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Figure 1. TASEP on Z/1000Z, with the initial distribution as the Bernoulli product measure.
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Axioms of Probability

Conditional Probability

Definition 1 (Conditional Probability). The conditional probability of
A given B, defined for P(B) > 0, is,

P(ANB)

P(A|B) = =55

Definition 2 (Independence). Events A and B are independent if
P(A | B) = P(A). Equivalently, P(AN B) = P(A)P(B).

Definition 3 (Total Law of Probability). Let By, - - -, By be a sequence of
events that partition Q). Then, for any event A,

k

P(A):P(U (AﬂBl-)> :iP(AﬁBi):EP(A|Bi)P(Bi)

i€[k] i
More generally, P(A) = E[P(A | X)].
Definition 4 (Bayes’ Rule). For events A and BY,

p(a | B) = PBLAP(A) L‘(“B))P(A)

Conditional Distributions

Definition 5 (Conditional Probability Mass Function). The condi-
tional probability mass function of Y given X = x is,

P(X=xY=y)

PY=y|X=x)= PIX = )

Definition 6 (Conditional Probability Density Function). The condi-
tional probability density function of Y given X = x is,

Frxloly) = L2540

Conditional Expectation

Definition 7 (Conditional Expectation). The conditional expectation
of Y given X = x, written E[Y | X = x|(x), is a function of x,

Yyy - P(Y=y|[X=x) Qisdiscrete

E[Y | X = x](x) = {f_oooo]/'fwx(y | x)dy Q) is continous

* With the Total Law of Probability,
P(A|Bi)P(B)

P = o aT8) P ()

Summary of Conditional Probability:

¢ Total Probability
P(A) = E[P(A | X)]
¢ Total Expectation
E[Y] = E[E[Y | X]]
¢ Total Conditional Expectation
P(Y [ A) =E[P(Y | X,A) | A]
¢ Total Conditional Probability
E[Y | A]=E[E[Y | X,A] | A]

4
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Definition 8. The conditional expectation of Y given A is,

E(Y | A) = P(lA)zyP({Y —y}na)
Yy

=) yP(Y =y | A)
Yy

for the discrete case.

Definition 9 (Law of Total Expectation). If Ay, - -, Ay partitions Q) and
Y is a random variable, then the law of total expectation states that,

|
™~

[y

E[Y] E[Y | A;]P(A;)

=
More generally, E[Y] = E[E[Y | X]].
Proof. For the discrete case,

E[E[Y | X]]=) E[Y|X=x]-P(X=1x)

:;<;yp<yzyxzx)> P(X = x)
:;y;P(Y:y\X:x)-P(X:x)
:ijy;P(xzx,Y:y)
=§y'P(Y=y)

(Y)

|
s3]

Time-Homogeneous Markov Chains

Finite State, Time-Homogeneous Chains

Definition 10 (Finite State Stochastic Process). A finite state stochas-
tic process (X, )n>0 has time steps in N and values in S = [N —1].

Definition 11 (Markov Property). The Markov property claims that
for every n € N and every sequence of states (io,i1,- - - ) wherei; € S, the
behavior of a system depends only on the previous state,

P(Xn =i ‘ Xo=1io,- "+, Xn-1= Z'n—l) = P(Xn = in | Xp—1 = Z'n—l)

Definition 12 (Time Homogeneity). A Markov chain is time-homogeneous
if the probabilities in Definition 11 do not depend on n,

P(Xn:in ‘anlzinfl)zp(}g:il |XQ:ZQ) (HGN)

5
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Definition 13 (Transition Matrix). The transition matrix P for a time-
homogeneous Markov chain is the N x N matrix whose (i, j)th entry Pj; is
the one-step transition probability p(i,j) = P(X1 =j | Xo = 1).

Remark 14. The transition matrix P is stochastic, that is,
e (Non-Negative Entries) 0 < P < 1for1<i,j<N
® (Row Sum Equal to 1) Z].Iil P = 1for1<i<N

Example 1: Biased Coin Flips

Let (X, )n>0 denote a sequence of coin flips where,

051if X, = H
P(Xp+1=H | Xn) = .
049if X, =T
and,
051if X, =T
P(Xpt1 =T | Xu) = .
049if X, = H
Then,

p_ (051 049\ _ (Puu Pur
- \049 051) \Pry Prr

Transition Probabilities

Definition 15 (Probability Distribution Vector). The distribution of a
discrete random variable X is the vector @ if,

¢j=P(X=j) VieN

Definition 16 (Initial Distribution Vector). The initial probability
distribution of a Markov chain (X,,), >0 is the distribution ¢ of Xo.

Theorem 17 (Transition Probabilities). The n-step transition probability
pu(i,j) = P(X,, =i | Xo =) is the (i, ])th entry in the matrix P".

Proof. The base case is trivially true for n = 1. Assume the statement
holds for a given n. Using the properties of matrix multiplication and
the Law of Total Conditional Expectation,

P(Xps1=j | Xo=1) = ¥ P(Xy =k | Xo = i) - P(Xes1 = | X = k)
keS
=) pu(ik) - plk,j)
kes
= P'p
— Pi’lJrl

STOCHASTIC PROCESSES
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Theorem 18 (Chapman-Kolmogorov). Let x,y,z € S and m,n € (0, 00).

pm+n(xry) = P(Xm+n =Y I X = x)

=Y PXpin =V, Xm=z|Xo =)
z€S

= Z pm(x,2) - pn(z,y)

z€S

Definition 19 (Distribution of X,). The distribution of (X )n>0 is,
¢-P" ie,P(Xy,=j)=(¢-P"); VieEN

where P is the transition matrix of (X,,) and ¢ is the initial distribution.

Stationary Distributions

Definition 20 (Limiting Distribution Vector). A limiting distribution
for a time-homogeneous Markov chain (Xy,),>0 is a distribution 7t so that,

Tim pu(i, ) =
The definition of a limiting distribution is equivalent to,

* limy 0 P(Xy = j) = 71;

o lim, 00 @ - P" = 7, where § is the initial distribution

e lim, o P" = V, where V is a stochastic matrix whose rows are 7t

Definition 21 (Occupation Time). The occupation time for a time-
homogeneous Markov chain (X,,),>0 from an initial state i is,

' 1 n=1 .
Jim [n k:ZO Ix,—i| Xo= z]
which represents the long-term expected proportion of time spent visiting j.
Remark 22. The limiting distribution gives the occupation time of (Xy),
1 n=1 n—1
lim Ek;)l{xk:f} | Xo = z} = JEE‘OQ)IEHXH | Xo =]

o1 , .
=,}gg°;I§)P(Xk—JIXo—z)

1=
= lim = ) pa(iif)
k=0
— T n
= Jir, Py

= 71 by Cesaro’s Average

The probabilistic interpretation for
Chapman-Kolmogorov is that transi-
tioning from x to y in m + n steps is
equivalent to transitioning from i to k in
m steps and then moving from k to j in
the remaining 7 steps.
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Definition 23 (Stationary Distribution Vector). A limiting probability
vector 7t is a stationary probability distribution for P if,

t=7-P
Lemma 24. The limiting distribution 7t of (X,,) is stationary.
Proof. Assume that 7 is the limiting distribution. We need to show
that 7 = 7t - P. For any initial distribution @,
= — 1 _’. Tl: 1 _’. 71—1. — 1 _’. n—1 . :_‘.
7= fim g P = lim - (P P) = (fim g PP =P

O

Example 2: Random Walk on a Weighted Graph

Let G be a weighted graph with edge weight function w(i, j).
For a random walk on G, the stationary distribution 7 is pro-
portial to the sum of the edge weights incident to each vertex,

is the sum of the edge weights on all edges incident to v.

Ty =

Consider the random walk with transition matrix,

=

I
BN = N ©
BN © O oyt
O O O W
O O NI

Let w(i) = Z}Lzl w(i, ). Then,

- w(1) w(2) w(3) w(4)
= ():w(l) )

Tw2) Twd) Twd
(ﬁ 7 1 i)
20 20 0 20

satisfies 77 - P = 7t.

Example 3: Simple Random Walk on a Graph

For a simple random walk on a non-weighted graph,

w(i,j)=1 Vi,jeV(G)

and w(v) = deg(v)
If |[E(G)| is the number of edges in the graph, this gives,

o _deg(v) _ deg(v)
° L.deg(z) 2[E(G)]

Note on Stationary Distributions:
The converse of Lemma 24 is not
true. Stationary distributions are not
necessarily limiting distributions. For
example, the chain with,

1 0
r=(o 1)
has every probability vector as a sta-

tionary distribution since,

t-P=7 Vit

P= ( ? é ) Unique Stationary
10 ) .

P= ( 01 ) Multiple Stationary
01 S

P= < 1 0 ) No Limiting

p(x,x+1)=1 (S=N) No Stationary

Random Walk on a Weighted Graph:
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Regular Chains

Definition 25 (Regularity). A transition matrix P is regular if and only
if there exists n € IN so that every entry of P" is positive.

Theorem 26. If the matrix P" is regular, then P™ is reqular (m > n).

Proof. Linear combinations of positive numbers are positive, so the
result follows by the definition of matrix multiplication,

Pl =3 P P;>0
les

since P}, > 0 and at least one Py; is positive®. O

Theorem 27. A stochastic matrix P has an eigenvalue A* = 1. All other
eigenvalues A of P satisfy |A| < 1, with strict inequality if P is regular.

Proof. Let P be a k x k stochstic matrix. The rows of P sum to 1 by
definition, so P-1 =T and A* = 1 is a right eigenvalue of P. Suppose
that Z is the eigenvector corresponding to any other eigenvalue A

of P. Let |z;,| = max;<< |zi| be the component of Z of maximum
absolute value. Then,

k k
AL zm| = [Azi| = (P~ 2)m| = | }_ Pmizil < |zm| }_ Puni = |zm]
i=1 i=1

and consequently [A| < 1.

Assume that P is regular. Then P" > 0 for somen > 0. Pisa
stochastic matrix, and it was shown above that P has an eigenvalue
A* = 1. Moreover, all other eigenvalues A of P satisfy [A| < 1. We
want to show that the inequality is strict. If A is an eigenvalue of P,
then A" is an eigenvalue of P". Let ¥ be its corresponding eigenvalue,
with |x,| = maxj<j<x |x;|. Then,

k k
AT [t | = [(P" - D) = | ) Pixil < || Y Pry = [xm]
i=1 i=1

Since the entries of P" are positive, the last inequality only holds

if |x1| = .-+ = |xk|. Similarly, the first inequality only holds if

X1 = --+ = Xp. But the constant vector whose components are the
same is an eigenvector associated with the eigenvalue 1. Hence, if

A # 1, one of the inequalities must be strict. Thus, [A|" < 1. O

Theorem 28. Every finite state time-homogeneous Markov chain (X )n>0
has a stationary distribution 7t. Moreover, the stationary distribution(s) of
(Xn) are in bijective correspondance with the left 1-eigenvectors of P3.

2 Otherwise P" has a zero column.

The two-state Markov chain with,

1-p p >
P=
( q 1-¢q

can be expressed as,

q1-p) ~ & ° p-9)

i<

Therefore, its stationary distribution is,

= ()
p+q p+q

Example of Regularity:
The following matrix is regular,

0 1/2 1/2
P = 1 0 0
1/2 1/2 0

because P* is positive,

9/16 5/16 1/8
Pt=|( 1/4 3/8 3/8
1/2 5/16 3/16

3 We require that the eigenvectors are
non-negative with components that
sum to 1.
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Proof. If P is a stochastic matrix, then P has a right eigenvalue A* =1
(see Theorem 27). Since det(PT) = det(P), the left and right eigen-
values of P are equal. Hence, P has at least one left eigenvector 77 for

the eigenvalue 1. Normalizing this eigenvector to sum to 1 gives?, 4 The vector with |7t|; = || is still an
eigenvector with eigenvalue 1.

