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“The great thing about Statistics is that you get to play

in everyone’s back yard.”

John Tukey
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Abstract

The present thesis aims at presenting the application of the Bootstrap method on dependent
data. The Bootstrap method was introduced in the late ’70s by the eminent statistician
Bradley Efron, bringing a revolution in Statistics and many other related fields. In its initial
formulation, this method considered independent data. Here we are dealing with data that
exhibit a particular type of dependence, that of a discrete-time Markov chain. In the first
part of the thesis, we provide a theorem-proof type of presentation of the basic Markov
chain theory, both with discrete and arbitrary state space. In the second part, we focus on
the problem of estimating the transition matrix of a Markov chain based on an observed
path of the chain. We first examine how we can use asymptotic methods to tackle this
problem, presenting both the classical and the Bayesian framework. Then, we show how
we can exploit the Bootstrap method to approach this problem. We delve into both the
frequentist and the Bayesian frameworks of tackling this problem, and we give detailed
proofs of the main asymptotic results that validate these procedures. Finally, we apply the

above theoretical methods in simulated and real data.



H M£00dog Bootstrap otig Maprofravég AAvoideg Arakpitod
Xpovou kar Epappoyég

EOviko & Kamodiotprako Iavemotrpio ABnvaov

Tunpo Mobnpaticov

Havayiwotng Avdpéov

IepiAnym

H ntapodoo SimAwpatiky epyocio 0tooKOIEL GTO VO TAPOVOLACEL TNV EPAPHOYT] TNG pHeBO-
dov Bootstrap oe eEaptnpéva dedopéva. H pébodog Bootstrap elonxbn ota TéAn tng deko-
etiog Tov 1970, PEPVOVTAG ETAVACTACT] GTI LTUTIOTIKT] KL G€ TTOAAES ETLOTIHEG TTOV KO-
vouv xprion avthg. QoTd60, oTNV apXLKT] TNG HopeT] 1 péBodog autr) apopoidoe aveEapTnTa
dedopéva. ESw, aoyorovpaote pe dedopéva mov éxouv pia cuykekpipévn dopry e€dptnong,
oot g MoapkoPravrg adveidog Stokpttod xpdvou. 310 TPp®TO PEPOG TNG EpYATing, Kd-
vouye pia tapovoioot g Pacikng Bewpiog Twv Maprofiavdv advcidwv Siakpitod xpo-
VOU, TOGO e SLokPLTO OGO KL [E YEVIKO XDPO KATOGTACEWV. XTO SeDTEPO PEPOG TNG EPYOL-
olag, eEetdlovpe oG N pébodog Bootstrap pmopei v xpropomondel yio va ekTijooupe
tov mivaka mbavotritwv petdPaocng piag Mapkofiovig alvoidag éxovtog mapatnprioel
évapovortart tng. E€etdloupe xan tnv kAaoikr ko tnv Mmedliovr) avTipeTdmio ) autol Tou
TPOPARHATOG KAl TALPOLOLALOVIE AVOAVTIKA TLG OTTOdeiEeLS PAOIKOV ATTOTEAECUATWY TTOV
ovadELKVOOUV TIG G VPTITWTLKEG LOLOTNTEG TV EKTIUNTPLOV Bootstrap. Eto tedevtaio kepd-
Aoo NG SUTAWHATIKTG EPYOTiag, TapoLOLAlOVTaL KATTOLEG EPUPHOYEC GE TTPOCOHOLWUEVO

Ko Tparypotiké dedopévar.
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Part I

Probability Theory for Markov Chains



Chapter 1

Discrete-Time Markov Chains

Markov chains are some of the simplest and most useful stochastic processes. Roughly
speaking, by a stochastic process we shall think of a collection of random phenomena whose

evolution is examined over the passing of time.

1.1 Discrete state-space

1.1.1 Basic definitions and properties

Let (€2, .#,P) be a probability space and S a countable’ set in which the random variables

take values. By random variable we mean a measurable function X : 2 — S such that
pi=P(X =1i)=P{w e N: X(w)=1i}).

An S x S matrix P = (p;j : i, j € S) will be called stochastic if every row is a distribution
on S, ie., if for everyi € S, > jesPij = 1. We are now able to define a discrete-time

Markov chain.

Definition 1.1.1 (Markov Chain). Let A be a distribution and P a stochastic matrix. The
family of random variables (X, )n>0 = {X,, : n > 0} is called a Markov Chain with initial

distribution )\ and transition matrix P, if
A Xog~ A le, [P(XO = ki) =M\, VE €S,

B. the next state of the chain depends only on its present state, i.e.,

]P)(XnJrl = lnt1 | Xo =10, X1 =11,...,Xp :Zn)
(1.1.1)
=P(Xpy1 = tnt1 | Xo = in) = Dinings-

since we have assumed a discrete state-space
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We will denote by Markov(\, P) a Markov chain with initial distribution A and transi-
tion matrix P. If the transition probabilities do not depend on the time at which we are
examining the process, the Markov chain will be called time-homogeneous. From now on,
whenever we say Markov chain, we will mean a time-homogeneous one, unless otherwise

stated.

We will now prove a very useful Theorem about Markov chains. In particular, we will
show that a Markov chain is entirely determined by its initial distribution and its transition

matrix.

Theorem 1.1.1. A stochastic process (X,,)22 is Markov(\, P) if, and only if, for all N € N

and allig,i1,...,iny € S,
IP)(XO =19, X1 =11,..., XN = ’iN) = Aiopioilp’illé e Din_qin- (1.1.2)

Proof. We consider a known result that a stochastic process is characterized by its finite-
dimensional distributions®. Suppose that (X,,)7°, is Markov(\, P) and let N € N. Then,

by the multiplicative law of probability, we receive

P(onio,Xlzil,...,XNZiN):
:P(X():io)-P(Xlzil |X0:i0)'...-]P)(XN|X0:i0,...,XN_1:iN_1):
=P(Xo=1g) - P(X1 =1 | Xo=i0) ... P(Xn | Xn_1=in_1) =

= NigPigiy Piris - - - Pin_vins

as equation (1.1.2) indicates. Conversely, assume that equation (1.1.2) holds for every NV €
N. The idea now is to sum over every possible state iy € S, so that the last term of the
intersection will drop and then, using induction, we will get the equation (1.1.1), indicating
that (X, )o<n<n is Markov(A, P). Indeed,

P(Xo =0, X1 =41,..., XN = IN) = NigDigir Pivio - - - Pin_1in =

> P(Xo =0, X1 =i1,..., XN =in) = > NigPigirPirin - - Pinrin =
INES INES
P(Xo =0, X1 = i1, .., XN—1 = iN—1) = NigDigirPiria - - - Pin_nin_1>
and thus equation (1.1.2) holds for N — 1 too. A simple inductive argument shows that
equation (1.1.2) holds for every n = 0,1,..., N. Hence, the initial distribution satisfies
P(Xo =i9) = \i, and for every n = 1,..., N we have

P(Xnq1 = iny1 | Xo =io, X1 =11,...,Xp =in) =

*this is an application of Dynkin’s 7 — A theorem
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_ P(Xnt1 = tnt1, Xo =0, X1 =11,..., Xy =ip)
IP’(XO =10, X1 =11y...,Xp = in)

_ AigPigir Piviz - - - Pin—1inPininis
- - pannJrl?

NioPigi1 Pivia -+ - Pin_1in

and the proof is complete. O

Let
1, ifi=j

0, ifi;

denote the Kronecker delta. Markov chains have the very useful property that at any point

(51']' =

they start all over again, forming a new Markov chain that is independent of the past. This

property is called memorylessness.

Theorem 1.1.2 (Markov property). Let (X,,)n>0 be Markov(\, P) and X, = i for some
m > 0 andi € S. Then, given that X,, = i, the process (Xy,)g>m is Markov(d;, P) and is
independent of Xo, X1,..., Xm-1.

Proof. We want to show that ({(Xo,..., Xm-1), (Xm, Xm+1,-..)} | X = i) are in-
dependent, and the second process is Markov(d;, P). The distribution of the finite vector
(Xo,...,Xm—1) is determined by a probability function, while the distribution of the (in-
finite) vector (X, X;n41,...) is determined by the distributions of all the finite vectors
(X, Xint1, -+ s Xintn), for n € N. Thus, it suffices to show that

IP>(AXO:m—HL = Z'O:'rrL—Q—n|Ava = Z) = ]P)(XO:m—l = Z.O:m—lp(m = Z)

: IED(AXVm:ern - me+n|Xm - Z),

for every n € N, and P(X,.m4n = tmm+n|Xm = 1) is given by the transition probability
matrix P. The latter is immediate since (X, ), >0 is by assumption a Markov chain. For the

former, let n € N. Using the statement of Theorem 1.1.1, we get

]P(XO :io,...,Xm :im,...,Xm+n:im+n)
P(X,, = 1)

IP)(-XO:m—i-n - iO:m+n’Xm - 7/) - 6iim

P(XO :Z.Oa"'aXm = Zm)(;
P(Xm = Z) iimpimim_"l o .pim+n—1im,+n

- IED()(O:m—l == iO:m—l’Xm - Z) : IP)(Aszm—i-n - im:m+n’Xm = i),

as we wanted to show. O

Suppose that instead of a one-step transition, we want to examine the state in which

the Markov chain will be after n-steps, i.e., for every ¢, € S we are interested in the
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probabilities

for every n > 0, where by definition we set pl(-;)) = 0;j. Let

P =@ ijes), n>0

denote the n-th order transition matrix. A surprisingly simple result tells us that P™ s

equal to the algebraic n-th power of the transition matrix, i.e., P™.

Proposition 1.1.1. For every natural numbern > 0, we have pn) = pn,

Proof. The proof consists of the Total Law of Probability and a simple induction argument.

For every i,7 € S and n > 0, we have

Py =B(Xy=j| Xo=i) =Y P(Xy =5 Xo1 = k| Xo=1)

keS
=Y P(Xp1=k|Xo=0P(Xp=j | Xp 1=k Xo=1)
keS
=Y P(Xpo1 =k | Xo=i)P(Xn=j | Xocr =k) =Yl piy.
kesS kesS

In matrix form, the above result is expressed as P — p=1) . P The desired result

follows by induction. O

From the above proof we can actually infer the following very important identity, which

is referred to as the Chapman-Kolmogorov equation:

plrtm) — p) . plm) vy e N (1.1.3)

1.1.2 Stopping times and the Strong Markov property

In the previous paragraph we began by assuming a probability space (2,.%,P), where
is a set, . is a o-algebra (or o-field) and PP is a probability measure. But one could argue
that these technical terms do not reflect one’s intuitive ideas about randomness; at least not
in an obvious way. In a setting of randomness, €2 is the set of all possible outcomes of an
experiment, .% is a collection of subsets of €2 in which an outcome w €  will be, and P
assigns a number to each set in .# that shows how likely it is for this w to lie in this set.
The key interpretation of the o-algebra .# is information. It is the specific o-algebra that

tells us in which subsets of €2 will the observation w be found.

Definition 1.1.2. Let {.%,, : n € N} be a filtration, i.e., an increasing sequence of o-algebras

such that .%,, C %#,,1 C .7 for every n € N. A function 7' : Q — N U {oco} is called a
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stopping time according to the filtration (%, )p>0, if
{weQ:T(w)<n}:={T<n}e %, VneNlN.

It is immediate that the above condition is equivalent to {7" = n} € .%,,Vn € N. One
simply has to write {T" = n} = {T' < n} \ {T' < n — 1} and use the properties of a o-
algebra. Intuitively, 7" is a stopping time if the event that T takes a specific value can only
be determined by the information we have up to this stage, i.e., the event {7" = n} depends
solely on Xy, ..., X,,. In other words, if someone is watching the stochastic process, he
will know at the time when T takes place. There are some classic and very useful examples

of stopping times in the case of Markov chains.

Example 1.1.1. Let j € S. The first passage time T : 0 — N U {oo} defined by
Tj(w) = inf{k > 1: Xp(w) = j}, (1.1.49)
is a stopping time, since for every n € N we have
{Tj=n}={Inf{k21: X =j}t=n}={X1#j,.... Xn1 # 5, Xn=j} € F.

This stopping time tells us the first time that the chain goes at the state j.

Example 1.1.2. Let j € S. The first hitting time H* : Q — N U {oo} defined by

HA(w) = inf{k > 0: X;(w) € A}, (1.1.5)
is a stopping time, since for every n € N we have
(HA=n}={inf{k >0: Xy e Ay =n}={Xo € A,....Xn 1 €A X, € A} € .Z,.

This stopping time tells us the first time that the chain falls into the set A.

Example 1.1.3. Let j € S. The last exit time L : Q — N U {00} defined by
LA (w) = sup{k > 0: X}(w) € A}, (1.1.6)

is NOT a stopping time, since for every n € N the event { L4 = n} cannot be determined
from the random variables X, ..., X, (it involves the future evolution of the chain as
well). O

We are now ready to prove a very important property of Markov chains: the Strong
Markov property. This Theorem generalizes Theorem (1.1.2) in the sense that one can, instead
of conditioning on the state of the chain at a specific time, condition on a random time

(specifically a stopping time) and the memoryless property will still hold.
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Theorem 1.1.3 (Strong Markov property). Let (X,,)n>0 be Markov(\, P) and T a stop-
ping time of (Xy,)n>0. Then, conditional on T" < oo and Xt = i, the process (Xy)i>1 is
Markov(d;, P) and independent of Xo, ..., Xp_1.

Proof. Since T is a stopping time, it is determined by X, X1,..., X7. If B is an event
depending on Xy, X1, ..., X7, then for every m € N the event BN{T' = m} is determined
by Xo, X1, ..., X;n. This observation is crucial, since we can now use Theorem 1.1.2. The

Markov property at time m yields

P({XT:]'(),XT+1 :j]_,...,XT+n:jn}mBﬂ{T:m}m{XT:7:}) =
= P(Xo = jo, X1 :jl,...,Xn:jn’XUZZ')]P)(BO{T:TH}Q{XT:Z'})#

oo
ZP({XT:jO>XT+1 =1, s Xrpn = Jn} N BNAT = m} N{Xr =i}) =

m=0

oo
> P(Xo = jo, X1 =1, .-, Xn = jn | Xo = )P(BN{T =m} n{Xp =i}) =

m=0
P({XT:]'(),XT+1 :jl,...,XT+n:jn}ﬂBﬂ{T< OO}O{XT:i}) =
:P(X():jo,Xl =7J1,...,Xn =Jn ’ Xo :i)P(Bﬂ{T< OO}ﬂ{XT :Z})
Dividing by P(T" < oo, X7 = i), we get

PH{Xr = jo, Xr41 =J1,- s X7rqn =g} N B | T < 00, X7 = i) =
:P(XU:j[)aXl :j17~--aXn:jn ‘ XOZZ)]P)(B|T<007XT:Z)5

which proves the desired independence. O

1.1.3 Recurrence and Transience

If a Markov chain starts from a certain state, then how many times will the chain revisit this

state? In response to this question, we classify a state according to the following definition.

Definition 1.1.3. Let (X,,),>0 be a Markov chain with transition matrix P. We say that a

state 7 is recurrent if
P(X,, = i for infinitely many n | Xo = i) = 1.

