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1. Transformations of SDE

Different types of transformations of a stochastic process (X;, P) are useful for constructing weak solutions.
These include:

e Random time changes: (X;);>0 — (Xr,)a>0 Where (T,)4>0 is an increasing stochastic process on R, such
that 7, is a stopping time for any a > 0.

e Transformations of the paths in space: These include for example coordinate changes (X;) — (¢(X;)),
random translations (X;) — (X; + H;) where (H;) is another adapted process, and, more generally, a
transformation that maps (X;) to the strong solution (¥;) of an SDE driven by (X;).

e Change of measure: Here the random variables X; are kept fixed but the underlying probability measure
P is replaced by a new measure P such that both measures are mutually absolutely continuous on each of
the o-algebras ¥, t € R, (but usually not on ).

In Sections 1.2, 1.3 and 1.4, we study these transformations as well as relations between them. For identifying
the transformed processes, the Lévy characterizations in Section 1.1 play a crucial r6le. Section 1.5 contains
an application to large deviations on Wiener space, and, more generally, random perturbations of dynamical
systems.

1.1. Lévy characterizations and martingale problems

Lévy processes

A widely used class of possibly discontinuous driving processes in stochastic differential equations are
Lévy processes. These are R%-valued stochastic processes with stationary and independent increments. In
discrete time, Lévy processes are random walks. We are interested in continuous time Lévy processes.
These include Brownian motion, Poisson and compound Poisson processes as special cases. Apart from
simple transformations of Brownian motion, Lévy processes in continuous time do not have continuous
paths. Instead, we will assume that the paths are cadlag (continue a droite, limites a gauche), i.e., right
continuous with left limits. This can always be assured by choosing an appropriate modification.

Definition 1.1. Let (77);>0 be a filtration on a probability space (Q, A, P). An (%) Lévy process is an ()
adapted cadlag stochastic process X; : Q — R< such that w.r.t. P,

(a) Xs4r — X, is independent of ¥ for any s, > 0, and

b)) X —Xy ~ X —Xp for any s,7 > 0.

Every Lévy process (X;) is also a Lévy process w.r.t. the filtration (7;%) generated by the process. Often
continuity in probability is assumed instead of cadlag sample paths. It can then be proven that a cadlag
modification exists, cf. [35, Ch.I Thm.30].

Remark (Lévy processes and infinite divisibility). The increments X;.; — X of a Lévy process are in-
finitely divisible random variables, i.e., for any n € N there exist i.i.d. random variables Y1,. . .,Y, such that
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1. Transformations of SDE

X511 — X has the same distribution as 37" | ¥;. Indeed, we can simply choose Y; = Xi/n — Xg1(i-1)1/n- The
Lévy-Khinchin formula gives a characterization of all distributions of infinitely divisible random variables,
cf.e.g. [4]. The simplest examples of infinitely divisible distributions are normal and Poisson distributions.

Without loss of generality, we now restrict ourselves to Lévy processes with Xy = 0. The distribution of
the sample paths is then uniquely determined by the distributions of the increments X; — Xo = X; for ¢ > 0.
Moreover, by stationarity and independence of the increments we obtain the following representation for the
characteristic functions ¢,(p) = E[exp(ip - X;)]:

Theorem 1.2 (Characteristic exponent). If (X;);>o is a Lévy process with Xy = 0 then there exists a
continuous function ¢ : R¢ — C with (0) = 0 such that

E[e?X] = ™WP  foranyr > 0andp € RY. (1.1)
Moreover, if (X;) has finite first or second moments, then ¢ is C I @c? respectively, and

0’y
OpkOp;

E[X;] = itVy(0) , Cov[X X'l = 1t (0) (1.2)

forany k,/ =1,...,dand ¢t > 0.

Proof. Stationarity and independence of the increments implies the identity

$i+5(p) = Elexp(ip - Xi+s)] = E[exp(ip - Xy)] - E[exp(ip - (Xi45 = Xs))]
= ¢:(p) - ¢5(p) (1.3)

for any p € R% and s,7 > 0. For a given p € R, right continuity of the paths and dominated convergence
imply that t — ¢,(p) is right-continuous. Since

¢r-=(p) = Elexp(ip- (X; — X))l

the function # +— ¢,(p) is also left continuous, and hence continuous. By (1.3) and since ¢o(p) = 1, we can
now conclude that for each p € R, there exists (p) € C such that (1.1) holds. Arguing by contradiction we
then see that ¢(0) = 0 and ¢ is continuous, since otherwise ¢, would not be continuous for all z.

Moreover, if X; is (square) integrable then ¢, is C! (resp. C?), and hence ¢ is also C! (resp. C?). The
formulae in (1.2) for the first and second moment now follow by computing the derivatives w.r.t.p at p = 0
in (1.1). |

The function ¢ is called the characteristic exponent of the Lévy process. Together with the initial
distribution, it uniquely determines the law of the process on the space of all cadlag paths.

Example (Brownian motion and Gaussian Lévy processes). A d-dimensional Brownian motion (B;)
is by definition a continuous Lévy process with

B; — B; ~ N(O,(t — 5)14) forany 0 < s < 1.

Moreover, X; = o B; + bt is a Lévy process with normally distributed marginals for any o € R¥*? and
b € RY. Note that these Lévy processes are precisely the driving processes in SDE considered so far.
The characteristic exponent of a Gaussian Lévy process is given by

1 1
w(p) = §|O'TP|2—ib-p = Ep-ap—ilrp with a = oo,

4 University of Bonn



1.1. Lévy characterizations and martingale problems

Example (Compound Poisson processes). A compound Poisson process is a continuous time random

walk
N,
Xt = Z T]] N t > O,
j=1

with a Poisson process (V; ) ¢[0,0) of intensity 4 > 0 and with independent identically distributed random
variables ; : Q — R4 (j € N) that are independent of the Poisson process as well. The process (X;) is
a pure jump process with jump times that do not accumulate. It has jumps of size y with intensity

v(dy) = An(dy),

where 7 denotes the distribution of the random variables 77;. A compound Poisson process is a Lévy
process with characteristic exponent

¥(p) = / (1 =€) v(dy). (1.4)

This can be verified by observing that for any subdivision0 =ty < #; < --- <t, and py,...,p, € R4,
n n
E [ exp (l Zpk : (Xl‘k - Xlk,l) | (N[)] = 1—1 ¢(pk)Ntk _Ntk71 >
k=1 k=1

where ¢ denotes the characteristic function of the jump sizes 77;. Then, by taking the expectation on both
sides, we see that the increments X;, — X;,_, are independent and stationary, and

Elexplip- X1 = Elp(p)™] = e " Sl g(p)f = e

for any p € R, which proves (1.4). The paths of a compound Poisson process are of finite variation.
Conversely, one can show that every pure jump Lévy process with finitely many jumps in finite time
is a compound Poisson process, cf. Theorem 2.12 below. If ; € L! then the compensated compound
Poisson process

M; = X; — bt where b= /y v(dy)
is both a martingale and a Lévy process. It has both a continuous and a pure jump part.
Example (Superpositions of Lévy processes). If (X;) and (X/) are independent Lévy processes with

values in R? and R? then X, + BX/ is a Lévy process with values in R" for any constant matrices
a € R and 8 € R, The characteristic exponent of the superposition is

Yaxspx(p) =  Ux(@ p)+yy(B p).

For example, linear combinations of independent Brownian motions and compound Poisson processes
are again Lévy processes.

Lévy processes can be characterized by their exponential martingales:
Theorem 1.3 (Martingale characterization of Lévy processes). Let ¢ : R? — C be a given function.

An (7;) adapted cadlag process X, : Q — R is an (7;) Lévy process with characteristic exponent  if and
only if the complex-valued processes

zZl = explip- X, +ty(p)) , t=0,

are (7;) martingales, or, equivalently, local (¥;) martingales for any p € R<.

A. Eberle Stochastic Analysis (v. November 1, 2019) 5



1. Transformations of SDE

Proof. It is left as an exercise to verify that the processes Z” are martingales if X is a Lévy process with
characteristic exponent . Conversely, suppose that Z? is a local martingale for any p € R?. Then, since
these processes are uniformly bounded on finite time intervals, they are martingales. Hence for 0 < s < ¢
and p € RY,

E[exp (ip - (X - X,))| 7]

exp(=(t = )y (p))-
This implies that for any A € 75 and p € R¢,

E[exp (ip- (X; — X,)); A] exp(—(t = $)¥(p)),

and thus X; — X is independent of ¥y with characteristic function equal to exp(—(¢ — s)¥). |

Exercise (Martingales of Lévy processes). Show that if (X;) is a Lévy process with Xo = 0 and
characteristic exponent ¢, then the following processes are martingales:

a) exp(ip- X; + ty(p))  forany p € RY,
b) M; = X, — bt with b = iVy(0), provided X, € £! Vt > 0.

) M/M¥ - ai*t  with a/* = a}j’jza‘”pk ) (j.k =1,....d), provided X, € L2V ¢ > 0.

Lévy’s characterization of Brownian motion

By Theorem 1.3, an R%-valued process (X;) is a Brownian motion if and only if the processes exp (ip- X; +
tIpl?/ 2) are local martingales for all p € R<. This can be applied to prove the remarkable fact that any
continuous R¥ valued martingale with the right covariations is a Brownian motion:

Theorem 1.4 (P. Lévy 1948). Suppose that M!, ..., M¢ are continuous local (7;) martingales with
[Mk,Ml], = Ot P-as. forany t > 0. (1.5)

Then M = (M',...,M?)is a d-dimensional Brownian motion.

The following proof is due to Kunita and Watanabe (1967):

Proof. Since the covariations are almost surely continuous, the identity in 1.4 holds almost surely simulta-
neously for all £ > 0. Now fix p € R? and let @, := exp(ip - M,). By Itd’s formula,

d
. 1
A, = ip®-dM; -5 > @ pepr d[M*, M,
k,l=1

) 1
lp ®t * th - §®t |p|2 dt

Since the first term on the right hand side is a local martingale increment, the product rule shows that the
process @, - exp(|p|? t/2) is a local martingale. Hence by Lemma 1.3, M is a Brownian motion. |

Lévy’s characterization of Brownian motion has a lot of consequences.

Example (Random orthogonal transformations). Suppose that X; : Q — R" is a solution of an SDE

dXt = Ot dBt, X() = X0, (16)

6 University of Bonn



1.1. Lévy characterizations and martingale problems

w.r.t. a d-dimensional Brownian motion (B;), a product-measurable adapted process (f,w) — O;(w)
taking values in R”*?, and an initial vale xo € R”. We verify that X is an n-dimensional Brownian
motion provided

0;(w) O, = 1, forany ¢t > 0, almost surely. (1.7)

Indeed, by (1.6) and (1.7), the components

d t
X = x6+2/0 0’ dBk
k=1

are continuous local martingales with covariations
X\, X/] = Z/O"k o/ d[B*,B'] = /Zo"k okdi = & dr
k.l k

Applications include infinitesimal random rotations (n = d) and random orthogonal projections (n < d).
The next example is a special application.

Example (Bessel process). We derive an SDE for the radial component R, = |B;| of Brownian motion
in R4. The function r(x) = |x| is smooth on R? \ {0} with Vr(x) = e,(x), and Ar(x) = (d = 1) - |x|™!
where e, (x) = x/|x|. Applying Itd’s formula to functions r, € C®(R?), & > 0, with r.(x) = r(x) for
|x| > € yields

d-1
dR, = e (B;)-dB; + dt for any ¢ < Ty

t

where Ty is the first hitting time of O for (B;). By the last example, the process

t
W, = / e, (By) - dBs, t >0,
0
is a one-dimensional Brownian motion defined for all times (the value of e, at O being irrelevant for the
stochastic integral). Hence (B;) is a weak solution of the SDE
d—

t

1

up to the first hitting time of 0. The equation (1.8) makes sense for any particular d € R and is called the
Bessel SDE. Much more on Bessel processes can be found in Revuz and Yor [36].

Exercise (Exit times and ruin probabilities for Bessel and compound Poisson processes). a) Let(X;)
be a solution of the Bessel equation

d-1
dX, = -5

dt + dBt, X() = X0,
t

where (B;);>0 is a standard Brownian motion and d is a real constant.

i) Find a non-constant function « : R — R such that u(X;) is a local martingale up to the first hitting
time of 0.

ii) Compute the ruin probabilities P[T, < Tj] for a,b € R, with xy € [a,b] .
iii) Proceeding similarly, determine the mean exit time E[T], where T = min{7,, T} }.

b) Now let (X;);>0 be a compound Poisson process with Xy = 0 and jump intensity measure v =
N(m,1), m > 0.

i) Determine A € R such that exp(4X;) is a local martingale up to Tp.

ii) Prove that for a < 0,

P|T, < oo] = lim P[T, <Tp] < exp(ma/2).

b—o0

Why is it not as easy as above to compute the ruin probability P[T, < Tp] exactly ?

A. Eberle Stochastic Analysis (v. November 1, 2019) 7



1. Transformations of SDE

The next application of Lévy’s characterization of Brownian motion shows that there are SDE that have
weak but no strong solutions.

Example (Tanaka’s example. Weak vs. strong solutions). Consider the one dimensional SDE
dX[ = Sgl’l(X,) dB[ (1 .9)

. . . +1 for x >0, )
where (B;) is a Brownian motion and sgn(x) := - 0" Note the unusual convention
- or x <

sgn(0) = 1 that is used below. We prove the following statements:

1) X is a weak solution of (1.9) on (Q, A, P,(¥F;)) if and only if X is an (¥;) Brownian motion. In
particular, a weak solution exists and its law is uniquely determined by the law of the initial value
Xo.

2) If X is a weak solution w.r.t. a setup (Q, A, P,(¥F;),(B;)) then for any r > 0, B; — By is measurable
w.r.t. the o-algebra 7-',‘X|’P =o(|X] 1 s <t)P.

3) There is no strong solution to (1.9) with initial condition Xy = 0.

4) Pathwise uniqueness does not hold: If X is a solution to (1.9) with Xy = 0 then —X solves the same
equation with the same Brownian motion.

The proof of 1) is again a consequence of the first example above: If X is a weak solution then X is
a Brownian motion by Lévy’s characterization. Conversely, if X is an (¥;) Brownian motion then the
process

t
B, = / sgn(X;) dX;
0
is a Brownian motion as well, and

t t
/ Sgn(Xs) dBy = / Sgn(Xs)z dX; = X — Xo,
0 0

i.e., X is a weak solution to (1.9).

For proving 2) , we approximate r(x) = |x| by symmetric and concave functions r, € C*(R) satisfying
re(x) = |x| for |x| = &. Then the associative law, 1t6’s isometry and 1t6’s formula imply

B; — By

t t
/ Sgn(Xs) dXg = hm/ r;;(XY) dX;
0 £l0 Jo
1 t
— lim (ra(X,) = re(X0) — & / F(X,) ds)
10 2 0
. 1 ! 144
= lim (re(1X,]) - ro(1Xo]) = / F(Xs) ds)
&0 2 0

with almost sure convergence along a subsequence &, | 0.

By 2), if X would be a strong solution w.r.t. a Brownian motion B and Xy = 0, then X; would also be

measurable w.r.t. 7—',|X|’P. This leads to a contradiction as one can verify that the event {X; > 0} is not
measurable w.r.t. this o--algebra for a Brownian motion (X;).

Finally, if X solves (1.9) with Xy = O then X is a Brownian motion, and hence X (w) # 0 and
sgn(—X;(w)) = — sgn(Xs(w)) hold for P ® A-almost every (w, s). Therefore, by Itd’s isometry,

t t
-X; = —/ sgn(X5) dBy = / sgn(—X;)dBy; forany ¢ > 0, P-a.s.
0 0

8 University of Bonn



1.1. Lévy characterizations and martingale problems

Martingale problem for It6 diffusions
Next we consider a solution of a stochastic differential equation
dX;, = b(t,X,)dt+o(t,X;) dBy, Xo = Xo, (1.10)

defined on a filtered probability space (Q, A, P, (¥;)). We assume that (B, ) is an (;) Brownian motion taking
values in R%,b,0q,...,04 : R* X R" — R" are measurable and locally bounded (i.e., bounded on [0, 7] x K
for any ¢ > 0 and any compact set K ¢ R?) time-dependent vector fields, and o (¢, x) = (o (f, x) - - - o74(t, X))
is the n x d matrix with column vectors o;(¢,x). A solution of (1.10) is a continuous (F,”) semimartingale
(X;) satisfying

t d t
X, = X +/ b(s,X;) ds + Z/ o (s, Xy) dBf Vt>0 a.s. (1.11)
0 =170

If X is a solution then

(X%, X7],

> [/a,i(s,X) dBk,/O‘l/(s,X) dBl]t

k,l

Z /t(o',i O'Ij)(s, X)d[B*B'] = /t a (s, Xy) ds
1o 0

where a”/ = 3 O'IiOJ

X ie.,

a(s,x) = o (s, x)o (s, x)T € R™".

Applying Itd’s formula to the process (¢, X;) yields the It6-Doeblin formula

af

E+£f)(s,XS) ds (1.12)

FX) — fOxg) = /O (0T f)(s.X,) - dBy + /0 (

for any function f € C2(R, x R™), where

d an

(LHE,x) = (t,x) + Zd: bi(t x)ﬂ(t x)
’ oxiox/ "’ P oxt T

1 g
- a’(t,x)
254

i,j=

The It6-Doeblin formula provides a semimartingale decomposition for f(z, X;). It establishes a connection
between the stochastic differential equation (1.10) and partial differential equations involving the operator

L.

Example (Exit distributions and boundary value problems). Suppose that f € C"2(R, x R") is a
classical solution of the p.d.e.

%—{(I, )+ (LHx) = —gtx) Vt>0,xeU
on an open subset U ¢ R" with boundary values
ft,x) = o@,x) Vt>0 xe€dU.
Then by (1.12), the process .
M, = f(t,X;) +/0 g(s, Xs) ds

is a local martingale. If f and g are bounded on [0,7] x U, then the process M7 stopped at the first exit
time T = inf{r > 0 : X; ¢ U} is a martingale. Hence, if T is almost surely finite then

ELG(T. Xp)] + E| /OTg<s,Xs)ds] = fO.x0).

This can be used, for example, to compute exit distributions (for g = 0) and mean exit times (for ¢ = 0,
g = 1) analytically or numerically.

A. Eberle Stochastic Analysis (v. November 1, 2019) 9



1. Transformations of SDE

Similarly as in the example, the Feynman-Kac-formula and other connections between Brownian motion and
the Laplace operator carry over to Ito diffusions and their generator £ in a straightforward way. Of course,
the resulting partial differential equation usually can not be solved analytically, but there is a wide range of
well-established numerical methods for linear PDE available for explicit computations of expectation values.

Exercise (Feynman-Kac formula for It6 diffusions). Fix ¢ € (0, ), and suppose that ¢ : R* — R
and V : [0,¢] x R* — [0, c0) are continuous functions. Show that if u € CZ((0,7] x R") N C([0,7] x R")
is a bounded solution of the heat equation

%(s, X) (Lu)(s,x) — V(s,x)u(s, x) for s € (0,7], x € R",

u(0, x)

@(x),
then u has the stochastic representation
t
u(t,x) = Ex [go(X,) exp (—/ V(t - s,Xs)ds)] .
0

Hint: Consider the time reversal ii(s, x) := u(t—s, x) of u on [0,t]. Show first that M. := exp(—A, )i(r, X;)
is a local martingale if A, := for V(s, Xs) ds.

Often, the solution of an SDE is only defined up to some explosion time { where it diverges or exits a
given domain. By localization, we can apply the results above in this case as well. Indeed, suppose that
U € R" is an open set, and let

U = {x€eU: |x| <kand dist(x,U°) > 1/k}, keN.
Then U = |J Uy. Let Ty denote the first exit time of (X;) from Ug. A solution (X;) of the SDE (1.10) up to
the explosion time { = sup Ty is a process (X;);c[0,7)ufo} such that for every k € N, Ty < £ almost surely

on {/ € (0,00)}, and the stopped process X* is a semimartingale satisfying (1.11) for ¢ < Ty. By applying
1t6’s formula to the stopped processes, we obtain:

Theorem 1.5 (Martingale problem for It6 diffusions). If X; : Q — U is a solution of (1.10) up to the
explosion time £, then for any f € C1>(R, x U) and xq € U, the process

M, = f(t,Xt)—/Ot((Z—J;+Lf)(s,Xs)ds, t<?,

is a local martingale up to the explosion time ¢, and the stopped processes M, k € N, are localizing
martingales.

Proof. We can choose functions f € Cg([O, alxU), k €N, a > 0, such that f(¢,x) = f(z,x) for t € [0,a]
and x in a neighbourhood of Uy. Then for r < a,

t
0
MtT" = M, = fk(t’Xt/\Tk>_/ (_a];k +_£fk)(s,Xs/\Tk)dS.
0

By (1.12), the right hand side is a bounded martingale. |

10 University of Bonn



1.1. Lévy characterizations and martingale problems

Lévy characterization of weak solutions

Lévy’s characterization of Brownian motion can be extended to solutions of stochastic differential equations
of type

driven by a d-dimensional Brownian motion (B;). As a consequence, one can show that a process is a weak
solution of (1.13) if and only if it solves the corresponding martingale problem. As above, we assume that
the coefficients b : R, x R — R? and o : R, x R? — R%*? are measurable and locally bounded, and we

set
2

0
Oxiox]

1 d
L = E Z aij(t,x)

d
: 0
E b'(t, - 1.14
i,j=1 +i:l ( X)axl ( )

where a(t, x) = o (t, x)o(t, x)T .

Theorem 1.6 (Weak solutions and the martingale problem). If the matrix o (¢, x) is invertible for any ¢
and x, and (¢, x) — o (t,x)~" is a locally bounded function on R, x R?, then the following statements are
equivalent:

(1) (X;)is a weak solution of (1.13) on the setup (Q, A, P, (%), (B;)).

(ii) The processes M; := X/ — X} — fot b'(s,X;) ds, 1 < i < d, are continuous local (%,”) martingales
with covariations

t
(MI M), = /aij(s,XS)ds P-as. forany t > 0. (1.15)
0

(iii) The processes M,[f] = f(Xy) - f(Xo) — fot(.ﬁf)(s, X,) ds, f € C*(R?), are continuous local (%)
martingales.

(iv) The processes Mt[f] = f(t, X;)-f(0, Xo)—fot (g—{ +Lf)(s,Xy)ds, f € C1*(Ry xR¥), are continuous
local (7,F') martingales.

Proof. (i)=(iv) is a consequence of the Itd-Doeblin formula, cf. Theorem 1.5 above.

(iv)=(iii) trivially holds.

(ili)=(ii) follows by choosing for f polynomials of degree > 2. Indeed, for f(x) = x', we obtain Lf = &',
hence

t
M = x;'_xlo_/bf(s,xs)ds = MY (1.16)
0

is a local martingale by (iii). Moreover, if f(x) = x'x/ then £f = a"/ + x'b/ + x/ b’ by the symmetry of a,
and hence

Xix! - xix] = M}”+/0 (@ (s, Xs) + X1 b/ (5, Xs) + X] b'(s,Xy)) ds. (1.17)

On the other hand, by the product rule and (1.16),

. . . t . . t . . . .
X, X} - X;X; /Oxg dX§+/0 X dxt + X', X', (1.18)

t . . . .
N, + / (X1 B/ (s, Xs) + XL b'(s,Xy)) ds + [X', X7,
0
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1. Transformations of SDE

with a continuous local martingale N. Comparing (1.17) and (1.18) we obtain
t
il = =[x as
0

since a continuous local martingale of finite variation is constant.
(ii)=() is a consequence of Lévy’s characterization of Brownian motion: If (ii) holds then
dX[ = dM[ + b(t, Xl‘) dt = O-(t, X[) dB[ + b(t, Xl‘) dt

where M, = (M],...,M¢) and B, := fot o (s,X,)~" dM; are continuous local martingales with values in R¢
because 0! is locally bounded. To identify B as a Brownian motion it suffices to note that

(BB, = / t (ot o) s Xy) dIM', M7
0 %7

t
/O (U_la(o-_l)T)kl (5, Xs)ds = Out
forany k,/ = 1,...,d by (1.15). |

Remark (Degenerate case). If o-(z, x) is degenerate then a corresponding assertion still holds. However, in
this case the Brownian motion (B;) only exists on an extension of the probability space (Q, A, P,(7;)). The
reason is that in the degenerate case, the Brownian motion can not be recovered directly from the solution
(Xt) as in the proof above, see [37] for details.

The martingale problem formulation of weak solutions is powerful in many respects: It is stable under
weak convergence and therefore well suited for approximation arguments, it carries over to more general
state spaces (including for example Riemannian manifolds, Banach spaces, spaces of measures), and, of
course, it provides a direct link to the theory of Markov processes. Do not miss to have a look at the classics
by Stroock and Varadhan [39] and by Ethier and Kurtz [14] for much more on the martingale problem and
its applications to Markov processes.

Exercise (Exponential martingales). Consider a solution of an SDE of the form
dXt = b(Xl) dr + O-(Xt) dBt,

driven by a d-dimensional Brownian motion B and with continuous coefficients » : RY — R? and
o : R? — R¥4_The corresponding infinitesimal generator is given by

1< 9? 9
_ 2 ij i _ T
L= 5 i ]E_l a o0 + i:El b e where a = oo’ .

a) Show that the following conditions are all equivalent:

(i) For any f € C?*(R?), the process M,f = f(X;) - f(Xo) - fot Lf(X,)ds is a continuous
local martingale.

(ii) For any v € R, the process M = v - (X, - Xp — fot b(Xs)ds) is a continuous local
martingale with quadratic variation

[MY]; = /Ot v-a(Xs)vds.

(iii) For any v € R?, the process

d 1
Z; :=exp (v . (Xt - X0 —/ b(Xs)ds) - 5/
0 0

is a continuous local martingale.

t

v-a(Xs)v ds) .
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1.2. Random time change

Hint: In order to prove that (iii) implies (i) it is enough to consider functions of the form
f(y) = exp(v - y). The general case follows, since linear combinations of exponentials are dense
in C* w.r.t. uniform convergence on compact sets of the functions and their first two derivatives.

b) Further, show that these conditions imply that

F(X)/ £ (Xo)) exp (— /0 (Lf/f)(Xs)dS)

is a local martingale for any strictly positive C? function f.

1.2. Random time change

Random time change is already central to the work of Doeblin from 1940 that has been discovered only
recently [10]. Independently, Dambis and Dubins-Schwarz have developed a theory of random time changes
for semimartingales in the 1960s [24, 36]. In this section we study random time changes with a focus on
applications to SDE, in particular (but not exclusively) in dimension one.

Throughout this section we fix a right-continuous filtration (7;) such that 7; = FF for any + > 0. Right-
continuity is required to ensure that the time transformation is given by (#;) stopping times.

Continuous local martingales as time-changed Brownian motions

Let (M;);»0 be a continuous local (#;) martingale w.r.t. the underlying probability measure P such that
My = 0. Our aim is to show that M; can be represented as By}, with a one-dimensional Brownian motion
(By). For this purpose, we consider the random time substitution u — T,, where T,, = inf{v : [M], > u}is
the first passage time to the level u. Note that u — T, is the right inverse of the quadratic variation ¢ — [M];,
ie.,

Mlr, = u on {T,, < o}, and, (1.19)

Tipy, = inf{v:[M], > [M];} = sup{v:[M], = [M];} (1.20)

by continuity of [M]. If [M] is strictly increasing then T = [M]~'. By right-continuity of (%;), T}, is an (%;)
stopping time for any u > 0.

Theorem 1.7 (Dambis, Dubins-Schwarz). If M is a continuous local (¥;) martingale with [M]. = oo
almost surely then the time-changed process B,, := My, , u > 0, is an (%7, ) Brownian motion, and

M; = B, forany t > 0, almost surely. (1.21)

The proof is again based on Lévy’s characterization.

Proof. 1) We first note that Bjps, = M, almost surely. Indeed, by definition, By, = Mz, - It remains
to verify that M is almost surely constant on the interval [#,7],]. This holds true since the quadratic
variation [M] is constant on this interval, cf. the exercise below.

2) Next, we verify that B, = M7, is almost surely continuous. Right-continuity holds since M and T are
both right-continuous. To prove left-continuity note that for u > 0,

lim MTu,g = MT

- foranyu > 0
el0
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1. Transformations of SDE

by continuity of M. It remains to show Mz, - = My, almost surely. This again holds true by the exercise
below, because T,,_ and 7, are stopping times, and

[M]r, = lim [M]r, = 11&)1@—8) = u = [M]

u-— gl() u—-& u
by continuity of [M].

3) We now show that (B,) is a square-integrable (77, ) martingale. Since the random variables 7,, are (7;)
stopping times, (B,) is (¥r,) adapted. Moreover, for any u, the stopped process MtT“ = Miat, is a
continuous local martingale with

E[M™]s] = E[Ml] = u < oo
Hence M is in M2 ([0, o0]), and
E[B)] = E[M;] = E[MI)] =u  forany u>0.
This shows that (B,,) is square-integrable, and, moreover,
E[B,|fr,] = E[Mr|f1,] = M, = B, forany 0 <r <u

by the Optional Sampling Theorem applied to M7=,
Finally, we note that [B],, = (B), = u almost surely. Indeed, by the Optional Sampling Theorem applied to
the martingale (M7«)? — [MT«], we have

E[By - B\, ] E[Mz, - M7, |77, ]

E[[Mlr, - Mg, |F7,] = u-r for 0<r<u.

Hence B2 — u is a martingale, and thus by continuity, [B],, = (B), = u almost surely.

We have shown that (B,,) is a continuous square-integrable (¥7, ) martingale with
[B]., = u almost surely. Hence B is a Brownian motion by Lévy’s characterization. |

Remark (Extensions). The assumption [M]. = oo in Theorem 1.7 ensures T,, < oo almost surely. If the
assumption is violated then M can still be represented in the form (1.21) with a Brownian motion B. However,
in this case, B is only defined on an extended probability space and can not be obtained as a time-change of
M for all times, cf. e.g. [36].

Exercise. Let M be a continuous local (%;) martingale, and let S and T be (7;) stopping times such that

S < T. Prove thatif [M|s = [M]r < oo almost surely, then M is almost surely constant on the stochastic
interval [S,T]. Use this fact to complete the missing step in the proof above.

We now consider several applications of Theorem 1.7.

Time-change representations of stochastic integrals

Let (W;);»0 be a Brownian motion with values in R? w.r.t. the underlying probability measure P. By
Theorem 1.7 and the remark below the theorem, stochastic integrals w.r.t. Brownian motions are time-
changed Brownian motions. For any integrand G € Li’ 1oc Rots R4), there exists a one-dimensional Brownian
motion B, possibly defined on an enlarged probability space, such that almost surely,

t
/ G, -dW, = ng G |? ds forany ¢ > 0.
o ,
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1.2. Random time change

Example (Gaussian martingales). If G is a deterministic function then the stochastic integral is a
Gaussian process that is obtained from the Brownian motion B by a deterministic time substitution. This
case has already been studied in Section 8.3 in [11].

Doeblin [10] has developed a stochastic calculus based on time substitutions instead of It integrals. For
example, a process (X;) is a solution of an SDE in R! of type

t t
X, —-Xo = / o(s, X;) dWs + / b(s,Xs) ds
0 0

if and only if

t

Xt - XO = Bf()t O'(S,Xg)z ds + / b(S, XS) ds
) 0

holds for a (different) Brownian motion B. The one-dimensional It6-Doeblin formula for smooth functions
of (¢, X;) then takes the form

—~ t Bf
f(t, Xt) - f(O,XO) = Bf()t O'(S,Xs)z f'(S,Xs)z ds + [) (a + Lf) (S, XS) dS

with Lf = % o f" + bf’ and another Brownian motion B.

Time substitution in stochastic differential equations

To see how time substitution can be used to construct weak solutions, we consider at first an SDE of type
dy, = o) dB, (1.22)

in R! where o : R — (0,00) is a strictly positive continuous function. If Y is a solution of (1.22), then by

Theorem 1.7 and the remark below,

t
Y, = Xa,  with A, =[Y] = / o (Y,)? dr (1.23)
0

and a Brownian motion X. Note that A depends on Y, so at first glance (1.23) seems not to be useful for
solving the SDE (1.22). However, the inverse time transformation 7 = A~! satisfies

1 1 1
T, = = _ = s
A’oT o(Y oT)? o(X)?

and hence .

T, = —— dv.
/0 O-(Xv)z '

Therefore, we can construct a weak solution Y of (1.22) from a given Brownian motion X by first computing
T, then the inverse function A = 7~!, and finally setting ¥ = X o A. More generally, the following result
holds:

Theorem 1.8. Suppose that (X;,) on (Q, A, P,(¥;)) is a weak solution of an SDE of the form
dX, = o(X,)dB, +b(X,)du (1.24)

with locally bounded measurable coefficients b : R — R4 and o : R? — R such that o(x) is invertible
for almost all x, and 0! is again locally bounded. Let o : RY — (0, ) be a measurable function such that
almost surely,

T, = /Q(Xv)dv < Yu € (0,0), and T, = oo. (1.25)
0
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1. Transformations of SDE

Then the time-changed process defined by

Y, = Xa, A = T,
is a weak solution of the SDE
b
4y, = (i)(Yt)dBt+(—)(Y,)dt. (1.26)
Vo o

We only give a sketch of the proof of the theorem:

Proof (Sketch). By Theorem 1.6, the process X is a solution of the martingale problem for the operator
L= %Z a;j(x) %;xj +b(x)-V wherea = ool ie.,

MY = fX) - F(X) - /0 (L)(X,) dv

is a local (%) martingale for any f € C2. Therefore, the time-changed process

Ay
lezt] f(XAt) - f(XA()) - 0 (-Ef)(Xv) dv

£ (%) - /0 (L)AL dr

is a local (¥4, ) martingale. Noting that

1 1 1
A; = ; = = E—
T'(Ar) Q(XAr) o(Y;)

we see that w.r.t. the filtration (%4, ), the process Y is a solution of the martingale problem for the operator

~ 1 aij b

= - = —-V.

L Q 2 ZJ 0 ax Bxl

Slnce £ % T, this implies that Y is a weak solution of (1.26). |

Remark (Time-change for Markov processes). The theorem is a special case of a time-change theorem
for Markov processes: A time transformation of the form (1.25) changes the generator £ of a Markov process
to éL. This is intuitively plausible by the interpretation of the generator as the infinitesimal rate of change.

Theorem 1.8 shows in particular that if X is a Brownian motion and condition (1.25) holds then the
time-changed process Y solves the SDE dY = o(Y)~'/? dB.

Example (Non-uniqueness of weak solutions). Consider the one-dimensional SDE
av, = [|Y|"dB, Y =0, (1.27)

with a one-dimensional Brownian motion (B;) and @ > 0. If @« < 1/2 and X is a Brownian motion with
Xo = 0 then the time-change T, = foa o(X,,) du with o(x) = |x| 722 satisfies

| /0 ok du| /0 * 1%, du

E[|X1|‘2"]'/ wdu < oo
0

E[T4]
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1.2. Random time change

forany o € (0, 0). Hence (1.25) holds, and therefore the process ¥; = Xa,, A = T-!, is a non-trivial weak
solution of (1.27). On the other hand, ¥; = 0 is also a weak solution. Hence for @ < 1/2, uniqueness in
distribution of weak solutions fails. For @ > 1/2, the theorem is not applicable since Assumption (1.25)
is violated. One can prove that in this case indeed, the trivial solution ¥; = 0 is the unique weak solution.

Exercise (Brownian motion on the unit sphere). LetY; = B,/|B;| where (B;),;>( is a Brownian motion
in R", n > 2. Prove that the time-changed process

t
Z.=Y,, T=A" with 4, =/ |Bs| 2 ds,
0

is a diffusion taking values in the unit sphere $"~! = {x € R" : |x| = 1} with generator

1 0? -1 0
.Ef(x) = E Af(x) - Z X Xj axiaij (x)) — n 5 Z xia—)j;(x), X € Sn—].
i,j i

One-dimensional SDE

By combining scale and time transformations, one can carry out a rather complete study of weak solutions
for non-degenerate SDE of the form

dX, = o(X,)dB, +b(X,)dt, Xo=xo (1.28)

on a real interval (a, 8). We assume that the initial value Xj is contained in (@, 8), and b, o : (a,8) —» R
are continuous functions such that o-(x) > 0 for any x € (a, ). We first simplify (1.28) by a coordinate
transformation ¥; = s(X;) where

s (@B) —  (s(a)s(B))

is C? and satisfies s”(x) > O for all x. The “scale function”

s(z) = /:exp(—/x:%dx)dy

0

has these properties and satisfies %o-zs” + bs’ = 0. Hence by the 1t6-Doeblin formula, the transformed
process ¥; = s(X;) is a local martingale satisfying

dY, = (os')(X;)dB,
i.e., Y is a solution of the equation
ay, = o¥)dB, Yo = s(x), (1.29)
where & := (0s”) o s7!. The SDE (1.29) is the original SDE in “natural scale”. It can be solved explicitly
by a time change. By combining scale transformations and time change one obtains:
Theorem 1.9 (Weak solutions of one dimensional SDE). The following statements are equivalent:

(i) The process (X;);<, on the setup (Q, A, P,(7;),(B;)) is a solution of (1.28) defined up to a stopping
time .

(i) The process Y; = s(X;), t < £, on the same setup is a solution of (1.29) up to ¢.

(iii) The process (¥;);<, has a representation of the form ¥; = §A1, where §t is a one-dimensional
Brownian motion satisfying By = s(xo) and A = T~! with

T, = / o(By) dv, oly) = 1/3(y)*
0

A. Eberle Stochastic Analysis (v. November 1, 2019) 17



1. Transformations of SDE

Carrying out the details of the proof is left as an exercise. The measure m(dy) := o(y) dy is called the
“speed measure” of the process Y although Y is moving faster if m is small. The generator of ¥ can be
written in the form £ = %ﬁ%, and the generator of X is obtained from L by coordinate transformation.
For a much more detailed discussion of one dimensional diffusions we refer to Section V.7 in [37]. Here we

only note that Theorem 1.9 implies existence and uniqueness of a maximal weak solution of (1.28):

Corollary 1.10. Under the regularity and non-degeneracy conditions on o and b imposed above there
exists a maximal weak solution X of (1.28) defined up to the first exit time

£ = inf{t > 0:1im X, € {5}

from the interval (@, 8). Moreover, the distributions of any two maximal weak solutions (X;),< and (X;), . Z
coincide.

Remark (Degenerate case). We have already seen above that uniqueness may fail if o is degenerate. For
example, the solution to the equation dY; = |Y;|* dB;, Yy = 0, is not unique in distribution for @ € (0, 1/2).

Example (Bessel SDE). Suppose that (R;);<, is a maximal solution of the Bessel equation

d
R, = AW+ ——d1, W ~ BM(R"),

t

on the interval (@, ) = (0, 00) with initial condition Ry = ry € (0,00) for some d € R. The ordinary

differential equation
r 1, N d-1
§==5
2 2r

for the scale function has a strictly increasing solution

’
s =

2-d

logr for d =2

L2 d for d#2
s(r):{ r or d # 2,

(More generally, cs + d is a strictly increasing solution for any ¢ > 0 and d € R).
Note that s is one-to-one from the interval (0, co) onto

(0, c0) for d < 2,
(5(0),5(c0)) = {(—00,00) for d =2,
(—00,0) for d > 2.

By a the scale transformation, we see that

s(ro) — s(a)
s(b) - s(a)

forany a < rg < b, where TX denotes the first passage time to c for the process X. Here we have applied
optional stopping to the martingale s(R). As a consequence,

PITF <TF] = P[Tss((bR)) < T;((S)]

1 for d <2,

P[liminth:O] = P[ m U {T5<Tzf}] =
e as(0r) be(me) 0 for d>2,
1 for d > 2,

P[limsupR,zoo] = P[ ﬂ U {T5<Tf}] =
ars be(rg,) ae(0,rg) 0 for d<2.
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1.3. Change of measure and drift transformations

Note that d = 2 is the critical dimension in both cases. Rewriting the SDE in natural scale yields
ds(R) = oT(s(R)dW  with () = s'(s7'().

In the critical case d = 2, s(r) = logr, 7(y) = ¢, and hence o(y) = o(y)™> = ¢*. Thus the speed
measure is m(dy) = e dy, and log R; = Br-1(), i.e.,

a
R, = exp(Br-iy) with T, = / exp (2By) du
0

and a one-dimensional Brownian motion B.

1.3. Change of measure and drift transformations

In this and the following sections, we study the effect of locally absolutely continuous changes of the
underlying probability measure on solutions of stochastic differential equations. In particular, we are
interested in the connections between two different ways of transforming a stochastic process (Y, P):

1) Random transformations of the paths: For instance, mapping a Brownian motion (¥;) to the solution
(X;) of a stochastic differential equation of type

dX, = bt,X,)dt+dy, (1.30)

corresponds to a random translation of the paths of (¥;):
t
Xi((w) = Y (w)+H{(w) where H; = / b(Xy) ds.
0

2) Change of measure: Replace the underlying probability measure P by a modified probability measure
Q such that P and Q are mutually absolutely continuous on #; for any ¢ € [0, o).

We focus mainly on random transformations of Brownian motions and the corresponding changes of measure.
To understand which kind of results we can expect in this case, we first look briefly at a simplified situation:

Example (Translated Gaussian random variables in R?). We consider the equation
X = bX)+Y, Y ~ N(,I;) wrt. P, (1.31)

for random variables X,Y : Q — R? where b : R¢ — R is a “predictable” map in the sense that the i-th
component b*(x) depends only on the first i — 1 components X?, ..., X*~! of X. The predictability ensures
in particular that the transformation defined by (1.31) is invertible, with X oylypl X2 =y2 412 (X 1),
X =V +pPX X, ... X"=Y"+p(X",..., X"").

A random variable (X, P) is a “weak” solution of the equation (1.31) if and only if Y := X — b(X) is
standard normally distributed w.r.t. P, i.e., if and only if the distribution P o X! is absolutely continuous
with density

x = b(x))
X

@ = f ) fae ™ 3

(27r)—d/2e—|x—b(X)|2/2

X2 4 ()

where ¢?(x) denotes the standard normal density in R¢. Therefore we can conclude:

(X, P) is a weak solution of (1.31) if and only if X ~ N(0, 1) w.r.t. the unique probability measure Q on
RY satisfying P < Q with
dp

_ . _ 2
o - exp (X - b(X) = |b(X)|%/2). (1.32)
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1. Transformations of SDE

In particular, we see that the law ” of a weak solution of (1.31) is uniquely determined, and u” satisfies
W = PoX' « Qox!' = NOI) =

with relative density

b
Zlu_o(x) = XbE-IbP/2
u

The example can be extended to Gaussian measures on Hilbert spaces and to more general transformations,
leading to the Cameron-Martin Theorem (cf. Theorem 1.15 below) and Ramer’s generalization [1]. Here,
we study the more concrete situation where Y and X are replaced by a Brownian motion and a solution of
the SDE (1.30) respectively.

