A Central Limit Theorem For Empirical
Quantiles in the Markov Chain Setting

Peter W. Glynn and Shane G. Henderson

Abstract We provide a new proof of a central limit theorem for empirical quantiles
in the positive-recurrent Markov process setting under conditions that are essentially
tight. We also establish the validity of the method of nonoverlapping batch means
with a fixed number of batches for interval estimation of the quantile. The conditions
of these results are likely to be difficult to verify in practice, and so we also provide
more easily verified sufficient conditions.

1 Introduction

Given a real-valued random variable Y with cumulative distribution function (CDF)
F, the pth quantile ¢ (for 0 < p < 1)is ¢ = F~'(p) = inf{x : F(x) > p}. The
problem of quantile estimation is, given p, to determine ¢ = F~!(p).

We focus on the case where Y is a random variable associated with the steady-state
regime of a Markov chain. To be more precise, let X = (X; : # > 0) be a positive
(Harris) recurrent Markov chain on a general state space S in discrete or continuous
time, and denote the stationary distribution of X by . Let f : S — R be areal-valued
function defined on the state space S of X. We consider the problem of computing
the pth quantile g of the random variable Y = f(Xj), where Xy has distribution .
Under mild additional conditions, the pth quantile O, of the empirical CDF

1 t
F(,1) = ;fo 1(f(Xs) <) ds. ey
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converges to g almost surely. Our main result is a central limit theorem (CLT) for Q,.
We further show that this CLT can be leveraged to establish the validity of the non-
overlapping batch means procedure for reporting asymptotically valid confidence
intervals for g.

A CLT for empirical quantiles can be established by appealing to regenerative
theory. This is the approach taken in [1, 2, 3], for example, and indeed we use this
approach in this paper. We exploit the “1-dependent regenerative property” of Harris
processes to obtain our main results. In addition to smoothness conditions on the
target CDF at the quantile ¢, our main assumption is that the second moment of the
cycle lengths is finite. As we will show, one cannot expect the CLT to hold in general
if this condition is relaxed.

Since the conditions of our main result are hard to verify in practice, we also
provide more easily-verifiable conditions under which the required properties hold.
These conditions are Lyapunov drift criteria, together with a condition that ensures
that the target distribution is appropriately smooth at the quantile g.

Why are these particular results of interest to the simulation community? It is
known that any discrete-event simulation that is “well-posed”, in a certain precise
sense, can be modelled as a positive Harris recurrent Markov chain [4]. If the state
space of the simulation is continuous, as is often the case, then the analysis in this
paper is relevant. To buttress this point we provide an example in Section 6.

Another application area where this problem is of great interest is in Markov chain
Monte Carlo (MCMC); see, e.g., [5], [6, Chapter 5], [7, Chapter XIII] and especially
[3]. In this setting, one is typically interested in exploring a given distribution x
that is known only up to a normalizing constant. A Markov chain may be produced
whose steady-state distribution is the given distribution 7, and one then attempts to
infer properties of the distribution 7 from Markov chain simulations. Unlike most
work in MCMC, we neither assume nor require reversibility.

Quantile estimation has received a great deal of attention in the simulation com-
munity. In the case where the observations are i.i.d., [8] developed a number of
important results including bias expansions that expand on the general theory for
the i.i.d. case available in, e.g., [9, Section 2.3]. [10] derived large-deviations results
for quantile estimators and explored the use of stratification techniques in estimat-
ing quantiles. Other papers that explore the use of variance reduction techniques in
quantile estimation for i.i.d. observations include [11, 12, 13, 14, 15]. Additional
work that develops sufficient conditions for quantile estimators that employ variance
reduction techniques to satisfy a CLT includes [16, 17, 18].

In the case of estimating steady-state quantiles as in the present paper, work
includes [19], where sufficient conditions for the validity of the method of nonover-
lapping batch quantiles are presented, along with a practical algorithm for providing
a confidence interval for a quantile. Additional practical algorithms may be found
in [20, 21, 22]. Asymptotic results for the method of overlapping batch means are
stated in [23]. In closely related work, [24] gives sufficient conditions for the quan-
tile estimator to satisfy a central limit theorem in the Markov-chain setting. The
sufficient conditions ensure that the chain is geometrically ergodic through the use
of Lyapunov drift criteria, along with additional conditions on the time-dependent
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distribution of the chain. In contrast, our conditions are much weaker and we do
not require conditions on the time-dependent distribution. The sufficient conditions
of [24] permit a comparison of the bias and mean-squared error of 3 estimators of
steady-state quantiles in [25].

Perhaps the closest work to ours is [3], though that paper has a more practical
focus on estimation methods while we strive for minimal conditions for the CLT. [3]
establishes the quantile CLT and describes how to estimate the variance constant that
appears in the CLT using both batch means and regenerative methods. The central
assumption there is polynomial ergodicity of an order strictly greater than 1, which
implies that the length of regenerative cycles in Harris chains have a finite (2 + €)
moment for some € > 0 (see the proof of Theorem 5 in [3]), while we only require a
finite 2nd moment. Moreover, polynomially ergodic chains are necessarily aperiodic;
we do not require aperiodicity. Finally, [3] assumes independent regenerative cycles,
yet some Harris chains arising in practice cannot have independent cycles [26].

In early work, [27, 28] established CLTs and laws of the iterated logarithm for
empirical quantiles obtained from ¢-mixing stochastic processes. Given that ergodic
Markov chains are strong mixing [29, 30] one could apply these results to the Markov
setting. However, we believe that the hypotheses of these results are difficult to verify
in practice. The assumptions of [31] are more readily verified and were employed in
the quantile estimation context by [19], but may require stronger conditions than does
our analysis. For example, in the single-server example in Section 6 where we require
a finite second moment condition, [32] instead requires a finite moment-generating
function to verify a key assumption in [31]. Still, the machinery of [31] may be more
directly applicable to some stochastic processes than ours, so the two approaches are
complementary.

The remainder of this paper is organized as follows. Section 2 proves a CLT
for empirical quantiles under very general hypotheses. The key hypothesis there is
a uniform CLT for the empirical distribution function in a neighbourhood of the
true quantile. Section 3 proves a uniform CLT for 1-dependent sequences. Section 4
specializes the results of the previous sections to obtain the desired quantile CLT for
Harris processes in discrete or continuous time. Section 5 establishes the validity of
non-overlapping batch means, partly through the development of a Bahadur-Ghosh
representation of the quantile estimator, which may be of independent interest.
Finally, Section 6 gives some sufficient conditions for the quantile CLT to hold, and
presents a small example.

