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Lecture 0: Probability review

LECTURE 0: PROBABILITY REVIEW

References  Cinlar (2011, §1-2)
Paolella (2007)

In this section we summarize a (hopefully useful) review of concepts which can serve as a basis for
the following lectures.

0.1 Probability spaces

Let F be a set, we want to define some useful quantities to build the notion of a probability space,
that is, a space onto which a probability measure can be defined.

Def. (Sigma-algebra)

A non-empty collection £ of subsets of FE is called a o-algebra on FE if
a) Fe&

b) (Closure under ¢) A€ & = A°c&

¢) (Closure under N) A;, Ay,... € £ = U A, eé&

n=1

Remarks
> Every o-algebra on F includes E and ) at least, indeed £ = {0, £} is called the ¢rivial o-algebra.
> Conversely, the maximal sigma algebra on F is given by the power set of E denoted by Z(FE).

> A countable (or uncountable) intersection of o-algebras on E is again a o-algebra on E. Given
a collection C of subsets of E, we define the o-algebra generated by C as the intersection of all
o-algebras £ on E which contain C,

aC)= () €

£.cce

> If E is a topological space, then the o-algebra generated by the collection of all open subsets
of E is called the Borel o-algebra and is denoted by B(E). B € B(FE) is called a Borel set.

> Given two sets F and F with o-algebras £ and F, we can define the o-algebra generated by
the rectangles on E x F' as

EQF=0({AxB:ACEBCFY}).
Moreover, if £ and F are the Borel o-algebra on R, we have

B(R) ® B(R) = B(R?).

With the above definition of a o-algebra, we can now define the basic type of space onto which a
probability measure can be constructed.

2021-10-11
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0.1 Probability spaces Lecture 0: Probability review

Def. (Measurable space)

A measurable space is a pair (E, ) where E is a set and £ a o-algebra on E. Elements of

& are accordingly called measurable sets.

Let E and F be sets. A function f : E — F'is a rule that assigns an element f(x) € F' to each
x € E. We are interested in a particular class of functions, namely those which are related to the

sigma algebra defined on the spaces F and F.

Def. (Measurable function)

Let (E,€) and (F, F) be measurable spaces. A mapping f : E — F is said to be measur-
able wrt to £ and F if for every B € F,

fYB)eé&.

Prop. 1 (Measurable functions of measurable functions are measurable)

If f is measurable relative to & and F and g is measurable relative to F and G, then
gof:E — G given by go f(z) = g(f(z)) is measurable relative to € and G.

Proof.
For C € G, we have that (go f)~}(C) = f~*(g7'(C)). Now, g~'(C) € F since g is measurable, and
therefore f~!(g7(C)) € € by the measurability of f.

O

Remark If pis a measure on £ and f : E — F' is measurable wrt to £ and F', then f induces a

measure i on F given by
i(B)=u(f~1(B)), BeF.

A probability space is a triplet (2, F,P) where Q is a set (set of outcomes), F is a o-algebra on
(set of events), and P is a probability measure on (2, ). Mathematically, a probability space is a
measure space where the measure has a total mass of one.
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The probability measure has the following properties, which are verified for all finite measures:
(Norming) — P(0) =0,P(Q) =1,P(H) =1—P(H")
(Monotonicity) ~ H C K = P(H) < P(K)
(Finite additivity) ~HNK =0 = P(HUK) =P(H) +P(K)

(Countable additivity) (Hp)nen disjoint = P( U H,) = ZIP’(HH)
neN neN

H, *H = P(H,) »P(H)
(Sequential continuity)

H,\ H = P(H,) \,P(H)

(Boole’s inequality) P( U H,) < ZP(Hn)
neN neN

0.2 Random variables

Def. (Random variable)

Let (E,€) be a measurable space. A mapping X :  — F is called a random variable
provided that it be measurable relative to F and &, that is, if for every A € &,

X1 A)={XecA={weQ: X(w)e A} € F.

In general, we say that X is E-valued with the o-algebra £ that is understood from context.

Def. (Distribution of a random variable)

Let X be a random variable on (E, &), then we define the distribution of X as the image
of p of P under X,
n(A) =P(X '(4))=P(X € A), A€k

Let X be a r.v. in (E,&) and let (F,F) be another measurable space. Let now f : E — F a
measurable function relative to £ and F, then the composition Y = fo F

Y(w)=foXw)=f(Xw)), we

is a random variable taking values in (F,F) (Prop 1). If p is the distribution of X, then the distri-
bution v of Y is v = po f~1:

v(B)=P(Y € B)=P(X € f'(B)) =u(f"(B)), BEF.
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Def. (Joint distribution)

If X and Y are random variables on (E, &) and (F,F) respectively, then Z = (X,Y) is
random variable on (E x F, £ ® F) and the distribution of Z is called the joint distribution
of X and Y, which is fully specified by

W(AXB):]P’(XEA,YEB), forall Ac &, BeF.

Def. (Marginal distribution)

If Z=(X,Y)isarv.on (FEx F,€®F) that has joint distribution 7, then the marginal
distributions of X and Y are, respectively,

WA =m(Ax F) and v(B)=n(E x B).

Def. (Independence)
With the previous assumptions, X and Y are said to be independent if their joint distri-

bution is
P(X €AY eB)=P(XcAP(Y eB), Ac& BeT.

Remark An arbitrary collection (countable or uncountable) of random variables is said to be
independent if every finite subcollection (X;,,...,X;, ) is independent.

If X is a random variable, then its integral w.r.t. the measure P makes sense to talk about, since by
definition it is F-measurable.

Def. (Expected value)
The integral of X w.r.t the measure P is called the expected value of X,

E[X] Z/QX(W)P(dOJ)Z/QXdP.

If E[X] < oo then X is said to be integrable.
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NN
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v

Figure 1: The integral P(X) is the area under X, the expected value E(X) is the constant
“closest” to X.

Theorem 1 (Law of the unconscious statistician)
If X is a rv. on (E,E) and f is E-measurable, then

E[£(X)] = / £(X (@) P(dw)

Q

Remark Choosing f(X) = 14, we find that E[1,(X)] =P(X € A).

0.3 LP spaces

Def. (p-norm)
For p € [1,00) we define the p-norm of X to be

1/
1X1, = E[IX ],
and for p = co we define it as the essential supremum of X

| X]|oo = inf {|X| < b almost surely} .
beRT

Remarks
> | X[, =0 = X =0 almost surely.

y |leX|p, = ¢||X]p for > 0.

We have a very famous theorem which defines the relationship between different random variable

norms.


https://en.wikipedia.org/wiki/Law_of_the_unconscious_statistician
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Theorem 2 (Hélder’s inequality)

FOTpa(IvTG []-,OO) such that%-{—%: 1

r?

XY [l < [1IX1p[1Y [lg,
in particular for v =1,p = 2,q = 2 we have Schwartz’s inequality

XYl < 1 Xl2/[Y 2

Theorem 3 (Minkowski’s inequality)
Forp € [1,00],
X+ Y, < [ X]lp + [1Y]lp-

Lemma 1 (Jensen’s inequality)

Let D be a convex subset of R¢ and f : D — R be continuous and concave. If X1, ..., X4
are integrable r.v. and (X1,...,Xq) € D almost surely. Then,

E[f(X1,...,Xa)] < FB[X1),. .., E[X4]).

0.4 Generating functions

References Paolella (2007, §1)

Various integrals of interest are obtained by choosing an appropriate function g : R x R — R of two
variables, (¢, X), and are usually viewed as a function of ¢ after integration wrt to X,

Blo(t.X)] = [ g(t.2) dFx(a).
Some notable examples of these functions include the following:
> n-th moment: g(n,z) = 2" = E[X"]
> n-th abs. moment: g(n,z) = |z|" = E[|X|"]

> Probability-generating function: g(t,xz) = t* = G(t) = E[t*]. This function is useful for
discrete random variables, since
1 9

- p(k) =P(X = k) = - - 5. G(t)|

t=0
- Gx =Gy = px =py.

— The kt* factorial moment is


https://en.wikipedia.org/wiki/Concave_function
https://en.wikipedia.org/wiki/Factorial_moment
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— If Mx(t) is the moment-generating function of X, then
Gx(e") = Mx(t).

— If N ~Py and Sy = vazl X;, with X; id Px and N 1L X;, then using the law of total
expectation we have

Gsy (t) = Ep, [EPX [t X \NH = Esy [Gx ()] = Gn (Gx(1)).

0.4.1 Moment-generating function

Def. (Moment-generating function)

The moment-generating function (mgf) of a random variable X is the function ¢ — e
and is said to exist if there is an h > 0 such that

For all t € (—h,h), Mx(t) < co.

Remarks

» If Mx(t) exists, then the convergence strip of Mx (t) is the largest open interval such that
MX (t) < 00,
sup {(—h,h) : Mx(t) < oo Vte (—h,h)}.
h

> For a location-scale family, if Z = 4+ 0X we have that

Mz(t) = E[e!HoX)] = e My (at).

> If N ~Px and Sy = Zf;l X;, with X id Px and N 1L X;, then again by using the law of
total expectation we have

MSN(t) =Ep, |:]EIP’X [etzﬁ\;l X1|N]] =Ep, [Mx(t)N] = GN(Mx(t)).

Theorem 4 (Existence of absoute moments)

If Mx(t) exists, then for all r € (0,400) we have that

E[IX|] < oo.

It can be shown that the derivative operator can be moved inside the expectation, and the moment-
generating function can be used to compute the k™ moment of X.


https://en.wikipedia.org/wiki/Law_of_total_expectation
https://en.wikipedia.org/wiki/Law_of_total_expectation
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Theorem 5 (Generation of moments)

If Mx(t) exists, then we can write

9 _ Onrax) _ g |9 x| _ prxiotx

9 mx(t) = 2E[C ]E{ate _ E[XVetX],
: 0

and therefore E[X7] = @MX (t) o’

Example (mgf of DUnif(¥))
Let X ~ DUnif(9), i.e. X is discrete with pmf

1
px(7;9) = 5]1{1,2,...,19} (z).

Then, the mgf of X is

9
Mx(t) =E[e¥] = %Zetj.
i=1

From this, we can easily calculate E [X ] simply by deriving wrt to ¢

Example (mgf of Unif(0,1))
Let X ~ Unif(0,1), then we find that the mgf of X is

1
1
Mx(t) :/ et do = z(et —1),
0

which exists finite for all ¢ € (0,1). Since the Taylor expansion of Mx (t) around zero is

el —1 40 1 2 © @ t  t2 =Y
=t —F... =1+t —+...=
i t(+2+6+24+ > ToTE T jz::o(j+1)!’
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we have that the " derivative has only the r*" term constantly equal to 1 in ¢ at the

numerator, and therefore
1

r+1

E[X"] =
For the multivariate case, we have a straightforward generalization of the mgf using vector notation.

Def. (Multivariate moment-generating function)

Let X be a multivariate r.v, then its moment-generating function is

Mx(t) = E[e X].

Theorem 6 (Sawa)

Let X1, X2 be r.v.s such that P(X1 > 0) = 1 with joint mgf Mx, x,(t1,t2) which ezists for
t1 < e and |ta| < e, € > 0. Then, we have that

E[(%)k] _ F(lk)/_o (—t1)k_1 [%Mm,xz(tlat?) o dty.

oo 2

0.4.2 Cumulant-generating function

Def. (Cumulant-generating function)

Let Mx (t) be the moment-generating function of a r.v. X. Then, the cumulant-generating
function Kx(t) of X is
Kx(t) = log Mx (2).

Remarks

» It S, = >0 | X; with X; i.i.d, then

Ks, (t) = nKx(t).

> The j** derivative of Kx evaluated at t = 0 is the j** cumulant of X,

o7

ki = o Kx®]

where if p; = E[Xj ], the first four cumulants are given by (Pace and Salvan, 1997):
K1 = M1,
Ky = pg — pi,
K3 = p3 — 3papia + 2413,

Ka = pa — 3p3 — dpaps + 1203 o + 6pf.


https://en.wikipedia.org/wiki/Cumulant
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Example (cgf of a N'(u,o0?))

For X ~ N(p,0?) we have that the moment-generating function is

t2 t2
Mx(t) = et — Kx(t) =log Mx(t) = ut e

Therefore, the first two cumulants are

o= gut+ot)| o o=n

t=0

Other examples of cgf’s can be found in (Paolella, 2007, pp. 8-10).

10



Lecture 1: Convergence and limit theorems

LECTURE 1: CONVERGENCE AND LIMIT THEOREMS
2021-10-14

References  Gut (2009), first portion of the course
Email: stefano.pagliarani9@unibo.it

The course will be focussed on the stochastic processes portion of probability theory, after a brief
reminder of limit theorems, conditional probability, and measure theory.

1.1 Convergence of random variables

Convergence of random variables is a little bit trickier than just real numbers.

Notation: AC is the set of absolutely continuous probability measures wrt the Lebesgue measure.

> Absolute continuity: if p € AC is absolutely continuous, we write
u(dz) = f(z)da
> Integration in measure spaces: Let X ~ p, then by a theorem we have

E[f(X)] = | f(n(a), (1)
and we can differentiate between two types of distribution:
a) p discrete = E[X]| =3 xp(z)
b) pe AC = E[X]| = [puz- f(z)dx

Example (Intuition of convergence)

Consider u,, = Unif[o, 1] for n € N, and it is absolutely continuous w.r.t. Lebesgue measure.
This means that it admits a probability density which is defined by

n ifx €0,
0 ifxég]o,

}
}

Hn (dx) = dx

3= 3=

It is intuitive to think that the measure is converging to a spike in zero, i.e.
n—oo

Hn — 50a

where 0, denotes the Dirac delta distribution centered in x, such that ¢,({z}) = 1. We
need to mathematically characterize this type of convergence in a more formal way than by
intuition.

Maybe it could be that for any Borel set A C B(R),

pin(A) 7= 80(4),

11
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but unfortunately this is wrong since we can see that, for A = {0} and for all n € N:

un({0}) = 0 # 1 = d60({0}).

So we can either throw out the idea that the uniform converges to a Dirac delta, or change
the definition of convergence to accommodate for the behaviour in Figure 2.

Moreover, assume now that X, ~ g, such that u, ——» 8§, what can we say about the
properties of X,,? In general (as we will see afterwards), this depends on the specific type of
convergence that we assume.

1/41/2 1 =

Figure 2: Convergence of the sequence of uniform distributions to the Dirac measure in zero.

Def. (Convergence in distribution)

Let (1n)nen be a sequence of distributions on (R?, %). We say that p,, converges in dis-
tribution to another distribution p,

d
M — |4,
if, for any possible choice of test function f € Cy(R9),

n— oo

f@)pn(dr) —— [ f(x)p(dz).
R Rd

This convergence is in the sense of standard real analysis.

Notation: Cj(R?) is the set of continuous bounded functions

Remark All test functions f define a measure when integrated wrt to u,(dz), and when all said
measures are equal to those obtained by integrating against another distribution u, then we obtain
the convergence in distribution.

Example (Uniform distribution)

12
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Consider i, = Unifjy 1) and p = do, take any function f € Cp(R) and compute
1
[ 1@t = [ 1@)-n-da
0

=n- /[O,i] f(x)dx

The last equality holds since f is continuous, and by the mean value theorem we can approx-
imate it by the left extrema. However, by definition of the abstract integral wrt the Dirac

delta function we have that

10) = [ f@holao),
which proves that g, BN .

Remark If A € Z(R?) is an event and y is a distribution, then

p(a) = [ 1a(@d,
Rd
where 1 4 is the indicator function such that

14 (x) 1 fzecA
A\T) =
0 otherwise

Had we used f ¢ C,(R?) instead, then we could have chosen f = 140} and convergence in distribution

would not have been satisfied. The example below shows another case in which another type of

convergence is useful in order to characterize a common-sense behaviour of random variables.

