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Preface

I gave these lectures at Indiana University during the academic year 2017-18. Initially, one
of the students, ChunHsien Lu, typed the notes during class. Later, another student who was not
in the course, Zhifeng Wei, used my handwritten notes to correct and complete the typed notes. I
am very grateful to both of them for all their work. Zhifeng deserves special thanks for figuring
out how to add reasons beautifully to displayed equations, as well as for being attentive in general
to all my typesetting requests. I then did some further editing and added some illustrations and a
bit more material. I would be grateful to learn of any errors or improvements; please email me at
rdlyons@iu. edu.

The course was based on the book, Brownian Motion, Martingales, and Stochastic Calculus, by
Jean-Frangois Le Gall. The same theorem and exercise numbers are used here, although I have not
reproduced the exercises. I also added a large number of exercises, especially in order to have some
that were useful for learning new concepts and definitions. I assigned homework once per week,
and have included the dates those assignments were due in order that others may gauge the pace. A
few new problems were added after the course ended; these do not have due dates. Furthermore,
the last homework exercises also do not have dates due because they were given at the end of the
term. I spent a substantial amount of time in class going over solutions to the homework, but no
solutions are presented here. I am grateful to Jean-Francois for his advice on teaching this course.
This turned out to be one of my most enjoyable teaching experiences ever. I had never taught this
material before, and always promptly forgot it whenever I had learned some of it in the past. This
time, however, teaching it and working hard on the exercises led to actually learning it.

Other differences from Le Gall’s book arise from using somewhat different proofs and
sometimes giving more general results. A couple of proofs are substantially different. In addition, I
covered Chapter 8 on SDEs before Chapter 7 on PDEs. I did not have time to cover Chapter 9 on
local times, nor Sections 5.4-5.6. I later made up for this in part by including appendices on the
Cameron—Martin theorem and Girsanov’s theorem. A couple of appendices provide material I gave
to the students from other sources. Occasionally I refer to Le Gall’s book for details not given in
lecture.

The format of the typed notes tries to reproduce the format of my handwritten notes and most
of what went on the board.


mailto:rdlyons@iu.edu
https://link.springer.com/book/10.1007/978-3-319-31089-3
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The First Day

We begin with some

Motivation (A special case of Itd’s formula). If (B;)>0 is a standard Brownian motion and
f € C*(R), then

4 (B) = /(B B, + 3" (B, dr

This is like calculus, but there is a second term on the right-hand side: |dB;| =~ Vdr. So
(dB,)? ~ dt. This shows partly why L?(P) is a key.

SDEs (semester 2) are defined via stochastic integration (semester 1). Other relations to PDEs
and harmonic functions are in semester 2, including conformal invariance of complex Brownian
motion.

We will start with preparatory material: Gaussian processes, construction of Brownian motion
and its basic properties, and a quick review of discrete-time martingales. Then we will study new
material on continuous-time martingales and continuous semimartingales.

Before that, recall that a class U of random variables on (Q, #, P) is uniformly integrable if

lim sup E[|X|1[|X|>,]] =0.
eU

ooy
This holds if (and, it turns out, only if) supycq, E[¢(|X|)] < oo for some function ¢: [0, ) —
[0, 00) with lim;_,e @ = oo. If X, and X are integrable and X, E> X, then the following are
equivalent:
1. {X,} is uniformly integrable;
2. E[|X - X,|] - 0;
3. E[IX.] — E[IX]].



Chapter 1

Gaussian Variables and Gaussian Processes

1.1. Gaussian Random Variables

The standard Gaussian (or normal) density is

2

1
px:foexp{—%} (XER).
T

The complex Laplace transform of such a random variable, X, is

7 E[eZX] = / e“px(x)dx = e’ /2 (z€C).
One sees this by first calculating the integral for z € R and then using analytic continuation (see
page 2 of Le Gall’s book). In particular, the characteristic function (Fourier transform) is

& E[ei'fx] =€) (& eR).

Recall that the Fourier transform determines the law of X uniquely. By expanding in a Taylor
series, one gets the moments of X, such as E[ X] = 0 and E[XZ] =1.

We say Y ~ A (m,0?) form € R and o > 0 if (Y — m)/o is standard normal. This is
equivalent to:

1 (y —m)?
Y has density y — exp{— }
oV2n 202
and to
im§—0'2$2/2'

Y has Fourier transform & — e

Note that then E[Y] = m and Var(Y) = o2. If Y = m a.s., we will also say ¥ ~ ./ (m, 0).

Using the Fourier transform, one sees that a sum of two independent normal random variables
is also normal.

One proves properties of stochastic processes with a continuous parameter by taking limits in
various senses from finite or countable subsets of parameters. This is how we will use the following:
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Proposition 1.1. Suppose X, ~ N (m,,c?) converges to X in L? (i.e., E[an - X|2] — 0 as
n — o). Then

() X ~ N (m,c?) withm = limm, and o = lim o,;
(i) X,, = X in L? for every p € (0, c0).

Proof. (i) That limm,, = E[X] and lim o> = Var(X) does not use that (X,,),>| are Gaussian. The
fact that X is Gaussian then follows from using the Fourier transform.

(ii) Because X, 2 ouN + my, with N ~ #/(0, 1), we see that
Vg >0 supE[|Xn|‘1] < 0,
whence

supE[|X, — X|?] < .
n

(Recall that ||-||, satisfies the triangle inequality for ¢ > 1 and ||-||qq does for ¢ < 1.) Given
p € (0,00), we get that {|X,, - X, n> 1} is bounded in L? (use ¢ := 2p) and tends to O in

probability because X, ®, X, whence is uniformly integrable. Therefore, E[|X, — X|’] — 0. <«

1.2. Gaussian Vectors

Let E be a Euclidean space, i.e., a finite-dimensional inner-product space. Let X be an E-valued
random variable with E[||X ||2] < oo. We claim that there exist some my € E and a non-negative
quadratic form gy on E such that

Vue E  E[(u,X)| = (u,mx) and Var({u, X)) = gx(u).

We will then write E[X] := myx. To see our claim, take an orthonormal basis (eq,...,ey) of E,
write X = ) Xje;, and define

my = ZE[X]] €,
gx(u) = Zujuk Cov(X;, Xy) = Var(z uJ-Xj) = 0.

Calculation shows this works.
We also write yx : E — E for the symmetric linear mapping such that

Vu e E  gx(u) = (u,yx(u));

its matrix is (Cov(X;, Xk)) ;- The eigenvalues of yy are non-negative.

We call X Gaussian if Vu € E (u, X) is Gaussian; we also call the components of X jointly
Gaussian.
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Example. If X, Xo, ..., X, are independent Gaussian, then > X ;e is a Gaussian vector.

If X is Gaussian, then (u, X) ~ 4 ((u, mx), gx(u)), so

E elX) — oitwmx)=ax(w)/2 (1.1)

We write X ~ A/ (mx, gx).

Proposition 1.2. If X is Gaussian, (ey, ..., eg) is an orthonormal basis of E, and X = Y X e,
then (COV(XJ', Xk))j k<a 'S diagonal if and only if X1, X, . .., Xq are (mutually) independent.

Proof. <: Independence implies pairwise independence. Thus, Cov(X;, Xj) = 0 for distinct j and
k.

=: Conversely, when the covariance matrix is diagonal, the right-hand side of Eq. (1.1) factors
as a product over j, and independence follows. <

In particular, for jointly Gaussian random variables, pairwise independence implies mutual
independence.

For simplicity, we now consider centered Gaussian vectors, i.e., ones with mean 0. We will
not use the following:

Theorem 1.3. (i) Ify is a positive semi-definite linear map on E, then there exists a Gaussian
vector X on E such that yx = .

(i) Let X ~ N (0,yx). Let (g1,...,&q) be an orthonormal basis of eigenvectors of yx with
eigenvaluesy > -+ > A, > 0= A,41 = --- = A4. Then there existindependentY; ~ NV (0,4;)

such that ,
X = Z Yj Sj.
j=1

The support of the law Px of X is the linear span of {1, ..., &, }. Also, Px is absolutely
continuous with respect to Lebesgue measure if and only if r = d, in which case the density of
X is

1 R @)/

H
(27)4/2\/det yx

Px: X

1.3. Gaussian Processes and Gaussian Spaces

We will often omit the word “centered”.
Another way to say that (X, X, ..., Xs) € R? is a Gaussian vector is to say that the linear
span of {X1, X2, ..., X4} in L?*(Q, P) consists only of Gaussian random variables.

Definition 1.4. A (centered) Gaussian space is a closed linear subspace of L*>(Q, P) that contains
only centered Gaussian variables.

Definition 1.5. Let T be a set and (E, &) be a measurable space. A stochastic process (or random
process) indexed by T with values in E is a collection (X;)er of E-valued random variables. If
(E, &) is not specified, then we assume that E = R and & = 9B (R) is its Borel o-field. Usually,
T = R+ = [0, OO),
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Definition 1.6. A stochastic process (X;)er € RT is a Gaussian process if for every finite subset T’
of T, (Xi)er € R” is a Gaussian vector.

By Proposition 1.1, we get

Proposition 1.7. If (X;).cr is a Gaussian process, then the closed linear span of (X;)ier in L*(Q, P)
is a Gaussian space, called the Gaussian space generated by (X,)cr. <

Exercise (due 8/31). Exercise 1.15 (4 parts).

The undergrad notion that jointly normal, centered random variables (X, Y) are independent
if and only if they are orthogonal in L? (i.e., E(XY) = 0), which we proved and extended in
Proposition 1.2, has the following further extension:

Theorem 1.9. Let H be a centered Gaussian space and K be a collection of linear subspaces of H.
Then the subspaces of K are (pairwise) orthogonal (L) in L? if and only the o -fields o (K) (K € K)
are independent (L.).

Proof. Independence implies orthogonality trivially.
For the converse, it suffices to show that if K1, K>, . . ., K, € K are distinct, then o (K1), 0 (K>),
., 0 (K,) are independent, because this is the definition of independence for infinitely many
o-fields. In turn, this follows if we show that (fll,fé, e, 5,11), oo (€7, 55, e, f,fp) are independent

for fl.j € K. (This is a standard fact and follows from Dynkin’s -4 theorem, which is called in the
book “the monotone class lemma”; see Appendix 1 for that and this application. Halmos’ monotone
class lemma is glven on page 89 of the book.) Now let (771 , 772, ce 77m_,-) be an orthonormal basis of

the span of (.f] 62, .. fn,) Orthogonality gives that the vector

11 1 2 2 2 P D p
(771,772’---,Umlﬂha’?z,---,Umza---,ﬂl,nz,---,ﬂmp)

has covariance matrix the identity. This is a Gaussian vector since its components are in H.
Proposition 1.2 then yields that all 17{ are independent, whence

1o 1
(130 Ty)s -+ (15 o)

are independent. This gives the result. )

IfX: (Q,%,P) — (E,&)and & is asub-o-field of #, then a regular conditional distribution
for X given & is a function yu: QX & — [0, 1] such that

(1) Yw € Q u(w, +) is a probability measure
and
(2) VA€ & u(-,A)isaversionof P[X € A | &].
This exists if (E, &) is a standard Borel space (Borel isomorphic to a Borel subset of R), such

as a Borel subset of a Polish space (complete, separable, metrizable space); see Durrett’s book,
Probability: Theory and Examples.
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Corollary 1.10. Let H be a (centered) Gaussian space and K be a closed linear subspace of H.
Let px: H — K be the orthogonal projection. If X1, X», . .., X4 € H, then the o (K)-conditional
distribution of (X1, X2, ..., Xy) is

d
W((PK(Xi))izl’ 9(pg (XL, )

Proof. We have
Xi = P]L((Xz) +p[((X,'), 1<i<d. |
—_—
Lo(K) €o(K)
See the book for more details when d = 1. Note that here E[X | 0(K)] = pg(X), whereas in
general (outside the context of Gaussian random variables), it is p;2(q k) p) (X)-

Exercise (due 9/7). Exercise 1.17.

1.4. Gaussian White Noise

White noise is an engineering term that refers to a signal with constant Fourier transform. In
the case of a stationary stochastic process, we look at the spectral measure (page 11 in the book),
whose Fourier transform is the covariance function; it should be ¢ - 9. That is, the process should
have no correlations; in the Gaussian case, this is equivalent to independence. This makes most
sense if the index set is Z. But we are interested in R. However, the index set for us will not be R,
but B(R). Motivations include increments of Brownian motion and the Poisson process in R or R?
.... Thus, each Borel set A € %(R) gives a Gaussian random variable, G(A). If A; N Ay = @,
then we want G(A;) 1L G(A»).

Definition 1.12. Let (E, &) be a measurable space and u be a measure on (E,&). A Gaussian
white noise with intensity y is an isometry G from L*(E, &, 1) into a (centered) Gaussian space.

Thus, for f, g € L*>(E), we have

COV(G(f)’ G(g)) = <f’ g>L2’
Var(G(f)) = £

If A € & with u(A) < oo, we set G(A) = G(14) ~ (0, (A)). I Ay, As, ..., A, € & with
p(A;) < oo, then (G(A1),G(Az),...,G(A,)) is a Gaussian vector with covariance

COV(G(AZ'), G(A])) =u(A; N A])

In particular, if Ay, A, ..., A, are disjoint, then the covariance matrix is diagonal, so by Proposi-
tion 1.2, the variables G(A1),G(A3),...,G(A,) are independent.

If A e &, u(A) < oo, is partitioned into Ay, Ay, ... € &, then 14 = Zj lAj in L2, so by
isometry,

G(A) =) G(A) inL%
J

Kolmogorov’s theorem shows that we also have almost sure convergence. However, in general, it is
not possible to make A — G(A) a signed measure almost surely, even when (E, &) = (R, B(R)),
as Corollary 2.17 will show.
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Proposition 1.13. Let (E, &) be a measurable space and u be a measure on (E,&). There exists a
probability space (Q, F,P) and a Gaussian white noise on L>(Q, F ,P) with intensity p.

Proof. Let (f;)ic; be an orthonormal basis for L2(E, &, u). Choose a probability space on which
there exist i.i.d. random variables X; ~ #/(0, 1) (i € I). Define G: L?>(u) — L*(P) by G(f)) := X,
That is, for f € L*(u), we define

G(f) = _(f. fidXi.

i€l
The fact that G is an isometry uses only that the variables (X;);e; are orthonormal. The fact that G

takes values in a Gaussian space uses that (X;);c; is standard normal and Proposition 1.1(i). <

Exercise. Let (E, &) be a measurable space and u be a measure on (E, &). Let fi, f» € L>(u). Let
G be a Gaussian white noise on LZ(Q, F ,P) with intensity u. Calculate the joint distribution of
G (f1) and G (f») and the conditional distribution of G ( f>) given G( f}).

Exercise (due 9/7). Exercise 1.18.

Proposition 1.14. Let G be a Gaussian white noise on (E, &) with intensity yu and A € & have
U(A) < oo. If for each n € N, A is partitioned as A = Ufil A;f with

lim max ,u(A ) =0,

n—o 1< <k,

then
kn

lim > G(AN? = p(A) in L*(P).
j=1

Proof. We have G(A’J?) ~ # (0, ,u(A’J?)) are independent. From page 2 of the book, we know
G(A;?)2 have variance 2 ,u(A;?)Z. Therefore,

kn kn
Var(z G(AY) ) 2 Z H(A)? < max ﬂ(A") Y u(Ah) > 0.
j=1 Jj=1
0 ———
H(A)
But this is precisely ”Zfil G(A;?)2 - ,u(A)”é. <

If the partitions are successive refinements, then we have almost sure convergence by Doob’s
martingale convergence theorem.



Chapter 2

Brownian Motion

Although Exercise 1.18 constructed Brownian motion (on [0, 1]), we will give another
construction that yields more information, via a lemma of Kolmogorov that will also be used in later
chapters.

2.1. Pre-Brownian Motion

The following is a natural extension of Exercise 1.18(3).

Definition 2.1. A pre-Brownian motion (B;);>( is a stochastic process such that
B =G (1j0,) “cdf of G”
for some Gaussian white noise G on R, whose intensity is Lebesgue measure.

Proposition 2.2. Every pre-Brownian motion is a centered Gaussian process with covariance
K(s,t) =min{s,t} =1 s A L.

Proof. Cov(By, B;) = Leb([0,s] N [0,7]) =s At <«

Proposition 2.3. Let (X;);>0 be a (real-valued) stochastic process. The following are equivalent:
(1) (X;)r>0 is a pre-Brownian motion;
(i) (X;)s0 is a centered Gaussian process with covariance K (s,t) = s A t;
(iii) Xo=0as.andV0 < s <t X;— X~ N (0,1 —s) is independent of o(X,,r < s);
(iv) Xo=0as.andV0 =19 <ty <---<t, X, — Xy, ~ N(0,t; — ti_1) are independent for
I<i<p.

Proof. (i) = (ii): Proposition 2.2.

(i) = (iii): Xo ~ #/(0,0); X; — Xy = G([s,1]) ~ 4 (0,1 — s); if H; is the closed linear span
of (X, )o<r<s and Hj the closed linear span of (X; — Xj);>s, then Hy L Hy since X, L (X; — Xj)
(E[Xr(X, —Xs)] =rAt—rAs=r—r=0)forr <s <t,whence by Theorem 1.9, o-(Hy) 1L O'(ﬁs).

(iii) = (iv): By (i), X;, — X;,,, L o(X;, — X;,_, 5 0 < j <i)foreachi € [1, p].
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(iv) = (i): We need to define G(f) for f € L?>(R,). We start with step functions
f=>11 Al 4, where 0 =19 < t; < --- < t,. Forsuch f, we define

G(f) = Z/‘ti(Xli - Xli—l)'
i=1

This does not depend on the representation of f: to see this, use a common refinement. Similarly, to
see that E[G( f )G(g)] = f& fg foreach f and g, use a common refinement. Thus, G is an isometry
from step functions on R; into the Gaussian space generated by X. Since step functions are dense in
L?(R,), we may extend G to an isometry on L?(R). By construction, G((0,¢]) = X;—Xo = X;. <«

Exercise. Show that (X;),>0 is a pre-Brownian motion iff Xy = 0 a.s. and (X;);>0 is a centered
Gaussian process with VO < s <t Var(X; — X;) =1 —s.

The finite-dimensional distributions of pre-Brownian motion—the laws of (B;,, B;,, ..., B;,)
for 0 < t; < --- < t,—are unique by the equivalence of (i) and (iv) in Proposition 2.3. To be
explicit:

Corollary 2.4. Let (B;);>0 be a pre-Brownian motion and 0 = ty < t; < -+ < t,. Then

(By), By,, -+, By,) has density on R"

(x1,...

x)+—>H exp|- Z”:(xi—xi_l)z}
" \/27r(t, ) — 2(t; = ti-1)
where xo = 0.

Proof. Independence of increments gives the joint density of the increments. Then we change
variables (yi,...,yn) — (x1,...,x,) viax; == Z’j:l v, which has Jacobian determinant 1. <

Some simple properties of pre-Brownian motion:

Proposition 2.5. Let (B;);>0 be a pre-Brownian motion.
(1) (=B;);>0 is a pre-Brownian motion.
(i) VA >0 (B;l)»o defined by Bf = lBAzt is a pre-Brownian motion.
(iti) Vs > (B(s)),>O
OfO-(Bra r )
Proof. (i) and (ii) follow from (say) Proposition 2.3(ii). B
In the notation of the proof of Proposition 2.3, we have O'(B[(S), t> 0) = o (Hy), which we

saw is independent of o(H;) = o(B,,r < s). The finite-dimensional distributions are correct as a
special case of those for B itself. <

defined by Bt(s) = Byt — By is a pre-Brownian motion and is independent

We defined B in terms of G, but G is also determined by B: we did this in Proposi-
tion 2.3 (iv)=(i), using step functions and limits. One sometimes writes

G(f) = /O F()dB, (f € L2(R)).

This is called the Wiener integral. However, G (-) is not an almost sure measure and this integral
makes no sense pointwise. We will extend integration to random f in Chapter 5.
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Exercise. Nevertheless, one can integrate by parts in the Wiener integral: Suppose that u is a finite,
signed measure on (0, z] for some # > 0 and that f(s) = u(0, s] for s < ¢. Set f(s) :=0for s > t.
Assume that B is continuous a.s. Show that

G(f) = f(1)B, - / B, u(ds) as.

(0.7]

2.2. The Continuity of Sample Paths

In Exercise 1.18, we defined Brownian motion B’ by taking a limit of continuous functions
based on B, thus getting almost surely a continuous function ¢ — B;j(w). In our redevelopment, we
haven’t done that yet. Finite-dimensional distributions cannot guarantee that, since we could always
change the process at an independent U [0, 1] random time to be 0, say, which would not change
the f.d.d.s, yet would make the process discontinuous. We now discuss such modifications more
generally.

Definition 2.6. Let (X;);cr be a stochastic process with values in E. The sample paths of X are the
maps t — X;(w) for each w € Q.

Definition 2.7. Let (X;);er and (it)ter be stochastic processes indexed by the same T and taking
values in the same E. We say X is a modification of X if

VieT P[X,=X]=1.

This gives the same finite-dimensional distributions, but that is not enough for us.

Definition 2.8. With the same notation, we say X is indistinguishable from X if
P[VieT X, =X]=1.

To be more precise, we use the completion of P here, or, alternatively, the condition is that there
exists a subset N C Q with P(N) = 0 such that

Vo e N VieT X/(0)=X/(w).

Notice that if 7" is a separable metric space and X, X both have continuous sample paths almost
surely, then X is a modification of X if and only if X is indistinguishable from X. In case T C R,
the same assertion holds with “continuous” replaced with “right-continuous” or “left-continuous”.

We are going to prove more than continuity, namely, Holder continuity. In the context of metric
spaces, a function f: (E,d;) — (E3, d>) is Holder continuous of order « if

AC <o Vs,t € Ey  da(f(s), f(2)) < C-di(s,1)".

Kolmogorov showed that when f is replaced by a stochastic process on a domain in R¥ that satisfies
the above inequality when the left-hand side is replaced by the expectation of a power of the distance
and a > k on the right-hand side, then the process has almost sure Holder continuity of order higher
than O:
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Theorem 2.9 (Kolmogorov’s lemma, or Kolmogorov’s continuity theorem). Consider a stochastic
process X = (X;)ier on a bounded rectangle I C R¥ that takes values in a complete metric space
(E, d). If there exist positive q, €, C such that

Vs,t el E[d(X,, X,)1] < Cls —t]**,

then there exists a modification X of X whose sample paths are Holder continuous of order « for all
a € (0, 2). Indeed, X can be chosen to satisfy

= =.\4
d(XS9 Xt)
Sup| ————
s,tel |S - tla
SFt

Vva<Z E < co. (+)
q

Note that for unbounded /, this gives locally Holder sample paths. Recall that continuous
sample path modifications are unique up to indistinguishability.

Proof. We do only k = 1. We also take I = [0, 1] for simplicity; the presence of endpoints would
not matter. Note that Eq. () implies that for each a € (0, g), there is a Holder-& modification.
Using a sequence a; T 3, we get that there is a modification that is Holder-«; for all j (by uniqueness
up to indistinguishability). This gives Holder-« for all @ € (0, 3).

Now for s # ¢, the hypothesis yields

(z—n)a

n>1 1<i<2"

d(Xsa Xt)q ClS - t|1+8 — ClS _ t|l+g—aq'
s—tea | S s =1
Hence,
K(w):=
d(X(i 13-, Xion) | d(X1y2-n, Xin) |
Elsup sup (i—-1)27m> Ai2 ]<Z Z E (i-1)27n5 Ai2 }

—na
n>1 1<i<2" 2

< Z Z C2—n(1+s—aq) — Zcz—n(s—aq) < oo,

n>1 1<ig2n n

We now use:

Lemma 2.10. Let D = {i2™"; n>1,0<i<2"}, f: D — (E,d), a > 0.
Then

d(f(s). S ) _ 2 d(ri6-v2). s ("2‘”>).

up < — sup sup —
siep  |s—1]? 1 =27% 51 1<icon (2-m)@
SFt

Proof. Take a “chain” from s to ¢ that uses at most two hops of order ¢ for every
¢ > p,where 277 < |s — t| < 27P*1. See page 26 of the book for details. <
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This gives Eq. (*) restricted to s, € D for X, = X, (r € D). In particular, X is almost surely
Holder-a continuous on D, hence continuous on D. Define

X (w) = Dlai?l)[ Xs(w) when K(w) < o0

and )?,(a)) := x¢ for some fixed xy € E when K(w) = oo. Then

d (X, X;) 2
Yw € Q < K . <
@ T Ts—tle S1-2 (@)

SF*t

Corollary 2.11. Pre-Brownian motion has a modification with continuous sample paths. Every
such modification is indistinguishable from one (all of) whose sample paths are locally Holder

. 1
continuous of order a for all @ < 3.

Proof. Recall that a standard normal random variable has a finite gth moment for each g < oo.
Thus, for s < ¢, there exists a standard normal U such that

B,—By=Vi—s -Ueld

with

E[|B; - B,|?] = (¢ - 5)4/* - E[|U}*].
If g > 2, we can apply Theorem 2.9 with & := % — 1 to get Holder continuity with @ < 3 = % -
We may take ¢ arbitrarily large.

Asi—

Remark. The optimal result is known as “Lévy’s modulus of continuity”:

li |Bt+s B Btl _
msup ——— =

&l0 120 \[2elog i

Definition 2.12. A Brownian motion is a pre-Brownian motion with continuous sample paths.

1 a.s.

We have proved Brownian motion exists. Since —B, B*, B have continuous sample paths
when B does, the statements of Proposition 2.5 holds when “pre” is removed everywhere.

In order to discuss the law of the sample paths, we use the space C(R;,R) of continuous
functions from R, to R equipped with the topology 7 of uniform convergence on every compact set.
This topology is locally compact. The corresponding Borel o-field is generated by the coordinate
maps w — w(r) (t € Ry).

Exercise. Check that 7 is locally compact and its Borel o-field is generated as claimed.

Then w — (7 — B,(w)) is measurable since composing it with each coordinate map w — w(s)
gives the measurable B;. The pushforward of P is the Wiener measure W, the law of sample
paths: W(A) = P[B. € A] for measurable A C C(R,,R). Corollary 2.4, the finite-dimensional
distributions of pre-Brownian motion, gives the finite-dimensional distributions of W, i.e., the
collection of laws of (w(to), w(t1),...,w(t,)) forn > 0,0=19 < t; < -+ < t,. The cylinder sets
are the sets

{w € C(Ry,R); w(tyg) € Ay, ..., w(t,) € A,,}
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500 Samples of Brownian Motion from Time 0 to 1

Figure 2.1: Simulation of Brownian motion

for Ag, ..., A, € B(R). The class of cylinder sets is obviously closed under finite intersections; by
definition, this class generates the o -field, whence by the 7-A theorem (number 1 on page 262 of
the book), the finite-dimensional distributions of W determine W. Thus, there is only one Wiener
measure.

Exercise (due 9/14). Exercise 2.25 (time inversion).

Exercise. Suppose that f € LZ (R,), i.e., f € L*([0,¢]) for all + > 0. Define the stochastic
process X : t — G(f1jo,) for a Gaussian white noise G on R, with intensity Lebesgue measure.
Define A, := fot |f(s)|>ds and 7, := inf{s > 0; A, > t}. Let B := X,. Show that (8,)o</<A., is a
pre-Brownian motion restricted to [0, As). Let B be a modification of 8 that is continuous. Write
d(s,t) = (/St | f (u)? du)l/z. Show that Y: t — By, is a modification of X that is locally Holder
continuous of order « for all @ < 1 with respect to the pseudometric d on R,. We call such a process

Y a Wiener integral process.

2.3. Properties of Brownian Sample Paths

Lemma. Let X1, X2, ..., X, be random variables and A be an event. Then A is independent of
o(X1,Xo,...,Xy) ifand only if

Vg € C.(R",R) E[14g(X1,X2,...,Xn)| =P(A) E[g(X1, X2, ..., Xn)].

Proof. The law of (X1, X3, ..., X,), as a Borel probability measure on R", is determined by its
integral of g € C.(IR"), as is the law conditional on A. <

Let (B;)>0 be a Brownian motion. Write &% = o (By,s < t) and Fo+ = (59 Fs. This
latter describes how Brownian motion “starts”. Are there ways it can start that have non-trivial
probability? No:

Theorem 2.13 (Blumenthal’s 0-1 Law). F+ is trivial in the sense that all its sets have probability O
or 1.
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Proof. We want to show that g+ is independent of F+, for which it suffices to show that Fg+ is
independent of & for some s > 0, since Fy+ C F;. Take any s > 0; since F; = 0(B;,0 <1 < )

(as By = 0 as.), it suffices to show that %o+ is independent of o (By,, B;,,...,B;,) for any
0<t; <t) <---<t, <s. Inlight of the above lemma, we calculate, for g € C.(R",R) and
A e QQF,

E[14¢(B,Bs,,....B,)| = 1"3{813[1“(3,1 — By, By, — Bs,...,B,, — B,)|

[bounded convergence theorem]
= ﬁﬂr)lP(A) E|g(B:, - Bs, Bi, — B, ..., B, — B,)|
&

[For € F. L o(By — Be,Byy, — Be, ..., B, — Bg)
for € < t1 by Proposition 2.5]

=P(A)E|g(B/,Bs,,....B:,)]. <

As a corollary, we deduce the following:

Proposition 2.14. (i) Almost surely,

Ve >0 sup By > 0and inf B <O0.

0<s<e O<s<e

(ii) Almost surely, ﬁ,_,oo B; = and lim, | B, = —o0.
Note that these are random variables since we may restrict to rational times.

Proof. (i) We have

P(Ve >0 sup BS>O]:P[ﬂ sup Bs>0]

0<s<e £>0 0<s<e

1
= lglng[Oiligg B; > 0] > l;g)lP[Bs > 0] = x
whence the above probability equals one by Theorem 2.13. Symmetry gives the other result.

(ii) Let Z := sup, B;. Recall that B{l = %B 22, gives a Brownian motion by Proposition 2.5(ii).
Thus, the law of Z is the same as the law of Z/A for all A > 0, which means it is concentrated
on {0, c0}. By part (i), Z > 0 a.s., whence Z = oo a.s. Therefore, ﬁ,_)oo B; = oo a.s. as well.
Symmetry gives the other assertion. <

Exercise (due 9/21). Exercise 2.29. In fact, show that for any sequence (#x)k>1 C (0, c0) with
ty — 0, we have limy_,o By, //tx = 00 and lim, | By, /+/t; = —co almost surely.

Exercise. Show that for any sequence (#)x>1 C (0, c0) with t; — oo, we have limg 0o By [\t =
and lim, By, //fx = —co almost surely.

Exercise. Show that the tail o-field (1,5 0 (Bs, s > t) is trivial.

Another corollary:
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Corollary 2.15. Almost surely, Brownian motion is not monotone on any nontrivial interval.

Proof. By Proposition 2.5(iii),

Vi >0 P|Ve >0 sup By > B;and inf B; < B,|=1.

t<s<t+e I<s<st+e
Apply this to t € Q. <

Of course, Brownian motion does have local maxima and minima.
We give two last properties that do not depend on Theorem 2.13:

Proposition 2.16. Fixt > 0. If 0 =17) <] <--- < t;'m = t satisfies

lim max (] -t ,) =0,
n—oo 1<i<py,

then )
lim > (Bn-Byp )=t inL*(P).
i=1
Proof. Immediate from Proposition 1.14. <

Corollary 2.17. Almost surely, Brownian motion has infinite variation on every nontrivial interval.

Proof. As in the proof of Corollary 2.15, it suffices to prove this for each interval [0, ], t > 0. By
taking a subsequence, we may assume almost sure convergence in Proposition 2.16. Since

Pn n
Z(Bﬂ' — B ) < max |By — B |- Z|Bﬂi - By |,
; ! il I<i<p, ! i-1 . i i1
i=1 i=1
the left-hand side tends to 7 almost surely, and lim,, .. maxi<;<p, |Bi» — By | = 0 by continuity, the
result follows. <

Thus, the Wiener integral cannot be defined as an ordinary integral.

2.4. The Strong Markov Property of Brownian Motion

We want to extend the Markov property, that what happens at times before 7 is independent of
the increments after time #, by replacing ¢ with a suitable class of random times, 7. Clearly, such T
should not “depend on the future”.

Remark. This T is not the index set of r.
Define ., = o (B, s > 0).

Definition 2.18. A [0, co]-valued random variable T is a stopping time if
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Examples. Two examples of stopping times:
() T=s;
(2) T =T, :=inf{s > 0; By = a} is a stopping time, since 7, < ¢ if and only if

inf |By—a|=0.
seQN0,7]

If T is a stopping time, then
Vi>0 [T<t]= U [T < s]eF.
s€QN[0,1)

What is the o-field of events “determined up to time 7°? We might guess A is such an event
if foreacht > 0, AN [T = t] € %. But we know it might be problematic to make such a fine
disintegration of A. Perhaps it would be better to require A N [T < t] € F. Moreover, this is
enough at the intuitive level since then AN [T <] € Fandso AN [T =t] € F.

Definition 2.19. If T is a stopping time, the o-field of the past before T is
Fr={A€Fu; V120 AN[T <t] € F}.

It is easy to check that
(1) &risao-field, and
(2) T is Fr-measurable.

What is Brownian motion at time 7?7 When T = oo, this makes no sense, so define

ET(a)) - Bry)(w) ifT(w) < oo,

0 if T(w) = oo.
We claim that §T is Fr-measurable. We use the left-continuity of B to write

Br=lim > AjscresnBy = lim D Ly ealifen By

i=0 i=0

Thus, we see it suffices to show that
Vs =20 1[s<T]Bs S LOZT.
Indeed, if A € B(R) and 0 ¢ A, then for each ¢ > 0,

@ ift<s,
[B; e A]N[T <s|°N[T<t] ift>s
€ F.