2 A Quantile Central Limit Theorem
Given a real-valued stochastic process (W(¢) : t > 0), let

F(.1) = t_lf 1(W(s) <-)ds
0
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be its empirical CDF. For a real-valued process (Wi : k =0, 1,...) in discrete time,
define W(t) = W|;) and F(-, ) as above.

For any fixed x € R, we say that F'(x, -) satisfies a CLT if there exist constants
o?(x) > 0, F(x) such that for any y € R

'2[F(x,1) = F(x)]
(5%

Sy)—‘b(y)—>0

as t — oo, where @ denotes the distribution function of a standard normal random
variable. If this CLT holds, then the pointwise convergence is uniform in y, i.e.,

sup
y

1/2 _
P(t [F(x,1) = F(x)] Sy)—(D(y)’—>O
o(x)

ast — oo; see, e.g., [9, p. 18].
We say that F (-, -) satisfies a CLT uniformly in the set N if

sup sup
xXeN Yy

1/2 —
P(l [F(x.1) = F(x)] Sy)_m)‘ﬁo @
o(x)

ast — oo,

Theorem 1 Fix g € R and suppose that F (-, -) satisfies a CLT uniformly in an open
neighborhood N of q. Suppose further that F(-) is differentiable at q, F'(g) > 0,
0'2(q) > 0 and o*(-) is continuous at q. Let p = F(q) and let Q; = F‘l(p, 1) =
inf{x : F(x,t) > p} be the pth quantile of F(-,t). Let

G(y,t)zp[w< ]

a(@/F'(q)
Then G(-,t) > O ast — oo.

Proof We employ a similar proof to the one for empirical quantiles in the i.i.d. case
given in [9, p. 78]. Define g; = ¢ + />0 (q)y/F’(g). Then

G(y,t) =P[O; < q/] =Plp < F(q;,1)],

since for any cumulative distribution function H and arbitrary real x and u € (0, 1),
H '(u) < x ifand only if u < H(x) [9, Lemma 1.1.4(iii)]. Now,

t1/2F(QtJ) - F(q:) S t1/2P_F(Qt)
o(qr) B o(qr)
=PWU(gst) 2 —y;),

Gyt) =P

where
t"2(F(z,1) — F(2)) _t'2[F(q,) - p]

Uiz = ) and Y= T

and so
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O(y) -G(,t) =PU(gr,1) < =y:] = (1 = D(y))
= [PIU(qs, 1) < =y:] = P(=y)] + [D(y) — D(ys)]. 3)

We now show that the two bracketed terms in (3) converge to 0 as r — co.
For the first term in (3), for ¢ sufficiently large that g, € N,

[P(U(gs,1) < =y1) = @(=y)| < sup  sup [P(U(x,1) <w) = D(w)|.

XEN —co<w <0

The uniform CLT assumption ensures that this term converges to 0 as t — co.
To show that the second term in (3) converges to 0, it suffices to show that y, — y
ast — oo, Since F is differentiable at g,

F(q:) —p=F(q)-F(q) =F(q)q: —q) +0(q: - q),
where a quantity r; is said to be o(h;) if r;/h; — 0 ast — oo. Thus,

_F @t -q) _a@y+o(l)
0'(6]1) O'(C]t)

t

ast — oo. Since 0(g;) > 0(g) >0ast — oo, y; — yast — oo.

3 A Uniform CLT for 1-Dependent Sequences

The key ingredient in Theorem 1 is the uniform CLT. In this section we establish a
uniform CLT for 1-dependent processes. We then apply this result to Harris processes
in Section 4.

Let Z(0) = (Z,(0) : n > 1) be a stationary sequence of real-valued, 1-dependent,
mean 0 random variables for each 6 € ©. Let

NOEDIWAGE
i=1

It is well known that if EZ12(0) < oo and
n*(0) = EZ{(0) + 2EZ,()Z2(6) > 0

then as n — oo, we have the CLT

S (6) )
P < -d — 0.
@@W oW

We seek a uniform (in 6) version of this result, which requires a linking assumption.

yEeR

A1l The family of random variables (212 (@) : 6 € ®) is uniformly integrable.
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Theorem 2 Let Z(0) and n°(0) be defined as above for all 6 € ®. Suppose that
Assumption Al holds and n*(9) is bounded away from 0 for 6 € ©. Then, as n — o,

5,(6) ) ‘
P < -0 0.
(n(e)x/ﬁ et I

We need some preliminary results before proving Theorem 2. First, we show that
in proving a uniform CLT, we can ignore terms that are uniformly small in 6. The
proof is an extension of that of the converging together lemma [9, p. 19] and omitted.

Lemma 1 Let U, (0), V,,(0), W, (0) and X,,(0) be real-valued random variables for
alln > 1 and all 6 € ©O. Suppose that for all n > 1 and all 6 € O, X,,(0) =
U, (0)V,,(0) + W,,(0). Suppose that for all € > 0,

sup sup
0@ yeR

lim supP(|U,(8) — 1| >€) =0 and lim supP(|W,(6)| > €) =0, and
6cO n=%ge

n—oo

lim sup sup |P(V,,(0) < y) —G(y)| =0
n=%gee vy

for some distribution function G. Then (X,,(-) : n > 1) satisfies

lim sup sup [P(X,,(8) < y) — G(y)| = 0.
n=®ge@ y

Lemma 2 is a special case of Theorem 18.1 and Corollary 18.3 of [33].

Lemma 2 Suppose that (U, : n > 1) is an i.i.d. sequence of r.v.’s with mean 0 and
variance 1, and let N denote a standard normal random variable. Let g(x,a) =
x21(|x| > a), and G,, denote the distribution function ofn_l/2 :’:1 U;. Then

1 n
Eg| — Ui,a|-Eg(N,a)
(‘/ﬁ; )
2. sup |G (y) — ©(y)| < cby,
y

1. < ¢b,, and

where the constant ¢ does not depend on a, n, or the distribution of Uy, and

— 2.772 2
6n = inf (e + BIUT; UT > né?).

Let Z(0) = (Z,(0) : n > 1) be ani.i.d. sequence of real-valued random variables
with Z; () having the same distribution as Z; (6) for all # € @. Define the variance
y*(0) = BZX(0), and for n > 1let §,,(0) = X", Z:(6).

