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P(Xn:i,forsomen21|X0:i}:{

summary of previous lecture

@ fjj(n) := prob. 1st visit from j to i occurs at time n > 1.

fij = prob. ever returning to j

T; := 1st hitting time of state j
P(T; —n’Xo—/ = fij(n),n>1
@ jrecurrent & =15 ij)

o jtransient & fjj <1 >, pjg-")

= 0

<oo:>p,5-")—>0,Vi€S

fi == > nen fii(n) = prob. ever visiting j from i [N := {1,2, .

=1 State / is recurrent
<1 State / is recurrent

3]
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Classification of States

Definition 1 (mean return time)

Define the mean return time to state j as

o0
i =E(Tj| X =J) = nfy(n)
n=1
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Classification of States

Remark 2 (a note on mean return time and recurrence/transience)
For j transient, f; <1 =
B(Tj < oolXo=j) = >_fi(n) = fi <1
neN

i.e. the probability of returning in finite time is strictly less than 1.
Therefore it is possible that the return is unbounded:

P(Tj=00|Xo=j) >0

l.e. limy_o fjj(n) > 0. The mean return time to a transient state j is
o
wi =E(Tj|Xo =j) = > _ nfy(n) £ oo
n=1

because fjj(n) —> 0= nf;(n) = oco.
However, for j recurrent, 11 may or may not diverge.
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Classification of States

Definition 3 (null and positive recurrence)

j recurrent. Then

null-recurrent, fj = 00
JIs ..
positive (non-null) recurrent,  p; < oo

Remark 4

Markov chain returns to a recurrent state w.p. 1 and does so co many
times. However, unlike a positive recurrent state the mean return time of a
null-recurrent state diverges.

Example 5 (random walk,... again)

@ For p # q, show that all states are transient.

@ For p=q =1/2, show that all states are null-recurrent.

v

Solution We'll prove this for state 0 and then invoke a theorem later on to

extend result to all states (recurrence is a class property!).
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Recall gambler’s ruin. Player A and player B play a series of games.
P(Awins) = p
P(Bwins) = 1—p=:gq

Let X, = A’s lead over B after n games. X(0) =0, S = Z. Want to first

find foo and see if it is < or = to 1. Note X,, = 0 [chain enters state 0 at
time n| iff A and B win equal number (n/2) of games, where n is even.

There are
n
(n/2) [n choose n/2]

many ways of this occurring, each with probability (pq)”/z.
[A wins n/2 times = p"/2, B wins n/2 times = q"/?]
l.e. chain returns to state 0 at n w.p.

n n n
Py = (n/2) (pq)™2,  n even

Recall pj7(s) = d; + f;"(s)pj; (s). Then
1

foo(s) = 1—%

["J' - O]



Classification of States

Now

Recall:

Then

Poo(s)

- 1
fE)O(S) =1- p(,)VO(S)
pins) =S8l =3 (1 ) (e
n=0

n=0 m=0
2m> onm 1 B
(pgs®)" = ——— [exercise?!]
=0 < m V/1—4pgs?

!a nice alternative here is to use Stirling’s approximation to n!
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Classification of States

Hence fy5(s) = 1 — \/1 — 4pgs?, and the probability of returning is

<1, p#gq

S L =1, p=g
o= 3 finln) = lim f5(5) 1 - /1~ 4pq :{
n=1 s

Hence, we have state 0 is transient for p # g and recurrent for p = q. We
now need to show null recurrence for p = q.
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Classification of States

Set p = g and consider mean return time:
Ho = E(To‘XO = 0)

SN
n=1

d
= lim d*foo() [foo (s

s—1—

= lim i(1 —V1-s?)
s—1— ds

= |im s 00

sl V/1-392

Therefore, state 0 is null-recurrent for p = gq.

Remark 6 (random walk summary)

p<qg X,— —0o0

transient {
p>q X,— 4o

null-recurrent {

Z S”fOO

from previous slide

p=q X returns to initial state infinitely often
although mean return time is infinite
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Classification of States

Theorem 7
A recurrent state j is null iffp}j") — 0,n — .

