Stochastic and Partial
Differential Equations
with

Adapted Numerics !

Jonathan Goodman Kyoung-Sook Moon
Anders Szepessy Raul Tempone Georgios Zouraris

January 20, 2004

IThis is a draft. Comments and improvements are welcome.



Contents

1 Introduction and Motivating Examples 3
1.1 Noisy Evolution of Stock Values . . . . .. .. .. ... .. .. 3
1.2 Porous Media Flow . . . . . ... ... ... ... .. ..... 5
1.3 Optimal Control of Investments . . . . . ... ... ... ... 6

2 Stochastic Integrals 7
2.1 Probability Background . . . .. ... o000 0oL 7
2.2 Brownian Motion . . . . . ... ... ... L. 9
2.3 Approximation and Definition of Stochastic Integrals . . . . . 10

3 Stochastic Differential Equations 18
3.1 Approximation and Definition of SDE . . . . . . ... ... .. 18
3.2 Ito’sFormula . . ... ... ... ... .. ... ... ... 27
3.3 Stratonovich Integrals . . . . .. ... ... 0. 31
34 Systemsof SDE . . . . .. ... oo 33

4 The Feynman-Kac Formula and the Black-Scholes Equation 35
4.1 The Feynman-Kac Formula . . . .. ... ... ... ... 35
4.2 Black-Scholes Equation . . . . . . ... ... ... ....... 36

5 The Monte-Carlo Method 42
5.1 Statistical Error . . . . . .. ... Lo oo 42
5.2 Time Discretization Error . . . . . . ... ..o 47

6 Finite Difference Methods 54
6.1 American Options . . . . . . . . ... ... L. 54
6.2 Lax Equivalence Theorem . . .. .. ... .. ......... 57



7 The Finite Element Method and Lax-Milgram’s Theorem 64

7.1 The Finite Element Method . . . . ... .. ... ... .... 65
7.2 Error Estimates and Adaptivity . . . . . ... ... ... ... 69

7.2.1 An A Priori Error Estimate . . ... ... ... .... 70

7.2.2 An A Posteriori Error Estimate . . . . ... ... ... 73

7.2.3 An Adaptive Algorithm . . . . . ... ... ... .. 74
7.3 Lax-Milgram’s Theorem . . .. . ... .. .. ... ...... 75
Markov Chains, Duality and Dynamic Programming 81
8.1 Introduction . . . . . . .. .. ... ... .. 81
8.2 Markov Chains . . .. ... ... ... . ... ... ... 82
8.3 Expected Values . . . ... ... ... ... .. ....... 85
8.4 Duality and Qualitative Properties . . . . ... ... ... .. 88
8.5 Dynamic Programming . . . . . . ... .. ... ... 90
8.6 Examples and Exercises . . . .. .. ... ... ... ..., 91
Optimal Control 94
9.1 An Optimal Portfolio . . . . .. ... ... .. ... ...... 95
9.2 Controlof SDE . . . . . ... ... ... ... ... .. ..., 97
9.3 Dynamic Programming and Hamilton-Jacobi Equations . . . . 98

9.4 Relation of Hamilton-Jacobi Equations and Conservation Laws 102
9.5 Numerical Approximations of Conservation Laws and Hamilton-

Jacobi Equations . . . . .. .. ... oL, 106

9.6 Symmetric Hyperbolic Systems . . . . .. .. ... ... ... 109
10 References 119
10.1 Stochastic Differential Equations . . . .. .. ... ... ... 119
10.2 Probability . . . . . . ..o oL 119
10.3 Mathematical Finance . . . . . . ... .. ... ... ..... 120
10.4 Partial Differential Equations . . . . . .. .. ... ... ... 120
10.5 Variance Reduction for Monte Carlo Methods . . . . . . . .. 120



Chapter 1

Introduction and Motivating
Examples

The goal of this course is to give useful understanding to solve problems
formulated by stochastic or partial differential equations models in science,
engineering and mathematical finance. Typically, these problems require
numerical methods to obtain a solution and therefore the course focuses
on basic understanding of stochastic and partial differential equations to
construct reliable and efficient computational methods.

In particular, we will study the amount of computational work for al-
ternative numerical methods to solve a problem with a given accuracy. The
optimal method clearly minimizes the work for given accuracy. Therefore it is
valuable to know something about accuracy and work for different numerical
methods, which lead us to error estimates and convergence results.

1.1 Noisy Evolution of Stock Values

Let us consider a stock value denoted by the time dependent function S(t).
To begin our discussion, assume that S(t) satisfies the differential equation

dS
— —a(t)S(t
= a(t)S(),
which has the solution )

S(t) = elo “(“)d“S(O).

Our aim is to introduce some kind of noise in the above simple model
of the form a(t) = r(t) + "noise”, taking into account that we do not know
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precisely how the evolution will be. An example of a "noisy” model we shall
consider is the stochastic differential equation

dS(t) = r(t)S(t)dt + oS (t)dW (¢), (1.1)

where dWW (t) will introduce noise in the evolution. To seek a solution for the
above, the starting point will be the discretization

Sui1 — Sp = TSpAty + 04 Sy AW, (1.2)

where AW, are independent normally distributed random variables with zero
mean and variance At,, i.e. E[AW,] =0 and Var[AW,| = At, =t 11 — t,.
As will be seen later on, (1.1) may have more than one possible interpretation,
and the characterization of a solution will be intrinsically associated with the
numerical discretization used to solve it.

We shall consider, among others, applications to option pricing problems.
An European call option is a contract which gives the right, but not the
obligation, to buy a stock for a fixed price K at a fixed future time 7. The
celebrated Black-Scholes model for the value f : (0,7) x (0,00) — R of an
option is the partial differential equation

o?s?

O f +rsosf + Pf=rf, 0<t<T,

f(s,T) = max(s — K, 0), (1.3)

where the constants  and o denote the riskless interest rate and the volatility
respectively. If the underlying stock value S is modeled by the stochastic
differential equation (1.1) satisfying S(t) = s, the Feynmann-Ka¢ formula
gives the alternative probability representation of the option price

£(5,1) = Ele" T max(S(T) — K,0))|S(t) = 3], (1.4)

which connects the solution of a partial differential equation with the ex-
pected value of the solution of a stochastic differential equation. Although
explicit exact solutions can be found in particular cases, our emphasis will
be on general problems and numerical solutions. Those can arise from dis-
cretization of (1.3), by finite difference or finite elements methods, or from
Monte Carlo methods based on statistical sampling of (1.4), with a discretiza-
tion (1.2). Finite difference and finite element methods lead to a discrete
system of equations substituting derivatives for difference quotients, (e.g.)
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fi = %t_m“); the Monte Carlo method discretizes a probability space,
M

substituting expected values by averages of finite samples, e.g. {S(7, cu]-)}j:1

and f(s,t) ~ Z;Vil i maXS(T’wj)_K’O). Which method is best? The solu-
tion depends on the problem to solve and we will carefully study qualitative

properties of the numerical methods to understand the answer.

1.2 Porous Media Flow

An other motivation for stochastic differential equations is provided by porous
media flow. In this case the uncertainty comes from the media where the
flow takes place. The governing equations are the continuity equation of an
incompressible flow

div(V) = 0, (1.5)
and Darcy’s law
V. = —KVP, (1.6)

where V represents the flow velocity and P is the pressure field. The function
K, the so called conductivity of the material, is the source of randomness,
since in practical cases, it is not precisely known. We would like to study the
concentration C' of an inert pollutant carried by the flow V', satisfying the

convection equation
oC+V-VC=0.

The variation of K is, via Darcy’s laws (1.6), important to determine prop-
erties of the concentration C. One way to determine the flow velocity is to
solve the pressure equation

div(KVP) =0, (1.7)

in a domain with given values of the pressure on the boundary of this domain.
Assume that the flow is two dimensional with V' = (1,V), where V(z) is
stochastic with mean zero, i.e. E[V] = 0. Thus,

8;,C + 0,C +V9,C = 0.



Let us define C as the solution of §,C + 0,C = 0. We wonder if C is the
expected value of C, i.e. is C = E[C] ? The answer is in general no. The
difference comes from the expected value

E[V,C) # E[V]E[8,C] = 0.

The desired averaged quantity C = E[C] is an example of turbulent diffusion
and in the simple case V (z)dz = dW (x) (cf. (1.1)) it will satisfy a convection
diffusion equation of the form

- - 1 -
atC + QEC = anyC,

which is related to the Feynman-Kaé¢ formula (1.4). We will develop efficient
numerical methods for more general stochastic velocities.

1.3 Optimal Control of Investments

Suppose that we invest in a risky asset, whose value S(t) evolves according
to the stochastic differential equation dS(t) = uS(t)dt + oS(t)dW (t), and in
a riskless asset Q(t) that evolves with dQ(t) = rQ(t)dt, r < p. Our total
wealth is then X (¢) = Q(t) + S(¢) and the goal is to determine an optimal
instantaneous policy of investment in order to maximize the expected value
of our wealth at a given final time 7. Let a(t) be defined by «(t) X (t) = S(¢),
so that (1 — «(t))X(t) = Q(t) with a € [0,1]. Then our optimal control
problem can be stated as

max Elg(X(T))|X(t) = z] = u(t, 2),

where g is a given function. How can we determine a? The solution of this
problem can be obtained by means of a Hamilton Jacobi equation, which is
in general a nonlinear partial differential equation of the form

up + H(u, Uy, Ugy) = 0.

Part of our work is to study the theory of Hamilton Jacobi equations and
numerical methods for control problems to determine the Hamiltonian H and
the control a.



Chapter 2

Stochastic Integrals

This chapter introduces stochastic integrals, which will be the basis for
stochastic differential equations in the next chapter. Here we construct ap-
proximations of stochastic integrals and prove an error estimate. The error
estimate is then used to establish existence and uniqueness of stochastic in-
tegrals, which has the interesting ingredient of intrinsic dependence on the
numerical approximation due to infinite variation. Let us first recall the basic
definitions of probability we will use.

2.1 Probability Background

A probability space is a triple (Q2, F, P), where € is the set of outcomes, F
is the set of events and P : F — [0, 1] is a function that assigns probabilities
to events satisfying the following definitions.

Definition 2.1 If () is a given non empty set, then a o-algebra F on () is a
collection F of subsets of (2 that satisfy:

(1) Qe F;

(2) F € F= F°€ F, where F© = Q — F is the complement set of F in 2;
and

(3) Fi,B,...e F=J T F e F.

Definition 2.2 A probability measure on (2, F) is a set function P : F —
[0, 1] such that:



(1) P(0) =0, P(Q) =1; and

(2) If Ay, Ay, ... € F are mutually disjoint sets then
+o0 +o0o
i=1 i=1

Definition 2.3 A random variable X, in the probability space (2, F, P), is
a function X : Q — R? such that the inverse image X }(A) = {w € Q: X(w) € A} €
F, for all open subsets A of R?.

Definition 2.4 [ Independence of stochastic variables] Two sets A, B € F
are said to be independent if

P(ANB) = P(A)P(B).
Two independent random variables X,Y in R? are independent if
X 1(A) and Y !(B) are independent for all open sets A, B C R.

Definition 2.5 A stochastic process X : [0,7] x Q2 — R? in the probabil-
ity space (2, F, P) is a function such that X(¢,-) is a random variable in
(Q,F,P) for allt € (0,7). We will often write X (¢) = X(¢,-).

The t variable will usually be associated with the notion of time.

Definition 2.6 Let X : 2 — R be a random variable and suppose that the
density function

P(X € dz)

I —_—

is integrable. The expected value of X is then defined by the integral
ElX]= / zp'(z)dz, (2.1)

which also can be written

o

E[X] = / xdp(z). (2.2)
—0o0

The last integral makes sense also in general when the density function is a

measure, e.g. by successive approximation with random variables possessing

integrable densities. A point mass, i.e. a Dirac delta measure, is an example

of a measure.



Exercise 2.7 Show that if X, Y are independent random variables then

E[XY] = E[X]E]Y].

2.2 Brownian Motion

As a first example of a stochastic process, let us introduce

Definition 2.8 | The Wiener process| The one-dimensional Wiener process
W :[0,00) x Q — R, also known as the Brownian motion, has the following
properties:

(1) with probability 1, the mapping ¢ — W (¢) is continuous and W (0) = 0;
(2) if 0=ty <ty <...<ty =T, then the increments
W(tn) = W(tn-1),-.., W(t1) — W(to)
are independent; and

(3) for all ¢ > s the increment W (t) — W (s) has the normal distribution,
with E[W (t) — W(s)] =0 and E[(W(t) — W(s))?)] =t — s, i.e.

i’}
e2(t—s)

— dy,
r \/27(t — s) Y

Does there exists a Wiener process and how to construct W if it does?
In computations we will only need to determine W at finitely many time
steps {t, : n=0,...,N} of the form 0 =ty <t; < ... <ty =T. The def-
inition then shows how to generate W (t,) by a sum of independent normal
distributed random variables, see Example 2.18 for computational methods
to generate independent normal distributed random variables. These inde-
pendent increments will be used with the notation AW,, = W (t,11) — W (t,)-
Observe, by Properties 1 and 3, that for fixed time ¢ the Brownian motion
W (t) is itself a normal distributed random variable. To generate W for all
t € R is computationally infeasible, since it seems to require infinite compu-
tational work. Example 2.18 shows the existence of W by proving uniform
convergence of successive continuous piecewise linear approximations. The
approximations are based on an expansion in the orthogonal L?(0,T) Haar-
wavelet basis, which will be further studied in Section 9.2 to develop fast
computational methods for the porous media problem of Section 1.2.

PW(t)—W(s)el') = I'cR



2.3 Approximation and Definition of Stochas-
tic Integrals

Remark 2.9 [ Questions on the definition of a stochastic integral] Let us
consider the problem of finding a reasonable definition for the stochastic
integral fo (t)dW (t), where W (t) is the Wiener process. As a first step,
let us discretize the integral by means of the forward Euler discretization

n=0 —AW,,

Taking expected values we obtain by Property 2 of Definition 2.8

E[ZW AW]—ZE AW]—X:IE[W (t,)] E[AW,] = 0.

=0

Now let us use instead the backward FEuler discretization

N-1
D W (tnrr) AW,
n=0

Taking expected values yields a different result:

N—-1 N-1
> " E[W (tns1) AW, Z E[W (t,) AW,] + E[(AW,)?] = > At =T #0.
n=0 n=0

Moreover, if we use the trapezoidal method the result is

N-1

E[ ) L) A, | - 3 BV () AW, + E[(AW,)/2

M
g

%:T/Q;«éo.

S
o

Remark 2.9 shows that we need more information to define the stochas-
tic integral fo (s)dW (s) than to define a deterministic integral. We must
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decide if the solution we seek is the limit of the forward Euler method. In
fact, limits of the forward Euler define the so called Ité integral, while the
trapezoidal method yields the so called Stratonovich integral. It is useful
to define the class of stochastic processes which can be It6 integrated. We
shall restrict us to a class that allows computable quantities and gives con-
vergence rates of numerical approximations. For simplicity, we begin with
Lipschitz continuous functions in R which satisfy (2.3) below. The next the-
orem shows that once the discretization method is fixed to be the forward
Euler method, the discretizations converge in L?. Therefore the limit of for-
ward Euler discretizations is well defined, i.e. the limit does not depend on
the sequence of time partitions, and consequently the limit can be used to
define the It6 integral.

Theorem 2.10 Suppose there exist a positive constant C such that f :
[0,7] x R — R satisfies

\f(t+ AL, W + AW) — f(t, W)| < C(At + |AW]). (2.3)

Consider two different partitions of the time interval [0, T

(TN, fo=0,fy=T,
() t=0,i5 =T,

with the corresponding forward Euler approrimations

o

o~

0

T= " (o WE) W (Fusr) — W(E). (2.4)
F= 3 e W)W () — W(E)). (25

Let the maximum time step At,qa0 be

Atpae = max [ max En—l—l - Ena max ;m—l—l - ;m .
0<n<N-1 0<m<N-1
Then
E[(j_ I:)Q] < O(Atmaw) (26)

11



Proof. It is useful to introduce the finer grid made of the union of the nodes

on the two grids ~
{tx} = {t} U {tn}-

Then in that grid we can write

I-T=> AfidAW;,
k

where Afy = (£, W(#0)) = f (En, W (En)), AWy = W (tg41) — W () and the
indices m, n satisfy tx € [t;m, tmy1) and tg € [tn,tne1), as depicted in Figure
2.3.

0 T

. LY

tot1 o 13 th_1 iy

— —— i)

to t1 tals ty_1ts

. : — {tx}

t()tl tz t3t4 t5 R tN—Z tN—l tN

Figure 2.1: Mesh points used in the proof.

Therefore,

E[(I-1)] = E[)_ALARAWAW]
k,l
= 23 EIARARAWAWY + 3 EI(Af)* (AW

k

K1 _BA S, A f AWE[AW;]=0

= D E[ARVIE(AWN)T] =) E[(Af) 1AL (2.7)

Taking squares in (2.3) we arrive at |[Afp[? < 2C%((A't)* + (A'W)?)
where Aty =, — t < Atpaz and AWy, = W (2,) — W(t,,), using also the
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standard inequality (a + b)? < 2(a® + b?). Substituting this in (2.7) proves
the theorem

E[(I-1)7] < Y 20| (A'%)*+ E[(A'W)?] | Aty

< 20?7 T(A#, + Atas). (2.8)

max

|

Thus, the sequence of approximations Ia; is a Cauchy sequence in the
Hilbert space of random variables generated by the norm |[Ia¢||z2 = / E[I%,]
and the scalar product (X,Y) = E[XY]. The limit I of this Cauchy sequence
defines the It0 integral

> AW, A= /O F(s, W ())dW (s).

Remark 2.11 [ Accuracy of strong convergence] If f(t, W (t)) = f(t) is inde-

pendent of W (¢) we have first order convergence \/ E[(I — I)2] = O(At,nag),
whereas if f(¢,W(t)) depends on W (t) we only obtain one half order con-

vergence \/ E[(I — I)?] = O(v/Atmaz) - The constant C in (2.3) and (2.9)
measures the computational work to approximate the integral with the FEu-
ler method: an approximation error ¢ < 2C+/TAt, with uniform step size,
requires by (2.8) the computational work corresponding to N = T/At >
AT?C?/€? steps.

Exercise 2.12 Use the forward Euler discretization to show that
T T
/ s dW(s) = TW(T) / W (s)ds
0 0
Definition 2.13 A process f : [0,7] x Q — R is adapted if f(t,-) only
depends on events which are generated by W (s), s < t.

Remark 2.14 | Extension to adapted It6 integration] It integrals can be
extended to adapted processes. Assume f : [0,7] x Q — R is adapted and
that there is a constant C such that

VE[f(t + At,w) — f(t,w)]F] < CVAL. (2.9)
Then the proof of Theorem 2.10 shows that (2.4-2.6) still hold.
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Theorem 2.15 (Basic properties of It6 integrals)
Suppose that f, g : [0, T]|xQ — R are Ité integrable, e.g. adapted and satifying
(2.9), and that c1,co are constants in R. Then:

(1) [y (crf(s,)+eag(s,))dW (s) = e [ f(s,)dW (s)+cz [y g(s,-)dW(s).
2) E I £ (s, -)dW(s)] = 0.
(3)

B[ [ s o[ st rawon] = [ B a0 ds

0

Proof. To verify Property 2, show first that for an Euler discretization

ELY flt0)AW,] = 3 Blf(t, EIAW,] = 0.