Drift transformations for SDE

The Girsanov transformation can be used to construct weak solutions of stochastic differential equations.
For example, consider an SDE

dX, = b(t,X,)dt+dB,, Xo =0, B ~ BMRY), (1.33)

where b : R, x RY — R4 is continuous, and o € R is a fixed initial value. If the drift coefficient is not
growing too strongly as |x| — oo, then we can construct a weak solution of (1.33) from Brownian motion by
a change of measure. To this end let (X, Q) be an (¥;) Brownian motion with Xy = o Q-almost surely, and
suppose that the following assumption is satisfied:

Assumption (A). The process

t 1 t
Z, = exp (/ b(s,Xg) - dXg — 5/ |b(s, X)|? ds), t>0,
0 0

is a martingale w.r.t. Q.

We note that by Novikov’s criterion, the assumption always holds if

|b(t,x)] < c-(1+]x|) for some finite constant ¢ > 0. (1.34)

Exercise (Martingale property for exponentials). Prove that (Z;) is a martingale if (1.34) holds.
Hint: Prove first that Eg[exp fog |b(s, X,)|? ds] < oo for & > 0 sufficiently small, and conclude that
EglZ¢] = 1. Then show by induction that Eg[Zyc] = 1 for any k € N.

If (A) holds then Ep[Z;] = 1 for any ¢t > 0, and, by Kolmogorov’s extension theorem, there exists a
probability measure P on (Q, A) such that

dP

907 = 7 Q-almost surely for any ¢ > 0.

By Girsanov’s Theorem, the process
t
Bt = Xt - / b(S,Xs) dS, t > O,
0

is a Brownian motion w.r.t. P, i.e. (X, P) is a weak solution of the SDE (1.33).

More generally, instead of starting from a Brownian motion, we may start from a solution (X, Q) of an
SDE of the form
dX; = p@.X)dt + ot,X;) dW; (1.35)
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1.3. Change of measure and drift transformations

where W is an R¢-valued Brownian motion w.r.t. the underlying probability measure Q. We change measure
via an exponential martingale of type

t 1 t
7z, = exp(/ b(s,Xs)-dWS—E/ |b(s,Xs)|2ds)
0 0

where b, : R, XR" > R"and o : Ry X R" — R™ gre continuous functions.

Corollary 1.11 (Drift transformations for SDE). Suppose that (X,Q) is a weak solution of (1.35). If
(Z¢)>0 is a Q-martingale and £ < Q on F; with relative density Z, for any ¢ > 0, then (X, P) is a weak
solution of

dX, = (B+ob)t,X,)dt + o(t,X,)dB,, B ~ BM(RY). (1.36)

Proof. By (1.35), the equation (1.36) holds with

t
Bz = Wt - / b(s, XS) dS.
0
Girsanov’s Theorem implies that B is a Brownian motion w.r.t. P. |

Note that the Girsanov transformation induces a corresponding transformation for the martingale problem:
If (X, Q) solves the martingale problem for the operator

1 07
_ - iyj_ - . _ T
L = 5 ;i a o +8-V, a = oo, (1.37)

then (X, P) is a solution of the martingale problem for

L = L+(b)-V = L+b-olV.
This “Girsanov transformation for martingale problems” carries over to diffusion processes with more
general state spaces than R”.

Doob’s h-transform

The h-transform is a change of measure involving a space-time harmonic function that applies to general
Markov processes. In the case of Itd diffusions, it turns out to be a special case of the drift transform studied
above. Indeed, suppose that i € C'"2(R, x R") is a strictly positive space-time harmonic function for the
generator (1.37) of the It6 diffusion (X, Q), normalized such that /4(0,0) = 1:

oh
ot Lh = 0. k(o) = L. (1.38)

Then, by Itd’s formula, the process
Zt = h(t, Xl‘)? t 2 O,

is a positive local Q-martingale satisfying Zy = 1 Q-almost surely. We can therefore try to change the
measure via (Z;). To understand the effect of such a transformation, we write Z; in exponential form. By
the It6-Doeblin formula and (1.38),

dz, = (o'Vh)(t,X;) - dW;.
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Hence Z; = exp(L; — %[L]t) where

t 1 t
L = / —dZ, = / (0T V1og h)(s, X) - dWy
0 Zs 0
is the stochastic logarithm of Z. Thus if (Z, Q) is a martingale, and P < Q with local densities Z—g F = Z;
then (X, P) solves the SDE (1.35) with b = o7 Vlog h, i.e.,
dX, = (B+ oo Viegh)t,X,)dt + o(t,X,;) dB;, B ~ BM(RY) w.rt. P. (1.39)

The proces (X, P) is called the h-transform of (X, Q).

Example. If X; = W, is a Brownian motion w.r.t. Q then
dX, = Vlogh(t,X;)dt+dB;, B ~ BM(R?) wurt. P.

For example, choosing A(t, x) = exp(a - x — %Ialzt),a e R?, (X, P) is a Brownian motion with constant
drift a, i.e., dX; =adt + dBt

1.4. Path integrals, heat kernels and diffusion bridges

One way of thinking about a stochastic process is to interpret it as a probability measure on path space. This
useful point of view will be developed further in this and the following section. We consider an SDE

dX, = b(X;)dt+ dB, Xo = o, B ~ BM(RY) (1.40)

with initial condition 0 € R¢ and b € C(R?,R4). A solution to this SDE is sometimes called a Kolmogorov
process. We will show that the solution constructed by Girsanov transformation is a Markov process, and
we will study its transition function, as well as the bridge process obtained by conditioning on a given value
at a fixed time.

Let y,, denote the law of Brownian motion starting at o on (Q, 7.¥) where Q = C(R,,R%) and W;(x) = x;
is the canonical Brownian motion on (€2, u,,). We apply the results in Section 1.3 to construct a weak solution
of (1.40) from W by a change of measure. Let

t 1 t
Zt = &xp (/ b(Ws) : dWs - E/ |b(W?)|2 dS) . (141)
0 0
Note that if b(x) = —VH(x) for a function H € C*(R¢) then by Itd’s formula,
1 t
Z, = exp (H(Wo) —H(W,) + 3 / (AH - |VH|2) (Wy) ds) : (1.42)
0

This shows that Z is more robust w.r.t. variations of (W;) if b is a gradient vector field, because (1.42) does
not involve a stochastic integral. This robustness is crucial for certain applications, see the example below.
Similarly as in the last section, we assume:

Assumption (A). The exponential (Z;); >0 is a martingale w.r.t. u,.

Recall from above that this assumption is always satisfied if the drift satisfies the sublinear growth condition
(1.34). If (A) holds then by the Kolmogorov extension theorem, there exists a unique probability measure
w2 on (Q,FY) such that u2 and u, are mutually absolutely continuous on each of the o-algebras FWV,
t € [0, ), with relative densities
db,
dpo \7Y

By Girsanov’s Theorem, the process (W, /J’O’) is a weak solution of (1.40).

Z; Ho-a.S.
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Path integral representation

As a consequence of the considerations above we obtain a rigorous path integral representation for a solution
of the SDE (1.40): If ,12” denotes the law of the solution (Wj);<, on C([0, t],R4 ) w.r.t. u? then

py'(dx) = exp( / b(xs)-dxs—% / |b(xs)I? ds) py' (dx). (1.43)
0 0

By combining (1.43) with the heuristic path integral representation

113 1 1 ! ’ 2
widx) = ;exp(—i/o |x/|? ds) So(dxp) l_[ dxg

O<s<t

of Wiener measure, we obtain the non-rigorous but very intuitive representation

1 1 [
« ﬂg’[(dx) = —exp (——/ | x; —b(xs)|2 ds) 6o(dxo) 1—[ dxg 7 (1.44)
00 2 0

O<s<t

of uz’t. Hence intuitively, the “likely” paths w.r.t. uz’t should be those for which the action functional

1 t
I(x) = = / |x; - b(xs)|2 ds
2 Jo
takes small values, and the “most likely trajectory” should be the solution of the deterministic ODE
x; = b(xy)

obtained by setting the noise term in the SDE (1.40) equal to zero. Of course, these arguments do not hold
rigorously, because /(x) = oo for ,u?;t— and /12”- almost every x. Nevertheless, they provide an extremely
valuable guideline to conclusions that can then be verified rigorously, for instance via (1.43).

Example (Likelihood ratio test for non-linear filtering). Suppose that we are observing a noisy signal
(x;) taking values in R? with xo = 0. We interpret (x,) as a realization of a stochastic process (X;). We
would like to decide if there is only noise, or if the signal is coming from an object moving with law of
motion dx/dt = —VH(x) where H € C%(R?). The noise is modelled by the increments of a Brownian
motion (white noise). This is a simplified form of models that are used frequently in nonlinear filtering
(in realistic models often the velocity or the acceleration is assumed to satisfy a similar equation). In a
hypothesis test, the null hypothesis and the alternative would be

H() . Xt = Bts
H] . dX[ = b(Xt) dt + dBt,
where (B;) is a d-dimensional Brownian motion, and » = —VH. In a likelihood ratio test based on

observations up to time ¢, the test statistic would be the likelihood ratio dug” / d,ug’t which by (1.42) can
be represented in the robust form

d Z,l 1 t
#(x) = exp (H(xo) - H(x)+ 5 / (AH — |VHP)(x,) ds (1.45)
Ho' 0
The null hypothesis Hy would then be rejected if this quantity exceeds some given value c for the observed
signal x, i.e. , if
1 t
H(xo) — H(x;) + 3 / (AH - |VH|*)(xs)ds > loge. (1.46)
0

Note that the robust representation of the density ensures that the estimation procedure is quite stable,
because the log likelihood ratio in (1.46) is continuous w.r.t. the supremum norm on C([0,7],R9).
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The Markov property

Let E, and E? denote the expectations w.r.t. Wiener measure y,, with start in o and the transformed measure
ub, respectively. By exploiting the change of measure, we can easily verify that the weak solution (W, u2)
of the SDE (1.40) is a Markov process.

Theorem 1.12 (Markov property). If (A) holds then (W, u2) is a time-homogeneous Markov process with
transition function

pf(x,C) = ,uZ[Wt €eC]l = Ei[Z;; W eC] for any C € B(RY).

Proof. Let 0 < s < ¢, and let f : R? — R, be a non-negative measurable function. Then, by the Markov
property for Brownian motion,

EolfWDZ|\F ] Zs
E, [f(Wt)exp ( / t b(W,) - dW, — % / t |b(W,.)|? dr)
EWS [f(Wz—s)Zt—s] = (pf—sf)(Ws)

E2[FWIFN]

7]

Uo- and u’-almost surely. |

Remark. (i) Ifbistime-dependentthen one verifies in the same way that (W, ug) is atime-inhomogeneous
Markov process.

(ii) Itis not always easy to prove that solutions of SDE are Markov processes. If the solution is not unique
then usually, there are solutions that are not Markov processes.

Bridges and heat kernels

We now restrict ourselves to the time-interval [0, 1], i.e., we consider a similar setup as before with Q =
C([0,1],R4). Note that 7—”1W is the Borel o-algebra on the Banach space Q. Our goal is to condition the
diffusion process (W, ,u’(j) on a given terminal value W; = y, y € R, More precisely, we will construct a
regular version y — ,u’;,y of the conditional distribution ;12[-|W1 = y] in the following sense:

(i) Foranyy € RY, ,ul;’y is a probability measure on B(Q), and ,ulo”y[Wl =y]l=1

(ii) Disintegration: For any A € B(Q), the function y — ﬂg’y [A] is measurable, and
uolA] = / o LAl Py (0,dy).
R

(iii) The map y +— ﬂg’y is continuous w.r.t. weak convergence of probability measures.

Example (Brownian bridge). For b = 0, a regular version y +— u, , of the conditional distribution
Hol - [W1 = y] w.r.t. Wiener measure u, can be obtained by linearly transforming the paths of Brownian
motion, cf. Section 8.4 in [11]: Under u,, the process

Xy

;= W —tWy +ty, 0<r<1,

is independent of Wy with terminal value y, and the law y, , of (Xty )iefo,1] W.ILL. U, is a regular version
of uo[ - |W1 = y]. The measure y, , is called “pinned Wiener measure”.
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The construction of a bridge process described in the example only applies for Brownian motion and other
Gaussian processes. For more general diffusions, the bridge can not be constructed from the original process
by a linear transformation of the paths. For perturbations of a Brownian motion by a drift, however, we can
apply Girsanov’s Theorem to construct a bridge measure.

We assume for simplicity again that b is the gradient of a C? function:
b(x) = =VH(x) with H e C*R%).
Then the exponential martingale (Z;) takes the form

Z, = exp (H(Wo)—H(Wz)+l/t(AH— |VH|*)(Wy) dS),
2 Jo

cf. (1.42). Note that the expression on the right-hand side is defined y, y-almost surely for any y. Therefore,
(Z;) can be used for changing the measure w.r.t. the Brownian bridge.

Theorem 1.13 (Heat kernel and Bridge measure). Suppose that Assumption (A) is satisfied, and, more-
over, sup (AH — |VH|?) < co. Then:

1) The measure pll’ (0,dy) is absolutely continuous w.r.t. d-dimensional Lebesgue measure with density
pl(o,y) = pi(0.y) EoylZil.
2) A regular version of u[ - |W; = y] is given by

pi(o,y) exp H(o)
pb(o,y) exp H(y)

1
(@) exp(% JRCENZEES ds) Ho.y (d).

The theorem yields the existence and a formula for the heat kernel p? (0,y), as well as a path integral
representation for the bridge measure ,ug’y:

1
b (dx) o exp (% / (AH — |VH[*)(xs) ds) oy (dx). (1.47)
0

Proof (of Theorem 1.13). Let F : Q — R, and g : R — R, be measurable functions. By the disintegra-
tion of Wiener measure into pinned Wiener measures,

EPIF-gW)] = EJFs(W)Zi] = / Eos[FZ1] §(3) pr(ovy) dy.

Choosing F = 1, we obtain

/ g pilody) = / g() Eoy[Z1] pi(o,y) dy

for any non-negative measurable function g, which implies 1).

Now, choosing g = 1, we obtain by 1) that

Eo,y [F Zl]
Eo,y [Zl]

/ E} J[F] p}(o.dy) (1.49)

EV[F] = / EoslFZi pi(oy) dy = / PP (0,dy) (1.48)
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1. Transformations of SDE

Since W; =y ug,y—a.s., this proves 2), if we can show that y — ,ug’y is weakly continuous. This is indeed
the case, as for any bounded continuous function F : Q — R, we have

Eoy[FZ)) oy [Foxp (%3l = 1VHPYW,) ds)]

E(?,y [F] = E [Z ] - 1 1 ’
oy Z1 E,., [exp (z Sl aH = |VH2)(W,) ds)]
and the integrands are bounded continuous functions on Q by the assumptions on F and H. |

Remark (Non-gradient case). If b is not a gradient then things are more involved because the expressions
for the relative densities Z, contain a stochastic integral. In principle, one can proceed similarly as above
after making sense of this stochastic integral for y, -almost every path x.

Example (Reversibility in the gradient case). The representation (1.47) immediately implies the fol-
lowing reversibility property of the diffusion bridge when b is a gradient: If R : C([0,1],RY) —
C([0, 1],R?) denotes the time-reversal defined by (Rx); = x|_,, then the image yg’y o R™! of the bridge

measure from o to y coincides with the bridge measure ,uf,’o from y to o. Indeed, this property holds for
the Brownian bridge, and the relative density in (1.47) is invariant under time reversal.

SDE for diffusion bridges

An important application of the A-transform is the interpretation of diffusion bridges by a change of measure
w.r.t. the law of the unconditioned diffusion process (W, u2) on C([0, 1], R¢) satisfying

th = dBt + b(Wt) dt, W() = 0.

We assume that the transition density (¢, x,y) +— pf (x,y) is smooth for ¢+ > 0 and bounded for ¢ > & for

any &£ > 0. By the Markov property, the marginal distributions of the process (W, u2) are given for any
O<ti<ph<...<tr <1lby

Wi, s Wyy) ~ pZ (o,xl)pg_,1 (x1,x2) - - -pfk_lk_l(xk_l,xk) A*(dx).

For #; < 1 the densities of the corresponding marginal distributions of the diffusion bridge (W, ;/;,y) coincide
with the conditional densities of the marginal distributions under u’ given the value y for the end point.
Therefore, under ylo’,y,

Pr (0, X0y (x1,%2) -+ Py (et xi)PY_, (ks Y)

(Wl‘lv' . "Wlk) ~ /lk(dX)

pb(o,y)

Choosing #; = t, we see that for r < 1, the bridge measure uz’y is absolutely continuous w.r.t. 42 on FWv
with relative density

Z, = h(t,W,)  where  h(t,z) = pb_(z.9)/p%(0.y).

Since the local densities form a martingale, the It6-Doeblin formula shows that % is space-time harmonic
w.r.t. the diffusion generator £L? = %A +b-V. Alternatively, this also follows from the Kolmogorov backward
equation

P
Epﬁ’(-,y) = L°p’(.y).

Thus we see that the diffusion bridge is an A-transform of the unconditioned diffusion process (W, ,ug).
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Theorem 1.14 (SDE for diffusion bridges). The diffusion bridge (W, ,ug’y) is a weak solution of the SDE

dX, = dB, + b(X;)dt + (Vlogp? ,(,y)(X,) dt, r < 1. (1.50)

Proof. The equation is a special case of the SDE (1.39) for the h-transform, which has been derived above
as a consequence of Corollary 1.11. |

Note that the additional drift (¢, x) = Vlog p’l’_ (. ¥)(x) is singular as 7 T 1. Indeed, if at a time close to 1
the process is still far away from y, then a strong drift is required to force it towards y. On the o-algebra
TlW, the measures u’; and ,u’;,y are singular. In the case b = 0, we recover the SDE

_X
dX, = dB, + yl L dt

for the Brownian bridge that we have derived before by other means.

Remark (Generalized diffusion bridges). Theorem 1.14 carries over to bridges of diffusion processes with
non-constant diffusion coefficients o. In this case, the SDE (1.50) is replaced by

dX, = o (X,)dB, +b(X,) di + (G'O'TV10gp]_,(-, y)) (X,) dt. (1.51)
The last term can be interpreted as a gradient of the logarithmic heat kernel w.r.t. the Riemannian metric
g = (oo T)~! induced by the diffusion process.
1.5. Large deviations on path spaces
In this section, we apply Girsanov’s Theorem to study random perturbations of a dynamical system of type
dX? = b(X?)dt+ e dB, X5 =0, (1.52)
asymptotically as € | 0. We show that on the exponential scale, statements about the probabilities of rare

events suggested by path integral heuristics can be put in a rigorous form as a large deviation principle on
path space. Before, we give a complete proof of the Cameron-Martin Theorem.

Let Q = Cy([0,1],R?) endowed with the supremum norm ||w|| = sup{|w(t)] : ¢ € [0,1]}, let u denote
Wiener measure on 8(Q), and let W;(w) = w(t).

Translations of Wiener measure
For h € Q, we consider the translation operator 7, : Q — Q,
(w) = w+h,

and the translated Wiener measure up, 1= g o7, I
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Theorem 1.15 (Cameron, Martin 1944). Let & € Q. Then y; < p if and only if 4 is contained in the
Cameron-Martin space

Hey = {heQ : his absolutely contin. with ” € L2([0,1],R%)}.
In this case, the relative density of yj w.r.t. pis

d/lh /t ’ 1/t 712
— = h, - dW; — = hi|” ds). 1.53
Y Ty 1

Proof. “<” is a consequence of Girsanov’s Theorem: For h € Hcyy, the stochastic integral f h’ - dW has
finite deterministic quadratic variation [ [ A’ - dW]; = fol |h’|* ds. Hence by Novikov’s criterion,

t 1 t
7, = exp(/ h’-dW—§/|h’|2ds)
0 0

is a martingale w.r.t. Wiener measure u. Girsanov’s Theorem implies that w.r.t. the measure v = Z; - u, the
process (W;) is a Brownian motion translated by (4;). Hence

w, = poW+hl = vow!l = .

113 b3

=" To prove the converse implication let 4 € €, and suppose that y, < u. Since W is a Brownian
motion w.r.t. u, W — h is a Brownian motion w.r.t. . In particular, it is a semimartingale. Moreover, W is
a semimartingale w.r.t. u and hence also w.r.t. ;. Thus A = W — (W — h) is also a semimartingale w.r.t. uy,.
Since h is deterministic, this implies that % has finite variation. We now show:

Claim. The map g — fol g - dh is a continuous linear functional on L?([0, 1],R4).

The claim implies & € Hcpy. Indeed, by the claim and the Riesz Representation Theorem, there exists a
function f € L?([0,1],R9) such that

1 1
/g-dh = /g-fds for any g € L*([0,1],RY).
0 0

Hence £ is absolutely continuous with 7’ = f € L*([0, 1],R%). To prove the claim let (g,,) be a sequence in
L%([0,1],R4) with ||g,||;2» — 0. Then by It6’s isometry, [ gndW — 0in L?(u), and hence p- and p,-almost
surely along a subsequence. Thus also

/gn-dh = /gn-d(W+h)—/gn-dW — 0

p-almost surely along a subsequence. Applying the same argument to a subsequence of (g,,), we see that
every subsequence (g,) has a subsequence (g,) such that [ ¢, - dh — 0. This shows that [ g, - dh converges
to 0 as well. The claim follows, since (g,) was an arbitrary null sequence in L>([0, 1],R%). |

A first consequence of the Cameron-Martin Theorem is that the support of Wiener measure is the whole
space Q = Cy([0,1],RY). Let B(h,r) = {w € Q : ||w — h|| < r} denote a ball in Q w.r.t. the supremum norm.

Corollary 1.16 (Support Theorem). For any 4 € Q and 6 > 0, ,u[B(h, 6)] > 0.
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Proof. Since the Cameron-Martin space is dense in Q) w.r.t. the supremum norm, it is enough to prove the
assertion for & € Hcpy. In this case, the Cameron-Martin Theorem implies

ullw=nll<s] = uallwli<s] > o0
as u[||W]| < 6] >0and u_p, < p. |

Remark (Quantitative Support Theorem). More explicitly,

u[lw - il < 5] pnl W] < o]

_ E[exp(—/olh’.dW—%/Ol |h'|2ds) : max [Wy| < 6
where the expectation is w.r.t. Wiener measure. This can be used to derive quantitative estimates.
Schilder’s Theorem
We now study the solution of (1.52) for b = 0, i.e.,

X? = +eB, t €[0,1],

with £ > 0 and a d-dimensional Brownian motion (B;). Path integral heuristics suggests that for 4 € Hcyy,

« P[XS ~ h] = /J|:W = £:| ~ e_I(h/\/g) — e—I(h)/S ”
Ve
where I : Q — [0, 0] is the action functional defined by
1 1 ’ 2 .
w) = {i Jo lw'(9)|*ds  if w e Hepm,
+oo otherwise.

The heuristics can be turned into a rigorous statement asymptotically as & — 0 on the exponential scale.
This is the content of the next two results that together are know as Schilder’s Theorem:

Theorem 1.17 (Schilder’s large derivation principle, lower bound).

1) Forany h € Qand ¢ > O,

hm&)nf clog u[VeW € B(h,6)] > -I(h).

2) For any open subset U C Q,

liminf £1 > —inf I(w).
Hgﬁ)n elog u[\/EWEU] > JInf (w)

Here B(h,8) = {w € Q : ||w — h|| < 6} denotes the ball w.r.t. the supremum norm.
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Proof. 1) For h € Q\ Hcyy, the assertion trivially holds since I(h4) = co. Hence assume h € Hepy. Let
¢ = +/8I(h). Then for ¢ > 0 sufficiently small,

uW € B(h/Ve.5/Ve)]
= e [BO,6/VE)]

- E[exp(—é/olh'-dW—21—8/01|h’|2ds);B(o,%)]

exp ( - él(h) - é) u[{/ol h - dw < c} N B(O,%)]
)

u|[VeW € B(h,5)]

v

\%

1 1
— exp (——I(h) -
2 £
where E stands for expectation w.r.t. Wiener measure. Here we have used that

1 1 2
u[/ h'-dW>c] < c‘zE[(/ h’-dW) ] = 2R < 1/4
0 0
by Itd’s isometry and the choice of c.
2) Let U be an open subset of Q. For & € U N Heyy, there exists 6 > 0 such that B(h,6) C U. Hence by 1),

1imlionf glog u[VeW e Ul > —I(h).
&

Since this lower bound holds for any 4 € U N Hcyy, and since I = co on U \ Hepy, we can conclude that

liminf €1 WeU] > - inf [I(h) = - inf I(w).
it elog WVEW UL 2ol I = - T

To prove a corresponding upper bound, we consider linear approximations of the Brownian paths. Forn € N
let
W = (1= )W + sWes1/n

whenever t = (k + s)/nfork € {0,1,...,n— 1} and s € [0, 1].

Theorem 1.18 (Schilder’s large deviations principle, upper bound).

1) Foranyn € Nand A > 0,

limsup log u[I(eW™) > ] < -A.
10

2) For any closed subset A C Q,

limsup elog u[veW € A] < - inf I(w).
8,],0 weA

Proof. 1) Lete > 0andn € N. Then

n
I(VeW™) = SZHIWk/n—W<k—1>/"|2'

1
2 k=1
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Since the random variables 7, := vn - (W /n — W(k-1y/n) are independent and standard normally distributed,

we obtain
u| 2 Iml? = 24/]

exp(—24c/e) E [ exp (c Z Ink|2)],

pI(VeW™) > a]

IA

where the expectation on the right hand side is finite for ¢ < 1/2. Hence for any ¢ < 1/2,

limsup log u[I(VeW™) > ] < —2cA.
10

The assertion now follows as ¢ T 1/2.

2) Now fix a closed set A C Q and A < inf{/(w) : w € A}. To prove the second assertion it suffices to
show

limsup glog u[VeW € A] < -A. (1.54)
10

By the Theorem of Arzéla-Ascoli, the set {I < A} is a compact subset of the Banach space Q. Indeed, by
the Cauchy-Schwarz inequality,

lw(®) —w(s)| =

/ta)'(u)du’ < V2avi—s Vst e[0,1]

holds for any w € Q satisfying I(w) < A. Hence the paths in {/ < A} are equicontinuous, and the Arzéla-
Ascoli Theorem applies.

Let § denote the distance between the sets A and {/ < A} w.r.t. the supremum norm. Note that § > 0,
because A is closed, {/ < A} is compact, and both sets are disjoint by the choice of 2. Hence for £ > 0, we
can estimate

WVEW € A] < plI(VEW™) > A1 + ul||[VEW — VEW ™|y > 6].

The assertion (1.54) now follows from

limsup elog u[I(VeW™)> 1] < -A, and (1.55)
10

limsup glog u[[|W - W™||yp > 6/Ve] < -A (1.56)
el0

The bound (1.55) holds by 1) for any n € N. The proof of (1.56) reduces to an estimate of the supremum of
a Brownian bridge on an interval of length 1/n. We leave it as an exercise to verify that (1.56) holds if n is
large enough. |

Remark (Large deviation principle for Wiener measure). Theorems 1.17 and 1.18 show that
1.
ul[VeW e A] =~ exp ( — — inf I(w))
E weA

holds on the exponential scale in the sense that a lower bound holds for open sets and an upper bound holds
for closed sets. This is typical for large deviation principles, see e.g. [9] or [20]. The proofs above based on
“exponential tilting” of the underlying Wiener measure (Girsanov transformation) for the lower bound, and
an exponential estimate combined with exponential tightness for the upper bound are typical for the proofs
of many large deviation principles.
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Random perturbations of dynamical systems
We now return to our original problem of studying small random perturbations of a dynamical system
dX? = b(X7)dt+ e dB, X5 = 0. (1.57)
This SDE can be solved pathwise:
Lemma 1.19 (Control map). Suppose that b : R¢ — R¢ is Lipschitz continuous. Then:

1) For any function w € C([0, 1],R?) there exists a unique function x € C([0,1],R?) such that

t
x(t) = / b(x(s)) ds + w(t) Vitel01]. (1.58)
0
The function x is absolutely continuous if and only if w is absolutely continuous, and in this case,

x'(t) = bx(t)+w'(t) forae te][0,1]. (1.59)

2) The control map J : C([0,1],R?) — C([0, 1],R?) that maps w to the solution J (w) = x of (1.58) is
continuous.

Proof. 1) Existence and uniqueness hold by the classical Picard-Lindelof Theorem.
2) Suppose that x = J(w) and X = J (@) are solutions of (1.58) w.r.t. driving paths w,® € C([0,1],R?).
Then for ¢ € [0, 1],

|x(1) = x(0)] | /0 (b(x(s)) = b(x(s))) ds + w(t) - (1)

IA

t
L/ |x(s) — x(s)| ds + |w(t) — (7).
0
where L € R, is a Lipschitz constant for . Gronwall’s Lemma now implies
|x() =x(0)] < exp(tL) ||lw - @llwp V1 €[0,1],

and hence
llx = Xlwp < exp(L) [|w — @ lsup-

This shows that the control map . is even Lipschitz continuous. |
For & > 0, the unique solution of the SDE (1.57) on [0, 1] is given by
X° = J(VeB).

Since the control map . is continuous, we can apply Schilder’s Theorem to study the large deviations of X?
ase | O:

Theorem 1.20 (Fredlin & Wentzel 1970, 1984). If b is Lipschitz continuous then the large deviations
principle
liminf elog P[X* e U] > - inf Ip(x) for any open set U C Q,
10 xeU

limsup elog P[X® € A] < —inf I(x) for any closed set A C Q,
S.LO X€EA

holds, where the rate function I, : Q — [0, o] is given by

1 ’
I(x) = 3 Jo 1x/(s) = b(x(s))*> ds  for x € He,
+eo for x € Q\ Hew.
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1.5. Large deviations on path spaces

Proof. For any set A C Q, we have
P[X* €Al = PNeBeJ ' A)] = ulVeWe g (A
If A is open then J~'(A) is open by continuity of 7, and hence

liminf elog P[X® € A] > - inf [(w))
|0 weJ1(A)

by Theorem 1.17. Similarly, if A is closed then J~!(A) is closed, and hence the corresponding upper bound
holds by Theorem 1.18. Thus it only remains to show that

inf I(w) = inf I(x).
(,_)EJ’I(A) X€EA

To this end we note that w € J~'(A) if and only if x = J(w) € A, and in this case w’ = x” — b(x). Therefore,

1 1
inf  I(w) = inf —/ |w’(s)|? ds
weJ1(A) weI(AnHem 2 Jo
. 1 ! ’ 2 .
= xeAlr?ffICM 5/0 |x'(s) = b(x(s))|*ds = ;relg Ip(x). |

Remark (Extensions). The large deviation principle in Theorem 1.20 generalizes to non-Lipschitz contin-
uous vector fields b and to SDEs with multiplicative noise. However, in this case, there is no continuous
control map that can be used to reduce the statement to Schilder’s Theorem. Therefore, a different proof is
required, see e.g. [9].
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2. Poisson point processes and SDE with jumps

This chapter contains an introduction to stochastic integration w.r.t. Poisson point processes and stochastic
differential equations for processes with jumps. In particular, we will construct Lévy processes with possibly
infinite jump intensity from Poisson point processes. For more details on Lévy processes we refer to the
monographs of Applebaum[4] and Bertoin[7].

We start by summarizing a few notations and facts about cadlag functions that are frequently used below.
If x : I — R is a cadlag function defined on a real interval I, and s is a point in I except the left boundary
point, then we denote by

Xg— =  limxg_
€10
the left limit of x at s, and by
Axy = xg— X4

the size of the jump at s. Note that the function s +— x;_ is left continuous with right limits. Moreover,
x is continuous if and only if Axy = O for all s. Let D(I) denote the linear space of all cadlag functions
x:1—R.

Exercise (Cadlag functions). Prove the following statements:
a) If I is a compact interval, then for any function x € D([), the set
{sel:|Axg| > &}
is finite for any &€ > 0. Conclude that any function x € D([0,0)) has at most countably many
jumps.
b) A cadlag function defined on a compact interval is bounded.

¢) A uniform limit of a sequence of cadlag functions is again cadlag .

2.1. Poisson random measures and Poisson point processes

A compound Poisson process has only finitely many jumps in a finite time interval. General Lévy jump
processes may have a countably infinite number of (small) jumps in finite time. In the next two sections,
we will construct such processes from their jumps. As a preparation we will now study Poisson random
measures and Poisson point processes that encode the jumps of Lévy processes. The jump part of a Lévy
process can be recovered from these counting measure valued processes by integration, i.e., summation of
the jump sizes.

The jumps of a Lévy process
Let
ME(S) = {Z dy, : (yi) finite or countable sequence in S}

denote the set of all counting measures on a set S. By the exercise above, a Lévy process (X;) has only
countably many jumps, because the paths are cadlag. The jumps can be encoded in the counting measure-
valued stochastic process N; : Q — MZI (R4 \ {0}),

N(dy) = > oax,(dy), 120,
Agff;O
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2. Poisson point processes and SDE with jumps

or, equivalently, in the random counting measure N : Q — M} (R, X RY\ {0})) defined by

N(dtdy) = ) 6pax,(ddy).
5>0
AX#0
R? Xi o — AXy

The process (N;);»o can be interpreted as the derivative of (X;). It is increasing and adds a Dirac mass at y
each time the process (X;) has a jump of size y. Since (X;) is a Lévy process, (N;) also has stationary and
independent increments:

Ng.+(B) — Ny(B) ~ N;(B)  foranys,r >0 and B € B(R?\ {0}).

Hence for any set B with N;(B) < oo a.s. for all ¢, the integer valued stochastic process (N;(B));>o is a Lévy
process with jumps of size +1. From this, one can conclude that (N;(B)) is a Poisson process, see the exercise
below. In particular, ¢t — E[N;(B)] is a linear function. The o-finite measure v on the Borel o-algebra
B(R4 \ {0}) determined by

E[N,(B)] = t- v(B) forallz > 0 and B € B(R? \ {0}) 2.1

is called the jump intensity measure of the Lévy process (X;). It is elementary to verify that for any Lévy
process, there is a unique measure v satisfying (2.1). Moreover, since the paths of a Lévy process are cadlag,
the measures N; are almost surely finite on {y € R : |y| > &} for any & > 0. Thus N;(|y| > &) is a Poisson
random variable, and the jump intensity measure v is finite on {y € R? : |y| > &} for any & > 0, too. For
compound Poisson processes, the jump intensity measure has finite total mass. The next example shows that
this is not the case for general Lévy processes.

Example (Stable processes). Stable processes are Lévy processes that appear as scaling limits of
Random Walks. Suppose that S, = Z;’zl n; is a Random Walk in R? with i.i.d. increments n;. If
the random variables 7; are square-integrable with mean zero then Donsker’s invariance principle (the
“functional central limit theorem”) states that the diffusively rescaled process (k‘l/ s Lkt )r =0 converges
in distribution to (o B,);s0 where (B;) is a Brownian motion in R¢ and o is a non-negative definite
symmetric d X d matrix. However, the functional central limit theorem does not apply if the increments
n; are not square integrable (“heavy tails”). In this case, one considers limits of rescaled Random Walks
of the form Xt(c) = ¢8| car) where @ € (0,2] is a fixed constant. It is not difficult to verify that if (Xt(c))
converges in distribution to a limit process (X;) as ¢ — oo, then (X;) is a Lévy process that is invariant
under the rescaling, i.e.,

¢ 'Xeay ~ X,  foranyc e (0,00)and > 0. (2.2)

A Lévy process (X;) satisfying (2.2) for some « € (0,2] is called (strictly) a-stable. The reason for the
restriction to @ € (0,2] is that for @ > 2, an a-stable process does not exist. This will become clear
by the proof of the exercise below. There is a broader class of Lévy processes that is called a-stable in
the literature, cf. e.g. [27]. Throughout these notes, by an a-stable process we always mean a strictly
a-stable process as defined above. For b € R, the deterministic process X; = bt is a 1-stable Lévy
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2.1. Poisson random measures and Poisson point processes

process. Moreover, a Lévy process X in R! is 2-stable if and only if X, = 0B, for a Brownian motion
(B;) and a constant o € [0, c0). The exercise below shows that characteristic exponents can be used to
classify all @-stable processes.

The jump intensity measures of strictly a-stable processes in R! can be easily found by an informal
argument. Suppose we rescale in space and time by y — cy and t — ¢®t. If the jump intensity
is v(dy) = f(y) dy, then after rescaling we would expect the jump intensity c® f(cy)c dy. If scale
invariance holds then both measures should agree, i.e., f(y) « |y|~!~® both for y > 0 and for y < 0
respectively. Therefore, the jump intensity measure of a strictly a-stable process on R! should be given
by

v(dy) = (cxd0.00) () + el 0)()) Iy dy 2.3)

with constants ¢, c_ € [0, c0). Note that whenever the measure v in (2.3) is not trivial, it has infinite total
mass. As a consequence, a-stable processes are either continuous, or they have almost surely infinitely
many jumps in every non-empty finite time interval.

Exercise (Characterization of stable processes). For « € (0,2] and a Lévy process (X;) in R! with
Xo = 0 the following statements are equivalent:

(1) (X;) is strictly a-stable.

(i) Y(cp) = c®Y(p) forany ¢ > O and p € R.

(iii) There exists constants o > 0 and u € R such that
y(p) = o?lpl*(1 +iusgn(p)).

Exercise (Strong Markov property for Lévy processes). Let (X;);>0 be a Lévy process w.r.t. the fil-
tration (¥7);»0 and let T be a finite stopping time. Show that ¥; = Xr,; — Xr is a process that is
independent of ¥, and X and Y have the same law.

Hint: Consider the sequence of stopping times defined by

k+1 . k k+1
o if —<T«< .

T, (w) = on o

Notice that T,, | T as n — oo. In a first step show that for any t| < ty < ... < t,y, m > 1, any bounded
continuous function f on R™, and any A € Fr we have

E | f(Xry+t, = X101+ - s Xttty — Xr) 14| = E | f(X11- ... X1,)| PIAL

Exercise (A characterization of Poisson processes). Let (X;);>o be a Lévy process with Xy = 0 a.s.
Suppose that the paths of X are piecewise constant, increasing, all jumps of X are of size 1, and X is not
identically 0. Prove that X is a Poisson process.

Hint: Apply the strong Markov property to the jump times (T;)i=1 2.... of X to conclude that the random
variables U; := T; — T;— are i.i.d. (with Ty := 0). Then, it remains to show that Uy is an exponential
random variable with some parameter A > 0.

Poisson point processes

If (X;) is a pure jump process with finite jump intensity measure (i.e., finitely many jumps in a finite time
interval) then it can be recovered from (N;) by adding up the jump sizes:

X-Xo = ) AX = / v Ni(dy).

Our goal is to construct more general Lévy jump processes from the measure-valued processes encoding the
jumps. As a first step, we are going to define formally the counting-measure valued processes that we are
interested in. Let (S, 8, v) be a o-finite measure space.
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2. Poisson point processes and SDE with jumps

Definition 2.1 (Poisson random measures and Poisson point processes). A collection of random vari-
ables N(B), B € B, on a probability space (Q, A, P) is called a Poisson random measure (or spatial
Poisson process) of intensity v if and only if

(i) B — N(B)(w) is a counting measure for any w € Q,
@ii) if By,..., B, € B are disjoint then the random variables N(B;),. .., N(B,) are independent, and
(iii) for any B € B with v(B) < oo, N(B) is Poisson distributed with parameter v(B).

A collection N;(B),t > 0, B € B, of random variables on a probability space (€, A, P) is called a Poisson
point process of intensity v if and only if

(i) B+ Ny(B)(w) is a counting measure on S for any ¢t > 0 and w € Q,
(i) if By, ..., B, € Baredisjoint then (N;(B1))s >0, - - - » (N:(By)): >0 are independent stochastic processes,

(iii) for any B € 8B with v(B) < oo, (N;(B));>0 is a Poisson process of intensity v(B).

We will see below that if the intensity measure v of a Poisson random measure does not have atoms
then almost surely, N({x}) € {0,1} forany x € S, and N = ) 4 d, for a random subset A of S. For
this reason, it is also common to use the terminology “Poisson point process” as a synonym for “Poisson
random measure”. Here, we prefer to reserve this notation exclusively for temporal processes. In our sense,
a Poisson point process adds random points (Dirac masses) with intensity dt v(dy) in each time instant dt.
It is the distribution function of a Poisson random measure N(dt dy) on R* x 8 with intensity measure
dt v(dy), i.e.

N;(B) = N(0,t]x B) foranyt > Oand B € 8.

In stochastic differential equations, this Poisson random measure N(dt dy) will play the role of a Poisson noise.

The distribution of a Poisson point process is uniquely determined by its intensity measure: If (N;) and (N;)
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2.1. Poisson random measures and Poisson point processes

are Poisson point processes with intensity v then

(Nt(Bl)w--’Nt(Bn))tZO ~ (Nz(Bl)a-'-71\7t(Bn))t20

for any finite collection of disjoint sets B, ..., B, € B, and, hence, for any finite collection of measurable
sets By,...,B, € B.

The next theorem shows that a Poisson random measure and a Poisson point process with finite intensity v
can be constructed as empirical measures of independent samples from the normalized measure v/v(S). An
advantage of Poisson point processes over Lévy processes is that the passage from finite to infinite intensity
(of points or jumps respectively) is not a problem on the level of Poisson point processes because the resulting
sums trivially exist by positivity:

Theorem 2.2 (Construction of Poisson point processes and Poisson random measures).

1) Suppose that v is a finite measure with total mass A = v(S), and assume that the random variables n; are
independent with distribution 2~!v, and (K;) is an independent Poisson process of intensity A. Then

Ky

B = Z‘Sm‘

J=1
is a Poisson point process of intensity v. In particular, ; is a Poisson random measure of intensity v.

2) If (Nt(k) ), k € N, are independent Poisson point processes on (S, 8) with intensity measures v, then

o= Y
k=1

is a Poisson point process with intensity measure v = ) vx. A corresponding statement holds for
Poisson random measures.

Conversely to 1), one can also show by uniqueness in law, that any Poisson point process with finite
intensity measure v can be almost surely represented as in the first part of the theorem, where K; = N;(S).

The details of the proof of the theorem are left as an exercise. We just note that the statements are
consequences of the well-known subdivision and superposition properties of Poisson processes:

Lemma 2.3 (Superpositions and subdivisions of Poisson processes). Let K be a countable set.

1) Suppose that (Nt(k))tzo, k € K, are independent Poisson processes with intensities Ay.. Then

Nt = Z Nt(k) 5 t 2 0’
keK

is a Poisson process with intensity A = ), Ay provided A < oo.

2) Conversely, if (N; ) >0 is a Poisson process with intensity A > 0, and (Cy,)nen is a sequence of i.i.d. random
variables C,, . Q +— K that is also independent of (N;), then the processes

are independent Poisson processes of intensities qy A, where g = P[C = k.
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2. Poisson point processes and SDE with jumps

The subdivision in the second assertion can be thought of as colouring the points in the support of the
corresponding Poisson random measure N(dt) independently with random colours C;, and decomposing the
measure into parts NK)(dt) of equal colour.

Proof. The first part is rather straightforward, and left as an exercise. For the second part, we may assume
w.l.o.g. that K is finite. Then the process N; : Q — RX defined by

N

— k .

