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Chapter 1

Discrete-time Markov chains

1.1 Definition and basic terminology

In full generality, a stochastic process is a collection X = (X;);cT of random variables defined
on a probability space (Q), F,P), taking values in a measurable space (X, .A) and indexed by
a set T. We will here think of X as space and T as time, so that X = (X;)ter describes the
space-time evolution of a random system. With this interpretation in mind, the choices X = R4
and T = [0, c0) seem of course particularly natural. However, in the present chapter, we will
restrict ourselves to the conceptually simpler discrete setup, where

e the time set is the set of natural integers T = N := {0,1,2,...};
* the state space X is countable and equipped with its complete sigma-algebra A = 2X.

On the countable state space X, we henceforth assume to be given a matrix T € R*** which is
stochastic, meaning that T(x,y) > 0 forall x,y € X and

Vx eX, Y T(x,y) = 1
yeX

We call T the transition matrix and think of it as describing the evolution of a random system
which jumps from its current location x € X to a new state y € X with probability T(x,y),
independently of the past. If we start from a random state X and iterate this simple stochastic
rule, we obtain a discrete-time stochastic process (X, ),en whose finite-dimensional marginals
admit a particularly simple product form.

Definition 1.1 (Markov Chain). A discrete-time Markov chain with transition matrix T is a X—valued
stochastic process (X )nen such that for each n € N and each (xo, ..., x,) € X",

IP(X() = XQy--- ,Xn = xn) = IP(X() = xo)T(xo,xl) e T(xn,l,xn). (11)

Remark 1.1 (Law). A general stochastic process X = (X;)te can always be viewed as a single random
variable taking values in the configuration space X, equipped with the product o—field. By the monotone
class lemma, the law of X is then completely determined by its finite-dimensional marginals

]P(Xt] GAl,...,Xt” EAn), n €N, (fl,...,tn) e T", (Al,...,An) e A" (1.2)

In particular, the law of a discrete-time Markov chain X = (X, )ueN is completely determined by its
initial law po := law(Xo) and its transition matrix T, and we will simply write X ~ DTMC (o, T).
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1.2. Classical examples

The product form in (1.1) reflects the lack of memory inherent to Markov chains: only their
current state can influence where they go next. This fundamental principle is known as the
Markov property, and it admits several alternative formulations. For example, Definition 1.1 is
clearly equivalent to the requirement that

P (Xn-i-l = Xn+1 | Xo=x0,...,Xn = xn) = T(xn/ xn+1)/

for each n € IN and each (xo, ..., x,+1) € X**2 such that P(Xy = xo,..., Xy, = x,) > 0. By
linearity of expectations, this is in turns equivalent to the condition

E [f(Xn+1) | X() = X0, - ,Xn = xn] = Tf(xn), (13)

for each bounded observable f: X — R, each n € N and each (xo, ..., x;) € X"*1 such that
P(Xo = xo,...,Xn = x,) > 0, where we have used the standard notation

Vx X, Tf(x) = Y Txy)f(y). (1.4)

yeX

Finally, because it holds for all possible realization (xo, ..., x,) of (Xo,..., Xu) > 0, the identity
(1.3) can be conveniently re-written as an almost-sure equality between random variables:

E[f(Xu1) | Koo, Xal = E[f(Xai1) | Xa] = TF(X0). (15)

We will come back to this identity later. When studying a particular Markov chain, it is useful to
draw (or at least have in mind) its diagram, i.e. the directed graph G = (X, E) whose vertex set
is the state space X, and whose edges represent the possible transitions:

E = {(xy) €X*: T(x,y) >0}. (1.6)

As any directed graph, G can be partitioned into strongly connected components called commu-
nication classes, which are the equivalence classes induced by the equivalence relation

JkeN TFx,y) >0

rey = {HEEIN T!(y,x) > 0.

In this formula, T¥(x, y) represents the (x, y) entry of the k—th power of the matrix T, i.e.
T*(x,y) = Z e Z T(x,x1) - T(x¢_1,Y), (1.7)

x1€X xp_1€X

which is non-zero if and only if the diagram G contains a path of length exactly k from x to y.
A communication class C is called closed if there is no edge exiting C,i.e. (C x C°)NE = Q,
and open otherwise. The restriction of T to a closed class is obviously a stochastic matrix on
C, which can be studied on its own. In the important case where G is strongly connected (i.e.,
when there is only one communication class), we say that T is irreducible.

1.2 Classical examples

Example 1.1 (Stochastic recursions). Let ({,)n>1 be i.id. random variables taking values in a
measurable space (E,E), and let F: X x E — X be a measurable function. Finally, let X be a X —valued
random variable independent of (G, ),>1 and define X = (Xy)neN inductively via the recursion

VneN,  Xpp1 = F(Xu &) (1.8)

Prove that X is a Markov chain, and explicitate its transition matrix.
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1.3. The strong Markov property

Example 1.2 (Rank-one chains). Consider a sequence X := (Xy)nen of i.i.d. X—valued random
variables with law y € P(X). Show that X is a Markov chain.

Example 1.3 (Random walks on graphs). Let G = (X, E) be a directed graph in which the out-degree

deg(x) = Z 1(x,y)eE/ (19)
yeX

of every vertex x € X is positive and finite. A random walk on G is a Markov chain on X which moves
by traversing an edge chosen uniformly at random among those that start from its current location:

o f(xy) €E
T(x,y) = {(C)legm else

Two emblematic examples are the random walk on the d—dimensional lattice (X = Z%, E = {(x,y) €
X2: ||x — y|l2 = 1}), and the Page Rank Algorithm (X is the set of webpages, and E the set of hyperlinks).

Example 1.4 (Random walks on groups). Let u € P(X) be a probability measure on a countable
group X, and let (Z,,),>1 be i.i.d. samples from u. Consider the process X = (X )nenN defined by

VneN, X, = Zn - ZoZ4, (1.10)

with the usual convention that an empty product is the identity element. Show that X is a Markov chain
and specify its transition matrix. When is it irreducible?

Example 1.5 (Branching processes). Imagine a population in which each individual gives birth
to a random number of children distributed according to some prescribed offspring law u € P(IN),
independently of everything else. For each n € N, let X,, denote the number of individuals at generation
n. Prove that X = (Xy)nen is a Markov chain, and specify its transition matrix.

1.3 The strong Markov property

We henceforth assume that our probability space (), F,P) is equipped with a filtration (Fy),>0,
i.e., a nested sequence of o —fields

FoCFHCFRC...CF (1.11)

with the idea that F), represents the information that is available to us at time n. We can then
refine our definition of a Markov chain by taking the filtration into consideration.

Definition 1.2 (Markov chain on a filtered space). A Markov chain with transition matrix T is a
stochastic process X := (X, )neN satisfying the following two properties:

1. Xis adapted to the filtration, i.e. for each n € IN, X,, is F,—measurable;
2. foreach n € N and each bounded function f: X — R, E[f(Xy41) | Fu] = Tf(Xn).

We will speak of a (F;),>0—Markov chain when we want to explicitate the underlying
filtration. It is important to realize that this definition refines the previous one. More precisely,
any Markov chain in the sense of Definition 1.1 is by (1.5) a (F})»>0—Markov chain with respect
to the natural filtration

vneN, F, = o(Xo,...,Xn) (1.12)
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1.3. The strong Markov property

The latter is clearly the smallest filtration satisfying the first condition in Definition 1.2, and
focusing on this concrete and intuitive choice will help the unfamiliar reader without too much
loss in terms of generality. We emphasize, however, that working with a richer filtration is
always stronger, because the second property implies (1.5) by the tower property of conditional
expectation. Here is an important generic example where the filtration can be much richer.

Example 1.6 (Stochastic recursion). Check that the stochastic recursion defined in Example 1.1 is in
fact a (Fy)new—Markov chain for the choice F,, := 0(Xo,&1,--.,Cn)-

In order to warm up and get used to the formalism of filtrations, let us establish the following
result, which can be seen as yet another version of the Markov property.

Lemma 1.1 (Markov property). Consider a Markov chain (X, )nen with transition matrix T, and a
time m € IN. Then, the conditional law of the shifted process (Xy+m)n>0 given Fy, is DTMC(éx,,, T).

Proof. Fix an event A € Fy, an integer n € IN, and a sequence (yy, ..., y,) € X**1. Using the
short-hand A, :== AN{Yo=yo,...,Yn = yn}, we have

P(An) = P(AwaN{Yn =yu}) = P(Ar1)T(Yn-1,Yn),
thanks to the second identity in Definition 1.2 with f = 1, ;. Iterating this, we arrive at

P(Ay) = P(A)T(yo,y1) - T(Yn-1,Yn)-

Dividing through by P(A N {Yy = yo}), we deduce that

PYr=vyi,.-- . Ya=yn | AN{Yo=wo}) = Two,v1) - T(WYn-1,Yn),

provided P(A N {Yy = yo}) > 0. The fact that this is true for all # € IN and (yo,...,yn) €
X1 shows that, under the probability measure P(-|A N {Yy = yo}), the process Y has law
DTMC(y,, T). The claim is just a compact (but sophisticated) way of saying the same thing. [

Our goal now is to establish a powerful refinement of the above result, in which the deter-
ministic time m € IN is replaced with an appropriate random time, in the following sense.

Definition 1.3 (Stopping time). A stopping time is a function T: Q3 — IN U {+oco} such that
VTZEN, {TSTl} S -Fn~

Intuitively, one should think of a stopping time T as a random time with the property that for
each n € N, the occurrence or non-occurrence of the event {7 < n} is completely determined
by the information available at time . For example, the first time that a random walk on Z? lies
at distance 10 from its initial position is a stopping time with respect to its natural filtration, but
the last time that it does so is not: its occurrence can not be determined without looking into the
future. The most important examples of stopping times are hitting times.

Example 1.7 (Hitting time). Consider an adapted process Z = (Z,)neN taking values in a measurable
space (E, &), and fix a set A € E. Prove that the hitting time of A by Z, defined as

TA(Z) = inf{n >0:Z7Z, € A},
is a stopping time, with the usual convention that inf @ = 4-oo.

We will need the following last, small — but quite subtle — definition, which turns out to be
the right way to make sense of the information available at time n, when the time n is random.
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1.4. Recurrence and transience

Definition 1.4 (Past c—field). The Past o—field of a stopping time T is defined as
Fr = {AeF:VmeN, An{t=m} e F,}.
Exercise 1.1 (Basic properties). Prove that F- is a c—field with the following properties:
1. Tis Fr—measurable;
2. If (Xn)nen is adapted and P(T < o0) =1, then X¢: w > Xy () (w) is Fr—measurable;
3. If v is another stopping time satisfying T < T, then Fr C Fo.
We are now ready to state and prove our promised generalization of Lemma 1.1.

Theorem 1.1 (Strong Markov property). Consider a Markov chain (X, )neN with transition ma-
trix T and a stopping time T. Then, on {T < oo}, the conditional law of (X¢in)nen given Fr is
DTMC(dx,, T).

Proof. Fix A € Fr,m,n € N,and (xo,...,x,) € X" Writing A,, := AN {T = m}, we have
P(Ann{Xr=x0,..., Xe4n=2x3}) = PAuN{Xm=2x0,..., Xontn = Xn})
= P(AuN{Xm=2x0}) T(x0,x1) - T(x-1,Xn)
= P(AuN{Xr=x0})T(x0,x1) - T(xp—-1,%n),

where the second line crucially uses the weak Markov property at time m (Lemma 1.1) and the
fact that A, € F,. Summing over all m € N, and writing A’ := AN {7t < c0}, we obtain

P (A N{X:=x0,..., Xeqn =2x4}) = P (A N{Xr=x0}) T(x0,x1) - T(x-1,%n).

Since this is true for all n € IN and all (x3, ..., x,) € X", we conclude that the process (Xr4n)neN
has law DTMC(4y,, T) under the probability measure IP(- | A N {7 < o0, X7 = xp}), whenever
the latter makes sense. The claim is just a sophisticated way of saying the same thing. O

Remark 1.2 (Deterministic stopping state). In the special case where the stopping time T satisfies
T < 00 => X; = x for some fixed state x € X, the above result asserts that, under the measure
P (-| T < 00), the process (Xn+1)neN has law DTMC(6y, T) and is independent of Fr.

1.4 Recurrence and transience

In this section, we consider a Markov chain X = (X},),>0 with transition matrix T. Assuming
without loss of generality that X is fully supported (meaning that P(X, = x) > 0 for every
x € X), we can introduce, for every initial distribution p € P(X), the convenient notation

Py () = ), u(x)P(-|Xo = x). (1.13)

xeX

Note that, under this probability measure, we have by construction X ~ DTMC(y, T). In the
extremal case where y is a Dirac mass at some state x € X, we use the simpler notation

P, (-) = P(-|Xo=x). (1.14)

Under the latter, we are interested in understanding the statistics of a basic but fundamental
observable, namely, the (possibly infinite) number of visits to x, known as the local time at x:

Ly = g)l{xn:x}. (1.15)



1.4. Recurrence and transience

An important related quantity is the (possibly infinite as well) return time to x, defined as

©F = inf{n >1: X, = x}. (1.16)
We sometimes write Ly (X), 7, (X) to explicitate the process X under consideration.
Lemma 1.2 (Recurrence/transience dichotomy). Fix x € X, and set p(x) := Py(1 < 00).

e If p(x) = 1, then the state x is recurrent, i.e. it is almost-surely visited infinitely often:

Py(Ly =) = 1

o If p(x) < 1, then the state x is transient, i.e. it is visited finitely many times almost-surely. In that
case, the total number of visits to x has a Geometric distribution with parameter p(x):

Vn € N, Pi(Ly=n+1) = (1—px))(p(x))".
Proof. We assume that p(x) > 0, otherwise the claim is trivial. By definition, we have
L = Yxymn) + L coo Le(X), (117)
where X = (X, ot )n>0. In particular, for any k > 1, we can write
P, (Ly=k+1) = P, (rj < 00, Ly(X) = k)
= p(x)Px (Lx = k),

by the strong Markov property and Remark 1.2. If p(x) = 1, then the sequence k — P, (Ly =k
is constant on {1,2,...}, and since its total sum is P(L, < o), we must have P,(L, <
c0) = 0. On the other hand, if p(x) = 1, then the above recursion shows that P, (L, = k)
p(x)F 1Py (Ly = 1) = p(x)*"1(1 — p(x)), as desired.

~—

0l

The following convenient representation of p(x) in terms of the transition matrix T provides
a useful criterion to determine whether a state x € X is recurrent or transient in practice.

Lemma 1.3 (Practical criterion). For any state x € X, we have

1 .
=00 = EOT (x,x). (1.18)

in particular, x is transient if and only if the series on the right-hand side is convergent.

Proof. The very definition of DTMC(dy, T) implies that for all n € IN,

Py(X, =x) = ) T(x,x1) - T(xp_1,x) = T"(x,x).

X100 Xn—1 exn-1

Summing over all n € IN and invoking Fubini’s theorem, we deduce that

E.[L] = ) T"(xx).
n=0
The claim now readily follows from Lemma 1.2. O
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1.4. Recurrence and transience

Corollary 1.1 (Class property). Recurrence or transience is a class property: if a state x € X is
recurrent (resp. transient) then so is every other state in the same communication class as x.

Proof. Let x,y € X be in the same communication class. By definition, there exists k, ¢ € IN such
that Tk(x, y) > 0and Tﬁ(y, x) > 0. Now, observe that for every n € IN, we have

T (yy) > Ty, x)T"(x,x)T (x,y). (1.19)
Summing over all n € IN, we readily deduce that
Y. T"(yy) > T*(x, y) T (y, x ZT” X, X)
n=0
Now, if x is recurrent, then the right-hand side is infinite, hence so must the left-hand side be,

which means that y is also recurrent. Exchanging the roles of x and y yields the converse. [

In particular, when T is irreducible, either all states are recurrent or all are transient. This
dichotomy turns out to take the following surprisingly strong form.

Theorem 1.2 (The strong recurrence/transience dichotomy). If T is irreducible, then

e c¢ither every state is visited finitely many times almost-surely, from any initial condition, i.e.
Y Y Y Y Y

Vi e P(X), P,(VweX, L, <o) = 1;

e or every state is visited infinitely often almost-surely, from every initial condition, i.e.
Vi e P(X), P,(VweX, L,=0) = 1
Proof. For any x,y € X, (1.17) and the strong Markov property at time Ter gives
Py(Ly = 0) = Py(t,) < o0)Py(L, = o). (1.20)

In the transient case, the right-hand side is zero, so the left-hand side also is. Since a countable
union of negligible event is negligible, we deduce that for all x € X,

P,(Jy€X, L, =) = 0,

and the first claim follows by averaging against 1 € P(X). In the recurrent case, we have
P,(Ly, = o) = 1 instead of 0, and since a countable intersection of almost-sure events is
almost-sure, a similar reasoning allows us to conclude provided we can prove that

Pi(t) <o) = 1, (1.21)

which we now do. By irreducibility, the diagram of the chain contains a path (zo, ..., z;) from
zo = Y to zx = x, and choosing a shortest one ensures that y is visited only once. In particular,

P,(X,=x,7 >k) > T(z0,z1) - T(z—1,2x) > O.
Yy y

On the other hand, by the weak Markov property at time k,

P, (1, =00, X =x) = Py(X =17 >kPy(7,) =00).
Since the left-hand side is zero (y is recurrent), the claim (1.21) now readily follows. O

11



1.5. Invariant measures

Lemma 1.4 (Two easy cases). Let C be a communication class of a Markov chain.