[l[ng]Bs S A] N[T <t] = {

In case 0 € A, just use A® in what we just established. This gives our claim.
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Theorem 2.20 (Strong Markov Property). Let T be a stopping time with P[T < o] > 0. Define

T —
B" := Br,, —Br (1>0).
Then under P[ - | T < o0], the process (E,(T)) 1>0 Is a Brownian motion independent of Fr.

Proof. Suppose first T < oo a.s. The assertions will follow from

VAe Fr YOt <---<t, VF € C.(R”,R)

I _ @.1)
E[lAF(Bt(]”, BT, ,Bg))] =P(A)-E[F(B,,,By,....B,)].

For then A := Q shows that (EI(T)) +>0 has the same finite-dimensional distributions as Brownian
motion, so by Proposition 2.3 is a pre-Brownian motion. Sample paths are continuous, so it is a
Brownian motion. Also, Eq. (2.1) shows that (EZ(IT) , gg), cees E,(pT)) is independent of #r. So by
the -1 theorem, BT is independent of Fr.

To show Eq. (2.1), we use the following notation: [7], := r';—ﬂ > t. Now the bounded
convergence theorem yields

B[LF(E.BD. .. BD)| = im E[Lr BTV, B, BW)]

1

n—oo
- }L%ZE[lAl[udgk]F(B%m - By By, ~ By, By, ~Bi)|

Note that

Thus, the kth term in the sum equals

P

Am[ﬂ<T<K]
n n

E|F(B,, Bo.. ... B,) |

Summing over k gives Eq. (2.1).
In case P[T = oo] > 0, the same arguments work with A N [T < oo] in place of A,
yielding Eq. (2.1) for such sets in Fr, and this gives the result similarly. <

When T < oo a.s., we will omit the tildes in §T and B,
A very nice application of the strong Markov property is the reflection principle.

Theorem 2.21. Fort > 0, write S; := maXggs<s Bs = 0. Then
Va >0 Vb € (-0, a] P[S; > a,B; < b] =P[B; > 2a - b].

9
Moreover, S; = |By|.
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0.5

Figure 2.2: Illustration of the reflection principle

Proof. We use the stopping time 7, := inf{r > 0; B; = a}. By Proposition 2.14, T, < co almost
surely. We have by Theorem 2.20,

since 2a — b > a. The crucial fourth equality uses the independence of B"«) and Fr,. It follows that
P[S; > a] =P[S,; > a,B, > a] +P[S; > a, B, < a] =2P[B, > a] =P[|B,| > 4. <

Exercise (due 9/28). (1) Exercise 2.28.
(2) Prove (2.2) in the book.

2
9 a
Corollary 2.22. Va # 0 T, = 5 and E[\/YTa | = .
1

Proof. We may assume by symmetry that a > 0. For each r > 0,

P[T, <] =P[S, > a] = P[|B,| > q

[Theorem 2.21]
2
=P[(B,)? > a*| =P[t(B))* > a’] = P[ ? 5 < r].
(B1)
Therefore,
® X
BVE ] =Ela/isil] =a [ 2 aomw
where py is the standard normal density. <

Exercise (due 9/28). Verify the density in Corollary 2.22 in the book.

An amusing and immediate consequence of Corollary 2.22 is that E[T!] = a™2.
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Exercise. Show that for a # 0, if S, := sup{s; By = as}, then S, 2 B%/az. Hint: use the result of
Exercise 2.25.

Exercise. Let X; := fot B; ds be integrated Brownian motion. Show that almost surely, Et_m X; =
coand lim,_,  X; = —oco. Hint: For a finite stopping time 7', write X; = X;ar + (¢ — T) By + Y1)+
with Y a copy of X that is independent of 97 Use T, := inf{t > n; B, = 0} to show that

P[sup, X; = o] € {0,1}. Use T :=inf{r > 1; B; = —1} to show that P[sup, X; = o] = 1.
We now extend Brownian motion to initial values other than O and to finite dimensions.

Definition 2.23. If Z is an R-valued random variable and B is a Brownian motion independent of
Z, then we call (Z + B;);>0 a real Brownian motion started from Z.

Definition 2.24. If B', ..., B? are independent real Brownian motions started from 0, then we call
((B},....BY)),5, a d-dimensional Brownian motion started from 0. If we add an independent
starting vector, Z, then we get d-dimensional Brownian motion started from Z.

Note that by Corollary 2.4, if B is a d-dimensional Brownian motion (from 0), then for
O=tg<t; <---<tpandx! = (x%, e ,xil), oo X" = (xY, ..., x0), the density of (By,,. .., By,) at
(x!,...,x")is

i—- 1)2 n l 1|2

(x,
%'GXI’{ Z ;(t,—t, D f= 7 expl- Z2(t,—t, 1)}

This is invariant under isometries of R?. Therefore, the law of d-dimensional Brownian motion
(started at 0) is invariant under isometries of R that fix 0. Thus, we really have E-valued Brownian
motion for finite-dimensional inner-product spaces, E.

It is easy to check that Blumenthal’s 0-1 law and the strong Markov property hold for d-
dimensional Brownian motion, where now a stopping time is defined with respect to the collection
of o-fields

i=1 2”01 — 1 1)

F=o((BL,...,BY), s <1).

The proofs are the same but with more notation.

Appendix: The Cameron-Martin Theorem

Let B be a Brownian motion. How does adding drift to B change its law? Let G be the
corresponding Gaussian white noise. Let f € L>(R,), and denote F; := fol f(s)ds. We will

consider the process X := B+ F. We claim that the law of X is absolutely continuous with respect to

2
the law of B; in fact, the law of X is equal to the law of B with respect to eG(f =712 P; this result

is due to Cameron and Martin. To be even more explicit, let W be Wiener measure. Recall that
/ f(s)dw(s) is defined for W-a.e. w as in Proposition 2.3 (iv)=(i), using step functions and limits.

Proposition 5.24. For f € L>(R,) and F, := fot f(s)ds, we have for all measurable A C C(R;, R),

/ AW (w) 1yspea) = / AW (w) 1peny ef 74017172
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That is, the P-law of X is absolutely continuous with respect to W, having Radon—Nikodym derivative
w — ef fdw=IfI?/2.

This allows us to conclude, for example, that every P-a.s. property of B also holds for X.

The class of F that are absolutely continuous with derivative in L>(R,) and with Fy = 0 is
known as the Cameron—Martin space, Z . It is easy to see that # is dense in C,.(R,,R) := {F €
C(R.,R); Fy = 0}. It follows that the support of W is all of C.(R,,R): Indeed, Proposition
5.24 tells us that the support of W is unchanged by addition of any function in #°, because the
Radon—Nikodym derivative is nonzero W-a.s. Thus, if wy is one point of the support of W, then
wo + # also lies in the support. Since the closure of wy + # is C.(R4, R), our claim follows.

Proposition 5.24 is actually a very simple consequence of basic manipulations with Gaussian
random variables. Consider any (centered) Gaussian space, H ¢ L?(P), and any nonzero Y € H.
Define ¢: H — L*(P) by ¢(2Z) :=Z + (Z, Y)2(p)- Obviously ¢(Z) = Z whenever Z L Y, which

is the same as Z 1L Y, whereas ¢(Y) =Y + ||Y||i2(P). The law of ¢(Y), i.e., & (|[Y]% |[Y]]?), is
absolutely continuous with respect to that of ¥ with Radon—Nikodym derivative y +— er-IYI/2,
Therefore, if (Zy, ..., Z,) € Y*, thenthe law of (¢(Z1), ..., ¢(Z,), $(Y)) also has Radon-Nikodym
derivative (z1,...,24,y) e IVIP/2 with respect to that of (Zy,...,Z,,Y). In other words, the
P-law of (¢(Z1),...,#(Z,), #(Y)) is equal to the e IYI*/2 p_jaw of (Z1,...,Z,,Y). Since this
determines the finite-dimensional distributions of all of H, we conclude that the P-law of (¢(Z))

is equal to the €' ~1YI*/2 P-law of (Z)zen.

ZeH

Coming back to Brownian motion, let us apply this general result to H being the image of the
Gaussian white noise, G. Note that F; = (1jo), f)12 = (B;, G(f))12(p). Thus, we are exactly in the
situation just analyzed: X, = ¢(B;). Therefore, the P-law of X is the e¢(/)-Il/ P2 p_law of B, as
claimed.

_ _ 2
Exercise. Deduce that X is a Brownian motion with respect to Q :=e G-Il 2p, Alternatively,

give a direct proof of this property by showing that X is a pre-Brownian motion for the Gaussian
white noise G : L2(R,) — L2(Q) defined by G (h) := G(h) + (h, f);>.

If F is not in the Cameron—Martin space, then the laws of X = B + F and B are mutually
singular, a result of Segal. This is obvious if Fy # 0. When Fj = 0, note that B; — F; extends
uniquely to a linear functional, y, on the linear span V of {B;; ¢ > 0}, because the random variables
B; are linearly independent. This map 7y is bounded, i.e., 3C < oo such that |y(Z)| < C||Z|| for
all Z € V, iff y extends continuously to the closure of V, which is equivalent to y(Z) = (Z,Y)
forsome Y € H,i.e., F € Z. Thus, if F ¢ Z, then there exist Z € V of norm 1 with arbitrarily
large y(Z). Let @ be the c.d.f. of the standard normal distribution. For ||Z|| = 1, we have
P[Z>y(2)/2] =1-®(y(Z)/2) =P|Z +y(Z) < y(Z)/2]. This leads us to choose Z, such that
1Z,|l = 1 and @, := y(Z,) satisfies >, [1 = ®(@,/2)] < . Let &, := Z,+y(Z,). Then Z, > a,/2
for only finitely many 7 a.s., whereas &, < @, /2 for only finitely many » a.s. The explicit forms
of Z, and &, are Z,, = Zgl an,iB;,, and &, = Zl]fz”l an,i Xt,, for some constants a,; and times z,;.
Thus the laws of X and B are mutually singular.
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Exercise. Let F € Z with F’ having bounded variation on [0, t] for some 7 > 0. Show that

P[|IB - Fllz=jo < €]
1m
elo P[lIBllopo. < €]

= exp{~3I1F 12 0.}

Note that the denominator here is positive, because W has full support. See the discussion of the
2
exercise on page 79 for the value of the denominator; it is asymptotic to % exp{—%} ase | 0.

Exercise. For a function F': R, — R, define
[F(tis1) ~ F(1)]
M(F) :=sup g ,

liv1 — 1

where the supremum is over all sequences (#;); with 0 < 1] <t < ---.
(1) Show that if F € % with derivative F’, then M (F) < ||F’||*.
(2) Show that if M(F) < oo and (s;, #;] are disjoint intervals in R, then

1) - Bl < (M) S0 -s0)

and deduce that F is absolutely continuous.
(3) Show that if M(F) < co, then F € % with ||F’||> < M(F).
We conclude that M (F) < oo iff F € &, in which case M(F) = ||F’||*.

Exercise. For F: R, — R, let 7 F be the function 7 + ¢F(1/t) for t > 0 and 0 +— 0. Note that if
F(0)=0,thenTTF =F. Let (F,K)y = fooo F’(t)K’(t) dt be the natural inner product on #,
making # a Hilbert space.
(1) Show thatif F, K € # are continuously differentiable with compact support in (0, o), then
(F,TK)op = (T F,K)g.
(2) Show that if F € # is continuously differentiable with compact support in (0, c0), then
ITFllse = I llse-
(3) Show thatif F € 7, then T F € # with ||T F|lsz = || Fl|s.
(4) Give another proof of (3) by using the fact that 7 B is a Brownian motion, together with
Proposition 5.24.
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Chapter 3

Filtrations and Martingales

Please review martingales in discrete time, Appendix A2 of the book.

Here, we select just a few things to review. Time is usually N = {0, 1,...}. We are given an
increasing sequence (&, ),cn of sub-o--fields. For a sequence (Y;,),cny of integrable random variables
withY, € ,,e.g., &, = oc(Yy,Y1,...,Y,), we call (¥y,),en

(1) amartingale if E[Y, | €,,] =Y, when 0 < m < n;
(2) asubmartingale if E[Y, | &,,] > Y,, when 0 < m < n;
(3) asupermartingale if E[Y, | $,] <Y, whenO <m <n

If MZb(n) denotes the number of upcrossings by (Y, Y1,...,Y,) of an interval [a, b] (a < b), then
one version of Doob’s upcrossing inequality is that for a supermartingale, (Y, ),en,
E[(Yn - a)_]

There is a corresponding version for submartingales.

The maximal inequality given in Appendix A2 can be hard to find, so here is a proof. The
inequality states that for a submartingale or supermartingale (Y;),en,

VkeN YA>0 AP[Omaxlenl > /1] < E[[Y|] + 2E[[%:]].
n<
We may assume that Y is a supermartingale, because if not, then —Y is a supermartingale and
|-Y| = |Y|. The desired inequality will follow from adding the following two inequalities:
Vk €N V1> 0 AP[Ornaxk Y, > /1] < E[Yo] +E[|¥]]
<n<

and
VkeN VA>0 AP[ min ¥, < —/1] <E[|v]].

<n<
Fixk e Nand A > 0. Let T :=inf{n; Y, > 4} /(1 ]’; ];Sy the optional stopping theorem, we have
E[Yo] > E[Yr] = E[Yr maxoepet vo541 | + E[YT maxocncr va<a]] = AP[OIEI%C Y, > /1] — E[|%].
which gives the first inequality. For the second, define T := inf{n; ¥,, < =1} A k. By the optional
stopping theorem, we have
E[Yi] < E[Yr] = E[YrLmingo,t vo<al | VE[Y7 1 mingeex vas—1]| < =2 P[Orgzigk Y, < —/1]+E[|Yk|],

which gives the second inequality.
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3.1. Filtrations and Processes

Let (Q, %, P) be a probability space.
Definition 3.1. A filtration on (Q, F,P) is a collection (% )o<i<w Of sub-o-fields of F such that
Fs CFforO0< s <t < oo

We also call (Q, F, (F1)o<i<w, P) afiltered probability space.

Example. In Chapter 2, we used the filtration associated to Brownian motion

F1=0(B,0<5<1), Foo=0(Bs,5>0).

Example. More generally, if (X;);>0 is any stochastic process, then its canonical filtration is
FX=0(X,,0<s<1), FX:=0(X,s>0).

These are not the only filtrations of interest, since there may be other stochastic processes we
want to include, or other randomness.
Similar to -+ that we considered in Chapter 2, define

Fe = ﬂ.%, Frogr 1= Fy.
s>t

Clearly, (F+)o<i<o is a filtration and & C F+. If F = F+ for each t > 0, then we say that
(F1)o<i<o 1S right-continuous.

Example. Let (#;);>0 be the canonical filtration of a Poisson process, where the process is modified
so as to be left-continuous. Then &; # F;+ for every ¢t > 0.

A filtration (F;)o</< 1S complete if F contains every subset of each P-negligible set of F,.
Every filtration can be completed to a filtration (%, )o<;<e0. Where &/ == (%, N) and N is the
collection of (Z, P)-negligible sets (those A C B € F, with P(B) = 0).

In discrete time, there are no pesky issues of measurability, other than X,, € &,. Now, however,
there are additional issues. We say (X;);>o is adapted to (F;)o<i<o if Vt 2 0 X; € F. We will
want, e.g., to integrate a stochastic process and get a random variable. This requires some joint
measurability. We will also want the result to be an adapted process. These properties will hold
automatically when (X;) has continuous sample paths.

Definition 3.2. A process (X;);>0 with values in a measurable space (E, &) is (jointly) measurable

if
(w,1) = X (w)
(QxR,. F ® B(R,)) - (E. &)

is measurable.

Fix a filtered probability space.
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Definition 3.3. A set A C Q X R, is called progressively measurable, written A € P, if
Vi>0 AN (Qx[0,7]) € F ® B([0,1]).
The set P is a o-field, called the progressive o-field. We call (X;);>o progressive if

(w,1) = X;(w)
(Qx Ry, P) — (E, %)

is measurable. Equivalently, (X;);>o is progressive if for all t > 0,

(w,5) = Xs(w)
(Qx[0,1], % ® %([0,1])) — (E, &)

is measurable. Note: every progressive process is measurable and adapted.

Exercise (due 10/5). Let (Q,%,P) = ([O, 1], &, ,u), where < is the collection of Lebesgue-
measurable sets and u is Lebesgue measure. Let & = {B e Z; u(B) € {0, 1}}. Let # = %
for each t € [0, co]. Define

A={(xx);0<x< 3} CQOXR,.

Write X;(w) = 14(w,t) for t > 0. Show that (X;),>0 is a measurable and adapted process, but is
not progressive. Hint: show that for each C € &,

/ 1o (x, %) p(dx) = / 1e(x,y) 1@ (dv, dy).
[0,1] [0,1]2

Proposition 3.4. Let E a metric space. Suppose that (X;);>0 is a stochastic process with values
in (E, B(E )) that is adapted and has right-continuous sample paths. Then X is progressive. The
same holds if “right-continuous” is replaced by “left-continuous”.

Proof. The case of right-continuous is in the book, so we do left-continuous. We approximate
(X:)r=0 by processes that are easily seen to be progressive and use that the class of progressive
processes is closed under limits (this uses that E is a metric space).

Forn > 1, define X" := X ; then lim, o X/'(w) = X;(w) for all (w, ). Also, givent > 0

and B € B(E),
{(a),s) e Qx[0,7]; X{(w) € B}
= ({w; X (w) € B} x (4,54 n [O,I])) e % ® B([0.1]),

0<k<nt

whence (X/");» is progressive. Since X" — X, sois X. <
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3.2. Stopping Times and Associated o-Fields

Definition 3.5. A random variable T: Q — [0, o] is a stopping time of (F;)o<i<w if VI = 0
[T < t] € F. We write

Fr={AecFu; V1 >0 AN[T <t] € F}
for the o-field of the past before T.

As we saw for Brownian motion, a stopping time 7T for (#;) also satisfies
Vi>0 [T <t] e,

but this is not sufficient for 7 to be a stopping time (example: use the canonical filtration for a
left-continuous Poisson process and let 7 be the time of the first jump).
Since # C F+, an (F;)-stopping time is also an (F;+)-stopping time, but not conversely
(same example).
Proposition 3.6. Write &, .= F+ fort € [0, oo].
(i) The following are equivalent:
(@) Vi >0 [T <t] € F,
(b) T is a (&;)-stopping time;
) Vi>0TAteF.
(ii) If T is a (G;)-stopping time, then

Gr={AeFu; Vi >0 AN[T <1] € F}.

We write Fr+ = €.

Proof. (i)(a) = (b): VO <1t <'s,

q<(t,s)NQ

so [T <t]eg,.
b)=@C):V0<s<t [TAt<s]|=[T<s|€e& CFH,soT ANt eF.
(c)=(@):VvVr>0
=[TAt<qleF
—_——

[T <1] = U T <q] € F.
4€(0.)NQ

(ii) Similar; see the book. <
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Here are some easy properties (see the book for proofs):
(a) If T is a stopping time, then Fr C Fr+, with equality when (%) is right-continuous.
(b) If T =t is constant, then Fr = % and Fp+ = F4-.
(c) If T is a stopping time, then T € Fr.
(d) LetT be a stopping time, A € F, and
T(w) ifweA,

T4 (w) =
00 ifwégA.

Then A € % if and only if 74 is a stopping time.

(e) If S < T are stopping times, then g C Fr and Fg+ C Fr+.

(f) If S and T are stopping times, then S V T and S A T are stopping times, Fsar = Fs N Fr,
Fsur = 0(Fs, Fr), [S < T] € Fspr, and [S =T] € Fsar.

(g) If (S,), is a monotone increasing sequence of stopping times, then lim,,_,., S, is a stopping
time.

(h) If (S,) is a monotone decreasing sequence of stopping times, then S = lim,— S, is an
(F+)-stopping time and
Frgr = ﬂ Fst.
n

(i) If (S,) is a monotone decreasing of stopping times that is eventually constant (stabilizes), then
S = lim,_,& S, is a stopping time and

Fs=( ) Fs.-
n

(j) Let T be a stopping time and Y: [T < o] — E. Then Y € Zr if and only if Vt > 0
(YIT <t]) € F. (Here, we use implicitly the fact that for any measurable space (€2, %)
and any A C Q, there is an induced o-field {ANF; F € ¥} on A.)

Exercise (due 10/5). Show that Fgyr = o (Fs, Fr). Hint: one may use the fact that
A=(AN[S<T])U(ANI[T <S]).

Note that the graph of a measurable function is measurable: if Y: (Q, %) — (E,&) is
measurable, thenid®Y: (Q, F) - (QX E,F ® &), defined by w — (w, Y (w)), is measurable.
Here is our first use of progressive measurability:

Theorem 3.7. Let (X;);>0 be a progressive (E, &)-valued process and T be a stopping time. Then
w = Xr(w)(w) = Xr(w), defined on [T < oo, is Fr-measurable.

Proof. By (j) above, it suffices to verify that V7 > 0 (X7 [T <1]) € . Now X7 [T <1] is a
composition:

w (w, T(w) At)

(IT < 1. %) — ([T <11 x[0,1], F ® 93([0,1]))
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with

(w,s) — Xs(w)
(Q x [0,1], % ® B[O, t])) — (E,%).

Both of these are measurable: the first by our observation about graphs and the measurability of
T At from Proposition 3.6(i); the second by definition of progressive measurability. <

Note how Fr-measurability dovetails well with progressive measurability. (Actually, it suffices
that T be an (F;+)-stopping time.)

We will need to approximate a stopping time by a stopping time that takes discrete values.

If T is a stopping time, S < T, S € Fr, then S need not be a stopping time. However, S > T
works:

Proposition 3.8. If T is a stopping time, S > T, and S € Fr, then S is a stopping time. If T is a
stopping time and
_[2'T

T, : T

then T,, are stopping times with T,, | T.

Proof. YVt 20 [S<t] =[S <t]N|[T <t] € Fsince [S < t] € Fr; thatis, S is a stopping time.
The remainder follows since T € 7, so o (T) C Fr. <

Our stopping times will be of the following types:

Proposition 3.9. Let (X;);>0 be an adapted process with values in a metric space (E, d). For A C E,
write
Tp =inf{r > 0; X; € A}.
(i) If the sample paths of X are, at each time, either left-continuous or right-continuous and A is
open, then Ty is an (F+)-stopping time.
(ii) If the sample paths of X are continuous and A is closed, then T4 is a stopping time.

Proof. (i) ¥Vt > 0 [Ta < t] = Useponng [Xs € A] € F, so the result follows immediately
from Proposition 3.6(i).
(ii) V£ > 0 [T4 < 1] = [infye(o1n0 d(Xs, A) = 0] € F. <

Exercise (due 10/12). Give an example of an adapted process for each of the following:
(a) X is left-continuous and A is open, but T4 is not a stopping time;
(b) X is right-continuous and A is open, but 74 is not a stopping time;

(c) X is left-continuous and A is closed, but T4 is not a stopping time.

Much more general sets and processes give stopping times under some common restrictions
on the filtration. Namely, suppose that (%), is right-continuous and complete and that E is a
topological space. Let X be E-valued and progressive and A C E be Borel. Then both the following
are stopping times: inf {r > 0; X; € A} and inf {r > 0; X; € A}. This is a consequence of the
debut theorem that if B C Q X R, is progressive, then w — inf {r > 0; (t,w) € B} is a stopping
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time. The usual proofs of this use analytic sets and capacities; for a more elementary proof, see
Richard F. Bass, “The measurability of hitting times,” Electron. Commun. Probab. 15 (2010),
99-105, with a correction at Electron. Commun. Probab. 16 (2011), 189—-191. We will not use
these extensions.

3.3. Continuous-Time Martingales and Supermartingales

Fix a filtered probability space (Q, F, (F);0, P). Unless otherwise stated, processes in the
remainder of the chapter will be R-valued.

Definition 3.10. Let (X;);s0 be an adapted process with X, € L' for all t. We say X is a martingale
if

0<s<t = E[X|%]=X; as.
If “= X7 is replaced by “ < X;” [“ > X, 7], we say X is a supermartingale [submartingale].

Many examples are from processes, like Brownian motion, that have independent increments,
where an R?-valued process (Z;);»o has independent increments with respect to (%) if Z is adapted
and 0 < s <t = Z, - Z; L . If Z is R-valued and has this property, then the following hold:

(i) ifVt >0 Z € L', then Z = Z; — E[Z;] is a martingale;
(i) ifVt >0 Z € L? thenY, = Zz — E[Zz] is a martingale;
(iii) if6 € Rand V¢ > 0 E[exp(6Z;)] < oo, then X, := % /E[e?%] is a martingale.

Proof. These are easy to prove. For example, for (ii), when 0 < s < ¢,
E[Z | 7] =E[(Z - Z,+Z)* | 7]
:Zsz‘l'zZvE[Z_Zs | gs] +E[(Z_Zv)2 | g;s]
=7, +E[(Z - Z,]
=7, +E|Z’| -2 E|ZZ,] +E|Z]
=7, +E[Z’] -E[Z].
For (iii), see the book—it is even shorter. <

Exercise. On the probability space of [0, 1] with Lebesgue measure, define X; := (¢ + 1)1 1/(:+1)]-
Show that (X;);>0 is a martingale (with respect to some filtration).

We will now derive even more martingales from Brownian motion.

Definition 3.11. A (d-dimensional) Brownian motion that has independent increments with respect
to (%) is called a (d-dimensional) (#;)-Brownian motion.

From the above, if B is an (%;)-Brownian motion, started from a fixed real number, then

2
B B -1, & 7T (9eR)
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are martingales with continuous sample paths. These last are called exponential martingales of
Brownian motion.

Here are some more: Suppose f € L?(R,,Leb). Let G be a Gaussian white noise on L*(R,)
and define, as we did earlier,

7, = /0 £(s)dB, = G(f1j0,).

where B; = G(1[o,]). Then Z has independent increments with respect to the canonical filtration
of Brownian motion. In fact, first, Z, € & because one may approximate f1jo, in L? by step
functions, and second, when 0 < s < ¢,

Zt - Zs = G(fl[s,t]) L G(hl[O,s])

for all h € L>(R,), whence Z; — Z; 1L %, by Theorem 1.9. This yields the martingales

[ ([rwaw) - [z
b

”fl[(),t] ||1242(R+)

’—» since Z, ~ (0, [ f(5)%ds)
t 2 t
exp{efo F(s)dB, - %/0 f(s)zds} (6 €R).

The first of these is a Wiener integral process, so it has a modification with continuous sample
paths by the exercise on page 12. Therefore, so do all the rest. This also follows from Theorem 5.6.

If N is a Poisson process with parameter A and (%) is its canonical filtration, then we get the
martingales

N, = Aty (N;—At)* = At;  exp{ON; — (e’ - 1)} (9 eR).
Of course, these cannot be modified to have continuous sample paths.

2
Exercise (due 10/12). Let B be an (%;)-Brownian motion. Write M;(0) = e?B—71 Show that for
eachf e Randn € N, ((dilg)”M,(Q))t>0 is an (#;)-martingale. By using n = 3 and 6 = 0, deduce
that (B} — 3tB,) . is an (%;)-martingale.
We now give some properties of (sub)(super)martingales. The first is proved exactly as in the
discrete case:

Proposition 3.12. Let (X;);>0 be adapted and f: R — R, be convex. Suppose that ¥t > 0
E[f(X/)] < co.

(i) If X; is a martingale, then (f(X;)),5, is a submartingale.

(ii) If (X;) is a submartingale and f is increasing, then (f(X;)) />0 IS a submartingale.

Our next result is trivial in the discrete case:
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Proposition 3.13. Let (X;);>0 be a submartingale or supermartingale. Then

vVt >0 sup E[|X5|] < o0

0<s<t

Proof. By symmetry, it is enough to prove this when (X;) is a submartingale. We use | X;| = 2X; - X;.
By Proposition 3.12, (X;") is a submartingale, so

0<s<t = E[X]]<E[X/].

Also,
E[X] = E[Xo].

Hence,
E[1X,|] <2E[X;] - E[Xo]. <

Our next proofs will use the fact that if (X;) is a (sub)(super)martingale and t; < #> < --- <1,
then ((X;,, %)), «; <, is a discrete time (sub)(super)martingale.

The following points towards quadratic variation. We call a process (X;) square-integrable if
vVt X, € L%

Proposition 3.14. Let (X;);»0 be a square-integrable martingale and 0 < ty < --- < t,. Then
- @
E[Z (Xfi - XTH)Z } %o] = X2 - X2 | ‘%o] - [(X’p Xfo)2 | ‘%o]

Hence, the same holds unconditionally.

Proof. This is a type of Pythagorean theorem and depends on orthogonality. We have Vi € [1, p]

EL(X, - X)) | Fa] = B[E[(X, - X, )?| ] | %

[
:EE[

| ‘%l 1] - 2Xti 1 [th | ‘%i—l] +Xt%_1 ‘ ‘%0]

:E [ |*/'lzl]_ "/'m]
= Ew)(g H—1|:;QJ'

Now, sum on i to get (1. If we take p = 1, we get2). <

Next, we have analogues of discrete-time inequalities. Note that if f: [0,¢] — R is right-
continuous, then sup<<, f(5) = supyejo.n(quiy) f(5), whence we obtain measurability of the
supremum for a stochastic process with right-continuous sample paths.

Proposition 3.15. Let (X;);>0 be a submartingale or supermartingale with right-continuous sample
paths.

(i) (Maximal inequality)

Vi>0VAi>0 AP|sup |X,| > /1] < E[|Xo|] + 2E[|X/]].

0<s<t
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(ii) (Doob’s L? inequality) If X is a martingale, then

p
V>0 Vp >0 E[ sup |XS|”] < (L) E[|x,].
P

0<s<t -1
Proof. (i) If D is a finite set in [0, ¢] with O, ¢ € D, then the discrete-time inequality yields

/1P[sup X, > /1] < E[1Xol] + 2E[|X[].
seD
Now take D to be countable and dense in [0, #] with 0,7 € D and write D as an increasing union of
finite sets D,, with 0,7 € D,,. Then take the limit in the above inequality for D,, as m goes to co to
get

AP[ sup |X,| > /1] < E[1Xol] + 2E[|X/[].

0<s<t

Finally, use this inequality for a sequence 4, increasing to A.
(ii) The proof is similar; now we invoke the monotone convergence theorem. <

Remark. If we did not assume right-continuity, we would get the same results for sup.p, | X;| for
any countable D C [0, ¢]: we may add {0, ¢} to D if necessary. In particular, by letting A — oo, we
get from (i) that sup,.p | X;| < oo almost surely.

We call a function cadlag or RCLL if it is right-continuous with left-limits everywhere.

Exercise (due 10/12). Let (X;);>0 be a process with cadlag sample paths. Let A; be the event that
s — Xj is continuous for s € [0,¢]. Show that Vz > 0 A, € FX.

As for discrete times, we prove convergence using upcrossings, where for a function f: I — R
(I € R) and a < b, the upcrossing number of f along [a, b] is

ds;,t; e Iwiths; <t <--- < <
M[{b(l) - Sllp{k?(); Siy i with 51 < £ Sk < Ik }

and f(s;) <a, f(t;) =2bforl <i<k

In Section 3.4, we use this, as in discrete time, to study convergence as t — co. Here, we study
right and left limits at finite times. We will use the following easy lemma:

Lemma 3.16. Let D C R, be dense and countable. Let f: D — R satisfy

Yu e D sup £ (1)| < o0
teDN[0,u]

and
Va,b € Q witha<b M/, (Dn[0,u]) < co.

Then¥t > 0 f(t) = limgep f(2) exists and f(t7) = limgyep f(t) exists. In addition, t — f(t7)
is cadlag on R,. <

(Note that t — f(¢*) has left limits by the upcrossing condition.)

In the proof of the next theorem, we will use the fact that a backward (sub)(super)martingale
((Yns Fn)) <o With sup,, o E[[Y,|] < oo is uniformly integrable. (If you haven’t seen this, here’s a hint
to prove it. Note that it does not matter whether the process is a submartingale or a supermartingale.
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Assume the former. Show that there is a backward martingale (Z,),<o and nonnegative random
variables W, € &,_; such that ¥, = Z, + W,, and W,, > W,_;. Use that every backward martingale
is uniformly integrable.)

Recall that if a sequence converges almost surely, then it converges in L! if and only if it is
uniformly integrable. The same follows for continuous time.

Theorem 3.17. Let (X;);>0 be a supermartingale and D be a countable dense subset of R,.
(i) 3N C Q such that P(N) =0andVw ¢ N

Vi2 0 Xp(w) = lim Xy(w) and X (w) = lim X (w)
D>s|t D>sTt

exist.
(i) Vr € Ry X+ € L' and satisfies
X: 2 E[Xz+ | 971]

with equality if t — E[X;] is right-continuous (e.g., if X is a martingale). The process
(X+)r>0 is indistinguishable from a process that is an (F+)-supermartingale and, if X is a
martingale, an (F+)-martingale.

Proof. (i) Fix u € D. We saw in the remark that

sup | Xs| < o0 as.
seDN[0,u]

For finite D’ € D N [0, u], Doob’s upcrossing inequality yields

E[(X,, — a)_]

Va<b E[MX(D)] < -

Thus, using an increasing sequence of finite subsets of D N [0, u] whose union is D N [0, #] and
using the monotone convergence theorem, we get
E[(Xu - a)_]
< <

E[MaXb(D N [0,14])] S = <>

whence MX (D N [0,u]) < oo almost surely. Let

N = [HM €D, sup |Xg|=oc0o0rda,beQwitha <b and be(D N[0, u]) = oo].
seDN[0,u]

We have seen that P(N) = 0 as a countable union of sets of probability 0. For w ¢ N, we may
apply Lemma 3.16 to get (i).

