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NONPARAMETRIC ESTIMATION OF THE SERVICE
TIME DISTRIBUTION IN THE M/G/oo QUEUE
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Abstract

The subject of this paper is the problem of estimating the service time distribution of
the M/G/oo queue from incomplete data on the queue. The goal is to estimate G from
observations of the queue-length process at the points of the regular grid on a fixed time
interval. We propose an estimator and analyze its accuracy over a family of target service
time distributions. An upper bound on the maximal risk is derived. The problem of
estimating the arrival rate is considered as well.
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1. Introduction

Suppose that customers enter a system at time instances {t;, j € Z}, obtain service upon
arrival, and leave the system at time instances {y;, j € Z} after the service is completed.
A jth customer arriving at t; requires service time o7, so that its departure epoch is y; =
Tj +oj. If {t;, j € Z} is arealization of a stationary Poisson process on R, and {0}, j € Z}
are nonnegative independent random variables with common distribution G, independent of
{tj, j € Z}, then the above description corresponds to the stationary M/G/oo queueing system.
The subject of this paper is estimating the service time distribution G from incomplete data on
the queue.

The M/G/oo system is perhaps one of the most widely studied models in queueing theory;
its probabilistic properties are fairly well understood. However, statistical inference in such
models has attracted little attention.

The problem of estimating the service time distribution G in the M/G/oco queue has been
studied under different assumptions on the available data. In particular, the following three
observation schemes have been considered in the literature:

(i) observation of arrival {z;, j € Z} and departure {y;, j € Z} epochs without their
matchings;

(i1) observation of the queue-length (number-of-busy-servers) process { X (¢)};
(iii) observation of the busy-period process {1(X (¢) > 0)}, where 1 is the indicator function.
We note that observation schemes (i) and (ii) are equivalent up to initial conditions on the

queue length. In particular, arrival and departure epochs are uniquely determined by the queue-
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length process, while the queue length can be reconstructed from the input—output data provided
that the initial state of the queue is known.

In setting (i), Brown (1970) proposed an estimator of G which is based on the idea of pairing
every departure epoch with the closest arrival epoch to the left. Differences between these
epochs constitute an ergodic stationary random sequence whose marginal distribution is related
to the service time distribution G by a simple formula. Then estimation of G can be achieved
by inverting the formula and substituting the empirical marginal distribution of the differences.
Brown (1970) proved consistency of the proposed estimator. Recently, Blanghaps et al. (2013)
extended the work of Brown; they showed that pairing of a departure epoch with the r-closest
arrival epoch to the left can be worthwhile.

Nonparametric estimation of service time distribution G under observation schemes (ii) and
(ii1) was considered in Bingham and Pitts (1999). It is well known that in the steady-state the
queue-length process { X (¢)} is stationary with the Poisson marginal distribution and correlation
function

00 =1 pt
H@) =1—-G*(), G*(t) := |:/ [1-— G(x)]dxi| / [1—-G(x)]dx; (1)
0 0

see, e.g. Bene§ (1957) and Reynolds (1975). This fact suggests that function G* can be
reconstructed by estimating the correlation function of the queue-length process. The work of
Bingham and Pitts (1999) discusses this approach and provides standard results from the time
series literature for estimators of G*. The idea of reconstructing the service time distribution
from correlation structure of the queue-length process was also exploited by Pickands and
Stine (1997). The model considered in that paper assumes that a Poisson number of customers
arrives at discrete times 1,2,..., T, and the service times are independent and identically
distributed random variables taking values in the set of nonnegative integer numbers. In this
discrete setting, estimation of the service time distribution is equivalent to estimating a linear
form of the correlation function of the queue-length process. For the latter problem, standard
results from the time series literature are applicable. Other related work is reported in Brillinger
(1974), Bingham and Dunham (1997), Hall and Park (2004), Moulines et al. (2007), Griibel and
Wegener (2011), Schweer and Wichelhaus (2015); see Blanghaps et al. (2013) for additional
references.

Although estimation of G under different observation schemes was considered in the liter-
ature, the most interesting and important statistical questions remain open. In particular, it is
not clear what is the achievable estimation accuracy in such problems, and how to construct
optimal estimators. The goal of this paper is to shed light on some of these issues.

In this work we adopt the minimax approach for measuring estimation accuracy. It is
assumed that the estimated distribution G belongs to a given functional class, and accuracy of
any estimator is measured by its worst case mean-squared error on the class. The functional
class is defined in terms of restrictions on the smoothness and tail behavior of G (for precise
definitions, see Section 4). We concentrate on the observation scheme (ii) when the queue-
length process is observed on a fixed interval at the points of the regular grid. The goal is to
estimate G at a fixed point from such observations. From now on we will refer to this setting
as the M/G/oco estimation problem.

We develop an estimator of G which is based on the relationship between distribution G and
the covariance function of the queue-length process, as discussed in Bingham and Pitts (1999)
and Pickands and Stine (1997) (see (1)). In particular, estimating G at a fixed point is reduced
to estimating the first derivative of the covariance function of the queue-length process at this
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point. We analyze the accuracy of our estimator over a suitable class of target distributions
and derive an upper bound on the maximal risk. The upper bound is expressed in terms of the
functional class parameters and the observation horizon. The problem of estimating the arrival
rate is discussed as well.

The rest of this paper is structured as follows. Section 2 contains formal statement of the
M/G/o0o estimation problem. In Section 3 we present some results on properties of the queue-
length process; these results are instrumental for subsequent developments in the paper. In
Section 4 we consider the M/G/oco estimation problem, define our estimator, and establish
upper bounds on its maximal risk. In Section 5, we deal with the problem of estimating the
arrival rate. Section 6 contains discussion; proofs and technical statements are presented in
Section 7.

