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SECTION 1
INTRODUCTION

1.1 The Message-Routing Problem in Data-Communication Networks

There are several major analytical problems in the design
of a modern data communication network. Given a set of nodes,
different topological configurations may be considered. Having
specified the manner in which the nodes are connected, there
remains the question of how to assign capacities to the communi-

cation links. For each problem, different constraints and

optimization criteria are appropriate. Once we have resolved

the issue of the structure of the network, the central problem

that remains is how to route a given message from a source to a
destination node. We are interested in store-and-forward computer
networks where messages, or segments of messages called packets,
travel from a source to a destination node, waiting in queues

for retransmission at each intermediate node. One way to specify
a routing policy is by providing a routing table for each node i
listing what fraction of the traffic destined for node j is to

be sent on each of the outgoing links from node i. Routing
strategies vary in character from purely static, the routing

fractions being fixed in time_and determined on the basis of

[N

stics, to the completely dynamic case where

average arrival stat




the fractions vary continuously in time according to the "state"
of the nmetwork. The philosophy for implementing any strategy
varies between centralized and decentralized extremes. In the
centralized case a special node in the network receives informa-
tion and does all the routing computations, communicating changes
in the routing froctions to all other nodes. 1In a decentralized
scheme, each nod: computes its own routing table on the basis of

"locally'" availa'le information.

An intermed: :ry between the strictly static and dynamic
routing schemes i1s termed quasi-static routing. Here we overcome
the static procedures insensitivity to gradual traffic changes
and the failures of links and nodes by up-dating the routi.g
strategy periodically, or when a special need arises. In the
dynamic routing case, messages that have been segmented into
packets may arrive out of order at the destination node, neces-
sitating a ''reassembly' operation. In the quasi-static pro-
cedure, mosit messages would be delivered in order since the time
intervals between routing charges will be relatively long. Hence,

quasi-static routing procedures suggest a sensible mid-point

between the static and dynamic extremes.




1.2 Purpose of the Thesis

Routing procedures that have been derived to optimize
system performance in the sense of minimizing the total delay Dy
accumulated per unit time, work with an objective f{unction of

the following form:

D, = B D GFL ) (1.1)
T (1.k) ik * ik
The assumptions inherent in (1.1) are discussed by Kleinrock
in [5]. Dik(fik) denotes the average delay/unit time on link
i~k and fik denotes the total link flow in bits/sec. An extra

term may be added to include the effect of propagation delays

on link i-k. These previous approaches to routing have employed
closed form expressions for the Dik(fik)'s, derived from queue-
ing theory by making many simplifying assumptions. This approach
to the routing problem has been taken by Kleinrock [5], Cantor

and Gerla [2], and Schwartz and Cheung [7].

The deéarture of this thesis is from the search for closed-
form expressions to finding efficient algorithms to estimate
the quantities of interest. In particular, for static and quasi-
static routing it has been shown in the previously mentioned
works, as well as others like Gallager [3], Agrew [1], and

Segall (6], that the routing procedure should be based on

10
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knowledge of the derivative of the total delay/unit time Dik(fik)
of messages passing through a link i-k with respect to the total
flow fik' Rather than differentiating closed from expressions
for Dik(fik)’ we propose processing the queues at the links to
estimate the Dik(fik)'s directly. 1In this manner we can dis-
associate the optimality of a given routing procedure from all
the assumptions n:cessary to the closed form formulae for delay.
In this thesis w: derive three different estimation procedures
for the marginal delays Dik(fik) by making no assumptions as to
the structure of the queues. However, to study the properties

of each estimator through analysis and simulation methods, we
make very specific assumptions about the structure and underlying
statistics of queues to which the estimation algorithms are to |
be applied. Hence, in the following paragraphs we motivate the
importance of directly estimating the incremental delays Dik(fik)

by reviewing the previous work in designing routing strategies,

with special emphasis on those results relevant to quasi-static ]

routing procedures.

1.3 Previous Work

The most common model for routing problems in data networks

is that derived by Kleinrock [5]. He makes the following

assumptions:




1) Poisson arrivals at nodes
2) Exponential distribution of message length

3) 1Independence of arrival processes at
different nodes

4) The "independence' assumption of service
times at successive nodes. Each time a
message arrives at a node a new service

requirement is chosen from the same
exponential distribution.