N, = (Nz( ))kEK = E 1nj with ny = (I{k}(cj))keK
j=1

is a compound Poisson process on RX, and hence a Lévy process. The characteristic function of N, fort > 0
is given by

E [exp (ip- §)| = exp (11(0(p) - 1), p € RE,

exp (i Z Pkl{k}(Cl)) = Z qre'Px.

keK keK

where

¢(p) = E [exp(ip-m)] = E

Noting that )’ gx = 1, we obtain
Elexp(ip - 1\7,)] = 1_[ exp(Atq(eP* — 1)) forany p € RK and 1 > 0.

keK

The assertion follows, because the right hand side is the characteristic function of a Lévy process in RK
whose components are independent Poisson processes with intensities gx A. |

Exercise (Mapping theorem). Applying a measurable map to the points of a Poisson point process
yields a new Poisson point process: Let (S, 8B) and (7, 7") be measurable spaces and let f : S — T be
a measurable function. Prove that if (V;) is a Poisson point process with intensity measure v then the
image measures N; o f~!, ¢t > 0, form a Poisson point process on T with intensity measure v o 1.

Connection to compound Poisson processes

In Section 2.3, we are going to construct general Lévy jump processes from Poisson point processes. For
the moment, we can already carry out this construction for compound Poisson processes (i.e., for Lévy jump
processes with finite intensity). Indeed, suppose that (N;) is a Poisson point process on R¢ \ {0} with finite
intensity measure v. Then for any # > 0, N;(R¢ \ {0}) is almost surely finite, and hence the support of the
counting measure NN; is almost surely finite as well. Therefore, we can define a jump process

X, = N:(d = Ny
JAPRRCE LA

yesupp(N¢)

whose jumps are determined by the Poisson point process. It is not difficult to verify that (X;) is indeed
a compound Poisson process with jump intensity measure v. The next theorem contains a slightly more
general statement.

Theorem 2.4 (Construction of CPP from PPP). For any Poisson point process with finite intensity mea-
sure v on a measurable space (S, $), and for any measurable function f : S — R", n € N, the process

N(f) = / FOINidy) . 120,

is a compound Poisson process with intensity measure v o 1.
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2.1. Poisson random measures and Poisson point processes

Proof. By Theorem 2.2 and by the uniqueness in law of a Poisson point process with given intensity
measure, we can represent (N;) almost surely as N, = Z;—i’l 6y, with i.i.d.random variables 17; ~ v/v(S) and
an independent Poisson process (K;) of intensity v(S). Thus almost surely,

K
N = [Ny = Y s,
=

Since the random variables f(1;), j € N, are independent of (K;) and i.i.d. with distribution ﬁ o f1,
(N;(f)) is a compound Poisson process with intensity measure v o f~!. |

As a consequence of the theorem, we can identify various martingales related to a Poisson point process.

Corollary 2.5 (Martingales of Poisson point processes). Suppose that (;) is a Poisson point process
with finite intensity measure v. Then the following processes are martingales w.r.t. the filtration 7V =
o(Ng(B):0<s<t, BeB):

(i) Ni(f) = N(f)—t[fdv  forany f € L'(v),
(i) N:(f)Ni(g)—1t [ fgdv  forany f,g € L2(v),

(i) exp (ipN:(f) +1t [(1 —e'PT)dv) for any measurable f : S — Rand p € R.

Proof. By polarization it is sufficient to prove the second statement for f = g. The assertions now follow
more or less directly from the identification of corresponding martingales of compound Poisson processes.
The details are left as an exercise. |

Exercise (Martingales of CPP and PPP). Consider a one-dimensional compound Poisson process given
by

K,
X =% 120
i=1

with a Poisson process (K;) of intensity A > 0, and i.i.d. random variables Y; (i € N) with distribution u
that are independent of (K;).

a) Show that the following processes are martingales:
(i) M; := X, — Amz, provided ¥; € £! with E[Y;] = m,
(ii) M? - Ac?t, provided ¥; € £? with Var[Y;] = o2,
(iii) exp(ipX; + ty(p)) for any p € R, where ys(p) = A [(1 —exp(ip - y)) u(dy).
b) Complete the proof of Corollary 2.5.

We conclude this section with a few exercises containing extensions of the results above. The first exercise
shows that with a different proof and an additional integrability assumption, the assertion of Corollary 2.5
carries over to o-finite intensity measures.

Exercise (Expectation values and martingales for Poisson point processes with infinite intensity).
Let (NV;) be a Poisson point process with o-finite intensity measure v.
a) By considering first elementary functions, prove that for ¢ > 0, the identity

E [ [ M(dy)] = o [sovian

holds for any measurable function f : S — [0,00]. Conclude that for f € L£'(v), the integral
N,(f) = [ f(y) N:(dy) exists almost surely and defines a random variable in LY(Q,A,P).
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2. Poisson point processes and SDE with jumps

b) Proceeding similarly as in a), prove the identities

E[N:(f)] t / fdv forany f € L£'(v),

Cov[N:(f), Ni(8)] l/fg dv forany f,g € £L'(v) N L2(v),

E[exp(ipN;(f))] exp(t / (P’ = 1) dv) forany f € L£'(v).

¢) Show that the processes considered in Corollary 2.5 are again martingales provided f € L£!(v),
f.g € L'(v) N L2(v) respectively.

Exercise (Martingale characterization of Poisson point processes). Let (S, 8,v) be a o-finite mea-
sure space. Suppose that (N;);>0 on (Q, A, P) is an (F;) adapted process taking values in the space
M (S) consisting of all counting measures on S. Prove that the following statements are equivalent:

(1) (NVy) is a Poisson point processes with intensity measure v.

(ii) For any function f € LI(S, B, v), the real valued process

N(f) = / Ny, 120,

is a compound Poisson process with jump intensity measure v o f~1.
(iii) For any function f € £!(S,8,v), the complex valued process

MY =N ). ) = [ (=) an

is a local (#;) martingale.
Show that the statements are also equivalent if only elementary functions f € £!(S, B, v) are considered.

2.2. Stochastic integrals w.r.t. Poisson point processes

In this section, we will introduce integrals of predictable processes w.r.t. Poisson point processes. Before,
we briefly discuss the definition of It6 integrals w.r.t. cadlag martingales.

It6’s isometry and stochastic integrals w.r.t. cadlag martingales

Suppose that (M, ), »( is a cadlag square integrable (#;) martingale. In Section 6.3 we will show that also in this
case, a quadratic variation process exists, i.e., there is an (up to equivalence unique) non-decreasing cadlag
adapted stochastic process [M]; such that for any sequence (7r,,) of partitions of R, with mesh(rr,,) — O,
[M]; = lim Z (Mg s = Ms/\t)z
n—oo
SEMT,
holds w.r.t. convergence in probability, uniformly on compact time intervals. The jump part of the quadratic
variation process is given by
AM]; = (AM,).

Thus [M] is continuous if and only if M is continuous.

Although the quadratic variation process is a natural concept for developing stochastic calculus for jump
processes, it can be quite complicated in general. Therefore, we again make the following additional
assumption:

Assumption A. There exists a non-decreasing adapted continuous process t — (M); such that (M)¢ = 0
and M? — (M), is a martingale.
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2.2. Stochastic integrals w.r.t. Poisson point processes

Note that for discontinuous martingales, (M) # [M]. For example, for a square integrable Lévy process
(X;) with characteristic exponent ¥, the compensated process M; = X, — E[X;] is a martingale with angle
bracket process (M), = "’(0)t, see the corresponding exercise below Theorem 1.3. On the other hand, if
X is not continuous then the quadratic variation is discontinuous as well. For example, if X is a Poisson
process then [M]; = [X]; = X;.

Since t — [M];(w) and t — (M);(w) are right continuous and non-decreasing for a given w, they are
distribution functions of positive measures [M](w, dt) and (M )(w, dt) on R,. We endow the product space
Q x R, with the positive measures

Pia(dw dt)
Ppy(dw dt)

P(dw) [M](w,dt), 2.4)
P(dw) (M)(w, dt). (2.5)

It will turn out that in order to define in a consistent way stochastic integrals w.r.t. discontinuous martingales,
we have to restrict ourselves to predictable integrands.

Definition 2.6 (Predictable sets and predictable processes). The predictable o--algebra on QX R, is the
o-algebra $ generated by all sets of the form A X (s,7] with0 < s < fand A € F.
A stochastic process defined on Q X R, is called (¥;) predictable iff it is measurable w.r.t. P.

It is not difficult to verify that every adapted left-continuous process is predictable:
Exercise (Predictable, optional and progressive o-algebra). Let (%) be a filtration on a set Q.

a) Show that
P =o0(L) = a(C)
where £ and C denote the spaces consisting of all (¥;) adapted left-continuous resp. continuous
processes (w,t) — X;(w).

b) The optional o-algebra O = o-(D) and the progressive o--algebra A = o (I1) are generated by the
spaces D and I1 consisting of all () adapted cadlag processes, respectively all (;) progressively
measurable processes. Show that

P c O c A

¢) Show that if T is an (F;) stopping time then the set [0,T] := {(w,t) € Q X [0,00) : ¢ < T(w)} is
predictable, and [0,T) := {(w,t) € Q X [0,00) : t < T(w)} is optional. Furthermore, show that if
T is a predictable stopping time, then [0,7) is predictable as well.

Example. If (V;) is an (¥;) Poisson process then the left limit process G,(y) = N;_ is predictable,
since it is left-continuous. However, G,(y) = N, is not predictable. This is intuitively convincing
since the jumps of a Poisson process can not be “predicted in advance”. A rigorous proof of the non-
predictability, however, is surprisingly difficult and seems to require some background from the general
theory of stochastic processes, cf. e.g. [6].

In principle, the measure P[] is adequate to control stochastic integrals. However, the measure Pysy is
usually more accessible. For example, for a Lévy martingale, Py is proportional to the product of P and
Lebesgue measure on R, . Fortunately, both measures coincide on predictable sets.

Lemma 2.7. The measures Py and Ppy coincide on the predictable o-algebra P.

Proof. It is sufficient to show that the measures coincide for elementary predictable sets of the form A X (s, 7]
with 0 < s < rand A € F,. This is indeed the case since

P [Ax(s,t]] = E[[M], - [M]s; A] = E | M? - M%; A]

by the martingale property for M2 — [M];, and a corresponding statement holds for [M] replaced by (M).H
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2. Poisson point processes and SDE with jumps

The proof of Itd’s isometry for elementary predictable integrands carries over without change from
continuous to cadlag martingales, see [Introduction]. For any u € [0, o0], any martingale M € Mfl([O, u])
satisfying Assumption A, and for any elementary predictable process H € &,

([

Equivalently, the same statement holds with (M) replaced by the quadratic variation [M]. More generally,
by applying a similar argument with expectations replaced by conditional expectations, one verifies that the
process (H.M),2 - fot H? d{M), isa martingale, and thus

“H M”Mz([() u])

u
= E [/() H§2 d<M>S] = “H”iZ(QX(O,u),P“W)) (26)

(HM), = / B2 (), 2.7)
0

Since MLZI([O, u]) is a Hilbert space, the linear isometry
J & < LAQX(0,u).P.Pasy) — My([0.ul) (2.8)

mapping an equivalence class of elementary predictable processes to an equivalence class of cadlag martin-
gales has a unique extension to a continuous (and even isometric) linear map

T & < LAQxOu),P.Puy) —  MA[0,ul),

where &,, denotes the closure of the space & in L2(Qx (0, u), P, P pry). This allows us to define the It6 integral

for every process in &, ie., for for every process that can be approximated by predictable step functions w.r.t.
the L?(Ppry) norm: For H € &,, the process HoM = ( fo Hy dM); [0, is defined as the up to modifications
unique cadlag martingale on [0, u] satisfying

(HM), = lim (H'M), in L*(P) for every t € [0,u]
n—oo

whenever (H") is a sequence of elementary predictable processes with H" — H in L*(Q x (0,u), P, P ary).

It6’s isometry and (2.7) carry over to integrands in &,. Furthermore, under the additional assumption that
t — (M), is almost surely absolutely continuous, one can show that

& = LAQx0,u),P,Puy)

i.e., the Itd integral [ H dM is well-defined for any predictable integrand that is square integrable w.r.t. Ppy).

For continuous martingales, we have extended the definition of the It6 integral further from predictable to
progressively measurable integrands. In principle, one could do a similar extension in the discontinuous case
provided every progressively measurable process has a predictable P)-version. The following example
shows, however, that this would lead to a definition of It6 integrals that would be inconsistent with natural
pathwise definitions.

Example (Predictability is crucial). Suppose that (N;) is a Poisson process with intensity 4 > 0. Then
for every w, t — N;(w) is the distribution function of a positive measure, and hence the following
integrals are well-defined as pathwise Lebesgue integrals:

/<o,t]Nsts - ZN AN; = Zk = N(N; +1)/2,

s<t

N;_ dNg ZNY* AN, = Z(k - 1) = (N, - 1)N1/2
(0.7] s<t k=1
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2.2. Stochastic integrals w.r.t. Poisson point processes

Alternatively, we can define

t
Ns_dN; = / Ns;_dNg + /l/ N;_ ds,
(0,1] (0,7] 0

where the first integral is an It integral w.r.t. the martingale N; = N, — At. It can be verified that this is
almost surely consistent with the definition above. Now observe that

Ny—(w) = Ny(w) for P 5,-almost every (s, w).

Therefore, if we would extend the definition of the It6 integral to progressively measurable processes
as we did for continuous martingales, then we should set f Ny dﬁs = f N,_ dﬁs. However, such a
definition would be inconsistent with the computations above ! The point is that Ny_(w) = Ng(w) does
not hold for P|,-almost every (s, w), since the measure [N](w, dt) puts positive mass at the jump times.
To be consistent with the pathwise definition, one is forced to consider equivalence classes w.r.t. P[ N
instead of P (Ny: and these measures only coincide on predictable sets.

Integration w.r.t. Poisson point processes

Let (S,8,v) be a o-finite measure space. Our main interest is the case S = R4 \ {0}. We assume that
N(dt dy) is a Poisson random measure on R, X § with intensity measure A(9 ) ® v that is defined on a
probability space (Q, A, P). Then the counting-measure valued stochastic process (N;);>o defined by

N;(B) = N((0,t] X B) foranyt >0and B e B

is a Poisson point process on (S, 8) with intensity measure v. We will also consider the compensated Poisson
random measure
N(A) = N(A) - (1@ v)(A),

and the corresponding compensated Poisson point process
N,(B) = N((0,{] x B) = N;(B)—1v(B).

These are defined for all measurable sets A € R, X § and B C § such that (4 ® v)(A) < o0 and v(B) < oo,
respectively. Note that for every ¢ > 0, N, is a signed measure.

Let (%7):>0 be a filtration such that for any B € B, the process (N;(B));>o is (7;) adapted, and the
increments N;.,(B) — Ny(B) are independent of #; for all £, h > 0. For example, one can choose F; = ?}N
where

FN = o(Ny(B):s€[0,1],BeB).

Then, by Corollary 2.5 and the exercise below, the real-valued stochastic process
= [ o) Niay

is an (7;) martingale for every f € £'(v). In this sense, the compensated Poisson point process (N,) is
a measure-valued (F;) martingale. Moreover, Corollary 2.5 and the exercise below show that for f,g €
L(v) n L£2(v), the martingales N,(f) and N;(g) are square integrable with angle bracket process

(M), =1 [ rear 9

In particular, for measurable sets A, B C § with v(A) < co and v(B) < oo, the processes N;(A), N;(B), and
N;(A)N;(B) — tv(A N B) are martingales.
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2. Poisson point processes and SDE with jumps

Our goal is to define stochastic integrals of type

(GN), = / G, (y) N(ds dy), 2.10)
(0,7]xS

(GN), = / G, (y) N(ds dy), @.11)
(0,7]xS

respectively, for predictable processes (w,s,y) — Gg(y)(w) defined on Q X R, X S. In particular, if
Gs(y)(w) = f(y) for a deterministic function f : § — R then

(GuN), = / () N(ds dy) = / FOIN(dy) = Ni(f).
0,7]xS S

and similarly, (GeN), = Ny( f). Choosing S = R? \ {0} and G,(y)(w) = y, we will obtain Lévy processes
with possibly infinite jump intensity from the Poisson point processes encoding their jumps.

If the measure v is finite and has no atoms, the process G,/ is defined in an elementary way as

(G.N)z = Z Gs(y)-

(s,y)esupp(N), s<t

Definition 2.8. The predictable o-algebra on Q X R, X S is the o-algebra # generated by all sets of the
form A X (s,1] X Bwith0 < s <t,A€ Fyand B € B.
A stochastic process defined on Q X R, X S is called (F;) predictable iff it is measurable w.r.t. P.

Again, every adapted left-continuous process is predictable:

Exercise. Prove that ¥ is the o-algebra generated by all processes (w,?,y) — G;(y)(w) such that G; is
F: X B measurable for any t > 0 and ¢ — G;(y)(w) is left-continuous for any y € S and w € Q.

We denote by & the vector space consisting of all elementary predictable processes G of the form

—_

3

m

G((w) = Zi k(@) Lty 1.1 (1) I, (¥) (2.12)

i=0 k=1

I
(=]

withmn e N,0 <ty <t <--- <ty By,...,B, € B disjoint with v(By) < co, and Z; x : Q — R bounded
and %, -measurable. For G € &, the stochastic integral G,N is a well-defined Lebesgue integral given by

n—

(GoN)e = D\ Zik (Nigsynt(Bi) = Nine(B)) (2.13)

1
i=0 k=1
Notice that the summands vanish for #; > ¢ and that G,N is an (f;) adapted process with cadlag paths.

Stochastic integrals w.r.t. Poisson point processes have properties reminiscent of those known from It
integrals based on Brownian motion:

Lemma 2.9 (Elementary properties of stochastic integrals w.r.t. Poisson point processes). The following
assertions hold for elementary predictable integrands G € &:

1) Foranyt >0,
EIGN)] = E [ / Gy(y) ds v(dy))| .
(0,7]xS
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2.2. Stochastic integrals w.r.t. Poisson point processes

2) The process G.N defined by

G.N), = /(O’Z]XS Gy(y) N(ds dy) — / Gy (y) ds v(dy)

(0,2]xS
is a square integrable (¥;) martingale with (G.ﬁ)o =0.

3) Foranyt >0, G.N satisfies the It isometry
E [(G.ﬁ)?] - E [ / G.(y) ds v(dy)] .
(0,7]xS

4) The process (G.]V)t2 - f(o,thS Gs(y)? ds v(dy) is an (F;) martingale.

Proof. 1) Since the processes (N;(By)) are Poisson processes with intensities v(By), we obtain by condition-
ing on 7;:

E[GN)] = > E|[Zix (Nine(B) = Ny (Br)) ]
i,k:t;<t
= Y E[Zik (o At—1: A1) v(BY)]
i,k

sV dsv(d .
E [ /(WS Gy(y) ds v( y)]

2) The process G.N is bounded and hence square integrable. Moreover, it is a martingale, since by 1), for
any0 < s <rand A € Ty,

E [(GON)Z - (GoN)s; A] E /(0 xS Ia Gr())) I(s,t](r) N(dr dy)]

= E / 1A Gr(y) I(5,0)(r) dr V(dy)}
L/ (0,¢]xS

- E / G, (y) dr v(dy) - / Gr<y>drv<dy>;A]
L/ (0,¢]xS (0,s]xS

3) We have (G.ﬁ)t =ik Zik Aiﬁ(Bk), where
Aiﬁ(Bk) = ﬁtm/\z(Bk) - ﬁt,—/\t(Bk)

are increments of independent compensated Poisson point processes. Noticing that the summands vanish if
t; > t, we obtain

E [(G.ﬁ)?] = Z E [Zi,ij,lAiﬁ(Bk)Ajﬁ(Bl)]
ikl

23 Y E | ZixZiubeN (B ELAN(B)IT |

k,l i<j

. Z S | 214200 EISN(BOAN (BT, |

2.2 ElZ Al v(BY) = E [ / Ga(y)* ds v(dy>] .
PR ’ (0,1]xS

Here we have used that the coefficients Z;  are #;, measurable, and the increments Aiﬁ (By) are independent
of 7, with covariance E[A;N(Bi)A;N(B;)] = 6x1v(Bi)At.

4) now follows similarly as 2), and is left as an exercise to the reader. [ |
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2. Poisson point processes and SDE with jumps

Lebesgue integrals

If the integrand G,(y) is non-negative, then the integrals (2.10) and (2.11) are well-defined Lebesgue integrals
for every w. By Lemma 2.9 and monotone convergence, the identity

E[(G.N);] = E [/

Gs(y)ds v(dy)] (2.14)
(0,7]xS

holds for any predictable G > 0.
Now let u € (0, 00], and suppose that G : Qx (0,u) xS — R is predictable and integrable w.r.t. the product

measure P ® A ,) ® v. Then by (2.14),

< 09,

F Gs()INdsdy)| = E Gy(y)| ds v(d
[ /«),u]xs' ()| N(ds y>] [ /@,u]xs' ()] ds v(dy)

Hence the processes GIN and G, N are almost surely finite on [0, %], and, correspondingly GeN = GIN —
G, N is almost surely well-defined as a Lebesgue integral, and it satisfies the identity (2.14).

Theorem 2.10. Suppose that G € £L'(P ® A(0,u) ® v) is predictable. Then the following assertions hold:
1) G.N is an (F,F) adapted stochastic process satisfying (2.14).
2) The compensated process G.N is an (,F) martingale.

3) The sample paths ¢t — (G.N), are cadlag with almost surely finite variation

VI(G.N) < / G, (»)| N(ds dy).
(0,¢]xS

Proof. 1) extends by a monotone class argument from elementary predictable G to general non-negative
predictable G, and hence also to integrable predictable G.

2) can be verified similarly as in the proof of Lemma 2.9.

3) We may assume w.l.o.g. G > 0, otherwise we consider G{N and G, N separately. Then, by the
Monotone Convergence Theorem,

(GeN)ise — (GoN); = / G,(y)N(ds dy) — 0,  and
(t,t+&]xS

(GON)t - (GON)t—s - Gs()’) N(dS d)’)
{t}xS

as € | 0. This shows that the paths are cadlag. Moreover, for any partition 7 of [0, u],

D HGN) = (GuN),| =

rem rem

/ |Gs(y)| N(ds dy) < oo a.s. |
O,u]xS

/ G (y) N(ds dy)
(r,r'IxS

IA

Remark (Watanabe characterization). It can be shown that a counting measure valued process (N;) is an
(#+) Poisson point process if and only if (2.14) holds for any non-negative predictable process G.
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2.2. Stochastic integrals w.r.t. Poisson point processes

It6 integrals w.r.t. compensated Poisson point processes

Suppose that (w, s,y) — Gs(y)(w) is a predictable process in L>(P ® A0,u) ® v) for some u € (0,00]. If G
is not integrable w.r.t. the product measure, then the integral G. N does not exist in general. Nevertheless,
under the square integrability assumption, the integral G.N w.r.t. the compensated Poisson point process
exists as a square integrable martingale. Note that square integrability does not imply integrability if the
intensity measure v is not finite.

To define the stochastic integral G.N for square integrable integrands G we use the It isometry. Let
MA([0,u]) = {M e M*([0,u]) : t — M,(w) cadlag for every w € Q}

denote the space of all square-integrable cadlag martingales w.r.t. the completed filtration (7;”). Recall that
the L? maximal inequality

2

2

E[ sup [M*] < (—2 1) E[|M,|*]
t€[0,u] -

holds for any right-continuous martingale in M?([0,u]). Since a uniform limit of cadlag functions is again
cadlag, this implies that the space Mfl([O, u]) of equivalence classes of indistinguishable martingales in
Mfl([O, u]) is a closed subspace of the Hilbert space M?([0,u]) w.r.t. the norm

1Moy = ENM?]'.
Lemma 2.9, 3), shows that for elementary predictable processes G,
IGNveqouy = NGllr2poig . ev: (2.15)

On the other hand, it can be shown that any predictable process G € L*(P ® A0,u) ® v) is a limit w.r.t.
the L>(P ® A(0,u) ® v) norm of a sequence (G(k)) consisting of elementary predlctable processes. Hence
isometric extension of the linear map G — G, N can be used to define G,N € M ([O u]) for any predictable
G € L*(P ® A(0.4) ® v) in such a way that

G(k.)ﬁ —  GoN in M?> whenever G*® — G in L2

Theorem 2.11 (It6 isometry and stochastic integrals w.r.t. compensated Poisson point processes).
Suppose thatu € (0, co]. Then there is a unique linear isometry G — G, N from L*(Qx(0,u)xS, P, PRA®V)
to MS([O, u]) such that G, N is given by (2.13) for any elementary predictable process G of the form (2.12).

Proof. As pointed out above, by (2.15), the stochastic integral extends isometrically to the closure & of the
subspace of elementary predictable processes in the Hilbert space L*(Q X (0,u) X S,P,P ® 1 ® v). It only
remains to show that every square integrable predictable process G is contained in &, i.e., G is an L? limit
of elementary predictable processes. This holds by dominated convergence for bounded left-continuous
processes, and by a monotone class argument or a direct approximation for general bounded predictable
processes, and hence also for predictable processes in L. The details are left to the reader. |

The definition of stochastic integrals w.r.t. compensated Poisson point processes can be extended to locally
square integrable predictable processes G by localization — we refer to [4] for details.

Example (Deterministic integrands). If H(y)(w) = h(y) for some function h € £3(S, B, v) then
A, = [H0Fan = Fo

i.e., H\N is a Lévy martingale with jump intensity measure v o ™.
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2.3. Lévy processes with infinite jump intensity

In this section, we are going to construct general Lévy processes from Poisson point processes and Brownian
motion. The processes that we construct take the form

Xt = O-Bt + bt + /
lyl>1

Y N,(dy) + / ¥ N(dy) 2.16)

lyl<1

with a Poisson point process (N;), an independent Brownian motion (B;), o € R%*¢ and b € R?. The Lévy-
1t6 decomposition states that every Lévy process can be represented in this way. After the construction, we
will consider several important classes of Lévy jump processes with infinite jump intensity.

Construction from Poisson point processes

We will now consider the construction of a Lévy process of type (2.16) with given jump intensity in the case
where o = 0 and b = 0. The general case can then be easily reduced to this case. Let v(dy) be a positive
measure on RY \ {0} such that [(1 A |y|?) v(dy) < o, i.e.,

v(ly| >€) < oo foranye >0, and (2.17)

/ ly[>v(dy) < oo (2.18)
lyl<1

Note that the condition (2.17) is necessary for the existence of a Lévy process with jump intensity v. Indeed,
if (2.17) would be violated for some & > 0 then a corresponding Lévy process should have infinitely many
jumps of size greater than ¢ in finite time. This contradicts the cadlag property of the paths. The square
integrability condition (2.18) controls the intensity of small jumps. It is crucial for the construction of a Lévy
process with jump intensity v given below, and actually it turns out to be also necessary for the existence of
a corresponding Lévy process.

In order to construct the Lévy process, let N;(dy), t > 0, be a Poisson point process with intensity measure v
defined on a probability space (Q, A, P), and let N;(dy) := N;(dy)—t v(dy) denote the compensated process.
For a measure ¢ and a measurable set A, we denote by

p*(B) = uBNA)

the part of the measure on the set A, i.e., u*(dy) = Ia(y)u(dy). The following decomposition property is
immediate from the definition of a Poisson point process:

Remark (Decomposition of Poisson point processes). If A, B € B(R?\ {0}) are disjoint sets then (N*),0
and (NB), are independent Poisson point processes with intensity measures v4, vZ respectively.

If AN B,(0) = 0 for some & > 0 then the measure v has finite total mass vA(R¢) = v(A) by (2.17).
Therefore,

XA = /A yNday) = [ ynpay

is a compound Poisson process with intensity measure v, and characteristic exponent
Uxap) = [ (1=explip - ) v(dy)

On the other hand, if [, [y|* v(dy) < oo then

Mp = [ vy = [ Ry
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2.3. Lévy processes with infinite jump intensity

is a square integrable martingale. If both conditions are satisfied simultaneously then
MA = XA - t/ yv(dy).
A
In particular, in this case M4 is a Lévy process with characteristic exponent

Unia(p) = /A (1 —exp(ip- y) +ip - y) v(dy).

By (2.17) and (2.18), we are able to construct a Lévy process with jump intensity measure v that is given
by

X = / y Ni(dy) + / Y Ni(dy). (2.19)
lyl>r Iyl<r
for any r € (0, 00). Indeed, let
X, = / y Ne(dy) = / yI{y|>ry N(ds dy), and (2.20)
ly|>r (0,¢]xR4
MPT = / y Ni(dy). @.21)
e<|y|<r

for g,r € [0,00) with € < r. As a consequence of the It6 isometry for Poisson point processes, we obtain:

Theorem 2.12 (Existence of Lévy processes with infinite jump intensity). Let v be a positive measure
on R4\ {0} satisfying [(1 A [y|?) v(dy) < 0.

1) Forany r > 0, (X]) is a compound Poisson process with intensity measure v (dy) = I{|y|>r} v(dy).

2) The process (Mt0 ’") is a Lévy martingale with characteristic exponent
Ur(p) = / (1-¢€PY +ip-y)v(dy) Y p e RY. (2.22)
Iy|<r

Moreover, for any u € (0, ),

E[ sup |Mf”—M,O”|2} - 0 aselO0. (2.23)

0<t<u

3) The Lévy processes (Mto’r ) and (X]) are independent, and 5(;’ =X/ + Mto’r is a Lévy process with
characteristic exponent

Ur(p) = /(l—ei”’y+ip-yl{|y|Sr}) v(dy) VpeR< (2.24)

Proof. 1) is a consequence of Theorem 2.4.

2) By (2.18), the stochastic integral (Ml0 ') is a square integrable martingale on [0, u] for any u € (0, o).
Moreover, by the It isometry,

u
||M0’r_M£’r||12\42([0’u]) = ||M0,8||12V12<[0’u]) = /0 /|y|21{|)’|§5} V(dy)dt - 0
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2. Poisson point processes and SDE with jumps

ase | 0. By Theorem 2.4, (M;"") is a compensated compound Poisson process with intensity /(o< |y|<r} v(dy)
and characteristic exponent

Ver(p) = / A= wip ) vidy).
e<|y|=<r

As & | 0, Y. (p) converges to ¥, (p) since 1 — e +ip -y = O(]y|?). Hence the limit martingale
M 07 = lim M, n.r also has independent and stationary increments, and characteristic function

Elexp(ip- M}")] = lim Elexp(ip- M,""))] = exp(~ty,(p)).

3) Since Iy|y|<} Ni(dy) and I{y)5,y N,(dy) are independent Poisson point processes, the Lévy processes
(M, 0.7y and (X/) are also independent. Hence X =M 0r 4 X/ is a Lévy process with characteristic exponent

70 (p) = v (p) + / (1 - ) v(dy)

lyl|>r

for all p € RY. |

Remark. All the partially compensated processes (55[ ), r € (0,00), are Lévy processes with jump intensity
v. Actually, these processes differ only by a finite drift term, since for any 0 < € < r,

)?f = }?,’ + bt, where b = / y v(dy).
e<|y|<r
A totally uncompensated Lévy process

X; = lim y Ni(dy)

e Slylz1/n

does exist only under additional assumptions on the jump intensity measure:

Corollary 2.13 (Existence of uncompensated Lévy jump processes). Suppose that [(1 A |y]) v(dy) <
oo, or that v is symmetric (i.e., v(B) = v(—B) for any B € B(R? \ {0})) and (1 A |y?) v(dy) < 0. Then
there exists a Lévy process (X;) with characteristic exponent

W(p) = lim (1—aﬂﬂ1@@) V p e RY (2.25)
el0 Jiy|>e
such that
E[ sup | X; —Xf|2] — 0 as € | 0. (2.26)
0<t<u

Proof. For 0 < & < r, we have
XF =X+ M + t/ y v(dy).
e<l|y|<sr

As & | 0, M®" converges to M%" in M>*([0,u]) for any finite . Moreover, under the assumption imposed
on v, the integral on the right hand side converges to bt where

b = lim y v(dy).

el0 Je<|y|<r

Therefore, (X;) converges to a process (X;) in the sense of (2.26) as € | 0. The limit process is again a Lévy
process, and, by dominated convergence, the characteristic exponent is given by (2.25). |
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Remark (Lévy processes with finite variation paths). If [(1 A |y|) v(dy) < oo then the process X, =
[y Ni(dy) is defined as a Lebesgue integral. As remarked above, in that case the paths of (X;) are almost
surely of finite variation:

viV(x) < / Iy| Ni(dy) < oo as.

The Lévy-Ité6 decomposition

We have constructed Lévy processes corresponding to a given jump intensity measure v under adequate
integrability conditions as limits of compound Poisson processes or partially compensated compound Poisson
processes, respectively. Remarkably, it turns out that by taking linear combinations of these Lévy jump
processes and Gaussian Lévy processes, we obtain all Lévy processes. This is the content of the Lévy-Itd
decomposition theorem that we will now state before considering in more detail some important classes of
Lévy processes.

Already the classical Lévy-Khinchin formula for infinity divisible random variables (see Corollary 2.15
below) shows that any Lévy process on R¢ can be characterized by three quantities: a non-negative definite
symmetric matrix a € R?*?_ a vector b € R¢, and a o-finite measure v on B(R? \ {0}) such that

/(lAlylz)V(dy) < o . (2.27)

Note that (2.27) holds if and only if v is finite on complements of balls around 0, and flyl < Iy|? v(dy) < co.
The Lévy-It6 decomposition gives an explicit representation of a Lévy process with characteristics (a, b, v).

Let o € R4 witha = oo’ let (B,) be a d-dimensional Brownian motion, and let (N;) be an independent
Poisson point process with intensity measure v. We define a Lévy process (X;) by setting

XtZO-Bl+bt+/

¥ Nu(dy) + / ¥ (Ni(dy) - 1(dy)). (2.28)
[y|>1

lyl<1

The first two summands are the diffusion part and the drift of a Gaussian Lévy process, the third summand
is a pure jump process with jumps of size greater than 1, and the last summand represents small jumps
compensated by drift. As a sum of independent Lévy processes, the process (X;) is a Lévy process with
characteristic exponent

1 _ iy
y(p) = §p~ap—lb-p+/Rd\{o}(1—e”y+lp-y1{|y|s1})V(dy)- (2.29)

We have thus proved the first part of the following theorem:

Theorem 2.14 (Lévy-It6 decomposition).
1) The expression (2.28) defines a Lévy process with characteristic exponent .
2) Conversely, any Lévy process (X;) can be decomposed as in (2.28) with the Poisson point process

Ne o= > oax, o, 120, (2.30)

s<t
AX#0

an independent Brownian motion (B;), a matrix o € R4*d 4 vector b € R?, and a o-finite measure v
on R4 \ {0} satisfying (2.27).
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We will not prove the second part of the theorem here. The principal way to proceed is to define (N;) via
(2.30), and to consider the difference of (X;) and the integrals w.r.t. (N;) on the right hand side of (2.28).
One can show that the difference is a continuous Lévy process which can then be identified as a Gaussian
Lévy process by the Lévy characterization, cf. Section 1.1 below. Carrying out the details of this argument,
however, is still a lot of work. A detailed proof is given in [4].

As a byproduct of the Lévy-Itd decomposition, one recovers the classical Lévy-Khinchin formula for the
characteristic functions of infinitely divisible random variables, which can also be derived directly by an
analytic argument.

Corollary 2.15 (Lévy-Khinchin formula). For a function ¢ : R — C the following statements are all
equivalent:

(i) y is the characteristic exponent of a Lévy process.
(ii) exp(—y) is the characteristic function of an infinitely divisible random variable.

(iii)  satisfies (2.29) with a non-negative definite symmetric matrix a € R?*?, a vector b € R?, and a
measure v on B(R4 \ {0}) such that [(1 A |y|?) v(dy) < co.

Proof. (iii)=(i) holds by the first part of Theorem 2.14.

()=(i): If (X;) is a Lévy process with characteristic exponent ¢ then X; — Xy is an infinitely divisible
random variable with characteristic function exp(—y).

(ii)=(iii) is the content of the classical Lévy-Khinchin theorem, see e.g. [15]. |

We are now going to consider several important subclasses of Lévy processes. The class of Gaussian
Lévy processes of type
Xl‘ = O'Bt + bt

with o € R4 p e R4, and a d-dimensional Brownian motion (B;) has already been introduced before. The
Lévy-1td decomposition states in particular that these are the only Lévy processes with continuous paths!
Subordinators

A subordinator is by definition a non-decreasing real-valued Lévy process. The name comes from the fact
that subordinators are used to change the time-parametrization of a Lévy process, cf. below. Of course, the
deterministic processes X; = bt with b > 0 are subordinators. Furthermore, any compound Poisson process
with non-negative jumps is a subordinator. To obtain more interesting examples, we assume that v is a
positive measure on (0, c0) with

| aanva <

(0,00)

Then a Poisson point process (/N;) with intensity measure v satisfies almost surely
supp(N;) < [0,00) forany ¢t > 0.

Hence the integrals

X, = /yN,(dy) , t=>0,

define a non-negative Lévy process with Xy = 0. By stationarity, all increments of (X;) are almost surely
non-negative, i.e., (X;) is increasing. In particular, the sample paths are (almost surely) of finite variation.
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Example (Gamma process). The Gamma distributions form a convolution semigroup of probability
measures on (0, ), i.e.,

[(r,A)«T(s,A) = T(@r+s,2) for any r,s,4 > 0.
Therefore, for any a, A > 0 there exists an increasing Lévy process (I';);>o with increment distributions
Iies—Ts ~ T(at,d) for any s,7 > 0.

Computation of the Laplace transform yields

Elexp(—ul})] = (1 + %)_at = exp (—t /000(1 — e gy eV dy (2.31)

for every u > 0, cf.e.g.[27, Lemma 1.7]. Since Iy > 0, both sides in (2.31) have a unique analytic
extension to {u € C : R(u) > 0}. Therefore, we can replace u by —ip in (2.31) to conclude that the
characteristic exponent of (I';) is

v(p) = / (1-€PY)v(dy),  where v(dy) =ay™'e™® dy.
0
Hence the Gamma process is a non-decreasing pure jump process with jump intensity measure v.

Example (Inverse Gaussian processes). Let (B;);>0 be a one-dimensional Brownian motion with By =
0 w.r.t. a right continuous filtration (¥;), and let

Ty, = inf{t>0: B, =5}

denote the first passage time to a level s € R. Then (T§),>0 is an increasing stochastic process that is
adapted w.r.t. the filtration (77, )s>0. For any w, s — T(w) is the generalized left-continuous inverse of
the Brownian path r — B;(w). Moreover, by the strong Markov property, the process

E}S) = BTS‘+t _BTS’ t 2 0’
is a Brownian motion independent of #7, for any s > 0, and
Toru = To+T  fors,u>0, (2.32)

where T,ES) =inf{t >0 : §£S> = u} is the first passage time to u for the process B®).

Bi B

By (2.32), the increment T, — T is independent of ¥7,, and, by the reflection principle,

u _ M2
Tsun - T, ~ T, ~ E X312 exp (—5) I(O’oo)(x) dx.

Hence (T;) is an increasing process with stationary and independent increments. The process (7) is
left-continuous, but it is not difficult to verify that

Ty = limTye = inf{r >0 : B® > u}
&
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2. Poisson point processes and SDE with jumps

is a cadlag modification, and hence a Lévy process. (T ) is called “The Lévy subordinator”. An explicit
computation of the characteristic function shows that the Lévy subordinator is a pure jump Lévy process
with Lévy measure

vidy) = @)y Lo e () dy.

More generally, if X; = 0B, + bt is a Gaussian Lévy process with coefficients o > 0, b € R, and

TX = infr>0: X, =s} , s>0,

N

then the process (TX) is called an Inverse Gaussian subordinator. An inverse Gaussian subordinator is
a Lévy jump process with jump intensity

v(dy) = @r) "2y exp(=by [2)1(0,00)(y) dy.

Exercise (Sample paths of Inverse Gaussian processes). Prove that the process (7y)s>¢ is increasing
and purely discontinuous, i.e., with probability one, (T) is not continuous on any non-empty open
interval (a, b) C [0, o0).

Remark (Finite variation Lévy jump processes on R!). Suppose that (N;) is a Poisson point process on
R\ {0} with jump intensity measure v satisfying [(1 A |y|) v(dy) < oo. Then the decomposition N, =

N,(O’m) + Nt(_oo’o) into the independent restrictions of (N;) to R, R_ respectively induces a corresponding
decomposition

X =x"+X> . X/ = / yNOdy) | X = / ¥ N (ay),

of the associated Lévy jump process X; = [ y N;(dy) into a subordinator Xt/ and a decreasing Lévy process
Xt\. In particular, we see once more that (X;) has almost surely paths of finite variation.

An important property of subordinators is that they can be used for random time transformations of Lévy
processes:

Exercise (Time change by subordinators). Suppose that (X;) is a Lévy process with Laplace exponent
nx : Ry = R,ie.,
Elexp(—aX;)] = exp(-tnx(a)) foranya > 0.

Prove that if (7y) is an independent subordinator with Laplace exponent 7 then the time-changed process
fs = Xr, , s20,
is again a Lévy process with Laplace exponent
n@) = nrinx(@).

The characteristic exponent can be obtained from this identity by analytic continuation.

Example (Subordinated Lévy processes). Let (B;) be a Brownian motion.
1) If (V) is an independent Poisson process with parameter A > 0 then (By, ) is a compensated Poisson
process with Lévy measure

v(dy) = AQn)exp(-y*/2)dy.
2) If (I;) is an independent Gamma process then for o, b € R the process
X[ = O-B]"t + brt

is called a Variance Gamma process. It is a Lévy process with characteristic exponent ¥ (p) =
J(1 = €'PY) v(dy), where

vdy) = el (e Hoe () + e T 0(3) dy
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2.3. Lévy processes with infinite jump intensity

with constants ¢, 4, u > 0. In particular, a Variance Gamma process satisfies X; = Fﬁl) - F;z) with
two independent Gamma processes. Thus the increments of (X;) have exponential tails. Variance
Gamma processes have been introduced and applied to option pricing by Madan and Seneta [30] as
an alternative to Brownian motion taking into account longer tails and allowing for a wider modeling
of skewness and kurtosis.

3) Normal Inverse Gaussian (NIG) processes are time changes of Brownian motions with drift by
inverse Gaussian subordinators [5]. Their increments over unit time intervals have a normal inverse
Gaussian distribution, which has slower decaying tails than a normal distribution. NIG processes
are applied in statistical modelling in finance and turbulence.

Stable processes

We have noted in (2.3) that the jump intensity measure of a strictly a-stable process in R! is given by

v(dy) = (c+d0,00)¥) + e —wo0)()) I¥I7 7Y dy (2.33)

with constants c;,c- € [0,00). Note that for any @ € (0,2), the measure v is finite on R \ (-1,1), and
Sy Pv(dy) < eo.

We will prove now that if @ € (0,1)U(1,2) then for each choice of the constants ¢, and c_, there is a strictly
a-stable process with Lévy measure (2.33). For @ = 1 this is only true if c; = c_, whereas a non-symmetric
1-stable process is given by X, = br with b € R \ {0}. To define the corresponding a-stable processes, let

X = / ¥ Ny(dy)
R\[-&,&]

where (N;) is a Poisson point process with intensity measure v. Setting ||X||, = E[sup,, 1X,|?]'/2, an
application of Theorem 2.12 yields:

Corollary 2.16 (Construction of @-stable processes). Let v be the probability measure on R\ {0} defined
by (2.33) with ¢y, c_ € [0, ).

1) If c; = c_ then there exists a symmetric a-stable process X with characteristic exponent ¥(p) = y |p|%,
y = [(1 —cosy) v(dy) € R, such that||X'/" - X||, — 0 for any u € (0, ).