Then the convergence result (2.6) implies that

BU[ 5e0aW @) = 1B £69W 0 = 3 fta ) AWl + B[S fta, )AW,]
Property 1 and 3 can be verified analogously. O

Exercise 2.16 Use the forward Euler discretization to show that
(1) fy W(s)dW(s) = LW(T)? - T/2.
(2) Property 1 and 3 in Theorem 2.15 hold.

Exercise 2.17 Consider the Ornstein-Uhlenbeck process defined by
t
X(t) = Xoo + € (X(0) = Xoo) +b / e =gy (s), (2.10)
0
where X, a and b are given real numbers. Use the properties of the It6 inte-

gral to compute E[X ()], Var[X ()], lim;_o E[X (t)] and limy o Var[X (t)].
Can you give an intuitive interpretation of the result?

14



Example 2.18 | Existence of a Wiener process| To construct a Wiener pro-
cess on the time interval [0, 7], define the Haar-functions H; by Hy(t) = 1
and for 2" <7< 2"l and n=0,1,2..., by

T-12m2 i (- 227" < t/T < (i + 0.5 — 2")27",

Hi(t) = =T Y22"2 if (i+05-2"2" <¢/T < (i+1-2")2",
0 otherwise.
(2.11)

Then {H;} is an orthonormal basis of L?(0,T'), (why?). Define the continuous
piecewise linear function W™ : [0, 7] — R by

=Y esi) (2.12)

where &;, © = 1,..., m are independent random variables with the normal
distribution N (0, 1) and

= /0 t H;(s)ds = /0T1(0,t)(s)Hi(S)ds’

1 if s € (0,¢),
Lo, t)( )= { 0 otherwise.

The functions S; are small ” hat” -functions with a maximum value 7~ /22~ (n+2)/2
and zero outside an interval of length T27". Let us postpone the proof that
W) converge uniformly and first assume this. Then the limit W (t) =
Y2, &Si(t) is continuous. To verify that the limit W is a Wiener process,
we first observe that T (¢) is a sum of normal distributed variables so that
W (t) is also normal distributed. It remains to verify that the increments
AW, and AW, are independent, for n # m, and E[(AW,,)?] = At,,. Parse-
val’s equality shows the independence and the correct variance

E[AW,AW,]
= E[z 616] n+1 Z(tn))(sj (tm‘H) - Sj (tm))]

= Z EI€](Si(tnr) — Si(tn))(Si(tms1) — Si(tm))

= Z(Si(tnﬂ) = Si(tn)) (Si(tm+1) — Si(tm))
{Parseval} ZT 0 if m 75 n
= /0 1(tn,tn+1)(8)1(tm7tm+1)(8)d8 = { the1 —t, ifn= mi

15



To prove uniform convergence, the goal is to establish

(o S0 <) 1

tel0,T

Fix an and a t € [0,T] then there is only one 4, satisfying 2" < ¢ < 2"+
such that Sj(t) # 0. Denote this i by i(t, 7). Let xn = SuPgnc;con+r &, then

sup Z|§Z\S = sup Z|§z(tn Sice,n) ()

t€[0,7T t€[0,T
< sup I3 ) T~ 1/29—(n+2)/2
Sl
< ZXRT71/227(n+2)/2‘
n=0
If
o0
D X2 2 = o0 (2.13)
n=0

on a set with positive probability, then x,, > n for infinitely many n, with
positive probability, and consequently

00 = E[Z Liyasn}] = ZP(Xn > n), (2.14)
n=0 n=0

but
P(xn > n) < P(UZ5.{|&| > n}) < 2"P(|&| > n) < C 2ne™™ /1,

so that >~ 2, P(xn > n) < 0o, which contradicts (2.14) and (2.13). Therefore
P(sup,ejo 7y oieq 1l Si(t) < 00) = 1, which proves the uniform convergence.

Exercise 2.19 [ Extension to multidimensional It6 integrals|] The multidi-
mensional Wiener process W in R is defined by W (t) = (W(¢t),..., Wi(t)),

where W%, i = 1,...,1 are independent one-dimensional Wiener processes.
Show that
In = ZZﬁ ny ) AW
n=0 =1

16



form a Cauchy sequence with E[(Iay, — Iat,)?] = O(Atjnge), as in Theorem
2.10, provided f : [0,7T] x Q — R! is adapted and (2.9) holds.

Remark 2.20 A larger class of It6 integrable functions are the functions in
the Hilbert space

T
V= {f :[0,7] x Q — R : fis adapted and / E[|f#)]*dt < oo}
0

with the inner product fOT E[f(t)-g(t)]dt. This follows from the fact that every
function in V' can be approximated by adapted functions f;, that satisfy (2.9),
for some constant C' depending on A, so that fOTEHf(t, ) = fu(t, ) P]dt < h
as h — 0. However, in contrast to Ito integration of the functions that satisfy
(2.9), an approximation of the Ito integrals of f € V' does not in general give
a convergence rate, but only convergence.

Exercise 2.21 Read Example 2.18 and show that the Haar-functions can
be used to approximate stochastic integrals fOT f@)AW (t) =~ Y7, & fi, for

given deterministic functions f with f; = fOT f(s)H;(s)ds. In what sense does

Exercise 2.22 Give an interpretation of the approximation (2.12) in terms
of Brownian bridges, cf. [KS].

17



Chapter 3

Stochastic Differential
Equations

This chapter extends the work on stochastic integrals, in the last chapter, and
constructs approximations of stochastic differential equations with an error
estimate. Existence and uniqueness is then provided by the error estimate.

We will denote by C,C' positive constants, not necessarily the same at
each occurrence.

3.1 Approximation and Definition of SDE

We will prove convergence of Forward Euler approximations of stochastic
differential equations, following the convergence proof for It6 integrals. The
proof is divided into four steps, including Gronwall’s lemma below. The first
step extends the Euler approximation X (¢) to all ¢ € [0, T):

Step 1. Consider a grid in the interval [0, T] defined by the set of nodes
{fn}]nvzo, to = 0,ty = T and define the discrete stochastic process X by the
forward Euler method

X(En+1) - X(En) = a({na X(En))(fn+l - {n) + b({na X(En))(W(EnH) - W((n)))a
3.1

18



forn=0,...,N — 1. Now extend X continuously, for theoretical purposes
only, to all values of t by

X(t) = X(t,) + [ a(tn,)_{(tn))ds+[tb(tn,X(tn))dW(s), fp <t < tnp1.

(3.2)
In other words, the process X : [0,7] x © — R satisfies the stochastic
differential equation

dX(s) = a(s, X)ds + b(s, X)dW (s), t, < s < tpy1, (3.3)

where a(s, X) = a(tn, X (1)), b(s, X) = b(n, X (ts)), for &, < s < fp11, and
the nodal values of the process X is defined by the Euler method (3.1).

Theorem 3.1 Let X and X be forward Euler approrimations of the stochas-
tic process X : [0,T] x Q — R, satisfying the stochastic differential equation

dX (1) = a(t, X (£))dt + b(t, X (¢))dW (t), 0< t < T, (3.4)

with time steps

=0ty =T
T,

{f}i?o,
(T} _

""‘II =)
Il

0,

respectively, and

Atpee = max | max fppq; —tp, Max  topp1 — by
0<n<N-1 0<m<N-1

Suppose that there exists a positive constant C' such that the initial data and
the given functions a,b: [0,T] x R — R satisfy

E[IXO)+ X0 <C, (3.5)

<
E[( —X(0 ) ] < CAbmas,s (3.6)

and

[b(t, ) — b(t,y)| < Clo —yl, (3.7)



la(t,z) — a(s,z)| + [b(t, ) — b(s,z)| < C(1+ |z[)\/|t — s|. (3.8)

Then there is a constant K such that
max {E[X?(t, I, EX @, -)]} < KT, t<T, (3.9)

and
E [(X(t, )= X(t, -))2} < KAtpag, t <T. (3.10)

The basic idea for the extension of the convergence for Ito integrals to
stochastic differntial equations is

Lemma 3.2 ( Gronwall ) Assume that there exist positive constants A and
K such that the function f: R — R satisfies

f@) < K/Otf(s)ds—l— A. (3.11)

Then
ft) < Ae”t.

Proof. Let I(t) = [} f(s)ds. Then by (3.11)

dl
— < KI+ A
dt — +4

K

and multiplying by e %! we arrive at

d

a([e*m) < Ae K
After integrating, and using 1(0) = 0, we obtain I < A(eKtT_l). Substituting
the last result in (3.11) concludes the proof. O

Proof of the Theorem. To prove (3.10), assume first that (3.9) holds. The
proof is divided into the following steps:

(1) Representation of X as a process in continuous time: Step 1.

(2) Use the assumptions (3.7) and (3.8).
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Figure 3.1: Mesh points used in the proof.

(3) Use the property (3) from Theorem 2.15.
(4) Apply Gronwall’s lemma.

Step 2. Consider another forward Euler discretization X , defined on a

grid with nodes {;m}:z:o, and subtract the two solutions to arrive at

g

;w@—X@)“@Xﬂ»aﬂ@+[fm-axna+£%3—a@dwu)(3m)
=Aa(t) =Ab(¢)

The definition of the discretized solutions implies that

Aalt) = (a—

where t € [fm, tms1) N [En, Tns1), as shown in Figure 3.1. The assumptions
(3.7) and (3.8) show that
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ClX () = X ()| + CA+ X E) DIt = ]2, (3.13)
Note that (3.7) and (3.8) imply
la(t, )| + [b(t, )| < C(1+ |z]). (3.14)

Therefore

X))~ X0 B laltn, X @)t — ) + blEn, X (£)) (W (1) — W (B2))|
o RGN - ) + W) - W) (315)
The combination of (3.13) and (3.15) shows
(D] < CO+IXE)) (WE) - WE)| + |t - ]?)
and in a similar way,

(1D < COA+[X@) (W) = W ()| + |t — Tl /2,

and by the assumptions (3.7)

< o1x e - X)),

Therefore, the last three inequalities imply

Aa®)F < (D] +]UD]+ (TN < 6 (1X (@) - X @)
FU X G~ bl + (1) = W (0))
+ (14 X @) )|t = Bl + W (&) = W(En))) . (3.16)
Recall that max(t — f,,t — ) < Atmag, and
E[(W(t) —W(s)?=t—s, s<t,

so that the expected value of (3.16) and the assumption (3.9) yield
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Elaa@)P] < O (EIX@) ~ XOP + 0+ EIXE) + EIX () P) At )
e (E[p‘((t) — X+ Atmaz> . (3.17)
Similarly, we have

Bl Ab(0)[2] < € (BIX (1) ~ XOF] + Atmas) (3.18)

Step 3. Define a refined grid {t,}_, by the union

Observe that both the functions Aa(t) and Ab(t) are adapted and piecewise
constant on the refined grid. The error representation (3.12) and (3) of
Theorem 2.15 imply

E[|X(s) = X (s)I”] E

IN

(X(o)—f((o)+ / " Aa(t)dt + / s Ab(t)dW(t))2]

< 3E[X(0) - X(0)]

) 3E[ ( /OSAa(t) dtﬂ +3E[( /0 Ab(t)dW(t))Q]

< 3(0Atmaw+S/OSE[(Aa(t))Q]dt—i—/OSE[(Ab(t))Q]dt).
(3.19)

Inequalities (3.17-3.19) combine to

(3.17-3.19)

E[X(s) - X)) < C(/OSEHX(t) — X (1))t + Atyaz)- (3.20)

Step 4. Finally, Gronwall’s Lemma 3.2 applied to (3.20) implies
E[|X(t) — X(1)|?] < AtyeeCe’t,

which finishes the proof. O
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Exercise 3.3 Prove (3.9). Hint: Follow Steps 1-4 and use (3.5) .

Corollary 3.4 The previous theorem yields a convergence result also in the
L? norm || X||? = fOT E[X(t)?|dt. The order of this convergence is 1/2, i.e.

”X - )?” = O(V Atmomc)'

Remark 3.5 [ Strong and weak convergence| Depending on the application,
our interest will be focused either on strong convergence

IX(T) = X(T)lwe = /EIX(T) - X(T))°] = O(/A),

or on weak convergence E[g(X(T))] — E[g(X(T))], for given functions g.
The next chapters will show first order convergence of expected values for
the Euler method,

Elg(X(T)) — g(X(T))] = O(A1),

and introduce Monte Carlo methods to approximate expected values E[g(X (T))].
We will distinguish between strong and weak convergence by X, — X, de-
noting the strong convergence E[|X, — X|?] — 0 for random variables and
fOT E[| X, (t)—X(¢)|?]dt — 0 for stochastic processes, and by X,, — X, denot-
ing the weak convergence F[g(X,)] — E[g(X)] for all bounded continuous
functions g.

Exercise 3.6 Show that strong convergence, X,, — X, implies weak conver-
gence X, — X. Show also by an example that weak convergence, X,, — X,
does not imply strong convergence, X,, — X. Hint: Let {X,} be a sequence
of independent identically distributed random variables.

|

Corollary 3.4 shows that successive refinements of the forward Euler ap-
proximation forms a Cauchy sequence in the Hilbert space V, defined by
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Definition 2.20. The limit X € V, of this Cauchy sequence, satisfies the
stochastic equation

X(s) = X(0) + /0 a(t, X (t))dt + /0 b(t, X (£))dW (1), 0<s<T, (3.21)

and it is unique, (why?). Hence, we have constructed existence and unique-
ness of solutions of (3.21) by forward Euler approximations. Let X be the
solution of (3.21). From now on we use indistinctly also the notation

dX(t) = a(t, X(t))dt +b(t, X(£))dW(t), 0<t<T
X(0) = X, (3.22)

These notes focus on the Euler method to approximate stochastic dif-
ferential equations (3.22). The following result motivates that there is no
method with higher order convergence rate than the Euler method to control
the strong error fol E[(X(t) — X(t))?]dt, since even for the simplest equa-
tion dX = dW any linear approximation W of W, based on N function
evaluations, satisfies

Theorem 3.7 Let W(t) = f(t, W (t1),...,W(ty)) be any approzimation of
W (t), which for fized t is based on any linear function f(t,-) : RY — R, and
a partition 0 = tg < ... < ty =1 of [0,1], then the strong approzimation
error is bounded from below by

1/2 1

([ move - wor) > (323)

which is the same error as for the Fuler method based on constant time steps
and linear interpolation between the time steps.

Proof. The linearity of f(¢,-) implies that

W(t) = Z o () AW;

where «; : [0,1] = R, i = 1,..., N are any functions. The idea is to choose
the functions «; : [0,1] - R, ¢ = 1,..., N in an optimal way, and see that
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Figure 3.2: Optimal choice for weight functions «;.
the minimum error satisfies (3.23). We have
1
| B - W)
0

1
:/ (EW2(t) —2§ a;(t t)AW;] +§ a;i(t) oy (1) E[AW; AW;] ) dt
0

,Jl

/tdt—Q/ ZE[W AW]azdtJr/ t)At;dt

and in addition

Ati, ti <t
E[W(t)AVVZ] = (t — tz'), <t <t (324)
0, t <t

Perturbing thq functions «;, to o; +€9;, € << 1, around the minimal value of
fol E[W (t) — W (t)]?dt gives the following conditions for the optimum choice
of o, cf. Figure 3.2:

—2B[W (t)AW;] + 20 (t)At; =0, i =1,...,N.

and hence

min/olE[W() 2dt = /tdt—/ E[W m]th

- (t + At,/2)At —Z t At +/tn+1 Mdt

(3:24) n=1 "
N

1

>
-2z gy

where Exercise 3.8 is used in the last inequality and proves the lower bound of
the approximation error in the theorem. Finally, we note that by (3.24) the

EWMAWI] 5o infact linear interpolation of the Euler method.

optimal o (t) = =45

O
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Exercise 3.8 To verify the last inequality in the previous proof, compute

N
. 2
min Z;(Atn)

subject to
N

D (At,) =1.

n=1

3.2 1Ito’s Formula

Recall that using a forward Euler discretization we found the relation

/0 ' W(s)dW (s) = W*(T)/2 — T/2, or
W (s)dW (s) = d(W?(s)/2) — ds/2, (3.25)

whereas in the deterministic case we have y(s)dy(s) = d(y*(s)/2). The follow-
ing useful theorem with It6 ’s formula generalizes (3.25) to general functions
of solutions to the stochastic differential equations.

Theorem 3.9 Suppose that the assumptions in Theorem 2.10 hold and that
X satisfies the stochastic differential equation

dX(s) = a(s,X(s))ds~+b(s,X(s))dW(s), s>0
X(0) = Xo,

and let g : (0,+00) x R — R be a given bounded function in C*((0,00) x R).
Then y(t) = g(t, X (t)) satisfies the stochastic differential equation

) = (0t X(0) + s, X0t X0 + 5 Dogte X)) a

+ b(t, X (t))0.g(t, X (t))dW (), (3.26)
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Proof. We want to prove the [t6 formula in the integral sense

o7, X () ~ 9(0, X(0)) 2
= [ (2t x0) + ato x00(0.x(0) + T o x0) ) e

+ /T b(t, X (t))0.g(t, X (t))dW (1).

Let X be a forward Euler approximation (3.1) and (3.2) of X, so that
AX = X(t, + Aty) — X () = alty, X (t,)) Aty + b(tn, X (t,))AW,. (3.27)

Taylor expansion of g up to second order gives

= 0g(tn, X(tn ))At +awg( X( n))AX (t,)
Xt

+%8ttg(tn,X(tn))Ati+3th( (tn)) Aty AX (£,)

1 — _ _
+§3mg(tn, X () (AX (t))? + o(ALZ + |AX,[%). (3.28)
The combination of (3.27) and (3.28) shows

m—1
G(tm, X (t)) — (0, X(0)) = > (9(tn + Atn, X (tn + Aty)) — g(tn, X (t2)))
n=0
m—1 m—1 1 m—
2
o TT A
> 9,9t +nz; a0y g Aty + by gAW,,) 2; Buag(AW,,)
m—1
+ 3 (BOrag Aty AW, + (5 3ttg+a8mg)At )
n=0
m—1
+ ) o(AE +|AX (t,)]3). (3.29)
n=0
Let us first show that
m—1 t
S (6)20,09(X) (AW,)? / B0,.9(X)ds,
n=0 0
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as At,ez — 0. It is sufficient to establish

mz b)%0,09((AW,,)? — At,) — 0, (3.30)

l\DlP—‘

since (3.10) implies ZZ:_O (b)20,09At, — fo b20,,9ds. Use the notation a; =
((0)%0,29)(t:, X'( ;)) and independence to obtain

B’ = 3 Blowos (AW — At)(AW;)? — At)]
= 22 Eloiai (AW)” = M) (AW)? = Ati)] + ) Bl (AW:)? = M)’

= 2 ZE[aiaj((AWj)2 - Atj)]g[((AWi)Q — At;)]

-’

~”

i>j 5

ZE[a W)~ At)’] =0,

_2At2

when Atp., — 0, therefore (3.30) holds. Similar analysis with the other
terms in (3.29) concludes the proof. O

Remark 3.10 The preceding result can be remembered intuitively by a Tay-
lor expansion of g up to second order

dg = Oyg dt + 0,9 dX + %&Cmg (dX)?

and the relations: dtdt = dtdW = dWdt = 0 and dWdW = dt.
Example 3.11 Let X(t) = W(t) and g(z) = ””2—2 Then

2
Exercise 3.12 Let X (t) = W(t) and g(z) = z*. Verify that
d(W*(s)) = 6W?2(s)ds + 4W3(s)dW (s)

d (W (S)> = W (s)dW (s) + 1/2(dW (5))2 = W (s)dW () + ds/2.

and
(Bl ) = (B ()] = 6.