2. Problem formulation

Let {t;, j € Z} be arrival epochs constituting a realization of the stationary Poisson process
point process of intensity A on the real line. The service times {0, j € Z} are positive
independent random variables with common distribution G, independent of {z;, j € Z}.
Assume that the system is in the steady-state; then the queue-length process {X (¢), t € R}
is given by

X(t)y=) Wtj <t 0j>t—1)), t € R. )
JEZL
Suppose that X (¢) is observed on the time interval [0, T'] at the points of the regular grid
t; =1i8,i = 1,...,n, where § > 0 is the sampling interval, and T = n§. Denote X" =
(X(t1), ..., X(t,)) € R’.. Our goal is to estimate the distribution function G at a single given
point xo € R4 using observation X”. In Section 5 we also discuss the problem of estimating
the arrival rate A from observation X”.

Distribution of the observation X” is fully characterized by the service time distribution G
and by the arrival rate A. From now on Pg ; stands for the probability measure generated
by {tj, j € Z} and {0, j € Z} when the o; are distributed G, and the arrival rate is A.
Correspondingly, E¢ , is the expectation with respect to Pg ;. In the problem of estimating G
when the arrival rate A is known, we use notation Pg and Eg for the probability measure and
expectation, respectively.

By estimator G(xo) = G(X : x0) of G(xp) we mean any measurable function of the obser-
vation X". We adopt the minimax approach for measuring estimation accuracy. Let § be a class
of distribution functions; then accuracy of G (xp) is measured by the maximal mean-squared
risk over the class, i.e.

Ry,[G: §1 = sup[Eg|G(x0) — G(xo) ]2,
Geg
The minimax risk is defined by
R [9] = inf Ry, [G: §1,
G

where inf is taken over all possible estimators. We want to develop a rate-optimal (optimal in
order) estimator G (xq) such that

RulG: §1 < CRE (1G],

where C is a constant independent of the observation horizon 7" and the sampling interval 4.
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In the problem of estimating the arrival rate A from observation X" the estimation accuracy
is measured similarly. If A = A(X") is an estimator of A (a measurable function of X") then
the maximal risk of X is defined by

RI%: §1 = sup[Eq.alh — 4712,
Ge§
We will consider functional classes § which impose restrictions on smoothness and tail behavior
of the distribution functions. The corresponding definitions are given in Section 4.

3. Properties of the queue-length process

Let 1 o
— = Eglo] =/ [1—-G(@)]dt < o0
Jz 0

with u being the service rate, and let p := A/u be the traffic intensity. Define

) ) -1 roc0
H() := ,bL/ [1-G(x)]dx = |:/ [1—G(x)]dxi| / [1-G(x)]dx, teRy. 3)
t 0 t

The function G* := 1 — H is often called the stationary-excess cumulative distribution
Sfunction (see, e.g. Whitt (1985)). If G is a distribution function of an interval between points in
a renewal process, then G* represents a distribution function of the interval between arbitrary
time and the next renewal point. In our context, the important role of H stems from the fact
that it is the correlation function of the queue-length process { X (¢), t € R}; see Proposition 1
below.

Observe that H(0) = 1, and H is nonnegative and monotone decreasing on the positive real
line. Although function H is defined on R only, it will be convenient to extend its definition
to the whole real line R by setting H(t) = H(—t) for t < 0. For the sake of brevity, from now
on we use the suffix notation X; = X(t;,) = X(@d), H; = H(t;) = H(@é$),i = 1,...,n, and
SO on.

Proposition 1. The following statements hold.
(i) Foranyt € R the distribution of X (t) is Poisson with parameter p.
(i) Foranyt,s € R, EG[X(1)X(s)] = p> 4+ pH(t — 5).
(iii)) Forany 6 = (01, ...,0y,), n > 1, we have

log Eg [exp{ze,-xi ” = pSu(9). @

i=1

$2(0) := > (exp{fm} — 1)

m=1
n—1 n—1 m
+ 3 Hie > @xpllm—ir1) — 1>exp{ 3 ei}(exp{emm ~D.
k=1 m=k i=m—k+2
In particular, if 0* .= (9, ..., ?) for some ¥ € R then
n—1
* 2 k
Sp(07) = n(exp{} — 1) + n(exp{} — 1) Z(l — ;) exp{(k — 1)0} Hg.
k=1
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Remark 1. (i) The statements in (i) and (ii) are well known; in fact, they are immediate
consequences of (iii). The first statement can be found in many textbooks (see, e.g. Parzen
(1962, p. 147) and Ross (1970, p. 19)), while the second one appears, e.g. in Benes (1957) and
Reynolds (1975). As for part (iii), Lindley (1956) considered the special case of n = 3 and
discussed heuristically a derivation for general n. However, we could not find (4) and (5) in
the literature, and, to the best of our knowledge, they are new. Equations (4) and (5) play an
important role in subsequent derivations.

(ii) The joint distribution of X" is the so-called multivariate Poisson; for details see, e.g. Lindley
(1956, Section 2) and Milne (1970). The statements in (i) and (ii) show that H is the correlation
function of the process {X (¢), t € R}.

It is instructive to realize the form of (4) and (5) in the special casen = 4. Let1 <i < j <
k <m < n;then

1
; logEglexp{61 X; + 02X ; + 03Xy + 04X }]

4
=Y (exp{fi} — 1) + H,_i(exp{61} — 1)(exp{62} — 1)
=1

+ Hi—i(exp{f1} — 1) exp{02}(exp{63} — 1)
+ Hpn—i(exp{f1} — 1) exp{fs + 03} (exp{fs} — 1) + Hy—j(exp{62} — D(exp{63} — 1)

+ Hy—j(exp{fa} — 1) exp{Os}(exp{6s} — 1) + Hp—r(exp{63} — 1)(exp{6s} — 1).
(6)

As is seen from the above equation, the first term on the right-hand side of (6) coincides with the
cumulant generating function of independent Poisson random variables. The other terms are
associated with all possible pairs of random variables. For every pair of random variables the
corresponding term contains the correlation between the variables, and the factors (1 —exp{6})
and exp{f}, where the (1 — exp{f})-factors correspond to the pair, and the exp{6}-factors
correspond to the random variables ‘sandwiched’ by the pair.