2) Ifa € (0,1) then [(1 A |y|)v(dy) < oo, and X; = [ y N;(dy) is an a-stable process with characteristic
exponent ¥/(p) = z|p|% z = [ (1 - €) v(dy) €C.

3) For @ = 1 and b € R, the deterministic process X; = bt is a-stable with characteristic exponent

¥(p) = —ibp.
4) Finally, if @ € (1,2) then [(|y| A [y|*) v(dy) < oo, and the compensated process X; = fyﬁt(dy) is an

a-stable martingale with characteristic exponent (p) = Z - [p|?, Z = [(1 — " +iy) v(dy).

Proof. By Theorem 2.12 it is sufficient to prove convergence of the characteristic exponents

elp) = / (1=e™) vdy) = I|pl / (1 = ) v(dx),
R\[-&,&] R\[-&p,ep]

Tp) = / (1= +ipy) vidy) = |pl® / (1 = &% +ix) (dx)
R\[-&,&] R\[-&p,ep]

ix

toy(p), Y (p) respectively as & | 0. This is easily verified in cases 1), 2) and 4) by noting that 1 —¢'* +1—¢~
2(1 —cosx) = O(x?), 1 — e = O(|x|), and 1 — & + ix = O(|x|?).
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2. Poisson point processes and SDE with jumps

Notice that although the characteristic exponents in the non-symmetric cases 2), 3) and 4) above take a similar
form (but with different constants), the processes are actually very different. In particular, for @ > 1, a strictly
a-stable process is always a limit of compensated compound Poisson processes and hence a martingale!

Example (a-stable subordinators vs. a-stable martingales). For c_ = 0 and a € (0, 1), the a-stable
process with jump intensity v is increasing, i.e., it is an a-stable subordinator. For c. = 0 and @ € (1,2)
this is not the case since the jumps are “compensated by an infinite drift”. The graphics below show
simulations of samples from a-stable processes for ¢ = 0 and @ = 3/2, @ = 1/2 respectively. For
a € (0,2), a symmetric a-stable process has the same law as (\/EBTS) where (B;) is a Brownian motion
and (Ty) is an independent @ /2-stable subordinator.
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2.4. SDE driven by white and Poisson noise

Let (S, 8, v) be a o-finite measure space, and let d,n € N. Suppose that on a probability space (Q, A, P), we
are given an R?-valued Brownian motion (B;) and a Poisson random measure N(dt dy) over R, x S with
intensity measure A(g,.) ® v. Let (%) denote a complete filtration such that (B;) is an (¥;) Brownian motion
and N;(B) = N((0,¢] x B) is an (¥;) Poisson point process, and let

N(dr dy) = N(dt dy) — A.0)(dt) v(dy).

If T is an (¥7) stopping time then we call a predictable process (w,?) — G;(w) or (w,t,y) — G(y)(w)
defined for finite < T(w) and y € S locally square integrable iff there exists an increasing sequence (7},) of
() stopping times with 7 = sup 7}, such that for any n, the trivially extended process G;I{; <7;,} is contained
in L2(P® 1), L>(P ® 1® v) respectively. For locally square integrable predictable integrands, the stochastic
integrals fot G, dB; and f(o, 11xS Gs(y) N(ds dy) respectively are local martingales defined for ¢ € [0,T).

In this section, we are going to study existence and pathwise uniqueness for solutions of stochastic
differential equations of type

dX, = b(X)dt+o,(X)dB, + / ci-(X,y) N(dt dy). (2.34)
yeS
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2.4. SDE driven by white and Poisson noise

Here b : Ry x D(R.,R") —» R, 0 : R, Xx DR, R") — R™ and ¢ : Ry x DR, R") x § — R”
are cadlag functions in the first variable such that b;, o; and ¢; are measurable w.r.t. the o-algebras
B = 0(x > x5 15 1), By ® B respectively for any 1 > 0. We also assume local boundedness of the
coeflicients, i.e.,

sup sup sup (bs(x)] + llos(Oll + lles (3, @)l + les( ) < o0 (2.35)
S<t xux}<r yeS
for any 7,7 € (0, 00).

Note that the assumptions imply that b is progressively measurable, and hence b,(x) is a measurable
function of the path (x,)s<; up to time ¢. Therefore, b;(x) is also well-defined for cadlag paths (xs)s<, with
finite life-time ¢ provided ¢ > ¢. Corresponding statements hold for o; and ¢;. Condition (2.35) implies in
particular that the jump sizes are locally bounded. Locally unbounded jumps could be taken into account by
extending the SDE (2.34) by an additional term consisting of an integral w.r.t. an uncompensated Poisson
point process.

Definition 2.17. Suppose that T is an (¥;) stopping time.

1) A solution of the stochastic differential equation (2.34) for ¢t < T is a cadlag (%) adapted stochastic
process (X;); <7 taking values in R” such that almost surely,

t t
X, = Xo+ / by(X) ds + / os(X) dBs + / cs—(X,y) N(ds dy) (2.36)
0 0 (0,1]xS

holds forany t < T.

2) A solution (X;);< is called strong iff it is adapted w.r.t. the completed filtration 7“;0 = o (Xp, 7—;3 N L
generated by the initial value, the Brownian motion and the Poisson point process.

For a strong solution, X; is almost surely a measurable function of the initial value X, and the processes
(Bs)s<: and (Ny)s<; driving the SDE up to time 7. In Section 1.1, we saw an example of a solution to an
SDE that does not possess this property.

Remark. The stochastic integrals in (2.36) are well-defined strict local martingales, i.e., they can be localized
by martingales with bounded jumps. Indeed, the local boundedness of the coefficients guarantees local square
integrability of the integrands as well as local boundedness of the jumps for the integral w.r.t. N. The process
o(X) is not necessarily predictable, but observing that o4 (X(w)) = 05— (X(w)) for P® A almost every (w, ),
we may define

/ oy(X) dB, = / oy (X) dB.

Stability and uniqueness

In addition to the assumptions above, we assume from now on that the coeflicients in the SDE (2.34) satisfy
a local Lipschitz condition:

Assumption (Al). Forany ty € R,, and for any open bounded set U C R", there exists a constant L € R,
such that the following Lipschitz condition Lip(ty, U) holds:

|b:(x) = by (X)| + llo(x) = o (O] + [lcr(x, @) = cr (X, @)l 2 < L -suplxs — X
S<t
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2. Poisson point processes and SDE with jumps

forany t € [0,19] and x,x € D(R,,R™) with xs,x; € U for s < ty.

We now derive an a priori estimate for solutions of (2.34) that is crucial for studying existence, uniqueness,
and dependence on the initial condition:

Theorem 2.18 (A priori estimate). Fix p € [2,00) and an open set U € R", and let T be an (%) stopping
time. Suppose that (X;) and (X;) are solutions of (2.34) taking values in U for t < T, and let

&t = E

sup |X; — )?Slp] .

s<tAT

If the Lipschitz condition Lip(#y, U) holds then there exists a finite constant C € R, depending only on p
and on the Lipschitz constant L such that for any ¢ < #o,

IA

Et

C- (go+ /O e, ds), and 2.37)

C-e“ . (2.38)

IA

Et

Proof. For the moment, we only prove the assertion for p = 2. For p > 2, the proof can be carried out in a
similar way by relying on Burkholder’s inequality instead of Itd’s isometry, see Section 3.3 below.

Clearly, (2.38) follows from (2.37) by Gronwell’s lemma. To prove (2.37), note that
t t _
X, = Xo +/ by(X) ds +/ os(X) dBy + / cs—(X,y) N(ds dy) Vi<T,
0 0 (0,£]xS

and an analogue equation holds for X. Hence for t < t,

X-X)%; < T+1+TI+1V,  where (2.39)
I = |Xo-Xol,
tAT _
no= / 1b3(X) — by()] ds.
0
I = sup / (05(X) = 05(X)) dBs|, and
u<tAT 0
vV o= sup / (e (X.) - es-(X.y) N(ds dy)|
u<tAT

0,u]xS
The squared L?-norms of the first two expressions are bounded by

E[I?)] = &, and

tAT t
E[?] < thE[ / (X—X)gzds] < L% / &, ds.
0 0

Denoting by M,, and K, the stochastic integrals in III and IV respectively, Doob’s inequality and It6’s
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isometry imply

E[UP] = E[M}2] < A4E[M?;]

tAT -

tAT _ t
- 4E[ / o (X) = o (X)| ]2 ds] < 412 / &, ds,
0 0

E[IV’] = E[K.2] < 4E[K};]

tAT
tAT _ t
= 4E[/ / les—(X,y) — cs—(X, y)|? v(dy) ds] < 417 / & ds.
0 0
The assertion now follows since by (2.39),
& = E[X-X)rk] < 4 E[P+IF+112+1V?]. m

The a priori estimate shows in particular that under a global Lipschitz condition, solutions depend
continuously on the initial condition in mean square. Moreover, it implies pathwise uniqueness under a local
Lipschitz condition:

Corollary 2.19 (Pathwise uniqueness). Suppose that Assumption (A1) holds. If (X;) and (X,) are strong
solutions of (2.34) with Xo = Xo almost surely then

P[Xt=§t foranyt] = 1.

Proof. For any open bounded set U C R" and 7 € R, the a priori estimate in Theorem 2.18 implies that X
and X coincide almost surely on [0,#y A Ty<) where Ty« denotes the first exit time from U. [

Existence of strong solutions

To prove existence of strong solutions, we need an additional assumption:

Assumption (A2). Foranyty € R,

sup / 1 OP vdy) < .

1<ty
Here O denotes the constant path x = 0 in D(R;,R").

Note that the assumption is always satisfied if ¢ = 0.

Remark (Linear growth condition). If both (A2) and a global Lipschitz condition Lip(#y, R") hold then
there exists a finite constant C(fy) such that for any x € D(R,,R"),

sup (16, COP + 103 + [P vian) < Clo)- (1457 (2.40)

1<ty

Theorem 2.20 (Itd). Let & : Q — R” be a random variable that is independent of the Brownian motion B

and the Poisson random measure N.

1) Suppose that the local Lipschitz condition (A1) and (A2) hold. Then (2.34) has a strong solution
(X;):r<¢ with initial condition X, = £ that is defined up to the explosion time

. = supTy, where T, = inf{r > 0:|X;| = k}.

2) If, moreover, the global Lipschitz condition Lip(#y, R™) holds for any 7y € R, then { = oo almost surely.
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Proof. We first prove existence of a global strong solution (X;);¢[0,.0) assuming (A2) and a global Lipschitz
condition Lip(#, R") for any 7y € R,. The first assertion will then follow by localization.

For proving global existence we may assume w.l.0.g. that £ is bounded and thus square integrable. We then
construct a sequence (X") of approximate solutions to (2.34) by a Picard-Lindeldf iteration, i.e., for t > 0
and n € Z, we define inductively

X = g (2.41)

§+/O by(X )ds+/0 os(X") dBg + / cs— (X", y) N(ds dy).

(0,7]xS

n+1
XZ

Fix ty € [0, 00). We will show below that Assumption (A2) and the global Lipschitz condition imply that

(i) for any n € N, X" is a square integrable ('7—;0) semimartingale on [0,7y] (i.e., the sum of a square
integrable martingale and an adapted process with square integrable total variation), and

(ii) there exists a finite constant C(#() such that the mean square deviations

A" = E[(Xn+1 _ Xn);\v 2]‘

t

of the approximations X" and X"*! satisfy

t
AL < C(to)/ AY ds  forany n >0 and ¢ < 1.
0

Then, by induction,

tn
Al < Cl) — A? forany n € N and ¢ < 1.
n!

In particular, ;" | Aj < co. An application of the Borel-Cantelli Lemma now shows that the limit
X5 = lim, o X' exists uniformly for s € [0, ] with probability one. Moreover, X is a fixed point of the
Picard-Lindeldf iteration, and hence a solution of the SDE (2.34). Since #y has been chosen arbitrarily, the
solution is defined almost surely on [0, ), and by construction it is adapted w.r.t. the filtration (7",0).

We now show by induction that Assertion (i) holds. If X" is a square integrable (7,) semimartingale on
[0,79] then, by the linear growth condition (2.40), the process |bs(X™)|* + ||os(X™)|> + [ |es(X™, )| v(dy)
is integrable w.r.t. the product measure P ® A(q,4,). Therefore, by 1t6’s isometry, the integrals on the right
hand side of (2.41) all define square integrable (7‘}0) semimartingales, and thus X"**! is a square integrable
(F,) semimartingale, too.

Assertion (ii) is a consequence of the global Lipschitz condition. Indeed, by the Cauchy-Schwarz
inequality, It0’s isometry and Lip(#p, R™), there exists a finite constant C(¢y) such that

E [(Xn+2 _ XI’H—I)* 2:|
t

t
3tE [/ by (X1 = by(x™)[* ds
0

n+l
At

IA

t
+ 3E [/ [|os (X1 - O'S(X”)“Z ds
0

+3E [ /0 / les (X, y) = e (X", )| v(dy) ds]

IA

t
C(1p) / A% ds forany n >0 and 1 < 19.
0
This completes the proof of global existence under a global Lipschitz condition.

Finally, suppose that the coefficients b, and c only satisfy the local Lipschitz condition (A1). Then for
k € Nand ty € R, we can find functions %, % and ¢* that are globally Lipschitz continuous and that agree
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with b, o and ¢ on paths (x;) taking values in the ball B(0, k) for ¢ < 5. The solution X*) of the SDE with
coefficients ¥, o, c¥ is then a solution of (2.34) up to #p A Ty where Ty denotes the first exit time of X (&)
from B(0, k). By pathwise uniqueness, the local solutions obtained in this way are consistent. Hence they
can be combined to construct a solution of (2.34) that is defined up to the explosion time ¢ = sup Tk. |

Non-explosion criteria

Theorem 2.20 shows that under a global Lipschitz and linear growth condition on the coefficients, the solution
to (3.27) is defined for all times with probability one. However, this condition is rather restrictive, and there
are much better criteria to prove that the explosion time ¢ is almost surely infinite. Arguably the most
generally applicable non-explosion criteria are those based on stochastic Lyapunov functions. Consider for
example an SDE of type

dX, = b(X;)dt+ o(X;)dB; (2.42)

where b : R” — R" and o : R” — R4 are locally Lipschitz continuous, and let

L= 3 mﬂwf;ﬁb(x)-v, ax) = oo,

i,j=1

denote the corresponding generator.

Theorem 2.21 (Lyapunov condition for non-explosion). Suppose that there exists a function ¢ € C>(R")
such that
(1) ¢(x) =0 foranyx € R",
(i) ¢(x) = o0 as|x| —» co, and
(iii) L¢ < A¢ forsome A € R,.
Then the strong solution of (3.27) with initial value xy € R" exists up to { = oo almost surely.

Proof. We first remark that by (iii), Z; := exp(—A¢t)¢(X;) is a supermartingale up to the first exit time T of
the local solution X from a ball B(0, k) c R". Indeed, by the product rule and the [td6-Doeblin formula,

dZ = -2V ¢p(X)dt + e M dp(X) = dM + e V(Lo — 1) (X) dt

holds on [0, T; ] with a martingale M up to Ty.
Now we fix ¢ > 0. Then, by the Optional Stopping Theorem and by Condition (i),

E[e(Xo)] = E [exp(—=A(t A Ti)) ¢(Xiaz,)]
E [exp(-At) ¢(X1,); Tk < 1]
exp(—A1) |iI\1fk ¢(y) P Tk < 1]

e

¢(x0)

\

v

for any k € N. As k — oo, inf||—x ¢(y) — oo by (ii). Therefore,
PlsupTy <t] = klim P[T, <t] =0

forany t > 0, i.e., { = sup Ty = oo almost surely. |

By applying the theorem with the function ¢(x) = 1 + |x|*> we obtain:
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Corollary 2.22. If there exists A € R, such that
2x - b(x) +tr(a(x)) < A-(1+[x]?) for any x € R"

then { = oo almost surely.

Note that the condition in the corollary is satisfied if

X
ﬁ -b(x) < const.-|x| and tra(x) < const. -|x|?
X

for sufficiently large x € R”, i.e., if the outward component of the drift is growing at most linearly, and the
trace of the diffusion matrix is growing at most quadratically.
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3. Further extensions of 1t6 calculus

This chapter contains an introduction to some important extensions of Itd calculus and the type of SDE
considered so far. We will consider Stratonovich calculus and Brownian motion on curved surfaces, local
times and a singular SDE for reflected Brownian motion, as well as stochastic flows.

3.1. Stratonovich differential equations

Replacing Itd by Statonovich integrals has the advantage that the calculus rules (product rule, chain rule) take
the same form as in classical differential calculus. This is useful for explicit computations (Doss-Sussman
method), for approximating solutions of SDE by solutions of ordinary differential equations, and in stochastic
differential geometry.

Let X and Y be continuous semimartingales on a filtered probability space (2, A, P, (%7)).

Definition 3.1 (Fisk-Stratonovich integral). The Stratonovich integral f X o dY is the continuous semi-
martingale defined by

t t

1

/ X;odYy = / X dYs + E[X’Y]t for any ¢ > 0.
0 0

Note that a Stratonovich integral w.r.t. a martingale is not a local martingale in general. The Stratonovich
integral is a limit of trapezoidal Riemann sum approximations:

Lemma 3.2. If (n,) is a sequence of partitions of R, with mesh(rx,,) — 0 then

! Xs + Xy
/ X;o0dYy = lim STSM Yonr — Yy) in the ucp sense.
O n—00

Proof. This follows since fot X dY =ucp-lim Y, ., X (Yyrr — ¥5) and
[X,Y]; = uep-lim Y, (Xg'ar — Xs)(Yyar — Y5) by the results above. |

It6-Stratonovich formula

For Stratonovich integrals w.r.t. continuous semimartingales, the classical chain rule holds:

Theorem 3.3. Let X = (X',...,X9) with continuous semimartingales X’. Then for any function F €
C*RY),
&t oF .
F(X,)- F(Xo) = Z/ — (X)) odX: Vi>0. 3.1)
=1 0 oxt
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3. Further extensions of It calculus

Proof. To simplify the proof we assume F € C3. Under this condition, (3.1) is just a reformulation of the
1t6 rule

F(X,) - F(Xo) Z [ o axi+ 22 [ o xaax X 6

Indeed, applying Itd’s rule to the C? function 2 shows that

6 i
= A O°F ax’
= I+Z Oxiox (Xs) dX;

for some continuous finite variation process A. Hence the difference between the Statonovich integral in
(3.1) and the It6 integral in (3.2) is

slgeeo], = 35 [ g0 ax.
J

Remark (Extenisons). For the extension of the proof to C2 functions F see e.g. [35], where also a general-
ization to cadlag semimartingales is considered.

The product rule for Stratonovich integrals is a special case of the chain rule:

Corollary 3.4. For continuous semimartingales X, Y,

t t
XY, - Xo¥o = /XsodYs+/YsodXS Vi>0.
0 0

Exercise (Associative law). Prove an associative law for Stratonovich integrals.

Stratonovich SDE

Since Stratonovich integrals differ from the corresponding It6 integrals only by the covariance term, equations
involving Stratonovich integrals can be rewritten as [t equations and vice versa, provided the coefficients
are sufficiently regular. We consider a Stratonovich SDE in R" of the form

d
odX, = b(X,)dt+ Z ow(X;)odBY, Xy = xo (3.3)
k=1
with xo € R”", continuous vector fields b,o, . . .,04 € C(R",R"), and an R?-valued Brownian motion (B;).
Exercise (Stratonovich to Ité conversion). 1) Provethatforo,...,04 € CZ(R",R”), the Stratonovich

SDE (3.3) is equivalent to the Itd SDE

d
dX, = bX)di+) ow(X)dBf, Xo = x, (34)
k=1
where
— 1 &
b = b+ EZO'k-VO'k.
k=1
2) Conclude that if b and o1,...,0q are Lipschitz continuous, then there is a unique strong solution of
(3.3).
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3.1. Stratonovich differential equations

Theorem 3.5 (Martingale problem for Stratonovich SDE). Let » € C(R"™,R") and oy,...,04 €
C?*(R™,R"), and suppose that (X;),>o is a solution of (3.3) on a given setup (Q, A, P,(%),(B;)). Then
for any function F € C3(R"), the process

MF = F(X,)- F(Xo) - /0 (LF)(Xy) ds,

| =

d
LF = 5 ox-V(ok-VF)+b-VF,
k=1

is a local (7;*') martingale.

Proof. By the Stratonovich chain rule and by (3.3),

F(X,) - F(Xo) /O t VF(X) - odX

t t
/ (b-VF)(X) dr + Z / (ok - VF)(X) o dB*. (3.5)
0 /0
By applying this formula to o - VF, we see that
(0 -VF)X) = A+ / o - V(ok - VF)(X) dB
1

with a continuous finite variation process (A;). Hence

/ (0% - VF)X) o dB* / (0% - VF)X) dB* + Mo - vPY (), B,
0 0 2

1 t
local martingale + 3 / oy - V(oy - VF)(X)dt. (3.6)
0

The assertion now follows by (3.5) and (3.6). |

The theorem shows that the generator of a diffusion process solving a Stratonovich SDE is in sum of squares
form. In geometric notation, one briefly writes b for the derivative b - V in the direction of the vector field
b. The generator then takes the form

1 2
.£ = §;Uk+b

Brownian motion on hypersurfaces

One important application of Stratonovich calculus is stochastic differential geometry. 1t6 calculus can not
be used directly for studying stochastic differential equations on manifolds, because the classical chain rule
is essential for ensuring that solutions stay on the manifold if the driving vector fields are tangent vectors.
Instead, one considers Stratonovich equations. These are converted to Itd6 form when computing expectation
values. To avoid differential geometric terminology, we only consider Brownian motion on a hypersurface
in R™*!, cf. [37], [18] and [21] for stochastic calculus on more general Riemannian manifolds.

Let f € C*(R™!) and suppose that ¢ € R is a regular value of £, i.e., Vf(x) # 0 for any x € f~'(c). Then
by the implicit function theorem, the level set

M. = fYe) = {xeR"™ : fx)=c}
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3. Further extensions of 1td calculus

is a smooth n-dimensional submanifold of R**!. For example, if f(x) = |x|?> and ¢ = 1 then M, is the
n-dimensional unit sphere S™.

For x € M,., the vector
\Y

f6)
[V f(x)l

is the unit normal to M, at x. The tangent space to M, at x is the orthogonal complement

n(x)

TyM. = span{n(x)}*.

Let P(x) : R"! — T, M. denote the orthogonal projection onto the tangent space w.r.t. the Euclidean metric,
ie.,
P(x)y = v-v-ux)nx), veR"™,

For k € {1,...,n+ 1}, we set Pr(x) = P(x)eg.

Definition 3.6. A Brownian motion on the hypersurface M, with initial value xo € M, is a solution (X;)
of the Stratonovich SDE

n+l
odX, = P(X)odB, = ) PX)odBf, Xo = x, 3.7)
k=1

with respect to a Brownian motion (B;) on R"*!,
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3.1. Stratonovich differential equations

We now assume for simplicity that M, is compact. Then, since c is a regular value of f, the vector fields
Py are smooth with bounded derivatives of all orders in a neighbourhood U of M. in R™*!. Therefore, there
exists a unique strong solution of the SDE (3.7) in R™*! that is defined up to the first exit time from U.
Indeed, this solution stays on the submanifold M, for all times:

Theorem 3.7. If X is a solution of (3.7) with xy € M, then almost surely, X; € M, for any ¢ > 0.

The proof is very simple, but it relies on the classical chain rule in an essential way:

Proof. We have to show that f(X;) is constant. This is an immediate consequence of the Stratonovich
formula:

t n+1 t
£ =100 = [ 9500 -edxs = 3 [ 97 P 0 ast = 0
k=1

since Py(x) is orthogonal to V f(x) for any x. |

Although we have defined Brownian motion on the Riemannian manifold M,. in a non-intrinsic way, one can
verify that it actually is an intrinsic object and does not depend on the embedding of M, into R"*! that we
have used. We only convince ourselves that the corresponding generator is an intrinsic object. By Theorem
3.5, the Brownian motion (X;) constructed above is a solution of the martingale problem for the operator

1 n+l 1 5
L = EZ(Pk-V)Pk-V = EZP,(.
k=1 k=1
From differential geometry it is well-known that this operator is %AMC where Ay, denotes the (intrinsic)

Laplace-Beltrami operator on M..

Exercise (Ito SDE for Brownian motion on M_). Prove that the SDE (3.7) can be written in Itd form
as
dX, = P(X,)dB, - gk(xt)n(xt) dt

where «(x) = % div n(x) is the mean curvature of M, at x.

Doss-Sussmann method

Stratonovich calculus can also be used to obtain explicit solutions for stochastic differential equations in R"”
that are driven by a one-dimensional Brownian motion (B;). We consider the SDE

odX;, = b(X;)dt + o(X;)odBy, Xy = a, (3.8)

where a € R", b : R"” — R”" is Lipschitz continuous and o : R” — R” is C? with bounded derivatives.
Recall that (3.8) is equivalent to the 1t6 SDE

1

We first determine an explicit solution in the case b = 0 by the ansatz X, = F(B;) where F € C*(R,R"). By
the Stratonovich rule,
odX, = F'(B))odB; = o(F(B;))odB,
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provided F is a solution of the ordinary differential equation
F'(s) = o(F(s)). (3.10)
Hence a solution of (3.8) with initial condition Xy = a is given by
X, = F(B;a)

where (s, x) — F(s, x) is the flow of the vector field o, i.e., F(-,a) is the unique solution of (3.10) with initial
condition a.
Recall from the theory of ordinary differential equations that the flow of a vector field o as above defines
a diffeomorphism a +— F(s,a) for any s € R. To obtain a solution of (3.8) in the general case, we try the
“variation of constants” ansatz

X, = F(B;,Cy) (3.11)

with a continuous semimartingale (C;) satisfying Cyp = a. In other words: we make a time-dependent
coordinate transformation in the SDE that is determined by the flow F and the driving Brownian path (B;).
By applying the chain rule to (3.11), we obtain

oF

oF
odXt = _(Bt, C[) [©) dB[ + _(Bt’ C[) o dC[
as 0x

oF
= o0(X;)odB; + a(Bt’Ct) o dC;

where ?9_5(5’ -) denotes the Jacobi matrix of the diffeomorphism F(s,-). Hence (X;) is a solution of the SDE
(3.8) provided (C;) is almost surely absolutely continuous with derivative
d oF _
—C, = —(B,C) " b(F(B.,C))). (3.12)
dt ox
For every given w, the equation (3.12) is an ordinary differential equation for C;(w) which has a unique
solution. Working out these arguments in detail yields the following result:

Theorem 3.8 (Doss 1977, Sussmann 1978). Suppose that b : R” — R" is Lipschitz continuous and
o : R" — R" is C? with bounded derivatives. Then the flow F of the vector field o is well-defined, F(s, )
is a C? diffeomorphism for any s € R, and the equation (3.12) has a unique pathwise solution (C;);s0
satisfying Cy = a. Moreover, the process X; = F(B;, C;) is the unique strong solution of the equation (3.8),
(3.9) respectively.

We refer to [24] for a detailed proof.

Exercise (Computing explicit solutions). Solve the following It6 stochastic differential equations ex-

plicitly:
1
ax, = 5X,dt+\/l+X,2dBt, Xo = 0, (3.13)
dX, = X;(1+X?)dt+(1+X?)dB,, Xo = 1. (3.14)

Do the solutions explode in finite time?

Exercise (Variation of constants). We consider nonlinear stochastic differential equations of the form
dX[ = f(t, Xt) dt + C(I)X[ dBt, X() =X,

where f : Rt xR — Rand ¢ : R* — R are continuous (deterministic) functions. Proceed as follows :
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3.1. Stratonovich differential equations

a) Find an explicit solution Z, of the equation with f = 0.

b) To solve the equation in the general case, use the Ansatz

Xl’ = Cl . Zl’ .
Show that the SDE gets the form
dCi(w
LD~ 0,2 )@ Co=x G.15)

Note that for each w € Q, this is a deterministic differential equation for the function ¢ — C;(w).
We can therefore solve (3.15) with w as a parameter to find C;(w).

¢) Apply this method to solve the stochastic differential equation
1
dX,:Ydt+a/X,dB,; Xo=x>0,
t

where « is constant.
d) Apply the method to study the solution of the stochastic differential equation
dX, = X dt + aX, dB, ; Xo=x>0,

where @ and y are constants. For which values of y do we get explosion?

Wong Zakai approximations of SDE

A natural way to approximate the solution of an SDE driven by a Brownian motion is to replace the
Brownian motion by a smooth approximation. The resulting equation can then be solved pathwise as an
ordinary differential equation. It turns out that the limit of this type of approximations as the driving smoothed
processes converge to Brownian motion will usually solve the corresponding Stratonovich equation.

Suppose that (B;); >0 is a Brownian motion in R? with By = 0. For notational convenience we define B; := 0
for t < 0. We approximate B by the smooth processes

2

t
BY = Brgy 40 = ey Pexp(-1).
E

Other smooth approximations could be used as well, cf. [24] and [22]. Let X &) denote the unique solution
to the ordinary differential equation

d
4 i)

d
XY = b(x®) + (X)) EBY", X = a (3.16)

with coefficients b : R” — R” and o : R" — R"™%4

Theorem 3.9 (Wong, Zakai 1965). Suppose that b is C' with bounded derivatives and o is C? with
bounded derivatives. Then almost surely as k — oo,

X,(k) —  X; uniformly on compact intervals,
where (X;) is the unique solution of the Stratonovich equation

OdXz = b(Xt) dt + O'(Xt) [©) dBt, XO = da.
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3. Further extensions of It calculus

If the driving Brownian motion is one-dimensional, there is a simple proof based on the Doss-Sussman

representation of solutions. This shows that X*) and X can be represented in the form Xt(k) =F (B;k), Ct(k) )

and X, = F(B,,C;) with the flow F of the same vector field o=, and the processes C*) and C solving (3.12)
w.r.t. B®) B respectively. Therefore, it is not difficult to verify that almost surely, X*) — X uniformly on
compact time intervals, cf. [24]. The proof in the more interesting general case is much more involved, cf.
e.g. Ikeda & Watanabe [22, Ch. VI, Thm. 7.2].

3.2. Local time
The occupation time of a Borel set U C R by a one-dimensional Brownian motion (B;) is given by
t
LY = / Iy(By) ds.
0
Brownian local time is an occupation time density for Brownian motion that is informally given by
t
“Lf = / 0q(Bs)ds”
0
for any a € R. It is a non-decreasing stochastic process satisfying

LY = /Lfda.
U

We will now apply stochastic integration theory for general predictable integrands to define the local
time process (L{);>o for a € R rigorously for Brownian motion, and, more generally, for continuous
semimartingales.

Local time of continuous semimartingales

Let (X;) be a continuous semimartingale on a filtered probability space. Note that by Itd’s formula,

100 =0 = [ roaxcs s [ .

Informally, if X is a Brownian motion then the last integral on the right hand side should coincide with L
if f” = 6,. A convex function with second derivative §, is f(x) = (x — a)*. Noting that the left derivative
of fis given by f’ = I(4 ), this motivates the following definition:

Definition 3.10. For a continuous semimartingale X and a € R, the process L% defined by

t
1
X, —a)" - Xo-a)" = / Lia,00)(Xs) dX; + ELta
0

is called the local time of X at a.

Remark. 1) By approximating the indicator function by continuous functions it can be easily verified that
the process /(4,0)(X;) is predictable and integrable w.r.t. X.

2) By the Dominated Convergence Theorem, the map a + L/ is almost surely right continuous.
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3) Alternatively, we could have defined local time at a by the identity

t
1.
(Xt - a)+ _ (XO - a)+ — / I[a,oo)(Xs)dXs + EL?
0

involving the right derivative /|, ) instead of the left derivative I, o). Note that

t
LY - L9 = 2/0 Liay(Xy) dX;.

This difference vanishes almost surely if X is a Brownian motion, or, more generally, a continuous local
martingale. For semimartingales, however, the processes L% and L% may disagree, cf. the example below
Lemma 3.11. The choice of L¢ in the definition of local time is then just a standard convention that is
consistent with the convention of considering left derivatives of convex functions.

Lemma 3.11 (Properties of local time, Tanaka formulae).
1) Suppose that ¢, : R — [0,0), n € N, is a sequence of continuous functions with [ ¢, = 1 and ¢,(x) = 0
for x ¢ (a,a + 1/n). Then

t
Lt = wep- tim [ ¢, (x)d1x].
- [

In particular, the process (L{); >0 is non-decreasing and continuous.
2) The process L* grows only when X = a, i.e.,

t
/ Iix,+aydLy = 0 foranyt > 0.
0

3) The following identities hold:

t
1

K- = Co-a)' = [ lawO6)ax + 3L (317

0

g 1
(Xt - a)_ - (X - a)_ = —/ I(_oo’a](Xs) dX, + ELta’ (3.18)
0

t
| X, —a|—|Xo—a| = / sgn(Xs —a)dXs + L7, (3.19)

0

where sgn(x) = +1 for x > 0, and sgn(x) := —1 for x < 0.

Remark. Note that we set sgn(0) := —1. This is related to our convention of using left derivatives as sgn(x)

is the left derivative of |x|. There are analogue Tanaka formulae for L% with the intervals (a, 00) and (—co, a]
replaced by [a, o0) and (—co, a), and the sign function defined by sgn(x) := +1 for x > 0 and sgn(x) := -1
for x < 0.

Proof. 1) For n € Nlet f,(x) := [*_ [°.. ¢n(z) dzdy. Then the function f, is C* with f’ = ¢,. By Itd’s
formula,

t , 1 t
0= A0~ [ 0 ax = 3 [ e dxl. (3.20)
0 0
As n — oo, f,/(Xy) converges pointwise to /(4 )(Xs). Hence
t t
/ f,:(XS) dXs g / I(a’oo)(Xs) dXs
0 0
in the ucp-sense by the Dominated Convergence Theorem 6.44. Moreover,

fo(X0) = fu(Xo) > (Xr—a)" = (Xo—a)".
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The first assertion now follows from (3.20).

2) By 1), the measures ¢,(X;) d[X]; on R, converge weakly to the measure dL{* with distribution function
L“. Hence by the Portemanteau Theorem, and since ¢,,(x) = 0 for x ¢ (a,a + 1/n),

t t
/ I{|Xs—a|>€} dL:l < liminf/ I{lXS—a|>s} San(Xs)d[X]s =0
0 0

n—oo

for any € > 0. The second assertion of the lemma now follows by the Monotone Convergence Theorem as
el 0.

3) The first Tanaka formula (3.17) holds by definition of L¢. Moreover, subtracting (3.18) from (3.17) yields

Xi —a)—(Xo—a) = /Oths,

which is a valid equation. Therefore, the formulae (3.18) and (3.17) are equivalent. Finally, (3.19) follows
by adding (3.17) and (3.18). [ |

Remark. In the proof above it is essential that the Dirac sequence (¢,,) approximates 8, from the right. If
X is a continuous martingale then the assertion 1) of the lemma also holds under the assumption that ¢,
vanishes on the complement of the interval (@ — 1/n,a + 1/n). For semimartingales however, approximating
8, from the left would lead to an approximation of the process L¢, which in general may differ from L¢.

Exercise (Brownian local time). Show that the local time of a Brownian motion B in a € R is given by
1 t
L{ = ucp- ilir(l) % /0 la-s,a+e)(Bs) ds.

Example (Reflected Brownian motion). Suppose that X; = |B,| where (B;) is a one-dimensional Brow-
nian motion starting at 0. By Tanaka’s formula (3.19), X is a semimartingale with decomposition

Xr = WI + L[ (3.21)

where L; is the local time at O of the Brownian motion B and W, := fot sgn(Bs) dBs. By Lévy’s
characterization, the martingale W is also a Brownian motion, cf. Theorem 1.4. We now compute the
local time LtX of X at 0. By (3.18) and Lemma 3.11, 2),

1 _ B t
FLE = X=X+ / I—oo,01(Xs) dX (3.22)
0

t t t
= / I{O}(Bs)dws +/ 1{0}(Bs)dL\ = / dL; = L; a.s.,
0 0 0

ie., L,X = 2L,. Here we have used that fot 1 {0}(BS) dW; vanishes almost surely by Itd’s isometry, as both
W and B are Brownian motions. Notice that on the other hand,

1 . t
5LtX = Xt_ _XO_ +/ I(_OO’O)(XS)dXS =0 a.s.,
0

so the processes LX and LX do not coincide. By (3.21) and (3.22), the process X solves the singular
SDE

1
dX, = dw, + EdL,X

driven by the Brownian motion W. This justifies thinking of X as Brownian motion reflected at 0.

The identity (3.21) can be used to compute the law of Brownian local time:

Exercise (The law of Brownian local time).
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a) Prove Skorohod’s Lemma: If (y;);>0 is a real-valued continuous function with yy = 0 then there
exists a unique pair (x, k) of functions on [0, o0) such that

i) x=y+k,
(i) x is non-negative, and

(iii) k is non-decreasing, continuous, vanishing at zero, and the measure dk; is carried by the set
{t: x, =0}.

The function k is given by k; = sup,,(=ys).

b) Conclude that the local time process (L;) at 0 of a one-dimensional Brownian motion (B;) starting
at 0 and the maximum process S; := sup, ., By have the same law. In particular, L, ~ |B;| for any
t>0.

¢) More generally, show that the two-dimensional processes (|B|, L) and (S — B, S) have the same
law.

Notice that the maximum process (S;);>0 is the generalized inverse of the Lévy subordinator introduced
in Section 2.3. Thus we have identified Brownian local time at O as the inverse of a Lévy subordinator.

It6-Tanaka formula

Local time can be used to extend Itd’s formula in dimension one from C? to general convex functions. Recall
that a function f : R — R is convex iff

fAx+(1=-Dy) < Af(x)+ (A =D f(y) VAe[0,1], x,y €R.

For a convex function f, the left derivatives

Jx) - fx—h)

’ — 1~
J2(x) lim ;

exist, the function f” is left-continuous and non-decreasing, and
b
f(b) - f(a) = / f/(x)dx for any a,b € R.
a
The second derivative of f in the distributional sense is the positive measure f’ given by

f"(a,b)) = f(b)— f(a) for any a,b € R.

We will prove in Theorem 3.18 below that there is a version (¢,a) + L of the local time process of
a continuous semimartingale X such that t + L7 is continuous and a — L is cadlag. If X is a local
martingale then L is even jointly continuous in 7 and a. From now on, we fix a corresponding version.

Theorem 3.12 (Itd-Tanaka formula, Meyer). Suppose that X is a continuous semimartingale, and f :
R — R is convex. Then almost surely,

700 =0 = [ poaxce s [ L 6.23)
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Proof. We proceed in several steps:
1) Equation (3.23) holds for linear functions f.
2) By localization, we may assume that |X;| < C for a finite constant C. Then both sides of (3.23) depend
only on the values of f on (—C,C), so we may also assume w.l.0.g. that f is linear on each of the intervals
(=00,—C] and [C, ), i.e.,

supp(f”) ¢ [-C.C].
Moreover, by subtracting a linear function and multiplying f by a constant, we may even assume that f
vanishes on (—oco,C], and f” is a probability measure. Then

X

FO) = pueooy)  and  f(x) = / i(=co,y) dy (3.24)

where u := f”.
3) Now suppose that 4 = §, is a Dirac measure. Then f’ = I, o) and f(x) = (x — a)*. Hence Equation
(3.23) holds by definition of L%. More generally, by linearity, (3.23) holds whenever u has finite support,

since then u is a convex combination of Dirac measures.

4) Finally, if u is a general probability measure then we approximate u by measures with finite support.
Suppose that Z is a random variable with distribution y, and let y,, denote the law of Z,, := 27"[2"Z]. By
3), the It6-Tanaka formula holds for the functions f;,(x) := ffw Up(—00,y)dy, ie.,

0= £ = [ o axee s [ L ) (3.25)

for any n € N. As n — oo, (-0, Xs) — u(—o0, X;), and hence

/0 ) dx, — /O ) dx,

in the ucp sense by dominated convergence. Similarly, f,,(X;) — f,,(Xo) — f(X;) — f(Xp). Finally, the right
continuity of a — L;* implies that

[ L wtda) > [ L utd
R R

since Z, converges to Z from above. The Itd6-Tanaka formula (3.23) for f now follows from (3.25) as
n— oo, [ |

Clearly, the It6-Tanaka formula also holds for functions f that are the difference of two convex functions. If
f is C? then by comparing the Itd-Tanaka formula and Itd’s formula, we can identify the integral [ L% £ (da)
over a as the stochastic time integral fot f”(Xs) d[X]s. The same remains true whenever the measure f”'(da)
is absolutely continuous with density denoted by f*’(a):

Corollary 3.13. For any measurable function V : R — [0, o),

/ L% V(a)da = / V(X,) d[X]y Vit20. (3.26)
R 0

Proof. The assertion holds for any continuous function V : R — [0,c0) as V can be represented as the
second derivative of a C? function f. The extension to measurable non-negative functions now follows by a
monotone class argument. ]

Notice that for V = I, the expression in (3.26) is the occupation time of the set B by (X;), measured w.r.t.
the quadratic variation d[X];.
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3.3. Burkholder-Davis-Gundy inequalities and L? bounds

We start by recalling a crucial martingale inequality that we will apply frequently to derive L? estimates for
semimartingales. For real-valued cadlag functions x = (x;);>o we set

X i= sup|xsl for t > 0, and xy = |xol.
s<t

Then the Burkholder-Davis-Gundy inequality states that for any p € (0, c0) there exist universal constants
¢p, Cp € (0, 00) such that the estimates

e E[IMEEP] < E(MAP] < Cp-E[[MIZ (3.27)

hold for any continuous local martingale M satisfying My = 0, cf. [36]. The inequality shows in particular
that for continuous martingales, the 9{? norm, i.e., the LP norm of M, is equivalent to E[[M ]fo/ 2]1/ P Note
that for p = 2, by Itd’s isometry and Doob’s L?> maximal inequality, Equation (3.27) holds with cp =1
and C, = 4. The Burkholder-Davis-Gundy inequality can thus be used to generalize arguments based on
Itd’s isometry from an L? to an L” setting. This is, for example, important for proving the existence of a
continuous stochastic flow corresponding to an SDE, see Section 3.4 below.

In these notes, we only prove an easy special case of the Burkholder-Davis-Gundy inequality that will be
sufficient for our purposes: For any p € [2, o),

E[(MFy1'P < Ne/2p EIMI)P (3.28)
This estimate also holds for cadlag local martingales and is proven in Theorem 6.33.

XXX Include proof of general case.