A recurrent state j is null = pfj") —0,ViedS.

l.e., a recurrent state j is positive (non-null) iffpjg-") 40

Proof. See Ergodic theorem, later!

Remark 8

Recall, we now have 3 different classes of states:

@ j transient & ) pjg-") < oo = p(") —0,ViesS

i
® j recurrent & ) pj(jn) =0

o null-recurrent: p,g-") —0,vies
e positive recurrent: pJ(-j") 40
For null-recurrent state j, the n-step return probs pjg-")

zero quick enough for ) p}j") to converge.

— 0 but don't go to
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Classification of States

Sometimes it is only possible to return to a state on an even number of
steps (c.f. random walk) or, more generally, on a multiple of d-many steps.
This motivates the following state classification
Definition 9
Denote/define the set of all number of steps for which a return to state i is
possible by: Dj := {n > 1: p,(,-") >0}. Let
4 e gcdD;, Di #{} greatest common divisor
. 0, Dj = {}
Then, state i is said to have period d; and is called
periodic, ifd; >1
aperiodic, ifd;=1

d; is is the greatest common divisor of the epochs at which return is
possible, i.e. pji(n) = 0 unless n is a multiple of d;.
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Classification of States

Example 10 (random walk: D; = {2,4,6,...}, d; = 2)

The states all have period 2 and form a single irreducible (later!) class.

@ if p # g the states are all transients and the walk will eventually drift
to +o0 (p > q) or —c0 (p < q).

o if p =g = 0.5 the states are null recurrent so that the walk will return
to its initial state infinitely often, although the mean return time
between returns will be infinite.
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Classification of chains

Definition 11
e State i communicates with state j, written as | — J, ifp,-(j") >0 for
some n > 0.

@ State i and j intercommunicate if i — j and j — i, and we write
i j.2

dcaveat: unfortunately, some texts define / <+ j if / and j communicate

If two states i and j do not intercommunicate, then either
p,g-n) =0 foralln>0

or
p}i") =0 foralln>0

or both relations are true.
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Classification of chains

Lemma 12

The binary relation - < - is an equivalence relation on the state space S.
le.Vi,j,keS:

Qi [reflexive]

Qi j= i [symmetry]

Q@ i j,jer k=i k |[transitive]
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Classification of chains

Proof
00 =—1>0vies,
Q@i+~ j,=dn,n>0st p

(m) (n) Dy
i P > 0=

Qi jjerk=3mn>0st pi™ ply

Pt = ST ol
lesS

> A 0

> 0. Chapman-Kolmogorov:

l.e., a sum of non-negative terms is greater than or equal to one of its terms.
Hence i — k. By symmetry (repeat with i and k swapped) k — i =

16 /38



Classification of chains

We can now partition the totality of states in equivalence classes:

the states in an equivalence class are those which intercommunicate with
each other.

Note: it may be possible, starting in one class, to jump into another class
with positive probability, but obviously the chain cannot go back to the

original class otherwise the two classes would form just one single class.

A Markov chain is irreducibile if the equivalence relation induces only one
class, i.e. if all the states intercommunicate.
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Classification of chains

Example: consider the transition probability matrix

R ST

o

0
0

S ST

o

0
0

0

O Nk O

0
0

1
0
1

o O

O Ne O

This Markov chain divides into the 2 classes composed of states {1,2} and

{3.4,5}.

If Xo lies in the first class, then the state of the system remain in the first
class with transition matrix Py. Similarly if Xy lies in the second class.

Basically we have two completely unrelated processes labelled together.
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Classification of chains

Example: random walk with 2 absorbing states.

states
1 0 0 0 0 0O 0
qg O p 0 0 0 O 1
P=10 g 0 p 0 00 2
0 g 0 pla—1
0 0 01 a

We have 2 classes: {0},{1,2,...,a—1},{a}. It is possible to reach the
first and third from the second class, but it is not possible to return to the
second from either the first or the third class.