As a by-product of Proposition 1(iii), we can easily obtain the following Gaussian approxi-
mation to the finite-dimensional distributions of the queue-length process {X (¢), 0 <t < T}.

Proposition 2. Consider a sequence of the M/G/co queueing systems, {M;/G/oo, | = 1,
2, ...}, with the fixed service time distribution G, and with the Ith system characterized by the
arrival rate A =[x, A > 0. Let Xl” =X11,..., X1n) = Xi(t1), ..., X;(t,)) be the vector
of observations of the queue-length process (2) in the lth system; then

X? —lpe, »p
— = MN,(0, 2(H)), [ — o0,
NG n(0, 2(H))

where p = Afp, e = (1,...,1) € R", Z(H) = {H(({ — j)&}i j=1,...n, and 2 denotes

convergence in distribution.

,,,,,

The result of Proposition 2 is well known; it is in line with more general weak convergence
results for queues in Borovkov (1967), Iglehart (1973), and Whitt (1974). The proof of
Proposition 2 follows immediately from Proposition 1(iii), and it is omitted.
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4. Estimation of service time distribution
According to Proposition 1(ii) the covariance function of the queue-length process is
R(t) :=covg{X(s), X(s +1)} = pH(2).

Therefore, differentiation yields
1 /
1-G@) = _XR (), teRy. @)

This relationship is the basis for construction of our estimator of G (xg).

4.1. Estimator construction

Let
R R
P = n_ki;Xi, k=0.1,....n—1,
and define
N |k ) )
Ri=-—— ;(Xi = P Xitk — Pr)s k=0,1,....n—1. ®)

Note that ﬁk is the empirical estimator of the covariance Ry = R(k8) = pH(kS), k =
0,1,...,n — 1. For technical reasons, we use estimator p; based on n — k observations and
not on n.

Let & > 0, and for every x € [0, T — §] define the segment

[x —h,x +h], h<x<T-6-—h,
D, := 1[0, 2h], 0<x<h,
[T—6—-2h,T—-6], T—86—h<x<T-3.

Let Mp, be the set of indexes k € {1,...,n} suchthat k6 € Dy, Mp, = {k: k§ € D,}, and
let Np, be the cardinality of this set, Np, := #{Mp_}.
Fix positive integer ¢, and assume that

h > 3(C+2)8. ©)

For x € [0, T — 8] let {ax(x), k € Mp_ } denote the weights obtained as the solution to the
following optimization problem (£ ):

min Z a,z(x)

kEMDx (10)
subjectto Y ax(x) =0, > @) k) = jxi7t, ji=1,...,¢
kEMDx kEMDX

We use the convention that if x = 0 and j = 1 then the right-hand side of the last constraint in
(10)is equal to 1.
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By definition, if (9) holds then the linear filter associated with the weights {ax(x), k € Mp_}
has the following property: it reproduces without error the first derivative of any polynomial p
of deg(p) < ¢ at point x,

Z ay(x)p(ks) = p'(x) forall p: deg(p) < L. (11
kEMDX

Now we are in a position to define our estimator of G (xp): it is given by

A 1 A
Guxo) =1+ D autxo)Rs, (12)
kEMon

where Ry = R(k8),k =0, ...,n — 1, are defined in (8).

The expression under the summation sign on the right-hand side of (12) can be viewed as
a local polynomial estimator of the derivative R’(xo) when the empirical covariances Ry are
regarded as noisy observations of Ry = R(k§). We refer the reader to Goldenshluger and
Nemirovski (1997) for a similar construction of the local polynomial estimators of derivatives
in the context of the nonparametric regression model.

The estimator G, (xo) depends on two design parameters, the window width h and the degree
of polynomial ¢; these parameters are specified in the sequel.

4.2. Upper bound on the maximal risk

Our current goal is to study the accuracy of G (xo). For this purpose, we introduce the
functional class of distributions G over which accuracy of estimator G (xg) is assessed.

Definition 1. (i) Let 8 > 0 and L > 0 be real numbers, and let I C (0, co) be a closed interval
such that xo € I. We define #g(L, I) to be the class of all distribution functions G on R
such that G is | 8] times continuously differentiable on 7, and

IGWD (x) — GV (y)| < Lix — y|P7P) forallx,y e I;
here stands for the maximal integer number strictly less than 8.
g y

(ii) We say that the distribution function G on R belongs to the class M ,(K), p > 1, K >0
if

Eglo?] = / pxP71 = G(x)]dx < K < 0.
0

(iii) Finally, we set
Gp(L, 1, K) = Hg(L, 1) N M2(K).

Remark 2. (i) The class §g(L, I, K) imposes restrictions on the smoothness in the vicinity
of xp. In all what follows the point x¢ is assumed to be fixed. If xq is separated away from 0
then we always consider a symmetric interval [ centered at xo: I = [xo — d, xo + d] for some
0 < d < xp. Inthe xg = 0 case we set I = [0, 2d].

(ii) The definition of §g (L, I, K) requires the boundedness of the second moment of the service
time distribution. This condition implies that the correlation sequence {H (k8), k € Z} is
summable, which corresponds to the short—term dependence between the values of the sampled
discrete-time queue-length process (see, e.g. Brockwell and Davis (1991, Section 13.2)). This
assumption can be relaxed. However, we do not pursue the case of the long-term dependence
in this paper.

