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The farther backward you can look, the

farther forward you are likely to see.
Winston Churchill



Preface

A linear backward stochastic differential equation was introduced by Bismut (1973)
in an attempt to solve an optimal stochastic control problem by the maximum prin-
ciple. The general theory of nonlinear backward stochastic differential equations
with Lipschitz generators was first presented by Pardoux and Peng (1990). Since
then, BSDEs have been thoroughly studied and found numerous applications. Back-
ward stochastic differential equations can be used to solve stochastic optimal control
problems, establish probabilistic representations of solutions to partial differential
equations and define nonlinear expectations. Since many financial problems can be
related to stochastic optimization problems and nonlinear expectations, it is not sur-
prising that BSDEs have become a very important tool in financial mathematics.
Nowadays, backward stochastic differential equations are an active field of research
which is stimulated by new financial and actuarial applications.

The first motivation for this book is to provide a self-contained overview of
the theory of backward stochastic differential equations with jumps and their ap-
plications to insurance and finance. Two classical books on BSDEs: “Backward
Stochastic Differential Equations” by El Karoui and Mazliak (1997) and “Forward-
Backward Stochastic Differential Equations and Their Applications” by Ma and
Yong (2000) target theory-oriented readers and miss some important applications
which were developed in financial mathematics in recent years. Possible insur-
ance applications are not mentioned at all in these books. The recent mono-
graph “Some Advances on Quadratic BSDE: Theory—Numerics—Applications” by
Dos Reis (2011) points out an actuarial and financial application but the author
focuses on advanced theory of quadratic BSDEs, which definitely is not the first
step in the study of BSDEs. All three books deal with BSDEs driven by Brownian
motions and omit BSDEs with jumps which are very important for actuarial and
financial modelling. There exists a considerable volume of mathematical papers on
BSDEs and BSDEs with jumps. However, these papers are quite difficult to access
by a beginner in the field of BSDEs and stochastic processes. Our goal is to present
a book on BSDEs with jumps which covers key theoretical results and focuses on
applications and which can be followed by nonspecialists in stochastic methods.

vii



viii Preface

The second motivation for this book is to promote backward stochastic differen-
tial equations in the actuarial community. BSDEs seem not to be well-known in in-
surance mathematics, despite their recognized advantages in financial mathematics
and optimal control theory. This state should be changed as many actuarial prob-
lems are closely related to financial problems, hence they can be approached with
BSDEs. Since optimization problems are gaining importance in actuarial mathemat-
ics, efficient and modern solution methods for stochastic control problems should
be presented. While the monograph “Stochastic Control in Insurance” by Schmidli
(2007) deals with Hamilton-Jacobi-Bellman equations, our goal is to show how to
apply BSDE:s to solve optimization problems.

Jump processes play a leading role in actuarial modelling. Following Mikosch
(2009), we can say that modelling of claim numbers by point processes is bread and
butter for the actuary. Jump processes are also used in financial mathematics. Let
us remark that Lévy processes have been introduced with success to financial mod-
els, see the monograph by Cont and Tankov (2004) and the textbook by @ksendal
and Sulem (2004) where HJB equations are applied to solve financial optimization
problems for Lévy-driven processes. Due to the importance of jump processes in
actuarial and financial applications, we investigate BSDEs driven by a Brownian
motion and a compensated random measure (called BSDEs with jumps). Since BS-
DEs can be used in a general stochastic framework, we consider general (quasi-left
continuous) jump processes. Consequently, we also extend the actuary’s toolbox for
stochastic modelling.

We hope that this book will make BSDEs more accessible to those who are in-
terested in applying these equations to actuarial and financial problems. Our book
should be beneficial to students and researchers in applied probability and practi-
tioners. Students and researchers in applied probability should get a strong mathe-
matical introduction to the theory and applications of BSDEs. Practitioners should
learn how to derive asset-liability strategies in sophisticated internal models (advo-
cated by Solvency II Directive), set up hedging strategies and price complex insur-
ance products with financial guarantees. This book may also be useful in actuarial
education since it covers applied stochastic calculus and stochastic optimal control
theory, which are included in the educational syllabuses of the Groupe Consultatif
and the International Actuarial Association.

Warsaw, Poland Lukasz Delong
April 2013
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Chapter 1
Introduction

Abstract We discuss advantages of solving optimal control problems and defining
nonlinear expectations by backward stochastic differential equations. We comment
on applications of backward stochastic differential equations to pricing and hedging
of liabilities and modelling of dynamic risk measures.

A backward stochastic differential equation (BSDE) with jumps is an equation of
the form

T
Y(t) =€~|—/ f(s, Y(s), Z(s), U(s, .))ds
t
T T B
—/ Z(s)dW(s)—/ /U(S,Z)N(ds,dz), 0<t<T, (1.1)
t t R

where W is a Brownian motion and N is a compensated random measure. Given
a terminal condition £ and a generator f, we are interested in finding a triple
(Y, Z, U) which solves (1.1). More precisely, we aim to find an adapted process
Y := (Y (t),0 <t < T) which is modelled by the dynamics

dY)=—f(1,Y@®), Z(1), U(t, .))dt+Z(t)dW(t)+/ U(t,7)N(dt,dz), (1.2)
R

and satisfies Y(T) = & where £ is an .Fr-measurable random variable. At first
sight it seems to be a hopeless task to construct such a process. However, the dy-
namics (1.2) is driven by two predictable processes Z := (Z(¢),0 <t < T) and
U:=U(t,z),0<t<T,zeR) which are allowed to be chosen as the part of the
solution to the BSDE (1.1). The processes Z and U are called control processes.
They control the process Y so that Y satisfies the terminal condition.

It should be pointed out that we would not be able to find an adapted solution
to an equation with a random terminal condition if we did not introduce control
processes. Let us consider the equation

dY(t)=0, Y(T)=E¢, (1.3)
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2 1 Introduction

where & is an .#7-measurable random variable. It is straightforward to conclude
that Y(t) =&, 0 <t < T, is the only solution to (1.3). Unfortunately, this solu-
tion is not adapted to the underlying filtration .% and it would not be useful for
applications. The situation changes if we modify (1.3). Recalling the property of
predictable representation, we deduce that for a square integrable random variable
& and the square integrable martingale M (¢) = E[§|.%;], 0 <t < T, we can find
predictable processes (2, %) such that

t t
M(t):E[$|ﬂt]=E[E]+f ff(s)dW(s)+f f%(s,z)]\?(ds,dz),
0 0 JR
0<t<T.

Instead of (1.3) let us deal with the equation
dY(t) = Z(t)dW(t) +/ U(t,z)N(dt,dz), Y(T)=E&. (1.4)
R

We can now conclude that there exists an adapted solution to (1.4) which is of the
form Y (t) = M(t) = E[§]|.%],0 <t < T. The processes (Z, U), which are needed
for the complete characterization of the dynamics (1.4), coincide with the processes
(Z, %) which are derived from the predictable representation of &. The property
of predictable representation plays the crucial role in the theory of BSDEs since it
allows us to find an adapted solution to an equation with a random terminal condi-
tion.

Equation (1.4) is called a backward stochastic differential equation with zero
generator. A backward stochastic differential equation with zero generator is the
simplest example of a BSDE. The second key example of a BSDE is a linear back-
ward stochastic differential equation which has the dynamics

ay(t) = (a(t)Y(t) +BM)Z(t) + [ vy, U, 2) 0, dz)n(t))dt
R

+Z(t)dW(t)+f U(t, z)N(dt, dz),
R
Y(T)=§,

where U (dt,dz) = Q(t,dz)n(t)dt is the compensator of the random measure N.
Clearly, a BSDE with zero generator is the special case of a linear BSDE. Linear
BSDE:s arise in many financial and actuarial applications. In this book we investigate
both linear and nonlinear BSDE:s.

Backward stochastic differential equations have become a central method of
stochastic control theory. BSDEs have proved to be a useful and powerful alternative
to Hamilton-Jacobi-Bellman (HJB) equations. Let us recall that an HIB equation is
a partial differential equation which characterizes the optimal value function and the
optimal control strategy of an optimization problem. We now point out advantages
of characterizing optimal value functions and optimal control strategies by BSDE:s.
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Firstly, BSDEs are applicable in the case of non-Markovian dynamics. Let us
recall that the Bellman programming principle, which leads to HIB equations, can
only be applied to Markovian state processes. Markovian BSDEs may arise as a
special type of BSDEs and they are called forward-backward stochastic differential
equations.

The second advantage of BSDEs concerns differentiability issues. We point out
that a classical Hamilton-Jacobi-Bellman equation for an optimal value function can
be derived provided that the value function is differentiable (sufficiently smooth)
with respect to state variables. Consequently, the main effort lies in proving differ-
entiability of the optimal value function. Let us remark that in sophisticated models,
including models with jumps, differentiability may not hold. In order to weaken dif-
ferentiability requirements in stochastic control problems, viscosity solutions can
be used. The notion of a viscosity solution allows us to characterize the optimal
value function as a viscosity solution of a HIB equation. However, in applications
of stochastic control models we are interested in the optimal control strategy which
is defined by derivatives of the optimal value function with respect to the state vari-
ables. In a viscosity setting we cannot use such strategies. Therefore, differentiabil-
ity of the value function has to be proved and strong (and cumbersome) assumptions
are introduced to succeed in the proof. At the same time, the existence of a solution
(Y, Z,U) to the BSDE (1.1) is not determined by differentiability of & and f. We
will see that a BSDE has a unique solution under square integrability assumptions. It
is mathematically convenient and beneficial to characterize the optimal value func-
tion of a stochastic control problem as a solution to a BSDE. If the optimal value
function is characterized by a BSDE, then the optimal control strategy is charac-
terized by the control processes of the same BSDE. Hence, we can define optimal
value functions and optimal strategies by BSDEs without imposing smoothness as-
sumptions.

Thirdly, BSDEs can be applied to solve optimization problems in models with
multiple state variables. Under the Bellman programming principle the optimal
value function is characterized as a function of the state variables and the time vari-
able. The reader who is familiar with HIB equations should recall that it is difficult
to derive value functions with more than two state variables. Mixed partial deriva-
tives complicate HIB equations and optimal strategies. Numerical schemes for HIB
equations use finite difference methods which are not efficient in high dimensions.
Consequently, independence of the state variables is often assumed in order to sep-
arate the variables in the optimal value function and reduce dimension of the HIB
equation. In our applications we investigate BSDEs driven by a two-dimensional
Brownian motion and a random measure on % (R). The extension to cover an n-
dimensional Brownian motion and a random measure on Z(R™) is straightforward
in most cases. We would have to add more control processes into our equations. In
some cases the generators would also change to reflect more control process. Fortu-
nately, we do not have to assume independence of the state variables. The BSDE is
always driven by orthogonal martingale terms. We point out that numerical schemes
for BSDEs use Monte Carlo methods which are efficient in high dimensions. More-
over, under the schemes proposed for solving BSDEs we do not have to estimate all
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control processes, we only need to estimate these control processes which appear in
the generator and are used in the optimal control strategy.

Optimization is often used in finance and insurance. Consequently, BSDEs are a
useful tool in financial and insurance mathematics. In this book we focus on opti-
mization problems which are related to perfect replication, partial hedging and asset
portfolio selection. In some of these applications, BSDEs arise very naturally. Let
us start by studying the classical problem of replicating a claim with a traded asset.
In this case the goal is to find an investment strategy under which the investment
portfolio process matches the terminal liability. Notice that the logic behind solving
BSDEs (1.1) is exactly the same: we aim to find a control process under which the
solution matches the terminal condition.

Example 1.1 We consider the Black-Scholes financial model with a bank account
So and a stock S. The prices of the assets are modelled by the equations

dSo(t)
o) =r(S@))dt,

ds@)
S = w(S@)dt + 0 (S0)dW (7).

(1.5)

If r, u, o are constant, then we deal with the classical Black-Scholes model. We
are interested in finding a replicating strategy and a replicating portfolio for a claim
F(S(T)) contingent on the stock. The classical results from mathematical finance
yield that the price of the claim can be characterized as a unique solution to the
partial differential equation

U (t,5) + r(s)suy (1. 5) + %az(s)s% (t.5) — r(s)ult,s) = O,
(t,s)€[0,T) x (0, 00),
u(T,s)=F(s), se(0,00),

and the replicating strategy for the claim is determined by the derivative u,(¢, s).
The solution to the perfect replication problem can be characterized with a partial
differential equation only if we deal with Markovian asset price processes modelled
by forward stochastic differential equations, the pay-off is contingent on the termi-
nal value of the stock and the price of the claim is sufficiently smooth in all state
variables. In general financial models these assumptions may not hold. First of all,
we may deal with non-Markovian price processes and path-dependent pay-offs. In
some cases we can introduce another state variable modelled by an auxiliary for-
ward stochastic differential equation and we can recover the Markovian structure.
However, this is not doable for all path-dependent pay-offs, and lookback options
are the key example when this technique fails. Secondly, existence of a smooth so-
lution to a partial differential equation is not guaranteed. It is a delicate matter to
impose conditions on the coefficients and the pay-off which lead to a sufficiently
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smooth price of the claim. Those conditions usually exclude many interesting and
practically relevant cases from considerations, such as binary options.

The difficulties, which we have mentioned, arise since the solution is derived
by exploiting the Markovian structure of the problem and applying the It6’s for-
mula. However, we may follow a different approach. Let us consider a general non-
Markovian financial model with the price processes

4500 _ | i
So(t) ’
o (1.6)
—— = p@)dt +o)dW (),
S(1)

where r, u, o are predictable processes. We are interested in finding a replicating
strategy and a replicating portfolio for a path-dependent claim F = F(S(¢),0 <t <
T). It is easy to notice that finding a solution to our replication problem is equivalent
to finding a solution (X, &) to the equation

dX(t) =m0 (u@®dt + o @)dW (1)) + (X (1) — 7 (0))r(1)dt,
X(T)=F,

(1.7)

which describes the dynamics of the replicating portfolio for F. We can observe
that (1.7) is a linear BSDE. Hence, finding a solution to the replication problem is
equivalent to finding a solution to a linear BSDE. Surprisingly, the derivation of the
replicating strategy and the replicating portfolio by solving a BSDE turns out to be
very intuitive. We will show that the linear BSDE (1.7) has a unique solution under
mild assumptions. The replicating strategy is now derived from the predictable rep-
resentation of the claim and in order to use the predictable representation property
we do not need to impose any smoothness (continuity, differentiability) assumptions
on the coefficients and the pay-off. Of course, the characterization of the replicat-
ing strategy in a non-Markovian model as a unique solution to a linear BSDE is
less explicit than in a Markovian model where we characterize the strategy as a
unique solution to a partial differential equation. Fortunately, the Malliavin calculus
for BSDEs allows us to derive more explicit results even in general models. Perfect
replication of claims is discussed in Sects. 9.2 and 9.4.

Since perfect replication of liabilities with traded assets is not always possible,
investors are also interested in finding investment portfolios which hedge claims
with a minimal replication error. More generally, the investor’s goal could be to op-
timize the investment performance of the assets while limiting the risk of not cov-
ering the liabilities. Such investment strategies can be derived by solving stochastic
optimal control problems. We would like to point out that optimization problems
have become an important part of asset-liability management and solvency capital
modelling. Nowadays, actuaries and risk managers model assets and liabilities and
try to identify actions which lead to optimal results.
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Example 1.2 We consider the Black-Scholes model (1.5) and an insurer who issues
a unit-linked endowment policy with a claim F(S(7")). The claim is paid if a poli-
cyholder is alive at time 7. We assume that the future life-time t of the policyholder
is exponentially distributed with parameter A. We investigate the Markowitz portfo-
lio selection problem for the insurer. Let us remark that many financial institutions
based their asset-liability management programmes on the Markowitz risk-return
objective. We are interested in finding an investment strategy 7 which minimizes
the mean-square error

E[|X™(T) — F(S(D))1{r > T} — K1 1{t > T} — K»1{r < T}|2], (1.8)

where K1, K, are profit targets set by the insurer, and the insurer’s wealth process
X7 is described by the dynamics

dX () =r@)(u(S@®)dt + o (S@)dW @) + (X @) — 7 (0))r(S®))dt,
X(0) = x.

Recalling classical results from the stochastic control theory, we have to solve the
system of HIB equations

ur(t, x,8) +xr(s)ux(t, x, )

. L 5 2 2
+12f{(,u(s)—r(s))nux(t,x,s)—i—Ea )T uxx(t,x,s)+o (s)nsuxs(t,x,s)}

+ p(s)suy(t, x, s) + %GZ(S)SZMss(taxvs) (1.9)
+ (vt x,5) —u(t, x,9))A =0, (t,x,5)€[0,T) x R x (0,00),
w(T,x,5)=(x — F(s) — K1),  (x,5) € R x (0, 00),
and
ve(t, x,8) +xr(s)ve(t, x, )

. 1 5 5 2
+1§rlf{(u(s)—r(s))nvx(t,x,s)—i—ao ()7 2ver (2, X, 8) +0 (s)nsvxs(t,x,s)}

+ 11 (s)svs (7, x, 8) + %az(s)szv”(t, x,5) =0, (1.10)
(t,x,5) €0, T) x R x (0, 00),
(T, x,5) = (x — K2)%, (x,5) € R x (0, 00).

If there exist smooth solutions to the HIB equations, then the optimal investment
strategy is defined with first and second derivatives of the optimal value function u
or v. However, the existence of differentiable solutions to the HIB equations (1.9)—
(1.10) is not guaranteed and, as already commented, (unnecessary) restrictions on
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the coefficients and the pay-off have to be introduced to conclude that the HIB
equations have smooth solutions. In real applications we would assume that the in-
terest rate and the volatility are not perfectly correlated with the traded stock and
that the claim is contingent on a financial asset that is only partially correlated with
the traded stock. These assumptions would further complicate the HIB equations
and make the proof of the regularity of the optimal value function harder. Even if
we succeed in establishing the existence of smooth solutions to the HIB equations
under restrictive conditions, then solving the partial differential equations with mul-
tiple state variables and mixed partial derivatives would be numerically difficult.
We should also keep in mind that HIB equations cannot be applied if we deal with
path-dependent pay-offs, which are often embedded in insurance contracts called
variable annuities.

BSDEs can be helpful since they can efficiently handle the difficulties which we
have discussed. In Sect. 10.2 we prove that in the non-Markovian financial model
(1.6) the optimal investment strategy for the quadratic hedging problem (1.8) with a
path-dependent claim F = F(S(¢),0 <t < T) can be characterized with the unique
solutions to the linear BSDEs

2
av(t) = —(‘ pO - 2r(r)>?(t)dr + 2M2(t)dt + Z(®)dW (1),
o (1) o(t)
Y(T)=1,
(1.11)
and
d% (@) =r(0)% (t)dt + ME.%”(t)dt + Z()dW(t) + % ()N (d1),
o(t) (1.12)

W(T)=Fl{t>T}+ K|1{r >T}+ K1{t < T},

where N is the compensated random measure generated by the point process
1{r > t}. We will show that the BSDEs (1.11)—(1.12) have solutions under mild
assumptions and smoothness (continuity, differentiability) assumptions are not rel-
evant. To some extent, we can introduce correlated risk factors into the model and
the solution can still be efficiently derived by solving linear BSDEs and applying
Monte Carlo methods. We would like to point out that in the case when we deal
with many risk factors solving a BSDE with Monte Carlo methods is much more
efficient than solving an HJB equation with finite difference methods, see Chap. 5.
We remark that a quadratic hedging problem in a general combined financial and
insurance model with correlated risk factors leads to a stochastic Riccati equation
which is a nonlinear BSDE.

Apart from applications in the field of optimal control, backward stochas-
tic differential equations are also used to define nonlinear expectations called g-
expectations. A nonlinear expectation is an operator which preserves all essential
properties of the standard expected value operator except linearity. The original
motivation for studying nonlinear expectations comes from the theory of decision
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making. It was shown that decisions made in the real world contradicted optimal
decisions based on additive probabilities and the expected utility theory. Conse-
quently, economists and mathematicians begun to look for a new notion of expec-
tation. The g-expectation, which is defined by a BSDE with a nonlinear genera-
tor g, is the fundamental example of a nonlinear expectation. The g-expectation has
become an important concept in probability since it gave rise to g-martingales, g-
supermartingales, g-submartingales and nonlinear versions of classical results such
as a nonlinear Doob-Meyer decomposition.

In financial and insurance applications we use g-expectations to define dynamic
risk measures. Static risk measures such as Value-at-Risk or Tail-Value-at-Risk over
5-day or l-year horizon are well-understood. However, it is still challenging to
model dynamic risk measures which quantify the riskiness of financial positions
continuously during a specified period of time. It is clear that financial positions
should be consistently valued over time until they are liquidated. Properties of BS-
DEs indicate that g-expectations can be useful for modelling dynamic risk measures.

Example 1.3 We consider an aggregate insurance claims process modelled by a step
process J. We are interested in valuating the risk of a contract F(J(T')) contingent
on the claim process. The insurer may face a so-called model ambiguity and he
may not know the true claim intensity and the true claim distribution. This may be
the case if the historical data are scarce, if the intensity and the severity fluctuate
due to seasonal effect or if the intensity and the severity change in the case of a
random event (contagion risk). It is reasonable to assume that we measure the risk
of the liability F by considering all possible scenarios for the evolution of the claim
intensity and the claim distribution and taking the maximum loss from the liability
under all scenarios. We end up with the expectation

Y(t) = sup EQ[F(J(D)|#], 0<t<T, (1.13)
Qe2

where 2 denotes the set of all possible (and equivalent) scenarios for the claim
intensity and the claim distribution of the claim process J. The risk measure (1.13)
is called a generalized-scenario-based risk measure, see Chap. 2.2.1 in McNeil et al.
(2005), and it is applied in practice. The set 2 contains possible claim distributions
and claim intensities of J and it consists of the claim distributions and the claim
intensities which are of the form

14+«(t,2)
Jr(I+k(t,2))q(dz)

¢, d2) = q(dz), 0<t<T, z€R,

AQ(t)=/(l+K(t,z))q(dz))\, 0<tr<T,
R

where ¢ is a probability distribution function, A > 0 is a constant and « is a process
which determines the set 2. Under the basic scenario, ¥ = 0, the aggregate claims
process J is the compound Poisson process with the jump size distribution ¢ and
the intensity A, and under any other scenario, k # 0, the aggregate claims process J
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is a step process with the jump size distribution ¢@ and the intensity AQ. The prob-
ability measure ¢ is the Esscher transform of the probability measure ¢, and AQ
is defined by scaling the intensity A in the way which guarantees that the set 2
contains equivalent scenarios for J. The set of equivalent scenarios is obtained by
applying Girsanov’s theorem, see Sect. 2.5. Let us assume that the distortion pro-
cess k is bounded, i.e. |k(t,z)] <8 < 1. In Sect. 3.4 we show that Y solves the
nonlinear BSDE

dY (1) = —8/|U(t,z)|kq(dz)dt+/ U(t,2)N(dt,dz),
R R
Y(T)=F(J(T)),

where N is the compensated random measure generated by the compound Poisson
process with the intensity A and the jump size distribution g. The theory of BS-
DE:s yields that the operator (1.13) defines a time-consistent dynamic risk measure.
Dynamic risk measures under model ambiguity play an important role in the the-
ory of dynamic risk measures and we use them, and their BSDE representations, in
Chap. 12 to price and hedge insurance contracts.

This book is divided into three parts. In Part I we present the theory of BSDEs
with Lipschitz generators driven by a Brownian motion and a compensated random
measure. We put an emphasis on random measures generated by step processes and
Lévy processes. We present key results and techniques (including numerical algo-
rithms) for BSDEs with jumps. We also study filtration-consistent nonlinear expec-
tations and g-expectations. We remark that BSDEs with jumps are still at the stage
of development and we are not able to present the most general statements of math-
ematical results in all cases. We sometimes resign from presenting the most general
result since it would becloud the main idea. In Part I we focus on mathematical tools
and proofs which are crucial for understanding the theory and are useful for applica-
tions. We try to explain advanced mathematics behind BSDEs in detail. In Part IT we
investigate actuarial and financial applications of BSDEs with jumps. We consider
a general financial and insurance model and we deal with pricing and hedging of
insurance equity-linked claims and asset-liability management problems. Different
pricing and hedging objectives are studied. We investigate perfect hedging, super-
hedging, quadratic optimization, utility maximization, indifference pricing, ambi-
guity risk minimization and no-good-deal pricing. We also consider dynamic risk
measures. In Part III we present some other useful classes of BSDEs and we com-
ment on their applications. Biographical notes do not represent a complete survey
on BSDEs and they only refer the reader to works which are closely related to the
topics considered.



Part 1
Backward Stochastic Differential
Equations—The Theory



Chapter 2
Stochastic Calculus

Abstract We review important results of stochastic calculus. We introduce a Brow-
nian motion, a random measure and a compensated random measure. Examples of
Lévy processes, step processes and their jump measures are given. We investigate
stochastic integrals with respect to Brownian motion and compensated random mea-
sures and we recall their properties. We discuss the weak property of predictable
representation for local martingales. Equivalent probability measures are defined,
and Girsanov’s theorem for Brownian motion and random measures is stated. We
give differentiation rules of the Malliavin calculus.

We review important results of stochastic calculus which we use in this book. This
chapter is written in the spirit of a resume and we collect facts needed to investigate
BSDEs driven by Brownian motions and compensated random measures.

2.1 Brownian Motion and Random Measures

Let us consider a probability space (£2, %, P) with a filtration .# = (%#;)o</<r and
a finite time horizon T < co. We assume that the filtration .# satisfies the usual
hypotheses of completeness (% contains all sets of P-measure zero) and right con-
tinuity (% = F4).

A stochastic process V (w, t) is a real function defined on £2 x [0, T'] such that
o V(w,t) is F-measurable for any ¢ € [0, T]. A stochastic process V is called
Z -adapted if w — V(w, t) is .%;-measurable for any ¢ € [0, T']. The natural filtra-
tion generated by a process V is denoted by .#" . We always assume that the natural
filtration is completed with sets of measure zero. By #(A) we denote the Borel
sets of A C R, by & we denote the o-field on £ x [0, T] generated by all left-
continuous and adapted processes. The field & is called the predictable o-field. A
process V : 2 x [0,T]—> R,or V: 2 x [0,T] x & — R, is called .% -predictable
if it is % -adapted and &?-measurable, or & ® HB(&’)-measurable. Clearly, the limit
of a converging sequence of predictable processes is a predictable process. If there
is no confusion, the reference to the filtration .% is omitted. A process is called
cadlag if its trajectories are right-continuous and have left limits. By K we denote

L. Delong, Backward Stochastic Differential Equations with Jumps and Their Actuarial 13
and Financial Applications, EAA Series, DOI 10.1007/978-1-4471-5331-3_2,
© Springer-Verlag London 2013
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constants, which are allowed to vary from line to line. The term a.s. means almost
surely with respect to the probability measure, and, unless specified, the term a.e.
means almost everywhere with respect to the Lebesgue measure. All statements for
random variables and stochastic processes should be understood a.s.

We introduce a Brownian motion and a random measure. Brownian motion and
random measures are used to develop financial and actuarial stochastic models.

Definition 2.1.1 An .%-adapted process W := (W (¢),0 <t < T) with W(0) =0 is

called a Brownian motion if

(1) forO<s<t<T,W()— W(s) is independent of .F,

(i) forO<s <t <T, W(t) — W(s) is a Gaussian random variable with mean zero
and variance t — s.

There exists a modification of a Brownian motion which has continuous paths.

Definition 2.1.2 A function N defined on £2 x [0, T] x R is called a random mea-
sure if

(i) forany w € 2, N(w, .) is a o-finite measure on A([0, T]) @ Z(R),
(ii) forany A € ([0, T]) ® A(R), N(., A) is arandom variable on (£2, .7, P).

We remark that N (w, [0, ], A) may be equal to infinity (see Example 2.3 and the
case of Lévy processes).

Example 2.1 Let (T,),>1 denote the sequence of jump times of a Poisson process.
The function

N(w,[s,1])=8{n>=1,T, e[s,1]}, 0<s<t<T,

which counts the number of jumps of the Poisson process in the time interval [s, ],
defines a random measure. If we fix w, then the sequence of jump times (7},),>1 of
the Poisson process is given on the time axis, and N as a function of [s, ¢] is a finite
measure which counts the number of (7},),>1 which are in the interval [s, t]. If we
fix [s, t], then N is a Poisson distributed random variable which counts the number
of random jump times (7},),>1 of the Poisson process which are in the interval [s, ¢].

Next, we introduce a predictable compensator of a random measure.

Definition 2.1.3 A random measure N is called .Z-predictable if for any .%-
predictable process V such that the integral fOT fR |V (s,z2)|N(ds,dz) exists, the
process (fé fR V(s,z)N(ds,dz),0 <t <T) is F-predictable.

Definition 2.1.4 For a random measure N we define

En(A) = EU 14(w, 1, 2)N (o, dt, dz):|, Aec Zo%B(0,T]) @ BR).
[0,T]xR
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If there exists an .% -predictable random measure ¥ such that

(i) Ey is a o-finite measure on & Q A(R),
(ii) the measures E and Ey are identical on & ® Z(R),

then we say that the random measure N has a compensator ¢.

We remark that the compensator is uniquely determined, see Theorem 11.6 in He
et al. (1992).

Given the compensator ¥ of a random measure N, we can define the compen-
sated random measure

N(w,dt,dz) = N(w,dt,dz) — ¥(w,dt, d7).

Random measures are usually related to jumps of discontinuous processes. We
state the following result, see Theorem 11.15 He et al. (1992).

Proposition 2.1.1 Let J := (J(#),0 <t < T) be an ¥ -adapted, cadlag process,
and set D = {AJ # 0}. Then

N(dt,dz) = Z 15, a0¢s))(dt, d2) 1Ay (5)20)($)1p{s}, 2.1
s€(0,T]

is an integer-valued random measure which has a unique . -predictable compen-
sator.

The measure N defined in Proposition 2.1.1 is called the jump measure of the
process J. The measure N ([0, T], A) counts the number of jumps of the process J
of size specified in the set A in the time interval [0, T'].

Two important families of discontinuous processes should be pointed out. In fi-
nancial and actuarial applications we usually deal with Lévy processes and step
processes.

Definition 2.1.5 An .%-adapted process J := (J(¢),0 <t < T) with J(0) =0 is
called a Lévy process if

(i) forO<s <t <T, J(t) — J(s) is independent of .F,
(i) forO<s <t <T, J(t) — J(s) has the same distribution as J(t — ),
(iii) the process J is continuous in probability, for any ¢ € [0, T'] and & > 0 we have
limg_; P(|L(t) — L(s)] > &) =0.

There exists a modification of a Lévy process which has cadlag paths.

Example 2.2 The Poisson process and the compound Poisson process are the prime
examples of discontinuous Lévy processes. It is easy to conclude that the jump
measure of a compound Poisson process with intensity A and jump distribution g has
the compensator 9 (dt, dz) = Aq(dz)dt. The jump measure of a compound Poisson
process is a finite random measure.
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Example 2.3 The family of Lévy processes contains Variance Gamma, Normal In-
verse Gaussian and stable processes, see Chap. 4 in Cont and Tankov (2004). In gen-
eral, the jump measure of a Lévy process has the compensator 9 (dt, dz) = v(dz)dt
where v is a o-finite measure (called a Lévy measure) satisfying flz\<1 22v(dz) <
00, see Proposition 3.7 in Cont and Tankov (2004). The measure v determines prop-
erties of the Lévy process (we can have a finite variation or an infinite variation
process with an infinite number of small jumps in every finite time interval), see
Chaps. 3, 4 in Cont and Tankov (2004). For all Lévy processes except the com-
pound Poisson process, the jump measure of a Lévy process is a o-finite random
measure with N ([0, T], R) = 4-o0.

If the random measure (2.1) is generated by a Lévy process, then it is called a
Poisson random measure.

Definition 2.1.6 A process J is called a step process if its trajectories are cadlag
step functions having a finite number of jumps in every finite time interval. An .% -
adapted step process J with J(0) = 0 has the representation

T =Y &UT, <1}, 2.2)

n=1
where

(1) (Ty)n>1 is a sequence of .% -stopping times such that 0 < T} <Tp <--- < T, ¢
00, 1 —> 00,
(i) & € Fr, =1,
@iii) foreachn >1,T, <oco =T, < Ty+1,
(iv) foreachn>1,§&,#0& T, < o0.

In representation (2.2), 7, denotes the nth jump time of J and &, denotes the
jump size of J at time 7,. The sequence (7,),>1 defines a non-explosive point
process. The jump measure of a step process is a finite random measure.

Example 2.4 The compound Poisson process is a step process.

Example 2.5 The compound Cox process is a second example of a step process.
The compound Cox process J can be defined by J (1) = j( fot A(s)ds) where A is
a stochastic intensity process and j is an independent compound Poisson process
with intensity 1 and jump size distribution ¢, see Theorem 12.2.3 in Rolski et al.
(1999). We can deduce that the compensator of the corresponding jump measure is
of the form ¥ (dt, dz) = L(t)q(dz).

Example 2.6 Take a continuous process A : £2 x [0, T] — (0, 00) and define the
hazard process ¥ (t) = fg A(s)ds. We introduce a random time t which has the
conditional distribution

°t
P(r - t|<97\) —e P e_fo )\(s)dsy 0<1<T,
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and we define the step process
Jy=1t>7}, 0<t<T.

The compensated process J (t) — ¥ (t A T) is an .F* v .# 7 -martingale, see Propo-
sition 2.13 in Jeanblanc and Rutkowski (2000), and the jump measure of J has the
compensator ¥ (dt, {1}) = (1 — J(t—))A(¢)dt.

We remark that given the conditional distribution of (7,41, &,+41) with respect to
Fr,, it is possible to derive the compensator of the step process, see Theorem 11.49
in He et al. (1992).

We need some assumptions concerning the random measure and its compensator.
We always assume that

(RM) the random measure N is an integer-valued random measure with the com-
pensator

v (dt,dz) = Q(t,dz)n(t)dt, (2.3)

where 1 : £2 x [0, T] — [0, c0) is a predictable process, and Q is a kernel
from (£2 x [0, T], &) into (R, Z(R)) satisfying

T
/ / 20(t, d2)n(t)dt < co. (2.4)
0 R

We also set N ({0}, R) = N((0, T'], {0}) =9 ((0, T'], {0}) = 0.

This is our standing assumption and any random measure N considered in this book
satisfies (RM). From the definition of a kernel we recall that for (w, 1) € £2 x [0, T'],
Q(t, .) is a measure on A(R), and for A € Z(R), O(., A) is a predictable process.
Notice that the compensators considered in our examples satisfy assumption (2.3).
In fact, the representation of the compensator (2.3) holds in most practical cases, we
refer to Theorem I1.1.8 in Jacod and Shiryaev (2003) for a general representation of
the compensator of a random measure. In (2.3) we assume that the compensator is
absolutely continuous with respect to the Lebesgue measure d¢. The absolute conti-
nuity of the compensator with respect to the Lebesgue measure d¢ can be motivated
by financial and actuarial applications in which we investigate jump measures of
quasi-left continuous, cadlag, adapted processes. Let us recall that a cadlag, adapted
process is called quasi-left continuous if a sequence of totally inaccessible stopping
times exhausts its jump times, see Proposition 1.2.26 and Corollary II.1.19 in Jacod
and Shiryaev (2003). In other words, quasi-left continuous processes and absolutely
continuous compensators of jump measures arise if we model jumps that arrive in
an unpredictable way. Indeed, this is the right probabilistic framework for discon-
tinuous processes used in insurance and finance. Assumption (2.4) implies that the
quasi-left continuous process related to the jump measure is locally square inte-
grable, see Theorem 11.31 in He et al. (1992) (in applications we deal with square
integrable processes). The measure zero of the set {0} indicates that N is indeed
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a jump measure, see Theorem 11.25 in He et al. (1992). In many actuarial applica-
tions, in which we deal with step processes, 1 can be interpreted as a claim intensity
and Q as a claim distribution. If we consider a Lévy process, then we simply set
n(t) =1and Q(t,dz) = v(dz) where v is a o-finite Lévy measure.

2.2 Classes of Functions, Random Variables and Stochastic
Processes

We start with defining spaces of functions, random variables and stochastic pro-
cesses which we use in this book.

e Let L%(R) denote the space of measurable functions ¢ : R — R satisfying

/ |<,0(Z)|2v(dz) < 00,
R

where v is a o -finite measure,

e Let ©12([0, T1, R) denote the space of continuous functions ¢ : [0, T] x R - R
which have continuous partial derivatives %(p(t,x), %(p(t,x) and %go(t,x).
Partial derivatives are denoted by ¢;, @y, ¢ . If there is no confusion, first deriva-
tive is denoted by ¢’'.

e Let L?(R) denote the space of random variables £ : 2 — R satisfying

E[I£1?] < oo.

e Let H?(R) denote the space of predictable processes Z : £2 x [0, T] — R satis-

fying
T 2
E[/ |z dt] < oo.
0

o Let H%V (R) denote the space of predictable processes U : £2 x [0, T] x R - R
satisfying

T
E[/ / |U(t,z)|2Q(t,dz)n(t)dt] <o,
0 R

where we integrate with respect to the predictable compensator of the random
measure N.

e Let S?(R) denote the space of adapted, cadlag processes Y : 2 x [0, T] — R
satisfying

]E[ sup ]Y(t)‘z] < 00.
1€[0,T]
o Let S%nC(R) denote the subspace of S%(R) which contains processes with non-
decreasing trajectories, and let S®°(R) denote the subspace of S*(R) which con-

tains bounded processes.
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The spaces H?(R), IHI%V (R) and S*(R) are endowed with the norms:

2 r 2
||Z||H2=]E/ e’ Z()| dt}
0

r T
(A =E/ /ef"|U<t,z)FQ(udz)n(t)dr]
N LJO R

Y12 =E[ sup e”[v],
“1e[0,7]
with some p > 0.

We also define classes of processes which are differentiable in the Malliavin
sense. First, we present the idea behind the Malliavin derivative.

If we investigate Malliavin differentiability, then we deal with the completed
filtration generated by a Lévy process. We work with the product of two canon-
ical spaces (2w x 2, Fw ® Fn,Pw ® Py) completed with sets of measure
zero. The space (2w, Fw, Pw) is the usual canonical space for a one-dimensional
Brownian motion (the space of continuous functions on [0, T'] with the o -algebra
generated by the topology of uniform convergence and Wiener measure). The space
(2n, Fn,Py) is a canonical space for a pure jump Lévy process, and for its proper
definition we refer to Solé et al. (2007). In the product space (2w x 2y, Fw ®
Zn,Pw ® Py) we can study a two-parameter Malliavin derivative.

We follow the exposition from Solé et al. (2007). Let v be a Lévy measure such
that fR |z|?v(dz) < oo. Consider the finite measure v

v(A):/ azdt—i—/ Zv(dzdt, Ae%([0,T]) ® BR),
A(0) !

where A(0) ={r €[0,T]; (+,0) € A} and A’ = A\ A(0). We define the martingale-
valued random measure 7°

T(A):/ adW(t)—i—/ zN(dt,dz), Ae#B(0,T])® BR),
A(0) A
and its continuous and discontinuous parts
t t
Tc(t)=/ odW(s), Td(t,A)=/ sz(ds,dZ), Aec BR).
0 0 JA

We introduce the multiple two-parameter integral with respect to 1
I (pn) = / (ﬂ((tla 21)s - .. (tn, Zn))T(dtls dzy)-...- Y (dty,dzy),
([0, T1xR)"
for functions ¢ € L%(([O, T] x R)™) satisfying

2
lenll? =/([0 . lon (1,20, - (tna20)) | v(dtr, dzy) - .. v (dty, dzy) < 00.
v X X n
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We finally recall the chaotic decomposition property which states that any square
integrable random variable & measurable with respect to the completed natural fil-
tration generated by a Lévy process has the unique representation

E=Y Lo, 2.5)

n=0

where ¢, € L%(([O, T] x R)") are symmetric in the n pairs (¢;, z;), | <i <n. The
Malliavin derivative uses the chaotic decomposition property (2.5).
We consider the following spaces:

e Let DI'2(R) denote the space of random variables & € L2(R) which are measur-
able with respect to the natural filtration generated by a Lévy process and have
the representation & = Z:io I,,(¢p) such that

o
2
E nn!fgnlly, < oo.
v

n=1

For a random variable & € DY2(R) we define the Malliavin derivative D& : 2 x
[0, T] x R — R to be a stochastic process of the form

Dy -§ Zznln—l(ﬁon((ta 2), )) (2.6)
n=1

e Let L12(R) denote the space of adapted and product measurable processes V :
2 x[0,T] x R — R satisfying

E[/ Vs, y)\zu(ds,dy)} <00,
[0, T]1xR

V(s,y) e DM2(R), wv-ae. (s,y)€[0,T] xR,
E[/ 1D, Vs, y)|2v(ds,dy)v(dt,dz)i| < .
([0, T1xR)?2

Let us define a stopping time, (local) martingale, quadratic variation and BMO
martingale.

Definition 2.2.1 A random variable t : 2 — [0, T'] is called an .% -stopping time if
{t <t}e.Z foreveryt €[0,T].

Definition 2.2.2 An .%-adapted process M := (M(t),0 <t < T) is called an .%-
martingale (supermartingale/submartingale) if

1) E[IM@)|] <o0,0=<t<T,
(i) E[M@®)|F]=M(s), 0 <s <t < T, (E[M()|Fs] < M(s)/E[M(t)|F] >
M(s)).
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Definition 2.2.3 An .#-adapted process M := (M(t),0 <t < T) is called an .%-
local martingale if there exists a sequence of .# -stopping times (z,,n € N) such
that 7, —> T, n — oo, and (M (t A 1,),0 <t < T) is an .% -martingale.

Definition 2.2.4 The quadratic variation process of a cadlag semimartingale V is
defined by

n
[V. V(@) = lim Z(V(z{;l At) =V (th A t))z, 0<t<T,
i=1

1 n
where lim,— oo SUpP;—1 ., I1;

‘1 —1;'| =0, and the convergence is uniform in proba-
bility.

Example 2.7 The quadratic variation of a Brownian motion is given by
[W, W](¢) = t, and the quadratic variation of a quadratic pure jump process J
(a purely discontinuous Lévy process or a step process) is given by [J, J](¢) =
Yo 1AT(S) |2, see Theorems I1.28 and I1.39 in Protter (2004).

Definition 2.2.5 Let M := (M(t),0 <t < T) be an .%-local martingale. The pro-
cess M is called a BMO (bounded mean oscillation) martingale if there exists a
constant K such that

E[[M, M](T) — [M, M](z)|%:] < K,
|[AM(D)| <K,
for any .% -stopping time 7 € [0, T'].
We end this chapter with two important martingale inequalities, which are often

applied in this book. We state the Burkholder-Davis-Gundy inequalities, see Theo-
rem IV.48 in Protter (2004).

Theorem 2.2.1 Let M be a local martingale. For any p > 1 there exist constants
K1, K7, depending on p but independent from M, such that

]E[ sup |M(t)|p] < K\E[|[M, M(T)|""?] SKZE[OsupT|M(t)|p]. 2.7)

0<t<T <t=
We also recall the Doob’s inequality, see Theorem 1.20 in Protter (2004).

Theorem 2.2.2 Let M be a positive submartingale. For any p > 1 we have

]E[ sup |M(t)|p]§K sup E[|M(1)|"]. 2.8)
0 T

0<t<T <t<
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As a corollary, we can conclude that the martingale M (1) = E[§]|%;],0<t <T,
£ € L>(R), satisfies the inequality

E[ sup |M(t)|2] < KE[£].

0<t<T

2.3 Stochastic Integration

We state main properties of stochastic integrals with respect to Brownian motion
and compensated random measures.

Theorem 2.3.1
(a) Let V: 2 x [0, T] = R be a predictable process satisfying

T 2
/ V()| dt < oo,
0

Then (fot V(s)dW(s),0 <t <T) is a continuous local martingale with the
quadratic variation process

. . t
[/ V(s)dW(s),/ V(s)dW(s)}(t) =f V(s)|’ds, 0<i<T.
0 0 0
(b) Let V: 2 x [0, T] x R— R be a predictable process satisfying
T 2
/ f |V(t,2)|" 0@, dz)n(t)dt < oo,
0 R
where we integrate with respect to the compensator of a random measure N.

Then (fot fR V(s,z)N(ds,dz),0<t<T)isa cadlag local martingale with the
quadratic variation process

[// V(s,z)](’(ds,dz),/'/ V(s,z)N(ds,dz)](t)
0o JR 0o JR

t
=/ f’V(s,z)|2N(ds,dz), 0<r<T.
0 JR

Proof Case (a) follows from Theorems IV.22 and IV.28 in Protter (2004). Case (b)
follows from Definition 11.16 and Theorem 11.21 in He et al. (1992). O

We also use the following result, see Theorem 11.21 in He et al. (1992).

Theorem 2.3.2 Let V : 2 x [0, T] x R — R be a predictable process satisfying

T
/ f|V(t,z)|Q(t,dz)n(t)dt<oo,
0 R
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where we integrate with respect to the compensator of a random measure N.
Then (fot fRV(s,z)N(ds,dz),O <t <T)is a cadlag local martingale and
(fot f]R V(s,z)N(ds,dz),0 <t <T)isacadlag process. Let N be the jump measure
of a cadlag process J. We also have the property

t
//V(S,Z)N(ds,d1)= > V(s AJ®)1aszo(s), 0<t<T.
0 JR

s€(0,1]

Notice that if V is a non-negative predictable process satisfying
ELfy [ V(t,2)Q(t,dz)n(t)d1] < oo, then

T T
]E[/ /V(t,z)N(dt,dz):|:E|:/ /V(t,z)Q(t,dz)n(t)dt]. (2.9)
0o Jr o Jr

To prove (2.9), from Theorem 2.3.2 we first deduce

E[/ "/. V(t,z)N(dt,dz)]z]E[/”/ V(t,z)Q(t,dz)n(;)dt],
0o Jr o Jr

where (7,),>1 1S a sequence of stopping times, and we next apply the monotone
convergence theorem.

We need a stronger version of Theorem 2.3.1.
Theorem 2.3.3

(a) Let V € H2(R). Then (fé V(s)dW(s),0 <t <T) is a continuous, square inte-

grable martingale which satisfies
2 T s
]=E£/|vmndﬁ.
0

?|
(b) Let V € H3 (R). Then (fot Jr Vs, 2)N(ds,dz),0 <t < T) is a cadlag, square
integrable martingale which satisfies

T 2 T
H«:[/ /V(s,z)ﬁ(ds,dz) }:EU /|V(s,z)|2Q(s,dz>n<s)ds].
0 R 0 R

Proof Case (a) follows from Lemma IV.27 and Theorem IV.%Z in Protter (2004).
We prove case (b). By Theorem 2.3.1 the process fot fR V(s,z)N(ds, dz) is a cadlag
local martingale. By Theorem 2.3.2 and property (2.9) we obtain

T T
E[/ /|V(s,z)|2N(ds,dz)] =E[/ /\V(s,z)|2Q(s,dz)n(S)dS} <o,
0 R 0 R

Since fé fR V(s,z)N(ds, dz) is a local martingale with integrable quadratic varia-
tion, it is a square integrable martingale, see Corollary I1.26.3 in Protter (2004). By
Corollary 11.26.3 in Protter (2004) we also derive

T
/ V(s)dW(s)
0
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T . 2
E[f /V(s,z)N(ds,dz) }
0 R
=E[[// V(s,z)l(’(ds,dz),/'/ V(s,z)N(ds,dz)](T)]
0 JR 0 JR
T 2
:E[/ /\V(S,z)| N(ds,dz)i|,
0 R

and the proof is complete. O

From Sect. I1.6 in Protter (2004) we also recall that

[/'v](s)dW(s),/'f vz(s,z)zir(ds,dz)}(r)zo.
0 0 JR

Finally, let us present the 1t6’s formula, see Theorem I1.32 in Protter (2004).

Theorem 2.3.4 Consider a process 2 = (Z (t),0 <t < T) which satisfies the
dynamics

t

t
2 () =Z(0) —l—/ u(s)ds —i—/ o (s)dW(s)
0 0
t
+f /y(s,z)ﬁ(ds,dz), 0<r<T,
0 JR

where |, o and y are predictable processes such that f0T|u(s)|ds < 00,

S lo($)Pds < 00, [if fuly(s,2)[>Qs,d2)n(s)ds < co. Let ¢ € € 2([0, T] x
R). Then

T

o(t. (1) = ¢(0, 2(0) —l—/o o (s, 2 (s—))ds —i—/o ox (s, 2 (s—))d Z (s)

+/ lwxx(s,«%”(s—))az(S)ds+/ /(w(s,«%”(s—)JrV(s,z))
0 2 o Jr
— (s, 2 (s—)) — x(s. Z'(s—))y(s.2))N(ds, dz),

for any stopping time 0 <t <T.
Example 2.8 Let M(1) = eV =3 0 <t <T. Then
t
M) =1 +/ M(s)dW(s), 0<t<T.
0

Let M(t) = elo Ja 2N @s.d0= g flR(ez_Z_l)Q(S’dZ)”(S)d‘Y, 0 <t <T, where N is a ran-
dom measure with a compensator satisfying fOT fR zzQ(s,dz)n(s)ds < oo and
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foT fR(é’Z — 1)2Q(ds, dz)n(s)ds < oo. Then
'
M) =1 +/ / M(s—)(e* — 1)N(ds,dz), 0<t<T.
0 JR

We also use the following result, which is a special case of the multidimensional
1t6’s formula, see Theorem I1.33 in Protter (2004).

Proposition 2.3.1 Consider the processes Z; .= (Z;(1),0 <t <T), i =1,2,
which satisfy the dynamics

t
%m=%@+/mmm
0
t t -
—i—/ o,-(s)dW(s)~|—/ /yi(s,z)N(ds,dz), 0<t<T,i=1,2,
0 o JR

where i, o; and y; are predictable processes such that fOT i (s)|ds < oo,
foT |oi (5)]%ds < oo, fOT Jr 1¥i(s, 12 Q(s, d2)n(s)ds < oo, fori = 1,2. Then

%amaw=%mm%@+ﬁt%uaw%m+ﬁt%uaw%m

+[ 01(S)02(S)ds+/ /Vl(s,z)yz(s,z)N(ds,dz),
0 0 R

for any stopping time 0 <t <T.

2.4 The Property of Predictable Representation

We now introduce the property of predictable representation, see Sect. XIII.2 in
He et al. (1992) and Sect. II1.4 in Jacod and Shiryaev (2003). The predictable rep-
resentation property is the key concept in the theory of BSDEs which allows us to
construct a solution to a BSDE. From the practical point of view, the predictable
representation yields hedging strategies for financial claims.

Let us consider a probability space (£2, .#, P) with a filtration .# = (%;)o<t<T.
In this book we always assume that the weak property of predictable representation
holds, that is

(PR) any .# -local martingale M has the representation

t t
M(t):M(O)+/ Z(s)dW(s)+/ fU(s,z)N(ds,dz) 0<i<T,
0 0 JR (2.10)

where Z and U are .7 -predictable processes integrable with respect to W
and N.
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This is our second standing assumption, next to (RM) from Sect. 2.1. If M is a
locally square integrable local martingale, then the processes Z and U are locally
square integrable in the sense of the assumptions from Theorem 2.3.1, see Defini-
tion I11.4.2 in Jacod and Shiryaev (2003) and Theorem 11.31 in He et al. (1992). By
Theorems 2.3.1-2.3.2 we also get

E[(M, M](z)]
:M2(0)+E[/ "|Z(s)|2ds}+E|:/n/|U(s,z)|2Q(s,dz)n(s)ds], @.11)
0 0 R

where (7,),>1 is a sequence of stopping times. If we now assume that M is a square
integrable martingale, then E[[M, M](T)] < oo, see Corollary I1.26.3 in Protter
(2004), and applying the monotone convergence theorem and Fatou’s lemma to
(2.11) we can conclude that Z € H?(R) and U € ]HI%V (R). Moreover, we can eas-
ily deduce that the representation of a square integrable martingale M is unique in
H2(R) x H%V (R). Consequently, in this book we assume that any square integrable
Z -martingale M has the unique representation

t t
M(t):M(O)—I—f Z(s)dW(s)—i—/ /U(S,Z)N(ds,dz), 0<t<T, (2.12)
0 0 JR

where (Z,U) € H2(R) x H%, (R). We can also assume that any square integrable
Zr-measurable random variable & has the unique representation

T T
$=1E[E]+/ Z(s)dW(s)+/ /U(S,Z)N(ds,dz), (2.13)
0 0 R

where (Z, U) € H*(R) x HZ (R). Representation (2.13) follows immediately from
(2.12) by taking the martingale M (¢) = E[§|.%#;],0 <t <T.

We point out that we introduce the predictable representation property (PR) as
an assumption. In general, the predictable representation property does not have to
hold. However, in our case it is possible to construct a probability space (2, .7, P)
in such a way that any .% -local martingale has the predictable representation. It is
known that the weak property of predictable representation holds for a Brownian
motion, a Lévy process, a step process and the corresponding completed natural
filtration, see Theorems 13.19 and 13.49 in He et al. (1992). Moreover, given a
Brownian motion W and an independent jump process J (a Lévy process or a step
process), the weak property of predictable representation holds for (W, J) and the
product of their completed natural filtrations. Finally, the weak property of pre-
dictable representation holds for (W, J) under any equivalent probability measure,
see Theorem 13.22 in He et al. (1992). Hence, by the change of measure we can
establish the predictable representation for a Brownian motion and a jump process
with a random compensator (depending on W and J), see Sect. 2.5. For such a con-
struction we refer to Becherer (2006) and Chap. 7 in Crépey (2011). We comment
on the predictable representation in our financial and insurance model in Sect. 7.2.
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2.5 Equivalent Probability Measures

Let us recall that for a semimartingale V such that V (0) = O there exists a unique
cadlag solution & to the forward stochastic differential equation

dét)=E@—)dvV (), &0)=1,

given by

E()=e"OVVIO TT (14 AV @)e AV @HIAVWP 0 <y <T. (2.14)
O<u<t

The process & is called the stochastic exponential of V, see Theorem I1.37 in Protter
(2004). If AV (t) > —1,0 <t < T, then the stochastic exponential & is positive.

Let P and Q be two equivalent probability measures, Q ~ IP. There exists a pos-
itive martingale M := (M (¢),0 <t < T) such that

d
d% Fr=M(@1), 0<t<T, (2.15)

see Definition I11.8.1 in Protter (2004) and Theorem 12.4 in He et al. (1992). In the
view of the predictable representation property, we define

dM(t)
M((t—)

=¢(t)dW(t) +/ Kk(t,2)N(dt,dz), M(©O)=1, (2.16)
R

where ¢ = (¢(#),0 <t <T) and k := (k(t,2),0 <t < T,z € R) are ¥-
predictable processes satisfying

T T
/ |qb(t)|2dt < 00, / / }K(t, z)’zQ(t, dz)n(t)dt < oo,
0 0 JR 2.17)

k(t,z)>—1, 0<t<T, zeR.

The process M defined by (2.16) under assumptions (2.17) is only a local mar-
tingale, see Theorem 2.3.1. We have to impose stronger assumptions on (¢, k) so
that the local martingale M is a true martingale. In this book we use the following
proposition.

Proposition 2.5.1 Let M := (M(t),0 <t < T) be the stochastic exponential de-
fined by

dM(t)
M(—)

:¢(r)dW(r)+/K(r,z)z\?(dt,dz), M©O) =1,
R

where ¢ and k are predictable processes such that
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6()| < K. flx(t,z)le(t,dz)n(t)SK, 0<i=<T,
R
k(t,z)>—1, 0<t<T, zeR.

The process M is a square integrable, positive martingale.

Proof From Theorem 2.3.1 and (2.14) we conclude that M is a positive local mar-
tingale. We define the sequence of stopping times 7, = inf{zr : [M(¢)| > n} A T. We
can derive the inequality

E[\M(z)|21{t <t} <E[|M(z, A t)|2]
2
< KE|:1 +

Ty AL
/O M(s—)p(s)dW (s)

+

T At
f / M(s—)k (s, z)N(ds,dz)
0 R

]
Ty At )
=K(1+]E|:/ |M(s—)g(s)] ds:|
0

T AL
HE[/ /|M(S‘)K(SvZ>|2Q<s,dz>n<s)dsD
0 R

t
< K(1+/ E[|M(s)|21{s§t,,}]ds>, 0<r<T,
0

where we use Theorem 2.3.3. By the Gronwall’s inequality, see Theorem V.68 in
Protter (2004), we obtain

E[|MO)|" 1t <w)] <K, 0<i<T.

We let n — 00, apply Fatous’ lemma and we can deduce that M is uniformly square
integrable. The uniform integrability yields that the local martingale M is a true
martingale, see Theorem 1.51 in Protter (2004). Il

We state Girsanov’s theorem which plays an important role in stochastic calculus
and financial mathematics.

Theorem 2.5.1 Let W and N be a (P, %)-Brownian motion and a (P, % )-random

measure with compensator ¥ (ds,dz) = Q(s,dz)n(s)ds. We define an equivalent
probability measure Q ~ P with a positive % -martingale (2.16). The processes

t
wQ(t) = W(t)—/ d(s)ds, 0<t<T,
0
N, A) =N, A) (2.18)
t
—/ /(1+K(s,z))Q(s,dz)n(s)ds, 0<t<T, Ac B[R),
0 JR

are a (Q, #)-Brownian motion and a (Q, % )-compensated random measure.
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Proof Let M denote the martingale (2.16) which changes the measure. The result
of our theorem follows from the Girsanov-Meyer theorem, see Theorem II1.40 in
Protter (2004), which states that if for a P-local martingale V the sharp bracket
process (V, M) exists under PP, then

! 1
V- [ oSV, 0=i<T.

is a Q-local martingale. The first assertion for the Brownian motion can be deduced
from Theorem I11.46 in Protter (2004). We prove the second assertion for the com-
pensated random measure. The measure 9 (df,dz) = (1 + «(t,2)) Q(t, dz)n(t)dt
is an .7 -predictable random measure, see Definition 2.1.3. We choose a nonnega-
tive, predictable function V such that fot fR V(s,z)N(ds, dz) is locally integrable
under Q. We set V™ (s,z) = V (s, 2) A (m|z|). We can now deal with the P-local
martingale fot Jr V™ (s, 2)N(ds, dz), see Theorem 2.3.1. We define the quadratic
covariation process

U/ v'"(s,z)ﬁ(ds,dz),M}(r)
0 JR

t
=/ /M(S—)IC(S,Z)Vm(S,Z)N(dS,dZ), 0<r<T. (2.19)
o Jr

Since the martingale M is cadlag, we get

T
f / |M(s—)(s,2)V"™(s,2)| Q(s, dz)n(s)ds
0 R

T -
< K\// /|K(s,z)|2Q(S,dz)n(s)ds/ / m|zI2 (s, d2)n(s)ds < oo,
o Jr , )

and from Theorem 2.3.2 we deduce that the process fé Je M(s—)k(s,2)V™(s,2) x
N(ds, dz) is a P-local martingale and the quadratic covariation process (2.19) is
locally integrable under P. Hence, the compensator of the covariation process (2.19)
(the sharp bracket) exists under P, see Sect. IIL.5 in Protter (2004), and it takes the
form

. t
</ / V’"(s,z)]\?(ds,dz),M>(t):/ /M(s—)/c(s,z)V’”(s,z)Q(s,dz)n(s)ds.
0 JR o JR

The Girsanov-Meyer theorem now yields that

t
/ f V™ (s,2)(N(ds,dz) — (1 +«(s,2)) Q(s,d2)n(s)ds), 0<t<T,
0 JR

is a Q-local ma~rtingale. Let (tx)k>1 be a localizing sequence of stopping times for
tpoym (s, z)NQ(ds, dz), let (t,),>1 be a localizing sequence of stopping times
0JR >

for fot Jg V(s,2)N(ds,dz), and let T be a stopping time. We have



30 2 Stochastic Calculus

E@[/” K r/ V’"(S,Z)N(ds,dz)]
0 R
ZE@[/k ’ /Vm(s,z)(l+K(S,Z))Q(S,d2)77(s)ds:|'
0 R

Taking the limit k — oo, m — oo and applying the Lebesgue monotone conver-
gence theorem, we show

EQ[/TH / V(s,z)N(ds,dz)]
0 R

:E@[/ ' /v(m(l+K<s,z))Q<s,dz)n<s>ds].
0 R

Hence, by Lemma 1.1.44 in Jacod and Shiryaev (2003) the process fot fR Vs, z) %

NQds, dz) is a Q-local martingale. We now choose a predictable function V such
that fot fR |V (s,2)|N(ds,dz) is locally integrable under Q. Following the same
reasoning, we show that f(; Jr VT, 2)NQ(ds, dz) and fot Jg VG, 2)NQds, dz)
are (Q-local martingales, and fot fR V (s, z)1\~]Q (ds,dz) is a Q-local martingale. The
proof is complete by Theorem II.1.8 in Jacod and Shiryaev (2003) and Defini-
tion 2.1.4. O

We give two examples which illustrate the change of measure.

Example 2.9 Consider the dynamics

ds(t
al0) =pu@)dt +o(t)dW(), S0O)=s,
S()
where p, o are predictable, bounded processes. Let r be a predictable, nonnegative,
bounded process. Define the stochastic exponential

dM(t) _ p@) —r()
M@) o (1)

aw(), M(QO) =1, (2.20)

and assume that ¢ — % is a.s bounded. By Proposition 2.5.1 the stochastic
exponential M is a square integrable martingale. Hence, we can define an equivalent
probability measure Q by Z% | %1 = M(T). From Theorem 2.5.1 we deduce that the
dynamics of S under the new measure Q is given by

s Q
Sq = d+oHdWE.

The Itd’s formula and Proposition 2.5.1 yield that e~ Jo 745 (1) is a Q-martingale.
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Example 2.10 Consider a compound Poisson process J with intensity A and jump
size distribution g. Let N denote the corresponding jump measure. Choose a pre-
dictable process « such that |k (¢, z)| < 1, (¢, z) € [0, T'] x R. We define the stochas-
tic exponential

dM(t)
M(t—)

:/K(t,Z)N(dt,dZ), M©0)=1. (2.21)
R

By Proposition 2.5.1 the stochastic exponential M is a square integrable martingale.
Hence, we can define an equivalent probability measure Q by %L@T = M(T).
From Theorem 2.5.1 we deduce that

N(dt,dz) — (14« (t,2))rq(dz)dt,

is the compensated random measure of the process J under the equivalent prob-
ability measure Q. Consequently, under the equivalent probability measure Q the
process J has the jump size distribution and the intensity

14+«(t,2)
Jr(I+k(t,2))q(dz)

qUt,dz) = gdz), 0<i<T, zeR,

)»Q(t)=/(1+l<(t,z))q(dz)k, 0<t<T.
R

In general, since « is a stochastic process then the new distribution ¢© and the new
intensity A€ are stochastic processes as well. The set of equivalent probability mea-
sures determined by the martingales (2.21) with processes « such that [k (¢, z)| < 1,
(t,z) € [0, T] x R defines the set of equivalent scenarios for the compound Poisson
process J, see Example 1.3.

2.6 The Malliavin Calculus

The Malliavin calculus plays an important role in the theory of BSDEs. It allows us
to characterize a solution to a BSDE, prove path regularities of a solution and de-
velop numerical schemes for finding a solution. Since Definition 2.6 of the Malliavin
derivative is not very useful in calculations, we present some practical differentia-
tion rules.

Consider the canonical Lévy space (2w x 2y, Fw ® Fn, Pw ® Py) and recall
the Malliavin derivatives Dy o, D; , and the measures v, v, 7" from Sect. 2.2. The
derivative Dy o is derivative with respect to the continuous component of a Lévy
process (the Brownian motion) and we can apply the classical Malliavin calculus
for Hilbert space-valued random variables, see Nualart (1995). By D; we denote
the classical Malliavin derivative on the Wiener space (2w, Zw, Pw). We state the
first result, see Proposition 3.5 in Solé et al. (2007).
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Proposition 2.6.1 If for PN-a.e. wy € 2y a random variable £(.,wy) on
(2w, Fw, Pw) is Malliavin differentiable, then

1
Dy o€ (0w, on) = gDzS(-,wN)(wW), as.ae.,(w,1)€R2x[0,T], (222)
where D; denotes the Malliavin derivative on the Wiener space.

The derivative D; ., for z # 0, is derivative with respect to the pure jump com-
ponent of a Lévy process. In order to calculate this derivative, we use the following
increment quotient operator

fzy
I, E(ow, on) = §(@w, o) . 5w, on) (2.23)

where a)ﬁ\’,z transforms a family wy = ((t1, z1), (2, 22), ...) € 2y into a new fam-
ily wi® = ((t,2), (t1,21), (t2,22), ...) € 2y by adding a jump of size z at time
into the trajectory of the Lévy process. We can state the second result, see Proposi-
tions 5.4 and 5.5 in Solé et al. (2007).

Proposition 2.6.2 Consider £ € L*(R) which is measurable with respect to the
natural filtration generated by a Lévy process. IfIE[fOT fR\{O} |7 & 1722 v(dz)dt] <
00, then

D, =7 _.& a.s., v-ae (w,t,7) €82 x[0,T] % (R \ {O}). (2.24)
Let us now present some differentiation rules.

Proposition 2.6.3 Consider the natural filtration F generated by a Lévy process
and let £ € DV2(R). For 0 < s < T we have E[£|.%] € D*(R), and

D, E[&| %1 =E[D; £|.%11{t <s}, a.s.,v-ae. (w,t,z) €82 x[0,T]xR.

Proof The result follows by adapting the proof of Proposition 1.2.8 from Nualart
(1995) into our setting. O

It follows from Proposition 2.6.3 that if £ is .#;-measurable then D; ;£ =0 a.s.,
v-a.e. (w,t,z) € 2 x (s, T] x R, see Corollary 1.2.1 in Nualart (1995).
‘We state the chain rule.

Proposition 2.6.4 Let ¢ : R — R be a Lipschitz continuous function. Under the
assumptions of Propositions 2.6.1 and 2.6.2 we have ¢(£) € D"2(R). Moreover:

(a) There exists an a.s. bounded random variable ¢ such that

Diop(E)=¢D; o0&, a.s.,ae(w,t)e$2x|[0,T].
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If the law of & is absolutely continuous with respect to the Lebesgue measure or
@ is continuously differentiable, then ¢ = ¢’ (§).
(b) We have the relation

D, —
Di.g(E) = @(§ + 2Dy §) (p(E)’

a.s.,v-a.e. (w,t,7) € 2 x[0,T] x R\ {0}.