P-i=1-7 ie,P-i=1

The proof that the stationary distribution(s) of (Xj,) are in bijective
correspondance with the left 1-eigenvectors of P is similar. O

Corollary 29. If (X,,) has a unique stationary distribution, then the distri-
bution is a left eigenvector of P corresponding to A* = 1.

Theorem 30 (Perron-Frobenius). Let M be a k x k positive matrix. Then,

e There exists \* € R (called the Perron-Frobenius eigenvalue) which is
an eigenvalue of M. |A| < A* for all other eigenvalues A of M.

o The eigenspace of eigenvectors associated with A* is one-dimensional

Proof. The proof of the Perron-Frobenius theorem can be found in
many linear algebra textbooks, including Horn and Johnson (1990).
O

Theorem 31 (Limit Theorem for Finite Regular Chains). If (X,),>0 is
a finite state time-homogeneous Markov chain and P is reqular, then there is
a unique, positive, stationary distribution 7= > 0 such that,

lim P" =V
n—oo
where V is a matrix with all rows equal to 7. Example of Communication Classes:

G has 3 communication classes,

Classification of States

Definition 32 (Communication). Two statesi,j € S of a Markov chain
communicate, written i < j, if there exist m,n € IN such that,

pm(i,j) >0 and p,(j,i) >0

Equivalently, two states communicate if and only if each state has a positive
probability of eventually being reached by a chain starting in the other state.

Theorem 33. The relation < is an equivalence relation on the state space.
Proof. The relation <+ is reflexive, symmetric, and transitive.
o (Reflexivity) i <+ i since po(i,i) =1>0

* (Symmetry) i <+ j = j <+ i by definition
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o (Transitivity) i <> jand j <> i = i < k since,
Pmy+my (i, k) = P(Xmy+my =k | Xo = i)
> P(Ximymy =k, Xy = j | Xo = 1)
=P(Xm, =] | XO:i)'P(Xm1+m2 =k | Xy =7)
= Py (1, 1) Py (7 K)
>0

O

Definition 34 (Irreducibility). The relation < partitions the state space
into disjoint sets called communication classes. If there is only one com-
munication class, then the chain is called irreducible.

Definition 35 (Hitting Time). Let (X,),>0 be a Markov chain with state
space S. The hitting time ("first passage time”) of A C S when Xg = x is,

T4 =inf{n >0| X, € A}
Definition 36 (First Return Time). Let (X ),>0 be a Markov chain with
state space S. The first return time is a variant of hitting time,
o =inf{n >1|X, =i} assuming Xo=x

Definition 37 (Expected Number of Visits). Let (X;),>0 be a Markov
chain with state space S. The expected number of visits toi € S is,

Y puli,i) assuming X =i
n=0

Proof. Let N; be the random variable giving the total number of visits
toi € S, including the initial visit. We can write,

Ni = Z ]]'{Xn:i}
n=0

where the expectation of N; when Xy =i is,

(o] [e9)

E[N;] = ]E[ i}ﬂ{xni}} =Y P(Xp=1i)= ) pulii)

n=0 n=0
O]

Theorem 38 (Limit Theorem for Finite Irreducible Chains). If (X;),>0
is a finite state time-homogeneous Markov chain and P is irreducible, then,

‘u]-:]E[T]* | Xo=j] <oco foralli€§
and there exists a unigue, positive, stationary distribution 7@ > 0 such that,

1
i = ———0, forallj €8S
P ) S
Furthermore,
n—1

1 om .
nj_’}g{}o;,;opij forallje S

11
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First Step Analysis

Definition 39 (First-Step Analysis). First-step analysis is the pro-
cess of conditioning on the first step of the chain and using the law of total
expectation to find the expected return time, ]E[T]+ | Xo =]

Remark go. If (Xy)n>0 is irreducible, then the expected return time can
also be found by taking the reciprocal of the stationary probability 7.

Example 4: First-Step Analysis

Consider the Markov chain with transition matrix,

a b c

0 1 0\ a
P=(1/2 1 1/2|0b

1/3 1/3 1/3/) ¢

Define ey := IE[T]+ | Xo = x] for x € {a,b,c}. Thus, e, is the
desired expected return time, and ey, e. are the first hitting
times to a for the chain started in b and c.

e, =14¢
1 1
ey = E—I—z(l—l—@c)
1 1 1
€c = §+§(1+eb)+§(l+ec)

Solving these equations gives,

Recurrence and Transience

Definition 41 (Recurrent). A statei € S is recurrent if a Markov chain
starting at i will return to i infinitely often, with probability 1.

Definition 42 (Transient). A statei € S is transient if a Markov chain
starting at i will return to i only finitely often, with probability 1.

Theorem 43. Recurrence and transience are class properties,

Ifi € Sisrecurrent and j <+ i = j is recurrent

Ifi € S is transient and j <» i = | is transient

Proof. It suffices to show that if i € S is transient and j <> i, then j is
transient. Since j <+ i, there exist s, > 0 such that ps(i,j) > 0 and

12
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pr(j,i) > 0. For all n € N, it holds that,

Pn+r+s(iri) Z Ps(l/]) : Pi’l(]/]) : pr(]’l)

by Chapman-Kolmogorov. Therefore,

< ,— i,i) expanding the expectation
n;r’n(f j) < ps(” ol Z nirgs( panding p

"
< ,—
ps(i, J) pr(j,i) g
< oo since i is transient

It follows that j is transient. Hence, if one state of a communication
class is transient, all states in that class are transient.

Conversely, if one state is recurrent, then the others must be recur-
rent. By contradiction, if the communication class contains a transient
state then by what was just proven all the states are transient. O

Theorem 44. Every state in a finite, irreducible Markov chain is recurrent.

Proof. Every pairi,j € S belongs to the same communication class,
and that class has finitely many elements. By definition, there is
positive probability of reaching j from i since i < j. If i is visited
infinitely often then we get this chance of visiting j infinitely often. If
an event has a positive probability of occuring, and we get an infinite
number of trials, then it will occur an infinite number of times. O

Theorem 45. Let (X,,),>0 be an irreducible Markov chain. Then,

. 1 1 1
=0 1-P(t" <o) P(1" =00)
Moreover,
finite <= 1iis transient
]E[Nz] = Recall:
inﬁnite <> i is recurrent Let A be a square matrix with the
property that A" — 0, as n — 0. Then,
Yo o A" = (I— A)~L. This gives the
Proof. Assume that E[N;] < oco. Let R; be the number of returns to a matrix analog of the sum of a geometric

series of real numbers.
state i. Define a sequence (Tl-(n))nzo by,

(n) inf{n>1]X;;=i} R;>n

T. =
1 .
00 otherwise

where (X;;) is the process (Xj,) started at Ti(”_l). Ni =Y Lix, =iy is
1 more than the number of returns R;, so,

13
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(n) _

and 7; ' = oo if and only if X}, visits i fewer than n times. Now,

P(Ti(") < o0) = [P(Ti(l) = c0)|" by time homogeneity (). Therefore,

E[N;] =E|1 1
[ + ng:l {Tl <00}:|
-F [;o ]l{fl‘”)<°°}]
=) E []1 op }] by Linearity of Expectation
n=0 i =%
= Y P(r" <o)
n=0
n=0
> 1
= L IPV <oo)" (x)
n=0
1
=1 PrT < ) by definition of a geometric series
1 finite <= 1 is transient
Thus, IE[NZ] = 1-P(1F <o) = |
—P(7" <) infinite <= iis recurrent

Example 5: Simple Symmetric Random Walk on Z

The simple symmetric random walk on Z is recurrent,

"G
O
O
=

/_\

) 22n

by Stirling’s Formula

| V

ﬂ\

- L
E
L

I
3

Definition 46 (Canonical Decomposition). The canonical decomposi-
tion of the state space S of a finite Markov chain is a separation of S,

S=TURU---URy,

Stirling’s Formula states that as n — oo,

v ()
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where Ry, - - -, Ry, are the communication classes of recurrent states and T
is the set of all transient states. P has the block matrix form,

T Ry Ry -+ Ry

* * * * T

0 P o .- 0 Rq
P=|0 0

0 P
0 0 0 0 Puw/ Ry

where each square stochastic matrix P; corresponds to a closed recurrent
communication class which is irreducible with a restricted state space>.

Remark 47. The block matrix form facilitates taking matrix powers,

T R4 Ry e Ry

* * * * T

0 limy e P} 0 0 R4
nh—I>IoIo P'=|0 0 limy, 00 P 0 Ry

0 0 0 0 limyoe P/ Ry

Corollary 48. For every recurrent class R;, there is a stationary distribu-
tion 7t so that 7t; > 0 if and only if i € R;.

Corollary 49. The dimension of the eigenspace of P for the eigenvalue 1 is
the number of recurrent classes in the Markov chain.

Periodicity
Definition 50 (Period). The period of a state i, d = d(i) is,
ged(J;) where J; = {n >0 | p,(i,i) > 0}

Ifd(i) = 1, state i is called aperiodic.

Theorem 51. The states of a communication class all have the same period.

Proof. Suppose that there exist states 7, j such that i <+ jand d(i) #
d(j). Since i and j communicate, there exist r,s € N such that,

pm(i,j) >0 and pu(j,i) >0
Then m + n is a possible return time for 7,

Pm+n(i i) = Z pm(i k) - pu(k, i) = pm(i,j) - pu(j,i) >0
kes

5 A communication class is closed if it
consists of all recurrent states.
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and d(i) is a divisor of m + n. Assume that p,(j,j) > 0 for some
integer 7. Then pyymin(i, i) > pm(i,j) - pr(j,j) - pn(j,i) > 0and

d(i) is a divisor of r + m + n. Since d(i) divides both m + n and

r 4+ m + n, it must also divide r. Thus, d(i) is a common divisor of
the set {r > 0 | p,(j,j) > 0}. Since d(j) is the largest such divisor,
d(i) <d(j). A symmetric argument gives that d(j) < d(i). O

Example 6: Periodicity

A random walk on the n-cycle has no limiting distribution
when 7 is even. The graph is regular, and the unique station-
ary distribution is uniform. However, the chain alternates
between even and odd states, and its position after n states
depends on the parity of the initial state.

. 7

Definition 52 (Periodic Chain). A Markov chain is periodic if it is
irreducible and all states have period greater than 1.

Definition 53 (Aperiodic Chain). A Markov chain is aperiodic if it is
irreducible and all states have period equal to 1.

Theorem 54. P is irreducible and aperiodic if and only if P is regular.

Proof. Suppose that P is irreducible and aperiodic. Consider any
states i, j. Since P is irreducible, there exists m(i, j) so that p,,; ;) (i, j) >
0. Since P is aperiodic, there exists M(i) so that for all n > M(i),
pn(i, i) > 0. Taken together, this means that for n > M(i),

Prtm(ij) (i) = (i 0) iy (i) > 0

Now, py(i,j) > 0 for all n > max{M(i) +m(i,j) | (i,j) € S x S}.
Suppose that P is regular. By definition, there existsan M > 0
such that for all n > M, P" has all entries strictly positive. This
means that p,(i,j) > 0 for all states 7, j, and consequently that P is
irreducible. If P" has strictly positive entries, so too does P"*1. Thus,
P(X, =i| Xy =1) > 0and P(X,41 = i| Xo = i) > 0. Since
ged(n,n+1) =1, P is aperiodic. O

Theorem 55 (Limit Theorem for Aperiodic Irreducible Chains). If
(Xn)n>0 is a finite state, time-homogeneous, aperiodic, irreducible Markov
chain and P is its transition matrix, then there is a unique, positive, station-
ary distribution 7© > 0 such that,

lim P" =V

n—00

where V is a matrix with all rows equal to 7t.

Note on Periodicity:

Any state 7 satisfying that P; > 0is
necessarily aperiodic. Thus, a suficient
condition for an irreducible Markov
chain to be aperiodic is that P;; > 0 for
some i, i.e., at least one diagonal entry
of the transition matrix is non-zero.
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Absorbing Chains

Definition 56 (Absorption). A statei € S is called absorbing if,
p(i,i) =1

An absorbing chain has at least one absorbing state®.

