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Preface

These notes originate from the graduate course MAT7092 Stochastic Processes, taught
by Dr. Wangjun Yuan in the Fall semester of 2025 at the Southern University of Science
and Technology (SUSTech). Presented entirely on the blackboard with remarkable clarity
and depth, the course wove together rigorous theory and profound insight.

Coming from an undergraduate background in physics and without prior formal train-
ing in measure theory, I initially found its pace challenging. The elegant abstraction of
martingale, dynamic structure of Markov process, and rich behavior of Brownian motion
often seemed daunting amidst the swift flow of ideas. It was in striving to keep up, to
translate each lecture into something tangible and retainable, that this notebook began,
first as hurried annotations on an iPad, later as a structured and reflective compilation.

As the course unfolded, so did my appreciation. What once felt like a rapid succession
of definitions and theorems gradually revealed itself as a coherent and beautifully con-
structed edifice. It is designed for those who have encountered elementary stochastic
processes and now wish to delve deeper. This text is therefore more than a transcription.
It is a digested and reorganized account, meant to capture both the logical skeleton and
the intuitive spirit of the material.

In these pages, I have sought to preserve the lecture’s rigor while supplementing explana-
tions, examples, and occasional commentary that helped me cross conceptual bridges. If
this notebook offers others a clearer path through the same rewarding terrain, or simply
conveys something of the course’s intellectual elegance, it will have achieved its purpose.

To the fellow student who also once felt lost in the landscape of random evolution: may
you find here not only clarity, but also inspiration. The beauty of stochastic processes
lies not in their complexity alone, but in their power to model, to reveal, and to predict
the uncertain rhythms of the world.
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1 Conditional Expectation

Intuitively speaking, stochastic processes: A mathematical model for occurrence of
a random phenomenon at each moment after intial time. And if X = {X; : ¢t > 0} is
a stochastic process, then for every fixed ¢, X; is a random variables. The goal of this
subject is to study the relationship between X; and Xj.

Roughly speaking the course content is:

1. Tools: Conditional Expectation, Martingales, Markov Property.

2. Processes: Markov process, Brownian motions, Poisson process, Lévy process,
Brownian sheet.

1.1 Brief Probability Theory

Firstly, let’s state out some important probability theory concepts for further formalisa-
tion. In order to describe probability space, we need sample space and sample points:

Definition 1.1. Sample space denoted as €2, and sample points: w € €.
Then on this sample space, we will restrict to only study certain subsets:
Definition 1.2. Let F be a collection of subsets of €2, such that:

(a) Qe F.

(b VAe F — A€ F.

(c) VA e F = U2 A, € F.

, then F is called o-algebra on (2.

For better understanding, we provide some trivial examples:

Example 1.1. The most trivial one would be: F = {(,Q2}. And we also can add
in one element, then F = {0, 2, A, A°} is also a o-algebra.

After two major elements, we need to assign value, then comes with measure:

Definition 1.3. If a set function: P : F — [0, 1] satisfies:
(a) P(0)=0,P(Q2) =1.
(b) V disjoint A; € F, P (U2, Ai) =D ooy P(A)).

, then P is probability measure, and we further call (€2, F, P) a probability space.

Since measure taking on element in abstract space to [0, 1], and we are more into studying
real value, therefore we need a function to bring us back, there comes random variable:

Definition 1.4. A measurable function X : {2 — R is called a random variables.



Then the correspongding "measure” also need to be pushed forward:

Definition 1.5. Let X be a r.v. on (9, F,P), on (R,Borel o-algebra on R) =
(R, B(R)), we define set function: px : B(R) R([0,1]), such that:

px(B) = P(X~(B)) = P(X € B)

, then py is probability measure on (R, B(R)), called probability distribution of X.

Remark 1.1. Note that: px((—o0,al) = P(X € (—o00,a]) = P(X < a).

Once we have the distribution, we could study the relationship of r.v.s:

Definition 1.6. Let X,Y be two r.v.s on (Q,F,P). If ux = py on R then we
say X and Y are identically distributed.

Done with major definitions, we could delve into r.v’s properties, like expectation:

Definition 1.7. Let X be ar.v. on (2, F,P). The expectation of X is:

EX :/QX(w)P(dw

, if it is finite, otherwise it is undefined.

This is well defined, since generally, from probability theory class, you should know that,
we could seperate this into four progressive stages:

1. If X(w) = 14(w), A € F, then EX = E1, = P(A).

2. If X(w)=>"1" a;14,, 4 € F,a; € R, then EX =>"" a,P(4;).

3. If X(w) >0, take o, = > a;14,,5t.0< ¢ < X,p, T X, then, EX = lim,,_,o Ep,.

4. For general case, X (w) = XT(w)+ X~ (w), here X = max(X,0), X~ = min(X,0).
Remark 1.2. 1. Note here: Ef(X) = [, f( = Jp f(@)px(dz).

2. If X be ar.v. on (£, F,P) satisfies E|X\ < +oo then X is integrable. We write:
X € LY(Q, F,P). More generally, if p € R, X? € LY(Q, F,P), then X € L*(Q, F,P).

In order to further proceed, we need an important concepts, independence:

Definition 1.8. On (2, F,P), A; C F is a g-algebra for 1 <i < n. IfV 4, €
A i, € {1,--- ,n} it holds that:

P (hAik> - ﬁP(Aik)

, then we say A, --- , A, are independent.

After the definition of independence in o-algebra, we move to r.v.s:



Definition 1.9. Let {X; : 1 <i <n} be r.v.s If V Borel sets {B; : 1 < j < n}:

P(X1€By,--, X, €B,) =][P(Xi € By)

i=1

, then {X; : 1 <7 <n} are independent.

Remark 1.3. {X;:1<1i<n} are independent < o(X3),---,0(X,) are independent.

Lasly, we extend the standard definition into the quantity we are interested in:
Proposition 1.1. If X1,--- , X,, are independent r.v.s then:
EX: -- X, =EX; - -EX,
Proof. The proof is simple and we leave for reader to verify.

1.2 Conditional Expectation

Finally, we are about to study the main basic tool of this subjects:

Definition 1.10. On (2, F,P), X be ar.v., and A C F be a o-algebra, then a r.v.
Y is the conditional expectation of X relative to A, if Y satisfies:

(a) Y is measurable with respect to A.

(b) V A € A, the following integration holds:

/YdP:/XdP or EX1, =EY1y4
A A

Further more, using indicate function, we have conditional probability:

Definition 1.11. For B € F, we call P(B | A) = E[15 | A] the conditional proba-
bility of B relative to A.

After defining conditional expectation, reader may wonder the existence and uniqueness:
Remark 1.4. If X € LY(Q,F,P), the conditional expectation, E[X | A] exists and is

unique in the sense of a.s.

Proof. Consider the set function v on A satisfying v(A) = [, XdP,¥ A € A. Then
v is well-defined, finite-valued and countably additive. Thus, v is a (sign) measurable.
If P(A) = 0 then v(A) = 0, so v < P (absolutely continous). By Radon-Nikodym

Theorem. Y = v/dP exists and is unique except a P-null set.

The Radon-Nikodym Theorem is not the main focus, then we just ignore it, and to better

understand how the conditional expectation means, we consider:
Remark 1.5. By 1.10°(b), we could rewrite into:

‘V’AE.A,/(X—E[X|A])dP:Oa.s.
A

bt



Then we may plug into indicator function, V A; € A

/Q(X—E[X]A]) <§k:1Ai) dP = 0
=
Then by DCT, ¥ Z € A:
E{[X—E(X]A)]Z}—/Q[X—E(X]A)]ZdP—O
Thus, we have decomposition X = X, + X, with:
X =E[X|Al€A Xo=X —E[X|A LA

In particular, X; 1L Xo.

The above remark is to say our expectation is indeed the best ”guess” we can make under
the information we have, somewhat like a projection since perpendicular property.

Figure 1: Geometric Interpretation of Conditional Expectation

Then next, for r.v.s Xy, , X,, € LY, F,P), let o(X1,---,X,) be the o-algebra gen-
erated by Xi,---,X,, then we write:

E[X|X17"‘ aXn] ::E[X|J(X1,--- >Xn)]

Lastly, to conclude, we provide some properties of conditional expectations:

Proposition 1.2. Let a rv. X € LY(Q,F,P), and A € F be a o-algebra. If
X €A, then E[X | Al = X.

Proof. Clearly, by definition, for any A € A:
/XdP:/XdP — E[X | A =X
A A

And since X € A, then we completed the proof. n



Proposition 1.3. Let a r.v. X € LY(Q, F,P), and A € F be a o-algebra. If X is
independent of A, then E[X | A] = EX.

Proof. Just check definition, write: Y = E[X | A], then V A € A:
EY14 =EX14=EXE1l, =E[(EX)14]
As 0(EX) = {0,Q} € A, we have Y = EX by uniqueness.
Also more concrete properties with inequalities:
Proposition 1.4. Let a rv. X € LY(Q, F,P), and A € F be a o-algebra, then:
(a) E[X | F] = X.
(b) EIX | {0,Q}] =EX

(¢c) If X >0, a.s., then E[X | A] >0, a.s.

Proof. (a) Clearly, X € F, then by 1.2, E[X | F] = X.
(b) If X € {0),Q}, then X is constant, so it holds. Otherwise ,use independence.
(c) Let Y =E[X | A] € A, then set: G ={Y < 0}, and by definition:
EY1ls; =EX15>0

If A(G) # 0, then this is a contradiction.
Then we completed the proof.

Corollary 1.5. If X, Y be two r.v.s, and X >Y, a.s., then E[X | A] > E[Y | A]

Proof. This is simply an application of 1.4’s(c).

Followings are more advanced tools we are going to use:

Proposition 1.6. For r.v.s X,Y € LY(Q, F,P), A C F is a c-algebra, then:
(a) Linearity: «E[X | A|+ BE[Y | A] = E[aX + Y | A].
(b) Jensen’s Inequality: for convex integrable function :
(E[X|A) <Elp(X)|A] as.

(¢) Holder’s Inequality: for 1 < p,q < 400 with ]lp + é =1:

E[XY | Al <E[XY|| A < (E[XP|ADY? + (E[X]] AN as.

Proof. The proof is left as homework.



Proposition 1.7. For r.v.s X, Y on (2, F,P), A C F is a o-algebra, if X, XY €
LY(Q,F,P) and Y € A, then:

E[XY | A =YE[X | A], as.

Proof. By linearity and approximation, it suffices to only show that it works for indicator
function, write: Z =E[X | A], thenV B € A EZ15 = EX1p, now for A, B € A:

E(Z14-1p) = E(X14-1p) — 14E[X | A] = Z1, = E[X1,4 | A]
Therefore, as Z14 € A, we showed that work for Y =14 n
Proposition 1.8. For a r.v. X € LY(Q, F,P), A, C Ay C F are o-algebras, then:
EEX | A) | A] =E[X | A] =E[E(X | A) [ A

Proof. (1) For first equality, since E[X | A;] € A; C A, then by 1.2, it holds:
E[E(X | A | A =E[X [ A]
(2) For second equality, write: Y = E[X | As],Z = E[Y | Ay, then VA € A4; C Ay:
EZ14 = E[E(X | As)1a] = EX14 = EY1,

This gives us: E[X | A1) =Z =E[E(X | A3) | A4].
Therefore, we completed the proof. O

1.3 Homeworks

The followings are exercises for this section:

Problem 1.1. Let X,Y € LY, F,P) be random variables and A C F be a
o-algebra.

(1) Prove that if X > Y a.s., then E[X | A] > E[Y | A].
(2) For any «, 8 € R, prove that aE[X | A]+ BE[Y | A] = E[aX + Y | A].
(3) For convex integrable function ¢, prove that

¢ (E[X]A]) <Ep(X) | A

(4) For 1 < p,q < +oo with 217 + % = 1, prove that

E[XY | A]| < (E[IXP | AP (E(Y]| A



2 Discrete-time Stochastic Process

After establishing the most thrilling tools, we are ready to start the journey of stochastic
process, and firstly, we focus on general properties of discrete time stochastic process,
where we first define some general concepts, then filtration, stopping time, a certain type
of r.v., then basic disrete martingale theory.

2.1 Formalise Process

Firstly, we need to make sure our focus, what kind of stochastic process, and how:

Definition 2.1. On (2, F,P), a sequence {X,, : n € N}, where each X,, is a r.v.,
is called a discrete time stochastic process. Moreover:

(a) If the r.v.s, X7, Xs,- - are independent, then the process, {X,, : n € N} is an
independent process.

(b) If the r.v.s, Xy, Xy, - - - are i.i.d., then the process {X,, : n € N} is a station-
ary independent process.

Above sounds abstract, but we could see some familiarities from below:

Definition 2.2. Let {X,, : n € N} be a stationary independent process, we write
So=0and S, => " | X;, then the process {S, : n € N} is a random walk.

From this definition, we could provide following example:

Example 2.1. Let X, X5,--- be i.i.d. Bernoulli r.v.s, ie. P(X; = 1) = p and
P(X; =—1)=1—p. Then S, =) " | X; can be viewed as a n-step walk from 0.

Correspondingly, we state a property of random walk:

Definition 2.3. Let S = {S,, : n € N} be a random walk and =z € R if:

Ve>0,P <limsup{|5n —z| < 5}) =1

n—0o0

, then z is called a recurrent value of S. If Ve > 0,dn € N, s.t:
P(|S, —z| <e) >0

, then z is a possible value of S.

Remark 2.1. Recall: limsup,_,  {|S, — z| < e} =nNF_; Uy {|Sn — x| < e}.

We point out here but won’t delve into, the tools to study random walk is Borel-Cantelli
Lemma, Law of Large Numbers, Characteristic function, etc.

2.2 Filtration

A process evolves as time, so as the information, then how to depict this phenomenon:
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Definition 2.4. On (2, F,P), a sequence {F, : n € N} is called a filtration if
F. C F is a og-algebra satisfying, F,, C F,, 11,V n. If X = {X,, : n € N} is a process
satisfying X,, € F,, V n, then we say X is adapted to {F, : n € N}.

Remark 2.2. 1. VneN, Xy, -+, X, € F,, that is F,, contains information of X, --- , X,,.
2. For a filtration {F, : n € N}, we write F, for the o-algebra generated by Uy, F,,.

3. For a process X = {X,, : n € N}, we set FX = o(Xy, -, X,,), the {FX :n € N} is
a filtration and X is adapted to {FX : n € N}. Then we say {F- : n € N} is the
filtration generated by X, and indeed the smallest filtration s.t. X is adapted to.

After introducing filtration, we could define a type of r.v.s called optional r.v.:

Definition 2.5. For a filtration {F, : n € N}, if a r.v. a satisfies:
(a) a € NU{oo}.
(b) Vn € NU{o0}, {w: a(w) =n} € F,.

, then we say « is optional relative to {F, : n € N}.

Strictly equal is too demanding, and using the knowledge in Remark 2.2:
Remark 2.3. 1. {oe=n} can be replaced by {a < n}.

2. For a stochastic process X = {X,, : n € N}, if a is optional relative to {FX : n €
N U {co}}, then we say « is optional relative to X.

To avoid abstractness, we provide an example:

Example 2.2. For X = {X,, : n € N}, c € R, we set « = min{n : X,, < ¢}, then
« is optional relative to X.

Proof. Simply, check:
{a=n}y={Xi>cn---N{X,.1>c}n{X,<c} e F¥

Then we smoothly completed the proof. O

A natural question is that optional r.v. tends to represent time related event, then does
it has o-algebra. (Actually, stopping time is a new way of seperation of time)

Definition 2.6. For a filtration {F,, : n € N} and an optional r.v., «, define:
Fo={AeFo:An{a<n} e F,,VneNU{x}}

, is called pre-a g-algebra.

Remark 2.4. 1. F, is indeed a o-algebra. (the verification leave as homework)

2. Useful tool when we dealing with optional r.v.:

VA€ Fu, A= | (An{a=n})

neNU{oco}
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Instead of stating out more definitions, we first see some properties of optional r.v.s:
Proposition 2.1. Let «, 8 be optional r.v.s relative to {F,, : n € NU{oo}}, then:
(a) If « < B a.s, then F, C Fs.
(b) Farg = FaN Fp.

Proof. (a) Since o < 3, then {8 <n} C {a <n},Vn €N, then, VA € F,:
An{B<n}=(Anfa<n)n{f<n}eF
, for n € NU {00}, then A € Fj.
(b) AsaAp <a,aAp < S, then Fong C Fo N Fp. Reversely, if A € F, N Fp:
Aﬂ{a/\ﬁgn}:Aﬂ({agn}u{ﬁgn}):(Aﬁ{agn})U(Aﬂ{ﬁgn}) e F,
, therefore F, N Fz C Fyng.

Hence, we completed the proof. O

2.3 Basic Martingale Theory

For discrete time optional r.v.s, we don’t want to waste too much time in providing more
propositions and properties, let’s directly jump into the core of this course:

Definition 2.7. On (Q, F,P), X = {X,, : n € N} is an adapted process relative to
{F,:n €N}, and V n, X, € L'(Q, F,P):

(a) If X,, > E[X,41 | Fnl, then X, is called {F,, : n € N}-supermartingale.
(b) If X,, <E[X,11 | Fnl, then X, is called {F,, : n € N}-submartingale.

(c¢) If X, = E[X,q1 | Fnl, then X, is called {F, : n € N}-martingale.

Remark 2.5. 1. X is a {F, : n € N}-supermartingale, then —X = {-X,, : n € N} is
{F. : n € N}-submartingale.

2. X is {F, : n € N}-martingale iff X is {F,, : n € N}-super- and sub-martingale.

It is easy to see that in general submartingale are ”increasing” in some sense, formally:
Example 2.3. Choose X,, = a,,V n € N, and adapted to any filtration,{F, : n €
N}. If {a, : n € N} is a decreasing/increasing /constant sequence, then X, is
{Fn : n € N}-super-/sub-martingale.

Following, we provide a more concrete example:

Example 2.4. Say X = {X,, : n € N} be an independent process relative to
FX=0(X1, -+, X,),alsoVn, X, € L'Y(Q,F,P), denote: S,, =>,_, Xj, then:

E[Sns1 | Fif] = E[Sn+ Xns1 | FX] = S+ E [Xng1 | FY] = Sn+ EXnpa
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Therefore, we consider following situations:
1. If Vn, EX,, >0, then S, is submartingale.
2. If Vn, EX, <0, then S, is supermartingale.

