t S}kas into dp’"‘\""’" ) '/P(YL— =1) = T, QOIN
7 'P(Xt:a = (i P(X ey =)=
tte. (E-r ?3‘ e

Chapter 6: Equilibrium

20
In Chapter 5, we saw that if { X, X7, X, ...} is i )

a Markov chain with transition matrix P, then
X, ~nl = X~wlP

This raises the question: is there any distribution 7r such that

If #'P = w!, then _
_ s . =
ch B IT -> ><l:+| ~ 1: ’P a

:> \(Q_‘,} o~ ZIT ? = lTT
= -
In other words, if 7’ P = !, and X, ~ «’, then

eo———

Xy ~ Xeoy v Xy ~ Ky ~ -1

Thus, once a Markov chain has reached a distribution #w” such that 7/ P = =7,

oL S\’@ Heve .
If 7P = 77, we say that the distribution 7’ is an 29, wliboriva Agbabution.

Equilibrium means a level position: there is no more change in the distri-
bution of X; as we wander through the Markov chain.

Note: Equilibrium does not mean that the value of X;,; equals the value of X
It means that the distribution of X; . is the same as the distribution of X;:

Ty l?(%,m :)> = P(X£:‘> S
P (X <D = P(Xe=2) = T ek

In this chapter, we will first see how to calculate the equilibrium distribution 7w .
We will then see the remarkable result that many Markov chains automatically
find their own way to an equilibrium distribution as the chain wanders through

U

time. This happens for many Markov chains, but not all. We will see the
conditions required for the chain to find its way to an equilibrium distribution.
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6.1 Equilibrium distribution in pictures

Consider the following 4-state Markov chain:

0.0 0.9 0.1 0.0
0.8 0.1 0.0 0.1
0.0 0.5 0.3 0.2
0.1 0.0 0.0 0.9

pP—

Suppose we start at time 0 with
11 1

-
NEW ZEALAND
109

0.1

Xo ~ (4 S Z): so the chain is equally
likely to start from any of the four states. Here
are pictures of the distributions of Xy, Xy,..., X4: _
P(Xo = P(X; =) P(X, = x) P(X;3 = x) P(X, = x)
3 : t=l H -1 : =2 3z, L=t
+ >
3 2 c 2 3 L
. N N =, (o
ﬁ_ IS IS S IS | ?/‘A
: : 2 : AkeA
3 E i i t <

1 2 3 4

1 2 3 4 1 2 3 4

1 2 3 4 1 2 3 4

The distribution starts off level, but quickly changes: for example the chain is
least likely to be found in state 3. The distribution of X; changes between each
t=0,1,2,3,4. Now look at the distribution of X; 500 steps into the future:

The distribution has reached a steady state:
t = 500,501,...,

1 2 3 4

P(X5()() = ZU) P(X501 = ZB) ]P(X502 = .’L' ]P(X503 = IL’) ]P)(X504 = .’13)
< L=6500 < k=501 < < E-go} < t-g o«
R 3 ° ° .
0'3/ g,l‘gm :m . -
Sr\'b?‘s 0. 28 | 5 5 15 15
\ o N. ~. : : 9’“ ol
/7 ) J o.o(: ) ) - lﬂ\fa&/k

1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4

it does not change between
504. The cluin bas reacled 2fubbnuwn o ik own

DLCCOFA'
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6.2 Calculating equilibrium distributions

Definition: Let {Xy, X1, ...} be a Markov chain with transition matrix P and state
space S, where |S| = N (possibly infinite). Let w7 be a row vector denoting
a probability distribution on S: so each element m; denotes the probability
of being in state 7, and Zf\il m; = 1, where m; > 0 for all ¢ = 1,..., N. The
probability distribution 77 is an equilibrium distribution for the Markov chain
if T"P -7 .

~ ~
That is, 77 is an equilibrium distribution if
N mabAax ceviHon

—T G — :
/\HJT | J - Z -“’L P\) - “J 6(9;’ D\u d:[)z)'-’/ M

L=

By the argument given on page 108, we have the following Theorem:

Theorem 6.2: Let { Xy, X1,...} be a Markov chain with transition matrix P. Sup-
pose that 7wl is an equilibrium distribution for the chain. If X; ~ «w’ for any ¢.

then Y o7 (/fgr <L v 0. 3

Once a chain has hit an equilibrium distribution, it S7L“\*j-¢ flere f"“’/\“f'

Note: There are several other names for an equilibrium distribution. If v’ is an

equilibrium distribution, it is also called:
o imvariant: F doesnt clage, T m
e stationary: tle clwin * Sﬂ—gfg“ N

c.