Now we are in a position to state an upper bound on the maximal risk of our estimator.
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Theorem 1. Let xg be fixed, I := [xg - d, xo+d] C [0, (1 —«)T] for some k € (0, 1), and
suppose that G € Gg(L, I, K). Let Gy(xo) be the estimator defined in (12) and associated
with the degree £ > | B] + 1 and the window width

1/26+2)
h=h,: = [M(“r%)] . (13)

L% T
If
K(fvl)( )d 262 _ K(fvl)(1+ ){ 2 Tﬁ“ ad)
- <T<

L? L? £ +2)8

then we have
~ KWK V1 1\ 7P/@A+2)
RiolGy: §p(L, 1, K)] < CLW“)[%Q + X)} , (15)

where C = C(£) depends on £ only.

Remark 3. (i) The upper bound in (14) originates in the requirement that the segment Dy,
contains at least £ 4+ 1 grid points. This inequality is fulfilled if sampling is fast enough,
8§ < O((kT)~V/2P+2)) Thus, if the asymptotics as T — oo is considered then é should tend
to 0 so that (14) is fulfilled. The lower bound in (14) ensures that Dy, < I.

(i1) The bound in (15) is nonuniform in x; it is established for fixed x9 < (1 —«)T. The bound
increases as k gets closer to O (xo approaches 7). This fact is not surprising: the empirical
covariance estimator is not accurate for large lags. However, if x is large in comparison with 7
then it is advantageous to use the trivial estimator é(xo) = 1. The risk of G(xo) admits the
following upper bound:

ReylG: Go(L, 1, K)] < Kxj2 forall xg € Ry (16)

Indeed, it follows from G € M3 (K) that, for any x,
o0 o0
1 —G(x) :/ dG (1) < x—2/ 2dG(1) < Kx?
X X

Thus, G(x) > 1 — Kx~~, which implies (16). Comparlng (15) and (16), we see that for
x0 < O(Tﬁ/ “p +4)) it is advantageous to use the estimator G (x0); otherwise G(xo) is better.
If more strmgent conditions on the tail of G are imposed (e.g. G € M, (K) with p > 2) then
the zone where G*(xo) is preferable becomes smaller.

5. Estimation of the arrival rate

The construction in Section 4.1 that led to G n(xo) can be used in order to estimate the arrival
rate A from discrete observations of the queue-length process.

Let I = [0, 2d] and assume that G € Gg(L, I, K). Under this condition, we can use (7) in
order to construct an estimator of A. Indeed, setting + = 0 in (7) and taking into account that
G(0) = 0, we obtain A = —R’(0), where R’(0) is understood here as the right-side derivative
of R at 0. Therefore, we define the estimator for A by

A=— Z ax(0) Ry, A7)

kEMDO
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where Dy := [0, 2h], {ax(0), k € Mp,} is the solution to () (i.e. (10) with x = 0), and ﬁk,
k € Mp,, are defined in (8).
The next statement provides an upper bound on the risk of A

Theorem 2. Let I = [0, 2d] and suppose that G € 4g(L, I, K). Let )A»* denote the estimator
defined in (17) and associated with degree £ > | B8] + 1 and window width

K(WVK Vv1 1/(28+2)
hen e | KYEVD . (18)
LT
If
JE 2 282 VK 2 2 PP
KWKv DL “d P <T<KWKVI1L | ——— 19
( ) <T < K( ) [(£+2)8} (19)
then we have
) KWK v 1)]P/CsD
sup  [Egalhe —A21V2 < cLVBFDG2 4 A)W[L] . (20)
Gegp(L.1K) T

where C = C({) depends on £ only.
Remark 4. (i) The meaning of condition (19) is similar to that of (14); see Remark 3(i).

(i1) If the sampling interval § is very small then one can build an estimator which is better
than A,. In particular, if the continuous-time observation {X (¢), 0 < ¢ < T} is available then
alternative estimators of A can be constructed as follows:

A= %#{r €0, T]: X(1)—X(t—) =1}, A= %#{t €0, T]: X(1)— X(t—) = —1}.

Since arrivals and departures constitute the Poisson process with intensity A, the mean-squared
errors of AT and AV are given by

Egilat —A? =EgaA¥ —A> =T~ forall A, forall G.

Thus, in terms of dependence on the observation horizon T, the risks of At and A} tend to 0 at
the parametric rate O (1/7). This rate is faster than the one in (20). However, if the estimator
A (or by is applied with discrete observations X", its accuracy deteriorates very rapidly with
the growth of §.

6. Discussion

Theorem 1 indicates that under suitable relations between the observation horizon 7 and the
sampling interval é the service time distribution G can be estimated with the risk of the order
T—B/QB+D) 1n particular, for our estimator G, (xo), we have

RolGas Gp(L, I, K)] < O(T P/ T 5 o,

provided that (14) holds. A natural question is if this rate of convergence is optimal in the
minimax sense. This calls for a lower bound on the minimax risk Rj;o[g,ﬁ(L, 1, K)].
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Although statement Proposition 1(iii) provides complete probabilistic characterization of
finite-dimensional distributions of the queue-length process {X (¢), ¢ € R}, there is no explicit
formula available for the distribution of X". Since all existing techniques for the derivation of
lower bounds on minimax risks rely upon sensitivity analysis of the family of target distributions,
such a derivation for the M/G/oo estimation problem seems to be intractable. However, some
understanding of accuracy limitations in estimating the service time distribution can be gained
from consideration of a Gaussian approximating model.

In particular, in Proposition 2 we show that if the arrival rate A is large, the finite-dimensional
distributions of {X(t), 0 < ¢ < T} are close to Gaussian. Thus, for large arrival rates
(heavy-traffic regime) we can regard the properly centered and scaled queue-length process
as a zero mean stationary Gaussian process. Furthermore, from (7) we see that the service time
distribution G is proportional to the first derivative of the covariance function of the queue-
length process. This characterization suggests that in the heavy-traffic regime estimating G
is as difficult as estimating the first derivative of the covariance function of a continuous-time
stationary Gaussian process from discrete observations. Although we do not have a formal
proof for the equivalence of the corresponding statistical experiments, this assumption seems
plausible.

