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Part I.

Stochastic Processes
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1. Brownian Motion

This introduction to stochastic analysis starts with an introduction to Brownian motion. Brownian Motion is
a diffusion process, i.e. a continuous-time Markov process (B;);>¢ with continuous sample paths t — B;(w).
In fact, it is the only nontrivial continuous-time process that is a Lévy process as well as a martingale and a
Gaussian process. A rigorous construction of this process has been carried out first by N. Wiener in 1923.
Already about 20 years earlier, related models had been introduced independently for financial markets by
L. Bachelier [1], and for the velocity of molecular motion by A. Einstein [4].

It has been a groundbreaking approach of K. It6 to construct general diffusion processes from Brownian
motion, cf. [...]. In classical analysis, the solution of an ordinary differential equation x’(¢) = f(,x(¢)) is a
function, that can be approximated locally for ¢ close to #y by the linear function x(t) + f(fo, x(to)) - (¢t — to).
Similarly, 1t6 showed, that a diffusion process behaves locally like a linear function of Brownian motion —
the connection being described rigorously by a stochastic differential equation (SDE).

The fundamental r6le played by Brownian motion in stochastic analysis is due to the central limit Theorem.
Similarly as the normal distribution arises as a universal scaling limit of standardized sums of independent,
identically distributed, square integrable random variables, Brownian motion shows up as a universal scaling
limit of Random Walks with square integrable increments.

1.1. From Random Walks to Brownian Motion

To motivate the definition of Brownian motion below, we first briefly discuss discrete-time stochastic
processes and possible continuous-time scaling limits on an informal level.

A standard approach to model stochastic dynamics in discrete time is to start from a sequence of random
variables 71,7, . . . defined on a common probability space (Q, A, P). The random variables 7,, describe
the stochastic influences (noise) on the system. Often they are assumed to be independent and identically
distributed (i.i.d.). In this case the collection (7,,) is also called a white noise, whereas a colored noise is
given by dependent random variables. A stochastic process X,,,n = 0,1,2,.. ., taking values in R¢ is then
defined recursively on (Q, A, P) by

Xor1 = Xn+Op1 (X, ns1), n=012.... (L.1)
Here the ®,, are measurable maps describing the random law of motion. If Xy and 11,7, . . . are independent

random variables, then the process (X;,) is a Markov chain with respect to P.

Now let us assume that the random variables 7,, are independent and identically distributed taking values
in R, or, more generally, R?. The easiest type of a nontrivial stochastic dynamics as described above is the
n

Random Walk S,, = } n; which satisfies

i=1

Sn+1 = Sn+nn+1 fOI‘I’l:O, 1,2,....

Since the noise random variables n,, are the increments of the Random Walk (S;,), the law of motion (1.1) in
the general case can be rewritten as

Xn+1 _Xn = (Dn+l(Xn,Sn+l _Sl’l), n =O’1’2""' (12)

Eberle Introduction to Stochastic Analysis 3



1. Brownian Motion

This equation is a difference equation for (X,,) driven by the stochastic process (S,,).

Our aim is to carry out a similar construction as above for stochastic dynamics in continuous time. The
stochastic difference equation (1.2) will then eventually be replaced by a stochastic differential equation
(SDE). However, before even being able to think about how to write down and make sense of such an
equation, we have to identify a continuous-time stochastic process that takes over the rdle of the Random
Walk. For this purpose, we first determine possible scaling limits of Random Walks when the time steps
tend to 0. It will turn out that if the increments are square integrable and the size of the increments goes to
0 as the length of the time steps tends to 0, then by the Central Limit Theorem there is essentially only one
possible limit process in continuous time: Brownian motion.

Central Limit Theorem

Suppose that ¥,,; : Q — R4, 1 < i < n < o, are identically distributed, square-integrable random variables
on a probability space (€, A, P) such that ¥, i,...,Y, , are independent for each n € N. Then the rescaled
sums

1 n
% ;(Yn,i - E[Y,i])

converge in distribution to a multivariate normal distribution N (0, C) with covariance matrix

Cu = Cov[r® y").

n,i’ n,i

To see, how the CLT determines the possible scaling limits of Random Walks, let us consider a one-
dimensional Random Walk

Su= M =012,
i=1
on a probability space (Q, A, P) with independent increments 7; € £L>(Q, A, P) normalized such that
E[n;] = 0 and Var[n;] = 1. (1.3)

Plotting many steps of the Random Walk seems to indicate that there is a limit process with continuous
sample paths after appropriate rescaling:

4 T+ 10 +
2+ 5 4+
1 1 1 1 1 1 1 1 1
. 5 10 15 20 . 20 40 60 80 100
-2 1 —h +
50 + 100
25 + 50 +
] A } }
500 1000 5000 10000
—25 + —50 +
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1.1. From Random Walks to Brownian Motion
To see what appropriate means, we fix a positive integer m, and try to define a rescaled Random Walk
St(m) (t=0,1/m,2/m,...) with time steps of size 1/m by
Syn = oS (k=0,1,2,..)
for some constants ¢, > 0. If ¢ is a multiple of 1/m, then
Var[S,(m)] = - Var[Su] = & om-t.

Hence in order to achieve convergence of Sl(m) as m — oo, we should choose c,, proportional to m~'/2. This
leads us to define a continuous time process (St(m))t >0 by

1
S;m)(w) = —Su(w) whenever ¢ = k/m for some integer &,
\m
and by linear interpolation for ¢ € (% %] .
St(m)
1 —+
_ 1
1 1 1 1 I 1 1 1 1 I
1 \/ 2 !
m

Figure 1.1.: Rescaling of a Random Walk.

Clearly,
E[S™] = 0  forallz >0,

and .
Var[S"] = —Var[S,] = 1t
m

whenever ¢ is a multiple of 1/m. In particular, the expectation values and variances for a fixed time ¢ do not
depend on m. Moreover, if we fix a partition 0 < 7y < #; < ... < 1, such that each #; is a multiple of 1/m,
then the increments

m 1 .
ST s = \/—ﬁ(Sth—Smti), i=0,1,2,...,n-1, (1.4)

of the rescaled process (St(m))t >0 are independent centered random variables with variances #;1; — t;. If #;
is not a multiple of 1/m, then a corresponding statement holds approximately with an error that should be
negligible in the limit m — oco. Hence, if the rescaled Random Walks (Sl(m) ):>0 converge in distribution to a
limit process (B;); >0, then (B;); >0 should have independent increments By,,, — B, over disjoint time intervals
with mean 0 and variances t;y1 — t;.

A. Eberle Introduction to Stochastic Analysis (v. April 15, 2019) 5



1. Brownian Motion

It remains to determine the precise distributions of the increments. Here the Central Limit Theorem applies.
In fact, we can observe that by (1.4) each increment

1 miliy]

s s = T L
mk:mti+1

of the rescaled process is a rescaled sum of m - (t;+1 — t;) i.i.d. random variables with mean O and variance 1.
Therefore, the CLT implies that the distributions of the increments converge weakly to a normal distribution:

Sl(l’f]) — s 2y Nt~ 10).

Hence if a limit process (B;) exists, then it should have independent, normally distributed increments.

Our considerations motivate the following definition:

Definition 1.1 (Brownian Motion).
(i) Leta € R. A continuous-time stochastic process B; : Q2 — R, t > 0, defined on a probability space
(Q, A, P), is called a Brownian motion (starting in a) if and only if
a) Bop(w) = a foreachw € Q.

b) For any partition 0 < 7y < f; < ... < 1, the increments By,,, — By, are independent random

variables with distribution

Bti+1 - Bl’ ~ N(O’ liv1 — tl)

i

c) P-almost every sample path ¢ — B;(w) is continuous.

(i) AnR%-valued stochastic process B;(w) = (B,(])(w), e Bgd) (w)) is called a multi-dimensional Brow-
nian motion if and only if the component processes
(B;l) )y ,(Bﬁd)) are independent one-dimensional Brownian motions.

Thus the increments of a d-dimensional Brownian motion are independent over disjoint time intervals and
have a multivariate normal distribution:

B;—B; ~ N, (t—-s)-1y) forany 0 < s <t.

Remark. (i) Continuity: Continuity of the sample paths has to be assumed separately: If (B;),>0 is a
one-dimensional Brownian motion, then the modified process (B;);>o defined by By = By and

E,; = B;- I{B,GR\Q} fort >0

has g}most sgrely discontinuous paths. On the other hand, it satisfies (a) and (b) since the distributions
of (By,...,Bs,)and (By,...,B;,) coincide foralln € Nand 4,...,t, > 0.

(ii) Spatial Homogeneity: 1f (B;);>o is a Brownian motion starting at 0, then the translated process
(a + B;)s>0 is a Brownian motion starting at a.

(iii) Existence: There are several constructions and existence proofs for Brownian motion. In Section
1.3 below we will discuss in detail the Wiener-Lévy construction of Brownian motion as a random
superposition of infinitely many deterministic paths. This explicit construction is also very useful
for numerical approximations. A more general (but less constructive) existence proof is based on
Kolmogorov’s extension Theorem, cf. e.g. [Klenke].

6 University of Bonn



1.1. From Random Walks to Brownian Motion

(iv) Functional Central Limit Theorem: The construction of Brownian motion as a scaling limit of
Random Walks sketched above can also be made rigorous. Donsker’s invariance principle is a
functional version of the central limit Theorem which states that the rescaled Random Walks (S;m))
converge in distribution to a Brownian motion. As in the classical CLT the limit is universal, i.e., it
does not depend on the distribution of the increments 7; provided (1.3) holds, cf. Section ??.

Brownian motion as a Lévy process.

The definition of Brownian motion shows in particular that Brownian motion is a Lévy process, i.e., it has
stationary independent increments (over disjoint time intervals). In fact, the analogues of Lévy processes in
discrete time are Random Walks, and it is rather obvious, that all scaling limits of Random Walks should
be Lévy processes. Brownian motion is the only Lévy process L, in continuous time with paths such that
E[Ly] = 0 and Var[L;] = 1. The normal distribution of the increments follows under these assumptions
by an extension of the CLT, cf. e.g. [Breiman: Probability]. A simple example of a Lévy process with
non-continuous paths is the Poisson process. Other examples are a-stable processes which arise as scaling
limits of Random Walks when the increments are not square-integrable. Stochastic analysis based on general
Lévy processes has attracted a lot of interest recently.

Let us now consider consider a Brownian motion (B;);>¢ starting at a fixed point a € R4, defined on a
probability space (2, A, P). The information on the process up to time # is encoded in the o--algebra

FB = o(Bs|0<s<1)
generated by the process. The independence of the increments over disjoint intervals immediately implies:

Lemma 1.2. Forany 0 < s < t, the increment B, — By is independent of FB.

Proof. For any partition0 =1y <#; < ... <t, = s of the interval [0, 5], the increment B, — B; is independent
of the o-algebra
o(By — By, B, — By,...,By, — By, )

generated by the increments up to time s. Since

k
B, = By+) (By,-B,,)
i=1
and By, is constant, this o--algebra coincides with o(By,, By,,. .., B;,). Hence B; — By is independent of all
finite subcollections of (B, | 0 < u < s) and therefore independent of F.2. |

Brownian motion as a Markov process.

As a process with stationary increments, Brownian motion is in particular a time-homogeneous Markov
process. In fact, we have:

Theorem 1.3 (Markov property). A Brownian motion (B;);so in R? is a time-homogeneous Markov
process with transition densities

— -dJ2 |X B )’|2 d
pi(xy) = @Crt)"%" - exp | t>0, x,y€eR
i.e., for any Borel set A C R% and 0 < s < t,
P[B;ca|FE] = /p,_s(Bs,y) dy P-almost surely.

A
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1. Brownian Motion

Proof. For 0 < s < t we have B, = By + (B; — B;) where By is (FSB-measurable, and B; — By is independent
of 78 by Lemma 1.2. Hence

P[B € A|FPl(w) = P[Bw)+B;—Bge Al = N(By(w)(t-s) la)A]
= /(27T(t — )42 exp (—%) dy P-almost surely. |

Remark (Heat equation as backward equation and forward equation). The transition function of Brow-
nian motion is the heat kernel in R?, i.e., it is the fundamental solution of the heat equation

ou 1
— = —Au
ot 27
More precisely, p;(x,y) solves the initial value problem
0 1 d
Ept(x, y) = EAxpt(x’ y) for any t > 0,x,y € RY,
(1.5)
tim [ pey)f()dy = S0 forany f € GRO.x < B,
d 52
where Ay = il denotes the action of the Laplace operator on the x-variable. The equation (1.5) can
i=1 0x;

be viewed as a version of Kolmogorov’s backward equation for Brownian motion as a time-homogeneous
Markov process, which states that for each > 0,y € R? and f € Cp,(R?), the function

Vsx) = / Prs (o) f(y) dy

solves the terminal value problem
v 1 .
—(s,x) = —=Av(s,x) for s € [0,1), limv(s,x) = f(x). (1.6)
0s 2 s/t

Note that by the Markov property, v(s, x) = (p;—s f)(x) is a version of the conditional expectation E[ f(B;)|B; =
x]. Therefore, the backward equation describes the dependence of the expectation value on starting point
and time.

By symmetry, p;(x, y) also solves the initial value problem
0 1
Ept(x, y) = EAypt(x,y) foranyt >0, and x,ye€ Rd,
1.7)

lim / g)pi(x,y) dx = g(y) for any g € Cp(RY),y € RY.
t

The equation (1.7) is a version of Kolmogorov’s forward equation, stating that for g € C,(R9), the function
u(t.y) = [ g(x)p:(x.y) dx solves

ou 1 .
E(t’y) - EAyu(t,y) fort > O’ }{I(l)u(t’y) - g(y) (18)

The forward equation describes the forward time evolution of the transition densities p,(x,y) for a given
starting point x.

The Markov property enables us to compute the marginal distributions of Brownian motion:

8 University of Bonn



1.1. From Random Walks to Brownian Motion

Corollary 1.4 (Finite dimensional marginals). Suppose that (B;);>o is a Brownian motion starting at
xo € R? defined on a probability space (Q, A, P). Thenforanyn e Nand 0 =1y < t; <t < ... < t,, the
joint distribution of B, , B;,, . . ., By, is absolutely continuous with density

fB,I ..... By, (X1y.eoyxn) = Pn (x0, X1 )ptz—tl (xlaXZ)pl‘3—l‘2(x2>x3) e 'ptn—ln_l(xn—l’xn)

l_l(27r(t, — )42 exp( 3 Z%) (1.9)

i=1

Proof. By the Markov property and induction on n, we obtain

P[Bt1 EA],...,Btn EAn]
= E[P[B,, € Au| 7% 1: By, € Ar,..., By, € Ayi]
= pln—l‘n |(Bln 1° n) Bt] € A17-~ Bln 1 € An 1]

= / / pl‘](xo’xl)ptz tl(xl,XZ)

'pt,,,l—t,,,z(xn—Za xn—l)ptn—t,,,| (xn—l, n) dxp_1---dx;

= /"'/(l—[pli—ti_l(xn—l,xn)) dxn"'dxl
A A, i=1

foralln > 0and Ay,...,A, € B(RY). [ ]

Remark (Brownian motion as a Gaussian process). The corollary shows in particular that Brownian mo-
tion is a Gaussian process, i.e., all the marginal distributions in (1.9) are multivariate normal distributions.
We will come back to this important aspect in the next section.

Wiener Measure

The distribution of Brownian motion could be considered as a probability measure on the product space
(R4)[0-%) consisting of all maps x : [0,00) — R?. A disadvantage of this approach is that the product space
is far too large for our purposes: It contains extremely irregular paths x(¢), although at least almost every
path of Brownian motion is continuous by definition. Actually, since [0, o) is uncountable, the subset of all
continuous paths is not even measurable w.r.t. the product o-algebra on (R4)[0-),

Instead of the product space, we will directly consider the distribution of Brownian motion on the continuous
path space C([0,0),R?). For this purpose, we fix a Brownian motion (B,);s¢ starting at xo € R¢ on
a probability space (Q, A, P), and we assume that every sample path ¢ — B;(w) is continuous. This
assumption can always be fulfilled by modifying a given Brownian motion on a set of measure zero. The full
process (B;);>0 can then be interpreted as a single path-space valued random variable (or a “random path”™).

A. Eberle Introduction to Stochastic Analysis (v. April 15, 2019) 9



1. Brownian Motion

T

We endow the space of continuous paths x : [0, 00) — R¢ with the o--algebra
B = oX|t=0)
generated by the coordinate maps
, : C([0,00),RY) — RY, X,(x)=x, t>0.

Note that we also have
B = O'(Xt | t e D)
for any dense subset D of [0, o0), because X; = lin} X, for each ¢ € [0, c0) by continuity. Furthermore, it can
s—

be shown that 8 is the Borel o-algebra on C([0, ), R?) endowed with the topology of uniform convergence
on finite intervals.

Theorem 1.5 (Distribution of Brownian motion on path space). The map B : Q — C(]0,0),R?) is
measurable w.r.t. the o-algebras A/B. The distribution P o B~! of B is the unique probability measure
Hx, on (C([0,00),R¥), B) with marginals

Hxy [{x € C([0,00),RY) : X, € Ay, .. x,, € A} (1.10)

n

l_l(Zﬂ(tl—tl 1)) d/2/ /exp (——Z i - );’ 1|2) dx, - - - dx
i~ bi-1

foranyn e N,0 <t <...<t,,and Ay,...,A, € BRY).

Definition 1.6. The probability measure i, on the path space C([0, o), R?) determined by (1.10) is called
Wiener measure (with start in xg).

Remark (Uniqueness in distribution). The Theorem asserts that the path space distribution of a Brownian
motion starting at a given point xq is the corresponding Wiener measure. In particular, it is uniquely
determined by the marginal distributions in (1.9).

10 University of Bonn



1.2. Brownian Motion as a Gaussian Process

Proof (Proof of Theorem 1.5). Forn e N0 <, < ... <t,, and Aj,...,A, € B(R?), we have

BI({X, €Ar.... X, €A)) = {w: X,(BW)) € Ay,....X, (B(w)) € Ay}
= {Btl €A1a~'-’Bl‘n EAn} S s.ﬂ

Since the cylinder sets of type {X;, € Aj,...,X;, € A,} generate the o-algebra B, the map B is A/B-
measurable. Moreover, by corollary 1.4, the probabilities

P[Be{X;, €Ay,....X;, €An}] = P[By €Ay,....B;, €Ayl

are given by the right hand side of (1.10). Finally, the measure p,, is uniquely determined by (1.10), since
the system of cylinder sets as above is stable under intersections and generates the o--algebra 5. |

Definition 1.7 (Canonical model for Brownian motion.). By (1.10), the coordinate process
Xi(x) = x, t >0,

on C([0,0),R¥) is a Brownian motion starting at xo w.r.t. Wiener measure My, We refer to the stochastic
process (C([0,00),R%), B, 11, (X;):>0) as the canonical model for Brownian motion starting at xy.

1.2. Brownian Motion as a Gaussian Process

We have already verified that Brownian motion is a Gaussian process, i.e., the finite dimensional marginals
are multivariate normal distributions. We will now exploit this fact more thoroughly.

Multivariate normals

Let us first recall some basics on normal random vectors:

Definition 1.8. Suppose that m € R” is a vector and C € R is a symmetric non-negative definite
matrix. A random variable Y : Q — R” defined on a probability space (€, A, P) has a multivariate normal
distribution N(m, C) with mean m and covariance matrix C if and only if its characteristic function is given
by

E[¢PY] = P™1PCP forany p e R". (1.11)

If C is non-degenerate, then a multivariate normal random variable Y is absolutely continuous with density

fr(x) = @nrdetC) ' exp —%(x—m)-C_l(x—m) .

A degenerate normal distribution with vanishing covariance matrix is a Dirac measure:
N(m,0) = 6.

Differentiating (1.11) w.r.t. p shows that for a random variable Y ~ N(m,C), the mean vector is m and C; ;
is the covariance of the components ¥; and Y;. Moreover, the following important facts hold:

A. Eberle Introduction to Stochastic Analysis (v. April 15, 2019) 11



1. Brownian Motion

Theorem 1.9 (Properties of normal random vectors).

(i) A random variable Y : Q — R”" has a multivariate normal distribution if and only if any linear
combination

n
p-Y = >pY,  peR,
=]
of the components ¥; has a one dimensional normal distribution.

(i) Any affine function of a normally distributed random vector Y is again normally distributed:
Y ~NmC) = AY +b~N(Am+b,ACA")
forany d € N,A € R and b € R9.

(iii) If Y = (11,...,Y,) has a multivariate normal distribution, and the components Y, . . ., Y, are uncor-
related random variables, then Y1,. . ., Y, are independent.

Proof. (i) follows easily from the definition.

(ii) ForY ~ N(m,C),A € R" and b € R¢ we have
E[ePAY+D)] = ipbp[,i(ATP)Y)
eip~bei(ATp)~m—%(ATp)-CATp

ip- _1,. T
e (Am+b)—5p-ACA for any p € Rd,

ie., AY + b~ N(Am + b,ACA").

(iii) If 1},...,Y, are uncorrelated, then the covariance matrix C; ; = Cov[Y;,Y;] is a diagonal matrix.
Hence the characteristic function
n
E[¢PY] = P m=3pCp  _ 1—[ oMk Pr=3Cr k P}

k=1
is a product of characteristic functions of one-dimensional normal distributions. Since a probability
measure on R" is uniquely determined by its characteristic function, it follows that the adjoint
distribution of Y1,. .., Y, is a product measure, i.e. Y1,...,Y, are independent. |

If Y has a multivariate normal distribution N(m, C) then for any p,q € R", the random variables p - ¥ and
q - Y are normally distributed with means p - m and ¢q - m, and covariance

n
Cov[p-Y,q-Y] = Z priCijq; = p-Cq.
ij=1

In particular, let {ey,...,e,} € R” be an orthonormal basis consisting of eigenvectors of the covariance
matrix C. Then the components e; - Y of Y in this basis are uncorrelated and therefore independent, jointly
normally distributed random variables with variances given by the corresponding eigenvectors A;:

Cov|e; -Y,ej Y] = /l,-(S,-,j, 1<i,j<n. (1.12)

Correspondingly, the contour lines of the density of a non-degenerate multivariate normal distribution
N(m,C) are ellipsoids with center at m and principal axes of length v/A; given by the eigenvalues e; of the
covariance matrix C.

12 University of Bonn



1.2. Brownian Motion as a Gaussian Process

Figure 1.2.: Level lines of the density of a normal random vector Y ~ N ((;) , (_11 i))

Conversely, we can generate a random vector ¥ with distribution N(m,C) from i.i.d. standard normal
random variables Zy,. .., Z, by setting

n
Y o= m+ Y NlizZe: (1.13)
i=1

More generally, we have:

Corollary 1.10 (Generating normal random vectors). Suppose that C = UAUT with a matrix U €

R™4 d € N, and a diagonal matrix A = diag(dy,...,4g) € R4%d with nonnegative entries A;. If
Z =(Zy,...,2Z4)is arandom vector with i.i.d. standard normal random components Z, ..., Z; then
Y = UAZ+m

has distribution N(m, C).

Proof. Since Z ~ N(0, 1;), the second assertion of Theorem 1.9 implies

Y ~Nm,UAUT). |
Choosing for U the matrix (e, . . ., e,) consisting of the orthonormal eigenvectors
ei,...,e, of C, we obtain (1.13) as a special case of the corollary. For computational purposes it is often

more convenient to use the Cholesky decomposition

C = LLT

A. Eberle Introduction to Stochastic Analysis (v. April 15, 2019) 13



1. Brownian Motion

of the covariance matrix as a product of a lower triangular matrix L and the upper triangular transpose L':

Algorithmus 1: Simulation of multivariate normal random variables

Input :m € R",C € R™" symmetric and non-negative definite
Output Sample y ~ N(m,C)

1 Compute Cholesky decomposition C = LLT. ;

2 Generate independent samples zi,...,z, ~ N(0,1) (e.g. by the Box-Muller method);
3 ye—Lz+m

4 return y;

Gaussian processes

Let I be an arbitrary index set, e.g. I = N,/ = [0,00) or I = R".

Definition 1.11. A collection (Y;);¢; of random variables ¥; : Q — R¢ defined on a probability space
(Q, A, P) is called a Gaussian process if and only if the joint distribution of any finite subcollection
Yi,....Y,, withn e Nand #1,...,#, € I is a multivariate normal distribution.

The distribution of a Gaussian process (Y;);¢; on the path space R! or C(1,R) endowed with the o-algebra
generated by the maps x — x;, t € [, is uniquely determined by the multinormal distributions of finite
subcollections Y;,, . . .,Y;, as above, and hence by the expectation values

m() = E[Y], tel,
and the covariances
c(s,t) = Covl[Y, Y], s,t €l
A Gaussian process is called centered, it m(t) = 0 forany ¢ € [.
Example (AR(1) process). The autoregressive process (¥;;)n=0,1,2,... defined recursively by Yo ~ N(0, vp),
Y, =aY,_1 +en, forn € N,

with parameters vy > 0, a,e € R, n,, i.i.d. ~ N(0, 1), is a centered Gaussian process. The covariance
function is given by

cln,n+k) = vo + &%n foranyn,k >0 ifa=1,

and 5
clnyn+k) = ok [a® ny . forn,k >0 otherwise.

+ (1 -
vo+(l-a 1-a?

This is easily verified by induction. We now consider some special cases:

a = 0: 1In this case ¥, = en,. Hence (Y,) is a white noise, i.e., a sequence of independent normal
random variables, and

Cov(Y,, Yl = P On.m for any n,m > 1.
n
a =1: HereY, =Yy+¢ Y n;,ie., the process (Y;,) is a Gaussian Random Walk, and
i=1
Cov[Y,,Yu] = vo+&*- min(n,m) for any n,m > 0.

We will see a corresponding expression for the covariances of Brownian motion.
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1.2. Brownian Motion as a Gaussian Process

a < 1: For a < 1, the covariances Cov|Y,,, Y| decay exponentially fast as k — oo. If vy = liz,

then the covariance function is translation invariant:

gak

clnn+k) = 1 5 for any n,k > 0.
-«

Therefore, in this case the process (Y,) is stationary, i.e., (Yix)n>0 ~ (Yu)n>o for all & > 0.

Brownian motion is our first example of a nontrivial Gaussian process in continuous time. In fact, we have:

Theorem 1.12 (Gaussian characterization of Brownian motion). A real-valued stochastic process
(Bt)re[0,00) With continuous sample paths ¢t +— B;(w) and By = 0 is a Brownian motion if and only if
(B;) is a centered Gaussian process with covariances

Cov[Bs,B;] = min(s,?) for any s, > 0. (1.14)

Proof. For a Brownian motion (B;) and 0 =ty < #; < ... < 1y, the increments B;, — B;, ,, 1 <i < n, are
independent random variables with distribution N(0,#; — #;_1). Hence,

n
(Bl‘| - Bl()9 e ’Bl‘n - Btn—l) ~ ® N(O, t — ti—l)s
i=1

which is a multinormal distribution. Since B, = By = 0, we see that

10 0 ... 00
1 1 0 00
Btl Btl Bl‘o
By, h B, = By,
11 1 ... 10
11 1 ... 11

also has a multivariate normal distribution, i.e., (B;) is a Gaussian process. Moreover, since B; = B; — By,
we have E[B;] = 0 and

Cov[Bs,B;] = Cov[By,Bs]+Cov[Bs,B; —Bs] = Var[By]] = s

forany 0 < s < t,i.e., (1.14) holds.

Conversely, if (B;) is a centered Gaussian process satistying (1.14), then forany 0 =7 < t; < ... < ty, the
vector (B;, — By, ..., B:, — By, ;) has a multivariate normal distribution with

E[Bzi - Bli—l] = E[Bl‘,] - E[Bt[_]] = 0’ and

Cov[B;, — By, B, — By, ;] = min(t;,1;) — min(z;,7;-1)
—min(t;—1,¢;) + min(t;_1, ;1)
= (ti—ti-1)-0i foranyi,j=1,...,n.

Hence by Theorem 1.9 (3), the increments B;, — B;, |,1 < i < n, are independent with distribution N(0,#; —
ti_1), i.e., (B;) is a Brownian motion. |
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Symmetries of Brownian motion

A first important consequence of the Gaussian characterization of Brownian motion are several symmetry
properties of Wiener measure:

Theorem 1.13 (Invariance properties of Wiener measure). Let (B;);>0 be a Brownian motion starting
at 0 defined on a probability space (Q, A, P). Then the following processes are again Brownian motions:

(1) (=Bt)r>0 (Reflection invariance)

(i) (Bisn — Bn)iso forany h > 0 (Stationarity)
(iii) (a™'?By;)is0 forany a > 0  (Scale invariance)
(iv) The fime inversion (By),>o defined by

By=0, B =t-By, fort>0.

Proof. The proofs of (1), (2) and (3) are left as an exercise to the reader. To show (4), we first note that for
eachn e Nand 0 <1 < ... < ty, the vector (By,,.. ., B;,) has a multivariate normal distribution since it is
a linear transformation of (B, ..., B1s,), (Bo, Bi/sy, - - ., B1/s, ) respectively. Moreover,

E[B] = 0 for any ¢ > 0,
Cov|By, B/] st - Cov[By /s, B¢l

11
= st-min(-, ?) = min(t,s) for any 5,7 > 0, and
s
Cov[Eo, Et] =0 forany ¢t > 0.

Hence (Et)t >0 is a centered Gaussian process with the covariance function of Brownian motion. By Theorem
1.12, it only remains to show that P-almost every sample path ¢ — B;(w) is continuous. This is obviously
true for ¢+ > 0. Furthermore, since the finite dimensional marginals of the processes (B,)>0 and (B:)r0
are multivariate normal distributions with the same means and covariances, the distributions of (E )0 and
(B:);=0 on the product space R(>-®) endowed with the product o--algebra generated by the cylinder sets agree.
To prove continuity at O we note that the set

x:(0,00) > R [limx, =0
\0
teQ

is measurable w.r.t. the product o-algebra on R(>-%). Therefore,

PllimB,=0| = P|limB, =0| = 1.
N0 t\0
teQ teQ

Since B, is almost surely continuous for ¢ > 0, we can conclude that outside a set of measure zero,

sup |By| = sup Bl — 0 ast\, 0,
s€(0,1) s€(0,1)NQ
i.e., t — B, is almost surely continuous at 0 as well. |
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1.2. Brownian Motion as a Gaussian Process

Remark (Long time asymptotics versus local regularity, LLN). The time inversion invariance of Wiener
measure enables us to translate results on the long time asymptotics of Brownian motion (¢ ,” o) into local
regularity results for Brownian paths (z ™\, 0) and vice versa. For example, the continuity of the process (By)
at 0 is equivalent to the law of large numbers:

1 )
[IILH‘}O B,_O] = P[}I{‘I})SBI/S—O] = 1.

At first glance, this looks like a simple proof of the LLN. However, the argument is based on the existence
of a continuous Brownian motion, and the existence proof requires similar arguments as a direct proof of the
law of large numbers.

Wiener measure as a Gaussian measure, path integral heuristics

Wiener measure (with start at 0) is the unique probability measure p on the continuous path space
C([0, c0), R¥) such that the coordinate process

X, : C([0,00),RY) - RY,  X,(x) = x,,

is a Brownian motion starting at 0. By Theorem 1.12, Wiener measure is a centered Gaussian measure
on the infinite dimensional space C([0, o), RY), i.e., for any n € N and 1,...,1, € Ry, (Xy,,...,X;,) is
normally distributed with mean 0. We now "derive" a heuristic representation of Wiener measure that is not
mathematically rigorous but nevertheless useful:

Fix a constant 7 > 0. Thenfor 0 =) < t; < ... < t, < T, the distribution of (X;,,...,X;,) w.r.t. Wiener
measure is

|xt Xt; 1|
dx;.,...,dx = CX -= ; =
Hiy,..., z"( f z,,) Z(l],..., p( Z i —tiq

[ ] (1.15)
i=1

where Z(t1,...,t,) is an appropriate finite normalization constant, and xy := 0. Now choose a sequence

(Ti)ken of partitions 0 = 1, < tgk) <...< t,(l’z,)() = T of the interval [0,T] such that the mesh size
(k) _

max It (k>| tends to zero. Taking informally the limit in (1.15), we obtain the heuristic asymptotic

representation

dx|?
_| dt |do(dxo) [] ax (1.16)

0 t€(0,T]

1
uldx) = 7. &P —5/

for Wiener measure on continuous paths x : [0,7] — R? with a "normalizing constant" Z,. Trying to make
the informal expression (1.16) rigorous fails for several reasons:

(k)

* The normalizing constant Z,, = hm Z(t(k) RN

) is infinite.

T 2

d
* The integral [ d—); dt is also infinite for p-almost every path x, since typical paths of Brownian
0

motion are nowhere differentiable, cf. below.

* The product measure [] dx; can be defined on cylinder sets but an extension to the o-algebra
t€(0,T]

generated by the coordinate maps on C([0, o), R?) does not exist.

Hence there are several infinities involved in the informal expression (1.16). These infinities magically
balance each other such that the measure u is well defined in contrast to all of the factors on the right hand
side.
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1. Brownian Motion

In physics, R. Feynman introduced correspondingly integrals w.r.t. "Lebesgue measure on path space", cf.
e.g. the famous Feynman Lecture notes [...], or Glimm and Jaffe [ ... ].

Although not mathematically rigorous, the heuristic expression (1.15) can be a very useful guide for intuition.
Note for example that (1.15) takes the form

pdx) o exp(=lx|lF/2) A(dx), (1.17)
where ||x||g = (x, x)g2 is the norm induced by the inner product
T
g = /%%dt (1.18)
0

of functions x,y : [0,7] — R< vanishing at 0, and A is a corresponding "infinite-dimensional Lebesgue
measure" (which does not exist!). The vector space

d
H = {x:[0,T] - R? : x(0) = 0,x is absolutely continuous with d—): e L)

is a Hilbert space w.r.t. the inner product (1.18). Therefore, (1.17) suggests to consider Wiener measure as a
standard normal distribution on H. It turns out that this idea can be made rigorous although not as easily as
one might think at first glance. The difficulty is that a standard normal distribution on an infinite-dimensional
Hilbert space does not exist on the space itself but only on a larger space. In particular, we will see in the
next sections that Wiener measure u can indeed be realized on the continuous path space C([0,T],R%), but
p-almost every path is not contained in H!

Remark (Infinite-dimensional standard normal distributions). The fact that a standard normal distribu-
tion on an infinite dimensional separable Hilbert space H can not be realized on the space H itself can be
easily seen by contradiction: Suppose that y is a standard normal distribution on H, and e,,n € N, are
infinitely many orthonormal vectors in H. Then by rotational symmetry, the balls

1
B, = {er:llx—en||H<§}, n €N,

should all have the same measure. On the other hand, the balls are disjoint. Hence by o--additivity,

Sus) = ulJs] s am o=

n=1

and therefore u[B,] = 0 for all n € N. A scaling argument now implies
u{xeH : ||lx=nh| <||h||/2}]=0 forallh € H,

and hence u = 0.

1.3. The Wiener-Lévy Construction

In this section we discuss how to construct Brownian motion as a random superposition of deterministic
paths. The idea already goes back to N. Wiener, who constructed Brownian motion as a random Fourier
series. The approach described here is slightly different and due to P. Lévy: The idea is to approximate the
paths of Brownian motion on a finite time interval by their piecewise linear interpolations w.r.t. the sequence
of dyadic partitions. This corresponds to a development of the Brownian paths w.r.t. Schauder functions
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1.3. The Wiener-Lévy Construction

("wavelets") which turns out to be very useful for many applications including numerical simulations.

Our aim is to construct a one-dimensional Brownian motion B, starting at O for ¢ € [0, 1]. By stationarity
and independence of the increments, a Brownian motion defined for all ¢ € [0, o) can then easily be obtained
from infinitely many independent copies of Brownian motion on [0, 1]. We are hence looking for a random

variable
B = (Bi)iefo,1) : Q — C([0,1])

defined on a probability space (€, A, P) such that the distribution P o B~! is Wiener measure y on the
continuous path space C([0, 1]).

A first attempt

Recall that y should be a kind of standard normal distribution w.r.t. the inner product

1
dx dy
(x,y)u = /EE dt (1.19)
0

on functions x,y : [0,1] — R. Therefore, we could try to define
B/(w) = Z Ziw)eit)  forte[0,1]and w € Q, (1.20)
i=1

where (Z;);en is a sequence of independent standard normal random variables, and (e;);ew is an orthonormal
basis in the Hilbert space

H = {x:[0,1] » R|x(0) =0, x is absolutely continuous with (x, x)yg < oo}. (1.21)

However, the resulting series approximation does not converge in H:

Theorem 1.14. Suppose (¢;);cn is a sequence of orthonormal vectors in a Hilbert space H and (Z;);en

is a sequence of i.i.d. random variables with P[Z; # 0] > 0. Then the series }, Z;(w)e; diverges with
i=1

probability 1 w.r.t. the norm on H.

Proof. By orthonormality and by the law of large numbers,

Zn: Zi(w)e;
i=1

P-almost surely as n — oo. |

n
= Zzi(w)z — ©
i1

2
H

The Theorem again reflects the fact that a standard normal distribution on an infinite-dimensional Hilbert
space can not be realized on the space itself.

To obtain a positive result, we will replace the norm

1
Il = /
0
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1. Brownian Motion

on H by the supremum norm

Hx”sup = sup | X1,
tel0,1]

and correspondingly the Hilbert space H by the Banach space C([0, 1]). Note that the supremum norm is
weaker than the H-norm. In fact, for x € H and ¢ € [0, 1], the Cauchy-Schwarz inequality implies

t 2 t
x> = /x; ds| < z-/|x;|2ds < lxlFs
0 0
and therefore
Ixllwp < lxlla for any x € H.

There are two choices for an orthonormal basis of the Hilbert space H that are of particular interest: The
first is the Fourier basis given by

2
eo(t) = t, e,(t) = n—\/;sin(nnt) forn > 1.

With respect to this basis, the series in (1.20) is a Fourier series with random coefficients. Wiener’s original
construction of Brownian motion is based on a random Fourier series. A second convenient choice is the
basis of Schauder functions ("wavelets") that has been used by P. Lévy to construct Brownian motion. Below,
we will discuss Lévy’s construction in detail. In particular, we will prove that for the Schauder functions, the
series in (1.20) converges almost surely w.r.t. the supremum norm towards a continuous (but not absolutely
continuous) random path (B;);¢[o,1]. It is then not difficult to conclude that (B;)¢[0,1] is indeed a Brownian
motion.

The Wiener-Lévy representation of Brownian motion

Before carrying out Lévy’s construction of Brownian motion, we introduce the Schauder functions, and we
show how to expand a given Brownian motion w.r.t. this basis of function space. Suppose we would like to
approximate the paths ¢t — B;(w) of a Brownian motion by their piecewise linear approximations adapted to
the sequence of dyadic partitions of the interval [0, 1].

An obvious advantage of this approximation over a Fourier expansion is that the values of the approximating
functions at the dyadic points remain fixed once the approximating partition is fine enough. The piecewise
linear approximations of a continuous function on [0, 1] correspond to a series expansion w.r.t. the base
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functions
e(t) =t , and
eni(t) = 27"2e0 02" —k), n=0,12,....k=0,1,2,...,2" =1, , where
t fort € [0,1/2]
eoo(t) = min(t,1-1)" = 1-t forte(1/2,1]
0 forr e R\ [0,1]
1+ e(t)
%
1
6n’k(t)
(14n/2) 4+
ko2 (k+1)2-" 1
6070(t)
0.5 +
1

The functions e, x (n > 0,0 < k < 2") are called Schauder functions. It is rather obvious that piecewise
linear approximation w.r.t. the dyadic partitions corresponds to the expansion of a function x € C([0, 1])
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with x(0) = 0 in the basis given by e(¢) and the Schauder functions. The normalization constants in defining
the functions e, x have been chosen in such a way that the e, ; are orthonormal w.r.t. the H-inner product
introduced above.

Definition 1.15. A sequence (e;);en of vectors in an infinite-dimensional Hilbert space H is called an
orthonormal basis (or complete orthonormal system) of H if and only if

(i) Orthonormality:  (e;,e;) = 0;j foranyi,j € N, and

(ii) Completeness: Any h € H can be expressed as

h = Z(h, ei)He;.
i=1

Remark (Equivalent characterizations of orthonormal bases). Let ¢;,i € N, be orthonormal vectors in a
Hilbert space H. Then the following conditions are equivalent:

(i) (ei)ien is an orthonormal basis of H.
(ii) The linear span

k
Ci€é;
=1

span{e; |i e N} = { keNcy,...,ck ER}

1

is a dense subset of H.
(iii) There is no element x € H, x # 0, such that (x,e;)yg = 0 for every i € N.

(iv) For any element x € H, Parseval’s relation
Il = D lwedk (1.22)
i=1

holds.
(v) Forany x,y € H,
@V = D (medn(en. (1.23)
i=1
For the proofs we refer to any book on functional analysis, cf. e.g. [Reed and Simon: Methods of modern
mathematical physics, Vol. IJ.

Lemma 1.16. The Schauder functions e and e, (n > 0,0 < k < 2") form an orthonormal basis in the
Hilbert space H defined by (1.21).

Proof. By definition of the inner product on H, the linear map d/dt which maps an absolutely continuous
function x € H to its derivative x’ € L?(0, 1) is an isometry from H onto L*(0,1), i.e.,

Conm = (YD for any x,y € H.
The derivatives of the Schauder functions are the Haar functions

e'(t)

e;’k(t)

1,
2" (I amn k1 /2)2-m)(8) = st j2)2-n (s 1y.2-m)(1)) forae. 1.
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1.3. The Wiener-Lévy Construction

e'(t) €k (t)
1 o 2—71,/24k —
(k+1)27"
i } } i
1 k-27n 1
—_9—n/2 1 —

It is easy to see that these functions form an orthonormal basis in L?(0,1). In fact, orthonormality w.r.t.
the L? inner product can be verified directly. Moreover, the linear span of the functions ¢’ and e;l’ ; for
n=0,1,....mand k =0,1,...,2" — 1 consists of all step functions that are constant on each dyadic interval
[ -27m*D (j + 1) -27m*+D) " An arbitrary function in L2(0, 1) can be approximated by dyadic step functions
w.r.t. the L? norm. This follows for example directly from the L? martingale convergence Theorem, cf.
... below. Hence the linear span of ¢’ and the Haar functions e;’ . 18 dense in L?(0,1), and therefore these
functions form an orthonormal basis of the Hilbert space L*(0, 1). Since x > x’ is an isometry from H onto
L%(0,1), we can conclude that e and the Schauder functions e, x form an orthonormal basis of H. |

The expansion of a function x : [0,1] — R in the basis of Schauder functions can now be made explicit.
The coefficients of a function x € H in the expansion are

1 1

(x,e)g = /x’e'dt = /x’dt = x()-x(0) = x(1)

0 0
1 1

(X, eni)H = /x'e;l’k dr = 2"/2/x’(t)e(')’0(2"t — k) dt
0 0

22 | (x((k + %) 27 = x(k-27") = (x((k+ 1) -27") — x((k + %) 27" |-
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Theorem 1.17. Let x € C([0, 1]). Then the expansion

oo 2M—1

) = x(Det)= Y, > 2 Angx - enilt),

n=0 k=0

B = |Gk + 1)-27) = x((k + ) 27) = (x((k + )+ 27) = x(k - 27™)

holds w.r.t. uniform convergence on [0, 1]. For x € H the series also converges w.r.t. the stronger H-norm.

Proof. It can be easily verified that by definition of the Schauder functions, for each m € N the partial sum

m 2"—-1

)= x(De) = D0 Y 2P A kx enilt) (1.24)

n=0 k=0

is the polygonal interpolation of x(¢) w.r.t. the (m + 1)-th dyadic partition of the interval [0, 1]. Since the
function x is uniformly continuous on [0, 1], the polygonal interpolations converge uniformly to x. This
proves the first statement. Moreover, for x € H, the series is the expansion of x in the orthonormal basis of
H given by the Schauder functions, and therefore it also converges w.r.t. the H-norm. |

Applying the expansion to the paths of a Brownian motions, we obtain:

Corollary 1.18 (Wiener-Lévy representation). For a Brownian motion (B;);¢[0,1] the series representa-
tion

co 2M-1

B(w) = Z@e®)+ ) > Znx@enit),  te[01], (1.25)

n=0 k=0
holds w.r.t. uniform convergence on [0, 1] for P-almost every w € Q, where

Z =B, and Z,ix = 2"?AB  (n>=00<k<2"-1)

are independent random variables with standard normal distribution.

Proof. It only remains to verify that the coefficients Z and Z, ; are independent with standard normal
distribution. A vector given by finitely many of these random variables has a multivariate normal distribution,
since it is a linear transformation of increments of the Brownian motion B;. Hence it suffices to show that
the random variables are uncorrelated with variance 1. This is left as an exercise to the reader. |

Lévy’s construction of Brownian motion

The series representation (1.25) can be used to construct Brownian motion starting from independent standard
normal random variables. The resulting construction does not only prove existence of Brownian motion but
it is also very useful for numerical implementations:

Theorem 1.19 (P. Lévy 1948). Let Z and Z,, x (n > 0,0 < k < 2" — 1) be independent standard normally
distributed random variables on a probability space (2, A, P). Then the series in (1.25) converges uniformly
on [0, 1] with probability 1. The limit process (B;)¢[o,1] is a Brownian motion.
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1.3. The Wiener-Lévy Construction

The convergence proof relies on a combination of the Borel-Cantelli Lemma and the Weierstrass criterion
for uniform convergence of series of functions. Moreover, we will need the following result to identify the
limit process as a Brownian motion:

Lemma 1.20 (Parseval relation for Schauder functions). For any s,t € [0, 1],

co 2M—]

e(t)e(s) + Z Z enk(t)enx(s) = min(z,s).

n=0 k=0
Proof. Note that for g € H and s € [0, 1], we have
1

o) = gls)—g0) = / ¢ low = (h9)m,
0

t
where h0)(r) := [ Io,sy = min(s,7). Hence the Parseval relation (1.22) applied to the functions h) and
0
h") yields
e(t)e(s) + ) eni(t)eni(s)

n,k
= (ee h(t))(ea h(S)) + Z(en,k’ h(t))(en,k’ h(s‘))
n,k
1
= (h,p%)) = Ionlosy = min(t,s). [
0,0)4(0,s)
0

Proof (Proof of Theorem 1.19). We proceed in 4 steps:

(i) Uniform convergence for P-a.e. w: By the Weierstrass criterion, a series of functions converges
uniformly if the sum of the supremum norms of the summands is finite. To apply the criterion, we
note that for any fixed ¢ € [0,1] and n € N, only one of the functions e, ¢,k = 0,1,...,2" — 1, does
not vanish at z. Moreover, |e,, ()| < 27"/2. Hence

2]
sup | Y Zns(@ens®)| < 277 My(w), (1.26)
t€[0,1] k=0
where
M, = max |Z k|-
0<k<2n

We now apply the Borel-Cantelli Lemma to show that with probability 1, M,, grows at most linearly.
Let Z denote a standard normal random variable. Then we have

2}’1

PIM,>n] < 2"-Pl|Z|>n] < —-E[|Z|;|Z]> n]
n
B N LA
n-\2n T n
n

for any n € N. Since the sequence on the right hand side is summable, M,, < n holds eventually
with probability one. Therefore, the sequence on the right hand side of (1.26) is also summable for
P-almost every w. Hence, by (1.26) and the Weierstrass criterion, the partial sums

m 2"-1

BWw) = Zwe®)+ ) > Znrwenxd), meN,

n=0 k=0
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converge almost surely uniformly on [0, 1]. Let

B, = lim B(m)

m—oo

denote the almost surely defined limit.

(ii) L? convergence for fixed t: We now want to prove that the limit process (B;) is a Brownian motion,
i.e., a continuous Gaussian process with E[B;] = 0 and Cov|B;, B;] = min(t,s) for any ¢,s € [0, 1].
To compute the covariances we first show that for a given 7 € [0,1] the series approximation B,
of B; converges also in L?. Letl,m € N with [ < m. Since the Z, x are independent (and hence
uncorrelated) with variance 1, we have

m 2"-1 m
!
E[(B™ - BY] = E ( > znkenkm) = >0 ensld.
n=Il+1 k=0 n=l+1 k
The right hand side converges to 0 as I,m — oo since Y, e, x(t)> < oo by Lemma 1.20. Hence
n,k
Bﬁm),m € N, is a Cauchy sequence in LZ(Q, A, P). Since B, = lim Bﬁm) almost surely, we obtain
m—0o

B™ "X B, inLAQA,P).

(iii) Expectations and Covariances: By the L? convergence we obtain for any s,7 € [0, 1]:

E[B] = lim E[B™] = 0, and
nm-—-0o0
Cov[B..B;] = E[B,Bj] = lim E[B"™B™)]
nm—-00
m 2"-1
= el lim ), ) enk(Dens(s)
n=0 k=0

Here we have used again that the random variables Z and Z,, ; are independent with variance 1. By
Parseval’s relation (Lemma 1.20), we conclude

Cov[B;,Bs;] = min(t,s).

Since the process (B;);¢[o,1] has the right expectations and covariances, and, by construction, almost
surely continuous paths, it only remains to show that (B;) is a Gaussian process in oder to complete

the proof:

(iv) (Bt)iefo,1] is a Gaussian process: We have to show that (By,,...,B;) has a multivariate normal
distribution for any 0 < #; < ... < f; < 1. By Theorem 1.9, it suffices to verify that any linear
combination of the components is normally distributed. This holds by the next Lemma since

l l
ijBtj = Wlli_r)rc{oijBg") P-as.
— =
is an almost sure limit of normally distributed random variables for any
Pi1s--->,p1 €R.

Combining Steps 3,4 and the continuity of sample paths, we conclude that (B;);¢[o,1] is indeed a Brownian
motion. |
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Lemma 1.21. Suppose that (X,)nen is a sequence of normally distributed random variables defined on a
Joint probability space (Q, A, P), and X,, converges almost surely to a random variable X. Then X is also
normally distributed.

Proof. Suppose X,, ~ N(my,02) with m,, € R and o, € (0,0). By the Dominated Convergence Theorem,

E[¢'PX] = lim E[¢PX"] = lim eiPMn = 3up?
n—oo n—oo
The limit on the right hand side only exists for all p, if either o, — oo, or the sequences o, and m,, both
converge to finite limits o € [0,00) and m € R. In the first case, the limit would equal O for p # 0 and 1 for
p = 0. This is a contradiction, since characteristic functions are always continuous. Hence the second case
occurs, and, therefore
E[ePX] = eiPm=307p for any p € R,

ie., X ~ N(m,o?). [ |

So far, we have constructed Brownian motion only for # € [0,1]. Brownian motion on any finite time
interval can easily be obtained from this process by rescaling. Brownian motion defined for all r € R, can
be obtained by joining infinitely many Brownian motions on time intervals of length 1:

B2

B®)

Theorem 1.22. Suppose that Bgl), BEZ),. .. are independent Brownian motions starting at O defined for
t € [0,1]. Then the process

1]

= gl (i)

B, = BUIVLNBY 1>,
i=1

is a Brownian motion defined for ¢ € [0, c0).
The proof is left as an exercise.
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1.4. The Brownian Sample Paths

In this section we study some properties of Brownian sample paths in dimension one. We show that a typical
Brownian path is nowhere differentiable, and Holder-continuous with parameter « if and only if @ < 1/2.
Furthermore, the set A, = {t = 0 : B; = a} of all passage times of a given point a € R is a fractal. We will
show that almost surely, A, has Lebesgue measure zero but any point in A, is an accumulation point of A,.
We consider a one-dimensional Brownian motion (B;);>o with By = 0O defined on a probability space
(Q, A, P). Then:

Typical Brownian sample paths are nowhere differentiable

For any ¢ > 0 and /& > 0, the difference quotient % is normally distributed with mean 0 and standard
deviation
ol(Bren =B/ = olBun—Bil/h = 1/Vh.
This suggests that the derivative
d _ . Bin— By
—B, = lim ———
dt hN\0

does not exist. Indeed, we have the following stronger statement.

Theorem 1.23 (Paley, Wiener, Zygmund 1933). Almost surely, the Brownian sample path ¢ +— B, is
nowhere differentiable, and

Bs; — B;
§=1U

lim sup
s\t

= o0 for any t > 0.

Note that, since there are uncountably many ¢ > 0, the statement is stronger than claiming only the almost
sure non-differentiability for any given ¢ > 0.

Proof. It suffices to show that the set

1
N = {weQ At €[0,T),k,L € N \/se(t,t+E) 1 |Bs(w) — By(w)| §L|s—t|}

is a null set for any 7' € N. Hence fix T € N, and consider w € N. Then there exist k,L € Nand ¢t € [0,T]
such that

1
|Bs(w) — By(w)] < L-|s—t holds for s € (¢,¢ + %) (1.27)
To make use of the independence of the increments over disjoint intervals, we note that for any n > 4k, we
: - | il ikl 42 i+2 i+3 ~ ~
can find an i € {1,2,...,nT} such that the intervals (+, =), (5=, =), and (=, 2=) are all contained in
(t,t+ 1)
i-1 i i+l i+2 i+3
| | | 1 | |
| | | | | | |
t t+ ¢
N J/
Y
1/k > 4/n
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Hence by (1.27), the bound

IA

By (w) - Bﬁ;(w)’ |B_,%1(a)) - B,(a))| +

B/(w) - B, (w)

8L
n

IA

o .
LI —n+r-d-n <
n n

holds for j = i,i + 1,i + 2. Thus we have shown that N is contained in the set

- unUj

k,LeN n>4k i=1

Bjs1 —Bj
n n

8L
< — forj:i,i+1,i+2}.
n

We now prove P[N] = 0. By independence and stationarity of the increments we have

8L
P[{BH—BJ- <= forj:i,i+1,i+2}
n n n
3 3
8L 8L
- P“Bl <= = P[|Blls—] (1.28)
n n \/ﬁ
( 1 16L)3 I A A
Var Vi Var P

for any i and n. Here we have used that the standard normal density is bounded from above by 1/v2xr. By
(1.28) we obtain

nT ]
Pl U{B,:I—B{l <— forj=i,i+1,i+2}
n>4k i=1
3
= - inf nTL3/n*? = 0.
Vg
Hence, P[N] = 0, and therefore N is a null set. |

Hoélder continuity

The statement of Theorem 1.23 says that a typical Brownian path is not Lipschitz continuous on any non-
empty open interval. On the other hand, the Wiener-Lévy construction shows that the sample paths are
continuous. We can almost close the gap between these two statements by arguing in both cases slightly
more carefully:

Theorem 1.24. The following statements hold almost surely:

(i) Forany a > 1/2,

B; - B
limsupM = o forall t > 0.
s\t |s_t|a
(ii) Forany a < 1/2,
B; - B
sup M < forall T > 0.

s.eefo,r] IS — €@
SFt
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1. Brownian Motion

Hence a typical Brownian path is nowhere Holder continuous with parameter & > 1/2, but it is Holder
continuous with parameter @ < 1/2 on any finite interval. The critical case @ = 1/2 is more delicate, and
will be briefly discussed below.

Proof (Proof of Theorem 1.24). The first statement can be shown by a similar argument as in the proof of
Theorem 1.23. The details are left to the reader.

