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INTRODUCTION

These notes have been prepared for the graduate course tought at the Fields
Institute, Toronto, during the Thematic program on quantitative finance which
was held from January to June, 2010.

I would like to thank all participants to these lectures. It was a pleasure for
me to share my experience on this subject with the excellent audience that was
offered by this special research semester. In particular, their remarks and com-
ments helped to improve parts of this document, and to correct some mistakes.

My special thanks go to Bruno Bouchard, Mete Soner and Agnes Tourin
who accepted to act as guest lecturers within this course. These notes have
also benefitted from the discussions with them, and some parts are based on my
previous work with Bruno and Mete.

These notes benefitted from careful reading by Matheus Grasselli and Tom
Salisbury. I greatly appreciate their help and hope there are not many mistakes
left.

I would like to express all my thanks to Matheus Grasselli, Tom Hurd, Tom
Salisbury, and Sebastian Jaimungal for the warm hospitality at the Fields Insti-
tute, and their reqular attendance to my lectures.

These lectures present the modern approach to stochastic control problems
with a special emphasis on the application in financial mathematics. For ped-
agogical reason, we restrict the scope of the course to the control of diffusion
processes, thus ignoring the presence of jumps.

We first review the main tools from stochastic analysis: Brownian motion
and the corresponding stochastic integration theory. This already introduces
to the first connection with partial differential equations (PDE). Indeed, by
1t6’s formula, a linear PDE pops up as the infinitesimal counterpart of the
tower property. Conversely, given a nicely behaved smooth solution, the so-
called Feynman-Kac formula provides a stochastic representation in terms of a
conditional expectation.

We then introduce the class of standard stochastic control problems where
one wishes to maximize the expected value of some gain functional. The first
main task is to derive an original weak dynamic programming principle which
avoids the heavy measurable selection arguments in typical proofs of the dy-
namic programming principle when no a priori regularity of the value function

7



8 CHAPTER 0. INTRODUCTION

is known. The infinitesimal counterpart of the dynamic programming princi-
ple is now a nonlinear PDE which is called dynamic programming equation,
or Hamilton-Jacobi-Bellman equation. The hope is that the dynamic program-
ming equation provides a complete characterization of the problem, once com-
plemented with appropriate boundary conditions. However, this requires strong
smoothness conditions, which can be seen to be violated in simple examples.

A parallel picture can be drawn for optimal stopping problems and, in fact,
for the more general control and stopping problems. In these notes we do not
treat such mixed control problem, and we rather analyze separately these two
classes of control problems. Here again, we derive the dynamic programming
principle, and the corresponding dynamic programming equation under strong
smoothness conditions. In the present case, the dynamic programming equation
takes the form of the obstacle problem in PDEs.

When the dynamic programming equation happens to have an explicit smooth
solution, the verification argument allows to verify whether this candidate in-
deed coincides with the value function of the control problem. The verification
argument provides as a by-product an access to the optimal control, i.e. the
solution of the problem. But of course, such lucky cases are rare, and one should
not count on solving any stochastic control problem by verification.

In the absence of any general a priori regularity of the value function, the
next development of the theory is based on viscosity solutions. This beautiful
notion was introduced by Crandal and Lions, and provides a weak notion of
solutions to second order degenerate elliptic PDEs. We review the main tools
from viscosity solutions which are needed in stochastic control. In particular,
we provide a difficulty-incremental presentation of the comparison result (i.e.
maximum principle) which implies uniqueness.

We next show that the weak dynamic programming equation implies that the
value function is a viscosity solution of the corresponding dynamic programming
equation in a wide generality. In particular, we do not assume that the controls
are bounded. We emphasize that in the present setting, there is no apriori
regularity of the value function needed to derive the dynamic programming
equation: we only need it to be locally bounded ! Given the general uniqueness
results, viscosity solutions provide a powerful tool for the characterization of
stochastic control and optimal stopping problems.

The remaining part of the lectures focus on the more recent literature on
stochastic control, namely stochastic target problems. These problems are moti-
vated by the superhedging problem in financial mathematics. Various extensions
have been studied in the literature. We focus on a particular setting where the
proofs are simplified while highlighting the main ideas.

The use of viscosity solutions is crucial for the treatment of stochastic target
problems. Indeed, deriving any a priori regularity seems to be a very difficult
task. Moreover, by writing formally the corresponding dynamic programming
equation and guessing an explicit solution (in some lucky case), there is no
known direct verification argument as in standard stochastic control problems.
Our approach is then based on a dynamic programming principle suited to this
class of problems, and called geometric dynamic programming principle, due to



a further extension of stochastic target problems to front propagation problems
in differential geometry. The geometric programming principle allows to obtain
a dynamic programming equation in the sense of viscosity solutions. We provide
some examples where the analysis of the dynamic programming equation leads
to a complete solution of the problem.

We also present an interesting extension to stochastic target problems with
controlled probability of success. A remarkable trick allows to reduce these
problems to standard stochastic target problems. By using this methodology,
we show how one can solve explicitly the problem of quantile hedging which
was previously solved by Follmer and Leukert [21] by duality methods in the
standard linear case in financial mathematics.

A further extension of stochastic target problems consists in involving the
quadratic variation of the control process in the controlled state dynamics.
These problems are motivated by examples from financial mathematics related
to market illiquidity, and are called second order stochastic target problems. We
follow the same line of arguments by formulating a suitable geometric dynamic
programming principle, and deriving the corresponding dynamic programming
equation in the sense of viscosity solutions. The main new difficuly here is to
deal with the short time asymptotics of double stochastic integrals.

The final part of the lectures explores a special type of stochastic target
problems in the non-Markov framework. This leads to the theory of backward
stochastic differential equations (BSDE) which was introduced by Pardoux and
Peng [33]. Here, in contrast to stochastic target problems, we insist on the
existence of a solution to the stochastic target problem. We provide the main
existence, uniqueness, stability and comparison results. We also establish the
connection with stochastic control problems. We finally show the connection
with semilinear PDEs in the Markov case.

The extension of the theory of BSDEs to the case where the generator is
quadratic in the control variable is very important in view of the applications
to portfolio optimization problems. However, the existence and uniqueness can
not be addressed as simply as in the Lipschitz case. The first existence and
uniqueness results were established by Kobylanski [27] by adapting to the non-
Markov framework techniques developed in the PDE literature. Instead of this
hilghly technical argument, we report the beautiful argument recently developed
by Tevzadze [39], and provide applications in financial mathematics.

The final chapter is dedicated to numerical methods for nonlinear PDEs.
We provide a complete proof of convergence based on the Barles-Souganidis
motone scheme method. The latter is a beautiful and simple argument which
exploits the stability of viscosity solutions. Stronger results are provided in the
semilinear case by using techniques from BSDEs.

Finally, I should like to express
all my love to my family:
Christine, our sons Ali and Héni, and our doughter Lilia,
who accompanied me during this visit to Toronto,
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all my thanks to them for their patience while I was preparing these notes,
and all my apologies for my absence even when I was physically present...



Chapter 1

CONDITIONAL EXPECTATION
AND LINEAR PARABOLIC
PDEs

Throughout this chapter, (Q, F,F, P) is a filtered probability space with filtra-
tion F = {F%, t > 0} satisfying the usual conditions. Let W = {W;, t > 0} be
a Brownian motion valued in R?, defined on (Q, F,F, P).

Throughout this chapter, a maturity 7' > 0 will be fixed. By H?, we denote
the collection of all progressively measurble processes ¢ with appropriate (finite)

dimension such that E [fOT |¢>t|2dt} < 0.

1.1 Stochastic differential equations

In this section, we recall the basic tools from stochastic differential equations
dXt = bt(Xt)dt —+ O't(Xt)th, te [0, T], (11)

where T' > 0 is a given maturity date. Here, b and o are F® B(R™)-progressively
measurable functions from [0, 7] x Q x R™ to R™ and Mg(n,d), respectively.
In particular, for every fixed x € R™, the processes {b;(z),ov(x),t € [0,T]} are
F—progressively measurable.

Definition 1.1. A strong solution of (1.1) is an F—progressively measurable
process X such that fOT(|bt(Xt)| +]o+(Xy)|?)dt < o0, a.s. and

t t
X = Xo +/ bs(Xs)ds +/ os(Xs)dWs, t€][0,T].
0 0
Let us mention that there is a notion of weak solutions which relaxes some
conditions from the above definition in order to allow for more general stochas-

tic differential equations. Weak solutions, as opposed to strong solutions, are

11



12 CHAPTER 1. CONDITIONAL EXPECTATION AND LINEAR PDEs

defined on some probabilistic structure (which becomes part of the solution),
and not necessarily on (Q, F,F,P, ). Thus, for a weak solution we search for a
probability structure (Q, F,F.P, W) and a process X such that the requirement
of the above definition holds true. Obviously, any strong solution is a weak
solution, but the opposite claim is false.

The main existence and uniqueness result is the following.

Theorem 1.2. Let Xy € L? be a r.v. independent of W. Assume that the
processes b (0) and o (0) are in H2, and that for some K > 0:

(b1 () = be(y)] + ov(x) — ou(y)| < K|z —y| forall t€0,T], z,y € R".
Then, for all T > 0, there exists a unique strong solution of (1.1) in H2. More-

over,

E[sup|Xt|2} < C(1+E[X]?) e, (1.2)
t<T

for some constant C = C(T, K) depending on T and K.

Proof. We first establish the existence and uniqueness result, then we prove the
estimate (1.2).
Step 1 For a constant ¢ > 0, to be fixed later, we introduce the norm

- 1/2
[9l|mz == E / e_Ct|¢t|2dt1 for every ¢ € H2.
0

Clearly , the norms |[|.|lg> and |.|lg2 on the Hilbert space H? are equivalent.
Consider the map U on H? by:

t t
U(X); = X0+/ bS(XS)ds+/ oo(X)dW,,  0<t<T.
0 0

By the Lipschitz property of b and ¢ in the z—variable and the fact that
b.(0),0.(0) € H2, it follows that this map is well defined on H2. In order
to prove existence and uniqueness of a solution for (1.1), we shall prove that
U(X) € H? for all X € H? and that U is a contracting mapping with respect to
the norm ||.||gz for a convenient choice of the constant ¢ > 0.

1- We first prove that U(X) € H? for all X € H2. To see this, we decompose:

/OT /Otbs(Xs)dsgdt]
/OT /t oa(X)dW, th]

0
By the Lipschitz-continuity of b and ¢ in x, uniformly in ¢, we have |b;(x)|?> <
K(1+1b:(0)]? + |x|?) for some constant K. We then estimate the second term

IUOIE < 3TIXol|E: +3TE

+3E




1.1. STOCHASTIC DIFFERENTIAL EQUATIONS 13

by:
2
dt

E < KTE

T ft
/ / bs(Xs)ds
o |Jo
since X € H?, and b(.,0) € L2([0, T)).
As, for the third term, we use the Doob maximal inequality together with

the fact that |oy(z)]?> < K(1 + |04(0)|? + |z|?), a consequence of the Lipschitz
property on o:

/T(1 b (0)2 + |X52)ds] < o0,
0

T pt 2 t 2
E[/ /(TS(XS)dWS dt] < TE |max / 0s(Xs)dWs dt]
o IJo t<T" |Jo
T
< 4TE / US(XS)Fds]
0
< 4TKE

/T(l + |os(0)]* + Xs|2)ds] < 0.
0

2- To see that U is a contracting mapping for the norm ||.|[gz2, for some convenient
choice of ¢ > 0, we consider two process X,Y € H? with Xg = Yp, and we
estimate that:

E|U(X); = UY)[*

/0 (bu(X.) — by(Y2)) ds

2
+2E

2

IN

2E /0 (US(XS) - US(YS)) AW

- /0 (bo(X) — ba(Y2)) ds +21E/0 l0s(X,) — 0 (Vo) 2 ds

t t
< uE |b5(XS)—bS(YS)|2ds+2E/ 05(Xs) — 05 (Y2)[ ds
0 0

t
< 2(T+1)K/E|X57Ys|2ds.
0

2K(T+1
Hence, |U(X) - U(Y)]|, < KT +1)
ing mapping for sufficiently large c.

Step 2 We next prove the estimate (1.2). We shall alleviate the notation writ-
ing by 1= bs(Xs) and o, := 05(X;). We directly estimate:

| X — Y., and therefore U is a contract-

U u 2
E{sup|Xu|2} = E |sup X0+/ bsder/ osdW, 1
u<t u<t 0 0
t u 2
< 3<E|X02+tE U |bs|2ds}+]E sup/ osdW, D
0 u<t |JO
<

t t
3<IEXO|2+tIE [/ bs|2ds]+4E [/ |as|2ds]>
0 0
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where we used the Doob’s maximal inequality. Since b and o are Lipschitz-
continuous in x, uniformly in ¢ and w, this provides:

t
E{supxuﬂ < C(K,T) (1+IEX0|2+/ E{Sup|Xu2} ds)
0

u<t u<s

and we conclude by using the Gronwall lemma. O

The following exercise shows that the Lipschitz-continuity condition on the
coefficients b and o can be relaxed. We observe that further relaxation of this
assumption is possible in the one-dimensional case, see e.g. Karatzas and Shreve
[24].

Exercise 1.3. In the context of this section, assume that the coefficients p
and o are locally Lipschitz and linearly growing in x, uniformly in (t,w). By a
localization argument, prove that strong existence and uniqueness holds for the
stochastic differential equation (1.1).

In addition to the estimate (1.2) of Theorem 1.2, we have the following
flow continuity results of the solution of the SDE. In order to emphasize the
dependence on the initial date, we denote by {X%® s > t} the solution of the
SDE (1.1) with initial condition X} = x.

Theorem 1.4. Let the conditions of Theorem 1.2 hold true, and consider some
(t,z) € [0,T) x R™ witht <¢ <T.
(i) There is a constant C such that:

E [ sup |XH* — Xﬁ’x/|2|] < Ce%Viw— a2 (1.3)
t<s<t’

(ii) Assume further that B := sup,y<p(t' —t)7'E f:/ (|6r(0)* + | (0)[?)dr <

oo. Then for allt' € [t,T]:

E [ sup |X§w — Xg*”

t'<s<T

2@ < CeT(B + |zt —t|. (1.4)

Proof. (i) To simplify the notations, we set X, := X%* and X/ := X* for all
s € [t,T]. We also denote dz :=z —2', §X := X — X', §b :=b(X) — b(X') and
do :=0c(X) — o(X'). We first decompose:

)

3(|6;c|2+‘/tsébudu‘Q—I—‘/tséouqu

3(|5m|2+(s—t)/ ]5bu|2du+/ S, dW,
t t

16X

IN

IN

)\
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Then, it follows from the Doob maximal inequality and the Lipschitz property
of the coeflicients b and o that:

h(t') ::E{ sup |6XS|2] < 3<|(5x|2+(s—t)/ E](Sbu\zdu+4/ ]E\(saufdu)
t<s<t/ t t
< 3 <|§x|2+K2(t’+4) / ]EéXu|2du>
t
<

3 (|§x|2 + K%(t + 4) /t h(u)du) .

Then the required estimate follows from the Gronwall inequality.

(ii) We next prove (1.4). We again simplify the notation by setting X, := X5%
s € [t,T], and X! := X!* s € [t/,T]. We also denote 6t := t'—t, § X := X — X,
0b :=b(X)—b(X’) and d0 := 6(X)—0o(X"'). Then following the same arguments
as in the previous step, we obtain for all v € [¢/,T:

u
h(u) ::IE[ sup |5XS|2} < 3<]E|Xt, —x\2+K2(T+4)/ E|6XT|2dr>
t'<s<u t

3 <]E|Xy — x>+ K*(T + 4)/
t/

IN

h(r)dr) (1.5)

Observe that

t’ 2 t’ 2
E|Xy — 2> < 2<]E’/ bT(XT)dr‘ +E‘/ UT(Xr)dr’>
t t

t t’
2 (T/ E|br(XT)\2dr+/ E|JT(XT)2dr>
t t

t/
< 6(T+1)/ (KE|X, — 2|* + |z|* + E[b,(0)[*)dr
t

IN

< 6(T+ 1)((# —t)(|lz|> + B) + K /t/ E|X, — x\%zr).

By the Gronwall inequality, this shows that
E|Xy —z> < C(z]>+ B)|t' — |1,

Plugging this estimate in (1.5), we see that:

u

h(u) < 3(C(|x2+B)|t’—t|ec(t’—t)+K2(T—|—4)// h(r)dr),(lﬁ)

and the required estimate follows from the Gronwall inequality. &
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1.2 Markov solutions of SDEs

In this section, we restrict the coefficients b and o to be deterministic functions
of (¢,z). In this context, we write

be(z) = b(t, ), ou(x) =0o(t,x) for te€[0,T], z €R",
where b and o are continuous functions, Lipschitz in x uniformly in ¢. Let X*
denote the solution of the stochastic differential equation

Xhe :x+/ b(u,Xff”)du—F/ o(u, X,)dW, s>t
t ¢

The two following properties are obvious:

e Clearly, X* = F (t,x,s, (W — Wi)i<u<s) for some deterministic function
F.

t,x
o Fort<u<s: X;‘ = XSU’X“ . This follows from the pathwise uniqueness,
and holds also when u is a stopping time.

With these observations, we have the following Markov property for the solutions
of stochastic differential equations.

Proposition 1.5. (Markov property) For all 0 <t < s:
E[®(Xy,t<u<s)|F] = E[®(X,t<u<s)|Xy
for all bounded function ® : C([t,s]) — R.

1.3 Connection with linear partial differential
equations

1.3.1 Generator

Let {X1® s >t} be the unique strong solution of
S S
Xt = g —|—/ b(u, XL¥)du —|—/ o(u, XE")dW,, s > t,
t t

where p and o satisfy the required condition for existence and uniqueness of a
strong solution.
For a function f : R® — R, we define the function Af by

Af(t,x) = lim E[f(thrf;L)] — f(2)

Clearly, Af is well-defined for all bounded C?— function with bounded deriva-
tives and

if the limit exists.

Af(t,xz) = b(t,z) - Df(x)+ %Tr [oo™(t,2)D* f(z)], (1.7)



1.3. CONNECTION WITH PDE 17

where Df and D? f denote the gradient and Hessian of f, respectively. (Exercise
!). The linear differential operator A is called the generator of X. It turns out
that the process X can be completely characterized by its generator or, more
precisely, by the generator and the corresponding domain of definition.

As the following result shows, the generator provides an intimate connection
between conditional expectations and linear partial differential equations.

Proposition 1.6. Assume that the function (t,x) — v(t,z) := E [g(XtTI] is
C12([0,T) x R™). Then v solves the partial differential equation:

v
E—I—AU—O and o(T,.)=g.

Proof. Given (t,z), let 7y := T Ainf{s > t : |[X1® —z| > 1}. By the law of

iterated expectation together with the Markov property of the process X, it
follows that

o(t,z) = E[v(s/\n,Xﬁ’fﬁ)].

Since v € C12([0,T),R"™), we may apply Ito’s formula, and we obtain by taking

expectations:
SATY 8
0 = E [/ (U + Av) (u,Xff”)du]
f ot

SAT1 av
E [ | ) ~a<u,xfﬂ>dwu}
f ox

SATy 61} ‘o
E [/t (at + .Av) (u, X, )du] ,

where the last equality follows from the boundedness of (u, X5*) on [t, sAT1]. We
now send s \ t, and the required result follows from the dominated convergence
theorem. O

1.3.2 Cauchy problem and the Feynman-Kac representa-
tion

In this section, we consider the following linear partial differential equation

9+ Av — k(t,z)v + f(t,2) =0, (t,2)€[0,T) x R? (18)
o(T,.)=g -
where A is the generator (1.7), g is a given function from R to R, k and f are
functions from [0,7] x R? to R, b and o are functions from [0, 7] x R¢ to R?
and and Mg(d, d), respectively. This is the so-called Cauchy problem.
For example, when k = f =0, b = 0, and ¢ is the identity matrix, the above
partial differential equation reduces to the heat equation.
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Our objective is to provide a representation of this purely deterministic prob-
lem by means of stochastic differential equations. We then assume that b and
o satisfy the conditions of Theorem 1.2, namely that

T
b,o0 Lipschitz in z uniformly in ¢, / (1b(t,0)|* + |o(t,0)?) dt < 00.(1.9)
0

Theorem 1.7. Let the coefficients b, o be continuous and satisfy (1.9). Assume
further that the function k is uniformly bounded from below, and f has quadratic
growth in x uniformly in t. Let v be a C1? ([O,T),Rd) solution of (1.8) with
quadratic growth in x uniformly in t. Then

v(t,z) = E

T
[ B s, X yds + 5 (X%m)] . t<T zeR?,
t

where {X* s > t} is the solution of the SDE 1.1 with initial data X" = x,
and 4% = e~ S ou, X307 du fort<s<T.

Proof. We first introduce the sequence of stopping times
Tp = T/\inf{s>t : |X§’$75E‘ zn} ,

and we oberve that 7,, — T P—a.s. Since v is smooth, it follows from It6’s
formula that for t < s < T

d (B (s, Xg7)) = B° <_kv + % + Av) (s, X0%) ds

t,z@ tx) | t,x
+85 o (5, X0%) -0 (s, X07) dW,
= phe <_f(s7X£vl')ds + % (s,ng) .o (s,ng) dWS> ,
by the PDE satisfied by v in (1.8). Then:
E [877v (mn, X77)] = v(t, 7)

9
= E [/t BT (—f(S,Xs)ds + 8—;} (5, X5%) - o (s, X1 dWsﬂ .

Now observe that the integrands in the stochastic integral is bounded by def-
inition of the stopping time 7,, the smoothness of v, and the continuity of o.
Then the stochastic integral has zero mean, and we deduce that

o(tz) = E{ /TnBngf(s7X§@)ds+ﬁifv(7n,Xjf)}. (1.10)

t
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Since 7, — T and the Brownian motion has continuous sample paths P—a.s.
it follows from the continuity of v that, P—a.s.

/ "B f (5, X17) ds 4 BhTo (7, X5)

t
T
"ii"/ BLTf (s, X07) ds + By (T, X7") (1.11)
t

T
= [ (o) s i ()
t

by the terminal condition satisfied by v in (1.8). Moreover, since k is bounded
from below and the functions f and v have quadratic growth in z uniformly in
t, we have

[0 (5. X ds ot 7o (e XE)

t

< C <1—|—max|Xt|2> .
t<T

By the estimate stated in the existence and uniqueness theorem 1.2, the latter
bound is integrable, and we deduce from the dominated convergence theorem
that the convergence in (1.11) holds in L!(PP), proving the required result by
taking limits in (1.10). &

The above Feynman-Kac representation formula has an important numerical
implication. Indeed it opens the door to the use of Monte Carlo methods in order
to obtain a numerical approximation of the solution of the partial differential
equation (1.8). For sake of simplicity, we provide the main idea in the case
f=k=0.Let (XO®,...,X®) be an iid sample drawn in the distribution of

t,x
X", and compute the mean:

Op(t,x) =

zg (x0).

By the Law of Large Numbers, it follows that 0 (t,z) — v(t, z) P—a.s. More-
over the error estimate is provided by the Central Limit Theorem:

T =

VE (0 (t, ) — v(t, x)) o N (0,Var [g (XtTT)]) in distribution,

and is remarkably independent of the dimension d of the variable X !

1.3.3 Representation of the Dirichlet problem

Let D be an open subset of R?. The Dirichlet problem is to find a function u
solving:

Au—ku+ f=0onD and u=gondD, (1.12)
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where dD denotes the boundary of D, and A is the generator of the process
X% defined as the unique strong solution of the stochastic differential equation

t t
X0 :x+/ u(s,Xg’””)der/ o(s, XP")dWs, t > 0.
0 0

Similarly to the the representation result of the Cauchy problem obtained in
Theorem 1.7, we have the following representation result for the Dirichlet prob-
lem.

Theorem 1.8. Let u be a C?—solution of the Dirichlet problem (1.12). Assume
that k is nonnegative, and

E[rd] < oo, x € RY, where 73 := inf {t >0 X?,z ¢ D} .

Then, we have the representation:

u(lz) = E
0

g (ng) o fo*f‘n k(Xo)ds | /TD / (Xf"’) o I Ig(Xé)dsdt‘| ]

Exercise 1.9. Provide a proof of Theorem 1.8 by imitating the arguments in
the proof of Theorem 1.7.

1.4 The Black-Scholes model

1.4.1 The continuous-time financial market

Let T be a finite horizon, and (2, 7,P) be a complete probability space sup-
porting a Brownian motion W = {(W},...,W¢), 0 < t < T} with values in R9.
We denote by F = FW = {F;, 0 <t < T} the canonical augmented filtration of
W, i.e. the canonical filtration augmented by zero measure sets of Frp.

We consider a financial market consisting of d + 1 assets :

(i) The first asset SY is locally riskless, and is defined by

t
SY = exp</ Tudu>, 0<t<T,
0

where {r;,t € [0,T]} is a non-negative adapted processes with foT ridt < 0o a.s.,
and represents the instantaneous interest rate.

(ii) The d remaining assets S% i = 1,...,d, are risky assets with price
processes defined by the dynamics

d
= uidt—i—Za;’detj, t € 10,7,

Jj=1

St
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for 1 <i < d, where p, o are F—adapted processes with fOT |u§|dt+f0T o [2dt <
oo foralli,j =1,...,d. It is convenient to use the matrix notations to represent
the dynamics of the price vector S = (S%,...,S9):

dSt = St * (/,Ltdt + Utth) 5 te [0, T],

where, for two vectors z,y € R%, we denote z %y the vector of R? with compo-
nents (z*y); = z;y;, ¢ = 1,...,d, and p, o are the R?—vector with components
p’s, and the Mg(d, d)—matrix with entries o®7.

We assume that the Mg(d, d)—matrix oy is invertible for every ¢ € [0,T]
a.s., and we introduce the process

/\t::at_l(,ut—rtl), 0<t<T,

called the risk premium process. Here 1 is the vector of ones in R?. We shall
frequently make use of the discounted processes

- A ¢
St = o5 = Spexp —/ rodu |,
Sy 0

Using the above matrix notations, the dynamics of the process S are given by

dSy = Spx ((ue —rel)dt + 0 dWy) = Spx oy (\edt + dWy) .

1.4.2 Portfolio and wealth process

A portfolio strategy is an F—adapted process 7 = {m,0 < ¢ < T'} with values
in RY. For 1 <i<mnand0<t<T,n!isthe amount (in Euros) invested in
the risky asset S°.

We next recall the self-financing condition in the present framework. Let X[
denote the portfolio value, or wealth, process at time ¢ induced by the portfolio
strategy m. Then, the amount invested in the non-risky asset is X7 — Y"1 | 7}
= XZT — Tt - 1.

Under the self-financing condition, the dynamics of the wealth process is
given by

“ql o XF—m-1
dXT = Z%dsg + %dsfg.
. t t

Let X™ be the discounted wealth process
~ t
X = Xfexp(—/ rudu), 0<t<T.
0

Then, by an immediate application of It6’s formula, we see that

dX, = 7 -0 (Mdt+dW,), 0<t<T, (1.13)
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where 7; ;= e~ o rudug  We still need to place further technical conditions on
7, at least in order for the above wealth process to be well-defined as a stochastic
integral.

Before this, let us observe that, assuming that the risk premium process
satisfies the Novikov condition:

E {e% foT|’\t‘2‘“} < oo,
it follows from the Girsanov theorem that the process

t
B, = Wt—i—/ Nodu, 0<t<T, (1.14)
0

is a Brownian motion under the equivalent probability measure

T T
1
Q:=Zr-Pon Fr where Zr :=exp (—/ Ay - dW,, — 5/ |)\u|2du> .
0 0

In terms of the @Q Brownian motion B, the discounted price process satisfies
dS; = S;*oudBy, tel0,T],

and the discounted wealth process induced by an initial capital Xy and a port-
folio strategy 7 can be written in

t
X[ = X0+/ T 0udBy, for 0<t<T. (1.15)
0

Definition 1.10. An admissible portfolio process m1 = {m,t € [0,T]} is an

F—progressively measurable process such that fOT lofm|2dt < oo, a.s. and the
corresponding discounted wealth process is bounded from below by a Q—martingale

ng >M], 0<t<T, forsomeQ—martingale MT.

The collection of all admissible portfolio processes will be denoted by A.

The lower bound M™, which may depend on the portfolio 7, has the interpre-
tation of a finite credit line imposed on the investor. This natural generalization
of the more usual constant credit line corresponds to the situation where the
total credit available to an investor is indexed by some financial holding, such as
the physical assets of the company or the personal home of the investor, used as
collateral. From the mathematical viewpoint, this condition is needed in order
to exclude any arbitrage opportunity, and will be justified in the subsequent
subsection.

1.4.3 Admissible portfolios and no-arbitrage

We first define precisely the notion of no-arbitrage.
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Definition 1.11. We say that the financial market contains no arbitrage op-
portunities if for any admissible portfolio process 6 € A,

Xo=0and X% >0P—as. implies X9 = 0P — a.s.

The purpose of this section is to show that the financial market described
above contains no arbitrage opportunities. Our first observation is that, by the
very definition of the probability measure Q, the discounted price process S
satisfies:

the process {5}, 0<t< T} is a Q — local martingale. (1.16)

For this reason, Q is called a risk neutral measure, or an equivalent local mar-
tingale measure, for the price process S.
We also observe that the discounted wealth process satisfies:

X7 is a Q—local martingale for every = € A, (1.17)

as a stochastic integral with respect to the Q—Brownian motion B.

Theorem 1.12. The continuous-time financial market described above contains
no arbitrage opportunities, i.e. for every m € A:

Xo=0and X7 >0P—-as. = X;=0P—a.s.

Proof. For m € A, the discounted wealth process f( ™ is a Q—local martingale
bounded from below by a Q—martingale. Then X™ is a Q—super-martingale.

In particular, E? [Xﬂ < Xy = Xo. Recall that Q is equivalent to P and S°

is strictly positive. Then, this inequality shows that, whenever X7 = 0 and
X7 > 0P—as. (or equivalently Q—a.s.), we have X7 = 0 Q—a.s. and therefore
X7 =0P-as. &

1.4.4 Super-hedging and no-arbitrage bounds

Let G be an Fpr—measurable random variable representing the payoff of a deriva-
tive security with given maturity 7' > 0. The super-hedging problem consists in
finding the minimal initial cost so as to be able to face the payment G without
risk at the maturity of the contract T

V(G) = inf{XgeR : X7 >GP—a.s. for some 7€ A} .

Remark 1.13. Notice that V(G) depends on the reference measure P only by
means of the corresponding null sets. Therefore, the super-hedging problem is
not changed if P is replaced by any equivalent probability measure.

We now show that, under the no-arbitrage condition, the super-hedging
problem provides no-arbitrage bounds on the market price of the derivative se-
curity.
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Assume that the buyer of the contingent claim G has the same access to
the financial market than the seller. Then V(G) is the mazimal amount that
the buyer of the contingent claim contract is willing to pay. Indeed, if the seller
requires a premium of V(G) 4 2¢, for some ¢ > 0, then the buyer would not
accept to pay this amount as he can obtain at least G by trading on the financial
market with initial capital V(G) + €.

Now, since selling of the contingent claim G is the same as buying the con-
tingent claim —G, we deduce from the previous argument that

—V(—=G) < market price of G < V(G). (1.18)

1.4.5 The no-arbitrage valuation formula
We denote by p(G) the market price of a derivative security G.

Theorem 1.14. Let G be an Fr—measurabel random variable representing the
payoff of a derivative security at the maturity T > 0, and recall the notation

G = Gexp (f fOT rtdt). Assume that EQ[|G|] < co. Then

p(@) = V(G) = E%G]

Moreover, there exists a portfolio n* € A such that Xg* = p(G) and X{«* =G,
a.s., that is ™ is a perfect replication strategy.

Proof. 1- We first prove that V(G) > E2[G]. Let X, and w € A be such that
X7 > G, as. or, equivalently, qu > G a.s. Notice that X™ is a Q—super-
martingale, as a Q—local martingale bounded from below by a Q—martingale.
Then X, = Xy > EQ[X7] > EQ[G].

2- We next prove that V(G) < EQ[G]. Define the Q—martingale Y; := EQ[G|F}]
and observe that FW = FB. Then, it follows from the martingale representa-
tion theorem that Y; = Yy + f oT ¢ - dBy for some F—adapted process ¢ with

fOT |p¢|?dt < 0o a.s. Setting 7* := (0 7)~1¢, we see that
T ~
e A and Yo—&—/ 7 - 0dBy = G P — as.
0

which implies that Yy > V(G) and 7* is a perfect hedging stratgey for G,
starting from the initial capital Yj.

3- From the previous steps, we have V(G) = E2[G]. Applying this result to —G,
we see that V(—G) = —V(G), so that the no-arbitrage bounds (1.18) imply that
the no-arbitrage market price of G is given by V(G). O

1.4.6 PDE characterization of the Black-Scholes price

In this subsection, we specialize further the model to the case where the risky
securities price processes are Markov diffusions defined by the stochastic differ-
ential equations:

dSt = St * (T(t, St)dt + (J'(t7 St)dBt) .
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Here (t,s) — sxr(t,s) and (¢,s) — s*o(t, s) are Lipschitz-continuous func-
tions from Ry x [0,00)¢ to R? and Sy, successively. We also consider a Vanilla
derivative security defined by the payoff

G = g(S7),

where g : [0,00)¢ — R is a measurable function bounded from below. By
an immediate extension of the results from the previous subsection, the no-
arbitrage price at time ¢ of this derivative security is given by

V(LS) = EQfem K St ] = EQ e I rtnSdug(sp)s, ],

where the last equality follows from the Markov property of the process S.
Assuming further that g has linear growth, it follows that V has linear growth
in s uniformly in ¢. Since V is defined by a conditional expectation, it is expected
to satisfy the linear PDE:

1
—8tV—rs*DV—§Tr[(s*a)2D2V]+rV = 0. (1.19)

More precisely, if V € C12(R,,R?), then V is a classical solution of (1.19) and
satisfies the final condition V(T,.) = g. Coversely, if the PDE (1.19) combined
with the final condition v(T,.) = g has a classical solution v with linear growth,
then v coincides with the derivative security price V.
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Chapter 2

STOCHASTIC CONTROL
AND DYNAMIC PROGRAMMING

In this chapter, we assume that the filtration F is the P—augmentation of the
canonical filtration of the Brownian motion W. This restriction is only needed
in order to simplify the presentation of the proof of the dynamic programming
principle. We will also denote by

S := [0,7) xR? where T € [0,cc].
The set S is called the parabolic interior of the state space. We will denote by
S := cl(S) its closure, i.e. S =[0,7] x R? for finite T, and S = S for T’ = oco.
2.1 Stochastic control problems in standard form
Control processes. Given a subset U of R, we denote by U the set of all pro-

gressively measurable processes v = {1, t < T} valued in U. The elements of
U are called control processes.

Controlled Process. Let

b (to,u) €SxU — b(t,x,u) € R?
and
o (t,z,u) eSxU — o(t,z,u) € Mg(n,d)
be two continuous functions satisfying the conditions

[b(t, z,u) — b(t,y,u)| + |o(t,z,u) —o(t,y,u)| < K |x—y|, (2.1)
ot )| + oty 0)| < K (14 Ja] + Jul). (2.2)

27
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for some constant K independent of (¢, x,y,u). For each control process v € U,
we consider the controlled stochastic differential equation :

dXt = b(t,Xt,Vt)dt+ O'(t,Xt,l/t)th. (23)

If the above equation has a unique solution X, for a given initial data, then
the process X is called the controlled process, as its dynamics is driven by the
action of the control process v.

We shall be working with the following subclass of control processes :

Uy = UNH?, (2.4)

where H? is the collection of all progressively measurable processes with finite
L2(Q x [0,7))—norm. Then, for every finite maturity 7 < T, it follows from
the above uniform Lipschitz condition on the coefficients b and o that

T/
E / (16| +|o1?) (s, 2,v5)ds| < oo forall velUy, xR,
0

which guarantees the existence of a controlled process on the time interval [0, "]
for each given initial condition and control. The following result is an immediate
consequence of Theorem 1.2.

Theorem 2.1. Let v € Uy be a control process, and & € L*(P) be an Fo—measurable
random variable. Then, there exists a unique F—adapted process XV satisfying
(2.3) together with the initial condition X§ = &. Moreover for every T > 0,
there is a constant C > 0 such that

E { sup |X;’|2] < C(1L+E[|E*)et  forall t<[0,T). (2.5)

0<s<t

Gain functional. Let
fik : 0,T)xRIxU — R and g : R? — R

be given functions. We assume that f,k are continuous and ||k~ || < oo (i.e.
max(—k,0) is uniformly bounded). Moreover, we assume that f and g satisfy
the quadratic growth condition :

[ftzw)| +lg(@)] < K1+ |ul +]zf),

for some constant K independent of (¢, z,w). We define the gain function J on
[0,T] x RY x U by :

T
J(tz,v) = E / BY(t,5)f (s, Xo™" ws)ds + B (, T)g(X5™" ) lr<oo |
t

when this expression is meaningful, where

Bt s) = e JiREXIT i
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and {X’*" s > t} is the solution of (2.3) with control process v and initial

condition X/ = z.
Admissible control processes. In the finite horizon case T' < oo, the quadratic
growth condition on f and g together with the bound on k™ ensure that J(t, z, v)
is well-defined for all control process v € Uy. We then define the set of admissible
controls in this case by Up.

More attention is needed for the infinite horizon case. In particular, the
discount term & needs to play a role to ensure the finiteness of the integral. In
this setting the largest set of admissible control processes is given by

Uy = {V eU: IE[/ BY(t, s) (14| XL [*+|vs)|)ds] < oo for allx} when T' = cc.
0

The stochastic control problem. Consider the optimization problem

V(t,x) := sup J(t,z,v) for (t,z)€S.
veUy
Our main concern is to describe the local behavior of the value function V
by means of the so-called dynamic programming equation, or Hamilton-Jacobi-
Bellman equation. We continue with some remarks.

Remark 2.2. (i) If V(t,z) = J(t,z, 0 4), we call &, , an optimal control for
the problem V' (¢, x).

(ii) The following are some interesting subsets of controls :

- a process v € Uy which is adapted to the natural filtration FX of the
associated state process is called feedback control,

- a process v € Uy which can be written in the form v, = u(s, X;) for some
measurable map @ from [0,7] x R? into U, is called Markovian control;
notice that any Markovian control is a feedback control,

- the deterministic processes of Uy are called open loop controls.

(iii) Suppose that T < oo, and let (Y, Z) be the controlled processes defined
by

dYs = Zsf(s,Xs,vs)ds and dZs = —Zsk(s, Xs,vs)ds

and define the augmented state process X := (X,Y, Z). Then, the above
value function V can be written in the form :

Vit,e) = V(tz,0,1),
where T = (z,v, 2) is some initial data for the augmented state process X,
V(t,7) = Evz [9(X7)] and g(z,y,2) = y+g(2)z.

Hence the stochastic control problem V' can be reduced without loss of
generality to the case where f = k = 0. We shall appeal to this reduced
form whenever convenient for the exposition.
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(iv) Consider the case T' < co. In view of the previous Remark (iii), we may
assume without loss of generality that f = & = 0. Consider the value
function

Vit,x) = sgg{) E [g(X%m’”)] , (2.6)

differing from V' by the restriction of the control processes to
Uy = {v €Uy : v independent of F;}. (2.7)
Since U, C Uy, it is obvious that V < V. We claim that
vV =Y, (2.8)

so that both problems are indeed equivalent. To see this, fix (¢t,x) € S and
v € Up. Then, v can be written as a measurable function of the canonical
process v((ws)o<s<t, (Ws — wi)i<s<T), Where, for fixed (ws)o<s<t, the map
V(ws)o<ozr (ws —wi)i<s<r = V((Ws)o<s<t, (Ws — wi)t<s<T) can be viewed
as a control independent on F;. Using the independence of the increments
of the Brownian motion, together with Fubini’s Lemma, it thus follows
that

t’m’uws 0<s t
) = [B[G" =] aB((wocs)

< /V(t,x)dP((ws)ogsgt) = V(t,x).

By arbitrariness of v € Uy, this implies that V(t, x) > V(t,x).

(v) The extension of the previous Remark (iv) to the infinite horizon case is
also immediate.

2.2 The dynamic programming principle

2.2.1 A weak dynamic programming principle

The dynamic programming principle is the main tool in the theory of stochastic
control. In these notes, we shall prove rigorously a weak version of the dy-
namic programming which will be sufficient for the derivation of the dynamic
programming equation. We denote:

Vi(t,z) ;= liminf V(¢,2’) and V*(t,x):= limsup V(¢,2),

t',x")—(t,x) (t",x")—(t,x)

for all (t,2) € S. We also recall the subset of controls U; introduced in (2.7)
above.
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Theorem 2.3. Assume that V is locally bounded. Let (t,z) € S be fized. Let
{607, v € Us} be a family of finite stopping times independent of Fy with values
in [t,T]. Then:

V(t,z) < supE
veUy

/ BY(t, ) f (s, X", vs)ds + B”(tﬁ”)V*(@”,XéLx’”)] :
t

Assume further that g is lower-semicontinuous and Xy 1 ¢v) is L.°°—bounded
for allv € Uy. Then

V(t,z) > supE l/ BY(t,s)f(s, XE™Y vy)ds + ﬂ”(t,@”)V*(G”,Xg’f’y)] i
veEU: t
We shall provide an intuitive justification of this result after the following
comments. A rigorous proof is reported in Section 2.2.2 below.

(i) If V is continuous, then V' =V, = V*, and the above weak dynamic pro-
gramming principle reduces to the classical dynamic programming princi-

ple:

V(ta Qf) = sup Et,w
vel

0
/t ﬁ(t,s)f(s,xs,ys)ds+ﬁ(t,9)V(a,X9)](2.9)

(ii) In the discrete-time framework, the dynamic programming principle (2.9)
can be stated as follows :

V(ta) = sup Eig [f(tXpu) + e HX0V (@ 41,x,)]
uelU

Observe that the supremum is now taken over the subset U of the finite
dimensional space R*. Hence, the dynamic programming principle allows
to reduce the initial maximization problem, over the subset U of the in-
finite dimensional set of R¥—valued processes, into a finite dimensional
maximization problem. However, we are still facing an infinite dimen-
sional problem since the dynamic programming principle relates the value
function at time ¢ to the value function at time ¢ + 1.

(iii) In the context of the above discrete-time framework with finite horizon
T < o0, notice that the dynamic programming principle suggests the fol-
lowing backward algorithm to compute V as well as the associated optimal
strategy (when it exists). Since V(T,-) = g is known, the above dynamic
programming principle can be applied recursively in order to deduce the
value function V (¢, ) for every t.

(iv) In the continuous time setting, there is no obvious counterpart to the
above backward algorithm. But, as the stopping time 6 approaches t,
the above dynamic programming principle implies a special local behavior
for the value function V. When V is known to be smooth, this will be
obtained by means of It6’s formula.



32 CHAPTER 2. STOCHASTIC CONTROL, DYNAMIC PROGRAMMING

(v) It is usually very difficult to determine a priori the regularity of V. The
situation is even worse since there are many counter-examples showing
that the value function V' can not be expected to be smooth in general;
see Section 2.4. This problem is solved by appealing to the notion of
viscosity solutions, which provides a weak local characterization of the
value function V.

(vi) Once the local behavior of the value function is characterized, we are
faced to the important uniqueness issue, which implies that V is com-
pletely characterized by its local behavior together with some convenient
boundary condition.

Intuitive justification of (2.9). Let us assume that V is continuous. In
particular, V is measurable and V =V, = V*. Let V(t,w) denote the right
hand-side of (2.9).