1. If C is open, then C is transient.

2. If Cis closed and finite, then C is recurrent.

Proof. If C is open, then there is (x,y) € C x (X \ C) such that T(x,y) > 0. This forces
P,(Xx = x) = T*(y,x) = 0forall k € N, i.e. Py(1;” = o0) = 1. By the weak Markov property
at time 1, we then have

Pty =) = Pu(Xy =y,7 =) = T(x,y)Py(r] =) = T(x,y) > 0

showing that x (hence C) is transient, as desired. If on the other hand C is finite and closed, then
upon restricting T to C, we can assume that T is irreducible and X is finite. But

Z Ly = Z Z 1(Xn:y) = Z Z 1(X,1:y) - —|—00, (122)

yeX yeXneN nelN yeX

so the random variables (L, ),cx can not all be almost-surely finite. O

Exercise 1.2 (Polya’s theorem). Consider simple random walk on Z®. Prove that for all n € IN,
2n\ 1 n 2
o0 = Va5, (0 )
n (Zd)n SRy — k], NN ,kd
and T?"+1 (0,0) = 0. Deduce that the chain is recurrent for d € 1,2 and transient for d > 3.
Exercise 1.3 (Trees). Prove that simple random walk on an infinite d—regular tree (d > 2) is transient.
Exercise 1.4 (Birth-death chains). On X = IN, consider the transition matrix

0o 1 0 0 O

T . q1 0 p1 0 0
T O qz 0 pz O N 7

where p, € (0,1) and g, = 1 — py, for each n > 1. Prove that the chain is transient if and only if

Z Qe fn 0. (1.23)
n= 1}71

Hint: prove that f: n — P, [ty < o] is the minimal non-negative solution to a certain equation.

1.5 Invariant measures

Throughout these notes, we will view the law y := law(X) of a X—valued random variable X
as a row vector with entries indexed by X, as follows:

Vx €X, u(x) = P(X=x). (1.24)

In particular, such a probability vector can be right-multiplied by a stochastic matrix Q to
produce a new probability vector #Q as follows:

Vx €X, (HQ)(x) == ) pu(x (1.25)
yeX

With this notation at hand, we have the following elementary but important observation.

12



1.5. Invariant measures

Lemma 1.5 (Time-shifts). If (X;)n>0 ~ DTMC(u, T), then (X;4+1)n>0 ~ DIMC(uT, T).
Proof. For each n € N and each (xo,...,x,) € X"t1 we have by definition
P(Xo=xo,..., Xn =xy) = pu(x0)T(x0,x1) - T(xXn_1,%n). (1.26)
Summing over all xy € X, we obtain
P(Xi=x1,...,Xn=2x,) = (uT)(x1)T(x1,x2) - T(xp_1,%n). (1.27)
Being true for all n € N and (x3, ..., x,) € X", this shows that (X, 4+1)n>0 ~ DTMC(uT,T). O

It follows from the above lemma the law DTMC(y, T) is invariant under time-shifts if and
only if the initial law yu satisfies the fixed point equation:

uT = u. (1.28)

A probability measure y € P(X) satisfying this property is called an invariant (or stationary)
law. Our goal in this chapter is to obtain a complete description of all invariants laws of a
Markov chain. Here is a simple observation that can be taken as a motivation for doing so.

Lemma 1.6 (Limits are invariant). Let (X,),en be a Markov chain with transition matrix T such that

p = lim law(X,), (1.29)

n—oo
exists in the usual weak sense in P(X). Then, u is an invariant law.
This is perhaps a good time for a quick reminder about weak convergence on discrete spaces.

Exercise 1.5 (Weak convergence of probability measures on a discrete space). Define the total-
variation distance between two probability measures u,v € P(X) as follows:

drv(pv) = max [n(A) —v(A)].

1. Prove that dry(u,v) admits the following equivalent expressions:

dry(p,v) = max(u(A) —v(A))

ACX
= ) (n(x) —v(x))4
xeX
= 3 ¥ k@) ()
xeX
= 1- Z}:(y(x)/\v(x)
= nf P(X#Y)
= sup [uf —vf],
f:X—[0,1]

2. Prove that dry is a distance on P (X) that metrizes weak convergence w.r.t the discrete topology.
3. Prove that dry(pn, u) — 0 if and only if u,(x) — u(x) for each x € X.

4. Prove that dry(uT,vT) < dyv(p, v) for any stochastic matrix T on X.

13



1.5. Invariant measures

Proof of Lemma 1.6. The law u, = law(X,) satisfies the equation y,+1 = T for all n € N, and
we may safely pass to the n — oo limit to obtain (1.28) because y — uT is continuous. ]

The following observation will considerably simplify our analysis of invariant laws.
Lemma 1.7 (Zero for transient states). If u € P(X) is invariant and x is transient, then p(x) = 0.

Proof. Let u € P(X) be invariant and let x € X be transient. Then, for all n € IN, we have

nx) = Pu(Xp=1x) < Py (G{Xk=x}> = Pu (ﬁ G{Xk:x}> = P(Ny = ).
k=n

n=0k=n

But the right-hand side is zero because x is transient. O

Consequently, our study of invariant laws reduces to recurrent classes, and since the latter
are closed, the stationarity equation y = uT can in fact be solved separately on each recurrent
class. Thus, we may now assume, without loss of generality, that T is irreducible and recurrent.
It will actually be useful to consider a natural generalization of the equation (1.28), in which the
normalization constraint }_ cx #(x) = 1is dropped: we then speak of an invariant measure.

Theorem 1.3 (Existence and uniqueness). Assume that T is irreducible and recurrent, and fix an
arbitrary origin o € X. Then, the quantity

uo(x) = E,

(A
Z I{Xn—x}] ’
n=0
is positive and finite for every x € X, and the resulting vector y, is an invariant measure. Moreover, any
other invariant measure y is proportional to p,, i.e. pu(-) = p(0)po(-).

Proof. For x € X\ {0}, we have by Fubini’s Theorem,

Ho(x) = Z o(T >n, X, = x)
n=0
= Y Po(r) >n—1,X,=x)
n=1

[e0]

= Y ) P(Xpo1=y,1, >n—1,X,=x)
n=1yeX

[ee]

= Y Y Po(Xp1=y,7 >n—1)T(y,x)

n=1lyeX

= ) Ty, x)po(y)

yeX
= (#T)(x),

where we have crucially used the fact that x # o0 and the weak Markov property at time n — 1.
On the other hand, at the state o, we clearly have p,(0) = 1, while

(HoT)(0) =} po(x)T(x,0)

xeX

= Z Z Po(X, = x,7,” > n)T(x,0)
xeXneN

= Y Y P(Xu=x71" =n+1)
xeXnelN

= 1,
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1.5. Invariant measures

where we have used the Markov property at time n. Thus, the vector y, satisfies the stationarity
equation y,T = p,. Iterating the latter shows that p,(x) is finite and positive everywhere,
because it is so at x = 0 and the chain is irreducible. Now, let  be any invariant measure, and
observe that for any zp € X \ {0}, we have

u(zo) = wu(0)T(o,z0)+ Y, m(z1)T(z1,20)

z1€X\{o}
= u(0)T(o,z0) + Z 1(0)T(0,21)T(z1,20) + 2 1(22) T (z2,21)T(z1, 20)
zeX\{o} z1,22€X\{o}

k
= Z 1(zn HT Zi, Zi—1 +Z Z u(0)T(o,zx) | | T(zi,2i-1)
=1

zl,...,z,,GX\{o} k=0 z1,...,.zreX\{o} i
n—1 k

> T(o,zk) [ [ T(zi,2i-1)
k=0 z1,...,.zr€X\{0} i=1

= Z]/l IPOT >ka—Z())

(ty"An)—1

Z 1(Xk:ZO)] ’

k=0

= u(o)E,

for every n € IN. Sending n — oo, we conclude that

#(zo) > p(0)po(zo)-

Now, this inequality was established for all zy € X'\ {0}, but it trivially also holds (in fact
with equality) when zy = 0. Consequently, the difference v(-) := u(-) — u(0)uo(-) is a measure
on X, and it solves the stationary equation vT = v because both y and y, do. In particular,
vT"(0) = v(0) = 0 for every n € IN, which forces v = 0 by irreducibility. O

Corollary 1.2 (Invariant laws). If T is irreducible, then either Ex[1]] = oo for all x € X and there is
no invariant law, or E[1] < oo for all x € X and there is a unique invariant law, given by

1
E.[t7]

VyxeX, mn(x) = (1.30)
Proof. We may assume that the chain is recurrent, otherwise the claim is trivial. The previous
result ensures that the invariant measures (},),ex are proportional to one another. In particular,
their total masses are either all finite, or all infinite. But by construction, we have

r—1

E 1(Xn:x)
n=0

for all 0 € X. Thus, either [E,[7,7] = oo for all 0 € X, or E,[7,f] < oo for all 0 € X. In the first
case, all invariant measures have infinite mass, hence there is no invariant law. In the second
case, we can divide y, by E[7,] to produce an invariant law, and any invariant law 7t satisfies

= IEO[T:_]’

Z Ho(x) = Z E,

xeX xeX

ao) = 9 _ pl0) 1 (1.31)

for any o € X, by the uniqueness in the previous theorem. O
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1.6. Time reversal

A recurrent state x € X is called positive recurrent if Ey[t] < oo, and null recurrent
otherwise. The above result ensures that x is positive recurrent if and only if it is in the support
of some invariant law, and that this is a class property. Of course, any finite closed class is
positive recurrent, because measures thereon trivially have finite total mass.

Remark 1.3 (Dropping the irreducibility assumption). For a general (not necessarily irreducible)
Markov chain, the following complete characterization of invariant laws is easily deduced from the above
results: if there is no positive recurrent class, then there is no invariant law. If there are positive recurrent
classes, say, (C;)icy, then the invariant laws are precisely those of the form

(x) % if x € C; for some i € I
l/l x et x[tx )

0 if x & Uier Ci
where («;);cy are arbitrary non-negative coefficients whose total sum is 1.

Exercise 1.6. Prove that the simple random walks on Z. and Z? are null recurrent.

1.6 Time reversal

Our transition matrix T can be viewed as a linear operator acting on the Banach space L*(X) of
bounded functions f: X — IR as follows:

VxeX, Tf(x) = %T(x,y)f(y). (1.32)
ye

Note that T is a contraction, in the sense that | Tf|c < |/f]| for all f € L®(X). Assuming
from now on that X is equipped with a fully-supported invariant measure y, we can extend the
above definition to f € L7 (X, u), 1 < p < oo, and the resulting operator T: L? — L remains a

contraction. Indeed, by Jensen’s inequality,

p
ITflp = Y wx) | Y Txy)fy)

xeX yeX

< Y u@)T(xy) [f)lP
x,yeX

= Y. DWIfwI
yeX

= IfIIp,

where the last line crucially uses the stationarity equation uT = . In particular, T is a bounded
linear operator on the Hilbert space L?>(X, ). As such, it admits an adjoint T*: L? — L2,
characterized by the duality relation

Vf,g e LX(Xp),  (T'f8) = (f,Tg) (1.33)
Choosing f = 1;,, and g = 1, yields the more concrete expression
. )T (Y, x)
T (x, = 1.34
(x,y) ) (1.34)

from which it readily follows that the matrix T* is stochastic, that it admits y as an invariant
measure, and that T** = T. When yu is a probability measure, the duality T + T* can be
interpreted as time reversal, as explained in the following classical exercise.
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1.7. The ergodic theorem

Exercise 1.7 (Time reversal). Assuming that 1(X) = 1, prove the distributional identity

4

VneN,  (X5,..., X)) (Xp, ..., Xo), (1.35)

in which we have used the notation (X;),>0 ~ DIMC(p, T) and (X)) >0 ~ DIMC(p, T*).

Because self-adjoint operators are much better behaved than non self-adjoint ones, Markov
chains that satisfy the self-duality relation T* = T play a distinguished role in the theory.

Definition 1.5 (Reversibility). T is called reversible when T* = T, or equivalently,

Vix,y) €eX®  u(x)T(xy) = u(y)T(y,x). (1.36)

Note that summing the identity (1.36) over all x € X yields exactly the stationarity property
uT = p, sometimes called the global balance equation. For this reason, (1.36) is often referred
to as the detailed balance equation. This powerful local symmetry happens to hold in many
fundamental models, and admits a number of interesting consequences, as we will see.

Example 1.8 (Simple random walk). Consider simple random walk on a locally finite graph G =
(V,E), as defined earlier. Prove that there exists a reversible measure if and only if E is symmetric.

Example 1.9 (Random walks on groups). Consider the random walk generated by a probability
measure v on a finite group X. Prove that the counting measure (u(x) = 1 for all x € X) is always
invariant, and find a necessary and sufficient condition for it to be reversible.

Example 1.10 (Glauber dynamics). Consider a probability measure 7t on a product space of the form
S", where S is a countable set. On the support X := supp(7r), consider the transition matrix

Ty = 23 W (), (137)

where the ‘line’ Liy = {x1} % - -+ x {xji_1} xS x {xj11} x - - x {x,,} consists of all points that agree
with x except maybe for the ith coordinate. In words, a transition consists in selecting one of the n
coordinates uniformly at random and resampling its content according to the measure 7, conditioned on
the current values of all other coordinates. Check that this dynamics is reversible with respect to 7t.

Example 1.11 (Chess). Imagine a king starting at one corner of a chessboard and performing simple
random walk according to the rules of chess, until it returns to its initial position. On average, how much
time will it spend in the four central squares? What about a rook? A knight? A bishop? A queen?

1.7 The ergodic theorem

For a measure  on X and a function f: X — R which is non-negative or in L' (X, i), we let

uf =) u(x)f(r) (1.38)
xeX

denote the integral of f w.r.t. j1. The following fundamental result considerably generalizes the
strong law of large numbers, and can be seen as the starting point of the celebrated Monte Carlo
Markov Chain revolution in computational statistics. Roughly speaking, the idea there is to
efficiently compute integrals of the form (1.38) with respect to a complicated high-dimensional
measure j, by running an appropriate Markov chain that admits u as an invariant law. A simple
and popular example is the Glauber dynamics, introduced at (1.37).
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1.7. The ergodic theorem

Theorem 1.4 (Ergodic Theorem). Let (X,,)neN be an irreducible and recurrent Markov chain, with
invariant measure . Then, for any f € LY(X, ), we have

1 n—1 B . e
IV rx a.—s. wf { nif  in the positive-recurrent case (1.39)

n—oo  p(X) o 0 in the null-recurrent case.

Proof. Upon replacing f with f, and f_ if necessary, we can assume without loss of generality
that f is non-negative. Also, upon decomposing IP(-) as }_,ex IP(Xo = 0)IP,(-) if necessary, we
can assume that P(Xo = 0) = 1 for some fixed state 0 € X. Now, define a sequence (T )>0 of
IN U {+0c0} —valued random variables inductively by setting 7p = 0 and

Ty = inf{n>7+1: X, =0} (1.40)

In words, 1, 71, . . . are the successive times at which o is visited. Note that those are stopping
times, and that they are almost-surely finite thanks to our recurrence assumption. Moreover, the
strong Markov property ensures that the random variables (Zy )N defined by

Ter1—1

Zr = ) f(Xo), (1.41)

€=Tk

are i.i.d.. Since they are non-negative, the strong law of large numbers guarantees that

1 T —1 1 n—1 s -1
— Y fXe) =Y Ze =2 ElZ] = ) f0E| ) l(Xk:x)] = Hof,
k=0 k=0 xeX k=0

where j1, is the invariant measure appearing in Theorem 1.3. Now, for each n € IN, we have
™, < n < TN+, (1.42)

almost-surely, where N;, := Y {_; 1(x,—,) counts the visits to 0. Thus,

Ry (Xp) < (Xy) 14+t L™k
fo 0 < g < (v )y b S0

”k 0 k=0

and since N,, — oo almost-surely as n — oo (0 is recurrent), we deduce that

fo X)) =5 uof. (1.43)

”k 0 n—o0

Finally, since the above argument applied to any f: X — R, we may choose f = 1 to obtain

AT (X), (1.44)

N, n—ooo

and the last two displays together readily imply the claim, because y, is proportional to y. [

Example 1.12 (Google’s Page Rank Algorithm). Given a finite directed graph G = (V, E) such as
the World Wide Web, a natural problem with numerous applications consists in attributing to every node
x € Va “score” u(x) > 0 that measures its “importance” or “influence” in the network. Intuitively, the
score y(x) should be higher if x is the end-point of many arrows (y, x) € E. However, we naturally want
the contribution of an arrow (y, x) € E to be larger if y itself has a high score, and smaller if y points to
many other nodes rather than just to x. A moment’s thought then leads to the consistency equation

- Y&

yeX

deg yx )EE/ (1-45)
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1.8. Convergence to equilibrium

which is exactly the stationary equation y = uT associated with the simple random walk on G. Conse-
quently, a reasonable way to attribute a score to a node x € X consists in running a simple random walk
on the network for a long time, and counting the number of visits to x. This simple and beautiful idea is
the key behind the celebrated Page Rank algorithm developed by Larry Page and Sergey Brin, the founders
of Google, while they were Ph. D. students at Stanford University in the late 1990s.

1.8 Convergence to equilibrium

Let (X, )nen be an irreducible and positive-recurrent Markov chain. By taking expectations in
the ergodic theorem (Theorem 1.4), we have the convergence

n—1

%iﬂ’(xke-) — (), (1.46)

=0 n—oo

in the usual sense of weak convergence on X (see Exercise 1.5), regardless of the initial condition.
In words, the large-time marginals converge, in the Cesaro sense, to the invariant law. Our aim
here is to identify the conditions that guarantee the stronger (and more satisfactory) conclusion

P(X,€:) — 7). (1.47)

n—oo

The fact that additional assumptions are required is made clear in the following simple example.

Example 1.13 (Alternating chain). On X = {0, 1}, consider the transition matrix
01
T = .
ol
Verify that T is irreducible and positive-recurrent, explicitate the invariant law v, and compute T" for all

n € IN. Deduce that the laws Py(X,, € -) and P1(X,, € -) do not converge as n — oo.

As is clear from the above example, an obvious obstruction to the convergence (1.47) is the
possibility that the Markov chain deterministically cycles through distinct parts of the state
space. The purpose of the following definition is precisely to preclude such pathologies.

Definition 1.6 (Aperiodicity). An irreducible transition matrix is called aperiodic if for every pair of
states (x,y) € X2, there exists a time n,, € N such that

Vn > nyy, T"(x,y) > 0. (1.48)

Remark 1.4 (Simplification). Fix an arbitrary origin o € X. Then, for any (x,y) € X2, we can find
k,¢ € N such that T"(x,0) > 0and T*(o,y) > 0, and the crude inequality

T (x y) > TE(x,0)T"(0,0)T" (0, ),

shows that the ultimate positivity condition (1.48) needs only be checked at the diagonal entry (o, 0).
Moreover, since the set I := {n € IN: T"(0,0) > 0} is stable under addition, this question further
reduces to the existence of coprime elements in I, making aperiodicity rather easy to decide in practice.