To prove the second statement for 7 = 1, we use the Wiener-Lévy representation

co 2M—]

B, = Z-t+ Z Z Zn.keni(t) for any ¢ € [0, 1]
n=0 k=0

with independent standard normal random variables Z, Z,, . For t,s € [0, 1] we obtain

Bi =Byl < |ZI-Jt=sl+ D My ) lens(t) = eni(s)]
n k

where M, := m]?x |Z,, k| as in the proof of Theorem 1.19. We have shown above that by the Borel-Cantelli

Lemma, M,, < n eventually with probability one, and hence
M,(w) < Cw)-n

for some almost surely finite constant C(w). Moreover, note that for each s, ¢ and n, at most two summands in
2ok lenk(t) — en ik (s)| do not vanish. Since |e, x(¢)| < % 2772 and le) (D] < 2112 we obtain the estimates

len(t) —eni(s) < 272, and (1.29)
leni(t) = ens(s) < 2"% .|t —s]. (1.30)

For given s, € [0, 1], we now choose N € N such that
27N < r-s] < 27N, (1.31)

By applying (1.29) for n > N and (1.30) for n < N, we obtain

N )
|B,—Bs| < |Z|-|t-s|+2C- Zn2n/2-|t—s|+ Z n2 2|
n=1 n=N+1

By (1.31) the sums on the right hand side can both be bounded by a constant multiple of |t — s|* for any
@ < 1/2. This proves that (B;);¢[o,1] is almost surely Holder-continuous of order a. |
Law of the iterated logarithm

Khintchine’s version of the law of the iterated logarithm is a much more precise statement on the local
regularity of a typical Brownian path at a fixed time s > 0. It implies in particular that almost every
Brownian path is not Hélder continuous with parameter @ = 1/2. We state the result without proof:

Theorem 1.25 (Khintchine 1924). For s > 0, the following statements hold almost surely:

Bsit — B Bsit — B
limsupL = +1, and liminf ——"———2 _ = —1.

N0 +/2tloglog(1/7) | ™NO /2t loglog(1/t)

For the proof cf. e.g. Breiman, Probability, Section 12.9.
By a time inversion, the Theorem translates into a statement on the global asymptotics of Brownian paths:

30 University of Bonn
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Corollary 1.26. The following statements hold almost surely:

B B
limsup—z = +1, and liminf ——— = 1.

t—co 42t loglogt t=e (2tloglogt

Proof. This follows by applying the Theorem above to the Brownian motion B, =1-B /- For example,
substituting & = 1/¢, we have

lim supL = lim sup& = +1
1= 42t loglog(t) N0 +/2hloglog1/h
almost surely. u

The corollary is a continuous time analogue of Kolmogorov’s law of the iterated logarithm for Random

n
Walks stating that for S,, = >, n;, n; i.i.d. with E[n;] = 0 and Var[r;] = 1, one has
i=1

S S
lim sup “ = +1 and liminf ———— = -1

n—oo  4f2nloglogn n— \[2nloglogn

almost surely. In fact, one way to prove Kolmogorov’s LIL is to embed the Random Walk into a Brownian
motion, cf. e.g. Rogers and Williams, Vol. I, Ch. 7 or Section 3.3

Passage times

We now study the set of passage times to a given level a for a one-dimensional Brownian motion (B;); 0.
This set has interesting properties — in particular it is a random fractal. Fix a € R, and let

Agw) = {t=20: Bi(w)=a} < [0,00).

Assuming that every path is continuous, the random set A,(w) is closed for every w. Moreover, scale
invariance of Brownian motion implies a statistical self similarity property for the sets of passage times:
Since the rescaled process (c™'/?B.;); =0 has the same distribution as (B, ), for any ¢ > 0, we can conclude
that the set valued random variable ¢ - A, N has the same distribution as A,. In particular, Ay is a fractal
in the sense that

ANy ~ ¢ N for any ¢ > 0.
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-]
=
—

Figure 1.3.: Brownian motion with corresponding level set A.

Moreover, by Fubini’s Theorem one easily verifies that A, has almost surely Lebesgue measure zero. In
fact, continuity of r — B;(w) for any w implies that (f,w) — B;(w) is product measurable (Exercise). Hence
{(t,w) : B:(w) = a} is contained in the product o-algebra, and

(o)

E[AA)] = E /I{a}(Bt)dt = /P[B,:a]dt = 0.
0 0

Theorem 1.27 (Unbounded oscillations, recurrence).

P|supB; = 40| = P

t>0

il’lf Bt = —00] = 1
t>0

In particular, for any a € R, the random set A, is almost surely unbounded, i.e. Brownian motion is
recurrent.

Proof. By scale invariance,

supB;, ~ 12 supB.; = 12 sup B; for any ¢ > 0.

120 >0 120
Hence,

P[suthZa = P[suthZa‘\/E]
t>0 t>0

for any ¢ > 0, and therefore sup B, € {0, oo} almost surely. The first part of the assertion now follows since
sup By is almost surely strictly positive. By reflection symmetry, we also obtain inf B; = —co with probability
one. |

The last Theorem makes a statement on the global structure of the set A,. By invariance w.r.t. time
inversion this again translates into a local regularity result:
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Theorem 1.28 (Fine structure of A,). The set A, is almost surely a perfect set, i.e., any t € A, is an
accumulation point of A,.

Proof. We prove the statement for a = 0, the general case being left as an exercise. We proceed in three
steps:

. SteP 1: 0 is almost surely an accumulation point of Ag: This holds by time-reversal. Setting Et =t- By,
we see that 0 is an accumulation point of Ay if and only of for any n € N there exists ¢ > n such that
B; =0, i.e., if and only if the zero set of B; is unbounded. By Theorem 1.27, this holds almost surely.

. SteP 2: Forany s > 0, Ty := min(A, N [s,00)) = min{¢ > s : B, = a} is almost surely an accumulation
point of A,: For the proof we need the strong Markov property of Brownian motion which will be
proved in the next section. By Theorem 1.27, the random variable 7 is almost surely finite. Hence,
by continuity, Br, = a almost surely. The strong Markov property says that the process

B := Br,++ — Br,, t >0,

is again a Brownian motion starting at 0. Therefore, almost surely, 0 is an accumulation point of the
zero set of B, by Step 1. The claim follows since almost surely

{t>0:B,=0} = {t>0:Br,ot+=Br,} = {t>Ts:B; =a} C A,.

. Step 3: To complete the proof note that we have shown that the following properties hold with probability
one:

(i) Ag is closed.
(i) min(A, N [s,0)) is an accumulation point of A, for any s € Q..

Since Q; is a dense subset of R, (1) and (2) imply that any ¢ € A, is an accumulation point of A,.
In fact, for any s € [0,7] N Q, there exists an accumulation point of A, in (s,¢] by (2), and hence 7 is
itself an accumulation point. |

Remark. It can be shown that the set A, has Hausdorff dimension 1/2.

1.5. Strong Markov property and reflection principle

In this section we prove a strong Markov property for Brownian motion. Before, we give another motivation
for our interest in an extension of the Markov property to random times.
Maximum of Brownian motion

Suppose that (B;); > is a one-dimensional continuous Brownian motion starting at 0 defined on a probability
space (Q, A, P). We would like to compute the distribution of the maximal value

My, = max B;
t€l0,s]

attained before a given time s € R,. The idea is to proceed similarly as for Random Walks, and to reflect the
Brownian path after the first passage time

T, = min{t>0:B,=a}
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to a given level a > 0:

T ol
a 1A

Mn. A AN Y f JWL
WAY

It seems plausible (e.g. by the heuristic path integral representation of Wiener measure, or by a Random
Walk approximation) that the reflected process (B;); >0 defined by

|
T

5 B, fort <T,
o a—(B;—a) fort>T,
is again a Brownian motion. At the end of this section, we will prove this reflection principle rigorously by

the strong Markov property. Assuming the reflection principle is true, we can compute the distribution of
M in the following way:

P[Mg >a]l = P[M; > a,Bs; <al+ P[Mg > a,B; > a]
= P[By > a] + P[B; > a]
= 2-P[By > a]
= P[|Bs| = a].

Thus M has the same distribution as |B|.
Furthermore, since M > a if and only if My = max{B; : t € [0,s]} > a, we obtain the stronger statement

P[Mg > a,Bg <c] = P[My>a,By>2a—-c] = P[§S22a—c]

(9]

/ exp(—x%/2s) dx

2a-c

for any a > 0 and ¢ < a. As a consequence, we have:

Theorem 1.29 (Maxima of Brownian paths).

(i) For any s > 0, the distribution of Mj is absolutely continuous with density

2
Ju,(x) = \/z_meXp(—xz/%)-l(o,oo)(X)-
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1.5. Strong Markov property and reflection principle

(ii) The joint distribution of My and By is absolutely continuous with density

2x—yex _(2)c—y)2
S X\

fmg B, (x,y) = 2 7
R)

) 1(0,00)(X)(—c0,x)(¥)-

Proof. (1) holds since My ~ |Bs|. For the proof of (2) we assume w.l.o.g. s = 1. The general case can be
reduced to this case by the scale invariance of Brownian motion (Exercise). For a > 0 and ¢ < a let

G(a,c) = P[M;=aB; <c].
By the reflection principle,
G(a,c) = P[Bi=z2a-c] = 1-®Q2a-c),
where @ denotes the standard normal distribution function. Since lim G(a,c) = 0 and hm G(a,c) =0,
a—oo
we obtain
o] C
4*G
P[M, > a,B; < c] = Gla,c) = - (x,y) dydx
0x0y
xX=a y=—0c0
2 - 2x — y)?
= / / al - exp (—%) dydx.
x=ay=
This implies the claim for s = 1, since M; > 0 and B; < M; by definition of M;. |

The Theorem enables us to compute the distributions of the first passage times 7,,. In fact, for a > 0 and
s € [0,0) we obtain

P[T, < s] = P[M; > a]

2-P[By>a] = 2-P[B; > a/Vs]

\/7 / -2 g4 (1.32)

alvs

Corollary 1.30 (Distribution of 7,,). For any a € R \ {0}, the distribution of 7, is absolutely continuous
with density

frls) = A s,
2753
Proof. For a > 0, we obtain
a 2
fr.(s) = Fj(s) = —=e /¥
fa V2rs3
by (1.32). For a < 0 the assertion holds since T, ~ T—, by reflection symmetry of Brownian motion. [ |

Next, we prove a strong Markov property for Brownian motion. Below we will then complete the proof
of the reflection principle and the statements above by applying the strong Markov property to the passage
time 7T,.
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Strong Markov property for Brownian motion

Suppose again that (B;); >0 is a d-dimensional continuous Brownian motion starting at 0 on a probability
space (Q, A, P), and let
FEB = o(Bs :0<s<1), t >0,

denote the o-algebras generated by the process up to time ¢.

Definition 1.31. A random variable 7 : Q — [0, c0] is called an (F,B)-stopping time if and only if

{T <t} € 7—”,3 for any # > 0.

Example. Clearly, for any a € R, the first passage time
T, = min{t >0 : B; = a}

to a level a is an (F,%)-stopping time.
The o-algebra ?_TB describing the information about the process up to a stopping time 7 is defined by

?'TB ={AeA: An{T <t} eFP foranyr>0}.
Note that for (7,2) stopping times S and T with S < T we have (fSB c (FTB , since for ¢ > 0
An{S<t}eF? = AN{T <ty = An{S<t}n{T <t} € 7B,
For any constant s € R, the process (Bsi; — Bs)r>0 is @ Brownian motion independent of TSB .

A corresponding statement holds for stopping times:

Theorem 1.32 (Strong Markov property). Suppose that 7" is an almost surely finite (F,B) stopping time.
Then the process (B;);>o defined by

E, = Bri;—Br ifT < oo, 0 otherwise,

is a Brownian motion independent of 7-}3 .

Proof. We first assume that T takes values only in C U {co} where C is a countable subset of [0, c0). Then
for A € 7:TB and s € C,we have AN {T = s} € FB and B; = By+s — By on AN {T = s}. By the Markov
property, (B;+s — Bs)s>0 is a Brownian motion independent of 7—'SB . Hence for any measurable subset I" of
C([0, ], RY), we have

Pl{(B)iz0 € T} N A]

D PU(Bivs = Bo)izo € TN AN{T = 5}]
seC

D HollT-PIAN{T =5})] = poll]-P[A]
seC

where g denotes the distribution of Brownian motion starting at 0. This proves the assertion for discrete
stopping times.

For an arbitrary (F,%) stopping time 7 that is almost surely finite and n € N, we set T;, = % [nT1, i.e.,

T,,=E on {
n

k-1
n

k
<T§—} for any k € N.
n

36 University of Bonn



1.5. Strong Markov property and reflection principle

Since the event {7}, = k/n} is ﬁ?n—measurable forany k € N, T,, is a discrete (7% stopping time. Therefore,

(B1,++ — Br,):>0 is a Brownian motion that is independent of 7—}5 , and hence of the smaller o--algebra 7—}3 .
Asn — oo, T,, — T, and thus, by continuity,

B; = Bry— Br = lim (B, — Br,,).
n—oo
Now it is easy to verify that (By)ss0 is again a Brownian motion that is independent of 7—"TB . |

A rigorous reflection principle

We now apply the strong Markov property to prove a reflection principle for Brownian motion. Consider a
one-dimensional continuous Brownian motion (B;); ¢ starting at 0. For a € R let

T, = min{t >0 : B; =a} (first passage time),
B,T“ = Bnin{r,7,} (process stopped at T,), and
B; = Br,.—Br, (process after T,).

Theorem 1.33 (Reflection principle). The joint distributions of the following random variables with val-
ues in Ry x C([0,)) X C([0, 00)) agree:

(Tas (BI*)i20,(Br)iz0)  ~  (Tay(B{*)r20,(=B1)r20)

Proof. By the strong Markov property, the process B is a Brownian motion starting at O independent of ¥,
and hence of T, and BT« = (BtT“ )t>0. Therefore,

Po(T,,B',B)' = Po(T,,B") ' ®@uy = Po (T, B -B) " n

As a consequence of the theorem, we can complete the argument given at the beginning of this section: The
"shadow path" B; of a Brownian path B; with reflection when reaching the level a is given by

r =

~ BtT“ fort <T,
a-B, g, fort>T,’

whereas
Ta
B, = {B; fort <T,

a+B, g, fort>T,
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By the Theorem 1.33, (Et)t >0 has the same distribution as (B;);»o. Therefore, and since max B; > a if and

t€[0,s]
only if max B; > a, we obtain for a > c:
t€l0,s]
P | max B; > a,Bs Sc] = P[max Et Za,gs 22a—c}
t€l0,s] t€l0,s]

P[Asz2a—c]
1

(o)
)
= / e X125 gy,
2rs
2a—c
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2. Martingales in discrete time

Classical analysis starts with studying convergence of sequences of real numbers. Similarly, stochastic
analysis relies on basic statements about sequences of real-valued random variables. Any such sequence
can be decomposed uniquely into a martingale, i.e., a real.valued stochastic process that is “constant on
average”, and a predictable part. Therefore, estimates and convergence theorems for martingales are crucial
in stochastic analysis.

2.1. Definitions and examples

We fix a probability space (Q,A,P). Moreover, we assume that we are given an increasing sequence
Fn (n=0,1,2,...) of sub-c-algebras of A. Intuitively, we often think of ¥, as describing the information
available to us at time n. Formally, we define:

Definition 2.1 (Filtration, adapted process). (i) A filtration on (Q, A) is an increasing sequence
fo € F1 € F C ...

of o-algebras F,, C A.

(ii) A stochastic process (X, ), >0 is adapted to a filtration (7,), >0 iff each X;, is F;,,-measurable.

Example. (i) The canonical filtration (F,X) generated by a stochastic process (X)) is given by
FX = o(Xo, X1, -, Xn).

If the filtration is not specified explicitly, we will usually consider the canonical filtration.

(ii) Alternatively, filtrations containing additional information are of interest, for example the filtration
Fn = 0(Z,X0, X1, .., Xn)
generated by the process (X,,) and an additional random variable Z, or the filtration
Fn = 0(Xo, Yo, X1, 11, . .. X0, V)

generated by the process (X,) and a further process (¥;,).

Clearly, the process (X;,) is adapted to any of these filtrations. In general, (X,,) is adapted to a filtration (%)
if and only if 7,X C F, for any n > 0.

Martingales and supermartingales

We can now formalize the notion of a real-valued stochastic process that is constant (respectively decreasing
or increasing) on average:
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Definition 2.2 (Martingale, supermartingale, submartingale). (i) A sequence of real-valued ran-
dom variables M,, : Q@ — R (n = 0,1,...) on the probability space (Q, A, P) is called a martingale
w.r.t. the filtration (%,) if and only if

a) (M,) is adapted w.r.t. (77,),
b) M, is integrable for any n > 0, and
c) E[M,|Fn-1] = M,—; foranyn e N.

(i) Similarly, (M,,) is called a supermartingale (resp. a submartingale) w.r.t. () if and only if (a)
holds, the positive part M, (resp. the negative part M,,) is integrable for every n > 0, and (c) holds
with “=" replaced by “<”, “>" respectively.

Condition (c¢) in the martingale definition can equivalently be written as
() EMyq1—M,|F,] =0 foralln € Z,,

“__9

and, correspondingly, wit replaced by “<” or “>" for super- or submartingales.

Intuitively, a martingale is a “fair” game, i.e., M,,_; is the best prediction (w.r.t. the mean square error) for
the next value M,, given the information up to time n — 1. A supermartingale is “decreasing on average”,
a submartingale is “increasing on average”, and a martingale is both “decreasing” and “increasing”, i.e.,
“constant on average”. In particular, by induction on n, a martingale satisfies

E[M,] = E[M)y] for any n > 0.
Similarly, for a supermartingale, the expectation values E[M,,] are decreasing. More generally, we have:

Lemma 2.3. If (M,,) is a martingale (respectively a supermartingale) w.r.t. a filtration (%) then

E[M, .1 | Ful = M, P-almost surely for any n,k > 0.

Proof. By induction on k: The assertion holds for k = 0, since M,, is ¥,-measurable. Moreover, the
assertion for k — 1 implies

E[Muik | Ful = E[E[Mysr | Frrr-1]]| Ful
= E[Mp1|Ful = M, P-as.

by the tower property for conditional expectations. |

Remark (Supermartingale Convergence Theorem). A key fact in analysis is that any lower bounded
decreasing sequence of real numbers converges to its infimum. The counterpart of this result in stochastic
analysis is the Supermartingale Convergence Theorem: Any lower bounded supermartingale converges
almost surely, cf. Theorem 4.5 below.

Some fundamental examples
a) Sums of independent random variables
A Random Walk .
Su= )mn  n=012...,
i=1
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with independent increments 7; € £'(Q, A, P) is a martingale w.r.t. to the filtration
Fn = o,....10) = 0(S0,81,- ., 5n)
if and only if the increments 7; are centered random variables. In fact, for any n € N,
E[Sy = Sp-1 | Fn-1] = Elnn | Fa1]l = Elnal

by independence of the increments. Correspondingly, (S,,) is an (7;,) supermartingale if and only if E[r;] < 0
forany i € N.

b) Products of independent non-negative random variables

A stochastic process

n
M, = HY n=012,...
i=1

with independent non-negative factors ¥; € £'(Q, A, P) is a martingale respectively a supermartingale w.r.t.
the filtration
7:n = O'(Yl,.. .,Yn)

if and only if E[Y;] = 1 foranyi € N, or E[Y;] < 1 foranyi € N respectively. In fact, as M,, is ¥,,-measurable
and Y,,;; is independent of %, we have

EM,1 | Fn]l = E[My, - Y1 | Ful = M, - E[Yy11] for any n > 0.

Martingales and supermartingales of this type occur naturally in stochastic growth models.

Example (Exponential martingales). Consider a Random Walk §,, = .7 | »; with i.i.d. increments
n;, and let
Z(4) = Efexp(an;)]  (1€R),

denote the moment generating function of the increments. Then for any 4 € R with Z(1) < oo, the

process
n

My = ez = | (e /z()
i=1
is a martingale. This martingale can be used to prove exponential bounds for Random Walks, cf. e.g.
Chernov’s theorem [“Einfiihrung in die Wahrscheinlichkeitstheorie”, Theorem 8.3].

Example (CRR model of stock market). In the Cox-Ross-Rubinstein binomial model of mathematical
finance, the price of an asset is changing during each period either by a factor 1 + a or by a factor 1 + b
with a,b € (=1, 00) such that a < b. We can model the price evolution in a fixed number N of periods
by a stochastic process

n
snzso-ﬂxi, n=012,...,N,
i=1

defined on Q = {1 + a,1 + b}V, where the initial price Sy is a given constant, and X;(w) = w;. Taking
into account a constant interest rate r > 0, the discounted stock price after n periods is

—~ ﬁ X;
Sp = S, /A +r)" = 8- L.
il 1+r

A probability measure P on  is called a martingale measure if the discounted stock price is a martingale
w.r.t. P and the filtration ¥, = o(Xy,...,X,). Martingale measures are important for option pricing
under no arbitrage assumptions, cf. Section 2.3 below. For 1 <n < N,

X - E[X, | Fu-
'ﬂ—l] - Sn_l.u_
1+r 1+r

E[S, | Fnoi] = E [in_l-
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2. Martingales in discrete time

Hence (§n) is an (¥,,) martingale w.r.t. P if and only if
E[X, | Fn1l = 1+r forany 1 <n < N. 2.1)
On the other hand, since in the CRR model X, only takes the values 1 + a and 1 + b, we have

E[Xn | Fa-1] (I+a)-PXy=1+a|Fual+ (1 +D)- P[Xp=1+b|Fn]
l+a+(b-a) - P[X,=1+b]|Fnu]

Therefore, by (2.1), (§n) is a martingale if and only if

P[X,=1+b|Fuy] = —

foranyn =1,...,N,

b—
i.e., if and only if the growth factors Xi, ..., Xy are independent with
_ b—
PX,=1+b] = ——2%  and  P[X,=1+a] = —_. 2.2)

b-a b-a
Hence for r ¢ [a, b], a martingale measure does not exist, and for r € [a, b], the product measure P on
Q satisfying (2.2) is the unique martingale measure. Intuitively this is plausible: If r < aorr > b
respectively, then the stock price is always growing more or less than the discount factor (1+7r)*, sothe
discounted stock price can not be a martingale. If, on the other hand, @ < r < b, then (S,,) is a martingale
provided the growth factors are independent with

P[X,=1+b]  (1+r)-(1+a)

Pl X,=1+a]  (A+b)—(+r)
We remark, however, that uniqueness of the martingale measure only follows from (2.1) since we have

assumed that each X, takes only two possible values (binomial model). In a corresponding trinomial
model there are infinitely many martingale measures!

¢) Successive prediction values

Let F be an integrable random variable, and let (7;,) be a filtration on a probability space (Q, A, P). Then
the process
M, = E[F | F.], n=0,12,...,

of successive prediction values for F based on the information up to time #» is a martingale. Indeed, by the
tower property for conditional expectations, we have

EM, | Fan1] = E[E(F |73 | Foct] = E[F| 7] = Mo
almost surely for any n € N.

Remark (Representing martingales as successive prediction values). The class of martingales that have
a representation as successive prediction values almost contains general martingales. In fact, for an arbitrary
(#,,) martingale (M,,) and any finite integer m > 0, the representation

My = E[My | %l

holds for any n = 0,1,...,m. Moreover, the L! Martingale Convergence Theorem implies that under a
uniform integrability assumption, the limit M., = lim M,, exists in £', and the representation
m— oo

M, = E[Ms | %l

holds for any n > 0, see Section 4.3 below .

d) Functions of martingales

By Jensen’s inequality for conditional expectations, convex functions of martingales are submartingales, and
concave functions of martingales are supermartingales:
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Theorem 2.4 (Convex functions of martingales). Suppose that (M,,), >0 is an (¥;,) martingale, and u :
R — R is a convex function that is bounded from below. Then (u#(M,,)) is an (¥;,) submartingale.

Proof. Clearly, u(M,) is again adapted, and, since u is lower bounded, u(M, )~ is integrable for any n.
Jensen’s inequality for conditional expectations now implies

E[u(Mni1) | Ful 2 w(E[Mps1 | Ful) = u(My)
almost surely for any n > 0. |

Example. If (M,) is a martingale then (|M,,|P) is a submartingale for any p > 1.

e) Functions of Markov chains

Let p(x,dy) be a transition kernel on a measurable space (S, 5).

Definition 2.5 (Markov chain, superharmonic function). (i) A discrete time stochastic process
(Xn)n>0 with state space (S,%) defined on the probability space (€, A, P) is called a (time-
homogeneous) Markov chain with transition kernel p w.r.t. the filtration (¥,), if and only if
a) (Xp)is (F5) adapted, and

b) P[Xn+1 € B|Fn]l = p(Xy, B) P-almost surely for any B € B8 and n > 0.

(ii) A measurable function & : S — R is called superharmonic (resp. subharmonic) w.r.t. p if and only
if the integrals

Ph)) = / p(ndh(),  xES,

exist, and
(ph)(x) < h(x) (respectively (ph)(x) > h(x))

holds for any x € S.
The function 4 is called harmonic iff it is both super- and subharmonic, i.e., iff

(ph)(x) = h(x) for any x € S.

By the tower property for conditional expectations, any (%) Markov chain is also a Markov chain w.r.t.
the canonical filtration generated by the process.

Example (Classical Random Walk on Z%). The standard Random Walk (X,,),s0 on Z¢ is a Markov
chain w.r.t. the filtration F,X = o(Xy,. .., X,) with transition probabilities p(x, x + ¢) = 1/2d for any
unit vector e € Z%. The coordinate processes (X,i,)nzo, i =1,...,d, are Markov chains w.r.t. the same
filtration with transition probabilities

1 _ _2d-2
2@ PD =

A function  : Z¢ — R is superharmonic w.r.t. p if and only if

plx,x+1) = p(x,x—1) =

d
Azah(x) = Z(h(x +e;) = 2h(x) + h(x — €;)) = 2d ((ph)(x) = h(x)) < 0 forall x € Z.

i=1

A function & : Z — R is harmonic w.r.t. p if and only if A(x) = ax + b with a,b € R, and £ is
superharmonic if and only if it is concave.
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It is easy to verify that (super-)harmonic functions of Markov chains are (super-)martingales:

Theorem 2.6 (Superharmonic functions of Markov chains are supermartingales). Suppose that (X;,)
is an () Markov chain. Then the real-valued process

M, = h(X,) (n=0,1,2,..)

is a martingale (resp. a supermartingale) w.r.t. () for every harmonic (resp. superharmonic) function
h : S — R such that h(X,,) (resp. h(X,)") is integrable for all n.

Proof. Clearly, (M,,) is again (%) adapted. Moreover,
E[Mpi1 | Fal = E[h(Xn1) [ Ful = (ph)(Xn)  P-as.
The assertion now follows immediately from the definitions. ]

Below, we will show how to construct more general martingales from Markov chains, cf. Theorem 2.10.
At first, however, we consider a simple example that demonstrates the usefulness of martingale methods in
analyzing Markov chains:

Example (Wright model for evolution). In the Wright model for a population of N individuals with
a finite number of possible types, each individual in generation n + 1 inherits a type from a randomly
chosen predecessor in the n th generation. The number X, of individuals of a given type in generation n
is a Markov chain with state space S = {0, 1,..., N} and transition kernel

p(k,) = Bin(N,k/N).

Moreover, as the average of this binomial distribution is k, the function A(x) = x is harmonic, and the
expected number of individuals in generation n + 1 given Xy,. .., X, is

E[Xn+l |X0a~--’Xn] = X,

Hence, the process (X},) is a bounded martingale. The Martingale Convergence Theorem now implies
that the limit X, = lim X, exists almost surely, cf. Section 4.2 below. Since X,, takes discrete values,
we can conclude that X,, = X, eventually with probability one. In particular, X, is almost surely an
absorbing state. Hence

P[Xn =0or X, =N eventually] = 1. 2.3)

In order to compute the probabilities of the events “X,, = 0 eventually” and “X,, = N eventually” we can
apply the Optional Stopping Theorem for martingales, cf. Section 2.3 below. Let

T :=min{n>0: X, =0 or X, =N}, minQ := oo,

denote the first hitting time of the absorbing states. If the initial number X, of individuals of the given
type is k, then by the Optional Stopping Theorem,

E[Xr] = E[Xo] = k.

Hence by (2.3) we obtain

1 k
P[X, =N eventually] = P[Xr=N] = NE[XT] = ¥ and
k N -k
P[X, =0 eventually] = 1- o

Hence eventually all individuals have the same type, and a given type occurs eventually with probability
determined by its initial relative frequency in the population.
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2.2. Doob Decomposition and Martingale Problem

We will show now that any adapted sequence of real-valued random variables can be decomposed into
a martingale and a predictable process. In particular, the variance process of a martingale (M,,) is the
predictable part in the corresponding Doob decomposition of the process (M2). The Doob decomposition
for functions of Markov chains implies the martingale problem characterization of Markov chains.

Doob Decomposition

Let (Q, A, P) be a probability space and (F,), >0 a filtration on (Q, A).

Definition 2.7 (Predictable process). A stochastic process (Ay)nez, is called predictable w.r.t. () if and
only if Ag is constant and A, is measurable w.r.t. ,,_; for any n € N.

Intuitively, the value A, (w) of a predictable process can be predicted by the information available at time
n-1.

Theorem 2.8 (Doob decomposition). Every (¥,,) adapted sequence of integrable random variables Y,
(n > 0) has a unique decomposition (up to modification on null sets)

Y, = M, + A, (2.4)

into an (%) martingale (M,,) and a predictable process (A;,) such that Ay = 0. Explicitly, the decomposition
is given by

n
Av = Y EM-Yi|Fial  and M, = Y, - A, (2.5)
k=1

Remark. (i) The increments E[Y; — Yi_; | Fx—1] of the process (A,,) are the predicted increments of (¥;,)
given the previous information.

(ii) The process (Y;,) is a supermartingale (resp. a submartingale) if and only if the predictable part (A,,)
is decreasing (resp. increasing).

Proof (of Theorem 2.8). Uniqueness: For every decomposition as in (2.4) we have
Yo - Yoy = M — M1+ A — Ay for all kK € N.
If (M,,) is a martingale and (A,,) is predictable then
ElYy =Y | i1l = E[Ax— A1 | Tl = Ar— A P-as.

This implies that (2.5) holds almost surely if Ag = 0.

Existence: Conversely, if (A;) and (M,,) are defined by (2.5) then (A,,) is predictable with Ag = 0 and (M,,)

is a martingale, since
E[M, — My | Fr-1] =0 P-as. forany k € N. [
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Conditional Variance Process

Consider a martingale (M,,) such that M,, is square integrable for any n > 0. Then, by Jensen’s inequality,
(M?) is a submartingale and can again be decomposed into a martingale (1\7In) and a predictable process
(M),, such that (M), = 0:

M,ZL = M, + (M), for any n > 0.

The increments of the predictable process are given by

(M = (M )1

E[M}; = M{_, | Fi-1]
E[(Mi = Mi1)* | Feo1] + 2E [My—1(My — M) | Fii |
Var[Mk - M4 ! ﬁ_l] for all k € N.

Here we have used in the last step that E[M} — My_; | Fx—1] vanishes since (M,,) is a martingale.

Definition 2.9 (Conditional variance process). The predictable process

(M), = > Var[My - Miy | Fia], 120,
k=1

is called the conditional variance process of the square integrable martingale (Mp,).

Example (Random Walks). If M,, = Z?:l n; is a sum of independent centered random variables 7; and
Fn =01, ..,n,) then the conditional variance process is given by (M), = >.i"| Var[z;].

The conditional variance process is crucial for generalizations of classical limit theorems such as the Law
of Large Numbers or the Central Limit Theorem from sums of independent random variables to martingales.
A direct consequence of the fact that M? — (M), is a martingale is that

E[M?] = E[M}]+ E[(M),] for any n > 0.

This can often be used to derive L’-estimates for martingales.

Example (Discretizations of stochastic differential equations). Consider an ordinary differential equa-
tion IX
d—tt = b(Xl’)’ t > 09 (2'6)

where b : R — R is a given vector field. In order to take into account unpredictable effects on a
system, one is frequently interested in studying random perturbations of the dynamics (2.6) of type

dX; = b(X;)dt+ “noise” 2.7

with a random noise term. The solution (X;);>o of such a stochastic differential equation (SDE) is a
stochastic process in continuous time defined on a probability space (€, A, P) where also the random
variables describing the noise effects are defined. The vector field b is called the (deterministic) “drift”.
We will make sense of general SDE later, but we can already consider time discretizations.

For simplicity let us assume d = 1. Let b,c : R — R be continuous functions, and let (77;);en be a
sequence of i.i.d. random variables 1; € £2(Q, A, P) describing the noise effects. We assume

E[n] =0 and Var[n;] =1 for any i € N.

Here, the values 0 and 1 are just a convenient normalization, but it is an important assumption that
the random variables are independent with finite variances. Given an initial value xo € R and a fine
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discretization step size & > 0, we now define a stochastic process (X,(lh)) in discrete time by Xéh) = Xo,

and
xP -x" = bx")h+ o (X Whig,  fork=0,1,2,... 2.8)

One should think of X](ch) as an approximation for the value of the process (X;) at time t = k - h. The
system of equations in (2.8) can be rewritten as

n—1 n-1
X = a0+ ) b e ) () V. 29)
k=0 k=0

To understand the scaling factors 4 and Vh we note first that if o = 0 then (2.8) respectively (2.9) is
the Euler discretization of the ordinary differential equation (2.6). Furthermore, if > = 0 and o = 1,
then the diffusive scaling by a factor Vh in the second term ensures that the continuous time process

X E?/)h J,z‘ € [0,c0), converges in distribution as & N\, 0. Indeed, the functional central limit theorem

(Donsker’s invariance principle) states that the limit process in this case is a Brownian motion (B;);¢[0,c0)-
In general, (2.9) is an Euler discretization of a stochastic differential equation of type

where (B;);>0 is a Brownian motion. Let F,, = o(n,...,n,) denote the filtration generated by the
random variables ;. The following exercise summarizes basic properties of the process X® in the case
of normally distributed increments.

Exercise. Suppose that the random variables 7; are standard normally distributed.

(i) Prove that the process X" is a time-homogeneous (%) Markov chain with transition kernel

px,®) = N(x+bx)ho(x) h)e].

(ii) Show that the Doob decomposition X = M) + A" is given by
n-1 n-1
A = Sy M = xo+ Y e Wi, (2.10)
k=0 k=0
and the conditional variance process of the martingale part is

n-1

M®y, = Za(xlﬁm)z-h. 2.11)
k=0
(iii) Conclude that
n—1
E[(M" - xo)’] = E[o(X{"Y] - h. (2.12)
k=0

Remark (Quadratic variation). The quadratic variation of a square integrable martingale (M, ),cz, is the
process [M],, defined by

n

(M], = Z(Mk - Mk_l)z, n>0.
k=1

It is easy to verify that M>? — [M], is again a martingale. However, [M],, is not predictable. For continuous
martingales in continuous time, the quadratic variation and the conditional variance process coincide. In
discrete time or for discontinuous martingales they are usually different.
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Martingale problem
For a Markov chain (X,,) we obtain a Doob decomposition
fXy) = M1+ Al (2.13)

for every function f on the state space such that f(X,,) is integrable for each n. Computation of the predictable
part leads to the following general result:

Theorem 2.10 (Martingale problem for time-homogeneuous Markov chains). Let p be a stochastic
kernel on a measurable space (S,%8). Then for an (%) adapted stochastic process (X, ),>0 with state
space (S, B) the following statements are equivalent:

(1) (X,) is a time homogeneous (¥,) Markov chain with transition kernel p.

(i) (X,) is a solution of the martingale problem for the operator L = p — I, i.e., for every function
f S — R such that f(X,) is integrable for each n (or, equivalently, for every bounded function
f:§ — R), there is a decomposition

n—1
) = MT+ Y (LpHx),  nzo0
k=0

with an (¥,) martingale (M,[;f ]).

In particular, we see once more that if f(X;,) is integrable and f is harmonic (£ f = 0) then f(X,) is
a martingale, and if f is superharmonic (Lf < 0), then f(X,,) is a supermartingale. The theorem hence
extends Theorem 2.6 above.

Proof. The implication “(i)=(ii)” is just the Doob decomposition for f(X,,). In fact, by Theorem 2.8, the
predictable part is given by

n—1
ATV = NVE[F(X) - £ | ]
k=0
n—1 n-1
= Y pfX)- (X)) = DULNHX),
k=0 k=0

and M,[,f] = f(X,) - Ag] is a martingale.
To prove the converse implication “(ii)=(i)” suppose that M,[Lf lisa martingale for every bounded function
f S — R. Then almost surely,

0 = E[M) M7

= E[f(Xn1) = f(Xn) | Ful = (pf)(Xn) = f(Xn))
= E[f(Xur) | Ful = (0f)(Xn)

for every bounded function f. Hence (X,,) is an () Markov chain with transition kernel p. |

Example (One dimensional Markov chains). Suppose that under P, the process (X},) is a time ho-

mogeneous Markov chain with state space S = R or S = Z, initial state Xy = x, and transition kernel p.

Assuming X,, € £L2(Q, A, P) for each n, we define the “drift” and the “fluctuations” of the process by
b(x)
a(x)

Ex[Xi — Xol,
Var, [ X1 — Xo].
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We now compute the Doob decomposition of (X;,). Choosing f(x) = x we have

0r-p = [ypxd-x = B0 =X = b,
Hence by Theorem 2.10,

n-1
X, = M,+ Z b(Xk) (2.14)
k=0

with an (¥,) martingale (M,,). To obtain detailed information on M,,, we compute the variance process.
By (2.14) and the Markov property, we obtain

n-1 n—1 n-1
(M), = ZVar[Mk+1 - M | Fi] = ZVar[XkH - Xl F]l = a(Xy).
k=0 =0 k=0
Therefore
n—1
M2 = M, + Z a(Xy) (2.15)
k=0

with another () martingale (M,,). The functions a(x) and b(x) can now be used in connection with
fundamental results for martingales as e.g. the maximal inequality (see Section 2.4 below) in order to
derive bounds for Markov chains in an efficient way.

2.3. Gambling strategies and stopping times

Throughout this section, we fix a filtration (%), >0 on a probability space (€, A, P).

Martingale transforms

Suppose that (M, ),cz, is a martingale w.r.t. the filtration (7,), and (Cy),en is a predictable sequence of
real-valued random variables. For example, we may think of C,, as the stake in the n-th round of a fair game,
and of the martingale increment M,, — M,,_; as the net gain (resp. loss) per unit stake. In this case, the capital
I, of a player with gambling strategy (Cj,) after n rounds is given recursively by

I, Iy 1+C,- (Mn - Mn—l) ie.,

n
Iy + Z Cr - (My — My_1).
=1

Iy

Definition 2.11 (Martingale transform). The stochastic process C,M defined by
n
(CeM),, = Z Cr - (My — My_1) for any n > 0,
k=1

is called the martingale transform of the martingale (M,, ), >o W.r.t. the predictable sequence (Cy,);>1.

We will see later that the process Co,M is a time-discrete version of the stochastic integral f Cs dM of
a predictable continuous-time process C w.r.t. a continuous-time martingale M. To be precise, (CeM),
coincides with the Itd integral fon Cr1dM ;) of the left continuous jump process ¢ +— Cp;1 w.r.t. the right
continuous martingale t — M|;.
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Example (Martingale strategy). One origin of the word “martingale” is the name of a well-known
gambling strategy: In a standard coin-tossing game, the stake is doubled each time a loss occurs, and the
player stops the game after the first time he wins. If the net gain in n rounds with unit stake is given by a
standard Random Walk, i.e.,

M, =m+...+np n; i.i.d. with P[n; = 1] = P[g; = -1] =1/2,
then the stake in the n-th round is
C, =2"" ifgi=...=0, =—1, and C, = 0 otherwise.

Clearly, with probability one, the game terminates in finite time, and at that time the player has always
won one unit, i.e.,
P[(C.M),, =1 eventually] = 1.

At first glance this looks like a safe winning strategy, but of course this would only be the case, if the
player had unlimited capital and time available.

Theorem 2.12 (You can’t beat the system!). (i) If (M,),>0 is an (F,) martingale, and (C,),>; is
predictable with C,, - (M,, — M,,_;) € L' (Q A, P) for any n > 1, then C,M is again an (F,)
martingale.

(ii) If (M,) is an (¥;,) supermartingale and (C,,), > is non-negative and predictable with C, - (M,, —
M, _,) € L' for any n, then C,M is again a supermartingale.
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Proof. For n > 1 we have

E[(CM),, — (CoM)y—i | Fu-1] E[Cp - (My — My1) | Fu-1]

Cn . E[Mn - Mn—l | 7‘;1_1] = 0 P-a.s.

This proves the first part of the claim. The proof of the second part is similar. |

The theorem shows that a fair game (a martingale) can not be transformed by choice of a clever gambling
strategy into an unfair (or “superfair’”) game. In models of financial markets this fact is crucial to exclude
the existence of arbitrage possibilities (riskless profit).

Example (Martingale strategy, cont.). For the classical martingale strategy, we obtain
E[(CeM),] = E[(C.M)] = O foralln >0
by the martingale property, although

lim (CoM),, = 1 P-almost surely.

n—oo
This is a classical example showing that the assertion of the dominated convergence theorem may not
hold if the assumptions are violated.

Remark. The integrability assumption in Theorem 2.12 is always satisfied if the random variables C,, are
bounded, or if both C,, and M,, are square-integrable for any n.

Example (Financial market model with one risky asset). Suppose that during each time interval (n —
1,n), an investor is holding ®,, units of an asset with price S, per unit at time n. We assume that (S,,)
is an adapted and (®,,) is a predictable stochastic process w.r.t. a filtration (7). If the investor always
puts his remaining capital onto a bank account with guaranteed interest rate r (“riskless asset”) then the
change of his capital Vj, during the time interval (n — 1,n) is given by

Vi = Vact + 0y - (S = Sn-1) + (Vi1 =@ - Spy) - e (2.16)

Considering the discounted quantity V,, = V,,/(1 + r)", we obtain the equivalent recursion

Vo = Vet + @y (Sp = Set) for any n > 1. (2.17)
In fact, (2.16) holds if and only if
Va = (L4 1)Vaor = @y - (S = (1 +7)Su-1),
which is equivalent to (2.17). Therefore, the discounted capital at time 7 is given by
Vi = Vo + (®eS)a.

By Theorem 2.12, we can conclude that if the discounted price process (S,) is an (%,) martingale w.r.t. a
given probability measure, then (V) isa martingale as well. A probability measure P with this property
is called a martingale measure. If P is a martingale measure, then, assuming that V; is constant, we
obtain in particular B

Ep[Va] = W,

or, equivalently,
E[V,] = A +r)'V for any n > 0. (2.18)

This fact, together with the existence of a martingale measure, can now be used for option pricing under
a no-arbitrage assumption. To this end we assume that the payoff of an option at time N is given by
an (¥ )-measurable random variable F. For example, the payoft of a European call option with strike
price K based on the asset with price process (S,,) is Sy — K if the price S, at maturity exceeds K, and 0
otherwise, i.e.,

F = (Sy —K)*".
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Suppose further that the option can be replicated by a hedging strategy (®,), i.e., there exists an
Fo-measurable random variable V{) and a predictable sequence of random variables (®,,); <, <n such that

F =Vy

is the value at time N of a portfolio with initial value V, w.r.t. the trading strategy (®,,). Then, assuming
the non-existence of arbitrage possibilities, the option price at time O has to be Vp, since otherwise one
could construct an arbitrage strategy by selling the option and investing money in the stock market with
strategy (®,,), or conversely. Therefore, if a martingale measure exists, then the no-arbitrage price of the
option at time 0 can be computed by (2.18) where the expectation is taken w.r.t. the martingale measure.

The following exercise shows how this works out in the Cox-Ross-Rubinstein binomial model:

Exercise (No-Arbitrage Pricing in the CRR model). Consider the CRR binomial model, i.e., Q =
{1+a,1+b}VN with—-1<a<r<b<oo, Xi(w,...,on)=wi Fn=0c(X,...,X,), and

n
S, = So-ﬂxi, n=01,...,N,
i=1

where S is a constant.

(i) Completeness of the CRR model: Prove that for any function F : QQ — R there exists a constant Vj
and a predictable sequence (®,);<n<n such that F = Vy where (V;;)1 <, <n is defined by (2.16),

or, equivalently,
F

(I+r)N
Hence in the CRR model, any Fx-measurable function F can be replicated by a predictable
trading strategy. Market models with this property are called complete.

= VN = V0+((D.§)N.

Hint: Prove inductively that forn = N,N — 1,...,0, F=F /(1 + 7)Y can be represented as

N
F=V,+ Z ®; - (Si - Si-1)
i=n+1
with an ¥,,-measurable function \7n and a predictable sequence (®;);+1<i<N-

(i) Option pricing: Derive a general formula for the no-arbitrage price of an option with payoff
function F : Q — R in the CRR model. Compute the no-arbitrage price for a European call
option with maturity N and strike K explicitly.

Stopped Martingales

One possible strategy for controlling a fair game is to terminate the game at a time depending on the previous
development. Recall that a random variable 7 : Q — {0,1,2,...} U {co} is called a stopping time w.r.t.
the filtration (F,) if and only if the event {T = n} is contained in ¥, for any n > 0, or equivalently, iff
{T < n} € F, forany n > 0.

54

Example (Hitting times). (i) The first hitting time
Tg = min{n>0:X, € B} (where min @) := oo0)
and the first passage or return time
Sg = min{n>1:X, € B}

to a measurable subset B of the state space by an (‘) adapted stochastic process (X,,) are (F,)
stopping times. For example, for n > 0,

{Tg=n} = {X,€B°....X,.1€B.X,eB} € .

If one decides to sell an asset as soon as the price S, exceeds a given level 4 > 0 then the selling
time equals 7{4,«) and is hence a stopping time.
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(ii) On the other hand, the last visit time
Lg := sup{n>0:X,e€B} (where sup 0 := 0)

is not a stopping time in general. Intuitively, to decide whether Lp = n, information on the future
development of the process is required.

We now consider an (F,)-adapted stochastic process (M,),>0, and an (¥,)-stopping time T on the
probability space (€, A, P). The process stopped at time 7T is defined as (Mr,)n>0 Where

M, (w) forn < T(w),

Mran(w) = MT(w)/\n(w) = {MT(w)(a)) forn > T(w).

For example, the process stopped at a hitting time 7 gets stuck at the first time it enters the set B.

Theorem 2.13 (Optional Stopping Theorem,Version 1). If (M), ¢ is a martingale (resp. a supermartin-
gale) w.r.t. (), and T is an (F,)-stopping time, then the stopped process (M7 an)n>0 is again an (77,)-
martingale (resp. supermartingale). In particular, we have

E[Mrp,] =) E[My] for any n > 0.

Proof. Consider the following strategy:

Co = Iirsny = 1= Lir<p-1ys

i.e., we put a unit stake in each round before time T and quit playing at time 7. Since 7T is a stopping time,
the sequence (Cy,) is predictable. Moreover, for any n > 0,

MT/\n - MO = (CQM)n . (219)
In fact, for the increments of the stopped process we have

M, —-M,_, ifT >n
MT/\n_MT/\(n—l) = {On ol ifT <n—-1 } = Cn'(Mn_Mn—l),

and (2.19) follows by summing over n. Since the sequence (Cy,) is predictable, bounded and non-negative,
the process C, M is a martingale, supermartingale respectively, provided the same holds for M. |

Remark IMPORTANT). (i) In general, it is NoT TRUE under the assumptions in Theorem 2.13 that
E[Mr] = E[My], E[Mr] < E[My], respectively. (2.20)

Suppose for example that (M,,) is the classical Random Walk starting at 0 and 7' = Ty is the first
hitting time of the point 1. Then, by recurrence of the Random Walk, T < co and M7 = 1 hold almost
surely although My = 0.

(ii) If, on the other hand, T is a bounded stopping time, then there exists n € N such that T(w) < n for
any w. In this case, the optional stopping theorem implies

E[Mr] = E[Mrr] € E[Mo].

More general sufficient conditions for (2.20) are given in Theorems 2.14, 2.15 and 2.16 below.
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Example (Classical ruin problem). Let a, b, x € Z with a < x < b. We consider the classical Random
Walk

n 1
Xy = x4 m miid with Pl = £1] = 3,
i=1

with initial value Xo = x. We now show how to apply the Optional Stopping Theorem to compute the
distributions of the exit time

T(w) = min{n >0 : X,(w) ¢ (a,b)},

and the exit point X7. These distributions can also be computed by more traditional methods (first step
analysis, reflection principle), but martingales yield an elegant and general approach.

(1) Ruin probability r(x) = P[Xr = a.

The process (X,,) is a martingale w.r.t. the filtration F,, = o (171, . . . ,77,,), and T < oo almost surely
holds by elementary arguments. As the stopped process X7, is bounded (a < Xypa, < b), we
obtain

x = E[Xo] = E[Xra] "= E[Xr] = a-r(x)+b-(1-r(x))

by the Optional Stopping Theorem and the Dominated Convergence Theorem. Hence

rx) = —-—. (2.21)

(i) Mean exit time from (a, D).
To compute the expectation E[T'], we apply the Optional Stopping Theorem to the (/) martingale

M, = X2 —n.
By monotone and dominated convergence, we obtain
x* = E[Mo] = E[Mrp] = E[X},,]1-E[T An] = E[X}]-E[T].

Therefore, by (2.21),

E[T] E[X7]—x* = a® - r(x) + b* - (1 = r(x)) — x*

(b-x)-(x-a). (2.22)

(iii) Mean passage time of b.
The first passage time T, = min{n > 0 : X,, = b} is greater or equal than the exit time from the
interval (a, b) for any a < x. Thus by (2.22), we have

E[Ty] > Jim (b=x)-(x=a) = o,

i.e., Tp is not integrable! These and some other related passage times are important examples of
random variables with a heavy-tailed distribution and infinite first moment.

(iv) Distribution of passage times.
We now compute the distribution of the first passage time 7} explicitly in the case x = 0 and
b = 1. Hence let T = T|. As shown above, the process

M} = e¥n (cosh 1)", n >0,
is a martingale for each 4 € R. Now suppose 4 > 0. By the Optional Stopping Theorem,
1 = E[M{] = E[M},,] = E[¢"¥""" /(cosh 2)"""] (2.23)

for any n € N. As n — oo, the integrands on the right hand side converge to e*(cosh 1)~ -
I{r <} Moreover, they are uniformly bounded by e?, since X7, < 1 for any n. Hence by the
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Dominated Convergence Theorem, the expectation on the right hand side of (2.23) converges to
E[e?/(cosh )T ; T < o0], and we obtain the identity

El[(cosh)™T ;T < 0] = 4 for any 4 > 0. (2.24)

Taking the limit as 2\ 0, we see that P[T < oo] = 1. Taking this into account, and substituting
s = 1/cosh A in (2.24), we can now compute the generating function of T explicitly:

E[sT] = e = 1=V1-=s)/s for any s € (0, 1). (2.25)

Developing both sides into a power series finally yields

o)

an .P[T =n] = i(_l)mﬂ (1’/{12) g2m=1
m=1

n=0
Therefore, the distribution of the first passage time of 1 is given by

1 1 1

P[T=2m-1] = (—1)'"“(1:12) = (—1)'"“-E : (—5)---(5—m+1)/mz

and P[T = 2m] = 0 for any m € N.

Optional Stopping Theorems

Stopping times occurring in applications are typically not bounded. Therefore, we need more general
conditions guaranteeing that (2.20) holds nevertheless. A first general criterion is obtained by applying the
Dominated Convergence Theorem:

Theorem 2.14 (Optional Stopping Theorem, Version 2). Suppose that (M,,) is a martingale w.r.t. (77,),
T is an (F,)-stopping time with P[T < o] = 1, and there exists a random variable ¥ € £L!(Q, A, P) such
that

|Mpan| £ Y P-almost surely for any n € N.

Then
E[Mr] = E[Mo].

Proof. Since P[T < o] = 1, we have

My = lim Mpa, P-almost surely.

n—oo

By Theorem 2.13, E[My] = E[Mran], and by the Dominated Convergence Theorem, E[Myp,] — E[M7]
asn — oo, |

Remark (Weakening the assumptions). Instead of the existence of an integrable random variable Y dom-
inating the random variables M7, n € N, it is enough to assume that these random variables are uniformly
integrable, i.e.,

sup E[|Mrpnls IMranl 2¢] — 0 asc— oo
neN

A corresponding generalization of the Dominated Convergence Theorem is proven in Section 4.3 below.

For non-negative supermartingales, we can apply Fatou’s Lemma instead of the Dominated Convergence
Theorem to pass to the limit as n — oo in the Stopping Theorem. The advantage is that no integrability
assumption is required. Of course, the price to pay is that we only obtain an inequality:
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Theorem 2.15 (Optional Stopping Theorem, Version 3). If (M,,)isanon-negative supermartingale w.r.t.
(Fn), then
E[My] = E[Myr; T < oo]

holds for any (%) stopping time 7.

Proof. Since My = lim Myp, on {T < oo}, and My > 0, Theorem 2.13 combined with Fatou’s Lemma
n—o0o
implies

E[My] > liminf E[Mr,,] = E [liminfMT,\n] > E[Mr; T < ].

n—oo n—oo

Example (Dirichlet problem for Markov chains). Suppose that w.r.t. the probability measure Py, the
process (X,,) is a time-homogeneous Markov chain with measurable state space (S, 8) and transition
kernel p such that P[ Xy = x] = 1. Let D € B be a measurable subset of the state space, and f : D¢ — R
a measurable function (the given “boundary values™), and let

T = min{fn >0 : X, € D¢}

denote the first exit time of the Markov chain from D. By conditioning on the first step of the Markov
chain, one can show that if f is non-negative or bounded, then the function

h(x) = Ex[f(Xr); T <]  (x€S)
is a solution of the Dirichlet problem

(ph)(x)
h(x)

h(x) for x € D,
f(x) for x € D€,

see e.g. [3]. By considering the martingale h(X7,,) for a function / that is harmonic on D, we obtain a
converse statement:

DC’

Exercise (Uniqueness of the Dirichlet problem). Suppose that P, [T < o] =1 forall x € S.

(i) Prove that for any bounded solution % of the Dirichlet problem and for any x € S, h(Xyp,) is a
martingale w.r.t. Py .

58 University of Bonn



2.3. Gambling strategies and stopping times

(i) Conclude that if f is bounded, then
h(x) = Ex[f(Xr)] (2.26)

is the unique bounded solution of the Dirichlet problem.

(iii) Similarly, show that for any non-negative f, the function 4 defined by (2.26) is the minimal
non-negative solution of the Dirichlet problem.

We finally state a version of the Optional Stopping Theorem that applies in particular to martingales with
bounded increments:

Corollary 2.16 (Optional Stopping for martingales with bounded increments). Suppose that (M,,) is
an (¥,) martingale, and there exists a finite constant K € (0, c0) such that

E[IMy.1 —M,| | F.] £ K P-almost surely for any n > 0. (2.27)
Then for every (F;,) stopping time T with E[T] < oo, we have

E[Mr] = E[Mo].

Proof. For any n > 0,

Mranl < Mol + D" Mot = My - Tizsiy.
i=0
Let Y denote the expression on the right hand side. We will show that Y is an integrable random variable
— this implies the assertion by Theorem 2.14. To verify integrability of ¥ note that the event {T > i} is
contained in 7; for any i > O since T is a stopping time. Therefore and by (2.27),

E[|Miyy = M;|; T >i] = E[E[|Mis1 — M;| | F:]; T >i] < k- P[T > i].

Summing over i, we obtain
ElY] < E[Mol]+ k- ) P[T >i] = E[|Mo[]] + k- E[T] < o

by the assumptions. |

Exercise (Integrability of stopping times). Prove that the expectation E[T] of a stopping time T is
finite if there exist constants & > 0 and k € N such that

PI[T<n+k|F,] = ¢ P-as. for any n € N.

Wald’s identity for random sums

We finally apply the Optional Stopping Theorem to sums of independent random variables with a random
number 7" of summands. The point is that we do not assume that T is independent of the summands but only
that it is a stopping time w.r.t. the filtration generated by the summands.