By the tower Property of the conditional expectation operator, it is easily
checked that

0
J(tew) = B, /1Bwsﬁ®w&w@Ms+ﬁ@ﬁ%N&me
t

Since J(#, Xg,v) < V (0, Xg), this proves that V < V. To prove the reverse
inequality, let u € U and € > 0 be fixed, and consider an e—optimal control v*
for the problem V (6, Xy), i.e.

J(0,Xp,v°) > V(0,Xp) —e.

Clearly, one can choose v® = 1 on the stochastic interval [¢,0]. Then

v

V(t,.T) J(t,’l,’,l/s) = Et,m

0
/t B(t,5)[f (s, Xs, ps)ds + B(t,0)J (6, Xo, VE)]

Y

0
Eml/ﬂmﬁﬂ&&wm®+5@@V@Xw-fEmWQWL

This provides the required inequality by the arbitrariness of p € U and € > 0.
¢

Exercise. Where is the gap in the above sketch of the proof ?

2.2.2 Dynamic programming without measurable selec-
tion

In this section, we provide a rigorous proof of Theorem 2.3. Notice that, we
have no information on whether V is measurable or not. Because of this, the
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right-hand side of the classical dynamic programming principle (2.9) is not even
known to be well-defined.

The formulation of Theorem 2.3 avoids this measurability problem since
V. and V* are lower- and upper-semicontinuous, respectively, and therefore
measurable. In addition, it allows to avoid the typically heavy technicalities
related to measurable selection arguments needed for the proof of the classical
dynamic programming principle (2.9) after a convenient relaxation of the control
problem, see e.g. El Karoui and Jeanblanc [16].

Proof of Theorem 2.3 For simplicity, we consider the finite horizon case
T < o0, so that, without loss of generality, we assume f = k = 0, See Remark
2.2 (iii). The extension to the infinite horizon framework is immediate.

1. Let v € U; be arbitrary and set 6 := 6”. Then:

E [g (X2"") |Fo] (w) = J(0(w), Xy ™" (w); Tu),
where 7, is obtained from v by freezing its trajectory up to the stopping time
0. Since, by definition, J(0(w), X5™" (w); ,) < V*(O(w), Xy™" (w)), it follows
from the tower property of conditional expectations that

Elg(xXz™)] = E[E[g(Xp"") | Fo]] < E[V(0,X"")],

which provides the second inequality of Theorem 2.3 by the arbitrariness of
IS Ut.
2. Let € > 0 be given, and consider an arbitrary function

¢:S — R such that ¢ upper-semicontinuous and V' > ¢.
2.a. There is a family (V(S’y)’a)(s,y)es C Uy such that:
vvE e Y and J(s,y; v5YF) > V(s,y) —e, forevery (s,y) € S(2.10)

Since g is lower-semicontinuous and has quadratic growth, it follows from Theo-
rem 2.1 that the function (¢, ') + J(t', z'; v(*¥):¢) is lower-semicontinuous, for
fixed (s,y) € S. Together with the upper-semicontinuity of ¢, this implies that
we may find a family (r(s,y))(s,)es of positive scalars so that, for any (s,y) € S,

@(s,y) — p(t',2') > — and J(s,y; V) — J(, 2/; 00 €) < ¢

for (1) € Bs, (e, 1)
where, for » > 0 and (s,y) € S,
B(s,y;7) = {({t,2')eS : t'e(s—mrs), |2 —y|<r}. (2.12)

Note that we do not use here balls of the usual form B,(s,y). The fact that
t' < s for (t',2') € B(s,y;r) will play an important role in Step 3 below.
Clearly, {B(s,y;r) c(s,y) €8S, 0<r < r(&y)} forms an open covering of
[0,T) x R Tt then follows from the Lindeldf covering Theorem, see e.g. [15]
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Theorem 6.3 Chap. VIII, that we can find a countable sequence (t;, x;, r;)i>1
of elements of S x R, with 0 < r; < 7, 4,) for all i > 1, such that S C
{T} x RYU (Uis1 B(ts, 457)). Set Ag := {T} x RY, C_y := (), and define the
sequence
Aip1 = B(ti+17$i+1;’l"i+1) \ C; where C;:=C;_1UA;, i>0.

With this construction, it follows from (2.10), (2.11), together with the fact that
V > ¢, that the countable family (A;);>o satisfies

(G,Xé”m’u) € U120A1 P — a.s., AN Aj = () for i }éj €N, (2 13)

and J(;v4°) > p—3con A; for i > 1, '

where 1€ 1= p(ti:@i)e for § > 1.
2.b.  We now prove the first inequality in Theorem 2.3. We fix v € U; and
0c 7'[fT]. Set A™ := Up<i<nAi, n > 1. Given v € Uy, we define for s € [t,T7:

v = T (s)vs + L,my(s) (Vs]-(A")“(aa X" + Z 14,(0, Xé’””’”)z/if).
=1

Notice that {(6, X;™") € A;} € F}, and therefore =" € U;. By the definition
of the neighbourhood (2.12), notice that 6§ = 6 At; <t; on {(0, X{,(0)) € A;}.
Then, it follows from (2.13) that:

E[g(x;‘;f”’”s’") \.7:0} Lan (0, X57") = V(T7 X%z,ym)le (0, x0%)

+) J0, X5 )1, (0, X5)
=1

n

Z (p(0, X" —3¢) 14, (0, X57")
1=0

= (00, X5™") = 32) Lan (6, X5™"),

which, by definition of V' and the tower property of conditional expectations,
implies

Vv

Vt,z) > J(t,x,vom)
- ufels (i) ]
> E[(p (6, X57") = 3¢) Lan (0.X7™)]

+E [g (X5™) Lean)e (60, X577)] .
Since g (X3™") € LY, it follows from the dominated convergence theorem that:
V(t,e) > =3¢ +liminfE [p(6, Xg™")Lan (6, X5™")]
— el B [pl0 X5 Ly (0.X(7)
i B [0, L (0.5
= —3c+E[p0,X5"")],
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where the last equality follows from the left-hand side of (2.13) and from the
monotone convergence theorem, due to the fact that either E [@(9, X;’w’”)“‘] <
oo or E [@(Q,Xg’z’”)*] < 00. By the arbitrariness of v € Uy and € > 0, this
shows that:

V(t,z) > supE[p(0, X5"")]. (2.14)

veUy

3. It remains to deduce the first inequality of Theorem 2.3 from (2.14). Fix
r > 0. It follows from standard arguments, see e.g. Lemma 3.5 in [35], that
we can find a sequence of continuous functions (¢ ), such that ¢, <V, <V
for all n > 1 and such that ,, converges pointwise to Vi on [0,7] x B,(0).
Set ¢ = min,>y ¢, for N > 1 and observe that the sequence (¢n)n is non-
decreasing and converges pointwise to Vi on [0,T] x B,(0). By (2.14) and the
monotone convergence Theorem, we then obtain:

Vita) = Jim E [on (6", X7,(0°)] = [Va(6", X7,(0")]

2.3 The dynamic programming equation

The dynamic programming equation is the infinitesimal counterpart of the dy-
namic programming principle. It is also widely called the Hamilton-Jacobi-
Bellman equation. In this section, we shall derive it under strong smoothness
assumptions on the value function. Let Sy be the set of all d X d symmetric
matrices with real coefficients, and define the map H : S x R x R? x Sy by :

H(t7 x) T‘7p7 PY)

1
= sup {—k(t, x,u)r + b(t,x,u) -p+ iTr[aaT(t,x, w)y] + f(t,x,u)} .
uelU

We also need to introduce the linear second order operator L£" associated to
the controlled process {5%(0,t) X}, ¢ > 0} controlled by the constant control
process u :

LU%(t,x) = =kt z,u)p(t,z) + bt z,u) - Do(t, )
+%Tr [oo™ (t,z,u)D%p(t, )],

where D and D? denote the gradient and the Hessian operators with respect to
the z variable. With this notation, we have by It6’s formula:

BY(0, 8)p(s, X¥) — B (0, )plt, XV) = / BY(0,7) (B, + L) (r, X dr
+f 80,7 Dp(r, X2) - o (r, X, 1) dW,
t

for every s > t and smooth function ¢ € CY%([t,s],R%) and each admissible
control process v € Uy.
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Proposition 2.4. Assume the value function V€ CY2([0,T),R%), and let the
coefficients k(-,-,u) and f(-,-,u) be continuous in (t,x) for all fized u € U.
Then, for all (t,x) € S:

-0,V (t,x) — H (t,z,V(t,x), DV (t,x), D*V(t,x)) > 0. (2.15)

Proof. Let (t,z) € S and v € U be fixed and consider the constant control
process v = u, together with the associated state process X with initial data
Xy =z. For all h > 0, Define the stopping time :

Op = inf{s>t : (s—t,X;—x)¢[0,h) xaB} ,

where o > 0 is some given constant, and B denotes the unit ball of R?. Notice
that 0, — t, P—a.s. when h \, 0, and ), = h for h < h(w) sufficiently small.
1. From the first inequality of the dynamic programming principle, together
with the continuity of V', it follows that :

On

B0,)V (L, z) — 5(0,0n)V (0n, Xp,) — t 5”(077“)f(7",Xr,u)d7“]

0 S Et,w

On
= _]Et T

)

t

BU0,7)(OV + LV + f)(r, Xr,u)dr]

on
—E; [ 8“(0,7) DV (r, X,.) - o(r, Xr,u)dwrl ,
t

the last equality follows from It6’s formula and uses the crucial smoothness
assumption on V.

2. Observe that 8(0,7)DV (r,X,) - o(r, X;,u) is bounded on the stochastic
interval [t, 0;]. Therefore, the second expectation on the right hand-side of the
last inequality vanishes, and we obtain :

1 On

—FE. | =
t, A

BU0, 1)V + LV + f)(r, X, u)dr} > 0

We now send h to zero. The a.s. convergence of the random value inside the
expectation is easily obtained by the mean value Theorem; recall that 6, = h
for sufficiently small A > 0. Since the random variable h~! teh B0, r)(LV +
£)(r, X, u)dr is essentially bounded, uniformly in A, on the stochastic interval
[t,0r], it follows from the dominated convergence theorem that :

-V (t,x) — LV (t,z) — f(t,x,u) > O.

By the arbitrariness of v € U, this provides the required claim. &

We next wish to show that V satisfies the nonlinear partial differential equa-
tion (2.16) with equality. This is a more technical result which can be proved by
different methods. We shall report a proof, based on a contradiction argument,
which provides more intuition on this result, although it might be slightly longer
than the usual proof reported in standard textbooks.
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Proposition 2.5. Assume V € CY2([0,T),R%) and H(.,V.DV,D?*V) > —oo0.
Assume further that k is bounded and the function H is continuous. Then, for
all (t,x) € S:
—0,V(t,z) — H (t,,V(t,z),DV(t,z),D*V(t,z)) < 0. (2.16)
Proof. Let (to, 7o) € [0,T) x R? be fixed, assume to the contrary that
(9tV(t07 :L‘()) + H (lf()7 X0, V(to, 1‘0), DV(to, CE()), DQV(to, .’IJ())) < 0, (217)

and let us work towards a contradiction.
1. For a given parameter € > 0, define the smooth function ¢ > V by

o(t,z) = V(t,z)+e (|t —to] + |z —mo|*).
Then

(V = p)(to,z0) =0, (DV — Dy)(to,x0) =0, (9V — drp)(to, o) =0,
and (D?V — D?¢)(to,z0) =0,
and it follows from the continuity of H and (2.17) that:
h(t,z) == (Owp + H(.,0, Dp, D*p))(t,z) <0 for (t,z) €N,, (2.18)
for some sufficiently small parameter r > 0, where N, := (to — r,tg + 1) X
rB(to,zo) C [-r,T] x R™.

2. From the definition of ¢, we have

—n = rgﬁ/i{(v —¢) < 0. (2.19)

For an arbitrary control process v € Uy,, we define the stopping time
0" :=inf{t >ty : X0 & N, },

and we observe that (%, X,27°") € ON, by the pathwise continuity of the
controlled process. Then, it follows from (2.19) that:

(0, X2™) = n+V(0Y, X)), (2.20)

3. For notation simplicity, we set 3% := 3 (to, s). Since 8} = 1, it follows from
Ito’s formula that:

V(to,r0) = ¢(to,zo)

E[g.0(0°, Xj2™) -
)

o
/ 55(&+£”ﬁ)¢(s,X§°’w°’”)d8}
t
> E[ﬂg,,w(a”,Xg‘;’””o’” +
t

‘.
| B = (s xoe)as]

0
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By the definition of h. Since (s, X!:*0¥) € N, on [to,6") it follows from (2.18)
and (2.20) that:

o
V(to, zo) > nE[Bgy]+E[/ ﬂ:f(s,X§°*””°*”,us)ds+Bg,,V(ﬁ”,Xg‘i’%’y)}

to

v

91./
eI e +E[/ Bs”f(s,Xgo"'”"’”,ys)ds+59”VV(9”,X;‘,1’$°’”)].

to

Since n > 0 does not depend on v, it follows from the arbitrariness of v € Uy,
and the continuity of V' that the last inequality is in contradiction with the
second inequality of the dynamic programming principle of Theorem (2.3). <

As a consequence of Propositions 2.4 and 2.5, we have the main result of
this section :

Theorem 2.6. Let the conditions of Propositions 2.5 and 2.4 hold. Then, the
value function V' solves the Hamilton-Jacobi-Bellman equation

-0,V —H(,V,DV,D*V) =0 on S. (2.21)

2.4 On the regularity of the value function

The purpose of this paragraph is to show that the value function should not be
expected to be smooth in general. We start by proving the continuity of the
value function under strong conditions; in particular, we require the set U in
which the controls take values to be bounded. We then give a simple example
in the deterministic framework where the value function is not smooth. Since
it is well known that stochastic problems are “more regular” than deterministic
ones, we also give an example of stochastic control problem whose value function
is not smooth.

2.4.1 Continuity of the value function for bounded con-
trols

For simplicity, we reduce the stochastic control problem to the case f =k =0,
see Remark 2.2 (iii). We will also concentrate on the finite horizon case T' < co.
The corresponding results in the infinite horizon case can be obtained by similar
arguments. Our main concern, in this section, is to show the standard argument
for proving the continuity of the value function. Therefore, the following results
assume strong conditions on the coefficients of the model in order to simplify the
proofs. We first start by examining the value function V' (¢, -) for fixed ¢ € [0, T7.

Proposition 2.7. Let f = k =0, T < oo, and assume that g is Lipschitz
continuous. Then:
(i) V is Lipschitz in x, uniformly in t.
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(ii) Assume further that U is bounded. Then V is %—H(')'lder—continuous mt,
and there is a constant C > 0 such that:

V(t,e) -Vt z)| < CA+|z)VI[t—t|; tt €[0,T], x € R

Proof. (i) For z,2' € R% and t € [0,T), we first estimate that:

|V(t; x) - V(t,[L‘/)| S SU-Z/I{) E g (X;’J“’”) —g (X,;,zwl’y)
veUp

IN

t,x,v t,a:’,u
Const sup E ’XT - X7
vEUp

< Const |z —2'|,

where we used the Lipschitz-continuity of g together with the flow estimates
of Theorem 1.4, and the fact that the coefficients b and o are Lipschitz in =
uniformly in (¢,u). This compltes the proof of the Lipschitz property of the
value function V.

(ii) To prove the Holder continuity in ¢, we shall use the dynamic programming
principle.

(ii-1) We first make the following important observation. A careful review
of the proof of Theorem 2.3 reveals that, whenever the stopping times 6" are
constant (i.e. deterministic), the dynamic programming principle holds true
with the semicontinuous envelopes taken only with respect to the x—variable.
Since V' was shown to be continuous in the first part of this proof, we deduce
that:

V(t,z) = sup E[V(¢,X/™")] (2.22)
veEUp

for all z € R, ¢t < ¢ € [0, T].
(ii-2) Fix x € R4 ¢t < t' € [0,T]. By the dynamic programming principle
(2.22), we have :

[V(t,z) =V (t',z)] = |supE [V(t',Xf,’x’V)] -V, x)
vely

< sup E[V(¢,X;7") - V(t,2)].
veUy

By the Lipschitz-continuity of V'(s,-) established in the first part of this proof,
we see that :

V(t,z) = V(t,z)] < Const sup E|X;"" —z|. (2.23)
vEUp

We shall now prove that

supE [ X[ —z| < Const (1+ |z|)|t — t'|'/2, (2.24)
veld
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which provides the required (1/2)—Holder continuity in view of (2.23). By
definition of the process X, and assuming ¢ < t', we have

2

t t
E|X;™ —2|" = E / b(r, XT,ur)dr—&—/ o (r, Xy, vp)dW,
t t
t/
< ConstE / \h(r, Xy, v,)|? dr
t
where h := [b%> + 02]*/2. Since h is Lipschitz-continuous in (t,z,u) and has

quadratic growth in x and u, this provides:
9 t t )
E|X;" —z|” < Const / (1+ |z]* + v ?)dr +/ E| XY — x| dr|.
t t

Since the control process v is uniformly bounded, we obtain by the Gronwall
lemma the estimate:

E|X55 — o

o = < Const (1 + |z])|t' — ], (2.25)

where the constant does not depend on the control v. &

Remark 2.8. When f and/or k are non-zero, the conditions required on f and
k in order to obtain the (1/2)—Holder continuity of the value function can be
deduced from the reduction of Remark 2.2 (iii).

Remark 2.9. Further regularity results can be proved for the value function
under convenient conditions. Typically, one can prove that £*V exists in the
generalized sense, for all v € U. This implies immediately that the result of
Proposition 2.5 holds in the generalized sense. More technicalities are needed in
order to derive the result of Proposition 2.4 in the generalized sense. We refer
to [20], §IV.10, for a discussion of this issue and to Krylov [28] for the technical
proofs.

2.4.2 A deterministic control problem with non-smooth
value function

Let 0 =0, b(z,u) = u, U = [—1,1], and n = 1. The controlled state is then the
one-dimensional deterministic process defined by :

Xs:XtJr/ ndt for 0<t<s<T.
t

Consider the deterministic control problem

V(t,x) = sup (Xr)2
veld
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The value function of this problem is easily seen to be given by :

Vi) = (x+T—1t)? forx >0 with optimal control @ =1,
&)= (r —T+1t)? forz <0 with optimal control & = —1 .

This function is continuous. However, a direct computation shows that it is not
differentiable at z = 0.

2.4.3 A stochastic control problem with non-smooth value
function

Let U = R, and the controlled process X* be the scalar process defined by the
dynamics:

dXéj = UVt th,

where W is a scalar Brownian motion. Then, for any v € Uy, the process X
is a martingale. Let ¢g be a function defined on R with linear growth |g(z)| <
C(1 + |z|) for some constant C' > 0. Then g(X%) is integrable for all T' > 0.
Consider the stochastic control problem

V(t,z) = sup E.,[g(X7)].
vely

Let us assume that V' is smooth, and work towards a contradiction.

1. If V is C+2([0,T),R), then it follows from Proposition 2.4 that V satisfies
1
—0,V — §u2D2V >0 forall ueR,

and all (¢,2) € [0,T) x R. By sending v to infinity, it follows that
V(t,-) is concave for all t € [0,7). (2.26)
2. Notice that V(t,z) > E; , [g(X%)] = g(z). Then, it follows from (2.26) that:
V(t,z) > ¢g*°"(x) forall (t,z)€[0,T) xR, (2.27)

where g°°"° denotes the concave envelope of g, i.e. the smallest concave majorant
of g. If g°°"¢ = oo, this already proves that V' = co. We then continue in the
case that g®°"° < oo.

conc

3. Since g < g°°"¢, we see that

V(t,z) = sup Ep[g(X7)] < sup Eio[g°"(X7)]. < ¢%"(2),
velop veUy
where the last equality follows from the Jensen inequality together with the
martingale property of the controlled process X”. In view of (2.27), we have
then proved that

Ve ¢¥2([0,7),R)
= V(t,z) = g"(z) for all (¢,z) € [0,T) x R.
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Now recall that this implication holds for any arbitrary function g with linear
growth. We then obtain a contradiction whenever the function ¢®°"° is not
C?(R). Hence

g ¢ C*R) = V ¢ C**([0,T),R?).



Chapter 3

OPTIMAL STOPPING AND
DYNAMIC PROGRAMMING

As in the previous chapter, we assume here that the filtration F is defined as the
P—augmentation of the canonical filtration of the Brownian motion W defined
on the probability space (2, F,P).

Our objective is to derive similar results, as those obtained in the previous
chapter for standard stochastic control problems, in the context of optimal stop-
ping problems. We will then first start with the formulation of optimal stopping
problems, then the corresponding dynamic programming principle, and dynamic
programming equation.

3.1 Optimal stopping problems

For 0 < ¢t < T < oo, we denote by T, 7} the collection of all F—stopping
times with values in [t,T]. We also recall the notation S := [0,7") x R™ for the
parabolic state space of the underlying state process X defined by the stochastic
differential equation:

dXt = b(t,Xt)dt+J(t,Xt)th, (31)

where b and ¢ are defined on S and take values in R” and S,,, respectively. We
assume that b and o satisfy the usual Lipschitz and linear growth conditions
so that the above SDE has a unique strong solution satisfying the integrability
proved in Theorem 1.2.

The infinitesimal generator of the Markov diffusion process X is denoted by

1
Ap:=b-Dyp+ §Tr [ooTD?%p] .
Let g be a continuous function from R™ to R, and assume that:

B | sw lsxl| < . (32)

0<t<T

43
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For instance, if g has polynomial growth, the previous integrability condition is
automatically satisfied. Under this condition, the criterion:

J(t,z,7):=E[g(XL7)] (3.3)

is well-defined for all (t,z) € S and 7 € T, ). Here, X5® denotes the unique
strong solution of (3.1) with initial condition X" = z.

The optimal stopping problem is now defined by:

V(t,z) == sup J(t,z,7) forall (t,x)€S. (3.4)
TE€T,1)

A stopping time 7 € T 7} is called an optimal stopping rule if V(t,z) =
J(t, z, 7).

The set

S = {{t,z): V(t,z) =g(z)} (3.5)

is called the stopping region and is of particular interest: whenever the state is
in this region, it is optimal to stop immediately. Its complement S¢ is called
the continuation region.

Remark 3.1. As in the previous chapter we could have allowed for the infinite
horizon T < oo, and we could have considered the appearently more general
criterion

Vi) = s B[ [ A0 X 4 B0 (40) 1]
TG'T[LT] t
with
B(t,s) :==e” Jik(sXads g0 g<t<s<T.

In the finite horizon case, this problem may be reduce to the context of (3.4)
by introducing the additional states

t
Y, = Yo+ / B,f (s, X4)ds,
0
t

Zy = Zy +/ Zsk(s, Xs)ds.
0
Also, the methodology which will be developed for the problem (3.4) naturally
extends to the infinite horizon case.
Remark 3.2. Consider the subset of stopping rules:
W,T] := {7 € Tymr : 7 independent of F;} . (3.6)

By a similar argument as in Remark 2.2 (iv), we can see that the maximization
in the optimal stopping problem (3.4) can be restricted to this subset, i.e.

V(t,x) .= sup J(t,z,7) forall (t,x)€S. (3.7)

€Tl
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3.2 The dynamic programming principle

The proof of the dynamic programming principle for optimal stopping problems
is easier than in the context of stochastic control problems of the previous chap-
ter. The reader may consult the excellent exposition in the book of Karatzas and
Shreve [25], Appendix D, where the following dynamic programming principle
is proved:

V(th) = S?P E [1{T<9}9(X?L) + 1{7’2«9}‘/(97X£)I)] ) (38)
TE 1,77

for all (t,7) € S and 7 € Ty, 7. In particular, the proof in the previous reference
does not require any heavy measurable selection, and is essentially based on the
supermartingale nature of the so-called Snell envelope process. Moreover, we
observe that it does not require any Markov property of the underlying state
process.

We report here a different proof in the spirit of the weak dynamic program-
ming principle for stochastic control problems proved in the previous chapter.
The subsequent argument is specific to our Markovian framework and, in this
sense, is weaker than the classical dynamic programming principle. However,
the combination of the arguments of this chapter with those of the previous
chapter allow to derive a dynamic programming principle for mixed stochastic
control and stopping problems.

The following claim will make use of the subset ’7'[27,}, introduced in (3.6),
of all stopping times in 7 7 which are independent of F;, and the notations:

Vi(t,x) := liminf V(¢,2’) and V*(¢t,x):= limsup V(¢,z)

(t",z")—(t,x) (t",x")—(t,x)

for all (t,z) € S. We recall that V, and V* are the lower and upper semicon-
tinuous envelopes of V', and that V, = V* = V whenever V is continuous.

Theorem 3.3. Assume that V is locally bounded. For (t,x) € S, let 6 € [;T]
be a stopping time such that Xé’z 18 bounded. Then:
V(t,l‘) < sup E [1{T<0}g(X:"z) + 1{7’2«9}‘/* (evX§7m)] ) (39)
T€7—[;T]
V(t,l’) Z Sip E [1{T<9}g(X$"I) + 1{T29}V*(07X;’I)>] . (310)
TE [in]

Proof. Inequality (3.9) follows immediately from the tower property and the
fact that J < V*.
We next prove inequality (3.10) with Vi, replaced by an arbitrary function

¢:S — R such ¢ is upper-semicontinuous and V > ¢,

which implies (3.10) by the same argument as in Step 3 of the proof of Theorem
2.3.
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Arguying as in Step 2 of the proof of Theorem 2.3, we first observe that, for
every € > 0, we can find a countable family A; C (¢; — 7, t;] X Ai_C S, together
with a sequence of stopping times 7%¢ in T[zl L i > 1, satisfying Ag = {T'} x R?
and

Uisod; =S, A; ﬂflj =@ fori#jeN, j(';Ti’E) > ¢ —3con A; for i > 1.
i i (3.11)
Set A" := U;j<,A;, n > 1. Given two stopping times 0,7 € T[f,T], it is easily
checked that

n

T = Tlircoy + 1m0} <T1 Anye (9 Xy :C) + ZTLE]'I‘L (Q’X;,x)>

i=1

defines a stopping time in ’T[;T]. We then deduce from the tower property and

(3.11) that
Vt,x) > J(t,z;7™°)

> E[g(XL7) 1{T<9} + 150y (90, X,7) — 32) 110 (0, X;°)]
+E [11r2019(X7") 1 nye (6, X)) -

By sending n — oo and arguing as in the end of Step 2 of the proof of Theorem
2.3, we deduce that

Vit,z) > E[g(X5") 1irco + 1rsop0(0, X50)] — 3¢,
and the result follows from the arbitrariness of ¢ > 0 and 7 € Tt .7 %

Remark 3.4. In the context of the optimal stopping V introduced in Remark
3.1, denoting 57 := S(t, s), the dynamic programming principle of Theorem 3.3
translates to:

V(t,z)< sup E
7'67_[sz]

ONT
B3 (5, X0)ds + B (Lrcog(X27) + 1T>eV*<97X;@>)]
t

V(t,z)> sup E
TGT

ONT
Btsf( Xt x)ds + BHAT( T<99(X7t—’x) + ITZGV*(07X57$)>‘|

[t,T] t

and suitable conditions inherited from the reduction of Remark 3.1. In this
setting, the derivation of the dynamic programming equation, in the subsequent
sections, involves the linear second order differential operator

1
Lo = —kp+Ap = ~kp+b- Do+ S Tr[oo D). (3.12)

3.3 The dynamic programming equation

In this section, we explore the infinitesimal counterpart of the dynamic program-
ming principle of Theorem 3.3, when the value function V' is a priori known to
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be smooth. The smoothness that will be required in this chapter must be so
that we can apply Ito’s formula to V. In particular, V' is continuous, and the
dynamic programming principle of Theorem 3.3 reduces to the classical dynamic
programming principle (3.8).

Loosely speaking, the following dynamic programming equation says the
following:

e In the stopping region S defined in (3.5), continuation is sub-optimal, and
therefore the linear PDE must hold with inequality in such a way that the
value function is a submartingale.

e In the continuation region S¢, it is optimal to delay the stopping decision
after some small moment, and therefore the value function must solve a
linear PDE as in Chapter 1.

Theorem 3.5. Assume that V € CY2([0,T),R™), and let g : R* — R be
continuous. Then V' solves the obstacle problem:

min{—(; + AV, V—-g} =0 on S. (3.13)

Proof. We organize the proof into two steps.
1. We first show that:

min{—(0; + AV, V—-g} >0 on S. (3.14)

The inequality V' — g > 0 is obvious as the constant stopping rule 7 =t € T, 1
is admissible. Next, for (to,zo) € S, consider the stopping times

O ==1inf {t > to: (£, X[0") & [to,to +h] x B} ,h >0,

where B is the unit ball of R™ centered at xy. Then 6}, € T[;T] for sufficiently
small h, and it follows from (3.10) and the continuity of V' that:

V(to,xz0) > E[V (0n,Xs,)]-

We next apply 1t6’s formula, and observe that the expected value of the diffusion
term vanishes because (¢, X;) lies in the compact subset [to,to + h] x B for
t € [to,0r]. Then:

_ On
-1 / @+ AV (5 X0 gt | > 0.

E
h to

Clearly, there exists hy > 0, depending on w, 0, = h for h < B Then, it
follows from the mean value theorem that the expression inside the expectation
converges P—a.s. to —(9; +.4)V (to, zo), and we conclude by dominated conver-
gence that —(0¢ + A)V (to, zo) > 0.

2. In order to complete the proof, we use a contradiction argument, assuming
that

V(to,z0) > 0 and — (0; + A)V (to,z9) > 0 at some (tg,x0) € S (3.15)
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and we work towards a contradiction of (3.9). Introduce the function
o(t,x) :=V(t,x) +e(|x —xo|* + |t —to|*) for (t,x) € S.

Then, it follows from (3.15) that for a sufficiently small e > 0, we may find
h > 0 and § > 0 such that

V Z g+5 and — (8t +A)§0 Z O on Nh = [to,to+h] X hB (316)

Moreover:
¥ Ig@f( p) < (3.17)
Next, let
0 = inf{t>to: (t,X,°") ¢ Ny}.

For an arbitrary stopping rule 7 € 7§ 7], We compute by Itd’s formula that:

E[V(rA0, X n0) —V(to,z0)] = E[(V—¢) (A0, Xrn0)]
+E o (T A0, X7p9) — ©(to, 20)]
= E [(V - (P) (T A 0; XT/\E’)]

N0
+E / (@0 + A)p(t, XLV dr | |

to

where the diffusion term has zero expectation because the process (£, X;°™°) is
confined to the compact subset A}, on the stochastic interval [to, T A ]. Since
—(0¢ + A)p > 0 on N}, by (3.16), this provides:

E[V(r A0, X n0) — V(to,zo0)] < E[(V—¢)(rANE,Xrn0)]
< —Plr >0,

by (3.17). Then, since V > g+ & on N}, by (3.16):

V(to,zo) > ~Pr>0]+E [(Q(Xio’wo) + 5) 1o,y +V (9, X;O’wo) 1{729}]
> (YA +E[g(X2™) oy +V (6, X,°7°) 1i>0y] -

By the arbitrariness of 7 € T[E 7] and the continuity of V, this provides the
desired contradiction of (3.9). &

Remark 3.6. In the context of the the optimal stopping V introduced in Re-
mark 3.1, we may derive the dynamic programming equation as the infinites-
imal counterpart of the dynamic programming principle of Remark 3.4. Fol-
lowing the same line of argument as in the previous proof, it follows that for
V € CY2([0,T),R"), the dynamic programming equation is given by the obsta-
cle problem:

min{-0,V - LV — f,V—g} =0 on S. (3.18)
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3.4 Regularity of the value function

3.4.1 Finite horizon optimal stopping

In this subsection, we consider the case T' < co. Similar to the continuity result
of Proposition 2.7 for the stochastic control framework, the following continuity
result is obtained as a consequence of the flow continuiy of Theorem 1.4 together
with the dynamic programming principle.

Proposition 3.7. Assume g is Lipschitz-continuous, and let T < oco. Then,
there is a constant C' such that:

V(t,z) - V(') < C (|33 — 2|+ /]t - t’|) for all (t,x),(t',2") € S.

Proof. (i) Fort € [0,T] and z, 2’ € R", it follows from the Lipschitz property
of g that:

|V(t,x) = V(t,z")] < Const sup E|XL* — Xb

TE€Tt, 1)

< ConstE sup ’Xﬁm - Xb
t<s<T
< Const |z — 2|

by the flow continuity result of Theorem 1.4.
ii) To prove the Holder continuity result in ¢, we argue as in the proof of
Proposition 2.7 using the dynamic programming principle of Theorem 3.3.
(ii-1) We first observe that, whenever the stopping time 6 = t' > t is
constant (i.e. deterministic), the dynamic programming principle (3.9)-(3.10)
holds true if the semicontinuous envelopes are taken with respect to the variable
x, with fixed time variable. Since V' is continuous in x by the first part of this
proof, we deduce that

Vitz) = sup E [1r<iyg (X57) + 1oV (E, X07)] (3.19)
TE [?T]

(ii-2) We then estimate that

0 < V(ta)—E[V (. X;%)] < sup E[lg<p (9(XE7) -V (¢, X57))]

€70

< sup E[lpan (9(X0%)—yg (Xf’x))] )

TET[?T]

where the last inequality follows from the fact that V' > g. Using the Lipschitz
property of g, this provides:

0 < V(te)—E[V(,X;")] < ConstE| sup |XI" — X"
t<s<t’
< Const (1 + |z))VH —t
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by the flow continuity result of Theorem 1.4. Using this estimate together with
the Lipschitz property proved in (i) above, this provides:

Vit,z) -Vt z)| < |[Vits)-E[V X))+ [E[VE X)) -V(E, )

< Const ((1+ )W —t+E X" —a )
< Const(1+ |z|)VE —t,
by using again Theorem 1.4. &

3.4.2 Infinite horizon optimal stopping
In this section, the state process X is defined by a homogeneous scalar diffusion:
dX; = b(Xy)dt+ o(Xt)dWs. (3.20)
We introduce the hitting times:
Hi ==inf{t>0: X" =b},
and we assume that the process X is regular, i.e.
P[HY <] >0 foral z,beR, (3.21)

which means that there is no subinterval of R from which the process X can
not exit.
We consider the infinite horizon optimal stopping problem:

V(z) = supE [eiﬁ'rg (X2") Lircoot] (3.22)
TET

where T := Tjp,oc], and 3 > 0 is the discount rate parameter.
According to Theorem 3.3, the dynamic programming equation correspond-
ing to this optimal stopping problem is the obstacle problem:

min {fv — Av,v — g} = 0,

where the differential operator in the present homogeneous context is given by
the generator of the diffusion:

1
Av = bv'—i—ia%”. (3.23)

The ordinary differential equation
Av—pFv = 0 (3.24)
has two positive linearly independent solutions
¥,¢ >0 such that 1 strictly increasing, ¢ strictly decreasing. (3.25)

Clearly ¥ and ¢ are uniquely determined up to a positive constant, and all other
solution of (3.24) can be expressed as a linear combination of ¢ and ¢.
The following result follows from an immediate application of It6’s formula.
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Lemma 3.8. For any b; < bs, we have:

D(@)(bs) — Y(b2)d(x)
U(b1)d(b2) — Y (b2)(b1)’
} _ Y(b)e(@) —p(@)e(b)
' $(b1)d(b2) — 1 (b2)d(b1)

We now show that the value function V' is concave up to some change of vari-
able, and provide conditions under which V is C'* across the exercise boundary,
i.e. the boundary between the exercise and the continuation regions.

For the next result, we observe that the function (¢/¢) is continuous and
strictly increasing by (3.25), and therefore invertible. To prepare for its state-
ment, let us observe that, on any compact subset of the continuation region, we
have V = At + B for some constants A, B € R. Then, (V/¢)o (¢/¢) " (x) =
Ax+0 is affine on any compact subset of the continuation region. The following
result examines the nature of (V/@) o (1/¢)~" on the entire domain.

Theorem 3.9. (i) The function (V/$)o (v/¢)~! is concave. In particular, V
is continuous on R.

(ii) Let o be such that V(zo) = g(xo), and assume that g, 1 and ¢ are differ-
entiable at xg. Then V is differentiable at xq, and V'(xzg) = ¢'(x0).

E {@_M‘l 1{H;1§ng}}

E |:€7ﬁH£E2 l{Har >H®

by =""b2

Proof. Denote F :=/¢. For (i), it is sufficient to prove that:

%(ﬂf)—%(bl) - %(52)—%(33)
F(z) = F(bi) = F(b2) — F(x)

for all b; < x < bs. (3.26)

For € > 0, consider the e—optimal stopping rules 7,7 € T for the problems
V(bl) and V(bg)

E e P (X2")] > V(b) —e for i=1,2.
We next define the stopping time
" = (Hzfl + 70 9Hgl> Ymg <mpy + (Hffz +70 9ng) Yimy <mg 3o

where 6 denotes the shift operator on the canonical space. In words, the stopping
rule 7° uses the e—optimal stopping rule 7y if the level b; is reached before the
level by, and the e—optimal stopping rule 7o otherwise. Then, it follows from
the strong Markov property that

Viz) > E{e’ﬁng<XE;m>}

= B[ PMhE [ g (X)) Lmg <n ) |
+E [ M [e707g (X)) Lay <z
(V(br) =) E e Pty 5 |

+(V(b2) = ) B[ oot gy sy

Y
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Sending e N\, 0, this provides
V(z) > V(b)E [6’3% 1{H:1<H;2}} +V(b2)E [e*ﬁle’c‘A‘l{H;ﬂgH:l}} :
By using the explicit expressions of Lemma 3.8 above, this provides:
Vi) _ Vb) F(bo) - F(x) n Vi(b2) F(z) — F(b1)
o(x)  — (b)) F(ba) — F(b1) d(b2) F(b2) — F(b1)’

which implies (3.26).

(ii) We next prove the smoothfit result. Let 2o be such that V(z¢) = g(xo).
Then, since V' > g, 1 is strictly increasing, ¢ > 0 is strictly decreasing, it follows
from (3.26) that:

%(ajo +e)— %(330) %(1’0 +e)— %(930)

%(mo +e)— %(mo) = %(CEO +e)— %(360) 320
_ %(mo —9) — %(ajo) £(xo — 0) — (x0)
- %(mo —0) — %($0) 1(/;(950 —0) - %(1’0)

for all € > 0, § > 0. Multiplying by ((v0/¢)(xo +€) — (¢/¢)(x0))/e, this implies
that:

B0+~ 30) _ S@te) - 5@) _ AT 40—~ 4z)
€ - 5 - A=(9) 5 ’
(3.28)

where

Lwo+e)— “(x L(zg—0) — L(x
A*(e) = s te) = gw) A= (5) = 370 =9~ 5(x0)
€ )
We next consider two cases:

o If (¢/¢) (x0) # 0, then we may take e = § and send € \, 0 in (3.28) to

obtain:
dt (¥ /
9y - (j;) (o). (3.29)

o If (/@) (x9) = 0, then, we use the fact that for every sequence &, “\, 0,
there is a subsequence &, N\, 0 and §; N\, 0 such that At (g,,) = A~ (dx).
Then (3.28) reduces to:

F(xo +en,) — §(0) - 5 (@o +en,) — 5 (20) - £(wo — 0k) — §(20)
Eny, - Eny, - Sk ’

and therefore

¢
By the arbitrariness of the sequence (&,),, this provides (3.29).

Y(wo + eny) — % (0) N (g)l(xo)-

Eny
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Similarly, multiplying (3.27) by ((¢/¢)(zo) — (¥/¢)(zo —5))/0, and arguying as

above, we obtain:
a-(¥) :
) = (g) (o).

thus completing the proof. &

3.4.3 An optimal stopping problem with nonsmooth value

We consider the example
XL =g (W, —W,) for s>t

Let g : R — R4 be a measurable nonnegative function with liminf,_, . g(x) =
0, and consider the infinite horizon optimal stopping problem:

Vit,x) = €s71_1p E[g (X5%) 1r<ooy]
TE€T[t,00]

= E XY,
S l9 (X79)]

Let us assume that V € C12(S), and work towards a contradiction. We first
observe by the homogeneity of the problem that V(¢,x) = V(z) is independent
of t. Moreover, it follows from Theorem 3.5 that V is concave in x and V > g.
Then

V > geone, (3.30)

where g°°"¢ is the concave envelope of g. If g°°"¢ = oo, then V = co. We then
continue in the more inetersting case where g°°"°¢ < oco.

By the jensen inequality and the non-negativity of g, the process {g (X?®),s >t}
is a supermartingale, and:

V(t, CE) S sup ]E [gCOHC (Xf_,z)] S gconc(x)'
€T, 1)

Hence, V' = ¢°°"°, and we obtain the required contradiction whenever g®"¢ is

not differentiable at some point of R.
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Chapter 4

SOLVING CONTROL PROBLEMS
BY VERIFICATION

In this chapter, we present a general argument, based on It6’s formula, which
allows to show that some ”guess” of the value function is indeed equal to the
unknown value function. Namely, given a smooth solution v of the dynamic
programming equation, we give sufficient conditions which allow to conclude
that v coincides with the value function V. This is the so-called werification
argument. The statement of this result is heavy, but its proof is simple and relies
essentially on It6’s formula. However, depending on the problem in hand, the
verification of the conditions which must be satisfied by the candidate solution
can be difficult.

The verification argument will be provided in the contexts of stochastic
control and optimal stopping problems. We conclude the chapter with some
examples.

4.1 The verification argument for stochastic con-
trol problems

We recall the stochastic control problem formulation of Section 2.1. The set of
admissible control processes Uy C U is the collection of all progressively measur-
able processes with values in the subset U C R¥. For every admissible control
process v € Uy, the controlled process is defined by the stochastic differential
equation:

dXy = b(t, Xy, v)dt +o(t, XY, v)dW.

The gain criterion is given by

T
J(t,z,v) :=E / BY(t,8)f(s, X0"" ws)ds + 87 (1, T)g(X3™") |,
t

95
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with

B(tys) 1= o S RXE

The stochastic control problem is defined by the value function:

V(t,z) = sup J(t,z,v), for (t,x)€S. (4.1)
vely

We follow the notations of Section 2.3. We recall the Hamiltonian H : S x R x
R? x S; defined by :

H(t7$>r7pa ’7)

1
= sup {—k(t,a@u)r +b(t,x,u)-p+ iTI‘[O'JT(t,.’E, u)y] + f(t,x,u)} ,
uelU

where b and o satisfy the conditions (2.1)-(2.2), and the coefficients f and k are
measurable. From the results of the previous section, the dynamic programming
equation corresponding to the stochastic control problem (4.1) is:

~0ww — H(.,v,Dv,D*v) =0 and o(T,.)=g. (4.2)

A function v will be called a supersolution (resp. subsolution) of the equation
(4.2) if

—0w — H(.,v,Dv,D*v) > (resp. <) 0 and v(T,.)> (resp. <) g.

The proof of the subsequent result will make use of the following linear second
order operator

LY%(t,x) = —k(t,z,u)p(t,z) + bt z,u) - Do(t, )
+%Tr [oo™(t, 2, u)D?*p(t,2)]

which corresponds to the controlled process {3%(0,t) X}, t > 0} controlled by
the constant control process u, in the sense that

BY(0, ) (s, X¥) — B (0, )plt, XV) = / B(0,7) (0 + L) o(r, X)dr
+/SIBV(077’)D<P(7"7 X)) - o(r, X}, v )dW,
t

for every t < s and smooth function ¢ € C%2([t,s],R%) and each admissible
control process v € Uy. The last expression is an immediate application of It6’s
formula.