19/38



Classification of chains

We now bring together the ideas of classifying the states and that of
intercommunicating equivalence classes.

Theorem 13
[+ =
Q d =d

Q e | transient < j transient
e | recurrent < j recurrent

© | null-recurrent < j null-recurrent

Sketch Proof
O Recall D := {n>1: pl >O} di :=gcd D, Dj # {}. Then

i< j=3dm,n>0st. p,(J ),pj(,")>0 as i ¢ j

Chapman-Kolmogorov:

Pl 7 ) plo) ) o)
LesS

)~ 0= ¢eD. le D;#{}.

n

Hence 3¢ > 1 s.t. p



Classification of chains

Let ¢ € D;. Now,
¢ (¢

pj(jm+n+ ) _ Z Z pﬂ pru) P,(JT)

reS ues
‘

pj(,-") pf,- ) p,(jm) >0,V{¢e D,
Hence m + n+ ¢ € D;. Similarly m + n+2¢ € D;. This means that
Jki, ko € N s.t.

m+n+{ = kd; since d; is the gcd

m+n+20 = kyd;

= { = (ko — k1) dj = V¢ € D;. we have d; is a common divisor of D;. But
d; is greatest common divisor of D;. Therefore d; < d;. By symmetry (swap
i and j and repeat all previous arguments), we also have that d; < d; = @.

v
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Classification of chains

For @ we follow a similar initial step as before:

i< j=dm,n>1, st. p(-m),p}in) >0

ij
As before, use Chapman-Kolmogorov to show
pI(im-i-n-‘rr) > plg'm) pj(jr) p}in) (1)
Similarly
pj(jr) > pJ(m) P,(,'r_n_m) p’(jn) (2)
(1) = pjg.r) < c1p§ir+k) set k=m+n (3)
@ =p > cpf " (4)

But this means that ), p}jr) and ), p,(,-r) converge or diverge together.

For @, recall recurrent state / is null iff pfi") — 0. In this case, (3)
= p\" = 0. Similarly, if = p{” — 0 then (4) = p{")

i i —0. m
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Classification of chains

Remark 14

Intercommunication decomposes the state space into equivalence classes of
aperiodic/periodic and transient/(null-or positive)recurrent states, i.e.
states in the same class behave similarly.

Example 15
Recall in random walk example we showed that, for state 0:

transient p # q
null-recurrent p = gq

Also recall, for random walk, that i <+ jVi,j € S. Hence all states are
transient for p # q, all states are null-recurrent for p = q,; and we have
solved problem Example 5!
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Classification of chains

Definition 16

A set C C S of states is:
Q closed ifp; =0, VieC,jgC
@ irreducible ifi+ j Vi,jeC

Remark 17

Once a chain takes a value in a closed set of states it never leaves C
subsequently. A closed set containing one state is called absorbing.

By definition, the equivalence classes induced by the - <> - operator are
irreducible. We can call a closed set of classes C aperiodic (or null etc) if all
states in C have this property. Furthermore, if the entire state space is, say,
recurrent, then it is irreducible and we can talk of a recurrent, irreducible
chain, etc.

24 /38



Classification of chains

Theorem 18 (decomposition theorem)

State space S can be uniquely partitioned as
s=TJc
l

where T is a set of transient states and C, are irreducible closed sets of
recurrent states.

v

‘Proof’ Omitted. Assume C, not closed for some r and see p224 G&S. =

o If Xy € Cy, then the chain never leaves Cy and we might take C, to be
the whole state space

o If Xy € T, then the chain either stays in 7 forever or moves eventually
to one of the Cy where it subsequently remains.

@ When S is finite, the chain cannot stay in the transient states forever

@ For a finite Markov chain, not all states can be transient and there can
be no null recurrent states. Thus, if S is finite and irreducible, it must
be positive recurrent.