LetS, =1 +...+1, withi.i.d. random variables n; € £'(Q, A, P). Denoting by m the expectations of the
increments 7;, the process
M, =8, —-n-m

is a martingale w.r.t. ¥, = o (71, . . ., 17, )- By applying Corollary 2.16 to this martingale, we obtain:
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Theorem 2.17 (Wald’s identity). Suppose that T is an (F;,) stopping time with E[T] < co. Then

E[Sr] = m- E[T].

Proof. For any n > 0, we have
E[|Mys1 = M| | Ful = Ellner —m||Fn] = Ellnner —ml]

by the independence of the 7;. As the 7; are identically distributed and integrable, the right hand side is a
finite constant. Hence Corollary 2.16 applies, and we obtain

0 = E[Mo] = E[Mr] = E[Sr]-m-E[T]. [ |

2.4. Maximal inequalities

For a standard Random Walk S,, = 1 + ... + 1, 1; i.i.d. with P[n; = +1] = 1/2, the reflection principle
implies the identity

P[max(Sy, S1,...,8,) = c] P[S,, > c] + P[S, < ¢;max(Sp,S1,...,S:) > c]

P[|S,| > c] + P[S, > c]. )

In combination with the Markov-Cebysev inequality this can be used to control the running maximum of the
Random Walk in terms of the moments of the last value §,,.

Maximal inequalities are corresponding estimates for max(My, My, . . ., M,) or sup My when (M,,) is a sub-
or supermartingale respectively. These estimates are an important tool in stochastic analysis. They are a
consequence of the Optional Stopping Theorem.

Doob’s inequality

We first prove the basic version of maximal inequalities for sub- and supermartingales.

Theorem 2.18 (Doob).
(1) Suppose that (M,,); >0 is a non-negative supermartingale. Then

1

PlsupMy > c| < —- E[My] for any ¢ > 0.

k>0

o

(i) Suppose that (M,,), >0 is a non-negative submartingale. Then

P[max M > c < —--E[M,] foranyc > 0.

0<k<n

1
< —'E[Mn; max My > c
c 0<k
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Proof. (i) For ¢ > 0 we consider the stopping time
T, = min{k >0 : My > c}, min () = co.
Note that 7. < co whenever sup My > c¢. Hence by the version of the Optional Stopping Theorem for

non-negative supermartingales, we obtain

1 1
Plsup My > ¢] < P[T, < o] < —E[Mrg,_; T, < o] < —E[M)].
c c

Here we have used in the second and third step that (M,,) is non-negative. Replacing ¢ by ¢ — ¢ and
letting € tend to zero we can conclude

1
Plsup My > c] = lig% P[sup My > ¢ — g] < liminf E[My] = EE[MO]'
&

e\ c—¢&

(ii) For a non-negative submartingale, we obtain

1
P P[T. <n] < —-E[Mr,; T, <n]
C

max My > c
0<k<n

1 ¢ 1<
= - E I < - Y —
=D EM: T =k] < = ) E[M,: T, = k]
k=0 k=0
1
= - E[M,:;T. <n].
c
Here we have used in the second last step that E[My ; T, = k] < E[M,, ; T. = k] since (M,,) is a
submartingale and {7, = k} is in %. [ |

As a first consequence of Doob’s maximal inequality for submartingales we obtain extensions of the
classical Markov- Cebysev inequalities:

Corollary 2.19. (i) Suppose that (M,),>o is an arbitrary submartingale (not necessarily non-
negative!). Then

1
P [max My > c] < -FE [M;{ ; max My > c] forany ¢ >0, and
k<n C k<n
P [max My>c| < e*E [e’lM" ; max My > ¢ for any A,¢ > 0.
k<n k<n

(i) If (M,) is a martingale then, moreover, the estimates

P [max |My| = ¢
k<n

1
< —E ||M,|P ; max |M| > c
cpP k<n
hold for any ¢ > 0 and p € [1, ).
Proof. The corollary follows by applying the maximal inequality to the non-negative submartingales
M}, exp(AM,,), | M, |P respectively. These processes are indeed submartingales, as the functions x — x* and

x — exp(Ax) are convex and non-decreasing for any A > 0, and the functions x + |x|P are convex for any
p =1 |
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LP inequalities

The last estimate in Corollary 2.19 can be used to bound the L” norm of the running maximum of a martingale
in terms of the L”-norm of the last value. The resulting bound, known as Doob’s L”-inequality, is crucial
for stochastic analysis. We first remark:

y
Lemma 2.20. IfY : Q — R, is a non-negative random variable, and G(y) = [ g(x) dx is the integral of a
0

non-negative function g : Ry — Ry, then
(e8]

E[G(Y)] = /g(c)-P[Y > c]dc.

0

Proof. By Fubini’s theorem we have

(o)

Y
E[GY)] = E / g(c)de| = E / Tox (©)g(c) de
0 0
= /g(c)-P[Y > c]dc. u
0

Theorem 2.21 (Doob’s L? inequality). Suppose that (M;,),>¢ is a martingale, and let

M’ = max |My]|, and M* = sup |My|.
k<n k

n

Then, for any p, g € (1,0) such that Iij + é = 1, we have

IMalle < g - [IMplle,  and  [[M¥|lLr < g -sup|[MyllLr.
n

In particular, if (M,,) is bounded in LP then M* is contained in L.

Proof. By Lemma 2.20, Corollary 2.19 applied to the martingales M,, and (—M,,), and Fubini’s theorem,

Elp] 2 / pcP IP[M? > ¢] de
0

2.19 o0 D) .
< pcPCE[|My] ; M, > c]dc
0

My,
| M| / pcP2 de
0
p

= ——E[|My]|- (M;)"™"]
p-1

ng. E

for any n > O and p € (1,00). Setting g = 1% and applying Holder’s inequality to the right hand side, we
obtain

E[(My)P] < q- IMullee - N(M)P llea = g - Myllee - E[(M;)P]'4,
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ie.,
IMllr = E[M;)P17V9 < g+ [Mylle. (2.28)

This proves the first inequality. The second inequality follows as n — oo, since

IM s = Hlim M
n—oo LP

< liminf |M} < g-supl|IM
< liminf [M:]],, < g -sup |IMa v
by Fatou’s Lemma. -

Hoeffding’s inequality

For a standard Random Walk (S;,) starting at 0, the reflection principle combined with Bernstein’s inequality
implies the upper bound

P[max(Sy,...,Sn) > ¢c] < 2-P[S, >c] < 2-exp(—-2¢?/n)

for any n € N and ¢ € (0, 00). A similar inequality holds for arbitrary martingales with bounded increments:

Theorem 2.22 (Azuma, Hoeffding). Suppose that (M,,) is a martingale such that
|M,, — M,,_1| £ a, P-almost surely

for a sequence (a,) of non-negative constants. Then

l n
P rl?gr)f(Mk - M) > c] < exp (—Ec2 / aiz) (2.29)
- i=1

for any n € N and ¢ € (0, ).

Proof. W.lL.o.g. we may assume My = 0. LetY,, = M,, — M, denote the martingale increments. We will
apply the exponential form of the maximal inequality. For 4 > 0 and n € N, we have,

n

[T

i=1

Bl = B = B g [ |7, @30)

To bound the conditional expectation, note that almost surely, we have

Mo < L=V e, Lant T a,

-2 ay 2 ap

since x > exp(Adx) is a convex function, and —a, < Y, < a,. Indeed, the right hand side is the value at ¥;,
of the secant connecting the points (—a,, exp(—1a,)) and (a,,exp(day)). Since (M,,) is a martingale,

E[Yn|7_~n—1] = 09

and therefore ,
E[e™ | Fnoi] < (e"l“" + e/l“") /2 = cosh(da,) < eAan)/?

almost surely. Now, by (2.30), we obtain

E[eAMn] < E[e/anfl] . e(/lan,)z/z‘
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Hence, by induction on n,

1 n
E[e/an] < exp (5/12 Zalz) for any n < N, (231)

i=1

and, by the exponential maximal inequality in Corollary 2.19,

1 n
P[max My > c] < exp (—/lc + 5/12 Z a-z) (2.32)

1
k<n

i=1
holds for any n € N and ¢,4 > 0. For a given ¢ and n, the expression on the right hand side of (2.32) is
minimal for A = ¢/} aiz. Choosing A correspondingly, we finally obtain the upper bound (2.29). |

Hoeffding’s concentration inequality has numerous applications, for example in the analysis of algorithms,
see e.g. [11]. Here, we just consider one simple example to illustrate the way it typically is applied:

Example (Pattern Matching). Suppose that X, X»,..., X, is a sequence of independent, uniformly
distributed random variables (“letters”) taking values in a finite set S (the underlying “alphabet”), and
let

n—l

N = ZI{XiH:al»XHZ:aZ ,,,,, Xiv=a;} (2.33)
i=0

denote the number of occurrences of a given “word” aja; - - - a; with [ letters in the random text. In
applications, the “word” could for example be a DNA sequence. We easily obtain

n-I
E[N] = Y PlXiu =a fork=1,....1] = (n=1+1)/IS|". (2.34)
i=0
To estimate the fluctuations of the random variable N around its mean value, we consider the martingale

M; = E[N|o(Xs,....X)]  (=0,1,...,n)

with initial value My = E[N] and terminal value M,, = N. Since at most / of the summands in (2.33)
are not independent of i, and each summand takes values 0 and 1 only, we have

|M; — M;_1| <1 foreachi =0,1,...,n.
Therefore, by Hoeffding’s inequality, applied in both directions, we obtain
P[IN - E[N]| 2 ¢] = P[IMy - Mol > c] < 2exp(~c®/(2nl*))
for any ¢ > 0, or equivalently,
P[IN — E[N]| > & -IVn] < 2-exp(-£*/2) for any & > 0. (2.35)

The equation (2.34) and the bound (2.35) show that N is highly concentrated around its mean if / is small
compared to /.
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3. Martingales in continuous time

The notion of a martingale, sub- and supermartingale in continuous time can be defined similarly as in the
discrete time case. Fundamental results such as the optional stopping theorem or the maximal inequality carry
over from discrete to continuous time martingales under additional regularity conditions as, for example,
continuity of the sample paths. Similarly as for Markov chains in discrete time, martingale methods can be
applied to derive explicit expressions and bounds for probabilities and expectations of Brownian motion in
a clear and efficient way.

We start with the definition of martingales in continuous time. Let (Q, A, P) denote a probability space.

Definition 3.1. (i) A continuous-time filtration on (€, A) is a family (F;);¢[0,0) Of o-algebras F; € A
such that ¥; C ¥ forany 0 < 5 < ¢.

(ii) A real-valued stochastic process (M;);e[0,.0) On (£, A, P) is called a martingale (or super-, sub-
martingale) w.r.t. a filtration (%) if and only if

a) (M) is adapted w.r.t. (%7), i.e., M; is ¥; measurable for every ¢ > 0.
b) Forevery ¢ > 0, the random variable M, (resp. M,", M;") is integrable.

(<.2)

c) E[M;| Fs] M P-almost surely for any 0 < s < ¢.

3.1. Some fundamental martingales of Brownian Motion

In this section, we identify some important martingales that are functions of Brownian motion. Let (B;);>
denote a d-dimensional Brownian motion defined on (2, A, P).

Filtrations generated by Brownian motion
Any stochastic process (X;);»0 in continuous time generates a filtration
FX = o(X,:0< 5 <1), t>0.

However, not every hitting time that we are interested in is a stopping time w.r.t. this filtration. For example,
for one-dimensional Brownian motion (B;), the first hitting time 7 = inf{t > 0 : B; > ¢} of the open
interval (c, o) is not an (%,2) stopping time. An intuitive explanation for this fact is that for # > 0, the event
{T <t} is not contained in 7,5, since for a path with By < ¢ on [0,7] and B, = ¢, we can not decide at time
t, if the path will enter the interval (c, o) in the next instant. For this and other reasons, we also consider the
right-continuous filtration
Fio= (R 120,
>0

that takes into account “infinitesimal information on the future development.”

Exercise (Hitting times as stopping times). Prove that the first hitting time T4 = inf{t > 0 : B, € A}
of a set A € R? is an (%,2) stopping time if A is closed, whereas T, is an (77) stopping time, but not
necessarily an (7,5 stopping time if A is open.
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It is easy to verify that a d-dimensional Brownian motion (B;) is also a Brownian motion w.r.t. the
right-continuous filtration (%;):

Lemma 3.2. Forany0 < s < t, the increment B; — By is independent of ¥ with distribution N(0,(t —s) - 1z).

Proof. Since t — B, is almost surely continuous, we have
B, — By = lim (B; — By.¢) P-as. (3.1)
e\,0
£€Q
For small & > 0 the increment B; — By, is independent of 7‘}? =» and hence independent of F5. Therefore,

by (3.1), B; — By is independent of 7 as well. |

Another filtration of interest is the completed filtration (7;F'). A o-algebra F is called complete w.r.t. a
probability measure P iff it contains all subsets of P-measure zero sets. The completion of the filtration (%)
on the probability space (Q, A, P) is the complete filtration defined by

FP ={ACQ:3A,Ay e A : A| CACA,LP[A\ A] =0},

Thus the o-algebra ?;P is generated by all sets in ¥; and all subsets of P-measure zero sets in A.

It can be shown that the completion (7,F) of the right-continuous filtration (%;) is again right-continuous.
Using the strong Markov property of Brownian motion, it can also be shown that the completion (?",B P ) of
the filtration (7,%) is complete and right-continuous, i.e., 7",3 - FP, see e.g. [9, Section 2.7, Proposition
7.7]. The assertion of Lemma 3.2 obviously carries over to the completed filtration.

Remark (The “usual conditions”). Some textbooks on stochastic analysis consider only complete right-
continuous filtrations. A filtration with these properties is said to satisfy the usual conditions. A disadvantage
of completing the filtration, however, is that (7,”") depends on the underlying probability measure P (or, more
precisely, on its null sets). This can cause problems when considering several non-equivalent probability
measures at the same time.

Brownian Martingales

We now identify some basic martingales of Brownian motion:

Theorem 3.3 (Elementary martingales of Brownian motion). For a d-dimensional Brownian motion
(B;) the following processes are martingales w.r.t. each of the filtrations (%,2), (%;) and (F,):

(i) The coordinate processes B,(i), 1<i<d.
(ii) BE")B,U) —1-6; forany 1 <i,j <d.

(iii) exp(a - B; — %|a/|2t) for any @ € R<.

The processes M;* = exp(a - B; — %|a|2t) are called exponential martingales.

Proof. We only prove the second assertion for d = 1 and the right-continuous filtration (#;). The verification
of the remaining statements is left as an exercise. For d = 1, since B; is normally distributed, the ;-
measurable random variable B? — ¢ is integrable for any ¢. Moreover, by Lemma 3.2,

E[(B; - Bs)* | 5] + 2Bs - E[B; — By | ;]
E[(B; — Bs)*] +2Bs - E[B, — By] = t—s

E[B; - B} | %]
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3.1. Some fundamental martingales of Brownian Motion

almost surely. Hence
E[B>-t|F5] = B> -5 P-as. forany 0 < s <,

ie., B,2 — t is an (#;) martingale. |

Remark (Doob decomposition, variance process of Brownian motion). For a one-dimensional Brown-
ian motion (B;), the theorem yields the Doob decomposition

B> = M, +t
of the submartingale (B?) into a martingale (M,) and the continuous increasing adapted process (B);, = t.

A Doob decomposition of the process f(B;) for general functions f € C*(R) will be obtained below as a
consequence of Itd’s celebrated formula. It states that

F(Br) — f(Bo) = / F(B.) dB, + 5 / F£(By) ds (3.2)
0 0

where the first integral is an Itd stochastic integral, see Section 6.3. If f” is bounded, then the It6 integral
I, = fot f’(By) dBy is a martingale. If f is convex then f(B;) is a submartingale and the second integral in
(3.2) is a continuous increasing adapted process in .

It6’s formula (3.2) can also be extended to the multi-dimensional case, see Section 6.4 below. The second
d &f
i=1 532"
that a sub- or superharmonic function of d-dimensional Brownian motion is a sub- or supermartingale,
respectively, if appropriate integrability conditions hold. We now give a direct proof of this fact by the mean

value property:

derivative is then replaced by the Laplacian Af = }; The multi-dimensional Itd formula implies

Lemma 3.4 (Mean value property for harmonic functions on R?). Suppose that h € C*(R?) is a har-
monic (resp. superharmonic) function, i.e.,

Ar(x) 20 forallx eRY

Then for any x € R and any rotationally invariant probability measure u on R<,

/ hx + y) udy) 2 heo. (33)

Proof. By the classical mean value property, A(x) is equal to (resp. greater or equal than) the average value
faB,(x) h of h on any sphere dB,(x) with center at x and radius r > 0, cf. e.g. [KoenigsbergerAna2].
Moreover, if u is a rotationally invariant probability measure then the integral in (3.3) is an average of
average values over spheres:

/ hx + y) u(dy) = / f hur(dr) S hio),
IB,(x)

where up is the distribution of R(x) = |x| under pu. |

Theorem 3.5 (Superharmonic functions of Brownian motion are supermartingales). If 7 € C2(RY) is
a (super-) harmonic function then the process (2(B;)); >0 is a (super-) martingale w.r.t. () provided /(B;)
is integrable for every ¢ > 0.
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3. Martingales in continuous time

Proof. By Lemma 3.2 and the mean value property, we obtain

E[h(B:) | Fs](w) E[h(Bs + B; — Bs) | F5l(w)
E[h(Bs(w) + B, — By)]

/ h(By(w) + y) N(O.(t — ) I)(dy)

2 h(By(w))

for every 0 < s < t and P-almost every w. |

3.2. Optional Sampling and Optional Stopping

Suppose that T : Q — [0,00] is a stopping time w.r.t. a filtration (%7);50, i.e., {T < t} € F; for every
t > 0. Recall that similarly to the discrete time case, the o-algebra ¥ of events that are observable up to
the stopping time 7 is defined as

Fr = {ACQ:An{T <t} € F forallt > 0}.

Exercise (Stopping times). Let (7);¢[0,«) be a filtration on a probability space (Q, A,P), and let S and
T be (F;) stopping times. Show that the following properties hold:

(i) TAS, TV Sand T + S are again (¥;) stopping times.
(ii) ¥r is a o-algebra, and T is Fr-measurable.
(iii) S <T = Fs C Fr;
(iv) Fsar = Fs N3
(v) Theevents {S < T}, {S <T} and {S =T} are all contained in Fs N Fr.

The Optional Sampling Theorem

The optional stopping theorem can be easily extended to continuous time martingales with continuous sample
paths. We directly prove a generalization:

Theorem 3.6 (Optional Sampling Theorem). Suppose that (M;);¢[0,«] iS @ martingale w.r.t. an arbitrary
filtration (#7) such that # — M, (w) is continuous for P-almost every w. Then

E[My | Fs] = Mg P-almost surely (3.4)

for any bounded (F;) stopping times S and 7" with S < T.

We point out that an additional assumption on the filtration (e.g. right-continuity) is not required in the
theorem.

Remark (Optional Stopping). By taking expectations in the Optional Sampling Theorem, we obtain
E[Mr] = E[E[My | Foll = E[Mo]
for any bounded stopping time 7. For unbounded stopping times,
E[Mr] = E[Mo]

holds by dominated convergence provided 7' < co almost surely, and the random variables Mr,,,n € N, are
uniformly integrable.
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Proof (of Theorem 3.6.). We verify the defining properties of the conditional expectation in (3.4) by ap-
proximating the stopping times by discrete random variables:

@

(ii)

Mg has an Fs-measurable modification: For n € N let §n =27"|2"S], i.e., forany k € Z,,

S, = k-2" on {k-2"<S<(k+1)27"}.

We point out that in general, S, is not a stopping time w.r.t. (7;). Clearly, the sequence (§n)n€N is
increasing with S = lim S,,. By almost sure continuity

Mg = lim M§n P-almost surely. (3.5)

n—oo

On the other hand, each of the random variables M g, is Fg-measurable. In fact,

Mg - Iis<y = Z Mio-n - Ligo-n <S<(k+12-7 and S<t}
kik2n <t

is #;-measurable for any ¢ > 0 since S is an () stopping time. Therefore, by (3.5), the random
variable Mg := lim sup M§n is an Fg-measurable modification of Mg.

n—oo

E[My; A] = E[Ms; Al forany A € Fs: Forn € N, the discrete random variables 7, = 27" - [2"'T']
and §,, = 27" - [2""S] are (¥;) stopping times satisfying 7;, > S,, > S, cf. the proof of Theorem 1.32.
In particular, s € ¥s, € ¥7,. Furthermore, (7,,) and (S,,) are decreasing sequences with T = lim 7},
and § = lim S,. As T and S are bounded random variables by assumption, the sequences (7;,) and
(S,,) are uniformly bounded by a finite constant ¢ € (0, o). Therefore, we obtain

S(w) Sn(w)

Figure 3.1.: Two ways to approximate a continuous stopping time.

E(Mp,; Al = > E[Man; A0{T, = k2™}]
k:k2 " <c
= Z E[M,; An{T, = k27"}] (3.6)
k:k2 " <c

E[M.; A] for any A € ¥r,,

A. Eberle Introduction to Stochastic Analysis (v. April 15, 2019) 69



3. Martingales in continuous time

and similarly
E[Ms, ; A] = E[M.; A] forany A € ¥, . 3.7

In (3.6) we have used that (M;) is an (¥;) martingale, and AN {T,; = k- 27"} € Fr.on. Aset A € Fg
is contained both in ¥, and ¥s,. Thus by (3.6) and (3.7),

E[Mr, ; A] = E[Ms, ; A] forany n € N and any A € Fg. 3.8)

Asn — oo, My, — M7 and Mg, — Mg almost surely by continuity. It remains to show that the
expectations in (3.8) converge as well. To this end note that by (3.6) and (3.7),

My, = E[M.|%r,] and Mg, = E[M.|¥s,] P-almost surely.

We will prove in Section 4.3 that any family of conditional expectations of a given random variable
w.r.t. different o-algebras is uniformly integrable, and that for uniformly integrable random variables
a generalized Dominated Convergence Theorem holds, cf. Theorem 4.14. Therefore, we finally obtain

E[Mr; A] = E[limMr, ; A] = limE[Mr, ; A]
= limE[Ms, ; A] = E[limMs, ; A] = E[Ms; Al

completing the proof of the theorem. |

Remark (Measurability and completion). In general, the random variable My is not necessarily Fg-
measurable. However, we have shown in the proof that Mg always has an Fg-measurable modification
AZS. If the filtration contains all measure zero sets, then this implies that My itself is Fs-measurable and
hence a version of E[Mr | Fs].

Ruin probabilities and passage times revisited

Similarly as for random walks, the Optional Sampling Theorem can be applied to compute distributions of
passage times and hitting probabilities for Brownian motion. For a one-dimensional Brownian motion (B;)
starting at 0, and a,b > 0, let

T=inf{t >0 : B; ¢ (—b,a)} and T,=inf{t >0 : B; = a}

denote the first exit time from the interval (—b, a) and the first passage time to the point a, respectively. In
Section 1.5 we have computed the distribution of 7, by the reflection principle. This and other results can
be recovered by applying optional stopping to the basic martingales of Brownian motion. The advantage of
this approach is that it carries over to other diffusion processes.

Exercise (Exit and passage times of Brownian motion). Prove by optional stopping:
(i) Law of the exit point: P[Br = a]l = b/(a+b), P[Br =-b]l=a/(a+b),
(ii) Mean exit time: E[T] =a- b and E[T,] = oo,
(iii) Laplace transform of passage times: For any s > 0,

Elexp(-sT,)] = exp(—a\/ﬂ).

Conclude that the distribution of T, on (0, c0) is absolutely continuous with density

fr,(@) = a- Q) V2 exp(—a®/21).
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Exit laws and Dirichlet problem

Applying optional stopping to harmonic functions of a multidimensional Brownian motion yields a gener-
alization of the mean value property and a stochastic representation for solutions of the Dirichlet problem.
This will be exploited in full generality in Chapter 7. Here, we only sketch the basic idea.

Suppose that & € C*(RY) is a harmonic function and that (B;);s0 is a d-dimensional Brownian motion
starting at x w.r.t. the probability measure P,. Assuming that

E [h(By)] < o0 forany t > 0,

the mean value property for harmonic functions implies that 4(B;) is a martingale under Py, cf. Theorem
3.5. The first hitting time 7 = inf{r > 0 : B, € R? \ D} of the complement of an open set D C R? is a
stopping time w.r.t. the filtration (%,2). Therefore, by Theorem 3.6 and the remark below, we obtain

Ex[h(Bran)] = Ex[h(Bo)] = h(x)  foranyn e N. (3.9)

Now let us assume in addition that the set D is bounded. Then T is almost surely finite, and the sequence of
random variables 4(Bra,) (n € N) is uniformly bounded because By, takes values in the closure D for any
n € N. Applying the Dominated Convergence Theorem to (3.9), we obtain the integral representation

h(x) = E[h(Bp)] = / h(y)pax(dy) (3.10)
oD

where py = Py o B;l denotes the exit law from D for Brownian motion starting at x. In Chapter 7, we
show that the representation (3.10) still holds true if h is a continuous function defined on D that is C? and
harmonic on D. The proof requires localization techniques that will be developed below in the context of
stochastic calculus. For the moment we note that the representation (3.10) has several important aspects and
applications:

Generalized mean value property for harmonic functions. For any bounded domain D C R¢ and any
x € D, h(x) is the average of the boundary values of # on d D w.r.t. the measure p,.

Stochastic representation for solutions of the Dirichlet problem. A solution 4 € C%(D) N C(D) of the
Dirichlet problem

Ah(x) = 0 for x € D, 3.11)
h(x) = f(x) for x € 9D,
has a stochastic representation
h(x) = Ex[f(Br)] for any x € D. (3.12)

Monte Carlo solution of the Dirichlet problem. The stochastic representation (3.12) can be used as the
basis of a Monte Carlo method for computing the harmonic function i(x) approximately by simulating a
large number n of sample paths of Brownian motion starting at x, and estimating the expectation by the
corresponding empirical average. Although in many cases classical numerical methods are more efficient,
the Monte Carlo method is useful in high dimensional cases. Furthermore, it carries over to far more general
situations.
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Computation of exit law. Conversely, if the Dirichlet problem (3.11) has a unique solution %, then compu-
tation of 4 (for example by standard numerical methods) enables us to obtain the expectations in (3.12). In
particular, the probability 4(x) = Py[Br € A] for Brownian motion exiting the domain on a subset A C 9D
is informally given as the solution of the Dirichlet problem

Ah =0 onD, h=1I14 ondD.

This can be made rigorous under regularity assumptions. The full exit law is the harmonic measure, i.e., the
probability measure u, such that the representation (3.10) holds for any function 4 € C*(D) N C(D) with
Ah = 0 on D. For simple domains such as half-spaces, balls and cylinders, this harmonic measure can be
computed explicitly.

Example (Exit laws from balls). For d > 2, the exit law from the unit ball D = {y € R? : |y| < 1}
for Brownian motion starting at a point x € R¢ with |x| < 1 is given by

1—|x?
px(dy) = Zv(dy)
ly = x|
where v denotes the normalized surface measure on the unit sphere S9~! = {y e R? : |y| = 1}. Indeed,

the classical Poisson integral formula states that for any f € C(S¢7!), the function

h(x) = / FO) mx(dy)

solves the Dirichlet problem on D with boundary values lim i(x) = f(z) forall z € §4!, cf. e.g. [9, Ch.
X—Z

4]. Hence by (3.12),
1—|x?

ly — x|4

Edf(Br)] = / £G) v(dy)

holds for any f € C(S%7!), and thus by a standard approximation argument, for any indicator function
of a measurable subset of S9!

3.3. Maximal inequalities and the Law of the Iterated Logarithm

The extension of Doob’s maximal inequality to the continuous time case is straightforward. As a first
application, we give a proof for the upper bound in the law of the iterated logarithm.

Maximal inequalities in continuous time

Theorem 3.7 (Doob’s LP inequality in continuous time). Suppose that (M;);c[o,«0) iS @ martingale with
almost surely right continuous sample paths ¢ — M;(w). Then the following bounds hold for any a € [0, o),
p € [1,0), g € (1,00] with 117 - é =1, and ¢ > 0:

i) P| sup M| = c| < <P -E[|M,|P],
t€[0,a]
(ii) || sup [M;] < q-|IMalle.
t€[0,a] p

Remark. The same bounds hold for non-negative submartingales.
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Proof. Let (7,,) denote an increasing sequence of partitions of the interval [0, a] such that the mesh size of
7y goes to 0 as n — co. By Corollary 2.19 applied to the discrete time martingale (M;);cr, , We obtain

P

gnax|M,| > c] < E[|M,|P]/cP for any n € N.
€nn

Moreover, as n — oo,

max |M,| sup |M;| almost surely
L€ t€[0,a)

by right continuity of the sample paths. Hence

P

sup |M;| > c P

t€[0,a]

U {max |M;| > c}
- ten,

= lim P [max|Mt| > c] < E[|M4|P]/cP.

n—oo ten,

The first assertion now follows by replacing ¢ by ¢ — € and letting & tend to 0. The second assertion follows
similarly from Theorem 2.21. |

As a first application of the maximal inequality to Brownian motion, we derive an upper bound for the
probability that the graph of one-dimensional Brownian motion passes a line in R?:

M,
’

Lemma 3.8 (Passage probabilities for lines). For a one-dimensional Brownian motion (B;) starting at O
we have
P[B; = B+ at/2 forsomet > 0] < exp(—apB) forany a,B > 0.

Proof. Applying the maximal inequality to the exponential martingale M;* = exp(aB; — a’t/2) yields

P|B; > B+ at/2 forsomet € [0,a]] = P

sup (B; —at/2) = B
t€[0,a]

= P| sup M >exp(aB)| < exp(—ap)- E[MJ] = exp(—ap)
t€l0,a]
for any a > 0. The assertion follows in the limit as @ — oo. |

With slightly more effort, it is possible to compute the passage probability and the distribution of the first
passage time of a line explicitly, see Theorem 9.10 below.
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Application to LIL

A remarkable consequence of Lemma 3.8 is a simplified proof for the upper bound half of the Law of the
Iterated Logarithm:

Theorem 3.9 (LIL, upper bound). For a one-dimensional Brownian motion (B;) starting at 0,

B
lim sup —ft < +1 P-almost surely. (3.13)

™0 +/2tloglogt!

Proof. Let 6 > 0. We would like to show that almost surely,
By < (1+0)h(r) for sufficiently small 7 > 0,
where h(t) := \/W . Fix 8 € (0,1). The idea is to approximate the function A(¢) by affine functions
n(t) = Bn+ ant/2

on each of the intervals [6”,0"'], and to apply the upper bounds for the passage probabilities from the
lemma. We choose a; and 3, in a such way that /,,(6") = h(0") and [,,(0) = h(6")/2, i.e.,

Bn = h(B")/2 and a, = h(0")/0".
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For this choice we have 7,(6") > 6 - 1,,(#""!), and hence

W@ _ HE )
0

L) < L, < <
(1) ") 7 7

forall z € [6",6"71]. (3.14)

woy 77

h(om)/2

gn gn—1

We now want to apply the Borel-Cantelli lemma to show that with probability one, B; < (1 + §)[,(¢) for
large n. By Lemma 3.8,
h(@n )2
26m

P[B; > (1 + 6)l,,(r) for some 1 > 0] < exp(—anfBy - (1 +6)%) = exp (— (1+ 6)2) . (3.15)

Choosing h(t) = +/2tloglog =1, the right hand side is equal to a constant multiple of n‘(1+5)2, which is a
summable sequence. Note that we do not have to know the precise form of A(¢) in advance to carry out the
proof — we just choose A(¢) in such a way that the probabilities become summable!

Now, by the Borel-Cantelli lemma, for P-almost every w there exists N(w) € N such that

B/(w) < ((1+8)L(@1) forany r € [0,1] and n > N(w). (3.16)
By (3.14), the right hand side of (3.16) is dominated by (1 + 6)A(t)/6 for t € [6",6"']. Hence
1+6
B, < Lh(t) for any t € U [0", 6" 1],
0
n>N
i.e., for any ¢ € (0, 6N~1), and therefore,

. B, 1+6
limsup — < —— P-almost surely.
~o  h) o
The assertion then follows in the limitas 6 ,” 1 and 6 \ 0. |

Since (—B;) is again a Brownian motion starting at 0, the upper bound (3.13) also implies

B
liminf ————— > -1 P-almost surely. (3.17)

™0 /2t loglog !

The converse bounds are actually easier to prove since we can use the independence of the increments and
apply the second Borel-Cantelli Lemma. We only mention the key steps and leave the details as an exercise:

A. Eberle Introduction to Stochastic Analysis (v. April 15, 2019) 75



3. Martingales in continuous time

Exercise (Complete proof of LIL). Prove the Law of the Iterated Logarithm:

B, B,
limsup — = +1 and liminf — = -1
o () ~NO  h(r)

where h(t) = \/W . Proceed in the following way:
(i) Let6 € (0,1) and consider the increments Z,, = Bgn — Byn+1,n € N. Show that if £ > 0, then
P|Z, > (1 — &)h(6") infinitely often] =
(Hint: [ exp(—=z%/2)dz > (x' = x73)exp(—x?/2).)

(i) Using the statements in (i) and (3.17), conclude that

limsup—— > 1—-¢ P-almost surely for every € > 0.
[AN(] h( )

Hence complete the proof of the LIL by deriving the lower bounds

B; B,
lim su >1 and Iliminf— < -1 P-almost surely. (3.18)
R0t B AT Y
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The strength of martingale theory is partially due to powerful general convergence theorems that hold for
martingales, sub- and supermartingales. In this chapter, we study convergence theorems with different types
of convergence including almost sure, L? and L' convergence, and consider first applications.

At first, we will again focus on discrete-parameter martingales — the results can then be easily extended to
martingales in continuous time.

4.1. Convergence in L

Already when proving the Law of Large Numbers, L? convergence is much easier to show than, for example,
almost sure convergence. The situation is similar for martingales: A necessary and sufficient condition for
convergence of a martingale in the Hilbert space L?(€, A, P) can be obtained by elementary methods.

Martingales in L?

Consider a discrete-parameter martingale (M, ), >0 W.r.t. a filtration (7;) on a probability space (€, A, P).
Throughout this section we assume square integrability, i.e.,

E[M?] < « foralln € Z,. 4.1)

We start with an important remark:

Lemma 4.1. The incrementsY, = M, —M,_, of a square-integrable martingale are centered and orthogonal
in L*(Q, A, P) (i.e. uncorrelated).

Proof. By definition of a martingale, E[Y,, | F,-1] = O for any n > 0. Hence E[Y,] = 0 and E[Y,,,Y,] =
EYm - E[Y, | Fno1]] =0for0 < m < n. |

Since the increments are also orthogonal to My by an analogue argument, a square integrable martingale
sequence consists of partial sums of a sequence of uncorrelated random variables:

n
Mn:M0+ZYk for any n > 0.
k=1

The Convergence Theorem

The central result of this section shows that an L?-bounded martingale (M,,) can always be extended to
ne{0,1,2,...} U{co}:

Theorem 4.2 (L? Martingale Convergence Theorem). The martingale sequence (M,) converges in
L*(Q, A, P) as n — oo if and only if it is bounded in L? in the sense that

sup E[M?] < co. (4.2)

n>0
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4. Martingale Convergence Theorems

In this case, the representation
My = E[M | %l

holds almost surely for any n > 0, where M., denotes the limit of M,, in L*(Q, A, P).

We will prove in the next section that (M,,) does also converge almost surely to M. An analogue result
to Theorem 4.2 holds with L? replaced by L? for every p € (1,0) but not for p = 1, see Section 4.3 below.

Proof. (i) Let us first note that
E[(M, - M,,)’] = E[M?] - E[M3] for0 < m < n. (4.3)
Indeed,

E[(Mn - Mm)z] + 2E[A/Im ) (Mn - Mm)L

and the last term vanishes since the increment M,, — M,,, is orthogonal to M,, in L2,

(ii) To prove that (4.2) is sufficient for L? convergence, note that the sequence (E[M?]), o is increasing
by (4.3). If (4.2) holds then this sequence is bounded, and hence a Cauchy sequence. Therefore, by
(4.3), (M,,) is a Cauchy sequence in L. Convergence now follows by completeness of L*(Q, A, P).

(ili) Conversely, if (M,) converges in L? to a limit M, then the L? norms are bounded. Moreover, by
Jensen’s inequality, for each fixed £ > 0,

E[M, | ] — E[M | %] in L2(Q, A, P) as n — 0.
As (M) is a martingale, we have E[M,, | ¥x] = M for n > k, and hence
M, = E[M | ] P-almost surely. [ ]

Remark (Functional analytic interpretation of L convergence theorem). The assertion of the L> mar-
tingale convergence theorem can be rephrased as a purely functional analytic statement:

An infinite sum Y. Y of orthogonal vectors Yy in the Hilbert space L*(Q, A, P) is convergent if and only if
=1

n
the sequence of partial sums ), Yy is bounded.
k=1

How can boundedness in L? be verified for martingales? Writing the martingale (M,,) as the sequence of
partial sums of its increments Y,, = M,, — M,,_, we have

n n n
EIMY) = [Mo+ ) YoM+ Y Ye| = E[M3]+ ) E[Y}]
k=1 k=1 I k=1

2

by orthogonality of the increments and My. Hence

sup E[M2] = E[M3]+ > E[Y2].
n>0 =1

Alternatively, we have E[M?] = E [Mg] + E[(M),]. Hence by monotone convergence

sup E[M;] = E[M;]+ E[{(M)«]

n>0

where (M)o, = sup{(M),.
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Summability of sequences with random signs

As a first application we study the convergence of series with coefficients with random signs. In an intro-

ductory analysis course it is shown as an application of the integral and Leibniz criterion for convergence of
series that

(o)
>, n~% converges — a>1 ,whereas
n=1

[Se]

>, (—=1)*n® converges — a>0.

n=1

Therefore, it seems interesting to see what happens if the signs are chosen randomly. The L? martingale
convergence theorem yields:

Corollary 4.3. Let (a,) be a real sequence. If (g,) is a sequence of independent random variables on
(Q, A, P) with Ple, = +1] = Ple,, = —1] = 1/2, then

(o) (o]
Z &na, converges in LZ(Q,&’L P) = a,21 < 00,
n=1

n=1

n
Proof. The sequence M,, = ), eray of partial sums is a martingale with
k=1

sup E[M?] = Y Elefa}] = ) a}.

nz0 k=1 k=1 u

(e8]
Example. The series Y, , - n~® converges in L? if and only if o > %
n=1

Remark (Almost sure asymptotics). By the Supermartingale Convergence Theorem (Theorem 4.5 below),
the series ), €,a; also converges almost surely if a,zl < 0. On the other hand, if a% = oo then the series
of partial sums has almost surely unbounded oscillations, see the exercise below.

Exercise (Random signs). Let (a,) be a sequence of real numbers with ¥, a2 = oo, and let

n
M, = Zskak , g iid. with Plgg = £1] = 1/2.
k=1

(i) Determine the conditional variance process (M),,.
(i) Forc>0letT, :=inf{n >0:|M,| > c}. Show that P[T, < oo] = 1.

(iii) Conclude that almost surely, the process (M,,) has unbounded oscillations.

L2 convergence in continuous time

The L? convergence theorem directly extends to the continuous-parameter case.
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4. Martingale Convergence Theorems

Theorem 4.4 (L> Martingale Convergence Theorem in continuous time). Let u € (0, c]. If (M?):€[0,u)
is a martingale w.r.t. a filtration (;);¢[o,4) such that

sup E[Mtz] < o
t€[0,u)

then M,, = li/m M; exists in L*(Q, A, P) and (M;):e[0,u) is again a square-integrable martingale.
t/u

Proof. Choose any increasing sequence #, € [0,u) such that , — u. Then (M,,) is an L>-bounded
discrete-parameter martingale. Hence the limit M,, = lim M, exists in L2, and

M, = E[M,|%:,] for any n € N. 4.4
For an arbitrary ¢ € [0, u), there exists n € N with ¢,, € (t,u). Hence
M; = E[Mtn | 7:1‘] = E[Mu | 7:),‘]

by (4.4) and the tower property. In particular, (M;);¢[o,] i a square-integrable martingale. By orthogonality
of the increments,

E[(M, - M,,)’] = E[(My = Mi)*] + E[(M; = M,,))] > E[(M, — M,)]
whenever , <t < u. Since M;, — M, in L2, we obtain

lim E[(M, — M,)*] = 0.
t,/u

Remark. (i) Note that in the proof it is enough to consider a fixed sequence ¢, " u.

(ii) To obtain almost sure convergence, an additional regularity condition on the sample paths (e.g.
right-continuity) is required, see below. This assumption is not needed for L? convergence.

4.2. Almost sure convergence of supermartingales

Let (Z,)ns0 be a discrete-parameter supermartingale w.r.t. a filtration (%;),>0 on a probability space
(Q, A, P). The following theorem yields a stochastic counterpart to the fact that any lower bounded de-
creasing sequence of reals converges to a finite limit:

Theorem 4.5 (Supermartingale Convergence Theorem, Doob).
If sup E[Z;,] < o then (Z,) converges almost surely to a random variable Z,, € £L!(Q, A, P).

n>0
In particular, supermartingales that are uniformly bounded from below converge almost surely to an

integrable random variable.

Remark (L! boundedness vs. L! convergence). (i) The condition sup E[Z, ] < oo holds if and only if
(Z,) is bounded in L'. Indeed, as E[Z;}] < oo by our definition of a supermartingale, we have

E[|Z,|] = E[Z,] +2E|Z,] < E[Zy) +2E[Z,] for any n > 0.
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4.2. Almost sure convergence of supermartingales

(ii) Although (Z,) is bounded in L' and the limit is integrable, L' convergence does not hold in general,
see the examples below.

For proving the Supermartingale Convergence Theorem, we introduce the number U(®?)(w) of upcrossings
of an interval (a, b) by the sequence Z,(w), see below for the exact definition.

A
AN

NS
——

\\ J/

1st upcrossing 2nd upcrossing

Note that if U“?)(w) is finite for every non-empty bounded interval [a,b] then lim sup Z,(w) and
lim inf Z,,(w) coincide, i.e., the sequence (Z,,(w)) converges. Therefore, to show almost sure convergence of
(Z,), we derive an upper bound for U®?). We first prove this key estimate and then complete the proof of
the theorem.

Doob’s upcrossing inequality

Forn € N and a,b € R with a < b, we define the number Ufla’b) of upcrossings of the interval [a, b] before
time n by

U,(la’b) = max{k >0:30<s1<f1<m<h<...<sk <t <n:Zgw)<azZ,(w)= b}.
Lemma 4.6 (Doob). If (Z,) is a supermartingale then
(b—a)- E[U,(,a’h)] < E[(Z,-a)"] foralla < bandn > 0.

Proof. We may assume E[Z,] < oo since otherwise there is nothing to prove. The key idea is to set up
a predictable gambling strategy that increases our capital by (b — a) for each completed upcrossing. Since
the net gain with this strategy should again be a supermartingale, this yields an upper bound for the average
number of upcrossings. Here is the strategy:

e Wait until Z; < a.
* Then play unit stakes until Z; > b.
The stake Cy in round k is C; = 1 if Zy < a, C; = 0 otherwise, and for k > 2,

Ch - 1 if(Cri=1and Zi_y < b)or (Cr_1 =0and Z;_; < a),
kT 0 otherwise ’

Clearly, (Cy) is a predictable, bounded and non-negative sequence of random variables. Moreover, Cy - (Z; —
Zy-1) is integrable for any k < n, because Cy, is bounded and

E[|Z|] = 2E[Z;]1- E[Z] < 2E[Z]] - E[Z,] < 2E[Z{] - E[Z,] < >

n
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4. Martingale Convergence Theorems

for k < n. Therefore, by Theorem 2.12 and the remark below, the process
k
(CeZ) = Z Ci-(Zi = Zi-y), 0<k<n,
i=1

is again a supermartingale.

Clearly, the value of the process C,Z increases by at least (b — @) units during each completed upcrossing.
Between upcrossing periods, the value of (C,Z)i is constant. If the final time # is contained in an upcrossing
period, then the process can decrease by at most (Z,, — a)” units during that last period (since Z; might
decrease before the next upcrossing is completed). Therefore, we have

(C2), > (b—a)-U™Y —(z,-a), ie.,

(b—a) - USSP < (CeZ)y +(Zy—a) .

A /\v/\ [\
ANV RN

Z
(lain > h_ n (lain > h_ n Thca & (17 A\
Since C,Z is a supermartingale with initial value 0, we finally obtain the upper bound
(b= a)E[U"] < E[(CuZ)a] + E[(Zy - a)] < E[(Zy - a)]. n

Proof of Doob’s Convergence Theorem
We can now complete the proof of Theorem 4.5.

Proof. Let

U@t = sup U
neN

denote the total number of upcrossings of the supermartingale (Z,,) over an interval (a, b) with —co < a <
b < oco. By the upcrossing inequality and monotone convergence,

1
E[U“P] = lim E[U?] < —— - sup E[(Z, — a)"]. (4.5)
n—oo b—a neN

Assuming sup E[Z,]] < oo, the right hand side of (4.5) is finite since (Z, — a)~ < |a| + Z,,. Therefore,
U“? < oo P-almost surely,

and hence the event
{liminf Z,, # limsupZ,} = U {U@D) = 0}

a,beQ
a<b
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4.2. Almost sure convergence of supermartingales

has probability zero. This proves almost sure convergence to a limit in [—co, co].

It remains to show that the almost sure limit Z,, = lim Z, is an integrable random variable (in particular, it
is finite almost surely). This holds true as, by the remark below Theorem 4.5, sup E[Z,]] < oo implies that
(Z,) is bounded in L', and therefore

E[|Zs|] = E[liminf |Z,|] < liminf E[ |Z,]] < oo

by Fatou’s lemma. |

Examples and first applications
We now consider a few prototypic applications of the almost sure convergence theorem:

Example (Sums of i.i.d. random variables). Consider a Random Walk

n
Sy = Z ni
i=1

on R with centered and bounded i.i.d. increments n; such that P[n; # 0] > 0. Then there exists € > 0
such that P[|n;| = €] > 0. As the increments are i.i.d., the event {|n;| > &} occurs infinitely often with
probability one. Therefore, almost surely, the martingale (S,,) does not converge as n — co.

Now let a € R. We consider the first hitting time
T, = inf{r >0 : S, > a}

of the interval [a, o). By the Optional Stopping Theorem, the stopped Random Walk (S7,, nn)n>0 is again
a martingale. Moreover, as S; < a for any k < T, and the increments 7; are bounded by a finite constant
¢, we obtain the upper bound

St,an < a+c for any n € N.

Therefore, by the Supermartingale Convergence Theorem, the stopped Random Walk converges almost
surely. As (S;,) does not converge, we can conclude that P[T, < oo] =1 forany a > 0, i.e.,

limsup S, = oo almost surely.
Since (S,,) is also a submartingale, we obtain
liminf S, = —co  almost surely

by an analogue argument. A generalization of this result is given in Theorem 4.7 below.

Remark (Almost sure vs. LP convergence). In the last example, the stopped process does not converge in
LP for any p € [1,00). In fact,

lim E[St, Al = E[ST,] = a, whereas E[St, an] = E[So] = Oforall n.

n—oo

Example (Products of non-negative i.i.d. random variables). Consider a growth process

n
Zn = []%
i=1
with i.i.d. factors ¥; > O with finite expectation & € (0,0). Then
M, = Z,/a"

is a martingale. By the almost sure convergence theorem, a finite limit M, exists almost surely, because
M,, > 0 for all n. For the almost sure asymptotics of (Z,), we distinguish three different cases:
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(i) a < 1: In this case,
Z, = M, -a"

converges to 0 exponentially fast with probability one.

(i) a = 1: Here (Z,) is a martingale and converges almost surely to a finite limit. If P[¥; # 1] > 0
then there exists € > O such that¥; > 1+ ¢ infinitely often with probability one. This is consistent
with convergence of (Z,) only if the limit is zero. Hence, if (Z,) is not almost surely constant,
then also in the critical case, Z, — 0 almost surely.

(iii) «a > 1 (supercritical): In this case, on the set { M, > 0},
Z, = M,-a" ~ My-ad",

i.e., (Z,) grows exponentially fast. The asymptotics on the set {Ms = 0} is not evident and
requires separate considerations depending on the model.

Although most of the conclusions in the last example could have been obtained without martingale methods
(e.g. by taking logarithms), the martingale approach has the advantage of carrying over to far more general
model classes. These include for example branching processes or exponentials of continuous time processes.

Example (Boundary behavior of harmonic functions). Let D € R? be a bounded open domain, and
let 4 : D — R be a harmonic function on D that is bounded from below, i.e.,

Ah(x) = 0 forall x € D, inlf) h(x) > —oo. (4.6)
XeE

To study the asymptotic behavior of h(x) as x approaches the boundary dD, we construct a Markov
chain (X;,) such that h(X,,) is a martingale: Let r : D — (0, 0) be a continuous function such that

0 < r(x) < dist(x,0D) for any x € D, 4.7

and let (X},) w.r.t P, denote the canonical time-homogeneous Markov chain with state space D, initial
value x, and transition probabilities

p(x,dy) = Uniform distribution on {y € R? : |y — x| = r(x)}.

By (4.7), the function # is integrable w.r.t. p(x, dy), and, by the mean value property,
(ph)(x) = h(x) for any x € D.

Therefore, the process A(X,) is a martingale w.r.t. P, for each x € D. As h(X,) is lower bounded by
(4.6), the limit as n — oo exists P,-almost surely by the Supermartingale Convergence Theorem. In
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4.2. Almost sure convergence of supermartingales

particular, since the coordinate functions x +— x; are also harmonic and lower bounded on D, the limit
X = lim X, exists Py-almost surely. Moreover, X, is in D, because r is bounded from below by a

n—oo

strictly positive constant on any compact subset of D.
Summarizing we have shown:

(i) Boundary regularity: If h is harmonic and bounded from below on D then the limit lim A(X;,)

exists along almost every trajectory X, to the boundary dD.

(ii) Representation of h in terms of boundary values: If h is continuous on D, then h(X,,) — h(X)
P,-almost surely and hence

hx) = lim Eh(X)] = E[A(X.))

i.e., the law of X, w.r.t. P, is the harmonic measure on dD.
Note that, in contrast to classical results from analysis, the first statement holds without any smoothness
condition on the boundary d D. Thus, although boundary values of 2 may not exist in the classical sense,
they do exist along almost every trajectory of the Markov chain!

Generalized Borel-Cantelli Lemma

Another application of the almost sure convergence theorem is a generalization of the Borel-Cantelli lemmas.
We first prove a dichotomy for the asymptotic behavior of martingales with L'-bounded increments:

Theorem 4.7 (Asymptotics of martingales with L! bounded increments). Suppose that (M,,) is a mar-
tingale, and there exists an integrable random variable Y such that

|M,, — M,,_1| <Y for any n € N.
Then for P-almost every w, the following dichotomy holds:

Either the limit lim M, (w) exists in R, or limsup M, (w) = +oo0 and liminf M,,(w) = —co.
n—o0 n—oo

n—oo

The theorem and its proof are a generalization of the first example above.

Proof. For a € (—0,0) let T, = min{n > 0 : M, > a}. By the Optional Stopping Theorem, (Mr, »,) is a
martingale. Moreover,

M7, nn = min(Mp,a —Y) forany n > 0,

and the right hand side is an integrable random variable. Therefore, (M,) converges almost surely on
{T, = oo}. Since this holds for every a < 0, we obtain almost sure convergence on the set

{liminf M, > —oco} = U{Ta = co}.
a<0

acQ

Similarly, almost sure convergence follows on the set {lim sup M,, < co}. |

Now let (). >0 be an arbitrary filtration. As a consequence of Theorem 4.7 we obtain:
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Corollary 4.8 (Generalized Borel-Cantelli Lemma). If (A4,) is a sequence of events with A, € ¥, for
any n, then the equivalence

w € A, infinitely often Z P[A,; | Fu-1l(w) = o

n=1

holds for almost every w € Q.

n n
Proof. LetS, = 3 14, andT,, = }, E[la, | Fk-1]. Then S, and T, are almost surely increasing sequences.
k=1 k=1

Let Seo = sup S, and T, = sup T, denote the limits on [0, oo]. The claim is that almost surely,

Seo = 00 = To = o0. (48)
To prove (4.8) we note that S,, — 7,, is a martingale with bounded increments. Therefore, almost surely,
S, — T, converges to a finite limit, or (lim sup(S,, — 7;;) = oo and liminf(S,, — T,,) = —c0). In the first case,
(4.8) holds. In the second case, So, = o and T,, = 00, so (4.8) holds, too. |

The assertion of Corollary 4.8 generalizes both classical Borel-Cantelli Lemmas: If (4,) is an arbitrary
sequence of events in a probability space (€, A, P) then we can consider the filtration 7, = 0 (Ay,...,A;).
By Corollary 4.8 we obtain:

15! Borel-Cantelli Lemma:. If 3 P[A,] < co then Y. P[A,, | F._1] < oo almost surely, and therefore

P[A, infinitely often] = O.

2" Borel-Cantelli Lemma:. 1f 3. P[A,] = co and the A,, are independent then
> P[A, | Fu-1] = X P[A,] = oo almost surely, and therefore

P[A, infinitely often] = 1.

Upcrossing inequality and convergence theorem in continuous time

The upcrossing inequality and the supermartingale convergence theorem carry over immediately to the
continuous time case if we assume right continuity (or left continuity) of the sample paths. Let u € (0, co],
and let (Zs)se[0,4) be a supermartingale in continuous time w.r.t. a filtration (). We define the number of
upcrossings of (Z) over an interval (a, b) before time ¢ as the supremum of the number of upcrossings over
all time discretizations (Z)se, Where 7 is a partition of the interval [0, ¢]:

U“Pz] == sup U“CP[(Zy)sex].
7 c[0,7]
finite

Note that if (Z) has right-continuous sample paths and (r;,) is a sequence of partitions of [0,#] such that
0,t € my, 1, C myy1 and mesh(mr,) — O then

b .
U PNZ) = lim UP((Z)ser, |-
Theorem 4.9 (Supermatingale Convergence Theorem in continuous time). Suppose that (Z),¢[o0,u) iS

a right continuous supermartingale.
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(1) Upcrossing inequality: For any ¢ € [0,u) and a < b,

1
b—a

E[U*?] < —E[(Z - a)].

(ii) Convergence Theorem: If sup E[Z]] < oo, then the limit Z,,_ = li}n Z, exists almost surely, and
s€[0,u) S/ %
Z,- is an integrable random variable.

Proof. (i) By the upcrossing inequality in discrete time,

1
E[V“P(Z)ser, )| < 5—E[(Z —a)T]  foranyneN,
—a
where (7,,) is a sequence of partitions as above. The assertion now follows by the Monotone
Convergence Theorem.

(ii) The almost sure convergence can now be proven in the same way as in the discrete time case. |

More generally than stated above, the upcrossing inequality also implies that for a right-continuous
supermartingale (Z;)se[o,,) all the left limits Z;_, t € [0, u), exist simultaneously with probability one. Thus
almost every sample path is cadlag (continue a droite, limites a gauche, i.e., right continuous with left limits).
By similar arguments, the existence of a modification with right continuous (and hence cadlag) sample paths
can be proven for any supermartingale (Z;) provided the filtration is right continuous and complete, and
s +— E[Z] is right continuous, see e.g. [12, Ch.Il, §2].