Theorem 4.1. Let T < oo, and v € C12([0,T),R%) N C([0,T] x R?). Assume
that ||k~ ||eoc < 00 and v and f have quadratic growth, i.e. there is a constant C
such that

If(t,z,u)| + [v(t, )| < C(1+|z?) forall (t,z,u)€[0,T) xR x U.
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(i) Suppose that v is a supersolution of (4.2). Then v >V on [0,T] x R%.
(ii) Let v be a solution of (4.2), and assume that there exists a minimizer G(t, )
of u — LY%(t,x) + f(t, z,u) such that

o 0=0w(t,x)+ LUEDy(t,x) + f(t, 2, 4(t,z)),
e the stochastic differential equation
dX, = b(s,Xs, (s, Xs))ds+ o (s, Xs, 0(s, Xs)) dWj
defines a unique solution X for each given initial date X; = ,
e the process s := (s, Xs) is a well-defined control process in Uy.
Then v =V, and U is an optimal Markov control process.

Proof. Let v € Uy be an arbitrary control process, X the associated state process
with initial date X; = z, and define the stopping time

0, = TAinf{s>t : |X;—z|>n}.

By It6’s formula, we have
97!,

v(t,xz) = B(t,0p)v(0n, Xo,) _/ B(t,m) (0 + LY )v(r, X, )dr
t

(229
- / B(t, 1) Do(r, X,) - o, Xy v,)AWY,
t

Observe that (0; + L )v + f(-,-,u) < dw + H(-,-,v, Dv, D*>v) < 0, and that
the integrand in the stochastic integral is bounded on [¢,6,], a consequence of
the continuity of Dv, o and the condition ||k~ ||oc < 0o. Then :

0

o(t,a) > E[B(t,an)ﬂ(amXan)Jr ”/3<t,r>f<r,xr,ur>dr]. (4.3)

t

We now take the limit as n increases to infinity. Since 6#,, — T a.s. and

On
‘B(tﬁn)v(@mXenH/ B(t,r)f(r, Xy, vp)dr
t
< Ok Nl (14 | X, |2+ T + [ | X, |2ds)
< CeTlk e (14 T) (1 + sup,< <1 |Xs[?) € L,

by the estimate (2.5) of Theorem 2.1, it follows from the dominated convergence
that

v(t, ) E

Y

T
B(tv T)U(Tv XT) + /t B(ta T’)f(’r', X, VT)dT]

Y

E

T
B(t,T)g(XT)Jr/t 6(t77")f(7"7Xr,Vr)dT1,
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where the last inequality uses the condition v(7T,-) > g. Since the control v € U
is arbitrary, this completes the proof of (i).

Statement (ii) is proved by repeating the above argument and observing that
the control ¥ achieves equality at the crucial step (4.3). o

Remark 4.2. When U is reduced to a singleton, the optimization problem V is
degenerate. In this case, the DPE is linear, and the verification theorem reduces
to the so-called Feynman-Kac formula.

Notice that the verification theorem assumes the existence of such a solution,
and is by no means an existence result. However, it provides uniqueness in the
class of functions with quadratic growth.

We now state without proof an existence result for the DPE together with
the terminal condition V(T,-) = g (see [24] and the references therein). The
main assumption is the so-called uniform parabolicity condition :

there is a constant ¢ > 0 such that

& oo’ (t,x,u) € > clé)? for all (t,z,u) € [0,T] x R* x U . (4.4)

In the following statement, we denote by le (R™) the space of bounded functions
whose partial derivatives of orders < k exist and are bounded continuous. We
similarly denote by C} ([0, T, R™) the space of bounded functions whose partial
derivatives with respect to t, of orders < p, and with respect to z, of order <
k, exist and are bounded continuous.

Theorem 4.3. Let Condition 4.4 hold, and assume further that :

o U is compact;

e b, oand f arein C;’2([O,T},R”);

e g € C}(R™).

Then the DPE (2.21) with the terminal data V(T,-) = g has a unique solution
Ve Cp%([0,T] x R™).

4.2 Examples of control problems with explicit
solutions

4.2.1 Optimal portfolio allocation

We now apply the verification theorem to a classical example in finance, which
was introduced by Merton [30, 31], and generated a huge literature since then.

Consider a financial market consisting of a non-risky asset S° and a risky
one S. The dynamics of the price processes are given by

dSY = S¥rdt and dS; = Si[udt+ odWy] .

Here, r, 4 and o are some given positive constants, and W is a one-dimensional
Brownian motion.

The investment policy is defined by an F—adapted process 7 = {m, t €
[0,T]}, where m; represents the amount invested in the risky asset at time ;
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The remaining wealth (X; — ;) is invested in the risky asset. Therefore, the
liquidation value of a self-financing strategy satisfies

” ds, . dsy
dX; :ﬂ§+m—m§§
= (rXy+ (p—r)m) dt + omdWy. (4.5)

Such a process 7 is said to be admissible if it lies in Uy = H? which will be
refered to as the set of all admissible portfolios. Observe that, in view of the
particular form of our controlled process X, this definition agrees with (2.4).

Let v be an arbitrary parameter in (0,1) and define the power utility func-
tion :

U(z) := 27 for z>0.

The parameter v is called the relative risk aversion coefficient.
The objective of the investor is to choose an allocation of his wealth so as to
maximize the expected utility of his terminal wealth, i.e.

V(t,z) := sup E[U(X?x’”)],
wEeUp

where X%*7 is the solution of (4.5) with initial condition X}"*" = z.
The dynamic programming equation corresponding to this problem is :

aa—z:(t,x) +sup A"w(t,z) = 0, (4.6)
u€eR

where A" is the second order linear operator :

8%w

0 1
A"w(t,z) = (re+ (up—r)u) a—:(t,x) + 502u2 @(t,x).
We next search for a solution of the dynamic programming equation of the form
v(t,x) = 27h(t). Plugging this form of solution into the PDE (4.6), we get the
following ordinary differential equation on h :

0 = h +~vhsup <r+( —r)g—kl( —1)02u—2 (4.7)
= Yhsup p=r)—+350 p :
1
= K +~hsup {r +(p—r)+=(y- 1)02(52} (4.8)
seR 2
1 (p—1)°
= N h - 4.9
o P+2a7w2’ (49
where the maximizer is :
) p—r
0 =

(1-72 "



60 CHAPTER 4. THE VERIFICATION ARGUMENT

Since v(T,-) = U(x), we seek for a function h satisfying the above ordinary

differential equation together with the boundary condition A(T") = 1. This
induces the unique candidate:

I 1 (p—r)?

. a(T-t) o -

h(t) == e with a.—”y[r+2(1_7)02 .

Hence, the function (¢,z) — z7h(t) is a classical solution of the HJB equation

(4.6). Tt is easily checked that the conditions of Theorem 4.1 are all satisfied in

this context. Then V (¢,x) = 27h(t), and the optimal portfolio allocation policy

is given by the linear control process:

A H—=r #
T = — .
! (1—7y)o2 "

4.2.2 Law of iterated logarithm for double stochastic in-
tegrals
The main object of this paragraph is Theorem 4.5 below, reported from [12],
which describes the local behavior of double stochastic integrals near the starting
point zero. This result will be needed in the problem of hedging under gamma
constraints which will be discussed later in these notes. An interesting feature
of the proof of Theorem 4.5 is that it relies on a verification argument. However,
the problem does not fit exactly in the setting of Theorem 4.1. Therefore, this
is an interesting exercise on the verification concept.
Given a bounded predictable process b, we define the processes

t t
YP = Y0+/ b.dW, and Z° := ZO+/ YPdw,, t>0,
0 0

where Yy and Zj are some given initial data in R.
Lemma 4.4. Let A and T be two positive parameters with 2\T < 1. Then :

E {e”‘zﬂ < E [62/\271":| for each predictable process b with ||blloc < 1.

Proof. We split the argument into three steps.
1. We first directly compute that

1
E [62/\ZT

ft} — ot Y}, 2D,

where, for ¢t € [0,T], and y, z € R, the function v is given by :

exp <2A{z+/T (y+W, — Wt)qu}ﬂ

= E [exp (M2yWr_e + Wi_, — (T —1)})]
= pexp[2Xz = AT —t) + 22 \3(T — t)y2] ,

v(t,y,2) = E
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where p := [1 — 2)\(T — t)]~'/2. Observe that
the function v is strictly convex in y, (4.10)
and
yDgzv(t,y,z) = 8ENT —t)v(t,y,2)y* > 0. (4.11)
2. For an arbitrary real parameter 3, we denote by .A” the generator the process

(Y, 2°)

1 1
B . 22 2712 2

In this step, we intend to prove that for all ¢ € [0, 7] and y,z € R :

max APv(t,y,z) = Alv(t,y,z) = 0. (4.12)
The second equality follows from the fact that {v(t,Y;}, Z}), t < T} is a mar-
tingale . As for the first equality, we see from (4.10) and (4.11) that 1 is a

maximizer of both functions 5 — BzDzyv(t, y,z) and 8 —> ﬂyDzzv(t, Y, z) on
[-1,1].

3. Let b be some given predictable process valued in [—1,1], and define the
sequence of stopping times

7 = TAinf{t>0 : (|Y;b|—|—|Zf\2k‘} , EeN.
By Itd’s lemma and (4.12), it follows that :
Tk
v(0,Y0,Z0) = v (m, Yy, Z7,) = /0 [bDyv +yD:] (8,Y), Z7) dW;
Tk
- [Cor A vtz a
0

> ’U(T}C,Yb

Tk

Z7,) —/ k[bDyv +yD.v) (t,Y), Z0) dW; .
0

Taking expected values and sending k to infinity, we get by Fatou’s lemma :

v(0,Y0, Z0) > liminf E[v (e, Y2, 22 )]
> E[o(T,Y2,24)] = B |27
which proves the lemma. &

We are now able to prove the law of the iterated logarithm for double stochas-
tic integrals by a direct adaptation of the case of the Brownian motion. Set

1
h(t) = 2t10g10g¥ for t>0.
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Theorem 4.5. Let b be a predictable process valued in a bounded interval [Bo, 1]
for some real parameters 0 < By < By, and X! = fg fou b, dW,dW,,. Then :

2X}
Bo < limsup - < By a.s.
o hlt)
Proof. We first show that the first inequality is an easy consequence of the
second one. Set 5 := (8o + £1)/2 > 0, and set § := (51 — fo)/2. By the law of
the iterated logarithm for the Brownian motion, we have
B b Xb

8 = limsup ! 6 limsup L+ lim sup t

< )
o h(t) — o h(t) o h(t)

where b := §1(8 — b) is valued in [—1,1]. It then follows from the second
inequality that :

2X} 7
limsup —%& > —§ = .
Kot e < P

We now prove the second inequality. Clearly, we can assume with no loss of
generality that [[b]|lcc < 1. Let T > 0 and A > 0 be such that 2AT < 1. Tt
follows from Doob’s maximal inequality for submartingales that for all a > 0,

b > = b >
P [omangQXt > a} P [Orél%xTexp(D\Xt) > exp()\a)]

<t
< e Mg {ezxxﬂ )
In view of Lemma 4.4, this provides :

P{max ZX,f7 > a} < e MFE {e”‘xﬂ
0<t<T

e MetT) (1 —2AT) "3 (4.13)
We have then reduced the problem to the case of the Brownian motion, and
the rest of this proof is identical to the first half of the proof of the law of the
iterated logarithm for the Brownian motion. Take 6, n € (0,1), and set for all
ke N,
ar = (1+n)2h(0%) and N, := [20°(14n)]7".
Applying (4.13), we see that for all k € N,

P X! > (1+m)2h(0%)| < e V200 (14 y=1)? (—flog )~ () |
omax 2X) > (1+n)°h(0%)| < e (L+n7")7 (~klogh)

Since D ;5 k=04 < oo, it follows from the Borel-Cantelli lemma that, for
almost all w € Q, there exists a natural number K%7(w) such that for all
k> K%(w),

max 2XP(w) < (1+n)2h(0").

0<t<ok
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In particular, for all ¢t € (951 6F],

h(t
2X}w) < (Lt a)?heh) < (Lm0
Hence,
2X7} 1+n)?
limsup —%+ < ﬂ a.s.
o h(t) 0

and the required result follows by letting 6 tend to 1 and n to 0 along the
rationals. &

4.3 The verification argument for optimal stop-
ping problems

In this section, we develop the verification argument for finite horizon optimal
stopping problems. Let 7" > 0 be a finite time horizon, and X** denote the
solution of the stochastic differential equation:

Xbe ::c+/ b(s,Xﬁ’z)der/ o(s, XE")dW, (4.14)
t t

where b and o satisfy the usual Lipschitz and linear growth conditions. Given
the functions k, f : [0,7] x RY — R and g : R — R, we consider the optimal
stopping problem

vite) = sup E[/;Wt’s)f(&X?’”)ds+6(tm)g(Xi’””> . (4.15)
TS,

whenever this expected value is well-defined, where
B(t,s) 1= e~ JORXETdr g <y < g < T

By the results of the previous chapter, the corresponding dynamic programmin
equation is:

min {—-0v — Lv— f,v—g} =0 on [0,T) x R4, o(T,.)=g, (4.16)
where L is the second order differential operator
1
Lv = b-Dv+ iTI"[O'O'TDQU] — ko.

Similar to Section 4.1, a function v will be called a supersolution (resp. subso-
lution) of (4.16) if

min{—0w — Lv — f,v —g} > (resp. <) 0 and o(T,.) > (resp. <) g.
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Before stating the main result of this section, we observe that for many inter-
esting examples, it is known that the value function V does not satisfy the C1:2
regularity which we have been using so far for the application of It6’s formula.
Therefore, in order to state a result which can be applied to a wider class of
problems, we shall enlarge in the following remark the set of function for which
[t6’s formula still holds true.

Remark 4.6. Let v be a function in the Sobolev space W?(S). By definition,
for such a function v, there is a sequence of functions (v"),>1 C C**(S) such
that v™ — v uniformly on compact subsets of S, and

||8tv” — 8tvm||L2(S) + ||D’Un e Dﬂm||L2(s) + ||D2’Un e D2Um||L2(S) — 0.
Then, It6’s formula holds true for v™ for all n > 1, and is inherited by v by
sending n — oco.

Theorem 4.7. Let T < oo and v € WH2([0,T),RY). Assume further that v
and [ have quadratic growth. Then:

(i) If v is a supersolution of (4.16), then v > V.

(i) If v is a solution of (4.16), then v =V and

= inf{s>t: v(s,Xs) =g(X,)}
is an optimal stopping time.

Proof. Let (t,x) € [0,T) x R? be fixed and denote 35 := B(t, s).
(i) For an arbitrary stopping time 7 € ’T[f’T] , we denote

To = TAIf{s>t: | X" —z|>n}.

By our regularity conditions on v, notice that It6’s formula can be applied to it
piecewise. Then:

Tn Tn

’U(t,l‘) = /87'71,1)(7_77«7X‘f';,,w)7 5s(at+£)v(saX£’z)d57 BS(UTDU)(SvX;’I)dWS
t t

v

Brn0(Ty, XE7) + | Bsf(s, X0%)ds — [ Bs(o" Do) (s, XL7)dW,
t

t

by the supersolution property of v. Since (s, X%) is bounded on the stochastic
interval [t, 7,,], this provides:

Tn
ota) = E[B o X+ [ Buf(s,Xi)ds].
t
Notice that 7, — 7 a.s. Then, since f and v have quadratic growth, we may

pass to the limit n — oo invoking the dominated convergence theorem, and we
get:

T
v(t,r) > E[BTU(T,X?QC)—F/ Bsf(s, XL™)ds|.
¢
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Since v(T,.) > g by the supersolution property, this concludes the proof of (i).
(ii) Let 75 be the stopping time introduced in the theorem. Then, since v(T),.) =
g, it follows that 7 € T 1. Set

= A{inf{s > t: [ XD — 2| >n}.

Observe that v > g on [t,77") C [t,7;") and therefore —d,v — Lv — f = 0 on
[t,7{"). Then, proceeding as in the previous step, it follows from It6’s formula
that:

v(t,x) = E[ﬁ-,—ger(TgL,Xf_;f)_F/T? Bsf(s,Xi-rr)ds]
t

Since 7" — 77 a.s. and f,v have quadratic growth, we may pass to the limit
n — oo invoking the dominated convergence theorem. This leads to:

o(t,z) = E[ﬁTU(T,X;”’)+/tTﬁsf(s,ng)ds},

and the required result follows from the fact that v(7,.) = g. &

4.4 Examples of optimal stopping problems with
explicit solutions

4.4.1 Pertual American options

The pricing problem of perpetual American put options reduces to the infinite
horizon optimal stopping problem:

P(t,s) := s;lp ]E[eiT(T*t)(KfSi’s)ﬂ,
TET!

[t,00)

where K > 0 is a given exercise price, S*® is defined by the Black-Scholes
constant coefficients model:

2
Shs = sexp(r—%)(u—t)-l—O(Wu—Wt)» u > t,

and r > 0, 0 > 0 are two given constants. By the time-homogeneity of the
problem, we see that

P(t,s) = P(s):= sup Ele (K —S>*)"]. (4.17)
TE€T(0,00)

In view this time independence, it follows that the dynamic programming cor-
responding to this problem is:

1
min{v — (K — s)",rv — rsDv — 502D20} = 0. (4.18)
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In order to proceed to a verification argument, we now guess a solution to the
previous obstacle problem. From the nature of the problem, we search for a
solution of this obstacle problem defined by a parameter sg € (0, K) such that:
1
p(s) = K —s for s € [0,s0] and 7rp—rsp’ — §a2s2p” =0 on [sg,00).
We are then reduced to solving a linear second order ODE on [sg, 00), thus
determining v by

p(s) = As + Bs™2/%" for se [s0,00),

up to the two constants A and B. Notice that 0 < p < K. Then the constant
A = 0 in our candidate solution, because otherwise v — oo at infinity. We
finally determine the constants B and sg by requiring our candidate solution to
be continuous and differentiable at s*. This provides two equations:

—2r/o —2 2—7’0—
3502/2:[{_30 and #502/2 -

which provide our final candidate

—2r
2rK o2sy (s 2
0= gtz 29) = (K = o 9) + 152 (2) 7 a9
Notice that our candidate p is not twice differentiable at sg as p’(sp—) = 0 #
p"(s0+). However, by Remark 4.6, 1t6’s formula still applies to p, and p satisfies
the dynamic programming equation (4.18). We now show that

p = P with optimal stopping time 7* := inf {¢ > 0: p(S¥%) = (K — Sto’s)"'}.

(4.20)
Indeed, for an arbitrary stopping time 7 € 7[g ), it follows from It6’s formula
that:

T 1 T
p(s) = e "Tp(S%*) — / e " (—rp+rsp’ + 50252p")(5t)dt — / P’ (Sy)oSidW;
0 0

Y

€_T'T(K — Si’s)+ — / p/(St)O'Stth
0

by the fact that p is a supersolution of the dynamic programming equation.
Since p’ is bounded, there is no need to any localization to get rid of the
stochastic integral, and we directly obtain by taking expected values that p(s) >
Ele " (K — S%%)*]. By the arbitrariness of 7 € T0,00), this shows that p > P.

We next repeat the same argument with the stopping time 7%, and we see
that p(s) = E[e™"" (K — 5%°)*], completing the proof of (4.20).

4.4.2 Finite horizon American options

Finite horizon optimal stopping problems rarely have an explicit solution. So the
following example can be seen as a sanity check. In the context of the financial
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market of the previous subsection, we assume the instanteneous interest rate
r = 0, and we consider an American option with payoff function g and maturity
T > 0. Then the price of the corresponding American option is given by the
optimal stopping problem:

Plt.s) = sup E[g(S7°)]. (4.21)
TE [fi,T]

The corresponding dynamic programming equation is:
1
min {v — g, —9v — iDQU} =0 on [0,7) xRy and o(T,.)=g.(4.22)

Assuming further that g € W12 and concave, we see that g is a solution of
the dynamic programming equation. Then, provided that g satisfies suitable
growth condition, we see by a verification argument that P = p.

Notice that the previous result can be obtained directly by the Jensen in-
equality together with the fact that S is a martingale.
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Chapter 5

INTRODUCTION TO VISCOSITY
SOLUTIONS

Throughout this chapter, we provide the main tools from the theory of viscosity
solutions for the purpose of our applications to stochastic control problems. For
a deeper presentation, we refer to the excellent overview paper by Crandall,
Ischii and Lions [14].

5.1 Intuition behind viscosity solutions

We consider a non-linear second order partial differential equation

(E) F (z,u(z), Du(z), D*u(z)) = 0 for z€0

where O is an open subset of R? and F is a continuous map from O xR xR? x S,
— R. A crucial condition on F' is the so-called ellipticity condition :

Standing Assumption For all (z,7,p) € O x R x R? and A, B € Sy
F(x,r,p,A) < F(xz,r,p, B) whenever A > B.

The full importance of this condition will be made clear in Proposition 5.2 below.
The first step towards the definition of a notion of weak solution to (E) is
the introduction of sub and supersolutions.

Definition 5.1. A function u : O — R is a classical supersolution (resp.
subsolution) of (E) if u € C*(O) and

F (z,u(z), Du(z), D*u(z)) > (resp. <) 0 for z€O.

The theory of viscosity solutions is motivated by the following result, whose
simple proof is left to the reader.

69
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Proposition 5.2. Let u be a C%(O) function. Then the following claims are
equivalent.

(i) uw is a classical supersolution (resp. subsolution) of (E)

(i) for all pairs (zo,p) € O x C%(O) such that xq is a minimizer (resp. maxi-
mizer) of the difference u — ) on O, we have

F(l'o,u(xo),D(p(.To),D2§0(1'0)) > (resp. é) 0.

5.2 Definition of viscosity solutions

For the convenience of the reader, we recall the definition of the semicontinuous
envelopes. For a locally bounded function v : O — R, we denote by wu,
and u* the lower and upper semicontinuous envelopes of u. We recall that
U4 is the largest lower semicontinuous minorant of u, u* is the smallest upper
semicontinuous majorant of u, and

ux(z) = liminfu(z) , u*(x) = limsupu(z) .
x' =z oz
We are now ready for the definition of viscosity solutions. Observe that Claim

(ii) in the above proposition does not involve the regularity of u. It therefore
suggests the following weak notion of solution to (E).

Definition 5.3. Let u : O — R be a locally bounded function.
(i) We say that u is a (discontinuous) viscosity supersolution of (E) if

F(:co,u*(xo),Dcp(:zro),D2g0(x0)) > 0

for all pairs (xq, ) € O x C?(O) such that xg is a minimizer of the difference
(ux — ) on O.
(ii) We say that u is a (discontinuous) viscosity subsolution of (E) if

F(xo,u*(xoLD(p(aco),DZ@(JCO)) < 0

for all pairs (zg,¢) € O x C*(O) such that xq is a mazimizer of the difference
(u* — ) on O.

(ili) We say that u is a (discontinuous) viscosity solution of (E) if it is both a
viscosity supersolution and subsolution of (E).

Notation We will say that F’ (x, U (2), Duy (), D?u. (a?)) > 0 in the viscosity
sense whenever u, is a viscosity supersolution of (E). A similar notation will be
used for subsolution.

Remark 5.4. An immediate consequence of Proposition 5.2 is that any classical
solution of (E) is also a viscosity solution of (E).

Remark 5.5. Clearly, the above definition is not changed if the minimum or
maximum are local and/or strict. Also, by a density argument, the test function
can be chosen in C*(0).



5.3. FIRST PROPERTIES 71

Remark 5.6. Consider the equation (E*): |u/(z)] —1 =0 on R. Then

e The function f(z) := |z| is not a viscosity supersolution of (ET). Indeed
the test function ¢ = 0 satisfies (f —)(0) =0 < (f — ¢)(x) for all x € R.
But |¢'(0)] =0 % 1.

e The function g(z) := —|z| is a viscosity solution of (ET). To see this, we
concentrate on the origin which is the only critical point. The supersolu-
tion property is obviously satisfied as there is no smooth function which
satisfies the minimum condition. As for the subsolution property, we ob-
serve that whenever ¢ € C(R) satisfies (g — ¢)(0) = max(g — ), then
|©’(0)] > 1, which is exactly the viscosity subsolution property of g.

e Similarly, the function f is a viscosity solution of the equation (E7):
—|u'(z)] +1=0onR.

In Section 6.1, we will show that the value function V' is a viscosity solution
of the DPE (2.21) under the conditions of Theorem 2.6 (except the smoothness
assumption on V). We also want to emphasize that proving that the value
function is a viscosity solution is almost as easy as proving that it is a classical
solution when V' is known to be smooth.

5.3 First properties

We now turn to two important properties of viscosity solutions : the change of
variable formula and the stability result.

Proposition 5.7. Let u be a locally bounded (discontinuous) viscosity superso-
lution of (E). If f is a C*(R) function with Df # 0 on R, then the function v
= f~Yow is a (discontinuous)

- viscosity supersolution, when Df > 0,

- wviscosity subsolution, when Df < 0,
of the equation

K(z,v(x), Dv(z), D*v(z)) = 0 for z€0O,
where
K(z,r,p,A) = F(z,f(r),Df(r)p, D*f(r)pp’ + Df(r)A).

We leave the easy proof of this proposition to the reader. The next result
shows how limit operations with viscosity solutions can be performed very easily.

Theorem 5.8. Let u. be a lower semicontinuous viscosity supersolution of the
equation

I (az,ug(m),DuE(x),D2u8($)) =0 for z€0O,
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where (F:)eso 1S a sequence of continuous functions satisfying the ellipticity
condition. Suppose that (£, x) — u-(xz) and (e, 2) — F.(2) are locally bounded,
and define

u(z) == liminf wu.(2') and F(z2) := limsup F.(2').
(e,2")—(0,x) (g,2")—(0,2)

Then, u is a lower semicontinuous viscosity supersolution of the equation
F (z,u(z), Du(z), D*u(z)) = 0 for z€O.
A similar statement holds for subsolutions.

Proof. The fact that u is a lower semicontinuous function is left as an exercise
for the reader. Let ¢ € C?(0) and Z, be a strict minimizer of the difference
u — . By definition of u, there is a sequence (e, z,) € (0,1] x O such that

(en,xn) — (0,2) and wue, (r,) — w(Z).

Consider some 7 > 0 together with the closed ball B with radius r, centered at
z. Of course, we may choose |r, —Z| < r for all n > 0. Let Z,, be a minimizer
of u., — ¢ on B. We claim that

Zp — T and u, (T,) — u(T) as n — oo. (5.1)

Before verifying this, let us complete the proof. We first deduce that z,, is an
interior point of B for large n, so that Z,, is a local minimizer of the difference
Ug, — . Then :

F., (Zn,ue, (2,), Do(Zn), D*p(2,)) > 0,

and the required result follows by taking limits and using the definition of F'.
It remains to prove Claim (5.1). Recall that (z,), is valued in the compact
set B. Then, there is a subsequence, still named (Zn)n, which converges to some
T € B. We now prove that # = # and obtain the second claim in (5.1) as a
by-product. Using the fact that #, is a minimizer of u., — ¢ on B, together
with the definition of u, we see that
0= (u—9)(r) = lim (u, —¢) (@)

n— oo

limsup (ue, — @) (Zy)

n—oo

hnn_lggf (te, — @) (Tn)

(w—p)(T) .

We now obtain (5.1) from the fact that Z is a strict minimizer of the difference

(u—¢). %

(AVARNIY,

v

Observe that the passage to the limit in partial differential equations written
in the classical or the generalized sense usually requires much more technicalities,
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as one has to ensure convergence of all the partial derivatives involved in the
equation. The above stability result provides a general method to pass to the
limit when the equation is written in the viscosity sense, and its proof turns out
to be remarkably simple.

A possible application of the stability result is to establish the convergence
of numerical schemes. In view of the simplicity of the above statement, the
notion of viscosity solutions provides a nice framework for such questions. This
issue will be studied later in Chapter 11.

The main difficulty in the theory of viscosity solutions is the interpretation
of the equation in the viscosity sense. First, by weakening the notion of solution
to the second order nonlinear PDE (E), we are enlarging the set of solutions,
and one has to guarantee that uniqueness still holds (in some convenient class
of functions). This issue will be discussed in the subsequent Section 5.4. We
conclude this section by the following result whose proof is trivial in the classical
case, but needs some technicalities when stated in the viscosity sense.

Proposition 5.9. Let A C R4 and B C R% be two open subsets, and let u : Ax
B — R be a lower semicontinuous viscosity supersolution of the equation :

F (z,y,u(z,y), Dyu(w,y), Dyu(z,y)) = 0 on Ax B,

where F' is a continuous elliptic operator. Then, for all fived xo € A, the
function v(y) = u(xo,y) is a viscosity supersolution of the equation :

F (z0,y,v(y), Dv(y),D*v(y)) > 0 on B.

A similar statement holds for the subsolution property.

Proof. Fix xg € A, set v(y) := u(xo,y), and let yo € B and f € C?(B) be such
that

(v="F)wo) < (v=f)y) forall yeJ\{yo}, (5.2)

where J is an arbitrary compact subset of B containing yo in its interior. For
each integer n, define

onlz,y) == fly) —nlz —x0|* for (z,y) € Ax B,
and let (z,,,yn) be defined by
(=) (@n,yn) = min(u—en),
where [ is a compact subset of A containing z( in its interior. We claim that

(TnyYn) — (xo,y0) and  w(zp,yn) — u(zo,yo) as n —> oo. (5.3)



74 CHAPTER 5. VISCOSITY SOLUTIONS

Before proving this, let us complete the proof. Since (xg,yo) is an interior point
of A x B, it follows from the viscosity property of u that

0 < F(%nYn> w(Tn,Yn), Dyon(Tn, Yn), Dyon(Tn, yn))
= F (fﬂnaynau(xnayn)va(yn)szf(yn)) )

and the required result follows by sending n to infinity.

We now turn to the proof of (5.3). Since the sequence (2, Y )n is valued in
the compact subset A x B, we have (z,,y,) — (Z,7) € A x B, after passing
to a subsequence. Observe that

A

u(xnvyn) - f(yn) > u(xmyn) - f(yn) + n|xn - I0|2
= (u—¢n)(@n,Yn)
< (u—pn)(T0,%) = u(ro, o) — f(yo) -

Taking the limits, this provides:it follows from the lower semicontinuity of u
that

u(ja ?j) - f(g) < lgggf U(ﬂﬁn,yn) - f(yn) + n|w’ﬂ - $0|2
< limsup U(Invyn) - f(yn) =+ n|xn - x0|2 (54)
n— oo
< u(zo,y0) — f(Yo)-

Since u is lower semicontinu, this implies that «(z, ) — f(g) +liminf,, . n|z, —
7o]? < u(wo,90) — f(yo). Then, we must have # = ¢, and

(v =@ = uw@o,y) — f(y) < (v—f)(vo),

which implies that § = yo in view of (5.2), and n|z, — zo|> — 0. We also
deduce from inequalities (5.4) that u(xy,, y,) — u(xo, yo), concluding the proof

of (5.3). ¢

5.4 Comparison result and uniqueness

In this section, we show that the notion of viscosity solutions is consistent with
the maximum principle for a wide class of equations. Once we will have such a
result, the reader must be convinced that the notion of viscosity solutions is a
good weakening of the notion of classical solution.

We recall that the maximum principle is a stronger statement than unique-
ness, i.e. any equation satisfying a comparison result has no more than one
solution.

In the viscosity solutions literature, the maximum principle is rather called
comparison principle.
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5.4.1 Comparison of classical solutions in a bounded do-
main

Let us first review the maxium principle in the simplest classical sense.

Proposition 5.10. Assume that O is an open bounded subset of R%, and the
nonlinearity F(x,r,p, A) is elliptic and strictly increasing in r. Let u,v €
Cc? (CI(O)) be classical subsolution and supersolution of (E), respectively, with
u <v on 00. Then u <wv on cl(O).

Proof. Our objective is to prove that

M = sup(u—wv) < 0.
cl(O)

Assume to the contrary that M > 0. Then since cl(O) is a compact subset of
R?, and v — v < 0 on 0O, we have:

M = (u — v)(xg) for some o € O with D(u — v)(zo) =0, D*(u —v)(xg) < 0.
(5.5)

Then, it follows from the viscosity properties of v and v that:

F (20, u(z0), Du(zo), D*u(z0)) < 0 < F(20,v(20), Dv(zo), D*v(z0))

< F(Io,u(xg) — M, Du(xg), DQU(IO)),

where the last inequality follows crucially from the ellipticity of F'. This provides
the desired contradiction, under our condition that F' is strictly increasing in 7.

¢

The objective of this section is to mimic the previous proof in the sense of
viscosity solutions.

5.4.2 Semijets definition of viscosity solutions

We first need to develop a convenient alternative definition of viscosity solutions.
For 2o € O, r € R, p € R?, and A € S;, we introduce the quadratic function:

1
a(y,mp, A) = TEpy+ Ay, y € R%

For v € LSC(0), let (xg, ) € Ox C?(O) be such that g is a local minimizer
of the difference (v — ¢) in O. Then, defining p := Dp(xq) and A := D?*¢(zy),
it follows from a second order Taylor expansion that:

v(z) > q(z — 20, v(20), p, A) + (|2 — 20/?).

Motivated by this observation, we introduce the subjet J,v(xo) by

Jov(xg) = {(p, A) e R? x Sy : v(z) > q(z — g, v(xo), p, A) + o(|x — x0|2)}.
(5.6)
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Similarly, we define the superjet Ju(zo) of a function u € USC(O) at the point
x9 € O by

Jgu(xo) = {(p7 A) e R x Sy u(x) < q(a: — zo,u(Zo), D, A) + O(|a: — x0|2)}
(5.7)
Then, it can prove that a function v € LSC(O) is a viscosity supersolution of
the equation (E) is and only if

F(z,v(z),p,A) >0 forall (p,A)c Jyv(x).

The nontrivial implication of the previous statement requires to construct, for
every (p, A) € J,v(x0), a smooth test function ¢ such that the difference (v—¢)
has a local minimum at xzg. We refer to Fleming and Soner [20], Lemma V.4.1
p211.

A symmetric statement holds for viscosity subsolutions. By continuity con-
siderations, we can even enlarge the semijets ng(xo) to the folowing closure

j(%w(x) = {(pa A) € R? x Sa : (mn7w($n)apnaf4n) — (.I,w(l‘),p, A)
for some sequence (, Pn, An)n C Graph(ng)},

where (&, pn, A,) € Graph(J5w) means that (p,,, A,) € J5w(z,). The follow-
ing result is obvious, and provides an equivalent definition of viscosity solutions.

Proposition 5.11. Consider an elliptic nonlinearity F', and let uw € USC(O),
v € LSC(O).

(i) Assume that F is lower-semicontinuous. Then, u is a viscosity subsolution
of (E) if and only if:

F(z,u(x),p,A) <0 forall =€ O and (p,A) € Jhu(z).
(ii) Assume that F is upper-semicontinuous. Then, v is a viscosity supersolu-
tion of (E) if and only if:

F(z,v(x),p,A) >0 forall x€ O and (p,A) € Jyv(z).

5.4.3 The Crandall-Ishii’s lemma

The major difficulty in mimicking the proof of Proposition 5.10 is to derive an
analogous statement to (5.5) without involving the smoothness of u and v, as
these functions are only known to be upper- and lower-semicontinuous in the
context of viscosity solutions.

This is provided by the follwing result due to M. Crandall and I. Ishii. For
a symmetric matrix, we denote by |A| := sup{(4¢)-£: ¢ < 1}.

Lemma 5.12. Let O be an open locally compact subset of RY. Given u €
USC(O) and v € LSC(O), we assume for some (zo,y0) € O%, ¢ € C? (cl(0)?)
that:

(u—v =) (@o,50) = max(u—wv—g). (5.8)



5.4. COMPARISON RESULTS 77

Then, for each € > 0, there exist A, B € Sgq such that

(Dap(w0,90), A) € JHu(zo), (=Dy(20,%0), B) € Jov(yo),
and the following inequality holds in the sense of symmetric matrices in Soq:

_ A 0
— (e + ’D2¢($07y0)’) Iy < ( 0 -B ) < D*¢(wo,y0) + eD*p(z0,y0)*.

Proof. See Section 5.7. &
We will be applying Lemma 5.12 in the particular case
o 2
olz,y) = 5|x —y|* for z,yeO. (5.9)

Intuitively, sending « to co, we expect that the maximization of (u(x) —v(y) —
¢(z,y) on O? reduces to the maximization of (u — v) on O as in (5.5). Then,

taking e ! = «, we directly compute that the conclusions of Lemma 5.12 reduce
to

(a(zo —yo), A) € Jou(zo),  (a(zo — o), B) € Jou(yo),  (5.10)
and

Id 0 A 0 Id _Id
(B 0Y e (40) cm( B ). e

Remark 5.13. If u and v were C? functions in Lemma 5.12, the first and second
order condition for the maximization problem (5.8) with the test function (5.9)
is Du(zg) = a(xg — yo), Dv(zo) = a(xzo — yo), and

D?u(xq) 0 < Is  —I4
0 —D%v(yp) = "\ - L )
Hence, the right-hand side inequality in (5.11) is worsening the previous second
order condition by replacing the coefficient o by 3a. &

Remark 5.14. The right-hand side inequality of (5.11) implies that
A < B. (5.12)

To see this, take an arbitrary ¢ € RY, and denote by ¢7T its transpose. From
right-hand side inequality of (5.11), it follows that

o> @ (g ) (§) - me-moe
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5.4.4 Comparison of viscosity solutions in a bounded do-
main

We now prove a comparison result for viscosity sub- and supersolutions by
using Lemma 5.12 to mimic the proof of Proposition 5.10. The statement will
be proved under the following conditions on the nonlinearity F' which will be
used at the final Step 3 of the subsequent proof.

Assumption 5.15. (i) There exists v > 0 such that
F(z,r,p,A) — F(z, ', p, A) > ~(r — ') for allv > 7', (z,p,A) € O x R x S4.
(ii)  There is a function w : Ry — Ry with @w(04) = 0, such that
F(y,r.a(z —y),B) = F(z,r,a(z —y), A) < w (oo — y* + |z — y|)
forallz,y € O, r € R and A, B satisfying (5.11).

Remark 5.16. Assumption 5.15 (ii) implies that the nonlinearity F' is elliptic.
To see this, notice that for A < B, £, € R?, and £ > 0, we have

AL- &= (B+elgn-n < BE-E—(B+elgn-n
2-B(E—n)+B(E—n)(E—n) — el
e BE—nP+BE-n)(£—n)

1B (14¢7'|B]) ¢ —nl*.

ININA

For 3a > (1 + 7Y B|)|B|, the latter inequality implies the right-hand side of
(5.11) holds true with (A, B 4 €l). For e sufficiently small, the left-hand side
of (5.11) is also true with (A, B + ely) if in addition « > |A| V |B|. Then

F(z—a'p,r,p, B+el) = F(z,r,p,A) < w (o (Ip]* +pl)) .

which provides the ellipticity of F' by sending @ — oo and ¢ — 0. &

Theorem 5.17. Let O be an open bounded subset of R and let F be an elliptic
operator satisfying Assumption 5.15. Let uw € USC(O) and v € LSC(O) be
viscosity subsolution and supersolution of the equation (E), respectively. Then

u<vondO = u<vonO:=clO).
Proof. As in the proof of Proposition 5.10, we assume to the contrary that
d:=(u—v)(2) >0 forsome zeO. (5.13)

Step 1: For every a > 0, it follows from the upper-semicontinuity of the differ-
ence (u —v) and the compactness of O that

M, = Sg% {u(m) —v(y) — %|9€ - y|2}

220 = yal? (5.14)

= U({L‘a) - U(ya) - 9 |
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for some (24,yo) € O x O. Since O is compact, there is a subsequence
(Tn,Yn) == (Za,,Ya, ), » > 1, which converges to some (Z,9) € O x O. We
shall prove in Step 4 below that

=1, anlrn —ynu|* — 0, and M,, — (u —v)(&) = sup(u —v).  (5.15)

Then, since u < v on d0 and

Slen = yal (5.16)
by (5.13), it follows from the first claim in (5.15) that (z,,yn) € O x O.

Step 2: Since the maximizer (2, y,) of M, defined in (5.14) is an interior point
to O x O, it follows from Lemma 5.12 that there exist two symmetric matrices
An, B, € S, satistying (5.11) such that (z,,, @, (xn — Yn), An) € jgu(xn) and
(Yn, an(Tp, — Yn), Bn) € j(;v(yn). Then, since u and v are viscosity subsolu-
tion and supersolution, respectively, it follows from the alternative definition of
viscosity solutions in Proposition 5.11 that:

§ < Mg, =u(zn) —v(yn) —

F (zp,w(xn), an(Tn — Yn), An) <0< F (Yn, v(xn), an(zn — yn), Bn) . (5.17)

Step 3: We first use the strict monotonicity Assumption 5.15 (i) to obtain:
1 < (o)~ o) S F (nulen),anen - va), An)
—F (xpn,v(Tn), tn(Tn — Yn), An) -

By (5.17), this provides:

v0 < F (Yn,v(xn),an(xn — yYn), Bn) — F (zn,v(xn), an(Tn — yn), 4n) .
Finally, in view of Assumption 5.15 (ii) this implies that:

76 < w (anlzn = yal® + e —yal) -

Sending n to infinity, this leads to the desired contradiction of (5.13) and (5.15).
Step 4: It remains to prove the claims (5.15). By the upper-semicontinuity of
the difference (u — v) and the compactness of O, there exists a maximizer z* of
the difference (u — v). Then

= |xn - yn|2'

(u—v)(x") < My, = u(ry) —v(Yn) — %

Sending n — oo, this provides

_ 1
(= —limsup |z, —yo/? < limsupu(za,) — v(Ya,) — (u—v)(z*)
2 pooo n—oo

< w(E) —ov(g) — (uw—ov)(z");

in particular, ¢ < oo and & = 9. Moreover, denoting 2¢ := liminf,, ay |z, — yn
and using the definition of * as a maximizer of (u — v), we see that:

‘ 2

9

0<{<? < (u=—2v)(2)—(u—2)=*) < 0.
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Then Z is a maximizer of the difference (v — v) and M, — supp(u —v). <

We list below two interesting examples of operators F which satisfy the
conditions of the above theorem:

Example 5.18. Assumption 5.15 is satisfied by the nonlinearity
F(z,r,p,A) = ~r+H(p)

for any continuous function H : R — R, and v > 0.
In this example, the condition v > 0 is not needed when H is a convex and
H(Dp(x)) < a <0 for some ¢ € CH(O). This result can be found in [2].

Example 5.19. Assumption 5.15 is satisfied by
F($7T7P7A) = _TT(UUI(.’L')A)—F’}/T,

where o : RY — Sy is a Lipschitz function, and v > 0. Condition (i) of
Assumption 5.15 is obvious. To see that Condition (ii) is satisfied, we consider
(A,B,a) € S x 84 x R, satisfying (5.11). We claim that

d
TMMTA-NNTB] < 30/M —N|? = 30 Y (M -~ N)2.