Stationarity: the Chain Station

a train station is where a train stops

a workstation is where . . . P

a stationary distribution is where a Markov chain stops
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6.3 Finding an equilibrium distribution

Vector 7! is an equilibrium distribution for P if:
1. T T TD = 1 T
~ —_—
N co-
2. T. - 1 (pMLAL]LhU pangy Swm o i\.

3. . =0 %.oro»u L

Conditions 2 and 3 ensure that :[" is & jl/\vd/dz, P/\Ogﬁu L\@ st Lvbon.

Condition 1 means that 7r is a row eigenvector of P.

Solving w'' P =« by itself will just specify 7 up to c. scalar /"‘V‘l)(:f Le -
We need to include Condition 2 to scale 7r to a genuine probability distribution,
and then check with Condition 3 that the scaled distribution is valid.

Example: Find an equilibrium distribution for the Markov chain below.

0.5
0.0 0.9 0.1 0.0 0-10 PN Qo.z
3

0.8 0.1 0.0 0.1
0.0 0.5 0.3 0.2
1
K
Solution: | ok IT = m,, ., 77’3)7799). 4
’\—Cg/ {@mé\)f:n()/\j we /\Lgo{ e UO.Q

0.1 0.0 0.0 0.9

T _ T
TP =T ®
Mﬂl T+ Ty & 174 + T, < 1.
® NT?:iT = (7, T. T "WJ M ' °
P e U = .l o ,‘
nA~AANANANNY - _
5— ’S l’L - /l, TFL ]'39
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™
AT r 0T, +.5m =T (D
I O
cloonn s ong 9;(:
<

3
d T, 4 - 1T+ LA, = T @] L anore
Msg 1;7/\5 con Lo U/\oral

Cecomse TP =" gve
T w o o Suicf/m hfu

A/l$o Tr\'r-n\'z,’*—ﬁg,’f“ﬁ_q,:i @"(

——

@:> T’:?Trz

bk in @ > LA (3T )+ ST = LT,
= m, = ég—Trg,

0]

- —  _ 8 7

‘_/> ”4 - —;_ 3

Atk all 14 (3
<?‘+E§_+i+§£>
1 9

Dl
-~ T. = 2
= > 224

——
Lo [ s 1 8@3
} 220 0 22¢

. ~ 22l 22(

(0'2,8> O'ZO) O(O("/ 0'38

This is the distribution the chain converged to in Section 6.1.
— T T
[\ P = T
~ ~



6.4 Long-term behaviour o 05

In Section 6.1, we saw an example where the Markov
chain wandered of its own accord into its equilibrium
—_—_—

distribution: 01 N 02
P(Xs00 =2) P(Xsm=2) P(Xse=2x) P(Xs3=21)
Hos =5 S 3 2 2 s Uo.g
e dastr 3 3 3 :
e aﬁow«'\
on
Pf@\/lm ; . . )

Py

= = =
S S S

0.0
0.0

1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4

This will always happen for this Markov chain. In fact, the distribution it
converges to (found above) does not depend upon the starting conditions: (fa/‘

ANY valre 96/ X, we wilk ww%s [owe

X ~ (028,030, 0704, 0:38) aC LD oo
What is happening here is that Zadn (o . transihon /V\A*fﬁ X ?
Conves fo Ha %ME\L)/;VM dishn (O'Z%) 030, 0- 04 o,gg\>
rS oo

0.28 0.30 0.04 0.38
0.28 0.30 0.04 0.38
0.0 0.5 0.3 0.2 0.28 0.30 0.04 0.38
0.0 0.0 0.9 0.28 0.30 0.04 0.38

ator that can ha i - ing P! for t = 20
and ¢t = 30: you will find the matrix is already converging as above.)