Example (Sequence of Dirac functions)
Consider p, = 61/, and p = dp, then it is clear that this is a discrete measure that in some

intuitive sense converges to zero. If we choose f(x) = 1oy, then we find that

[ 1@aldz) = [ 10)(@)8(dz) = 10y () =0 Vi,
R R

and therefore does not converges to dg.

Recall: A random variable is such that the event (X,, € A) € F,, which means that the function

is measurable.

13
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Def. (Weak convergence of random variables)

Let (X, )nen be a sequence of random variables, X,, : (Q,, Fn,P,) — (R%, %). Let now X
be a random variable on ({2, F,P). Then, we say that X,, converges weakly/in distribu-
tion/in law, X, 4 x , if their measures are such that

d
Mx, — pX-

Remark By the definition of expected value in Equation (1), a family of random variables (X}, )nen
is such that, for any f € Cy(R?)

n—oo

X, L X = E[f(X,)] 2= E[f(X)].

This is however the weakest type of convergence out of all those that we will consider, since in other
cases the probability spaces might be different.

Def. (Stronger definitions of convergence)

(X )nen sequence of random variables and X a r.v., all defined on the same probability
space
X, X : (, F,P) — (R, B).

Then we say that

a) X, converges in LP to X, and we denote it by X, 2 xif X,, and X are random
variables in LP = {r.v. on (Q, F,P) : E[|X|?] < oo} and

1 Xn — X|lr =220,
where || X||» = E[|X[P]7.
b) X,, converges in probability to X, and we denote it by X,, Lo X ifforall e > 0,

lim P(|X, — X|>¢) =0.

n—oo

¢) X, converges almost surely to X, and we denote it by X, L X
P( lim X, =X) =1,
n—oo
where the event inside P is in the sense of real analysis,

{w €N X,(w) == X(w)}7

which can be proven to be a measurable set and therefore a valid event.

Remark The LP norm of the difference induces a distance between functions in the sense of func-
tional analysis.

14
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Example (Difference in interpretation)
Consider a Bernoulli game where we equally bet on an outcome +1. The second type of
convergence does not tell us that almost surely our gain will converge to zero, but rather

that we can set a small tolerance and find some n such that our gain will be smaller than
that.

The following inequality is a basic tool for probability, which will be useful later on.

Theorem 7 (Markov’s inequality)
Let X be a r.v. and X\ > 0, then

E[|X7]

P(IX]> ) < —5—,

p=>0.

Proof.
If E[|X|P] = oo, then there is nothing to prove. If instead E[|X[P] < oo, then since 1, is either 1 or

0 we have
E[|X[P] > E[IX|” - 1jx>x]

> E[N - 11x)>,] (since | X| > )

Corollary 1 (Chebyshev’s inequality)

By choosing p = 2 and considering the random variable X —E[X], Markov’s inequality states
that

PHX—E[XH S /\] < E“X _);E[Xm _ V)[\)Q(}

Theorem 8

Under the according assumptions for X,,, X we have the following set of implications:
LX, 25X = X, 5 X = X,-5LX.
2. X, i>X = there is a subsequence Xy, such that X, L, 3%,
3 X, -HX = X, 5 X iff ux = 6a,
L X, B x — x, Dx

1
5. Xy X = X, 5 X iff |X,| <Y eLP

Proof.

15
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1. :P(|X,, — X| > ¢) =E[1|x,_x|>c] and the indicator function converges to zero

as n — oo by assumption. Since 14 is bounded, by the dominated convergence theorem the
integral (expectation) also converges to zero.

4. : Follows as a consequence of Markov’s property, since we can majorize the prob-

ability by the expected value

Thot B[ X — XPP] [ X0 = X[y noso

P(|X, — X| > ¢) > =

0.

where the convergence to 0 is a consequence of the LP convergence assumption.

Example (A.s. does not imply LP)

Let m € R and X,, = n™1}, 1) on the probability space ([0,1],%([0,1]), Ajo,1j) — R, and
let’s try to establish some convergence for the random variable X,,.

> If w > 0, then we can find some 7 such that X, is equal to zero:

> If w =0, then
X,(0) =n™ =2 400, for m >0,

however the event {0} has null probability since we have a uniform distribution on
[O, %] at all steps of the limit, and as such we have

P, ({0}) =0 forallneN.
Therefore, the set of limit elements for absolute convergence is
{w €0 Xo(w) 2 X(w)} =\ {0}.

Since P( lim X, = X) =P(Q\ {0}) = 1, we have that

n—,oo
X, 2 x=0 (= X-5X).
On the other hand for LP convergence we have that

E[|Xn — X[7] = E[|1Xn]"]

—/ n"™? 11 1y(z)dz
[0,1] "

16
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We conclude that X, X = mp—1<0 < m < 1/p, but we always have

almost-sure convergence for any m > 0.

Example (Gaussian distribution)

Consider N, ,2 = ¢, ,2(x)dz, with

Consider now a sequence of real numbers p,, — i and a sequence of real numbers o,, — 0.

X

Figure 3: Convergence of the normal distribution to the Dirac delta function.

d . . .
So we can expect that N, , —0,. As an exercise, prove this convergence (use a simple

change of variables).

However, for the Gaussian case we can prove something stronger: if X,, ~ N, , and X =p
we can prove convergence in L2. Using the triangle inequality, we can write

EHXn - ﬂ|2] < EHXn - ﬂn|2 [ = N|2]7
—_———

—0

and since E[| Xy, — pin|?] = V[Xy] = 02 27 0, we also have L? convergence.

Exercise: prove that M, N 0y if iy — p and o, — 0.

ns0n

Proof.
Consider any test function f € Cy(R), then if () is the pdf of a Np; distribution we have that

/ [(@)N,,, o, (dz) = / f(x)- S i (w — Mn) dx (abs. continuity)
R R On (o

n

1
= / flony + pn) -7 —0(y)dy (change of var.).
R /g/n

Since both f and ¢ are bounded the function ¢ — f(t)¢(t) is bounded by ¢(t) = maxy f(t') - p(t),
which is Lebesgue integrable and the dominated convergence theorem can be therefore applied to
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1.1 Convergence of random variables Lecture 1: Convergence and limit theorems

obtain the following equivalence

lim [ f (ony + pn) p(y)dy = / Jim fony + pn)e(y)dy = f(u)/so(y)dy: F(u)-
R R R

n— oo

Therefore we have convergence in distribution to J,, by definition of the abstract integral wrt the
Dirac measure.
O

Def. (C.d.f. of a distribution)
Given a distribution p on R, the cdf of p is the function F), : R — [0, 1] defined by

F, () = u((—o0,a]).

Remark Among all known properties such as monotonicity, boundedness, etc, the most important
for what follows is the property of right-continuity.

\

Figure 4: Right-continuity of the cumulative distribution function.

Def. (Cumulative distribution function)

Let X be a real-valued random variable, then the cumulative distribution function
(CDF) of X is the function Fx : R — [0, 1] defined by

Fx(z) =F,(z) =P(X <)

Since the property of convergence in distribution is quite hard to prove for any bounded test function
f, we want to characterize this property with respect to something else in order to make it easier to
check it.

Example (Cdf of a uniform distribution)
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1.1 Convergence of random variables Lecture 1: Convergence and limit theorems

Let pi, = Unifjy 15, then the cdf is

0 ifx <0
Fo(z)=qnz if0<z<i
1 ifz>+

N S i I I I I
NS | boccoocnoocoo o000 oo

1 %

Figure 5: Convergence of the cdf of the uniform distribution to the unit step function.

The Dirac delta measure has a very simple cdf given by the unit step function,
F(Z‘) = ]1[0,00)(1‘),

and in this example we have convergence of F, () — F(z) in all points z € R except for
x = 0, since F,,(0) =0 for all n € N.

Theorem 9 (Characterization of -4, using the cdf)

Let (pn)nen be a sequence of distributions and p be a distribution, then we have that

n—oo

o~ = F () —— F(x),

for all x that are points of continuity of F,.

Proof.
No.
O

Remark There can also be convergence in points of discontinuity, but it is not guaranteed in

general.
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1.1 Convergence of random variables Lecture 1: Convergence and limit theorems

Example (of convergence in the points of discontinuity)

ltn, = 0_1, then it is clear that in this case also p,, — dp, and continuity is guaranteed for
all points > 0. However, in this case the cdf is such that

F,,(0)=Fs ,(0)=1 forallneN,

n

therefore lim F), (0) = 1 and convergence is satisfied both in the points of continuity as
well as in the point of discontinuity of F.

Let us now discuss another important function when dealing with real-valued random variables,
which also allows a convenient characterization of —%».

Def. (Characteristic function of a distribution)

Let p be a distribution, then we say that the characteristic function (CHF) of p is the
function ¢ : RY — R defined by

Def. (Characteristic function of a random variable)

Let X be a random variable with distribution x on R?, then the characteristic function
of X is the function ¢ : R — R defined by

Px (1) = Pux () = E[e"X™].

Remark If u € AC has density f, then we can write it exactly as a Lebesgue integral and it equals
to a scaled and “slowed” version of the Fourier transform,

o(n) = /Rd ') f(z)dx.

Theorem 10 (Lévy, characterization of LN using the CHF)
Let (pin)nen be a sequence of distributions and p be a distribution, then

n—oQ

d
a) pn ——p = on(n) = @(n) for any n € R%.

b) ¢ e, @ everywhere, with @ continuous in n = 0, then ¢ is a CHF of a distribution
wand pu, BN L.

Remark CHF’s have some interesting properties, most notably

L. ¢(0) = 1 since E[e!*®] =E[1] = 1.
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1.2 Limit theorems Lecture 1: Convergence and limit theorems

2. px is continuous in v = 0, which we can check by the limiting procedure

)
li = =1.
lim ox (n) = ¢x(0)

Since € = cos®d + isind is always equal in norm to 1 (Euler’s formula), we can apply the

dominated convergence theorem

lim E[¢"X] PETE[ lim /X7 = E[1] = 1.

n—0 n—0
1.2 Limit theorems

Notation: If (X,,)nen is a sequence of random variables, we define the partial sums and partial
means by

Sp=X1+Xo+ ...+ X,

M, = S, /n.

Theorem 11 (Law of large numbers)

Let (X,)nen be a sequence of random wariables in L'(Q,P) that are i.i.d with mean
E[Xn} = u, then
> (Weak L.L.N.) M, —d>,u and therefore M, i)u since u is a constant.

» (Strong L.L.N.) M,, =% u

Proof.

We only prove the weak form since the strong one is very difficult. However, even for the weak form

we would have to prove Lévy’s theorem, which is also quite difficult. We will use the following lemma
for proving the weak law of large numbers:

Lemma 2 (First derivative of the CHF)

For the CHF of a random variable X we can

84)0)( (77) _ ﬁ inX
877 - anE [e }
= E[ﬁe”’X} (DCT since)
an
=E [iXei"X]

And computing this value in n = 0, we have that

0

377%((77)‘ =iE[X].

n=0
We want to prove that the CHF of M,, converges to that of ,, and then use Lévy’s theorem:

Tim_par, (n) = €™ = E[e].
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1.2 Limit theorems Lecture 1: Convergence and limit theorems

Start by explicitly writing the CHF of M,,:

e, (n) =E [ei"% T %]

j=1
=E [eigxl]" (i.i.d)
N\n
- <P(g) :
Using Lemma 2 we can apply a Taylor expansion of ¢, around n = 0:

e, (n) = (1 + %iu + 0(711))”

n—oo

——=30
——
, 1
mu+mn- 0(7)
- (1+ )
n
— e (standard limit)

O

Remark Had we also assumed that X,, € L?(Q2,P) with V[Xn} = 02, then this would’ve become

a one-line proof since

LQConverg‘
2 2
E| M, —
P(|M, — | > ¢) SM:%W_O%O_
3 ne

Using this, we have convergence in L? which implies L and -%. These inequalities are useful as a
very basic estimate of the speed of convergence for Monte Carlo simulations and confidence regions,
in order to provide error bounds. However, proper estimates are more refined and will be discussed
later on.
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Lecture 2: Central limit theorems

LECTURE 2: CENTRAL LIMIT THEOREMS
2021-10-21

One could already be satisfied with the LLN, which describes the behaviour of the empirical average
M,,. However, this doesn’t tell us what the distribution of M, will look like as n — oo.

Given the ways we saw in the examples, how does the law ppr, approach (¢

We can first compute some quantities related to M,,:

We will try now to normalize the empirical average and see what we obtain as a result:

i = Ma—p VM —p)

nT sd(M,,) o

Theorem 12 (Central limit theorem)

Let (X,)nen be a sequence of i.i.d r.v. in L?(Q,P), i.e. with finite variance, then we have
that the normalized empirical average M, is such that

~ d
M, —>N071.

Proof.
We use the following lemma for proving the central limit theorem:

Lemma 3 (Second derivative of the CHF)
We have that if X € L2(Q,P),

0? O i inX
8772%((7]) = %E[ZXB K ]
= —E[X2e"X] DCT ifE[X?] < o0

And by computing the derivative in n =0,

9? 9
877290)((77)‘”:0 = —]E[X ]

Consider p = 0,02 = 1 which is not restrictive by the properties of the normal distribution.

g

My —p 71,2?—1)9—#:12":(&—#)
ag n]_l ag
ZJ

and the Z; are such that E[Zj} = O,V[Zj} =1
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Lecture 2: Central limit theorems

Now, the CHF of M,, = Sn/+/n can be written as

= E[einXi/Vr]" (ii.d)

172 1
=(1+==—-(-D+ 0(7) (Taylor + Lemma 3)
2n n
1 1)\ "
—3n+n-o(3)
n—oo 7ﬁ
e 2

which is the characteristic function of a Np; random variable. The second-order expansion of ¢x,
does not contain the first term since the E[Zj] =0, and we use Lemma 3 for the variance.

O

Remark We can think of the CLT as telling us that for large enough n,

V(M — )

d
e N./\/'o71 = M, NNIM% —>6H'

We had already computed the expected value and variance,.r the CLT also tells us the shape of the
distribution. Moreover, since S,, = n - M,, we also know that the partial summations behave as a
normal distribution,

Sy ~ Nny,na2a

which however does not weakly converge to any probability distribution.

Example (Bernoulli game)

We consider a Bernoulli sequence of random variables: let (E,)n,en be a sequence of
independent events, such that ]P’(En) = p for all n. Set X,, := 1, and consider the sequence
of partial sums S, = Z?:l X, ~ Binom(n, p).

Since p = E[Xn] = pand o2 = V[Xn] = p(1 — p), the CLT tells us that the empirical
average is such that

\/H(Mn —p)

_d>~/\/’0717
p(1—p)

and therefore S, —d>/\/np’np(1,p), which is called the De Moivre-Laplace approximation.
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Lecture 2: Central limit theorems

Example
Let (Y,,)nen be a random sample of a random variable X, which means Y, i ¥ We fix a
real number z € R and we consider the empirical cumulative distribution function of X,

1 n
Fo(z) = n Z IL(—oo,ac] (Y3).
i=1

Intuitively we expect that F, 22 F 'x, which is actually a consequence of the CLT. By

defining
Xj = 1(*00@] (YJ>7

then we find that
> X, are independent (transformation of i.i.d r.v.)
» E[X;] =P(Y; <z) =P(X < z) = F(z).
Therefore, we have that
i. LLN = F,(z) 2% Fx(z)
ii. CLT = n(Fu(x) — Fx(z)) % No e (2) (1 Fx (2))-

However, we can also prove a convergence result which is stronger than the pointwise con-
vergence.

Theorem 13 (Glivenko-Cantelli)
With the assumptions defined above, the empirical cdf of X is such that

sup ||Fy, () — Fx (x)| 22 0.

