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ERROR BOUNDS FOR COMPUTING THE
EXPECTATION BY MARKOV CHAIN MONTE CARLO

DANIEL RUDOLF

ABSTRACT. We study the error of reversible Markov chain Monte
Carlo methods for approximating the expectation of a function.
Explicit error bounds with respect to the lo-, l4- and [,.-norm of
the function are proven. By the estimation the well known asymp-
totical limit of the error is attained, i.e. there is no gap between
the estimate and the asymptotical behavior. We discuss the depen-
dence of the error on a burn-in of the Markov chain. Furthermore
we suggest and justify a specific burn-in for optimizing the algo-
rithm.

1. INTRODUCTION

We start with a probability distribution 7 on a finite set D and a
function f : D — R. The goal is to compute the expectation denoted
by

S(f) =D fla)m(x).
zeD

Let the cardinality of D be very large such that an exact computa-
tion of the sum is practically impossible. Furthermore suppose that
the desired distribution is not explicitly given, i.e. we have no ran-
dom number generator for 7 available. Such kind of problems arise in
statistical physics, in statistics, and in financial mathematics (see for
instance [GRS96] [Liu08]). The idea of approximating S(f) via Markov
chain Monte Carlo (MCMC) is the following: Run a Markov chain on
D to simulate the distribution m and compute the time average over
the last n steps. Let Xi,..., X,41n, be the chain, then we obtain as
approximation

Sn,ﬂo (f) = % Z f(XiJrno)'
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By ng the so called burn-in is given, loosely spoken this is the number
of time steps taken to warm up. Afterwards the distribution of the
generated Markov chain is (hopefully) close to the stationary one.

A Markov chain is identified with its initial distribution v and its
transition matrix P. We restrict ourself to ergodic chains, i.e. the sec-
ond largest absolute value (8 of the eigenvalues of P is smaller than one.
It is well known that the distribution of these chains reaches station-
arity exponentially (see [Bré99, RRI7, [LPW09]).

The error of S, ,,, for f € R is measured by

1/2
eu(Sn,noa f) = (EV,P |Sn,no (f) - S(f)|2) )
where E, p denotes the expectation of the Markov chain. The asymp-

totic behavior of the integration error can be written in terms of the
eigenvalues and eigenfunctions of P. It holds true that

1
lim 7 - e, (Shngs )< +—ﬁ1
n—oo 1-5

2
/113

where (3 is the second largest eigenvalue (see [Sok97, [Mat99]). The con-
stant % is optimal but this statement does not give an error bound
for finite n and also does not include anything concerning the choice of
ng. How does an explicit error bound of the MCMC method look like
where the asymptotic behavior is attained?

Let us give an outline of the structure and the main results. Section 2]
contains the used notation and presents some relevant statements con-
cerning Markov chains. Section [3] contains the new results. The explicit
error bound is developed with respect to the Ils-, l4- and [,-norm of

the function f. For [|f]|, < 1 and C = 2,/||% — 1HOo we obtain the
following. The error obeys

2, 20pv
(1=01)  n*(1—p3)%

For details and estimates concerning Iy and I, we refer to Theorem [IT]

in Section [3.3l In Section M it turns out that ny = max { Lig%@l)-‘ ,O}

is a reasonable choice for the burn-in. Then the error bound simplifies
to

ey(Sn,nm f)2 S n

2, 2
(1=05) n(1-p)p?

eu(sn,nm f)2 S n



ERROR BOUNDS OF MCMC 3

In many examples a good estimate for § can be achieved, see for in-
stance [MRO02, BD06|, BLOT]. Therefore it is straightforward to apply
the explicit error bound.

2. PRELIMINARIES

The Markov chain X, Xs,... is a stochastic process with state
space D. We identify it with initial distribution v and transition ma-
trix P = (p(x,y))syep and denote it by (v, P). For z,y € D the entry
p(z,y) presents the probability of jumping from state = to state y in
one step of the chain.