3. If Vn, EX, =0, then S,, is martingale.
Lastly, we provide a interesting lemma of Doob martingale:

Example 2.5. Let Y € LY, F,P), and a filtration {F, : n € N}, then for a
process X = {X,, : n € N} is a {F, : n € N}-martingale by defining:

X, =E[Y, | F], ¥neNU{oo}

. increasing submartingale
Remark 2.6. Normally: martingale + .= _ :
decreasing  supermartingale

Then a natural motivation is to ask: what the martingale looks like in general?
Definition 2.8. For a process X = {X,, : n € N}, Vn, X,, € L}(Q, F,P) with:
X1 =0 and Xn S XnH,Vn eN

, then we call X is an increasing process.

Besides that in order to introduce decomposition, we need one more friend:

Definition 2.9. A process X = {X,, : n € N} and a filtration, {F, : n € N},if:

VneN, X, €F,

, then we call X is a predictable prcess.
Based on the newly introduced concepts, we land on astounding result:

Theorem 2.2. (Doob’s Decomposition Theorem)

Any submartingale, X = {X,, : n € N} relative to {F,, : n € N}, there exists a
martingale, Y = {Y,, : n € N} relative to {F,, : n € N}, and an increasing process,
Z ={Z, :n € N}, such that: X,, =Y, + Z,,V n.

Proof. To prove this, we need to construct the corresponding process, firstly n > 2:

n

Zn =Y [E(Xi | Ficr) = Xii]

k=2

with convention Z; = 0, and X is submartingale, then Z is increasing process since:

E(Xe | Fro1) = Xpm1 20 = Z, 1

12



Then it is easily check following is a martingale by Y; = X;, and for n > 2:

n

Yo=Xn—Zy=> [Xp —E(Xy| Fact)] + X,

k=2

Therefore, we completed the proof by finding two processes out. O

Remark 2.7. Notice that Z,, € F,_1, that is to say Z is a predictable process. If in
addition, we require Z to be predictable, then the Doob’s decomposition is unique.

From above really intuitive (?) theorem, we have following useful corollary:

Corollary 2.3. Let X = {X,, : n € N} is a submartingale relative to {F, : n € N},
and for the Doob’s decomposition, i.e. X, =Y, + Z,:

(a) If X is L' bounded, then Y and Z are also L' bounded.

(b) If X is uniformly integrable, then' Y amd Z are also uniformly integrable.

Proof. (a) Firstly, since Y is martingale, then E|Y;| < 400, therefore:

0 < E|Z,| < E|X,| + E|Y,| <supE|X,|+ E|Y]] < +o0

, next, similarly, using above one can also show:

E[Y,| < E|X,| + E|Z,| < 2sup E| X,| + E|Y3| < +o0

(b) Firstly, let’s see what uniformly integrability of X gives, V n € N:
JA, s.t. E|Xn|1{\Xn\>A} <]l = E’Xn| = E|Xn|1{|Xn\>A}+E|Xn’1{|Xn|§A} <1+A

Above gives X is L' bounded, so as Z, since its non-negative and increasing:

Z,>0,7, 1= Z'= lim Z,3 22 EZ' < liminfEZ, < supEZ, < +o0
n—oo

n—oo n

Hence Vn € N,V A € R, by increasing Z,, < Z’, then:

0<EZ 1z on < EZ 1 pma 22550

Therefore, Z is also u.i., for L' bounded Y, decompose into, V E € F:
E|Y,|1g <E|X,|1p+EZ, 1k
Then we can control Y by X and Z, so we completed the proof. O
Remark 2.8. Quick recall for the convergence concepts:
1. L' bounded: 3C € R,E|X,,| < C < 400 & sup,,ey E| X,| < +00.

2. Uniformly integrable: limy;_o E[X,|1qx, >0 = 0, another equivlance condition:
X is L' bounded plus Ve > 0,3 = 6(e) > 0,s.t. :

VEe F,P(E)<dé = VneNEX,|1g<e

Then we restrict on submartingale, and introduce some properties:

13



Proposition 2.4. If X is a {F,}-submartingale, then

(a) EX, > EX;.

(b) ¥ A, € Fo,EXpi11a, > EX, 14,.
Proof. Simply iteratively use tower rule:
(a) EX, =E[E(X, | Fnoo1)] > EXpo1 =E[E(Xso1 | Fu2)] 2 EX, 0 > -+ > EX].
(b) EX,111a, =E[E(Xpi1la, | Fn)] = E[E(Xpy1 | Fn)1a,] > EX,14,.
Then we completed the proof. O
Proposition 2.5. If X\ Y are {F,}-submartingale, then ¥ a,b € R :

aX +bY = {aX, +bY, : n € N}

is a {F,}-submartingale.

Proof. It is same for supermartingale, and can be extended to martingale even to whole
real line, and the proof is omitted since it just checks the definitions. O

Proposition 2.6. Let X = {X,, : n € N} be {F,}-submartingale, and ¢ be an
increasing convez function on R. If o(X,) € L'(Q, F,P), then {p(X,,) : n € N} is
a {F.}-submartingale.

Proof. It simply follows below:

E(p(Xnt1) | Fu) 2 @ (E[Xnt1 | Fal) = 0(X5)
And for integrability, it is obvious. m

Now we are about to preceed to reveal Optional Sampling Theorem:

Theorem 2.7. Let Y € LY(Q, F,P) and a filtration {F, : n € N}, then set X,, =
E(Y | F.), let a be a optional r.v. with {F, : n € N}, then, X, = E[Y | Fd].

Proof. Firstly, we check integrability, by Jensen’s inequality:

E|Xa| = Z E|X0c|1{a:n} = Z E|Xn|1{a:n}

neNU{oo} neNU{oco}

< > E[ENY]IF) Lamn]

neNU{oo}

= 3 EE(WY] e | 7]
neNU{oo}

— Z ElY[1{azny = E[Y] < 400
neNU{oo}
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Next, we need to show that X, € F,, indeed, V z € R:

n

{(Xo<a}n{a<n}={J{Xoa<a}n{a=k}) = J({Xx <2} n{a=k}) € F,

k=1
,s0 {X, <z} eF,Ver = X, € F, Finally, only need to check, V A € F,:

EXola =Y EXolalian = Y EXulaliay
= Z EXn]-Aﬂ{a:n} — Z EY]—Aﬂ{a:n} = EY]_A
Then we finished the proof, following the definition of conditional expectation. ]

Corollary 2.8. Let Y € LY(Q, F,P) and a filtration {F, : n € N}, then set
X, =E(Y | F.). Let a, 8 be two optional r.v.s with {F, : n € N} and o < 3, then,
{Xa, Xp} is a martingale relative to {F,, Fps}.

Proof. Leave as homework.
Remark 2.9. To generalise it, for {a,, : n € N} optional r.v.s; and o < ap < -+ <y <

-+« then {X,,} is a martingale relative to {F,, : n € N}. N

Theorem 2.9. Let {X,, : n € N} is {F,, }-martingale, and o, 5 are bounded optional
r.v.s satisfying o < B, then {Xa, Xs} is a {F,, Fg}-martingale.

Proof. As definition, first to check integrability:
N

N N
ElXal =) ElXall{azyp =) E[Xj[l{azyy = ) ElXi|Lamyy = E[Xi| < 00

j=1 j=1 j=1

Then we prove it is martingale by show it is both super- and sub- martingale, V A € F,,
Vk>j, wehave AN{a <j} € F; C F, and {§ < k} € Fy, then:

EXkLianta=iinis>kt 2= EXkr1lian{a=jin{s>k})

, one can rewrite it into:
EXilange=iin{s=r) — EXk1lian(e=sin{szrr1}) 2 EXelian(a=jin{s=r})
Summing over k from j to N noticing that on {a = j}, j < 8 < N:
EXol{anta=ji} = EXplianta=
Then summing over j from 1 to N to get:
EX,14 > EXs14
, now choose A = {w: E[Xjs | Fu] > Xo} € Fo, then:
EXo14 > E[E(X; | Fa)1a] = P(A) =0

Therefore, it is same for submartingale, then finished the proof. O

Remark 2.10. It is true for sub/super-martingale, even is generalisation of corollary 2.8.

Now before we proceed, let’s look at a simple example:

15



Example 2.6. The bounded condition is useful, but we can construct for a general
optional r,.v. «a, we define a truncation: aj = a Ak, which is bounded optioanl r.v.

Then a natural question is that what if optional r.v. is not bounded, then comes following;:

Theorem 2.10. Let {X,, : n € NU {oo}} be a martingale relative to {F, : n €

NU{oo}}, and a, B are two optional r.v.s, with a < 3, then {X,, X3} is martingale
relative to {Fa, Fs}.

Proof. (1) We start with supermartingale with X,, = 0. Then V n € N,
X, > EX,| Fu]=0as. = X,>0,VneNas.
Next, Vj € N, Xo1io—j) = Xaanl{a—j}- Fix j and set n — oo, we have:
Xal{a:j} = h?’ILILlOI.}f Xa/\n]-{a:j}

Sum over j, we get:
Xal{a<oo} = lim inf Xa/\nl{a<oo}
n—oo

Besides, Xq1{a—oc} = 0 < liminf, o Xornl{a=oo}- As a consequence, we have:

X, <liminf X,

n—00

By Fatou’s lemma,

EX, < Eliminf X, ,, <liminf EX A, < EX;

n—00 n—00
Since a A n is bounded optional r.v. Thus, X,, Xz € L'(Q, F,P), VA € F,:
EXklianta=jingszkpy — BXkn1lpanta=pinteziiyy 2 BEXkl{an{a=)s=k}}
, VM > j, sum over k from j to M to obtain:
EXalianta=jyy — EXarnilanta=jingszm+yy 2 BEXglpantazjings<my
Thus, EXo1{anfa=j}} = EXplian(a=jin(s<r}- As X3 > 0, by MCT, we get:
EXoLanta=h = EXplianta=jin{s<cc}}

Sum over j, we get:
EXa]-{Aﬁ{a<oo}} > EXB]-{AQ{5<OO}}
Besides, noting that X, = 0,

EXol{anfo=o}y = EXool{anfo=oyy = 0 = EXool{angs=oc}y = EXplianis=co))
Combining two formula, we get:
EX, 14> EX/B]_A = EX, 14> E[E[Xﬁ | .Fa] . ]—A]

Thus, X, > E[Xj3 | Fal.
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(2) In general case of supermartingale, we set X! = E[X, | F,], then {X! : n €
NU{oo}} is a {F, : n € NU {oo}}-martingale and {X,, — X] : n € N} is a
supermartingale relative to {F, : n € N}. On one hand, {X], Xj} is a martingale
relative to {F,, Fs}. On the other hand, from X/ = X, we can conclude that
{Xa — X, X — X3} is a supermartingale relative to {F,, Fs}.

(3) In the case of submartingale, {—X,, : n € NU {c0}} is a supermartingale.

(4) In the case of martingale, by (2) and (3).
Finally, we completed the proof. O

After providing these thrilling theorems, we introduce martingale transformation.
Definition 2.10. Let Y = {Y,, : n € N}, on (2, F,P) be a martingale relative to

{F. : n € N} with Y; = 0, and another Z = {Z,, : n € N} is a {F, : n € N}-
predictable process. Then if we set, Xy = 0 and:

Xon=> Zi(Ye = Y1)

k=1

, we say X = {X,, : n € N} is a martingale transfomation of Y through Z.

Remark 2.11. If you learnt stochastic calculus, then this is some how discrete version of:

X:/ZdY

Next, we introduce two propositions of martingale transformation:

Proposition 2.11. Let Y be a {F,, : n € N}-martingale, and Z is a {F, : n € N}-
predictable process (non-negative), so if X, is a martingale transformation of Y
through Z, is integrable, then X is {F, : n € N}-martingale.

Proof. By definition, X is {F, : n € N}-adapted and integrable, only need to check:
E [Xn+1 | fn] - E [Zn+1(yn+1 — Yn> + Xn | fn] - Xn + Zn+1 (E [Yn+1 | fn] - Yn> - Xn
, Vn € N, then we completed the proof. O

Following is to extend the result to sub-/super-martingale:

Proposition 2.12. Let Y be a {F, : n € N}-sub/super-martingale, and Z is a

{F, : n € N}-predictable process (non-negative), so if X, is a martingale transfor-

mation of Y through Z, is integrable, then X is {F, : n € N}-sub/super-martingale.
Proof. Leave as homework. O]
2.4 Backward Martingale

Since for continuous stochastic process, when dealing with optional sampling theorem,
we need to use some properties in backward martingale, then we state some:
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Definition 2.11. Let X = {X,, : n € N} be an integrable process on (€2, F, P), let
{F. :n € N} be a sequence of decreasing o-algebra with X,, € F,,,V n a.s. then:

(a) If X,11 > E(X,, | Fay1), then X isa {F, : n € N}-backward supermartingale.
(b) If Xp41 < E(X,, | Fut1), then X is a {F, : n € N}-backward submartingale.

(¢) If X;i1 = E(X,, | Fug1), then X is a {F, : n € N}-backward martingale.

Remark 2.12. ¥ n <0,Y, = X_,,G, = F_,, then {Y,, : n € N} is martingale.
Next, listing some properties with backward martingale, which are similar than previous:

Proposition 2.13. Let {F,, : n € N} be a sequence of decreasing o-algebra, X =
{X, :n € N} be a {F, : n € N}-backward submartingale. Also ¢ be increasing
convex function, with ¢(X,,) € L*(Q, F,P),V n. Then {¢(X,) : n € N} is also a

{F. : n € N}-backward submartingale.

Proof. By Jensen’s inequality, we have:
P(Xni1) < @ (E[Xn | Fana]) S Elp(Xy) | Fasal
V' n €N, therefore we completed the proof.

Remark 2.13. For backward martingale, ¢ need not to be increasing.

And it also has really good properties:
Corollary 2.14. If in addition, ¢ > 0, then {p(X,,) : n € N} is u.i.

Proof. Since its submartingale, thus V A € F,,:
Ep(Xn)1a < E[E(p(X1) | Fn) 1a] = Ep(X1)1a
If we choose A ={w: o(X,) > M} ={X, > ¢ (M)} € F,, then:

Sup Eo(Xn)Lipxa)>my < sup Eo(X1)Lp(x)> 1)
ne ne

Lastly, since as M — 400, we have:

1 1
sup P(o(X,) > M) <sup —Ep(X,) = —Ep(X;) — 0
neN nen M M

, then the integrability of ¢(X;) implies u.i. of {p(X,) : n € N}.

Lastly, we extend this to backward martingale:

Proposition 2.15. Let {F,, : n € N} be a decreasing o-algebra, and X = {X,, :
n € N} be a {F, : n € N}-backward martingale. Then X is uniformly integrable.

Proof. Leave as homework.

2.5 Markov Property

We stop the procedure of backward martingale, then into a more interesting topic:
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Definition 2.12. A stochastic process X = {X,, : n € N} on (Q, F, P) satisfying:
VBeBR),Vn, P(X,s1€B| Xy, -, X,) =P(X,11 € B|X,)

, then X is said to have Markov Property.

Any process having Markov property is called markov process/chain, another definition:

Definition 2.13. A stochastic process X = {X,, : n € N} on (2, F,P) is a markov
process if and only if: V integrable Y € o(X,,11),

E(Y | X1, ,X,) =E(Y | X,)

Proof. (1) Forward direction, we only need to choose Y = 1yx, . ,cp}.

(2) For backward direction, by linearity it holds for ¥ = S2M a;1,, for some A; €
0(X,41). By approximation from below, it holds for non-negative Y € o(X,,1).
Then general cases can be splited into positive and negative parts. O

The following corollary extends above to further:

Corollary 2.16. A stochastic process X = {X,, : n € N} on (Q, F,P) is a markov
process, then V' k € NJY € o(X,,11):

E(Y | X1,-+,X,) =E(Y | X,)

Proof. By markov property, E[Y | X1, -+, X1k 1] = E[Y | Xpys1] € 0(Xnik_1), s0
VAco(Xp, -, Xpwk1),E[EY | Xq,-+ , Xpiko1)1a] =EY14

Hence, we have starting point that V k£ € N:
EY | Xope| =E[Y | X0y, Xt = EY | Xy oo+, X

Next, we prove by induction, for £ = 1 is above, assume it holds for k£ — 1, then:

E[Y|X17 7Xn]:E[E(Y|X17 7Xn+k—1)|X17"' 7Xn}
=EEY | Xope-1) | X1, Xo] = E[EY | Xpgio1) | X
=EEXY | Xn, -, Xogi—1) | X = E[Y | X,)]

Then we finished the proof. O

To conclude the markov property, we present following more general theorem:

Theorem 2.17. Let X = {X,, : n € N} be a process on (2, F,P), then following
are equivalent:

(a) X is a Markov process.
(b) ‘v’n, VM e O'(Xn+1,Xn+2,...),P(M | Xl;"' ,Xn) = P(M | Xn)
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(c) Vn, VM; € 0(Xy,...,X,), My € 0(Xpy1, Xnyo, ), then:

P(MIMQ | Xn) = P(Ml | XN)P(M2 | Xn)

Proof. (1) First to show (b) = (c):

RHS=E [1M1 | Xn] E [1M2 | Xn] =E [1M1E [1M2 | Xn] | Xn]

b
O E [ E[Lay | X1y, Xo] | Xl = E[E[Lan Lagy | X1,ee -, Xo] | X,

= E[Ly, 1y, | X,] = LHS

(2) Then we check (c) = (b),VA€o(X,),M €o(Xy,---,X,), we have:

EE[Lar | Xo] Lane] = E[E[Lar | Xo] 1o - 14]
— E{E[E(Lar | Xo) Lar | Xl 14} = E[E[Lar | Xo]E [Lap | Xo] - 14]
O EE [Larar | Xo] 1a] = E[Larar1a] = E [1asLane]

(3) Easily, for (b) = (a), choose M = 1;x,, eBy}-

(4) For (a) = (b), similar argument, V &k € N, E[Y | X4, .-, X,,] = E[Y | X,,] for

all bounded YV € o(X,11, -+, Xpyx). Thus, for M € ;2 0( X1, -+, Xngr), (b)
holds. Hence, (b) holds for M € o(|J;2; 0(Xns1, -+, Xnsk)) = 0( X1, -+ ).
Therefore, we completed the proof.

To see the existence of markov process, we provide an example:
Example 2.7. Let X = {X,, : n € N} be an independent process, then X is markov
process,besides, corresponding random walk (sum process), S, = X; + -+ + X,
then S = {S,, : n € N}, is also markov process.

Now, before proceeding, we define post-a process:

Definition 2.14. Let {X,, : n € N} be a stochastic process, and « be an optional
r.v. with @ < oo a.s. Then {X,, : n € N} is called the post-a process.

Correspondingly, o({Xq4, : n € N}) is called the post-a o-algebra, F.,.