Definition 57 (Absorption Probability). Let (X, ),>0 be a Markov chain
with all states transient or absorbing. The absorption probability is the
probability that the chain is absorbed in state j from transient state i.

Definition 58 (Absorption Time). Let (X;),>0 be a Markov chain with
all states transient or absorbing. The absorption time is the expected
number of steps from transient state i to absorption in some absorbing state.

Theorem 59. Let (X,,),>0 be finite-state and irreducible with transition

matrix P. To find the expected hitting time, E[7;],

o Consider a new chain in which i is an absorbing state

o Define P by deleting the ith row and setting P;; = 1

e Define Q by deleting the ith row and i-h column of P

Assume that the chain starts in state a. The first time that P hits i is,
Zb;éi(l_p);,g ifi#a
T4 Y Pij - Ypi(I — 15)]7,;,1 ifi=a

Proof. We need to find,

E[t,] = E[inf{n > 0 | X, € A}]

= in(Ta:n)
= i P(t, > n)
n=1

For an absorbing state a,
P(t,>n)=P(X,—1#a) (n=>1)

Considering every probable path that does not go through a4,

k oo
~n—1
IE[TKI]ZZZ 2771 P;ﬂb
i=1n=1b#a
k P\ —1
=) ) m(I-P),
i=1b#1

¢ Intuitively, this is a state i that the
chain never leaves once it first visits i.

Note on Absorption Time:

The problem of computing hitting time
reduces to the problem of computing
time to absorption because a state can
be modified to be absorbing.
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Positive and Null Recurrence

Definition 60 (Positive Recurrent). A recurrent state j is positive recur-
rent if the expected return time ]E['L']+ | Xo = j] is finite7.

Theorem 61 (Limit Theorem for Irreducible, Positive Recurrent
Chains). Let (Xy)n>0 be an infinite, irreducible, and positive recurrent
Markov chain. There exists a unique, positive, stationary distribution ,
which is the limiting distribution of the chain®. That is,

T = nlgrolo P} foralli,j
Moreover,
1 )
7T Efc] forall j

Definition 62 (Null Recurrent). A recurrent state j is null recurrent if
the expected return time ]E['L']+ | Xo = j] is infinite®.

Theorem 63. Positive and null recurrence are class properties™®.

Proof. Assume that i is a positive recurrent state. Let j be another
state in the same communication class as i. Since i <+ j, there exist
s,+ > 0 such that p,(j,i) > 0 and ps(i,j) > 0. Thus,

1 n—1

PT]' = ,}gﬂoagopm(]rl)

Y

I = . .
lim — Z pr(j, i) - pm—r—s(i, i) - ps(i, )

n—o00
n m=r+s

. n—r—s .. 1 n_l .. ..
nlgf}o (n) pr(j, i) (n—r—s Z Pmrs(l/l)> Py(i, f)

m=r+s

=1l () ety > 0

i
Hence, p; < o0 and j is positive recurrent. O

Definition 64 (Ergodic). A Markov chain is called ergodic if it is irre-
ducible, aperiodic, and all states have finite expected return times'™.

Theorem 65 (Limit Theorem for Ergodic Chains). Let (Xy),>0 be an
ergodic Markov chain. There exists a unique, positive, stationary distribu-
tion 7t, which is the limiting distribution of the chain. That is,

i

7 = Nim Py

foralli,j

Moreover,

T = ]E[T]Jr] forall j

7 Positive recurrence is the infinite
analog of finite recurrent chains.

8 For infinite irreducible chains that are
null recurrent, no stationary distribu-
tion exists.

9 Null recurrent chains do not have
stationary distributions.

° In particular, all states in a recurrent
communication class are either positive
or null recurrent.

" Every finite chain is ergodic, and
the condition that all states have finite
expected return times is equivalent to
all states being positive recurrent.
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Reversibility
Definition 66 (Detailed Balance Equations).

miPij = Py foralli,j €S
More generally, we can write,

P(Xo=1ip, X1 =11, , Xy =1p) = P(Xog =in, X1 = ip_1, Xn = ip)
Theorem 67. Let (X,,),>0 be a Markov chain with transition matrix P. If
7t satisfies the detailed balance equations, then 7t is stationary* for P.

Proof. Y cs 7iPi; = Yies jPji = 7j since P is stochastic. O
Definition 68. An irreducible Markov chain (Xy,),>o with transition

matrix P and stationary distribution 7T is time reversible if it satisfies the
detailed balance equations. The time reversal of (X, ) is the chain with,
p . L
1] =
j T
as its transition matrix.
Remark 69. If a chain with transition matrix P is reversible, then P = P.

Proof. By the detailed balance equations,

S 7[]'1)1']' _ 7[]'P]‘1'

o Tt
SO P]',' = Pij- O

Example 7: Reversibility

A simple random walk on a graph is time reversible.

miPij = < dtig0) > ( ! ) for neighbors i,

2|E(G)|/ \ deg(i)
1
~ 2[E(G)]
_ ( deg(j) 1
B <2|E(G)I> <deg(j)>
= miPj;

Markov Chain Monte Carlo

Markov Chain Coupling

Definition 70 (Total Variation Distance). The total variation distance
between two distributions y and v on a state space S is defined by*3,

I = vllTv = sup [[#(A) —v(A)]]
ACS

> Checking detailed balance is often the
simplest way to verify that a particular
distribution is stationary.

'3 This definition is explicitly proba-
bilistic: the distance between y and v is
the maximum difference between the
probabilities assigned to a single event
by the two distributions.
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Example 8: Coupling Distance

Suppose, for illustration, that the total variation distance,
||7T7 — 7'L'||TV =0.17

This tells us that the probability of any event, for example, the
probability of winning any specified card game using a deck
shuffled 7 times, differs by at most 0.17 from the probability of
the same event using a perfectly shuffled deck.

Definition 71 (Coupling of Markov Chains). A coupling of Markov
chains is a process (Xn, Yn)u>0 with the property that both (X,), (Yy)
are Markov chains with transition matrix P, although the chains may have
different starting distributions.

Definition 72 (Coupling Time). The coupling time of a process (Xn, Yn)n>0

is defined to be the first time T in which X, equals Yy,
T=inf{n| X, =Yy}
Lemma 73. Consider a coupling (X, Yy )n>0 of Markov chains (Xy), (Yy).
|7To - P"* — 7t||ry < P(T > n) foralln >0

where 7 is the stationary distribution of (Yy).

Proof. Define the process (Y,) by,

v — Y, ifn<T
X, fn>T

n

(Y;r) is a Markov chain with the same probability transition matrix P
as (Xj). This is because Y;,, and X, share P and Z,, and X, share 7.
Since we also have that (Y;}) ~ 7 for all n,

- P"(A) -t =P(X, € A)—P(Y;; € A)
(Xn € A, T<n)+P(X,€AT>n)
(Y, € A,T<n)—P(Y, €A, T>n)

p
p

However, on the event {T < n}, Y, = X, sothat P(X,, € A, T <n) =
P(Y; € A, T < n). Simplifying gives that,

- P"(A)—t=P(X, € A,T>n)—P(Y, € A, T>n) <P(T>n)

O

A coupling of two probability distri-
butions y and v is a pair of random
variables (X, Y) defined on a single
probability space such that the marginal
distribution of X is y and the marginal
distribution of Y is v. That is, a cou-
pling (X,Y) satisfies,

P(X = x) = p(x) and P(Y = y) = v(y)

The coupling inequality reduces the
problem of showing that,

7% - P" — 7| =0
to that of showing,
P(T>n) =0 <= P(T<oo)=1
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Remark 74 (Doeblin Coupling Argument). Proving the Markov Conver-
gence Theorem can be done by showing that P(T < o) = 1.

Proof. The bivariate chain Z = {(Xy, Y,) | n > 0} is a Markov chain
on the state space S x S. Its transition matrix P? can be written,

z _pX . pY
P(ilriz)f(h/]'z) - P(ille) P(izfyz)

and the stationary distribution is,
Z (e
(i, j) = i (y)

P(T < oo) = 1 occurs if the Z chain hits {(j,j) |j € S} € SxS.
Since Z has a stationary distribution, it suffices to show that Z is
irreducible'. This can be done using a numbertheoretic proof. O

Metropolis-Hastings Algorithm

Definition 75 (Markov Chain Monte Carlo). Given a discrete or contin-
uous probability distribution 7, the goal of Markov Chain Monte Carlo is
to simulate a random variable X ~ 7.

Remark 76 (Strong Law of Large Numbers for Markov Chains). If
(Xn)n>0 is a finite state, time-homogeneous, aperiodic, irreducible Markov
chain and r is a bounded and real-valued function, then,

o 7O 2+ 1(X)

n—00 n

=E[r(X)] as.

where E[r(X)] = ¥;r(j) 7).

Definition 77 (Metropolis-Hastings Algorithm). Let 7T be a discrete
probability distribution. The Metropolis-Hastings Algorithm constructs
a reversible Markov chain (X, ),>0 whose stationary distribution is 7t,

1. Let T, the proposal chain, be a transition matrix® for any irreducible
Markov chain with the same state space as 7t

2. Assume that at time n, the chain is at state i
3. Choose a new state j, the proposal state, according to T;;
4. Let U~ Unif(0,1). If X, = i, define an acceptance function,

70T ioifu<a(i,j
=L gndlet Xpt1 1= U <a(i])
T L i otherwise

a(i, j)

Proof. The sequence (Xj),>1 constructed by the Metropolis-Hastings
Algorithm is a Markov chain, as each X, only depends on X,. Let

4 If an irreducible Markov chain has a
stationary distribution, then the chain is
recurrent.

15 The chain is not i.i.d, but successive
excursions between visits to the same
state are independent.

It is assumed that the user knows
how to sample from T.
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P be its transition matrix. We need to show that (X,,) is reversible
with stationary distribution is 77. Given Xy = i, then,

a(i,j) ifa(i,j) <1

PU<ali,j)) =
( (i:1)) 1 otherwise

{Il(l,]) if 71']‘le' <mT

1 otherwise

ij

and for i # j,

p.— ) Tii- a(i,j) if mT; < mTy
v T; otherwise

The diagonal entries of P are determined by the fact that the rows of
P sum to 1. There are two cases,

o If anji < 7'CZ'T1‘]‘,
o 7-[T

7T,‘Pl']' = niT,-ja(z,]) = niTij <7T]Tl]) = 7T]'Tji - anji
idij

o If 7(]‘T]‘,' < 71'1'Ti]‘,

. i Tjj .
m;Pi; = m;Tja(i, j) = ﬂjTji<l4Tl,].) = m;Tja(j,i) = 7tjPj;
i

Hence, the detailed balance equations are satisfied. O

Classical Markov Chains

Electrical Networks

We can represent Markov chains as electrical networks, which we
typically denote by undirected weighted graphs G = (V,E).

Definition 78 (Electrical Network). A network is a pair (G, c), where
G = (V,E) is a countable graph and c : E — (0, c0) is a function assigning
a positive conductance to each edge such that,

Cx::Zny<oo VxeVv

y~x
and (Xn)n>0 is a random walk with transition matrix,

ny
Py, = C,

STOCHASTIC PROCESSES

22
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Definition 79 (Resistance). The resistance Ry, of an edge e = (x,y) is,

1
Cay

Ry =

That is, it is the reciprocal of its conductance.

Definition 8o (Effective Conductance). The effective conductance
between two disjoint, non-empty finite sets of vertices A and B is defined,

=Y cPn<t)

where T, is the first hitting time and T, is the first return time'7. When
A = {a} and B = {b}, the effective conductance is,

C%}; =Y G- Pt <7l | Xo=0)
vEA

When A and B are not disjoint, we define C§'f, = oo.