3.4. Continuous modifications and stochastic flows

Let Q = Co(R.,R%) endowed with Wiener measure y( and the canonical Brownian motion W;(w) = w(t).
We consider the SDE

dXt = bt(X) dt + O'[(X) th, XO = da, (329)

with progressively measurable coefficients b, : R, X C(R,,R") — R, R™ respectively satisfying the
global Lipschitz condition

1bi(x) = b;(X)| + [loy(x) —o(X)|] < L(x-%; V&xX (3.30)
for some finite constant L € R, as well as

sup (|bs(0)] + ||os(0)]]) < o Yt (3.31)
s€[0,7]

Then by It6’s existence and uniqueness theorem, there exists a unique global strong solution (X;*); >0 of (3.29)
for any initial condition @ € R". Our next goal is to show that there is a continuous modification (t,a) +— &/
of (X). The proof is based on the multidimensional version of the Kolmogorov-Centsov continuity criterion
for stochastic processes that is significant in many other contexts as well. Therefore, we start with a derivation
of the Kolmogorov-Centsov criterion from a corresponding regularity result for deterministic functions.
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Continuous modifications of deterministic functions

Let x : [0,1)? — E be a bounded measurable function from the d-dimensional unit cube to a separable
Banach space (E,|| - ||). In the applications below, E will either be R" or C([0,7],R") endowed with the
supremum norm. The average of x = (xy),efo,1y« Over a smaller cube Q C [0, 1)¢ is denoted by XQ:

@ .
Xo = x, du = —— x, du.
Q ][Q " vol(Q) Jo "

Let D,, be the collection of all dyadic cubes Q = Hf’zl[(ki — 127" k27" with ky,. .., kg € {1,2,...,2"}.
For u € [0,1)? and n € N, we denote the unique cube in D,, containing u by Q,(«). Notice that u X0, (u)
is the conditional expectation of x given o (D) w.r.t. the uniform distribution on the unit cube. By the
martingale convergence theorem,

X, = lim xo,w) for almost every u € [0, l)d,

n—oo

where the limit is w.r.t. weak convergence if E is infinite dimensional.

Theorem 3.14 (Besov-Holder embedding). Let 8 > 2d and g > 1, and suppose that

[ — x0||2 la
d 3.32
(/owd/[ow Qu—vivap (3:32)

fu = lim X0, (1)

n—0oo

is finite. Then the limit

exists for every u € [0,1)4, and X is a Holder continuous function satisfying ¥, = x,, for almost every u,

and . 8
Y- %l € —=="—==Bpg4lu—v|F21. 3.33
% = Foll < o555 Brua e = (3.33)
For s = 24 < 1, the constant Bg , is essentially a Besov norm of order (s,q,q), or equivalently, a

Sobolev-Slobodecki norm of order (s,q). The assertion of the theorem says that the corresponding Besov
space is continuously embedded into the Holder space of order (8 — 2d)/q, i.e., there is a finite constant C
such that

IxlHs18-2a)/q) < C - 1 XIBesovB-d)/q.q.9)-

Proof. Let ¢(Q) denote the edge length of a cube Q. The key step in the proof is to show that the inequality

4 B A
—xAll <« —— % B (B-2d)/q 34
Ixe =gl < o5 55 B el0) (3349

holds for arbitrary cubes Q, 0c (0,1]¢ such that Q C Q. This inequality is proven by a chaining argument:
Let

0=00201> - 20,=0
be a decreasing sequence of a subcubes that interpolates between Q and Q . We assume that the edge lengths
er := e(Qy) satisty

1
A = ef/q fork > 1, and &/ > = /7. (3.35)
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Since vol(Qy) = ez’ and |u — v| < Vd ex_; for any u,v € Qx_1, we obtain

l/q
[ ”f F oG- mdua < (][ F b=l dudy
Ok J Qk-1 Ok J Qk-1

e = x| Va ~dlq -dlq B/
< (/ / du dv € 4 ek_lq ef_‘f
Ok J Q-1 (|“_V|/‘/_)B
< (/3 2d)/q < 4Bg, e(Q)(ﬁ 2d)/q o~(B-2d)k /B

In the last two steps, we have used (3.35) and ex_; > ex. Noting that
Z 279k = 1729 - 1) < 1/(alog?),
k=1

Equation (3.34) follows since [lxg — x4l < X}_; llxg, — xg, I

Next, consider arbitrary dyadic cubes Q,(«) and Q,,(v) with u,v € [0,1)¢ and n,m € N. Then there is a
cube O C [0,1)? such that O D 0, (1) U Q,,(v) and

e(Q) < lu—v|+27" 427"
By (3.34) and the triangle inequality, we obtain

1%, ) = X0l < lIXg,w) = %ol + lIxg = Xg,,ml (3.36)
8 B
log2 i —2d B

(lu—v|+27" 4 27m)B2da

Choosing v = u in (3.36), we see that the limit x,, = lim,—,. X@,, () €Xists. Moreover, for v # u, the estimate
(3.33) follows as n,m — co. |

Remark (Garsia-Rodemich-Rumsey). Theorem 3.14 is a special case of a result by Garsia, Rodemich and
Rumsey where the powers in the definition of Bg , are replaced by more general increasing functions, cf. e.g.
the appendix in [17]. This result allows to analyze the modulus of continuity more carefully, with important
applications to Gaussian random fields [3].

Continuous modifications of random fields

The Kolmogorov-Centsov continuity criterion for stochastic processes and random fields is a direct conse-
quence of Theorem 3.14:

Theorem 3.15 (Kolmogorov, Centsov). Suppose that (E, || - ||) is a Banach space, C = ]_[Z:1 I is a
product of bounded real intervals Iy, ...,I; C R,and X, : Q — E, u € C, is an E-valued stochastic process
(arandom field) indexed by C. If there exist constants g, c,& € R such that

E[IX. - X17] < clu-v|***  forany u,veC, (3.37)

then there exists a modification (&, ),cc of (X,,).cc such that
E[(s 16 = ‘f"”) ] < o  forany « € [0,&/q). (3.38)

lu — v|@

In particular, u — &, is almost surely @-Hdélder continuous for any @ < £/q.

A. Eberle Stochastic Analysis (v. November 1, 2019) 79



3. Further extensions of It calculus

A direct proof based on a chaining argument can be found in many textbooks, see e.g. [36, Ch. I, (2.1)].
Here, we deduce the result as a corollary to the Besov-Holder embedding theorem:

Proof. By rescaling we may assume w.l.o.g. that C = [0, 1)4. For 8 > 0, the assumption (3.37) implies

X, - X, |2
/ Mdudv < c//|u—v|d+8-ﬁdudv (3.39)
cle lu-vp cJc
vd

< const./ pdreBpd-1 g
0

E

Hence the expectation is finite for 8 < 2d + &, and in this case,

/ M dudv < oo almost surely.
cle lu-vf

Thus by Theorem 3.14, the function &, = limsup,,_,, X0, () is almost surely well-defined, Holder continuous
with parameter (8 — 2d)/q for any 8 < 2d + &, and the expectation of the g-th power of the Holder norm
is bounded by a multiple of the expectation in (3.39). Moreover, &,(w) = X,,(w) for almost every u and
P-almost every w. Hence P[&, # X, ] = 0 holds for almost every u, and thus for every u in a dense subset of
C. By (3.37), we can now conclude that P[¢,, # X,,] = 0 holds for all u € C, i.e., the process (¢,,) is a Holder
continuous modification of (X,,). |

Example (Holder continuity of Brownian motion). Brownian motion satisfies (3.37) with d = 1 and
€ = % — 1 for any g € (2,00). Letting ¢ tend to infinity, we see that almost every Brownian path is
a-Holder continuous for any @ < 1/2. This result is sharp in the sense that almost every Brownian path
is not %-Hélder—continuous, cf. [11, Thm. 1.20].

In a similar way, one can study the continuity properties of general Gaussian random fields, cf. Adler and
Taylor [3]. Another very important application of the Besov-Holder embedding and the resulting bounds
for the modulus of continuity are tightness results for families of stochastic processes or random fields, see
e.g. Stroock and Varadhan [39]. Here, we consider two different applications that concern the continuity of
stochastic flows and of local times.

Existence of a continuous flow

We now apply the Kolmogorov-Centsov continuity criterion to the solution a — (X&) of the SDE (3.29) as
a function of its starting point.
Theorem 3.16 (Flow of an SDE). Suppose that (3.30) and (3.31) hold.

1) There exists a function £ : R" x Q — C(R,,R"), (a,w) — &%(w) such that

(i) €% = (&7)i>0 is a strong solution of (3.29) for any a € R", and
(i) the map a — &% (w) is continuous w.r.t. uniform convergence on finite time intervals for any
w € Q.

2) If o(t,x) = o(x;) and b(t,x) = E(xt) with Lipschitz continuous functions & : R” — R™¢ and
b : R"™ — R” then ¢ satisfies the cocycle property

giw = &'9%0w)  Vsi20, aeR” (3.40)
for pp-almost every w, where

0,(w) = w+0)-wi) € CRL,RY.
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Proof. 1) We fix p > n. By the a priori estimate in Theorem 2.18 there exists a finite constant ¢ € R, such
that

E[(X% - X‘~‘);'r Pl < c-e'a-al’ forany ¢ > 0 and a,a € R", (3.41)

where X“ denotes a version of the strong solution of (3.29) with initial condition a.

Now fix t € R,. We apply the Kolmogorov-Centsov Theorem with E = C([0,¢],R") endowed with the
supremum norm || X ||, = X. By (3.41), there exists a modification & of (X¢)s<s qern such thata — (£¢)s<;
is almost surely a-Holder continuous w.r.t. || - ||; for any a < ‘%. Clearly, for #; < £, the almost surely
continuous map (s,a) — &¢ constructed on [0,7;] X R" coincides almost surely with the restriction of the
corresponding map on [0, #,] X R". Hence we can almost surely extend the definition to Ry XR" in a consistent

way.

2) Fixt > 0 and a € R". Then yp-almost surely, both sides of (3.40) solve the same SDE as a function of s.
Indeed,

t+s t+s
&+ / b(£S) du + / F(ED) AW,
t t

&l

£+ /O bea,) dr + /0 FEe) d(Wy 00,),

&loe, = ff’+/ b(E 0©,) dr+/ T 00,) dW, 0©))
0 0

hold up-almost surely for any s > 0 where r — W, o @, = W,,, — W, is again a Brownian motion, and
(& 00)(w) =& (‘”)(Qt(a})). Pathwise uniqueness now implies

&Ly = fsta o O for any s > 0, almost surely.

Continuity of ¢ then shows that the cocycle property (3.40) holds with probability one for all s,7 and a
simultaneously. |

Remark (Extensions). 1) Joint Holder continuity in t and a: Since the constant p in the proof above
can be chosen arbitrarily large, the argument yields a-Hdolder continuity of a +— £¢ for any @ < 1. By
applying Kolmogorov’s criterion in dimension n + 1, it is also possible to prove joint Holder continuity
in ¢ and a. In Section 4.1 we will prove that under a stronger assumption on the coefficients b and o,
the flow is even continuously differentiable in a.

2) SDE with jumps: The first part of Theorem 3.16 extends to solutions of SDE of type (2.34) driven by
a Brownian motion and a Poisson point process. In that case, under a global Lipschitz condition the
same arguments go through if we replace C([0,¢],R") by the Banach space D([0,¢],R") when applying
Kolmogorov’s criterion. Hence in spite of the jumps, the solution depends continuously on the initial
value a !

3) Locally Lipschitz coefficients: By localization, the existence of a continuous flow can also be shown
under local Lipschitz conditions, cf. e.g. [35]. Notice that in this case, the explosion time depends on
the initial value.

Above we have shown the existence of a continuous flow for the SDE (3.29) on the canonical setup. From
this we can obtain strong solutions on other setups:

Exercise. Show that the unique strong solution of (3.29) w.r.t. an arbitrary driving Brownian motion B
instead of W is given by X/ (w) = &/ (B(w)).
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Markov property

In the time-homogeneous diffusion case, the Markov property for solutions of the SDE (3.29) is a direct
consequence of the cocycle property:

Corollary 3.17. Suppose that o°(1,x) = o(x;) and b(,x) = Z(xt) with Lipschitz continuous functions
T :R" —» R"™4 and b : R" — R™. Then (£%),5 is a time-homogeneous (?;W’P ) Markov process with
transition function

pi(a,B) = P[& € B], t>0, aeR", BeBR").

Proof. Let f : R” — R be a measurable function. Then for 0 < s < ¢,
0,(w) = w@)+ (w(t +)— a)(t)),
and hence, by the cocycle property and by (??),

fE8 ) = FET ot +) - w0®))

for a.e. w. Since w(t + -) — w(t) is a Brownian motion starting at 0 independent of TtW’P , we obtain

E[fE )7 lw) = E[fE )] = (puf)EHw)  almost surely. n

Remark. Without pathwise uniqueness, both the cocycle and the Markov property do not hold in general.

Continuity of local time

The Kolmogorov-Centsov continuity criterion can also be applied to prove the existence of a jointly contin-
uous version (a,t) — L of the local time of a continuous local martingale. More generally, recall that the
local time of a continuous semimartingale X = M + A is defined by the Tanaka formula

1 t t
EL,“ =X -a)-(Xo—-a)" - / La,00)(X) dM —/ La,00)(Xs) dA (3.42)
0 0

almost surely for any a € R.

Theorem 3.18 (Yor). There exists a version (a,t) +— L; of the local time process that is continuous in ¢
and cadlag in a with

t
LP -1 =2 / Iiay(Xs) dAs. (3.43)
0

In particular, (a,t) — L/ is jointly continuous if M is a continuous local martingale.

Proof. By localization, we may assume that M is a bounded martingale and A has bounded total variation
Vo(o1 )(A). The map (a,t) — (X; — a)* is jointly continuous in ¢ and a. Moreover, by dominated convergence,

t
Zta = / I(a,oo)(Xs)dAs
0
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is continuous in ¢ and cadlag in a with

t
Zta_Zta_ = _/0 I{a}(Xs)dAs

Therefore it is sufficient to prove that

t
Yza = / I(a,oo)(Xs)de
0

has a version such that the map a — (¥{),<,; from R to C([0,7],R") is continuous for any ¢ € [0, o).

Hence fix ¢ > 0 and p > 4. By Burkholder’s inequality,

E [(Y“ - Yb):p]

E

sup
s<t

4
} (3.44)

p/2]

holds for any a < b with a finite constant C;(p). The integral appearing on the right hand side is an
occupation time of the interval (a, b]. To bound this integral, we apply It6’s formula with a function f € C!
such that f’(x) = (x A b—a)" and hence f’" = [, 5]. Although f is not C?, an approximation of f by
smooth functions shows that Itd’s formula holds for f, i.e.,

s
/ L, p)(X) dM
0

IA

Ci(p) E

/0 Has) (X) d[M]

/ Lap)(X)d[M] = / lia,p)(X) d[X]
0 0
. Z(f(xr)—f(xo)— /O f'(X)dx)
< 2|b—al-|X; - Xo| + 2‘/tf/(x)dM + 2|b_a|Vt(l)(A)'
0

Here we have used in the last step that |f’| < |b — a|. Combining this estimate with (3.44) and applying

Burkholder’s inequality another time, we obtain
t ) p/4
[ o d[M])

* p
E [(Y“ - v?) ]
t
with finite constants C(p,t) and C3(p,t). The existence of a continuous modification of a — (¥#)s<; now
follows from the Kolmogorov-Centsov Theorem. |

IA

p/2
(X; + V}”(A)) +E

C(p,1) (lb —alP’’E

IA

Cs(p,1) |b — a|P? (1 +E [[M]g’/“])

Remark. The proof shows that for a continuous local martingale, a — (L$')s<; is a-Holder continuous for
any ¢ < 1/2 and t € R,.
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4.1. Variations of parameters in SDE

We consider a stochastic differential equation

d
dX? = b(e,X?) dt+Za’k(a,Xf) dwk,  XZ = x(e), 4.1)
k=1

on R" with coefficients and initial condition depending on a parameter &€ € U, where U is a convex
neighbourhood of 0 in R™, m € N. Here b,0y : U X R” — R" are functions that are Lipschitz continuous
in the second variable, and x : U — R”". We already know that for any & € U, there exists a unique strong
solution (X );>0 of (4.1). For p € [1,00) let

&£ E|p l/p
X, = E| sup X717
t€l0,1]

Exercise (A priori estimate; Lipschitz dependence on ). Prove that if the maps x, b and oy are all
Lipschitz continuous, then £ — X is also Lipschitz continuous w.r.t. || - ||, i.e., there exists a constant
L, € R, such that

Xt - x®)|, < L, |hl forany &,h € R™ with g,e + h € U.

‘We now prove a stronger result under additional regularity assumptions.

Differentation of solutions w.r.t. a parameter

Theorem 4.1 (First variation of SDE). Let p € [2, ), and suppose that x, b and o are C 2 with bounded
derivatives up to order 2. Then the function & — X# is differentiable on U w.r.t. || - ||, , and the differential

Ye = % is the unique strong solution of the SDE
ob ob
leg = (%(8, Xlg) + 5(8, Xls)Ylg) dt 4.2)
4, o a0,
£y (6—8"(8, X?) + a_xk(g’ Xf)Yf) dW*,
k=1
Yy = x'(e), (4.3)

that is obtained by formally differentiating (4.1) w.r.t. .

Here and below % and % denote the differential w.r.t. the £ and x variable, and x’ denotes the (total)

differential of the function x.
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Remark (Linearity). Note that if (X;) is given, then (4.2) is a linear SDE for (¥,*) (with multiplicative
noise). In particular, there is a unique strong solution. The SDE for the derivative process Y? is particularly
simple if o is constant: In that case, (4.2) is a deterministic ODE with coefficients depending on X?.

Proof (of Theorem 4.1). We prove the stronger statement that there is a constant M), € (0, o) such that
|5 = X% =veh||, < M, lnP 4.4)
holds for any €, h € R™ with €, + h € U, where Y? is the unique strong solution of (4.2). Indeed, let
Z, = X _xF _yeh.
By subtracting the equations satisfied by X5+ X# and Y h, we obtain for ¢ € [0,1]:

¢ d t
Z < e [ mdase Y] [ e awt
0 k=170

’

where
I = x(e+h)—x(e)—x"(e)h,
I, = b(e+h XY= b(e, XF) - b (g, XF) (Yff h) , and
Wi = oxle+hX7™) —one,X?) - of(e.X)) (Yizh) :

Hence by Burkholder’s inequality, there exists a finite constant C,, such that

t d
E[Z'"] = Cp-[lP+ / E[IL[P + > [T /7] ds) . (4.5)
0 k=1
Since x is C? with bounded derivatives, there exists a finite constant Cy such that
< GlhP. (4.6)

Moreover, since b is C? with bonded derivatives, there is a finite constant Cy; such that

1| <

, h
ble + b, XE) = ble, X2) = b/ (6, X2) ( oo Xg)
) S

ab
+ ‘_a (&, X2) (X — x2 - th)‘ 4.7
X

< Cu (1P +1X" - X2 P +1Z)
By the L? a priori estimate in Theorem 2.18, there is a finite constant M such that
| x&th - X?|l, £ M|x(e+ h)—x(e)l.

Therefore, by (4.7) and Lipschitz continuity of x, there exists a finite constant C, » such that
E[IP] < G, (|h|2p +E [|zs|”]) .
A similar argument shows that there is a finite constant C'p such that
d e
YENML P < G, (1 + E[|Z]),
k=1
and thus, by (4.5) and (4.6),
t
E[Z]?] < Co(CP+Cp+Cp)lh* +Cp(Cp + ép)/ E|Z}?] ds
0

for any t < 1. The assertion (4.4) now follows by Gronwall’s lemma. |
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Derivative flow and stability of stochastic differential equations

We now apply the general result above to variations of the initial condition, i.e., we consider the flow

dé;

d
bED) i+ ) ou(€)) dWf, & = x. (4.8)
k=1

Assuming that b and o} (k = 1,...,d) are C? with bounded derivatives, Theorem 4.1 shows that the
derivative flow

0 .xi
vEo= f o= (—fx’)
' ' Axk>! 1<k,l<n
exists w.r.t. || - ||, and (¥;*); >0 satisfies the SDE
d
Ay} = VENY dr+ Y o)V AW, XS = I, 4.9)
k=1

Note that again, this is a linear SDE for Y if £ is given, and Y is the fundamental solution of this SDE.

Remark (Flow of diffeomorphisms). One can prove that x — &(w) is a diffeomorphism on R" for any ¢
and w, cf. [26] or [13].

In the sequel, we will denote the directional derivative of the flow &; in direction v € R" by ¥, ;:

Yv,t = Y = thv = 6\)§;C

v,t

(i) Constant diffusion coefficients. Let us now first assume that d = n and o(x) = I, for any x € R".
Then the SDE reads
& = b(EY) dt +dW, & = X

and the derivative flow solves the ODE
dy* = b(&NY”* dt, Yy = In.
This can be used to study the stability of solutions w.r.t. variations of initial conditions pathwise:

Theorem 4.2 (Exponential stability I). Suppose that b : R — R” is C?> with bounded derivatives, and
let

kK = sup sup v-b'(x)v.
xeR™ yeR"
[v]=1
Then for any # > 0 and x, y,v € R”",
l0&fl < eyl and & -&| < x-yl

The theorem shows in particular that exponential stability holds if ¥ < 0.

Proof. The derivative ¥;¥, = 9, & satisfies the ODE
ay, = Db'(&)Y, dt.

Hence
dlY,? = 2Y,-b (&Y, dt < 2«|Y,|*dt,
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which implies

|8V§tx|2 = |Yf,,|2 < XMy and thus

1
&F =& = ‘/0 ax—yfz(l_s)x“yds < Mx-yl -

Example (Ornstein-Uhlenbeck process). Let A € R"*". The generalized Ornstein-Uhlenbeck process
solving the SDE
df t = Aé‘: t dt + d Wt

is exponentially stable if k = sup{v - Av : v € §*7!} <0.
(ii) Non-constant diffusion coefficients. If the diffusion coefficients are not constant, the noise term in the

SDE for the derivative flow does not vanish. Therefore, the derivative flow can not be bounded pathwise.
Nevertheless, we can still obtain stability in an L? sense.

Lemma 4.3. Suppose that b,o,...,04 : R" — R" are C? with bounded derivatives. Then foranyt >0
and x,v € R", the derivative flow Y5, = 0,& is in L*(Q, A, P), and

d
EE[IYV",,IZ] = 2E[Y), KV
where
1< -
KO = b0+ 5 0,00l

Proof. Let Yv(k) denote the k-the component of ¥;,. The Itd product rule yields
di,? = 2% -dv,+ Y dn")]
k

W oy, ()Y, di + 23 Yo (€Y, dWE + ) o€ [ dr.
k k

Noting that the stochastic integrals on the right-hand side stopped at
T, = inf{t > 0 : |Y, ;| > n} are martingales, we obtain

tAT,
E[|Yv,t/\Tn|2] = |V|2 + ZE[/Ov Yv : K(é:)Yv dS] .

The assertion follows as n — co. |

Theorem 4.4 (Exponential stability II). Suppose that the assumptions in Lemma 4.3 hold, and let

k = sup sup v-K(x)v. (4.10)
xeR™ yeR"
lv|=1
Then for any # > 0 and x,y,v € R",
E[10,£57] < €*'|v|’, and (4.11)
EllEg -&11"? < elx-yl. (4.12)
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Proof. Since K(x) < «I,, holds in the form sense for any x, Lemma 4.3 implies

d
EEHYV,AZ] < 2kE[|Y ]

(4.11) now follows immediately by Gronwell’s lemma, and (4.12) follows from (4.11) since & — fty =
1 (1-s)y+sx
fO Ox—yé&; ds. [ |

Remark. (Curvature) The quantity —« can be viewed as a lower curvature bound w.r.t. the geometric
structure defined by the diffusion process. In particular, exponential stability w.r.t. the L? norm holds if
k < 0, i.e., if the curvature is bounded from below by a strictly positive constant.

Consequences for the transition semigroup

We still consider the flow (£;°) of the SDE (7.1) with assumptions as in Lemma 4.3 and Theorem 4.4. Let
pi(x,B) = P[& €B], x €R", Be BR"),

denote the transition function of the diffusion process on R". For two probability measures u, v on R”, we
define the L> Wasserstein distance

Walwy) = inf E[IX -Y[!]'?
X~;1’,Y~V

as the infimum of the L? distance among all couplings of u and v. Here a coupling of  and v is defined as
a pair (X, Y) of random variables on a joint probability space with distributions X ~ pand Y ~ v. Let « be
defined as in (4.10).

Corollary 4.5. For any r > 0 and x,y € R",

(WZ(PZ(X,'),Pt(y")) < ekt|X—)’|-

Proof. The flow defines a coupling between p,(x,- ) and p,(y,- ) for any ¢, x and y:

é:tx ~ pt(x" )’ é:l?] ~ pt(y" )

Therefore,
2 2
The assertion now follows from Theorem 4.4. |
Exercise (Exponential convergence to equilibrium). Suppose that y is a stationary distribution for the
diffusion process, i.e., u is a probability measure on B(R") satisfying up; = u for every ¢t > 0. Prove

that if k < 0 and [ |x|?> pu(dx) < oo, then for any x € R, W5 (p,(x,- ), ) — 0 exponentially fast with
rate k as t — oo.

Besides studying convergence to a stationary distribution, the derivative flow is also useful for computing
and controlling derivatives of transtion functions. Let

(P f)(x) = / P dy) () = ELfED)]

denote the transition semigroup acting on functions f : R® — R. We still assume the conditions from
Lemma 4.3.
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Exercise (Lipschitz bound). Prove that for any Lipschitz continuous function f : R" — R,
pefllLp < €Ifllup VY£=0,

where [|flLip = sup{[f(x) = fWI/|x = y| : x,y € R" s.t. x # y}.

For continuously differentiable functions f, we even obtain an explicit formula for the gradient of p, f:

Corollary 4.6 (First Bismut-Elworthy Formula). For any function f € C;(R") and r > 0, p, f is differ-
entiable with
v-Vapif = E[Y,-Vesf] VxveRM (4.13)

Here Vyp, f denotes the gradient evaluated at x. Note that ", - Vex f is the directional derivative of f
in the direction of the derivative flow Y*, .

Proof (Proof of 4.6.). For 1 € R\ {0},

_ A
(Ptf)(-x + /h/}l) (sz)(x) — %E[f(f;“—/lv) _ f(é;tx)] — l / E[Y‘fi:—sv . Vgrxﬁvf] ds.
0

A

The assertion now follows since x — & and x +— Y, are continuous, V f is continuous and bounded, and
the derivative flow is bounded in L>. |

The first Bismut-Elworthy Formula shows that the gradient of p, f can be controlled by the gradient of f for
all > 0. In Section 7.3, we will see that by applying an integration by parts on the right hand side of (4.13),
for t > 0 it is even possible to control the gradient of p, f in terms of the supremum norm of f, provided a
non-degeneracy condition holds.

4.2. Coupling of diffusions

XXX To be included

4.3. Langevin dynamics

XXX To be included
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5.1. Stochastic Taylor expansions

In the next section we will study numerical schemes for Itd stochastic differential equations of type

d
dX, = b(X,)dt + )" ow(X,)dBf (5.1)
k=1
inRYN, N € N. A key tool for deriving and analyzing such schemes are stochastic Taylor expansions that are
introduced in this section.

We will assume throughout the next two sections that the coefficients b,0,...,04 are C* vector fields
onRY, and B = (B!,...,B%)is a d-dimensional Brownian motion. Below, it will be convenient to set
B? =1

A solution of (5.1) satisfies

t+h d  rt+h
X = %+ [ bxyds + Y [ o ast 52
t k=1 t

for any 7,1 > 0. By approximating b(X;) and o (X;) in (5.2) by b(X;) and o (X,) respectively, we obtain
an Euler approximation of the solution with step size 4. Similarly, higher order numerical schemes can be
obtained by approximating b(X;) and 0% (Xs) by stochastic Taylor approximations.

It6-Taylor expansions

Suppose that X is a solution of (5.1), and let f € C*(R"). Then the Itd-Doeblin formula for f(X) on the
interval [t,¢ + h] can be written in the compact form

d t+h
FO) = 060+ Y [ (Lepe) sk 53)
k=0"1?
for any ¢, h > O,where B? =t,a=o007,
- 0% f
Lof = 3 Z S t b VS and (5.4)
Lif = o%- Vf, fork=1,...,d. (5.5)

By iterating this formula, we obtain It6-Taylor expansions for f(X). For example, a first iteration yields

FXen) = f(X) + Zu:k X / dB* + Z /

k,1=0

t+h

/ (LiLf)(X,) dB. dBE.

The first two terms on the right hand side constitute a first order Taylor expansion for f(X) in terms of the
processes BX, k = 0,1,...,d, and the iterated Ito integral in the third term is the corresponding remainder.
Similarly, we obtain higher order expansions in terms of iterated It6 integrals where the remainders are given
by higher order iterated integrals, cf. Theorem 5.3 below. The next lemma yields L? bounds on the remainder
terms:
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Lemma 5.1. Suppose that G : Q x (t,t + h) — R is an adapted process in L>(P ® A(t,1+h))- Then

t+h S1 Sn-1
(/ / / Gy, dBk" - - dBY dBfll)
t t t

foranyn e Nand k = (ky,...,k,) € {0,1,...,d}", where

2 hn+m(k)

E < sup E [G?]

n: se(t,t+h)

m(k) == {1 <i<n:k =0}
denotes the number of integrations w.r.t. dt.

Proof. By It6’s isometry and the Cauchy-Schwarz inequality,

t+h
( / Gy dBf)
t
t+h
(/ Gy ds)
t

2
E

t+h
/ E [Gﬁ] ds for any k # 0, and
t

2
E

IA

t+h
h / E |G| ds.
t

By iteratively applying these estimates we see that the second moment of the iterated integral in the assertion

is bounded from above by

t+h S1 Sn-1
hm(k)/ / / E[Gzn]dsn"’dSstl'
t t t

The claim now follows immediately.

The lemma can be applied to control the strong convergence order of stochastic Taylor expansions. For
k € N we denote by C i; (R) the space of all C* functions with bounded derivatives up to order k. Notice that

we do not assume that the functions in C,’j are bounded.

Definition 5.2 (Stochastic convergence order). Suppose that Ay, & > 0, and A are random variables, and

let @ > 0.

1) Ay, converges to A with strong L? order « iff

1/2

E[lAn - AP = o).

2) Aj converges to A with weak order « iff

E[f(A)]-E[f(A)] = O(h®)  forany f € C; V().

Notice that convergence with strong order @ requires that the random variables are defined on a common
probability space. For convergence with weak order « this is not necessary. If A; converges to A with strong

order a then we also write
Ay = A+ O(h”).
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Example. 1) If B is a Brownian motion then B, converges to B, almost surely as & | 0. By the law of
the iterated logarithm, the pathwise convergence order is

Bysn — B, = O(h'/? loglog A1) almost surely.

On the other hand, the strong L? order is 1/2, and the weak order is 1 since by Kolmogorov’s forward
equation,

t+h 1 h
BBl - BB = [ ELGARBIds < §supar

forany f € CZ. The exercise below shows that similar statements hold for more general It6 diffusions.

2) The n-fold iterated Itd integrals w.r.t. Brownian motion considered in Lemma 5.1 have strong order
(n 4+ m)/2 where m is the number of time integrals.

Exercise (Order of Convergence for Ito diffusions). Let (X;);>o be an N-dimensional stochastic pro-
cess satisfying the SDE (5.1) where b, oy, : RN - RN k =1,...,d, are bounded continuous functions,
and B is a d-dimensional Brownian motion. Prove that as & | 0,

1) X, converges to X; with strong L? order 1/2.

2) X,.n converges to X; with weak order 1.

Theorem 5.3 (It6-Taylor expansion with remainder of order ). Suppose that @ = j/2 for some j € N.
If X is a solution of (5.1) with coefficients b,o7,...,04 € C ZEMJ(RN ,RN ) then the following expansions

hold for any f € C>*"(®N):

fXisn) = (l:kn L, -Lklf) (X;) x (5.6)
n<2a k:n+m(k)<2a
t+h S1 Sn-1
x/ / / dBk» ... dBY dBY! + O(h?),
t t t
hl’l
ELf(Xen)] = D E[(L5f) (X)) — + Oh™). (57)

n<a

Proof. Iteration of the Itd-Doeblin formula (5.3) shows that (5.6) holds with a remainder term that is a sum
of iterated integrals of the form

t+h S1 Sn—1
[ [ et ) 0 anly - an ast
t t t

with k = (ky,...,k,) satistying n + m(k) > 2a@ and n — 1 + m(ky,...,k,—1) < 2a. By Lemma 5.1, these
iterated integrals are of strong L? order (n + m(k))/2. Hence the full remainder term is of the order O(h?).

Equation (5.7) follows easily by iterating the Kolmogorov forward equation

t+h
EfKun)] = ELFX] + / E[(Lof)(X,)] ds.

Alternatively, it can be derived from (5.6) by noting that all iterated integrals involving at least one integration
w.r.t. a Brownian motion have mean zero. |

Remark (Computation of iterated It6 integrals). Iterated It integrals involving only a single one
dimensional Brownian motion B can be computed explicitly from the Brownian increments. Indeed,

t+h S1 Sn—1
/ / U / stn e stz dBSl = hn(h’ Bt+h - B,)/Yl!,
t t t
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where &, denotes the n-th Hermite polynomial, cf. (6.57). In the multi-dimensional case, however, the
iterated It6 integrals can not be represented in closed form as functions of Brownian increments. Therefore,
in higher order numerical schemes, these integrals have to be approximated separately. For example, the

second iterated It6 integral
h ps h
kl
I :/ / dBr dB. = / BX dB!
0o Jo 0

of two components of a d dimensional Brownian motion satisfies 1;:’ + Iilk = Bﬁ Bél. Hence the symmetric
part can be computed easily. However, the antisymmetric part / }’fl -1 }llk is the Lévy area process of the two
dimensional Brownian motion (B¥, B'). The Lévy area can not be computed explicitly from the increments
if k # [. Controlling the Lévy area is crucial for a pathwise stochastic integration theory, cf. [16, 28, 17].

Exercise (Lévy Area). If ¢(r) = (x(¢), y(¢)) is a smooth curve in R? with ¢(0) = 0, then

A(t) = /O(X(S)y’(s)—y(s)x’(s))ds = /0 xdy_/oydx

describes the area that is covered by the secant from the origin to c(s) in the interval [0, ¢]. Analogously,
for a two-dimensional Brownian motion B, = (X;,Y;) with By = 0, one defines the Lévy Area

t t
A = / X, dYs — / Y, dX; .
0 0

1) Let a(t), B(t) be C'-functions, p € R, and

Vi = ipa— 2 (x2402) 4 00,

Show using Ito’s formula, that e** is a local martingale provided o'(f) = a(t)* — p* and B'(¢) =

a(t).
2) Let ty € [0,00). The solutions of the ordinary differential equations for @ and B8 with a(ty) =

B(ty) = 0 are

a(r) = p-tanh(p- (10 - 1)),

B() = —logcosh(p-(tg—1)).
Conclude that

: 1
E[eP4n] = ————  VpeR.

cosh(pty)
3) Show that the distribution of A, is absolutely continuous with density

1

fa,(x) = m .
5.2. Numerical schemes for SDE
Let X be a solution of the SDE
d
dX, = b(X,)dt + Zak(X,)dBf (5.8)
k=1

where we impose the same assumptions on the coefficients as in the last section. By applying the It6-Doeblin
formula to 0% (X,) and taking into account all terms up to strong order O(h'), we obtain the Itd-Taylor
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expansion
d
Xen =X, = bX)h + ) ow(X)(Bf,, - BY) (5.9)
k=1
d t+h K
£y (a,.vak)(xt)/ / dB. dB* + 0(h3/2).
k=1 4 t

Here the first term on the right hand side has strong L? order O(h), the second term O(h'/?), and the third
term O(h). Taking into account only the first two terms leads to the Euler-Maruyama scheme with step size
h, whereas taking into account all terms up to order O(h) yields the Milstein scheme:

* Euler-Maruyama scheme with step size h
t+h

d
X', =X = bX!Yh + ) on(X!) (B, = B)  (t=0,1,2h,3h,...)
k=1

* Milstein scheme with step size h

d d t+h s
Xl =X = X+ ) (X (B =B + ) Yooy [ [ anast
k=1 k=1 ? !

The Euler and Milstein scheme provide approximations to the solution of the SDE (5.8) that are defined for
integer multiples ¢ of the step size 4. For a single approximation step, the strong order of accuracy is O(h)
for Euler and O(h*/?) for Milstein. To analyse the total approximation error it is convenient to extend the
definition of the approximation schemes to all # > 0 by considering the delay stochastic differential equations

ax!' = b(X[ )ds + ) ow(X]y) ) dBY, (5.10)
k
S
dxy = b(X[))ds + Z oR(X[),) + Z(“l Vo)X, /L y dBi) dB* (5.11)
k l s

respectively, where
|s|p := max{t € hZ :t < s}

denotes the next discretization time below s. Notice that indeed, the Euler and Milstein scheme with step

size h are obtained by evaluating the solutions of (5.10) and (5.11) respectively at t = kh with k € Z,..

Strong convergence order

Fix a € RV, let X be a solution of (5.1) with initial condition Xy = a, and let X" be a corresponding Euler
or Milstein approximation satisfying (5.10), (5.11) respectively with initial condition Xé’ =a.

Theorem 5.4 (Strong order for Euler and Milstein scheme). Let ¢ € [0, o).

1) Suppose that the coefficients b and oy are bounded and Lipschitz continuous. Then the Euler-Maruyama
approximation on the time interval [0, 7] has strong L? order 1/2 in the following sense:

sup |Xsh —XS| = O(h'?).
s<t
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2) If, moreover, the coefficients b and o are C 2 and bounded with bounded derivatives up to second order
then the Milstein approximation on the time interval [0, 7] has strong L? order 1, i.e.,

sup [X! — X,| = O(h).
S<t

The assumptions on the coeflicients in the theorem are not optimal and can be weakened, see e.g. Milstein
and Tretyakov [32]. Howeyver, it is well-known that even in the deterministic case a local Lipschitz condition
is not sufficient to guarantee convergence of the Euler approximations. The iterated integral in the Milstein
scheme can be approximated by a Fourier expansion in such a way that the strong order O(h) still holds, cf.
Kloeden and Platen [25, 32]XXX

Proof. For notational simplicity, we only prove the theorem in the one-dimensional case. The proof in
higher dimensions is analogous. The basic idea is to write down an SDE for the approximation error X — X”.

1) By (5.10) and since Xé’ = Xp, the difference of the Euler approximation and the solution of the SDE
satisfies the equation

t t
xh-x, = /0 (b(xfs ) - b(Xs)) ds + /O (a(xfs L) —o'(XS)) dB,.
This enables us to estimate the mean square error

&= E

sup |X_£l - Xs|2:| .

s<t

By the Cauchy-Schwarz inequality and by Doob’s L? inequality,

t 2 t 2
& < 2:/ E“b(X’L'J ) — b(X,) ] ds + 8/ E“a(fo ) — o (X,) ] ds
0 S1h 0 S1h
t 2
< (2t+8)-L2-/ E“stjh—xs ds (5.12)
0
<

t
(4t+16)-L2-(/ é?ds+Cth),
0

where ¢ — C; is an increasing real-valued function, and L is a joint Lipschitz constant for b and o. Here,
we have used that by the triangle inequality,

2
E

h
‘XLth = Xs

2
] < 2E[|Xh _ xh

LsIn s

+ 2 ||xk - x[],

and the first term representing the additional error by the time discretization on the interval [|s]n, | s]n + A]
is of order O(h) uniformly on finite time intervals by a similar argument as in Theorem 5.3. By (5.12) and
Gronwall’s inequality, we conclude that

g < (4 +16)L2C, - exp ((4z + 16)L2t) h,
and hence /8" = O(Vh) for any 1 € (0, ). This proves the assertion for the Euler scheme.

2) XXX Proof for Milstein needs to be rewritten!
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To prove the assertion for the Milstein scheme we have to argue more carefully. We will show that

ef = sup E [|Xsh - Xsﬂ

s<t

is of order O(h?). Notice that now the supremum is in front of the expectation, i.e., we are considering a
weaker error than for the Euler scheme. We first derive an equation (and not just an estimate as above) for
the mean square error. By (5.11), the difference of the Milstein approximation and the solution of the SDE
satisfies

X, - X! = / (b(Xs)—b(Xf’SJh)) ds (5.13)
0

t
o [ (o= ol = (o)Xl B~ B, B
By Itd’s formula, we obtain

X, — X!'?

Z/t(X—Xh)d(X—Xh) + [X - X",
0

t t t
2/ Xy — XM Bl ds + 2/ (Xs — XM o dB, +/ la"|? ds
0 0 0

where " = b(X;) — b(Xf’SJh) and o/ = o (X,) - O'(Xf‘sjh) - (0-0-/)(Xflsj, )(Bs — B|;), ) are the integrands in
(5.13). The assumptions on the coeflicients guarantee that the stochastic integral is a martingale. Therefore,

we obtain . .
E[1X, - X"?] = 2/ E (X, - X1 gl ds + / E [|a??] ds. (5.14)
0 0

We will now show that the integrands on the right side of (5.14) can be bounded by a constant times ef +h2.
The assertion then follows similarly as above by Gronwall’s inequality.

In order to bound E[|a!|?] we decompose o = a/i‘ ot ai‘ | Where

a’iﬁ] = O-(Xs) - O—(Xl_sjh) - (UO—’)(XLSJII)(Bs - B[sjh)

is an additional error introduced in the current step, and
oy = o (Xps) - o (Xfyy,) + (@) (Xsy,) = (@o)X),)) (By = Biyy,)

is an error carried over from previous steps. By the error estimate in the Itd6-Taylor expansion, a/f | is of
strong order O(h) uniformly in s, i.e.,

E [|a? ! 1] < C1h? for some finite constant Cj.

Furthermore, since By — B\, is independent of Tﬁ I’

E[lall’] < 200+ WL E [[X|s), = X[, 7| < 201+ W)L &l
and hence
E[|af ] < G (h* + s?) for some finite constant C,. (5.15)

It remains to prove an analogue bound for E[(Xy — X/) g]. Similarly as above, we decompose 8" =
B, + B where

Bro=b(Xis),) —b(X[, ) and Bl = b(X,) = b(X|s),)-
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By the Cauchy-Schwarz inequality and the Lipschitz continuity of b,

Bl - Xt iyl = ()7 E 18R] < Ll (5.16)

Moreover, there is a finite constant C3 such that

E [(Xisy, = Xy, ) E [0X) = b(X, 17|

172
c3h(gfg) < G (R +&M), (5.17)

h h
E (XLth - XLSJ,I)IBSJ]

IA

Here we have used that by Kolmogorov’s equation,

N

E [b(X,) - (X3, | FF] = / E [(Lob) X FF] dr, (5.18)

Lsn

and Lyb is bounded by the assumptions on b and o.
Finally, let Z" := (X; - X) - (X|5),, - st ,)- By (5.13),

N S
A= ﬁf dr + / ol dB,, and
Lsln

S r
Lsn

N

E[|1Z!7?] < Zh/s E[I8"7?] dr + 2/ E|le!?] dr < Cah(h* +&D).
L

sln Lsln

Here we have used the decomposition ﬁf = ﬁi‘ ot ,8? , and (5.15). Hence
E[Z!B!] < |28, |b(Xs) = b(X 5] 2 < Csh(h* +el)'? < 2Cs(h* + €)).
By combining this estimate with (5.17) and (53), we eventually obtain

E[(Xg - Xf)ﬂf] < Co(h*+ 8?) for some finite constant Cg. (5.19)

Weak convergence order

We will now prove under appropriate assumptions on the coefficients that the Euler scheme has weak
convergence order i'. Let

= +b-V
22 ﬁxaxf !

l_]—

denote the generator of the diffusion process (X;). We assume that the coefficients b,o,...,04 are in
Cg(RN ,RM). It can be shown that under these conditions, for f € Cg(RN ), the Kolmogorov backward
equation

%(r,x) = (Lu)(t,x), u(0,x) = f(x), (5.20)

has a unique classical solution u : [0,00) x RY — R such that u(z,) € C3(RN) for any t > 0, cf. XXX.
Moreover, if (X;) is the unique strong solution of (5.1) with X = a, then by time-reversal and It6’s formula,

E[f(X)] = u(t,a).
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Theorem 5.5 (Weak order one for Euler scheme). Suppose that b,07,...,04 € Cg (RN, RN), and let

(X;) and (X™*) denote the unique solution of (5.1) with Xy = a and its Euler approximation, respectively.
Then
E[f(X)] - E[f(X,)] = O(h)  foranyt>O0and f € C;(R").