Apply the last result to compute E[W*(t)] and E[(W?(t) — t)?].
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Exercise 3.13 Generalize the previous exercise to deteremine E[W?"(¢)].

Example 3.14 We want to compute fOTtdW(t). Take g(t,xz) = tz, and
again X (t) = W(t), so that

W (1) = / sdW (s / W(s

and finally [} sdW (s) = tW(t) — [; W
Exercise 3.15 Consider the stochastic differential equation
dX(t) = —a(X(t) — Xoo)dt + bdW (2),

with initial data X (0) = X, € R and given a,b € R.
(i) Using that

X(t) - X(0) = —a /0 (X (s) — Xoo)dt+ BW (D)

take the expected value and find an ordinary differential equation for the
function m(t) = E[X (¢)].

(i) Use It6 ’s formula to find the differential of (X (¢))? and apply similar
ideas as in (i) to compute Var[X (t)].

(iii) Use an integrating factor to derive the exact solution (2.10) in Ex-
ample 2.17. Compare your results from (i) and (ii) with this exact solution.

Example 3.16 Consider the stochastic differential equation
dS(t) = rS(t)dt + o S(t)dW (t),

used to model the evolution of stock values. The values of r (interest rate)
and o (volatility) are assumed to be constant. Our objective is to find a
closed expression for the solution, often called geometric Brownian motion.
Let g(z) = In(z). Then a direct application of It6 formula shows
2624 2
dn(S(t)) = dS(t)/S(t) — 1/2 (“SQ (t())> dt = rdt — “-dt + odW (1),

so that

0 (5D - 17 e

and consequently
S(T) — 6(r7"T)T+aW(T)S(O)_
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Exercise 3.17  Suppose that we want to simulate S(¢), defined in the
previous example by means of the forward Euler method, i.e.

Spi1 = (1 +rAt, + cAW,)S,, n=0,...,N

As with the exact solution S(t), we would like to have S, positive. Then we
could choose the time step At, to reduce the probability of hitting zero

P(Sp41 < 0[S, =3) <e<< 1. (3.31)
Motivate a choice for € and find then the largest At, satisfying (3.31).

Remark 3.18 The Wiener process has unbounded variation i.e.

E [/OT |dW(s)\] .

This is the reason why the forward and backward Euler methods give different
results. We have for a uniform mesh At =T/N

B 1AW = ZE[IAWZ-IFZ\/?
= \/ﬁz\/m 2NT—>oo NN

3.3 Stratonovich Integrals

Recall from Chapter 2 that Itd integrals are constructed via forward Euler
discretizations and Stratonovich integrals via the trapezoidal method, see
Exercise 3.19. Our goal here is to express a Stratonovich integral

/0 U X (1) 0 dW ()

in terms of an It6 integral. Assume then that X (¢) satisfies the It differential
equation
dX (t) = a(t, X (t))dt + b(t, X (t))dW (1).
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Then the relation reads
T T
[ s x@eawey = [ gex@)awe
0 0
1 (7
+ 5/ 0-g(t, X (t))b(t, X (t))dt. (3.32)
0
Therefore, Stratonovich integrals satisfy
dg(t, X (1)) = Oyg(t, X (t))dt + Opg(t, X (1)) 0 dX (), (3.33)
just like in the usual calculus.

Exercise 3.19 Use that Stratonovich integrals g(¢, X (t))odW (t) are defined
by limits of the trapezoidal method to verify (3.32), cf. Remark 2.9.

Exercise 3.20 Verify the relation (3.33), and use this to show that dS(t) =
rS(t)dt + oS(t) o dW (t) implies S(t) = "7 5(0).

Remark 3.21 [ Stratonovich as limit of piecewise linear interpolations] Let
RN(t) = W(t,) + Xlest)=W) (p _ ¢ ¢ € (t,,tn11) be a piecewise linear

tn+1_tn
interpolation of W on a given grid, and define X» by dX™ (¢) = a(X"(t))dt+
b(XN(t))dRN(t). Then XV — X in L?, where X is the solution of the
Stratonovich stochastic differential equation

dX (1) = a(X (1))dt + b(X (2)) o dW (2).

In the special case when a(z) = rz and b(z) = ox this follows from
d N N
%(ln(X (t))) = rdt + odR",

so that .
XN(t) — ert-l—aR (t)X(O)

The limit N — oo implies XV (t) — X(¢) = """ X(0), as in Exercise
3.20.
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3.4 Systems of SDE

Let W1, W, ..., W, be scalar independent Wiener processes. Consider the I-
dimensional Wiener process W = (W1, Ws, ..., W;) and X : [0,T] x Q — R¢
satisfying for given drift a : [0,7] x R — R¢ and diffusion b : [0,7] x R? —
R¢*! the It6 stochastic differential equation

dX;(t) = a;(t, X (¢))dt + b (¢, X (¢))dW;(t), fori=1...d. (3.34)
Here and below we use of the summation convention

B =) ;b5
j

i.e., if the same summation index appears twice in a term, the term denotes
the sum over the range of this index. Theorem 3.9 can be directly generalized
to the system (3.34).

Theorem 3.22 (It6 ’s formula for systems) Let

and consider a smooth and bounded function g : Rt x R¢ — R. Then
dalt, X(0) = { (e, X(0) + (e, X (O)ost, X(0)

1
+§bik(t, X(t))@zizjg(t, X(t))bjk(t, X(t))} dt
or in matrix vector notation

dg(t, X (1)) = {atg(t,X(t))Jerg(t,X(t)) a(t, X (1))

—i—%trace (b(t, X(t))b" (t, X(t)) V2g(t, X(t)))} dt
+Vg(t, X (1)) b(t, X (t))dW ().
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Remark 3.23 The formal rules to remember Theorem 3.22 are Taylor ex-
pansion to second order and

dtdt =0

dW;dt
dt if i=j

0 otherwise. (3.35)

Exercise 3.24 Verify Remark 3.23.
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Chapter 4

The Feynman-Kac Formula and
the Black-Scholes Equation

4.1 The Feynman-Kac Formula

Theorem 4.1 Suppose that a,b and g are smooth and bounded functions.
Let X be the solution of the stochastic differential equation,

dX (t) = a(t, X (t))dt + b(t, X (¢))dW (t) and let u(x,t) = Elg(X(T))|X(t) =
x]. Then u is the solution of the Kolmogorov backward equation

1
L'y = w + auy, + §b2um =0, t<T (4.1)
u(z,T) = g(z).

Proof. Define 4 to be the solution of (4.1), i.e. L*a = 0
We want to verify that 4 is the expected value E[g(X (7))
It6 formula applied to u(X (t),t) shows

1
di(X(t),t) = (at + atly + 51?%) dt + bi,dW
= L*adt + buydW.
Integrate this from ¢ to 7" and use L*t = 0 to obtain

a(X(T),T) — w(X(t),t) = g(X(T)) — a(X(t),1)
- / bitgdW (s).
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Take the expectation and use that the expected value of the It0 integral is
Zero,

Elg(X(T))|X (1) = 2] — a(z,1) = E[/t b(s, X (s))ia(X (5), 5)dW (s)| X (t) = ]
0.

Therefore
i(z,t) = Elg(X(T))[|X(t) ==,

which proves the theorem since the solution of Equation (4.1) is unique. O

Exercise 4.2 [ Maximum Principle| Let the function u satisfy

1
u; + auy + EI)QuM = 0, t<T
u(z,T) = g(=)
Prove that u satisfies the maximum principle

< .
o<t "0 0) = g9

4.2 Black-Scholes Equation

Example 4.3 Let f(¢,S(t)) be the price of a European put option where
S(t) is the price of a stock satisfying the stochastic differential equation
dS = puSdt + oSdW, where the volatility o and the drift y are constants.
Assume also the existence of a risk free paper, B, which follows dB = r Bdt,
where r, the risk free rent is a constant. Find the partial differential equation
of the price, f(t,S(t)), of an option.

Solution. Consider the portfolio I = —f + « S + B for a(t),5(t) € R
Then the It6 formula and self financing, i.e. dI = —df + adS + BdB, imply

dI = —df + adS + BdB
1
= —(fi + puSfs + 50—252 fss)dt — fsoSAW + a(uSdt + aSAW) + BrBdt

= <_(ft + uSfs + %0252]”55) + (apS + ﬁrB)) dt + (—fs + a)oSdW.
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Now choose « such that the portfolio I becomes riskless, i.e. « = fg, so
that

dl = (—(ft + uSfs + %UQSQfss) + (fsuS + ﬂTB)) dt

_ (—(ft n 30252 fss) + ,37“B> dt. (4.2)

Assume also that the existence of an arbitrage opportunity is precluded, i.e.
dl = rldt, where r is the interest rate for riskless investments, to obtain

dl = r(—f + oS+ BB)dt
r(—f + fsS+ BB)dt. (4.3)
Equation (4.2) and (4.3) show that

1
fe + rsfs + 50282fss=7“f, t<T, (4.4)

and finally at the maturity time 7" the contract value is given by definition,
e.g. a standard European put option satisfies for a given exercise price K

f(T,s) = max(K — s,0).

The deterministic partial differential equation (4.4) is called the Black-Scholes
equation. The existence of adapted [ is shown in the exercise below. O

Exercise 4.4 Replicating portfolio. It is said that the self financing port-
folio, aS + B, replicates the option f. Show that there exists an adapted
stochastic process ((t), with 3(0) = —fs(0,.5(0)), satisfying self financing,
d(aS + fB) = adS + dB, with a = fs.

Exercise 4.5 Verify that the corresponding equation (4.4) holds if u, o and
r are given functions of time and stock price.

Exercise 4.6 Simulation of a replicating portfolio. Assume that the pre-
viously described Black-Scholes model holds and consider the case of a bank
that has written (sold) a call option on the stock S with the parameters

5(0) = Sy = 760, r = 0.06, 0 = 0.65, K = S,.
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with an exercise date, T = 1/4 years. The goal of this exercise is to simulate
the replication procedure described in Exercise 4.4, using the exact solution
of the Black Scholes call price, computed by the Matlab code

% BS call option computation
function y = bsch(S,T,K,r,sigma);

normal = inline(’ (1+erf(x/sqrt(2)))/2’,’x’);

dl = (log(S/K)+(r+.5*%sigma~2)*T)/sigma/sqrt(T);
d2 = (log(S/K)+(r-.5*sigma~2)*T)/sigma/sqrt(T);
y = S*normal (d1)-K*exp (-r*T)*normal (d2) ;

To this end, choose a number of hedging dates, N, and time steps At =
T/N. Assume that 5(0) = —fs(0,.Sp) and then

e Write a code that computes the A = 9f(0,S,)/0S, of a call option.
e Generate a realization for S(nAt,w),n=0,..., N.

e Generate the corresponding time discrete realizations for the processes
a, and [, and the portfolio value, o, S, + 3, Bp-

e Generate the value after settling the contract at time 7,

aNSN =+ ﬁNBN - maX(SN - K, 0)

Compute with only one realization, and several values of N, say N = 10, 20, 40, 80.
What do you observe? How would you proceed if you don’t have the exact
solution of the Black-Scholes equation?

Theorem 4.7 (Feynman-Kac ) Suppose that a,b, g, h and V are bounded
smooth functions. Let X be the solution of the stochastic differential equation
dX(t) = a(t, X(t))dt + b(t, X (t))dW (t) and let

u(z,t) = Elg(X(T))el VXM x (1) = 4]

T
+ El- / h(s, X (5))ed VEXONr g1 (1) = .
t

38



Then u s the solution of the partial differential equation

1
Lyu=wu + auy, + Eb%m + Vu = h, t<T (4.5)
uw(z, T) = g().

Proof. Define % to be the solution of the equation (4.5), i.e. L}, & = h and
let G(s) = el VOXT  We want to verify that @ is the claimed expected
value. We have by It6 ’s formula, with L*@ = @y + atly + 3b%tiga,

d(a(s, X (s))els VXN - = d(a(s, X (s))G)
= Gdi + 4dG
= G(L*adt + bi,dW) + aVGdt,

Integrate both sides from ¢ to 7', take the expected value and use L*u =
L4 — Vi = h— Vi to obtain

Elg(X®)G(T) | X(t)=z]—1i(z,?)
= E[/ GL*i ds] + E[/ bGii, dW] + E[/ aVG ds

T T T
- E[/ WG ds| — B[ ave ds) + E[/ avG ds]
t t t

= E[/tThG ds| X (t) = z].

Therefore

i(z,t) = Elg(X(T)G(T)|X(t) =1] — E /t hG ds|X (t) = ).

|

Remark 4.8 Compare Black-Scholes equation (4.4) with Equation (4.5):
then u corresponds to f, X to S, a(t,z) = rz, b(t,z) = oz, V = —r and
h = 0. Using the Feynman-Kac formula, we obtain

f(t,5(t)) = Ele ™™ max(K —S(T), 0)], with dS = rSdt+cSdW , which es-
tablishes the important relation between approximation based on the Monte
Carlo method and partial differential equations discussed in Chapter 1.
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Corollary 4.9 Letu(z,t) = E[g(X(T))|X(t) = z] = [ 9(y)P(y, T; ,t) dy.
Then the density function, P, solves the Kolmogorov forward equation, also
called the Focker-Planck equation,

, (V°P
LPE—BSP—ay(CLP)+ay 7 :O, s>t

P(y:t;xvt) = 5(‘T - y)a

where § is the Dirac-delta measure concentrated at zero.

Proof. Assume LP =0, P(y,t;x,t) = 6(z — y). The Feynman-Kéc formula
implies L*u = 0, so that integration by part shows

A

T
0 = [ [ Ll 5) Py, dyds
t R ) o - A
- [/ uly, $)P(y, s:, ) dy] [ [ Pty 52,0 dys
R t R

A =
= [/ u(y, s)P(y, s; 2, 1) dy]
R s=t

Consequently,

A

u(z,t) = /Rg(y)P(y,T;m,t) dy
= E[g(X(T))|X(t) = z],

for all functions g. Therefore P is the density function P. Hence P solves
LP =0. O

Exercise 4.10 [ Limit probability distribution] Consider the Ornstein-Uhlenbeck
process defined by

dX(s) = —(m—z)dt+V2dW (s),

Verify by means of the Focker-Plank equation that there exist a limit distri-
bution for X(s), when s — oo.
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Exercise 4.11 Assume that S(t) is the price of a single stock. Derive a
Monte-Carlo and a PDE method to determine the price of a contingent claim
with the contract fOT h(t, S(t)) dt, for a given function h, replacing the usual
contract max(S(7) — K, 0) for European call options.

Exercise 4.12 Derive the Black-Scholes equation for a general system of
stocks S(t) € R? solving

j=1

and a rainbow option with the contract f(7,S(T)) = g(S(T)) for a given
function g : R? — R, for example

d
g(S) = max (%;SZ - K,O) .
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Chapter 5
The Monte-Carlo Method

5.1 Statistical Error

This chapter gives the basic understanding of simulation of expected values
Elg(X(T)] for a solution, X, of a given stochastic differential equation with
a given function g. In general the approximation error has the two parts
of statistical error and time discretization error, which are analyzed in the
next sections. The estimation of statistical error is based on the Central
Limit Theorem. The error estimate for the time discretization error of the
Euler method is directly related to the proof of Feyman-Kac’s theorem with
an additional residual term measuring the accuracy of the approximation,
which turns out to be first order in contrast to the half order accuracy for
strong approximation.

Consider the stochastic differential equation
dX(t) = a(t, X (t))dt + b(t, X (t))dW (¢)

on tg < t < T, how can one compute the value E[g(X(7))]? The Monte-
Carlo method is based on the approximation

N —
XTw
Elg(X Zg i)

Jj=1

where X is an approximation of X, e.g. the Euler method. The error in the



Monte-Carlo method is

Elg(X(T))] - 3 9<X<]1V’; wj))

In the right hand side of the error representation (5.1), the first part is the
time discretization error, which we will consider in the next subsection, and
the second part is the statistical error, which we study here.

Example 5.1 Compute the integral I = f[o 1 f(z)dz by the Monte Carlo
method, where we assume f(z) : [0,1]¢ — R.

Solution. We have

= / f(z)p(z) dz ( where p is the uniform density function)

= E[f(z)] ( where z is uniformly distributed in [0, 1]¢)

= INa

where {z(w,)} is sampled uniformly in the cube [0,1]¢, by sampling the
components z;(wy,) independent and uniformly on the interval [0, 1]. O

The Central Limit Theorem is the fundamental result to understand the
statistical error of Monte Carlo methods.

Theorem 5.2 (The Central Limit Theorem) Assume&,, n=1,2,3,...
are independent, identically distributed (i.i.d) and E[,) = 0, E[€?] = 1
Then

Z n -, (5.2)

n=1
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where v is N(0,1) and — denotes convergence of the distributions, also called
weak convergence, i.e. the convergence (5.2) means E[g(3._, &/VN)| —
E[g(v)] for all bounded and continuous functions g.

Proof. Let f(t) = E[e"]. Then
Fm () = E[imgre™), (5.3)

and

5o t \"
E[e"Zami&/VN] = f(ﬁ)

The representation (5.3) implies

f(0) = E[1]=1,
f(0) = iE[¢] =0,
£10) = —Elg)= 1.
Therefore
2 2 N
YN 6 /VE] _ L
Ele ] (1 2N+0<N))
- e 2 asN— oo
ite ,—x2/2
= [ 4 (5.4)

R V27

and we conclude that the Fourier transform (i.e. the characteristic function)
of Z]"V:l &./V/'N converges to the right limit of Fourier transform of the stan-
dard normal distribution. It is a fact, c¢f. [D], that convergence of the Fourier
transform together with continuity of the limit Fourier transform at 0 im-
plies weak convergence, so that 227:1 é2/V'N — v, where v is N(0,1). The
exercise below verifies this last conclusion, without reference to other results.
O
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Exercise 5.3 Show that (5.4) implies

Elg(d_&/VN)] = Elg(v)] (5.5)

for all bounded continuous functions g. Hint: study first smooth and quickly
decaying functions g,, satisying g,(z) = [ e™"g,(t)dt/(2r) with the Fourier
transform g, of g, satisfying g, € L'(R); show that (5.4) implies

E[g,()_ &/VN)] = Elgs(v)];

then use Chebychevs inequality to verify that no mass of Zf:’:l &n/ VN es-
capes to infinity; finally, let x(z) be a smooth cut-off function which is one
for |z| < N and zero for |z| > 2N and split the general bounded continuous
function g into g = g5 + g(1 — x) + (9x — gs), where g, is an arbitrary close
approximation to gy; use the conclusions above to prove (5.5).