This convergence of P! means that r (A@L E . N0 /\/\Aﬁ J° WHICH &)m{’ 3
we 571721'}( “\/\} e mtwa\,jj lewe Pﬁo&, b L‘tj :

e about 02% of being in State f]_after t steps;

0.0 0.9 0.1 0.0
0.8 0.1 0.0 0.1

as t — oo.

e about (030 of being in State / after ¢ steps;
e about O ‘0l of being in State 2 after ¢ steps;
e about O-L & of being in State & after ¢ steps.



T K, =4

ks fls probebiliby el e n shabe 3, (00 Shps e

I(F Xo =2, Save HNUQ (Ploo>z3
T cwom s c
%E?/LML«LNWV\ lam & Hod oar (¢ \/? i~ shate

3/ (00 Q«LF\; (»ﬂf} Aon't ”(,(104/\4 on ou— Strt {Ds)\u/\,ﬂ
5 /P _ 0% . 004

T
o Ve 028 oog
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Start at Xy = 2 Start at Xog = 4
a T /\
| 0.38 038
) State 4 /Qfa\flriLR
1 ’ State2 / State 2
/ ( State 1 State 1
\ State 3 \ State 3 /

w 60\%—’{ 100
time, ¢ Skfszs

AN~

The left graph shows the probability of getting from state 2 to state k& in ¢
steps, as ¢ changes: (P")qy for k =1,2,3,4.

The right graph shows the probability of getting from state 4 to state k in ¢
steps, as ¢ changes: (P")yy for k =1,2,3,4.

J

@initial behaviour differs greatly for the different start states.

The long-term behaviour (large t) is the same for both start states.

However, this does not always happen. Consider the two-state chain below:
oGt
P-(10)
@<1— 10
Pt |
As t gets large, Aoes NOT con \/UU/L ‘

10 01 10 01
500 501 502 503
P _(01> P _(10> P _(01> P _(10>”'

For this Markov chain, W¢ Ao %@M’“ o W|/\|H«5\k S‘}‘cf’l/ SM(,
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General formula for P!

We have seen that we are interested in whether P! converges to 4 fl X2 A /\'\AJrﬁ X

Wik all oy %(/\AL as £ oo,

If it does, then the Markov chain will yeachh an 67/0\/{[/'&/5 b ASS '|7;L'~HO/\
Heal does ot ﬂ‘-&'u/\dk LAY ShrH/\\J condihions . L
The equilibrium distribution is then given by M\ﬂ Couw 03/ e CO/W(’{le /P .

It can be shown that a general formula is available for P’ for any ¢, based on
the eigenvalues of P. Producing this formula is beyond the scope of this course.
but if you are given the formula, you should be able to recognise whether P? is
going to converge to a fixed matrix with all rows the same. Ng&»e\g oo la le

G T
P=( 95 o1)

We can show that the general solution for P! is: d{or =0, hHL, the -

Hos 93ves
p_Lf(3 4N, 4 —4 ) Pt
7 3 4 -3 3 ) A

Example 1:

tt[

¢ as £ o
As €200, (-04) 50, s
2 i ( 3 4 3. o\ all rews
? - 3 2 4 = (3/:) b ) e Soune -

Wos MAFLLOV an WiLe M(af_ore, Cﬁf\\/z{j,e, 4o \\-LQ%WL‘\LHM,\

0{/\\}/\ T - —3-» , _(ﬁ 6-— b, (2 o\fﬂuu& LJW C&QQF{&A
iy ~ T 7 > e 584‘&/’(6 “l/\dagbdm 4 or Stete 2,

Ezercise: Verify that w7 = (%, %) is the same as the result you obtain from solving
the equilibrium equations: 77 P = ! and m; + m = 1.



THE UNIVERSITY
OF AUCKLAND

NEW ZEALAND
Te Whare Wananga o Tamaki Makaurau ]_ 1 6

FExample 2: Purposeflea knows exactly what he is doing, so his probabilities are
all 1:

We can show that the general solution for P? is:

—> #-3{(h ) (0

FHime ol.z,r:ma(uce,

- 2 - AT vanis bhes

&5 € e, (D Adoes N oOT com/e/jc fo 0,
Co /Pé: (éo’s T& £ s ven (Z,Q,é)g)“)

ok Pe - (f0‘> § Fis odd ((,a&a,,,)

Ta MLXWG’LL) ”P* YNTin C_o/\\/{/:ju o o mabix Wil
Froo tdhcal rows a8 5 ol Tl dwin ve