Proof.

O

Unfortunately, with the above theorem we don’t have an estimate for the number of observations
needed for an asymptotical normal behaviour. However we can state the following result, which holds
for any random variable X:

Theorem 14 (Berry-Essen)

If X,, is such that IE[|X"\3] < o0, then if ®(-) is the cdf of a No1 random variable we have
that

E[|X|?
sup |Fy, () — 8(@)] < c 0“3 \/',ﬂ ,

with ¢ ~ 0.79 ...
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Lecture 2: Central limit theorems

Proof.
O

Remark The result holds for all possible choice of distributions, and although this convergence
can be considered slow — o(n~'/2) — we usually observe a faster convergence behaviour when using

common distributions.

Example (Counterexample when E(X,,) is not defined)

Let px,(dz) = 1. ﬁdl‘. If we were in a convergence situation, then we would expect

war, — 0o. However, this random variable is such that

iid n\"
soMn(n):@xl( )

n

=e Inl™ (CHF of Cauchy distrib.)
——l
= ¥Xx; (77)

Therefore, we see that M, ~ X; for all n and thus it does not converge to 0. This is a
consequence of the fact that X does not have a finite integral, E[|X1|] = +oo.

We now state some useful generalizations of the central limit theorem, which extend its applicability

to the non-identically distributed case.

Theorem 15 (Lyapunov’s CLT)

Let (X,)nen be a sequence of r.v. such that
o [Vp = E[Xn], 0721 = V[Xn] < 00
1. X, are independent

7ii. There exists > 0 such that
S 5

n—ro0
Jj=1

2 _ v 2
where 97, =Y ., 0%

j=1"J

Then, we have that

Proof.
No.
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Lecture 2: Central limit theorems

Theorem 16 (Lindeberg’s CLT)
Same as Lyapunov’s CLT but with the third condition replaced by

1i’. For all e > 0,
n—oo

1
lim 7 S| (6 — )" Lieo, o) (1K — m5l) | =0
n j_l

Proof.

Exercises

1. Prove that Lindeberg’s CLT = Lyapunov’s CLT.

2. Starting from p. 176 of Gut (2009): Ex. 2, 19, 21, 24, 32.
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Lecture 3: Simulations and independence

LECTURE 3: SIMULATIONS AND INDEPENDENCE

3.1 Monte Carlo simulation

In this lecture we start by considering some applications of the convergence theorems we discussed
earlier, in particular under the context of Monte Carlo simulation.

Consider a sequence of i.i.d random variables X7, Xs,..., X,,... of a given r.v. X. For the sake of
simplicity we will assume that X € L?(Q,P), i.e.

E[X]=p< o0
V[X]=0%< 0

The goal of Monte Carlo simulation is to use the observed sample to approximate the expected value
u using the LLN and/or CLT. In particular, we will use the fact that by the LLN,

I~y as
M, = ﬁ;xj—w.
J:

Remark If we consider f measurable and such that f(X) € L?*(Q,P), then the transformed se-
quence f(X1), f(X2),..., f(X,) is a sample from f(X). Therefore,

IRS
M) = E;f(Xj) =5 ().

Therefore, an interesting question to pose is the following one:

‘ What is a good choice of n in order to obtain a good accuracy for the simulation?

We will try to answer this question by considering two approaches. Firstly, using the fact that
X € L*(9,P), we can apply Chebyshev’s inequality (corollary 1) and assert that for any fixed

tolerance € > 0:

o2

2
o
P(|M, —pu|l>e) < — = P(|M, —ul<e)>1- —.
(I nze) < — (I pl<e)z1-—
We then find the minimum number of observations 7 € N such that, for some specified probability

p, we have ]P’(|Mn —pul < 5) > p for all n > n:

0'2 0'2
l-—2>2p &= n>——-—7-—-=n. 2
nez =P niez(l—p) " 2)

Remark We have that the limit i = (02, ¢, p) is a function of three quantities, of which o2 is
not known and is usually estimated either from the sampled data or from previous simulations.
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3.2 Conditioning Lecture 3: Simulations and independence

Moreover, from Equation (2) we notice that the minimum number of samples is such that

0?2 —

ni(o?,e,p) — 400 if either e —0t

D — 1~

The convergence however is quite slow and can be refined in terms of p by using the Central Limit
Theorem. If n is large enough, we know by the CLT that

Mn—[tNN()ﬁ,
' n

therefore we compute the approximate coverage probability

P(Mnm<@”%W%MMﬁUW¢E%<{T>Wm2<¢(Ww>1>2®(¢m>L
—

o 2 o

d
—)N()’]

where the last equalities come from the symmetry of the Gaussian density function. Now we want
to solve the inequality

monot. — 1
2(1)(\/65>—12p tongt @Z‘I) 1(—;]))
o

o
o? 1 (1-p 2
@nzg.[cp (2 )} .

What we claim is that the factor is sharper than the previous result ﬁ in Equation (2), hence it
is what is used in practice when computing the confidence interval.

1/(1 —p)

21 - p)/2?

Figure 6: Sharpness of the bounds when using the two approximations.



3.2 Conditioning Lecture 3: Simulations and independence

3.2 Conditioning

Conditional probability and conditional random variables become an extremely hard topic when
dealing with events that have probability zero, i.e. for continuous distribution and continuous-time
stochastic processes.

Example (Dice roll)

Consider the rolling of two dice, we are interested in the outcome. We consider the sample
space Q = {(4,7) : 4,j = 1,...,6}. Since we have discrete events there is no problem in
considering the o-algebra given by the power set F = (). As for the probability measure
on the measurable space we use the uniform probability P = Unif, on €

P({(i.1)}) = 5.

Define two variables X, X5 such that X is the result of the 5 throw,
Xl(w) = Xl((wl,w2)) = W1-
Xg(w) = XQ((wl,LUQ)) = W2.

Consider the event A = “the sum of the two die is smaller or equal than 6” and suppose that

we win when this event occurs,
A={X;+X3<6} = Y =14 — 14 is the expected win.

Therefore, E[Y] = P(A4) — P(A°) = (15— 21)/36 = —1/6.

Assume now that the dice are instead thrown sequentially, i.e. we observe at t = 1 the
outcome X; = 5. No one would think now that the chances of winning would be the same
as before, so the observer should update their belief about their probabilities. Since now we
can only win if the next throw is Xy = 1, it’s immediate to find that

P(AIX1 =5) =B(X, =1) = ¢.

Remarks

» To calculate P(A|X; = 5) we assumed some sort of independence structure, i.e.

AN{X; =5} = {X, =5} N {Xy = 1}.

> How do we update our belief if these random variables are not independent?

> What does it mean for two random variables to be independent in the first place?

To answer these questions we need a good definition of conditional probability, from which we will
derive a notion of conditional expected value

E[Y] ~ E[Y|X; = 5] =

S| =
| ot
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3.2 Conditioning Lecture 3: Simulations and independence

Def. (Conditional proability)
Let A, B € F be events with P(B) > 0, then we say that the conditional probability of

A given B is given by
P(AN B)

P(4IB) =~

Figure 7: In some sense B takes place of the event space {) when calculating the probability
of the event A|B. We can interpret this by saying that the admissible o-algebra for the new
observation is updated upon observing the event B.

Remark Observe that the function that maps A — P(A|B) = P|5(A) is a new probability measure
for any AinF, since it satisfies the Kolmogorov axioms:
Pip() =1

Pip(A°) = 1 - Pip(A)

Pip( U 4) X Pis(an)

neN neN

Def. (Conditional expectation)
For any Y € L'(Q,P) we define the conditional expectation of Y given event B as the

expected value w.r. to the newly-defined conditional probability measure,

IE[Y|B] =Ep, [Y}

Remark We can prove that E[Y|B] = ﬁE [Y -1 B], which yields a convenient way of calculating
the conditional probability only by using the a priori probability measure P.

In general, we can define any conditional quantity that we already defined for standard random

variables, such as conditional variances, etc.

If X € L?(,P) is a random vector, X : Q — R™ then its covariance matriz is

Cov(X) =E[(X —E[X])(X —E[X])].
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3.3 Independence Lecture 3: Simulations and independence

When conditioning w.r. to an event, we have the conditional covariance matrix

Cov(X|B) = Ep,, [(X — E[X])(X — E[X])T].

3.3 Independence

Since we have a satisfactory notion of conditional probability, by intuition we could define two events
A and B to be independent if

P(A|B) = P(A).
Remark If P(A),P(B) > 0 then we have that by Bayes’ formula,

P(A|B) = P(BE'D?;E;(A)

According to our intuitive definition, then we obtain that P(B) = P(B|A). The main problem however
is when P(B) = 0, which is when the theory of probability diverges into different approaches.

3.3.1 Kolmogorov’s approach

If we take for granted the definition of independence as P(A|B) = P(A), then we obtain the following
identity:
P(AnN B) =P(A|B) - P(B) =P(A)P(B).

Therefore, we can always go back in the other direction by using this as a definition of independence
and re-discovering that P(A|B) = P(A).

Def. (Independence of events)

Two events A, B € F are said to be independent events if

P(AN B) = P(A)P(B).

Remark If P(4) =0 and/or P(B) = 0, then we have that

P(A) - P(B) = 0 "™ P(AN B).

Example
If AN B = with P(A) = 0 then according to the definition that we gave this would mean
that A and B are independent. However,

ANB=( = A, B ARE LOGICALLY DEPENDENT.

With Kolmogorov’s approach we can just say that we ignore these philosophical subtleties
and work with events that are meaningful in practice.
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3.3 Independence Lecture 3: Simulations and independence

Instead, in the approach of de Finetti we define P(A|B) = P(A) and consider the logical coherence
of the events, recovering as a theorem the relationship

P(AN B)

BAIB) = g

With Kolmogorov’s approach it is possible to define P(A|B) even for events that have probability

Zero.

Def. (Correlated events)

Two events A, B € F are positively correlated if P(A|B) = P(A), which can be seen to be
true if and only if also P(B|A) > P(B) (using Bayes’ theorem).

Sometimes we observe one and only one event out of a set of events, i.e. we have a partition, and we
would like to define how the probability measures get updated.

Example (Dice roll (cont.))
Consider all events E; = {X; =i}, i =1,...,6, then the family of events

E=(E;)i=1,..6

is a partition and we can define the family of conditional measures given the partition of
events whose conditional value is still unknown to us

P(A|E) = ZIF’ (A|E;) -

= 1
numbers r.V.

which is a random measure. Therefore, we can compute the conditional expected value given
the partition &

E[Y|E] = ZE Y|E;] -
numbers r.v.

This type of structure is useful to model stochastic processes that evolve over time as the
new partitions are observable and (eventually) observed.

Def. (Conditional probability w.r. to a partition)

Let £ be a countable partition of events with positive probability,
> €= (Ep)nen, P(E,)>0forallneN.
> E,NE,, =0 for all n # m.
> Unen En = 2.

Given A € F, we define the conditional probability w.r. to the partition £ as the
random measure given by
P(AIE) = > P(A|E,)

neN
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3.3 Independence Lecture 3: Simulations and independence

Remark Consider the function A — P(A|€) :=, then this is a random probability measure, i.e. by
letting A vary over all possible events we have a function

P|g F— [0,1]

Def. (Conditional expectation w.r. to a partition)

For any Y € L'(£2,P) we can define the conditional expectation given the partition as
the expected value under the random probability measure P¢,

E[Y‘S] = Ep, [Y] = ZE[Y|EH} 1g,

This could be the end of the story, unless we also want to consider a) uncountable partitions and b)
events with zero probabilities, which is the case for absolutely continuous probability measures and
continuous-time stochastic processes.

Example (Dice rolls (cont. ii))

This time we consider two continuous dice, where the probability space is now
Q = [0,6] x [0,6], F = B, P = Unifg = Unifj g ® Unifjge. We consider the same vari-

ables,
X1 (w) = wy
Xo(w) = wo
A={X;+ X, <6}
Y =14 — 14
Since we have a uniform distribution, P(A) = 3 and E[Y] = 2 — 1 = 0. Let us now assume

that we observe the event {X; = 5}, again we have the intuition to change our probabilities
and expected value to

1

(A| X1 =5)=P(X> <1) 5
P()=0

1 5 2

E[Y|X,=5]=--2=-2

However both these quantities and the notion of independence are not defined by means of
the previous definitions, since the conditioning event has probability zero.

In this case, £ = ({X; = k})x€[0,6]'

As it turns out, in order to obtain a formal definition of conditional probability we have to work

the other way around: first by defining a good notion of E[Y|€] and subsequently deduce a value for
P(A[E).
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Lecture 4: Conditional expectation

LECTURE 4: CONDITIONAL EXPECTATION

Last lecture we considered a countable partition &2 = {E; : |

the conditional probability w.r. to Z:

P(A|P) =

> P(AE;)

i€N

E; = Q,P(E;) > 0} and we defined

1€N

We discuss now the process of conditioning w.r. to more general (possibly uncountable) partitions

and will start from the following observation.

Observation Consider a random variable X € L!(Q, F,P), then we have that the random variable

defined by the expected value w.r. to the countable partition &,

E[X|Z]

satisfies the following properties:

- ZE[X|Ei] g,
ieN

i. This r.v. is 0(2?)-measurable (i.e. it is observable) since & is a countable partition and there-

fore we simply have that

o0(27) = {all possible unions of elements of #}.

1. For any A € o(&?), we have that

Proof.

A€ o(?) < A=U,c,E;j with J countable, therefore we can write the following chain of

equations

E[E|

E[X|A] =

r.v.

X|2)|4] :ﬁ/}‘mx@] dP

]1E NA

g, 1]

E[> E[X|E]-

€N

constant

1 ——
= @E[;E[XIEH 1]
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4.1 General case Lecture 4: Conditional expectation

4.1 General case

We start from defining the conditional expectation of X and work our way up to the definition of
conditional probability. Let G C F be a sub-o-algebra of events.

Def. (Version of the conditional expectation of X given G)

Let X € LY(Q, F,P), we say that a random variable Z is a version of the conditional
expectation of X given G if Z satisfies the following properties:

1. Z is G-measurable

ii. For any A € G such that P(A) > 0,

E[X|A] = E[Z]4] —> ﬁE[XJLA] L

We denote by E[X|G] the set of all such r.v.’s.

Remarks

> Sometimes Z is unique, but in general there might be equivalent random variables up to a set
of measure zero, therefore E[X|A] defines an equivalence class.

» Given Z € E[X|G] and Z’ ®2 Z it is not sufficient to guarantee that Z’ € E[X|G] since Z’
might not be measurable w.r. to G. For the simplest example of such Z’, consider if G¢ is a set
of measure zero and

Z ifweg
1 fwege

7' =

Clearly, Z’ is not measurable w.r. to G since Z' = 1 if w € G°. However, since G has measure

a.s.
zero, we also have Z = Z'.

Prop. 2 (Almost sure equality of versions)
If Z,7' € E[X|G], then Z' = Z.

Proof.

Consider for simplicity the case X € R, then we are going to show that for any choice of r.v.’s X,
X' and Z € E[X|G] and Z' € E[X’|G], we have

Then we will choose X’ = X and since the reverse holds because of symmetry we obtain a double
inequality which implies strict equality.
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By contradiction, assume instead that P(Z > Z’) > 0, which is the same of saying that Z?Z’ .
Then, we would have that

0 ‘<' E[(Z — ZI) . ﬂz>z/] = E[Z . ]]-Z>Z’] — E[ZI . ]]-Z>Z’] ({Z > Z/} S g)
= E[X . ]1Z>Z’] — E[X/ . ]1Z>Z’] (def)
—E[(X — X')-1552] <0. (X < X' by Hp)

Since we had assumed that X 2 X' we find a contradiction, and therefore we conclude that
P(Z > Z")=0.
O

Corollary 2 (Conditional r.v.’s are equivalence classes)

The set of E[X|G] is an equivalence class on the set of G-measurable random variables w.r.
to the ““°7 operator.