(ii) Fix t € R,. Choose D > ¢, | t monotonically, so X;+ = lim,_,« X;, almost surely. If we
re-index time, Y, := X; , (n < 0), then (Y},),<o is a backward supermartingale. By Proposition 3.13,

SupE“Ynl] < 0o,

n<0

whence X;, — X+ in L! by uniform integrability. In particular, X,+ € L!.
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Since L' convergence implies L' convergence of conditional expectations (because of the
inequality E[|E[Zl | €] -E[Z; | 55]” < E[E[lZl - 7| | ‘5]] = E[|21 - Zg|]), we get

Ll
X > E[th | #] — E[X+ | F].

If s — E[X|] is right-continuous, then the expectation of the right-hand side equals E[ X;], which is
the expectation of the left-hand side, whence the two sides agree almost surely.

Now redefine X;+ to be limps|; X; when the limit exists and O elsewhere. This changes X;+
on a subset of N, whence it is indistinguishable from its definition in (i). Furthermore, X;+ € F+
now. Consider s < t and choose s, | s and t, | t with s,,7, € D and s, < t,. To show that
X+ = E[ X+ | F4+], it suffices to show that

VAe Fo  E[Xy14] > E[E[Xp | F+]1a] = E[X,+14]
(by considering A = [X,+ < E[X;+ | F+]|). Indeed, L! convergence yields

E[X;14] = lim E[X,,14] > lim E[X, 14] = E[X/14].
|—> [X;, 2 E[X,, | %,] and A € F+ C F;,]

Thus, (X;+) is an (F+)-supermartingale. If (X;) had been a submartingale, then we would
have concluded (X;+) is an (F;+)-submartingale, whence (X;) is a martingale implies (X;+) is an
(F+)-martingale. <
Exercise (due 10/19). Let (X;);>0 be a supermartingale with cadlag sample paths. Show that
t — E[X;] is cadlag.

There is a kind of converse to this exercise:

Theorem 3.18. Let (F;) be right-continuous and complete (often called “the usual conditions”). If
(X;) is a supermartingale such that t — E[X;] is right-continuous, then (X;) has a modification
that is a supermartingale with cadlag sample paths.

Proof. Consider the modification of (X;+) that we used in the proof of Theorem 3.17(ii). We saw
there that X+ € %+, which now equals %;. The theorem showed now that X; = E[X;+ | %] = X+
almost surely. Thus, use (X;+) as the modification of (X;). Lemma 3.16 shows that X+ is cadlag. =

3.4. Optional Stopping Theorems

Our first two results really belong in Section 3.3. They are about convergence as time ¢ — oo.
Theorem 3.19. Let X be a right-continuous submartingale or supermartingale bounded in L'.

Then there exists Xoo € L' such that lim;_,e X; = Xeo almost surely.

Proof. We may assume X is a supermartingale. Let D be a countable dense subset of R;. In the
proof of Theorem 3.17, we saw that

E[(Xs - a)_]

VseR, Ya<b E[be(Dﬂ [O,S])] < 5
—a
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Taking the supremum over s and using the monotone convergence theorem yields

E[be(D)] < sEgE[(Xs —a)_] < oo.

b-a g
[by hypothesis]

Apply this to a,b € Q to get be(D) < oo a.s. simultaneously in a,b € Q, whence
Xoo = limps;—00 X; exists in [—oo, co] almost surely. By Fatou’s lemma, we have

E[|Xo|] < lim E[|X]] < oo,

D3t—oo
whence X, € L'. Finally, right-continuity shows the conclusion. <

Whether convergence holds in L' is just as in the case of deterministic time:

Definition 3.20. A martingale X is closed if there exists Z € L' such that
Vi>0 X, =E[Z|H#] as.

Theorem 3.21. Let X be a right-continuous martingale. The following are equivalent:
(i) X is closed;
(ii) X is uniformly integrable;
(iii) X, converges almost surely and in L' as t — oo.

In this case

where Xo = lim; 00 X;. <

Since we are now interested in X.,, we will define X7 even where T = co: If lim, o X; = Xwo
almost surely and 7 is a [0, co]-valued random variable, then we write

Xr(w) = Xr(w) (W),

defined almost surely. We saw in Theorem 3.7 that if X is progressive and 7 is a stopping time, then
X7 is Fr measurable on [T < oo]. If X is adapted, then X, € F, whence Xy is Fr-measurable
on [T = oo]. Therefore, if X is a right-continuous submartingale or supermartingale and 7 is a
stopping time, then X7 € Fr (by Proposition 3.4).

One of the main reasons martingales are useful is:

Theorem 3.22 (Optional stopping theorem for martingales). Let X be a uniformly integrable,
right-continuous martingale. Let S < T be stopping times. Then Xg, Xr € L' and

Xs =E[Xr | Fs], ()
Xr =E[Xs | F71,
E[Xo] = E[X7] = E[Xs].
Remark. This extends to uniformly integrable, right-continuous supermartingales with “> in the

conclusions; see Stochastic Calculus and Applications, second edition, by Samuel N. Cohen and
Robert J. Elliott, Theorem 5.3.1.
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Note: In the case that S and T are constants, the first equation is the definition of martingale
and the rest are from Theorem 3.21.

Proof. We use the approximations of S and 7" from Proposition 3.8, now defined where [S = oo] or
[T = oo]:
S, =1[2"S1/2" and T,, := [2"T/2".

These are stopping times that decrease to S and 7" and also satisfy S, < 7,,. Thus, we may apply the
discrete-time version of this theorem to get

Vn XS,, = E[XT,, | ggn].
We want to let n — oo to get Eq. (%), i.e., that
VA € Fy E[IAXs] = E[IAXT]

(because indeed Xs € Fg). Now, right-continuity yields X5, — Xg and X7, — X7 almost surely
and in L', the latter since

Xsn = E[Xoo | g'—sn] and XTn = E[Xoo | g:Tn]

by the discrete-time theorem. In particular, Xs, X7 € L. Thus, for each A € Fg C Fs,, we have

E[14Xs,] = E[14X7,]

|

E[14Xs]  E[1aXr].
This shows Eq. (x), and the rest is immediate from the fact that 7 < oo is a stopping time. <

Uniform integrability is a key assumption (e.g., the double-or-nothing martingale). To make it
easier to use, we have the following two corollaries.

Corollary 3.23. Let X be a right-continuous martingale and S < T be bounded stopping times.
Then Xs, Xr € L' and X5 = E[ X7 | Fs].

Proof. Suppose T < r almost surely. Note that (X;,,),>0 is a martingale, closed by X,. Thus, it is
uniformly integrable. Since S Ar =S and T A r =T, the result follows from applying Theorem 3.22
to (Xiar)i>0- <

A trivial fact is that if Z € L!, then
Vs,t 20 Ze%F, = E[Z|FH]|=E[Z]|Fl.

We now replace s by a stopping time, 7"
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Proposition. If T is a stopping time, thenVZ € L'
Vi>0 Ze%Fr = E|Z|FH]=E[Z]| Fr].
Proof. LetY = E[Z | Fa7]. Since Y € F; 17 C F;, it suffices to show that
VAe %  E[1,Z] = E[1,4Y].

Consider A = (AN [T <t]) U (AN [T > 1]). Now, Z1j7<;] € F (property (j) of stopping times)
and since Z € Fr and T € Fr, also Z17<;) € Fr, whence Z1 7<) € F N Fr = Fiar (property
(f)). Therefore,

Zlir<) = E[ZY17<) | Finr] = EIZ | Finr] V7<) = Y 7<)
~——
EFinT

SO
E[Z11|7<] = E[Y151|7<].

Also, AN [T > t] € &% and since we have that Vs > 0 AN [T > t] N [T < s] € F;, also
AN|[T > t] € Fr,soagain AN [T > t] € Fr, whence by definition of Y,

E[Z14nirsn] = E[Y1an(rsq]-
Adding these last two displays gives the result. )

We apply this to stopping a process, i.e., if X is a process, the stopped process (X;a7)s>0-

Corollary 3.24. Let X be a right-continuous martingale and T be a stopping time.
(i) The process (Xiat)r>0 is a martingale.

(ii) If X is uniformly integrable, then so is (X;a7)r>0, which is closed by Xr:
Xiar =E[Xr | #]  as. (%)

Proof. (ii) By Theorem 3.22, X7 € L', so we may apply the proposition to Z := X7 to obtain
E[Xr | #] = E[Xr | Fiar]-

Also, t AT is a stopping time (property (f)), so Theorem 3.22 gives E[ X7 | Fiar] = Xiar. This
gives Eq. (+)—which, by the way, also implies uniform integrability.
(i) Recall that Vs > 0 (X;as)r>0 is a uniformly integrable martingale. Applying Eq. (+) to this

process, we get Vt < s

Xnsynr = E[Xras | F1]. <

—_—

=Xiar

Exercise (due 10/26). Deduce the proposition from Corollary 3.24 for (#;) that is right-continuous
and complete.

Exercise. There is a kind of converse to Theorem 3.22. Suppose that X; is defined for all ¢ € [0, oo],
including t = co. Show that if X is progressive and for every finite or infinite stopping time, 7', X7
is integrable with mean 0, then X is a uniformly integrable martingale. Hint: consider A € %; and
define T := 114 + ool 4c to deduce that X; = E[ X, | #].
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Applications

Let B be a real Brownian motion. For a € R, let T, := inf{r > 0; B; = a}.

(a) For a,b > 0, consider T := T_, A T}, and the stopped martingale M, := B;,r. Because
|M;| < aV b, M is uniformly integrable, whence

0= E[Mo] = E[My] = E[Br] = bP[Ty < T_y] — aP[T_, < T].

Since the two probabilities add to 1, we can solve to find
a
a+b’

P[Tb < T_a] =

We needed only that Brownian motion is a continuous martingale from O that leaves (—a, b).
(b)yFora,b > 0and T := T_, A Ty, consider the martingale M; = Bt2 —t. Again, M;,r is a
martingale, though no longer bounded. Still, we have from the martingale property that

Vi>0 0=E[My] =E[Mnr],

ie.,
E(B} ;| =E[t AT].

tANT

We may let + — oo and use the bounded convergence theorem on the left-hand side and monotone
convergence theorem on the right-hand side to obtain

E[B?] = E[T].
Using (a), we find that E[T'] = ab.

(c) For a > 0, and 6 > 0, consider the martingale

6 ._ 0B —6°t]2
N/ =e .

The stopped process, N? ., takes values in (0, e?¢), so is uniformly integrable, whence

INT,?
1 =E[N{] =E[N{.] = " E[e""T/?], (%)

Taking 6 := V22 gives the Laplace transform of 7,

E[eTe] = ¢V (1> 0). (3.7)

Note that if we used § = —V241 in Eq. (), we would get a different result. The reason is that when
6 < 0, N? is not uniformly integrable.
Exercise (due 10/26). Exercise 3.26.
Exercise (due 10/26). For x € R? and R > |x|, let Ty := inf{t > 0; |B;| = R}, where (B;);>0 is a
d-dimensional Brownian motion started from x. Show that
R2 _ | x|2
E[Tux] = ———

Extra credit: compute the Laplace transform of 7 g.
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Exercise. Let B be 1-dimensional Brownian motion and 7" := T_, A T}, for a, b > 0. Use an earlier
martingale to compute E[T Br].

We’ll later need the continuous-time analogue of the discrete-time optional stopping theorem
for nonnegative supermartingales.

Theorem 3.25. Let X be a nonnegative right-continuous supermartingale and S < T be stopping
times. Then Xg, Xr € L' and
Xs > E[ X7 | F5].

Also,
E[Xs] > E[X7]

and
E[XSI[S<OO]] P E[XT1[5<OO]] > E[XTI[T<DO]].

Proof. The strategy of proof for the martingale case (Theorem 3.22) mostly works, but now we
need some extra arguments. We are not assuming uniform integrability, and even for nonnegative
martingales, equality need not hold in the conclusion.

We first claim that if T is bounded, then E[Xs] > E[X7]. Let §,, = [2"S1/2" and T,, :=
[2"T1/2". Right-continuity ensures that X5, — Xg and X7, — Xr as n — oco. The optional
stopping theorem in discrete time for bounded stopping times gives

Vn>0 Xs,,, >E[Xs, | Fs,..]

(note S,41 < S,,). This means that ((Xs_,,, 95_,,))” «lisa backward supermartingale. The optional
stopping theorem also yields E[Xs ] < E[Xo], so this backward supermartingale is L'-bounded,
whence converges in L' to Xg. Likewise, X7, = Xrin L.

Since S, < T, the optional stopping theorem also implies that

E[Xs,] > E[X7,].

Taking n — oo gives the claim.

Now, we prove the theorem. For any m > 0, we may apply the first part to the bounded stopping
times 0 < S A m to get E[ Xgnn] < E[Xp]. Fatou’s lemma then yields E[X5] < E[Xp] < oo and
similarly X7 € L.

Property (d) of stopping times says that for A € Fg,

SA(a)) a S(w) forwe€ A,
00 forwé¢ A

is a stopping time. Likewise, T4 is a stopping time because F5 C Fr. Applying the first part of the
proof to the bounded stopping times S4 A m < T4 A m gives

Vm > 0 E[XSA/\WL] = E[XTA/\m]'
Now if S > m, then T > m, so

XSA/\ml[S>m] = XTA/\ml[S>m] s
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whence
E[Xs1anis<m]| = E[Xramlan(s<m |-

Apply the monotone convergence theorem to the left-hand side and Fatou’s lemma to the right-hand
side to obtain

E[Xs1an[s<co] | = E[X71an[s<00]-

Since Xs1an[s=co] = X71an[5=00], WE gEt
E[Xs14] > E[X714] = E[E[X7 | Fs]14].
Therefore, Xg > E[ X1 | Fs]. <

Exercise. Prove that if X is a nonnegative right-continuous supermartingale and 4 > 0, then

lP[supX, > /1] < E[Xp].

>0
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Chapter 4

Continuous Semimartingales

A semimartingale is by definition the sum of a local martingale and a finite-variation process,
both of which we define and study here. The next chapter studies stochastic integration with respect
to continuous semi-martingales. A key process studied here will be the quadratic variation process
of a continuous local martingale.

4.1. Finite-Variation Processes

4.1.1. Functions with Finite Variation

This is a review from real analysis. Let / C R be an interval. We say a: I — R has finite (or
bounded) variation if

p
Sup{z |a(ti) - a(ti—1)|; fo <t <---<tyE€ I} < 00, (%)
i=1

This is equivalent to the property that there exists a signed Borel measure u on [ such that
Vs<rel a(t)—a(s)=pu((s1]).

Such a y is uniquely determined by a. A signed measure y has a Hahn—Jordan decomposition
u=put—pu, where u*, u= > 0 and u* L u~. We write |u| = u* + u~. A function of finite
variation is thus the difference of two bounded increasing functions and conversely.

For f € L'(u), we write

/Ifda ::/Ifdu and /Iflda| = -/Ifld,ul.
[ £aal < [11110al

Furthermore, the function ¢ — /1 A (—ood] f|da| on I has finite variation, represented by the
measure f - .

We have
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Proposition 4.2. If a has finite variation on [s,t], then

t
/ |da| = supremum in Eq. (*)
N
P
:lim{ a(t;)) —a(ti_)|; s=tg<t; <---<t,=t, max|t; —t;_ <s}. <«
im ;“’) (6] s =10 <1 p =1, max|t; =i

We also have

Lemma 4.3. If a has finite variation on [s,t] and f: [s,t] — R is continuous, then
t p
o ' N ' ) s=t<n <---<Ifp=1
/s f da = lim {21: fi-n)[a() - ai-)] ; i [ — 1] <6 }
1=
Corollary. If a has finite variation on [s,t] and f: [s,t] — R is continuous, then

S=ty <t <---<tp=t, }

t p
/S f ldal =lim {213 fldlate) —anls 7 P
We will not use this, so we skip the proof.

We call a function a: Ry — R a finite-variation function if a [l has finite variation for all
bounded I C R,. In this case, there is a o-finite positive measure u such that

Vs <teR, / |da| = pu((s, 1]).
(s.7]

(o) t
/ fda = lim/ fda.
0 1= Jo

4.1.2. Finite-Variation Processes

For f € L'(u), we write

Fix a filtered probability space.

Definition 4.4. A process A is a finite-variation process if A is adapted, all its sample paths are
finite-variation functions on R, and, for us, Ao = 0 and all sample paths are continuous. If also the
sample paths are increasing, then A is an increasing process.

If A is a finite-variation process, then the process

t
Vi = / |dA|
0

is an increasing process: adaptedness follows from Proposition 4.2. As for the case of functions, A
is the difference of two increasing processes:
Vit A, V- A
T2 2
Integration with respect to a finite-variation process can be done pointwise, but we need something
to guarantee the result will be adapted:
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Proposition 4.5. Let A be a finite-variation process and H be a progressive process satisfying

t
V>0 Yo e Q / |Hy(w)] [dAs(w)] < oo.
0

integration with respect to s, not w

Then the process H - A defined by

t
0

is a finite-variation process.

Proof. We already saw that H - A has sample paths that are finite-variation functions, so it remains
to check that H - A is adapted. Recall that for all #, H: Q x [0, ¢] — R is measurable with respect to
F ® %A([0,1]). Thus, it suffices to show that if

h: (@x 10,11, % © 2(10,1])) - (R B(R)

and .
Vo € Q / |h(w, s)||dAs(w)] < oo,
0

then

(a) — ‘/th(a), s) dAs(a))) € F.
0

This is like Fubini’s theorem. We start with 4 of the form h(w, s) = 1r(w)1(,,) (s) for I" € & and
0 < u < v < t. In this case,

t
[ 1.9 44,(0) = 1) [A(0) - Au()] € 5.

0 —_—— ——  ——

EF E€F,CF EFLCH
The class of such I" X (u, v] is closed under finite intersections, so forms a 7-system. Also the
classof G € # ® 95’([0, t]) such that & = 1 satisfies the conclusion is closed under complements
and countable disjoint unions, so forms a A-system. Therefore, the class is exactly % ® %([0, 1]).
Taking a limit of simple functions dominated by |A| gives the desired result. <

Suppose we have only
t
dnegligible N C Q Yo ¢ N Vit >0 / |Hs(w)| . |dAS(w)| < 0.
0
If the filtration is complete, then we can define H” - A, where

, H/(w) ifwéN,
Hz(w):
0 ifw e N.
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Because of completeness, H’ is progressive. We then define H - A := H’ - A.
If H and K are progressive, then so is HK, where (HK); := H,K;. If H and HK satisfy the
integrability condition of Proposition 4.5, then

K-(H-A)=(KH)-A
because for functions and measures,

k(hu) = (kh)p.

In the simple case A; =t and H is progressive with

t
Yo eQ V>0 / |Hy(w)|ds < oo,
0

. . L t
we obtain a finite-variation process /o Hjds.

4.2. Continuous Local Martingales

For a process X = (X;);s0 and a stopping time T, we write X’ := (X;r7)r>0 for the process X
stopped at T. Note that if S is also a stopping time, then

(XT)S — XT/\S — (XS)T.

Recall from Corollary 3.24 that if X is a martingale and T is a bounded stopping time, then X7 is
a uniformly integrable martingale. But there are other processes that have this property besides
martingales.

Like local integrability on R, but instead of [0, ], we use [0, T,,] in the following definition.

Definition 4.6. An adapted process M with continuous sample paths and My = 0 a.s. is called
a continuous local martingale if there exist stopping times T\ < Tp < --- — oo such that for all
n, M™ is a uniformly integrable martingale. If we do not assume My = 0 a.s. but (M; — Mo)i>o
satisfies the preceding condition, then we still call M a continuous local martingale. Stopping
times T, that witness the definition are said to reduce M.

One need not assume sample paths are continuous in order to define local martingales, but we
will.

Note that it is not assumed that M, € L!. In particular, M need only be Fp-measurable.

To distinguish martingales from local martingales, we may speak of true martingales. Some
examples of the difference:

Example. Let B be an (%;)-Brownian motion from 0 and Z € %y, Z ¢ L'. Then M, := ZB, is a
continuous local martingale but not a true martingale by Exercise 4.22.

Exercise (due 11/2). Exercise 4.22.
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Example. Let B be a real Brownian motion and T := inf{¢t > 0; B, = —1}. Define

B ift <1,
Xl‘ = liz/\T
-1 ifr > 1.

By Corollary 3.24(i), BT is a martingale. We claim that X is a continuous local martingale with
respect to (FX),50 but not a martingale. To see this, let

T, =inf{t > 0; X, =n}.
These are stopping times that increase to infinity. We want to show that 0 < s < ¢ implies

X! = E[x]"

FX].

N

Write

= ifs<1,

o(s) =1
oo ifs>1.

Since X! = B?,;(z)’ we have

XT” — B‘P(Tn)/\T

s : and FX =75
¢(5)

s T T p(s)AT?

so the desired equation is
‘p(Tn)/\T _ ‘P(Tn)/\T B
Bo " =EBL" | F ol
Since ¢(T},) is an (F2)-stopping time and BT T is a bounded martingale, the equation follows
from the optional stopping theorem. To see that X is not a true martingale, we note that
Xo =0 # —1 = E[X;]. Ineffect, BT is not closed, but is still a martingale.

Some properties of continuous local martingales:

(b) If M is a continuous adapted process with My = 0 and 7, are increasing stopping times going
to infinity with M7 a martingale, then M is a continuous local martingale: we may replace
T, by T, A n to get stopping times that reduce M because (M77)" is a uniformly integrable
martingale by Theorem 3.21.

(c) If M is a continuous local martingale and T is any stopping time, then M7 is a continuous
local martingale, because if 7, reduce M, then (MT)™» = (M™)" and Corollary 3.24(ii)
shows that 7}, reduce M.

(d) Similarly, if 7,, reduce M and S,, — oo are stopping times, then 7;, A S,, reduce M.

(e) If T, reduce M and T, reduce M’, then T,, A T, reduce both M and M’ by (d), whence also
reduce M + M’ (the sum of two uniformly integrable classes is uniformly integrable). Thus,
the space of continuous local martingales is a vector space.
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Exercise (due 11/9). Show that if X is a discrete-time adapted process in L' and 7}, are stopping
times going to infinity such that X7~ is a martingale for each n, then X is a martingale.

If M is a continuous local martingale reduced by (7;,) and My € L' then M is a uniformly
integrable martingale, since adding an L' function to a uniformly integrable class results in a
uniformly integrable class.

Proposition 4.7. Let M be a continuous local martingale with My € L.
(i) If M > O, then M is a supermartingale.
(ii) If M is dominated (i.e., 3Z € L' with |M,| < Z forallt > 0), then M is a uniformly integrable
martingale.
(iii) M is reduced by
T, = inf{t >0; M| =2n+ |M0|}.

Proof. (i) Let T, reduce M. Then E[My] = E[M;x1,] for n > 0. By Fatou’s lemma,
E[M;] < E[Mo] < co.

Furthermore,
s<t = Vn Mqur, =E[M1, | F]. ()

By Fatou’s lemma for conditional expectation, we get
Ms > E[Mt | gs]

(ii) Combined with Eq. (*), the Lebesgue dominated convergence theorem implies that
M, = E[M, | #].

(iii) Proposition 3.9 shows that 7}, are stopping times. By property (c) of local martingales,
M7 is a continuous local martingale. Since it is dominated by n + | My|, part (ii) shows that it is a
uniformly integrable martingale, as required. )

It is not true that a uniformly integrable continuous local martingale is necessarily a martingale,
even if it is bounded in L2. A natural example appears in Exercise 5.33 (which was historically the
first example, due to Johnson and Helms in 1963; two years later, [t6 and Watanabe introduced local
martingales).

Recall Corollary 2.17 that Brownian motion has infinite variation on every non-trivial interval.
This came from the fact that the quadratic variation was positive on every interval (indeed, it equals
the length of interval), which was a simple consequence of Brownian motion coming from Gaussian
white noise. Every continuous local martingale M also has infinite variation on every interval where
it is “changing”. To prove this, we could try to use Proposition 3.14: if M is a square-integrable
martingale, then for 0 =7y < 11 < --- <1t,, we have

p
E[M] - M2] = E[Z M, - M;, V2.
i=1
However, M need not even be a martingale, nor square-integrable. In addition, we don’t have almost
sure convergence of the quadratic variation to a something greater than O (though we will prove this
convergence in probability in the next section). Instead, localization will allow us to get a proof,
using a proper stopping time derived from the assumption to the contrary that the variation is finite.
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Theorem 4.8. Let M be a continuous local martingale that is also a finite-variation process. Then
PVt >0 M;=0] =1.

. t . . .
Proof. Since t — /0 |dM;| is an increasing process, for n € N

t
T, = inf{t >0; / |dM;| > n}
0
is a stopping time by Proposition 3.9. It is enough to show that

Vn @ M™=0 a.s.,

since T,, — oo.
Fix n and write N := M'». Then

tAT, tAT,
vVt > 0 |Nt| = |Mt/\Tn| = )/ dMsv < / |dM§'| < n.
0 0

By property (c) and Proposition 4.7(ii), N is a bounded martingale. For ¢ > 0, consider 0 = 79 <
ty < --- <t, =t. By Proposition 3.14,

BN = B[ (¥, - N, ]
i=1

< n by Proposition 4.2

p
< E[SuplNli _Nli—1| ' Z'Nti _Nti—ll]‘
! i=1

e ———
< 2n, small by continuity

Thus, the bounded convergence theorem yields E[N?] = 0, whence N; = 0 a.s. Because N is
continuous, it follows that N = 0 a.s., as desired. <

Exercise (due 11/9). Let p > 1 and X be a right-continuous martingale satisfying sup, E[|X;|7| < co.
Show that for all measurable 7: Q — [0, o], X7 € L?. Show that this is not always true for p = 1.

4.3. The Quadratic Variation of a Continuous Local Martingale

For the rest of the chapter, we assume (%) is complete.
Again like Brownian motion, continuous local martingales have finite quadratic variation on
every bounded interval. This will be a crucial result and is the main result of Chapter 4.

Theorem 4.9. Let M be a continuous local martingale. There is an increasing process (M, M) =
((M, M),), such that (M} = (M, M),),., is a continuous local martingale. Such a process (M, M)
is unique up to indistinguishability and has the following form: ift > 0 and 0 =15 <1} <--- <
1y, =1 is an increasing sequence of subdivisions of [0, t] with mesh going to zero, then

Pn
(M, M), = lim Y (My = My )*  in probability. (4.3)
i=1
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Remark. The sum in Eq. (4.3) is not monotone in n, unlike for total variation.

We call (M, M) the quadratic variation of M. For example, if B is a Brownian motion, then
(B,B); =t.

From Eq. (4.3), we see that (M, M) does not depend on My, nor on (%;);>0. Also, Eq. (4.3)
holds even if the subdivisions are not increasing, but we will prove that only in Chapter 5.

The proof of Theorem 4.9 relies on some calculations.

Lemma A. Let (Xy)ren be a martingale, (k;)ien be an increasing sequence with kg = 0, and
i(k) =min{i; k < k;}. Define

m
Y= Xit(Xe = Xio1)
k=1

and ,
Zy = Z in—l (th. - in—l)‘
i=1
Then
ke
E[(Yy, - Z¢)*] = E[Z Xk = Xem)* (Xi = Xeop)? .
k=1
Proof. We have
¢ ke
E[Yi Ze) =) > E[Xi (X, = Xi, ) Xim1 (Xic = Xim1)].
i=1 k=1

If k; < k — 1, then by conditioning on F;_;, we see that the (i, k) summand is 0. Similarly, if
k < ki_1, then by conditioning on , ,, we get that the (7, k) summand is 0. Therefore,

ke
E[Ykng] = Z E[in(k)_l (in(k) - in(k)_l)Xk—l (Xk - Xk—l)] .
k=1
Writing
ki
in(k) - in(k)—l = Z (Xj - Xj—l)’
J=ki(k-1+1

we get that the (k, j) summand is O unless j = k: if j < k, condition on %;_, whereas if j > k,
condition on &;_y. Thus, we have

ke
E[Yi, Ze) =Y E[Xi 0 Xeo1 (Xe = Xeo1)?]. €]
k=1
By choosing k; = i, we obtain
ke
E[Y.]=> E[X; (Xk-X1)?]. )

k=1
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If we apply Eq. (2) to the martingale (X, )ien, we obtain

4
E[Z}]1=) E[X;  (Xi, —Xi )]
i=1

Now condition on %, , and use Proposition 3.14 to write

ki
E[(Xk, = Xk )? | Fry ] = E[(Xk = X-1)* | Fiy ]
kzki_1+1

whence

1 ki

EIZ71=YE[X}, D B[ x| |
i=1 k=k;_1+1
ks (3)
= E[X,fi(k)fl(Xk — Xi-1)?].

k=1

Using Egs. (1) to (3), we get the desired result. <

Lemma B. If (Xy)ren is a martingale, then

m 2
e |30 06 - X | <6 max 1
k=1

Proof. Write A := maxXo<i<m || Xk||co. Note that

Z E[(Xk - Xi-1)*(Xj - Xj-1)?]

I<k<j<m

3

>~

J=k+1

1
1

3

IE[(Xk X)) E[ zm: (X; - Xj_1)2 ‘ 9kH
|

E| (X, - Xk_l)zE[X,i - X,E | 91(]] [by Proposition 3.14]

k=1
m—1

<A E[(X - X))
k=1

In addition,
E[(Xx — Xk-1)*] < 4AZE[(Xk — Xim1)?].

Therefore,

E| () (% - X))’ | < 647 Y E[(Xi - Xi0)?]
k=1

k=1
= 6A%E|[X;, — X§| [by Proposition 3.14]

< 6A%. <
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Lemma C. If Vn € N X" = (X]' )¢/ is a process with continuous sample paths and

lim E[sup (X' - X,’")z] =0,

nM—e0 eg
then there exists ny — oo and Y = (Y;);e; with continuous sample paths such that almost surely

Viel lim X" =Y,

k—o0

Proof. Choose ny — oo such that

(o)

ZE[sup (X' — Xt""“)z]l/2 < o
k=1 tel

Then E[3 02, sup,e; | X/ = X7 | = 35, Efsup,e; X/ = X[*+'|] < o0, 50

E sup | X" — X["**!| < oo almost surely.
k=1 tel

Off a negligible set N, we have uniform convergence of X;*, so for w ¢ N one may define
Y(w) = limge X, (w), whereas for w € N, define Y (w) := 0. (Note that N depends on X[("")
for all + € I—or at least a dense subset of such +—and all &k, so that we cannot conclude that
Y, € (X" k > 1)) <

Proof of Theorem 4.9. We first show uniqueness. Suppose that A and A” are increasing processes
such that (M? — A,) and (M? — A!) are both continuous local martingales. Then their difference,
A7 — Ay, is a continuous local martingale and a finite-variation process, whence is 0 by Theorem 4.8
(up to indistinguishability).

To prove existence, first assume My = 0 and M is bounded. By Proposition 4.7(ii), M is a true
martingale. Fix K > 0 and an increasing sequence of subdivisions of [0, K| with mesh going to 0,
O=ry <] <---<1, =K.

It is easy to see that if 0 < r < sand Z € L (&,), thent +— Z(Msn;, — M, ;) is a martingale.
Therefore, for all n, the process

Pn
n .
X; = Z Mz;’_l (Mt?/\l - Mrl'?_l/\z)
i=1
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is a bounded martingale. Now for 0 < j < p,,

J
(M) - 2X}h = Mf‘;, =2 My (Mp — My )
i=1
= Mln 2Mp My |+ M2,

/ 1
+M>% —2Mp My + M2
i j-1 =2 Tin
... (4.4)
+ M3 = 2Mp My + M,
1 1 0 0
+ Mzn

= Z(M” My )

since Mtg = My = 0. (In Chapter 5, we will see this implies Ml2 - (M,M), =2 fot M, dM,. Note
that if M is a finite-variation process, then (M, M) = 0 and this is ordinary calculus.)
By Lemma A, if n <m

E[(x — x2Y) [Z (Mg =My Y (Mg = My ) ]
where i,,(j) := min{i; t;-" < t'}. The right-hand side is
, o
2
< E[lg}i",ﬁ M s _Mt;"—1| 21: (M’.;" _M’;"-n) ]
l
211/2
)2

< E[max|th T ] [(Z (M = My ) ) ] '

[Cauchy—Schwarz 1nequa11ty]

The first term converges to 0 as m,n — oo by continuity of sample paths and boundedness of
M. The second term is less than or equal to V6 - SUpPo<;<x 1Ml 2 by Lemma B. Therefore,

lim E[(X} - X)?] =

By Doob’s L2-inequality (Proposition 3.15(ii)), we get

lim E[sup (X]' - Xt’")z] =
mn—eo Tk
By Lemma C, there exists ¥ = (¥;)o<s<x With continuous sample paths and ny — oo such that

almost surely,
Vt € [0,K] lim X;'* =Y.

k—o00
Also,
Vi e [0,K]  lim X* =Y, inL?%

n—oo
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Because the filtration is complete, ¥; € &;. Since s < ¢ implies that E[X]' | #;] = X, we obtain
that E[Y; | ] =Y, for0 < s <t < K, i.e., (Y;ak)i>0 is a continuous martingale.