Proof Case (a) follows from Proposition 1.2.4 in Nualart (1995) and Proposi-

tion 2.6.1. Case (b) follows from Proposition 2.6.2 and the definition of the operator

(2.23). O
The next two results are taken from Delong and Imkeller (2010b).

Proposition 2.6.5 Consider a finite measure g on R. Let ¢ : 2 x [0, T] x R —> R
be a product measurable, adapted process which satisfies

IE[ / . y)|2q<dy>ds] < o0,
[0, T]xR
o(s,y) € DI’Z(R), a.e.(s,y)e[0,T] xR, (2.25)

E[/ |D,,Zg0(s, y)|2q(dy)dsv(dt,dz):| < 00.
(10, T1xR)?

Then f[O T1xR o(s, y)q(dy)ds € D'2(R) and we have the differentiation rule

T T
Dy f f o (s, V)q(dy)ds = / / Dy(s. y)q(dy)ds.
0 R t R

a.s., v-a.e. (w,t,z) € 2 x [0, T] x R.

Proposition 2.6.6 Let ¢ : 2 x [0, T] x R — R be a predictable process which sat-
isfies E[f[o,T]xR lo(s, y)|*v(ds, dy)] < co. Then

¢ e LY2(R) ifand only if /[0 . R(p(s, Y)Y (ds,dy) € D2(R).
N X

Moreover, iff[o T]X]Rgo(s, Y)Y (ds,dy) € Dl’z(R), then

T T
Dt,z/O /Rw(s,y)?’(ds,dy)=¢(t,z)+/ /RDI,Z‘P(S7Y)T(dS,dY),
t

as., v-a.e. (w,t,7) € 2 x [0,T] x R, and f[o TxR D, 0(s,y)Y (ds,dy) is a
stochastic integral in the It0 sense.
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Notice that we can also establish the following relation

T
Dt,z/ /R<P(V, VT (dr,dy)

T K
=Dt,z</ /w(r,y)T(dr,dy)—/ /(ﬂ(r, y)T(dndy))
0 R 0 JR

T
:f / D; o(r,y)Y (dr,dy), 0<t<s<T,s>0.
K R
We now give examples which illustrate the differentiation rules.

Example 2.11 Consider a square integrable function V : R — R and a Lipschitz
continuous function ¢ : R — R. Let

T
& :(p(/o V(s)dW(s)).

We can write £ = ¢( fOT @d'fc(s)). It is know that the random variable

fOT V(s)dW ((s) is normally distributed, see Lemma 4.3.11 in Applebaum (2004).
By Propositions 2.6.4 and 2.6.6 we obtain

s 40)
Dot =¢ < f V<s>dW(s>>—,
0 o

a.s.,a.e. (w,1) e 2 x[0,T].

Example 2.12 Consider the put option £ = (K — V(T))™ where V(T) =
eWD=30°T todels the terminal value of a stock. In applications we would like
to use the Malliavin derivative of £. Unfortunately, we cannot use the result from
Example 2.11 since the exponential function is not Lipschitz continuous. We follow

a different approach. First, we find the Malliavin derivative of V (T'). Let us define
the process V (t) = e"W(’)_%”zt, 0 <t < T, and by the It6’s formula we get

t

V(z)=1+/ V(s)odW(s), 0<t<T.
0

In Sect. 4.1 we show that the process V, which solves a linear forward stochastic
differential equation, is Malliavin differentiable, see Theorem 4.1.2. We can now
apply Proposition 2.6.6 and we derive the equation

t
D,oV(t)=V(u) +/ D, oV(s)odW(s), O0<u<t<T.
u
Since D, oV turns out to be a stochastic exponential of the Brownian motion W,

we conclude that D, oV (¢) = V(u)efut"dw(s)_%fur olds _ Vt),0<u<t<T.By
Proposition 2.6.4 we now get the Malliavin derivative
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12 12
DI,OE — _eaW(T —30 Tl{eGW(T —50°T < K},
as.,a.e. (w,1) e 2 x[0,T].

Example 2.13 Let N be the jump measure of a compound Poisson process with
jump size distribution g. Consider a function V : [0,7] x R — R such that

fOT Jg 1V (s, »)>q(dy)ds < 0o and a Lipschitz continuous function ¢ : R — R. Let

T
$=¢</ /V(s,y)l\?(ds,dy))
0 R

We can write £ = (p(fOT IS @T‘i (ds, dy)). By Propositions 2.6.6 and 2.6.4 we
obtain

Dyt oy Ja V. 0Ns,dy)+V(t,2) — o(fy [ V(s.y)N(ds,dy))
t,z6 — y
Z

a.s., v-ae. (w,t,7) € 2 x [0, T] x R\ {0}

Example 2.14 Let N be the jump measure of a compound Poisson process with
jump size distribution ¢. Consider the stop-loss contract £ = (J(T) — K)™ where
J(@) = fot fOOOyN(ds, dy), 0 <t < T, is the compound Poisson process used for
modelling insurer’s claims. We assume that the claim size distribution ¢ is supported
on (0, 0o) and satisfies fooo y2q(dy) < oo. In applications we would like to use the
Malliavin derivative of §. From Example 2.13 we immediately deduce that

J(T)+z—K)yr —(J(T)-K)*
Dt,zz s
Z

a.s., v-a.e. (w,t,z) € 2 x[0,T] x (0, 00).

Bibliographical Notes Definitions are taken from He et al. (1992) and Protter
(2004). Propositions and theorems are taken from the sources cited in the text.
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and Shreve (1988) (see for Brownian motions), Nualart (1995) (see for the Malliavin
calculus) and He et al. (1992), Jacod and Shiryaev (2003), Protter (2004) (see for
the general theory). Financial and actuarial applications of Brownian motions, Lévy
processes and step processes are investigated in Cont and Tankov (2004), Mikosch
(2009), @ksendal and Sulem (2004), Pham (2009), Rolski et al. (1999), Schmidli
(2007) and Shreve (2004).



Chapter 3
Backward Stochastic Differential
Equations—The General Case

Abstract We investigate BSDEs driven by a Brownian motion and a compensated
random measure. The case of Lipschitz continuous generators is considered. We
derive so-called a priori estimates, which are crucial in the study of BSDEs. We
prove existence and uniqueness of a solution. We state two versions of a comparison
principle which allows us to compare the solutions to BSDEs based on the terminal
conditions and the generators. Explicit solutions to some important types of BSDEs
(including the linear BSDE) are derived. In the case of a Lévy process, we prove
Malliavin differentiability of the solution and we characterize the solution by the
Malliavin derivative. The Clark-Ocone formula is obtained.

We deal with backward stochastic differential equations driven by a Brownian mo-
tion and a compensated random measure and we consider the case of Lipschitz
continuous generators. In this chapter we lay the foundations of BSDEs. Key results
for BSDEs are presented, which are further developed in next chapters.

3.1 Existence and Uniqueness of Solution

Our goal is to investigate the backward stochastic differential equation

T
Y(t)=¢ +/ f(s, Y(s—), Z(s),U(s, .))ds
t

T T
—/ Z(s)dW(s)—/ /U(S,Z)N(ds,dz), 0<r<T. (3.1
t t R

Given a terminal condition £ and a generator f, we are interested in finding a triple
(Y, Z,U) € S*(R) x H2(R) x H%V (R) which satisfies (3.1). The processes Z and U
are called control processes. They control an adapted process Y so that Y satisfies
the terminal condition. Since for a cadlag process Y the set {s € [0, T], AY (s) # 0}
is countable, we may also deal with the equation

T
Y@)=¢ +/ f(s, Y(s), Z(s), U(s, .))ds
t
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T T
—/ Z(s)dW(s)—f fU(s,z)N(ds,dz), 0<t<T.
t t R

Before we study the BSDE (3.1), let us have a look at a BSDE with zero gener-
ator and a BSDE with generator independent of (Y, Z, U). Those equations are the
simplest examples of BSDEs. First, we are interested in finding a triple (Y, Z, U)
which satisfies

T T
Y(t)=¢& —/ Z(s)dW(s) — / / U(s,2)N(ds,dz), 0<t<T. (3.2)
t t R
Equation (3.2) is called a BSDE with zero generator.

Proposition 3.1.1 Assume that & €L2(R). There exists a unique solution (Y, Z,U) €
S2(R) x H2(R) x H%\, (R) o the BSDE (3.2). The process Y has the representation

Y(t)=E[£|%], 0<t<T,

and the control processes (Z, U) are derived from the representation

T T
E=E[s]+f Z(s)dW(s)+/ /U(s,z)ﬁ(ds,dz).
0 0 R

Proof Notice that any solution (Y, Z, U) to the BSDE (3.2) must satisfy the equa-
tion

T T
§=Y(0)+/ Z(s)dW(s)+/ /U(s,z)ﬁ(ds,dz).
0 0 R

By the predictable representation property the processes (Z, U) are determined by
the predictable representation of & and Y (0) = E[£]. Moreover, (Z,U) € H2(R) x
]HI%, (R) and the representation of £ is unique. Taking the conditional expected value
on both sides of the BSDE (3.2), we immediately get Y (t) = E[£|.%;], 0 <t <T.
We take the cadlag modification of the martingale Y, see Theorem 1.9 in Protter
(2004). By the Doob’s inequality we can show that ¥ € S*(R). O

We point out that finding a solution to the BSDE (3.2) is equivalent to finding the
predictable representation of the random variable &. The predictable representation
property is the key concept in the theory of BSDEs since it allows us to find a
solution to an equation with a random terminal condition.

Let us deal with the equation

T
Y(t) =.§+/ f(s)ds
t

T T
—/ Z(s)dW(s)—f /U(s,z)z\?(ds,dz), 0<t<T, (3.3)
t t R
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which we call a BSDE with generator independent of (Y, Z, U). We can immedi-
ately prove the following result.

Proposition 3.1.2 Assume that £ € L>(R) and f : 2 x [0, T]1 — R is a predictable
process satisfying IE[fOT |f(s)|2ds] < 00. There exists a unique solution (Y, Z,U) €
S2(R) x H2(R) x Hi, (R) o the BSDE (3.2). The process Y has the representation

T
Y () =E[s +/ f(s)ds%}, 0<i=<T,
t

and the control processes (Z, U) are derived from the representation
T T T T ~
e+ [ roas=sler [ o] [T zoawor [ [ve.onas.a.
0 0 0 0 JR

Since t — fof f(s)ds is a.s. continuous, see Sect. 4.3 in Applebaum (2004), the
cadlag modification of Y can be defined.

We point out that in many applications we are able to reduce a BSDE to a BSDE
with zero generator or a BSDE with generator independent of (Y, Z, U), and use
Propositions 3.1.1-3.1.2 and the predictable representation property to derive the
solution.

Let us now investigate the BSDE (3.1). We recall that ¥ (dt, dz) = Q(t, dz)n(t)dt
denote the compensator of the random measure N. We assume that

(A1) the terminal value & € L2(R),
(A2) the generator f: 2 x [0, T] xR xR x L2Q (R) — R is predictable and Lips-
chitz continuous in the sense that

|f@.t.y,z200) = flo.0.y. 2 )

< K<|y - y’|2 + |z - z’|2 + /R|u(x) - u’(x)|2Q(t, dx)n(t)),

as., ae. (w,1) € 2 x[0,T], forall (y,z,u),(y,7,u") e RxR x LZQ(R),
(A3) ELfy |£(t,0,0,0)2dr] < oc.

Assumptions (A1)—(A3) are called standard in the theory of BSDEs. These assump-
tions hold in all our applications and they should hold in most actuarial and finan-
cial applications. Let us recall that the predictability of the generator f means that
f:2x[0,T] xR xR x LZQ(]R) —-Ris Z® B[R) @ AR) ®§£’(L2Q(R)) mea-
surable.

We derive so-called a priori estimates for a solution to (3.1).

Lemma 3.1.1 Assume that (€, f) and (§', f') satisfy (A1)~(A3). Let (Y, Z,U) €
S?(R) x H*(R) x H3 (R) and (Y', Z',U’) € S*(R) x H?(R) x H3,(R) be solutions
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to the BSDE (3.1) with (&, f) and (&', f'). We have the estimates

|z- 215+ U -U'
fkﬁust—sm

T
+ ]E[/ P f( YD), Z0), U@®) — £ (1. Y (1), Z' (), U’(z))|2er,
0
(3.4)

|2-2z+1v-Vly
< & (E[er"e &)

T
+ E[/ | f (6, Y (1), Z@), U®) — f1(1, Y (), Z(), U(z))|2dtD,
0

3.5)
and

[¥ =¥l
= k(B[ -6 ]

T
+]E[/ P F(t, YD), Z0), U@®) — £ (6. Y (1), Z' (1), U'(t))|2dti|>,
0
(3.6)
Iy - ¥z

SEQHJWS—fﬂ

T
+]E[/ (Y, Z0),UW®) — f'(t. Y1), Z(), U(r))\thD,
0
3.7
where the constant K dependson T, K, p > 0.

Proof 1. Estimate (3.4). We apply the 1td’s formula to e’ |Y (z) — Y’ (z‘)|2 and we
derive

O =Y P+ [ e lre -y as+ [ |z~ 20 as
t t
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+/tt/Ref”|U<s,z) ~U'(s,2)|* Q(s. d2)n(s)ds
=’ Y (1) - Y (D]
2 [ e v =)
(= (5. Y(9), Z(5), Us)) + f'(s,Y'(5), Z'(5), U'(5)) )ds
-2 / " (Y (5) — V(5) (Z65) — Z/)dW(s)
-2 / ‘ /R e (Y(s=) = Y'(s—))(U(s.2) — U'(s.2)) N (ds. dz)
- /tt fRef’S|U(s, ) —U'(s,2)['Nds,dz), 0<t<t<T. (3.8)

We can notice that the stochastic integrals in (3.8) are local martingales, see Theo-
rem 2.3.1. From (3.8) we get

‘2[ e’ (Y () = Y'(9))(Z(s) — Z'(s))dW (s)
—I—Z/tr/RepS(Y(s) —Y'(®))(U(s,2) — U'(s,2))N(ds, dz)
+/tt/RepS|U(s,z)—U/(s,z)|2N(ds,dz)

- ‘em’Y(r) Y@
- 2[ P (Y(s) = Y'(9))(=f(s. Y(5), Z(5), U(s))

+ f(5,Y'(), Z/(5), U'()))ds — e” [y (1) = Y' (1)

- p/T P Y (s) = Y'(s)| ds — / e”|Z(s) - Z'(s)| ds
t t

3

_/ /ef’S]U(s,z)—U’(s,z)|2Q(s,dz)n(S)ds
t JR

and from the growth conditions for the Lipschitz generators f, f’ and the assump-
tions that (Y, Z,U), (Y', Z’,U’) € S*(R) x H2(R) x H%V(R) we deduce that the
stochastic integrals are uniformly bounded by an integrable random variable ¢, i.e.

‘2/T e” (Y () = Y'(9))(Z(s) — Z'(s))dW (s)
t
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T ~
w2 [ [ (ro) - ) (U6 - U )N @s. 2
t R

<¢, O0<t<t<T.

+/ /epS|U(S’Z)—U/(S,Z)|2N(ds,dZ)
t R

Hence, the stochastic integrals in (3.8) are uniformly integrable martingales, see
Theorem 1.51 in Protter (2004). Taking the expected value of (3.8) and estimating
the Lebesgue integral in (3.8) from above, we obtain

T
E[e”|Y (1) — Y' ()] + pE[/ " Y (s) — Y/(s)Izds}
t
T 2
+E[/ e”|Z(s) — Z'(s)| ds}
t
r 2
—HE[/ /epS|U(s,z)—U’<s,z>} Q(s,dzm(s)ds]
t R
) T
<alele - Pl 2z [ v - vo)
t

Af (5. Y(5), Z(), U(s)) — f(s,Y'(5), Z'(s), U’(S))!dS], 0<t<T.
3.9)
Notice that for any « > 0 we have the inequality
2Juv| < é|u|2 +alvl’ (3.10)
Consequently, we have the estimate
2(Y(s) = Y' )| f (5. Y(5), Z(5), U(s)) = f'(5.Y'(5), Z'(5), U'(5))|
<alY(s) - Y')| + élf(s, Y(5), Z(), U(s)) — f'(s, Y'(5). Z'(5), U'(9)) |*
If we choose o = p and 7 = 0, then from (3.9) we deduce the estimate
E[e”[Yy() =Y O[]+ |2 = Z |} + U= U'[3
<E[e’"[s -¢]
+ %EUOT P f(. YD), ZW), U®) — £ (.Y (1), Z' (1), U/(t))|2dr],
3.11)

which proves (3.4).
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2. Estimate (3.5). For any o > 0 we have the inequality

2|1Y () =Y £(s. Y (), Z(s), U($)) = f'(5.Y'(5), Z'(5), U'(s))|
S2Y () =Y O)||f (5. Y(5), Z(5), U(9)) = f'(s. Y (), Z(5), U (s))|
+2[Y () = YO | /(5. Y (), Z(5), U()) — f/(5.Y'(5), Z'(5), U'(9))|

1
<2a|Y(s)—Y'(s)|" + (5. Y6). 2. U @) = f(5. Y (5). Z65), U)|?
K
+ E(]Y(s) Y& +|26) -2
+/R|U(s,z) - U/(s,z)|2Q(s,dz)n(S))-

If we now choose t =0, « such that « > K and p =2« + g in (3.9), then we are
done. Such a choice of « is only possible if p is sufficiently large. Hence, we first
succeed in establishing (3.5) for large p. Next, we can easily deduce that (3.5) holds
for any p.

Starting from (3.9) and reasoning as above, we can also establish the following
estimates

E[e” |Y (1) = Y (0)']
<E[e""|g - &']"]
+ %EUOT e f(s.Y(), Z(5). U(s)) — (5. Y'(5), Z'(s), U’<s))|2ds],
0<r<T, (3.12)
and
E[e”|Y () — Y'()|*]
=K (E[e’”|s —-¢'["]

T
+IE|:/ P f (s, Y (), Z(s), U(s)) — £/ (s, Y (), Z(s), U(s))|2dsD,
0
0<t<T, (3.13)

which we use in the next part of this proof.
3. Estimate (3.6). From (3.8) we get

T T
Y@ — Y o) + ,0[ e”|Y(s) — Y'(s)| ds +/ e”|Z(s) — Z'(s) | ds
t t



44 3 Backward Stochastic Differential Equations—The General Case

T
+/ feps|U(s,z)—U/(s,z)|2N(ds,dz)
t R
=e’Tle—¢
T
— 2/ P (Y(s) —Y'(s))
t
(=S (s,Y (), Z(s), U)) + f'(s,Y'(5), Z'(5), U'(5)))dss
T
- 2/ P (Y(s—) —Y'(s—))(Z(s) — Z'(5))dW (s)
t
T ~
—2/ / e” (Y(s—) = Y'(s—))(U(s,2) = U'(s,2))N(ds, dz),
t R
0<r<T. (3.14)

It is straightforward to derive the following estimate

sup e’ |Y (1) — Y ()|
te[0,T]

<efTle &
T
+2/ e”|Y(s) = Y'(9)|
0
Jf (s, Y(5), Z(9), U(s)) — /(5. Y'(5). Z'(5), U'())|ds

T
+2 sup / P (Y(s—) = Y'(s—))(Z(s) — Z'(5))dW (s)
tel0, T/t

+2 sup
t€(0,T]

/ /e’” (Y(s—) = Y'(s—))(U(s,2) — U'(s,2)) N(ds, dz)

<e’Te—£|
T
+2/ e”|Y(s) —Y'(s)|
0

JF(s,Y(9), Z(s), U()) — f/(s.Y'(5), Z'(5), U'(s))|ds

t
+4 sup /e/”(Y(s—)—Y’(s—))(Z(s)—z’(s))dW(s)
te[0,T11J0
+4 sup /feps Y(s—) —Y'(s—))(U(s,2) — U'(s,2))N(ds, dz)|.
te[0,T]

(3.15)
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By the Burkholder-Davis-Gundy inequality and some classical estimates we can
deduce that for any « > 0 we have

E[ sup e[y ']
tel[0,T]
<E[e""[s —¢'|']
T
+2E|:/ eP*|Y(s) — Y'(s)|
0
JF (.Y (), Z(), Us)) — /(5. Y'(5), Z'(s), U/(s))|ds:|
T 1/2
+2Kﬂ{{/’e”WYuw—wmwﬂZ@>—z%wfdﬁ }
0

T 1/2
+2K2E[{/ fe2"5|Y(s—)—Y’(s—)’2|U(s,z)—U’(s,z)|2N(ds,dZ)} }
0 JR
<E[e""|s ~¢']]
T
+ 2E|:/ eP|Y(s) — Y'(s)|
0

AF (.Y (), Z(), Us)) — /(5. Y'(5). Z'(s), U/(s))|dsi|

T 1/2
+2K1E[ sup e%’|Y(t)—Y’(z)|{/ e’”|Z(s)—Z’(s)|2ds} ]
te[0,T] 0

+2K2E[ sup ¢3! |Y(t) — Y'(1)|
tel0,T]

T , 12
{/ /em|U(S,z)—U/(S,Z)| N(ds,dz)} }
o Jr

<E[e""|¢ —&'|"]
T
+ 21[«:[/ e’ |Y (s) = Y'(s)|
0

(.Y (), Z(), U)) — f/(s.Y'(5), Z/(s), U'(s))|ds:|

Ki+K
T 2E[ sup |y ()~ Y' ()]
o te[0,T]

T
+ K@EU e Z(s) - z’(s)\zds]
0
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T 2
+K2aIE|:/ f e'os|U(s,z) —U’(s,z)| N(ds,dz)i|
0 R
=E[er"|g — €]
T
+ 2E|:/ eP|Y(s) — Y'(s)|
0

(.Y (), Z(), U(9)) = f/(s.Y'(5), Z/(s), U/(s))|ds}

Ki+K
+ = 22E] sup Y () - Y0 ]
« 1€[0,T]

T 2
+K1aIE|:/ em|Z(s)—Z/(s)| ds]
0

T
+ KQ(XIE[/ / P |U(s,2) = U'(s, z)|2Q(s, dz)n(s)dsi|. (3.16)
0o JR
If we choose o > K| + K>, then we can derive
2
Y -7

< k(E[ePT|g &1+ z-Z i+ U - U’HfmzN
T
o -
0

JF (s, Y (), Z(s), U(9)) = f/(s,Y'(5), Z/(s), U’(s))|dsi|>,

where the constant K is independent of p. Estimates (3.10) and (3.11) yield
2
Y =¥]s

T
< 1€<2E[eﬂ|g — &P+ ﬁE[/O " |Y(s) — Y/(s)|2ds]

T
+ %EUO e | f (5. Y (), Z(5), U(s)) — f/(s,Y'(5), Z'(s), U/(s))|2ds]

T
+ %EU e’ f(s.Y(5), Z(5), U(9)) — f'(s.Y'(s). Z'(s), U/(s))|2dsD.
0

By (3.12) we finally get

Iy - v'IE <&@+ vArs[e e - €]
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N (1 N u)
PP
T
E[/o P £ (s, Y(s), Z(s), U(s)) — £'(s,Y'(5), Z'(s), U’(s))|2ds]>,

(3.17)

which proves (3.6).
4. Estimate (3.7). From (3.17) we derive

[y -v[3
SKOMst—ﬁﬁ

T 2

+E[/ e f(5.Y (), Z(5). U(s)) — f'(s.Y(5), Z(s), U(s))] dsi|
0
T

+EU P (s, Y (), Z(s), U(s)) — f' (s, Y'(5), Z/(s), U’(s))|2dsD.
0

We get (3.7) by the Lipschitz property of f and inequalities (3.5) and (3.13). O

In Sect. 4.2 we need a modification of an estimate from Lemma 3.1.1. From (3.9)
we get

T
E[e”|Y (1) — Y/(t)|2] + pE[/ P |Y(s) — Y/(s)|2ds]
t
T 2
+E[/ eP|Z(s) — Z'(s)| ds:|
t
T 2
+EU /e“’U(s,z)—U’(s,z)| Q(s,dz)n(s)ds}
t R
<E[e!" g —&']"]
T
+2[E|:/ e’ Y (s) = Y'(s)|
t
Jf (s, Y (), Z(), Us)) — f(5. Y (), Z(s), U(s))]ds:|
T
+2E[/ e”[Y () = Y'(5)]
t

Jf(5, Y (), Z(9), Us) = f/(s.Y'(5), Z'(s), U’(s))|ds].
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By the Lipschitz property of f’ and (3.10) we derive
T
E[e”'|Y (1) — Y’(t)|2] + pEU e Y (s) — Y/(s)|2ds]
t
T 2
—I—E[f e'OS|Z(s) — Z’(s)’ ds:|
t
T 2
+E[/ /ePS|U(s,z)—U/(s,z)| Q(s,dz)n(s)ds:|
t JR
<E["|s &[]

T
+ 213[/ Y (5) = Y'(5)|
t

(5. Y (), Z(9), U(9)) — f/(s. Y (5), Z(s), U(s))|dsi|

T
+E / e’’ (a + g) Y (s) — Y/(s)|2ds]
t

r pT
—HEf e"”§|Z(s)—Z/(s)}2ds:|
t

-7 K / ,
+E / /e‘”—|U(s,z)—U(s,z)| Q(s,dz)n(s)dsi|.
LJt JR o

We choose sufficiently large p and « such that « > K and o + g = p. We obtain
the estimate

T
E[e”|Y (1) — Y'(0)|*] +IE[/ e |Z(s) — Z/(s)|2ds]
t
T
+EU /e’”|U(s,z)—U’(s,z)\2Q(s,dz)n(S)dS]
t R
T
512<E[epT‘E—§/|2]+E|:/ epS‘Y(s)—Y/(s)|
t

Af (s Y (), Z(), Us)) — f(s. Y(s),Z(s),U(s))ydsD, 0<tr<T.
(3.18)

The a priori estimates from Lemma 3.1.1 are very useful in the study of BSDEzs,
and they are often applied in this book.

We now prove the existence of a unique solution to the BSDE (3.1). The idea
is to construct a sequence of solutions to simpler BSDEs for which the existence
of a unique solution can be established by Proposition 3.1.2 and the predictable
representation property. Next, we show convergence of the sequence by using the a
priori estimates.
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Theorem 3.1.1 Assume that (A1)-(A3) hold. The BSDE (3.1) has a unique solution
(Y, Z,U) e S*(R) x HA(R) x H (R).

Proof 1. The Picard iteration. Let YO(t) = Z°(t) = U%(t,2) =0, (t,z) € [0, T] xR
and consider the recursive equation

T
Y () = & + / F(s.Y"(s=). Z"(5), U™ (s5))ds
t

T T
—/ z"“(s)dW(s)—/ /U"+1(s,z)1v(ds,dz), 0<t<T.
t t R
(3.19)
Assume that (Y", Z", U") € S*(R) x H?(R) x H3,(R). Then

T
IE[/O £ (6, Y" (), 2"(0), U”(t))|2dtj|

T
<2 [ 70,00 ar |+ 2k (¥4 |27 e [0 ) < o

Hence, by Proposition 3.1.2 there exists a unique solution (Y"1, z"+!l yn+ly ¢
S?(R) x H2(R) x HZ (R) to the BSDE (3.19) with the generator f independent of
(Yn—i-l7 Z"+1, Un—i—l).

2. The convergence of the sequence (Y",Z",U™),eN. In step 1 we constructed
a sequence (Y, Z",U") € S*(R) x H*(R) x H3, (R). From (3.11) and (3.17) we
deduce the inequality

n n|2 n nl| 2 n nn2
Y =y g+ 2 = 2" [ + UM - U" [,
<I€+1 1€(T+1))
< -
p VP
T

IE|:/ (6 Y0, 2N, U @) — f(t,Y" '), 2" (o), U (t))|2dti|,

0

(3.20)

where K is independent of p. By the Lipschitz property of f we obtain

[yt =y + |2 = 20 g+ U - Ut

_(1 1 12 112 112
<R(G+ o )= vz =2 e -0 )

(3.21)

which proves the contraction property for sufficiently large p. Hence, there exists
a unique limit (Y, Z,U) € S2(R) x HA(R) x H%, (R) of the converging sequence
(Yl’l’ Zns Un)n€N~
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3. The existence and uniqueness of a solution. The unique limit (Y, Z, U) satisfies
the BSDE (3.1). Indeed, it is easy to show

lim IE|: sup

=00 | te[0,T]

T
/ F(s, Y™ (), Z"(s), U"(s))ds
t

2
-

T
—f F(5.Y (), Z(5), U(s))ds
t

T T 2
lim E|: sup / Z" (s)dW (s) —/ Z(s)dW (s) i|:0,
=00 Leefo. 111 t
T 3 T ) 2
lim E|: sup / /U”(s,z)N(ds,dz)—/ /U(s,z)N(ds,dz) i|=0.
=00 |tefo0, 711V JR t JR

The uniqueness of a solution to (3.1) follows immediately from the a priori estimates
(3.5) and (3.7). O

We point out that by setting &' = f'=Y' =Z'=U’' =0 in (3.4)—(3.7) we can
derive some useful norm estimates for the solution (Y, Z, U).
In applications considered in this book we also deal with BSDEs of the form

T T
Y(t)=s+/ f(s,Y(s),Z(s),U(s,.))dS~|—/ C(s)dW (s)
t t

T T
+/ /V(s,z)N(ds,dz)—/ Z(s)dW(s)
t R t

T
—/ /U(s,z)z\?(ds,dz), 0<t<T, (3.22)
t R
where C and V are given. If we assume that E[f0T|C(t)|2dt] < 00,

ELfy [ V(1,220 d2)n(t)di] < oo, ELfy | [ V(t,2)Q(t, dz)n(0)2dt] < oo,
then by the change of variables

Z(t) = Z(t) — C(1), Ut,2)=U(t,z) — V(t,2),

we can investigate the BSDE

T
Y () =g+/ F(s,Y (), Z(s) + C(s), U(s,.) + V(s,.))ds
t
T
-I-/ /V(S,Z)Q(s,dz)n(s)ds
t R

T T
—/ 2(s)dW(s)—/ /U(s,z)N(ds,dz), 0<t<T,
t t R

which now fits (3.1).
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In this book we investigate BSDEs with jumps with Lipschitz generators and
Theorem 3.1.1 is sufficient for our investigation. However, BSDEs with quadratic
and exponential generators also play an important role in the theory and applica-
tions, see Sects. 3.3, 3.4, 13.1 and Chap. 11.

3.2 Comparison Principles

We state two versions of a comparison principle which allows us to compare the
solutions to BSDEs based on the terminal conditions and the generators.

The first comparison principle for BSDEs with jumps was established by Barles
et al. (1997).

Theorem 3.2.1 Consider the BSDE
T
Y@)=¢& +/ f(s, Y(s), Z(s), / U(s,2)8(s,2)Q(s, dz)n(s))ds
! R

T T
—/ Z(s)dW(s)—/ fU(s,z)A?(ds,dz), 0<r<T. (3.23)
t t R

Assume that

(i) the terminal value & € L*(R),
(ii) the generator f: 2 x [0,T] x R x R x R — R is predictable and Lipschitz
continuous in the sense that

oty 2 = fwnty' 2oa)| < K(ly = |+ | = 2|+ lu =),

as.,ae. (w,1) €2 x[0,T], forall (y,z,u),(y',z,u’) e R xR x R,

>iii) for each (t,y,z) € [0,T] x R x R the mapping u +— f(t,y,z,u) is non-
decreasing,

(v) ELfy |f(2,0,0,0)%d1] < oo,

(v) the process § : 2 x [0, T] x R — R is predictable, non-negative and the map-
ping t — [ |8(t, 212 0(t, dz)n(t) is bounded,

and let (&', f') satisfy the same set of assumptions. Let (Y,Z,U) € S*(R) x
H2(R) x ]HIZZV(]R) and (Y',7',U") € S*(R) x H3(R) x H%\,(R) be the unique so-
lutions to the BSDE (3.23) with (¢, f) and (&', f). If

e E=5-E>0,
o f(t,y,z,u)=f(t,y,z,u)— f'(t,y,2,u) >0, (t,y,z,u) € [0, TI x Rx R xR,

then Y (t) > Y'(t),0 <t < T. In addition, if Y (to) = Y'(t¢) a.s. for some to € [0, T1,
thenY (@) =Y'(t),tp<t<T.
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Proof The existence of unique solutions (Y, Z, U), (Y’, Z’, U") follows from The-
orem 3.1.1. We next define

Y(t)y=Y(@) =Y @), ZH=Zt) - Z' @), Uny=U@) —-U'@),
and

Ay f(1)
= (f(t, Y(t—),Z(t),/ U(t,z)B(t,Z)Q(t,dz)n(t))
R

- f(t, Y'(t—), Z(1), /R U(t,2)8(t,2) Q1 dz)n(t)>)/(Y(t—) —Y'(1-))

Y (1) #0},
A f(1)

= (f(l,Y/(t—),Z(t),/ U(t,z)S(t,z)Q(t,dz)ﬂ(t))
R

- f(t, Y'(t-), Z'(1), /R U(r,2)8(t, z)Q(t,dz)n(t)))/(Z(t) —-Z'(1))

1 Z(r) #£0},
Ay f(1)

= (f(t, Y'(t-), Z’(t),f U(t,z)a(r,z)Q(t,dz)n(t)>
R
- f(t, Y'(t-), Z’(t),/ U’(t,z)8(t,z)Q(t,dz)n(t)>>
R

/(/R(U(r) - U'(1))3(t,2)0(, dz)n(t)>1{0(f) #0}.

Notice that the processes Ay, A;, A, are bounded by the Lipschitz property of f.
We get the BSDE

Y (1)

=&
T - —_ -
+/ (Ayf(S)Y(S—)+Azf(S)Z(S)+Auf(S)/RU(s,z)8(s,z)Q(s,dz)n(S)
t

+f(s, Y/(S—),Z/(S),/ U/(S,Z)3(S,Z)Q(S,dZ)n(S)>)dS
R

T T
- f Z(s)dW(s) — / / (s, )N (ds,dz), 0<t<T,
t t R
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and we derive

Pt) = Eeli A/ 0)ds
T
+/ f<s, Y/(S)7 Z/(S)v/ U/(S’ Z)5(27 S)Q(S, dz)n(s))ef,s Ayf(u)a'uds
! R

T , T §
- / Z(s)elt Ay fwdugyy ) 4 / Z(s)elt Ay fwdun£5)ds

t 1

T S ~
— f f Ul(s, 2)ele 570§ s, dz)
t R

T )
+/ / Ul(s, el ST 0N, £(5)8(s,2)Q(s, 2)n(s)ds, 0<1<T.
t R

Let us introduce an equivalent probability measure Q by the Radon-Nikodym
derivative

dQ
— =M@), 0<t<T,
dP .z, @ - =

dM(t) = M(t—) <Azf(t)dW(t) —}—/ Af()8(t, z)N(dt, dz)).
R

Since the process & is non-negative and the generator f is non-decreasing in u,
the kernel Af,(¢)3(t, z) is non-negative. Since the mappings ¢ — |A, f ()| and
t— fR |Af,()218(t, 2)|>Q(t, dz)n(t) are bounded, by Proposition 2.5.1 the pro-
cess M is a square integrable martingale. Hence, M defines an equivalent probability
measure. By the change of measure, see Theorem 2.5.1, we derive the equation

V() = Eeli' DS @)ds

T 1/ s
/ f(s Y'(s), Z’(s),/ ’(S’Z)S(S’Z)Q(S,dz)n(s))efi Ay f@du g
! R

T s .
- / Z(s)elr AT @du gy Q)

t

T , -
— / / Us, z)elt 20/ @du Qe gz, 0<t<T. (3.24)
t R

We conclude that the stochastic integrals in (3.24) are QQ-local martingales. By the
Burkholder-Davis-Gundy inequality, the Cauchy-Schwarz inequality, boundedness
of Ay f and Theorem 2.3.2 we obtain

]E@|: sup
1€[0,T]

t " .
/ Z(s)elr By FdugyQ gy
0
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T 2 T
< KEQ[\// |Z(s)elo Ayf(u)du|2ds:| < KEH@ }E[/ |Z(s)|2dsi| < o0,
0 dP 0

(3.25)
and

IEQ[ sup
1€[0,T]

l s ~
f [ Uls, z)el’ M7 jQ s, dz)
0 JR

T ,
SKIEQ[\// /|U(s,z)eff Ayf(u)du|2N(ds,dz):|
0 R
2 T
dQ ]EU /|U(s,z)|2N(ds,dz)]
0 R

fm[_
2 T _ 5
]EU f|U(s,z)| Q(s,dz)n(s)dsi|<oo. (3.26)
0 R

dpP

2 |F
dP

From the last two estimates we can conclude that the stochastic integrals in (3.24)
are true Q-martingales, see Theorem 1.51 in Protter (2004). Taking the conditional
expectation of (3.24), we get

Y(t) = EQ [éefrT Ay f(s)ds

T
+/ f(s, Y’(S),Z’(S),/ U’(s,z)ﬁ(s,Z)Q(s,dz)n(S)>
t R
el Ay Fd g |gz,]. (3.27)

The first assertion of our theorem is proved by (3.27). We now prove the second
assertion. From (3.27) and the assumptions Y (19) =0, £ > 0, f(s,Y'(s), Z'(s),
JrU'(5,2)8(s, 2)Q(s,dz)n(s)) = 0 we deduce that £ =0 as. and f(s,Y'(s),
Z'(s), [gU'(s,2)8(s,2) Q(s,dz)n(s)) =0, as., ae. fo < s < T. Hence, from (3.24)
we obtain

T ) .
Y1) =— / Z(s)ele Ax/@0du gy Q)
t

T S ~
_/ / 0 (s, )el 270N (ds, dz), 1<t <T,
t R
and the second assertion is proved by taking the conditional expectation. 0
The comparison principle from Theorem 3.2.1 holds for a special case of a BSDE

under strong assumptions on the generator. In order to weaken the assumptions on
the generator, Royer (2006) proved a different version of a comparison principle.
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Theorem 3.2.2 Consider the BSDE (3.1). Assume that

(i) the terminal value & € L*(R),
(1) the generator f : 2 x [0, T} x R xR x L2Q (R) — R is predictable and satisfies

|f(0):f7y,2714)—f(wvf,y/,z/,u” S K(|y—yl|+|Z—Z/|)7
flw,t,y,z,u) — f(w,t,y,z,u/)

< fR 575 (1, ) (u(x) — ' (1)) Q¢ dx)n (o),

as., ae. (w,t) € 2 x [0,T1, for all (y,z,u), 'z ,u),(y,z,u") € R x R x
LZQ(R), where §4"" 1 2 x [0,T] x R — (—1,00) is a predictable pro-
cess such that the mapping t — f]R |8y’z’”’”/(t, x)|2Q(t, dx)n(t) is uniformly
bounded in (y, z,u,u’),

(iif) ELfy 1£(t,0,0,0)dt] < oo,

and let (&', f') satisfy (A1)~(A3). Let (Y, Z,U) € S*(R) x H*(R) x H% (R) and
(Y, Z',U") € S2(R) x HX(R) x H3 (R) be the unique solutions to the BSDE (3.1)
with (&, f) and (&', f'). If

o é_zé - %-/ >0,

o ft,y,z,u)=f(t,y,z,u)— f'(t,y,z,u) >0, (t,y,z,u) €[0,T] x Rx R xR,

then Y (t) > Y'(t),0 <t < T. Inaddition, if Y (ty) = Y'(t¢) a.s. for some to € [0, T1,
thenY(t)=Y'(t),to<t <T.

Proof From assumption (ii) we deduce that the generator f also satisfies the fol-
lowing inequality

flo.t,y,z,u) = f(o.1,y,z,u") = /RSY’Z’“’”/(t,x)(u(x) —u'(x)) Q(r,dx)n(t),
(3.28)

as., ae. (w,r) € 2 x [0,T], for all (y,z,u), (y,z,u’) e R x R x LZQ(R), where

Syzuu 0 [0,T] x R — (—1,00) is a predictable process such that ¢t —
fR |SV’Z’”'“,(t,x)|2Q(t,dx)n(t) is uniformly bounded in (y, z, u, u"). Hence, the
generator f is Lipschitz continuous in # in the sense of (A2). We conclude that
there exists a unique solution (Y, Z, U) to (3.1) with (&, f). The existence of a
unique solution (Y’, Z’, U’) follows from Theorem 3.1.1.

Arguing as in the first part of the proof of Theorem 3.2.1, we get

T o
P(1) = Eeli Asf@ds +/ Fs, Y/ (), Z/ (), U'(s))eli A i g

t

T T
- / Z(s)elt By fwdugyy oy 4 / Z(s)elt AyFdup ¢ (5)ds

t t
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T s ~
- / / U (s, 2)eli M7 0de K (gs, dz)
t R

T
+/ (f(s.Y'(5). Z'(5), U (s))
t
— [(5,Y'(), Z/(5), U'(s)) ) el 2/ @dugs o<y <T. (3.29)

Applying (3.28), we derive the inequality

T X T _ s X
V(1) > Eeli A5 / F(s,Y'(s), Z'(5), U'(s))eli A/ @iy

t

T § T §
- / Z(s)elt AvF@dugyy 5y 4 / Z(s)elr AvSwdun_ () ds

t t

T 3 ~
—[ /U(s,z)eft Avfdun s, dz)
t R

T s ~ ~
+/ f U (s, ekt 237055 (s, do)n(s)ds, 0<t<T,
t R

and by the change of measure we obtain

T . T — s .
Y(I) 2 éej; Ayf(S)dS +/ f(s, Y/(S), Z/(S), U/(S))@/’ Ayf(u)duds

t

T ;
—/ Z(s)eli A/ @du gy Q)

t

T s ~
—/ /U(s,z)efr Mfwdu Qs dzy, 0<t<T, (3.30)
t R
where we introduce
d
9y, o<i<,
dP 1.7,

dM(r) = M(t—)<Azf(t)dW(t) +/ S(I,Z)N’(dt,dz))
R
Taking the conditional expected value of (3.30) under Q and taking into account
the assumptions on the generators and the terminal conditions, we obtain Y (¢) >

0, 0 <t < T, and the first assertion of our theorem is proved, see the proof of
Theorem 3.2.1 for details. We prove the second assertion. From (3.30) we get

Y (t9) > E© [geﬁg Ay f(s)ds

T .5 .
+f f(s,Y’(s),z’(s),U/(s))efroAyf‘“)"“ds@o], (3.31)
0]
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which together with Y (t) =0, § > 0, f(s,Y'(s), Z'(s), [ U'(s,2)8(s, 2) X
O(s,dz)n(s)) = 0 yield that £ = 0 a.s. and f(s, Y'(s), Z'(s), [ U'(s, 2)8(s, 2) X
Q(s,dz)n(s)) =0, as., a.e. o <s < T. From (3.29) and the assumption on the
generator f we now deduce the inequality

T s T - S
Y(t) < — / Z(s)elr Ayf@dugyy (o) 4 / Z(s)elt ST Wdup_¢(5)ds
t

t

T s ~ ~
—/ ‘/‘U(s,z)eft‘ Ayf(”)d“N(akv,dz)
t R
T _ s
+/ U(s, z)elt ST dug (s 0(s, dz)n(s)ds, to<t<T.
t

By the change of measure we obtain )7(t) <0, 1 <t <T. Hence, )7(t) =0,1<
t<T. O

A comparison principle is an important tool in the study of BSDEs. In this book
we apply both versions of a comparison principle from Theorem 3.2.1 and Theo-
rem 3.2.2. In the financial context the comparison principle implies desirable prop-
erties of pricing equations. For example, it implies that a more severe claim (§' > &)
must have a higher price (Y’ > Y).

We point out that the comparison principle must be applied with care. Notice that
the assumptions of Theorems 3.2.1 and 3.2.2 are more restrictive than the assump-
tions of Theorem 3.1.1. We remark that under the assumptions of Theorem 3.1.1 a
comparison does not hold unless we deal with the natural Brownian filtration and a
BSDE driven by a Brownian motion.

Example 3.1 Consider the BSDE

T T T
Y(t)=¢& — 2/ U(s)ds —/ Z(s)dW (s) —/ U(S)N(ds), 0<t<T,
t t t

driven by the random measure N generated by the Poisson process with intensity 1.
Choose & = fOT N(ds), then Y(¢) = fot N(ds)— (T —1),Z(t)=0,U(t) =1 is the
unique solution to the BSDE. Choose £’ =0, then Y'(1) =0,Z'(t) =0,U’'(t) =0
is the unique solution to the BSDE. Even though & > &', the inequality Y (r) > Y'(¢)
may fail.

A financial example in which a price process solves a BSDE with jumps but does
not satisfy the comparison principle and the property of monotonicity with respect
to the claim is presented in Sect. 10.4.
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3.3 Examples of Linear and Nonlinear BSDEs Without Jumps

In this chapter we consider the natural Brownian filtration .#" and we investigate
three important types of BSDEs driven by a Brownian motion. Our goal is to illus-
trate some useful techniques for BSDEs and for this reason we omit jumps in the
equations. In particular, we show that some BSDEs can be reduce to a BSDE with
zero generator and, consequently, finding the solutions to those BSDEs can be re-
duced to finding the predictable representation of a random variable. BSDEs with
jumps are investigated in the next chapter.

Let us introduce a linear backward stochastic differential equation. A linear
BSDE is an equation of the form

T T T
Y(t)=s+/ a(s)Y(s)ds—i—/ ,B(S)Z(s)ds—/ Z(s)dW(s), 0<t<T.
t t t
(3.32)

Proposition 3.3.1 Let & be an .7V -measurable random variable such that & €
L2(R), and let o and B be FY -predictable, bounded processes. There exists a
unique solution (Y, Z) € S*(R) x H2(R) to the BSDE (3.32). The process Y has the
representation

T
Y(1) =EQe) 0P V] 0<1<T,
and the control process Z is derived from
Zt)y=e he®ds gy 0<i<T,

and the representation
T (s)ds T d T
eJo () Sg :EQ[efo a(s) ss]_’_/ f'f(s)dWQ(s),
0

where the equivalent probability measure Q is defined by

W) 2y — o oW1 ] Psris
dP

Proof The existence of a unique solution (Y, Z) follows from Theorem 3.1.1. We
prove the representation of the solution. Recalling Proposition 2.5.1 and (2.15), we
notice that Q is an equivalent probability measure. We introduce the processes

P(0)=Y(0)eh®©ds  Z1y = Z(1)eh*®ds | 0<i<T.

By the Itd’s formula the unique solution (Y, Z) to (3.32) must satisfies the BSDE

T
Y(t)zefoT“(”dSs—/ Z(s)dwQ(s), 0<t<T,
t
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or
t
Y(t)=Y(0) +/ Z(s)dwQs), 0<t<T.
0

Since the process Z is as. square integrable, we first deduce that Y is a Q-local
martingale, and following (3.25) we next deduce that Yisa @-martingale. Hence,
we obtain the representation f’(t) = IEQ[)?(T)IE,W]. The process 7 is now derived
from the predictable representation of the QQ-martingale Y. g

We will observe that linear BSDEs arise when we investigate pricing and hedging
problems in complete markets and when we deal with quadratic pricing and hedging
in incomplete markets.

Next, we consider the backward stochastic differential equation

T T
Y)=¢& +[ B($)|Z(s)|ds —/ Z()dW(s), 0<t<T. (3.33)
t t

Proposition 3.3.2 Let £ be an .F" -measurable random variable such that & €
L2(R), and let B be an FY -predictable, positive, bounded process. There exists
a unique solution (Y, Z) € S*(R) x H2(R) to the BSDE (3.33). The process Y has
the representation

Y(t)=sup E%[¢|.7"], 0<r<T,
Qe2

where

9= {Q ~P: ‘[ll% ‘yTW — oo 9©AW =1 5 19()Pds

¢ is FV -predictable,

106) sﬁ(t)}.

Proof The existence of a unique solution (Y, Z) follows from Theorem 3.1.1. We
prove the representation of the solution. Let us deal with the BSDE

T T
Y¢(t)=§+/ ¢(s)z¢(s)ds—/ Z%()dW(s), 0<t<T, (3.34)
t t

with a predictable process ¢ such that ¢ (¢)| < B(¢). By Theorem 3.1.1 there exists a
unique solution (Y?, Z%) e S>(R) x H?(R) to (3.34). Since |¢ ()| < B(t), we have
¢(t)z < B@®)|zl, (t,2) € [0, T] x R, and from the comparison principle we deduce
that Y®(r) <Y (r),0<t < T. We get

sup YP()<Y(r), 0<t=<T. (3.35)
lp(H)=<B()



60 3 Backward Stochastic Differential Equations—The General Case

If we choose ¢* (1) = Igg;' B(t)1{Z(t) # 0}, then by uniqueness of solution to (3.34)

we must have Z#" (1) = Z (1), Y® (1) = Y (1), 0 <t < T. We also get

YO =Y ()< sup YP(r), O0<r<T. (3.36)
lp@)=<B (1)

We can now deduce from (3.35)—(3.36) that Y (¢) = SUP|¢ (1) <B(1) Y®(r),0<t<T.
Finally, Proposition 3.3.1 yields the representation

Y1) =EY [|.F"], 0<:i<T,
under the equivalent probability measure

0 ,
dQ ) FV = ol 9OV [} 0 o)Pds

dP 0

We will observe that nonlinear BSDEs of the form (3.33) arise when we deal
with an ambiguity risk measure and no-good-deal pricing. If the control process Z
does not change its sign, then the nonlinear BSDE (3.33) reduces to a linear BSDE.

Finally, let us investigate a backward stochastic differential equation with a
quadratic generator. We consider the following equation

T T
Y(t)=§+%/ ﬂ}Z(s)|2ds—/ Z()dW(s), 0<i<T. (3.37)
t t

Notice that the quadratic BSDE (3.37) does not fit directly into the framework of
Theorem 3.1.1 which only deals with Lipschitz generators.

Proposition 3.3.3 Let & be an F W _measurable, bounded random variable, and let
B # 0. There exists a unique solution (Y, Z) € S*(R) x H?(R) to the BSDE (3.37).
The process Y has the representation

1
Y(t) = ElnE[eﬂﬂy,W], 0<r<T,

and the control process Z is derived from

Z(1)

Z) = —="
O = SEere1 7]

§t<T7

and the representation
T
P = ]E[eﬁs] —i—/ Z()dW(s).
0

Proof We change the variables

Y()y=eP'D, Z)y=BY®)Z(t), 0<t<T.
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By the It6’s formula any solution to (3.37) must also satisfy the BSDE
A T A
Y(1)=e* —/ Zdw(), 0<t<T. (3.38)
t

By Theorem 3.1.1 there exists a unique solution (l? , Z) € S2(R) x H2(R) to the
BSDE (3.38). Hence, the BSDE (3.37) has at most one solution. We also have
Y(t) = E[ef§|.2V], 0 <t < T. Since |§] < K, we deduce 0 < k' < Y (1) < K',
0 <1 < T.We obtain that (¥, Z) € S*(R) x H2(R), and the proof is complete. [

Notice that square integrability of £ is not sufficient for having a unique solution
to the quadratic BSDE (3.37). In this book we do not deal with quadratic BSDEs
but we will point out that BSDEs with quadratic generators may arise when we deal

with the entropic risk measure (the exponential premium principle) and optimization
problems for an exponential utility.

3.4 Examples of Linear and Nonlinear BSDEs with Jumps

The techniques discussed in Sect. 3.3 can also be applied to BSDEs with jumps.
However, some additional assumptions and modifications have to be introduced. We
now consider the natural filtration .7’ generated by a pure jump cadlag process J.

Let N denote the jump measure of J.
First, we consider the linear BSDE

T T
Y(t)=$+/ a(S)Y(S)ds+/ /J/(s,z)U(s,z)Q(s,dz)n(S)ds
t t R
T ~
—/ fU(s,z)N(ds,dz), 0<t<T. (3.39)
t R

Proposition 3.4.1 Let & be an F’-measurable random variable such that & €
L2(R), and let o and y be F” -predictable processes such that

()| < K, /|y(r,z)|2Q(r,dz>n(r>sK, 0<r<T.
R

There exists a unique solution (Y, U) € S*(R) x H?\, (R) to the BSDE (3.39). More-
over,let y(t,z) > —1,0<t <T,z€R. The process Y has the representation

T
Y(t) = EQ[el 0| 27, 0<i<T,
and the control process U is derived from

Ut,2)=e b ) 0<1<T, zeR,
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and the representation
elo @®dsg — E@[efo v@dsg] 4 / / U (s, 7)NQ(ds, dz),

where the equivalent probability measure Q is defined by

d(@ g _

5|71 = M(T),

aM() —/ (t,2)N(dt,dz), M(©O)=1
M(t—) - RV aZ ) Z ’ - .

The proof of Proposition 3.4.1 is analogous to the proof of Proposition 3.3.1.
We remark that in order to change the measure and establish the representation of
the solution as the expectation under an equivalent probability measure we have to
assume that y (¢, z) > —1.

Next, we consider the nonlinear BSDE

T
Y@)=:¢ —i—/ /Ry(s,Z)’U(s,z)|Q(s,dz)n(s)ds
t
T ~
— / / U(s,z)N(ds,dz), 0<t<T. (3.40)
t R

Proposition 3.4.2 Let & be an F’-measurable random variable such that & €
L2(R), and let y be an .F” -predictable process such that

f Iy(t,z)\zQ(t,dz)n(t) <K, 0=<r=<T.
R

There exists a unique solution (Y,U) € S2(R) x H?\, (R) to the BSDE (3.40). More-
over,let0 < y(t,z) <1,0<t <T, zeR. The process Y has the representation

Y() = sup E9[¢].%/], 0<t<T,

Qe2
where
dQ dM(t) ~
2= ~1P>:—‘fif=MT, =/ t,2)N(dt, dz), M(0) =1,
{Q p|7T (1) M) RK( z)N(dt,dz), M(0)
« is F -predictable, <y(t, z)}

The proof of Proposition 3.4.2 is analogous to the proof of Proposition 3.3.2.
We remark that in order to apply the comparison principle from Theorem 3.2.2 and
establish the representation of the solution as the robust expectation with respect to
a set of equivalent probability measures we have to assume that 0 < y(¢,z) < 1.



3.4 Examples of Linear and Nonlinear BSDEs with Jumps 63

If the control process U does not change its sign, then the nonlinear BSDE (3.40)
reduces to a linear BSDE.

Finally, we investigate a BSDE with an exponential generator. We consider the
following equation

T
Y() =&+ / / (%(e”w“)—1)—U(s,z))Q(s,dz)n(S)ds
t R

T
—/ /U(s,z)ﬁ(ds,dz), 0<r<T. (3.41)
t R

Proposition 3.4.3 Let & be an ¥ I _measurable, bounded random variable, and let
y # 0. There exists a unique solution (Y, U) € S2(R) x H%V (R) to the BSDE (3.41).
The process Y has the representation

1
Y()=—mE["¢|.F]], 0<t=<T,
Y
and the control process U is derived from
1
Ult,2)=—In(1+%(t,20e"""7)), 0<t<T, zeR
14

and the representation

T
et :E[e”g] +/ f U (s,z)N(ds, dz).
o Jr

Proof The proof is analogous to the proof of Proposition 3.3.3. We only comment
on the property that U € H3 v (R). By the It6’s formula the process Y (r) = eV ¥ (®
satisfies the BSDE

T
?(r):ﬂf—/ /%(s,z)i/(ds,dz), 0<t<T, (3.42)
t R

where
Ut,2)=Y 1) (V"D —1), 0<t<T, zeR.

We immediately get the solution )?(t) =E[e"? [.Z]1] 71,0 <t < T. Moreover, we have
0<k'<Y()<K',0<t<T.From the dynamics (3. 42) we can_deduce that
fR%(I 2IN({t},dz) = Y(t) — Y(t ). Hence, % (t,z) = Y’Z(t) — Y(t ) where
Y"%(r) denotes the expectation E[e?¢ |.Z ft] ] given there is a jump of size z at time 7.

—yY(@-) _ U2 _ Y’*Z(t)
Consequently, 1 + % (¢, z)e 1+ = o)

zero and bounded from above, and |U (¢, z)| < K|% (t,z)|. Since % € H%V (R), we
can conclude that U € ]HI%V (R). O

is bounded away from
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It is interesting to note that in the jump setting the entropic risk measure, i.e.

the process Y (¢) = %ln E[e?$].%;], leads to an exponential BSDE, whereas in the
diffusion setting the entropic risk measure leads to a quadratic BSDE.

3.5 Malliavin Differentiability of Solution

Let us consider the natural filtration generated by a Lévy process. In this chapter we
investigate the BSDE

T
Y(i)=¢& +/ f(s, Y(s), Z(s),/ U(s, z)ﬁ(z)v(dz))ds
t R

T T
—/ Z(s)dW(s)—/ /U(s,z)z\?(ds,dz), 0<t<T, (343)
t t R

where N is a compensated Poisson random measure with a Lévy measure v, and
8:10, T] x R — R is a measurable function satisfying

|8(z)| <Kz, zeR.

As in Sect. 2.2, we define
t t
m(A):/ 22v(dz), v(t,A):/ /m(dz)ds+/ 1{0 € A}o2ds,
A 0 JA 0

t
Tt =oW(1), Td(t,A)://zN(ds,dz), 0<t<T,AecBR).
0 JA

Since we follow the exposition from Solé et al. (2007), let us redefine

V4
Z(t) = %, Ult,z):= U(;’ Z), 8(z) = @ (3.44)

and we deal with the following BSDE
T
Yt)=§& +/ f<s, Y(s), Z(s),/ U(s,z)&(z)m(dz))ds
t R

T T
—[ Z(s)dTC(s)—/ /U(s,z)’fd(ds,dz), 0<r<T. (345)
t t R

By H%,d (R) we denote the space of predictable processes U : £2 x [0, T] x R - R

satisfying
T 2
E[/ /|U(t,z)| m(dz)dt} < o0.
0 JR

We study Malliavin differentiability of the solution to the BSDE (3.45).
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Theorem 3.5.1 Assume that

() the filtration F is the natural filtration generated by a Lévy process,
(i) the terminal value & € D2 (R) satisfies

E[ f |Dx,z5|2u<ds,dz)] <00,
[0, T1xR

T
limE[ / / |DS,25|2m(dz)ds}=o,
el0 0 Jiz|<e

(iii) the function § : R — R is measurable and bounded,
(iv) the generator f: 2 x [0, T] x R x R x R — R is predictable and Lipschitz
continuous in the sense that

[fl ity 2w = floy )| < K|y =Y+ [z =]+ |u—uf

).

as. ae. (w,t)e 2 x[0,T], forall (y,z,u),(y,7,u") e R xR xR,

V) Elfy 1£(,0,0,0)Pd1] < o0,

(vi) a.s., a.e. (w,t) € 2 x [0,T] the mapping (y,z,u) — f(w,t,y,z,u) is
continuously differentiable with uniformly bounded and continuous partial

derivatives fy, fz, fus
(vii) foreach (t,y,z,u) €[0,T] x R x R x R we have f(w,t,y,z,u) € DV2(R),
and

T
E[/ / |DS,Zf(w,t,0,0,0)|2dw(ds,dz)] <00,
[0, T1xR JO

(viii) v-a.e. (s,z) €[0, T] x R we have

|DS,Zf(w7t9 §927ﬂ) - |DS,Zf(w7t9 y/v Z/vu/)|
=K(F=y[+ [z =]+ a—w]),

as.,ae. (w,t) € 2 x[0,T], forall (3,z,0),(y,7,u’) eRxR xR.

(a) There exists a unique solution (Y, Z,U) € S2(R) x H2(R) x H%,d (R) to the
BSDE (3.45).

(b) There exists a unique solution (Y0, 759, U%0) e S*(R) x H2(R) x ]HI%M (R)
to the BSDE

T T
750t) = Dy ok +/ F50r)dr — / Z50(rdTe(r)
t

t
T
- / / U, T (dr.dy), 0<s<t<T, (346)
t R
where

fs’o(r)=Ds,of<w,r,Y(r),Z(r),/l%U(r, y)5(y)m(dy))
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+f>’<w”’Y(’)’Z("),AU(r,y)S(y)m(dy)>Ys’°(r)
+/: <‘0 rY(r), Z(r), /R U(r, y)«S(y)m(dy)) z0(r)

+fu<w,r, Y (). Z(). /R U, y>8<y)m<dy>) /R U0, »)8(y)m(dy).

(3.47)

(c) There exists a unique solution (Y*%, Z*%, US%) € S*(R) x H*(R) x HZ., (R)
to the BSDE

T T
YO3() = Dy £ + f FEr)dr — f 75T (r)
t

t

T
—/ /U“(r,y)rd(dr,dy), 0<s<t<T, z#0,
t R

(3.48)

where
£o50)

= {f(a)”, rzY  (r)+ Y (r),
ZZS’Z(V)"FZ(V),Z./RUS’Z(V, y)8(y)m(dy)+/RU(r, y)8(y)m(dy)>

— f(a), rY(r),Z(r), /R U(r, y)S(y)m(dy)) }/z. (3.49)

(d) Set

YS2t)=Z5*1) =U"(t,y) =0, (y,2)€eRxR, r<s<T.

We have (Y,Z,U) € L'2(R) x LV2(R) x LY2(R) and (YS4(t), Z5%(1),
U**(t, ¥))0<s,1<T,(y.2)cRxR IS a version of the Malliavin derivative (D; ;Y (1),
Ds‘zz(t), Ds,zU(tv )’))Ogs,th,(y,z)eRxR-

Proof 1. The existence and uniqueness of solutions. By (3.44) and Theorem 3.1.1
there exists a unique solution (Y, Z, U) to (3.45), and for v-a.e. (s,z) € [0, T] x R
there exists a unique solution (Y*-%, Z%%, U%?) to (3.46) and (3.48).

2. The Picard iteration and the property that (Y",Z",U") €
LY2@R) x LMY2[R) x LM2(R). Referring to Theorem 3.1.1, we consider
a sequence (Y",Z" , U"),eN, constructed by the Picard procedure, which
converges to (Y,Z,U). We show that (Y"* Z", U") € L'2(R) x
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L2[R) x LM2(R) implies (Y"1, z"+1 yntly e LL2(R) x LY2(R) x LY2(R)
and from ]E[f[O,T] SUP;c(0.7] |Ds. . Y"(1)>v(ds,dz)] < oo we can deduce

E[f[o 1xR SUPre[0,7] |Ds . Y"1 (t)|>v(ds, dz)] < oo. For that purpose we study
the iterations

T
Y () = & + f Frydr
t

T T
_/ 2 () d T () — / / U )T dr.dy), 0<1<T,
t t R
(3.50)

where
[ = f(r, Y (r), Z"(r), /R U (r, y)5(y)rn(dy))-

We establish differentiability of all terms in (3.50). From Proposition 2.6.5 we
conclude that fJR U"(r, y)§(y)m(dy) is Malliavin differentiable. By the chain rule
from Proposition 2.6.4 the generator f" is Malliavin differentiable and we de-
rive

Dyof" () = Ds,of(w, R0, 2'0), [ U, y)a(y>m(dy>>
+ (w,r, ro.zo. [ v y)3(y)m(dy))Dx,0Y"(r)
+f. (w SUCEACN G y)b‘(y)m(dy)) Dy 0Z"(r)
+ (a) rY), 200, /R e y)r?(y)m(dy)>

~/RDs,0U"(r, )8 (y)m(dy), (3.51)

and for z #0
Ds,zfn(r) = {f(ws,z’ r, ZDS’ZYn(r) + Yn(r)’ ZDs,zZn(r) + Zn(r)’
: /R Dy U (r, )8 (y)m(dy) + /R U, y)&(y)m(dy))

— f(a), r,Y"(r), Z"(r), /]R U"(r, y)S(y)m(dy)) }/Z (3.52)
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Applying Proposition 2.6.5 again, we deduce that ftT S (r)dr is Malliavin differ-
entiable. We obtain the derivative

T
Ds,z<s 4 / f”(r)dr>

T
= D, ;& +/ Ds  f*(r)dr, wv-ae.(s,2)€[0,TI1xR, s<t<T.
t

By Proposition 2.6.3 we have

T
Y™ = E[s +/ f”(r)drlfiz} eD"*(R), 0<t<T,
t
and we conclude from (3.50) that

T
/ 72" rdre(r) e DV2(R), 0<t<T, (3.53)

t

and
T
/ / U, )1 (dr, dy) eD'2[®R), 0<1<T. (3.54)
t R

Proposition 2.6.6 shows that (Z"+!, U"*1) e LI2(R) x L2(R). We still have to
investigate Y”*!. We can differentiate the recursive equation (3.50) and by Propo-
sition 2.6.6 we obtain for v-a.e. (s,z) € [0, T] x R

T T
Dy Y™ (1) = Dy L& + / Dy, f"(r)dr — f D, 2" (1)d T ()
t

t
T
—/ /DMU"“(r, WYddr,dy), s<t<T. (3.55)
t R

The BSDE (3.55) with the generator (3.51) or (3.52) satisfies the assumptions
of Theorem 3.1.1 and for v-a.e. (s,z) € [0,T] x R there exists a unique so-
lution (D5 Y" !, Dy Z"!, D U™y € S2(R) x HA(R) x HZ,(R) to (3.55).
By the a priori estimates (3.5) and (3.7), the Lipschitz properties of f and
D; ; f and boundedness of derivatives f), f;, fu we can derive the inequal-
ity

IDucr™ 2+ [Ducz o + [ D0 [
T

T
= KE|:|DS,Z§|2 +/ ’Ds‘zfn(r)’zdr:|

T
< & (B, 48] [ Decs@r0.0.0) ar]
0
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I+ 12+ [0,
D 4 D2 et Do ) 356)
T

This in turn yields E[f[o,T]xR sup,cpo.71 |1 Ds.c Y (1) Pv(ds, d2)] < 00, and Y €
L'2(R).