By Pf(x) = > ,cpp(x,y)f(y) we obtain the expectation of the

value of f € RP after one step of the chain starting from x € D.
The expectation after k steps of the Markov chain from z is given
by P*f(x) = Zyerk(I,y)f(y), where P* = (p"(2,y))syep denotes
the k-th power of P. Similarly we consider the application of P to
a distribution v, i.e. vP(x) = > pv(y)p(y,z). This is the distribu-
tion which arises after one step where the initial state was chosen by
v. The distribution which arises after k steps is given by vPk(x) =

> yen VWP (y, ).

The expectation E, p of the Markov chain Xi,..., X, ,, is taken
with respect to the probability measure

WV,P(:Eh ERCIS 7xn+no) - V(:L‘1>p<x1; :L‘Q) """ p(l‘n—&-no—l, :En+n0)

on D"t"_ Using this for ¢ < j we obtain a characterization by the
transition matrix

(1) E,p(f(X)f(X;) =Y _ P(fP7 f)()v(x).

xeD

2.1. Reversibility and spectral structure. We call the Markov
chain with transition matrix P, or simply P, reversible with respect
to a probability measure « if the detailed balance condition

m(x)p(z,y) = 7(y)p(y, v)
holds true for x,y € D. If P is reversible, then 7 is a so called stationary
distribution of the Markov chain, i.e. 7P(z) = m(x). Note that, if P is
reversible then P* is also reversible. Let us define the weighted scalar-
product

(f.9), = fla)g(a)m(w),

zeD
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for functions f,g € RP. Then let | f|l, = (f, f)}r/z. By considering
the scalar-product it is easy to show, that reversibility is equivalent to
P being self-adjoint. Furthermore suppose that the underlying Markov
chain is irreducible and aperiodic, this is also called ergodic. For details
of these conditions we refer to the literature, for instance [Hag02), Bré99,
LPWO09]. It is a well known fact that this implies the uniqueness of the
stationary distribution. Applying the spectral theorem of self-adjoint
stochastic matrices and ergodicity we obtain that P has real eigenvalues

1=03 > =20=>=Bp-1>-1

with a basis of orthogonal eigenfunctions u; for i € {0,...,|D| — 1},
lLe.

1 1=3
Pu; = Biu;, <ui7uj>7r_5ij—{0 i

Additionally one can see that uy(z) = 1 and S(u;) = 0 for ¢ > 0.
2.2. Convergence of the chain. The speed of convergence of the

Markov chain to stationarity is measured by the so called y2-contrast.
Let v, p be distributions on D then

The y?-contrast is not symmetric and therefore no distance. For arbi-

trary distributions it can be very large, i.e. x\*(v, u) <

v(@) _
N 1)

From [Bré99, Theorem 3.3 p. 209] we have

z— 1H , Wwhere
K o0

v

= Imax
L reD

(2) X (WP ) < % (v, 7),
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where 3 = max { 0, M Dl-1 ‘} denotes the second largest absolute value
of the eigenvalues. Let us turn to another presentation of the conver-
gence property. We have

vP*(2) — 7(z) = Z Mpk(yal')ﬂ(?/) —m(z)

=)
= > @) - 7o
_;;Egm D >—;% () ()
-3 20 @) 7))

The second equality follows by the reversibility of the Markov chain.
For simplicity let

such that altogether

m Hoo

v
(3) il = VAEWPRm) < 0[] -1

Since # < 1 we have an exponential decay of the norm with k& — oo.
We define the weighted sequence spaces for 1 < p < oo by

by = (D, m) = {f RV flp =D 1f @) n(x) < OO}-

zeD

It is clear that [, = R, since the state space has finite cardinality.

Remark 1. As we have seen the y2-contrast corresponds to the l,-norm
of the function dj. Other tools for measuring the speed of convergence
induce similar relations. For instance

ldill, = 2[[pP* — [, and [ldi]l =

v P*

P 1H |
@ o0

The total variation corresponds to the [;-norm of dj and the [,-norm

to the supremum-distance.