On the basis of these assumptions he derives an explicit formula
for the total delay/unit time accumulated on the (i-k)-th link,
1185 fik denotes the amount of traffic passing over the (i-k)-th

link in bits/sec. and C; is the capacity of link (i-k) in

k

bits/sec., the average total delay will be given by

fik

7 A T n o e ik

ik ik
To illustrate how Kleinrock's result in (1.2) is used in
routing problems, we outline the static routing scheme presented
by Cantor and Gerla [2]. The problem of finding an optimal
set of routes is posed as a nonlinear multi-commodity flow prob-
lem, where we want to derive the flow vector f*, whose entries

are fik's, that minimizes the following objective function:

- L . | TN
w5 2 (1.3)
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The summation in (1.3) is taken over all (i,k) pairs that are
connected and y is the total external arrival rate in packets/
unit time. T is interpreted as the average packet delay. The
set of flows that satisfy multi-commodity, capacity, and non-
negativity constraints is shown to be a convex polyredral set
and hence any f in that set may be expressed as a convex combin-

ation of extremal flows o(i)
b g r
£z e 3oy - (1.4)

Letting VT(f*) denote the gradient of the objective function in
(1.3) evaluated at f*, Cantor and Gerla propose an algorithm

that finds the optimal f = f* in the sense of (1.3) for a given

(1)

e w(k)L and then generates a new
+
o (KHD)

basis of external flows (o

(k+1) is the

basis vector ¢ that minimizes (vT(f*),¢).

new extremal flow that will help us reduce T the fastest. The

procedure continues iteratively until we are as close to the
(1)

optimal flow as desired. As part of the calculation of ¢ 2

we generate a set of routing tables that realize the given flow.

Schwartz and Cheung [7] describe a gradient type algorithm
for calculating the optimal ilow vectcr which motivates a possible
stochastic approximation algorithm for quasi-static routing.

denote

(m,n)
ij

Let fij denote the total bit rate on link (i-~j) and f

the bit rate of messages with source m and destination n on link
13
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i-j. Let lij denote the propagation time for link i-j and —
' N
be the average message size in bits. Then the objective function

which Schwartz and Cheung define is the average message dela;

< |=

1
D I (e e pif.) (1.%)
R i C.. - ;
(haax M ( ff 5 A e
y is the expected total external message arrivals/unit time and
Cij’ the capacity of link (i-j) in bits/sec. If NN denotes the

number of nodes in the network and : e is the expected number of

arrivals/unit time at node m with destination n, the multi-

commodity, non-negativity, and capacity constraints on the flows
are stated as follows:
i
: v [y i=m
’ gt B R R ( =
z fik’ z f!i’ =0 i#m, i#n (1.6)
k=1 1=1 i
§ -Ymn/u i=n
(m,n)
fij Fadll ! Ll 7}
= (m,n)
Ryo ™k R & Cy s (1.8)
1] (m’n) 1] 1]
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Defining a commodity flow vector [, whose entries are

the the conservation of flow constraints (1.6) may be

’

EFW’n)'s
1]

expressed as
A f=5bL. (1.9)

b is a vector whcse entries are either 0, y /p, or -y /u. A
mn mn q

is a matrix consisting of submatrices corresponding to each (m,n)

commodity.
| ‘
H sy
! A - = 1.10
? q S e A(msn) ( )
=i A(NN,NN-I) }
s Given a flow f' satisfying constraints (1.6) through (1.8), we

can obtain a feasible direction of descent for the objective
function in (1.5) by projecting vT(fl) onto the constraint sur-
? face defined in (1.9). Hence, Schwartz and Cheung propose the

| iteration

P ol N thvT(Ei) ) (1.11) r

where h is a step size and Pq a projection operator defined by

15




Po= L = AVEA A3 ts (1.12)
q q q'q

The capacity constraint is handled implicitly by the penalty
function in the objective function (1.5). Schwartz and Cheung
derive an h' such that for 0 < h < h', the non-negativity of
flows is preserved. The actual h is determined by appealing to

the convexity of the objective function.

Now we recast the procedure of Schwartz and Cheung [7] to
apply to a quasi-static routing situation. Suppose we redefine

the objective function in (1.5) by not using Kleinrock's formula

e |
]
< |=

(1?3) (Dij(fij) + fijuTij) (1.13)

We assume that the current vector of flows 1is fl and we have

available estimates for
il =gt

Hence, we can calculate vT(f') and apply the iteration

g )
L nh'quT(fi) b (1.14)

where h' is the upper bound on the step size to insure non-
negativity of flows and n is some scale factor 0 < n < 1.

Equation (1.14) could be termed a stochastic approximation

16

and the Tij are known constants.
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algorithm since our values for — would necessarily be

:fi. .
J ! f= f],
inexact and hence our gradient vT(f') would only be an estimate.