Example 5.4 What is the error of Iy — I in Example 5.17

Solution. Let the error ey be defined by

ex = Z /(@ R

_ if E[f( 1

By the Central Limit Theorem, v/Ney — ov, where v is N(0,1) and

2
o? = f(z)dx — < f(aﬁ)dx)
[0,1]¢ [0,1]

= / (f(x)— f(:r)d:r) dx.
[0,1]4 [0,1]

In practice, o2 is approximated by

1 N N 2
SEE(BEES



One can generate approximate random numbers, so called pseudo random
numbers, by for example the method

&1 =a& +b modn

where a and n are relative prime and the initial &, is called the seed, which
determines all other &;. For example the combinations n = 23!, ¢ = 216 + 3
and b = 0, orn = 2% — 1, @ = 7° and b = 0 are used in practise. In
Monte Carlo computations, we use the pseudo random numbers {z;} ¥,
where z; = % € [0,1], which for N <« 23! behave approximately as inde-

pendent uniformly distributed variables.

Theorem 5.5 The following Box-Miiller method generates two independent
normal random wvariables x1 and xo from two independent uniformly dis-
tributed variables y, and ys

x1 = /—2log(ys) cos(2my;)
Ty = +/—2log(y) sin(27my1).

Sketch of the Idea. The variables x and y are independent standard normal
variables if and only if their joint density function is e~ (" +¥°)/2 /2m. We have

e @2 dudy = re " drdd = d(e1?)do

using x = rcosf, y = rsinf and 0 < 6 < 27, 0 < r < co. The random
variables # and r can be sampled by taking # to be uniformly distributed
in the interval [0,27) and e /2 to be uniformly distributed in (0,1], i.e.

0 = 27y, and r = \/—2log(ys). O

Example 5.6 Consider the stochastic differential equation dS = rSdt +
oSdW, in the risk neutral formulation where r is the riskless rate of return
and o is the volatility. Then

o2
ST — SO e’I‘T—TT-I—U\/TV
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where v is N(0,1). The values of a call option, f., and put option, f,, are by
Remark 4.8
fo=e ™ Emax(S(T) — K, 0)]

and
fp = e " E[max(K — S(T),0)].

Example 5.7 Consider the system of stochastic differential equations,

M
dSZ :T'Sidt-f-ZO'ijSide, 1= 1,...,M.

Jj=1

Then

2
rT-M (O'i'\/TV'—aijT)
SZ(T) = SZ(O) € = ’ T

where v; are independent and N (0, 1). A rainbow call option, based on S, =
ﬁ Zf\il S;i, can then be simulated by the Monte Carlo method and

fo =€ T E[max(S,,(T) — K,0)].

O
5.2 Time Discretization Error
Consider the stochastic differential equation
dX (t) = a(t, X (t))dt + b(t, X (t))dW (t), 0<t<T,
and let X be the forward Euler discretization of X. Then
X (tns1) — X(tn) = alty, X (tn)) Aty + b(tn, X (t,)) AW, (5.6)
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where At, = t,11—t, and AW,, = W (t,41) —W (t,) for a given discretization
0=ty <t <..<ty=T.Equation (5.6) can be extended, for theoretical
use, to all ¢ by

t t
X(t) - X(t,) = / a(s, X)ds + / b(s, X)W (s), by <1< by,
tn tn

where, for ¢, < s <{t,41,

(S;X) = a’(tmz(tn))a (5'7)
X X

Theorem 5.8 Assume that a,b and g are smooth and decay sufficiently fast
as |x| — oo. Then there holds

Elg(X(T)) - ¢(X(T))] = O(max At).

Proof. Let u satisfy the equation

2

FUe=0, t<T (5.8)

u(z, T) = g(z). (5.9)

The Feynman-Kac formula shows

u(z,t) = Elg(X(T))[X(t) = «]

L'v = w+au, +

and in particular

u(0, X(0)) = Elg(X(T))]- (5.10)

Then by the Ito formula,

. 2

du(t,X(t)) = (ut + Gug + %um) (t, X (t))dt + bug(t, X (t))dW

52

um + Qu, + 5um> (t, X (t))dt + buy(t, X (t))dW

(o
_ {mwm; wﬂ(f—“)mﬁxu&ﬁ

2 2

(5.8)



Evaluate the integral from 0 to T,

u(T, X (1)) — u(0, X(0)) = /0 (@ — a)ug(t, X(1))dt + /0 bQ;bQum(t,X(t))dt

+ / ' b(t, X (t))u,dW.
Take the expected value and use (5.10) to obtain
Elg(X(T)) - ¢(X(T))]
_ / E[(a — a)u,] + E[( — VYugldt+ E [ /0 l_)ude]

- / El(@ — a)us] + E[( b )iz dt.

The following Lemma 5.9 proves the Theorem. O

Lemma 5.9 There holds fort, <t <t,.

ht) = B[t X) —a(t
h(t) = E[(0*(t,X) - b’

X (0)ua(t, X (1))] = O(Aty),
(t, X (1)) uza(t, X (1))] = O(At).

Proof. Since a(t, X) = a(t,, X (t,)),

fi(ta) = B(@(tn, X) = a(tn, X (ta)))ua(tn, X (ta))] = 0. (5.11)
Provided | f{(t)| < C, the initial condition (5.11) implies that f;(t) = O(At,),
for t, < t < tp41. Therefore, it remains to show that [f{(t)] < C. Let

O!(t, .T) = —(Cl(t, ‘T) - a(tnay(tn)))um(ta 33'), so that f(t) = E[a(ta (t))] Then
by It6 ’s formula
& d

“ = SEX®)] = F[da(t, X)) /dt

12

= F [(at + aay + %am> dt + axl_)dW] /dt

2
oy + aoy, + —am}



Therefore there exists a constant C such that |f'(t)| < C, for t,, <t < tp41,
and consequently

fi(t) = E[(a(t, X) — a(t, X (t)))us(t, X1)] = O(At,), for t, <t < tpy1.
Similarly, we can also prove
fo(t) = E[(0°(t, X) — b*(t, X (1)) ) uza(t, X¢)] = O(Aty), for t, <t < tpy1.

|

Example 5.10 Consider the stochastic volatility model,

dS = wSdt+oSdZ (5.12)
do = «aodt+ vodW

where Z and W are Brownian motions with correlation coefficient p, i.e.
E[dZdW| = pdt. We can construct Z and W from the independent W, and
W2 by

W =W, Z=pW ++1-p>W,.

Exercise 5.11 In the risk neutral formulation a stock price solves the stochas-
tic differential equation

dS = rSdt + o SAW (t),

with constant interest rate r and volatility o.

1. Show that
S(T) = S(0)e’T-FT+oW (@), (5.13)
2. Use equation (5.13) to simulate the price
£(0,8(0)) = e™E[ max (S(T) — K,0) ]

of an European call option by a Monte-Carlo method.
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3. Compute also the corresponding A = 9f(0,S5)/0S by approximating
with a difference quotient and determine a good choice of your approx-
imation of "0S".

4. Estimate the accuracy of your results. Suggest a better method to solve
this problem.

Exercise 5.12 Assume that a system of stocks solves

dsS;
Si(t)

d
:Tdt+20'idej(t) izl,...,d
j=1

where W; are independent Brownian motions.

1. Show that X

Sy(T) = S(0)e’T+Ei= (0 Wi(T)=35T)

2. Let S,, = Zgzl S;/d and simulate the price of the option above with
S(T) replaced by Su,(T). Estimate the accuracy of your results. Can
you find a better method to solve this problem?

Exercise 5.13 [ An example of variance reduction] Consider the computa-
tion of a call option on an index 7,

m = e "IV Elmax(Z(T) — K, 0)], (5.14)

where Z is the average of d stocks,

Ul

Z(t)

d
Zsi(t)
=1
and

with volatilities
0; =02x%(24sin(z)) i=1,...,d.

The correlation between Wiener processes is given by
E[dW;(t)dW; (t)] = exp(=2 |i —'|/d))dt 1<14,i <d.

The goal of this exercise is to experiment with two different variance reduction
techniques, namely the antithetic variates and the control variates.
From now on we take d = 10, r = 0.04 and 7" = 0.5 in the example above.
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(a) Implement a Monte Carlo approximation with for the value in (5.14).
Estimate the statistical error. Choose a number of realizations such
that the estimate for the statistical error is less than 1% of the value
we want to approximate.

(b) Same as (a) but using antithetic variates. The so called antithetic
variates technique reduces the variance in a sample estimator A(M;Y)
by using another estimator A(M;Y") with the same expectation as the
first one, but which is negatively correlated with the first. Then, the
improved estimator is A(M; (Y 4+ Y”)). Here, the choice of Y and Y’
relates to the Wiener process W and its reflection along the time axis,
—W, which is also a Wiener process , i.e.

1 = {max(Z(W(T,w))) — K,0) + max(Z(-W(T,w;)) — K,0)}
A o ; 5 .

(c) Same as (a) but using control variates to reduce the variance. The
control variates technique is based on the knowledge of an estimator
YY" positively correlated with Y, whose expected value E[Y"] is known
and relatively close to the desired E[Y], yielding Y —Y"” + E[Y"] as an
improved estimator.

For the application of control variates to (5.14) use the geometric av-
erage

compute A
7 = e "IV Elmax(Z(T) — K, 0)]

exactly (hint: find a way to apply Black-Scholes formula). Then ap-
proximate

TR frt-l—% ; {max(Z(W(T, wj)) = K,0) — max(Z(W(T,w;)) — K, 0)} .

(d) Discuss the results from (a-c). Does it pay to use variance reduction?
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Without variance reduction: Var =0.027969
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With antithetic variates: Var =0.0089859
1200

1000

800

600
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7000

With control variates: Var =0.0019537
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5000
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3000
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2000
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Nr = 10000
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Chapter 6

Finite Difference Methods

This section introduces finite difference methods for approximation of par-
tial differential equations. We first apply the finite difference method to a
partial differential equation for a financial option problem, which is more
efficiently computed by partial differential methods than Monte Carlo tech-
niques. Then we discuss the fundamental Lax Equivalence Theorem, which
gives the basic understanding of accuracy and stability for approximation of
differential equations.

6.1 American Options

Assume that the stock value, S(t), evolves in the risk neutral formulation by
the It0 geometric Brownian motion

dS =rSdt + oSdW.

An American put option is a contract that gives the possibility to sell a stock
for a fixed price K up to time 7. Therefore the derivation of option values in
Chapter 5 shows that European and American options have the formulations:

1. The price of an European put option is

f(t,s) = E[ e " max(K — S(T),0)| S(t) = s ].

2. The price of an American option is obtained by maximizing over all
sell time 7 strategies, which depend on the stock price up to the sell

o4



time,

fa(t,s) = max E[ e " max(K — S(7),0)| S(t) = s ].

t<7<T

How to find the optimal selling strategy for an American option? Assume
that selling is only allowed at the discrete time levels 0, At,2A¢t, ..., T. Con-
sider the small time step (7' — At,T). By assumption the option is not sold
in the step. Therefore the European value f(¢,s) holds, where f(T,s) =
max(K — s,0) and for T — At <t <T

fi+rSfs+ %JZSQfss =rf. (6.1)

If, for a fixed stock price s = S(T — At), there holds f(7 — At, s) < max(K —
s,0) then keeping the option gives the expected value f(T — At, s) which is
clearly less than the value max(K — s,0) obtained by selling at time 7" — At.
Therefore it is optimal to sell if f(T' — At, s) < max(K — s,0) = fr. Modify
the initial data at ¢ =T — At to max(f(T — At, s), fr) and repeat the step
(6.1) for (T'— 2At, T — At) and so on. The price of the American option is
obtained as the limit of this solution as At — 0.

Exercise 6.1 A corresponding Monte Carlo method based on 2 requires
simulation of expected values E[e™"" max(K — S(7),0)] for many different
possible selling time strategies 7 until an approximation of the maximum
values is found. Try to suggest a strategy for this optimization procedure
and compare the efficiency with the partial differential formulation.

Note that the optimal selling strategy
r=7"=inf{v:t <v<T, fa(v,S(w)) =max(K — S(v),0)}

for the American option, which is a function of f4, seems expensive to eval-
uate by Monte Carlo technique, but is obtained directly in the partial dif-
ferential formulation above and below. This technique is a special case of
the so called dynamic programming method, which we shall study systemat-
ically for general optimization problems in a later Chapter, cf. also the last
example in Chapter 1.

Here and in Exercise 6.2 is a numerical method to determine the value of
an American option:
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(1) Discretize the computational domain [0, 7] X [s, s1] and let

F(ALIAS) ~ foi fas = max(K — iAS,0).

(2) Use the forward Euler and central difference method for the equa-
tion (6.1)

£y~ Fni—fn-1,i fo o Fryit1—Fnji-1
t—= " _ At S = 2AS

fog ~ Irji+1=2fn,i+Fn,i—1 ~

SS — (AS)? f — fn,z'-

(3) Make a Black-Scholes prediction for each time step
r a 2.9 = ]. . 1 9.9
fn—l,i = fnﬂ'(l — ’I‘At — 01 At) —+ fn,i+1(§T2At + 50 7 At)

= 1 1
+ fn,i—l(_iriAt + 50‘22.2At).

(4) Compare the prediction with selling by letting
fn—u = max (fn_u, max(K — iAS, O)),
and go to the next time Step 3 by decreasing n by 1.
Exercise 6.2 The method above needs in addition boundary conditions at
S =sgand S = sy fort < T. How can sqg, s; and these conditions be choosen

to yield a good approximation?

Exercise 6.3 Give a trinomial tree interpretation of the finite difference
scheme

_ _ - 1 1
forii = fai(L+7At+ 0% At) + fn,i+1(_§r7;At - EJZiQAt)
- 1 1
+  frici(zriAt — 0?2 At),
T2 2
for Black-Scholes equation of an European option. Binomial and trinomial

tree approximations are frequent in the finance economy literature, cf. [J.
Hull].
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Let us now study general finite difference methods for partial differential
equations. The motivation to introduce general finite difference methods in
contrast to study only the binomial and trinomial tree methods is that higher
order methods, such as the Crank-Nicolson method below, are more efficient
to solve e.g. (6.1).

The error for the binomial and the trinomial tree method applied to
the partial differential equation (6.1) for a European option is € = O(At +
(As)?), which is clearly the same for the related forward and backward Euler
methods. The work is then A = O((AtAs)™!), so that A = O(¢7%/2). For the
Crank-Nicolsen method the accuracy is e = O((At)? + (As)?) and the work
is still A = O((AtAs)~!), which implies the improved bound A = O(¢71).
For a general implicit method with a smooth exact solution in [0,7] x R¢
the accuracy is ¢ = O((At)?+ (As)P) with the miminal work ( using e.g. the
multigrid method ) A = O(Z—i(Z—Z)d), which gives A = 0(;{%(;%)‘1). In the
next section we derive these error estimates for some model problems.

6.2 Lax Equivalence Theorem

Lax equivalence theorem defines the basic concepts for approximation of
linear well posed differential equations. Here, well posed means that the
equation is solvable for data in a suitable function space and that the solution
operator is bounded. We will first formally state the result without being
mathematically precise with function spaces and norms. Then we present
two examples with proofs based on norms and functions spaces.

The ingredients of Lax Equivalence Theorem 6.4 are:

(0) an exact solution u, satisfying the linear well posed equation Lu = f,
and an approximation uy, obtained from Lju, = fy;

(1) stability, the approximate solution operators || L, || are uniformly bounded
in h and the exact solution operator ||L~!|| is bounded;

(2) consistency, fn, — f and Lyu — Lu as the mesh size h — 0; and

(3) convergence, up — u as the mesh size h — 0.

Theorem 6.4 The combination of stability and consistency is equivalent to
convergence.

o7



The idea of the proof. To verify convergence, consider the identity

w—up = L[ Ly = Lywn ) ™2 L] (Lyw = Lu) + (F = fa) ]
Stability implies that L,:l is bounded and consistency implies that
Ly — Lu — 0and f— f, = 0,
and consequently the convergence holds

lim(u —up) = lim L,:l[ (Lpu — Lu) + (f — fa) |

h—0 h—0
= 0.

Clearly, consistency is necessary for convergence. Example 6.7, below, indi-
cates that also stability is necessary. O

Let us now more precisely consider the requirements and norms to verify
stability and consistency for two concrete examples of ordinary and partial
differential equations.

Example 6.5 Consider the forward Euler method for the ordinary differen-
tial equation

u'(t) = Au(t) 0<t<1,

u(0) = uo. (6.2)

Verify the conditions of stability and consistency in Lax Equivalence Theo-
renm.

Solution. For a given partition, 0 =ty < t; < ... < ty = 1, with At =
tn—|—1 - tna let
Upr1 = (I + AtA)uy,
G"uyg where G = (I + AtA).
Then:

(1) Stability means |G"| + |H"| < eK™A! for some K, where | - | denotes
the matrix norm |F| = supy,egn.jy <1y |[Fv| with the Euclidean norm

lw| = />, w? in R".
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(2) Consistency means |(G — H)v| < C(At)P*!, where H = 2™ and p is
the order of accuracy. In other words, the consistency error (G—H)v is
the local approximation error after one time step with the same initial
data v.

This stability and consistency imply the convergence

| (G" — H")uq |

| (G"'+G"*H+ ...+ GH" 2+ H" (G — H)uy |
| G" P+ G"PH 4 ..+ GH" 2 + H"Y|(G — H)uy |
C(At)PHIn| ug [eXnAt

C' (ALY,

| u, —u(nAt) |

INIA A

with the convergence rate O(AtP). For example, p = 1 in case of the Euler
method and p = 2 in case of the trapezoidal method. O

Example 6.6 Consider the heat equation

U = Ugg >0, (6.3)
u(0) = wup.

Verify the stability and consistency conditions in Lax Equivalence Theorem.

Solution. Apply the Fourier transform to equation (6.3),

’Ilt = —w211
so that ,
a(t,w) = e “ ip(w).
Therefore H = e~ A’ ig the exact solution operator for one time step, i.e.
u(t + At) = Hu(t). Consider the difference approximation of (6.3)

Unt1i — Uni _ Unitl — 2Ung + Upi1

At - Ax? ’

which shows

2At At
Un+1,i = Unyg 1— A—.Z‘Q + A—.Z‘Q (U'n,i—|—1 + U'n,ifl) )
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where u,,; ~ u(nAt,iAz). Apply the Fourier transform to obtain

~ 2At At j ATw —jAzw ~
Up+1 = |:(1_A—.’L‘2)+A—.T2(6J +€] ):| Un
At At
= (12220 1920 cos(Azw)| a
{1 QAﬂ + Ag? cos( xw)] Un,
A A At At
= G, (Let G=1- QA—.Z‘Q + 2A—x2 cos(Azw))
= é”“&o.
1. We have
2||unll32 = ||dnll3e (by Parseval’s formula)
= [IG I3

< sup|G™? ldo |7
w
Therefore the condition
|G ||z < €At (6.4)
implies L2-stability.