Exercise 1.8 (Semi-groups of IN). Prove that any I C IN stable under addition is ultimately periodic:

dNN[no0) C I

N

dN,
for some (n,d) € N?, with in fact d = ged(I).
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1.8. Convergence to equilibrium

Of course, aperiodicity is necessary for the convergence (1.47) to occur, because 7t(-) has full
support. What is remarkable is that this condition is also sufficient, as stated in the next theorem.

Theorem 1.5 (Mixing). Any irreducible, aperiodic and positive-recurrent Markov chain (Xy)u>0
converges in distribution to its unique invariant law, regardless of the initial condition:

dry (law(X,), 1) —— 0.

n—o0

Proof. We use an instructive argument based on coupling. Let Y ~ MC(7, T) be independent of
X, and starting from the invariant law 7. Then, the bi-variate process (X, Yu)n>0 is easily seen
to be a Markov chain on X?, with transition matrix

K((xy), (x,y)) = T(x,x"T(yy). (1.49)
By an immediate induction, we have for all x,y,x’,y' € X and alln € N,
K" ((xy), (x,y)) = T"(xx"T"(y,y).

Thus, our assumption on T ensures that K is irreducible and recurrent. In particular, (X, Yy )n>0
will eventually almost-surely hit the diagonal set

A = {(x,x):xeX}. (1.50)

Now, the associated hitting time 7 is a stopping time w.r.t. the filtration (¢ (Xo, Yo, . .., Xu, Yn) )n N
and the strong Markov property ensures that the two processes (X, Xr11,...) and (Y, Yry1,...)
have the same conditional distribution given F;. In particular, the random sequence

Z = (XOI Xl/' . 'IXT/ YT+11YT+2/- --)/ (151)
has the same distribution as X. Consequently, for any A C X and every n € IN, we can write

P(X, € A) — 7(A)

P(Z, € A) —P(Y, € A)
P(Z, € A Y, ¢ A)
P(T > n).

IA A

Since replacing A with A changes IP(X,, € A) — 7t(A) to its negative, we conclude that

sup |[P(X, € A) —n(A)] < P(t>n),
ACX

and the claim now readily follows by sending n — oo and recalling that P(7 < c0) = 1. ]
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Chapter 2

Continuous-time Markov chains

2.1 Constructive definition

In this chapter, we investigate the more realistic (but more challenging) situation where time is
continuous, while space is discrete. Thus, a stochastic process will here consist of a collection
of random variables defined on some underlying probability space (Q2, F,P), taking values in
some countable set X, and indexed by the continuous half-line R, = [0, 0). A rather generic
way to produce such a process X = (X;);>0 is to start from a discrete-time stochastic process
Y = (Yo, Y1,...) and assign positive random durations E = (Ey, E, .. .) to the steps, as follows:

VweQ, VnelN, Vte [E Ex(w), i Ek(w)> , Xi(w) = Yy(w). (2.1)
k=0 k=0

In order to ensure that this definition actually specifies X = (X;);>0 completely, we need to
require that the sequence of durations E is non-explosive, meaning that

Y E = +o. 22)
n=0

Under this condition, the procedure (2.1) completely determines X, and we write X =¥ (Y, E).
Note that the function ¥: XN x (0,00)N — X[0®) thus defined is measurable with respect to
the corresponding product topologies. Indeed, for every t > 0 and x € X, we can write

{(Xi=x} = U{Bo+ - +E1<t<Ey+---+E}N{Y,=x}. (2.3)
n=0

Thus, X is indeed a stochastic process. By construction, the latter is obviously cadlag: each
sample-path trajectory t — X;(w), w € Q) is right-continuous and admits a well-defined left
limit everywhere. Conversely, any cadlag stochastic process must in fact be of the form (2.1)-(2.2),
because our state space X is discrete. We emphasize, however, that the representation (2.1) is not
unique, because the occurrence of consecutive repetitions in Y allows for an arbitrary repartition
of the corresponding durations in E without affecting the resulting process X = ¥ (Y, E).

Restricting attention to cadlag trajectories will be very convenient from a measure-theoretical
viewpoint. Indeed, such trajectories are entirely determined by their values on a dense countable
set (say Q- ), and this can be used to express any reasonable property of cadlag trajectories as
a certain event A that belongs to the product c—field of X[%®). Consequently, the associated
probability P(X € A) is well defined and determined by the finite-dimensional marginals of X,
and hence by those of the pair (Y, E). This fact will be used repeatedly in the sequel.
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2.2. Exponential random variables

As the title of the chapter indicates, our aim here is to develop a suitable continuous-time
analogue of discrete-time Markov chains, based on the same fundamental principle: only their
current state should influence what they do next. As we will see, the right and only way to enforce
this lack of memory in a cadlag stochastic process X = ¥ (Y, E) is to impose the following
structural assumptions on the pair (Y, E). Throughout this chapter, u € [0,1]X is a probability
vector, T € [0,1]X*X a stochastic matrix, and g € (0,00)* a positive vector.

Definition 2.1 (Constructive description). A continuous-time Markov chain with parameters (u, T, q)
is a stochastic process of the form X = ¥ (Y, E), where

1. Y is a discrete-time Markov chain with initial law y and transition matrix T;
2. Conditionally on Y, the variables Ey, E1, . . . are independent Exponential of rates q(Yo),q(Y1), - - -
3. E is non-explosive.

Remark 2.1 (Recursive formulation). The law of the pair (Y, E) specified by conditions 1 and 2 in
Definition 2.1 can be equivalently expressed in the following inductive way:

Vx - X, Vt c IR+, Vn (S N, P (Yﬂ-‘rl =X, Ei’l-‘rl 2 t YO/ EO/ D) /Yn/ Eﬂ) - T(Yn/ x)e_q(Y”)t‘
In particular, choosing t = 0 shows that the process Y is a Markov chain w.r.t. the richer filtration
Vn € N, Fn = U'(YQ,Eo,...,Yn,En).

Note that there is an existential issue in the above definition. Specifically, any triple (¢, T, q)
does (uniquely) specify the law of some random pair (Y, E) satisfying the first two conditions,
but the third one may fail. We will call (¢, T, q) non-explosive when

P(g]ﬂn:oo) - 1

Upon modifying E on a null set, we may then safely define a continuous-time Markov chain
X = Y(Y,E), and its law is then entirely determined by (y, T,q), allowing us to write X ~
CTMC(u, T, q). A characterization of non-explosive triples will be given below, after we recall
the definition and main properties of exponential random variables.

2.2 Exponential random variables

We start by recalling that a (0, c0)—valued random variable E (or more accurately, its law) is
Exponential with rate A € (0, 00), written E ~ Exp(A), if its tail distribution function is

Vt>0, PE>t) = e M (2.4)

It readily follows from this definition that E stochastically decreases with A, that it has mean
1/A and density f, (t) = Ae~*, and that it enjoys the following elementary scaling property:

E ~Exp(A) <= AE~Exp(l). (2.5)

It is convenient to extend the above definition to the degenerate cases A = 0 and A = o as
follows: Exp(0) := dc and Exp(o0) := do.
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2.2. Exponential random variables

Lemma 2.1 (Summability of Exponential random variables). Let (E,),enN be independent Exponen-
tial random variables with rates (Ay)neN. Then,

n=0 """ n=0
o0 1 (e )
Z/\—:OO _— ]P(ZEHZ—H)O):l
n=0 """ n=0

As for the second, we use instead the relation

exp (—V;)En>] = ,}:[01-#7\11 = exp (—glog<1+/\n>>,

along with the classical fact that } ;" ;log (1 + A%) < ooifand only if } )%n < oo. ]

E

This result readily implies the following criterion for non-explosive triples.

Corollary 2.1 (Non-explosion). A triple (1, T,q) is non-explosive if and only if

> 1
F (Zo a() +°°> -

where Y ~ DTMC(u, T). In particular, this holds when sup,. . q(x) < oo, or when y is supported
on recurrent states. More generally, it suffices that sup. . , (x) < oo, where A C X consists of those
transient states that have a positive chance to be visited by Y.

The following celebrated property is the essential reason behind the prominent role played
by Exponential random variabes in the theory of continuous-time Markov chains.

Lemma 2.2 (Memoryless property). A [0, co|—valued random variable E is Exponential if and only if
it satisfies the following memoryless property:

Vs,t>0, P(E>t+s) = P(E>t)P(E>s). (2.6)

Proof. Let E be a [0, o] —valued random variable with the memoryless property. This means
that its tail distribution function F: t — P(E > t) satisfies

Vt,s >0, F(t+s) = F(t)F(s). (2.7)

Now, write F(1) = e~* for some A € [0, ] and observe that by an immediate induction, the
equation (2.7) evaluated at integer times gives foralln € {1,2,...},

F(n) = F(1+---~|—1) = F(1) x ---x F(1) = e ™,

n times n times
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2.2. Exponential random variables

In a similar spirit, for all m,n € {1,2,...}, we can write

F(n) = F %+---+% :F<%>x---xP(%).
m times m times

Those two lines together force F(n/m) = e~*/™_ In other words, we have shown that
P(E>t) = e,

forall t € (0,00) N Q. Finally, the conclusion extends to all ¢ € (0, o0) because tail distribution
functions are right-continuous (or alternatively, non-increasing). Conversely, it is clear that the
function F(t) = e~ satisfies the memory-less property (2.7). ]

Lemma 2.3 (Minimum of Exponential random variables). Let (E,),cN be independent Exponential
random variables with rates (A,),eN. Then, the random variable

E = inf E,, 2.8

nf En (2.8)
is Exponential with rate A :=Y_,,cy An. If moreover A € (0, c0), then the above infimum is almost-surely
attained at a unique (random) index N, and the latter is independent of E with law

VneN, P(N=n) — % 2.9)

Proof. For all t > 0, we can write

P(E>t) = P <ﬁ {E, 2t}> = ﬁ]P(En >t) = f‘o[e—M = M,
n=0 = n=0

n=0

establishing the first claim. We henceforth assume that A € (0,00). Fort > 0,k € N, we have

P <E > t, inﬂg E, is uniquely attained at k) = P({E=>t}n () {E.> Ek})
ne
neN\ {k}

= E |L1gnP | () {E«>EJ|E
I nEN\ {k}

= Ellgey ]I e_A”Ek]
nelN\{k}

= E |1 t)euﬂ)lsk}
%e_“.

Sending t — 0 and summing over k € IN shows that inf,c E;; is indeed almost-surely uniquely
attained, so that N is well-defined. The above computation then rewrites as follows:

Vte (0,0), VkeN, P(E>tLN=k = %e_“,
showing that E and N are independent, with the appropriate marginals. O
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2.3. Markov property, semi-group and generator

2.3 Markov property, semi-group and generator

We are now ready to establish the following fundamental property of continuous-time Markov
chains, which formalizes the idea that only their current state can influence what they do next.

Theorem 2.1 (Markov property). If X ~ CTMC(u, T, q), then for any fixed time s > 0,
Law ((Xt+s)tzo | (Xt)te[o,s]) = CTMC(éx,, T,9).

As anticipated, the memory-less property of Exponential random variables will play a crucial
role in the proof. Specifically, we use it to establish the following shift-invariance property.

Lemma 2.4 (Random shifts of Exponential sequences). Let Ey, E1, ... be independent Exponential
random variables whose rates Ay, A1, . .. are positive and satisfy Y /\in = +o0. Fix s € [0,00) and set

N := min{n >0: Eg+---+ E, > s}.

Then, the process E:= (Ey+ -+ EN—5,En+1, ENto, - . .) satisfies

Law(E|N,E0,...,EN,1) — QExp (Anin)-
n=0

Proof. The condition ), /\17 = 400 guarantees that the random variable N is well-defined, by
Lemma 2.1. Now fixn,m € N and fy,...,t,, > 0,and putS:=s— (Eg+- - - + E;_1). Observing
that {N =n} = {0 < S < E,}, we can write

P (N =n,Eo > to,..., En > tn ) Eo,...,En_1>

= 15> (En >ty+S ‘ Ey ...,En_l) e~ it tidnsi

= 1550 P (En > S ‘ Ey ...,En_1> P (En > by ‘ Ey ---,En_l) o El ks
=P (N =n ‘ Eo ...,En,1> e~ Lito tidnsi,

where at the third line we have crucially used the memoryless property of E,, under the condi-
tional law IP(- | E, ..., E,_1). This shows that, conditionally on the event { N = n} and on the
random variables (Ey, ..., E,_1), the variables (Eo, e, Em) are independent Exponential with
rates (A, ..., Aygm). Since n,m € N are arbitrary, the claim is proved. O

Proof of Theorem 2.1. By assumption, we have X = ¥ (Y, E) for some random pair (Y, E) satisfy-
ing the three conditions in Definition 2.1. In particular, the random variable

N := min{n >0: Eg+---+ E, > s},

is well-defined, and since E; + - - T+ En_1 <s < E; + --- + Ey, the shifted process X =
(Xt+s)e>0 can be written as X = ¥(Y, E) with (Y, E) obtained from (Y, E) as follows:

Y = (YN/YN+1/YN+2/"')/ and E = (EO+"'+EN_SIEN+11EN+2/"')'

Note that the non-explosion of E trivially follows from that of E. Also, (X;) te[0,s] IS @ measurable
function of (N, Yp,..., YN, Eo, ..., En—1), since for all f € [0,s] and all x € X we can write

n—1 n—1 k—1 k
{Yn:x,ZEigt}U U {Yk:x,ZEi§t<ZEl}].
i=0 k=0 i=0 i=0
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2.3. Markov property, semi-group and generator

Thus, our task boils down to verifying the following two properties:

Law (17\N,EO,...,EN_l,YO,...,YN) — DIMC(dx, T);
Law (E\N,EO,...,EN,LY) - éExp (q(?n)).
n=0

Now, the first claim is a consequence of the strong Markov property (w.r.t. the filtration
appearing in Remark 2.1) for the discrete-time Markov chain Y at the stopping time N. Note
that the latter is finite, with Yy = X;. On the other hand, the second claim is simply obtained by
applying Lemma 2.4 conditionally on Y. O

Exercise 2.1 (Poisson process). Let (Ej)q>0 be independent Exponential random variables with rate
A € (0, 00). The Poisson process of rate A € (0,00) is the stochastic process X = (X;)¢>o defined by

[ee]

Vt Z O, Xt = Z 1(E0+---+En§t)‘
n=0
1. Check that X is a continuous-time Markov chain, and explicitate its parameters.
2. Prove that for each n € IN, the random variable Eq + - - - + E,, has the I'(n + 1, A) density:
(il A1 p—At
vteloe), £V = e
3. Deduce that for every t € Ry, the random variable X; has the Poisson(At) distribution:
—At(AR)
vneN, P(X=n = <
n!
4. Fixs > 0. Prove that (Xiys — Xs)>0 is a Poisson process of rate A, independent of (X)e(o,q)-

Given a continuous-time Markov chains X with parameters (u,T,q), our aim here is to
provide a more analytical understanding of its law. We will assume that y has full support, so
that we can define a collection of probability measures (IPy)ex on (Q, F) as follows:

VieX, Pu() = P(-|Xo=2)

Of course, the law of X under P, is CTMC(Jy, T, q), regardless of our particular choice for y.
Let us now introduce the following important family of stochastic matrices (P)>o:

VE>0, VY(xy)eX?  Pxy) = Pu(Xi=y).

By left or right multiplication, the matrix P; provides a direct access to the marginal law p; :=
law (X;) or the expectation of (bounded or non-negative) functions f: X — R as follows:

wly) = P(Xi=y) = %#(X)Pt(x,y) = uPi(y) (2.10)
E.[f(X:)] = ZXPt(x,y)f(y) = (Pf)(x). (2.11)
ye

In fact, much more is true: for s, > 0 and f: X — [0, ), we have by the Markov property,

E [f(Xert) | Kueps] = PA(XS), (2.12)
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2.3. Markov property, semi-group and generator

which, by successive conditioning, provides an access to the finite-dimensional marginals of X:
specifically, for every n € IN, (x1,...,%,) € X",and 0=ty < t; <t <... < t,, wehave

P(X;, = x0, Xty = x1,..., Xp, = xn) = u(x0)Pry—to(x0,x1) -+ Prpy—t,_, (Xp—1,%n). (2.13)
Thus, the law of X is determined by y and (P;);>, allowing us to use the alternative notation
X ~ CTMC(u, (Pt)t>0)-
Remark 2.2 (Time-discretization). If we fix h > 0 and choose t; = ih in (2.13), we obtain that
(Xt)=0 ~ CTMC(p, (Pt)i>0) = (Xun)new ~ DTMC(p, Py).
In other words, time-discretizations of continuous-time Markov chains are discrete-time Markov chains !
The stochastic matrices (P;);>o form what is called a semi-group.
Lemma 2.5 (Semi-group property). The stochastic matrices (Py)¢>o satisfy the semi-group property
Vs, t € Ry, Py = PP, and Py = Id. (2.14)
Proof. Using (2.12), we have for any f: X — [0,00), x € X, and s, > 0,
Poif(x) = Ex[f(Xert)]
= B [Bx [F(Xoi0)| (Xidueps

= Ei[Pf(X)]
= PSPff(x)/

as desired. On the other hand, Pyf(x) = E,[f(Xo)] = f(x), by definition of IP,. O

Note that the semi-group is entry-wise right-continuous: for each x,y € X and t,h > 0, we
can use the right-continuity of X and dominated convergence to write

Prn(oy) = PulXn=y) ——= Pu(Xi=y) = P(xy).
h—0+

In the scalar case, the argument outlined in the proof of Lemma 2.2 shows that any right-
continuous function F: [0,00) — (0,c0) satisfying the “semi-group property” F(t +s) =
F(t)F(s) and F(0) = 1 must in fact be an exponential of the form F(t) = e, with a rate
which is then necessarily given by the formula g := lim;_,o w. In light of this, it is natural
to hope for a similar conclusion in our infinite-dimensional setting, namely

P —Py

Vvt >0, b = etQ, where Q= tlir& . (2.15)
—

Of course, giving an honest mathematical content to this dream is far from trivial:
* Does the limit defining Q exist? in what sense?
¢ Assuming that Q exists, what is then meaning of etQ?