ﬂé\or\f)ﬂx’wh 5 S)rHH\As condifions ns b OMU (W?]{

Exercise: Verify that this Markov chain does have an equilibrium distribution,

nl = (%, %) However, the chain does not converge to this distribution as

t=oo Equlblawm dish st buf is Aot foud " Ly Ha din

These examples show that some Markov chains forget their starting conditions
in the long term, and ensure that X; will have the same distribution as t — oo
regardless of where we started at X,. However, for other Markov chains, the
initial conditions are never forgotten. In the next sections we look for general
criteria that will ensure the chain converges.
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ong P12CC T
OZU;D\ o/w,()d”‘sS> w
AS.? 3 ( Con WSL f@jmu') or FLAA %Wo{ (&Omfcl;qg
AN S

e If a Markov chain is 2rreductble and aperiodic, and if an equilibrium
distribution 7w’ exists, then the chain converges to this distribution as
t — oo, regardless of the initial starting states.

To make sense of this, we need to reyise the concept of irre belity, and

introduce the idea of aperiodicity.
\_ge arovnd ;
\J
A fla spedes, . o oF M

6.5 Irreducibility Fmes.
(as £~ l>0>

Somthrnes AVIIACL
occwS Waen flesSe condih e
don't Lol .
Target Result:

Recall from Chapter 5:
Definition: A Markov chain or transition matrix P is said to be irreducible if

L@J df_gr A Ly € S. T He cbwinic Wffza(»«c).lgk[(f/ flee.

An irreducible Markov chain consists of a single class.

A =l

Lrredmatle Not 1redmalle

Irreducibility of a Markov chain Hi\s{bimportaunt for convergence to equilibrium a&;s
t — 00, because We W X CO/\VQOJJ\C{_ o Lo ?r\iﬁax/\Am aa,

Sjruk Stade -

This can happen if the chain is irreducible. When the chain is not irreducible,
different start states might cause the chain to get stuck in different closed
classes. In the example above, a start state of Xy = 1 means that the chain is
restricted to states 1 and 2 as t — oo, whereas a start state of Xy = 4 means
that the chain is restricted to states 4 and 5 as t — o0o. A single convergence
that ‘forgets’ the initial state is therefore not possible.
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6.6 Periodicity

Consider the Markov chain with transition matrix P = ( (1) é ) )

1
—_% @ Suppose that Xy = 1.
1

Then EXE = | 6(,3( A even valines r& t, and Xe=2 (pr all odd velues
wé/ :

This sort of behaviour is called periodicity: lhe Markov chan can 0/\\% refwn
Fo a Shate ab ]oarflcukc\r vals ﬁd— £

Clearly, periodicity of the chain will interfere with convergence to an equilibrium

distribution as t — oco. For example,
1 for even values of ¢,
PX;=1|Xg=1) =
0 for odd values of ¢.

Therefore, the probability can not converge to any single value as t — oo.

Period of state 2

To formalize the notion of periodicity, we define the period of a state 1.
Intuitively, M per]Oo\ I Ac&\/\e So H,\aJ( He Fme 17\‘42,\ +o Jb\/ f,\,m
\S*f\k(’/ '(./ \00\()%;‘{‘0 8}!\"@ 'L A p\]/\ \LS p\l/\/\)ptjj A MV\U’;FLC 06' m j:)AU‘:]oA

In the example above, the chain can return to state 1 after 2 SH,PJ , L Sh?f)

L Sheps. B Sheps L - grU\h@( Cormman A uisor = 2
1 o (A‘,v?sarj e 4 oand 2).
The period of state 1 is therefore 2 »

In general, the chain can return from state ¢ back to state ¢+ again in ¢ steps if
(Pt >L' > ().This prompts the following definition.
L

Definition: The f a state 7 is
ALV = ged it (POu>od

H/»L \jfff\JM\S)( (oM Mmon A\u’nSor 0’6/ M JFIMLS od’ (,\)l/\,‘\(/(q ka""v\f/\ N
IOOSS{LL(.
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Definition: The state ¢ is said to be periodic if A (t) > 1.

For a periodic state i, (P"),, = 0 if ¢ is not a multiple of d(i).