4.3. Uniform integrability and L' convergence

The Supermartingale Convergence Theorem shows that every supermartingale (Z,) that is bounded in L'
converges almost surely to an integrable limit Z.,. However, L' convergence does not necessarily hold:

Example. (i) Suppose that Z, = []}_, ¥; where the ¥; arei.i.d. with E[Y;] = 1, P[Y; # 1] > 0. Then,
Z, — 0 almost surely, cf. the second example in Section 4.2. On the other hand, L' convergence
does not hold as E[Z,] = 1 for any n.

(i) Similarly, the exponential martingale M; = exp(B; — t/2) of a Brownian motion converges to 0
almost surely, but E[M,] = 1 for any ¢.

L' convergence of martingales is of interest because it implies that a martingale sequence (M,,) can be
extended to n = oo, and the random variables M,, are given as conditional expectations of the limit M.
Therefore, we now prove a generalization of the Dominated Convergence Theorem that leads to a necessary
and sufficient condition for L' convergence.

Uniform integrability

Let (Q, A, P) be a probability space. The key condition required to deduce L' convergence from convergence
in probability is uniform integrability. To motivate the definition we first recall two characterizations of
integrable random variables:

Lemma 4.10. For a random variable X : Q — R, the following conditions are all equivalent:

(i) E[X]] < co.
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(i) lim E[|X]: 1X] > ¢] = 0.
(iii) For every € > O there exists 6 > 0 such that
E[|X|; A] < & forall A € A with P[A] < 4.
The last statement says that the positive measure
Q[A] = E[IX]; A, AeA,

with relative density |X| w.r.t. P is absolutely continuous w.r.t. P in the following sense: For every € > 0
there exists & > 0 such that

P[A] <6 = OQJA] < e.

Proof. “(i)=(ii)” holds by the Monotone Convergence Theorem since |X| - I{|x|>c} \y0asc /7 co.
“(ii)=(i)": By (ii), there exists ¢ € (0, 0) such that E[|X|; |X| = ¢] < 1, and thus E[|X|] £ c+ 1 < co.
“(ii)=>({ii)”: Let € > 0. If (ii) holds then

E[IX]; A] = E[X]; An{|X]|>c}]+E[IX]; An{|X]| < c}]
< E[|X]; |X|=c]+c-P[A] < §+§ = &

provided ¢ € (0, ) is chosen appropriately and P[A] < &/2c.

“(iii)=(i)”: Let & > 0. Then by (iii), there exists § > 0 such that E[|X|;|X| > ¢] < & provided
P[|X| = ¢] < 6. This condition is satisfied for ¢ sufficiently large, and hence E[|X|;|X| = ¢] — 0 as
c — oo. |

Uniform integrability means that properties (ii) and (iii), respectively, hold uniformly for a family of
random variables:

Definition 4.11 (Uniform integrability). A family {X; : i € I'} of random variables on (Q, A, P) is called
uniformly integrable if and only if

sup E[|X;|; |Xi| =2¢c] — O as ¢ — oo,
iel

Exercise (Equivalent characterization of uniform integrability). Prove that {X; : i € I} is uniformly
integrable if and only if sup E[|X;|; A] < oo, and the measures Q;[A] = E[|X;|; A] are uniformly
absolutely continuous, i.e., for every & > 0 there exists 6 > 0 such that

P[A] <6 = supE[|X;]; A] < e.

i€l

We will prove below that convergence in probability plus uniform integrability is equivalent to L' conver-
gence. Before, we state two lemmas giving sufficient conditions for uniform integrability (and hence for L'
convergence) that can often be verified in applications.

Lemma 4.12 (Sufficient conditions for uniform integrability). A family {X; : i € I} of random variables
is uniformly integrable if one of the following conditions holds:
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(i) There exists an integrable random variable Y such that

|1 X;| <Y foranyi € I.
(ii) There exists a measurable function g : R, — R, such that

im 2 - and supEle(Xi)] < w.

Xm0 X i€l

Proof. (i) If |X;| <Y then
sup E[|X;|; |Xi| =c] < E[Y;Y = c].

iel

The right hand side converges to 0 as ¢ — oo if Y is integrable.

(ii) The second condition implies uniform integrability, because

sup E[1X;] 5 [X:| > c] < sup —— - sup E[g(|Xi])].

iel yee 8) el [ |

The first condition in Lemma 4.12 is the classical assumption in the Dominated Convergence Theorem.
The second condition holds in particular if

sup E[|X;|P] < o for some p > 1 (LP boundedness),
i€l

or, if

sup E[|X;|(log | X;|)*] < oo (Entropy condition)

iel
is satisfied. Boundedness in L', however, does not imply uniform integrability, see the examples at the
beginning of this section.

The next observation is crucial for the application of uniform integrability to martingales:

Lemma 4.13 (Conditional expectations are uniformly integrable). If X is an integrable random variable
on (Q, A, P) then the family
{E[X|F]: F CA o-algebra}

of all conditional expectations of X given sub-o-algebras of A is uniformly integrable.

Proof. By Lemma 4.10, for every & > 0 there exists 6 > 0 such that

E[EX|F1I: [EX [F]] = c]

IA

E[E[IX|[F]: |EX [F]] = c] (4.9)
E[IX]; [E[X|F]zc] < &

holds for ¢ > 0 with P[|E[X | ]| = ¢] < 6. Since
1 1
PIEIX T 2 c] < —E[EX[F]] < —E[IX]],
(4.9) holds simultaneously for all o-algebras ¥ C A if ¢ is sufficiently large. |

Definitive version of Lebesgue’s Dominated Convergence Theorem
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Theorem 4.14. Suppose that (X,,), cn is a sequence of integrable random variables. Then (X,,) converges
to a random variable X w.r.t. the L' norm if and only if X,, converges to X in probability and the family

{X, :

Proof.

n € N} is uniformly integrable.

(i) We first prove the “if”” part of the assertion under the additional assumption that the random
variables |X,,| are uniformly bounded by a finite constant c: For & > 0,

E[ X, — X[]

E[ X, = X[; |Xn — X| > e] + E[ | X0 — X[ 5 | X5 — X]| < €]
2¢-P[|X, - X| > €] + &. (4.10)

IA

Here we have used that | X,,| < ¢ and hence |X| < ¢ with probability one, because a subsequence of
(X;,) converges almost surely to X. For sufficiently large n, the right hand side of (4.10) is smaller
than 2&. Therefore, E[ | X,, — X|] —» O asn — oo.

(i) To prove the “if”” part under the uniform integrability condition, we consider the cut-off-functions

90

$c(x) = (x Ac)V (=0)

e

\
o
o4

For ¢ € (0, o), the function ¢. : R — R is a contraction. Therefore,
|pc(Xn) = @ (X)| < [Xp — X] for any n € N.
If X;, — X in probability then ¢.(X,,) — ¢.(X) in probability. Hence by (i),
E[|¢c(Xn) — ¢c(X)|] — O for any ¢ > 0. (4.11)

We would like to conclude that E[ |X,, — X| ] — 0 as well. Since (X,,) is uniformly integrable, and
a subsequence converges to X almost surely, we have E[ |X| ] < liminf E[ |X,| ] < co by Fatou’s
Lemma. We now estimate

E[IXn_XI] < E[|Xn_¢c(Xn)|]+E[|¢C(Xn)_¢c(x)|]+E[|¢C(X)_X|]
< E[1Xal; |Xal 2 c]+ E[[¢c(Xn) = ¢c(X)| 1 + E[ |X] 5 |X] = c].

A

Let € > 0 be given. Choosing c large enough, the first and the last summand on the right hand
side are smaller than &/3 for all n by uniform integrability of {X,, : n € N} and integrability of X.
Moreover, by (4.11), there exists np(c) such that the middle term is smaller than /3 for n > ny(c).
Hence E[ | X, — X| ] < & for n > ng, and thus X,, — X in L',
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(iii) Now suppose conversely that X,, — X in L'. Then X,, — X in probability by Markov’s inequality.
To prove uniform integrability, we observe that

E[|Xa|; A] < E[|X]; A]+ E[|X — X,| ] for any n € Nand A € A.
For £ > 0, there exist ny € N and 6 > 0 such that

E[|IX-X,|] < €/2 for all n > ny, and
E[|X]; A] < &g/2 whenever P[A] < 6,

see Lemma 4.10. Hence, if P[A] < ¢ then sup,,.,, E[ |Xu|; A] < &. Moreover, again by Lemma
4.10, there exist 01, . . .,0,, > 0 such that for n < ny,

E[|X,|; A] < & if  P[A] < 6,.
Choosing 5 = min(d, 91,62, . . ., 0y, ), We obtain

sup E[ |X,|; Al < e whenever P[A] < §.
neN

Therefore, {X,, : n € N} is uniformly integrable by the exercise below the definition of uniform
integrability on page 88. |

L! convergence of martingales

If X is an integrable random variable and (¥,) is a filtration then M,, = E[X | #,,] is a martingale w.r.t. (%,).
The next result shows that an arbitrary martingale can be represented in this way if and only if it is uniformly
integrable:

Theorem 4.15 (L! Martingale Convergence Theorem). Suppose that (M,,) is a martingale w.r.t. a filtra-
tion (F,). Then the following statements are equivalent:

(1) {M, : n > 0} is uniformly integrable.
(i) The sequence (M,,) converges w.r.t. the L' norm.

(iii) There exists an integrable random variable X such that

M, = E[X | F.] for any n > 0.

Proof. The implication (iii) = (i) holds by Lemma 4.13.

i) = (ii): If the sequence (M,,) is uniformly integrable then it is bounded in L' because
(i) = (ii) q y integ

supE[ [M,,|] € supE[|M,|; |M,| >2c]l+c £ 1+c
n n

for ¢ € (0, co) sufficiently large. Therefore, the limit M., = lim M, exists almost surely and in probability by
the almost sure convergence theorem. By Theorem 4.14, uniform integrability then implies M,, — M in
L.

(ii) = (iii): If M,, converges to a limit M, in L' then

M, = E[M, | F.] for any n > 0.
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Indeed, M, is a version of the conditional expectation since it is ¥,,-measurable and
E[M ; A] = klim E[M; ; A] = E[M, ; A] forany A € 7, (4.12)
by the martingale property. |

A first consequence of the L' convergence theorem is a limit theorem for conditional expectations:

Corollary 4.16. If X is an integrable random variable and (77,) is a filtration then
E[X| ] — E[X|%w%]  almost surely and in L',

where ¥ := o (U ).

Proof. Let M,, := E[X | 7,,]. By the almost sure and the L' martingale convergence theorem, the limit
M., = lim M,, exists almost surely and in L!. To obtain a measurable function that is defined everywhere,
we set M, := lim sup M,,. It remains to verify that M, is a version of the conditional expectation E[X | F&].
Clearly, M, is measurable w.r.t. ¥o,. Moreover, forn > 0 and A € 7,

E[Ms; Al = E[M, ; A] = E[X; A]
by (4.12). Since | 7, is stable under finite intersections,
E[Ms ; Al = E[X; A]
holds for all A € (| #,,) as well. |

Example (Existence of conditional expectations). The common existence proof for conditional ex-
pectations relies either on the Radon-Nikodym Theorem or on the existence of orthogonal projections
onto closed subspaces of the Hilbert space L?. Martingale convergence can be used to give an alternative
existence proof. Suppose that X is an integrable random variable on a probability space (Q, A, P) and
F is a separable sub-o--algebra of A, i.e., there exists a countable collection (A;); ey of events A; € A
such that = o(A; : i € N). Let

Fo = o(Ar,. .., Ay,  n>0.

Note that for each n > 0, there exist finitely many atoms By, . . ., By € A (disjoint events with | B; = Q)
such that F, = o(By,...,Bx). Therefore, the conditional expectation given ¥, can be defined in an
elementary way:

EX|Ful == ), EIX|B] Iy,

i: P[B;]#0

Moreover, by Corollary 4.16, the limit M, = lim E[X | 7] exists almost surely and in L', and M., is a
version of the conditional expectation E[X | F].

You might (and should) object that the proofs of the martingale convergence theorems require the existence
of conditional expectations. Although this is true, it is possible to state the necessary results by using only
elementary conditional expectations, and thus to obtain a more constructive proof for existence of conditional
expectations given separable o -algebras.

Another immediate consequence of Corollary 4.16 is an extension of Kolmogorov’s 0-1 law:
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Corollary 4.17 (0-1 Law of P.Lévy). If (%) is a filtration on (Q, A, P) then for any event A € o (| %),

P[A|Fn] — Ia P-almost surely. (4.13)

Example (Kolmogorov’s 0-1 Law). Suppose that F, = o(Aj,...,A,) with independent o-algebras
A; € A. If Ais a tail event, i.e., Ais in (A1, Anso, . . .) for every n € N, then A is independent of
¥, for any n. Therefore, the corollary implies that P[A] = 14 P-almost surely, i.e.,

P[A] € {0,1} for any tail event A.

The L' Martingale Convergence Theorem also implies that every martingale that is L” bounded for some
p € (1,00) converges in LP:
Exercise (L? Martingale Convergence Theorem). Let(M,,)be an () martingale with sup E[|M,,|P] <
oo for some p € (1, 00).
(i) Prove that (M,,) converges almost surely and in L', and M,, = E[M,, | F,,] for any n > 0.
(i) Conclude that |M,, — M|? is uniformly integrable, and M,, — M, in LP.

Note that uniform integrability of |M,,|” holds automatically and has not to be assumed !

Backward Martingale Convergence

We finally remark that Doob’s upcrossing inequality can also be used to prove that the conditional expectations
E[X | F,] of an integrable random variable given a decreasing sequence (7,) of o-algebras converge almost
surely to E[X | () #.]. For the proof one considers the martingale M_,, = E[X | ¥, ] indexed by the negative

integers:

Exercise (Backward Martingale Convergence Theorem and LLN). Let (F;,), >0 be a decreasing se-
quence of sub-c-algebras on a probability space (€2, A, P).

(i) Prove that for every random variable X € _[,I(Q,.?{,P), the limit M_, of the sequence M_,, :=
E[X | F,] as n — —oo exists almost surely and in L', and

M_., = E[X| ﬂﬂ] almost surely.

(ii)) Now let (X,,) be a sequence of i.i.d. random variables in £!(Q, A, P), and let 7, = (S, Sps1, - . .)
where S,, = Xj + ...+ X,,. Prove that

Sn
E[Xl |7:n] = 7,

and conclude that the strong Law of Large Numbers holds:

S
=L E[Xi] almost surely.
n
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5. Stochastic Integration w.r.t. Continuous
Martingales

Suppose that we are interested in a continuous-time scaling limit of a stochastic dynamic of type X(()h) = Xo,

™

with i.i.d. random variables ; € £? such that E[;] = 0 and Var[z;] = 1, a continuous function o : R — R,
and a scale factor 47 > 0. Equivalently,

n-1
x® Xém“/g.za(xlgh)).nkﬂ, n=0,12,.... (5.2)
k=0

If o is constant then as & \ 0, the rescaled process (X f]:/)h J), >0 converges in distribution to (o - B;) where
(B;) is a Brownian motion. We are interested in the scaling limit for general o-. One can prove that the
rescaled process again converges in distribution, and the limit process is a solution of a stochastic integral
equation
t
X, = Xo+ /O'(Xs) dB;, t>0. 5.3)
0
Here the integral is an It6 stochastic integral w.r.t. a Brownian motion (B;). Usually the equation (5.3) is
written briefly as
dX, = o(X;)dB;, 54

and interpreted as a stochastic differential equation. Stochastic differential equations occur more generally
when considering scaling limits of appropriately rescaled Markov chains on R with finite second moments.
The goal of this section is to give a meaning to the stochastic integral, and hence to the equations (5.3), (5.4),
respectively.

Example (Stock prices, geometric Brownian motion). A simple discrete time model for stock prices
is given by
Xi+1 — Xk = Xk - k41, n; ii.d.

To set up a corresponding continuous time model we consider the rescaled equation (5.1) as 2 ™\, 0. The
limit in distribution is a solution of a stochastic differential equation

dX, = X, dB; (5.5)

w.r.t. a Brownian motion (B;). Although with probability one, the sample paths of Brownian motion are
nowhere differentiable, we can give a meaning to this equation by rewriting it in the form (5.3) with an
1t stochastic integral. A naive guess would be that the solution of (5.5) with initial condition Xy = 1 is
X; = exp B;. However, more careful considerations show that this can not be true! In fact, the discrete
time approximations satisfy

x™

K+l = (1+ ‘/ZT]kH) : X]Eh) for k > 0.

Hence (X;{h)) is a product martingale:

X,(,h) = l_[(l + \/Enk) for any n > 0.
k=1
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In particular, E [X,gh)] = 1. We would expect similar properties for the scaling limit (X;), but exp B; is
not a martingale and E[exp(B;)] = exp(z/2) # 1. It turns out that in fact, the unique solution of (5.5)
with Xy = 1 is not exp(B;) but the exponential martingale

X; = exp(B; —1/2),

which is also called a geometric Brownian motion. The reason is that the irregularity of Brownian paths
enforces a correction term in the chain rule for stochastic differentials leading to 1t6’s famous formula,
which is the fundament of stochastic calculus.

5.1. Defining stochastic integrals: A first attempt

Let us first fix some notation that will be used constantly below: By a partition n of R, we mean an increasing
sequence 0 = #yp < t; < fp < ... such that supt, = co. The mesh size of the partition is

mesh(zr) = sup{|t; —t;—1| : i € N}.

We are interested in defining integrals of type
t
I, = /Hs dXs, t>0. (5.6)
0

Here (H;) and (X;) are continuous functions or continuous adapted processes, respectively. For a givent > 0
and a given partition 7 of R, we define the increments of (Xs) up to time ¢ by

0Xs = Xgnr — Xspr for any s € ,

where s’ := min{u € 7 : u > s} denotes the next partition point after s. Note that the increments ¢ X vanish
for s > t. In particular, only finitely many of the increments are not equal to zero. A nearby approach for
defining the integral /; in (5.6) would be Riemann sum approximations.

Riemann sum approximations

There are various possibilities to define approximating Riemann sums w.r.t. a given sequence (77, of partitions
with mesh(r,) — 0, for example:

. Variant 1 (non-anticipative): I' = 3 H0Xj,

SEM,
. Variant 2 (anticipative): ft'l = Y Hg6X;,
SEM,

o
. Variant 3 (anticipative): I'

Y 3(H, + Hy)oX;.

SET,

Note that for finite ¢, in each of the sums, only finitely many summands do not vanish. For example,

I' = Y HbX, = Y Hy Xy — Xo).

SEMT, SEMT,
s<t s<t

Now let us consider at first the case where Hy = X, i.e., we would like to define the integral I, = fot X, dX;.
Suppose first that X : [0, 1] — R is a continuous function of finite variation, i.e.,

Vt(l)(X) = sup {Z | Xg'nr — Xsar| ¢ 7 partition of R+} < 00,

SET
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Then for H = X, all the approximations above converge to the same limit as # — oo. For example,

=10 = > Ko = X < VXD - sup [Xon = Xonl,

SETM, SEMT,

and the right-hand side converges to 0 by uniform continuity of X on [0,7]. In this case the limit of the
Riemann sums is a Riemann-Stieltjes integral

t

lim I" = lim [" = / X, dX,

n—00 n—00

0

which is well-defined whenever the integrand is continuous and the integrator is of finite variation or
conversely. The sample paths of Brownian motion, however, are almost surely not of finite variation.
Therefore, the reasoning above does not apply, and in fact if X; = B; is a one-dimensional Brownian motion
and H, = X, then

EWT-L”I] = Z E[(BS’/\t_Bs/\t)z] = Z(S'/\t—s/\t) = 1,

SEM, SEMTy

i.e., the L'-limits of the random sequence (I”*) and (1) are different if they exist. Below we will see that

indeed, the limits of the sequences (I]'), (ft") and (I™) do exist in L?, and all the limits are different. The
limit of the non-anticipative Riemann sums 1" is the It6 stochastic integral fot B; dBg, the limit of (I;") is the

backward It6 integral fot By dBy, and the limit of 1" is the Stratonovich integral fot B odBy. All three notions
of stochastic integrals are relevant. The most important one is the Itd integral because the non-anticipating
Riemann sum approximations imply that the Itd integral fol H; dBg is a continuous time martingale transform
of Brownian motion if the process (Hy) is adapted.

It6 integrals for continuous bounded integrands

We now give a first existence proof for Itd integrals w.r.t. Brownian motion. We start with a provisional
definition that will be made more precise later:

Preliminary Definition. For continuous functions or continuous stochastic processes (Hy) and (X;) and a
given sequence (1) of partitions with mesh(r,,) — 0, the 1t6 integral of H w.r.t. X is defined by

SEMT,

t
[ Hedx = fim 3 H s = Xon)
n—0oo
0

whenever the limit exists in a sense to be specified.

Note that the definition is vague since the mode of convergence is not specified. Moreover, the Itd integral
might depend on the sequence (7,,). In the following sections we will see which kind of convergence holds
in different circumstances, and in which sense the limit is independent of (7;,).

To get started let us consider the convergence of Riemann sum approximations for the Itd integrals fot H; dBq
of a bounded continuous (¥;) adapted process (Hy)s>0 W.I.t. an (5) Brownian motion (By). Let (7,,) be a
fixed sequence of partitions with x,, C 7,41 and mesh(r;,,) — 0. Then for the Riemann-Itd sums

I' = Y He6Bg = ) Hy(Bon - By)

SEM, SEM,
s<t
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we have

I'-1" = Z (Hs —Hy),)6B;  foranym <n,
SEM,
s<t

where | 5|, = max{r € m,, : r < s} denotes the next partition point in 7, below s. Since Brownian motion
is a martingale, we have E[0B; | %3] = O for any s € 7,,. Moreover, E[(6By)? | Fs] = &s. Therefore, we
obtain by conditioning on ¥y, 7, respectively:

E[(I7 - 1" = > > El(Hs - Hs),, )(Hy = Hyp),)0Bs6 B,

SEM Y ET,

s<t r<t
= ) El(H, - H5,)%05] < Elgn]- ) 6s = Elen] -1,
SEM, SEMTy
s<t s<t
where
Enm = sup (Hy — Hr)2 — 0 asm — oo

|s—r | <mesh(7;)

by uniform continuity of (Hy) on [0,¢]. Since H is bounded, E[s,,] — 0 as m — oo, and hence (/') is a
Cauchy sequence in L*(Q, A, P) for any given ¢ > 0. Thus we obtain:

Theorem 5.1 (Itd integrals for bounded continuous integrands, Variant 1). Suppose that (Hy)s>0 is a
bounded continuous (%) adapted process, and (Bs)s>0 is an () Brownian motion. Then for any fixed
t > 0, the It6 integral

/ HydB; = lim I" (5.7)

exists as a limit in LZ(Q,ﬂ,P). Moreover, the limit does not depend on the choice of a sequence of
partitions (77,,) with mesh (7,,) — O.

Proof. Ananalogue argument as above shows that for any partitions 7 and 77 such that 7 2 7, the L? distance
of the corresponding Riemann sum approximations I and I;’? is bounded by a constant C(mesh(7)) that only
depends on the maximal mesh size of the two partitions. Moreover, the constant goes to 0 as the mesh sizes
go to 0. By choosing a joint refinement and applying the triangle inequality, we see that

IIF = I llp2p) < 2C(D)

holds for arbitrary partitions 7,77 such that max(mesh(rr)), mesh()) < A. The assertion now follows by
completeness of L2(P). [ |

The definition of the It integral suggested by Theorem 5.1 has two obvious drawbacks:

Drawback 1: The integral fot H, dBy is only defined as an equivalence class in L?(Q, A, P), i.e., uniquely up

to modification on P-measure zero sets. In particular, we do not have a pathwise definition of fot Hy(w)dBg(w)
for a given Brownian sample path s — Bg(w).
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Drawback 2: Even worse, the construction above works only for a fixed integration interval [0,7]. The
exceptional sets may depend on ¢ and therefore, the process ¢ — fot H; dBs does not have a meaning yet. In
particular, we do not know yet if there exists a version of this process that is almost surely continuous.

The first drawback is essential: In certain cases it is indeed possible to define stochastic integrals pathwise,
see Chapter 6 below. In general, however, pathwise stochastic integrals cannot be defined without additional
information. The extra input needed is the Lévy area process, see the rough paths theory developed by T.
Lyons and other [10, 8, 7].

Fortunately, the second drawback can be overcome easily. By extending the [t6 isometry to an isometry into
the space M? of continuous L? bounded martingales, we can construct the complete process ¢ +> fot H; dBq
simultaneously as a continuous martingale. The key observation is that by the maximal inequality, continuous
L? bounded martingales can be controlled uniformly in ¢ by the L> norm of their final value.

The Hilbert space M?

Fix u € (0,00] and suppose that for ¢+ € [0,u], (I]) is a sequence of Riemann sum approximations for
fol H; dBg as considered above. It is not difficult to check that for each fixed n € N, the stochastic process
t = I' is a continuous martingale. Our aim is to prove convergence of these continuous martingales to
a further continuous martingale I, = fot H, dBs. Since the convergence holds only almost surely, the limit
process will not necessarily be (7;) adapted. To ensure adaptedness, we have to consider the completed
filtration

FP = {Ae A :P[A A B]=0 for some B € F;}, t>0,

where A A B=(A\ B)U(B\ A) is the symmetric difference of the sets A and B. Note that the conditional
expectations given 7; and F,” agree P-almost surely. Hence, if (B,) is a Brownian motion resp. a martingale
w.r.t. the filtration (77) then it is also a Brownian motion or a martingale w.r.t. (F;7).

Let M>([0,u]) denote the space of all L>-bounded (F,F) martingales (M; )o<; <, on (Q, A, P). By M2([0,u])
and Mfi([O, u]) we denote the subspaces consisting of all continuous (respectively right continuous) mar-
tingales M € M?([0,u]). Recall that by the L?> martingale convergence theorem, any (right) continuous
L?-bounded martingale (M,) defined for ¢ € [0,u) can be extended to a (right) continuous martingale in
M?Z([0,u]). Two martingales M, M € M2([0,u]) are called modifications of each other if

P[M, =M, =1 for any ¢ € [0, u].
If the martingales are right-continuous then two modifications agree almost surely, i.e.,
P[M, = M, Vt € [0,u]] = 1.
In order to obtain norms and not just semi-norms, we consider the spaces
M*([0.u]) = MP([0.ul)/~ and  MZ([0.u]) = MZ(0.u])/~

of equivalence classes of martingales that are modifications of each other. We will frequently identify
equivalence classes and their representatives. We endow the space M?([0,u]) with the inner product

(M, N)prqou) = MusNu)p2 = E[MyN,].
As the process (M?) is a submartingale for any M € M>([0,u]), the norm corresponding to this inner product

is given by

2 2 2
||M||M2([O,u]) = E[M,] = OilzlguE[Mt]
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Moreover, if (M) is right continuous then by Doob’s L?-maximal inequality,

sup |M;]|

0<t<u

< 2- sup [Millr2a,p) = 2IIMIIar2qo,u- (5.8)
L2(Q,A,P) 0<t<u

This crucial estimate shows that on the subspaces M? and Mj, the M? norm is equivalent to the L> norm of
the supremum of the martingale. Therefore, the M? norm can be used to control right continuous martingales
uniformly in t!

Lemma 5.2 (Completeness). (i) The space M*([0,u]) is a Hilbert space, and the linear map M — M,
from M*([0,u)) to L*(Q, F,,, P) is onto and isometric.

(ii) The spaces M*([0,u]) and Mﬁ([(), u]) are closed subspaces of M*([0,u)), i.e., if (M™),en is a Cauchy
sequence in M2([0,u]) or in MLZI([O, u)), respectively, then there exists a (right) continuous martingale
M € M?([0,u]) such that

sup [M"—M;| — 0 in L>(Q, A, P).
t€[0,u]

Proof. (i) By definition of the inner product on M 2([0, u]), the map M — M, is an isometry. Moreover,
for X € L*(Q, %, P), the process M; = E[X | ;] is in M?([0,u]) with M,, = X. Hence, the range of
the isometry is the whole space L>(Q, 7, P). Since L*(Q, %, P) is complete w.r.t. the L? norm, the
space M>([0,u]) is complete w.r.t. the M? norm.

(ii) If (M™)is a Cauchy sequence in M2([0,u]) or in M;([O, u]) respectively, then by (5.8),

|M" = M™ ||y := sup |M'—=M"| — 0 in L2(Q, A, P).

0<t<u

In particular, we can choose a subsequence (M) such that
P[IM™+ — M [|gyy > 275 ] < 27F for all k € N.
Hence, by the Borel-Cantelli Lemma,
P[|[M"™ 1 = M"™ |lsyp < 2% eventually ] = 1,

and therefore M;'* converges almost surely uniformly in 7 as k — co. The limit of the sequence (M")
in M?([0,u]) exists by (i), and the process M defined by

(5.9

M e lim M;**  if (M"*) converges uniformly,
"o otherwise,

is a continuous (respectively right continuous) representative of the limit. Indeed, by Fatou’s Lemma,
ELIM™ = MG ] = E[lim [M™ = M™|5,] < liminf E[[|M™ - M™ 5, ],

and the right hand side converges to 0 as k — oo. Finally, one can easily verify that M is a martingale
w.rt. (F;F'), and hence an element in M?2([0,u]) or in Mﬁ([O, u]) respectively. |

Remark. The (right) continuous representative (M;) defined by (5.9) is a martingale w.r.t. the complete
filtration (7,7), but it is not necessarily adapted w.r.t. (7).
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Definition of Ité integral in M2

Let u € R*. For every bounded continuous (%) adapted process (H;) and every sequence (r,,) of partitions
of R,, the processes

I' = ) Hy(Byn —Bsn),  t€[0u],

SETT,

are continuous L? bounded martingales on [0, «]. We can therefore restate Theorem 5.1 in the following way:

Corollary 5.3 (It integrals for bounded continuous integrands, Variant 2). Suppose that (H;)se[0,00)
is a bounded continuous () adapted process. Then for any fixed u > 0, the It0 integral

/Hs dB; = Hm (I'), 0. (5.10)
0

exists as a limit in M2([0,«]). Moreover, the limit does not depend on the choice of a sequence of partitions
(7)) with mesh (7r,,) — O.

Proof. The assertion is an immediate consequence of the definition of the M2 norm, Theorem 5.1 and
Lemma 5.2. |

Similar arguments as above apply if Brownian motion is replaced by a bounded martingale with continuous
sample paths. In the rest of this chapter we will work out the construction of the It6 integral w.r.t. Brownian
motion and more general continuous martingales more systematically and for a broader class of integrands.

5.2. It6’s isometry

Let (M;);[0,00) be a continuous (or, more generally, right continuous) martingale w.r.t. a filtration (%;) on a
probability space (€, A, P). We now develop a more systematic approach for defining stochastic integrals
fot H dM of adapted processes (H;) w.r.t. (M;).

Predictable step functions
In a first step, we define the integrals for predictable step functions (H;) of type

n—1

H(@) = ) Ad@) iy 1,,)(0)

i=0

withn e N0 <1y <t; <t <...<t,, and bounded ¥;,-measurable random variables A;,i = 0,1,...,n—1.
Let & denote the vector space consisting of all stochastic processes of this form.

Definition 5.4 (It6 integral for predictable step functions). For stochastic processes H € & and ¢ > 0
we define

g n—1
/Hs dM; = ZAi : (Mt,-+1/\t - Mz,»/\t) = Z A; - (Mz,~+1/\t - Mti)-
0 i=0

i:t;<t
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5. Stochastic Integration w.r.t. Continuous Martingales

The stochastic process HeM given by
t
(HeM); := /Hs dM for t € [0, 0]
0

is called the It6 integral of H w.r.t. M.

Note that the map (H, M) — H,M is bilinear. The process H, M is a continuous time martingale transform
of M w.r.t. H. It models for example the net gain up to time ¢ if we hold A; units of an asset with price
process (M;) during each of the time intervals (¢;,#;+1].

Lemma 5.5. Forany H € &, the process HoM is a continuous (F;) martingale up to time t = .
Similarly to the discrete time case, the fact that A; is 7, -measurable is essential for the martingale property:
Proof. By definition, H. M is continuous and (#;) adapted. It remains to verify that
E[(HM); | F5] = (H M), forany 0 < s <t. (5.11)
We do this in three steps:

(i) At first we note that (5.11) holds for s, € {t,t1,...,t,}. Indeed, since A; is ¥7,-measurable, the
process

j-1
(HoM)y = > Ai- (M, =My),  j=01,....n,
i=0
is a martingale transform of the discrete time martingale (M;, ), and hence again a martingale.
(ii) Secondly, suppose s, € [t;,t;11] for some j € {0,1,2,...,n — 1}. Then almost surely,
E[(HOM)I - (H-M)s | 7:5] = E[Aj : (Mt - Ms) | 7—:] = Aj : E[Mt - M; | ?;] =0
because A; is ¥7;-measurable and hence ¥s-measurable, and (M;) is a martingale.

(iii) Finally, suppose that s € [#;,¢;41] and ¢ € [tx, tx41] with j < k.

Then by the tower property for conditional expectations and by (i) and (ii),

E[(HM), | 5] = E[E[E[(HM); | 511 Fip 11 5]
Q EE(HM), | Fy, ) | ] L EHM),,, | F

(HeM)5. |
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Remark (Riemann sum approximations). Non-anticipative Riemann sum approximations of stochastic
integrals are t0 integrals of predictable step functions: If (H,) is an adapted stochastic process and 7 =
{to,t1,...,t,} is a partition then

n-1 ?
ZHQ .(Mti+]/\t - Mt[/\t) = /HZ‘ dM; (5.12)
i=0 0

n—1
where H* := ' H;, - I, ;.1 is a process in &.
i=0

It6’s isometry for Brownian motion

Recall that our goal is to prove that non-anticipative Riemann sum approximations for a stochastic integral
converge. Let (7,) be a sequence of partitions of [0,¢] with mesh(r,) — 0. By the remark above, the
corresponding Riemann-Itd sums /™ defined by (5.12) are integrals of predictable step functions H™".
Hence in order to prove that the sequence (I”) converges in the Hilbert space M? it suffices to show that

(i) (H™)is a Cauchy sequence w.r.t. an appropriate norm on the vector space &, and

(ii) the “Ité map” J : & — M? defined by
J(H) = HM = / Hy dMj
0
is continuous w.r.t. this norm.
It turns out that we can even identify explicitly a simple norm on & such that the It6 map is an isometry. We

first consider the case where (M,) is a Brownian motion:

Theorem 5.6 (It6’s isometry for Brownian meotion). If (B;)is an (¥;) Brownian motion on (€, A, P) then
for every u € [0, o], and for every process H € &,

u 2 u
2 2 2
5B oy = E || [Hoas| | = B| [ 25| = s,y G13
0 0
Proof. Suppose that H = ?:_01 Ai Iy gy withn € N, O <19 <t <...<t,and A; bounded and
¥, -measurable. With the notation 6;B := By, au — By, au, We obtain
u 2 n—1 2 n-1
E (/ H, dBS) = E (Z AiéiB) = Z E[A; A 6;B 5 B]. (5.14)
0 i=0 i,k=0

By the martingale property, the summands on the right hand side vanish for i # k. Indeed, if, for instance,
i < k then
E[A;Ax 6;BoxB] = E[A;Ak6;B - E[6xB | F1,.]] = 0.

Here we have used in an essential way, that A is ¥;, -measurable. Similarly,

E[A} - (6:B)’] = E[AJE[(6:B) | 72,11 = E[A] - 6it]
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5. Stochastic Integration w.r.t. Continuous Martingales

by the independence of the increments of Brownian motion. Therefore, by (5.14) we obtain

[

The assertion now follows by definition of the M? norm. |

E

n—1 u
:ZE[A?'(lH_l/\M—ti/\M)] :E[/ HszdS}
i=0 0

Theorem 5.6 shows that the linear map
J &> M(0u]), J(H) = ( / H, st) :
0 re[0,u]

is an isometry if the space & of simple predictable processes (s, w) — Hg(w) is endowed with the L? norm

u 12
IHl2Poag,,) = E l/o H; ds]

on the product space Q% (0, u). In particular, J respects P® A classes, i.e., if Hy(w) = Hg(w) for P® A-almost
every (w,s) then f(; H dB = f()' H dB P-almost surely. Hence J also induces a linear map between the
corresponding spaces of equivalence classes. As usual, we do not always differentiate between equivalence
classes and functions, and so we denote the linear map on equivalence classes again by 7:

T EcLAP®Aou) — MA[0,u]),
IHl2porg.y = ITEDlm2qo.u- (5.15)

It6’s isometry for martingales

An It6 isometry also holds if Brownian motion is replaced by a continuous square-integrable martingale
(M;). More generally, suppose that (M;);>¢ is a right continuous square integrable (#;) martingale satisfying
the following assumption:

Assumption A. There exists a non-decreasing adapted continuous process t — (M) such that (M) =0
and M? — (M), is a martingale.

We will show in Section 6.3 that for continuous square integrable martingales, the assumption is always
satisfied. Indeed, assuming continuity, the “angle bracket process” (M ); is almost surely uniquely determined
and coincides with the quadratic variation process [M]; of M. For Brownian motion, we immediately see
that Assumption A holds with

(B): = t.

Note that for any 0 < s < ¢, Assumption A implies
E[(M; - M| F5] = E[M} - M| F5] = E[(M): — (M), | F5]. (5.16)

Since t +— (M);(w) is continuous and non-decreasing for a given w, it is the distribution function of a unique
positive measure (M )(w, dt) on R,. We now endow the product space Q x R, with the positive measure

Pony(dwdt) = P(dw)(M)(w,dt). (5.17)

For finite u, the restriction of Py to Q X (0,u) is a finite measure with total mass

PoanylQx (0,u)] = /g/«) )(M)(w,dt)P(da)) = E[(M),]. (5.18)

If M is a Brownian motion then (M); = ¢, and hence Py is the product of P and Lebesgue measure.
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5.2. Itd’s isometry

Theorem 5.7 (Ito’s isometry for martingales). Suppose that (M), is aright continuous (#;) martingale
with angle bracket process (M) satisfying Assumption A. Then for any u € [0, o], and for any process

HeE&,
u 2
([ .
0

where d(M) denotes integration w.r.t. the positive measure with distribution function F(¢) = (M);.

|H M|} E

u 9 5
M2([0,u)) =k l /0 H; d<M>s] = IHIE 20,0, Pagy) (5.19)

For Brownian motion, (5.19) reduces to (5.13).

Proof. The proof is similar to the proof of Theorem 5.6 above. Suppose again that H = :.’:_01 Ai Ly ]
withn e N, 0 <# <t <...<t, and A; bounded and ¥;,-measurable. With the same notation as in the
proof above, we obtain by the martingale properties of M and M? — (M),

E[A;Ar 6;M 6 M] = 0 fori # k, and

E[A} (6:M)*] = E[A E[(6:M)* | 7,11 = E[A] E[5:(M) | 75,11 = E[A} 6:(M)).
cf. (5.16). Therefore,

u 2 n-1 2 n—1
E (/ H, dMS” = E ZAi(S,-M) = > E[AiAi6;M 5 M)
0 i=0 i, k=0
n—1 u
= E[A?6(M)] = E [/ H? d(M)s]. [ |
i=0 0

For a continuous square integrable martingale, Theorem 5.7 implies that the linear map

T 18— MOl T(H) = ( / HdM) ,
0

re[0,u]

is an isometry if the space & of simple predictable processes (s, w) — Hg(w) is endowed with the L? norm

u 1/2
||H||L2(Q><(0,u),P<M>) =E [/0 Hsz d<M>s] .
Again, we denote the corresponding linear map induced on equivalence classes by the same letter 7.

Definition of It6 integrals for square-integrable integrands

From now on we assume that (M;) is a continuous square integrable (¥;) martingale with angle bracket
process (M),. We fix u € [0, c0] and consider the isometry

J & LHQxO,u),Ppry) — M2([0,u]) (5.20)

mapping an elementary predictable process H to the continuous martingale

t
(HoM); = / Hg dM;.
0
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5. Stochastic Integration w.r.t. Continuous Martingales

More precisely, we consider the induced map on equivalence classes.

Let &, denote the closure of the space & in L2(Q x (0, u), Ppry). Since 7 is linear with

1T EDlarzqo.uy = 1HlL2@x0.).Pyyy)  forany H € &,

there is a unique extension to a continuous (and even isometric) linear map
T & < L@xOu,Puy) —  MX0,ul).

This can be used to define the Itd integral for every process in &,, i.e., for every process that can be
approximated by predictable step functions w.r.t. the L2(P< M) norm:

HM = J(H), / Hy dM = (H.M),.
0

Explicitly, we obtain the following definition of stochastic integrals for integrands in &,,:

Definition 5.8 (It6 integral). For H € &, the process HoM = ( fot Hg dM); [0, is the up to modifications
unique continuous martingale on [0, u] satisfying

(HM), = lim (H'M), inL*(P) for every t € [0, u]
n—oo

whenever (H") is a sequence of elementary predictable processes such that H" — H in L?(Qx (0, u), Pmy).

Remark. The definition above is consistent in the following sense: If H, M is the stochastic integral defined
on the time interval [0,v] and u < v, then the restriction of H,M to [0,u] coincides with the stochastic
integral on [0, u].

Theorem 5.9 (Extension of It6’s isometry). For H € &y, the Itd integral HoM = ( fot Hy dM);cp0,u] is
well-defined as an equivalence class of martingales in M2([0,u]). Moreover, Itd’s isometry (5.19) extends
to all integrands H € &,,.

Proof. By the definition above, HoM = J(H), where J is the unique isometric extension of the Itd map J°
to a linear map from &, to M2([0,u]). |

For 0 < s < t we define

/ t H, dM, := (H.M), — (H.M)s.

Exercise. Verify that for any H € &,

t t t t
/ H, dM, = / H, dM, — / I(O,x)(r)Hr dM, = / I(s,t)(r)Hr dM,..
s 0 0 0

Having defined the It6 integral, we now show that bounded adapted processes with left-continuous sample
paths are contained in the closure of the simple predictable processes, and the corresponding stochastic
integrals are limits of predictable Riemann sum approximations. As above, we consider a sequence (r;,) of
partitions of R, such that mesh(sxr,,) — 0.
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Theorem 5.10 (Approximation by Riemann-It6 sums). Let u € (0, o), and suppose that (H;);[o,,) is an
(F,F) adapted stochastic process on (Q, A, P) such that (z, w) — H;(w) is product-measurable and bounded.
If t — H, is P-almost surely left continuous then H is in &,, and

t
/ Hs dMs = lim Z Hs(Ms’/\t - Ms‘/\t)’ re [0’ u]’ (521)
0 n—>oose”n

w.r.t. convergence uniformly in ¢ in the L>(P) sense.

Remark. (i) In particular, a subsequence of the predictable Riemann sum approximations converges
uniformly in # with probability one.

(i) The assertion also holds if H is unbounded with sup, _,, |Hs| € L*(P).

Proof. For any ¢ € [0,u], the Riemann sums on the right hand side of (5.21) are the stochastic integrals
Jo H dM; of the step functions

H' = Z Hy - I (t),  neN.

SEM,,S<U

By assumption, H; is 7 measurable, and hence there exist bounded F; measurable random variables H
such that P-almost surely, H, = H, forall s € ,,. Consequently, H" coincides Pys)-almost surely with an
elementary predictable process in &. By left-continuity, H' — H; as n — oo for any ¢ € [0,u], P-almost
surely. Therefore, H" — H P y-almost surely, and, by dominated convergence,

H" — H in L*(Puyy).

Here we have used that the sequence (H") is uniformly bounded since H is bounded by assumption. Hence
H represents an equivalence class in &, and by Itd’s isometry,

/ HgdMg = lim [ H" dM; in M2([0,u]).

Identification of admissible integrands

Letu € (0,00]. We have already shown that if u < co then any product-measurable adapted bounded process
with left-continuous sample paths is in &,,. More generally, we define:

Definition 5.11 (Progressively measurable process). A stochastic process (w,?) — H;(w) is called pro-
gressively measurable w.r.t. a filtration () iff for every s > 0, the restriction of H to QX [0, s] is measurable
w.r.t. the product o-algebra F; ® B([0, s]).

A progressively measurable process is both adapted and product measurable. On the other hand, any
adapted process with left continuous paths is progressively measurable. For an (¥;) martingale M €
M2([0,u]), we denote by L£2(0,u; M) the linear space of all (F,7) progressively measurable stochastic
processes (w, 1) — H;(w) defined on Q x (0, ) such that

E[/OMH,2 d{(M),

< oo,

A. Eberle Introduction to Stochastic Analysis (v. April 15, 2019) 107



5. Stochastic Integration w.r.t. Continuous Martingales

The corresponding space of equivalence classes w.r.t. Py is denoted by L2(0,u; M). Below, we will
prove under an additional assumption on M that every process in .£2(0,u; M) is contained in &, and hence
“integrable” w.r.t. (M;).

Lemma 5.12. L2(0,u; M) is a closed linear subspace of L*(Q x (0, u), Pary).

Proof. It only remains to show that an L2(P<M>) limit of progressively measurable processes again has
a progressively measurable P jsy-version. Hence consider a sequence H" € L2(0,u; M) with H* — H
in LQ(P<M>). Then there exists a subsequence (H"*) such that H;" (w) — H;(w) for P y-almost every
(w,1) € Q% (0,u). The process H defined by H,(w) := lim H,;"*(w) if the limit exists, H,(w) := 0 otherwise,
is a progressively measurable version of H. |

We can now identify the class of integrands H for which the stochastic integral H, M is well-defined as a
limit of integrals of predictable step functions in M2([0,u]):

Theorem 5.13 (Admissible integrands). Let u € (0, o), and suppose that M is a martingale in M2([0, u])
such that ¢ — (M), is almost surely absolutely continuous. Then

&y = chl(O, u, M).

Proof. We will only give the proof in the case where M is a Brownian motion. The general case is left as
an exercise.

Since & C L2(0,u; M) it only remains to show the inclusion “2”. Hence fix a process H € L2(0,u; M).
We will prove in several steps that H can be approximated by simple predictable processes w.r.t. the
L}(P® A(0,u)) norm:

(i) Suppose first that H is bounded and has almost surely continuous trajectories. Then H is in &, by
Theorem 5.10.

(ii) Now we assume only that H is bounded. To prove H € &, we approximate H by continuous adapted
processes. To this end let ¥, : R — [0,00),n € N, be continuous functions such that ¥ (s) = 0 for
s & (0,1/n)and [*_ wn(s)ds = 1. Let H" := H =y, i.e.,

1/n
H'(w) = A H—o(w)n(e) de, (5.22)

where we set H; := 0 for ¢ < 0. We prove that

a) H* > Hin L*(P ® A(0,u)), and

b) H" € S_Mforanyn e N.

Combining a) and b), we see that H is in &y as well.

a) Since H isin L2(P ® A(.)), We have

u
/ H(w)*dt < (5.23)
0
for P-almost every w. It is a standard fact from analysis that (5.23) implies

/|Ht”(w)—Ht(w)|2dt — 0 as n — co.
0
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By dominated convergence, we obtain
u
E[/ |H[‘—Ht|2dt] — 0 asn — oo (5.24)
0

because H is bounded, and the sequence (H,,) is uniformly bounded.

b) This is essentially a consequence of part (i) of the proof. We sketch how to verify that H" satisfies
the assumptions made there:

* The sample paths t — H]'(w) are continuous for all w.
* |H}'| is bounded by sup |H]|.
* Lets € [0,u). By (5.22) and Fubini’s Theorem, the map (w,?) — H]'(w) is measurable on

Qx[0,s] wrt. FF ® B([0, s]), because the map (w,t,&) — H,_(w)¥,(g) is measurable on
Qx[0,s]x[0,1/n] w.rt. F.F @ B([0, s])®B([0, 1 /n]). Hence H" is progressively measurable.

(iii) We finally prove that general H € £2(0,u; M) are contained in &,. This is a consequence of (ii),
because we can approximate H by the processes

= (H; An)V (-n), n €N,

These processes are bounded and H" — H in L*(P® A(0,u))- By (ii), H" is contained in &, for every
n, so H is in &, as well. |

Exercise (Admissible integrands w.r.t. continuous martingales). Suppose that (M;) is a continuous
square integrable (¥7) martingale. Show that if almost surely, 7 — (M), is absolutely continuous, then
the closure &, of the elementary processes w.r.t. the L> (P(py) norm on Q x (0, u) is given by

Su = La(O,u;M).

Remark (Riemann sum approximations). For discontinuous integrands, the predictable Riemann sum
approximations considered above do not converge to the stochastic integral in general. However, one can
prove under the assumptions made above that for u < oo, every process H € L2(0,u; M) is the limit of the
simple predictable processes

2"-1 i27"u
th = Z 2" / H ds - I(i2’”u,(i+1)2’"u](t)
i=1 (i—l)Z’"u
w.r.t. the L2(P<M>) norm, see e.g.[13, Sect 6.6]. Therefore, the stochastic integral fot H dM can be approxi-
mated for ¢ < u by the correspondingly modified Riemann sums.

Local dependence on integrand and integrator

The approximations considered above imply that the stochastic integral depends locally both on the integrand
and on the integrator in the following sense:

Corollary 5.14. Supposethat7 : Q — [0, o] is a random variable, M, M are square integrable martingales
in M2([0,u]) with absolutely continuous angle bracket processes (M), (M), and H,H are processes in
L2(0,u; M), L2(0,u; M) respectively, such that almost surely, H, = H, for any t < T A u and M, = M, for
any t < T A u. Then almost surely,

t t
/HS M = / H, dM; forany r < T A u. (5.25)
0 0
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5. Stochastic Integration w.r.t. Continuous Martingales

Proof. We go through the same approximations as in the proof of Theorem 5.13 above:

(i) Suppose first that H; and H, are almost surely continuous and bounded. Let (7,,) be a sequence of
partitions with mesh(sr,,) — 0. Then by Theorem 5.10,

t
/ H dM lim Z H; - (MS’/\I - Ms), and
0 e SEM,
s<t

t
/ HdM lim Z Hs : (Ms’/\t - Ms)
0 e SET,
s<t

with P-almost sure uniform convergence for ¢ € [0, u] along a common subsequence. For ¢ < T the
right-hand sides coincide, and thus (5.25) holds true.

(ii) Now suppose that H and H are bounded. Then the approximations
1/n I/n _

H" = Hy_on(e)de,  H' = H;_cYn(e)
0 0

(with ¢, defined as in the proof of Theorem 5.13 and H; := ﬁt := 0 for t < 0) coincide fort < T.
Hence by (i), on {t < T A u},

t t t ¢
/ HdM = lim H"dM = lim H"dM = / HdM,
0 0

where the convergence holds again almost surely uniformly in ¢ along a subsequence.

(iii) Finally, in the general case the assertion follows by approximating H and H by the bounded processes

H" = (H, An)V (-n), H" = (H, An)V (-n). n

5.3. Localization

Square-integrability of the integrand is an assumption that we would like to avoid, since it is not always
easy to verify or may even fail to hold. The key to extending the class of admissible integrands further is
localization, which enables us to define a stochastic integral w.r.t. a continuous martingale for any continuous
adapted process. The price we have to pay is that for integrands that are not square integrable, the It6 integral
is in general not a martingale, but only a local martingale.

Local martingales

It6 integrals w.r.t. square integrable martingales are not necessarily martingales if the integrands are not
square integrable. However, they are still local martingales in the sense of the definition stated below.

Definition 5.15 (Predictable stopping time). A random variable 7 : Q — [0, 0] is called a predictable
stopping time iff there exists an increasing sequence (Ty )xen consisting of (F,7) stopping times such that
Ty < T on {T # O} for any k, and T = sup Tx.

110 University of Bonn



5.3. Localization

Example (Hitting time of a closed set). The hitting time 74 of a closed set A by a continuous adapted
process is predictable, as it can be approximated from below by the hitting times T4, of the neighbour-
hoods Ay = {x : dist(x, A) < 1/k}. On the other hand, the hitting time of an open set is not predictable
in general.

Definition 5.16 (Local martingale). Suppose that 7 : Q — [0, o] is a predictable stopping time.

(i) A stochastic process M;(w) defined for 0 < ¢t < T(w) is called a local martingale up to time T, if
and only if there exists an increasing sequence (7 )x e of stopping times with 7 = sup Ty such that
forany k € N, T < T on {T > 0}, and the stopped process (M;x7; )se[0,0) iS @ martingale if we set
My := 0 on {T = 0}.

(i) A sequence (Tx)ren as above is called a localizing sequence for M.

Recall that by the Optional Stopping Theorem, a continuous martingale stopped at a stopping time is again
a martingale. Therefore, every continuous martingale (M;);c[o,0) is a local martingale up to 7 = co. Even
if (M,) is assumed to be uniformly integrable, the converse implication fails to hold, see the corresponding
exercise in Section 6.4. On the other hand, note that if (M) is a continuous local martingale up to 7 = oo,
and the family {M; 7, : k € N} is uniformly integrable for each fixed t > 0, then (M;) is a martingale,
because for 0 < s < ¢,

E[M; | F5] = kIEEOE[MMT" | Fs] = ]}i_)ngoMsATk = M;

with convergence in L!. Another important observation is that continuous local martingales can always be
localized by a sequence of bounded martingales in M2([0, 0)).

Exercise (Localization by bounded martingales). Suppose that (M;) is a continuous local martingale
up to time 7, and (7% ) is a localizing sequence of stopping times.

(i) Show that Ty = Ty Ainf{t > 0:|M,| > k} A k is another localizing sequence, and for all k, the

stopped processes (M

(AT, 0.0 are bounded martingales in M2 ([0, c0)).
t€|0,00

(ii) Show that if T = co then T} := inf{r > 0 : |M,| > k} is also a localizing sequence for M.

An angle bracket process of a local martingale (M;);<r is a non-decreasing continuous process ({M););<r
such that (M) = 0 and M? — (M), is a local martingale up to 7. In Section 6.3 below we show that the
angle bracket process is uniquely determined up to modification on a measure zero set, see also the exercise
below. Moreover, assuming continuity, the angle bracket process (M), exists for t < T, and it coincides
almost surely with the quadratic variation process [M]; of M. If (Ti )ren is a localizing sequence for M then
almost surely,

(M); = (Mart )1 for any ¢t < Tk. (5.26)

Exercise (Uniqueness of the angle bracket process). Let (7;);¢[0,.0) be a filtration on (€, A, P).

(i) Suppose that (M;) is a square integrable continuous (¥;) martingale such that for every ¢ € R,
the first variation

Vt(])(M) = sup Z | Mg pr — M|

sem
is an almost surely bounded random variable. Show that ¢ — M, is almost surely constant.
Hint: E[(Mr - MO)Z] = Zsen E[(MS’/\I‘ - Ms/\t)z]'

(ii) More generally, prove that a continuous local martingale M with almost surely finite variation
paths is almost surely constant.

(iii) Conclude that the angle bracket process (M) of a continuous local martingale is uniquely deter-
mined up to modification on a measure zero set.
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5. Stochastic Integration w.r.t. Continuous Martingales

It6 integrals for locally square-integrable integrands w.r.t. local martingales

LetT : Q — [0,00] be a predictable (F;F) stopping time. We will also be interested in the case where T = co.
We now assume that M is a continuous local martingale up to 7" with absolutely continuous angle bracket
process (M. Let £¢21,1 oc(0,T; M) denote the linear space consisting of all stochastic processes (, w) — H;(w)
defined for ¢ € [0,7(w)) such that the trivially extended process

~  |H, fort <T,
rT 0 fort > T,

is progressively measurable w.r.t. the filtration (%,”), and
t H(w) isin £2([0,T(w)),d(M)(w)) for P-ae. w. (5.27)

Here for u € (0, co], the space LIZOC([O, u),d{M)(w)) consists of all measurable functions f : [0,u) — [—o0, 00]
such that fos f(t)?> d(M),(w) < oo forany s € (0,u). In particular, it contains all continuous functions.