 Assuming that ¢!? makes sense, why should it equal P;?
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2.4. Kolmogorov equations

Note, however, than an explicit expression for the cancidate matrix Q appearing in (2.15) can
easily be guessed. Indeed, for any bounded function f: X — R and any x € X, neglecting the
unlikely event {Eg + E; < t} when ¢ is small yields the (non-rigorous) approximation

(PA)() = (Rof)(x) = Ex[F(X0) = f(Xo)]
Ex |15, (F(11) = £(x)]
= (1= W) (Tf(x) - f(x)).

Dividing by t and letting t — 0, we see that the action of the matrix Q in (2.15) should be given
by QF (x) = q(x) ((Tf)(x) — £(x)) or equivalently,

Vxy) €X?,  Qay) = q(0)T(xy) —q(x)1y_y). (2.16)

Q

This explicit matrix Q € RX**X is called the rate matrix, or generator of the chain X. Note
that it is non-negative off the diagonal, non-positive on the diagonal, and with zero-sum rows.
Conversely, any such matrix is of the form (2.16), for example by choosing (g, T) as follows:

—Q(x,x) ifQ(x,x) #0
7(x) { 1 if Q(x,x) = 0 @17)
T(x,y) := _Sgizgl(y#x) %f Q(x,x) #0 (2.18)
1(y—y) if Q(x,x) =0

We will now try to address the issues raised above, and give a rigorous meaning to (2.15).

2.4 Kolmogorov equations
To make our life simpler, we will assume in this section that the jump rates are bounded:

Jmax = supg(x) < oo. (2.19)
xeX

This fairly reasonable assumption will allow us to give a very satisfactory meaning to (2.15),
without much effort. Moreover, a suitable limit procedure will then enable us to address the
general case. Let us remark that (2.19) is more than enough to guarantee the non-explosion of
(u,T,q), as requested at the beginning of the section. We start with an easy and classical exercise
about bounded linear operators on L*(X) and their operator norm.

Exercise 2.2 (Strong convergence). Given a matrix A € R**X with summable rows and a bounded
function f: X — R, we define a function Af: X — R by matrix-vector multiplication as follows:

vxeX, (Af)(x) = Y Alxy)f(y).

yeX
1. Show that Af is well-defined, but not necessarily bounded.
2. Show that Af € L®(X) forall f € L*(X) ifand only if || A|| < oo, where
1Al = SUP{Z \A(x/y)!}-
xeX yeX
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2.4. Kolmogorov equations

3. Prove that, whenever finite, || A|| is in fact the operator norm of A: L® — L%, i.e.

jal = sup{IEH=r e 100 (0}

4. Establish the sub-multiplicativity property | AB|| < ||A|| ||B|| for all A, B € R**X,
5. Prove that {A € R**X: ||A|| < oo} equipped with || - || is a Banach space, denoted B(L®(X)).
6. Check that the transition and rate matrices satisfy | T|| = 1 and || Q|| < 2gmax-

We will use the term strong convergence for the convergence of matrices in B(L*(X)), i.e.

A=Al — 0, (2.20)
n—00
in order to distinguish it from the much weaker entrywise convergence

Vix,y) € X3, Au(x,y) —— A(xy). (2.21)

n—oo

This strong versus entrywise distinction naturally extends to all matrix-theoretical notions that
involve convergence, e.g. summability of a matrix-valued sequence (A;),>0, continuity and
differentiability of a matrix-valued function t — A;, etc. The following result is a (strong)
confirmation of our earlier guess that the matrix Q defined at (2.16) is the limit of @ ast — 0.

Theorem 2.2 (Kolmogorov equations). Under the bounded-rate assumption (2.19), the semi-group
(Pt)¢>0 is strongly continuously differentiable, with derivative

Vt € Ry, % = QP = POQ. (2.22)

Proof. Fix f € L®(X), x € X and h > 0. By definition of X = ¥(Y, E), we have

f(Xn) = Z f(Yn)l(Eg+~-~+E,,,1§h<E0+~-~+En)’
n=0

In particular, f(X;) — f(Xo) =0on {Ey > h}, so
Puf(x) = Pof ()] = [Ex[f(Xi) = f(X0)]| < 2flleo(1=€") < 2| fllcchgmax.
Since this is true for all x € X and f € L*(X), we already see that
|1Pr = Pol| < 2hGmax,

which already shows that (P;)> is strongly continuous at 0+. To go one step further, observe
that f(X;,) — f(Xo) = (f(Y1) — f(Y0))1(g,<n) on the event {Eg + E; > h}, hence

B [£(X0) = £(X0) = (FOR) = FOO) gy || < 41 llPr (Bo + Er < ).

Now, conditionally on Y, the random variables Ey, E, . . . are independent Exponential with
rates q(Yp),4(Y1), ..., and those rates are almost-surely at most gmax. Thus,

Py (Eg+Ey <h) < Py(Eo<hE <h) < (1—e"m)2 < (hgmax)?
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2.4. Kolmogorov equations

On the other hand, recalling that Qf(x) = q(x)(Tf — f)(x), we have

x 1) — 0))L(Ep<h) | — = —e M) —pg(x —f)(x
Ex [(F00) = FOO Mgy | —hQF()| = |(1 =10 —hg(x)) (Tf = F)(x)
< (A1l (hgman)®,

thanks to the classical estimate |1 — e " — u| < u?/2 for u > 0. Recalling that (P,f)(x) —
(Pof)(x) = Ex [f(Xn) — f(Xo)] and putting things together, we obtain

|(Puf) (x) = (Pof)(x) =hQf (x)| < 5 (fmax)” [|f |-

Since this is true for all x € X and f € L*(X), we conclude that
1Py = Po—hQll < 5 (hmax)”-

Thus, t — P, is strongly differentiable at 04, with derivative Q. Now using the semi-group
property, the sub-multiplicativity of || - || and || P|| = 1, we can write

I1Prn = P = hQP|l = [|(Py = Po — hQ)Pi|| < 5 (hmax)”-
Assuming that 1 < t, we may further replace t with t — h above to also obtain
|Pih = P+ hQP || <5 (hmax)”,
and the term hQP;_j, can further be replaced with hQP; at the extra cost
1hQPi—, — hQP:|| < RIIQIIPnll| Py — Poll < 4(7qmax)*. (2.23)
In conclusion, we have proved that for each t > 0 and all i € [—t, o),
1Py — P+ hQP| < 9 (hfmax)”

Thus, t — P; is strongly differentiable everywhere, with

Vt € Ry, ‘f; = QP.

Finally, the same argument with P, — P, — hP,Q = P;(P, — Py — hQ) yields

P
Vt € R-i-/ (iitt = PtQ/

as desired. O

Remark 2.3 (Practical interest). In view of (2.10), the forward Kolomogorov equation % = PQ
implies that the marginal law y; := law (X;) evolves as follows:

Vi >0, Og’t* = 0. (2.24)

Dually, in view of (2.11), the backward Kolomogorov equation % = QP implies that expectations of the

form fi(x) := Ex[f(X})] (f € L®(X), x € X) evolve as follows:

dfy
V20, o = Qf (2.25)
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2.4. Kolmogorov equations

Exercise 2.3 (Poisson process). Let X be a Poisson process of rate A € (0,00). Write down the
Kolmogorov forward equation, and solve it to conclude that

Vvt >0, X; ~ DPoisson(At). (2.26)

Give an alternative proof of this using the Kolmogorov backward equation, with f(x) = e=%*, 6 > 0.

In the scalar case, the differential equation % = gp; is classically uniquely solved by the
exponential function p(t) = p(0)e?". This turns out to admit a matrix-valued extension, as we
now show. The exponential of a matrix A € B(L®(X)) is defined as follows:

oo An
e = . (2.27)
= M
The sub-multiplicativity of || - || ensures that this series is strongly convergent, and that
A = ALY ja
He H I (2.28)

Many familiar properties of the scalar exponential extend to the matrix case. Here is an example.
Lemma 2.6 (Matrix exponential). If A, B € B(L*(X)) commute, then
eATB = oAb, (2.29)
A

In particular, e is always invertible, with inverse e~ .

Proof. The commutation property AB = BA ensures the validity of Newton’s formula:
L (n
vneN, (A+B)" = Y <k> Akpr=k,
k=0

Dividing through by n! and summing over all n € IN, we obtain

(A+ B)"

oo
AP = Y

0
= e’e”.
In particular, choosing B = —A yields e e~ = Id = e~“¢#, hence the second point. O
Theorem 2.3 (Resolution of Kolmogorov equations). Fix A and (H;)>o in B(L®(X)). Then,
1. (Hy)sso is strongly differentiable with St = H, A if and only if H; = Hoe'/ for all t > 0.
2. (Hy)s>o is strongly differentiable with % = AH; if and only if H; = e"AHy for all t > 0.
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Proof. We focus on the first assertion, as the second is proved in a similar way. Suppose that
Vt>0, H = He',

and let us extend the definition of H; to t < 0 by the same formula. Then, for any ¢,h € R, the
properties of matrix exponentials allow us to write

For each t € R, the right-hand side is o(|h|) as h — 0, so (H;)cr is strongly differentiable and

(RA)"

|Hyyp — H — hH/A|| = HH(Z -
n=2

< |[H (M40 =1~ Jap Al ).

dH;
Vt e R, W = HA,

which is more than needed. Conversely, suppose that (H;);>o is strongly differentiable and

satisfies % = H;A, and consider the matrices (M;);>( defined as follows:

V>0, M; := He .

Being a product of strongly differentiable functions, (M;);> is strongly differentiable and

dm; dH;\ ;4 de 4 _iA _iA
dt < dt ) A T ve ve 0
Thus, M; = My or equivalently H; = Hyet4, for all + > 0. O

Corollary 2.2 (Determination of the semi-group). Under the assumption qmax < o0, we have
vt>0, P = 9

Exercise 2.4 (Poisson semi-group). Explicitate (P;)¢>o when X is a Poisson process of rate A € (0, 00).

2.5 Extension to unbounded rates

We now address the more delicate case where g is unbounded. We will see that the conclusions
obtained in the previous section remain essentially valid, albeit in a weaker, entry-wise sense.

Theorem 2.4 (Backward Kolmogorov equation). The semi-group (Py)¢>o is the only entry-wise
differentiable family of stochastic matrices solving the backward Kolmogorov equation

Py = 1d, and vVt >0, % = QP.

We will use the following simple observation, which will be considerably generalized later.

Lemma 2.7 (Strong Markov property at the first jump time). Let X = ¥ (Y, E) be a continuous-time
Markov chains with parameters (u, T, q). Then,

1aW((Xt+EO)tZO’EO,YO,Y1) = CTMC(5Y1,T,(]).
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Proof. The properties of (Y, E) listed in Definition 2.1 readily imply that the shifted sequences
Y :=(Y1,Ys,...)and E := (Ey, E, .. .) satisfy

law(Y | Eo, Yo, Y1) = DTMC(éy,,T)
law(E| Eo,Y) = @ Exp (q(Y))

ieN
Ei = Z E; < oo.
i=0 i=1
This establises the claim, since ¥ (Y, E) = (X;.f,)t>0 by construction. O

Proof of Theorem 2.4. Fix t > 0 and (x,y) € X?. Using the above lemma, we can compute
Pi(x,y) = P+(X; = y) by conditionning on (Ey, Y1) as follows:

t
Pxy) = 901y [ F T(x2)P(Xiy = y)q(x)e 1) du
0 zeX

t
= ey + (TP y)a(e ) du,

Multiplying through by ¢/7(¥) and performing the change of variables u + t — u, we obtain

t
etq(x)Pt(x,y) = l(x:y)+/(TPu)(x,y)q(x)e“”’(x)du.
0

This shows that t — P(x,y) is continuously differentiable, and differentiating both sides gives

Y | 40Py = gTREY),

ie. % = QP;. Conversely, if (P});>0 is an entry-wise differentiable family of stochastic matrices

solving the backward equation, then reversing the above computation gives
~ t N
Plxy) = e 01y + [ (TP (xy)q(x)e ™) du.
0

On the other hand, writing Pt(”) (x,y) := Py(X; =y, E; > t) and conditionning on (Eo, Y1)
as above yields forn > 1,

(n) —tq(x) f (i) —uq(x)
PP (xy) = 1y + [ (TR y)a(x)e ) du.
Comparing the last two displays, we conclude by induction that for all n € IN,
P(vy) > P (xy).
Sending n — oo shows that 13t > P, and equality must hold because both sides are stochastic. [

The forward Kolmogorov equation requires a bit more effort, as we need to condition on the
last step instead of the first. To this end, the following time-reversal identity will be useful.

Lemma 2.8 (Time-reversal identity). Writing S, =: Eo + - - - + E,—1 (with Sp := 0), we have
qyn)P(Sy <t <Sup1|Yo=vo,---, Yu =Yn) = qo)P(Sn <t < Spy1|Yu =Yo,..., Yo = Yn),

for every t € R, every n € N, and every (yo, ..., yn) € X"
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2.5. Extension to unbounded rates

Proof. Writing A = {(uo,...,uy—1) € R%.: ug+ - - -+ u,_1 < t}, we have by construction

qY)P(S, <t < Spi1|Yo,...,Y,) = (Hq(m> / =900 (=X w) ]‘[e 9Yiui 4y,
i=0

and the involutive change of variables (uo, ..., u,—1) — (t — Z" o Wi Un—1,...,u1) shows that
the right-hand side is invariant under replacing (Yy, ..., Y,) with (Y, -, Yp). O

Theorem 2.5 (Forward Kolmogorov equation). The semi-group (P;);>o is the only entry-wise
differentiable family of stochastic matrices solving the forward Kolmogorov equation
P
Py =1d, and Vt>0, ‘;tt = PO.
Proof. Write X = ¥(Y, E) with (Y, E) as in Definition 2.1, and set S, :== Ey + - - - + E,_1, with
So = 0. Then, for each t > 0 and (x,y) € X?, we have by construction

Pi(x,y) = Z Py(Sy <t <Su41,Yu=1y)
n=0
= efq(x)tl(x:y) + Z Z ]PX<STZ S < Sn+1,Yn71 =z, Y}’l = y)

zeXn=1
Now, using the two previous lemmas, we have for eachn > 1and z € X,
IPx(sn <t < Sn+1 | Yn—l = Z/Y = y)
= @]Py(sn <t<Sn|Yi=2zY,=x)

t

= q(x)/o e_W(y)IPZ(Sn,l <t—u<S,| Y1 =x)du
t

= q(z)/ e M MWPL(S, 1 <t—u<S,|Y, 1 =2z)du
0

Reinserting this back into the previous computation, we obtain

¢ )
P(x,y) = e 19+ Y q(2)T(zy) / e W) Y P(Sy1 < t—u < Sy, Yy = z) du
zeX 0 n=1

t
= ey, o+ Y a7, y)/ W) p,_,(x,z) du

zeX

t
— ()tlx _yte tq Zq / e p, (x,z) du.

zeX

Multiplying through by e*¥), we arrive at

t
etq(y)pt(x,y) = 1oy + Zq(z)T(z,y)/ eml(y)pu(x,z) du.
0

zeX

This shows that (P;);>0 is entry-wise differentiable (which we already knew), and that

dP(x,
tg;y)—i—Pt(xy ZPtxz )T(z,y).
zeX
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This is the forward equation. Conversely, if (P;);>¢ is an entry-wise differentiable family of
stochastic matrices solving the forward equation, then reversing the above computation gives

~

-~ t
Pi(x,y) = e 91+ Y q(2)T(zy) / e "W P,_,(x,z) du.
zeX 0

On the other hand, by a straightforward variation of the above computation, the quantity
Pt(n)(x,y) =P (X; =y, S, > t) satisfies the recursion

t
PUry) = ey + ¥ a@T(Ey) [ e 1OP Y (x2)du
zeX

Comparing the last two displays, we conclude by induction that for all n € IN,
P(xy) > B (xy).
Sending n — oo shows that P, > P, and equality must hold because both sides are stochastic. [

Remark 2.4 (Uniqueness). The forward and backward Kolmogorov equations show that the semi-group
(Pt)s=0 is determined (or generated) by the rate matrix Q. In view of (2.13), we deduce that the law of X
is determined by the pair (u, Q), allowing us to write X ~ CTMC(u, Q). Conversely, starting from a
matrix Q € R**X with non-negative off-diagonal entries and zero-sum rows, we may set (q, T) as in
(2.17-2.18) and then consider a discrete-time Markov chain Y = (Yo, Y1, .. .) with transition matrix T
and, conditionally on'Y, a sequence E = (Ey, Ey, .. .) of independent Exponential random variables with
rates q(Yo),q(Y1), . ... A careful inspection of the above proofs shows that the matrices (Py)¢>o defined by

00 n—1 n
Pt(X,]/) = Z]Px (Yn:y/ZE1§t<ZEZ>/
n=0 i=0 i=0

form then the minimal non-negative solution to both the backward and the forward Kolmogorov equation
generated by Q. Clearly, the matrices (P;);>o thus defined are stochastic if and only if (6x,T,q) is
non-explosive for every x € X. When this is the case, we say that Q is non-explosive. We can then safely
set X := ¥ (Y, E), and we have P;(x,y) = P(X; = y) by construction.

2.6 Filtrations, stopping times and martingales

In this section, we assume that our probability space (Q), F,P) is equipped with a continuous-
time filtration (F¢)¢>o0, i.e. a non-decreasing family of sub-c—algebras of F. A continuous-time
stochastic process X = (X;)s>0 is called adapted if for each t > 0, X; is F;—measurable. We
can then refine our earlier definition of a continuous-time Markov chain as follows. As usual,
Q € RX*X denotes a non-explosive rate matrix, and (P;)>o the associated semi-group.

