2. Function H in (3.4.4) is given by

x—A(T—t)>
(T—t)
—x—A(T—t)>
(T—1t)
—x+(/\—2(f)(T—t))
(T—t)

H(t,x) = oa- { [206(0’—{- Ne 2% — (o + ZA)E_UX}CD(

+ [O.e(ZAfa)x _ 20‘0.62(/\70)x] CI)(

+2a(A — 20)6‘2‘7()‘_‘7)”_*)@(

—2(A - U)e*%(Z)‘*U)(T*f)q)<_x + (A(; i)t()T — t)) }

forall (t,x) € [0, T] x Ry.
Proof. We note from (3.4.1) and (3.4.4) that function H is given by
H(t,x) = Gi(t,x) — AGyx(t, x) + %Gxx(t,X) . (A.1.5)

From the expression for equation G in (3.1.4), we note that

Gy(t,x) = 2a0(e” ™ — o(e_zgx)FS%_t(x) ,
Gux(t,x) = 2ua0?(2ae 2" — e ") Fg (x) +2a0(e™"" — rxe‘zax)%Fsb(x) ,
and
Gi(t,x) = 20w /oc>(e"7‘Z — ae’zm)ngA (z)dz .
X dt =1

We recall from (3.1.3) that PS%,t is given by
A x—=A(T—t) oxa (—X— AT —1t)
iy () = P} <) o (F AT D) g (X ATy,
for all (t,x) € [0, T] x R+. Hence, we have

— 200 (e®r0)x — oce2(A"7)x)(I>(_x —MT— t)) , (A.1.6)
T
for all (t,x) € [0, T| x R; in addition, noting that
d 2 _ =AT-1)? —x—=MT—1t)
—F X)) = —¢ 2(T-1) — 2/\€2qu> ’
ax s ) 27t(T — t) ( VT —t )
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we get

Gux(t,x) = 200> (2ae*2r7x _ e*”)q)(W)

(T—1)
+ 200 (20 (A — 0)e?A=0)x (21 — U)e(ZA’”)x)CI)(—_x _(;t(ft; t))
+ 200 n(TZ— ) (e()‘_g)x — ae()‘_zg)x)e_xz?;%t)z , (A.1.7)
forall (t,x) € [0, T] x Ry
Similarly, in view of
0= e

we have
200 /°° _ 2 _ AT
————— | (e7F—ae 7F)ze AT dz;
(T —t)2v/2m Jx

so that careful evaluation of the integral term yields

Gt(t, X) = —

—x+

—

Gi(t,x) = 20a%(A— 2(7)@*20(A70)(T7t)q>( A—=20)(T — t))

V(T —1)

—x+(A—U)(T—t))

V(T 1)

2A2(Tp?2
T ao 71(7“2—0(“6(A_2‘7)x—6()‘_‘7)x)€_ T, (A1)

—200(A — U)e*%(ZAfU)(Tft)q)(

for all (t,x) € [0,T] x R;. Finally, plugging expressions (A.1.6)-(A.1.8) into (A.1.5)

completes the proof. O

A.2 MOMENT GENERATING FUNCTION OF X*

Lemma A.2.1. The moment-generating function of Xf = x \V S} — B} is given by

My (s) = E[eXT] = es<x+at<;v—A>>.¢(x—‘”(7‘—m>)

oVt
os 2 o252t x4 ct(A —0s)
(224 (Act+x)s) | _ ATy YR
Ly o( s )
2A x — Aot
- = ( - ) (A2.1)

fors € (—00,0) U (0, 2); in addition, Mxx(0) = 1.
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Proof. Result Mx;(0) = 1 is rather obvious. Fors € (—00,0) U (0,2), we recover a

result in [54] (Appendix D) stating that the cumulative density function of X} is given
by

x—y— Aot _ x+y— Aot

X = X < = - —_ T —

EBxply) = P(X7 =) (D( oVt ) ¢ q>< oVt ) ’

for all (t,y) € [0, T] x R4. Noting that

d E ( ) 1 _(x—y—z/\u’t‘)2 + 1 _%]/ _(x+y72)\m)2
—_— x = e 204t e oc’e 204t
dy XY o2t o/ 27t
n %e_%yq)(_x—i—y—/\at)’
(o U\/E
we expand E[e°X7], so that
co x—y—Act)2 00 xty—Act)?
IE[est] — 1 / esye_< ;(72); . dy -+ 1 / 3(5*%”6—( +Z(72Af : dy

oV 27t Jo o2t Jo
+ 2 T B XY Mt>dy.

c Jo oVt

Now, the third term on the right hand side may be integrated by parts aslong as s < %,

yielding
x 1 *° _ (my—an)? s 1 e any, _ (xcry—Act)?
IE eSXt — / eS]/e 202+ d + / 6(5—7)]/8 202 d
e oV 27t Jo YT o5 —2hovamt Jo Y
2A x — Aot
0s —2A ( ot )
Evaluation of the above integrals yields the result. O
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APPENDIX B

APPENDIX TO CHAPTER 6

In this Appendix, we include some lengthy analytical calculations leading to minor

results that are part of Chapter 6 in this thesis.