Goldenshluger (2015) discussed the relationship between the two settings, and studied the
problem of estimating covariance function derivatives of a stationary Gaussian process from
discrete observations. In particular, it was shown there that under conditions compatible with
those of the M/G/oo estimation problem, the minimax risk in estimating the first derivative of
the covariance function cannot be less than O (T ~#/?A+2))  This fact strongly suggests that
the proposed estimator G, is rate optimal in the heavy-traffic regime. However, in general,
construction of rate optimal estimators in the original M/G/oo estimation problem remains an
open problem.

7. Proofs and auxiliary results

7.1. Proof of Proposition 1

For any m > 1, we write

m m
EG exp{zeixi} = E(;{EG [exp{ZQiXi}

i=1 i=1

{tj, J GZ}“. 21

By (2) and the independence of {7;, j € Z} and {0}, j € Z}, the conditional expectation in
(21) takes the form

Eg[exp{ZQiXi} {tj, j eZ}}
i=1
=Eg I:exp{zz@i 1(r; <ti,0; > t; — ‘L'j)} {tj, j € Z}j|
jeZ i=1
= HEG[GXP{ZQ,' I(Tj <t,0j>1— ‘L'j)} {‘Ej, j € Z}i| (22)

jez i=1
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Given x € R, consider partition of the real line by the intervals Ip(x) = (—o0, 11 — x],
Li(x)={r —x,tr41 —x),k=1,...,m —1,and I,,(x) = (t,;, — x, 00). With this notation

m
Eg[exp{ZQi I(Tj <t,0;>1 — ‘L’j)}

i=1

{zj, J € Z}:|

m k
= Pg{o; € lo(r))} + Zexp{zei 1(zj < m}ﬂma{a,- € I(x))}

k=1 i=1
m k
=1+ Z[exp{Z@i (7 < ti)} = 1}1%{07 € I(z))}-
k=1 i=1

If we let

m k
fx) = log<l + Z[exp{Z@i 1(x < t,»)} - 1}1@6{5,- € Ik(x)}),
k=1 i=1

then in view of (21), (22), and Campbell’s theorem (see Kingman (1993, Section 3.2)), we obtain

Eg exp{Z@iXi} =Eg exp{z f(rj)} = exp{k/ [exp{f(x)} — l]dx}.

i=1 JEL -

Denote S,,(0) = ffooo [exp{f(x)} — 1]dx; our current goal is to compute this integral.
We have

/ [exp{f(x)} — 1]dx

m—1 00 k
= Z / (exp{Z@i 1(x < t,-)} — 1)[(';(rk —x) — G(trp1 — x)]dx
k=17~

i=1

o) m
+/ (exp{ 0; 1(x < ti)} - 1>G(rm —x)dx
—o i=1
m—1
=) Je+ L.
k=1

where we denoted, for brevity, G =1 — G. Fork =1, ..., m — 1, we obtain

k 1
Jp = (exp{Z@i} - 1)/ [G(tx — x) — G(fxe1 — x)]dx
i=1 -
k=1 k e )
+Z<exp{ > 9,} —1>/ [G(ty — x) — Gty — x)]dx
j=1

i=j+1 tj
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k

= %(exp{ZQi} - 1>[H(tk —11) = H(tg1 — 11)]
i=1
1 k—1 k
+ m Z(exp{ Z 91’} - 1)[H(tk —tjy1) — H(@ — t;) — H(te+1 — 1j4+1)
j=1 i=j+l1
+ H (tk+1 — t))]
1 k
= —(exp{zei} — 1>[Hk_1 — Hyl
K i=1
1 k—1 k
+;Z(exp{ > 9,-} — 1>[Hk_j_1 — 2Hi—j + Hy—j11l. (23)
j=1 i=j+1

Similarly,

Ly = i(exp{Z@i} — 1>H(tm —1)
1 m—1 m
o Z(exp{ > 0,»} - 1>[H(tm —tj51) = H(tm —1;)]

i=j+1
1 m 1 m—1 m
- ;(exp{ZQi} - 1)Hm_1 o Z(exp{ > 9,-} - 1)[Hm_,-_1 — Hp ]
j=1 i=j+1

(24)
The usual convention » = 0if m < j is employed in (23) and (24) and from now on.

Note that, by definition, S,,(6) = u ZZ’;I] Jx + nL,,, and we have the following recursive
formula:

Sm41(0) = Sn(0) + (m — Ly + Liny1)- (25)
For any m > 1, using (23) and (24), after straightforward algebraic manipulations, we obtain

w(y — Ly + Ly 1)

= (exp{zei} - 1)<Hm1 — Hy)
i=1

m—1 m
+ Z(exp{ Z 9i} — 1>(Hmjl —2Hy_j+ Hy_jy1)
j=1 i=j+1
m m—1 m
_ <exp{ 9,-} - 1)H,,,_1 - Z(exp{ Z el-} - 1)(Hm_j_1 — Hy )
=1

i j=1 i=j+1
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m+1 m m+1
+ <exp{z 0,»} - 1>Hm + Z(exp{ > 9,-} - 1>(Hm_j — Hyj11)
i=1 j=1 i=j+1
m

=<exp{9m+1}—1)+2Hk<exp{em_k+1}—1)exp{ > ei}(exp{emﬂ}—l).
k=1 i=m—k+2

Taking into account the fact that S7(6) = exp{6;} — 1 and iterating (25), we obtain

Sn+1(0) = (exp{61} — 1) + Z(CXP{QmH} -1

m=1
n m m
+ D) H(exp{Opn—i+1) — 1)exp{ > ei}<exp{9m+1} -1
m=1 k=1 i=m—k+2
n+1
=) (exp{fn} — 1)
m=1
n n m
+ D He ) @xplfn—ir1} — D exp{ > 6 }(exp{e,n+1} - .
k=1 m=k i=m—k+2
This completes the proof. O

7.2. Moments of the queue-length process

Equation (6) allows us to compute the fourth-order mixed moments of the queue-length
process.