If the expected return time m; := E;[T;] is finite, then we say that i is positive recurrent.

We say that a state ¢ is transient if

P(X,, = i for infinitely many n | Xo = i) = 0.
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Our goal is to show that these two notions are mutually exclusive, i.e., each state is either
recurrent or transient. In order to do that, we will need more machinery. First, we give

some definitions and state two useful Lemmas.

Definition 1.1.4. Let j € S. We defined the first passage time T; : 2 — N U {oo} as
Tj(w) = inf{k > 1 : X}(w) = j}. We define recursively the n-th passage time T](n) to the

state j as a function T](n) :  — N U {oo} that satisfies

T =0, V=1 Tj(”“)(w):inf{k>Tj(">(w)+1:Xk(w):j},

for n € N. The length of the n-th excursion is then defined as

(n) (n=1) .o p(n—1)
oo T T e <o
( .

0, otherwise

Lemma 1.1.1. Letn > 2 andi € S. Then, conditional on Tl-(n_l) < 00, Si(n) is independent
of Xi, 0 <k < Ti(nfl) and

]P’(Si(") = k| TV < oo) =P(T; =k | Xo =1).

The proof is an application of the Strong Markov property on the stopping time 7' =
T(”*l)

i

between two consecutive visits on the state 7 € S has the same distribution as that of the

. The details can be found in [34]. Intuitively, the above lemma tells us that the time

chain starting from ¢ and revisiting it for the first time, which seems reasonable from the

Strong Markov property.

Let V; denote the total number of the Markov chain’s visits to a state ¢. With the use of

an indicator function, V; can simply be expressed as

Vi = i 1(X,, =1).
n=0

Since the functions 1(X,, = i) are non-negative and measurable, Beppo Levi’s Theorem

immediately yields

E;[V] :/%dP:/il(Xn:i)d]P’:i/l(Xn:z')dIP
n=0 n=0

= ZEi [1(X, =14)] = Zpi(Xn =1i) = ZPE?)a
n=0 n=0 n=0

where we defined P;(X,, = i) := P(X,, =i | Xo = 1). Let f; := P(T; < 00 | Xo = 1)
denote the return probability to i. There is a useful connection between V; and f;, as the

next lemma indicates.
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Lemma 1.1.2. Foreveryn € N we have P;(V; > n) = fI.

Proof. Letn € N, w € Q and Xy = i. If V;(w) > n, then Ti(n) (w) < 0. On the other hand,
ifTZ-(n) (w) < o0, then Vj(w) > n. Hence, {V; > n} = {Ti(n) < o00}. In order to prove the
lemma, we will use induction on N. For n = 0 the result is true. Assuming it is true for n,

we have

=P (5" < o0 ) T < o0) i (T < 00) = fif = J7*,

(2

where in the last equality we used Lemma 1.1.1, so the result is also true for n + 1. The

induction is complete. O

We are now ready to prove the main theorem of this paragraph, which confirms that each
state is either recurrent or transient. The idea is to transfer the question in a more concrete
one, i.e., whether the probability P;(7; < co) is equal to 1 or strictly less than 1. Another

o0
way to think about it is to study the series > pgl). Intuitively, if the state ¢ is recurrent,
n—

then the chain will return infinitely many times to it and, thus, the above series will diverge.
If the state ¢ is transient, then from a specific point the chain will never revisit this state, so

the series is actually a finite sum and it converges.
Theorem 1.1.4. Leti € S andT; be the first passage time. Then,
S~ ()
(a) if P;(T; < 00) =1, then i is recurrent and ) | p;;’ = 00;
n=0
SQ
(b) if P;(T; < 00) < 1, then i is transient and ), p,;’ < 0.
n=0
In particular, each state is either recurrent or transient.
Proof. (a) I f; := P;(T; < co) = 1, then we have
P(X,, =i for infinitely many n | Xo = i) = P;(V; = 00)
= lim P;(V; >n) = lim f'= lim 1" =1,
n—00 n—00 n—00

where in the third equality we used Lemma 1.1.2. Hence, ¢ is recurrent and
oo
S =BV = .
n=0

(b) If f; :=P;(T; < 00) < 1, then Lemma 1.1.2 yields

dop =EV] =Y Bi(Vi>n) =) f = 1—1f- =
e n=0 n=0 !
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thus we receive
P(X,, =i for infinitely many n | Xo =) = P;(V; = 00) = li_>m P;(Vi >n)=0
n o0
and 7 is transient. O

1.1.4 Class structure

A very common idea in Mathematics is to classify objects according to a particular property.
Two objects might not be “equal”, but can be viewed as “equivalent” if certain common
properties are shared. This leads us to the idea of an equivalence relation. An equivalence
relation on a set S splits the set into subsets, each of which contains elements that can be

considered “the same” according to a specified property. We give the technical definition.

Definition 1.1.5. Let S be asetand S x S = {(¢,7) : i,5 € S} be its Cartesian product. A

subset R C S x S is an equivalence relation on S if it satisfies the following properties:
(i) Reflexive: (i,1) € R,Yi € S
(i) Symmetric: if (i,j) € R, then (j,i) € R,Vi,j € S
(iii) Transitive: if (i,j) € Rand (j,¢) € R, then (i,¢) € R, Vi, j,{ € S.

The advantage of tracking an equivalence relation on a particular set is that we can then
decompose the set into smaller sets and work with each set separately, simplifying our work.
We will use this idea in our studying of Markov chains. We will define a binary relation on

the state-space .S that partitions it into smaller sets, the equivalence classes.

Definition 1.1.6. We say that a state j € S is accessible from a state i € S, and write i — 7,
if there exists an n € N such that

Definition 1.1.7. We say that ¢ communicates with j, and write ¢ <+ j, if both ¢ — j and

7 — .
Proposition 1.1.2. Leti,j € S, i # j. The following equivalence holds:
t—j < dneN, dig,i9,..., 01 es:piilpilig'--pin,lj > 0. (1.1.7)

Proof. First, suppose that i — j. Then there exists n € N such that

0<P(Xp=j|Xo=4)= D PiiPiria-- Pin_sjs

1150ein—1
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where the idea was to sum over all possible paths that lead from ¢ to j. Thus there exist
11,%2,...,1n—1 € S such that DPii1 Pivig -+ - Pip_1j > 0.

For the opposite direction, notice that
0 < PiiyPiriy - - - Pin 15 < P(Xn = j | Xo =1)

and, thus, 7 — j. O

Proposition 1.1.3. The binary relation “~ " is an equivalence relation on the state-space S.

Proof. Let i,j,¢ € S. Clearly i <+ i, since pg)) =1>0.Ifi <> 7, then by definition j < .
Finally, let i <+ j and j <> ¢. Since we know from the above proposition that i — j and
j — £ implies i — ¢, we get that ¢ <> j and j <> £ implies ¢ <> £. Thus the binary relation

“4++” is an equivalence relation on the state-space S. O

Definition 1.1.8. We say that “»” partitions .S into communication classes. If a Markov

chain has only one communication class, then it is called irreducible.

We stated in the beginning of the paragraph that an equivalence relation divides .S into
subsets the objects of which exhibit similar properties. In the case of Markov chains, these
properties are recurrence and transience. We can strengthen Theorem 1.1.4 and prove the

following.

Theorem 1.1.5. Let C' be a communication class. Then, either all of its states are recurrent or

all are transient.

Proof. Let C' be a communication class and 4,7 € C. Assume that ¢ is transient. Since

i,j € C, they communicate with each other, i.e.,

(n)
)

(m)

dn,meN: p;;/ >0 and Py > 0.

We have for every k € N that

)

since there are many possible paths leading from ¢ back to ¢ and we specify a certain one

that passes through j. We thus have

n+k+m 00 0o
(k) <p1(i : :>Z (k) 1 Z (nthtm) _
Pij S 7 ) (m) Pij S~y (m) 2 Pii ’
ij Pji k=0 Pij " Pji " k=0

where we know that the last series is finite by Theorem 1.1.4. We showed that if one state
of C is transient, then every other state of C is transient. By duality, if one state of C is
recurrent, then every other state of C is recurrent. We thus say that transience/recurrence

is a class property. O
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An immediate corollary of the previous theorem is that an irreducible Markov chain has
either only transient or only recurrent states. If the latter is the case, one would expect that
the chain would hit each state in finite time. The probabilistic analogue of this intuitive

belief is stated in the following theorem, a proof of which can be found in [9].

Theorem 1.1.6. If a Markov chain is irreducible and recurrent, then for every state i € S we
have that P(T; < co) = 1.

1.1.5 Stationarity

We will introduce the concept of a stationary distribution and use it to study the behavior
of a discrete-time discrete state-space Markov chain as time goes to infinity. Intuitively
speaking, a probability distribution is stationary with respect to a Markov chain if it is
left invariant by the chain’s transition matrix, i.e., a Markov chain that would start from a

stationary distribution would never be able to “escape” from this distribution.

Definition 1.1.9. Let (X,,),>0 be a Markov chain and j € S a state. Let
dj = gcd{n eN: pg?) > O},

assuming that {n € N : pg-?) > 0} # (), where gcd denotes the greatest common divisor.

(i) If d;j = 1, then the state j is called aperiodic.

(ii) If d; > 1, then the state j is called periodic with period d;.

If the set {n € N : p&?) > 0} is empty, then we define d; = ooc.

Let (X, )nen be Markov(mg, P), i.e., the chain has initial distribution 7y and transition
matrix P = (p;j)i jes. We will denote by 7, the probability distribution of the random
variable X,,, i.e., m,(j) := P(X,, = j),j € S. We wish to study the limit of 7, as n
approaches infinity. Since for every n € N we have a distribution 7, the object of study
(7n)nen is a sequence of distributions and, thus, its limit needs more clarification. From

now on, distribution means probability distribution, unless otherwise stated.

Definition 1.1.10. Let (7, ),ecn be a sequence of distributions and 7 be a distribution. We

say that (7, )nen converges to m, and write 7, — if

lim m,(j) =n(j) Vje€S,

n—oo

i.e., if pointwise convergence is satisfied.
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Scheffé’s Lemma?® in the discrete setting yields the following:
T = = Y _|mn(j) — 7(§)|— 0. (1.1.8)
JeS

Definition 1.1.11. Let (X,,),en be a Markov chain with transition matrix P = (p;;); jes-
A probability distribution 7 = {7 (j) : j € S} on S is a stationary distribution for (X, )nen

if it satisfies the following conditions:

T=mP
(1.1.9)
>om(i) =1
i€S
or, in analytical form,

() = N wlipy WieS

i€ . (1.1.10)
Som(i)=1
i€S

We will show that if the sequence (7, ),, converges to a distribution 7, then 7 is stationary.
That means that the only candidate limits for the limit distribution are distributions that
satisfy the equations (1.1.9). Hence, we observe that already there is a connection between

stationary and limit distributions of a Markov chain.

Theorem 1.1.7. Let (X;,)nen be Markov(mg, P) and (), be the corresponding sequence of

distributions. If m,, — 7, then 7 is a stationary distribution.

Proof. A consequence of the Chapman-Kolmogorov equation (1.1.3) is that
m, = mP", Vn €N, (1.1.11)
so for every n € N we get recursively that

7y = TPV IP = (WOP"_I)P =7p1P & m(J an 1(@)pi; VjES.
€S

Sending n to infinity, the left-hand side becomes 7(j) (by assumption) and for the right-
hand side we get

Z anl(i)pij - Z ng

€S €S

Z‘ﬂ'n 1 ‘plj Z|7rn 1 ()|m0

€S €S

*If p is a o-finite measure on the measurable space (S,.7), and f,, f are measurable functions satisfying
Jg fndp= [gfdu=1and f, — fas., then [(|fn(s) — f(s)| u(ds) — 0.
The proof follows upon noting that [¢|fn(s) — f(s)| u(ds) = 2 [((f — fu)¥ p(ds), (f — fu)t = Oas,
0 < (f — fa)" < £, and using the Dominated Convergence Theorem.
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where in the last limit we used (1.1.8). It follows that

Z Tn—1(4)pij o Z 7 (i)pij
€S €S
We conclude that

m(j) = Zﬁ(i)m]‘ VjeS<ern=nmP,
€S

i.e., 7 is a stationary distribution. O

The idea to name as stationary a distribution that satisfies (1.1.9) is better understood
through the next theorem, which tells us that if a Markov chain starts from a stationary
distribution, then its stochastic behavior will always be described by that. Furthermore, its
joint distribution remains the same regardless of the time at which we are examining the

case. In other words, the chain exhibits constant, or stationary, behavior over time.
Theorem 1.1.8. Let (X,,)nen be Markov(my, P). If m is a stationary distribution, then 7, =
mo for alln € N and

P(Xo =20, X1 = 21,...,Xg = 23) = P(X;, = 20, Xppy1 = 21, ..., Xppgr = 21),

foreveryn, k € N.

Proof. We will use induction to show that m,, = my for all n € N. For n = 0 it is obviously
true. For n = 1, we have from (1.1.11) that m; = mgP = mg, thus it is also true. Assume

that it is true for n. For n + 1 we have
Tn+l = 7TnP = 7T0P = 70,

and the induction is complete. Hence, m, = my for all n € N. Now, let n,k € N. From

(1.1.1) and (1.1.2), we have that

P(Xn = l‘o,Xn+1 = T1y.-- aXn-i-k = I‘k) =
=P(X, =20)P(Xpy1 =21 | Xpn =20) .. .P(Xpgk = 21 | Xpprko1 = Tg—1)
= Wn(xO)pazoxl ce e Prpx_ = 7"'()(‘770)]7%0@‘1 co o Pxp_q1xp

:IP(X() :IIZO,Xl :xl,...,Xk :xk)

1.1.6 Coupling

Coupling is an extremely useful technique that is often used in Probability Theory in order
to prove statements that include random variables defined in different probability spaces.

The goal is to be able to compare these random variables (notice that in general we cannot
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write P(X # Y'), unless X and Y are defined on the same probability space). The idea
is to embed these random variables in a larger probability space in a way that does not
alter their distributions. The idea of coupling can be used in very simple settings such
as showing quickly that X ~ Bin(n, 1/2) is stochastically larger than Y ~ Bin(n, 1/3),
as well as in much more complicated settings such as coupling evolving random graphs
with multi-type branching processes to study centrality measures on networks. A typical
example is the PageRank algorithm, originally developed by Brin & Page at Google, in 1996.
Detailed expositions of how couplings between graphs are used along with the concept of
local weak convergence, can be found in [25], [35], [36], [37]).

First we will give some technical definitions and theorems and then we will use a coupling
argument in order to prove one of the main theorems of the chapter, regarding the limit
behavior of a Markov chain. This paragraph is to be viewed mostly as an expository. For a
detailed approach and rigorous proofs of the following statements, the reader is referred to

[23].

Definition 1.1.12. Let (X, %) be a measurable space. A signed measure on (X, /) is a
function y : &7 — R such that

(i) p takes on at most one of the values —oo or co
(i) u(2) =0

(iii) if (By)n>1 is a sequence of pairwise disjoint sets, then

K <U Bn) = ZN(Bn)'
n=1 n=1

Definition 1.1.13. Let x4 be a signed measure on the measurable space (X, <) and let
P, N € o/. We say that

(i) P is positive, if u(E N P) > 0 for every E € 7.
(i) N is negative, if u(E N N) < 0 for every E € &7.