Theorem 2.18. Let X = {X,, : n € N} be a stationary independent process, o is
an optional r.v. relative to {FX :n € N} with a < oo a.s. Then:

(a) The pre-a and post-a are independent, i.e.:
{A:An{a<k}e FXVEY=FX L FX = 6({Xan : n €N})

(b) The post-a process, i.e. {Xoin : n € N}, is also a stationary independent
process with the same distribution of X.
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Proof. Firstly, VA e F,,k € N,V B, € B(R) with 1 < j <k, we have:

P(Aﬂ{Xaﬂ-ij,lgjgk}) :iP(Aﬁ{a:n}ﬂ{Xaﬂ-EBj,lgjgk})

n=1

:iP(Aﬂ{oz:n}ﬂ{XnHEBj,lngk}) (An{a=n} e FX Lo(X.y)))

n=1
00 k k
=> PAn{a=n}) - [[P(Xus; € B)) =P(A) - [[P(Xuss € By)
n=1 j=1 j=1
Choose A = Q,B; = --- = Bi_1 = R to obtain the indentically distributed of X,
and X, 1. Choose A = Q to obtain the independence of post-a process. Indepdence of
o-algebras follows from distribution. Then finish the proof. O

Next, we just present a complicated theorem but worthy to know:

Theorem 2.19. Let {X,, : n € N} be markov process, and a finite o optional r.v.
relative to {FX :n € N}, then, V M € FX:

P(M | FJ) =P(M |, Xa)

Proof. Read the textbook at Theorem 9.2.5. OJ

Lastly, we end this chapter by providing some notification about markov process:

Remark 2.14. (1) The sum of two markov process may not be a markov process:

Ezxample 2.8. Let X be ar.v. and set X,, = X|Y,, = (—=1)"X, then {X,, : n €
N} and {Y, : n € N} are markov chains for sure. As X, +Y, = 2X,15,, then
{X, +Y, :n €N} is not a markov chain.

(2) A markov chain may not be a martingale:

Ezxample 2.9. Let X = {X,, : n € N} be an independent process and set
S ={S, :n € N} where S,, = X; +---+ X,,, then both X and S are markov
chain. However, if X, is not deterministic, then by independence:

E [Xn+1 |F¢)L(] - EX’IH-I #Xn

, thus X is not a martingale. Same for S if EX,,,; # 0.

(3) A martingale may not be a markov chain:

Ezxample 2.10. Let X = {X,, : n € N} be an independent square integrable
process with EX,, =0,V n. Let W be a bounded r.v. independent of X. For
neN;setY,=W(X, 1+ ---+X;+1)and F,, = (W, Xq,--- , X,,_1). Then
Y = {Y,, : n € N} is martingale w.r.t {F, : n € N}. But, not a markov chain.
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Proof. Indeed, Y, — Y, = WX, and Y; = W, then on one hand:

=Y?+ 2V, E[WX, | Vi, - Y]+ E[W?X? | Yy, -, Y,]
=Y?+2V,WEX, + W?EX? =Y? + W?EX?

On another hand,

[V | Ya] =E[(Ya+WX,) | Y]

=Y?+2E[Y,WX, | Y, +E[W?X?|Y,]

=Y+ 2E[E (Y WX, | Yo, W) | o] +E [E (W?X2 | Yo, W) | Vy)]
=Y? +2E[Y,WEX, | Y] + E [W’EX? | V,]

=Y?+E[W?|Y,] EX;

And clearly, these two are not equal, then we completed the proof. O

2.6 Homeworks

The followings are exercises for this section:

Problem 2.1. Let {F, : n € N} be a filtration, X = {X,, : n € N} be an adapted
process relative to {F, : n € N} such that X,, € L}(Q, F,P). Prove that

(1) X is a {F, : n € N}-supermartingale if and only if X,, > E[X,4x | F,] for
any fixed k € N.

(2) X is a {F, : n € N}-submartingale if and only if X,, < E[X,, | F,] for any
fixed k € N.

(3) X is a {F, : n € N}-martingale if and only if X,, = E[X,,1x | F,] for any
fixed k € N.

(4) What is the case of backward supermartingale/submartingale/martingale if
{F, : n € N} is a family of decreasing o-algebras? State the results and prove
them.

Problem 2.2. If X, is a {F, : n € N}-martingale and X,,;; € F, for all n € N,
prove that X,, = X for all n € N a.s. Use this result to show the uniqueness
of Doob’s decomposition X =Y + Z for martingale Y and increasing predictable
process Z.

Problem 2.3. For a filtration {F, : n € N} and an optional random variable «,
prove that F, is a g-algebra and a € F,.
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Problem 2.4. Let Y € L'(Q, F,P) be a random variable and {F, : n € N} be a
filtration. Set X, = E[Y | F,] for n € NU {o0}.

(1) Prove that {X,,:n € NU{oco}} is a {F, : n € NU {oo} }-martingale.

(2) If a < g are optional random variables relative to {F,,n € N}, then {X,, X3}
is a martingale relative to {F,, Fs}.

Problem 2.5. Let Y be a {F, : n € N}-submartingale/{F, : n € N}-
supermartingale, Z be a {F, : n € N}-predictable non-negative process, and X
be a martingale transformation of Y through Z. If X is integrable, then prove that
X is a {F, : n € N}-submartingale/{F,, : n € N}-supermartingale.

Problem 2.6. Let {F, : n € N} be a sequence of decreasing o-algebras, X =
{X,, : n € N} be a backward martingale relative to {F, : n € N}. Prove that X is
uniformly integrable.

Problem 2.7. Let X,, be an integrable random variable for all n € N satisfying:

Xt 4 X,
N n

E[ X1l X1, .-, Xa)

Prove that {X1+=4Xs . p € N} is a martingale relative to {FX : n € N}.
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3 Continuous-time Stochastic Process

The shift from discrete to continuous time marks a profound expansion in our modeling
horizon. Here, randomness is no longer observed at isolated ticks of a clock, but evolves
fluidly, moment by moment. This chapter formalizes that vision, introducing the core
language of continuous-time processes: sample paths, stochastic continuity, modifications,
and filtrations. We confront the subtle distinctions between different notions of equality
for processes and meet the powerful Kolmogorov Continuity Theorem, a result that often
grants us the gift of continuous paths. These concepts are the essential scaffolding for
everything that follows, from martingales and Markov processes to the Brownian motion.

3.1 Formalisation of Process
As usual, we first define what is continuous stochastic process:

Definition 3.1. X = {X; : ¢ > 0} of r.v.s on (2, F,P) is a continuous-time
stochastic process.

Remark 3.1. 1. If we want continuous stochastic process degenerate, by setting X; =
Xn,t € n,n+1).
2. There are two ways of interpreting the r.v.s, X;(w) : Q x [0, +00) + R¢/C%:
(a) From function perspective: (w,t) — Xy(w).
(b) From r.v. perspective:
X :Q — {function on [0, +00)}
w i Xi(w)

This is called sample path/trajectory, t — X;(w),V w € Q.

Then we could start to add contraint on continuous process:

Definition 3.2. Let X be a process on (€2, F,P),

(a) For a.s. (w), t — X;(w) is continuous, then we say X is continuous. (sample
path is continuous)

(b) For a.s. (w), t = X;(w) is right continuous on [0, +00) with finite left limits
on [0, +00), we say the smaple path of X is RCLL. (Right Continuous Left
Limit)

(c) For a.s. (w), t — X;(w) is left continuous on [0, 400) with finite right limits
on [0,+00), we say the smaple path of X is LCRL. (Left Continuous Right
Limit)

Beside, we propose a new continuous concept that is widely used later:

Definition 3.3. Let X be a stochastic process on (2, F,P). If Ve >0,V ¢ > 0:
ImP (| Xy — X3| >¢)=0
s—t
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, then we say that X is stochastic continuous.

For continuous time, since we add more points in it, then new concepts come out:

Definition 3.4. Let X, Y be a stochastic process on (Q, F,P). If V¢ > 0,V w €
Xi(w) = Yi(w)

, then we say they are same.

However, above is too demanding for a process:

Definition 3.5. Let XY be two stochastic process on (2, F,P). If:
P(X;=Y,Vt>0)=1

, then we say X,Y are indistinguishable.

Also we could loose our constraint, below is the most useful one:

Definition 3.6. Let X, Y be two stochastic process on (2, F,P). If:
PX;=Y)=1Vt>0

, then we say X is a modification of Y.

Remark 3.2. From the definition, we see: Indistinguishable — Modification.

Lastly, since r.v.s’ most interesting property is just distribution:

Definition 3.7. Let X, Y be two stochastic process on (€2, F, P).
Vn>1,V0<t <ty<--<t, <oo,V B(RY:

P((thvtha"' 7th) € A) = P((Y;‘/lvnw”' 7}/1‘/77.) € A)

, then we say that X and Y have the same finite-dimensional distributions.

Remark 3.3. From the definition, we see: Modification — finite-dimensional distribution.

As proposed above, it is still difficult to verify, then Kolmogorov gives following:

Theorem 3.1. (Kolmogorov Continuity Theorem)
Let X = {X; :t € [0,Ty]} be a process, Ty > 0. If o, 5,C > 0,5tV t, s €[0,Tp:

E|X,— X,|*<C-|t—s|"*
, then there exists a process Y satisfying:
(a) Y is a modification of X.

(b) Y has continuous trajectory.

25



(c)Vre(0,8/a),drv dw),C">0,s.t:

PLwe): sup [%i(w) — Yi(w)]

5,t€]0,T0) |t —s|"
0<[t—s|<d(w)

<C'%Y =1

Proof. Firstly, let’s check if the process satisfy the criterion, what properties it will have:

1. The process itself is stochastically continuous, ¥V ¢ > 0,V ¢, s € [0, Tp]:

hmP(|Xt_X5| >€) Slimf_aElXt_Xs|O¢ S Cg_ahmhf—sll"'ﬁ —>0
s—t s—t s—t
2. The process itself have ”good” properties on a "large” set, to see this, we set:

an

An:{weQ: max

1<k<2nTy

X (W)~ X (@‘ < cl/azvn}
, for some v we will point out later. Now, its complement follows:

P(AS) =P ( max

X%(w) — X%(w)’ > Cl/a2’m)

1<k<2"Ty 2
2™y
_p (U { X (@) - X%@;)‘ > cl/azv"}>
k=1
onTy,
< Z P (‘ 5 (@) =X (w )’ > (JWQ—W)
2"Tg

<ZC 1. gaymg—n(1+8) _ Togn(a“/fﬁ)

Here, if we set our 7 such that: ay — 8 < 0, then by Borel-Cantelli’s Lemma:

o0

ZP (A)) < 400 = P(hmmfA)

n—oo
Then by construction, we set: 2* = liminf,,_,, A, € F, clearly it holds:

Vw" e QVn>n"(w), max
1<k<27Ty)

X (W) — Xe (w)‘ < OY/ag=m

on on

Since on this set only countable but fortunately dense set has such property, define:

D= U{ 1<k<2”T0}::GDn
n=0

Clealy, it is countable and dense on [0, 7y, then fix w € Q*, we claim that (leave
for reader to verify): ¥V n > n*(w),Vm >n,Vs,t € D,,,0 <t —s<2™™

m

Xy (w) — X(w)] <20V Y~ 270

j=n+1
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Lastly, set 6(w) =27 @ Vst € D,0<t—s < §(w), we can choose m,n > n*(w)
st: s, te€D,,, 27" <t—s5s<2™

| Xy — X,| < 201/ Z 91 < 9Ol e . g rntl)

<
~, 1-27 = 1-27

After all the preparation, we reconstruct our Y, by defining:

0, Vwd QL tel0,Ty
Y;(UJ): Xt(UJ), VWGQ*,tGD
lim Xy, (w), YweQ*t¢ D
tn€D
tn—t
Finally, reader can easily checked such defined process satisfy (a) - (c). O

The above proving trick is useful when we want to contruct some RCLL process, just to
use its left limit, provided exists.

3.2 Filtration

Next, another problem is how to fill in the gap between discrete points:
Definition 3.8. On (2, F,P), {F; : t > 0} is a family of o-algebra satisfying:
FsCHRCFVO<Ss<t<+x

Then {F; : t > 0} is called filtration.

Remark 3.4. We use following notataion:

Fro=0 (goft>

Also for a stochastic process, given process X, set FX = o({X, : 0 < s < t}), i.e. the
smallest o-algebra such that X, is measurable.

As usual to define our adapted process:

Definition 3.9. Let X be a process, {F; : t > 0} be a filtration, if X, € F,,Vt > 0,
then X is adapted {F; : t > 0}.

Remark 3.5. 1. Every X is adapted relative to {F;X,t > 0}.

2. We call { F; : t > 0} is right-continuous if 7/, = F;;,V t > 0, and left-continuous
it 7, = F,_,Vt >0, here we use following notations:

Fr=o (UE) Fe = F

s<t s>t
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4. Clearly, if Y is a modification of X, X is adapted to {F; : ¢ > 0}, then Y is adapted
to {F; : t > 0}.

Now, we are going to restrict ourself into more specific situation:

Definition 3.10. On (Q, F,P), X is measurable if V A € B(R?):
{(w,t) € Q2 x [0,400) : Xy(w) € A} C F ® B([0,4+00))
And another is ”gradually” measurable as time goes:

Definition 3.11. On (2, F,P), X is progressively measurable with respect to fil-
tration {F; : t > 0},if V¢ >0,V A € B(R):

{(w,s) € 2 x[0,t] : Xy(w) € A} C F ® B([0,1])
Following proposition presents relation between measurable and progressively measurable:

Proposition 3.2. (a) Any progressively measurable process is measurable pro-
cess.

(b) If a process is measurable and adapted to a filtration, then the process has a
modification that is progressively measurable.

Proof. The proof is omitted since it just verifies the condition. O]

A natural question is how it relates to normal adapted process:

Proposition 3.3. If the process X is adapted to the filtration {F, : t > 0} and
every sample path of X is right-continuous, then X is progressively measurable
relative to {F; : t > 0}.

Proof. Since the process is right-continuous, we define, V¢ > 0,n € N,0 < s < t:

kt (k+ 1)t
X" (w) = X @i (W), for s € (2—71, ( ;n )

} JkeN
Then for this new process, or more precisely:
(w,s) = XM (w) is F, @ B([0,1])

Lastly, using the right continuity: lim,, xM (w) = X,(w), which holds naturally. [

3.3 Properties of Stopping Times

Then we present the most important concepts, stopping time, before that:

Definition 3.12. On (2, F,P), a random time, 7', is a r.v. with values in [0, +-00].
Let X be a process, X is a r.v. such that X¢(w) = Xp(.)(w). Define the o-algebra
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generated by Xr as:
o(X7) = {{Xr € A}U{T = o} : A € B(RY}

Remark 3.6. The verification of o(X7r) is indeed a g-algebra left as homework.

Then a stopping and optional time is based on random time:

Definition 3.13. (2, F, P) equipped with a filtration {F; : ¢ > 0}. A random time
T satisfies: {T' <t} € F;,Vt >0, is called a stopping time of {F; : ¢t > 0}.
And T is called optional time of {F; : ¢t > 0} if {T <t} € F,.

Remark 3.7. Recall the same definition in discrete-time setting:
{T < t} discrete {T < TL}
(T <t} B AP ey = {T <n—1}
A natural eager is to see the connection between optional and stopping times:
Proposition 3.4. (a) A stopping time of {F; : t > 0} is always an optional time
of {F;:t>0}.

(b) If {F; : t > 0} is right-continuous, then any optional time of {F; : t > 0} is
a stopping time of {F; : t > 0}.

Proof. (a) Notice that for each {T <t —+} € F,_1 C F,, then it holds since:

(e.9]

1
{T<t}:U{T<t—ﬁ}e]-},Vt20

n=1

(b) To better use the right continuity, for any fixed k£ € N:

~ 1
{Tft}: m {T<t+ﬁ} G.FH_%,VHZ/{Z
n=k
And above holds for any k € N, then {T' <t} € F,. = F;, by right continuity.
O
If we use the "right process”, then it is obvious right-continuous:
Corollary 3.5. If T is an optional time of {F; : t > 0}, and set G, = F;,, then T
is a stopping time of {G; : t > 0}.
Proof. It is easy to check G; is right-continuous. O]

To avoid abstractness, we present following two examples:

Example 3.1. Clearly, if T is deterministic, then 7' is a stopping time of corre-
sponding filtration.

More concretely, hitting time is widely used for Brownian motion:
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Example 3.2. Let X be an adapted process relative to filtration {F; : t > 0}.
Choose A € B(R?), then T is known as hitting time if we set:

T=inf{t >0: X;(w) € A}
Consequently, we could verify followings properties: (left as homework)

1. If A is open, the sample path of X are right-continuous, then 7" is an optional
time of {F; : t > 0}.

2. If Ais closed, the sample path of X are continuous, then 7' is a stopping time
of {F;:t > 0}.

Then we are about to show some properties of stopping times:

Proposition 3.6. IfT, S are stopping time of {F; : t > 0}, then TAS, TV S, T+S
are all stopping time of {F; : t > 0}.

Proof. Simply, we rewrite into:
LTAS:Vt,{TANS<t}={T<t}U{S <s}eF.
2.TVS:Vt{TVv S <t} ={T <s}n{S <t} e F.

3. T 4 S : This is non-trivial, but notice following seperarion:

{T+S <t} ={T=0,S<t}UH{S=0,T<t}U{0<T <t,0<S <t,T+S <t} e F

For third terms, we could use rational points to argue, and leave for reader. O

Similar but weaker result for optional times:

Proposition 3.7. If T, S are optional times of {F; : t > 0}, then TAS, TV S are
optional times of {F; : t > 0}.

Proof. We skipped this proof, since it just follows 3.6. n

If we want to recover the third one in 3.6 for optional times, we need following condition:

Proposition 3.8. If T, S are optional times of {F; : t > 0}, then T 4+ S is an
optional time of {F, :t > 0}. If either T,S > 0 or T > 0 is a stopping time, then
T + S is a stopping time of {F; : t > 0}.

Proof. For the first case (T, S > 0), it is simple, since from 3.6, we know:
{T+S<t}={0<T<t,0<S<t,S+T<t}eF

For second case, we omit the proof, and encourage reader to try. O

Then we could also study its limiting behavior:
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Proposition 3.9. If {T,, : n € N} is a sequence of optional times relative to
{F; :t >0}, then:

sup{T, :n € N}, inf{T,:n €N}, limsupT,, lim}\]nan,
ne

neN

are all optional times of {F; : t > 0}.

Proof. Simply, we could rewrite them into:
1. {sup, T, < t} = Nuen{T,, < t}.
2. {inf, T,, < t} = Upen{Tn < t}.
3. limsup,, ., = limp; 00 SUP,> 0 = Mazen SUP,> -
4. liminf, o = limy; o0 infr>pr = Upren sup,s -
Then using the properties of o-algebra, we completed the proof.
Remark 3.8. If {T,, : n € N} is stopping times, then sup 7T, is also a stopping time.