2. We have A A
27 |luy — u(A)||72 = [|Giig — Hilol|7,

where u; is the approximate solution after one time step. Let A
then we obtain

— At
= Az2?

(G — H)ip| = | (1 — 2\ + 2\ cos Azw — e‘At‘*’2> o
= O(AH)w|dyl,
since for 0 < Atw? =2 <1
1—2\ + 2\cosy/z/A—e?|
- (1 — 20+ 2) (1 - % + 0(1,2)) — (1 —:L'+(’)(ac2)))
< COz® = C(Ah)!,
and for 1 < Atw? =z
(At)?w*

xr2

1 —2XA+2Xcosy/z/A—e ¥ <C=C < C(At) ™.
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Therefore the consistency condition reduces to

I (G~ H)do || I At (6.5)

<
< KAtQ ||ammzu0||L2-

3. The stability (6.4) holds if

G|z = sup |G(w)| = max |1 — 2\ + 2) cos Azw| < 1, (6.6)

which requires
At 1
<

A AE Sy

(6.7)

The L?-stability condition (6.6) is called the von Neuman stability con-
dition.

4. Convergence follows by the estimates (6.5), (6.6) and ||H||p~ < 1

ol —und®) |3 = | (G = Aol
= [ (G" '+ G"?H+ ...+ H" (G — H)iy ||3-
| G" Y+ GV 2H + ..+ H 2. (G — H)dg |2

<
< (Kn(At)*)* < (KTAt)?,

and consequently the convergence rate is O(At). O

Let us study the relations between the operators G' and H for the simple
model problem

v+ =0
u(0) =1

with an approximate solution u,; = r(z)u, (where x = AA¢):

(1) the exact solution satisfies

r(z) = e =e7?,
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(2) the forward Euler method

Up+1 — Un

A7 +Au, =0 = r(z)=1-u,

(3) the backward Euler method

“"%;“"Humzo = r@)=(1+2) "

(4) the trapezoidal method

Unt1 — Un A _ _( E)‘l(_f)
A7 +2(un—|—un+1)—0 = r(z)= 1-|—2 1 5)

and

(5) the Lax-Wendroff method
1 1
Up+1 = Un — At)\un + iAtz)\2un = ’I‘({L‘) =1- T+ §$2'

The consistence |e 2! — r(AAt)| = O(A#P*!) holds with p = 1 in case 2 and
3, and p = 2 in case 4 and 5. The following stability relations hold:

(1) r(xz) <1 for x > 0in case 1, 3 and 4.
(2) r(z) — 0 as x — oo in case 1 and 3.
(3) r(xz) — 1 as x — oo in case 4.

Property (1) shows that for A > 0 case 3 and 4 are unconditionally stable.
However Property (2) and (3) refine this statement and imply that only
case 3 has the same damping behavior for large A as the exact solution.
Although the damping Property (2) is not necessary to prove convergence it
is advantegous to have for proplems with many time scales, e.g. for a system
of equations (6.2) where A has eigenvalues \; < 1, i = 1,..., N and some
Aj < =1, ( why?).

The unconditionally stable methods, e.g. case 3 and 4, are in general more
efficient to solve parabolic problems, such as the Black-Scholes equation (6.1),
since they require for the same accuracy fewer time steps than the explicit
methods, e.g. case 2 and 5. Although the work in each time step for the
unconditionally stable methods may be larger than for the explicit methods.
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Exercise 6.7 Show by an example that ||u,||3, — oo if for some w there

holds |G(w)| > 1, in Example 6.6, i.e. the von Neumann stability condition
does not hold.
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Chapter 7

The Finite Element Method
and Lax-Milgram’s Theorem

This section presents the finite element method, including adaptive approxi-
mation and error estimates, together with the basic theory for elliptic partial
differential equations. The motivation to introduce finite element methods is
the computational simplicity and efficiency for construction of stable higher
order discretizations for elliptic and parabolic differential equations, such as
the Black and Scholes equation, including general boundary conditions and
domains. Finite element methods require somewhat more work per degree
of freedom as compared to finite difference methods on a uniform mesh. On
the other hand, construction of higher order finite difference approximations
including general boundary conditions or general domains is troublesome.
In one space dimension such an elliptic problem can, for given functions
a, f,r:(0,1) — R, take the form of the following equation for u : [0,1] — R,

(—av)) +ru=f on (0,1)

u(zr) =0 forz =0, z =1, (7.1)

where a > 0 and 7 > 0. The basic existence and uniqueness result for general
elliptic differential equations is based on Lax-Milgram’s Theorem, which we
will describe in section 7.3. We shall see that its stability properties, based
on so called energy estimates, is automatically satisfied for finite element
methods in contrast to finite difference methods.

Our goal, for a given tolerence TOL, is to find an approximation u, of
(7.1) satisfying

lu — upl| < TOL,
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using few degrees of freedoom by adaptive finite element approximation.

Adaptive methods are based on:
1) an automatic mesh generator,

2) a numerical method ( e.g. the finite element method),

3) a refinement criteria (e.g. a posteriori error estimation), and
)

(
(
(
(

4) a solution algorithm ( e.g. the multigrid method).

7.1 The Finite Element Method

A derivation of the finite element method can be divided into:
1) variational formulation in an infinite dimensional space V/,
2) variational formulation in a finite dimensional subspace, V,, C V,
3) choice of a basis for V},, and

(
(
(
(4

)
)
)
) solution of the discrete system of equations.

Step 1. Variational formulation in an infinite dimensional space, V.

Consider the following Hilbert space,

V= {v :(0,1) = R : /01 (v*(z) + (v'(x))?) dz < o0, v(0) =v(1) = 0} :

Multiply equation (7.1) by v € V and integrate by parts to get

dr = —au') d
/Ofv z /0(( au')’ + ru)v dx

1
= [—au'v](1)+/ (au'v" + ruv) dzx (7.2)
0
1
= / (au'v" + ruv) dz.
0
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Therefore the variational formulation of (7.1) is to find u € V such that
A(u,v) = L(v) Yo eV, (7.3)

where
1
Alu,v) = /(au'v'—i—ruv) dr,

0
1
Lv) = fv dz.
0

Remark 7.1 The integration by parts in (7.2) shows that a smooth solution
of equation (7.1) satisfies the variational formulation (7.3). For a solution of
the variational formulation (7.3) to also be a solution of the equation (7.1),
we need additional conditions on the regularity of the functions a,r and f

so that u” is continuous. Then the following integration by parts yields, as
in (7.2),

1 1
0= / (auv' + ruv — fv) doz = / (—(au) + ru — f)v dx.
0 0
Since this holds for all v € V| it implies that
—(au) +ru—f=0,

provided —(au')" 4+ ru — f is continuous. O

Step 2. Variational formulation in the finite dimensional subspace, V.

First divide the interval (0,1) into 0 = zy < zy < ... < zyy41 = 1, ie.
generate the mesh. Then define the space of continuous piecewise linear
functions on the mesh with zero boundary conditions

Vi={veV : v(x) |@az.)=ci« +d;, ie vislinear on (z;, ¢i41),i =0,--- , N
and v is continuous on (0,1)}.

The variational formulation in the finite dimensional subspace is to find u; €
V}, such that

A(up,v) = L(v) Yv € V. (7.4)

66



The function uy, is a finite element solution of the equation (7.1). Other finite
element solutions are obtained from alternative finite dimensional subspaces,
e.g. based on piecewise quadratic approximation.

Step 3. Choose a basis for V.
Let us introduce the basis functions ¢; € V},, for i = 1, ..., N, defined by

o= {3 iz 2

A function v € V}, has the representation

v(z) = Z v; i (),

where v; = v(z;), i.e. each v € V}, can be written in a unique way as a linear
combination of the basis functions ¢;.

Step 4. Solve the discrete problem (7.4).
Using the basis functions ¢;, for = 1,...; N from Step 3, we have

up(z) = Z &idi(x),

where € = (&, ...,&x)" € RY, and choosing v = ¢; in (7.4), we obtain

L(¢;) = Alun, ¢;)
= A(Z $i&i, ;) = Z&A(@-, ),

so that £ € R solves the linear system
A¢E = L, (7.6)
where

Ay = A(di, 95),
Li = L(¢;)-

The N x N matrix A is called the stiffness matrix and the vector L € RY is
called the load vector.
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Example 5.1 Consider the following two dimensional problem,

—div(kVu)+ru = f in QCR? (7.7)
u = g on I}
ou
o, — 92 on [y,

where 00 =T' =T, UT'y and I'; N Ty, = (). The variational formulation has
the following form.

1. Variational formulation in the infinite dimensional space.
Let

V= {u): [ 0%) +190(@)F) do < o0,0ls, = g

Take a function v € Vjp, i.e. v =0 on I'y, then by (7.7)

/fv de = —/div(kVu)v dm—i—/ruv dx
Q Q Q
= /kVu-Vvdm—/k%vds—/ka—uvds—i-/ruvdx
Q T an Ty (9n Q

= /kVu-Vvdx—/ kggvds—i-/ruvdx.
Q Iy Q

The variational formulation for the model problem (7.7) is to find u € V,
such that

A(u,v) = L(v) Yo € V, (7.8)
where

A(u,v) = /(kVu - Vv + ruv) dz,
Q

Lv) = /fv dx-l—/ kgovds.
Q I

2. Variational formulation in the finite dimensional space.

Assume for simplicity that €2 is a polygonial domain which can be divided
into a triangular mesh Tj, = {Kj, ... Ky} of non overlapping triangles K; and
let h = max;(length of longest side of K;). Assume also that the boundary
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function ¢; is continuous and that its restriction to each edge K; NI’y is a
linear function. Define

Vi = {veVy : vk, is linear VK; € T}, v is continuous on Q},

Vq’: = {veV, : vk, islinear VK; € T, v is continuous on 2},

and the finite element method is to find u, € V! such that
A(up,v) = L(v), Vv € V. (7.9)

3. Choose a basis for V.

As in the one dimensional problem, choose the basis ¢; € Vi such that

|1 i=y
‘bf(mi)_{ 0i#j j=1,2..N,
where x;, 1 =1,..., N, are the vertices of the triangulation.

4. Solve the discrete system.
Let

N
up(r) = Z§i¢i($): and & = up(z;).
=1

Then (7.9) can be written in matrix form,

Ag = i/, where A’lei = A(¢z, ¢J) and Zz]’ = L(¢])

7.2 Error Estimates and Adaptivity

We shall now study a priori and a posteriori error estimates for finite element
methods, where

|lu —un|| < Ei(h,u,f) isan a priori error estimate,
<

|l — wp| Es(h,up, f) is an a posteriori error estimate.

Before we start, let us study the following theorem, which we will prove later,
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Theorem 7.2 (Lax-Milgram) Let V be a Hilbert space with norm || - ||y
and scalar product (-,-)y and assume that A is a bilinear functional and L is
a linear functional that satisfy:

(1) A is symmetric, i.e. A(v,w) = A(w,v) Yv,w € V;

(2) A is V-elliptic, i.e. 3 a >0 such that A(v,v) > a||v||}} Vv e V;
(8) A is continuous, i.e. 3 C € R such that |A(v,w)| < C||v||v||w||v; and
(4) L is continuous, i.e. 3 A € R such that |L(v)| < Aljv|ly Vv e V.

Then there is a unique function uw € V' such that A(u,v) = L(v) Vv eV,
and the stability estimate ||ully < A/a holds.

7.2.1 An A Priori Error Estimate

The approximation property of the space V}, can be characterized by

Lemma 7.3 Suppose V}, is the piecewise linear finite element space (7.4),
which discretizes the functions in V', defined on (0, 1), with the interpolant
m:V —= V), defined by

mo(z) = Zv(xz)gb,(a:), (7.10)

=1

where {¢;} is the basis (7.5) of V3. Then

1
(v —7v)||201) < \// h?v"(z)? dz < Ch, (7.11)
0

1
||'U — ’/TU“L?(O,I) S \// h4’l)/l($)2 dx S ChQ,
0

where h = max; (x4 — ;).
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Proof. Take v € V and consider first (7.11) on an interval (z;,z;;1). By the
mean value theorem, there is for each z € (z;,2;41) a £ € (x;,;41) such that

v'(€) = (wv)'(x). Therefore
v'(x) — () (z) = V' (z) = v'(§) = zv"sds,

so that

/:”1 W' (z) — (mv)'(z)dz = /MJr1 (/w o"(s)ds)?da

z; 3

< [ ¢ /6 (0"(s))Pdsds

< R / %Hl(v"(s))st, (7.12)

which after summation of the intervals proves (7.11).
Next, we have

v(z) — mu(z) = / (v —mv)'(s)ds,
so by (7.12)
Tit1 Tit1 T
/ |v(x) — mv(z)|Pde = / (/ (v — mv)'(s)ds)*dzx
T; ziq;i+1 T; .
< / |z — ;] / (v — 7)")?*(s)dsdx
T - T
< n / (v (5))2ds,
which after summation of the intervals proves the lemma. O
Our derivation of the a priori error estimate

lw = unlly < Ch,

where u and uy, satisfy (7.3) and (7.4), respectivly, uses Lemma 7.3 and a
combination of the following four steps:
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(1) error representation based on the ellipticity

o /Q (02 (z) + (v'(2))?) do < A(v,v) = /Q (')’ + v?) da,
where o = in fye0,)(a(z), 7(x)) > 0,

(2) the orthogonality
A(u — up,v) =0 Yv € Vj,

obtained by V,, C V and subtraction of the two equations
A(u,v) = L(v) YveV by (7.3),
A(up,v) = L(v) YveV, by (74),
(3) the continuity
|A(v, w)| < Cllollvlwlly Yo,w eV,
where C' < sup,¢ (o 1y(a(z), (7)), and
(4) the interpolation estimates

Ch, (7.13)
Ch2,

(v = mv)||.

||lv — 7v|| L2

IAINA

where h = max (z;41 — ;).
To start the proof of an a priori estimate let e = u — uy. Then by Cauchy’s
inequality
Ale,e) = Ale,u— mu+ mu — up)
= Ale,u—7mu)+ Ale,mu — up)
Sige? Ale,u — mu)
VA(e,e)\/A(u — mu, u — 7u),
so that by division of \/A(e,e),

Ale,e) < A(u—mu,u— mu)

IN

=+

cp3 Cllu — mul|y

/Il = 7l + [|(u — 7uy|2

Step4
<
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Therefore, by Step 1
allell; < A(e,e) < Ch?,

which implies the a priori estimate
leflv < Ch,

where C' = K (u). O

7.2.2 An A Posteriori Error Estimate

Example 7.4 Consider the model problem (7.1), namely,

{ —(av) +ru=f in (0,1),
u(0) = u(1) = 0.

Then

\/A(u —up,u—up) < C ||a’%(f — rup + a'uy,)h||p2
= E(h,u, f). (7.14)

Proof. Let e = u — uy and let me € V}, be the nodal interpolant of e. We
have

Ae,e) = Ale,e—me) (by orthogonality)
= A(u,e —me) — A(up, e — me).

Using the notation (f,v) = fol fv dx, we obtain by integration by parts

N

Ale,e) = (f,e—me) — Z /%m (auy, (e — me)' + rup(e — we)) dz

N

Tit1

= (f —rup,e—me)— Z {[au}l(e — me)|gH — / (auy,) (e — me) dx}
i=1 Ti

= (f—ru,+du,e—me) (since up|(@iz,) =0, (e—me)(x;) =0)

< ||a_%h(f —rup + a'u;l)||L2||a%h_1(e —me)||ze-
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Lemma 7.5 implies

VAle,e) < C||a_%h(f — rup + a'uy)|| e,
which also shows that
llellv < Ch,

where C' = K'(up). O

Lemma 7.5 There is a constant C, independent of u and uy, such that,
1
||a%h_1(e —me)|[r2 < C\// ae'e’ dr < Cy/A(e,e)
0

Exercise 7.6 Use the interpolation estimates in Lemma 7.3 to prove Lemma
7.5.

O

7.2.3 An Adaptive Algorithm

We formulate an adaptive algorithm based on the a posteriori error estimate
(7.14) as follows:

(1) Choose an initial coarse mesh 7},, with mesh size hy.
(2) Compute the corresponding FEM solution uy,; in Vi, .

(3) Given a computed solution uy, in V},,, with the mesh size h;,

stop if E(h;,up, f) <TOL
go to step 4 if E(h;,up,, f) > TOL.

(4) Determine a new mesh T}, , with mesh size h;;, such that
E(hi+1a Uhy f) = TOL:

by letting the error contribution for all elements be approximately con-
stant, i.e.

1 ~ -
la™2h(f — run — a'up) || L2@imi) =C, i=1,..., N,

then go to Step 2.
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7.3 Lax-Milgram’s Theorem
Theorem 7.7 Suppose A is symmetric, i.e. A(u,v) = A(v,u) Yu,v €V,
then (Variational problem) <= (Minimization problem) with

(Var) Find u € V such that A(u,v) = L(v) Yv eV,
(Min) Findu €V such that F(u) < F(v) Yv eV,

where

F(w)

Il

1
EA(w,w) — L(w) Vw e V.

Proof. Take e € R. Then
1
(=) Flu + ew)= §A(u + ew,u + ew) — L(u + ew)

= (%A(u, u) — L(u)) + eA(u,w) — eL(w) + %6214(11}, w)

> (%A(u, u) — L(u)) (since %GZA(UJ, w) >0 and A(u,w) = L(w))
= F(u).
(<) Let g(e) = F(u + ew), where g : R — R.. Then
0=¢'(0)=0-A(w,w) + A(u, w) — L(w) = A(u,w) — L(w).

Therefore
A(u,w) = L(w) Yw € V.

Theorem 7.8 (Lax-Milgram) Let V be a Hilbert space with norm || - ||v
and scalar product (-,-)yv and assume that A is a bilinear functional and L is
a linear functional that satisfy:

(1) A is symmetric, i.e. A(v,w) = A(w,v) Yv,w € V;

(2) A is V-elliptic, i.e. 3 a >0 such that A(v,v) > a||v||}, Vv e V;
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(3) A is continuous, i.e. 3 C € R such that |[A(v,w)| < Cl|v||v||w||v; and
(4) L is continuous, i.e. 3 A € R such that |L(v)| < Aljv|ly Vv e V.

Then there is a unique function v € V' such that A(u,v) = L(v) Yv €V,
and the stability estimate ||ul|y < A/a holds.
Proof. The goal is to construct v € V solving the minimization problem

F(u) < F(v) for all v € V, which by the previous theorem is equivalent to
the variational problem. The energy norm, ||v||> = A(v,v), is equivalent to
the norm of V, since by Condition 2 and 3,

allolly < A(v,v) = [lv]l* < Cllolly-
Let
B =infyev F(v). (7.15)
Then 8 € R, since

1 1 A2
P) = 5llel? = L) > Sllel? = Allo]l > —-

We want to find a solution to the minimization problem min,cy F(v). It is
therefore natural to study a minimizing sequence v;, such that

F(v;) = = inf F(v). (7.16)

veEV

The next step is to conclude that the v; infact converge to a limit:

2 2

UZ'—’Uj
2

’Ui+’Uj

1 1
= §||Uz||2 + §||Uj||2 — ( by the parallelogram law )

1
= Slloill® = L) + S llosl* = L(vy)

— F(u)+ Fv)) — 2F (”" Y )

o)+ F(i) ~ 28 (by (715))
— 0, ( by (7.16) ).

