Chapter 6: Equilibrium

20
In Chapter 5, we saw that if {Xy, X1, Xo,...} is i )

a Markov chain with transition matrix P, then
X, @ = X, ~/7TP.

This raises the question: is there any distribution 7r such that E "P=

—

If 77 P =x", then

L—_— T T ™
X[:(\JE =) )(t-ur\jzf/?:j

‘_—_—‘) X{.‘Q_NET’P - I

= )(t+3 ~T P =77
In other words, if #” P = ', and X; ~ w”, then
- 1
-
XE i Xew ~ Xt+z ~ Xt-r}. e ~ I

Thus, once a Markov chain has reached a distribution 77 such that 77 P = =7,

il S’hb thue .

If 77 P = 7", we say that the distribution 77 is an 4«7/!4? lbriwm Aishsbubon .

e J
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;:

€-9. ﬁ)()(ul 1i) = F(Xt = _’L) = T,
)?(Xk—n-’z) - "))(Xtil> = T, et

In this chapter, we will first see how to calculate the equilibrium distribution 7" .
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
~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.

T = buried treaswe
L,p\f;(_.é{ +{'QGJW'C 2X Y.

Equilisciom diska = |
Convuyrn bo equilibiim = clwin frds He Lisied freasne wcuﬂ»o{
f .
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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
p_ | 080100 01
— | 00050302
0.1 0.0 0.0 0.9

Suppose we start at time 0 with
X ~ (1 1 l): so the chain is equally

4°4°44
likely to start from any of the four states. Here
are pictures of the distributions of Xy, Xq,..., X4: U 0.9
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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:

P(Wx) IP)(X502 = l‘) IP)(X503 = 3;’) '50 =
3rG5o00 & I =Sol 31 €502 ., £-503 -
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QO 5= —2—3% = T2 3 4 1 2 3 4 T2 3 4
¢V s L ——— ALL SAME  PICTWRE -
The distribution has reached a steady state: it does not change between

t = 5007 5017 .. 7504 ’T‘;\.L CL\"\;V\ L\M (lﬁd'\ﬂ.* -.-Q’LVL:FILF.IW U’é, ”—-J‘ oA
mCcord . (M&) '
L) foraA fae bt Aroasure
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6.2 Calculating equilibrium distributions

Definition: Let { X, 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 ¢, and Zf\il m; = 1, where m; > 0 for all : = 1,..., N. The
probability distribution 7w’ is an equilibrium distribution for the Markov chain
if ET P-xT

—_—

That is, 77 is an equilibrium distribution if

N
—T D _ _ -~
i_'/ | J - ZTFL P"J = ”j J;Dr‘ R“U\ .J'\;—)—]-'-_)N.

L=

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

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

then X, ~ T for allv> O. -

Once a chain has hit an equilibrium distribution, Wt sk “g e dlz"f' Lvd,

Note: There are several other names for an equilibrium distribution. If w7 is an
equilibrium distribution, it is also called:

- _
e invariant: 1+ doesn'k chanqe E P = Il

e stationary: ftlL. clwan “S}org“ L\m_.

Stationarity: the Chain Station

a BUS station is wherea BUS stops

a train station is where a train stops

a workstation is where . . . ? ? ?

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

AT P o= AT

Vector 7! is an equilibrium distribution for P if:
r-__—————_'__:_—\_
L (TP T
N
e \jz/\u‘-u, P/\oLo\.L,:Lllb Achn .
3. T > O ég,— N

Conditions 2 and 3 ensure that LFT Is e yfxvu"v% rf‘o Lal LQD A shA Lubon.