From now on, we use the notation H; - I{;.r) for the trivial extension (ﬁ,)og@o of a process (H;)o<t<T
beyond the stopping time 7. Processes in L2, (0,T; M) allow for a localization by stopping times:

a,loc

Lemma 5.17 (Localization by stopping). If (M,)o<;<7 is a continuous local martingale and (H;)o<; <71 IS
a process in Li 10c(0-T5 M) then there exists a localizing sequence (Ty)nen such that for every n, the stopped

process Myat, is a bounded martingale in M2([0,0)), and the trivially extended process Hy - Ii<r,y is in
LZ(O, 0] Ml/\Tn,)'

Proof. Let (Tn)neN be a localizing sequence for M. Then one easily verifies that the random variables T},
defined by

t
T, = Tn/\n/\inf{0§t<T:/ Hfd(M)sZnor|Mt|2n}, neN, (5.28)
0

are (F,F') stopping times. Moreover, for almost every w, the function ¢ — H,(w) is in £2 ([0,T),d{M)(w)).

loc
Hence the functions ¢ +— fot Hy(w)*> d(M)¢ and t +— |M,| are continuous on [0,7(w)), and therefore
T.(w) / T(w) as n — oo. Since T, is an (") stopping time, the process H; - I{;<,, is progressively
measurable, and by (5.28) and (5.26),

<n for all n.

(o) Tn
E [/0 (Hs : I{s<Tn})2 d<Mo/\Tn >s] = E [/0 Hvz d<M>s

We can now extend the definition of the Itd integral to locally square-integrable, progressively measurable
integrands:

Definition 5.18 (It6 integral of a locally square integrable integrand w.r.t. a local martingale). For a
continuous local martingale M = (M;);<r and a process H € LZ loc(O,T;M), the It6 stochastic inte-
gral of H w.r.t. M is defined for ¢ € [0,T) by setting

t t
/ Hy dM; = / Hy - Iy dM, for t € [0,7] (5.29)
0 0

whenever T is an (F,F’) stopping time such that M, ,; is in M2([0, o)) and H, - Iy 7y isin L£2(0,00; M, , ).
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Theorem 5.19. The It6 integral ¢ +— fot Hg dM; of a process H € L2 (0,T; M) w.rt. a continuous

a,loc
local martingale M € M. 1oc([0,T)) is an up to equivalence well-defined continuous local martingale in

Mc,loc([o’ T))

Proof. We have to verify that the definition does not depend on the choice of the localizing stopping times.
This is a direct consequence of Corollary 5.14: Suppose that 7' and T are stopping times such that M,,;
and M, ,; are both in Mg([O, )), and H; - I{t<T} and H; - I{z<f} are in Lﬁ((),oo; M, ), LZ(O,oo; M,,7),

respectively. Since the two trivially extended processes agree on [0,7 A T), Corollary 5.14 implies that
almost surely,

t t
/OHS"[{KT}dMs/\f = /0 HS']{S<'T'}dMsAf forany t € [0,T A T).

Hence, by Lemma 5.17, the stochastic integral is well defined on [0,7). Furthermore, we can choose a
localizing sequence (T ) for M such that H; - I';.7,} is in .EZ (0, 00; Mo 1, ) for any k. Then, by definition,

tATy tATy
/ H, dM = / Hy - I g1y dMspr, almost surely for any k € N,
0 0

and the right-hand side is a continuous martingale in M Cz([O, o)). Hence the It6 integral of H w.r.t. M is a
continuous local martingale. |

Suppose that M is a continuous martingale in M2 ([0, 0)), or, more generally, a continuous local martingale.
Then the theorem shows that for a predictable (‘7",P ) stopping time 7', the It6 map H fo. H dM extends to
a linear map

T ¢ L 1oe(0.T5M) — M 10c([0.7)),

a,loc

where L2

210 0,75 M) is the space of equivalence classes of processes in L% (0,T; M) that coincide for

a,loc
Py-ae. (w,t), and M 10c([0,7)) denotes the space of equivalence classes of continuous local (FF)
martingales up to time 7" w.r.t. P-almost sure coincidence. Note that different notions of equivalence are

used for the integrands and the integrals.

Approximation by Riemann-1té6 sums

If the integrand (H,) of a stochastic integral [ H dM has continuous sample paths then local square integra-
bility always holds, and the stochastic integral is a limit of Riemann-Itd sums: Let () be a sequence of
partition of R, with mesh(rr,,) — 0.

Theorem 5.20. Suppose that 7 is a predictable stopping time, (M, )o<;<7 is a continuous local martingale,
and (H;)o<:<T is a stochastic process defined for r < T. If the sample paths r — H;(w) are continuous
on [0,7(w)) for every w, and the trivially extended process H; - Ij;<ry is (F,F) adapted, then H is in
LZ’IOC(O, T; M), and for every t > 0,

t
/ Hg; dM; = lim Z Hy - (Mg p, — M) on{r <T} (5.30)
0 n_mosen,,,

s<t

with convergence in probability.
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5. Stochastic Integration w.r.t. Continuous Martingales

Proof. Suppose that (Ty) is a sequence of stopping times approaching T from below in the sense of the
definition of a predictable stopping time given above, and let | 7], = max{s € &, : s < t} denote the next
partition point below ¢. By continuity,

H: - ly<ry = nli_EroloHl_tJn ',lciég[{tﬁfk}'

Using this expression, one can verify that H is progressively measurable. Moreover, by continuity, ¢t — Hy(w)
is locally bounded for every w, and thus H is in L2 (0,T; M). Notice that

a,loc
Ty := Tx Nk Ainf{t > 0: |H,| > k or |M,| > k}, k €N,

is a localizing sequence of stopping times with 73 ,”* T such that for every k, M, 7, is a bounded martingale,
and H; - I{;<1,} is a bounded process in L2(0,T; M). Therefore, by definition of the Itd integral and by
Theorem 5.10,

t t
/ H dMy = / H; - I{s<Tk} dMs/\Tk = nliIIl Z Hy - (Ms//\t - Ms) on {t < Tk}
0 0 —00

SEMT,
s<t

w.r.t. convergence in probability. Since

P =0,

<\ Jtr <70
k

we obtain (5.30). [ |
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6. Ité6’s formula and pathwise integrals

Our approach to Itd’s formula in this chapter follows that of Follmer [5, 6]. We start with a heuristic
derivation of the formula that will be the central topic of this chapter.

Suppose that s — X; is a function from [0,7] to R, and F' is a smooth function on R. If (7,,) is a sequence of
partitions of the interval [0, ¢] with mesh(r,) — O then by Taylor’s theorem,
F(Xy) - F(X,) = F'(X,) - (Xy — X,) + %F”(Xs) - (Xy — X,)* + higher order terms.
Summing over s € m, we obtain
F(X,) - F(Xo) = Z F'(Xs) - (Xy — X;) +% Z F"(X,) - (Xy — X;)* + remainder terms.  (6.1)
SEM SEMp

‘We are interested in the limit of this formula as n — oo.

(a) Classical case, e.g. X; continuously differentiable. For X € C! we have

d

X ’ ’ ’
Xy — Xy = dss(s —5)+0(s" - s, and  (Xy = X,)* = O(s" = s”).

Therefore, the second order terms can be neglected in the limit of (6.1) as mesh(r,) — 0. Similarly, the
higher order terms can be neglected, and we obtain the limit equation

1

F(X,) - F(Xp) = / F/(X,) dX,. 62)
0
or, in differential notation,
dF(X;) = F'(X;) dX;, (6.3)

Of course, (6.3) is just the chain rule of classical analysis, and (6.2) is the equivalent chain rule for Stieltjes
integrals, cf. Section 6.1 below.

(b) X; Brownian motion. If (X;) is a Brownian motion then
E[(Xy - X,)’] = "=

Summing these expectations over s € m,, we obtain the value ¢ independently of n. This shows that the
sum of the second order terms in (6.1) can not be neglected anymore. Indeed, as n — oo, a law of large
numbers type result implies that we can almost surely replace the squared increments (Xy — X;)? in (6.1)
asymptotically by their expected values. The higher order terms are on average O(|s’ — s|3/%) whence their
sum can be neglected. Therefore, in the limit of (6.1) as n — oo we obtain the modified chain rule

t t

F(X;) - F(Xo) = /F'(XS) dXs + %/F"(Xs) ds 6.4)
0 0
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6. 1t6’s formula and pathwise integrals

with probability one. The equation (6.4) is the basic version of Itd’s celebrated formula.

In Section 6.1, we will introduce Stieltjes integrals and the chain rule from Stieltjes calculus systematically.
In Section 6.2, we prove a general version of 1t6’s formula for continuous functions with finite quadratic
variation in dimension one. Here the setup and the proof are still purely deterministic. As an aside we obtain
a pathwise definition for stochastic integrals involving only a single one-dimensional process due to Follmer.
After computing the quadratic variation of Brownian motion in Section 6.3, we consider first consequences
of 1t6’s formula for Brownian motions and continuous martingales. Section 6.4 contains extensions to the
multivariate and time-dependent case, as well as further applications.

6.1. Stieltjes integrals and chain rule

In this section, we define Lebesgue-Stieltjes integrals w.r.t. deterministic functions of finite variation, and
we prove a corresponding chain rule. The resulting calculus can then be applied path by path to stochastic
processes with sample paths of finite variation.

Lebesgue-Stieltjes integrals

Fix u € (0, 00], and suppose that r — A, is a right-continuous and non-decreasing function on [0, «). Then
A; — Ay is the distribution function of the positive measure u4 on [0,u) determined uniquely by

ual(s,t]] = Ar — Ag forany0 <s <t <u.

Therefore, we can define integrals of type L "H, dA, as Lebesgue integrals w.r.t. the measure py. Let
Lllo ([0, u), a) denote the space of all functions H : [0,u) — R that are integrable w.r.t. 4 on every interval

[0,¢) with # < u. Then for any u € [0,00] and any function H € Llloc([O, u), a), the Lebesgue-Stieltjes
integral of H w.r.t. A is defined by

t
/H, dA, = /Hr Ais.1(r) paldr) forO<s<t<u.
S

It is easy to verify that the definition is consistent, i.e., varying u does not change the definition of the
integrals, and that ¢ — fot H, dA, is again a right-continuous function.

For an arbitrary right-continuous function A : [0,u) — R, the (first order) variation of A on an interval [0, )
is defined by
v(4) = su Z|A — Asnel A 0
t = 1Y s'At SAt orf e [ 9”)9
sen

where the supremum is over all partitions 7 of R;. The function # — A, is said to be (locally) of finite
variation on the interval [0, u) iff Vt(l)(A) < oo for all ¢ € [0,u). Any right-continuous function of finite
variation can be written as the difference of two non-decreasing right-continuous functions. In fact, we have

A = A —A> (6.5)
with
1
A;/ = Ssup Z(As’At_AsAt)+ = E(Vt(l)(A)"‘At), (6.6)
T sem
|
A = sup ) (Avn = Asn)” = 5 (4) - 4. (6.7)
T

SEm
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6.1. Stieltjes integrals and chain rule

Exercise. Prove that if A, is right-continuous and is locally of finite variation on [0, «) then the functions
Vt(I)(A), At/ and A> are all right-continuous and non-decreasing for ¢ < u.

Remark (Hahn-Jordan decomposition). The functions At/ - AO/ and At\ - AO\ are again distribution

functions of positive measures u7 and y7, on [0,u). Correspondingly, A; — Ay is the distribution function of
the signed measure

ualBl = 4Bl - iA[Bl. B e B(0.w), 6.8)

and Vz(l) is the distribution function of the measure |ua| = u, + u,. It is a consequence of (6.6) and (6.7)
that the measures u, and y, are singular, i.e., the mass is concentrated on disjoint sets S* and S~. The
decomposition (6.8) is hence a particular case of the Hahn-Jordan decomposition of a signed measure u of
finite variation into a positive and a negative part, and the measure |u| is the total variation measure of y, cf.
e.g. [Alt].

We can now apply (6.5) to define Lebesgue-Stieltjes integrals w.r.t. functions of finite variation. A function
is integrable w.r.t. a signed measure y if and only if it is integrable w.r.t. both the positive part u* and the
negative part u~. The Lebesgue integral w.r.t. u is then defined as the difference of the Lebesgue integrals
w.rt. u* and p~. Correspondingly, we define the Lebesgue-Stieltjes integral w.r.t. a function A, of finite
variation as the Lebesgue integral w.r.t. the associated signed measure p4:

Definition 6.1 (Lebesgue-Stieltjes integral). Suppose that¢ — A; is right-continuous and locally of finite
variation on [0, «). Then for every function H € Llloc([O, u),|dA|), the Lebesgue-Stieltjes integral of H w.r.t.
A is defined by

t
/ H, dA, = / H, - I5.(r) dAY - / Hy Isq(r)dA>, — 0<s<t<u
S

Here the local £! space w.r.t. the total variation measure |dA| = |u4| is defined as the intersection

L) ([0,u),|dA]) = L] ([0,u),dA”) N L] ([0,u),dA™)

of the local £! spaces w.r.t. the positive measures dA”” = i, and dA™S = L

n—1
Remark. (i) Simple integrands: If H; =  ¢;- Iy, 1;,,1is astep function withO < 7p <t; <...<t, <u
i=0

and ¢y, c1,...,cn-1 € R then

n—1
/Hs dAg = Z (& (AzMAt - Ati/\t)-

0 i=0

(ii) Continuous integrands; Riemann-Stieltjes integral: If H : [0,u) — R is a continuous function then
the Stieltjes integral can be approximated by Riemann sums:

[Hedas = fim 3 (- A0 re 0,

0 SEMT,
s<t
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6. 1t6’s formula and pathwise integrals

for any sequence (71,,) of partitions of R, such that mesh(rz;,) — 0. For the proof note that the step
functions

H' = > Hylpsy(r),  ref0u),

SEMT,
s<t

converge to H,. pointwise on (0, &) by continuity. Moreover, again by continuity, H; is locally bounded
on [0,u),and hence the sequence H) is locally uniformly bounded. Therefore, by the dominated
convergence theorem,

[ Hrtonryaa, = tim [ Hrio.0) da,
for any ¢ < u.

(iii) Absolutely continuous integrators: If A, is an absolutely continuous function on [0, «) then A; has
locally finite variation

t
via) = / |Allds < o fort e [0,u).
0

The signed measure p 4 with distribution function A; — Ay is then absolutely continuous w.r.t. Lebesgue
measure with Radon-Nikodym density

dpa

70) = A for almost every ¢ € [0,u).

Therefore, .Elloc([O, u),|dAl) = Llloc([O, u),|A’|dt), and the Lebesgue-Stieltjes integral of a locally
integrable function H is given by

t t
/HS dAg = /HsAg ds forz € [0,u).
0 0

In the applications that we are interested in, the integrand will mostly be continuous, and the integrator
absolutely continuous. Hence Remarks (ii) and (iii) above apply.

The chain rule in Stieltjes calculus

We are now able to prove Itd’s formula in the special situation where the integrator has finite variation. In
this case, the second order correction disappears, and 1t6’s formula reduces to the classical chain rule from
Stieltjes calculus:

Theorem 6.2 (Fundamental Theorem of Stieltjes Calculus). Suppose that A : [0,u) — R is a continu-
ous function of locally finite variation. Then for every F € C(R),

F(A,) - F(Ay) = / F'(Ay) dA; Vit e[0u). (6.9)
0

Proof. Lett € [0,u) be given. Choose a sequence of partitions (7,,) of R, with mesh(rr,,) — 0, and let

0Ag = Agnr — Agnr for s € m,,
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6.1. Stieltjes integrals and chain rule

where, as usual, s’ denotes the next partition point. By Taylor’s formula, for s € m,, with s < ¢t we have
4 1 144
F(Ayn) = F(As) = F'(A)0As + SF"(Zs) - (0A,),

where Z; is an intermediate value between A and Ay ;. Summing over s € m,, we obtain

1
F(A) = F(Ay) = ) FI(A)5As + 5 3 F/(Z)(SA). (6.10)
SEM, SET,
s<t s<t

Asn — oo, the first (Riemann) sum converges to the Stieltjes integral fot F’(Ay) dA; by continuity of F’(Ay),
see Remark (ii) above. In order to see that the second sum converges to zero, note that the range of the
continuous function A restricted to [0, 7] is a bounded interval. Since F”’ is continuous by assumption, F"’ is
bounded on this range by a finite constant c¢. As Z; is an intermediate value between As and Ay 5;, we obtain

STFZIGAP| < - D 6AY < - V(A)- sup A,
SET,
s<t

SEM, SEMn
s<t s<t
Since Vt(l)(A) < oo and A is a uniformly continuous function on [0, ¢], the right hand side converges to 0 as
n — oo, Hence we obtain (6.9) in the limit of (6.10) as n — oo. |

To see that (6.9) can be interpreted as a chain rule, we write the equation in differential form:
dF(A) = F'(A)dA. (6.11)

In general, the equation (6.11) is to be understood mathematically only as an abbreviation for the integral
equation (6.9). For intuitive arguments, the differential notation is obviously much more attractive than the
integral form of the equation. However, for the differential form to be useful at all, we should be able to
multiply the equation (6.11) by another function, and still obtain a valid equation. This is indeed possible
due to the next result, which states briefly that if dI = H dA then also G dI = GH dA:

Theorem 6.3 (Stieltjes integrals w.r.t. Stieltjes integrals). Suppose that Iy = f(f H, dA, where A :
[0,u) — R is a right-continuous function of locally finite variation, and H € £} ([0,u),|dA]). Then

loc
the function s +— I is again right continuous with locally finite variation Vt(l)(l) < fot |H| |dA| < oo, and,
for every function G € -£1loc([0’ u),|dI|),

t t
/ Gy dl, = / GyHy dA;  forallt € [0,u). (6.12)
0 0

Proof. Right continuity of /; and the upper bound for the variation are left as an exercise. We now use
Riemann sum approximations to prove (6.12) if G is continuous. For a partition 0 =7y < t; < ... < fx = ¢,

we have
ti+1 t

n—1 n—1

> G, — 1) = D G- / Hq dA, = / G5 Hy dAq

i=0 i=0 e 0
where | s | denotes the largest partition point < 5. Choosing a sequence (7,,) of partitions with mesh(z,) — 0,
the integral on the right hand side converges to the Lebesgue-Stieltjes integral fot G H, dAg by continuity
of G and the dominated convergence theorem, whereas the Riemann sum on the left hand side converges to
fot G, dI. Hence (6.12) holds for continuous G. The equation for general G € £ ([0,u), |dI|) follows then

loc
by standard arguments. |
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6. 1t6’s formula and pathwise integrals

6.2. Quadratic variation and Itd’s formula

Our next goal is to derive a generalization of the chain rule from Stieltjes calculus to continuous functions
that are not of finite variation. Examples of such functions are typical sample paths of Brownian motion. As
pointed out above, in this case an additional term will appear in the chain rule.

Quadratic variation

Consider once more the approximation (6.10) that we have used to prove the fundamental theorem of Stieltjes
calculus. We would like to identify the limit of the last sum 3 ., F ""(Zs)(6As)* when A is not locally of
finite variation. For F”’ = 1 this limit is called the quadratic variation of A if it exists:

Definition 6.4. Let u € (0,c0] and let (7,,) be a sequence of partitions of R, with mesh(sr,) — 0. The
quadratic variation [X]; of a continuous function X : [0,u) — R w.r.t. the sequence (77,,) is defined by

[X]; = lim Z (Xgrnr — Xsne)? fort € [0,u)
n_mosEnn

whenever the limit exists.

WARNINGS (Dependence on partition, classical 2-variation).

(i) The quadratic variation should not be confused with the classical 2-variation defined by

(2) . E : 2
V7(X) = su Xonr — X
t ( ) ﬂP | S'Nt s/\tl

semn

where the supremum is over all partitions . The classical 2-variation Vt(z)(X ) is strictly positive for
every function X that is not constant on [0, 7] whereas [X ], vanishes in many cases, see e.g. Example
(i) below.

(ii) In general, the quadratic variation may depend on the sequence of partitions considered. See however
Examples (i) and (iii) below.

Example. (i) Functions of finite variation: For every continuous function A : [0,u) — R of locally
finite variation, the quadratic variation along (77,,) vanishes:

[A]l; =0 for any 7 € [0, u).
In fact, for A; = Ay pr — Agn; We have

STIAR < V) - supla] — 0 asn— oo
SEMT,
s<t

SEM,
by uniform continuity and since Vt“)(A) < 0o,

(ii) Perturbations by functions of finite variation: If the quadratic variation [ X ], of X w.r.t. (;,) exists,
and A is of finite variation, then [X + A]; also exists, and

[X +A], = [X];.
This holds since

X +A)> = ) 6X)>+2 ) 6X6A+ Y (6A)%,
2 2 2 2

and the last two sums converge to 0 as mesh(x,,) — 0 by Example (i) and the Cauchy-Schwarz
inequality.
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6.2. Quadratic variation and Itd’s formula

(iii) Brownian motion: If (B;);>¢ is a one-dimensional Brownian motion then P-almost surely,
[Bl; =t forallz >0

w.r.t. any fixed increasing sequence (7,,) of partitions such that mesh(r,) — 0, cf. Theorem 6.8
below.

@iv) [It6 processes: If I, = fot H; dBs is the stochastic integral of a process H € L% (0,00; B) w.r.t.

a,loc
a Brownian motion (B;) then almost surely, the quadratic variation w.r.t. a fixed sequence of

partitions is
t
(1, = / H? ds forall z > 0.
0

(v) Continuous local martingales: For a continuous local martingale M, the quadratic variation [M ]
exists almost surely, see below.

Note that in Examples (iii), (iv) and (v), the exceptional sets may depend on the sequence (7). If it exists,
the quadratic variation [X], is a non-decreasing function in ¢. In particular, Stieltjes integrals w.r.t. [ X] are
well-defined provided [X] is right continuous.

Lemma 6.5. Suppose that X : [0,u) — R is a continuous function. If the quadratic variation [X]; along
(mtn) exists for t € [0,u), and t v [X]; is continuous then

t
Z Hs : (Xs’/\t - Xs)2 — /Hs d[x]s asn — o (613)
SEMT, 0
s<t

for any continuous function H : [0,u) — R and any t > 0.

Remark. Heuristically, the assertion of the lemma says that

“ / Hd[X] = / H (dX)*”,

i.e., the infinitesimal increments of the quadratic variation are something like squared infinitesimal increments
of X. This observation is crucial for controlling the second order terms in the Taylor expansion used for
proving It6’s formula.

Proof. The sum on the left-hand side of (6.13) is the integral of H w.r.t. the finite positive measure

Hn = Z (Xs’/\t - Xs)2 - O

SEMT,
s<t

on the interval [0, 7). The distribution function of ,, is

Faw) =2 )" (Xyn = X)%  ue[01].

SEM,
s<u

Asn — oo, F,(u) — [X], for any u € [0,¢] by continuity of X. Since [X], is a continuous function of u,
convergence of the distribution functions implies weak convergence of the measures ,, to the measure d[X]
on [0,7) with distribution function [X]. Hence,

/ H, in(ds) —> / HydX],  asn— oo

for any continuous function H : [0,¢] — R. |
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6. 1t6’s formula and pathwise integrals

Itd’s formula and pathwise integrals in R!

We are now able to complete the proof of the following purely deterministic (pathwise) version of the
one-dimensional Itd formula going back to [5].

Theorem 6.6 (Ito’s formula without probability). Suppose that X : [0,u) — R is a continuous function
with continuous quadratic variation [X] w.r.t. (zr,,). Then for any function F that is C? in a neighbourhood
of X([0,u)), and for any ¢ € [0, u), the Itd integral

1

/F/(Xs) dXg = nh_rgo Z F’(Xs) : (Xs’/\t - Xs) (6-14)
o =
exists, and It6’s formula
t t
’ 1 144
FOG) - FO) = [ P X+ 5 [ Froo) aixl, (615)
0 0

holds. In particular, if the quadratic variation [ X | does not depend on (7,,) then the Itd integral (6.14) does
not depend on (71,,) either.

Note that the theorem implies the existence of fot f(Xy)dX; for any function f € C'(R)! Hence this type of
It6 integrals can be defined in a purely deterministic way without relying on the It6 isometry. Unfortunately,
the situation is more complicated in higher dimensions, see below.

Proof. Fix ¢ € [0,u) and n € N. As before, for s € m,, we set 60Xy = Xy nr — Xsar Where s’ denotes the next
partition point. Then as above we have

FO) = FXo) = Y F/(X)5% + 5 3 F/ (20X,

SEm, SEMy
s<t s<t
(6.16)
’ 1 24
= D F(X)0X + 5 ) FU(X)@X:) + ) R,
SEMT, SEM, SE€Mn
s<t s<t s<t

where Z\" is an intermediate point between X, and Xy/»;, and R := NF "(ZMy — F'(X,)) - (6X5)%. As
n — oo, the second sum on the right hand side of (6.16) converges to fot F"(Xy) d[X]s by Lemma 6.5.

We claim that the sum of the remainders R§"> converges to 0. To see this note that Z§") = X, for some
r € [s,s’ At], whence

1 144 17 1
IR = SIF(Z") = F(X0)] - (0% < 5ea (6K,

where

En 1= sup  |F"(Xa) = F”(Xp)I.
a,bel0,t]
|a—b|<mesh(r,,)

As n — oo, g, converges to 0 by uniform continuity of F’’ o X on the interval [0,#]. Thus

1
Z |R§n)| < 5&n Z (6X,)> = 0 as well,

SET, SEMT,
s<t s<t
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6.2. Quadratic variation and Itd’s formula

because the sum of the squared increments converges to the finite quadratic variation [X];.

We have shown that all the terms on the right hand side of (6.16) except the first Riemann-It6 sum converge
as n — oo. Hence, by (6.16), the limit fol F’(Xy) dX; of the Riemann-Itd sums also exists, and the limit
equation (6.14) holds. [ |

In differential notation, we obtain the Itd chain rule
1
dF(X) = F'(X)dX + EF”(X) d[X]

which includes a second order correction term due to the quadratic variation. A justification for the
differential notation is given in Section 8.1. For functions X with [X] = 0, we recover the classical chain
rule dF(X) = F’(X) dX from Stieltjes calculus as a particular case of 1t6’s formula.
Example. (i) Exponentials: Choosing F(x) = ¢* in It6’s formula, we obtain
t t
Xt — X0 = /ex“ dXs + %/eXS d[X]s,
0 0
or, in differential notation,
deX = X dXx + %ex d[X].
Thus eX does not solve the Itd differential equation
dZ = 7 dX 6.17)

if [X] # 0. An appropriate renormalization is required instead. We will see below that the correct
solution of (6.17) is given by
Zy = exp(X; - [X]:/2),
cf. the first example below Theorem 6.23.
(ii) Polynomials: Similarly, choosing F(x) = x™ for some n € N, we obtain
-1
dX" = nX""' dx + %x"—z d[X].

Again, X" does not solve the equation dX” = nX"~! dX. Here, the appropriate renormalization
leads to the Hermite polynomials : X :", cf. the second example below Theorem 6.23.

The chain rule for anticipative integrals

The form of the second order correction term appearing in Itd’s formula depends crucially on choosing
non-anticipative Riemann sum approximations. For limits of anticipative Riemann sums, we obtain different
correction terms, and hence also different notions of integrals.

Theorem 6.7. Suppose that X : [0,u) — R is continuous with continuous quadratic variation [X] along
(m,). Then for any function F that is C? in a neighbourhood of X([0,u)) and for any ¢ > 0, both the

backward Ito integral
t

/F/(Xs) dAXs = lim Z F/(Xs’/\t) : (Xs’At - XS)7
n—co

0 SET,
s<t

and the Stratonovich integral

t

7’ . 1 ’ ’
[P cax, = lim 3200+ F o) Cons = X)
;
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6. 1t6’s formula and pathwise integrals

exist, and

t t t

FX) - F(Xo) = / F(X) dX, - 5 / F'(X,) d[X], = / F/(X,) odX;.  (6.18)

0 0 0

Proof. The proof of the backward It6 formula in (6.18) is completely analogous to that of I1t6’s formula. The
Stratonovich formula follows by averaging the Riemann sum approximations to the forward and backward
16 rule. |

Note that Stratonovich integrals satisfy the classical chain rule
odF(X) = F'(X) odX.

This makes them very attractive for various applications. For example, in stochastic differential geometry,
the chain rule is of fundamental importance to construct stochastic processes that stay on a given manifold.
Therefore, it is common to use Stratonovich instead of It calculus in this context, see the corresponding
example in the next section. On the other hand, Stratonovich calculus has a significant disadvantage against
1td calculus: The Stratonovich integrals

n—oo
SEMT,

t
) 1
/Hs odB; = lim Z E(Hs + Hs’/\t)(Bs’/\t — Bspr)
0
w.r.t. Brownian motion typically are not martingales, because the coefficients %(H s+Hy a¢) are not predictable.

6.3. 1té6’s formula for Brownian motion and martingales

Our next aim is to compute the quadratic variation and to state 1t6’s formula for typical sample paths of
Brownian motion. More generally, we will show that for continuous local martingales, the quadratic variation
exists almost surely.

Let (7,,)nen be a sequence of partitions of R, with mesh(r,) — 0. We note first that for every function
t — X; the identity

XP=Xg = D (X3, —X)) = V)20 (6.19)
SEM,
s<t
with
Vzn = Z (Xgnt — Xs)z and Izn = Z Xs - (Xgar — Xs)
SEM, SE€Mn
s<t s<t

holds. The equation (6.19) is a discrete approximation of It6’s formula for the function F(x) = x2. The
remainder terms in the approximation vanish in this particular case.

Note that by (6.19), the quadratic variation [X]; = lim,_ V/" exists if and only if the Riemann sum
approximations /;* to the It6 integral fot X, dX; converge:

t
3[X]), = limV' & 3 / X, dXg = lim I}
n—oo 0 n—oo
Now suppose that (X;) is a continuous martingale with E[X?] < oo for any ¢ > 0. Then the Riemann sum
approximations (/') are continuous martingales for any n € N. Therefore, by the maximal inequality, for a
given u > 0, the processes (1) and (V) converge uniformly for # € [0,u] in L?(P) if and only if the random
variables I”* or V" respectively converge in L>(P).
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Quadratic variation of Brownian motion

For the sample paths of a Brownian motion B, the quadratic variation [B] exists almost surely along any
fixed increasing sequence of partitions () such that 7, C m,4; and mesh(r,) — 0, and [B]; =t a.s. In
particular, [ B] is a deterministic function that does not depend on (77,,). The reason is a law of large numbers
type effect when taking the limit of the sum of squared increments as n — co.

Theorem 6.8 (P. Lévy). If (B;) is a one-dimensional Brownian motion on (2, A, P) then as n — oo

sup Z (By'ar — B) -1 — 0 P-a.s. and in L*(Q, A, P) (6.20)
t€[0,u] SEM,
s<t

for any u € (0,0), and for each sequence (r;,) of partitions of R, such that 7, C 7,4 for all n € N and
mesh(r,) — 0.

Remark. (i) Although the almost sure limit in (6.20) does not depend on the sequence (r,,), the excep-
tional set may depend on the chosen sequence!

(i) The classical quadratic variation VI(Z)(B) = sup, Yer(0By)? is almost surely infinite for all ¢ > 0.
The classical p-variation is almost surely finite if and only if p > 2.

Proof. (i) L?-convergence for fixed t: As usual, the proof of L? convergence is comparatively simple.
For V' = 3 (6By)? with 6B = By/a; — Bsar, we have

SEMT,

EV] = ) El@B)) = ) 6=t  and
SEMT, SET,
Var[V/'] = Z Var[(6B,)?] = Z Var[Z?](65)*> < const. - 7 - mesh(r,,)
SEMT, SET,

where Z is a standard normal random variable. Hence, as n — oo,
Vi—t = V'"—E[V"] = 0 in L*(Q, A, P).

Moreover, by (6.19), V/* — V" = 2(I}' — I]") is a continuous martingale for any n,m € N. Therefore,
the maximal inequality yields uniform convergence of V" to ¢ for ¢ in a finite interval in the L?(P)
sense.

(i) Almost sure convergence if ), mesh(m,) < co: Similarly, by applying the maximal inequality to the
process V/* — V™ and taking the limit as m — oo, we obtain

P

1
sup |V'—t]| >¢| < —ZE[(V,f —u)?] < const. - mesh(r,)
t€[0,u] &

for any given € > 0 and u € (0, 0). If 3 mesh(sr,,) < co then the sum of the probabilities is finite, and

hence sup |V/" —t| — 0 almost surely by the Borel-Cantelli Lemma.
t€[0,u]

(iii) Almost sure convergence if 3, mesh(mr,) = co: In this case, almost sure convergence can be shown by
the backward martingale convergence theorem, see the exercise below. |
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6. 1t6’s formula and pathwise integrals

Exercise (Quadratic variation of Brownian motion revisited). Let (B;),>o be a Brownian motion on
a probability space (€, A,P). The goal of this exercise is to show that for an arbitrary sequence of
partitions such that 7, C m,,; and mesh(r,) — 0, the quadratic variation [B], exists almost surely.
Without loss of generality, we assume By = 0.

a) Show that if & : [0,00) — {-1,1} is a measurable deterministic function, then the process
Ith = fot h(s) dBy is again a Brownian motion. Conclude that for any 0 < s < s/, the process (B;)
defined by

B; for ¢t € [0, s],
B, = {B, - (B; — By) fort € [s,s'],
Bs — (Byy — Bs) + B — By fort € [s/, ),
is a Brownian motion, i.e., (B;) ~ (B,).
b) Now fix t > 0 and n € N, and let 7, denote the o-algebra generated by the random variables

(Bs'ar — Bgar)?, s € m,. Show that

D Bon = Bon? = B[ (Byw - B PI7a| = E BT,

where the sum is over all partition points s € 7.

¢) Conclude that 3(Byx; — Bgar)? converges almost surely as n — oo, and identify the limit.

It6’s formula for Brownian motion

By Theorem 6.8, we can apply Theorem 6.6 to almost every sample path of a one-dimensional Brownian
motion (B;):

Theorem 6.9 (It6’s formula for Brownian motion). Suppose that F € C?(I) where I C R is an open
interval. Then almost surely,

t t
1
F(B;) — F(By) = /F’(BS) dBg + E/F”(BS) ds forallr <7, (6.21)
0 0

where T = inf{r > 0 : B; ¢ I} is the first exit time from /.

Proof. For almost every w, the quadratic variation of r +— B;(w) along a fixed sequence of partitions is z.
Moreover, for any r < T(w), the function F is C? on a neighbourhood of {B;(w) : t € [0,r]}. The assertion
now follows from Theorem 6.6 by noting that the pathwise integral and the It integral as defined in Section
5 coincide almost surely since both are limits of Riemann-Itd sums w.r.t. uniform convergence for ¢ in a finite
interval, almost surely along a common (sub)sequence of partitions. |

Consequences

(i) Doob decomposition in continuous time: The It integral M} = fot F’(By) dB; is a local martingale

126

up to T, and M[ is a square integrable martingale if / = R and F” is bounded. Therefore, (6.21)
can be interpreted as a continuous time Doob decomposition of the process F(B;) into the (local)
martingale part M} and an adapted process of finite variation. This process takes over the role of the
predictable part in discrete time. In particular, we obtain:
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6.3. 1t6’s formula for Brownian motion and martingales

Corollary 6.10 (Martingale problem for Brownian motion). Brownian motion is a solution of the mar-

d2
tingale problem for the operator £ = ) with domain Dom(£) = {F € C*(R) : 9£ is bounded}, i.e.,
the process
t
ME = FB) - FB0 - [ (LB ds
0

is a martingale for any F' € Dom(L).

(ii) Kolmogorov’s forward equation: Taking expectations in (6.21), we recover Kolmogorov’s equation
t
E[F(B;)] = E[F(Bo)] + / E[(LF)(Bs)lds Y120
0
for any F € Cg (R). In differential form,

1 144
TEF(B)] = SEIF (B,

(iili) Computation of expectations: The Itd formula can be applied in many ways to compute expectations.

Example. a) Foreachn € N, the process

1

t
~1
B,"—n(”2 )/B;"zds = n-/B;"1 dB,
0 0

is a martingale. By taking expectations for = 1 we obtain the recursion

1 1
E[B?] — n(nz_ 1) /E[B?_Z] ds = I’l(l’l—l / n-2/2 ds - Bn—Z]

0

(n—1)- E[B}™?]

for the moments of the standard normally distributed random variable B;. This identity can
also be obtained directly by integration by parts in the Gaussian integral [ xe=I2 dx.

b) For a € R, the process

2 pt t
exp(aBy) — %A exp(aBy) ds = (ZA exp(aBy) dBy

is a martingale because E[fot exp(2aBy) ds] < co. Denoting by T, = min{t > 0 : B; = b}
the first passage time to a level b > 0, we obtain the identity

Ty 2
E [/ exp(aBy) ds} = —2(6‘”’ -1) for any @ > 0
0 (04
by optional stopping and dominated convergence.

1t6’s formula is also the key tool to derive or solve stochastic differential equations for various stochastic
processes of interest:
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Example (Brownian motion on S!). Brownian motion on the unitcircle ' = {z € C : |z] = 1}
is the process given by
Z; = exp(iB;) = cosB; +i-sinB,

where (B;) is a standard Brownian motion on R'. Itd’s formula yields the stochastic differential
equation

1
le» = t(Zt) dBt - EH(Z,) dt, (6.22)

12

where t(z) = iz is the unit tangent vector to S' at the point z, and 11(z) = z is the outer normal
vector. If we would omit the correction term —%n(Zt) dt in (6.22), the solution to the s.d.e.
would not stay on the circle. This is contrary to classical o.d.e. where the correction term is not
required. For Stratonovich integrals, we obtain the modified equation

odZ, = t(Z;) odBy,

which does not involve a correction term!

Exercise (Random rotations: Ito vs. Stratonovich). We consider stochastic differential equations of
the form

dZt - AZt dBt, Z() = (é) N (6.23)

0 -1} . . . . . . - .
where A = ( 1 0 ) is the antisymmetric matrix generating the unit rotation in R?, (B;) is a one
dimensional Brownian motion, and the solution (Z;) is a stochastic process taking values in R>.

a) Write down a time-discretization of the Itd equation (6.23), and simulate sample paths of the
solution.

b) What do you observe ? Can you explain your observations ?

¢) Now consider the Stratonovich equation

odZt = AZ[ o dB[, Z() = (é) . (6.24)

Find a numerical discretization for the SDE and simulate approximate solutions. What do you
observe now ?

Hint: Make sure that before starting the implementation, you have transformed the discretization
into an accessible form.

Matrix inversion in Python: from scipy import linalg; inversematrix=linalg.inv(matrix)
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Quadratic variation of continuous martingales

Next, we will show that the sample paths of continuous local martingales almost surely have finite quadratic
variation. Let (M;) be a continuous local martingale, and fix an increasing sequence (1) of partitions of R,
with mesh(r,,) — 0. Let

Vzn = Z (Mg nr — A4s/\),‘)2

SEMT,

denote the quadratic variation of M along r,. Recall the crucial identity

M-m; = (Ms%m - MSZM) Y (6.25)

SEMT,

where I[' = ¥ cp M(My ns — M) are the Riemann sum approximations to the It integral fot M dM. The
identity shows that V" converges (uniformly) as n — oo if and only if the same holds for I]'. Moreover, in
this case, we obtain the limit equation

t
M —M; = [M]; +2 /O M dM; (6.26)

which is exactly Itd’s equation for F(x) = x2.

Theorem 6.11 (Existence of quadratic variation). Suppose that (M;);c[0,«) is a continuous local martin-
gale on (Q, A, P). Then there exist a continuous non-decreasing process ¢ — [M], and a continuous local
martingale t — fot M dM such that as n — oo,

S
sup |VS”—[M]S| — 0 and sup I;‘—/O MdM‘ - 0

s€[0,z] s€[0,z]

in probability for any ¢ > 0, and in L?(P) if M is bounded. Moreover, the identity (6.26) holds.

Notice that in the theorem, we do not assume the existence of an angle bracket process (M). Indeed, the
theorem proves that for continuous local martingales, the angle bracket process always exists and it coincides
almost surely with the quadratic variation process [M] ! We point out that for discontinuous martingales,
(M) and [M] do not coincide.

Proof. We first assume that M is a bounded martingale: |M;| < C for some finite constant C. We then show
that (I,,) is a Cauchy sequence in the Hilbert space M2([0,¢]) for any given t € R,. To this end let n,m € N
with m < n. Then &, € m,. For s € &,, we denote the next partition point in 7, by s’, and the previous
partition point in 71, by | s],. Fix t > 0. Then

Itn - I;n = Z (M, — MLst) (Mg py — M), and hence
SEM,
s<t
”In - ImH?WZ([OJ]) = E [(Izn - Itm)2] = Z E [(Ms - MLst)2 (Ms’/\t - Ms)z]

SEMTY,
s<t

Ele]"E [(Z(éM‘Y)Z)Z} - (6.27)

IA

non-diagonal summands cancel because M is a martingale.

where 6, := sup{|My — M,|> : |s — r| < mesh(r,,)}. Here we have used in the second step that the
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Since M is bounded and continuous, dominated convergence shows that E [6,%1] — 0as m — oo,
Furthermore,

2
E (Z(éMS)z) = E|Y GM)* +2E| ) (6M,)2(6MS)2]
s S r,s:ir<s
< 4CPE | DM | + 2E | Y (OMPE | ) (0M,)? ?” (6.28)
S r S>r
< 6C*E[M} -M]] < 6C* < .
Here we have used that by the martingale property,
E Z(&MS)ZI = EM?>-M2] <% and
S
2 _ 2 2 2
EEﬁM)d = E[M}-MIF] < C.
sS>r
By (6.27) and (6.28), ||I"* — I’"||12v12([0 0 0as n,m — oo. Hence (I');¢[o,;] converges uniformly as n — oo

in the L>(P) sense. By (6.25), (V{")se[o,,] converges uniformly as n — oo in the L*(P) sense as well. Hence
the limits f(; M dM and [M] exist, the stochastic integral is in M?2([0,]), and the identity (6.26) holds.

It remains to extend the result from bounded martingales to local martingales. If M is a continuous
local martingale then there exists a sequence of stopping times 7y T oo such that the stopped processes
(M7, nt)e>0 are continuous bounded martingales. Hence the corresponding quadratic variations [Mr; ne]
converge uniformly on [0,¢] in the L*(P) sense for any finite ¢ and k. Therefore, the approximations V" for
the quadratic variation of M converge uniformly in the L?(P) sense on each of the random intervals [0, Ty At],
and thus for any £,6 > 0,

Psup|V]'—[M]s| >e| < P[t>Ti] + P

s<t

prT—MﬂA>8]<6

s<Ty B
for k, n sufficiently large. |
Having shown the existence of the quadratic variation [M] for continuous local martingales, we observe

next that [M] is always non-trivial if M is not constant:

Theorem 6.12 (Non-constant continuous martingales have non-trivial quadratic variation).
Suppose that (M;) is a continuous local martingale. If [M], = 0 almost surely for some ¢t > 0,
then M is almost surely constant on the interval [0, 7].

Proof. Again, we assume at first that M is a bounded martingale. Then the Itd integral f0° M dM is a
martingale as well. Therefore, by (6.26),

1M = Moll3 o0y = ELM, = Mo)’] = EIM} = Mg] = E[[M];] = 0,

i.e., almost surely, My = M, for any s € [0,¢]. In the general case, the assertion follows once more by
localization. |
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The theorem shows in particular that every local martingale with continuous finite variation paths is almost
surely constant, i.e., the decomposition of a continuous stochastic process into a local martingale and a
continuous finite variation process starting at 0 is unique up to equivalence. As a consequence we observe
that the quadratic variation is the unique angle bracket process of M. In particular, up to modification on
measure zero sets, [M] does not depend on the chosen partition sequence (77,):

Corollary 6.13 (Quadratic variation as unique angle bracket process). Suppose that (M;) is a continu-
ous local martingale. Then [M] is the up to equivalence unique continuous process of finite variation such
that [M]p = 0 and M? — [M, is a local martingale.

Proof. By (6.26), M? — [M], is a continuous local martingale. To prove uniqueness, suppose that (4;) and
(A;) are continuous finite variation processes with Ag = Ap = 0 such that both M; 2_A; and M; 2 _ A, are local
martingales. Then A, — A, is a continuous local martingale as well. Since the paths have finite variation, the
quadratic variation of A — A vanishes. Hence almost surely, A; — At Ao — Ag =0 for all 7. [

The next theorem follows by localization and optional stopping applied to the local martingale M? — [M];.

Theorem 6.14 (Quadratic variation and square integrability). Suppose that (M;);¢[0,0) iS a continuous
local martingale, and let a € [0, ). Then M € M2([0,a)) if and only if My € £? and [M], € L. In this
case, M? — [M], (0 < t < a) is a martingale, and

I|M||i42([0,a]) E[Mg] + E[[M]a]. (6.29)

Proof. We may assume M, = 0; otherwise we consider M=M - My. Let (T,)nen be a joint localizing
sequence for the local martingales M and M2 — [M]. Then by optional stopping,

E[[M]t] = supE[[M]MTn] = supE[ AT, ] for any ¢ € [0,qa]. (6.30)
neN
If M € M2([0,a]) then we obtain E [[M ]a] < oo. Conversely, suppose now that [M], is integrable. Then
by (6.30), the family {M;7;, : n € N} is uniformly integrable for every ¢ € [0,a], and hence (M;)¢[0,q] is @
martingale. Furthermore, it is L> bounded since by Fatou’s lemma,

E[M;] < lminfE[M.| < E[[M]].

Moreover, in this case, the sequence (MIZAT [M]; /\Tn)n < 18 also uniformly integrable for each ¢ € [0, a],
because,

sule,z—[M],| < sulet|2+[M]a e L.

t<a t<a

Therefore, the martingale property carries over from the stopped processes M, 1‘2/\T (M1, to M? — [M],.
In particular,
2 2 —
||M||M2([O,a]) E[Ma] - E[[M]a],

S0 (6.29) is satisfied. [ |
Remark. The assertion of Theorem 6.14 also remains valid for @ = oo in the sense that if M is in £2
and [M]e = lim;_o[M]; is in L' then M extends to a square integrable martingale (M;)€[0,00) satisfying

(6.30) with a = co. The existence of the limit M., = lim;_,. M, follows in this case from the L? Martingale
Convergence Theorem.
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6. 1t6’s formula and pathwise integrals

Exercise (Square integrability of stopped local martingales). Show that if (M) is a continuous local
(#) martingale and T : Q — [0, 00) is an arbitrary (F;) stopping time, then

E[M7] = E[[M]r]. (6.31)

Furthermore, if the expected values are finite then the stopped process M;,r (¢ € [0, c0]) is a martingale
in M2([0, c0]), and MtzAT — [M]ar is a continuous martingale.

From continuous martingales to Brownian motion

A remarkable consequence of 1t6’s formula for martingales is that a continuous local martingale (M) (up to
T = oo0) with quadratic variation given by [M]; = ¢ for all # > 0 is a Brownian motion!

Theorem 6.15 (P. Lévy 1948). A continuous local martingale (M;);c[0,00) is @ Brownian motion if and
only if almost surely,
[M]; =1t for any ¢ > 0.

Proof. For 0 < s < tand p € R, 1t6’s formula yields
t 9 t
ePMi _ gipMs _ ) / M gy, — % / ePMr gy (6.32)
S S

where the stochastic integral fot e’PMr M, can be identified as a continuous local martingale. Furthermore,

the identity shows that this local martingale is uniformly bounded on finite time intervals, and hence it is a
martingale. Dividing the equation by e’?™s and conditioning on ¥, we obtain

t
2
E[eip(Mt—Ms)’q-‘s] = 1= %/E[eip(M,—M.g)q-;] dr
S

by Fubini’s theorem for conditional expectations. Hence the process Uy := E[e!?M:=Ms)|F,] is almost surely
absolutely continuous with Uy = 1 and derivative dU, /dt = —(p*/2)U,, and thus for any 0 < s < ¢,

E[ei”(M’_M~“)}?}] = P92 almost surely for any p € R.

It is now not difficult to conclude that the increment M, — M, is independent of ¥ with distribution
M, — M; ~ N(0,t — s). [ |

Lévy’s Theorem is the basis for many important developments in stochastic analysis including transforma-
tions and weak solutions for stochastic differential equations. An extension to the multi-dimensional case,
as well as several applications, are contained in Section ?? below.

One remarkable consequence of Lévy’s characterization of Brownian motion is that every continuous
local martingale can be represented as a time-changed Brownian motion (in general possibly on an extended
probability space):

Exercise (Continuous local martingales as time-changed Brownian motions). Let (M;)¢[0,.) be a
continuous local martingale, and assume for simplicity that z +— [M]; is almost surely strictly increasing
with lim; _,o[M]; = co. Prove that there exists a Brownian motion (B;);¢[0,«) Such that

M, = By,  fort € [0,00). (6.33)

Hint: Set B, = Mz, where T, = [M]~'(a) = inf{t > 0 : [M], = a}, and verify by Lévy’s characteriza-
tion that B is a Brownian motion.
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In a more general form, the representation of continuous local martingales as time-changed Brownian
motions is due to a paper of Dambis and Dubins-Schwarz from 1965, see [12] or Section ?? below for
details. Remarkably, even before Itd, Wolfgang Doeblin (a son of the novelist Alfred Déblin) had developed
an alternative approach to stochastic calculus where stochastic integrals are defined as time changes of
Brownian motion. During World War II, Doeblin fought as a French soldier at the German front, and
shot himself when German troops came in sight. His results remained hidden in a closed envelope at the
Académie de Sciences and have become known and been published only recently, more than fifty years after
their discovery, [yor, 14].

6.4. Multivariate and time-dependent It6 formula

We now extend Itd’s formula to R%-valued functions and stochastic processes. Let u € (0,c0] and suppose
that X : [O,u) — D, X, = Xt(l), ... ,Xt(d)), is a continuous function taking values in an open set D C RY. As
before, we fix a sequence (rr,,) of partitions of R, with mesh(r,,) — 0. For a function F € C%(D), we have
similarly as in the one-dimensional case:

F(Xyp) = F(Xs) = VF(Xg): Xy — X) (6.34)
d 2
1 0°F ; ; ; ;
+3 2 (K, X, - X+ R
i,j=1

for any s € 7, with s < ¢t where the dot denotes the Euclidean inner product, and RE") is the remainder term
in Taylor’s formula. We would like to obtain a multivariate It formula by summing over s € m, with s < ¢
and taking the limit as n — oo. A first problem that arises in this context is the identification of the limit as
n — oo of the sums

> a(x)oxx

SET,
s<t

for a continuous function g : D — R.

Covariation

Suppose that X,Y : [0,u) — R are continuous functions with continuous quadratic variations [X]; and [Y];
w.r.t. the partition sequence (7y,).

Definition 6.16 (Covariation). Provided the limit exists, the function

[X.Y], = lim > (Xya = Xoad)(Hwrne = Yonr)h 1€ [0,m),

n—oo
SEM,

is called the covariation of X and Y w.r.t. (7).

The covariation [X,Y]; is the bilinear form corresponding to the quadratic form [X];. In particular,
[X, X] = [X]. Furthermore:

Lemma 6.17 (Polarization identity). The covariation [X,Y]; exists and is a continuous function in t if and
only if the quadratic variation [X + Y|, exists and is continuous, respectively. In this case,

[(X.Y], = 50X+ Y], = [X], = [¥]),
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6. 1t6’s formula and pathwise integrals

Proof. For n € N we have
2 Z 5X,0Y, = Z (6X + 6V, )% — Z (6X,)? — Z (5Y,)2.
SET, SET, SEM, SET,
The assertion follows as n — oo because the limits [X]; and [Y], of the last two terms are continuous
functions by assumption. n
Note that by the polarization identity, the covariation [ X, Y]; is the difference of two increasing functions,
i.e., t — [X,Y]; has finite variation.

Example. (i) Functions and processes of finite variation: IfY has finite variation and X is continuous
then [X,Y], = O for any ¢ > 0. Indeed,

Z 5X,6Y,

SEM,

SETT, semn

and the right hand side converges to O by uniform continuity of X on [0,#]. In particular,
[X+Y] = [X+Y,X+Y] = [X]+[Y]+2[X,Y] = [X].

(ii) Independent Brownian motions: If (B;) and (g,) are independent Brownian motions on a proba-
bility space (€, A, P) then for any given increasing sequence (7,) with mesh(x,) — O,

[B, §], = lim Z §By6Bs = 0 forany ¢t > 0,
n—o00
SEMT,
P-almost surely. For the proof note that (B; + By)/V2 is again a Brownian motion, whence
t t

~ ~ 1 1 ~
[B,Bl, = [(B+B)/V2], - 5Bl =3Bl = 1-5 -2 =0 almostsurely.
(iii) [It6 processes: If I, = fot G, dBs and J, = fot Hj dB; with continuous adapted processes (G;)
and (H,) and Brownian motions (B,) and (B,) then

[1,7]; 0 if B and B are independent, and (6.35)

t
/ G,H,ds ifB =B, (6.36)
0

[I»J]t

see Theorem 8.6 below. More generally, under appropriate assumptions on G,H, X and Y, the

identity
t

[Is]]t = G.H; d[XaY]s
/

t t
holds for Ito integrals I, = [ Gy dX; and J; = [ Hy dY, cf. Corollary ??.
0 0

It6 to Stratonovich conversion

The covariation also occurs as the correction term in Itd compared to Stratonovich integrals.

Theorem 6.18. If the It6 integral fot X, dYs and the covariation [X,Y]; exist along a sequence (r;) of
partitions with mesh(sr,,) — 0, then the corresponding backward It6 integral fot X, dYy and the Stratonovich
integral fot X, o dY, also exist, and
t t t t
/XS dy, = /XS dys +[X,Y],, and /xs odY, = /Xs dy, + %[X,Y]t.

0 0 0 0

134 University of Bonn



6.4. Multivariate and time-dependent Itd formula

Proof. This follows from the identities

D XY,

1
Z E(Xs + Xs’/\t)éYs

Z X,6Y, + Z 5X,6Y,, and

ZXScSYS +%Z(5XS6YS. ]

Ité’s formula in R

By the polarization identity, if [X],,[Y]; and [X + Y], exist and are continuous, then [X,Y]; is a continuous
function of finite variation.

Lemma 6.19. Suppose that X,Y and X + Y are continuous function on [0,u) with continuous quadratic
variations w.r.t. (n,). Then

t
Y X = X)W = ¥) [ HAXYL @ oo
0

SET,
s<t

for any continuous function H : [0,u) — R and any t > 0.
Proof. The assertion follows from Lemma 6.5 by polarization. |

By Lemma 6.19, we can take the limit as mesh(r;) — 0 in the equation derived by summing (6.34) over
all s € m,, with s < t. In analogy to the one-dimensional case, this yields the following multivariate version
of the pathwise Itd formula:

Theorem 6.20 (Multivariate It6 formula without probability). Suppose that X : [0,u) — D C R< is
a continuous function with continuous covariations [X(i), X(j)],,l < i,j < d, wrt. (7). Then for any
F e C*(D)and t € [0,u),

t

d ! D
1 0°F ; ;
Fo) = Fo+ [ VER)-ax+ 3 D [ ST 06 ax . x9,
0 ij=lp

where the 1t6 integral is defined as the limit of Riemann sums along (7,,):

t

/VF(XS) : dXs = lim Z VF(XS) : (Xs'/\t - Xs)- (6-37)

0 SETT,
s<t

The details of the proof are similar to the one-dimensional case and left as an exercise to the reader. Note
that the theorem shows in particular that the Itd integral in (6.37) is independent of the sequence () if the
same holds for the covariations [X®, X\)].