Uz'—f—?)j 2
2

IN
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Hence {v;} is a Cauchy sequence in V' and since V is a Hilbert space ( in
particular V is a complete space) we have v; - u € V.
Finally F(u) = 3, since

1
Fo) = F)| = [5(ul* = ulP) = (s = )]
= %A(vi —u,v; +u) — L(v; — u)|
C
< (5”1)1 +ully + A)|lv; — ullv
— 0.

Therefore there exists a unique (why?) function v € V such that F(u) <
F(v) Yv € V. To verify the stability estimate, take v = u in (Var) and use
the ellipcity (1) and continuity (3) to obtain

aflully, < Ay, u) = L(u) < Allullv

so that
A
fully <=

The uniqueness of v can also be verified from the stability estimate. If uq, us
are two solutions of the variational problem we have A(u; — ug,v) = 0 for all
v € V. Therefore the stability estimate implies ||u; — ug||y =0, i.e. u; = uy
and consequently the solution is unique. O

Example 7.9 Determine conditions for the functions k,7 and f : Q@ — R
such that the assumptions in the Lax-Milgram theorem are satisfied for the
following elliptic partial differential equation in Q C R?

—div(kVu)+ru = f in Q
u = 0 on Of.

Solution. This problem satisfies (Var) with

V={v: /Q(UZ(x) + |Vo(z)[?) dz < oo, and v = 0},
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Alu,v) = /Q(kVqu-i-ruv) dz,
Lw) = [ fode
loll}, = /Q(v2(x)+\Vv\2) dz.

Consequently V' is a Hilbert space and A is symmetric and continuous pro-
vided k£ and r are uniformly bounded.
The ellipticity follows by

Alv,v) = /(k|Vv|2+rUQ) da
Q

> a/ﬂ(vQ(ar) +|Vv|?) dz
= afvllz,
provided « = inf cq(k(x), r(z)) > 0.
The continuity of A is a consequence of
A(v,w) < max([[kl Lo, ||| o) /Q(IVUIIVw\ + [v]|w])dz
< max(|[kllzes, 7]l o) [0l llwll e

provided max(||k||ze, ||7]|L=) = C < 0.
Finally, the functional L is continuous, since

IL)| < I flleellollee < 1 F A2 lvllv,y
which means that we may take A = ||f||,> provided we assume that f €
L*(Q2). Therefore the problem satisfies the Lax-Milgram theorem. a
Example 7.10 Verify that the assumption of the Lax-Milgram theorem are

satisfied for the following problem,

—Au = f in Q,
u = 0 on 0.
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Solution. This problem satisfies (Var) with
V=Hy, = {veH" : v|sg =0},
H = {v: /(1)2@) + [Vo(@)P) dz < oo},
Q

To verify the V-ellipticity, we use the Poincaré inequality, i.e. there is a
constant C' such that

veH, = /v2 dr < C/ \Vul® dz. (7.17)
0 0

In one dimension and 2 = (0, 1), the inequality (7.17) takes the form

/0 () d < /0 (W (@)? d, (7.18)

provided v(0) = 0. Since

1
< / v'(s)? ds  since z € (0,1).
0
The V-ellipticity of A follows by (7.18) and

Av,v) = /0 @) de = : /0 1 ((U'(x))Q d:v—i—%(v'(:r))Q) da

1 1

> 2 /0 (' (2)? +v(2)?) da
1

= el wen
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The other conditions can be proved similarly as in the previous example.
Therefore this problem satisfies the Lax-Milgram theorem. O
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Chapter 8

Markov Chains, Duality and
Dynamic Programming

8.1 Introduction

There are two main ideas in the arbitrage theory of pricing. One is that in
complete markets, everyone should agree on a common price — any other price
leads to an arbitrage opportunity. The other is that this price is the expected
value of the cash flow with respect to some probability model — risk neutral
pricing. In the simplest case, this probability model is a discrete Markov
chain. This lecture describes how to compute probabilities and expected
values for discrete Markov chain models. This is the main computational
step in ”risk neutral“ option pricing.

The methods here compute the expected values by a time marching pro-
cess that uses the transition matrix. Another evolution process allows us
to compute probabilities. These evolution processes are related but not the
same. The relation between the forward evolution for probabilities and the
backward evolution for expected values is called duality. It is similar to the
relation between a matrix and its transpose. The transpose of a matrix is
sometimes called its dual.

The method of risk neutral arbitrage pricing extends to other more tech-
nical situations, but the main ideas are clear in the simple context of Markov
chains. If the Markov chain model is replaced by a stochastic differential
equation model, then the transition matrix is replaced by a partial differen-
tial operator — the ”generator®, and the matrix transpose is replaced by the
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“dual” of this generator. This is the subject of future lectures.

Many financial instruments allow the holder to make decisions along the
way that effect the ultimate value of the instrument. American style options,
loans that be repaid early, and convertible bonds are examples. To compute
the value of such an instrument, we also seek the optimal decision strategy.
Dynamic programming is a computational method that computes the value
and decision strategy at the same time. It reduces the difficult “multiperiod
decision problem” to a sequence of hopefully easier “single period” problems.
It works backwards in time much as the expectation method does. The tree
method commonly used to value American style stock options is an example
of the general dynamic programming method.

8.2 Markov Chains

(This section assumes familiarity with basic probability theory using mathe-
maticians’ terminology. References on this include the probability books by
G. C. Rota, W. Feller, Hoel and Stone, and B. V. Gnedenko.)

Many discrete time discrete state space stochastic models are stationary
discrete Markov chains. Such a Markov chain is characterized by its state
space, &, and its transition matrix, P. We use the following notations:

e &y, .... possible states of the system, elements of S.
e The possible times are t =0, 1, 2, .. ..

e X (t): the (unknown) state of the system at time ¢. It is some element
of S.

e u(z,t) = Pr(X(t) = x). These probabilities satisfy an evolution equa-
tion moving forward in time. We use similar notation for conditional
probabilities, for example, u(z,t/X(0) = z) = Pr(X(t) = z|X(0) =
370).

e p(z,y) =Pr(z - y) =Pr(X(t+1) = y|X(¢) = z). These “transition
probabilities” are the elements of the transition matrix, P.

The transition probabilities have the properties:

0<p(z,y) <1 forallzeSandyeS. (8.1)
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and

Zp(x,y) =1 forallz €S. (8.2)

yeS

The first is because the p(z,y) are probabilities, the second because the state
x must go somewhere, possibly back to x. It is not true that

(NOT ALWAYS TRUE) Y p(z,5)=1 . (NOT ALWAYS TRUE)

€S

The Markov property is that knowledge of the state at time ¢ is all the
information about the present and past relevant to predicting the future.
That is:

Pr(X(t+1)=y|X(t) =20, X(t —1) = 21,...)
= Pr(X(t+1) = y|X(t) = z0) (8.3)

no matter what extra history information (X (t —1) = x4, ...) we have. This
may be thought of as a lack of long term memory. It may also be thought of
as a completeness property of the model: the state space is rich enough to
characterize the state of the system at time ¢ completely.

To illustrate this point, consider the model

Zt+1)=aZ(t)+bZ(t—1)+&(2), (8.4)

where the £(t) are independent random variables. Models like this are used
in “time series analysis”. Here Z is a continuous variable instead a discrete
variable to make the example simpler. If we say that the state at time ¢ is
Z(t) then (8.4) is not a Markov chain. Clearly we do better at predicting
Z(t+1) if we know both Z(t) and Z(¢ — 1) than if we know just Z(t). If we
say that the state at time ¢ is the two dimensional vector

then

may be rewriten



Thus, X (t) is a Markov chain. This trick of expressing lag models with
multidimensional states is common in time series analysis.

The simpler of the evolutions, and the one less used in practice, is the
forward evolution for the probabilities u(x,t). Once we know the numbers
u(z,t) for all x € S and a particular ¢, we can compute them for ¢ + 1.
Proceding in this way, starting from the numbers u(z,0) for all z € S, we
can compute up to whatever T is desired. The evolution equation for the
probabilities u(z, t) is found using conditional probability:

u(z,t+1) = Pr(X(t+1)=2)
= ) Pr(X(t+1)=z|X(t) =y) - Pr(X(t) = y)

yeS

u(z,t+1) = Zp(y,x)u(y,t). (8.5)

yeS

To express this in matrix form, we suppose that the state space, S, is
finite, and that the states have been numbered z1, ..., x,. The transition
matrix, P, is n xn and has (4, j) entry p;; = p(x;, ;). We sometimes conflate
i with z; and write p,, = p(z,y); until you start programming the computer,
there is no need to order the states. With this convention, (8.5) can be
interpreted as vector-matrix multiplication if we define a row vector u(t)
with components (uy(t),...,u,(t)), where we have written u,(t) for u(z;,1t).
As long as ordering is unimportant, we could also write u,(t) = u(z,t). Now,
(8.5) can be rewritten

u(t+1) =u(t)P . (8.6)

Since u is a row vector, the expression Pu does not make sense because the
dimensions of the matrices are incompatible for matrix multiplication. The
convention of using a row vector for the probabilities and therefore putting
the vector in the left of the matrix is common in applied probability. The
relation (8.6) can be used repeatedly’

u(1) = u(0)P and u(2) = u(1)P
_)
u(2) = (u(0)P) P = u(0) (PP) = u(0)P*
1The most important fact in linear algebra is that matrix multiplication is associative:

(AB)C = A(BC) for any three matrices of any size, including row or column vectors, as
long as the multiplication is compatible.
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to yield
u(t) =u(0)P" (8.7)

where P! means P to the power t, not the transpose of P.

Actually, the Markov property is a bit stronger than (8.3). It applies not
only to events determined by time ¢+ 1, but to any events determined in the
future of t. For example, if A is the event X (¢t +3) =z or y and X (¢t +1) #
X(t+4), then

Pr(A| X(t)=zand X(t—1)=w)=Pr(A| X(t) =2) .

8.3 Expected Values

The more general and useful evolution equation is the backward evolution
for expected values. In the simplest situation, suppose that X (¢) is a Markov
chain, that the probability distribution u(z,0) = Pr(X(0) = z) is known,
and that we want to evaluate E(V (X (T')). We will call time ¢ = 0 the present,
time ¢ = T the payout time, and times ¢t = 1,--- ,T — 1 intermediate times.

The backward evolution computed the desired expected value in terms of
a collection of other conditional expected values, f(z,t), where x € S and ¢
is an intermediate time. We start with the final time values f(z,T) = V (x)
for all z € §. We then compute the numbers f(z,7 — 1) using the f(x,t)
and P. We continue in this way back to time ¢t = 0.

The f(x,t) are expected values of the payout, given knowledge of the
state at a future intermediate time:

flz, 1) = BE[V(X(T))| X (t) = ] . (8.8)

Recall our convention that time 0 is the present time, time ¢ > 0 is in the
future, but not as far in the future as the time, 7', at which the payout is
made. We may think of the f(z,t) as possible expected values at the future
intermediate time ¢. At time ¢ we would know the value of X (¢). If that
value were z, then the expected value of V(X (7)) would be f(x,t).

Instead of computing f(z,t) directly from the definition (8.8), we can
compute it in terms of the f(z,t+ 1) using the transition matrix. If the
system is in state z at time ¢, then the probability for it to be at state y at
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the next time is p(x — y) = p(z,y). For expectation values, this implies

flz,t) = E[fr(X(T))|X(t) = 2]
= ) E[fr(XD)X({t+1)=y]-Pr(X(t+1) =y | X(t) = 2)

yeS

fle,t) = D fly,t+Dple,y) . (8.9)

yeS

It is clear from (8.8) that f(z,T) = V(z); if we know the state at time T’
then we know the payout exactly. From these, we compute all the numbers
f(z, T — 1) using (8.9) with t = T — 1. Continuing like this, we eventually
get to t = 0. We may know X(0), the state of the system at the current
time. For example, if X (¢) is the price of a stock at time ¢, then X (0) = z,
is the current spot price. Then the desired expected value would be f(zo,0).
Otherwise we can use

EV(X(T)] = Y E[V(X(I))|X(0)= 1] Pr(X(0) = z)

= Y f(z,0)u(z,0) .

€S

All the values on the bottom line should be known.

Another remark on the interpretation of (8.9) will be helpful. Suppose we
are at state = at time ¢ and wish to know the expected value of V(X (T)). In
one time step, starting from state z, we could go to state y at time ¢+ 1 with
probability? p(x,y). The right side of (8.9) is the average over the possible y
values, using probability p(z, y). The quantities being averaged, f(y,t+1) are
themselves expected values of V(X (7). Thus, we can read (8.9) as saying
that the expected value is the expected value of the expected values at the
next time. A simple model for this situation is that we toss a coin. With
probability p we get payout U and with probability 1—p we get payout V. Let
us suppose that both U and V are random with expected values fyy = E(U)
and fy = E(V). The overall expected payout is p- f, + (1 — p) - fy. The
Markov chain situation is like this. We are at a state x at time ¢. We first
choose state y € S with probability p(z,y). For each y at time ¢+ 1 there is
a payout probability, U,, whose probability distribution depends on y, ¢ + 1,

2Here we should think of y as the variable and  as a parameter.
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V', and the Markov chain. The overall expected payout is the average of the
expected values of the Uy, which is what (8.9) says.

As with the probability evolution equation (8.5), the equation for the
evolution of the expectation values (8.9) can be written in matrix form. The
difference from the probability evolution equation is that here we arrange the
numbers f; = f(z;,t) into a column vector, f(t). The evolution equation for

the expectation values is then written in matrix form as

F&)=Pf(t+1) . (8.10)

This time, the vector goes on the right. If apply (8.10) repeatedly, we get,
in place of (8.7),

f(t)=P"f(T) . (8.11)

There are several useful variations on this theme. For example, suppose

that we have a running payout rather than a final time payout. Call this

payout g(z,t). If X(¢) = x then g(x,t) is added to the total payout that
accumulates over time from t =0 to t = T. We want to compute

> 9(xX ), t)]

t=0

E

As before, we find this by computing more specific expected values:

f(z,t)=E

DX, )X (1) = w]

t'=t

These numbers are related through a generalization of (8.9) that takes into
account the known contribution to the sum from the state at time ¢:

fla,t) =) fly,t+ Dplz,y) + g(z,1) .

yeS

The “initial condition”, given at the final time, is

f(va) = g(x,T) .

This includes the previous case, we take g(z,7) = fr(z) and g(z,t) = 0 for
t<T.
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As a final example, consider a path dependent discounting. Suppose for a
state = at time ¢ there is a discount factor r(z,¢) in the range 0 < r(z,¢) < 1.
A cash flow worth f at time ¢t+ 1 will be worth r(x,¢)f at time ¢ if X (¢) =
We want the discounted value at time ¢t = 0 at state X (0) = x of a final time
payout worth fr(X (7)) at time 7. Define f(x,t) to be the value at time ¢ of
this payout, given that X (¢) = z. If X(¢) = x then the time ¢ + 1 expected
discounted (to time ¢ + 1) value is

D Fly,t+1p(z,y) -
YyeS
This must be discounted to get the time ¢ value, the result being

fla,t) =r(z,6) > fly,t+)p(z,y) -

yeS

8.4 Duality and Qualitative Properties

The forward evolution equation (8.5) and the backward equation (8.9) are
connected through a duality relation. For any time ¢, we compute (8.8) as

E[V(X(T)] = Y E[V(X(T)X(t)=21] - Pr(X(t) = z)

€S

= Y flz,tule,t) . (8.12)

zeSsS

For now, the main point is that the sum on the bottom line does not depend
on t. Given the constancy of this sum and the u evolution equation (8.5), we
can give another derivation of the f evolution equation (8.9). Start with

Zf(x,t—l—l (z,t+1) ny,

T€S yeS

Then use (8.5) on the left side and rearrange the sum:

Z(Zfﬂﬂ Py, ) =t

yeS \zeS yeS

Now, if this is going to be true for any u(y,t), the coefficients of u(y,t) on
the left and right sides must be equal for each y. This gives (8.9). Similarly,
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it is possible to derive (8.5) from (8.9) and the constancy of the expected
value.
The evolution equations (8.5) and (8.9) have some qualitative properties
in common. The main one being that they preserve positivity. If u(x,t) > 0
forallz € S, then u(z,t+1) > 0 for all z € S also. Likewise, if f(x,t+1) > 0
for all z, then f(z,t) > 0 for all . These properties are simple consequences
of (8.5) and (8.9) and the positivity of the p(z,y). Positivity preservation
does not work in reverse. It is possible, for example, that f(z,¢+ 1) < 0 for
some z even though f(z,t) > 0 for all .
The probability evolution equation (8.5) has a conservation law not shared
by (8.9). It is
Zu(x,t) = const . (8.13)
€S
independent of ¢. This is natural if u is a probability distribution, so that the
constant is 1. The expected value evolution equation (8.9) has a mazimum
principle
max f(z,t) < max flz, t+1) . (8.14)

This is a natural consequence of the interpretation of f as an expectation
value. The probabilities, u(z, t) need not satisfy a maximum principle either
forward of backward in time.

This duality relation has is particularly transparent in matrix terms. The
formula (8.8) is expressed explicitly in terms of the probabilities at time ¢ as

> @, Tu(z,T) ,

which has the matrix form
u(t)f(T) .
Written in this order, the matrix multiplication is compatible; the other

order, f(T)u(T'), would represent an n x n matrix instead of a single number.
In view of (8.7), we may rewrite this as

w(0)P'f(T) .

Because matrix multiplication is associative, this may be rewritten

[w(0)P'] - [P f(T)] (8.15)
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for any ¢. This is the same as saying that u(¢) f(T — t) is independent of ¢,
as we already saw. B

In linear algebra and functional analysis, “adjoint” or “dual” is a fancy
generalization of the transpose operation of matrices. People who don’t like
to think of putting the vector to the left of the matrix think of uP as mul-
tiplication of (the transpose of) u, on the right, by the transpose (or adjoint
or dual) of P. In other words, we can do enough evolution to compute an
expected value either using P its dual (or adjoint or transpose). This is the
origin of the term “duality” in this context.

8.5 Dynamic Programming

Dynamic programming is a method for valuing American style options and
other financial instruments that allow the holder to make decisions that effect
the ultimate payout. The idea is to define the appropriate value function,
f(z,t), that satisfies a nonlinear version of the backwards evolution equation
(8.9). In the real world, dynamic programming is used to determine “opti-
mal” trading strategies for traders trying to take or unload a big position
without moving the market, to find cost efficient hedging strategies when
trading costs or other market frictions are significant, and for many other
purposes. Its main drawback stems from the necessity of computing the cost
to go function (see below) for every state z € S. For complex models, the
state space may be too large for this to be practical. That’s when things
really get interesting.

I will explain the idea in a simple but somewhat abstract situation. As
in the previous section, it is possible to use these ideas to treat other re-
lated problems. We have a Markov chain as before, but now the transition
probabilities depend on a “control parameter”, £&. That is

p(x,y,§) =Pr(X(t+1) =yl X(t) = z,§) .