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

Solving w7 P = «” by itself will just specify 7 up to o Scalar mu\l’l'}rl.e >
We need to include Condition 2 to scale 7t 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 2
0.0 0.5 0.3 0.2
-0.1 0.0 0.0 0.9

((, lN\Lu\.ouf.\_J
Solution: Lb\' IT = (_Trq; Trl ) —“_3/ 7T(r'>

'O/\ : I"[_ P _ T N 5 0.9 .
Ea(/w««l" s: .M T eff———obﬁﬁ(gwhfg{,)wgﬂmm
sk T AT 4 T 4T, = ] 4= need W P solue Q"""fl‘*ﬁj‘J'

]

T T 0
L ?:E = (TT1 Mo i}__TT_({:\ @ o ,
= B . _ (—[T o T
- (o
3

0

@oo



o2
) l -
NEW ZEALAND

.q‘TT!J-.\Tr?_-}-_E,’-rrS = T, @

-lTr] 1 .371:'3 = —”-3 @

/;%[r\jnore e G\S}- Lecanwse an NXN) redAx ;,J;l,l AU-M\JjJ Jwe 0@
N -\ I«M\' wuns &ref LU Lecamge & Can M\[j _cf,gmda g

lnﬁi o o Sealar Mhlhf\f_l
T nlbesd: T, 4T +Ty +7T, = 1 @ A—

.BT(—L "' - 'W‘_f_ =
112

®= T =77,
Ta@® = -1(AT) + Am + .57, = T
::) -ﬂ:?. — _éfalg?}'

\Sv\%}’ﬁtk\\f\@::) ’ﬁ3(q+£ﬁ§+l+§£3:i
4

= ll
K 3 29(
63 68 q A
. T [ = =2 SLE
Ovesll: T 200 0t 2 22c>

This is the distribution the chain converged to in Section 6.1.
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6.4 Long-term behaviour

In Section 6.1, we saw an example where the Markov
chain wandered of its own accord into its equilibrium
distribution: Sol SJr('ﬁg

koo\vD 3 3 N 3
60;5 J / @ @ 2
or ) ) )
A E E &/

ISy

0.1
0.1

0.0
0.0
0.0

1 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:

&For ANY valne ed( Xo) we wilk alwo\st lhow ¢
Xe ~ (025, 020, 004, 0:38) as £t &s.

What is happening here is that eady R oy Ha beon SR04 mabAx
PE ConvyyLs o Ha equlblbrium Aistslulon (o-zg)o-go) 004 0-29
os £ =
4

0.0 0.9 0.1 0.0 Crom = 0.28| 0.30 0.04 0.38
p_ 0.8 0.1 0.0 0.1 I DIN 0.28] 0.30 0.04 0.38 25 £l oo
1 0.0 05 0.3 0.2 0.28 0.30 0.04 0.38 z '

0.1 0.0 0.0 0.9 Frpm 0.30 0.04 0.38 J—

(If you have a calculator that can handle matrices, try finding P! for ¢t = 20
and ¢t = 30: you will find the matrix is already converging as above.)

This convergence of P! means that @(for [w s E;J No matty LOH ICH etete we

stark VA, we ﬁLwa:js Low e ()nolomL;l;,b

e about 0 2% of being in State 1 after t steps;
e about 0 .20 of being in State ) after ¢ steps;
e about 0-0¢ of being in State 3 after ¢ steps;

e about .3 of being in Stateé, after ¢ steps.
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/Start at Xog = 2 Start at Xyg = 4

0.8
S
8

(n)
)

°;
I /
u {
| 3 5 or\:) J‘Umlrt(/\m/ml«f s fle
i‘ [ —— T Seml .
I ‘ [
Tl\ =1 |y ’ / State 4 3] Statej\_

State 2 State

I 7 \ State 1 N State 1
G /
5, r
3\ e 7 —State 3 "‘g\:—’* —State 3
b 2‘0 ‘__ 2‘0 40 6‘0 8‘0 160
@ time, ¢

The left graph shows the probability of getting from state 2 to state k in t
steps, as t changes: (P')yy, for k =1,2,3, 4.

The right graph shows the probability of getting from state 4 to state k in ¢
steps, as t changes: (P')yy, for k =1,2,3, 4.