]
S OF]ooS')\’e ‘6/ FU(NM\ '
Definition: The state 1 is said to be aperiodic if ”{(L> = i :

If state 7 is aperiodic, it means that refwn o Stafe ¢ & NOT LimiTeED O/\b
to Fajutkrb \rq»m{"./u fimes.

For convergence to equilibrium as ¢ — oo, we will be interested only in &]Oll‘ioah ¢
stekos

The following examples show how to calculate the period for both aperiodic
and periodic states.

Examples: Find the periods of the given states in the following Markov chains,
and state whether or not the chain is irreducible.

1. The simple random walk.

le\m\\/\ I ‘\(\rQAﬁ'\C‘lLL(‘
D D P p p
l-p 1-p 1-p 1-p 1-p

10 = ged 2, b, 6 -3 =2
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Treedancble . Stop LJ L" st u

0 /
1w = ged 2,3 S =1

©

. T reeduciS\e
%%% d(l):JcA{Z)é-)é)w-ﬁS =2.
(V=)

:jCﬂ\{Z,Lﬁ,é) .,,3 = Z ,
NOE \'ffLA""C/‘\LLL (lc.faﬂ(mclub,

@Qg g(m@k Whore GadiRoas
ol sahsfn A bk i Wil

Cﬂ/\vugc to el L\j

INS.

Uy

i)= 94§22, 4,5, o\ = i
I(rap(/\t\c“\’\(

Y
-/
LO')(" = SM& 3 (l

[/A an —_)
Hrrekeclle = e ned page)

A(A Sht@s ““PU—'ML‘C'
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6.7 Convergence to Equilibrium

We now draw together the threads of the previous sections with the following

results.
Fact: @—then i and j have the same period. (Proof omitted.)
This leads immediately to the following aes%"cr:u e in fle Seant closs - 5? A
ik $ srtes e e 3wt ﬁu.floo{,

If a Markov chain is #rreducible and has one aperiodic state,
then all states are aperiodic.

We can therefore talk about an— W@ «(X th,&u

AL &ru'\mA‘\c. Lok all fe i
wd M Fires
con 3’*,\":(,\9_ Shates .-+ \[ (as f—)k)
Theorem 6.7: Let {X(, Xi,...} be an irreducible and aperiodic Markov chain
with transition matrix P. Suppose that there exists an equilibrium distribution

7l Then, from any starting state ¢, and for any end state 3,
P(Xe:;)lxo:1>—>7rg e o o
In particular,
£ M ow
(P7)y = om ws b2, for all shrt b [reoe)
J md A sttty \) [:colwan

SO /PE COA\/‘U\JU +o o M&'{‘ﬁ){ W:H/\ au Cowls ?’(l/\ﬁcf\k M’k
QII/M\ f‘o IT. =

For an irredu c';LLL, O‘fUr‘o*\'C Mereoy CM")
wklh/\ é“)/\(d’e of }f\.&%/\r\)re, 8{‘0\,{1 Sfja\ ce
H/\L MTJ}\MC{, J&* an tq/v\} LLs) tan MSJ‘ASV\HO!\ IT

s it He MWOV clvon will COAvng to
LTT N 6'34><>- Sd"’\h ?24(_

_ )
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E@v&\]\a Ashn will exisY TQL aﬁinz(fc S’HL S{mCL \
Note: If the state space is infinite, it is not guaranteed that an equilibrium distri-
bution 77 exists. See Example 3 below.

Note: If the chain converges to an equilibrium distribution w! as ¢ — oo, then

the (Or\\j—rwn ‘o['of)orHO/\ ré' fire &Pe/d' in ay shate fo s
W; Td/ AShe A Ul ¢ La/\\j»/W\ proporkion aa‘ Pre ‘SPU\" o Fc.rh'cv\(w'
sttt 17 o gluonld ndnde A ol fFeabion ok onveqence does
aC occuw »

6.8 Examples 321 oxfzeoh‘/\oi{/iﬂrc

A typical exam question gives you a Markov chain on a finite state space and
asks if it converges to an equilibrium distribution as ¢t — oco. An equilibrium
distribution will always exist for a finite state space. You need to check whether

so, it will converge to equilibrium.
If the chain is irreducible but periodic, it can ilibri

distribution that is independent of start state. N
¢ - f.(ZO Ex & doeS converse .
P25 ExG oS Corverge.