3. The square integrability of the solution Y**(t), Z°*(t), U>*(t, y) with respect
to the product measure v. Consider the unique solution (Y*-%, Z%% US%) S2(R) x
H2(R) x H%,d (R) to (3.46) or (3.48). The a priori estimates (3.5) and (3.7) and the
Lipschitz property of D; . f yield the inequality

2 2 2
[ lg + 12 i + Uiz,

T
< KIE[|DS,Z$|2 +f
S

2
dr:|

Ds,zf(w,r,Y(r),Z(r),/RU(F, y)r?(y)M(dy)>

2dri|

T
< K<E[|Ds,zé|2] +E[/ |Ds.. f(@,r,0,0,0,)
0

+ YIS + 1215 + ||U||§{zd>,
T

and we also derive

E f |YS’Z(t)|2U(dt,dy)v(ds,dz)] <00,
LJ([0,T1xR)2

E f |Z”(t)|2v(dt,dy)v(ds,dz):| < 00,
([0, T1xR)2

E / U2, y)|2v(dt,dy)v(ds,dz)i| < o0
([0,T]><]R)2

4. The convergence of (Y", Z", U™),ey in LV2(R) x L2(R) x L12(R). From
the proof of Theorem 3.1.1 we already know that (Y", Z", U"),cN converges in
S2(R) x HZ(R) x Hid (R). We have to prove that the corresponding Malliavin
derivatives converge. First, we prove the limit

lim

T
n—00 J

(v~ Doy s
4 ” 750 _ Ds,OZ"H ”iﬂz 4 H Uso _ DS,OUn—H ||H2'H§,d)ds =0. (3.57)
By the a priori estimates (3.4), (3.6) and the Cauchy-Schwarz inequality we derive

|70 = Doo¥" g + |20 = Dyo 2z o + U0 = DyoU" ! [
T
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T
< KE[/ e’ | £500r) — Dy o f" (r)|2dr}

N

T
< KE[/ e’
0

- Ds,of(r, Y*(r), Z"(r),/RU"(h y)5(y)f11(dy)>

T
+ KE[/ ePr
0

—fy (V, Y"(r),Z”(r),/RU”(h y)5(y)m(dy))>Ys’0(r)

Ds,0f<V,Y(r),Z(V),fRU(h y)ﬁ(y)m(dy)>

2
dri|

(fy (r,Y(r),Z(V),/RU(’Z y)5(y)m(dy))

+ (fz (r, Y (), Z(r), /R UG, y>8<y)m(dy>)

s (r, Y (), 27 ), /R U, y)a(y)m(dy>))23~0<r>
4 (fu (r, Y (), Z(r), /R U, y>6<y)m(dy>)

—fi (r, Y (), 2" (), /R an y>8<y)m(dy>))

2
dri|

fy(ry Y”(r),Z"(r),/RU"(F, y)8(y)m(dy))

: fR USOr, y)8(y)m(dy)

T
+KE[/ e’
0

A(Y*0r) = Dy 0Y" ()

+fa (h Y"(r), Z"(r), /R ut(r, y)5(y)m(dy)) (2°°(r) = D5 02" (r))
+ fu <r» Y"(r), 2" (r), /H; U, y)S(y)M(dy)>

2
: /R (U2, y) = Dy oU" (r, ))8(y)m(dy) dr}. (3.58)

The first expected value in (3.58) converges to zero by the Lipschitz property of
Ds o f and the convergence of (Y", Z",U") to (Y, Z,U). The second expected
value converges to zero by the dominated convergence theorem, continuity of
derivatives fy, f;, fu and the convergence of (Y, Z",U") to (¥, Z, U). Since the
first two expected values in (3.58) converge to zero, for any small g9 > 0 we can
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find sufficiently large ng such that for all n > no we have

T
/0 (” y*0 — D, gy ! ”éz + ” 750 — p, gzt anaﬁ + ” Us0 — Dy oU ! ’|H2ﬂ§d)ds

T
- 2 2
et B[ (10— Doyt |20 Doz [
0
0 2
400~ D007 [ s,

where we use boundedness of derivatives fy, f;, f,. From estimates (3.11) and
(3.17) we can conclude that the constant K in (3.58) can be made sufficiently small

by taking o sufficiently large. Consequently, we can choose p such that K <1. By
recursion we derive for n > ny

T
fo (J7*0 = Dyo¥™ oo + 20 = Dyoz" [ + U = DyoU" ! |2 )dis
T

T
<R [ (e = oo |2 = o2 [+ |00 = Duo” )t
T
+ &0
T
<k [0 = pygr 20 - Doz
0

. 2 &0
+ U™ = DyoU™ | s + ——-

We can conclude that the limit (3.57) holds. Next, we prove the following limit

lim (|vs7 = D5 Y™ |%
n=00 J1o 7% (R\(0})

+ ]2 = Doz i + |U = DU e Jm(da)ds = 0. (359)
T

By the a priori estimates (3.4) and (3.6), the Lipschitz property of f and the Cauchy-
Schwarz inequality we derive

[Y5F = Doy ™G 4+ [ 2 = Do 2 + U = DU 2
T

T
= KE[/ epr|fs,z(r) - Ds,zfn(r)|2dr:|

e T e
T

IY" = Ylig, + 12" = Zligp + 1U" = Ullgs
+ - - ) (3.60)

Z
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We notice that

YS,Z _ D Yn+1 2
/[‘O,T]X(R\{O})(” v e

125 = Doz P+ U = DU P Jm(az)ds
T

T
=1 Y$:—D le-l—l 2
im [ /IZ (e par

+ 12 = D2 g + U = DoUM L Imid2)ds. (361
’Y‘{

and we can prove that this convergence is uniform in n, see Theorem 4.1 in Delong
and Imkeller (2010b). We fix € > 0. From (3.60) we obtain

T
/0 /Z|>S(” yse _ Ds,zYn+1 ||éz

125 = Doz [y 4 U = D0 P s
T

T
<{[ [ (re-por
0 |z|>¢

125 = Dz P+ U = DU [ miaids
T

2 2 2
+(y" =Yg+ 2" - Z| + 0" - U||Hid)T/

|z|>¢

v(dz) }
From estimates (3.11) and (3.17) we can conclude that the constant K in (3.60)
can be made sufficiently small by taking p sufficiently large. Hence, we can choose

K < 1. Since (Y", Z",U™)peN converges, for any small g9 > O we can find suffi-
ciently large ng such that for all n > ng we have

T
. 2
/ /|Z>£(||Y3’Z—DS,ZY"H||SQ

1255 = Doz P+ U5 = DU P s
’Y‘l

T
<k [ [ (-
0 |z|>¢

+ 2% = Do 2" + | U™ = DiU" [ )md2)ds + .
T

By recursion we derive for n > ny

T
2
[ [ =
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+ 2% = Doz [ + | U = DU 2 Ym(d2)ds
T

T
o A (e e
0 |z|>¢

25 Dzt U DUy Imazids +
T

and we end up with the limit

T
i iz _ +1)2
g [ (= oo

+ |25 = Dy, Z | + |USE - Dy U |}§H2d)m(dz)ds =0, &>0.
T

The limit (3.59) follows by interchanging the limits in n and ¢ in (3.61). Combining
(3.57) and (3.59) we get

. z_ 412
dm [ v

+ ]2 = Doz i + | U = DU R Juids. dz) =0,
T

5. The Malliavin derivative process. Since the space L.'2(R) is a Hilbert space
and the Malliavin derivative is a closed operator, the assertions that (Y, Z,U) €
L'2(R) x L'2(R) x L'2(R) and (Y3(1), Z% (1), U (1, Y))ozs.<T.(r0)e@R
is a version of the derivative (Dy ;Y (1), Ds ;Z(t), D5 U(t, ¥))0<s,i<T,(y,2)eRxR
hold.

The key consequence of Theorem 3.5.1 is that we can interpret the solution
(Z,U) as the Malliavin derivative of Y. Before we formally state this result, we
have to define the predictable projection of a process.

Definition 3.5.1 Let V be a measurable process such that for any predictable time ©
the random variable V (t)1{r < oo} is integrable with respect to the filtration .7, _.
There exists a unique predictable process v? satisfying

E[V(0)1{t < 00}|Fr—] =V (1)1{r < o0},
which is called the predictable projection of V.

We remark that for an adapted, cadlag, quasi-left continuous process we have
v? (t) =V (t—), see Theorem 4.23 in He et al. (1992).

Proposition 3.5.1 Under the assumptions of Theorem 3.5.1 we have

(DoY) (1))o<i<r is a version of (Z(t))o<i<T
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(D1, Y)7 (1))0<t<T,ze®\(0}) is @ version of (U(t, 2))o<i<T,ze(R\(0})»
where (Y, Z, U) solves the BSDE (3.45).

Proof The solution to (3.45) satisfies
Y(s)=Y(0) — /0 f(r, Y(r), Z(r), /R Ufr, y)5(y)m(dy)>dr

+fSZ(r)dTC(r)+/S/ U, )Ydr,dy), 0<s<T. (3.62)
0 0 JR

Differentiating (3.62) in line with Proposition 2.6.6, we obtain for v-a.e. (u,z) €
[0, T]xR

N N
Du,OY(S):Z(u)_/ Du,of(r)dr+/ Dy oZ(r)dT“(r)
u u
S
+/ /DM,OU(r,y)Td(dr,dy), O<u<s<T,
u R

DY (s) = Ulu,z) — / D f(r)dr + / ' DuZ(dTE ()

u

S
+/ /DM,ZU(r,y)Td(dr,dy), O<u<s<T, z#0,
u R

where the derivative operators D,, , are defined by (3.47) and (3.49). Since the map-
pings s > [ Dy . f(r)dr, s — [ Dy .Z(r)dY“(r) are continuous and the map-
ping s > [ [ Dy U(r, ») Y9 (dr, dy) is cadlag, letting s | u we get the following
relations

Dy oY) =Z(u), as.ae. (w,u)es2x[0,T],

Dy Y(w)=U(u,2), as.,v-ae (o u,z) € x[0,T]x(R\{0}).

Some measurability considerations complete the proof, see Corollary 4.1 in Delong
and Imkeller (2010b). g

Proposition 3.5.2 Under the assumptions of Theorem 3.5.1 and with |8(z)| < K z,
z € R, we have

(D)7 (t))o<i=T is aversion of (Z(t))o<i=T
G, . .
(D1 Y)7 (1))0<r<T zer\(0)) is a version of (U (t, 2))o<t<T,ze(R\(0})s

where (Y, Z, U) solves the BSDE (3.43).

We recall that Dy is the classical Malliavin derivative on the Wiener space, see
Sect. 2.2.
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Proposition 3.5.2 shows an important application of the Malliavin calculus to
BSDEs. The formulas from Proposition 3.5.2 can be used to derive the control pro-
cesses (Z,U) provided that we already have the solution Y. Examples are con-
sidered in Sect. 8.2. In Chap. 4 we use the Malliavin representations of (Z, U) to
establish explicit formulas for the control processes of a general Markovian BSDE.
In the financial context, Proposition 3.5.2 characterizes a hedging strategy, which
usually depends on (Z, U), as the Malliavin derivative of a price process or a repli-
cating portfolio Y. The Malliavin representations from Proposition 3.5.2 can also be
used in numerical algorithms.

We now use Proposition 3.5.2 to gain an insight into the predictable representa-
tion property. We recover the Clark-Ocone formula.

Theorem 3.5.2 Assume that £ € DV2(R). We have the representation

T T
£ —E[£] + / Z2 (5)dW (s) + f / 27 (s, )N (ds. dz),
0 0 R
where % (s) = E[Ds&|.F5) and % (s, z) = ZE[ Dy ;& |.%5].

Proof Finding the predictable representation of £ is equivalent to solving the BSDE

T T
Y(;):g—/ Z(s)dW(s)—f /RU(s,z)z\?(ds,dz), 0<t<T.
t t

Clearly, Y (t) = E[£|.%,]. Moreover, ¥ € D12(R) by Proposition 2.6.3. We can
prove our result by following the reasoning from the proof of Proposition 3.5.1
and applying Propositions 2.6.3 and 2.6.6. If sup, ,)c(0.71xr Ell Dr.2§ |?] < oo, then
the result follows directly from Proposition 3.5.2. g

The Clark-Ocone formula gives a direct method for deriving the predictable rep-
resentation of a random variable. We notice that the Malliavin derivatives determine
the integrators in the predictable representation. We now present two examples.

Example 3.2 Let £ = (K — e"W<T)_%“2T)+. In Example 2.12 we show that

Dy of = —eo VD=3 T 1o W(I)=39°T _ g} By Proposition 2.6.1 we get D;& =

) 1 2 .
—ge® W =30 T eoW(N=20"T - K} We can conclude that there exists a mea-

surable function ¢ : [0, T] x R — R such that
go(t, W(l)) = —GE[e‘TW(TF%Ule{e“W”)*%“zT < K}Iﬂ}], 0<t<T,

and the predictable representation of £ is given by the formula

T
s:]E[EH/O @(s, W(s))dW(s).
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Example 3.3 Let £ = (J(T) — K)™ where J is a compound Poisson process with
jump size distribution g. We assume that g is supported on (0, c0) and satisfies
Jo° ¥%q(dy) < oo. In Example 2.14 we show that zD; ;& = (J(T) +z — K)* —
(J(T) — K)™. We can conclude that there exists a measurable function ¢ : [0, T] x
[0, 00) — R such that

o(t, J)=E[(J(T) - K)"|#], 0<t<T,

and the predictable representation of £ is given by the formula

T 00 5
g:E[s]+f0 /0 (o(s, J(s=) +2) — (s, J(s—)))N(ds, dz),

where we use the predictable projection of the cadlag, quasi-left continuous pro-
cess J.

In Sects. 3.3 and 3.4 we point out that the nonlinear BSDE (3.33) or (3.40) can
be reduced to a linear BSDE if the control process does not change its sign. We may
deduce the sign of the control process by the applying Malliavin calculus.

Example 3.4 Let us recall Example 1.3 and the expectation
Y (1) = sup EQ[(J(T) - K) "7, 0<i<T,
Qe2
where J is a compound Poisson process under [P with jump size distribution ¢ and
intensity X, and

dQ
dP

|\ = M(T), LA —/ k(t,2)N(dt,dz), M(0)=1,

2= ~P: =
{Q M@—) Jr

k is .77 -predictable,

/c(t,z)| <8< 1}.

Under an equivalent probability measure Q € 2 determined by « the process J has
the jump size distribution and the intensity

14+k(t,2)

Q. dr) =
44D = T @) !

(dz), 0<t<T, zeR,

)»Q(t)=/(l+/c(t,z))q(dz))», 0<r<T.
R

Let us assume that the distribution g is supported on (0,00) and satisfies
fooo z2q(dz) < oo. By Proposition 3.4.2 the process ¥ solves the nonlinear BSDE

T o]
Y = (/1) -K)* +/ /0 5|U(s. )| (do)ds
t
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T [e%e)
—/ / U(s,z)N(ds,dz), 0<t<T. (3.63)
t 0

We now consider the linear BSDE
" T 00
Y1) = (J(T) - K) +/ f 8U (s, 2)rq(dz)ds
t 0

T %)
—/ / U (s,z)N(ds,dz), 0<t<T. (3.64)
t 0

By Proposition 3.4.1 the solution % is derived from the predictable representation
L N n T 00 -
() - &) =BV - K) T+ [ [T 2608 @s.az,
0 Jo

where Q* is the equivalent probability measure under which J has the jump size
distribution g and the intensity (1 4 §)A. Recalling the results from Example 3.3,
we can conclude that the control process Z (s, z) = ¢(s, J(s—) +2) — (s, J(s—))
from the representation of the martingale ¢(z, J (¢)) = EQ*[(J(T) — K)T|.%] is
non-negative. By uniqueness of solution to (3.63) we deduce that (¥,U) and
(%, ) must coincide. Consequently, the nonlinear BSDE (3.63) reduces to the
linear BSDE (3.64).
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Quenez (2011), Jiao et al. (2013), Kharroubi and Lim (2012). In the proof of Theo-
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Pardoux and Peng (1990) and Briand et al. (2003). For the notion of a weak solution
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Chapter 4
Forward-Backward Stochastic Differential
Equations

Abstract We investigate a backward SDE with a generator and a terminal condition
which depend on the state of a Markov process solving a forward SDE driven by a
Brownian motion and a compensated Poisson random measure. Such an equation is
called a forward-backward SDE. In the Markovian setting we show that the unique
solution to a backward SDE can be written as a function of a forward state process.
We derive formulas for the control processes by applying the 1t6’s formula and the
Malliavin calculus. We establish the connection between the solution to a BSDE and
the viscosity solution to a partial integro-differential equation. A generalization of
the Feynman-Kac formula is given. We also deal with a coupled forward-backward
SDE in which a solution to the backward component also affects the forward com-
ponent.

In Chap. 3 we study BSDEs with random terminal conditions and generators which
depend on a Brownian motion and a random measure in an arbitrary way. In this
chapter we assume that the randomness of the terminal condition and the generator
comes from the state of a Markov process solving a forward SDE. We deal with
forward-backward stochastic differential equations driven by a Brownian motion
and a compensated Poisson random measure. We derive crucial results, such as the
connection between BSDEs and PIDEs and the nonlinear Feynman-Kac formula.
Let us remark that in majority of applications we deal with FBSDEs where the
forward SDE models a risk factor.

4.1 The Markovian Structure of FBSDEs
We consider the forward stochastic differential equation
2(s)=x+ /;Su(%(r—))dr +/tso(3{(r—))dW(r)
+/tS/Ry(%(r—),z)z\7(dr, dz), O0<r<s<T. 4.1)
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The process 2~ is called a state process. By (Z7*(s),t <s < T) we denote a
solution to (4.1) parametrized by the initial data (¢, x). We set 2" (s) =x, s <.
Let us assume that

(B1) the random measure N is a Poisson random measure generated by a Lévy
process with a Lévy measure v,

(B2) the functions p : R — R and o : R — R are Lipschitz continuous,

(B3) the function y : R x R — R is measurable and satisfies

ly, 2| <K(1Alzl), (2 eRxR,
ly,)—y(x.2)| < K|x =x'|(1Alzl), (x.2), (x,z) eRxR.

We deal with a time-homogenous dynamics of the state process but time-dependence
can be easily introduced. We also restrict our study to a Poisson random measure
generated by a Lévy process, which is the most common case investigated in the
literature. An extension to cover a general random measure is possible by using
formula (8.17) or considering an additional state process.

We state some properties of a solution to the forward SDE (4.1).

Theorem 4.1.1 Assume that (B1)—(B3) hold.

(a) For each (t,x) € [0,T] x R there exists a unique adapted, cadlag solution
L= (X (s),t <s <T)to(4.1).
(b) The solution Z" is a homogenous Markov process.
(¢) Forall (t,x), (t,x)(',x")€[0,T] x R and p > 2 we have
E[ sup |27 (s) — x| < K (14 [x1P)(T —1),

t<s<T -

IE[ sup |%t’x(s)—£””xl(s)|p- <Klx—x'

t<s<T

P (4.2)

E[ sup |27) = 27 @) | < K (Jx ="+ (14 [ v ) e = o)),

t<s<T

Proof Case (a) follows from Theorem 6.2.9. in Applebaum (2004), case (b) follows
from Theorem 6.4.6 in Applebaum (2004). The first and the second estimates from
case (c) are taken from Proposition 1.1 in Barles et al. (1997), the third estimate

can be proved by classical techniques for SDEs, see Lemma I1.2.2 in Gihman and
Skorohod (1979). O

Theorem 4.1.2 Let (B1)-(B3) hold.

(a) Assume that the functions u and o are continuously differentiable and y is
continuously differentiable in the first variable x. Then, the process X" is
Malliavin differentiable and we have

sup ]E[ sup ‘DS,Z%”X(r)ﬂ < 00. 4.3)
(s,2)€[0,T]xR rels,T)
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(b) Assume that

(i) the functions u and o are twice continuously differentiable and the first
derivatives satisfy (B2),
(1) the function y is twice continuously differentiable in the first variable x
and the first derivative satisfies (B3),
(>iii) the function (x, z7) — yx(x, z) is continuous,
(iv) o(x) #0and 14 yy(x,z) #0 for (x,z) e R x R.

Then, the probability law of Z"*(s), for s > t, is absolutely continuous with
respect to the Lebesgue measure.

Proof Assertion (a) follows from Theorem 3 in Petrou (2008). We prove asser-
tion (b). Choose s € (¢, T']. By Propositions 2.6.1, 2.6.5 and 2.6.6 we derive

Dy 2" (s)

:O'(Q/O?//‘I’X(M)) +/

u

S

‘ M’(%t’x(r—))Du XN (r=)dr
+ / o (2 =) Dy 2 () AW ()

+// Y (2 (r=),2) Dy 2" (r—)N(dr,dz), 0<t<u<s<T.
u IR @.4)

It is clear that we have

D, AR (s)
—0 ((@t,x (u))efj WAL @) dr+ [ o (X (r=)dW )+ [3 [p v/ (X (r=),2)N(dr.dz)

ol fya Oy (275 @).2) =y (2 @) 2)pv(dadr=1 [ 10" (20 () Pdr

—y! LX (o
Mp<r<siasm=1 L+ ¥ (255 (=), AJ(r))e VIEH,AT )

et [z 04y (2 )=y (X ) INERdD <y <5< T
From the cadlag property of the integrals and the process .2°"* and assump-
tion (iv) we can deduce that u > D, 2""*(s) is a.s. bounded away from zero on
[z, s]. Hence, fls | Dy, 275 (s)|2du is a.s. invertible. We can show that .2 *(s) and
D, Z"*(s) have moments of all orders. We can also show that D, Z2™* (s) is Malli-
avin differentiable and D, D, 2 "* (s) has moments of all orders. Absolute continu-
ity of the probability law of 2"*(s) now follows from Theorem 18.3 in @ksendal
and Sulem (2004). Il

We investigate a backward SDE with a terminal condition and a generator which
depend on the state process solving the forward SDE (4.1). We deal with the back-
ward stochastic differential equation
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Yot (s) = g(27(T))

T
+ / f(r, =), Y (r=), ZM (r), / Ut~ (r, z)S(z)v(dz))dr
K R

T T
_/ Z’*"(r)dW(r)—f /U”"(r,z)](’(dr,dz), t<s<T. (45)
s K R

The form of the generator considered in (4.5) is most common in applications, see
also Sects. 3.2 and 3.5. The system of equations (4.1) and (4.5) is called a forward-
backward stochastic differential equation. A solution to the system (4.1), (4.5) is a
quadruple (2,Y, Z,U) € S(R) x S*(R) x H?(R) x H3 (R).

We assume

(B4) the function f : [0, T] x R x R x R — R is continuous and satisfies the Lip-
schitz condition

|f(t,x,y,z,u)—f(t,x/,y/,z/,u/)|
=K =+ |y =y [+ [ =]+ |u—v

),

forall (t,x,z,u), (t,x",7,u) €[0,T] xR xR x R,
(B5) the functions § : R — R and g : R +— R are measurable and they satisfy

8@ <K(1Alzl), zeR,

|g(x)—g(x’)| < K|x—x' , x,x eR,

(B6) foreach (¢,x,y,z) €[0,T] x R x R x R the mapping u — f(¢,x,y,z,u) is
non-decreasing, and 8(z) >0, z € R.

Assumptions (B1)—(B5) are standard in the theory of FBSDEs. Assumption (B6) is
needed in Sect. 4.2 where we apply a comparison principle.

Existence of a unique solution to the FBSDE can be immediately deduced from
Theorems 3.1.1 and 4.1.1.

Theorem 4.1.3 Under assumptions (B1)—(B5) there exists a unique solution
(2,Y,Z,U) € 2 (R) x S*(R) x H?(R) x H3 (R) to the FBSDE (4.1), (4.5).

Intuitively, in our Markovian setting we expect to represent the solution to the
BSDE (4.5) as a function of time and the state process (4.1). The first result gives
such a representation for the process Y, see Corollary 2.3 and Remark 2.4 in Barles
etal. (1997).

Proposition 4.1.1 Under the assumptions of Theorem 4.1.3 there exists a measur-
able functions u : [0, T] x R — R such that

Yt’x(s)zu(s, 5&””(5)), O0<t<s<T.

In particular, Y (t) = u(t, x).
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We prove a technical, but useful, result which shows that the function u(z, x) is
Lipschitz continuous in x and locally %-Ht’)lder continuous in ¢.

Lemma 4.1.1 Under the assumptions of Theorem 4.1.3 the function u(t,x) =
Y ¥ (t) is continuous on [0, T] x R. Moreover, the function u satisfies

|u(t,x) — u(t’,x’)|2

5K(|x—x’|2+(l+|x Vx/|2)|t—t’

), (,x), (', x")e[0,T] xR.
Proof Consider the parametrized BSDE

Y5 (s)
=g(2"(T))

T
—+—/ Hr<r< T}f(r, XN (r), Y (), Zt’x(r),/ Uh*(r, z)S(z)v(dz))dr
s R

T T
_ / 785 (AW (r) — / / U™ (r,2)N(dr,dz), 0<s<T.
s s R

We can define Y (r) = Y"*(¢) = u(t,x) and Z"*(r) = U"*(r,z) =0 for r <t.
By the a priori estimate (3.7), assumptions (B4)—(B5) and the moment estimates
(4.2) we derive

.o = [y 0 < v
T
SKE[Ig(%”*<T>)|2+/ 1{’ffST}lf(r,%f’x<r>,0,o,0)|2‘”]
0

< KIE[I + sup |5&””x(r)|2] <K(1+x]). (4.6)

0<r<T
Let ¢’ > t. The a priori estimate (3.7) and assumptions (B4)-(B5) yield
|Yt,x (t) — y!' X (t’)|2

=y 0) — v o) < IE[ sup [Y"(s) — Yl/’x/(s)|2]
5€[0,T]

< KE[!g(%WT)) —g(2" (M)

+ /()

- 1,/<r<rf<r, 20 ), YN ), 27 (), / U, z)8<z)v<dz>)
R

1zsrgf(r, 2 ), Y (), 20 (), / U, z>8<z>v<dz>>
R

2
dri|
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T
< KE[\%’>X(T) — 2" (@) +f |2 ) — 27" () ar
t/

t
+f
t

< KE[ sup |27 (r) — 27 ()|

0<r<T

!

2
dri|

f(r, 205, Y (), 20 (), / U, z>6(z>v(dz)>
R

t/
+/ <1+|<%””‘(r)}2+}Y”“(r)!2
t
4 ’Zt/’X/(r)|2+/ |Ut/’X/(r, Z)|2V(dZ)>dri|.
R

Since Y"'¥'(r) = u(t’,x’) and Z'*'(r) = U"*'(r,z) = 0 for r < ', by (4.6) and
(4.2) we get

Yo () — vy ()] < KIE|: sup |27y — 27" ()|

0<r<T

t/
+/ (1+|x|2+ sup |%”x(r)—x|2+|u(t’,x’)|2)dr]
' T

O<r=<

<K(x =2+ 1+ e v ) =1]). 0
We now characterize the control processes (Z, U).

Theorem 4.1.4 Assume that (B1)—(BS) hold. Let the generator f satisfy the as-
sumptions of Theorem 3.5.1 and let the functions  and o be continuously differ-
entiable and y be continuously differentiable in the first variable x. Consider the
function u defined in Proposition 4.1.1. If u € €%'([0, T x R) or the probability
law of X' (s), for s > t, is absolutely continuous with respect to the Lebesgue
measure, then

ZM(s) = ux(s, &V”x(s—))a(%t’x(s—)), t<s<T,
U (s,2) =u(s, 2" (s—) + y (2% (s-), 2))
— u(s, %”x(s—)), t<s<T, zeR.
Proof By Proposition 4.1.1 we have Y"*(s) = u(s, 2" (s)). From Theorem 4.1.2
we know that 2~ is Malliavin differentiable. Property (4.3) yields that the assump-

tions required for the terminal condition from Theorem 3.5.1 are satisfied. Hence,
from Theorem 3.5.1 and Proposition 3.5.2 we deduce the representations

7 (s) = (Dyu(s, 25(9)))” . U (s.2) = 2(Dscu(s, 25()))”. 4.7
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Since x — u(t, x) is Lipschitz continuous, we can apply the chain rule from Propo-
sition 2.6.4 to (4.7). The derivative Dy 2" (s) = o (2" (s)) can be immediately
deduced from (4.4). In a similar way to (4.4), we can prove that zDs , ¥ (s) =
y(Z'1*(s), z). The representations for Z and U follow by taking the predictable
projections. g

We remark that u, denote first derivative of the function u(z, x) with respect to
the second state variable and .2"* denote the solution to the forward SDE (4.1) with
the initial condition 2 (¢) = x. For assumptions under which u € 1[0, T x
R) we refer to Bouchard and Elie (2008). Assumptions which guarantee that u €
%”1’2([0, T] x R) can be found in Theorem 4.3.1. Assumptions under which the law
of 2" is absolutely continuous are given in Theorem 4.1.2.

We point out that Theorem 4.1.4 gives direct formulas for the control processes
(Z,U) of a BSDE, assuming that we already have the function # which charac-
terizes the solution Y. The formulas from Theorem 4.1.4 are of great importance
and they are used in applications (including in numerical algorithms). Examples are
considered in Sect. 8.2. In the financial context, Theorem 4.1.4 yields delta-hedging
strategies.

The question remains: how to find the function « and its derivative u, which
characterize the solution to a FBSDE. In the next chapter we show that u and u,
can be derived by solving a partial integro-differential equation. Before we move to
the next chapter which deals with PIDEs, let us consider a FBSDE with zero gen-
erator. For this special FBSDE we can show that the function u and its derivative
u, can be represented as conditional expectations of the state process. Such repre-
sentations allow us to calculate the solution to a FBSDE with zero generator or find
the predictable representation of a pay-off contingent on a Markov process by using
analytical formulas for expectations or applying Monte Carlo simulations.

Proposition 4.1.2 We investigate the FBSDE

N

X (s)=x+ /s u(%t’x(r—))dr +/ a(%t’x(r—))dW(r)
t t

+/ fy(%(r—),z)](/(dr,dz), 0<t=<s<T,
t JR

(4.8)
YH¥(s) = g(27N(T))

T T
- / Z'*(r)dW(r) — f / U™ (r,z)N(dr,dz), 0<t<s<T.
N s R
Let the assumptions of Theorem 4.1.2 hold and let the function g : R — R be Lips-

chitz continuous. Consider the function u defined in Proposition 4.1.1. We have the
representations

u(t,x) =E[g(2"5())], .0 €l0,TI1xR, 4.9)
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and

9
uy(t,x) = aE[g(%”x(T))]
=E[g (2" (D)#"*(T)], (1,x)€[0,T) xR, (4.10)

where the process %/'* satisfies the forward SDE
i (s) =1+ f V(o) (2 (r—))dr
t
N
+ f YF(r=)o' (2 (r=))dW(r)
t

+/‘/@M(r—)y’(%w(r—xz)mdr,dz), 0<i<s<T,
rIR (4.11)

and V' (w, s) = ;—x%t'x(w, s), (w,s) e 2 x[¢t,TI.

Proof By Theorem 4.1.3 there exists a unique solution (£, Y, Z, U) to (4.8). Rep-
resentation (4.9) is obvious. We prove (4.10). From Theorem 3.4 in Kunita (2004)
we recall that x > 2" (w, s) is continuously differentiable and the derivative
%&V’*J‘(w,s) satisfies (4.11). By Theorem 4.1.2 the random variable 2" (T)
has an absolutely continuous probability law with respect to the Lebesgue mea-
sure. Consequently, x — g(2"*(T)) is a.s. differentiable. We now justify the in-
terchange of the limit and the expectation. We fix (¢, x) € [0, T) x R. We consider
a family (Ay)qer defined by

g(ZH(T)) — g(ZH4(T))

X —

Ay = ' aeR. 4.12)

The Lipschitz property of g and the moment estimate (4.2) yield

2 X o 2
E t, _ t,
]SK N2"(T) — 270T)|7] <K. acR
Ix — af?

EH (X (T)) — g(Z (D))

X —

which proves that the family (A, )qeRr is uniformly integrable. Hence, we get

t,x _ t,a
limE[g('% (T) —g(Z (T))}

a—>x X —«
t,x _ o
ZE[O}E}}C g(% (T)i _i(% (T)):| :]E[g/(%t’x(T))gt’x(T)] 0

We give an example illustrating the application of Theorem 4.1.4 and Proposi-
tion 4.1.2.
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Example 4.1 We are interested in finding the predictable representation of & =

(K — Z(T))T where dZ (t) = Z (t)odW(t), X(0) = x9 > 0. Let #"¥(s) =
%%”X(s). The process %' satisfies the equation

A (5) =1 +/A Y VedW(r), 0<t<s<T,
t

and we immediately deduce that &% (s) = -
E[(K — Z"*(T))*]. By Proposition 4.1.2 we derive

@ t <s<T.Let u(t,x) =

1
up(t,x)=—-E[{2"(T) <K} 2" (D)]-, (@t.x)€[0,T)x (0,00). (4.13)
X
Recalling the formula for the control process from Theorem 4.1.4, we conclude that
the predictable representation of & takes the form
T

$=E[E]+/O o(t, 205 0)dW @),

where

o(t,x) =u,(t,x)ox
=—oE[1{27"%(T) < K} 2" ()], (1,x)€[0,T]x (0, 00).

Clearly, the representation coincides with the representation from Example 3.2
where we apply the Malliavin calculus. We remark that the approach based on the
Malliavin calculus can be used for a general non-Markovian BSDE, whereas Theo-
rem 4.1.4 and Proposition 4.1.2 only hold for Markovian BSDE:s. It is well-known
that

In(%) +0%/2(T — 1)
oT —t

where @ denote the distribution function of the standard normal random variable.

<p(t,x)=—xad><— >, (t,x) €0, T] x (0, 00),

4.2 The Feynman-Kac Formula and the Connection with Partial
Integro-Differential Equations

In Proposition 4.1.1 and Theorem 4.1.4 we characterize the solution to a FBSDE
with a function u. For a FBSDE with zero generator and for a FBSDE with generator
independent of (Y, Z, U) we can use Proposition 4.1.2 to find the function u. For a
general FBSDE the function # can be derived by solving a partial integro-differential
equation. In this chapter we consider the PIDE
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—u(t,x) — ZLu(t,x)
—f(t,x, u(t,x), ux(t, x)o(x), fult, x)) =0, (,x)el0,T)xR, 4.14)
u(T,x)=gx), xekR,

where we introduce two operators
LU, = 11,30 + 50" (uan(,)
+ /R(u(t, X+ y(x,2) —ut,x) =y, Duxt,x)v(dz),
Fult.x) = /R(u(t,x (. 2) — ult. )5 ()v(d2).

which are defined for u € %1’2([0, T] x R), see Sect. 12.2 in Cont and Tankov
(2004).
First, we give a generalization the Feynman-Kac formula.

Theorem 4.2.1 Assume that (B1)~(B5) hold. Let u € €*([0, T] x R) satisfy the
PIDE (4.14) and the linear growth conditions

lut, )| < K(1+1x), |ue@ 0)|<K(1+Ix]), @.x)€[0,T]xR.
Then

Yh¥(s) = u(s, %t’x(s)), t<s<T,

ZN(s) =uy(s, Z(s—))o (27 (s—)), 1<s<T,
(4.15)
Ut’x(ss Z) = M(S, ‘%t’x(s_) + V(%t’x(s_), Z))

—u(s, Z"(s—)), t<s<T,zeR,
is the unique solution to the BSDE (4.5). Moreover, we have the representation
Y5 (1) = u(t, x)

_ ]E[g(gm(r))

T
+/ f(r, %””‘(r),Yt’x(r),Z”‘(r),/ Ut’x(r)zs(z)v(dz)>dr],
t R

0<t<T. (4.16)
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Proof By the 1t6’s formula we obtain

u(T, Z55())

T
s, 2 (5)) + / e (r, 27 (=) dr
) A
+/ Uy (r’ gbrt,x (r—))d%t’x (r)
T
*/ Sttae (s 2 =)o (271 (=) dr

/ [l 2 oy (200 0-.2)

r, 205 (r=)) —ux(r, 55 (r =)y (27 (r—), 2))N(dr, d2),

tSSST.

Since the process 2~ satisfies (4.1) and the function u satisfies (4.14), we derive

T
g(%t’x(T)) = u(s, %”x(s)) - / f(r, X (r—), u(r, %t’x(r—)),
Uy (r, %t’x(r—))a(%t’x(r—)), ju(r, %t’x(r—)))dr

T
—i—/ ux(r, % (r=))o (27 (r=))dW(r)

T
+/ / (u(r, X (r—) + y(ﬁ”t’x (r-), z))
s R

—u(r, " (r-)))N(r,dz), t<s<T. (4.17)

Hence, the candidate solution (4.15) satisfies the BSDE (4.5). By the growth con-
ditions for o, y, u, uy and the moment estimates for 2~ we can show that
(YHX, 2% UBY) e S2(R) x HE(R) x ]HI%V (R). By uniqueness of solution the candi-
date solution (4.15) is the unique solution to the BSDE (4.5). Representation (4.16)
can be established by taking the conditional expectation of (4.17). g

Theorem 4.2.1 establishes a probabilistic representation of a solution to the PIDE
(4.14). The result of that theorem shows that we can find the unique solution to the
BSDE (4.5), which has the representation (4.16), by finding the unique solution to
the PIDE (4.14). In the case when the generator f is independent of (Y, Z, U) we re-
cover the classical Feynman-Kac formula, which is well-known in financial mathe-
matics and option pricing. In the general case, we have the non-linear Feynman-Kac
formula.

Theorem 4.2.1 relies on the smoothness assumption for u. We cannot always
expect that a smooth function u solves (4.14), see Sect. 12.2 in Cont and Tankov
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(2004) and the discussion at the end of Sect. 4.3. In order to relax smoothness as-
sumption, we can work with the concept of a viscosity solution, see Definition 3.1
and Lemma 3.3 in Barles et al. (1997).

Definition 4.2.1 We say that u € € ([0, T] x R) is

(i) a viscosity subsolution to (4.14) if
u(T,x) <glkx), xeR,

and for any ¢ € €1-%([0, T] x R), whenever (¢,x) € [0, T] x R is a global
maximum point of u — ¢, we have

_(pt(t7-x) _g(p(t’x) - f(t’xa u(t,x), (px(ta-x)o(tﬂx)’ j(p(tvx)) =< 0.
(i1) a viscosity supersolution to (4.14) if
u(T,x)>gkx), xeR,

and for any ¢ € ‘51*2([0, T1 x R), whenever (¢, x) € [0, T] x R is a global
minimum point of u — ¢, we have

_¢I(t7x) _g(p(tv-x) - f(t7xvu(tvx)v(px(tvx)a(tvx)a /(p(t7x)) ZO

(iii) a viscosity solution to (4.14) if it is both viscosity sub and supersolution
to (4.14).

We now prove that the unique solution to the BSDE (4.5) is linked to the unique
viscosity solution to the PIDE (4.14).

Theorem 4.2.2 Assume that (B1)-(B6) hold. Let Y''* be the unique solution to the
FBSDE (4.1), (4.5). The function u(t,x) = Y"*(t) is the unique viscosity solution
to the PIDE (4.14) in the class of solutions that satisfy the growth condition

| l‘im |u(t,x)|e_"l°g2(‘x|) =0, 0<t<T, c>0.
X|— 00

Proof By Theorem 4.1.3 and Proposition 4.1.1 there exist a unique solution
(Ytx, ZH* U'*) to (4.5) and a measurable function u such that Y’*(s) =
u(s, Z1(s)),t <s < T.We prove that u(¢, x) = Y"*(¢) is a subsolution to (4.14).
By Lemma 4.1.1 u is continuous on [0, T'] x R. Choose (¢, x) € [0, T] x R and
(RS ‘51’2([0, T1] x R) such that ¢ (¢, x) = u(¢,x) and ¢ > u on [0, T] x R. For any
(NS €12([0, T] x R) we can find a sequence of continuously differentiable func-
tions with bounded derivatives ¢, € %;0([0, T] x R) such that (¢,)s>1 (its first and
second derivatives) converges to ¢ (its first and second derivatives) uniformly on
compacts, see the proof of Theorem 4.2 in El Karoui et al. (1997b). Hence, we can
prove the subsolution property for ¢, € €, °([0, T] x R) and then take the limit. In
the sequel w.l.0.g. we consider ¢ € ‘55"([0, T] x R).

1. Initial estimates. Choose h > 0 such that t + h < T. The solution to (4.5)
satisfies the equation
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Y(s) = u(t+h, 25 +h))

t+h
+f f(r, %”"(r—),Y(r—),Z(V—),/ Ufr, Z)S(Z)V(dZ))dr
K R

t+h t+h ~
—/ Z(r)dW(r)—/ /U(r,z)N(dr,dz), t<s<t+h. (4.18)
K s R

Consider the BSDE

Y(s)=o(t+h, 2"t +h))

t+h
+/ f(r, %‘~X(r—),1?(r—),2(r),/ Ulr, z)8(z)v(dz)>dr
K R

t+h t+h p ~
—/ Z(r)dW(r)—/ /U(r,z)N(dr,dz), t<s<t+h.
s s R (4.19)

Since ¢ € €°([0, T] x R) and 2" satisfies (4.2), from Theorem 4.1.3 we con-
clude that there exists a unique solution (Y,Z,0) € S*(R) x H*(R) x H%V (R) to
(4.19). Since ¢ > u, by Theorem 3.2.1 and the comparison between (4.18) and
(4.19) we obtain

Y(s)>Y(s), t<s<t+h. (4.20)
Define

O, x)=¢t,x)+ Lo, x), (x)el[0,T]xR,
rt,x,2)=¢(t,x+yx,2)—oex), (x)e[0,T]xR.

From assumptions (B1)—(B3) and ¢ € %boo([O, T1x R) we can deduce the following
growth conditions

o, | <K(1+Ix?), |[Ftx,2|<KAAz), (tx,2€l0,T]xRxR.
4.21)

We now define
Y()=Y(s)—o(s, Z"7(s), t<s<t+h,
2(s) = Z(s) — px (s, 75 ())o (27" (s-)), t<s<t+h,
Us,2)=U(s,2) — (s, Z""(s—),2), t<s<t+h,
and by the It6’s formula we have

o(s, 277 (s))

t+h
=o(t+h, %”Nt—}—h))—/ O(r, 2" (r—))dr
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t+h
— / O (r, A (r—))a(ﬂ?ft’x(r—))dW(r)

t+h -
—/ /F(r, %t’x(r—),z)N(dr,dz), t<s<t+h (422
K R

From (4.19) and (4.22) it is easy to observe that ()A’, 2, 0) € S(R) x Hz(R) X
]HI%, (R) is the unique solution to the BSDE

t+h
Y(s)= / {(H)(r, 2 (r=-)) + f(r, =), o(r, 275 (r-))
+Y (=), 0u(r, 2050 2))o (2777 =) + 20,

/ (r(r, 2" (r—),2) + U, z))S(z)v(dz)) }dr

R
T R T R 5

—/ Z(V)dW(V)—/ /U(r,z)N(dr,dz), t<s<t+h. (423)
K s R

Applying the a priori estimate (3.18) to the BSDE (4.23), we get

.5 ttho, 1+h . )
IE[|Y(S)| +/ |Z(r)| dr+/ /|U(r,z)| v(dz)dr]
s K R
t+h
< KE[/ |Y () ‘@(r, Z(r))
+f (r, 205, @(r, 20 (0), g (r, 2705 () o (2775 (1),

- dr]

t+h 5
51{1@[ Y| (14 |27 ()| )dr:|

/ r(r, ﬁ””"(r),z)c?(z)v(dz))
R

rpt+h
§KE/ ’I?(r)‘(l+|x|2+‘%”X(r)—x‘z)dr}

t+h
§KE/ (|1A/(r)|+|1}(r)|2+|%”x(r)—x|4)dr:|, t<s<t+h, (4.24)
N

where we use the growth conditions for f, o, &, I' and the assumption that ¢ €
©,°([0, T] x R). By the classical estimate |y| <1+ | y|? and the moment estimate
(4.2) we derive
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A ) t+h R 5
E[|Y ()] < K]EU (1+|Ym)| + h)dr}
N

t+h
5K(h+h2+]EU |Y(r)|2er, t<s<t+h,
N

and applying the Gronwall’s inequality, see Lemma 3 in Cohen (2011), for suffi-
ciently small 2 > 0 we have

E[W(s)}z] <K(h+n*)eX" <Kh, t<s<t+h,
and
E[|Y(5)|] < Kh'?, t<s<t+h (4.25)

Combining (4.24), (4.25) and (4.2), for sufficiently small 2 > 0 we can now derive

t+h ’ t+h R 5
EU |Z(r)| dr—i—/ /}U(r, 2)| v(dz)dr}
t t R

t+h
< Kf (h'* + h + h)dr < Khh'/%. (4.26)
t

2. The proof of the subsolution property by contradiction. Suppose that for the
chosen (¢, x) we have

—@(t,x) — Lo(t,x) — f(t,x, u(t, x), ox(t,x)o (x), /(p(t,x)) >0. (4.27)

Consequently, there exist € > 0 and kg > 0, h6 > O such that fort —hg <r <t+
ho, x —hy <y < x + hj we have

—@i(r,y) = Lo, y) — f(ry, 0. y), 0x(r, Y)o (), Lo, y)) =¢e.  (4.28)

Choose small /& > 0 such that 2 < hg. Define

1 t+h
o= %E[ / v(r, %”X(r))dr:l, (4.29)
t

where
V() =@i(r,y) + Lo, y) + f(r.y, 0. y), ¢ (r. o (y), Fo(r,y)).
From (B1)—(B5) and (4.21) we can deduce the growth condition
V| <k +1y), (ny) €l0,T]xR. (4.30)
We introduce a stopping time

t=inf{s >1: |27 (s) — x| > hy}.
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By the moment estimate (4.2) and the Chebyshev inequality we establish
P(r <h) = JP( sup |27 (s) — x| > h6>
t<s<t+h

E ' QX (g) — x|2
< [Supt§351+f|th|/g|£; () — xI7] < Kh. (4.31)
0

By (4.28), (4.30), (4.31) and the Cauchy-Schwarz inequality we derive

1 t+h 1 t+h
tn = EE[/ V(r, 20" (r)dri{z > h}} + EEU V(r, 2 (r)drl{z < h}}
t t

t+h
S—EP(T>/1)+%\/P(T§]1)\/E\/E|:/ |V (r, %”X(V))|2dri|
t

s—s(l—Kh)+K«/ﬁ\/IE[l+ sup |3£”’!"(s)|4], (4.32)

t<s<t+h

which shows that if (4.27) holds then there exist &g > 0 and hg > 0 such that for
all h < hg we have ¢, < —eo. From (4.20) we now conclude that )A’(t) =Y(@) —
o, Z ) =Y @) — o, x) =Y(#) —u(t,x) =Y (@) — Y"* () > 0, and from
(4.23) we obtain

A

0<-Y(@)

t+h t+h
E[f @(r, A (r))dr +/ f(r, 1 (r), (p(r, %”t’x(r))
t t
+Y (@), Ox (r, %t’x(r))o(%t’x(r)) +Z(r),
f (r(r, 25(r), 2) + U, z))8(z)v(dz)>dri|. (4.33)
R

Finally, from (4.29), (4.32) and (4.33) we conclude that for sufficiently small 42 > 0
we must have

1A
gy < EY(I) —&n
1 t+h N
- E‘E[/ f<r’ 2N, o 27 ()) + Y (1),
t

o (r, 20 () o (2 (1) + Z(r),

f (r(r, 2(r),2) + U, z))(?(z)V(dz)>dr
R
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t+h
—f f(r, 2@, @(r, 215 0)), x(r 270 () (27 (),
t
/ r(r, 270, z)S(z)v(dz))dr}
R

1 t+h 1 t+h 1 t+h R
< KE[—/ |Y(r)|dr+—/ |Z(r)|dr+—/ /|U(r, z)a(z)|v(dz)dr]
h t h t h t R

5[(( sup IEH)}(r)H
re(t,t+h]

1 ttho o 1/2 1 1+h R 5 1/2
+ <—IE[/ |Z(r)| er + <—EU /|U(r, 2)| v(dz)dr]) )
h t h t R

where we use the Lipschitz property of f and estimates (4.25) and (4.26). We have
obtain a contradiction for sufficiently small 4 > 0. Hence, inequality (4.27) cannot
hold and u is a subsolution to (4.14).

The supersolution property of u is proved in an analogous way. For the unique-
ness we refer to Theorem 3.5 in Barles et al. (1997). O

Theorem 4.2.2 characterizes the unique solution Y to the BSDE (4.5) by the
unique viscosity solution to the PIDE (4.14). This characterization does not re-
quire smoothness assumptions. However, in applications we have to derive the con-
trol processes Z and U which cannot be characterized in the framework of Theo-
rem 4.2.2. We first use Theorem 4.2.2 to find the unique viscosity solution to the
PIDE (4.14). Next, under some additional smoothness assumptions we apply Theo-
rem 4.2.1 or 4.1.4 to derive the control processes.

4.3 Coupled FBSDEs

The FBSDE (4.1), (4.5) is called a decoupled forward-backward stochastic differen-
tial equation. In this book we focus on decoupled FBSDE:s of the form (4.1), (4.5),
which arise in most applications, but it is also worth introducing coupled FBSDE:s.
We point out that coupled FBSDEs extend the range of possible applications of
BSDEs. In Sect. 14.1 we give a financial application of a coupled FBSDE.

We consider the coupled forward-backward stochastic differential equation

t
%(l):x—i—/ M(%(s—),Y(s—),Z(s),/ U(s,z)&(z)v(dz))ds
0 R

t
+/ a(<%”(s—), Y(s—))dW(s)
0
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t ~
+f /V(%(S—),Y(s—),z)N(ds,dz), 0<r<T,
0 JR
T
Y(t)=g(%<T))+/ f(s,ms—),Y(s—),Z(s),/ U(s,zw(z)v(dz))ds
t R

T T
—/ Z(s)dW(s)—/ U(s,z)N(ds,dz), 0<t<T. (4.34)
t t

Now, not only do the terminal condition and the generator of the backward SDE
depend on a solution to the forward SDE, but a solution to the backward SDE also
affects the coefficients of the forward SDE. We are interested in finding a solution
(2,Y,Z,U) € (R) x S*(R) x H*(R) x H3 (R) to the system (4.34). This is
much more difficult, compared to the decoupled case, due to the interactions be-
tween the backward and forward components. We still assume that N is a Poisson
random measure.

As in Sects. 4.1 and 4.2, we aim to derive a PIDE for a function which could
characterize the solution to the FBSDE. We present heuristic reasoning. Assume
that there exists a solution (27, Y, Z,U) to (4.34). We expect that there exists a
measurable function u such that Y (t) = u(t, 2 (¢)). Let u € €V-2([0, T] x R). We
apply the It6’s formula and we derive

dy (1)
=du(t, Z (1))

= {u,(r, Z (1))
+ ux (1, %(r—))u<%(t—),u(t,%(r—)),Z(z),/RU(r,z)a(z)v(dzO
+ %u” (t, 2 (t=)o* (2 (t=),u(t, Z (t-)))
+/R(u(t, X (=) +y (2 =) u(t, 2 (=), z)) —u(t, Z (t-))
et T O (2Ot 2 1)), z))v(dz)}dt
Fuy(t, 2 (=)o (X (=), u(t, 2 (t-)))dW (1)

—{—/R(u(t, 2= +y(Z =), u(t, Z(-)),2))

—u(t, Z (t—)))Ndt, dz). (4.35)

Comparing the coefficients in (4.34) and (4.35), we deduce

—f(t, X (=), u(t, Z (t-)), Z(t),/ U(t,z)S(z)v(dz))
R
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=u(t, 2 (t-))
+ uy (t, %(r—))u<5&”(t—), u(t, Z (1-)), Z(t),f U(t,z)S(z)v(dz))
R

+ %u” (t, 2t =)o* (2 (t=),u(t, Z (t-)))

+fR(u(z, Z=)+y(Z =), ult, Z(t-)).z)) —u(t, Z(t-))

—ux(t, Z =)y (Z (=), u(t, Z(1-)),z))vdz), 0=<1<T,
T, 2(T)) = g(2 (T)),
u( )=g(2(D) @36

and

Z@t) = ux(t, =)o (2 (=) ult, Z (1-))), 0<t<T,
Ut,2) =u(t, 2 =) +y(Z =), ut, 2 (t-)),z)) (4.37)
—u(t,Z (=), 0<t<T, zeR.
We can define the scheme

(S1) Solve the PIDE
—u,(t,x)—ux(t,x)u<x,u(t,x),ux(t,x)a(x,u(t,x)),
/R(u(t,x +y(x,ut, x),z)) —u(t,x))(S(z)v(dz))
- %uxx(t,x)az(x, u(t, x))
—[R(u(t,x-l—)/(x,u(t,x),z)) ot x) — e (tx)y (v, e x), 2))0(d2),

- f(t,x, u(t,x), ux(t,x)o(x, u(t,x)),

/ (u(t, x4+ y(x, u(t,x), z)) —u(t, x))B(z)v(dz)) =0,
R

t,x)el0,T) xR, u(T,x)=gkx), xeR.
(S2) Using u, solve the forward SDE

(1)

t
:_X—l—/ /J,(a!gl//'(s_),u(s, <9//.(5‘_))5
0
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Uy (s, %(s—))a(%(s—), u(s, %(s—))),

A(u(s, X (s=)+y(Z (s—),u(s, Z (s—)),z))
— u(s, ,%”(s—)))S(Z)v(dz))ds

t
+/ o(%(s—), u(s, %(s—)))dW(s)

0

t
+/ /y(%(s—),u(s,%(s—)),z)z\?(ds,dz), 0<r<T,
0 JR

(S3) Set
Y(O)y=u(t, 2 (1), 0=<1=<T,
ZW) =uy(t, Z =)o (2 =), u(t, 2 t-))), 0<t=T,
Ut,2)=u(t, 2= +y(2 =), u(t, Z(-)).z)) —u(t, Z (-)),
0<t<T,zeR.

The scheme (S1)—(S3) is closely related to the four step scheme which was orig-
inally developed by Ma et al. (1994) for BSDEs driven by Brownian motions. We
present the scheme by Ma et al. (2010) which is designed for BSDEs driven by a
Brownian motion and a Poisson random measure. However, the scheme does not
allow for dependence of o and y on (Z, U). In the case when ¢ and y are indepen-
dent of (Z, U), the control processes can be directly determined by (4.37) and only
three steps are needed to solve (4.34). Otherwise, a preliminary step is needed to
determine the control processes (Z, U). To the best of our knowledge, the general
case with o and y dependent on (Z, U) has not been considered for fully coupled
FBSDEs driven by Brownian motions and random measures.

Theorem 4.3.1 Consider the scheme (S1)—(S3). Assume that

(i) the random measure N is a Poisson random measure generated by a Lévy
process with a Lévy measure v,
(i) wu, o,y and f are smooth functions with first order bounded derivatives,
(iii) |u(x,0,0,0)|+|f (¢, x,0,z,u)| <K forall (t,x,z,u) €[0,T] x R xR xR,
(iv) 0 <e<o02(x,y) <K forall (x,y) eR xR,
v) ¥(0,0,2) < K1 A|z|*) and |8(z)| < K(1 A |z]) forall z € R,
(vi) g € €*t(R) for some « € (0, 1) and g is bounded in €>+¢.

There exists a unique solution u € €12([0, T1 x R) to the PIDE defined in (S1). The
quadruple (2, Y, Z, U) defined in (S2)—(S3) is the unique solution to the coupled
FBSDE (4.34), and (%, Y, Z,U) € S2(R) x S*(R) x H?(R) x H (R).

For the proof we refer to Theorem 2 in Ma et al. (2010). We remark that a func-
tion is called smooth if it posses partial derivatives of all necessary orders, see Ma
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etal. (2010). The space €t contains twice differentiable functions with «-Holder
continuous second derivative. In particular, Theorem 4.3.1 gives assumptions under
which Theorem 4.2.1 can be applied.

The application of Theorem 4.3.1 relies on the existence of a smooth solution
to the PIDE. It is known that we should deal with a non-degenerate PIDE to have
a smooth solution, see Chap. 12 in Cont and Tankov (2004). In our framework,
o2(x,y) > & > 0 is the key assumption which guarantees that there exists a unique
smooth solution to the PIDE. In fact, the non-degeneracy of o is responsible for
solvability of coupled FBSDEs. As pointed out by Ma and Yong (1995), in order to
make a fully coupled FBSDE solvable, it is necessary that the forward diffusion is
“random enough”. This is an important difference compared to a decoupled FBSDE
which has a unique solution even for a degenerate volatility coefficient o. Notice
that in the case of a coupled FBSDE we used a PIDE to establish the existence of a
unique solution to the FBSDE, whereas in the case of a decoupled FBSDE we used
the method of contraction (see Theorem 3.1.1) to prove the existence of a unique
solution. If we used the method of contraction for a coupled FBSDE, then we could
only conclude that there exists a unique solution for sufficiently small time horizon
or sufficiently small Lipschitz constant of the generator. It turns out that assumptions
(B1)—(B5) are not enough to guarantee the existence of a unique solution to a cou-
pled FBSDE and some additional assumptions have to be introduced. Theorem 4.3.1
shows that if we consider smooth coefficients and a non-degenerate volatility coef-
ficient, then we can construct the unique solution by the scheme (S1)—(S3). Let us
point out that the four step scheme by Ma et al. (1994) was the first method for solv-
ing coupled FBSDEs which removed the restriction on the time horizon or the Lip-
schitz constant. Instead, strong regularity of the coefficients is required. In general,
a coupled FBSDE may have multiple solutions or may not have a solution. Multi-
ple solutions and non-existence of a solution to a coupled FBSDE are discussed in
Sect. 14.1.

Bibliographical Notes The proofs of Lemma 4.1.1, Theorems 4.1.4 and 4.2.1
are inspired by El Karoui et al. (1997b) and extended to cover the case of a Poisson
random measure, see also Barles et al. (1997). The proof of Theorem 4.2.2 is taken
from Barles et al. (1997). We note that the derivative u, can be characterized as a
solution to a FBSDE. Differentiability of a solution to a BSDE with respect to the
initial condition of a forward SDE is studied in El Karoui et al. (1997b), Ankirchner
et al. (2007) and Bouchard and Elie (2008). Fully coupled FBSDEs driven by Brow-
nian motions are deeply studied in the monograph by Ma and Yong (2000). More
recent methods of solving coupled FBSDEs are discussed by Ma et al. (2011).



Chapter 5
Numerical Methods for FBSDEs

Abstract We investigate numerical methods for forward-backward stochastic dif-
ferential equations driven by a Brownian motion and a compensated Poisson random
measure. We consider three approaches to solving FBSDEs. We apply discrete-time
approximations and we derive recursive representations of the solution involving
conditional expected values. In order to estimate the conditional expected values,
we use Least Squares Monte Carlo which overcomes nested Monte Carlo simula-
tions. In the case of a FBSDE driven by a Brownian motion and a compensated
Poisson process we replace the original driving noises by discrete-space martin-
gales. We also use the connection with partial integro-differential equations and we
present an explicit-implicit finite difference method for solving a PIDE.

We continue the study of (decoupled) forward-backward stochastic differential
equations driven by a Brownian motion and a compensated Poisson random mea-
sure, which we introduced in the previous chapter. In most cases we cannot derive
the solution to a FBSDE in an explicit form and we have to apply a numerical
method to solve a FBSDE. In this chapter we investigate three approaches to solv-
ing FBSDEs numerically.

5.1 Discrete-Time Approximation and Least Squares Monte
Carlo

Let assumptions (B1)—(B5) from Chap. 4 hold. We deal with the forward-backward
stochastic differential equation

%(r):x—i—/
0

t

t
u(%(s—))ds +/ G(ﬁ?f(s—))dW(s)
0

t
+f /y(%(s—),z)mds,dz), 0<r<T,
0 R (5.1)

T
Y(z)zg(%(T))+f f(s,%(s—),Y(s—),Z(s),/ U(s,z)S(z)v(dz))ds
t R
T T _
—/ Z(s)dW(s)—/ /U(s,z)N(ds,dz), 0<r<T.
t t R
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We denote

‘1’(1)=/RU(t,z)8(z)v(dz), 0<t<T.
First, we consider the case of the random measure N generated by a compound
Poisson process.

We aim to solve the FBSDE (5.1). An intuitive idea is to discretize the forward
and the backward equation in the spirit of the Euler method. We choose a regular

timegridm ={t; =ih,i =0,1,...,n} withsteph = % The solution to the forward
equation (5.1) is approximated by
27"(0) =x,
Z(t1) = Z7(0) + (27 1))+ o (27 @) AW + 1) (5.2)

—I—/y(%”(ti),z)l(’((t,-,t,ur]],dz), i=0,...,n—1.
R

where AW 4+ 1) = W(ti+1) — W(t;) denotes the increment of the Brownian
motion. Clearly, there exists a unique .%-adapted, square integrable solution 2™
to (5.2). We set 27" (t) = Z7"(t;), t; <t < t;y1. If we apply the Euler-type dis-
cretization to the backward equation (5.1), we obtain

Y'(T) = g(27(T)),
Y (1) = Y" (1141) + f(n, 27 (@), Y (1), Z"(n),/ U”(ri,z)a(z)v(dz))h
R

—Z"t)H)AWGE + 1) —/ U"(lj,Z)N((ti,l[+1],dZ), i=n—1,...,0.
R
(5.3)

Unfortunately, the discrete-time equation (5.3) does not have a solution since the
time-discretized Brownian motion and compound Poisson process do not have the
predictable representation property, see Briand et al. (2002). However, we use the
following backward recursion

Y'(T)=g(2"(D)),

1
ZM1) = zE[Y"(ti_H)AW(i +DIF, ], i=n—1,...,0,

1 -
wn(tl)zEE[Yn(t%Fl)/S(Z)N((tlﬂtl+1]adz)|¢gztl}7 l=n—1,,0, (54)
R
Y" () =E[Y" iy 1) F, ]
Ff (e 2@, Y @), 2 ), W ))h, i=n—1,...,0.

We set Y'(t) =Y"(t;), 2" (¢t) = Z"(t;), W"(t) = ¥"(¢;), t; <t < ti+1. The back-
ward recursion (5.4) can be derived by a heuristic reasoning. Let us first recall that
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for square integrable martingales M1 and M, we have
E[M(T)Mx(T)] = E[[M1, M2](T)], (5.5

see Corollary I11.27.3 in Protter (2004). If we multiply (5.3) by AW + 1) and
fR 8(z)N ((ti, ti+11, dz), take the conditional expected value and use (5.5), then we
obtain

E[Y" (14 DAW (i + DI.F, ] = E[Z" @) AW G + DIP[F,] = 2" ()h,

E Y"(ti+1)/R3(Z)1\7((ti,li+1],dz)|«%,~:|

=E /RU"m,zW((r,-,t,-+1],dz)fRa(zW((ri,nHLdz)%,}

= [// Un(ti’Z)N(dt’dZ)’/./5(Z)N(dz,dz)}(ﬁ+1)|%i]
- R i JR

=E / U" (i, 2)8 (2N ((ti ti1], dZ)|«9-“n:|
R

:/ U™(t;,2)8()v(d2)h =" (t;)h,
R

and the formulas for Z", ¥" can be established. If we take the condition expected
value on both sides of (5.3), then the formula for Y” can be established.

The next theorem justifies the approximations (5.2) and (5.4), see Theorem 2.1,
Corollary 2.1 and Remark 2.7 in Bouchard and Elie (2008).

Theorem 5.1.1 Consider the FBSDE (5.1) and the random measure N generated
by a compound Poisson process. Assume that (B2)—(BS) from Sect. 4.1 hold and
let the generator f be 1/2-Holder continuous in t. We deal with the approxima-
tions (5.2) and (5.4) of the solution to the FBSDE (5.1). We have

iZO,IE.a.‘.),(n—lEI: Sup }’%(t)_%n(ti)f]

IE[II',I,'_H]

BN
+  max 1]E[ sup IY(I)—Y (h)|]

i=0.Ln=1 Ll 1]

n=lgy
+ﬂ{§:/ luay—zwmfm}gKl,
i=0 i .
n=l .n ) 1 1—¢
E{E:/ |woy—w%m|m}gK<—> , e>0.
i=0 "k n

In addition, if for each z € R the mapping x — y (x, 7) is differentiable and

lyex,2)+1]>K >0, (x,2) eRxR,
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then

np,2
omex (B[ s |20 - 27l

listit1]

noen|2
+ymax B[ s [y vl

i1=0.1,n=1" Leefy,1i41]

n=l g )
+]E|:Z/ |Z(t) — 2" (1) dti|
i=0 "
n—1 i
+]E|:Z/ B |lI/(t)—Ll/"(t,~)|2dt] §K%.
i=0 1

We remark that deriving Y” from (5.4) involves solving a fixed point equation.
For a Lipschitz continuous generator the fixed point procedure of solving (5.4) has
a convergence rate of 1/n. Hence, numerical cost is small. To overcome the fixed
point procedure, we can use the following scheme

Y'(T) =g(27 (D)),

1
Z"(1) = EE[Y"(ziH)AW(i +DI#], i=n—1,...,0,

1 .
u/”(t,-)=EIE[Y”(;,-H)/Ra(z)N((t,-,ti+1],dz)|34‘,i], i=n—1,...,0,

Y"(t;) = E[Y" (ti41)
+ £, 7@, Y (i), 2" @) W (1)) Fy ], i=n—1,...,0,

but more complicated conditional expected values have to be calculated instead.

The algorithm (5.4) is still not an implementable scheme since the conditional ex-
pectations have to be estimated. Performing Monte Carlo simulations at each point ¢#;
would lead to so-called nested simulations and an enormous numerical cost. Least
Squares Monte Carlo can overcome nested simulations.