Proposition 3. Let 1 <i < j <k <m <n, then
EclXi XXk Xm]
=p*+ 0 (Hj_i + Hy—i + Hy—i + Hx—j + Hp—j + Hy—p)
+ % (Hp—i + Hy j+2Hy i+ Hj iHy i+ Hy jHy j+ Hi jHy ) + pHpy .

More generally, for any i, j,k,m € {1,...,n} and any subset I of indexes I C {i, j, k, m}
define q; = max;, j,es li1 — i2|. Then

EG[XiX;Xi] = 0° + p* (Hji—ji + Hyjt—j) + Hy—i) + pHay, ;.
Ec[Xi X ; Xk Xm]
= p* + 0> (Hjj=it + Hy—i| + Hpn—i) + Hy—j| + Hym—j) + Him—1)) + pHy,
+0°[Hyy a9 + Hag yy + Happso + Hay
+H)j—i| Hpn—r| + Hik—i) Him—j| + Hye—j| Him—i)]- (26)

i,j.k.m}

J.km ik,m}

Proof. The proof involves straightforward though tedious differentiation of (6).

Let () denote the right-hand side of (6), where (01, 62, 03, 04) isreplaced by (6;, 0;, Ok, O,)
for convenience. Denote ¥/ (0) = Eg exp{6; X; + 60;X; + 6k X + 0, X,,}. It is checked by
direct calculation that

*y (0)

3090 90050 — SPLPS@Na©@)p + a2(0)p* + a3(0)p> + as () p*],
1 ] m
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where a1(0), a>(0), az3(0), and a4(0) are given by the following expressions:

ai(0) = S6,0,6,6,,»
a2(0) = S6,0,0, 56, + S6:0,0,, Sox + 50,646, S0, + S6,6,6,,50; + S6;0, 56,6, + 56,6, 566,
+ So;0, 56,6, >
az(0) = S6,0, 560,56, + S6,6,50; 56,, + 56,6,,50; 6, + S6;6, S6; S6,, + 56,6, S6; Sy
+ S0, 6: S0, »
as(0) = S, So; Se, S,

m*

Here we set, for brevity, S91'1 by = S(’h B ®) = 8"5(6)/89]-l -+ 00,
In order to complete the proof, it is sufficient to note that

S0) =1, Sp;(0) =1 forall j, 27
and, for any j; < j» < j3 < ja,
S9j1 9_/2 (O) = sz—j] s SQ_/I 9_,‘20_/'3 (0) = Hj3—j1 ) S@_/l ...0_/'4 (0) = Hj4—j1 . (28)
Although (28) is proved for 1 <i < j <k <m < n, a similar result holds more generally.
With the introduced definition of g7, (27) and (28) imply that
as(0) =1,
a3(0) = Hji—j| + Hyg—i| + Hym—i| + Hji—j| + Hm—j) + Hym—x,
a2(0) = Hy; ;1 + Hy juny + Hygjam + Hagm) + Hii—jt Hik—m) + Hig—it Bym—j|

i.j.k i,j.m J.k.m i.k,m
+ Hyg—j) Him—il
a1(0) = H(Z{i.j,k,m)'
This completes the proof. (]

7.3. Proof of Theorems 1 and 2

Throughout the proof C;, ¢;, i = 1,2, ..., stand for constants depending on ¢ only, unless
it is mentioned explicitly. The proofs of both theorems are almost identical. We first prove
Theorem 1 and then indicate modifications needed for the proof of Theorem 2.

It follows from (7) and (12) that

~ 1 ~
Gn(x0) — G(xp) = X[ Y ar(xo) Ry — R’(Xo):|
keMon
1 N
= —[ > @) R — R+ Y ar(xo)Ry — R’(Xo)]-

A
kEMon kEMDxO
Therefore,

[EG|Gh(x0) — G (x0) 21"/

1 . 312
SX{EG[ > ak(xo)(Rk—Rk)] } +5

kEMon

> ar(xo) Rk — R'(x0)

kEMon

.29
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In the subsequent proof, we bound the expression on the right-hand side of (29). The result of
the theorem will follow from the series of lemmas given below.

We begin with a well-known result on the properties of the local polynomial estimators; see,
e.g. Nemirovski (2000, Lemma 1.3.1) and Tsybakov (2009, Section 1.6).

Lemma 1. Let {ay(xp), k € MDXO} be the solution to (10), and let (9) hold; then

1/2 C C
[Z |ak(xo)|2i| sh—l, > lartxo)l < = (30)

keMDxO NDXO kEMon

where C1 = C1(£) and Cr = C(€) are constants depending on £ only.

The next result establishes an upper bound on the accuracy of the empirical covariance
estimator.