The first two examples are the same as the ones given in Section 6.4.

Example 1: State whether the Markov chain below converges to an equilibrium
distribution as t — oc.

o 02 08
L !!E v C - @D 04 PZ( 0.6 0.4 )
MT\«L :U/m)m o tAmclle and Kf)U"IOA/;C) o an (_ﬂl/w'l/}&,r%w Aistn
Wil o} der a finike chate <pace. So i cboin does Grvgpe.

[ﬁm 8 (4, Hu chwin Convoges to
e (38) w tee |
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Example 2: State whether the Markov chain below converges to an equilibrium
distribution as t — oc.

oL I O— S

1

The cluan is ‘\raMcILLL) bk NJOT »wa%oﬂ(.c | ﬁ-e/")\OO{ =7,

So fle chiin can NOT c;o/\\/c(j{, to an 1711»\(/]@3‘”'\ Ak
ol {:-—)oo.

[ Can Of\b Le in st 1 at PN'HC‘NL‘U' H""‘U) W ag {‘~> Do]

It is important to check for aperiodicity, because the existence of an equilibrium
distribution does NOT ensure convergence to this distribution if the matrix is
not aperiodic.

— < , _ —1 i [
t@vﬁ(/\‘or\(ﬂ\/\ M}*/\ H +2' "T\lLL MR ’41
Example 3: Random walk with retaining barrier at 0. Come bade mftu Che

Shkre ©

Find whether the chain converges to equilibrium as ¢ — oo, and if so, find the
equilibrium distribution.

The chain is irreducible and aperiodic, saart equilibrium distribution exists,
then the chain will converge to this distributiontas> ~c.

However, the chain has an infinite state space, so we canaoaigee that an
equilibrium distribution exists.

Try to solve the equilibrium equations: Q ) ﬁ S Z/_ VR
(ormmon e Ao f LU 2 ordkes
Exom G ”'{;HY s -
£sp AU Houe - bo "Adaachio a

Mo AT .



nlP=xT and) ° m = 1.

O\ 2 ».
qmy +qm = Ty 44— (*)
ofq p 00 . - ~ _
" qg0po0. PHAm) = moa—
P P = P+ qm3 = o
210 q 0p ...
S gerwk ¢

p?Tk 1+ qmpe1 = Tk for k=1,2,... &—

From &), we havepry = g, ,QQWM sulet .

SO m = —my

: q

¢

2

1 1 p(l—gq p
—P =M = g(ﬂl—pﬂo)ZQ(gﬂo—pﬁo) :5(761 )Wo: (6) Q-
— 1\_,)

k -\ p—
We suspect that,, = (2) m,. Prove by inductionRTP Ny < £y 0
q

-

k
The hypothesis is true fdr 0,1 S&ose that, = (B) mo. Then
gTe  w,, (P RG22
Tk+1 =

— (M — pTR—1)

-HS (I

_ (g)kﬂm. = RHS d?f’

k
The inductive hypothesis holds, sp—= <§> mo for all k > 0.

124

Qi
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one walerown () ST s
Voo

00 k
We now need § =1, \ Ie. 7r0§ (2—9> =1. Con e (jﬁﬁA ol
i=0 =0 \9 Hk worles 7

The sum is a Geometric series, and converges on&%o& 1. Thus whem < q,
q
we have
p

1
=1 = =1-=.
, ”0<1—z) Y

If p > q, there is no equilibrium distribution. ﬂaqtﬁg tawards He r.‘awr ?ar wd.

Solution:
If p < q, the chain converges to an equilibrium distributlen wheren, =

(=90 ori-na. P10 pcf-

If p > q, the chain does not converge to an equilibrium distribuish— oc.

Example 4: Sketch of Exam Question 2006.
Consider a Markov chain with transition diagram:
(a) Identify all communicating classes.
For each class, state whether or not
it is closed.

Clsss 47, 127, §31, Gt A

L \_©

(b) State whether the Markov chain is
irreducible, and whether or not all states are
aperiodic.

Nok irredimci W\ Ree are (o Classer
AW Srrtes ore aqu/—? odic .