Since we finally want to change time with stopping time, then need filtration:

Definition 3.14. Let T be stopping time of {F; : ¢ > 0} on (Q,F,P). The
o-algebra:
Fr={AeF: An{T <t} e F,Vt>0}

is called pre-T o-algebra.

Interestingly, in this container, all random time moves to stopping time:

Proposition 3.10. Let T be a stopping time of {F;, : t > 0}. S be a random time
such that S > T. If S € Fr, then S is a stopping time.

Proof. Simply from definintion:
Vi>0{S<t}={S<t}n{T <t} eF
Then we could finish the proof.

For preparation of OST, we need to study the relation for multiple stopping time:

Proposition 3.11. Let S, T be stopping times of {F; : t > 0}, then:
(a) VAe Fs,AN{S < T} € Fr.
(b)) {T < SH{T <S}{T =S} e FrnFs.
(c) Fras =FrNFs.

Proof. Just iteratively use the defintion, and we omit the proof.

Then we give a tease of changing time with stopping times:
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Proposition 3.12. Let X = {X; : t > 0} be progressively measurable process
relative to {F; : t > 0}. Let T be finite stopping time of {F; : t > 0}. Then X is
Fr-measurable.

Proof. Leave as homework O

Remark 3.9. 1. {Xrats>0}, called "stopping process”, is progressively measurable rel-
ative to {F; : t > 0}.

2. If T be an optional time of {F; : t > 0} on (Q, F,P), Fry ={A e F: An{T <
t} € Fip,Vt > 0}, then Fr, is a o—algebra.

For further process, we need to introduce more conditions:

Definition 3.15. A filtration {F; : t > 0} on (02, F, P) is said to satisfy the usual
conditions if it is right-continuous and F{ contains all P—negligible-events in F,
ie. A€ F,st.P(A)=0.

Lastly, under this conditions, we show its useness of stopping times:

Proposition 3.13. Let {F, : t > 0} filtrations satisfies the usual conditions. Let
X be an adapted process relative to {F; : t > 0} s.t: the sample path of X is RCLL.
Then there exists a sequence {T,, : n € N} of stopping time of {F; : t > 0} s.t:

{(w,t) € A xRy : Xy(w) # Xi—(w)} € [J{(w, 1) € 2 x (0,+00) : Ty (w) = t}

n=1

, i.e. {T,,:n € N} exhausts the jumps of X.

Proof. The proof is omitted since its complexity. O]

3.4 Fundamental Theorem of Submartingale

Next, we move to most important tools of this course:

Definition 3.16. Let X = {X; : ¢ > 0} be an adapted process of {F; : t > 0} on
(Q, F,P) such that: X; € L}(Q,F,P),Vt>0:

(a) f 0 < s <t < 400, E[X; | Fs] > X, a.s. then X is a submartingale.
If in addition, X, € L*(Q, F,P) and X, € F., satisfying: E[X, | Fs] >
Xs a.s.V s> 0. Then {X; : 0 <t < +oo} is a submartingale with last
element: X .

(b) If 0 < s <t < 400, E[X; | Fs] < X a.s. then X is a supermartingale.
If in addition, X, € L'(Q, F,P) and X, € F. satisfying: E[X | Fs] <
X a.s. ¥ s>0. Then {X; : 0 <t < +o0} is a supermartingale with last
element: X .

() If0 < s <t < +oo,E[X; | Fs] = X, a.s. then X is a martingale. If
in addition, X, € L'(Q,F,P) and X, € F satisfying: E[X, | Fs] =
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Xs a.s. ¥V s > 0. Then {X; : 0 < t < 400} is a martingale with last
element: X .

Remark 3.10. If { X;,t > 0} is a submartingale relative to {F; : ¢ > 0} and {t,, : n € N} be
decreasing and non-negative numbers. Then {X; ,n € N} is a backward submartingale.

Similarly, we could put a convex increasing function to produce submartingale:

Proposition 3.14. Let X = {X; : t > 0} be a submartingale of {F; : t > 0}. Let
¢ be a convex increasing function, such that o(X;) € LY(Q, F,P),V t > 0. Then
o(X) ={p(Xy) : t >0} is a {F; : t > 0}-submartingale.

Proof. Simply proved using Jensen’s Inequality, then we omitted here. O

Remark 3.11. If X is martingale, ¢ be a convex function, then ¢(X) submartingale.

Then, we are going to introduce useful inequality for proving convergence:

Definition 3.17. Let X = {X; : ¢ > 0} be a real-valued process, for a < b and
I C[0,400), we define:

7(w) =inf{t € I : Xy(w) < a}
o1(w)=inf{t € I : t > 7 (w), Xy(w) >
nw)=inf{t eI :t > oy (w), Xi(w) <

_,_/w—/

Since it may be empty set, we set inf{()} = +oo. Next, we define the number of
up-crossings of interval [a, b] by sample path {X;,¢ > 0}:

Ur ([a, b]; X (w)) = max{j € N, 0j(w) < +o0}

Similarly, the number of down-crossings of interval [a, b] by sample path {X;,¢ > 0}:

Dy ([a,b]; X (w)) = max{j € N, 7;(w) < o0}

%—.—.—.—.—.—)t

T 01 T2 02 73 03

Figure 2: Tllustration of upcrossings of the interval [a, b] by a sample path {X; : ¢ > 0}.
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Based on up/down-crossing, we could use to show convergence if we prepared toolkit:

Theorem 3.15. Let X = {X; : t > 0} be a supermartingale of {F; : t > 0}
whose sample path are right-continuous, let I C [0, 400) be a compact interval and
a < b,\ >0 be all real numbers:

(a) (First submartingale inequality): AP (sup,c; X; > \) < EX

supl*

(b) (Second submartingale inequality): AP (infier X; < —)\) < EX}

sup

- EXian-
(¢) (Up-crossing inequality): (b— a)EU; ([a,b]; X (w)) < EXZ ; + |al.

(d) (Doob’s mazimal inequality): If X; > 0,V t >0, thenV p > 1,:

P » \’
E({supX;| <|—— ) EX?
(p) = (557 ©

(e) Regularity of sample path of X :
(1) Almost every sample path of {X; : t > 0} is bounded on compact intervals
and admits left-hand limits everyone on (0, 400).

(1) If {F¢ : t > 0} satisfies the usual conditions, then jumps of X are
ezhausted by a sequence of stopping times.

We postpone proving this theorem, and first introduce following two lemmas:

Lemma 3.16. If {X,, : 1 <n < N} is submartingale of {F, : 1 <n < N}. Then
VA>0:

1. \P (maxlSnSN Xn Z )\) S EXN]‘{maxlgngNZ)\} S EX]—G

2. )\P (minlSnSN Xn S —)\) S E(XN — Xl) — EXNl{minlgngNSA} S E(X]—\i,_ — Xl)

Proof. For this discrete version, we could treat with more confident:
1. Set @ = min{nX,, > A} with convention: min{()} = N, is an optional r.v. since:
k
{a<k}={J{X; =2\ e R
j=1

Then by discrete version of OST, {X,, Xn} is a {F,, Fy }-submartingale. Notice:

1<n<N 1<n<N

Vk<N,{a<k}m{maX X,LZ/\}:{oz<k}€fk = {max XnZ)\}E]:a

Therefore, we could complete the proof since:

)\P (lglaé}%\f X’I’L 2 )\) = EAl{maxlgnSN XnZA} S EXa]-{maxlgnSN XnZA}

For second inequlity, notice Xy < X;\}, 14 <1.
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2. Simlarly, we define 8 = min{n : X,, < —A} with convention: min{} = N, then:

EX, <E[E(Xs| 7)) = EX,
= EXplipan—1y + EXplis=nn + EXplis=nyn

= EXﬂ]-{Bngl} + EXNl{B:N}m + EXn1
S —AP(B S N — ].) — /\P <{ﬁ = TL} ﬂ{ min Xn S —>\}> + EXN]_{ min Xn>*)\}
1<n<N 1<n<N

=—P ( min Xn < _)\> + EXN]-{minlgnSN Xn>—A}

1<n<N
For this long derivation, we use three properties:

(a) On {8 <N -1}, X5 < -
(b) On {6 == N} N {minlSnSN Xn S —>\}, XN S -\
(C) {6 S N — 1} U ({B = N} N {minlSnSN Xn S —)\}) = {minlSnSN Xn S —)\}

Finally, we rearrange the terms to see:

P (lg}LlSIIN Xn S —)\) S EXN]-{minlgnSNXn>*)\} - EX]‘

= EXN - EXN]-{minlgnSN Xngf)‘} - EXl

And then another lemma for proving continuous version of up-crossing inequality:

Lemma 3.17. If X = {X,, : 1 <n < N} is a submartingale relative to {F, : 1 <
n < N} and [a,b] is a compact interval, then:

(b— a)EUy ([a,b]; X (w)) < E(Xy —a)" <EX} + |a

Proof. Firstly, we define: 77 =min{l <n<N:X, <a},VjeN:
oj=min{l<n<N:n>7,X,>b}, 7, =min{l <n<N:n>0;_1,X <a}

Then it is easy tosee: 1 <7 <o <--- < N are all optional r.v.s. Therefore, by discrete
version of OST, { Xy, X,,,---, Xy} is submartingale relative to {F, F,,, - - - }, notice:

V1<j<M=Uy(ab]; X(w)), Xo,(w) =X, (w) >b—a

Then we could finish our proof by:

M M-1
(b— a)EUx([a,b); X) <EY (X, — X,)) =EX,, —EX, +E) (X, — X, )
j=1 j=1

<EX,, —EX, <E(Xy—a)" <EX} +a|

Lastly, we use the property of X is submartingale so does (X —a)™. O
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Then we start to prove 3.15 using above lemma:

Proof. Finally, we are ready to prove the big theorem 3.15. But only for (a) - (c):
(a) Choose {F, } an increasing sequence of finite set, s.t: inf I,sup I € Fy,V N, and:

o0

F= U :{inf],sup]}U(IﬂQ)

N=1
Then considering {X;,t € Fy}, by lemma 3.16:

AP <maXXt > )\> <EXT

teFn sup I

Now, using the inclusion relation, i.e. Fy C Fy 1, of our chosing ”field”:

(e,
{maxXt > )\} - { max X; > )\} = U {maXXt > )\} = {maXXt > )\}
teFy teF N 41 N2 LEFy teF
Therefore, we extend to F, since it’s dense and the process is right-continuous:

AP <r£1anXt > )\> <EXJ, = AP (supXt > >\> <EX
S

sup I
tel P

(b), (c) Same strategy as (a).

(d), (e) Leave for reader to verify.

Then we completed the proof.

Then firstly using above tools, we could "fix” our process:

Proposition 3.18. Let X = {X; : t > 0} be a submartingale of {F; : t > 0} on
(Q, F,P), then:

(a) 3Q* € F with P(Q*) =1 satifying, ¥V w € Q*:

Xy (w) = Sli)rngs(w) AVE>0, Xi_(w) = sligl_XS(w) AVt>0

seQ s€Q

(b) The followings holds:

E(Xt+ | ]:;;) Z Xt7 a.S.,vt >0
E(X, | Fio) > Xoo, a.5.,¥E > 0

(c) {Xi,t >0} is a submartingale with P—almost all sample path being RCLL.

Proof. We only present a rough idea of proofs here:

(a) Using up-crossings inequality on [0,n] N Q.
(b) Using t,, € Q to approximate, then exchange the integral and limits.
(c) By (a) + (b).

Also, even though the process is not good enough, we could fix with modification:
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Theorem 3.19. Let {F; : t > 0} be a filtration satisfying usual conditions, let
X = {X; : t > 0} be a submartingale relative to {F; : t > 0}. Then X has a
modification that is right-continuous iff t — EX; is right-continuous on (0, +00).

Proof. The proof is intentionally omitted here.

The power of up-crossing inequality is to show the convergence:

Theorem 3.20. (Submartingale Convergence Theorem)
Let X = {X; : t > 0} be a right-continuous submartingale relative to {F; : t > 0}
such that: sup,so EX;™ < 400, then:

(a) tlim X, exists a.s.
—00

(b) lim X; € LY(Q, F,P).

Proof. (a) But we have a powerful tool of 3.15’s (¢), Vn €N, Va < b:

< EX; + |al < SUP>0 EX," + |al

EU[OJL]([avb]?X) — b_a — b_a

Here, set n — 400, and notice Uy 1, then by MCT, following holds:

SUP;>g EX," + |a
b—a

EUlo 400) ([0, b]; X) <  Va<b

Then observing below relations:

{w ; tlim Xi(w) ﬂ} = {w : limsup Xy (w) > litm inf Xt(w)}

t—o00
C U {w: Upaoo(la, b; X)) = o0}
a?b<ElZQ

Therefore, we complete the proof of existence since:

P {w : lim Xy (w) 3} =P {w : tligloXt(w) ﬂ}c =1

t—o00

(b) For integrability, notice the relation: |X;| = 2X," — X,V ¢,

E|X;| = E(2X," — X;) <2supEX," — EX; < +00

t>0

Then we simply set both sides limit:

E

hm Xt
t—o00

= Eliminf | X;| < liminf E|X;| < 400
t—00 t—»00

Finally, we completed the proof.

Easily, we could see following from above theorem:
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Corollary 3.21. Let X = {X, : t > 0} be a right-continuous, non-negative super-
martingale relative to {F; : t > 0}, then X = limy_,oo Xy 3, and {X; : 0 <t <
+oo} is a supermartingale.

Proof. Leave as homework.

And naturally, we want to restrict the last element, to be finite:

Definition 3.18. A right-continuous, non-negative supermartingale X = {X; : ¢t >
0} relative to {F; : t > 0} with lim; ,,, EX; = 0, then X is called a potential.

Remark 3.12. A potential is a supermartingale with last element 0 a.s.

Under this, we could present equivalent conditions for convergence:

Proposition 3.22. Let X = {X; : t > 0} be a non-negative, right-continuous
submartingale relative to {F; : t > 0}, then the followings are equivalent:

(a) The family {X;,t > 0} of r.v.s are uniformly integrable.
(b) X; converges in L' ast — oo.

(¢) X; converges to Xo, € L'(Q, F,P), and {X; : 0 <t < +o0} is a submartin-
gale of {F; : t > 0}.

Proof. Leave as homework.

Remark 3.13. If X,, > Y, a.s. Vt >0, then X; —Y is non-negative.

Lastly, we come to the final boss, to replace time with stopping times:

Theorem 3.23. (Optional Sampling Theorem)
Let X = {X; : 0 <t < +oo} be a right-continuous submartingale relative to
{Fi : t > 0} with last element X .. Let S < T be two optinal times of {F; : t > 0}.
Then:

E [XT | f5+] Z Xs, a.s.

Here if S is stopping time, then E[ X7 | Fs] > Xg, a.s.

Proof. In order to use discrete OST, we discretize the time into, Vn € N:

g _{—l—oo , 8 = +00 _{+oo ,T = +o00
n= Y k k=1 kot T & k1 k
3 g S5 <4 o g ST <4

Dominance relation still holds, i.e. S,, < T,,, are stopping times of {F; : t > 0}, since:

{S<t} t=2X3k
S, <t} = 2 e F
5w <ty {{5<2ﬁn} koyctn gy ST

Besides, by right continuity, we can easily recover the process, because:

lim Xg (w) = Xg(w) and lim X7, (w) = Xr(w)
t—o0 t—r00
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After discretization, { X, , X7, } is submartingale of {Fg,, Fr, }, then

VA€ Fsy =()Fs,. EXr,1a=E[E(Xy, | Fs,)1a] > EXs 14

n=1

For taking limit, we first need to check its integrability, notice:
Vn, Sy > Sp1, Tn > Thiq
It tells that {Xg, : n € N}, { X7, : n € N} are backward submartingale of {Fg, }, {Fr, }:
EXs, > EXo, EXy, > Xo = {Xg, }, {Xp.} are wi.
Then since {Xg, }, {X7,} are u.i., it follows:
Xs, =5 X, X7, =5 Xp = Xg, X7 € L'(Q, F,P)
Moreover, V A € Fsi,{Xs,1a},{X1,14} are both u.i, then:
EE(Xr | Foy) 1a] = EXrly = lim EXp, 14> lim EXs, 14 = EXgl,
Just choose A = {E (X7 | Fsi) < Xg}, and state P(A) = 0 to complete the proof. O

Presenting lots of properties of submartingale, then one want to how it looks like:

Definition 3.19. Let {F; : t > 0} be a filtration on (2, F, P). An adapted process,
A, is called increasing if:

(a) Ao =0, a.s.
(b) For a.s —w : t — A; is increasing and right-continuous.
(C) Vi Z 0, EAt < +400.

An increasing process A is integrable, i.e. Elim; ., A; < +00.
Therefore, a submartingale can be decomposed into:

Theorem 3.24. (Doob-Meyer Decomposition)
Let {F; : t > 0} be a filtration satisfying the usual conditions. Let X = {X;:t > 0}
be a right-continuous submartingale relative to {F, : t > 0}, V a € RT,

wo =A{T : T is a stopping time s.t. P(T < a) =1}
Assume that {X1: T € v} is w.i. Va € RT. Then Vt > 0:
Xt = Mt —|— At

, where {M; : t > 0} is a right-continuous martingale relative to {F; : t > 0}, and
{A;} is an increasing process.

Proof. The proof is omitted, we just present the result here. O

Remark 3.14. 1. Set ¢ = {T": T is stopping time of {F; : t > 0} s.t. P(T" < 4+00)
1} and { X7 : T € ¢} is ui., then {M,;,t > 0} is u.i. and {A;,t > 0} is integrable.

2. The uniqueness of theorem holds if A is nature. It needs Lebesgue-stieltjes integral.
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3.5 Homeworks

The followings are exercises for this section:

Problem 3.1. On (2, F,P), let X = {X; :t > 0} be a stochastic process that is
measurable and T is a random time. Prove that

(1) X7 is a random variable if T is finite.
(2) All sets of the form {X7 € A} and {Xr € A} U{T = oo} with A € B(R?)
forms a o-algebra.
Problem 3.2. Let {F; : t > 0} be a filtration and X be an adapted process relative
to {Fi:t>0}. Set T'=inf{t > 0: X; € A}. Prove that

(1) If A is open and the sample paths of X are right-continuous, then 7" is an
optional time of {F; : t > 0}.

(2) If A is closed and the sample paths of X are continuous, then T is a stopping
time of {F; : t > 0}.
Problem 3.3. Let {X; : t > 0} be a progressively measurable process relative to
{Fi:t >0} and let T be a finite stopping time of {F; : ¢ > 0}. Prove that
(1) Xr is Fr-measurable.