Definition 2.2 (Continuous-time Markov chain, abstract definition). A stochastic process X =
(Xt)t=0 is called a continuous-time Markov chain with generator Q if it is cadlag, adapted, and

E[f(Xirs) | Fs] = Pif(Xs), (2.30)
for all times s, t > 0 and all functions f € L®(X), where (P})¢>0 is the semi-group generated by Q.
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Note that by (2.12), any Markov chain in the sense of Definition 2.1 is a Markov chain in the
sense of Definition 2.2 w.r.t. its natural filtration, defined as follows:

Fs = o(Xy:uel0s]).
Conversely, if X satisfies Definition 2.2, then by successive conditioning, we have

P(Xo =x0, Xy, = x1,..., Xt, =xn) = u(x0)Pr (x0,%1)Pry—t, (x1,%2) -+ - Pt (Xn—1, Xn),

for every n € N, (xq,...,x,) € X"l and 0 < t; < ... < t,, where u := law(X;). Thus,
X ~ CTMC(y, Q). Furthermore, we can upgrade this distributional correspondance into an
almost-sure one under the mild assumption that Q(x, x) # 0 for all x € X. Indeed, our cadlag
process X then almost-surely makes infinitely many jumps, allowing us to write X = ¥ (Y, E)
where Y = (Yo, Y3,...) and E = (Ey, Ey, .. .) are inductively defined as follows:

En = inf {t > 0: Xt+EO+...+E1171 ;é XEO+"'+En—1}

Yn = XE0+...+En71,

with the usual understanding that an empty sum is zero. Being a measurable function of X, the

random pair (Y, E) thus defined must then have the same law as if X had really been constructed

according to Definition 2.1, with T(x,y) := — ggzg 1(yy) and q(x) := —Q(x, x). In other words,

[ee]

law(Y) = DTMC(,T), and law(E|Y) = ®q(Yi),

showing that X is really a continuous-time Markov chain in the sense of our original definition.
Thus, the two viewpoints are equivalent. Let us now describe a closely related, third approach,
which has two advantages. First, it only involves the rate-matrix Q, without any mention of the
associated semi-group (P;)¢>o. Second, it provides us with a concrete family of martingales that
constitute a powerful toolbox for the concrete analysis of the considered Markov chain.

Definition 2.3 (Martingale). A martingale is an adapted, integrable stochastic process (M;)¢>o such
that E[Myys | Fs] = Ms almost-surely, for every t,s > 0.

In addition to the trivial observation that their mean is constant, martingales enjoy a variety
of nice properties, including maximal inequalities, concentration inequalities, optional stopping
theorems, representation theorems, and convergence theorems. We do not have enough time for
an exhaustive account, unfortunately. The connection between Markov chains and martingales is
summarized in the following fundamental result, which can be taken as an alternative definition.

Theorem 2.6 (Martingale characterization of Markov chains). A cadlag stochastic process (X;)i=0
is a Markov chain with generator Q if and only if the process (M{ )0 defined by

t
0

vez0, M = f(X) - f(X0) - [(QF(X)du (2.31)

is a martingale for each finitely supported function f: X — R.

Proof. The martingale property of M/ is equivalent to the identity

t
0

w20, B () - fx) - [(Q@NKedn) [an(x=n] = o
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2.6. Filtrations, stopping times and martingales

for every choice of s > 0, x € X and A € F; such that P(AN{Xs; = x}) > 0. In other words,
for any such triple (s, x, A), we want the collection of probability vectors ()0 defined by
pr :=law(X;15| AN {Xs = x}) to solve the forward Kolmogorov equation

>0, o= o +/Ot;4quu.
In view of Theorem 2.5, this equation is uniquely solved by p; = Pi(x, ), i.e.
Vit >0, law (X5 | AN{Xs = x}) = Pi(x,-).
The fact that this must hold for all x € X, A € F; such that P(A N {X; = x}) > 0 means that
V>0, law (Xis|Fs) = P(Xs,-),
which exactly says that X is a continuous-time Markov chain with generator Q. O

Remark 2.5 (Extension). Note that the formula (2.31) actually defines a (cadlag and adapted) stochastic
process M/ for every function f € L™ (X), regardless of its support. When Q has bounded entries, this
process is integrable and it inherits the martingale property from the finitely-supported case, thanks to the

uniform bound \M{| < 2| flleo + tI QI fllco- Int the general case, Mf needs not be integrable, but it is
always a local martingale, as witnessed by the localizing sequence (T, )neN defined as follows:

Vn €N, T, = inf{t >0:g(X;) > n}. (2.32)
We leave the details to the interested reader.
Definition 2.4 (Stopping time). A stopping time is a function T: Q) — [0, co| such that
vt >0, {t<t}eF,
and its past c—field is Fr := {A € F: ¥Vt >0, An{t <t} € F}.

This is the natural continuous-time analogue of the definition given in the previous chapter.
It carries the same intuition and enjoys similar properties, summarized in the following exercise.

Exercise 2.5 (Properties of stopping times). Establish the following properties.

~

. The past o—field of a stopping time is a c—field.

2. The minimum, maximum and sum of two stopping times are stopping times.

3. If T, v are two stopping times with T < ', then Fr C Fy.

4. For any fixed t > 0, the deterministic function T: w > t is a stopping time, and Fr = F;.
5. If T is a stopping time, then so is T, :== [ntT|/n, for every integer n > 1.

6. If T is a stopping time, then T is Fr—measurable. Moreover, so is X, provided T < oo, and X is a
X —valued, right-continuous, adapted process.

7. The hitting time of any set by a X—valued, right-continuous adapted process is a stopping time.

We are now ready to state and prove the following substantial generalization of Theorem 2.1.
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2.7. Recurrence, transience and invariant laws

Theorem 2.7 (Strong Markov property). Let X be a continuous-time Markov chain with generator Q
and let T be a stopping time. Then, almost-surely on the event {T < oo}, we have

law ((Xtto)iz0| Fr) = CIMC(x., Q).
Proof. By successive conditioning, it is enough to prove that on {7 < oo},
P (Xirr =y | Fr) = P(Xe,y),
forally € Xand t > 0. In other words, given x,y € X, t > 0and A € F;, we want to show that
P(AN{t <00, Xr =%xXsr=y}) = PAN{T <00, Xr =1x})Pi(x,y).

This is easily done if T takes values in Q U {oo}: indeed, we can then write

PAN{t <00, X: =xXp4r=y}) = 2 P(AN{T=5Xs =% Xiss = y})
s€Qy
= Z ]P(Am{T:S/XS:x})Pt<x’y)
s€Q4

= P(AN{T <00, Xr =x})P(x,y),

where in the second line, we have used Definition 2.2 with f = 1y,), and the observation that
AN{t =s,X; = x}isin F;. Now, in the general case, we fix n > 1 and define

[n]

T = —y
n

with [oo] = co. Note that 7, is a stopping time, since for every s > 0 we have by definition
{n<s} = {r < L’;SJ } € Fu C Fu

Since T, is Q1 U {oo} —valued, and since A € Fr C F, the first part of the proof ensures that
P(AN{T, <00, Xy, =%, Xpyr, =y}) = P(AN{T, <00, Xy, =x}) Pi(x,y).

The conclusion now follows by sending n — oo, because 7, — T+ and X is right-continuous. [J

2.7 Recurrence, transience and invariant laws

As usual, we let X denote a continuous-time Markov chain with parameters (3, T,q). In this
section, we use the representation X = ¥(Y, E) to effortlessly transfer the various trajectorial
properties of discrete-time chains established in Chapter 1 to the continuous-time setting. Let

T (X) := inf{t > 0: X; = x}, (2.33)

denote the hitting time of the state x € X by X. The following lemma shows that the communi-
cation relations have the same interpretation in discrete and continuous time.

Lemma 2.9 (Communication relations). For any x,y € X, the following conditions are equivalent:
1. 3n € N, T"(x,y) > 0.

2.3t >0,Py(X; =y) > 0.
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2.7. Recurrence, transience and invariant laws

3. Vt>0,P (X =y) > 0.
4. Py(1y(X) < 00) > 0.

Proof. By construction, the process X = ¥(Y, E) satisfies, for every t > 0 and x,y € X,
00 n—1 n
P.(Xe=y) = Y Pe|Yu=y ) E<t<) E|.
n=0 i=0 i=0

Moreover, P, (Zf’;ol Ei<t<Y!l,Eil Y) > 0 almost-surely for each n € IN and t > 0, by prop-

erty of independent exponentials. It follows that IP,(X; = y) > 0if and only if Py (Y, =y) >0
for some n € N. Recalling that P, (Y, = y) = T"(x,y), the equivalence between the first three
conditions is proved. For the last one, observe that by construction,

{7(X) <o} = G{Y =y},

and recall that a countable union of events has zero probability if and only if each event has. []
We next turn to recurrence and transience. The return time to x € X by X = ¥(Y, E) is

T (X) := inf{t > Ep: X; = x},

X

and the return probability is p(x) := P, (7; (X) < o). We then naturally declare x recurrent if
p(x) = 1, and transient otherwise. Since {7 (X) < oo} = {7/ (Y) < o0}, this classification is
exactly the same as for the discrete-time chain Y. In particular, recurrence and transience are
class properties. To go further, let us introduce the local time spent by X at x:

Lx(X) = /0 1(Xt:x) dt.
The next result shows that this quantity satisfies the same dichotomy as in the discrete-time case.
Theorem 2.8 (Recurrence/transience dichotomy). The following dichotomy holds:
1. We have Py(Ly(X) = oo) = 1 for every recurrent state x € X.
— 1 ;
2. We have E[Ly(X)] = T < oo for every transient state x € X.

3. If the chain is irreducible and recurrent, then

Ve P(X), P,(VxeX,Li(X)=0) = 1

4. If the chain in irreducible and transient, then

Vu € P(X), P, (Vx e X, Ly(X) <o0) = 1

Proof. The relation X = ¥ (Y, E), together with Fubini’s theorem, allows one to write

Li(X) = /0 E1(Yn:x,Eo+-~-+En_1§t<Eo+-~-+En)dt - ZEnl(Yn:x)-
=0 n=0

Conditionally on Y, the local time Ly (X) is therefore the sum of Ly (Y') i.i.d. Exponential variables
with rate g(x), where Ly (Y) := Y37 1(y,—y) is the local time spent at x by the discrete-time chain
Y. In particular, Ly(X) is finite if and only if Ly(Y) is, and E[Ly(X)] = E[Lx(Y)]/g(x). In light
of this correspondence, the four claims readily follow from their discrete-time counterparts. [
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2.7. Recurrence, transience and invariant laws

We now turn to stationary laws. First observe that by the Markov property, the shifted
process (Xs+)s>0 has law CTMC (4, Q) for every t > 0, where p; := law(X;). Recall also that
ut = uP;, as noted at (2.10). In particular, (yi;)>0 solves the forward Kolmogorov equation

Ut
> _— e
vt = 0/ dt ,thl

by Theorem 2.5. Those observations legitimate the following definition.

Definition 2.5 (Invariant law). A law p € P(X) is called invariant (or stationary) when any (hence
every) of the following equivalent conditions hold:

1. If X ~ CTMC(y, Q), then so does (Xs+)s>o0, for each t > 0.
2. uPy =y forallt > 0;
3. uQ =0.
As in the discrete-time case, invariant laws do not charge transient states.
Lemma 2.10 (No mass at transient states). If u € P(X) is invariant and x is transient then y(x) = 0.

Proof. If u € P(X) is invariant, then for any state x in the support of y, we have

E,[L.(X)] = E, [ | 1 dt] = [Pu=xdt = [Tp(x)at = e
On the other hand, by the strong Markov property at time 7,(X), we have
]Eu [Lx(X)] = ]PM(TX(X) < OO)IEx[Lx(X)]-
Those two lines together show that [E,[L,(X)] = oo, which means that x is recurrent. O

Thus, the stationarity equation can be restricted to recurrent classes, and since the latter
are closed, it can be solved on each of them separately. This reduces our study to irreducible
recurrent chains. As in the discrete case, we first seek invariant measures, i.e. non-zero vectors
# € RX such that uQ = 0. The following observation reduces this to a task we already solved.

Lemma 2.11 (Reduction to discrete time). A vector u € R satisfies uQ = 0 if and only if the vector
v € RX defined by v(x) := u(x)q(x) satisfies vT = v.

Proof. Since Q(x,y) = q(x)(T(x,y) — 1(y_y)) for all (x,y) € X?, we have uQ = vT —v. O

Corollary 2.3 (Invariant measures). Assume that the chain is irreducible and recurrent, and fix a
reference state o € X. Then, the formula

7 (X)
V.’X E X, I/lo(x) = IEO |:/ l(X[_x):| 7 (2.34)
0

defines an invariant measure p, € (0,00)X, and every other invariant measure is proportional to it.

Proof. Using the correspondence X = ¥(Y, E), we have for every x € X,

" (X) T (Y)-1
/O l(Xt:X) = ZO Enl(Y”:x)'

Taking expectations gives 1, (x) = v,(x)/g(x), where v,(x) = E, [ZZ“L%Y)A 1(y,—y)] is precisely

the invariant measure of the discrete-time chain Y appearing in Theorem 1.3. Thus, the claim
readily follows from the above lemma and Theorem 1.3. O
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Corollary 2.4 (Invariant laws). For an irreducible and recurrent chain, either IE,[t," (X)] = oo for all
o € X and there is no invariant law, or E,[t," (X)] < oo for all o € X and the unique invariant law is:

1
9(0)Eo[1" (X))

Proof. This follows from the previous result, since 1,(0) = 1/q(0) and p,(X) = E,[7,F (X)]. O

Vo € X, (o) =

Asin the discrete-time case, a recurrent state x € X is called positive-recurrent if Ex [t (X)] <
co and null-recurrent otherwise. Note that this actually depends on the entire pair (T,4) and not
just on T itself, unlike the transience/recurrence classification. In particular, it may happen that
the discrete-time chain Y admits a stationary law, while the continuous-time chain X does not.

Remark 2.6 (Reversible measures). A measure y on X is called reversible if

Vix,y) €X?,  u(®)Q(xy) = u(y)Qy, x). (2.35)

This powerful symmetry condition is easy to verify in practice, and it implies that y is stationary by
summing over all x € X. As in the discrete-time case, many concrete models admit reversible measures.

Exercise 2.6 (Birth-death chains). On X = N, consider the rate-matrix Q defined as follows:

b(x) lfy =x+1
Vix,y) €X’,  Qxy) = i(;()x) —d(x) ;ffi z z -
0 else,

for some vectors b, d € RS whose entries are all positive, except for the obvious constraint d(0) = 0.

1. Prove that the discrete-time chain T(x,y) = —Q(x,y)/Q(x, X)1(,.y) is recurrent if and only if

A dn e (236)

2. Deduce that Q is non-explosive if and only if either (2.36) holds, or

ad 1
n);o b +dm) T

3. Find the unique invariant law in discrete time and in continuous time, when they exist.

2.8 Ergodicity and convergence to equilibrium

Theorem 2.9 (Ergodic theorem). If (X;)¢> is an irreducible chain, transient or null-recurrent, then

t
% / F(X)ds =% o,
0

t—o0

for any finitely supported function f: X — R, while if (X;);>0 is positive-recurrent, then

L Fas = a),

t—o0

for any non-negative or bounded function f, where v denotes the unique invariant law.
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Proof. The transient case is easy: for any x € X, we have P(Ly(X) < o0) = 1, hence

1 t Lx(X) a.—s.
?/0 T ds = == 20 0

from which the claim follows by linearity. We now turn to the recurrent case. Upon modifying
the pair (T, q) if needed, we may assume that Y, # Y, 11 for all n € IN (note that by irreducibility,
there is no absorbing state unless |X| = 1, in which case the claim is trivial). Also, in view of
the decomposition P(-) = Y cx P, (+), we may assume that P(Xy = 0) = 1 for some fixed state
o € X. Finally, upon replacing f with f*, we may assume without loss of generality that f > 0.
Now, let 19, 74, . . . denote the successive entrance times to o by the process X. More precisely, we
have 15 := 0 and then inductively, forn > 1,

T, = inf{t >71,1: Xi— #0,X; =0}.

It is easy to check that for each n € N, 7, is a well-defined, almost-surely finite stopping time
such that X+, = 0. By the strong Markov property, the variables Zy, Z;, . . . defined by
Tnt1
Vn € N, Zy = f(Xs)ds,

Tn

are ii.d. and non-negative. By the strong law of large numbers, we have

n—oo

Tn n_l a.—s.
3[/0 f(Xs)ds = i;;)Zk — E[Zo] = po(f),

where 4, is the measure appearing in Theorem 2.3. Now, for each t > 0, set N; := sup{n €
IN: 7, < t},sothat N; <t < 1+ N;, and use the non-negativity of f to write

1TNer<1th<11 1 TNtHXd
v roas < g [ < (1) g b e

By non-explosion, we have N; — oo almost-surely as t — oo, so the last two displays imply

[ rxoas 2 )

t—o00

Finally, this was established for any f: X — R, so we may choose f = 1 to obtain t/N; —
1o (X) almost-surely as t — oo. Thus, we deduce that

I a—s.. Ho(f)
? /0 f(XS) dS N300 ‘uo(x)/
as long as i, (f) < oo or yy(X) < oo, which suffices to conclude. O

Theorem 2.10 (Convergence to equilibrium). If X is irreducible and positive recurrent, then
law(X;) —— T,
t—00
in the usual sense of weak convergence on X (see Exercise 1.5), where 7t denotes the unique invariant law.

Proof. Write y; := law(X;). Recall that by Remark 2.2, the time-discretization (X,),eN is a
Markov chain with transition matrix P;. The latter is irreducible and aperiodic because all
entries are positive, and positive-recurrent because 77P; = 7r. Thus, Theorem 1.5 ensures that

dTV(Vnr 7T) ’H—oo> 0,

establishing the desired convergence along some sub-sequence. To fill the gaps, we simply note
that the function ¢ — drv (ys, 77) is non-increasing, by (2.10) and Exercise 1.5. O
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Chapter 3

Markov processes on Polish spaces

In this chapter, we considerably extend the theory developed so far by allowing our state space
X to be an arbitrary Polish space, equipped with its Borel c—field B. Let us perhaps recall at
this point that a Polish space is a separable topological space which can be metrized so as to
be complete. Simple concrete examples are discretes spaces, the Euclidean space RY for any
d > 1, and any closed or open subset thereof. We use the standard notation P(X) for the set
of probability measures on (X, B), and L®(X) for the Banach space of bounded measurable
functions f: X — R, equipped with the supremum norm || f||e := sup, .y f(x). We also write
Cp(X) C L*(X) for the subspace of bounded continuous functions, and Cy(X) C Cy(X) for
those that vanish at infinity, meaning that {x € X: [f(x)| > ¢} is compact for each ¢ > 0.