Proof. Fix t > 0. The key idea (that is common with many other proofs) is to consider the “interpolation”
Ay = u(t - s,XSh for s € [0,¢].

Notice that A; = u(0, Xth) = f(Xth) and Ay = u(t,a) = E[f(X;)], whence
E[f(X)] - ELf(X,)] = E[A; - Aol. (5.21)

‘We can now bound the weak error by applying 1t6’s formula. Indeed, by (5.10) and (5.20) we obtain

t
A = Ao M; + / [_(;_I:(t - S’X‘?) + (L?”)(I - S’Xél:s) ds
0

M, + / t [(LEu)(t - 5, X,) = (Lu)(t - 5,X1)] ds.
0

Here M; is a martingale, Y., := (¥)se[0,], and
N
1 . ’f
(LI A)0x) = 5 Y a(xiey,) 5= 0a) + blxiey,) - V()

£ Oxiox/
i,j=1

is the generator at time ¢ of the delay equation (5.10) satisfied by the Euler scheme. Note that Lﬁ’ (x0:) is
similar to £(x;) but the coefficients are evaluated at x|,, instead of x,. Taking expectations we conclude

E[A; - Ay] = /O IE [(LEu)(t - 5, X,) — (Lu)(t - 5,X1)] ds.

Thus the proof is complete if we can show that there is a finite constant C such that
|E [(LEu)(t - s,Xp,) = (Lu)t —s,X")]| < Ch fors e[0,¢] and & € (0,1]. (5.22)

This is not difficult to verify by the assumptions on the coefficients. For instance, let us assume for simplicity
thatd = N = 1 and » = 0, and let @ = 2. Then

|E [(Lru)(t - 5, X0,) - (Lu)(t — s, X)]|

< L [(a(xf)—a(x’fsjh)) 't - s, X} ”

2
< 5lE]E facd - aoct i, | e sxt)

1 r” 44
+3 |E [(a(xj?) - a(x’f”h)) (u (6= s. X" —u"(t - s.XI' )H .
Since u” is bounded, the first summand on the right hand side is of order O(h), cp. (5.18). By the Cauchy-

Schwarz inequality, the second summand is also of order O(%). Hence (5.22) is satisfied in this case. The
proof in the general case is similar. |
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5. Numerical and Monte Carlo methods

Remark (Generalizations).

1) The Euler scheme is given by
AX" = b(X" h + o(X")AB;, AB; independent ~ N(0,hly), t € hZ,.

It can be shown that weak order one still holds if the AB; are replaced by arbitrary i.i.d. random
variables with mean zero, covariance /1, and third moments of order O(hz), cf. [25].

2) The Milstein scheme also has weak order /', so it does not improve on Euler w.r.t. weak convergence
order. Higher weak order schemes are due to Milstein and Talay, see e.g. [32].

5.3. Markov Chain Monte Carlo methods

XXX To be included
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6. Stochastic calculus for semimartingales with
jumps

Our aim in this chapter is to develop a stochastic calculus for functions of finitely many real-valued stochastic

processes X,(I), Xt(2 ye ,X,(d). In particular, we will make sense of stochastic differential equations of type
d
dy, = Z o (t,Y,-) dx
k=1
with continuous time-dependent vector fields o, . ..,04 : Ry X R” — R. The sample paths of the driving

processes (Xt(k)) and of the solution (¥;) may be discontinuous, but we will always assume that they are
cadlag, i.e., right-continuous with left limits. In most relevant cases this can be assured by choosing an
appropriate modification. For example, a martingale or a Lévy process w.r.t. a right-continuous complete
filtration always has a cadlag modification, cf. [36, Ch.IL, §2] and [35, Ch.I Thm.30].

An adequate class of stochastic processes for which a stochastic calculus can be developed are semi-
martingales, i.e., sums of local martingales and adapted finite variation processes with cadlag trajectories.
To understand why this is a reasonable class of processes to consider, we first briefly review the discrete time
case.

Semimartingales in discrete time

If (Fu)n=0.1.2.... is a discrete-time filtration on a probability space (£, A, P) then any (¥, ) adapted integrable
stochastic process (X;;) has a unique Doob decomposition

X, = Xo + My, + A] — A 6.1)

into an () martingale (M,,) and non-decreasing predictable processes (An/ ) and (A,,\) such that My =
AO/ = AO\ =0, cf.[11, Thm. 2.4]. The decomposition is determined by choosing

M, — My, = Xp— X1 - E[Xn = Xn-1 | 7:n—l]y
A7 = A7 = EXy = Xt | Faa]’s and A= AN = E[X, = Xo | Fot]”

In particular, (X,) is a sub- or supermartingale if and only if An\ = 0 for any n, or An/ = 0 for any n,
respectively. The discrete stochastic integral

(GeX)n = ZGk(Xk_Xk—l)
=1

of a bounded predictable process (G,) w.r.t.(X,) is again a martingale if (X,) is a martingale, and an
increasing (decreasing) process if G, > 0 for any n, and (X},) is increasing (respectively decreasing). For a
bounded adapted process (Hj,), we can define correspondingly the integral

(H-oX)y = ZHk—l (Xk — Xk-1)
=1
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6. Stochastic calculus for semimartingales with jumps

of the predictable process H- = (Hy_1)ren W.I.L. X.

The Taylor expansion of a function F € C%(R) yields a primitive version of the It6 formula in discrete
time. Indeed, notice that for k € N,

F(Xi) — F(Xg-1)

1
/ F’(Xk_l + SAXk)dS AXk
0

1 ps
FI(Xk_l) AXp + / / F”(Xk_l + I”AXk) dr ds (AXk)z .
0 Jo

where AXy := X — Xi—1. By summing over k, we obtain
n 1 s
F(X,) = F(Xo) + (F'(X)_ JX), + Z / / F"(Xi—1 + rAXy) drds (AXy)? .
k=170 J0

Itd’s formula for a semimartingale (X;) in continuous time will be derived in Theorem 6.31 below. It can be
rephrased in a way similar to the formula above, where the last term on the right-hand side is replaced by an
integral w.r.t. the quadratic variation process [X]; of X, cf. (XXX).

Semimartingales in continuous time

In continuous time, it is no longer true that any adapted process can be decomposed into a local martingale
and an adapted process of finite variation (i.e., the sum of an increasing and a decreasing process). A
counterexample is given by fractional Brownian motion, see the corresponding example in Section 6.3. On
the other hand, a large class of relevant processes has a corresponding decomposition.

Definition 6.1. Let (7;);»0 be a filtration. A real-valued (#;)-adapted stochastic process (X;);>o on a
probability space (Q, A, P) is called an (¥;) semimartingale if and only if it has a decomposition

Xt = XQ + Mt I Al‘v t > 0, (62)

into a strict local (#;)-martingale (M;) with cadlag paths, and an (¥;)-adapted process (A;) with cadlag
finite-variation paths such that My = Ag = 0.

Here a strict local martingale is a process that can be localized by martingales with uniformly bounded
jumps, see Section 2.2 for the precise definition. Any continuous local martingale is strict. In general,
it can be shown that if the filtration is right continuous and complete then any local martingale can be
decomposed into a strict local martingale and an adapted finite variation process (“Fundamental Theorem of
Local Martingales”, cf. [35]). Therefore, the notion of a semimartingale defined above is not changed if the
word “strict” is dropped in the definition. Since the non-trivial proof of the Fundamental Theorem of Local
Martingales is not included in these notes, we nevertheless stick to the definition above.

Remark. (Assumptions on path regularity). Requiring (A;) to be cadlag is just a standard convention
ensuring in particular that r — A,(w) is the distribution function of a signed measure. The existence of right
and left limits holds for any monotone function, and, therefore, for any function of finite variation. Similarly,
every local martingale w.r.t. a right-continuous complete filtration has a cadlag modification.

Without additional conditions on (A;), the semimartingale decomposition in (6.2) is not unique, see the
example below. Uniqueness holds if, in addition, (A;) is assumed to be predictable, cf. [35, 6]. Under the
extra assumption that (A;,) is continuous, uniqueness is a consequence of Corollary 6.22 below.
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Example (Semimartingale decompositions of a Poisson process). An (7;) Poisson process (N;) with
intensity A has the semimartingale decompositions

Nt = ﬁ["’/lt = 0+Nl

into a martingale and an adapted finite variation process. Only in the first decomposition, the finite
variation process is predictable and continuous respectively.

The following examples show that semimartingales form a sufficiently rich class of stochastic processes.

Example (Stochastic integrals). Let (B,) and (IV;) be a d-dimensional (;) Brownian motion and an
(#¢) Poisson point process on a o-finite measure space (S, S, v) respectively. Then any process of the
form

t t
X = / H, - dB, + / Gy(y)N(ds dy) + / K, ds + / L)N@sdy)  (63)
0 (0,7]xS 0 0,7]xS

is a semimartingale provided the integrands H, G, K, L are predictable, H and G are (locally) square
integrable w.r.t. P® A, P ® 1 ® v respectively, and K and L are (locally) integrable w.r.t. these measures.
In particular, by the Lévy-It6 decomposition, every Lévy process is a semimartingale. Similarly,
the components of solutions of SDE driven by Brownian motions and Poisson point processes are
semimartingales. More generally, [td’s formula yields an explicit semimartingale decomposition of
f(t,X;) for an arbitrary function f € C2 (R, x R") and (X;) as above, cf. Section 6.4 below.

Example (Functions of Markov processes). If (X;) is a time-homogeneous (¥;) Markov process on
a probability space (Q, A, P), and f is a function in the domain of the generator £, then f(X;) is a
semimartingale with decomposition

t
f(X;) = local martingale + /(Lf) (Xy) ds, (6.4)
0

cf.e.g.[12] or [14]. Indeed, it is possible to define the generator £ of a Markov process through a
solution to a martingale problem as in (6.4).

Many results for continuous martingales carry over to the cadlag case. However, there are some important
differences and pitfalls to be noted:

Exercise (Cadlag processes).

1) A stopping time is called predictable iff there exists an increasing sequence (7},) of stopping times
suchthat 7, < T on {T > 0} and T = sup Ty. Show that for a cadlag stochastic process (X;); 0, the
first hitting time

Ty = inf{t>0: X, € A}
of a closed set A C R is not predictable in general.

2) Prove that for a right continuous (#;) martingale (M;);>o and an (%;) stopping time 7, the stopped
process (M;ar)¢>0 is again an (F;) martingale.

3) Prove that a cadlag local martingale (M;) can be localized by a sequence (M;,r,,) of bounded
martingales provided the jumps of (M;) are uniformly bounded, i.e.,

sup{|AM;(w)| : t 2 0, w € Q} < 0.

4) Give an example of a cadlag local martingale that can not be localized by bounded martingales.

Our next goal is to define the stochastic integral GoX w.r.t. a semimartingale X for the left limit process
G = (H;-) of an adapted cadlag process H, and to build up a corresponding stochastic calculus. Before
studying integration w.r.t. cadlag martingales in Section 6.2, we will consider integrals and calculus w.r.t.
finite variation processes in Section 6.1.
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6. Stochastic calculus for semimartingales with jumps

6.1. Finite variation calculus

In this section we extend Stieltjes calculus to cadlag paths of finite variation. The results are completely
deterministic. They will be applied later to the sample paths of the finite variation part of a semimartingale.

Fix u € (0,00], and let A : [0,u) — R be a right-continuous function of finite variation. In particular, A is
cadlag. We recall that there is a o-finite measure p4 on (0, ) with distribution function A, i.e.,

ua((s,t]) = A —Ag forany0 < s <t <u. (6.5)
The function A has the decomposition
A = A+ A (6.6)
into the pure jump function
Al = Y AA, (6.7)
s<t

and the continuous function A = A; — A;l . Indeed, the series in (6.7) converges absolutely since

Z [AAg| < Vt(l)(A) < 00 for any ¢ € [0, u).

s<t

The measure u4 can be decomposed correspondingly into

Ha = HaAc + Hyd
where
Haa = D AA-G
s€(0,u)
AAs#0

is the atomic part, and g does not contain atoms. Note that u4c is not necessarily absolutely continuous!

Lebesgue-Stieltjes integrals revisited

Let £} ([0.u), pa) = L]

Vt(l)(A). For G € Llloc([O, u), 1), the Lebesgue-Stieltjes integral of H w.r.t. A is defined as

([0,u), |al|) where | 4| denotes the positive measure with distribution function

t
/ G.dA, = /Gr Iis,0)(r) pa(dr) forO<s<t<u.
S
A crucial observation is that the function
t
I, = / G.dA, = / G, ualdr) , te[0,u),
0 (0,¢]

is the distribution function of the measure

pi(dr) = Gy paldr)

with density G w.r.t. u4. This has several important consequences:
1) The function / is again cadlag and of finite variation with

t t
vy = /0 G lual(dr) = /0 G| aviD(a).
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6.1. Finite variation calculus

2) I decomposes into the continuous and pure jump parts

t t
I = /GrdAg R (- /G,dAf = ) G4,
0 0

S<t
r r_
/ G,dl, = / G, G, dA,,
0 0

ie.,if “dl = G dA” then also “G dI = GG dA”.

3) For any G e .Elloc(yl),

Theorem 6.2 (Riemann sum approximations for Lebesgue-Stieltjes integrals). Suppose that H
[0,u) — R is a cadlag function. Then for any a € [0,u) and for any sequence (77,,) of partitions with
mesh(rm,) — 0,

t
lim Z Hi(Agpr — Ag) = / H,_ dAg uniformly for ¢ € [0, a].
0

n—oo
SEMT,

s<t

Remark. If (A;) is continuous then

t t
/ Ho dA, = / H, dAs,
0 0

because fot AH dAs = Y, AH;AA; = 0O for any cadlag function H. In general, however, the limit of the
Riemann sums in Theorem 6.2 takes the modified form

t t
/ H,_dA, = / H dAS + ) Hy AA;.
0 0

s<t

Proof. Forn e Nandr > 0,

Z Hy(Agpi — As) = Z / Hy dA, = Hy,),dA,
SEM, sen, 7 (s,5'At] (0,¢]
s<t s<t

where | 7], := max{s € m, : s < r} is the next partition point strictly below r. Asn — oo, |r], — r from
below, and thus H|,|, — H,_. Since the cadlag function H is uniformly bounded on the compact interval

[0, a], we obtain
t t
/ H\, dA, —/ H,._ dA,
0 0

as n — oo by dominated convergence. |

sup
t<a

< [, e laalan) 0
(0,a]

Product rule

The covariation [H, A] of two functions H, A : [0,u) — R w.r.t. asequence (7,,) of partitions with mesh(r,, ) —
0 is defined by
[H,Al: = lim > (Hyn = H)(Agnr = Ay), (6.8)

n—oo
SET,

s<t
provided the limit exists. For finite variation functions, [H, A] can be represented as a countable sum over
the common jumps of H and A:
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6. Stochastic calculus for semimartingales with jumps

Lemma 6.3. IfH and A are cadlag and A has finite variation then the covariation exists and is independently
of (nr,)) given by

Proof. We again represent the sums as integrals:

t
Z (Hs’/\l - Hs)(As’/\t - As) = / (H[r]n/\t - HLrJn) dAr
SEM, 0
s<t

with 7], as above, and [r], := min{s € 7, : s > r}. Asn — oo, Hj,1,n; — H|,), converges to H, — H,._,
and hence the integral on the right hand side converges to

t
(H, — H,_) dA, = AH,AA,
/ )

by dominated convergence. |
Remark. 1) If H or A is continuous then [H, A] = 0.

2) In general, the proof above shows that

t t
/ H, dA; = / H,_ dAs + [H, Al;,
0 0

i.e., [H, A] is the difference between limits of right and left Riemann sums.

Theorem 6.4 (Integration by parts, product rule). Suppose that H, A : [0,u) — R are right continuous
functions of finite variation. Then

t t
H;A; — HyAy = / H,._dA, + / A,_dH, + [H, A]; for any ¢ € [0, u). (6.9)
0 0

In particular, the covariation [H, A] is a cadlag function of finite variation, and for a < u, the approximations
in (6.8) converge uniformly on [0, a] w.r.t. any sequence (r,,) such that mesh(r,,) — O.

In differential notation, (6.9) reads
d(HA), = H,_dA, + A,_dH, + d[H,A],.
As special cases we note that if H and A are continuous then HA is continuous with
d(HA), = H,dA,+ A, dH,,
and if H and A are pure jump functions (i.e. H° = A° = 0) then HA is a pure jump function with
A(HA), = H,_AA, + A,_AH, + AA,AH,

In the latter case, (6.9) implies
H,A, — HyAg = Z A(HA),.
r<t
Note that this statement is not completely trivial, as it holds even when the jump times of HA form a countable
dense subset of [0, ¢]!

Since the product rule is crucial but easy to prove, we give two proofs of Theorem 6.4:
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6.1. Finite variation calculus

Proof (First Proof). For (r,) with mesh(rr,) — 0, we have

HA - HoAy = D (HopnAgn = HyAy)

SEM,
s<t

= Z Hs(As’/\t - As) + Z As(Hs"/\t - Hs) + Z(As’/\t - As)(Hs’/\t - Hs)-

Asn — o0, (6.9) follows by Theorem 6.2 above. Moreover, the convergence of the covariation is uniform for
t € [0,a], a < u, since this holds true for the Riemann sum approximations of fot H;_ dA; and fot As_ dHj
by Theorem 6.2. |

Proof (Second Proof). Note that for r € [0, u),

s>r

s<r

(H, - Ho)(Ar — A)) = / i (dr) pa(ds)
(0,2]%(0,¢]

is the area of (0,7] X (0,7] w.r.t. the product measure ug ® pa. By dividing the square (0,7] X (0,7] into the
parts {(s,r) | s < r}, {(s,r) | s > r} and the diagonal {(s,r) | s = r} we see that this area is given by

t t
/ + / + / - / (A,_ — Ao) dH, + / (H,_ — Hy) dA, + Z AH,AA,,
s<r s>r s=r 0 0

s<t

The assertion follows by rearranging terms in the resulting equation. |

Chain rule

The chain rule can be deduced from the product rule by iteration and approximation of C' functions by
polynomials:

Theorem 6.5 (Change of variables, chain rule, It6 formula for finite variation functions). Suppose
that A : [0,u) — R is right continuous with finite variation, and let F € C!(R). Then for any ¢ € [0, ),

F(A) - F(Ay) = /Ot F'(As-) dAs + Z (F(As) = F(As-) = F'(As-)AAy), (6.10)

s<t

or, equivalently,

Fa)-Flt) = [P0 dS+ ) (F(A) - F(AL). (6.11)

S<t

If A is continuous then F(A) is also continuous, and (6.10) reduces to the standard chain rule

F(A) - F(Ag) = /O "Fr(Ay) da,.
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6. Stochastic calculus for semimartingales with jumps

If A is a pure jump function then the theorem shows that F(A) is also a pure jump function (this is again not
completely obvious!) with

F(A) = F(Ag) = ) (F(A,) = F(A.).

s<t

Remark. Note that by Taylor’s theorem, the sum in (6.10) converges absolutely whenever Y _,(AAy)? < co.
This observation will be crucial for the extension to It6’s formula for processes with finite quadratic variation,
cf. Theorem 6.31 below.

Proof (Proof of Theorem 2.4). Let A denote the linear space consisting of all functions F € C'(R) satis-
fying (6.10). Clearly the constant function 1 and the identity F(z) = ¢ are in A. We now prove that A is an
algebra: Let F,G € A. Then by the integration by parts identity and by (6.11),

(FG)A)~(FG)Av)
- [ ) dean+ [ Gy dray+ Y aF@a6(),

- / (PG (As) + Ay )F'(As_)) dAS
0

+ 3 (F(A,D)AG(A)s + G(As)AF(A)s + AF(A);AG(A);)

s<t

= /0 (FGY(As-) dAS + Y ((FG)(A,) - (FG)(A,))

s<t
for any 7 € [0,u), i.e., FG is in A.

Since A is an algebra containing 1 and ¢, it contains all polynomials. Moreover, if F is an arbitrary C'
function then there exists a sequence (p,,) of polynomials such that p,, — F and p, — F’ uniformly on the
bounded set {Ag | s < t}. Since (6.11) holds for the polynomials p,, it also holds for F. |

Exponentials of finite variation functions

Let A : [0,00) — R be a right continuous finite variation function. The exponential of A is defined as the
right-continuous finite variation function (Z;);> solving the equation

dZt = Zt— dAt N ZO = 1 N i.e.,

t
Z, = 1 +/ Zs_ dAg forany ¢t > 0. (6.12)
0

If A is continuous then Z; = exp(A;) solves (6.12) by the chain rule. On the other hand, if A is piecewise
constant with finitely many jumps then Z; = [],.,(1 + AAy) solves (6.12), since

zZ, = ZO+ZAZS - 1+ZZS_AAS = 1+/(0t]Zs_dAs.

S<t s<t

In general, we obtain:

Theorem 6.6. The unique cadlag function solving (6.12) is

Z = exp(Af)- [ [(1+aa), (6.13)

s<t

where the product converges for any ¢ > 0.
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6.1. Finite variation calculus

Proof. 1) We first show convergence of the product

P, = ]_[(1 + AAy).

s<t

Recall that since A is cadlag, there are only finitely many jumps with |[AA;| > 1/2. Therefore, we can
decompose

P, = exp § log(1 + AAy) |- || (1 + AAy) (6.14)
s<t s<t
|AAg|<1/2 |AAg|>1/2

in the sense that the product P, converges if and only if the series converges. The series converges indeed
absolutely for A with finite variation, since log(1 + x) can be bounded by a constant times |x| for |x| < 1/2.
The limit S; of the series defines a pure jump function with variation Vt(l)(S) < const. - Vt(l) (A) foranyz > 0.

2) Equation for P;: The chain and product rule now imply by (6.14) that t — P, is also a finite variation
pure jump function. Therefore,

t
Pi = Po+ ) APy = 1+ ) PiAA, = 1+/Ps_dAf, Vi > 0, (6.15)
0

s<t S<t

i.e., P is the exponential of the pure jump part AY = ¥ _, AA;.

3) Equation for Z;: Since Z; = exp(A{)P; and exp(A€) is continuous, the product rule and (6.15) imply

t t
/ e dPg + / Py ™5 dAC
0 0

t t
/ AP d(AY + A9, = / Zs_ dA,.
0 0

Z, -1

4) Uniqueness: Suppose that Z is another cadlag solution of (6.12), and let X; := Z; — Z. Then X solves
the equation

t
X, = /XS_dAS V>0
0

with zero initial condition. Therefore,
t
1X:| < / | Xs-1dV: < MV, Vi>0,
0
where V; := VI(U(A) is the variation of A and M, := sup, ., | X,|. Iterating the estimate yields
t
1X,| < Mt/ Ve_dVs < MV?)2
0

by the chain rule, and

M, ! n Mt n+l
X, < H/OVS—‘WS < oyt vezonen (6.16)

Note that the correction terms in the chain rule are non-negative since V; > 0 and [V], > O for all z. As
n — oo, the right hand side in (6.16) converges to O since M, and V; are finite. Hence X; = O foreachs > 0.1
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6. Stochastic calculus for semimartingales with jumps

From now on we will denote the unique exponential of (A;) by (E2).

Remark (Taylor expansion). By iterating the equation (6.12) for the exponential, we obtain the convergent
Taylor series expansion

n
=1 0,2] J(0,51) (0,55-1)

where the remainder term can be estimated by

R < MV™(n+ 1)

If A is continuous then the iterated integrals can be evaluated explicitly:

/ / / dAg dAg, ,---dAy, = (A, — A /k!.
(0,¢] J(0,s1) (0,5-1)

If A is increasing but not necessarily continuous then the right hand side still is an upper bound for the
iterated integral.

We now derive a formula for &2 - EB where A and B are right-continuous finite variation functions. By the
product rule and the exponential equation,

t t
greB -1 = /0 EA dEB + /0 EB gt + Z AEANEB

s<t

t
/ ELEE d(A+B)s+ ) ELEE AAAB;

0 s<t

t
/ EXLEB d(A+ B +[A B))
0

for any ¢ > 0. This shows that in general, EAEE # EATB,

Theorem 6.7. If A, B : [0,00) — R are right continuous with finite variation then

SASB — 8A+B+[A,B]_

Proof. The left hand side solves the defining equation for the exponential on the right hand side. |

In particular, choosing B = —A, we obtain:
1
&A
Example (Geometric Poisson process). A geometric Poisson process with parameters 4 > 0 and
o,a € Ris defined as a solution of a stochastic differential equation of type

8_A+[A]

ds, = oS,_dN, +asS, dt 6.17)

w.r.t.a Poisson process (N;) with intensity 4. Geometric Poisson processes are relevant for financial
models, cf. e.g. [38]. The equation (6.17) can be interpreted pathwise as the Stieltjes integral equation

t t
S = S0+o'/ Sr_dNr+a// S-dr , t>0.
0 0
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6.1. Finite variation calculus

Defining A; = o N; + at, (6.17) can be rewritten as the exponential equation
dSt = St— dAt }
which has the unique solution

S = So-& = Sp-e™[|+oAN) = Sp-e”(1+ )M
s<t
Note that for o > —1, a solution (S;) with positive initial value Sy is positive for all z, whereas in general
the solution may also take negative values. If @ = —A0 then (A;) is a martingale. We will show below
that this implies that (S;) is a local martingale. Indeed, it is a true martingale which for Sy = 1 takes the

form
S, = (+o)Ne ot

Corresponding exponential martingales occur as “likelihood ratio” when the intensity of a Poisson
process is modified, cf. Chapter 1 below.

Example (Exponential martingales for compound Poisson processes). For compound Poisson pro-
cesses, we could proceed as in the last example. To obtain a different point of view, we go in the converse

direction: Let
K;
Jj=1

be a compound Poisson process on R¢ with jump intensity measure v = Au where A € (0,00) and u is a
probability measure on R? \ {0}. Hence the 5 ; are i.i.d. ~ u, and (K;) is an independent Poisson process
with intensity A. Suppose that we would like to change the jump intensity measure to an absolutely
continuous measure v(dy) = o(y)v(dy) with relative density 0 € L!(v), and let 1 = #(R9 \ {0}).
Intuitively, we could expect that the change of the jump intensity is achieved by changing the underlying
probability measure P on %X with relative density (“likelihood ratio”)

K,

zo = &MV ey = &[] oaxy).

j:] s<t
AX#0

In Section 6.5, we will prove rigorously that this heuristics is indeed correct. For the moment, we identify
(Z,) as an exponential martingale. Indeed, Z, = E with

A= =D+ ) (eAX) - 1)
AX %0
- -+ / (o) - 1) Ny(dy). 6.18)

Here N; = Zj’.i’l 0y, denotes the corresponding Poisson point process with intensity measure v. Note
that (A;) is a martingale, since it is a compensated compound Poisson process

At = /(Q(y) - 1) Nt(dy) > where ﬁt = Nt —1v.

By the results in the next section, we can then conclude that the exponential (Z;) is a local martingale.
We can write down the SDE

t
Z, = 1+ / Zs— dAs (6.19)
0
in the equivalent form

Z = 1+ / Z,- (oly) - 1) N(ds dy) (6.20)
(0,¢]xR4

where N(ds dy) := N(ds dy) — ds v(dy) is the random measure on R* x R¢ with N((0,1] X B) = N,(B)
for any + > 0 and B €~B(Rd). In differential notation, (6.20) is an SDE driven by the compensated
Poisson point process (N;):

iz, - / Z,- (oly) — 1) N(dt dy).
yeR4
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6. Stochastic calculus for semimartingales with jumps

Example (Stochastic calculus for finite Markov chains). Functions of continuous time Markov chains
on finite sets are semimartingales with finite variation paths. Therefore, we can apply the tools of finite
variation calculus. Our treatment follows Rogers & Williams [37] where more details and applications
can be found.

Suppose that (X;) on (Q, A, P) is a continuous-time, time-homogeneous Markov process with values in
a finite set S and cadlag paths. We denote the transition matrices by p; and the generator (Q-matrix) by
L =(L(a,b))a,pes. Thus L = lim, g t™Y(p, = 1),ie., fora # b, L(a,b) is the jump rate from a to b, and

L(a,a) = = Y pes.pra L(a,b) is the total (negative) intensity for jumping away from a. In particular,
(L@ = Y L@bfl) = >, L@b)(fb) - fla)
beS beS,b+a

for any real-valued function f = (f(a))qes on S. It is a standard fact that ((X;), P) solves the martingale
problem for £, i.e., the process

MYl = f(Xt)_/t(Lf)(Xs)ds s 120, 6.21)
0

is an (%;%) martingale for any f : § — R. Indeed, this is a direct consequence of the Markov property
and the Kolmogorov forward equation, which imply

EMY - MY X = B[ - £(X) / (LX) dr | 7]

(Pros S)X,) = F(Xs) - / (Pros LX) ds = 0

for any 0 < s < ¢. In particular, choosing f = Iy for b € S, we see that

t
M = I (X)) - / L(Xs,b) ds (6.22)
0

is a martingale, and, in differential notation,
dlpy(X,) = L(X;,b)dt +dM?. (6.23)

Next, we note that by the results in the next section, the stochastic integrals

t
Nob = / Ly (Xso) dM? 120,
0
are martingales for any a,b € S. Explicitly, for any a # b,
NfP = Z Hay(Xs-) (Is\ (o) (X 51 (Xs) = Ty (Xs) s\ () (X))
s<t

t
—/ Iiay(Xs) L(Xs,b)ds e,
0

N&P = P L(a,b) LE (6.24)
where Jt”’b =|{s <t : X,- = a,X; = b}| is the number of jumps from a to b until time ¢, and
t
L} = / 1,(Xy) ds
0
is the amount of time spent at a before time ¢ (“local time at a”). In the form of an SDE,

dJ*? = L(a,b)dLé + dN*" foranya # b. (6.25)

More generally, for any function g : § X § — R, the process

4 .b
Nf[&l = Z g(a, b)Nta
a,bes
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6.2. Stochastic integration for semimartingales

is a martingale. If g(a, b) = 0 for a = b then by (6.24),
t
M= Y e - [ (LX) ds (6.26)
S<t 0

Finally, the exponentials of these martingales are again local martingales. For example, we find that
&N = 1+ )% exp(~aL(a,b)LE)

is an exponential martingale for any @ € R and a,b € S. These exponential martingales appear again as
likelihood ratios when changing the jump rates of the Markov chains.

Exercise (Change of measure for finite Markov chains). Let (X;) on (Q, A, P,(%;)) be a continuous
time Markov chain with finite state space S and generator (Q-matrix) £, i.e.,

M¥ = F(X) - f(Xo) - A (LF)(X,)ds

is a martingale w.r.t. P for each function f : § — R. We assume L(a,b) > 0 for a # b. Let
gla,b) = L(a,b)/L(a,b)—1 fora+b,  glaa) := 0,

where £ is another Q-matrix. _

1) Let A(a) = Ypzq L(a,b) = —L(a,a) and A(a) = —L(a,a) denote the total jump intensities at a.
We define a “likelihood quotient” for the trajectories of Markov chains with generators Land £ by
Z; = Z;/{, where

& = exp (— /0 t I(Xs)ds) [T Lxexo,

s<t:Xs-#Xs

and ¢ is defined correspondingly. Prove that (Z;) is the exponential of (Nt[g]), and conclude that
(Z;) is a martingale with E[Z;] = 1 for any ¢.

2) Let P denote a probability measure on A that is absolutely continuous w.r.t. P on ; with relative
density Z; for every ¢t > 0. Show that forany f : § — R,

MY = f(X) - F(Xo) - /0 (ZF)(X0)ds

is a martingale w.r.t. P. Hence under the new probability measure P, (X;) is a Markov chain with
generator L.

Hint: You may assume without proof that (]l7lt[f ]) is a local martingale w.r.t. P if and only if (Z, 1\7It[f '])
is a local martingale w.r.t. P. A proof of this fact is given in Section 3.3.

6.2. Stochastic integration for semimartingales

Throughout this section we fix a probability space (€, A, P) with filtration (%;);>0. We now define the
stochastic integral of the left limit of an adapted cadlag process w.r.t. a semimartingale in several steps. The
key step is the first, where we prove the existence for the integral [ Hy— dM; of a bounded adapted cadlag
process H w.r.t. a bounded martingale M.

Integrals with respect to bounded martingales

Suppose that M = (M, ), >0 is a uniformly bounded cadlag (F,7) martingale, and H = (H,), > is a uniformly
bounded cadlag (¥,”) adapted process. In particular, the left limit process

H_ = (Hi)>0
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6. Stochastic calculus for semimartingales with jumps

is left continuous with right limits and (%,”) adapted. For a partition = of R, we consider the elementary
processes

Z H; I[s,s’)(t), and Hzﬂ— = Z H; I(s,s’](t)-

SEm Sen
The process H™ is again cadlag and adapted, and the left limit H” is left continuous and (hence) predictable
. We consider the Riemann sum approximations

Z HS(MS’/\t - Ms)
SeEm
s<t
to the integral fot H_ dM; to be defined. Note that if we define the stochastic integral of an elementary
process in the obvious way then
t
/ H dM;
0

We remark that a straightforward pathwise approach for the existence of the limit of /™ (w) as mesh(r) — 0
is doomed to fail, if the sample paths are not of finite variation:

Exercise. Let w € Q and ¢ € (0,00), and suppose that () is a sequence of partitions of R, with
mesh(r,) — 0. Prove that if Zfen hs(Mgy at(w) — My(w)) converges for every deterministic continuous

function & : [0,¢] — Rthen V(l) (M (w)) < oo (Hint: Apply the Banach-Steinhaus theorem from functional
analysis).

The assertion of the exercise is just a restatement of the standard fact that the dual space of C([0,7]) consists of
measures with finite total variation. There are approaches to extend the pathwise approach by restricting the
class of integrands further or by assuming extra information on the relation of the paths of the integrand and
the integrator (Young integrals, rough paths theory, cf. [28], [17]). Here, following the standard development
of stochastic calculus, we also restrict the class of integrands further (to predictable processes), but at the
same time, we give up the pathwise approach. Instead, we consider stochastic modes of convergence.

For H and M as above, the process I” is again a bounded cadlag (7,"’) martingale as is easily verified.
Therefore, it seems natural to study convergence of the Riemann sum approximations in the space Mj([O, al)
of equivalence classes of cadlag L>-bounded (%,”) martingales defined up to a finite time a. The following
fundamental theorem settles this question completely:

Theorem 6.8 (Convergence of Riemann sum approximations to stochastic integrals). Let a € (0, )
and let M and H be as defined above. Then for every y > 0 there exists a constant A > 0 such that
= -

mroay < 7 (6.27)

holds for any partitions 7 and 7 of R, with mesh(rr) < A and mesh(7) < A.

The constant A in the theorem depends on M,H and a. The proof of the theorem for discontinuous
processes is not easy, but it is worth the effort. For continuous processes, the proof simplifies considerably.
The theorem can be avoided if one assumes existence of the quadratic variation of M. However, proving the
existence of the quadratic variation requires the same kind of arguments as in the proof below (cf. [14]), or,
alternatively, a lengthy discussion of general semimartingale theory (cf. [37]).

Proof (Proof of Theorem 6.8.). Let C € (0,00) be a common uniform upper bound for the processes (H;)
and (M;). To prove the estimate in (6.27), we assume w.l.0.g. that both partitions 7 and 7 contain the end
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6.2. Stochastic integration for semimartingales

point a, and 7 is a refinement of 7. If this is not the case, we may first consider a common refinement and
then estimate by the triangle inequality. Under the additional assumption, we have

IZ-17 = ) (Hy-Hy )My - M) (6.28)

SeEm

where from now on, we only sum over partition points less than a, s” denotes the successor of s in the fine
partition 7, and
ls] = max{tenm : t<s}

is the next partition point of the rough partition 7 below s. Now fix & > 0. By (6.28), the martingale property
for M, and the adaptedness of H, we obtain

||Iﬂ_l7~r||]2\,[2([o’a]) E [(IZ - 15)2]
= E[ ) (H, - Hjs )X(My - M, )] (6.29)
<SE[ ) (My - M|+ QCYE[ ), >, (My—M)]

SET
Ti(e)<s<[t]
where [t] := min{u € T : u > t} is the next partition point of the rough partition, and
7(¢) = min{sen,s >t : |Hy—H;| > &} A[t].

is the first time after r where H deviates substantially from Hy. Note that 7; is a random variable.

The summands on the right hand side of (6.29) are now estimated separately. Since M is a bounded
martingale, we can easily control the first summand:

E[ Y (Mg - M) = E[M} - M?] = E[M - M}] < C*. (6.30)
The second summand is more difficult to handle. Noting that
E[My-M)? | F7,] = E[M;-M7|%,] on {r<s}

we can rewrite the expectation value as

DEL D, E[My-M) 7]l 6.31)
tem T <s<[t]
= ) E[E[M}, - M2 | 7,]] = E[ ) (Min - M., ] = B

Note that M1 — M, # O only if 7, < [r], i.e., if H oscillates more than & in the interval [#,7;]. We can
therefore use the cadlag property of H and M to control (6.31). Let

Dgp = {re€l0a] : |H —H_|>¢g/2}

denote the (random) set of “large” jumps of H. Since H is cadlag, D/, contains only finitely many elements.
Moreover, for given &, & > 0 there exists a random variable §(w) > 0 such that for u,v € [0,a],

i lu-v|<é = |H,-H|<e or (uyvlNDgp#0 ,

(i) reDgp, wuvelnr+dé = [M,-M,|<Lé.
Here we have used that H is cadlag, D/, is finite, and M is right continuous.

Let A > 0. By (i) and (ii), the following implication holds on {A < 6}:

w<[t] = |Hy-Hl>e = [t,u]NDgp#0 = |Mj—M|<Eé,
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6. Stochastic calculus for semimartingales with jumps

ie., if 74 < [t] and A < ¢ then the increment of M between 7; and [¢] is small.

Now fix k € N and & > 0. Then we can decompose B = B; + B, where

B = E[Z(Mm ~ M) A<6, Depl <k| < k&, (6.32)
tem
_ 2.
B = E[Z(Mm — M,,)*; A>5or |Dgpl > k|
tem
< E[Q (M- M )] P[A> 5o [Depa] > k]2 (6.33)

tem

< V6 C*(P[A> 6] +P[|Depal > k])'"?

In the last step we have used the following upper bound for the martingale increments 7, := M — My, :

E[(>.m)] E[Zm +2E[ 2 ninl]

tenw t u>t

AC’E Z"t | +2E] anE XA

u>t

IA

< 6C2E| an] < 6c2 E[M2-M}] < oC*
t

This estimate holds by the Optional Sampling Theorem, and since E[Y,,-, 12 | 7] < E[M2 - M? | 7] < C?
by the orthogonality of martingale increments Mr,,, — M7, over disjoint time intervals (7;,7;+1] bounded by
stopping times.

We now summarize what we have shown. By (6.29), (6.30) and (6.31),

g T2
”I -1 ||M2([0,a]) <

*C? +4C*(B) + By) (6.34)

where B and B; are estimated in (6.32) and (6.33). Let y > 0 be given. To bound the right hand side of

(6.34) by v we choose the constants in the following way:

1. Choose & > 0 such that C?¢? < y/4.

2. Choose k € N such that 4V6 C*P[|D, | > k]|'* < y/4,

3. Choose & > 0 such that 4C?k&? < /4, then choose the random variable § depending on & and & such
that (i) and (ii) hold.

4. Choose A > 0 such that 4v6 C*P[A > 5] < y/4.

Then for this choice of A we finally obtain

177 = 1 o

Y
< 4-= =
4 Y
whenever mesh() < A and 7 is a refinement of 7. |
The theorem proves that the stochastic integral H_, M is well-defined as an M? limit of the Riemann sum
approximations:

Definition 6.9 (Stochastic integral for left limits of bounded adapted cadlag processes w.r.t. bounded martinga
For H and M as above, the stochastic integral H_,M is the unique equivalence class of cadlag (%)
martingales on [0, c0) such that

— 1 Ttn
H_.M|[0’a] = lim H*M

n—o0 [09 ]

in M§([0, al)

for any a € (0, o) and for any sequence (r;,) of partitions of R, with mesh(sr,,) — O.
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6.2. Stochastic integration for semimartingales

Note that the stochastic integral is defined uniquely only up to cadlag modifications. We will often denote
versions of H_,M by fo. H;_ dMg, but we will not always distinguish between equivalence classes and their
representatives carefully. Many basic properties of stochastic integrals with left continuous integrands can
be derived directly from the Riemann sum approximations:

Lemma 6.10 (Elementary properties of stochastic integrals). For H and M as above, the following state-

ments hold:

1) Ift — M; has almost surely finite variation then H_4 M coincides almost surely with the pathwise defined
Lebesgue-Stieltjes integral fo. H_ dM.

2) A(H-.M) = H_AM almost surely.

3) If T:Q — [0,00] is a random variable, and H, ﬁ, M, M are processes as above such that H, = ﬁ, for
anyt <T and M, = M, for any t < T then, almost surely,

H.WM = H.M on [0,T].

Proof. The statements follow easily by Riemann sum approximation. Indeed, let (7r,,) be a sequence of
partitions of R, such that mesh(sr,,) — 0. Then almost surely along a subsequence (77;,),

(H—OM)Z = lim E Hs(Ms'/\t - Ms)
Nn—o00
st
SEMT,

w.r.t. uniform convergence on compact intervals. This proves that H_,M coincides almost surely with the
Stieltjes integral if M has finite variation. Moreover, for ¢ > 0 it implies

A(H_.M)t = n]l_)l’rolo Hl_tJn(Mz - Mt—) = Ht_AMz (635)

almost surely, where ||, denotes the next partition point of (7,) below . Since both H_,M and M are
cadlag, (6.35) holds almost surely simultaneously for all # > 0. The third statement can be proven similarly.ll

Localization

We now extend the stochastic integral to local martingales. It turns out that unbounded jumps can cause
substantial difficulties for the localization. Therefore, we restrict ourselves to local martingales that can
be localized by martingales with bounded jumps. Remark 2 below shows that this is not a substantial
restriction.

Suppose that (M;);¢ is a cadlag (%;) adapted process, where (#;) is an arbitrary filtration. For an (%7)
stopping time 7', the stopped process M7 is defined by

M,T = Mar forany ¢t > 0.

Definition 6.11 (Local martingale, Strict local martingale). A localizing sequence for M is a non-
decreasing sequence (7},),en of (%) stopping times such that sup 7,, = co, and the stopped process M " is
an (¥;) martingale for each n. The process M is called a local (%) martingale iff there exists a localizing
sequence. Moreover, M is called a strict local (#;) martingale iff there exists a localizing sequence (7},)
such that M7= has uniformly bounded jumps for each 7, i.e.,

sup{|AM;(w)| : 0<t <Th(w), weQ} < oo VneN.