Remarks

> This is important to remember, since in all textbooks and articles the equivalence class E[X|F]
is treated as a single random variable. All equalities and inequalities are interpreted as valid
for a chosen single representative of the equivalence class.

> Any other Z that is G-measurable has to be constant over the events E; of the countable
partition (otherwise Z~! would not be a union of E;’s). If Z was a version of E[X|G], then it
would be constantly equal to E[X|E;] on E;, which is exactly the expected value defined by
cases = E[X]|Z7] is unique.

Example (Trivial conditioning)

Consider G = o(X), then clearly (i) and (i7) are trivially satisfied by taking Z = X. With
an abuse of notation, we are going to write X = E[X|J].

The following theorem guarantees existence of E[X|G] for a particular subset of random variables
X.

Theorem 17
Let X € LY(Q, F,P), then for any sub-c-algebra G it holds that E[X|G] is not empty.

Proof.

The proof is based on the Radon-Nikodym theorem between dominated probability measures.
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Theorem 18 (Properties of E(X|G))
Let X, Y € LY(Q, F,P), G C F. Then, the following properties hold:

1. (Linearity) For any a, B € R, E[aX + BY|G] = aE[X|G] + BE[Y|].
(Monotonicity) If X <Y a.s. then E[X|G] < E[Y|d].

If X is G-measurable, then E[X|G] = X.

Ifo(X) L G then E[X|G] = E[X].

Cvo e e

(Tower property) If H C G, then E[X|H] = E[E[X|G]|H].
6. If Y is G-measurable and bounded, then E[Y - X|G] =Y - E[X|G].

7. If Y is independent of X and G, then E[Y - X|G] = E[Y] - E[X]G].

Proof.

: Let Z = E[X], then clearly (¢) is satisfied since a constant random variable is measurable w.r.
to any o-algebra. As for (i), for any event A € G such that P(A) > 0 we can write

E[2]4] = E[E[X]|]

= _—— E[X] -E[14] (E[X] is a constant)

= ——FE[X - 14] (indep.)
=E[X|A]

: Let Z € E[X|H] and Y € E[X|G] with H C G, we want to prove that Z € E[Y|H]. (i) is
satisfied since Z € E[X|H] is H-measurable by definition of version of E[X|H]. As for (i), for
any A € H such that P(A4) > 0, we have that since H C G,

E[Z|A] ‘<L E[x|A] ST E[Y|A.

@ 0 (11) <= E[X -W]=E[Z W] for any r.v. W that is G-measurable and bounded.

Remarks
> A, B C F families of events are said to be independent if A | B for any A € A and B € B.
> We say that a r.v. Y is independent of a r.v. X and a o-algebra G if o(Y) L o(c(X)UG).

> Property (5) means that reducing the information from F — #H can be done by reducing
multiple times, F — G — H.
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Example (Conditioning w.r. to a random variable)

In the particular case of G = o(Y), then we can define the following random variable,

E[X|Y] := E[X|o(Y)]

Lemma 4 (Doob’s theorem)

Let X € LY(Q,F,P) and Y r.v. that takes values in another measurable space, in this case
assume (R™,B). Then X is o(Y)-measurable <= there exists a (possibly not unique)
measurable function ¢ : R™ — R such that

X =p().
X
(Q,F) (R, B)
y\ /0
(R™, B)

Figure 8: Schematization of Doob’s theorem.

Corollary 3 (Existence of the regression function)

There exists a measurable function ¢ : R™ — R, which we call regression function, such
that
p(Y) = E[X]Y].

Proof.
We have that if the event {Y = y} has non-negligible probability, then

EX|(Y =y)] S E[ EX|Y] |(Y =y)] =ElpM)I(Y =y)] =Ele(y)] = ().

Remarks

> ¢ might not be unique because (i) Doob’s theorem does not guarantee unicity and (i7) it
belongs to the equivalence class of conditional expectations.

> ¢ is however almost-surely unique w.r. to the law uy of Y.

Notation The function ¢ is denoted as ¢(Y) = E[X|Y = y|, which is not the conditional expec-
tation given the event {Y = y} unless this set has positive probability.
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Example
Consider the particular case in which X = 1xcpy for a Borel set H € B. Then, we can
consider the following expected value

Elxen|G] =: NXIQ(H)a

which we call the conditional law of X given G calculated in the set H.

We can check that it is a probability measure
» If H =R9, we obtain E[1 xcga|G] = 1.
» If H =0, then E[Lx¢p|G] = 0.

> Given a sequence (Hp,)nen of disjoint sets, we have

Ellxey, ., .19 =E[ " 1xen,I6] = > Ellxen,|9)

neN neN

The problem is that this holds in the almost-sure sense, i.e. everything is defined in terms
of a representative of the equivalence class.

Theorem 19 (Regular conditional law)

Given X € LY(Q, F,P) and G C F there always exist a family (Mx|g(W))w€Q of probability
measures on R? such that for any Borel set H,

pxig(H) = E[lxenld].

Such family is called the regular version of conditional law of X given G.

Proof.
No.
O

Using this definition of regular conditional law, there are many results that we can compute that
will give the usual known results.

Theorem 20 (Conditional expectation)
If f:RY— R and f(X) € LY(Q, F,P), then we can write

B0 = [ f@sioldo)

Example (Conditional expected value)
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4.1 General case Lecture 4: Conditional expectation

If f =id, then this becomes the conditional expected value of X given G,

BXI9] = [ anxio(do)

Theorem 21 (Expectation of the conditional measure)

Following from the tower property of the conditional expectation, we have that

px(H) = E[uxg(H)]

Example

Choosing G = o(Y’) we obtain the conditional law of X given Y as ux|y := pix|o(v)-

Theorem 22 (Joint distribution of two random variables)

Let X,Y be r.v. with values on R* and R™, respectively. Then, we have that for each
H € B(RY) and K € B(R"),

px,y)y(H X K) = Eluxy (H) - 1yex].
Remark This property can be used to prove that a joint random variable (X,Y) is absolutely

continuous w.r. to Lebesgue measure, when starting from the conditional distribution X|Y and the
marginal distribution of Y, as long as we can apply Fubini’s theorem.

Theorem 23 (Conditional law as a function of Y")

If X,Y are r.v.’s on R? and R™ respectively, then there exists a family (Bx|y=y)yerr Of
probability measures on R? such that

i. For each H € B, the function y = pxy—,(H) is measurable.

. (MX|Y:y)|y:y = Bx|y

Notation Sometimes we can find this written as E[lxcx|Y = y] and the conditional probability
function coincides with this quantity if P(Y = y) > 0.

Theorem 24 (Conditional expected value of a function)
Let f: RY — R such that f(X) € L (2, F,P), then the regression function

BUCOI =)= [ f@hxiy—y(de).
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4.1 General case Lecture 4: Conditional expectation

The last thing to study is what happens when X and Y have an absolutely continuous joint
probability distribution, i.e. they admit a joint density.

If (X,Y) are jointly absolutely continuous, then X and Y are also absolutely continuous and

W(y)Z/ Yx,v) (T, y) do.
Rd

Theorem 25 (Conditional density of two jointly a.c. random variables)

If (X,Y) are jointly absolutely continuous, then for any y € R™ such that vy (y) > 0 the
conditional law function px|y—, is absolutely continuous with density given by

_ Y(X,Y) (z,y)
Yy (y)

’YX|Y:y(33)

Remark For any Borel set H, px|y—y(H) = [;; 7x|y=y(dz)

Corollary 4

For two jointly absolutely continuous random variables, we have that

BUFCOIY =)= [ f@)xiv—y(e) da.

whereas the unconditional expected value is

BN = [ [ f@nony—p(@hy ) dyde.

Exercises Given in the notes.
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Lecture 5: Introduction to stochastic processes

LECTURE 5: INTRODUCTION TO STOCHASTIC PROCESSES
2021-11-11

When we think about random variables, we can visualize them as random numbers which are
determined by the result w of some experiment. On the other hand, sometimes events unfold in
time and the random number is replaced by a sequence of random variables X;(w) indexed by time t.

We replace the concept of random numbers with the concept of random trajectories, which can be
thought as a random countable sequence (discrete time) or a random function (continuous time).
Stochastic processes can be indeed be seen equivalently as

> A sequence of random variables.

> A random variable that takes values in the space of sequences.

Def. (Discrete time stochastic process)

A discrete time stochastic process is a family of random variables X = (X,,)ner defined
on (2, F,P) with I C N.

Equivalent definition We could also equivalently define a stochastic process as a random variable
on the space of sequences of dimension |I|, X : Q@ — (R%)!, where (RY)! = {(x,,)ner : 7; € R},

Notation (R%)! is called the trajectory space. If x € (R%)!, then z is called a trajectory.

Example (Finite time stochastic process)

If I = {1,...,N} then the set of trajectories (i.e. the codomain of the stochastic process)
are
RHY = {(z1,22,...,2n) : 7; € R}

However we can think of X as a family (X7, X5, ..., Xy) such that X; is a random variable
with values on R?.

5
|

Figure 9: Trajectory of a stochastic process (Wiener process), where every random variable is
a three-dimensional Gaussian distribution.
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5.1 Filtrations Lecture 5: Introduction to stochastic processes

Although the definition above is intuitively correct, from a mathematical point of view we need to
formalize the measurability of the second definition of the process. To do this, we need to equip the
trajectory space (R?)! with a suitable o-algebra such that the two definitions are equivalent. Such
a o-algebra (omitting proof) is the product o-algebra generated by the rectangles and denoted by
BT, which if I C N is finite then becomes the usual one,

B' =) Ba, if |I] < oc.

iel

Example

If every X, is defined on R and I = {1, 2,3}, then the product o-algebra is

B' = B(R) ® B(R) ® B(R) = B(R?).

Example (Finite coin tosses)

Consider for every N € N the sample space 2 = {0, I}N = {(wo,wl,wg, .o wn),w; € {0, 1}}
We choose the o-algebra F = (@ ({0, 1}))N and we consider the product probability given
by P = ®f;1 Unifyg, 1y, which corresponds to a fair coin toss.

Remark Note that if the sequences were infinite, then 7 = (2({0, 1}))N would not be
a o-algebra anymore, since this power set is uncountable and isomorphic to the power set
of [0,1], £([0,1]). Therefore, one needs to consider a Lebesgue-like measure for infinite
sequences.

As an example of a stochastic process, we could for instance define the following random

variables,
1 if w, =0
X, =
-1 ifw,=1

and we have that the sequence X = (X, )neq1,...,n} I8 @ stochastic process on (2, F,P).

If we define now Y, (w) := >, X;(w), this is again a random variable and thus the
sequence Y = (Yy,)neq1,..., v} 18 again a stochastic process. Whereas X, only depends on
the n-th component of the outcome w, Y,, depends instead on the events (wq,...,w,) up to
time n.

On the other hand, if we define now Z, := Ef\in X;, then Z = (Z,)nen 18 a stochastic
process that depends on (wy,,wn1,-..,wy), which are the events from time n to time N.
This means that at time n, Z,, cannot be observed.

5.1 Filtrations

In the above stochastic model, there is a clear understanding of the type of events that we can
observe at time n:
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5.1 Filtrations Lecture 5: Introduction to stochastic processes

N
———
> Can we observe the event {(1,1,...,1)}? Not at time n < N.

> However, at time n we can observe {Y;, = 5}, since Y depends only on w; for i < n.

In this case, if we define the following o-algebra,
Fr := {events observable up to time n},

then we conclude that the stochastic process Z is clearly different from both X and Y, in that

> X,,Y, are F,-measurable.

> Z, is not JF,-measurable.

We formalize this fundamental concept by the following definition, which serves as a basis for deter-

mining the measurability of a stochastic process.

Def. (Filtration)
Let (Q, F,P) be a probability space, we say that a family (F,,),cr of o-algebras is a filtration
if (Fp)ner is such that

Fn CFp CF foraln<n'.

Remark F, is an increasing family of o-algebras, i.e. F,, , and this is useful to keep track of
the evolution of information given by all the events which have been observed at time n.

Example (Previous)
In the previous example, {X, = 1} € F, but also {X; = 1} € Fo.

Def. (Adaptability)
A stochastic process X = (X, )ner is adapted w.r. to a filtration (F,)ner if X, is a F,-

measurable function for any n € I.

Example (Previous)

In the previous example, we have that the stochastic processes

> X and Y are adapted to (Fp)ner-

> Z is not adapted to (Fy)ner-

We now take another approach to the description of stochastic processes: we start by observing the
values of the stochastic process and wonder which events are observable based on them.
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Example (Finite dice rolls)
Let’s consider a sample space @ = {1,...,6}" = {(w1,...,wn),w; € {1,...,6}}, for N € N.
Take again F = £ (Q) and the product probability P.

Let’s consider the stochastic process

1 if w,, is odd
Xn(w) =

-1 if w, is even

We now set F, := {all set observable by observing the first n rolls}, from which X, is
clearly F,-measurable and X is adapted.

Another point of view Assume now that we can observe the random variables X,, but
not the outcome of the experiment w, i.e. we cannot observe F,.

The question now becomes: Which events are observable once we observe X, ? The set of
events that we can observe by observing X,, turns out to be a filtration (no proof) and is

the minimal class of events (F.X),ec; that make the process X adapted to it.

Def. (Natural filtration)

Given X stochastic process on a probability space (2, F,P), we call the natural filtration
of X the family (F.X),cs given by

n

“1(A):i<n,AEF)

i

Remark F.X is the smallest filtration that makes the process X adapted and contains only the
information related to the process itself.
5.2 Distribution of a stochastic process

We now turn to uniqueness of the stochastic processes, for which we have two versions (similar to
random variables):

— Strong uniqueness (almost-sure equality)

— Weak uniqueness (equality in distribution)

Example (Why Lisa tricky notion)
Consider X ~ Ny and —X ~ Nj 1, then X 2 X but X ;é -X.
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Def. (Indistinguishable stochastic processes)

Let X,Y be stochastic processes. We say that X and Y are indistinguishable, and we
denote it by X =Y, if

PX=Y)=P{weQ: X,(w) =Y,(w) Vn}) = 1.
Now, to give an appropriate definition of 4 for stochastic processes, we need to define what is the law

of a stochastic process, which is something that becomes very technical. We instead use a shortcut
which can be proven to be equivalent to the more technical construction.

Def. (Equality in distribution)
Let X,Y be stochastic processes, we say that X and Y are equal in law (or in distribu-
tion), X 4 Y, if the marginal distribution of any finite collection of variables are equal, i.e.

if for any finite choice of indices ny,no,...,ng € I,
u(an Xng 7~--1Xnk) = ‘LL(Ynl Yo, a-uvYnk )
which is equivalent to saying that for any such choice of indices,
d
(X s Xny) = Yoy, oo, Yo ).
Remark Requiring the processes to have the same law only at each time ¢ is a very weak condition

which is not enough to be a good definition of Y Indeed, X,, ~ Y, for all n =X LY as we

would intuitively mean it.

Example (Same marginal at each n but different law)

Let X,, ~ %5_1 + %51 = Unif;_; ;) for any n be a stochastic process that represents a
balanced coin toss. Define now another stochastic process by

lez o= Xl V’I’L7

then we have that for any n, X,, ~ X; ~ X/. However, when seen as a whole process
the two laws are completely different: if we consider the event of heads followed by tails,
H :={(1,-1)}, then since X/, = X; for all n it follows that

Bixa,xo) (H) =P(X1 =1, Xz = —1) =
pexgxp(H) = P(X1 =1, = —1) =

At each time the marginal distribution is the same, but if seen as a whole trajectory then
the laws of the two stochastic processes are completely different.
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LECTURE 6: MARTINGALES AND MARKOV PROCESSES

We introduce two important classes of stochastic processes which can be extended to the continuous

time case.