The 2nitial 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 en. Consider the two-state chain below:

)

L,
As t gets large, T° does nroX conv gL !

500 (10 so0 (01 s2_ (10 so3_ (01
t _(01 P = 10 P = 01 P= 10/

For this Markov chain, W& "/ & (649”3*’/1'\ Hoe inikial 3%“4’ state .
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General formula for P!

We have seen that we are interested in whether P! converges to o (fﬂ)@u{ Mateix
Witk ol o f,r?/ml s £ o>oo.

If it does, then the Markov chain will ead, an ,eq/v\il}l.rl o Aistal whoa that

Aoes nok A.e,f:mol on e S}W‘H/\\j CO/\A;\HOA_S. N
D

The equilibrium distribution is then given by 0w Y cow Oa' e ('-O’\ij*)\ "

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.

Example 1: p= _ﬁ/b/

?It can be shown that a general formula is available for P! for any ¢, based on

L

% 0.8
0.2 0.8
r=(0a o1 )
k_% 0.2 CHot - (ColdD 0.4 0.6 0.4

ttf
|
|

E 0 2 29 %) AU rows
PEo L (3 . < 4;\ . ©
T Markov clhain WILL Meoﬁpra .C_Or'\uUj,Q_, ta fla L.:Lw{l'.k,hwq
LiskAabubhon 77 - ( ,@) rny E-oeo, Mjwd(au of el
Hae abu—”\ \S}?—f\*;{m Shte | or Srhe 7.

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

Pt_c}g_g_;k éﬁr" A N1 P IR (Oftj--rbu‘\ PMPnrHo/\ J'a/ Fime Sf;m%:n Stake

Cold 1™

0L P eqetliiom Ada. F2 . Damonstabe CONVERGEN(E

o 2N riim |
3. Quw{ $§ e ~ppropA ake darany o T,



NEW ZEALAND
Whare Wananga o Tamaki Makaura

116

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

A O — P-(90)

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

“HG D3 D

e £ 50 (-0 does NOT Converge te O, so
o (1) e
oE (o x} ot s ol

d{oraut-

| 0

T, Has {va\fle,) ,PE WAVZin Co/\'\/-d‘\j{J to ~ matrix Wb Ha
Lot Coval ideabiaal as E ga’fb (“(j“-
T(m[, C/(/\od/\ N J- g-or\jl*j HTS f}‘ﬁhi\j (_O/\a{/.\'*_;r}/\{ S

L > oo

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

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

t — 0.

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.
— Con We yk to ol Hw stakes ~F oM Hae h/\«e,_/s
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Target Result: CW\?”;'}J;; a“u . At alh the Fimes
H~L f( k/ ( vau'-& Oe'vnm‘+'t S'i‘l-‘f’t-f C—L)
e If a Markov chain is zrreduczble and aperiodic, and if an equilibrium
d istribution w? 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 revise the concept of irreductbility, and
introduce the idea of aperiodicity.

6.5 Irreducibility 4—

Recall from Chapter 5:
Definition: A Markov chain or transition matrix P is said to be irreducible if
L) Lol iyje SO Thet is, e clhwin s rredneitle i fle

Can Ur te
ﬁuu:jwa)

S)—h’rc S?O\CL\S L.S [\ SJF\SL‘L CONMM‘CM"_)\j class. [:

An irreducible Markov chain consists of a single class. WU\_V)NLUQ]

A

(=2
\@ @) G2

_ —
Iﬂ"té{/v\&l tok{ ‘
% Nokt Trredum vl
(con'k go 2-53),
Irreducibility of a Markov chain is important for convergence to equilibrium as

t — 00, because \Wwe ok the ConvUgn e fo Le mob.fu\.o{.mﬁ' é’
Start state.