2,j=1

To see this, observe that the matriz

oo NNT NmT
' MNT ymT

is a non-negative matriz in Sq. From the right hand-side inequality of (5.11),
this implies that
A 0
wle(d %)

I, —I,
3aTr {C( 1, I ﬂ

3aTr [(M _N)(M — N)T] = 3a|M — NP2

MM Ta - NNTB

IA

5.5 Comparison in unbounded domains

When the domain O is unbounded, a growth condition on the functions v and
v is needed. Then, by using the growth at infinity, we can build on the proof of
Theorem 5.17 to obtain a comparison principle. The following result shows how
to handle this question in the case of a sub-quadratic growth. We emphasize
that the present argument can be adapted to alternative growth conditions.
The following condition differs from Assumption 5.15 only in its part (ii)
where the constant 3 in (5.11) is replaced by 4 in (5.18). Thus the following
Assumption 5.20 (ii) is slightly stronger than Assumption 5.15 (ii).
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Assumption 5.20. (i) There exists v > 0 such that
F(x,r,p,A) — F(z,7,p, A) > ~v(r — ') for all v > v, (z,p,A) € O x R? x 8.
(ii)  There is a function w : Ry — Ry with w(0+) = 0, such that
F(y7’l"70[(l' 7y)ﬂB) - F(ZL',T‘7O[(IL' 7y)ﬂA) S w (Oé|l’*y|2 + |1' 7?‘1‘)
forallx,y € O, r € R and A, B satisfying
Id 0 A 0 Id _Id
—4a(0 Id) < (0 —B> §4oz<_ld L ) (5.18)

Theorem 5.21. Let F' be a uniformly continuous elliptic operator satisfying
Assumption 5.20. Let u € USC(O) and v € LSC(O) be viscosity subsolution

and supersolution of the equation (E), respectively, with |u(z)| + |v(z)| = o(|z|?)
as |x| — oo. Then

u<vondO = u<wvoncO).
Proof. We assume to the contrary that
§:=(u—v)(z) >0 forsome z¢€R? (5.19)

and we work towards a contradiction. Let

Ma = sup u(w) - U(y) - QS(ZC,ZZ/),
z,y€R4
where
1
o@y) = 5 (alr—yl® +ela® +ely?).

—~

1. Since u(z) = o(|z|?) and v(y) = o(|y|?) at infinity, there is a maximizer
(%, Yo ) for the previous problem:

M, = u(ma) - v(ya) - ¢(xonyoz)'
Moreover, there is a sequence «,, — 0o such that
(xnvyn) = (-’Ea”vyoc,) — (jag)a
and, similar to Step 4 of the proof of Theorem 5.17, we can prove that = g,

|t — yu|? — 0, and M, — M., := sup (u —v)(x) —elz[>.  (5.20)
z€R4

Notice that

lim sup Man = limSUp {u(mn) - v(yn) - ¢(xnayn)}
n—oo n—oo
< limsup {u(zn) — v(ya))}
n—oo
< limsup u(x,) — liminf v(y,)
n—oo n—oo
< (u—v)(@).
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Since u < v on 00, and
M,, > §—¢lz|*> > 0,

by (5.19), we deduce that & ¢ JO and therefore (z,,,yy) is a local maximizer of
uU—v— .
2. By the Crandall-Ishii Lemma 5.12, there exist A,,, B, € S,,, such that

(_Dy(b(xmyn)an) S «7(9’ U(tnayn)7
and
2 Ay, 0 2 L. 2
—(O( + |D ¢(3«"0;y0)\)12d < 0 _B <D ¢(znayn) + ED ¢($n, yn) .
(5.22)
In the present situation, we immediately calculate that
x¢($n, yn) = O(( yn) +exn, — yd)(xna yn) = Oé( yn) —E€Yn
and
2 _ Is  —1a

which reduces the right hand-side of (5.22) to

o 2
( f(l)n _OBn ) < (3a—|—2<€)( _I;d Iid >+ <5+€a> L, (5.23)

while the left land-side of (5.22) implies:

—3alyy < (‘%” _OBn) (5.24)

3. By (5.21) and the viscosity properties of u and v, we have

F(zn,u(zy), an(Tn —yn) + exn, 4,) < 0,
F(Yn,v(Yn), @n(Tn — Yn) — €Yn, Bn) > 0.
i)

Using Assumption 5.20 (i) together with the uniform continuity of H, this im-

plies that:
Y(u(zn) —v(@n)) < F(yn,u(@n), an(@n —yn), Bn)
—F(mn,u(xn),an(xn — Yn), A )—|—c( )
where ¢(.) is a modulus of continuity of F, and A, = A, — 2el,, B, =

B, + 2¢I,,. By (5.23) and (5.24), we have

A, 0 I, —I,
—daly < . <4
“2d—(o —Bn)_ a(—fd Id)’
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for small €. Then, it follows from Assumption 5.20 (ii) that
Y(ul@n) —v(za)) < @w(anlen = yol® + |2 = yal) + (o).
By sending n to infinity, it follows from (5.20) that:
c(e) 2 7(Muo +[2*) = 7Moo > v (u(2) — v(z) —¢|2[?),

and we get a contradiction of (5.19) by sending ¢ to zero. &

5.6 Useful applications

We conclude this section by two consequences of the above comparison results,
which are trivial properties in the context of classical solutions.

Lemma 5.22. Let O be an open interval of R, and U : O — R be a lower
semicontinuous viscosity supersolution of the equation DU > 0 on O. Then U
s mondecreasing on O.

Proof. For each ¢ > 0, define W(x) := U(x) + ex, z € O. Then W satisfies in
the viscosity sense DW > ¢ in O, i.e. for all (xq,p) € O x C1(O) such that

(W =¢)(zo) = min(W —p)(z), (5.25)

we have Dp(xg) > e. This proves that ¢ is strictly increasing in a neighborhood
V of xg. Let (x1,22) C V be an open interval containing zy. We intend to prove
that

W(z1) < W(zs), (5.26)

which provides the required result from the arbitrariness of xg € O.
To prove (5.26), suppose to the contrary that W(z;) > W(zz), and the
consider the function v(x) = W(z2) which solves the equation

Dv = 0 on the open interval (z1,x2).

together with the boundary conditions v(x1) = v(x2) = W(z3). Observe that
W is a lower semicontinuous viscosity supersolution of the above equation. From
the comparison result of Example 5.18, this implies that

sup (v—W) = max{(v—W)(z1), (v —W)(z2)} < 0.

[#1,22] B

Hence W(z) > v(z) = W(x2) for all z € [x1,z2]. Applying this inequality at
zo € (1,22), and recalling that the test function ¢ is strictly increasing on
[z1, x2], we get :

W =p)(xo) > (W —=p)(22),

contradicting (5.25). &
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Lemma 5.23. Let O be an open interval of R, and U : O — R be a lower
semicontinuous viscosity supersolution of the equation —D?U > 0 on O. Then
U is concave on O.

Proof. Let a < b be two arbitrary elements in O, and consider some ¢ > 0
together with the function

U(a) (eﬁ(”*” - e*ﬁ@*s)) +U(b) (eﬂsfa) _ e—ﬁ(sm)
v(s) = s

Clearly, v solves the equation
ev—D*v=0 on (a,b), v=U on {a,b}.

Since U is lower semicontinuous it is bounded from below on the interval [a, b].
Therefore, by possibly adding a constant to U, we can assume that U > 0, so
that U is a lower semicontinuous viscosity supersolution of the above equation.
It then follows from the comparison theorem 6.6 that :

sup (0 =U) = max{(v = U)a), (v = VO = O

Hence,
Ula) (eVEt=9) — emVEL=9)) 4 U(b) (eVEls—a) — e=VE(s—a)
U(s) > wv(s) = ( ) ( )

6\/5(117(1) — e*\/g(b*a)
and by sending € to zero, we see that

s —a

U(s) > (U(b)—U(a))b_a

+U(a)

for all s € [a,b]. Let A be an arbitrary element of the interval [0,1], and set s
:= Aa + (1 — A\)b. The last inequality takes the form :

UAa+(1—=Xb) > AU(a)+ (1—NU®),

proving the concavity of U. &

5.7 Proof of the Crandall-Ishii’s lemma

We start with two Lemmas. We say that a function f is A—semiconvex if
x+— f(x) + (\/2)]x|? is convex.

Lemma 5.24. Let f : RN — R be a A\—semiconvex function, for some X € R,
and assume that f(z) — $Bx -z < f(0) for all z € RYN. Then there exists
X € Sy such that

0,X) e T F0)NT> " f(0) and —My <X < B.
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Our second lemma requires to introduce the following notion. For a function
v:RY — R and A\ > 0, the corresponding A\—sup-convolution is defined by:

. A
) = sup {o(y) = Slr—ul*}
yeRN
Observe that
R A A
MNa)+ SlzlP = sup {uly) = SlylP + Az -y}
2 yGRN 2

is convex, as the supremum of linear functions. Then

o is A — semiconvex. (5.27)

In [14], the following property is refered to as the magical property of the sup-
convolution.

Lemma 5.25. Let A\ > 0, v be a bounded lower-semicontinuous function, 9

the corresponding A—sup-convolution.

(i) If (p, X) € J>To(x) for some x € RN, then
2,4+ p A L
(p,X)eJ v(z—l—)\) and ©N(x) =v(x +p/N) 2)\|p| .

(ii) For all z € RN, we have (0, X) € J>T0(x)implies that (0,X) € J>Tv(x).

Before proving the above lemmas, we show how they imply the Crandall-
Ishii’s lemma that we reformulate in a more symmetric way.

Lemma 5.12 Let O be an open locally compact subset of R* and ui,us €
USC(O). We denote w(x1,x2) := ui(z1) + uz(z2) and we assume for some
€ C?(cl0)?) and 2° = (29,29) € O x O that:

(w=9)@’) = max(w-p).
Then, for each € > 0, there exist X1, Xo € Sq such that

(Dyp(2°), X;) € T ui(2?), i=1,2,
X, 0

it (D) s (50

) < D?p(2%) + eD?p(2°)%.

Proof. Step 1: We first observe that we may reduce the problem to the case

1
O =R 2°=0, u1(0) = uz(0) =0, and p(x) = §Am -z for some A € S.
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The reduction to 2° = 0 follows from an immediate change of coordinates.
Choose any compact subset of K C O containing the origin and set 4; = u; on
K and —oo otherwise, ¢ = 1,2. Then, the problem can be stated equivalently in
terms of the functions @; which are now defined on R? and take values on the
extended real line. Also by defining

i(w;) = ui(2i) = ui(0) = Do, p(0) - and - p(z) := p(x) = (0) = Dp(0) -z
we may reformulate the problem equivalently with @,;(xz;) = 0 and @(z) =

3D%¢(0)z -z +o(|z|?). Finally, defining ¢(x) := Az -z with A := D?p(0) +nlzq
for some n > 0, it follows that

Uy (w1)+uz(22) —@(21, w2) < (1) +u2(22)—@(21, w2) < U1(0)+u2(0)—$(0) = 0.
Step 2: From the reduction of the previous step, we have

2w(z) < Az-z
Alx —y) - (r —y)Ay -y — 24y - (y — )

1
< A(fc—y)-(w—y)Ay~y+6A2y-y+glw—yl2
1
= A(ﬂc—y)-(x—y)+g|w—y|2+(A+€A2)y-y

< (e HIADz —yP+ (A4 A%y -y

Set A := e 1 +]|A| and B := A+eA2. The latter inequality implies the following
property of the sup-convolution:

s

o) 3Buy < 0(0) = 0

Step 3: Recall from (5.27) that %> is A—semiconvex. Then, it follows from
Lemma 5.24 that there exist X € Sy such that (0, X) € 72’%2%(0) ﬂjQ’iuAjA(O)
and —\loy < X < B. Moreover, it is immediately checked that @*(zy,x2) =
@7 (w1) + 45 (22), implying that X is bloc-diagonal with blocs X1, Xs € Sy.

Hence:

—(e7 4+ AN 2a < ( )81 )?2 > < A+4eA?

and (0, X;) € j2’+ﬁf‘(0) for i = 1,2 which, by Lemma 5.25 implies that (0, X;) €
TN 0). &

We coninue by turning to the proofs of Lemmas 5.24 and 5.25. The main
tools which will be used are the following properties of any semiconvex function
¢ : RN — R whose proofs are reported in [14]:

o Aleksandrov lemma:  is twice differentiable a.e.
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e Jensen’s lemma: if ¢ is a strict maximizer of ¢, then for every r,4 > 0,
the set

{a? € B(zg,r) :  — @(a)+p-x has a local maximum at Z for some p € Bg}

has positive measure in RV,

Proof of Lemma 5.24 Notice that ¢(z) := f(z) — $Bz - — |z|* has a strict
maximum at x = 0. Localizing around the origin, we see that ¢ is a semiconvex
function. Then, for every § > 0, by the above Aleksandrov and Jensen lemmas,
there exists ¢s and x5 such that

45,5 € Bs, D*p(x5) exists, and o(z5) + g5 - 75 = loc-max{p(z) + gs - 2}
We may then write the first and second order optimality conditions to see that:
Df(xs) = —qs + Bas + 4|xs|* and  D?f(xs) < B+ 12|x5]°.

Together with the A—semiconvexity of f, this provides:
Df(xs) = O(5) and —\ < D?*f(zs) < B+ O(5%). (5.28)
Clearly f inherits the twice differentiability of ¢ at x5. Then
(Df(xs), D?f(xs)) € J>F f(z5) N J> f(as)
and, in view of (5.28), we may send 0 to zero along some subsequence and obtain

a limit point (0, X) € J2T £(0) N J>~ £(0). %

Proof of Lemma 5.25 (i) Since v is bounded, there is a maximizer:

Pa) = o) - Sl ol (5.29)

By the definition of ©* and the fact that (p, A) € J?>%9(x), we have for every
2,y € RY:

o)~ S’y < o(a)
gﬁ(x)+p-(x'—x)+1A(x’—x)~(az’—x)+o(m’—x)

2

o)~ e —yP +p- (@ ) + L AG — ) (o — )+ ola! — ),
(5.30)

where we used (5.29) in the last equality.
By first setting ' = 3’ +y — x in (5.30), we see that:

1
o(y) <oly) +p- @ —y)+ gA(y’ —y)-(y —y)+o(y —y) foral y eR",
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which means that (p, A) € J>Fy(y).
On the other hand, setting ¢ = y in (5.30), we deduce that:

!

Mo =) (T4 R —y) > Ol - o),
2 A

which implies that y =z + £.

(i) Consider a sequence (2, Pr, An ) With (2, 9N (), P, An) — (2,0 (x),0, A)

and (pn, A,) € J>T0*(x,). In view of (i) and the definition of J>%v(z), it only

remains to prove that

v(szr%) s () (5.31)

To see this, we use the upper semicontinuity of v together with (i) and the
definition of &*:

. Pn

> 1 (n Pn

v(z) > 1mnsupv T, + )\)
.. Pn

> hmlnfv(xn—f—j)

1
= 117?1@A(xn)+ﬁ|pn|2 = MNz) > v(z).



Chapter 6

DyNAMIC PROGRAMMING
EQUATION IN THE VISCOSITY
SENSE

6.1 DPE for stochastic control problems

We now turn to the stochastic control problem introduced in Section 2.1. The
chief goal of this section is to use the notion of viscosity solutions in order to
relax the smoothness condition on the value function V' in the statement of
Propositions 2.4 and 2.5. Notice that the following proofs are obtained by slight
modification of the corresponding proofs in the smooth case.

Remark 6.1. Recall that the general theory of viscosity applies for nonlinear
partial differential equations on an open domain O. This indeed ensures that
the optimizer in the definition of viscosity solutions is an interior point. In the
setting of control problems with finite horizon, the time variable moves forward
so that the left boundary of the time interval is not relevant. We shall then
write the DPE on the domain S = [0,7) x R%. Although this is not an open
domain, the general theory of viscosity solutions is still valid.

We first recall the setting of Section 2.1. We shall concentrate on the finite
horizon case T' < oo, while keeping in mind that the infinite horizon problems
are handled by exactly the same arguments. The only reason why we exclude
T = oo is because we do not want to be diverted by issues related to the
definition of the set of admissible controls.

Given a subset U of R*, we denote by U the set of all progressively measur-
able processes v = {14, t < T} valued in U and by Uy := U NH2. The elements
of Uy are called admissible control processes.

The controlled state dynamics is defined by means of the functions

b: (t,z,u) €eSxU — b(t,z,u) € R”

89
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and
o: (tx,u) eSxU — o(t,z,u) € Mg(n,d)
which are assumed to be continuous and to satisfy the conditions

[b(t, z,u) — b(t,y,u)| + |o(t,z,u) —o(t,y,u)| < Kl|z—yl, (6.1)
b(t,z,u)|[ + ot z,u)| < K (1+[2]+ [ul]). (6.2)

for some constant K independent of (¢,z,y,u). For each admissible control
process v € Uy, the controlled stochastic differential equation :

dXt = b(t,Xt,l/t>dt +0’(t,Xt,l/t)th (63)

has a unique solution X, for all given initial data ¢ € L?(Fp,P) with

E { sup |X;’2} < C(1+E[})et forall te[0,T] (6.4)

0<s<t
for some constant C'. Finally, the gain functional is defined via the functions:
fok : [0,T)xRIxU — R and g : R? — R
which are assumed to be continuous, ||k~ ||e < 00, and:
[ft )] +g(@)] < K+l +[2]?),
for some constant K independent of (¢,x,u). The cost function J on [0,T] x

R x U is:

J(t,z,v)=E

T
/ 5y(t7 S)f(S’ X,z,x7’/7ys)d8+/8’/(t7 T)g(X;I7V)‘| ) (6.5)
t
when this expression is meaningful, where

S
5ts) = exp (= [ kn X000 )dr),
t

and {X5/®", s > t} is the solution of (6.3) with control process v and initial
condition X[ = x. The stochastic control problem is defined by the value
function:

V(t,x) := sup J(t,z,v) for (t,z)€S. (6.6)
veUy

We recall the expression of the Hamiltonian:

H(.,rpA):= 21618 <f(.,u) —Ek(,u)r+b(,u)-p+ ;Tr[UUT(.,u)A}) , (6.7)



6.1. DPE FOR STOCHASTIC CONTROL 91

and the second order operator associated to X and :
1
L% = —k(,uw)v+b(.,u) Dv+ §Tr[UJT(.,u)D21)}, (6.8)

which appears naturally in the following [t6’s formula valid for any smooth test
function v:

dB” (0, t)u(t, X¥) = (0, 1) ((at +LYYu(t, XV )dt + Do(t, XY) - o(t, X7, Vt)th>.

Proposition 6.2. Assume that V is locally bounded on [0,T) x R?. Then, the
value function V' is a viscosity supersolution of the equation

—9,V(t,x) — H (t,,V(t,z),DV(t,z),D*V(t,x)) > 0 (6.9)
on [0,T) x R
Proof. Let (t,x) € S and € C?%(S) be such that

0= WVi—9p)(tz) = msin (Vi — ). (6.10)

Let (t,,,x,)n be a sequence in S such that
(tn,xn) — (t,xz) and V(t,,z,) — Vi(t, ).
Since ¢ is smooth, notice that
M = V(tn, zn) — p(tn, z,) —> 0.

Next, let u € U be fixed, and consider the constant control process v = u. We
shall denote by X" := X?»®n" the associated state process with initial data
X' = xp. Finally, for all n > 0, we define the stopping time :

0, = inf{s>t, : (s—tn, X —2x,) €[0,h,) x aB},
where a > 0 is some given constant, B denotes the unit ball of R", and

hn = \% 77"1{%#0} +n_11{7]n:0}‘

Notice that 6,, — t as n — 0.
1. From the first inequality in the dynamic programming principle of Theorem
2.3, it follows that:

On
0 < E|V(tn,2n) — Bltn, 00)Vi(On, Xg ) — B(tn,r)f(r, X", v )dr

tn

Now, in contrast with the proof of Proposition 2.4, the value function is not
known to be smooth, and therefore we can not apply It6’s formula to V. The
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main trick of this proof is to use the inequality Vi > ¢ on S, implied by (6.10),
so that we can apply It6’s formula to the smooth test function ¢:

0 < n,+E

0n
@(tny xn) - 6(tn; Gn)@(ena X(?n) - /t B(tn7 ’I”)f(’l“, X:La Vr)dr]

0

nn—El B(tn»r)(atﬁo""‘C@_f)<r7X?>u>dT1
tn

0

—E

tn

B(tna T)D(p('l", X;L)U(Ta X:"l7 u)dWT‘| )

where 0, denotes the partial derivative with respect to t.

2. We now continue exactly along the lines of the proof of Proposition 2.5.
Observe that S(t,,r)Dy(r, X")o(r, X", u) is bounded on the stochastic interval
[tn, 0rn]. Therefore, the second expectation on the right hand-side of the last
inequality vanishes, and :

n 1 On
?“;_Elhn/tn 5(tn,7’)(at§0+£'tp—f)(T,Xr,u)dr] > 0.

We now send n to infinity. The a.s. convergence of the random value in-
side the expectation is easily obtained by the mean value Theorem; recall
that for n > N(w) sufficiently large, 6,(w) = hy,. Since the random vari-
able h ! fte" Btn, r)(L @ — f)(r, X7, u)dr is essentially bounded, uniformly in
n, on the stochastic interval [t,,, 0,], it follows from the dominated convergence
theorem that :

—Owp(t, x) — L (t,x) — f(t,2,u) = 0,

which is the required result, since v € U is arbitrary. &

We next wish to show that V satisfies the nonlinear partial differential equa-
tion (6.9) with equality, in the viscosity sense. This is also obtained by a slight
modification of the proof of Proposition 2.5.

Proposition 6.3. Assume that the value function V is locally bounded on S.
Let the function H be finite and upper semicontinuous on [0,T) x R x R? x S,
and ||kT||oo < 00. Then, V is a viscosity subsolution of the equation

—0,V(t,x) — H (t,z,V(t,z),DV(t,z),D*V(t,z)) < 0 (6.11)
on [0,T) x R™.
Proof. Let (to, o) € S and ¢ € C*(S) be such that

0 = (V" =9)(to,z0) > (V¥ —p)(t,x) for (t,z) €S\ {(to,z0)}(6.12)
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In order to prove the required result, we assume to the contrary that
h(to, o) = Oup(to,z0) + H (to, o, (to, 7o), Do(to, z0), D*¢(to, 20)) < 0,

and work towards a contradiction.
1. Since H is upper semicontinuous, there exists an open neighborhood N, :=
(to — r,to + 1) X rB(to,zo) of (to, o), for some r > 0, such that

h = 9o+ H (.,0,Dp,D*¢0) <0 on N,. (6.13)
Then it follows from (6.12) that

—operlF e max (V*—p) < 0. (6.14)
n

Next, let (5, 2n)n be a sequence in N such that
(tn,xn) — (to,x0) and V(tn,z,) — V*(to, o).

Since (V' — ¢)(tn,zn) —> 0, we can assume that the sequence (t,,x,) also
satisfies :

[(V—)(tn,zn)| < n foral n>1. (6.15)
For an arbitrary control process v € Uy, , we define the stopping time
0¥ :=inf{t > t, : X" & N},

and we observe that (HZ,X;L“CE"’”) € ON, by the pathwise continuity of the
controlled process. Then, with 87 := ”(t,,s), it follows from (6.14) that:

Bhup (O X ™) = 20+ BV (0, Xgz ™). (6.16)
2. Since 7 =1, it follows from (6.15) and It6’s formula that:

V(tn,xn) > —n+ @(tn,zn)

v

B (0, Xgu ™) = | BLO 4+ £7)p (s, X Lo ]

in

4
O i) [ B () = ) (5, X0
t

n

vV
|
3
+
&=
= =

> B[O, Xpp ) BT (s, Xt ) ds]

by (6.13). Using (6.16), this provides:

o
V(tn,zn) > n+E[,Bng*(0,‘;,X§g’m"’”)+/ BY (s, XL ) ds .
t

n
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Since 7 > 0 does not depend on v, it follows from the arbitrariness of v € U,
that that latter inequality is in contradiction with the second inequality of the
dynamic programming principle of Theorem (2.3). O

As a consequence of Propositions 6.3 and 6.2, we have the main result of
this section :

Theorem 6.4. Let the conditions of Propositions 6.3 and 6.2 hold. Then, the
value function V is a viscosity solution of the Hamilton-Jacobi-Bellman equation

-0,V —H (-, V,DV,D*V) =0 on 8. (6.17)

The partial differential equation (6.17) has a very simple and specific depen-
dence in the time-derivative term. Because of this, it is usually referred to as a
parabolic equation.

In order to a obtain a characterization of the value function by means of
the dynamic programming equation, the latter viscosity property needs to be
complemented by a uniqueness result. This is usually obtained as a consequence
of a comparison result.

In the present situation, one may verify the conditions of Theorem 5.21. For
completeness, we report a comparison result which is adapted for the class of
equations corresponding to stochastic control problems.

Consider the parabolic equation:

du+ G (t,z, Du(t,z),D?u(t,z)) = 0 on 8, (6.18)
where G is elliptic and continuous. For v > 0, set

GP(t,a,p,A) = sup{G(s,y,p,A) : (s,y) € Bs(t,z;7)},
G (t,x,p,A) = inf{G(s,y,p,A) : (s,y) € Bs(t,z;7)},

where Bg(t, ;) is the collection of elements (s, ) in S such that |t—s|?+|z—y|?
< 2. We report, without proof, the following result from [20] (Theorem V.8.1
and Remark V.8.1).

Assumption 6.5. The above operators satisfy:

lim SUPeN\ 0 {G+’Y£ (te,Te,pe, Ae) — G772 (86, Yes Pe, Be) }
(6.19)

< Const ([to = so| + |zo — yol) [1 + [po| + e ([to — so| + |20 — yol)]

for all sequences (t.,xzc), (se,ys) € [0,T) xR, p. € R, and v > 0 with :

((tsvl's)v(ss,ye)apeays) — ((t03x0)7(307y0)ap0a0) as ¢ \,1 0,

and symmetric matrices (Ae, B:) with

A0 Lo -,
~Hln = (0 —BE) = 20‘( I, In>

for some « independent of €.
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Theorem 6.6. Let Assumption 6.5 hold true, and let u € USC(S), v € LSC(S)
be viscosity subsolution and supersolution of (6.18), respectively. Then
sup(u —v) = sup(u—)(T,).
§ ]Rn
A sufficient condition for (6.19) to hold is that f(-,-,u), k(-,-,u), b(-, -, u),
and o(-,-,u) € CY(S) with

[belloo + [[balloc + llotlloc + lloallec < o0
|b(t, x,u)| + |o(t, z,u)| < Const(l+ |z|+ |u]);

see [20], Lemma V.8.1.

6.2 DPE for optimal stopping problems

We first recall the optimal stopping problem considered in Section 3.1. For
0 <t <T < oo, the set Tj; 1) denotes the collection of all F—stopping times
with values in [t, T]. The state process X is defined by the SDE:

dXt = ,U/(t7Xt)dt+O'(t,Xt)th, (620)

where p and o are defined on S := [0,7) x R", take values in R” and S,,,
respectively, and satisfy the usual Lipschitz and linear growth conditions so
that the above SDE has a unique strong solution satisfying the integrability of
Theorem 1.2.

For a measurable function g : R" — R, satisfying E [supg<, . [9(X¢)[] <
00, the gain criterion is given by:

J(t,x,7):=E[g(XL%) 1rcoe] forall (t,x) €S, 7€ Tpq. (6.21)

Here, X*® denotes the unique strong solution of (3.1) with initial condition
Xf ¥ = . Then, the optimal stopping problem is defined by:

V(t,z) = sup J(t,xz,7) forall (t,z)e€S. (6.22)

TE€T, 1)

The next result derives the dynamic programming equation for the previous
optimal stopping problem in the sense of viscosity solution, thus relaxing the
C1? regularity condition in the statement of Theorem 3.5. As usual, the same
methodology allows to handle seemingly more general optimal stopping prob-
lems:

V(t,z) = sup J(t,z,7), (6.23)
TET, 1)
where
B T
Ttr) = E| [ (055 X075 + B )X ey |
t

B(t,s) = exp(—/ts k(u,Xi’x)du).
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Theorem 6.7. Assume that V is locally bounded, and let g : R — R be
continuous. Then V is a viscosity solution of the obstacle problem:

min{—(0, + AV , V—-g} =0 on 8. (6.24)

Proof. (i) We first show that V' is a viscosity supersolution. As in the proof of
Theorem 3.5, the inequality V' — g > 0 is obvious, and implies that V, > g. Let
(to, o) € S and ¢ € C?%(S) be such that

0= (Vi—o)(to,z0) = msin(V* — ).

To prove that —(0; + A)p(to, o) > 0, we consider a sequence (ty,Zn)n>1 C
[to — h,to + h] x B, for some small h > 0, such that

(tn,xn) — (to,xo) and V(tn,xn) — Vi(to, zo).

Let (h,)n be a sequence of positive scalars converging to zero, to be fixed later,
and introduce the stopping times

O =inf {t >t,: (£, X;""") & [to — hn,to + hn) X B}.
Then 6, € ﬁE,T] for sufficiently small h, and it follows from (3.10)that:
Vitn,n) > E[V. (6}, Xop)].
Since Vi > ¢, and denoting n,, := (V — ¢)(ts, x,), this provides
M+ @(tn, n) > E [<p ( Z,X@ﬁ)] where 7, — 0.
We continue by fixing

h, = ‘/77711{7%750}+n_11{n1L:0}v

as in the proof of Proposition 6.2. Then, the rest of the proof follows exactly the
line of argument of the proof of Theorem 3.5 combined with that of Proposition
6.2.

(ii) We next prove that V is a viscosity subsolution of of the equation (6.24).
Let (to, 7o) € S and ¢ € C?(S) be such that

0 = (V*—=¢)(tg,xo) = strict max (V* =),
assume to the contrary that
(V* = g)(to,z0) >0 and  —(9; + A)p(to, z0) >0,

and let us work towards a contradiction of the weak dynamic programming
principle.

Since ¢ is continuous, and V*(tg,x) = ¢(to,z¢), we may finds constants
h >0 and § > 0 so that

p>g+dand — (G +A)p >0 on N, :=][to,to +h] X hB, (6.25)
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where B is the unit ball centered at zy. Moreover, since (o, zo) is a strict
maximizer of the difference V* — ¢:

= Vv — 0. 6.26
¥ rglj\aff( @) < (6.26)

let (¢,,2,) be a sequence in S such that
(tn,xn) — (to,x0) and V(tn,xn) — V*(to,x0)-
We next define the stopping times:
O0p = inf{t>t,: (t,X;"") & Nn},

and we continue as in Step 2 of the proof of Theorem 3.5. We denote n,, :=
V(tn, zn) — @(tn, x,), and we compute by It6’s formula that for an arbitrary
stopping rule 7 € 7§ )

TNAO,
0 (T NOn, Xrne,) — / (0 + A)p(t, Xy)dt |
t

n

= N +E

where diffusion term has zero expectation because the process (t,Xtt"’m") is
confined to the compact subset NV}, on the stochastic interval [t,, T A 6,]. Since
—(0r + A)p > 0 on N, by (6.25), this provides:

V(tn, xn) M+ E [50 (7-7 XT) 1{T<9n} + (em Xen) 172{0n}+]
E[(g(X7)+6) 1rco,y + (V* (0n. Xo,) +7) Lo, 5]

YAOG+E [9(X7) Lirco,y + V" (0n, Xo,) 1o, m]

vV v IV

where we used the fact that ¢ > g+ & on A}, by (6.25), and ¢ > V* + v on
ON}, by (6.26). Since 1, := (V — ¢)(tn,n) —> 0 asn — oo, and 7 € T[;T] is
arbitrary, this provides the desired contradiction of (3.9).

6.3 A comparison result for obstacle problems

In this section, we derive a comparison result for the obstacle problem:

min {F(.,u, Oyu, Du, D?u),u — g} =0 on [0,T)x R?

(TS = (6.27)

The dynamic programming equation of the optimal stopping problem (6.23)
corresponds to the particular case:

1
F(.,u,0pu, Du,D*u) = 0Oyu+b-Du+ §Tr [CTO'TD2’LL] —ku+f.
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Theorem 6.8. Let F' be a uniformly continuous elliptic operator satisfying
Assumption 5.20. Let u € USC(O) and v € LSC(O) be wiscosity subsolution
and supersolution of the equation (6.27), respectively, with sub-quadratic growth.
Then

uw(T,.) <u(T,.) = wu<wvonl0,T] xR

Proof. This is an easy adaptation of the proof of Theorem 5.21. We adapt the
same notations so that, in the present, = stands for the pair (¢,z). The only
difference appears at Step 3 which starts from the fact that

min {F (@, u(xn), n(Tn — Yn) + €Tn, An), u(zn) — g(zn)}
min { F(yn, v(Yn), @n(Tn — Yn) = €Yn, Bn), v(Yn) — 9(yYn)}

)

0,

IV IA

This leads to two cases:

- Either w(z,) —g(z,) < 0 along some subsequence. Then the inequality v(y,)—
g(yn) > 0 leads to a contradiction of (5.19).

- Or F(zp,u(zn), on(zn — yy) + €xn, Ap) < 0, which can be combined with the
supersolution part F(yn,v(yn), n(Tn — Yy) — €Yn, Brn) > 0 exactly as in the
proof of Theorem 5.21, and leads to a contradiction of (5.19). &



Chapter 7

STOCHASTIC TARGET
PROBLEMS

7.1 Stochastic target problems

In this section, we study a special class of stochastic target problems which
avoids facing some technical difficulties, but reflects in a transparent way the
main ideas and arguments to handle this new class of stochastic control prob-
lems.

All of the applications that we will be presenting fall into the framework of
this section. The interested readers may consult the references at the end of
this chapter for the most general classes of stochastic target problems, and their
geometric formulation.

7.1.1 Formulation

Let T > 0 be the finite time horizon and W = {W;, 0 < t < T} be a d-
dimensional Brownian motion defined on a complete probability space (2, F,P).
We denote by F = {F;, 0 <t < T} the P-augmentation of the filtration gener-
ated by W.

We assume that the control set U is a convex compact subset of R% with
non-empty interior, and we denote by U the set of all progressively measurable
processes v = {13, 0 < ¢t < T} with values in U.

The state process is defined as follow: given the initial data z = (z,y) €
R? x R, an initial time ¢ € [0, T], and a control process v € U, let the controlled

process ZH#7 = (Xt®¥ YH2V) he the solution of the stochastic differential
equation :

dXp®Y = p(r, X" v) dr + o (r, X025, ve) dW,,

dyb=" = b (r, ZbAv, Vr) dr + v, - dW,, re(tT),

99



100 CHAPTER 7. STOCHASTIC TARGET PROBLEMS

with initial data
Xtt’x’y = z, and }/tty%yﬂ = .

Here, j1: SxU — R?%, 0 : SxU — Sy, and b: SxR xU — R are continuous
functions, Lipschitz in (x,y) uniformly in (¢,u). Then, all above processes are
well defined for every admissible control process v € Uy defined by

Uo {u cU:E [/Ot (Itt0(s, )| + bo(s, v)| + o0 (s, 1) + v ]?) ds} < oo},

where po(t,u) = p(t,0,u), bo(t,u) = b(t,0,u), and oo(t,u) = o(t,0,u).
Throughout this section, we assume that the the function

u — o(t,x,u)p
has a unique fixed point for every (¢,z) € S x R defined by:
olt,z,u)p=u <= u=1v(tz,Dp). (7.1)

For a measurable function g : R — R, we define the stochastic target problem
by:

V(t,z) ==inf {y e R : Y% > g(Xp™"), P— as. for some v € Uy} .
(7.2)

Remark 7.1. By introducing the subset of control processes:
Alt,z,y) = {vely: YovY > g (Xp™), P — a.s.},
we may re-write the value function of the stochastic target problem into:
V(t,z) = infY(t,x), where Y(t,z):={yeR : A(t,z,y) #0}.
The set Y(t, z) satisfies the following important property :
for all y € R, yeV(t,x) = [y,00) C Y(t, x).

Indeed, since the state process X% is independent of y, the process Y*%¥ ig
a solution of a stochastic differential equation (with random coefficients), and
the corresponding flow y — th’y’” is increasing for every t by classical results
on SDEs.

7.1.2 Geometric dynamic programming principle

Similar to the standard class of stochastic control and optimal stopping prob-
lems studied in the previous chapters, the main tool for the characterization of
the value function and the solution of stochastic target problems is the dynamic
programming principle. Although the present problem does not fall into the
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class of problems studied in the previous chapters, the idea of dynamic pro-
gramming is the same: allow the time origin to move, and deduce a relation
between the value function at different points in time.

In these notes, we shall essentially use the easy direction of a more general
geometric dynamic programming principle. The geometric nture of this result
will be justified in Remark 7.4 below.

Theorem 7.2. Let (t,z) € [0,7] x R? and y € R such that A(t,x,y) # 0.
Then, for any control process v € A(t,z,y) and stopping time T € Tp 71,

YTt,w,y,V >V (7—, Xj’w)”) , P—a.s. (7.3)

Proof. Let z = (x,y) and v € A(t,z), and denote Z; ,, = (X"®", Yh=V),
Then YJE’Z’V >g (X;w’y) P—a.s. Notice that

Z;iz’y _ Z;’Zivz»”yy
Then, by the definition of the set A, it follows that v € A(r,ZL*"), and
therefore V (1, XL®V) < Y5V P-as. &

In the next subsection, we will prove that the value function V is a viscosity
supersolution of the corresponding dynamic programming equation which will
be obtained as the infinitesimal counterpart of (7.3). The following remark
comments on the full geometric dynamic programming principle in the context
of stochastic target problems. The proof of this claim is beyond the scope of
these notes, and we shall only report a sketch of it.

Remark 7.3. The statement (7.3) in Theorem 7.2 can be strengthened to the
following geometric dynamic programming principle:

V(t,r) = inf {y ER: YUY >V (1, XE"Y) | P — a.s. for some v € Z/lo}.
(7.4)
for all stopping time 7 with values in [t,T]. Let us provide an intuitive justifi-
cation of this. Denote § := V(t,x). In view of (7.3), it is easily seen that (7.4)
is implied by

Py ™9=mv >V (1, XE")] < 1 forall v €Uy andn>0.

In words, there is no control process v which allows to reach the value function
V(r, XL®") at time 7, with full probability, starting from an initial data stricly
below the value function V (¢, z). To see this, suppose to the contrary that there
exist v € Uy, n > 0, and 7 € T 7} such that:

yhovmmy s s v (r, XEPY) ) P —as.
In view of Remark 7.1, this implies that Y,/®¥=7 € ) (7, X1%") and therefore,
there exists a control 7 € Uy such that

t,@,§— S tx,w
T, ZhT Iy o XT D

Y, > g(XT ), P—a.s.
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Since the process XT’X1'$'U”>,YT’ZW'Q_”'U“A’) depends on 7 only through its

realizations in the stochastic interval [r, T], we may chose ¥ so as & = v on [t, 7]

tx,g—nv N .
(this is the difficult part of this proof). Then Z;’ZT R ZEPI=Y and

therefore §—n € Y(t, z), hence V (¢, 2) < g—n. This is the required contradiction
as § = V(t,z) and n > 0. &

Remark 7.4. An extended version of the stochastic target problem was intro-
duced in [37] avoids the decoupling of the components Z = (X,Y"). In this case,
there is no natural direction to isolate in the process Z which we assume defined
by the general dynamics:

dzt=v = B(r,Zb%Y v)dr + B(r, ZE*Y  v)dW,., 1 € (t,T).
The stochastic target problem is defined by the value function:
V(t) = {zeR¥M™ . Z¥YeT, P—as.},

for some given target subset I' C R4+, Notice that V(¢) is a subset in R4*+1. It
was proved in [37] that for all stopping time 7 with values in [¢t, T:

V() = inf{zeR"™:Z" eV (r), P—as.}.

This is a dynalic programming principle for the sets {V(¢),¢ € [0,7T]}, and for
this reason it was called geometric dynamic programming principle.

7.1.3 The dynamic programming equation

In order to have a simpler statement and proof of the main result, we assume
in this section that

U is a closed convex subset of R? int(U) # () and 0 € U. (7.5)

The formulation of the dynamic programming equation involves the notion of
support function from convex analysis.

a- Dual characterization of closed convex sets We first introduce the
support function of the set U:

Su(€) == sup z-£, forall &eR%
zeU

By definition §y; is a convex function on R?. Since 0 € U, its effective domain
is given by

U = dom(dy) = {£e€R? : 5y(€) < oo},

and is a closed convex cone of R?. Since U is closed and convex by (7.5), we
have the following dual characterization:

zeUifand only if (&) —x- £ >0 forall € € U, (7.6)



7.1. STOCHASTIC TARGET 103

see e.g. Rockafellar [36]. Moreover, since Uis a cone, we may normalize the
dual variables £ on the right hand-side:

z € Uifand only if 6y (6) —z-€ > 0forall € € Uy :={£ € U : |¢] =1}. (7.7)

This normalization will be needed in our analysis in order to obtain a dual
characterization of int(U). Indeed, since U has nonempty interior by (7.5), we
have:

x € int(U) if and only if inf éy(§) —x-& > 0. (7.8)
Eely

b- Formal derivation of the DPE We start with a formal derivation of the
dynamic programming equation which provides the main intuitions.

To simplify the presentation, we suppose that the value function V' is smooth
and that existence holds, i.e. for all (t,z) € S, there is a control process © € Uy
such that, with z = (z,V(t,2)), we have YTt’z’ﬁ > g(XfF’I’ﬁ), P—a.s. Then it
follows from the geometric dynamic programming of Theorem 7.2 that, P—a.s.

t+h ) t+h X
Y5 =t o) + / b(s, 2077, 0,) ds + / D dW, 2V (t+ 0, X[50).
t ¢
By Ito’s formula, this implies that

t+h
0 < / (=0 V (s, XL"7) + H (s, 257, DV (s, X1™7), D*V (s, X1"7), 05) ) ds
t

t+h
[N (s X0 DY (s, X050) (7.9)
t
where we introduced the functions:
1
H(t,x,y,p,A,u) = b(t,z,y,u) —p(t,z,u) p— §Tr [U(t,@u)QA} (7.10)
N%(t,x,p) = u—o(t,z,u)p. (7.11)

We continue our intuitive derivation of the dynamic programming equation by
assuming that all terms inside the integrals are bounded (we know that this
can be achieved by localization). Then the first integral behaves like Ch, while
the second integral can be viewed as a time changed Brownian motion. By the
properties of the Brownian motion, it follows that the integrand of the stochastic
integral term must be zero at the origin:

N/ (t,z, DV (t,z)) =0 or, equivalently v; = w(t,x,DV(t,x)), (7.12)
where ¢ was introduced in (7.1). In particular, this implies that
W(t,z, DV (t,z)) € U,
or, equivalently

ou(€) —€-9(t,z, DV(t,x)) >0 forall ¢eU, (7.13)
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by (7.7). Taking expected values in (7.9), normalizing by h, and sending h to
zero, we see that:

—0,V(t,x)+ H(t,z,V(t,x), DV (t,x), D’V (t,z),¢(t,x, DV (t,x))) > 0. (7.14)

Putting (7.13) and (7.14) together, we obtain

min {—atv + H(.,V,DV,D?V, ¢(.,DV)),§i€nﬁf (bu(§) —¢- w(.,DV))} > 0.

By using the second part of the geometric dynamic programming principle,
see Remark 7.3, we expect to prove that equality holds in the latter dynamic
programming equation.

c- The dynamic programming equation We next turn to a rigorous deriva-
tion of the dynamic programming equation. In the subsequent proof, we shall
use the first part of the dynamic programming reported in Theorem 7.2 to prove
that the stochastic target problem is a supersolution of the corresponding dy-
namic programming equation. For completeness, we will also provide the proof
of the subsolution property based on the full dynamic programming principle
of Remark 7.3. We observe however that our subsequent applications will only
make use of the supersolution property.

Theorem 7.5. Assume that V is locally bounded, and let the maps H and 1
be continuous. Then V is a viscosity supersolution of the dynamic programming
equation on S:

min {—atv + H(.,V, DV, D>V, (., DV))7fin§ (60 (&) — € - (., DV))} =0

1

Assume further that 1 is locally Lipschitz-continuous, and U has non-empty
interior. Then V is a viscosity solution of the above DPE on S.