6.1 Martingales

References Bass (2011, §3)

Martingales were well-known stochastic processes in economics which over the last decades became
crucial in the theory of stochastic integration, from which we can construct continuous Markov
processes (diffusions).

Def. (Discrete-time martingale)

A discrete stochastic process X = (X,,), is called a martingale w.r. to a given filtration

(Fn)n if
i. X, € LY(Q,P) for all n.

ii. E[Xn|Fn] =X, for alln < N.

Adaptability There is no need to specify that X has to be adapted to (F, )y, since X,, = E[X n|Fy]
implies measurability w.r. to F,.

Expected value The second equality is a very strong property which tells us that if we condition
the future process on the information at time n, then the expected value is equal to the value that
we have observed. Using the tower property, we have that E[X ] = E[E[Xn|F,]] = E[X,,], therefore
the expectation is a priori constant in time.

Example (Just E(X) = p is not enough)
Let (X,,), be a family of independent random variables with E[X,] = p for all n, and

consider the natural filtration (F.X),. The process X = (X,,), is not a martingale for all

possible distributions of X,,, since
E[Xn|FX] = E[Xn] = p.

Therefore, this process is a martingale <= E[Xy] = p = X, for all n < N, which is
satisfied «— X,, = p almost surely.

Remark From the example above, independence is orthogonal to martingality, unless we choose
a degenerate distribution X,, = pu.

Example (Martingale from independent variables)

Let us consider the process defined in the previous example, and define the stochastic process
Y, = > p_; Xi. Clearly, Y, 1 and Y,, are marginally not independent, therefore the process
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could be a martingale. Indeed, we have that

B[V 1|75 = E[Ya + Xos1 | FX] = E[Yal )+ E[Xos1 lFX] = Yo+ .
—_—

=Yn =E[Xn41]

Therefore, we have that Y,, is a martingale <— pu = 0.

What can we say now about a martingale which is not defined w.r. to the filtration F.X but to
a different filtration? For instance, what happens to the martingale property when enlarging to a
bigger filtration?

Example (Adding events breaks martingality)

Let X = (X,,)n be a martingale w.r. to a filtration (F,),, and consider now a new filtration
equal to all possible events F at all times, (G,), = F. We now have that X is a martingale
w.r. to G, if

X, =E[XnN|G,] = E[XN|F] = XN,

therefore this means that X can again only be a constant process X,, = pu for all n.

In general When adding events we can’t immediately conclude that the process is still a
martingale.

Prop. 3 (Removing events does not break martingality)

Let (X,,)n be a martingale w.r. to a filtration (Fy,)n. Let now (Gy,)n be another filtration such
that

a) X is adapted to (Gn)n-
b) G, C F, is a sub-filtration at all times.

Then, X is a martingale w.r. to (Gn)n.

Proof.

We use the tower property to prove the result, indeed since G,, C F,, we can write

=X,

E[XN|Gn] = E[E[XN[Fn] |Gn]

Corollary 5

If X is a martingale w.r. to any given filtration (Fy)n, then X is also a martingale w.r. to
the natural filtration (F2X),.
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Proof.
Since 0(X,,) C FX we can apply the tower property in order to show that

n

E[Xy|X,] = EEXy|FY]1X,] € E[X,[X,] = X,.

O

To sum up, the above properties show that if X is a martingale then for all N > n we have that
E[Xn|X,] = X

Finally, we introduce two broader classes of stochastic processes whose intersection gives exactly the

set of martingale processes.

Def. (Submartingale and supermartingale)

A process X = (X,,),, is called a submartingale (supermartingale) w.r. to a given filtra-
tion (Fy,)p if

i. Xp € LY(Q,P) for all n.

ii. X is adapted to (F,)n

(=)
1it. X, < E[Xn|Fn].

Expected value It’s straightforward to check that, for a supermartingale (submartingale), the

expected value is always increasing (decreasing), since

a.

E[Xn] = E[E[Xn|Fn]] > E[X,].

INIV &

—~
~

6.2 Stopping times

We now introduce a class of events which is extremely relevant to the analysis of stochastic process.
Broadly speaking, this class of events is comprised by all events such that at time n we can tell

whether they have occurred or not.

Def. (Stopping time)
Let (F,), be a filtration. We say that a random variable 7 : Q — [0, +00] is a stopping
time if the event {7 < n} is such that

{r <n}eF, foralln.

Observability This is an observability condition for the random variable 7, i.e. at time n we must
be able to tell whether the above event occurred or not based on the available information F,,.

50



6.3 Markov processes Lecture 6: Martingales and Markov processes

Remark Let 7 be a stopping time and consider the event {7 > n}. Then, the following events are

also observable
{r>ny={r<n}ecr,

{r=n}={r<n}\{r<n-1} € F,.
|

€EFn-1CFn

Example (Exit — or hitting — time)
Let X be a discrete-time stochastic process and consider a Borel set H. Let now Iy be the
set of times at which X exits from H, i.e.

Ig:={n:X, & H}.
Let now 7 be the random variable that describes the time of first exit,

inf Iy if I, # 0

Figure 10: Example of a hitting time for a given set H.

This random variable is as a stopping time, since the event {r < n} can be written as

{r<n}=|J{Xi¢H}eF.

SN F.CFa

Continuous-time The previous example shows why this definition of a stopping time becomes
problematic for continuous-time stochastic processes, due to the fact that a countable union of events
is not guaranteed to belong to the o-algebra F,.
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6.3 Markov processes

Def. (Markov property)

A discrete-time stochastic process X = (X,), defined on a filtered probability space
(Q, F, (Fn)n, P) has the Markov property if it is adapted and the following property holds
true for any n:

Elp(Xn+1)[Fn] = Elp(Xn11)|Xn], (M)

for any ¢ B-measurable and bounded.

Interpretation Expectation of future values conditional to all cumulated information is equal to
the expectation given the value of the process at time n.

Regression function If X has the Markov property, then we can find a function g,, such that

Elp(Xnt1)[Fn] = gn(Xn),

where g, (z) = E[p(X,41)| X, = ] is the regression function (see Doob’s Lemma 4).

In practice Assume now that E[p(X,41)|F] = fn(X5) is a deterministic function of X,,, then
by the tower property of E we can write

Elp(Xnt1)|Xn] = E[E[p(Xnt1) | Fn] | Xn] = E[fn(Xn)|Xn] = fo(Xa).

Therefore, if we can find that the expectation of X, 41 is a deterministic function of X,,, we can
conclude that X has the Markov property.

Example (Independent r.v.’s form a Markov proces)

Let X = (X,,)» be a sequence of independent r.v.’s, then F,, = FX and

Elp(Xp41)|FX] = E[p(Xnt1)]-

Lemma 5 (Freezing)
If X)Y are random variables and G a o-algebra such that Y and G are independent and X

is G-measurable, then we have that

z=X

Proof.
No.
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Interpretation Since Y is independent of the information, the randomness in X goes out of the

conditioning operation.

Example (Cumulative sum is a Markov process)

Consider now the stochastic process Y;, := Z?:l X; for the process X defined in the previous
example. Then, we have that

def
= E[‘)O(Yn + Xn+1)|fvi(]

E[@(Yn-ﬁ-l)‘*/—_z(]
=Elp(y + Xn+1)] ‘y:Yn (Freezing Lemma 5),

which is a deterministic function of X,,; and therefore makes Y a Markov process.

Prop. 4 (Characterization of Markov’s property)
The Markov property (M) for a process X is equivalent to satisfying, for any A € B,

Ellx, . ealFn] = E[lx, , ca|Xn] (M)

P(Xn41€A|F) P(Xn41€A|Xn)

Proof.
(M) = (M’) : Since 14 is a bounded and B-measurable function, it is valid by choosing ¢ = 1 4.

(M') = (M) : Let (¢k)), be a sequence of simple functions of the type ¢), = 377", ¢j kL4, ,, which
are bounded and B-measurable, and such that

k—o0
Pk — P

See for instance here for the standard construction of such a sequence of simple functions (¢ )
when approximating a bounded function . With this approximation, we can chain the following
equations:

DC .
Elp(Xn1)|Fa] =" lim Elpg(Xot1)|F]

m

lim Z cjkE[La; , (Xnt1)|Fn]

k—o00 4
J=1

= lim ch,kP(Xm+l S Aj,k|-7:n)

k—o00 4
j=1
= klim ijk]P)(Xm-Fl S Aj,k|Xn) (M/)
—00
j=1

= (Do the steps backwards)

= E[p(Xn+1)|Xn]-
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Example (Enlarging the filtration breaks Markov)

Let G,, = F be the maximal filtration for all n € N, then for a discrete Markov process X
we have

E[Xn+1|Gn] = E[Xp 1| F] = X1 # Elp(Xnt1) | Xn]-

On the other hand, when we reduce the filtration we have a preservation result analogous to what
we have seen with martingales (Prop. 3).

Prop. 5 (Reducing the filtration preserves Markov)
If X has (M) and (Gn)n is a filtration such that

a) X is adapted to (Gn)n
b) G, C Fu,

then X has (M) w.r. to (Gp)n.

Proof.
Similarly to Prop. 3, use the tower property of the conditional expected value.
O
Prop. 6 (Equivalent definition of Markov’s property)
Property (M) for a process X is equivalent to satisfying, for each N > n,
P(Xy € AlF,) =P(Xny € A|X,) (M")
Proof.
Homework.
O

Validity All the properties we have discussed until now are expressed in their general form and
are valid for any type of discrete-time stochastic process, i.e. whether each random variable X, is
characterized either by a continuous or discrete distribution. What we discuss below is a special-
ization of the properties in the case when X is a discrete-time process for which X, takes discrete
values.

6.4 Markov chains

References Brémaud (2020)

Def. (Discrete-time process)

A discrete-time process X is called a discrete process if X,, takes values on a countable
state space E.

54



6.4 Markov chains Lecture 6: Martingales and Markov processes

Example Some examples are F = N,N2,Z, 72, ...

Notation Following the notation of Brémaud (2020), we use i, j, k, h,! and ig, %1, %y, ... to denote
the elements of the countable space F.

Def. (Markov chain)

A discrete process X is called a Markov chain if it has the Markov property w.r. to the
natural filtration (F.X),,.

Prop. 7 (Equivalent definition of Markov chain for discrete processes)

A discrete process X is a Markov chain if and only if for anyn and for anyig,i1,...,i,,j € E
P(Xpi1=J|Xn =tny..., Xo =10) = P(Xpnt1 = | Xn = in), (%)
whenever this probability is valid, i.e. P(X,, = ip, Xpn—1 = tn—1,..., X0 =4g) > 0.
Proof.

No.
O

Problem This definition works only for processes which are in discrete time and are defined on
a countable state space. The more general definition (M) can be used instead for discrete-time

continuous processes.

Def. (Homogeneous Markov chain)

We call a Markov chain X homogeneous (HMC) if the right-hand side of (%) does not
depend on n, i.e. if

P(Xpi1 =1 Xn = in, ..., Xo =i0) = P(X1 = | Xo = in).

Example (HMC)
If X is a HMC then, for example

P(X3=4/Xs=1,X1 =0, X0 = —1) C P(X3 = 4)X, = 1) ™M P(X, = 4/ X, = 1).

A HMC is particularly important since we can define a transition matrix that describes the transition
from one state to another regardless of the time.

Def. (Transition matrix of a HMC)

For a HMC X we define the transition matriz as the countable family of numbers

P = (pij)ijcE: pij = P(X1 = j|Xo =1).
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Properties of P For any i € E, every row of P is a probability distribution and therefore P is a
stochastic matriz, i.e.

Zpij =1 forallieE.
JjEE

Consider now the process of making two Markov chain transitions. In this case we have to use P two
times in order to transition from Xg — X; and then from X; — Xs. To compute these probabilities,
we introduce a generalization of the matrix multiplication and addition operations in order to define
the powers of an infinite-dimensional matrix P2, P3, etc. ..

Algebraic operations Let A = (ai;)i jer and B = (b;;); jer be two transition matrices, then we
generalize the usual sum and product operations for standard matrices as

A+ B = (ai; + bij)ijer

ABZ( aibi)

Let now & = (z;);cr be a column vector, then

Ax = ( Z Aikxk)iEE

keE

ae (S,

keE

Example (1D random walk)

Consider a r.v. X with values in E = Z. Let now (Z,)nen be i.i.d r.v.’s such that
Zn ~ P51 + (1 _p)éfh pe (07 1)

We set X;,41 = X5+ Zn+1 and we consider the stochastic process X = (X, )nen. We already
know that X is a HMC, and this stochastic process increases by 1 with probability p and
decreases by 1 with probability 1 — p. Therefore, its transition matrix is given by

P ifj=i+1
pij=1—p ifj=i—-1

0 otherwise

Exercises

1. Proof of the proposition

2. (Brémaud, 2020, p. 83) ex. 2.1.1 - 2.1.6, 2.2.1
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Lecture 7: Homogeneous Markov chains

LECTURE 7: HOMOGENEOUS MARKOV CHAINS

Homogeneous Markov chains are the basis upon which more complicated Markov chains are studied.
Their properties will be studied in detail in the following lectures, starting from the basic quantities
of interest.

7.1 Initial distribution

The distribution of a homogeneous Markov chain X only depends on
1. The initial law mg, mo({i}) = P(Xo =) for all i € E.
2. The transition matrix P.

More precisely, for ig,%1,...,1, € FE we have that the probability of the path from iy through
i1,...,1y, is equal to

P(Xo =0,..., Xn = in) = T0(i0) * Pigiy -+ * Pin_yin-

n steps ahead Now we need to compute the conditional probability of transition for multiple
time steps, P(X,, = i,,|Xo = ip). We consider the probability distribution at time n,

T (j) = P(Xn =)
= P(Xp=j,Xp1=1)
)
= piP(Xp_1 =1)
)
= Zﬂnfl(i) “ Pij
i€E
= (mp-1P); (m row vector)

Therefore, 7, = m,_1 - P and if we repeat this process n times we obtain the following equation

Ty = moP"

Notation We denote by P/} the element (3, j) of P".

Example

Let E = {1,2,3,4} and consider the initial distribution mo({;j}) = % with the transition
graph in Figure 11.
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7.2 Canonical construction Lecture 7: Homogeneous Markov chains
1 1
N oA
2

Figure 11: transitionGraph

For the above graph, P(X3 = j|X2 = 2) is not defined, whereas P(Xy = j|X; = 2) is
well-defined.

Future paths With Markov chains we can consider two general events,
FUTURE A= (Xpt1=71)N...N (Xntr = Jk)
PAST B = (X1 =Jn-1)N...N(Xo =jo)
From the Markov property (M) we can prove (long and boring proof) that
(M) < P(A|X,, =in, B) =P(A|X,, =1iy). (3)

This is a bit stronger than the single value at time n + 1, since we consider the whole trajectory
from time n + 1 to n + k.

Conditional independence In (3) we can multiply by P(B|X,, = i,) to get

o P(BN{X,=i})  PANBN{X, =i,}) P(BOfXr=T])
Py =00 B) =X =0l ~  PUx.—i B)  P{X.=in})

therefore

P(AN B|X, = i) = P(A| Xy, = in)P(B| X, = in)

From this we conclude that A 1l B conditional to X,, = i,.

7.2 Canonical construction
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7.2 Canonical construction Lecture 7: Homogeneous Markov chains

Theorem 26 (Canonical representation)

Let (Zn)n be a sequence of i.i.d r.v.’s with values on a measurable space (G,G). Let
f: ExG — E be a measurable function w.r. to the product o-algebra Z(E) ® G and
Xo W (Zn)n be an initial r.v. with values on E. Then, if we define

Xns1:= f(Xn, Zny1), for allm € Ny,

we have that the process X = (Xn)nen, @5 a homogeneous Markov chain with transition

matriz
P = IP’(f(i,Zl) :j).