25 /38



Classification of chains

Example 19
Let § ={1,2,3,4,5,6} and

e
Il
O O BIERIEAIFNF
O O O BIEAWN=
O ORIFAH O O
O ORI O O
NI=ENI= O O O O
NI=ENI=ER= O O O

v

{1,2} and {5, 6} are irreducible closed sets and therefore contain recurrent
non-null states. States 3 and 4 are transient because 3 — 4 — 6 but return
from 6 is impossible.

All states have period 1 because p;i(1) > 0 for all i.
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Classification of chains

Lemma 20
If state space is finite then at least one state is recurrent and all recurrent
states are positive (non-null).

Proof Let state space S be finite (|S| < 00). Assume all states are
transient, then p,g.") — 0, Vi,j € S. But this means that the finite sum:
: (n) _
Jim > Py =0
JES
which is a contradiction, since 3= P(X, = j|Xo = i) = 1. Therefore 3
recurrent class.
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Classification of chains

Now, assume 3 null recurrent class Co # {}. Then, for i € Cy:

Py’ =0, jeto

and, since recurrent classes are closed:

P =0, jeS\G
and again we have that the following finite sum leads to a contradiction:
im S p” =0,  S=CuUS\C =

n—00 4
JES

Remark 21

A good reason for classifying states and classes of states (as well as entire
chains) in this way is that it allows us to talk about what happens to the
Markov chain, or at least the probability distribution of the Markov chain, in
the long run.
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Invariant distribution

Remark 22 (brief recap on notation)

The probability distribution of the chain at time n is written as the row
vector

_ (M (n) _ _
p(n) = (Pj )jES’ p; "= IP)(Xn —J)
and we had, from Chapman-Kolmogorov that
pl” = pOpr
i.e., the distribution at time n is the initial distribution (vector-matrix)
multiplied by the n-step transition matrix.

Definition 23 (invariant distribution)

The row vector w = (), is called an invariant distribution of the chain
if

@ T is a probability vector: m; > 0, Vj € S, Zjes mj = 1.

o m=mP, ie szziesﬂ';pij, VJES

(Unfortunately, an invariant distribution is sometimes called a stationary
distribution.) 20/38



Invariant distribution

Remark 24
As the name invariant suggests, ™ remains unchanged by P:
r=nP=aP?=...=xP"
Note that if the initial distribution is invariant: p(®) = 7, then
p" = xP" = & = p(®

i.e. the distribution of the chain remains the same over all time.

Definition 25

If, for every initial distribution p(°) we have that p(") — 7, then 7 is an
equilibrium distribution.

v

An invariant distribution need not exist, and if it does exist, it need not be
unique. However, for an irreducible chain,

unique invariant distribution exists <+ chain is positive recurrent

30/38



Invariant distribution

Before formal result, note following example where 7 is not unique.

Example 26 (gambler's ruin)

p p P p P
1 0 ’ G o e e Q 1
q q q q q

Any 7 of the form [m,0,0,...,0,0,1 — 7], where 0 < m9 < 1 is an
invariant distribution (exercise: check). l.e. 7 is not unique.

The states {1,...,a+ b — 1} are transient; the states 0 and a + b are
separate irreducible, positive recurrent, aperiodic classes.

Note also that, since the chain cannot stay in the finitely many states
{1,...,a+ b} forever, the limiting distribution lim,_, . p(" is either

[1,0,0,...,0] or [0,0,0,...,1]

Remark 27

On the other hand, the urn model is irreducible, positive recurrent (and
aperiodic), so a unique invariant distribution exists. (We'll return to that
example later on.) 31/3
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Invariant distribution

Theorem 28 (p 227, G&S)

An irreducible chain has invariant distribution = = 7P iff all states are

positive recurrent. Furthermore, 7 is the unique invariant distribution and is
given by ™ = (Wj)jGS with 70 = ,uj_l, Vj € S where yu; is the mean return
time to state j. [Intuitively, if on average, a chain visits state j once every p; time
steps, then the prob. that the chain is in state j (in the long run) should = 1/;]