Theorem 1.1.9 (Hahn decomposition). Let i1 be a signed measure on the measurable space
(X, o). Then there exist a positive set P € </ and a negative set N € o/ suchthat PNN = &
and X = PUN.

Notice that the Hahn decomposition need not be unique.

Definition 1.1.14. If { P, N} is a Hahn decomposition of X, then we define the measures
pt u™ o —[0,00] with u™(A) = p(PNA)and = (A) = —pu(NNA) forevery A € &.

Definition 1.1.15. Let (X, o) be a measurable space and j, v two measures on it. These
measures are called mutually singular if there are disjoint sets A, B € .o/ such that u(A) =
0,v(B)=0and X = AU B.
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Theorem 1.1.10 (Jordan decomposition). Let i be a signed measure on the measurable space

(X, o). Then there exist two mutually singular positive measures 1™ and 1~ such that ji =
pt+ (=p7).

Definition 1.1.16. Let (E, &) be a measurable space, where E is a Polish space (i.e., homeo-
morphic to a complete, separable metric space). If 1 is a bounded signed measure on (F, &)

such that ;(E) = 0, we define the total variation norm of i as

/Efdu

Using the Jordan-Hahn Decomposition, we can prove that |||y, = 2 sup p(A).
Aeé&

leellpy := sup
Illcst

Definition 1.1.17. Let (E, &) be a measurable space and & ® & denote the smallest o-
algebra containing & x &. Let X and Y be two random variables defined on the probability
spaces (21, .%1,P1) and (Qqo, %2, P2), respectively, and taking values on the measurable
space (E, &). A coupling of the random variables X and Y is any pair of random variables
(X, }7) taking values on (F X E, & ® &) whose marginals have the same distribution as X
and Y, ie.,
d d
X=X and Y =Y.

Our goal generally is to find a coupling that makes the total variation norm ||P1 — Pa||

as small as possible. We state without proof the basic coupling inequality.

Theorem 1.1.11. Given two random variables X andY with respective probability distribu-
tions Py and Po, then any coupling P of Py and P, satisfies

[Py — Py < 2B(X # V). (1.1.12)

Remark 1. In practice, if we have a random variable X defined on a probability space
(Q1,.%#1,P1) and a random variable Y defined on a probability space (Q2, .%2, P2), the cou-
pling argument allows us to define random variables X and Y on the space = ) x
such that

X(wi,wo) = X(w1) and Y (wi,ws) =Y (wp).

We can then define a probability measure P such that
P(Al X Qg) = ]P)l(Al) and P(Ql X Ag) = PQ(AQ),

for every Ay € Z#1, Ay € 5. Then the random variables X and Y are defined in €2 and

have the same distribution with X and Y, respectively. Indeed,

P(X € C)=P{X € C} x Q) =P1(X € O)



17 1.1. Discrete state-space

and
P(Y € C) =P(Q x {Y € C}) =Py(Y € O),

for every C' € .#1 ® F5. Such a measure P is called a coupling measure.

1.1.7 Limit behavior

We will use a coupling argument in order to prove a very important theorem, that connects
the limit and the stationary distribution of a Markov chain if some “good” properties are

satisfied. First, we state two very useful Lemmas, proofs of which can be found in [34].

Lemma 1.1.3. Let (X,,)nen be an irreducible Markov chain with transition matrix P. Then,

the following are equivalent:
(i) every state is positive recurrent;
(ii) some state € S is positive recurrent;
(iii) the chain has a stationary distribution .

1
If (iii) holds, then m; = — for everyi € S, where m; = E;[T;] is the expected return time to
m
state 1.

Lemma 1.1.4. Let (X,,)nen be an irreducible Markov chain with transition matrix P and
suppose there exists at least one aperiodic state. Then, for all sufficiently large n, we have

p§2) > 0 forall 3,k € S and all states are aperiodic.

We are now ready to prove the main theorem of the paragraph. The idea is to create a
second Markov chain (i.e., a coupling of the one we have) that has the desired stationary
distribution as its initial distribution. From the theorems that we have proved so far, we
understand the stochastic behavior of the second, constructed, Markov chain. The key-idea
of coupling here is to let both Markov chains run simultaneously until the time they meet
and then construct a new Markov chain that has the initial behavior of our desired chain
and the limit behavior of the second, well-understood, chain. Using the Strong Markov
property, we infer that the third chain is actually a copy of the first one, so we can show the

result for the third one, something that is easier.

Theorem 1.1.12 (Convergence to Equilibrium). Let (X,,),en be an irreducible and aperiodic
Markov chain with transition matrix P, arbitrary initial distribution \, countable state-space
S and suppose that the chain has a stationary distribution m = (w(j) : j € S). Then, we have
that my, o Torn equivalently,

lim m,(j) = 7(j) VjeSe lim P(X,=j)=n(j) VjeS

n—oo n—oo

In addition, for all statesi,j € S we have that lim p(n)

n—oo’ Y

=7(j).
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Proof. By assumption, (X, ),en is Markov(A, P). Let (Y;,)nen be Markov(m, P) and inde-

pendent of (X,,),ecn, where 7 is a stationary distribution for (X,,),en. Let*
T:=inf{neN: X, =Y,}

denote their first meeting time. For every n € N, the event {T' = n} is an element of the
o-algebra generated by (X)o<k<n and (Yx)o<k<n, so T is a stopping time. We will show
that T is finite with probability 1. Let W,, = (X,,, Y,,) be a Markov chain with state-space
the Cartesian product S x S. From the multiplicative behavior of the coupling measure, we

have that (W), ),cn has transition probabilities

D(ik) (o) = PijPre Vi k,j,L €S

and initial distribution

Wij = >\i7Tj Vi, j € S.

By assumption, (X, )nen is aperiodic, so from Lemma (1.1.4) we have that
Bl =P ok >0 i kgl €S,

for sufficiently large n. Thus, the 2-dimensional Markov chain (W), )en is irreducible. Fur-

thermore, (W),),en has a stationary distribution given by
'ﬁ-i,j = T; Tj, Vi, j € S,

so by Lemma (1.1.3) we get that (W), ),cn is positive recurrent, so from Theorem (1.1.6) we

conclude that P(T" < c0) = 1.

Remark 2. Since P(7" < co) = 1 and T is a positive random variable, we infer that 7" is a

proper (non defective) random variable.

Now we want to create a Markov chain that has the same initial behavior as that of
(Xn)nen and the same limit behavior as that of (Y},),en, since we can study that via The-

orem (1.1.7). So we begin by constructing a stochastic process {Z,, : n € N}, such that

X, ifn<T
Zn = .
Yo, ifn>T

A graphic illustration is showed below. The continuous line depicts the Markov chain
(Xn)nen, the dotted line depicts the Markov chain (Y},),en and the red line depicts the

constructed stochastic process (Z,, ) nen-

*here we use a coupling argument to define a sample space 2 on which both (X )nen and (Y, )nen are
defined and have the same distributions as before.
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We want to show that (Z,),cn is Markov (A, P). Since P(T' > 0) = 1, by the definition
of Z,, we have that P(Zy = Xy) = 1, so Zp ~ A\. Now we have to show that

P(Zn—i—l = Zn+1 ‘ Zn = Zn,y ..., 4o = ZO) = Pzp,znt19 (1-1'13)

FIGURE 1.1: The coupling argument for Markov chains.

and then (Z,,)nen will indeed be a Markov chain with initial distribution A and transition
matrix P. The idea is to partition the coupled sample space €2 into smaller subsets that occur

for the different values that the stopping time T takes. Let n € N. We have that
n
Q= J{T =k} U{T > n},
k=0
so the joint probability becomes
P(Zn+1 = Z'rz—i—l; Zn = Zpny ey Z(] = Zo) =
n
= ZP(ZnJrl = Znt1,4n = Zn, -+, 20 = 20, T = k)+
k=0
+ P(ZnJrl = Znt1,%n = Zny .-+, 20 = 20,1 > n) (1.1.14)

We will examine these events separately. For every £ = 0, 1,...,n we have that

k k—1 n+1
{Zni1 = 2041, Zn = 2ny - Zo = 20, T =k} = [ [{Xi = 2z} [ |{¥i # &} [ {Yi = 2},
=0 1=0 i=k

since 7T is the first meeting time of (X, ),en and (Y;,)nen, thus

]P)(Zn+1 = Zn+].aZ’n = ZTLa"'7Z0 = ZOaT = k) =
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k k—1 n+1
=P <ﬂ{Xi = zi}) P <ﬂ{1€ # 2} (Y= Zz‘}>
=0

=0 i=k

k k—1 n
=0 1=k

1=0

k k—1 n
=P <ﬂ{Xi =z} (Vi # 23 [({Yi = Zi}> Penzni
i=0 i=0 i=k
= P(Zn =Zn,..., 20 =20, T = k)pznszrla
where in the third equality we used the independence of (X,,)nen and (Y}, )nen. Similarly,
for the event {T" > n} we get
n+1 n
{ZTLJrl = szrl’Zn = Zny-- '7ZO = Z(],T > 7’L} = m {Xl = Zi} m{YVZ # zi}a
i=0 i=0
so the joint probability becomes

P(Zn+1 = Zn+1aZn = Zn,...,Z(] = Zo,T > n) :]P)(Zn :Zn,...,ZO :Z(),T> n)pznZnH

and, thus, equation (1.1.14) becomes

P(ZnJrl = Zn+17Zn = Zn, .- -,ZO = Z()) =

n

= P(Zn=12n,..., 20 =20, T = k) pzpz,y, +
k=0

+P(Zn = Z’rh"')ZO = ZOuT > n)pznzn+l =
n
= Pznzny1 (ZP(ZH =2n,.. s 20 =20, T = k) + P(Z = 2n, ..., Z0 = 20, T > n)> =
k=0

P(Zn+1 = Zn+1,Zn = Zn,.- .,ZQ = Zo) = P(Zn = Zn,.. .,Zo = Zo)pznzn_H =

_ P(Zn+1 = ZnJrl,Zn = Zpyeeey Z() = Zo) .
Panzni P(Zy = 2n, ..., Zo = 20)

Pzpzpni1 = P(Zn—H = Zn+1 | Ly = 2y ey Zy = ZO)-

We conclude that (Z,,),en is Markov(\, P). Hence, (X,,)nen and (Z, )nen have the same

stochastic behavior, so for every j € S we have that
™m(j) =P(X,=7)=P(Z,=j) VneN

Furthermore, since 7 is stationary and Y, ~ 7, we know that 7(j) = P(Y,, = j) for all
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j€S,neN. Let j € S. We have that

7 (5) = 7()] = [P(Zn = 7) = P(Yn = j)|
= |P(Zy =, T <n)+P(Zy =, T >n) —P(Y, = 5,T < n) —P(Y, = j,T > n)|
= |P(X, =4T>n)—P(Y,=35T>n)|
<max {P(X,, =4, T >n),P(Y, =4,T >n)} <P(T >n).

We have, thus, shown that

0 (7) = 7(DIS BT >n) ——0, Vjes,
n—o0
since 1" is proper by Remark 2 and consequently m, —— . In order to show that

n—oo
lim pgn)
n—oo” %
P(Xo = i) = 1, since in the preceding proof we started from an arbitrary initial distribution

A. Then, p

= 7(j), we can simply start the chain (X,,),cn from the state i € S, i.e., take

i = P(Xn =) —— (7). O

1.1.8 Ergodic Theorem

We would like to know more about the asymptotic behavior of the averages over different
paths of a Markov chain, relating statistical and probabilistic properties of the chain. Until
now, we have seen the Laws of Large Numbers as the most common way to study such
averages. The problem is that the Laws of Large Numbers concern independent random
variables, while the random variables that build a Markov chain are exhibiting dependence.
The necessary modifications lead to a new class of extremely useful theorems, called Ergodic
Theorems.

Ergodic theorems give us information about the asymptotic behavior of the time average
of several orbits in a dynamical system, relating the so called time average and space average
together. In this paragraph we will prove the Ergodic Theorem for Markov chains. We will

state two versions of it and prove the first one, which is a special but very instructive case.

First, we state the Weak and the Strong Law of Large Numbers. The latter will be used in

our proof of the Ergodic Theorem.

Theorem 1.1.13 (Weak Law of Large Numbers). Let (X,,),en be a sequence of iid® random
variables, with E| X |< oo and E[X]| = p. Then,

1 n
n -
=1

*independent and identically distributed
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where the convergence in probability is defined by

1 n
Ve > 0, P(’E Xi—u’>€>—>0.
ni:l n—00

Theorem 1.1.14 (Strong Law of Large Numbers). Let (X,,),cn be a sequence of iid random
variables, with E| X1 |< oo and E[X1]| = p. Then,

1 n
H ZXl G;S>~ 122
i=1

where the almost sure convergence is defined by

P ({w cq: nlggoiixi(w) _ #}> _1

=1

If, in addition, the random variables (X,,) are non-negative, then the Theorem holds even in

the case j = o0.

We are now ready to state the two cases of the Ergodic Theorem for Markov chains. First,

recall that for a given state ¢ € S we define
Vi(n) ==Y 1(Xp=1i) and Vi:=) 1(X;=i)
k=0

to be the number of visits in ¢ before the n-th step and the total number of visits in 4,

respectively. We also refer to Definition 1.1.4 for the n-th passage time, Tz-(n), and the length
(n)

of the n-th excursion, S; . These two concepts are better illustrated in the following figure.

X

T

FIGURE 1.2: Passage times & lengths of excursions in Markov chains.
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Theorem 1.1.15 (Ergodic Theorem I). Let (X,,)nen be an irreducible Markov(\, P), where

A is an arbitrary initial distribution. Then, for everyi € S,

a.s.

1(Xk = Z) —

1 1
n n m; '
Proof. The Markov chain (X,),en is irreducible, so it is either transient or recurrent. If it
is transient, then we know that P(V; < co) = 1, and consequently
V;(TL) < E a.s. 0= i7

~X
n n n—oo m;

since m; = 00. Suppose now that the chain is recurrent. Let ¢ € S. We know that P(7; <
o0) = 1. By the Strong Markov property (1.1.3) we have that the process (X7, )nen is
Markov(d;, P) and is independent of X, X1, ..., X7, so it suffices to prove the theorem
for 0; as the initial distribution. By Lemma (1.1.1), we get that Sl-(l), SZ(Q), ... are iid random
variables with [E; [S’i(k)] = m, for all k£ € N. Thus, the Strong Law of Large Numbers can be

used and we have that
S s

NS Py (1.1.15)
n
Also, since (X, )nen is recurrent, we know that
Vi(n) 3 0. (1.1.16)

Since we have taken A = d;, the following two inequalities hold:

TOAD g L gUAD

and
i) = g |y gim) 5
so we take
S 4. 4 gVt n S 4. 4 5 (1.1.17)
Vi(n) SV S Vi) -
Combining (1.1.15), (1.1.16) and (1.1.17), we get that
n  as. s
KON
or, equivalently,
Vi(n) asg. 1
= —.
n my
O

Theorem 1.1.16 (Ergodic Theorem II). Let (X, )nen be an irreducible, positive recurrent
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Markov(\, P) and let (w(j) : j € S) be its unique stationary distribution. Then, for every
bounded function f : S — R, we have that

n—

1
D F(XG) 3D () FG)-

k=0 JjES

1
n
1.2 General state-space

In the preceding section we assumed that the state-space S was discrete, i.e., either finite or
countable. However, many interesting applications concern continuous state-spaces. For
instance, Hamiltonian Monte Carlo ([3], [11], [21]) and many other MCMC methods ([2],
[26]) operate on general spaces (mainly measurable topological spaces or metric spaces).
This led to a need for a much more general and richer theory for Markov Chains. When
dealing with general state-spaces, the idea is to think about sets instead of points. The dy-
namics of the chain are now described by a mapping called kernel instead of a matrix. The
surprising thing is that most of the results that we stated and proved for the countable
state-space case will still hold without assuming any specific structure for the new, possi-

bly uncountable, state-space.