In the “stochastic control problem”, we are allowed to choose the control
parameter at time ¢, £(t), knowing the value of X (¢) but not any more about
the future than the transition probabilities. Because the system is a Markov
chain, knowledge of earlier values, X (t—1), ..., will not help predict or control
the future. Choosing ¢ as a function of X (¢) and ¢ is called “feedback control”
or a “decision strategy”. The point here is that the optimal control policy
is a feedback control. That is, instead of trying to choose a whole control
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trajectory, £(t) for ¢t = 0,1,...,7T, we instead try to choose the feedback
functions (X (¢),t). We will write £(X, t) for such a decision strategy.
Any given strategy has an expected payout, which we write

E¢ [V(X(T))]

Our object is to compute the value of the financial instrument under the
optimal decision strategy:

max E: [V(X(T))] , (8.16)

and the optimal strategy that achieves this.
The appropriate collection of values for this is the “cost to go” function

f ) = max B [V (X (1) [X (1) = ] . (8.17)

As before, we have “initial data” f(z,T) = V(z). We need to compute the
values f(z,t) in terms of already computed values f(z,t+ 1). For this, we
suppose that the optimal decision strategy at time ¢ is not yet known but
those at later times are already computed. If we use control variable £(t) at
time ¢, and the optimal control thereafter, we get payout depending on the
state at time ¢ + 1:

E[f(X(t+1),t+1)|X(t) =2,60)] =) fly,t+ Dplz,y,£(1) -

yeS

Maximizing this expected payout over £(t) gives the optimal expected payout
at time ¢:

flat) = max ) f(y,t+Dp(,,8(1)) - (8:18)

This is the principle of dynamic programming. We replace the “multiperiod
optimization problem” (8.17) with a sequence of hopefully simpler “single
period” optimization problems (8.18) for the cost to go function.

8.6 Examples and Exercises

1. A stationary Markov chain has three states, called A, B, and C. The
probability of going from A to B in one step is .6. The probability of
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staying at A is .4. The probability of going from B to A is .3. The
probability of staying at B is .2, and the probability of going to C'is .5.
From state C, the probability of going to B is .8 and the probability
of going to A is zero. The payout for state A is 1, for state B is 4, and
for state C'is 9.

a. Compute the probabilities that the system will be in state A, B, or
C after two steps, starting from state A. Use these three numbers

to compute the expected payout after two steps starting from state
A.

b. Compute the expected payouts in one step starting from state A
and from state B. These are f(A,1) and f(B, 1) respectively.

c. See that the appropriate average of f(A,1) and f(B, 1) agrees with
the answer from part a.

2. Suppose a stock price is a stationary Markov chain with the following
transition probabilities. In one step, the stock goes from S to uS
with probability p and from S to dS with probability ¢ = 1 — p. We
generally suppose that u (the uptick) is slightly bigger than one while d
(the downtick) as a bit smaller. Show that the method for computing
the expected payout is exactly the binomial tree method for valuing
European style options.

3. Formulate the American style option valuation problem as an optimal
decision problem. Choosing the early exercise time is the same as
deciding on each day whether to exercise or not. Show that the dynamic
probramming algorithm discussed above is the binomial tree method
for Amercian style options. The optimization problem (8.18) reduces
to taking the max between the computed f and the intrinsic value.

4. This is the simplest example of the “linear quadratic gaussian” (LQG)
paradigm in optimal control that has become the backbone of tradi-
tional control engineering. Here X (¢) is a real number. The transitions
are given by

X(t+1)=aX(t)+0G(t)+£(1), (8.19)

where G(t) is a standard normal random variable and the G(t) for
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different ¢ values are independent. We want to minimize the quantity

C=> X(t)+ ui £(t)? (8.20)

We want to find a chioce of the control, &, that minimizes E(C). Note
that the dynamics (8.19) are linear, the noise is gaussian, and the cost
function (8.20) is quadratic. Define the cost to go function f(z,t) to
be the cost incurred starting at x at time ¢ ignoring the costs that are
incurred at earlier times. Start by computing f(x,T — 1) explicitly by
minimizing over the single variable £(T" — 1). Note that the optimal
(T — 1) is a linear function of X (7" — 1). Using this information,
compute f(z,T — 2) by optimizing over £(7 — 2), and so on. The
LQG model in control engineering justifies linear feedback control in
much the same way the gaussian error model and maximum likelihood
justifies least squares estimation in statistics.
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Chapter 9

Optimal Control

The purpose of Optimal Control is to influence the behavior of a dynamical
system in order to achieve a desired goal. Optimal control has a huge variety
of applications, such as aerospace, aeronautics, chemical plants, mechani-
cal systems, finance and economics. In this chapter we consider dynamical
systems whose evolution is determined by ordinary stochastic differential
equations, although the derived principles are still valid in more general sit-
uations.

To give some intuition on the subject and to introduce some basic concepts
let us consider a hydro-power generator in a river. Suppose that we are the
owners of such a generator, and that our goal is to maximise our profit by
selling electricity in some local electricity market. This market will offer us
buying prices at different hours, so one decision we have to make is when and
how much electricity to generate. To make this decision may not be a trivial
task, since besides economic considerations, we also have to meet technical
constraints. For instance, the power generated is related to the amount of
water in the reservoir, the turbined flow and other variables. Moreover, if we
want a plan for a period longer than just a few days the water inflow to the
lake may not be precisely known, making the problem stochastic.

We can now state our problem then in optimal control terms as the maxi-
mization of an objective function, the expected profit from selling electricity
power during a given period, with respect to control functions, like the hourly
turbined flow. Observe that the turbined flow is positive and smaller than
a given maximum value, so it is natural to have a set of feasible controls,
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namely the set of those controls we can use in practice. In addition, our
dynamical system evolves according to a given law, also called the dynamics,
which here comes from a mass balance in the dam’s lake. This law tells us
how the state variable, the amount of water in the lake, evolves with time
according to the control we give. Since the volume in the lake cannot be
negative, there exist additional constraints, known as state constraints, that
have to be fulfilled in the optimal control problem.

After introducing the formulation of an optimal control problem the next
step is to find its solution. As we shall see, the optimal control is closely
related with the solution of a nonlinear partial differential equation, known
as the Hamilton Jacobi equation. To derive the Hamilton Jacobi equation
we shall use the dynamic programming principle, which relates the solution
of a given optimal control problem with solutions to simpler problems.

9.1 An Optimal Portfolio

Example 9.1 Assume that the value of a portfolio, X (t), consists of risky
stocks, S(t) = a(t)X(t), and riskless bonds, B(t) = (1 — a(t))X (), where
a(t) € [0,1] and

dS = aSdt+ cSdw, (9.1)
dB = bBdt, (9.2)

with 0 < b < a. Define for a given function g the cost function
Cro(e) = Elg(X(T))|X () = x].

Then our goal is to determine the Markov control function «(t, X (t)), with
a:[0,7] xR — [0,1] that maximizes the cost function. The solution will be
based on the function

u(t,z) = max Ciz(@),

and we will show that u(t, z) satisfies the following Hamilton-Jacobi equation,

2 2

u; + max {(aa +b(1 — a))zu, + ca x2um} =0, (9.3)
acl0,1] 2

u(T,z) = g(z),
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i.e.
Uy + H(x, Uy, Ugy) =0
for 5 5
_ UT o
H(z,p, w) = max (av + b(1 — v)zp + ——z*w).
v€[0,1] 2

Example 9.2 Assume that u,, < 0 in the equation (9.3). Determine the
optimal control function a*.

Solution. By differentiating f(a) = (aa + b(1 — @))zu, + “2;‘2 T?Ugy in (9.3)
with respect to a and using df /da = 0, we obtain

(@ — b)uy

a=—"— .
C2TU gy

Then the optimal control o* is given by

0, if a<0
o =4¢ &, if &el0,1]
1 ifl<a

The optimal value yields in (9.3) the Hamilton-Jacobi equation

Uy + H(IL', Uy, uww) = 05

where
bru,, if & <0
(a—b)%u2 .
H(.T, Uy, u:m) — bru, — 7202,“3” Jif & e [0, 1] (94)
2,2
axuw—i-cx Yoz it 1 < &
O

Example 9.3 What is the optimal control function @ = o* for g(z) =
2 0<r<1?
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Solution. We have dX = d(aX + (1 — a)X) = dS + dB = (aS + bB)dt +
cSdW = (aaX + b(1 — o) X)dt + caXdW, so that the Ito formula yields

-1
dg(X) = dX"=rX"'dX + %X’”(dX)Q
1
= rX"(eaa+b(1 — a))dt + rX"acdW + §a202r(r —1)X"dt.

Taking the expectation value in the above,
T 1
EX"(T)]=X"(0)+ FE [/ rX" (aoz +b(1 —a)+ §a202(7“ — 1)) dt} :
0

Finally, perturb the above equation with respect to ¢ € R, provided a =
a*+ev for some feasible function v, that is a*+ev € [0, 1] for sufficiently small
e. Then the optimal control, o*, should satisfy E[X].. . (T)] - E[X}.(T)] >
0 Vu. If we make the assumption o* € (0,1), then we obtain

T
E[/ rX"v(a —b+ o c(r—1))dt] =0, Vv
0
which implies

_ a—>b
(-1

*

Exercise 9.4 What is the optimal control in (9.3) for g(z) = logx ?

9.2 Control of SDE

In this section we study optimal control of the solution X (¢) to the stochastic
differential equation

{ dX; =a;(X(s),a(s, X(s)))dt + b;;(X(s), (s, X(s)))dW,;, t<s<T (9.5)

X(t) ==

where 7' is a fixed terminal time and x € R" is a given initial point. Assume
that a;, b;; : R* x A — R are smooth bounded functions, where A is a given
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compact subset of R™. The function « : [0,7] x R* — A is a control and
let A be the set of admissible Markov control functions ¢ — «(t, X (¢)). The
Markov control functions use the current value X (s) to affect the dynamics
of X by adjusting the drift and the diffusion coefficients. Let us for these
admissible controls « € A define the cost

Crala) = E| / h(X (5), a(s))ds + g(X (T)

where X solves the stochastic differential equation (9.5) with control « and
h:R"xA—-R, ¢g:R*"—>R

are given smooth bounded functions. We call A the running cost and g the
terminal cost. Our goal is to find an optimal control o* which minimizes the
expected cost, Cy ().

Let us define the value function

u(t,z) = ;Ielg Ci (). (9.6)

The plan is to show that u solves a certain Hamilton-Jacobi equation and
that the optimal control can be reconstructed from u. We first assume for
simplicity that the optimal control is attained, i.e

u(t,z) = Ianelﬂ Ciz(a) = Cpp(a’).

The generalization of the proofs without this assumption is discussed in Ex-
ercise 9.7.

9.3 Dynamic Programming and Hamilton-Jacobi
Equations

Lemma 9.5 Assume that assumptions in section 9.1 hold. Then, the func-
tion u satisfies, for all & > 0, the dynamic programming relation

t+6
u(t,z) = min E[l h(X (s),a(s, X(s)))ds + u(t + 9, X (t + ))]. (9.7)

a:ft,t+0]—A
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Proof. The proof has two steps: to use the optimal control to verify

)2 min B / o(s))ds + ult + 5, X (¢ + )],

and then to show that an arbitrary control yields
t+6
u(t,z) < min F| h(X(s), a(s))ds + u(t + 06, X (t + 0))],

acA ¢

which together imply Lemma 9.5.
Step 1: Choose the optimal control o, from ¢ to 7', to obtain

w(t,z) = minE[ /t " RX(S), als, X (5)))ds + g(X(T))}

min
— E /M *(s))ds] + E| ; h(X (s), a*(s))ds + g(X (T))]
_ g / “ “(s))ds]

‘i [E[ +Jh(x<s>, @ (9)ds + g(X(T)] X(t-+ )]
> E[/H& “(s))ds] + E[u(X (t+ 6), ¢ + 0)]

> minE [/tm B(X (), a(s, X (s))ds + u(X (¢ + ), ¢ + 5)} .

acA

Step 2: Choose the control at to be arbitrary from ¢ to ¢ + ¢ and then,
given the value X (¢4 0), choose the optimal o* from ¢+ § to 7. Denote this
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control by o = (a, a*). Definition (9.6) shows
u(t,z) < Cigzla

- &l / (5)ds + 9(X(T))]

t+6 T
= E[/t h(X(s), 0" (s))ds] + E| Mh(X(S),a*(S))dS +9(X(T))]

= B / B(X(s), 0" (s))ds]
+E [E[/ (X (s), o (s))ds + g(X (T))| X (¢ + 5)]]
t+6
t+0
- E[/t B(X (s), ot (s))ds] + E[u(X(t + 6),t + 6)].

Taking the minimum over all controls yields

t+6
u(t,r) < min E [/t h(X(s),at(s))ds +u(X(t+d),t + 5)} :

ateA

Theorem 9.6 Assume that X solves (9.5) with a Markov control function
a and that the function u defined by (9.6) is bounded and smooth. Then u
satisfies the Hamilton-Jacobi equation

uy + H(t,z, Du, D*u) = 0,
u(T,z) = g(=),

with the Hamiltonian function

H(t,z, Du, D*u) = min | a;(z, @)dgu(t, ) + bi’“(x’o‘);jk(ﬂ?;a)

Oz, u(t, ) + h(z, )

Proof. The proof has two steps: to show that the optimal control o = o*
yields

X Lk

. b3 b .
Uy + a; Op,u + 5 Op;z;u+ h* =0, (9.8)
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where a*(z) = a(z, a*(t, z)), b*(x) = b(z, a*(¢,z)) and h*(t, z) = h(t, z, a*(t, z)),
and then that an arbitrary control o™ implies

+ 7+
ikbjlc

uy + a; Op,u + Oyt + T >0, (9.9)

where ot (z) = a(z, a™(t,z)),b" (z) = b(z, ™ (¢, x)) and AT (¢, ) = h(t, z, ™ (L, x)).
The two equations (9.8) and (9.9) together imply Theorem 9.6.

Step 1 : Choose o = a* to be the optimal control in (9.5). Then by the
dynamic programming principle of Lemma 9.6

t+o
u(X(t),t) = E[/t h(X(s),a" (s, X(s)))ds +u(X(t+9),t+ )],

so that It ’s formula implies

Ch(tz, ot x))dt = Eldu(X(¢),t)] X(t) = 4] (9.10)

* *

Dbk
= (u+a;0yu—+ 5 Or;z;u) (T, T)dL.

Definition (9.6) shows
u(T, z) = g(),
which together with (9.10) prove (9.8).
Step 2 : Choose the control function in (9.5) to be arbitrary from time
t to t + ¢ and denote this choice by o = at. The function v then satisfies by
Lemma 9.6

t+4
u(t,z) < E /t h(X (), ot ())ds] + E[u(X (£ + 6.t + 6)].

Hence E[du] > —h(z,a™)dt. We know that for any given o™, by It6 ’s
formula,

+pt
bix bk

Eldu(t,X(t))] = E |us + a; Op,u +

O;e;u | dL.

Therefore, for any control o™,

+ 7+
z'kbjk

U + a; Opu + Oy u + Bz, ™) > 0,

which proves (9.9) O
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Exercise 9.7 Use a minimizing sequence «; of controls, satisfying

u(t, :U) = lim C’t,w(ai),

1—00

to prove Lemma 9.6 and Theorem 9.6 without the assumption that the min-
imum control is attained.

Exercise 9.8 Let AT be the set of all adapted controls {« : [0,T]xC[0,T] —
A} where a(s, X) may depend on {X(7) : 7 < s}. Show that the minimum
over all adapted controls in A" is in fact the same as the minimum over all
Markov controls, i.e.

inf C,(a) = 51613 Ci (),

ac At

e.g. by proving the dynamic programming relation (9.7) for adapted controls
and motivate why this is sufficient.

9.4 Relation of Hamilton-Jacobi Equations and
Conservation Laws

In this section we will analyze qualitative behavior of Hamilton-Jacobi equa-
tions, in particular we will study the limit corresponding to vanishing noise
in control of stochastic differential equations. The study uses the relation
between the Hamilton-Jacobi equation for V : [0,7] x R - R

Vit H(Vz) =0, V(0,2) =Vo(z), (H—J)
and the conservation law for U : [0,7] x R - R
Uy+HWU),=0, U@O,2)=Uy(z). (C—-1L)

Observe that the substitution V (¢, z) = ffoo U(t,y)dy, so that U =V, and
integration in x from —oo to z in (C-L) shows

Vi+ H(V;) = HU(t, —00)). (9.11)

Combined with the assumptions U(t,z) — 0 as |z| — oo and H(0) = 0 we
conclude that V' solves (H-J), if U solves (C-L).
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Figure 9.1: Left: Initial condition. Right: Colliding characteristics and a
shock.

The next step is to understand the nature of the solutions of (C-L). Con-
sider the special Burger’s conservation law

2
0= Ut U Uy = Uyt (), U(0,2) = Uola). (9.12)
Let us define a characteristic path X : [0,T] x R — R by
X
) = U X(1), X0) = (9.13)

Thus, if ¢ (t) = U(t, X (t)) then %(t) = 0 by virtue of (9.12). This means that
the value of U is constant along a characteristic path. If the characteristics
do not collide into each other we may expect to find a solution using the
initial data Up(x) and the set of characteristics. Unfortunately, this is not
what happens in general, and collisions between characteristics do exist and
give birth to discontinuities known as shocks. For example, this is the case
when Up(x) = — arctan(z) and ¢t > 1.

Exercise 9.9 Show that w(t) = U,(X(¢),t) satisfies w(t) = w(0)/(1
w(0)t), t < 1, for Burger’s equation (9.12) with initial data U(z,0)
—arctan(z). Hence, w(1) = oo, for X (0) = 0.