Proof. As usual, we prove separately the supersolution and the subsolution
properties.
1. Supersolution: Let (tg,z¢) € S and ¢ € C?(S) be such that

(strict)msin(V* —p) = (Vi—9¢)(to,z0) = 0,
and assume to the contrary that
—2n = (=6,V + H(.,V,DV,D*V,%(.,DV))) (to,z0) < 0. (7.15)
(1-1) By the continuity of H and 1, we may find ¢ > 0 such that

-0,V (t,z) + H(t,z,y, DV (t,z), D>V (t,z),u) < —n (7.16)
for (¢t,x) € B:(to,x0), |y — ¢(t,z)| <e,and u € U s.t. [N“(¢,z,p)| <e.
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Notice that (7.16) is obviously true if {u € U : |[N“(t,z,p)| < e} = 0, so that
the subsequent argument holds in this case as well.
Since (o, xo) is a strict minimizer of the difference V, — ¢, we have

= min (V, — > 0. 717
v =i (Vo) (717)

(1-ii) Let (tn,zn)n C B:(to,zo) be a sequence such that
(tn,xn) — (to,zo) and V(tn,xn) — Vi(to, o), (7.18)

and set y, = V(tn,xz,) +n~ ! and z, := (Zn,yn). By the definition of the
problem V (¢, x,), there exists a control process 0" € Uy such that the process
Zn = Ztnan " gatisfies Y7 > g(X%}), P—a.s. Consider the stopping times

0° = inf{t>t,:(t,X]") & B:(to,20)},
0, = 00 Ainf{t >t, : |V;" —p(t, X]")| > e}

Then, it follows from the geometric dynamic programming principle that
e, = V(EAOn, Xy,
Since V' >V, > ¢, and using (7.17) and the definition of 8,,, this implies that
o, = (IO, Xl ) + Tu=0,) (V1{0,=09) + 1o, <00))
e, (t N On, thAen) + (Y AN e)lgi=o,}- (7.19)
(1-iii) Denoting ¢, := V (tn, Tn) — @(tn, n) —n~1, we write the process Y™ as

t t
Y = cen+ p(tn,zn) —|—/ b(s, 27,02 )ds +/ vy - dWs.
t tn

n

Plugging this into (7.19) and applying It6’s formula, we then see that:

tAO,, thon
(eAYV1p=g,y < ca —|—/ dds —|—/ NV (8, X2 Do(s, X)) - dW;
t t

n n

IN

tAOn
M, =c,+ / 071 gn(8)ds (7.20)
t

n

thOn
+/ NV (8, X2 Dp(s, X)) - dW;
t

n

where
dy = —0wo(s, X))+ H (s, Z7, Do(s, X2, nga(s,X:), l?s)
and

A" = {s € [tn,0n]: Iy > —n}.
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By (7.16), observe that the diffusion term (7 := N¥ (s, X7, Do(s, X7)) in
(7.20) satisfies || > n for all s € A™. Then, by introducing the exponential
local martingale L™ defined by

Ly,

n

1 and dL? = L¢3 - dWy, t >t

we see that the process M™L"™ is a positive local martingale. Then M™L" is a
supermartingale, and it follows from (7.20) that

eny < E[MgLy] < ML) = cp,

which can not happen because ¢,, — 0. Hence, our starting point (7.15) can
not happen, and the proof of the supersolution property is complete.

2. Subsolution: Let (tg,z0) € S and ¢ € C?(S) be such that

(strict) méax(V* —¢) = (V' =p)(to,z0) = 0, (7.21)

and assume to the contrary that

27] = (—atgﬁ + H(7 P, D<P7 D2§05 11[}( </7))) (to, IO) > 07

and infﬁth (6U(€) - f : w(a D@’) (tO"TO) > 0. (722)

(2-1) By the continuity of H and ), and the characterization of int(U) in (7.8),
it follows from (7.22) that

(=0 + H(..y, Dy, D*¢,9(., D)) =1 and ¢ (., D) € U
for (t,2) € B:(to,x0) and |y — p(t,z)| < e (7.23)

Also, since (to,xo) is a strict maximizer in (7.21), we have

—( = max (V" — < 0, 7.24
¢ =, (V) (7.2
where 9, Bc(to, zo) := {to + £} x cl(Be(to,z0)) U [to, to + €) x IB:(z) denotes
the parabolic boundary of Be(to, o).

(2-ii) Let (tn, zn)n be a sequence in S which converges to (tg, o) and such that
V(tn, Tn) — V*(to, z0). Set y, = V(tn,x,) —n~! and observe that

Yo = Yn — @(tn,xn) —> 0. (7.25)

Let Z™ := (X™,Y™) denote the controlled state process associated to the Marko-
vian control 7}* = v (t, X, Do(t, X{*)) and the initial condition Z7 = (2, yn).
Since v is locally Lipschitz-continuous, the process Z"™ is well-defined. We next
define the stopping times

92 = inf{s>t, : (s,X7) ¢ B:(to, o)},
0, = 0 Ainf{s>t, : [Y"(s) — (s, X")| >¢}.
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By the first line in (7.23), (7.25) and a standard comparison theorem, it follows
that Yi' — (0, X5 ) > e on {|Y;' —p(0,, X )| > €} for n large enough. Since
V < V* < ¢, we then deduce from (7.24) and the definition of §,, that

Y =V (0 X5) 2 Lga,con) (V7 — (00, X5.))
1o, a9 (Yas — V" (69, Xin ) )
e1(0, <09y + Lo=ogy (Yo — V* (65, Xin) )
> Lo, <on) + Lo, =gy (Vi + € — (60 X5y))

> eNC+ 14, =00} (YGng - @(Qg,ng))

Y

We continue by using It6’s formula:

0,
Yy, =V (0n, Xgn) = €NC+ 1ig,—g03 (% +/ a(S,X§L7Y;")dS>

tn

where the drift term «(-) > 71 is defined in (7.23) and the diffusion coefficient
vanishes by the definition of the function ¢ in (7.1). Since €,¢ > 0 and ~,, — 0,
this implies that

Yyt > V (0, Xgn) for sufficiently large n.
Recalling that the initial position of the process Y™ is y, = V(tn, z,) —n =t <
V(tn,xy), this is clearly in contradiction with the second part of the geometric
dynamic programming principle discussed in Remark 7.3. &

7.1.4 Application: hedging under portfolio constraints

As an application of the previous results, we now study the problem of super-
hedging under portfolio constraints in the context of the Black-Scholes model.

a- Formulation We consider a financial market consisting of d + 1 assets.
The first asset XY is nonrisky, and is normalized to unity. The d next assets are
risky with price process X = (X1!,..., X%)T defined by the Blac-Scholes model:

dXt = Xt*O'th,

where ¢ is a constant symmetric nondegenrate matrix in R%, and z * o is the
square matrix in R¢ with entries (z * 0); ; = 2;0; ;.

Remark 7.6. We observe that the normalization of the first asset to unity
does not entail any loss of generality as we can always reduce to this case by
discounting or, in other words, by taking the price process of this asset as a
numéraire.
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Also, the formulation of the above process X as a martingale is not a re-
striction as our subsequent superhedging problem only involves the underlying
probability measure through the corresponding zero-measure sets. Therefore,
under the no-arbitrage condition (or more precisely, no free-lunch with vanish-
ing risk), we can reduce the model to the above martingale case by an equivalent
change of measure. O

Under the self-financing condition, the liquidation value of the portfolio is
defined by the controlled state process:

d}/tﬂ- = 0T 'th,

where 7 is the control process, with 7} representing the amount invested in the
i—th risky asset X* at time t.

We introduce portfolio constraints by imposing that the portfolio process 7
must be valued in a subset U of R?. We shall assume that

U is closed convex subset of RY, int(U) # ), and 0 € U.  (7.26)

We then define the controls set by U, as in the previous sections, and we define
the superhedging problem under portfolio constraints by the stochastic target
problem:

V(t,z) = inf{y: Y "™ > g(X3"), P—as. for some 7 € Uy}, (7.27)

where g : Ri — R, is a non-negative LSC function with linear growth.

We shall provide an explicit solution of this problem by only using the su-
persolution claim from Theorem 7.5. This will provide a minorant of the su-
perhedging cost V. To prove that this minorant is indeed the desired value
function, we will use a verification argument.

b- Deriving a minorant of the superhedging cost First, since 0 < g(z) <
C(1+|x|) for some constant C' > 0, we deduce that 0 <V < C(1+|x]|), the right
hand-side inequality is easily justified by the buy-and-hold strategy suggested
by the linear upper bound. Then, by a direct application of the first part of
Theorem 7.5, we know that the LSC envelope V, of V is a supersolution of the
DPE:
—0,Vy — $Tr[(z % 0)>D?*V,] > 0 (7.28)
ou(€) — €& (xxDV,)) >0 forall £ € U. (7.29)

Notice that (7.29) is equivalent to:
the map A+ h(\) := Aoy (€) — Vi(t,x xe*) is nondecreasing, (7.30)

where e*¢ is the vector of R? with entries (e*¢); = e**:. Then h(1) > h(0)
provides:

Vi(t,z) > supVi (zxe*) — oy ().
13
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We next observe that V,.(7,.) > ¢ (just use the definition of V', and send t /' T).
Then, we deduce from the previous inquality that

Vi(T,x) > g(x) :=supg (:ﬂ*eg) —6p(&) forall zeRL. (7.31)
cel

In other words, in order to superhedge the derivative security with final payoff
g(X7r), the constraints on the portfolio require that one hedges the derivative
security with larger payoff §(Xr). The function § is called the face-lifted payoff,
and is the smallest majorant of g which satisfies the gradient constraint x %
Dg(z) € U for all z € R%.

Combining (7.31) with (7.28), it follows from the comparison result for the
linear Black-Scholes PDE that

V(t,z) > Vi(t,z) > v(t,z) :=E[§(Xz")] forall (t,z)eS. (7.32)

c- Explicit solution Our objective is now to prove that V = v. To see this,
consider the Black-Scholes hedging strategy 7 of the derivative security Q(Xélm):

T
U(t,x)—l—/ fg-odWs = G(X5").
t

Since § has linear growth, it follows that # € H2. We also observe that the
random variable In X%x is gaussian, so that the function v can be written in:

1,2 2

1 1 w—zt5o (T—t)

v(t,z) = /g(e“’)—e 2< vt ) dw.
2no?(T —t)

Under this form, it is clear that v is a smooth function. Then the above hedging
portfolio is given by:

fe = X" xDV(s, X7)
Notice that, for all £ € U,

Moy (&) —v(t,ze’) = E [)\5U(5) -4 (X;mxi)}

is nondecreasing in A by applying (7.30) to § which, by definition satisfies = *
Dg(z) € U for all z € RL. Then, x x Dg(xz) € U, and therefore the above
replicating portfolio 7 takes values in U. Since § > g, we deduce from (7.31)
that v > V.

7.2 Stochastic target problem with controlled
probability of success

In this section, we extend the above problem to the case where the target has
to be reached only with a given probability p:

V(t,z,p) := inf {yeRi:P [Y;f““’ > g(X%"T”’)} > p for some v € Uy} .
(7.33)
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In order to avoid degenerate results, we restrict the analysis to the case where the
Y process takes non-negative values, by simply imposing the following conditions
on the coefficients driving its dynamics:

b(t,z,0,u) >0 for all(t,z) € S,ueU. (7.34)

Notice that the above definition implies that

0=V(0 <V <V(,1) =V, (7.35)
and
V(.,p) =0 for p<0and V(.,p) =00 forp>1, (7.36)

with the usual convention inf ) = co.

7.2.1 Reduction to a stochastic target problem

Our first objective is to convert this problem into a (standard) stochastic target
problem, so as to apply the geometric dynamic programming arguments of the
previous section.

To do this, we introduce an additional controlled state variable:

Phpe ::p+/ ay - dW,, for se|[t,T], (7.37)
t

where the additional control « is an F—progressively measurable R%—valued
process satisfying the integrability condition E[ fOT |os|?ds] < oo. We then set
X = (X, P), S = [0,T) x R? x (0,1), U := U x R%, and denote by U the
corresponding set of admissible controls. Finally, we introduce the function:

G(2,y) = 1gy>g@y —p for yeR, &:=(x,p) € R? x [0, 1].

Proposition 7.7. For allt € [0,T] and & = (x,p) € R? x [0, 1], we have

V(t,%) = inf {y ER, : @G ()A(;g”, Y%’w’y’”) >0 for some 0 = (v,a) € ?]} :

Proof. We denote by v(t, x, p) the value function apprearing on the right-hand.
We first show that V > v. For y > V(t,z,p), we can find v € U such that

pg =P [YTt"z’y’” > g(Xfp’x’”)] > p. By the stochastic integral representation

theorem, there exists an F-progressively measurable process « such that

T T
— . _ pbtpo,@ 2
l{Y%,m,y,VZg(X;:z,v)} = Po + /t Ag de PT and ]E[/t |Ozg| ds} < Q.

Since py > p, it follows that 1{th,m,y,vzg(x;m,u7)} > p%:zwé’ and therefore y >
v(t,x,p) from the definition of the problem v.
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We next show that v > V. For y > v(t, z,p), we have G(X%‘%’f', YTt’I’y’V) >0
for some ¥ = (v, ) € U. Since Py, is a martingale, it follows that

Py " > g(Xg")] =E |:1{Y;;’E’y’"2g(X;JT’"’)}} >E [PpP?] =p,

which implies that y > V(t, z,p) by the definition of V. &

Remark 7.8. 1. Suppose that the infimum in the definition of V(t,x,p) is
achieved and there exists a control v € U satisfying P [Y%’x’y’l’ >g (Xf,;’”’” |=
p, the above argument shows that:

p;%pva =P [y%,aay,v >g (Xf,lx’”)

fs} for all s e [t,T].

2. It is easy to show that one can moreover restrict to controls a such that
the process P“P* takes values in [0, 1]. This is rather natural since this process
should be interpreted as a conditional probability, and this corresponds to the
natural domain [0, 1] of the variable p. We shall however avoid to introduce this
state constraint, and use the fact that the value function V(, p) is constant for
p < 0 and equal oo for p > 1, see (7.36).

7.2.2 The dynamic programming equation

The above reduction of the problem V to a stochastic target problem allows to
apply the geometric dynamic programming principle of the previous section, and
to derive the corresponding dynamic programming equation. For 4 = (u, o) € U
and & = (x,p) € R? x [0, 1], set

(3, 1) = < ’“‘(%’“) ) 6(3,4) = ( U(“”“Tm ) .

@
For (y,q,A) € R x R4 x Sy,1 and 4 = (u,a) € U,
Nt &,y,q) :==u—6(t, & 0)qg = N“(t,2,q) — o for q=(gs,q) € R* xR,
and we assume that

u+— N“(t,z,q,) is one-to-one, with inverse function (¢, x,q,,.)  (7.38)

Then, by a slight extension of Theorem 7.5, the corresponding dynamic pro-
gramming equation is given by:

0 = -,V +sup {b(.7 V,w(., D,V, aDpV)) — (L (, D,V, oszf/)).Dw\A/
| 1 . . .
5T a(.,z/;(.,DzV,aDpV))zD?EV}
1 N N o N
—50*DEV = a0 (-4 (, DV, aDpV))DmpV}

The application in the subsequent section will be only making use of the super-
solution property of the stochastic target problem.



112 CHAPTER 7. STOCHASTIC TARGET PROBLEMS

7.2.3 Application: quantile hedging in the Black-Scholes
model

The problem of quantile hedging was solved by Follmer and Leukert [21] in
the general model of asset prices process (non-necessarilly Markov), by means
of the Neyman-Pearson lemma from mathematical statistics. The stochastic
control approach developed in the present section allows to solve this type of
problems in a wider generality. The objective of this section is to recover the
explicit solution of [21] in the context of a complete financial market where the
underlying risky assets prices are not affected by the control:

p(z,u) = p(z) and o(xz,u) = o(z) are independent of u, (7.39)

where p and o are Lipschitz-continuous, and o(z) is invertible for all z.
Notice that we will be only using the supersolution property from the results
of the previous sections.

a- The financial market The process X, representing the price process of d
risky assets, is defined by X;* = z € (0,00)%, and
dXP" = X" %o (X0") (MXL)ds + dW,)  where X =04

We assume that the coefficients p and o are such that X** € (0,00)? P—a.s.
for all initial conditions (¢, ) € [0,T] x (0,00)%. In order to avoid arbitrage, we
also assume that o is invertible and that

sup  |A(z)] < oo (7.40)

z€(0,00)4
The drift coefficient of the controlled process Y is given by:
b(t,z,y,u) = u- A(x). (7.41)

The control process v is valued in U = R?, with components v! indicating the
dollar investment in the i—th security at time s. After the usual reduction of
the interest rates to zero, it follows from the self-financing condition that the
liquidation value of the portfolio is given by

ytoa _ y+/ v o(XE7) (NXE)ds + dWL), s>t
t

b- The quantile hedging problem The quantile hedging problem of the
derivative security g(X%x) is defined by the stochastic target problem with
controlled probability of success:

V(t,x,p) := inf {yeRy : P [YTt’I’y’V > g(X;I)] > p for some v € Uy } .

We shall assume throughout that 0 < g(z) < C(1 + |z|) for all z € R%. By the
usual buy-and-hold hedging strategies, this implies that 0 < V(t,z) < C(1+]|z|).
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_ Under the above assumptions, the corresponding super-hedging cost Vit,z):
V(t,x,1) is continuous and is given by

V(t,r) = E®7 [g(x)],

where Q%% is the P-equivalent martingale measure defined by

th,a: _ 1 r t,x\|2 T t,x
- exp<2/t AL Pds = [ A aw ).

In particular, V is a viscosity solution on [0, 7)) x (0, 00)? of the linear PDE:

0 = -0,V ~— %Tr [(z*0)?D2V]. (7.42)
For later use, let us denote by
W =W+ / ANXE™Yds, s e[t T,
t
the Q"*-Brownian motion defined on [¢, T

c- The viscosity supersolution property By the results of the previous
section, we have V. is a viscosity supersolution on [0,7) x RY x [0,1] of the
equation

N 1 N
A [a%ﬂDiV*} (7.43)

. ~ N 1 N
- alé’lﬂgd (—a)\DpV* +Tr [amaprV*} + 2a|2D§V*) .

The boundary conditions at p = 0 and p = 1 are immediate:

Vi(,1) =V and Vi(-,0)=0on [0,7] x RZ. (7.44)
We next determine the boundary condition at the terminal time ¢t = T.
Lemma 7.9. For allz € R% and p € [0, 1], we have V*(T,x,p) > pg(x).

Proof. Let (t,,, Zn, pn)n be asequence in [0, T)xR% x (0, 1) converging to (T, z, p)
with V(tn, Zn, pn) — Vi(T,x,p), and consider y, := V(tn, &n,pn) + 1/n. By
definition of the quantile hedging problem, there is a sequence (v,,a,) € Uy
such that

b D,
1{qu;n,mn,yn,vn —g(X;wn'“Tn)ZO} Z PTTL Pn n

This implies that

tn,Tn,YnVn tn,PnsQn tn,Tn
Yy > P g(X7).
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Taking the expectation under Q!**~ this provides:

gn Z BETT [yprreve] oz O [Pyt g (X))
= E[L P g (X))

where we denotes Ly := exp (— ftT A(XEnomn)  dW, — L j;T |)\(X§""”")|2ds).

n 2
Then
yn > E[PpPmrg(a)] + B [PpoPmer (Lp T g(Xg™) — g(x))]
= ppg(z) +E [P P (Lporg(Xp™) — g(z))]
> pugla) — B [Pmen | Ly g(X ™) - gla)] (7.45)

where we used the fact that Pi»P»%» is a nonnegative martingale. Now, since
this process is also bounded by 1, we have

E [Py Ly rg(Xp™) — g(2)|] < E[|LE " g(X5™) — g(a)|]] — 0

as n — 0o, by the stability properties of the flow and the dominated conver-
gence theorem. Then, by taking limits in (7.45), we obtain that V. (T, z,p) =
limy, -y 00 Yn > pg(x), which is the required inequality. &

d- An explicit minorant of V  The key idea is to introduce the Legendre-
Fenchel dual of V, with respect to the p—variable in order to remove the non-
linearity in (7.43):

v(t, z,q) := sup {pq — V*(t,x,p)} , (t,2,q) €[0,T] x (0,00)% x R. (7.46)
peR

By the definition of the function V, we have

v(.,q) = oo for ¢ < 0 and v(.,q) = sup {pq — V*(.,p)} for g > 0. (7.47)
p€(0,1]

Using the above supersolution property of V.., we shall prove below that v is an
upper-semicontinuous viscosity subsolution on [0,7") x (0,00)% x (0, 00) of

1 1
-0 — §Tr [0?2®D2v] — 3 A qugv —Tr[AozDgyqv] < 0 (7.48)

with the boundary condition

Since the above equation is linear, we deduce from the comparison result an
explicit upper bound for v given by the Feynman-Kac representation result:

olt,z,0) < 0t 7)== B [(Q - g(X5") "], (7.50)
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on [0,7] x (0,00)% x (0, 00), where the process Q% is defined by the dynamics

dQt=a

t,x,q
S

= MNX07) dWw @ and QY™U(t) =g € (0,00).  (7.51)

Given the explicit representation of v, we can now provide a lower bound for
the primal function V by using (7.47).

We next deduce from (7.50) a lower bound for the quantile hedging problem
V. Recall that the convex envelop V™" of V. with respect to p is given by the
bi-conjugate function:

Ve (ta,p) = sup {pg —v(t,z,q)},
q

and is the largest convex minorant of V.. Then, since V> V*, it follows from
(7.50) that:

V(t,x,p) > V*(t,x,p) > sup{pq—@(t,x,q)} (7.52)
q

Clearly the function o is convex in g and there is a unique solution g(t, z,p) to
the equation

817 _ - T, ,T,q , T
87(] (t,z,q) = EQ:- QtT 11{Qt‘mﬁ(T)Zg(X;,jw)}:| =P [Q; 1> g(Xé‘ )] =D,

(7.53)
where we have used the fact that dP/dQ%* = QtTwl Then the maximization
on the right hand-side of (7.52) can be solved by the first order condition, and
therefore:

V(t.e,p) > pilt,z,p) —o(t2,q(t,z,p))
_ Qt® t,x,l
= qtap (p E [ T Yatap)Qe 2o(xs )}D

)
Qt T
+E {g(X l{q t.2,p) Q5" >g(X 5 1)}]

t@ t,x
- Q [Q(X )1{(I(t x,p)Q}’lzg(X;T)}} = y(t>337p)

e- The explicit solution We finally show that the above explicit minorant
y(t,x,p) is equal to V (¢, x,p). By the martingale representation theorem, there
exists a control process v € Uy such that

t,x,y(t,x,p),v t,x
Yt = g (X5) Mgt mate sacxin))-

Since P [ (t,z,p)Q7p bl g(Xl}l)} = p, by (7.53), this implies that V(t,x,p) <
y(t, @, p).

f- Proof of (7.48)-(7.49)  First note that the fact that v is upper-semicontinuous
on [0, 7] x (0,00)% x (0,00) follows from the lower-semicontinuity of V, and the
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representation in the right-hand side of (7.47), which allows to reduce the com-
putation of the sup to the compact set [0, 1]. Moreover, the boundary condition
(7.49) is an immediate consequence of the right-hand side inequality in (7.44)
and (7.47) again.

We now turn to the subsolution property inside the domain. Let ¢ be a
smooth function with bounded derivatives and (to, 2o, qo) € [0,T) x (0,00)% x
(0,00) be a local maximizer of v — ¢ such that (v — ¢)(to, zo,q0) = 0.

(i) We first show that we can reduce to the case where the map g — ¢(-, q) is
strictly convex. Indeed, since v is convex, we necessarily have Dy, (to, %o, q0) >
0. Given e,1 > 0, we now define ¢, ,, by ¢. ,(t,z,q) :== p(t,x,q) +elg — q|* +
nlqg — qo|*(lg — qol® + |t — to]® + |z — x0]?). Note that (¢g, o, qo) is still a local
maximizer of U — ¢ ,,. Since Dyqp(to, %o, qo) > 0, we have Dyqe »(to, %o, q0) >
2¢ > 0. Since ¢ has bounded derivatives, we can then choose 7 large enough
so that Dgqp., > 0. We next observe that, if ¢. ,, satisfies (7.48) at (to, o, qo)
for all e > 0, then (7.48) holds for ¢ at this point too. This is due to the
fact that the derivatives up to order two of ¢, at (to, o, go) converge to the
corresponding derivatives of ¢ as ¢ — 0.

(ii) From now on, we thus assume that the map ¢ — (-, q) is strictly convex.
Let ¢ be the Fenchel transform of ¢ with respect to g, i.e.

@(t,z,p) := sup{pg — ¢(t,z,q)} .
qeR

Since ¢ is strictly convex in ¢ and smooth on its domain, ¢ is strictly convex in
p and smooth on its domain. Moreover, we have

o(t,z,q) = Su§{pq —@(t,z,p)} = J(t,z,q)q — ¢(t, x, J(t,x,q))
peE

on (0,7) x (0,00)x (0,00) C int(dom(¢p)), where g — J(-,q) denotes the inverse
of p— Dp@(-,p), recall that ¢ is strictly convex in p.

We now deduce from the assumption go > 0 and (7.47) that we can find
po € [0, 1] such that v(tg, o, q0) = Pogo — V*(to, Zo,po) which, by using the very
definition of (o, zo, po, go) and v, implies that

0= (Vi = )(to, 2o, po) = (local) min(V. — ¢) (7.54)
and
¢(to, z0,q0) = su§{pqo — @(to, xo,p)} (7.55)
pe

= poqo — P(to, w0, po) With po = J(to,z0,q0),  (7.56)

where the last equality follows from (7.54) and the strict convexity of the map
p > pgo — @(to, o, p) in the domain of .

We conclude the proof by discussing three alternative cases depending on
the value of pyg.
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o If pg € (0,1), then (7.54) implies that ¢ satisfies (7.43) at (o, 0, po) and
the required result follows by exploiting the link between the derivatives of
¢ and the derivatives of its p-Fenchel transform ¢, which can be deduced
from (7.54).

e If po = 1, then the first boundary condition in (7.44) and (7.54) imply
that (to,zo) is a local minimizer of V,(-,1) — @(-,1) = V — @(-,1) such
that (V — @(+,1))(to,x0) = 0. This implies that @(-, 1) satisfies (7.42) at
(to,zo) so that @ satisfies (7.43) for aw = 0 at (to,zo,p0). We can then
conclude as in 1. above.

e If py = 0, then the second boundary condition in (7.44) and (7.54) imply
that (t, zo) is a local minimizer of V,(-,0) — @(-,0) = 0 — (-, 0) such that
0 — @(+,0)(to, o) = 0. In particular, (tg,zo) is a local maximum point
for ¢(+,0) so that (0;p, D) (to, x0,0) = 0 and D,.,¢(to, zo, 0) is negative
semi-definite. This implies that @(-,0) satisfies (7.42) at (to, xo) so that @
satisfies (7.43) at (to,xo,po), for @« = 0. We can then argue as in the first
case.
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Chapter 8

SECOND ORDER STOCHASTIC
TARGET PROBLEMS

In this chapter, we extend the class of stochastic target problems of the previous
section to the case where the quadratic variation of the control process v is
involved in the optimization problem. This new class of problems is motivated
by applications in financial mathematics.

We first start by studying in details the so-called problem of hedging under
Gamma constraints. This simple example already outlines the main difficulties.
By using the tools from viscosity solutions, we shall first exhibit a minorant for
the superhedging cost in this context. We then argue by verification to prove
that this minorant is indeed the desired value function.

We then turn to a general formulation of second order stochastic target
problems. Of course, in general, there is no hope to use a verification argument
as in the example of the first section. We therefore provide the main tools in
order to show that the value function is a viscosity solution of the corresponding
dynamic programming equation.

Finally, Section 8.3 provides another application to the problem of super-
hedging under illiquidity cost. We will consider the illiquid financial market
introduced by Cetin, Jarrow and Protter [8], and we will show that our sec-
ond order stochastic target framework leads to an illiquidity cost which can be
characterized by means of a nonlinear PDE.

8.1 Superhedging under Gamma constraints

In this section, we focus on an alternative constraint on the portfolio 7. For
simplicity, we consider a financial market with a single risky asset. Let Z;(w)
:= S; ' (w) denote the vector of number of shares of the risky assets held at
each time t and w € Q. By definition of the portfolio strategy, the investor has
to adjust his strategy at each time ¢, by passing the number of shares from Z;
to Zi1q:. His demand in risky assets at time ¢ is then given by "dZ,”.

119



120 CHAPTER 8. SECOND ORDER STOCHASTIC TARGET

In an equilibrium model, the price process of the risky asset would be pushed
upward for a large demand of the investor. We therefore study the hedging
problem with constrained portfolio adjustment.

However, market practitioners only focus on the diffusion component of the
hedge adjustment dZ;, which is given by the so-called Gammea, i.e. the Hessian of
the Black-Scholes prices. The Gamma of the hedging strategy is an important
risk control parameter indicating the size of the rebalacement of the hedging
portfolio induced by a stress scenario, i.e. a sudden jump of the underlying
asset spot price. A large portfolio gamma leads to two different risks depending
on its sign:

- A large positive gamma requires that the seller of the option adjusts his
hedging portfolio by a large purchase of the underlying asset. This is a typical
risk that traders want to avoid because then the price to be paid for this hedging
adjustment is very high, and sometimes even impossible because of the limited
offer of underlying assets on the financial market.

- A negative gamma induces a risk of different nature. Indeed the hedger
has the choice between two alternative strategies: either adjust the hedge at
the expense of an outrageous market price, or hold the Delta position risk. The
latter buy-and-hold strategy does not violate the hedge thanks to the (local)
concavity of the payoff (negative gamma). There are two ways to understand
this result: the second order term in the Taylor expansion has a sign in favor
of the hedger, or equivalently the option price curve is below its tangent which
represents the buy-and-hold position.

This problem turns out to present serious mathematical difficulties. The
analysis of this section provides a solution of the problem of hedging under
upper bound on the Gamma in a very specific situation. The lower bound on
the Gamma introduces more difficulties due to the fact that the nonlinearity in
the “first guess” equation is not elliptic.

8.1.1 Problem formulation

We consider a financial market which consists of one bank account, with constant
price process S = 1 for all ¢t € [0,T], and one risky asset with price process
evolving according to the Black-Scholes model :

1
Sy = Stexp(—202(t—u)+o’(Wt—Wu)>, t<u<T.

Here W is a standard Brownian motion in R defined on a complete probability
space (9, F, P). We shall denote by F = {F;, 0 <t < T} the P-augmentation
of the filtration generated by W.

Observe that there is no loss of generality in taking S as a martingale, as
one can always reduce the model to this case by judicious change of measure.
On the other hand, the subsequent analysis can be easily extended to the case
of a varying volatility coefficient.

We denote by Z = {Z,, t < u < T} the process of number of shares of
risky asset S held by the agent during the time interval [¢,T]. Then, by the
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self-financing condition, the wealth process induced by some initial capital ¥, at
time ¢, and portfolio strategy Z is given by :

Y, = y+/ Z,dS,, t<u<T.
t

In order to introduce constraints on the variations of the hedging portfolio Z,
we restrict Z to the class of continuous semimartingales with respect to the
filtration F. Since [ is the Brownian filtration, we define the controlled portfolio
strategy Z*1 by :

zzel = z+/ ozrdqu/ L.odW,, t<u<T, (8.1)
t t

where z € R is the time ¢ initial portfolio and the control pair (o, I") are bounded
progressively measurable processes. We denote by B; the colection of all such
control processes.

Hence a trading strategy is defined by the triple v := (z,a,T) with z € R
and («,T") € B;. The associated wealth process, denoted by Y¥" is given by :

u

t

where y is the time ¢ initial capital. We now formulate the Gamma constraint
in the following way. Let I’ < 0 < I' be two fixed fixed constants. Given some
initial capital y € R, we define the set of y-admissible trading strategies by :

A (L,T) = {V:(y,a,F)GRXBt : Egr.gf}.

As in the previous sections, We consider the super-replication problem of some
European type contingent claim g(St) :

o(t,Sy) :==inf {y : Y > g(St) as. for some v € A,(L,T)}. (8.3)

Remark 8.1. The above set of admissible strategies seems to be very restric-
tive. We will see later that one can possibly enlarge, but not so much ! The
fundamental reason behind this can be understood from the following result due
to Bank and Baum [1], and restated here in the case of the Brownian motion:

Lemma 8.2. Let ¢ be a progressively measurable process with fol |p¢|2dt < oo,
P—a.s. Then for all ¢ > 0, there is a process ¢° with d¢; = ofdt for some

progressively measurable o with fol |af|dt < oo, P—a.s. such that:

1 1
sup” / by dW, — / G=dW,
t<1 0 0

Given this result, it is clear that without any constraint on the process
« in the strategy v, the superhedging cost would be obviously equal to the
Black-Scholes unconstrained price. Indeed, the previous lemma says that one
can approximate the Black-Scholes hedging strategy by a sequence of hedging
strategies with zero gamma without affecting the liquidation value of the hedging
portfolio by more that e. &

< e

Loe
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8.1.2 Hedging under upper Gamma constraint

In this section, we consider the case
I'=—co and we denote A;(T) := A;(—o00,T).

Our goal is to derive the following explicit solution : wv(¢,S;) is the (uncon-
strained) Black-Scholes price of some convenient face-lifted contingent claim
§(ST), where the function ¢ is defined by

g(s) == h*"(s)+Tslns with h(s) := g(s) —I'slns,
and he°° denotes the concave envelope of h. Observe that this function can be
computed easily. The reason for introducing this function is the following.

Lemma 8.3. § is the smallest function satisfying the conditions
(i) ¢ > g, and (ii)) s— g(s) —Tslns is concave.

The proof of this easy result is omitted.

Theorem 8.4. Let g be a lower semicontinuous mapping on Ry with
s —> §(s) = C slns convex for some constant C. (8.4)
Then the value function (8.3) is given by :
v(t,s) = Eys[g(ST)] forall (t,s)€[0,T) x (0,00) .

Discussion 1. We first make some comments on the model. Intuitively, we
expect the optimal hedging portfolio to satisfy

Zy = US(U,SU),

where v is the minimal superhedging cost. Assuming enough regularity, it fol-
lows from It6’s formula that

dZ, = Audu+ 0S,vg(u,Sy)dW, ,

where A(u) is given in terms of derivatives of v. Compare this equation with
(8.1) to conclude that the associated gamma is

'y = Suvss(u,Sy) .

Therefore the bound on the process I translates to a bound on Ssvss. Notice
that, by changing the definition of the process T' in (8.1), we may bound v
instead of svss. However, we choose to study svss because it is a dimensionless
quantity, i.e., if all the parameters in the problem are increased by the same
factor, svgs still remains unchanged.

2. Intuitively, we expect to obtain a similar type solution to the case of port-
folio constraints. If the Black-Scholes solution happens to satisfy the gamma
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constraint, then it solves the problem with gamma constraint. In this case v
satisfies the PDE —9; — Lv = 0. Since the Black-Scholes solution does not sat-
isfy the gamma constraint, in general, we expect that the function v solves the
variational inequality :

min {—0; — Lv,T — svss} = 0. (8.5)

3. An important feature of the log-normal Black and Sholes model is that the
variational inequality (8.5) reduces to the Black-Scholes PDE —Lv = 0 as long
as the terminal condition satisfies the gamma constraint (in a weak sense). From
Lemma 8.3, the face-lifted payoff function § is precisely the minimal function
above g which satisfies the gamma constraint (in a weak sense). This explains
the nature of the solution reported in Theorem 8.4, namely v(t, S) is the Black-
Scholes price of the contingent claim § (St).

Dynamic programming and viscosity property We now turn to the proof
of Theorem 8.4. We shall denote

0(t,s) = E.s[g(Sr)] -
It is easy to check that ¢ is a smooth function satisfying
O+ Lo = 0and sdss < T on [0,T) x (0,00) . (8.6)

1. We start with the inequality v < ©. For ¢t <u < T, we set
2 = 05(t,8), ay = (0 + L)0s(u,Sy), Ty = Sudss(u,Sy),
and we claim that
(a,T') € By and I <T. (8.7)

so that the corresponding control v = (y,,T') € Ay(T). Before verifying this
claim, let us complete the proof of the required inequality. Since g < g, we have

g(Sr) < g(Sr) = (T, Sr)

T
- @(t,St)—i—/ (00 + £)i(u, Su)du + b4(u, S)dS,
t

T
= f)(t,St)Jr/ 70 dSy;
t

in the last step we applied It6’s formula to 05. Now, observe that the right
hand-side of the previous inequality is the liquidation value of the portfolio
started from the initila capital (¢, S;) and using the portfolio strategy v. By
the definition of the superhgedging problem (8.3), we conclude that v < 0.

It remains to prove (8.7). The upper bound on T' follows from (8.6). As
for the lower bound, it is obtained as a direct consequence of Condition (8.4).
Using again (8.6) and the smoothness of 9, we see that 0 = {(9; + £)0}s =
(0y + L)s + 02504, s0 that a = —a?T is also bounded.

2. The proof of the reverse inequality v > 0 requires much more effort. The
main step is the following (half) dynamic programming principle.
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Lemma 8.5. Let y € R, v € A,(T) be such that Y > g(St) P—a.s. Then
Y)Y > v(0,S), P—as.

for all stopping times 0 valued in [t,T).

The proof of this claim is easy and follows from the same argument than the
corresponding one in the standard stochastic target problems of the previous
chapter.

We continue by stating two lemmas whose proofs rely heavily on the above
dynamic programming principle, and will be reported later. We denote as usual
by v, the lower semicontinuous envelope of v.

Lemma 8.6. The function v, is a viscosity supersolution of the equation
—(0¢+ L) >0 on [0,T) % (0,00).

Lemma 8.7. The function s — v.(t,s) —I'slns is concave for allt € [0,T].

Before proceeding to the proof of these results, let us show how the remain-
ing inequality v > © follows from it. Given a trading strategy in A;(T), the
associated wealth process is a square integrable martingale, and therefore a su-
permartingale. From this, one easily proves that v.(T,s) > g(s). By Lemma
8.7, v« (T, -) also satisfies requirement (ii) of Lemma 8.3, and therefore

U*(Ta ) Z g

In view of Lemma 8.6, v, is a viscosity supersolution of the equation —Lv, = 0
and v, (T, -) = §. Since © is a viscosity solution of the same equation, it follows
from the classical comparison theorem that v, > 0.

Hence, in order to complete the proof of Theorem 8.4, it remains to prove
Lemmas 8.6 and 8.7.

Proof of Lemmas 8.6 and 8.7 We split the argument in several steps.
1. We first show that the problem can be reduced to the case where the controls
(a,T') are uniformly bounded. For ¢ € (0, 1], set

€

A= {r=@al) e L) [a()|+ () <},

and
ve(t,S;) = inf {y : Y > g(Sr) P —a.s. for some v € Zj} :

Let v¢ be the lower semicontinuous envelope of v°. It is clear that v© also satisfies
the dynamic programming equation of Lemma 8.5.
Since

vi(t,s) = liminf,v°(¢,s) = e—)O,l(itI’I,ls%li(t,s) vi(t',s')
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we shall prove that
—(0r 4+ L)v° > 0 in the viscosity sense, (8.8)

and the statement of the lemma follows from the classical stability result of
Theorem 5.8.

2. We now derive the implications of the dynamic programming principle of
Lemma 8.5 applied to v°. Let ¢ € C>°(R?) and (¢, so) € (0,7) x (0, 00) satisfy

0 = (v5—op)(t - i E )
(vs = ¢)(to, s0) (o,Trfil(%,oo>(”* ®);

in particular, we have v > ¢. Choose a sequence (tn,sn) — (fo,So) so that
v¢ (tn, Sn) converges to v<(tog,sg). For each n, by the definition of v* and the
dynamic programming, there are y, € [v°(tn,Sn), v (tn, Sn) + 1/n], hedging
strategies v, = (2, an,I') € jfn satisfying

Yyt — v (0n, Sp,) > 0
for every stopping time 6,, valued in [t,,T]. Since v® > v > ¢,

On
yn+/ ZYdSy — ¢ (0n,Se,) > 0.
t

n

Observe that
Bn = Yn — @(tn,sn) — 0 asn — co.
By It6’s formula, this provides
Mg < Dg + B, (8.9)

where

t
Mt" = / I:Qos(tn + u, Stn+u) — Y;’:"FU] dStn+'u,
0

t
Dy - / (O + L)o(tn + 11, St +u)du .
0

We now choose conveniently the stopping time 6,,. For all A > 0, define the
stopping time
0, = (tn+h)ANinf{u>t, : |In(S./sn)| >1}.

3. By the smoothness of L, the integrand in the definition of M™ is bounded
up to the stopping time 6,, and therefore, taking expectation in (8.9) provides :

tAB,
_Etn,73n, / (8t + E)g&(tn + u, Stn-‘ru)du Z _Bn,
0

We now send n to infinity, divide by h and take the limit as A\, 0. The required
result follows by dominated convergence.

4. It remains to prove Lemma 8.7. The key-point is the following result, which
is a consequence of Theorem 4.5.
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Lemma 8.8. Let ({al}, u>0}), and ({b}}, u > 0}), be two sequences of real-
valued, progressively measurable processes that are uniformly bounded in n. Let
(tn, sn) be a sequence in [0,T) x (0,00) converging to (0,s) for some s > 0.

Suppose that

tn+tATH U u
M, = / <Cn+/ afdr—l—/ b?dSr) ds,
tn t t

< B+ Ctam,

for some real numbers ((n)n, (Bn)n, and stopping times (Tp)n > tn,. Assume
further that, as n tends to infinity,

Bn — 0 and tAT, —tANT9 P—a.s.,

where Ty 18 a strictly positive stopping time. Then :
(i) limp o0 G = 0.
(if) limy, g essinfo<,<y by < 0, where b be a weak limit process of (by)n.

5. We now complete the proof of Lemma 8.7. We start exactly as in the previous
proof by reducing the problem to the case of uniformly bounded controls, and
writing the dynamic programming principle on the value function v=.

By a further application of It6’s lemma, we see that :

t u u
Mn(t) = /0 (Cn +/0 a:,’dr +/0 b:,LdStn+r> dStn+u 5 (810)

where
Cn = (ps(tna Sn) — Zn
an(r) = (at + E)@S(tn + 7,8, 4r) — a?nJrr
ry ..
bl = wss(tn +1,5¢,+r) — L
Stn+T

Observe that the processes a”,, and b, are bounded uniformly in n since

(0 + L)ps and pss are smooth functions. Also since (9; + L) is bounded on
the stochastic interval [t,, 8,], it follows from (8.9) that

Mg < CtAO, + Bn

for some positive constant C. We now apply the results of Lemma 8.8 to the
martingales M™. The result is :

. _ . . <o
nh_)rr;o Zn, ws(to,yo) and tlgr(l)essoé%fgt by <0

where b is a weak limit of the sequence (b,). Recalling that I'™(¢) < T, this
provides that :

—Sogass(to, 8()) +T > 0.

Hence v is a viscosity supersolution of the equation —s(v.)ss + I > 0, and the
required result follows by the stability result of Theorem 5.8. &
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8.1.3 Including the lower bound on the Gamma

We now turn to our original problem (8.3) of superhedging under upper and
lower bounds on the Gamma process.

Following the same intuition as in point 2 of the discussion subsequent to
Theorem 8.4, we guess that the value function v should be characterized by the
PDE:

F(s,0pu, ugs) := min {f(ﬁt + L)u, T — stgs, SUgs — E} = 0,

where the first item of the minimum expression that the value function should
be dominating the Black-Scholes solution, and the two next ones inforce the
constraint on the second derivative.

This first guess equation is however not elliptic because the third item of the
minimum is increasing in uss. This would divert us from the world of viscosity
solutions and the maximum principle. But of course, this is just a guess, and
we should expect, as usual in stochastic control, to obtain an elliptic dynamic
programming equation.