1.2.1 Kernels

A kernel generalizes the notion of the transition matrix that we saw in the countable case.
Intuitively, a kernel is a mapping that tells us how possible it is to move to a specific set

given the position at which we are now.

Definition 1.2.1. Let (X, 2") and (Y, %) be measurable spaces. We say that a mapping
P: X X% — [0,00] is a kernel on X x % if it satisfies the following:

(i) for every A € %, the mapping P(-, A) : (X, Z") — (]0,00], #([0, >0])), described

by x — P(x, A), is a Borel-measurable function.

(ii) for every z € X, the mapping P(z,-) : # — [0, o0, described by A — P(z, A), is

a measure on %;
We say that the kernel P is

« bounded, if sup P(z,Y") < oo;
zeX

« a normalized kernel, if P(z,Y) = 1forall z € X;
« a Markov kernel, if (X, 2") = (Y, %) and P(z,X) = 1forallz € X.

Definition 1.2.2. Let (X, 27) and (Y, %) be measurable spaces. Let v be a positive o-finite
measure® on (Y, %) and { : X x Y — [0,00] be an 2~ ® % -measurable function, where

‘there exists a countable set I and measurable sets (A;);er of finite measure, such that Y = (J A4;.
i€l
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2 @ is the product o-algebra of 2" and %#'. We say that the kernel P : X x % — [0, oo]
has density &, if

Pla, A) = /A £, y) v(dy),
forallz e X, Aec %.

Remark 3. The notion of a kernel strictly generalizes that of a transition matrix in the
countable case by taking v in definition 1.2.2 to be the counting measure. In particular,
let (S, Z(S)) be a measurable space, where S is a countable set and Z(S) denotes the
powerset of S, i.e., the set of all subsets of S. A Markov kernel P on S x Z(S) is a matrix
P = (pij : i,j € S) such that each row {p;; : j € S} is a probability function, so a Radon-
Nikodym derivative. The kernel P is formally described by P(i,{j}) = P(i,j) = pi; for

all 4, j € S, thus indeed generalizing the countable case.

1.2.1.1 Kernels and Integral Operators

If 11 is a measure and f a measurable function, then we will be using the following notation

interchangeably:
nf = [ ran= [ ud)f)

assuming the integral exists. This last notation serves us better if we observe that a ker-
nel gives rise to two integral operators. A kernel acts on measures from the right and on

functions from the left, as the next proposition shows’.

Proposition 1.2.1 (Kernels and Operators). Let (X, 2") and (Y, %) be measurable spaces
and P : X x % — [0, 00| be a kernelon X x %'

(i) If v is a positive measure on (X, Z"), then P defined as
pP(A) = [ pdo)P(e.4). A€,
X

is a positive measure on (Y, %).

(ii) If f 1 Y — R is a measurable function, then Pf : X — R defined as

Pi(x) = /Y Pla,dy)f(y), =€ X,

is a measurable function.

Proof. (i) We have that uP(A) > 0 for every A € % Let (A;);ecr be a countable selection
of disjoint elements of %. Using the Beppo Levi Theorem, we get that

uP (U Az-) - /X u(da)P (x,UAz) - /X u(dz) 3 Pla, A)

iel el icl

"We assume that all the integrals that appear in the text exist, unless otherwise stated.
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= /X p(de)P(a, Ai) = 3 uP(Ay),

icl icl
thus P is a positive measure on (Y, %).

(ii) The measurability of Pf is a direct consequence of the measurability of f and of the

mapping = — P(z, A) and of basic properties of the integral. O

Definition 1.2.3 (Product Kernel). If (X, 2°), (Y,%), (Z, %) are measurable spaces and
Py, P, are kernels from (X, 27) to (Y, %) and from (Y, %) to (Z, &) respectively, then it
can be proved that we can define a new kernel P, Py : X x 2 — [0, 0] by

PP = /Pl(x,dy)Pg(y,A), reX,Ae Z.

The kernel P; P; is referred to as the product kernel. Inductively, we can also define the n-th

product kernel P" by
P*(z,A) = / P(z,dy)P" (y, A),
X

from which we can take the Chapman-Kolmogorov equation

P”+m($,A):/ P"(z,dy)P™(y, A). (1.2.1)
X

Notice that if the state-space is discrete, then the kernel P is a matrix (namely, the transition
matrix) and its n-th power is just the n-th power of the matrix. Thus, equation (1.2.1)
generalizes equation (1.1.3), providing a useful connection of the two cases. In essence, the
Chapman-Kolmogorov equation gives us information about the intermediate states from

which the Markov chain will pass in order to go from a particular state (or set) to another.

Definition 1.2.4 (Tensor Products). We define the tensor product of n kernels and the tensor

product of a measure with a kernel.

(i) If Pisakernel on X x %, then we can define a kernel P®" on (X", 2°®") such that
PO f(z) = f(z1,...,xn)P(x,dx1)P(21,d22) . .. P(Tp_1,dxs).
X’ﬂ

This kernel is called the n-th tensorial product of P.

(i) If v is a o-finite measure on (X, 2") and P is a kernel on (X, %), we define the tensor
product of v and P to be a measure on (X X Y, 2" ® %) such that

v® P(AXx B) = /Al/(das)P(:E,B),

forevery Ac ', Be .
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1.2.1.2 Kernels and Random Variables

The notion of a kernel is strictly related to the concepts of conditional expectation and

conditional probability.

Definition 1.2.5 (Conditional Expectation & Probability). Let (2,.%,P) be a probability
space, X : © — R be a random variable with E|X|< oo, and ¢4 C .Z be a o-algebra. A
random variable Y : 0 — R is a conditional expectation for X with respect to ¢, if two

conditions are satisfied:

(i) Y is ¥-measurable;

(i) for every A € ¢4, we have that fA X dP = fA Y dP.

It can be proved that such a random variable exists and is a.s.-unique (a proof is given in
[10]). We write Y = E[X | ¢4]. If we take X to be the A-indicator function, i.e., X = 14,
we get the conditional probability of A with respect to ¢4, i.e,P(A|¥) =E[l4 | 9].

We now give two propositions that clarify the connection between kernels and random

variables.
Proposition 1.2.2. Let (X, 2"), (Y, %) be measurable spaces and consider the mapping P :
X X % — [0, 0] defined by

Pz, A)=PYcA|X=2x), z€X, Ac¥.

Then, P is a normalized kernel on X x %'. We call it the conditional probability kernel of Y
given X.

Proof. Let A € % . The conditional probability P(Y € A | X) is a 0(X )-measurable
random variable, so the function P(-, A) : X — [0, 00|, defined by = +— P(z, A), is Borel-
measurable. Let x € X. Then the function P(z,-) : % — [0, oc], defined by A — P(x, A)
is by definition a positive measure. Obviously, P(z,Y) = 1 and thus P is a normalized

kernel. O

Proposition 1.2.3. Let P be a conditional probability kernel of Y given X.

(i) If the function f : Y — R is measurable, then Pf(x) = E[f(Y) | X = z| for all
x € X, for Pf as in Proposition 1.2.1.

(ii) If p is the probability distribution of X, then pP is the probability distribution of Y .

Proof. The proof contains ideas that have already been discussed; only the notation changes

now.
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(i) Since P(z, A) expresses the conditional distribution of Y given that X = x, we have

that
BIf(Y) | X =] = [ Ple.d)f(y) = Pf(a)

X

(ii) For every A € %, we have that

P(Y € A)=E[P(Y € A| X)] = [ u(dx)P(Y € A| X =)

—a

() P(z, A) = pP(A),
so pP is the probability distribution of Y. O

1.2.2 Homogeneous Markov Chains

Now that we have developed the useful theoretical machinery for kernels, we can define
a Markov chain in the general case, where the state-space might be either countable or

uncountable. First, we will need to give some measure-theoretic notation and terminology.

Let (©2,.7,P) be a probability space and let (S, /) be a measurable space, where S is
the state-space. Notice that, since we will start examining the chain’s behavior in terms of
sets instead of single points, we need a o-algebra of the state-space’s subsets; this is the role
of @7. Let T be a set that denotes time. Throughout this paragraph we will take 7" = N,
unless otherwise stated. A stochastic process is a family {X,, : n € T'} of random variables
X5 0 0 — S, In this case, the stochastic process can be viewed and treated as a function
X : T xQ — S with X(n,w) = X,,(w). Alternatively, one can define a stochastic process
by examining its trajectory for each w € (2. In this case, the stochastic process can be
viewed and treated as a function X : Q — S7, where for every w € (2 the value X (w)isa
function from 7 to S, satisfying X (w)(n) = X (w, n).

A sequence of g-algebras (%, )ner is a filtration in (2, .%) if for all n € T we have
Fn C Fpy1 C F. If we endow a probability space (2, .%, P) with a filtration (%), ) e, we
get the filtered probability space (0, %, (Fn)ner, P). A stochastic process {X,, : n € T}
is adapted to the filtration (%, ),er if for every n € T the random variable X, is .%,-
measurable. We will write {(X,,,.%,,) : n € T} to denote an adapted stochastic process.
The natural filtration for a stochastic process is the one given by .Z.X = o(Xo, X1,..., Xn),

n € T'. Notice that every stochastic process is adapted to its natural filtration.

We will now give some definitions for Markov chains with general state-space. The key-
idea is that we will be referring to sets instead of single points. Intuitively, we shall think

of the o-algebra .%,, as the information available at the n-th step.

Definition 1.2.6 (Markov chain). Let (Q2,.%, (%, )ner, P) be a filtered probability space
and (.S, «7) be a measurable space. We will call an adapted stochastic process {(X,, %) :
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n € T'} a Markov chain with state-space S if
]P)(Xn+1 €A | fn) = ]P)(Xn+1 €A | Xn) (1‘2-2)

forallne T, A e «.

Note that we used the a.s.-notation, since the conditional probabilities are random vari-

ables, as we discussed in (1.2.5).

From now on, the time-set 7" will be the set N of natural numbers, unless otherwise stated.
We now give the definition of a homogeneous Markov chain, making use of the notion of
kernels that we introduced above. Note that, since we care about transitions within the
same state-space, we will use a kernel on S x &7, i.e., the Cartesian product of the set with

a set of its own subsets, instead of involving a o-algebra of another set.

Definition 1.2.7. Let (2, .%#, (%, )nen, P) be a filtered probability space, (S, o) be a mea-
surable space and P be akernel on S x.o7. We call the adapted stochastic process {(X,,, %y, :
n € N} a homogeneous Markov chain with state-space S and initial distribution the distri-
bution of X, if

P(X,1 € A| %) 2 P(X,, A) (1.2.3)

foralln e N, A € «.

Intuitively we shall think of the previous definition as follows: the left-hand side is a
random variable that describes the next state of the Markov chain given the information
that we have so far, while the right-hand side involves a kernel and, thus, is telling us
how likely it is, given that the chain is in the state X, at the n-th step, to go to the set A
afterwards. The fact that the stage itself does not play any role in the above equality implies
time-homogeneity.

In the countable state-space case, we showed that the Markov chain is entirely determined
by its initial distribution and its transition matrix. It comes as no surprise that this property
still holds if we replace the transition matrix with a Markov kernel. In particular, we have
the following important analogue of Theorem (1.1.1)%, connecting the countable and the

uncountable case.

Theorem 1.2.1. Let P be a Markov kernel on S x o and \ an arbitrary distribution on S.
An S-valued stochastic process (Xy,)nen is a homogeneous Markov chain with kernel P and
initial distribution ), if for every n € N the joint distribution of the vector (Xo, X1, ..., Xn)
is given by A ® P®",

*a proof can be found in [12]
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1.2.3 The Canonical Chain

A question that arises naturally is the following: given a probability distribution A and a
Markov kernel P, can one find a Markov chain that has ) as its initial distribution and P as
its transition kernel? We will see that the answer is positive. Given a general state-space
S, the key-idea is to consider a new filtered probability space, whose sample elements will
be sequences of elements of .S. This way, we will also be able to establish a nice connection
with the shift transformation from Ergodic Theory and, thus, use its results in our studying

of Markov chains’ limit behavior.

Definition 1.2.8 (Coordinate Process). Let (S,.27) be a measurable space. Let = SN be

the set of sequences that take values in S, i.e.,
Q=5"={w=(wp,wi,wa,...): w; €S VieN},

endowed with the product o-algebra .<7®". The stochastic process {X,, : n € N} defined
by X, (w) = wy, for every w = (wo, w1, ..., wn,...) € §, is called the coordinate process on
S. Every w € Q is called a path of the process. We endow the measurable space (SV, .7 ®V)
with the canonical filtration {.%,, : n € N}, where .%,, = 0(Xj,...,X,) foreveryn € N.

One can prove that, using an appropriate filtered probability space, we are always able to
find a Markov chain with given initial distribution and transition kernel. The proof of this
important result is highly technical, with emphasis mostly on measure-theoretical tools,
and lies outside the scope of the current thesis. The interested reader is referred to [12] for

a detailed proof.

Theorem 1.2.2. Let (S, .o/) be a measurable space and P a Markov kernel on S x <f. For
every probability measure \ on (S, o7), there exists a unique probability measure Py on the
measurable space (SV, o7 ®N) such that, for {Z, : n € N} as above, the adapted coordinate
process {(Xp, %) : n € N} is a Markov chain with initial distribution \ and transition

kernel P.

Definition 1.2.9 (Canonical Markov Chain). Let (S, <) be a measurable space. Consider
the coordinate process {X,, : n € N} and the canonical filtration {.%, : n € N} on the
measurable space (SV, 7®N). If P is a Markov kernel on S x &/ and {P)} the family
of probability measures on (SV, .o7®N) introduced by Theorem 1.2.2, then the coordinate

process { X, : n € N} will be referred to as the canonical Markov chain.

1.2.4 Ergodic Theory and Markov Chains

Ergodic Theory is an independent branch of Mathematics that was introduced in the 20th
century and, ever since, has had an immense effect on several scientific fields, such as

Number Theory, Probability & Statistics, Riemannian Geometry, Statistical Mechanics etc.