3.1 Discrete-time Markov processes

Transition matrices played a central role in the theory of Markov chains on discrete spaces, and
our first task consists in defining an appropriate generalization thereof.

Definition 3.1 (Transition kernel). A transition kernel is a function T: X x B — [0, 1] such that
1. Foreach x € X, the function B — T(x, B) is a probability measure on (X, B).
2. For each B € B, the function x — T(x, B) is Borel-measurable.

A transition kernel T can be viewed as a linear operator acting on L*(X) as follows:

Vx € X, Tf(x) := /Xf(y)T(x, dy). (3.1)

Note that the transition kernel can then be recovered from this operator via T(x, B) = (T1g)(x)
for all (x, B) € X x B. Dually, the transition kernel T acts on P(X) as follows:

VBeB,  uT(B) := /XT(x,B)y(dx).

Again, the transition kernel can then be recovered via T(x, B) = 6,T(B), for all (x,B) € X x B.
Finally, two transition kernels T; and T, can be composed in the following way:

VxeX, VBeB, (TiT)(x,B) = /XTz(y,B)Tl(x, dy).

We invite the reader to check that those definitions make sense, that T'f is a bounded measurable
function, uT a probability measure, and T; T a transition kernel, and that (T1 1) f = T1(T>f).
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3.1. Discrete-time Markov processes

Remark 3.1 (Conditional laws). One can think of transition kernels as conditional laws. More precisely,
if (X,Y) is a X?—valued random variable, then there exists a transition kernel T such that

VBeB, P[YeB|X] = T(X,B), (3.2)

almost-surely. We call T (a version of) the conditional law of Y given X, and writelaw (Y | X) = T(X, -).
Conwversely, given € P(X) and a transition kernel T on X, the formula

V(A,B) € B2,  v(AxB) = /XIA(dx)T(x,B)y(dx),

specifies a unique probability measure v on the product space (X2, B ® B). Moreover, for any f €
L®(X?), the function x — [y f(x,y)T(x, dy) is measurable, and we have

Lfa = (] ,T,d)d,

[ = [ ([ s dn) nan

justifying the notation v(dx dy) = T(x,dy)u(dx). Note that if (X,Y) ~ v, then (3.2) holds.
Example 3.1 (Idle kernel). The idle kernel is the following particular transition kernel:

1 ifxeB

Vx € X,VB € B, T(x,B) = 6&(B) = {0 else

Clearly, we have Tf = f forall f € L*(X), justifying the notation T = Id.

Definition 3.2 (Discrete-time Markov process). A discrete-time Markov process with transition
kernel T is a X—uvalued stochastic process X = (X,,)nen such that

E[f(Xns1) | Xo, .-, Xn] = Tf(Xn), (3.3)
almost-surely, for every n € IN and every f € L®(X).

Note that by successive conditioning, the identity (3.3) allows one to reduce the computation
of expectations of the form E [fo(Xo) - - - fu(Xy)] withn € N and fy, ..., f» € L®(X), to the base
case where n = 0. Specifically, writing u = law(Xp), we have

Elfo(Xo)] = [ fo(xo)u(dxo)
EUCAMD] = [ filn) | AT dx)| )
E [fo(Xo) A(X1)2(X2)] = /fo(xo) [/f1(x1) {/fz(xz)T(xl, dxz)] T(xo, dxl)] p(dxo),

and so on. Using the short-hand F(xo, ..., x,) = fo(xo) - - - fu(x,) and dropping the brackets for
better visibility, we arrive at the general expression:

E[F(Xo,...,X,)] = /---/P(xo,...,xn)T(xn_l,dxn).--T(xo,dxl)y(dxo). (3.4)

By the monotone class lemma, this formula automatically extends to any bounded measurable
function F: X"*! — R, and it determines the law of (X, ..., X,). Thus, the law of the process
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3.1. Discrete-time Markov processes

X = (Xn)nen, viewed as a single random variable taking values in the product space (XN, B#N),
is completely determined by the transition kernel T and the initial law p. We will write

X ~ DTMP(y,T).

Conversely, we can always produce a discrete-time Markov process X with a given transition
kernel T and initial law p € P(X) using the following canonical construction. First, the formula

VB € B, v, (B) = /~~-/1B(x0,...,xn)T(xn_l,dxn) -+ T(x0, dx1) p(dxo),

defines a probability measure v, on X" for each n € IN, and those measures are consistent:
VneN, VBeB® ", 1, 1(BxX) = v,(B). (3.5)

By Kolmogorov’s extension theorem, there is a (unique) probability measure vs, on (XN, BEN),
whose image under the projection x — (xo, ..., X) is vy, for each n € IN. This means that, on
the probability space (Q, F,P) := (XN, B¥N 1), the identity map X is a X—valued stochastic
process satisfying (3.4). In particular, we have law(Xy) = y, and

E[F(Xo,...,Xn)f(Xu+1)] = E[F(Xo,..., Xn)Tf(X4)],
for every n € N, every F € L®(X"*1) and every f € L®(X), establishing (3.3).
Remark 3.2 (Filtration). When the probability space (Q), F,P) is equipped with a filtration (Fy)n>0,
we may strengthen the above definition by requiring that X be adapted, and that

E U(XVH'l) ’]:n] = Tf(Xn)r (3.6)

almost-surely, for each n € N and f € L®(X). We then naturally speak of a (F)n>0—Markov process.
By the tower property of conditional expectations, this always implies our earlier requirement (3.3), which
corresponds to the minimal choice F,, := o(Xo,..., Xy) forall n € N.

As in the case of discrete state-spaces, the property (3.6) guarantees that discrete-time Markov
processes enjoy the following fundamental memoryless property.

Theorem 3.1 (Weak Markov property). Let (X,)nen be a discrete-time (Fy,)n>0—Markov process
with transition kernel T, and fix m € IN. Then,

law ((Xi+n)nen | Fm) = DIMP(dx,,T).

Proof. Let us introduce the convenient notation E,[-] for the expectation w.r.t. the probability
measure DTMP (6, T) on the canonical space (XN, B*N), and Z for the identity map thereon.
With that in hands, the desired identity rewrites as follows: for each F € L* (XN ), almost-surely,

E [F(Xm,xm+1,...) ‘fm} = Ex, [F(ZoZ1,...)].

By the monotone class lemma, it is enough to consider functions of the form F(xp, x1,...) =
fo(xo) - -+ fu(xn), withn € N and fy, ..., fu € L®(X). We naturally proceed by induction over
n. The base case n = 0 is trivial, and if the desired property holds for some n € IN, then for any
fi, -, fur1 € L=(X), we can write

E [fo(Xn) -~ fostXonnsn) | Fu] = B [fo(Xin) - Fu Kot} (T fren) (Xomsn)
Ex,, [fo(Zo) - - fu(Zn)(T fus1)(Zn)]
= Ex, [fo(Zo)  fus1(Zns1)],

where we have successively used the property (3.6), the induction hypthesis, and finally the fact
that Z is a discrete-time Markov process with transition matrix T. O

7l
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3.2. Classical examples

Theorem 3.2 (Strong Markov property). Let (X,)nen be a discrete-time (F,)>0—Markov process
with transition kernel T, and let T be a (Fy)n>0—stopping time. Then, on the event {T < co}, we have

law ((Xy4+17)nen | Fr) = DIMP(dx,,T).

Proof. For any F € L®(X) and A € Fr, we can use the above result (and notation) to write

e

E [1a1(ree) F(Xr, Xei1,...)] = E [Lanfrmn) F (X Xont1,- )]

3
<H3

I
agk

E [1Aﬂ{rzm}EXm [P(Zo, Zq,.. )]]

3
g

= E [1A1{7<oo}EXT[F<ZOIer---)H .

Since is true for all A € F;, we have shown that almost-surely,

E [1(rca) F(Xe, Xes1,-- ) | Fr] = 1pew)Ex [F(Zo, Z1,...)],

and the indicator on the left-hand side can be pulled out of the expectation because it is
JFr—measurable. Since this holds for any F € L (XN), the result is proved. ]

Lemma 3.1 (Marginal evolution). If X is a discrete-time Markov process with transition kernel T, then
for every n € N, the marginal law p,, := law(Xy) is given by p, = poT".

Proof. For each n € IN and each B € B3, we have by definition

pu1(B) = E[15(Xpi1)] = E[(T15)(Xn)] = /XT(xfB)ﬂn(dx) = (uaT)(B),
and the result now readily follows by induction. O

Together, the Markov property and this lemma imply that if (Xo, X3,...) ~ DIMP(y, T),
then (X3, Xa,...) ~ DTMP(uT,T). It follows that the distribution DTMP(y, T) is preserved
under time-shifts if and only if the initial law yu is invariant, in the sense that T = p. The
question of existence, uniqueness and global attractiveness of invariant laws is of course of
fundamental importance, but an exhaustive treatment would take us too far.

3.2 Classical examples

As in the case of discrete spaces, stochastic recursions form a natural and important source
of examples of discrete-time Markov processes. It is actually generic, in the sense that any
transition kernel on (X, B) has a representation of the form (3.7), with {; being even just a
uniform random variable on [0, 1].

Example 3.2 (Stochastic recursions). Consider a sequence & = ({,)n>1 of i.i.d. random variables
taking values in an arbitrary measurable space (E, £), and a measurable function F: X x E — X. Let
also Xo be a X—valued random variable, independent of . Define X1, Xy, . . . inductively as follows:

VneEN, Xy = F(Xu Ensr).

Then, it is immediate to check that (X, ),eN is a discrete-time Markov process with respect to the filtration
(Fn)nen defined by F, := 0(Xo, &1, -+, &n), and that its transition kernel is as follows:

VxeX, VBeB, T(x,B) = P(F(x,&)€B). (3.7)
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A simple instance of a stochastic recursion is a random walk on a topological group.

Example 3.3 (Random walks on groups). Suppose that X is equipped with a group structure, and let
(&n)n>1 e i.id. elements drawn according to some distribution v € P(X). Define

Vn € N/ Xi’l = él’l T g]/

in the sense of multiplication in the group, and with the usual convention that an empty product is
the identity element. Then, it follows from the previous example that the process X := (Xy)neN i5 a
discrete-time Markov process with respect to the filtration F,, = (1, ..., Cy), with transition kernel

T(x, B) := v(Bx!).

Such a process is called a random walk on the group X, generated by the measure v. Some natural and
widely-studied examples are sums of i.i.d. random variables in R%, product of i.i.d. d x d complex random
matrices, or compositions of i.i.d. rotations of the d—dimensional unit sphere.

Example 3.4 (Gibbs sampler). A very common strategy to produce approximate samples from a given
d—dimensional continuous probability density f: RY — R consists in running the following discrete-
time Markov process on X = {x € R%: f(x) > 0}: start from an arbitrary initial condition and, at each
step, modify the current state x = (xo, ..., X,) by choosing a coordinate i € {1,...,d} uniformly at
random and replacing the corresponding value x; by a fresh sample from the conditional density

f. (Z) . f(xlr'~~/xi—1/Z,xi+1,...,xn)
" fjooof(xl""Ixi—lru/xi+1,---,xn)du

This is known as the Gibbs sampler with target f. For concreteness, we invite the reader to explicitate it
in the important cases where f is the Gaussian density with mean 0 and covariance matrix ¥ = 0.

Exercise 3.1 (Averaging process). Fix a finite undirected graph G = (V, E), and equip each vertex
i € V with a real value x;. Now, consider the following simple stochastic dynamics: at each step, an edge
{i,j} € E is chosen uniformly at random, and the values x;, x; at its end-points are both replaced with
their average (x; + x;) /2. Describe this as a Markov process, and find its invariant laws.

3.3 Continuous-time Markov processes

We now turn to continuous-time Markov processes taking values in our Polish space (X, B).
The central ingredient needed to describe its evolution is a transition semi-group.

Definition 3.3 (Transition semi-group). A transition semi-group (also known as a Markov semi-group)
on X is a family of transition kernels (P;)>o on X satisfying

Vx € X, p() = Id, and VS,t S ]R+, Pspt = Pt+s- (38)

As in the case of discrete spaces, the number P;(x, B) will represent the probability that our
process evolves from x to B within a given time-interval of duration .

Definition 3.4 (Continuous-time Markov process). A continuous-time Markov process with transi-
tion semi-group (Py)s>o is a X—wvalued stochastic process X = (X;)>o such that

E [f(Xirs) | Kiducpg| = PA(Xs), (39)

almost-surely, for every s, t > 0 and every f € L®(X).
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3.3. Continuous-time Markov processes

Remark 3.3 (Refinement). When the probability space (Q), F,P) is equipped with a filtration (Fi)¢>o0,
we may strengthen the above definition by requiring that X be adapted to (F)i>o and that

E[f(Xets) | Fs] = Pif(Xs), (3.10)

almost-surely, for every s, t > 0 and every f € L*(X). We then naturally speak of a (F;);>0—Markov
process. This definition implies the previous one, which is the minimal choice F; = o (X, : u € [0,t]).

Remark 3.4 (Consistency). By the tower property of conditional expectation, we have
Pivsf(Xo) = E[f(Xers) [ Fo] = E[E[f(Xes)|F5] | Fo] = E[Pf(Xs) [ Fo] = PsPif(Xo),

almost-surely, for every s,t > 0 and every f € L*(X). In addition,

(Pof)(Xo) = E[f(Xo)[Fo] = f(Xo),
almost-surely, in agreement with the semi-group structure required by Definition 3.3.

Remark 3.5 (Finite-dimensional marginals). By successive conditioning, (3.9) provides access to the
finite-dimensional marginals of X. Specifically, writing y := law(Xy), we have by induction

E[F(Xy,...,X:,)] = / . -/F(Jq,...,xn)Ptn_t”fl(xn,l, dxy) - - Py —t,(x0, dx1)p(dxo),

foranyn € N,any 0 = tg < t; < ... < t,, and any function of the form F(xi,...,x,) =
fi(x1) - fu(xn) with f1,..., fu € L®(X). By the monotone class lemma, this extends to all F €
L*(X"), showing that the law of X is determined by its initial law and transition semi-group. We write

X ~ CTMP(]/[,(Pt)tZ(])

Remark 3.6 (Canonical construction). Given an initial law u € P(X) and a transition semi-group
(Pt)s=0, there always exists a continuous-time Markov process with those parameters. Indeed, the formula

V{h,...,tn}(B) = / e /1B(x11 e le’l)Ptn—tnfl (xﬂ—ll dxﬂ) T Ptl—to (xO/ dxl),u(dxo);

defines a probability measure on Xt} for eachn € Nand 0 = ty < ... < t,, and the semi-
group properties ensure that those measures are consistent, in the sense that vy is the image of vy under
the canonical projection X/ — XI, for any finite I C ] C [0,00). Thus, Kolmogorov’s extension
theorem quarantees the existence of a (unique) probability measure v on X0 with finite-dimensional
marginals (Vy)cjoeo)- By construction, the identity map X on the canonical space (Q, F,PP) :=

<X[O'°°), Bele), 1/) is then a Markov process with initial law y and transition semi-group (P;)s>o.

While very general, our definition of continuous-time Markov processes does not allow to
say anything really interesting about their trajectorial properties, due to the intrinsically limited
expressive power of the product topology. A simple and natural way to overcome this is to
restrict attention to continuous-time Markov processes with cadlag trajectories. The following
difficult result provides a simple sufficient condition for such processes to exist. Our Polish
space X is called locally compact if every point lies in an open set whose closure is compact.
This is clearly the case for discrete spaces, the Euclidean space R?, or any open subset of it.

Theorem 3.3 (Existence of cadlag Markov processes). Assume that our Polish space X is locally
compact, and that the transition semi-group (P;)>o has the Feller property:
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3.4. Convolution semi-groups and Levy processes

1. PCy(X) C Co(X), for every t > 0.
2. P.f — f pointwise as t — 0, for every f € Co(X).

Then for each p € P(X), there exists a continuous-time Markov process with initial law y, transition
semi-group (Py)s>o, and cadlag trajectories.

A cadlag Markov process whose transition semi-group has the Feller property is called a
Feller process. Here is a celebrated example.

Exercise 3.2 (Brownian motion). Take X = IR, set Py := Id and for t > 0,

ly—

x\z
2 dy.

1
vxeX, VBeB, P(xB) = 7/(3—
2t JB

1. Prove that (Py)s> is a transition semi-group, and that it has the Feller property.

2. Prove that any cadlag realization of CTMP (o, (Pt)¢>0) is a Brownian motion.

3.4 Convolution semi-groups and Levy processes

In this section, (X, B) is the d—dimensional Euclidean space IR, equipped with its Borel o—field.
Any probability measure u € P(X) gives rise to a transition kernel on X by convolution:

V(x,B) €Xx B,  T,(x,B) = u(B—x) = /X1B(x+y)y(dy).

In particular, Ty, is the idle kernel. Also, by linearity and monotone convergence, we have

weX,  VEL®X), (TAE) = [ fletyndy).

Now, recall that the convolution p * v of two probability measures y, v € P(X) is the image of
the product measure y ® v under addition (x,y) — x +y. Thus, forall x € X, f € L*(X),

(Tenf)(®) = [ fG+p)(pxv)(dy)
= [ fxty+Dndyvd)
= /XTVf(Hy)zft(dy)
= (LTvf)(x),
showing that Ty, = T, T,. In particular, if (j;)¢>0 are probability measures on X satisfying
Ho = o, and Vs, t € Ry, Utts = MHix Us, (3.11)

then, the transition kernels (P;);>o defined by P, := T, form a transition semi-group, called
a convolution semi-group. Note that the underlying family (y¢);>¢ can then be recovered via
ut = P(0, -). Markov processes driven by convolution semi-groups are particularly nice:

Theorem 3.4 (Processes with stationary and independent increments). Let X be a continuous-time,
(Ft)i>0—adapted stochastic process taking values in X = R?. Then, the following are equivalent:

(i) Foreacht,s > 0, the increment X;s — X, is independent of Fs and distributed as X;.
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3.4. Convolution semi-groups and Levy processes

(i) Xisa (Fi)i>0 — CTMP with parameters (o, (Pt)i>0), for some convolution semi-group (Py)s>o.