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 — oo. 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) ) )

1 I/
_—_% of) - ‘@ Suppose that Xy = 1.
. —

Then XE = | égr ol ven vabues at €,

XE = l o “r 00[9( - e t— .
This sort of behaviour is called periodicity: Hw clwan can o/\b ebwn to
n Stave ot perhcular valwes o E .

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

distribution as ¢ — oo. For example,
1 for even values of t,
PX;=1|Xo=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, the priod s Aefined Sl Hak He Hme faleen to

jd’ ’5—-’9/«\ S)rrf&e, L [ac:\LLL fo Shate o ﬁjov”m) Iy ‘\W‘tjl ~ pnlh ‘oU.

In the example above, the chain can return to state 1 after Oﬁf e i 2 od
2 S}c,i)j) [() é’, 8 'O} 3]"(,{)5) ebe.
The period of state 1 is therefore 2 .

In general, the chain can return from state ¢ back to state ¢ again in ¢ steps if
(? b ) S O . This prompts the following definition.
. tu

Definition: The period d(i) of a state i is
A6y = ged L € (P % >0

— Y jraﬂjrt&a’ ComMmm on Awisor 6, H,{ JDMU hﬁ” L\)L\,\d,\
(d’wr\ RS q:oSS Lkﬂ_
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AL = prrind of shate = ged § o (PO, > o] M=

Definition: The state i is said to be periodic if Al() > 1

For a periodic state 7, (P"),, = 0 if ¢ is not a multiple of d(i).
e

Definition: The state ¢ is said to be aperiodic if A(‘\ =1.

If state i is aperiodic, it means that refwato State ¢ s NOT limiFed to
Of\b Tﬂ\jvukw'b foLﬂ-{’:.\nj J(‘\M@,s f”nw”l_‘j
For convergence to equilibrium as t — oo, we will be interestedé—a—l—y in APUH) odic

Chakos .

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. Cluin is irreduncille -

p % D P P
BER=R KoNo
1—p 1—p 1—p I=p T—p

d(0) = jcal i"f“‘imu «F wid, rehrn 050 i fmss;LLLJ

= 3C0{ {2) 4.) é) ‘S
= 7
E'TL\L; (lin can't C-O’\VlijL to JULW;L',IQ,;W) loecw Cp/\u(rjmw
Aemmonds & foracks s St Shake. Wit & shefe fak s
prriodic, it et fomgek Whet i Was hen % s?wlqA.j
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2. Clwan i irredun el\e .
Tls (W /
/Lg_\},\ ‘ d(l):\jcc’\{Z)S)-f—-E: 1
Cﬂmvuﬁ( Con \S‘J‘af p\[r’(_ﬁ{j i Cecamse
A i e otlj Arvisor ¥ Lot
2 ) 3 2 a~d3.
Steke L 15 apoiodic (priod=1)
3.
@%@ Trredme Ve
T Wt e s )
. - 9.
@<——@ -Py';odl-{c. Con't Cam”{j" Lecowse can
o;d::) \(,gh}‘;\ fi*a S)‘ﬂfl"-:j SMQ 0\.{’ vry\
MZs = can't &fp@&)( Shrf—b Shke .
4.
NoJr d(1):JcA€(z,q,c) &, ... 3
radmee

Doean't ?f-v-\&—»U\ o \rreduncble £

LQ{"’“\'Q 3'; y—,‘ad\ C cm\)nh\o'\.g RuT
~ clost @3 *T/\j clbuon WL O.o/\uu\-j.e ‘J'b
S

S%'WJr s}m\—t e

‘ d(1>=\j"-‘*32)‘h5’w-~7}: 1.
a0 L. i o
@ ' Aloyﬁod).c.
KFITA_:S d,\_p.:'/\ L\J:u (.D/\Uf):j—C.
offoNos
£

5.
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6.7 Convergence to Equilibrium

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

U\Am( s
/ e Yo et F.
Fact: ' ' ) '

If i +» j, then i and j have the same period. (Proof omitted.)

e L& § et Ml some comminienbing Class, Huay bave fle Sne poid
This leads immediately to the following result:

2. oAy ong < laks G@
If a Markov chain is 2rreducible and has one aperiodic state,

’00
then all stat iodic. Qo '([' jou\_;zz,\] et O\AG_
€ states are aperiodic ',,\ S e la s N {9

He wlhole chimn ﬂf)&/ioalx'(-
We can therefore talk about an irreducible, aperiodic chain,

i Mwb Hoak
O\u states e O\fu-?oobic.