Definition 81 (Effective Resistance). The effective resistance between
two disjoint, non-empty finite sets of vertices A and B is defined,

Reff —
AB eff
CA,B

Remark 82 (Series Additivity). Vertices connected in series can be re-

placed by one vertex whose resistance is the sum of the resistances.

Remark 83 (Parallel Additivity). Vertices connected in parallel can be
replaced by one vertex whose conductance is the sum of the conductances.

Remark 84. Given a network G and two disjoint, finite, non-empty sets
of vertices A and B, we can form a network G' by contracting ("shorting”)
each of the sets A and B into single vertices [A] and [B]. Then,

C%E(G) = Cfﬁ[g](G,)
Remark 85 (Rayleigh’s Monotonicity Principle). Let G = (V,E) bea
finite graph, and let A and B be disjoint, non-empty subsets of V. Then,
¢ 5(G)
is a monotone increasing function of c € (0,0)E.

Remark 86. An irreducible Markov chain (X,,) is recurrent if and only if
the conductance to infinity, limy—co Co [, is finite,

P(T() < OO) = nlgrolo CO,[H] < 00

7 Recall that we write 7; and 7~ for the
first time that the random walk visits

z and the first positive time that the
random walk visits a respectively.

Shorting two vertices adds infinite
conductance between them (or, merges
them while preserving edges). Thus,
shorting two sets of nodes can only
decrease the effective resistence of the
network between two nodes.

s _— w
7 S e

Cutting an edge can only increase the
effective resistance between the two
vertices that it is adjacent to.
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Pélya’s Theorem

Theorem 87 (Pdlya’s Theorem). The d-dimensional hybercubic lattice Z
is recurrent if d < 2 and transient if d < 3.

Corollary 88. A simple random walk on any subgraph of Z? is recurrent'S.

Pélya’s Urn

Definition 89 (Pélya Urn Model). Pélya’s Urn is the process,

®  An urn contains two balls, one black and one white

® Proceed by choosing a ball at random from those already in the urn

o Return the chosen ball to the urn and add another ball of the same color

The sequence of ordered pairs listing the numbers of black and white balls is
a Markov chain. A configuration (a,b) with a black balls and b white balls
evolves according to,

( b) (’1 1, b) with probability -5 a 5
a,b) —
(b, b+ 1) with probability u—bb

Example 9: Pélya’s Urn

We want to find the likelihood that the system reaches,
(B,W) = (m,n) starting from (B,W) = (b,w)
Consider the transition,
(1,1) — (3,3)
where one possible path is,
(1,1) — (1,2) — (1,3) — (2,3) — (3,3)

Its likelihood is,

1 ><2>< 1 ><2_ (1-2)-(1-2)
2737475 2.3-4:5
there are (%) = 6 distinct routes, each with this same probabil-

ity. In general, for a path (b,w) — (m,n),

[b(b+1)---(m—1)] - [ww+1)---(n—1)]
b+w)b+w+1)---(m+n—-1)

Rewriting this probability using factorials,

(m—1) (m—-1) (b+w-—1)!
-1 " (w—-1)! " (mtn—1)

8 Adding a finite number of edges to a
transient graph preserves transience.

Figure 1: The urn process as a trajectory
on a two-dimensional lattice, where
bullets indicate intermediate stages.
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The total number of distinct paths from (b, w) to (m,n) is,
m+n—b—w
m—>b
so the transition probability P that, starting from configuration
(b, w), the system reaches (m, n) is:

m—1 n—1 mtn—1)\ "
P =
(o) (e ) ()

In particular, for (b,w) = (1,1),

1

:m Or,ifU:m+n, P:

1
u

Branching Processes

Mean Generation Size

Definition 9o (Offspring Distribution). The offspring distribution X

gives the probability xy that an individual gives birth to k children, 1 4 I

X = (x1,x2,)
independently of other individuals.

Definition 91 (Branching Process). Let Z, be a random variable that
denotes the size of a population of living species. The Markov chain (Zy),>1
with values in Ny is a branching process if,

Zn
Zyt1 = Z Xj
j=1

where X; denotes the number of children born to the jth person in the nth
generation. (X;);>1 is an i.i.d sequence with common distribution X. Fur-
thermore, Zy is independent of (X;).

Definition 92 (Extinction Time). The extinction time Ty of a branching
process is the hitting time to zero, that is, Ty := 1.

Definition 93 (Mean Generation Size). The mean generation size yy is
the mean size of the nth generation, that is, yy == E[Z,].

Definition 94 (Mean Offspring Size). The mean offspring size y is the
mean of the offspring distribution, that is, u, := E[X].

Theorem 95. Let yu = Y ;7 o k - xi be the mean of the offspring distribution.

E[Z,] = "

Figure 2: Family tree.

Zy=1

Zy=2

Zy,=4

Z3=6
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Proof. By the Total Law of Expectation,

k=0
00 'anl
=Y E| ) Xi|Zi _k} “P(Zy_1=k)
k=0 L i=1
00 r k
:Z ZXi|Zn—1:k:|'P(Zn—1:k)
k=0 Li=1
0 r k
=Y E|), XZ} -P(Z,_1 =k) since X; and Z, 1 independent
k=0 Li=1

= Ey‘kP(Zn,l :k)
k=0
= - E[Z, ]
Iterating the recurrence for n > 0 gives that,
E[Zn] = pE[Zy 1] = pPE[Zy o] = -+ = p"E[Zo] = "
since Zg =1 O

Theorem 96. If u < 1, then P(Ty > n) < E[Zy| = u". In particular, the
branching process goes extinct with probability 1, (Ty < o0) = 1.

Proof. By Markov’s Inequality,
P(Ty > n) = P(Z, > 1) <E[Z,] = u"E[Z]
O

Definition 97 (Criticality). A branching process is subcritical if y < 1,
critical if y = 1, and supercritical if u > 1. Moreover,

0, ifu<l1
: o L
lim E[Z,] = lim p" = 1, ifp=1
o, ifu>1

Generating Functions

Definition 98 (Generating Function). Let X be a discrete random vari-
ables with values in Ng. The probability generating function of X is,

G(s) = E[sX] = isk-P(X:k) = isk-nk
k=0 k=0

=P(X=0)+sP(X=1)+*P(X=2)+ -

where 7T = (7 )k>0 is the law of X.

Note on Criticality:

For a subcritical process, mean genera-
tion size declines exponentially to zero.
For a supercritical process, it exhibits
exponential growth.
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Example 10: Generating Functions

Let X ~ Unif({0,1,2}). Then,

G(s)z%—i—s(%) EN:2 <%> = % (1—|—s—|—52)

Let X ~ Geom(p). For |s| <1,

Gszoosk 1—p)l=5 0051— k=1__  SP
(s) k:Zl p(1—p) Pk;(( p)) T=5(1=7)
Let X ~ Po(u). For u >0,
0 ,—u,k o) k
G(S):z;oe k!V .sk:e—ﬂ.kzo(f’!) — oMo — pn(s—1)

Remark 99. The series G(s) converges absolutely for |s| < 1.
Proof. Let 7t be the law of X. Then,

C@I = | s m| < & 1o me <1
k=0 k=0
so G(s) exists and is well-defined for |s| < 1. 0O

Theorem 100. Let (X,,) be an i.i.d sequence of random variables. Define
Z =Y 1 Xy. The probability generating function of Z is [Gx(s)]".

Proof. Expanding the definition,

Gz(s) = E[s”]
= E[s&i=1%n]
= T i
E Ll:[ls ]

E[s**] by independence

k=1
= Gx,(s) -~ Gx, (s)

If X,, isi.i.d., then,
Gz(s) = Gx, (s) -+ Gx, (s) = [Gx(s)]"
where X has the same distribution as X;. O

Theorem 101. Probabilities for X can be obtained from the generating
function by successive differentiation. If GU) is the jth derivative of G,

GU(s) = ik(k — 1) (k= j+1)s"TP(X = j)
k=

Properties of Generating Functions:
1. If X and Y satisfy,
Gx(s) = Gy(s) Vs

law

then X =Y.
2. If X and Y are independent, then,

Gx+y(5) = Gx(S) . Gy(S)
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Proof. Observe that,

G(0) = P(X = 0)

G'(0)= Y k" 'P(X=k)| =P(X=1)
k=1 s=0
G"(0)= Y k(k—1)s*?P(X=k)| =2P(X=2)
k=2 5=0
and so on. In general,
GO0)= Y k(k—1)---(k—j+1)ssTP(X =j)| =jP(X=])
k=j s=0
and thus "
. GY(0 .
P(X=j)= ],!(), forj=0,1,...

O

Theorem 102. The generating function of the nth generation size Z,, is the
n-fold composition of the offspring distribution generating function,

Gu(s) = E[s?"] = GoGo---oG(E[s%])

n times

Proof. The generating function of the nth generation size Z, is,
7 Zzn—l X Zp-1 X
Gu(s) =E[s*] = E [s k=1 k] = ]E[]E [szkl k| Z"—1H
where the last inequality is by the Total Law of Expectation.
Zﬂ* I Z
E | S Xk | Z,1 = Z} =E|s&=1%k | Z, ;= z} by conditioning
= E | sk X"} by independence
: Z
=E H st]
Lk=1

Z

— H]E[sxk] by independence

k=1
= [G(s)]? for all z
G(s) is the generating function of the offspring distribution,
Gs)=)_ sk 7y
k=0
so this gives that,

Zy_
E[sE % | Z, 4] = [G(s)) 7t

28
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Taking expectations,

Gu(s) = E[G(s)"1] = Gu—1(G(s))

The result follows by induction on 7. O

Corollary 103. The extinction probability of a branching process is,

P(T0<oo):klim ling) GoGo---oG(E[s%])
500 530 N —r
k times

Proof. The generating function for the nth generation size Z, is,
[ee]
Gu(s) = Y_s"P(Z, = k)
k=0

Since P(Ty < k) = P(Z, =0),

P(Z; = 0) = im E[s%] = lim G¢(s) = lim G o G o - - - o G(IE[s%0])
s—0 s—0 5%07{/—’
mes

Now, P(Tp < o) = P(Upe1{To < k}) = P(Ur21{Zx = 0}). Therefore,

P(Ty < 00) = P(|) {Z = 0})
k=1

= klim P({Z; = 0}) since {Z; =0} C {Zy, 1 =0}
—00
= lim lim GoGo---oG(E[s%])
N—

k—oc0 s—0
k times

by the continuity of measure over increasing unions. O

Theorem 104. The probability generating function G(s) of a discrete
random variable X is convex and non-decreasing on [0,1] with G(1) = 1.

Proof. We have that,
1. G(1) = 1since,

E[1%] = i P(X=k) =1
k=0

2. G(s) is strictly increasing since,

G'(s)=Y ks lm >0 (s> 0and m # 0 for all k > 1)
k=1

3. G(s) is strictly convex since,

G"(s) =Y k(k—1)s"2m >0 (s >0and 7 # 0 for all k > 2)
k=2

O

Theorem 105. G'(1) can be used to find the mean of X.

29
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Proof. G'(1) =Y 21 k- me = Y52 k- P(X = k) = E[X]. O

Theorem 106. Let G(s) be the probability generating function of a discrete
random variable X. The smallest positive root of the equation G(s) = s is
the probability of eventual extinction, that is, P(Ty < c0).