Remark (Existence of pathwise It6 integrals). Theorem 6.20 implies the existence of the integral fot b(X;)-
dX, whenever b is the gradient of a C? function F : D C RY — R. In contrast to the one-dimensional case,
not every C! vector field b : D — R is a gradient. Therefore, for d > 2 we do not obtain the existence of
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6. 1t6’s formula and pathwise integrals

fot b(Xy) - dX; for every b € C'(D,R9) from Ito’s formula. In particular, we do not know in general if the
integrals fot g—i(Xs) dx" 1 < i < d,exist and if

t d t aF
VF(X,) - dX, = —(X,) dx\?.
[ vreeax = 35 [ Geoax
0 =t

If (X;) is a Brownian motion this is almost surely the case by the existence proof for Itd integrals w.r.t.
Brownian motion from Section 5.

Example (It6’s formula for Brownian motion in R?). Suppose that B, = (Bg 1), e B;d)) isad-dimen-
sional Brownian motion defined on a probability space (€, A,P). Then the component processes
BEI),. . .,Bgd) are independent one-dimensional Brownian motions. Hence for a given increasing se-
quence of partitions (r,,) with mesh(r,,) — 0, the covariations [B¥,BY],1 < i,j < d, exist almost
surely by Theorem 6.8 and the example above, and almost surely,

[BD,BV], = ¢-6;  forallt >0.
Therefore, we can apply Ito’s formula to almost every trajectory B,(w). For an open subset D € R and
a function F € C%(D) we obtain:

t t
1
F(B,) = F(By)+ / VF(B,) - dB: + 5 / AF(Bg)ds  Vt<Tpc P-as. (6.38)
0 0

where Tpc := inf{t > 0 : B, ¢ D} denotes the first exit time from D. As in the one-dimensional case,
(6.38) yields a decomposition of the process F(B;) into a continuous local martingale and a continuous
process of finite variation.

Exercise (A uniformly integrable local martingale that is not a martingale). Letx € R? with x # 0,
and suppose that (B;) is a three-dimensional Brownian motion with initial value By = x. Prove that the
process M; = 1/|B;| is a uniformly integrable local martingale up to 7' = oo, but (M) is not a martingale.

Product rule, integration by parts

As a special case of the multivariate It6 formula, we obtain the following integration by parts identity for Itd
integrals:

Corollary 6.21. Suppose that X,Y : [0,u) — R are continuous functions with continuous quadratic
variations [X] and [Y], and continuous covariation [X,Y]. Then

t
XY, - Xo¥o = /()Y() 'd();s) F[XY], forallt e [0u). (6.39)

t t
If one, or, equivalently, both of the It integrals [ Y; dX, and [ X dY; exist then (6.39) yields
0 0

t t
XY, - Xo¥y = /Y dX, + /XS dYs + [X,Y],. (6.40)
0 0
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6.4. Multivariate and time-dependent Itd formula

Proof. The identity (6.39) follows by applying Itd’s formula in R? to the process (X;,Y;) and the function
F(x,y) = xy. If one of the integrals fot Y dX or fot X dY exists, then the other exists as well, and

t t t
Y X
Jla) = [ [
0 0 0

As it stands, (6.40) is an integration by parts formula for Itd integrals which involves the correction term
[X,Y];. In differential notation, it is a product rule for It6 differentials:

d(XY) = XdY +Y dX + d[X,Y].
Again, in Stratonovich calculus a corresponding product rule holds without the correction term [X,Y]:
od(XY) = X odY +Y odX.

Remark (Existence of f X dY, Lévy area). Under the conditions of the theorem, the integrals fol X, dYs
and fot Y; dX; do not necessarily exist! The following statements are equivalent:

(i) The It integral fot Y dX exists (along (,,)).
(ii) The Itd integral [, X dY exists.

(iii) The Lévy area A,(X,Y) defined by

n—oo
SET,

s<t

t
A(X,Y) = /(Y dX - X dy) = lim " (Y6X, - X%)
0

exists.

If (X, Ys)se0,,] is the parametrization of a smooth curve in R? then A,(X,Y) is the oriented area between the
curve and the straight line connecting (Xy, Yy) and (X;,Y;). In general, if the Lévy area A,(X,Y) is given, the
stochastic integrals [ X dY and ['Y dX can be constructed pathwise. Pushing these ideas further leads to
the rough paths theory developed by T. Lyons and others [10, 8].

Example (Integrating finite variation processes w.r.t. Brownian motion). If (H,) is an adapted pro-
cess with continuous sample paths of finite variation and (B;) is a one-dimensional Brownian motion
then [H, B] = 0, and hence

t

t
H,B; — HyBy :(/jivst+'/szdHy
0 0

This integration by parts identity can be used as an alternative definition of the stochastic integral fot HdB
for integrands of finite variation, which can then again be extended to general integrands in £2(0,¢) by
the It6 isometry.

For continuous local martingales M and N, the covariation [M, N] along a partition sequence exists almost

surely w.r.t. convergence in probability. The product rule shows that similarly to the quadratic variation it
can be characterized as the finite variation part in the Doob-Meyer decomposition of M, N;.
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6. 1t6’s formula and pathwise integrals

Corollary 6.22 (Covariation of martingales as unique angle bracket process). Suppose that (M;) and
(N;) are continuous local martingales. Then [M, N] is the up to equivalence unique continuous process of
finite variation such that [M, N]y = 0 and M;N; — [M, N]; is a local martingale.

The proof is similar to that of Corollary 6.13. The details are left as an exercise.

Time-dependent It6 formula

The multi-dimensional It formula can be applied to functions that depend explicitly on the time variable ¢
or on the quadratic variation [X],. For this purpose we simply add ¢ or [X]; respectively as an additional
component to the function, i.e., we apply the multi-dimensional Itd formula to ¥; = (¢, X;) or ¥; = (£,[X];)
respectively.

Theorem 6.23. Suppose that X : [0,u) — R¢ is a continuous function with continuous covariations
[X®, x0)], along (7,), and let F € C?(Ry x R4). If A : [0,u) — R is a continuous function of finite
variation then the integral

1

/VxF(As’ Xs) : dXs = 15120 Z VxF(As,XS) : (Xs’/\t - Xs)
0 " SETTy,
s<t

exists, and the It6 formula

t t
F
F(ALX) = F(AnXo)+ / VL F(A, Xs) - dXs + / O (v xs) 6.41)
a
0

2 Z/ orr (AA,X)d[ x® XU)]S

lj—

holds for any ¢ > 0. Here 0 F /0a denotes the derivative of F(a, x) w.r.t. the first component, and V,F and
0°F [0x;0x ; are the gradient and the second partial derivatives w.r.t. the other components.

An important application of the theorem is for A, = ¢. Here we obtain the time-dependent It6 formula

O%F

F(t,X,) = V. F(t,X,)-dX, + t,X,) dt t,X,)d[x9, xV) 42
dF (1. X,) (X)X, + 5 t>cz+2lZ_la(9 (1.X,) d| I (642)
Similarly, if d = 1 and A; = [X]; then we obtain
OF dF 10°F
dF([X]., X;) = ot —([X1s, X¢) dt + (a 5 a2 ) ([X1s, X¢) d[X];. (6.43)

If (X;) is a Brownian motion and d = 1 then both formulas coincide.
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Proof. LetY, = (Yt(o), Yt(l),. . .,Yt(d)) := (A, Xy). Then [Y© y®], =0 for any t > 0and O < i < d because
Y,(O) = A; has finite variation. Therefore, by It6’s formula in R4+

d 2
1 o°F . ,
F(ALX) = F(ApX0)+IL += Y —(Ay,X,)d[XD, x9),, where
2 S 0x;0x;
— ; R+ . Asgne — As
b= fim 3LV FAGX) (Xm —X)
SEM,
s<t
= lim ZaF(A Xs)(A A)+ZV F(Ag, X) - (X, X;)
B n—oo da §» LS s’ At s X IR /At s))|-

The first sum on the right hand side converges to the Stieltjes integral fot g—Z(AS, Xs) dAg as n — co. Hence,
the second sum also converges, and we obtain (6.41) in the limit as n — oo. |

Note that if A(z, x) is a solution of the dual heat equation

oh 10%h

E-‘_iﬁ =0 fort > 0,x € R, (6.44)

then by (6.43),

(X1 X)) = h(0.X0) + / o (1X10.,) .
0

In particular, if (X;) is a Brownian motion, or more generally a local martingale, then h([X];, X;) is also a
local martingale. The next example considers two situations where this is particular interesting:

Example. (i) 16 exponentials: For any a € R, the function
h(t,x) = exp(ax — a’t/2)

satisfies (6.44) and 0h/dx = ah. Hence the function
Zt(a) = exp (a/X, - %Q’Z[X][)
is a solution of the Itd differential equation
dz" = oz ax,

with initial condition Z(()“) = 1. This shows that in It6 calculus, the functions Zf‘” are the correct
replacements for the exponential functions. The additional factor exp(—a?[X];/2) should be
thought of as an appropriate renormalization in the continuous time limit.

(i) Hermite polynomials: For n = 0,1,2,.. ., the Hermite polynomials

n

hp(t,x) =

1,
Ban exp(ax — > 1) -
also satisfy (6.44). The first Hermite polynomials are 1, x, x2 — 1, x3 = 3tx,... Note also that by
Taylor’s theorem,

(o)

exp(ax — a’t/2) = Z %hn(t,x).
n=0
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6. 1t6’s formula and pathwise integrals

Moreover, the following properties can be easily verified:

mLy) = P22 forallxeR, (6.45)
dx"
ha(t,x) = "h,(1,x/V1) forallz >0, x € R, (6.46)
dhy, dh, 106%h,
= nh,_1, - = 6.47
ox Miin-1 5t 2 ax2 (©47)

For example, (6.45) holds since
exp(ax —a?/2) = exp(—(x — a)?/2) exp(x*/2)

yields
2 n a"
ha(1,x) = exp(x~/2)(-1)

2
7 P12

E

B=x

and (6.46) follows from

X n
explax —a’1/2) = exp(aVi - (/D) = @VDP/2) = 3 Lo/,
n!
n=0
By (6.45) and (6.46), h, is a polynomial of degree n. For any n > 0, the function
H" = ha((X]0. X))

is a solution of the Itd equation
dH™ = nH"V dx,. (6.48)

Therefore, the Hermite polynomials are appropriate replacements for the ordinary monomials x”
in It6 calculus. If X = O then H(()") = 0 for n > 1, and we obtain inductively

t t t s
HY =1, HY = / dX,, H? = / HY ax, = / / dx, dX,,
0 0 0 0

and so on.

Corollary 6.24. If X : [0,u) — R is continuous with Xy = 0 and continuous quadratic variation then for

t € [0,u),
t Sn 52
1
// . / dXs] R dXSn,1 dXSn = ;hn([X]I’XI)'
0 0 0 '
Proof. The equation follows from (6.48) by induction on n. |

Iterated Itd integrals occur naturally in Taylor expansions of It6 calculus. Therefore, the explicit expression
from the corollary is valuable for numerical methods for stochastic differential equations.
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7. Brownian Motion and Partial Differential
Equations

The stationary and time-dependent It6 formula enable us to work out the connection of Brownian motion to
several partial differential equations involving the Laplace operator. One of the many consequences is the
evaluation of probabilities and expectation values for Brownian motion by p.d.e. methods. More generally,
It6’s formula establishes a link between stochastic processes and analysis that is extremely fruitful in both
directions.

Suppose that (B;) is a d-dimensional Brownian motion defined on a probability space (Q, A, P) such that
every sample path t — B;(w) is continuous. We first note that It6’s formula shows that Brownian motion

1
solves the martingale problem for the operator £ = EA in the following sense:

Corollary 7.1 (Time-dependent martingale problem). For every C? function F : [0,00) x R — R with
bounded first derivatives, the process

t

F 1
M} = F(t,B;) — F(0,By) — / (‘;—S+§AF) (s, By) ds
0

is a continuous (7;%) martingale. More generally, for every F € C%([0,00) x D),D € R? open, MT is a
continuous local martingale up to Tpc = inf{r >0 : B; ¢ D}.

Proof. By the continuity assumptions one easily verifies that M¥ is (7,8) adapted. Moreover, by the
time-dependent It6 formula (6.42),

t
MF = / V. F(s,By) - dB, fort < Tpe,
0
which implies the claim. n

Choosing a function F' that does not explicitly depend on ¢, we obtain in particular that
t
MF = F(B,)- F(By) - / %AF(BS) ds
0
is a martingale for any f € C;(Rd), and a local martingale up to Tpc for any F € C%(D).

7.1. Dirichlet problem, recurrence and transience

As a first consequence of Corollary 7.1, we can now complete the proof of the stochastic representation
for solutions of the Dirichlet problem that has been already mentioned in Section 3.2 above. By solving
the Dirichlet problem for balls explicitly, we will then study recurrence, transience and polar sets for multi-
dimensional Brownian motion.
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The Dirichlet problem revisited

Suppose that & € C*(D) N C(D) is a solution of the Dirichlet problem
Ah =0 onD, h=f ondD, (7.1

for a bounded open set D ¢ R¢ and a continuous function f : 9D — R. If (B,) is under P, a continuous
Brownian motion with By = x P,-almost surely, then by Corollary 7.1, the process h(B,) is a local (F,?)
martingale up to Tpc. By applying the optional stopping theorem with a localizing sequence of bounded
stopping times S,, ,/* Tpc, we obtain

h(x) = Ex[h(By)] = Ex[h(Bs,)] foralln € N.

Since P¢[Tpc < o] = 1 and h is bounded on D, dominated convergence then yields the stochastic
representation

h(x) = Ex[h(Br,)] = Elf(Br,)]  forall x e RY.

We thus have shown:

Theorem 7.2 (Stochastic representation for solutions of the Dirichlet problem). Suppose that D is a
bounded open subset of R¢, f is a continuous function on the boundary dD, and h € C*(D) N C(D) is a
solution of the Dirichlet problem (7.1). Then

h(x) = E.[f(Br)] forallx e D.

We will generalize this result substantially in Theorem 7.5 below. Before, we apply the Dirichlet problem
to study recurrence and transience of Brownian motions.

Recurrence and transience of Brownian motion in R¢

Let (B;) be a d-dimensional Brownian motion on (Q, A, P) with initial value By = xg,x9 # 0. For r > 0 let
T, = inf{t >0 : |B;| =r}.

We now compute the probabilities P[T, < Tp] for a < |xg| < b. Note that this is a multi-dimensional
analogue of the classical ruin problem. To compute the probability for given a, b we consider the domain

D = {xeR% : a<|x| <b}.
For b < oo, the first exit time Tpc is almost surely finite,

Tpc = min(Ty,Tp), and P[T,<Tp] = P[|BTDc| =al].
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Suppose that & € C(U) N C%(U) is a solution of the Dirichlet problem

1 if|x|=a,
Ah(x) = 0 forall x € D, h(x) = 7.2
*x) *x) {0 if |x| = b. (72)

Then h(B;) is a bounded local martingale up to 7, c, and optional stopping yields
P[Ta < Tb] = E[h(BTDc)] = h(XO)- (7.3)

By rotational symmetry, the solution of the Dirichlet problem (7.2) can be computed explicitly. The ansatz
h(x) = f(]x]) leads us to the boundary value problem

a’f d-1df B _ ~
ﬁ(lx|)+ TE(M) =0, fla)=1,f(®) =0,

for a second order ordinary differential equation. Solutions of the o.d.e. are linear combinations of the
constant function 1 and the function

K ford =1,
#(s) = {logs ford =2,
24 ford > 3.
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Figure 7.1.: The function ¢(s) for different values of d: red (d = 1), blue (d = 2) and purple (d = 3)

Hence, the unique solution f* with boundary conditions f(a) = 1 and f(b) = Qs

o) - (1)
J0) = o) = play

Summarizing, we have shown:

Theorem 7.3 (Ruin problem in R?). For a,b > 0 with a < |x| < b,

$(b) — ¢(|xol)

P[T, < T; = — d
Fa<Bol = o> ™
PT, < o] = 1 ford <2

“  a/|x)4 2 ford > 2.

Proof. The first equation follows by 6.44. Moreover,

1 ford <2
¢(|xol)/¢(a) ford > 3.

b— oo

P[T, < o] = lim P[T, <Tp] = {

Corollary 7.4. For a Brownian motion in R? the following statements hold for any initial value xy € R?:

(i) Ifd < 2 then every non-empty ball D C R¥ is recurrent, i.e., the last visit time of D is almost surely

infinite:
Ly = sup{t >0 : B,eD} = P-a.s.

(i) If d > 3 then every ball D is transient, i.e.,

Ly < o P-a.s.

(iii) If d > 2 then every point x € R¢ is polar, i.e.,

P[3t>0: B, =x] = 0.
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We point out that the last statement holds even if the starting point x¢ coincides with x. The first statement
implies that a typical Brownian sample path is dense in R?, whereas by the second statement, lim |B;| = oo
t—00

almost surely for d > 3.
Proof. (i), (ii). The first two statements follow from Theorem 7.3 and the Markov property.
(iii). For the third statement we assume w.l.o.g. x = 0. If x¢ # O then
P[Ty < 0] = 1}520 P[Ty < Tp]
for any a > 0. By Theorem 7.3,
P[Ty <Tp] < cig%P[Ta <Tp] =0 ford > 2,

whence Ty = oo almost surely. If xy = 0 then by the Markov property,
P[3t>¢e : B, =0] = E[Pp_[To <]] =0
for any £ > 0. thus we again obtain

PIfy <] = mP[31> 5 : B;=0] = 0. m

Remark (Polarity of linear subspaces). For d > 2, any (d — 2) dimensional subspace V C R is polar for
Brownian motion. For the proof note that the orthogonal projection of a one-dimensional Brownian motion
onto the orthogonal complement V+ is a 2-dimensional Brownian motion.

7.2. Boundary value problems, exit and occupation times

The connection of Brownian motion to boundary value problems for partial differential equations involving
the Laplace operator can be extended substantially:

The stationary Feynman-Kac-Poisson formula

Suppose that f : D — R,V : D —» Rand g : D — [0, ) are continuous functions defined on an open
bounded domain D c R, or on its boundary respectively. We assume that under Py, (B;) is Brownian
motion with P,[By = x] = 1, and that
T
Ex exp/V_(Bs) ds| < o for any x € D, (7.4)
0

where T = Tpc is the first exit time from D.
Note that (7.4) always holds if V is non-negative.

Theorem 7.5. If u € C%(D) N C(D) is a solution of the boundary problem

%Au(x) = V(x)u(x)—gx) for x € D, (7.5)
u(x) = f(x) for x € 0D, (7.6)
and (7.4) holds, then for any x € D,
T T t
u(x) = E|exp|- / V(Bs)ds |- f(Br)| + Ex /exp - / V(Bs)ds |- g(B;)dt|. 7.7)
0 0 0
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Remark. Note that we assume the existence of a smooth solution of the boundary value problem (7.5).
Proving that the function u defined by (7.7) is a solution of the b.v.p. without assuming existence is much
more demanding.

Proof. By continuity of V and (By), the sample paths of the process

t

A = / V(By) ds

0

are C! and hence of finite variation for t < 7. Let
Xt = €_A'M(Bt), < T

Applying Itd’s formula with F(a, b) = e~ “u(b) yields the decomposition

dX;

1
e Y Vu(B,) - dB; — e 1u(B,) dA, + Ee_A’Au(B,) dt
-A A, (]
= € IVM(Bt) . dBt +e ! (EAM -V. l/l) (Bt) dt

of X; into a local martingale up to time 7" and an absolutely continuous part. Since u is a solution of (7.5), we

1
have EAM — Vu = —g on D. By applying the optional stopping theorem with a localizing sequence 7, ,// T
of stopping times, we obtain the representation

Ty

u(x) = Ex[Xo] = ExlXp,]+Es / A g(B,) di
0 .
= Ex[e_AT"u(BTn)]+Ex /e_A‘g(Bt) dt
0

for x € D. The assertion (7.7) now follows provided we can interchange the limit as n — oo and the
expectation values. For the second expectation on the right hand side this is possible by the monotone
convergence theorem, because g > 0. For the first expectation value, we can apply the dominated convergence
theorem, because

T
!e‘ATn u(BTn)| < exp /V_(Bs)ds - sup |u(y)| Vn eN,
0 yeD
and the majorant is integrable w.r.t. each P, by Assumption 7.4. |

Remark (Extension to diffusion processes). A corresponding result holds under appropriate assumptions
if the Brownian motion (B;) is replaced by a diffusion process (X;) solving a stochastic differential equation
of the type dX; = o(X;) dB; + b(X;) dt, and the operator %A in (7.5) is replaced by the generator

1 & 52
L = 3 i]Z::l ai’j(X)m +b(x)-V, a(x)=ox)o(x)",

of the diffusion process, cf. ??. The theorem hence establishes a general connection between It6 diffusions
and boundary value problems for linear second order elliptic partial differential equations.
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By Theorem 7.5 we can compute many interesting expectation values for Brownian motion by solving
appropriate p.d.e. We now consider various corresponding applications.

Let us first recall the Dirichlet problem where V = 0 and ¢ = 0. In this case, u(x) = E[f(Br)]. We
have already pointed out in the last section that this can be used to compute exit distributions and to study
recurrence, transience and polarity of linear subspaces for Brownian motion in R?. A second interesting
case of Theorem 7.5 is the stochastic representation for solutions of the Poisson equation:

Poisson problem and mean exit time
If V and f vanish in Theorem 7.5, the boundary value problem (7.5) reduces to the boundary value problem

1
5Au=—g onD, u=0 ondD,

for the Poisson equation. The solution has the stochastic representation

T

u(x) = Ey /g(Bt) dt|, x €D, (7.8)
0

which can be interpreted as an average cost accumulated by the Brownian path before exit from the domain
D. In particular, choosing g = 1, we can compute the mean exit time

u(x) = Ex[T]

from D for Brownian motion starting at x by solving the corresponding Poisson problem.

Example. If D = {x € R? : |x| < r} is a ball around O of radius r > 0, then the solution u(x) of the
Poisson problem

1 -1 for|x| <r
—Au(x) =
2 ) {0 for |x| =r

can be computed explicitly. We obtain

r2 —|x?

Ex[T] = u(x) = —

for any x € D.

Occupation time density and Green function

If (B;) is a Brownian motion in R¢ then the corresponding Brownian motion with absorption at the first exit
time from the domain D is the Markov process (X;) with state space D U {A} defined by

B, fort<T
Xt = 5
A fort>T

where A is an extra state added to the state space. By setting g(A) = 0, the stochastic representation (7.8)
for a solution of the Poisson problem can be written in the form

w) = | [sydr] = [@Poroar (7.9)
0 0
where
pP(x,A) = Pi[X, € A], A € R measurable,
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is the transition function for the absorbed process (X;). Note that for A ¢ R¢,
pP(x,A) = Pi[B, e Aandt < T] < p;(x,A) (7.10)

where p; is the transition function of Brownian motion on R?, Fort > 0 and x € R9, the transition function
p:(x,e) of Brownian motion is absolutely continuous. Therefore, by (7.10), the sub-probability measure
pP(x, o) restricted to R is also absolutely continuous with non-negative density

Ix—ylz)

PP (y) < play) = @uoy 2 exp(— T

The function pP is called the heat kernel on the domain D w.r.t. absorption on the boundary. Note that

(o)

GP(x,y) = [ pP(x,y)dt
/

is an occupation time density, i.e., it measures the average time time a Brownian motion started in x spends
in a small neighbourhood of y before it exits from the Domain D. By (7.9), a solution u of the Poisson
problem %Au = —gon D, u =0 on dD, can be represented as

u(x) = /GD(x, v)g(y) dy for x € D.
D

This shows that the occupation time density G (x, y) is the Green function (i.e., the fundamental solution of
the Poisson equation) for the operator %A with Dirichlet boundary conditions on the domain D.

Note that although for domains with irregular boundary, the Green’s function might not exist in the classical
sense, the function G (x, y) is always well-defined!

Stationary Feynman-Kac formula and exit time distributions
Next, we consider the case where g vanishes and f = 1 in Theorem 7.5. Then the boundary value problem
(7.5) takes the form

1

EAM =Vu onD, u=1 ondD. (7.11)

The p.d.e. %Au = Vu is a stationary Schrodinger equation. We will comment on the relation between
the Feynman-Kac formula and Feynman’s path integral formulation of quantum mechanics below. For the
moment, we only note that for the solution of (7.11), the stochastic representation

T

u(x) = Ex |exp|- [ V(B;) dt
/

holds for x € D.

As an application, we can, at least in principle, compute the full distribution of the exit time 7. In fact,
choosing V = «a for some constant @ > 0, the corresponding solution u, of (7.11) yields the Laplace
transform

(9]

ta(x) = Ex[eT] = / ¢ i (d) (7.12)
0

of fy = Py o T7L.

148 University of Bonn



7.2. Boundary value problems, exit and occupation times

Example (Exit times in R!). Suppose d = 1 and D = (—1,1). Then (7.11) with V = « reads
1
SUI) = aute(x) forx € (<11 ta(l) = ual-1) =

This boundary value problem has the unique solution

cosh(x - V2a)
cosh(V2a)

By inverting the Laplace transform (7.12), one can now compute the distribution g, of the first exit time
T from (—1,1). It turns out that u, is absolutely continuous with density

uga(x) = for x € [-1,1].

1+x)2 (4n+] x)?

((4n +1+ x)e’mmzt +@n+1-x)e , t=>0.

1 (o)
Jr@) = Al

Figure 7.2.: The density of the first exit time 7 depending on the starting point x € [—1,1] and the time
t €(0,2].

Boundary value problems in RY and total occupation time

Suppose we would like to compute the distribution of the total occupation time

(9]

/IA(BS) ds

0

of a bounded domain A ¢ R for Brownian motion. This only makes sense for d > 3, since for d <
the total occupation time of any non-empty open set is almost surely infinite by recurrence of Brownian

motion in R' and R2. The total occupation time is of the form f V(Bs) ds with V = I4. Therefore, we

0
should in principle be able to apply Theorem 7.5, but we have to replace the exit time 7 by +co and hence
the underlying bounded domain D by R¢.
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Corollary 7.6. Suppose d > 3 and let V : R? — [0, c0) be continuous. If u € C*(R?) is a solution of the
boundary value problem

1
5Au = Vu  on RY, lim u(x) = 1 (7.13)

|x|—00

then

u(x) = Ey |exp —/V(Bt) dt for any x € R?.
0

Proof. Applying the stationary Feynman-Kac formula on an open bounded subset D c R¢, we obtain the

representation

Thc

u(x) = E, u(BTDC)eXp - / V(B;) dt (7.14)
0

by Theorem 7.5. Now let D, = {x € R¢ : |x| < n}. Then Tpe /" oo asn — oo, Since d > 3, Brownian
motion is transient, i.e., lim |B;| = co, and therefore by (7.13)
—o00

lim u(BTD c) =1 P,-almost surely for any x.

n—oo

Since u is bounded and V is non-negative, we can apply dominated convergence in (7.14) to conclude

()

u(x) = Ey [exp —/V(B,) dt
0 |

Let us now return to the computation of occupation time distributions. Consider a bounded subset
A cR? d >3, and let

(o)

ve(x) = Ex |exp —oz/IA(Bs) ds ||, a >0,
0

denote the Laplace transform of the total occupation time of A. Although V = aly is not a continuous
function, a representation of v, as a solution of a boundary problem holds:

Exercise. Prove that if A ¢ R? is a bounded domain with smooth boundary dA and u, € C'(R%) N
C%(R? \ 0A) satisfies

1
70ua = algug on R4\ A, ‘llim Ug(x) = 1, (7.15)
X |[—00

then vy, = u,.

Remark. The condition u, € C 1(Rd) guarantees that u, is a weak solution of the p.d.e. (7.13) on all of R4
including the boundary U.

Example (Total occupation time of the unit ball in R3). Suppose A = {x € R® : |x| < 1}. In this

case the boundary value problem (7.13) is rotationally symmetric. The ansatz u,(x) = fy(|x|), yields a
Bessel equation for f;, on each of the intervals (0, 1) and (1, 00):

%fé'(”)+r_1fé(r) = afy(r) forr <1, %fé'(r)+r_lf(;(r) =0 forr>1.
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Taking into account the boundary condition and the condition u, € C'(R?), one obtains the rotationally
symmetric solution

1+ M —1|-r ! forr e[l,),
V2a
ta(x) = | _Sinh(V2ar) forr € (0,1)
\/ﬂfoshm
S forr =0
cosh(V2a)

of (7.13), and hence an explicit formula for v,. In particular, for x = 0 we obtain the simple formula

00

Ey |exp —a/lA(B,) dt|| = ue(0) =
0

1
cosh(V2a) '

The right hand side has already appeared in the example above as the Laplace transform of the exit time
distribution of a one-dimensional Brownian motion starting at O from the interval (—1,1). Since the
distribution is uniquely determined by its Laplace transform, we have proven the remarkable fact that
the total occupation time of the unit ball for a standard Brownian motion in R3 has the same distribution
as the first exit time from the unit ball for a standard one-dimensional Brownian motion:

/1{|B$3‘<1}dt ~ inf{t >0 : [B¥'| > 1}.
0

This is a particular case of a theorem of Ciesielski and Taylor who proved a corresponding relation
between Brownian motion in R4*? and R for arbitrary d.

7.3. Heat Equation and Time-Dependent Feynman-Kac Formula

1t6’s formula also yields a connection between Brownian motion (or, more generally, solutions of stochastic
differential equations) and parabolic partial differential equations. The parabolic p.d.e. are Kolmogorov
forward or backward equations for the corresponding Markov processes. In particular, the time-dependent
Feynman-Kac formula shows that the backward equation for Brownian motion with absorption is a heat
equation with dissipation.

Brownian Motion with Absorption

Suppose we would like to describe the evolution of a Brownian motion that is absorbed during an infinitesimal
time interval [¢,1 + dt] with probability V (¢, x)dt where x is the current position of the process. We assume
that the absorption rate V(t, x) is given by a measurable locally-bounded function

V :[0,00) x RY — [0, 00).

Then the accumulated absorption rate up to time ¢ is given by the increasing process

t

A; = /V(S,BS) ds, t > 0.
0

We can think of the process A; as an internal clock for the Brownian motion determining the absorption
time. More precisely, we define:
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Definition 7.7. Suppose that (B;);>o is a d-dimensional Brownian motion and 7 is a with parameter 1
exponentially distributed random variable independent of (B;). Let A be a separate state added to the state
space R?. Then the process (X,) defined by

B, forA; <T,
Xl =
A forA; > T,
is called a Brownian motion with absorption rate V(t, x), and the random variable

=inf{r >0 : A, > T}

is called the absorption time.

A justification for the construction is given by the following informal computation: For an infinitesimal
time interval [z,f + dt] and almost every w,

P[g <t+dt | (Bs)szo,g > t](w)

PlAtrar(w) 2T | Ai(w) < T]
= PlAna(w) - Al(w) 2 T]

= P[V(t,B(w))dt > T]

= V(t,B/(w))dt

by the memoryless property of the exponential distribution, i.e., V (¢, x) is indeed the infinitesimal absorption
rate.

Rigorously, it is not difficult to verify that (X,) is a Markov process with state space R U {A} where A is an
absorbing state. The Markov process is time-homogeneous if V(z, x) is independent of 7.

For a measurable subset D C R and ¢ > 0 the distribution y; of X; is given by

w[D] = P[X,eD] = P[B,€D and A, <T]
E[P[A, <T|(B,)]; B, € D] (7.16)

t
E |exp —/V(s,BS)ds ; By e Df.
0

1t6’s formula can be used to prove a Kolmogorov type forward equation:

Theorem 7.8 (Forward equation for Brownian motion with absorption). The sub-probability mea-
sures y; on R? solve the heat equation

0 1
% = EAllt - V(t,®)u; (7.17)

in the following distributional sense:

[ reomtan - [ seoman - / [ GAT) = Vs fa ()
0

for any function f € COZ(R‘I ).
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Here Cg(Rd) denotes the space of C2-functions with compact support. Under additional regularity
assumptions it can be shown that y, has a smooth density that solves (7.17) in the classical sense. The
equation (7.17) describes heat flow with cooling when the heat at x at time ¢ dissipates with rate V(z, x).

Proof. By (7.16),
/ fdur = Elexp(-Ay): f(B)] (7.18)

for any bounded measurable function f : R — R. For f € Cg(Rd), an application of It6’s formula yields

t t

e Y f(B;) = f(Bo)+ M, + / e‘Asf(BsW(s,Bs)dH% / e Y Af(By) ds,

0 0

for t > 0, where (M) is a local martingale. Taking expectation values for a localizing sequence of stopping
times and applying the dominated convergence theorem subsequently, we obtain

1

E[e f(B)] = ELf(Bo)] + / E[eGAS = V(s, )/ )(B,)] ds.

0

Here we have used that %A f(x) = V(s,x)f(x) is uniformly bounded for (s,x) € [0,¢] x R, because f has
compact support and V is locally bounded. The assertion now follows by (7.18). |

Exercise (Heat kernel and Green’s function). The transition kernel for Brownian motion with time-
homogeneous absorption rate V(x) restricted to R is given by

exp (—/V(Bs)ds) ; BreD

0

pY(x,D) = E,

(i) Prove that forany 7 > 0 and x € R, the sub-probability measure p}/(x, e) is absolutely continuous
on R? with density satisfying

0 < pY(x,y) < 2rt) 2 exp(=|x — y[*/(21)).

(ii) Identify the occupation time density

(o)

GV (x.y) = / pY (xuy) di
0

as a fundamental solution of an appropriate boundary value problem. Adequate regularity may
be assumed.

Time-dependent Feynman-Kac formula

In Theorem 7.8 we have applied It6’s formula to prove a Kolmogorov type forward equation for Brownian
motion with absorption. To obtain a corresponding backward equation, we have to reverse time:

Theorem 7.9 (Feynman-Kac). Fix r > 0, and let f : R — R and V, g : [0,f] x R — R be continuous
functions. Suppose that f is bounded, g is non-negative, and V satisfies

t
Ey exp/V(t—s,Bs)_ ds| < oo for all x € RY. (7.19)
0
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If u € C2((0,¢] x RY) N C([0,7] x R¥) is a bounded solution of the heat equation

1
?(s,x) EAM(S, x) = V(s,x)u(s,x) + g(s, x) for s € (0,¢],x € RY,
s
(7.20)

u@0,x) = f(x),
then u has the stochastic representation

t

u(t,x) = Ex|f(B;)exp —/V(t—s,BS)ds +

0
[ ¢ r

E, /g(t—r,Br)exp —/V(t—s,BS) ds| dr|.

LO 0

Remark. The equation (7.20) describes heat flow with sinks and dissipation.

Proof. We first reverse time on the interval [0,¢]. The function
a(s,x) = u(t—s,x)

solves the p.d.e.

ot
a(s’x)

|
|
1
~
Ng
=
~
Il
I
—_
|
>
<
I
<
<
—+
oo
S~—
~~
~
I
b
=
~

1 .
- (EAﬁ -Vi+ g) (s,x)

on [0,¢] with terminal condition #i(z, x) = f(x). Now let X, = exp(—A,)ii(r, B,) for r € [0,¢], where

r r
A, = /V(s, Bg)ds = /V(t —s,By) ds.
0 0
By 1t6’s formula, we obtain for € [0, 1],

T T

—A, A —A 312 1 N
X:—Xo = M- [ e77i4(r,B,)dA, + | e s + EAM (r,B,) dr
s
0 0

T

on 1 .
M, + / A |2y ZAn—Va| &, B,) dr
os 2

0

-
= MT—/e_A’g’(r,Br) dr
0

with a local martingale (M- ). ¢[o,;] vanishing at 0. Choosing a corresponding localizing sequence of stopping
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times 7, with T,, /* t, we obtain by the optional stopping theorem and by dominated convergence,

40, x) = Ex[Xo]

t

E.[X,] + Ex / e A 8(r,B,) dr
0

u(t, x)

t
E.[e 2 u(0,B,)] + E, /e‘Arg(t -r,By)dr|. |
0

Remark (Extension to diffusion processes). Again a similar result holds under a appropriate regularity
assumptions for Brownian motion replaced by a solution of a s.d.e. dX; = o(X;)dB; + b(X;)dt and %A
replaced by the corresponding generator, cf. ??.

Occupation times and arc-sine law

The Feynman-Kac formula can be used to study the distribution of occupation times of Brownian motion.
We consider an example where the distribution can be computed explicitly: The proportion of time during
the interval [0, ¢] spent by a one-dimensional standard Brownian motion (B;) in the interval (0, c0). Let

t

A = A{se[0,] : By >0}) = / 1(0.00)(By) ds.
0

Theorem 7.10 (Arc-sine law of P.Lévy). For any # > 0 and 6 € [0, 1],

2
Po[A;/t < 6] = ;arcsin\/é =

1/0 ds
T ! s(1 —s).

Figure 7.3.: Density of A, /t.

Note that the theorem shows in particular that a law of large numbers does not hold! Indeed, for each

>0,
t

1 1
Py ; /I(o’oo)(Bs) ds — E > & +~ 0 ast — oo,
0
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Even for large times, values of A;/t close to O or 1 are the most probable. By the functional central limit
theorem, the proportion of time that one player is ahead in a long coin tossing game or a counting of election
results is also close to the arcsine law. In particular, it is more then 20 times more likely that one player is
ahead for more than 98% of the time than it is that each player is ahead between 49% and 51% of the time
[13].

We now give an informal derivation of the arc-sine law that is based on the time-dependent Feynman-Kac
formula. The idea for determining the distribution of A; is again to consider the Laplace transforms

u(t,x) = Exlexp(-BA)L. B >0.
By the Feynman-Kac formula, we could expect that u solves the equation

ou 1 0%u
= = 292 Blo,c0)u (7.21)

with initial condition u(0, x) = 1. To solve the parabolic p.d.e. (7.21), we consider another Laplace transform:
The Laplace transform

o0 (o)

va(x) = /e_‘”u(t,x) dt = E, /e_‘”_'BAt dt|, a >0,
0 0

of a solution u(z, x) of (7.21) w.r.t. t. An informal computation shows that v, should satisfy the o.d.e.

1, i or [10%u T _ar OU
Eva _BI(O,OO)VQ/ = /6 at (EW —ﬁl((),oo)u) (t, .) dt = /e C IE(I,.) dt
0 0
= e u(t,e)y + a//e_mu(t,O) dt = -1+ av,,
0
i.e., v, should be a bounded solution of
1,
@ ™ qu +Blo.c)Va = 8 (7.22)

where g(x) = 1 for all x. The solution of (7.22) can then be computed explicitly, and one obtains the arc-sine
law by Laplace inversion.

Remark. The method of transforming a parabolic p.d.e. by the Laplace transform into an elliptic equation
is standard and used frequently. In particular, the Laplace transform of a transition semigroup (p;); ¢ is the
corresponding resolvent (g4 )a>0, €o = fooo e ¥p, dt.

Instead of trying to make the informal argument above rigorous, one can directly prove the arc-sine law
by applying the stationary Feynman-Kac formula:
Exercise. Prove Lévy’s arc-sine law rigorously by proceeding in the following way:

(i) Let g € Cp(R). Show that if v, is a bounded solution of (7.22) on R \ {0} with v, € C'(R) N
C?(R\ {0}) then

00

/ g(B,)e_‘”_BA’ dt

0

Va(x) = Ey for any x € R.
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7.3. Heat equation and time-dependent FK formula

(ii) Compute a corresponding solution v, for g = 1, and conclude that

1

Vala + ,8).

/e_‘”Eo[e_ﬁA’]dt =
0

(iii) Now use the uniqueness of the Laplace inversion to show that the distribution u, of A;/t under
P, is absolutely continuous with density

1

Sfa () = ﬁ
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8. Stochastic Differential Equations: Explicit
Computations

We will now study solutions of stochastic differential equations (SDE) of type

where (B;);>0 is a d-dimensional Brownian motion, and b and o~ are continuous functions taking values in R”
and R that are defined on R, x R” or an appropriate subset. Recall that we call a process (,w) — X;(w)
that is defined up to a stopping time 7'(w) adapted w.r.t. a filtration (¥7), if the trivially extended process
X, =X, - I <) is (F7)-adapted.

Definition 8.1 (Weak and strong solutions). A (weak) solution of the stochastic differential equation (8.1)
is given by

(i) a “setup” consisting of a probability space (Q, A, P), a filtration (%;); >0 on (, A) and an R¢-valued
(¥¢) Brownian motion (B;);>o on (Q, A, P),

(ii) a continuous (¥;) adapted stochastic process (X;);<r where T is an (7;) stopping time, and

t t
X, = Xo+ / b(s,Xs) ds + / o (s, Xy) dBy foranyt < T, P —a.s.
0 0

It is called a strong solution w.r.t. the given setup if and only if (X;) is adapted w.r.t. the filtration
(o (F7". X0)), 5, generated by the Brownian motion and the initial condition.

Note that for a general (weak) solution of an SDE, the Brownian motion is part of the solution. This
will be exploited in Section ?? below where weak solutions are constructed for example by changing the
underlying probability measure. The terminology “strong” solution will also be explained in more detail
later. The point is that a strong solution is essentially (up to modification on measure zero sets) a measurable
function of the given Brownian motion and the initial condition ! There are stochastic differential equations
that have weak but no strong solutions. An example will be given in Section ??. The concept of strong and
weak solutions of stochastic differential equations is not related to the analytic definition of strong and weak
solutions for partial differential equations.

In this section we study properties of solutions and we compute explicit solutions for mostly one-dimensional
SDE. We start with an example:

Example (Asset price model in continuous time). A nearby model for an asset price process (S;;)n=0.1.2....
in discrete time is to define S,, recursively by

Spe1 = Sp = @pSp + o-nSnTIn+l

with i.i.d. random variables 7;,i € N, and stochastic processes a, and o, that are adapted w.r.t. an
underlying filtration. Trying to set up a corresponding model in continuous time, we arrive at the
stochastic differential equation

ds: = «;S; dt + 0+S; dB; 8.2)
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with an (%;)-Brownian motion (B;) and (¥,F) adapted continuous stochastic processes (a;);>0 and
(0¢)r>0, where (F;) is a given filtration on a probability space (Q, A, P). The processes @, and o
describe the instantaneous mean rate of return and the volatility. Both are allowed to be time dependent
and random.

In order to compute a solution of (8.2), we assume S; > 0 for all # > 0, and we divide the equation by
Sy:

1
? dSt = dr + (o] dBt (83)
t

We will prove in Section 8.1 that if an SDE holds then the SDE multiplied by a continuous adapted
process also holds, cf. Theorem 8.6. Hence (8.3) is equivalent to (8.2) if S, > 0. If (8.3) would be
a classical ordinary differential equation then we could use the identity d log S; = s_l, dsS; to solve the
equation. In It6 calculus, however, the classical chain rule is violated. Nevertheless, it is still useful to
compute d log S; by 1t6’s formula. The process (S;) has quadratic variation

. t
[S]: = [/ oSy dBr] = / o282 dr for any ¢ > 0,
0 : 0

almost surely along an appropriate sequence (r,,) of partitions with mesh(sxr,,) — 0. The first equation
holds by (8.2), since ¢ — fot a, S, dr has finite variation, and the second identity is proved in Theorem
8.6 below. Therefore, 1t6’s formula implies

1 1
dlog$; = —dS; —

1
5 2 d[S), = o; dt + oy dB; — 50’3 dt = p dt + oy dBy,

where u; 1= a; — 0't2/2, ie.,

t t
10g St — 10g So = / Ms ds + / o dBy,
0 0

or, equivalently,

t t
S = So-exp (/ Us ds + / o dBS) . (8.4)
0 0

Conversely, one can verify by Itd’s formula that (S;) defined by (8.4) is indeed a solution of (8.2). Thus
we have proven existence, uniqueness and an explicit representation for a strong solution of (8.2). In the
special case when a; = @ and 0; = o are constants in ¢ and w, the solution process

S; = Spexp (O'B, + (@ — 0'2/2)t)

is called a geometric Brownian motion with parameters « and o .
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8.1. Stochastic calculus for semimartingales

Figure 8.1.: Three one dimensional geometric Brownian motions with a®> = 1 and o = 0.1 (blue), o = 1.0
(red) and o = 2.0 (magenta).

8.1. Stochastic calculus for semimartingales

By definition, any solution of an SDE of the form (8.1) is the sum of an absolutely continuous adapted
process and an Itd stochastic integral w.r.t. the underlying Brownian motion, i.e.,

Xt = At + Il for[ < T, (85)
where

t t
Ay = / K¢ds and I, = / H, dB; (8.6)
0 0

with (H;);<r and (K;);<7 almost surely continuous and (?;B’P)—adapted. A stochastic process of type (8.5)
is called an [f6 process. Clearly, every It process is a continuous semimartingale in the following sense:

Definition 8.2 (Continuous semimartingale). A real valued stochastic process (X;) defined on a probabil-
ity space (Q, A, P) is called a continuous semimartingale w.r.t. a filtration (%7), iff (X;) has a decomposition

Xt = Ml aF Az (8'7)

into a continuous local (¥7) martingale (M;) and a continuous (¥;) adapted finite variation process (A;).

By Theorem 6.12, the semimartingale decomposition (8.7) is unique up to equivalence if one assumes
My = 0 (or, alternatively, Ag = 0). Indeed, if M + A and M + A are two semimartingale decompositions of
the same process X then M — M = A — A. Thus M — M is a continuous local martingale with sample paths
of finite variation, and hence it is almost surely constant, i.e., almost surely,

A —A, = M,—M, = My—My = 0  forallz > 0.
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Therefore we can define without ambiguity the Itd integral of a continuous (¥;) adapted process (H;) w.r.t.

(Xt) by setting
t t t
/ ['Is dXs = / Hs dMs + / Hs dAs (88)
0 0 0

where X; = M; + A, is an arbitrary semimartingale decomposition of (X;), the integral w.r.t. the continuous
local martingale (M;) is defined as an Itd integral, and the integral w.r.t. the finite variation process (A;) is
defined pathwise as a Stieltjes integral. Note that (8.8) provides a semimartingale decomposition for the
stochastic process ( fot H; dX), so stochastic integration preserves semimartingale decompositions !

The definition in (8.8) shows that the class of Itd processes w.r.t. a given Brownian motion is closed under
taking stochastic integrals. In particular, strong solutions of SDE w.r.t. Itd processes are again It6 processes.
In order to compute and analyse solutions of SDE we will apply It&’s formula to It6 processes, and, more
generally, to processes that are defined as stochastic integrals w.r.t. continuous semimartingales. Since the
rules of classical Stieltjes calculus apply to the finite variation part, it only remains to consider the local
martingale part.

Covariation of stochastic integrals

For the next lemma, we fix a constant u € (0, o], and a sequence (7,,) of partitions of R, with mesh(r,) — 0.

Lemma 8.3 (Pathwise Kunita-Watanabe inequality). Suppose that X,Y : [0,u) — R are continuous

Sfunctions with continuous quadratic variations [X] and [Y], and continuous covariation [X,Y], and let
He .Elzoc([O, u),d[X])and K € .Elzoc([O, u),d[Y)]). ThenH -K € .EIOC([O, u),|d[X,Y]|), and

1/2 1/2
(/ H?d[ ) (/ K2d| ) forallt € [0,u). (8.9)

Proof. Let O < u < v. Then by continuity of X, Y and [X,Y],

/HKdXY

(XYL - [XY], = lim 3 (Xy = X)(¥ - Xy,
sem,Nu,v)

where s’ denotes the next partition point in 77,,. Applying the Cauchy-Schwarz inequality to the approximating
sums, we obtain

X, Y] - [X, Y]] < ((X]y - [X1)2 (Y] - [Y]0)'2.

Now suppose first that H and K are elementary functions of the form H = }, a; 1, v, K = X a;l, ;) with
disjoint intervals (u;, v;] and a;, b; € R. Then by another application of the Cauchy-Schwarz inequality,

’Z aibi(([X’Y]vi/\z - [X,Y]ui/\,)
< D lail bl ((XIvons = [XDund) " (0¥ Din = [V L)

(3 ((XTns = XDunr)) (357 (1 hne = VDo)
[ H‘%d[X]s)l/z [ = dms)l/z.
0 0

The extension of the inequality from elementary to arbitrary square integrable functions then follows by a
standard approximation argument. |

t
/ HyK, d[X.Y],
0

A

12

IA

We now apply the Kunita-Watanabe inequality to prove an extension of It6’s isometry that will allow us
to identify the covariation of two stochastic integrals.
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8.1. Stochastic calculus for semimartingales

Theorem 8.4 (Extended Itd isometry). Suppose that M and N are martingales in M2 ([0, u)) with almost
surely absolutely continuous quadratic variations. Then for arbitrary processes H € £2(0,u; M) and
K e LZ(O,u;N), and for all s,7 € [0,u] with s < ¢,

t ¢
E [/ H, dM, / K, dN,
Ay S

7—‘] = E[/tH,Krd[M,N]r

7—}] . (8.10)

Proof. Let s,¢t € [0,u] with s < . Then for predictable step functions H,K € &, the equation in (8.10) can
be shown similarly to the proof of 1t6’s isometry in Theorem 5.7. The details are left as an exercise.

Now consider arbitrary processes H € £2(0,u; M) and K € £2(0,u; N), and let H" and K" be sequences
of elementary predictable processes such that H" — H in L*(Q x (0, u),Piyry) and K" — K in L*(Q x
(0,u), P(ny). Thenas n — oo, [ H"dM — [/ HdM and [/ K" dN — [! K dN in L*(P) by Ito’s isometry.
Hence by the Cauchy-Schwarz inequality,

t t t t
E[/ H;’er/Kr”dN, 7—;} — E[/ H,dM,/K,dNr
S S S S

Furthermore, the integrals fSZ(H " _ H)?> d[M] and f :(K " — K)? d[N] converge to 0 in L' (P). Therefore, by
Lemma 8.3 and another application of Cauchy-Schwarz,

91;] in L'(P).

t
E[ / H'K" d[M,N],

t
ﬁ} — E[/ H,K, d[M,N],

7—}} in L'(P).

Thus (8.10) holds for H and K as well. |

Corollary 8.5 (Covariation of stochastic integrals). Suppose that 7" is a predictable stopping time, and
M = (M;);<1 and N = (N,);<r are continuous local martingales with almost surely absolutely continuous
quadratic variations. Then for arbitrary processes H € L2 (0,T; M) and K € L2 (0,T;N),

a,loc a,loc

° . t
[/ H, dM, , / K, dNr} = / H.K, d[M,N], forallt € [0,T), P-almostsurely. (8.11)
0 0 t 0

Proof. Suppose first that T = u for a constant u € (0,c0], and assume that H € £2(0,u; M) and K €
£2(0,u; N). Then Theorem 8.4 shows that [ HdM - [ K dN — [ HK d[M,N] is a martingale. Therefore,
by Corollary 6.22, we can conclude that almost surely,

. . t
[/ H, dM, / K, dNr] = / H.K, d[M,N], for all ¢ € [0, u).
0 0 P 0

The extension to local martingales follows by a localization argument. |

Note that the formula for the covariation of stochastic integrals in (8.11) immediately extends to contin-
uous semimartingales, because Stieltjes integrals w.r.t. continuous finite variation processes have vanishing
quadratic variation.
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Composition of stochastic integrals

Suppose that M = (M;),<r is a continuous local (¥;) martingale with absolutely continuous quadratic
variation [M] that is defined up to a predictable stopping time 7. Moreover, let I = (I;); <7 denote the local

martingale
t
I, = / H dM
0

where (H;);<r is a process in Li 10c(0:T; M). By Corollary 8.11, I is again a continuous local martingale
with absolutely continuous covariation

1, = [ 2 aw. (8.12)
0

Theorem 8.6 (Composition rule). Suppose that (G;)o<;<7 is a progressively measurable process such that
G-He L*>, (0,T;M). Then Gisin L2, (0,T;I), and almost surely,

a,loc a,loc

t t
/ Gydl, = / Gy H dM for any ¢ > 0. (8.13)
0 0

Proof. We first assume that T = u for a finite constant u € (0, co], M is a continuous martingale in Mg( [0, u)),
and H is in L2(0,u; M). If G is an elementary predictable processes then G - H is in £2(0,u; M) as well,
and (8.13) can be easily verified.

Next suppose that G is a progressively measurable process such that G - H is in £2(0,u; M). Then by
(8.12), G is in L2(0,u; I). Let (G™),cn be a sequence of elementary predictable processes such that

u
/ |G — Gs>d[I] — 0  in L*(P).
0
Then [ G"dIl — [ GdlI in L?(P). Moreover, by (8.12),
u
|16 -G ann, > 0 i)
0

and thus [ G"H dM — [ GH dM in L*(P). Hence (8.13) is again satisfied.
The assertion in the general case now follows by localization: By Lemma 5.17, there exists an increasing
sequence of stopping times T, T such that for every k, the stopped process M; t, is abounded martingale in

MZ([0, 00)), and the trivially extended processes Hz(k) = Hi I <7,y and G H I ; <1, y are in L2(0, 00; Mepty).
Let ng) :=Gili<1; yand I,(k) = foz Hg 151,y dMsp1, . Thenforevery k € N, 1% is a continuous martingale
in M2([0,0)), and, as shown above, G*) is in £2(0, co; I©)), and almost surely,

t t
/ G(rk) dlﬁk) = / G(rk)Hﬁk) dM,nt, forany ¢t > 0.
0 0

For ¢t < Tk, all processes coincide with their localized versions, and thus fot G, dl = fot G,H, dM,. The
claim follows, since

P = 0.

<\ Jtr <7
k
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Summary of calculus rules

We summarize the main calculus rules for continuous semimartingales that are immediate consequences of
the definition in (8.8) and Theorem 8.6. Suppose that (¥;),(Z,),(I,),(J;) and (X}),...,(X") are continuous
(¥¢) semimartingales, and (G;), (G,) and (H,) are continuous (%;) adapted process that are all defined up to
a stopping time 7. Then the following rules hold for Itd stochastic differentials:

Linearity. For any c € R,

dY +cZ)
(G+cH)dY

dY + cdZ, and
GdY +cH dY.

Composition rule.
dl = GdY = Gdl = GGay,
Covariation.

dl = GdY, dJ = HdZ = d[I,J] = GHd[Y,Z],

Ité rule. For any function F € C12(R, x R"),

X 8%F o
— (1, X) d[ X', X/
> oo (1 X) X' X]

= OF . OF
dF(t,X) = —@X)dX" + —(,X)dt +
; 0x ot =

1
21’
where X = (X',...,X").

All equations are to be understood in the sense that the corresponding stochastic integrals over an arbitrary
interval [0,¢], t < T, coincide almost surely.

Example (Option Pricing in continuous time I). We again consider the continuous time asset price
model introduced in the beginning of Chapter 8. Suppose an agent is holding ¢, units of a single asset
with price process (S;) at time ¢, and he invests the remainder V; — ¢,S; of his wealth V; in the money
market with interest rate R,. We assume that (¢,) and (R;) are continuous adapted processes. Then the
change of wealth in a small time unit should be described by the Itd equation

dVy = ¢; dS; + Ri(V; — ¢:5;) dt.

Similarly to the discrete time case, we consider the discounted wealth process
t
‘7, = exp (— / R, ds) Vi.
0

t
Since t — f R ds has finite variation, the Itd rule and the composition rule for stochastic integrals

0
t t
d\z exp —/RS ds) dV; —exp (—/RS ds) RV, dt

0 0

t t
= exp —/RS ds) @ dS; — exp (— / R, ds) R:¢:S; dt

0 0

t t
= ¢ |exp (—/RS ds) dS; —exp (—/RS ds) R;S; dt)

0 0

imply:

= ¢, dS,,
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where S; is the discounted asset price process. Therefore,
t
\7, — ‘70 = /¢x d§s Vt > 0 P-almost surely.
0

As a consequence, we observe that if (S;) is a (local) martingale under a probability measure P,
that is equivalent to P then the discounted wealth process (‘7,) is also a local martingale under P..
A corresponding probability measure P, is called an equivalent martingale measure or risk neutral
measure, and can be identified by Girsanov’s theorem, cf. Section 9.3 below. Once we have found P.,
option prices can be computed similarly as in discrete time under the additional assumption that the true
measure P for the asset price process is equivalent to P;, see Section 9.4.