To understand what is happening in the present situation, we have to go
back to the derivation of the DPE from dynamic programming principle in the
previous subsection. In particular, we recall that in the proof of Lemmas 8.6
and 8.7, we arrived at the inequality (8.9):

M(;Ln S ‘Dgn + an
where

t
Dy = */(3t+£)80(tn+%5tn+u)du7
0

and M, is given by (8.10), after an additional application of It6’s formula,

t u u
Mn(t) = /0 (Cn +/; a:,’dr +A bdetn+r> dStn—Q—u s

with
C’n = st(tna Sn) — Zn
an(r) = (at + E)@S(tn + 7,8t 4r) — a?nJrr
ry ..
b;L = SDSS(tn + T, Stn+’l") — bnt .
St +r

To gain more intuition, let us supresse the sequence index n, set 8, = 0, and
take the processes a and b to be constant. Then, we are reduced to the process

to+t b t
M(t) = C(Stoth_Sto)—’_a/ (U—to)dsu+§ <(St0+t — St0)2 _/ 0'2536111,) .

to to

This decomposition reveals many observations:
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e The second term should play no role as it is negligible in small time com-
pared to the other ones.

e The requirement M(.) < D(.) implies that b < 0 because otherwise the
third term would dominate the other two ones, by the law of iterated
logarithm of the Brownian motion, and would converge to +oo violating
the upper bound D. Since b < 0 and I' < T < T, this provides

T < spss — sby, <T.

e We next observe that, by taking the liminf of the third term, the squared
difference (Sy,++ — Si,)? vanishes. So we may continue as in Step 3 of the
proof of Lemmas 8.6 and 8.7 taking expected values, normalizing by h,
and sending h to zero. Because of the finite variation component of the
third term ftto 0252 du, this leads to

1 b
0 < —0p— =025%pgs — o 5242
2 2
1
= —Owp— *0282(S055 + bio),

2
Collecting the previous inequalities, we arrive at the supersolution property:
F(s,00p,05s) > 0,
where

F(5,000, ps5) = Zup F(s,010, s + B).
>0

A remarkable feature of the nonlinearity £ is that it is elliptic | in fact, it is
easy to show that F is the smallest elliptic majorant of F. For this reason, we
call F' the elliptic majorant of F.

The above discussion says all about the derivation of the supersolution prop-
erty. However, more conditions on the set of admissible strategies need to be
imposed in order to turn it into a rigorous argument. Once the supersolution
property is proved, one also needs to verify that the subsolution property holds
true. This also requires to be very careful about the set of admissible strategies.
Instead of continuing this example, we shall state without proof the viscosity
property, without specifying the precise set of admissible strategies. This ques-
tion will be studied in details in the subsequent paragraph, where we analyse a
general class of second order stochastic target problems.

Theorem 8.9. Under a convenient specification of the set A(L,T), the value
function v is a viscosity solution of the equation

F(s,8,0,055) =0 on [0,T) x R,.
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8.2 Second order target problem

In this section, we introduce the class of second order stochastic target problems
motivated by the hedging problem under Gamma constraints of the previous
section.

8.2.1 Problem formulation

The finite time horizon T € (0,00) will be fixed throughout this section. As
usual, {W}+e(o,7] denotes a d-dimensional Brownian motion on a complete prob-
ability space (2, F, P), and F = (F;).¢[0,] the corresponding augmented filtra-
tion.

State processes We first start from the uncontrolled state process X defined
by the stochastic differential equation

t t
Xt::c—i—/ u(Xu)du+/ o(Xa)dW,, € [s,T].
S S

Here, p and o are assumed to satisfy the usual Lipshitz and linear growth
conditions so as to ensure the existence of a unique solution to the above SDE.
We also assume that o(z) is invertible for all x € R%.

The control is defined by the R%valued process {Z:}1eis,1) of the form

t t

Zy = z+/ Ardr—i-/ I.dX:>*, tels,T], (8.11)
St St

I, = 7+/ ardr+/ &dX5", te s, T), (8.12)

where {T'; }1e[5,7] takes values in S%. Notice that both Z and I have continuous
sample paths, a.s.

Before specifying the exact class of admissible control processes Z, we intro-
duce the controlled state process Y defined by

dY, = f(t, X5, Vs, Zo, D) dt + Z, 0 dXS®,  te[s,T), (8.13)

with initial data Y5 = y. Here o denotes the Fisk-Stratonovich integral. Due to
the form of the Z process, this integral can be expressed in terms of standard
1t6 integral,

1
Zy0dXPT = Zy-dXPT+ 5Tr[aTart]dt.

The function f : [0,7) x R? x R x R? x S¢ — R, appearing in the controlled
state equation (8.13), is assumed to satisfy the following Lipschitz and growth
conditions:
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(A1) For all N > 0, there exists a constant Fy such that
for all (t,z,y,2,7) €[0,T] x R x R x R% x 8¢, 4/ € R satisfying
max{|z|, |y|, |y'], |2], [7[} < N.

(A2) There exist constants F' and p > 0 such that
[f(tzy, 2,7 < F(U+ [ + [yl + |27 + [ [7)
for all (t,z,y,2,7) €[0,T] x R x R x R% x §%.

(A83) There exists a constant co > 0 such that

f(t,x,y',z,’y)ff(t,x,y,z,'y) Zico(yliy) fOT every ylzyv
and (t,z,2,7) € [0,T) x R x R? x S%.

Admissible control processes As outlined in Remark 8.1, the control pro-
cesses must be chosen so as to exclude the possibility of avoiding the impact of
the Gamma process by approximation.

We shall fix two constants B, b > 0 throughout, and we refrain from indexing
all the subsequent classes of processes by these constants. For (s, x) € [0, T]xR%,
we define the norm of an F—progressively measurable process {Hj};c[s, by,

| Hy|
sup

H|B? .= — s
I = | s s

Lb
For all m > 0, we denote by A" be the class of all (control) processes Z of
the form (8.11), where the processes A, a, € are F-progressively measurable and
satisfy:

1ZI5> < m, TS <m, IS <m (8.14)
ANZL <m,  |allZ? < m. (8.15)

The set of admissible portfolio strategies is defined by

A= AN (8.16)

be(0,1] m>0
The stochastic target problem Let ¢ : R? = R be a continuous function

satisfying the linear growth condition,

(A4) g is continuous and there exist constants G and p such that
lg(z)] < GO +|z[P) forallz € RY.
For (s,z) € [0,T] x RY, we define:

V(s,z) := inf {y eR: Y%7 > g(X57),P — as. for some Z € AS’Z} .
(8.17)
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8.2.2 The geometric dynamic programming

As usual, the key-ingredient in order to obtain a PDE satisfied by our value
function V is the derivation of a convenient dynamic programming principle
obtained by allowing the time origin to move. In the present context, we have
the following statement which is similar to the case of standard stochastic target
problems.

Theorem 8.10. For any (s,x) € [0,T) x R%, and a stopping time 7 € [s,T],

V(s,z)=inf{y e R: V%% >V (1, X5), P— a.s. for some Z € A*"}.
(8.18)

The proof of this result can be consulted in [38]. Because the processes Z
and I" are not allowed to jump, the proof is more involved than in the standard
stochastic target case, and uses crucially the nature of the above defined class
of admissible strategies A%,

To derive the dynamic programming equation, we will split the geometric
dynamic programming principle in the following two claims:

(GDP1) For alle > 0, there exist y. € [V(s,z),V(s,z) +¢] and Z. € A>* s.t.
ypoveds > v (0,X57), P—as. (8.19)

(GDP2) For ally < V(s,z) and every Z € A>7,
P Yy Y7 >V (0, X5")| < 1. (8.20)

Notice that (8.18) is equivalent to (GDP1)-(GDP2). We shall prove that (GDP1)
and (GDP2) imply that the value function V is a viscosity supersolution and
subsolution, respectively, of the corresponding dynamic programming equation.

8.2.3 The dynamic programming equation

Similar to the problem of hedging under Gamma constraints, the dynamic pro-
gramming equation corresponding to our second order target problem is ob-
tained as the parabolic envelope of the first guess equation:

0w+ f (,v,Dv,D*) =0 on [0,T) x R?, (8.21)
where
ftry,zy) = sup f(t2,y.27+5) (8.22)
Best

is the smallest majorant of f which is non-increasing in the v argument, and is
called the parabolic envelope of f. In the following result, we denote by V* and
V. the upper- and lower-semicontinuous envelopes of V:

Vi(t,x) == (t’_l m ntfx) V(t',z') and V*(t,z):= limsup V(¢ z’)

imi
z’)—( (t",x")—(t,x)

for (t,x) € [0,T] x R
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Theorem 8.11. Assume that V is locally bounded, and let conditions (A1-A2-
A3-A4) hold true. Then V is a viscosity solution of the dynamic programming
equation (8.21) on [0,T] x R?, i.e. V. and V* are, respectively, viscosity super-
solution and sub-solution of (8.21).

Proof of the viscosity subsolution property Let (tg,xz9) € Q and ¢ €
C* (Q) be such that

0= (V" =)o, x0) > (V" = ¢)(t,z) for Q 3 (t,2) # (to, 20)- (8.23)

In order to show that V* is a sub-solution of (8.21), we assume to the contrary,
i.e., suppose that there is g € Sff satisfying

0
*aff(to,xo) + f (to, o, ¢(to, x0), Dp(to, mo), D*¢(to, z0) + B) > 0.  (8.24)
We will then prove the sub-solution property by contradicting (GDP2).

(1-1) Set

Y(t,x) = pt,z)+ Bz —x0) (¥ — x0),
ht,z) = —%—f(m) + [ (t, 2, 0(t, x), D(t, x), D*p(t, x)) .

In view of (8.24), h(tg, zo) > 0. Since the nonlinearity f is continuous and ¢ is
smooth, the subset

N = {(t,z) € QN By(to,x0) : h(t,z) >0}

is an open bounded neighborhood of (tg, xg). Here Bi(tg, zo) is the unit ball of
Q centered at (to,xo). Since (to,xo) is defined by (8.23) as the point of strict
maximum of the difference (V* — ¢), we conclude that

—n = rgj%[x(v — ) < 0. (8.25)

Next we fix A € (0,1), and choose (£, ) so that

< An. (8.26)
Set X := X®* and define a stopping time by
0 = inf{tzf: (t, X) &N}

Then, 6 > ¢. The path-wise continuity of X implies that (6, Xy) € ON. Then,
by (8.25),
V(6. %) < (6.X0) — 1, (8.27)
(1-ii) Consider the control process

2:=Dy (£,2), Ay = LDP(t, X)) (t) and Ty = D?P(t, Xi) 1 9(2)
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so that, for t € [i, 9},

¢ t
Zy = 2+/ ArdTJr/ Frer = Dy(t, Xy).
t t

Since A is bounded and ¢ is smooth, we directly conclude that Z € AbE,

(1-ii) Set § < V(£,4), ¥; := Y""Z and ¥, := 9(t, X,). Clearly, the
process ¥ is bounded on [, 6]. For later use, we need to show that the process
Y is also bounded. By definition, Y; < ¥;. Consider the stopping times

0 ::inf{th: ‘Ilt:f/t},
and, with N :=n~1,

Tn::inf{th: t:\I/t—N}.
We will show that for a sufficiently large N, both 79 = 7,, = 6. This proves that
as ¥, Y is also bounded on [£, 6].

Set 6 := O Ao A Ty. Since both processes Y and ¥ solve the same stochastic
differential equation, it follows from the definition of A" that for ¢ € [£, 0]:

d(q/t—?;) - [87’”

Cr X0 - 1 (1% Vi 2 )

ot
< [ (R 2t — 1 (K0 ¥ 2t at
<

Fy (o= Y.) dt,
by the local Lipschitz property (A1) of f. Then
N - 1
0< W—Y, < (B-7;) T < BN, (828)

where the last inequality follows from (8.26). This shows that, for A sufficiently
small, 6 < Ty, and therefore the difference ¥—Y is bounded. Since ¥ is bounded,
this implies that Y is also bounded for small 7.

(1-iv) In this step we will show that for any initial data

ZQ € [V(Aa 'j:) - >‘773 V(Aa‘%))a

we have Yy > V(6, Xy). This inequality is in contradiction with (GDP2) as
Y; = § < V(£,%). This contradiction proves the sub-solution property.
Indeed, using § > V(£,#) — Ap and V < V* < ¢ together with (8.25) and
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(8.26), we obtain the following sequence of inequalities,
Yo - V(0,X9) > Yo— (0, %)+,

= [@so(f,fﬂHn]Jr/j [dﬁ*dSﬁ(taXt)}7

(4
> =2+ [ (7 (8 %0V Z0T) dt ot 2o dX - do(t, )
> 77(172)\)+%[3(X97i>'(f(9755)
b (¥ 2t s Zooa— vt X0)
> a0 o0+ [ [ (5K Ve 2Bt 2o i vt X0
t

where the last inequality follows from the nonnegativity of the symmetric matrix
B. We next use It6’s formula and the definition of N to arrive at

0
T~ V(0. %) 2 (12 + [ [£(6. X0 Y2 20T~ (8 X Wi 20T .
t

In the previous step, we prove that Y and U are bounded, say by N. Since the
nonlinearity f is locally bounded, we use the estimate (8.28) to conclude that

. ) 1
YV, —V (0,X9> > (1 —2)) = S|BITFne™ X2 = 0

for all sufficiently small A\. This is in contradiction with (GDP2). Hence, the
proof of the viscosity subsolution property is complete.

Proof of the viscosity supersolution property We first approximate the
value function by

V™ (s,x) :=inf{y € R | 3Z € A%® so that Y,2"¥7 > g(X5"), a.s.}.

Then, similar to (8.20), we can prove the following analogue statement of
(GDP1) for V'™

(GDP1m) For every e > 0 and stopping time 0 € [s,T], there exist Z. € AS*
and y. € [V™(s,x), V™ (s,x) + €] such that Y3 Y7 > V™ (9, X5").

Lemma 8.12. V™ is a viscosity supersolution of (8.21). Consequently, Vi is a
viscosity supersolution of (8.21).

Proof. Choose (tg, o) € [s,T) x R% and ¢ € C*([s,T) x R?) such that

0= (Vs = ¢)(to, x0) = (Vi — o)t ).

min e
(t,z)E€[s,T)xR4 ’
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Let (tn,2n)n>1 be a sequence in [s,T) x R? such that (t,,2,) — (to,zo) and
V™ (tn, 2n) — V% (to, 20). There exist positive numbers &, — 0 such that for
Yn = V™ (tn, Tn) + €n, there exists Z™ € Aln®n with

Yr > g(X7),

where we use the compact notation (X", Y") = (Xtn®n, Ytn®n¥n.2") and
Zn = o+ / Adu + / rmdaxr,
= / ”du—|—/ EndX], 1€ [ty, T

Moreover, |zy|, || < m(1 + |z,|P) by assumption (8.14). Hence, by passing to
a subsequence, we can assume that z, — 2o € R and v,, — 7 € S¢. Observe
that oy, == yn — @(tn,xn) — 0. We choose a decreasing sequence of numbers
on, € (0,T —t,,) such that §, — 0 and a,,/J, — 0. By (GDP1m),

}/t:-‘rén 2 v (tn + 5717th;1+5n) y
and therefore,
Y;’:’L""‘s" ~Yntan 29 (t" + 5”7XZ7;1,+571,) - (P(tnyxn) )

which, after two applications of It6’s formula, becomes

tn+0
an  + / (f(T,X:L,YTn,Z:aF:?) _Qot(ﬁX;L))dT
t

n

+ (20— Do(tn, ) - (X7 15, — Tn)

tn+0n T /
+ / </ [An ﬁDcp(u,XZ)]du) odX)
tn tn
tn+0n T /
+ / </ [FZchp(u,X;’)]dX;‘) odX! > 0. (8.29)
tn tn

It is shown in Lemma 8.13 below that the sequence of random vectors

St [, XY, 20T — n(r, XP)]dr
5—1/2[)(;3#5” 2]

5! ft"”" (ft [An — LD<p(u,Xg)]du)' odxp |mzls (8:30)
g1 [Lnton ( v (u X”)]dX]})lodXﬁ
converges in distribution to
f(to; o, ¢(to, o), 20,70) — ¢t(to, Zo)
U(x%)wl (8.31)

%Wl . O'(xo)T(’}/o — D2<p(t0,1‘0))0'(l‘0)W1
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Set nn, = |z2n — Do(tn, 2n)|, and assume (5;1/2% — oo along a subsequence.
Then, along a further subsequence, 1, (2, — Dy(tn, z,)) converges to some
No € R? with

Inol =1. (8.32)

Multiplying inequality (8.29) with &, 1 277’1 and passing to the limit yields

n

no - o(xze)W1 >0,

which, since o(xg) is invertible, contradicts (8.32). Hence, the sequence (6, 1 1)
has to be bounded, and therefore, possibly after passing to a subsequence,

67122, — Do(ty, 2,)]  converges to some & € R?.

It follows that zo = Dy(tg, zo). Moreover, we can divide inequality (8.29) by
6, and pass to the limit to get

f(to, o, p(to, x0), Dp(to, 20), v0) — ¢i(to, To)

1 . ) (8.33)
+ &o - o(x0) W1 + §W1 0 (z0)" [v0 — D*p(to, zo)]o(xo) W1 > 0

Since the support of the random vector W; is R%, it follows from (8.33) that

f(to, zo, ¢(to, zo), Do(to, o), Y0) — @i(to, zo)
1
+&o0 - o(wo)w + Ju o(x0) " [vo — D*p(to, o)]o(zo)w > 0,

for all w € R?. This shows that

f(to, o, p(to, o), De(to, 20), ¥0)—¢e(to, z0) >0 and f = yo—D?*p(tg,z0) > 0,

and therefore,

—pe(to, zo) + sup f(to, zo, ¢(to, T0), Dp(to, T0), D*p(to, To) + B) > 0.
Besd

This proves that V™ is a viscosity supersolution.
Since by definition,
V =inf V™,
m

by the classical stability property of viscosity solutions, Vi is also a viscosity
supersolution of the DPE (8.21). In fact, this passage to the limit does not
fall exactly into the stability result of Theorem 5.8, but its justification follows
the lines of the proof of stability, the interested reader can find the detailed
argument in Corollary 5.5 in [11]. O

Lemma 8.13. The sequence of random vectors (8.30), on a subsequence, con-
verges in distribution to (8.31).
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Proof. Define a stopping time by
Tn = 1inf{r > t, : X' ¢ Bi(zo)} A (tn + 0n) ,

where Bj(zg) denotes the open unit ball in R¢ around z. It follows from the
fact that x,, — zo that
Plr, <t,+d,] — 0.

So that in (8.30) we may replace the upper limits of the integrations by 7,
instead of t,, + 0,,.

Therefore, in the interval [t,,T,] the process X™ is bounded. Moreover, in
view of (8.15) so are Z™, I'™ and £™.

Step 1. The convergence of the second component of (8.30) is straightforward
and the details are exactly as in Lemma 4.4 [13].

Step 2. Let B be as in (8.14). To analyze the other components, set

A* sup |AZ|
welty,r] 1+ X728’

so that, by (8.15),
|| A™* HL(l/'rn)(QJP}) <m. (8.34)

Moreover, since on the interval [t,,7,], X™ is uniformly bounded by a deter-
ministic constant C(zg) depending only on zo,

|AT| < C(zp) A™* < C(z0)m, Y u € [tn, Tnl.

(Here and below, the constant C'(x¢) may change from line to line.) We define
a™* similarly. Then, it also satisfies the above bounds as well. In view of
(8.15), also a™* satisfies (8.34). Moreover, using (8.14), we conclude that £} is
uniformly bounded by m.

Step 3. Recall that dI'}; = ajdu + &;dX}, I'} = y,. Using the notation and

u

the estimates of the previous step, we directly calculate that

[sup }|F? — Y|l < Clzg)dpa™* + / & ptdu| + / &ro(X7)dW,
t€[tn,Tn tn tn

— I
Then,

B3 < E ( / " |£:z|2|o|2du) < 6, m*Clas)’.

n

Hence, I% converges to zero in L2. Therefore, it also converges almost surely on
a subsequence. We prove the convergence of I3 using similar estimates. Since
a™* satisfies (8.34),

E[(Iln)(l/m)] < (C(xo)(;n)(l/m) E“an,*‘(l/m)] < (C(xo)(sn)(l/m) m.
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Therefore, I7" converges to zero in L(/™) and consequently on almost surely on
a subsequence.

Hence, on a subsequence, I'} is uniformly continuous. This together with
standard techniques used in Lemma 4.4 of [13] proves the convergence of the
first component of (8.30).

Step 4. By integration by parts,

Tn t Tn Tn
/ / AMdudX} = (X" — XI') / Aldu — / (X" — XI')A"du.
tn tn t t

1 Tn t
1 / / A" dudXT
6” tn tn

Also X™ is uniformly continuous and A™* satisfies (8.34). Hence, we can show
that the above terms, on a subsequence, almost surely converge to zero. This
implies the convergence of the third term.

Step 5. To prove the convergence of the final term it suffices to show that

1 Tn t
J" = E/t /t [T — 4,]dX) o dX}

converges to zero. Indeed, since 7, — 7o, this convergence together with the
standard arguments of Lemma 4.4 of [13] yields the convergence of the fourth
component.

Since on [t,, 7,] X™ is bounded, on this interval |o(X[*)| < C(x). Using this
bound, we calculate that

Therefore,

< C(xg) sup |Xp' — X[ | A™".
tE[tn,Tn] )

Clx 4 tn+0n t
O A ) TY s R P
n tn tn
< Cle)B| s TP | = 0o ()]
t€(tn,Tn)

In step 3, we proved the almost sure convergence of €™ to zero. Moreover, by
(8.14), |e™| < m. Therefore, by dominated convergence, we conclude that J"
converges to zero in L?. Thus almost everywhere on a subsequence. &

8.3 Superhedging under illiquidity cost

In this section, we analyze the superhedging problem under a more realistic
model accounting for the market illiquidity. We refer to [10] for all technical
details.

Following Cetin, Jarrow and Protter [8] (CJP, hereafter), we account for the
liquidity cost by modeling the price process of this asset as a function of the
exchanged volume. We thus introduce a supply curve

S (St, Z/) 5
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where v € R indicates the volume of the transaction, the process Sy = S (¢, 0) is
the marginal price process defined by some given initial condition S(0) together
with the Black-Scholes dynamics:

5 = odWy, (8.35)
St

where as usual the prices are discounted, i.e. expressed in the numéraire defined
by the nonrisky asset, and the drift is omitted by a change of measure.

The function S : Ry x R — R is assumed to be smooth and increasing in
v. S(s,v) represents the price per share for trading of size v and marginal price
s.

A trading strategy is defined by a pair (Z°, Z) where Z? is the position in
cash and Z; is the number of shares held at each time t in the portfolio. As
in the previous paragraph, we will take the process Z in the set of admissible
strategies A%® defined in (8.16), whenever the problem is started at the time
origin ¢ with the initial spot price s for the underlying asset.

To motivate the continuous-time model, we start from discrete-time trading
strategies. Let 0 =to < ... < t, = T be a partition of the time interval [0, T],
and denote 0¢(t;) := ¥(t;) — ¥ (t;—1) for any function 1. By the self-financing
condition, it follows that

620 +62,8(S,,62,) = 0, 1<i<n.

Summing up these equalities, it follows from direct manipulations that

n

Z9 + ZpSr = Z + ZoSo — Y _ (02,8 (St,,0Z4,) + (Z0So — Z1Sr)]
=1

= Zy + ZoSo — Z [6Z1,St; + (ZoSo — Z7St)]

i=1
— > 621, [S(Sh,,024,) — Si,]
i=1
= Z0+ ZpSo + En: Zys, 08;, — En: 67;,[S(S:,,67:,) — St,] -
- - (8.36)
Then, the continuous-time dynamics of the process

Y. =2+28

are obtained by taking limits in (8.36) as the time step of the partition shrinks
to zero. The last sum term in (8.36) is the term due to the liquidity cost.
Since the function v — S(s,v) is assumed to be smooth, it follows from
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the form of the continuous-time process Z in (8.11) that:

t t
4

Y, = Y+/ZudSu—/7dZu 8.37

! 0 0 0 Suqs(su) < > ( )

t CA e 5.)8..d 8.38

— Yo-q-/OZudSu—/O é(Su)F“U (u, Sy)Sudu, (8.38)

where £ is the liquidity function defined by

Ws) = s (;}(3,0))1 . (8.39)

The above liquidation value of the portfolio exhibits a penalization by a linear
term in I'?, with coefficient determined by the slope of the order book at the
origin. This type of dynamics falls into the general problems analyzed in the
previous section.

Remark 8.14. The supply function S(s,r) can be inferred from the data on
order book prices. We refer to [9] for a parametric estimation of this model on
real financial data.

In the context of the CJP model, we ignore the illiquidity cost at the maturity
date T', and we formulate the super-hedging problem by:

V(t,s) := inf {y (VPP > g(ShY), P— as. for some Z € At’s} .(8.40)

Then, the viscosity property for the value function V follows from the results
of the previous section. The next result says more as it provides uniqueness.

Theorem 8.15. Assume that V is locally bounded. Then, the super-hedging
cost V is the unique viscosity solution of the PDE problem

—0,V — %J%H((—ﬁ) V(sVis)) =0, V(T,)=g  (8.41)
—C<V(ts) <C(l+s), (t,8) €[0,T] x Ry, for some C >0, (8.42)

where H(7) ==~ + ;7.

We refer to [10] for the proof of uniqueness. We conclude this section by
some comments.

Remark 8.16. 1. The PDE (8.41) is very similar to the PDE obtained in the
problem of hedging under Gamma constraints. We observe here that —¢ plays
the same role as the lower bound I' on the Gamma of the portfolio. Therefore,
the CJP model induces an endogeneous (state-dependent) lower bound on the
Gamma of the portfolio defined by /.

2. However, there is no counterpart in (8.41) to the upper bound T' which
induced the face-lifting of the payoff in the problem of hedging under Gamma
constraints.



Chapter 9

BACKWARD SDES AND
STOCHASTIC CONTROL

In this chapter, we introduce the notion of backward stochastic differential equa-
tion (BSDE hereafter) which allows to relate standard stochastic control to
stochastic target problems.

More importantly, the general theory in this chapter will be developed in the
non-Markov framework. The Markovian framework of the previous chapters and
the corresponding PDEs will be obtained under a specific construction. From
this viewpoint, BSDEs can be viewed as the counterpart of PDEs in the non-
Markov framework.

However, by their very nature, BSDEs can only cover the subclass of stan-
dard stochastic control problems with uncontrolled diffusion, with corresponding
semilinear DPE. Therefore a further extension is needed in order to cover the
more general class of fully nonlinear PDEs, as those obtained as the DPE of
standard stochastic control problems. This can be achieved by means of the
notion of second order BSDEs which are very connected to second order target
problems. We refer to Cheridito, Soner and Touzi [13] and Soner, Zhang and
Touzi [22] for this extension.

9.1 Motivation and examples

The first appearance of BSDEs was in the early work of Bismut [6] who was
extending the Pontryagin maximum principle of optimality to the stochastic
framework. Similar to the deterministic context, this approach introduces the
so-called adjoint process defined by a stochastic differential equation combined
with a final condition. In the deterministic framework, the existence of a solution
to the adjoint equation follows from the usual theory by obvious time inversion.
The main difficulty in the stochastic framework is that the adjoint process is
required to be adapted to the given filtration, so that one can not simply solve
the existence problem by running the time clock backward.

141
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A systematic study of BSDEs was started by Pardoux and Peng [33]. The
motivation was also from optimal control which was an important field of interest
for Shige Peng. However, the natural connections with problems in financial
mathematics was very quickly realized, see Elkaroui, Peng and Quenez [17].
Therefore, a large development of the theory was achieved in connection with
financial applications and crucially driven by the intuition from finance.

9.1.1 The stochastic Pontryagin maximum principle

Our objective in this section is to see how the notion of BSDE appears naturally
in the context of the Pontryagin maximum principle. Therefore, we are not
intending to develop any general theory about this important question, and we
will not make any effort in weakening the conditions for the main statement.
We will instead considerably simplify the mathematical framework in order for
the main ideas to be as transparent as possible.

Consider the stochastic control problem

Vo := sup JO(V) where J()(V) = ]E[Q(X;“)L
veUy

the set of control processes Uy is defined as in Section 2.1, and the controlled
state process is defined by some initial date Xy and the SDE with random
coefficients:

axy = b(t, Xy, v)dt +o(t, Xy, vi)dW.

Observe that we are not emphasizing the time origin and the position of the
state variable X at the time origin. This is a major difference between the
dynamic programming approach, developed by the American school, and the
Pontryagin maximum principle approach of the Russian school.

For every u € U, we define:

Lt z,y,z) = b(t,z,u) -y+Tr[o(t z,u)"2],
so that

OL"(t,x,y,2)
dy

We also introduce the function

OL“(t,x,y, 2)

b(t,z,u) = .

and o(t,x,u) =

g(t7 x? y’ Z) = Sup Lu(t’ x? y’ Z)?
uelU

and we will denote by H? the space of all F—progressively measurable processes
with finite L2 ([0, 7] x €, dt ® dP) —norm.

Theorem 9.1. Let U € Z/g Abe such that:
(i) there is a solution (Y, Z) in H? of the backward stochastic differential equa-
tion:

dYy = =V, L' (t, Xs, Vs, Zy)dt + ZedWy, and Y = Vg(Xr), (9.1)
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where X = X v
(il) D satisfies the mazimum principle:

L7 (t, X, Vi, Z) = 0t X4, Y, Zy). (9.2)

(iii) The functions g and {(t,.,y, z) are concave, for fized t,y, z, and
Vo L7 (t, X, Yy, Zy) = Val(t, Xy, Vi, Zy) (9.3)
Then Vo = Jo(D), i.e. U is an optimal control for the problem Vj.
Proof. For an arbitrary v € Uy, we compute that
Jo(@) = v) = E|g(Xr) - g(xXp)]

> E|(Xr - Xp)- Vg(Xr)]

E [(Xr - X%) - Yz

by the concavity assumption on g. Using the dynamics of X and Y, this pro-
vides:

Jo(P) — Jo(v)

v

T A ~
E Vo A (Xr — X5) - V1)

- E[/OT (b(t, Xy, 1) — b(t, XV, p)) - Vidt
—(X; — XV) -V L7 (t, X, Yy, Z;)dt
+Tr {(U(t,f(t,f/t) — a(t,Xf,Vt))TZt] dt}
= B[ [ KR 2 - X 2
—(Xy — XY) - Vo L7 (t, X4, Y, ZAt))dt}’

where the diffusion terms have zero expectations because the processes Y and
Z are in H2. By Conditions (ii) and (iii), this implies that

Jo(0) = Jo(v) = E[/OT (g(thtaY;hZAt) -, Xtvﬁv Zt)

—(Xy — XV) -V l(t, X, Y, Zt))dt}
> 0

by the concavity assumption on /. &

Let us comment on the conditions of the previous theorem.
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- Condition (ii) provides a feedback definition to ©. In particular, 7y is
a function of (t,Xt,Yt, Zt) As a consequence, the forward SDE defining X
depends on the backward component (Y, A ). This is a situation of forward-
backward stochastic differential equation which will not be discussed in these
notes.

- Condition (9.3) in (iii) is satisfied under natural smoothness conditions. In
the economic literature, this is known as the envelope theorem.

- Condition (i) states the existence of a solution to the BSDE (9.1), which
will be the main focus of the subsequent section.

9.1.2 BSDEs and stochastic target problems

Let us go back to a subclass of the stochastic target problems studied in Chapter
7 defined by taking the state process X independent of the control Z which is
assumed to take values in RY. For simplicity, let X = W. Then the stochastic
target problem is defined by

Vo = inf{Yy: YZ >g(Wr), P—as. for some Z € H*},
where the controlled process Y satisfies the dynamics:
dY? = b(t,W,,Ys, Zy)dt + Z, - AW, (9.4)

If existence holds for the latter problem, then there would exist a pair (Y, Z) in
H? such that

T
Y0+/ [b(t, Wy, Yy, Zy)dt + Zy - dWy] > g(Wr), P—as.
0

If in addition equality holds in the latter inequality then (Y, Z) is a solution of
the BSDE defined by (9.4) and the terminal condition Yy = g(Wr), P—a.s.

9.1.3 BSDEs and finance

In the Black-scholes model, we know that any derivative security can be perfectly
hedged. The corresponding superhedging problem reduces to a hedging problem,
and an optimal hedging portfolio exists and is determined by the martingale
representation theorem:.

In fact, this goes beyond the Markov framework to which the stochastic
target problems are restricted. To see this, consider a financial market with
interest rate process {r¢,t > 0}, and d risky assets with price process defined by

dSt = St *(utdt+atth).

Then, under the self-financing condition, the liquidation value of the portfolio
is defined by

d}/tﬂ' = ’I"t}/twdt + mo¢ (th + )\tdt) 5 (95)
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where the risk premium process A; = o} ' (1 — r¢1) is assumed to be well-
defined, and the control process m; denotes the vector of holdings amounts in
the d risky assets at each point in time.

Now let G be a random variable indicating the random payoff of a contract.
G is called a contingent claim. The hedging problem of G consists in searching
for a portfolio strategy 7 such that

Yi = G, P-as. (9.6)

We are then reduced to a problem of solving the BSDE (9.5)-(9.6). This problem
can be solved very easily if the process A is so that the process {W;+ fot Asds,t >
0} is a Brownian motion under the so-called equivalent probability measure
Q. Under this condition, it suffices to get rid of the linear term in (9.5) by
discounting, then 7 is obtained by the martingale representation theorem in the
present Brownian filtration under the equivalent measure Q.

We finally provide an example where the dependence of Y in the control
variable Z is nonlinear. The easiest example is to consider a financial market
with different lending and borrowing rates r, < 7. Then the dynamics of
liquidation value of the portfolio (9.5) is replaced by the following SDE:

d)/t = T - O't(th + Atdt)(yt — Tt - 1)+£t — (th — Tt - 1)7Ft (97)

As a consequence of the general result of the subsequent section, we will obtain
the existence of a hedging process @ such that the corresponding liquidation
value satisfies (9.7) together with the hedging requirement (9.6).

9.2 Wellposedness of BSDEs

Throughout this section, we consider a d—dimensional Brownian motion W on
a complete probability space (2, F,P), and we denote by F = FW the corre-
sponding augmented filtration.

Given two integers n,d € N, we consider the mapping

F0,T] x QxR xR — R,

that we assume to be P@B(R"T"¢) —measurable, where P denotes the c—algebra
generated by predictable processes. In other words, for every fixed (y,z) €
R" x R™*4 the process {fi(y, z),t € [0,T]} is F—predictable.

Our interest is on the BSDE:

dYy = — (Y, Zy)dt + Z,dW,  and Yr =¢&, P—as. (9.8)

where £ is some given Fr—measurable r.v. with values in R™.
We will refer to (10.20) as BSDE(f,£). The map f is called the generator.
We may also re-write the BSDE (10.20) in the integrated form:

T T
Yt:§+/ fS(YS,ZS)ds—/ ZdW,, t<T, ,P—as. (9.9)
t t
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9.2.1 Martingale representation for zero generator

When the generator f = 0, the BSDE problem reduces to the martingale repre-
sentation theorem in the present Brownian filtration. More precisely, for every
¢ € L2(R", Fr), there is a unique pair process (Y, Z) in H?(R" x R"*4) satisfying
(10.20):

Y, = E¢[F] = E&+ / Z,dw,

0
T
g—/ ZydW,.
t

Here, for a subset E of R¥, k € N, we denoted by H?(E) the collection of all
[F—progressively measurable L?([0, 7] x 2, Leb® IP)—processes with values in E.
We shall frequently simply write H? keeping the reference to E implicit.

Let us notice that Y is a uniformly integrable martingale. Moreover, by the
Doob’s maximal inequality, we have:

VI3 = B s < a5(veP) = 412 @10
Hence, the process Y is in the space of continuous processes with finite S —norm.

9.2.2 BSDEs with affine generator

We next consider a scalr BSDE (n = 1) with generator
fily,2) = ar+by+e-z, (9.11)

where a, b, ¢ are F—progressively measurable processes with values in R, R and
R, respectively. We also assume that b, ¢ are bounded and E[fOT la;|?dt] < oo.
This case is easily handled by reducing to the zero generator case. How-
ever, it will play a crucial role for the understanding of BSDEs with generator
quadratic in z, which will be the focus of the next chapter.
First, by introducing the equivalent probability Q ~ P defined by the density

dQ r 1o,
il exp(/o ct-th—i/O lee)“dt | ,

it follows from the Girsanov theorem that the process B; := W; — fg csds defines
a Brownian motion under Q. By formulating the BSDE under Q:

dYy = —(ay+bYy)dt + Z; - dBy,

we have reduced to the case where the generator does not depend on z. We
next get rid of the linear term in y by introducing:

Y, = Ytefot bsds g6 that dY,; = —atefot bsds gy 4 Ztefot bsds g, .
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Finally, defining

_ _ t "
Y, =Y, —|—/ auejo bsds gy,
0

we arrive at a BSDE with zero generator for ?t which can be solved by the
martingale representation theorem under the equivalent probability measure Q.
Of course, one can also express the solution under P:

Y, = E

T

FtTf—F/ I‘éasds‘}"t , t<T,
t

where

S 1 S S
I' = exp (/ budu—i/ |cu|2du+/ cu-qu) , 0<t<s<T. (9.12)
t t t

9.2.3 The main existence and uniqueness result
The following result was proved by Pardoux and Peng [33].

Theorem 9.2. Assume that {f:(0,0),t € [0,T]} € H? and, for some constant
C >0,

[fely,2) = fely, N < Clly =y | + 12 = 2]), dt@dP - as.

for allt € [0,T] and (y,2),(y,2") € R* x R"*%, Then, for every & € L2, there
is a unique solution (Y,Z) € §? x H? to the BSDE(f,§).

Proof. Denote S = (Y, Z), and introduce the equivalent norm in the correspond-
ing H? space:

T
1Sl = EV e (|Yi? + [ Zi[*)dt
0

where o will be fixed later. We consider the operator
¢:s5=(y,2) cH? — S°=(Y* 2%

defined by:

T T
Y? = €+/ fu(yuvzu)du_/ Z,Zqu, t<T.
t t

1. First, since |fu(Yu, 2u)| < [fu(0,0)] + C(|yu| + |2u]), we see that the pro-
cess {fu(Yu,2u),u < T} is in H2. Then S is well-defined by the martingale
representation theorem and S* = ¢(s) € H?.
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2. Fors,s' € H2, denote ds := s—s', 65 := 55—55 and 6 f := f,(S%)— f:(S*).
Since dYr = 0, it follows from It6’s formula that:

T T
eat|5Yt|2 +/ 6‘“|6Zu\2du = / et (25Yu 0 fu — a|5Yu|2) du
t t
T
—2/ e (62,)T6Y, - dW,,.
t
In the remaining part of this step, we prove that
M = / e (62,)Y8Y, -dW, is a uniformly integrable martingale. (9.13)
0

so that we deduce from the previous equality that

T
E eat|5yt\2+/ (57, 2du
t

T
—E V e (20Yy, - 6 — |6V, [?) dul .
t

(9.14)
To prove (9.13), we verify that sup,.,|M;| € L'. Indeed, by the Burkholder-
Davis-Gundy inequality, we have:

. 1/2
E[sup‘MﬂBig] < CE (/ 6201u|5yu|262u|2du>
t<T 0

r 1/27
C'E |sup |6Y,,] (/ |5Zu2du>
u<T 0

¢’ 2 ! 2
— [ E |sup |0Y,]°| + E [0Z,7du| | < oo.
2 u<T 0

3. We now continue estimating (9.14) by using the Lipschitz property of the
generator:

IN

IN

T
E[eaqam? +/ eau|5zu|2du}
t

T
< E[/ e (~al8Yl? + OV, (Sl + [52])) du
t

IN

T
E l/ ert (—04|(5Yu|2 + C’(62|(5Yu|2 +e72(|0yu| + |(5zu|)2)) du‘|
t
for any € > 0. Choosing Ce? = a, we obtain:

E

IN

T
€[5} 2 +/ 157, 2du E
t

T CQ
/ e E |5y + [52a])2du
¢ @]

02
2— a2
«

IN
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This provides

Cc? | C?T

162]1% < 2—||os])Z, and  [|6Y[[3dt < 2=——||ds]I3
«

«

where we abused notatation by writing ||0Y||, and ||0Z]|, although these pro-
cesses do not have the dimension required by the definition. Finally, these two

estimates imply that
2C?
I6Sa < /=~ (1+T)[85]la:

By choosing a > 2(1 + T)C?, it follows that the map ¢ is a contraction on H?,
and that there is a unique fixed point.
4. It remain to prove that Y € S2. This is easily obtained by first estimating:

1)

and then using the Lipschitz property of the generator and the Burkholder-
Davis-Gundy inequality. &

t
—HE[sup’/ Z, - dW,
<171 Jo

T
E[supw]sc(mu@ / (Vi Z0) Pt
t<T 0

Remark 9.3. Consider the Picard iterations:
(Y0, 2%) = (0,0), and
T T
Yt :g+/ fs(Ysk,Zf)der/ ZE - aw,
t t
Given (Y%, Z%), the next step (Y**+1 Z*+1) is defined by means of the martin-

gale representation theorem. Then, S¥ = (Y* Z¥) — (Y, Z) in H? as k — oc.
Moreover, since

202 g
1. < (*Ea+mn) .

it follows that Y, ||S*||« < oo, and we conclude by the Borel-Cantelli lemma
that the convergence (Y*, Z¥) — (Y, Z) also holds dt ® dP—a.s.

9.3 Comparison and stability

Theorem 9.4. Let n = 1, and let (Y, Z%) be the solution of BSDE(f!,£%) for
some pair (€, f) satisfying the conditions of Theorem 9.2, i = 0,1. Assume
that

€260 and [HY.Z0) 2 [AV2ZD), dt@dP —as.  (9.15)

Then Y} > Y2, t € [0,T], P—a.s.
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Proof. We denote
Y =Y -V 672:=272' - Z° 6of := L (YO, 2% — fO(Y°, 29,
and we compute that
d(0Y:) = —(agdYy+ By 67+ o ft) dt + 67 - dWh, (9.16)

where

L ftl(Ytlvztl)fftl(YtOthl) 1
Qy = {6Y:#0}>»
oY

and, for j =1,...,d,

g BotzeLm g nen,
t T 5ZtO,J {6Z1,J750}’

where §Z%7 denotes the j—th component of §Z°, and for every 2°,2! € R?,
2@y 20 = (2B 28 0 20 for 0 < j o< d, 2t @ 20 = 20,
21 @y 20 =21,

Since f! is Lipschitz-continuous, the processes o and 3 are bounded. Solving
the linear BSDE (9.16) as in subsection 9.2.2, we get:

0y, = E

T
T8V + / T 5 fudu‘ft] L<T,
t

where the process I' is defined as in (9.12) with (o f, @, 3) substituted to (a, b, c).
Then Condition (9.15) implies that §Y > 0, P—a.s. &

Our next result compares the difference in absolute value between the solu-
tions of the two BSDEs, and provides a bound which depends on the difference
between the corresponding final datum and the generators. In particular, this
bound provides a transparent information about the nature of conditions needed
to pass to limits with BSDEs.

Theorem 9.5. Let (Y Z') be the solution of BSDE(f, &%) for some pair
(£, &%) satisfying the conditions of Theorem 9.2, i = 0,1. Then:

IY'=YOls +112" = 2°g < C(llg' =&l + 101 = £, 29 l5e)
where C' is a constant depending only on T and the Lipschitz constant of f*.