(2) Process {Xra: :t > 0} is progressively measurable relative to {F; : t > 0}.

Problem 3.4. Let T be an optional time of {F; : t > 0} on (£, F,P).
(1) Prove that Fr, is a o-algebra and Fry = {A € F: An{T <t} € F;,Vt > 0}.
(2) Prove that if T is a stopping time, then Fr C Fr..

Problem 3.5. Let {X; : t > 0} be a right-continuous, nonnegative supermartingale

relative to {F; : ¢ > 0}. Prove that X = lim;_,., X; exists almost surely and
{X;:0 <t < oo} is a supermartingale relative to {F; : 0 < t < oo}.

Problem 3.6. Let {X;,t > 0} be a right-continuous, nonnegative submartingale
relative to {F; : ¢ > 0}.

(1) The family {X; :¢ > 0} of r.v.s are uniformly integrable.

(2) X, converges in L' as t — oo.

(3) X, converges almost surely and the limit X, is integrable. Moreover, {X; :
0 <t < oo} is a submartingale relative to {F; : 0 <t < oo}.

Prove that (1), (2) and (3) are equivalent.
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Problem 3.7. Let {X; : t > 0} be a right-continuous supermartingale relative to
{Fi;:t >0} and S < T are stopping times of {F; : ¢ > 0}. Prove that

(1) {Xrnat : t > 0} is supermartingale of {F; : ¢ > 0}.
(2) E[X7ae | Fs] < Xsne-
Problem 3.8. Let {X; : t > 0} be a right-continuous process such that X; €

LY(Q, F,P) for Vt > 0. Prove that X is a submartingale relative to {F; : t > 0} if
and only if EX7 > EX for all bounded stopping times S < T of {F; : ¢t > 0}.
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4 Markov Process

At the heart of many stochastic models lies a powerful simplifying principle: the future,
given the present, is independent of the past. This Markov property transforms complex
dependence into manageable, local evolution. In this chapter, we give this idea precise
measure-theoretic form, exploring its consequences through transition probabilities, evo-
lution operators, and the foundational Chapman-Kolmogorov equations. We distinguish
between the Markov property and its stronger counterpart adapted to stopping times,
and see how processes like Brownian motion naturally fit within this framework. Markov
theory provides a unifying lens, revealing a common structure behind many seemingly
disparate random phenomena.

4.1 Basic Definitions

Firstly, we present what is a Markov process:

Definition 4.1. Let {F; : t > 0} be a filtration on (2, F,P), and X = {X, : ¢t > 0}
be an adapted process relative to {F; : t > 0}. Then X is a Markov Process if,
V0 < s <t,Vbounded Borel-measurable function f, it follows:

E[f(X0) | Fi = E[f(Xe) | X] as.

The distribution of X is called the initial distribution of X.

Remark 4.1. 1. Markov property can be expressed as:

PIX,cA|F)=P(X,€ A| X,)as V0<s<tVAcBRY
2. Choose an increasing sequence {t,},{X;,} is a discrete markov process/chain rela-
tive to {Fy, }.
3. Initial distribution u of X, P(Xy € A) = u(A),¥ A € B(R?). Here py=Po X!

Besides, we also have strong markov process, it allows optinal times:

Definition 4.2. Let {F;} be a filtration on (2, F,P) and X = {X; : ¢t > 0} be an
adapted and progressively measurable process relative to {F; : ¢ > 0}. Then X is
a strong markov process if:

V optional T of {F; :t > 0},Vt >0,V A € B(RY), it holds that:

P(Xrye € A| Fr,) = P(Xr4t | X1) a.s. on {T < +oo}

Remark 4.2. 1. We use B,(R?) = bounded, Borel-measurable function on R = Banach
space (completed vector space with sup norm: || f|| = sup, |f(x)])

2. For any markov process X, we associate a family of operator {7, : 0 < s < t}:
Vs <t,Tss: By(R?) ~ the space of bounded functions on R?
, where typically we will know it is: Ty, : f — E[f(X}) | X = 2]

3. A markov process is normal if V0 < s < t,V f € By(R%), Ty, o f € By(R?).
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4.2 Markov Evolution

Following from that, we can generalise to richer properties of operator:

Theorem 4.1. If X is normal markov process, then:
(a) Ty, is a linear operator on By(R?),V 0 < s < t.
(b) Tss is 14,V s > 0. (Identity, Tssf = f)

(c) T, Ts: =T,V 0 <1 <s<t.

() VO<s <tV f>0,f¢€By(RY),Tiif >0.

T :
() VO<s<t |Tst]| = sup 1.0/ < 1. (Contraction)
reBy®a).f20 | fll

(f) If fle) =1LVz e R T, f = f.

Proof. First two of the properties are easy to check, we just left for reader.
(¢) It suffices to prove: T, Tsi0 f =T,s0 f,V f € By(R?), starting from right we have:
Toof(z) =E(f(X4) | Xo = 2) = E[E(f(Xy) | Fs) | Xi = ]
=E [E (f(Xt) | Xs) | X, = f] =E (ngs | X, = 93) = TT,sTs,tf(x)
(d) By the definition of conditional expectation, it is easy to check.

(e) Directly applying the definition, it suffices to show:

[Tsaf | = sup |Tsof (x)| = sup |[E(f(Xe) | Xs = )]

x€R4 z€RI
< sup E([f(Xy)| | Xs =2) <sup E(||f| | Xs =2) = ||[]
rER4 z€ERY

(f) Straightforwardly, we verify by applying the definition:

Ts,tf:E<f(Xt>|XS)ZE(1|XS):1:f

Remark 4.3. Any family operator satisfy these (a) - (f) is called markov evolution.

Then for continous case, we define the transition probability through evolution:

Definition 4.3. Let X be a markov process on (2, F,P) relative to {F; : t > 0}
with markov evolution {7, : 0 < s < t}. For 0 < s <, we define the transition
probability P,; on R ® B(R?) by:

Ps’t(SE’,A) = T37t1A(.fU) =E [Xt € A ’ Xs = .fL']
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Remark 4.4. 1. If Vx € R Py (z,-) admits a density function p4(z,-), i.e.

P, A) = / pos(e, y)dy, VA € BRY
A

then the family of density function {ps; : 0 < s < t} is called transition proba-
bility density function.

2. From above, we know: V f € B(R?),V 2z € R,V 0 < s <,

T f(z) = » f(y)Pss(z,dy) = g F(@)psi(z,y)dy

Now comes with most important and fundamental theorem:
Theorem 4.2. (Chapman-Kolmogorov equations)

If X be a normal markov process with transition probability density function {Ps, :
0<s<t}. ThenVO<r<s<t,VzeRLVAecBRY:

Prae:A) = [ Pusly, APra(o,dy)
R

Proof. Since X is normal, then VA € B(R?), P, (-, A) is measurabl, therefore,
Pr,t(xa A) = Tr,tlA(x) = Tr,sTs,t1A<x)

= / Ts,tlA(y) Pr,s(x7 dy)
R4

= / stt(y7 A)Pr,s (ZL’, dy)
Rd

Then we completed the proof. O

If the density exists, we could extend this into:

Corollary 4.3. Let X be a normal markov process with transition probability den-
sity function {ps;: 0 < s <t}, thenV0O<r<s<tVuzzeR:

pil@,2) = [ peale,)pualy iy
R

Proof. Leave as homework. O
4.3 Markov & Feller Semigroup

Lastly, we consider more general group that may be helpful when you read literature:

Theorem 4.4. Let {P,;:0 < s <t} be a family of mappings from R? x B(R?)
[0, 1], satisfying: V0 < s <t:

(a) Pg.(-, A) is measurable for V. A € B(RY).
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(b) Psi(z,-) is a probability measure on (R, B(R?)),V x € RY.
(¢c) Chapman-Kolmogorov equations are satisfied.

Let p be fized probability measure on (RY, B(R?)), then there exists a probability
space (S, F,P*) with filtration {F; : t > 0} and a normal markov process X =
{X;:t >0} on (Q,F,PH*) relative to {F; : t > 0} such that:

(1) P(X; € A| Xy =) =Py(z,A),V0 < s <t,VzeR,VAe B(R?).

(2) The initial distribution of Xq is .

Proof. The proof is omitted since its complexity, see details textbook, theorem 3.17. [

To connect stationary properties, we define:

Definition 4.4. Let X be a markov process with markov evolution, {Ts;: 0 < s <
t}. Then X is said to be time-homogenous if:

Ts,t = TvO,t—&v 0<s<t.

If X is not time-homogenous, X is called time-inhomogenous.

Remark 4.5. 1. Time-homogenous is equivalent to Ps; = Pg ;.
2. For time-homogenous markov process, we write T} for Ty, P; for Py, p for po:.

3. For normal time-homogenous markov process, we have T,T; = Ts,V t,5 > 0,1y =
I;. Then we call this T', the markov transition semigroup.

Finally, we define what Feller process is:

Definition 4.5. Let Cy(R?) be the Banach space of continous function that
vanish at oo, ie. lim,o f(x) = 0, equipped with the sup/max norm, i.e.
| fll = supgege |f(x)]. If X is a time-homogenous markov process with markov
evolution operator {7} : t > 0} satifying:

(a) T,Co(R?) C Cy(R?).
(b) limy o+ |T2f — fIl = 0,V f € Co(R?).

Then X is called a Feller process, {7} : t > 0} is called a Feller semigroup.

Remark 4.6. 1. Some literature use: Cp(R?) +— Cy(R?).

2. If 4.5’s (a) replaced by: TiBy(R?) C B,(RY),V t > 0, we call this process, strong
Feller process, and {7} : t > 0} the strong Feller semigroup.

3. For afamily {T;,t > 0} of semigroup. If lim;_,q+ T”;*f exists, then Af = lim;_,g+ tht*f

is called infinitistimal generator of {7;,t > 0}.
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4.4 Homework

Followings are homeworks of this chapter:

Problem 4.1. Let X be a normal Markov Process with transition density functions
{ps+: 0 < s <t}. Prove that:

pri(z,2) = / ) Prs(T,9)ps(y, 2)dy
R

for any 0 <r < s <t and z,z € R%.
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5 Brownian Motion

Brownian motion stands as a cornerstone of stochastic processes, a singular object of
immense beauty and utility. It is the unique continuous process with stationary, inde-
pendent increments, a Gaussian martingale, and a fertile source of mathematical paradox.
In this chapter, we study its defining properties and then delve into the fascinating, often
pathological, nature of its paths: nowhere differentiable, yet Holder continuous; of infinite
variation, yet with quadratic variation that unfolds deterministically. We will see how
Brownian motion connects scaling, time inversion, and a deep recurrence to the origin.

5.1 Define Brownian Motion

Firstly, we present the standard definition of brownian motion:

Definition 5.1. Let {F; : t > 0} be a filtration on (€2, F,P). Then the continous
stochastic process B = {B; : t > 0} adapted to {F; : t > 0} is called d—dimensional
Brownian Motion if:

(1) By =04, a.s.
(2) VO <s<tB, —Bs~N(04(t —s)I;) and independent of F

Remark 5.1. (a) If d =1, we call B as a standard brownian motion.

(b) B=(BW, ... B@) is a standard d—dimensional brownian motion iff B ... B(?
are independent and standard brownian motion.

A more simple way to transform independent to o field:
Definition 5.2. X = {X; : ¢t > 0} be a stochastic process such that:
vnEN,VOZtO <t1 &K ooc ,tn, the r.v.s Xto J_th _Xto 4 ... J_th _th,1

then we say that X has independent increments.

Remark 5.2. The Standard Brownian Motion always have independent increments.

Then naturally, they are connected through:

Proposition 5.1. Let X be a stochastic process with independent increments, then
V0<s<tX;— X, is independent of FX.

Proof. Leave as a homework, and use Dynkin system for o-algebra. O]

The following are equivalent definition, and we could verify they are equal with 5.1.

Definition 5.3. A continous process B = {B; : ¢ > 0} adapted to filtration {F; :
t > 0} is a standard brownian motion if:

(a) B is a zero-mean/centered Gaussian process.

(b) EB;Bs = min{s,t}.Vt,5s >0
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Proof. Fill in a proof for equivalence. O

This is easier to check at higher dimensions (in ”time”).

5.2 Properties of Sample Path

We leave the session of showing the existence of brownian motion, it can be constructed
via distribution or sample path.

Proposition 5.2. The sample paths of a standard brownian motion are locally

Hblder continous of order v € (0, %)

Proof. V n € N, by Kolmogorov’s continuity theorem, the order v of Holder-continous of
B satisfied v € (0, ”2—;1), then we take its limits: lim,, ”2—;1 = %, we completed proof. [

Remark 5.3. This gives us a hint that how should we interpret the stochastic integral,
like [ - dBy. Let’s say for Young integral, [ fdg is well defined only if o+ 8 > 1, where
the «, B are the Holder continity of f, g respectively. Then this explains why we cannot
use Young integral to study integral like: [ B;dB,.

Brownian motion is well studied since it has lots of interesting properties:

Proposition 5.3. A standard brownian motion B = {B; : t > 0} relative to
{Fi :t >0} is a martingale relative to {F; : t > 0}.
Proof. The adaptation and integrability is easy to show, we omitted here, then check:
B, ~N(0,t1;) = E(B;— B, | F:;) =E(B,—B;) =0 = E(B; | ) = Bq
yforVO<s <t O

And it also is a (strong) Markov process:

Proposition 5.4. A standard brownian motion relative to {F; : t > 0} is time-
homogeneous Markov Process. (Also a strong Markov Process)

Proof. Leave as a homework O

Interestingly, the brownian motion can be constructed by optional times:

Theorem 5.5. Let S be a finite optional time of a filtration {F; : t > 0}, and
B ={B;:t >0} be a d—dimensional brownian motion relative to {F; : t > 0}. Set
W, =Bgyy — Bg, W = {W, : t >0}, then W is a d—dimensional brownian motion
relative to {F}V : t > 0} and is independent of Fs., .

Proof. We only sketch the idea of the proof here.
By 5.3, it suffices to show it is jointly centered normal, then using characteristic function:

1.VneN, 0=ty <t < - <tp,u, - ,u, € R we can show by induction:
‘ n n 1 )
E |exp <Z;uk(Wtk - Wtk-l)) | ]:s] = IHGXP {—5 (te = th1)” [Jurl?
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2. From above, we use tower rules:

E {E [exp (Zzn:uk(vvtk - Wtk—l)) | fs] }

‘ n n 1
— Eexp (zZuk(Wtk — Wtkl)) =[] exp {—5 (tr — to1)? ||us|
k=1 k=1

Then by linear transformation, we can show:

(WtUWtzv"' 7th) ~N Oda by — th—1

3. Lastly, using independence of increments to show that W, — W, L Fg.
The detailed proof, please refer to textbook.
Remark 5.4. 1f S is deterministic, then W, ~ N(0,¢).

Following ways are useful when proving some theorem:

Proposition 5.6. Let W = {W, : t > 0} be a d—dimensional brownian motion
relative to {F; : t > 0}:
1
(a) Scaling Property: For ¢ > 0, let X; = TWCt, then {X; : t > 0} is a
c

standard brownian motion relative to {Fy : t > 0}.

(b) Time-Inversion Property: Let Y, = tW%,Vt > 0 with Yo = 0,a.s. Then
{Y; : t > 0}is a standard brownian motion relative to {F) : t > 0}.

(¢) Time-Reversal Property: For T >0, let Z, = Wp — Wr_;,V0 <t <T.
Then {Z; : 0 <t < T} is a standard brownian motion relative to {FZ : t > 0}.

(d) Symmetry Property: —W = {—W, :t > 0} is a standard brownian motion
relative to {F; : t > 0}.

Proof. We omitted this proof since it is only tedious checking conditions.

Then we have below strange properties:

Proposition 5.7. With probability 1, a standard brownian motion changes sign
infinitely many times in any time interval [0, ] with any e > 0.

Proof. See textbook theorem 7.18

Consequently, we can move to origin:

Proposition 5.8. With probability 1, a standard brownian motion returns to origin
infinitely often.
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Proof. See textbook theorem 9.15, hint: using last proposition + Time-Inversion. O

According to above, it seems like zeros of brownian motion should be large, but:

Theorem 5.9. Let B = {B; :t > 0} be a standard 1-dimensional brownian motion
on (Q, F,P) relative to {F; : t > 0}. For w € , we define (zeros of B(w)):

L(w) ={t>0:Byw) =0}
Then for P —a.s,w € Q:

(a) L(w) has zero Lebesgue measure.

(w)
(b) L(w) is closed and unbounded.
(¢) L(w) has an accumulation point at t = 0.
(w)

(d) L(w) has no isolated point in [0, +00).

Proof. (a) Since B is adapted to {F; : t > 0} and has continous sample paths, then B
is progressively measurable, consquently, measurable. This tells us:

L={(t,w) €0, +00) ®Q: By(w) = 0} € B([0, +0)) & F

Then it is legal to consider:

E)\(E(w)) = E/ 1[;(w)dt = / Elg(w)dt = / P(Bt(w) = O)dt =0
0 0 0

Therefore, combined with A\(L£(w)) > 0, we have A\(L(w)) = 0, a.s.

(b) Notice that £(w) is pre-image of {0}, which is closed, then by continuity of B, we
have L(w) is closed. And for unbounded property, it is easy to see from 5.8.

(c) We know from 5.7 that: 3 decreasing {r, : n € N}, {s, : n € N}, s.t.

0 <7Tpi1 < Spy1 <7Tp < Sp,and B, (w) > 0,B,, (w) <0, lim r, = lim s, =0
n—oo

n—oo

Then by continuity, 3 ¢, € (7, $n), $.t.By, (w) =0 = ¢, € L(w). It is easy to see
the accumulation point, since lim,, .o t, = 0.

(d) Firstly, we want to split the event, and show the latter’s measure is zero:

{w € Q: L(w) has isolated points on R, } C U {fweQ:3se(ab),st.Bs(w)=0}

a,beQ
0<a<b

Now, set §; = inf{s >t : Bs(w) = 0},t > 0, by (c¢), By =0, f; < +00, a.s, notice:
{Be<r}={3se(tr),st. B;=0} €F,
Then f; is optional time of {F; : ¢ > 0}, and Bg, (w) = 0 a.s. More importantly:
B, = inf{s > B, : Bs(w) =0} = B + inf{s > 0 : Bg,1s(w) = 0}
=B +inf{s > 0:Bg,1s — Bg, =0} = 3,
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Lastly, we are ready to check, Va < b:

{weQ:Ise(ab),stBy(w)=0} C{weQ:5,<bfs, >b}=10

No suprisingly, monotonicity is also too demanding for brownian motion:

Theorem 5.10. Let B = {B; : t > 0} ve a standard 1-dimensional brownian
motion on (Q, F,P) relative to filtration {F; : t > 0}. Then the sample path B.(w)
is monotone in no interval a.s.