Remark 2. The constant (3 plays a crucial role in estimating the speed
of convergence of the Markov chain to stationarity. In general it is not
easy to handle (3, or (3, but there are different auxiliary tools, e.g.



6 DANIEL RUDOLF

canonical path technique, conductance (see [JS89] and [DS91]), log-
Sobolev inequalities and path coupling. For a small survey see [Ran06].

2.3. Norm of the transition matrix. Let us consider P and S as
operators acting on /,. Then the functional S maps arbitrary functions
to constant functions. Let

ly:=1(D,m)={g€l,:S(g) =0} for2<p< oo

The norm of P as operator on [ and [J is essential in the analysis.
We state and show some results which are implied by the Theorem of
Riesz-Thorin. For a proof and an introduction we refer to [BS8S].

Proposition 1 (Theorem of Riesz-Thorin). Let 1 < p,q,q2 < 00.
Further let 8 € (0,1) and

1 1-6 40
1_7 N il i
and
T:ly — 1, with ||T||lq1—>lq1 < M,
T:l,, — 1, with HT”ququQ < M.
Then

10, -, < 20703,

Note that the factor two in the last inequality comes from the fact
that we consider real valued functions f. In the following we show a
relation between P, P — S and [.

Lemma 2. Let P be a reversible transition matriz with respect to w
and n € N. Then

(4) [ 5”1242 = HPnngﬂzg =p".
Furthermore if 2 < p < oo then

(5) 1Py < 1P = S, _y, <2

Sl =

Proof. The self-adjointness of P implies HPngng = max {61, ’B‘E|_1 |} =
8, such that [P y_, = 4" By

1P = S, = sup [[(P" = S)flly = sup [[P"(f = S(f))ll,

fllz<1 1flly<1

< swp sup  [Pgl,= [Py

[fll2<1 [lglly<1, S(g)=0
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and
1Py ag= s |P"gl,= sw [Py S()l,
llgll, <1, S(g)=0 lgll, <1, S(g)=0
< sup [[(P" = S)f[, =[P" =5, .,
ll£1l,<1

claim (@) and the first part of () is shown. Finally, by applying the
triangle inequality of the norm

|1P" =Sy, = sup [[P"f—=Sf], <[P
Ir1,<1

=2

—lp T

+151,,

||lp—>lp

O

The next statement adds the result about the matrix norm which is
used in the proof of the error bound.

Lemma 3. Let P be a reversible transition matrix with respect to w
and n € N. Then

(6) 1Pl < 2V2 572,
Proof. By Lemma [2] we have
| P — SHlQHIZ =" and |P" - SHIOOHZOO <2

Then the result is an application of Proposition [Il, where T = P" — S
andq1:2,q2:oo,p:4thu59:%. O

3. ERROR BOUNDS

In this section we mainly follow two steps to develop the error bound.
At first a special case of method S,, ,,, is considered. The initial distri-
bution is the stationary one, thus it is not necessary to do a burn-in,
i.e. ng = 0. Secondly we relate the result of the first step to the general
case where the chain is initialized by a distribution v. The techniques
which we will use are similar as in [Rud09].

3.1. Starting from stationarity. This is also called starting in equi-
librium, i.e. the distribution of the Markov chain does not change, it
is already balanced. In the following we will always denote S,, o as S,,.
Let us start with stating and discussing a result from [BD06, Prop. 2.1

p.3].