Proof. The extinction probability P(Ty < oo) of a branching process is
a root of the equation s = G(s). To see this,

P(To <k) = P(Zx = 0)
= Gx(0)
= G(Gx-1(0))
= G(P(Z-1 =0))
=G(P(Tp <k—1))

Taking the limits on both sides and using the continuity of G,
P(Ty < o) = G(P(Tp < 0))
Let x be a positive solution of s = G(s). We need to show that,
P(Ty < o0) = lim P(Z =0) < x

The proof is by induction on k. Since G(s) is increasing on (0, 1] and
x > 0,P(Zy = 0) = G1(0) = G(0) < G(x) = x. Assume that
P(Zy =0) < x fork < n. Then, P (Z, =0) = G,(0) = G(G,,_1(0)) =
G (P(Tp < k—1)) < G(x) = x. Taking limits as n — oo gives,

P(T0<OO)§X
O

Theorem 107. Let G(s) be the probability generating function of a discrete
random variable X. Exactly one of the following holds,

1. G(s) = s for infinitely many s € [0,1] and,

khm GoGo---0G(s)=s Vsel0,1]
00%/_/
- k times

2. G(s) = s for two points s1,s, € [0,1] and,

klim GoGo---0G(s)=sy Vsel0,1]andsy #1
OO_/_/
- k times

3. G(s) = s for a unique point s € [0,1] and,

klim GoGo---0G(s)=1 Vse€|[0,1]
OO%/_/
- k times

30
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Proof. If ;= &y forallk > 0, then G(s) = s foralls € [0,1] and
i = 1. This implies that G(s) has infinitely many fixed points in
the interval [0,1]. Assume that 7ty # J1%. Since G is convex, the two
curves y = G(s) and y = s can intersect at either one or two points.
The derivative of G(s) at s = 1 distinguishes these two cases.

G(s) G(s)

P(T, < o) 1 0 1

(=]

1. If y < 1, then G/(1) < 1. Since G’ is strictly increasing in s,
G'(s) < G'(1) = 1for0 < s < 1. Leth(s) = s — G(s). Then
W(s) =1—-G/(s) > 0for0 < s < 1. But h is increasing and
h(1) =0,s0 h(s) < 0and s < G(s) for 0 < s < 1. Then, y = G(s)
lies above y = sfor0 < s < 1,and s = 1 is the only point of
intersection. Thus, P(Ty < o) = 1.

2. Ify > 1,then G'(1) > 1,thenh(0) = 0— G(0) = —mp =
—P(X = 0) < 0since P(X = 0) = 0 contradicts convexity. Also,
W(1) =1-G'(1) =1—u < 0. Thus, h(s) is decreasing at s = 1.
Since (1) = 0, there exists 0 < t < 1, such that k(t) > 0. It follows
that there exists a fixed point s, = G(s,) satisfying 0 < s, < 1.

O

Example 11: Computing Extinction Probabilities

Consider a branching process with,
Zo=1 and 7= (1/3 1/3 1/3)
where 77 is the offspring distribution. The curves,
y=s and y=G(s)= %(14—5—!—52)

intersect at s = 1. Therefore, p < 1, and the extinction proba-
bility is P(Tp < o0) = 1. We can also compute u explicitly,

(0+1-5s42-5s) =1

s=1

Q=

],[:

31
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Example 12: Computing Extinction Probabilities

Consider a branching process with,
Zp=1 and 7~ Po(u)
where 7 is the offspring distribution. Recall that,
G(s) = et~
Solving s = e"(*~1) numerically by iteration,

Gi(0)  G(0)  G3(0)  Gs(0)  Gi0(0)  Gi5(0)
0.135335 0.177403 0.192975 0.199079 0.203169 0.203187

Poisson Processes
Definition 1

Definition 108 (Counting Function). A counting process (N;)i> is a
collection of random variables with values in Ng such that,

Ny >Ng Vi>s>0
and lim;_,;+ Ny = N for all s € R (right-continuity™).

There are three equivalent definitions of a Poisson process, each of
which gives special insights into the stochastic model.

Definition 109 (Poisson Process — 1a). A Poisson process with parame-
ter A > 0 is a counting process (N¢);>o satisfying,

1. N()IO
2. Nt—=Ns ~Po(A-(t—s)) forallt >s >0
3. Ny — N; is independent of Ny forall t > s >0and 0 <r <s

where Ny — Nj is the number of events that have occured in (s, ).

Example 13: Poisson Process

Jana sends Ioan 10 text messages per hour after 10am. We
want to find the probability that Ioan has exactly 18 texts by
noon and 70 texts at 5pm. This problem can be modelled by a
Poisson process with rate 10, where the desired probability is,

P(N, = 18, Ny = 70)

32

w| __—

06

04

02

00

Gls)=s

0.0 02 04 06 08 10

Figure 3: A Poisson probability generat-
ing function with various means p.

YIf0 < s < t, then Ny — N; is the
number of events in the interval (s, ¢]

Figure 4: Counting process.

The parameter A is called the rate
because E[N;| =t A,

E[N;] = E[N; — No] = A+ ¢



W2022-MATH447: STOCHASTIC PROCESSES 33

By definition,
{N, = 18,N; = 70} = {N, = 18, N; — N, = 52}

Since [0,2] and (2,7] are disjoint,

P (N, = 18,N; = 70) = P (N, = 18, N; — N, = 52)
=P (N, =18)-P(N; — N, = 52)
= P (N, =18) - P (N5 = 52)
6720 2018 6750 . 5052
() (=)
= 0.0045

Definition 110 (Poisson Process — 1b). A Poisson process with parame-
ter A > 0 is a counting process (N¢)s>o with,

No=0 and Ni— Ns~ Po(A-(t—s))
forall t > s > 0, conditionally on N, for 0 < r <s.
Lemma 111. N; — N ~ N;_%°
Proof. Ni—s —Ng ~Po(A-(t—s—0)) =Po(A-(t—5)). O
Theorem 112. Let (N;);>o be a Poisson process with parameter A. Then,
(Ntys — Ns)i>0 ~ Po(A) fors >0
and (Niys — Ns)¢>0 is a Poisson process.

Proof. We need to show that the translated process is probabilistically
equivalent to the original process. It suffices to show that,

Y; := Npys — N
is a Poisson Process (Definition 1b). Clearly, Yy = 0. Now,

Yt - Yr = Nt+s - Ns - (Nr+s - Ns)
= Nits — Nrts

so Y; — Y, ~ Po(A- (t — 1)) given (N;) for 0 < g < r. Furthermore,
(N;) contains all information in (Y;) = (Ng4s — Ns) for0 <g <r, [
Definition 2

Definition 113 (Interarrival Time). The interarrival times (Xy)x>o are
the times between consecutive jumps of a counting process.

2 Be careful when thinking about this
conditionally.
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Definition 114 (Arrival Time). The arrival times (Sy)i> are the times, Note on Arrival Time:

SK — Skfl = Xk (where SO = 0)
lim Nt 75 hm Nt

t—st
at which (N¢) >0 increases. L N e
Definition 115 (Poisson Process — 2). Let (X, ),>0 be a sequence of i.i.d o T
exponential random variables with parameter A. For t > 0, ’ Y

Figure 5: Arrival times 51,55, -+ and
N; = max{n | Xl +--- X, < t} interarrival times X7, X, - - -
with Ny = 0. Then, (N)s>0 is a Poisson process with parameter A. Note on Exponential Distribution.
n Let X; ~ Exp(A;). Then,
Spn=) X; neN

" 1; 1 P(X>t)=e M

defines a sequence (S,) of arrival times of the process, where Sy is the time
. — [P ap—At
of the kth arrival. The interrarival time between k — 1 and k is, B[] = Jo~ A= f()dt(x)
Xy =S8k —Sk.1 keN withSy=0 E[X] =1

Lemma 116. If (N;);> is a rate A - t Poisson Process, as in the interarrival G(s) = E[r¥] = [ e Mrtdt = yos
definition, then Ny ~ Po(At) for all t > 0.
Proof. Let (N¢) be a rate A - t Poisson Process. Then, P(min {Xy, -, Xy} > t) = e~ Atatin)t

P(N; = k) = P({Sk < t} N {Sk1 > t}) (k€ N)
=A

P(M = X;) = 31 where M = min, {X;}

By the Total Probability Rule, P(X>s4t|X>s) = P(X > ) fors,t >0

E| P(A [ Sk) +1ys,>p - P(A] S)]

E[1s, < - P({Sk <t} N {Sks1 >t} | Sp)]
=E[Ifs,<ry - P(Sk1 > t] Sp)]

E[ (Sks1— Sk >1t— S| Sp)]

E[ P(Xjy1 >t =S¢ | Si)]

=
—~
wn
I
IA
=
i~

Applying Property (x) of the exponential distribution,

t
E[lig <y - P(Xpr1 >t —Se | Sp)] = / e M) f(x)dx

)\k k—1 Ax
= M
/ G—1p¢
/\k . tk . —/\t
TR
where the density f(x) of Sy can be found using the PGF>'. 0O Sy is Gamma(k, A) distributed, so

)kak71

0= =
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Definition 117 (Memoryless). A random variable X is memoryless if,
P(X>s+t|X>s)=P(X>t)
Lemma 118. The exponential distribution is memoryless>2,

Proof. Let X ~ Exp(A). Then forallt >s >0,

e~ Altts)

P(X>t+S|X>S):e,T:ei/\t

Therefore, X —s ~ Exp(A) for X > s.

Lemma 119. The sum of independent exponentials is exponential.

Proof. Let X; ~ Exp(A;). Then,

P(min(Xy,...,Xn) >t) =P (X1 >t,..., Xy > 1)
=P(Xy>t)...P(X, >t)
=e Mt | oMt

_ e—(A1+...+An)t

O

Example 14: Poisson Process

Buses arrive at a bus stop according to a Poisson process with
parameter A = 6. Suppose that you arrive at 1pm. Then,

1. Probability of waiting at least 15 minutes
1 3
=Xi
2. Probability that exactly 3 buses arrive in the next hour

63

P(N; =3) = ]

3. Expected time to wait for the bus
1 .
E{ S | == =10 min
—— 6
=Xj

4. 18 buses arrive between 12:50pm and 1:00pm. The expected
time to wait for the bus does not depend on the past

IE[ Sq } zlzlomin
N 6
=X

35

2 In fact, it is the only continuous
distribution that is memoryless.

Advantages of Definition 1:

¢ Ease of construction and calculation
¢ Explicit law for interarrival times
Advantages of Definition 2:

¢ Independence of increments

* Explicit law for statistics of N;
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Definition 3

Definition 120 (Poisson Process — Definition 3). A Poisson process
with parameter A is a counting process (N¢)i>q satisfying3,

1. No=0
2. (Ny) has stationary and independent increment
3. P(N,=0)=1—Ah+o(h)
4. P(Ny=1)=Ah+o(h)
5. P(N, > 1) =o0(h)
where f(h) = o(g(h)) means that,
i _,

W g~
Applications of Poisson Processes

Thinning and Superposition

Definition 121 (Thinning Poisson Process). Let (N;)¢>( be a Poisson
process with parameter A. Assume that each arrival, independent of other

arrivals, is marked as a "Type k" (k € [n]) event with probability py (where

Y pk=1). Let Nt(k) be the number of "Type k" events in [0, t]. Then,

(Nt(k)) 0 is a Poisson process with rate Apy

(Nt(l)> t>0 and (Nt(])) t>0

Each process is called a thinned Poisson process.

are independent (0 <1 # j <n)

Definition 122 (Superposition Process Poisson). Assume that,
(Nt(l)) SR (Nt(n)>
£>0 £>0
are n independent Poisson processes with parameters Aq,- -+, Ay. Let,
N=NY+...4N™

fort > 0. Then, (N¢)¢>o ~ Po(t- (A1 + -+ -+ Ay)).

Example 15: Birthday Problem

The Birthday Problem asks: "If people enter a room one by
one, how many people are in the room the first time two peo-
ple share a birthday, ignoring year and leap days?"

3 There cannot be infinitely many
arrivals in a finite interval, and in an
infinitesimal interval there may occur at
most one event.

Note on Thinning;:

Let Z be a Poisson process with pa-
rameter A. Suppose that (X;);>o is a se-
quence of i.i.d Bernoulli trials with suc-
cess parameter p. If (X;) is independent
of (Ny), then Y = Y2, X; ~ Po(Ap).
To see this, compute the probability
generating function of Y.