Proof. Firstly, we define following partition:
Fs: = {w € Q:B.(w) is monotone on [s,t]}
Then it is clear that:

F={w e Q:B.(w) is monotone in some interval} = U Fst

0<s<t
s,teQ

Since we could split monotonicity into increasing and decreasing, and they are techinically
same, then we denote F;t the increasing part, and only consider:

n—1

Age = ﬂ{w € Bs#+1 t— s)( w) — Bs+%(t—s)(w) >0} eF

1=0

Clearly, Fst C A?, .V n €N, then we completed the proof, since:

s,t)

P(Ag,t):ﬁ(%):—n — P(ﬂA )_ %V,VNGN — P(ﬁAgt):

n=1
]

Remark 5.5. This is also the reason why [ fdg fails in lebesgue-stieltjes integral for
defining stochastic integral, since it asks g to be increase, but B, is not monotonic at all.

Recall that: let f : [0, +00) — R, ¢ > 0 is a point of increase of f,if 3§ >0, s.t. Vi—0 <
r<t<s<t+d, f(r)<f(t) < f(s). And clearly this one is loose than monotonicity.
Except above, the critical points is also "non-exist”.

Theorem 5.11. With probability 1, the sample paths of B have no point of increase
or point of decrease.

Proof. We intentionally omitted the proof. m

Based on above theorem, naturally we have:

Proposition 5.12. For standard 1-dimensional brownian motion, for P—almost
all sample paths, all local mazimum/minimum is strict.
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Proof. As usual, we do a split of events:

{w € 0 : all local maximum of B.(w) are strict}

2 ﬂ {w € Q: max By(w) # max B;(w)}
0<t1 <ta<tg<ts tety,tz] tE(ts,ta]

t1,t2,t3,t4€Q

Lastly, noticing following:

max B;(w) — max B;(w) =
tE[tLtQ] te[tg,t4]

max (By(w) — By, (w)) — max (B;(w) — By, (w)) + (B, (w) — Byy(w))

te[tl,tg] tE[tg,td

And since each parts of them are independent, then we could easily check their probability
using density function. Therefore, we completed the proof. n

Without suprising, since no monoticity, the set of local maximum should be large:
Corollary 5.13. Let B be a standard 1-dimensional brownian motion on (£, F,P)

relative to {F; : t > 0}. Then the set of points of local maximum for sample path
B.(w) is countable and dense in [0, +00).

Proof. Since B.(w) is continous and monetone on no interval. O

Then last properties is nowhere differentiable even though it is smooth:

Theorem 5.14. Let B be a standard 1-dimensional brownian motion, then almost
surely w, B.(w) is nowhere differentiable.

Recall: f be a continous function:

D+f(t> — hfrlnigp f(t + hi)l — f(t) D_f(t) _ lliin?)ljp f(t + h})l - f(t)
Do f(t) = liming L =0 D_F(t) — timing LEHR = SO

>

h—07t h h—0~
These are Dini derivatives of f at t. And the typical derivatives are:

N (ORI (R O 1)

h—0+ h h—0— h

The function f is said to be differentiable at t > 0 if it is differentiable from both the
right and the left and the four Dini derivatives agrees.

Proof. We will proof this by showing their upper-right /left derivatives are infinite, more
precisely, what we want is to prove: 3 F' € F,P(F) =1,s.t:

FC{weQ:Vt>0, either D¥By(w) = +00 or DyB(w) = —cc}

It is enough to consider the interval [0, 1]. For fixed j, k > 1, we define:

A= U ) we: Bunlw) - Biw)] < jh}

t€[0,1] he(0,1]
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And it is clear that, we need to find C' € F,s.t. A;; € C,P(C) = 0, since:

{weQ:3te|0,1],—00 < D,By(w) < DTBy(w) < o0} = UUAM

j=1k=1

A crucial observation is that, for a fixed w € Aj:
Jte(0,1),Vh e [o, H Byon(w) — Bu(w)| < jh
Then by triangle inequality, following works:
¥ hi b € {o, H Bron () — Brans @)] < j(h1 + o)

Or more generally, V n > 4k, 34, s.t : % <t< < thenforl=1,2,3:

< ((5-)

+1—1 20+ 1
()= (55)
n n
Inspired by this control, notice that:

Offeen - 125

Using the distribution information, we easily show the latter’s probability is zero. O]

i
n’

BL( ) Bz+l 1

n

+

Simiar to above technicals, one can also show:

Theorem 5.15. The sample path B.(w) of standard 1-dimensional brownian motion
B are nowhere Holder-continous with order > 5,a.S.
Proof. Leave as a homework [

Remark 5.6. v > % is the threshold of the order of Holder continity.

Finally, we can also somehow measure the ”derivatives”:

Theorem 5.16. (Lévy modulus)
Let B be a 1-dimensional brownian motion on (2, F,P) relative to {F; : t > 0}:

1
P liémi:ilf— Hlé[lX] IB,—Bs|=1] =1
0 s,t€[0,1
- 251“(%) |t—s|<&
Proof. See the textbook Theorem 9.25 O]

5.3 Homeworks

Followings are homeworks of this chapter:

23



Problem 5.1. Let X be a stochastic process with independent increments. Then,
for V0 < s < t, the increment X; — X is independent of ]-"SX .

Problem 5.2. (1) Prove that a standard Brownian motion is a time-
homogeneous Markov process.
(2) Determine the family of Markov evolution operators.

(3) Determine whether a standard brownian motion is a (strong) Feller process
of not.

(4) Determine the infinitestimal generator of standard brownian motion.

Problem 5.3. Let B be a brownian motion on (€2, F, P) relative to some filtration
{Fi : t > 0}. Prove that there exists F' € F with P(F) = 1, such that:

FC{weN:¥t>0, either D™B;(w) = +00 or D_B;(w) = —o0}

Problem 5.4. Prove that the sample paths of a standard 1-dimensional Brownian
motion are nowhere Hélder-continous with Holder order v > 1/2 a.s.
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6 Poisson & Lévy Process

The primary motivation for this chapter is to understand the behavior of Lévy processes
under a stochastic clock. By replacing deterministic time ¢ with a random process T;
(a subordinator), we can construct a wider class of processes that maintain the Lévy
structure while allowing for more complex path behaviors. Furthermore, we aim to extend
the simple Markov property to stopping times. Since Lévy processes are often used to
model first-passage times and ruin probabilities, the Strong Markov Property is not
merely a theoretical curiosity but a vital tool for analyzing the process at random horizons.

6.1 Infinitely Divisible Distribution

Firstly, we define what is a poisson r.v. by given the distribution function:

Definition 6.1. A r.v. X taking value in NU{0} is a poisson r.v. with parameter
A > 0, denoted X ~ Poi(A), if:

The unity (sum to one) can be easily verified by tayor expansion of e* at zero.
Remark 6.1. Simply calculation gives us:

1. EX = X\ = Var(X)
2. ¢x(u) = Ee™X = exp(A(e™ — 1))

Now, we introduce the most important concept of studying poisson r.v.:

Definition 6.2. A r.v. X is infinitely divisible if:

VneN,Jiddrvs Y, V™, . . Y®st VW 4. 47y Ex

n n

Remark 6.2. A probability measure p on R?, is infinitely divisible, if the r.v. X is infinitely
divisible with py = p, i.e. P(X € A) = u(A).
We will come back to this later, and present another concept about poisson r.v.:

Definition 6.3. Let {Z, : n € N} be i.i.d r.v.s with values in R? let Y ~ Poi(\)
be independent of {Z,, : n € N}, then:

Y
X:ZZi:Z1+...+ZY

i=1

is called the compounded Poisson r.v.s.

Remark 6.3. If the distribution of Z; is u, then we denoted as X ~ Poi(\, ) and:

¢x(u) = Ee™* = exp < /R A=) u(dy))

In order to smoothly introduce Lévy-Khintchine theorem, we first look at:
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Definition 6.4. Let v be a Borel measure on R?/{0}.
(a) If [ga oy min(y?, 1)v(dy) < oo, then we say v is a Lévy measure.

(b) If v is absolutely continous w.r.t Lebesgue measure, then the Radon-
Nikodym derivative, P, = g—; is called Lévy density.

y2

Remark 6.4. 1. fRd/{O} min(y?, 1)v(dy) < oo < fRd/{o}

2. A finite measure is always Lévy measure. (The reverse is generally not true)

Then from the definition, it should be clear that:
Proposition 6.1. Every Lévy measure on RY/{0} is o—finite.

Proof. Leave as a homework L]

And one of the most important theorem in this chapter, which depicts what an infinitely
divisible measure (hence r.v.) looks like, i.e. its general form of characteristic function:

Theorem 6.2. (Lévy-Khintchine)
A probability measure, pu, on RY is infinitely divisible if: 3 a € RY, A = My(R)
satisfying A = AT, A = 0, and a Lévy measure v on RY/{0}, such that:

¢u(x) = exp <iaTx - %xTAx +/ (emTy —1—iz"ylp, () (y)) V(dy))
R

4/{0}

Conversely, ¥ ¢(x) satisfy the Lévy-Khintchine formula is the characteristic func-
tion of an infinitely divisible probability measure.

Proof. Omitted. [

Until now, one can see why we introduce compounded poisson process (compare).

Remark 6.5. 1. If Y ~ N (a, A), then ¢y (z) = exp(ia'z — 127 Az).

2. We call (a, A, v) the characteristic of p. (Since p is uniquely determined by (a, A, v))

Then since that exponent is too complex, we define following symbol:

Definition 6.5. We call the map n:
1 A
n(z) =ia'z — —x' Az + / ((B“CTy —1- z'xTylgl(o)(y)> v(dy)
g R¢/{0}

a Lévy—symbol. (or Lévy exponent, charateristic exponent)

Remark 6.6. For inifinitely divisible probability measure p, ¢, (z) = (@),

Now, let’s see two basic proposition to get familiar with these notions:
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Proposition 6.3. The Lévy—symbol satisfies followings:
(a) R(n(z)) < 0.

(b) n is continous on Re. It is uniformly continous on bounded sets.

(c) 3c>0, st n(z)] <c(l+|z*)VreR

Proof. (a) Simply, we pick out the real part of Lévy symbol:

R(n(z)) = —%{BTA{E + /Rd/{o} [COS(:I:Ty) — 1] v(dz) <0

, first terms is negative since A = 0, second is for cos(z) <1V z € R.

(b) To see this, we need to investigate into difference, V x; # 2, € R%:

) 1
77(%) - 77(@) = ZGT(xl — Zg) — §(x1TAiU1 - x;A%)

[ ey et = ia] - o] Lo 0)] vidy
R4/{0}

Then for the qudratic form, we could rewrite:

x] Axy — x9 Ay = (2] — 2 )Axy + 2] A(zy — 29) + (2] — 29 )A(2] — 29)
And also using bound for imaginary number on exponential to get:

n(z1) = n(ws)| < Coy |1 — 22| + O(|21 — 22°) = lim 7(zs) = n(21)

r1—To
, where Cy, = |a| + 2||A|| + fRd/{o} [e™1¥iy — iyl p, )] v(dy).
(c) Similar to (b), one can show:
n(2)] < la| - |2 + |A] - [2]* + C + C"ax| = O(1 + 2?)
Therefore, we completed the proof. O

The following theorem explains the connection between compounded poisson r.v. and
infinitely divisible r.v., also serves as conclusion of this subchapter.

Theorem 6.4. Any infinitely divisible probability measure i on R? is the weak
limat of a sqeuence of compounded poisson distributions.

Proof. Let ¢ be characteristic function of u, then since it is infinitely divisible, there
exists fi,, such that: g = pi, * - - - * p1,,, and its ch.f is ¢'/"(z), now write:

buli) = exp [ (61/"(2) = 1)] = xp (0 [ (67 = Dpa(a))

, which is exactly the compound poisson r.v.’s ch.f, moreover, one can chcek:

1 1 1
RN A VIO |
as n — 00, then the result follows by Lévy continuity theorem. O
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6.2 Lévy Process

Now, we come to a new subchapter, here we will firstly introduce Lévy process.

Definition 6.6. A stochastic process X = {X; : t > 0} is Lévy process if:
(a) Xo=0 as.
(b) X has independent and stationary increments.

(c) X is stochastic continous. (continous in probability)

Note under (2) the stochasticall continuous is equivalent to stochastic continuous at ¢ = 0,
and another property is that the modification of Lévy process is still a Lévy process.

Remark 6.7. 1. Continous: V¢ > 0,lim,_,; X, = X;.

2. Stochastic Continous: Ve > 0,lim, ;P (|X; — Xi| >¢) =0,V ¢

Clearly, from the definition, we have below trivial example:
Example 6.1. A standard brownian motion is a Lévy process.
And then comes with poisson process:

Definition 6.7. The poisson process with intensity A > 0, i.e.
N ={N; :t > 0} with values in natural number satisfy N; ~ Poi(\¢)

, is a Lévy process.

Remark 6.8. 1. The sample paths of poisson process are discontinous.

2. Set Nt = N; — \t, N = {Nt, t > 0} is called compensated poisson process, E]\th =0.

Besides, the interesting compounded poisson process:

Definition 6.8. {Z, : n € N} is a sequence of i.i.d r.v.s with values in R?, distri-
bution p. Let N = {N;,t > 0} be a poisson process with intensity A > 0, such that
N is independent of {Z,, : n € N}. Let V; = vaztl Zi=7Z1+---+2Zn,Vt >0 with
convention if Ny = 0,Y; = 0. Then Y; is called compounded poisson process.

Remark 6.9. With same convention, we denoted as V ¢t > 0,Y; ~ Poi(At, u).

This chapter mainly aim to study Lévy process, sicne lots of other processes are just spe-
cial cases of Lévy process. Then following proposition presents the relationship between
Lévy and compounded poisson process:

Proposition 6.5. The compounded poisson process, Y, is Lévy process.
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Proof. First two conditions are easy to check, we mainly focus on stochastic continuous:

P(IVil>e)=> P(IYi[>e,Ne=n)=> P(Zi+ - +Z|>e)P(N,=n)
n=0 n=0
= At)"
S Pzt o] 5 e 2
— n!
, as t — 0, then we completed the proof. O
Remark 6.10. 1. For compound poisson process’s sample path are discontinous.

2. A compound poisson proces is a poisson process iff d =1, 7, =1 a.s.V n.

And by first subchapter’s preparation, we could state following proposition:

Proposition 6.6. Let X = {X; : t > 0} be Lévy process, then ¥ t > 0,X; is
infinitely divisible.

Proof. V n € N, we could split into: Yk(") = X — X@x-1:, then by independent and

n

stationary increment, we know that, Yl(n), Y™ areiid. and X, = Sy Yk(n). O

Lemma 6.7. If X = {X; : t > 0} is stochastically continous, then V u € R t
ox,(u) is uniformly continous.

Proof. The general idea is to control them by parts, firstly using the fact, u — €™ is
continuous, then Ve > 0,3 0" > 0, s.t:

Vig—0] <&, ey —e® 0 =Y — 1| < ¢
Next, using the stochastic continuity, we could control, Ve > 0,34 > 0, s.t:
VO<|t—s|<§, P(|X;—X,| >0) <e
Therefore, we could use these two by carefully our event, V 0 < [t — s| < §:

u' X,

[9x, (u) — éx,(u)| <E el Xt _ ¢ = E |efv (Xe=Xs) _ 1‘
= E [ K X) 1 1y, x sy + E [T X - 1‘ Lix—x,|<6'}
< P(|X, — X, > 0') + sup | ¥ — 1) < 3e
lyl<d’
This completed the proof, since it is independent with interval we chose. O

Remark 6.11. For any bounded set A, the continuity is also uniformly continuous on A.

Theorem 6.8. If X is a Lévy process, n(a) is the Lévy symbol of X1, then ¥V u €
Re, t >0, px, (u) = ™,
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Proof. Since there is no distribution information, then considering to establish equation:
Ox,,.(u) = Ee' Xits = Eeit (NersmXt)Egin Xt — oiu” Xippin Xs oOx, (u)ox, (u)
, V't,s > 0. Therefore, set f(t) = ¢x,(u), above gives: f(t + s) = f(t)f(s). Notice:
VYneN, f(n)=fln—1)f(1)=fn-2)f*(1) == f"(1)
This also can be generalised to rational number since:
Yn €N, f(nt) = ["(t) = Y p,q € Z/{0}, F(p/a) = [/ (p) = /(1)

Then we land in V 2z € Q, f(z) = f*(1). Now, V z ¢ Q, we use rational number to
approximate, then it could be generalise to real number, so: ¢x, (u) = ¢y, (u) = "™, O

Corollary 6.9. ( Lévy-Khintchine formula for Lévy process)
Let X be a Lévy process, and (a, A,v) be the characteristic of X1, then:

1 ‘
ox,(u) = exp {t {z’aTw - §xTAac +/ (e”“"Ty —1—iz "yl ) (y)> y(dy)] }
R/{0}

Proof. The proof is directly followed by 6.2. O

Remark 6.12. We define Lévy symbol and characteristic of X as the Lévy symbol and
characteristic of X;.

Then following we present some properties about Lévy process.

Proposition 6.10. Let X be a Lévy process with characteristic (a, A,v), then
—X = {-X4,t > 0} is also a Lévy process with characteristic (—a, A,7), where
v is the Lévy measure satisfy 7(A) = v(A),V A € B(R?).

Proof. Leave as a homework O

A natural question is that the limit of a sequence of Lévy processes is Lévy or not.
Theorem 6.11. Let X be Lévy process, Vn € N. Let X be a process. If:
(a) Vt>0, X" converges in probability to X,.

(b) Ve >0, lim limsup P <|Xt(") — Xy > 5) =0

N0 4 0+

, then X 1s a Lévy process.

Proof. We just check whether it satisfies the three properties:
(a) Since Vn € N, Xén) =0 a.s., we have Xy, =0 a.s.
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(b) From first assumption, we have, V0 <t; <--- <f;, thenV1<j<k—1:

X - x s X,

tii1 — Xy, asn — o0

J+1
But this is not enough, then notice 3 subsequence {n, : r € N} s.t:

X - X X~ Xy, as n, — 00

tit1

Now, since limiting process has independent increment, so as the X has. Next:

iu T — . i T (nr) _ y(nr) . . T ynr T
Eelv (Xi=Xs) — iy Eeiv (K X = lim Ee™ XiTs = et Xe-s

Ny —>00 Ny —>00

This exactly finishes the stationary independence.
(c) Similarly, we just splite the event, Ve > 0,V ¢ > 0:
P(1X] > ) = P(1X, = X[ + X[V > 2) < PO, - X4 1X7) > )
< P(|X; — \ >€/2)+P(\X \ > e/2)
Using condition with stochastic continuity for limiting process to complete.