Proposition 4. Let f € RP. Let X,,...,X,, be a reversible Markov
chain with respect to m, given by (P, 7). Then
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1 |D|—

k=
where

ap = (fw). and W(n,B) = n(l - 67) = 26:(1 = )

(1= Br)?
Proof. Let us consider g := f — S(f) € R”. Because of the orthogonal
basis the presentation g(x ) = LDll_ " aug(z) is given. The error obeys

2

(Sn7f - 7TP

Eﬂ',P

j=1
n—1 n
= %ZEEPQ(X]')Q—F %Z Z EW,P9<X]>9<XZ)
j=1

j=1 i=j+1
For 7 < 3,
|D|-1|D|-1
Eng E E akalEﬂ-Puk X) (X)
k=1 =1
|D|-1|D|-1
= E E ara; uk,P] ul>
k=1 I=1
|D|-1|D|-1 |D|-1
J—
E E aray 3] (ug, w) E a; ;
k=1 =1

where the equality of the second line is due to the fact that the initial
step is chosen from the stationary distribution. The last two equali-
ties follow from the orthonormality of the basis of the eigenvectors.
Altogether we have

ID|-1 T
e(Sn, f)? Zak n—i—QZZﬂ ]

j=11i=j+1
ID|-1 .

(n—1)8, —np2 + B!
Zak _n+2 (1= Br)? }
\D|—1

1
= > al> W(n, By).
k=1
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Let us consider W (n, ;) to simplify and interpret Proposition [l
Lemma 5. For alln € N and k € {1,...,|D| — 1} we have

2n
(8) W(n,B) <W(n, ) <
1—p
Proof. Let x € [—1,1), then we are going to show that W(n,z) is
monotone increasing, i.e. W(n, ;) < W(n, ;). Fori € {0,...,n — 1}
it is true that

"<l = (1-2)2"'<1-1 = "'+ <1+a"
Therefore
'+ T " < 2(1 + 2™,
and
n—1
sz —f—ZL‘H—l +xn—z—1 + L S n<1 +mn)
i=0

l\D|’—‘

n—1
(1+x) Za:z
=0

Now )
dW(n,x):—2(1+x)Z o ot —n(l4z")
dx (1 —x)?

and the first inequality is shown. By

>0

ndn2m e [<1,0] _ 2n

W < N <
(n,x)_{(l +o) re(0,1) T 1-=z

the claim is proven. 0

An explicit formula of the error if the initial state is chosen by the
stationary distribution is established. Let us discuss the worst case
error of S,,.

Proposition 6. Let X1,..., X, be a reversible Markov chain with re-
spect to w, given by (P,m). Then

» 148 28(1-8) 2
O) e S ) = S T = A S - By
Proof. The individual error of f is
L 7
e(Su f) = o Z Jarl* W (n, ) < =32 k_gmlwm,ﬁw
_ ||fH2 1+51 251( —B0) o2
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where @y, is chosen as in Proposition @ and therefore Z' " T ag)?

| £II5. From the preceding analysis of the individual error we have an
upper error bound. Now we consider f = w;, where obviously [|u;||, =1
and get by applying () that

1+6 26:(1-57)
n(l—7p5) n2(1-—p61)%
Thus the error bound is attained for u; and by (8) everything is shown.
O

Finally an explicit presentation for the worst case error on the class
of bounded functions with respect to |-||, is shown. Notice, that (3
is an equality, which means that the integration error is completely
known if we start with the stationary distribution. In some artificial
cases this method even beats direct simulation, e.g. if all eigenvalues
are smaller than zero or if one specific 3; < 0 and the goal is to approx-
imate S(u;). In [FHY92, Remark 3 p.617] the authors state a simple
transition matrix where (3; = for all 7. Now one could think

e(Sn,u1)2 =

ID\ 1
to construct a transition matrix where (31 is close to —1 and therefore
damp the integration error. But it is well known that this is not possi-
ble for large |D|, since 31 > —

1
|D|-1"

In the next subsection we link the results to a more general frame-
work, where the unrealistic assumption that the initial distribution is
the stationary one is abandoned.

3.2. Starting from somewhere else. In the next statement a rela-
tion between the error of starting by 7 and the error of starting not by
the invariant distribution is established.

Proposition 7. Let f € RP and g := f — S(f). Let X1, ..., Xnin, be
a reversible Markov chain with respect to w, given by (P,v). Then

(10)

n—1 n
2 _
6V(Sn,n07 f) - 67T STZ? f 2 Z Lj+n0 + ﬁ Z Z Lj+n0 (ng

j=1 k=j+1
where

=Y di(x)h(@)r(x) =Y Z ), — 7 (y)h(x)n(z).

xeD zeD yeD y

Remark 3. The proof of this identity is similar as in [Rud09], except
for the fact that we study a discrete state space and therefore integrals
become sums.