II—I-

Since the method of characteristics does not work globally we have to find
an alternative way to explain what happens with the solution U (¢, ) near
a shock. It is not enough with the concept of strong or classical solution,
since the solution U(t,x) is not differentiable in general. For this purpose,
we define the notion of weak solution. Let V be the set of test functions
{¢ : (0,400) x R — R} which are differentiable and take the value zero
outside some compact set. Then an integrable function U is a weak solution
of (9.12) if it satisfies

/+OO /+°° ( (t,z)pe(t, ) + Uil )wm(t,x)) dv dt=0,VoeV (9.14)

2

“+o0o
/ Ut 2) — Up(a)|dz — 0, as ¢ —0 (9.15)

—00
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Figure 9.2: Shock velocity and Rankine Hugoniot condition

Example 9.10 The shock wave

t
Ut z) = {1 x <3,

0 otherwise.

is a weak solution satisfying (9.14) and (9.15). Observe that for s = 1/2

8t/abU o= UPta) —U2(t0) [U_z}

2 2

and
0 /b Udes=0(st—a)u_]+ (b—st)huy] =—-s(Uy —U-),
where
fan)) = w4 (z0) — - (z0) = Lim wlzo +3) ~ w(zo 1)

is the jump at the point zy. Consequently, the speed s of a shock can be
determined by the so called Rankine Hugoniot condition

s[U] = [Uﬂ . (9.16)

Exercise 9.11 Verify that the shock wave solution

0 T > —%,
—1 otherwise

U[(t, x) = {

and the rarefaction wave solution

0 z >0,
h —t <z <0,
—1 otherwise

U][(t, ,’13) =

are both weak solutions of U; + U U, = 0 with the same initial condition.
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Figure 9.3: U;(t, x)
Figure 9.4: Uy;(t, x)

The last exercise shows that we pay a price to work with weak solutions: the
lack of uniqueness. Therefore, we need some additional physical information
to determine a unique weak solution. This leads us to the concept of viscosity
limit or wviscosity solution: briefly, it says that the weak solution U we seek
is the limit U = lim._,o, U* of the solution of the regularized equation

Uf +U° U; = €eU;

TT)

e>0. (9.17)

This regularized equation has continuous and smooth solutions for € > 0.
With reference to the previous example, the weak solution U;; satisfies U;; =
lim,_,o+ U€, but U; # lim.,o, U¢. Since a solution of the conservation law
can be seen as the derivative of the solution of a Hamilton-Jacobi equation,
the same technique of viscosity solutions can be applied to

Vi + (V2) =€eVy, €>0. (9.18)
The functions Vi(z,t) = — [ Us(y, t)dy, and Viz(z,t) = — [ U (y, t)dy

have the same initial data and they are both candidates of solutions to the
Hamilton-Jacobi equation

(Ve)?
2

Vi+ =0.
The shock waves for conservation laws corresponds to solutions with discon-
tinuities in the derivative for Hamilton-Jacobi solutions. Only the function

Vi1 satisfies
Vir = lim V¥, (9.19)

e—0+

but V; # lim. o, V¢ It can be shown that the condition (9.19) implies
uniqueness for Hamilton-Jacobi equations. Note that (9.19) corresponds to
the limit of vanishing noise in control of stochastic differential equations.

105



9.5 Numerical Approximations of Conserva-
tion Laws and Hamilton-Jacobi Equations

We have seen that the viscous problem

o’ + 0, H(u®) = eul, for (z,t) € R x (0,+00), (9.20)

T

u(z,0) = u’(z) for z € R,
can be used to construct unique solutions to the conservation law

O+ 0,H(u)=0 for (z,t) € R x (0,+00), (9.21)
u(z,0) = u’(z) for z € R

In this section we will develop numerical approximations to the conservation
law (9.21) and the related Hamilton-Jacobi equation

ow + H(0,v) =0,

based on viscous approximations. We will also see that too little viscosity
may give unstable approximations.

To show the difficulties to solve numerically a problem like (9.21) and
(9.20) we consider a related steady-state problem (i.e. a problem that has
no dependence on t)

Oyw(z) —e Olw(zr) =0 forz <0, (9.22)
lim w(z) =1, w(0) =0,
T—>—00

where ¢ > 0 is fixed. It is easy to verify that the exact solution is w(z) =
1 —exp(2), for z < 0. Now, we construct a uniform partition of (—oo0, 0]
with nodes z; = jAx for j = 0,—1,-2,..., where Az > 0 is a given mesh
size. Denoting by W; the approximation of w(z;), the use of a second order
accurate finite element method or finite difference scheme method leads to
the scheme

Winn — Wi Wi = 2W; + Wi

— =0, 7j=-N+1,...,—-1
s g (Az)? > J L
Wo = 0, (9.23)
Wy = L



Assume that N is odd. If ¢ < Az, the solution of (9.23) is approximated by

Wi — W, —0

2Az ’
which yields the oscillatory solution Wy, = 0 and Ws;,; = 1 that does not
approximate w, instead ||w — W||,2 = O(1). One way to overcome this

difficulty is to replace, in (9.23), the physical diffusion ¢ by the artificial
diffusion ¢ = max{e, %} For the general problem § - Vu — cAu = f take
¢ = max{e, |3|2%}. Now, when ¢ < Az, we have £ = 4% and the method
(9.23), with € replaced by &, yields W; = W;_y for j = =N +1,...,—1,
ie. W; = 1for j = —N,...,—1, which is an acceptable solution with
|w — W/||2 = O(VAz). Another way to cure the problem is to resolve by
choosing Ax enough small, so that £ = ¢.
The Lax-Friedrich method for the problem (9.21), is given by

HUMN,) —H(U,)  (Az)?

ntl—pn — A — D,D_U} .24
A A 2Az oag DeP-UR 92)
with
Vi =V, Vi = Vi Vi =205 4+ Vi
D.V; = A D_V; = “Ar and D, D_V; = (Az)? -
The stability condition for the method (9.24) is
A
A= Kj > max |H' (u)|- (9.25)

Note that the method (9.24) is a second order accurate central difference
approximation of the equation (9.20) with ¢ = %Aac.

We want to approximate the viscosity solution of the one-dimensional
Hamilton-Jacobi equation

o + H(0,v) =0, (9.26)
where v = lim,_,o+ v and
O + H(0,0°) = 020", (9.27)

Setting u = 0,v and taking derivatives in (9.26), we obtain a conservation
law for u, i.e.

Byu + 8, H (u) = 0. (9.28)

107



To solve (9.26) numerically, a basic idea is to apply (9.24) on (9.28) with
= (V,—=V;",)/(2Az) and then use summation over 4 to approximate the

1ntegrat10n in (9.11). We get

ViV Vi -
2Ax 2Ax
Vfiz“’j") _ <Vj"“’j"—2> n n
_A¢ H( 2Ax H 2Ax _ (A.T)Q D.D V7+1 Vj_l ]
Az oAt T 2Ax

Summing over j and using that V™ = 0 and H(0) = 0, it follows that

VA, -V (Az)?
j+1 -1y n
< 2AT ) 2At DyD-Vi

VMt =V - At|H (9.29)

which is the Lax-Friedrich method for (9.26). Note that (9.29) is a second
order accurate central difference approximation of the equation

(Az)? Al oy a2
H = 1-(—H
8157) + (azv) 2At ( (A.Q? ) )a;vva
which is (9.27) with artificial diffusion 222,
In the two-dimensional case a first order Hamilton-Jacobi equation has
the form

Opv + H (04,0, 0z,v) = 0. (9.30)

The analogous scheme to (9.29) for that equation is

H(‘/ﬂd,k - an—uc Vj,nk+1 - Vﬂk—1)
2AZL'1 ’ QAZEQ

Az )P Vi = 2Vi 4 Vitk
4At (AﬁEl)Q

_(A@) Vi1 — 2Vk+ng 1

n+1 __ n o __
Vie =Vir— At

which for Az; = Azy = h and A = h/At corresponds to a second order
approximation of the equation

At
At + H (D, v", 9yyv™) =3 At Zam - 5 O, HOy HO, 0.

ihj
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9.6 Symmetric Hyperbolic Systems

We consider the following system of partial differential equations: find w :
R? x [0, +00) — R" satisfying

d
Lu = AyOyu + ZAZ' Ot + B u= fonR* x (0,+00), (9.31)
i=1
u(z,0) = u,(z) for z € R?,

where u, : R? — R" is given initial data, {A;}¢, and B are given n x n
matrices, and f is a given n vector. We say that the system (9.31) is a
symmetric hyperbolic system, when the matrices {4;}%, are symmetric and
the matrix Ay is positive definite. We note that, in general, A; = A;(x,t,u),
i=0,...,d, B= B(z,t,u) and f = f(z,t,u), and only in the linear case
we have A; = A;(z,t),i=0,...,d, B = B(z,t) and f = f(z,t). On what
follows denote the Euclidean inner product z -y = 2?21 z;y;. Besides this,
we assume the linear case, and in addition that

e A is uniformly positive definite, i.e. there are positive constants i, 146
such that

palz? < Aoz -z < mwlz]* VaeR!, VEe[0,T), (9.32)

e all the matrices 0,Aq, B, A;, 0;A;, i =1,...,d are uniformly bounded,
i.e. there exist a positive constant K such that if A is any of these
matrices then

Az x| < K|z|* Vx€RY Vte(0,T). (9.33)

Example 9.12 We consider the initial value problem for a multidimensional
wave equation

d d
Gfu = Z ik Oz, U + Z b0z, u + c,0u + d, wu, (9.34)

ik=1 i=1

u(z,0) = ug(z) and dyu(z,0) = uy () for z € RY,
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where the matrix (aik)g,k:l is symmetric and positive definite. Introducing
the new variables

Vi = 6@'”’ L= 1a e '7da Vd+1 = 8tua Vd+2 = U,

the equation (9.34) is written equivalently as
d d
Zaik atvk_zaik azkvd—l—l :Oa 1= ]-a"'ada
k=1 k=1

d d
OrVay1 — E Qi Og, Vi — E bi vi—c¢, Vay1 —dy Vg2 =0,
ik=1 =1

OtVdt2 — V441 = 0,
v(z,0) = (Op, o (), - - -, Opyuo(w), uo(z), us(x)) for z € R%.

Defining the matrices

aiy ... Qaiq 00 0 e 0 —a1k 0
Ayg = agr -.- agg 0 0 | A = 0 0 —agr 0 | k=1,
0 e 0 10 —Qaik —Qadk 0 0
i 0 0 01 | | 0 0 0 0 |
and
[ 0 0 0 0 |
B=1 0 o 0 0 |
—b1 —bd —C, _do
|0 0 -1 0

Equation (9.35) takes the form

d
AgOyv + Z ApOg, v+ Bv =0

k=1

which is a symmetric hyperbolic system, since {A;}2_, are symmetric and A,
is positive definite. O
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Exercise 9.13 Show that the Maxwell Equations in the vacuum

68—E —rotH =0,
ot

H
,uﬁ +rotE =0,

where E(z,t) and H(z,t) € R?, can be written as a symmetric hyperbolic
system.

Example 9.14 Consider the symmetric hyperbolic system in one space di-
mension

ou+ Ad,u+Bu=f, t>0, z€R
u(z,0) = ug(x) for z € R,

where A is a n X n symmetric matrix. Since A is symmetric it can be
diagonalized by via an orthogonal matrix P (P~' = P7), i.e.

P7'AP = A = diag(\, - .-, \p)-
Let w = P~ 'u. Then, it follows that

f= oyu + Adu + Bu
=  Pwy+ APO,w+ (P,+ AP, + BP)w

which yields

wy+Ao,w+Tlw =g (9.35)
w(z,0) = wy(z) = P ug(x, 0) for z € R,
where
II=P '(P,+ AP, + BP)and g=P'f.

When the matrix II is diagonal, i.e., II = diag(my,...,m,), we can solve
equation (9.35) by the method of characteristics { X;}7_,. A characteristic is
the solution of the following the system of ordinary differential equations

d
%Xj(ac*;t) = \j(Xj(zyt),t) fort>0, j=1,...,n,

Xj($*§ O) = Ty,
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for a given z, € R. Solving the equations for the characteristics above we can

obtain a solution of the initial problem (9.35), since we have for j =1,...,n
d
ij(Xj(a:; s),8) = Oww;(X;(z;s),5) + Nj(Xj(7;8),8) Op,w(X;(w;8),8)

= —m(X;(s),8) wi(X;(z;9),8) + g5(X;(2; ), (9.36)
for s >0, z € R

Exercise 9.15 Generalize (9.36) to the symmetric hyperbolic system Ay0,u+
A10,u+ Bu = f.

Example 9.16  Let us apply the procedure above to the special case of
the wave equation in one space dimension

v — d2v =0,
v(z,0) = vo(z), Ow(z,0) =vi(x) for zeR

Setting u; = 0yv, ug = 0,v and u = (us, ug), the equation above is

ou+ Mo,u=0
U(ﬂ?, 0) = (Ul(x)a aa:'UO(x)) for z € R,

0 -1
[0
The matrix M has eigenvalues +1 with corresponding eigenvectors (1, —1)
and (1,1). The matrix P that diagonalizes M is

@[1 1

where

P =

5 -1 1}, i.e. PPMP = diag(1, —1).

Then we set w = P~lu and obtain w;(z +t,t) = w;(z,0) and we(z — t,1) =
ws(z, 0). 0

Next we will prove an energy estimate which provides a uniqueness result
for a linear symmetric hyperbolic system. These energy estimate is also the
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Figure 9.5: Space-Time domain €2 where Gauss theorem is applied to obtain
an energy estimate.

basis for an existence proof, first given by Friedrichs based on the construction
in Lax-Milgram’s Theorem. We multiply the linear system (9.31) by u to get

d
O(Aou - u) + > Oy (Aju-u) + Cu-u =2f - u (9.37)

i=1

where z -y = Z?Zl x;y; is the standard inner product in R¢ and

d
C=2B- 0,4 — ) 0,A; (9.38)

=1

Let us consider a “space-time” cone © C [0,7] x R¢ as shown in Figure
9.5. Observe that 092 = Qr U Qp U Qg and use the notation Q; = {(z,s) €
2: s =1t} to describe “time slices” of the domain €. Integrating (9.37) in Q
and using Gauss theorem in € yields

I I [o
(Agu,u)dr — | (Aou,u)dz+ [ (Y miAu-u)dS
r 0 o ; (9.39)
— / [2f - u— Cu - u]dzdt.
Q

Recall that the matrix Ag is positive definite, so there are positive con-
stants pg, 1y and kg, such that

palz? < Agx - < pylz|?* VxR
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Besides this, A;, # = 1,...,d are both symmetric and uniformly bounded, so
the matrix

d
noAo + Z n; 4
i=1

is symmetric positive definite as long as the lateral boundary of the cone,
2, is chosen such that its unitary normal vector satisfies

Thus, with this choice of the cone €2, (9.39) yields

0

T
E(T) < E(0) +/ (/ [2f u—Cu- u]dx) dt, (9.40)
Q4
where E is the energy of the system (9.31) defined by
E(t) = / Aoz, t)u(zx,t) - u(z,t)de  for t > 0.
Q4

Now we estimate the right hand side of (9.40) using the coercitivity of Ay
(9.32) and the boundedness (9.33),(9.38), of C, to find a constant kg such
that

|Cu - u| < koAou - u,

and
o 10
21f ~ul < palul® + —If]
Ha

1
< A()’U/U/—i——‘f|2
Ha

From the relations above, we arrive at

E(t) < E(0)+ (1 + ko) /tE(s)ds+ ,ui/t \f(z,5)|*dzds, Vt € [0,T),

and consequently the Gronwall’s lemma 3.2 yields

I )
sup E(s) <exp((ko+1)T) [E(O) + E/o N |f(z,s)|*dzds|, (9.41)

s€[0,T]
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which is the basic stability estimate for the linear symmetric hyperbolic sys-
tem (9.31).

Remark 9.17 | Cones of influence and dependence| Observe that the energy
estimate implies that perturbations travel with finite speed if they satisfy a
linear symmetric hyperbolic system.

Remark 9.18 | Uniqueness| Using the stability estimate (9.41), we can
prove uniqueness of the solution to symmetric hyperbolic systems: let wuy
and uy be solutions of a symmetric hyperbolic system with the same ini-
tial condition. Then the function © = u; — uy solves the linear initial value
problem

Lu=0onR* x (0,7),
u(z,0) = 0 for = € R%.

Applying the stability estimate (9.41) in 2 we obtain that the energy of each
slice ), satisfies E(t) = 0 for t € [0,7], so v = 0 in © and hence u; = uy in
Q). The fact that any bounded region in R? x [0, 7] is included in a cone like
Q) finishes the argument.

Remark 9.19 | Estimate] For the particular case with zero initial datum,
i.e. u(-,0) = 0, the energy estimate (9.41) implies

llullz2@) < Trllfllze) = UrllLul| 22 - (9.42)
with I'2 = Texp((1 + ko)T)/ .

Theorem 9.20 (Existence result for Hyperbolic equations) There ez-
15ts a solution of a symmetric hyperbolic system that satisfies the assumptions
(9.32 and 9.33).

Proof. The proof is divided in three steps, namely

1. define the notion of weak solutions for the symmetric hyperbolic sys-
tem,

2. define the adjoint operator and the dual problem, and then
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3. apply the Lax Milgram’s theorem to an auxiliary equation which is
related to the original symmetric hyperbolic system.

Step 1: Without loss of generality, let us assume zero initial data, i.e. ug = 0.
In order to set the notion of weak solutions, we need to introduce the concept
of test functions, which in this case is given by the set

7 {v:R*x[0,T] = R : veCY0,T] x RY),
N v with compact support and v(7,-) = 0}.
Step 2: Let us define the adjoint operator by the identity
T ~
(Lu,v) = / / (Lu) - vdzx dt = (u, L*v),Yv € V, (9.43)
0o Jrd

with the inner product (v, w) = fOT Jga v - wdz dt. Using the boundary con-
ditions u(0,-) = v(T,-) = 0 and integrating by parts the last equation yields

d
L'y = —0,(Ayw) = > 0i(4w) — B"v = —Lv +(C" — BT +2B)u.

=1

Observe then that —L* is a symmetric hyperbolic operator, since the operator
L is symmetric hyperbolic. With the help of the adjoint operator we say that
u € L2(R? x [0,T]) is a weak solution of

_ d
{ Lu=f on Rd x (0,T), (0.44)
u(0,-) =0 on R?,
if
(u, L*v) = (f,v), Yo € V, (9.45)

something that clearly holds for a classical solution. We leave as an exercise
to verify that (9.45) and the assumption that u is a smooth function imply
that u is a classical smooth solution of (9.44).

Step 3: To conclude we use the Lax Milgram’s theorem. Let us consider the
bilinear form

B(u,v) = (L*u, L*v)
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and a Hilbert space H which has the bilinear form B as its inner product
and norm ||v||z = B(v,v)?, so that H is the completion of V with respect
to the norm || - ||z Let us consider the following auxiliary equation

B(z,v) = L(v), Yv € H,

with £(v) = (f,v) and prove that there exist a solution z € H for it. To this
end, the linear functional £ : H — R must be bounded in H, i.e. there exist
a real constant 0 < C' < oo such that

|L(v)| < C||v||u, Yv € H.

To verify this estimate use the fact that the operator —L* is also symmetric
hyperbolic as L, so an application of the estimate (9.42) gives

||U||L2(Q) S FIT”L*’U“L2(Q) S PIT”’U“H, V’U € H.

Furthermore, since the cone {2 can be arbitrary large and the space H is the
completion of functions with compact support in R? x [0, 7] we have

vl 2oy < Trllvlla, Vv € H.
Then the functional £ is bounded in H with C' = I", || f|| 2(re x[o,r)) Decause
IL(v)| < ||f||L2(RdX[OaT])”U“LZ(RdX[O,T]) < ||f||L2(IRd><[0,T])FIT”U”H, Vv € H.

Thus, from the Lax Milgram’s theorem applied to the space H with norm
|| - || there exist z € H such that

B(z,v) =L(v), Vve H

and consequently u = L*z € L?(R? x [0,T]) is, according to (9.45) a weak
solution of the symmetric hyperbolic equation since

(v, f) = L(v) = B(z,v) = (L"z,L™v) = (u, L™v),Vv € H.
O

Exercise 9.21 | | Under the hypothesis of the previous theorem, show that
lull2@axiory) < Tollfll2mexior)-

|

Exercise 9.22 [ | Show that B(-,-) is a bilinear symmetric and L?-elliptic
functional which is not L? continuous.

|
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