Process Rate
N T rn
NP ' * 42

Ne - L ‘ I

N . s : Mtiptig

Ne=ND+ NP+ NS

Figure 6.7 The N, process is the superposition of N, N, and N
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This problem can be embedded in a superposition of a Pois-
son process. People enter a room according to a Poisson pro-
cess (N;);>1 with rate A = 1. Each person is independently
and uniformly marked with one of 365 birthdays.

N® Jan. 1 AL =1/365
N® Jan. 2 o d A® =1/365
Nf3) Jan.3 — o : : A0 =1/365
NE Dec.3l & & & & & AG®) —1/365

N, = Y,NO A=2A0 =1
i i

Let (X;)i>0 be the interarrival sequence for the process of peo-
ple entering the room. The X; are i.i.d exponential with mean
1. Let T be the first time when two people in the room share
the same birthday. If K people are in the room at that time,

(X;) is independent of K. Taking the expectation,

E[T] = E[K] - E[X;] = E[K]
——
=
Let Z; be the time when the second person marked with birth-
day k enters the room. Then, the first time that two people in
the room have the same birthday is,
T= min Z;

1<k<365
Equivalently, Z; is the arrival time of the second event of a
Poisson process. Moreover, Z; has a gamma distribution with
parameters and density,

1 te*i/365

The cumulative distribution function is,

t gp—5/365 —t/365
P(Zy<t)= SeT T e (865 )
0 3652 365
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This gives,

P(T>t)—P< min Zk>t)

1<k<365
=P(Z1 >t ,Z35 > 1)
=P (Z; > t)*®
+ 365
= <1 -+ 265) Eit (t > 0)

Therefore, the desired birthday expectation is,

E(K) = E(T) = /0oo P(T > t)dt = /0oo <1 + 325>365 etdt

Poissonization and Depoissonization

Poisson processes can be used to prove theorems for discrete time
processes. Given (X )i>o, do the following:

1. (Poissonize) Let X/ = Xy, for a Poisson process (N);>o to embed
the discrete time process (Xy) in continuous time.

2. (Analyze) Show that X} has the desired property.
3. (Depoissonize) Transfer the chain to the discrete time process.

Theorem 123 (Recurrence via Poissonization). Let (X )x>o be a time-
homogeneous Markov chain. If (Ny);>¢ is a Poisson process with A = 1,
then a state x is recurrent if and only if,

/ P(Xy, = x)dt = oo
0

Proof. It suffices to show the following,

[P0y == Y pete)
k=0
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Since P (Xy =x) =P (XN, = x | N = k),
/P(XNtzx)dtz/ Y P(Ni =x) P (Xy, = x | Ny = k) dt
0 0 ko

=Y P(Xy, = x| Nt:k)-/ P(N; = x)dt
k=0 0
— Y P (X =2x)- / P(N; = x)dt
k=0 0
[eS) e*ttk

= Y plxn) [ S
k=0 0K
—_———

Example 16: Poissonized Simple Random Walk on Z

Let (X))o be a simple random walk on Z¢.

1. (Poissonize) Let (N;) be a Poisson process with A = 1. As-
sume that each arrival is marked ”L;” if the chain moves to
the left, and ”R;” if the chain moves to the right. Then,

At t
(Nt(Lt))tzo ~ Po <T> = Po (§>

At t
)0 po (1) <o (1)

Moreover, (Nt(Lt)) and (Nt(R*)) are independent. Thus,

2 2
—_—— =
+1("Rt”) —1("Lt")

t t
X; = Xny = (NS0 — (NF) 50 ~ Po<_> _PO<_>

2. (Analyze) We want to determine if X} is recurrent,
P(Xn, =0) = P(L = Ry)

— Y P(Li=k| Ry =K)- PR = k)
k

2
o0 —t/2 k
=) <%> by independence

=e - Ty(t) where Zy(t) is the Bessel function

k=0
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Therefore, P(Xy, = 0) - V27t — 1ast — oo using the Stir-
ling Formula or Bessel function properties. Consequently,
© dt

27t

=0

/ P(Xn, =0)dt = oo because /
0 1

3. (Depoissonize) Apply "Recurrence via Depoissonization".

Example 17: Poissonized Simple Random Walk on Z*

Let (X )x>0 be a simple random walk on Z*.

1. (Poissonize) Let (N;) be a Poisson process with A = 1.
Applying Thinning as in the example on Z,

* 1 d
X = Xy, = (xg,g,... ,XI(\]t)>
where (XI(\ZJB) and (XI(\]IB) are independent if i # j, and,
(X(i)) ~ Po <£> for alli € [n]
Ni d
2. (Analyze) We want to determine if X is recurrent,

P (XNt = 6) =[P (Xl(\},) = O)d by independence

B i(e_t/Zd(t/Zd)k>2 d
- = (k)

d
Therefore, [;° (\/ﬁ) dt < oo if and only if d > 3 as

(V%) (=)

3. (Depoissonize) Apply "Recurrence via Poissonization".

Order Statistics

If a Poisson process contains exactly n events in [0, ¢], then the un-
ordered times of those events are uniformly distributed on [0, t].

Remark 124 (Conditional on 1 Event). P(S; <s|N; =1) = 3.
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Proof. Using the definition of Conditional Probability,

P(Sl S S,Nt = 1)

P(51§S|Nt:1):

P(N;=1)
 P(Ny=1,Ny=1)
T PN =1)

_ P(Ny=1,N;— N, =0)
P(Nt=1)
_P(Ne=1)-P(Nis =0)

P(N;=1)
e~ A \ge—ME—s)
ST
s
Tt
since Ni_s ~ Po(A - (t —s)). O

Definition 125 (Order Statistic). Let Uy, - - -, U, be an i.i.d sequence of
Unif([0, t]) random variables. Their joint density function is,

1
fulr---run (Ml, ey un) == tT’l

for0 <uy,...,u, <t Arrange U; in increasing order,
Upy s Up) = = U

U/k) is the kth smallest of the U,;. The ordered sequence,

(Uay - Up)

is the order statistics of the original sequence. Its joint density is,

n!
fu(l),..‘,U(V,) (ul/ ey un) = tT,l

0<uy < <u, <t

Theorem 126 (Order Statistics via Poissonization). Let Sq,S», - - be
the arrival times of a Poisson process with parameter A. Conditional on

N; = n, the joint distribution of (Sy,- - -, Sy) is the distribution of the order
statistics of n i.i.d uniform random variables on [0, t].

n!

f(s1,---,80) = m

for0 < s1 < --- < sy < t. Equivalently, let Uy, --- ,U, be an i.i.d
sequence of Unif([0, t]) random variables. Then, conditional on Ny = n,

(S1,---,Sn) and (Uu)/---/u(n))

have the same distribution.
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Proof. See Dobrow 6.5 (p.245). O

Corollary 127. Results for arrival times offer a new method for simulating
a Poisson process with parameter A on an interval [0, t]:

1. Simulate the number of arrivals N in [0, t] from Po(A - t)
2. Generate N i.i.d random variables uniformly distributed on (0, t)

3. Sort the variables in increasing order to give the Poisson arrival times

Spatial Poisson Processes

The spatial Poisson process is a model for the distribution of events

in a two- or higher-dimensional space®*. Ford > 1and A C RY, let 24 The uniform distribution arises for
the spatial process in a similar way to
how it does for the one-dimensional

N, denote the number of points in the set A. We write |A| for the

. . . 2 . 3
size of A (i.e., area in R and volume in RR”). Poisson process. Given a bounded set
) ) ) ) A C R4, conditional on there being n
Definition 128 (Spatial Poisson Process). A collection of random vari- points in A, the location of the points
ables (Na) 4pa is a spatial Poisson process with parameter A if, are uniformly distributed on A.

1. N ~ Po(A - |Al) for each bounded set A C R?
2. N4 and Np are independent random variables if A and B are disjoint

The definition of a spatial Poisson process can be generalized to a
Poisson random measure as follows,

Definition 129 (Poisson Random Measure). The Poisson random
measure is the unique function N : B — INg so that for any A € B,

1. If Ny is the number of points in A, then,

Ny ~ Po </Af(x)dx)

2. If Ay, -+, Ax € Bare disjoint, compact sets,

(N(A1),N(Az),-- -, N(Ap))

are independent, Poisson distributed random variables with parameters, T .. Sy ]

_/I;‘jf(x)dx 1<j<k : : : LT

where f : R? — R is called the "intensity” of the process.

Remark 130. Let f : RY — R be a continuous, non-negative function. e o _:.

1. (Number of Points in I) For any closed rectangle I C RY, . :' s .. - _':

Ny ~ Po </ f(x)dx) Figure 6: Samples of a spatial Poisson
I process with parameter A = 100 on the
square [0,1] x [0,1].
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2. (Location of Points in 1) Define an i.i.d collection X| of points,

_ fB f(x)dx

3. (Spread of Points in R?) Repeat over a partition into rectangles,

X=UiX; and Ny :=|{XNA}| foreachAecB

N is a Poisson random measure with intensity f3>. 5 Notes on Spatial Processes:

. ) . 1. If d = 1and f is constant at A > 0,
Definition 131 (Non-Homogeneous Poisson Process). A counting then Nj;) ¢+ Ny is the Poisson
process (Nt);>q is non-homogeneous Poisson with intensity A(t) if, process with rate A.

2. Ifd > 1and f is constant at A > 0,
1. NO =0 then this is the homogeneous spatial

Poisson process.
2. Forall t > 0, Nt has a Poisson distribution with mean,

ot

E(N;) = ./0 A(x)dx

3. For0 <gq <r <s <t Ny — Nyand Nt — Ns are independent

Continuous-Time Markov Chains

Holding Times

Definition 132 (Continuous-Time Markov Property). The Markov
property for continuous-time chains (X;)¢>o with discrete state space S is,

P (Xt =j|(Xu)geyes and Xs =i) = P(Xy =j | Xs =)
forall t > s and states i,j € S.

Definition 133 (Time-Homogeneous). A continuous-time Markov chain
(Xt)>0 with discrete state space S is time-homogeneous if,

P(Xeps =] Xs=1) =P (Xs =] | Xo =1)
for s > 0. The transition probabilities can be arranged in a function,
Pij(t) =P (Xt =j | Xo =1)
which is the analog of p;(i,j) in the discrete setting. * P(t) is not the transition matrix P of

the embedded chain, since t € R.
Definition 134 (Chapman-Kolmogorov). A continuous-time Markov

chain (X¢)¢>o with transition function P(t) satisfies that,

P(s+t) =P(s) - P(t) fors,t > 0.
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Proof. By conditioning on Xj,

~

PZ‘]'(S + t) = (Xs+t =j | Xo = i)

PXspt=j| Xs=kXo=1)-P(Xs =k | Xg=1)

P(Xers=j| Xe=k)-P(Xs =k | Xo=1)

P(X;=j|Xo=k) -P(Xs =k | Xo=1)

[
~[1 =01 =01 =[]

Py (s) - Pyj(t)

P(s) - P(t)];
O

Definition 135 (Holding Time). The holding time T; at a state i is the
length of time that a continuous-time Markov chain started in i stays in i
before transitioning to a new state.

Theorem 136. Let T; be the holding time at state i. Then T; ~ Exp(A;).