7g),
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Proof. 1t is easy to see, that

E, p |S<f) - Sn,no - ng Z Z EvP no—i—y (Xno—i-i))

7j=1 =1
n n—1 n
1 no-+j 2 U
= 322 PR vla) + 5 30 30 D P (P ) () ()
j=1 zeD j=1 k=j+1z€D

For every function h € RP and i € N under applying the reversibility
the following transformation holds true

S PR @) v(e) = 33 ) piey) 2D w(a)
7(x

xeD zeD yeD
y
= 23 S e @) n(a)
" zeD yeD y
y
= ) w(@) + o3 ~ 7(y)) hz) ()
zeD zeD yeD y
(v)
= (Ph +ZZ(— (z,y) — 7(y)) h(z) 7(x).
" zeD zeD yeD
Using this in the setting above, formula (I0) is shown. O

Equation (I0) is still an error characterization where equality holds.
We will estimate Li(h) to derive an upper bound. This depends very
much on the speed of convergence from the chain to stationarity.

Lemma 8. Let h € RP, let again f = max {4, |Bp-1|}. Then
1 v

11 Lo(R)| < 8% /|12 1/H——1H Rl

(11) [Le(h)| < B VA L

(12) L)l < 84/ = =1 - adl

Proof. Let us consider Ly(h) = (dg, h) .. After applying Cauchy-Schwarz
inequality we obtain

| Li(R)] < (Il [Pl -

By applying (B) we showed (I2). Inequality (I2Z) and [|A[, < 4/||2]] HhHl
implies ([IT).

The ingredients for getting an explicit error bound for S, ,, are
gathered together. Mainly the last Lemma ensures an exponential decay
of Li(h) which is used in the next Proposition.
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Proposition 9. Let X;,..., X, 1n, be a reversible Markov chain with
respect to m, given by (P,v). Let f € RP, g := f — S(f) and

ZBJHZ >

Jj=1 k= ]+1

Zgi+4\/_z Z 35

=1 k=j+1

1 14 2
T __1H '
RN

(1) Then for g € 1 we have

V(f; ") gma

el/(S’n,TL07 f)2 S eﬂ'(sna f)2 +

(ii) Then for g € 1§ we have

(ﬁ n)

u(Sungs £ < ealSis £12+ =225 [ = =1 ol

(iii) Then for g € 12, we have

€ (Snngs [)? < ex(Sn, f)? + %

o[z =1 sl
Proof. As we have seen in (I0) the error obeys

(13)
eu(Sn,nm f) Srm f Z Lj+n0 ’I"LE Z Z Lj+n0 gP )

Then by (II]), Cauchy-Schwarz inequality and HP’“*J' H oo = BE=I we
2 2

get
2 1 v 410 {| |2
oI = IRV et M
i 1 v n
L Y = IVl R I
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Putting this in the sums of equation (I3]) and let g = \/H 1 H \/H - 1H gno
we obtain

n n—1 n
Z ‘Lj+n0(92)‘ + 22 Z ‘Lj-i-no(gpk_jg”
j=1

J=1 k=j+1

< <o H9H2 Zﬁj *+ o Hg”Q Z Z 23"

Jj=1k=j+1

— <ollgll (Zﬁj+z 3 w) —V(B,n) - < gl

7j=1 k=j+1

Thus claim (i) is shown. Now we use (I2) and
laP*gll, < llglle [P*all, < gl [1P* gy < lgll% 5
2 2
to obtain
Lino(g)] < /|2 =187 gl

[LiinalgPg)| <[ |1Z = 1| s ligll
Exactly the same steps as in the proof of (i) follow, except for a different

g0 = y/||%—1|| 8™ and the supremum norm, i.e. assertion () is

proven. Let us turn to (). Again we use (I2)) and estimate
o7l < ol [Pl < [P g ol < 2v2 ol 55
Thus