Lemma 3 (Uniform integrability assuming independence)

Under the conditions of Theorem 2, as n — oo,

S§2(0) .
sup E "2( ) :82(0) > ny*(@)a, | — 0
0c® [ny*(6)

for any sequence of positive constants {a, } with the property that a, — coasn — oo.
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Proof Fora > 0, define g(x,a) = x2I(|x| > a), and let N denote a standard normal
random variable. Since EN?2 < oo, Eg(N,a,) — 0asn — oo. Part 1 of Lemma 2
implies that

5,(60)
Eg < cd, (0
(«H(e) con(®).

where c is a constant that does not depend on a,, n or 6 and

) Eg(N, an)

: Z3(0) > ne*y*(9)

2(0) = inf E
0,(6) eé{%),l](e_’_ 2(9)

) : “)

We assumed that 772(6) is bounded away from 0, and therefore so is y*(8), since
7°(6) = ¥*(0) + 2EZ1(6) Z2(0) < v*(0) + EZ{(6) + EZ;(6) = 3%°(6).

Let y> > 0 be a lower bound on y?(8) over 8 € @. It follows that the second term in
the infimum in (4) is bounded above by

Y EIZ{(60); Z1(0) > ne*y*] = y*E[Z{(6); Z1 (0) > ne*y?].

If we now choose € = €(n) in such a way that neX(n) —» coand e(n) — 0asn — oo,
then A1l ensures that supyg 6, (0) — 0 as n — oo, proving the result. O

Lemma 4 (Uniform integrability assuming 1-dependence)

Under the conditions of Theorem 2, as n — oo,

2
supE[ n(0) :S2(6) > nn (H)an] -0
0e® 2(9)

for any sequence of positive constants {a, } with the property that a, — coasn — oo.

Proof We can write

n n

$n(6) = Zi@®)+ . Zi(®)

1,7 odd i=1,i even

S (0,1) + 5,(6,2) (say).

Let M, (6) = max{|S,, (6, 1)],15,(6,2)|} so that S2(6) < [2M,,(6)]>. Now, |S,,(8)| >
u implies that 1S,,(8,1)| > u/2 for at least one of i = 1, 2, which is, in turn, equivalent
to M,,(8) > u/2. Thus,

57(6)
nn(6)’

M; ()
HON

2, 4820,
sZ [ 2((0;), $2(6,1) > nn (e)an/4] 5)

:S2(6) > nny (e)an] < [ : M2(6) > nnp (9)an/4]
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We now apply Lemma 3 to each of the summands in (5) to complete the proof. We
use the fact that each of the summands consists of essentially #/2 terms, and also
that y>(8)/57%(0) is bounded away from 0 and bounded above. ]

Proof (of Theorem 2) We use the “big block, little block” argument (e.g., [34, Theo-
rem 7.3.1]) to reduce the problem for 1-dependent summands to one for independent
summands. The big blocks are sums of consecutive Z;(6)s, which are separated by
small blocks of size 1 that ensure, together with 1-dependence, that the big blocks
are independent. When the big blocks grow at an appropriate rate with n, the result
follows. Let m,, = [n® ] be the size of the blocks, where a € (0, 1). Let k,, = [n/m,, |
be the number of big blocks. For 1 < j < k,,, define the jth big block to be

jmu—1
Li@m= > ZO).
i=(j=D)mp,+1

Then forn > 1,

kn kn n
Su(0) = Y T (01 + D Zim, O+ > Zi(6)
i=1 j=1

J i=k,m,+1

=S,(0)+ S/ (0) + S, (0) say.

The hypothesis of 1-dependence ensures that for n sufficiently large, the I';(6,n)s
are i.i.d. (in j). Furthermore, so are the Z;,,, (6)s provided that m,, > 1, which is
again assured for n large enough. For any € > 0 and » sufficiently large that m,, > 1,

MO ES/(0)*  kay?(6)
P(U(H)\/ﬁ g 6) =0 0) = nent ©

where 7% > 0 is a lower bound on 7%(6) over 6 € ©. Assumption Al implies that
¥2(0) is bounded above, so that (6) converges to 0 uniformly in § € ® as n — oo.
Similarly, we can show that S,/”(6) does not figure in the asymptotics (uniformly in
6 € ©). So by Lemma 1 it suffices to show a uniform CLT for n=1/25 (8) /5(6). Let

v2(0) = Var[;(6,n) = (m, — )n*(0) — 2EZ1(0) Z»(6)

be the variance of the big blocks. Applying Part 2 of Lemma 2 to a normalized
version of S, (0), we get

sup |P < co,(6),

yeR

(S0 ) o0,
Vi (0)Vkn

where c is a constant that does not depend on # or 6, and

I2(6,n)
v (6)

5n(6) = iFOfl] (e +E :T(0,n) > kne*v? (H)D . (7
€0,
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Now choose € = €(n) in such a way that k,, €*(n) — oo and e(n) — 0 as n — oo.
We then apply Lemma 4 to the second term in the infimum in (7), using the facts
that I'1 (6, n) = S,,,(6) and v,% (9)/(mn7]2(0)) — 1 as n — oo uniformly in 6. We
can then conclude that (7) converges to O uniformly in 8 as n — co.

To complete the proof, observe that

S$p(0)  S,(0) _ Bul6)S,(0)
vV, OV v, (O)Vk,

where 3,,(8) — 0 as n — co uniformly in 6. Thus,

L (0)S (0 ES’ (6) B2 (6 (0
P(ﬂ()"()>e)s L0210 FO)
Vn(g)\/E knvy(0) € €
as n — oo, uniformly in . The result now follows from Lemma 1. O

4 A Quantile Central Limit Theorem for Harris Processes

We now specialize the preceding results to positive-recurrent Harris processes X
on state space S in both discrete and continuous time. These processes possess 1-
dependent structure that we exploit. Suppose that S is a complete, separable metric
space equipped with Borel sigma algebra S. We assume without further comment
that if X is a continuous-time process, then it is non-explosive and strong Markov,
and that its sample paths are right-continuous with left limits. (See [35, pp. 198-206,
407-410] for background.) Let P, and E, be the probability and expectation over
path space when Xy = x. We first define a Harris chain in discrete time.

Definition 1 We say that X = (X, : n = 0,1,2,...) is a Harris chain on (S, S) if
there exists a set C € S, ay > 0, a probability measure ¢ and an m > 1 such that

A2 Py(X,, € A) >yp(A)forall x € Candall A € S, and
A3 Py(X, o I(X, €C)=0c0)=1forall x €S.

Harris processes in continuous time can be defined as follows.

Definition 2 We say that X = (X; : t € [0,00)) is a Harris process on (S,S)
if there exists a probability measure v on (S,S) such that whenever v(A) > 0,
Po([~,1(X, € A) = o0) = I forall x € S.