B.1 TRANSITION DENSITY KERNEL Q)

Let far(t) = (af,a3,al) € U denote the proportions of wealth allocated to each
financial instrument in the introduction of Chapter 6 at t > 0 time units after jump
time ¥, according to control fn: ". Analogously, let I“{”Hn in (6.2.3) denote the associated

wealth £ > 0 time units after ¥,,.

Lemma B.1.1. For an arbitrary Z, = (¥, x, h), the transition density kernel Q in the MDP
(E, A, Q,R) in Section 6.3 is given by

Q(B’En’f;’lEn) = IP(EH+1 e B|g‘Fn’ 1’lEn)

T—t 0o "
= 1//0 e~ (vH(1=MAp)s /71 15(t +5, T/ (x,h)(1 + aly), h)y(dy)ds
Tt En
v (1—)Ap / e~ IS (s T (x,0)(1 — aPL),1)ds ,
0
for B C E; in addition
QU{A}Eu fi) = 1= Q(E|Eu, f") -

Proof. For an arbitrary E, = (#,x,h) at epoch n, the transition probability to a new

state E,41 € EU {A} atepoch n + 1 is given by

Q(B|Ew, fi") = P(En+1 € B|Gy,, fi") = P(Ens1 € BIGy, f") , (B.L1)
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where Gy intuitively denotes all the information in the system up to time . For B C E,
the next epoch comes at the time of the first jump in either the asset S or the default
process H (and always before deadline T); in addition, we note that cases # = 0 and
h = 1 must be treated separately since in the latter there are no more jumps in H. Due

to the Markovian structure of the problem, we rewrite (B.1.1) as

Q(BIEw, fi) = P(Bus1 € By = (¥, x,1),f5) - h

+ P(Ey41 € BB, = (t,x,0),f") - (1—h), (B.1.2)

The first term in the right hand side of (B.1.2) is derived upon noting that the

intensity of the poisson jump process N in (6.0.1) is v, and that the distribution of the

jumps Y > —1is given by (dy). Under control f5", the percentage of wealth invested

in asset S at any time t > 0 after ' is given by a7, analogously, the total wealth is given
by I’{”;n (x,1), so that

P(Z,41 € B|E, = (t,x,1), f2) =

Tt 00 S
/ ve " / Lp(t +5, T (x,1)(1+aly), 1)y(dy)ds . (B.1.3)
0 -1

For the second term in (B.1.2) we must consider the events

e C; ="Next jump in Asset S arrives before jump in Default process H” , and

o Co ="Jump in Default process H arrives before next jump in Asset S”,

so that we can extend the above expression according to the laws of conditional

probabilities, yielding

[11

]P(EHH € B’E‘n = (t',x,O), nEn) = ]P( n+1 € B’E‘ﬂ = (t’,x,O),ff",Cl)]P(C])

[1]

+ P(&,41 € B|E, = (t,x,0), f,C)P(Ca) .

The jump intensity of H is given by Ap; thus,

(o] (o] v
P(C :/ ve’”s/ Ape M drds = ,
< 1) 0 ] r v+ Ap
and analogously P(C;) = Vﬁﬂ)’w. In addition, we denote ¢s and ¢y the next jump

times of S and H respectively, so that their conditional probability density functions
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fosje: (-[C1) and fy,, 1, (+|C1) are given by

d P(S <s,C —(v s
Frsles (1C1) = ds(]P(_Cl)l) = (Ap +v)e~vFir) = foules (1C1) -

Then, in a similar manner to B.1.3, we have

P(Z,41 € B|E, = (t/,x,0), f&n,C1)P(Cy) =

T—t 00 En
/0 ve~ (VHp)s / 1 1(f +5, T (x,00(1 4+ a5y),0)9(dy)ds,  (B.1.4)
and

IP(Z,41 € B|E, = (t/,x,0), f&,C)P(Cy) =

T—t oM
/ Ape~ A (¢ s T (x,0)(1 — aPL),0)ds . (B.1.5)
0

Finally, plugging equations (B.1.3), (B.1.4) and (B.1.5) in expression (B.1.2) completes

the first part of the proof. The additional result

QU{A}|Ew, fi") =1 Q(EIEw, f7")

is trivial. O
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