Proof. Suppose that (i) holds, and set y; := law(X;). Note that y19 = dy, by (i) with t = s. Also,
the decomposition X;4s = (Xi4s — Xs) + X and the property (i) implies p4s = ps * pts. Thus,
(M¢)e>0 satisfies (3.11), and we write (P;);>o for the associated convolution semi-group. Now, for
any t,s > 0 and f € L*(X), we can invoke the freezing lemma to obtain

E[f(Xis) [ Fs] = E[f(Xs + (Xees = X)) [ F5] = F(X5),
where the function F: X — R is defines as follows: for any x € X,
F(x) = E[f(x+ (Xis — X0))]
= E[f(x+Xi)]
= /Xf(xw)ut(dy)
= Pf(x).

Thus, X is a (F})i>0 — CTMP with parameters (&, (P;)i>0) and (ii) is established. Conversely, as-
sume that X is a (F});>0 — CTMP with parameters (o, (Pt)>0), where (P;);>0 is the convolution
semi-group induced by some family (y;);>0 satisfying (3.11). Then, for any t,s > 0, we have

law (Xt+s ‘ fs) = Pt(Xs/ ) = 5Xs * Ut,
because T, (x,-) = 0y » pu for any x € X and p € P(X), by definition. Thus,
law (Xt+s_Xs|Fs) = (S—Xs*(SXS*]/lt = MU

which shows that X;,s — X; is independent of F;, and with law p;. Choosing s = 0 and recalling
that Xy = 0, we obtain y; = law(X;) and (i) follows. O

Processes of this form are called processes with stationary and independent increments. The
above result does not say anything about the existence of cadlag versions of such processes. The
following result shows that the trivial necessary condition y; — Jy is in fact also sufficient.

Lemma 3.2 (Feller property for convolution semi-groups). A convolution semi-group (P;)i>o has
the Feller property if and only if the underlying measure p; := P(0, -) satisfies the weak convergence
w ——  do. (3.12)

t—o00

Proof. By definition, we have for any f € Cy(X), any f > 0, and any x € X,

(PG = [ fletpm(dy).

Thus, the first requirement in Theorem 3.3 is always guaranteed, by dominated convergence.
Moreover, since weak convergence of probability measures on a locally finite Polish space can
be tested against Cy(X), the condition (3.12) is equivalent to the second requirement in Theorem
3.3, and the latter is trivially necessary for the existence of a cadlag representation. O

Definition 3.5 (Levy processes). A continuous-time Markov process with cadlag trajectories and
independent, stationary increments is called a Levy process.

Famous examples include linear processes (y; = ¢;), Poisson processes (y; = Poisson(t)),
Brownian motion (u; = N(0,t)), Gamma processes (yu; = I'(t,1)), and Cauchy processes
(ur = Cauchy(t)). Of course, one could re-scale time by any positive constant, and combine
those examples to obtain many others, since any finite linear combination of independent Levy
processes is a Levy process (exercise !).
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3.5 Strong Markov property

Throughout this section, we let X = (X;);>0 denote a continuous-time (F;);>o—Markov process
with a given transition semi-group (P;);>o on a filtered probability space (Q, F, (F¢)i>0,P). As
in the discrete case, we seek to establish the weak Markov property

law [(Xiys)i=0 | Fs] = CTMP (dx,, (Pr)i>0),

for any fixed time s > 0. A convenient way to formalize this is to introduce the identity map Z on
the canonical space (X[O"X’), B®[0'°°)) , which we can equip with the law P, := CTMC(Jy, (P¥)¢>0)
for any initial state x € X. The above statement then takes the following more concrete form.

Theorem 3.5 (Weak Markov property). For every s > 0and F € L®(X[%%)), we have almost-surely
E[F ((Xets)i=0) | Fs] = Ex,[F(Z)]. (3.13)
Proof. By the monotone class lemma, it is enough to consider functions F of the form

F((xt)e=0) = filxy) - fu(xe,),

withn e N,0<t <...<t,and fi,..., fn € L®(X). We naturally proceed by induction over
n. The case n = 0 is trivial, since F is then identically 1. Now, assume that the claim holds for
some n € N. Then, forany 0 < t; < ... < t,yjand fi,..., fur1 € L®(X), we can write

E[i(Xstt) - fur1 (Xsttyn) [ Fs] = ElfiXsrt)  fur(Xoit, ) E [frrr (Xstt,py) [ Fovt] | Fs]
= E [fl (X5+t1) e 'fn(XS+tn)an+rtnfn+l (XS+tn) ’]'—S]
= Ex, [A(Zy) - fu(Ze,)Pryy—t, fu1(Z,)]
= Ex, [fi(Zn) - fur1(Ze,0)],

where we have successively used the tower property of conditional expectations, the fact that X
is a (Ft)i=0—Markov process with transition semi-group (P;);>0, the induction hypothesis, and
the fact that under Py, we have Z ~ CTMP 4y, (P});>0), for any x € X. O

Unlike in the discrete case, the strong Markov property requires additional assumptions.

Exercise 3.3 (A pathology). Let us modify the Brownian semi-group on X = R as follows:

VreX,Vt>0, Px,) = { ?O/(x't) Ziiig

1. Check that this defines a transition semi-group. Does it have the Feller property?

2. Fix x # 0 and a Brownian motion B. Show that X := x + B has law CTMP (Jy, (Pt)t>0)-

3. Set T = inf{t > 0: Xy = 0}. Prove that T is a stopping time w.r.t. FX, and that it is a.-s. finite.

4. Do we have E[f (X¢41)|Fr| = Pif (X¢), forallt > 0and f € L*(X) ?
The latter are easily seen to be satisfied, in particular, when X is a Feller process.
Theorem 3.6 (Strong Markov property). Assume that X has right-continuous trajectories and that
Vi>0, PCp(X) C Cp(X). (3.14)
Then, X satisfies the strong Markov property: for any stopping time T and any function F € L®(X[0)),
E [F((Xt+t)=0) | Fx] = Ex, [F(Z)],

almost-surely on the event {T < oo}.
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Proof. Using successive conditioning and the monotone class lemma as in the above argument,
the claim reduces to the following special case: for every t > 0 and f € Cy(X),

E[f (Xete) [Fo] = (Pf)(Xo), (3.15)

almost-surely on the event {T < co}. As in the case of discrete state spaces, we first assume that
T takes values in Q4 U {+o0}. For any A € Fr and f € C,(X), we can write

E [f(XT+t)1(Aﬂ{T<OO})} = Z E :f (Xs+t)1(Aﬂ{T:S})}

s€Q4

= Z E ]E [f (XS-H) 1(Aﬁ{T:s}) ’]:SH

s€Q

= Y E :1(Am{rzs})(Ptf)<Xs)]

s€Q+

= E[1angr<ep (PA(X0)],

which proves (3.15). Note that we have here crucially used the fact that AN {t = s} € F;, which
follows from the decomposition AN {t =s} = AN{t <s} NN {t <s— 1} and the fact
that 7 is a stopping time. Now, in the general case, we fix n > 1 and consider the stopping time

nt
T, = [n7] 1,
n

with [oo] := oo. Since the latter is Q4 U {400} —valued, the first part of the proof allows us to
write, for any f € C,(X) and any A € Fr C Fr,

E [1(Aﬁ{r<00})f (XTn>] = E |:1(Aﬂ{'l’<00})ptf(XTn):| .
We finally send n — oo, and obtain (3.15) by dominated convergence. Indeed, on the event

T < oo}, we have T, — T+ by construction, so that X;, — X; by right-continuity of X, implying
in turn that f(X,,) — f(X7) and P, f(X,) — P:f(Xr), by continuity of f and P;f. O

Note that when X is locally finite, we can replace Cp,(X) with Cp(X) in (3.14). The strong
Markov property is, of course, a very useful tool for the analysis of Markov processes. Here is
an emblematic example.

Exercise 3.4 (Reflection principle). Let B = (B;);>0 be a one-dimensional Brownian motion.
1. Fix a stopping time T. Prove that the process B = (B} )¢>o defined as follows is a Brownian motion:

Vit Z O, Bt = Bt1(1>t) + (ZBT - Bt‘)l'['gt-

2. Fixa > Oand set T := {inft > 0: By > a}. Show that for any t > 0,

{t<t} = {B;>a}U{B; >a}.

3. Deduce that for each t > 0, sup, clo] Bs has the same law as |By|.
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3.6 The Hille-Yosida theorem

As in the case of discrete state spaces, we would like to have a representation of the form
vi>0, P = ¢9 (3.16)

for our transition semi-group, where Q is a suitably defined infinitesimal generator. The
beautiful Hille-Yosida theorem allows one to do so, in a much broader generality. We only give
a partial description of the theory, restricted to our needs. Consider a Banach space (E, || - ||),
and a family of linear operators (P;);>o from E to E, with the following properties:

(i) Semi-group: Py = 1d, and P;1s = P,P; for every t,s > 0.
(ii) Contraction: ||Pv|| < ||v|| foreach t > 0and v € E.
(iif) Strong continuity: P,v — vast — 0, for each v € E.

The family (P;);>0 is naturally called a strongly continuous contraction semi-group on E. Note
that for each v € E, the function t — P;v is uniformly continuous on R, because

[|Pro—Psol| = ||Pins(Py—go—0)|| < [[Py—go—0] — 0.
[t—s|—0

Note also that for each t > 0, the action of P; on E is continuous:
Yu,v € E, |Pou—Po| < |u—o.

With (3.16) in mind, we define the infinitesimal generator Q: Dom(Q) — E by the formula

Qv = hm{P‘*”_”}, (3.17)

t—0 t

for any v € E such that the limit exists. The set Dom(Q) of vectors v with this property is clearly
a linear subspace of E, and the resulting map Q: Dom(Q) — E is linear.

Remark 3.7 (Banach-valued Riemann integrals). Let us recall that the Riemann integral of a continu-
ous function f: [a,b] — E is obtained by the Riemann-sum approximation

n— 00

[ far = im Lﬁlf(tz)(tﬂ—tzl)],

along any subdivision a = t§ < 7 < ... <t = b of [a, b] whose mesh maxj<g<y t} — t}_ tends to 0
as n — oo. The existence of the limit and the irrelevance of the chosen subdivision are classical, and left to
the reader. The following familiar properties will be used without notice in the sequel:

1. f— fabf(t) dt is linear from C°([a, b],X) to X.

2. T (f:f(t) dt) = fab(Tf)(t) dt for any bounded linear operator T: E — F, with F Banach.

3 f7 F(eydell < [T ()]l dts
4. [CF(t)dt = [Pty dt+ [7£(£)dt forany c € [a,b];
5 L[ f(t)dt — f(a)ase — 0;
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3.6. The Hille-Yosida theorem

6. If f is C1, then f(t) a)+ [ f(s)ds forall t € [a,b)].
Of course, one can also deﬁnef — [ f(t) dt provided [ || f()| dt < oo...

Theorem 3.7 (Hille-Yosida). Let (Pt)¢>o be a strongly continuous contraction semi-group on a Banach
space E, and let Q be its infinitesimal generator.

1. Ifv € Dom(Q), then P;v € Dom(Q) for all t > 0. Moreover, t — Pyv is in CY(R4, E), and

vt >0, dgf — QPw = PQu. (3.18)

2. Dom(Q) is dense in E, and the graph T := {(v, Qu): v € Dom(Q)} is closed in E x E.

3. Foreach A > 0, the operator AId — Q: Dom(Q) — E is invertible, and its inverse R is given by

VoeE, Ry = / e MPodt. (3.19)
0

4. The generator Q characterizes the semi-group (Pt)i>o: if (P/)¢>0 is a strongly continuous contrac-
tion semi-group on E whose generator Q' coincides with Q, then P{ = P; for all t > 0.

Proof of item 1. Fix v € Dom(Q), t > 0,s > 0. Using the properties of (P;)>0, we have
‘ PS(PtU) — Pt'U _ ‘ Pt <PSUS— (% B Q’0> H S

s
which tends to 0 as s — 0 by definition of Q. Thus, P,v € Dom(Q) and QP;v = P;Qu. This
computation shows that the function t — P;v is right-differentiable on R |, with right-derivative
t — QP;v. Similarly, for any s € (0, t], we can write

PtU — PtfsU

— PtQU

Piv—ov
‘ — PQu = Pts( : —PsQU)H
S S

p _

< |=5—-Raeo
Pv—v

< — Qo|| +[|P.Qu — Qo] —> 0,

s—0

thanks to the definition of Q and the continuity property of the semi-group. Thus, the function
t — Py is in fact differentiable on R, with derivative t — QP;v = P;Qu. Since the latter is
continuous, the first claim is established. In integral form, this reads:

t t
VE>0, Po = v+/ QP,ods = v+/ P.Quds, (3.20)

0 0
an identity which will be used several times in the sequel. O

Proof of item 2. Fix v € E and & > 0, and consider the approximation

1 €
— / Pt’() dt,
€.Jo
which tends to v as ¢ — 0 by the continuity property of (P;);>o. Now, for s € (0,¢), we have

_ &e+s e
Poe—ve _ 1(/ podr - | ptvdt)
S &S
= */ Pﬂ)dt-/ Pﬂ)dt

= g (Pt+gv — Pt’()) dt
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which tends to W as s — 0because the integrand is continuous. Thus, v, € Dom(Q), showing
that Dom(Q) is dense. Now, consider a sequence (v, w,),>1 of points in the graph I'g, and
suppose that it converges to some point (v, w) € E x E. Recalling (3.20), we have

t
vt 2 0, Ptvn = Un “l_ / Pswn dS,
0
for each n > 1. Sending n — oo, we deduce that
t
vt >0, Pov = v +/ P;wds.
0

In particular, this implies that (P,v — v)/t — w as t — 0, showing that (v, w) € T. O
Proof of item 3. Fix A > 0and v € E. We must show that u := R,v is one and the only solution to

u € Dom(Q) and (Ald—Q)u = w. (3.21)

First note that R, v is well defined, because the function t — e~ *P,v is continuous on R, and
bounded by t — e~*||v||, which is integrable. Now, for any s > 0, we have

[ee] S
PRyv = / e MPodt = eV (RAU—/ e‘“Pmdt).
0 0

Consequently,

PsRyv— R As 1 1 /s
540 A _ £ Ryv — f/ e MPodt — AR v —0,
S S Jo s—0

S

showing that u := R,v solves (3.21). Now, consider another solution #, and set w := u — u’.
By linearity, we then have w € Dom(Q) and Qw = Aw. But the second item in the theorem
guarantees that t — e~ P,w is continuously differentiable, with derivative

d —At —At —At
> N — — — .
vVt >0, : (e th) e MPQw — Ae M Pw 0

Thus, Piw = eMw for all + > 0, which contradicts the contraction property unless w = 0. ]

Proof of item 4. Let (P/);>0 be a strongly continuous contraction semi-group on E whose genera-
tor Q' coincides with Q. Then AId — Q = Ald — Q' for all A > 0, so by the previous item,

VA >0, / e Mpodt = / e MPlvdt.
0 0
Thus, the continuous bounded function f: R — X defined by f(t) = P,v — P/v satisfies
YA >0, / eME(H) dt = 0.
0

In particular, for any continuous linear form ¢: E — IR, we have

VA >0, / e Mo (f(t)) dt = <p</ e“f(t)dt) =0,
0 0
which forces ¢(f(t)) = 0 for every t > 0, by the injectivity of the Laplace transform on C°(R, R).
This is true for any continuous linear form ¢: E — IR, so the Hahn-Banach theorem guarantees

that forallt > 0, f(t) = 0,1.e. P,v = P;v’. Since v € E is arbitrary, the claim is proved. d
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3.7. Generator of a Markov process

Remark 3.8 (The bounded case). The situation is particuarly nice when Q is bounded, meaning that

Qo
ol = sup 1
veDom(@)\ {0} |17l

< oo, (3.22)

Indeed, we know that any v € E is the limit of some (v,),>0 in Dom(Q), and (3.22) implies that

(Qun)n>0 is Cauchy, hence convergent. Since T is closed, we must have v € Dom(Q), showing that
Dom(Q) = E.

Thus, Q" is well defined for all n € IN, and (3.22) ensures that for each t € R, the series

0 thn
Q. Z
e~ =
n=0 n!
is convergent in the Banach algebra of bounded linear operators from E to E. From this definition, it
easily follows that t — ' is continuously differentiable, with derivative

detQ

5 = Qe!? = £'QQ.

Vit e R,

Recalling the Kolmogorov equation (3.18), we see that for any v € E, the function t — e 'QPwv is
differentiable with derivative 0. Thus, it must be constant equal to v, i.e. Pv = e!Qu. Thus,

Vt Z 0, Pt - etQ/

which gives a perfectly rigorous meaning to (3.16).

3.7 Generator of a Markov process

In this section, we consider a Markov process X in a Polish space (X, 3), with transition semi-
group (Pt)¢>o. Recall that the latter acts on the the Banach space E = L®(X) via the formula

VxeX, Vt>0, Pf(x) := /Xf(y)Pf(x,dy),

and the semi-group and contraction properties from the previous section are clearly satisfied. If
in addition, the strong continuity property

Vf e L*(X), |P:f — flle —— 0O, (3.23)
t—=0"

holds, then we can apply the previous result to define the generator Q of our process X and give
a rigorous meaning to (3.16). The above assumption is satisfied, for example, when the state
space X is discrete and (2.19) holds, in which case ||Q|| < oo and we recover exactly the results
from Section 2.4. However, the assumption (3.23) is far too restrictive: it even fails for Brownian
motion. A simple workaround consists in restricting our ambient Banach space so as to enforce
the strongly continuity of the semi-group. Specifically, we define

E = {fe100: IBf ~ flo 0}

t—0+

The following lemma shows that (E, || - ||«) is indeed a Banach space, and that (P;);>o is a
strongly continuous contraction semi-group once restricted to E.
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3.7. Generator of a Markov process

Lemma 3.3 (Restricted semi-group). The set E is a closed linear subspace of L*(X), hence a Banach
space once equipped with the induced norm || - ||. Moreover, .E C E for each t > 0, and the restriction
of (P¢)¢>0 to E is a strongly continuous contraction semi-group on E.