Proof. We denote 0¢ := 1 — €0, 6Y =Y -YO 6f = fL (Y, Z1) - fO(Y°, Z29),
and Af := f! — f9. Given a constant 3 to be fixed later, we compute by Ito’s
formula that:

T
Poy, 2 = eBT|5§\2+/ e (20Yy - 0 fu — |0Zu|* — BI6Y,|?) du
t

T
+2 / PS5 Zr sy, - dW,.
t
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By the same argument as in the proof of Theorem 9.2, we see that the stochastic
integral term has zero expectation. Then

T
ePoY, |2 = E, eﬂT|5g|2+/ e (20Yy - 6 fu — |0Zu|* — BIOY|?) dul , (9.17)
t

where E; := E[.|F;]. We now estimate that, for any € > 0:
20Yy - 0fy < e HOY,|? +eldful?

e 6Yol? + (C(I0Yu] + [6Za) + |A£u (Y2, Z0)])
e oY, 2+ 3e(C?(|6Yu > + 10Zu %) + |A £ (Y., ZD) ).

IN A

We then choose € := 1/(6C?) and 3 := 3eC? + e~ 1, and plug the latter estimate
in (9.17). This provides:

T
/ 1670 [2du
t

which implies the required inequality by taking the supremum over ¢ € [0, 7] and
using the Doob’s maximal inequality for the martingale {E;[e®T[6¢|?],t < T'}.
¢

1

1
AY8Y, 2+ =E —
IOV T3 B 202

T
/ 5L, (Y2, 29 2du
0

<E, leBT|5f|2 +

9.4 BSDEs and stochastic control

We now turn to the question of controlling the solution of a family of BSDEs
in the scalar case n = 1. Let (f,,&,)vey be a family of coefficients, where U is
some given set of controls. We assume that the coefficients (f,,&,),cy satisfy
the conditions of the existence and uniqueness theorem 9.2, and we consider the
following stochastic control problem:

Vo = supYy, (9.18)
veu
where (Y, Z") is the solution of BSDE(f¥, £").

The above stochastic control problem boils down to the standard control
problems of Section 2.1 when the generators f® are all zero. When the gen-
erators f¥ are affine in (y, z), the problem (9.18) can also be recasted in the
standard framework, by discounting and change of measure.

The following easy result shows that the above maximization problem can
be solved by maximizing the coefficients (£%, f¢):

fi(y2) = esssup f(y,2), € = esssup €. (9.19)

vel veld
The notion of essential supremum is recalled in the Appendix of this chapter.
We will asume that the coefficients (£, €) satisfy the conditions of the existence
result of Theorem 9.2, and we will denote by (Y, Z) the corresponding solution.
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A careful examination of the statement below shows a great similarity with
the verification result in stochastic control. In the present non-Markov frame-
work, this remarkable observation shows that the notion of BSDEs allows to
mimic the stochastic control methods developed in the Markovian framework of
the previous chapters.

Proposition 9.6. Assume that the coefficients (f,€) and (f,,§,) satisfy the
conditions of Theorem 9.2, for allv € U. Assume further that there exists some
v eU such that

ft(y,Z):fﬁ(y,Z) and 5:5[1
Then Vo = Y{ and Y; = esssup, ¢, Y, t € [0,T], P—a.s.

Proof. The P—a.s. inequality Y > YV, for all v € U, is a direct consequence
of the comparison result of Theorem 9.4. Hence Y; > sup, o, Y/, P—a.s. To
conclude, we notice that Y and Y? are two solutions of the same BSDE, and
therefore must coincide, by uniqueness. &

The next result characterizes the solution of a standard stochastic control
problem in terms of a BSDE. Here, again, we emphasize that, in the present non-
Markov framework, the BSDE is playing the role of the dynamic programming
equation whose scope is restricted to the Markov case.

Let
. T
Uy := infEF lﬁngu / BZTEu(uu)du],
veu ’ 0 ’
where
BB oMWy T Pt g gr i o B Ru)d,
dP |, ’

We assume that all coefficients involved in the above expression satisfy the
required conditions for the problem to be well-defined.
We first notice that for every v € U, the process

Y'tV = ]EIP’”

T
e+ | ﬂz,Teu@u)du]ft] . te.1)
t

is the first component of the solution (Y, Z") of the affine BSDE:

AV = —fY (V2 2+ ZYdWs, Y =€,
with f/(y,2) = () — kie(ve)y + Ae(vi)z. In view of this observation, the
following result is a direct application of Proposition 9.6.

Proposition 9.7. Assume that the coefficients

&:=esssup&” and fi(y,z):=esssup f; (y, 2)
veu veu

satisfy the conditions of Theorem 9.2, and let (Y, Z) be the corresponding solu-
tion. Then Uy =Y.
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9.5 BSDEs and semilinear PDEs

In this section, we specialize the discussion to the so-called Markov BSDEs in
the one-dimensional case n = 1. This class of BSDEs corresponds to the case
where

ft(yvz) = F(tv Xt7yaz) and €: g(XT)a

where F : [0,T] x R? x R x R — R and g : R? — R are measurable, and X
is a Markov diffusion process defined by some initial data X, and the SDE:

dXt = /.L(t,Xt)dt—FO'(t,Xt)th (920)

Here p and o are continuous and satisfy the usual Lipschitz and linear growth
conditions in order to ensure existence and uniqueness of a strong solution to
the SDE (9.20), and

F, g have polynomial growth in x

and F is uniformly Lipschitz in (y, 2).

Then, it follows from Theorem 9.2 that the above Markov BSDE has a unique
solution.

We next move the time origin by considering the solution {X%* s > t} of
(9.20) with initial data X}* = 2. The corresponding solution of the BSDE

Yy = —F(s,X.",Ys,Zs)ds + ZsdWs, Yr =g (X3") (9.21)
will be denote by (Y4 Zt:7).

Proposition 9.8. The process {(Y1*, ZL%) s € [t,T|} is adapted to the filtra-
tion
Fl o= o(W,—Wyu€lts]), seltT].

In particular, u(t, x) := Ytt’gE is a deterministic function and

yhe = YZSS’Xé’m = u(s,X0"), foralls€t,T], P— a.s.
Proof. The first claim is obvious, and the second one follows from the fact that
Xt = x0% &

Proposition 9.9. Let u be the function defined in Proposition 9.8, and assume
that u € C12(0,T),R%). Then:

—Owu — - Du — %TT[O’O’TDQU] — f(,u,0"Du) =0 on [0,T) x RY. (9.22)
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Proof. This an easy application of It6’s formula together with the usual local-
ization technique. &

By weakening the interpretation of the PDE (9.22) to the sense of voscosity
solutions, we may drop the regularity condition on the function u in the latter
statement. We formulate this result in the following exercise.

Exercise 9.10. Show that the function u of Proposition 9.8 is a viscosity so-
lution of the semilinear PDE (9.22), i.e. u, and u* are viscosity supersolution
and subsolutions of (9.22), respectively.

We conclude this chapter by an nonlinear version of the Feynman-Kac for-
mula.

Theorem 9.11. Let v € CY2([0,T),RY) be a solution of the semilinear PDE
(9.22) with polynomially growing v and o Dv. Then

o(t,x) =Y " forall (t,z) € [0,T] x RY,
where (Y% Z4%) is the solution of the BSDE (9.21).

Proof. For fixed (t,z), denote Yy := v(s, X/%) and Z, := T (s, X1®). Then, it
follows from It6’s formula that (Y, Z) soves (9.21). From the polynomial growth
on v and Dv, we see that the processes Y and Z are both in H2. Then they
coincide with the unique solution of (9.21). &

9.6 Appendix: essential supremum

The notion of essential supremum has been introduced in probability in order
to face the problem of maximizing random variables over an infinite family Z.
The problem arises when Z is not countable because then the supremum is not
measurable, in general.

Theorem 9.12. Let Z be a family of r.v. Z : Q — RU{oo} on a probability
space (2, F,P). Then there exists a unique (a.s.) r.v. Z :Q — RU{oo} such
that:

(a) Z>Z, as. foral Z € Z,

(b)  For all r.v. Z' satisfying (a), we have Z < Z', a.s.

Moreover, there exists a sequence (Zy)nen C Z such that Z = sup,,cy Zn.-

The r.v. Z is called the essential supremum of the family Z, and denoted by
esssup 2.

Proof. The uniqueness of Z is an immediate consequence of (b). To prove
existence, we consider the set D of all countable subsets of Z. For all D € D,
we define Zp := sup{Z : Z € D}, and we introduce the r.v. ¢ := sup{E[Zp] :
D e D}.

1. We first prove that there exists D* € D such that ( = E[Zp-]. To see this, let
(Drn)n C D be a maximizing sequence, i.e. E[Zp | — ¢, then D* := U, D,, € D
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satisfies E[Zp«] = (. We denote Z := Zp-.

2. It is clear that the r.v. Z satisfies (b). To prove that property (a) holods
true, we consider an arbitrary Z € Z together with the countable family D :=
D*U{Z} CD. Then Zp = ZV Z, and ( = E[Z] <E[ZV Z] < (. Consequently,
ZNVZ=2~Z,and Z < Z, as. &
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Chapter 10

(QUADRATIC BACKWARD SDES

In this chapter, we consider an extension of the notion of BSDEs to the case
where the dependence of the generator in the variable z has quadratic growth.
In the Markovian case, this corresponds to a problem of second order semi-
linear PDE with quadratic growth in the gradient term. The first existence
and uniqueness result in this context was established by M. Kobylanski in her
PhD thesis by adapting some previously established PDE techniques to the non-
Markov BSDE framework. In this chapter, we present an alternative argument
introduced recently by Tevzadze [39].

Quadratic BSDEs turn out to play an important role in the applications,
and the extension of this section is needed in order to analyze the problem of
portfolio optimization under portfolio constraints.

We shall consider thoughout this chapter the BSDE

T T
Y, = g+/t fS(ZS)dsf/t Z, - dW, (10.1)

where ¢ is a bounded Fr—measurable r.v. and f : [0,7] x Q x R — R is
P ® B(R?)—measurable, and satisfies a quadratic growth condition:

[€]loe < 00 and |fi(2)| < C(1+ |2|?) for some constant C' > 0. (10.2)

We could have included a Lipschitz dependence of the generator on the variable
y without altering the results of this chapter. However, for exposition clarity
and transparency, we drop this dependence in order to concentrate on the main
difficulty, namely the quadratic growth in z.

10.1 A priori estimates and uniqueness

In this section, we prove two easy results. First, we show the connection between
the boundedness of the component Y of the solution, and the BMO (Bounded
Mean Oscillation) property for the martingale part fo Zy - dWy. Then, we prove
uniqueness in this class.

157
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10.1.1 A priori estimates for bounded Y

We denote by M? the collection of all P—square integrable martingales on the
time interval [0,7]. We first introduce the so-called class of martingales with
bounded mean oscillations:

BMO := {M S M2 : ||MHBMO < OO},
where
[M|lpyo = sup [E[(M)7 — (M)-|F-]|| -
TETT

Here, 74 is the collection of all stopping times, and (M) denotes the quadratic
variation process of M. We will be essentially working with square integrable
martingales of the form M = [; ¢sdW,. The following definition introduces an
abuse of notation which will be convenient for our presentation.

Definition 10.1. A process ¢ € H? is said to be a BMO martingale generator

if
||¢||H]23MO =] fo b dW@HBMo < 00
We denote by H2,,, = {¢ e H2: ||¢HH%MO < oo}.

For this class of martingales, we can re-write the BMO norm by the It6

isometry into:
T
B [ 1o.ds|7]

The following result shows why this notion is important in the context of
quadratic BSDEs.

Lemma 10.2. Let (Y, Z) be a solution of the quadratic BSDE (10.1) (in par-
ticular, Z € H? ) with generator f satisfying (10.2). Assume that the process

loc

Y is bounded. Then Z € HZ,,,.

2 o
19l it

o0

Proof. Let (Tn)n>1 C Tyt be a localizing sequence of the local martingale fo L
dWs. By Itd’s formula together with the boundedness of Y, we have for any

7‘67sz

Tn 1
e'BHYHOO > ePYrn — ePYr = / 566Y5 ((2ﬁZs|2 - fs(Zs))dS +Zs- dWs) .

]

(14 peT)ef¥l= 1 BCE U " Yo7, 2 ds

T

By the Doob’s optional sampling theorem, this provides:

2 Tn
ol

IN

Zs|2ds‘]-}} Y= 4 gE [/ " PV £,(Z,)ds

IN

7|
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Then, setting 5 = 4C, it follows that

T T
e AVl / |2, |2ds le < E l/ eBYS|Z52ds‘}'T]

— lim 1E U Ve Zs|2ds’]-}]

n—oo T
2

1+4C°T sy

- 4C? ’

which provides the required result by the arbitrariness of 7 € 7! . &

10.1.2 Some propeties of BMO martingales

In this section, we list without proof some properties of the space BMO. We
refer to the book of Kazamaki [26] for a complete presentation on this topic.

1. The set BMO is a Banach space.

2. M € BMO if and only if [ HdM € BMO for all bounded progressively
measurable process H.

3. If M € BMO, then

(a) the process (M) := eM~2M) i5 a uniformly integrable martingale,

(b) the process M — (M) is a BMO martingale under the equivalent
measure E(M) - P

(¢c) E(M) € L7 for some r > 1.

4. For ¢ € H3,,,, we have

T
245)"| < 2p! 2 ' >
E [(/0 |s] ds) 1 < 2p! <4H¢||H]23MO) forall p>1.

In our subsequent analysis, we shall only make use of the properties 1 and
3a.

10.1.3 Uniqueness

We now introduce the main condition for the derivation of the existence and
uniqueness result.

Assumption 10.3. The quadratic generator f is C? in z, and there are con-
stants 01,02 such that

|D.fi(2)] < 01(1 4 |2|), |D2 fi(2)| <0y forall (t,w,z)€[0,T]x QxR
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Lemma 10.4. Let Assumption 10.3 hold true. Then, there exists a bounded
progressively measurable process ¢ such that for all t € [0,T], z, 2" € RY

[fe(2) = i) = e (2= 2)| < Oalz=2[(J2] +12']), P— as. (10.3)

Proof. Since f is C? in z, we introduce the process ¢ := D, f;(0) which is
bounded by 6y, according to Assumption 10.3. By the mean value theorem, we
compute that, for some constant A = A\(w) € [0, 1]:

1fi(2) = fi(Z) = @0 - (2 = 2] = [DofrQAz + (1= N)2) = & |2 — 7|
Oa| Az + (1 = N)2'| |z = 2],

N

by the bound on D?, f;(z) in Assumption 10.3. The required result follows from
the trivial inequality [Az + (1 — A)2'| < |z] + |Z/]. O

We are now ready for the proof of the uniqueness result. As in the Lipschitz
case, we have the following comparison result which implies uniqueness.

Theorem 10.5. Let fO, f! be two quadratic generators satisfying (10.2). As-
sume further that fl satisfies Assumption 10.3. Let (Y* Z%), i = 0,1, be two
bounded solutions of (10.1) with coefficients (f%,£%). Assume that

&> and f1(Z)) > f2(Z)), t€[0,T], P— as.
Then Y > Y0, P—a.s.
Proof. We denote 6¢ := ¢ — €0, Y :=Y! — Y0 67 := Z' — Z° and §f :=
fHZY) — f°(Z°). Then, it follows from Lemma 10.4 that:

T T
5Y, = 55—/ 6Zs-dW5+/ 5 fods
t t

T T
> 55—/ 6Zs~dWs+/ (ff = 1)(Z)ds
Tt t
+ / (F1(2Y) - F1(29))ds
t
T T
> 55—/ 5Zs~dWs+/ (ff = 1)(2)ds

T
[ (00 (22 20) - izl - 22022+ 122) ) s
t

T T
. / 57, - (AW, — Auds) + / (F' = 10)(20)ds,

where ¢ is the bounded process introduced in Lemma 10.4, and the process A
is defined by:

|Z0| + |2}
Ay = g — Ogiisl T1%s]
OO )

S

(Zl — Zg)]-{Z;fZQ;éO}v s €t T
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Since Y and Y! are bounded, and both generators f0, f! satisfy Condition
(10.2), it follows from Lemma 10.2 that Z° and Z! are in HZ,,,. Hence A €
H2,,0, and by property 3a of BMO martingales, we deduce that the process
W, — fo Asds is a Brownian motion under an equivalent probability measure Q.
Taking conditional expectations under Q then provivides:

oy, > E? , a.s.

T
5+ / (F = 0)(20)ds

which implies the required comparison result. &

10.2 Existence

In this section, we prove existence of a solution to the quadratic BSDE in two
steps. We first prove existence (and uniqueness) by a fixed point argument when
the final data £ is bounded by some constant depending on the generator f and
the maturity 7. In the second step, we decompose the final data as £ = Z?:l &
with &; is sufficiently small so that the existence result of the first step applies.
Then, we construct a solution of the quadratic BSDE with final data £ by adding
these solutions.

10.2.1 Existence for small final condition

In this subsection, we prove an existence and uniqueness result for the quadratic
BSDE (10.1) under Condition (10.3) with ¢ = 0. Recall that (10.3) was implied
by Assumption 10.3.

Theorem 10.6. Assume that the generator f satisfies:
f:(0)=0 and |fi(2) = fi(2)| < O2]z = 2| (|z]| +|7']), P — a.s. (10.4)

Then, for every Fr—measurable r.v. & with ||€||L~ < (6402)7!, there exists a
unique solution (Y, Z) to the quadratic BSDE (10.1) with

—2
VI3~ + 1203, < (166)72.

Proof. Consider the map @ : (y,2) € 8® x H2,,, — S = (Y, Z) defined by:

T T
Yg:g+/ fs(zs)ds—/ Zs-dWs, t€]0,T], P—as.
t t

The existence of the pair (Y,Z) = ®(y,z) € H? is justified by the martingale
representation theorem together with Property 4 of BMO martingales which
ensures that the process f(Z) is in HZ.

To obtain the required result, we will prove that ® is a contracting mapping
on 8 x H2,,, when ¢ has a small L° —norm as in the statement of the theorem.
1. In this step, we prove that

(Y, Z) = ®(y,2) € S™ x H2.
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First, we estimate that:

vl = Et[u/ffs(zs)@}

IN

€lloe + € (T + l2llsg, ) -

proving that the process Y is bounded. We next calculate by It6’s formula that,
for every stopping time 7 € 76T:

T
/ | Z,|%ds

E,[jef + / : 2V, fu(2:)ds|

T

< el + 2] [ls~E- [ /

Y;> +E,

T

A

fs(zs)|d81 ;

where E,[.] = E[.|F;] and, similar to the proof of Theorem 9.2, the expectation
of the stochastic integral vanishes by Lemma 7?7 together with Property 4 of
BMO martingales.

By the trivial inequality 2ab < 1a? + 4b?, it follows from the last inequality

that:
T T 2
| 12 / |fs<zs>|ds]>
. 2
/ 02|zs|2ds]>

by Condition (10.4). Taking the supremum over all stopping times 7 € 7, this
provides:

Y;[* +E.

IN

1
€2 + Z Y115 +4 (ET

IN

1
el + SV + 4 (IE

1
V13 41203 < 20l + IV I3 + 863 0elihs
and therefore:
2 2 2 2 4
Y13+ 12125 < A€l + 1663 12l .

The power 4 on the right hand-side is problematic as it may cause the explosion
of the norms, given that the left hand-side is only raised to the power 2 ! This
is precisely the reason why we need to restrict ||£||L~ to be small. For instance,
let

1 R 9 9 9
= o < — oo < .
Rim g e <5 and [yl + el <R
Then, it follows from the previous estimates that
2 5R?

+1603R* = —-.

R
Y 2 A 2
oo 2 <
|| ||S H HHBMO 4 16

- 16
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Denoting by Bpg the ball of radius R in S x HZ,,,, we have then proved that
(I)(BR) C Bg.

2. Fori = 0,1 and (y*, 2) € Bg, we denote (Y, Z) := ®(y', %), §y := y' —3°,
0z =21 =29 0Y :=Y1-Y0 67 :=Z' - Z% and §f := f(z')— f(2°). We argue
as in the previous step: apply Ité’s formula for each stopping time 7 € 7!, take
conditional expectations, and maximize over 7 € 7. This leads to:

2
T
10Y (|2 + 162122 < 16 sup <ET l/ |5fs|dsD . (10.5)
BMO TGTOT r

We next estimate that

2

T T 2
<ET / |5fs|d8D < 0 (E l/ |5zs|<|z‘;|+z;|>ds]>
T T
< 6iE, / |5282ds] E, / (|zg+|z;|)2d51
T
< 4R*03E, / |525|2ds].

Then, it follows from (10.5) that

—_

2 2 202 2 2
16V 3 + 15202, < 16x 4R 52]2, < 7 [=l2

- 4 BMO

Hence @ is a contraction, and there is a unique fixed point. &

10.2.2 Existence for bounded final condition

We now use the existence result of Theorem 10.6 to build a solution for a
quadratic BSDE with general bounded final condition. Let us already observe
that, in contrast with Theorem 10.6, the following construction will only provide
existence (and not uniqueness) of a solution (Y, Z) with bounded Y component.
However, this is all we need to prove in this section as the uniqueness is a
consequence of Theorem 10.5.

We first observe that, under Condition (10.2), we may assume without loss
of generality that f;(0) = 0. This is an immediate consequence of the obvious
equivalence:

(Y, Z) solution of BSDE(f,¢) iff (Y, Z) solution of BSDE(/,£),

where V; := Y, — fot fs(0)ds, 0 <t <T,and € :=¢ — fOT fs(0)ds.
We then continue assuming that f,(0) = 0.
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Consider an arbitrary decomposition of the final data £ as

= 1
€= ;gi where ||& L= < a0, (10.6)
For instance, one may simply take & := %{ and n sufficiently large so that

(10.6) holds true.
We will then construct solutions (Y, Z%) to quadratic BSDEs with final data
&, as follows:

Step 1 Let f' := f, and define (Y'!, Z') as the unique solution of the quadratic
BSDE

T T
vi—a+ [ giahas- [ ziaw, e (o)

t t
Under Condition (10.2) and Assumption 10.3, there is a unique solution
(Y1, Z') with bounded Y! and Z' € HZ,,,. This is achieved by applying

Theorem 10.6 under a measure Q defined by the density E(f; D fi(Z)) -
dW;) where Z° := 0 and Df;(0) is bounded. See also Lemma 10.8 below.

Step 2 Given (Y7, Z7);<;_1, we define the generator

i—1

i—1
/ = Jt 71._1 — Jt 71_1 W 7t = t‘. .
fi(z) = f (Z —l—z) f (Z ) here Z ;Zj (10.8)

We will justify in Lemma 10.8 below that there is a unique solution (Y, Z%)
to the BSDE

T T
Vi [ rizhas- [ ziaw. e, (109
t t

with bounded Y and such that Z' = Z1 + ...+ Zi € H2,,,,.

Step 3 We finally observe that by setting Y :=Y! +... 4+ Y™, Z := Zn, and by
summing the BSDEs (10.9), we directly obtain:

n T n T
Vo= Yar [ Y r@s- [ zean
=1 i=1

£+ /tT fo(Za)ds /tT Z.-dW.,

which means that (Y, Z) is a solution of our quadratic BSDE of interest.
Moreover, Y inherits the boundedness of the Y*’s, and therefore Z € H3,,,
by Lemma 10.2. Finally, as mentioned before, uniqueness is a consequence
of Theorem 10.5.
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By the above argument, we have the following existence and uniqueness
result.

Theorem 10.7. Let [ be a quadratic generator satisfying (10.2) and Assump-
tion 10.3. Then, for any & € L>°(Fr), there is a unique solution (Y,Z) €
8% x HZ,,, to the quadratic BSDE (10.1).

For the proof of this theorem, it only remains to show the existence claim in
Step 2.

Lemma 10.8. Fori = 1,...,n, let the final data £ be bounded as in (10.6).
Then there exists a unique solution (Y',Z")1<;<n of the BSDEs (10.9) with

bounded Y*’s. Moreover, the process 7' =20+, . +7Z € H2,o for all i =
1,...,n.

Proof. We shall argue by induction. That the claim is true for ¢ = 1 was justified
in Step 1 above by following exactly the same argument as in Step 2 below. We
next assume that the claim is true for all 7 <7 — 1, and extend it to i.

1- We first prove a convenient estimate for the generator. Set

¢, = DFfi(0) = DF(Z ). (10.10)

Then, it follows from the mean value theorem there exists a radom A = A(w €
[0, 1] such that

|fi(2) = fi(2)) = 6; - (2 = &)

|Dff(Az+ (1= N)2') = DfH0)]| |z — 2|
Oa| Az + (1 = N)2'| |z — 2|
O]z — 2'|(|2] + |Z'])- (10.11)

INIA

2. We rewrite the BSDE (10.9) into
. T . . T . . . . .
Y =¢& +/ h(Z%)ds —/ Z% - (dWg — ¢lds), where hl(2) := fi(z) — ¢% - 2.
t t

By the definition of the process #" in (10.10), it follows from Assumption 10.3
that |¢ < 61(1 + |72_1|). Then ¢¢ € H2,,, is inherited from the induction

hypothesis which garantees that Z7 € H3,,, for j < i — 1, and therefore 7 e
HZ2,,0- By Property 3a of BMO martingales, we then conclude that

Bl =W — / #'ds is a Brownian motion under Q° := & (/ P -dWS> - P
0 0 T

We now view the latter BSDE as formulated under the equivalent probability
measure Q° by:

Y =¢& +/ he(Z3)ds — / Z.-dB;, Q' — aus.
t t
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where, by (10.11), the quadratic generator h’ satisfies the conditions of Theo-
rem 10.6 with the same parameter 65, and the existence of a unique solution
(Y*,Z") € 8§ x Hi\0(Q") follows.

3. It remains to prove that Z = Z' + ...+ Zi € H2,0- To see this, we define
v =v! +...4+ Y and observe that the pair process (?l, Zi) solves the BSDE

) i T T_.
Vo= Yo+ [ Ya@is- [ Zaw,
j=1 toj=1 t

- Z§j+/ f;(Zs)ds—/ 7' . aw,.
= t t

Since 22:1 ¢; is bounded and f? satisfies (10.2), it follows from Lemma 10.2
that Z' € H2,q. &

Remark 10.9. The conditions of Assumption 10.3 can be weakened by es-
sentially removing the smoothness conditions. Indeed an existence result was
established by Kobylansky [27] and Morlais [32] under weaker assumptions.

10.3 Portfolio optimization under constraints

The applicaton of this section was first introduced by Elkaroui and Rouge [18]
and Imkeller, Hu and Muller [23].

10.3.1 Problem formulation

In this section, we consider a financial market consisting of a non-risky asset,
normalized to unity, and d risky assets S = (S',...,S%) defined by some initial
condition Sy and the dynamics:

dSt = St * O¢ (th + etdt) s

where 6 and o are bounded progressively measurable processes with values in
R and R?*? respectively. We also assume that o, is invertible with bounded
inverse process o 1.

In financial words, 6 is the risk premium process, and ¢ is the volatility
(matrix) process.

Given a maturity T > 0, a portfolio strategy is a progressively measurable
process {7, t < T} with values in R? and such that fOT |7 |2dt < oo, P—a.s.

For each ¢ = 1,...,d and t € [0,T], 7} denotes the Dollar amount invested
in the ¢—th risky asset at time t. Then, the liquidation value of a self-financing
portfolio defined by the portfolio strategy m and the initial capital X is given
by:

t
X[ =Xo+ / 7+ 0p (AW, + 0,dr), t € [0,T]. (10.12)
0
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We shall impose more conditions later on the set of portfolio strategies. In
particular, we will consider the case where the portfolio strategy is restricted to
some

A closed convex subset of R

The objective of the portfolio manager is to maximize the expected utility of
the final liquidation value of the portfolio, where the utility function is defined
by

U(z) = —e/" forall zeR, (10.13)

for some parameter 1 > 0 representing the risk tholerance of the investor, i.e.
n~! is the risk aversion.

Definition 10.10. A portfolio strategy m € H2_ is said to be admissible if it
takes values in A and

the family {eiX:/", T€TL}  is uniformly integrable. (10.14)

We denote by A the collection of all admissible portfolio strategies.

We are now ready for the formulation of the portfolio manager problem.
Let £ be some bounded Fr—measurable r.v. representing the liability at the
maturity T'. The portfolio manager problem is defined by the stochastic control
problem:

Vo = supE[U(XT—¢)]. (10.15)
TEA

Our main objective in the subsequent subsections is to provide a characterization
of the value function and the solution of this problem in terms of a BSDE.

Remark 10.11. The restriction to the exponential utility case (10.13) is crucial
to obtain a connection of this problem to BSDEs.

e In the Markovian framework, we may characterize the value function V'
by means of the corresponding dynamic programming equation. Then,
extending the definition in a natural way to allow for a changing time
origin, the dynamic programming equation of this problem is

1
—0yv — sup {77 -00D v + i\aTﬂQDmv + (oTn) - (sx aDva)} =0.
(10.16)
Notice that the above PDE is fully nonlinear, while BSDEs are connected

to semilinear PDEs. So, in general, there is no reason for the portfolio
optimization problem to be related to BSDEs.

e Let us continue the discussion of the Markovian framework in the context
of an exponential utility. Due to the expression of the liquidation value
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process (10.13), it follows that U(X ™) = e~ Xo/1U(X%™), where we
emphasized the dependence of the liquidation value on the initial capital
Xo. Then, by definition of the value function V', we have

V(t7 x’ S) = eiz/nv(tﬂo’ s)?

i.e. the dependence of the value function V in the variable x is perfectly
determined. By plugging this information into the dynamic programming
equation (10.16), it turns out that the resulting PDE for the function
U(t,s) := V(t,0,s) is semilinear, thus explaining the connection to BS-
DEs.

e A similar argument holds true in the case of power utility function U(z) =
2P /p for p < 1. In this case, due to the domain restriction of this utility
function, one defines the wealth process X in a multiplicative way, by tak-
ing as control 7; := m;/X;, the proportion of wealth invested in the risky
assets. Then, it follows that X?O’ﬁ = XOX%”}, Vt,z,s) = zPV(t,0,s)
and the PDE satisfied by V(¢,0, s) turns out to be semilinear.

10.3.2 BSDE characterization

The main result of this section provides a characterization of the portfolio man-
ager problem in terms of the BSDE:

T T
Yt:§+/ ﬁ(zr)dr—/ 2o dW,, t<T, (10.17)
t t

where the generator f is given by
1. 2
fil2) = —2-0,— g\etﬁ + 55 inf, |oF 7 — (= +16,)|

1
= 20, — 1o, + —dist(z + 0y, 0, A)?, (10.18)
2 2n
where for € R?, dist(z, 03 A) denotes the Euclidean distance from x to the set
oA, the image of A by the matrix oy.

Example 10.12. (Complete market) Consider the case A = R9, i.e. no port-
folio constraints. Then f;(z) = —z - 6, — 2|6;|? is an affine generator in z, and
the above BSDE can be solved explicitly:

T
Y, =E? lg - g/ |0T2dr] , telo,T],
t

where Q is the so-called risk-neutral probability measure which turns the process
W + [, 0-dr into a Brownian motion. o
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Notice that, except for the complete market case A = R? of the previous
example, the above generator is always quadratic in z. See however Exercise
10.15 for another explicitly solvable example.

Since the risk premium process is assumed to be bounded, the above gener-
ator satisfies Condition (10.2). As for Assumption 10.3, its verification depends
on the geometry of the set A. Finally, the final condition represented by the
liability € is assumed to be bounded.

Theorem 10.13. Let A be a closed conver set, and suppose that f satisfies
Assumption 10.8. Then the value function of the portfolio management problem
and the corresponding optimal portfolio are given by

Vo= —e nXo=Y0) g gy = Argmiqul loXm — (Z; + nby)|,
TE
where Xg is the initial capital of the investor, and (Y, Z) is the unique solution
of the quadratic BSDE (10.17).

Proof. For every m € A, we define the process
VF = —e XTI e 0, 7).

1. We first compute by It6’s formula that

_—_— 1. o L —
W= (dXt dYt>+2772Vt d(XOT Y,

*%Vf{(ft(zt) — 0i(Zy,mp)) dt + (U;rﬂt - Zt) : th},

where we denoted:

1
oi(z,m) = —opm- 0+ 2—|U;rﬂ't — 2|2
n
n 1 2
= 72’0f7§|0t|2+%|02[‘7r7(z+7]0f)} s
so that fi(z) = infrea ¢i(2z,m). Consequently, the process V7 is a local su-
permartingale. Now recall from Theorem 10.7 that the solution (Y, Z) of the
quadratic BSDE has a bounded component Y. Then, it follows from admissibil-
ity condition (10.14) of Definition 10.10 that the process V™ is a supermartin-
gale. In particular, this implies that —e~(Xo=Y0)/7 > E[V%], and it then follows
from the arbitrariness of m € A that

Vo < —e (Ko=Yo)/n, (10.19)

2. To prove the reverse inequality, we notice that the portfolio strategy 7«
introduced in the statement of the theorem satisfies

vyt = —%Vf(a?ﬁt—Zt)~th.
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Then V™ is a local martingale. We continue by estimating its diffusion part:

ol e —Zi| < nlbl + ol 7 — (Zi + nby)|

= 6]+ \/ft(Zt) +Z; -0 + g‘9t|2

for some constant C. Since Z € HZ,, by Theorem 10.7, this implies that
offt, — Z, € H3yo and of 71, € H3yo. Then, it follows from Property 3a of
BMO martingales that # € A and V7 is a martingale. Hence

€A and E —e—(X;—YT)/n} — _e—(Xo=Yo)/n

which, together with (10.19) shows that Vy = —e~(X0=Y0)/7 and # is an optimal
portfolio strategy. O

Remark 10.14. The condition that A is convex in Theorem 10.13 can be
dropped by defining the optimal portfolio process 7 as a measurable selection in
the set of minimizers of the norm o7 — (Z; + n6;)| over T € A. See Imkeller,
Hu and Muller [23].

Exercise 10.15. The objective of thie followong problem is to provide an ex-
ample of portfolio optimization problem in incomplete market which can be
explicitly soved. This is a non-Markovian version of the PDE based work of
Zariphopoulou [42].

1. Portfolio optimization under stochastic volatility Let W = (W' W?2) be
a standard Brownian motion on a complete probability space (2, F,P), and
denote F' := {F} = o(Wi s < t)}y>0, F = {F, = F} V. F?}iso-

Consider the portfolio optimization problem:

Vo = sup IE[ — e_"(Xg_E)} ,
TeA

where 77 > 0 is the absolute risk-aversion coeflicient, £ is a bounded Fpr—measurable

random variable, and

T
X5 = / 0 (ptthl /1= p2dWE + tht>
0

is the liquidation value at time T of a self-financing portfolio 7 in the financial
market with zero interest rates and stock price defined by the risk premium
and the volatility processes # and o. The latter processes are F—bounded and
progressively measurable. Finally, p is a correlation process taking values in
[0,1], and the admissibility set A is defined as in Imkeller-Hu-Miiller (see my
Fields Lecture notes).

2. BSDE characterization This problem fits in the framework of Hu-Imkeller-
Miiller of portfolio optimization under constrained portfolio (here the portfolio
is constrained to the closed convex subset R x {0} of R?).
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We introduce a risk-neutral measure Q under which the process B = (B!, B?):

t t
B} =W} +/ O,p.dr and B?:=W? +/ 0,4/1 — pdr
0 0

is a Brownian motion.
Then, it follows that Vj = €70, where (Y, Z) is the unique solution of the
quadratic BSDE:

T T
Y, =§+/t fT(ZT)dr—/t 7, -dB, (10.20)

where the generator f : Ry x Q x R? is defined by:

9152 n 2 2 2
fi(z) := —%‘*‘5(\/1_% 21 —l—ptzg) for all z € R“.

The existence of a unique solution to this BSDE with bounded component Y and
BMO martingale fo Z; - dBy is garanteed by our results in the present section.

3. Conditionally gaussian stochastic volatility We next specialize the discus-
sion to the case:

¢ is Fr—measurable, and 6,0,p are F!—progressively measurable.

Then, by adaptability considerations, it follows that the second component of
the Z—process Z2? = 0. Denoting the first component by ¢ := Z', this reduces
the BSDE (10.20) to:

2
t

Y, = £+/tT(—;7+Z<1—p%><§)dr—/fgd35. (10.21)

4. Linearizing the BSDE To achieve additional simplification, we further as-
sume that the correlation process p is constant. Then for a constant § € R, we
immediately compute by Itd’s formula that the process y; := e”Y* satisfies:

dy:
Yt
so that the choice

07 1
- 5% — J(1— p)GF)dt + 5 52CEdt + BGdB;

B =1 - p?)

leads to a constant generator for y. We now continue in the obvious way repre-
senting yo as an expected value, and deducing Yj...

5. Utility indifference In the present framework, we may compute explicitly
the utility indifference price of the claim £.... this leads to a nonlinear pricing
rule which has nice financial interpretations...
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10.4 Interacting investors with performance con-
cern

10.4.1 The Nash equilibrium problem

In this section, we consider N portfolio managers ¢ = 1,..., N whose prefer-
ences are characterized by expected exponential utility functions with tolerance
parameters 7;:

Ul(z) = —e """ zeR. (10.22)

In addition, we assume that each investor is concerned about the average per-
formance of his peers. Given the portfolio strategies 7*, i = 1,..., N, of the
managers, we introduce the average performance viewed by agent 7 as:

-1, 1 e
X7 =y ;XT . (10.23)
JF

The portfolio optimization problem of the i—th agent is then defined by:

Vi (1)) 1= Vi :== sup E [Ui ((1 —N)XE 4+ N(XE —X;”))} ,1<i<N,

TtEA?
(10.24)
where \* € [0, 1] measures the sensitivity of agent ¢ to the performance of his
peers, and the set of admissible portfolios A* is defined as follows.

Definition 10.16. A progressively measurable process w* with values in R is
said to be admissible for agent i, and we denote ©° € A® if

o 7 takes values in A;, a given closed convex subset of RY,

© E[fy |j[?dt] < oo,

o the family {efxri/”i,T € ’T} is uniformly bounded in ILP for all p > 1.

Our main interest is to find a Nash equilibrium, i.e. a situation where all
portfolio managers are happy with the portfolio given those of their peers.

Definition 10.17. A Nash equilibrium for the N portfolio managers is an
N—tuple (7*,...,7V) € A x ... AN such that, for every i = 1,...,N, given
(#9) i, the portfolio strategy #° is a solution of the portfolio optimization prob-
lem Vg ((79) 1)

10.4.2 The individual optimization problem

In this section, we provide a formal argument which helps to understand the
contruction of Nash equilibrium of the subsequent section.
For fixed i = 1,..., N, we rewrite (10.24) as:

Vi:= sup E [Ui (X% - é’)} , where £ := )\iY;’«ﬂ. (10.25)
mie Al
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Then, from the example of the previous section, we expect that value function
Vi and the corresponding optimal solution be given by:

Vi = _e—(Xé—Y’J)/Ui7 (10.26)

and

ofwi =al(C +1'0;) where al(z'):= Argﬁgﬁ}i lofu' — 2, (10.27)

and (Y, %) is the solution of the quadratic BSDE:
~ . ~. T ~. ’)72 ~ o~ . T ~.
Y = «£Z+/ (—Cﬁﬂr—5|9rl2+fﬁ(<£+n19r>)dr—/ CredW,, ¢ < T, (10.28)
¢ t

and the generator f i is given by:

fi(z%) = 2—771.dist(z",UtA”)27 2t e Re. (10.29)

This suggests that one can search for a Nash equilibrium by solving the
BSDEs (10.28) for alli = 1,..., N. However, this raises the following difficulties.

The first concern that one would have is that the final data &' does not have
to be bounded as it is defined in (10.25) through the performance of the other
portfolio managers.

But in fact, the situation is even worse because the final data &* induces a
coupling of the BSDEs (10.28) for ¢ = 1,..., N. To express this coupling in a
more transparent way, we substitute the expressions of ¢¢ and rewrite (10.28)
for t = 0 into:

Wi=nes [ achr— [ (G- S a@) -an,
J#i

where the process B := W+ fo 0,-dr is the Brownian motion under the equivalent
martingale measure,

i A i ~i i
AN = GEG s te [0, 71,

and the final data is expressed in terms of the unbounded r.v.

T 1 T
£ = /er-dBT—f/ |0;|*dt.
0 2 0

Then Y, = Yy, where (Y, () is defined by the BSDE

Vi =g+ / ' Fi¢hdr — / ' (- Yo alch) dB.  (10.30)

J#i
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In order to sketch (10.30) into the BSDEs framework, we further introduce the

mapping ¢; : RV4 — RN? defined by the components:

Gy(¢h . CN) == AN D () forall ¢, N € R (10.31)
J#i

It turns out that the mapping ¢; is invertible under fairly general conditions.
We shall prove this result in Lemma 10.18 below in the case where the A%’s are
linear supspaces of R?. Then one can rewrite (10.30) as:

T T
Yi = e + / Fi(Z0)dr — / Zi 4B, (10.32)
t t

where the generator f? is now given by:
fi(z) := fﬁ({gzﬁ;l(z)}’) for all z=(z',...,2Y) e RV (10.33)

and {¢; '(2)}" indicates the i-th block component of size d of ¢; *(2).

10.4.3 The case of linear constraints
We now focus on the case where the constraints sets are such that
A" s a linear subspace of R, i=1,...,N. (10.34)

Then, denoting by P} the orthogonal projection operator on g, A* (i.e. the image
of A® by the matrix o;), we immediately compute that

ay(¢") = P/ (10.35)
and

$i(¢h . V)= =AY O PI(), for i=1,...,N.  (10.36)
i

Lemma 10.18. Let (A")<;<n be linear subspaces of RY. Then, for all t €
[0,T]:
(i) the linear mapping ¢+ of (10.36) is invertible if and only if

N N
[[X¥ <1 or (A" ={0}. (10.37)
=1 =1

(i) this condition is equivalent to the invertibility of the matrices Iy — Qi,
1=1,...,N, where

. A , o
Qf = Y APl MNP,
X
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1) under .37), the 1—th component of ¢, = 1s given by:
der (10.37), the i—th f ¢ ! is given b

B , L ; 1 S o
@7 = (L= Q) |2+ 3 P — Ms)
o 14+ Ay
Proof. We omit all ¢ subscripts, and we denote p’ := \4. For arbitrary 2%,..., 2"
in R?, we want to find a unique solution to the system
C—p'>d PP = 2 1<i<N. (10.38)
J#i
1. Since PJ is a projection, we immediately compute that (Ig + p/P7)~1 =
Iy — %Pj. Substracting equations ¢ and j from the above system, we see
that
PP = P+ P! (uj(fd + WP+ plzf — ujzi)

ik (1 (L + W PG+ 2 = i 27).

Then it follows from (10.38) that
1

JFe

and we can rewrite (10.38) equivalently as:

1
1+ pi

J
Iy — Z - i i I+ 1P | ¢ = z—l—z Pi(pi2? — i 21, (10.39)
J#i J#i

so that the invertibility of ¢ is now equivalent to the invertibility of the matrices
I;— Q% i=1,...,N, where Q' is introduced in statement of the lemma.
2. We now prove that I; — Q° is invertible for every i = 1,..., N iff (10.37)
holds true.

2a. First, assume to the contrary that A’ =1 for all i and N ; A* contains
a nonzero element z°. Then, it follows that 3% := ¢ Tz satisfies Piy° = ¢° for
alli=1,..., N, and therefore Q%y® = y°. Hence I; — Q° is not invertible.