As showed, it satisfies the properties then we completed the proof.

[]

From above, we could see the importance of stochastic continuity, then following is an-

other to depict this property, in the sense of probability measure.

Proposition 6.12. If X = {X, : t > 0} is a stochastic process, such that Xy, =

0 a.s. Let P; be the distribution of X;. Then X is stochastically continous at t =0
iff Py is weakly convergent to oy ast — 07,

Proof. To recall, if we want to show it is weakly convergent, it suffice to show:

Ve Co®), lim [ F)P(y) = /f Joo(dy) = £(0)

t—0t
(1) Let’s first see forward direction, we control by (i) continuity of f:
Ve>0,36>0, st. Vx| <9, |f(x)— f(O)] <e

(ii) the stochastic continuity, 3 6’ > 0, s.t. Vt € (0,d):

‘/ P,(dz) = P(IX)| > 6) < &
Bs(0)¢

Now, same trick as before, we splite the event using this § distance, V ¢ € (0,¢'):

[ i) - 10)] -

[ (¢) = £y

< [ 156 = (0)/Pu(da)

— [ @)~ fOIPn + [ (5(a) = £0)|Pi(do)
Bs5(0) Bs(0)°
=¢ /BM Pu(d) + 2] £l / gy Pd) < (L 2 e

Since we strict to bounded space, then this is control by ¢.
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(2) Ve > 0,r > 0, we choose g supported on B,(0) s.t.0 < g < 1,¢(0) > 1 — ¢, then:

46 >0, s.t.

/Rd g(x)Py(dx) — g(O)‘ <e,Vte(0,0)

Next, we could investigate, V ¢ € (0, 4):

P(|Xt]>r)_1—/

Py(de) < 1 / g(x)Py(dz) < 1— (g(0) — ) < 2
B, (0)

r(0)
Then we completed the proof from both directions. n
Remark 6.13. Stochastically continous can be described by measure.

Then we naturally talk about some interesting stuff about measure.

Definition 6.9. A family of probability measure P;,t > 0 with Py = d is called
convolution semigroup if Py, =P, xP; Vs, > 0.

The semigroup is weakly continous if P; is weakly convergent to oy as t — 07.

Remark 6.14. A convolution semigroup {P;, ¢ > 0} is weakly continous iff

s—tt

i [ FP.(dy) = / FP), Y f € CoR, W1 >0

And the follwong corollary states out the connection with Lévy process:

Corollary 6.13. If X = {X;,t > 0} is a Lévy process, Py is the distribution of
X, V't >0, then {P,t > 0} is weakly continous convolution semigroup.

Proof. Here we only present rough idea of proof:
(1) Stationary of Increment == P, is the distribution of increment.
(2) Independence of Increment = Convolution.
(3) Stochastic Continuity = Weak continuity of P;.
We only present the most important three properties’ justification. O
Then naturally, we want to ask how to reverse this process?
Theorem 6.14. If {P;,t > 0} is a weakly continous convolution semigroup of

probability measures, then there exists a Lévy process X = {X;,t > 0} such that Py
18 the distribution of X;,Vt > 0.

Proof. We only give the rough idea of proof:
(1) Set Q = {w: R" — R? with w(0) = 0}. We consider sylinder sets of the form:

[t = {w e Qwlty) € Ay, -+ w(ty) € Ay)

VA A, € BRY),0 <t < --- < t,,Vn € N, and set F the o-algebra
generated by such cylinder sets. We define P on F by:

P (Itj?,l-’-:';t’fn) = /( ) 1a,(yr) - 1a, (1 + - yn)Pe (dys) - - Pry—, o (dyn)
R n
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(2) We define X;(2) = w(t) for t > 0,w € 2. Then the distribution of X; is P;.
Moreover, Xy, = 0 and X, is stochastically continuous by 6.12. The stationary and
independence of the increments are deduced via charateristic function.

And the details of the proof is left for interested readers. n

Remark 6.15. The process X above constructed is called the cannonical Lévy process.

Reversely, one can recover Lévy by an infinitely divisible probability measure.

Corollary 6.15. If j1 is an infinitely divisible probability measure on R? with Lévy
symbol n, then there exists a Lévy process X such that the distribution of Xi is p.

Proof. Firstly, from 6.2, there exists a triplet (b, A, ) such that: ¢,(u) = e”™, besides
let ¢,:(u) = €™ be the characteristic function of an infinitely divisible probability
measure of P;. Then we only need to check it is weakly convergent to dgy, to see this:
Guo0(u) =1 = ¢5,(u), then using convolution property, we completed the continuity. [

6.3 Subordinator
Next, we introduce a group of special process under Lévy.

Definition 6.10. A subordinator is an 1-dimensional Lévy process and is increasing
a.s.

Following theorem depicts subordinator in "Lévy” symbol:

Theorem 6.16. If T is a subordinator, then its Lévy symbol has the form:

nr(u) = ibu + /OOO (eiuy — 1) v(dy)

, where b >0, and v is Lévy measure satisfying:
(a) v supported on [0,00).

(b) 57y Alv(dy) < oc.

Proof. The proof is omitted, here we just present this theorem. ]
Remark 6.16. 1. The pair (b,v) is called the characteristic of T

2. The Laplace transform of T is Ee™*"t = e~ where 1)(u) = —np(iu).

Even though it seems like a new concepts, the following examples are all subordinator:

Example 6.2. The following two examples’ verification is left as homework.
1. A poisson process is always a subordinator.

2. A compound poisson process is a subordinator iff Z, > 0V n € N a.s.

And we have similar result in recovering subordinator from probability measure:
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Theorem 6.17. If p is an infinitely divisible probability measure on (R, B(R,)),
then there ezists a subordinator T = {T, : t > 0}, s.t. p is the distribution of T}.

Proof. From 6.15, there exists a Lévy process, X, s.t. p is the distribution of X;. It
remains to show it is increasing a.s., key is the measure is on R, , then:
inf div

Xi>0as. = X, >0as. VneN —= X, >0as. VteQ

By stochastic continuity, we have convergence in probability, then using subsequence that
is convergence almost surely, therefore, to complete the irrational points on real line. [J

The aim to introduce subordinator is its increasing, then its kind of ”time”:
Theorem 6.18. (Time Changing)

Let X be a Lévy process, T be a subordinator on (0, F,P) such that X and T are
independent. Set Zy = Xg,. Then process Z = {Z; : t > 0} is a Lévy process.

Proof. Similarly, just need to check conditions one by one:
(1) Zo = X1, = Xo =0 as., as X and T are Lévy processes.

(2) Indepent increment uses characteristic function, we omit here, then for proving
stationary increment of Z, considering V 0 < ¢; < t5, VA € B(R?), we have:

P(Ztg - Zt1 € A) = P(XTt2 — 4><T,51 - A) = E]'{XTt2 _XTtl EA}
—E {E |:]-{XTt2*XTt1€A} | Ttl,TtQH =E {E [1{XTt27Tt1€A} | Ttl,TtQH

= El(x, 4, cq =E {E [1{)(%%1 ca | X]} —E {E [1{){%_“@} | X]}
€Ay = P(Zi,—+, € A)

, where we use independence of X and T', and stationary of X.

= El{XTtQ—

t

(3) By the stochastical continuity of X and T,V e > 0,7 > 0,3 > 0, s.t. Vh € (0,0),
it holds that P(|X,| > n) < € and 3 & > 0, s.t. V A’ € (0,¢'), it holds that
P(T > §) < e. Then Yh € (0, min{d, '}):

P(1Zn] > n) = P(IXz,| > n) = P([Xp,[ >0, Th = 6) + P(|Xg, | >0, Th < 0)

< P(T), > 9)+ sup P(|X,| >n) < 2e.
u€[0,9)

Therefore, we completed the proof. O]
Corollary 6.19. V u € R% nz(u) = —7r(—nx(u)).

Proof. By independence of X and 7', we know:
ptnz(w) _ e X1, _ E [E (emTXTt T )} _ Eelinx(w) — o—té(—nx(w)
Then we finished the proof. m

6.4 Recurrence and Transience

Finishing the ordinator, let’s introduce another concepts, recurrent and transient:
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Definition 6.11. A Lévy process X = {X; : ¢t > 0} is:

(a) recurrent (at the origin) if li{n inf | X;| = 0 a.s.
— 00

(b) transient if lim |X;| = oo a.s.
t—o0

From definition, one can see it is not easy to show whether a Lévy process is recurrent
or transient, then the following criterion helps us to understand the concept:

Theorem 6.20. A Lévy process X = {X; : t > 0} is recurrent iff:

(a) Fora >0, lim, o+ fBa(O) iy ( > du = oo. (Chung-Fuchs criterion)

q—n(u)

(b) ¥ a>0, fBa(O) R ( ) du = co.(Spitzer criterion)

1
—n(u)

Proof. The proof is omitted since its complexity. O

Theorem 6.21. On (Q,F,P), X = {X; : t > 0} is a Lévy process with Lévy
symbol 1. ¥V u € RY, we set:

M} = exp (iu" Xy — tn(u)) ,Vt >0

Fizu € RY, M = {M, : t > 0} is a complex martingale with respect to FX.

Proof. (1) Integrability: E|M?| = Ee=®0W) < o0 V4 € RV ¢ > 0.
(2) Vue R% V0 < s < t, notice we could rewrite:
M = MY -exp (iu' (X; — X,) — (t — s)n(u))
Then, by independence and stationary increment of X, we have:

E (M | F) = My - E [exp (iu (X0 = Xo) = (¢ = s)n(uw)) | F]
= M"-Eexp(iu' X;_, — (t — s)n(u)) = M

Then we completed the proof. n

Theorem 6.22. On (X2, F,P), every Lévy process, X = {X; :t > 0} has a modifi-
cation, Y, that is RCLL, and also a Lévy process.

Proof. From 6.21, V u € R? M* is a martingale so V¢t > 0:

M = lim M/ and M}, = lim M 3 as.
s—1— s—1+
seQ s€Q

Now denote €/, = {w : at least one of the limits fail to exist}, then P(£2) = 0, also:
o= = P@)=0

ueQd
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Then we are going to work on ', V w € Q¢ V¢t > 0, choose increasing sequence {s,, : n €
N} C QF, such that, lim,,_, s, = t.We want to show that the limit is unique on this set
(since by construction is already exist), then assume { X, (w) : n € N} has accumulation
points XM := lim, Xsni and X® = lim;_, Xsnj. Then the existence of limits give:

1
llmM“ 3 = lim exp(iv' X,,) 3 = U T(XW - X)) eN,VuecQ!as.

n—00 m

This forces X" = X® a.s. Then X has left (right) limit on Q*. Now define:

lims—e+ Xp(w) ,w ¢
Yt<w) = SE(@+
0 ywe Y
One could verify Y is a mofication of X and also a RCLL Lévy process. O]

Following theorem shows a new way to construct Lévy process:

Theorem 6.23. On (Q, F,P), X ={X,:t >0} be a RCLL Lévy process adapted
to a filtration {F; : t > 0}. Let T be a bounded stopping time relative to {F; : t > 0}.
Set: X = Xpyy — Xp, VT >0, then:

(a) X is a Lévy process and is independent of Fr.
(b) Vt> 0, X\ L X, pointwisely.
(c) XT) is RCLL and is adapted to {Fp, :t > 0}.

Omitted since just similar to before.

Proof. (a) ForVA € Fr,Vu; € RUwith 1< j<n,V0=1t, <t <-- <t,, we have:

E llA €xXp (1 Z U;'F<XT+tj - XT+tj 1 ) 14 H 1Z+t H <Z5tjtj1(uj)]

j=1 T+tj 1 =1

, where ¢,(u) = Ee™ Xt and M = exp(iu' X; — tn(u)). Using:

M 1 .
E {114%} —E {1AMTE (M, | fﬂa)} = P(A)

T+a T+a
, to take conditional expectation w.r.t. Fryy, o, Frae, os-- -, Fr+t, to obtain:
n
E|[14exp (iZuj-T(XT+tj — X7y, )] =P(A Hgbtj_t] (uj)
j=1

Then, take A = Q,n =1 to get Eei' Xr+—X1) — Eeiv'X

(b) We have XI = 0. Take A =  to obtain the stationary and independence of
increments. The stochastically continuity follows directly from the stochastically
continuity of X. By change of variable v, = u,, vy = up — upy1, 1 <k <n-—1:

llAexp<z w)]_ exp(z X>] {1AE [exp (zx)]}
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As A € Fr is arbitrary, we have
E [exp (z ZUIXE;) | ]-"T] =E lexp (z Zv}XS)]
j=1 j=1
We can deduce that exp(i ) }_, vaXg ) is independent of Fr.

(¢) Immediately comes from RCLL of X.
Finally, we completed the proof. O]

6.5 Poisson Random Measure

Before we introduce poisson process, we first define jump process:

Definition 6.12. Let X = {X; : ¢ > 0} be a RCLL Lévy process. Set:
AXt:Xt—th, VtZO

Then the process:
AX ={AX;:t >0}

is called the jump process of X.

Now, the poisson process is certain type of Lévy in the sense that:

Theorem 6.24. Let N be a N-valued Lévy process. If N is increasing a.s. and
AN € {0,1}. Then N is a poisson process.

Proof. The difficulty is to recover the distribution, now we define a set of stopping times:
TO = 07Tn = mf{t > Tn,1 : Nt - NTn71 7£ O} — Tn,1 + mf{t >0: Nt+Tn—l - ]\/'TTH1 7£ O}
This is the time that the process jumps, from construction, {7,, — T,,_1 } are i.i.d. Then:

P(Ty > s+1) = P(N, = 0, N,y — Ny = 0) = P(N, = 0)P(Nysy — N, = 0)
= P(N, = 0)P(N, = 0) = P(T} > s)P(T} > t)

, V t,t > 0, then similar to 6.8, P(T} > t) = P(N; = 0) = P(N; = 0)*. Since we want the
probability finite, P(N; = 0) € (0, 1), then we denote as P(N; = 0) = e, A > 0. Then:

P(Ty >t)=e™ = P(N,=n)=P(T,y1 >t,T, <t)=P(T, 11 >t)—P(T), >1)
Lastly, using the gamma distribution to recover the distribution (do computation). [

More interesting, if we fix at any ¢, the process will not jump:
Lemma 6.25. If X is a Lévy process, then fized any t > 0, then AX, =0 a.s.

Proof. WLOG, assume X is RCLL, (or use its modification), then there exists:
{t, € Rt :n € N} with t,, T t s.t. X;, = X,

This gives us a subsequence Y}nk that converges to Y; a.s. then Y;_ =Y, a.s. O
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Remark 6.17. 1. This doesn’t mean Lévy process don’t have jump. Since we fixed t.
If we want to study the jump: P(3 ¢t,AX; # 0) =~ U,P(AX; # 0), the summation
of inifnite zeros may result in nontrivial.

2. It is possible that, > ., [AX,| = 00, a.s.

3. Moreover, for stopping time, AX7; = 0 a.s is not guaranteed.

Now, based on jump process, we introduce random measure:

Definition 6.13. Let X be a RCLL Lévy process in R%. V¢ > 0,V A € B(R?/{0}),
we define:
N, A)={0<s<t: AX (w) € A}

Then EN(t,-) is a Borel measure on B(R?/{0}).

In particular, we call p(-) = EN(1,-) the intensity measure of X.
Remark 6.18. 1. The function of N is to study the jumps of X.

2. If A € B(R?/{0}) is bounded away from 0, i.e. 0 ¢ A, then V¢ > 0, N(t,A4) <

+00,a.s. The proof can be seen from textbook lemma 2.3.4.

Then, using this definition, we could extend our result:

Theorem 6.26. For any A € B(R?/{0}) that is bounded away from 0, then:
{N(t,A):t >0}

is a poisson process with intensity pu(A).

Proof. Firstly, notice N (-, A) is increasing for every A, also AN(-, A) € {0, 1}, follow
from 6.24, we only need to show {N (¢, A) : ¢t > 0} is a Lévy process:

(1) Since N (0, A) = 1x,ca}, and A is bounded away from 0, then N (0, A) = 0.
(2) Note that N(t, A) — N(s, A) > n iff:
ds<ty<--<t, <t st. AXy, € AVI<j<n

This implies N(t,A) — N(s,A) € 0 (X, — Xy : s <v<wu<t). Thus its indepen-
dence of increments follow from X. Similarly, we have stationary of increments.

(3) Lastly, by independence and stationary of increments:

:If[P(N (%,A) —N((k;m) :0)

N(%,A) :0) VYneN, V>0

For any fixed ¢, set n — oo to obtain lim, ., P(N(t/n, A) = 0) = 0 or 1. However,
if Vit>0,P(N({ A =0) =0, then N(t,A) > 0 a.s., which contradicts right-
continuity. Then we recover the stochastic continuity at 0.
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Therefore, we completed the proof, following 6.24. O

Remark 6.19. If Ay, --- | A,, are disjoint in B(R?/{0}) and s, -+ , s, are disjoint, then
N(s1, A1), , N(Sm, Ay,) are independent.

After all the preparation, we come to random measure:

Definition 6.14. Let (£, F,P) be a probability space, S be a set. And A is an
algebra of subsets of S. A random measure, 9, on (5, .A) is a collection of r.v.s

{M(B) : B € A} if:
(a) M(D) =0.
(b) M(AU B) = M(A) +M(B) it AN B = 0.

Remark 6.20. A random measure is o-addictivity if (b) is replaced by closed by countable
infinitely addictivity.

Since its related to r.v., then we also need independence:

Definition 6.15. A random measure 9 is independently scattered if for disjoint
family By,---, B, in A, the r.v.s M(By),--- ,M(B,,) are independent.

More special, we are concerning with poisson random measure:

Definition 6.16. Let S be a set, S be a o-algebra of subsets of S, A C S be an
algebra. An independent scattered, o-finite random measure 9t on (5, S) is called
poisson random measure if:

V B e A,M(B) < +o0, and M(B) ~ Poi(.)

Remark 6.21. \(B) = EM(B) on B € A can be extended to (5, S) to a o-finite measure.

And then following theorem gives us why poisson random measure is important:

Theorem 6.27. Let S be a set, S be a o-algebra, \ be a o-finite measure on (S,S).
Then there exists a poisson random measure M on a probability space (2, F,P) s.t:

VAES, MA)=EM(A)

In this case A={A €S : \NA) < +o0}.