Non-i.i.d If the Z, are not identically distributed, then we would have a non-homogeneous Markov
chain with transition matrix Py;(n) = P(f(i, Z,) = j)

White noise The above representation is also called a Markov chain driven by white noise, since

the sequence of (Z,,),, is of i.i.d random variables.

Proof.

We will prove this under the general Markov property (M). For a set A C E we can write
def
P(Xnt1 € AIFY) S E(Ly,,ealF) = E[La(Xnt)| Y]

With this notation we can use the definition of X, 11 in the theorem and since Z,,+; is independent
of FX =o(Xy,...,Xn) =0(Z1,...,2,) we can write

E[1a(Xn+1)F2] = E[La (£ (Xn, Znt1)) IF]

= E[]IA (f(’t, Z’ﬂ+1))]

(freezing lemma 5)

1=An

=E[La(f(i,21))] (Z, are ii.d)

=Xy

and since this is a deterministic function of X,,, we have the Markov property. Moreover, if we choose
A = {i} we have the transition probability

Py =P(f(i,Z1) = j).

Example (Random walk)
Setting G = {—1,1} and f(i,2) = + z yields the 1D random walk

Xn+1 =X, + Zn+17 Z = p61 + (1 7p)6—1-
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7.2 Canonical construction Lecture 7: Homogeneous Markov chains

7.2.1 Reverse problem

The problem we now consider is the following: given 7y and P = (P;;); jer transition matrix, we
want to find a process X = (X,,), such that

1. X is a HMC.
2. XO = To.
3. P is the transition matrix of X.

To do so, we generate a categorical variable with probabilities P; = (p;1,...,p;r) and we transition
from ¢ to j if the categorical variable indicates the set j. In order to write the process for checking
theorem 26 we define the following objects:

> (Zn)n iid with Z, ~ Unifyg ).

> f:E x[0,1] — FE defined as
fli,2) = j-1a,(2),
jeE
where A;; := [Zi;é P, Zi:o Py

We obtain the canonical construction by defining
X1 = f(Xn, Znsa),
which is a homogeneous Markov chain by theorem 26 with transition matrix P as required, since
P(f(i, Z1) = j) =P(Z € Aij) = P.

Now, is the canonical representation unique or do we have situations like X ~ A(0,1) and —X 4 x7
It turns out that the canonical representation is not unique, and it can be seen via the following
counterexample.

Example (Urn of Ehrenfest)
We have urns A and B

A /\ B

O
O~ o O 00

Figure 12: Urn of Ehrenfest with N = 9 total balls.
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7.2 Canonical construction Lecture 7: Homogeneous Markov chains

We have N total balls and everytime we choose a ball its urn is changed, therefore we can
write this process
Xn+1 =X, + Zn+1 .
——
ef{-1,1}
We observe that although the functional relationship is the same, the process is different
from the random walk, since Z,, 1 and X,, are not independent,
N —1
N

P(Zns1 = 1|X, =) =

The point is that this process cannot be written as a canonical representation, however it’s
possible to write another process with the same law using the canonical representation.

Example (Gambler’s ruin)

We consider a 1D random walk X = (X,,)nen, lower bound ¢ € Ny and with an initial value
Xo = a. At each time we can either win or lose, and X,, is the cumulated gain at time n.
Consider also the stopping time

inf {n : X,, € {0,c}}
+00 it X,, ¢ {0,c} for all n

We want to compute

1. P(1 < 00, X; =¢|Xo = a).
—_——
F:=winning game

2. E[r|Xo = a].

Problem 1 — We set u(i) = P(F|X, = i) for all i = 0,...,c. We have some boundary
conditions on u, since

Remark One can prove that, since by the Markov property (M) the future trajectory
depends only on the present value, then

P(F|Xo = i) = u(i) = P(F| X, = 9),

Therefore
P(F|Xo =i) =Y P(F, X1 = j|Xo = i)
JEE

=) P(F|X: = §)P(X;1 = j| Xo = 4)
jeE

= Z u(j)Fij

JEE
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7.3 Stationarity Lecture 7: Homogeneous Markov chains

In the case of the random walk we therefore have that P;; is # 0 only for j = ¢ — 1 and
j =1+ 1, and we get the following recursion for i =1,...,c—1

0
u(@) =u(i+ 1)p+u(i —1)(1 —p)
1

e
ifp=2

Remark Define now F°¢ := losing the game, then since p = % the game is symmetric and

c—1

P(F¢|Xo =1) =

Moreover, this shows that

c—1

P(r < 00| Xo = i) = P(F|Xo = i) + P(F°| Xo = i) = % 0,

@

Problem 2 — For a specific initial wealth 4, we can apply the same one-step analysis we

did before, this time in terms of expected values: set m(i) := E[7]| Xy = 1]

Remark From the Markov property (M) we can show that E[r|X; =] = m(i) + 1.

We partition w.r. to the only two events that can occur, which are
m(i) = E[7 - 1ix,=—1}|Xo = 4] + E[7 - L{x,=i41}| X0 = 1]
=E[7|X; =i+ 1]-P(X; =i+ 1|Xo = i) + E[r]X; =i — 1] - P(X; = i — 1| X = 1)
=(m(@+1)+1)p+ (m(GE—-1)+1)(1—p)
= p-m(i+1)+(1—p)-m(i—1) + L

This goes together with the two boundary conditions

m(0)
m(i)

(©)

p-m(i+1)+(1—p) - m@E—-1)+1
0

Solving for p = 1 we obtain m(i) = i(c — ).

In general, for computing probabilities and expected values of absorbing states we can apply this

type of first-step analysis.
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7.3 Stationarity

We want to characterize the property of stationarity for a stochastic process, that is, Markov chains
whose distribution does not change over time.

Def. (Stationary distribution)
We say that a probability distribution 7 = (7, 72, . .. ,7r|E|)T on F is stationary if

al=x'-P.

Remark A distribution is not universally stationary, but w.r. to a chosen transition matrix P.

Remark If 7 is stationary, then 7' = 7" P" for any n € N.
Def. (Stationary Markov chain)
A HMC is called stationary if
P(X,, =0, Xpnt1 = tng1 -+, Xtk = i) = P(Xo = i0, X1 = 11,..., Xk = ik),

for any choice of n € Ng, k € N and g, ...,i; € E.

Prop. 8 (Stationarity of the HMC)

An HMC is stationary <= the initial distribution my is stationary.

Proof.
= : Simple to prove.
<= : We start by computing

P(X” = iO’ e ’Xn+]€ = Zk?) = ]P(Xn = ZO) *Pigin "+ Pig_aik
= 7'('(—)r - P" *Digir o Pig_qix
= 7ToT “Pigiy v+ Pig_vig (stationary)

=P(Xo = ig, X1 = i1,..., X = ig).
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Lecture 8: Global balance equation

LECTURE 8: GLOBAL BALANCE EQUATION

A useful tool in the analysis of homogeneous Markov chains is the global balance equation. The
equation stems from the definition of stationary distribution,

T P=7" < 7(i)= Z n(j)Pji, forallie E.
JEE
Example
Let E = {1,2} and P = (1/_36“ 13‘5) for a, 8 € (0,1), therefore we can write the global
balance equations:
r(1) = 7(1)(1 - @) +n(2)8 "
m(2) = m(Da+m(2)(1 - B)
which can be solved as a linear system in order to find the solution in (1), 7(2)
O=r"(P-D)=n"(52%)
det=0

, since the determinant is null all the solutions to (4) are found by solving the first equation,
constrained to the fact that 7 is a probability distribution,

0= —an(l)+ Bn(2) (global balance)

(1) =1-m(2) (probability distribution)
w(1) = £m(2) = 22
m(2) = liﬁ o%@

Example (Urn of Ehrenfest (cont.))
We recall that for the urn of Ehrenfest we have

ifj=i—1

z z|~

Pij —1

= fj=i+1,

0 otherwise

therefore the global balance equation can be computed as
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Lecture 8: Global balance equation

We claim that 7 (i) = mo - (Zfl) for any 1 =0, ..., N. From the first equation, we have

cm(l) =7(0)- N
: By induction, assuming we isolate (i 4+ 1) as

(i +1) = ifl (ﬂ'(i)—ﬂ(i—l)-W)
2 (o) o))
=n(0): N!((i ¥ 1)1‘]!\([N —)l G+ 1)(1'1\i I)f(szvl— i+ 1)! ) (collect m(0), 1)

_ 1
TOFDGFOIN=—0)!

ZW(O)'N!'((iJrIJ\)]!(_Nii)!)

= 7(0) - NI <(i+1)!(1\1f—i+1)!>

=m0 <zf1)

Now, the only unknown is 7(0), which we get by the constraint that = is a distribution,

therefore

N N N
) = 1 . = 1

> (1) <~ w(0) Z:O ( ; )

(2

?

— 7(0)-2V =1 (binomial theorem)

Therefore, 7 (i) = (N)Q’N = (N)%Q,Vl_i for i =0,..., N, therefore 7 = Bin(, 1).

% %

Example (1-D random walk)

Consider X a 1-D random walk with p = %, with transition matrix

Nl O
O =

then, using the global balance equation we have

1 1
(i) = 577(@ —1)+ iw(z +1), forallieZ.
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By induction,
w(i) = m(0) +i(w(i) — w(0)) forall i>2

A stationary distribution would imply 7 (i) = 7(0) for any ¢ > 0, but since we have infinite
values of ¢ even having the condition

w(i)) =m(0) = »_w(0) = oo.
=0

Remark In general there might exist many stationary distributions for a given matrix P.

Example (Multiple stationary distributions)
We just have to find a distribution such that

l =x'P

3

therefore if P = I this equation is satisfied for any initial distribution .

8.1 Strong Markov property

Let 7 be a stopping time w.r. to (FX),, then {r = n} € FX = o(Xo, X1,...,X,). However, by
Doob’s theorem the random variable 1(,_,; can be written as a function of Xo, ..., Xy,

]]-{T:n} = '(/}(X()ale ce vXn)

Example (Return time)

Define

min{n € N: X,, =i} if #0

+00 if X;, #iforallneN

T;:=
This is different from the hitting time, since in that case we had

min{n € Ny : X,, =i} if #0
400 if X;, #i foralln e N

T; —

The problem is that for Xg =1 = T < o0.

Example (Successive returns)

Fix 7 € F and let

Tl(i) =1,
() min{m > D Xy = i} if#£0
Tnt+1 "= . . ()
400 if X, #4foralm>m,
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‘We observe that the event

{7 = m} = {Xm :i}m{in{xn:i} :k},

-1
eFX "

EFX

Prop. 9 (Stopping times)
If T is a stopping time, then for all n € Ny (negatives don’t work),

> T+n is a stopping time.

> T An=min{r,n} is a stopping time.

Proof.

{T—l—n:m}néo{T:m—n}E}"m
{min{r,n} =m} ={r <n}
O

Let X = (X,,)n be a discrete-time stochastic process and 7 a stopping time. We now consider the
stochastic process given by the process observed only when 7 occurs, i.e.

X‘r(w) (w) if T(OJ) < 0

Xrlw) = A¢gFE if 7(w) =0

We want to investigate the behaviour of

(Xrin)n “process X after 77

(Xmin{r,n})n “process X stopped at 77

Given the observations in Prop. 9, the above processes remain adapted to the filtration F;X. However,
there is more we can say about the processes which are observed in terms of the stopping times,
which is summarized by the following theorem.

Theorem 27 (Strong Markov property)
Let X be a HMC and T be a stopping time, then for any i1 € E we have

a) P(A|X,; =1i,B) =P(A|X,; =1) for any A future trajectory and B any previous trajec-
tory,
A={Xr11=J1,.. ., Xoyr = ji}

B = {XO/\T = Z'Oa--~7)(n/\7' = Zn}
for any n,k € N

b) The process (Xrin)n is & HMC with transition matriz P.
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8.2 Topology of the transition matrix Lecture 8: Global balance equation

Proof.
No.

8.2 Topology of the transition matrix

We now turn our attention to studying some properties related to the transition matrix P, in
particular accessible states and communicating states.

Def. (Accessible state)
A state j € F is called accessible from the state i € E if there exists M € Ny such that

PY =P(Xum = j|Xo =1) >0,

and we write i — j.

Def. (Communicating states)

Two states i, 7 communicate if i — j and j — i, and we write i <— j.

Prop. 10 (Communication is an equivalence relation)

For two states i,j € E we have that “— " is an equivalence relation, since
1. i¢—1
2. 01¢—] = j<—1i
3. i¢—jandj+—k = i+— k.
— — s

’
PM>0 PA'>0 pYAM

With this relationship we can define an equivalence class E /4, for which every element i € E
belongs to one and only equivalence class.

Def. (Closedness)

A state i € F is called closed if p;; = 1. A set C C FE is called closed if Zjecpij =1 for
alli e C.

Exercises

> Example 2.4, 3.2, 5.5, 5.6 one per group as a seminar

> Exercise 2.6.2, 2.7.1, 2.7.2 choose 2 per group, the last group does 2.2.3 and 2.5.3
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Lecture 9: Recurrence of states

LECTURE 9: RECURRENCE OF STATES
2021-12-02

9.1 Recurrence
Notation In the following we will denote the conditional probability and expectation with a sub-

script, i.e.
P; =P(:|Xo=1), E;=E[|X,=1]

Def. (Recurrence and transience)

Let X be a HMC and i € E, we say that i is recurrent if P;(T; < co) = 1, where T; is the
event of first return at state i. Otherwise it is called transient.

Def. (Positive recurrence)

If a state i is recurrent and in addition E[T;] < oo, then i is called positive recurrent.
Otherwise, it is called null recurrent.

Example (Recurrence conditions)

Let F = Ny and consider a transition graph represented in Figure 13 below. We assume that
pn € (0,1) for every n, and we want to study whether state 0 is recurrent or not.

o 1 —po 1—m 1 —po 1}3
80 (1) (2) (3)

Figure 13: Transition graph of the success-runs chain.

Let Ty := “first return time to 0”7, then we have that

n — 1 times different from 0
P(Ty=n)=< L=po)1=p1)-...- (1 =pp—2)pn—1 ifn=>2
Do ifn=1
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9.2 Potential matrix criterion Lecture 9: Recurrence of states

We can write the probability of T; being finite as the following limit,

P(Ty < 00) = Po( U {To =n})
neN

= lim ZPO(TO = ) (disjoint)

1=1

= lim Po(TO S n)

n— oo

n— oo

n—1

=1- n11_>n;0 H}(l — i) (move right n times)

oo
! - .
The above limit is zero <g> E p; = 400, which is the condition for recurrence of the state.
i=0

9.2 DPotential matrix criterion

We will now study two criteria for determining the recurrence of a stochastic process in terms of its

transition matrix P.

Def. (Potential matrix)

We define the potential matrixz of a Markov chain with transition matrix P as the matrix

G::ZP"

neNy

Finiteness The entries of the matrix G are not necessarily finite, think for example to the tran-

sition matrix P = I.

Returns to j If we define the random variable N; := > 1(x,=j}, i.e. N; counts the number
of times that the chain returns to j, then

E;[N;] = Z Ei[l{x,=] = Z Pi(X, =j) = Z P = Gyj.

n€Np n€Ng n€Np

Lemma 6 (Distribution of the return time)

Let T; := “return time to state j” and f;; = P;(Tj < +00). Then, we have that the number
of visit Nj to state j is such that
fij ;-jjil(l — f]j) Zf’f‘ eN

Pi(N; =r1) =
( ’ T) 1_flj Zf’l":O
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9.2 Potential matrix criterion Lecture 9: Recurrence of states

Interpretation For r =0, it’s the probability of never returning to j, i.e. P;(T; = 4+00). For r > 0
we go once from 7 ~» j, then j ~» j happens r — 1 times and then we do not return there anymore
for the rest of the chain.