31 1.2. General state-space

Roughly speaking, Ergodic Theory deals with the study of the long-term statistical behav-
ior of certain dynamical systems, especially those which exhibit ergodicity’. In this section,
we will give some very introductory definitions and state the celebrated Birkhoff’s Ergodic
Theorem, a theorem that has had tremendous applications in the theory of Markov chains
and MCMC methods. For a detailed presentation of Ergodic Theory, we refer the reader to
[7], [12], [16] and [32].

Definition 1.2.10 (Dynamical System). Let (2,.%,P) be a probability space, 7" : 2 — Q a
measurable and measure preserving map, i.e., 771 (%) C .# and P(T~'(A)) = P(A) for
every A € .Z. Then, the quartet (2,.%,P, T) is referred to as a dynamical system. We say
that T is a measure preserving transformation and P is invariant under T'. If T is invertible

and T~ ! is also measurable, we say that T is an invertible measure preserving transformation.

We will now use the space S that we used previously in order to describe the canonical

chain.
Definition 1.2.11 (Shift operator). Let (S, .7) be a measurable space and take the associated
measurable space (SV, .7®N). The mapping T': SN — SN defined by

w = (wo,w1,w2,...) = T(w) = (w,w2,ws,...),

is referred to as the shift operator. It can be shown that it is .7 ®N-measurable.

Definition 1.2.12 (Stationary Process). A stochastic process {X,, : n € N} is stationary
if the joint distribution of (X, ..., Xy, ) is the same as that of (X, 4m, ..., Xn,+m) for

every k,m,ny,...,ng € N.

Definition 1.2.13. Let (£2,.%) be a measurable space and 7" : €2 — 2 a measurable map. A
random variable Y : 2 — R is called invariant for T if Y o T = Y. An event A is called
invariant for T if A = T~1(A).

It is easy to check that the family
¥ ={A .7 : Aisinvariant for T}

is a sub-o-algebra of ..

Definition 1.2.14 (Ergodic Dynamical System). A dynamical system ({2, .%, P, T') is ergodic
if P(A) € {0,1} forevery A € 4.

We have now developed the machinery that is needed in order to connect Ergodic Theory
to Markov chains. The connection involves the result from Theorem 1.2.2 and the shift

operator, and can be summarized in the following proposition.

’intuitively, ergodicity expresses the idea that a point of a system will visit all the space in a way that is
random and uniform
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Proposition 1.2.4. Let (S, /) be a measurable space. A probability measure P on the canon-
ical space (SN, «7®N) is invariant under the shift operator T : SN — SN if, and only if, the

coordinate process { Xy, : n € N} is stationary with respect to IP.

Now we are ready to state and prove one of the most important theorems in Ergodic
Theory and the theory of Markov chains; the Ergodic Theorem. There are several ergodic
theorems, such as Birkhoff’s pointwise ergodic theorem, von Neumann’s mean ergodic the-
orem, the maximal ergodic theorem etc. Here we will state and prove the first one, namely
the pointwise ergodic theorem, as introduced by George Birkhoff in 1932 (for historical
notes the reader is referred to [49]). The proof of this result is in Appendix A.

Theorem 1.2.3 (Pointwise Ergodic Theorem). Let (X2,.%, P, T') be a dynamical system,Y €

LY(P) a random variable and ¢ the o-algebra of T-invariant sets. Then, we have that
1 n—1
a.s.
EZYoT’f L% ElY | 9). (1.2.4)
k=0

If the dynamical system (Q, .7 , P, T') is ergodic, the o-algebra ¥ is trivial and thus the ergodic

theorem becomes

1 n—1
- > YoT* “5E[Y]. (1.2.5)
k=0

We can now use Theorem 1.2.2 in order to study Markov chains via dynamical systems
and get the Ergodic Theorem for Markov chains as a corollary of Theorem 1.2.3. Given the
state-space (S, %7), we will consider the canonical space (SY, &7®") and the coordinate
process {X,, : n € N}. For a Markov kernel P on S X .o/, we endow the canonical space
with a family (P)) of probability measures such that the coordinate process is a Markov

chain with initial distribution A and kernel P. Let 7" : § — S denote the shift operator.

Theorem 1.2.4 (Ergodic Theorem for Markov chains). Let P be a Markov kernel on S x of
and  a stationary distribution for P. Assume that the dynamical system (SY, o/ *N P T)
is ergodic and Y € L'(PP;). Then,

n—1

> YoT, “% E[Y]. (1.2.6)
k=0

1

n
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Chapter 2

Statistical Inference for Finite Markov
Chains

2.1 Introduction

In Chapter 1 we studied the probabilistic behavior of a Markov chain. That is, we assumed
that its transition matrix (or kernel) is known and gave a plethora of results that one can
get. Now we turn our interest to a problem of statistical nature: given a path of Markov
chain, what can we say about its transition probabilities? We will provide estimations in
two frameworks: the Classical (or Frequentist) and the Bayesian one. For that purpose, we
will be constrained in finite state-space Markov chains, although analogous results hold for
more general state-spaces as well (extended presentations can be found in [1], [5], [6], [46]).

Let {X, : n € N} be a time-homogeneous Markov chain with finite state-space S.
Without loss of generality, we can take S = {1,..., m}. For two states i, j € S, we define
the transition probability

Pij =P(Xnp1 =7 [ Xn =1) =P(X1 =7 | Xo = 1),

so the transition matrix P is the m X m stochastic matrix

P11 P12 0 Pim
p_ Ppb21 p22 p2.m
Pm1 Pm2 ' Pmm
We will address the problem of estimating P on the basis of a path {z¢, 1, ...,z } of our

Markov chain. In the frequentist approach this is done by finding the Maximum Likelihood
Estimator (MLE), while the Bayesian approach requires that we determine the posterior

distribution.

34
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2.2 Frequentist approach

Let (X, )nen be a Markov chain with unknown transition matrix P = (p;;); jes. The goal
is to estimate P. In order to exploit the classical framework, we will make parametric as-
sumptions; that is, we will assume that the unknown quantities form a subset of a Euclidean
space. We will define two possible parametric spaces, find the MLE of P and provide asymp-
totic results for it.

2.2.1 Parametrization

Unless P has a special structure (zeros in several positions etc), all m? elements are con-
sidered unknown and, thus, the parametric space can be viewed as a subset of R™ . If

pi = (pily - - -y Pim) € R™ denotes the i-th row of P, then

Y41
P=|: =@ pn) eR™.

Dm
The two main ways to parametrize P are via the:
+ Natural Parametric Space,
+ Minimal Parametric Space.

Definition 2.2.1. The natural parametric space is the Cartesian product
O =01 X0y x...X0O,,,

where each ©;, 1 < ¢ < m, is a probability simplex defined by
m
0; = {(pu,---,pim) D 0<pis - pim S L Zpik = 1} c [0,1]™.
k=1

The idea for the use of another parametric space derives from the fact that, since the
probabilities of a row add up to 1, we only need m — 1 and not all m of them. A question
that arises is which of the m elements of each row we will discard. If one-step transitions
from a state to itself are possible (i.e., the diagonal elements of P are not identically equal

to 0), we generally discard the diagonal elements.

Definition 2.2.2. The minimal parametric space is the Cartesian product

O"=0]x05%x...x0O;
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where each O}, 1 < ¢ < m, is defined by

o; = {(Pﬂ,---,pi,z‘—1,pi,z‘+1,---,pz‘m) : Zpik < 1} C [0, 1],
kES;

where S; :={1,...,i—1,i+1,...,m}.

We provide a graphical illustration of ©; and ©] in the case m = 3.

b
o=

(0,0,1)

Pit + P2+ piz = L

P+ pe =l

(1,0,0) (0,1,0)
\ (1,0) T

FIGURE 2.2: Minimal
Parametric Space

FIGURE 2.1: Natural Para-
metric Space

2.2.2 Maximum Likelihood Estimation

Let A be the initial distribution of (X, ),en and {xo, z1, ..., 2, } a realization of the chain

at time n. We define the counting processes (n;;(n))nen and (n;(n))nen by

:|
—_
:|
—_

nij(n) = (X =1,Xky1=J) and ni(n) = WXy =1), (2.2.1)
0 0

b
Il
B
Il

the total number of i — j transitions up to time n and the total number of visits in the state

before time n, respectively. The likelihood L(), P) is given by
L()\,P) = P(XO = xo,Xl = T1y... ,Xn = xn)
=Xgo P(X1 =21 | Xo=20)...P(Xy, =2y | X1 = Tp—1,..., X0 = 20)

=Xgo P(X1 =21 | Xo=20)...P(Xpy =2y | X1 =2n—1)

= Azo prt,m = gy - H szjij(n)'
t=1

i€S jes
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Since we cannot estimate the initial distribution A based solely on one realization of the

chain, we will work conditioning on Xy, so the likelihood becomes

Lo(P) = P(X1,..., X P | wo) = [T [T 27" H H P, (2.2.2)

i€S jeSs i=1j=1
thus the log-likelihood is given by
m m
0, (P) :=log L,(P) = Z Z n) log p;;. (2.2.3)
=1 j=1

We wish to find the matrix P = (p;;); jes that maximizes the likelihood (2.2.2) or, equiva-
lently, the log-likelihood (2.2.3) under the m constraint equations

m m m
Zpljzlv Zp?jzla---pzpmjzl- (2.2.4)
j=1 j=1 Jj=1

The fact that we have m constraint equations reduces the degrees of freedom from m? (the
number of the unknown parameters) to m? — m. We can thus maximize (2.2.3) either by
using Lagrange multipliers or by eliminating parameters. We will proceed with the former.
Since we have m constraints, we will take m Lagrange multipliers, namely Aj, ..., A,,. Let

A= (A1,..., A\m). The objective function then is

A(P,A):gn(P)—)\l Zpij—l —...—)\n Zpij—
7j=1 7j=1

m m m m
DI DIITENY S 3) SINTIIES SE DS IE
=1 j=1 i=1 j=1

=1 j=1

Using the constraint equations (2.2.4), we get

A 0N 0N

il s
oA O OAm
For every i, j € S, we have that
OA nij(n) ni;(n)
Opij Dij ’ Ai

and from (2.2.4) we receive

Sopy=1ed
j=1 j=1 !

Z ) = ni(n),
=1
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where the last equality follows from a simple computation using (2.2.1). If we denote by
Pij(n) the maximum likelihood estimator of p;;, the above arguments constitute (having

omitted a few technical details) a proof of the following.

Proposition 2.2.1 (M.L.E. of Transition Matrix). Let (X,,)nen be a discrete-time homoge-
neous Markov chain with finite state-space S, initial distribution A and transition matrix P.
Let{xo,x1,...,2n} be an observed realization of the chain. .Tfpn denotes the maximum like-

lihood estimator of the transition matrix based on the given path at time n, then we have that

Py = (pij(n))ijes, where

ni(n)
, ifni(n) >0
pij(n) = ni(n) "

2.2.3 Asymptotic Behavior

Now that we have an estimator, we would like to examine its asymptotic performance.
We will see that the MLE is strongly consistent and asymptotically normal. We will prove
the first (possibly avoiding a few technicalities) and state the second result. More concise

explanations can be found in [1], [5], [6] and [46].
Theorem 2.2.1 (Consistency of the M.L.E.). Foreveryi,j € S, we have that
Pij(n) == pij,

i.e., the maximum likelihood estimator P, = (Dij)ijes is strongly consistent for the transition

matrix P.

Proof. Recall from definition (2.2.1) that

7
—
3
|

—

nig(n) = ) 1(Xp =14, Xpp1 =7) = ) 1(Xp = )1 (Xpq1 = J).
0 0

B
Il
B
Il

Applying Birkhoff’s pointwise ergodic theorem, we get that

n—1
nij(n) 1 . ,
= (X =4, Xpo1 =
p— n_lgo (Xk =i, Xp1 = J)

IR E(Xy =4, Xpp1 = J)]
=P (Xy =1, Xpy1 =)
=P(X), = )P(Xpi1 = j | Xp =) = P(Xy, = i) pyj. (2.2.5)
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n—1
Using the same idea for n;(n) = > 1(Xj = i), we have that
k=0
ni(n) 1 =
— = — 2 1(Xk = Z) — E [1(Xk = Z)] = ]P)(Xk = Z). (2.2.6)

Combining (2.2.5) with (2.2.6), Slutsky’s theorem yields

0 _ 2o e P
. _nii(n)  n—1 as P(Xg=1)piy
Dij (n) - nz(n) - nl(n) ]P)(Xk — Z) p’U
n—1
and the proof is complete. O

Theorem 2.2.2 (Asymptotic Normality of the M.L.E.). Let 1 = (my,...,m,,) denote the
stationary distribution of (X, )nen. The maximum likelihood estimator matrix P, is asymp-

totically normal, i.e.,

V(P — P) =% 4,2(0,%), (2.2.7)
where ¥ is an m? x m? block-diagonal matrix given by
1
~ A 0 .. 0
m )
0 —As 0
Y = 2
1
0 0 e — A
Tm
and A, i =1,2,...,m, arem X m covariance matrices defined by
pa(l—pin)  —pape - —Pi1Pim
—piepir P2l —pi2) -+ —Pi2Pim
A; = . . . :
—PimDPil —pimpiz ** Pim(1 — Dim)

In particular, for every i,j € S we have that

ST - D) =Py d, N(0,1). (2.2.8)
pij (1 — pij)

Remark 4. Notice that there is an interesting similarity with the Central Limit Theorem

applied to a multinomial distribution, that is

Vi ﬁ;@g:i’:) 45 N (0, 1).
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This does not come as a surprise, if we take into consideration the multinomial nature of
the problem (remember that the likelihood contains terms of the form p;lj"’j (n)). The basic
difference now is that the sample size n becomes n 7;, which is reasonable since we are
now interested in the ¢ — j transitions, so we want to examine how much time the Markov

chain has spent in the i state; and that is exactly what the stationary distribution tells us.

Remark 5. The above theorem, along with Slutsky’s theorem and the Continuous Map-
ping Theorem, can be used to derive asymptotic confidence intervals for p;;, 7,7 € S. In

particular, for a € (0, 1) we have that

I _o(pij) = (ﬁij(n) — Za/z\/ﬁij(n)(;@fij(n)) , pij(n) + Za/2\/ﬁz‘j(n)(1 —]%'(n)))

is a 100(1 — a)% confidence interval for p;;, where z, 5 is such that P(Z > z,,5) = § for
Z ~ N(0,1).

2.3 Bayesian approach

2.3.1 Introduction

In Classical Statistics, we view parameters as constants. This assumption might seem in-
nocuous at first glance, but is crucial in the development and philosophy of this framework.
It turns out that this is not the only way to carry out statistical inference. One can view an
unknown quantity as a random variable and enter a quite different realm of inference, the
realm of Bayesian statistics. Apart from all the technical differences that arise with such a
change, the essence of the two approaches is quite distinct. In the heart of Bayesian infer-
ence lies the use of probability in order to quantify beliefs and uncertainty. The main tool

of Bayesian statistics is Bayes’ rule, which can intuitively be written as

P(data | model) P(model)
P(data)

P(model | data) =

There are four important quantities in the above formula:
(1) the likelihood: P(data | model),
(2) the prior distribution: P(model),
(3) the posterior distribution: P(model | data),
(4) the evidence (marginal likelihood): P(data).