A
=
Y
w

(c) The equilibrium distribution is w1 = (0,0,0,I. Does the Markov chain
converge to this distribution as ¢ — oo, regardless of its start state?

s, by inspechion, t clawrly Gill cnvege fo T = (0,0 0
olua(‘f\"e é»\%l,w'e, ‘fd' \lrrubf\d\&,;u::j_
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Note: Equilibrium results also exist for chains that are not aperiodic. Also, states
can be classified as transient (return to the state is not certain), null recurrent

(return to the state is certain, but the expected return time is infinite), and
positive recurrent (return to the state is certain, and the expected return
time is finite). For each type of state, the long-term behaviour is known:

e If the state k is transient or null-recurrent,

P(X; =k|Xo=k) = (P'),, — 0ast— oo.

e If the state is positive recurrent, then
P(X;=k|Xg=k)= (Pt)kk — m, as t — 00, where 7, > 0.

The expected return time for the state is 1 /7.

A detailed treatment is available at
http://www.statslab.cam.ac.uk/"~ james/Markov/.

6.9 Special Process: the Two-Armed Bandit

A well-known problem in probability is called the two-armed
bandit problem. The name is a reference to a type of gambling
machine called the two-armed bandit. The two arms of the
two-armed bandit offer different rewards, and the gambler

has to decide which arm to play without knowing which

is the better arm.

A/ similar problem arises when doctors are experimenting with
two different treatments, without knowing which one is better. ~One-armed bandit
Call the treatments A and B. One of them is likely to be better, but we don’t
know which one. A series of patients will each be given one of the treatments.
We aim to find a strategy that ensures that as many as possible of the patients
are given the better treatment — though we don’t know which one this is.

Suppose that, for any patient, treatment A has P(success) = «, and treatment
B has P(success) = 3, and all patients are independent. Assume that 0 < o < 1

and 0 < G < 1. Don't lerow s, 3.
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First let’s look at a simple strategy the doctors might use:

e The random strategy for allocating patients to treatments A and B is
to choose from the two treatments at random, each with probability 0.5,
for each patient.

e Let pr be the overall probability of success for each patient with the
random strategy. Show that pr = (a + 5). Pertibom T
L M o

The two-armed bandit strategy is more clever. For the first patient, we
choose treatment A or B at random (probability 0.5 each). If patient n is given
treatment A and it is successful, then we use treatment A again for patient n—+1,
forallm =1,2,3,.... If Ais a failure for patient n, we switch to treatment B
for patient n + 1. A similar rule is applied if patient n is given treatment B: if
it is successful, we keep B for ent n+1; if it fails switch to A for patient

n+ 1. D_i@

Define the two-armed bandit process to be a Markov chain with state space
{(A,9),(A, F),(B,S), (B, F)}, where (A,S) means that patient n is given
treatment A and it is successful, and so on.

ELLU\. Griwan WIS ’” lérxot.\) N, CO/\J *‘U‘M Sweceegs
Transition diagram: pros pets der cady Pahm&

Exercise: Draw on the missing arrows and find their probabilities in terms of
a and S.

(A,S) (B,F)

(A,F) (B,S)

Transition matrix:

AS AF BS BF

AS
AF
BS
BF \)
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Probability of success under the two-armed bandit strategy

Define pr to be the long-run probability of success using the two-armed bandit
strategy.

Exercise: Find the equilibrium distribution 7r for the two-armed bandit pro-
cess. Hence show that the long-run probability of success for each patient under

this strategy is:
Two-armed bandib

Strate
QP( Swice ss>\§?[>_

R endonn s)nw\h\zj P (sue cess)= f,a

= &tR
Which strategy is better? =

Exercise: Prove that pr — pgr > 0 always, regardless of the values of a and J3.

This proves that the two-armed bandit strategy is always better than, or equal
to, the random strategy. It shows that we have been able to construct a strategy
that gives all patients an increased chance of success, even though we don’t know
which treatment is better!

[P(chcws (f"f' Fanb A>
P(success) for different 3 when@

1.0

0.8

0.6
|

P(success)
0.4

0.2

—— Two—-armed Bandit strategy
- - - Random strategy

0.0 0.2 0.4 0.6 0-3 08 1.0

P Plsuccess P irodment &)

The graph shows the probability of success under the two different strategies,
for « = 0.7 and for 0 < 8 < 1. Notice how pp > pp for all possible values of .

0.0
|