Proof.

Proof is simply {N; = 0} = {T; = +o0}.

We prove this property by induction, i.e. we assume the statement true for a given r € N. For
r 4+ 1 we have that

]P)Z(Nj > 7‘) =1 —PZ(N] < 7’)
r
=1- ZR-(N =
k=0

(- 1)) Zf” — fij)

T

= fi = fii (L= Fi) > _ £

k=1

1 fr.
=fij—fijﬂ7m%%
= fij — fi;(L = f};)

= Ji 15

!! Long proof, cannot use the one below because induction assumes the property valid for r
and not for r + 1!1.

Pi(Nj :T—I—l) :]P)i(Nj >7”) —Pi(Nj > 7“+1)
:f f fl]fr_‘—l
= fi I;(1 = f35)

Theorem 28 (Potential matrix criterion)

The state i € E is recurrent <— G;; = +oo.
Proof.

The proof relies on the previous result (Lemma 6), which characterizes the distribution of the return
time T
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9.3 Structure of the transition matrix Lecture 9: Recurrence of states

—

Example (1-D random walk is recurrent for p = 1/2)

Consider a 1-D random walk such that X,, = X,,_1 + Z,,, with transition probabilities
P ifj=i+1
Pi; =40 ifj=i=1
1—p fj=i—-1

One can show that for odd transitions, POQSL'H = 0, since we cannot go back to state 0 in an
odd number of steps. On the other hand, for even transitions we have

2n (2n)!
PQn — (1l — n o_ Nl — n.
% = ()ra-or = Era-n)
Using Stirling’s approximation, n! ~ v27mn(%2)", we have

4-p(1—p))"
POQO”NM, for n > 1.
2mn

Hence, the maximum of P2 as a function of p is attained when
1 n_
p=5 = (4 pl-p) =1"=1,

>1 q
and so we have that P37 "1 /v/2mn. Therefore, in order for the process to be recurrent

we must have |
Z POQ(? =400 & p= 9’
neN

thus if the random walk is symmetric then all states are recurrent. Otherwise, every state is

transient.

9.3 Structure of the transition matrix

A theoretical application of the potential matrix criterion is to the proof that recurrence is a com-
munication class property. Indeed, we have the following remark in terms of communicating states:

Remark Assume j € E is recurrent and accessible from another state i € E. Then,

Proof.

Exercise.
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Theorem 29 (Recurrence of accessible states)

If i <— j, then i is (positive) recurrent <= j is (positive) recurrent.

Proof.
By definition, ¢ and j communicate if there are M, N > 0 such that p;;(M) > 0 and p;;(N) > 0.
Consider now the probability of the following transition:

i M steps ] n steps ] N steps pij(M)pjj (n)pﬂ (N)
iM+n+Nsteps i p”(M+n+N)

Since the first transition is contained in the second,

pii(M +n+ N) > pii(M)p;;(n)p;i(N) = a - pj;(n).
With the same argument,

pji(M +n+ N) > p;ji(M)pii(n)pi;(N) = B - pii(n).

Therefore, this implies that the series >~ p;i(n) and Y~ p;;(n) either both diverge or both
converge.

O

Corollary 6 (Recurrent classes)

If a class R C E is recurrent then it is closed.

Proof.
If © € R goes to j € E, then since ¢ is recurrent the chain must at some point return to ¢, which
implies ijlu > 0 for some M and therefore j € R.

O

Indeed, observe that we can rearrange in terms of recurrent classes (first) and transient classes (last):

Ri Ry Rs T

Prbo 0! 0| R
0 Pay 0 0| R
P= [y
0 | O |P3\ O R3
T

Figure 14: Rearrangement of the communicating classes in terms of their type.
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9.3 Structure of the transition matrix Lecture 9: Recurrence of states

Def. (Irreducibility)
A HMC X is irreducible <= FE is the only communicating class.

Notation For irreducible Markov chains, it makes sense to talk about recurrence of the chain in
place of recurrence of a single state.

Corollary 7 (Irreducibility and recurrence)

If a HMC X is irreducible, then all states i € E will be either recurrent or transient.

Proof.
Follows from theorem 29.
O

Irreducible Markov chains are special, in the sense that we have another criterion which will tell us
about positive recurrence of the chain.

Theorem 30 (Positive recurrence of an irreducible Markov chain)

An irreducible HMC' is positive recurrent <= the HMC admits a stationary distribution .

Homeworks Each group chooses one example and two exercises.

> Examples 3.2, 3.3, 1.3 pp. 98-108

> Problems 3.1.4, 3.1.6, 3.2.2, 3.3.1, 3.3.3
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Lecture 10: Long-run behaviour

LECTURE 10: LONG-RUN BEHAVIOUR

10.1 Invariant measure of a HMC

Def. (Invariant measure)

Let P be a transition matrix for a HMC X. A sequence (z;);cg is called an invariant
measure on E w.r. to P if

1. x; € [0,400) for all i € E.

2. 2" =zTP,ie.

Ty = E ijjz*

jEE
Remark We do not require the above sum to be finite, since z can be any type of measure on E.

Theorem 31 (Invariant measure and return times)

Let X be an irreducible recurrent HMC, iy € E, and T;, as the first return time to iy. Set

0

now 9 = 22 = B[}y Lix, =i - Lo<r,, ] for alli € E. z is the number of visits at i

prior to time T;,, then
a) 29 >0 foralli € E

b) 20 = (29),ep is an invariant measure.

Remark z{ =1 by definition of Tj,

%0

Remark
> a2l =3 B> Ixa=ipIn<n, ] = Bip[D | Y Ix,=iln<r, ]| = B[ Tn<r, | = E[T,,]
=y ieE neN neNieFE neN

This relationship allows us to see a connection between invariant measures and recurrent Markov
chains, in particular when the Markov chain is positive recurrent we have a finite total mass for the
invariant measure.

Theorem 32 (Uniqueness of the invariant measure)

The invariant measure of a recurrent HMC' is unique up to a multiplicative constant, fur-
thermore the chain is positive recurrent <= >, p a9 < +00.

Proof.

See definition of an invariant measure and observe that 7 = 2" P is preserved via multiplication.
O
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10.1 Invariant measure of a HMC Lecture 10: Long-run behaviour

Theorem 33 (Recurrence and stationary distribution of an irreducible HMC)

An irreducible HMC' is positive recurrent <= there exists a stationary distribution w, and

in this case m is unique and componentwise strictly positive.

Proof.
: Follows from previous results.

: Recall that a stationary distribution is such that (i) = > ,cp7(j)P}; for all n € N. By
contradiction, assume that the chain X is transient, then

lim P;; =0 (potential matrix criterion),
n—oo

but since the global balance equation holds for every n, it also holds in the limit

(i) = lim Y 7(j)P) =0.

n—o0

iCE
O
Theorem 34 (Positive recurrence and expected value of return time)
If X is positive recurrent with stationary distribution w, then for any i € E we have
Proof.
We say that
i
(i) =
2icp T
O

Intuitively, a finite number of states such that all of them communicate with each other leads to a
positive probability of returning to each state. Hence, we have the following theorem:

Theorem 35 (Irreducibility of a finite chain)

If E is finite, any irreducible HMC is positive recurrent.

Proof.
Assume that X is transient, then by the potential matrix criterion
n
Z P, < +o0,
neN

then since F is finite we have that

NN i<t = Y Y Pr=Y 1=+,

jEE neN neNjeE neN

1
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10.2 Ergodicity Lecture 10: Long-run behaviour

and this is a contradiction.

10.2 Ergodicity

Theorem 36 (Ergodic theorem)
Let X be a positive recurrent HMC and let f : E — R such that f is summable w.r. to the

stationary distribution, i.e.

ST I£G)] - 7)< +oo, (/E fldr < oo)

i€E

then
im0 3 00 ([ sar)

ieE

Proof.
Consider 71, 72,..., Ty, ... the return times at iy and set U, := Z;’jﬁpﬂ f(X,), it can be proved

that (U,)pen is a sequence of i.i.d r.v.’s. Using the strong Markov property, we have

=

B[] "2 B, [ 3 £(X0)]

=E; [i > f0) l(xn:ﬂ}

n=1ie€k

T

= Z F@E;, { ﬂ(Xn:i)}

i€EE n=1

= J@) -
icE
Now, using the strong law of large numbers the above equalities yield

S 20 B0

i€l

By definition, the above quantity >2°_ U, = Z;”:J;}H f(X%).

Note By definition, if u(n) :=
Tum) <N < Ty(ny41- From this, we can write (since f is positive)

“number of visits to ig prior to n”, the return time is such that

ped F(X) YR F(XG) T f(X)
1(n) = un) T p(n)

n— oo

LIS e FO)T0 SIS ep F@)TO

(s



10.2 Ergodicity Lecture 10: Long-run behaviour

O

Remark In the statement there is no need to know in advance the value of the stationary distri-
bution. Moreover, this result does not depend on the choice of the initial distribution vy.

Remark
> Setting f = id yields limy, o £ Y1) Xj = [ dr.

> Setting f(i) = Ly;03 (i) yields lim, oo 2370 Ix, i = (i)

Lemma 7 (Ergodic theorem on the number of visits)

Let X be an irreducible recurrent HMC, and let u(n) be the number of visits to iy prior to
time n,

p(n) = Z Lx,=io-
k=1

Let now f : E — R measurable such that

ST 1G] -zl < oo,

i€E
then
. 1 N
lim D F(Xn) =) f(Da
n—oo p(n =1 icE
Proof.

Using the ergodic theorem, by the previous lemma we have

but then

Corollary 8 (Convergence of a function of multiple states)

Let X be an irreducible positive recurrent HMC and let g : E'*Y — R with L € Ny, such
that

Z ‘g(iOa--wiL”'W(iO)Pioil---PiLfliL < 00,

90,..,iL EE

or equivalently Ex[|g(Xo, ..., X1)|] < oo, then

n—oQ

N
o1 ) . .
hm N;g(xk,Xk+1,...,Xk+L): Z g(ZOa“-aZL)ﬂ-(ZO)'PiOil-~-PiL71iL~
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10.2 Ergodicity Lecture 10: Long-run behaviour

Proof.
Consider the process Y,, := (X,,, Xp41, - .., Xn+1), then it can be proved that Y = (Y,),, is a positive
recurrent HMC with stationary distribution with stationary distribution

7T(i0) . Pioil . PiL—l ins

and the conclusion follows from the ergodic theorem.
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Lecture 11: Continuous-time stochastic processes

LECTURE 11: CONTINUOUS-TIME STOCHASTIC PROCESSES

In the previous lectures we only considered stochastic processes which are defined on both discrete
state spaces and discrete time domains. Now we want to move towards continuous stochastic
processes in both qualities, starting from the easier generalization, which is continuous-time discrete
stochastic processes.

We can think about the easiest type of discrete continuous-time Markov processes, which are se-
quences of step functions where the jumps are performed at a random (countable) sequence of times
To, T, o, Ty

11.1 Continuous-time processes

Def. (Continuous-time stochastic process)

Fix a probability space (€2, F,P), then we say that a continuous-time stochastic process
on I C R is a family (X;);es of random variables (with values on R?).

Measurability By definition, X; is F-measurable for any t € I.
Typical choices Usually, I = Rxo,I =[0,T],...

Equivalent formulation Similarly to the space of sequences of discrete stochastic processes, we
can equivalently define a continuous-time stochastic process as

X :Q — (RY)! = {functions I — R%}
wt = (t— Xy)

when equipped with a o-algebra on (R9)!.

Equivalent formulation IT A second equivalent formulation of the continuous-time stochastic

processes is the following function,
X:QxI—R?

(w,t) — Xi(w)

with X a (F ® B)-measurable function.

Def. (Natural filtration)

Given X continuous-time stochastic process, we define the natural filtration of X is given
by
FX =0(Xs,s€1,5<t)

=o((X;€H),HeB,sel,s<t).
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11.1 Continuous-time processes Lecture 11: Continuous-time stochastic processes

Def. (Continuous-time martingale)

A continuous-time process X is called a martingale w.r. to a given filtration (F;)es if

1. X, e LY(Q,F,P) forallt eI

2. E[XT|.Ft] = Xt for all T >t

Remark Recall that E[X}] is constant w.r. to ¢ and E[X7|X;] = X, for all T > ¢.

The first differences between continuous-time and discrete-time stochastic processes lie in the unique-
ness properties of the processes. For discrete-time, we saw two definitions of equality (in law and
almost-sure), and the latter definition changes a bit.

Def. (Modifications)

X, Y continuous time stochastic processes are called modifications if they are equal at all
fixed times,
X, 2Y, foralltel.

Def. (Indistinguishability)
X, Y continuous time stochastic processes are called indistinguishable if equality holds in

the sense of functions,
Xt a~:S~ Yrt7

le if P(X; =Y, foralltel)=1.

Remark Indistinguishable is stronger than modification. Indeed,
(X=Y)=(Xy=Yforalltel)

=X =V1)

tel

Not countable

therefore, if the right hand side have P(-) = 1 does not imply that their intersection has probability
1.

Regularity The equivalence between modifications and indistinguishable can be restored with
some regularity conditions. If X, Y are continuous then we can consider (), 1nQ and take the limit,
in order to get a countable intersection. In this case, X, Y modifications = X, Y indistinguishable.

Example
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Consider the sample space Q = [0,1], F = B, and P = Unifjy ;}. Let now

1 fw=t
Xelw) = 1) =1 s =
N
I F-=- -- —-o
:A '} —
b } =
W~ i £

Figure 15: Example of a realization from the stochastic process X.

Consider now another trivial stochastic process Y; = 0 for all ¢ € [0, 1], then it is clear that
for any w € [0, 1], X(w) # Y (w). On the other hand, for any ¢ € [0, 1] we have

{Xi =Y} = Q\{t},
and therefore P({X; = Y;}) = 1. We conclude that X and Y are modifications, but not

indistinguishable.

Def. (Stopping time)

A random time 7 :  — [0, +00] is called a stopping time w.r. to a filtration (F;)iey if
{r<tteF, foralt>0.

Interpretation The interpretation remains the usual, i.e. at each time ¢ we must be able to know
whether the event happened or not.

Remark If 7 is a stopping time, then

{r<t}= U{rgt—%}eﬁ,
-— N

neN

€EF,_1C F:

and also {r =t} € F;.

The difference between discrete-time and continuous-time stochastic processes lies in hitting times.

Example (Hitting times)
Let X be a continuous-time stochastic process adapted to (F;);>o and let H C R? Borel set.
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Let now
inf{t >0: X, e H} if#0
+00 if =10

SN
>

\4

Figure 16: Example of a hitting time on a set H of a continuous-time stochastic
process.

We are interested in finding out whether the time 7 is a stopping time or not. We start by
decomposing the event

{r<t}={r=ttu{r <t}

—{r=tu( U {x.em)

s€0,t)

= {7 =t}U ( U {Xs € H}) (continuous and H open/closed)
s€[0,6)NQ

The second set belongs to F; if X has continuous paths and H is an open or closed set. On
the other hand, {7 = ¢} must be considered in two cases:

1. H is a closed set, then

{r=t}={X e H}N {X. ¢ H} ),

cF

therefore 7 is a stopping time.
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11.2 Point and counting processes Lecture 11: Continuous-time stochastic processes

2. H is an open set, in this case {X; € H} ¢ F;, and therefore we cannot use the same
argument as before:

{T:t}:LJ{XHEGH}ﬂ( N {XS¢H})

e>0 aF s€[0,)NQ

cF:

therefore if H is an open set we must be able to see at least one step into the future
in order to tell whether the event happened or not = 7 is not a stopping time.