Proof. The proof is intentionally omitted. O]

Remark 6.22. 1. X be a RCLL Lévy process, S = RY/{0}, S = B(S), A = algebra
generated by subsets of S that is bounded away from 0. Then V ¢ > 0,90, (A) =
N(t, A) is a poisson measure with A\(-) = tu(-), (u(A) = EN(1, A)).

2. Set M([s,t] x A) = M(A) — M (A),V s < t, then M can be extended to a mea-
sure on (R, x (R4/{0}), B(R, x (R?/{0}))). (Also a g-additivity poisson random

measure)

3. Note the following relation: A(dt,dx) = dtu(dx).
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N(t,A) = N(t, A) — tu(A) is called compensated poisson random measure.

6.6 Poisson Integral

After defining measure, the natural extension is to check integral:

Definition 6.17. Let X be a RCLL Lévy process, N be the associated poisson
random measure. For Borel measurable mapping f : R? — R? and A that is
bounded away from 0. Then we define, the poisson integral:

/A f@N(dz) = Y f@)N(E {2})

, provided that the summation is finite a.s.

Then the difference between the normal integral is that /N has poisson distribution.
Remark 6.23. Quick recall:

( ) |{O<S<t AX EA}| Z 1{Xs yeA}

0<s<t

Therefore, we are surely curious about how to compute it?

Proposition 6.28. Let X be RCLL Lévy process, N be the associated poisson
random measure, A is bounded away from 0. We define a measure, V B € B(R?):

p,a(B) = p (AN f71(B))
Therefore, we have following conclusions:

(a) V>0, if [,|flu(dz) < oo, then:

/f N(t,dz)

has compounded poisson distribution with characteristic function:

E exp (zu / F@)N (¢, dz) ) ~ exp (t /R (T~ 1>Mt,A<dx)>

(b)) Vt>0,if [,|flu(dz) < oo, then:

E / F(@)N(t,dz) =t / f(@)u(ds

(c) Vt>0,if [,|flu(dz) < oo, [, |fIPu(dz) < oo, then:

(/f tdx)—t/u )Pu(dz)
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Proof. Notice once (a) proved, (b)-(c) can be derived by taking derivative. Then we focus
on (a), consider case f = Z;‘:l c;j1,, with disjoint A;. Using independently scattered:

Eexp (Zu / f(z)N(t,dx) ) = Eexp (iuTchN(t,Aj)>
j=1

:ﬁEexp (iu'c;N(t, A;) Hexp[ (“‘ Cﬂ—l) N(Aj)}
= exp [t/A (e“ﬁf(w) - 1) u(dx)]

Then for f € L'(A, pu|4) and f > 0, one can approximate using simple functions. And
for general function, we split into f = f* + f~, therefore we completed the proof. n

The reason why we introduce these tools, is to better understand Lévy process:

Theorem 6.29. (Lévy-It6 Decomposition)

If X is a d-dimensional Lévy process, then there exists, b € R, a d-dimensional
Brownian motion, B = {B; : t > 0} of some filtration {F; : t > 0}, a dxd matriz
Q, and an independent poisson random measure N on Rt x R*/{0}, s.t. V¢ > 0:

lz|<1

zN(t,dz) + / TN (t,dz)
|z|>1

Proof. Omitted since its complexity. O]

Remark 6.24. )B, is a Brownian motion with covariance matrix QQ .

6.7 Stable Random Variable

Lastly, we introduce one more concept related to poisson distribution:

Definition 6.18. A r.v. X is stable if there exists a positive sequence {¢, : n € N}
and a sequence {d,, : n € N} such that, Vn € N:

ixk & X +d,

k=1

, where X1, -+, X, are i.i.d. copies of X.

Moreover, X is said to be strictly stable if d, =0,V n € N.

Remark 6.25. 1. If exists, then ¢, = on!/® for some a € (0,2], o > 0, here « is called
the index of stability.

2. For normal r.v., we know: ¢, =~ oy/n, i.e. (o =2).

3. Any stable r.v. are always infinitely divisible.

Surprisingly, an infinitely divisible r.v. can always be characterised:
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Theorem 6.30. Let X be a real-valued stable r.v. with characteristic triplet
(a, A,v) then one of followings holds:

(a) If « =2,v =0, then X ~ N(a, A).
(b) If a € (0,2),A =0, then:

v(dz) = 127 70 (g 400) (2)dT + C2]T| T T L (oo 0)(2)d

, with ¢1,c9 > 0,¢1 + co > 0.

Proof. Omitted. ]

Remark 6.26. In second case, we have P(|X| > y) ~ y~* as y — +oo. Moreover:

E|XP = <+ ,p<«
= -0 p>a

One can also add stable r.v. into Lévy process:

Definition 6.19. A stable Lévy process (sometimes called stable process) is a Lévy
process, X = {X; :t > 0} such that V¢ > 0, X, is a stable r.v.

Remark 6.27. In some literature stable Lévy process is assumed to be rotationally
invariant. In this case, n(u) = —o®u|® with a € (0,2] and ¢ > 0. Moreover, if X is

strictly stable, then X has self-similarity in the sense that X, LY X, Vt>0.

6.8 Homeworks

The followings are exercises for this section: Note that all vectors are column vectors.

Problem 6.1. Let X = X;+ X5, where X; and X5 are independent r.v.s taking val-
ues in R? with X; ~ N (a,Y) and X, ~ Poisson(\, p1). Prove that the characteristic
function of X is:

1 )
¢x (u) = exp (z’aTu — iuTX)u + / A <ewTy = 1) u(dy)> ;
R4
where the integral is over R? with respect to the measure .

Problem 6.2. Prove that every Lévy measure is o-finite.

Problem 6.3. Let X be a Lévy process with the characteristic triple (a, A,v).
Prove that:

1. the measure 7 given by 7(A) = v(—A) for all A € B(R?) is also a Lévy
measure;

2. —X is also a Lévy process with the characteristic triple (—a, A, 7).
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Problem 6.4. For the standard ds-dimensional Brownian motion B = {B; : t > 0},
determine the Lévy symbol and the characteristic triple of X = {at+ PB, : t > 0},
where a € R4 and P is a d; x dy matrix.

Problem 6.5. Prove the following statements:

1. A Poisson process is always a subordinator.

2. A compound Poisson process is a subordinator if Z,, > 0 almost surely for all
n € N.

Problem 6.6. If X is a compound Poisson process, prove that for any ¢t > 0,

Z |AX | < 00, as.

0<s<t
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7 Brownian Sheets

Having journeyed from discrete to continuous time, and explored Markov and Lévy pro-
cesses, we now extend our gaze beyond one-dimensional time. The Brownian sheet is
the natural multi-dimensional analogue of Brownian motion, a Gaussian random field
indexed by R? whose covariance factorizes as []min(s;,¢;). This chapter navigates the
richer landscape of random fields, where linear order gives way to partial order, and famil-
iar tools like filtrations and martingales adapt into new, multi-parameter forms. We will
see how the Brownian sheet emerges as both a strong martingale and an integrated white
noise, offering a bridge between the one-parameter theory and the spatial randomness
that underlies fields like stochastic PDEs and spatial statistics.

7.1 Motivation

Recall that all we studied before is stochastic process, X = {X; : t > 0}, so naturally
the index, or time, should be nonnegative. However, what if we want to extend this into
more general spaces? Say R?? Is there any differences? And also what kind of problems
we have when defining this ”process”. This is actually called random field. Let’s start
with the easiest stochastic process, we have studied previously, the Brownian Motion:

Definition 7.1. Let {F; : t > 0} be a filtration on (€2, F,P). Then the continous
stochastic process B = {B; : t > 0} adapted to {F; : t > 0} is called d—dimensional
Brownian Motion if:

(1) Bg = 0g4,a.s.

(2) V0 <s<tB;—Bs~N(04(t — s)I;) and independent of F;

But in this definition, there is a hugh problem if we extend into higher dimension: the
comparision, how do we compare two time vectors in R?? Then check another candidates:

Definition 7.2. A continous process B = {B; : ¢t > 0} adapted to filtration {F; :
t > 0} is a standard brownian motion if:

(a) B is a zero-mean/centered Gaussian process.

(b) EB;Bs = min{s,t}.Vt,5s >0

This only asks us to check the distribution information, and also the covariance, which
are eaiser to be done in higher dimensions.

7.2 Formalisation

Then alongside above reasoning, we first give the definition of random field.
Definition 7.3. A collection, X = {X; : t € R}, of r.v.s is called a random field.

Remark 7.1. In case of d = 1, random field becomes stochastic process.
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Recall how we studied brownian motion, and also remember our obstacle, order:
Filtration — Martingale — Brownian Motion

And besides, we are going to concentrate into R since extension from this to higher/full
dimension is simple, but generalise from R, is the really difficulty.

Remark 7.2. We are going to use following notation, called partial order, <:

def.
s < t<t

(s,t) < (s',1)
(s,t) < (s',t) Ly o dt<t
Therefore, we first establish the filtration:
Definition 7.4. Let (Q,F,P) be a probability space, and {F, : z € R2} be a
family of sub-c-algebra of F and satisfying:
(a) If z < 2/, then F, C F,.
(

b) Fo contains all null sets of F.

(c

(d) ¥V z=(s,t) € R%, for o-algebras:

)
)
) VzeRE, F=,o, Fo
)

"rz(l):‘/T_‘soo:a(fsv:UGRJr)?Fz(Z):‘FOOt:O(FUtZUERJr)

, then FO | 7P | F..
(d’) An alternative of (d) is: V bounded r.v. X,V z € R?:

E(X|F)=E[E(X|FD)|FP]

Be aware that for stochastic preess, the 7.4’s(c) be can derived from 7.4’(a), which is not
true for random field. And following remark reveal the relation of this three o-algebras:

Remark 7.3. For A € FV'n F?| choose X = 1,4, then from 7A(d):
E(Qa| F)=E[E(@a | FY) | FP] =E (14| FP) =14

Then it means: A€ FVNF? = 1,¢ F. = Ae F, = FYNF® ¢ F..
For another inclusion, it can be seen from 7.4’s (d), then F, = FYnrF?,

Until now, a natural question is that is there "filtration” satisfied those conditions? Since
proving them rigourously is too demanding, we show its existence by providing example:

Example 7.1. On (2, F,P), considering two independent filtration: {.7:3(1) 1S €
R}, {F?  teR.}, thenV z = (s,t) € R?:

Fo=o (FOUFP u{A:P(4) =0})

, then this clearly satisfies 7.4’s (a)-(d).
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Here we give a more concrete example,

Example 7.2. Let {X(A) : A is rectangle in R% } be a collection of r.v.s satifying:
X (A1), -+, X(A,) are independent if Ay, --- , A, are mutually disjoint, then set:

F.=0(0(X(A): A=<2)U{A:P(A) =0})

, which also satisfies 7.1’s (a)-(d).

Confirmed with the filtration, we could further define the adaption:

Definition 7.5. A random field of X = {X, : ¢t € R} is adapted with respect to
{F.:2eRA}ifVzeR: X, € F,.

Moreover, measurable and progressively measurable process can also be formulated:

Definition 7.6. A random field of X = {X; : ¢t € R%}, adapted with respect to
{F.: 2z € R1}, is called measurable if the function:

(z,w) = X,(w)

, is B(R?%) ® F measurable.

Similarly for progressively measurable, since we won’t use it further then leave for reader
to verify. Next, we are ready to "try” to define the martingale:

Definition 7.7. A random field, M = {M, : = € R%} is a martingale relative to
{F.: z € R1} if followings hold:

(a) M is adapted with respect to {F, : z € R2}.
(b) V z € R3, M is integrable, i.e. E|M,| < +oo0.

(c) Vz=2 E(M,|F,)=M.,.

To proceed, we use following convention, V z = (s,t) < (s',t') = 2’ € [0, +00)?, denote:
(2,2 == (s,8] x (t,1]

Then getting this tool, we provide two remarks without narratively stating and proving:

Remark 7.4. 1. The increment of a random field X over rectangle (z, 2’] is:
X(z,z’] = Xs/,t’ - Xs’,t - Xs,t’ + Xs,t
2. A random field, X, defined as above, induces a random signed measure.

All of above seems smooth, but indeed, they are not "real” martingale that we want, to
modify some properties, we are more interested into weak/strong martingale:
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Definition 7.8. Let X = {X, : z € R3} be a random field that is integrable:
(a) X is a weak martingale relative to {F, : z € R2 } if:

(1) X is adapted with respect to {F, : z € R1}.
(2) V222, E(Xie | Fe) =0.

b) X is a martingale relative to {F, : z € R2 } if:
+
(1) X is adapted with respect to {F, : z € R%}.
2) V=2, E(Xy — X, | F,)=0.
(c) X is a strong martingale relative to {F, : z € R} if:
(1) X is adapted with respect to {F, : z € R }.
(2) Vz<7, E [X(Z,z/] | a( é”,ff))] —0.
(3) M, =0if 2= (s,0) or (0,1).

Beside, we can also introduce "martingale” with only one filtration:

Definition 7.9. Let X = {X, : z € R3} be a random field s.t. M, is integrable
V z € R2. For i =1,2, M is an i-martingale relative to {F! : z € R? } if:

(a) M is adapted to {F::z € R2}.
(b) Vz =2, E[X(. | Fi] =0.

Then a natural question is to ask the relations between these "martingales”:

Proposition 7.1. (a) A strong martingale is a martingale.
(b) A martingale is both a 1- and 2-martingale.

(c) A random field, that is both 1- and 2- martingale, is a weak martingale.

Proof. Let X = {X, : 2 € RZ} be a random field, then we proceed the proof:
(a) If X is a strong martingale w.r.t {F, : z € R2}, then X € F,,V z € R%, notice:
Xop =Xy = Xop — Xy — Xog+ Xop) + (Xop — Xop) + (Xop — Xs)
= X T X001 T (0,

Writing all of them in difference, we could use the proerties of strong martingale:
(1) For X. ., we simply use the property, note that F, C o (fz(l), ]:Z(2)>:
E[Xiw | F] =E[E[Xon o (FV, FO)] | F] =E[| ] =0
(2) For X((s,0),(s,¢)), Dote that F,; C ]—";10) Co ( 2(1)7}“52)>;
E [ X001 | Fo] = E [E [X«s,ox(sxt)l o (fs(,lo) Fuo )} Ifz} =0
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(3) Similar result for X, (.-

Then we finished proof of (a), since:

E[Xo = Xo | o] = B [ X o) + X)) + X s) | Fo] =0+0+0=0

(b) Let X be a martingale wr.t {F,:z € R3}, thenVz e R:, X, € F, C .7-"251),]:2(2):

E (X | FP] = B [Xow = X | FV| — B [Xow = X, | 7]
— E[E [ Xy = X | FO| | FO] — BB [Xo = X0 | O] | 7V
=EXypy —Xspv | For] —E[Xgs — Xt | Fot] =0—-0=0
This follows X is 1-martingale, then similar to 2-martingale we finish proof of (b).
(c¢) Let X is both 1- and 2-martingale, then for adaptivity:

X, eFV) = o(X,) c FY

(1) (2) _
X O s o(xy O — 0(X.) C F! ﬂ]—"z = F,

, so X, € F,, and integrability follows from construction, lastly:

E[Xo) | ] =E[E[Xpw | FU]|F] =E[0|F]=0

Therefore, we completed the proof. n

Remark 7.5. Generally: 1- and 2-martingale # Martingale # Strong Martingale.

After all preparation, we could add distribution into random field, now we introduce:

Definition 7.10. Let X = {X, : t € R%} be a random field. If V n € N, V disjoint,
A0 oo #@) 2 Ri, the joint distribution of X,u), -+, X;w is Gaussian, then X is
called a Gaussian Random Field.

Recall 5.3, for BM = adapted + centered gaussian + EB;B, = min{s, ¢}, then:

Definition 7.11. A centered Gaussian random field, Z = {%, : t € R%} with
convariance function, V s = (s1,- -+ ,84),t = (t1,- - ,tq) € R%:

d
ES,. %, = H min{s;, ¢;}

J=1

, is called a Brownian sheet (d, 1).

Remark 7.6. Notice that if B and B’ are two independent Brownian motion, and since
EB:Bs; = min{s,t} and EB}B/!, = min{s’,#'}, then define X; = B;B} is not a Brownian
sheet (since it is not Gaussian).

Also recall 5.1, BM = adapted + independence increment + B; — By ~ N (0,¢ — s):
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Definition 7.12. Let (S, S,v) is a o-finite measure space. A random set function
Won{AeS:v(A) <+oo}, satisfying:

(a) W(A) ~N(0,v(A)).
(b) If AN B =0, then W(A) L W(B) and W(AU B) = W(A) + W(B).

, is called a white noise based on v.

Remark 7.7. If W is a white noise with v = Lebs, set X; = W ((0, 1] x - -+ x (0,14]), here

t=(t1, - ,tq) € RY, then {X; : t € R1} is a Brownian sheet w.r.t {FX :z e R%}.

A natural question is to ask can we recover brownian motion through brownian sheet:

Proposition 7.2. Let 8 = {%, : t € RL} be a Brownian sheet w.r.t {F, : z € RL}:
(a) By =0 a.s. ifty---t;=0.

(b) Set Xy, = (ty---ta) > By fort = (t1,--- ,ts) € RL, if we fiw ty, -+ ,tq, then
X ={X;:t, € R} is a standard Brownian motion w.r.t {F; : t; € Ry}.

Proof. The proof is simple, since we just need to check conditions

(a) 0 <EZ? = H?thj =0 = %?=0as.

(b) Eththl = (tg T td)_l E'%th"- ,td'%t/l,"' 2 min{tl, tll}
Then we finished the proof easily. O]
Besides, we want to introduce a sample path property of Brownian sheet:

Proposition 7.3. A Brownian sheet has a modification, which has continuous
sample paths.

Proof. The key tool is Kolmogorov Continuity Theorem for Random field, and the idea
of the proof is to find:

E|%B, — B,|* < C-|t—s|
Then recover the modification so that continuous sample paths. O
Lastly, we present the theorem connect Brownian sheet to martingale:

Theorem 7.4. A Brownian sheet & is a strong martingale w.r.t. {.7-;%) 1z € Ri},
where FZ = 0 (0 (B : 2/ < 2)|J Foutt), here Fpuy = {A € F : P(A) = 0}.

Proof. We only present the idea of the proof:
(1) For disjoint rectangle A = (z, z’],fl = (2,7/], check EB.B; =0 — B, | B;
(2) B, =0,t = (t1,t2) with t; =t5 = 0.
(3) Check E [@w} o (f,ﬁ”,fz(”ﬂ —0,Vz <2

And readers are encouraged to complete the proof. O

Remark 7.8. Lévy process can also be extended to random field but too complicated.
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