Theorem 6.7: Let { X, X7, ..

&

.} be an irreducible and aperiodic Markov chain
with transition matrix P. Suppose that there exists an equilibrium distribution
.

T Then, from any starting state i, and for any end state j,

?(XE:J ] X0=L) =T, oS £ >oo

In particular

CP) m M%)Mgoﬂuz‘\«ﬁk\)

So PF wwju Fo o mabay witl all Fows ideaical and equal
to WT,

~

(B

‘FOI.' o \Ier.JMLILLLL) &\ﬁl&ﬂrﬂiﬁc Mf-f[@ov C[zx&a{z\)
withh f‘;f\ﬂ'b or “rf\(f-ln}e, state space,

Hee 2Xistence f’& on ;a@uil/lL.r'éuM AosteibuRon 11‘
s Hd fa Makou chain will crveme £ T
oS '&-—3 S
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Note: If the state space is infinite, it is not guaranteed that an equilibrium distri-
bution 77 exists. See Example 3 below. :[OL %}A}-e) [ juﬁ‘M'{"&A_

Note: If the chain [converges|to an equilibrium distribution w7 as ¢ — oo, then
Hre l,o;\\j-rb\/\ propeor T on ra, JF]MQNQFM* A :9’)“»@ ks 1 M Aec
i({; M‘)ZJ-A?DF LOQﬁ—fW\ Pno]o@ff-}pz\ a"&— Firme Sload( A O S)“J‘f) In Examor Mgl
MLA_S’T (/r'ir\s} al.(_/\,\o/\g}m:l/g, He doir WiLL CONUVERCLE to ,L?/A/:qu:L&M
OHﬁm:J'LsL cen'k ruJ\‘tj fa:j mincly abont (ona_rinn eliawiows .
6.8 Examples (CL\Q_& ?nw{, afu-?od;c) £ 24mGLrium v{is}"‘)’(&s%

A typical exam question gives you a Markov chain on a finite state space and
asks if it converges to an equilibrium distribution as ¢ — oo. An equilibrium
distribution will always exist for a finite state space. You need to check whether
the chain is irreducible and aperiodic. If so, it will converge to equilibrium.
If the chain is irreducible but periodic, it cannot converge to an equilibrium
distribution that is independent of start state. If the chain is reducible, it may
or may not converge. —> lewe fo hSe }/L‘S{o_é chon

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 — oo.

0.8
0.2 0.8

Clean s Vrredaable | 1 ‘ |
Pl ,u"iaal‘ac Eﬁj Soon &S T see one (o0 n'n an 'f:f'&o{»«crL\L d/w'\}

((o0p ff\ State H.,O T haow e Wle dain <« &ﬁuﬂo&c.j
E%mrlt\L( | LAA AAV}A ”(.9&8 M(LS'} (&‘:/\I{'& 5"}7»’{‘& S]oaa>

So yes fle cbwin @ SO

—T _ 3 .
(‘PFON\ SQCHW\ L-(b} Hae clwoa Cﬂr\u@—ju "F‘o rj_l/ = (?”%‘)Kﬁl— -)bc:))'
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Example 2: State whether the Markov chain below converges to an equilibrium
distribution as t — oo.

S O— P-(90)

Cluwin s dradmdble, Lk NOT apetiodic : peried = 2.
So tae chdin dloes NOT convere to @Luil;L,r‘lw ag £
Lecanse F Can ey &(ij”{' B stb shake.