A detailed exposition of the Bayesian approach to inference is outside the scope of this the-
sis. For an in-depth presentation of this framework, the reader is referred to [20]. In essence,

suppose we want to carry out inference about a (possibly multidimensional) parameter 6
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on the basis of the observations z. If, by any means, we have prior information for 6, we
can use it in our analysis and construct a prior distribution p(#). We then compute the
likelihood f(z | #), whose importance is already understood from the classical framework.
The ultimate goal of Bayesian statistics is to compute the posterior distribution 7 (0 | z).
Unlike classical statistics, in which there are several ways of carrying out inference (point-
wise estimation, confidence intervals etc), in Bayesian Statistics the posterior distribution
is the inference. Any quantity of interest can be computed using probabilistic arguments
on the posterior distribution. All the above characteristics are combined in Bayes’ rule as

follows:
f@]0)p0)  flz]0)p®)
f(z) Jo f(z ] 0)p(0)do

Notice that the denominator is a constant, so one can write 7(6 | =) o f(x | 6)p(6), where

(0| x) =

x f(z | 0)p(8). (2.3.1)

the symbol oc means “proportional to”. Such writing is valid, since 7( | x) is a probability
distribution, so its integral is equal to 1 and, thus, the normalizing constant can be uniquely

determined.

A key element of the Bayesian approach is the notion of updating: one has some prior
beliefs and updates them on the basis of the observed data, in order to get the posterior
distribution. In order to carry out Bayesian inference, we first need to specify a suitable
prior distribution. A comfortable situation occurs when the prior and the posterior are in
the same distribution family. In such a case, the prior distribution is said to be conjugate for

the particular likelihood model.

2.3.2 Dirichlet Distribution

A likelihood that arises very often in Statistics is the binomial, since it measures the num-
ber of successes in a given number of Bernoulli trials. The conjugate family for a binomial
likelihood model is the family of Beta distributions and this is easy to check. The multidi-
mensional analogue of the binomial distribution is the multinomial distribution and it turns
out that the likelihood (2.2.2) is part of that. It would be computationally convenient to have
a distribution that is conjugate for the multinomial likelihood model. This is the family of

Dirichlet distributions.

Let m € N and assume that we are working in the (m — 1)-simplex

@:{(xl,...,xm): ngl,...,xmél,ZaEi:l} c [0,1]™.
k=1

For m = 2, the probability density function (pdf) of a Beta(p, ¢) distribution is

F(p + Q) xp_l(l _ .Z')q_l.

X ~Beta(p,q) & fx(z)= I'(p)L'(q)

The Dirichlet distribution is the multidimensional analogue for the Beta distribution. We say
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that a random variable X = (Xy,..., X,,) follows a Dirchlet distribution with parameters
€1,...,6m > 0and write X ~ Dir(cy,...,cp) if its support is the (m — 1)-simplex ©,

living in an m-dimensional space, and its pdf is given by

m
r (z ) .
i=1 (‘:2‘71'

fx(x1,...,zm) = minxz
H F(Cz) =1
i=1

If we view a simplex as a discrete probability distribution, then the Dirichlet distribution
assigns a probability at each probability vector. In other words, the Dirichlet distribution
can be viewed as a distribution over distributions and has many interesting properties. Let
X = (Xy,...,X,n) ~Dir(cy, ..., ¢y ). The mean value of each component is

¢

EX]=—2 i=1,...,m,
L+t Cm

assigning in a way the relative importance of each parameter. This result can be derived
from the fact that the marginal distributions of X’s components are Beta distributions. In

particular, if X = (X1,...,X,,) ~Dir(cy,. .., ¢n), then
X, ~Beta(cp, c1 4+ o1 + o1+ -+ em), 1<k<m.

In order to simulate a single observation (x1, ..., 2;,) from Dir(cy, ..., ¢y), we can first

simulate m independent observations y; ~ Gamma(c;, 1) and then set

(X1,...,x ):< U1 Ym )
s Yty i v

2.3.3 Posterior Inference

In our problem, the unknown parameter is # = P and the likelihood is the same as in (2.2.2),

ie.,
f(x| P) = Lo(P) = P(X1,..., X0: P | wo) = [T [] o™ = [T [T v}
ieS jes i=1j=1

We need to find a suitable prior distribution for the matrix P. A reasonable idea is to study
each row independently and assign a Dirichlet distribution, which is conjugate for the multi-
nomial likelihood model. In particular, if P, = (p;1,...,pim) denotes the i-th row of P,
we can take a prior P;. ~ Dir(c¢;1, . . ., Ci,) assigning density

ci1—1 Cim—1

p(P.) o< pii' ™ -y
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at each probability vector P;., so the prior of the whole transition matrix P becomes

m m
p(P)=T]p®) o [~ o5
=1 i=1

Combining the likelihood with the prior, the posterior distribution becomes

m m m
n(P | z) o f(z| P)p(P) o [T [T o™ T ofs - ™
i=1j=1 k=1

m

T (n)—l Uz (n)_l ninL(n)_l 1 -1 'me]-
(pill “Dig’ * " Pim ) : H (pfll R )
i=1

L

s
I
—_

L

@
Il
—

i1(n)+ci1—1 im(n)+cim—1
(prrrrentte . ppgmltan=t),

This shows that the prior independence of each row leads to posterior independence of each
row, i.e., P;. | * ~ Dir(n;1(n) + ¢i1,...,nim(n) + cim). Now that we have the posterior
distribution of each row and the transition matrix P in its whole, one can make inference
using probabilistic arguments on these posterior distributions. For instance, the posterior

mean of each transition probability is

nij (n) + Cij

Elpij | 2] = — -
> (nig(n) + cir)

k=1

The main difference of the Bayesian approach in comparison to the frequentist one, is that
now we are not trying to study some characteristics (e.g. its standard error or sampling
distribution) of a statistic that estimates the parameter vector of interest, but rather we find

the whole posterior distribution of this parameter vector.



Chapter 3

Bootstrapping Finite Markov Chains

3.1 Frequentist Bootstrap

Consider an ergodic (positive recurrent, irreducible, aperiodic), time-homogeneous Markov
chain (X,,),,>0, with finite state space and transition matrix P. Let P, denote its maximum
likelihood estimator based on an observed path x = (¢, x1, ..., zy), as discussed in (2.2.1).

Our goal is to estimate the sample distribution of the random variable
R(X,P) :=+/n(P, - P).
For that, we adopt the parametric bootstrap approach, which consists of the following steps:

(1) Find an estimate of P. Here, we will use the maximum likelihood estimator b,.

(2) Use P, as a transition matrix and generate a path (X{, X7, ..., X} ), where N, +1
is the length of the generated path.

(3) Using the plug-in principle, approximate the sample distribution of R(X, P) by the
distribution of R* := R(X*, Pn) That is, find the maximum likelihood estimator P,
as if the matrix P, that generated the data was the unknown transition matrix, and

study the distribution of v/N,, (P, — P,).

In practice, we implement the boostrap method using Monte Carlo simulation to generate
paths from the desired Markov chain whose transition matrix is to be estimated. The idea
behind the procedure described above is the following. We would like to estimate the sam-
pling distribution of the maximum likelihood estimator (MLE) of the transition probability
matrix, since this is the quantity that governs the behavior of the Markov chain (assuming
a fixed initial state). However, based on a given dataset, we only have one path, and hence
one MLE, so we cannot know how good this estimate is, what is its variability etc. For that,
we adopt the parametric bootstrap approach, which allows us to mimic the data obtaining

process and obtain several MLEs. Based on them, we can then provide point estimates and

44
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confidence intervals for the transition probabilities.

We shall see below that there is a nice asymptotic verification of the validity of the pro-
cedure described above. It turns out that v/NN,, (Pn — ]5”) converges in distribution to the
same distribution as \/n (P, — P) does, i.e., N(0,%) (Theorem 2.2.2).

Before we state and prove this Theorem, we first state one of the most important Theo-
rems in Probability Theory, namely the Lindeberg-Feller Central Limit Theorem. This theo-
rem generalizes the well-known Lindeberg-Lévy Central Limit Theorem, which applies only
in the iid case. Now we drop the “identically distributed” condition and deal with indepen-
dent rows of independent random variables, possibly with different distributions each. If a
technical condition (which intuitively expresses the idea that the random variables do not
take large values with high probability) is satisfied, then the sum of these random variables
converges in distribution to a random variable following a Normal distribution. We will
state only the one (and most important) direction of the theorem. It is the case that if an
additional condition holds, then the converse is also true (but this is of less interest in our

case).

Theorem 3.1.1 (Lindeberg-Feller CLT). Let {X,; : 1 < j < ky} be a triangular array of

independent random variables, that is

X Xz o Xagy
Xo1 Xop -0 Xop
an Xn2 e Xnk:n
)
where, for every n, the random variables X1, ..., Xy, are independent and satisfy

n

E[Xn;] =0, o2; =E[X2]<oo, si=) o2;>0.

nj
j=1
If the Lindeberg condition
1o
. 2 .
ve> 0, lim 5 ;E[an I(|Xnj|=> es0)| =0 (3.1.1)

is satisfied, and we set S,, = X1 + - - - + X1, , then we have that

Sn d, N(0,1). (3.1.2)

Sn

If we take the normalized version of the random variables, we get an equivalent formu-
lation of the Lindeberg-Feller CLT:

Theorem 3.1.2 (Lindeberg-Feller CLT). Let {X,,; : 1 < j < ky} be a triangular array of
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independent random variables, satisfying

nj

Then the following are equivalent:

A Sy N(0,1), where S, == and max E[X2,] —— 0

1<k<kn n—o00
B. The Lindeberg condition holds:
kn
Ve >0, Ly(e):= Z/ 2?2 dF,j(z) —— 0,
j:l |$|>8 n—o0

where F,; is the cdf of the random variable X, ;.

Before we state the theorem about the asymptotic normality of the bootstrap estimator,
we state another very useful Proposition that helps us in proving things in a multidimen-
sional framework by simply examining 1-dimensional projections. This technique is gener-
ally referred to as the Cramér-Wold device. A short proof of this result can be obtained with

the use of characteristic functions (Billingsley [4], page 383).

Proposition 3.1.1 (Cramér-Wold). Let X,, = (Xn1,...,Xuk), n € N, be a sequence of
random vectors in R¥, and X = (X1,...,X;) € R*. Then, X, 4 x if, and only if,
a1 Xp1 + -+ ap Xk i) a1 X1+ -+ apXy forallay,... ar € R

Now we are ready to state the main theorem regarding the asymptotic behavior of the
frequentist bootstrap procedure that we use in order to tackle the initial problem of interest.

The proof of this result is highly technical and is presented in detail in Appendix A.

Theorem 3.1.3. Let (X,)n>0 be an ergodic, time-homogeneous Markov chain with transition
matrix P and finite state-space S = {1,...,s}. Let P, be its maximum likelihood estimator
based on an observed path x = (xo,x1,...,2y). For P, as described above and matrix ¥ as
in (2.2.2), we have that

VN, (B — By) 5 H2(0,3), (3.1.3)

asn — oo and N, — .

3.2 Bayesian Bootstrap

A simple way of illustrating the general idea of Bayesian bootstrap is the following: suppose
the statistic of interest is the sample mean.
n
« The frequentist bootstrap procedure yields the bootstrap value ) w;x; at each step,

=1
where w; ~Multinomial(1,1/n,...,1/n),i=1,...,n.
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o Problem: the discrete nature of the Multinomial distribution leads to non-smooth

estimators.

The Bayesian Bootstrap solves the above problem by using a continuous version of the

weights’ distribution, the Dirichlet distribution. We have the following:
(i) Take a sample {x1,...,x,} and calculate the sample mean.
(ii) Generate the weights w; ~ Dir(1,...,1),i=1,...,n.
(iii) Take the bootstrap value f:lwlxl
1=
(iv) Iterate the previous steps and take the mean of all the bootstrap values.
The above procedure leads to smoother estimators. Note that now the weights are random

variables.

3.2.1 Bayesian Bootstrap for Markov Chains

J J
Let B;; denote the set B;; = { > nie—1) + 1., > TLM}, i,j € S, where we define
=1 (=1

n;o = 0 for all ¢ € S. Note that each B;j can be written as
Bijj={na+-+nig1y+ 1. oni 4 0o gt

from which we conclude that each B;; has n;; elements. Hence, the maximum likelihood

estimator (2.2.1) can be written as

o Nij ZtGBi' 1
pij = —2 = lev (3.2.1)
T t=1

which works as a useful connection between the asymptotic and the Bayesian bootstrap
approach. We will use this connection to define the Bayesian bootstrap estimators for the

transition probabilities.

Example 3.2.1. We will give an example in order to understand the notation better. Let N =
20 and suppose we have a Markov chain path such thatny; = 2,n12 = 2,n13 =2,n91 = 1,
ngo = 1,n93 = 4,n31 = 2,n39 = 4,n33 = 1. Then we have that ny = n11 +n12+n13 = 6,

ng = na1 + N2z + n23 = 6 and n3 = ng1 + nz2 + n33z = 7. The sets B;; are defined as:
Biy = {niwo+1,...,n11} = {1,2} ~ |Bi|=n11 = 2

Bz = {nio +n11 +1,...,n11 + ni2} = {3,4} ~ |Brz|=n12 =2

B3y = {ngo +mn31+1,...,n31 —f—ngz} = {3,4,5,6} ~ |ng|: ngo = 4
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B3z ={n3o+mn31 +ng2+1,...,n31 +ng2 + n33} = {7} ~» |Bsz|=n33 =1

Notice that the sets B;1, Bja, . . ., Bim partition the set {1,2,...,n;}, foralli € [m]. O

We will use an estimator similar to the M.L.E. (3.2.1), but now we are going to include

simulation.

Definition 3.2.1 (Bayesian Bootstrap Estimator). For every i,j7 € S = [m], the Bayesian

bootstrap estimator of p;; is defined to be

ZtEBij Zit

g (3.2.2)
t=1“1

Pp(i,J) ==

where Z;; ~ Exp(1) are iid random variables, fori = 1,...,m,t =1,...,n,.

Algorithm 1 Bayesian Bootstrap for Finite Markov Chains

1: Simulate iid Z;; ~ Exp(1),i=1,...,m,t=1,...,n;.

Ak [ ZtEBij Zit . . . A
2: Calculate p? (7, 7) := W and obtain the matrix estimator P*.
t=1 4t
3: Repeat the previous steps B times to obtain the estimators P;:l, NN P; p and approxi-
mate the posterior distribution 7(P | x) using them.

Let P = (P1. Py.--- P,,.)T denote the unknown transition matrix P and P* = (p (i, 7))
the Bayesian bootstrap estimator. It can be shown that the joint distribution of each row of

A

P is Dirichlet with parameters involving the quantities n;;. In particular,

.Pz* ~ Dir(nil, e ,nim).

Thus the joint distribution of the Bayesian bootstrap estimator ]5;: is a matrix-beta distri-
bution (product of independent Dirichlet distributions).
We now state the Central Limit Theorem for the Bayesian bootstrap procedure that we

described. The proof is presented in detail in Appendix A.