By Eq. (4.4), the sample paths of Mtz—ZXt” are increasing along the sequence f; <} <--- <1} .
Therefore, the sample paths of M — 2Y; are increasing on [0, K] off a negligible set N. Thus, define
the increasing process A%) on [0, K] by

L) _ M?-2Y, onQ\N,
t -

0 on N.

(K)
- Az/\K)t>O

In this manner, for all £ € N, we obtain a process A) on [0, £]. By the uniqueness argument

at the beginning of this proof, (At(i;])) 150 and (At(i)e) 150 are indistinguishable. This allows us to

define an increasing process (M, M) such that ((M, M);x¢),, is indistinguishable from (At(i)g) 150
for each £ € N. It satisfies that (M7 — (M, M),),, is a martingale.

This is not quite Eq. (4.3) because there ¢ was arbitrary and the subdivisions were of [0, 7].
However, call “¢” there now by “K”. As before, (Al(flz) >0 18 indistinguishable from ((M , M )MK) 150"
In particular, (M, M)k = AfK) almost surely. As we saw, this gives L>-convergence in Eq. (4.3),
which is stronger than convergence in probability. This completes the proof when My = 0 and M is
bounded.

For the general case, write M; = My + N;. Then M,2 = Mg + 2MyN; + N,z. By Exercise 4.22,
(MyN,), is a continuous local martingale, so by uniqueness, (M, M) = (N, N). Thus, we may take
My = 0 without loss of generality.

Now use the stopping times 7}, := inf {t >0; |M;| > n} The case we proved applies to M7
Write AU := (MT», M™»). By uniqueness, for all 7, (A["+1]) . and (At["]) . are indistinguishable, so

tAT,
there exists an increasing process A such that for all n € N, AT+ and A["! are indistinguishable. By

construction, for all n, (MtzATn — AsaT,): is @a martingale, whence (Mt2 — A;); is a continuous local

martingale. Thus, we may define (M, M) := A. Now, Eq. (4.3) in the bounded case says that

Then A% is an increasing process and (M2 . is a continuous martingale.

Vn Vit lim Zz"™) = (M, M Year, in probability,

Mmoo L AT,
where
Pm
Zz(m) = Z (Mpmne = le.”jlm)2~
i=1
That is,

Vi Vi Ve >0 3mg Vm > mo P[z("” — (M, M)z, | > s] <e

AT,

In addition, there exists ng such that P[7},, < t] < . Therefore,

Vm > my P[|Zf’") — (M, M),| > e] <2e,

P
SO Z,(m) — (M, M),, as desired. <

Exercise (due 11/30). Exercise 4.23.
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Proposition 4.11. If M is a continuous local martingale and T is a stopping time, then almost
surely,

V>0 (M, M"Y, = (M, M)

Proof. By property (c) of continuous local martingales, (M t2/\T — (M, M)\r) , is a continuous local
martingale. By uniqueness, ((M, M);xr), is indistinguishable from (M”, MT),. <

Exercise (due 11/30). Show that if M is a continuous local martingale and 7 is a stopping time,
then almost surely,

V>0 (M-M' M- M"Y, = (M, M), — (M, M)
Exercise (due 11/30). Let B be an (#;)-Brownian motion and S, T be stopping times. Calculate
(BT — BS, BT — BS).

Hint: Do first the case S < T.

We next show how various properties of M are reflected in (M, M). Our first result is that M
changes only where (M, M) changes.

Proposition 4.12. Let M be a continuous local martingale and 0 < t; < t < oo. Then a.s.
Vt € [t1,t2] M; = M;, ifand only if a.s. NVt € [t1,t2] (M, M), = (M, M),,.

Proof. =: By Eq. (4.3), (M, M), = (M, M),,. Since (M, M) is increasing, we get the result.
&: M'i is a continuous local martingale by property (c), whence so is M2 — M by property (e).
By Eq. (4.3), (M"> — M"', M"> — M"') = 0. Therefore, (M"> — M")? is a continuous local martingale.
By Proposition 4.7(i), it is a supermartingale. Thus, E[(Mt - Mtl)z] < E[(Mt1 — M,l)z] = 0 for
t € [t1,1]. <
For an increasing process A, we define A, = lim; A; € [0, oo].

Theorem 4.13. Let M be a continuous local martingale with Mo € L.

(i) The following are equivalent:

(a) M is a true martingale bounded in L>.
(b) E[{(M, M)| < co.

If these hold, then (Mt2 - (M, M), i>0 Is a uniformly integrable martingale and so
E[MZ2] = E[M]] + E[{M, M)].

(ii) The following are equivalent:

(a) M is a true martingale andVt > 0 M, € L2
(b) Vt € [0,00) E[{(M,M),] < co.

If these hold, then (M? — (M, M>t),>o is a true martingale.
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Proof. (i) Without loss of generality, My = 0.
(a) = (b): By Doob’s Lz—inequality,

Vs >0 | sup [Ml]|, < 2[| ML,

0<t<s

whence sup,.( |M;| € L? if (a) holds. Let S, := inf{r > 0; (M, M), > n}. By property (c) of

continuous local martingales, (Mtz/\ s, (M, M) 5 Sn) >0 is a continuous local martingale. Also, it is

dominated by (sup, M?+n) € L', so by Proposition 4.7(ii), it is a uniformly integrable martingale.
Therefore,
Vi >0 E[(M,M)ns,] =E[M] | <E[supM]] < c.
s=0
Take n — oo and ¢ — oo to get (b).
(b) = (a): If (b) holds, then set

T, =inf{t > 0; |M;| > n}.

Now
M7 = (M, Maz,| < n*+ (M, M) € L',
SO again (MIZATH - (M,M )an) />0 18 @ uniformly integrable martingale and
Vi>0 E[M];]1=E[(M,M),| <E[(M,M)] < . (%)

Take n — oo to get (M,);s0 is bounded in L? by Fatou’s Lemma.

To see that M is a martingale, note that Eq. (x) implies (M;a7, ),>1 is uniformly integrable, so
converges in L' to M, as n — co. By Proposition 4.7(iii), M» is a martingale, whence so is its
L'-limit, M.

Lastly, if (a) and (b) hold, then

|M} — (M, M),| < sup M + (M, M) € L',

520

so by Proposition 4.7(ii), M?> — (M, M) is a uniformly integrable martingale.
(ii) Apply (i) to M for each a > 0. <

Exercise (due 11/30). Exercise 4.24.

4.4. The Bracket of Two Continuous Local Martingales

The reason for our notation (M, M) is that it leads to:

Definition 4.14. If M and N are continuous local martingales, the bracket (or covariation) (M, N)
is the finite-variation process

(M,N), = %((M + N, M+ N, — (M, M), — (N, N>,).
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Proposition 4.15. Let M and N be continuous local martingales.
(i) (M, N) is the unique (up to indistinguishability) finite-variation process such that (M;N; —
(M,N),) 1> I8 a continuous local martingale.
(ii) The map (M,N) — (M, N) is bilinear and symmetric.
(iii) If 0 =15 <1t{ <--- <ty =tisanincreasing sequence of subdivisions of [0,t] with mesh
going to 0, then

Pn
lim E (M = My )(Ngp = Nen ) = (M, N); in probability.
n— oo i i— i i—

i=1

(iv) If T is a stopping time, then
(MT,NT)y =(M,N)" = (M",N).

(v) If M and N are both true martingales bounded in L?, then MN — (M, N) is a uniformly
integrable martingale, whence (M, N)o, exists as the almost sure and L limit of (M, N); as
t — oo and satisfies
E[MwNo] = E[MoNo] + E[(M, N)|.

Proof. (i) This follows from Theorem 4.9, with uniqueness from Theorem 4.8.

(ii) This follows from uniqueness in (i).

(iii) This follows from Eq. (4.3) applied to M, N and M + N.

(iv) The first equality follows from (i) as in the proof of Proposition 4.11. By (iii), given
0 < s < t, we may take the subdivisions of [0, 7] to include s in order to deduce that

(MT,N), = (M,N), as.on|[T >t]

and
(MT,NY, = (MT,N); as.on|[T <s],

whence (MT, N), = (M, N)I' almost surely (consider s € Q).
(v) Apply Theorem 4.13(i) to M, N and M + N to get three uniformly integrable martingales.
Combining them gives the result. )

Exercise (due 11/30). Give another proof that
(M-M"',M-M"y =(M,M) - (M, M)"
by using Proposition 4.15.
Proposition 4.16. If B and B’ independent (%;)-Brownian motions, then (B, B’) = 0.

We will skip the proof in favor of the following exercise:

Exercise (due 11/30). Let M and N be independent continuous local martingales (so o (M) 1L o (N)).
Give two proofs as follows that (M, N) = 0:
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(1) Assume first that M and N are bounded. For0 =7y <] < --- <, = t, show that

n

E[(Z (M;, — M, )(N;, - N,”>)2] < max (E[M;] - E[M; ]) - (E[N7] - E[NG]).
i1 <isn

Deduce that (M, N) = 0.

In the general case, localize M and N and use Proposition 4.15.

(2) Assume first that M and N are martingales. Show that for0 < s <t,A € FM, B e FN, we
have
E[M;N14ng] = E[M;Ns1sng].

Deduce that M N is an (.%M \% %N ) ;>o-martingale and that (M, N) = 0.

In the general case, localize M and N.

Definition 4.17. We say that two continuous local martingales are orthogonal if their bracket is 0;
this is equivalent to their product being a continuous local martingale.

Thus, M 1L N implies M and N are orthogonal. The converse is false:

Exercise (due 11/30). Show that if B is an (#;)-Brownian motion and 7 is a stopping time, then
(BT, B — BT) = 0. Give an example where B” and B — B are not independent.

If (M,N) =0and M, N are true martingales bounded in L?, then
E[MrNr] = E[MoNo]

for all stopping times 7" by Proposition 4.15(v) and Theorem 3.22 (the optional stopping theorem).
Exercise. Prove, conversely, that if M and N are true martingales bounded in L? and E[M;N7] =
E[MyNy] for all finite or infinite stopping times 7', then (M, N) = 0.

We are next going to prove a Cauchy—Schwarz type inequality that involves integrating
with respect to the bracket of two continuous local martingales. The proof involves the usual
Cauchy—Schwarz inequality a couple of times, including via the following:

Lemma. Let a: R, — R be a finite-variation function and vy, vy: Ry — R be increasing functions.

If

VO<s<t<oo |a(t)—a(s)| < Vor(t) = vi(s) - Voo (t) = v2(s),
then for any Borel functions h, k: Ry — R,,

/Oooh.kldal < (/Ooohzdvl)l/z(/omkzdvz)l/z. )

Proof. Suppose that (*) holds for functions /; and k; that are both are 0 outside a Borel set A;, with
A; disjoint for different i. Write & := > h; and k := >_ k;. Then

00 () 00 1/2 o0 1/2
/ h.k|da|:/ Zh[ki|da|<2(/ hfdul) (/ kl-zdvz)
0 0 0 0
o 12, p 1/2 o 12, o 12
<(/ B do (/ k2 dos :(/ 1% doy / K2 dos
> [k = () wdn) (] K dw)
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by the Cauchy—Schwarz inequality. That is, () then holds also for the pair 4, k. A similar
computation using the hypothesis shows thatif s =79 <t; <--- <t, =1, then

p

> a(t) = a(tizy)| < Noi(1) = vi(s) - Vo2 (1) — va2(s).

i=1

(Actually, this is a special case of the initial computation with s; = 1(,i_1,ti]% and k; =
| TR sgn(a(ti) - a(ti_l)).) Taking a limit of such subdivisions and using Proposition 4.2,

we obtain
12 12
/ |da| < (/ dvl) (/ dvz) ,
(s.1] (s.1] (s.1]

in other words, (*) holds for functions of the form 1. By our first computation, it follows that if
B is a finite disjoint union of intervals (s;, ¢;], then

/B |da| < ('/B dvl)l/z(‘/B dvz)l/z. (%)

The class of B such that (+x) holds is closed under countable increasing unions and decreasing
intersections. Furthermore, the class of finite disjoint unions of intervals (s, ¢] is an algebra. By
Halmos’ monotone class lemma, it follows that («x) holds for all B € % (R,). Therefore, () holds
when h and k are multiples of the same indicator, and thus when they are simple functions. We may
take monotone increasing limits of simple functions to get the full result. <

Proposition 4.18 (Kunita—Watanabe). If M and N are continuous local martingales and H and K
are measurable processes, then almost surely,

o0 © V2, Lo 1/2
| kdaonny < ([ aaanan) ([ & an,)

Proof. Fors =1y <ty--- <t, =1, wehave

P )\ 172 P o\ 172
< (Z (Mfi - Mli—l) ) (Z (Nli - Nli—l) ) .
i=1 i=1

Taking a limit and using Theorem 4.9 and Proposition 4.15, we get almost surely

p
|Z (Mli - Mli_l)(Nti - Nti—l)
i=1

(M, NY = (M, NY,| < ((M, M), = (M, M),)"*((N,N), = (N, N),)'/*.

By taking s, € Q; and using continuity, we obtain that this holds almost surely simultaneously in
0 < s <t < co. The result now follows from the lemma. <
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4.5. Continuous Semimartingales

Definition 4.19. A process X is a continuous semimartingale if there is a continuous local
martingale M and a finite-variation process A such that

Vt?o Xl:Mt+Al-

By Theorem 4.8, the decomposition X = M + A is unique up to indistinguishability; it is called the
canonical decomposition of X.

Definition 4.20. Let X = M+ A and X' = M’ + A’ be the canonical decompositions of two continuous
semimartingales, X and X'. The bracket of X and X' is

(X, Xy = (M, M.

Proposition 4.21. Let X and X’ be continuous semimartingales. Given an increasing sequence of
subdivisions 0 = tg < t’f < e < t;‘,n =t of [0, t] whose mesh tends to 0, we have

Pn
lim Y~ (Xp = Xn )(Xju = X} ) =(X.X'), in probability.
n—oo P i i-1 i i-1
Proof. We have

(Xen — le',l)(Xt,ﬂ - X 1) = (M — Mffil)(Mt/'? - M, 1) + terms involving A or A’.

The sums of the first terms converge in probability to (M, M’) = (X, X”) by Proposition 4.15(iii).
The other terms have sums going to 0 almost surely by continuity; e.g.,

Pn £
> (M = My ) (4= A )| < max My =My |- [ o). )
i=1

1<i<p,

-0
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Chapter 5

Stochastic Integration

This chapter is the heart of the course.

5.1. 'The Construction of Stochastic Integrals

We fix a complete filtered probability space.

We construct stochastic integrals in stages. In Section 5.1.1, we begin with the analogue of step
functions and proceed to integrate with respect to L>-bounded martingales. We’ll find that all the
hard work was done earlier, especially Theorem 4.9. In Section 5.1.2, we extend to integrate with
respect to continuous local martingales and in Section 5.1.3, to continuous semimartingales; these
extensions will be easy. In Section 5.1.4, we prove some limit theorems about stochastic integrals.

5.1.1. Stochastic Integrals for Martingales Bounded in 1>

Every L?-bounded martingale is closed, so one can think of the space of L?-bounded martingales
as a subspace of L?(Q). However, they are certainly not necessarily all continuous. Thus, we define
H? to be the space of continuous L?-bounded martingales M with M, = 0 and identify it with a
subspace of LZ(Q), so for M, N € HZ, we have

(M, N)2 := (Moo, Neo)12(2) = E[MooNoo] = E[{M, N)os
by Proposition 4.15(v) and the fact that My = Ng = 0.

This subspace H? is closed:

Proposition 5.1. The space H? is a Hilbert space.

Proof. Suppose that (M"),cy is a Cauchy sequence in H?, i.e., (M™),ex is Cauchy in L?(Q). By
Doob’s L*-inequality, E[sup,sq (M — M")?| < 4E[(M!, — M™)?], so by Lemma C in Chapter 4
for the proof of Theorem 4.9, there exists a subsequence (1 )ren and a ¥ with continuous sample
paths such that almost surely,

Vi>0 M*—>Y,.

Also, there exists Z € L?>(Q) such that M", — Z in L?. This implies

M =E[M{ | #] — E[Z | #],
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whence
Vi Y, =E[Z| #].

Therefore, Y is an L?-bounded continuous martingale. Since M, — Z in L?, we get that Y is the
limit of M" in H. <

Recall that & denotes the progressive o-field. For M € H2, write (M, M) P for the measure
on & given by

A E[/Ooo 14(w,s) d(M,M)s];

the total mass of (M, M) P is E[(M, M)oo] = ||M||]§[2. Then
LA(M) = L2(Q X Ry, P, (M, M)P) = {H eP: E[/ H2d(M, M)s] < oo}.
0
This has the usual inner product

(H, K20 = E[ /0 " HK, d(M, M)S].

Note that -
/ HK,d(M, M), € L'(Q,P)
0

for H,K € L>(M).
The analogue of step function is:

Definition 5.2. An elementary process is a process H of the form

p-1

Hy(w) =Y " Hipy (@)1, q,,1(5)

i=0
forO=ty <ty <---<t,and H; € L™ (F;,P). We denote this class by &.

It is straightforward to check that & C &, for this, we could even use 1y, ;,,,). The stricter
measurability requirement from using (#;, ;1] makes & a smaller class. We have & C L?(M) for
M € H?. In fact, & is dense in L*(M):

Proposition 5.3. VM € H> & is dense in L>(M).
Proof. This is equivalent to showing that &+ = {0}. Let K L &. Then for 0 < s < f and
F € L™ (%), we have

t
0=(K,F® 1(s,,])L2(M) = E[F/ K, d(M, M)u] =E[F(X; - X,)].,
)

where X; = /Ot K,d(M, M), € L'(Q,P). That is, by Proposition 4.5, X = K - (M, M) is a
finite-variation process that is also a martingale, whence by Theorem 4.8, X = 0. This means almost
surely, K =0 d(M,M)-ae., ie., K =0in L*>(M). <
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Exercise (due 12/7). Prove that if M is a bounded continuous martingale and A is a bounded
increasing process, then

E[MJAo] = E[/ M, dAt].
0
If M € H? and T is a stopping time, then
<MT7MT>00 = <M’M>Zo = <M7M>T < <M9M>00a

so MT € H?.

Exercise (due 12/7). Derive MT € H? from the optional stopping theorem (Theorem 3.22) instead.
Let 1[o7) denote the process (w,t) — 1o r(w) (). If T is a stopping time, then 1o 7] is

adapted and left-continuous, so progressive by Proposition 3.4. Therefore, if H € L?>(M), also

1o H € L*(M).
Here is our first definition of stochastic integral.

Theorem 5.4. Let M € H?. Given an H € & as in Definition 5.2, the formula

p—1
(H-M) = ZH(i)(th/\t - Mzi/\z)
i=0

defines a process H - M € H?. The map H — H - M from & — H? extends uniquely to a linear
isometry L>(M) — H?, also denoted H — H - M. Forall H € L*>(M), H - M is the unique element
of H? such that

VNeH? (H-M,Ny=H-(M,N). (5.2)
(Recall (H- (M, N>)r = /Ot Hyd(M,N),.) If T is a stopping time, then
VH e L*(M) (1o H)-M=(H-M)" =H-M". (5.3)

We call H - M the stochastic integral of H with respect to M and write
t
(H-M), =: / HgdM;.
0

Note that the two uses of - in Eq. (5.2) are unambiguous because every finite-variation martingale
is 0 by Theorem 4.8.

More abstractly, one could alternatively use Eq. (5.2) to define H - M as follows: Given M € H?
and H € L*>(M), the map

H? > N E[(H - (M,N))_)]
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satisfies

[E[(F - (M. V). ]| < E\/O Hy d(M, N,

< E[/Ow |Hy| Id<M,N>s|]

< E[(‘/OOOHSZMM, M>s)1/2-(/000 d<N’N>S)1/2]

L» [Kunita—Watanabe]
N 1/2 oo 1/2
< E[ H2d(M, M)s] E[ / d(N, N)s]
0 0
L» [Cauchy—Schwarz inequality]
= 122y - 1N g2, (*)
and thus is a continuous linear functional on HZ2. Hence, there is a unique H - M € H? such that
E[(H-(M,N)) | =(H -M,N) =E[(H-M,N)s]|.

One can then deduce Eq. (5.2) and everything else.
In fact, we should have verified H € L! (|d(M N )|) almost surely and

(H-(M,N))_ € L'(P),

but this follows as in (x), starting instead with

B [ 1t laa m]
Note that a special case of (x), with H =1, is
E[(M, N)eol] < IM[lz2 - IV [le (%)

Proof of Theorem 5.4. It is easy to see that the definition of H - M for H € & does not depend on
its representation as in Definition 5.2. It follows that H — H - M is linear on &. To see that the map

is an isometry into HZ, write
M(l) = H(z) (]\4”)rl - Mt[),

sothat H-M = Zfz_ol M We saw in the proof of Theorem 4.9 that M ) is a continuous martingale,
so H - M € H?. By Proposition 4.15(iv), we have

Vs,t >0 (M, M"y = (M, M)*".
Thus, (MY, M)y =0 fori # j and
(MY, MWDy = HE ((M, MY — (M, M)").
Therefore,

p-1

(H-M,H-M) = ZH(Zi)((M, M) — (M, M)") = /.Hszd<M, M),
i=0 0
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(e, (H-M,H-M), = [ H>d(M, M),). In particular,

I 010 = B[ M )] =B [ a1, = 1A

as desired.

By Proposition 5.3, & is dense in L>(M), so H — H - M has a unique continuous extension to
a map from L*(M) to H?.

If H € &, we have, similarly to above,

p-1 p—-1
(H-M,N) =Y (MY, N) =" Hg;((M,N)" = (M, N)")
i=1 i=0

- /.Hsd<M,N>s =H-(M,N),
0

i.e., Eq. (5.2) holds for H € &. Now, Eq. (*) shows that H (H (M, N>)OO is continuous as a
map from H? to L'(P) and Eq. (%) that X +— (X, N) is continuous from H? to L!(P). Since
H — H - M is an isometry from L?(M) — H?, it follows that H — (H - M, N)., is continuous
from L>(M) — L'(P). Therefore,

(H-M,N)e = (H-(M,N)),,

for all H € L>(M), N € H?. Replace N by N’ to obtain Eq. (5.2) in general.

We’ve already seen that something weaker than Eq. (5.2) characterizes H - M among elements
of H2.

To see Eq. (5.3),let N € H2 and note that

[Eq. (5.2)] [Eq. (5.2)]
((H-M)",N)=(H-M,N)" = (H- (M,N))T = 1jo71H - (M,N) = ((1}o1)H) - M, N),

[Proposition 4.15(v)] [deterministic]

whence by the uniqueness of Eq. (5.2), (1jor)H) -M = (H - M )T, Similarly,
(H-M",Ny=H-(M",Ny=H-(M,N)" =1jonH - (M,N),
[Eq. (5.2)]
so(H-M)T =H-M". <

We could rewrite Eq. (5.2) as

L] t
</ Hs dMSaN> = / Hs d<M,N>s-
0 t 0

If M € H? and H € L?>(M), then by Eq. (5.2),
(H-M,H-M)=H-(M,H-M)=H-(H-M,M)=H- (M, M). (5.4)
If also N € H? and K € L?(N), then similarly we obtain
(H-M,K -N)=HK - (M,N).
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Proposition 5.5. Let M € H?, H € L*(M), and K be progressive. Then
KHel>(M) < KelL*(H-M),

in which case
(KH) - M=K -(H-M).

Proof. By Eq. (5.4), we have
E[(K*H* - (M, M)) | =E[(K* - (H-M,H-M))_],
which gives ||[KH||.2(ary = IK|lL2(g-ar)- If this is finite, then for N € H?, we have
((KH)-M,N) =KH-(M,N) =K - (H-(M,N))
[Eq. (5.2)] [see below]
=K-(H-M,N)=(K-(H-M),N),

[Eq. (5.2)] [Eq. (5.2)]
where the second equality is justified as follows: by the Kunita—Watanabe inequality,

/sz |d(M, M)| < o and /OoKsz |d(M, M)| < oo
0 0
implies
t t
/ |H,||d(M,N)s| < oo and / |K Hy| |[d(M, N),| < co.
0 0

By the uniqueness part of Eq. (5.2), we conclude that (KH) - M =K - (H - M). <

Recall that for M, N € H?, (M,N)yp = E[MNy] = E[{M, N)s]. By considering M" and
N', this implies that E[M;N;] = E[{M, N),] for t € [0, co].
Suppose that M, N € H?, H € L*>(M), and K € L>(N). Since H - M, K - N € H?, we get

Vi e[ / H dM =E[(H-M)] = E[(H-M)]| =0 (5.6)

t t
E[/ Hdes-/ stNs]
0 0

[martingale]
and

E[(H - M)/(K - N)]
E[(H -M,K-N)|
E[(HK - (M,N)),]
g

/ H,K, d(M, N)s]

In particular,
/ H, dM / H2d(M, M)s], (5.8)

this equality of norms is referred to as the Ito isometry.

Note that we have defined /Ot H dB; for progressive H with /Ooo E[H?] ds < oo by stopping B
att. If H is deterministic, this agrees with the Wiener integral almost surely: check first for step
functions. Thus, when H is deterministic, H - B is a Wiener-integral process.
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Exercise (due 1/18). Exercise 5.25; assume supt,w|H,(a))| < 0o,

We may rewrite the martingale condition for H - M as follows:

t S
0<s<i<oo =— E[/ H, dM, PF]:/ H, dM,, (5.9)
0 0
or, with [ H,dM, = [/ H,dM, - [ H,dM,,
t
E[/ H, dM, %] 0.
S

5.1.2. Stochastic Integrals for Local Martingales

The stopping time identities Eq. (5.3) will allow us to extend stochastic integrals to continuous
local martingales. If M is a continuous local martingale, we again write L?(M) for the set of
progressive processes H in LZ((M , M) P). We write leoc(M ) for the set of the progressive H such
that

t
as. Vi>0 / H?d(M,M}s<oo.
0

Theorem 5.6. Let M be a continuous local martingale. If H € leoc(M ), then there exists a unique
continuous local martingale with initial value 0, denoted H - M, such that for all continuous local
martingales N,

(H-M,N)=H-{(M,N). (5.10)

If T is a stopping time, then for all H € L?> (M),

loc
(ljonH-M)=(H-M)" =H-M". (5.11)

IfH € LIZOC(M) and K is progressive, then K € L%OC(H - M) if and only if HK € LIZOC(M), in which
case
K-(H-M)=(KH)-M. (5.12)

If M € H? and H € L*>(M), then this definition of H - M agrees with that of Theorem 5.4.

Proof. Since (M — My, N) = (M, N) for every continuous local martingale N, we may set
H-M :=H- (M - M) (to be defined) and assume that My = 0. Also, we may take H to be 0 on
the negligible set where for some 7 > 0, /Ot Hf d(M, M), = oo.

The idea is to localize and put together the resulting definitions.

Forn > 1, let

t
T, = inf{t >0, / (1+H2) d(M, M), > n}.
0
This gives a sequence of stopping times that increase to infinity. Since

Vi>0 (M™, M™), = (M, M), <n,

[Proposition 4.11]
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Theorem 4.13 tells us that MT» € H2. Also,
o) T,
/ HS2 d(MTn,MT,% = / Hf d(M, M), < n,
0 0

so H € L>(M™). Therefore, Theorem 5.4 defines H - M'». These are consistent: if m > n, then
(H-M™) = g. (M"Y =g . M.
[Eq. (5.3)]

Thus, there exists a unique process, H - M, such that Vn (H - M) = H - M. Since H - M has
continuous sample paths, so does H - M. Since (H - M); = lim,,_,oo (H - M™"),, we get that H - M
is adapted. Since (H - M)™ is a martingale (in H?, even), we get that H - M is a continuous local
martingale.

Now we verify the properties (5.10)—(5.12).

To prove Eq. (5.10), we may assume that No = 0. For n > 1, write

T,=inf{r > 0; [NJ| >n}, S, =T, AT,
As before, NTn € H2, so
CH - M, NYS = ((H - M, NY™) ' = ((H - M) Y™ = (- i) N
[Proposition 4. lg(iv)]
=(H-M" N\ =H - (M™ Ny = H- (M, N)>"
|—> [definition] |—> [Eq. (5.2)] |—> [Proposition 4.15(v)]
= (H-(M,N))>".
[deterministic]

Since §,, — oo, this gives (H - M,N) = H - (M, N), as desired. If X is also a continuous
local martingale with Xy = 0 and (X, N) = H - (M, N) for all continuous local martingales N, then
(H-M - X,N) =0, sochoosing N := H-M — X, we get X = H - M from Proposition 4.12.

The proof of Eq. (5.11) is like that of Eq. (5.3), and proof of Eq. (5.12) is like that of
Proposition 5.5.

IfMecH?and H € L>(M),then (H-M,H -M)=H-(M,H-M) = H*>- (M, M) by two uses
of Eq. (5.10). This shows that H - M € H?, so the characteristic property Eq. (5.12) (which holds
by Eq. (5.10)) shows that the definitions agree. <

We again write
t
/ HydM; == (H - M),.
0

We can then rewrite Eq. (5.10) as

L] t
</ Hdes,N.> :/ H,d(M,N),.
0 t 0
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IfH e leoc(M)’ 0 <1< oo,and E[fot H? d(M, M)s] < oo, then (H - M)! € H? by Theorem 4.13,
so we have the analogues of Egs. (5.6), (5.8) and (5.9):

E[/OtHdes] -0,
E[(/OtHS dMS)Z] :E[/OIHSZMM, My,

In particular, if H € L>(M) (the case t = co), then H - M € H? (even though M need not be in H?).

Exercise (due 1/18). Give an example of a continuous local martingale M and a process H € LZ. (M)

loc
such that
1 1 2 1
E[/ Hdes] +0 and E[(/ Hdes) ] ¢E[/ Hfd(M,M)s].
0 0 0

Hint: use M that is not a true martingale.

Exercise (due 1/18). Exercise 5.25 (in general).

5.1.3. Stochastic Integrals for Semimartingales

We call a progressive process H locally bounded if

as. V>0 sup |Hs| < oo.
0<s<t
This is equivalent to the existence of stopping times 7}, T oo such that 1j¢ 7,1 H is bounded, i.e., that
there exists a negligible set .4 such that

sup  [Lo.7, (w)) () Hy (w)| < 0.
wgN, 120

Note that if H is adapted and continuous, then H is locally bounded.
The assumption that H is locally bounded is convenient, because then for each finite-variation
process V,

t
as. t>0 / |Hy| |dVy| < o0,
0

ie,He€ LllOC (IdV]), and for each continuous local martingale, M, we have H € leoc(M ).

Definition 5.7. Let X = M +V be the canonical decomposition of a continuous semimartingale,
X, and H be locally bounded. We define the stochastic integral H - X to be the continuous
semimartingale with canonical decomposition

H-X=H- M+H-V.
We also write /Ot H;dX; = (H - X),.

Remark. We could have done the same as long as H € L2 (M) n L} (|dV]).

loc loc
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The following properties are evident:
(i) (H,X) — H - X is bilinear.
(ii) If H and K are locally bounded, then H - (K - X) = (HK) - X. Rewritten: if ¥; = fot K, dX;,
t t
then [ HydY = [J HK, dX;.
(iii) For all stopping times T, (H - X)! = (LorH)-X=H - xT,
(iv) If X is a continuous local martingale, then so is H - X; if X is a finite-variation process, then
sois H - X.
The next property is less evident:
(v) If Hy(w) = Zfz_ol H(,-)(w)l(,i,tm](s), 0=t <t <---< Iy, and H(i) € %i is locally

bounded, then
p—1

(H ) X)t = ZH(i)(Xz,-+1/\z - ert)~

i=1

This is clear if M = 0, so it suffices to prove it when V = 0. If H is bounded and M € H?,
then this is the definition of H - M. In general, we may assume My = 0; let

T, :=inf{r > 0 |H;| > n} =min{t;; |Hp| > n}

and
Sy = inf{t > 05 (M, M), > n}.

Note that

p—-1
I[O,Tn] (S)HS = Z Hl'(n)l(t,‘,l‘”]] (S)’

i=0
where H((:;) = 1i7,51,1Hi) € F,. Therefore,
p—-1
(H - Myit,ns, = (og, H - M5, = > HD (M, = M37).
i=0
[Eq. (5.11)] [definition]

Now let n — oo.

Exercise. Show that if Z € % and X is a continuous semimartingale, then H - X = ZX, where
H, := Z for all ¢.
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5.1.4. Convergence of Stochastic Integrals

Proposition 5.8 (Dominated Convergence Theorem). Let X = M +V be the canonical decomposition
of a continuous semimartingale and t > 0. Suppose that H,HV, H® ... are locally bounded,
progressive processes and that K is a nonnegative, progressive process such that almost surely,

(i) Vs € [0,7] limpe H" = H,,
(i) Vs € [0,¢] ¥n > 1 |H"| < K, and
(i) [ (Ky)?d(M, M), < coand [)' K, |dVj| < co.
Then t t
lim [ H™dX, = / H,dX, in probability.
0

n—oo 0

That H and H™ be locally bounded can be weakened. In (i) and (ii), we can weaken “Vs € [0, ¢]”
to “Vs € [0, t] outside a set of d{M, M)-measure 0 and of |dV|-measure 0”; this will be clear from
the proof. Part (iii) is automatic if K is locally bounded.

Proof. The Lebesgue dominated convergence theorem gives fol H s(") dvy — fot H dV; where (i)—(iii)
hold, hence almost surely. It remains to show that

t P t
/ H" dM, — / H,dM,.
0 0

T, = inf{r € [0,1]; Ar(Ks)zd(M,M)s > p} At.