Proof. Let (fy)n>1 be elements of E that converge in L to some f. Then, forn € N, t > 0,
IPLf = flleo IPef = Pifulloo + 1 Pefu = fulloo + [lfn = flleo
2[1fn = flleo + 1 Pefr = fulleo,

because P is a contraction. Sending first ¢t — 04, and then n — oo, we deduce that f € E,
showing that E is closed. The fact that it is a linear space is clear. Now, for f € Eand t,s > 0,
the semi-group property and the fact that (P);>¢ are contractions on L* allow us to write

<
<

IPif = Psfllw < ||Pistf —fllo —0,

[t—s|—0
showing that t — P; f is continuous. In particular, P;f € E for each t > 0, as desired. O
C

We can then use the Hille-Yosida theorem to define the infinitesimal generator Q: Dom(Q)
E — E of our Markov process, and obtain the following result.

Corollary 3.1 (Generator of a Markov process). The generator Q enjoys the following properties:
1. Dom(Q) is dense in E, Tq is closed in E?, and the action of (P;)1>o on E is determined by Q.
2. P,Dom(Q) € Dom(Q) for each t > 0.
3. For every f € Dom(Q), the function t — P.f is C! and satisfies the Kolmogorov equations

dP.f

t>
vE=20, dt

QP:f = PQf. (3.24)

Of course, the larger the continuity set E is, the stronger this result will be. The situation
becomes particularly nice when E is rich enough to be measure-determining, meaning that

Vv e PX),  p=v <= (erE, /fdy - /fdv>. (3.25)

Here is a list of classical examples of measure-determining classes.

e Cp(X), when X is Polish;

Cc(X), when X is a locally compact Polish space;

C2(X) or the Schwartz space S(X), when X = RY;

{x + cos(0x),x — sin(6x): 6 € [-m, )}, when X = R;
e {x+— x":n € N}, when X is a compact interval of RR;
o {x—eM:A>0}, when X = [0,00).

Corollary 3.2 (Law of X). Under the condition (3.25), the generator Q determines the semi-group
(Pt)t>0. In particular, the law of X is determined by the pair (u, Q), where y := law(Xy). We write

X ~ CTIMP(y,Q).

57



3.7. Generator of a Markov process

Proof. Suppose that (P} );>0 is another transition semi-group whose infinitesimal generator Q’
coincides with Q. This implies Dom(Q’) = Dom(Q) hence E’ = E, by taking the closure in
L*(X). Now fix t > 0 and x € X, and use the last item in the previous corollary to write

YfeE  [fWRGxdy) = Pf(x) = Pifx) = [ f)PI(x dy).
In view of the measure-determining assumption (3.25), this forces
VB € B, Pi(x,B) = P/(x,B),

showing that (P/);>0 = (P})t>0. The second claim readily follows from this and Remark 3.5. [
Here is another nice consequence of the measure-determining assumption (3.25).
Corollary 3.3 (Stationarity). Assume (3.25) and fix y € P(X). Then, the following are equivalent:

1. The law CTMC(u, Q) is stationary (i.e. invariant under deterministic time shifts);

2. uPy = pforallt > 0;

3. uQ =0, in the sense that [, (Qf)du = 0 forall f € Dom(Q).

Proof. Fix t > 0. By the weak Markov property, we have (X;1s)s>0 ~ CTMP(p, Q), where
it :=law(X;) denotes the marginal law at time t. Moreover, for any B € B we have

P(X; € B) = EI[E[13(X:)|Xo]] = E[P(Xo,B)] = /Xllo(dX)Pt(x,B) = (poP)(B),

showing that y; = poP;. Thus, we have

CTMC(u, Q) is stationary <= t+— CTMP(uP;, Q) is constant
<= t+ uP;is constant
<= t+— uP:f is constant for each f € E
<=t uPf is constant for each f € Dom(Q),

where we have used the previous corollary, (3.25), and the density of Dom(Q) in E. Now, in
view of the Kolmogorov equations (3.24), we have for each t > 0 and f € Dom(Q),

wrf—uf = [ ([ Qnsras) nian
= / </ QPsf(x)du dx)) ds

= [ worp ds

Since the integrand is continuous, we deduce that t — uP;f is constant if and only if uQP;f =0
for all t+ > 0. This trivially implies that uQf = 0 (take t = 0), and conversely, if yQf = 0 for all
f € Dom(Q), then uQP;f = 0 for all f € Dom(Q), because P,Dom(Q) C Dom(Q). O

Here is a last, very useful property of the infinitesimal generator of a Markov process.

Corollary 3.4 (Dynkin’s lemma). If X is a right-continuous (F;)¢>0—Markov process with generator
Q, then for any f € Dom(Q), the process Mf defined as follows is a (F;)>o-martingale.

vizo, M = f(X0) - f(X) - [ QF(X)ds
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3.7. Generator of a Markov process

Proof. Being right-continuous and adapted, X is progressively measurable. Also, Qf € E C
L*(X). Thus, the process M is well-defined, adapted and integrable. Now, for t,s > 0, we have

E[M,, - M |F] = E[f((Xu)o) | F] = Ex [F(Z)],

by the Markov property, where Z denotes the identity map on the canonical space (X[O""’) ,E® [O'°°)>
and P, := CTMP(dy, (P;)¢>0), and where we have introduced the function

R(Z) = f(2) - f(Z0)~ [ Qf(Zi)du

Finally, for any x € X, we have by construction

ER(Z)] = Pf() - f()— [ PQF(x) du
which is zero thanks to the Kolmogorov equation (3.24). O
In fact, Dynkins’ lemma admits a converse, which yields a martingale characterization of Q.
Corollary 3.5 (Martingale characterization). For each x € X, consider a right-continuous process

X* ~ CTMP(6x, (Pt)¢0). Then, a pair (f,g) € E? is in T if and only if the process M* defined by

t
V20, MP o= FOX) - F(X) - [ (X ds
0
is a martingale for each x € X.

Proof. The ‘only if” part is (a special case of) the previous corollary. Conversely, suppose that M*
is a martingale for all x € X, and fix t > 0. Then, we have E[M}| = E[Mj] = 0 forall x € X i.e.

ot
Ptf—f—/OPsgds .

Now, s — Psg is continuous because g € E, so we may divide through by t > 0 and send t — 0
to deduce that f € Dom(Q) and that Qf = g, which means that (f, g) € I'o. O

For concreteness, let us end this section with an explicit computation of the action of the
generator on a measure-determining class of test functions, in two important special cases.

Exercise 3.5 (Deterministic shift). Take X = RY, fix a direction v € R® and let Q be the generator
of the deterministic process X; = Xo + tv. Prove that Dom(Q) contains the space C1(X) of compactly
supported continuously differentiable functions, and that for any f € C(X),

Qf = (@ Vf).

Exercise 3.6 (Brownian motion). Take X = RY, and let Q be the generator of Brownian motion. Prove
that Dom(Q) contains C*(X), and that for any f € C(X),

Qf = LAf.
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3.8. Markov diffusions

3.8 Markov diffusions

This final section is devoted to the study of Markov diffusions, which form a rich and important
class of Markov processes on the Euclidean space X = RY, equipped with its borel c—field
B = B(R?). We assume that the reader is familiar with stochastic calculus and, in particular, the
theory of stochastic differential equations (SDE) with time-homogenous coefficients.
Throughout this section, we consider a filtered probability space (Q), F, (F)¢>o, P) on which
is defined a d—dimensional (F;);>0—Brownian motion B = (B;);>0. Also, we fix two Lipschitz
function b: R? — R? and ¢: RY — R?¥*4, Given an initial condition Xy € L?(Q, Fo,P), we let
X = (X})t=0 denote the unique solution, in the space M2, of the stochastic differential equation

dXt = b(Xt) dt + U'(Xt) dBt, (326)

with initial condition Xj. In integral form, this reads

t t
V>0, X = X0+/ b(Xu)du—i—/ 7(X,) dB. (3.27)
0 0

Note that the process X is continuous. Recall also that it is in fact adapted to the filtration
generated by Xy and the Brownian motion B, allowing us to write, for each t > 0,

X = ¥ (XO, (BS)SGM) ) (3.28)

for some measurable function ¥;: X x X% — X, which only depends on t,b and ¢. For any
state x € RY, any time t > 0, and any Borel set A C R?, we introduce the notation

Pi(x,A) = P(X*€A), where X' =V, (x,(BS)SG[O,t]).

Theorem 3.8 (Markov property). X is a (F;)i>0—Markov process with transition semi-group (Py)s>o.

Proof. We will naturally exploit the Markov property for Brownian motion, which we have
established earlier, and which guarantees that the process B := (B;4s — Bs)¢>0 is a Brownian
motion, independent of ;. First, the stochastic integral satisfies the change-of-variable formula

t+-s

t ~
4)14 dBu = /0 4)u+s dBu/

S

for any ¢ € Mi,c. This is clear in the elementary case where ¢;(w) = X(w)1j,(t) with
X € L2(Q, F,,P), and the general case follows by linearity and density. In particular, we have

t+s t+s
Xire = Xo+ / b(X,) du + / o(X,) dB,
— X+ /Ot b(Xoss) du + /()ta(Xu+s) dB,.
In other words, the shifted process X := (Xt4s)t=0 solves the well-posed SDE
dX; = b(X;)dt+o(X;)dB,

initialized at Xo = X, and driven by the Brownian motion B on the filtered space (Q), F, (ft)tzo, P),
with F; := Fiis. Thus, for any t > 0, we have X; = ¥(X;, (Bu)ue[o/t]), ie.

Xiys = "Ft(XS/(BM)uE[O,t])'
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Recalling that B is independent of F, we can now invoke the freezing lemma to write E[f(X; )| F:] =
F(Xs), for any f € L®(X), where F: R? — R is given by

F(x) = E[f(¥ilx (Buuewn))] = BN = Pf(x).

Thus, E[f(Xt+s)|Fs] = Pif(X;), as desired. Note that the semi-group property automatically
follows from the tower property of conditional expectation (see Remark 3.4). O

The following result shows that the strong continuity space E of the semi-group (P;)>o is
measure-determining, and provides an explicit access to the generator Q on a rich class.

Theorem 3.9 (Generator). We have Co(R?) C E, C>(RY) C Dom(Q), and

VfECARY,  Qf(x) = Vf(x) b(x) + 5T [0 (x) (Hessf(x)) r(x)]

The proof uses the following lemma, which shows that our Markov process X can not travel
too fast. We write | - | for both the Euclidean norm in R¥ and the Hilbert-Schmidt norm on R?*.

Lemma 3.4 (Speed control). There is ¢ € (0,00) such that for any x € R? and t > 0, we have
E [\Xf - x\z} < ct(14 |x2)e .
Proof. In view of (3.27), we have

X;—x

/Otb(Xi)dqu/ota(Xi)dBu
= th(x) + o(x)B; + /0 B(XY) — b(x)] du+ /O 0(X%) — o(x)] dBu.

We now take expectations, use the Cauchy-Schwarz inequality, the isometry property of Itd’s
integral, and the Lipshitz assumption on b and ¢ to obtain

t
E[|Xi—xf] < ct(1+1) (1+yx|2)+c(1+t)/0 E [|XF - x[?] du,

where ¢ depends only on the coefficient b, o. The claim now follows from Gronwall’s lemma. [J

Proof of Theorem 3.9. Fix f € Co(]Rd), 6 > 0,and r > 0, and let us introduce the quantities

m(6) == sup [f(x) = f(y)] and o(r) := sup |f(x)]. (3.29)

lx—y|<é |x|>r

Then for all x,y € X, we have

£6) ~ £ < 200+ m(0) 20 fllicanjyosos + 2 F Iy i
where we have used the fact that |y| <r < |x|/2 = |y — x| > |x|/2. Thus, for any t > 0,

IPtf = flloe = sup [E[f(XF) = f(x)]]

x€R4

< 20(r) +m(6) +2||flleo | sup P(IXF — x| > 6) + sup P(|X* — x| > |x|/2)] .

|x|<2r |x|>2r

Now, our assumption of f ensures that the first two terms can be made arbitrarily small by
choosing ¢ small enough and r large enough, and for any such choice, the last two terms tend
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to0ast — 0, by the previous lemma. Thus, f € E, establishing that E D CO(IRd). Now, fix
f € C3(R%). By It&’s formula any solution X to the SDE (3.26) satisfies

df(X) = VF(X:)-dXi+ %Hessf(Xt) dx, - dX,
= g(X¢)dt+ Vf(X¢)-o(X:)dBy,

where g¢: R? — R is defined as follows:
VreRY,  g(x) = Vf(x) b(x)+ %Tr [0 (x) (Hessf (x)) o (x)]

In integral form, this reads

Vit Z 0, f(Xt) = f(X()) + /Otg(Xu) du + /Ot Vf(Xt) . U'(Xt) dBt,

for any choice of the initial condition Xy. Since the integrand in the stochastic integral is bounded,
its integral forms a martingale. Moreover, the functions f and g are in C.(R?) hence in E. By the
martingale characterization of the generator, we deduce that f € Dom(Q) and Qf = g. O

Exercise 3.7 (Feller property). Fix two initial conditions x,y € RY. Show that
vVt >0, E[|Xf —X/|*)] < clx— y|2ect,
where ¢ € (0,00) depends only on the coefficients b, o, and deduce that (Py)s>¢ has the Feller property.

We now focus on a special case which is particularly important for MCMC applications. We
fix a probability measure 7t € P(IRY) of the form

n(dx) = e VWdy, (3.30)
for some function V € C?(IR%), which is assumed to satisfy
ald X HessV =< pId, (3.31)

for some constants 0 < & < . A popular and widely-used strategy for producing approximate
samples from 7t consists in running the Langevin dynamics with potential V. More precisely,
one starts from an arbitrary initial condition Xy € L*(Q), 5, IP) and simulates the stochastic
process X = (X;);>0 whose evolution is given by the SDE:

dX; = V2dB; — VV(X;)dt. (3.32)

Note that V'V is f—Lipschitz, by (3.31), so that (3.32) is a special case of our general SDE (3.26).
The following result shows that X; converges in distribution to 7t as t — oo, and does so at an
exponential rate, when measured in the 2—Wassertein distance:

Walv) i= inf\/E[X - YPL (3.33)

Theorem 3.10 (Exponential mixing). The Markov process X defined by (3.32) has a unique stationary
law 7T with finite second moment, given by (3.30). Moreover, the marginal law y; := law (X;) satisfies

VE>0,  Walu, ) < e “Wa(po, 7).
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Proof. Fix two measures u,v € P(R?) with finite second moment, and let (Xo, Yp) realize the
infimum in the definition of W(y, v). Now, consider a Brownian motion (B;);>0, independent of
(Xo,Yo), and let (X;)>0 and (Y:)¢>0 denote the solutions to the SDE (3.32) with initial conditions
Xp and Y. Then, their difference Z := Y — X satisfies

d|Z* = 2Z;-dZ = 2(i = X;) - (VV(Y}) — VV(X})) dt.
On the other hand, using the assumption (3.31), we have for all x,y € R,
(=) (YY) - V() = [ (=) (HessV) (x-+ly —x)) (y — )
> aly—xf.
Combining those two facts, we obtain the differential inequality d|Z;|?> < —2a|Z;|?dt, yielding
VE>0, |Zi)? < |Zo|Pe
Taking expectations, we conclude that the marginal laws pi; = law(X;), v; = law(Y;) satisfy
Wao(pe,ve) < e *Wa(u,v).

In particular, if ¢ and v are invariant, then Wy (u, v) < e W, (1, v), forcing u = v. This shows
the uniqueness part of the result, and the exponential convergence to the stationary law, if
there is one with finite second moment. Thus, it only remains to show that 7t has finite second
moment and is stationary. The first assertion is clear because 77(x) = e V() dx and by (3.31),

alx[?
2

Vx €R%,  V(x) > V(0)+VV(0) x+

As for the second, we note that by Theorem 3.9, we have Qf = Af — VV - Vf, forall f € C2(IRY).
Thus, writing (-, -) for the scalar product in L?(IR?, dx), we have for any g € C?(R%),
(Qf.8) = [ (8f=VV-Vf)gds
- /IRd(Ag+ Vg VV +gAV)fdx
= (f,Ag+Vg-VV +gAV),

thanks to the integration-by-parts formula. In particular, choosing ¢ := e~ gives

mQf = (Qf.8) = (f,Ag+Vg-VV +gAV) = 0.

Now, this was established for f € C?(R%), but it extends to functions in the Schwartz space
S(R?). Indeed, the graph of Q is closed and for each f € S(IRY), there is (f,),>1 in C2(R?) such
that f,, V f, and Hess( f,;) converge uniformly to f, V f and Hessf respectively, implying that
Qfy converges to Af — VV - V f uniformly. Finally, for each t > 0, it can be shown that S(IR¥)
is preserved under P;, so that mQP;f = 0. By (3.24), this implies that 7P f = 7t f, and hence
7P = 71, because S(IRY) is measure-determining. O

63



	Discrete-time Markov chains
	Definition and basic terminology
	Classical examples
	The strong Markov property
	Recurrence and transience
	Invariant measures
	Time reversal
	The ergodic theorem
	Convergence to equilibrium

	Continuous-time Markov chains
	Constructive definition
	Exponential random variables
	Markov property, semi-group and generator
	Kolmogorov equations
	Extension to unbounded rates
	Filtrations, stopping times and martingales
	Recurrence, transience and invariant laws
	Ergodicity and convergence to equilibrium

	Markov processes on Polish spaces
	Discrete-time Markov processes
	Classical examples
	Continuous-time Markov processes
	Convolution semi-groups and Levy processes
	Strong Markov property
	The Hille-Yosida theorem
	Generator of a Markov process
	Markov diffusions