By the Markov property the conditional expected values in (5.4) can be repre-
sented as functions of the state process 2. The idea is to approximate the unknown
functions by their projections on finite-dimensional function bases. At each point
t; we choose 3 function bases (b;;(-));=0,1,2 and we approximate each conditional
expected value in a vector space spanned by the basis. Each basis b;;(-) is a dj ;-
dimensional vector of scalar functions. The vector space spanned by b; ; is denoted
by abyi() = Y4 axbf, () where o € R,

We can use the Least Squares Monte Carlo algorithm:

1. Simulate L ind~ependent copies of (AW"({ +1),i=0,1,....n —1, m =
1,...,L)and (N"((t;,ti+1],.),i=0,1,....,.n—1,m=1,..., L),
2. Simulate L independent copies of (27" (t;),i=1,...,.n,m=1,..., L),
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3. Set Y(T, Z™™(T)) = g(X""™(T)) form=1,...,L,
4. Choose function bases (b7, (.))i=0,1,2,i=0.1,...n—1-
5. Going backwards, for i =n — 1, ..., 0 solve the least squares regression prob-
lems
2
a1 ; = arginf iz l?(r 1 X () AW+ 1) —aby (27 (1))
Ni o L_ ] h i+1, - i+ N i )
1=
. 1 1 n,m N
az,; = arginf{ — =Y (tiy1, 2" (1i11)) | SN (1, 141, dz)
a | L P h R

—abyi (2" (1))

2}
6. Set  Z(t;, "M (1) = a1ib (X" (#) and (4, ZN(G)) = oo

X by i (2" (1)),
7. Solve the least squares regression problem

L
1 X
o), = afgigfiz Z Y (tig1, 2" (W) + f (1, 27" @),
i=1
Y (tie1, 27" G))s Z (1, 2" @) W (1, 27" (1)) )k
—abo,i(%"’m(li)”z},

8. Set Y (1;, 27" (1)) = 1o i (27" (1)),
9. Continue till 75 = 0.

Polynomials, hypercubes and Voronoi partitions are usually used as basis func-
tions, see Gobet et al. (2005). Notice that when we apply the Least Squares Monte
Carlo algorithm we additionally face the error of approximating the conditional ex-
pectations by estimated regression functions. The total error of the Least Squares
Monte Carlo algorithm depends on the number of time steps 7, the number of simu-
lations L and the number of basis functions d. The total error is studied in Bouchard
and Touzi (2004), Gobet et al. (2005), Gobet et al. (2006), Gobet and Lemor (2006).
We also point out that some truncation procedures can be useful in the final appli-
cation of the algorithm, see Gobet et al. (2005).

We comment on one modification of the algorithm presented. It is shown by
Bouchard and Touzi (2004), in the case of BSDEs driven by Brownian motions,
that the error of approximating the conditional expectation by an estimator explodes
when the mesh of time partition goes to zero, given the accuracy of the estimator. In
order to control this approximation error one is forced to simulate more paths as the
time partition becomes finer. This significantly increases computational cost. The
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idea of Bender and Denk (2007), who also investigate BSDEs driven by Brownian
motions, is first to approximate the solution (Y, Z) by the Picard iterations

T
Y1) = g(2(I)) +/ s, (), Y7 Ns), 271 (s))ds
t
T
—/ Zl()daw(s), 0<t<T, (5.6)
t

and to apply the algorithm (5.4) to derive (Y/, Z!). The Picard procedure clearly
introduces an additional error, which converges to zero at geometric rate. The ad-
vantage of the scheme proposed by Bender and Denk (2007) is that the error of
approximating of the conditional expectation by an estimator is reduced and this er-
ror does not explode when the mesh of time partition tends to zero and the number
of the Picard iteration goes to infinity.

Let us now comment on the case when a FBSDE is driven by a general com-
pensated Poisson random measure. It is known that we cannot simulate small jumps
of a Lévy process with an infinite Lévy measure, see Chap. 6 in Cont and Tankov
(2004). The usual procedure is to cut off small jumps of a Lévy process and approx-
imate them by an independent Brownian motion. After cutting off small jumps, we
can investigate a FBSDE driven by a compensated compound Poisson process and
we can apply the algorithm presented in this chapter, see Aazizi (2011) for details.

Finally, we remark that in many applications we end up with a BSDE with zero
generator or with a BSDE with generator independent of (Y, Z, U) for which we
can derive representations of the solution Y and the control processes (Z, U) in
the form of conditional expectations of the state process, see Proposition 4.1.2 and
Chap. 8. In those cases the Monte Carlo algorithm is much simpler.

5.2 Discrete-Time and Discrete-Space Martingale
Approximation

We deal with the forward-backward stochastic differential equation

<%”(t)=x+f
0

t
+/ y(Z (s—)Nds), 0<t<T,
0

t

t
u(%(s—))dwf o (X (s—))dW(s)
0

- (5.7)
Y(t):g(%(T))Jrf fls, Z(s=),Y(s—), Z(s), U(s))ds
t

T T
—/ Z(s)dW(s)—/ U(s)N(ds), 0<t<T,
t t
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where the measure N is the jump measure of a Poisson process with intensity A. We
consider a discrete-time approximation to (5.7) and we approximate the Brownian
motion and the compensated random measure by two discrete-space martingales.

We choose a regular time grid w = {t; =ih,i =0, 1,...,n} withsteph = % We
define two random walks W” := (W"(k),k =0, 1,...,n) and N" := (N"(k), k =
0,1,...,n) by

k
W™(0) =0, W'k =vhY g k=12,...n,

i=1

. (5.8)
N"(0) =0, N'(ky=Y"¢', k=12,....n,
i=1
where 5{1, ..., &)} are independent Bernoulli random variables with probabilities
n n 1
P =1) =P =-1)= 5,
and ¢, ..., ¢ are independent Bernoulli random variables with probabilities

P(¢) = e — 1)=1-P(¢ = e_}‘h) =e M,

We also introduce the filtration ﬁ,:’ = 6(!;'1", e, S,’g, {1", e, {,:’), k=1,...,n.The
random walks W” and N” are .%"-discrete-time-space-martingales.

The first result shows that the random walks are good approximations of the
Brownian motion and the compensated Poisson process, see Lemma 3 in Lejay et al.
(2010).

Proposition 5.2.1 The processes (W" ([1]). N”([%]), 0 <t <T) converge in the
J1-Skorokhod topology in probability to (W (t), N(@),0<t<T)asn— oo.

It is intuitive to approximate the solution to the forward equation (5.7) in the
following way

27(0) = x,
XM (tig1) = 26 + w(X @) h+ Vho (27 (1))8] (5.9)
+y(2"))¢l,, i=0,1,....n—1

Clearly, there exists a unique .%"-adapted, square integrable solution .Z™" to (5.9).
We set Z7"(t) = Z7"(t;), t; <t < tj+1. In Sect. 5.1 we claim that the time-
discretized Brownian motion and compound Poisson process do not have the pre-
dictable representation property. However, in some cases an orthogonal martingale
term can be added to recover the predictable representation property, see Briand
et al. (2002) and Lejay et al. (2010). We approximate the solution to the backward
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stochastic differential equation (5.7) by solving the backward stochastic difference
equation

Y'(T)=g(Z(T)),
Y'() =Y " (tip) + f (6, Y (@), Z" (1), U™ () (5.10)
—VhZ"()E! — U (t)El — V)6l i=0,1,...,n—1,

where ( gl.", i =1, ..., n) denotes the increments of a third orthogonal discrete-time-
space martingale. By the predictable representation property, for an .% " -measurable
Z™(T) there exists a unique .%"-adapted solution (Y", Z", U", V") to the back-
ward equation (5.10). We can also derive that solution. Multiplying both sides of
(5.10) by &, or ¢ | and taking the conditional expected values, we obtain the
representations

Y'(T)=g(2™(T)),

1
2'w) = [V a8l F ] i=n= 10

1
U" (1) = e_Ah)E[Y”(ti+1)§iﬂl|Z"], i=n—1,...,0, (511

e‘“’(l —
Y"(t) =E[Y" (tiv)|.F]"]
F £t 2@, Y ), 2, U (), i=n—1,...,0.

Weset Y (¢t) =Y"(t;), Z"(t) = Z"" (t;), U" (¢t) = U"(¢;), t; <t < tj4+1. The process
V™ can also be derived from (5.10) but it is not needed for the approximation of
the solution to (5.7). Again, a fixed point procedure has to be applied to derive Y"
from (5.11).

We state the main result of this chapter, see Theorem 1 and Proposition 5 in Lejay
et al. (2010).

Theorem 5.2.1 Consider the FBSDE (5.7) and the random measure N generated
by a Poisson process. Assume that (B2)—(B5) from Sect. 4.1 hold and let the gener-
ator f satisfy
|f@x,y,z,u) = f(t', 2y, 2 )|
=o(' =)+ K(x =2+ [y =y|+|e =2 +]u—u

),

Sfor all (¢t,x,y,z,u), (', x',y,7Z,u") €[0,T] x R xR xR x R, where ¢ is a
bounded, non-decreasing, continuous function such that ¢(0) = 0. We deal with
the approximations (5.9) and (5.11) of the solution to the FBSDE (5.7).

(a) The process Z™" converges in the Jy-Skorokhod topology in probability to 2
asn — 0.
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(b) The processes (Y™, fo Z"(s)ds, fO U"(s)ds) converge in the Ji-Skorokhod
topology in probability to (Y, [; Z(s)ds, [; U (s)ds) as n — oc.

The efficiency of the algorithm is studied numerically in Lejay et al. (2010).

In the discrete filtration %" it is straightforward to calculate the conditional ex-
pected values in (5.11). This is the key advantage of the approximation by discrete-
space martingales compared to the Least Squares Monte Carlo method. We can use
the formula

E[F(EN - & 8 o 8 8017

e*kh
=F(Eln"'-s§/:l,1,;?,...,;1?767”1_1) 5
e—Ah
FE(E L - 1)
| — o—hh
FE(E L g e )
h 1—6‘_)Lh
_}_F(E]ﬂ’“.’g?’_1’4_{1’...’;]?’6_)\ )T

In a low dimension the random walk approximation can provide a numerically effi-
cient alternative to the Monte Carlo simulation. However, complexity becomes very
large in multidimensional problems.

5.3 Finite Difference Method

In Sect. 4.2 we establish the connection between the solution to a FBSDE and the
solution to a PIDE. The results of that chapter show that in order to derive the
solution to the BSDE (4.5) or (5.1) we can solve the PIDE

—u;(t, x) — Lu(t,x)
— f(tx u@t, ), uc(t, x)o(x), Fu,x))=0, (,x)€[0,T)xR, (512)
u(T,x)=gx), xeR.

We can apply a finite difference method to solve (5.12).

Let the random measure N be generated by a compound Poisson process. In order
to construct a finite difference scheme for (5.12), we have to consider the following
steps:

e Localization: the PIDE (5.12) is given on the unbounded domain R. We reduce
the original domain to a bounded domain [—A, A] and we impose boundary con-
ditions. The domain of the integral in the operator ¢ is localized to [—B, B].
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e Discretization in space and time: we choose discrete grids # = %k, k =
0,1,...,n,andxi_—A+—l i=0,1,.

e Approximation of the derivatives: we use ﬁnlte dlfferences.

e Approximation of the integral in the operator _# : we use the trapezoidal quadra-
ture rule.

If we deal with a Poisson random measure N with an infinite Lévy measure, then
an additional step is needed to approximate small jumps of a Lévy process by an
independent Brownian motion. Consequently, we end up with a random measure N
generated by a compound Poisson process.

Using the results from Sect. 12.4 in Cont and Tankov (2004), we can state the
following explicit-implicit scheme for solving the PIDE (5.12):

1. Choose n and m which define the spatial and time grid steps: Atz = % and

Ax = %,
m
2. Set u™™(t,, x;) = g(x;) and extend the grid values to all x € [—A, A] by linear
interpolation,
3. Going backward, fork =n—1, ..., 0 determine the grid values u(#, x;) by solv-

ing the difference equation

u™M (tegr, xi) — u" (e, x;)
0= N R CD)
m n,m n,m
u™" (b, Xig1) — u" (1, Xi)
=2 v zv(G - 1/2,zj+1/2])> o l
j=0
Lo u™™ (g, xip1) — 2u™™ (b, xi) +u™"™ (b, xi—-1)
a0 @) |Ax]?
+ Z "(tkgrs xi 4y (i, 27)) — u g, x))v((z = 1/2, 27 4 1/2])
utM (tkg1, Xig1) — UM (tkg1, Xi
+f(tk+1,xz',u”’m(tk+1,xz'),0(xz') G, xi41) Gyt ’),
Ax
m
D ot xi A+ (i 2))) — 0" (1, X))
j=0
S8z —1/2,25 + 1/2])), (5.13)
where z; = —B + 2 J j=0,1,...,m, and extend the grid values to all x €

[—A, A] by linear mterpolatlon
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The implicit scheme is used for the differential operator and the explicit scheme is
used for the integral operator. Convergence of explicit-implicit schemes for PIDEs
is discussed in Sect. 12.4 in Cont and Tankov (2004).

We point out that solving a PIDE by a finite difference method is efficient in low
dimensions (when we deal with few state processes). Least Squares Monte Carlo
algorithms perform much better than finite difference methods in high dimensions.

Since in actuarial and financial applications we deal with many risk factors and
we consider multidimensional state processes, we can conclude that BSDEs and
Monte Carlo methods are more efficient than PDEs (HJB equations) and finite dif-
ference methods in solving applied problems. It should be noticed that in many cases
the solution to a problem does not involve all control processes of the BSDE and
we do not have to estimate all expected values in the algorithms (5.4), (5.11), which
simplifies numerical implementations of the algorithms.

Bibliographical Notes The Malliavin calculus plays an important role in prov-
ing convergence results for discrete-time approximations of BSDEs. Zhang (2004)
was the first who applied the Malliavin calculus to prove path regularity of the solu-
tion and convergence of a discrete-time approximation under a deterministic regular
time mesh. Bouchard and Elie (2008) followed the arguments from Zhang (2004)
and showed path regularity and convergence for BSDEs with Poisson jumps. Var-
ious modifications of the Least Squares Monte-Carlo algorithm can be found in
Gobet et al. (2006), Gobet and Lemor (2006). An alternative to the Least Square
Monte Carlo is to apply Malliavin weights, see Bouchard et al. (2004). A compar-
ison of the regression based approach, the Malliavin weights and the random walk
approximation can be found in Bouchard and Warin (2010). Convergence results for
discrete-time and martingale approximations to BSDEs driven by Brownian motions
are investigated in Briand et al. (2002). In the case of a fully coupled BSDE driven
by a Brownian motion, Douglas et al. (1996) provide a modification of a finite dif-
ference method from Sect. 5.3. Douglas et al. (1996) also prove convergence of an
approximation of the derivative of the value function, which is needed to obtain the
control process of a BSDE. Results on numerics for quadratic decoupled FBSDE
can be found in Imkeller et al. (2010).



Chapter 6
Nonlinear Expectations and g-Expectations

Abstract We investigate nonlinear expectations. We briefly discuss Choquet ex-
pectations and we focus on g-expectations defined by BSDEs. The connection be-
tween filtration-consistent nonlinear expectations and g-expectations is presented.
We study the properties of translation invariance, positive homogeneity, convexity
and sub-linearity of g-expectations and we show that these properties are determined
by the generator of the BSDE defining the g-expectation.

The original motivation for studying nonlinear expectations comes from the the-
ory of decision making. The Allais paradox proved that the linear expectation (the
expected value operator) might fail in an attempt to describe choices made by deci-
sion makers and the Ellsberg’s paradox disqualified the notion of linear probability
in representing beliefs of decision makers. It was shown that decisions made in the
real world contradicted optimal decisions based on additive probabilities and the ex-
pected utility theory. Consequently, economists and mathematicians begun to look
for a new notion of expectation.

A nonlinear expectation is an operator which preserves all essential properties
of the standard expected value operator except linearity. In this chapter we focus
on nonlinear expectations called g-expectations which are defined by BSDEs. In
Chap. 13 we use g-expectations to define dynamic risk measures which can be used
for actuarial and financial valuation.

6.1 Choquet Expectations

Before we study g-expectations, we briefly discuss Choquet expectations. It is well-
known that the expected value can be calculated by the formula

o]

0
]E[g]:/ (Pr(¢ > x) — 1)dx+f Pr(¢ > x)dx. (6.1)

—00 0

The idea by Choquet (1953) was to replace an additive probability measure Pr(-)
with a non-additive capacity measure V (-). We can define a nonlinear operator in
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the following way

0 00
C[g]:/ (V(EZx)—l)dx+/ V(E > x)dx. 6.2)
0

—00

The nonlinear operator (6.2) is called the Choquet expectation or the Choquet inte-
gral.

The key example of a non-additive capacity measure, often applied in insurance
and finance, is a distorted probability. We can define a non-additive capacity mea-
sure by distorting the original probability

V(= x) =¥ (Pr(§ > x)), (6.3)

where we choose a nonlinear function ¥ : [0, 1] — [0, 1] such that ¥ (0) = 0,
¥ (1) =1 and x — W¥(x) is non-decreasing. The function ¥ is called a distortion.
The Wang transform is an important distortion function used for actuarial and finan-
cial applications, see Wang (2000). We remark that Value-at-Risk and Tail-Value-at-
Risk are examples of the Choquet expectations derived under distorted probabilities.

The idea behind the Choquet expectation and distorted probabilities is clear. Con-
sequently, Choquet expectations have found numerous applications in insurance and
financial mathematics. Unfortunately, it is very difficult to define a dynamic version
of a Choquet expectation. It turns out that BSDEs can be very useful for defining
dynamic nonlinear expectations.

6.2 Filtration-Consistent Nonlinear Expectations
and g-Expectations

We define a nonlinear expectation and a filtration-consistent nonlinear expectation,
see Coquet et al. (2002).

Definition 6.2.1 A functional & : 1.2 (2, Z7,P; R) — R is called a nonlinear ex-
pectation if it satisfies

(i) the property of strict monotonicity:

&1>2&8 =  &ElE]= 5]
&1>2& and &S§]=815] & & =&,

for all £, & € L2(R),
(ii) the invariance property:

&lc]l=c, forallcelR.
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Definition 6.2.2 A nonlinear expectation & is called an .% -consistent nonlinear ex-
pectation if for each & € ILZ(.Q, Zr,P;R) and r € [0, T] there exists a random vari-
able ¢ € L2(£2, .%;, P; R) such that

ElE14]1=E1¢14], Ae F.

We remark that ¢ is uniquely determined, see Lemma 3.1 in Coquet et al. (2002).
The random variable ¢ is denoted by &[£].%,;]. Notice that the definition of an .% -
consistent nonlinear expectation is analogous to the definition of the standard linear
conditional expectation but in Definition 6.2.2 the expectation is taken under a non-
linear operator.

We state properties of % -consistent nonlinear expectations, see Coquet et al.
(2002).

Proposition 6.2.1 Let & be an .% -consistent nonlinear expectation. The following
properties hold:

(@) CLE1E|FNFs]=E1E|Fl forall0<s <t <T.

(b) EE14|F 1 =148 F ] forall0 <t <T and A € F;.

() If & > &, then &[&|F:] = E[E:|F;] for all 0 <t < T. In addition, if
EE1|F] = E1&21.%:] a.s. for some t € [0, T], then & = &;.

Proposition 6.2.1 shows that all essential properties of the standard linear con-
ditional expectation, except linearity, are preserved under the notion of an .%#-
consistent nonlinear expectation.

From the modelling point of view, we should be able to generate . -consistent
nonlinear expectations in a feasible way. The next example shows one possible way
of generating .7 -consistent nonlinear expectations.

Example 6.1 Choose a continuous, strictly increasing function ¢ : R — R. The op-
erator

E151 70 =9 (E[e@NF]), 0<i=T, (6.4)
is an .%-consistent nonlinear expectation. The nonlinear expectation (6.4) can be
interpreted as the indifference price of & determined by an agent with utility ¢, see

Royer (2006).

It turns out that .% -consistent nonlinear expectations can be defined by nonlinear
BSDE:s. In this chapter we study the BSDEs

T
Y (1) =g+/ g(s, Y (), Z(s), U(s,.))ds
t

T T
—/ Z(s)dW(s)—f fU(s,z)N(ds,dz), 0<r<T. (6.5)
t t R

By a nonlinear BSDE we mean a BSDE with a nonlinear generator g.
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Definition 6.2.3 Consider g: 2 x [0,T] x R x R x LE(R) — R such that
(i) g satisfies (A2) from Chap. 3,
(i1) g satisfies the inequality

g(wvt’Y7Z’u)_g(w’t’y’z’u/)

< /R 572 (1 ) (u(x) — ' () Q¢ dx) (1),

as., ae. (w,1) € 2 x [0,T], for all (y,z,u),(y,z,u’) e R x R x LzQ(R),

where §¥:2u# 1 Q x [0,T] x R — (—1,00) is a predictable process such
that the mapping ¢ — fR |5-V'Z*”’”/(t,x)|2Q(t, dx)n(t) is uniformly bounded
in (y,z,u,u’),

(iii) g(,y,0,0)=0forall (¢, y) €[0,T] x R.

(a) We define the g-expectation &% : L2(2, 7, P; R) — R by
6elE1=Y(0),

where Y (0) is the unique solution to the BSDE (6.5) with the generator g satis-
fying (i)—(iii) and the terminal condition & € L2($2, Zr,P; R).

(b) We define the conditional g-expectation & : ILZ(.Q, Fr,P;R) — ILZ(.Q, Z;,
P; R) by

&lE1F1=Y(@), 0<t<T,

where Y (¢) is the unique solution to the BSDE (6.5) with the generator g satis-
fying (i)—(iii) and the terminal condition & € L2($2, Zr,P; R).

Notice that for the g-expectation its dynamic version is naturally defined.
We state the first key result of this chapter.

Theorem 6.2.1 The g-expectation & is an F -consistent nonlinear expectation.

Proof The strict monotonicity of &, follows from the comparison principle estab-
lished in Theorem 3.2.2. Since g(¢, y,0,0) =0, we can choose Y =¢,Z=U =0
as the unique solution to the BSDE (6.5) with £ = c. Hence, the invariance property
of &, holds. We now prove the .7 -consistency of &,. Choose f € [0, T'] and A € ;.
We investigate

Y (0) = &gl€14], Y'(0) = &Y ()1a],

where Y and Y’ denote the unique solutions to the BSDEs

T
Y(u):§1A+/ g(s,Y(s),Z(s),U(s))ds

u

T T
—/ Z(S)dW(S)—/ [U(S,Z)N(ds,dz), O0<uc<T,
u u R
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T
Y'(u) =Y ()14 +/ g(s, Y'(s), Z'(s), U'(s))ds
u

T T
—/ Z’(s)dW(s)—/ /U’(s,z)z\?(ds,dz), O<u<T.
u u R

Since g(t, y,0,0) =0, we can put Y'(s) = Y ()14, Z'(s) =U'(s,2) =0, (5,2) €
[, T] x R. Consequently, we obtain the equations

Y(u) =Y+ / tg(s, Y(s), Z(5), U(s))ds
_ftz(s)dw(s)_/tfRU(s,z)z\?(ds,dz), O<u<t
Y'(u) =Y (1)l + /utg(s, Y'(s), Z'(5), U'(s))ds
—ftz/(s)dW(s)—ft/RU’(s,z)N(ds,dz), O<u<t.
Consider the BSDE
Y (u) =§+/uTg(s, Y7(5), Z"(s), U" (s))ds

T T
—/ Z”(s)dW(s)—/ /U”(s,z)z\?(ds,dz), O<u<T.
u u R

Since g(¢, y,0,0) =0 we canalsoput Y (s) = Y"(s)1a, Z(s) = Z"(s)14, U (s,2) =
U”"(s,2)14 (s,2) € [t, T] x R. Hence, we end up with the equations

t
Y(w)=Y"(t)14 +/ 8(s,Y(s), Z(s), U(s))ds
t t
—f Z(s)dW (s) —/ / U(s,z)N(ds,dz), O0<u<t,
u u JR
t
Y () =Y" ()14 —I—/ g(s, Y'(s), Z'(s), U/(s))ds

t t
—/ Z'(s)dW (s) —/ / U'(s,2)N(ds,dz), O<u<t.
u u JR

By uniqueness of solutions we finally conclude that Y (s) = Y'(s), Z(s) = Z'(s),
U(s,z) =U'(s, 2), (s,2) € [0,t] x R. Hence, &, is a filtration-consistent expecta-
tion with the conditional expectation &, [£|.%;] =Y (1). O

Any g-expectation clearly satisfies the properties from Proposition 6.2.1, which
can now be derived from properties of BSDEs.
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Example 6.2 If we consider a BSDE with zero generator, then the g-expectation
coincides with the linear conditional expectation. If we consider the BSDE from
Proposition 3.3.2 or 3.4.2, then the g-expectation is a filtration-consistent nonlinear
expectation.

We are now interested in a converse of Theorem 6.2.1. The first results in this
field were proved by Coquet et al. (2002) and Rosazza Gianin (2006) for the Brow-
nian filtration. We present the result proved by Royer (2006) for the filtration gener-
ated by a Lévy process. First, we introduce two particular types of g-expectations.

Proposition 6.2.2 Consider the natural filtration % generated by a Lévy process
with a Lévy measure v. For a > 0 and —1 < B < 0 we define the generators

g;)ﬂ(t,z, u)=ot|z|+(x/(1/\|x|)u+(x)v(dx)—ﬂf(1A|x|)u_(x)v(dx),
R R

g;f‘ﬂ(t, Z,u) =—alz| — a/ (l A |x|)u_(x)v(dx) +,B/ (l A |x|)u+(x)v(dx).
R R

The corresponding g-expectations have the representations

Er 61711 = su%E@[sw, 0<t=T,
, o

by, [8171) = inf BRE|F], 0<t<T,
where

d
2= {Q~P,d% Ty =M (1), OStST},

dM?*(1) . P
Moy o)dW(t) + /Rlc(t,x)N(dx,dt), M?*0)=1,
and (¢, k) are F -predictable processes satisfying

[P0 <. x@x)> -1,

k@, x) < a(l A |x|), K (t,x) < —,8(1 A |x|), (t,x)e[0,T] xR.

Proof The result can be derived by following the arguments from Propositions 3.3.2
and 3.4.2, see also Proposition 3.6 in Royer (2006). g

We now state the second key result of this chapter, see Theorem 4.6 in Royer
(20006).

Theorem 6.2.2 Consider the natural filtration % generated by a Lévy process with
a Lévy measure v. Let & be an ¥ -consistent nonlinear expectation such that
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() forall &, & € L2(22, Fr,P;R)
ElE + &]— EE1] < é"g;ﬁ[éz], with some o >0, —1 < 8 <0,

where 5’&,: 5 is the g-expectation defined in Proposition 6.2.2,
(i) forall & € L>(2, Fr,P;R) and & € L2(2, %, P; R)

ElE1 + &1 F =& F]+&, 0<t<T.

Then, there exists a function g : 2 x [0, T] x R x L2Q — R and the g-expectation
& such that

E[E|F ) = 6| T, € el (2, Fr,P;R), 0<t<T.

Moreover, the following properties hold:

(1) g satisfies (A2) from Chap. 3,
(i1) g satisfies the inequality

glw,t,z,u) — g(a), t,z, u/) < / 81’”’”/(1‘, x)(u(x) — u/(x))v(dx),
R

as.,a.e. (w,t) € 2 x[0,T],forall (z,u), (z,u’) e R x LZQ(R), where 8%

2 x[0,T] x R— (=1, 00) is a predictable process such that 82’"’”,0, x) >
—1 and |81’”’”/(t,x)| <K A |x|) forall (t,x,z,u,u’) €[0,T] xR x R x
Ly x Ly,

(iii) g(¢,0,0) =0 forallt €[0,T],

(iv) g satisfies the growth conditions

g;jkﬂ(t5 Z?”) Sg(t’ Zau) S g;)ﬂ(ta Za M),
for (t,z,u) € [0, T] x R x LE(R).

The first condition of Theorem 6.2.2 is called the domination condition. We re-
mark that a large class of nonlinear expectations satisfies the domination condition,
see Rosazza Gianin (2006) and Royer (2006). The second condition requires transla-
tion invariance of the nonlinear expectation with respect to “known” pay-offs, which
is a reasonable assumption provided that discounting of pay-offs is not allowed in
the valuation, see Sect. 13.1.

The importance of Theorem 6.2.2 is obvious. Theorem 6.2.2 shows that all
filtration-consistent nonlinear expectations which satisfy the domination condition
and the translation invariance property can be derived from BSDEs. Consequently,
when we study “regular” filtration-consistent nonlinear expectations we can focus
on g-expectations. Notice that the generator derived under the assumptions of The-
orem 6.2.2 depends only on the control processes (Z, U) and is independent of Y.
This is the consequence of the assumed translation invariance property for the non-
linear expectation.
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It is clear that the generator g of a BSDE plays a crucial role in defining a g-
expectation. Some important properties of g-expectations can be related to proper-
ties of generators g.

Proposition 6.2.3 Let &, be a g-expectation.

(a) If g is independent of y, then &, is translation invariant
gl +c|lF ) =651 F]+c, ceR, 0<t<T.
(b) If g is positively homogenous, then &, is positively homogenous
Eelck|F ] = c&4lé|F], ¢>0,0=<t<T.
(c) If g is convex
g(t,eyr+ (A —o)yz, ez + (1 = 0)za, cur + (1 — ua)

<cg(t,y1,z1,u1) + (1 —c)g(t, y2, 22, u2),
ce(0,1), (t,y1,z1,u1), (t,y2,22,u2) € [0, TI x R x R x L?),

then & is convex

Eelctr+ (1 - 08l 7]
chg[ényt]—i_(l_c)éag[éﬂyt]s CG(O, 1)7 OSIST

(d) If g is sub-linear: sub-additive
glt,y1+y2,21 + 22, u1 +u3)

<glt,y1,z1,u1) + g, y2, 22, u2),

t,y1,z1,u1), (£, y2,22,u2) € [0, TT x R x R x LZQ,
and positively homogenous, then & is sub-linear: sub-additive
&lé1 + 621 F] < El&1|F ] + Gléal F1), 0=t =T,
positively homogenous.

Proof (a) We deal with two BSDEs

T
Yf+f(r)=s+c+/ g(s, Z5(s), USH(5))ds

t

T T
—/ Z§+C(s)dW(s)—/ fU5+C(s,z)N(ds,dz), 0<t<T,
t t R
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T
Yf(;)=g+f (s, Z5(s), U%(9))ds
t

T T
- / ZE($)dW (s) — / / U(s,z)N(ds,dz), 0<t<T.
t t R
We can easily conclude that Y&+¢(r) = Y& (1) + ¢, ZE¢(r) = Z5(r), Us+¢(1,2) =
Us(t,2), (t,2) €[0, T] x R.
(b) We deal with two BSDEs
T
Y4 (1) = ot + / g(s, Y4 (s), Z%(s), U (s))ds
t
T T 5
-f Z% ($)dW (s) — f / U%(s,z)N(ds,dz), 0<t<T,
t t R

T
YE() =& + / ¢(s, Y5 (5), ZE (s, UE (5))ds
t

T T
—/ zf(s)dW(s)—/ /Uf(s,z)ﬁ(ds,dz), 0<t<T.
t t R

We can easily conclude that YE() = cYE(t), Z%(1) = cZ5(r), U(t,z) =
cU%(1,2), (1,2) €[0, TI X R.
(c) We deal with three BSDEs

ys+t=0% gy — g + (1 — 0)&,

T
+/ g(s, YC$1+(1—C)$2(S)’ZC§1+(1—C)§2(S),UC§1+(1—C)§2(S))dS
t
T
_/ ZC§1+(1—C)§2(S)dW(S)
t

T
- / / Usti=9% )N (ds,dz), 0<t<T,
t R

T
Y1) =&+ / g(s. Y5 (5), Z5 (5), U% (5))ds
t

T T
—/ sz(s)dW(s)—/ /Uff(s,z)N(ds,dz), i=1,20<r<T.
t t R

We introduce the processes Y (1) = cYé1(t) + (1 — ) Y52(1), Z(t) = cZ5 (1) + (1 —
) Z5(1), U(t,z) = US1(t,2) + (1 — c)US2(¢, 7). Tt is straightforward to notice that
(Y, Z, U) satisfies the BSDE

Y)=cs1+ (1 —-0)é

T
+/ (cg(s, yél (s), Zél (s), UEl (s))
t
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+ (1 —0)g(s. Y¥2(5), Z2(s), UR(s)))ds
T T

—/ Z(s)dW(s)—/ /U(s,z)ﬁ(ds,dz), 0<t<T. (6.6)
t t R

Since g satisfies

cg (s, Y51 (5), Z51(5), US1(5)) + (1 — ©)g (s, Y2 (s), Z52(5), U2 (s))
> g(s,Y(5), Z(5). U(s)), 0<s<T,

the BSDE (6.6) can be written as
Y@)=cs1+ (1 -0)é
T
+/ (8(s. Y (), Z(5), U(s))
t

+h(s, YE(5), Z51(5), US1 (5), Y2 (s), Z2(5), U (s)) )ds
T T

—/ Z(s)dW(s)—/ /U(s,z)l\?(ds,dz), 0<t<T,
t t R

with a nonnegative function /. By the comparison principle we get Y <61+(1=0x2 (1) <
YO)=cYo )+ (1 —c)Ye2(r),0<r<T.
(d) Adapting the arguments from (b) and (c), we can prove the assertion. O

The properties from Proposition 6.2.3 are used in Chap. 13 where we deal with
dynamic risk measures.

Bibliographical Notes The Choquet expectation was introduced by Choquet
(1953). Properties of Choquet expectations and the Wang transform together with
their failures in non-Gaussian financial models are discussed by Nguyen et al.
(2012). The g-expectations was introduced by Peng (1997). For the connection be-
tween the Choquet expectation and the g-expectation we refer to Chen et al. (2005)
and Chen and Kulperger (2006). In the proof of Proposition 6.2.3 we follow the ar-
guments from Rosazza Gianin (2006) and Jiang (2008). We refer to Rosazza Gianin
(2006) and Jiang (2008) for stronger relations between static and dynamic proper-
ties of g-expectations and generators of BSDEs defining the g-expectations. For a
representation of a filtration-consistent nonlinear expectation in a general separable
space we refer to Cohen (2011). We remark that g-expectations allow for introduc-
ing nonlinear versions of some well-known probabilistic results, see Coquet et al.
(2002), Peng (1997), Rosazza Gianin (2006) and Royer (2006). For g-martingales,
g-submartingales, g-supermartingales and nonlinear Doob-Meyer decomposition
we refer to Coquet et al. (2002) and Royer (2006).



Part 11
Backward Stochastic Differential
Equations—The Applications



Chapter 7
Combined Financial and Insurance Model

Abstract A combined financial and insurance model is introduced. We consider
a Black-Scholes financial model with stochastic coefficients. We use a step process
with a stochastic intensity and a random transition kernel to model claims. We inves-
tigate a stream of liabilities which consists of annuity, death and survival benefits.
We define a set of admissible investment strategies for an insurer (an investor) who
trades in the financial market and aims to replicate the stream of liabilities.

We still consider a probability space (€2,.%,P) with a filtration .% = (F)o<i<T
satisfying the usual hypotheses of completeness and right continuity and a finite time
horizon T < co. On the space (2, .%,P) we define two independent .% -adapted
Brownian motions (W, B) and a random measure N generated by an .#-adapted
step process.

The financial market, the insurance payment process and the set of admissible
investment strategies are introduced in this chapter. In next chapters we investigate
pricing and hedging problems in our combined financial and insurance model.

7.1 The Financial Market

We consider a Black-Scholes financial model with stochastic coefficients. The fi-
nancial market consists of a bank account and a stock. The dynamics of the bank
account Sp := (So(¢),0 <t < T) is described by the equation

dSo(t) _ _
YoRS r(t)dt, So(0) =1, (7.1)

where r := (r(t),0 <t < T) denotes the risk-free rate. The dynamics of the stock
price S :=(S(¢),0 <t < T) is given by the forward stochastic differential equation
as(t
Ti)) =u)dt +o(@)dW(), S0O)=s5>0, (7.2)
where p := (u(t),0 <t < T) denotes the expected return on the stock and o :=
(0(2),0 <t < T) denotes the stock volatility. We denote 6(t) = % We as-
sume that
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(C1) the processes r : 2 x [0, T] — [0,00), u: 2 x [0,T] — [0,00) and 0 : 2 X
[0, T]— (0, 00) are .F W—predictable and they satisfy

w(t) —r(t)

<K’ 0§t§T7
o(1)

[r®)] + |w®|+|o@®)] + |a(r)|‘1 + ‘
u)=r@), 0<t<T,

(C2) there exists a unique process S which solves (7.2) such that
SUP;¢f0,7] E[|S(1)[*] < co.

These are standard assumptions in financial mathematics. We may relax the bound-
edness assumptions, but other integrability conditions would have to be imposed
instead so that we can solve our optimization problems. If r, u and o are exoge-
nously given and independent of S, then (C2) is satisfied, see Theorem I1.37 in Prot-
ter (2004) and Theorem 4.1.1. Since the coefficients may depend on S, assumption
(C2) is added.

Continuous-time models (7.1)—(7.2) have become standard in financial applica-
tions, see Filipovic (2009), Fouque et al. (2000) and Shreve (2004). We give two
important examples of the financial model considered.

Example 7.1 Set r, u and o as constants. We can investigate the classical Black-
Scholes model with normally distributed log-price, see Shreve (2004).

Example 7.2 Letr : [0, T] x (0,00) — [0,00), u: [0, T] x (0, 00) — [0, 00) and
o :[0,T] x (0,00) — (0, 00) be measurable functions. We can investigate a local
volatility model of the form

dsS
Soo(f‘t)) =r(t, S)dt, So(0) =1,
dSS(EI)) =u(t, SM)dt + o (2, S1)dW (1),  S0)=s>0.

Local volatility models provide a better fit to quoted option prices and yield more
skewed distributions of asset returns, see Dupire (1997) and Fouque et al. (2000).

By a straightforward generalization we can also investigate stochastic economic
factor models such as stochastic interest rate models and stochastic volatility mod-
els. We have to introduce more driving noises into the model.

Example 7.3 Let 2 : Q x [0, T]— R denote an economic factor. We should use a
two-dimensional Brownian motion W = (Wy, W3) to model the stock price S and
the economic factor 2. Let r : [0, T] x [0, 00) — [0, 00), u : [0, T] x [0, 00) —
[0,00) and o : [0, T] x [0, 00) — (0, 00) be measurable functions and assume that
Z is an FW1 @ . W2_adapted process. We define the dynamics

ds
SOO(y)) =r(L Z®)dt, SO =1,
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dsS(t) _

SO w(t, Z ®)dt +o(t, Z (1)dWi(t), S0O)=s>0.

We can now consider the Cox-Ingersoll-Ross interest rate model or the stochastic
volatility Heston model, see Filipovic (2009) and Fouque et al. (2000).

We can also assume that the stock price S is driven by a Brownian motion and
a pure jump Lévy process. Such a dynamics could be desirable in applications as
Lévy processes have proved to be very useful for financial modelling, see Cont and
Tankov (2004). Since the theory of BSDEs with jumps covers Lévy processes, the
extension of the model in this direction is possible. We decide to use a jump process
only for claim modelling.

7.2 The Insurance Payment Process

Insurance claims are modelled by a step process J. Let N denote the jump measure
of J. We assume that

(C3) the integer-valued random measure N has the .% -predictable compensator
v (dz,dt) = Q(t,dz)n(t)dt,

where n: Q x [0, T] x R — [0, c0) is an . -predictable process, Q(t, -) is a
probability measure on A(R) for (w,7) € 2 x [0, T], O(-, A) : @ x [0,T] —
[0, 1] is an .% -predictable process for A € A(R), and

N([0,7],{0}) = Q(r,{0}) =0, 0<r<T,

T T
/ n(t)dt < oo, / / 220, d2)n(t)dt < co.
0 o Jr

Assumption (C3) is in line with assumption (RM) from Sect. 2.1. Since we con-
sider a step process, from the general representation of the compensator of the jump
measure, see (2.3), we conclude that Q is a probability transition kernel and n is
an integrable intensity of the underlying point process, see Definitions II.D7 and
VIIL.DS in Brémaud (1981) and Definition 2.1.6. Notice that both the intensity 7
and the jump distribution Q are .# -predictable processes which may depend on the
financial market, the number of claims paid and other sources of uncertainty cap-
tured by the filtration 7.

We remark that step processes are very often used for claim modelling in actuarial
mathematics, see Mikosch (2009) and Rolski et al. (1999). In a more theoretical
setting we could also use a Lévy process with infinitely many jumps.

We investigate the insurance payment process

t t
P(t):/ H(s)ds+f /G(s,z)N(ds,dz)+F1,:T, 0<t<T. (13)
0 0 JR
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We will see that the payment process (7.3) can also be used for modelling financial
claims. We assume that

(C4) the processes H : 2 x [0,T] — [0,00) and G : 2 x [0, T] x R — [0, c0) are
7 -predictable and the random variable F : Q — [0, c0) is .#r-measurable.
The claims H, G and F satisfy

T T
EU |H(s)|2ds] < 00, E[/ /[G(s,z)]zn(s)Q(s,dz)ds} < 00,
0 0 R

T
EU /\G(s,z)n(s)FQ(s,dz)ds]<oo, E[|F[*] < cc.
0 R

Square integrability assumptions are standard in financial mathematics. It is straight-
forward to conclude that under (C4) we have E[|P(T)|?] < co. We should notice
that the stochastic integral with respect to the random measure in (7.3) is a.s. well-
defined since the step process J generates a finite number of jumps on [0, T']. Con-
sequently, the payment process can be written in the following form

t
P = [ HOMds+ Y G5, ATO) asomn () + Flig. 0r=T,
0 5€(0,1]

The process P represents a very general stream of liabilities. It contains payments
H which occur continuously during the term of the contract (annuities), it contains
claims G which occur at random times triggered by the jumps of the step process
J (death benefits), and finally it contains the liability F which is settled at the end
of the contract (a survival benefit). The pay-offs H, G and F may depend on the
financial market, the number of claims paid and other sources of uncertainty mod-
elled by .%. We point out that we can model unsystematic and systematic insurance
risk. By the unsystematic insurance risk we mean the risk of an uncertain number of
claims (which is here modelled by the step process J), and by the systematic insur-
ance risk we mean the risk of unpredictable changes in the claim intensity (which is
here modelled by a stochastic intensity of the step process J).

To enrich the liability model and extend the area of its applications, we introduce
a second .# -adapted Brownian motion B independent of the Brownian motion W.
The Brownian motion B models a third risk factor (a background source of uncer-
tainty), next to the equity risk modelled by W and the claims risk modelled by N.
The Brownian motion B can affect both the claims’ pay-offs and the claim intensity.
The role of B is clarified in the next examples.

Example 7.4 Let F: (0, 00) — [0, c0) be a measurable function. Set H = G =
0, F = F(S(T)) and n = 0. We end up with the classical financial setting with a
terminal claim contingent on the traded asset S, see Shreve (2004).
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Example 7.5 Consider a process S which satisfies the forward SDE

dgs((t)) = [1(t)dt + &1 (1)dW (1) + 62()d B(t), S(0)=5 >0,
t

where [i, 6], & are F" ® % B-predictable processes. Let F be a measurable
functional defined on the space of continuous functions. Set H = G =0, F =
F (S’ (#),0 <t <T) and n = 0. We can investigate a terminal claim the value of
which depends on the path of the non-tradeable index S correlated with the traded
stock S. The Brownian motion W which is used for modelling the index S guar-
antees that S is correlated with the traded stock S , and the Brownian motion B
introduces an independent, non-tradeable source of risk which guarantees that S is
not perfectly correlated with S.

Example 7.6 Consider a predictable process A : Q x [0, T] — (0, 0c0). We define
the point process

Jy=) Uz <t}, 0<t<T, (7.4)
i=1

where (t;,i = 1,...,n) is a sequence of random variables which are, conditional
on the filtration .%*, independent and exponentially distributed

t o g
]P’(n > tL%A) —e Do Mods i on.

In actuarial and financial applications the sequence (t;,i = 1,...,n) can model
defaults of securities, deceases of persons insured or surrenders of policies. The
corresponding characteristics of the point process J take the form

o(t.{(1})=1, n)y=(n-J@e-)r@), 0<t<T. (7.5)

Properties of the point process (7.4) are studied by Jeanblanc and Rutkowski (2000)
in a credit risk context and Dahl and Mgller (2006) in a life insurance context.

Example 7.7 Let H : [0, T] x (0, 00) — [0, 00), G : [0, T'] x (0, 00) — [0, 00) and
F : (0, 00) — [0, 00) be measurable functions and let A : 2 x [0, T] — (0, co) be
an .7 B _predictable process. Set

Ht)=(n—Je)H(t,S1), G, 2)=G(tS@1)),
F=(n—J(D)F(T,ST)), (7.6)
o(r.{1}) =1, n)=mn—-J@e—)r@), 0=<t=<T.

We can consider a portfolio consisting of n persons insured and we can investigate
life insurance equity-linked claims under longevity risk, see Dahl and Mgller (2006)
and Dahl et al. (2008). By the longevity risk we mean the risk of uncertain future
mortality rates (which are likely to decrease in an unpredictable fashion), which is
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here modelled by a stochastic process A independent of the financial market. Both
the financial risk of issued guarantees (equity-linked claims) and the longevity risk
are the main risk factors faced by life insurers.

If we still use characteristics (7.6) but we assume that A is an .# " -predictable
processes, then we can investigate equity-linked life insurance claims under irra-
tional lapse behavior of policyholders. By the irrational lapse behavior we mean the
decision to surrender the policy which is made by a policyholder in a non-optimal
way, but after taking into account alternative investment opportunities in the market.
Hence, we should model the lapse intensity by a stochastic process which is linked
to the financial market. The irrational lapse behavior represents an important risk
factor for life insurers, see TP.2.105-111 European Commission QIS5 (2010).

Example 7.8 Let A : Q x [0, T] — (0, 00) be an .F B—predictable process. Set
o, () =1, n@W=(1—Je))r@n), 0<r<T,

and assume that the claims H, G, F are contingent on the number of deaths J or
the mortality intensity A in a population. We can investigate mortality derivatives,
which are gaining popularity as securitization instruments. For example, a survivor
swap contingent on a population consisting of n individuals can be studied by setting
G =F=0and H(t) = (n—J(t)) —np(t) where p(r) denotes a survival rate agreed
by the parties of the contract, see Dahl et al. (2008).

Example 7.9 Let g be a probability measure supported on (0, 00), and let A > 0. Set
H=F=0and

G(t,2)=z, Q(t,dz)=q(dz), n@t)=xir, 0=<t<T, ze€(0,00). (7.7

We end up with a compound Poisson aggregate claims process, which plays a funda-
mental role in actuarial mathematics, see Mikosch (2009) and Rolski et al. (1999). If
weletA: Q2 x [0, T]— (0, 00) be an .F# B -predictable process, then we can consider
a compound Cox aggregate claims process. The Cox process with an independent
stochastic intensity is a useful generalization of the Poisson process for actuarial
applications. It can be used for modelling catastrophic claims since catastrophic
claims are triggered by random natural disasters, see Dassios and Jang (2003). It
can also be used for modelling seasonal variations of the claim intensity, see Bening
and Korolev (2002).

Let G : [0, T] x (0, 00) x (0,00) — [0,00) and X : [0, T'] x (0, 00) = (0, c0) be
measurable functions, and let g be a probability transition kernel such that g (., A) :
[0, T]x (0, 00) — [0, 1] is a measurable function for A € Z((0, c0)) and ¢(t, s, .) is
a probability measure on A((0, 00)) for (¢, s) € [0, T] x (0, 00). Set H = F =0 and

G(t,2)=G(t,8(1),2), 0(t,2)=q(r,5(t), dz),

. (7.8)
N0 =i(t. 51), 0<t<T, ze(0,00).
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In order to model aggregate payments we now use a step process with the claim
intensity A and the claim severity ¢ which depend on a non-tradeable asset S intro-
duced in Example 7.5. The pay-off G is contingent on the claim and also depends
on a non-tradeable index S. The payment process (7.8) may arise when we investi-
gate weather derivatives, see Ankirchner and Imkeller (2008). It is known that the
intensity and the severity of weather events (such as earthquakes or hurricanes) is
influenced by climate factors. Climate factors are not traded in the market but in-
vestors can find traded assets that are correlated with these climate factors. Hence,
we should use a non-tradeable index S to model a climate risk factor which ef-
fects the intensity and the severity of weather claims. We shall remark that weather
derivatives are gaining importance in financial markets.

Example 7.10 Let 1 : Q x [0, T] — (0, 00), H:Q x [O T]1— [0, oo)andG Q x
[0, T]— [0, o0) be & W—pred1ctable processes and let F:Q— [0, o0) be an .F# w.
measurable random variable. Set

Ho)=@n—-Jt-)H®), Gt,2=G61), F=(@n-JT)F,

7.9

o(r.{1) =1, n)=(m—-J@=)r@), 0<t<T. 79
We can investigate claims from a portfolio consisting of n defaultable securities, see
Bielecki et al. (2004) and Jeanblanc and Rutkowski (2000). In such a framework,
H denotes a dividend, G denotes a recovery rate paid at default and F denotes a
promised pay-off. The pay-offs and the default intensity are linked to the financial
market. We can also introduce an independent, non-tradeable source of risk for the
pay-offs and the default intensity and we can assume that the claims and the intensity
are modelled by .#7" ® .# B -predictable processes. A classical credit default swap
(CDS) can be studied if we choosen =1, F =0, H=—hand G = 8, see Bielecki
et al. (2008).

We can also investigate a collective credit risk model. Set H = F = 0 and

G(r,(1)) =61, Q(.{1})=1, n@)=xrt), 0<r<T.

The payment G represents a credit loss of a obligor given default. The corresponding
payment process models the aggregated credit losses from a portfolio of obligors,
see Gundlach and Lehrbass (2004). We can also assume that the credit loss G:
Q x [0, T] x R — [0, o) depends on the financial market and an exogenous factor
distributed with ¢ (dz). Then, we set Q(t,dz) = q(dz).

As the examples show, the model (7.1)—(7.3) allows us to consider many desir-
able extensions of the classical Black-Scholes financial model and the compound
Poisson loss model. It is obvious to conclude that the payment process (7.3) can
also be used for modelling financial liabilities. The model (7.1)—(7.3) is mathemat-
ically tractable and can be used for pricing, hedging and risk management. Various
useful financial and insurance models with multiple risk factors can be developed
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based on (7.1)—(7.3). A further generalization is possible by introducing a regime
switching process, see Crépey and Matoussi (2008) and Crépey (2011).

Recalling the discussion in Sect. 2.4, we assume that the weak property of pre-
dictable representation holds in our combined financial and insurance model, that is
any .Z -local martingale M has the representation

t

t
M(t):M(O)—i—/ Zl(s)dW(s)—i-/ Z>(s)dB(s)
0 0

t
+/ /U(s,z)z\?(ds,dz), 0<r<T.
0 JR

We point out that the predictable representation may fail under progressive enlarge-
ment of the Brownian filtration, which is usually considered in credit risk models,
see Jeanblanc and Le Cam (2009) and Jiao et al. (2013). Fortunately, if we construct
the default time by the standard method, by an exponentially distributed random
variable (see Example 7.6), then the so-called H-hypothesis is satisfied and the pre-
dictable representation holds under the progressive enlargement of the Brownian
filtration with the information generated by a default process. Consequently, we can
assume that the predictable representation holds for a Brownian motion and a com-
pensated default process, see Proposition 3.2 in Jeanblanc and Rutkowski (2000)
and Theorem 2.3 in Blanchet-Scalliet et al. (2008). By the construction, the H-
hypothesis is also fulfilled by the jumps of the Cox process. Hence, the predictable
representation for a Brownian motion and a compensated Cox process can be as-
sumed as well, see Lim (2005). In other cases, we can follow the arguments pre-
sented in Sect. 2.4 to conclude that the predictable representation holds. We remark
that the assumption of the predictable representation is not controversial for most
applications but the reader should be aware that some sophisticated models are ex-
cluded from the study, see Jeanblanc and Le Cam (2009) and Jiao et al. (2013).

7.3 Admissible Investment Strategies

We consider an insurer (an investor) who faces the stream of liabilities (7.3) and
invests in the bank account (7.1) and the stock (7.2). The insurer’s goal is to repli-
cate the liabilities by investing in the assets and to earn a profit from the investing
activities. We are interested in constructing investment strategies and investment
portfolios which would fulfill these two goals. Such constructions are discussed in
next chapters.

Our standing assumption is that

(AF) the combined financial and insurance market is arbitrage-free.

This is the key assumption in pricing and hedging models.

Let X7 denote the insurer’s investment portfolio (the hedging or replicating port-
folio) under an investment strategy . We assume that X™ is self-financing in the
sense that the value of the portfolio results from investment gains and claims paid.
The dynamics of the investment portfolio X7 := (X™ (¢t),0 <t < T) is given by the
forward SDE
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ds ds
AX7 (1) = n(t)Ty)) +(X(0) —7() Soo(y))
= () (u(0)d1 + 0 (VAW (1)) + (X7 (1) — 7 (0)r(dt —d P(z), (7.10)

X0)=x>0,

—dP(1)

where 7 denotes the amount of wealth invested in the risky asset S, and x denotes
the initial capital including the premium collected at the inception of the contract.
In our applications it is more convenient to deal with the following dynamics

dX™ (1) = (@) (n@)dt + o (O)dW (@) + (X™ (1—) — () r(1)dt,
— H(t)dt — / G(t,z)N(dt,dz), (7.11)
R
X(0)=x>0,

and subtract the claim F from the terminal wealth X (T). We define a class of
admissible investment strategies.

Definition 7.3.1 A strategy 7 := (7w (¢),0 <t < T) is called admissible, written
7w € «, if it satisfies the conditions:

1. 7:[0,T] x  — R is an .% -predictable process,

2. ELf) 1n(t)o (1)]2d1] < oo,

3. there exists a unique cadlag, % -adapted solution X7 to (7.10) (or (7.11)) on
[0, T].

If the admissible investment strategy 7 is independent of the investment portfolio
X7, then the unique solution to (7.10) is given by

t ! t
X*(t) = xelor®ds 4 / (,u(s) — r(s))efs r@du g ($)ds
0

t t
+/ a(s)ef.f“”)d“n(s)dW(s)—/ /efstr(“)d”dP(s), 0<r<T.
0 0 JR

Moreover, the investment portfolio X” is square integrable under 7 € <. Indeed,
by (C1)—(C4) and the Burkholder-Davis-Gundy inequality we can derive

T
]E[ sup |X”(t)|2] < K<1+E|:/ |7T(l)0(l)|2df]
0

1€[0,7T]

t . 2
f o (s)els "z () dW (s) ]+E[}P(T)]2]>
te[0,T11J0

T
< K<1 ~|—IE[/ \n(t)o(z)yzdt]) < c0. (7.12)
0

—HE[ sup
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We point out that square integrability assumptions have a strong financial jus-
tification. The next example shows that the square integrability of the investment
strategy is required in order to exclude arbitrage strategies.

Example 7.11 By Dudley (1977) it is possible to construct a predictable process V
such that

T T 2
/ V(s)dW(s) =1, / |V(s)| ds < 00, as.
0 0

We now define

(1) = o= Jor®ds—[50)dW )= [§0*(0)ds g <y < T,

t
X(x):%—l(t)/ Vis)dW(s), 0<t<T,
0

7(t) = %(%—lmvm +X00@1), 0<t<T.

Let P =0. It is straightforward to show that ()A( , ) solves (7.10) with the initial
condition x = 0 and the terminal value X (7)) = s~ (T) > 0. Hence, the strategy
7 is an arbitrage strategy.

Let us recall that in order to derive a square integrable control process of a BSDE,
which is next used to define an arbitrage-free, square integrable investment strategy,
we have to assume that the terminal condition and the generator of the BSDE are
square integrable. Hence, all our square integrability assumptions are justified.

Bibliographical Notes Detailed references are given in the text. The form of the
payment process (7.3) is inspired by Mgller and Steffensen (2007). Example 7.11 is
taken from El Karoui et al. (1997b).



Chapter 8
Linear BSDEs and Predictable Representations
of Insurance Payment Processes

Abstract We solve linear BSDEs which may arise in actuarial applications. Since
solving a linear BSDE requires to find the predictable representation of a random
variable, we show how to derive the predictable representation of an insurance pay-
ment process. We consider the case of a life insurance and a non-life insurance
payment process under systematic and unsystematic claims risk. We apply both the
Itd’s formula and the Malliavin calculus to derive the control processes of linear BS-
DEs. The representations of the control processes involve conditional expectations
which can be explicitly calculated or estimated by Monte Carlo methods.

In this chapter we solve linear BSDEs which may arise in actuarial applications.
We illustrate two methods based on the Itd’s formula and the Malliavin calculus
which can be used to derive the control processes of linear BSDEs. Linear BSDEs
are important for applications. In Chap. 9 a linear BSDE is used to characterize
the replicating strategy for a liability, and in Chap. 10 linear BSDEs are used to
characterize the optimal (in the mean-square sense) hedging strategy for a liability.
We also remark that nonlinear BSDEs which we face when investigating pricing and
hedging of liabilities under model ambiguity and the entropic risk measure may be
reduced to linear BSDEs, see Propositions 3.3.3 and 3.4.3 and Example 3.4. Since
solving a linear BSDE requires to find the predictable representation of a random
variable, in this chapter we show how to derive the predictable representation of an
insurance payment process. We consider the case of a life insurance and a non-life
insurance payment process under systematic and unsystematic claims risk.

8.1 The Application of the It6’s Formula

Let us investigate the financial model

dSo(t) = So(t)rde,  So(0) =1,
dS@) = u(S®)dt + o (S@)dW (), S0)=s>0,
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and the equity-linked (life insurance) liabilities

t

t
P(t) =/ (n—J(s—))FI(S(s))der/ G(S(5))dJ (s)
0 0
+(n—JM)F(SM)t=T), 0<t<T,

where J denotes the deaths counting process for a life insurance portfolio consisting
of n policies. We assume that the mortality intensity is given by the dynamics

dr@t) = p*(A(®))dt + o (A(1))d B(t), 1(0) =2 > 0.

For an actuarial and financial motivation we refer to Examples 7.2 and 7.7. We
model the longevity risk by a stochastic process which solves a forward SDE de-
scribing the time evolution of the mortality intensity. Such stochastic models are
advocated in the actuarial literature, see Russo et al. (2011) and Schrager (2006).
We can also assume that » depends on S and allow for time-dependent dynamics.
Then, we can follow the same arguments to derive the control processes of a BSDE.
Let us recall that the jump measure N of the point process J has the compensator
v(dt,{1}) = (n — J(@—))r(t)dt.
The value of the insurance liabilities is given by

T
Y1) = E[er(T” (n— J(D)F(S(T)) + f TG (S())d I (5)
t

T
+f e 670 (n — J(s—))IfI(S(s))ds|§4}:|, 0<t<T. (81
t

If we consider the market-consistent value, then the expectation should be taken
under an equivalent martingale measure, see Sect. 9.1. From Propositions 3.3.1 and
3.4.1 we conclude that the value process (8.1) satisfies the linear BSDE

T T
Y()=(n— J(T))ﬁ(S(T)) —/ Y(s—)rds—}-/ G(S(s))dj(s)
t t
T A
+/ (n—J(s=))H(S(s))ds
t

T T T
—/ Z1(s)dW (s) —/ Z>(s)dB(s) —/ U(s)N(ds), 0<t<T.
t t t (82)

The dynamics (8.2) is formulated under the real-world probability measure P. If
we took the expectation (8.1) under an equivalent probability measure Q, then the
BSDE (8.2) would be formulated under Q. Introducing the process V(t) = U(t) —
G(S(t)) and recalling the forward dynamics of S and A, we can investigate the
FBSDE
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T
Y(t)=(n— J(D))F(S(T)) + / (=Y(s=)r +G(S®)(n— J(s=))Als)
t
+(n— J(s—)H(S(5)))ds

T T T
—/ Zl(s)dW(s)—/ Zz(s)dB(s)—/ V(s)N(ds), 0<t<T,
t t t
t t
S(t):S(O)—i-[ /L(S(s))ds+f o(S())dW(s), 0<i<T,
0 0

t t
x(z)=A(0)+/ M()\(s))der/ o*(M(s))dB(s), 0<t<T.
0 0
(8.3)

The goal is to characterize the control processes (Z1, Z», V) of the linear BSDE
(8.3). We use the 1td’s formula.

Proposition 8.1.1 Consider the linear BSDE (8.3). Assume that

(i) the jump measure N of the point process J has the compensator ¥ (dt, {1}) =
(n— J(t=))A(r)dt,
(i1) the processes S and )\ are positive,
(iii) the functions u : (0, 00) — [0, 00), 0 : (0, 00) — [0, 00) and w* (0, 00) —
[0, 00),0* : (0, 00) — [0, 00) are LlpS‘ChltZ continuous,
(iv) the functions F: 0, 00) — [0, 00), A : (0, 00) — [0, 00) and G: 0, 00) —
[0, 00) are Lipschitz continuous.

We define measurablefunctionsﬁ :[0, T] x [0, T] x (0, 00) — [0, 00), f: [0, T] x
[0,T] x (0,00) — [0,00),8 :[0,T] x [0,T] x (0,00) — [0,00), p : [0,T] x
[0, T] x (0,00) = (0,00) and p :[0,T] x [0, T] x (0, 00) = [0, c0) such that
for0 <t <u <T we set

h(t,u,s) =E[e" "D H(Sw))|S¢) =s].

ft,u,s) =E[e " “DE(S@)IS() =],

gt u,5) =E[e G (Sw)IS(1) =], (8.4)
p(t,u, 2) = E[e 2025 1) = 3],

Pt u, h) = E[e™ I 0 ) o (r) = 1],

andforO<u <t <T weseth= f =§=p=p=0. We further assume that

(v) for each 0 <u < T the functions ﬁ(u D, f(u ), 8C,u, ), p(,u,.) and
p(.,u,.) are of the class € ([0, u] x (0, 00)) N € 12([0, u) x (0, 00)).

The control processes (Z1,2Z,,V) € H2(R) x H2(R) x H2 v R) of the BSDE (8.3)
take the form
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Z(1)
=(n—=J@=))o(SO)p(t, T, (1)) fs(t, T, S@))
+(n—J(@=))o(S®)
T
/ (p(t,u,)»(t)) s(tou, S@) + p(t,u, M) 85 (1, u, S(1)))du, 0<t<T,
t

Zy(1)
= (n—J (=)o () pa(t. T, 1(0)) f (£, T, S(1))
+(n—J(t=)o* (A1)

T
/ (pa(t.u, A(t))fz(t, w, S(0)) + p(t,u, 2))g(t,u, S@)))du, 0<t=<T,
t
V()
= —p(t, T.20)) £ (. T, S())

T
—/ (p(t,u, A(t)) (t.u, S0)) + p(t,u, A(0))g(t,u, S(1)))du, 0<t<T,
t

where fy(t.u,s) =L f(t.u.5), hs(t,u,s) =

palt,u, 1) =L p(t,u,0), prt,u,p) = %ﬁ(t u, ).

Proof By Theorems 3.1.1 and 4.1.1 there exists a unique solution (Y, Z1, Z», V, S, X)
to (8.3) and the processes S and X have finite moments. From Propositions 3.3.1 and

3.4.1 we can deduce that the control processes (Z, Z>, V) are obtained from the
predictable representation of the martingale

T
%(t):E[e_rT( — J(D))E(S(D)) + /0e—’“é(S(u))(n—J(u))x(u)du

T
+/ e (n—Jw)H (S(u))du|,/,:|, 0<t<T. (8.5)
0
Let us consider the first martingale
M) =E[e™ T (n—J(D)F(S(T))|F]. 0<t<T.
We can derive

E[e™"" (n = J (1) F(S(T)17]

= E[Z Lz > TYe " TF(S(T)) |3¢‘,}
i=1
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=Y Yz > B[l > T, 5 > the T F(S(T))|.7]

i=1

n
= Z Yo > E[e ™ T F(SD)E[Uw > T, w > ) F) v FE v 7]17]

i=1
= (n— JO)E[e 2045 Z B[ T F(SD) 7], 0<t<T.  (86)

where we use representation (7.4), the property of conditional expectations, the ex-
ponential conditional distribution of t; and the independence of W and B. We get

M= (n—J0)f(t.T.SO)p(t, T, A1), 0=<t=<T.