A Harris process X in discrete or continuous time automatically possesses a
unique (up to a multiplicative constant) stationary measure x. If 7(S) < oo, then we
can normalize 7 to a probability and we then say that X is positive Harris recurrent.

Harris processes are regenerative. For Harris chains (in discrete time), regenera-
tion times can be defined through the famous split-chain construction; see [36] for
a complete treatment. For Harris processes (in continuous time), regeneration times
can be defined using the fact that Harris processes in continuous time observed at
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the event times of an independent homogeneous Poisson process are Harris chains
(let us call the resulting chain the sampled chain), and then using the split-chain con-
struction as discussed in [37]; see also [35, p. 199]. (Asmussen uses a non-standard
definition of Harris recurrence in continuous time, but the basic ideas are present.)
Here we sketch the key ideas behind this construction of regeneration times, as we
will need the construction later.

Let (A(i) : i > 0) be the event times in a homogeneous Poisson process that
is independent of X, where A(0) = 0, and let N(r) = max{i > 0 : A(i) < ¢t}
for t+ > 0 be the associated counting process. Define X = Xy for i > 0. Then
X = (X; :i > 0) is an embedded discrete-time Harris chain.

Proposition 1 Let ()? n.n=0,1,2...) be the sampled chain as constructed above
from a unit-rate Poisson process. Then we may assume that A2 holds with m = 1.

Proof Sample the Harris process X = (X; : t € [0,00)) at the event times of a
Poisson process with rate 2 that is independent of X to obtain a sampled chain
X = ()?n :n=0,1,2,...). The sampled chain X then satisfies A2 for some m > 1,
C and y > 0. Thus, for all x € C, Px(Xm €-) =2vp(),ie.,

S zmtmflefb
fo pr(xz € ) dt =2 yp(").
We can find some ¢ > 0 so that

zmtm—le—Zt
T o (m=-1)!

ce™!

for all r > 0, and it follows that for all x € C,
f e P(X, €yt > Lo,
0 C

ie., Py(X; € ) > (y/c)e(-) forall x € C, as required. ]

Turning to the construction of regeneration times, if the chain is to be initiated
with distribution ¢ then define 7(0) = 0 (the “zeroth” regeneration time), set the
number of complete regeneration cycles ¢ = 0, a counter of “attempted splits” n = 0,
the “wall clock time” ¢ = 0 and generate X, from ¢. Otherwise, set T(—1) = 0, set
the number of complete regenerative cycles £ = —1, the counter n = 0 and ¢ = 0,
and generate Xj from the desired distribution of the process X at time 0. Next,
generate (X1, Xa,...,Xy), where N = inf{j > O : Xj € C} is the (discrete) first
hitting time of the set C. Also generate the (continuous) time process X up to time
A(N) from its appropriate conditional distribution. Next, independent of all else,
set n = n + 1 and generate a Bernoulli random variable I,,, with P(I, = 1) = y. If
I, = 1, then a regeneration occurs on the next (discrete-time) step, so set £ = € + 1,
set the {th regeneration time 7'(¢) equal to A(N + 1), the time of the next event in the
Poisson process beyond time A(N), and generate X according to ¢. If I, = 0,
then generate X, according to (P(x,-) —y¢(-))/(1 —v), where P is the transition
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kernel for the sampled chain and x = Xuy. Then generate the (continuous-time)
intervening values (X; : A(N) < s < A(N + 1)) from the appropriate conditional
distribution given the endpoint values. Set the “current time” t = A(N + 1) and
repeat this process, thereby inductively constructing the continuous time process
and its regeneration times (7' (k) : k > 0).

In the remainder of this section we exploit the fact that Harris processes are
regenerative. In order to simultaneously treat Harris processes in both discrete and
continuous time, in the remainder of this section we view a Harris chain (X,, : n > 0)
as a continuous-time process (X, : ¢ > 0) where X; = X|;). Such a process is no
longer a Markov process, but it is regenerative.

Fori > 0,let ; = T(i) — T(i — 1) be the length of the ith regenerative cycle, and
define the ith cycle to be W; = (X7(i-1)+s : 0 < s < 73, 7;). As discussed in [35], the
cycles (Wy, Wy, Wa, . ..) are 1-dependent and the cycles (W;, Wy, .. .) are identically
distributed. This structure allows us to define the stationary measure 7 as follows.

For a function g : S — [0, o) define, fori > 0, ¥;(g) = fTT(El_)l) g(Xs) ds. Define
Y:(g) for signed g by splitting g into its positive and negative components. Now,
for A € S, define 7(A) = E[Y;(1(- € A))]. Then n(S) = Ety, so that x has finite
total mass and the process is positive Harris recurrent if and only if Er; < co. We
now restrict our attention to the positive Harris recurrent case, and normalize n to a
probability measure by redefining 7(A) = E[Y; (1(- € A))]/ET. Also,forg : § — R,
define 7(g) = fs g(x)m(dx).

Now, let f : § — Rand forreal x and ¢ > 0O, let F(x,t) = ! fot 1(f(Xs5) <x)ds
be the empirical distribution function at time ¢. The strong law for positive Harris
recurrent processes (see, e.g., [35, p. 203]), asserts that F(x,1) — F(x) ast — oo
almost surely, where

T(1)

E T(0)

1(f(Xs) < x) ds
F(x) =n(L(f() <x)) = Er, :

Also, let O, be the pth quantile associated with F'(-,¢) and g be the pth quantile of
F. Our goal in this section is a CLT for Q;.

Fort > 0, let £(¢) = max{k : T(k) < t} be the number of identically-distributed
cycles completed by time ¢ and let 1 = 1/Et;. Also, for i > 1, define the cycle
quantity

T (i)
Zi(x) = f [1(f(Xs) £ x) — F(x)] ds.
T(i-1)

Lemma 5 Suppose that Bt} < co. Then
1 (A1)
Vi(F(x,0) = F(x) = — ) Zi(x) + R(x 1)
Vi 5
where lim;_,, sup, P(|R(x, )| > €) = 0 for any € > 0.