Lemma 2. Foranyk =0,...,n — 1, we have

. C3 n
2 2 :
EG|Rr — Ryl S—n_k(p +0) E H;,

i=1
where C3 is an absolute constant.
Proof. Let Ry := (1/(n — k) Y1=F(Xi — p)(Xisx — p); then EGRy = Ry, and, by the
definition of p,

n—k
D (X = pOXivk — 1) = Ri — (B — p)*.
i=1

A

Ry, =

n—k*4

Therefore,
EG|Ry — Ri|* = Eg|Ry — Ri|* — 2EG[Ri(px — p)*1+ Eglox — pl*
= J1 =2/ + /3. 31D

Now we proceed with the computation of the terms on the right-hand side of (31).
Computation of Ji. Letry := Eg[XiXitx] = Rx + ,02 = pH; + p2 and 1y ;= (1/(n —
k)P XiXigx; then
0 n—k
R — 7 2__F . .
Ry — R =rg —rk+2p n—k;(xl + Xitk).
1=
Thus,
Ji = EG|Re — Rel?

n—k
< . I4
=Eql|f — rel* — 2Eg [(rk O §_ lj<xi + Xi+k>]
1=

n—k 2
2 P . .
+Eg |:2,0 — [_ZI(XI + Xz+k)i|

=gV -y 4. (32)
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Equation (26) implies that, forany k =0, ...,nandi, j = 1,...,n — k, we have

EGIXi Xtk Xj X j+k]
=p* + p’[Hy + Hjj_j+ Hj—iyx) + Hj—i—k + Hjj—i| + H]
+ pz[ZHkv|j—i\\/\j—i—k| + 2Hpy | j—iv|j—i+kl + sz + H|2j,,~‘ + Hyj—itk Hjj—i—k|]

+ O Hpv|j—i|v|j—itk|V|j—i—k]|-

Since r? = p* + 2p° Hi + p* H?, we have

—k
1 n
1 ~
I =Egli - nl* = =2 Y EGIXiXipk X X jil — 1}
ij=1
1 n—k
- - 32H"+H~- + Hijor] + pHivli—itv i .
iy Z{,O [2H|j-i| |j—i—k]| lj—i+k|] + O Hiv|j—i|v|j—i—k|V|j—i+k|
ij=1

+ pz[szv|j—i|v\j—i—k| + 2Hpyj—ipv|j—i+k| + H|2j,,-|

+ Hjj—i—k Hjj—ivk ]} (33)
Furthermore,
4,03 n—k pz n—k
5 =40 = LB Y (Xi+ Xig) + Eootss 2 6+ X () + Xa0)
i=1 ij=1
,02 n—k
=—4p" + 2 Z (2rj—i + r)j—itkl +7j—i—k]]
(n —k) ij=1
;03 n—k
= (n — k)2 Z [2H|j—i| + H)j—i—x + Hjj—itx] (34)
ij=1
Now we proceed with J 1(2), ie.
n—k

2p _
I = p— Y Eg (i — ) (Xi + Xiti)
i=1
20 n—k
= = > [BGXi +7iXisn) = 2p(0* + pHO)l

i=1
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We have
1 n—k
EglrX;] = — ZEG[Xij+kXi]
j=1
1 n—k
=% Zl[p3 + p?Hy + p*Hjj—i) + p* Hij—i—t) + pHivj—ivii—j—k|]s
=
1 n—k
EglixXiwk] = — Z]EG[Xij+kXi+k]
j=1
1 n—k
=% 2[03 + p?Hy + p*Hjj_i) + p> Hij—isk) + pHv)j—ifvii—j+k|]»
=

which yields

—k
2 n

@ 3 3 3

/i Zm.z (207 Hyj—iy + p7 Hii=jk + P Hii— j—t

i,j=1
+ 02 Hi— jivievii—j—k + 2 Hji— jjvievli—j+k)]- (35)
Combining (32)—(35), we obtain

2 n—k
P 2
J1= m E (Hi_j + Hji— j+x Hji—j k(]
i j=1

n—k
0

=02 D Hivlijivii—j—kIVli—j-4ki-
ij=1

+

Taking into account that H is a monotone decreasing function, and H (0) = 1, we obtain

n
c1
Ji < ——(p*+ ) ZHi,
n—k —
where c; is an absolute constant.
Computation of J». It follows from the definition of J> that
Jo = p>Hi — 2pEG[Ri ] + EG[Ri A7)
We have
1 n—k
EG[Ripr] = mEG ijz_l(Xi =) Xitk — )X
1 n—k
2
e i;I[XiXHka — pXipkXj — pXiXj + pX;]

=E

n—k
0
= /02Hk + m E Hivi—jivii—j+k| -
ij=1
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Furthermore,
1 n—k
EGIRp{] = n—k)3 > EGIXiXipxX X1 — pXisk X X1 — pXi X Xi + 02X ;X1
ijl=1
)02 n—k
T h—kp > [Hiviizjivii-jki + Hii—ivii-t+iivi + HeHijoij
ijl=1
+ Hji—j\Hji 141 + Hji—11Hji— j 1]
0 n—k
+ 0 H + Py Y Hivlimj VItV lik—j Vi1V
i ji=1
p2 n—k
= p Hy + m Z 2Hpev|i—j|vi— j+k|
ij=1
n—k
S > [o*(HxHyjoi + Hy—j Hj + Hji—i | Hji— j+k)
o k)3 1Y k| j—1| [i—jI 1 |i—l+k]| [i—=1[42]i— j+k|
i ji=1

+ o Hivji—jvli—t\vlitk—jIV]i+k—1v -1 ]
Combining these equalities, we obtain
n—k

1 2
= w03 i ]Xl:l[p (HiHj—q) + Hji—j | Hji—4k) + Hji—1) Hji—jk))

+ O Hpv)i— jivi—11vlitk—j [V i+k—1 V] j—1)]
n
(&) 2 -
=< m(ﬂ +0) Z; H;,
1=
where c¢; is an absolute constant.
Computation of J3. By definition, J3 = Eg|(1/(n — k)) Z:’:_Ik Xi — p)|*. Using Proposi-
tion 3 and after routine calculation, we obtain, for all i, j,I,m = 1,...,n —k,
Egl(Xi — p)(X; — p)(Xi — p)(Xm — p)]
= p*[Hyi—j| Hji—m| + Hji—1H)j—m) + Hii—j) Hii -]}