The Lipschitz property of F, the moment estimate (4.2) for S and square integrabil-
ity of S imply that .# ! is square integrable. Hence, there exists a unique predictable
representation of the martingale .# Uin H2(R) x H2(R) x H%V (R) and the martin-
gale . can be represented as a sum of three square integrable stochastic integrals
driven by W, B and N. Since f, pE €12([0,T) x (0, 00)), we can apply the Itd’s
formula and we immediately get the dynamics

M (1)

t
=.#"0) +/ e (n—J =) fy(u, T, S@) p(u, T, »w))o (S@))dW ()
0
t ~
+/0 e (n—Jw=))f(u, T, S@)ps(u, T, Aw))o* (A(u))d B(u)

t
—/ e f(u, T, S@)p(u, T, »(w))N(du), 0<t<T. (8.7)
0

We remark that the Lebesque integral in the [td’s formula must vanish by the martin-
gale property. Since f, p € €(0,T] x (0,00)) and AJ(T) =0 a.s. by quasi-left
continuity, then lim,_,7_ .#'(t) = .#"'(T) a.s., and in L>(R) by the dominated
convergence theorem. By the growth properties of f;, D, f , P», which can be de-
duced from (4.2) and (8.4), the three stochastic integrals in (8.7) are well-defined
square integrable martingales on [0, T']. Hence, we take the limit in LZ(R) and we
derive

M (1)

=///‘(0)+/

e
0

t

(= J =) fy(u, T, S@) p(u, T, »w))o (S@))dW ()
t
+/0 e ™ (n - J(u—))f(u, T, S(u))p;\ (u, T, A(u))o)‘(k(u))dB(u)

t
- [ e_r”f(u, T, S(u))p(u, T, )»(u))l(’(du), 0<t<T. (8.8)
0
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We deal with the second martingale
T A
M) = EU e ™(n— J(u))H(S(u))duL%], 0<t=<T.
0

Fix u € [0, T]. We introduce the process
M) =E[e™™(n — JW)H(SW)|F], 0<t<u.
Following the arguments which led to (8.8), we can obtain
M) = (n— TO)h(t,u, SO)p(t,u, (1)), 0<t<u,
together with the representation
()

= M+ (0) + /0[ e (n— J(=))hs (v, u, S@)) p(v, u, A(v))o (S(v))dW (v)
+ /Ot eV (n — J =))h(v, u, S@)) pa(v, u, A(v))o* (A(v))d B(v)
- /Ot e " h(v,u, S))p(v, u, A(v))N(dv)

=% (0) + /O [ 2 (v)dW (v)

t t
+/ %”(v)dB(v)+/ Y*(W)N(dv), 0<t<u, (8.9)
0 0

where we introduce the processes 27", 25" and . If we apply the a priori estimate
(3.4) to the BSDE (8.9) and we use the Lipschitz property of H and the moment
estimate (4.2) for S, then we can derive

E[/ |9,q“(v)|2dv+/ |Qf2“(v)|2dv+/ |”V”(v)|2(n—J(v))A(v)dv:|
0 0 0
— A 2 2
< KE[|e (n = Jw)A(S@) ] = K (1+E[ sup [sw*]) =k, .10
vel0,T]

with K independent of u. Estimate (8.10) also yields
T (T 5 T (T 5
/ / |Qﬁ”(v)| l{vgu}dvdu—i—/ / |%”(v)| 1{v < u}dvdu
o Jo o Jo

T T
+/ / |”//”(v)|21{v <u}(n — J(v))A(v)dvdu < co. (8.11)
0 0
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We now obtain the representation of the second martingale .. Using (8.9), we get

M)
t
_ / e (n— J () H (Sw))du + E[/
0 t

t t t
=/ <//12’”(0) +/ ') {v < uldW(v) ~|—/ 2 () {v < u}dB(v)
0 0 0

T
e (n— J(u))ﬁ(S(u))dm%}

t
+/ ”V”(v)l{vfu}ﬁ(dv))du
0
T t t
~|—/ (///2’“(0)+/ %“(v)l{vfu}dW(v)—k/ 2 () 1{v <u}dB(v)
t 0 0

t
+/ P (v)1{v < u}]\?(dv)>du
0

T T s pt
=/ A" (0)du ~|—/ (/ ' () 1{v < u}dW(v))du
0 0 0

T
+f (/l 2 ()1 < u}dB(v))du
0 0

T t
+/ (/ ”//“(v)l{vfu}]\?(dv))du, 0<r<T. (8.12)
0 0

By the measurability assumptions and property (8.11) we can apply the Fubini’s
theorem for stochastic integrals, see Theorem IV.65 in Protter (2004). We change
the order of integration in (8.12) and we derive the representation

t T
///2(;)=///2(0)+/ (/ Qqu(v)du)dW(v)
0

v

t T t T
+/ (/ qu(v)du>d3(v)+/ (/ ”V“(v)du)]\?(dv), 0<r<T.
0 v 0 v

(8.13)

The representation of the third martingale
T A~
M (t) =E[/ e G (Sw))(n — J(u))x(u)du@,], 0<t=<T,
0

is obtained analogously to (8.13). From the representation of the martingale .#
and Propositions 3.3.1 and 3.4.1 we deduce the formulas for the control processes
(21,22, V). O

The assumptions of Proposition 8.1.1 should hold in many cases. We remark
that the Lipschitz continuity assumptions of Proposition 8.1.1 can be relaxed, but
additional existence and moment assumptions for S and A would have to be intro-
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duced instead. The assumption that the functions f ,h, g, p and p are of the class
€ ([0, T] x (0,00)) NE12([0, T) x (0, 00)) is mathematically convenient. In fact,
this is the key assumption which allows us to apply the It6’s formula and, conse-
quently, to find the predictable representation and the control processes of the linear
BSDE. We recall that prices of call options, put options and survival probabilities
in classical financial and actuarial models are sufficiently smooth under appropri-
ate conditions, see Sect. 12.1 in Cont and Tankov (2004) and Chap. 5 in Filipovic
(2009). However, the smoothness of prices is not guaranteed and it may require very
strong assumptions.

The representation of the control processes from Proposition 8.1.1 involve
derivatives. If we deal with the classical Black-Scholes model and we assume that
the mortality intensity follows the Cox-Ingersoll-Ross process, then f;, fzs, &s» Pa
and p, have closed form solutions, see Chap. 5 in Shreve (2004) and Chap. 5 in
Filipovic (2009). If we consider a more general model, then we can use Proposi-
tion 4.1.2 to calculate (or estimate) the derivatives.

8.2 The Application of the Malliavin Calculus
We investigate the financial model

dSo(t) = So(t)rdt,  So(0) =1,

dS@t) = u(S®)dt +o(S@®)dW (), SO0)=s>0,
and the equity-linked (non-life insurance) liabilities

t
P(t) =f / G(S(s),z)N(ds,dz), 0<t<T,
0 JR

where the random measure N is generated by a compound Poisson process with
intensity A and jump size distribution ¢. For an actuarial and financial motivation

we refer to Examples 7.9 and 7.10.
The value of the insurance liabilities is given by

T
Y(t):E[/ /e_’(s_’)é(S(s),Z)N(ds,dz)lﬁ}:|, 0<t<T.
t R

Following the reasoning that led to (8.3), we consider the FBSDE
T A
Y(@) =/ (—Y(s—)r—l—/ G(S(s),z)kq(dz))ds
1 R

T T
—f Z(s)dW(s)—/ /V(s,z)ﬁ(ds,dz), 0<t<T, (8.14)
t t JR

t

t
S(t) :s<0>+/ M(S(s))ds+/ o(S(s))dW(s), 0<r<T.
0 0
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Using the Malliavin calculus and the results for FBSDEs from Chap. 4, we show
how to derive the control processes (Z, V) without applying the It6’s formula. The
Malliavin calculus allows us to relax smoothness assumptions in our models.

Proposition 8.2.1 Consider the linear BSDE (8.14). Assume that

(1) the random measure N is generated by a compound Poisson process with in-
tensity A and jump size distribution q,
(i1) the process S is positive,
(>iii) the functions 1 : (0, 00) — [0, 00) and o : (0, 00) — (0, 00) are twice contin-
uously differentiable with bounded derivatives,
(iv) the function G: (0, 00) x R — [0, 00) is measurable, Lipschitz continuous in
the sense that

|G(s,2) = G(s',2)| < K|s —s'|lzl,  (s,2),(s',2) € [0, TI x R,
and satisfies the growth condition
G0,2)<Klzl, zeR.
The control processes (Z, V) € HA(R) x H%\, (R) of the BSDE (8.14) take the form

T
Z(t):o(S(t))E[/ /e—’“‘—’)és(s’(u),z)g(”)xq(dz)dm,%], 0<t<T,
t JR (1)

V(t,2)=0, 0=t=T, zeR,

where
! t
Yit)y=1 +f @(u),u/(S(u))du +/ @(u)a/(S(u))dW(u), 0<t<T,
0 0

and és(s, )= %(A;(s, 2).

Proof By Theorems 3.1.1 and 4.1.1 there exists a unique solution (Y, Z, V, §) to
(8.14). Since we deal with the Markovian dynamics, we have Y (¢) = u(t, S(¢))
where

T
u(t,s) = ]E|:f / e_r(”_t)é(Sl’s(u), Z))»q(dz)du]
t R

T
=/ fe—““—’)E[é(sfvS(u),z)],\q(dz)du, (t,s) €0, T] x (0, 00).
t R

By Theorem 4.1.2 the law of S is absolutely continuous. From Theorem 4.1.2
we conclude that S is Malliavin differentiable and, next, from Propositions 2.6.4—
2.6.5 we deduce that fR é(S (s), 2)Ag(dz) is Malliavin differentiable for 0 <s < T.
Hence, Theorem 4.1.4 yields the control processes

Z(t)=us(t, S®))o (S@®), V(t,2)=0, 0<r=<T, zeR.
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By the Lipschitz property of G and the moment estimates (4.2) we obtain the in-
equalities

EHGw”omz»—éw”kmx>

s—s
E[| St _ St,s’ E[|S?S — St 2
_ xEl %lyl(mmd§K¢[| Slﬂ WP~ k2l 6.15)

and

s—s'

s et

]sKm% (8.16)

forall (t,u,s,s’,z) €[0,T]x [0, ] x (0, 00) x (0, 00) x R. From (8.16) we deduce
that the family

G(S™5(u), 2) — G(S™' (), 2)

s—s'

, s €(0,00),

Ao =|

is uniformly integrable for fixed (¢, u, s, z) € [0, T] x [0, T] x (0, 00) x R, see the
proof of Proposition 4.1.2. By (8.15), the dominated convergence theorem, the uni-
form integrability of Ay and Fubini’s theorem we finally derive

u(t,s) —u(t,s"

s —s'

t,s _ Acat,s
hm/ / e M)E[G(S (u),z) —G(S (”)’Z)]xq(dz)du
t

ug(t,s) = lim

s'—s s—s'

= IE|:/ / e TG, (S”(u), z)@t’s(u)kq(dz)du},
t R
(t,s)€[0,T] x (0, 00).

where
S () =1 +/ S ) (8" (v))dv
t
+/ 0 ()o (S (W)dW (), 0<t=<u<T,
t

and we use the fact that s — G(S” (u), z) is a.s. differentiable for z € R, u €
T O

The proof of Proposition 8.2.1 relies on Theorem 4.1.4 which we established for a
FBSDE driven by a Brownian motion and a compensated Poisson random measure.
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It is interesting to note that Theorem 4.1.4 can be applied to BSDEs driven by more
general random measures provided that appropriate modifications are introduced.
Let us investigate the financial model

dSo(t) = So(r)rdt,  Sp(0) =1,
dS(t) = w(S®)dt + o (S®))dW (1),  S©0)=s >0,

and the equity-linked (non-life insurance) liabilities

t
P(t):/ /G(S(s),z)zv(ds,dz), 0<t<T,
0 JR

where the random measure N is generated by a compound Cox process with com-
pensator ¥ (dt,dz) = A(S(t))g(dz)dt. Since the intensity XA is contingent on the
stock, the systematic claims risk is now considered. For an actuarial and financial
motivation we again refer to Examples 7.9 and 7.10. We show that we can replace
the random measure N generated by a compound Cox process with a Poisson ran-
dom measure.

Let us assume that the intensity A is bounded and set £E ={y : 0 <y <
sup,.oA(s)}. Let NP denote a Poisson random measure on Q x ([0, T]) x
BR) x B(E). We assume that the compensator of the Poisson random measure
NP is 9(dt,dz,dy) = q(dz)dydt. We introduce the random measure

A (dt,dz) = / I[Q,A(s(,))](y)Np(dt, dz,dy). (8.17)
E

We can notice that

t t
/ /IA(w,s,z)JV(ds,dz)—/ /IA(w,s,z)k(S(s))q(dz)ds
0 JR 0 JR

t
=/ / 1a(w, s, D056 (VNP (ds,dz,dy), 0=<t<T,
RxE

is a martingale for A € & ® Z(R) by Theorem 2.3.3. Hence, by Definition 2.1.4
the random measure ./ has the compensator A(S(¢))q(dz)dt. From Theorem 11.5
in He et al. (1992) we conclude that the measures N and .4 are indistinguishable.
Consequently, we can use the results derived for BSDEs driven by Poisson random
measures also in the case when we deal with random measures generated by Cox
processes.

The value of the insurance liability is given by

T
Y(t) = ]E[/ / e "CTDG(S(s), z) N (ds, dz)lﬂ}}

f fR e OTNG(S(5), 2) Lo,asen (VNP (ds, dz, dy)m},
xE

O<t=<T
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and we investigate the FBSDE
T A~
Y(t) = f <—Y(S—)r + /R G(S(s), Z)I[O,A(S(s))]()’)‘Z(dz)d)’)ds
t xE

T T
—/ Z(s>dW<s)—// Vs, 2, y)NP(ds,dz dy), 0<t<T,
t t RxE

t

t
S(t):S(O)—i—/ /L(S(s))ds—i—f o(S(s))dW(s), 0<t=<T.
0 0
(8.18)

Proposition 8.2.2 Consider the linear BSDE (8.18). Assume that

(i) the process S is positive,

(i) the function X : (0, 00) — E is positive and Lipschitz continuous, and the set
E is bounded,

(iii) the random measure NP is defined on Q2 x B([0, T]) x B(R) x B(E) and it is
a Poisson random measure with the compensator ¥ (dt,dz,dy) = q(dz)dydt
such that q(R) = 1 and fR 1z|%¢ (dz) < o0,

@iv) the functions u : (0, 00) — [0, 00) and o : (0, 00) — (0, 00) are twice contin-
uously differentiable with bounded derivatives,

(v) the function G: (0, 00) x R — [0, 00) is measurable, Lipschitz continuous in
the sense that

|G(s.2) = G(s".2) [ < K|s =s'[lz].  (5.2). (s, 2) € (0, 00) xR,
and satisfies the growth condition
G(s,2) < Klzl,  (5,2) € (0,00) x R.

The control processes (Z,V) € H2(R) x H%V,, (R) of the BSDE (8.18) take the form

T
Z(t):a(S(t))E[ / / e—’W—’)és(S(u),z)g/(”)x(S(u))q(d@du@,]
t JR Y(t)
T
—I—U(S(t))]E|: / / e_’(”_’)G(S(u),z)g(u)k’(S(u))q(dz)dulﬁt],
t JR Y (1)

0<r<T,
Vit,z,y) =0, 0<t<T,zeR, yekE,

where
t t
@(r)=1+/ @(u),u/(S(u))du—i—/ Yo' (Sw)dWw), 0<r=<T,
0 0

and G(s, z) = %é(s, 2).
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Proof We cannot apply Proposition 8.2.1 since the indicator function in the genera-
tor of (8.18) is not smooth enough. Let E = {y : 0 < y < ¢} where ¢ = sup,. o A(s).

Choose a smooth function ¢ € €%(R) such that ¢(x) = 1, x <0, and ¢(x) =0,
x > 1. It is easy to show

i (n(y —4(5)) = 1paen ). (.85) €Ex(0.,00.  (8.19)
By Theorems 3.1.1 and 4.1.1 there exists a unique solution (¥, Z, V, §) to (8.18),

and by Theorem 4.1.2 the law of S is absolutely continuous with respect to the
Lebesgue measure. Consider the FBSDE

T
Y'(t) = / <—Y"(s—)r +/R i G(S(s),2)e(n(y — k(S(s))))q(dz)dy)ds
t X

T T
— | ZMs)dW(s) — V(s, z,v)NP(ds,dz, dy),
[ ()W (s) /, /M oW s sy,

0<t<T,

t t
S(1) = S(0) + / w(S())ds + / o (S()dW(s), 0<r<T.
0 0

By Theorems 3.1.1 and 4.1.1 there also exists a unique solution (Y", Z", V" S§)
to (8.20). The a priori estimates (3.4) and (3.6) together with the Cauchy-Schwarz
inequality yield

2 2 2
¥ =¥+ 12 = 2"+ 1V -V,

sm[/oT

—/RXEé(S(u),z)(p(n(y—)»(S(M))))Q(dz)dy

/R i G (S, 2) 101500 (g (d2)dy

2
du:|

<KEU / G(8@). 2)[torswn ) —e(n (y—A(S(»o)))lzq(dz)dyd“l

and by the dominated convergence theorem and (8.19) we get

2
Jim (Y =¥ 5+ [ Z = 2"+ |V =V [ ) =0.
In order to find the solution (Z, V), we find the solution (Z", V") to the BSDE
(8.20) and we take the limit. We can now apply Proposition 8.2.1 to (8.20). We
obtain the control processes
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Z"(1)
T ~
= O’(S(t))E[f / e—r(u—z) GS (S(u), Z)
t RxE
24
' @((btt))(p(”(y _)“(S(”))))‘I(dZ)dydu|ft:|
! (8.21)
+U(S(I))]E|:/ / e_r(u_t)é(S(M),z)
t RxE
! ’ g(u)
.Gw(dy—A@m»»m(am»éﬁﬁqudeﬁJ’ oeiet

V' t,z,y) =0, 0<t<T, z€eR, yekE.

Notice that for a.a. s > 0, for which the derivative A/ (s) exists, we have

—/Egp’(n(y—)n(s)))n)\’(s)dy

(&)1 Ac
Z_AU ¢ (n(y — 1.(5)) )ndy ' (s)

Lale=r(s)
= —/ @' (nv)ndvd'(s) = (1 — (1 An(c—Ar())))A (s), (8.22)
0

and

lim (1—g(1 An(c— ()2 (s) =2 (s), (8.23)

n—o0

where we use properties of ¢. Combining (8.21) with (8.22), we get

Z" (1)

T
:a(S(t))]E[// e UG (S(w), 2)
t RxE
% (u)
0N
T A~
+a(5(t))153[ / / e UTDG(S(u), 2)
t R

(1=l /\n(c—A(S(u)))))x’(S(u))@q(dz)dydm% , 0<t<T,
(1)

(n(y - /\(S(u))))q(dz)dydmﬁt}

and the limit of Z" can be established by the dominated convergence theorem and
properties (8.19), (8.23). O
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The results derived so far are only applicable to Markovian dynamics. The power
of the Malliavin calculus lies in the fact that it can be applied in a general non-
Markovian setting. Let us investigate the financial model

dSo(t) = So(t)rdt,  So(0) =1,
dS@t) = S(t)(w(t)dt + S(t)o (HdW (1)),  S0)=s >0,

and the liabilities
t
P(t)Z/ /G(S,Z)N(ds,dz), 0<t<T,
0 JR

where the random measure N is generated by a compound Poisson process with
intensity A and jump size distribution ¢g. The drift and volatility of the stock S and
the claim G are non-Markov processes. We consider the BSDE

T
Y@) = / <—Y(s—)r —|—f G(s, Z)kq(dZ))ds
t R

T T
—/ Z(s)dW(s)—/ /V(s,z)z\”/(ds,dz), 0<t<T. (824
t t R

The next proposition shows the benefit of the Malliavin calculus in the theory
and applications of BSDEs. Recalling the key results established for the Malliavin
derivative and FBSDEs, we can immediately derive the control processes (Z, V) of
the BSDE (8.24).

Proposition 8.2.3 Let us consider the natural filtration F generated by a Brown-

ian motion and a compound Poisson process with intensity A and jump size distri-
bution q. We investigate the linear BSDE (8.24). Assume that

(1) (C1)—(C4) from Chap. 7 hold,
(i) v-a.e. (s,z) € [0, T] x R the random variable G (s, z) is Malliavin differen-
tiable, and the Malliavin derivative satisfies

T T )
E[/ / /|DuG(s,z)| Aq(dz)dsdui| < 00,
0 0 R
T T 2
E[/ f/ /|D“G(s,z)| kq(dz)dsq(dx)du] < 00.
0 RJO R

The control processes (Z,V) € H2(R) x H%\, (R) of the BSDE (8.24) take form
T P
Z(t) = <E[/ / e U D, G(u, z)xq(dz)dmﬁ,]) , 0<t<T,
t R

T 4
V<r,z>=z(E[/ /e—““—”Dt,zG(u,z)xq(dz)dm%D 0<1<T, zeR,
t R

where ()7 denotes the predictable projection of the process.
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Proof The result follows from Theorem 3.5.1, Propositions 3.5.2,2.6.3 and 2.6.5. J

Proposition 8.2.1 arises now as a special case of Proposition 8.2.3.

Let us remark that in applications we may face a linear BSDE with a generator
which also have a linear term in the control processes (Z, U). By Propositions 3.3.1
and 3.4.1 such a linear term may be absorbed by the random noises and the change
of measure. We end up with a linear BSDE with a generator independent of (Z, U)
with the dynamics under a different probability measure. After the change of mea-
sure, we can use the techniques presented in this chapter to derive the control pro-
cesses.

We have discussed two methods which can be applied to derive the predicable
representations of random variables and representations of the control processes
of linear BSDEs. The representations involve expectations of state processes. Such
representations are useful since we can use Monte Carlo simulations in numeri-
cal applications. As the control processes of BSDEs determine hedging strategies,
the results of this chapter point out methods which can be used to establish imple-
mentable formulas for hedging strategies.

Bibliographical Notes In the proof of Proposition 8.1.1 we closely follow the
proof from Delong (2010), see also Mgller (2001). The idea of replacing a random
measure generated by a Cox process by a Poisson random measure is taken from
Ankirchner and Imkeller (2008). In the proof of Proposition 8.2.2 we closely follow
the arguments from Ankirchner and Imkeller (2008). For applications of the Malli-
avin calculus to linear BSDEs driven by Brownian motions we refer to El Karoui
et al. (1997b).



Chapter 9
Arbitrage-Free Pricing, Perfect Hedging
and Superhedging

Abstract We consider arbitrage-free pricing of assets and liabilities. We start with
perfect replication of a terminal financial claim in the Black-Scholes model. Next,
we study superhedging strategies for the insurance payment process. Finally, we in-
vestigate perfect replication of a stream of life insurance liabilities with a mortality
bond. We characterize the arbitrage-free prices and the replicating strategies by lin-
ear BSDEs. The superhedging price and the superhedging strategy are characterized
as a supersolution to a BSDE.

We give a brief introduction to arbitrage-free pricing of assets and liabilities. We
show that BSDEs arise naturally when we deal with hedging problems. In this chap-
ter we focus on perfect replication and superhedging of liabilities.

9.1 Arbitrage-Free Pricing and Market-Consistent Valuation

Traditional actuarial pricing is based on the law of large numbers and the idea of di-
versification. However, if we deal with equity-linked payments, then diversification
arguments cannot be applied. The risk of equity-linked claims can only be miti-
gated if an asset portfolio is found which is strongly correlated with the claims.
The cost of setting such an asset portfolio (called a hedging or replicating portfo-
lio) gives the price of the liability. Such an approach to pricing insurance liabilities
is called market-consistent valuation and refers to the non-arbitrage pricing theory
from financial mathematics. We should remark that market-consistent valuation is
advocated by Solvency II Directive and many accounting standards.

The fundamental theorem of financial mathematics states that in a market model
that is arbitrage-free (with No Free Lunch with Vanishing Risk) we can construct
an equivalent probability measure Q such that the discounted prices of traded in-
struments are Q-local martingales, see Delbaen and Schachermayer (1994). Such
a measure Q is called an equivalent martingale measure. The price of a liability is
given by the expectation of the discounted pay-off under an equivalent martingale
measure.

In order to price liabilities in our combined financial and insurance model (7.1)—
(7.3), we have to define the set of equivalent martingale measures 2™. From
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Sect. 2.5 we conclude that the set 2™ is of the form

d
om = {Q~IP>, d%‘%=M’”(r), 0<r<T.

M™ is a positive % -martingale}, 9.1)

amM™ 1) =—9(t)dW(t)+¢(t)dB(t)+/ k(t,2)N(dt,dz), M) =1,
M™(t—) R

where 6(t) = % , and ¢ and « are .% -predictable processes such that

T T
/ |6(6)Pdt < o, / / l(t, ) Q(t, dz)n(t)dt < oo,
0 0 R

k(t,z)>—1, (,2€[0,T] xR.

It is easy to show that under (C1) the discounted stock price e~ Joreyds g (1) is a Q-
martingale for any Q € 2", see Example 2.9. The insurance payment process (7.3)
should be priced by the principle

T T
Price of P at time t = EQ |:/ e s r(“)d”dP(s)L%], 0<t=<T, 9.2

t

with some Q € 2. The measure Q is determined by the triple (6, ¢, k). The pro-
cess 6 is called the market price of the financial risk or the risk premium required by
investors for taking the financial risk. The processes ¢ and « are called the market
prices of the insurance risk or the risk premiums required by investors for taking,
respectively, the systematic and the unsystematic insurance risk. Notice that in our
combined financial and insurance model the risk premium for the financial risk can
be uniquely derived from the traded stock. The risk premiums for the systematic
and unsystematic insurance risks cannot be uniquely derived since “insurance in-
struments” are not traded in the market. In order to apply the principle (9.2), the
insurer has to decide on the insurance risk premiums. We remark that the insurance
risk premiums (¢, ) and the corresponding equivalent martingale measure should
not be taken out of the blue. The price of a liability should be related to a hedging
portfolio. We should first state a hedging objective (a performance criterion) and
then we should derive the optimal hedging strategy. The cost of setting the hedging
portfolio gives the price of the liability, from which the insurance risk premiums can
be deduced. In next chapters of this book we will focus on hedging of liabilities.

9.2 Perfect Hedging in the Financial Market

We consider the financial market (7.1)—(7.2). We start with the simplest hedging
problem in which the insurer faces a terminal claim F depending on the perfor-
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mance of the financial market. We investigate perfect hedging (perfect replica-
tion) of the claim F. Let 7 € o/ be an admissible investment strategy, see Defi-
nition 7.3.1. The dynamics of the investment portfolio X” under the strategy 7 is
given by the equation

dX7(t) = (t)(u®)dt + o O)dW (1)) + (X7 () — 7 (@))r()dt.  (9.3)

The goal is to find an initial value of the investment portfolio and an admissible
investment strategy which perfectly replicate the liability F, i.e. an initial capital
X7 (0) and a strategy 7 € < such that X™ (T) = F. We set

Z®)=nt)o(t), Y@ =X"@), 0<t<T.

We can notice that the problem of finding a replicating strategy for the claim F in
the financial market (7.1)—(7.2) is equivalent to the problem of finding processes
(Y, Z) which satisfy the equation

dY@®)=Y@®)r@®)dt + Z)0(t)dt + Z(t)dW (1),

with the terminal condition Y (T') = F. Consequently, the problem of finding a repli-
cating strategy for the claim F in the financial market (7.1)—(7.2) is equivalent to
the problem of solving the BSDE

T
Yt)=F +/ (—Y(s)r(s) — Z(s)@(s))ds
t

T
—/ Z(s)dW(s), 0=<r<T. 94)
t

Hence, the fundamental problem in financial mathematics can be described by a
solution to a BSDE. Notice that the connection between the perfect replication of F
and the BSDE (9.4) arises very naturally.

Recalling Proposition 3.3.1, we can state the following result.

Theorem 9.2.1 Assume that (C1)—(C2) from Chap. 7 hold and let F be an F" -
measurable random variable. The replicating portfolio X* and the admissible repli-
cating strategy t* € < for the claim F are given by

« T
X*6)=Y(t) =B [e i "0 FI 2V 0<i<T,

T (t) = &, 0<t<T,
o(t)

where (Y, Z) € S*(R) x H?(R) is the unique solution to the BSDE (9.4), and the
equivalent martingale measure Q* is defined by

dd%* gV — = [ 0@AW =3 fI0Pds o <4 < T
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By Proposition 3.3.1 we have Z(t) = & (t)ef(; r$)ds where % is derived from
the predictable representation

T
e*f()T rs)ds p _ gpQ* [e*foTr(s)ds F] + / ff(s)dWQ* (s). 9.5)
0

Theorem 9.2.1 shows that the replicating portfolio and the replicating strategy for
the claim F solve the linear BSDE (9.4). The price of the claim F, the value of the
replicating portfolio, is arbitrage-free since it is of the form (9.2). Notice that in the
case of the financial model (7.1)—(7.2) the set 2™ consists of one equivalent martin-
gale measure, hence the arbitrage-free price is uniquely defined. The advantage of
formulating the BSDE (9.4), compared to referring directly to the fundamental pric-
ing theorem (9.2), is that the BSDE gives the replicating strategy and the price Y (0)
can be seen as the cost of setting the replicating portfolio. The square integrability
of the claim guarantees that there exists a unique solution to the BSDE (9.4) and,
consequently, a unique replicating portfolio for F'. We already know from Exam-
ple 7.11 that the square integrability assumption excludes arbitrage strategies. We
remark that uniqueness of a replicating portfolio coincides with the notion of non-
arbitrage. Since solving the linear BSDE (9.4) requires to derive the predictable
representation (9.5), in Theorem 9.2.1 we prove the well-known result of financial
mathematics.

Example 9.1 We consider the classical Black-Scholes model with constant co-
efficients r, u, 0. We are interested in pricing and hedging the put option F =
(K — S(T))™. In order to find the replicating strategy and the replicating portfo-
lio for the claim F, we have to solve the BSDE

T T
Y(t) = (K — S(T))* +/ (=Y (s)r — Z(s)0)ds —/ Z(s)dW(s), 0<t<T.
t t

By Proposition 3.3.1 we have to find the predictable representation of the random
variable e 7T (K — S(T))* under the equivalent martingale measure Q* which is
defined in Theorem 9.2.1. Recalling Girsanov’s theorem and Example 2.9, we de-

duce that dS(t) = S(t)rdt + S)adW? (1), or S(T) = S(O)erT—%“zTWWQ*(T),
Following the steps from Example 3.2 and applying the Clark-Ocone formula, we
can derive the representation

T
T (K - S(TY) " =E [e'T (K — S(1)) ]+ / o(t, S0)aw? (),
0

where
o(t,51)) = —oe " TEY [S(D{S(T) <K}|#]. 0=<t<T.

By Proposition 3.3.1 and Theorem 9.2.1 the replicating strategy for the put option
is given by the formula

(1) = —e"TOEY [S()1{S(T) < K}1.7]
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=-SO®(—d(t, 1)), 0=<r=<T, 9.6)

and the price of the put option, and the initial value of the replicating portfolio, is
equal to

x*©0) =Y (©0) =EY [T (K — S(T)) "]
=Ke "Td(—d(0,5(0)) — o VT) — S(0)@(—d (0, S(0))).
where @ denotessthe distgibution function for the standard normal random variable
and d(t,5) = T AZD

mined by the process

. The value of the replicating portfolio is deter-

X*0)=Y(@) =EY[e T (K - S(T))"1.%]
=Ke T o(—d(t,S®)) —o/T —1)
- S (—d(r,S1))), 0=<r<T. .7

Let us now focus on the Markovian dynamics

dSo(t)

S0 r(S)dt,  Sp(0)=1, 9.8)
% =u(S®)dt +o(S®))dW @), S©O)=s5>0, (9.9)

and the terminal claim F = F(S(T)). Clearly, the replicating portfolio and the repli-
cating strategy solve the FBSDE

t t
S(t):s—i—/ S(u)u(S(u))du—i—[ Su)o (S@))dW @), 0<1<T,
0 0
T
Y(r) = F(S(T))—i—/ (=Y @)r(S@)) — Z@)6(Sw)))du (9.10)
t

T
—f Zw)dWwu), 0<r<T.
t

In the Markovian setting we can go beyond Theorem 9.2.1. We can recall results on
FBSDEs, and from Proposition 4.1.1, Theorems 4.2.2 and 4.1.4 we conclude that
the value of the replicating portfolio (the price) is given by

X*(t)y=Y (@) =u(t,S))
= B[~/ rSwdu p(s(1)) | Z V], 0<t<T, ©.11)
and the replicating strategy takes the form

_Z0 _

7*(t) = ) ug(t, S®))S(r), 0<tr<T, (9.12)
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where the function u solves the PDE

ui(t,s) +r(s)sus(t,s)+ %szaz(s)u” (t,s)
—r(u(t,s)=0, (,5)e[0,T) x (0,00), (9.13)
w(T,s)=F(s), se€(0,00).

These are classical results in financial mathematics, see Chaps. 5 and 6 in Shreve
(2004), which have been deduced from the properties of FBSDEs. The strategy
(9.12) is the delta hedging strategy and the PDE (9.13) is the Black-Scholes equa-
tion. The relation between the PDE (9.13) and the expectation (9.11) is the famous
Feynman-Kac formula. It should be now clear that there is a strong connection be-
tween the theory of BSDEs and financial applications.

From Chap. 4 we recall that in a Markovian model with a state process 2 the
control process Z of a BSDE can be related to derivative u, of the function u char-
acterizing the solution Y. If u denotes the arbitrage-free price of a liability in the
Markovian model (9.8)—(9.9) with the risk factor S, then the control process Z of
the BSDE (9.10) can be related to u; and the famous delta hedging strategy (9.12)
arises. In the problems considered in this book we will characterize the price and
the hedging strategy as a unique solution to a BSDE. If the control process Z of a
BSDE can be related to the first derivatives of the price of a liability with respect
to risk factors driven by the Brownian motion W, then the investment strategy for
the stock S given by 7 () = Z(t)/o (¢) will be called a delta hedging strategy. We
point out that there is an advantage of characterizing hedging strategies by BSDEs.
Notice that the application of the delta hedging strategy (9.12) is possible only if we
deal with a Markovian model and there exists a smooth solution to the PDE (9.13),
whereas the control process Z of the BSDE (9.10) can be used both in a Markovian
model and a non-Markovian model and the control process Z exists under weak
square integrability assumption of the claim. Consequently, we can apply BSDEs
to solve hedging problems in more general models, where neither continuity of the
pay-off nor a Markovian dynamics is assumed.

We give two more examples of perfect replication.

Example 9.2 We consider the financial market (7.1)—(7.2). It is reasonable to as-
sume that the investor borrows at a rate r” which is greater than the rate r earned
in the bank account. If 7” > r, then the investment portfolio process X” under a
strategy 7 is given by the equation

dX™ (1) = X" (t)r(t) + n(t)o )0() — (rP (@) —r()) (X" (1) — 7 (1)) dt
+ () (t)W(t).

For an .# " -measurable, square integrable claim F we aim to find an initial capital
X7 (0) and a strategy 7w € <7 such that X” (T) = F. As in (9.4), we end up with a
BSDE with a Lipschitz (but nonlinear) generator. We can conclude that there exists
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a unique admissible replicating strategy 7* € 7 and a unique replicating portfo-
lio X™" for F. Since we obtain a nonlinear BSDE, numerical methods have to be
applied to derive the solution.

Example 9.3 We consider the financial market (7.1)—(7.2) and an insurer who faces
the life insurance payment process introduced in Example 7.7. We may apply di-
versification arguments and assume that the insurance risk is fully diversified. We
replace the random evolution of the point process J, which counts the claims in
a life insurance portfolio, with deterministic expectations. Such an approach has
a long tradition in life insurance. By diversification arguments we investigate the
payment process

t t
Pe(t) = / I-Al(s, S(s))npe(s)ds +/ é(s, S(s))npe(s)ke(s)ds
0 0
+ F(S(M)np*(T) =7, 0<t<T,

where p°(t) = e Jo¥®)d5 genotes the survival probability and A¢ is the expected

claim intensity. The expectations A and p¢ are fixed at time ¢t = 0. Notice that we
end up with purely financial claims weighted with some deterministic factors. The
goal is to find 7w € o7 and X™ which satisfy the equation

dX7(t) = (t)(u®)dt + o ()dW (1)) + (X7 (@) — 7 (1)) r()dt —d P (1),

with the terminal condition X7 (7)) = 0. Hence, if E[|P¢(T)|*] < oo, then the
unique replicating portfolio and the admissible replicating strategy for P¢ are given
by

T s
X*(z):E@*U e—fx"W)d"dPE(s)@tW], 0<t<T,

t
(1) = _if((tl)) eliri,

where % is derived from the predictable representation

T T T X
/ e*f(;r(u)dudpe(s) —EQ [/ e ho r(u)dudPe(s):| +/ ff(s)dWQ (s),
0 0 0

0<tr<T,

and the equivalent martingale measure Q* is defined in Theorem 9.2.1.

From the point of view of static pricing, the diversification argument leads to a
reasonable initial price. However, the diversification argument fails in the context
of dynamic pricing and hedging. The replicating strategy derived in Example 9.3
is based on the insurance assumptions made at time r = 0 which are not updated
over the lifetime of the contract. It is clear that the insurer should adapt the hedging
strategy and the hedging portfolio (the reserve) to the claim experience. More impor-
tantly, diversification turns the incomplete combined financial and insurance market,
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in which claims cannot be perfectly hedged, into a complete financial market, in
which all claims can be perfectly hedged. This is definitely too strong assumption
from the point of risk management. The insurer should quantify unhedgeable risks
and develop risk mitigating techniques such as efficient hedging strategies.

9.3 Superhedging in the Financial and Insurance Market

Let us assume that the insurer faces a terminal claim F which now depends on all
three sources of uncertainty (W, B, N). The predictable representation of the .Fr-
measurable, square integrable claim F under any equivalent martingale measure Q
gives

T
e_f()T r(s)a’sF _ EQ[e_foTr(s)dsF] +/ ffl(s)dWQ(S)
0

T T
+f sz(t)dB@(s)+/ /%(r,z)NQ(dt,dz),
0 0 R

which cannot be matched with the dynamics of the investment portfolio (9.3).
Hence, the reasoning that led to Theorem 9.2.1 fails. We conclude that perfect
hedging of a general .#7-measurable claim is not possible in the financial market
(7.1)-(7.2).

Let us consider the financial market (7.1)—(7.2) and the insurance payment pro-
cess (7.3). Let X7 be the insurer’s investment portfolio given by (7.10). Since per-
fect hedging of the payment process is not possible, the insurer could be interested in
finding an investment strategy = which would yield X7 (T) > 0. Such an objective
is called a superhedging objective.

We have to introduce a new definition of an admissible investment strategy and
an investment portfolio. We adapt the definition from El Karoui and Quenez (1995)
to our model.

Definition 9.3.1 A strategy (77, C) is called admissible for the superhedging prob-
lem, written (7, C) € &/*"P¢", if it consists of a predictable process 7 satisfying

T
/ 7 (o ()| dt < oo,
0

and a cadlag, adapted, non-decreasing process C such that C(0) = 0. An investment
portfolio X™C€ := (X™C(¢),0 <t < T) under (7, C) € &/**’*" is called admissible
if X™C is a cadlag, adapted, non-negative process which satisfies the dynamics

dX™C (1) =7 () (n(t)dt + o (HdW (1))
+ (X™C(t) — n(0))r()dt —dP(t) —dC (1), 0<t<T,
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together with the terminal condition X™ 'C(T) = 0. The lowest admissible invest-
ment portfolio is called the superhedging selling price of P and the corresponding
(7, C) € &/5"Pe" is called the superhedging strategy for P.

In order to exclude arbitrage strategies, an admissible investment portfolio is here
constrained to take non-negative values, instead of assuming the square integrabil-
ity of an investment strategy as in Definition 7.3.1. The process 7 characterizes the
amount of wealth invested in the stock and the process C represents the cumulative
amount the insurer can withdraw from the investment portfolio. Under the super-
hedging objective the insurer requires a premium X (0) which suffices to cover the
payment process P in all scenarios. As time passes, the capital invested in the port-
folio may become too large, if some of the worst scenarios are no longer possible,
and the insurer can withdraw the capital from the investment portfolio. The process
C represents the profit arising from selling the payments P for the price X (0).

The arbitrage-free price of the insurance payment process is defined by

EQ[ ft e_ftT r)ds g p(s)|.%] for some Q € 2™. Notice that the set of equivalent
martingale measures 2" in the combined financial and insurance model is not a sin-
gleton. In the view of the superhedging objective applied, it is reasonable to study
the price

T
X*(1) =ess sup E@[/ efxTr(”deP(sn%}, 0<t<T. (9.14)
QEQ’" 1

We show that the process (9.14) defines the lowest admissible investment portfolio
in the sense of Definition 9.3.1. First, we state two important results from El Karoui
and Quenez (1995). By Q° we denote the equivalent martingale measure defined by
the Radon-Nikodym derivative (9.1) with ¢ =« = 0.

Theorem 9.3.1 Consider the set of equivalent martingale measures 2™ defined
by (9.1). Let & be an % -measurable random variable such that &€ > 0 and
SUpQe.gm EQ[£] < oo. There exists a cadlag, .F -adapted process

Y(t)=ess sup EQ|.%), 0<r<T.
Qeom

The process Y is characterized as the smallest right-continuous Q-supermartingale,
for any Q € 2™, which is equal to & at time T. Also, Q* € 2™ is optimal if and
only if Y is a Q*-martingale.

Theorem 9.3.2 Consider the set of equivalent martingale measures 2™ defined
by (9.1). Let & be an % -measurable random variable such that &€ > 0 and
SUpQe.gm EQ[£] < oo. The process Y defined in Theorem 9.3.1 has the represen-
tation

t
Y(t):Y(O)+/ Z(s)dWQO(s)—C(t), 0<t<T, (9.15)
0
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where Z is a predictable process such that

r 2
/ |Z(@t)|"dt < oo,
0
and C is a cadlag, adapted, non-decreasing process such that C(0) = 0.

We refer to Theorems 2.1.1, 2.1.2 and 2.3.1 in ElI Karoui and Quenez (1995).
The next result gives the solution to the superhedging problem.

Theorem 9.3.3 Consider the set of equivalent martingale measures 2™ defined by
(9.1). Assume that (C1)—~(C4) from Chap. 7 hold and let SUpPQe.gm JEQ[P(T)] < 00.
Define the process

T )
Y (1) =ess sup EQ[/ efo””)d”dP(s)@,}, 0<t<T, (9.16)
Qeom 0

which has the representation
t
X (t)=%(0) +/ Ao )dWL(s) —C@), 0<t<T,
0
where (7, C ) € &/5"P¢". Then the process

T s
X*(t) =ess sup ]EQ[/ e i ’(“)d”dP(s)lﬁ,], 0<t<T, (9.17)
Qeom t

is the superhedging selling price of the payment process P, and the investment strat-
egy

) = A (1)eh ™ g<r<T,
is the superhedging strategy for the payment process P.

Proof 1t is straightforward to notice that we have
1 1 t S
X*(t) = W (H)elo 45 _ oo ’WS/ e~ hrdugpsy, 0<r<T. (9.18)
0

The process X* is cadlag, adapted and non-negative by Theorem 9.3.1, representa-
tion (9.17) and non-negativity of the claims. We can derive the dynamics

AX*(t) = r(OX* (1) + 7 ()0 (el OUSaw (1) — el " OBAC (1) — d P (1)
=7*(0)(n@)dt +o AW @)+ (X* () —7*(@))r(t)dt —dC*(t) —d P (1),

where we introduce C*(r) = fot efosr(“)d“dé(s). From Theorem 9.3.2 we can con-
clude that (7*, C*) is an admissible investment strategy. Hence, the process X* is



9.3 Superhedging in the Financial and Insurance Market 161

an admissible investment portfolio in the sense of Definition 9.3.1. We have to prove
that the candidate X* is the lowest admissible investment portfolio. To do this, we
first show that for any admissible control (77, C) € 275“P¢" the process

t S
K7€ (1) = X7C (1)e~ Jor)ds +/ e~ hr@dugpy  0<t<T, (9.19)
0

is a Q-supermartingale, for any Q € 2". Clearly, X™C is cadlag and adapted. From
Definition 9.3.1 of an admissible process X™¢ we deduce

t ! S
X7 Ce firos = xr o)+ [ awate o)
0

t " t "
—/ e*fo““)d“dC(s)—/ e hrdugp), 0<r<T.
0 0

Hence, we get the representation

t )
X (1) = X™C(0) + / 7(5)o (s)e~ o T gy s
0

t
- / e~ hrwdigey 0<r<T. (9.20)
0

Since (7, C) € o/*"P¢" the process f(;n(s)a(s)e_fojr(“)d”dW@o(s) is a Q-local
martingale, for any Q € 2", X™C(t) > 0 and X™C@t) >0 by (9.19). From
these properties and representation (9.20) we conclude that the process X™ €0) +
fot 7r(s)o(s)e_-/6v rdu g yQ° (s) is a non-negative Q-local martingale, hence a Q-
supermartingale, for any Q € 2™. From (9.19), (9.20) and the terminal value
X™C(T) =0 we deduce

T S ~ 1 S

/ e—fo r(u)dudc(s) — XJT,C(O) _ XJT,C(T) +/ n,(s)o_(s)e—fo r(u)dudW@O(s)
0 0

[ S

= X"C0) + / 7 (s)o (s)e™ Jo rdu gy Qo gy
0
T S
—/ e~ Jorwdugpy  0<t<T,
0

and we conclude that fOT e~ Jorwduge (s) is integrable under any Q € 2™ since the
stochastic integral and the aggregated discounted claims are integrable under any
Q € 2. The supermartingale property of X™¢ now follows from representation
(9.20), the supermartingale property of X™€(0) + [y 7(s)o (s)e~ Joraadu gy gy
and non-negativity of the integrable process fot e~ Jordug C(s). By Theorem 9.3.1
we get #(t) < X™C(1),0 <t < T, and finally X*(r) < X™(#),0<¢ < T,
by (9.18) and (9.19). O
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We remark that the strategy (%, 7, C) from Theorem 9.3.3 can be viewed as a
supersolution to the BSDE

T S
Y(t) = / e~ Jordugp )
0

T
—/ ﬁ(s)a(s)dWQO(s)+(é(T)—é(t)), 0<tr<T. (921)
t

For the notion of a supersolution to a BSDE we refer to Sect. 2.3 in El Karoui et al.
(1997b) and Peng (1999).

The superhedging price and the superhedging strategy are difficult to compute.
Let us show that for the Brownian filtration .# = . W ® .Z 8 the process X* can be
approximated with a sequence of solutions to BSDEs which can be easily computed.
Since a comparison principle plays a crucial role in the proof, we restrict our study
to the Brownian filtration.

We define the set of equivalent martingale measures

d
2" = {Qw?, d%‘ﬂ’FMZ”(f)» 0=t=T,

M, is a positive F Vo 78 -martingale}, (9.22)

M:ln(t) = ¢n ’ n -

where ¢, is an .Z "W ® .7 B-predictable process such that
lpn()| <n, 0<t=<T.
We investigate the optimization problem

Y () =ess sup EQE|.%], 0<t<T. (9.23)

Qe{);,n

Following the proof of Proposition 3.3.2, we can derive the solution to the prob-
lem (9.23).

Proposition 9.3.1 Let us deal with the Brownian filtration F = FWV ® Z8, and
let us consider the set of equivalent martingale measures 2} defined by (9.22).
We assume that (C1)—~(C2) from Chap. 7 hold and & is an ¥ -measurable random
variable such that E[|£|?] < oo.

(a) Foreachn € N there exists a unique solution (Y", Z’f, Z;‘) € S2(R) x H2(R) x
H2(R) to the BSDE

T T
Y”(r):g—[ z{l(s)e(s)der/ n|Z5(s)|ds
t t
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T T
- / Zi(s)dW(s) —/ Z3(s)dB(s), 0=<r<T, (9.24)
t t

and the process Y" has representation (9.23).
(b) The optimal control ¢ for the optimization problem (9.23) is given by

1Z5@)]
Zy(1)

¢, () =n 1{z5(1)#0}, 0<t<T.

Let Y (1) = esssupge om EQ[£].%,]. The superhedging price and the superhedg-
ing investment portfolio Y in the diffusion model can be obtained as an increasing
limit of the prices Y" solving the BSDEs (9.24).

Proposition 9.3.2 Under the assumptions of Theorem 9.3.1 and Proposition 9.3.1
we have lim, , o Y"(t) =Y (),0<t<T.

Proof 1t is clear that 0 < Y"(t) < Y(¢), 0 <t < T. By the comparison principle
the sequence (Y"),en is non-decreasing. Let us define Y°°(¢) = lim,—, o0 Y"(¢),
0<t<T.Wehave 0 <Y"(t) <Y*®(t) <Y(t),0<t <T.By Theorem 9.3.1 the
processes Y” and Y are cadlag, .#" ® .% B-adapted, Q°-supermartingales. We can
also deduce that Y is cadlag and .# W ® . B-adapted. By the dominated conver-
gence theorem Y™ is a Q-supermartingale. Since the process Y is the smallest
QV-supermartingale, we get the inequality Y (r) < Y>°(r), 0 < ¢ < T. The proof is
complete. g

Superhedging strategies are not popular in financial markets. Firstly, they are
difficult to compute. Secondly, superhedging prices are not arbitrage-free and they
are usually too high to be accepted by buyers. Notice that the price process Y from
Proposition 9.3.1 is arbitrage-free since Y can be represented as the expectation un-
der an equivalent martingale measure. However, the limit of the sequence (Y"),eN
and the superhedging price process Y may not have such a representation.

Example 9.4 Consider the claim & = 1{J(T) = 0} where J is a Poisson process
with intensity A. The claim & may represent a survival benefit. Let r = 0. From
the representation of the superhedging price, see Theorem 9.3.1, we conclude that
Y (0) < 1. Let us introduce the subset of equivalent martingale measures 2" C 2™
which arises from 2™ by considering « () = k. An element of 27 is denoted
by Q. We have

Y0 > sup EX[HJ(T)=0}]= sup ™M =1 o0<r<T,

ke(—1,00) ke(—1,00)

where we use the fact under QQ, the Poisson process has the intensity (1 + x)A.
Hence, the superhedging price Y (0) = 1. Clearly, this price is too high and the in-
surer would never sell the contract for such a price. The price Y (0) yields arbitrage
since it guarantees a profit with a positive probability and no shortfall for the insurer.
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One can show that the sequence of equivalent probability measures Q, converges
weakly in distribution, as k — —1, to a probability measure under which the Pois-
son process equals zero, see El Karoui and Quenez (1995). Hence, the limit is not
an equivalent probability measure.

Since superhedging strategies are too high to be of practical use in the markets,
we have to look for other strategies which minimize the risk of not fulfilling the
obligation. If the insurer has an access to a traded derivative which is perfectly
correlated with the insurance liability, then the risk can be eliminated. We consider
such a case in the next chapter. However, in most cases the insurer is not able to
find assets which perfectly match the insurance liabilities. Then, the goal should
be to replicate the liabilities as good as possible by optimizing a hedging error and
solving an asset allocation problem. We investigate such optimization problems in
Chaps. 10, 11, 12.

9.4 Perfect Hedging in the Financial and Insurance Market
Completed with a Mortality Bond

In order to help insurance companies to hedge mortality risk, mortality derivatives
have been introduced in global financial markets. In this chapter we assume that the
financial market consists of the bank account (7.1), the stock (7.2) and a mortality
bond. Since pay-offs from mortality bonds are contingent on the mortality experi-
ence in a population, see Blake et al. (2010) and Wills and Sherris (2010), the insurer
can use a mortality bond to hedge death and survival benefits from its portfolio.

We investigate a life insurance portfolio consisting of n persons insured whose
future lifetimes (7;,i =1, ..., n) are assumed to be independent and exponentially
distributed

P(t; > 1) =e_f(§)”(s)ds, i=1,...,n,

where A : [0, T] — (0, 00) denotes a (deterministic) mortality intensity. We deal
with the life insurance payment process

t t
P(t):/ (n—J(s))ﬁ(s)derf G(s)dJ (s)
0 0

+(n—J(M)Flzr, 0<t<T, (9.25)

where J is the deaths counting process for the insurance portfolio. For details we
refer to Examples 7.6—7.7. We consider a mortality bond which pays a unit for each
insured person who survives till the maturity of the policy. We show that such a mor-
tality bond, which is assumed to be traded in the market, completes the combined
financial and insurance model (7.1), (7.2), (9.25) in the sense that the life insurance
payment process (9.25) can be perfectly replicated by investing in the bank account,
the stock and the mortality bond.
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First, we derive the price dynamics of the mortality bond. The combined finan-
cial and insurance market with the mortality bond is arbitrage-free. We assume that
the mortality bond is already priced by the market, i.e. the equivalent martingale
measure Q € 2™ or the process «, which is used to price the unsystematic mortal-
ity risk, is given. We set ¢ = 0, since the Brownian motion B is not used here. The
arbitrage-free price of the mortality bond is given by

D(t) =B~ "B (n — J(1)) 7], 0<i<T. (9.26)

Proposition 9.4.1 Assume that

(1) (C1) from Chap.7 holds,
(i1) the compensator of the point process J is of the form 9(dt,{1}) = (n —
J(=))A(t)dt where ). : [0, T] — (0, 00) is continuous,
(ili) the equivalent martingale measure Q € 2™ is given by (9.1) with an F"V -
predictable, bounded process k.

The price of the mortality bond (9.26) satisfies the dynamics

ZE (1)
dD(r) = D(—)1{n—J(t-) > 0}<(r<r) + (14 RO)M0 + S e(t))dt
- ;dj(t) + ZE(”dW(;)) 0<1<T (9.27)
n—J(i—) E() oo =i= :

where

T T
E(l‘) — EQ[e—fO r(s)dse—fo (1+K(S)))L(S)d5|ﬂtW]’ 0<t< T,

; (9.28)
E(t) = E(0) +[ ZE()dwQs), 0<t<T.
0

Proof By the Girsanov’s theorem the compensator of the point process J under Q
is (14« (1)) (n — J(t—))A(t)dt. We can also deduce that the .% " -conditional distri-
bution of the future lifetime 7 of an insured is exponential under Q. Consequently,
we can derive

D) = (n— J(t))]EQ[e—ftTr(s)dse—ftT(l+K(s))k(s)ds|EIW]

=(n— J(t))efo’r(s)ds+f(;(1+x(s));\(s)dsE(I)’ 0<t1<T,

see also (8.6). By the predictable representation of E from (9.28) and the 1t6’s for-
mula we obtain the dynamics

dD(t) = _ef(; r(s)ds+f(;(1+K(s))x(s)dxE(t)dJ(t)
+ (1 — J(t=))eho O AHERODS B (1) (1) 4 (1 + k() 2(8) )t
+(n— J(t_))e,/;; r(s)ds+jg(1+K(s)),\(s)dsZE(t)dWQ(t)
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1
=D(t)n—J(@-) > O}((r(t) + (1 4+ (@®)A))dr — md](r)

ZEw) o
+ — EQ) aw (t))

If we change the measure to [P, then (9.27) can be derived. O

We remark that the restriction that the process « (or the drift in (9.27)) is .F " -
predictable is reasonable. In particular, it implies that the future lifetimes are, con-
ditional on .# ", independent and exponentially distributed under Q. Notice that
the deterministic intensity A can be changed into a random intensity if an .% " -
predictable process « is used. A deterministic « is likely to be chosen in actuarial
applications.

We now solve the perfect replication problem for the insurance payment process
9.25). Let m :=(w(¢t),0 <t <T) and x := (x(t),0 <t <T) denote the amount
of wealth invested in the stock § and in the mortality bond D. The dynamics of the
investment portfolio is given by

. ds() AD() | om
dX™X (1) = (t)—S(t) +x(O) S — DU + (XX (=) =7 (1) (t))

=7 @t)(u@)dt + o (1)dW (1))

dSo(1)
So(1)

—dP()

ZE(1)
+xOn—-J@-) > 0}<<r(t) + (1 +x(@®)r@) + 50 9(r)>d;

Y 40
Cn—J(-) ®+ E(t)

d W(t))

+ (XX @=) —7(1) — X(t)l{n —J(@-) > O})r(t)dt

—dP(), X"X(0)=nx. (9.29)
We define a class of admissible investment strategies.
Definition 9.4.1 A strategy (7, x) is called admissible, written (7, x) € &/ Lif it

satisfies the conditions:

(i) m:[0,T] x 2 - Rand yx : [0, T] x 2 — R are predictable processes,
(i) ELfy 7)o (0)[2d] < oo, ELfy [x(®)Pr)di] < oo and E[fy |x (1) x
ZE1)2d1] < oo,
(iii) there exists a unique cadlag, adapted solution XX to (9.29) on [0, T'].

The goal is to find an initial value of the investment portfolio X™ X (0) and an
admissible investment strategy (7, x) € < ! such that X™X(T') = 0. This replication
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problem is equivalent to the problem of solving the BSDE

T
Y(t)=(n—J(D)F +/ (=Y (s)r(s) —O(s)Z(s)
t
+ (n = T ()UK SAES) + H(s)(n — I (s-))
+G)(1+4())(n — I (s—)A(s))ds

T T
—/ Z(s)dW(s)—/ UGs)Nds), 0<t<T, (9.30)
t t

which can be immediately derived from the wealth process (9.29) by introducing
the variables

Y()=X"X(1), 0<t<T,

ZE@)
Z(t) = <71(t)a(t)+)((t) 20 1{n—J(t—) >o}>, 0<t<T, (931
__—x® A
U(z)_ml{n—J(I—)>0}—G(t), 0<t<T,

and the jump measure N of the point process J.
We state the main result of this chapter.

Theorem 9.4.1 Consider the payment process (9.25) with FY -measurable F and
F WY _predictable G and H. Assume that (C1)—(C4) from Chap. 7 hold and let the
assumptions of Proposition 9.4.1 be satisfied.

(a) There exists a unique solution (Y,Z,U) € S2(R) x HZ(R) x H%\, (R) to the
BSDE (9.30).
(b) The replicating portfolio X* for the payment process P is given by

T s
X*t)=Y(®) =]EQ[/ e i ’(”)d“dP(s)L%], 0<t<T,
t

where the equivalent martingale measure Q is given by (9.26).

() If
T 2 T . 2
JEU 4GYAG] dt} <00, E[/ |G ZE )| dt} <00, (9.32)
0 0

then the admissible replicating strategy (1*, x*) € <" for the payment process
P takes the form

_it)_ 7ZE(I) <t<T
o) cWE®W

X =—n—-Je))(U®+Gw), 0<t<T.

T (1) x ()
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Proof (a) The existence of a unique solution to the BSDE (9.30) follows from The-
orem 3.1.1.
(b) Following the proof of Propositions 3.3.1 and 3.4.1, we get the representation

T )
Y(t) =EQ [e—ff’@)'“ (n—J(T))F +/ e Ji T (F (5)(n — T (s—))

t

+ G(s)(l + K(s)) (n - J(s—)))»(s))dslﬁ,].

Since (1 + «(t))(n — J(t—))A(¢)dt is the compensator of the jump measure N un-
der Q, we have

EQ[/% e_frsr(u)dué(S)(l +K(S))(n — J(S—)))»(S)ds:|

0

—EQ [/r eff”“)d“é(s)zv(ds)],
0

where (7,),>1 1S a sequence of localizing stopping times, and we use Theorem 2.3.2.
By the monotone convergence theorem we obtain

T
E@U e~ I G (5) (14 1(5)) (n — J(s—)),\(s)ds}

0

T s A
=EQ [ / e i f(“>d“G(s)N(ds)],

0

and the representation of Y follows.

(c) The form of the replicating strategy follows from (9.31). From the square
integrability assumption (9.32) we deduce that the strategy (7*, x*) is square inte-
grable. Clearly, there exists a unique, cadlag, adapted solution X™ "x" 10 (9.29). The
admissibility of (7*, x*) has been proved. O

Notice that if 7 and « are deterministic, then Z (r) = 0 and the square integra-
bility assumptions (9.32) are trivially satisfied. From Propositions 3.3.1 and 3.4.1
we deduce that

Z(t) = Z0)eh OB U@+ Gy =W (e o<t <T,

where Z and % are derived from the predictable representation

T s T S
/ e—fd r(u)dudp(s) :EQ[/ e—fo r(u)deP(S)}
0

0

T T
+/ ff(s)dWQ(st U (s)NQ(ds).
0 0
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Theorem 9.4.1 shows that the replicating portfolio and the replicating strategy
for the life insurance payment process (9.25) are characterized by the linear BSDE
(9.30). The price of the payment process, the initial value of the replicating portfo-
lio, is arbitrage-free. The unsystematic insurance risk of P is priced with the same
risk premium « which is used to price the mortality bond, which agrees with the
concept of market-consistent valuation. Let us now focus on the replicating strategy
and the control processes of the linear BSDE (9.30). Recalling Theorem 4.2.1, we
can deduce that the amount x* invested in the mortality bond hedges the change
in the price of the liability (including the death benefit) due to the death of a poli-
cyholder. Hence, x* is a delta hedging strategy for the mortality risk. The strategy
7*, which determines the amount invested in the stock, consists of two terms. From
Theorem 4.2.1 we conclude that the first term hedges the change in the price of the
liability due to movements in the financial market. Hence, the first term of 7 * is a
delta hedging strategy for the financial risk. Since the price of the mortality bond
depends on the financial market through the stochastic interest rate r and the risk
premium k, the optimal strategy 7*, which hedges the financial risk, should also
take into account the position in the mortality bond kept for hedging the mortality
risk. Consequently, the second term of 7* hedges the change in the price of the
mortality bond due to movements in the financial market.

We now study an example.

Example 9.5 We consider the classical Black-Scholes model with constant coef-
ficients r, ;t, o and an insurer who issues a portfolio of » unit-linked endowment
policies with a capital guarantee. We are interested in pricing and hedging the claim
F=m—J(T)(K — S(T))*. We remark that put options on funds, which guar-
antee a minimal value of the terminal pay-off, are often embedded in unit-linked
insurance contracts. Let us consider a constant mortality intensity A and assume that
the market believes that the unsystematic mortality risk can be diversified. Hence,
k = 0. In order to find the replicating strategy and the replicating portfolio for the
claim F, we have to solve the BSDE

T
Y(t) = (n— J(D))(K — S(T))™ +/ (=Y (s)r —0Z(s))ds
t

T T
—/ Z(s)dW(s)—/ U(s)N(ds), 0<t<T.
t t

If we change the measure, then we end up with
N T
Y(1)=(n—J(M)(K - S(T))" — / Y (s)rds
t

T T
—/ Z(s)dw@*(s)—/ Us)NY (ds), 0<t<T, (9.33)

t t

where Q* is the equivalent martingale measure defined in Theorem 9.2.1. Let
f(t,s) =EQ[e"T-D(K — §5(T))*]. Recalling Examples 4.1 and 9.1 and for-
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mulas (4.13), (9.6), (9.7), we can derive
ft,s)=Ke ™ T o(—d(t,s) — o T —1)
—s®(—d(t,s)), (t,5)€[0,T]x (0,00), (9.34)
fs(t,5) = —®(=d(t,5)), (t,5)€[0,T) x (0,00).

From Proposition 8.1.1 we can now deduce that the solution to the BSDE (9.33)
takes the form

Yt)=(n—J@®)e " (Ke " T Dd(—d(t, (1)) —oT —1)
—SOP(—d(r,S1)))), 0=<r=<T,
Zt)=—(n—J@=)e " oSt)o(—d(t, S(1)), 0<t<T,
Ut)=—e T (Ke " T Dp(—d(t, S(t)) — o /T — 1)
—SOP(—d(r,S1)))), 0=<r=<T.
By Theorem 9.4.1 the replicating strategy is given by the formulas
) =—(n—J(@t=)e P T ISO)D(—d(1, S(1))), 0<t<T,
X0 =(n—J@=)e T (Ke T DD (—d(t,S1)) —o/T —1)
—SOP(—d(r,5(1))), 0<t<T,

and the price of the claim, and the initial value of the replicating portfolio, is equal
to

X*0) =Y (0) =ne T (Ke T (—d(0, S(0)) — o v/T) — S(0)@(—d(0, S(0)))).
The value of the replicating portfolio is determined by the process

X*=Y®) =(n-J®)e " N(Ke " T DD (~d(t,S(1)) — 0T —1)
- S)@(—d(t,S1)))), 0=<t=<T.

The results of this chapter can also be applied if we aim to hedge defaultable se-
curities with a defaultable bond, see Example 7.10. We remark that in credit risk
models it is usually assumed that the default intensity A is an .# W -predictable
process. Since we allow for an .# W -predictable mortality intensity under Q, the
replicating strategy for defaultable securities can be found by following the same
arguments that led to Theorem 9.4.1, see Blanchet-Scalliet et al. (2008), Blanchet-
Scalliet and Jeanblanc (2004) and Kharroubi and Lim (2012).

Bibliographical Notes For arbitrage-free pricing theory we refer to Shreve
(2004). Market-consistent valuation of insurance liabilities is discussed in Mgller
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and Steffensen (2007), see also European Commission QIS5 (2010). The results of
Sect. 9.2 are classical in financial mathematics, see Shreve (2004) and El Karoui
et al. (1997b). Example 9.2 is taken from El Karoui et al. (1997b). In the proof
of Theorem 9.3.3 we follow the arguments from El Karoui and Quenez (1995)
by adapting them to our setting with the payment process. The proof of Propo-
sition 9.3.2 and Example 9.4 are taken from El Karoui and Quenez (1995). For
superhedging under constraints we refer to Bender and Kohlmann (2008). Counter-
parts of Proposition 9.4.1 and Theorem 9.4.1 for credit risk models can be found in
Blanchet-Scalliet et al. (2008) and Blanchet-Scalliet and Jeanblanc (2004).



Chapter 10
Quadratic Pricing and Hedging

Abstract We investigate pricing and hedging of the insurance payment process
under quadratic objectives. Four types of quadratic loss functions are considered.
First, we deal with a minimal hedging error in a mean-square sense. The hedg-
ing error is evaluated both under an equivalent martingale measure and the real-
world measure. Next, we investigate locally risk minimizing strategies which lead
to non-self-financing investment portfolio processes. Finally, we minimize an in-
stantaneous mean-variance risk measure of the insurer’s surplus to derive a hedging
strategy. The pricing and hedging strategies are characterized by linear and nonlin-
ear BSDEs.

Since a self-financing investment portfolio cannot perfectly replicate the insurance
payment process, we aim to find an investment strategy which hedges the payment
process with a minimal replication error. It is natural to measure the replication
error with a quadratic function. In this chapter we investigate four types of quadratic
objectives for pricing and hedging in incomplete markets. Quadratic objectives have
gained their importance in portfolio optimization since Markowitz (1952) solved
a one-period portfolio selection problem. We point out that the Markowitz mean-
variance portfolio selection is used in practice for investment decision making and
asset-liability management, see Zenios and Ziemba (2006) and Adam (2007). Let
us also remark that replicating portfolios for insurance liabilities are constructed in
practice by means of a mean-square criterion, see Boekel et al. (2009).

10.1 Quadratic Pricing and Hedging Under an Equivalent
Martingale Measure

Let an equivalent martingale measure Q € 2™ be given. We formulate our pricing
and hedging objective under the measure Q. First, we define a class of admissible
strategies under QQ.

Definition 10.1.1 A strategy 7 := (7 (¢),0 <t < T) is called admissible under the
measure Q, written 7 € &/ Q_if it satisfies the conditions:
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(i) 7 :[0,T] x £2 — R is a predictable process,
(i) EQLS) |7 (1)o (1)[2dr] < oo,
(iii) there exists a unique cadlag, adapted solution X7 to (7.11) on [0, T'].

If assumptions (C2)—(C4) hold under Q, then the wealth process X is square
integrable under Q for any admissible strategy 7 € 72, see (7.12).

The insurer faces the payment process (7.3). We control the wealth of the insurer
at time 7 which may denote the planning horizon in an ALM study or the point of
time when the insurance portfolio terminates. The goal is to find an initial capital
x and an admissible investment strategy 7 € «/© which minimize the mean-square
hedging error

T T
inf ECfle”ho rOd XTI (T) — e h rods g2, (10.1)
x,redd

where the investment portfolio process X™* is given by (7.11). Hence, we aim to
find an investment portfolio which hedges the insurance payment process with a
minimal replication error at time 7. The use of the mean-square objective for mea-
suring the replication error is very natural. The formulation of the objective under
an equivalent martingale measure is mathematically and practically convenient, as
we discuss later. The optimal capital, or the initial value of the optimal hedging
portfolio, yields the price of the payment process.

Theorem 10.1.1 Let an equivalent martingale measure Q € 2™ be given and as-
sume that (C1)—(C4) from Chap. 7 hold under Q. We consider the quadratic pricing
and hedging problem (10.1).