Proof Observe that
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t
1(F(x,1) - F(x)) = fo [1(f(Xs) < x) = F(x)]ds
T (&)
=0(1) + f(o) [L(f(Xs) < x) = F(0)]ds + O(tey+1) (8)
T

where O(x) denotes a value z such that |z] < cx for some constant ¢ > 0. We can

then write (8) as
110

" Zi(x) + Oz + Te0y41). ©)
i=1
Now, (Z;(x) : i > 1) is a 1-dependent, identically distributed sequence of random
variables, and

Var Z; (x) = EZZ(x)
2

T)
=E(f [Mﬂ&)ém—Fun)
T(0)

2

T(1)
< E(f [1(f(Xs) < x) —F(X)IdS)
T(0)

< Er{. (10)
From (9) we see that

£(1) LAt]
R(x,0) =720 + 10ye) + 172 Ze) =72 Y Zu(x). (D)

i=1 i=1

The first term on the right-hand side of (11) does not depend on x, and furthermore,
converges almost surely to 0 as n — oo; see, e.g., [36, p. 420]. So it suffices to study
the second and third terms on the right-hand side of (11). We use a modification
of a standard argument (see, e.g., [36, p. 420] or [34, p. 216] for the standard case)
that accounts for the 1-dependence of the sequence (Z;(x) : i > 1) and our goal of
uniformity in x. Let € and ¢ be arbitrary positive quantities. Then

£() (1]

P( Z Z:(x) - Z Z:(x)| > ez1/2)
i=1 i=1
o) LAz]
< P(Zzi(x) - Z Z:(x)
i=1 i=1

£(1) Lz]
+P

> et |(t) - At| > &)

Dz - )z

i=1 i=1

> et |e(t) — At < 5;)
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k
Z Z:(x)| > etl/z)
i=1

< PL(t) - At] > 61) + P(rgé%

k
< B(I6@) - Al > o0 + B(max| > Ziw)| > e?2
k=1 T odd
61| <
+ P | max Z Zi(x)| > et'?)2 (12)
k=1 i=1,i even

(5t + 1) Var Z; (x)
€2t/4

< P(l6(r) — At] > ot) + (13)
where (13) follows from Kolmogorov’s maximum inequality; see, e.g., [34, Theorem
5.3.1]. We add only over odd cycles or even cycles, so the terms in the sums in (12)
are independent, and there are a total of at most 6 + 1 terms. Now choose 6 = e,
so that the bound (13) becomes

P(|€(t)—At| > 61)+4(e+e t7) Var Z;(x) < P(|0(t)—At| > 6t)+d(e+e 2t )Er?.

This bound does not depend on x, and a standard renewal-theoretic result ensures
that £(¢)/t — A ast — oo almost surely and hence in probability. Since € > 0 was
arbitrary, this completes the proof.

The representation given in Lemma 5 is sufficient to obtain a CLT for F(x, -) for
any fixed x. In particular, using a CLT for 1-dependent sequences and assuming that
Et} < oo we see that VI(F(x,1) — F(x)) = o (x)N(0, 1) as t — oo, where

EZ}(x) + 2BZ;(x) Z2(x)

o’ () = En

To apply Theorem 1 we need o-2(-) to be continuous in a neighborhood of ¢. To this
end we have the following result.

Lemma 6 Suppose that E‘rl2 < oo and that F is continuous at q. Then o*(-) as
defined above is continuous at q.

Proof Since F(-) = Pr(f(Xo) < -) is continuous at g, it follows that P, (f(Xp) =
g) = 0. But then, for all i > 1,

T(i)
E [rion 1 (Xs) = q) ds

ETl ’

0=Pr(f(Xo) =¢) =

so that E TT(EI'_)I) 1(f(Xy) = q) ds = 0. It immediately follows that Z: (x) — Zi(q)

as x — g almost surely for any i > 1. Hence

Z7(x) +2Z1(0) Za(x) = Zi(q) +2Z1(9) Z2(q)
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as x — ¢ almost surely. Furthermore, Ile(x) +2Z1(x)Zr(x)| < 712 + 2711 for any
x and E(‘rl2 +2111) < 3E1'12 < 0. The dominated convergence theorem then gives

E(Z} (x) +2Z1(x) Z2(x)) . E(ZH(q) +2Z1() 22(q))

2 —
7 (X) - ET1 ET1

a*(q)

as x — g as desired. O
We are now in a position to state and prove the main result of the paper.

Theorem 3 Suppose that ]E‘z']2 < oo, F is differentiable at g with F'(q) > 0 and
0'2((]) > 0. Then, ast — oo,

‘/;(Qt -q)

N, 1).
@ Fg - NOD

Proof Lemma 6 together with the assumption that 0'2(q) > 0 ensures that 0-2(-) is
bounded away from 0 in a neighborhood N of g. Furthermore, the random variables
(Z1(x) : x € (=00, 00)) are uniformly integrable, as can be seen from (10). These
observations, together with the representation given in Lemma 5 and Theorem 2
ensure that the uniform CLT holds, i.e.,

1/2 _
P(r [F(x.1) F(")]Sy)-qu)‘—m
o(x)

sup sup
xXeN y

as t — oo. The result now follows from Theorem 1. 0O

Remark 1 The following example indicates that we cannot relax the assumption that
IE‘rl2 < oo. Let 7y, 7, ... be i.i.d. nonnegative random variables where 0 < E1; < oo
and]E‘rl2 =oco.Forn>1letT(n) =17 +---+71,and let T(0) = 0. Forr > 0
let £(t) = sup{n : T(n) < t} be the number of completed cycles by time . Let
X; =t—-T((t)), so that X = (X; : t > 0) is the age process associated with the
renewal process (€(t) : t > 0). Take f to be the identity function, and note that

E [ 1(Xs < x) o Blxam
S =
En Etny

F(x) =

s

where a A b = min(a, b). To simplify things, we assume that 7; > 1 a.s., so that for

x € [0,1], F(x) = x/E1y. Choose p € (0, 1/E7y) so that g = F‘l(p) = pEr < 1.
Then for y € R and ¢ sufficiently large that ¢ + yt~'/? < 1,
P01 -q) <y) =P(Qr < g +yi7'?)

=PB(p < F(g+yr %) (14)

=P(pr <[g+yr™'?10@) + Ry), (15)

where R, = (g + yt~"/?) A X,. Equality (14) follows from [9, Lemma 1.1.4], and
(15) since tF(x,t) = x£(t) + x A X, for x < 1. Now, since g = pETy,
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3/2
P(t'*(Q; - q) <y) = (;(—) - pEtyVt - % < y)
P(p_tt—f(t)En ~ RVt <y)

(ot @) ~
£(1)
_ pt X; Rt
- (f(r)\[z(’ ST V- Sy)' (16

Now, t/£(t) — Bt as t — oo a.s. Furthermore, the set of random variables
(X; :t > 0) is tight (see [38, Proposition 1] and [39, Proposition 9]), and so

pt X, RVt

Vi o

as t — oo. Thus, from the converging together lemma (e.g., [34, Theorem 4.4.6
and corollary]) and (16), '/2(Q; — q) converges in distribution to a normal random
variable if and only if

(1)

12 (- En) (17)
i=1

converges in distribution to a normal random variable. From [38], (17) converges in
distribution to a normal random variable if and only if £ 7'12 < 00, so the desired CLT
does not hold. The other conditions of Theorem 3 are easily seen to hold for this
example. Thus, the condition Erlz < oo is, in a certain sense, sharp.