Proof. The exponential distribution is the only continuous distribu-
tion that is memoryless, so it suffices to prove that T; is memoryless.
Let s,t > 0. Suppose that the chain starts in i. Then,

{T; >s} ={X, =iforue|0,s|}
Moreover, {T; > s + t} implies that {T; > s}, so,

P(T;>s+t| Xo=1i)=P({T; >s+t}N{T; > s} | Xo =)
N e N e’
A B

Applying Bayes” Law with the conditional probability measure,
P(ANB|Xg=i)=P(A|BN{Xg=i}) -P(B|Xo=1)

and using homogeneity and the Markov property,

(T; >s+t|{T; >s}nN{Xg=1i}) -P(T; >s | Xo=1)
(T; >s+t| X, =iforuel0s]) P(T;>s| Xy=1)
(T;>s+t| Xs=1i)-P(T; >s | Xo=1)
(Ti>t|Xo=1)-P(T; >s | Xo=1)

p
p
p
P

shows that T; satisfies the definition of memoryless,

P(Ti>S—|—t|X():i)ZP(TZ‘>t|X0=i)~P(Ti>S|X0:i)
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Definition 137 (Absorbing State). A state i is absorbing if the parameter
of the exponential distribution for the holding time T; is zero,

1
ET;| == =00
[ 1] 0
Definition 138. A continuous-time Markov chain is explosive at a time
t € R™ if there are infinitely-many transitions in all neighborhoods?7, *In Dobrow, a state i € S is called
explosive if the holding time parameter
(t—e,t) fore > 0arbitrary A; of T is infinite, i.e.,
E[T]= - =0
The evolution of a continuous-time Markov chain which is neither 17 ™

absorbing nor explosive can be described as follows,

1. Starting from i, the process stays in i for an exponentially dis-
tributed length of time, which is 1/4; on average

2. The chain hits a new state j # i, with probability p;;

3. The process stays in j for an exponentially distributed length of
time, which is 1/4; on average. It then hits a new state [ # j

Exp(Ay)

$1
Exp(Ay) : E Exp(/2)
Exp(ls) - : “Exp(Ay)'

83—

S2

S3 . S 51; S3 Sy !

Example 18: Continuous-Time Weather Chain

Define the state space S = {rain, snow, clear}. Assume that,
1. Rain lasts, on average, 3 hours
2. Snow lasts, on average, 6 hours

3. Clear weather lasts, on average, 12 hours

snow

oY

rain o

clear ————— O
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Changes in weather states are described by the matrix,

rain snow clear
~ 0 1/2 1/2 rain
P=|3/4 0 1/4 snow
1/4 3/4 0 clear

Let X; be the weather at time ¢. Then, (X;);>0 is a continuous-
time Markov chain. Moreover, P, as well as the exponential
parameters (Ar, As, Ac) = (1/3,1/6,1/12), specify P(t), i.e.,

P (X, =i1,..., Xy, = in) for n > 1, states s; and times t; > 0.

\. J

Definition 139 (Embedded Chain). A sequence (Y )i>o is the embedded
chain of a continuous-time process (Xy) if Yy is the kth state visited.

Remark 140. The transition matrix P of the embedded chain of a continuous-

time process is a stochastic matrix whose diagonal entries are zero®S.

A continuous-time Markov chain can also be described by specify-
ing transition rates between pairs of states. Suppose that for for each
state 7, there are independent alarm clocks associated with each of the
states that the process can visit after i. Then,

1. If j can be hit from i, the alarm C;; associated with (i, j) will ring
after an exponentially distributed length of time with parameter g;;

2. The minimum time for one C;; (i # j) to finish ringing is the
minimum of independent exponentials, which was proven to be
exponential with parameter q; = Y gk

3. When the process first hits i, the clocks start simulataneously,
where the first alarm that rings determines the next state

4. If the (i, ) clock rings first and the process moves to j, a new set of
exponential alarm clocks are started with rates g;1,4j2, - - -

hit —» @
52

Ci1p ~ Exp(q:12)
—_— 0

Ciz ~ Exp(q13)
53 T Q

; 5 5

s, Co1~ Exp(g21)

hit —» @
S

3

Cos ~ Exp(q2,3)
]

t

hit — @

# The process can never transition from
state 7 to state i. It remains in 7 for an
exponential amount of time, after which
it transitions to another state j (j # i).



W2022-MATH447: STOCHASTIC PROCESSES 47

Infinitesimal Generator

Definition 141 (Rate Matrix). The rate matrix (Q) for a continuous-
time Markov chain is defined as follows,

Py i A
(Q)ij == Bt . ]
0 1=7
qij i#]
0 i=

Definition 142 (Generator Matrix). The generator matrix Q for a
continuous-time Markov chain is defined as follows>9,

qij i#]
Q=4 —qi i=j
—
= Yk Gik

Corollary 143. The generator is not a stochastic matrix. Diagonal entries
are negative, entries can be greater than 1, and rows sum to o.

Corollary 144. A continuous-time Markov chain (X;)s>o satisfies that,

pyi { PO = =y i

0 i=j

Pij =

where P is the embedded chain, and {C;j = C} is the event that Cjj is the
first alarm that rings and determines the next state3°.

Corollary 145. A continuous-time Markov chain (X¢)¢>o with transition
function P(t) and generator Q satisfies that,
[e0]

tQ 1 n PR
P(t)=e :ZE(fQ) =I+tQ+EQ +€Q + e
n=0 """

Classification of States

For characterizing the states of a continuous-time Markov chain, the
definitions of accessibility, communication, and irreducibility are
defined as in the discrete case. For example,

Definition 146 (Irreducible). A continuous-time Markov chain with
transition function P(t) is irreducible if for all i,j € S,

P;j(t) > 0 for some t > 0

Lemma 147. If P;;(t) > 0 for some t > 0, then P;;(t) > 0 for all t > 0.

Note on Generator Matrix:

A continuous-time Markov chain
(X})>0 with transition function P(t)
and generator Q satisfies that,

1. P'(t)=P()-Q

2. P()=Q-P(t)

These are called the "Kolmogorov
Forward, Backward Equations".

9 If the smallest signed value of a
generator matrix Q is finite, then we say

the chain is "bounded rate". Moreover,
any finite chain is bounded rate.

3° The holding time parameters A; are
equal to g;.

Note on Matrix Exponential:
Let A be a k x k matrix. Then,

A i 1
et = — A"
= n!

:I+A+%A2+~~
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Proof. Suppose that P;;(t) > 0 for some t > 0. Then there exists a
path from i to j in the embedded chain, and, since the exponential
distribution is continuous, for any time s there is positive probability
of reaching j from i in s time units3*. O

Corollary 148. All states of a continuous-time Markov chain are aperiodic.

Stationary Distributions

Definition 149 (Stationary Distribution). A probability distribution 7 is
a stationary probability distribution for a continuous-time chain if3?,

7=7#-P(t)

Corollary 150. The stationary distribution 7 is not the same as the station-
ary distribution of the embedded chain, (33. However, for all j,

. 74 ¥()/g;
W) = Fob =
L (k)4 Li (k) / ax
Theorem 151 (Fundamental Limit Theorem). Let (X¢);~ be a finite,
irreducible, continuous-time Markov chain with transition function P(t).

Then, there exists a unique stationary distribution 7t, which is the limiting
distribution of the chain. That is, for all j € S,

lim P;(t) = 7t for all i

t—o0

Equivalently,
lim P(t) =11
t—o0
where I1 is a matrix all of whose rows are equal to 7.

Proof. The proof of the Fundamental Limit Theorem is omitted. O

Theorem 152. A probability distribution 7t is a stationary distribution of a
continuous-time Markov chain with generator Q if and only if,

Q=0 <= Y mQ;=0fraljes
i

Proof. Assume that 7 = 77P(t) for all + > 0. Differentiating at t = 0,
0 = 7P’ (0) = 7Q
Conversely, assume that 7Q = 0. Right-multiplying by P(t),

0 = 7QP(t) = 7ZP'(t) for t > 0

by the Kolmogorov backward equation. This implies that 77P(¢) is
constant, that is, 7P (t) = 7P(0) for all t. But P(0) = I34, so,

#P(t) = AP(0) = 7 = 7

3t Formally, for s > 0, this means that,
1. P,‘]‘(t + S) >0
2. Pl']'(t - S) >0

3 As in the discrete case, the limiting
distribution, if it exists, is a stationary
distribution. However, the converse is
not necessarily true and depends on the
class structure of the chain.

3 71; is the long-term proportion of
time that the process spends in state
i. Conversely, (i) is the long-term
proportion of transitions that the
process makes into state i.

34 Observe that,

1, ifi=j

Pij(O)—P(Xr_j|X0_i)_{O ifi?éj
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Poisson Subordination

Definition 153 (Subordination). Let (N;);>o be a Poisson process with
parameter A. Let (Y¢);>o be a finite-state, irreducible, discrete-time process
with transition matrix R. Define a continuous-time process (Xt)i>o by

X = YNtBS- The process (Xt) is subordinated to a Poisson process. 3 Transitions for the X; process occur
at the arrival times of the Poisson
Remark 154. Let P(t) be the transition function of (X;). Then, process. From state i, the process holds
an exponentially distributed amount
P--(t) — P(Xt — ] | Xy = i) of time with parameter A, and then
g o transitions to j with probability R;;
= P(Xt:jl{Nt:k}ﬁ{XOZi})‘P(Nt:klX()Ii)
k=0
[e0]
=Y PYy=j|{Ne=k}n{Xo=1i})-P(N;=k)
k=0
o0
=) PM=jlYo=1i)-P(N:=k)
k=0
_ Y RE. e M A
i
=Y k!

We have just seen how to construct a continuous-time Markov
chain from a discrete-time chain and a Poisson process. We will now
see that many continuous-time chains can be represented as chains
subordinated to a Poisson process.

Remark 155. Let Q be the generator of a continuous-time Markov chain
with holding time parameters {q;}. If g; < A for all i, then we can define,

1
R = XQ—I—Iwhere)\ = maxg;
1

which is a stochastic matrix. The transition function is,

P(t) = o!Q — ¢~ MefQeM — o=t H(Q+AT)
e 1
=e MY Ht"(Q + AIk
k=0
k —At k
1 e M(At)
(AQ + I) K

r e~ M ()Lt)k
k!

[
e

k=0

R

I
[7e

T
(=)

R is not the matrix of the embedded Markov chain:

P — qij/qi, fOT’ i# j R. — qij//\, fOT’ i# j Note on Poisson Subordination:

o . . o . . . From state i, wait an exponential
0 ori= 1—g;/A ori = 1 ’ p
’ f J qi /A, f J length of time with rate A

2. Flip a coin with P(H) = %

Theorem 156. For a Markov chain subordinated to a Poisson process, the 3. If heads, transition according to R.

discrete R-chain has the same stationary distribution as the original chain. Otherwise, stay at i and repeat
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Proof. 1Q = 7A(R —1I) = A7TIR — Aft. O
Corollary 157. The following are equivalent,

1. 7iP(t) =7t forallt >0

2. Q=0
3. 7R = 7 for some A = max; q;

Example 19: Totally Asymmetric Exclusion Process

The dynamics of the totally asymmetric simple exclusion
process on Z are as follows,

1. The alarm clock for a particle rings as a Poisson process of
rate 1 at each site independently

2. When the bell at site i rings, if there is a particle at site i
and a hole at site i — 1, they exchange

Equivalently, each particle in the system tries to jump to the
left at rate 1, and the jump succeeds whenever the site to the
left is unoccupied. Since it is possible for infinitely many par-
ticles to move instantaneously, and the minimum of infinitely-
many exponential clocks is zero, there is no embedded chain
and holding representation for this chain.

Birth-and-Death Chains

Definition 158 (Yule Process). Let Y; be the population size at time t. The
Yule process (Y;)>q is a continuous-time branching process where3°,

1. Yo = 1, and the rate of the process is gy x11 = x - B

2. Each individual gives birth to an offspring at a constant rate
3. Each individual gives birth independently of other individuals
4. The distribution of each division time is Exp(p)

Remark 159. A Yule process (Y)>o satisfies the following identity,
Yipr ~ Yt(l) + Yt(z) and T ~ Exp(B)

where T is the time of the first division, and Yt(l), Yt(z) are Yule processes.

50

Note on Yule Process:

The Yule process ia a birth-and-death
process in which the birth rate is x - A
and the death rate 0.