(a) There exists a unique solution (Y, Z1,Z,,U) € S2(R) x H2(R) x H2(R) x
H3 (R) to the BSDE

T ; T T
Y(t):/ e‘fér(u)d“dp(s)—/ Zl(s)dWQ(s)—f Z>(s)dB(s)
0

t t
T ~
—f /U(s,z)NQ(ds,dz), 0<t<T, (10.2)
t R

where the square integrability conditions for (Y, Z, Z», U) hold under Q.
(b) The optimal initial value of the hedging portfolio x* and the optimal admissible
hedging strategy m* € /2 for the payment process P take the form

T s
x* = ¥(0) =EQ[/ e~ Jo ’(”)d“dP(s)i|,
0

7*@t) = Z]T(tt))efér(”ds, 0<r<T.
(o2

Proof (a) The assertion follows from Theorem 3.1.1.
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(b) We recall that the dynamics of X™* is described by (7.11). By the change of
measure, the Girsanov’s theorem and discounting we obtain

87 fOT r(s)ds X?T,X (T)

T
=x+/ e~ Jor@dug ()6 (5)dwQ(s)
0

T s T S
—/ e Jo ’(")d”H(s)ds—/ fe—fo rdug s )N (ds,dz). (10.3)
0 0 R

1

From (10.3) we conclude that the mean-square error (10.1) is given by
EQ[
and by (10.2) we get
T S
EQ[ x—Y(0) + f (e rWdtn (5)0(s) = Z1(5))dW(s)
0

T T ~ 2
—/ Zz(s)dBQ(s)—/ /U(s,z)NQ(ds,dz) }
0 0 R

Taking the squares and using moment properties of stochastic integrals, see Theo-
rem 2.3.3, we derive

T , T .
X+ / e~ o r@du g (o (5)dWQ(s) — / e~ Jo rdu g p(s)
0 0

T
(x — Y(0)) +E@ [/0 e for e n (5)5 (5) — Zl(s)|2ds}

T T
+E@|:/0 yzz(s)|2ds:| +]EQ[/O '/R‘U(SaZ)yzQ(S,dz)n(s)ds}

T n T
—2EQ f (e= Jo T (5)g (s) — Z1(5))dW(s) / Zz(s)dBQ(s)i|
LJO 0

r T T
—2EQ / (e—f8r<">d"n(s)a(s)—zl(s))dw@(s)/ /U(s,z)l\?@(ds,dz)}
LJO 0 R

r T T
+2RQ / Za(s)dB(s) / / U(s,z)NQ(ds,dz)]
0 0 R

Finally, property (5.5) yields the hedging error

T
(x—Y(0) + ]EQ[ /0 e oWz () (5) — Zl(s)lzds]

T T
+E@[/O |Zz(s)|2ds} +EQ|:/O /R|U(S’Z)|2Q(S,dz)r)(s)ds:|,

and the optimality of (x*, 7*) follows. The admissability of 7* is clear. O
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The price and the hedging strategy for the payment process P are characterized
by the predictable representation of the discounted payments (or by the linear BSDE
(10.2)). The price x* is arbitrage-free. Recalling the interpretation given in Sect. 9.2
and Theorem 4.2.1, we can conclude that the hedging strategy 7 * is a delta-hedging
strategy. The hedging strategy 7* is updated with the current information on the
financial and the insurance risk.

Example 10.1 We consider the classical Black-Scholes model with constant coef-
ficients r, u, o and an insurer who issues a portfolio of n unit-linked endowment
policies with a capital guarantee. We are interested in pricing and hedging the claim
F=m—J(T)(K — S(T))™ where J is the deaths counting process for the in-
surance portfolio. We consider a constant mortality intensity A and we choose the
equivalent martingale measure Q* defined in Theorem 9.2.1. In order to find the
price and the optimal hedging strategy for the claim F, we have to solve the BSDE

Y(t)=eT(n—J(D))(K - S(T))"
T T
—f Z()dWQ (s) — / Us)NY (ds), 0<t<T. (10.4)
t t

From Proposition 8.1.1 and formula (9.34) we conclude that the solution to the
BSDE (10.4) is given by the triple

Y()=(n—J@®)e ™D (Ke " TV (~d(t, S(t)) —o/T —1)
—SOP(—d(r,5(1)))), 0=<r=<T,
Zt)=—(n—J@=)e M oSt)e @ (=d(t, S1)), 0<t<T,
Ut)=—e T D (Ke " T D@ (~d(t, S(t)) — o VT — 1)
-SSP (—d(r,5(1)))), 0=<r=<T.
By Theorem 10.1.1 the optimal hedging strategy is given by the formula
) =—(n—Jt=)e *TIS@O)@(—d(t, S(1))), 0<t<T,

and the price of the claim, and the initial value of the optimal hedging portfolio, is
equal to

*=Y(0)=ne T (Ke™ T @ (~d(0, S(0)) — o v/T) — S©0)®(—d(0, S(0)))).

The value of the optimal hedging portfolio is determined by the process
t
X*(1) =x*e" +/ m*(s)e" ") (0ods + 0dW(s)), 0<t<T.
0

The solution to the optimization problem (10.1) is easy to derive but the objective
(10.1) has two drawback from the financial point of view. Firstly, we have to choose
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the equivalent martingale measure Q. This choice determines the price. When we
investigate pricing in incomplete markets we expect to find the equivalent martingale
measure. Consequently, the equivalent martingale measure used for pricing should
be the output of an optimization problem, rather than the input. Secondly, the use of
an equivalent martingale measure for evaluating the hedging error is questionable.
Profits and losses or the performance of the hedging portfolio should be evaluated
under the real-world measure.

10.2 Quadratic Pricing and Hedging Under the Real-World
Measure

We aim to find an investment portfolio which hedges the insurance payment process
(7.3) with a minimal replication error at time 7" and we evaluate the performance
of the hedging portfolio under the real-world measure. The goal is to find an initial
capital x and an admissible investment strategy 7 € ./ which minimize the mean-
square hedging error

. T.x 2
x’}Tnef%EHX (T)—F|7], (10.5)

where X7 is given by (7.11), and we use the class of admissible strategies .o/

from Definition 7.3.1. If one prefers to minimize the hedging error (10.5) for the

discounted quantities as in (10.1), then obvious modifications should be introduced.
We deal with two backward stochastic differential equations

v ! Z(s)? 2
=1+ 2Y (s)r(s) — — 10| Y(s) —20(s)Z(s) )ds
t Y(s)
T
—/ Z(s)dW(s), 0<t<T, (10.6)
t

and
T
@(t)=F+/ (—@/(s—)r(s)+H(s)+f G(s,2)0(s,dz)n(s)
t R
T
—%(5)9(5)>d3—/ Z1(s)dW (s)
t

T T
—/ %(s)dB(s)—f /%(s,z)ﬁ(ds,dz), 0<t<T. (10.7)
t t R

Equation (10.6) is called a stochastic Riccati equation. First, we establish existence
and uniqueness results for these two BSDEs.
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Proposition 10.2.1 Assume that (C1)-(C2) from Chap. 7 hold. There exists a
unique solution (Y, Z) € S®(R) x H2(R) to the BSDE (10.6) such that Y (t) >
k>0, 0 <t <T. Moreover, the process (fot Z(s)dW(s),0<t<T) is a BMO-
martingale.

Proof Since we look for a process Y which is uniformly bounded away from zero,
we can introduce new variables

1 . —Z(t)

Y(t)= m, Z(t)= —|Y(l‘)|27

IA

The It6’s formula yields
A T 2 A A
Y()=1 +/ ((|o()]” =2r ()Y (s) —20(s) Z(s))ds
t
T A
—/ Z(s)dW(s), 0<t=<T. (10.8)
t

We end up with a linear BSDE. By Proposition 3.3.1 there exists a unique solution
(Y,2) € Sz(]R) x H2(R) to the linear BSDE (10.8). From the representation of
the solution ¥ and boundedness of 6 and r we deduce that 0 < k < Y(t) <K,
0 <t < T. Hence, we conclude that there exists a unique solution (Y, Z) to the
nonlinear BSDE (10.6) and 0 <k <Y (#) < K, 0 <t < T. We now prove the BMO
property. By the 1t6’s formula we obtain

d(|y ) =2v(0)dY (1) + |Z(1)|dt,

and

T
/ | Z(s)| ds
t

—1-|ro|
g |Z(s)|? 2
+ [ 2v()(2Y()r(s) — ——— — |0()| Y (s) —20(s)Z(s) |ds
t Y (s)
T
—/ 2Y () Z(s)dW (s)
t

T T
SK+K/ |Z(s)|ds—/ 2Y (s)Z(s)dW (s)
t t

1 T T
§K+K—/ |Z(s)|2ds+Koc—f 2Y($)Z(s)dW(s), 0<r<T,
o Ji t (10.9)
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where we use boundedness of r, 8 and Y, strict positivity of ¥ and inequality (3.10).
Choosing « sufficiently large and taking the expectation, we derive

T
JEU ‘Z(s)|2ds|<%]§l(, 0<1<T, (10.10)
t

and the BMO property is proved. d

We will need higher moment estimates for the control process Z. From estimate
(10.9) we deduce that for any p > 2 we have

T ) p 1 T 2 P
([ |Z(s)|ds> §K+K—(/ |Z(s)| ds) + Ka?
0 al \Jo
T P
+‘/ 2Y () Z(5)dW(s)| .
0

We choose « sufficiently large, take the expected value, apply the Burkholder-Davis-
Gundy inequality and we obtain the inequality

T 5 \? T 5 \P/?
JE[(/ | Z(9)| ds) i|§Kp+KpJE|:</ |Z(9)| ds> } (10.11)
0 0

Starting with (10.10), by iteration we can derive the moment estimate

T P
E[(/ |Z(s)|2ds> }st, p>1. (10.12)
0

We use estimate (10.12) in the sequel.
We now investigate the second BSDE.
Proposition 10.2.2 Assume that (C1)—(C4) from Chap. 7 hold.
(a) There exists a unique solution (%, 24, %, %) € S*(R) x H*(R) x H>(R) x
H?v (R) to the BSDE (10.7). The process % has the representation
Y (1)

— EQ* I:e—ftTr(s)dsF
T S
+ / ¢~ Ji rwdu (H(s) + / G(s,Z)Q(s,dZ)n(S))dSI%]
t R

T )
:EQ*U e‘frr(”)d”dP(s)|ﬂt:|, 0<r<T, (10.13)

t
where the equivalent martingale measure Q* is given by

dQ*

= Z, — o= Jo0®aW©) =3 [5 0©Pds o <f<T.
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(b) If

T 5 p/2 T 5 p/2
IE[|F|”+</ |H(s)| ds> +<f f|G(s,z)n(s)| Q(s,dz)ds> ]<oo,
0 0 JR

for some p > 2, then

]E[ sup |@(t)|”] <o0. (10.14)

0<t<T

Proof (a) The existence and the uniqueness follow from Theorem 3.1.1. Represen-
tation (10.13) can be derived by following the arguments from Proposition 3.3.1 and
the fact that the compensator of N remains unchanged under Q*, see also the proof
of Theorem 9.4.1.

(b) By the Burkholder-Davis-Gundy inequality, the dynamics of the BSDE
(10.7), the Cauchy-Schwarz inequality and boundedness of r, & we obtain

([0

T 5 T 5 T 5 r/2
E[(/ | Z1(9)] ds—i—/ | 25(5)| ds—i—/ /W/(s,z)! N(ds,dz)) }
0 0 0 JR

IA

t t t p
sKE[ sup /Qﬁ(s)dW(s)—i—/ %(s)dB(s)—i—//%(S,Z)N(ds,dz) ]
0<t<T|J0 0 0 JR
t
:KE[ sup @(t)—@(0)+/ (—@(s)r(s)+H(s)
0<t<T 0

+/ G(s,2)Q(s,dz)n(s) — %(s)@(s))ds
R

|
T 5 p/2
5KE[(1+TP) sup |@(z)|”+TP/2([ |H(s)| ds)
0

0<t<T

P T 5 p/2 /2 T 5 p/2
+ 7P |G (s, 2)n(s)|”Q(s, dz)ds +7T7 | Z1(s)|"ds .
0 JR 0

Assume now that the time horizon T is sufficiently small. We get the inequality

T p/2 KTP/2 K(+TP)
? p
2| ( 1260F) " = 1S+ el e 0]
T (10.15)

From representation (10.7), the Cauchy-Schwarz inequality and boundedness of r
and 6 we deduce
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T
|7 1)|" = ‘E[FJFf <—@/(s)r(s)+H(s)
t

P

+/ G(S,Z)Q(S,dZ)n(S)—%(S)Q(S)>dSI<%}
R

T
51€<E[|F|2+T2 sup |?Z/(s)|2+T/ |H(s)|*ds
0 T 0

=s=

T 5 T ) p/2
+Tf /|G(s,z)n(s)| Q(s,dz)ds+Tf | Z1(9)] dsL%]) ,
0 JR 0

0<t<T,
which leads to the estimate

]E[ sup |@(t)|p]

0<t<T

R T ) p/2
< KE[|F|P + Tp/2</ |H(5)] ds)
0
T ) p/2
+Tp/2(/ /|G(s,z)77(s)| Q(s,dz)ds)
0o Jr

T ) r/2
+T7 sup |@(r)|”+TP/2</ |ffl(s)|) }
0

0<t<T

R T )\ P2
5K<1+TP/2+TPE[ sup |6'/(t)|p]+Tp/2E[</ | 21(5)] ) D
0

0<t<T
p
+ (TP + Tp/21+7T>E[Osup |@(r>|P]),

1—KTr/? 1—KTr/? <t<T

<K <1 +TP% 4
where we use the Doob’s martingale inequality, the Jensen’s inequality and inequal-
ity (10.15). If T is sufficiently small, then we conclude that E[SUP0515T |2 ()] <
K7, . To prove estimate (10.14) for an arbitrary T', we divide the interval [0, 7] into
sufficiently small subintervals [7;, T;+1] and we consider the BSDEs

T
Y(t)=%(Ti+1) + / - <—@(s—)r(s) + H(s) + f G(s,2)Q(s,d2)n(s)
t R

Tiy1
- %(5)9(5)>ds - Z1(s)dW (s)
'

T Tit1 ~
- %(S)dB(S)—/ /%(S,Z)N(ds,dZ), T; <t <Ti.
t R

t
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We can establish the assertion ]E[SUPT,SIST,-H |% (1)|”] < K;,, on each subinterval.
The global estimate for 2 on [0, T'] follows by combining a finite number of local
estimates. O

We now derive the solution the quadratic optimization problem (10.5).

Theorem 10.2.1 Assume that (C1)—(C4) from Chap. 7 hold, and let

T ) r/2 T ) r/2
IE[|F|”+</ |H(s)| ds) + (/ /]G(s,z)n(s)\ Q(s,dz)ds) i|<oo,
0 0 R

for some p > 2. We consider the quadratic hedging problem (10.5). The strategy of
the form

%
0=
w(t) —r(r) Z(t) o )
_< o2(1) Y(t)a(t)>(X (=)= (), 0=<i=T, (10.16)

where (Y, Z) and (%', %) solve the BSDEs (10.6) and (10.7), and the process X*
is given by

dX*(t) =" () (n(@)dt + o (AW 1)) + (X*(t—) — 7% (1)) r(t)dt,

— H(t)dt —/ G(t,z)N(dt,dz), X©0)=x>0,
R

are the optimal admissible hedging strategy t* € o/ and the optimal hedging port-
folio for the payment process P.

Proof 1. The optimality. The proof is based on the method of completing the
squares. Consider the BSDEs (10.6) and (10.7) written in the shorthand notation

dY(t) = — f(Odt + Z()dW (1), Y(T) =1,
d¥ (t) = — f'(t)dt + Z1(1)dW (t) + Z5(t)d B(t)

+f w(t,z)N(dt,dz), % (T)=F,
R

where the generators f and f’ are appropriately defined. Key properties of the so-
lutions to the BSDEs (10.6) and (10.7) are established in Propositions 10.2.1 and
10.2.2. We use these properties in the proof. We introduce the process

B (t)=—=2Y0)¥ (), 0<t<T.
The It6’s formula yields the dynamics
a7 = - fods-+ HOdW ) + B0dso + [ 7N,
R

% (T) = —2F,
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where
fO==200fO+ZOf1) - Z1()Z1), 0<t<T,
H)=-20YOZ O+ OZ1), 0<t<T,

N (10.17)
HM)=-2Y1)2(), 0<t<T,
U, 2)=—2YOU(t,z), 0<t<T,
and
F) = B (0r ) — 2Y H () — 2¢ (1) fR G(t, 20, d2)n(®)
o O () —r®) + Zi(o (1)
o(t)
2P ORO =)+ HWew o
Y(t)o(t)

We choose an admissible strategy 7 € </ and we consider the investment port-
folio process X7 given by (7.11). By the Itd’s formula we derive the dynamics

d(Y @)(X™ (1)?)
=Y(t) (2X”(t—)7r(t)(u(t)dt +o()dW (1))
+2X7 (1=)(XT(1—) — 7w (0))r()dt — 2X™ (t—)H (1)dt
—/R2X”(t—)G(t,z)N(dt,dz)+|7'r(t)a(t)|2dt—i—/R|G(t,z)|2N(dt,dz)>

X" () [ (= f(O)dt + Z@)dW (1)) +2Z1) X ()7 (o (t)dt,
and

d(Z () X™ (1))

= (t—) (n(l)(,u(t)dt +o(O)dW (1))
+ (X™(t=) — 7w (0))r()dt — H(t)dt —/ G(t,z)N(dt,dz))
R
+ X" (t—)<—f(t)dt + A WAV (1) + 21 dB(t) + / U (t,2)N(dt, dz))
R

+.§”1(t)n(t)a(t)dz—/ U (t,7)G(t,z2)N(dt, dz).
R
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We can notice that the stochastic integrals with respect to W, B and N are locally
square integrable local martingales since X™ and %Y are cadlag, Y is bounded, 7,
Z Qﬁ, .Q% and % are square integrable, see Theorem 2.3.1. Furthermore, the stochas-
tic integrals with respect to N have locally integrable compensators since X” and Y
are cadlag, Y is bounded, G and U are square integrable. Consequently, the com-
pensated integrals are local martingales, see Theorem 2.3.2. Let (t,),>1 denote a
localizing sequence for the local martingales such that 7, — T, n — co. We obtain
the expectations

E[Y (2,)|X™ ()]

=Y(O0)1x + E[ fo T"{Y(o(zX” (t=)m (1) ((r) = (1))
+2|X”(t—)|2r(t)—2X”(t—)H(t)—/RZX”(t—)G(t,Z)Q(t,dz)n(t)
+Iﬂ(t)a(t)}z+A|G(t,z)|2Q(t,dz)n(t))

— X7 f o)+ ZZ(t)X”(t—)n(t)a(t)}dt:|, (10.19)

and
E[# (t)X™ (t)]

=J(0)x + E[/ ' {@(r—)(n(r)(u(t) —r@®))+ X" (t—)r@)
0
—H(t) - /R G(1,2)0(t, dZ)n(t)) — X" (=) f () + Zi ()7 ()0 (1)

—/ G(t,z)?/A(t,z)Q(t,dZ)n(t)}dt] (10.20)
R

From (10.19)—(10.20), after some tedious calculations, we deduce the formula

E[Y (1) X" (ta) — % (ta)|]

=E[Y (0) | X" (@)|* + D (2) X" (1) + Y (0) |7 (5[]
= Y(0)x2 + % (0)x

2 ) wO—=r@® 20\,
+E[/0 Yol ol {”(t”( o2(1) +Y(r)a(r))X “

Gy ue)y—r@@y  Z@) }2dt
2Y(t)  o2(t) 2Y (o (t)
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1Zn)P

i xn 2(- 2Y -
+ fo| OF(-ro+2vorn -8

—lo@)r o —29(t)Z(t)>dt

+/ "X”(r)(—f(z)+@(r)r(t)—2Y(t)H(z)—2Y(z)/ G(t,2)0(t, dz)n(t)
0 R

Y (1) (u(t) —r@t)) + Zi(1)o (1)

—6®) (1)
0 Y (1) (u(t) — r (1)) + 24 (t)o(t))dt]
Y (1o (1)

2

T p)—r@®) %0 Y(0)|o ()| dr

2Y() o) 2Y (t)o (1)

+E[Y(rn)|@(rn)|2—/0 '

+/O "(Y(t)/R|G(t,z)|2Q(z,dz)n(t)—@(r—)H(x)
—@A(t—)f G(t,z)Q(t,dz)fl(t)—/ G(t,z)%A(t,Z)Q(t,dz)n(t)>dt},
R R

and by the definition of the generators f and f from (10.6) and (10.18) we obtain

E[Y (0)| X (1) — (1) ]
=Y (0)x2 + F (0)x

o 2 p(t) —r(t) Z(1) .
+EUO Y(t)|o @) {n(t)+( o +Y(t)o(t)>x (t-)

By u@e)y—r@@y  Z@) }24
2Y() o2(t) 2Y (o (1)

+E[Y(rn>!@<rn>|2+/r"w(r)dt}, (10.21)
0

where the process ¢ collects all terms independent of 7. We let n — oo. We have
to justify the interchange of the limit n — oo and the expectation. First, we recall
that Y is uniformly bounded, ]ET[supte[o’T] |2 (t)|2] < 00 since % solves (10.7) and
E[sup, o7y 1X™ (1)]?] < oo by (7.12). From these properties we can conclude that
Y (1) X (1) |2, @ (12) X7 (1) and Y (1,)|Z (1,,)|? are bounded uniformly in n by
an integrable random variable. Next, we deduce from the moment estimates (10.12)
and (10.14) that the process Q% is square integrable. Finally, under our assumptions
the process g is integrable i.e. E[ fOT |o(t)|dt] < oo. Hence, we apply the monotone
convergence theorem to the first expectation on the right hand side of (10.21), the
dominated convergence theorem to the second expectation on the right hand side of
(10.21) and the dominated convergence theorem on the left hand side of (10.21). We
end up with
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E[|X™(T) - F|*]
= lim E[Y(0)|X" (t) = % (1) |]
n—oo

=Y (O)x2 + % (0)x

T 2 u(t) —r) Z(1) .
+EU0 Y()|o@)| {n(t)+< o +Y(t)a(t)>x (t-)

Gy u) —rty  Fw) )2 -
e o0 +2Y(t)a(t)}dt}+E[F - /0 W)dt] (10.22)

Since the last term in (10.22) does not depend on m, the optimal strategy can be
immediately derived from (10.22) and (10.17).

2. The admissability. Let w*(t) = A(t)X”*(t—) + B(t). The dynamics of the
investment portfolio (7.11) under the candidate strategy (10.16) is given by

dX™ (1) = X™ (1) (r(t) + () — r () A@))dt + X™ (1—)A(1)o ()dW (1)
+ B(t)(n (1) — r(1))dt + B(t)o (1)dW (1)

— H@t)dt — f G(t,z)N(dt,dz). (10.23)
R

Since (10.23) is a linear forward SDE, there exists a unique cadlag, adapted solution
X" to (10.23), see Theorem V.7 in Protter (2004). We can now conclude that 77 * is
a predictable process.

We are left with proving the square integrability of the strategy 7*. From (10.21)
and integrability of the processes Y, % and ¢ we can deduce the uniform estimate

* 2
E[Y (@) |X™ () = 2 (t)|']
n
=Y (0)x* + Z (0)x + E[Y(r,,)|@(rn)|2 +/ go(t)dt:| <K,
0
and by Fatou’s lemma we get
K > lim E[Y(5, AD|X™ (ty A1) = (1, A D]
n—oo
>E[Y@)|x" (1) -], 0<i<T.

Consequently, we can prove square integrability of the investment portfolio by notic-
ing that

E[|x™ ()] < 2B[|X™ (1) - 2 )" + |2 0)|*]

< 2E|:%Y(t)‘X”*(t) — @(r)|2 + |6?/(t)]2] <K, 0<t<T,
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where we use the lower bound k < Y (¢). Consider now the BSDE

T
Y(z)—X”*(T)Jr/ (=Y (s=)r(s) — Z(s)0(s))ds

/ H(s)ds—i—/ /G(s Z2)N(ds, dz)

—/ Z(s)dW (s) — //U(s DNWds,dz), 0<t<T. (10.24)
t

Since E[|X”* (T)|*] < oo, there exists a unique solution _()7, Z,U) e Sz_(R) X
H2(R) x H?\,(R) to the BSDE (10.24). By (10.23) we get Y (1) = X™ (1), Z(t) =
7*(t)o (t), U(t, z) = 0. The admissibility of 7* has been proved. O

We remark that the arguments from the proof of Theorem 10.2.1 can be applied
to solve a general linear quadratic control problem, see Lim (2004), Lim (2005) and
@ksendal and Hu (2008).

Equation (10.22) gives the minimal hedging error under the optimal strategy 7 *.
We can easily find the optimal initial capital.

Proposition 10.2.3 Under the assumptions of Propositions 10.2.1, 10.2.2 and The-
orem 10.2.1 the initial value of the investment portfolio which minimizes the
quadratic hedging error (10.5) takes the form

T S
=% (0)=EY [/ e o ’(“)d”dP(s):|, (10.25)
0
where the equivalent martingale measure Q* is given by
dd%* = — Jo0)dW(s)—1 |9(S)|2ds7 0<1<T.

The price and the hedging strategy for the payment process P can be obtained by
solving the nonlinear BSDE (10.6) and the linear BSDE (10.7). The price (10.25),
the initial value of the hedging portfolio, is arbitrage-free. We notice that the risk
premiums for the systematic insurance risk and the unsystematic insurance risk are
equal to zero and the insurance risk is not priced under the measure Q*. In contrast
to Sect. 10.1 where the pricing measure were assumed to be given, here the pricing
measure Q* is derived by solving the optimization problem (10.5). We remark that
the pricing measure which arises from solving the quadratic pricing and hedging
problem (10.5) is called a minimal variance measure, see Lim (2004) and Schweizer
(2010). The optimal hedging strategy (10.16) consists of two terms: the first term is a
delta hedging strategy and the second term is a correction factor taking into account
discrepancies between the optimal hedging portfolio X* and the market-consistent
value % of the insurance payment process (the reserve required for P). The second
term adjusts the delta hedging strategy according to the shortfall or the surplus of
the assets over the liabilities.



188 10 Quadratic Pricing and Hedging

Example 10.2 We consider the classical Black-Scholes model with constant coef-
ficients r, u, o and an insurer who issues a portfolio of #n unit-linked endowment
policies with a capital guarantee. We are again interested in pricing and hedging the
claim F = (n — J(T))(K — S(T))™ where J is the deaths counting process for the
insurance portfolio. We consider a constant mortality intensity A. In order to find the
price and the optimal hedging strategy for the claim F, we have to solve the BSDEs

T 2
Y(t):l—i—/ <2Y(s)r— 1Z)| —92Y(s)—292(s))ds
t Y (s)

T
—/ Z(s)dW(s), 0<t<T, (10.26)
t
T
V()= (n—J(D)(K - S(T)" +/ (=% (s—)r — Z(s)0)ds
t
T T .
—/ ff(s)dW(s)—f U (s)N(ds), 0<t<T. (10.27)
t t

It is straightforward to notice that the solution to the BSDE (10.26) is of the form

Y1) =@ —T-D  g<;<T,
Z(t)=0, 0<t<T.
Recalling the results from Example 9.5, we conclude that the solution to the BSDE
(10.27) is given by the triple
V()= (n—J(0)e T
(Ke" T (—d(t, S(1)) — T —1) = SOYP(—d(t, S1)))),
0<t<T,
ZW)=—(n—J@t-)e " T VoSt)®(—d(t,S1))), 0<t<T,
%(t) — _e—)\(T—t)
(Ke"T 0o (—d(t, S(1)) — 0T — 1) = SOY®(—d(t, S1)))),
0<t<T.
By Theorem 10.2.1 and Proposition 10.2.3 the optimal hedging strategy is given by
the feedback formula
() = —(n—J(@t=)e P TIS) @ (—d(1, S(1)))
w—r
o2

(X*(t=)—#@-), 0<t<T,
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where the optimal hedging portfolio is determined by the process

t
X*(t)zx*e”+/ 7¥(s)(0ods + cdW(s)), X*(0)=x",
0

and the price of the claim, and the initial value of the optimal hedging portfolio, is
equal to

= (0)=ne M (Ke T @ (~d(0, S(0) — ov/T) — SO P (—d (0, S©0)))).

The quadratic objective (10.5) can be generalized by keeping its mathematical
tractability. We can solve the quadratic optimization problem

T
minIE|:/ (X7 (5) — B(s)) ds + (X" (T) — 5)2], (10.28)
T 0

where a running cost is added. Under the objective (10.28) an investment strategy
is chosen in such a way that the investment portfolio is as close as possible, in
the mean-square sense, to the targets 8 and £. The targets 8 and £ may represent
solvency constraints or profit expectations, see Detemple and Rindisbacher (2008)
and Delong (2010). We can also solve the Markowitz portfolio selection problem

min Var[ X (T)]
T (10.29)
E[X™(T)]=L,

where the variance of the terminal wealth is minimized given the constraint on the
expected return. We remark that the Markowitz portfolio selection is commonly
used for investment decision making and asset-liability management, see Chap. 4 in
Zenios and Ziemba (2006) and Sect. 23.2 in Adam (2007).

Notice that in order to apply the investment strategy (10.16) we have to estimate
the drift @. The advantage of the quadratic optimization under an equivalent martin-
gale measure (10.1) over the quadratic optimization under the real-world measure
(10.5) is that the drift of the stock does not enter the optimal strategy in the for-
mer case. It is known that the estimation of the drift is challenging. Consequently,
the quadratic pricing and hedging under the real-world measure may be difficult to
implement in practice, see Sect. 10.4.3 in Cont and Tankov (2004) for a discussion.

10.3 Quadratic Pricing and Hedging Under Local
Risk-Minimization

We now investigate the objective of local risk-minimization which was developed
in Schweizer (1991) and Schweizer (2008). Local risk-minimization is an important
alternative to global quadratic hedging. We will see that the locally risk-minimizing
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strategy is derived by optimizing an objective formulated under the real-world mea-
sure but at the same time the optimal strategy does not depend on the drift of the
stock. )

Let $(¢) = e~ Jor()ds S(t). The discounted stock price satisfies the dynamics

t t
500 =50 + [ S (ue —rw)du+ [ Swowdww. osr=T.
0 0
We introduce a class of admissible investment strategies.

Definition 10.3.1 A strategy IT := ([1(¢),0 <t < T) is called admissible, written
Il e szsl"ml , if it satisfies the conditions:

(1) I1:$£2 x [0, T] — Ris a predictable process,
(ii) IE[]OT |3’(t)1'[(t)a(t)|2dt] < 0.

A strategy I" := (I'(¢),0 <t < T) is called admissible, written I" € szfg‘)"“l, if it
satisfies the conditions:

() I": 82 x[0,T]— Ris an adapted process,
(i) the process 2 1 (t) = IT(¢)S(¢) + I'(t) is right-continuous and square inte-
grable.

A strategy (I, ) is called admissible for the local risk-minimization problem, writ-
ten (n, A) c %ZUC(JI, if IT e %local and I € ,;afbl”“’l

We remark that the strategy IT denotes the number of stock which are held in the
investment portfolio, I" denotes the position in the bank account and 2" is the dis-
counted value of the investment portfolio. We point out that the investment portfolio
2T s not self-financing under (17, I') € a7'o¢d!,

We define the cost process and the risk process of a hedging strategy.

Definition 10.3.2 Assume that (C1)—(C4) from Chap. 7 hold. The cost process of
an admissible strategy (IT, I') € .7'°°® related to hedging the payment process P is
given by

! S t A
CH’F(I)=/ e~ Jo ’<”>d“dp(s)+%”f(z)—f M(s)dS(s), 0<t<T.
0 0

The risk process of an admissible strategy (17, I') € 27! related to hedging the
payment process P is given by

R™T (1) =E[|c T (1) =T ) [1.7], 0<i<T.

Since (I1, I') € @' the integral fot H(s)dS’(s) is well-defined and C-T is
square integrable.

The cost process C'1-I" describes accumulated discounted costs or profits (cash
inflows or outflows) for the insurer who applies an investment strategy (1, I"), pays
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the benefits P and holds the investment portfolio 2" /I". If the payment process
can be perfectly replicated by (11, I"), then

t t s

%”’F(t):%(owr/ n(s)dS(s)—f e~ hrwdugpy 0<r<T,
0 0

2Ty =0,

and the cost process related to hedging P is equal to the initial premium 2" (0) - the
cost of setting the replicating portfolio which matches the liability. If the payment
process cannot be perfectly replicated, then the insurer has to inject capital or with-
draw capital during the lifetime of the policy in order to match the assets with the
liabilities. These inflows and outflows of capital from the investment portfolio are
modelled by the cost process.

The idea of local risk-minimization is to find an admissible hedging strategy
(IT, I') € o/'*¢? which minimizes the risk process RI" for all ¢ € [0, T']. The pre-
cise definition of the hedging objective is very technical and it involves limit con-
siderations and local perturbations of investment strategies, see Schweizer (1991)
and Schweizer (2008). We can say that under the local risk-minimization we aim to
find an asset portfolio which perfectly matches the liability with a minimal mean-
square cost of matching. We point out that the hedging objective, the risk process,
is evaluated under the real-world measure, as it should be.

We give the key result which characterizes a locally risk-minimizing strategy.

Theorem 10.3.1 Assume that (C1)—(C4) from Chap. 7 hold. The payment process

P admits an admissible locally risk-minimizing strategy (IT*, I'*) € &' if and
only if the discounted payment process has the representation

T ) T
/ o~ lirdig p(o) — g + / (6)dS(s) + AT),  (10.30)
0 0

where { € ,ﬁzfslo““l ,and F€ is a right-continuous, square integrable martingale which
is strongly orthogonal to the martingale component of S and verifies 7€ (0) = 0. In
this case, we define

I () =¢@), 0<t<T,
270 =&+ /0 )8 + 1) - /O Wi pG), 0<r<T,
I*(t) = Z*@t)— M*®)St), 0<t<T.

Proof The result follows from Proposition 5.2 from Schweizer (2008). O

We remark that two square integrable martingales are strongly orthogonal if
EM!'(t)M* ()] =0.
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Decomposition (10.30) is called the Follmer-Schweizer decomposition. The lo-
cally risk-minimizing strategy (IT*, I'*) is called mean-self-financing as the opti-
mal cost process C*(t) = &y + JZ(t) is a martingale, i.e. the average future cost is
equal to zero. The strategy (IT*, I'*) is also called 0-achieving as 2 *(T) = 0 and
all claims are covered.

The next result shows that the Follmer-Schweizer decomposition can be derived
from a BSDE.

Proposition 10.3.1 Assume that (C1)—(C4) from Chap. 7 hold.

(a) The Follmer-Schweizer decomposition of the discounted payment process is
given by

T
f e—f(’;r(u)dudp(s)

0
T
=Y(0)+/ L@dﬁ(s)
0 o(s)S(s)

T T
+/ Zz(s)dB(s)+/ /U(s,z)l\?(ds,dz),
0 0 R

where (Y, Z1, Z», U) € S*(R) x H2(R) x H?(R) x H3 (R) is the unique solu-
tion to the BSDE

T T
Y(t):/ e—f(f’(”W"dP(s)—/ Z1(5)0(s)ds
0 t
T T
—/ Zl(s)dW(s)—/ Z>(s)dB(s)
t t

T
—/ /U(s,z)ﬁ(ds,dz), 0<t<T. (10.31)
t R

(b) The admissible locally risk-minimizing strategy IT* € o7'°“® and the optimal
discounted hedging portfolio for the payment process P are given by

(1) = Zy(1)

=———, 0=<r=T,
o (t)S()

! S
%*(r):Y(z)—/ e~ Jorwdugpsy 0<t<T.
0
Proof (a) Consider the BSDE
T N T T
Y(t):/ e*fo””)d“dP(s)Jr/ f(s)ds—/ Z1()dW (s)
0 t t

T T
—f Zz(s)dB(s)—/ /U(s,z)N(ds,dz), 0<t<T, (10.32)
t t R
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where the generator f will be specified in the sequel. Assume there exists a solution

(Y, Z1,Z2,U) € S*R) x HX(R) x H*(R) x H (R) to (10.32). From the BSDE
(10.32) we get the representation of the discounted payments

T S
f e~ Jordug p ()
0
T T
=Y(0)—/ f(s)ds+/ Z1(s)dW (s)
0 0

T T
+/ Zz(s)dB(s)—i-/ /U(s,z)z\?(ds,dz), 0<t<T, (10.33)
0 0 R

From property (5.5) we deduce that the stochastic integrals driven by B and N
are strongly orthogonal to the martingale component of S, i.e. the stochastic inte-
gral driven by W. The discounted payment process (10.33) would now satisfy the
Follmer-Schweizer decomposition (10.30) if for some ¢ € %loml we had

T ) T T
/ £(s)dS(s) =/ Z1(s)dW (s) —/ f(s)ds. (10.34)
0 0 0

Since

T T T
/o C(S)dS(S)=fO HONOIO) —r(S))ds+/0 £(s)S(s)a(s)dW(s),
we should choose

) ==Zi(5)8(s), 0=<s<T,

VA

4*(S)=71(AS) , 0<s<T.

a(s)S(s)
With this choice, there exists a unique solution (Y, Z1, Z», U) € S>(R) x H*(R) x
H?(R) x H%\, (R) to (10.32) and ¢* € szf;l”ml. From (10.33) and (10.34) we deduce
the Follmer-Schweizer decomposition.

(b) The formulas for IT* and .2 *follow from item (a), (10.32)—(10.34) and The-
orem 10.3.1. O

We state an important corollary.

Corollary 10.3.1 Under the assumptions of Theorem 10.3.1 and Proposition 10.3.1
the optimal hedging portfolio process has the representation

T S
X*(t) =EY [/ e i ’(“)d”dP(s)L%}, 0<t<T, (10.35)

t
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where

dd%* Z, — ¢ Jo0®aW ()3 (;l(-?(s)lzds’ 0<r<T,

and the optimal amount invested in the stock is given by

Z(t '
n*(t):%ef()rmds, 0<t<T. (10.36)
o

Proof Since X*(t) = 2 *(z)ef(; (9)ds the representation of X* follows from Propo-
sition 10.3.1 and the representation of the solution Y to the linear BSDE (10.31).
Since w*(t) = IT*(¢t)S(t), the formula for 7* follows immediately from Proposi-
tion 10.3.1. O

The hedging portfolio (10.35) and the optimal amount invested in the stock
(10.36) can be obtained by solving the linear BSDE (10.31). The price of the in-
surance payment process, which is the initial value of the hedging portfolio, is
arbitrage-free. The insurance risk is not priced under the measure Q*. The hedging
strategy 7 * is a delta-hedging strategy which is updated with the current information
on the financial and the insurance risk. We notice that the optimal hedging portfolio
and the optimal hedging strategy are characterized under the equivalent martingale
measure Q*, hence the drift of the stock does not enter the solution. We point out that
under the locally risk-minimizing strategy (I7*, I"*) there is no mismatch between
the assets and the liabilities. The hedging portfolio is forced to match the market-
consistent value of the liabilities, see Corollary 10.3.1. This equivalence holds since
the investment portfolio process .2 * is not self-financing. By Proposition 10.3.1 we
obtain

AX*(t) = r(eh "B 2% (1)dt + el 7O g 27 (1)
= X*(Or(t)dt + eh OB (@Y (1) — e~ SO g p (1))
= X*(Ort)dt
+ e (T (1) §(1) () — () dt + IT* () S(H)o (1)dW (1))

—dP(t) + o™ 72,1)d B(1) + f T s (1 AN (dt, dz).
R

Using 7r*, we derive the dynamics of the hedging portfolio
dX*(1) = 7* (1) (n@)dt + o @AW (1)) + (X () — 7 (@))r(0)dt
—dP(t) + T 7, (1) d B() + / eJo s (1 N (dt, dz).
R (10.37)

The stochastic integrals driven by B and N are interpreted as cash inflows/outflows
which guarantee that X*(r) = EQ'[ [ ¢~ /i 7®dugp(5)|.7,] forall 0 < < T. As
already noticed, the expected value of the cash inflows/outflows is zero
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T t T t ~
EU efor(s)dszz(t)dB(t)+/ /efO’(S)dSU(t,z)N(dt,dz)i|=O,
0 0 R

and the hedging portfolio (10.37) is mean-self-financing. We remark that the locally
risk-minimizing strategy (10.36) for the stock would coincide with the minimum
mean-square error strategy for the stock derived in Theorem 10.1.1 if the measure
Q* from Corollary 10.3.1 were chosen in the global quadratic hedging problem.
However, the investment strategy from Theorem 10.1.1 is obtained in the framework
of self-financing portfolios and X*(¢) # EQ[ ft e~ i rwadug P (s)|-Z;] except at the
inception of the contract.

10.4 Quadratic Pricing and Hedging Under an Instantaneous
Mean-Variance Risk Measure

As discussed at the end of Sect. 10.2, the Markowitz mean-variance objective is
often used by financial institutions. In this chapter we investigate a local version of
the mean-variance objective.

In Sects. 10.1-10.2 where we were only interested in finding the price of the
payment process P at the initial time ¢+ = 0. We are now interested in dynamic
pricing of the payment process P over the period [0, 7']. We assume that the price
Y of the payment process P solves the BSDE

T T T
Y(t):F—f-/ H(s)ds+/ /G(s,z)N(ds,dz)—f-/ f(s)ds
t t R t
T T
—/ Z1(s)dW(s) —/ Zy(s)dB(s)
t t

T
—/ /U(s,zm(ds,dz), 0<i=<T, (10.38)
t R

with a generator f. By Propositions 3.3.1 and 3.4.1 an arbitrage-free price of P, i.e.
Y(t) = Q[T ¢~ /i 7dug p(5)|.%,], Q € 2™, has to solve a BSDE of the form
(10.38). Hence, it is reasonable to assume a priori that the price process satisfies
(10.38). In the sequel we use a local mean-variance objective to derive the generator
f of the BSDE (10.38), the price process and the hedging strategy.

We recall that the investment portfolio X" under an admissible investment
strategy m € &/ is given by (7.11). We assume that there exists a solution
(Y, Z1,Z2,U) € S(R) x HA(R) x H?(R) x HZ (R) to the BSDE (10.38). We in-
troduce a surplus process . := (.#(¢),0 <t < T) which models the excess of the
wealth of the insurer over the price of the payment process. We set

S =X"1t)-Y(@), 0<t<T.



196 10 Quadratic Pricing and Hedging

We can derive the dynamics of the surplus process. We get the equation
dS (1) = X" (t=)r(t)dt + w (@) (ut) — r(0))dt + f()dt

+ (o (7 (t) = Z1(1))dW (1) — Zo(1)d B(1) —/ U(t,z2)N(dt,dz),
® (10.39)

with the initial condition .’(0) = 0, since we should have X (0) = Y (0). We remark
that .7 is square integrable for any 7 € 7. Since Y can be interpreted as the market-
consistent reserve for the liabilities, the surplus process .’ models the excess of the
assets over the liabilities—the net asset wealth. The surplus process . models the
profit earned by the insurer. We recall that the net asset wealth is the key object
investigated in Solvency II Directive, see European Commission QIS5 (2010). In
Leitner (2007) the process . is called a tracking error.
We define the mean-variance Markowitz risk measure

p(§) = L/ Var[§] — E[£], (10.40)

where the parameter L is a risk aversion coefficient which sets the trade-off between
variance minimization and expected return maximization. Following Leitner (2007),
we apply the risk measure (10.40), with a time-varying risk aversion coefficient L, to
the infinitesimal change in the surplus process .. We investigate the instantaneous
mean-variance risk measures

p(d7 (1)) /dt

= L(r)\/E[d[y, SN F-]/dt —E[dS () — & t—)r(t)dt|.F;— ] /dt

= L(r>\/|n<r>a<z> —Zi 0 + |20 + /R|U<r, 27, 0

—(Yer@) +a@)(n@) —r@)+ f(0), 0<t=<T. (10.41)

The quadratic variation is now used for modelling the instantaneous variance. The
moments in (10.41) are derived by Theorems 2.3.2-2.3.3. The goal is to find an ad-
missible hedging strategy 7 € .« which minimizes the instantaneous risk measures
p(dZ(t)) forall t € [0, T] and choose a generator f of the price dynamics Y which
makes the instantaneous risk measures vanish p(d.¥(t)) =0 for all ¢ € [0, T']. This
is a reasonable pricing and hedging objective. The insurer should be interesting in
applying an investment strategy under which the expected excess return on the sur-
plus over the risk-free return on the surplus is maximized. At the same time, the
insurer should choose an investment strategy under which the return on the surplus
(the tracking error) is not volatile. Hence, the mean-variance objective is used for
choosing the hedging strategy. The insurance payment process is next priced by
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requiring that the instantaneous Sharpe ratio of the surplus process equals a pre-
specified target L, i.e. the insurance payment process is priced by requiring that
Sharpe Ratio (5” (t))
E[dZ(t) — St —)rt)dt|F_]/dt
_ Eld7 (@) (to)r@dt|.F -1/ —L4). O0<i<T. (1042)
VEUL, L1(1)/dt|F,-]

We can now interpret L as a process which controls the ratio of the expected earned
surplus (the net asset wealth) to its deviation over time or as a profit, specified by
a Sharpe ratio, which is demanded by the insurer who sells the insurance contract.
We assume that L(t) > 6(t) + ¢, € > 0. The former inequality is obvious since
the investment in the payment process P carries an additional risk compared to the
investment in the risky stock S and the insurer is interested in earning a risk premium
strictly above 8, which is the risk premium earned by investing in the stock. For the
instantaneous Sharpe ratio pricing we refer to Bayraktar and Young (2007), Young
(2008), Bayraktar and Young (2008) and Bayraktar et al. (2009), for the connection
with the cost of capital pricing we refer to Pelsser (2011).

Theorem 10.4.1 Assume that (C1)—(C4) from Chap. 7 hold and let L be a pre-
dictable process such that L(t) > 0(t) +¢e,6 >0,and L(t) < K,0<t <T. The
admissible investment strategy w* € o/ which minimizes the risk measures (10.41)
forallt € [0, T] and the generator f* which makes the risk measures (10.41) vanish
forallt € [0, T] take the form

1
(1) =m<21(t)

10(1)|? 2 2
+\/m\/|zz(ﬂ| +/R|U(t,2)| Q(l,dZ)U(t)>,

0<r<T,
ff@)y==Y@—)r@t) — Z1(t)0(r)

+\/|L(t)|2—|9(t)|2\/|Zz(t)|2+/R|U(I,Z)|2Q(t,d1)n(t), 0<t<T,

where (Y, Z1, Z2, U) € S3(R) x HZ(R) x H2(R) x H%\, (R) is the unique solution to
the BSDE

(10.43)

T T
Y@) = F+/ H(s)ds +/ / G(s,z)N(ds, dz)
t t R

T
_|_/ (—Y(s—)r(s)—zl(s)g(s)
t
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+/ L) - |9(s)|2\/|zz(s>|2+/R}Uz(s,z)|2Q<s,dz>n<s))ds

T T
_ f Z4()dW (s) — / Z2(s)dB(s)
t t

T
—f fU(s,z)N(ds,dz), 0<t<T. (10.44)
t R

Proof The form of the generator and the strategy are deduced from properties of the
function

wrm) =Ly (o —2)2+u+v2 —ry—a(u—r)— f.

It is straightforward to find a unique minimizer * of the function w and f* such
that w(r*) = 0. We now study the BSDE (10.44). By the Schwarz inequality

o+ / u(z)u’(z)Q(t,dZ)n‘
R

s\/|z|2+/R|u(z)|Q(z,dz)n\/|z/}2+fR|u/(z)|2Q(t,dz)n, (10.45)

we can prove the following inequality

2
'\/mz + /RIu(Z)IzQ(t,dZ)n — \/W + /RIM’(Z)IZQ(I,dZ)n

< |z—z’|2+/|u(z)—u’(z)|2Q(t,dz)n. (10.46)
R

Hence, the generator (10.44) is Lipschitz continuous in the sense of Theorem 3.1.1.
From (3.22) and Theorem 3.1.1 we conclude that there exists a unique solution to
the BSDE (10.44). It is clear that the investment strategy (10.43) is admissible. [J

The price process of the payment process P solves the nonlinear BSDE (10.44).
It is important to point out that the price process (10.44) may not be represented as
the expected value of the future discounted claims under an equivalent martingale
measure. We also remark that the price process (10.44) may not satisfy the property
of monotonicity with respect to the claim in the sense that a more severe claim may
have a lower price. Hence, the price derived in Theorem 10.4.1 may give rise to
arbitrage opportunities. In the language of BSDEs the solution to the BSDE (10.44)
does satisfy the comparison principle with respect to the terminal condition and the
BSDE (10.44) does not have a measure solution. This problem, which arises for
BSDEs with jumps, was pointed out in Sect. 3.2.
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Example 10.3 We consider the classical Black-Scholes model with constant coeffi-
cients r, i, o and an insurer who issues an endowment policy. We are interested in
pricing and hedging the claim F =1 — J(T') where J is the death counting process
for the policy. We consider a constant mortality intensity A and a constant Sharpe ra-
tio L. In order to find the optimal price process and the optimal investment strategy
for the claim F', we have to solve the BSDE

Y(t)=1—J(T)
T
+ | (~Y(s—)r —Z()8 + VL2 —02|Us)|\/(1 — J(s—))A)d
/t (=Y (s—)r (s) |U)|y/( (s—))r)ds
T T
—/ Z(s)dW(s)—/ U(s)N(ds), 0<t<T. (10.47)
t t

Clearly, we can set Z(t) =0,0 <t <T.Letus guessthat U(t) = -Y(t—), Y (¢) >
0,0 <t <T.We end up with the equation

dY (1) = Y (t=)rdt —/L2 = 62Y (1—),/ (1 — J(t—)rdt — Y t—)N (d1),
Y(T)=1-J(T).
First, it is straightforward to derive the dynamics
d(Y (t)e™ o0~V P=VT=TG=0ds)
= — e VD= TTCD sy () §(dr), (10.48)
Y(T)=1-J(T).
Integrating and taking the expected value, we can obtain the candidate solution
Y(6) = B[(1 = J(D))e~ I =V P—PVI=TC0ds | 7,1
= (1= J @) tH=VI=PVDTD g2 (10.49)

where we use the fact that J(7') = 0 implies J(#) = 0,0 < < T. Next, from (10.49)
we derive the dynamics

4y (1) = —e~ VDI04 (1) 4 (40— V12— VR Y (-,
and
d(Y(t)e_f(;(r—\/mm)ds)
_ o Iy BTG (_ i EVRT 0 1 (1

+ (r+ 1 — VL2 = 02V2) Y (t—)dr)
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— Y (t—)e I VIOV AZTENDds (/12— 92 [(1 = J(t—))2)dt
_ e—jg(r—«/L2—02«/(1—J(s—))x)ds (_e—(r+k—«/L2—02\/x)(T—t)(1 _ J(t—))d](t)
+AY(—)(1 = J(t—)))dt
_ _efj(;<r7«/L2792«/(1fj(sf))x)dsY(t_)](,(dm
which agrees with (10.48). Our candidate solution (Y, Z, U), where Y is given by
(1049), Z(t) =0, U(t) = =Y (@—), 0 <t < T, is square integrable. Hence, the

unique solution to the BSDE (10.47) is found. By Theorem 10.4.1 the optimal price
process is defined by

Y1) =(1—J(@))e CH-VE-EVDT-0 o<y <, (10.50)
the optimal investment strategy is given by

() =(1- J(t—))%e“HV L=VOT=0 < <T.
oV

We have obtained the unique solution to the pricing and hedging problem under
the instantaneous mean-variance risk measure. If A — v/L2 — 624/A < 0, then the
price of the endowment policy is larger than e "7 =) which is the price of the bond
paying 1 at the maturity. The property of monotonicity of the pricing operator with
respect to the claim is not satisfied. The insurer can buy the bond which hedges the
payment from the endowment policy and earns a risk-free profit. We can conclude
that the price (10.50) may give rise to arbitrage opportunities. To get the arbitrage-
free price, we have to introduce the constraint A — +/ L? — Gzﬁ > 0, or equivalently
L? <1 +06%

We are now interested in pricing and hedging the claim F = (1 — J(T))(K —
S(T))™. In order to find the optimal price process and the optimal hedging strategy
for the claim F', we have to solve the BSDE

Y(0)=(1—-J(D)(K —S(T))*
T
+ | (=Y(s—)r—Z(s)0 +vV L2 —62|U 1—J(s=))A)d
/I (=Y (s—)r — Z(s) U]/ ( (s—))r)ds

T T
—/ Z(s)dW(s)—/ U(s)N(s), 0<t<T. (10.51)
1 t
We can conclude that the unique solution to the BSDE (10.51) is given by the triple
Y (1) = (1 = J(t))e” @~V E-0VDT-0)

(Ke " T D (=d(t, S(1)) — 0T — 1) = SO (—d(t, S(1)))),
0<t<T,
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Z(t) = —(1 = J(t—))e @ V=PI TD5 50y (—d(1, S1))), 0<t<T,
Uy=—(1- J(t—))e_()‘_ VL2602 1)
(KeT T o (—d(t, S(t)) — o T —1) — SO (—d(t. S1)))).
0<t<T,
where we use (9.6) and (9.7). The optimal price process is defined by
Y(6) = (1 - J(@)e *-VE-0WDT=0)

(Ke" T (—d(t,S(1)) — 0T —1)
—SOP(—d(r,S(1))), 0<t<T, (10.52)

and the optimal hedging strategy is given by

74 (1) = —(1 = J (1=))e” AV EEVDTD (1) (—d (1, S(1)))
1 — J(t—))e~ PV L2=62V)(T~1) o/
* ( « ))e o L?—62
(Ke"T D (—d(t, S(1) —oNT —1t) = SOP(—d(t, S1)))),

0<tr<T.

The price (10.52) is arbitrage-free if L? < A + 62.

We also give an example which shows that the price from Theorem 10.4.1 may
be arbitrage-free without any additional assumptions on the parameters. It turns out
that arbitrage-free prices arise for specific types of claims.

Example 10.4 Let the assumptions from Example 10.3 hold. We consider an insurer
who issues a life insurance policy paying 1 at maturity of the contract provided that
the policyholder dies within the duration of the contract. We are interested in pricing
and hedging the claim F = J(T') where J is the death counting process for the
policy. In order to find the optimal price process and the optimal investment strategy
for the claim F', we have to solve the BSDE

Y(@)=J(T)

T
+ —Y(s—=)r—Z(s)0 +v L2 —062|U 1—JE—))r)d
/t (=Y (s—)r — Z()0 + v U]/ ( (s—))r)ds

T T
—[ Z(s)dW(s)—/ U(s)N(ds), 0<t<T. (10.53)
t t
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Clearly, we can set Z(t) =0,0 <t <T.Letus guessthat U(¢) > 0,0 <t <T.We
end up with the BSDE

Y(t) = J(T)
T
+ —Y(s—)r+vL2—02U 1—J(s—))A)d
/t( (s—)r + v/ /(1= J(s—)A)ds
T
—/ U(s)N(ds), 0<t<T. (10.54)
t

By Proposition 3.4.1 and a similar reasoning as in Example 10.3, the solution to the
BSDE (10.54) is of the form

Y()=e T — (1= J(1))e TV LP=0V0T=0  g<t<T
o (10.55)
Ut) zef(r+)\+«/L2792«/X)(T7t)’ 0<t<T,

and we see that U (t) > 0,0 <t < T. Our candidate solution (Y, Z, U), where (Y, Z)
is given by (10.55), Z(¢) =0, 0 <t < T, is square integrable. Hence, the unique
solution to the BSDE (10.53) is found. By Theorem 10.4.1 the arbitrage-free optimal
price process is defined by

Y1) =e"TD — (1= J(1))e  CHHVI=VDT-0 o<y <,

and the optimal investment strategy is given by the formula

@) = (1— J(t—))%e*’“w L=2VT=0 o<y <T.
ovL*—6

By Theorem 10.4.1 the hedging strategy for the payment process P is character-
ized by the control processes of the nonlinear BSDE (10.44). The investment strat-
egy (10.43) is studied in Chap. 12 where the results of this chapter are derived again
under different pricing and hedging objectives. In Chap. 12 we also give condi-
tions which guarantee that the price process (10.44) derived under the instantaneous
mean-variance risk measure is arbitrage-free.

Instead of the mean-variance minimization, we can use the approach proposed by
Bayraktar and Young (2007), Young (2008), Bayraktar and Young (2008), Bayraktar
et al. (2009), and we can find a hedging strategy * which minimizes the instanta-
neous variation E[d[., .#1(t)|.%,_] for all t € [0, T] together with a generator f*
which makes the instantaneous mean-variance risk measures vanish p(d.¥(t)) =0
for all ¢ € [0, T']. We obtain

1
() = %Zl(t), 0<t=T,

[y ==Y@—)r(t) — Z1(0)0(1) (10.56)

+ L(r)\/|22(r>|2 +/ UG, Q. dom@), 0<t<T,
R
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where (Y, Z1, Z>, U) € S*(R) x H>(R) x H?(R) x H%V (R) is the unique solution to
the BSDE

T T
Y1) = F—l—/ H(s)ds —i—/ / G(s,z)N(ds,dz)
t t R

T
+/ <—Y(s—)r(s) — Z1(5)0(s)
t

+L(S)\/lzz(S)\z+/H;|U2(S,Z)|2Q(S,dz)n(S)>ds
T T

- / Z1(s)dW (s) — / Z2(s)dB(s)
t t

T
—/ /U(s,z)z\?(ds,dz), 0<t<T. (10.57)
t R
Again, the price process (10.57) may lead to arbitrage opportunities.
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general semimartingales were solved in Kohlmann et al. (2010) and Jeanblanc et al.
(2012) where the authors applied semimartingale BSDEs. The proof of Proposi-
tion 10.3.1 is inspired by Ankirchner and Heine (2012). For locally risk-minimizing
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taken from Delong (2012a).



Chapter 11
Utility Maximization and Indifference Pricing
and Hedging

Abstract We investigate portfolio optimization and pricing and hedging of the in-
surance payment process under the exponential utility function. First, we find the
investment strategy under which the expected exponential utility of the insurer’s
terminal wealth is maximized. We characterize the optimal value function of the op-
timization problem and the optimal investment strategy by a nonlinear BSDE. Next,
we solve the exponential indifference pricing and hedging problem. We show that
the indifference price and the indifference hedging strategy solve a nonlinear BSDE.

In this chapter we use the theory of decision making under uncertainty by von Neu-
mann and Morgenstern which plays a fundamental role in economics. In the context
of dynamic asset allocation, Merton (1969) was the first who found the optimal dy-
namic investment strategy for an agent maximizing the expected utility from the
terminal wealth. Since then, utility maximization objectives have gained great pop-
ularity in portfolio optimization. In the case when an agent can dynamically trade in
a financial market, Hodges and Neuberger (1989) introduced utility indifference ar-
guments for pricing and hedging of financial claims, and Young and Zariphopoulou
(2002) applied these arguments to price and hedge insurance claims. The utility
indifference arguments have proved to be very useful for pricing and hedging of
claims in incomplete markets.

In this chapter we solve the utility maximization problem and the indifference
pricing and hedging problem for an insurer who dynamically trades in the financial
market and faces the payment process. We should point out that the utility-based
approach to pricing and hedging has a strong economic justification, see Carmona
(2008). We use the exponential utility. From the point of view of decision making
the exponential utility has many advantages, see Chaps. 1 and 5 in Denuit et al.
(2001) and Sect. 10.3.3. in Cont and Tankov (2004).

11.1 Exponential Utility Maximization

The insurer faces the payment process (7.3). The insurer’s investment portfolio X™
under an investment strategy 7 is given by (7.11). We assume that r = 0 or, in
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other words, we consider discounted quantities. We define a class of admissible
investment strategies.

Definition 11.1.1 A strategy = is called admissible for the exponential utility max-
imization problem, written &7/ if m € 7, see Definition 7.3.1, and

the family {e=**" (" Z_stopping times 7} is P-uniformly integrable.

The uniform integrability condition arises since we deal with exponential prefer-
ences.

We control the wealth of the insurer at time 7. The goal is to find an admissible
investment strategy 7w € .2/’ under which the expected exponential utility of the
terminal wealth (the total return on the business) is maximized. We aim to solve the
optimization problem

sup E[—e @& M=D] (11.1)
redew

where o > 0 denotes the insurer’s risk aversion coefficient. Notice that losses of the
investment portfolio are heavier penalized than profits under the exponential utility,
in contrast to the quadratic objective under which losses and profits are treated in
a symmetric manner. Since the exponential utility can be related to the entropic
risk measure, see Sect. 13.1, the goal is to find an investment strategy under which
the entropic risk measure of the insurer’s terminal wealth is minimized. We remark
utility maximization and risk measure minimization can be used to derive ALM
strategies, see Chap. 5 in Zenios and Ziemba (2006) and Sect. 23.2 in Adam (2007).

In this chapter we consider the filtration .# = . W v %/ generated by the Brow-
nian motion W used for stock modelling and the step process J used for claims
modelling. This restriction is introduced since the general case with two Brown-
ian motions W and B would lead to a nonlinear BSDE for which existence of a
solution has not been established yet. Despite the restriction, we can still consider
general streams of liabilities. In particular, we can investigate traditional and equity-
linked life and non-life claims under the unsystematic insurance risk, life insurance
equity-linked claims under irrational lapses, see Example 7.7, weather derivatives,
Example 7.9, and credit default claims, see Example 7.10.

Let us solve the optimization problem (11.1). We consider the BSDE

T
Y () =F+/ f(s)ds
t

T T
—/ Z(s)dW(s)—f /U(s,z)N(ds,dz), 0<t<T, (11.2)
t t R

where the generator f will be specified in the sequel. We introduced the process
A" := (A7 (t),0 <t < T) defined by

AT (1) = —e @ XTOYO) <t < T, 7eg®.
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We have
]E[_e—a(X” (T)—F)] — ]E[_e—a(X”(T)—Y(T))] — E[Aﬂ' (T)]

The process A" plays a crucial role in establishing the optimality of a strategy. If
AT is a supermartingale for any 7 € 27", then we obtain the inequality

E[A™(T)] = E[—e @& (D=YTD] < A(0), (11.3)
and if A™" is a martingale for some 7* € &7*?, then we derive the equality
E[A™ (T)] = E[—e~*" =Y = 4(0). (11.4)
Combining (11.3) with (11.4), we get

E[—e X" M=Y(T)] < f[—ga X" (N)=Y(T)],

and we conclude that the strategy 7* is optimal and A™ " is the optimal value func-
tion of the dynamic optimization problem (11.1). Therefore, we aim to find a gen-
erator f* of the BSDE (11.2), independent of 7, such that the process A" is a
supermartingale for all 7 € &/*? and A™" is a martingale for some 7* € 7.

We show how to find (f*, 7*). From (7.11) and (11.2) we obtain

—a(X7(1) = Y (1))

t t
=—« <x + / w(s)u(s)ds + / 7 (s)o (s)dW(s)
0 0

t t t
—f H(s)ds—f /G(S,Z)Q(s,dz)n(s)ds—/ /G(s,z)N(ds,dz)
0 0 JR 0 JR

t t
—Y(O)—i—/ f(s)ds—/ Z(s)dW(s)—/t/ U(s,z)N(ds,dz))
0 0 0 JR

t t
= —ot(x — Y(O)) — a/ w(s)u(s)ds — otf (n(s)o(s) — Z(s))dW(s)
0 0
t
+ozf (H(s)+/ G(s,z)Q(s,dz)n(s))ds
0 R

t t
+a/ /(G(s,z)+U(s,z))N(ds,dz)—a/ f(s)ds, 0<t<T.
0o JrR 0
(11.5)
For 7 € &7“P? we define three processes:

MY (1) = e~ JiT&TO=ZENAW ()= 30 [T ($)=Z6D%s g <4< T,
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MV (1) = @ Jo Je(Gls.9+U .2)N(ds.d2) (11.6)

et o @GV 5.2) e CCITVECD 1) O dipns)ds g <y < T,
and

D" (t) = —am(t)u(t) + %oﬂ(n(r)o(r) - Z(z))2
—af()+ a<H(t) +/ G(t,2)Q(t, dz)n(t))
R

- /R (@(G(t,2) + U1, 2)) = A CEITVED 1 1) 01, d2)n (),
0<t<T. (11.7)

By (11.5)-(11.7) we derive the following relation

AT () = —e @ XTO=Y )
= MY T (OMV (1)e YO+ DTWds g <s< T, (11.8)
We choose a strategy 77* which minimizes D7 (s) for all s € [0, T'], i.e. we solve

. 1 2 2
n}rln{—om(s),u(s) + Ea (JT(S)U(S) — Z(s)) }, 0<s<T.

We get the candidate strategy

n*(s):L<z(s)+ ws) ) 0<s<T. (11.9)

a(s) ao(s)

Next, we choose a generator f* in such a way that D™ *(s) =0 forall s €[0,T].
We get

* ES 1 S 2
fH(s) = —m*(s)u(s) + Ea(ﬂ ()o(s) — Z(s))

+ (H(s)+ / G(s,z>Q<s,dz)n(s)>
R

_ é /R(Ol(G(s, 2) +U(s, 7)) — X CEDTVED L 1) 0 (s, dz)n(s)

_ ) )
= _2a02(s) — %Z(s) + H(s)

1
+/ (_(ea(G(s,zHU(s,z)) _ 1) —U(s, Z)) 0Gs,dz)n(s), 0<s<T.
R

o
(11.10)
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Notice that for any & we have D™ (s) > 0,0 <s < T. Moreover, f* is independent
of . The above heuristic reasoning has now to be made more formal.
First, we recall Theorem 3.5 from Becherer (2006).

Proposition 11.1.1 Consider the BSDE
T
Y (1) =g+/ F(s.Y(s), Z(s), U(s,.))ds
t

T T
—f Z(s)dW(s)—/ /U(s,z)ﬁ(ds,dz), 0<t<T.
t t R
(1.11)

We assume that

() the filtration F = FY v F7 where J is a step process,
(ii) the terminal value & is a bounded random variable,
(iii) the intensity process n of the step process J is bounded,
(iv) the generator f : 2 x [0, T] x R x R x L2Q (R) — R is predictable and takes
the form

f(t,y,z,u)=f(t,y,z,u)+fRf(t,u(Z))Q(t,dZ)n(t),

where f 2 x[0,T] xR xR x LZQ(]R) — R is Lipschitz continuous in the
sense of Theorem 3.1.1 and satisfies

| fw.t,y,z.w)| < K(1+1yl),
(y.2.0) ERX R x LH(R), a.s.,ae (w.1) €2 x[0,T],

f 182 x [0,T] x R — R is locally Lipschitz continuous in u, uniformly in
(w, t), and satisfies

f(a), tbu)<—u, u<0, as.,ae (w,t)e22x][0,T],

f(a), t,u)>—u, u=>0, as.,ae (w,t)e 2 x[0,T].