5 The Validity of Non-Overlapping Batch-Means Estimation

Theorem 3 establishes conditions under which the quantile estimator Q, is asymp-
totically normally distributed. One would like to leverage this result to provide
confidence intervals for g. Constructing such confidence intervals by directly es-
timating the variance constant o-(q)/F’(q) is difficult, because both terms in this
expression are challenging to estimate. Indeed, regenerative estimators of o (g) re-
quire the ability to identify the cycle boundaries (T'(i) : i > 0), and this is, at
best, extremely difficult in general discrete-event simulations [26]. Furthermore, the
density term F’(g) requires some form of density estimator, and such estimators
typically converge at a rate that is slower than the canonical +~!/? rate [40].

An alternative is the method of non-overlapping batch quantiles; see, e.g., [24, 41].
In this method, the sample path (X : 0 < s < ¢) is divided into b batches, with the
ith batch given by (X5 : (i —1)t/b < s <it/b),i =1,2,...,b.Let F; (-, t) denote the
empirical CDF based on the ith batch, so that

b it/b
Fi(x,1) = ;f( 1(f(Xs) < x) ds,

i-1)t/b
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forall x e Randalli = 1,2,...,b. Let Q;(¢) = Fi‘l(p, t) be the estimator of the
p quantile based on the ith batch. Theorem 3 basically establishes that, for each i,
Q; (¢) is approximately normal. If, in addition, Q; (¢) is asymptotically independent of
Q;(t) fori # j, then standard confidence interval theory ensures that an approximate
100(1 — @)% confidence interval is given by

— Sb

Ot) £1q,p1 7

where O(t) = b} Z?:l Q;(¢) is the average of the batch quantiles, si is the sam-
ple variance of Q(¢), Q2(¢),...,0p(t), and t, p-; is the 1 — @/2 quantile of a ¢
distribution with b — 1 degrees of freedom.

This procedure is rigorously justified through a joint CLT for (Q;(#) : i =
1,2,...,b), which we provide in Theorem 4 below.

Quantile estimators are known to exhibit bias, with the bias being on the order of
the inverse of the runlength [8]. Accordingly, the estimator Q(¢) has a bias that can
be expected to be approximately b times as large as that of the estimator Q; of the
quantile based on the entire length-# sample path. The coverage of the confidence
interval (18) can be expected to be improved if the average of the batch quantiles
O(1) is replaced by Q;. The asymptotic validity of confidence intervals constructed
in this way is assured through the joint CLT, Theorem 4, and a result that establishes
that Q, and Q(¢) are “close” in the sense that 11/2(Q, — O(t)) = 0 as t — oo. This
latter result is a direct consequence of Proposition 2 below, which gives a so-called
Bahadur-Ghosh representation of quantile estimators in the Markov chain setting.

Our first result in this section provides a representation for the batch empirical
CDFs along the lines of Lemma 5. The proof follows almost exactly the same lines
as that of Lemma 5, using a vector version of Lemma 1, and so is omitted.

(18)

Lemma 7 If ET? < oo then for x € R?,

Fi(x1,1) = F(x)) oy Zi(x)

Fa(x2,1) = F(x2) S Zi(x2)
! . _ ! J=ta1 + R(x.1),

ERl

Fp(xp,t) — F(xp) ?i(b—l)lﬂ Zi(x2)

where | = | At/b] and the vector-valued error term R(x,t) satisfies, for any € > 0,

tlim supP(||R(x,1)|| > €) = 0.

The next result is a vector version of the uniform CLT, Theorem 2. The proof is
very similar to that of Theorem 2 and so we only provide a sketch of the proof.

Lemma 8 Let (g1, ¢, . ..,qp) € RP and let N; be an open neighbourhood of q;
for eachi = 1,2,...,b. Let N = N;y X Ny X -+ X Np. IfET2 < oo and n(x) =
]Ele(x) + 2E[Z(x)Z>(x)] is bounded away from O for x € Uf.’lei, then
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-0

sup sup
xeN yeRb

n(xi)VI

il b
Lo Zi(x;)
P( j=(i-1)I+1 “J A Syi,izl’z""’b)_l |(D(yi)
i=1

ast — oo, wherel = [(t) = [ At/b].

Proof (Sketch) Within each batch, apply the “big block little block” argument to
obtain asymptotic (marginal) normality, as in the proof of Theorem 2 for each batch.
To obtain the desired asymptotic independence, drop the last cycle in each batch,
i.e., write the ith batch sum as

=1 25 o Zi(0) L Zin(xi)
I n(x)VI =1 n(x)VI

and now apply the matrix version of Lemma 1. O

Theorem 4 Suppose that Et> < co. Suppose further that F(-) is differentiable at q,
F'(q) >0, 0%(q) > 0 and o*(") is continuous at q. For y € R let

Vt/b(Q;(t) — q) <
——————= < yui
o(q@)/F'(q)

Then G(y,t) — Hf’zl O(y;) ast — oo.

G(yst):P( =1,...,b .

Proof The proof is very similar to that of Theorem 1. Define

o (q)yi

qt,i =4+ ————,
' F"(q)Ni]D

fori =1,2,...,b. Then

Gy, 1) =P(Qi(t) < grii = 1,2,...,b)
=P(p < Fi(q,i-1),i=1,2,...,b)
=PUi(gr,i,t) 2 =yrisi = 1,2,..., D),

_ [tFED)-F(@) o |t F(gni)—p
Ui(z,1) = \/;—U(Z) and y,; = \/;—U(qm) :

Defining ®(a) = 1 — ®(a), we have that ®(a) = ®(—a), and so

where

b b
G0~ [ [ @00 = PWilgint) = =yiii=1,2....0) = [ [ ®(=y10)
i=1

i=1
b b
+[Jeonn -] Joon.
i=1 i=1
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The first line of the right-hand side converges to O by the uniform law of large
numbers. The second line converges to 0 because y; ; — y; ast — oo. O

This is the desired multivariate CLT. Thus batch means using the average of the
batch quantiles is asymptotically valid.