32/38



Invariant distribution

proof of Theorem 28 plan

@ show all j transient = 7w =0

@ existence of w = (/j,]-_]')j

Q@ = (Mfl)j = all states are positive recurrent

©: An irreducible chain implies all states are transient or all states are
recurrent. Assume all states are transient and that an invariant distribution

7T exists, i.e. ()
n
= Z i P
ies

But transience implies p(") — 0Vi,j = m = 0 which contradicts property

i

that 7 is a probability vector. Hence, all states must be recurrent.

33/38



Invariant distribution

Q: [Want 3l s.t. 7 = uj_l] Suppose we define the initial distribution as:
T ::P(Xg:j), Vjes
Then, by definition (T; = first hitting time of )
mu = P(Xo=J)E(Tj|X =)

= Y B(Xo =) B(Ty 2 nlXo =)
n=1

= Y P(Tj=znX=))
n=1
Since Tj := min{n > 1: X, =/}, we have IP’(TJ > 1) =1.
We now look at each term in the sum.
The first term on the RHS (i.e. for n=1)is

P(T; > 1,X =) =P(Xo =)

34 /38



Invariant distribution

Forn=1 :IP’(TJ-Z 1,X0:j) :IP’(XO:j)_
Now, for n > 2:
P(Tj > n,Xo = j)

(
= P(Xo=J,Xvn-1#J)
( [P(A, B) = P(B) — P(A, B)]

[time-homog.]
[Un = P(XOZH #J)]

= P Xl;nfl 75_]) - IP>()<0 #jvxl:nfl 75./)
P(Xo;n_z 75_/) - P(XO 7£.j7X1:n—1 #J)

=. Qp-2 —Qp-1

o0
mipg = P(Xo =) +Zan72 — Qp-1

n=2

n=1term

telescopes: ap—of+of—os+os5—...
= P(Xo=J) +a0— Jim_ o,
But, lim,—00 oy = P(Xp, # j, Ym) = prob. chain never visits j. But X is
recurrent. Therefore this prob. is 0 and we have:
i =P(Xo=Jj) +P(Xo#j) =1 [ag:=P(Xo #J)]
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Invariant distribution

Q: [want: 7 = (Mfl)j = all states are positive recurrent]
We have shown Jlmr s.t. m; = uj_l. From Defn. 3, we want to show
pj < oo, i.e. that m; > 0. Suppose that 7; = 0 for some j. Then
0=m=> mpy >mp VieS n>0
keS
This implies ; = 0, Vpgn) >0, i.e. Vi — j. But, chain is irreducible, i.e.

ij
i+ j,Vi,j €S8. Therefore

7rJ-:Oforsomej:>7r,-:0Vi€S:>Z7rj:0751
jes
which contradicts Defn. 23. Hence ;1; < 0o and therefore all states are
positive recurrent. m
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Invariant distribution

Theorem 29
For an irreducible, aperiodic Markov chain

p,(J”)—>— asn—ooVi,jeSsS
Hj

Proof omitted. see, e.g. G&S pp232-235

Remark 30

If a Markov chain is transient, or null recurrent, then

pj = oo and p,(jn)

If a Markov chain is positive recurrent then
1
P,(J " =
Hj

l.e. (informally) if, on average, a chain visits state j once every ji; steps then
the probability that the chain is in state j (in the long run) should be 1/ ;.

— 0
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Invariant distribution

Theorem 31
For an irreducible Markov chain with period d:
n d .
pjgjd)—>—,asn—>oij€S
Hj
(m)

and P = 0 if d is not a divisor of m.

Theorem 32 (Ergodic theorem [general)
For any aperiodic state j of a Markov chain,
(m _, 1
p;’ — —,asn— oo
K
and (recall, f;j is prob. of ever going to j from i) for any ther state i

n fl . .
P = i
Hj
C.f. p235 G&S
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