There exists a unique solution (Y, Z,U) € S®(R) x H?(R) x H%\, (R) to the BSDE
(11.11). Moreover, U is bounded v-a.e. (t,z) € [0, T] x R.

We point out a useful property. From (11.11) we conclude

, (11.12)

/[U(t,z)\N({z},dz)=yY(z)—Y(t—)\ <2 sup |Y (1)
R 0<t<T

and, consequently, if ¥ is bounded, then U is bounded v-a.e. (t,z) € [0, T] x R.



210 11  Utility Maximization and Indifference Pricing and Hedging
We give the main result of this chapter.

Theorem 11.1.1 Consider the filtration F = FW v F’. Assume that (C1)—(C4)
from Chap. 7 hold and let F, H, G, n be bounded and r = 0.

(a) There exists a unique solution (Y,Z,U) € S®(R) x H2(R) x H%V (R) to the
BSDE

T 2
Y(t)=F+/ < wS) S) 5 4 HGs)
t

_2a02(s) o(s)

+/ (l(e“(G“’zHU(”)) —1) = U, z))Q(s,dz)n(s))ds
R

o

T T
—/ Z(s)dW(s)—/ /U(s,z)i/(ds,dz), 0<t<T.
t t R
(11.13)

(b) The optimal admissible investment strategy w* € o/ “P for the utility maximiza-
tion problem (11.1) is given by

1 w(t)
y=——2@ , 0=<r<T. 11.14
T o(r)( ()+ao(t>> == (L
The optimal value function of the optimization problem (11.1) at time t =0
—a(x—Y(0))

equals —e
Proof (a) Since s — % is bounded, we can define the equivalent probability mea-
sure

dqQP s L)
c%%ze hsmdW®-2hlselds  g<r<T.

We change the measure in (11.13) and we derive the BSDE

T 2
Y(t):F+/( n ) + H(s)
t

" 2a02(s)

+/ (l(ea(G(s,z)-kU(s,z)) _ 1) —U(s, Z)) 0, dz)n(s))ds

R\O¥

T 0 T ~ M0
—/ Z(s)dW® (s)—/ /U<s,z)N@ ds,dz), 0<i=<T.
t t R
(11.15)

Notice that the generator f of (11.15) can be divided into two parts:

f&)=f(s) +Af(U(s,z))Q(s,dz)n(S), 0<s<T,
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where

1 ()
ao2(s)

fs)=— + H(s) + é / (e*CCD —1)Q(s,d2)n(s), 0<s<T,
R

= 1
fUG.2) = —(e“(G(S’Z)+U(S’Z)) - e"‘G(“)) —U(s,z), 0<s<T,zeR.
a

Consequently, from Proposition 11.1.1 we can conclude that there exists a unique
solution (Y, Z, U) to the BSDE (11.15) which verifies

T
EQO[/ |Z(s)|2ds]<m,

0
Y()| <K, 0<s=<T, (11.16)
|UGs,2)| <K, ©-ae. (s,2)€[0, T]1xR.

Moreover, by (11.15), (5.5) and Theorem 2.3.3 we obtain

T 2
E@°[F+/< ) L b
t

" 2a02(s)

2
+/ (l(ea(G(s,zHU(s,z)) — 1) —U(s, z)) O(s, dz)n(s))ds -Y@®) L%]
R

o
2
7]

QO[ T QO T NQO
K f 2(5)dw? (s) + f / UGs, 98 s, d2)
t t R
_]EQO ! 2
= |Z(s)| ds|.F;
t

T
+E@°U /!U(s,z)|2Q(s,dz)n(S)dSI%}, 0<i<T,
t R

and from (11.16) and the boundedness assumptions for the coefficients we deduce
the uniform bound

T
E? [/ |z(s)|2ds|yf} <K, (11.17)

for any stopping time 7 € [0, T]. Estimate (11.17) yields that the process
fé Z(s)d w@ (s) is a BMO Q°-martingale, see Definition 2.2.5. We consider the
change of measure

dpP
dqQo

1 pu(s) 0 N1t ) 2.
L%:JO%‘JW@ (3)7§f0|%|¢’ 0<r<T,

which is defined by the stochastic exponential of the martingale M (t) =

fot %d WQ0 (s). It is clear that the martingale M is a BMO (@O—martingale. Hence,
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by Theorem 3.6 in Kazamaki (1994), the BMO Qo-martingale fot Z(s)dW(s) is

also a BMO P-martingale. Consequently, EF[ /, TT |Z(s)|?ds|.#;] < K for any stop-
ping time t € [0, T]. Finally, we can conclude that there exists a solution (Y, Z, U)
to the BSDE (11.13) which verifies

T
EPU |Z(s)|2ds] <00,
0

|Y(s)| <K, 0<s<T, (11.18)
|U(s.2)| <K, 9-ae.(s,2)€[0,T]xR.

To show the uniqueness of a solution, assume there are two solutions (Y, Z, U),
(Y'Z',U") € S®°(R) x H2(R) x H%V (R). From property (11.12) we conclude that U
and U’ are ©#-a.e. bounded. Hence, the generator of the BSDE (11.13) is Lipschitz
continuous in the sense of (A2) from Sect. 3.1 and the uniqueness of a solution
follows from the a priori estimates (3.5) and (3.7).

(b) We prove the supermartingale property (11.3). We introduce the process

M* @) =MYVTOMN (@), 0<t<T, nedP,
and from (11.6) we obtain the dynamics

dM™ (1)
M7 (1)

= —a(n(t)o ) — Z{))dW (1)
+/(ea(G(t,z)+U(t,Z)) — 1)N(dt, dz). (11.19)
R

For any 7t € o/ the process M™ is the stochastic exponential of a local martingale,
hence it is a local martingale by (2.16). Moreover, since ¢*(C0+UGD) _ 1 5 1,
we conclude that the local martingale M7 is positive. We also notice that for any
7 € o/ “P the process D™ defined by (11.7)is a.s. integrable, i.e. fOT | D™ (s)|ds < o0
a.s. Recalling (11.8), we get

AT () = _e XM=Y (®) — _pqm (t)e—a(x—Y(O))+f(; DA 0<y<T. (11.20)
Since M7 is a positive local martingale and D7 (s) > 0, we can derive
E[A™(t A ) |-75]
= E[—M™ (t A 7,)e @Y ODHR"™ DT wdu) g1
<B[—M7 (t A1) F e @Y OV DT

= — M7 (s AT,)e CCY O DT Wdn _ pT (o a7y 0<s<i<T.

(11.21)
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where (7,),>1 denotes a localizing sequence for the local martingale M™. From the
uniform integrability of the family {e~*X" (*) .Z-stopping times 7} for 7= € &P
and boundedness of Y we conclude that the family {A” (t), % -stopping times 7} is
uniformly integrable for = € o7“?. Taking the limit n — oo in (11.21), we obtain
the supermartingale property of A™ for any w € o7/“P.

We prove the martingale property (11.4). We have DT (1)=0,0<r<T.We

next notice that 7*(¢t)o (1) — Z(t) = ozltr (3) and the local martingale M ™ isa square

integrable martingale by Proposition 2.5.1. Hence, A” " is a martingale by (11.20).
The supermartingale and martingale properties (11.3)—(11.4) yield the optimality of
the candidate strategy 7 *.

We are left with proving the admissability. The strategy 7 * is predictable and
square integrable. It is clear that there exists a unique adapted, cadlag solution X™"
to (7.11). By (11.20) we get

e~ OXTH@) — T ()Y (D—a=Y(O)

Since M™" is uniformly integrable by Proposition 2.5.1 and Y is bounded, the family
{e=@X™ (O Z_stopping times 7} is uniformly integrable. O

We remark that the boundedness assumptions are essential for establishing the
existence of a unique solution to the nonlinear BSDE (11.13).

Theorem 11.1.1 shows that the optimal value function of the optimization prob-
lem (11.1) and the corresponding optimal investment strategy can be derived from
the nonlinear BSDE (11.13). The optimal investment strategy 7 * is independent of
wealth. If we investigate the pure investment problem without the payment process
and we set u(¢t) = u, o (t) = o, then the control process of the BSDE (11.13) satis-
fies Z = 0 and the optimal investment strategy is given by 7*(¢) = #, 0<tr<T,
which is the well-know optimal investment strategy under exponential preferences
in the classical Black-Scholes model. A non-zero control process Z arises in the
optimal investment strategy (11.14) if we allow for a random drift and volatility of
the stock and equity-linked claims.

If we considered the insurance payment process (7.3) driven by three random
noises (W, B, N), then the generator of the BSDE (11.13) would have quadratic
and exponential terms for the control processes. In such a case we could not use
Proposition 11.1.1. However, if we assumed that the step process J has only a fi-
nite number of jumps, which is the case for the deaths counting process for a life
insurance portfolio, then we could use the recent results by Jiao et al. (2013) and
Kharroubi and Lim (2012) to establish existence of a unique solution to a BSDE
with quadratic and exponential terms in the generator.

11.2 Exponential Indifference Pricing and Hedging

We are interested in finding a price and a hedging strategy for the insurance payment
process. We use the utility indifference arguments under which the expected utility
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of the insurer’s wealth at a specified future date remains unchanged if the insurer
decides to sell the contract today.

Let 7 and 7° denote the optimal value functions of the exponential utility
maximization problems for the insurer who, respectively, faces the payment process
P and is free from the liability. The optimal value function #* follows from Theo-
rem 11.1.1, and the optimal value function #° for the pure investment problem also
follows from Theorem 11.1.1 by setting F = H = G = 0. We can conclude that
the optimal value functions #© and 7 are characterized by the insurer’s current
capital and the solutions Y and Y? to the BSDEs

T 2
Py _ oK) ul) p
Y (t)—F—i-/[ < T U(S)Z (s)+ H(s)

+/ (l(ea(G(s,ZH-UP(S»Z)) —1) - UP(s,z)>Q(s,dz)n(S))dS
R

o

T T
—/ ZP(s)dW(s)—/ /UP(s,z)z\?(ds,dz), (11.22)
t t R

0<r<T,

T, 2 T
Y°(¢)=/ ( w0 —@zo(s))ds—/ Z%(s)dW(s), 0<t<T.
t t

2a02(s)  o(s)

The indifference price % (r) makes the insurer indifferent at time ¢ between selling
the contract insuring the stream of claims P, collecting the premium %/ (¢), paying
the future claims P and not selling the contract. The indifference price process % :=
(#(t),0 <t <T) is defined as a solution to the equation

VPt x+Z@0)=7%0x), 0<t<T, (11.23)
where x denotes the insurer’s wealth at time 7, and we equate the maximal expected

utilities of the insurer’s wealth at time 7 under two decisions. By Theorem 11.1.1
the indifference pricing principle takes the form

—em AT DY) — _ e Y'0) g <f< T,
and the price process satisfies
Q/(t)zYP(t)—YO(t), 0<t<T. (11.24)

First, we characterize the indifference price process %. The indifference hedging
strategy will be next deduced from /.

Theorem 11.2.1 Consider the filtration F = FY v F’ . Assume that (C1)—(C4)
from Chap. 7 hold and let F, H, G, n be bounded and r = 0.
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(@) There exists a unique solution (%, %, %) € S®°(R) x H?(R) x H?\, (R) to the
BSDE

T
@(t):F—l—/ (—&Qp(s)%—H(s)
t o(s)

+/ (l(eﬂt(G@’ZH%(“)) o A z)> s, dZ)ﬂ(S)>dS
R

o
T T B
—/ QP(s)dW(s)—/ /%(S,Z)N(ds,dz), 0<r<T. (11.25)
t t R

(b) The indifference price process % .= (% (t),0 <t < T) of the payment process
P, defined by (11.23), solves the BSDE (11.25). The indifference price process
has the representation

T
@(z):E@*U dP(s)L%], 0<t<T, (11.26)
t

where the equivalent martingale measure Q* is given by

dQ*
dP

dM*(t)  u(@) PG+ (1.2) _ | )
M*(t—) _G(I)dW(t) - /ﬂ;a<oz(G(t, DU z) 1>N(dt’ a2).

Fr=M*(t), 0<t<T,

Proof (a) The result can be proved by following the reasoning from Theorem 11.1.1.

(b) By Theorem 11.1.1 there exist unique solutions (Y?, ZP UP),
(Y%, 2% U% e S®(R) x H*(R) x H3 (R) to the BSDEs (11.22). Substituting the
dynamics of ¥* and Y? into (11.24) and introducing new control processes 2 =
7P — 7% and % = U®, we can show that the indifference price process % satisfies
the BSDE (11.25). We prove the representation of % Let M* = (M*(t),0<t <T)
be given by the dynamics

dM*(t) wu(t) / <e“(G(l,Z)+%(hz)) 1 ) .
TN —1)Ndt,dz), (11.27
s BT R A VT 7 s R A

with M™*(0) = 1. Notice that the function ¢(y) = e‘)—y_l — 1 is continuous, with

¢(0) = 0, and satisfies |p(y)| < e’ +1, ¢(y) > —1, y € R. These properties of
@ together with boundedness of %, G and % yield that M* is a positive, square in-
tegrable martingale, see Proposition 2.5.1. Hence, we conclude that Q* is an equiv-
alent probability measure. Moreover, the measure Q* is an equivalent martingale
measure since the process S is a Q*-martingale. We change the measure in (11.25)
and the Girsanov’s theorem yields the BSDE
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T
Y()=F +/ (H(S) + / G (s, 2)(1+x"(s,2)) QCs, dZ)n(S))dS
t R

T T
—f ,,@”’(s)dw@*(s)—f /%(s,z)NQ*(ds,dz), 0<t<T,
t t R
(11.28)

where
e?(G(s.0)+% (s,2) _ 1

a(G(s.2)+U(s.2)

k*(s,z) = 1, (s,2)€[0,T]xR. (11.29)

We deduce that the stochastic integrals in (11.28) are Q*-martingales, see (3.25)-
(3.26). Taking the expected value, we obtain the representation

r T
2 (1) = EC F+/ (H(S)Jr/G(s,z)(l+/<*(s,z))Q(s,dz)n(S)>dSI%}
L t R

r T
=EY F—i—/ <H(s)+/ G(s,z)zv(ds,dz)>ds|%},
L t R

T
=EY / dP(s)L%], 0<t<T, (11.30)
t

where we use the fact that (1 4+ «*(s, 2)) Q(s, dz)n(s)ds is the compensator of the
random measure N under Q*. O

The indifference price process of the insurance payment process P solves the
non-linear BSDE (11.25). Notice that the BSDE (11.25) has a Lipschitz genera-
tor as U is bounded. Representation (11.26) shows that the indifference price % is
arbitrage-free. The pricing measure Q* results from solving the optimization prob-
lem (11.23). The unsystematic insurance risk is priced under Q* and the insurance
risk premium is given by (11.29). Notice that the pricing measure Q* depends on the
financial market, the insurance payment process and the risk aversion coefficient «.

We can derive the indifference hedging strategy.

Proposition 11.2.1 Under the assumptions of Theorem 11.2.1 the indifference
hedging strategy for the payment process P takes the form

—g(t), 0<r<T. (11.31)
o(t)

Following Ankirchner et al. (2010) and Becherer (2006), we call the process

7 P 0
IT*(t) = % = % the indifference hedging strategy. The process IT* rep-
resents the change in the optimal investment strategy 7 *, for an insurer who aims
to maximize the expected utility of the terminal wealth, resulting from selling the

payment process P and hedging the claims. Since ¢ is an arbitrage-free price of

T*(t) =
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the liability P and % is the control process of the BSDE for %, we conclude that
the investment strategy IT* is a delta hedging strategy, see Sect. 9.2. From (11.27),
(11.28) and (11.31) we deduce that the indifference price process satisfies the dy-
namics

t
Z(t)=%(0) +/0 T (s) (u(s) + o (s)dW(s)) — P(1)

!
+/ /(%(s,z)+G(s,z))1§f@*(ds,dz)
0 JR

B Lo dS(s)

t
+/ /(@/(s,z)+G(s,z))1\7@*(ds,dz), 0<r<T.
0 JR

The strategy IT* can be interpreted as the amount of wealth which should be in-
vested in the stock S and the integral with respect to the random measure can be
interpreted as the cash inflows/outflows, over the gains from the self-financing hedg-
ing strategy IT*, which are needed to match the optimal investment portfolio X ’
with the market-consistent value of the liability &%

Example 11.1 We consider the classical Black-Scholes model with constant co-
efficients @, o and a non-life insurer who has a stop-loss contract on aggregate
claims J. We are interested in pricing and hedging the claim F = J(T) A K =
J(T) — (J(T) — K)™ where J is a compound Poisson process with intensity A and
jump size distribution g defined on a positive support. In order to find the indiffer-
ence price process of the claim F, we have to solve the BSDE

Yt)=J(T)ANK

T > 1 g
+/ (—Eg(s) + / —((e e —1) =%, Z))M(dZ))ds
, o 0o «

T T 00
—/ ff(s)dW(s)—/ / U(s,z)N(ds,dz), 0<t<T. (11.32)
t t 0

Clearly, we can set 2 (t) =0,0 <t < T. By Proposition 11.2.1 the optimal hedging
strategy for the claim F is IT*(r) =0, 0 <t < T. This strategy agrees with our
intuition since the claim is independent of the financial market and it cannot be
hedged by investment into the stock. At the same time, from Theorem 11.1.1 we can
conclude that the optimal investment strategy for an insurer who faces the claim F
and maximizes the expected exponential utility from his terminal wealth is 7*(t) =
#, 0 <t < T. By Proposition 3.4.3 the solution to the BSDE (11.32) is of the
form

1
Y (t)=—E[VDNN 2] 0<r<T,
(04
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1
Ut,2)=—In(1+U(t,20e*?), 0<1<T, z€(0,00),
o

where U is derived from the predictable representation

T
ea(J(T)AK):E[ea(J(T)AK)]+/ /OOU(z,Z)N(dt,dz).
0o Jo

Let ¢ : [0, T] x [0, 00) — R denote a measurable function such that
o(t, J)) =E[e*V D172 0<r<T.

Applying the Malliavin calculus, Propositions 2.6.4 and 2.6.6 and Theorem 3.5.2,
we get the formula

T poo
2V MINK) — ploat(NK)] +/ / (p(t. J(t=) +2) — o(t, J(t=))N(dt, d2),
0 Jo

and the solution to the BSDE (11.32) is now completely characterized. By Theo-
rem 11.2.1 we can also establish the representation

21)=EY[J(T)AKI|F]], 0<1<T,

where the equivalent probability measure Q* is defined by the Radon-Nikodym
derivative with the kernel

eoz?/(z,z) -1

K*(I,Z)Zm—l, 0<t<T, z€(0,00).
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Chapter 12
Pricing and Hedging Under a Least Favorable
Measure

Abstract We consider two optimization problems which take into account the un-
certainty about the true probability (martingale) measure. First, we investigate pric-
ing and hedging under model ambiguity. We find the hedging strategy which min-
imizes the expected terminal shortfall under a least favorable probability measure
specifying the probability model for the risk factors and we set the price which off-
sets this worst shortfall. Next, we deal with no-good-deal pricing. We price the in-
surance payment process with a least favorable martingale measure under a Sharpe
ratio constraint which excludes prices leading to extraordinarily high gains. Both
pricing and hedging objectives lead to the same solution. We characterize the price
and the hedging strategy by a nonlinear BSDE.

In this chapter we solve two optimization problems which take into account the
uncertainty about the true probability (martingale) measure. We investigate pricing
and hedging under model ambiguity and we deal with no-good-deal pricing. Both
objectives have strong theoretical and practical justifications. In both cases the goal
is to derive a price and a hedging strategy by optimizing the expectation of a pay-
off over a set of equivalent probability (martingale) measures. The least favorable
measure is found and used for pricing and hedging. The connection between the ob-
jectives considered in this chapter and pricing and hedging under the instantaneous
mean-variance risk measure considered in Sect. 10.4 is given.

12.1 Pricing and Hedging Under Model Ambiguity

In previous chapters we assumed that we know the true real-world probability mea-
sure (the true probability law) or we know the true parameters of the combined
financial and insurance model. In real applications the true probabilities or the true
values of parameters are uncertain and we face so-called model ambiguity.

We consider the financial model (7.1)—(7.2) and the insurance payment process
(7.3). We assume that the process J is a point process and, consequently, the jump
measure N of the point process J has the compensator o (dt, {1}) = n(t)dt. We
allow for model ambiguity or Knightian uncertainty, see Chen and Epstein (2002).
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We introduce the set of equivalent probability measures

) d )
2° :{Q~]P>, d%‘%:Mé(t), Ogth},

IV (12.1)

M:(t—)

=y (OdW () + ¢ OdB1) +kON@n), M) =1,
where ¥, ¢ and « are predictable processes such that

v + 6O + |« n0) < [LOf <K, «@)>—1, 0<i<T,

and L is a predictable process. The purpose of the set 2° is to represent different
beliefs (different assumptions) about the parameters or the probability laws of the
risk factors in our model. One way of determining the set 2* for ambiguity mod-
elling is to specify confidence sets around the estimates of the parameters and to
take for 2° the class of all measures that are consistent with these confidence sets.
Then, the process L can be interpreted as an estimation error. Alternatively, the ele-
ments of 2% can be interpreted as prior models which specify probabilities of future
scenarios for the risk factors. Then, the process L can define the range of equivalent
probabilities for every scenario.
Let us introduce the risk measure

p(&)= sup E¥[—£]. (12.2)
QE 0)s

The risk measure (12.2) measures the risk of a financial position &. We remark
that £ > O is interpreted as a profit and £ < 0 as a loss. Under (12.2) we take the
supremum of all expected shortfalls for all prior models and we are interested in the
expected shortfall under the least favorable model (the least favorable assumptions).
We apply the conditional version of the risk measure (12.2) to the discounted
surplus at time 7 (the net asset value at time 7"). We investigate the risk measures

pe(e= W r@dsxm () _ o= Sl p) g <r<T, (12.3)

where the investment portfolio X” under an admissible investment strategy w € o7
is given by (7.11). The goal is to find an admissible investment strategy = which
minimizes the risk measures p; for all ¢ € [0, T] and a price Y which makes the risk
measures vanish in the sense that

o (e_/;T r(s)a'SXTL’(T) _ e_j;T r(s)dSF) — O, 0 <t<T,

under the condition that X (#) = Y (¢). The price and the hedging strategy are given
by

Y(t) = inf { sup EQ[— (e~ s x7 (1) — X (1)
ned Qe s

— e*ﬁTr(S)dSF)|ﬁ,]}, 0<t<T.
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The hedging strategy leads to the lowest expected terminal shortfall of the assets be-
low the liabilities under the least favorable probability measure from the set of prior
models. The price offsets this expected terminal shortfall. The objective seems to
be a sound pricing and hedging objective for insurers who are forced by regulators
to carry stress-tests on model parameters and hold sufficient capital to withstand
extreme scenarios. By applying the risk measure (12.3) the insurer protects the ter-
minal net asset wealth under the scenario in which the worst model assumptions
turn out to be the true assumptions. We remark that (12.3) is an example of robust
utility optimization, see Schied (2005) and Schied (2006).
We now solve the optimization problem

T

T X

Y () =inf{ sup EQ[eft rwdup / e~ Jr rwdu g ()i
T lQeos t

T T
+f e*ffr(u)d”G(s)dJ(s)—/ e g () ((1u(s) — r(s))ds
1

t

+a(s)dW(s))|%“, 0<r<T. (12.4)
‘We deal with three BSDE:

T T
YTVOk(y = F +/ H(s)ds +/ G(s)dJ(s)
' '
T T
—/ n(s)(u(s) —r(s))ds —/ 7 (s)o (s)dW(s)
r t

T
+ / (—y™ e s—yr(s) + 27 VP )Y () + 23 VP ()¢ (s)
t

+ U™V () (s)n(s))ds

T T
—/ zf"’”"”K(s)dW(s)—/ zy" % (s)d B(s)

t t

T
_/ U™V €(s)N(ds), 0<1<T, (12.5)

t

where 7 € & and (Y, ¢, k) € 2%,

T T
Y*™*(t)=F +/ H(s)ds +/ G(s)dJ(s)
t t

T

T T
_/ rr(s)(,u,(s) —r(s))ds —/ w(s)o(s)dW(s) +[ <_Y7T,*(s—)r(s)
t t t

+ L(s)\/|z’]”"(s)|2 + |27 o))+ IU”’*(S)|2n(s))ds
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T T
—f Zf’*(s)dW(s)—f Zg’*(s)dB(s)
t t

T
—f UT™*(s)N(ds), 0<r<T, (12.6)

t

where 7 € &7, and
T T
Y**t)=F +/ H(s)ds +/ G(s)dJ(s)
t t

T
+ / (=7 6-)re) = 27 00)
t

+\/|L(s)|2 - |9(s)|2\/|Z;’*(s)|2 + |U*’*(s)|2n(s)>ds
T T

—/ ZT’*(s)dW(s)—/ Z;’*(s)dB(s)
t t

- fT U**(s)N(ds), 0<t<T. (12.7)
t
By Propositions 3.3.1 and 3.4.1 we can derive the representation
Yok 1y = BQ [ (e b O X (T - X (1)
—e KOs p) 2] 0<i<T.
where Q¥%% is induced by (/, ¢, ) € 2°.

Theorem 12.1.1 Let us assume that (C1)-(C4) from Chap. 7 hold and the jump

measure N of the step process J has the compensator v (dt, {1}) = n(t)dt. We con-

sider a predictable process L such that L(t) > 0(t) +¢, ¢ >0, and L(t) < K,

0<t<T.

(a) There exist unique solutions (Y™K Zf’w’d)"(, Z;’w’q)’x, U”"/’*‘P*"), (Y™™,
Z0*, 25 U™ e S2(R) x HA(R) x H2(R) x HX (R) to the BSDEs (12.5)
and (12.6) withw € & and (Y, ¢, k) € 2°.

(b) Forany w € & and (Y, ¢, k) € 25 we have YT vbK (1) < Yo*@),0<t<T.

(¢) Forany mw € o/ such that

LOU™ (1)
NZE O PH1Z5 0P +Um (1) P (o)
U Om@) £0} > -1, 0<t<T,

we have SUp y, 4 oye.s YV (1) =Y™*(1),0<1 < T.

Proof (a) Choose 7 € < and (¥, ¢, k) € 2°. By (3.22), (10.46) and Theorem 3.1.1
there exist unique solutions to the BSDEs (12.5) and (12.6).
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(b) Notice that the generator f of the BSDE (12.5) satisfies the property
Fyozu)— ft,y,z,u') =855 (1) (u —u')n(0),

with (Sy’z*”'”,(t) =« (@), for (t,y,z,u), (t,y,z,u’) € [0, T] x R x R x R. Recalling
the arguments from the proof of Theorem 3.2.2 that led to (3.31), we obtain

YTH(r) — YR (p)

T s
_ gV [/ o= Ji rwadu (L(s)\/|Zf’*(s)|2 4 |Z’2T’*(S)|2 + ‘Un,*(s)|2n(s)
t

= ZTT V() = 27T ($)¢(s) = U”’*(S)K(S)n(S))dSI%], 0<t=T,
(12.8)

where QV-¢-¢ is induced by (¥, ¢, k) € 2°. It is straightforward to check that the
triple

T

Vu? +w? 4+ 02y

R T (12.9)

Vu? +w? + 02y

Sv
= =1 #0},

Vu? +w? + 02y
is the solution to the optimization problem

ux + wy + vzn — max
5 5 5 5 (12.10)
x“+y +z'n<67,

and the global maximum of (12.10) is equal to §/u? + w? 4 v27. Hence, from
(12.8)—(12.10) we conclude that Y™*(r) — Y ¥-¢-¥ () > 0 for all t € [0, T] and any
med, (Y, ¢,k)e D5,

(c) Recalling (12.9), we define

L(ZT*
UMORS Wz, © YZ7*(t) # 0}
NZEOr +125* O + 10w 0 Pn()
L(OZ " (¢t
P (1) = W7 @ 1Z3*(1)#0),  (12.11)
NZE 0 +125 O + [Um o0
L()U™*
K1) = Wow U™ () #0}.

N2 0P 4125 O + 100
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The assumptions on s guarantee that (Y*,¢*,«*) € 2°. The solution
(Y”"/’*’d’*"‘*, Zf’l/’*’d)*"(*, Z;’W’d)*"(*, U”*‘”*"f’*”‘*) coincides with (Y™*, ZJIT’*,
Zg’*,U”’*) by uniqueness of solution to (12.5). Hence, we conclude that
SUP(y.puyeas YTV B (1) = YTV 97 (1) = Y™¥(1) for all ¢ € [0, T] and any
7 € 4. Since Sup(y 4 )es YTV8K (1) < YT*(¢) by item (b), the assertion of
item (c) can be immediately deduced. U

We remark that the assumption on 7 from item (c) guarantees that the inequality
k(t) > —1 is strict in the optimum. Without this assumption, the least favorable
measure cannot be found in the set 2°.

Theorem 12.1.2 Let us assume that (C1)—(C4) from Chap. 7 hold and the jump

measure N of the step process J has the compensator ¥ (dt, {1}) = n(t)dt. We con-

sider a predictable process L such that L(t) > 0(t) +¢, ¢ >0, and L(t) < K,

0<tr<T.

(a) There exist unique solutions (Y™*, Z{"*, Z7"* , U™*), (Y**, Z{"*, Z3*, U**) €
S2(R) x H2(R) x H2(R) x H3, (R) to the BSDEs (12.6) and (12.7) with v € </ .

(b) Define the class of admissible strategies </* which consists of strategies w :=
(m(@),0<t <T) suchthat w € &/ and

L(HU™*(t)
JIZ @ = o R +123 O + Um0 Py ()

H{U™*()m(1) #0} > —1,

0<t<T,
L(HU**(t)
12170 =m0 @R +1Z3* @ + U0 2n(r)

HUS*(t)n(1) #0} > —1,

0<t<T.

For any m € o/° we have Y™ *(t) > Y**(),0<t <T.

(c) Let Y denote the optimal value function of the optimization problem (12.4) un-
der the new set of admissible strategies </°. If U**(t) > 0 or |L(t)|> < n(t) +
10(1)|? on the set {n(t) > 0},0 <t < T, then infc s YO5(1) = Y**(1) = Y (1),
0 <t < T, and the optimal admissible hedging strategy w* € </° takes the form

* _ 1 *,% |0(t)|2 *,% 2 % 2
w (’)_%(zl (1) + m\/vz O]+ |U**®)] n(t)>,
0<t<T. (12.12)

Proof (a) Choose 7w € <. By (3.22), (10.46) and Theorem 3.1.1 there exist unique
solutions to the BSDEs (12.6) and (12.7).
(b) We introduce the process

2P0 =27*0) +no(r), 0<t=<T, (12.13)
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and we get the BSDE

T
Y™*@t)=F +f (—Y”’*(s—)r(s) + H(s)ds + G(s)dJ(s) — n(s)(,u,(s) — r(s))
t

+ L(s)\/|2f’*(s) - n(s)a(s)|2 + |Z721’*(s)|2 + |U”’*(s)|2n(s))ds

_ /T 2?’*(s)dW(s) - /T Z3*(s)dB(s) — /T U™*(s)N (ds),
1 ! !
0<r<T. (12.14)
Notice that the generator f of the BSDE (12.14) satisfies the property
F(e. Y55 @0), ZY(0), 23" (0), U™ (1)) — f (6. Y55 (1), Z7 (1), 237 (1), US* (1))
= §V AU (1 (U (1) — URF(0))n@), 0<t<T,

where

8Y*’*’Zl ’ZZ »Un*aU**(t)

- L(t)(\/‘ZT’*(I) —x(e O]’ + |25 O] + Um0

- \/|ZT’*(I) —xo )|’ + |23 0] + |U*’*(t)|2n(t))
/(U @) = U @)n0){ (U™ (1) = U 0)n(0) #0}, 0<r<T.

From the Lipschitz property (10.46) and boundedness of L we deduce that the map-

. N *, % K,k ) N . .
ping t — |8Y* L2y 2y U Ut *(t)lzn(t) is uniformly bounded. We also have
R PR R 3
8Y**’Zl ’ZZ ,Un*,U**(t)

=L@ (U™* 1)+ U™ (1))

/(\/|ZT’*<t) — o+ |25 O + Um0

+ \/IZT’*(t) —xWo |+ |20 + ’U***(t)‘zn(t))
A (UTH@) = U (0)n (@) # 0}
T L(O)U™*(1)
JIZ1 @ = n 0o 0R +1257 O + U+ () 21 ()

(U @) = U (0)n (@) #0}
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) LU (1)
\/IZT’*(t) — (Do ()2 + 123 @) P + [U**(0)[2n(1)

+(1-a”

A{(UTH@) = U (0)n() #0),

where

o = \/|zj‘~*(t) - n(t)a(t)|2 + |Z;‘~*(t)|2 + |U”’*(t)|2r)(t)

/(\/|z’{’*(z) —xo )| + |22 O + Um0 0

1z 0 - rwo + |z o + !U***(t)IZn(t))
{(U™* (1) = US* ()0 (1) # 0},

%

and o € [0, 1]. We can conclude that SY*'*’Zl'*’Z;*’Uﬂ'**u*’*(t) >—-1,0<t<T,
for any admissible strategy 7 € <7°. Recalling the arguments from the proof of
Theorem 3.2.2 that led to (3.31), we obtain
Yo — Y™ (1)
T s
=1EQU e lroa(fiLw P~ (o125 + | o))
t

— Z7H(9)0(s) + 7 (s) (1 (s) — 7 (5))

— LW |2 ) — n o + |2 6 + |U*v*(s)|2n(s)>ds|<%},
0<t<T, (12.15)

under some measure Q. We now introduce the function

or) =1L 0P|+ e P 10

te =) = Ly [e}" o+ [ + |

By classical differential calculus we can find the global maximum of ¢ and we can
show that ¢(;r) < 0. Hence, from (12.15) we conclude that Y**(¢) — Y™*() <0
forall € [0, T] and any 7 € &7.

(c) It is easy to show that ¢ (r*) = 0 for 7* defined in (12.12). We have to check
the admissibility of the candidate strategy 7 *. Predictability and the square integra-
bility of r* are obvious. It is also clear that there exists an adapted, cadlag solution
X" to (7.11). Hence, n* € 7. By uniqueness of solution to (12.14) the solution
(Y™x, 2T 7T YT coincides with (Y, Z*, Z3* U**). From (12.12)
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we can now derive

101

m\/|2;*(t)|2+ |U=*0)[*n@0), 0<i<T,

ZH ) - (1)o (1) =

and, consequently, 7* € .o7* if
LOU™ (1)
\/ 1Z15 (1) — ()0 (D2 + | Z3* (O + [UT*(0) (1)
_ L(HU**(t)
- JIZE 0 =00 R +125 O +1U*(0)Pn(r)
 VILOP = 10@0PU** (1)

JZ3* @r + =P

U™ *0)n () #0)

HU™* () #0}

HU *n@) #0} > -1, 0<t<T,

which holds if U**(¢) > 0 or |L(z‘)|2 <n@) + |0(z‘)|2 on the set {n(z) > 0}. We
can conclude that Y**(r) = Y™ *(t) > infyc s Y™*(¢) for all ¢ € [0, T]. Since
Y**(t) <inf, ¢ Y7 *(¢) by item (b), the assertion of item (c) can be deduced. [J

The additional constraints on the set of admissible strategies allow us to apply the
comparison principle in the proof of Theorem 12.1.2 and we succeed in obtaining
the optimal solution. We point out that the additional constraints are essential for
deriving the arbitrage-free price (12.4) which satisfies the comparison principle (the
property of monotonicity with respect to the claim and the Sharpe ratio).

Notice that the assumptions: 6(t) + & < L(t) and |L(t)|> < n(t) + |0(1)|* on
the set {n(¢#) > 0} may hold only if 7(¢) > ¢ > 0 on the set {n(¢) > 0}. We remark
that it is reasonable to assume that there exists a positive lower bound on the claim
intensity, e.g. despite improvements in mortality, it is reasonable to assume that
there exists a natural limit in these improvements and the mortality intensity process
should be bounded away from zero. If 8(¢) + & < L(t) < /n(t), then o&/* = 7.

Theorem 12.1.2 shows that the price process and the optimal hedging strategy,
which are derived under the ambiguity risk minimization (12.4), can be charac-
terized with the solution to the nonlinear BSDE (12.7). The price process Y™™* is
arbitrage-free. From (12.7) we get

T T
Y**t)=F —I—/ H(s)ds —I—/ G(s)dJ(s)
t t

T
+f (—Y*’*(s—)r(S)—ZT’*(S)G(S)
t

4 VLG - o) z5 o)

+
JIZ5 5 © R + U6 Pnes)
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U**(s) IL(s)|” — |9(s)|2U*’*(s)n(S)>dS

+
J1Z3 ©R +1U=()n(s)
T

T
—/ ZT’*(s)dW(s)—/ Z3*(s)d B(s)
t t

T
- / U**(s)N(ds), 0<t<T,
t
and by the Girsanov’s theorem we obtain the representation
* r S
Y**(t) = E© [/ e )i ’(“)d“dP(s)|ﬂ,}, 0<t<T, (12.16)
t

where the equivalent martingale measure Q* is given by

d k
d% Fr=M*(t), 0<r<T,

dM*(1) VA0
M) =—0()dW(r) + 2 |L(t)|2— |9(t)|de(t)

123 O + U= 0)2n(r)

U**(1) |L(t)|2 _ |9(t)|21\7(dt). (12.17)

+
JIZ5 @R +1U=@Pn()

Since we assume that U**(r) > 0 or |L(t)|* < n(t) + |6(r)|?, the process given
by (12.17) is a positive martingale and it defines an equivalent martingale measure.
We can also prove that Y** satisfies the comparison principle and the property of
monotonicity with respect to the claim, see Delong (2012a). The systematic and
unsystematic insurance risks are priced under Q* and the insurance risk premiums
can be deduced from (12.17). The pricing measure Q* depends on the financial
market, the insurance payment process and the control process L. Since Y™** is an
arbitrage-free price of the liability and Z** is the control process of the BSDE for
Y, we conclude that the optimal hedging strategy (12.12) is a delta hedging strategy
with a correction term.

Recall now the hedging strategy (10.43) and the price (10.44) derived under the
instantaneous mean-variance risk measure. There are obvious similarities between
the results from Sect. 10.4 and the results of this chapter. This should not mislead us.
We point out that the price process (10.44), which is obtained under the assumptions
of Theorem 10.4.1, may give rise to arbitrage opportunities, see Example 10.3. This
is never the case for the price process (12.7), which is obtained under the assump-
tions of Theorems 12.1.1 and 12.1.2. The stronger assumptions of Theorems 12.1.1
and 12.1.2 exclude those cases of (10.44) which lead to arbitrage prices, see Exam-
ples 10.3 and 10.4.

We conclude that there is an equivalence between arbitrage-free pricing and
hedging under the instantaneous mean-variance risk measure and pricing and hedg-
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ing under the ambiguous risk measure, which, by construction, always leads to an
arbitrage-free price. Such an equivalence is beneficial for applications and interpre-
tations. Firstly, it is straightforward to justify that L(z) > 6(¢) + ¢ as the process L
can be related to the Sharpe ratio of the surplus process. Secondly, from (10.43) and
(10.56) we deduce that the correction term in the hedging strategy (10.43) or (12.12)
arises if the insurer applies the mean-variance risk measure instead of the variance
risk measure.

Example of pricing and hedging under model ambiguity are given in Exam-
ples 10.3 and 10.4.

12.2 No-Good-Deal Pricing

In the arbitrage-free financial and insurance model the payment process P should be
priced by the expectation EQ[ fOT e "'d P(¢)] under an equivalent martingale mea-
sure Q € 2™, see Sect. 9.1. Since the set of equivalent martingale measures 2™
is not a singleton, the first idea is to consider supge gn ]EQ[foT e ""d P (1)]. Such a
superhedging price is too high for practical applications, gives rise to arbitrage op-
portunities and cannot be used for pricing, see Sect. 9.3. The second idea is to con-
sider supge o/ EQ[ fOT e "'dP(t)] where 2’ C 2™. In order to apply such a price,
the form of the subset .2’ of the set of equivalent martingale measures 2™ should
be specified and justified. In this chapter we present a financial motivation for con-
sidering a particular subset of 2™ and we find the arbitrage-free price under the
least favorable martingale measure from this subset.

We investigate the insurance payment process (7.3). We assume that the pro-
cess J is a point process and, consequently, the jump measure N of the point pro-
cess J has the compensator 9 (dt, {1}) = n(¢)dt. From Propositions 3.3.1 and 3.4.1
we can conclude that an arbitrage-free price Y of the payment process P must sat-
isfy the BSDE

T T
Y() = F—i—/ H(s)ds—i—/ G(s)dJ(s)
t t
T
+/ (=Y (s=)r(s) = Z1()0(s) + Za () (s) + U () (s)n(s))ds
t
T T
—/ ZI(S)dW(S)—/ Zy(s)dB(s)
t t

T
—/ U(s)N(ds), 0<t<T, (12.18)
t

where ¢ and « denote the insurance risk premiums and (¢, ) € 2". We aim to
constrain the possible values of (¢, k) € 2™ in a financially sensible way. A rea-
sonable constraint on the risk premiums can be derived by referring to the theory of
no-good-deal pricing.
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Sharpe ratios are often used to characterize investment opportunities. An invest-
ment opportunity with an extraordinarily high Sharpe ratio is called a good deal
and the theory of finance argues that good deals cannot survive in competitive mar-
kets, see Cochrane and Sad-Requejo (2000) and Bjork and Slinko (2006). Empirical
studies also support the fact that Sharpe ratios of investment opportunities in com-
petitive markets take restricted range of values, see Lo (2002). These arguments lay
the foundation for no-good-deal pricing.

We assume that the stock and the insurance contract are traded in the market.
We remark that market-consistent valuation of insurance liabilities assumes that in-
surance obligations can be transferred between parties, see V.2.—V.3. in European
Commission QIS5 (2010). The insurer has two risky opportunities: he can invest in
the risky stock or he can sell the risky insurance payment process, collect a premium
and back the liability with the risk-free investment in the bank account. We define
the instantaneous Sharpe ratios of the investment in the stock S and the investment
in the insurance contract Y:

E[dS(t) — Str(t)dt|.F,_1/dt
VEIIS. S\ F-1jdr

Eld.Z(t) — L @—)r@)dt|F,_]/dt

VELS, L1 F,_1d1

_ E[—dY (1) + Y (t—)r(t)dt|F;_/dt

B VEW[Y, Y]()|Z,_]dt

_ —Zi00() + Za () (1) + U0k (D)n(1)

 VIZIOPF 10O IUOP0

Sharpe Ratio, (S) =

0(@), 0=<r<T,

Sharpe Ratio, (Y) =

_t<T,

where we use the Sharpe ratio of the surplus . which is earned by the insurer who
takes the short position in the insurance contract and the long position in the bank
account, see (10.41) and (10.42). By the Schwarz inequality we get

|=Z1(1)0 () + Zo ()¢ (1) + U () (1)n (1)

<1210 + |20 + v Proy oo + 60 + [« o),
(12.19)

which yields the inequality

Sharpe Ratio, (V)| </ |6@)[> + [6()]* + [« )P, 0<1<T.

The goal is to find a least favorable martingale measure for pricing the insurance
payment process under the constraint that the Sharpe ratio of the insurance contract
is within the no-good-deal range given by the market. In order to guarantee that
in the combined financial and insurance market the instantaneous Sharpe ratios are
bounded by a process L, which itself should be bounded to exclude good deals, we
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have to introduce the constraint
O] + 6O + [c@'n0) < |[LO <K, 0<t<T. (12.20)

The bound L for the Sharpe ratio of the insurance contract should be greater than
0 since the risk premium 6 can be earned by investing in the stock. The insurance
contract carries an additional risk and the risk premium for the insurance contract
has to be strictly above 6. Hence, we should consider L(t) > 6(¢) + &, ¢ > 0.

We now define the no-good-deal price of the insurance payment process P. We
choose a process L which represents the bound on possible gains in the market mea-
sured by instantaneous Sharpe ratios. We introduce the set of equivalent martingale
measures

d
27 = 1Q~P, @‘ﬁz=M”gd(t), 0<t<Tt,
dp
AMNO g aw dB N, m™0)=1, (1221
Mrsd(—) (AW (1) + ¢ (1)dB(1) + k (t)N (d1), O =1, 12.21)
where ¢ and « are predictable processes such that

6O + | n@)dr < [LO] =00,

k(t)>—1, 0<t<T.

The no-good-deal price is defined by

T

T s

Y(t)= sup EQ[e_ft ’(S)"SF+/ e~ A G ()q 1 (s)
Qegnga’ t

T S
+/ e~ r(”)d”H(s)ds|ﬁt}, 0<r<T. (12.22)
t

We price the insurance payment process with a least favorable martingale measure
under the Sharpe ratio constraint which excludes too good prices leading to extraor-
dinarily high gains. The constraint (12.20) has a financial justification and leads to
the well-defined optimization problem (12.22).

Following the steps from the proofs of Theorems 12.1.1 and 12.1.2, we can derive
the no-good-deal price.

Theorem 12.2.1 Let us assume that (C1)—(C4) from Chap. 7 hold and the jump
measure N of the step process J has the compensator v (dt, {1}) = n(t)dt. We con-
sider a predictable process L such that L(t) > 0(t) + ¢, ¢ >0, and L(t) < K,
0 <t <T. Let us investigate the BSDE

T T T
Y(@t) = F—i—/ H(s)ds—i—/ G(s)N(ds)—i—/ (—Y(s—)r(s)—Zl(s)Q(s)
t t t

T
+ \/|L(s)|2 - |9(S)|2\/|ZQ(S)|2 + |U(s)|2r/(s)>ds - / Z1()dW (s)
t
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T T
—/ Z>(s)dB(s) —f U(s)N(ds), 0<t<T. (12.23)
t t

IFU@t) >0 or IL@t)|> < n(t) + 16(t)|? on the set {n(t) >0}, 0 <t <T, then the
no-good-deal price process (12.22) is the unique solution to the BSDE (12.23). The
no-good-deal price process has the representation

T s
Y(z):IE@*U e—fr‘”“)d"dp(s)@,], 0<t<T,
t

where the least favorable martingale measure Q* is given by
dQ*
dp

dM*(@) Z>(1) \/ﬁ
M*(t—) =—0@)dW(t)+ ’L([)| ’90)| dB(1)

VIZo (O + 1UD12()

vo VILOP =60 N ).

VIZo0) 2+ U (0) 20 ()

Fr=M"(t), 0<t<T,

The no-good-deal price (12.23) coincides with the price (12.7) derived in Theo-
rem 12.1.2 under the ambiguity risk minimization.

Bibliographical Notes  This chapter presents the results from Delong (2012a).
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and Sad-Requejo (2000) introduced the theory of no-good-deal pricing into the fi-
nancial literature, and Bjork and Slinko (2006) were the first to investigate a Lévy-
driven asset model. Robust pricing and no-good-deal pricing in insurance is also
investigated by Pelsser (2011). Utility maximization and optimal investment and
consumption problems under model ambiguity in a jump-diffusion financial mar-
ket consisting of assets modelled with It6-Lévy processes are studied by @ksendal
and Sulem (2011), @Bksendal and Sulem (2012) and Laeven and Stadje (2012). We
remark that the min-max problem (12.4) is an example of a stochastic differential
game in which two players choose strategies, the first player wishes to minimize
a pay-off and the second player wishes to maximize the same pay-off. Stochastic
differential games and related BSDEs are considered in Hamadéne and Lepeltier
(1995), El Karoui and Hamadéne (2003), @ksendal and Sulem (2011), @ksendal
and Sulem (2012).



Chapter 13
Dynamic Risk Measures

Abstract We investigate dynamic risk measures which describe the riskiness of
financial positions taken by investors. We deal with dynamic risk measures which
are modelled by g-expectations. We study properties of dynamic risk measures and
we show that properties of dynamic risk measures are determined by the generator of
the BSDE defining the g-expectation and the risk measure. We discuss methods for
choosing the generator of a g-expectation. We also solve a problem of optimal risk
sharing between two parties and we find the optimal derivative for the risk transfer.
Properties of the prices (risk measures) derived in previous chapters are investigated.

In actuarial mathematics we can find many principles for pricing insurance risks.
Properties of these actuarial premium principles have been well studied, see Chap. 5
in Denuit et al. (2001). Since the publication by Artzner et al. (1999), the notion of
a risk measures have gained importance in financial and insurance mathematics.
A risk measure provides a general description of the riskiness of a financial position
taken by an investor.

Quantifying the risk of financial positions is the key task of risk management.
Financial practice indicates that an operator used for quantifying the risk should
be nonlinear. It is straightforward to notice that only a nonlinear risk measure can
reflect a diversification effect. Static risk measures, which quantify the risk of a
financial position over a specified period of time, provide useful information for
risk management. However, we should be more interested in dynamic risk mea-
sures which can quantify the riskiness of a financial position continuously during a
specified period of time. Since the information about the future liability arrives con-
tinuously in time, the investor should continuously update the capital requirement
for the liability. In this chapter we investigate dynamic risk measures modelled by
g-expectations. We study properties of dynamic risk measures and discuss methods
for choosing the generator of a g-expectation. We also solve a problem of optimal
risk sharing between two parties.

13.1 Dynamic Risk Measures by g-Expectations

Let & represent a financial position taken by an investor. By a financial position
we mean the terminal value of an investment portfolio or the terminal net asset

L. Delong, Backward Stochastic Differential Equations with Jumps and Their Actuarial 235
and Financial Applications, EAA Series, DOI 10.1007/978-1-4471-5331-3_13,
© Springer-Verlag London 2013
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value of an insurance company (the terminal surplus). A positive value & > 0 is
interpreted as a profit and a negative value & < 0 as a loss. The goal is to summarize
the information about the riskiness of the financial position £ in a single number. A
risk measures p(£) is used for that purpose. We give a definition of a dynamic risk
measure.

Definition 13.1.1 A family (p/)o<;<7 of mappings p; : LZ(Q, Fr,P;R) —
L2(£2, .%;,P; R) such that pr (&) = —& is called a dynamic risk measure.

The measure p; (&) quantifies at time ¢ the risk of the position & which is going to
be liquidated (or reported at a balance sheet) at time 7. It is clear that the risk of the
terminal pay-off & should be consistently quantified during the time period [0, T'].
The risk § is called acceptable at time ¢ if p;(§) <O0.

A reasonable risk measure should satisfy properties which agree with financial
practice and views of investors. We introduce the key properties (sometimes called
the axioms of risk measures) which should be satisfied by a risk measure:

o Convexity

pr(cg1 + (1 — 0)&) < cpr(E) + (1 — o) pr (&),
0<t<T, ce(0,1), &,& L2, Zr,P; R).

Monotonicity
28 = p@)=pE), 0<1=<T, & &el’(2, Fr,P;R).
e Cash invariance
p(c)=—c, 0=<t<T, ceR.
e Translation invariance

pi1+8) =p(61) — &,
0<t<T, & el*(2, Zr,P;R), & e L*(2, %, P;R).

e Sub-linearity: sub-additivity and positively homogeneity

pr&1+&) < pi61) + pi(62), pr(cE) =cpr(§),
0<t<T, c>0, &,&,clX(2, Zr,P;R).

o Time-consistency
ps(€)=ps(—pi(§)), 0<s<t=<T, &.&5el*2 Fr.P;R).

All these properties have their financial interpretations, see Goovaerts et al.
(2003) for the actuarial point of view. The convexity implies that diversification
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through “weighted” sums of positions (portfolios) reduces the risk. Let A denote a
fraction of the wealth invested in &;. Given the total wealth available, it is better to
pool two portfolios and diversify the wealth between &; and &;. The monotonicity
reflects the common rule that a position is less risky if it yields a higher pay-off
in all scenarios. The cash invariance means that the riskiness of a constant pay-off
is equal to the opposite of that pay-off. In order to protect the loss c, the insurer
has to keep the reserve in the amount of c. The translation invariance implies that
the riskiness of a position is only affected by the uncertainty of this position and
additive components that are determined by the current information are treated as
constant pay-offs. The translation invariance allows for the interpretation of p;(§)
as the amount of money which makes the position & acceptable. Indeed, we have

(€ 4 pr(§)) = pr () — pr(§) =0.

Consequently, a risk measure is also called a capital requirement. The sub-linearity
again encourages diversification: the riskiness of two combined portfolios is smaller
than the riskiness of two separate portfolios. The positive homogeneity arises since
the riskiness of a liquid position should be proportional to the volume of the risk
taken. The property of positive homogeneity assumes that there is no liquidity risk
in the market. The time-consistency implies that in order to quantify the risk of a
position at time s, we can first quantify the risk of the position at an intermediate
point of time ¢ > s and next quantify the risk from time 7 to time s.

Notice that the cash invariance excludes the time value of money. The time-value
of money is a celebrated property in finance. The minimal requirement which allows
for the time-value of money is a cash sub-additivity, see El Karoui and Ravanelli
(2009). We introduce the property

e Cash sub-additivity
the mapping ¢ — p;(§ + ¢) + c is non-decreasingon R, 0<¢r <T, &€ }LZ(R).

The cash sub-additivity yields p;(§ + ¢) > p;(§) — ¢ for ¢ > 0, which means that if
c units are added as a profit at time T, then the capital reserve for the new position
is reduced by less than ¢ units. We also have p;(§ — ¢) < p;(&) + ¢ for ¢ > 0, which
means that if ¢ units are added as a liability at time 7', then the capital reserve for
the new position is increased by less than ¢ units.

We define two important families of risk measures, see Artzner et al. (1999) and
Follmer and Schied (2002).

Definition 13.1.2 A dynamic risk measure p := (o;)o<;<r 18 called

(i) coherent: if it is monotone, translation invariant and sub-linear,
(i) convex: ifitis convex and p;(0) =0,0<zr<T.

Since g-expectations are useful for modelling filtration-consistent nonlinear ex-
pectations, we can use g-expectations to model dynamic risk measures. It is clear
that the generator of the g-expectation determines properties of the dynamic risk
measure.
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Proposition 13.1.1 Let &, be a g-expectation and set p;(§) = Eg[—£|F:], 0 <
t <T. Then p is a monotone, time-consistent dynamic risk measure. In addition,

(a) if g is sublinear in (z,u) and independent of y, then p is a coherent dynamic
risk measure.
(b) if g is convex in (y, z, u), then p is a convex dynamic risk measure.

Proof The results follow from Theorem 6.2.1 and Proposition 6.2.3. 0

Proposition 13.1.2 Let &, be a g-expectation and set p;(§) = Eg[—£|F:], 0 <
t<T.If yr g(w,t,y,z,u) is non-increasing a.s. for all (t,z,u) € [0,T] x R x
LZQ, then p is a cash sub-additive dynamic risk measure.

Proof Consider the BSDE

T
Yo =—¢+ / (s, Y5(5), Z5(5), U (9))ds
t

T T
—/ Zg(s)dW(s)—/ /Ug(s,z)ﬁ(ds,dz), 0<t<T, (13.1)
t t R

which describes the evolution of the risk measure p;(£) = Y(r). Notice that
YEC(t) = pi(E + ¢) + ¢ = YT 4 ¢ satisfies the BSDE

T T
Yé"'(t):—é—f—/ g(s, Y5 (s) —c, ZS’”(S),US’C(S))ds—/ Z5C(s)dW (s)
t

t
T ~
—/ /UE’C(S,Z)N(ds,dz), 0<r<T. (13.2)
t R

The comparison principle yields
Y5 () > Y52(r), 0<1<T, ¢ >c. O
Notice that the generator of a BSDE defining a cash sub-additive risk measure
depends on the current level of the risk measure, which is never the case for a transla-

tion invariant (and coherent) risk measure, see Proposition 13.1.1 and Theorems 3.1
and 3.2 in Jiang (2008).

Example 13.1 Let us give examples of well-known dynamic risk measures which
can be derived from g-expectations. We consider the Brownian filtration .Z" . In
finance we often use the following risk measures:

T
e The linear expectation p; (§) = EQ[—e™ Ji als)ds g L%W] can derived from the lin-
ear BSDE
T T
Y()=-§& +/ (—a(s)Y(s) + ,B(S)Z(s))ds —/ Z(s)dWw(s), 0<t<T,
t t
(13.3)
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where % — oo B&AWE)=5 f) IBOIPds and B is an .Z W -predictable, bounded
process,
o The ambiguous risk measure p;(§) = supge 2 EQ[—S L?tw] where 2 ={Q ~P:

49 _ olo $@AWW =3 [ 10IPds - is FW _predictable, |¢(1)] < B(t) < K} can
be derived from the nonlinear BSDE

T T
Y(t)=—$+/ ,3(s)|Z(s)|ds—/ Z($)dW(s), 0<t<T, (13.4)
t t

e The entropic risk measure p;(§) = LInE[e P L%W] can be derived from the
nonlinear BSDE

T T
Yt)=—€+ %/ ﬂ|Z(s)|2ds — / Z()dW(s), 0<t<T. (13.5)
t t

In Chaps. 9—-12 we derived prices of the insurance payment process under various
objectives. We can view these prices as examples of g-expectations. We remark that
prices are closely related to risk measures since a price is just the opposite of a
risk measure. We can now study properties of the g-expectations which were used
in previous chapters to price the insurance payment process. We point out that the
properties of monotonicity and time-consistency for prices should be now defined
in accordance with the pricing axioms, see Chap. 6 in Barrieu and El Karoui (2005).

Proposition 13.1.3

(a) The prices from Theorems 9.2.1 and 9.4.1 derived under perfect replication are
linear, monotone, time-consistent and cash sub-additive.

(b) The price for a bounded claim from Theorem 9.3.3 derived under superhedg-
ing is nonlinear, convex, monotone, sub-linear, time-consistent and cash sub-
additive.

(c) The prices from Theorems 10.1.1, 10.2.3 and Corollary 10.3.1 derived under
quadratic loss minimization are linear, monotone, time-consistent and cash sub-
additive.

(d) The price from Theorem 11.2.1 derived under exponential indifference pricing
is nonlinear, convex, monotone, cash invariant, translation invariant and time-
consistent.

(e) The price from Theorem 12.2.1 derived under no-good-deal pricing and the
price from Theorem 12.1.2 derived under ambiguity risk minimization is non-
linear, convex, monotone, sub-linear, time-consistent and cash sub-additive.

Proof The assertions follow from the arbitrage-free representations of the prices,
the comparison principles and Propositions 13.1.1 and 13.1.2. The time-consistency
of the superhedging price follows from Theorem 6.2 and Proposition 9.1 in Delbaen
(2006). O

We point out that BSDEs and g-expectations are also useful for modelling re-
cursive stochastic differential utilities, see Duffie and Epstein (1997), Lazrak and
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Quenez (2003), Skiadas (2003). A recursive utility extends the classical notion of
a utility by disentangling the risk aversion and the intertemporal substitutability of
preferences.

13.2 Generators of Dynamic Risk Measures

In order to define a dynamic risk measure by a BSDE, we need to specify the gen-
erator. The choice of the generator of a g-expectation is a crucial point in modelling
dynamic risk measures. We present two approaches which may be helpful in deriv-
ing the generator. Under the first approach we should specify a pricing and hedging
objective. Then, the solution of the optimization problem determines the generator
and the g-expectation. We followed this approach in Chaps. 9-12. Under the sec-
ond approach we directly specify the generator of a BSDE. To follow the second
approach, we have to be able to interpret the generator of a g-expectation.
Let us focus on the Brownian filtration and the BSDE

T T
Y(t):—E—i—/ g(s, Y(s),Z(s))ds—/ Z(s)dW(s), 0<t<T. (13.6)
t t

Heuristically, the BSDE (13.6) yields the relation
E[dY()|.%]=—g(t, Y1), Z())dt, 0<t=<T. (13.7)

From (13.7) we deduce that the coefficient g describes investors’ beliefs about the
expected infinitesimal change of the risk measure. Consequently, we can interpret g
as an instantaneous risk measure or a local preference-based pricing rule. We also
have the following relation

E[d[Y, Y1()|.F] = |Z(t)|2dt, 0<t<T, (13.8)

and we can interpret Z as an intensity of variability of the risk measure. Moreover,
by the comparison principle we can also establish the following property

g<g = EI-EIFN<EJN-EIF), 0<1<T, tcl’R),

from which we conclude that the greater the generator g is, the more conservative
the corresponding risk measure & is.

In order to define a dynamic risk measure, we can proceed as follows. First, we
choose an instantaneous risk measure g which should be justified in a financially
sensible way by referring to (13.7) and (13.8). Given the local valuation rule g, we
solve the BSDE (13.6) with the generator g to obtain a global valuation rule Y.
Such an approach to constructing dynamic risk measures and recursive utilities was
developed by Barrieu and El Karoui (2005), Rosazza Gianin (2006), El Karoui and
Ravanelli (2009) and Lazrak and Quenez (2003).
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Example 13.2 For the expectation E[—e™" Tt )E |-Z;] the instantaneous risk mea-
sure takes the form

E[dY()|.%]=rY@®)dt, 0<t<T. (13.9)

It is known that investors have to deal with interest rate ambiguity. It is easy to
modify the generator (13.9) so that it allows for interest rate ambiguity. We can
introduce the instantaneous risk measure

E[dY)I.#]= sup {r@Y(®)}d:, 0<t=<T. (13.10)
a(t)=r(D=p(0)

Under (13.10) a dynamic risk measure is locally driven by the worst case scenario
for the interest rate. Following the proof of Proposition 3.3.2, we conclude that the
local valuation rule (13.10) yields the global valuation rule

T
pE)=ess sup  E[—eh N Z] 0<r<T.
a(N=r@)=p@)

In spite of the interpretations which can be deduced from (13.7) and (13.8), it
is still difficult to come up with interpretable generators. Since the generator of a
g-expectation is interpreted as an infinitesimal risk measure, we can try to relate the
generator of a dynamic risk measure to static risk measures over short period of time.
If we succeeded in obtaining the generator as a limit of static risk measures, then
the generator could be justified by the interpretations of static risk measures and the
limiting procedure. Such a construction would be helpful since static risk measures
are well-studied and have clear interpretations. We now present the construction by
Stadje (2010).

We consider a partition 0 =1y <t} <--- <1, =T and we denote Atj;] =
tiv1 —t;. Let (B;.’) j=1,....n be a sequence of independent Bernoulli random variables
such that }P’(B;’ =1)= ]P’(B;‘ = —1) = 0.5. We introduce the random walk

i
R"(0) =0, R”(t,-):Z,/At,-B;', i=1,...,n, (13.11)
j=1

and the natural filtration F! = o (R(#1), ..., R(t;)). Let py, 4, : L2($2, ﬁ;’ﬂ , P
R) — L2($2, ﬁ,”,’, P;R), fori =0,1,...,n — 1, be one-period static risk measures
which are assumed to be monotone and translation invariant. The risk measure
Pr; 14, quantifies the risk over the period [#;, #; +1]. We define the scaled and tilted
static risk measures

. o §
pt,-,t,'+| (g) = _(1 - Atl-i—l)E[g'y[}:] + Ati—&-lpt,»,t,v“ <T] )
R Y i+
Eel2(Q, 2" P), i=01,...n—1 (13.12)

P ity
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Using the one-period risk measures py,
Ph(E") = —&"
Iotrll(gn) 21611',1‘,'+1(_p[r:+1(€n))7 i=0"”7n_ 17

for &" € L2(2, Z!,P). The risk measure pr; (") quantifies the risk of an F3-

measurable position £" at time ¢;. From the predictable representation property for

one-dimensional Bernoulli random walk we deduce that for an .7 it -measurable
,ot[+ , there exist J -measurable random variables " (¢;) and ¥" (t,) such that

i1 » we define the multi-period risk measure

o (E") =" (1) + ¥ (1) AR" (ti41).

By (13.12), the predictable representation property and the translation invariance of
Pt 14 We derive

Ap;(8") = pii,, (8") — o1 (8") = iy, (8") = P (=01, (87))
=" (t;) + ¥" () AR (tix1) — iy, (—" @) — ¥ (1) AR (1i41))

=a" () + ¥" ) AR (ti41)

Gl—~¢An+wa(ny+An+1< o () + piy i (V" M)BH4»)

VAt 41
=" (6. " @) At + Y @ AR (ti11), i=0,1,....,n—1
(13.13)

where we introduce the discrete-time generator
§"(ti,2) = pya (—2BlYy), i=0,...,n—1, zeR. (13.14)

From (13.13) we can conclude that the risk measure p;' satisfies the backward
stochastic difference equation

n—1
op(€") =—¢&"+ Zg" (17, 9" (1)) Atjq
j=i
n—1
—Zw”(tj)AR”(th), i=0,1,...,n—1. (13.15)
j=i
We set " (s) = 4" (1), p§ = o> 8" (s, ¥ (5)) =" (6, ¥" (1)), ti <5 <fig1.
We have glued the one-period static risk measures oy, 5, , and we have obtained

the multi-period, discrete-time risk measure PZ- Now, we are interested in conver-
gence to a continuous-time risk measure. We state Theorem 6.4 from Stadje (2010).

Theorem 13.2.1 Choose a partition 0 =ty <t; <--- <t, =T. Let FV be the
filtration generated by a Brownian motion and let #" be the filtration generated by
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the random walk (13.11). Let py, ,,, : L*(£2, I P R) - L2(2, ", P;R) be a

JSamily of monotone and translation invariant operators satisfying py, 1., (0) 0. We
consider the backward stochastic difference equation (13.15) with the generator g"
given by (13.14). We assume that

() " e Fr. & € F) and s" £ e L2(R),

(ii) lim, o0 E[1E" — &[]
(iii) there exists aﬁmctlon g: .Q x [0, T] x R — R such that

hm E[ sup |g"(t,z) — (t,z)|2] =0, zeR,

0<t<T

lg(t.2) —g(t.7)| <

T
E[/ |g(t,0)|2dt] <o0.
0

n Atj =0, then

(t.2),(1,2') €[0, T x R,

Iflim, oo SUP

,,,,,

T
lim E| sup |p) (& )—Y(t)|2]=0, lim E[/ |w"(t—)—Z(z)}2dr]=0,
0

n—o00 |:0<I<T n—o00

where (Y, Z) € S2(R) x H2(R) is the unique solution to the BSDE
T T
Y(t)=—$+/ g(s,Z(s))ds—/ Z(s)dW(s), 0=<r<T.
' '

As far as the approximation of £ with £” is concerned, we can rely on two possi-
bilities: we can choose £" = E[& |§¥] or in the case when £ = (W (T)) we can set
" = o(R"(T)).