Recall that if t'/2(Q, — O(t)) = 0, then we can replace the average of the batch
quantiles, Q(t), in the joint CLT above with Q;, the quantile estimator based on the
entire sample path. We now establish the Bahadur-Ghosh representation

F -F
0, = q- LD 1 ko (19

where t'/?R(t) = 0 as t — oo. Applying this representation to each batch, i =
1,2,...,byields
_Fi(g.1) - F(g)

gy RO,

Qi) =q

and averaging gives

. F@n-F@ 14
Q(r)—q—Tq)+5;Rl<t>

1 b
=0, - R(1) + E;Rim

which gives the desired result. It therefore remains to prove the Bahadur-Ghosh
representation. We first state a lemma due to [42], and then prove the representation.

Lemma 9 ([42])

Let (v, :t > 0) and (&; : t > 0) be two stochastic processes satisfying the
following conditions.

1. The process (&; : t > 0) is tight, i.e., for all 6 > O there exists M > 0 such that
P(&] > M) < 6.
2. Forally e Rand h > 0,

tlim P(v; <y, 2y+h) = tlim Plvi 2y+hé <y)=0.

Thenv, — &, = 0ast — oo.

Proposition 2 Suppose that F is differentiable at q with F'(q) > 0 and Et* < co.
Then the Bahadur-Ghosh representation (19) is valid.

Proof The essential elements of our proof are similar to those in [42] for the i.i.d.
case. Let y € R be arbitrary. As in the proof of Theorem 1, the events {t'/?(Q; —¢) <
y}and

{=t"2(F(q+1t7"2y,1) = F(g+1t7%y)) < t"2(F(q +1t7"%y) - p)}
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are identical.
The differentiability of F at g ensures that tl/z(F(q+t‘1/2y) -p) =F'(q)y+o(1)
as t — oo. Furthermore,

2 (F(qg+17"2y,t) - F(qg +17'2y)) =t'2(F(q,1) - F(q)) + V(1),
where the remainder term V (¢) is given by
t'2(F(q+ 12y, 1) = F(qg+17'%y) = F(q,1) + F(q)).

The proof will be complete if we show that V() = 0 as t — oo. (To see why, take
vi = 1"2(Q; — q) and &, = t'/2(F(q,1) - F(¢))/F’'(q) + V(1)/F’(¢) in Lemma 9
above.)

From Lemma 5, we can write

L4z]

vy =23 i) + RQ),

i=1

where the (mean-zero) cycle-term W; (t) = Z; (g +t"'/?y) — Zi(¢) and R(t) = 0 as
t — oo. Chebyshev’s inequality then gives that for arbitrary € > 0,

P (
(20)

Now, exactly as in Lemma 6, for any fixed i, W;(t) — 0 as ¢t — oo as., and
[W;(#)| < 1, and so dominated convergence ensures that the right-hand side of (20)
converges to 0 as t — oo, thereby completing the proof. O

LAz

Y Wi

i=1

1
> e) < (LALIEW] (1) + 2(LAt] = DEIW1 ()Wa(1)]) .

Remark 2 The Bahadur-Ghosh representation immediately provides a weak law of
large numbers for the quantile estimator Q, as well as the means to prove a CLT for Q,
based on the empirical CDF. It is natural to ask why we did not use this representation
earlier in our development. An inspection of the proof of Proposition 2 shows that
the essential elements of the proof are the same as those we developed in earlier
sections, so it does not appear that there is anything to gain from doing so.

6 Sufficient Conditions

The assumptions of Theorems 3 and 4 are difficult to verify as stated. In this section
we provide sufficient conditions for some of those assumptions that are often more
easily verified in applications. Where possible, we try to give a unified treatment
of both discrete-time and continuous-time Harris processes. Let (X; : ¢+ > 0) be a
Markov process in discrete or continuous time as defined in Section 4. (Recall that in
continuous time we assume that the process is non-explosive, strong Markov, and has



20 Peter W. Glynn and Shane G. Henderson

sample paths that are right continuous with left limits.) We begin with the condition
that the regenerative cycle lengths have finite second moment, i.e., that E‘rl2 < oo,
which can be verified through the use of drift criteria.

Definition 3 Let X = (X; : t+ > 0) be a Markov process on a complete, separable
metric space in discrete or continuous time. Let # : S — R and suppose that there
exists 4 : § — R such that M = (M, : ¢t > 0) is a Py-local martingale for all x € S,
where

M; = u(X;) —u(Xo) —f h(Xy) ds, ey
0

and r is restricted to discrete or continuous time as appropriate. We then say that u
is contained in the domain D (A) of the generator A of X, and Au = h.

Suppose that in addition to A2 for discrete chains, or A2 with m = 1 for the
embedded chain for continuous-time processes, we also have the following, where
the set C is as in A2 for the sampled chain.

A4 There exists g; : S — [0, o0) such that for all x € §, and some b; > 0,
Agi(x) < -1+ bil(x €C).
A5  There exists g» : § — [0, 00) such that for all x € § and some b, > 0,
Agr(x) < =g1(x) + byl (x € C).

Assumption A4 implies that X is positive-Harris recurrent; see [36, Theorem
14.0.1] for the discrete case and [43] for the continuous case. Assumptions A4 and
A5 imply a finite second moment of the regeneration times, i.e., that E(p‘rlz < 0.
We prove the continuous-time result; the discrete-time result follows essentially the
same proof with a modest modification since m in A2 cannot be assumed to equal 1.

Lemma 10 Suppose that A4 holds for the continuous-time process X. Let X be the
sampled chain. Then, for all x,

Exg1(X1) = g1(x) < =1+ bPy(X; € C). (22)

Proof Since g; lies in the domain of the generator, (21) with u = g; is a P, local
martingale for all x € S. It follows from the observations on p. 311 of [44] that

t
e"g1(X;) — g1(Xo) + j(; e’ (g1(Xs) — Ag1(Xy)) ds

is also a P, local martingale for all x € S. Thus, since g; > 0, for a sequence of
stopping times O, — 0 asn — o P, ass.,

tAO,
E[e”""9"g1(X;n0,)] + Ex fo e (g1(Xs) — Ag1(Xy)) ds = gi1(x).  (23)

Now, A4 implies that g;(x) +1 < g1 (x) —Ag1(x) +b1I(x € C) forall x € S. Hence
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tAOy, tAOy,
Exf e’ (g1(Xs) + D) ds < Exf e”*(81(Xy) — A1 (X)) ds
0 0
tAOy,
+b1Exf eI(Xs € C)ds
0
<g1(x)+ blExf eSI(X, € C)ds,
0

where, in the second inequality we used (23). Taking n — co and then t — oo,
monotone convergence gives

(e8]

Exf e g Xy)ds+1 < gi(x)+ blExf e *I(Xs; € C)ds,
0 0

ie., that By g1 (X)) — g1(x) < =1+ biP (X, € O). o
Proposition 3 Suppose that A4 and A5 hold. Then E, ‘1'12 < oo,

Proof Recall that we have enlarged the path space of the Markov process X to
include an independent unit-rate Poisson process (N(¢) : ¢+ > 0) with event times
(A(n) : n > 0) with A(0) = 0 and an i.i.d. sequence of Bernoulli random variables
Iy :n= 1) with P(I; = 1) =vy.