1% i 2
Lieno(g))] < /|2 =187 gl

— v ki gy,
[Lisna(gP* ) < 2v2 |2 = 1| 854 gl
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For eq = ||% — 1“005”0 we obtain

n n—1 n
S L) + 423" S Lyt (9P g)]
j_

J=1 k=j+1

<50||9||4Zﬁj+50 ||g||42 Z W2pF

7=1 k=j+1

= co[lgll} (Zﬁ”+4f > Z ﬁ) ) -eollgll;.

Jj=1 k=j+1

Finally by substituting this in equation (I3)) everything is shown. [

In the last Proposition we introduced V' (3,n) and U(/3,n). These
functions are bounded if 3 < 1. By applying the infinite geometric
series several times the following is proven.

Lemma 10. For n € N and z € [0,1) we have

2 44/2
i-o U ana—ve

This implies that the asymptotic optimality is reached.

(14) V(z,n) <

3.3. Main Theorem. The following is the main result.

Theorem 11. Let Xy,..., X, 1,, be a reversible Markov chain with
respect to m, given by (P,v). Let f € RY and ay = (f, u).,.
Then
|D|-1
1
lim n - 6V(Sn,n0>f) lim n - (& Snaf Z | k’Q +6k

(i) If we consider f € ly then

2/ 1311/ 1% = 1.8
2 mlloo\/ ITm 0 2
€V<Sn,n07f)2 < m HfHQ + nQ(l _ 6)2 Hf”Q :
(11) If we consider f € ly then
) , | 16v2y/f|E —1f| e
€y (Snnes f)™ < (1= 5) 115+ 21— 31— /3) 115 -
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o (Sams f < ——2[FI + Y I = 1.

Proof. By (I0) and the fact that the remaining terms are going qua-
dratic to zero as n goes to infinity, we see that the asymptotic result
holds true. For f € Iy we have || f — S(f)||, < | f]|, and furthermore if
p # 2 then

1f = SO, < LFIL, + 1SCOT< AL, + 1 < 2011, -

Thus, via Proposition @, Proposition [0l and Lemma [0 everything is
shown. 0

(111) If we consider f € l, then

2 .
1£11%

Notice, that from the estimate of Proposition [ it follows immedi-
ately that

1
hm n- eu(Sn,noaf)2 S hm n- eﬂ'(Sn,noaf>2 S +—61 Hf”g .

n—oo n—oo 1— 61

Thus there is no gap between the estimate and the asymptotical be-
havior. Also notice, that the upper bounds are continuous in the sense
that if the initial distribution v is 7 then we obtain the bound of Propo-
sition [6l The dependence of the bounds of (ill) and (i) in Theorem [T
on the initial distribution is encouraging for an extension to general
state spaces. (For an introduction to MCMC on general state spaces
we refer to [RR04].) But the dependence of the initial distribution on
the estimate in the ly-case is disillusioning because of the additional
factor of ||| ..

In [Rud09, Theorem 8, p.10] a similar [,-bound of S,, ,, for general
state spaces is developed. This result holds for lazy, reversible Markov
chains and may also be applied in the present setting, i.e. if the state
space is discrete. In [Rud09] the asymptotic error limit is not attained.
Thus we could improve the error bound and weaken the laziness condi-
tion, i.e. it is enough that 8; = . In [LPWO09, Thm. 12.19, p.165] the
authors obtained for another error term a comparable bound where the
chain starts deterministically.

4. BURN-IN

Let us assume that computer resources for the MCMC method for
N time steps are available, i.e. N = n+ngy. We want to choose the burn-
in ng and the number of n such that the error is as small as possible.
The burn-in ny should be large but this implies that n is possibly quite
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small depending on how much resources we have. On the other hand
n should be large which again implies that ng is possibly small. There
is obviously a trade-off between choosing the parameters. In the next
statement we consider the error for an explicitly given burn-in, where
for simplicity 5, = .