Theorem 3.2.1 (CLT for the Bayesian Bootstrap). Leti,j € S and p;; denote the maximum
likelihood estimator of the transition probability p;;. Then, for almost all sample sequences

x = (zo,Z1,...,Ty) we have

Vi (5, (05 §) — Dij)
pij (1 — pij)

’x ~4 N(0,1), (3.2.3)

asn — oo. That is, the Bayesian bootstrap estimators are asymptotically normal.
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Applications

We wish to illustrate the validity of Theorem 3.1.3 empirically, with the use of simulated
and real data. For simplicity, we do it for a Markov chain with a state-space that only has
two elements. The functions used to simulate and estimate a discrete-time Markov chain,

along with the bootstrapping procedure that is followed, are presented below.

A. Define a function that has the initial state, the transition probability matrix and the
length n as inputs, and outputs n observations simulated from this Markov chain.

The pseudocode for this function is shown in Algorithm 2.

Algorithm 2 Simulate Markov Chain path

1: function SIMULATE_DTMC(init_state, P, n)

2 states < {1,2}

3 Initialize: path < rep(0,n)

4 path[1] < init_state

5: for i from 2 to n do

6 pathli] < sample(states, 1, P[path[i — 1]])
7 end for

8 return path

9: end function

B. Define a function that takes as input the path of a Markov chain and outputs the
MLE of its transition probability matrix. The pseudocode for this function is shown

in Algorithm 3.

C. Define a function that takes as input a transition matrix (in our case, the estimated
transition matrix), the original path length n, the bootstrap path length N and the
number of bootstrap iterations B, and outputs a vector of the bootstrap results, which
are the values of the desired CLT type of quantity stated in Theorem 3.1.3. The pseudo-

code for this function is shown in Algorithm 4.

49
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Algorithm 3 Estimate Transition Probability Matrix

1: function ESTIMATE_MATRIX(path)

2 Initialize: est_P <+ matrix(c(0, 0, 0,0),2,2)

3 Initialize: P_hat < matrix(c(0,0,0,0), 2, 2)

4 for i from 1 to (length(path) — 1) do

5: prev_state < pathli]

6 next_state < path[i + 1]

7 est_Plprev_state, next_state] < est_P|prev_state, next_state] + 1
8

9

end for

for each row 7 in est_P do
10: s < sum(elements in row 1)
11: for each element j in row i do
12: P_hatli, j] + e“—fp[m
13: end for
14: end for
15: return P_hat

16: end function

Algorithm 4 Bootstrap Transition Probability Matrix

1: function BooTsTRAP(P_hat, N, B)

2 Initialize: clt + rep(0, B)

3 foriin 1to B do

4 init_state < sample({1, 2}, 1, prob={0.5,0.5})

5: boot_path <+ SIMULATE_DTMC(init_state, P_hat, N)
6 P_tilde + ESTIMATE_MATRIX(boot_path)

7 clt[i] < /N x (P_tilde[1,1] — P_hat[1,1])

8 end for

9: return clt

10: end function
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4.1 Simulated Data

In this section, we use 1000 data points simulated by a Markov chain { X, },,>¢ with state-

space S = {1, 2}, initial state Xy = 1 and transition probability matrix

0.7 0.3
P = .
0.4 0.6
We run 1000 bootstrap replications and are interested in the quantity / Nn(ﬁn — Pn) of the
main theorem 3.1.3. For simplicity, we study v/N,,(P,[1, 1]— P,[1, 1]), the one-dimensional
counterpart of the quantity of interest, and plot its histogram along with the normal density

predicted by Theorem 3.1.3 in Figure 4.1. The histogram shows a strong concentration to

the normal distribution, as the main theorem suggests.

Histogram of Bootstrap Results

Densities

=== Bootstrap CLT Normal

== Standard Normal

06

02

0.0

0
Bootstrap Result

FIGURE 4.1: Histogram of /N, (P,[1,1] — P,[1,1]).

4.2 Real Data

We now apply the bootstrap method we introduced in Chapter 3 to a real dataset embedded
in R. In particular, we use the weather dataset, a data frame containing information on the
weather in Canberra, Australia, in the span of one year. For the full documentation of the

rattle package and the weather dataset included in it, the reader is referred to rattle.data.

Even though the data frame has dimension 366 x 24, we will only look at the trajectory of


http://cran.nexr.com/web/packages/rattle.data/rattle.data.pdf

Chapter 4. Applications 52

one variable, namely the RainTomorrow variable. This variable can theoretically take three
values: ‘Yes’, ‘No’, ‘NA’, although in our variable of interest there were no ‘NA’ values.
We convert ‘No’ to 1 and ‘Yes’ to 2. We assume that the modified RainTomorrow vector
constitutes a path of 366 observations from a discrete-time Markov chain with state-space
S = {1, 2}. To empirically verify the validity of this assumption, we look at the ACF plot
of our time-series data, as shown in Figure 4.2. We observe only one statistically significant
spike at lag 1, which shows that fitting a first order discrete-time Markov chain on the data

is a plausible assumption.

Series rain_tomorrow

1.0

0.6

ACF

0.2

0.0

Lag

FIGURE 4.2: ACF plot of RainTomorrow data.

To give stronger evidence for the plausibility of fitting a first-order Markov chain to our
data, we compare it to fitting a second-order Markov chain, in which the dynamics are

governed by the following property:

IP)(XTL—Fl = in—l—l’Xn = ina Xn—l = in—b cee 7X1 = 7;17X0 = ZO)
- P(Xn+1 — Z'n-l—lp(n - ina Xn—l - in—l)'

In our case, the possible states are four: (1,1), (1,2),(2,1), (2,2). Note that there are fewer
than 16 parameters to estimate, since some transitions, e.g. (1,1) — (2, 2), are not possible.
In particular, there are only 4 free parameters to be estimated, since at each state there are
only two possible transitions (e.g. from the state (1, 1) the chain can only visit either (1, 1)
or (1, 2)) and the matrix is stochastic, so we lose one degree of freedom for each row. Based

on the same observed path we used for the first-order Markov chain, we estimate the non-
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zero transition probabilities of the fitted second-order Markov chain. Now that we have the
MLEs of both models, we plug them into their log-likelihoods and compute the AIC and BIC
for both models. The results are shown in table 4.1. Based on these results, we conclude

that among the two candidate models, the first-order Markov chain is the preferable one.

1st-order DTMC

2nd-order DTMC

AIC

336.38

337.25

BIC

344.18

352.86

TABLE 4.1: AIC and BIC for the two models

The goal is to use the parametric bootstrap algorithm described previously in order to es-
timate the MLE of the probability transition matrix of the DTMC, i.e., we want the MLE of
the probability that tomorrow it will either rain or not, given that today it rained or not. The
summary statistics of the estimated transition probabilities based on the bootstrap method
are given in the table 4.2, and the histogram of the quantity used in the main theorem is

given in Figure 4.3.

Bootstrap Mean | Bootstrap SD 95% CI
P11 0.8523 0.0198 (0.8114,0.89)
P12 0.1477 0.0198 (0.11,0.1886)
P21 0.6893 0.0583 (0.5789,0.8039)
P22 0.3107 0.0583 (0.1961,0.4211)

TABLE 4.2: Summary statistics for the entries of the 2 x 2 bootstrap transi-
tion probability matrix P

As a quick sanity check, we notice that p11 4+ p12 = 1 and P21 + p22 = 1, as expected since
P is a stochastic matrix. To see how robust the bootstrap mean estimator is, we plot the
trajectory of the bootstrap mean of p;; across the 1000 bootstrap replicates. The result is
shown in Figure 4.4. We observe that after a very short burn-in period, the estimate of p1;
reaches the mean value of (.85 in the first few bootstrap replications and fluctuates very

little until it reaches stationarity.
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Histogram of Bootstrap Results
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FIGURE 4.3: Histogram of v/N,,(P,[1,1] — P,[1,1]) based on the weather
data

Trajectory of the bootstrap mean of P[1,1] over time

)
G)._
o
=
-
o3
"60
c
(1]
£
o
[= o R
& o
g
]
g
8 o
o
©
o I I I I | |

0 200 400 600 800 1000

Bootstrap iteration

FIGURE 4.4: Trajectory of the bootstrap mean of p;;



Appendix A

Technical Proofs

In order to prove the pointwise ergodic theorem, we will first prove a useful lemma, often

referred to as the Maximal Ergodic Lemma.

Lemma A.0.1. Suppose Z is a random variable satisfying E|Z|< oo and E[Z | 4] > 0 a.s.
Then,

n—1
lim inf — Z ZoTF>0 as, (A.0.1)
n—,oo N k:o

where T is a measure preserving transformation.

Proof. For notational convenience, denote S, := ZZ;(I) Z o Tk n > 1. Note that
n—1 n—1
E[Su|< Y E|ZoT*< Y E|Z|=nE|Z|.
k=0 k=0

Define the quantities

L,= inf Sy and A:{weﬂ;igfan(w):—oo}.

1<k<n

Observe that the statement of the lemma will follow immediately if we show that P(A4) = 0.
For that, we note the following. L,, is a random variable for n > 1, and A is a measurable

set. We have |Z|< oo a.s., since E|Z|< co by assumption, and

{;lréfl Sy = —oo} = {:ng SpoT = —oo} a.s.,
so A is T-invariant, i.e, A = T~1(A). Indeed,
T HA) ={weQ:T(w) € A} = {w € Q:inf L,(T(w)) = —o0},
L, is given through the Si’s, and
{inf S;, = —oc0} = {inf S, 0o T'= —o0} as.

55
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Note also that the sequence {L,,}7° ; is decreasing, so we have

L, = inf Sk—Z—i— 1nf {S’k—Z}

1<k<n
k—1
=7 inf ZoTm -7
L {Seer )

=7 f ZoTmt!
+mm{ <;2n12 ° }

=7 +min{0,L,_1 o T}
> 7Z +min{0, L, o T'}.

We thus get Z < L,, — min{0,L, oT} = L, + (L, oT)” = L, + L, o T as., where
(x)" := max{z,0} and ()~ := max{—x,0} denote the positive and the negative part of
a quantity x, respectively. Recall that A is invariant, so 14 = 14 o T, thus we get the useful

inequality
E[IAZ] < E[lA . (Ln + L; o T)] = E[IALn] -+ E[lALT_L o T]
=E[1aLy,| +E[lgoTL, oT] <E[14L,] +E[14L,]

= E[lALn + lAL;] = E[IA(Ln + L;)] = E[IALX].

We want to show that li_)rn E[14Lf] = E [ lim 1ALﬂ = 0, to get E[14Z] = 0 from
n—oo

n—o0
the preceding inequality This follows from the Dominating Convergence Theorem, upon

noting that 1, L; 230, Lt < ZT and EZ+ < E|Z|< cc. Thus, E[14Z] = 0 and we get
E[LLE[Z | 9] = E[142] = 0,

where the first equality comes from the definition of conditional expectation. Now recall

that E[Z | 4] > 0 a.s. by assumption, so the previous equality yields P(A) = 0 or, equiva-

lently,
P <inf L, = oo) =P <1nf inf S = oo> =0,
n>1 n>11<k<n
showing that lim inf %” > 0 a.s., which is what we wanted to prove. O

n—oo



57

We are now ready to prove Birkhoff’s Ergodic Theorem.

Proof of Theorem 1.2.3. Let ¢ > 0. The idea is to utilize the Maximal Ergodic Lemma for a
suitably chosen random variable Z. For that, define Z =Y — E[Y | 4] + €. Note that

E|ZI=E|lY —E[Y | 9]+ ¢|< E|Y|H+E[E[|Y]|| 4]] + € = E|Y |4+E|Y |+e = 2E|Y |+¢
and
E[Z |¥49]=E[Y |9 —E[E]Y |¥9]|+e=E]Y |¥49] -E[Y |¥49]+e=¢>0.

Since E[Y | ¢] is 4-measurable, it is also T-invariant. Thus, from Lemma (A.0.1) we get

which yields

1n71 .
ol S _
hﬁgloléfnkonoT >E[Y |¥9]—¢c as.

Using —Y instead of Y in the last inequality, we get

n—1

1
—limsuprYoTk > —E[Y | 9] — ¢,
n—oo N
k=0
which yields
1 n—1
lim sup — ZY oTH<E[Y |4] +¢ as.
n—oo N =0

Combining these two inequalities, we get

n—1 n—1

1 1
—e+limsup—ZYoTk§E[Y|%]§liminf—ZYoTk+5 a.s.
neo 320 SR

Since € > (0 was arbitrary, this proves that

1 n—1 N 1 n—1 .
. 1 < < liminf &
lim sup E YoT" <E[Y | ¥] _hnnggfnkg YoT" as.

n
n—00 k=0 -0

1 n=1 1 n=1
Since it is always true that liminf — >° Y o T < limsup — }_ Y o T*, the above yields
n—oo N — n—oo T =0

1 n—1
=N v ort B EY | 9.
n

k=0
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Theorem A.0.1. Let (X,,)n>0 be an ergodic, time-homogeneous Markov chain with transition
matrix P and finite state-space S = {1, ..., s}. Let P, be its maximum likelihood estimator
based on an observed path X = (0,21, ..,xy). For P, as described above and matrix . as
in (2.2.2), we have that

VN, (Py = Py) % 42(0,5), (A.0.2)

asn — oo and N,, — .

Proof. Let { X, : 1 < r < N, } denote the bootstrap sample that occurs as a Markov path

generated by the transition matrix P,,. We define the quantities

Np, Np—1
ml(-n) = Z 1(Xpr =1i) and ml(]n) = Z W Xpr =14, Xp 1 =J).
r=1 r=0

Then, the desired matrix statistic takes the form

g

(n) g
\/Nn(pn_Pn) = (V N - (ma) _%))
m ij=1,..,

7

()
=(VNn- T — Pnij ;
mgn) i,j=1,...,s

where pp;; = (Pn)zj is the (4, j)-element of the MLE P,. By the Cramér-Wold device 3.1.1,

it suffices to prove that for all /;; € R the sequence

k

k m
> D iV N (ﬂﬁ) - Pm’j)

i=1 j=1

converges in distribution to a Normal distribution. Since a linear combination of Normal

distributions is a Normal distribution, it suffices to prove that the sequence

m{"
(2
converges in distribution to a Normal distribution. The rest of the proof deals with this goal.

Let {Wi(tn)}, t=1,...,s t € N, be a sequence of independent random variables such

that P(Wi(tn) = j) = pnij, forall j = 1,..., s, and recursively define

XM =1 and X =W i>o0,
wherem = 1+ #{¢ :1 < (< Nn,Xén) = Xi(n)}. This is a way to describe how the
bootstrap sample { X, : 1 < r < N, } is generated.
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Fix i, j € S and define the random variables

. 1, fwM =4 t=1,... m"
() = t :

0, else

By definition, we have that C’( )( /) ~ Bernoulli(py;;), since
PG () = 1) = BV = ) = puis.

Let 7y, = (1, - - - » Tns ) be the limit distribution of P,,. We denote by |z the largest integer

which is smaller than x. For a fixed ¢ € S with 7,,; > 0, we define

C{" () = puiy
V[ Na i pnij (1 — pnij)

A" (j) == neN, t=1,..., | Nymnil.