Let E, and P, denote the expectation and probability on the enlarged probability
space when the chain X has initial distribution ¢, so that a regeneration occurs at
time 0. For convenience, write 7 for ;. Forn > 0, let M (n) = ?:0 I(f(j € C)be
the number of attempted regenerations by time n. Define the discrete-time stopping
time ¥ = inf{n > 0 : Ips(ny = 1}. Under P, the regeneration time 7 = A(T + 1).

From (22) and the comparison theorem [36, Theorem 14.2.2],

71

.7 < g1(x) + biEs ) h(X)),
=0

where h(x) = P.(X; € C). Since I(f > j) is measurable with respect to G; =
O'(X(), .. .,Xj, I, .. .,IM(]')), it follows that

71 00
Ex ) (X)) = ) Pu(f > Kju1 € C) = By
=0 Jj=0 j=1

J
Now, each time j that X; € C, we regenerate with probability y, so that $7_, I(X; €
C) is geometrically distributed with success probability y and thus has mean y~'.

We conclude that E, ¥ < g1 (x) + b1 /7.
With that result in hand,
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7-1
Byt < 2B, Y (F - )
=

= 2B, Y B, [(F - NI(F > ))IG)]
j=0

J

7-1
< 2B, ) (&1(X) +bi/y)
=0
-1
= 2B, ) g1(X)) + 201 B,y
j=0
=2(Ey 1) (Exg1(Xo0)) +2b1(EpT)/y < o0,

where E, g1 (Xo) is finite by virtue of AS and [43, Theorem 4.2]. Since 7 = A(T + 1)
under P, Wald’s second moment identity then implies that E, 72 < oo. a

The hypotheses A4 and AS simplify when the chain X is V-uniformly ergodic
as is assumed in [24]. In fact, A4 and AS are implied by A6 below; see, e.g., [36,
Lemma 17.5.1] and [45].

A6 For the set C defined in A2 there exist constants b, 8 > 0, and a function
V . § — [1, o) such that for all x € S,

AV(x) < =pV(x) +bl(x € C).

For the other hypotheses of Theorem 3 it is not clear exactly what form “easily
verifiable” conditions should take. Indeed, it appears that one may need to tailor the
conditions to a given application. It is difficult to imagine a practical application
where the condition o%(¢) > 0 would be violated, so we content ourselves with
an example sufficient condition for the hypothesis that F is differentiable at g with
F’(q) > 0. Recall that A2 and A4 imply that the chain X is positive Harris recurrent,
and therefore possesses a stationary distribution, so that F(y) = P, (f(Xp) < y) is
well-defined. In what follows we assume that X is positive Harris recurrent.

Proposition 4 Suppose there exists at > 0 such that for all y in an open neighbour-
hood N of g and all x € S,

P(f(X:) € dylXo = x) = p(x, y)dy.

Suppose further that for each fixed x € S, p(x,-) is Lipschitz continuous in’y € N
with Lipschitz constant L(x), where L(-) is n-integrable. Then F is differentiable in
N. If, in addition, p(x, q) > 0 for x in some set of positive © measure, then F'(q) > 0.

Proof The proof is very similar to that of Proposition 2 in [46]. Let B = (a,b] C N.
Then
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F(b) - F(a) = Px(f(X;) € B)

= fsﬂ(dX)P(f(Xz) € B|Xo = x)

=ff7r(dx)p(x,y)dy

sJB

=ffﬂ(dx)p(x,y)dy.
BJS

It follows immediately that F has a density ¢ in N, where

l//(y)=J;ﬂ(dX)P(x,y) (24)

aty € N. Now, for 4 such thatboth yand y + h € N,

W (y+h) -yl = US m(dx)(p(x,y + h) — p(x,y))

< hfﬂ(dx)L(x). (25)
s

Since L is & integrable, it follows that ¢ is Lipschitz continuous in N. Since F
has a continuous density in N, we may conclude that it is differentiable (in fact,
continuously differentiable) in N with derivative .

Finally, observe from (24) that the condition that p(x, g) > O for all x in a set of
positive 7 measure implies that (q¢) = F’(q) is positive at g. O

Proposition 4 basically requires that the ¢-step probabilities P(f(X;) € dy|Xo =
x) have a density with respect to Lebesgue measure for all x. Typically this condition
will be easiest to verify for Harris processes in discrete time in the case where ¢ = 1.

Example: Consider the problem of computing quantiles of the steady-state waiting
time distribution in the GI/G/1 queue. It is well-known that the sequence X = (X, :
n > 0) of customer waiting times in the FIFO single-server queue is a Markov chain
on state space S = [0, 00). In particular, X satisfies the Lindley recursion [35, p. 23]
Xn+1 = [Xn + Y4117, where [x]* = max(x,0),Y = (¥, : n > 1) is ani.i.d. sequence
with ¥,,.1 = V,, — U,41, Vy, is the service time of the nth customer, and U, is the
interarrival time between the nth and (n + 1)st customer. Take f(x) = x, so that we
are interested in computing the quantiles of the steady-state waiting time distribution.
We now verify the key conditions of Theorem 3.

As in [35, p. 23], it is straightforward to show that if EYI2 <ooand u =EY <0,
then A4 and AS are satisfied for the Markov chain X with g;(x) = 2x/|u| and
g2(x) = 2x%/p%. Now, for y > 0, we have that P(x,dy) = P(Y; € d(y — x)). So if
Y1 has a Lipschitz continuous density with respect to Lebesgue measure and g > 0,
then Proposition 4 implies that the distribution function F is differentiable in a
neighbourhood of g. It remains to establish that F’(q) > 0.

First, 7({0}) = 1 — EV;/EU; > 0, since EY; < 0. Furthermore, since Y; has a
continuous density and negative mean, P(¥; > 0) > 0 then implies that for each
0 < a < b < oo, there exists an m = m(a, b) such that P (0, (a, b)) > 0. Therefore,
n((a, b)) = n({0})P"™(0, (a, b)) > 0. Proposition 4 then implies that F’(q) > 0.
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