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.

GC’W La a d{ L\Ut
Ezxample 3: Random walk with retaining barrier at 0. p\_g;;—e,— CL\Ar ¢

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

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

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

Try to solve the equilibrium equations:
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' P =zl andy 2 m = 1.

qmy +qm = ™o (%)

00
Z ](; » 0 pmo +qm2 = T
P = 0¢g 0 p P71 +qT3 = T2

prp_1+qmp, = m for k=12 ...

From (), we haverry = g,

SO m = ]—)7'('0
q

1 1 /p D
=my = —(m —pmy) = — (—7T() —pﬂo) ==
q qa \q q

k
We suspect that, = <§> mo. Prove by induction.

k
The hypothesis is true far= 0, 1,2. Suppose that; = <‘§) 7. Then

1
Thel = 5(7%—197%1)

k
The inductive hypothesis holds, sp= (g) mo for all k > 0.
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00 00 k
We now need Zmzl, ie. 702(2—9> = 1.
q
k=0

1=0

The sum is a Geometric series, and converges on&do& 1. Thus whem < q,
q

1
7'('()(1 p)l = 70:1—]—9.

If p > q, there is no equilibrium distribution.

we have

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

(1—{3) (g)k fork=0,1,...

If p > ¢, the chain does not converge to an equilibrium distribuéish— oc.

Example 4: Sketch of Exam Question 2006. 1(/
Consider a Markov chain with transition diagram: (>
(a) Identify all communicating classes. 4
For each class. state whether or not T
it is closed.
2 l< 1 > 3
0 f2y, (33, ey C ®

U
W .
not Closed . Closed

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

Mok rredincible © flre are § classes.
AW stakes are apoiodic (all have Losps onttem ).

(c) The equilibrium distribution is w7 = (0,0,0,1). Does the Markov chain
converge to this distribution as ¢ — oo, regardless of its start state?

st.) L\D "‘;Me_ecﬁoa) PH' CL@U\lj wiLl Coftue{jx. to j_r: (O, OJD,I)
AQS]::}{”& d—ﬁllwq, 0& hf'rfeMC-.IL][:jj,
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Don't bewe to lecrn /eamonl o

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— oco.

e If the state is positive recurrent, then

P(X; = k| Xo=k) = (P'),, = m as t = oo, where 7, > 0.
The expected return time for the state is 1 /7.
Lit Lee m 3
A detailed treatment is available at
http://www.statslab.cam.ac.uk/"” james/Markov/. @

/24 nilisrium probab) m:j .

6.9 Special Process: the Two-Armed Bandit Q] A355\3/\MML»

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.
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.

One-armed bandit

Suppose that, for any patient, treatment A has P(success) = «, and treatment

_Bhas IP’LSQ%, and al@@tmw%dent. Assume that 0 < o < 1

and 0 < 8 < 1. N
N
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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 pg = 5(a + ). ‘5 A -

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 A is 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 patient n+ 1; if it fails, we switch to A for patient
n+ 1.

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

Transition diagram:

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

G (A,S) (B,F)
L
(AF) (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 loAng—r,un probability of succe_sls for each patient under
this strategy is: 4’() Wy Lonvugauce fo 2q i)

_a+f—2ap

pr = 2 a_ 3 .

L _J

Which strategy is better? /
v

Exercise: Prove that pr — pr > 0 always, regardless of the values of o and f.

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 ( swreeess wrdes freatment 8)
J I’ID(.SIACC, 1(r1&amn~{' A)

P(success) for different 3 whe

08 1.0
1

P(success)
0.4 0.6
\

0.2

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

00 02 04 06 08 @
B

0.0
|

"5: & = 0 _;"
The graph shows the probability of success under the two different strategies,
for « = 0.7 and for 0 < 8 < 1. Notice how pp > pg for all possible values of 5.