Solution In order to overcome the above problem, we use a mathematical trick — that has no real
probabilistic interpretation — and require the filtration F; to be such continuous to the right, i.e.
for any € > 0,

U Five =7

e>0

11.2 Point and counting processes

The goal here is to define a counting process whose trajectories are step functions, which will be a
very useful tool for analyzing continuous-time processes.

] /7 [\J%
—4
4
I ]
3 ? : !
i ! |
£ T . ‘ |
2 ¥ :' i 4 T
= H = " L : - { — {
il I ol 1 R T T, t
Figure 17: Example of a counting process.
The important thing is that the jump times of the process 11,75, ..., T,,... are random variables

T; € R, which requires the development of a more articulated theory of stochastic processes.

Notation We denote by S,, = T;, —T;,_1 the sequence of inter-arrival times of the process, and
by

N(a, b] = Z ]l(a,b]Tn

neN

the number of events that occurred in the interval (a, b].
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11.2 Point and counting processes Lecture 11: Continuous-time stochastic processes

Def. (Point process)

A stochastic point process is a discrete time stochastic process T' = (T}, )nen, such that
. To=0
w. To<hh<Th<...<T,<...
143, lim,,_soo T3, = +00
Remark Some relaxations have been considered in literature, especially properties (i) and (4i7)

could be replaced by:

. o<W <Tp<...<T,<... (Multiple arrivals)

iii. Removed (Ezplosion)

Intuition The idea behind the point process is to give a set of indices at which something happens
to the stochastic process.

Def. (Counting process)
If T is a point process, then the process N = (N;);>o defined by

N, := N(0,t] = Z Lo4(Tn), t>0

n€Ng

is called the counting process of the point process 7.

Properties

> Ny = 0 by definition, since the indicator function excludes 0.
> Ny /and N; € Ny since the set in the indicator function is increasing.

> The trajectories t — N, are cadlag, i.e. continuous from the right and have limit from the
left (see Figure 17).

Def. (Homogeneous Poisson process)

A homogeneous Poisson process with intensity A > 0 is a counting process (N;);>o such
that

a) For any k € N and any finite selection 0 < t; < t5 < ... < g, increments are
independent:

(Nt — Ney_y) L (Ngy oy, — Niy ) Lo AL (N, — Nyy)

b) For any 0 <t < T, Ny — Ny ~ Pois(\(T — t)).

85
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Remark Using (b) and (Ng =0) = N; ~ Pois(\t) for any ¢t € R.

Theorem 37 (Characterization of a Poisson process)

Let N = (Ny)i>0 be a counting process, then

N is a Poisson process with intensity A >0 <= (T, — Tpy—1)nen g Ezxp(\).

Construction The above theorem lets us construct a Poisson process by starting with a sequence

of i.i.d Exp()) waiting times.

Proof.
The proof relies strongly on the independence and the loss of memory of the exponential distribution.
O

Lemma 8 (Distribution of the jump times)

If (Sp)nen is exponentially distributed with parameter A, then T,, € AC and with density
At n—1

fr(t) = 2e O

Proof.
For n = 1, by definition 77 = S; and the result is trivial. By induction, we have

3

(A1)

an+1 (t) = an+Sn+1 (t) Jé /Ran (S)fsn+1 (t - 5) ds=...= )‘eikt

Now, we can use the above lemma to show that N; ~ Pois(At), since

¢ AS)™ | parts K
P(t > Tppq) = / )\e_/\S(i') ds PE Pt > T),) — e—qu,
0 n. n.

we can observe from Figure 17 that in order to have N, = n we require:
P(N; = n) = {n'™ arrival before t and (n + 1) after t}
=P(T, <t)—P(Th41 <)

(A8)"

EESY;
n!

Other important properties

1. For any fixed ¢ > 0, N is continuous at ¢ with probability 1 (consequence of Lemma 8).

2. E[T,,—T,-1] = E[S,] = 1, therefore A controls both the expected waiting time and the average

number of arrivals in the time unit (E[N;] = At).
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LECTURE 12: CONTINUOUS STOCHASTIC PROCESSES

We discuss the compound Poisson process, which instead of jumping of a unitary value we have
jumps at 71,715, ..., T, ... of random size Z1, Zs, ..., Zg, ...

7\
- e == pe '! x
& { i |
-+ ¢ X fl
23 21 i
}:( H L 'l >
[
D L

Figure 18: Example of a compound Poisson process.

Def. (Compound Poisson process)

Let N = (N¢)¢>0 be a Poisson process with parameter X, and let also (Z,,)nen be a sequence
of i.i.d r.v.’s, and the whole sequence independent from N. The process set as

Ny
X; = sz, t>0
k=1

is called a compound Poisson process.

Remark If Z; ~ 01, then X is a homogeneous Poisson process.

Markov property In the continuous-time case, the Markov property reads

Elp(X1)|F] = Ele(X71)|X¢], forall 0 <t <T and ¢ bounded and measurable.

Prop. 11 (Poisson process is Markov)

The Poisson process N has the Markov property w.r. to its natural filtration (F )i>o-
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12.1 General continuous-time Markov chains Lecture 12: Continuous stochastic processes

Proof.

increment
——
We start by writing N7 = N; + (Np — N;), and since N; is measurable w.r. to F}¥ and (N7 — Ny)

is independent from the
Freez.

which is a function of NV, and therefore has the Markov property. Moreover, we also have the

regression function

E[p(N7)|Ny =n] =E[p(n+ Z)], with Z ~ Pois(A(T — t)).

Prop. 12 (Compound Poisson process is Markov)

A compound Poisson process X has the Markov property w.r. to its natural filtration (]-'tX)tZO.

Proof.
Just like before, we can write X = X; + (X1 — X;), and the increment is such that

NT N 7Nt
Xp—Xo= Y Zr= > Zn
k=N;+1 j=1

and since Z, are independent this quantity is independent of F;X. Therefore, by the freezing lemma

the process is again Markov:

Nt —N;
Elp(Xr)IF ] =Elp(@+ Y Zut)l|onoex,

Jj=1

Nr—N,
= E[p(x + Z )Zj”w:Xt (indep.)

j=1

12.1 General continuous-time Markov chains

We are going to extend the concept of transition matrix to the continuous case, by describing the

evolution of the process in terms of some sort of derivative of the process.

Def. (Continuous-time discrete Markov chain)
A stochastic process (X;);>o with values on F, |E| = |N|, is a continuous-time discrete
Markov chain if it has the Markov property w.r. to its natural filtration (F;¥);>.
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Prop. 13

A stochastic process (Xi)i>o0 with values on E is a continuous-time MC <=
P(Xiys = J|1Xs =14, Xs, =gy -y Xsg = %0) = P(Xegs = j|Xs =4)

forallt >0 and 0 < sg < 51 < s < s and ig,...,1k,%,J € E such that the probability is
well-defined.

Def. (Homogeneous Markov Chain)
if P() does not depend on s, then the MC X is called homogeneous (HMC).

Remark For any t > 0, let P(t) := (P;;(t))i jer as defined by

HMC

Pij(t) = P(X, = j|Xo = i) = 2O P(X,y, = j|X, = ).

This object is usually called the transition semigroup of the Markov chain.

Properties
L P(0) = Iy
2. Forallt >0, %, pPix(t)=1forallicE.

3. P(t+s) = P(t)- P(s) (Chapman-Kolmogorov)

Pij(t+s) =P(Xy1s = j| Xo =1)

=) P(Xpso = j, Xo = k| Xo = i)
keE

= P(Xpps = j|1 X, = j, Xo = 1) - P(X, = k| Xo = i)
=P(Xpps = j|1 X, = k) - P(X, = k| Xo = 1) (Markov)

= (P(t)- P(s)),

J
Remark Denote by v(t) the distribution of X, then
L vt)T =v(0)T - P(t)
2. P(Xo =0, Xt; =1y, Xt, =) = Vig(0) - Pigiy (t1) + - o+ Piy_yip (b — te—1).

k

Example (H.P.P)

We can cast a homogeneous Poisson process (IN;);>o into this framework: if j > ¢, we have
that the transition ¢ — j has probability

]P)(Nt+h = .]|Nt - Z) - P(Nt_;,_h — Nt :j — ’L|Nt = Z),
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and we know that the increments are Ny, — Ny ~ Pois(Ah), therefore

0 ifj < i

e—kh7<(*j_’ljj)’!i if j >

P(Netrn = j|Ny =4) =

Example

Let N be a H.P.P set
X, = (-1, E={-1,1}

Then, we have that

P(Xiys = 1| X, = —1) = P((-1)N+ - (=1)NVere=Ne = 11X, = 1)

|
~

((_DNHS—NS (=1) = 1)
= P(Nt+s — Ns is Odd)

RSy s
=2 2n+1)!

=t 1(6)\15 _ e—/\t)

Then, we have
1 {1+ 6—2)\t 1— 6—2)\t
P(t) = 5 —2xt —oxt |
2\1—-e 1+e

When we have functions defined on intervals, one of the questions that arises is about the regularity

of the function, i.e. continuity, derivatives, ...

12.2 Regularity of P(t)

Def. (Continuity)

Let (P(t))i>0 be a transition semigroup (satisfies prop. 1-2-3), then we say that P is con-
tinuous if it is continuous at ¢t = 0,

lim P(h) = P(0) = I.

h—0t

Prop. 14 (Continuity of the semigroup)

If P(t) is continuous at t = 0, then it is continuous for every t > 0.
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Def.

The generator of P(-) is its derivative

Ae 5im DR -PO) _

= P'(h).
h—0t h ( )
Remark If A= (¢;;)i jek, then we can explicitly write

Pi;(h) e

li f
D I e
" fim D=1 e,
h—0t h —J

Prop. 15 (Differentiability of P(t))

Consider for h > 0 the right derivative at time ¢, we can write

h—0t

—A
P(t+h) — P(t) P(t)P(h) — P(t) P(h)—1
lim # = lim —————2 =P(t) lim = P(t) - A.
h—0+ h h—0+ h h—0+ h
As for the left derivative, h < 0, we can use the semigroup property to write
h—0" P(t)
_ —_ — —— — _
lim P(t+h) — P(t) — lim P(t+h)— P(t+h)P(—h) ~ lim POTA) I—P(-h)
h—0— h h—0— h h—0— h
. —I+ P(—h)
=P(t) 1 _
( ) —h,liﬁ)Jr —h
= P(t) - A.

Theorem 38 (Kolmogorov’s forward equation)

The above calculations show that P is such that the following ODE holds:

which is defined with an initial condition P(0) = I, and thus called a forward equation.

Remark If F is finite, then A is a proper matrix and the ODE can be solved explicitly, and is the
matrix exponential
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12.3 Continuous Markov processes

We now briefly discuss continuous Markov processes and how we can construct them by integrating
two special Markov processes: a Brownian motion and a compound Poisson process.

i\

]
X

Figure 19: continuousTimeMarkovProcessExample
Consider X; = Z]k\L Z, compound Poisson process, and consider the following process:

t
Yt::/ g(Y,) dX, < dY, = g(V;) dX,.
0

This defines a stochastic differential equation, and the integral has to be interpreted as a Riemann-
Stieltjes integral.

t
Riemann integral / s)ds = hm Z 9(8:)(si41—5i), where (si)ieq1,....n} is an equispaced grid
0

of increment h.

Riemann-Stieltjes We replace the ds with a dF(z), which we interpret as

lim Zg(si)(F(sH-l) — F(si))

h—0 4
1=

Since the trajectories of X; are step functions, the result turns out to be the values of Y at the jump

points, i.e. where Ny — lim N, # 0. Therefore, we can construct the Riemann-Stieltjes integral as
U—>S—

(1) = / Y(s)dX, = 3 ()X, — X.o).
0 s_E][\(]),t]:#O

This process is more general but has still step-functions as realization paths. In order to do so, we
have to replace the integrator X with a Brownian motion X (s).
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Def. (Brownian motion)

A process (Wy)>0 with values on R defined on a is called a Brownian motion if
. Wo=0
1. W is continuous almost-surely.
wi. W is adapted to (F¢)i>0
w. Wy — W, L Fsforall0 <s <t

v. Wy — Ws ~N(0,t — s) for any 0 < s < t.

Existence It’s possible to construct a stochastic process such that the above definition is satisfied,
but we don’t show it explicitly.

Last property Since E[(W;—W,)?] = t—s, the last property is sometimes denoted by AW; ~ v/At.

Remarks

> W is a martingale

> W has the Markov property (adapted + indep. increments + freezing).

> Wy =W, — Wy ~N(0,t).

>y Wy — Wy ~ N(0,t — s) and therefore we can write the transition density of the Brownian

motion as
_ 1 (y—=)?
2

1
p(t,x;T,y) = me =t

This is the density of a N'(z,T —t) and gives the density of the conditional law of iy, |w,=z-

> Fixing (T,y) € R X R, p(-,-;T,y) solves the following partial differential equation
1

19, is called

which is called the Kolmogorov backward equation and the operator A := 3

the generator of W. For a given continuous function ¢ € C,(R) we can set

u(t, z; T) = E[p(X7)| X = 2] = / o) ply, z; T,y) dy,
¥ Ives (5)

and that N(z,T —t) 4, 0, for t — T, then this density solves the backward Cauchy problem

ou(t,z;T) + 20s,u(t,z; T) =0 fort <T
w(T,z;T) = p(x)

93



12.3 Continuous Markov processes Lecture 12: Continuous stochastic processes

Problem The idea for constructing a continuous-time stochastic process is to obtain
t
X, = Xo + / o (X,) I,
0
however for the Riemann-Stieltjes we require W to have bounded variation. For the Brownian motion,

however, since W (w) has unbounded total variation we cannot simply solve this integral in a direct
way, which causes the partial sums of the Riemann-Stieltjes integral partial to not converge.

Prop. 16

The quadratic variation of the Brownian motion is bounded in L2, i.e.

N

A +
Z Wi, — Wi, |? et t, in L? for all t.
i=1

One can therefore define a stochastic integral for any process us € L2 | where

t
L2 . = {(us)s stochastic processes s.t. / u? ds < oo},
0

as "
/ g dW,, t€0,T),
0

which is not however a Riemann-Stieltjes integral but a more complicated construction.

Once we have this defined, we can consider integral equations of the form (diffusion process)

t t
X :XO—|—/ (s, Xs) ds+/ o(s, Xs) dWs, (%)
0 0

Lebesgue integral stochastic integral

or equivalently in differential notation,
dXt = /,L(t, Xt) dt + O'(t, Xt) th,

which yields the most general form of Markov process we can think of:
> Markov property
> Continuous trajectories

The link between stochastic differential equations, partial differential equations, and Markov pro-

cesses is due to Ito’s lemma.

Lemma 9 (Ito’s lemma)
If X solves the SDE (x), let [ € Cl’z([O,T] X R), which means that Oy, 0r¢,Opay are
continuous. Then, the process obtained by composing f with X, is still a diffusion and is
such that

df(t, Xy) = (0 + Ap) f(t, Xp) dt + o(t, Xy) - O f(t, Xy) AWy,
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In the lemma above, the operator A; is the generator of the process X; and is given by

Ay = plt, )00 + 507 0)0re.

Example

If p =0 and oequivl, then X is a Brownian motion and
1
dX; = dW, — A; = 58931«,

which means that A; kind of extends the generator of a Brownian motion.

Theorem 39

Under suitable assumptions, setting
u(t,z; T) = Elp(X7)|X: = 2],
we have that u solves the following backward Cauchy problem

O+ Apu(t,z;T)=0 ift<T
(T, z;T) = ¢(x)

Proof.
(Application of Ito’s lemma.)
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