For p > 1, let

Then almost surely, by (iii), for all large p, T, = t. Now,

<4p < oo,

Tp
/ (2K,)> d(M, M),

T,
E[ / (H™ - Hy)?d(M, M>S] <E
0 0

whence

E[(((H(”) —H)- M)Tp)z] - EUOT (H™ — H)*d(M, M}s] -0

as n — oo by Lebesgue’s dominated convergence theorem applied to (M, M)» P. Because

P[T, =t] — 1 as p — oo, we get the result. <
We can deduce the following Riemann-integral type of result:

Proposition 5.9. Let X be a continuous semimartingale and H be a continuous adapted process. If

t>0and0=1) <t} <---<t, =tisany sequence of subdivisions with mesh going to 0, then

pn—1 t
lim g H,n(X,nl—th):/ Hy;dX; in probability.
n—oo £ i i+ i 0

i=0
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Proof. Note that the sum on the left-hand side equals /0[ H s(”) dX; for the step function progressive

process
pn_l

H§n) = Z Htlf'l(t;’,tl’.ﬁrl](s) + Holyoy(s)
i=0

by property (v) in Section 5.1.3. Since K := maxo<,<s |H,| is locally bounded, the result follows. <

It is crucial that the Riemann sum used the left-hand endpoints. For example, let H = X. Then

pn—1 pn—1 pn—1

N X (X, = Xe) = D X (X, = Xpp) + D (Xer, = Xin)?.
=0 =0

i=0

Proposition 4.21

Proposition 5.9 . o . .
if subdivisions are increasing

t
/ X, dX, (X, X),
0

Thus, we get a different limit when we use the right-hand endpoints unless the martingale part of X is
constant on [0, #]. On the other hand, this calculation is useful: if we add to it that of Proposition 5.9,
we get

(Xl)2 - (XO)2 = Z/th dX; + <X’ X)t-
0

This can also be derived from Itd’s formula (in the next section).

Exercise (due 1/25). Show thatif X is a continuous semimartingale, # > 0,and0 =7; < --- < tzn =t
is any sequence of subdivisions of [0, #] with mesh going to 0, then

Pn
lim g (Xm — Xyn l)2 = (X, X), in probability.
n—oo t =

i=1

5.2. Ito’s Formula

This is analogous to the fundamental theorem of calculus: in order to calculate an integral, it
helps to know how to differentiate. However, there is no stochastic derivative. The formula also
shows that the class of continuous semimartingales is closed under compositions with C? functions.

Theorem 5.10 (Itd’s Formula). Let X be a continuous semimartingale and F € C?*(R) (i.e., twice
continuously differentiable). Then

t 1 t
Vi>0 F(X;) = F(Xp) + / F'(X,)dX, + 5/ F"(X,)d({X, X);.
0 0

! ! ! !

[antiderivative]  [value at O] [integrand] [derivative]
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We may also write this as

F(X)=F(Xo)+ F/(X)-X + 1F"(X)-(X,X),

T T

[CLM+FV] [FV]

showing that F(X) is a continuous semimartingale and giving its canonical decomposition. More
generally, if X', ..., XP are continuous semimartingales and F € C*(RP), then

p t
Vi >0 F(X},...,Xg’):F(Xl,...,Xg)+Z/ Fi(x!,...,x")dx!
i=1 Y0
1<~ !
| o
+§ijz_l‘/0 F}j(Xs9---aXf)d<Xl7XJ>S9

which we may write for X = (X',...,XP) as

F(X)=F(Xo)+VF(X)- X+ %(X, (V2F(X)) - X),

where
p q p )
H-X:= (Zij ~X") and (X.Y):= ) (X))
k=1 J=1 Jk=1

when H is a (q X p)-matrix-valued process and Y is a p-dimensional process.

P P P
Lemma. If Y, — Oand Z, — Z, then Y, Z,, — 0.

This lemma is a special case of Slutsky’s theorem, Exercise 25.7 in Billingsley’s book,
Probability and Measure.

Proof. Let & > 0. Choose K such that
P[|Z| > K] <e.
Choose N such that
P(|Z,-Z| > 1] <eand P[|Y,| > ¢/(K+1)] <&
forn > N. Thenforn > N,
PV, Z,| > &| < P[|Yul > & ] +P[IZ4] > K +1]
<&+P||Z| > K| +P[|Z, - Z| > 1] < 3e. <

Lemma. If X is a continuous semimartingale and 0 = tj < --- < t,, =1 form an increasing
sequence of subdivisions of [0, t]| whose mesh goes to zero, then there exists a subsequence (ny)is1
such that almost surely,
pnk_l
2
> (X = Xp)?6m = 1po X, X)
i=0

as k — oo.
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Proof. Write u, = Zf:"o_l (Xf?u —thn)zétln. Let D = {t!’; n > 1,0 <i < p,}. We have
by Proposition 4.21 that

1 (10.7]) D (X, X),

as n — oo for each r € D. Choose (n) such that this converges almost surely for all r € D. Then it
also converges for all r € [0, ]. <

Proof of Theorem 5.10. Suppose first p = 1. Let (tl'.’)li %, be an increasing sequence of subdivisions
of [0, 7] with mesh going to 0. Then

pn—1
F(X) = F(Xo)+ > (F(Xin ) = F(Xp))
i=0
pn—1 1
= F(Xo) + Y (F'(Xp) (X, = Xp) + 5 F"(é0) (Xiz, = Xir)?)
i=0

for some &, ; between X and Xt§z+ - By Proposition 5.9,

pn_l

t
4 P 4

E F(Xt;“)(Xt;“H—Xt;‘)_’/ F'(X;) dX;.

i=0 0

Since max,-|F "(&ni) — F”(Xm)| — 0 as n — oo (because F” o X is uniformly continuous on [0, 7]
and the mesh goes to 0), the first lemma in combination with Proposition 4.21 shows that it suffices
to prove that

Pn—l '
> F )X, =X 5 [P0 400,
i=0

In fact, we prove this holds almost surely along a subsequence [which could be taken to be a
subsequence of any given sequence, so the claim of the display does hold]. Note that the left-hand
side equals

/O F”(X,) dpin(s),

where y, is as in the proof of the second lemma. Since F” o X is continuous on [0, ], the result
follows from the lemma (with weak convergence applied to F” o X).

For p > 1, we consider F on the broken line from X to X; that is linear between X’? and X’f’n'
We may again choose &,; on that broken line between X;» and X;» to write

pu—1 [dot product]
F(X)) = F(Xo)+ > VF(Xp) + (Xpn — Xun)
i=0
1 pn—1
+5 D, (X = Xi) - VEF(60) (Xir, = Xip).
i=0

[dot product]
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Proposition 5.9 shows that the first sum converges to fot VF(X;) - dX; in probability. We can apply
the second lemma to X/, X¢ and X/ + X’ to get a subsequence (n;) such that almost surely,

pnk_l
/ i ! l i vl
Y (X = X)) (X = X )8 = 1pod(X7, X9,
i=0 i+1 i i+l i
and this completes the proof. <

Exercise (due 1/25). Exercise 5.26.

If we use F(x,y) := xy, then we get a formula for integration by parts:

t t
XY, = XoYo + / X, dY, + / Y, dX, + (X, Y),.
0 0

If we use Y = X, then
t
X} = X} + 2/ X, dX; + (X, X);. (%)
0

When X is a continuous local martingale, we get the formula promised during the proof of Theorem 4.9
and seen at the end of Section 5.1.3:

X2 —(X,X) = X§+2/ X, dX;.
0
Also, Eq. (x) implies the integration by parts formula by applying Eq. () to X, Y, and X +Y. In fact,
we can prove It0’s formula from integration by parts (and therefore from Eq. (x)):
Exercise (due 1/25). (1) Use integration by parts to show that if 1td’s formula holds for some
F € C*(RP), then it also holds for all G of the form

G(x1,...,xp) =x;F(x1,...,xp).

(2) Deduce that 1t6’s formula holds for all polynomials, F.

(3) Show that if K C R” is compact, then for each F € C?(RP”), there exist polynomials P,, such
that

p p
1im (I1F = Pallcao + D2 IF = (Paklicun + Y I1Fy = (Paiyllea)) = 0.
i=1 i,j=1

(4) Deduce that if X takes values only in K, then It6’s formula holds for all F € C2(R?).
(5) By using stopping times, deduce the full It6’s formula.

Exercise. Show that if X and Y are continuous semimartingales, then (XY, XY) = X2 - (Y,Y) +
2(XY) - (Y, X)+Y? - (X, X).
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If B is a d-dimensional Brownian motion, then the components of B — By are independent,
whence (B', B/) = 0 for i # j, and Itd’s formula becomes

F(B;) = F(By) + ‘/Ot VF(By) - dBs + % /Ot AF (By) ds.

If F € C*(R, x R?) instead, then we get

! LioF 1
F(t,B;) = F(0, By) + / VF(s,B,) - dB, + / (E +> AF)(S, By) ds.
0 0
[gradient for [Laplacian for
space variables] space variables]
We actually do not need F to have a second derivative in ¢. Indeed, in general, if X L XP

are continuous semimartingales and X’ (i € I) are finite-variation, then we need only F; continuous
(I <i< p)andF;; continuous (i, j ¢ I).

Suppose U C R? is open and F € C%(U). If Xy € U almost surely for 0 < s < T (T random)
and Xy € K, where K is compact, then we may still apply It6’s formula to F(X7). To see this, let
KCV,CV,C-- beopenwithV, CUandJ,V, =U. Let

T, = inf{t >0; X, ¢ Vn}a

which is a stopping time by Proposition 3.9. By using a partition of unity, we may construct
G, € C*(RP) such that G,|V, = F|V,. It&’s formula applied to G,,(X') involves only F and its
derivatives. Then we may let n — oo, noting that 7, AT — T.

Exercise (due 1/25). Exercise 5.28 (“to be determined” means you should give it).

A C-valued random process whose real and imaginary parts are continuous local martingales
is called a complex continuous local martingale.

Proposition 5.11. Let M be a continuous local martingale and A € C. The (stochastic) exponential
process
E(AM) = exp {AM — (AM,AM)/2}

is a complex continuous local martingale that satisfies
EAM) =M L QE(AM) - M,

where
AE(AM) - M = (Re(l%(/lM))) M +i(Im(/l%(/1M))) M.
We saw some examples in Section 3.3 that were true martingales.

Proof. The function
F(r,x) = exp{/lx - /12r/2}

satisfies the time-reversed heat equation, F; + F»,/2 = 0. Applying Itd’s formula to Re F and Im F’
gives
F((M, M), M) = F(0, M) + Fy((M, M), M) - M + (Fi + F22/2)((M, M), M) - (M, M)
= F(0, My) + F,({(M, M), M) - M = e*™ 1 2&(AM) - M. <
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Exercise (due 2/1). Let M be a continuous local martingale with M = 0.

(1) Show that
2

VI’ a’b > 0 P[Ml > a’ <Ma M>[ < b] < exp{—;—b}.

(2) Show that
2

Va,b >0 P[3t>0 M;>a,(M,M), <b| < exp{_g_b},

5.3. A Few Consequences of I1t6’s Formula

5.3.1. Lévy’s Characterization of Brownian Motion

We know that if B is a real Brownian motion, then (B, B), = t. In fact, B is the only continuous
local martingale with this property:

Theorem 5.12 (Lévy). Let X = (X',..., X%) be an adapted continuous process. The following are
equivalent:
(i) X is a d-dimensional (¥;)-Brownian motion.

(i) Each X' is a continuous local martingale and Vi, j,t (X', X7), = 6; Jt.

Note this implies that if X is a Brownian motion and each coordinate is an (%;)-martingale, then
X is an (#;)-Brownian motion. Also, if H is progressive and +1-valued and B is a 1-dimensional
(#;)-Brownian motion, then H - B is also an (%;)-Brownian motion, an extension of the symmetry
used in the reflection principle. More generally, if B = (B', ..., BY) is a d-dimensional (%)-
Brownian motion and H is a (d X d)-matrix-valued process whose entries are in leo C(Bl), then
H - B is an (#;)-Brownian motion iff H is a.s. an orthogonal matrix.

Proof. We have seen (i) = (ii) in Chapter 4. Assume (ii). Then for all & € R?, the process

d
£-X =Y &X]

J=1

is a continuous local martingale with

(X6 XY =) &E(X, XN, = €1
J.k

Use A4 := i in Proposition 5.11 to conclude that (eif Xitlelt/ 2) , is a complex continuous local
martingale. Since it is bounded on every finite interval, it is a true complex martingale. That is, for

0<s<t< oo,
E[eif'xz+|§|2t/2 | 7] = el XstlelPs /2

or
E[c¢ XX | 7] = e lEP=9)/2,

This means that for all A € F;, the P(- | A)-distribution of X; — X, is (0, (+ — s)), and thus
X, — Xy L %,. Hence, all X/ have independent increments with respect to (%;). Furthermore,
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J # k implies that th - X{ and X* — X are independent given ;. It follows that X — X is
a d-dimensional (#;)-Brownian motion started from 0; since X — Xy 1L Fy and Xy € F, also
X — Xp L Xy, whence X is a d-dimensional (%;)-Brownian motion. <

Exercise. Let X' be continuous square-integrable martingales for 1 < i < d. Show that X :
(X',..., X% is a d-dimensional (#;)-Brownian motion if and only if for all i, j, and s <
E[(X! - X)(X] - X)) | F] = 6;(t - 5).

~
-

Exercise (due 2/1). Show that a continuous local martingale M is an (%;)-Brownian motion if and
only if for all f € C*(R),

>0

(s =3 [ ) )

is a continuous local martingale.

Exercise. Let B be a Brownian motion. Suppose that H € leoc(B) is such that H - B is a Gaussian
process. Show that H - B is indistinguishable from a Wiener-integral process.

Exercise. Let B be a Brownian motion. Suppose that H is a measurable process (not necessarily
adapted) such that E[lH |] e L! (R,). Show that the Brownian motion with random drift defined by

loc

X, =B, + fot H, ds also satisfies X; = 8; + /Ot E[H, | #X] ds for some (%X)-Brownian motion, S.

5.3.2. Continuous Martingales as Time-Changed Brownian Motions

We have seen several quantitative similarities between continuous local martingales and
Brownian motion. This is not a coincidence. In fact, a continuous local martingale M is a Brownian
motion B with time process (M, M):

M; = Bm,my,-

This is similar in spirit to other ways of representing random walks or random variables via Brownian
motion. For example, for simple random walk on Z, we could let B be a Brownian motion from O,
7 = inf{r; |B;| = 1}, 7 := inf{t > 71 ; |B; — By,| = 1}, etc. Then (B,),, has the law of simple
random walk with 1y := 0, and also has the nice property that E[7, — 7,,_;] = 1. If the steps have
mean 0 and finite variance more generally, this is a bit harder to achieve:

Exercise (due 2/8). (Skorokhod) Let B be a Brownian motion and Z be a random variable with
E[Z] = 0and E[Z?] < . Let p := E[Z1{z50;].

(1) Show that
X—=Y

1(0,00) (X)L (—c0,01 () dFz(x) dFz(y)

is a probability measure on R?, where F is the c.d.f. of Z.
(2) Let (X,Y) have the law of (1), independent of B. Write T, := inf{t; B; = a}. Show that
BTX/\TY ~ FZ and
E[Tx A Ty] = E[Z%].

(3) Show there exists a continuous closed martingale M on some filtered probability space such
that My =0 and M., ~ F7.
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Skorokhod’s embedding can be done even with an (FitB )-stopping time, but that is much harder;
see, e.g., Billingsley.
We need a strengthening of Proposition 4.12. For a function f: Ry — R, write

Cr = U{[s, t]; s <t, fI[s,t]is constant}

for its intervals of constancy.

Lemma 5.14. Let M be a continuous local martingale. Then Cy = C(pyr py almost surely.

Proof. By continuity of M and (M, M), this will follow from the statement that for 0 < a < b,
P[([a,b] € Cu) & ([a,b] € Couny)]| = 0.

(This will also show that [CM = C<M,M>] is measurable.)
Fix a < b. By Eq. (4.3) of Theorem 4.9, it follows directly that

P[([a,b] - CM) \ ([a,b] c C(M,M))] =0.
For the other direction, let N := M — M“. By exercise, we have
(N,NYy={(M,M) — (M, M)“*.

Define Tj := inf {t >0; (N,N); > O}. Now, this may not be a stopping time. However, let us
change to the filtration (#+);, with respect to which T is a stopping time by Proposition 3.9(i).
In addition, N is still a continuous local martingale by Theorem 3.17. Since (N, N)0 = 0, it
follows from Proposition 4.12 that N0 = 0 a.s. If [a,b] € Ciy.my(w), then Ty(w) > b, whence
Vt < b Ni(w) =0 for a.e. such w. This proves the other direction. <

Exercise (due 2/1). Show that if X = M + V is the canonical decomposition of a continuous
semimartingale, then Cxy = Cy; N Cy almost surely.

Exercise. Let X be a continuous semimartingale and H be a locally bounded, progressive process.
Show that almost surely,
CY U Cx C Cpy,

where C% =CyNH! [{O}]

Theorem 5.13 (Dambis—Dubins—Schwarz). If M is a continuous local martingale with (M, M ), =
oo almost surely, then there exists a Brownian motion 8 such that

as. Vt=20 M, =B m,

Remarks. (1) If (M, M) < oo with positive probability, one can do the same, but one may need
a larger probability space to define S after time (M, M ).,. It follows that for every ¢ > 0, up
to a set of probability 0, we have sup,_, M (s) > O iff inf,, M (s) < Oiff sup,_,|M(s)| > O iff
(M, M), > 0by Theorem 2.13.

(2) B is not adapted to (F;), but to a “time-changed” filtration.
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(3) B L (M, M) if and only if M is an Ocone continuous local martingale if and only if the
conditional law of (M; — M), given (M;),<, is symmetric for all s > 0.

Proof. We will define 8 by the conclusion, “inverting” (M, M). Assume first My = 0 almost surely.
Forr > 0, set
7, =inf{r > 0; (M, M), > r}.

By Proposition 3.9, 7, is a stopping time. Except on the event /" = [(M M), < oo], we have
7, < oo for all . Since P[.#] = 0, we may redefine 7, to be 0 on .#". Recall that (%;) is complete
by assumption, so still 7, is a stopping time.

Note that (M, M) can be constant on intervals (where a.s., M is constant by Lemma 5.14).
Still, r — 7, is increasing and left-continuous, so has right limits, namely,

lilrn‘rs =1+ =inf{t 20, (M,M); > r},
Slr
except on /', where 7+ = 0.

Define 5, := M, for r > 0. By Theorem 3.7, B, € %, i.e., B is adapted to (&,), where
G, = F;. and G = F«. Because () is complete, so is ().

Let 4 be the set of probability 0 where M is non-constant on some interval where (M, M) is
constant. Then off .4, we have M, = M, ., whence £ is continuous. Redefine 5 := 0 on #”. We
have oft /" U A7,

Bmmy, = Mrpy oy,
and
MMy, ST S T myt-
Because M is constant on that interval, we get By m), = M;.

It remains to show that S8 is a Brownian motion. We use Lévy’s characterization, i.e.,
we prove that 8 and (B2 — s)s50 are continuous (¥,)-martingales. Consider n € N. Since
(M, M)Z = (M, M), = n almost surely, Theorem 4.13(i) yields that M™ and (M™)? — (M, M)™
are uniformly integrable martingales. The optional stopping theorem thus gives

O<r<s<n = E|[g|%]=E[M"

Fr | = M = B,
Similarly,
E[B: -5 |G| =E[(MI)? — (M, M) | F7, | = (M) — (M, M)I" = 7 — 7.

This finishes the proof when My = 0.
If My # 0, write M; = Mo + M,. The previous argument gives a Brownian motion 8’ such that

as. V>0 M =By,

We actually showed that 8’ is a (¥,)-Brownian motion, so 8’ IL &y = %y > M,. Therefore,
Bs = My + 3’ is a Brownian motion. <

Exercise (due 2/8). Exercise 5.27.

The following additional result will be useful in Chapter 7 when we show conformal invariance
of complex Brownian motion.
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Proposition 5.15. Let M, N be continuous local martingales such that My = Ny = 0, (M, M) =
(N,N), (M,N) =0, and (M, M) = (N,N)o = 0. Let 3, v be the real Brownian motions such
that M = By .my and N = yy ny. Then B 1L y. Thus, (M, N) is a time change of a 2-dimensional
Brownian motion.

(Note: if (M, M) is not deterministic, then M is not independent of N.)
Proof. Again, let 7, := inf{r > 0; (M, M) > r}, so B = M, y, = N, and B, y are (&,)-
Brownian motions, where &, = %;. Since (M,N) = 0, we have MN is a continuous local

martingale. As before, we get (M N)™ is a uniformly integrable martingale for n > 1 (now using
Proposition 4.15(v)), whence

0<r<s<n = E[f|%]=EM"ND

g‘rr] = M;:N:;l = Bryr.

Thus, By is a (%,)-martingale and so (8,y) = 0. By Theorem 5.12, (8, v) is a 2-dimensional
Brownian motion. Since By = yo = 0, it follows that 8 1 7. <

The proposition also holds without the assumption that (M, M)., = (N, N) = o0; see the first
remark after Theorem 5.13. In addition, there is an extension due to Knight when (M, M) # (N, N),
but one loses the filtration (&,); it is more difficult.

Exercise (due 2/8). (1) Let M be a continuous local martingale such that My = 0 and (M, M) is
deterministic with (M, M )., = co. Show that M is a Gaussian process.

(2) Show that if M and N are continuous local martingales such that My = Ny = 0, (M, M) and
(N, N) are deterministic, (M, M) = (N,N)o = o0 and (M, N) =0, then M 1L N. Do not
use Knight’s theorem. Hint: modify the proof of Lévy’s theorem.

Exercise (due 2/15). Exercise 5.33.

Exercise. Let M be a continuous martingale with M; € L>(P) for all t € R, and (M, M) = oo
almost surely. Write d(s,1) = ||Ms; — M;||> for s, € R,. Show that the stochastic process M is
almost surely locally Holder continuous of order « for all @ < 1 with respect to the metric d on R,.

5.3.3. The Burkholder-Davis—Gundy Inequalities

Here we give yet another relation between a continuous local martingale and its quadratic
variation. This will be useful in Chapter 8. For a process X, write

X; = sup|X;]|.

st

Theorem 5.16 (Burkholder—Davis—Gundy). There exist ¢, C: (0, 00) — (0, o) such that for all
continuous local martingales M with My = 0, for all stopping times T,

VpeR, c(p)E[\(M, M)y;"| <E[(M})?] < C(p)E[ (M, M);"].

Remark. Note that the case p = 2 is immediate from Doob’s L?-inequality and Theorem 4.13: if
M; € L2, then MT € H? and

E[(M})?] < 4E[(M7)?]| = 4E[{M, M)r| < 4E[(M;)?],
whereas if (M, M)r € L', then M7 € L.
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We need some preliminary results.

Proposition. Let M be a continuous local martingale with My = 0. Write
T, :=inf{t > 0; M; = x}.

We have

b
Va,b >0 P[T, <T-] < —

P[M. > 0].
Proof. Because M7«"T-» is a bounded martingale, we have

0=E[Mr,nr,] = aP[T, <T_p] = bP[T_p < T,] + E[Meodi7,=1 =0 m2.50] |
>aP[T, <T_p] -bP[T-, < T,, M, > 0]
=—-bP[M. >0]+(a+b)P[T, < T_p]. <

Corollary. Let X,Y > 0, Xo =Yy =0, and X —Y be a continuous local martingale. Then
VO<b<a P[XL>a Y,<b|< SP[(X—Y):O > 0].
Proof. Since
|X% >a, Y, <b] € [sup(X-Y)>a-b|n[inf(X-Y) > -b],
it follows that on this event, X — Y hits a — b before —b, so the proposition applies. )
Corollary. Let M be a continuous local martingale with My = 0 and r > 0. Then
Vb e (0,1) P[(ML)*>4r, (M,M)w < br| < bP[(ML)* > 1]

and
Vb e (0,3) P[(M,M)w >2r, (M%) < br| < 4bP[(M, M) > r].

Proof. Since M?> — (M, M) is a continuous local martingale, the previous corollary gives
Vb e (0,1) P[(ML)?>r, (M,M)w < br| <bP[M > 0].

Here, we have used the fact that M > 0 iff (M, M), > 0 by Proposition 4.12. Apply this to
N:=M-M", where T := inf{t >0; M > \/7} Then
[N% > 0] = [(M%)* > r],
(N,Ny=(M,M) - (M, M)" <(M,M),
and
(Mg, > 2Vr] € [N, > Vr]

since N, > MZ — +/r in that case. This gives the first inequality.
Likewise, (M, M) — M? is a continuous local martingale, so

Vb e (0,1) P{M,M)w >r, (ML) < 4br| <4bP[(M, M) > 0].
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Apply thisto N := M — M”, where T := inf{t > 0; (M, M), > \r}. Then
[(N,N)oo > 0] = [{M,M)e > r],
[(M, M) >2r| € [(N,N)oo >r],

and
[(ML)? < br] € [(N5)?* < 4br|
since Vt > 0 M, € (=Vbr, Vbr) in that case. This gives the second inequality. <

Proof of Theorem 5.16. Recall that for X > 0 and p > 0,
E[X?] = / pP[X = r]rP~ dr = b”/ pP[X > br]rP~'dr
0 0

for b > 0. By the corollary, for b € (0, 1),

P[(ML)? > 4r] < P[{M, M) > br| +P[(ML)? > 4r, (M, M)« < br|
<SP[(M,M)s > br] +bP[(ML)* > r].

P
Multiply by 5r2 ! and integrate from r = 0 to co:
2P E[(ML)?] < b7PPE[(M, MYE?] + bE[(M5)"].

Choose b € (0,277) to obtain C(p) for T = oo.
Similarly, for b € (0, ‘—lt), we have

P[(M, M) > 2r| <P[(ML)* > br| +4bP[(M,M)s > r|,

SO
2PRE[M, M| < 7P E[(ML)] + 4D E[(M, M),

Choose b € (0,277/2/4) to obtain ¢(p) for T = .
Finally, as usual, apply these inequalities to M7 to obtain them for any 7', not just T = co. <«

Exercise. Let M be a continuous local martingale with My = 0 and a, b > 0. Applying the previous
exercise on page 73 to both M and —M, we see that

P[(M25) > a. (M, M)y < b] < 2¢735.

Show that
P(M,M)s > a, (M3)* < b] <P[(B})* < b],

where B is a real Brownian motion starting at 0. You may use the extension of Theorem 5.13 to the
case (M, M), < oo with positive probability.

An exponential bound on P[(BZ)2 < b] is shown in Exercise 6.29(6); it can also be bounded by
using an alternating infinite series expression for its exact value (e.g., page 342 of Feller, volume 2,
or (7.15) of Morters and Peres). Taking its first term gives the bound %exp{—’g—b“}. As a third
alternative, one can get an exponential bound by a direct iterated martingale argument using a
sequence of stopping times and conditioning on the associated o -fields to bound the conditional
probabilities.
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Exercise. Let H be abounded, continuous, adapted process with Hy = 0 and B be a Brownian motion.
Show that ||(H - B); /B;||, — 0ast | Oforall p € (0,1). Find an H so that ||(H - B);/B;||1 + 0 as
t]0.

Corollary 5.17. If M be a continuous local martingale with My = 0 and

E[V(M, M)s | < oo,

then M is a uniformly integrable martingale.
Proof. By Theorem 5.16 with p = 1, we have |M| < M, € L', so Proposition 4.7(ii) applies. <«

Note that this condition is weaker than E[(M .M )m] < oo, which is the condition for M € H?.

Exercise (due 2/15). Let B be a Brownian motion with By = 0 and T be a stopping time with
E[VT | < co. Show that E[Br] = 0 and E[B2] = E[T] (this is trickier than it looks). Give a
stopping time 7" where both equalities fail yet E[T¢] < oo forall ¢ < 1/2.

Exercise. Let B be a Brownian motion with Bp = 0 and T be a finite stopping time. Show that for
all u # 0, we have E[Br + uT| = pnE[T].

Appendix: The Cameron-Martin and Girsanov Theorems

While the proof of the Cameron—Martin theorem given in the appendix to Chapter 2 is short
and elementary, it is instructive to see how stochastic calculus can also be used for a short proof.
This will lead us to extensions of the theorem. It is convenient here to change the sign of the drift.
Let B be an (#;),-Brownian motion. We begin with linear drift up to some finite time, r, after
which we add no further drift: B, — 8(¢ A r). Note that the quadratic variation does not change
with a deterministic drift. Let M := &(6B) be the exponential martingale corresponding to B.
Recall from the exercise on page 28 that we may differentiate M with respect to 6 to get another
martingale, namely, (B; — 6¢) M,. We claim this means that with respect to the probability measure
Q := M, P, the process (B; — 0(t A T)) . is an (#;),-martingale. First note the following general
principle: if X is an adapted process and N is a uniformly integrable nonnegative martingale such
that (X;NV,), is a martingale, then (X;N), is a martingale. Indeed, X; N is integrable because
E[|X;|Ns] = E[E[|Xt|N<>o | %]] = E[|X;|N;]. Now we may calculate for 0 < s < tand A € F;
that

E[X/Nwl4] = E[E[X;Neols | F]] = E[X;N,14] = E[X;N;14] = E[X;Na14].

Using this principle, we see that (B, — 61)y<;<, is a martingale with respect to Q, and it is obvious
that (B; — 0r),<;< is a martingale with respect to Q. This proves our claim. Now the quadratic
variation of (B, — (¢ A 1)) ; is the same with respect to Q as with respect to P because Q < P.
Hence, it follows from Lévy’s theorem that (B, — (¢ A 1)) . is an (%;);-Brownian motion with
respect to Q. Writing Q for the P-law of (B; — 6¢), and W for Wiener measure, we may conclude
that Q [G, < W1, for all r € R,, where &, is the natural filtration on C(RR;, R); we say that Q is

1
locally absolutely continuous with respect to W, written Q < W. Of course, if 6 # 0, then Q L W.
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Exercise. Let B be a d-dimensional (%),-Brownian motion and i € R¢. Define X, := B, + ut and
T :=inf{t > 0; |X,| = 1}. Write M; := exp{—u - B, — |u|*t/2} and Q := M7 P.
(1) Verify that M7 is a uniformly integrable P-martingale.
(2) Show that the Q-law of X7 is Brownian motion up to time 7.
(3) Let P be the Q-law of (X7, T) on C(R,,RY) x R,. Show that the P-law of (X7, T) is mP,
where m(w, t) = et wi=lnl’t/2 Deduce that Xr and T are independent with respect to P; that
for some constant c,,, the P-law of X7 has density x — c,e** with respect to hypersurface

measure on the sphere of radius 1; and that the P-law of T has density ¢ — c;le‘“"z’ /2 with
respect to the Q-law of 7, the hitting time for ordinary Brownian motion.

For more general drift functions, suppose that f € L?>(R,) and F; := fot f(s)ds. We will
consider X := B — F. To analyze this, let L; := fot f(s) dBy, which is just a Wiener integral. By
Proposition 5.11, we have d€ (L) = f& (L) dB. Thus, integration by parts gives us

d(XE(L)) = XfE(L)dB+&(L)(dB — fdr) + f&(L)dt = X f&(L) dB + & (L) dB,

whence X& (L) is a continuous local martingale. For 7 € [0, co], we have L, ~ (0, || f 1[0, ||2),
whence E[elr| = el to.al?/2 = gLl o E[&(L),] = 1. This implies that &(L) is a uniformly
integrable martingale: by Proposition 4.7, it is a supermartingale, and so

1 =E[&(L)] > E[E[E(L)s | #]| =E[&(L)] =1,

which implies &(L), = E[%(L)c>o | .%] a.s., as desired. Furthermore, (X&(L),X&(L)); =
fot (X(s)f(s)+ l)zcc"op(L)S2 ds has finite expectation, whence X& (L) is a true martingale by Theo-
rem 4.13(ii). As above, it follows that X is a martingale with respect to Q := &(L). P. Again,
the quadratic variation of X is the same as that of B, whence X is an (&#;),-Brownian motion with
respect to Q. The explicit form of & (L) is exp{foOo f(s)dB; — fooo £f(s)? ds/2}.

In fact, we may add random drifts as well: Suppose that L is a continuous local martingale such
that & (L) is a uniformly integrable martingale with mean 1. Then B — (B, L) is an (#;),-Brownian
motion with respect to & (L)~ P, whence the P-law of B — (B, L) is mutually absolutely continuous
with Wiener measure. This follows just as above, with the following extension of the “general
principle” we used.

Proposition. If N is a nonnegative uniformly integrable martingale, X is adapted, and XN is a
local martingale, then (X;No); is a local martingale.

Proof. We claim that a sequence of stopping times that reduces XN also reduces X N.,. Indeed, let
T be a stopping time such that X N7 is a martingale; it suffices to show that X7 N, is a martingale.
Integrability follows as before: E[|X] |No] = E[E[|X] |Neo | Fral] = E[IXFINT]. Let 0 < s <t
and A € F;. Similar to the calculation near the end of the proof of the proposition on page 35, we
have

E[X/1an(755)Neo] = E[E[X] Lan[755]Neo | Frarl |
= E[ X/ 1407551 E[Noo | Fracl] = E[X] Lan[rs5) N7 1.
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Applying this to t = s, we obtain E[ X! 140755 New] = E[X 140755/ NT]. Because X' N is a
martingale, we conclude that E[XtT 14n[755]Neo] = E[XSTI An[T>s]Ne]. On the other hand, X,T = XST

on the event [T < s], whence E[XtTlAm[kS]NOO] = E[XSTIAQ[KS] No]. Adding these equations
gives E[XT 14 No] = E[XI 14N ], as desired. <

This part of the proof has nothing to do with Brownian motion, so we may deduce this theorem
of Girsanov:

Theorem 5.22 (Girsanov). Let M and L be continuous local martingales such that (L) is a
uniformly integrable martingale with mean 1. Then M — (M, L) is a continuous local martingale
with respect to & (L) P.