Remark. 1) Any continuous local martingale is a strict local martingale.
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6. Stochastic calculus for semimartingales with jumps

2) In general, any local martingale is the sum of a strict local martingale and a local martingale of finite
variation. This is the content of the “Fundamental Theorem of Local Martingales”, cf. [35]. The proof

of this theorem, however, is not trivial and is omitted here.
The next example indicates how (local) martingales can be decomposed into strict (local) martingales and
finite variation processes:

Example (Lévy martingales). Suppose that X, = [y (N;(dy) — tv(dy)) is a compensated Lévy jump
process on R! with intensity measure v satisfying Syl A [y]?) v(dy) < co. Then (X;) is a martingale
but, in general, not a strict local martingale. However, we can easily decompose X; = M; + A, where
A=y Iy>1y (Ni(dy) —t v(dy)) is a finite variation process, and M; = f yiy1<1y (N:(dy) = tv(dy))
is a strict (local) martingale.

Strict local martingales can be localized by bounded martingales:

Lemma 6.12. M is a strict local martingale if and only if there exists a localizing sequence (T,) such that
MT™ is a bounded martingale for each n.

Proof. If M7 is a bounded martingale then also the jumps of M7= are uniformly bounded. To prove the
converse implication, suppose that (T},) is a localizing sequence such that AM”» is uniformly bounded for
each n. Then

S, = T,Ainf{r>0: |M;|>n} , neN,

is a non-decreasing sequence of stopping times with sup S, = oo, and the stopped processes M>» are
uniformly bounded, since

[Mips,| < n+|AMs,| = n+ |AMST:| for any ¢ > 0. ]

Definition 6.13 (Stochastic integrals of left limits of adapted cadlag processes w.r.t. strict local martingales).
Suppose that (M; ), is a strict local (F,7) martingale, and (H; ), is cadlag and (7;”') adapted. Then the
stochastic integral H_, M is the unique equivalence class of local (%,7) martingales satisfying

Ho M|,z = HM|gp as, (6.36)

whenever T is an (F,7) stopping time, H is a bounded cadlag (F,F) adapted process with H|jo 1) = H ljo,7)

almost surely, and M is a bounded cadlag (F,F) martingale with M |[0 = M almost surely.

[0.,7]

You should convince yourself that the integral H_, M is well defined by (6.36) because of the local dependence
of the stochastic integral w.r.t. bounded martingales on H and M (Lemma 6.10, 3). Note that H; and H, only
have to agree for t < T, so we may choose ﬁ, = H; - I;<ry. This is crucial for the localization. Indeed, we
can always find a localizing sequence (7},) for M such that both H; - I{;.7,} and M Tn are bounded, whereas
the process H' stopped at an exit time from a bounded domain is not bounded in general!

Remark (Stochastic integrals of cadlag integrands w.r.t. strict local martingales are again strict local
martingales). This is a consequence of Lemma 6.12 and Lemma 6.10, 2: If (7,,) is a localizing sequence
for M such that both H™ = H - I}y 7, and M™» are bounded for every n then

HoM = H"M™  on [0,T,],

and, by Lemma 6.10, A(HY?M Tny = HMAM s uniformly bounded for each n.
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Integration w.r.t. semimartingales

The stochastic integral w.r.t. a semimartingale can now easily be defined via a semimartingale decomposition.
Indeed, suppose that X is an (%,”) semimartingale with decomposition

XZ = XO+Mt+At N tZO,

into a strict local (,”) martingale M and an (F,”) adapted process A with cadlag finite-variation paths

Definition 6.14 (Stochastic integrals of left limits of adapted cadlag processes w.r.t. semimartingales).
For any (7,”') adapted process (H;);»o with cadlag paths, the stochastic integral of H w.r.t. X is defined by

H_.X = H—OM + H—.Aa

where M and A are the strict local martingale part and the finite variation part in a semimartingale
decomposition as above, H_. M is the stochastic integral of H_ w.r.t. M, and (H-.A); = fot H_ dA; is the
pathwise defined Stieltjes integral of H_ w.r.t. A.

Note that the semimartingale decomposition of X is not unique. Nevertheless, the integral H_.X is
uniquely defined up to modifications:

Theorem 6.15. Suppose that (7;,) is a sequence of partitions of R, with mesh(r,,) — 0. Then for any
a € [0,0),
(HoX), = lim > Ho(Xgnr = Xs)
n—oo

SETT,
s<t

w.r.t. uniform convergence for ¢ € [0, a] in probability, and almost surely along a subsequence. In particular:

1) The definition of H_,X does not depend on the chosen semimartingale decomposition.

2) The definition does not depend on the choice of a filtration (%) such that X is an (F,7) semimartingale
and H is (,7) adapted.

3) If X is also a semimartingale w.r.t. a probability measure Q that is absolutely continuous w.r.t. P then
each version of the integral (H_.X)p defined w.r.t. P is a version of the integral (H_.X)o defined
w.r.t. Q.

The proofs of this and the next theorem are left as exercises to the reader.

Theorem 6.16 (Elementary properties of stochastic integrals).

1) Semimartingale decomposition: The integral H_,X is again an (7,F’) semimartingale with decompo-
sition H_,X = H_.M + H_, A into a strict local martingale and an adapted finite variation process.

2) Linearity: The map (H,X) +— H_.X is bilinear.

3) Jumps: A(H_.X) = H_AX almost surely.

4) Localization: If T is an (7;”) stopping time then

(H.X)" = H.X" = (H-Ipr)-X.

A. Eberle Stochastic Analysis (v. November 1, 2019) 119



6. Stochastic calculus for semimartingales with jumps

6.3. Quadratic variation and covariation

From now on we fix a probability space (Q, A, P) with a filtration (7;). The vector space of (equivalence
classes of) strict local (7,"") martingales and of (F;"") adapted processes with cadlag finite variation paths
are denoted by M| and FV respectively. Moreover,

S = M +FV

denotes the vector space of (7,"") semimartingales. If there is no ambiguity, we do not distinguish carefully
between equivalence classes of processes and their representatives. The stochastic integral induces a bilinear
map S XS — S, (H,X) — H_,X on the equivalence classes that maps S X Mj, to Mj,. and S X FV to
FV.

A suitable notion of convergence on (equivalence classes of) semimartingales is uniform convergence in
probability on compact time intervals:

Definition 6.17 (ucp-convergence). A sequence of semimartingales X,, € S converges to a limit X € S
uniformly on compact intervals in probability iff

P
sup | X' - X;| — O asn — oo for any a € R,.
t<a

By Theorem (6.15), for H,X € S and any sequence of partitions with mesh(xr,,) — 0, the stochastic
integral [ H_ dX is a ucp-limit of predictable Riemann sum approximations, i.e., of the integrals of the
elementary predictable processes H™.

Covariation and integration by parts

The covariation is a symmetric bilinear map S X S — FV. Instead of going once more through the Riemann
sum approximations, we can use what we have shown for stochastic integrals and define the covariation by
the integration by parts identity

t t
XY, - XoYy = / X,_ dY, +/ Y,_ dX, +[X.Y],.
0 0

The approximation by sums is then a direct consequence of Theorem 6.15.

Definition 6.18 (Covariation of semimartingales). For X,Y € S,

[X,Y] = XY—XOYO—/X_ dY—/Y_ dX.

Clearly, [X,Y] is again an (F;F) adapted cadlag process. Moreover, (X,Y) +— [X,Y] is symmetric and
bilinear, and hence the polarization identity

XY] = SAX+Y]-[X]- 1Y)

holds for any X,Y € S where
(X] = [X.X]

denotes the quadratic variation of X. The next corollary shows that [ X, Y] deserves the name “covariation:
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Corollary 6.19. For any sequence (71,,) of partitions of R, with mesh(r,) — 0,

[X,Y];, = ucp- nlglgo Z (Xsrne = Xs)Ygrnr = Ys). (6.37)
SEMT,
s<t

In particular, the following statements hold almost surely:
1) [X] is non-decreasing, and [X, Y] has finite variation.

2) A[X,Y] = AXAY.
3y x,y]r = [xT,vy] = [xYI] = [XT,Y7].
4 Xyl < [x]VPpe

Proof. (6.37) is a direct consequence of Theorem 6.15, and 1) follows from (6.37) and the polarization
identity. 2) follows from Theorem 6.16, which yields

A[X,Y] A(XY) = A(X_.Y) — A(Y_,X)
X_AY + Y.AX + AXAY — X_AY — Y.AX

AXAY.

3) follows similarly and is left as an exercise and 4) holds by (6.37) and the Cauchy-Schwarz formula for
sums. [

Statements 1) and 2) of the corollary show that [X, Y] is a finite variation process with decomposition

[X,Y], = [X,Y]f+ZAXSAYS (6.38)

s<t
into a continuous part and a pure jump part.

If Y has finite variation then by Lemma 6.3,

(XYl = ) AXAY,.

s<t
Thus [X,Y]¢ = 0 and if, moreover, X or Y is continuous then [X,Y] = 0.

More generally, if X and ¥ are semimartingales with decompositions X = M+A,Y = N+Binto M,N € M,
and A, B € FV then by bilinearity,

[X,Y] = [M,N]°+[M,B]°+[AN]|° +[AB]° =[M,N].

It remains to study the covariations of the local martingale parts which turn out to be the key for controlling
stochastic integrals effectively.

Quadratic variation and covariation of local martingales

If M is a strict local martingale then by the integration by parts identity, M? — [M] is a strict local martingale
as well. By localization and stopping we can conclude:

Theorem 6.20. Let M € M)y, and a € [0,00). Then M € Mfi([O, a]) if and only if My € £* and
[M], € L. In this case, M? — [M], (0 < t < a) is a martingale, and

I|M||i42([0,a]) = E[Mj]+E[[M].]. (6.39)
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6. Stochastic calculus for semimartingales with jumps

Proof. We may assume My = 0; otherwise we consider M = M—-M,. Let (T,,) be a joint localizing sequence
for the local martingales M and M? — [M] such that M”» is bounded. Then by optional stopping,

E[M} ;]| = E[Mlnz,] forany + >0 andanyn € N. (6.40)
Since M? is a submartingale, we have

E[M}] < liminfE[M} ;] < E[M}] (6.41)

n—oo

by Fatou’s lemma. Moreover, by the Monotone Convergence Theorem,

E[[M)] = lim E[[M]z,].
Hence by (6.41), we obtain
E[Mtz] = E[[M]t] forany ¢ > 0.

For t < a, the right-hand side is dominated from above by E [[M ]a], Therefore, if [M], is integrable then
M is in M%([0,a]) with M? norm E [[M],]. Moreover, in this case, the sequence (MIZATn — [Minz,), e 18
uniformly integrable for each ¢ € [0, a], because,

sup |M? — [M],] < sup|M,|*+[M], €L,

t<a t<a

Therefore, the martingale property carries over from the stopped processes M tz/\T,, —[M]p1, to M? —[M],.H

Remark. The assertion of Theorem 6.20 also remains valid for @ = oo in the sense that if My is in £?
and [M]e = lim;_o[M]; is in L' then M extends to a square integrable martingale (M;);€[0,00) satisfying
(6.40) with a = 0. The existence of the limit Mo = lim,_, M, follows in this case from the L2 Martingale
Convergence Theorem.

The next corollary shows that the M? norms also control the covariations of square integrable martingales.

Corollary 6.21. The map (M,N) — [M,N] is symmetric, bilinear and continuous on Mj([O, al) in the
sense that

Efsup|[[M,N]:|]] < IMIla2qo.ap!INlm20,a))-

t<a

Proof. By the Cauchy-Schwarz inequality for the covariation (Cor. 6.19,4),

MmN < [MLPINL? < PN Vi<a,

Applying the Cauchy-Schwarz inequality w.r.t. the L?-inner product yields
1/2 1/2
E[sup|[M,N],|] < E[[M],] / E[[Nla] < UM | ar2q0,ap N ar2go,a)

t<a

by Theorem 6.20. |

Corollary 6.22. Let M € M, and suppose that [M], = 0 almost surely for some a € [0,00]. Then
almost surely,
M, = My for any ¢ € [0, a].

In particular, continuous local martingales of finite variation are almost surely constant.
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Proof. By Theorem 6.20, [|[M — Mollas2j0.a)) = E[[M]a] = 0. ]

The assertion also extends to the case when a is replaced by a stopping time. Combined with the existence
of the quadratic variation, we have now proven:

»Non-constant strict local martingales have non-trivial quadratic variation«

Example (Fractional Brownian motion is not a semimartingale). Fractional Brownian motion with
Hurst index H € (0, 1) is defined as the unique continuous Gaussian process (B,H ) >0 satisfying

E[Bf] = 0 and Cov [BY,Bf'] = %(IZH + 520 — |1 - s|?H)
for any s,# > 0. It has been introduced by Mandelbrot as an example of a self-similar process and is
used in various applications, cf.[2]. Note that for H = 1/2, the covariance is equal to min(s,?), i.e.,
B!/? is a standard Brownian motion. In general, one can prove that fractional Brownian motion exists
for any H € (0, 1), and the sample paths ¢ — Bfl (w) are almost surely @-Holder continuous if and only
if @ < H, cf.e.g.[17]. Furthermore,

VI(I)(BH ) = o forany r > 0 almost surely, and
0 if H>1/2,
(B"], = lim (BH,-B)? = &t ifH=1/2,
STn o if H<1/2 .

Since [BH], = oo, fractional Brownian motion is not a semimartingale for H < 1/2.
Now suppose that H > 1/2 and assume that there is a decomposition B,H = M, + A, into a continuous
local martingale M and a continuous finite variation process A. Then

M] = [BY] = o0 almost surely

so by Corollary 6.15, M is almost surely constant, i.e., BH has finite variation paths. Since this is
a contradiction, we see that also for H > 1/2, B is not a continuous semimartingale, i.e., the sum
of a continuous local martingale and a continuous adapted finite variation process. It is possible (but
beyond the scope of these notes) to prove that any semimartingale that is continuous is a continuous
semimartingale in the sense above (cf.[35]). Hence for H # 1/2, fractional Brownian motion is not a
semimartingale and classical It calculus is not applicable. Rough paths theory provides an alternative
way to develop a calculus w.r.t. the paths of fractional Brownian motion, cf. [17].

The covariation [M, N] of local martingales can be characterized in an alternative way that is often useful
for determining [M, N] explicitly.

Theorem 6.23 (Martingale characterization of covariation). For M, N € M., the covariation [M,N]
is the unique process A € FV such that

(i) MN-A €M), , and

i) AA = AMAN , Ap=0 almostsurely .

Proof. Since [M,N]= MN — MyNy — [ M_ dN — [ N_ dM, (i) and (ii) are satisfied for A = [M,N]. Now

suppose that A is another process in FV satisfying (i) and (ii). Then A — A is both in My, and in FV, and

A(A — A) = 0 almost surely. Hence A — A is a continuous local martingale of finite variation, and thus
A—A = Ay - Ap = 0 almost surely by Corollary 6.22. |

The covariation of two local martingales M and N yields a semimartingale decomposition for M N:
MN = local martingale + [M,N].

However, such a decomposition is not unique. By Corollary 6.22 it is unique if we assume in addition that
the finite variation part A is continuous with Ag = 0 (which is not the case for A = [M, N] in general).
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6. Stochastic calculus for semimartingales with jumps

Definition 6.24. Let M,N € M. If there exists a continuous process A € FV such that
(i) MN-A € My, and
) AA = 0 , Ap = 0 almostsurely,

then (M, N) = A is called the conditional covariance process of M and N.

In general, a conditional covariance process as defined above need not exist. General martingale theory
(Doob-Meyer decomposition) yields the existence under an additional assumption if continuity is replaced
by predictability, cf. e.g. [35]. For applications it is more important that in many situations the conditional
covariance process can be easily determined explicitly, see the example below.

Corollary 6.25. Let M,N € Mj,.

1) If M is continuous then (M, N) = [M, N] almost surely.

2) In general, if (M, N) exists then it is unique up to modifications.

3) If (M) exists then the assertions of Theorem 6.20 hold true with [M] replaced by (M ).

Proof. 1) If M is continuous then [M, N] is continuous.
2) Uniqueness follows as in the proof of 6.23.
3) If (T},) is a joint localizing sequence for M2 — [M] and M? — (M) then, by monotone convergence,

E[My] = lim E[(Myr,] = lim E[[Mlng,] = E[(M]/]
for any t > 0. The assertions of Theorem 6.20 now follow similarly as above. |

Example (Covariations of Lévy processes).
1) Brownian motion: 1f (B,) is a Brownian motion in R then the components (B¥) are independent
one-dimensional Brownian motions. Therefore, the processes Bfo — Ot are martingales, and hence
almost surely,

[BX,B', = (B*B!, = -6y forany r>0.

2) Lévy processes without diffusion part: Let
X, = / y (Ni(dy) =t Iy <1yv(dy)) + bt
R4\{0}

with b € R9, a o-finite measure v on R? \ {0} satisfying [(|y|*> A 1) v(dy) < oo, and a Poisson point
process (N;) of intensity v. Suppose first that supp(v) ¢ {y € R? : |y| > &} for some & > 0. Then the
components X* are finite variation processes, and hence

(X5 x1, = Y axkaxl = / YV Ni(dy). (6.42)
s<t

In general, (6.42) still holds true. Indeed, if X® is the corresponding Lévy process with intensity
measure V'&)(dy) = I{jyse) v(dy) then ||X®* — X¥||)1200.4) — O as & | O for any a € R, and
k € {1,...,d}, and hence by Corollary 6.21,

[x*X'], = ucpdim [xK x@] = " AxFax!.

€10 s<t

On the other hand, we know that if X is square integrable then M; = X, —itVy(0) and Mtk M,l —t B;?ngl (0)
are martingales, and hence

0’y
oprop;

(xkxhy, = (M MY, = 1
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3) Covariations of Brownian motion and Lévy jump processes: For B and X as above we have
(B, xy = [B5X'1 = o0 almost surely for any k and /. (6.43)

Indeed, (6.43) holds true if X! has finite variation paths. The general case then follows once more
by approximating X by finite variation processes. Note that independence of B and X has not been
assumed! We will see in Section 3.1 that (6.43) implies that a Brownian motion and a Lévy process
without diffusion term defined on the same probability space are always independent.

Covariation of stochastic integrals

We now compute the covariation of stochastic integrals. This is not only crucial for many computations, but
it also yields an alternative characterization of stochastic integrals w.r.t. local martingales, cf. Corollary 6.27
below.

Theorem 6.26. Suppose that X and Y are (7,”’) semimartingales, and H is (¥,7) adapted and cadlag. Then

[/H_ dX,Y] = /H_ d[X,Y] almost surely. (6.44)

Proof. 1. We first note that (6.44) holds if X or Y has finite variation paths. If, for example, X € FV then
also [ H_ dX € FV, and hence

[ / H_dX,Y] = ZA(H_.X)AY = ZH_AXAY = / H_d[X,Y] .

The same holds if Y € FV.

2. Now we show that (6.44) holds if X and Y are bounded martingales, and H is bounded. For this purpose,
we fix a partition 7, and we approximate H_ by the elementary process H™ = > . Hy - I(5 ). Let

Itn = Hf dX = Z HS(XS’/\I - Xs)-
(0,7] SET
We can easily verify that
[I7,Y] = /Hir d[X,Y] almost surely. (6.45)

Indeed, if (71,,) is a sequence of partitions such that & C 7, for any n and mesh(rr,,) — 0 then

DU~ I Yo =Ye) = Y Hy Y (Xenr = X )(Yons = Vo).
rem, SEn remn,
r<t s<r<s’'At

Since the outer sum has only finitely many non-zero summands, the right hand side converges as n — oo to
D UH([X.Y)gn - [X.Y]) = H™ d[X,Y),
SET 0,7]

in the ucp sense, and hence (6.45) holds.
Having verified (6.45) for any fixed partition 7, we choose again a sequence (r,) of partitions with
mesh(mr,,) — 0. Then

/H_ dX = lim I"™ in M?([0,a]) forany a € (0,c0),

n—oo

A. Eberle Stochastic Analysis (v. November 1, 2019) 125



6. Stochastic calculus for semimartingales with jumps

and hence, by Corollary 6.21 and (6.45),

| / H_dX,Y] = ucplim[/™,Y] = / H_d[X,Y].

n—oo

3. Now suppose that X and Y are strict local martingales. If T is a stopping time such that X’ and Y7 are
bounded martingales, and HIjo r) is bounded as well, then by Step 2, Theorem 6.16 and Corollary 6.19,

[/H_ ad [(/H_ ax)" Y| = [/(H_ Io.ry) dX7,YT]
/ H I dX" Y] = ( / H_ d[x.y]))".

Since this holds for all localizing stopping times as above, (6.45) is satisfied as well.

4. Finally, suppose that X and Y are arbitrary semimartingales. Then X = M + Aand Y = N + B with
M,N € M)y, and A,B € FV. The assertion (6.44) now follows by Steps 1 and 3 and by the bilinearity of
stochastic integral and covariation. |

Perhaps the most remarkable consequences of Theorem 6.26 is:

Corollary 6.27 (Kunita-Watanabe characterization of stochastic integrals).
Let M € My, and G = H_with H (7,F) adapted and cadlag. Then G.M is the unique element in Mo
satisfying

1) (GeM)y = 0 , and

(i) [GeM,N] = GJM,N] forany N € M.

Proof. By Theorem 6.26, G, M satisfies (i) and (ii). It remains to prove uniqueness. Let L € M. such that
Lo =0and

[L,N] = G¢M,N] forany N € Mj,.
Then [L — G.M,N] = 0 for any N € Mj,.. Choosing N = L — G.M, we conclude that [L — GoM] = 0.
Hence L — G, M is almost surely constant, i.e.,

L-GM = Ly—(GM) = 0. n

Remark. Localization shows that it is sufficient to verify Condition (ii) in the Kunita-Watanabe characteri-
zation for bounded martingales N.

The corollary tells us that in order to identify stochastic integrals w.r.t. local martingales it is enough to “test”
with other (local) martingales via the covariation. This fact can be used to give an alternative definition of
stochastic integrals that applies to general predictable integrands. Recall that a stochastic process (G;); 0
is called (Ttp) predictable iff the function (w,t) — G,(w) is measurable w.r.t. the o--algebra $ on Q X [0, )
generated by all (7,”') adapted left-continuous processes.

Definition 6.28 (Stochastic integrals with general predictable integrands).
Let M € M), and suppose that G is an (F,F) predictable process satisfying

t
/ G? d[M]s < oo almost surely for any ¢ > 0.
0

If there exists a local martingale GeM € M| such that conditions (i) and (ii) in Corollary 6.27 hold, then
G.M is called the stochastic integral of G w.r.t. M.
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Many properties of stochastic integrals can be deduced directly from this definition, see e.g. Theorem 6.30
below.

Ité isometry for stochastic integrals w.r.t. martingales

Of course, Theorem 6.26 can also be used to compute the covariation of two stochastic integrals. In particular,
if M is a semimartingale and G = H_ with H cadlag and adapted then

[GeM,GM] = GJM,GM] = GA[M].

Corollary 6.29 (Itd’s isometry for martingales). Suppose that M € Mj,.. Then also ([ G dM )2 -
i G? d[M] e Mg, and

H/GdM’ij([o,a]) B E[(/OaGdM)z] - E[/Oand[M]] vezl 8.

Proof. If M € M) . then GoM € M, and hence (G.M Y —[GeM] € M. Moreover, by Theorem 6.20,

IG M} 0y = ElGeMla] = E[(GIM]a]. m

The Itd isometry for martingales states that the M>([0,a]) norm of the stochastic integral [ G dM coincides
with the LZ(Q X (O,a],P[M]) norm of the integrand (w, ) — G;(w), where P,y is the measure on Q X R,
given by

Pydw dt) = P(dw) [M](w)(dt).

This can be used to prove the existence of the stochastic integral for general predictable integrands G €
L?(P(pr), cf. Section 2.5 below.

6.4. It6 calculus for semimartingales

We are now ready to prove the two most important rules of 1t6 calculus for semimartingales: The so-called
“Associative Law” which tells us how to integrate w.r.t. processes that are stochastic integrals themselves,
and the change of variables formula.

Integration w.r.t. stochastic integrals

Suppose that X and Y are semimartingales satisfying dY = G dX for some predictable integrand G, ie.,
Y - Y = [ G dX. We would like to show that we are allowed to multiply the differential equation formally
by another predictable process G, i.e., we would like to prove that [ G dY = [ GG dX:

dY = GdX = GdY = GGdX

The covariation characterization of stochastic integrals w.r.t. local martingales can be used to prove this rule
in a simple way.
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6. Stochastic calculus for semimartingales with jumps

Theorem 6.30 (“Associative Law’’). Let X € S. Then
Go(G.X) = (GG)X (6.46)

holds for any processes G = H_ and G = H_ with H and H cadlag and adapted.

Remark. The assertion extends with a similar proof to more general predictable integrands.

Proof. We already know that (6.46) holds for X € FV. Therefore, and by bilinearity of the stochastic
integral, we may assume X € Mj,.. By the Kunita-Watanabe characterization it then suffices to “test”
the identity (6.46) with local martingales. For N € M., Corollary 6.27 and the associative law for FV
processes imply

G.G.X,N] = Gu(G.[X,N])
= (GGL[X,N] = [(GG).X,N].

[Gu(GoX),N]

Thus (6.46) holds by Corollary 6.27. |

It6’s formula

We are now going to prove a change of variables formula for discontinuous semimartingales. To get an idea
how the formula looks like we first briefly consider a semimartingale X € S with a finite number of jumps
in finite time. Suppose that 0 < 73 < 75 < ... are the jump times, and let 7y = 0. Then on each of the
intervals [Tx—1,Ty), X is continuous. Therefore, by a similar argument as in the proof of 1t6’s formula for
continuous paths (cf. [11, Thm.6.4]), we could expect that

F(X)-F(Xo) = Y (F(Xir,) = F(Xinr,.,)
k
tAT— tAT—

-3 / F’(XS_)dXS+% / FrG) dIX)) + Y (FO) - F(X )

Ti_1<t Ty <t
k-1 Ty-1 Tr-1 k

- /0 t F'(X,_) dX¢ + % /O t F"(X,_) d[X] + Z (F(X,) - F(X,)) (6.47)

s<t

where X7 = X, — >,.., AX, denotes the continuous part of X. However, this formula does not carry over
to the case when the jumps accumulate and the paths are not of finite variation, since then the series may
diverge and the continuous part X¢ does not exist in general. This problem can be overcome by rewriting
(6.47) in the equivalent form

F(X,) - F(Xy) = /0 t F'(X,_) dX; + % /0 t F"(X,-) d[X)C (6.48)

+ D (F(X) = F(Xo0) - F'(X,0) AX,),

s<t

which carries over to general semimartingales.
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Theorem 6.31 (1t6’s formula for semimartingales). Suppose that X, = (X/,...,X¢) with semimartin-
gales X! ..., X4 € 8. Then for every function F € CZ(Rd),

F(X;) - F(Xo) = Z/a Hoe ) dX!+ 22/ 0*F (X,-) d[ X', X715

OxtoxJ
0.1 L=L0,0
4 oF :
+ > (F(Xo) = F(Xso) = ) 2= (X )AXY) (6.49)
s€(0,1] = ox'

for any ¢ > 0, almost surely.

Remark. The existence of the quadratic variations [X*]; implies the almost sure absolute convergence of
the series over s € (0,7] on the right hand side of (6.49). Indeed, a Taylor expansion up to order two shows
that

DL IF(X) = F(X,-) = Z —(XOAXY] < G- ) IAXIP

s<t S<t |

<G - Z[Xi]t < 0,

i
where C; = C;(w) is an almost surely finite random constant depending only on the maximum of the norm
of the second derivative of F on the convex hull of {X; : s € [0,¢]}.

It is possible to prove this general version of It6’s formula by a Riemann sum approximation, cf. [35]. Here,
following [37], we instead derive the “chain rule” once more from the “product rule”:

Proof. To keep the argument transparent, we restrict ourselves to the case d = 1. The generalization to
higher dimensions is straightforward. We now proceed in three steps:

1. As in the finite variation case (Theorem 6.5), we first prove that the set A consisting of all functions
F e C%(R) satisfying (6.48) is an algebra, i.e.,

FGeA — FGeA.

This is a consequence of the integration by parts formula

F(X,)G(X,) - F(Xo)G(Xo) = /0 F(X.) dG(X) + /0 G(X_) dF(X)

+ [F(X),G(X)] + Z AF(X)AG(X), (6.50)
(0,11

the associative law, which implies

/ F(X.)dG(X) = / F(X_)G'(X_) dX + % / F(X_)G"(X.) d[X]¢

+ Z F(X_) (AG(X) - G'(X_)AX), 6.51)
the corresponding identity with F and G interchanged, and the formula
[F(X),GX)¢ = [ / F/(X_) dX, / G'(X) dX]C (6.52)
- ([reoeeax) = [erene dxy

A. Eberle Stochastic Analysis (v. November 1, 2019) 129
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for the continuous part of the covariation. Both (6.51) and (6.52) follow from (6.49) and the corresponding
identity for G. It is straightforward to verify that (6.50), (6.51) and (6.52) imply the change of variable
formula (6.48) for FG, i.e., FG € A. Therefore, by induction, the formula (6.48) holds for all polynomials
F.

2. In the second step, we prove the formula for arbitrary F € C? assuming X = M + A with a bounded
martingale M and a bounded process A € FV. In this case, X is uniformly bounded by a finite constant C.
Therefore, there exists a sequence (pj,) of polynomials such that p,, — F, p;, — F’ and p,) — F’’ uniformly
on [-C,C]. Fort > 0, we obtain

FOX)=F(Xo) = lim (pa(X)) = pu(Xo0))

t 1 t ) X y .
tim ([ axcs s [ axig e Y [ [ ez a)

S<t

/O t F'(X,_) dX, + % /0 t F/(X, ) XIS+ ) / X / y F"(z) dz dy

s<t

w.r.t. convergence in probability. Here we have used an expression of the jump terms in (6.48) by a Taylor
expansion. The convergence in probability holds since X = M + A,

|

- £ [ G- am] s s - FPE(M)
0 [-C.C]

|| /0 (Xes) dM, /0 F(X,) M,

by Itd’s isometry, and
X Y ” ” 1 ” ” 2
Y] eier@dza] <5 s - F Y AX
s<t Xs- J X [_C’C] s<t

3. Finally, the change of variables formula for general semimartingales X = M + A with M € M), and
A € FV follows by localization. We can find an increasing sequence of stopping times (7;,) such that
supT,, = oo a.s., M is a bounded martingale, and the process A"~ defined by

AT A, for t < T,
! ’ Ar,_ fort>T,

is a bounded process in FV for any n. 1td’s formula then holds for X" := M™» + AT»~ for every n. Since
X"=Xon|[0,7,)and T,, /* oo a.s., this implies [td’s formula for X. |

Note that the second term on the right hand side of It6’s formula (6.49) is a continuous finite variation process
and the third term is a pure jump finite variation process. Moreover, semimartingale decompositions of X,
1 <i < d, yield corresponding decompositions of the stochastic integrals on the right hand side of (6.49).
Therefore, 1td’s formula can be applied to derive an explicit semimartingale decomposition of F(X/,. . ., Xtd )
for any C? function F. This will now be carried out in concrete examples.

Application to Lévy processes

We first apply Itd’s formula to a one-dimensional Lévy process

X, = x+0B +bt+ / y Ny(dy) (6.53)
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with x,0,b € R, a Brownian motion (B;), and a compensated Poisson point process N; = N; — tv with
intensity measure v. We assume that [(|y|> A |y|) v(dy) < co. The only restriction to the general case is the
assumed integrability of |y| at co, which ensures in particular that (X;) is integrable. The process (X;) is a
semimartingale w.r.t. the filtration (”F,B Ny generated by the Brownian motion and the Poisson point process.

We now apply 1t0’s formula to F(X;) where F € C*(R). Setting C; = [y N;(dy) we first note that almost
surely,
(Xl = CBL+20[BCL+[Cl = P+ ) (AX)
s<t

Therefore, by (6.53),

F(X;) — F(Xo)

! ’ 1 ! 144 C ’
:/0 F'(X.) d}(+§/0 F"(X.) d[X] +Z(F(X)—F(X_)—F(X_)AX)

_ ! ’ ! ’ l 2 _ ’ ~
= /0 (cF")(Xs-) dBg +/0 (bF" + ol F")(X,) ds + / F'(Xs-) y N(ds dy)
(0,7]xR
+ / (F(Xs- +y) = F(Xs-) = F'(Xs-)y) N(ds dy), (6.54)

(0,7]xR

where N(ds dy) is the Poisson random measure on R, X R corresponding to the Poisson point process, and
N (ds dy) = N(ds dy) — ds v(dy). Here, we have used a rule for evaluating a stochastic integral w.r.t. the
process C; = [y ﬁ,(dy) which is intuitively clear and can be verified by approximating the integrand by
elementary processes. Note also that in the second integral on the right hand side we could replace X;_ by
X, since almost surely, AX; = O for almost all s.

To obtzgn a semimartingale decomposition from (6.54), we note that the stochastic integrals w.r.t. (B;) and
W.I.L. (yt) are local martingales. By splitting the last integral on the right hand side of (6.54) into an integral
w.r.t. N(ds dy) (i.e., a local martingale) and an integral w.r.t. the compensator ds v(dy), we have proven:

Corollary 6.32 (Martingale problem for Lévy processes). For any F € C%(R), the process

MF = F(X,) - F(Xo) - / \(LF)X,) ds,
0

(LA = @0+ GF + [ (PG +3) = F@) = F0y) vy

is a local martingale vanishing at 0. For F € CI%(R), M1 is a martingale, and

(LF)(x) = ltifg%E[F(Xt)—F(Xo)].

Proof. M'F1 is a local martingale by the considerations above and since Xy(w) = X_(w) for almost all
(s,w). For F € C?, LF is bounded since ’F(x +y) - F(x) - F’(x)y| = O(|y| A |y|?). Hence M is a
martingale in this case, and

1 [
cElFo0 -] = [ [uneoa] - @nm

as ¢ | 0 by right continuity of (LF)(Xj). |
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6. Stochastic calculus for semimartingales with jumps

The corollary shows that £ is the infinitesimal generator of the Lévy process. The martingale problem can
be used to extend results on the connection between Brownian motion and the Laplace operator to general
Lévy processes and their generators. For example, exit distributions are related to boundary value problems
(or rather complement value problems as £ is not a local operator), there is a potential theory for generators
of Lévy processes, the Feynman-Kac formula and its applications carry over, and so on.

Example (Fractional powers of the Laplacian). By Fourier transformation one verifies that the gener-
ator of a symmetric a-stable process with characteristic exponent |p|® is £ = —(~=A)®/2. The behaviour
of symmetric a-stable processes is therefore closely linked to the potential theory of these well-studied
pseudo-differential operators.

Exercise (Exit distributions for compound Poisson processes). Let (X;);>0 be a compound Poisson
process with Xy = 0 and jump intensity measure v = N(m, 1), m > 0.

i) Determine A € R such that exp(1X;) is a local martingale.

ii) Prove that for a < 0,

P[T, < o] = blim P[T, <Tp] < exp(ma/2).

Why is it not as easy as for Brownian motion to compute P[T, < T}] exactly?

Burkholder’s inequality

As another application of Itd’s formula, we prove an important inequality for cadlag local martingales that
is used frequently to derive L” estimates for semimartingales. For real-valued cadlag functions x = (x;); >0
we set

xS = sup|xsl for t >0, and xy = |xol.
s<t

Theorem 6.33 (Burkholder’s inequality). Let p € [2, ). Then the estimate
E[(MFY17? <y, ENIMIRP (6.55)

holds for any strict local martingale M € M, such that My = 0, and for any stopping time 7" : Q — [0, o0],

where GilyP
e
Ve = (1 + Iﬁ) p/‘/z < +e/2p.

Remark. The estimate does not depend on the underlying filtered probability space, the local martingale
M, and the stopping time 7. However, the constant y,, goes to co as p — oo,

Notice that for p = 2, Equation (6.55) holds with y,, = 2 by Itd’s isometry and Doob’s L? maximal
inequality. Burkholder’s inequality can thus be used to generalize arguments based on It6’s isometry from
an L? to an LP setting.

Proof. 1) We first assume that 7 = oo and M is a bounded cadlag martingale. Then, by the Martingale
Convergence Theorem, M., = tlim M, exists almost surely. Since the function f(x) = |x|? is C? for p > 2

with ¢”'(x) = p(p — 1)|x|P~2, 1t6’s formula implies

Mo = [ e am s [ oo di;
+ D (BM) = (M) = ¢ (M, )AMS,), (6.56)
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6.5. Stochastic exponentials and change of measure

where the first term is a martingale since ¢’ o M is bounded, in the second term
¢"(M;) < plp = 1ML,

and the summand in the third term can be estimated by

IA

1
(M) — ¢(M,-) — ¢'(My_)AM 5 Sup(g” 0 M)(AM;)?
< 3pp - DMEPAM,Y.

Hence by taking expectation values on both sides of (6.56), we obtain for g satisfying 117 + é =1:

EIO5Y] < a” E[IMLP]
< g P20 plouzy 2 (i1, + Y anm?)]
< ¢ P02 prony Emnd)

by Doob’s inequality, Holder’s inequality, and since [M]S, + Y(AM)? = [M]w. The inequality (6.55) now
follows by noting that g”p(p — 1) = qp—l p2.

2) For T = oo and a strict local martingale M € M|, there exists an increasing sequence (7},) of stopping
times such that M7~ is a bounded martingale for each n. Applying Burkholder’s inequality to M7~ yields

E[(M7)P] = E[MIZ™*VP] < yhEMM™EP = b E[IM1P).

Burkholder’s inequality for M now follows as n — oo.

3) Finally, the inequality for an arbitrary stopping time 7 can be derived from that for T = oo by considering
the stopped process M. |

For p > 4, the converse estimate in (3.27) can be derived in a similar way:
Exercise. Prove that for a given p € [4,00), there exists a global constant ¢, € (1,00) such that the
inequalities
'E [[M]{;”] < E[(ML)"] < ¢pE [[M]{;/z]

with M = sup, _, |M| hold for any continuous local martingale (M;); e[0,)-

The following concentration inequality for martingales is often more powerful than Burkholder’s inequality:

Exercise. Let M be a continuous local martingale satisfying My = 0. Show that

X2

PlsupM; > x; [M], < c] < exp(——)
s<t 2c

for any ¢, t,x € [0, ).

6.5. Stochastic exponentials and change of measure

A change of the underlying probability measure by an exponential martingale can also be carried out for jump
processes. In this section, we first introduce exponentials of general semimartingales. After considering
absolutely continuous measure transformations for Poisson point processes, we apply the results to Lévy
processes, and we prove a general change of measure result for possibly discontinuous semimartingales.
Finally, we provide a counterpart to Lévy’s characterization of Brownian motion for general Lévy processes.
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6. Stochastic calculus for semimartingales with jumps

Exponentials of semimartingales

If X is a continuous semimartingale then by It6’s formula,

1
& = o (X - 50X)
is the unique solution of the exponential equation
de* = &%dx, & = 1

In particular, EX is a local martingale if X is a local martingale. Moreover, if

n

ho(t,x) = aaan exp(ax — a/zt/2)|a:0 (6.57)

denotes the Hermite polynomial of order n and X, = O then
H' = h(X].X) (6.58)

solves the SDE
dH" = nH"'dX, H}=0,

for any n € N, cf. Section 6.4 in [11]. In particular, H" is an iterated It0 integral:

t Sn 52
H' = n'// / dX,,dXy, -+ dX;, .
0 JO 0

The formula for the stochastic exponential can be generalized to the discontinuous case:

Theorem 6.34 (Doléans-Dade). Let X € S. Then the unique solution of the exponential equation

t
7o o= 1 / Zy_dX,, 120, (6.59)
0
is given by
1
Z, = exp (Xt—E[X],C) [T @ +ax,)exp-ax,). (6.60)
s€(0,2]

Remarks. 1) In the finite variation case, (6.60) can be written as

1 X
Z, = exp (X; - 5[X];) [T a+ax).
s€(0,t]
In general, however, neither X¢ nor [](1 + AX) exist.

2) The analogues to the stochastic polynomials H" in the discontinuous case do not have an equally simply
expression as in (6.58) . This is not too surprising: Also for continuous two-dimensional semimartingales
(X;,Y;) there is no direct expression for the iterated integral fot fo dX, dY; = fot (X5 — Xo) dY; and for the

Lévy area process
t N t N
A = // erdYs—// dY, dX;
0 Jo 0 Jo

in terms of X,Y and their covariations. If X is a one-dimensional discontinuous semimartingale then X and
X_ are different processes that have both to be taken into account when computing iterated integrals of X.
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Proof (Proof of Theorem 6.34). The proofis partially similar to the one given above for X € FV, cf. Theorem
6.6. The key observation is that the product

P = ]_[ (1 + AX,) exp(—AXj)
s€(0,¢]

exists and defines a finite variation pure jump process. This follows from the estimate

Z [log(1 + AXs) —AXg|] < const.- Z |IAX;|*> < const. -[X]
O<s<t s<t
|AX,|<1/2

which implies that
S, = D0 (log(l+AX,) - AX,), 120,

s<t
IAX,]<1/2
defines almost surely a finite variation pure jump process. Therefore, (P;) is also a finite variation pure jump
process.

Moreover, the process G; = exp (X, - %[X ]f) satisfies

G = 1+ /G_ dx + Z(AG —-G_ AX) 6.61)
by 1t6’s formula. For Z = G P we obtain
AZ = Z. (eAX (14 AX)e™™X — 1) - 7 AX,
and hence, by integration by parts and (6.61),

Z-1

/P_ dG+/G_ dP + [G, P]

/P_G_ dx + Z(P_AG —P_G_AX + G_ AP + AG AP)

/Z_dX+Z(AZ—Z_AX) = /Z_dX.

This proves that Z solves the SDE (6.59). Uniqueness of the solution follows from a general uniqueness
result for SDE with Lipschitz continuous coeflicients, cf. Section 2.4. |

Example (Geometric Lévy processes). Consider a Lévy martingale X, = [y N;(dy) where (N,) is a

Poisson point process on R with intensity measure v satisfying [(|y| A [y|?) v(dy) < o0, and N; = N, —1tv.
We derive an SDE for the semimartingale

Z; = exp(cX,+ ut), t>0,
where o~ and y are real constants. Since [X]¢ = 0, [td’s formula yields
Z -1 =o—/z_dx+y/z_ds+Zz_(ef’AX—1—crAx) (6.62)
©0.1] ©0.1] ©0.1]

=0 / Zs_ y N(ds dy) + u / Zs_ ds +/ Zs_(e‘Ty -1- a'y) N(ds dy).
(0,£]xXR. (0,1] O1h&

If [ €>7Y y(dy) < oo then (6.62) leads to the semimartingale decomposition

dZ, = Z_dM® +aZ_dt,  Zy=1, (6.63)
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6. Stochastic calculus for semimartingales with jumps

where
M7 = / (ea'y - 1) N, (dy)

is a square-integrable martingale, and
a = u+ /(e‘fy —1-o0y) v(dy).