3 The rate represents the expected
time until the next division. Thus,
P(min{Cy, - ,Cyx} > t) = e ¥

(Yt) cannot be written as a Poisson
subordinated discrete time walk.
However, it exists for all time without
exploding. Conversely, if .11 = 8- %%,
then the process explodes in finite time.
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Remark 160. Define the following,

Arrival i is the birth of member i + 1 of the population
C; is the minimum time for one C; to finish ringing
Z; is the time of arrival i

Ty :=min{t | Yy = n}

We need to compute P(T,, < t),

G < t> where C; ~ Exp(i - B)

{Z; < t}) where Z; ~ Exp(Pp)

= P(Z; <'t) since (Zi)ie[nfl} iid
i
= (1 —e "P)"1 by induction

Remark 161. We can write Yy =Y ;>4 I{Tjgt} Then,

E[Y,] = E (1- e—t-ﬁ)i’l .

1

» ﬂ{n«}] =~ LR <) =
i=1 i=1 =1
using the sum of a geometric series.

Definition 162 (Birth-and-Death). Birth-and-death processes are a
class of time-reversible, continuous-time Markov chains. They satisfy,

1. Births occur from i to i + 1 with rate 8
2. Deaths occur from i to i — 1 with rate 1

making qy 41 = B-x and gy x_1 = x37.

Theorem 163. If B > 1, then the probability of extinction is less than 1.

Proof. The proof is by a Poisson Process argument, where,

(r55) = (7)

are the parameters of each thinned process. Computing the number

of divisions before death gives that E[Y] = B. O

Corollary 164. Let (Y;) be a birth-and-death process with birth rate § and
death rate 1. If B < 1, the underlying branching process goes extinct,

Y; 2% 0 where 0 is an absorbing state
t—ro0

37 This represents an exponential 1 clock
and a population of size x.

The following questions are equivalent,

1. How many times is the Exp(B)
birth clock C of an individual the
minimum before the Exp(1) death
clock rings?

2. How many offspring does the
individual produce?
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Conwversely, when B > 1, there exists a random variable Yoo,

a.s
Yt = Yo
t—o0

and P(Ye = 0) is the extinction probability of the branching process,
P(Yoo =0) =1 —P(Yoo = 0)

Definition 165. Let (Y;) be an irreducible continuous-time Markov chain.

(Yt) is null-recurrent lf and Ol’ll]/ Zf IE[T&— ] = 0038, 3 Otherwise, (Y;) is positive-recurrent.
This definition is the same as the
Corollary 166. The underlying discrete-time behavior does not determine discrete case.

positive or null recurrence for the chain. The holding time parameters can be
made sufficiently large to see this.

Theorem 167. An irreducible, continuous-time Markov chain is positive
recurrent if and only if there exists a stationary probability vector 7t. That
is, Y jcs i = 1 and 7Q = 0, where Q is the generator of the chain.

Proof. The proof uses Martingales, and it was not seen in class. O

Example 20: Reflected Birth-and-Death Chain

We can modify the birth-and-death chain to make the bound-
ary condition at zero reflect. Equivantly, we define,

Gxy x#0
Qy =91 x=0andy#0
0 x=0andy =0
Q. Is the reflected birth-and-death chain recurrent?

The modified chain is recurrent if and only if 8 < 1 since the
process goes extinct, i.e., reaches zero, with probability 1.

Q. Is the reflected birth-and-death chain positive-recurrent?
The modified chain is positive recurrent if and only if g < 1.

Martingales

Examples of Martingales

Definition 168 (Martingale). A martingale (M;)¢> is a stochastic
process that satisfies, for all t > 0,

1. E[M; [ (My),cjoq] = Ms forall 0 <s <t
2. E[|M;]] < o0

where Fio = o(Mo, - -+, Ms) = (Mr),¢[o, is the history of the chain39. 3 The condition that E[|M;]] < oo is
omitted for the examples in this section.
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Corollary 169. A discrete-time martingale (M) satisfies,
1. E[M; | Yy, -+, Mi_1] = M forall t >0
2. E[|M;|] < o
Remark 170. If (M;),>0 is a martingale, then IE[M,] is constant.
Proof. By the Law of Total Expectation, for all 0 <s <,
E[M;] = E[E[M), - -+, Ms]] = E[M;]
That is, E[M;| = E[Mp] for all t. O

Example 21: Simple Random Walk

The simple symmetric random walk S, := Y ; X; has,

¥ +1 with probability 1/2
' —1 with probability 1/2
for n > 1 with Sy = 0. Then,
]E[Sn+1 | SO/ to /S”] = IE[XH+1 =+ ST! | SO/' o /S"]
= IE[X?H-l | SOI' o /Sn] +1E[S1’l | SO/' t /Sl’l]

E[g(X)[X]=g(X)

—

= E[Xnﬂ] +5Sn
N——
=0
= SYl

since X4+ is independent of X, - - - , X;; and consequently
X, 41 is independent of Sy, - - - ,S,. Next, we prove that,

n

) Xi

i=1

Example 22: Biased Random Walk

Let p + g = 1. The biased random walk S, := }_!" ; X; has,

E[|S,[] = E <E

E[|X;[] = n < o0

n

n
Y IXil
=1

i=1

X — +1 with probability p
1 —1 with probability g

for n > 1 with Sg = 0. While it is not a martingale,

-

p—q
=(p—9q)+Sn

]E[Sn-H | SO/ ity Sn] = IE[Xn—H] +Sn
\W_
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the modified process (S;),>1 is a martingale,

gn:sn_(l’_Q)'”

Example 23: Biased Random Walk on INy with Absorption

1 P /4 12 7 s P
VOO0 -
q q q q

Let (S;)u>0 be the biased random walk on INy with an absorb-
ing boundary at zero. (S,) is not a martingale,

]E[gn+1 | SAOr‘ e rSAn] =E[Sur1—(p—q)(n+1) | gOr' e ISAn]
=E[Xyt1]+Sn—(p—q)(n+1)
=Sn—(p—q9)(n+1)+(p— )Ly, 20}

Define (S},)n>0 by S}, := Sy — (p —¢q) - min{n, T} for
T :=inf{n | S, = 0}. Then (S}, is a martingale.

Example 24: Absorption Time for Biased Random Walk

If p < g, then (S,) is absorbed with probability 1,

Y. — 0

k—o0
Therefore,
EE[Sp] = E[S}]
= E[Sn] — E[(p — ¢q) - min{n, T}]

Taking k — oo gives the absorption time E[T]| = ](]Z[TX;]F'

Example 25: Branching Process

Let (Zy)x>0 be a branching process with offspring distribution
X =(x1,--+,). Put E[X] = p. Then,

_

Mk :
]/lk
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is a martingale. Since Zj, 1 ~ Z]Z:k 1 Xj»

Z
E[Miy1 | My, -+, M] =E [ﬁ

Mll Tt /Mk:|
Z

Zj:kl Xj
14" W

=E 7,

| since p, k fixed
.” P ]

Zu

NG ;4]
_
ok
= M

Example 26: Pélya’s Urn

If (Rg, By) are the number of red and blue balls at time k.
Ry
Ry + Bx

Mk =

is a martingale. Recall that,

. . B,
Ry, By) — (Ry, B th bability ——
(R, Bx) =+ (R, Byg1) wi ProalltYR0+BO+k

(Rk, Bx) = (Rgy1, By) with probability #
Ro+ By +k — By

(Br, k) — (Bg, k + 1) with probability Ro 1 Bo 1

: o By
(B, k) = (By41,k + 1) with probability Ro Bo ik
Since (M) is a Markov Chain,

Riy1 ]
EIM M, M| =E | ———|(Ry,B
[Miy1 | My k) [Rk—i-l + B (Rk, By)

R
=F [Bo +Rgik+1 ‘ (Rk'B")]
= m - E [Rye41 | (Ris Be)]
where Ay 1 be the event that the (k + 1)th ball is red, given
that the number of red and blue balls at time k are Ry and By.
Ry +1
R+ Be+1

P (Ri+1 = Re+1)

P(As1|(RiBY))=E Ly, |
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Ry
+  P(Rgp1 = Ry) ‘Rt Bl
—_——

P(AS Ry,By))=E |1
(A5l (RuB)=E[Lae

is the desired expectation. Simplifying,

B R? + Ry + BiRy

- (Ro+Bo+k) (Ry+By+k+1)
_ Ry (Re+Be+1)

~ (Re+By) - (Rp+ Bi +1)

Example 27: Absorption Probabilities

Let (Yj) be a Markov chain with an absorbing state i. Then,
M := P(A; | Yy)

is a martingale, where A; is the event that the chain is ab-
sorbed at i. By the Total Conditional Law of Expectation,

E[Mi1 | Mo, - -+, My] = E[P(A; | Yit1) | Mo, -+ -, My]

[
=E[P(A; | Yiy1) | Yi]
=E[P(A; | Yis1, Ye) | Y]
=P(A; | V%)

My

where the third inequality follows by the Markov Property.

Limit Theorems

Definition 171 (Bracket). The bracket of a martingale (My)y>o is4°,

k
<Mk> = ;O]E ((Mn—H - Mn)z | ]:n)

Example 28: Simple Random Walk

We saw that the simple random walk on Z is a martingale.
(M1 —My)?> =1 foralln € Ny

so (My) = k for all k € IN.

4 This is effectively the accumulated
variance of the process (Yj).
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Remark 172. Let (My)>o be a martingale. Then,
E (My) = E[(My11 — Mo)?]
Proof. By definition,
E [(Mn+1 — M,)? | ]—“n} - [MZ A M2 =2 My M, | ]—“n}

= [M2, | F] + M +2- M3

Therefore,
- 2
E[{ =E E]E[ M, 11— My) |-7:n”
n=0
i B (M = M0 | 7]
=) E|E +1— My)" | F,
= n n n
n
- Z]E[]E[ 2o | Fa] + M2 =2 2]
n=0
- 2 2
= Z [MnJrl] + ]E[Mn] -2 ]E[Mn]
n=0
- 2
=) E[M; ] - E[M]]
n=0
=E[M n+l] [M(ZJ]
[(Mn+1 0)2]
O
Example 29: Pélya’s Urn (Bracket Process)
Since Re > _Ru__ we have that,

n+ng — n+ng+1’

Rut1 Ry \? 1
- Fo| S
n+l+nyg n+ng (n+14nyp)

Implying that, for all n € IN,

1
(M) < Yz =5 <o

HM8

Theorem 173. Let (My)i>o be a martingale. Suppose that,

p (sup(Mn> < oo) =1
n
Then, limy, o My, exists. Denote it by Meo. Then,

1. P(limyeo My = M) =1
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2. supE[(M;)] < co
Proof. The proof was not given in class.

Theorem 174. Let (My)i>o be a martingale. If My, > 0 foralln € N,
then there exists a random variable Mo, < oo such that,

P(hm anMw) -1

n—o0

Proof. The proof was not given in class.

Example 30: Branching Processes (Bracket Process)

Let (Mj)k>0 be the martingale for a branching process
(Zk)k>0, as defined above. Then,

n

(M) = Y E [ (M1 — My)? | i

k=1
n [ 7 Zk z
= E |21 = Fi
£e|(44-%)
r 2
n 1 zk Zk
= E 1 Xi—— F
£ (g Lu-E)
r 2
n 1 Zk (X
= E | — -t ) Fi
Le | (50
- 5 -
n 1 Zk <X ]/l
k:zl L& <1~_1 neooH |
5 Z
nooq zk <X n
k:zl u [(i—l T ¢
_ Zy Var(Xp)
- u2n ' 2

using the definition of the population variance. Now, we can
bound sup (M,,) since (M) is an increasing sequence,

sup (M) < i %—Var (2X1)
k=0 M H
and use the mean exponential growth rate to conclude that,
> Zy | Var(X;) & 1 Var(Xj)
HEEp il kzzo Lﬂk] W kgo weow
with y > 1 and Var (Xj) < oo, the ratio M converges to a non-
degenerate limit random variable.

10 Runs of the Pélya’s Urn Process:

Mprr e

e e
sa

R

I\
I\

Figure 7: It was proven in class that,

R
M,,:=7"—>MD°

where Mo, ~ Unif([0,1]).
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