2b. Conversely, we consider separately two cases.

o If Ao < 1 for some ig € {1,..., N}, we estimate that

io 1 i _1
K i < N711 and K - < N711 for i # ig.
1+p 1+ 5= 1+ p 1+ 5=

Then for all i # ig and x # 0, it follows that |Q‘x| < |z| proving that
I — @' is invertible.
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e If X' =1foralli=1,...,N, then for all z € Ker(Q?), we have x = Q'z
and therefore

_ ,Uj j i pi
ol = |3 TP et n P
J#i
- i]ZPﬂ’(I T
- N g TN

1 1
< F 0+ gl = ke
VE]

where we used the fact that the spectrum of the P%’s is reduced to {0, 1}.
Then equality holds in the above inequalities, which can only happen if
Pix =z for all i = 1,...,N. We can then conclude that NY Ker(I; —
P?) = {0} implies that I; — Q' is invertible. This completes the proof as
NN Ker(I; — P*) = {0} is equivalent to NY_; A* = {0}.

o

10.4.4 Nash equilibrium under deterministic coefficients

The discussion of Section 10.4.2 shows that the question of finding a Nash equi-
librium for our problem reduces to the vector BSDE with quadratic generator
(10.32), that we rewrite here for convenience:

T T
Yj = nig+/ fi(Z,)dr —/ Z\ - dBy, (10.40)
t t

where ¢ := fOT 0, -dB, — 3 fOT |6,-|2dr, and the generator f? is given by:
fiz):=ft ({6 (2)}) forall z=(z',....2Y)e RN (10.41)

Unfortunately, the problem of solving vector BSDEs with quadratic generator is
still not understood. Therefore, we will not continue in the generality assumed
so far, and we will focus in the sequel on the case where

the A%’s are vector subspaces of R?, and

oy = o(t) and 6; = 0(t) are deterministic functions. (10.42)

Then, the vector BSDE reduces to:

Vi =n't+

217/t ’(fd - P'()({o(t)""(Z)}) er—/t Zi-dB,, (10.43)

where P} = P'(t) is deterministic, {¢; *(2)}’ = {é(t)~*(2)}’ is deterministic
and given explicitly by (10.18) (iii).
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In this case, an explicit solution of the vector BSDE is given by:

Zi = nle(t) . )
‘ i 1 o 10.44
veo= =L ek o [l Ponceoopa, 0
2 Jo 2n* Jo
where
—1
; My pi i pi
M'(t) = I, — — PI(t)(Ig + NP (t X
0 1= ST P O P

i 1 i i g i i
nId+Zl+/\j PI) (A’ — Xyn')
i N

By (10.27), the candidate for Agent i—th optimal portfolio is also deterministic
and given by:

iti=0o"tP'M%, i=1,...,N. (10.45)

Proposition 10.19. In the context of the financial market with determinis-
tic coefficients (10.42), the N—uple (#',...,#") defined by (10.45) is a Nash
equilibrium.

Proof. The above explicit solution of the vector BSDE induces an explicit solu-
tion (Y, (%) of the coupled system of BSDEs (10.28), 1 < i < N with determin-
istic f’ In order to prove the required result, we have to argue by verification
following the lines of the proof of Theorem 10.13 for every fixed i in {1,...,n}.

1. First for an arbitrary =*, we define the process
Vit = e KT TOM e (o, 7.

By Ito’s formula, it is immediately seen that this process is a local supermartin-
gale (the generator has been defined precisely to satisfy this property !). By the
admissibility condition of Definition 10.16 together with the fact that Y has
a gaussian distribution (as a diffusion process with deterministic coefficients),
it follows that the family {V7 ,7 € T} is uniformly bounded in L'*¢ for any
e > 0. Then the process V™ is a supermartingale. By the arbitrariness of
7t € A?, this provides the first inequality

—e~ (XYt > Vi ((7}1)]#)

2. We next prove that equality holds by verifying that #? € A’ and the pro-
cess V™' is a martingale. This will provide the value function of Agent i’s
portfolio optimization problem, and the fact that #* is optimal for the problem
Vo ((#7)j4)- ,

That #* € A* is immediate; recall again that 7" is deterministic. As in
the previous step, direct application of Itd’s formula shows that V™' is a local
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martingale, and the martingale property follows from the fact that X ™ and Vi
have deterministic coefficients. &

We conclude this section with an simple example which show the effect of
the interaction between managers.

Example 10.20. (N = 3 investors, d = 3 assets) Consider a financial mar-
ket with N = d = 3. Denoting by (e, es,e3) the canonical basis of R3, the
constraints set for the agents are

A1 =Re; +Rey, Az = Rey + Reg, Az = Res,

i.e. Agent 1 is allowed to trade without constraints the first two assets, Agent 2
is allowed to trade without constraints the last two assets, and Agent 3 is only
allowed to trade the third assets without constraints.

We take, 0 = I3. In the present context of deterministic coefficients, this
means that the price processes of the assets are independent. Therefore, if there
were no interaction between the investors, their optimal investment strategies
would not be affected by the assets that they are not allowed to trade.

In this simple example, all calculations can be performed explicitely. The
Nash equilibrium of Propostion 10.19 is given by:

. 24+ A\

7Tt1 = nel(t)el + mr]ez(t)@Q,

. 2+ Ao 24 Ao

2 = PRy n0*(t)es + s no®(t)es,
. 24+ A3

This shows that, whenever two investors have access to the same asset, their
interaction induces an over-investment in this asset characterized by a dilation
factor related to the their sensitivity to the performance of the other investor.

&



Chapter 11

PROBABILISTIC NUMERICAL
METHODS FOR NONLINEAR
PDES

In this chapter, we introduce a backward probabilistic scheme for the numerical
approximation of the solution of a nonlinear partial differential equation. The
scheme is decomposed into two steps:

(i) The Monte Carlo step consists in isolating the linear generator of some
underlying diffusion process, so as to split the PDE into this linear part and a
remaining nonlinear one.

(ii) Evaluating the PDE along the underlying diffusion process, we obtain a
natural discrete-time approximation by using finite differences approximation
in the remaining nonlinear part of the equation.

Our main concern will be to prove the convergence of this discrete-time
approximation. In particular, the above scheme involves the calculation of con-
ditional expectations, that should be replaced by some approximation for any
practical implementation. The error analysis of this approximation will not be
addresses here.

Throughout this chapter, u and o are two functions from R, x R? to R?
and Sy, respectively. Let a := 02, and define the linear operator:

LYo = %—f+u-D<p+%a-D2<p.
Consider the map

F:(t,z,r,p,7) €ERy xRIXxRxRIxS; — F(zx,7,p,7) €R,
which is assumed to be elliptic:

F(t,z,r,p,7) > F(t,z,r,p,7') forall ~ >+

179
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Our main interest is on the numerical approximation for the Cauchy problem:

—LXv—F ('7’07DU,D2’U> =0, on[0,7T) x R, (11.1)
v(T,-) =g, on €R% (11.2)

11.1 Discretization

Let W be an R¢-valued Brownian motion on a filtered probability space (2, F,F,P).
For a positive integer n, let h :=T/n, t; =ih,i=0,...,n, and consider the
one step ahead Euler discretization

X" = x4 pt,x)h 4 o(t,x) (Wi, — W), (11.3)

of the diffusion X corresponding to the linear operator £X. Our analysis does
not require any existence and uniqueness result for the underlying diffusion X.
However, the subsequent formal discussion assumes it in order to provides a
natural justification of our numerical scheme.

Assuming that the PDE (11.1) has a classical solution, it follows from It6’s
formula that

tita
Eti@ [’U (ti+1a th‘+1)] = v (tivx) + Eti@ |:/ ’CXU(tv Xt)dt:|

ti

where we ignored the difficulties related to the local martingale part, and E;, , :=
E[-|X;, = x] denotes the expectation operator conditional on {X;, = z}. Since
v solves the PDE (11.1), this provides

tit1
’U(ti, LL‘) = Eti,w [’U (ti+1,Xti+1)] —+ Eti,x |:/ F(',U,D’U, DQ’U)(t,Xt)dt:| .
ti

By approximating the Riemann integral, and replacing the process X by its
Euler discretization, this suggest the following approximation:

VM(T,) =g and v"(t;,z) := Ry, [v"(tig1, )](2), (11.4)
where we denoted for a function ¢ : R — R with exponential growth:
R.[v](2) = E [w(X}7)] +hF (£, Dav) (a), (11.5)
with Dy := (DY, Diey, D2) ", and:
Dfap(x) = E[D*p(X}")] for k=0,1,2,

and DF is the k—th order partial differential operator with respect to the space
variable z. The differentiations in the above scheme are to be understood in the
sense of distributions. This algorithm is well-defined whenever g has exponential
growth and F' is a Lipschitz map. To see this, observe that any function with
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exponential growth has weak gradient and Hessian, and the exponential growth
is inherited at each time step from the Lipschitz property of F'.

At this stage, the above backward algorithm presents the serious drawback
of involving the gradient Dv"(¢;;1,.) and the Hessian D?v"(t;,1,.) in order to
compute v"(t;,.). The following result avoids this difficulty by an easy integra-
tion by parts argument.

Lemma 11.1. Let f: R = R be a function with exponential growth. Then:
E[D'f(X},"")] = E[f (X, ") H] (ti,x)] for i=12,

where

1 1
HI = Ea—lwh and HI = T “HWRW = hIg)o (11.6)
Proof. We only provide the argument in the one-dimensional case; the extension
to any dimension d is immediate. Let G be a one dimensional Gaussian random
variable with men m and variance v. Then, for any function f with exponential
growth, it follows from an integration by parts that:

, _1lmm? ds
Bf@) = [16) y—

s—m _1G-m? ds G—m
/f(s) et w0 .

where the remaining term in the integration by parts formula vanishes by the
exponential growth of f. This implies the required result for ¢ = 1.

To obtain the result for ¢+ = 2, we continue by integrating by parts once
more:

Blf(G)] = B |16

v

ST 1 emm? ds
[re= =
/f <_1+ _m)Q) e ds
v v V2mo
E[f(g)(G_ﬂl)_v}

In the sequel, we shall denote Hy, := (1, H, H})T. In view of the last lemma,
we may rewrite the discretization scheme (11.4) into:

V"(T,.) = g and v"(t;,z) = Ry, [v"(tiy1,.)] (), (11.7)
where

R, [W](@) = E[$(X;")]+hF (tDuv) @),
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and
Dhy(z) :=E [w(XfL’””)H,’f(t, 2)| for k=0,1,2. (11.8)

Observe that the choice of the drift and the diffusion coefficients p and o in
the nonlinear PDE (11.1) is arbitrary. So far, it has been only used in order to
define the underlying diffusion X. Our convergence result will however place
some restrictions on the choice of the diffusion coefficient, see Remark 11.6.

Once the linear operator £X is chosen in the nonlinear PDE, the above
algorithm handles the remaining nonlinearity by the classical finite differences
approximation. This connection with finite differences is motivated by the fol-
lowing formal interpretation of Lemma 11.1, where for ease of presentation, we
setd=1, u=0, and o(x) = 1:

e Consider the binomial random walk approximation of the Brownian mo-
tion Wy, := Z?Zl wj, tg := kh, k > 1, where {w;,j > 1} are independent
random variables distributed as % ((5 iy T ) — \/E})' Then, this induces

the following approximation:

Dhi(e) = E[wixiym}] ~ YEF */5)2\_/; (r=Vh)

which is the centered finite differences approximation of the gradient.

e Similarly, consider the trinomial random walk approximation Wtk =
25:1 wj, ty == kh, k > 1, where {w;,j > 1} are independent random
variables distributed as § (6{\/ﬁ} + 4050y + 5{—@}) , so that E[w}] =
E[W}'] for all integers n < 4. Then, this induces the following approxima-

tion:
Dip(x) = E[p(X,")Hy]
P(x + V3h) = 2¢(2) + P(x — V/3h)

~ 5

3h

which is the centered finite differences approximation of the Hessian.
In view of the above interpretation, the numerical scheme (11.7) can be viewed
as a mixed Monte Carlo—Finite Differences algorithm. The Monte Carlo compo-
nent of the scheme consists in the choice of an underlying diffusion process X.
The finite differences component of the scheme consists in approximating the

remaining nonlinearity by means of the integration-by-parts formula of Lemma
11.1.

11.2 Convergence of the discrete-time approxi-
mation

The main convergence result of this section requires the following assumptions.
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Assumption 11.2. The PDE (11.1) has comparison for bounded functions, i.e.
for any bounded upper semicontinuous viscosity subsolution u and any bounded
lower semicontinuous viscosity supersolution v on [0,T) X R?, satisfying

U(T7 ) < U(T7 ')7
we have u < v.

For our next assumption, we denote by F;., F}, and F the partial gradients
of I with respect to r, p and v, respectively. We also denote by F~ the pseudo-
inverse of the non-negative symmetric matrix F.,. We recall that any Lipschitz
function is differentiable a.e.

Assumption 11.3. (i) The nonlinearity F is Lipschitz-continuous with re-
spect to (z,7,p,v) uniformly in t, and |F(-,-,0,0,0)|s < 0.
(ii) F is elliptic and dominated by the diffusion of the linear operator LX | i.e.

F,<a on RIxRxRYxS,. (11.9)
(iii) F, € Image(Fy) and |FJF; F,| < +oo.
Before commenting this assumption, we state our main convergence result.

Theorem 11.4. Let Assumptions 11.2 and 11.8 hold true, and assume that p, o
are Lipschitz-continuous and o is invertible. Then for every bounded Lipschitz
function g, there exists a bounded function v so that

o —w locally uniformly.
In addition, v is the unique bounded viscosity solution of problem (11.1)-(11.2).

The proof of this result is reported in the subsection 11.4. We conclude by
some remarks.

Remark 11.5. Assumption 11.3 (iii) is equivalent to

|mple <00 where mp = miﬂgi {F, - w+ wTFvw}. (11.10)
we

To see this observe first that F, is a symmetric matrix, as a consequence of
the ellipticity of F. Then, any w € R? has an orthogonal decomposition w =
w1 + wy € Ker(F,) @ Image(F,), and by the nonnegativity of Fy:
EF,-w+ wTF,yw = Fy-wi +F, wy+ ng,ng
1+ 1 12 1/2, |2

= B F Fp+Fp.w1+‘§(F7) /2. F, — F}?uwy|".
Remark 11.6. Assumption 11.3 (ii) places some restrictions on the choice of
the linear operator £X in the nonlinear PDE (11.1). First, F is required to
be uniformly elliptic, implying an upper bound on the choice of the diffusion
matrix o. Since o2 € Sc'l", this implies in particular that our main results do not
apply to general degenerate nonlinear parabolic PDEs. Second, the diffusion of
the linear operator o is required to dominate the nonlinearity F' which places
implicitly a lower bound on the choice of the diffusion o.
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Example 11.7. Let us consider the nonlinear PDE in the one-dimensional
case —% - % (a%;“m - bQU;I) where 0 < b < a are given constants. Then if we
restrict the choice of the diffusion to be constant, it follows from Assumption
11.3 that £a® < 0 < b?, which implies that a® < 3b2. If the parameters a and
b do not satisfy the latter condition, then the diffusion ¢ has to be chosen to be

state and time dependent.

Remark 11.8. Under the boundedness condition on the coefficients p and
o, the restriction to a bounded terminal data ¢ in the above Theorem 11.4
can be relaxed by an immediate change of variable. Let g be a function with
a—exponential growth for some o > 0. Fix some M > 0, and let p be an
arbitrary smooth positive function with:

plz) = el for |z| > M,

so that both p(z)"!Vp(x) and p(x)~tV?2p(z) are bounded. Let
u(t,z) = p(z) " o(t,z) for (t,z)€[0,T] x R%

Then, the nonlinear PDE problem (11.1)-(11.2) satisfied by v converts into the
following nonlinear PDE for u:

0 on [0,T) x R? (11.11)
o(T,)=g:=p'g  omRY

where

_ 1 _ _
E(t,@rpy) = ru@) p ' Vp+ 5Tr[a(z) (o™ V2p+ 2pp~ ' VpT)]
+p'F (t,2,7p,7Vp + pp, vV p + 2pVp" + p) .

Recall that the coefficients p and o are assumed to be bounded. Then, it is
easy to see that F satisfies the same conditions as F. Since g is bounded, the
convergence Theorem 11.4 applies to the nonlinear PDE (11.11). &

11.3 Consistency, monotonicity and stability

The proof of Theorem 11.4 is based on the monotone schemes method of Barles
and Souganidis [5] which exploits the stability properties of viscosity solutions.
The monotone schemes method requires three conditions: consistency, mono-
tonicity and stability that we now state in the context of backward scheme
(11.7).

To emphasize on the dependence on the small parameter h in this section,
we will use the notation:

Thlp)(t, z) == Re[p(t + h,)](z) forall ¢:R,; xRY— R.
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Lemma 11.9 (Consistency). Let ¢ be a smooth function with bounded deriva-
tives. Then for all (t,x) € [0,T] x RY:

. [c+ o] — Tale+ ¢]) (¢, 2")
o m ( I ) =~ (LYo + F(,9,Dp,D*p)) (t, ).
(h,&) > (0,09
' +h<T

The proof is a straightforward application of It6’s formula, and is omitted.

Lemma 11.10 (Monotonicity). Let ¢,¢ : [0,T] x R? — R be two Lipschitz
functions with ¢ <. Then:

Tulgl(t, x) < Th[)(t, z) + CRE[(x) — ) (t + h, X}*)]  for some C >0
depending only on the constant mp in (11.10).

Proof. By Lemma 11.1 the operator T} can be written as:
TalUl(te) = B [0(X,7)] + P (62, Ble(X5") Ha(t, 2)])

Let f := 1 — ¢ > 0 where ¢ and 1 are as in the statement of the lemma. Let
F; denote the partial gradient with respect to 7 = (r, p,7y). By the mean value
Theorem:

Thwj} (tv 'T) - ThM (t7 :E)

E[£(X17)] + hE-(6) - Duf(X]7)
= E[F(X}7) (14 hE(0) - Hy(t,2))]
for some 6 = (t,z,7,p,7). By the definition of Hy(t,z):
T l¢] — Thlgl
=E [f(X7) (L4 hF, + Fpoo ' Wi+ b7 E, o (WW)E = hDo )]

where the dependence on # and z has been omitted for notational simplicity.
Since F,, < a by Assumption 11.3, we have 1 —a~' - F, > 0 and therefore:
T[] — Thlp] > E [f(X’,tf) (hF, + Fpo "Wy, + h ' F, - J_IWhWhTU_l)}
X W, WL W,
=E [f(xff) (hFT + th.a*T” + hF, - 0—17’22 i a—lﬂ :

Recall the function mp defined in (11.10). Under Assumption 11.3, it follows
from Remark 11.5 that K := |mp|e < 0o. Then

T
Fp.aflg +hF, - 071%071 > K

and therefore:
Tol] - Tulel > E[/(X;7) (hF, —hK)| = —C'hE [£(£;7)]

for some constant C' > 0, where the last inequality follows from (11.10). &
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Lemma 11.11 (Stability). Let p,1 : [0,T] x R? — R be two L>—bounded
functions. Then there exists a constant C > 0 such that

IThle] = Tal¥]] . < o —¥leo(l+Ch).

In particular, if g is L>°—bounded, then the family (v");, defined in (11.7) is
L°°—bounded, uniformly in h.

Proof. Let f:= ¢ — 1. Arguing as in the previous proof, we see that:

N B h _
Tule] — Thly] = E [f(Xh) (1 —a ' F, + h|Ap)? + hE, — ZFPTFW Fpﬂ .
where
1 Wy
A = §(F7 )1/2Fp _ Fvl/za 17.

Since 1 — Tr[a™'F,] > 0, |Fr|oo < 00, and |F) F; Fylo < 0o by Assumption
11.3, it follows that

ITale] = Tal¥llae < |floo (L—a™! - Fy + hE[|A4[*] + Ch)
But, E[|A|%] = hFEFA/_Fp +a~!- F,. Therefore, using again Assumption 11.3,

— 1
we see that:

Tl = Tulill < 1l (14 FEF B CH) < Ifll 4 OB

To prove that the family (v"); is bounded, we proceed by backward induction.
By the assumption of the lemma v"(T,.) = g is L —bounded. We next fix
some i < n and we assume that [v"(¢;,.)]c < Cj for every i +1 < j <n — 1.
Proceeding as in the proof of Lemma 11.10 with ¢ = v"(t;11,.) and ¥ = 0, we
see that

’vh(tiv')’oo < h"F(tazv(lOvO)‘+CZ+1(1+Ch’)

Since F'(t,x,0,0,0) is bounded by Assumption 11.3, it follows from the discrete
Gronwall inequality that |[v"(t;,.)]c < Ce®T for some constant C' independent
of h. o

11.4 The Barles-Souganidis monotone scheme

This section is dedicated to the proof of Theorem 11.4. We emphasize on the fact
that the subsequent argument applies to any numerical scheme which satisfies
the consistency, monotonicity and stability properties. In the present situation,
we also need to prove a technical result concerning the limiting behavior of the
boundary condition at 7. This will be needed in order to use the comparison
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result which is assumed to hold for the equation. The statement and its proof
are collected in Lemma 11.12.

Proof of Theorem 11.4 1. By the stability property of Lemma 11.11, it
follows that the relaxed semicontinious envelopes

v(t,z) ;=  liminf  o"(¢,2') and T(t,z):= limsup o"(¢,z)
(h,t",x")=(0,t,x) (ht’,2")—(0,t,z)

are bounded. We shall prove in Step 2 below that v and v are viscosity superso-
lution and subsolution, respectively. The final ingredient is reported in Lemma
11.12 below which states that v(7T,.) = 9(T,.). Then, the proof is completed by
appealing to the comparison property of ASSumpthn 11.2.

2. We only prove that v is a viscosity supersolution of (11.1). The proof of the
viscosity subsolution property of v follows exactly the same line of argument.
Let (to,xo) € [0,T) x R and ¢ € C? ([0,T] x R?) be such that

0 = — to, = trict i — ). 11.12
(v = ¢)(to, o) (stric )[Oyr;l]lng(y ) (11.12)
Since v" is uniformly bounded in h, we may assume without loss of generality

that ¢ is bounded. Let (hy,,t,, T, )n be a sequence such that
hy =0, (tn,z,) = (to,z0), and v (t,,z,) — v(te,z0). (11.13)

For a positive scalar r with 2r < T — tq, we denote by B,(t,,r,) the ball of
radius r centered at (t,,x,), and we introduce:

6n = (V" —@)(ty,#,) = min (v — ), (11.14)
B (tn,zn)
where v/'» is the lower-semicontinuous envelope of v"». We claim that

6n — 0 and  (tn,3n) — (to,Z0). (11.15)

This claim is proved in Step 3 below. By the definition of v”
sequence (f/,, & ),>1 converging to (to, o), such that:

n’ n

we may find a

)

o (8, ) — 0l (F, 20)| < B2 and [p(E, ) — @(En, #)] < 3. (11.16)

n»r'n

By (11.14), (11.16), and the definition of the functions v" in (11.7), we have

2h2+5 +90( n n) > hi+5n+§0(£m=%n)
hi—kvf"(fn,in)

> whn(t,2))
= Thn[’l)h" (Lt 2! )
> T, [ +0,)(0, 27,)

+ChE [0 = o = 6.) (K™
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where the last inequality follows from (11.14) and the monotonicity property of
Lemma 11.10. Dividing by h,,, the extremes of this inequality provide:

S + @t ,2) = Th, [ + 6,)(E,, 7))
b,

CE [(uh — o —=10,) (X;zi%ﬂ .

We now send n to infinity. The right hand-side converges to zero by (11.13),
(11.15), and the dominated convergence theorem. For the left hand-side term,
we use the consistency result of Lemma 11.9. This leads to

(= L£X¢—F(.,,Dp,D*p))(to,x0) > 0,

as required.
3. We now prove Claim (11.15). Since (t,, &), is a bounded sequence, we may
extract a subsequence, still named (t,, &, )n, converging to some (¢, ). Then:

0 = (v—)(to, o)
= lim (" — @)(tn, zn)
> limH sup(v!™ — @) (tn, Tn)
> limsup(vl” = ¢)(En, &)
> lim inf(vf" — O)(tn, )

n— oo

A%
=
|

S
—
R
=
—

Since (tg, xo) is a strict minimizer of the difference (v — ), this implies (11.15).

&

The following result is needed in order to use the comparison property of
Assumption 11.2. We shall not report its long technical proof, see [19].

Lemma 11.12. The function v" is Lipschtiz in x, 1/2—Hélder continuous in
t, uniformly in h, and for all x € R?, we have

W' (t,x) —g(x)] < O(T—1)z.
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In this lecture, I discuss the practical aspects of designing Finite Difference
methods for Hamilton-Jacobi-Bellman equations of parabolic type arising in
Quantitative Finance. The approach is based on the very powerful and simple
framework developed by Barles-Souganidis [5], see the review of the previous
chapter. The key property here is the monotonicity which guarantees that the
scheme satisfies the same ellipticity condition as the HJB operator. I will provide
a number of examples of monotone schemes in these notes. In practice, pure
Finite Difference schemes are only useful in 1,2 or at most 3 spatial dimensions.
One of their merits is to be quite simple and easy to implement. Also, as shown
in the previous chapter, they can also be combined with Monte Carlo methods
to solve nonlinear parabolic PDEs.

Such approximations are now fairly standard and you will find many inter-
esting examples available in the literature. For instance, I suggest the articles on
the subject by P. Forsyth (see [41], [34], [43]). There is also a classical book writ-
ten by H. J. Kushner and Paul Dupuis [29] on numerical methods for stochastic
control problems. Finally, for a basic introduction to Finite Difference methods
for linear parabolic PDEs, I recommend the book by J.W. Thomas [40].

189
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12.1 Overview of the Barles-Souganidis frame-
work

Consider the parabolic PDE

uy — F(t,2,u, Du, D*u) = 0 in (0,7] x RY (12.1)
u(0,z) = ug(z) in RY (12.2)

where F' is elliptic
F(t,x,u,p, A) > F(t,z,u,p,B), if A> B.

For the sake of simplicity, we assume that ug is bounded in R¥.
The main application we have in mind is, for instance, to an operator F
coming from a stochastic control problem:

F(t,z,r,p,X) = 223{—%[@“(1&,96))(} — b (t,x)p — c“(t,x)r — f(t,x)}

where a® = %UQU

Typically, the set of control A is compact or finite, all the coefficients in the
equations are bounded and Lipschitz continuous in z, Holder with coefficient %
in ¢t and all the bounds are independent of . Then the unique viscosity solution
w of (12.1) is a bounded and Lipschitz continuous function and is the solution of
the underlying stochastic control problem. The ideas, concepts and techniques
actually apply to a broader range of optimal control problems. In particular,
you can adapt the techniques to handle different situations, even possibly treat
some delicate singular control problems.

In the previous chapter, our convergence result required the technical lemma
11.12 in order for the comparison result to apply. However, an easier statement
of the Barles-Souganidis method can be obtained at the price of assuming a
stronger comparison result in the following sense.

aT

Definition 12.1. We say that the problem (12.1)-(12.2) satisfies the strong
comparison principle for bounded solution if for all bounded functions u € USC

and v € LSC such that:

e u (resp. wv) is a viscosity subsolution (resp. supersolution) of (12.1) on
(0,7] x R,

e the boundary condition holds in the viscosity sense
max{u; — F(.,u, Du, D*u),u —uo} >0 on {0} x RY
min{u; — F(.,u, Du, D*u),u —up} <0 on {0} x RY,

we have u < v on [0,T] x RV.



12.1. OVERVIEW OF MONOTONIC SCHEMES 191

Under the strong comparison principle, any monotonic stable and consistent
scheme ahieves convergence, and there is no need to analyze the behavior of the
scheme near the boundary.

The aim is to build an approximation scheme which preserves the ellipticity.
This discrete ellipticity property is called monotonicity. The monotonicity,
together with the consistency of the scheme and some regularity ensure its
convergence to the unique viscosity solution of the PDE (12.1),(12.2). It is
worth insisting on the fact that if the scheme is not monotone, it may fail
to converge to the correct solution (see [34] for an example)! We present the
theory rather informally and we refer to the original articles for more details.
The general concepts and machinery apply to a wide range of equations but the
reader needs to be aware that each PDE has its own peculiarities and that, in
practice, the techniques must be tailored to each particular application.

A numerical scheme is an equation of the following form

S(h,t,x,up(t, ), [unlez) =0 for (¢, ) in Gp\{t = 0} (12.3)
up(0,2) = ug(x) in G, N {t =0} (12.4)

where h = (At,Az) , G, = At{0,1,....,n7} x AzZ¥ is the grid, u; stands
for the approximation of u on the grid, up (¢, ) is the approximation u; at the
point (t,z) and [up]¢, represents the value of wy, at other points than (¢,x).
Note that wj can be both interpreted as a function defined at the grid points
only or on the whole space. Indeed if one knows the value of u; on the mesh, a
continuous version of uy can be constructed by linear interpolation.

The first and crucial condition in the Barles-Souganidis framework is:

Monotonicity S(h,t,z,r,u) > S(h,t,z,r,v) whenever u < v.

The monotonicity assumption can be weakened. This was indeed the case
in the previous chapter. We only need it to hold approximately, with a margin
of error that vanishes to 0 as h goes to 0.

Consistency For every smooth function ¢(t,x):

lim S(h,nAt,iAz, ®(t,z) + ¢, [P(t,x) + clt.z) =
h—0,(nAt,iAz)—(t,x),c—0

®; + F(t,x, ®(t,z), D, D*P).

The final condition is:

Stability For every h > 0, the scheme has a solution up, which is uniformly
bounded independently of h.

Theorem 12.2. Assume that the problem (12.1)-(12.2) satisfies the strong
comparison principle for bounded functions. Assume further that the scheme
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(12.3),(12.4) satisfies the consistency, monotonicity and stability properties.
Then, its solution uy converges locally uniformly to the unique viscosity solution

of (12.1),(12.2).

12.2 First examples

12.2.1 The heat equation: the classic explicit and implicit
schemes

First, let me recall the classic explicit and implicit schemes for the heat equation.:

Uy — gy = 0 in (0,T] x R. (12.5)
u(0, z) = ug(x) (12.6)

and verify that these schemes satisfy the required properties. It is well-known
that the analysis of the linear heat equation does not require the machinery of
viscosity solutions. Our intention here is to understand the connection between
the theory for linear parabolic equations and the theory of viscosity solutions.
More precisely, our goal is to verify that the standard finite difference approzi-
mations for the heat equation are convergent in the Barles-Souganidis sense.

The standard explicit scheme:

'(L+1 _

u;

ul  ulhg Fug — 2y
At AX?2

Since this scheme is explicit, it is very easy to compute at each time step n + 1

the value of the approximation (u?“)i from the value of the approximation at

the time step n, namely (ul);.

ul , +ul, — 2u
u?HZU?—I—At( el T )

AX?
Note that we may define the scheme S by setting:

S(At, Az, (n+ 1)AT, Az, ul T [l ul,uly]) =
uptt —upuPy +upy — 2]
At AX?

Let us now discuss the properties of this scheme. Clearly, it is consistent with
the equation since formally, the truncation error is of order two in space and
order one in time. Let us recall how one can calculate the truncation error for
a smooth function u with bounded partial derivatives. Simply write the taylor
expansions

1 1
ui g = wy + ug (nAt, z;)) AX + §um(nAt, ) AX? + ungAX?’—l—
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1
27IUQCWAX‘* + AX*(AX)

and
n n 1 2 1 3
up 4 =ul —uy(nAt, ;) AX + gum(nAtwi)AX — EumzAX +

1
ﬂuImAX4 + AX*e(AX)
Then, adding up the two expansions, subtracting 2u} from the left- and right

hand sides and dividing by AX?, one obtains

uit g g — 2ug 1 2 2
INE = Uyy + ﬁummAX + o(AX?)

and thus the truncation error for this approximation of the second spatial deriva-
tive is of order 2. Similarly the expansion

1
u;“"l = uy + ur(nAt, x;) At + et (nAt, z;) At* + At?e(At)

yields

u?“ —ul

Tz = us(nAt, z;) + %uttAt + Ate(At).
The truncation error for the approzimation of the first derivative in time is of
order 1 only (for more details about computation of truncations errors, see the
book by Thomas [40]).

Furthermore, the approzimation S is monotone if and only if S is decreasing
in uf,uy . and vl . First of all, it is unconditionally decreasing with respect
to both v}l | andul, . Secondly, it is only decreasing in u if the following CFL

condition is satisfied:

At
— <
1+2 3 0

or equivalently
1
At < 5AXQ.

The standard implicit scheme

For many financial applications, the explicit scheme turns out to be very
inaccurate because the CFL condition forces the time step to be so small that
the rounding error dominates the total computational error (computational er-
ror=rounding error+truncation error). Most of the time, an implicit scheme is
preferred because it is unconditionally convergent, regardless of the size of the
time step. We now evaluate the second derivative at time (n + 1)At instead of
time nAt,

u;Hrl _an n+1 + u;lj-ll _ QU?'H

Uy Ui

At AX?
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Implementing an algorithm allowing to compute the approximation is less obvi-
ous here. This discrete equation may be converted into a linear system of equa-
tions and the algorithm will then consist in inverting a tridiagonal matriz. The
truncation errors for smooth functions are the same as for the explicit scheme
and the consistency follows from this analysis.

We claim that for any choice of the time step, the implicit scheme is mono-
tone. In order to verify that claim, let us rewrite the implicit scheme using the
notation S:

S(At, Az, (n + D)AT,iAz,u T [ul T ul ) =

i—1 i+1
n+1 n+1 n+l n+1
Ui — U? _ ui-‘rl + ui—l 2Ul
At AX?2
n+1 n+1

Since S is decreasing in u,u
ally monotone.

i and v, the implicit scheme is uncondition-

12.2.2 The Black-Scholes-Merton PDE
The price of a European call u(t,z) satisfies the degenerate linear PDE

2,..2

1
ut—l—ru—§a T Uy — TxU, = 0 in (0,T] X (0, +00)

uw(0,z) = (z — K)*.
The Black-Scholes-Merton PDE is linear and its elliptic operator is degenerate.

The first derivative u, can be easily approzimated in a monotone way using a
forward Finite Difference
n+1 n+1
Uip1 — U
Az

One can, for instance, implement the implicit scheme

—TrXUy R —TT;

S(At, Az, (n + 1)AT, iAz, w) T [ul ] ul ul ) =

i—1> i+l

n+1 n+1 n+l n+1
w; " —uy nr1l Lo ol Uty —2u,
—— 4 ru]" — = (iAx) 5 —

At 2 AX
n+1 n+1

A Uiy Uy

TZASC*
Ax

12.3 A nonlinear example: The Passport Op-
tion
12.3.1 Problem formulation

It is an interesting example of a one-dimensional nonlinear HJB equation. I
present only briefly the underlying model here and refer to the article [{1] for
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more details and references. A passport option is an option on the balance of a
trading account. The holder can trade an underlying asset S over a finite time
horizon [0, T]. At maturity, the holder keeps any net gain, while the writer bears
any loss. The number of shares q of Stock held is bounded by a given number
C. Without any loss of generality, this number is commonly assumed to be 1
(the problem can be solved in full generality by using the appropriate scaling).
The Stock S follows a Geometric Brownian motion with drift p and volatility o,
r is the risk free interest rate, v is the dividend rate, r; is the interest rate for
the trading account and r. is its cost of carry rate. The option price V (t,S,W),
which depends on S and on the accumulated wealth W in the trading account

solves the PDFE

—Vi+1rV — (r —v)SVs — sup {
lgl<1

1
—((y=r+re)gS —riW)Viw + 50’252(‘/85 +2¢Vsw + ¢*Vivw)} = 0
V(T,S,W) = max(W,0)

Next, one can reduce this problem to a one dimensional equation by intro-
ducing the variable t = W/S and the new function u satisfying
V(T —1t,5,W) = Su(t,z). The PDE for u then reads

1
et sup {( =7 =re)g = (r =y =1)2)us + 50 (1= 0)ttaa}
q|<1

u(0, z) = max(z,0).

Note that, in this example, the solution is no longer bounded but grows at most
linearly at infinity. The Barles-Souganidis [5] framework can be slightly modified
to accommodate the linear growth of the value function at infinity.

When the payoff is convex, it is easy to see that the optimal value for q is
either +1 or —1. When the payoff is no longer convex, the supremum may be
achieved inside the interval at ¢* = x© — (ry-re)ue

5 . For simplicity, we consider
02 Ugq
only the conver case.

12.3.2 Finite Difference approximation

To simplify further , we focus on a simple case: we assume thatr —~y —1ry; =0
and r — v —r. < 0. This equation is still fairly difficult to solve because the
approrimation scheme must depend on the control q.

1
up +yu — max{(r —y —r)uy + iaz(m—l)Qum,

1
—r =y —ro)ug + 502(x—|—1)2um}

u(0, z) = max(x,0)
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One can easily construct an explicit monotone scheme by using the appropri-
ate forward or backward finite difference for the first partial derivative. Often,
this type of scheme is called "upwind” because you move along the direction
prescribed by the deterministic dynamics b(x, ™) corresponding to the optimal
control o and pick the corresponding neighbor. For instance, for the passport
option, the dynamics are

Forq" = 1,0 (ta) = q"(r—v—re) = (r—y—7c) <0
For ¢ = —1,b% (t,2) = —(r —y —1,) >0

and the corresponding upwind Finite Differences are
For¢* =1,u, = D™ u}
For ¢* = —1,u, ~ D" ul
where we used the standard notations

no__ . n no o .mn
Dut = Y Ui D+ n_ Uiy —U

Uy = ——— Uy = ———.
Az Ax

Then the scheme reads

nt+l . n
i At at + yu — max{
ul —ui g 1 uih  +ul o — 2u

( _,Y_Tc)é_i_io_Q(xi_l)Q 1+ 7 17

Ax 2 Ax?

ul , —ul 1 u o+ ut, — 2ul

+1 +1 —1

—r =y —Tc)ﬁ‘f‘gag(%“f‘ly - Alxz ~}=0

This scheme clearly satisfies the monotonicity assumption under the CFL
condition

1
At < + [r—y—r¢| o2 max{max; {iAz—1}2,max, {iAz+1}2} °
v Az Ax?

Approximating tjl@ ﬁcst spatial derivative by the classic centered finite dif-
ference, i.e. u, = % would not yield a monotone scheme here.

Note that this condition is very restrictive. First of all, as expected, At has to
be of order Ax?. Furthermore, At also depends on the size of the grid through the
terms (iAx—1)2, (iAz—1)? and even approaches 0 as the size of the domain goes
to infinity. In this situation, we renounce using the above explicit scheme and

replace it by the fully implicit upwind scheme which is unconditionally monotone.
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ultt —

1T + yul Tt — max{
+1 1 +1 +1 +1
r—~—r )u + 0% (2;—1)2 uigy +uity —2u
c )
Ax 2 Ax2
un—i-ll _ un+1 1 n+11 4 un+1 2un+1
_( - —7”0) = Az : ’+§0'2(l'i+1) Yir A2 ¢ }:0.

Inverting the above scheme is challenging because it depends on the control.
This can be done using the classic iterative Howard algorithm which we describe
below in a general setting. However, it may be time-consuming to compute the
solution of a monlinear Finite Difference scheme, i.e invert an implicit scheme
using an iterative method.

12.3.3 Howard algorithm

We denote by uy, u;, u? the approzimations at time n and n+1. We can rewrite

the scheme that we need to invert as

mln{Ao‘ ntl - Boury = 0.

Step 0: start with an initial value for the control a. Compute the solution v

of Ay°w — By°up = 0.
Step k£ — k+1: given vh, find a1 mimmizing A%vﬁ — Bjrup. Then compute
the solution vhH of A*lw — Bty =

Final step: if|vf™ —of| <e, then set u"+1 = yp

12.4 The Bonnans-Zidani [7] approximation

Sometimes, for a given problem, it is very difficult or even impossible to find
a monotone scheme. Rewriting the PDE in terms of directional derivatives in-
stead of partial derivatives can be extremely useful. For example, in two spatial
dimensions, a naive discretization of the partial derivative vy, may fail to be
monotone. In fact, approximating second-order operators with crossed deriva-
tives in a monotone way is not easy. You actually need to be able to interpret you
second-order term as a directional derivative (of a linear combination of direc-
tional derivatives) and approximate each directional derivative by the adequate
Finite Difference. In other words, you need to "move in the right direction” in
order to preserve the elliptic structure of the operator.
Here is for instance a naive approzimation of v, (assume Az = Ay):

v ~ Vi41,5+1 + v 1,j—1 — Vit1,5—-1 — Vi— 17j+1
i 4Ax?

It is consistent but clearly not monotone (the terms Vi—1,j+1,Vi+1,j—1 have the
wrong sign,).
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Instead, let us follow Bonnans-Zidani [7]: Consider the second-order deriva-
tive:
Lo®(t,x) = tr(a®(t, ) D*®(t, x))

and assume that the coefficients a® admit the decomposition
a®(t,x) =Y a3pp"
B

where the coefficients aj are positive. The operator can then be expressed in
terms of the directional derivatives D% = tr[pBT D?

L®(t,x) = Y _ag(t,z)Did(t,z).
B
Finally, we can use the consistent and monotone approximation for each
directional derivative
_v(t,r + BAz) +v(t,z — BAT) — 20(t, )

2
Dﬂv(t,l‘) ~ |ﬁ|2Ax2 .

In practice, if the points x + BAx, x — BAx are not on the grid, you need to
estimate the value of v at these points by simple linear interpolation between 2
grid points. Of course, you have to make sure that the interpolation procedure
preserves the monotonicity of the approximation.

Comments:

o In all the above examples, I only consider the immediate neighbors of
a gwen point ((n + 1)At,iAx), namely (nAt,iAzx), (nAt, (i — 1)Ax),
(nAt, (i +1)Az), (n+1)At, (i —1)Az and (n+ 1)At, (i +1)Ax). Some-
times, it s worth considering a larger neighborhood and picking neighbors
located further away from ((n 4+ 1)At,iAx). It is particularly useful for
the discretization of a transport term with a high speed, when information
“travels fast”.

o The theoretical accuracy of a monotone finite difference scheme is quite
low. The Barles-Jakobsen theory [4] predicts a typical rate of 1/5 (|h|%
where h = VAz? + At and an optimal rate of 1/2. Sometimes, higher
rates are reported in practice (first order).

12.5 Working in a finite domain

When one implements a numerical scheme, one cannot work on the whole space
and must instead work on a finite grid. Consequently, one has to impose some
extra boundary conditions at the edges of the grid. This creates an additional
source of error and even sometimes instabilities. Indeed, when the behavior at
nfinity is not known, imposing an overestimated boundary condition may cause
the computed solution to blow up. If the behavior of the solution at infinity is
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known, it is then relatively easy to come up with a reasonable boundary con-
dition. Next, one can try to prove that the extra error introduced is confined
within a boundary layer or more precisely decreases exponentially as a func-
tion of the distance to the boundary (see [3] for a result in this direction). Also,
one can perform experiments to ensure that theses artificial boundary conditions
do not affect the accuracy of the results, by increasing the size of the domain
and checking that the first 6 significant digits of the computed solution are not
affected.

12.6 Variational Inequalities and splitting meth-
ods

12.6.1 The American option

This is the easiest example of Variational Inequalities arising in Finance and it
gives the opportunity to introduce splitting methods. We look at the simplified
VI: u(t, z) solves

max(us — Ugg,w — P(t,x)) =0 in (0,T] x R (12.7)
u(0,x) = up(x). (12.8)

This PDE can be approximated using the following semi-discretized scheme
1st Step: Given u”™, solve the heat equation

Wy — Wee = 0 in (nAL, (n + 1)At] x R (12.9)
w(nAt,z) = u"(z). (12.10)
and set )
u" 2 (2) = w((n + 1)At, x)
Step 2

W (z) = inf(u™ 2 (2),((n + 1)AL, z))

It is quite simple to prove the convergence of a splitting method using the
Barles-Souganidis framework. There are many VI arising in Quantitative Fi-
nance, in particular in presence of singular controls and splitting methods are
extremely useful for this type of HIB equations. We refer to the guest lecture by
H. M. Soner for an introduction to singular control and its applications.
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