Proof. Let X := M — (M, L). By Proposition 5.11, we have d&(L) = &(L) dL, so that from
integration by parts,

d(X&(L)) = X&(L)dL +&(L)(AM — d(M, L)) + (L) d(M, L) = X&(L) dL + &(L) dM,
whence X& (L) is a continuous local martingale. <

Exercise. Find M and L as in Girsanov’s theorem such that the P-law of M is not equal to the
& (L)oo P-law of M — (M, L).

Exercise. Show that if L is a continuous local martingale such that (L, L), = oo a.s., then &(L) is
not uniformly integrable. Show that for each & > 0, there exists a continuous martingale L such that
P[(L,L)s < o0] < g and &(L) + &(—L) is uniformly integrable.

Exercise. Show that if L is a continuous local martingale such that (L, L)o, < @ < oo a.s. for some
*\2
constant, , then E[eC(Loo) ] < oo for all constants ¢ < 1/(2a).

Returning to Brownian motion with random drift, suppose that L is not only a continuous local
martingale such that & (L) is a uniformly integrable martingale with mean 1, but also is adapted to the
completed canonical filtration %5. In other words, there are Borel functions f;: C([0,7],R) —» R
such that L, = f;((By)o<s<:) a.s. Write this relation as L = f(B). Since 8 := B - (B,L) is a
Brownian motion with respect to Q := & (L)« P, we have that the process X = B satisfies the
equation X = B+ (X, f(X)), i.e., X is a Brownian motion with drift that depends on X.

To give a concrete example satisfying all these assumptions, suppose that b: Ry X R — R is
Borel with g := sup,|b(+,x)| € L? (R,). Then (w, s) > b(s, B;(w)) € L (B), so we may define
L, := /Ot b(s, Bg) dB,. Because (L, L), < fol g(s)?ds < oo, the preceding exercise implies that
& (L) is a martingale. We conclude that for each 7y < oo, the pair (X, 8) on (Q, (%)<, E(L), P)
solves the stochastic differential equation dX; = dB;+b(¢, X;) dt for 0 < t < 19, and S is a Brownian
motion up to time #y. Because & (L) is a martingale, the laws for pairs (X, 8) corresponding to two
endings times 7o and #(, are consistent. Therefore, Kolmogorov’s consistency theorem yields a global
solution for all ¢ > 0. Write Q for the resulting law of X on C(R,, R). Because the law of X" is the

1 1
pushforward of &(L),, P by X = B, we have that 0 W (and W < Q). We have that Q < W
iff &(L) is uniformly integrable. In Chapter 8, we will discuss solutions to SDEs, but only with
restrictive regularity assumptions on the function . We will also allow a function o in front of dg;.
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Chapter 6

General Theory of Markov Processes

The Markov property allows one to make many more calculations than one can for a general
stochastic process. Also, it is desirable for modeling, analogous to not having a time-lag in a
differential equation.

6.1. General Definitions and the Problem of Existence

Let (E, &) be a measurable space. A (Markovian) transition kernel from E to E is a map
Q: ExX& — [0,1] such that

(i) Vx € E A+ Q(x, A) is a probability measure on (E, &), and
(ii) YA € & x +— Q(x,A) is &-measurable.

This looks like a regular conditional probability, and indeed will be one. When E is countable, Q is
determined by all Q(x, {y}), the transition matrix.

Let B(E) be the space of bounded (real) &-measurable functions on E with the supremum
norm. For f € B(E), we write Q f for the function whose value at x € E is the integral of f with
respect to Q (x, -); we write

(QF)(x) = / 0(x.dy) F(7).

Obviously, f > 0 implies Qf > 0 and Vf € B(E) Qf € B(E) (note this is &-measurable by
approximating by simple functions) with ||Q f|| < || f]| (Q is a contraction on B(E)). Thus, Q
defines a bounded, positive, linear operator on B(E).
Definition 6.1. A collection (Q;);>0 of transition kernels on E is called a transition semigroup if
(i) Qo =1d, i.e., Vx € E Qp(x,-) = 0y,
(i) Vs, >0 Q:Q5 =05, le, VX € E YA€ &

/E 0,(x.dy) 0,(3. A) = Qras (3, A),

called the Chapman—Kolmogorov identity, and
(iii) YA € & (t,x) — Q;(x,A) is B(R,) ® &-measurable.
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Definition 6.2. Given a filtered probability space (Q, F, (F1)o<i<o, P) and a transition semigroup
(Qi)=0 on E, an (F;)-adapted E-valued process (X;);>o is called a Markov process (with respect
to (%)) with transition semigroup (Q;);>o if

Vs,t >0 VAe& P[Xyy€A| F]| =0:(X;,A). (*)
If we do not specify (%), then we mean the canonical filtration (FX).

Thus, Q; gives many regular conditional probabilities. Inherent in (x) is the assumption of
time-homogeneity. Note that (x) gives

Vs,t >0 VA€E  P[Xou € A| (X horss] = Qi(X;, A).

This can also be stated as saying that X is Markov with respect to its canonical filtration (?/TZX ).
Note also that (x) gives

Vs,t >0 Vf € B(E) E[f(Xe) | F]| = (0 )(Xy) : ()

the definition gives this when f is an indicator, from which it follows when f is simple and then, by
taking a limit, for general f.

One can calculate as follows. Let Xy ~ y. We claim thatif 0 < #; <1, < --- <1, and
Ao, Ay,...,A, € &, then

P[Xo € Ao, X;, € Ay,.... X;, € Ap] (sx5%)
= / Y(de) Ql] (X(), dxl) e / Ql‘p—l‘p,l (-xp—l, dxp)
Ao Ap

Ay

To show this, we show the more general formula,

Y fo, f1s- .., fp € B(E)
E[fo(Xo) f1(Xs) -+ fp(X:,)]

- / ¥ (dvo) folxo) / 0., (xor ) fi(x1) / O (1, d2) fox2) -
/Qt,,—tpl(xp—l’dxp)fp(xp)-

For p = 0, this is the definition of y. Suppose p > 1 and the formula holds for p — 1. Then

E[fo(Xo) f1(Xy) -+ fp(X:,)]
= B[ fo(Xo) i (X)) fy1 (X, VEL£5(X,) | Fo, ]
= E[/o(X0) f1(Xe) -+ fom1 (Xe, (@1t [o) (X, )]

by Eq. (++), so we may apply the induction hypothesis with functions fo, . .., fp-2, fp-1-(Qt,-1,_, fp)
to get

/)’(dxo)fo(xo)"'/Qt,,1-:,,z(xp—z,dxp-l)fp—l(xp—l)(Qz,,-zp,fp)(xp—l),

=f Qrp—tp_l (xp_l,dxp) fp(xp)
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with slightly different notation in case p = 1.

Conversely, if (=) holds and (Q;) is a transition semigroup, then (X;);>¢ is a Markov process
with semigroup (Q,),>0 with respect to (FX),50: use a 7-1 argument as on page 262 of the book,
number 3.

Note that () shows that v and (Q;);>0 determine the finite-dimensional distributions of X.

If Definition 6.1(i) and (iii) hold and Vx € E 3(%;)-adapted X such that Eq. (x) holds and
O:.f(x) = E[f(X,)] for f € B(E), then (Q;), is a transition semigroup:

Qi f(¥) = E[f (Xess)| = E[E[£(Xers) | ]|
=E[Q,f(Xy)] = 0:(Q:f) (x).

Thus, if Eq. (+*x) holds for all y (or all ¢, ), the Chapman—Kolmogorov identity holds.

Example. Let X be d-dimensional Brownian motion. Then X; has density

1 12
pi(x) = Wc %/ (20) (t >0, x € RY).

Let Q;(x, -) have density y — p;(y —x) for ¢ > 0. The Markov property of Brownian motion shows
that X is a Markov process with transition semigroup (Q,),;>o—in particular, (Q;) is a semigroup.

Exercise (due 2/22). Exercise 6.24.

Given a transition semigroup, is there a Markov process with that semigroup? We show the
answer is yes under a topological condition on E.

First, we recall a version of Kolmogorov’s extension theorem. Let Q* := E R+ with the o-field
F* generated by the coordinate maps w — w(t) (t € R,). For U C R, write ny: QF — EY for
the map w — w|U. For U C V C Ry, write n}, : EY — EY for the map w - w|U. Let F(R,) be
the collection of finite sets in R,.

A topological space is Polish if it is separable (there exists a countable dense subset) and its
topology is generated by a complete metric.

Theorem 6.3 (Kolmogorov). Let (E, &) be a Polish space with its Borel o-field. Suppose that
VYU € F(R,) uy is a probability measure on EV. If (HU)ueF (r,) is consistent in the sense that
YU CV e F(Ry) (ﬂx)*/.lv = Uy, then there exists a unique probability measure u on (Q*, F*)
such that VU € F(R;) (my)«u = uy. <

In words: consistent finite-dimensional distributions determine a probability measure.

Corollary 6.4. Let (E,&) be a Polish space with its Borel o-field. If (Q;);>0 is a transition
semigroup on E and vy is a probability measure on E, then there exists a unique probability measure
P on QF such that the canonical process

X (w) = w(t) (reRy, we Q)

is a Markov process with transition semigroup (Q;);>0 and Xo ~ y.
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Proof. We make sure (xx*) holds. Given 0 < t; <1t <--- < 1), we define Hity....t,} ON Ettatp}
by

/’l{l[,...,lp}(Al XX Ap) = / y(de) Qll (XO’ dXI) o / Ql‘p—l‘pfl (XP_I,d)Cp)
E Ay Ap

for A; € €. The consistency condition amounts to putting some A; = E and verifying that those
coordinates can be eliminated via Chapman—Kolmogorov (details are left to the reader). <

In particular, for x € E and y = §,, we write P, for the associated measure. Note that x — P,
is measurable in the sense that for all A € F*, x — P, (A) is measurable: when A depends on only
finitely many coordinates, this follows from the measurability assumption in Definition 6.1, and then
the 7-A theorem gives it for all A. We may express the general measure P, associated to any y by

Py)(A) = /E Y(d0) P(A)

the integral makes sense by measurability of x — P, and the integral is a probability measure
by the monotone convergence theorem. By uniqueness, this is the measure from Corollary 6.4.
Under additional assumptions (of Section 6.2), we prove there is a cadlag modification of X
in Section 6.3. There is a lot of operator theory one can develop related to semigroups, but we will
avoid most of it. However, to motivate the next definition, suppose that Q, = e’ L (reasonable from the
Chapman—Kolmogorov identity). The resolvent of L is the operator-valued function A > (1 — L)™'
for 1 ¢ o(L). Formally, for A > 0 and thinking of L < 0, we have

/ eMelldr=(1-L0)"".
0

Definition 6.5. For A > 0, the A-resolvent of the semigroup (Q;);>0 is the linear operator
R;: B(E) — B(E) defined by

(Raf) (x) = /0 Q)W) dr (f € B(E), x € E).

Note that Definition 6.1(iii) shows that t +— (Q,f)(x) is measurable and R; f € & (if
g € B(R;) ® & is bounded, then (x /R+ e Mg(t,x) dt) € & by the usual progression starting
from g being an indicator).
Clearly, f > Oimplies R f > 0and Vf € B(E) ||[Ryf]|l < ||f]|/A. We also have the resolvent
equation
Ry — R,
A—u

Atu = RyR, = —

To see this, we first show

Lemma. Vu >0 Vi >0 O;R,, = R,0;.
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Proof. We show this lemma by direct calculation:

(@&nm:AQMAw&ﬂw
- / 0:(x.dy) / 50, £(y) ds
E 0
_ /0 e hs /E 0,(x,dy) 0, £ (y) ds
- /0 e Q,(Q, /) (x) ds
_ /O e0,(0,)(x) ds = (RuQ, f) (x)

Now, using the above lemma, we can verify the resolvent equation:

(RiRu ) (x) = /0 e (QR, f) (x) di
- /0 M (R0, ) (x) dr

) /OO e /OO e 0s(0:f)(x) dsdt
/ / e Q4 f(x) dsdr
- /o e _[ e O, f(x)drdt

_ / 0, f ) | e gy dy
[Fubini’s theorem]

[ g

/ 0,5 ar

uf(x) R/lf(x)
A—p

Example. For real Brownian motion, we have

Raf (x) = /R (=0 £(3) dy,

where

ra(z) = V—_exp{ |21 V24}.

See page 157 of the book for a proof.

The resolvent provides useful supermartingales:

87
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Lemma 6.6. Let X be a Markov process with semigroup (Q;);>o and filtration (¥#;), 0 < h € B(E),
and A > 0. Then
t— e MRih(X,)

is an (F;)-supermartingale.

Proof. Since Ryh € B(E), integrability of the random variables e * R h(X,) is ensured. We want
to bound, for s,¢ > 0,

Ele "R h(Xus) | F2] = e O RIR(X,).
[Definition 6.2]

It suffices to show that e QR h < Ryh. Indeed, we have

|—>[h>0]

e MORh = / e M0,hdt < Ryh. <

N
|—> [by the Lemma for resolvent equation]

6.2. Feller Semigroups

A topological space is locally compact if every point has a neighborhood with compact closure.
A locally compact Polish space has the property that there exist compact K, such that for all n,
K, € K,+1 and every compact set is contained in some K,. See the appendix to this chapter.

In the rest of this section, let E be locally compact and Polish. We say f: E — R vanishes at
infinity if for all £ > 0, there exists a compact set K such that | f(x)| < & for x ¢ K. Write Co(E)
for the continuous functions that vanish at infinity, and give it the supremum norm.

Definition 6.7. A transition semigroup (Q;);>0 on E is called Feller if
(i) Vt 20 Vf e Cy(E) Q,f € Co(E), and

(i) Vf € Co(E) lim,—o IO, f = fIl = 0.
A Markov process with a Feller semigroup is called Feller.

Part (i) says that Q,(x, -) depends continuously on x and for all compact K, Q;(-, K) vanishes
at infinity. Part(ii) says that Q;(x, -) has most of its mass near x for small t. Be aware that different
authors use different definitions for “Feller”.

We also see that a Feller semigroup has the property that Vf € Co(E) t +— Q,f is uniformly
continuous:

Vs,t 20 ||st— Qtf” = ||Qs/\t(Q|s—t|f - f)” < ||Q|s—t|f - f”

Lebesgue’s dominated convergence theorem gives that Vf € CoE VA >0 R, f € Co(E).

For the rest of the section, let (Q;);>0 be a Feller semigroup on E.

We are now going to show how R} is an inverse. However, the operator of which it is the
inverse is not defined on all of Cy(E), but only a dense subspace, which we can get as the range of
R and which does not depend on A.



6.2. FELLER SEMIGROUPS 89

Proposition 6.8. For A > 0, let R = {R,l fi fe CO(E)}. Then R does not depend on A and is
dense in Cy(E).
Proof. We can write the resolvent equation this way:

Rif = Ru(f + (u—DRaf).

Therefore, every R, f has the form R, g for some g € Cy(E), as desired.
To show R is dense, we write

/1R/If:/1/ e"“Q,fdt:/ e 'Oy f dr,
0 0

SO
Jarss = Al=| [ e t(@uar - 11
< [0~ rlar -0
by Lebesgue’s dominated convergence theorem. <

If O, =e'l, then L = %

OQt. This motivates
1=

Definition 6.9. Write

D(L) = {f € Cy(E); Q[ft_ f converges in Co(E) ast | 0}

and, for f € D(L),
Lf =lim Sy

t]0 t
The set D(L) is the domain of the (infinitesimal) generator L of (Q;);>o.

Of course, D (L) is a linear subspace and L is a linear map from D (L) to Cy(E).
We can express differential and integral equations for (Q;);>¢ at times other than ¢ = O:

Proposition 6.10. If f € D(L) and s > 0, then Qf € D(L) with

L(st) = Qs(Lf)
Proof. We have, for t > 0,

Qt(st) - st

; (*)

_ Qs(Q[ft_f)‘

Since every Markovian kernel is a contraction, the right-hand side converges to Qs (L f) inCo(E). <

Exercise (due 3/8). Prove that

m @l =00 _ 1o p incy(e).

Vs >0 VfeD(L) liT
t
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Proposition 6.11. For f € D(L) andt > 0, we have

Qtf=f+/0 Qs(Lf) ds:f+/0 L(Q,f) ds.

Proof. Another way of writing (%), Proposition 6.10, and the exercise is that for all x € E,

t — Q;f(x) has a derivative Q;L f(x), which is a continuous function of 7. [Indeed, repeating

shows that (z — Q,f(x)) € C*(Ry).] Thus, the result follows from the fundamental theorem of

calculus. <
We are ready to justify the name “resolvent”.

Proposition 6.12. Let A > 0. Then D(L) = R and
Ry: Co(E) > D(L), A-L:D(L) > Cy(E)

are inverses. That is,
(i) Yg € Co(E) Ryg € D(L) and (A— L)R g = g, and
(i) Vf € D(L) Ry(A-L)f = f.
Proof. (i) We want to show that Ryg € D(L) with LR;g = AR;g — g. We calculate for all £ > 0,

[1st term by Lemma for resolvent equation;
decompose the 2nd term to get the next step]

&7 (QcRig ~ Rag) = &7 / e Qoug dr - / e Qg di)
0 0

l_e—ls 00 ~ 1 £ ~
= / e MQpngdt — — / eMQ,gdr,
0 € Jo

} | l
A Ryg 8

the last two convergences as € | 0 being in Cy(E).
This also shows that R C D(L).
(i) Now we want AR, f = f + R, L f. Using Proposition 6.11, we get

/1le:/1/ e, f dt
0

:A‘/Owe_’”(f+/oleLfds)dt
:f+/ooe"“Qstds:f+R,1Lf.
0

This also shows that D(L) C R. <
Exercise (due 3/8). Show thatif f,, f,g € Co(E) and f,, > fand Lf, — gin Co(E),theng = Lf.
Corollary 6.13. The map L: D(L) — Cy(E) determines (Q;);>0.

This justifies the name “generator”.
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Proof. Given L, we know R, for each 4 > 0, whence we know the Laplace transform of ¢t — Q, f(x)
for each f € Cy(E) and x € E. The uniqueness of the Laplace transform shows that we then
know Q,f(x). Since Q,[Cy(E) determines Q, (Riesz representation theorem—regularity gives
uniqueness), this completes the proof. <

Exercise (due 3/8). Fixa € R\ {0}. Let Q;(x, ) = Oxtar-
(1) Show that (Q;),>¢ is a Feller semigroup on R.

(2) Given a probability measure y on R, find a Markov process with semigroup (Q;);>0 and initial
distribution 7.

(3) Find the generator of (Q;);>0 and its domain.

It is easy to see that the semigroup (Q;); of Brownian motion is Feller. It is also intuitive that
its generator is L f = % f” in some sense:

O f(x) = f(x) = Ex f(X;) = f(x)
74 1 144
= E.[f"(x)(X; —x) + >/ (€)X —x)?
t
~ Ef " (x)
for some &; between x and X;, except that we would need &; to be measurable for this argument to

work.
Instead, we use the resolvent. We saw that

1
VIS0 VFEC®)  Rif() = [ —=exp{-V2ly - xl}f () .
= Pl }
Take A = % If h e D(L),then 3f € Cy(R) such that h = R%f and f = (%—L)h. If we differentiate

h(x) = / e £ (y) dy

twice (see page 161 of the book for details), we get

n” (x) / (=26, + e~ P~y £(y) dy (informally)

=2f(x) +h(x) (€ Co(R))
= 2Lh (by above).

In particular, D(L) C {h e C2(R); h, K" € CO(R)}.
In fact, this equals D(L). If g € C*(R) with g, g” € Co(R), then set

f=1(g-2")/2 € Co(R)

and h = R%f € D(L).We saw that h € C>(R) and h” = =2f + h, i.e., (h — h”)/2 = f. Therefore,
(h—g)" =h-g. Since h — g € Cy(R), it follows that h — g = 0. Thus, g = h € D(L), as desired.
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Exercise (due 3/8). Exercise 6.23.

Exercise. We call a probability measure 7y stationary if for all f € Cy(E) and all ¢ > 0, we have
f O:fdy= / f dy. Show that v is stationary iff for all f € D(L), we have f Lfdy=0.

It is usually very difficult to determine D (L) exactly, but we can find a subset of D (L) by using
the following martingales.

Theorem 6.14. Suppose that for all x € E, there is a cadlag process X that is Markov with
semigroup (Q;) for the probability measure P,. Let h, g € Co(E). The following are equivalent:

(i) he D(L) and Lh = g.
(ii) Vx € E

s h(X,) /O e(X0)ds

is a P.-martingale.
(iii) Yx € E Vi >0 EJJh(X,) - [} g(X,)ds] = h(x).

Proof. Assume (i). We have

B, [h(Xe0 - [ T ey ar| 7|
= B [h(Xivs) | F] _./Otg(Xr)dr_Ex[[t+sg(Xr) dr ( %]

= 0,h(X,) - /0 ¢(X,) dr - / E[g(X,) | Fi] dr

[for the third term, take E[14 -- -] for A € %]
t t+s
- 0nx) - [ syar= [ o)
0
t ' s
- 0nx) - [s0tyar- [ oexyw
0 0
t
—hx) - [ e ar
0
because Q;h = h + /OS Q,g dr by Proposition 6.11. This gives (ii).

Obviously, (ii) implies (iii).
Assume (iii). We also have

B[00 - [ exas] = 0 - [ Qs as

Therefore,

h-h 1 [
Ql :_/ Qrgdl",
rJo

t

which converges to g in Cy(E). <
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For example, consider d-dimensional Brownian motion. By It6’s formula,
1 t
Vhe C](RY t- h(X,) - 5/ Ah(X;)ds
0

is a continuous local martingale. If 7 and A/ are bounded, then this is a true martingale. In particular,
this holds if i, Ak € Co(R?). Therefore, Theorem 6.14 tells us that

D(L) 2 {h e C*(R?); h,Ah € Co(R?)}
and Lh = %Ah for such h. Equality does not hold for d > 2, where, in fact,
D(L) = {h € Co(RY) ; Ah € Cy(RY) in the sense of distributions}

(see page 288 of the book by Revuz and Yor).

2_.2
X X2

Example. If d = 2, let h(x) = m. For d > 2, multiply this by a smooth function. See
B. Epstein, Partial Differential Equations, pp. 162—163.

Exercise (due 3/8). Exercise 6.27 (note the hypotheses on page 180 of the book).

6.3. The Regularity of Sample Paths

Let E be a locally compact Polish space and (Q;);>¢ be a Feller semigroup on E.

Theorem 6.15. Suppose (X;) is a process and (Py)ycg are probability measures such that Vx € E
(Xo)iz0 is a Pe-Markov process with semigroup (Q,);>0 with respect to (%), and Py[Xo = x] = 1.
Set Foo = Foo and Nt 2 0 F, = F+ V o (N), where

N ={A e Fo; ¥x € E P(A)=0}.

Then there exists a process (X,) that is cadlag, adapted to (F)r, and for all probability measures y
on E, (X;)i>0 is a P,y -modification of (X;)i>0, P(y)-Markov with semigroup (Q;):>0 with respect to
(F), and VA € & P,[Xo € Al = y(A).

Remark. The hypothesis implies that X itself is P,)-Markov, etc., for all y on E.

Exercise (due 3/22). Show that (F;;}), is right-continuous. Hint: check that for all B € Z,, there
exists C € #+and N € N suchthat B=C A N.

Lemma. LetY be a right-continuous, nonnegative supermartingale with respect to a right-continuous
filtration. Define
T :=inf{t >0; Y, =0} Ainf{r > 0; Y;- = 0}.

Then
P|Vi € [T,) ¥, =0] = 1.

Remark. The right-continuity of the filtration is not necessary.
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Proof. By Proposition 3.9(i),
T, = inf{t >0 %< 1/n}

is a stopping time. By property (g) of stopping times in Chapter 3, T := lim,,—,, T}, is also a stopping
time. We are concerned only with what happens on [T < co]. For 0 < g € Q, apply Theorem 3.25
to the stopping times 7,, < T + g:

E[YT+q1[T<oo]] < E[YTnl[Tn<oo]] < %

This gives E[YT+q1[T<OO]] =0, so Y744 = 0 almost surely on [T < oo]. By right-continuity, we get
the result. <

Proof of Theorem 6.15. 1If E is not compact, then let
Exn = EU{A}

be its one-point compactification; otherwise, let Eo := E. Every function in Cy(E) extends to a
function in C(E) by defining it to be 0 at A.

Step 1: (define X on Ep)

Let ( f,)n>0 be a sequence of nonnegative functions in Cy(E) that separates points of Ey, i.e.,
Vx#ye Ex dn f,(x) # fu(y). Let

H:={R,fn; peN", neN}L

Then H also separates points of Ex because lim,_.«||[pR, fn — full = 0, as we saw in the proof
of Proposition 6.8.

For h € H with h = R, f,, the process (e‘f’”h(X,))t>0 is, for all x, a P,-supermartingale
by Lemma 6.6. Let Nj be the event that for some k¥ € N and some a,b € Q with a < b,
(e"’sh(Xs))seQm[O’k] makes an infinite number of upcrossings of [a, »]. In the proof of The-
orem 3.17, we saw that P,(N,) = 0. Put N := (Jcqy N, € . Then for all y, P, (N) = 0,
and

Yw ¢ N YheH Vit >0 lim h(X(w)) exists

Q43slt

and
Yo g N YheH Vt>0 lim h(X,(w)) exists.
Q42571
Because H separates points, it follows that Vw ¢ N (X (w)), <, has right and left limits in £ (not
necessarily in E).
Thus, we may define

VogN Vi>0 X(w) = lim X,(w).

Q4351

If~a) € N, put )Z(w) = x¢ for some ﬁxeg xp € Eand all t > 0. Then X is EA-Xalued and
(%1)-adapted. Lemma 3.16 shows that (h(X,)), is cadlag for all h € H, whence so is X.
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Step 2: (show Vt > 0 ¥y P[X:=X,] = 1)
Lett > 0. Forall f,g € Cy(E), we have

Eo[f(X)g(X)] = éiBISILEw) [f(X)g(Xy)]
[bounded convergence theorem ]
=limE[f(X) Eq)[(X,) | #]]
= lim E(y) [f(Xt)Qs—tg(Xt)]
= E(y) [f(Xz)g(Xt)]-

[Feller property and
bounded convergence theorem]
As in Exercise 6.27, this means that (X;, 5(;) 2 (X:, X;) under P(,), whence we have P, [Xt = 5?,] =1.

Step 3: (show that Vy X is P(,)-Markov with semigroup (Q;);»o with respect to (F))
We want to verify that

Vs>0Vt>0VfeBE) Eulf(Xu)| %] =0,(X).

ie.,
VAe Fy,  Eq|laf(Xu)] = E[140.f(Xy)].

By regarding each side as a linear functional on B(E), we see that it suffices to establish the equality
for f € Cy(E). In addition, since s and ¢ are fixed, we may replace X, by X;,. Furthermore, we
may assume A € F+. Thenforr € QN (s,s+1),

E(y)[lAf(XsH)] = E(y)[lA E(y) [f(Xs+t) | 97,]]
=E)[14Qss—f(X))].

Since ||Qsr—rf — Qi f]l = Oasr | s and X, — X, P, -as.asr | s, we get the result.

Step 4: (X is cadlag as an E-valued process off another set in ./; this step is not needed if E is
compact)

Note that X being cadlag in E and Step 2 do not ensure this (even if X = X).

Choose 0 < g € Co(E), put Co(E) > h :== Ryg > 0, and

Y, = e ' h(X,).

Then Y is a nonnegative (.%)—supermartingale by Lemma 6.6. Also, Y is cadlag (recall that
h(A) := 0). Define T as in the lemma. Let

Ni = |3t e[T,) ¥, #0].

By the lemma, Ny € /. Let B
N, = [Tk e N Xi # X¢|s

by Step 2, NZE A . Off N; U Ny, we have T = oo because Y; = 0 iff )A(; = A, and X; # A. That is,
off Ny UN,, X is E-valued. <
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6.4. The Strong Markov Property

Theorem 6.16 (Simple Markov Property). Let E be a measurable space, (X;);>0 be an E-valued
process, and (Py).cg be probability measures such that Vx € E (X;);>0 is a Pe-Markov process with
semigroup (Q;);0 with respect to (F;);>0 and Py[Xo = x] = 1. Let y be a probability measure on E.
Let

o: ER S R,

be measurable. Then
Vs >0 Eq)[®((Xwiso) | F] = Ex,[@],
where Ex [®] denotes the composition of w — X(w) and x +— Ex[(I)(X)].

Proof. We saw in Section 6.1 that x — P, is measurable, whence so is x Ex[d)(X)].
To prove the theorem, it suffices to prove the case when @ is an indicator of an elementary
cylinder set, or, more generally,

p
O(X) = [[ei(Xer). O<ti<tr<---<t,, @ €B(E).
i=1

The proof is just like that of (x:x), but with an extra conditioning: We want

the left-hand side of the conclusion of the theorem

=/er(Xs,dxl)Qt’l(xl)/Qrz—n(xl,dxz)‘Pz(xz)"'/Qr,,—z,,_l(xp—l,dxp)s%(xp)-

For p = 1, this is Definition 6.2 (of a Markov process with semigroup). The induction step is: the
left-hand side of the conclusion of the theorem equals

p—1
E(y)[ [ eiXen) - Bl 0p(Xsar,) | Foar, ] ‘ 9]

i=1
p-1

= E(y)[ H Soi(XHli) : Qtp—t,,_l‘pp(XsHp_l) ‘ LO/TS] . <
i=1

Exercise (due 3/22). Exercise 6.26 (note that the derivative in part 3 is in the norm sense).

If E is a topological space,we write
D(E) = {f € E®; fis cadlag},

and give D(E) the o-field @ induced from E®+, even though D(E) need not be measurable. We
call D(FE) the Skorokhod space.
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Theorem 6.17 (Strong Markov Property). Let (X;);>0 be an E-valued cadlag process, and (Py)xcg
be probability measures such that Vx € E (X;)>0 is a P.-Markov process with semigroup (Q;)r>0
with respect to (F;);>0 and Py [ Xy = x] = 1. Assume that E is locally compact Hausdorff, Q; maps
Co(E) to C(E) [e.g., E is also Polish and (Q;);>¢ is Feller],

®: (D(E), D) — R,

is measurable, and T is an (F+ );-stopping time [e.g., T is a stopping time]. Then, for all probability
measures y on E,

E () [17<co)@((X740)20) | Z7] = 1j7<o0] Ex; [®].

Proof. Theorem 3.7 guarantees that X7 is measurable on [T < oo], so the right-hand side is
Fr-measurable. Thus, it suffices to show that

VAe Fr  Eqy)[lanr<e]®((Xr+)50) | = E(y)[1anir<co] Ex; [®]].

As in the proof of Theorem 6.16, it suffices to do this for ® of the form

p
o(f) =[[ei(ft). O<ti<t<---<t, ¢ €B(E).
i=1

We again use induction, but this time the case p = 1 requires work; the induction step is like before:

p
E()[Lanr<co] H @i(Xr41,) |
i=1
p-1
= E(y)[lAm[T<oo] 11 #i(Xrs0) - Bl op (Xras,) | 9T+zp_1]]
i=1
p—1

= E())[1an[r<eo] H 0i(Xr4t,) - @1ty 0p (X141, |-
i=1

So it remains to prove that

Vt >0 VYo € B(E) YA € Fp
E()[1anr<co) 9(X740) | = E(y)[1anr<c0 Qi (X1) |-

Because E is locally compact Hausdorft, it suffices to prove this for all ¢ € Cy(E) [regularity
ensures uniqueness again]. Write

T, = |nT +1]/n.
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Then

E()[1anr<co)o(Xr40) | = hm E(y)[lAﬂ T<co) P(X1,41) |

[right-continuity]

= 1im > Egy[Lan-1/ner<im@(Xz,,)]

n—oo

= nh_)n(}oZE(y)[lAﬂ[(i—l)/n<T<i/n]QI‘P(Xi/n)]
i=1
L» [conditioning on #;/,]

= lim E)[1an(r<co) Qe (X1,)]
= E(y)[1an(7<) Qe (X7)],

because X is right-continuous and Q;¢ is continuous. )

The formulation of the strong Markov property for Brownian motion, Theorem 2.20, was
different, though equivalent, because it used that Brownian motion has independent, stationary
increments.

Exercise (due 3/29). Exercise 6.25, Exercise 6.29.

Exercise. Derive Eq. (3.7), the Laplace transform of the hitting time for Brownian motion, from
Dynkin’s formula, Exercise 6.29(3).

Appendix: Locally Compact Polish Spaces are o-compact

We prove the standard result that if E is a locally compact Polish space, then there is an
increasing sequence (K, ),>; of compact subsets of E such that every compact subset of E is
contained in some Kj,.

First note that every separable metric space is second countable, i.e., has a countable basis
for its topology. Indeed, if D is a countable dense set, then the balls centered at points of D with
rational radii form a countable basis.

Second, we claim that every second countable, locally compact space has a countable basis
each of whose members has compact closure. To see this, let ¢ be a countable basis. Write U’ for
the collection of members of U whose closure is compact. Let O be open. For each x € O, there is
a neighborhood V C O of x with compact closure. Every element of U contained in V lies in U’,
whence V is a union of sets in U’. Since this holds for all x € O, also O is a union of sets in U’.
Therefore U’ satisfies the requirements.