+ oH i jvj—ivil—mV i —m|V]i—m|Vi—)

so that
,02 n—k
J3 = T Z (H)i—jiHyi—m| + Hji—1|H|j—m| + Hji—j) Hji—m|]
i,j,l,m=1
P n—k
+ m' Z Hii— j v j=1\VIi—m| V|l =m|V]i—m|V]i—I]|
i,j,l,m=1

n
Cc3 2
< H;,
= +p);—1 i

where c3 is an absolute constant.
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Combining inequalities for Jy, J», and J3 with (31), we complete the proof. |

Lemma 3. For every xo € [0, T — 5], we have

. 2 C48 L
Eg| Y. ax(xo)(Rk — Ry) SW“(D(/PH)ZH,»,
X0

kEMDxU i=1

where Cq4 = C4(£) is a constant depending on £ only, and

T—xo—h, h<xo<T-—-6—nh,
Yo (T) = Yug(T, h,8) := T — 2h, 0<xy<h,
3, T—8—h<xp<T-3.

Proof. By Lemmas 1 and 2 and by the Cauchy—Schwarz inequality, we have

2
El > a@)R—R)| < Y ai(xo) > E(Re— R’
kEMDxO kEMon kEMon
c? " 1
<1 2 H; . 36
< e +")(Z ) > —% 0
*0 i=1 kEMDxO
Letlg:min{ke(1,...,n—1):keMon}andlE=max{ke(1,...,n—1):keMDx0};
then
1 £ n—k k—k\ k—k
= <In =) =In({1+ =) < =.
Z n—k Zn—k_ (n—k) ( n—k>_n—k

keMp,, k=k

B First, assume that Dy, = [xo — h,xo + h]. In this case, k = [(xo — h)/6] + 1 and
k = [(xo+h) /8], where [-] is the integer part, and then ZkeM% 1/(n—k) <2h/(T —x0—h).
If Dy, =[0,2h] then k = 1 and k= [2h /8], which leads to ZkeMD 1/(n—k) <2h/(T —
2h). Finally, if Dy, = [T —2h — 6, T —é8]thenk =n -1,k =X°(n — 1) — [2h/8], and
ZkeMon 1/(n —k) <2h/8.

Combining these bounds with (36) and taking into account that (2h/8) — 1 < N Dy =
(2h/8) + 1, we complete the proof.

Lemmad. Let G € Hg(L, 1), I =[xo —d,xo+ d] 2 Dy, and {ar(xp), k € MDXO} be the
weights defined by (10) with £ > | 8] 4+ 1. Assume that (9) holds; then

Y ar(xo)Rk — R'(x0)| < CoALhP,
kGMDX()

where Co = Cy () is the constant appearing in (30).

Proof. Recall that R(1) = p? + ph(t) = p> + A [°[1 — G(x)] dx; this implies that

R'(t) = —r(1 — G(1)), RY (1) =rGY=D@) forall j=2,..., 8]+ 1.
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Thus, if G € #Hg(L, I) then R € Hg (AL, I). Since Dy, C I, function R can be expanded
in the Taylor series around x¢. In particular, for any k € M Dyy>

18]

1 : 1
k8) = L RD e (kS — xa) 4 ——— RUBIHD £ (ks — xn) BIHT (37
R(k$) R()Co)+j§=1 j!R (x0)( x0) +(Lf3J+1)!R (Er( x0) ., (37)

where & = tké + (1 — 7)x0 for some 7 € [0, 1]. Denote

[B]+1

_ 1 . .

Ry(y) = R(x0) + ) FR(’)(XO)(y —x0)/,  y €Dy (38)
j=t 7

Since Rxo(-) is a polynomial of degree |8] 4+ 1 and ¢ > | B8] + 1, we have, by (11),

> aw(x0)Ryy(k8) = R}, (x0) = R'(x0).

keMon
Therefore,
> ar(xo)R(k8) — R'(xo)
kEMon

= Y a(x)R(KkS) — Ry (k8)]

kEMDXO

= > mak(xo)[R(le)(ék)—R(LﬁHl)(XO)](k(S—XO)USHI,

kEMon

where we have used (37) and (38). This yields

ALRPH!
D ax(xo)R(KS) — R'(x0)| < IS D larxo)l < CorLi?,
kEM[)xO ’ kEMDxO
where the last inequality follows from (30). ([

Now we complete the proof of Theorem 1. Since G € M>(K),
n n
> H; =) H(s)
i=1 i=1
1 T
- / H(t)dt
8 Jo

T [e’s)
ﬁ/ / [l — G(x)]dxdr
) 0 t

d /Oox[l — G(x)]dx
5 Jo

IA

IA

o
< —K. 39
=53 (39)

Moreover, G € M>(K) also implies that 1/ < VK.

https://doi.org/10.1017/apr.2016.67 Published online by Cambridge University Press


https://doi.org/10.1017/apr.2016.67

Nonparametric estimation in the M/G/oo queue 1137

It can be easily verified that, under (14) and (13) for all large enough 7', we have T —xog > « T,
and Dy, contains at least £ + 1 grid points. Therefore, by Lemmas 3 and 4 and (39), the chosen
window width & = h, balances the upper bounds on the two terms on the right-hand side
of (29). The result of Theorem 1 follows immediately by substitution of %, in the bounds of
Lemmas 3 and 4.

In order to prove Theorem 2, we note that the bias-variance decomposition in the problem
of estimating A takes the form

[Eg.s | — 2211/2

R 27172
f{EG,A[ > ak(xo)(Rk—Rk)i| } +| D axo)Re — R'(x0) ;

kEMDxO kEMDXO

see (29). The same upper bounds on the bias (Lemma 4) and the variance (Lemma 3) hold.
The upper bound (20) follows by the special choice of the window width in (18). (]
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