In particular, we see that although (Z;) again solves an SDE driven by the compensated process (Ny),
this SDE can not be written as an SDE driven by the Lévy process (X;).

Change of measure for Poisson point processes

Let (N;);>0 be a Poisson point process on a o-finite measure space (S, S, v) that is defined and adapted on
a filtered probability space (2, A, Q,(7;)). Suppose that (w,t,y) +— H;(y)(w) is a predictable process in

£1200(Q ® A ® v). Our goal is to change the underlying measure Q to a new measure P such that w.r.t. P,

(Ny)s >0 is a point process with intensity of points in the infinitesimal time interval [¢,¢ + dt] given by

(I + H(y)) dt v(dy).

Note that in general, this intensity may depend on w in a predictable way. Therefore, under the new
probability measure P, the process (V) is not necessarily a Poisson point process. We define a local
exponential martingale by

Z, = &  where L, = (H.N),. (6.64)

Lemma 6.35. Suppose that inf H > —1, and let G :=log (1 + H). Then fort > 0,

e = op([  GOIN@ - [ ()-GO ds i)
0,7]xS

(0,£]xS
Proof. The assumption inf H > —1 implies inf AL > —1. Since, moreover, [L]¢ = 0, we obtain

gt = T+ AL)e™E
exp (L + Z(log(l +AL) - AL))

exp (G.]V + /(G - H)ds v(dy)).

Here we have used that
Yftos(t +AL)=aL) = [ (log 1+ () - Hi(3) N(ds dy)

holds, since | log(1 + Hy(y)) — Hy(y)| < const. |H,(y)|? is integrable on finite time intervals. |
The exponential Z, = EL is a strictly positive local martingale w.r.t. O, and hence a supermartingale. As
usual, we fix #y € R, and we assume:

Assumption. (Z;); <, is a martingale w.r.t. Q,i.e. Eg[Z;] = 1.

Then there is a probability measure P on ¥, such that

dP

dols
In the deterministic case H;(y)(w) = h(y), we can prove that w.r.t. P, (N;) is a Poisson point process with
changed intensity measure

= 7 forany f < 1g.

u(dy) = (1+h(y)) v(dy):
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Theorem 6.36 (Change of measure for Poisson point processes). Let (N;, Q) be a Poisson point process
with intensity measure v, and let g := log (1 + &) where h € £?(v) satisfies inf 4 > —1. Suppose that the
exponential

z. = &YW - exp (ﬁt(g)+t / ) dv) (6.65)

is a martingale w.r.t. Q, and assume that P < Q on #; with relative density j—g ;- Z; forany t > 0.
t

Then the process (N;, P) is a Poisson point process with intensity measure

du = (1+h)adv.

Proof. By the Lévy characterization for Poisson point processes it suffices to show that the process
M = e ). w) = [ (=) a

is a local martingale w.r.t. P for any elementary function f € £'(S,S,v). Furthermore, M/1 is a local
martingale w.r.t. P if and only if Mf1Z is a local martingale w.r.t. Q. The local martingale property for
(M¥1Z,Q) can be verified by a computation based on Ito’s formula. |

Remark (Extension to general measure transformations). The approach in Theorem 6.36 can be ex-
tended to the case where the function A(y) is replaced by a general predictable process H;(y)(w). In
that case, one verifies similarly that under a new measure P with local densities given by (6.64), the process

MY = exp (iN,(f)+ / (1 - 01+ Hy(y)) dy)

is a local martingale for any elementary function f € £!(v). This property can be used as a definition of a
point process with predictable intensity (1 + H;(y)) dt v(dy).

Change of measure for Lévy processes

Since Lévy processes can be constructed from Poisson point processes, a change of measure for Poisson
point processes induces a corresponding transformation for Lévy processes. Suppose that v is a o-finite
measure on R? \ {0} such that

/ Iyl AP v(dy) < o, and let

u(dy) = (1+h()) v(dy).

Recall that if (N;, Q) is a Poisson point process with intensity measure v, then

Xz = /yﬁt(dy), [\7; = Nt—tv,

is a Lévy martingale with Lévy measure v w.r.t. Q.
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6. Stochastic calculus for semimartingales with jumps

Corollary 6.37 (Girsanov transformation for Lévy processes). Suppose that 4 € £%(v) satisfies inf 1 >
—land suph < oo. If P < Q on ¥; with relative density Z, for any ¢t > 0, where Z, is given by (6.65),
then the process

Xt = /yﬁt (dy), N; = Nl‘ - tﬂ,

is a Lévy martingale with Lévy measure v w.r.t. P, and

X =X +1 / 5 ) e

Notice that the effect of the measure transformation consists of both the addition of a drift and a change of
the intensity measure of the Lévy martingale. This is different to the case of Brownian motion where only a
drift is added.

Example (Change of measure for compound Poisson processes). Suppose that (X, Q) is a compound
Poisson process with finite jump intensity measure v, and let

NE= ) hAX,)
§<t

with & as above. Then (X, P) is a compound Poisson process with jump intensity measure du = (1+h) dv

provided
dp N ifhd
— = & = VY| (1 + h(AXS)).
e y

Lévy’s characterization for Brownian motion has an extension to Lévy processes, too:

Theorem 6.38 (Lévy characterization of Lévy processes). Let a € R4 b € R, and let v be a o-finite
measure on R¢ \ {0} satisfying Uyl A ly1?) v(dy) < oo. If X1,.. X4 1 Q — R are cadlag stochastic
processes such that

(i) MF:=Xx¥-b*t isalocal (F;) martingale for any k € {1,...,d},
(i) [XK,X'¢=akt foranyk,l€{l,...,d}, and

(i) E| Xseer. IB(AXS) 7‘7] =v(B)-(t—r) almost surely
for any 0 < r < t and for any B € B(R4 \ {0}),

then X; = (X/,.. .,Xtd) is a Lévy process with characteristic exponent
1 .
v(p) = Ep-ap—ip-b+/(1—e’p'y+ip-y) v(dy). (6.66)

For proving the theorem, we assume without proof that a local martingale is a semimartingale even if
it is not strict, and that the stochastic integral of a bounded adapted left-continuous integrand w.r.t. a local
martingale is again a local martingale, cf. [35].

Proof (Proof of Theorem 6.38). We first remark that (iii) implies

7] - E[/rt/Gs'f(y)V(dy)ds

E[ > G.- f(8X,) 7—;], as. for 0<r<t (6.67)

se(r,t]
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for any bounded left-continuous adapted process G, and for any measurable function f : R \ {0} — C
satisfying | f(y)| < const. - (|y| A|y|?). This can be verified by first considering elementary functions of type
FO) = S i Ip,(y) and Gy(@) = 3 Ai(@) Ly ,,1() ith ¢; € R, By € BRI\ {0)),0 < fg <1y < -+ <,
and A; bounded and ¥, -measurable.

Now fix p € R4, and consider the semimartingale

Z; = exp(ip-Xi+ty(p) = explip- M, +t(y(p)+ip-b)).

Noting that [Mk,Ml]f = [Xk,Xl]f = a*t by (ii), Itd’s formula yields
t t 1
_ _ o1 ki
Z, =1 +/ Z_ip-dM +/ Z_(W(p)+ip-b Zpkpla ) dt (6.68)
0 0 245

+y 7 (e"P‘AX 1—ip- AX).
(071

By (6.67) and since |¢PY — 1 —ip - y| < const. - (|y| A |y|?), the series on the right hand side of (6.68) can
be decomposed into a martingale and the finite variation process

t
A = / / Zy_ (€77 — 1 =ip-y) W(dy) ds
0

Therefore, by (6.68) and (6.66), (Z;) is a martingale for any p € R?. The assertion now follows by Lemma
1.3. |

An interesting consequence of Theorem 6.38 is that a Brownian motion B and a Lévy process without
diffusion part w.r.t. the same filtration are always independent, because [B*, X*] = 0 for any &, I.

Exercise (Independence of Brownian motion and Lévy processes). Suppose that B, : Q — R? and
X, : Q — R4 are a Brownian motion and a Lévy process with characteristic exponent yx(p) =
—ip-b+ [(1 —€PY +ip-y) v(dy) defined on the same filtered probability space (Q, A, P,(77)).
Assuming that [(]y| A [y|?) v(dy) < oo, prove that (B, X;) is a Lévy process on R¥*¢" with characteristic
exponent

1 ,
v(pa) = 5lpka+ux(@.  peR? geR’.

Hence conclude that B and X are independent.

Change of measure for general semimartingales

We conclude this section with a general change of measure theorem for possibly discontinuous semimartin-
gales:

Theorem 6.39 (P.A. Meyer). Suppose that the probability measures P and Q are equivalent on 7; for any
t > 0 with relative density %L = Z;. If M is alocal martingale w.r.t. Q then M — [ % d|[Z,M] is a local

martingale w.r.t. P.

The theorem shows that w.r.t. P, (M;) is again a semimartingale, and it yields an explicit semimartingale
decomposition for (M, P). For the proof we recall that (Z;) is a local martingale w.r.t. Q and (1/Z;) is a local
martingale w.r.t. P.
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6. Stochastic calculus for semimartingales with jumps

Proof. The process ZM — [Z, M] is a local martingale w.r.t. 0. Hence by [Introduction], Lemma ??, the
process M — %[Z, M] is alocal martingale w.r.t. P. It remains to show that %[Z, M] differs from [ % dlZ,M]
by a local P-martingale. This is a consequence of the Itd product rule: Indeed,

1 1 1 1
—[z,M] = /[Z,M]_ dz+/—d[Z,M]+ [z,[Z,M]].

z A
The first term on the right-hand side is a local Q-martingale, since 1/Z is a Q-martingale. The remaining
two terms add up to [ % d[Z, M], because

[l,[z,M]] = ZA%A[Z,M]. -

V4
Remark. Note that the process [ % d[Z,M] is not predictable in general. For a predictable counterpart to
Theorem 6.39 cf. e.g. [35].

6.6. General predictable integrands

So far, we have considered stochastic integrals w.r.t. general semimartingales only for integrands that are
left limits of adapted cadlag processes. This is indeed sufficient for many applications. For some results
including in particular convergence theorems for stochastic integrals, martingale representation theorems
and the existence of local time, stochastic integrals with more general integrands are important. In this
section, we sketch the definition of stochastic integrals w.r.t. not necessarily continuous semimartingales for
general predictable integrands. For details of the proofs, we refer to Chapter IV in Protter’s book [35].

Throughout this section, we fix a filtered probability space (Q, A, P,(7;)). Recall that the predictable
o-algebra £ on Q X (0, ) is generated by all sets A X (s,¢] with A € 5 and 0 < s < ¢, or, equivalently, by
all left-continuous (#;) adapted processes (w,?) — G;(w). We denote by & the vector space consisting of
all elementary predictable processes G of the form

n—1

Giw) = Z Zi(w)l(ti,tm](t)
i=0

withn e N0 <1 <t <--- <ty and Z; : Q — R bounded and ¥;,-measurable. For G € & and a
semimartingale X € S, the stochastic integral G,X defined by

n—

; 1
(GeX)y = / G, dX, = Z Zi (Xioint = Xiint)
0 i=0

is again a semimartingale. Clearly, if A is a finite variation process then G,.A has finite variation as well.

Now suppose that M € M?2(0,0) is a square-integrable martingale. Then GoM € M3(0,0), and the Itd

isometry
[e's) 2
2 —
||G'M||M2(o,oo) = El(/o GdM)
= E[ / sz[M]} = / G* dPpu (6.69)
0 QxR
holds, where
Py(dwdt) = P(dw) [M](w)(dt)
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is the Doléans measure of the martingale M on QxR ,. The It6 isometry has been derived in a more general
form in Corollary 6.29, but for elementary processes it can easily be verified directly (Excercise!).

In many textbooks, the angle bracket process (M) is used instead of [M] to define stochastic integrals. The
next remark shows that this is equivalent for predictable integrands:

Remark ([M] vs. (M)). LetM € MCZI(O, o). If the angle-bracket process (M) exists then the measures
Piary and Py coincide on predictable sets. Indeed, if C = A X (s,t] with A € F;and 0 < s < ¢ then

Piy(C) = E[M] - [M]s; Al = E[E[M]; - [M]|F]: Al
E[E[(M); — (M)s|Fs]: Al = Puy(C).

Since the collection of these sets C is an N-stable generator for the predictable o-algebra, the measures Py
and Py coincide on P.

Example (Doléans measures of Lévy martingales). If M, = X, — E[X,] with a square integrable Lévy
process X; : Q — R then

Py = Pwmy = ¥"(0)P®2Apw on predictable sets,

where ¢ is the characteristic exponent of X and A(g,..) denotes Lebesgue measure on R,. Hence on
predictable sets, the Doléans measure of a general Lévy martingale coincides with the one for Brownian
motion up to a multiplicative constant.

Definition of stochastic integrals w.r.t. semimartingales

We denote by H? the vector space of all semimartingales vanishing at 0 of the form X = M + A with
M e MCZI(O, o) and A € FV predictable with total variation VD(O1 )(A) = fooo |dA| € L*(P). In order to define
a norm on the space H?, we assume without proof the following result, cf. e.g. Chapter III in Protter [35]:

Fact. Any predictable local martingale with finite variation paths is almost surely constant.

The result implies that the Doob-Meyer semimartingale decomposition
X = M+A (6.70)

is unique if we assume that M is local martingale and A is a predictable finite variation process vanishing at
0. Therefore, we obtain a well-defined norm on H? by setting
s ([ 1)
0

Note that the M? norm is the restriction of the %2 norm to the subspace M2(0,00) C H?>. As a consequence
of (6.69), we obtain:

2

1
X112, = M2, +IIVY@IE, = E
H2

Corollary 6.40 (Ité isometry for semimartingales). Let X € H? with semimartingale decomposition as
above. Then
[IGX|lee = |IGllx forany G € & where

o 2
2 _ 2
||G||X o ||G||L2(P[M|) + ||/0v |G| |dA| Lz(P)'

Hence the stochastic integral J : & — H>, Ix(G) = G.X, has a unique isometric extension to the closure
—X
& of & w.r.t. the norm || - ||x in the space of all predictable processes in LZ(P[ M))-

A. Eberle Stochastic Analysis (v. November 1, 2019) 141



6. Stochastic calculus for semimartingales with jumps

Proof. The semimartingale decomposition X = M + A implies a corresponding decomposition G¢X =
G.M + G,A for the stochastic integrals. One can verify that for G € &, GoM is in MLZI(O, o) and G,A is a
predictable finite variation process. Therefore, and by (6.69),

2
2 _ 2 (1) 2 _ 2
1GX1Be = 1G-MIE + IV GANEs = 161z, +]| [ 161141, , .
=X

The Itd isometry yields a definition of the stochastic integral G¢X for G € & . For G = H_ with H cadlag
and adapted, this definition is consistent with the definition given above since, by Corollary 6.29, the 1t6
isometry also holds for the integrals defined above, and the isometric extension is unique. The class gx of
admissible integrands is already quite large:

Lemma 6.41. EX contains all predictable processes G with ||G||x < oo.

Proof. We only mention the main steps of the proof, cf. [35] for details:

1) The approximation of bounded left-continuous processes by elementary predictable processes w.r.t. ||-||x
is straightforward by dominated convergence.

2) The approximability of bounded predictable processes by bounded left-continuous processes w.r.t. || - ||x
can be shown via the Monotone Class Theorem.

3) For unbounded predictable G with ||G|[x < oo, the processes G" := G - I{G<n}, n € N, are predictable
and bounded with ||G" - G||x — 0. |

Localization

Having defined G.X for X € H? and predictable integrands G with ||G||x < oo, the next step is again a
localization. This localization is slightly different than before, because there might be unbounded jumps at
the localizing stopping times. To overcome this difficulty, the process is stopped just before the stopping time
T, i.e., at T—. However, stopping at 7_ destroys the martingale property if T is not a predictable stopping
time. Therefore, it is essential that we localize semimartingales instead of martingales!

For a semimartingale X and a stopping time 7 we define the stopped process X’ ~ by

X; for t <T,
X'~ = Xr- for t>T >0,
0 for T =0.

The definition for 7 = 0 is of course rather arbitrary. It will not be relevant below, since we are considering
sequences (T},) of stopping times with T,, T co almost surely. We state the following result from Chapter IV
in [35] without proof.

Fact. If X is a semimartingale with Xy = 0 then there exists an increasing sequence (T,,) of stopping times
with sup T, = oo such that X'~ € H? for any n € N.

Now we are ready to state the definition of stochastic integrals for general predictable integrands w.r.t. general
semimartingales X. By setting G¢X = G.(X — Xj) we may assume Xy = 0.

Definition 6.42. Let X be a semimartingale with Xy = 0. A predictable process G is called integrable
w.r.t. X iff there exists an increasing sequence (7;,) of stopping times such that sup 7;, = o a.s., and for any
neN, X~ e H? and ||G||x7n- < co.

If G is integrable w.r.t. X then the stochastic integral G, X is defined by

t t
(G.X): = / G, dXy = / Gy dXI"~  forany t € [0,T,), neN.
0 0
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Of course, one has to verify that G, X is well-defined. This requires in particular a locality property for
the stochastic integrals that are used in the localization. We do not carry out the details here, but refer once
more to Chapter IV in [35].

Exercise (Sufficient conditions for integrability of predictable processes).

1) Prove that if G is predictable and locally bounded in the sense that G™ is bounded for a sequence
(T,,) of stopping times with T}, T co, then G is integrable w.r.t. any semimartingale X € S.

2) Suppose that X = M + A is a continuous semimartingale with M € Mloc and A € FV.. Prove that
G is integrable w.r.t. X if G is predictable and

t t
/G§ d[M]S+/ |Gs| |dAs] < o as. forany 7> 0.
0 0

Properties of the stochastic integral

Most of the properties of stochastic integrals can be extended easily to general predictable integrands by
approximation with elementary processes and localization. The proof of Property (2) below, however, is not
trivial. We refer to Chapter IV in [35] for detailed proofs of the following basic properties:

(1) The map (G,X) — G,X is bilinear.
(2) A(G.X) = GAX almost surely.

3) (GX)T = (G Io1))eX = G.XT.
(4) (G.X)"™ =G.XxT".

(5) Go(GoX) = (GG)uX.

In all statements, X is a semimartingale, G is a process that is integrable w.r.t. X, T is a stopping time,

and G is a process such that GG is also integrable w.r.t. X. We state the formula for the covariation of
stochastic integrals separately below, because its proof is based on the Kunita-Watanabe inequality, which is
of independent interest.

Exercise (Kunita-Watanabe inequality). Let X,Y € S, and let G, H be measurable processes defined
on Q X (0,00) (predictability is not required). Prove that for any a € [0,00] and p,q € [1,00] with
+ — = 1, the following inequalities hold:

/Oa IGI|H| |d[X,Y]| < (/Oa G d[x])]/2 (/Oa H d[Y])]/Z, 6.71)

E[/()a|G||H| Xyl < H(/Oac%z[)(])l/2 \(/Oasz[Y])l/zHLq. 6.72)

Hint: First consider elementary processes G, H.

1
q

=

Lp

Theorem 6.43 (Covariation of stochastic integrals). For any X,Y € S and any predictable process G
that is integrable w.r.t. X,

[/GdX,Y] = /Gd[X,Y] almost surely. (6.73)

Remark. If X and Y are local martingales, and the angle-bracket process (X,Y) exists, then also

</G dX,Y> = /G d{X,Y) almost surely.
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Proof (Proof of Theorem 6.43.). We only sketch the main steps briefly, cf. [35] for details. Firstly, one
verifies directly that (6.73) holds for X,Y € H? and G € &. Secondly, for X,Y € H? and a predictable
process G with ||G||x < oo there exists a sequence (G") of elementary predictable processes such that
[|G" - Gl|x — 0, and

[/G" dX,Y] = /G" d[X,Y] for any n € N.

Asn— oo, [G"dX — [GdX inH 2 by the Itd isometry for semimartingales, and hence

[ / G" dX,Y] s [ / GdX,Y] w.cp.

by Corollary 6.21. Moreover,

/G” d[X,Y] — /Gd[X,Y] u.c.p.

by the Kunita-Watanabe inequality. Hence (6.73) holds for G as well. Finally, by localization, the identity
can be extended to general semimartingales X,Y and integrands G that are integrable w.r.t. X. |

An important motivation for the extension of stochastic integrals to general predictable integrands is the
validity of a Dominated Convergence Theorem:

Theorem 6.44 (Dominated Convergence Theorem for stochastic integrals). Suppose that X is a semi-
martingale with decomposition X = M + A as above, and let G", n € N, and G be predictable processes.
If

Gl(w) — Giw) for any r > 0, almost surely,

and if there exists a process H that is integrable w.r.t. X such that |G"| < H for any n € N, then
G"X — GJX u.c.p. as n — oo.
If, in addition to the assumptions above, X is in 4{? and ||H||x < oo then even

|G X - GX|lgp — O as n — oo,

Proof. We may assume G = 0, otherwise we consider G — G instead of G". Now suppose first that X is in
H? and ||H||x < oo. Then

(59 oo 2
6" = £[ [ ierPamn( [ ietiaal)] — o
0 0
as n — oo by the Dominated Convergence Theorem for Lebesgue integrals. Hence by the It6 isometry,
G'X — 0 in H?> asn — co.

The general case can now be reduced to this case by localization, where H? convergence is replaced by the
weaker ucp-convergence. |

We finally remark that basic properties of stochastic integrals carry over to integrals with respect to
compensated Poisson point processes. We refer to the monographs by D.Applebaum [4] for basics, and to
Jacod & Shiryaev [23] for a detailed study. We only state the following extension of the associative law,
which has already been used in the last section:
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6.6. General predictable integrands

Exercise (Integration w.r.t. stochastic integrals based on compensated PPP). Suppose that H : Q X
R; X § — R is predictable and square-integrable w.r.t. P® 1 ® v, and G : Q X R, — R is a bounded
predictable process. Show that if

X = / H,y(y) N(ds dy)
0,7]xS

then .
/Gs X, = / G, Hy(y) N(ds dy).
0 0,7]xS

Hint: Approximate G by elementary processes.
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7. Malliavin calculus

This chapter contains a first introduction to basic concepts and results of Malliavin calculus. For a more
thorough introduction to Malliavin calculus we refer to [34], [33], [40], [22], [31] and [8].

Let u denote Wiener measure on the Borel o-algebra B(Q) over the Banach space Q = Cy([0,1],R%)
endowed with the supremum norm ||w|| = sup{|w(?)| : t € [0, 1]}, and consider an SDE of type

dXt = b(X[) dt + (T(X[) th, X() = X, (71)

driven by the canonical Brownian motion W;(w) = «w(¢). In this chapter, we will be interested in dependence
of strong solutions on the initial condition and other parameters. The existence and uniqueness of strong
solutions and of continuous stochastic flows has already been studied in Sections 2.4 and 3.4. In Section 4.1,
we have proven differentiability of the solution w.r.t. variations of the initial condition and the coefficients.
Our next goal will be to establish relations between different types of variations of (7.1):

* Variations of the initial condition: x — x(&)

* Variations of the coefficients: b(x) — b(g,x), o(x) —> o(g,x)

* Variations of the driving paths: W; — W; + ¢H,;, (H;) adapted

* Variations of the underlying probability measure: y — u®=272%-pu

Section 7.1 introduces the Malliavin gradient which is a derivative of a function on Wiener space (e.g.
the solution of an SDE) w.r.t. variations of the Brownian path. Bismut’s integration by parts formula is
an infinitesimal version of the Girsanov Theorem, which relates these variations to variations of Wiener
measure. After a digression to representation theorems in Section 7.2, Section 7.3 discusses Malliavin
derivatives of solutions of SDE and their connection to variations of the initial condition and the coeflicients.
As a consequence, we obtain first stability results for SDE from the Bismut integration by parts formula.
Finally, Section 7.4 sketches briefly how Malliavin calculus can be applied to prove existence and smoothness
of densities of solutions of SDE. This should give a first impression of a powerful technique that eventually
leads to impressive results such as Malliavin’s stochastic proof of Hormander’s theorem, cf. [19], [33].

7.1. Malliavin gradient and Bismut integration by parts formula

Let W;(w) = w; denote the canonical Brownian motion on Q = Cy([0, 1], R?) endowed with Wiener measure.
In the sequel, we denote Wiener measure by P, expectation values w.r.t. Wiener measure by E[ - |, and the
supremum norm by || - [|.

Definition 7.1. Let w € Q. A function F : Q — R is called Fréchet differentiable at w iff there exists a
continuous linear functional d, F : Q — R such that

[|F(w+ h) — F(w) = (du,F)h)|| = olh]]) forany h e Q.
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7. Malliavin calculus

If a function F is Fréchet differentiable at w then the directional derivatives

a_F(w) ~  lim F(w+ ¢eh) - F(w)
oh - &e—0 Fo

= (duF)(h)

exist for all directions & € Q. For applications in stochastic analysis, Fréchet differentiability is often too
restrictive, because Q contains “too many directions”. Indeed, solutions of SDE are typically not Fréchet
differentiable as the following example indicates:

Example. Let F = [} W' dW? where W, = (W}, W?) is a two dimensional Brownian motion. A formal
computation of the derivative of F in a direction i = (h!, h?) € Q yields

OF 1 1
= = /O h! dW? + /0 w! dn?.
Clearly, this expression is NOT CONTINUOUS in A w.r.t. the supremum norm.

A more suitable space of directions for computing derivatives of stochastic integrals is the Cameron-Martin
space
Hem = {h - [0,1] = R? - hy =0, habs. contin. with &’ € L2([0, 1],Rd)]}.

Recall that Hcpy is a Hilbert space with inner product

1
(e = /h;-g;dr, hg € Hear.
0

The map & +— h’ is an isometry from H¢ s onto LZ([O, 1], R4 ). Moreover, Hcpy is continuously embedded
into Q, since

1
Il = sup [h] < /|h;|dr < (i)'
1€[0,1] 0

for any i € Hcpy by the Cauchy Schwarz inequality.

As we will consider variations and directional derivatives in directions in Hcyy, it is convenient to
think of the Cameron-Martin space as a tangent space to Q at a given path w € Q. We will now define
a gradient corresponding to the Cameron-Martin inner product in two steps: at first for smooth func-
tions F : Q — R, and then for functions that are only weakly differentiable in a sense to be specified.

h

Gradient and integration by parts for smooth functions

Let Cé(Q) denote the linear space consisting of all functions F : Q — R that are everywhere Fréchet
differentiable with continuous bounded derivative dF : Q — Q’, w — d,F. Here Q' denotes the space of
continuous linear functionals / : 2 — R endowed with the dual norm of the supremum norm, i.e.,

llllor = sup{l(h) : heQ with ||A]|| < 1}.
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7.1. Malliavin gradient and Bismut integration by parts formula

Definition 7.2 (Malliavin Gradient I). Let F € C ; (R) and w € Q.

1) The H-gradient (D F)(w) is the unique element in Hcy, satisfying

(D F)w),h), = Z_I;(“’) = (duF)(h)  forany h € Hcy. (7.2)

2) The Malliavin gradient (DF)(w) is the function ¢ — (D, F)(w) in L*([0, 1], R9) defined by

(D F)(w) = %(DHF)(a))(t) fora.e. € [0,1]. (7.3)

In other words, DY F is the usual gradient of F w.r.t. the Cameron-Martin inner product, and (DF)(w) is
the element in L? ([0, 1], R4 ) identified with (DH F)(w) by the canonical isometry i + h’ between Hcpy and
L*([0,1],R?). In particular, for any h € Hcp and w € Q,

LW o= hOTP@), = DR

1
/ h! - (D,F)(w) dt, (7.4)
0

and this identity characterizes DF completely. The examples given below should help to clarify the
definitions.

Remark.

1) The existence of the H-gradient is guaranteed by the Riesz Representation Theorem. Indeed, for w € Q
and F € C})(Q), the Fréchet differential d,, F is a continuous linear functional on Q. Since Hcyy is
continuously embedded into €, the restriction to Hcpy is a continuous linear functional on Heps w.r.t.
the H-norm. Hence there exists a unique element (D F)(w) in Hcpy such that (7.2) holds.

2) By definition of the Malliavin gradient,

1
ID"F@)IE = /0|DtF<w)|2dr.

3) Informally, one may think of D, F as a directional derivative of F in direction I 1}, because
d u : H
“D;F = ED F@) = /0 (D™F) I(x,1] = O, F "

Of course, this is a purely heuristic representation, since I 1] is not even continuous.
Example (Linear functions on Wiener space).

1) Brownian motion: Consider the function F(w) = Wi(w) = o', where s € (0,1] andi € {1,...,d}.
Clearly, F is in C;(Q) and

0 i d (i i i b
ﬁvvs = %(WY + Shs)|g=0 = hs = /0 ht € I(O,S)(t) dt
for any h € Hcpy. Therefore, by the characterization in (7.4), the Malliavin gradient of F is given
by
(DW)(w) = e Loyt forevery w € Q andae. t € (0,1).
Since the function F' : Q — R is linear, the gradient is deterministic. The H-gradient is obtained by
integrating DW!:
t t
pDEwi = / D,Widr = / eilosy = (sAt)e.
0 0
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2) Wiener integrals: More generally, let

1
F = / 8s ° dW\
0

where g : [0,1] — R? is a C! function. Integration by parts shows that
1
F = g-W —/ gr Wy ds almost surely. (7.5)
0

The function on the right hand side of (7.5) is defined for every w, and it is Fréchet differentiable.
Taking this expression as a pointwise definition for the stochastic integral F, we obtain

oF t ! ,
3 = gl-hl—/ogs-hsds = /ng-hsds

for any & € Hcypy. Therefore, by (7.4),

t
D, F = g and DFF = /gsds.
0

Theorem 7.3 (Integration by parts, Bismut). Let F € C}(Q)and G € L2(Qx[0,1] — R¢,P®1). Then

E[/O]D,F~G,dt] = E[F/O]G,-dW,]. (7.6)

To recognize (7.6) as an integration by parts identity on Wiener space let H, = fot Gds. Then
1
/ D.F-G,dt = (D"F,H), = oduF.
0

Replacing F in (7.6) by F - F with F,F € C ]1 (Q2), we obtain the equivalent identity

1
E[FoyF] = —E[aHFF]+E[FF / Gt-th] 1.7)
0

by the product rule for the directional derivative.

Proof (Proof of Theorem 7.3). The formula (7.7) is an infinitesimal version of Girsanov’s Theorem. In-
deed, suppose first that G is bounded. Then, by Novikov’s criterion,

t gl t
ze = exp(s/ GS-dWS——/ |GS|2ds)
0 2 Jo

is a martingale for any & € R. Hence for H; = [; G, ds,
E[FW +¢eH)] = E[FW)Z]].
The equation (7.7) now follows formally by taking the derivative w.r.t. € at € = 0. Rigorously, we have

p[FWV + eH) - F(W)
E

- 1] (1.8)

| - el
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As & — 0, the right hand side in (7.8) converges to E [F(W) fot G- dW], since

1 1 1
—(ZF-1) = /ZSG-dW — /G-dW in L>(P).
2 0 0

Similarly, by the Dominated Convergence Theorem, the left hand side in (7.8) converges to the left hand side
in (7.7):

EE(F(W+3H)—F(W))] - E[ /0 C (O F)W + sH) ds] s E[(0yF)W)]

as € — Osince F € Cli (). We have shown that (7.7) holds for bounded adapted G. Moreover, the identity
extends to any G € L2(P ® 1) because both sides of (7.7) are continuous in G w.r.t. the L?>(P ® 1) norm. H

Remark. Adaptedness of G is essential for the validity of the integration by parts identity.

Skorokhod integral

The Bismut integration by parts formula shows that the adjoint of the Malliavin gradient coincides with the
1t6 integral on adapted processes. Indeed, the Malliavin gradient

D:ClQ) c LX(QA,P) — L*(Qx[0,1] > R, A B,P® 1),
F — (D:F)o<i <1,

is a densely defined linear operator from the Hilbert space L?(Q, A, P) to the Hilbert space L>(Q x [0,1] —
R AR B,P®A). Let

5 : DomDom(8) € L*(Qx[0,1] D R4LEARB,P®A) — LYQ,A,P)

denote the adjoint operator (i.e., the divergence operator corresponding to the Malliavin gradient). By (7.7),
any adapted process G € L2(Q x [0,1] € RY, A ® B, P ® A) is contained in the domain of §, and

1
oG = / G; - dW, forany G € £fl.
0

Hence the divergence operator ¢ defines an extension of the It6 integral G — fol G, - dW; to not necessarily
adapted square integrable processes G : Q x [0, 1] — R?. This extension is called the Skorokhod integral .

Exercise (Product rule for divergence). Suppose that (G;);[o,1] is adapted and bounded, and F €
CIL(Q). Prove that the process (F - G;);¢[o,1] is contained in the domain of &, and

1
S(FG) = F&§(G)- / D.F -G, dt.
0

Definition of Malliavin gradient Il

So far we have defined the Malliavin gradient only for continuously Fréchet differentiable functions F on
Wiener space. We will now extend the definition to the Sobolev spaces D7, 1 < p < oo, that are defined as
closures of C ;(Q) in LP(Q, A, P) w.r.t. the norm

1/
IIFlli, = E[IFIP+|ID"FI%]"".

In particular, we will be interested in the case p = 2 where

1
IFIE, = E[F2+/O |D,F|2dz].
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Theorem 7.4 (Closure of the Malliavin gradient).

1) There exists a unique extension of D! to a continuous linear operator

p¥. p'» — LPQ-HP)

2) The Bismut integration by parts formula holds for any F € D'-2.

Proof (Proof for p = 2.). 1) Let F € D"? and let (F,), <y be a Cauchy sequence w.r.t. the (1,2) norm of
functions in C;(Q) converging to F in L?(€, P). We would like to define
D"F = lim D"F, (7.9)

n—oo

w.r.t. convergence in the Hilbert space L*(Q — H,P). The non-trivial fact to be shown is that D F is
well-defined by (7.9), i.e., independently of the approximating sequence. In functional analytic terms, this is
the closability of the operator DH.
To verify closability, we apply the integration by parts identity. Let (F,,) and (F ) be approximating sequences
as above, and let L = lim F,, and L = lim F,, in L2 (Q, P). We have to show L = L. To this end, it suffices to
show

(L-Lhyg = 0 almost surely for any s € H. (7.10)

Hence fix h € H, and let ¢ € Cg(Q). Then by (7.7),

E(L-Lhpu-¢] = lim E[0u(Fy = Fn)- 4]

lim {E[(Fn - Fu)¢ /0] W dW] - E[(Fn - fn)am]}

n—oo
= 0
since F,, — F, — 0in L2. As C}(Q) is dense in L*(Q, A, P) we see that (7.10) holds.

2) To extend the Bismut integration by parts formula to functions F € D'-? let (F,) be an approximating
sequence of Cll7 functions w.r.t. the (1,2) norm. Then for any process G € L2 and H, = fot G, ds, we have

1 1
E[/ D,F, -G, dt] - E[(D”F,,,H)H] - E[Fn/ G-dw].
0 0
Clearly, both sides are continuous in F;, w.r.t. the (1,2) norm, and hence the identity extends to F asn — co.ll

The next lemma is often useful to verify Malliavin differentiability:

Lemma 7.5. Let F € L>(Q, A, P), and let (F,),ex be a sequence of functions in D2 converging to F w.r.t.
the L* norm. If

sup E[[IDHF,||3] < o (7.11)
neN

then F is in D2, and there exists a subsequence (F,,);en of (Fy,) such that

k
Z w.r.t. the (1,2) norm. (7.12)
i=1

| =
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The functional analytic proof is based on the theorems of Banach-Alaoglu and Banach-Saks, cf. e.g. the
appendix in [29].

Proof. By (7.11), the sequence (DY F,),cn of gradients is bounded in L*(Q — H;P), which is a
Hilbert space. Therefore, by the Banach-Alaoglu theorem , there exists a weakly convergent subsequence
(D" Fy;)ien. Moreover, by the Banach-Saks Theorem, there exists a subsequence (DH Fy,)ien of the first
subsequence such that the averages % Zf.‘zl DY F,. are even strongly convergent in L?(Q — H; P). Hence
the corresponding averages 1 Y'+_, F,, converge in D'2. The limit is F since F,, — F in L* and the D2
norm is stronger than the L? norm. |

Product and chain rule

Lemma 7.5 can be used to extend the product and the chain rule to functions in D':2.

Theorem 7.6. 1) If F and G are bounded functions in D"? then the product FG is again in D!-2, and

D(FG) = FDG+GDF  as.

2) Letm € Nand F,.. . F™ e D'2. If ¢ : R™ — R is continuously differentiable with bounded
derivatives then ¢(FD, . .., F(™) is in D2, and

D ¢(FDY,.. . Fmy = —(FD,... ,F™)pFY.
= Oxi

Proof. We only prove the product rule, whereas the proof of the chain rule is left as an exercise. Suppose
that (F,,) and (G,,) are sequences of C Il) functions converging to F and G respectively in D2, If F and G
are bounded then one can show that the approximating sequences (F},) and (G) can be chosen uniformly
bounded. In particular, F,,G, — FG in L. By the product rule for the Fréchet differential,

D (F,G,) F,DHG, + G,D"F,  forany neN, and (7.13)
ID(F,Gu)llg < |Fal 1D Gl + |Gl |ID™ Fyl|ar-

Thus the sequence (D (F,G,,))nen is bounded in L>(Q — H; P). By Lemma 7.5, we conclude that FG is
in D2 and

k
1
H _ RTIE H
DH(FG) = L lim - ; D" (F,,G,)
for an appropriate subsequence. The product rule for G now follows by (7.13). |

7.2. Digression on Representation Theorems

We now prove basic representation theorems for functions and martingales on Wiener space. The Bismut
integration by parts identity can then be applied to obtain a more explicit form of the classical Itd Represen-
tation Theorem. Throughout this section, W;(w) = w; denotes the canonical Brownian motion on Wiener
space (Q, A, P), and

F o= o(Ws:sel0:])?, t >0,

is the completed filtration generated by (W;).
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It6’ s Representation Theorem

1td’s Representation Theorem states that functions on Wiener space that are measurable w.r.t. the Brownian
Sfiltration F; = ?}W’P can be represented as stochastic integrals:

Theorem 7.7 (Itd). For any function F € £2(Q, 77, P) there exists a unique process G € L2(0, 1) such that

1
F = E[F]+ / G, - dW; P-almost surely. (7.14)
0

An immediate consequence of Theorem 7.7 is a corresponding representation for martingales w.r.t. the
Brownian filtration F; = ?;W’P:

Corollary 7.8 (Itd representation for martingales). For any L’-bounded (¥;) martingale (M;)iepo,1
there exists a unique process G € L2(0, 1) such that

t
M, = M +/ Gy - dWy P-as. for any ¢ € [0, 1].
0

The corollary is of fundamental importance in financial mathematics where it is related to completeness
of financial markets. It also proves the remarkable fact that every martingale w.r.t. the Brownian filtration
has a continuous modification! Of course, this result can not be true w.r.t. a general filtration.

We first show that the corollary follows from Theorem 7.7, and then we prove the theorem:

Proof (Proof of Corollary 7.8.). If (M;);¢[o,1] is an L? bounded (7;) martingale then M; € L*(Q, 71, P),
and
M, = E[M|%] a.s. forany ¢ € [0,1].

Hence, by Theorem 7.7, there exists a unique process G € L2(0, 1) such that
1 1
M, = E[M1]+/ G-dW = M0+/ G-dw a.s.,
0 0

and thus

t
M, = E[M|F] = M0+/G-dW a.s. forany ¢ > 0. -
0

Proof (Proof of Theorem 7.7.). Uniqueness. Suppose that (7.14) holds for two processes G, Ge L2(0,1).

Then 1 1
/ G-dW = / G- dw,
0 0

1G-Gllpen = | [G-8)-aw

and hence, by Itd’s isometry,

L%(P)

Hence G, (w) = G, (w) for almost every (¢, w).
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7.2. Digression on Representation Theorems

Existence. We prove the existence of a representation as in (7.14) in several steps — starting with “simple”
functions F.
1. Suppose that F = exp(ip - (W; — W,)) for some p € R? and 0 < s < ¢ < 1. By It&’s formula,

. 1 . 1 ! . 1 .
explip o+ 31p) = explip Wi+ 51+ [ exp (ip W, + S1pPr)ip - aw,
S
Rearranging terms, we obtain an It6 representation for F* with a bounded adapted integrand G.

n

2. Now suppose that F = [] Fy where Fy = exp (ipx - (Wy, = W,,_,)) forsome n € N, py,...,p, € RY, and
k=1

0<t <t <--- <t, < 1. Denoting by G the bounded adapted process in the It6 representation for Fy,

we have
n

F = H(E[Fk]+/tk+le-dW).

k=1 Tk
We show that the right hand side can be written as the sum of []}_, E[Fi] and a stochastic integral w.r.t.
W. For this purpose, it suffices to verify that the product of two stochastic integrals X; = fot G - dW and
Y, = fot H - dW with bounded adapted processes G and H is the stochastic integral of a process in L2(0, 1)
provided fol G, - H; dt = 0. This holds true, since by the product rule,

1 1 1
XlYl = / Xth N th +/ }Ith . th +/ Gt . Ht dt,
0 0 0

and XH + Y G is square-integrable by It6’s isometry.
3. Clearly, an It6 representation also holds for any linear combination of functions as in Step 2.

4. To prove an It representation for arbitrary functions in £L2(Q, 71, P), we first note that the linear
combinations of the functions in Step 2 form a dense subspace of the Hilbert space LZ(Q, 1, P). Indeed, if
¢ is an element in L>(Q, 77, P) that is orthogonal to this subspace then

n
E|o[ ] explipe- Wy Wi )| = 0
k=1
foranyn € N, py,...,pn € Réand0<ftp<ty <---<t, <1 By Fourier inversion, this implies
El¢|oW, =W, ,:1<k<n] = 0 a.s.

foranyn e Nand0 <7y <--- <1, <1, and hence ¢ = 0 a.s. by the Martingale Convergence Theorem.
Now fix an arbitrary function F € L*(Q, 71, P). Then by Step 3, there exists a sequence (F,,) of functions in
L*(Q, 71, P) converging to F in L? that have a representation of the form

1
F, - E[F,] = /G(")'dW (7.15)
0

with processes G™ € L2(0,1). Asn — oo,
F,—-E[F,] — F-E[F] in L*P).

Hence, by (7.15) and It6’s isometry, (G™) is a Cauchy sequence in L?>(P ® A(0,1))- Denoting by G the limit
process, we obtain the representation

by taking the L? limit on both sides of (7.15). |
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7. Malliavin calculus

Clark-Ocone formula

If F is in D'2 then the process G in the Itd representation can be identified explicitly:

Theorem 7.9 (Clark-Ocone). For any F € D!-2,

where

Proof. It remains to identify the process G in the Itd representation. We assume w.l.0.g. that E[F] = 0. Let
H € LL([0,1],R9). Then by Itd’s isometry and the integration by parts identity,

1 1 1 1
E[/ Gt-H,dt] E[/ G-dW/HdW] - E[/ D,F - H, di
0 0 0 0

E[/Ol E[D,F|F]- H, dt]

for all Setting H, := G, — E[ D, F|¥;] we obtain

G/(w) = E[D/F|F])(w) P®A - ae. [ ]

7.3. First applications to stochastic differential equations

7.4. Existence and smoothness of densities
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