Putting together these two facts, we see that E has a countable basis each of whose members
has compact closure. Order such a basis as (V;,),>1. Define K, := U<, Vk. Then K,, is compact and
K, € K,+1. If K is any compact subset of E, then since E = | J,, V,,, the definition of compactness
provides a finite subcover of K, whence K C K,, for some n.
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Although we did not use completeness of E, every locally compact, separable metric space is
Polish. For a proof, see Theorem 5.3 of Classical Descriptive Set Theory by Alexander S. Kechris.
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Chapter 8

Stochastic Differential Equations

We treat mainly the case of Lipschitz coeflicients, where we prove existence, uniqueness, and
that the solution is a Feller Markov process whose generator is a second-order differential operator.

8.1. Motivation and General Definitions

A real-valued ordinary differential equation has the form

y' (1) = b(t,y(1)),

also written as
dy, = b(t,y,) dr.

Here, we are writing the subscript # not to indicate derivative, but the time variable. We may wish to
model noise by adding a term on the right, o- dB; or o (t, y;) dB;, where B is Brownian motion. The
equation

dy, =b(t,y,)dt + o (t,y;) dB;

means, by definition, that

t t
yt:y0+/ b(S,ys)dS+/ O—(S»ys)st-
0 0

We have a similar notion for vector-valued processes:

Definition 8.1. Let d,m € N*. Denote the set of d X m real matrices by Mg, (R) and give it
the product topology. Let o: R, X RY — Mym(R) and b: Ry x R? — R4 pe locally bounded,
measurable functions. Write their coordinates as o = (07j)1<i<d, 1<j<m and b = (b;)1<i<a- By a
solution of the stochastic differential equation

E(O’,b): dX[:O'(I,X[)dBt'i'b(t,X[)dt,
we mean
* a filtered probability space (Q, F, (F)o<i<o» P) with a complete filtration,

o an m-dimensional (%,)-Brownian motion B = (B!, ..., B™) started from 0, and
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o an (%;)-adapted continuous R -valued process X = (X',..., X%) such that

t t
Vi>0 X, =Xo +/ o(s, X;)dB; +/ b(s, Xs) ds,
0 0

which means

m t . t
Vi e [1,d] X,":X(")+Z/ m-j(s,Xs)dB§+/ bi(s, X;) ds.
‘= Jo 0

If also P[ Xy = x| = 1, then we say X is a solution of E, (o, b).

Note that X 1L B because Xy € % 1L B.
Existence and uniqueness can be defined in various ways probabilistically:

Definition 8.2. We say E (o, b) has weak existence if for all x € R?, there exists a solution
to Ex(o,b). We say E(o,b) has weak uniqueness if for each x € R¢, over all solutions to
E(o,b) (including varying the filtered probability space), the law of X is the same. We say
E (o, b) has pathwise uniqueness if for each filtered probability space (Q, F, (%), P) and for each
(#:)-Brownian motion B, any pair, X and X', of solutions to E(c, b) such that P[Xy = X[] = 1
are indistinguishable. We say a solution of E(o, b) is a strong solution if it is adapted to the
completed canonical filtration of B.

Exercise (due 3/29). Exercise 8.9.

Example (Section 8.4.1). To model the motion of a physical Brownian particle, we should not
consider the forces as changing the position of the particle, but its momentum or, equivalently,
velocity. Furthermore, there is a frictional drag (viscosity). This leads to the stochastic differential
equation

dX; =dB; — AX;dt (1-dimension) (*)

for the velocity X, where 4 > 0. This is the Langevin equation, up to constants, historically the
first stochastic differential equation. It is also exponential decay with noise. We can solve this by
applying integration by parts to e}’ X,

d(e?X,) = et X, dt + e dX, "= M dB,. (%)
Before continuing, note that the equality labeled “want” can be written e* (1X; dr + dX,) = e* dB,,
which has the form H - Y = H - Z, where Y and Z are continuous semimartingales. Provided H and
H~! are locally bounded, progressive processes, Section 5.1.3 shows that this equation is equivalent
toY - Y(0) = Z — Z(0). Therefore, («*) is equivalent to (x). Hence

t
X; = Xoe_/”+/ e A=5) 4B,
0

solves the Langevin equation. This solution is called the Ornstein—-Uhlenbeck process. We have
proved weak existence, weak uniqueness, and pathwise uniqueness. It is also a strong solution: the
integral is a Wiener integral, whence it belongs to the Gaussian space generated by B. We consider
two special cases.
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100 Samples of the Ornstein-Uhlenbeck Process
for Time 10 Compared to Exponential Decay at Rate 2

Figure 8.1: Simulation of the Ornstein—Uhlenbeck process
(1) Suppose P[Xp = x] = 1. Then X is a non-centered Gaussian process with mean function
m(r) = E[X,] = xe ™.

Thus, X is gotten by adding m(¢) to a centered Gaussian process with covariance function, for
0<s<t,

! s
K(S, t) = COV(XS,X[) = E[/ e—/l(l—u) dBu . / e—/l(s—u) dBu
0

0
_ / Y ) g=A(s-0) ) = @=A(145) / S 2 g,
L,O 0
. [ —
[isometry] 25 _
21

e—l|t—s| _ e—/l(t+s)
24

Thus, we see decay of the initial condition and convergence to a stationary process.

(2) Suppose Xy ~ A4 (0, ﬁ). Then X is a centered Gaussian process with covariance function

» . o Alt+s)  o=Ali=s|
K(s,t) +E[Xpe™ - Xoe™| = K(s,1) + =
(s.0) + E[Xoe ™ - Xoe™] = K(s.1) + = = ==
We see that the Ornstein—Uhlenbeck process in this case is stationary. Our later theory will
show it is Markov, but this can be shown directly:

Exercise (due 4/5). Show that a centered stationary Gaussian process on R is Markov if and only if
there exist 4 € [0, co] and a > 0 such that the covariance function is
(s,1) — ae s,

In this case, give the transition semigroup.
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Exercise. Calculate the quadratic variation of an Ornstein—Uhlenbeck process in two ways, one
from the defining SDE and the other from the solution of the SDE as a stochastic integral.

A simple transformation of Brownian motion gives another description of the stationary
Ornstein—Uhlenbeck process: Suppose that (3;); is an (#;),-Brownian motion and 4 > 0. Then
((22) ~1/2g=A1 Beon) ;>0 18 a centered Gaussian process with the same initial distribution and covariance
function as in (2) above. Since it is continuous, this process has the same law as a stationary
Ornstein—Uhlenbeck process, but it is adapted to the filtration (Z..u );. A slightly different description
comes from applying Theorem 5.13 (the Dambis—Dubins—Schwarz theorem) to (e~ (X; — X))
yielding (e"“(Xo + Be2a-1)/2 ,1))) +>0» Which works for any Xy € F.

1°

Exercise. Brownian bridges can be defined in many ways. One such is in Exercise 2.27. We will
define a standard Brownian bridge as a continuous Gaussian process X on [0, 1] with covariance
function (s,7) — (s At)(1 —s V1) such that Xy = X; = 0. Let B be a standard Brownian motion.

(1) Show that dX; = dB, — % dr has a unique strong solution on [0, 1) with Xy = 0 given by

" dB; " Bgds
X =(1-1 =B, —(1—1 :
=m0 [ Pemea-n [ 25

(2) Show that the solution in part (1) extends continuously to X; = 0 and then is a standard
Brownian bridge.

(3) Show that every standard Brownian bridge X has the property that (X,/(1 — 1))
independent increments.

1€[0,1) has

We now give an example (due to Tanaka) of a stochastic differential equation where weak
existence and weak uniqueness hold, but pathwise uniqueness fails and there is no strong solution:

dX; = o(X;)dB,,

where

1 ifx>0,
o(x) =
-1 ifx<O.

Recall that Theorem 5.12 (of Lévy) implies that if B is an (%;)-Brownian motion, H is progressive,
and |H| = 1, then H - B is an (%;)-Brownian motion. Therefore, weak uniqueness holds (since X
is progressive, so is o-(X)). This also suggests how to get weak existence: Let X be a Brownian
motion starting from x € R and define

t
B; = / O—(Xv) dX;.
0

Then B is a Brownian motion, and dX; = o-(X;) dB, because o2 = 1.
We claim that d(—X;) = o(—X;) dB;, which means that pathwise uniqueness fails. It suffices
to see that

t
/ L0y (X5) dBy =0,
0
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which follows from the fact that its expected quadratic variation is

E[/Ot 1oy (X,) ds] - /OIPX[XS —0]ds = 0.

One can show that 8 = 3?.|X| ¢ FX (here, denotes completion), so X is not a strong solution.
Similarly, one shows there does not exist any strong solution. This relies on Tanaka’s formula for
local time (Chapter 9).

Barlow (1982) gave, for each 8 € (0, 1/2), a function o: R — R that is Holder-continuous of
order S and bounded above and below by positive constants such that

dXt = O-(Xt) dB[

has a weak solution but no strong solution and no pathwise uniqueness.

Exercise (due 4/5). Let M be a continuous semimartingale with My = 0. The proof of Proposi-
tion 5.11 shows that for all 1 € C,

E(AM) = exp{AM - %(AM,AM)}

satisfies
dXt = /‘{'Xl th, X() = 1.

Show that there is no other solution. Hint: compute X& (AM)~! using Itd’s formula.

100 Samples of the Exponential Martingale
for Brownian Motion to Time 10

Figure 8.2: Simulation of the exponential martingale. Note: & (B); — 0 almost surely as t — co.

Example (Section 8.4.2). A combination of the SDEs of both the Ornstein—Uhlenbeck process and
the preceding exercise is

dX[ZO-X[dBt+rXtdt
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for constants oo > 0 and r € R. To solve this, calculate (if Xy > 0)

1 2
dlog X, = X' X, - 1X724(X. X), = o dB, +rdr - L,

whence )
X = Xo exp{O'Bt +(r— %)t} = Xo& (o B)e";

one checks this is indeed a solution. One can also show uniqueness as in the exercise. This is
known as geometric Brownian motion with parameters o and r. It is fundamental in financial
mathematics; r represents interest rate.

In fact, this example is itself an example as in the exercise: take A := 1 and M, := o B; + rt.

100 Samples of Geometric Brownian Motion
for Time 10 Compared to Exponential Decay at Rate 2

Figure 8.3: Simulation of geometric Brownian motion

There is a very general relation between existence and uniqueness:

Theorem (Yamada—Watanabe). If E (o, b) has pathwise uniqueness, then E (o, b) has weak unique-
ness. If E(o, b) also has weak existence, then for every filtered probability space (Q, F, (%), P)
and (F,)-Brownian motion, for all x € R, E.(o, b) has a strong solution.

Theorem (Gikhman—Skorokhod). If E (o, b) has weak uniqueness and a strong solution, then it
has pathwise uniqueness.

We will not prove these because we will establish these properties for the case of Lipschitz
coeflicients.
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8.2. The Lipschitz Case

Here we show that when o~ and b are Lipschitz in space uniformly in time, then all the existence
and uniqueness properties hold. (The hypothesis is the same as in the Picard—Lindel6f theorem for
ordinary differential equations, which gives existence and uniqueness there.)

Lemma 8.4 (Gronwall’s Lemma). Let T > 0 be a constant and g be a measurable function on [0, T].
If there exist a € R and a measurable, nonnegative function b such that b - g is Lebesgue-integrable
on [0, T] such that

t
Ve e [0,T] g(¢) < a+/ b(s)g(s)ds,
0
then )
Vi € [0,T] g(r) <a-ehb®ds

We will use only the case that b is constant, in which case the upper bound is a - e”".

Proof. Let G(t) denote the right-hand side of the hypothesized inequality, g < G. Then G is
an absolutely continuous function with G’ = b-g <b-Gon[0,T]. It follows that, with

h(t) = [ b(s)ds,

(e"G) = (G’ - bG)e™ < (bG - bG)e™ = 0.
Therefore, e "G < e G(0) = a on [0, T], whence g < G < ae”, as desired. <

In the rest of this section, we assume o: R, x R? — Myyu(R) and b: R, x RY — R? are
continuous and

’ <

|b(t’x)_b(t’y)| le_y|

Theorem 8.3. E(o,b) has pathwise uniqueness and for every filtered probability space and
associated Brownian motion, for all x € R, E.(o, b) has a (unique) strong solution.

In particular, we have weak existence. Theorem 8.5 will imply weak uniqueness.
We will prove this using d = m = 1 to simplify the notation.

Lemma. Suppose that for all t > 0,

t

t
X, = Xo+ / o(s,X;)dBs + / b(s, Xs)ds
0 0
and
. . t t
Y, =Y, +/ o(s,Yy) dB; +/ b(s,Yy)ds.
0 0

Then for all stopping times 1, for allt > 0,

E[ sup (S(’S/\T - ~s/\‘r)2] < 3E[(i0 - ?0)2] + 3(4 + t)KZ ‘/‘IE[(Xr/\T - Yr/\‘r)z] dr.
0

0<s<t



8.2. THE Lipscurtz CASE 107

Proof. By the arithmetic mean-quadratic mean inequality, we see that the left-hand side is
|

/ (B0 Xone) = b Veno) ser) 0] ﬂ)
0

< 3(E[(§0 - ?0)2] + E[ sup

0<s<t

/ [O'(r, Xone) — o (r, Y,M)]I[KT] dB,
0

+E[ sup

0<s<t

The second term can be bounded by the Doob’s L2-inequality: it is

t t
< 4E[/ [O-(F, Xine) — o (r, Yr/\‘r)]2 dr] < 4K2/ E[(Xr/\‘r - Yr/\‘r)z] dr.
0 0

The third term can be bounded by the arithmetic mean-quadratic mean inequality: it is

t t
< E[t : / [b(l’, Xrae) = b(r, Yr/\‘r)]zdr] < IKZ/ E[(Xr/\‘r - Yr/\‘r)z] dr.
0 0

Adding these gives the result. <

Proof of Theorem 8.3. We first show uniqueness. Fix a filtered probability space and a Brownian
motion. Suppose that X and X” are both solutions of E (o, b) with X = X;. Fix M > 0 and define

T = inf{t >0; |X;| > Mor |X]| > M}.
Then by the lemma, VT > 0 Vr € [0,T]
t
E[ sup (Xsnr — X)00)?| < 3K*(4+T) / E[(X;nr — X[ \p)?] dr.
0<s<t 0

Thus, Gronwall’s lemma applies to

g(t) = E[ sup (Xsar — X;/\T)z],

0<s<t

yielding g = 0. Now let M — oo to get X = X’ (i.e., indistinguishable).
To show existence, we use Picard’s approximation method. Fix x € R and define recursively

Xt0 =X,
t t
Vn > 0 Xll’l"'l = x+/ O'(S,X;l) dBS+/ b(S,X;:l) dS.
0 0

Note that by induction, X" is adapted to .Gf_,B and continuous, so the stochastic integrals are defined.
Next, fix T > 0. Forn > 1, set

ga(t) = E[ sup (X! - X 1)?].

0<s<t

Because o (-, x) is continuous, it is bounded on [0, 7], whence by Doob’s L>-inequality,

t 2
/ o(s,x)dB; ]
0

E[ sup

0<s<t
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is bounded on [0, T']. Therefore,
3c; Ve <T  gi(1) < (3.

The lemma shows that

t
ACr Vn > 1 Ve € [0,T]  gus1(t) < CT/ gn(s)ds.
0

Induction shows that |
n—

(n—-1)""

In particular, >~ | gn(T)'/? < oo, whence the arithmetic mean-quadratic mean inequality yields

Vs 1 g(n) < Cp(Cp)™!

< 00,

E[Z sup |X;"*! - X7

0<t<T

n=1

so the sum is finite almost surely. Therefore, X" [0, T'] almost surely converges uniformly; let its
limit be X on [0, 7T'], which necessarily has continuous sample paths. As the almost sure limit of X",
X is also adapted to F5.

Since X" — X in L?*(Q X [0,7]) and b(-) is Lipschitz, we have

t t
/ b(x,X])ds L / b(x, X;) ds.
0 0

Similarly,
E[(/OtO'(s,X;’) dB; - /OtO'(s, X5) st)z] = E[./o

t t
/ o (s, X") dB, 5 / o (s, X,) dB,.
0 0

Therefore, X satisfies E (o, b) on [0, T]. Because T is arbitrary, X" has an almost sure limit, X, on
R, and X is a strong solution to E, (o, b). <

t

(o (s, X)) = o (s, Xs))zds] — 0,

SO

Exercise. Let o,0’,b, b’ all satisfy the Lipschitz conditions of this section. Suppose that on
some open set U C RY, we have (o, b) = (07,b’) on R, x U. Fix x € U and let X and X’
be the corresponding solutions to E, (o, b) and E\(0’,b"). Let T = inf{t > 0; X; ¢ U} and
T’ :=inf{t > 0; X/ ¢ U}. Show that T = 7" a.s. and X is indistinguishable from (X")”".

Exercise (due 4/5). Exercise 8.10, Exercise 8.12.

Exercise. Suppose that X is a solution of Ey(c, b), where o, b: R — R are Borel and such that
b/o? is continuous and locally integrable and o-(x) # O for all x € R. Let T, := inf{r > 0; X, = x}
and c < 0 < d.

(1) Show that 7, A T; < oo a.s.

(2) Calculate P[T, < Ty].
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(3) Show that the answers do not change if o is replaced by g - o and b is replaced by g° - b,
where g is a strictly positive, Borel function.

Exercise. Let o, b: R — R be bounded, o~ be continuous, b be Borel, and inf o > 0. Let X solve
E(0,0). Define L, == [)' b(X,)o(X,) "' dBy, X := X — (X, L), and , := [} o°(X,)™" dX;.
(1) Show that dX; = o (X;) dB; + b(X;) dt.
(2) Use Girsanov’s theorem to show that E (o, b) has a weak solution whose law is mutually
locally absolutely continuous with respect to the P-law of X.

We now show continuity of the solution to E, (o, b) as a function of x. The space C(R,, R™) of
continuous functions from R, to R has the topology of uniform convergence on compact subsets of
R,, whose Borel o-field &), is the one generated by coordinate maps. Note C(R;, R™) is complete.
The law of m-dimensional Brownian motion started at 0 is Wiener measure W on C (R, R™). The
idea is to look at the solution of E, (o, b) as a function F of the path w of Brownian motion. Write

G, for the W-completion of €.

Theorem 8.5. There exists a map R? 3 x > Fy: (C(Ry,R™), G ,) — (C(Ry,R?), G,) such that
(i) forallt > 0 and x € RY, there exists ¢*: (C([0,¢],R™), €) — (R, BY) such that

Fe(w) = ¢f (w1]0,7]) W-a.s.;

(i) forall w € C(R4,R™), x = Fy(w) is continuous from R? to C(R,,R?); and
(iii) for every complete filtered (Q, F, (%), P) and m-dimensional (%,)-Brownian motion B with
By =0, for all Re-valued U € Fo, the process

is the pathwise unique solution to E (o, b) with initial value U.

Remark. Note that (iii) implies weak uniqueness: each solution of E, (o, b) has the form F,(B) for
some Brownian motion B, whence its law is (FY).(W), the pushforward of W under F,.

Proof. Again for simplicity of notation, we prove only the case m = d = 1. Let &, be the W-
completion of the o-field on C(R;, R) generated by the coordinate maps s — w(s) for s € [0, 7],
and G = ;50 & (which we denoted by ?1 above).

The topology on C (R, R) can be defined by a metric of the form

p(w,w') = Za/k( sup |w(s) —w'(s)] A 1)
k=1

s€[0,k]

for any sequence @ > 0 with >, @) < co.
Let X* be the solution to E (o, b) corresponding to (C (R4, R), Ew, (€;);, W) and the Brownian
motion ¢ — w(t): such a solution exists and is unique (up to indistinguishability) by Theorem 8.3.
Fix x,y € R. Let
T, :=inf{t > 0; |X;| > nor|X]| > n}.
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By the lemma,
vt >0 E[sgp(X;‘/\Tn - X0 )?] <3(x—y)? +3K7(4+1) /0 tE[(XfAT” - X2 )?] ds.
S<t
Note that (X7, — X, /\T,,)2 < 4n?, so Gronwall’s lemma implies that

2
VI'>0  E[sup(X, — X2 )] < 3(x - y)?e 0T,

s<T

Choose @ > 0 such that

o0 o0

2
g a K@k — c < 0 and E ar = 1.
k:l k:]

Then by the arithmetic mean-quadratic mean inequality,

E[p(Xx,Xy)z] < E[Z ar sup (X5 - Xsy)z] <3C(x —y)>.
k=1 SE[O,k]

By Kolmogorov’s lemma (Theorem 2.9) applied to the process x — X* with values in (C(Ry4, R), p),
we get a modification X of X with continuous (in x € R) sample paths. (Note: Vx € R X* and X~
are indistinguishable.) Define

Fe(w) = X*(w) = (X (w))

120"

This makes (ii) satisfied.
Since X € &, there exists

o (C([O,t],]R),O'(w(s),s e [o, ;])) = (R, R)

such that X (w) = ¢¥ (w[[0,7]) W-a.s. Because

Fe(w) = X (w) "2 X (w),

we obtain (i).
Because X* solves E, (o, b), we have

Vi>0 XM (w) =x+/ta'(s,X;‘(w))dw(s)+/tb(s,X§(w))ds
0 0

for W-a.e. w. By definition of F\, we obtain

t

F(w), :x+/0t0'(s, Fx(w)s)dw(s)+/0 b(s, Fx(w)s) ds

for W-a.e. w. We want to substitute U for x and B for w. The stochastic integral is not defined
pointwise, so we must be careful.
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First, consider the map (x, w) — Fy (B(a))) .- For fixed w, this is continuous in x. Now

FX(B(a)))t = ¢} (B(w)1[0,7]) P-as.

by (i) and the fact that W = B, P. The right-hand side belongs to &;, whence so does the left-hand
side by completeness. In other words, for fixed x, it is #;-measurable in w. Therefore, the map is
the limit as n — oo of the functions

(x,w) Z 1[5,%)()5)1?5 (B(w))z’

keZ

which shows that the map is measurable with respect to # ® %;. Because w +— (U (w), w) is
measurable from #; to £ ® F;, the composition w — Fy ) (B(w)) , I8 F-measurable. Thus, the
process Fy(B) is adapted.

Write

H(x,w) = /Ot o (s, Fe(w)s) dw(s)

and
n—1

H,(x,w) = ZO'(%,Fx(w)it/n) [w((itll)t) - w(%)]

i=0

By Proposition 5.9, Vx H,(x,w) YoH (x,w) (i.e., in probability). Therefore,
Vx  H,(x,B) > H(x, B).
Because U 1 B, it follows (by conditioning on U) that
H,(U,B) 5 H(U, B).

By Proposition 5.9 again, H,(U, B) — /0 s, Fy(B)s) dBy, whence H(U, B) is that stochastic
integral. Because

t
H(x,w) = Fy(w), - x - / b(s, Fe(w),) ds
0
it follows that Fy(B) solves E (o, b). <
In the lemma, one may use powers p > 1, not only p = 2, and this allows us to show (from our

version of Kolmolgorov’s lemma) that

VA>0 VT >0 Ve e (0,1) ¥p >0 E[ sup (
te[0,T].x#y
Iyl <A

IXZ‘—XtyI)P]
—_ < 0

e = ylt=e

Exercise (due 4/12). Exercise 8.14 (the inequality 0 < |Z;| in (1) should be 0 < |Z;|; the conclusion
in (4) is that X and X’ are indistinguishable).
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8.3. Solutions of Stochastic Differential Equations as Markov Processes

We now suppose that o and » do not depend on time, but still are Lipschitz. Let F, be as
in Theorem 8.5.

Theorem 8.6. Let X be a solution of E (o, b) on a complete filtered probability space (Q, F, (%), P)
with (F;)-Brownian motion B. Then X is a Markov process with respect to (F;) with semigroup

050 = [ F(F @) W) (€ BRY. 13 0.x € B,
Proof. We first show that
VfeBRY Vs,t >0  E[f(Xe) | F]| = Qi f(X).
Write s+t s+t
Xyt = X5 +/S o(X,)dB, +/S b(X,)dr.

Recall that the stochastic integral is defined as (0" (X)-B)s4+s— (0 (X)-B);. However, by Proposition 5.9,
we may also write it as

t
[ ecas,
0
where X, = X, B, := By, — By, and we use the complete filtration &, = F,,,: X' is adapted

to #/ and B’ is an m-dimensional &/-Brownian motion. Thus,

X =X+ ‘/Oto-(X;)dB; +‘/0tb(X,;)du,
i.e., X’ solves E(o, b) on (Q, F, F/,P) with Brownian motion B’ and initial value
X,=X, € F,.
By Theorem 8.5(iii), we have X’ = Fx_ (B’). It follows that
E[f(Xe) | 7] = E[£(X)) | %] = E[f(Fx.(B) | %]
= [ stE ) waw = 00,

[B" ~ W and B" L & > Xj; this is not a stochastic integral,
so we may substitute X for x]
as desired.

It remains to show that (Q;) is a transition semigroup, so we check Definition 6.1 step by step:
(1) (Qo =1d) Fx(w)o = x
(ii) (Q:Q; = Qy4r) Let X* solve E (o, b). Then

[by the above]
Qs+ f (x) = E[f(X.)] = E[Q:f(X))] = 05(Q: ) ().
[X* 2 Fo(w)ss] [the first equality with f replaced

sH by Q;f and s + ¢ by 5]
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(iii) ((z,x) — Q;(x, A) is measurable) By the topology of uniform convergence on compact
sets for C(R,, R?), Theorem 8.5 gives that for all f € Cy,(RY),

() > / F(Fu(w)) W(dw)

is continuous (since (¢, x) — Fy(+); is continuous). Thus, for all f € Cp(RY),

(1,x) = O f(x)
is continuous. By regularity, it follows that if A is closed, (¢, x) — Q,(x, A) is measurable. By the

7-A theorem, the same holds for all A € &9, <

Exercise (due 4/19). Let E be locally compact Polish and (Q; )¢ be a transition semigroup on E
that satisfies

(i) V£ >0 Vf € Co(E) Q,f € Co(E), and

(ii) Vf € Co(E) Vx € E lim;0 Q; f(x) = f(x).
This exercise will show that (Q;) is Feller.

(1) The proof of Proposition 6.8 shows that the range R of R; on Cy(E) is the same for all 1 > 0
and is contained in Cy(E); also,

Vxe E Vf e Cy(E) /Ilim AR, f(x) = f(x).

Use the Hahn—Banach theorem to deduce that R is dense in Cy(E).
(2) The proof of Lemma 6.6 showed (used) that

Vs >0 Vhe B(E) e Q,Rih= / e 0, hdt.
S

Deduce that
Vh € B(E) lilr(r)1||QsR1h—R1h|| =0.
S

Infer that
Vi € Co(E) lsilr(r)lllef—fll =0,
whence (Q,), is Feller.

Let C2(R?) denote the space of f € C?(R?) with compact support.

Theorem 8.7. The semigroup (Q;); of Theorem 8.6 is Feller. Its generator L satisfies
(i) C2(RY) c D(L), and
(ii) Vf € C2(RY) Vx e R?

d d
LF) = 5 S (00" fi () + D bilx) i)
ij=1 i=1

=1 (oo™ (x), V2f(x)) + b(x) - VF(x),

natural inner product

where o* is the transpose of & € M gy (RY).
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Proof. Let f € Co(R?). Theorem 8.5 (continuity of x — F,(w)), the definition of Q;, and the
bounded convergence theorem show that Q, f € C(R¢). Similarly, since  — F,(w), is continuous,
we obtain

Vx ltll%l O f(x) = f(x).
Thus, by the exercise, it suffices to show that

0. f € Co(R?)

in order to conclude that (Q;), is Feller. We assume o and b are bounded and leave the general case
to another exercise.
Suppose
Vi, j |O','7j| <C and |b;] <C.
For a solution X* of E, (o, b), we obtain, for all r > 0,

d m

B[ —x] < m + 1){21;[(/0[%()(;‘) dgg)z] +E[(/Otbl-(X§) ds)z]}

i=1 j=1
<dm+1)C% (it +12).

Therefore, for all A > 0, Chebyshev’s inequality gives
10:f ()] = [E[£(X)]]

d NC? 2
< L X ]|+ 1

A2

Now let x — oo and then A — oo to get O, f € Co(RY).
Finally, let f € C?(Rd ) and set g to be the desired value of L f. By Theorem 6.14, if we show
that

M= £ = [0 as
is a martingale, then it will follow that f € D(L) and g = Lf. Apply Itd’s formula to f(X*):

f(X}') = f(x) + stochastic integral

d ¢ | d . | |
+iz=1:/o bi(Xs)ﬁ(Xs)ds+§Z/O Fii (XY d(X™, X*T )

ij=1

t
= f(x) + stochastic integral + / g(XY)ds.
0

continuous local martingale

Therefore, M is a continuous local martingale. Because f and g are bounded, M is a martingale
by Proposition 4.7(ii). )

Exercise (due 4/19). Complete the proof of Theorem 8.7 in the general Lipschitz case as follows.
By what we have shown at the start of the proof of Theorem 8.7 and our version of Theorem 6.17,
X* has the strong Markov property.
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(1) Show that there exists C < oo such that
Vix| =1 |oc(x)] < Clx| and |b(x)| < Clx|.

For A > 0, let
Tx = inf{t > 0; |X,| = A}.

For k € N*, let S := T4.0k-1 A Tk Show that there exists C’ < co such that

Vi>0 VA>1 Vx|=A-2F
E (| Xins, —xI*] <C"-A?- 22 (t+1%) and  P[Sp <t] <4C'(t+17).

(2) Show that there exists ¢y > 0 such that

VEeN* VA>1 Vx| > A28 P [Tyt > 10] >

| =

Use the strong Markov property to deduce that forall A > 1,

0.

k
lim sup Px[|{j €[, k]; Thos =00or Tynj-1 = Tyni > t0}| < Z]

k=00 |15 4.0k

(3) Show that
kt
VA>1 lim sup P[T4 < _0]

0.
k—o0 k 4
|x[>A-2

Deduce that Vf € Co(R?) Vi >0 Q,f € Co(R?).

The words “diffusion process” are assigned different meanings by different authors, but one
common meaning is a process with continuous sample paths that is Markov and solves a stochastic
differential equation. The study of L as a second-order differential operator can be done via
probability, as we will see (for Brownian motion) in Chapter 7.

Exercise (due 4/19). (1) What is the generator on CCZ(R) of the Ornstein—Uhlenbeck process? of
geometric Brownian motion?

(2) Find Lipschitz o and b such that the solution of E (o, b) has the generator
Lf(x1,x2) = 2x2f1(x1,x2) +In(1 +x7 +x3) fo (x1,%2)
+3(1+x7) fi1 (x1,%2) +x1 fia(x1, X2) + 5 oo (x1, X2)
on C2(R?).

Exercise (due 4/19). Exercise 8.11: for (1), we consider only 4 > 0; for (2), this means to show the
Laplace transform of Q;(x, -) is as on the bottom of page 178 of the book.

Exercise (due 4/19). Let B be 1-dimensional Brownian motion. Define
XF = (x'?+1B,)°

fort > 0. Let o-(x) == x%/ and b(x) = x'/3/3.
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(1) Show that X* solves E, (o, b).
(2) LetT :=inf{r > 0; X, = 0}. Show that (X*)7 is also a strong solution to E, (o, b).

Exercise (due 4/26). Let o and b be Lipschitz. Let
H:={yeR%; o(y)=0and b(y) = 0}.
Show that if X* solves E, (o, b), then H is absorbing for X*, i.e., if
T :=inf{r > 0; X € H},

then X* = (X)T.
Extra credit: Show that if x ¢ H, then T = co almost surely.

Exercise. Suppose that dX, = dB; + b(X;)dr and Xy = 0, where b(x) = ¢’(x)/(2¢(x)) for
some strictly positive function ¢ € C?(R). Define 1 := 0 and recursively set 734 := inf{t >
Tr; | X, — X | = 1} for £ > 0. Show that the discrete-time process (X, ; k > 0) is a
nearest-neighbor random walk on Z with transition probabilities py+1 = rn/(rn + rns1), where
rp = /n '11 dx/c(x). (If we interpret c(x) as the conductivity at x, then r, is the resistance of the

edge between n — 1 and n in an electrical network on Z.)
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Chapter 7

Brownian Motion and Partial Differential
Equations

We discuss the heat equation and especially Laplace’s equation and how they can be solved
using Brownian motion. This is a model for other partial differential equations and diffusions. We
then discuss some path properties of Brownian motion.

7.1. Brownian Motion and the Heat Equation

For the whole chapter, B denotes d-dimensional Brownian motion with P, the measure such
that P,[ By = x] = 1, Q. is its transition semigroup, and L is its generator. Recall that

D(L) 2 {y € C*(RY); y, Ay € Co(RY)}

and on that set,
Ly = Ay.
For all ¢ € B(RY)
Vi>0  Qip=pixo,

where p; is the density of 4 (0,¢1), a C* function. Thus, Q;¢ € C®. If ¢ € Co(R?), then all
derivatives of Q;¢ lie in Co(RY), as we may see by differentiating under the integral:

0;Q1p = (0;ps) * .

Thus, for ¢ € Co(R?), we have Q,¢ € D(L) and L(Q,¢) = %A(Q,go) fort > 0.

Exercise. Exercise 7.28; add part (0): Let s — ¢ be continuous from R, to Co(R?). Show that
fot Q¢ ds € Co(R?Y) n C'(RY) with gradient in Co(R?) and continuous in # € R, where (Q,); is

. : 2
the transition semigroup of Brownian motion. Hint for (1): write fot = Ot/ + fl ;2 for the second
derivatives.