Corollary 12. Let f € RY be given and let

e[ )

(i) Let C = W\%HNH% —1|_, then

2 9
sup €, (Spngs f)? < + .
||fufs)1 (S f) n(l—p5)  n*(1-p)>
(ii) Let C = 16v/2,/]|% — 1Hoo, then
9 1
sup €, (Snmgs f)? < + .
sup eSun IS S Y B A= V)
(iii) Let C' =2,/|% — 1|, then
) 2

2
Hfsf&pgle"w”’"“ < A (o

Note, that in the (.- and [,-case the error bound is the same. Just the
constant C' which comes in by the density is different. This suggestion
of the burn-in is justified in the following.

4.1. Numerical experiments. Suppose C' (very large), 5 (close to
one) and resources N are given. The worst case error for || f||, < 1 or
|| fll.. <11is bounded by

B 2 20 3
P o) = \/ w17 n(- By

and if we consider ||f||, <1 it is bounded by

[ o
balr, o) = V Wi-8) " a == VB

Since N = n + ng we can compute with a numerical procedure (here
using Maple) the optimal choice of the burn-in denoted by nﬁpt, Mopt
to minimize the upper error bounds. (This is a simple one dimensional

minimization problem with different parameters.)
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4

N1 B Topt nope | 0 = [log(C)/log(571)]
(by Maple) | (by Maple) (suggested above)

10| 0.9 656 656 656

10°| 0.9 656 656 656

10* | 0.99 6867 6867 6873

10° | 0.99 6873 6873 6873

10* | 0.999 8001 8001 69043

10° | 0.999 68977 68977 69043

TABLE 1. For C = 10%° where n! . minimizes

) ) opt
(2 K3 N
N> Mopt)> & = 4, 00.

bi(N —

Table [ gives a collection of typical results. It turned out that the
above suggested lower bound is almost the optimal choice. The com-
puted value n;, and ng, is almost the same as ng = [log(C)/log(37")].
In the case C' = 10* and 3 = 0.999 Theorem [I1] gives for no choice of
n and no with N = 10* an error smaller than one.

In Figure[lwe plotted by(N —nqg, ng) for different ng and e, (Sy, u1) =

145 261 (1-57)

NG~ NEIA)E Roughly spoken one may see in Figure [1 that if
the burn-in is chosen too small a vertical shifting takes place and if
the burn-in is chosen to large a horizontal shifting takes place. The

1072

_ _log(C)
0T Tog(p D)
log(C
- g = 0.88 .2},
_ o _log(C)
N0 =350
- ng = 0, init by 7 J—
) T
R -
o / -7
-
5 P
, |
10
10* 10°

N=ng+n

FIGURE 1. For 8= 0.99 and D = 10%.



18 DANIEL RUDOLF

asymptotic behavior is the same, i.e. for the long run the error of .S, ,,
converges to the error of S,. If 3 and C' are given we chose the burn-
in as suggested above. If there is an estimate of log(C')/log(57!) one
should ensure that it is not smaller than the real ratio. As seen in
Figure [ if it is slightly smaller there is already strong influence. By
choosing the burn-in too large the influence is less heavy.

Finally if there is no estimation or computation of the parameters
£ or C a simple but very efficient strategy is given by choosing n =
ng = % (for even N). In Figure & we see by(F, %), bs(N — ng,ng) and
ex(Sn,u1). In the asymptotic behavior we pay the price of a factor

107

_ _log(C)
0T Tog(p7 )
ng = %, n = %
no = 0, init by 7

!
[N
T

/

Error bound
=
o

10

10 10
N=ng+n

FIGURE 2. For = 0.99 and D = 103,

of \/5, i.e. the asymptotic error is V2 times larger than e, (Sy,u;)
where we started in equilibrium. This strategy works well and reaches
the same convergence rate as choosing the burn-in as suggested above,
which is seen in Figure 2l
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