The It6-Doeblin formula in R!

We will now apply 1t6’s formula to solutions of stochastic differential equations. Let b,o € C(R; X I) where
I C R s an open interval. Suppose that (B;) is an (¥;)-Brownian motion on (Q, A, P), and (X;)o<;<7 i an
(%,F)-adapted process with values in I and defined up to an (F,) stopping time 7" such that the SDE

t t
X;— Xy = /b(s, X,) ds + /o-(s, X) dBy foranyr < T (8.14)
0 0

holds almost surely.

Corollary 8.7 (Doeblin 1941, Itd 1944). Let F € C'?(R, x I). Then almost surely,

t
F(t.X,) - F(0.X)) = / (0 F")(s,Xs) dBs (8.15)
0

t

oF 1
+/ (E + E(rzF" + bF'| (s, Xs) ds forany ¢t < T,
0

where F/ = dF /dx denotes the partial derivative w.r.t. x.

t
Proof. Let (r,) be a sequence of partitions with mesh(xr,) — 0. Since the process ¢ — Xo + [ b(s, X;) ds
0

has sample paths of locally finite variation, the quadratic variation of (X;) is given by
. t
[(X], = / o (s, Xs) dBg| = / o(s,X,)>ds  Vi<T
0 r 0
w.r.t. almost sure convergence along a subsequence of (). Hence It6’s formula can be applied to almost
every sample path of (X;), and we obtain
t t t
, oF 1 .
F(t,X;)—- F(0,Xy) = | F'(s,Xs)dX; + E(s’ Xs)ds + 5 F7(s,Xs) d[X]s

0 0 0
t

t t 6F 1 t
= (CF")(s,Xs)dBs + | (bF')(s,Xs)ds + | —(5,X;)ds + = [ (c2F")(s,X,) ds
0/ 0/ 0/ ot 2 o/
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forall t < T, P-almost surely. Here we have used (8.14) and the fact that the It integral w.r.t. X is an almost
sure limit of Riemann-Itd sums after passing once more to an appropriate subsequence of (71;,). |

Exercise (Black Scholes partial differential equation). A stock price is modeled by a geometric Brow-
nian Motion (S;) with parameters @, 0 > 0. We assume that the interest rate is equal to a real constant
r for all times. Let c(t,x) be the value of an option at time ¢ if the stock price at that time is S; = x.
Suppose that c(t, S;) is replicated by a hedging portfolio, i.e., there is a trading strategy holding ¢, shares
of stock at time ¢ and putting the remaining portfolio value V; — ¢,S; in the money market account with
fixed interest rate r so that the total portfolio value V; at each time ¢ agrees with c(z, S;).

“Derive” the Black-Scholes partial differential equation

1 2
%(r,x) + rxg—;(t, x) + zazxz%(t, x) = re(t, x) (8.16)
and the delta-hedging rule
0
¢ = 25(1,S) (= Delta). (8.17)
0x

Hint: Consider the discounted portfolio value V, = ¢V, and, correspondingly, the discounted option
value e "' ¢c(1,S;). Compute the Ito differentials, and conclude that both processes coincide if ¢ is a
solution to (8.16) and ¢, is given by (8.17).

Martingale problem for solutions of SDE

The It6-Doeblin formula shows that if (X;) is a solution of (8.14) then
t
M = FX) - FOX0) - [ (LF6.X0)
0

is a local martingale up to 7 for any F € C'"2(R, x I) and
1
(LF)(t,x) = 50‘(1‘, x)2F"(t,x) + b(t, x)F'(t, x).

In particular, in the time-homogeneous case and for 7 = oo, any solution of (8.14) solves the martingale
problem for the operator LF = 30->F” + bF’ with domain CZ(I).

Similarly as for Brownian motion, the martingales identified by the It6-Doeblin formula can be used to
compute various expectation values for the Itd diffusion (X;). In the next section we will look at first
examples.

Remark (Uniqueness and Markov property of strong solutions). If the coefficients are, for example, Lip-
schitz continuous, then the strong solution of the SDE (8.14) is unique, and it has the strong Markov property,
i.e., it is a diffusion process in the classical sense (a strong Markov process with continuous sample paths).
By the It6-Doeblin formula, the generator of this Markov process is an extension of the operator (£, Cg(l ).

Although in general, uniqueness and the Markov property may not hold for solutions of the SDE (8.14), we
call any solution of this equation an /£6 diffusion.

8.2. Stochastic growth
In this section we consider time-homogeneous Itd diffusions taking values in the interval I = (0,0). They

provide natural models for stochastic growth processes, e.g. in mathematical biology, financial mathematics
and many other application fields. Analogue results also hold if / is replaced by an arbitrary non-empty open
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interval.
Suppose that (X;)o<;<7 is a strong solution of the SDE

dX, = b(X,)dt+o(X,)dB,  forte[0,T),
Xo = xo,

with a given Brownian motion (B;),xyp € (0,c0), and continuous time-homogeneous coefficients b,o :
(0,00) — R. We assume that the solution is defined up to the explosion time

T = sup T, Tep = inf{t >20]|X; ¢ (&,1)}.

&,r>0

The corresponding generator is
1
LF = bF' + EazF”.

Before studying some concrete models, we show in the general case how harmonic functions can be used to
compute exit distributions (e.g. ruin probabilities) and to analyze the asymptotic behaviour of X; ast " T.

Scale functions and exit distributions

To determine the exit distribution from a finite subinterval (g,r) C (0, c0) we compute the harmonic functions
of L. For h € C?(0,c0) with i’ > 0 we obtain:
2b 2b
Lh =0 = W' =-n < (ogh) =-—.
o o
Therefore, the two-dimensional vector space of harmonic functions is spanned by the constant function 1
and by the function

X

[ 2b
s(x) = /exp - 0_(;))2 dy| dz.

X0 Xi

s(x) is called a scale function of the process (X;). It is strictly increasing and harmonic on (0, c0). Hence we
can think of s : (0,00) — (5(0), s(c0)) as a coordinate transformation, and the transformed process s(X;) is a
local martingale up to the explosion time 7. Applying the martingale convergence theorem and the optional
stopping theorem to s(X;) one obtains:

Theorem 8.8. For any &,r € (0,c00) with & < xp < r we have:

(i) The exit time T, = inf{r € [0,T) : X; ¢ (&,r)} is almost surely less than 7.

(i) P[Te <T,] = P[Xz,, =¢] = %

The proof of Theorem 8.8 is left as an exercise.

Remark. (i) Note that any affine transformation 5(x) = ¢s(x) + d with constants ¢ > 0 and d € R is also
harmonic and strictly increasing, and hence a scale function. The ratio (s(r) — s(x))/(s(r) — s(g)) is
invariant under non-degenerate affine transformations of s.

(i) The scale function and the ruin probabilities depend only on the ratio b(x)/o(x)>.
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Recurrence and asymptotics

We now apply the formula for the exit distributions in order to study the asymptotics of one-dimensional
non-degenerate 1t6 diffusions as ¢ ' T. For ¢ € (0, xg) we obtain

P[T, <T] = P[T; <T, for some r € (xp,0)]

= lim P[T. <T,] = lim $(r) = slx0)
r—0o0 r—o00 s(r) — s(g)
In particular, we have
P[X; =eforsomer € [0,T)] = P[T <T] =1

if and only if s(c0) = li/m s(r) = oo.
r /oo

Similarly, one obtains for r € (xg, ):
P|X; =rforsomer € [0,T)] = P[T, <T] =1

if and only if s(0) = li = —oo,
if and only if s(0) 81{r%)s(s) o0

Moreover,

= lim lim —S(XO) —s(2)

P[X, t /Tl =P ’
[X, > coast 7 T] eNOr, oo 5(r) = s(e)

(T <7}

e>0r<oo

and

P|X; - 0ast /' T] = P Jim lm e =)

(1T <1

r<oo g>0

Summarizing, we have shown:

Corollary 8.9 (Asymptotics of one-dimensional Ito diffusions).
(1) If s(0) = —co and s(c0) = oo, then the process (X;) is recurrent, i.e.,
P[X; =y forsomere [0,T)] = 1 for any xp, y € (0, 0).
(i) If s(0) > —oo and s(o0) = oo then th/n% X; = 0 almost surely.
(iii) If s(0) = —oo and s(c0) < oo then th/n; X; = co almost surely.

(iv) If s(0) > —oo and s(c0) < oo then

P|limX, =0| = M
[1/T s(c0) — 5(0)
and i 0
P|limX, = | = M
t/T s(c0) — 5(0)
Intuitively, if s(0) = —oo, in the natural scale the boundary is transformed to —co, which is not a possible

limit for the local martingale s(X;), whereas otherwise s(0) is finite and approached by s(X;) with strictly
positive probability.
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Example. Suppose that b(x)/o(x)> ~ yx~! as x /" co and b(x)/o(x)> =~ §x~' as x \, 0 holds for
7,6 € R in the sense that b(x)/o(x)> — yx~! is integrable at co and b(x)/o(x)*> — 5x~! is integrable at 0.
Then s”(x) is of order x™2 as x /" oo and of order x~2% as x \, 0. Hence

s() =00 = y<—o, 5(0) = —0 = 62

N =
N —

D=

In particular, recurrence holds if and only if y < % and 6 >

More concrete examples will be studied below.

Remark (Explosion in finite time, Feller’s test). Corollary 8.9 does not tell us whether the explosion time
T is infinite with probability one. It can be shown that this is always the case if (X;) is recurrent. In general,
Feller’s test for explosions provides a necessary and sufficient condition for the absence of explosion in finite
time. The idea is to compute a function g € C(0, ) such that e~"g(X;) is a local martingale and to apply
the optional stopping theorem. The details are more involved than in the proof of corollary above, cf. e.g.
Section 6.2 in [Durrett: Stochastic calculus].

Geometric Brownian motion
A geometric Brownian motion with parameters @ € R and o > 0 is a solution of the s.d.e.
dSt = CUSZ dr + O-St dBt (818)

We have already shown in the beginning of Section ?? that for By = 0, the unique strong solution of (8.18)
with initial condition Sy = x is

S; = xp-exp (O'Bt + (a - 0'2/2)t) .

The distribution of S; at time ¢ is a lognormal distribution, i.e., the distribution of ¢ - e¥ where c is a constant
and Y is normally distributed. Moreover, one easily verifies that (S;) is a time-homogeneous Markov process
with log-normal transition densities

1
pi(x,y) = ———=ex
2nto?

b (_ (log(y/x) — pt)?

102 ) t,x,y >0,

where u = @ — 02/2. By the Law of Large Numbers for Brownian motion,
+ if u>0

111‘11 St = 0 ! /J .

=00 0 ifu<0

If 4 = 0 then (S;) is recurrent since the same holds for (B;).
We now convince ourselves that we obtain the same results via the scale function:
The ratio of the drift and diffusion coefficient is

b(x) = ax o«
o(x)?  (ox?  o2x
and hence
2
s'(x) = const. - exp —/Ta/dy = const. - x20/77,
a7y
X0
Therefore,

s(0) = 0 &= 2a/c?<1l, s(0)=c0 & 2afc=],

which again shows that S§; — oo for @ > 02/2, S; — 0 for @ < 02/2, and S, is recurrent for @ = 02/2.
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Feller’s branching diffusion

Our second growth model is described by the stochastic differential equation
dX; = BX; di+o\X;dB,,  Xo=xo, (8.19)

with given constants § € R,o > 0, and values in R;. Note that in contrast to the equation of geometric
Brownian motion, the multiplicative factor vX; in the noise term is not a linear function of X,. As a
consequence, there is no explicit formula for a solution of (8.19). Nevertheless, a general existence result
guarantees the existence of a strong solution defined up to the explosion time

T = sup TR\(S’,,),

£,r>0
cf. ??. SDEs similar to (8.19) appear in various applications.

Example (Diffusion limits of branching processes). We consider a Galton-Watson branching process
Zth with time steps t = 0, h,2h,3h, ... of size h > 0, i.e., Z{)‘ is a given initial population size, and

zt
zh, = Y Nyt/h fort=k -hk=012,...,

i=1

with independent identically distributed random variables N; ,i > 1,k > 0. The random variable Zl’(’h
describes the size of a population in the k-th generation when N; ; is the number of offspring of the i-th
individual in the /-th generation. We assume that the mean and the variance of the offspring distribution
are given by

E[N;j] = 1+Bh and Var[N;] = o

for finite constants 3,0 € R.

We are interested in a scaling limit of the model as the size & of time steps goes to 0. To establish
convergence to a limit process as i\, 0 we rescale the population size by 4, i.e., we consider the process

X" = h~Zf’tJ, 1 € [0,00).

The mean growth (“drift”) of this process in one time step is

E [Xth+h

- X! | 7" = h-E[2Z]

t+h

- Z/'| ") = hnhz} = hBX],
and the corresponding condition variance is

Var[ X"

nL= XV = nE e VarlZl, - Z8 | F = WPtz = ho?X],

where " = o(N;;|i > 1,0 <1 < k) fort = k - h. Since both quantities are of order O(h), we can

expect a limit process (X;) as & \, 0 with drift coeflicient 8 - X; and diffusion coefficient /02X, i.e.,
the scaling limit should be a diffusion process solving a s.d.e. of type (8.19). A rigorous derivation of
this diffusion limit can be found e.g. in Section 8 of [Durrett: Stochastic Calculus].

We now analyze the asymptotics of solutions of (8.19). The ratio of drift and diffusion coefficient is
Bx/(c\/x)* = B/o?, and hence the derivative of a scale function is

s'(x) = const. - exp(—28x/c?).

Thus 5(0) is always finite, and s(co0) = oo if and only if 8 < 0. Therefore, by Corollary 8.9, in the subcritical
and critical case 5 < 0, we obtain

IimX, =0 almost surely,
t /T
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whereas in the supercritical case 8 > 0,
P[limX,zO] >0 and P[limX,zoo] > 0.
t/T t /T

This corresponds to the behaviour of Galton-Watson processes in discrete time. It can be shown by Feller’s
boundary classification for one-dimensional diffusion processes that if X; — 0 then the process actually dies
out almost surely in finite time, cf. e.g. Section 6.5 in [Durrett: Stochastic Calculus]. On the other hand,
for trajectories with X; — oo, the explosion time 7T is almost surely infinite and X; grows exponentially as
t — oo.

Cox-Ingersoll-Ross model

The CIR model is a model for the stochastic evolution of interest rates or volatilities. The equation is
dR, = (@ —pR)dt+o\R dB,  Ro=x, (8.20)

with a one-dimensional Brownian motion (B;) and positive constants a, 8,00 > 0. Although the s.d.e.
looks similar to the equation for Feller’s branching diffusion, the behaviour of the drift coefficient near 0
is completely different. In fact, the idea is that the positive drift @ pushes the process away from 0 so that
a recurrent process on (0, o) is obtained. We will see that this intuition is true for @ > ¢-2/2 but not for
2

a < o“/2.

Again, there is no explicit solution for the s.d.e. (8.18), but existence of a strong solution holds. The ratio of
the drift and diffusion coefficient is (@ — Bx)/o%x, which yields

_ 2 2
s'(x) = const. - x 2@/ X0

recurrent if and only if @ > o2/2, whereas X, — O as ¢ " T almost surely otherwise.
By applying It6’s formula one can now prove that X; has finite moments, and compute the expectation and
variance explicitly. Indeed, taking expectation values in the s.d.e.

Hence s(c0) = oo for any 8 > 0, and s(0) = —oo if and only if 2a > 2. Therefore, the CIR process is

t

t
R, = xo+/(a/—,8Rs)ds+/0'\/R_sst,
0 0

we obtain informally

d
EE[R[] = a - BE[R],

and hence by variation of constants,

E[R] = xo-e P + %(1 — e,

t

To make this argument rigorous requires proving that the local martingale ¢ — [ oVR dB; is indeed a
0

martingale:

Exercise. Consider a strong solution (R, ); ¢ of (8.18) for & > ¢2/2.
(i) Show by applying 1t6’s formula to x > |x|P that E[|R;|P] < co forany z > O and p > 1.
(i) Compute the expectation of R;, e.g. by applying Itd’s formula to e’ x.

(iii) Proceed in a similar way to compute the variance of R,. Find its asymptotic value lim Var[R;].
t—0o0
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8.3. Linear SDE with additive noise

We now consider stochastic differential equations of the form
dX; = p:X; dt + o; dB,, Xo = x, (8.21)

where (B;) is a Brownian motion, and the coefficients are deterministic continuous functions g, o : [0,00) —
R. Hence the drift term S,X; is linear in X;, and the diffusion coefficient does not depend on X;, i.e., the
noise increment o; dB; is proportional to white noise dB; with a proportionality factor that does not depend
on X;.

Variation of constants

An explicit strong solution of the SDE (8.21) can be computed by a “variation of constants” Ansatz. We first
note that the general solution in the deterministic case o; = 0 is given by

t
X, = const. - exp /ﬁs ds|.
0
To solve the SDE in general we try the ansatz
t
X; = G -exp /ﬁsds
0
with a continuous It6 process (C;) driven by the Brownian motion (B;). By the Itd product rule,
t
dXt = ﬁtXt dt + exp /ﬁ‘ ds dC,
0
Hence (X;) solves (8.21) if and only if
t
dCt = eXp - /ﬁs ds (o dBt,
0

ie.,
t r

C = C0+/exp —/,Bsds o, dB,.
0

0

‘We thus obtain:

Theorem 8.10. The almost surely unique strong solution of the SDE (8.21) with initial value x is given by

t t t
X = x-exp /,BSds +/exp /ﬁsds oy dBy.
0 r

0
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Note that the theorem not only yields an explicit solution but it also shows that the solution depends
smoothly on the initial value x. The effect of the noise on the solution is additive and given by a Wiener-1td
integral, i.e., an It6 integral with deterministic integrand. The average value

t
E[X]] = x-exp /BS ds |, (8.22)
0

coincides with the solution in the absence of noise, and the mean-square deviation from this solution due to
random perturbation of the equation is
t t t t
Var[X;'] = Var /exp /,BS ds oy dB,| = /exp 2 //BS ds |o? dr
0 r 0 r
by the It6 isometry.

Solutions as Gaussian processes

We now prove that the solution (X;) of a linear s.d.e. with additive noise is a Gaussian process. We first
observe that X; is normally distributed for any ¢ > 0.

t
Lemma 8.11. For any deterministic function h € L*(0,t), the Wiener-Ité integral I, = [ hs dBy is normally
0

t
distributed with mean 0 and variance [ h? ds.
0

n—1
Proof. Suppose firstthat h = 3 ¢; - Iy, 4,,,) is a step function withn € N, ¢1,...,c, € R,and 0 <19 < 11 <
i=0

n—1
...<ty. Thenl, = } ¢; - (By,,, — By,;) is normally distributed with mean zero and variance
i=0
n—1 l
Var[l,] = Z Aty —1;) = / h2 ds.
i=0
0

In general, there exists a sequence (h™),, ey of step functions such that 2 — h in L%(0,7), and

t t

I, = / hdB = lim [ K™ dB in L2(Q, A, P).
0 n_mo
Hence I; is again normally distributed with mean zero and
t t
Var[/;] = lim Var / W™ dB| = / W2 ds.
e 0 0 u

Theorem 8.12 (Wiener-Ito integrals are Gaussian processes). Suppose that & € le0 ([0,00),R). Then

t
I = f hs dB; is a continuous Gaussian process with
0

tAs

E[,] =0 and Cov[l,I] = /hf ds for any ¢, 5 > 0.
0
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Proof. Let0 <t < ... < t,. To show that (/,...,1I;, ) has a normal distribution it suffices to prove that
any linear combination of the random variables /y,, . . ., I;, is normally distributed. This holds true since any
linear combination is again an Itd integral with deterministic integrand:

In

n n
D, = / D" i - I.4,(5)hs dB
i=1 i=1

0

for any n € Nand 44,...,4, € R. Hence (/;) is a Gaussian process with E[I;] = 0 and

Cov[l;, Is] = E[I1]
= E /hr : I(O,t)(r) dBr/hr : I(O,s)(r) dB,
0 0
(h - Lo,0). 1~ 10,5)) 12(0,00)

SAt

/ h2 dr. |

0

Example (Brownian motion). If 2 = 1 then I, = B,. The Brownian motion (By) is a centered Gaussian
process with Cov[B;,Bs] = t A s.

More generally, by Theorem 8.12 and Theorem 8.10, any solution (X;) of a linear SDE with additive
noise and deterministic (or Gaussian) initial value is a continuous Gaussian process. In fact by (8.21), the
marginals of (X;) are affine functions of the corresponding marginals of a Wiener-Itd integral:

t r
1
thzh—- x+/h,o-rdBr with  h, = exp —/Budu .
' 0 0
Hence all finite dimensional marginals of (X;*) are normally distributed with

tAS

1
EIX{] = x/h and  Cov[XX{] = +— / h2o? dr.
tits

0

The Ornstein-Uhlenbeck process

In 1905, Einstein introduced a model for the movement of a “big” particle in a fluid. Suppose that V2 is
the absolute velocity of the particle, V; is the mean velocity of the fluid molecules and V; = Vtabs — V, is the
velocity of the particle relative to the fluid. Then the velocity approximatively can be described as a solution
to an s.d.e.

dVy, = —yV, dt + odB,. (8.23)

Here (B;) is a Brownian motion in R%,d = 3, and y, o are strictly positive constants that describe the damping
by the viscosity of the fluid and the magnitude of the random collisions. A solution to the s.d.e. (8.23)
is called an Ornstein-Uhlenbeck process. Although it has first been introduced as a model for the velocity
of physical Brownian motion, the Ornstein-Uhlenbeck process is a fundamental stochastic process that is
almost as important as Brownian motion for mathematical theory and stochastic modeling. In particular,
it is a continuous-time analogue of an AR(1) autoregressive process. Note that (8.23) is a system of d
decoupled one-dimensional stochastic differential equations dV; D= —th(i) dr + O'dBEi). Therefore, we will
assume w.l.o.g. d = 1. By the considerations above, the one-dimensional Ornstein-Uhlenbeck process is a
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continuous Gaussian process. The unique strong solution of the s.d.e. (8.23) with initial condition x is given
explicitly by

t
V= e x+0'/e7’s dB; |. (8.24)
0
In particular,
E[V;] = ¢7'x,
and

N

tAS
COV[Vtx,Vx] — e—)’(l+s)0.2/827r dr
0

2
o
= —(e7Vlmsl_ grtHs)y for any #,5 > 0.
2y
Note that as t — oo, the effect of the initial condition decays exponentially fast with rate y. Similarly, the
correlations between V;* and V;* decay exponentially as |t — s| — oco. The distribution at time 7 is

0_2
V¥ ~ N (e—Wx, —(1- e—zﬂ)) ) (8.25)
2y
In particular, as t — oo
2
D o
‘/lx — N (0, Z) .

One easily verifies that N(0,02/2y) is an equilibrium for the process: If Vo ~ N(0,02/2y) and (B,) is
independent of V; then

t
V, = e‘ytV0+0'/e”(s_t) dB;

0
t

2
~ N O,g—ezyt+a'2/e27(“'t) ds| = N(0,0%/2y)
Y
0

forany t > 0.

Theorem 8.13. The Ornstein-Uhlenbeck process (V;¥) is a time-homogeneous Markov process w.r.t. the
filtration (7‘;3 P ) with stationary distribution N(0,0->/2y) and transition probabilities

pi(x,A) = Ple " x+ T \Ni—ewzea , Z ~N(,1).
2y
Proof. We first note that by (8.25),
Vo~ eVx+ L N1-eiz forany ¢t > 0
2y

with Z ~ N(0,1). Hence,
E[f(VD] = (p:f)(x)
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for any non-negative measurable function f : R — R. We now prove a pathwise counterpart to the Markov
property: Fort,r > 0, by (8.24)

t t+r
Vi = e x+0'/eys dBg +0'/ey(s_t_r) dBy
0 t
.
= eV +o / o) dB,, (8.26)

0

where B, := B+, — B, is a Brownian motion that is independent of 7-'[3 P Hence, the random variable
- for =) dB,, is also independent of 7’tB P and, by (8.24), it has the same distribution as the Ornstein-
Uhlenbeck process with initial condition O:

-
0'-/e7(”_r) dB, ~ VO
0

Therefore, by (8.26), the conditional distribution of VX given %,%*¥ coincides with the distribution of the
process with initial V;* at time r:

E[f(e™ Vi (w) + V)]

ELF0Y N = (Vi) for Pae. w.

E[f(VE) I FP

This proves that (V;*) is a Markov process with transition kernels p,.,r > 0. |

Remark. The pathwise counterpart of the Markov property used in the proof above is called cocycle property
of the stochastic flow x +— V;*.

The It6-Doeblin formula can now be used to identify the generator of the Ornstein-Uhlenbeck process:
Taking expectation values, we obtain the forward equation

1

E[F(V)] = F(x)+ / E[(LF)V)] ds
0

for any function F € Cg(R) and ¢ > 0, where

(LF)) = 302770 = yaf (o).

For the transition function this yields

(peF)(x) = F(x)+ /(pSLF)(x) for any x € R,
0

whence

lim M - I ; / E[(LAVO)ds = (Lf)x)

t\,0
0

by continuity and dominated convergence. This shows that the infinitesimal generator of the Ornstein-
Uhlenbeck process is an extension of the operator (£, Cg(R)).
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Change of time-scale

We will now prove that Wiener-It6 integrals can also be represented as Brownian motion with a coordinate
transformation on the time axis. Hence solutions of one-dimensional linear SDE with additive noise are
affine functions of time changed Brownian motions.

We first note that a Wiener-Itd integral I, = fot h, dB, with h € L120 C(0, o0) is a continuous centered Gaussian

process with covariance
tAS

Cov[l, L] = /hz dr = 7(t) A 1(5)
0

where
t

7(t) = /hf dr = Var[l,]
0

is the corresponding variance process. The variance process should be thought of as an “internal clock” for
the process (I;). Indeed, suppose i > 0 almost everywhere. Then 7 is strictly increasing and continuous,
and

7 : [0,00) — [0,7(c0)) is a homeomorphism.

Transforming the time-coordinate by 7, we have
Covll 1) L1(9)] = 1A s for any ¢, s € [0, 7(c0)].

These are exactly the covariance of a Brownian motion. Since a continuous Gaussian process is uniquely
determined by its expectations and covariances, we can conclude:

Theorem 8.14 (Wiener-Ito integrals as time changed Brownian motions). The process B =
L5, 0 <5 <7(),is a Brownian motion, and

I, = ET(t) for any ¢ > 0, P-almost surely.

Proof. Since (B )0<Y<T(w> has the same marginal distributions as the Wiener-1t6 1ntegral (I)s>0 (but at
different times), (By) is again a continuous centered Gaussian process. Moreover, Cov[B;, B;] = f A s, s0
that (BS) is indeed a Brownian motion. |

Note that the argument above is different from previous considerations in the sense that the Brownian
motion (By) is constructed from the process (I;) and not vice versa.

This means that we can not represent (/;) as a time-change of a given Brownian motion (e.g. (B;)) but
we can only show that there exists a Brownian motion (By) such that I is a time-change of B. This way of
representing stochastic processes w.r.t. Brownian motions that are constructed from the process corresponds
to the concept of weak solutions of stochastic differential equations, where driving Brownian motion is
not given a priori. We return to these ideas in Section 9, where we will also prove that continuous local
martingales can be represented as time-changed Brownian motions.

Theorem 8.14 enables us to represent solution of linear SDE with additive noise by time-changed Brownian
motions. We demonstrate this with an example: By the explicit formula (8.24) for the solution of the
Ornstein-Uhlenbeck SDE, we obtain:
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Corollary 8.15 (Mehler formula). A one-dimensional Ornstein-Uhlenbeck process V;* with initial con-
dition x can be represented as
‘/tx = e_yt(x + O-B%(ezyt_l))

with a Brownian motion (E)t >0 such that Eo =0.

Proof. The corresponding time change for the Wiener-It6 integral is given by

t

7(t) = /exp(2ys) ds = (exp(2yt) —1)/2y.
0 |

8.4. Brownian bridge

In many circumstances one is interested in conditioning diffusion process on taking a given value at specified
times. A basic example is the Brownian bridge which is Brownian motion conditioned to end at a given
point x after time 75. We now present several ways to describe and characterize Brownian bridges. The first
is based on the Wiener-Lévy construction and specific to Brownian motion, the second extends to Gaussian
processes, whereas the final characterization of the bridge process as the solution of a time-homogeneous
SDE can be generalized to other diffusion processes. From now on, we consider a one-dimensional Brownian
motion (B;)o<r<1 With By = 0 that we would like to condition on taking a given value y at time 1

Wiener-Lévy construction
Recall that the Brownian motion (B;) has the Wiener-Lévy representation

co 2M—1

Bi(w) = Y(@)t+ ) Y Yux@ens(t)  forte[0,1] (8.27)
n=0 k=0
where e, ;. are the Schauder functions, and Y and ¥, x (n > 0,k = 0,1,2,...,2" — 1) are independent and

standard normally distributed. The series in (8.27) converges almost surely uniformly on [0, 1], and the
approximating partial sums are piecewise linear approximations of B;. The random variables Y = B; and

oo 2M—1

X = >, > Yakenr(t) = B~ 1B

n=0 k=0

are independent. This suggests that we can construct the bridge by replacing Y(w) by the constant value y.
Let
X = yt+X, = B+ (y-By)-t,

and let 1, denote the distribution of the process (X; )o<;<1 on C([0, 1]). The next theorem shows that X;" is
indeed a Brownian motion conditioned to end at y at time 1:

Theorem 8.16. The map y — u, is a regular version of the conditional distribution of (B;)o<: <1 given By,
ie.,

(i) py is a probability measure on C([0, 1]) for any y € R,
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(i) P[(Br)o<t<1 € A| B1] = up,[A] holds P-almost surely for any given Borel subset A € C([0, 1]).

(iii) If F : C([0,1]) — R is a bounded and continuous function (w.r.t. the supremum norm on C([0, 1]))
then the map y — [ F dp, is continuous.

The last statement says that <+ g, is a continuous function w.r.t. the topology of weak convergence.

Proof. By definition, u, is a probability measure for any y € R. Moreover, for any Borel set A € C([0, 1]),
P[(Bi)o<t<1 € A| Bi](w)

P[(X, +1By) € A| Bi](w)
P[(X; + 1B1(w)) € A] = P[(XP'“)) € A] = up,w)A]

for P-almost every w by independence of (X;) and B;. Finally, if F : C([0,1]) — R is continuous and
bounded then

/quy = E[F((yt + X:)o<s<1)]

is continuous in y by dominated convergence. |

Finite-dimensional distributions

We now compute the marginals of the Brownian bridge X; :

Corollary 8.17. Forany n € Nand 0 < | < ... < t, < 1, the distribution of (X,yl,. . .,Xtyn) on R” is
absolutely continuous with density

Pt (O’XI)Ptz—n (x1,x2) - ‘Ptn—tn,l(xn—l,xn)l’l—tn (Xn,y)

H(Xl,. e x,) = (8.28)
gy " p1(0,y)
Proof. The distribution of (B, ..., B;,, B1) is absolutely continuous with density
IBiy B B (X1 X0, ¥) = Py (0,%0)Pay—, (X1, %2) <+ - Pryy—t,, - (Xn—1, Xn)P 11, (X, ).
Since the distribution of (Xty1 .ot ,Xtyn ) is a regular version of the conditional distribution of (B;,,...,B;,)

given By, it is absolutely continuous with the conditional density

JBuy By B (X1 Xy Y)

IBi By 1B (X1 s Xn|y) =
I |B1 [ [ fa.,

..... Brn,Bl(xb LR ’-x}%y) dxl e dxn
= f(x1,. .0 x0). |
In general, any almost surely continuous process on [0, 1] with marginals given by (8.28) is called a
Brownian bridge from Q to y in time 1. A Brownian bridge from x to y in time 7 is defined correspondingly for
any x,y € Rand any ¢ > 0. In fact, this definition of the bridge process in terms of the marginal distributions

carries over from Brownian motion to arbitrary Markov processes with strictly positive transition densities.
In the case of the Brownian bridge, the marginals are again normally distributed:

Theorem 8.18 (Brownian bridge as a Gaussian process). The Brownian bridge from O to y in time 1 is
the (in distribution unique) continuous Gaussian process (Xty )iefo,1] With

E[X]] =ty and Cov[X),X)] =tAs—ts for any s,¢ € [0,1]. (8.29)
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Proof. A continuous Gaussian process is determined uniquely in distribution by its means and covariances.
Therefore, it suffices to show that the bridge X = B, + (y — Bj)t defined above is a continuous Gaussian
process such that (8.29) holds. This holds true: By (8.28), the marginals are normally distributed, and by
definition, ¢ X,y is almost surely continuous. Moreover,

E[X]] = E[B]+E[y—Bi]-t = yt, and
Cov[X),X)] = Cov[B;,Bys]—1t-Cov[By,Bs] — s Cov[B;,Bi] + ts Var[B]
= tAS—ts—St+ts = tASs—1s. |

Remark (Covariance as Green function, Cameron-Martin space). The covariances of the Brownian bridge
are given by

t-(1-s) fort <y,

(1-¢t)-s fort>s.

IA

c(t,s) = Cov[X),X7] = {

The function c(, s) is the Green function of the operator d*/dt*> with Dirichlet boundary conditions on the
interval [0, 1]. This is related to the fact that the distribution of the Brownian bridge from 0 to 0 can be viewed
as a standard normal distribution on the space of continuous paths w : [0,1] — R with w(0) = w(1) =0
w.r.t. the Cameron-Martin inner product

1

(&.hWu = /g’(s)h’(s) ds.

0

The second derivative d?/dt? is the linear operator associated with this quadratic from.

SDE for the Brownian bridge

Our construction of the Brownian bridge by an affine transformation of Brownian motion has two disadvan-
tages:

* Itcannot be carried over to more general diffusion processes with possibly nonlinear drift and diffusion
coeflicients.

e The bridge X; = B, + t(y — By) does not depend on (B,) in an adapted way, because the terminal value
By is required to define X, for any ¢ > 0.

We will now show how to construct a Brownian bridge from a Brownian motion in an adapted way. The idea
is to consider an SDE w.r.t. the given Brownian motion with a drift term that forces the solution to end at a
given point at time 1. The size of the drift term will be large if the process is still far away from the given
terminal point at a time close to 1. For simplicity we consider a bridge (X;) from 0 to O in time 1. Brownian
bridges with other end points can be constructed similarly. Since the Brownian bridge is a Gaussian process,
we may hope that there is a linear stochastic differential equation with additive noise that has a Brownian
bridge as a solution. We therefore try the Ansatz

with a given continuous deterministic function 3;,0 < ¢ < 1. By variation of constants, the solution of (8.30)
is the Gaussian process X;,0 < ¢ < 1, given by

t t

1
X; = W h. dB, where h; = exp /,BS ds|.
t
0 0
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The process (X;) is centered and has covariances

IAS
Cov[X;, X,] = — /h% dr.
t'ts
0

Therefore, (X;) is a Brownian bridge if and only if
Cov[X, Xs] = t-(1-y) forany t < s,

i.e., if and only if
t

1
- h2dr = hg-(1-5) forany 0 < < s. (8.31)
"0
The equation (8.31) holds if and only if /4, is a constant multiple of 1/1 — ¢, and in this case
d h{ 1
= —1 h = —t = — f t 0,1 .
Bt dtogt I 1= ort € [0,1]

Summarizing, we have shown:

Theorem 8.19. If (B;) is a Brownian motion then the process (X;) defined by

t

1-1¢
X; = /1 dB, fort € [0,1], X; =0,
—r

0

is a Brownian bridge from O to O in time 1. It is the unique continuous process solving the SDE

X,
dx, = —1_’t dt + dB, forz € [0,1). (8.32)

Proof. As shown above, (X;);¢[0,1) is a continuous centered Gaussian process with the covariances of the

Brownian bridge. Hence its distribution on C([0, 1)) coincides with that of the Brownian bridge from 0 to

0. In particular, this implies li/n} X, = 0 almost surely, so the trivial extension from [0, 1) to [0, 1] defined by
t

X; = 01is a Brownian bridge. |

If the Brownian bridge is replaced by a more general conditioned diffusion process, the Gaussian characteri-
zation does not apply. Nevertheless, it can still be shown by different means (the keyword is “A-transform’)
that the bridge process solves an SDE generalizing (8.32), cf. ?? below.

8.5. Stochastic differential equations in R"

We now explain how to generalize our considerations to systems of stochastic differential equations, or,
equivalently, SDE in several dimensions. For the moment, we will not initiate a systematic study but rather
consider some examples. The setup is the following: We are given a d-dimensional Brownian motion
B, = (B),...,BY%). The component processes B¥,1 < k < d, are independent one-dimensional Brownian
motions that drive the stochastic dynamics. We are looking for a stochastic process X; : Q — R” solving an
SDE of the form

d
dX, = b(t,X,)dt + )" ou(t, X;) dBF. (8.33)
k=1
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Here n and d may be different, and b,07,...,04 : Ry X R" — R” are time-dependent continuous vector
fields on R”. In matrix notation,

dX, = b(t,X,) dt + o(t,X,) dB, (8.34)

where o (¢, x) = (01(t, x)oa(t,x) - - - 074(¢, x)) is an n X d-matrix.

Existence, uniqueness and stability

Assuming Lipschitz continuity of the coefficients, existence, uniqueness and stability of strong solutions of
the SDE (8.34) can be shown by similar arguments as for ordinary differential equations.

Theorem 8.20 (Existence, uniqueness and stability under global Lipschitz conditions). Suppose that
b and o satisfy a global Lipschitz condition of the following form: For any #y € R, there exists a
constant L. € R, such that

b(t,x) — b(t,)| + |lo(t,x) — 6. T)|| < L-|x-% Vrel[0zn] x,%ecR" (8.35)

Then for any initial value x € R", the SDE (8.34) has a unique (up to equivalence) strong solution (X;); [0, )
such that Xy = x P-almost surely.

Furthermore, if (X;) and (X;) are two strong solutions with arbitrary initial conditions, then for any
t € R,, there exists a finite constant C(¢) such that

E | sup |Xs_)?s|2

< Ct)-E [|x0 —SZOF] :
s€[0,t]

The proof of Theorem 8.20 is outlined in the exercises below. In Section ??, we will prove more general
results that contain the assertion of the theorem as a special case. In particular, we will see that existence up
to an explosion time and uniqueness of strong solutions still hold true if one assumes only a local Lipschitz
condition.

The key step for proving stability and uniqueness is to control the deviation

s<t

g = E [sup|Xs —fslz}

between two solutions up to time ¢. Existence of strong solutions can then be shown by a Picard-Lindelof
approximation based on a corresponding norm:

Exercise (Proof of stability and uniqueness). Suppose that (X;) and (X,) are strong solutions of (8.34),
and let #p € R;. Apply Itd’s isometry and Gronwall’s inequality to show that if (8.35) holds, then there
exists a finite constant C € R, such that for any 7 < 1y,

IA

t
C. (so+ / £ ds), and (8.36)
0

C- e g (8.37)

&t

IA

Er
Hence conclude that two strong solutions with the same initial value coincide almost surely.

Exercise (Existence of strong solutions). Define approximate solutions of (8.34) with initial value
x € R" inductively by setting X := x for all ¢, and

t t
XM= x4 /0 b(s, X} ds + /0 o (s, X!') dBs.
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Let A" := E[sup,., |X?*' — X7|?]. Show that if (8.35) holds, then for any 7y € R, there exists a finite
constant C(fy) such that

t
AL < C(to)/ A} ds forany n >0 and 7 < t, and
0

tn
A} < C)! = A? forany n € N and ¢ < 19.
n!
Hence conclude that the limit X = lim,— X} exists uniformly for s € [0, 7] with probability one, and
X is a strong solution of (8.34) with Xy = x.
Ité processes driven by several Brownian motions

Any solution to the SDE (8.33) is an Itd process pf type

t d t
= /GS ds+Z/Hf dB* (8.38)
0 k=17

with continuous (7—“,3 P ) adapted stochastic processes GS,HSI,HSZ,. . .,Hsd . We now extend the stochastic
calculus rules to such It6 processes that are driven by several independent Brownian motions. Let Hs and
H be continuous (7-:3 P ) adapted processes.

Lemma 8.21. If (n,) is a sequence of partitions of R, with mesh(rx,)) — O then for any 1 < k,I < d and
t t _

a € R, the covariation of the It6 integrals t +— f H; dBf andt — f H; dBé exists almost surely uniformly
0 0

fort € [0,a] along a subsequence of (n,,), and

/HdBk/HdBl /HHdBkB’ —6k1/HH ds.

The proof is an extension of the proof of Theorem 8.6(ii), where the assertion has been derived for k =/
and H = H. The details are left as an exercise.

Similarly to the one-dimensional case, the lemma can be used to compute the covariation of It6 integrals
w.r.t. arbitrary Itd processes. If X and Y are It6 processes as in (8.33), and K and L, are adapted and

continuous then we obtain . . .
[/ K dX,/ L dY] = / KiLg d[X,Y]s
0 0 ¢ 0

almost surely uniformly for ¢ € [0, %], along an appropriate subsequence of (7).

Multivariate It6-Doeblin formula

We now assume again that (X;);¢ is a solution of a stochastic differential equation of the form (8.33). By
Lemma 8.21, we can apply Itd’s formula to almost every sample path ¢ — X;(w):

Theorem 8.22 (Itd-Doeblin). Let F € C'2(R, x R"). Then almost surely,

F(t,X;) = F(0,Xo)+ /(O'TVXF)(S,XS) - dBy

t

oF
+/ (E + LF) (s, Xs) ds forallz > 0,

0
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where V, denotes the gradient in the space variable, and
(LF)(t,x) := 3 JZ: a; j(t, x) (t x)+Zb(t x) (t X)

with a(t, x) := o(t,x)o(t,x)" € R™",

Proof. If X is a solution to the SDE then

> [/a,i(s,X) dBk,/o-li(s,X) dBl][

k.l

2 / o] o))s,X)d[B*B'] = / (s, X,) ds
k.l 0 0

X', X7,

where a¥/ = ¥, oiol, ie.,
a(s,x) = o (s, x)o (s, x)T € R™".

Therefore, Itd’s formula applied to the process (¢, X;) yields

OF 0°F
— _ _ i J
dF(t.X) = —-(u.X)di+VeF(X) - dX + Za o (- X) X' X7]
F
= (0TV.F),X)-dB + ((?9_: + LF)(t, X) dt,
for any F € C2(R; x R™). |

The Itd-Doeblin formula shows that for any F € C?(R, x R"), the process

MSF = F(S,Xq)—F(O,XQ)—/(aa—};+.£F)(I,Xt)dt
0

is a local martingale. If "V F is bounded then M* is a global martingale.

Exercise (Drift and diffusion coefficients). Show that the processes
S
M = x;'—xg—/bi(s,xs)ds, 1<i<n,
0

are local martingales with covariations
(M M7 = a; j(s,Xs) for any s > 0, P-almost surely.

The vector field b(s, x) is called the drift vector field of the SDE, and the coefficients a; (s, x) are called
diffusion coefficients.

General Ornstein-Uhlenbeck processes

XXX to be included

Example (Stochastic oscillator).
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Examples

Example (Physical Brownian motion with external force).
Example (Kalman-Bucy filter).

Example (Heston model for stochastic volatility).
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9. Change of measure

9.1. Local and global densities of probability measures

A thorough understanding of absolute continuity and relative densities of probability measures is crucial
at many places in stochastic analysis. Martingale convergence yields an elegant approach to these issues
including a proof of the Radon-Nikodym and the Lebesgue Decomposition Theorem. We first recall the
definition of absolute continuity.

Absolute Continuity

Suppose that P and Q are probability measures on a measurable space (€, A), and F is a sub-o--algebra of
A.

Definition 9.1. (i) The measure P is called absolutely continuous w.r.t. Q on the o-algebra ¥ if and
only if P[A] = O for any A € F with Q[A] = 0.

(ii) The measures P and Q are called singular on ¥ if and only if there exists A € F such that Q[A] = 0
and P[A€] = 0.

We use the notations P <« Q for absolute continuity of P w.r.t. Q, P ~ Q for mutual absolute continuity,
and P L Q for singularity of P and Q. The definitions above extend to signed measures.

Example. The Dirac measure 61/, is obviously singular w.r.t. Lebesgue measure A 1) on the Borel
o-algebra B((0,1]). However, §;/, is absolutely continuous w.r.t. A 1} on each of the o-algebras
Fn = 0(Dy) generated by the dyadic partitions D, = {(k - 27", (k + 1)27"] : 0 < k < 2"}, and
B([0,1)) = o(U D).

The next lemma clarifies the term “absolute continuity.”

Lemma 9.2. The probability measure P is absolutely continuous w.r.t. Q on the o-algebra ¥ if and only if
for any € > 0 there exists & > 0 such that for A € F,

QO[A] <6 = P[A] < e. 9.1

Proof. The “if” part is obvious. If Q[A] = 0 and (9.1) holds for each £ > 0 with § depending on & then
P[A] < ¢ for any & > 0, and hence P[A] = 0.

To prove the “only if” part, we suppose that there exists £ > 0 such that (9.1) does not hold for any 6 > 0.
Then there exists a sequence (A;) of events in ¥ such that

P[A,] = ¢ and 0lA,] < 2™
Hence, by the Borel-Cantelli-Lemma,

Q[A, infinitely often] = O,
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9. Change of measure

whereas

= lim P

n—oo

P[A,, infinitely often] = P U A

mzn

ﬂUAm > &.

n mzn

Therefore P is not absolutely continuous w.r.t. Q. |

Example (Absolute continuity on R). A probability measure u on a real interval is absolutely contin-
uous w.r.t. Lebesgue measure if and only if the distribution function F(¢) = u[(—oo,?]] satisfies:

For any & > 0 there exists 6 > 0 such that for any n € N and ay,. . .,a,,by,...,b, €R,
Dibi—ail <5 = D |F(b)-Fla)l < &, 9.2)
i=1 i=1

cf. e.g. [2].

Definition 9.3 (Absolutely continuous functions). A function F : (a,b) ¢ R — R is called absolutely
continuous iff (9.2) holds.

The Radon-Nikodym Theorem states that absolute continuity is equivalent to the existence of a relative
density.

Theorem 9.4 (Radon-Nikodym). The probability measure P is absolutely continuous w.r.t. Q on the
o-algebra ¥ if and only if there exists a non-negative random variable Z € £(Q, ¥, Q) such that

P[A] = /Z dQ for any A € F. 9.3)
A

The relative density Z of P w.r.t. Q on ¥ is determined by (9.3) uniquely up to modification on Q-measure
zero sets. It is also called the Radon-Nikodym derivative or the likelihood ratio of P w.r.t. Q on . We use

the notation
dP

a0,
and omit the # when the choice of the o-algebra is clear. Below, we will give a self-contained proof of the
Radon-Nikodym theorem under the additional assumption that the o--algebra ¥ is separable.

7 =

Example (Finitely generated o-algebra). Suppose that the o--algebra ¥ is generated by finitely many
disjoint atoms By, . .., By with Q = | J B;. Then P is absolutely continuous w.r.t. Q if and only if for all 7,

QO[Bi] =0 = P[B]]=0.
In this case, a relative density is given by

dp| P[B;]

a gy
A0y i: O[Bi1>0 QOlBi]

From local to global densities

Let (F,,) be a given filtration on (€, A).
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Definition 9.5 (Local absolutely continuity). The measure P is called locally absolutely continuous w.r.t.
Q and the filtration (%) if and only if P is absolutely continuous w.r.t. Q on the o-algebra ¥, for each n.

Example (Dyadic partitions). Any probability measure on the unit interval [0, 1] is locally absolutely
continuous w.r.t. Lebesgue measure on the filtration 7, = o (D,) generated by the dyadic partitions of
the unit interval. The Radon-Nikodym derivative on ¥, is the dyadic difference quotient defined by

dp ) = pul((k=1)-27" k-2  F(k-27")—F(k—1)-27")
s T Ak -1 -2k 2] 2

(9.4)
for x € (k — 1)27", k2]

Example (Product measures). If P = (X) pand Q = (X) v are infinite products of probability measures
i=1 i=1

u and v, and u is absolutely continuous w.r.t. v with density o, then P is locally absolutely continuous

w.r.t. Q on the filtration

Fn = o(Xis. .., Xn)
generated by the coordinate maps X;(w) = w;. The local relative density is

n

= [ Tex

Fn i=1

dar
dQ

However, if p # v, then P is not absolutely continuous w.r.t. Q on o, = 0(Xi, Xp,...), since by the
LLN, n~! ", T1a(X;) converges P almost surely to u[A] and Q-almost surely to v[A].

Now suppose that P is locally absolutely continuous w.r.t. Q on a filtration (%;,) with relative densities
dP
do

The L' martingale convergence theorem can be applied to study the existence of a global density on the
o-algebra

Z, =

Fn

Foo = (|70
Let Zo := limsup Z,,.

Theorem 9.6 (Convergence of local densities, L.ebesgue decomposition).

(i) The sequence (Z,) of successive relative densities is an (77, )-martingale w.r.t. Q. In particular, (Z,,)
converges Q-almost surely to Ze,, and Z, is integrable w.r.t. Q.

(ii) The following statements are equivalent:
a) (Z,) is uniformly integrable w.r.t. Q.
b) P is absolutely continuous w.r.t. Q on .

¢) P[A] = [, Zw dQ for any A € Fe.

(iii) In general, the decomposition P = P, + P holds with

P[A] = /A ZwdQ,  PJA] = P[AN{Z = }]. (9.5)

P, and Py are positive measures with P, < Q and Py L Q.
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The decomposition P = P, + P into an absolutely continuous and a singular part is called the Lebesgue
decomposition of the measure P w.r.t. Q on the o-algebra 7.

Proof.

(i)

(iii)

190

(i) Forn > 0, the density Z, is in LI(Q, ¥, Q), and
EolZ,; Al = P[A] = Eg|Zp41 5 A for any A € F,.

Hence Z,, = Eg|Z,+1 | Fnl. i.e., (Z,) is a martingale w.r.t. Q. Since Z,, > 0, the martingale converges
Q-almost surely, and the limit is integrable.

(a) = (¢): If (Z,)) is uniformly integrable w.r.t. Q, then
Z, = EglZs | Ful Q-almost surely for any n,
by the L' convergence theorem. Hence for A € F,,,
P[A] = EplZ,; A] = EplZ; Al
This shows that P[A] = Eg[Z ; A] holds for any A € |J %5, and thus for any A € ¥ = o (U Fn).

(c) = (b) is evident.

(b) = (a): If P < Q on ¥ then Z,, converges also P-almost surely to a finite limit Z,,. Hence for
ng e Nandc > 1,

supEgl |Zy| 5 |Za| =2 ] = supEglZ,; Z, > c] = sup P[Z, > c]
n n n

< maxP[Z, = c]+ sup P[Z, > c]

n<ng n>ng
< maxP[Z, >c]+P[Zsw =c— 1]+ sup P[|Z, — Zs| = 1].
n<ng n>ng

Given € > 0, the last summand is smaller than &/3 for ngy sufficiently large, and the other two
summands on the right hand side are smaller than /3 if ¢ is chosen sufficiently large depending on
ng. Hence (Z,,) is uniformly integrable w.r.t. Q.

In general, P,[A] = Eg[Z« ; A] is a positive measure on F, with P, < P, since for n > 0 and
A e Ty,

P4[A] = Eplliminf Z; ; A] < li]?linfEQ[Zk; Al = EplZ,; A] = P[A]

k—o0

by Fatou’s Lemma and the martingale property. It remains to show that
P,[A] = P[AN{Zy < 0}] for any A € Fo. 9.6)

If (9.6) holds, then P = P, + Ps with P, defined by (9.5). In particular, Py is then singular w.r.t.
0, since Q[Zs = o] = 0 and Ps[Z, = o] = 0, whereas P, is absolutely continuous w.r.t. Q by
definition.

Since P, < P, it suffices to verify (9.6) for A = Q. Then

(P=PAN {Ze < 0}] = (P= Pg)[Ze <] = 0,
and therefore, for any A € ¥,

P[AN{Ze < 0}] = Po[AN{Zw < 0}] = Pu[Al.

University of Bonn



9.1. Local and global densities of probability measures

To prove (9.6) for A = Q we observe that for ¢ € (0, 0),

P [lim sup Z, < c] < limsupP[Z, < c] = limsupEp[Z,; Z, < c]
n—oo n—oo n—oo
< Ep [lim supZ, - liz,<cy| £ EolZe] = PalQ]

n—oo

by Fatou’s Lemma. As ¢ — oo, we obtain
PlZs < 0] < PyQ] = Py[Zew < 0] < P[Zy < 0]

and hence (9.6) with A = Q. This completes the proof |

As a first consequence of Theorem 9.6, we prove the Radon-Nikodym Theorem on a separable o-algebra
A. Let Q and P be probability measures on (Q, A) with P < Q.

Proof (of the Radon-Nikodym Theorem for separable o-algebras). We fix a filtration (%;,) consisting of
finitely generated o--algebras 7, € A with A = o(lJ F,,). Since P is absolutely continuous w.r.t. Q, the
local densities Z,, = dP/dQ|, on the finitely generated o--algebras ¥, exist, cf. the example above. Hence
by Theorem 9.6,

P[A] = /Zoo dgo forany A € A.
A |

The approach above can be generalized to probability measures that are not absolutely continuous:

Exercise (Lebesgue decomposition, Lebesgue densities). Let Q and P be arbitrary (not necessarily
absolutely continuous) probability measures on (Q, A). A Lebesgue density of P w.r.t. Q is a random
variable Z : Q — [0, o0] such that P = P, + P, with

P,[A] = /Z dQ, Pg[A] = P[AN{Z = o}] for any A € A.
A
The goal of the exercise is to prove that a Lebesgue density exists if the o-algebra A is separable.

(i) Show that if Z is a Lebesgue density of P w.r.t. Q then 1/Z is a Lebesgue density of Q w.r.t. P.
Here 1/c0 := 0 and 1/0 := .

From now on suppose that the o--algebra is separable with A = o (|J F,) where (%) is a filtration
consisting of o-algebras generated by finitely many atoms.

(i) Write down Lebesgue densities Z,, of P w.r.t. Q on each ¥,,. Show that
P[Z, =cand Z,,1 <] =0 for any n,

and conclude that (Z,) is a non-negative supermartingale under Q, and (1/Z,,) is a non-negative
supermartingale under P.

(i) Prove that the limit Z,, = lim Z,, exists both Q-almost surely and P-almost surely, and Q[Z,, <
oo] =1and P[Z, > 0] = 1.

(iii) Conclude that Z, is a Lebesgue density of Q w.r.t. P on A, and 1/Z is a Lebesgue density of
P w.rt. Q on A.
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Derivatives of monotone functions

Suppose that F : [0,1] — R is a monotone and right-continuous function. After an appropriate linear
transformation we may assume that F is non decreasing with F(0) = 0 and F(1) = 1. Let u denote the
probability measure with distribution function F. By the example above, the Radon-Nikodym derivative
of u w.r.t. Lebesgue measure on the o-algebra 7,, = o(D,,) generated by the n-th dyadic partition of the
unit interval is given by the dyadic difference quotients (9.4) of F. By Theorem 9.6, we obtain a version of
Lebesgue’s Theorem on derivatives of monotone functions:

Corollary 9.7 (Lebesgue’s Theorem). Suppose that F : [0,1] — R is monotone and right continuous.
Then the dyadic derivative
d
F'() = 1im 2|
n—oo v 7_.'1

exists for almost every ¢ and F” is an integrable function on (0, 1). Furthermore, if F is absolutely continuous
then

F(s) - F(0) = /F’(t) dt for all s € [0, 1]. 9.7
0

Remark. The assertion extends to function of finite variation since these can be represented as the difference
of two monotone functions. Similarly, (9.7) also holds for absolutely continuous functions that are not
monotone.