Using the fact that C’t(") (4) ~ Bernoulli(py;;), we get that

_E [Ct(”) (J )} “ P Pnij — Pnij _
\/anﬂ'ninnij (1 - pnij) \/LNnﬂ'menz](l N pm'j)

and

oy
Var (Ct )(J)) B Pnij (1 — Dnij) B 1

Var(d™ () = = = .
( t (])) LNnﬂ'm’Jpnij(l - pm'j) LNnﬂ'ninnij(l - pnij) {Nnﬂ'an

First, we will show that

S () = LNg‘jiJ e Ng:nlj G s 4 N(0,1).
[Nrni I 2 O Nnﬂm 1Pnij (1= Pnij) ’
For that, we will use the Lindeberg-Feller Central Limit Theorem. Notice that
(n), . 1 2 I (n) 1
Var (7)) = - = sk = > Var (47 )) = W) - o = 1,

hence we will use the 2nd version of Lindeberg-Feller (Theorem 3.1.2). We thus have to

check the Lindeberg condition

I_Nn7r7u
Ve >0 Ly( / 22 dFyp(z) —— 0,
|z|>e

n—00
t=1
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where Fp; is the cdf of the random variable d( )( ). We have the following bound:

<1 <

(n) g, (n)g
‘Ct (])_pm’j ’Ct (])‘+‘pnij’
V[N Prij (1 — Pnij) h V[ N0 | Pnij (1 — prij)
2
< .
V[ N0 | Pnij (1 — prij)

Since 15” % P and T, 3 1, where m = 7P, we have that
TnPrij (1 = Pnij) =3 mjpij (1 — pig) > 0.

Let € > 0. Since N,, —— oo and N,, appears in the denominator of d( )( j), there exists
n—o0

an ng € N such that for every n > ng we have sup d( )( /) < €. Hence,

/ 22 dF(z) =0, VYn>ng, t=1,..., | Nymnl,
|z|>e

which yields

and thus Lindeberg’s condition is satisfied. From the Lindeberg-Feller CLT, we obtain

I_Nnﬂ'an |_Nn7rnzj )

SmermJ Z d Z () — Pnij

4 N(0,1). (A0.3)
i—1 nﬂnsznz](l _pm'j)

We now observe that

a.s. P,
Pnj — Pij = Pnj = Pij =
\/pnij(]- - pnzj \/Pm Pz]

and

\/Lanmemj(l — Pnij) Poq
\/LNnﬂninU(l - pij)

Using (A.0.3) and Slutsky’s Lemma, we obtain

\_Nnﬂ'niJ \_Nnﬂ'an

M) M)
=1 <Ct b) pmj> _ tgl (Ct () pw) .\/LNnﬂ'ninmj(l — Dnij)
V[ Nomni ] pis (1 — pij) VINa i [pnii (1 = prij) /[ Namnil pij (1 — pij)

4 N(0,1).

Now we define the quantity
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and write

m{" - m(n)pm'j m{™ — (™ (™ | NnToni ) Prij + | NnTni | Prij — mﬁ")pm;j

v i — %) ] iJ
ml(.n) mz(n)
. mgjn) - I_Nnﬂ'nijpnij " <mz(;1) - mgn)pnij> - (mgb) - LNnﬂ'ninnij)
m" ™)
_ \/m (mz(;L) - LNnWm'mej> N
VN, (mﬁf) - mgn)pnij) - mgl) - LNnWmJPm‘j)
+ : ~ . (A0.4)
) VN,
Recall that L J
NpTn;
Z (Ct( )(j) *Pm’j)
=1 d
— N(0,1),

V [ Namni ] pij (1 — pij)

from which we get

and we observe that

LNnﬂ'niJ LNnﬂ'niJ

<Ct(n) (j) — pm;j) > Ct(n) (7) = [ NaTni] Pnij
t=1 __t=1
{Nnﬂnij {NnﬁmJ
. (n) Nomwsl 0y d ()
From the definition of 7i2;;” we see that > Cr) = m;;", Le., they have the same
t=1
distribution. From this, we get that
\_Nnﬂ'niJ
C™ () = pnij) . (n
t; ( y(J)—p J) d mz(j)_ | N T | P
{Nnﬂ'nzj LNnﬂ'an ’
which yields
. (n)
m;." — LNnﬂ—mem d
! L5 N0, pij (1 — pij). (A.0.5)

LNnTrniJ

Our goal now is to show the following two convergences:

(i)




Appendix A. Technical Proofs 62

(ii)
o mz('?) — " i B m§§‘) — | NoToni | prij 2,
nij - VN, N, :

If we show these two, then from A.0.4 and A.0.5, the proof of the theorem is complete.
Indeed,

(n)

M — [NnTnilPrij 4
— N(0,pi; (1 — pij
— (0.p5(1 =)
and
(n) . (n) (n) N,
L P I gL S A, PN SR N NS L LS
Ny, nTni nTni m(n)
LNn']Tan NpTpi ) I_Nnﬂ—nzj P, 1= \_Nn'fran D 1
mg ) mz(n) N, i m,En) )
S—— »
2 =1
so A.0.4 gives

m(n) YV Nn P 1

From the Weak Law of Large Numbers, we get —-— L 7, s0

N, ml(n) N&T

from Slutsky’s lemma we have

m™
\/E(ﬁm’j - pm'j) = \/Nirt (?n) - pm'j>
m;
VN mi =i pii(1 — pij)
e (o )

R () i

d
» —N(0,p;5(1-pij))

N

which is equivalent to what we wanted to show. Thus, it suffices to show (i) and (ii). We

(n)

m:
begin with (i). We will show that —— — m; %0, i.e., we will show that for every € > 0,
n
e
lim P ‘ L — — mpi| | = 0. First, we use a result on the mixing time of Markov chains.
n—00 N,

Let n € N. For every k > 0, there exists a constant C' > 0 such that

(a)

(e}
Dpii — T™nj| < Cpp,

where p,, = 1 —minp,;; < 1. Since the Markov chain in our case is finite and recursive,
/[/h]

we have py;; — pij, 50 p, — 1 —minp;; < 1 asn — oo, so there exist p < landng € N
i,
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such that
(a)

Vn = nyg Prij = Tnj

< Cp®, VaeN. (A.0.6)

Now we are ready to prove (i). Let € > 0. From Markov’s inequality, we have

m{™ 1 m{"™ ’
1 _ . < _ 1 _ .
P N, Tni| > €| & €2E N, Tni s

where

AL ’
= ~oE (Z (I(Xpp = i) — M))

k=1

1 [No N oo
= 72k SN myy ] , (A.0.7)

o k=1¢=1

where m(k 0= Li(Xok) Li(Xne) — mnili(Xpe) — mnili(Xng) + m2,. We verify the last

equality in A.0.7. Using the definition and expanding, we see that

Nn Np Nn Np Nn Nn Nn Nn Nn Nn
k4
PIPILIEEDIPPEHEMING MED PP PLMUC MED PP PEAHC D PH B
k=1 ¢=1 k=1 ¢=1 k=1 ¢=1 k=1 ¢=1 k=1 ¢=1
Np, Nn, Npn
k=1 =1 =1
Nn, 2
= ( 1;(X k) ) — 270Ny, Z 1i(Xpe) + N272,
k=1
Na 2 Na 2
k=1 k=1

so A.0.7 holds and we get

E

m(n) 2 1 Nn Nn (k e)
( J\an —7rm~> ] — mE[Zmef ] (A.0.8)

n k=1 (=1
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Recall that throughout the proof we are using the notation

, 1, if X, =i
11(Xnk) = 1(Xnk: = Z) = s
0, if X, #1

so we have E[1;(X,x)] = E1(Xpx = i)] = P(Xp = 1) = p(’ﬂ), since X(n) — 1by

nla’

) and E[1;(Xnk)1i(Xne)] = pilkl/z\g)pgi ) , since

nls

assumption. Similarly, E[1;(X,.¢)] = p
the Markov chain goes from state 1 to state ¢ in k A £ steps and from ¢ to ¢ in the remaining

|k — ¢| steps. Thus,

(k,0) _ (k1) ([k—€]) (0 (k)
E My~ = Pnpii Phii = TniPpi; — ™niPpii + Tni-
Using A.0.6, we can write pfm) = Tpj + 6( ) , where |5 |< Cp“. For notational conve-
nience,lets =k Afandt = , SO we get
(k0 _ (s) (1) O (k) 2
Bmy,;™ = PpiiPnic — TniPpii — Tnilny; T Toi

= (mp; + 57(;))(7%@ + E(t)) - Wnipgﬁ)z’ - ﬂ”ipgcl)i + 7T72u‘

(s
+ Tni€,,; + sm sm 7TmEm ’7Tm€m +

el ) + 652)65”) isg) — anfgz),

(t)

= i + 7Tm€

(t)

= Tni€p; T Tni&,,
so A.0.6 yields that for every n > ng

. k
[EmO| < msle D14 mnilel) 1418 el 14 mnale 1+ mile )

ng TL’L

s 1
- <\€(t)+\efn)l+ B m!+!€(@|+|5$)|>

ni

nz

7Tnz<Cp +Cp' + Cpp +p€+pk><0’(ps+pt+pk+pz),

for some constant C’ > 0. So now the bound in A.0.8 becomes

m(n) 2 1 Nn Nn (kf 1 Nn Nn kE
e (T ) | = T 2t?] -y 23t
n n k=1 ¢=1 "k 1¢=1

C'(p° + o'+ p" + o)

@t 4 )
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N

C, 0o N, ¥
I <3Nn RO p“)
n k=1 {=1 k=1

c’ 1 1
~ (3N, . — 4+ N, . —
N%( ot 1—0)

N

C' 4N, 4’ 50 o
= — - = as n — 0o,
N% 1 -p Nn(l *P)

since IV,, = 0o by assumption. Hence, Markov’s inequality yields

2 2
P ‘Nn — Tpi| > € <6—2E N, — Tni <7€2Nn(1—p)_>0 as n — 09,
m

which proves (i). Now we will prove (ii), i.e., 7Jni; 2 0. Define S, := > (Ct(n) (j) — pmj>,
t=1

where
L, oiftw™ =4 t=1,...,m"
) = o .
0, else
Let € > 0. From (i), there exists ng € N such that P (\mgn) — | Npni | |> E3Nn) < ¢ for
every n > ng. We will show that P(|7,;;|> €) — 0asn — oo. By the definition of 1,55, S
and C't(n) (7), we have

> Me)

B(Iij|> ) =P (|5 0 = Sivama

]m»n) — | Npmni] |[> 3N, |

> \/Es) +
> \/EE)

Sm(_n) — SLNnWm-J

(
(\m,") | Nt |< €3N (smgn) — SiNuma]
(

<P ’mgn) — | Npmni] [> 53Nn) +P < max |Sm — Sl_Nnﬂ'ni_H > 4/ Nn6>

|m—| Npmpni | |<e3 Ny,

> Kolmogorov’s maximal inequality

< 5+2[F’< max |Spy|> / Npe

1<m<e3 N,

2 independence
< e+ 2. mVar (SLNn&‘SJ‘f’l) ==

=ec+ (INne?] +1) 0? < Ce,

2N,

for some constant C' > 0. Thus, 7, 2 0, which proves (ii). From the observation we made

above, the proof of the theorem is now complete. O
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Theorem A.0.2 (CLT for the Bayesian Bootstrap). Leti,j € S and p;; denote the maximum
likelihood estimator of the transition probability p;;. Then, for almost all sample sequences

x = (xg,x1,...,%y) we have

\/TT’L(]?:(L(Z)]) A_ ]31]) ’X i> N(O, 1)7 (A.0.9)
pij(1 = Pij)

asn — oo. That is, the Bayesian bootstrap estimators are asymptotically normal.

Proof. Let i,j € S. The idea is to decompose the quantity of (3.2.3) in pieces for which the
classical Lindeberg-Lévy Central Limit Theorem can be applied directly. For that, we first

introduce the following convenient notation:
n;
Sny = > (Zu—1) and Spon,ny =Y (Zu—1)— Y (Zu—1).
teB;; t=1 teB;;
Notice that, since | B;;|= n;j, the above quantities can be rewritten as
n;
Sny; = Z Zit —nij and Sy, p—ny = Z Zit — Z Zit — ni + nij.
t=1

teB;; teB;;

We will exploit the fact that these quantities include exponential random variables and use

Slutsky’s Lemma and CLT. We proceed with the following calculations:

~ .. ~ teBi' M4 tEBi' M5
V@ 0.3) — pyg) = Vi | e = = SRy
U
Z Zit Z Zit ZZzt
t€B;; N5 n; t€B;; Nij  ¢=1
N _ — = — - — . . (A.0.10)
! % 7 Vi % Zi Vi L ARV
(2 k2
t=1 t=1

Notice that

<1 _ nij) 2% Snij L] 1— N5 Sni,m—mj
n; n; \/@ n; n; /T — nij

> Zit — g
. <1 B ni]) M5 teB;;

> Zit —nyj
_ <1 _ n”> tEBij
n; nij
> Zit — nij
teB;;
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Z Zit Z Zzt
_ t€B;, nij/ n” =] nig/ _t€By  mij (=
/N /f ' /ﬁ \/TTZ n; N

thus (A.0.10) becomes

ke A Uz Nij nij Snu N
V(P (1, 7) — Pij) = —— (1 > — 1
P (i 9) = i) i 2. ni N T ni  \/mi — ni;
t=1
n; A nl] Snlj A ~ Snzynz Nij
— 1— 2 _ 1 >
o (1 —pij) n: i Dij DPij e — s
Z Zzt
=1 (1) (1)
(A.0.11)

Since Z;; ~ Exp(1), the Strong Law of Large Numbers yields

i asy g (A.0.12)
Z Zit
=1

*ZZt—>E zt]—1<:>
n;

thus it suffices to prove that the quantity (I) — (I1) converges in distribution to the stan-

dardized normal distribution. We have that

nl] S”w
L=p
(I) _ ( 1‘7) \/ Snzj Snz] S”z]
(1 = Pij)\/Dij (1- p”)\/pu VN S 'j RV
z (Zzt - 1) Z Zit — Nij z Zzt - Z E[Zzt]
teBi]’ . teBij |Bij\_:nij tGBij tGBij

Applying the Lindeberg-Lévy Central Limit Theorem, we get

) 4 N(0,1). (A.0.13)

N ~

(1 = Dij)\/Dij

In the same spirit, we have that

S (Zi—1)— X (Zi—1)

teB;;

Dij/1 = Pij Vi g i = M

n;
Yo Ziu— Y. Za
t=1

teB;;

teB;;
n; — nz-j
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Applying the Lindeberg-Lévy Central Limit Theorem, we get

(I1) d
U N0, ). (A.0.14)
Pij/1 — Dij

From (A.0.13) and (A.0.14), we receive that

(I) _ (I) J— N
Dij (1 — pij) - (1 — pij)\/Dis V1= pi; = N(0,1 - pi;)

and

(IT) _ (I1) A -\/ﬁjiN(O,;ﬁzj).

Dij(1 —pij)  Dij/1 — Dij

Finally, from Slutsky’s Lemma we get

(1) (I1)

d
\/ﬁij(l — Dij) \/ﬁij(l — Dij) = N(0,1)

V(D5 (4, 3) — Pij) ‘X _ni
Pij (1 = pij) S 7
t=1

and the proof is complete. O
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