Theorem 13.2.1 shows that it is possible to construct a generator g of a dynamic
risk measure by means of a discrete-time analog g" and one-period static risk mea-
sures o, 1, Whose behaviors are better-understood. It turns out that the generator
can be formally interpreted as an infinitesimal version of a static risk measure. We
point out that tilting and scaling (13.12) is necessary. Without the tilting and scal-
ing procedure the operator oy, 1, (— 0z, (§")) would blow up when more and more
time instances are taken into account, see Proposition 5.1 in Stadje (2010). Stadje
(2010) derives the generators of dynamic risk measures which correspond to the
semi-deviation pricing principle, the Value-at-Risk pricing principle, the Average-
Value-at-Risk pricing principle and the Gini pricing principle.

13.3 Optimal Risk Sharing

We investigate a problem of optimal risk sharing between two parties who value
their future risky positions with dynamic risk measures. Since Borch (1962) and
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Arrow (1963), optimal risk sharing problems have become classical topics in eco-
nomics, insurance and finance.

Consider two agents A and B. Agent A takes a risky position &. In order to reduce
the risk exposure, agent A issues a financial derivative F' and tries to sell F to agent
B for a price . The derivative F transfers the risk from agent A to agent B and
after the transaction the risky position & is shared between agents A and B. Agent B
is willing to accept the risk if the risk transfer is favorable to him. In the insurance
context, agent A plays the role of an insured who is interested in having an insurance
protection against claims and agent B plays the role of an insurer. Agents A and B
may also represent an insurer and a reinsurer, and F' may describe a reinsurance
treaty. We aim to find an optimal derivative F' (an optimal insurance contract) and
a price 7 of this derivative. In other words, the goal is to establish an optimal risk
transfer (F, ) between agents A and B.

Let us start with a static model. We assume that agents A and B value their
positions with translation invariant and convex risk measures p4 and p?. Agent A
aims to reduce his risk exposure, hence he chooses F' and = which minimize the
risk measure of his position after the transaction

min p? (€ — F + 7). (13.16)
F.r

Agent B is interested in the transaction provided that the risk of his position does
not increase after the transaction, hence he requires

pB(F — ) < pB(0). (13.17)

By the translation invariance property of the risk measures p*, p® we can conclude
that the optimal price is given by

7" =pP(0) = p” (F),
and the optimal contract solves the optimization problem

inf {p¢ - P +pP(F)). §el’®).
FeL2(R)
We now move to a dynamic model. We consider the natural Brownian filtration
FW . We are interested in solving the following optimization problem

pOpfE) =ess inf {plE—F)+pl(F)}, 0<i1<T, £cl’®),
Fell2(R)
(13.18)

where p? and p® are translation invariant and convex dynamic risk measures de-
fined by g-expectations. We can assume that the generators g” and g2 of the BS-
DEs defining the risk measures depend only on (7, z), are convex in z and satisfy
g4(t,0) = gB(t,0) =0, see Definition 6.2.3 and Proposition 6.2.3 as well as Theo-
rems 3.1 and 3.2 in Jiang (2008).

We will use the operation of infimal-convolution for convex functions, see Bar-
rieu and El Karoui (2005) and Barrieu and El Karoui (2004).
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Definition 13.3.1 Let o and B8 be two closed convex functions. The infimal-
convolution of « and B is defined by

abp) =inflez —x) + (1)}, z€R

Let o be a closed convex function. The recession function associated with « is
defined by

ap+(z) = lim ca<£>, zeR.
c

c—07t

We recall the key result on the inf-convolution, see Proposition 8.1 in Barrieu
and El Karoui (2005).

Lemma 13.3.1 Let @ and B be two closed convex functions. If
o+ (Z) + ﬂOJr (_Z) > 07 Z 7é 01

then the infimal-convolution a0 is exact and the infimum is attained for some x*,
ie.

a0B(z) =a(z —x*)+ B(x*), zeR.

We now solve the optimal risk sharing problem (13.18). We consider three BS-
DEs

T
pAE—F)= —E+F +/ ¢ (s, 2 ())ds
t

T
—/‘ZM@dW@y 0<t<T, (13.19)
t

T
o (F) =—F+/ gB(s,ZB(s))ds
t

T
—/ ZB(s)dw(s), 0<r<T, (13.20)

t

T
pﬂB@)z—f-%/‘gADgB@,ZABGHds

t

T
—/‘zmﬁndwux 0<r<T. (13.21)
t

Theorem 13.3.1 Consider the optimization problem (13.18) and the BSDEs
(13.19)—(13.21). We assume

() & and F are FW -measurable and &, F € L2(R),
(i) the generators g : [0, T] x R — R and g8 : [0, T] x R — R are Lipschitz
continuous and convex in z, uniformly in t, they satisfy g*(t,0) = g8(t,0) =0,
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0<t<T,and
st +glt,-2>0, z#0,0<r<T. (13.22)

The following results hold:
(a) There exist unique solutions (p*, Z4) e S2(R) x H2(R), (pB, Z8) € S2(R) x
H2(R), (pA8, 24 B) e S2(R) x H2(R) o the BSDEs (13.19)—(13.21).
(b) We have
pi P& < pf0pf @) < ptE - F)+pP(F), 0<1<T.

(c) Ifthere exists a progressively measurable and square integrable process Z* such
that

Z*(t) = argmin{gA(t, ZA4B (1) — x) + gB(t,x)}, 0<t<T,
X

then there exists an optimal solution F* € L2(R) of the optimization problem
(13.18) given by

T T
F*=/ gB(s,Z*(s))ds—/ Z*(s)dW (s).
0 0
Moreover, we have
PP &) =p0pP ) =pM (e — F*) +pP(F*), 0<1<T.

Proof (a) By Theorem 3.1.1 there exist unique solutions (p#, Z4) and (p?, Z8) to
the BSDEs (13.19)—(13.20). From Sect. 9.3.4 in Barrieu and El Karoui (2005) we
recall that the mapping z — g40g®(z, z) is Lipschitz. Hence, by Theorem 3.1.1
there also exists a unique solution (p*-8, Z4-8) to the BSDE (13.21).

(b) We set o, = p/*(6 — F) + pB(F) and Z(t) = ZA(t) + ZB(¢) and we derive
the BSDE

T
pr=—E+ / (6 (5. 2(s) — ZB(5)) + 85 (5. 25 (5)))ds
t

— /T Z(s)dW(s), 0<r<T. (13.23)
t
The inequality
¢'0g8%(t,2) <g(t,2—280) +g%(t, 2% (1)), zeR,0<t<T,
and the comparison principle yield
PP ® <p=pE P +pPF). 0<i=<T.

We can conclude that ,o,A’B(S) < ptADptB(S), 0<r<T.
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(c) From Lemma 13.3.1 we deduce that there exists a measurable process Z*.
For the square integrability of Z* and the BMO property of f Z*(t)dW (t) we refer
to Theorem 8.4 in Barrieu and El Karoui (2005). We introduce the process

13 t
V(1) =/ g8(s, Z%(s))ds — / Z*(s)dW(s), 0<r<T.
0 0
We conclude that V e S?(R) and the pair (—V, Z*) solves

T T
—V(t):—F*—i—/ gB(s,Z*(s))ds—/ Z*(s)dW(s), 0<t<T,
t

t

where

T T
F*:/ gB(s,Z*(s))ds—/ Z*(s)dW (s).
0 0

Hence, the pair (—V, Z*) € S?2(R) x H2(R) is the unique solution to the BSDE
(13.20) with the terminal condition F*. We have p2(F*) = -V (1), ZB(t) = Z*(1),
0 <t < T. The BSDE (13.23) yields the dynamics

T
;»=—s+/ (8%(s, Z(s) — Z*(s)) + (s, Z*(5)))dss
t

T
—f Z(s)dW(s), 0<t<T. (13.24)
t

Since there exists a unique solution to (13.24), we must have

Zt)=2z%8@1), 0<t<T,
pr = pE — F*) +pf(F)=pP®), 0<t<T,

where we use the solution to the BSDE (13.21) and the definitions of Z* and
g40g®. We now conclude that plA’B(S) = p,A(é — F*) + pB(F*) > p/0pf &),
0 <t < T. Combining the last statement with the assertion of item (b), we get
plA’B(S) = ptADptB (&), 0 <t < T. The optimality and the admissability of F* can
now be established. O

Condition (13.22) has an economic interpretation in terms of a conservative seller
price and a conservative buyer price, see Sect. 4.2 in Barrieu and El Karoui (2005).
By the translation invariance of p and p® the optimal derivative F* is determined
uniquely up to a constant.

Going through the proof of Theorem 13.3.1, we can notice that we need an ex-
istence result for the BSDEs (13.19)—(13.21) and a comparison principle to derive
the optimal structure of the derivative. We remark that existence and comparison
results also hold for BSDEs with generators having a quadratic growth in z, see



248 13 Dynamic Risk Measures

Theorem 5.3 in Barrieu and El Karoui (2005). In particular, the assertions of The-
orem 13.3.1 remain true if we consider the entropic risk measure (13.5), see Theo-
rem 8.2 in Barrieu and El Karoui (2005) and Barrieu and El Karoui (2004).

For a special family of risk measures we can derive an explicit form of the opti-
mal derivative.

Proposition 13.3.1 Let the assertions of Theorem 13.3.1 hold. Assume that the gen-
erators g and g® belong to the family of functions g¢ that satisfy the so-called
tolerance property

. 1
g‘(l,z):cg(t, —z), 0<t<T,zeR, c>0. (13.25)
c
The random variable
o
catcep’’

solves the optimization problem (13.18).

Proof We first recall Proposition 3.5 from Barrieu and El Karoui (2005) which says
that a function g satisfying (13.25) also satisfies the following property

gA0g B (t,7) = g4 B (t,2), 0<t<T, zeR. (13.26)

We guess that Z*(t) = o +CB —<8_7A.B(4) where Z* is defined in Theorem 13.3.1 and

ZA4:8 solves the BSDE (13.21). We verify our guess. From (13.25) and (13.26) we
obtain

g (1, ZMB () — Z¥ (1)) + g°B (1. Z* (1))
CA A,B ¢ A,B
=g, ——Z%% () )|+ B( _E 7 t)
g ( ren ()) g o (t)
1 1
= mg(h —Z“(t)) +c3g<r, —Z’*%))
ca+cp cA+cB

ZA’Bt)
A+cCB ®

=gt (1, ZAB (1)) = g4 0g* (1, 24 B (1)), 0<1<T,

=(ca+ CB)g(t,

and we conclude that our guess is indeed optimal. We can now derive F*. Theo-
rem 13.3.1, properties (13.25)—(13.26) and the third BSDE (13.21) yield

T T
P = /0 gCB(t,CACTB%ZA’B(t))dt /0 oM waw

_ (/ <cA+cB)g< ! zA~B(r>)dr— / zA,B(r)dW(r))
CA+CB A+CB 0
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‘B r A,B T A,B
= ( f g4 0g (248 (1))dr — / zA (t)dW(t))
0 0

cA+cB
CB
cA+cp

(& + 05 @),
The result is proved as F* is determined uniquely up to a constant. g

Proposition 13.3.1 specifies dynamic risk measures which lead to proportional
risk sharing rules. In particular, the quadratic generator of the entropic risk measure
(13.5) in the natural Brownian filtration satisfies the tolerance property (13.25).

Bibliographical Notes  For an introduction to dynamic risk measures modelled
by g-expectations driven by Brownian motions we refer to Barrieu and El Karoui
(2005) and Rosazza Gianin (2006). For g-expectations driven by Brownian motions
and Poisson random measures we refer to Quenez and Sulem (2012), and for g-
expectations in general probability spaces we refer to Cohen (2011). Peng (2006)
proposes a test to verify whether the real market pricing mechanism is generated by
a g-expectation. Example 13.2 is taken from El Karoui and Ravanelli (2009). The
proof of Theorem 13.3.1 is taken from Barrieu and El Karoui (2005). The assertion
of Proposition 13.3.1 can be found in Barrieu and El Karoui (2005). Optimal in-
surance and reinsurance contracts under the expected utility theory are discussed in
Biihlmann (1970) and Denuit et al. (2001). Applications of FBSDEs to risk-sharing
problems, optimal contracts problems and principal-agent problems are investigated
in Cvitani¢ and Zhang (2012).
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Chapter 14
Other Classes of BSDEs

Abstract We investigate three classes of backward stochastic differential equations
which can be useful for applications. First, we introduce a time-delayed BSDE in
which the terminal condition and the generator depend on the past values of the solu-
tion. Next, we consider a reflected BSDE in which the solution is constrained to stay
above a barrier. Finally, we deal with a constrained BSDE in which all components
of the solution are forced to satisfy a constraint.

In this last chapter we investigate three classes of BSDEs. We deal with time-
delayed BSDE:s, reflected BSDEs and constrained BSDEs. We discuss key theo-
retical properties of these equations and we point out their actuarial and financial
applications. BSDEs considered in this chapter extend the range of applications of
BSDESs which we investigated in Part II.

14.1 Time-Delayed Backward Stochastic Differential Equations

A time-delayed backward stochastic differential equation is an equation of the form
T
Y()=§r,Zr,Ur) + / [, Y, Zs, Ug)ds
t

T T
—/ Z(s)dW(s)—/ /U(s,z)ﬁ(ds,dz), 0<t<T, (14.1)
t t R

where Y; := (Y (s 4+ v))—r<v<0, Zs := (Z(s + v))—T<v<0 and U := (U(s +
V,.))—T<v<0,0<s<T.Weset Z(t) =U(t,z7) =0and Y(t) =Y (0) fort <0,z €
R. Given a terminal condition £ and a generator f, we are interested in finding a
triple (¥, Z, U) € S*(R) x H?(R) x HZ (R) which satisfies (14.1). The novel fea-
ture of the BSDE (14.1) is that the generator f and the terminal condition £ depend
on the past values of the solution.

Time-delayed BSDEs (14.1) are related to fully coupled FBSDEs considered in
Sect. 4.3. A fully coupled BSDE only allows for a delay generated by a forward
SDE, whereas under a time-delayed BSDE we can investigate more general types

L. Delong, Backward Stochastic Differential Equations with Jumps and Their Actuarial 253
and Financial Applications, EAA Series, DOI 10.1007/978-1-4471-5331-3_14,
© Springer-Verlag London 2013
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of delays. Under a time-delayed BSDE we can consider fixed time delays Y; =
Y(t—r),Zi=Z(t—r), U= U@t —r 280t —r,2)Q —r,dz)n(t —r), delays
of the integral form Y, = [y Y(s)ds, Z; = [y Z(s)ds, U; = [y [p U(s,2)8(s,2) %
Q(s,dz)n(s)ds, and the running supremum Y; = supg,, Y (s).

We can prove the following result on existence and uniqueness of a solution to
the time-delayed BSDE (14.1).

Theorem 14.1.1 Assume that

(i) the generator f : 2 x [0, T1x S*(R) x H?(R) x H3,(R) and the terminal value
£:02 x[0,T] x S2(R) x H2(R) x H/zv (R) are adapted, measurable and they
satisfy

E[|f(t, Y:1,Z:,Uy) — f(l9 Yz/’ Zt/’ Ut/)|2]

0
§K1E|: sup |Y(u)—Y/(u)|2+/ |Z(t+u)—Z’(t+u)|2a(du)
-T

O<u<t

0
+f /\U(r+u,z)—U’(r+u,z)\2Q(t+u,dz)n(t+u)a(du>}
-T JR
E[|&(vr. Zr. Ur) — £(Y}. 25 UF)[]

T
§K2E[ sup |Y(u)—Y’(u)|2+/ | Zw) — 2/ (u)|*du
0

0<u<T
T 2

+/ f|U(u,z)—U/(u,z>| Q(u,dz)n(u)du},
0 JR

with a probability measure a defined on B([—T, 0)]), fora.e. t € [0, T] and for
all (Y, Z,U),(Y', Z',U") e (R) x H*(R) x H} (R),

(ii) E[fOT | £(z,0,0,0)[2dt] < 0o and E[|£(0, 0, 0)|?] < oo,

(i) f(w,t,y,0,0)=0for (w,y) € 2 xRandt <O0.

For sufficiently small time horizon T and sufficiently small Lipschitz constant K> or
for sufficiently small Lipschitz constants K| and K, the time-delayed BSDE (14.1)
has a unique solution (Y, Z,U) € S*(R) x H2(R) x H%V (R).

Proof The result can be established by applying the arguments of the fixed point
procedure from the proof of Theorem 3.1.1, for details we refer to Theorem 2.1
from Delong and Imkeller (2010b). Il

We point out that we cannot expect that a time-delayed BSDE has a unique solu-
tion for arbitrary K, K> and T under the Lipschitz assumptions of Theorem 14.1.1,
see Delong and Imkeller (2010a). This feature was already pointed out at the end of
Sect. 4.3 in the context of fully coupled BSDEs.

Time-delayed BSDEs (and coupled FBSDEs) may arise in insurance and finance
in an attempt to find an investment strategy and an investment portfolio which repli-
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cate a liability depending on the investment strategy and the investment portfolio. In
some applications, an investment portfolio may serve simultaneously as the under-
lying security on which the liability is contingent and as a replicating portfolio for
that liability. We give two examples.

Example 14.1 Let us consider a Black-Scholes financial model consisting of a risky
stock and a risk-free bank account. We investigate the perfect replication problem
for a large investor. We recall that an investor is called large if his investment de-
cisions affect market prices of securities. Let us assume that in our model the in-
vestor’s strategy 7 and the investment portfolio X™ affect the drift u of the stock
and the interest rate . Such a feedback may arise because of the size of transactions
made by the large investor or because other agents in the market believe that the
large investor has superior information. Consequently, we deal with the dynamics

ds ds,
dx™ (1) = n(t)?g) +(XT(0) — 7 (@) SOO:)) dt, X(0)=x>0,
o =t 0. X O)dr, So0) =1,

dSS(Y)) = u(t 7@, X @)dt +oOdW®),  SO)=s>0,

where r, i, o are .# W -predictable processes. The goal is to find an admissible repli-
cating strategy 7 € o7 for a claim F(S(T)). It is straightforward to notice that the
problem of finding a replicating strategy is equivalent to the problem of solving the
coupled FBSDE

T
X(t):F(S(T))—i—/ (= () (s, 7(s), X (5)) — (s, 7(s), X(5)))
t
T
—X(s)r(s,n(s),X(s)))ds—/ w(s)o(s)dW(s), 0<t<T, (14.2)
t

t t
Sit)y=s +/ S(s)u(s, (s), X(s))ds +/ S)o(s)dW(s), 0<r<T.
0 0

Under further assumptions the coupled FBSDE (14.2) fits into the setting of
Sect. 4.3. Notice that the coupled FBSDE (14.2) is a time-delayed BSDE (14.1)
since the terminal condition of the backward component of (14.2) depends on
(rr, X1). We remark that the solution to the replication problem for a large investor
in a more general financial model was found by Cvitani¢ and Ma (1996) where the
authors proved existence of a solution to a fully coupled FBSDE.

Example 14.2 The key feature of a participating contract is that it provides a guaran-
teed rate of return together with a bonus which is linked, by a so-called profit-sharing
rule, to the performance of an asset portfolio held and managed by the insurer. Such
a construction implies that the insurer’s asset allocation 7 and the asset portfolio
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X7 affect the final pay-off from the policy. According to Solvency II Directive, see
V.2.2 in European Commission QIS5 (2010), the insurance reserve must include an
estimate of the value of the liability arising under the contract including all possible
guarantees, profits and bonuses. When valuating the liability under a participating
contract, the future asset allocation strategy for the asset portfolio should be taken
into account, see TP.2.92 in European Commission QIS5 (2010). On the other hand,
the insurer’s asset portfolio must match the reserve (the value of the liability) and
the assets held by the insurer must finance the liability which depends on the past
and future performance of the asset portfolio and the allocation strategy. The as-
sets and the liabilities interact with each other. An appropriate investment strategy
should be identified to match the assets with the liabilities and fulfill the obligation.
For applications of time-delayed BSDE:s in this field we refer to Delong (2012c).

Let us consider an example of the investment problem from Example 14.2. We
assume that a financial institution issues a wealth management product which offers
a ratchet option as a capital guarantee. Under the ratchet option any intermediate
investment gain earned by the financial institution is locked in as the liability and
guaranteed to be paid back at maturity, i.e. under the ratchet option the highest value
of the investment portfolio, which is managed by the financial institution, is paid.
Ratchet options of this type are offered as wealth-dependent guarantees (capital
protections) by investment funds, variable annuities and pension plans.

We consider the financial market (7.1)—(7.2). Let 7 € .« be an admissible invest-
ment strategy, see Definition 7.3.1, and let the investment portfolio X™ := (X7 (1),
0 <t <T) be given by the dynamics

dX™ () = w(t)(r@)dt + o (AW (@) + (X7 () — 7 (1))r(t)dt.
The ratchet option takes the form

&= sup {X”(s)}.
5€[0.7T]

The goal is to find an admissible investment strategy under which the pay-off from
the ratchet option can be delivered by managing the assets in the investment port-
folio. It is easy to notice that this investment problem can be solved by finding a
solution to the time-delayed BSDE

T
X(t) = sup {X(s)}+/ (=X (s)r(s) — m(s)o (5)0(s))ds
t

5€[0,T]
T

—/ n(s)o(s)dW(s), 0<t<T. (14.3)
t

Let us investigate the time-delayed BSDE (14.3). We introduce the bond price
process

Dty =EY [l s g W] 0<r<T, (14.4)
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where

%
dd% ZV = —fé@(s)dW(s)—%fot\G(s)lza's’ 0<t<T,

is the unique equivalent martingale measure for the financial model considered. We
can deduce from the predictable representation property and positivity of the bond

price D that there exists an .# —predlctable process ol :=(@P#),0<t<T)such
that

dD(t) D D

m =r(t)dt +o” ()0@)dt +o” ()dW (¢). (14.5)

First, we prove a preliminary result, which is interesting in its own right.

Proposition 14.1.1 Assume that (C1)—(C2) from Chap. 7 hold and let the inter-

est rate r be a strictly positive process. Let the bond prlce (14.4) satisfy the dy-

namics (14.5) with a bounded volatility o®. Choose an .F " -predictable process
= (¢(t),0 <t <T) such that

T
EU |<p(t)o(t)|2dt:| < 00,
0

and consider a process S:= (3‘ (t),0 <t <T) given by the dynamics

dS(t) = ¢(t) (()) +(8() — ) rndr,  §0)=5> 0.
There exists a unique square integrable solution 2 € S*(R) to the forward SDE
dZ (t)= sup {ﬂ&”(s)}D(t) D)
0<s<t D(1)
. ds()
+(Z @) — Z(s)1D@) )17S 0f——, 20 = 0,
(2= s (26 DO)1{30 >0} %2 ZO)=x>

(14.6)
which satisfies 2 (t) > supoisit{%(s)}D(t), 0<t<T.

Proof We introduce the discounted processes V (1) = %’((tt)) and R(t) = g((tt)) . By the
1t6’s formula we derive

dv () = (V(t) — sup {V(s)D(s)})l{R(t) > 0}@, (14.7)
0<s<t 1)
and
dR(t) = (-R(r)e(t)a’)(r)+R(t)|oD(t)|2+ f)(())e() (1) — l(p)(())a(t)aD(t)>dt

+ (% ) — R(t)oD(t))a’W(t). (14.8)
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Let us denote A(f) = supy,,{ V%’(Ig;s) }. We notice that dA(r) # 0 if and only if

AQt) = V(g(g)(’) . We rewrite (14.7) in the form

dR(t)
}

dv()= (V) — A()D(0))1{R(t) > 0 RGO

(14.9)

Let us consider the sequence of stoppmg times 7, = 7,2 A tX where 7,2 = inf{r :
Dit)=1-— —} and 1: =inf{t : R(t) = —} We first solve (14. 9) on [0, rn] By the
Itd’s formula we get

d(X(r)) (V(z) DO )) dR(1) V(t)dl;\(t)
() A1) R(1) A2(1)
<V(t) DO )) dR(t) D(0)dA(r)

A(t) R(t) D@) A@)’
and
d<10g< () D(O))) _dR() _1dIR,RI() 1 D(0) dA(t)
A1) R(t) 2 R2(1) Y@ _ p) D) A(r)

A(t)
_dR(®) 1dIR,RI(1) 1 dA@
" R() 2 R2(1) 1—-D@) A@)

(14.10)

In order to establish (14.10), we first use the localizing sequence t,,, = inf{z : XE;;

D(0) = E} and we next let m — oo. Consequently, V(t) > A(t)D(0), 0 <t < 1,.
From (14.10) we deduce

0
(G ~20) (5 )

=log(1— D(0)) —1lo (% - D(O)) +log R(t) — log R(0)

_/t;w7 Oftfrn'
o 1=D(s) A(s)

Referring to the Skorohod equation, see Lemma 6.14 in Karatzas and Shreve (1988),
we can obtain unique processes (L, L) such that

L(1) =log(1 — D(0)) — o g(L — D ))

D)
+log R(t) —log R(0), 0<t<T,,
I:(t) =/t ;w = sup L(t), 0<t<r1y,, (1410
o 1—=D(s) A(s) 0<s<t -

L) — L@ =1o g(%—l)( )) (%—D( )) 0<i <1
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We clearly have L(0) = L(0) =0 and L(r) >0, 0 <t < 1,,. From (14.11) we can
conclude that there exists a unique solution to (14.9) on [0, t,,] which is of the form

V()= A) [D(O) +(1- D(O))@e_i(’)}, 0<t<t,

R(0) (14.12)

A() = V(0)elo1=PELE) <t <

Let Too = limy— 00 7,2 A 7K. Taking the limits, we can consider progressively
measurable processes (L, i) and (A, V) on [0, 7] defined by (14.11) and (14.12).

It is straightforward to observe that A(f) < V(O)ei(’), 0 <t < 1. Hence, by
(14.12) we obtain the estimate

05V(r)—A(r)D(O)g(1—D(0))V(O)%, 0<t<to (14.13)

We now investigate the process

t
V)=V (0) +/ (V(s) — A)DO)1{R(s) > o}w,
0 R(s)

0=<1t =<1,
which coincides on [0, t,,] with the process V given by (14.12). One can show that

V is a continuous semimartingale such that E[supte[o,,w] |\7(t)|2] < 00. Hence, we
obtain the convergence

‘A/(t)=n1_i)rgo\7(t/\z'n)=nl_i)rgoV(t/\Tn), 0<?<Tw.

Consequently, the process A given by (14.12) can be extended as an a.s. finite pro-
cess to [0, 70 ]. By (14.12) the solution V satisfies V() > A(t)D(0), 0 <t < 7.

Notice that we have R(7so)e (™) =0 and we end up with V(ts) =
A(Teo)D(0). If oo < T, i.e. if R(1s0) = 0, then from (14.9) we conclude that
dV(t) =0 for t > 1. Hence, the solution V is defined as constant after 7,,. We
also have

V(s)D(s)

Alt) = M td

® oi‘iiz{ D) }
V(s)D(s)
= A o/ TN
max{ ¥ )fof‘é?sz{ D(0) }}

=max{A (7o), Ae)_sup (D)} =A() 12 7o
Too <S<t
The process V satisfies V(1) > A(t)D(0), 0 <t < T. This yields 2°(¢t) >
sup;< {2 (s)}D(t), 0 <t < T. The square integrability of 2" can be immediately
deduced from the square integrability of V. g
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We remark that Proposition 14.1.1 gives the dynamics of the investment portfolio
under the so-called drawdown constraint. The process S can be interpreted as an
unconstrained investment portfolio.

We now prove the main result on the time-delayed BSDE.

Theorem 14.1.2 Let the assumptions of Proposition 14.1.1 hold. There exist mul-
tiple solutions (X*,*) € S*(R) x & to the time-delayed BSDE (14.3) which are
defined by

X*t)y=2Z@), 0<t<T,

ol (1)
*(1) = Z D
7 = swp {2 OO
O (710 s (2 0]DO)il50=0). 0217,

where we can choose x > 0 and an F " -predictable process ¢ such that

T
]E[/O |(p(t)a(t)|2] < o0

Proof First, we show that any solution X to the time-delayed BSDE (14.3) must
satisfy X (¢) > sup,,{X (s)}D(t), 0 <t < T, see Theorem 4.1 in Delong (2012c)
for details. Such a solution 2" € S?(R) is constructed in Proposition 14.1.1. Next,
we can notice that the process 2~ satisfies the terminal condition of the time-delayed
BSDE since 2 (T) = V(T) = A(to0)D(0) = A(T)D(0) = &. The strategy * can
be deduced from (14.6) and the dynamics of D and S. The square integrability of
* follows from (14.13). Hence, n* € & . O

The investment strategy derived in Theorem 14.1.2 is an extension of the one-
period Option Based Portfolio Insurance strategy which protects the initial capital.
Applying the continuous-time strategy from Theorem 14.1.2, we are able to protect
the maximal value of the investment process. Under the strategy (X*, 7*) the assets
and the liabilities are matched in the sense that the market-consistent value, or the
arbitrage-free value, of the ratchet option contingent on the investment portfolio
is equal to the value of the investment portfolio. We remark that the investment
strategies 7* yield different final pay-offs X” (T') depending on ¢ and risk-return
analysis should be applied to choose the strategy for the application.

14.2 Reflected Backward Stochastic Differential Equations

A reflected backward stochastic differential equation is an equation of the form

T T
Y(t):$+/ f(s,Y(s),Z(s),U(s,.))ds—/ Z(s)dW (s)
t t
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T
—/ f U(s,z)1\7(ds,dz)+C(T)—C(t), O0<t<T, (14.14)
t JR
with the constraints
T
Y#)>R(), 0<t<T, / (Y(t) — R(t))dC(t) =0. (14.15)
0

Given a terminal condition &, a generator f and a barrier R, we are interested in
finding a quadruple (Y, Z, U, C) € S*(R) x H*(R) x H3 (R) x SZ,.(R) which satis-
fies (14.14)—(14.15). Since constraints on the solution are introduced, an additional
control process has to be added into the dynamics of the BSDE. The process C arises
now in (14.14) and its purpose is to force the process Y to stays above the barrier R.
The activity of C should be minimal in the sense that the process C acts only when
Y touches the lower barrier R. In other words, the process C aims to reflect the pro-
cess Y on the barrier R. We remark that a solution (Y, Z, U, C) to (14.14)—(14.15)
is also called a supersolution to the reflected BSDE (14.14)—(14.15), see Sect. 2.3
in El Karoui et al. (1997b) and Peng (1999).

We prove existence and uniqueness of a solution to the reflected BSDE (14.14)—
(14.15) by a fixed point procedure. First, we investigate the case of a generator
independent of (Y, Z, U). This case is important in its own right.

Theorem 14.2.1 Consider the BSDE

T T
Y(z)=s+/ f(s)ds—/ Z(s)dW (s)
t

t

T

—[ /U(s,z)N(ds,dz)+C(T)—C(z), 0<r<T, (14.16)
t R
with the constraints
T
Y#)=R@®), 0<t<T, / (Y1) = R(1))dC (1) =0. (14.17)
0

Assume that

(i) the terminal value &€ € L*(R),
(ii) the generator f : 2 x [0, T]— R is predictable,
(i) E[fy |f(1)?d] < oo,
(iv) the barrier R is a quasi-left continuous process such that R S?(R).

There exists a unique solution (Y, Z, U, C) € S*(R) x H>(R) x H?\, R) x Sizn R)

to the reflected BSDE (14.16)—(14.17) such that C is continuous. The process Y has
the representation

Y (t) =ess sup E[Sl{t =T}+R(t)l{t<T}+ /T f(s)ds|9t:|, 0<r<T,
e, t

(14.18)
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where
J; = {1 is an F -stopping time such thatt <t <T}.

Proof Let us consider the process
t
Ve)=&1t=T}+ R()1{t < T} +/ f(s)yds, 0<tr<T. (14.19)
0

The process V is cadlag, adapted and supy—,7 |V (1)| € L2(R). Hence, V is of
Class D, see Sect. II1.3 in Protter (2004). We can conclude that there exists the
Snell envelope of V, which is the smallest cadlag supermartingale dominating the
process V, see Appendix in Hamadéne and Ouknine (2011). The Snell envelope is
defined by

EV (1) =ess sup E[V(t)|5€], 0<r<T.
e,

The process E is also of Class D since

IE[ sup ’EV(z)’z]fE[ sup ‘E[ sup V(u)L?t]‘z]

0<t<T 0<t<T 0<u<T

EKE[ sup |V(u)|2]<oo,

0<u<T

where we use an estimate for EV and the Doob’s inequality. Consequently, we can
apply the Doob-Meyer theorem, see Theorem III.11 in Protter (2004), and we derive
the unique decomposition

EV(t)y=M@t)-C@t), 0<t<T, (14.20)

where M is a cadlag martingale, and C is a predictable, non-decreasing process
such that C(0) = 0. Moreover, the process C is square integrable, see Appendix
in Hamadeéne and Ouknine (2011). Hence, from (14.20) we can deduce that the
martingale M is square integrable and the predictable representation theorem yields
the unique representation

t t
M(t):M(O)—i—/ Z(s)dW(s)—i—/ /U(s,z)N(ds,dz), 0<t<T,
0 0 JR

where (Z,U) € H2(R) x ]HI?V (R). Since the martingale M and the process V are
quasi-left continuous and the process V has a positive jump at the terminal time
(notice that £ =Y (T) > R(T)), the arguments from the proof of Proposition 1.4.a
from Hamadéne and Ouknine (2003) lead us to the conclusion that the Snell enve-
lope EY is regular and the process C is continuous.
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We define
t

vy =E" () - / F(s)ds
0

=ess sup E[El{t =T}+R(x)l{r < T} —i—/ f(s)ds|,9}:|, 0<r<T.
€9 t

(14.21)

Since EY € S*(R) and f is square integrable, we have that ¥ € S?(R). We can
observe that

1
Y(t)—i—/ fs)ds=EY(t)=M@)—C(t), 0<t<T,
0

and we conclude that the candidate solution (Y, Z,U,C) € S*(R) x HZ(R) x
]HI%V (R) x SIZM(R) satisfies the BSDE (14.16). From representation (14.21) we de-
duce that our candidate solution also satisfies the first constraint Y (¢) > R(z), 0 <
t < T. We are left with proving the second constraint fOT(Y(s) — R(s))dC(s) =0.

Fix t € [0, T']. We define the stopping time
t =inf{s >1,C(s) > C(O} A T.

Since EVY is regular, then EY (t}) = V(z) and 7* is the optimal stopping time
after ¢, see Appendix in Hamadéne and Ouknine (2011). From (14.19) and (14.21)
we obtain

Y(r,*)—i—/ " f(s)ds =E" ()
0

=V() =l =T} +R(t )| <T} + frt f(s)ds,
0

and we conclude that Y(t/) = R(t/) if 7/ < T. Hence, we have (Y(s) —
R(s))dC(s) =0 for s € [¢, 1,*] and, consequently, foT(Y(s) — R(s))dC(s) =0. The
uniqueness of a solution to (14.16)—(14.17) is proved in the first part of the proof of
Theorem 14.2.2. O

We remark that the proof of Theorem 14.2.1 relies on quasi-left continuity of the
barrier and the jump process related to the random measure (which is our standing
assumption in this book). We recall that the assumption of quasi-left continuity is
reasonable in actuarial and financial applications, see the end of Sect. 2.1.

Theorem 14.2.1 shows that the process Y which solves the reflected BSDE
(14.16)—(14.17) coincides with the optimal value function of the optimal stopping
problem (14.18). Since optimal stopping problems are often applied to solve finan-
cial and insurance problems, reflected BSDEs are very important for actuarial and
financial applications.
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Now, we can investigate the reflected BSDE (14.14)—(14.15).

Theorem 14.2.2 Assume that

(i) the terminal value & € L%(R),
(ii) the generator f:82 x [0, T] x R x R x LzQ(R) — R is predictable and Lips-
chitz continuous in the sense that

|f(t,y,Z,l/l)—f(t,y/,Z/,M/)|2
§K<]y—y’]2+]z—z’\2+/R|u(x)—u’(x)FQ(t,dx)n(;)>,

ae.,as. (w,t) e 2 x[0,T, forall (y,z,u), y',7,u’) e R x R x LZQ(R),

(iii) ELfy |£(t.0,0,0)d] < oo,
(iv) the barrier R is a quasi-left continuous process such that R € S*(R).

There exists a unique solution (Y, Z, U, C) € S*(R) x H*(R) x H?V (R) x S?M (R)
to the reflected BSDE (14.14)—(14.15) such that C is continuous.

Proof 1. The uniqueness of a solution. Assume there are two solutions (¥, Z, U, C),
(Y',Z',U,C") e S2(R) x HA(R) x H%, (R) x Siznc(R) and C and C’ are continuous.
By the 1t6’s formula we derive

T T
Y@y —Y o) ~|—,0f P Y (s) = Y'(s)| ds +/ ”|Z(s) - Z(s)| ds
t t
T
+/ /evs|U<s,z)—U’<s,z)|2Q<s,dz>n(s>ds
t R
T
= —2/ P (Y(s) =Y () (= f(s.Y(5), Z(5), U(s))
t
T
+ f(s.Y'(5), Z'(5), U'(s)))ds —2/ P (Y()=Y'(8))(—dC(s)+dC'(s))
, t
- 2f eP (Y(s—) = Y'(s=))(Z(s) — Z'(5))dW (s)
t
T
- 2/ / e (Y(s—) —Y'(s—))(U(s,2) — U'(s,2))N(ds, dz)
t R
T
—/ / " |U(s,2) = U'(s,2)|*N(ds,dz), 0<t<T. (14.22)
t R

‘We also notice that

(Y(5) = Y'(£))(dC(s) —dC'(s))
= (Y(s) — R($))dC(s) + (Y'(s) — R(5))dC’(s)
—(Y(s) = R(5))dC'(s) — (Y'(s) — R(s))dC((s)
=—(Y(s) — R(5))dC'(s) — (Y'(s) — R(5))dC(s) <0.  (14.23)
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Applying inequality (14.23) and following the arguments from the proof of
Lemma 3.1.1 which led to (3.5) and (3.7), we obtain the estimate

T
IE|: sup epS|Y(s)—Y/(s)|2ds+/ e’”|Z(s)—Z/(s)|2ds
5€[0,T] 0

T
+/ /eps|U(s,z)—U/(s,z)|2Q(s,dz)n(s)dsj| <0.
0 R

Hence, there exists a unique triple (¥, Z,U) € S2(R) x H2(R) x H%V (R) which
solves (14.14)—(14.15). The uniqueness of the process C € Siznc(R) follows
from (14.14).

2. The existence of a solution. Let YO (1) = Z°(t) = U%(t,2) =0, (t,2) € [0, T] x
R and consider the recursive equation

T T
Y =¢+ / f(s.Y™(5), Z"(5), U"(s))ds — / Z" N (s)dW (s)
t

t

T
—/ /U"+1(s,z)z\7(ds,dz)+C"+1(T)—c"+1(t), 0<t<T,
t R
(14.24)

with the constraints
T
Y\ 1) > R@t), 0<i<T, / (Y"*' @) — R®))dC" (1) =0.  (14.25)
0

By Theorem 14.2.1 there exists a sequence of unique solutions (Y”+1, znt+l yntl,
C't) e 2(R) x HA(R) x H (R) x S? (R) to the reflected BSDEs (14.24)-

inc

(14.25). Property (14.23) and the fixed point arguments from the proof of Theo-
rem 3.1.1 yield the convergence

[y =G+ |2 = 2 e+ U = U [ = 0. oo, (1426)
Since

t
@) =y o) - vt —f F(s,Y"(s), Z"(s), U"(s))ds
0

t t
+/ Z”“(s)dW(s)—}-/ /U"H(s,z)N(ds,dz), 0<t<T,
0 0 JR

we obtain

sup |C"H @) — o))
t€l0,T]

< K( sup |Y"L @) — v o)
t€[0,T]
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T
+/ | £ (5. Y" (), Z"(5), U" (8)) — £ (5. Y"_l(s),Z”_l(s),U"_l(s))|2ds
0

t 2
+ sup /(z"“(s)—z"(s))dW(s)
tef0,711J0
t 5 2
+ sup f/(U"H(s,z)—U"(s,z))N(ds,dz) )
te[0, 7110 JR

By the Lipschitz property of the generator f and the Burkholder-Davis-Gundy in-
equality we derive the estimate

Jem = e < K[y = v o+ | 24 = 2 + U - 07 e
S ARt PR AR A P R el )

and the sequence (C™),en converges by (14.26). We can conclude that there exists
a unique limit (Y, Z, U, C) € S2(R) x H2(R) x H%\, (R) x S?nc (R) of the sequence
Y™, Z", U", C")yen- It is easy to show that the limit (Y, Z, U, C) satisfies the
BSDE (14.14), see the proof of Theorem 3.1.1. Moreover, the process C is contin-
uous by the uniform convergence and non-decreasing, and Y (t) > R(¢),0 <t <T.
One can also prove that fOT(Y (s) — R(s))dC(s) =0, see step 6 in the proof of The-
orem 1.2 from Hamadéne and Ouknine (2003). Hence, the limit (Y, Z, U, C) solves
the reflected BSDE (14.14)—(14.15). O

It is worth pointing out the connection in the spirit of a non-linear Feynman-Kac
formula between the solution to a reflected FBSDE and the solution to variational
inequalities. It is well known that in a Markovian setting the optimal value function
of the stopping problem (14.18) can be characterized as a unique solution to varia-
tional inequalities, see Theorem 2.2 in Pksendal and Sulem (2004). It turns out that
the unique solution to a reflected FBSDE provides a probabilistic representation of
the unique viscosity solution to variational inequalities, see El Karoui et al. (1997a)
and Crépey (2011) for details.

We give examples of insurance and finance optimal stopping problems which can
be studied with reflected BSDEs.

Example 14.3 We consider the financial market (7.1)—(7.2) and an American put
option. The buyer of an American put option has the right to sell the stock S for a
given price K at the time favorable to him. The goal is to find a replicating strat-
egy and a replicating portfolio for the American put option. Let 7 € &/ be an ad-
missible replicating strategy. Since the American option can be exercised at any
time, the replicating portfolio X™ must satisfy the constraint X” (t) > (K — S(t))*,
0 <t <T. It is reasonable to assume that the replicating portfolio X" is given by
the dynamics

dX7 (1) = n (1) (n()dt + o (AW (1)) + (X7 (1) — 2(1))r (t)dt — dC (7).
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The process C represents the premium for the right to exercise the option at a fa-
vorable time and the value of the replicating portfolio (or the price of the Amer-
ican option) decreases whenever the right to exercise the option should be exe-
cuted. Since the right to exercise the option should only be executed if the price
of the option is equal to (K — S(¢))™, we should also impose the constraint
fOT (X™ () — (K — S(t))T)dC(t) = 0. Consequently, the problem of finding a repli-
cating portfolio and a replicating strategy for the American put option is equivalent
to the problem of solving the reflected BSDE

T
Y(t) = (K — S(T))+ +/ (—Y(s)r(s) — Z(s)@(s))ds
t
T
—/ Z$)dW(s)+C(T)—-C(t), 0<t<T,
t

T
Y6 = (K=S@)", 0<t<T, / (Y1) — (K — S1)")dC @) =0.
0

By the change of measure and Theorem 14.2.1 the unique replicating portfolio has
the representation

Y(0) = sup EQ[e~ [0 (k —s())F1.7,], 0<i<T,  (1427)
e

and, as expected, the arbitrage-free price of the American option is given by a solu-
tion to an optimal stopping problem.

Example 14.4 American options arise in life insurance. The holder of a unit-linked
policy is entitled to a terminal guarantee F' and, in addition, he has the right to sur-
render the policy with a benefit G. The value of the embedded surrender option can
be treated as the value of an American option, see Milevsky and Salisbury (2002).
The value of the policy is defined by

sup EQ[e_r[;T’(‘Y)d‘Y(Fl{r =T} +GOUr <THIF], 0<t<T. (14.28)
€9

By Theorem 14.2.1 the value of the surrender option (14.28) can be characterized
as a unique solution to a reflected BSDE. We point out that the optimal stopping
problem (14.28) and a reflected BSDE arise if we assume that the policyholder
makes an optimal (rational) decision to surrender the policy. Let us recall that in
Example 7.7 and Chaps. 9-12 we considered irrational lapse decisions modelled by
inaccessible jump times of jump measures.

Example 14.5 A recallable option or an Israeli’s option is an example of an Amer-
ican option under which the buyer of the option has the right to sell a stock and
the issuer of the option has the right to recall the option. A convertible bond gives
the holder of the contract the right to convert a bond into a stock and the issuer of
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the contract has the right to recall the bond. In both cases we deal with a so-called
Dynkin game. The value of the contract is defined as a solution to the optimal stop-
ping problem

8 T
sup inf EQ[efft rds ps(5)1(8 < 1) +e r®ds pb iyt <§ < T}
tegf&eﬁ,

—fTr(s)ds S ar
+e F(Hl{t=6=T}%], 0=<t=<T. (14.29)

The value function (14.29), the price of an Israeli’s option and the price of a con-
vertible bond, can be characterized as a solution to a doubly reflected BSDE, see
Hamadéne (2006), Bielecki et al. (2009), Hamadéne and Wang (2009), Crépey and
Matoussi (2008), Hamadeéne and Hassani (2006). A doubly reflected BSDE is an
equation in which the solution is reflected at a lower and an upper barrier. We re-
mark that the existence of a solution to a doubly reflected BSDE is proved under the
so-called Mokobodski condition.

Example 14.6 Doubly reflected BSDEs can also be used to solve starting and stop-
ping problems (two modes switching problems), see Hamadéne and Jeanblanc
(2007) and Hamadeéne and Zhang (2010).

14.3 Constrained Backward Stochastic Differential Equations

In the case of a reflected BSDE the process Y is constrained to stay above a barrier.
Now, we introduce constraints on all components of the solution to a BSDE.

A constrained backward stochastic differential equation is an equation of the
form

T T
Y(t) =& +[ F(5,Y(5), Z(s), Us, .))ds — / Z(s)dW (s)
t t

T
—/ /U(s,z)A?(ds,dz)—i—C(T)—C(t), 0<r<T, (14.30)
t R

with the constraint
lp(t, Y(1),Z(1),U(t, Z)) >0, as.,v-ae. (w,t,2)eR2x[0,T]xR. (14.31)

Given a terminal condition &, a generator f and a constraint function v, we are in-
terested in finding a quadruple (Y, Z, U, C) € S>(R) x H?*(R) x H%V (R) x Sizn (R)
which satisfies (14.30)—(14.31). A solution (Y, Z, U, C) is also called a supersolu-
tion to the constrained BSDE (14.30)-(14.31).

We assume that the random measure N is generated by a compound Poisson

process with intensity A and jump size distribution g. We find a solution to the



14.3 Constrained Backward Stochastic Differential Equations 269

constrained BSDE (14.30)-(14.31) by a penalization argument. We introduce the
sequence of BSDEs

T
Y'(1) =¢ +f (f(s, Y"(s), Z"(5), U" (s, .))
1
+n/ w_(s,Y”(s),Z”(s),U"(s,z))kq(dz))ds
R

T T
—/ Z”(s)dW(s)—/ /U’l(s,z)z\?(ds,dz), 0<r<T, (14.32)
t t E

where ¥~ denotes the negative part of . In the sequel we denote

t
C"(t):n/ fw*(s,Y"(s),Z"(s),U”(s,z))xq(dz)ds, 0<t<T.
0 JR

We show that the constrained BSDE (14.30)—(14.31) has a minimal solution which
can be approximated by the sequence of unique solutions to the penalized BSDEs
(14.32). The negative part of the constraint function v~ is interpreted as a penalty.
We point out that penalization arguments are often applied in the theory of BSDEs.
For example, the solution to a reflected BSDE can be found by a penalization argu-
ment, see Hamadéne and Ouknine (2003).

Theorem 14.3.1 Let us consider the filtration % generated by a Brownian motion
and a compound Poisson process with intensity ) and jump size distribution q. We
investigate the constrained BSDE (14.30)—(14.31) and the BSDE (14.32). We as-
sume that

(i) the generator f: 2 x [0,T] x R x R x Lé (R) — R is .F-predictable and
satisfies

|f@.y 2wy = f(t.y. 2 u) < K(ly—y|+|z—7

),
f@ yozou) = f(t,y.zu) < fR 872 (1, x) (u(x) — u' (1)) hq (dx),

as., ae. (w,t) € 2 x[0,T], for all (y,z,u),(y,z,u),(y,z,u’) e Rx R x
Lg(R), where 8V:%11 ;2 x [0,T] x R — (—1, 00) is an % -predictable pro-
cess such that the mapping t — flR |8v‘”z’”’“/ (¢, x)|2q(dx) is uniformly bounded
in(y,z,u,u),

(ii) the constraint function ¥ : 2 x [0,T] x R x R x R — R is .F -predictable,
Lipschitz continuous in the sense that

[, y.z.0) =¥ty 2 V) < K(ly =¥+ |z = [+ [v =),

as.,ae. (w,1) €2 x[0,T], forall (y,z,v),(y,7/,v) € R xR x R, and the
mapping v — ¥ (t, y, z, v) is non-increasing for all (t,y,z) € [0, T] x R x R,
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(i) E[|€]?] < oo, E[fOT | £(z,0,0,0)|2dt] < 0o and IE[[OT [ (z,0,0,0)%dt] < oo,

(iv) there exists a solution (I?, 2,U0,C) ¢ S2(R) x H2(R) x ]HI?V (R) x Sizm,(]R) to
the constrained BSDE (14.30)—(14.31).

The following results hold.

(a) Foreachn €N there exists a unique solution (Y", Z", U") € S*(R) x H?(R) x
H3 (R) to the BSDE (14.32).

(b) There exists a unique minimal solution (Y*, Z*, U*, C*) € S>(R) x H?(R) x
H% (R) x S7,.(R) to the constrained BSDE (14.30)~(14.31) such that C* is

nc
F -predictable. Moreover, we have the strong convergence

T 2 T
lim {IE[/ |Y"(1) — Y*(1)| dt}—i—IE[/ |Z"(t)—Z*(t)|pdt}
n—00 0 0
T
+EU /IU”(t,z)—U*(t,z)l”kq(dz)dt“=0, l=p<2,
0 JR

and C* is the weak limit of C" in H>(R).
Proof (a) It is easy to notice that the generator of the BSDE (14.32) is Lipschitz
continuous in the sense of (A2) from Sect. 3.1. Hence, by Theorem 3.1.1 there

exists a unique solution (Y”, Z", U", C™) to (14.32). Moreover, the generator of the
BSDE (14.32) satisfies the property

ft,y, z,u) +n/Rt/f*(t,y,z,u(x)))»q(dx)
—f([, Y, Zsu/) _n./Rwi(L Y, Z,M/(x)))\CI(dx)
< fR (8754 (1, x) + Knlpygyzw oy) (u(x) — ' (x)) g (dx),

as., ae. (w,1) € 2 x [0,T], for all (y,z,u), (y,z,u’) e R xR x LEI(R). Conse-
quently, the assumptions of Theorem 3.2.2 are satisfied and a comparison principle
can be applied.

(b) 1. The convergence of (Y"),en. The comparison principle yields Y'(t) <
Y"™1(t),0<t < T, forany n € N. Since (¢, Y (t), Z(t), U(t, z)) = 0 for ¥-a.e.
(t,z) €0, T] x R, we can write

T
?(t)=g+/ <f(s,f/(s),2(s),0(s, ))ds
t
+n/ xp—(s,f(s),z(s),U(s,z))/\q(dz)>ds
R

T T
—/ 2(s)dW(s)—f fU(s,z)N(ds,dz)+é(T)—é(z), 0<t<T.
t t R
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Following the arguments that led to (3.29), we obtain

T , T §
V) —Y"(t) = — / Z(s)elt Avfwdugyy gy 4 / Z(s)elr Avfwdup_r(5)gs

t 1

T )
_/ / U (s, 2)eli 270§ gy, dz)
t R
T A
+/ (f(s, Y"(s), Z"(5), U(s))
t

+n/ ¥ (5, Y"(5), Z"(5), U (s, 2))Aq (dz)

R

— (s, Y"(), Z"(5), U" ()

_ I’l/ w—(s’ Yn(S), Zn(s)’ Un(S, Z)))\q(dz))ef{Y Ayf(u)duds
R

T
+/ el Syfdugégy 0<t<T,
t

and we conclude that Y"(¢) < Y (t), 0 <t <T, for any n € N. Since the se-
quence (Y"),en is monotone, lower-bounded by YO € S*(R) and upper-bounded
by Ye S?(R), the sequence (Y"),cN has a square integrable limit Y*. Moreover,
the dominated convergence theorem yields the strong convergence [E[ fo Y™ (t) —
Y*(1)|2dt] = 0,n — oo.

2. The convergence of (2", U", C""),en. From (14.32) we deduce

E[|c"(T)|*] §K(]E[|E|2]+]E[/ | f(5,0,0,0)| ds]+E[ sup |Y"(s)] ]

0<s<T

T 2 2
]E[/ 12" ()] ds}+IE[/ /|U”(s,z)| Aq(dz)ds])
0 0 R
T
_K(E[|s|z]+E[/ If(s,0,0,0)|2ds]

+]E[ sup |Y(s)| ]+E[ sup |Y0(S)| ]

0<s<T 0<s<T

+]E[/ |Z"(s)|2ds}+E|:/ /|U”(s,z)|zxq(dz)ds])
0 0 JR
T 2 T 2
SK(I—HE[/ 12" ()] ds]—HE[/ /|U”(s,z)| xq(dz)dsD,
0 0 JR

(14.33)

where we use the growth condition for f, the bound for Y and Theorem 2.3.3.
From the dynamics of |Y"(¢) 12, see (3.8), we also obtain
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T T
|Y"(0)|2+]E[/0 |z"(s)|2ds}+]E[/0 A\U"(s,z)ﬁq(dz)ds}

T
:IE[|$|2]+2E|:/ Y”(s)f(s,Y”(s),Z”(s),U"(s))ds:|
0
T
+2E|:/ Y"(s)dC"(s):|
0
T
SK(E[|5|2]+1E[/ |f(s,0,0,0)‘2ds}+(a+l+ﬁ)<E[ sup [¥(s)[’]
o 0 o

0<s<T
T
+E[ sup |Y°(s)|2])+éEUO |Z"(S)|2ds}

0<s<T

o

T
+1E[/ / |U”(s,z)|2kq(dz)ds] +%E[|C”(T)|2]>, (14.34)
0 JR

where we use the growth condition for f, inequality (3.10) and the bound for Y".
Choosing o and g sufficiently large and combining (14.33) with (14.34), we can
derive the uniform bound

T T
E[/ |zn(s)|2ds]+E[/ / |U”(s,z)|2)»q(dz)ds} +IE3[|C”(T)|2] <K.
0 0 R
(14.35)

We can conclude that there exists a subsequence of (2", U", C"),en which con-
verges weakly to (Z*, U*, C*) in H>(R) x H%\,(R) x H2(R).

3. The existence of a minimal solution to (14.30)—(14.31). One can show that
(Y*, Z*,U*, C*) e S5 (R) x H*(R) x Hy (R) x S? _(R), the convergence results

from item b) hold and (Y*, Z*, U*, C*) satisfies the equation

T T
Y*(t):§+/ f(s,Y*(s),Z*(s),U*(s,.))ds—/ Z*(s)dW (s)
t

t

T
—/ [U*(s,z)N(ds,dz)+C*(T)—C*(t), 0<t<T.
t R

Moreover, the process C* is predictable. We omit the details and we refer to
Lemma 3.5 in Kharroubi et al. (2010) and Proposition 4.2 in Bouchard and Elie
(2008). We now prove that the triple (Y*, Z*, U*) satisfies the constraint (14.31) and
that Y* is a minimal solution to (14.30)—(14.31), i.e. Y*(t) <Y (¢),0<t < T, for
any other solution (¥, Z, U, C) € S*(R) x H2(R) x H3 (R) x S?,.(R) to (14.30)-
(14.31). By the Lipschitz property of ¥~ we have

T
’E[/ / v (6, Y"(0), Z" 1), U"(, z))kq(dz)dti|
0 R

T
—EU /1//‘(t,Y*(t),Z*(t),U*(z,z))Aq(dz)dt]
0 R
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T T
5K<EU |Y"(t)—Y*(t)|dt]+E[/ |Z"(t)—Z*(t)|dti|
0 0
T
+EU /|U”(t,z)—U*(t,z)|xq(dz)dt]), (14.36)
0 R

and from the convergence of (Y", Z", U"),en We deduce that the left-hand side of
(14.36) converges to zero. Hence, we get

I E[C™(T)]
m ———— =
n— 00 n

T
lim E|;/ f lﬂ_(s, Y"(s), Z"(s), U" (s, z)))»q(dz)dsi|
n—>oo O R

T
:EU /w(S’Y*(s)’Z*(S)’U*(S»Z))kq(dz)ds] (14.37)
0 JR

By (14.35) the left-hand side of (14.37) converges to zero. Hence, the constraint
(14.31) is satisfied for (Y*, Z*, U*). Since the sequence (Y"), N is upper-bounded
by the solution Y, the limit Y* is also bounded by Y and, consequently, Y* is a
minimal solution to (14.30)—(14.31) in the sense that Y*(¢) <Y (),0<t < T, for
any solution Y to (14.30)—(14.31).

4. The uniqueness of a minimal solution to (14.30)—(14.31). If Y is a minimal
solution, then Y is unique by the definition of a minimal solution. Assume that
we have two minimal solutions (Y, Z, U, C), (Y, Z',U’,C") € S*(R) x H2(R) x
H3 (R) x S?,.(R) to the BSDE (14.30) and C and C’ are predictable. Then, from

mnc

(14.30) we obtain
t
/ /(U(s,z) —U'(s,2))N(ds, dz)
0 JR
1

= /0 (f(s,Y (), Z(5),U(9)) = f(s.Y(5), Z'(5), U'(5)))ds
t
0
+C(0)—C(), 0<i<T. (14.38)

t
—/ (Z(s)—z’(s))dW(s)+/ /(U(s,z)—U’(s,z))xq(dz)ds
0 JR

Since the process on the right-hand side of (14.38) is predictable, the process on
the left-hand side of (14.38) is predictable as well. Recalling Theorem 2.3.2, Defi-
nition 3.5.1 and the remark after that definition, we deduce that

/ (U(t,2) = U'(t,2))N({t},dz) =0, 0<t<T, (14.39)
R

and, consequently, we get
t
/ (Z(s) — Z(5))dW (s)
0

t
=/0 (f(s.Y (), Z(5),U()) = f(s5.Y(5), Z'(5), U'(5)))ds
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t
—/ /(U(s,z)—U’(s,z))xq(dz)ds+c’(z)—C(z), 0<t<T.
0 JR
(14.40)

From (14.39) we get that U (¢, z) = U’ (¢, z) a.s., 9-a.e. (w,1,z7) € 2 x [0,T] x R.
From (14.40) we have Z(t) = Z'(¢t) as., ae. (w,t) € £2 x [0, T] since a fi-
nite variation, continuous martingale is constant. The uniqueness of C follows
from (14.30). O

Assumptions under which there exists a solution (l? ,2,0,C ) € S2(R) x
H?(R) x H% (R) x S?,.(R) to the constrained BSDE (14.30)~(14.31) can be found
in Kharroubi et al. (2010) and Elie and Kharroubi (2013). In the proof of Theo-
rem 14.3.1 we applied the so-called monotonic limit theorem for BSDE:s to establish
the convergence of the sequence (Y”, Z", U", C"), <N, see Peng (1999), Kharroubi
et al. (2010) and Elie and Kharroubi (2013).

We now investigate an investment problem which naturally leads to a constrained
BSDE. The next example also shows why in finance we should be interested in

finding a minimal solution to a BSDE.

Example 14.7 We consider the financial market (7.1)—(7.2). The goal is to find a
replicating strategy and a replicating portfolio for a financial claim F. However,
admissible replicating strategies 7 € 27 are now constrained to satisfy ¢ (t, 7 (¢)) >
0,0<t <T,e.g. short-selling of the stock is not allowed. We can deduce that the
replicating portfolio X7 is given by the dynamics

dX™ () =n (1) (u)dt + o (O)dW (1)) + (X7 (1) — 7 (0))r (1)dt — dC(1).

The initial value of the replicating portfolio should be sufficiently high so that the in-
vestor can replicate the claim despite the constraint imposed on the strategy. As time
passes, the capital invested in the portfolio may become too large, the constraint may
not be binding and the investor can withdraw capital from the replicating portfolio.
The process C represents the cumulative amount withdrawn from the replicating
portfolio (i.e. the profit to the hedger). We can notice that the problem of replicating
a financial claim F under a constraint ¥ on the replicating strategy is equivalent to
the problem of solving the constrained BSDE

T
Yt)=F +f (—Y(s)r(s) — Z(s)@(s))ds
t

T
—f Z(s)YdW(s)+C(T)—-C(r), 0<t<T, (1441)
t

V(. Z®)) =0, as.,ae. (w,1)eR2x[0,T]

Moreover, we are interested in finding the smallest replicating portfolio for the
claim (the smallest price process). Hence, we should aim to find a minimal so-
lution (Y*, Z*, C*) to the constrained BSDE (14.41). Such a solution exists by
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Theorem 14.3.1. Investment problems under constraints on investment portfolios
and investment strategies and constrained BSDEs are investigated in Cvitani¢ et al.
(1998).

Let us now require that the control process U related to the jump component of
a BSDE is non-positive. Such a constraint is of great importance for the theory and
applications.

Proposition 14.3.1 Let the random measure N be generated by a compound Pois-
son process. We assume that the compensator of the random measure is defined on
HB(0,T]) x B(E) where E C R is a compact set. We investigate the constrained
FBSDE

t t
%(r):x+/ ,u(%(s—))ds+f o (2 (s—))ds
0 0
t
+/ /y(%(s—),z)N(ds,dz), 0<r<T,
0 JE

T T
Y1) =g(2(1))+ /f( %(S—))ds—/ Z(s)dW(s)  (14.42)

t

/ / U(s,z) — R(Z (s—),z))N(ds, dz)
+C(T)—-C(), 0<t<T,
U(t,z) <0, a.s., P-ae (w,t,2) €2 x[0,T] xR.

There exists a unique minimal solution (Y*,Z* U* C*) € S*(R) x H2(R) x
(R) x S? (R) to the constrained FBSDE (14.42). Moreover, the process Y*

nc
has the representation

T
Y () = sup El:g(&w X(T)) / f(s, 2 (s—))ds

(Ti X)€@, TIXE
+ Z (2" (i — )Xli| 0=<r=<T,
t=u=t (14.43)
%”x(s)—x—i—/ (%t’x(r )dr—i—/ o %”(r ))dW(r)

+ Z %”(r, )Xz) t<s<T.

1<t <s

For detailed formulation and the proof we refer to Kharroubi et al. (2010).
By Proposition 14.3.1 the minimal solution Y* to the constrained FBSDE (14.42)
coincides with the optimal value function of the impulse control problem (14.43).



276 14 Other Classes of BSDEs

Since impulse control processes are common in insurance and finance, constrained
BSDE:s are also useful for solving actuarial and financial optimization problems.

Example 14.8 Let 2" denote a wealth process of a financial institution. The share-
holders are allowed to pay out dividends (x;);>1. However, the dividend payment
x yields cost & + Bx. The goal is to find an optimal dividend plan. Let g and R
denote two utility functions. We are interested in solving the following optimization
problem

Y*t)=  sup E[ea(rl)g(%t’x(T))
(T, X)€@, TIXE

+ > e’“”‘”R(x,')}, 0<r=<T,

t<t; <T
X (s) = x + /S w( 2 (r—))dr + /sa(«%””x(r—))dw(")
t t

— Y (@+Bx), t1<s<T.

I<T;<§

By Proposition 14.3.1 the optimal value function Y* can be characterized as a min-
imal solution to a constrained BSDE.

Example 14.9 Let us consider a swing option. The holder of a swing option has the
right to sell, whenever he wants over a time period [0, 7], an underlying asset S
against a fixed strike K. The holder can exercise the right at most n times and the
interval between two consecutive exercise date must be at least §. The price of the
swing option can be characterized as a minimal solution to a constrained BSDE, see
Bernhart et al. (2010).

Finally, it is worth pointing out the connection in the spirit of a non-linear
Feynman-Kac formula between the solution to a constrained FBSDE and the so-
lution to quasi-variational inequalities. It is well known that in a Markovian setting
the optimal value function of the impulse control problem (14.43) can be charac-
terized as a unique solution to quasi-variational inequalities, see Theorem 6.2 in
@ksendal and Sulem (2004). It turns out that the minimal solution to a constrained
FBSDE provides a probabilistic representation of the unique viscosity solution to
quasi-variational inequalities, see Kharroubi et al. (2010) for details.

Bibliographical Notes Time-delayed BSDEs were introduced in Delong and
Imkeller (2010a) and Delong and Imkeller (2010b). The proof of Proposition 14.1.1
is a slight modification of the proof from Delong (2012c) and it uses the arguments
developed by Cvitani¢ and Karatzas (1994). Reflected BSDEs were introduced by
El Karoui et al. (1997a). The proofs of Theorems 14.2.1 and 14.2.2 are taken from
Hamadene and Ouknine (2003). For reflected BSDEs with non-Lipschitz generators
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we refer to Kobylanski et al. (2002), Bahlali et al. (2002), Bahlali et al. (2005). Con-
strained BSDEs were introduced in Kharroubi et al. (2010) and Elie and Kharroubi
(2013). The proof of Theorem 14.3.1 is taken from Elie and Kharroubi (2013). Nu-
merical methods for reflected BSDEs have been well-studied, and we refer to Gobet
and Lemor (2006) for the regression-based approach and to Peng and Xu (2011) for
arandom walk approximation. A numerical method for solving a constrained BSDE
was suggested by Kharroubi et al. (2010). We point out that in the literature we also
find second order BSDEs which were introduced by Cheridito et al. (2007) and de-
veloped by Soner et al. (2012), as well as reflected second order BSDEs which were
introduced by Matoussi et al. (2013).
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