The following shows how Brownian motion solves the heat equation with initial value
¢ € Co(R?). (Direct calculation shows more, but our proof extends to other equations involving the
generator of a Feller process.)



118 CHAPTER 7. BROWNIAN MoOTION AND PARTIAL DIFFERENTIAL EQUATIONS

Theorem 7.1. Let ¢ € Co(R?). Fort > 0and x € RY, set
u(x) = Qrp(x) = Ex[0(By)].
Then (t,x) — u;(x) on (0, ) x R? satisfies

ou 1 .
a—tt = EAut and ltllI(I)I ur(y) = ¢(x).

y—x

Proof. Recall Proposition 6.11:

VfeD(L) Vi >0 Qtf:f+/0tL(st)ds.

We do not necessarily have ¢ € D(L), but we do have Q.¢ € D(L) for & > 0. Thus,

t-& t
Vi>e>0 ut:u8+/ L(qug)ds:ug+/ Lugds.
0 &

Now, we can also write
Lug = Qs—a(Lus)
by Proposition 6.10 to see that s — Luy is continuous on [&, c0). Thus,

ou 1
Vize>0 a—;:Lu,:EAut.
The initial condition follows from the Feller property Q;¢o — ¢ ast | 0. <

Exercise. Let X be a Markov process on a locally compact Polish space E with Feller semigroup
(Q¢): and generator L. Let ¢ € Cy(E). Show that if u,(x) := Q;¢(x), then

— =Lu, and lilr(r)l u(y) = ¢(x)
t
y—Xx

fort >0andx € E.

7.2. Brownian Motion and Harmonic Functions

Definition 7.2. A domain of R¢ is a non-empty, open, connected set. For a domain D C R, a
function u: D — R is harmonic on D ifu € C*(D) and Au = 0 on D.

Suppose D’ is a subdomain of D with D’ C D. Let
T :=inf{t >0; B, ¢ D'}.

By Itd’s formula, if u is harmonic on D and By € D’, then u(B)” is a continuous local martingale
with

tAT
u(Bixr) = u(Bo) + / Vu(B,) - dB,,
0

like a line integral. In fact, if D’ is bounded, then u is bounded on D’, so u(B) is a true martingale.
Conversely, if u € C%(D) and for all subdomains D’ € D with D’ ¢ D, u(B)T is a continuous local
martingale, then by It6’s formula, u is harmonic in D. We will weaken the hypothesis “u € C2(D)”
with Lemma 7.5.
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Proposition 7.3. Let u be harmonic on a domain D. For a bounded subdomain D’ of D with
D’ C D, let
T :=inf{t >0; B, ¢ D'}.
Then
Vxe D' u(x)= Ex[u(BT)].

Proof. Because D’ is bounded, u(B)” is a bounded P-continuous local martingale, so it is a true
martingale. Thus,
Vt 20 M(X) = Ex[l/l(Bt/\T)].

Since T < oo Py-a.s., we may let t — oo and use the bounded convergence theorem to obtain the
desired formula. <

Rotational symmetry of Brownian motion shows that if D’ is a ball centered at x, then By has
the uniform distribution on dD’. Let o, denote the uniform measure on the sphere of radius r
centered at x.

Proposition 7.4 (Mean-Value Property). If u is harmonic on a neighborhood of the closed ball of
radius r centered at x, then

u(x) = / u(y) dorr (7). «

Exercise (due 4/26). Let u be harmonic on R? and B be Brownian motion.
(1) Lett > 0. Show that

Vy e RY  u(B)" is a true P,-martingale
if and only if

Vy € R? / |u(x)|e_|x_y|2/2’dx < oo,
R4

(2) Find u on R? such that for all y € R?, (u(By))
is not a true Py-martingale.

is a true P-martingale, but (u(B;))

0<s<l1 0<s<1

Exercise (due 4/26). (1) Show that every bounded harmonic function on R? is constant by using
Exercise 5.33(5).

(2) Show the same on R? for d > 2. Hint: Let x # y and let H be the hyperplane
{zeR?; |z—x|=|z-yl}.
Let T := inf{r > 0; B; € H}. Show that
E.[u(Br)| = Ey[u(Br)].

(3) Let u be a nonconstant harmonic function on R? (d > 2). Show that

Vp>1 sup |u(tx)|pe_|"|2 dx = oo.
R4

t>0
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(4) (Extra credit) Does (3) hold for p = 1?

(5) (Extra credit) Show that every positive harmonic function on R¢ (d > 1) is constant.

We say that a locally bounded, measurable function u on D satisfies the mean-value property
if the equation of Proposition 7.4 holds for all closed balls in D.

Lemma 7.5. If u satisfies the mean-value property on a domain D, then u is harmonic on D.

Thus, if u is locally bounded and measurable, and u(B)” is a continuous local martingale
for every exit time T of a closed ball centered at the starting point and contained in D, then u is
harmonic.

Proof. 1t suffices to show that for all o > 0, if D’ := {x eD; |x—-D° > ro}, then u is harmonic
in D’.

We first show that u € C*(D’). Choose any h: R, — R, thatis C*, has support in (0, ry),
and is not identically zero. For 0 < r < r¢, multiply both sides of

u(x) = / u(y)do, (y) (x € D)

by "' h(r) and integrate from r = 0 to ry. We get, for some constant ¢ > 0, that

Vx e D' cu(x) = /

lyl<ro

e+ b dy = [ uCee (i) dy
if we set u to be 0 outside D. We can rewrite this as a convolution:
cu(x) :/ u(z)h(|z - x|) dz.
Rd

Since z — h(|z]) € C®(R?), we getu € C¥(D’).
To show Au = 0 in D’, we may now apply Itd’s formula to u(B): Let

T,, = inf{t > 0; |x — B;| = r}.
Then
ATy,
Vx € D" Vr € (0, rp) Ex[u(B,AT”)] =u(x)+ %Ex[‘/ Au(By)ds]|.
0

Recall that E, [T ] < oo (in fact, E, [T} ] = r?/d). Thus, we may let  — co and apply Lebesgue’s
dominated convergence theorem to get

Edfu(Br,,)] = u(x) + LB /0 " Au(By) ds|.

The left-hand side equals u(x), therefore the second term on the right-hand side equals 0. Now, let
r 1 0to get Au(x) =0. <

Definition 7.6. Let D be a domain and g € C(0D). We say that u: D — R solves the Dirichlet
problem in D with boundary condition g if u is harmonic in D and

Yy e dD lim u(x) =g(y).
D3x—y
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Thus, if

_ u(x) ifxeD,
u(x) =
gx) ifxeadD,

then € C(D). If D is bounded, then u is bounded.
Exercise (due 4/26). Let D be a bounded domain, g € B(dD), and

T :=inf{t >0; B; ¢ D}.

Define
v(x) = Ex[g(BT)] forx € D.

Show that v € C(D).

Proposition 7.7. Keep the notation of the preceding exercise.
(i) If g € C(0D) and u solves the Dirichlet problem in D with boundary condition g, then u = v.

(ii) The function v is harmonic in D and

Vx €D hTr}l v(B;) = g(Br) Py-as.
t

Proof. (i) In Proposition 7.3, we saw this formula for subdomains D’ with D’ € D. Take an
increasing sequence D, € D with D,, € D and |, D,, = D. Apply continuity of sample paths and
of u.

(ii) The exercise shows v € C(D), and obviously v is bounded. (Or: measurability follows
from the start of Theorem 6.16 and measurability of g and Br.) The mean-value property is a
consequence of the strong Markov property: If |x — D¢| > r, then

o) = Ea|Ex[g(Br) | 1, ]| = Eufo(Br,,)],

Here, we use the strong Markov property in the forms of both Theorem 6.17 and Theorem 2.20.
Thus, v is harmonic in D. The proof of the rest of (ii), which we won’t use, is in an appendix. <«

These results do not say when the Dirichlet problem has a solution. In fact, it need not:

Exercise (due 4/26). Exercise 7.24, Exercise 7.25.

However, convex domains have a solution for all g. In fact, it suffices that every point of 0D
satisfy the exterior cone condition, where y € 0D satisfies this if there exists a non-empty open
cone C with apex y and there exists » > 0 such that C N {z; lz -yl < r} C D¢. The idea is that if
x € D is close to dD, then it is P,-likely that B, leaves D close to x.

Lemma 7.9. Let D be a domain that satisfies the exterior cone condition at some y € 0D. Let
T :=inf{t > 0; B; ¢ D}. Then the P;-law of T tends weakly to 5o as D > x — y.

Proof. Let B, := {z € R%; |z] < r}. Let C be an open circular cone whose apex is 0 and whose
intersection with the unit sphere has normalized measure @ > 0 such that y + (C N B,) C D€ for
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some 7 > 0. Then lim,_,o Py[B; € C N B,] = @. Blumenthal’s 0-1 law (Theorem 2.13) extends
to higher-dimensional Brownian motion with the same proof, whence Py[Tcng, = 0] = 1, where
Tr =inf{t > 0; B; € F}.

Let C’ C C be an open circular cone with apex 0 and opening a/2 and the same axis of
symmetry as C. Then Py[T¢ng, = 0] = 1 as well. Given n > 0, there exists a > 0 such that
Py[Tc;ns,,, <nl > 1-n, where C; == {z € C"; |z| > a} (because C; T C” as a | 0). Choose
£ > 0 such that

lzl<e = C,NB,pn<Cz+CNSB,.

Then for |y — x| < &,

Px [T X 77] Px [Ty+CﬁBr

>
> Po[Tc;ns, )

//\ //\

nl = O[T —x+Cn8, < 1]
n] > <

Theorem 7.8. Let D be a bounded domain in R? that satisfies the exterior cone condition at every
point of dD. Then for all g € C(0D), the Dirichlet problem in D with boundary condition g has a
solution.

Proof. Let v be as in the exercise. By Proposition 7.7(ii), we need only show that

Vy e dD lim v(x) =g(y).
D3x—y

In fact, we show this holds for each y where the exterior cone condition holds and where g is
continuous, regardless of other points on dD. The idea is that for x close to y, it is Py-likely that 7 is
small (from Lemma 7.9) and thus that By is close to y, whence that g(B7) is close to g(y).
Let £ > 0. Choose 6 > 0 such that |g(z) — g(y)| < g/3for |z—y| <,z € dD. Choose g > 0
such that
2llgll Po[sup|Bi| > §] < &.

t<n

By Lemma 7.9, we may choose a € (0, g) such that

&

2/ gl P [T >n] <% forlx—y|<a,x€D.

We obtain that for |x — y| < @, x € D,

lo(x) — g(»)| < Ex[Ig(Br) — g0 ir<n ] +Ex[lg(Br) — (3) 175 ]

<
<Elg(Br) - g(»)17< ninlsup,,, |B; <872 |
+2|1gll P[sup |B; — x| > 6/2] +2lIgl| P[T > 7]
1<

&

<f+{+5=e <

WM

For d = 2, another sufficient condition for Lemma 7.9 is that y belongs to a nonconstant curve
contained in dD. To see this, make Brownian motion behave like in the following figure.
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Ll s ~al

Figure: Choose two points, y; and y;, on the curve near y that are
separated by y. A Brownian motion started at x has a probability that
is bounded below over all x near y that it will create a curve (up to
some time) surrounding y and hitting 9D only near y. For example,
consider the event that it stays within the union of the green rectangles,
moving successively from one of the 6 rectangles to the next until it is
guaranteed to cross itself.

7.3. Harmonic Functions in a Ball and the Poisson Kernel

The Pi-law of By € 9D is called the harmonic measure of D relative to x. When D is a
ball, this has a very simple expression: It has a density K (x, -) with respect to normalized surface
measure, 0. Note that the strong Markov property shows that K(x, y) is harmonic in x for each
y € 0D. Also, for z € dD,

lim K(x,-)o =06, weakly.

D>x—z

This suggests some properties to look for when finding K.
For the rest of this section, let D = By, the open unit ball in RY d > 2.

Definition 7.10. The Poisson kernel is the function K: 81 X 08B, — R, defined by

1= |x?

oy — x|

K(x,y):

Lemma 7.11. Forall y € 08By, K(-, y) is harmonic on Bj.

Proof. Clearly, K(-,y) € C*(8;). A direct calculation shows that
AK(-,y) =0

off 08 (see an appendix to this chapter). <

There is a beautiful geometric representation of K(x, -)o; due to Malmheden in 1934, where
o1 = 0p,1. Namely, given g € C(08), for each line L through x € By, let f(L) denote the value
at x € L of the linear function on L whose values at L N d8B; are g. Then the harmonic extension u
of g satisfies

u(x) = / F(L)dL,

where dL denotes a uniform direction for lines L that pass through x.
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Equivalently, if A € B(08;) and A’ is its image on 08 reflected in x, then the harmonic
measure of A equals o (A”).

In R?, this is due to Schwarz. It is easy to prove in another form. Recall Euclid’s theorem that
if A is an arc, then o1 (A) + 01 (A”) = 26, where 6 is the angle at x of the chords giving A and A”:

AI

Therefore, o (A”) = 26 — o1 (A). It is not hard to check that this is indeed the harmonic measure
of A from x by checking boundary values and by representing 6 using the imaginary part of a
holomorphic function.

Lemma 7.13. We have
wes [ Kaydoo -1
08B
where o1 = 09 1.

Proof. Forx € By, write F(x) for the integral in the lemma. We claim that F satisfies the mean-value
property because K (-, y) does. Clearly, F is locally bounded and measurable. Now if 0 < r < 1—|x]|,
then

[ o, = [[ ke anmido, @

://K(z,y)dax,r(z)dOH(y):/K(x’y)do'l()’)
= F(x),

as desired. Also, F' is rotationally symmetric because K is diagonally invariant under rotations and
o is invariant. Therefore,

1=F(0)= / F(x)dog,(x) forO<r<1
implies
F(x)=F(0) for|x|=r,
ie, F=1. <

Theorem 7.14. If ¢ € C(0B,), then the solution to the Dirichlet problem in B, with boundary
condition g is

uuwzf K.y doi(y) (e By).
08B
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Proof. A Fubini argument as in the proof of Lemma 7.13 shows that u satisfies the mean-
value property, so is harmonic. It is clear that the probability measures K(x,-)o; = ¢, as
B 5x — z € dB;. Therefore, u(x) — g(z) as By 23 x — z € IB. <

Corollary 7.15. The harmonic measure of By relative to x € By is K(x, +)o. <

Exercise. Exercise 7.26.

7.4. Transience and Recurrence of Brownian Motion

Theorem 7.17. The following hold.

(i) For d =2, Brownian motion is (neighborhood) recurrent, meaning that almost surely, for all
open U CR? {t > 0; B, € U} is unbounded.

(i) For d > 3, Brownian motion is transient, meaning that almost surely, |B;| — oo.

Proof. We saw (ii) in Exercise 5.33(7). We also saw in Exercise 5.33(5) that for x # 0, P [Vr >
0 B; # 0] = 1, while from the same formula as there, for d = 2,

Ve >0 PJf3t |Bi|l<e|=1.

Combining these two facts, we get that for every neighborhood U of 0, {t > 0; B; € U} is unbounded
P;-a.s. The same holds for every ball with rational center and rational radius simultaneously almost
surely by a similar argument, whence (i) holds. <

7.5. Planar Brownian Motion and Holomorphic Functions

Let d = 2, identify R? with C, and write B; = X; + iY;, where X and Y are independent
real Brownian motions. We call B a complex Brownian motion. Let D C C be a domain and
®: D — C be analytic. Since Re ® and Im ® are harmonic, ®(B)” is a continuous local martingale,
where T is the exit time of D. Much more is true:

Theorem 7.18 (Lévy). Suppose C\ D is polar. Write

t
C, = / |d)’(Bs)|2 ds (r>0).
0
Then for each z € D, there exists a complex Brownian motion I started from ®(z) such that P,-a.s.,
Vi>0 O(B;) =TIg,.

That is, ®(B) is a time-changed complex Brownian motion with clock C; this is called the
conformal invariance property. The case ®(z) = az is the usual Brownian scaling for ¢ € R and is
rotation invariance for |a| = 1. This shows why Theorem 7.18 is true on an infinitesimal level. If
C \ D is not polar, then a similar conclusion holds for the process ®(B)”.
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Proof. Let ® = g +ih, where g and & are real harmonic. Write M := g(B) and N := h(B). By Itd’s
formula,

dM = g.(B)dX + g,(B)dY, dN = h,(B)dX + hy(B)dY,

so M and N are continuous local martingales. The Cauchy—Riemann equations,

8x = hy, 8y = —hy,

imply that (M, N) =0and (M,M) = (N,N) =C.
Recall Exercise 4.24, which shows that

2 [lim N, exists in R].
—o0

[Coo < 0] = [tlim M, exists in R]
By neighborhood recurrence of B, if @ is not constant, then ®(B;) does not have a finite limit as
t — oo, whence C,, = oo almost surely. Of course, if @ is constant, then C = 0 and nothing more is
needed. Thus, in the nonconstant case, we may apply Proposition 5.15 to M — g(z) and N — h(z)
under P, to obtain independent real Brownian motions 8 and v started from O such that

M; —g(z) =Bc, and N;—h(z) =vc,.

Thus, the result holds with I" := ®(z) + 8 +1iy. <

In this proof, one could also write in complex notation d®(B) = ®’(B) dB. More generally, if
X!, ..., X? are continuous semimartingales taking values in C and F: C? — C is analytic in each
variable, then It6’s formula takes exactly the same form as in Theorem 5.10, where the bracket is
now complex valued and still bilinear, not sesquilinear. (Hartog’s theorem guarantees that such an F
has a multivariable power series expansion in a neighborhood of each point.) In applications of this,
note that for complex Brownian motion, we have (B, B) = 0. Bilinearity also guarantees that all
parts of Proposition 4.15 hold for complex-valued, continuous local martingales. Complex-valued,
continuous local martingales Z that satisfy (Z, Z) = 0 are called conformal, they are time changes
of complex Brownian motion, as we can see by the second half of the proof of Lévy’s theorem.

Exercise. Determine all @ such that in the preceding proof, M and N are independent.
Exercise. Exercise 7.27.

Exercise. Use the result of Exercise 7.27 to show that every nonconstant complex polynomial has a
root. Hint: note that {z; |P(z)] < 3} is compact if P is a polynomial.

Exercise. Suppose that H is complex-valued and progressive and that B is complex Brownian
motion. Show that if |H|? is locally integrable with respect to Lebesgue measure and Z = H - B,
then there exists a complex Brownian motion I" such that Z;, = I'¢, for ¢ > 0, where C; = fot |H,|? ds
for t > 0. In particular, if |H| = 1, then Z is a complex Brownian motion.

It is also interesting to look at Brownian motion in polar coordinates. This yields the
skew-product representation (or decomposition):
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Theorem 7.19. Fix z € C\ {0} and choose any w € C with 7 = e*. There exists a complex
Brownian motion (8 starting at w such that P;-a.s.,

V>0 B, =exp{Bu),

where
_ I ds
t = e
0 |Bs|2

The point is that Re 8 describes the radial motion of B while Im S describes the angular motion
of B.

Proof. This is intuitive from Theorem 7.18 by using

®(¢) = log .

Note @’ ({) = 1/. However, this ® is multiple valued and would require an extension to Riemann
surfaces.
Instead, let us start with a complex Brownian motion I' that starts from w and use ®(¢) := €.
Then by Theorem 7.18, we have
Iy _
c = ZCz’

where Z is a complex Brownian motion from z and

t t
C, :/ |er5|2ds:/ e2Rels g4
0 0

Let K. be the inverse function of C,: by calculus,

N N du
K :/ exp{—ZReFKu}du:/ .
' 0 0 |Zu|2

Then Z; = el'ks. This is what we want, except it is for Z rather than for B. But the formula
B; = exp{fn,} together with the formula for H gives § as a deterministic function of B. When

applied to Z, it gives I'. Since B 2z , it follows that 8 2 I', as desired. <

Exercise. For whicht > 0 is E[Htl/z] < oo? Hint: is log|B| a true martingale?

Exercise. Exercise 7.29.

Exercise. Let B := (B;);>0 be Brownian motion in the complex plane. Suppose that By = 1.
(1) Let 77 be the first time that B hits the imaginary axis, 77 be the first time after 7' that B hits
the real axis, T3 be the first time after 7, that B hits the imaginary axis, etc. Prove that for
each n > 1, the probability that |Br,| < 1 is 1/2.
(2) More generally, let £, be lines through O for n > 1 such that 1 ¢ ¢;. Let T} :=inf{t > 0; B; €
{1}, and recursively define 7, := inf{¢t > T,,; B, € {,41} for n > 1. Prove that for each
n > 1, the probability that |Br, | < 11is 1/2.
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(3) (Extra credit) In the context of part (2), let @, be the smaller of the two angles between ¢, and
p+1. Show that >~ | @, = oo iff for all & > 0, the probability that & < |By,| < 1/& tends to 0
as n — oo.

(4) (Extra credit) In the context of part (1), show that

iy v 26/n e—u2/2
lim P[exp —0,Vn) < |Br,| < exp(d,Vn ] :/ du
n—00 ( ! ) ( ! ) 26/ N2m

if 6, > Otend to § € [0, 0].

Exercise. Let B be a complex Brownian motion not starting from 0. Let A; be an argument of By,
so that B, = |B;| e4". Assume that A has been chosen to be continuous. Show how to reconstruct B

from A; more formally, show that B is adapted to 97_,A.

7.6. Asymptotic Laws of Planar Brownian Motion

Let B be complex Brownian motion. Our first result is not asymptotic. If By = a -i, a > 0, and
T = inf{t > 0; Im B, = 0}, what is the distribution of Br? By scaling, it is a times the distribution
when a = 1: the P,-law of Br equals the P-law of a - Br.

Proposition. If By = iand T = inf{t > 0; Im B, = 0}, then By has the standard symmetric
Cauchy distribution,

* dy 1 1
PI[BT <X] = [wm = §+;arctan(x).
Proof. The function
() =it
=i-—
Pl 1+z

maps the unit disk to the upper half plane with ¢(0) = i and ¢(e*"?) = tan(na). Let
S =inf{r > 0; |B;| = 1}.

The P;-law of B7 equals the Py-law of Bg pushed forward by ¢, in view of Theorem 7.18. Because
the Py-law of By is the uniform measure, it follows that

P[Br < x] = Po[¢(Bs) < x| = Po[arg B € (-, 2nal],
where tan(za) = x. This gives the result. <

Exercise. (1) Let C; 1L C; be standard Cauchy and ay, a; > 0. Show that a;C; + a,C; has the
law of a; + a, times standard Cauchy.
(2) Let B be complex Brownian motion starting at 0. For s > 0, write Ty := inf{f > 0; Im B; = s}
and C; := Re Br,. Show that the process C has independent, stationary increments and that
C; has the law of s times standard Cauchy.
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Exercise. Let (B', B, ..., B“!) be Brownian motion in R4*! starting at (0,0,...,0,1). Let

T :=inf{r > 0; BI*' = 0}. Use Corollary 2.22 to show that (B, ..., B¢) has density
d
r(4
X -

(71'(1 " |x|2))(d+l)/2

on R?, where I'(a) := /Ooo s*~1e™s ds is the usual Gamma function. This is called the standard
d-dimensional (multivariate) Cauchy distribution. Because of its connection to Brownian motion,
it follows that when d’ < d, every d’-dimensional marginal of a standard d-dimensional Cauchy
distribution is a standard d’-dimensional Cauchy distribution. Use the fact that the characteristic
function of the standard 1-dimensional Cauchy distribution is & — e ¢! (¢ € R) to deduce that the
characteristic function of the standard d-dimensional Cauchy distribution is & — ekl (£ € RY).
Hint: For &1,...,&, € R, what is the law of ijl ij]T?

Now we look at the winding of Brownian motion about 0 and its distance from O separately.
Let 6, be a continuous process such that

B .
—L =¢% (B, #0, 6 € (—-x,n)).
| B; |

If B, = efH: as in Theorem 7.19, then 6, = Im Bp,. Because H; — oo almost surely and Im 3 is
recurrent, it follows that 6 is recurrent as well. Winding happens both when |B| is small (when it is
fast) and when |B| is large (infinitely often—consider 1/B). How large is 6, typically?

Theorem 7.20 (Spitzer). Forall z # 0

0
the P,-law of ' = standard symmetric Cauchy distribution
log Vi

ast — oo,
Proof. (David Williams) Write B; = z + 3;, so that when B = z, we have Sy = 0. In particular, by

Brownian scaling, the P;-law of B 5> equals the law of z + 6181 when By = 0. Because the angle
does not change when we multiply the location by ¢, it follows that the conclusion is equivalent to:

015 61

lim P,-law of = lim Ps,-law of 0
610 logs 0l0 log 5

—_

is standard Cauchy.

Fix (small) a > 0 such that P0[|B1| > a] iscloseto 1. LetT := inf{t >0; |B;| > a}. Let a
satisfy the property that for all z with |z| = a, PZ[|01| > a] is small; then also for all 6 with d|z| < a,
P5Z[|91 - 0r| > a] is small, so we need concern ourselves only with the winding between times 0
and 7, rather than between O and 1, i.e., with 67.

Consider B; = ePH:; the law of 07 is the law of Im Br,, where Hr is the time that Re Sy, goes
from log(6z|) to log a. Thus, the law of 07 is |10g 0lz| — log a| times standard Cauchy. Since we
are dividing 6, by log }5, this gives the result. <

For the radial part, we know min{|Bs| ; 0<s < t} — 0 as t — oo; how fast?
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Proposition 7.22. For every z # 0, we have

1
Ya >0 hm P [Omm |Bs| < t_“/z] = Tra"
<5<t a

Proof. Choose b > 0 so large that Po[ < maxo<s<1|Bs| < b] is close to 1. Then for fixed z,

P.[ Y < max |B,| < bVi] = [Ty <t < Tyl

0<s<t

is close to 1 uniformly in ¢ for ¢ sufficiently large. (Note that s is the time variable, not z.) Now,
ming<, | Bs| < t~%/? if and only if 7;-a2 < t. For ¢ > 0, we have (if 1742 < |z| < Vi)

log(cVr) —loglz|
log(cVt) —logt—a/2

P|T o < T.5] =
by Exercise 5.33(5) [or use optional stopping, Section 3.4, on log|B|]. Ast — oo, this goes to ﬁ
Use ¢ = % and ¢ = b to get the result:
P T ap < 1] > P[Trap < Ty ] —Pfr < Ty, ]

and
P|T-op <t| <P|Tap < Ty + B[t > T, ] <

It is also interesting to know how quickly H,; grows.

Lemma 7.21. For all z, the P,-law of \/_)2 converges to that of 25 -3, Where Z is standard normal.

Le Gall uses this to prove the two preceding results; he also formulates it differently—in
particular, see Corollary 2.22.

Proof idea. We have

S
H, = inf{s; / e2ReBu qy > t};
0

this is K, = C! in the proof of Theorem 7.19. For large s,
log/ 2Refu dy ~ max 2Re By,
0 O<u<s
SO

H, ~ 1nf{s Re B > log\/_}—M

by Corollary 2.22. )
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Appendix: The Poisson Kernel is Harmonic

We give the calculations for Lemma 7.11, which states that the Poisson kernel in R4,

1 - |x?
K(x,y) :=

ly — x|4’

is harmonic in x for x # y and |y| = 1. I took this from https://math.stackexchange.com/q/
569481.
Recall the following from calculus, where u : RY - R, p:R—>R,and F: R4 — RY:

V(p(w) = ¢'(u)Vu, (AD)

A(u) = div Vu, (A2)
div(uF) = Vu - F + u divF, (A3)
A(uv) =uAv+vAu+2Vu - Vo. (A4)

For fixed y, we have K (x, y) = u(x)v(x), where u(x) := 1 — |x|?> and v(x) := |x — y|™¢. We
calculate that
Vu = —2x, and so Au = -2d.

Using (A1), we get

Vo=—dx -y V|x -y

d-1 X~y
=TT

=—dx -y ™ (x - y).
Using (A2) and then (A3), we get
Av = —d div(]x - y|™ 2 (x - )
= —d(-d - 2)lx —y[ P = (- y) —d e -y

lx =yl
=2d |x — y| 972,

Finally, combine the results using (A4) and the fact that |y| = 1:

Ix — y|*?A(uv) = (1 — |x|*)2d = 2d |x — y|> +4dx - (x — y)
=0.


https://math.stackexchange.com/q/569481
https://math.stackexchange.com/q/569481
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Appendix: Convergence of Harmonic Functions to Boundary Values

The following standard result (see, e.g., Doob’s 1984 book, Classical Potential Theory and Its
Probabilistic Counterpart, Theorem 2.IX.13, p. 651) is not as obvious as it looks:

Theorem A.1. Let D be a bounded domain in R¢ and g be a bounded Borel function on dD. Let B
be Brownian motion in R? and T := inf{t > 0; B, ¢ D}. For x € D, define

u(x) == Ex[g(Br)].

Then for all x € D,
VxeD hTI}l v(B;) = g(Br) Py-as.
t

This is part of Proposition 7.7.

We give two proofs, the first being essentially the standard one; thanks to Michael Damron for
conversations on this. The result can easily be extended to unbounded domains by defining g(Bs)
to be a constant.

Our first proof uses the following standard result (a version of the “predictable stopping
theorem™):

Theorem A.2. Let (F,), be a filtration. Let T be a predictable stopping time, i.e., there are stopping
times T, < T that increase to T (such T, announce T). Suppose that Fr = \/, Fr,. Let M be a
uniformly integrable right-continuous martingale. Then M is left-continuous at time T.

An example where the conclusion fails for a nonpredictable stopping time is given by continuous-
time simple random walk on {0, —1, 1} started at O and stopped at the time 7 of its first jump.

Proof. Because M is right-continuous, the optional-stopping theorem gives My, = E[Mr | F7,].
By the convergence of closed martilgales in discrete time, we may deduce that lim,,_,., M7, = M7.
For € > 0, let A, be the event that lim/y7 |M; — Mr| > €. For n > 1, define the stopping times

Sn =141 /\inf{t > Tn, |MT,, _Mll > 6}’

Since T,, < S, < T, we have Fr = \/,, Fs,. Since (S,), announce T it follows that M5, — Mr a.s.
Thus, M7, — Mg, — 0 a.s., whence P(A.) = 0. Because this holds for every € > 0, we obtain the
desired result. <

Proof of Theorem A.1. Let (%#;) be the completed canonical filtration of B. Let M, := u(B;7).
Clearly M is bounded and right-continuous. By the strong Markov property, M is a martingale. The
stopping times

T, :=inf{t > 0; |B, - D°| < 1/n}

announce 7. Since Fr = \/,, Fr, by continuity of B, we may apply Theorem A.2. )

Our second proof uses some auxiliary results.
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Theorem A.3. Let d € N,. Let B be d-dimensional Brownian motion. Let o € C*(R?) with
bounded first and second derivatives. Suppose that X solves E,(c,0), i.e., x € R and X is an
adapted process with values in R¢ such that

t
X; :x+/ o(Xs) dB; (t =2 0).
0

If o(x) # 0, then
P[Vt >0 o(X,) #0] = 1.

Proof. By Itd’s formula,
do?(X;) = 20 (X))o’ (X)) dX, + (o7 (X,)? + o (X))o (X;)) d(X;, X;)
=20%(X,)o’ (X,) dB, + (07 (X,)? + (X))o (X;)) o> (X,)d dt
= 0'2(Xt) dM;

for a continuous semimartingale M with My = 0. It follows (say, by the exercise on page 104 near
the end of Section 8.1) that

a2 (X) = ?(x) E(M) = o2 (x) exp{M - (M, M)/Z}
is never 0 if o-(x) # 0. <

Theorem A.4. Let D be a bounded domain in R%. Let B be Brownian motion in R? and
T :=inf{t > 0; B, ¢ D}. Let o € C>(R?) be such that (x) > 0ifx € D and o-(x) =0 ifx € dD.
Ifx € D and X solves E,(0,0), then P[Vt > 0 X, € D] =1 and X is a time change of (B;)o</<r
(in law).

Proof. The first statement is immediate from Theorem A.3, while the second is proved just
as the conformal invariance of Brownian motion (Theorem 7.18) is proved, but simpler (use
Proposition 5.15). Note that X is a continuous bounded martingale, so fooo o?(X;) df = (X, X)eo < 0
a.s., whence X, € dD a.s. <

Remark. A special case of Theorem A.4 is the following: Let D be the unit disk when d = 2 and
o(x) = (1- |x|2) /2 for |x| < 1. Then X is Brownian motion in the Poincaré model of the hyperbolic
plane. The law of X is the same as the law of ¢(X) for every Mobius transformation ¢ of the unit
disk to itself. For Brownian motion X in the Poincaré model of d-dimensional hyperbolic space,
there is a drift term: X solves Ey (o, b) with o(x) := (1 — |x|?)/2 and b(x) := (d/2 — 1)o (x)x for
x| < 1.

We are now ready to give a second proof of Theorem A.1.

Second proof of Theorem A.1. Let (%) be the completed canonical filtration of B. Construct o as
in the statement of Theorem A.4 by, say, summing a countable collection of small bump functions.
Fix x € D. Let X solve E((c,0). Then the path (u(B;)),,.r is the same in law as the path
(0(X1)) g<s<co but with a different parametrization. Also, X is a continuous Markov process. Let
Xo = lim;,o X;. By the strong Markov property, u(X;) = E[g(Xoo) | F},] whence the result
follows from the convergence of closed martingales (in continuous time). )

A generalization of Theorem A.3 is in the extra credit exercise on page 116 at the end of
Chapter 8. Our proof of Theorem A.3 is modelled on one we heard from Etienne Pardoux for d = 1.
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