Absolute continuity of infinite product measures

Suppose that Q = X §;, and

i=1
P = ®,ul- and 0 = ®vl-
i=1 i=1

are products of probability measures y; and v; defined on measurable spaces (S;, B;). We assume that y; and
v; are mutually absolutely continuous for every i € N. Denoting by X; : Q — S the evaluation of the k-th
coordinate, the product measures are mutually absolutely continuous on each of the o-algebras

?;’L = O-(le"°vxn)3 HEN’

with relative densities

P
d— = Z, and d—Q = 1/Z,,
aQlg, dP|g,
where
- dp;

Zn

= (Xi) € (0,00) Q-almost surely.
L 1 dvy;

In particular, (Z,,) is a martingale under Q, and (1/Z,) is a martingale under P. Let o = (X1, X>,...)
denote the product o--algebra.

Theorem 9.8 (Kakutani’s dichotomy). The infinite product measures P and Q are either singular or
mutually absolutely continuous with relative density Z,,. More precisely, the following statements are
equivalent:
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(i) P < Qon Fu.
(i) P~ Q on Fe.

dv; > 0.

(iii) Hf dv i

M8

(iv)

H(/J,,V,) < oo.

~.
—

Here the squared Hellinger distance d%l (i, v;) of mutually absolutely continuous probability measures
and v is defined by

N ]

Remark. (i) If mutual absolutely continuity holds then the relative densities on %, are

gy (u,v)

dP d 1
@ = 12130 Z, Q-almost surely, and d% = nlglgo Z_n P-almost surely.

(ii) If u and v are absolutely continuous w.r.t. a measure dx with densities f and g then
By(uv) = 5 [ (T -] dx = 1= [ VFCeo ax.

Proof. (i) & (iii): Fori e NletY; := d’“ ! (X ). Then the random variables ¥; are independent under both
Q and P with Eg[Y;] = 1, and
Z, =YY,

By Theorem 9.6, the measure P is absolutely continuous w.r.t. Q if and only if the martingale (Z,) is
uniformly integrable w.r.t. Q. To obtain a sharp criterion for uniform integrability we switch from L' to L?,
and consider the non-negative martingale

Y Y Y,
M, vh . ﬂ e Vi under the probability measure Q, where
B B Bn
du;
,Bl:EQ[\/?i]: dd,sl
Vi

Note that forn € N, Z, = M2 [, ,82 < M?. Moreover,

—.

n 2
EolM}) = [ Bi) .

i=1

Eol%1/B; = 1 /

i=1

If (iii) holds then (M,,) is bounded in L*(Q, A, Q). Therefore, by Doob’s L? inequality, the supremum of M,,
isin L2(Q,A,Q), i.e.,
Eolsup|Z,|] < Eg[sup M,%] < ©
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9. Change of measure

Thus (Z,) is uniformly integrable w.r.t. Q, and hence P < Q on F.

Conversely, if (iii) does not hold then
n
Z, = M,% . l—[ ﬂiz — 0 Q-almost surely,
since by the martingale convergence theorem, M,, converges Q-almost surely to a finite limit. Therefore, the

absolutely continuous part P, vanishes by Theorem 9.6 (iii), i.e., P is singular w.r.t. Q.

(iiiy <= (iv): For reals B; € (0,1), the condition H B: > 0 is equivalent to Z (1 = B;) < co. For B; as
i=1
above, we have

dui
1= = 1- / B dvi = (o).

(ii) = (i) is obvious.

(iv) = (ii): Condition (iv) is symmetric in u; and v;. Hence, if (iv) holds thenboth P <« Qand Q < P.

Example (Gaussian products). Let Q = ® N(0,1) and P = (X) N(a;, 1) where (g;);en is a sequence
i=1
of reals. The relative density of the normal dlstrlbutlons Ui := N(a;,1)and v := N(0,1) is

exp(—(x — a;)%)/2
exp(—x2/2)

/ /‘j{"jj \/_/exp (——(x —aix +a; /2)) dx = exp(~a; /8).

Therefore, by condition (iii) in Theorem 9.8,

dui

. = exp(a;x — al-2/2),

(x) =

and

P<x(Q & P00 Zaf<oo.

i=1
Hence mutual absolute continuity holds for the infinite products if and only if the sequence («;) is

contained in €2, and otherwise P and Q are singular.

Remark (Relative entropy). (i) In the singular case, the exponential rate of degeneration of the relative
densities on the o-algebras 7, is related to the relative entropies

du; d du;
HGa 1) = [ Fetog S avi = [ 108 P
For example in the i.i.d. case v; = v and y; = u, we have
—logZ = Zl g (X,-) — H(ulv) P-as., and
dv

1 1
——logZ = —logZ‘1 — H(v|w Q-a.s.

as n — oo by the Law of Large Numbers.
In general, log Z,, — Z H(u; | v;) is a martingale w.r.t. P, and log Z,, + Z H(u; | v;) is a martingale

i=1 i=1

w.r.t. Q.
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(ii) The relative entropy is related to the squared Hellinger distance by the inequality

1
SHu|v) 2 d (| v),

which follows from the elementary inequality

1
Elogx‘1 = —logVx > 1 -+vx for x > 0.
9.2. Translations of Wiener measure

We now return to stochastic processes in continuous time. We endow the continuous path space C([0, o), RY)
with the o-algebra generated by the evaluation maps X;(w) = w;, and with the filtration

77,X = (X, : s €[0,2]), t>0.
Note that 7% consists of all sets of type
{w e C([0,00),RY) : o, €T} withT € B(C([0,,RY)).

In many situations one is interested in the distribution on path space of a process

B;’l = Bt+ht

obtained by translating a Brownian motion (B;) by a deterministic function % : [0, c0) — R¢. In particular,
it is important to know if the distribution of (Bf‘) has a density w.r.t. the Wiener measure on the o-algebras
#X, and how to compute the densities if they exist.

Example. (i) Suppose we would like to evaluate the probability that sup e . |Bs — &s| < € for a

given ¢ > 0 and a given function g € C([0, c0),R?) asymptotically as & \, 0. One approach is to
study the distribution of the translated process B; — g; near 0.

(i) Similarly, computing the passage probability P[By > a+bs for some s € [0,¢]]toaline s — a+bs
for a one-dimensional Brownian motion is equivalent to computing the passage probability to the
point a for the translated process B, — bt.

(iii) A solution to a stochastic differential equation
dY; = dB; + b(t,Y;)dt

is a translation of the Brownian motion B; — By by the stochastic process H; = ¥ + fot b(s,Ys) ds.
Again, in the simplest case (when b(t, y) only depends on ¢), H, is a deterministic function.
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9. Change of measure

The Cameron-Martin Theorem

Let (B;) be a Brownian motion with By = 0, and let 4 € C([0, o), R?). The distribution
wy = Po(B+h)™!
of the translated process B = B, + h, is the image of Wiener measure zo under the translation map
7 0 C([0,00),RY) — C([0,00),RY),  14(x) = x + h.

Recall that Wiener measure is a Gaussian measure on the infinite dimensional space C([0, 0), R¢). The next
exercise discusses translations of Gaussian measures in R":

Exercise (Translations of normal distributions). Let C € R™" be a symmetric non-negative definite
matrix, and let & € R". the image of the normal distribution N(0, C) under the translation map x +— x+h
on R” is the normal distribution N(#,C).

(i) Show that if C is non-degenerate then N(h4,C) ~ N(0,C) with relative density

dN(h,C 1
dNEO C; (x) = e300 for x e R7 ©.8)

where (g, h) = (g,C~!, h) for g,h € R".

(ii) Prove that in general, N(h, C) is absolutely continuous w.r.t. N(0, C) if and only if 4 is orthogonal
to the kernel of C w.r.t. the Euclidean inner product.

On C([0, ),RY), we can usually not expect the existence of a global density of the translated measures
up W.rt. go. The Cameron-Martin Theorem states that for ¢ > 0, a relative density on %X exists if and only
if i is contained in the corresponding Cameron-Martin space:

Theorem 9.9 (Cameron, Martin). For i € C([0,0),R?) and ¢ € R, the translated measure u;, = o 7,

is absolutely continuous w.r.t. Wiener measure yo on %X if and only if 4 is an absolutely continuous
function on [0, ] with &y = 0 and fot |h’|? ds < co. In this case, the relative density is given by

t 1 t
= exp (/ h .dxs——/ |h;|2ds). (9.9)
(}'tX 0 2 0

where fot hy, - dX; is the Itd integral w.r.t. the canonical Brownian motion (X, o).

dun
dpo

Before giving a rigorous proof let us explain heuristically why the result should be true. Clearly, absolute
continuity does not hold if sy # 0, since then the translated paths do not start at 0. Now suppose hg = 0,
and fix ¢ € (0,00). Absolute continuity on %X means that the distribution uj, of (B")o<s<: on C([0,1],RY) is
absolutely continuous w.r.t. Wiener measure y, on this space. The measure yj,, however, is a kind of infinite
dimensional standard normal distribution w.r.t. the inner product

t
() = / Xg - Yy ds
0

on functions x,y : [0,7] — R4 vanishing at 0, and the translated measure ,uz is a Gaussian measure with
mean & and the same covariances. Choosing an orthonormal basis (e;);en W.r.t. the H-inner product (e.g.
Schauder functions), we can identify s and g with the product measures Xiey N(0,1) and )| N(a;, 1)
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9.2. Translations of Wiener measure

respectively, where a; = (h,e;)g is the i-th coefficient of / in the basis expansion. Therefore, 1 should be
absolutely continuous w.r.t. ,uf) if and only if

(hhy = ) ai < oo,
i=1

i.e., if and only if / is absolutely continuous with * € £2(0,t). Moreover, in analogy to the finite-dimensional
case (9.8), we would expect informally a relative density of the form

du® t 1 /!
“ Li’(x) = hXu=3(hn exp (/ hy - x; ds — —/ |h;|2 ds) ”
dptg 0 2 Jo

Since p(-almost every path x € C([0,), R4) is not absolutely continuous, this expression does not make
sense. Nevertheless, using finite dimensional approximations, we can derive a rigorous expression (9.9) for
the relative density where the integral fot hg - x{ ds is replaced by the almost surely well-defined stochastic
integral [y A - dx; :

Proof (of Theorem 9.9). We assume ¢ = 1. The proof for other values of ¢ is similar. Moreover, as explained
above, it is enough to consider the case A4(0) = 0.

(i) Local densities: We first compute the relative densities when the paths are only evaluated at dyadic
time points. Fix n € N, let#; =i - 27", and let
O0iX = Xgpy — Xy

i

denote the i-th dyadic increment. Then the increments 5;:B" i=0,1,...,2" — 1) of the translated
Brownian motion are independent random variables with distributions

6;B" = 6;B+6;h ~ N(6;h,(61)-1y), 6t =27".

Consequently, the marginal distribution of (Bﬁ,Bf’z ye .,BZ") is a normal distribution with density
w.r.t. Lebesgue measure proportional to

2n-1 2
0;x —0;h .
eXp(—Z M)’ x:('xﬂ?xl‘z?"-,xzzn)ERZ d‘

pary 20t
Since the normalization constant does not depend on #, the joint distribution of (Bf1 , Bg ey Bgn) is
absolutely continuous w.r.t. that of (B;,, B,, . . ., B;,, ) with relative density
Sih 1« |6:h
— 0 x— = —| or]. 9.10
eXp( R DN ©-10)
Consequently, uy, is always absolutely continuous w.r.t. yo on each of the o--algebras
Frn = 0(Xjpn:i=0,1,...,2" = 1), neN,
with relative densities
2] 2] 2
oih 1 oih
Z, = — 56X —= —| otf. 9.11
" eXp(; 5t 2;: 5t ) ©-11)
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9. Change of measure

(ii) Limit of local densities: Suppose that & is absolutely continuous with

1
/ |n/|>dt < co.
0

We now identify the limit of the relative densities Z, as n — oo. First, we note that

2"—1

In fact, the sum on the right hand side coincides with the squared L? norm

5:h|?

1
— / |h!|* dt asn — oo.
ot 0

1
/0 |dh/dt) oy p,,[ di

of the dyadic derivative
2l s

= Z “A(i—1)2n i2n)

a(Dy)
on the o-algebra generated by the intervals ((z —1)-27"i-27"]. If his absolutely continuous with

dh
€ L?(0,1) then -

dt

— h’(¢t) in L?(0, 1) by the L? martingale convergence theorem.
o (Dy)

Furthermore, by 1t6’s isometry,

Sih !
Z # 6 X — h. - dX; in L*(u) as n — co. 9.12)
i=0 0

dh

Indeed, the sum on the right-hand side is the It6 integral of the step function n wrt. X,
o (Dn)

and as remarked above, these step functions converge to 4’ in L?(0,1). Along a subsequence, the

convergence in (9.12) holds pp-almost surely, and hence by (9.11),

n—oo

1 1
1
lim Z, = exp (/ h} - dXs — 5/ |h;|2 ds) Ho-a.S. (9.13)
0 0

(iii) Absolute continuity on 7-'1X : We still assume 7’ € L?(0,1). Note that 7:1X = o(U ). Hence for

198

proving that gy, is absolutely continuous w.r.t. o on 7-“]X with density given by (9.13), it suffices to
show that lim sup Z,, < oo uj-almost surely (i.e., the singular part in the Lebesgue decomposition of
Hi W.I.L. o vanishes). Since pp = po o 7, ! the process

W, = X; — is a Brownian motion w.r.t. uy,
and by (9.10) and (9.11),
12l

2"_16h )
7 =
R

Note that the minus sign in front of the second sum has turned into a plus by the translation! Arguing
similarly as above, we see that along a subsequence, (Z,,) converges uj,-almost surely to a finite limit:

6h

1

1
1
limZ, = exp /h;-dWS +§/|h;|2 ds Up-a.s.
0

Hence uj; < uo with density lim Z,,.

University of Bonn



9.2. Translations of Wiener measure

(iv) Singularity on ‘7—'1X : Conversely, let us suppose now that 4 is not absolutely continuous or 4’ is not in
L?(0,1). Then

" 1
2n_] 5:h 2 dhl?
Z 57 ot = n dt — oo asn — oo,
iz 19l s 14 lo(D,)
Since /
n_ n_ 1/2
2n-1 S:h 2n-1 S:h 2
Z (5_ 0; X = E ot ,
i=0 L2(u0) i=0
we can conclude by (9.11) that
limZ, =0 Uo-almost surely,
i.e., yy is singular w.r.t. uo. |

The proof above explains how the specific form of the density in the Cameron-Martin Theorem arises.
In the following section 9.3, we will take a different approach based on stochastic calculus that enables us
to study changes of measure corresponding to more general translations of a Brownian motion. Later, in
Section ??, we will give an alternative proof of the Cameron-Martin Theorem based on this approach.

Passage times for Brownian motion with constant drift

We now consider a one-dimensional Brownian motion with constant drift £, i.e., a process
Y, = B, + pt, t>0,

where B; is a Brownian motion starting at 0 and § € R. We will apply the Cameron-Martin Theorem to
compute the distributions of the first passage times

TZ:min{tZO:Y,:a}, a>0.

Note that T is also the first passage time to the line ¢ — a — St for the Brownian motion (B,).

Theorem 9.10. For a > 0 and 8 € R, the restriction of the distribution of T to (0,c0) is absolutely

continuous with density
a (a—pt)?
) = g =)

\/271-[3 2t

In particular,

P[Tg <oo] = /fa"g(s) ds.
0

Proof. Let i(t) = Bt. By the Cameron-Martin Theorem, the distribution pj, of (¥;) is absolutely continuous
w.r.t. Wiener measure on 7% with density

Z = exp(B- X, — Bt/2).
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Therefore, denoting by T, = inf{r > 0 : X; = a} the passage time of the canonical process, we obtain
PITY <1] = plTa <1] = EulZi; Ta < 1]

1
Eﬂo[ZTu i Ty < t] = E/Jo [eXp(,Ba - EIBZTa); T, < t]

/0 exp(Ba — B5/2) fi (s) ds

by the optional sampling theorem. The claim follows by inserting the explicit expression for fr, derived in
Corollary 1.30. |

9.3. Girsanov transform

We will now extend the results in the previous section 9.2 considerably. To this end, we will consider locally
absolutely continuous changes of measure with local densities of type

t 1 t
Z; = exp (/ Gs-dXs - 5/ |GS|2dS),
0 0

where (X;) is a Brownian motion and (Gy) is an adapted process. Recall that the densities in the Cameron-
Martin-Theorem took this form with the deterministic function G, = hj. We start with a general discussion
about changing measure on filtered probability spaces that will be useful in other contexts as well.

Change of measure on filtered probability spaces

Let (#7) be a filtration on a measurable space (Q, A), and fix 7y € (0,00). We consider two probability
measures P and Q on (€, A) that are mutually absolutely continuous on the o-algebra 7, with relative

density
dP

dQ
Then P and Q are also mutually absolutely continuous on each of the o-algebras 7, t < ty, with Q- and
P-almost surely strictly positive relative densities

Zt() =

0 Q-almost surely.
Ty

dP
zZ, = = Eg|Z,|F] and

ap Q) _ 1
dQl

dPls, 7

The process (Z;); <, is a martingale w.r.t. Q, and, correspondingly, (1/Z;); <, is a martingale w.r.t. P. From
now on, we always choose a right continuous version of these martingales.

Lemma 9.11. /) Forany0 < s <t < ty, and for any F;-measurable random variable X : Q — [0, o],

EQ[XZt|ﬁ] _ EQ[XZt|7'Tv]

ElXI%l = g zm T T 4

P-a.s. and Q-a.s. (9.14)

2) Suppose that (M;); <, is an (%) adapted right continuous stochastic process. Then
(i) M is amartingalew.rt. P & M - Z is a martingale w.r.t. Q,

(ii) M is a local martingale w.rt. P & M - Z is a local martingale w.r.t. Q.

Proof. 1) The right hand side of (9.14) is F5-measurable. Moreover, for any A € 7,

Ep[EQ[XZ|Fs1/ Zs 5 A] EolEo[XZ|Fs] 5 Al

EQ[XZ, 5 A] = EQ[X; A].
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9.3. Girsanov transform

2) (i) is a direct consequence of 1). Moreover, by symmetry, it is enough to prove the implication "<" in
(ii). Hence suppose that M - Z is a local Q-martingale with localizing sequence (7,,). We show that M 7" is
a P-martingale, i.e.,

Ep[Mint, 3 Al = Ep[Msar, ; A] forany Ae Fy, 0 <5<t <t. (9.15)
To verify (9.15), we first note that
Ep[Ming, s AOT, <531 =  Ep[Mgar, s AO{T, < s}] 9.16)

sincet AT, =T, = s AT, on {T,, < s}. Moreover, one verifies from the definition of the o--algebra F7,
that for any A € F, the event A N {T;, > s} is contained in F;.7,, and hence in %7, . Therefore,

Ep[Mint, s ANAT, > s}] = Eg[Miat, Zirt, : ANA{T, > s}] 9.17)
= EQ[MS/\Tn Zs/\Tn ; AN {Tn > S}]] = EP[MS/\Tn ; AN {Tn > S}]

by the martingale property for (M Z)!", the optional sampling theorem, and the fact that P < Q on F;a7,,
with relative density Z;»z,,. (9.15) follows from (9.16) and (9.17). |

Since the probability measures P and Q are mutually absolutely continuous on the o--algebras 7 for ¢ < 1,

the Q-martingale Z, = Z—SL of relative densities is actually an exponential martingale. Indeed, to obtain a
t

corresponding representation let us assume for simplicity that (Z;)[o,4,] is @-almost surely continuous, and

let
1
Ll = / _dZS
0 Zs

denote the stochastic "logarithm" of Z. Since Q-almost surely, (Z;) is strictly positive, the process (L;);¢[0,z]
is a well-defined local martingale w.r.t. Q. Moreover, by the associative law,

dZt = Zt st, Z() = 1,
so Z; is the stochastic exponential of the local Q-martingale (L;):
Z, = exp(L—[L]/2).

If (Z;) is not continuous, a similar argument can still be carried out by using stochastic calculus for cadlag
semimartingales. In this case, the stochastic logarithm of Z; is defined as L, = fot (1/Zs-) dZs, see Chapter
?? below.

Girsanov’s Theorem

‘We now return to our original problem of identifying the change of measure induced by a random translation
of the paths of a Brownian motion. Suppose that (X;) is a Brownian motion in R¢ with Xy = 0 w.r.t. the
probability measure Q and the filtration (#7), and fix 7y € [0, 00). Let

t
Lt == / GS * ng, t 2 0,
0
with G € £2__(R4,R9). Then [L], = fot |Gs|? ds, and hence

t 1 t
7, = exp(/ Gs-dXS——/ |GS|2ds) (9.18)
0 2 Jo

is the exponential of L. In particular, since L is a local martingale w.r.t. Q, Z is a non-negative local
martingale, and hence a supermartingale w.r.t. Q. It is a Q-martingale for # < f; if and only if Eg[Z;,] = 1:
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9. Change of measure

Exercise (Martingale property for exponentials). Let (Z;);¢[0,,) on (€2, A, Q) be a non-negative local
martingale satisfying Zg = 1.

a) Show that Z is a supermartingale.

b) Prove that Z is a martingale if and only if Ep[Z,,] = 1.
In order to use Z;, for changing the underlying probability measure on ¥, we have to assume the martingale
property:
Assumption. (Z;);,, is a martingale w.r.t. Q.

Theorem 9.13 below implies that the assumption is satisfied if

1 t
E[exp (5/0 |GS|2ds)

If the assumption holds then we can consider a probability measure P on A with

< 09,

dpP
— = Z -a.s. 9.19
d Q 7__10 1o Q a.s ( )
Note that P and Q are mutually absolutely continuous on 7 for any ¢ < #y with
dP do 1
il = 7 d = =
dol7, cooa dP 7, Z

both P- and Q-almost surely. We are now ready to prove one of the most important results of stochastic
analysis:

Theorem 9.12 (Maruyama 1954, Girsanov 1960). Suppose that X is a d-dimensional Brownian motion
w.r.t. Q and (Z;), <, is defined by (9.18) with G € £2, (R4,R?). If Eg[Z,,] = 1 then the process

a,loc

t
B, = X,—/Gsds, t < 1o,
0

is a Brownian motion w.r.t. any probability measure P on A satisfying (9.19).

Proof. By the extension of Lévy’s characterization of Brownian motion to the multidimensional case, it
suffices to show that (B;);<;, is an R9-valued P-martingale with [B!, B/], = 6; jt P-almost surely for any
i,j € {l,...,d}, cf. Theorem ?? below. Furthermore, by Lemma 9.11, and since P and Q are mutually
absolutely continuous on ¥, this holds true provided (B;Z;);<;, is an R? valued local martingale under
Q, and [B',B’] = §;;t Q-almost surely. The identity for the covariations holds since (B;) differs from
the Q-Brownian motion (X;) only by a continuous finite variation process. To show that B - Z is a local
Q-martingale, we apply It6’s formula: For 1 <i < d,

dB'Z) = B dZ+ZdB +d[BZ] (9.20)
= B'ZG-dX+ZdX' -ZG'dt+ZG' dt,

where we have used that
d[B',Z] = ZG-d[B.X] = ZG'dt Q-almost surely.

The right-hand side of (9.20) is a stochastic integral w.r.t. the Q-Brownian motion X, and hence a local
Q-martingale. |
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The theorem shows that if X is a Brownian motion w.r.t. Q, and Z defined by (9.18) is a Q-martingale, then
X satisfies
dXt = G[ dt + dBt

with a P-Brownian motion B. This can be used to construct weak solutions of stochastic differential equations
by changing the underlying probability measure, see Section ?? below. For instance, if we choose G; = b(X;)
then the Q-Brownian motion (X;) is a solution to the SDE

dXt = b(Xl) dt + dBt,

where B is a Brownian motion under the modified probability measure P.
Furthermore, Girsanov’s Theorem generalizes the Cameron-Martin Theorem to non-deterministic adapted

translations
t

X — X -Hw. H = /0 G, ds,

of a Brownian motion X.

Remark (Assumptions in Girsanov’s Theorem). (i) Absolute continuity and adaptedness of the “trans-
lation process” H; = fot Gy ds are essential for the assertion of Theorem 9.12.

(ii) The assumption Eg[Z;] = 1 ensuring that (Z;);<, is a Q-martingale is not always satisfied — a
sufficient condition is given in Theorem 9.13 below. If (Z;) is not a martingale w.r.t. Q it can still be
used to define a positive measure P, with density Z, w.r.t. Q on each o-algebra 7;. However, in this
case, P;[Q] < 1. The sub-probability measures P, correspond to a transformed process with finite
life-time.

Novikov’s condition

To verify the assumption in Girsanov’s theorem, we now derive a sufficient condition for ensuring that the
exponential

Zi = exp (Lt -1/2 [L]t)
of a continuous local (¥;) martingale (L,) is a martingale. Recall that Z is always a non-negative local

martingale, and hence a supermartingale w.r.t. (7).

Theorem 9.13 (Novikov 1971). Let# € R.. If E[exp ([L];,/2)] < co then (Z;), <, is an (%) martingale.

We only prove the theorem under the slightly more restrictive condition
E [exp(p[L]:/2)] < o0 for some p > 1. 9.21)

This simplifies the proof considerably, and the condition is sufficient for many applications. For a proof in
the general case and under even weaker assumptions see e.g. [12].

Proof. Let (7,,),cn be a localizing sequence for the martingale Z. Then (Z;x1, );>0 is a martingale for any
n. To carry over the martingale property to the process (Z;); [0,z it is enough to show that the random
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variables Z;x7,, n € N, are uniformly integrable for each fixed ¢ < #y. However, for ¢ > 0 and p,q € (1, )
with p~! + ¢~ = 1, we have

ElZint, 5 Zint, = ]

= E[CXP (Lt/\Tn - g[L]t/\Tn) eXp (l%[L]tATn) s Zint, 2 C] (9.22)
2
-1
< E[eXP (PLzATn - %[L]z/\Tn)]l/p 'E[CXP (q : p—[L]t/\T,,) s ZinT, 2 C]l/q
<

E[exp(g[L],) s Ziat, = c]l/q

for any n € N. Here we have used Holder’s inequality and the fact that exp (meTn - I;[L]MT") is an
exponential supermartingale. If exp (%[L]t) is integrable then the right hand side of (9.22) converges to 0
uniformly in 7 as ¢ — oo, because

P(Zint, 201 < " E[Zin,] < ' — 0

uniformly in n as ¢ — oco. Hence {Z;,r, : n € N} is indeed uniformly integrable, and thus (Z;);[0,4,] is a
martingale. |

Example (Bounded drifts). If L, = fot G, - dX, with a Brownian motion (X;) and an adapted process
(G,) that is uniformly bounded on [0, ] for any finite ¢ then the quadratic variation [L]; = fot |Gs|? ds is
also bounded for finite ¢. Hence exp(L — %[L]) is an (#;) martingale for ¢ € [0, ).

Example (Option pricing in continuous time II: Risk-neutral measure). We consider the asset price
model in continuous time introduced in the beginning of Chapter 8. The stock price is modelled by an
SDE

dSt = CZ[S[ dt + O-[St dX[, (9.23)
and the interest rate is given by (R;). We assume that (X;) is a Brownian motion and (a;),(R;), (0%)

and (1/0%) are adapted bounded continuous processes, all defined on a filtered probability space
(Q, A, Q,(F;))- Then the discounted asset price

t
S, = exp (—/ R, ds) S;
0

dS, = (@, — R)S,dt + 0,8, dX, = 0,8, dB,, (9.24)

t
-R
Bt = Xt +/ Cls—sds.
0 (o

We can apply Girsanov’s Theorem and the Novikov condition to conclude that the process (B;) is a
Brownian motion under a probability measure P on (2, A) with local densities w.r.t. Q on ¥; given by

satisfies

where

t 1 t
7, = exp(/ GS-dXS—E/ |GS|2ds) where G, = (R, — ;)]
0 0

Therefore, by (9.24) and by the assumptions on the coeflicients, the process (§,) is a martingale under
Q. The measure Q can now be used to compute option prices under a no-arbitrage assumption similarly
to the discrete time case considered in Section 2.3 above, see Section 9.4.
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9.4. 1t6’s Representation Theorem and Option Pricing

We now prove two basic representation theorems for functionals and martingales that are adapted w.r.t. the
filtration generated by a Brownian motion. Besides their intrinsic interest, such representation theorems are
relevant e.g. for the theory of financial markets, and for stochastic filtering. Throughout this section, (B;)
denotes a Brownian motion starting at O on a probability space (Q, A, P), and

F = o(Bg:se€ [O,t])P, t>0,

is the completed filtration generated by (B;). It is crucial that the filtration does not contain additional
information. By the factorization lemma, this implies that ¥; measurable random variables F : Q@ — R
are almost surely functions of the Brownian path (By)s<,. Indeed, we will show that such functions can be
represented as stochastic integrals.

Representation theorems for functions and martingales

The first version of Itd’s Representation Theorem states that random variables that are measurable w.r.t. the
o-algebra F| = 7—'13 ‘P can be represented as stochastic integrals:

Theorem 9.14 (Itd). For any function F € £2(Q, 71, P) there exists a unique process G € L2(0,1) such
that

1
F = E[F]+/ G, - dBg P-almost surely. (9.25)
0

An immediate consequence of Theorem 9.14 is a corresponding representation for martingales w.r.z. the
Brownian filtration F; = T,B’P:

Corollary 9.15 (Ité representation for martingales). For any right-continuous L2-bounded (#;) martin-
gale (M;);¢[0,1] there exists a unique process G € L2(0,1) such that

t
M, = M +/ G, - dBg for any ¢ € [0, 1], P-as.
0

The corollary is of fundamental importance in financial mathematics where it is related to completeness
of financial markets. It also proves the remarkable fact that every martingale w.r.t. the Brownian filtration
has a continuous modification! Of course, this result can not be true w.r.t. a general filtration.

We first show that the corollary follows from Theorem 9.14, and then we prove the theorem:

Proof (Proof of Corollary 9.15.). If (M,),c[o.1] is an L? bounded (#;) martingale then M; € L*(Q, 71, P),
and
M, = E[M|F] a.s. forany ¢ € [0,1].

Hence, by Theorem 9.14, there exists a unique process G € L2(0, 1) such that

1 1
M, = E[M1]+/ G -dB = M0+/ G-dB a.s.,
0 0
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and thus .
M, = E[M|F] = M, +/ G-dB a.s. forany ¢ € [0, 1].
0

Since both sides in the last equation are almost surely right continuous, the identity actually holds simulta-
neously for all ¢ € [0, 1] with probability 1. ]

Proof (Proof of Theorem 9.14.). Uniqueness. Suppose that (9.25) holds for two processes G, Ge L2(0,1).

Then X X
/ G-dB = / G - dB,
0 0

1G=Gllpen = | [G-8)-ap

and hence, by Itd’s isometry,

L2(P)

Hence G,(w) = G,(w) for almost every (t,w).

Existence. We prove the existence of a representation as in (9.25) in several steps — starting with “simple”
functions F.
1. Suppose that F = exp(ip - (B; — By)) for some p € R and 0 < s < t < 1. By Itd’s formula,

. 1 . 1 ! . 1 .
explip: B+ 3P = explip- B+ 51pP9)+ [ explip- B, + 3IpPr)ip - ds.
S
Rearranging terms, we obtain an Itd representation for F' with a bounded adapted integrand G.

n

2. Now suppose that F = [] Fy where Fy = exp (ipx - (By, — By,_,)) for some n € N, py,...,p, € RY, and
k=1

0<f <t <---<t, <1. Denoting by G, the bounded adapted process in the Itd representation for Fy,

we have
n

F o= H(E[Fk]+/Zk+le-dB).

k=1 Tk
We show that the right hand side can be written as the sum of [];_, E[Fi] and a stochastic integral w.r.t.
B. For this purpose, it suffices to verify that the product of two stochastic integrals X, = fot G - dB and
Y, = fot H - dB with bounded adapted processes G and H is the stochastic integral of a process in L2(0,1)
provided fol G, - H, dt = 0. This holds true, since by the product rule,

1 1 1
XlYl = / XtH[ N dB[ + / )IZGI . dBt + / G[ . Ht dt,
0 0 0

and XH + Y G is square-integrable by 1t6’s isometry.
3. Clearly, an It6 representation also holds for any linear combination of functions as in Step 2.

4. To prove an Itd representation for arbitrary functions in £?(Q, 71, P), we first note that the linear
combinations of the functions in Step 2 form a dense subspace of the Hilbert space L*(Q, 71, P). Indeed, if
¢ is an element in L?(Q, 71, P) that is orthogonal to this subspace then

n
E|o] Jexptipe - By B )| = 0
k=1
foranyn € N, p1,...,pn € Réand0<tg<fy <---<t, <1. By Fourier inversion, this implies
El¢|o(By =By, ,:1<k<n)] = 0 a.s.
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foranyn e Nand0 <1y <--- <1, <1, and hence ¢ = 0 a.s. by the Martingale Convergence Theorem.
Now fix an arbitrary function F € L*(Q, 71, P). Then by Step 3, there exists a sequence (F,,) of functions in
L*(Q, 71, P) converging to F in L? that have a representation of the form

1
F,—E[F,] = /G(”)-dB (9.26)
0

with processes G™ € L2(0,1). Asn — oo,
F,-E[F,] — F-E[F] in L*P).

Hence, by (9.26) and Ito’s isometry, (G™) is a Cauchy sequence in L*(P®g,1)). Denoting by G the limit
process, we obtain the representation

by taking the L? limit on both sides of (9.26). |

Application to option pricing

We return to the asset price model considered at the end of Section 9.3. For simplicity, we now assume that
the coeflicients in (9.23) and (9.24) are constant:

@y=aeR,  o,=0€(0,o), R=rek

Then the change of measure is given by the local densities

_ 1 /7 — a2
Z, = exp(ro_a/Xt——(r “) t), (9.27)

2\ o

and by (9.24), the discounted stock price is proportional to the It6 exponential of o B where B; = X; + “"t
is a Brownian motion under the risk-neutral measure Q:

S, = Sy-exp(oB; — 0%t/2) (9.28)

Now suppose that we want to compute the no-arbitrage price of an option. For example, let us consider a
European call option where the payoft at the final time 7y is given by

Vie = (Slo -K )+
for a positive constant K. By (9.28), the discounted payoff
~ ~ +
Vo = (5 - e—”OK) (9.29)

is an ?;f P measurable random variable. Therefore, by Itd’s Representation Theorem and (9.28), there exists
a process G € L2(0,1y) such that

. _ o _ 10 _
V, = Ep [Vto] + / G,dB, = Ep [Vm] + / ®, dS,,
0 0
where ©, = G,/ (0':8:,). Hence (®,) is a replicating strategy for the option, i.e., investing @, units in the

stock and putting the remaining money on the bank account yields exactly the payoff for the option at time

to provided our initial capital is given by Ep [‘7:0] Since otherwise there would be an arbitrage opportunity
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by selling the option and investing the gain by the strategy ®, or conversely, we can conclude that under a
no-arbitrage assumption, the only possible option price at time 0 is given by

£r[F] - o [frte o - |
Noting that B;, ~ N(0,7) under P, we obtain the Black-Scholes formula for the no-arbitrage price of a

European call option. Notice in particular that the price does not depend on the usually unknown model
parameter « (the mean rate of return).

Application to stochastic filtering

XXX to be included
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A. Conditional expectations

A.1. Conditioning on discrete random variables

We first consider conditioning on the value of a random variable Y : @ — S where S is countable. In this
case, we can define the conditional probability measure

P[AN{Y = z}]
P[A|Y = = — Ae A,
[A1Y =2] i
and the conditional expectations
E[X;Y = 7] |
EX|Y=z] = ——, X e L (QAP),
(XY =] o (Q.A.P)

for any z € S with P[Y = z] > 0in an elementary way. Note that for z € S with P[Y = z] = 0, the conditional
probabilities are not defined.

Conditional expectations as random variables

It will turn out to be convenient to consider the conditional probabilities and expectations not as functions of
the outcome z, but as functions of the random variable Y. In this way, the conditional expectations become
random variables:

Definition A.1 (Conditional expectation given a discrete random variable). Let X : O — R be a ran-
dom variable such that E[X~] < oo, and letY : Q — § be a discrete random variable. The random variable
E[X | Y] that is P-almost surely uniquely defined by

EX|Y] = %) = > @) Iy
zZ€S
with
@ = E[X|Y=2z] ifP[Y=2]>0
s = arbitrary ifP[Y =z]=0

is called (a version of the) conditional expectation of X given Y. For an event A € A, the random variable
PIA|Y] := E[alY]

is called (a version of the) conditional probability of A given Y.

The conditional expectation E[X | Y] and the conditional probability P[A | Y] are again random vari-
ables.They take the values E[X | Y = z] and P[A | Y = z], respectively, on the sets {Y = z},z € S with
P[Y = z] > 0. On each of the null sets {Y = z},z € § with P[Y = z] = 0, an arbitrary constant value is
assigned to the conditional expectation. Hence the definition is only almost surely unique.
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Characteristic properties of conditional expectations

Let X : Q — R be a non-negative or integrable random variable on a probability space (Q, A, P). The
following alternative characterisation of the conditional expectation of X given Y can be verified in an
elementary way:

Theorem A.2. A real random variable X > 0 (or X € £') on (Q, A, P) is a version of the conditional
expectation E[X | Y] if and only if

(I) X =g(Y) forafunctiong:S — R, and

a E [Y - f(Y )] = E[X - f(Y)] for all non-negative or bounded functions f : S — R, respectively.

A.2. General conditional expectations

If Y is a real-valued random variable on a probability space (Q, A, P) with continuous distribution function,
then P[Y = z] = O for any z € R. Therefore, conditional probabilities given ¥ = z can not be defined in the
same way as above. Alternatively, one could try to define conditional probabilities given Y as limits:

PIAIY =2 = lmPlAlz=h<Y<z+h] (A.1)

In certain cases this is possible but in general, the existence of the limit is not guaranteed.

Instead, the characterization in Theorem A.2 is used to provide a definition of conditional expectations given
general random variables Y. The conditional probability of a fixed event A given Y can then be defined
almost surely as a special case of a conditional expectation:

P[A|Y] := E[ls]|Y] (A.2)
Note, however, that in general, the exceptional set will depend on the event A !

The factorization lemma

We first prove an important measure theoretic statement.

Theorem A.3 (Factorization lemma). Suppose that (S,S) is a measurable space and Y : Q — S is a map.
Then a map X : Q — R is measurable w.r.t. o(Y) if and only if

X=f¥)=foY
for a S-measurable function f : § — R.
X
y/\
(©,0(Y)) > (5,5) > (R, B(R))
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Proof. (i) If X = f oY for a measurable function f, then
xYB) = YU fU(B)eo() holds for all B € B(R),
as f~1(B) € 8. Therefore, X is o-(Y)-measurable.

(i) Coversely, we have to show that o-(Y)-measurability of X implies that X is a measurable function of
Y. This is done in several steps:

a) If X = I, is an indicator function of an set A € o(Y), then A = Y~!(B) with B € S, and thus

X(w) = hLagw) = IY(w) for all w € Q.

b) For X = 37", cila;, with A; € o(Y) and ¢; € R we have correspondingly

n

X = Z cilp,(Y),

i-1
where wobei B; are sets in S such that A; = Y~'(B;).

c) For an arbitrary non-negative, o-(Y)-measurable map X : Q — R, there exists a sequence of o(Y)-
measurable elementary functions such that X, ” X. By (b), X;, = f,(Y) with S-measurable
functions f,,. Hence

X = supX, = supfp(Y) = f(),
where f = sup f;, is again S-measurable.
d) For a general o(Y)-measurable map X : Q — R, both X* and X~ are measurable functions of Y,
hence X is a measurable function of Y as well. |
The factorization lemma can be used to rephrase the characterizing properties (1) und (II) of conditional
expectations in Theorem A.2 in the following way:
X is a version of E[X | Y] if and only if
(i) X ist o(Y)-messbar,
(ii) E[X; Al = E[X; A] fueralle A € o(Y).

The equivalence of (I) und (i) is a consequence of the factorization lemma, and the equivalence of (II) and
(ii) follows by monotone classes, since (ii) states that

E[X-IzgXY)] = E[X-Iz(Y)] holds for all B € S.

Conditional expecations given o -algebras

A remarkable consequence of the characterization of conditional expectations by Conditions (i) and (ii) is
that the conditional expectation E[X | Y] depends on the random variable Y only via the o-algebra o(Y)
generated by Y ! If two random variables Y and Z are functions of each other then o-(Y) = 07(Z), and hence
the conditional expectations E[X | Y] and E[X | Z] coincide (with probability 1). Therefore it is plausible to
define directly the conditional expectation given a o-Algebra. The o-algebra (e.g. o (Y), or o (¥1,. .., ,))
then describes the available “information” on which we are conditioning.

The characterization of conditional expectations by (i) and (ii) can be extended immediately to the case
of general conditional expectations given a o-algebra or given arbitrary random variables. To this end let
X : Q — R be a non-negative (or integrable) random variable on a probability space (Q, A, P).
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Definition A.4 (Conditional expectation, general). (i) Let ¥ C A be a o-algebra. A non-negative

(or integrable) random variable X : Q — R is called a version of the conditional expectation
E[X | F]iff:

a) X is F-measurable, and
b) E[X; A]l=E[X; A] forany A € F.

(ii) For arbitrary random variables Y,Y1,Y5,...,Y;, on (Q, A, P) we define
E[X|Y] = E[X|o®)]
E[X|1,...Y,] = EX|(h,....Y,)] = E[X|ocl,....Y,H)]
(iii) For an event A € ‘A we define

PI[A|¥] := E[Ia|F], andcorrespondingly P[A|Y] = E[Ia]|Y].

Remark. By monotone classes it can be shown that Condition (b) is equivalent to:

() E[X-Z] = E[X-Z] for any non-negative (resp. bounded) #-measurable Z : Q — R.

Theorem A.5 (Existence and uniqueness of conditional expectations). Let X > O or X € L', and let
¥ C A be a o-algebra. Then:

(i) There exists a version of the conditional expectation E[X | F].

(ii) Any two versions coincide P-almost surely.

Proof. Existence can be shown as a consequence of the Radon-Nikodym theorem. In Theorem A.10 below,
we give a different proof of existence that only uses elementary methods. _
For proving uniqueness let X and X be two versions of E[X | #]. Then both X and X are ¥ -measurable, and

E[X; Al = E[X; A] forany A € F.

Therefore, X = X P-almost surely. |

Properties of conditional expectations

Starting form the definition, we now derive several basic properties of conditional expectations that are used
frequently:

Theorem A.6. Let X,Y and X,, (n € N) be non-negative or integrable random variables on (Q, A, P), and
let ¥,G C A be o-algebras.

The following assertions hold:
(i) Linearity: E[AX + uY | F]=AE[X | F]+uE[Y|F] P-almostsurely for any A, u € R.

(i) Monotonicity: If X > 0 P-almost surely, then E[X | ] = 0 P-almost surely.
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(iii) If X =Y P-almost surely then E[X | ¥] = E[Y | #] P-almost surely.
(iv) Monotone Convergence: If (X,) is increasing with X; > 0, then

E[supX, |F] = supE[X,|F] P-almost surely.

(v) Tower Property: If G C ¥ then
E[EIX|F]11G] = E[X|G]  P-almost surely.

In particular,
E[E[X|Y,Z]|Y] = E[X|Y] P-almost surely.

(vi) Taking out what is known: Let Y be F-measurable such that Y - X € £! or > 0. Then

ElY-X|F] = Y-E[X|¥F] P-almost surely.

(vii) Independence: If X is independent of ¥ then E[X | ¥] = E[X] P-almost surely.

(viii) Let (S,S) and (7, 7") be measurable spaces. If Y : Q — § is F-measurable and X : Q — T is
independent of ¥, then for any product-measurable function f : S X ' — [0, c0) we have

E[f(X,Y)| Fllw) = E[f(X,Y(w))] fuer P-fast alle w.

Proof. (i) Aus der Linearitaet des Erwartungswertes folgt, dass AE[X | ]+ uE[Y | ] eine Version der
bedingten Erwartung E[AX + uY | ] ist.

(ii) Sei X eine Version von E[X | F]. Aus X > 0 P-fast sicher folgt wegen {X < 0} € ¥
E[X;X<0] = E[X;X<0 = 0
und damit X > 0 P-fast sicher.
(iii) Dies folgt unmittelbar aus (1) und (2).

(iv) Ist X, > 0und monoton wachsend, dann ist sup E[X,, | ¥ ] eine nichtnegative # -messbare Zufallsvari-
able (mit Werten in [0, o0]), und nach dem "‘klassischen "” Satz von der monotonen Konvergenz gilt:

E[supE[X,, | F]-Z] = supE[E[X,, | F]|-Z] = supE[X, - Z] = E[supX, - Z]

fuer jede nichtnegative #-messbare Zufallsvariable Z. Also ist sup E[X,, | #] eine Version der
bedingten Erwartung von sup X,, gegeben ¥.

(v) Wir zeigen, dass jede Version von E[X | G] auch eine Version von E[E[X | ]| G] ist, also die
Eigenschaften (i) und (ii) aus der Definition der bedingten Erwartung erfuellt:
(i) E[X | G] ist nach Definition G-messbar.
(i) Fuer A € G giltauch A € ¥, und somit E[E[X | G]; Al = E[X; Al = E[E[X | F]; A].
(6) und (7). Auf achnliche Weise verifiziert man, dass die Zufallsvariablen, die auf der rechten Seite der Gleichun-

gen in (6) und (7) stehen, die definierenden Eigenschaften der bedingten Erwartungen auf der linken
Seite erfuellen (Uebung).
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(viii) Dies folgt aus (6) und (7) in drei Schritten:
a) Gilt f(x,y) = g(x) - h(y) mit messbaren Funktionen g, 2 > 0, dann folgt nach (6) und (7) P-fast
sicher:

E[f(X.Y)[F] E[gX)-h(Y)[F] = h¥)-E[gX)|F]

h(Y) - E[g(X)],

und somit

E[f(X,Y)| Fllw) = E[g(X)- h(Y(w))] = E[f(X,Y(w))] fuer P-fast alle w.

b) Um die Behauptung fuer Indikatorfunktionen f(x,y) = Ig(x,y) von produktmessbaren Mengen
B zu zeigen, betrachten wir das Mengensystem

D = {BeS®T7 |Behauptung gilt fuer f = Ip}.

P ist ein Dynkinsystem, das nach (a) alle Produkte B = B; X B, mit B; € S und B, € 7 enthaelt.
Also gilt auch
D 2 o0c({BXB|B €SBeT}) = SoT.

c) Fuer beliebige produktmessbare Funktionen f : § X T — R, folgt die Behauptung nun durch
masstheoretische Induktion. |

Remark (Convergence theorems for conditional expectations). The Monotone Convergence Theorem (Prop-
erty (4)) implies versions of Fatou’s Lemma and of the Dominated Convergence Theorem for conditional
expectations. The proofs are similar to the unconditioned case.

The last property in Theorem A.6 is often very useful. For independent random variables X and Y it
implies
E[f(X,Y)|Y](w) = E[f(X,Y(w))] fuer P-fast alle w, (A.3)

We stress that independence of X and Y ist essential for (A.3) to hold true. The application of (A.3) without
independence is a common mistake in computations with conditional expectations.

A.3. Conditional expectation as best 1.>-approximation

In this section we show that the conditional expectation of a square integrable random variable X given
a o-algebra F can be characterized alternatively as the best approximation of X in the subspace of ¥ -
measurable, square integrable random variables, or, equivalently, as the orthogonal projection of X onto this
subspace. Besides obvious applications to non-linear predictions, this point of view is also the basis for a
simple existence proof of conditional expectations

Jensen’s inequality

Jensen’s inequality is valid for conditional expectations as well. Let (Q, A, P) be a probability space,
Xe /! (€, A, P) an integrable random variable, and ¥ C ‘A a o--algebra.

Theorem A.7 (Jensen). If u : R — R is a convex function with u(X) € £! or u > 0, then

EuX)|¥] = uwE[X|F)) P-almost surely.
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Proof. Jede konvexe Funktion u laesst sich als Supremum von abzaehlbar vielen affinen Funktionen
darstellen, d.h. es gibt a,,, b, € R mit

u(x) = sup(apx+by) fuer alle x € R.
neN

Zum Beweis betrachtet man die Stuetzgeraden an allen Stellen einer abzaehlbaren dichten Teilmenge von
R, siehe z.B. [Williams: Probability with martingales, 6.6]. Wegen der Monotonie und Linearitaet der
bedingten Erwartung folgt

EluX)|F] = Ela,X+b,|F] = a,-E[X|F]+b,
P-fast sicher fuer alle n € N, also auch
EluX)|F]1 = sup(a,-E[X|F]+by) P-fast sicher.

neN

Corollary A.8 (L?-contractivity). The map X — E[X | ¥] is a contraction on L”(Q, A, P) for every
p=l,ie,
E[|E[X|FIP] < E[|X|P] for any X € L'(Q, A, P).

Proof. Nach der Jensenschen Ungleichung gilt:

EIX|FIP < E[XIP|F] P-fast sicher.
Die Behauptung folgt durch Bilden des Erwartungswertes. |
The proof of the corollary shows in particular that for a random variable X € L7, the conditional expectation
E[X | ¥] is contained in .L” as well. We now restrict ourselves to the case p = 2.
Conditional expectation as best L>-prediction value

The space L*(Q, A, P) = L*(Q, A, P)/~ of equivalence classes of square integrable random variables is
a Hilbert space with inner product (X,Y);> = E[XY]. If £ C A is a sub-c-algebra then L>(Q, 7, P) is
a closed subspace of LZ(Q, A, P), because limits of ¥-measurable random variables are ¥ -measurable as
well. For X € £%(Q, A, P), each version of the conditional expectation E[X | ] is contained in the subspace
L2(Q, F, P) by Jensen’s inequality. Furthermore, the conditional expectation respects equivalence classes,
see Theorem A.5. Therefore, X +— E[X | ¥ induces a linear map from the Hilbert space L*(Q, A, P) of
equivalence classes onto the subspace L>(Q, 7, P).

Theorem A.9 (Characterization of the conditional expectation as best L?> approximation and as orthogonal projection).
For Y € £%(Q, F, P) the following statements are all equivalent:
(i) Y is a version of the conditional expectation E[X | 7 ].

(ii) Y is a “best approximation” of X in the subspace L*(Q,F,P), i.e.,

E[(X-Y)?] < E[X-2)? foranyZe LXQ,F,P).

(ili) Y is a version of the orthogonal projection of X onto the subspace L*(Q, 7, P) C L*(Q, A, P), ie.,

E[(X-Y)-Z] = 0 for any Z € L*(Q, F, P).
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A. Conditional expectations

’ L3(Q, A, P)

L3(Q, F,

Figure A.1.: X — E[X | ] as orthogonal projection onto the subspace L*(Q, 7, P).

Proof. (1) < (3):. FuerY € L*(Q, F,P) gilt:

Y ist eine Version von E[X | ]

E[Y -I4] = E[X -14] fueralleAeF
E[Y-Z] = E[X-Z] fueralle Z € LX(Q,F,P)
E[(X-Y)-Z] =0 fueralle Z € LXQ, F,P)

111

Hierbei zeigt man die zweite Aequivalenz mit den ueblichen Fortsetzungsverfahren (masstheoretische

Induktion).
(3) = (2):. Sei Y eine Version der orthogonalen Projektion von X auf L*(Q,F,P). Dann gilt fuer alle
Z € L2(Q,F,P):
E[(X-2Z)] = E[(X-Y)+( -2Z)’]
= E[X-YPl+E[(Y - ZP] +2E[(X -Y) (Y-2) ]
~———
€ L2(Q, F,P)

v

E[(X -Y)]

Hierbei haben wir im letzten Schritt verwendet, dass Y — Z im Unterraum £2(Q, ¥, P) enthalten, also
orthogonal zu X — Y ist.

(2) = (3):. Istumgekehrt Y eine beste Approximation von X in .EZ(Q, F,P)und Z € £2(Q, ¥, P), dann gilt

E[(X-Y)"] < E[(X-Y+1tZ)?]
= E[(X-Y)*]+2E[(X -Y)Z] + *E[Z?]

fueraller € R,also E[(X -Y) - Z] = 0. |

The equivalence of (2) and (3) is a well-known functional analytic statement: the best approximation of a
vector in a closed subspace of a Hilbert space is the orthogonal projection of the vector onto this subspace.
The geometric intuition behind this fact is indicated in Figure A.1.

Theorem A.9 is a justification for the interpretation of the conditional expectation as a predicion value. For
example, by the factorization lemma, E[X | Y] is the best L2-prediction for X among all functions of type
g(¥),g : R — R measurable.
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A.3. Conditional expectation as best L>-approximation

Existence of conditional expectations

By the characterization of the conditional expectation as the best L2-approximation, the existence of condi-
tional expectations of square integrable random variables is an immediate consequence of the existence of
the best approximation of a vector in a closed subspace of a Hilbert space. By monotone approximation, the
existence of conditional expectations of general non-negative random variables then follows easily.

Theorem A.10 (Existence of conditional expectations). For every random variable X > 0 or X €
LY(Q, A, P), and every o-algebra F C A, there exists a version of the conditional expectation E[X | 7.

Proof.

(ii)

(iii)

(i) Wir betrachten zunaechst den Fall X € £2(Q, A, P). Wie eben bemerkt, ist der Raum
L%(Q, 7, P) ein abgeschlossener Unterraum des Hilbertraums L*(Q, A, P). Seid = inf{||Z—X||;2|Z €
L%(Q, 7, P)} der Abstand von X zu diesem Unterraum. Um zu zeigen, dass eine beste Approximation
von X in L?(Q, ¥, P) existiert, waehlen wir eine Folge (X,,) aus diesem Unterraum mit || X,, — X||;> —
d. Mithilfe der Parallelogramm-Identitaet folgt fuer n,m € N:

X0 = X7 = 11X = X) = (X = X112,
= 21X = XN 42 11X = X112, = (X = X) + (X = X7
2
X + X
= 2'HXn_X”iz"'z'”Xm_XHiz_""%_X s
—_— ~— ——— L2
—d? —d?

<d?

und damit
limsup || X,, — Xmlli2 < 0.

n,m—oo

Also ist die Minimalfolge (X,,) eine CauchyLfolge in dem vollstaendigen Raum L*(Q, 7, P), d.h. es
existiert ein Y € £2(Q, F, P) mit
[1Xn =Yz — 0.

Fuer Y gilt

1Y =X|l2 = |llimX,—Xl;2 < liminfl[X,—-X|l> < d,
n—o00 n—0oo

d.h. Y ist die gesuchte Bestapproximation, und damit eine Version der bedingten Erwartung E[X | F].

Fuer eine beliebige nichtnegative Zufallsvariable X auf (€, A, P) existiert eine monoton wachsende
Folge (X,,) nichtnegativer quadratintegrierbarer Zufallsvariablen mit X = sup X,,. Man verifiziert
leicht, dass sup E[X,, | ] eine Version von E[X | F] ist.

n

Entsprechend verifiziert man, dass fuer allgemeine X € £'(Q, A, P) durch E[X | F] = E[X* | F] -
E[X™ | F] eine Version der bedingten Erwartung gegeben ist. |
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