In the algorithm offered by Cheung and Schwartz, the routing

fractions are determined by knowledge of the commnodity flows

g (m,n)

i In addition, the procedure is centralized, namely we

assume the routing computations are performed at a special node
and then communicited with the rest of the network. For many
reasons, decentralized algorithms where the compucation is dis-
tributed through the network are mc e desirable. We next discuss
a quasi-static routing algorithm derived by Gallager [3] that

not only is decentralized, but works directly with the routing

fractions.

Gallager uses a static model with stationary inputs and
proposes an algorithm that seeks to minimize the total delay DT
in the network specified by Eq. (l1.1). He assumes the functions
Dik(fik) are increasing and convex U functions of the flow fik'
Let ti(j) denote the total expected traffic at node i destined
for node j and ri(j) the total expected external arrivals at
node i destined for node j. The routing variables are defined
as éik(j), the fraction of traffic ti(j) that is routed over
link (i-k). Conservation of flow for traffic with destination j

at node i is expressed with these variables as

¥




£ 0) =5 () + D e (D) - (1.15)

Hence, the link flows fik are given as

D ODT
Gallager next derives two quantities, bri(j) and béik(j)’

that appear in his algorithm and are used to characterize the

conditions for a minimum of DT with respect to the 4 variables.

oD, “dfa D,
D : 5D |
: L (1.18)

o " SO * ety

He then shows that a necessary condition for 4 to achieve the

minimum DT is

3D, & "ij ; 6ik(j)>0 (1.19)
08; (1) | >

18
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Gallager's algorithm consists of two parts: a protocol
oD
between nodes to calculate marginal delays S;f?jj'and keep track
i

of a number of sets which he terms Bi(j)’ and a procedure for
up~dating the routing variables é#. The procedure for adjusting
the routing variables is defined as a mapping él = A(4) that
attempts to move closer to the optimal equalibrium condition
specified by (1.19). The sets Bi(j) denote nodes for which

éik(j) = 0 and te algorithm is not permitted to “ncrease éik(j)
from zero. The way the Bi(j)'s are defined insurcs the
"looplessness' o. routes from any given source i to destination j,
i.e., we can never go from a node i to some intermediate node m,

back to node i, and finally to our destination node j.

We can see that the marginal delays Dik(fik) are fundamental

to Gallager's procedure. While we could obtain them by differen-

tiating Kleinrock's formula [3], it would then be necessary

to estimate the flow fik' Hence, it is important to make the
algorithm independent of Kelinrock's assumptions and estimate
Dik(fik) directly by locally processing the queue for traffic

using link (i-k).

We next review Carson Agnew's discussion in [1] of the
ARPA scheme for routing, since his analysis reveals the reason
for the sub-optimality of that method and he suggests an ARPA

type routing strategy employing marginal delays. In the ARPA

19
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procedure, each node in the network maintains a table whose (i,j)-th
entry is an estimate of the minimum time to reach the j-th node
through the i-th neighbor. These estimates are based on the

queue sizes at intermediate nodes, and hence the time it takes to
empty those queues. When a message arrives addressed to the j-th
destination, we look down column j and send the message to the

neighbor with the smallest estimated delay.

Agnew introduces a simple single-commodity network with
input flow A to be split into n routes with xi arrivals/sec.
each and stationary M/M/1 queues (exponential service require-
ments and exponential inter-arrival times all mutually independent).
The flow, capacity, and non-negativity constraints together with
the objective function corresponding to average message delay are

represented as follows:

n

e ST D (1.20)
A i
i=1

0 < )‘i < “Ci (1.21)

— 1 n —

= = " 1
E x ifl )\i(Ti 4 Ti) (l.22)

20
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The average message length is specified by i. Ti denotes the
average total delay/message for the i'th queue and Ti denotes
some remaining constant delay to get to the destination, such as
a propagation time. Agnew's analysis is not relevant to more

general networks since the Ti should be functions of Xi.

For this simple one destination model, to inplement the

ARPA technique we would have a table with i'th entry Ti 4 (1-+Li)uCi,

where Li denotes the number of messages in the qu:ue and being
serviced. After a long time, the distribution of traffic would
be determined by the equalibrium conditions

—_—

4% =7 2 F for Ry k. =0
i i j j i

(1.23)

T, +T!>T, 4T for X, =0, A,>0
1 1 J J s ]

However, these do not correspond to the conditions for obtaining

a minimum T in (1.22), which Agnew shows to be

D — '= b — '

oW (AyTy) + T4 2y Mgty ¢ 35 Ape Ay =0

P - + R A =

W (xiTi) Ti oxj (ijj) + Tj Ai 0, xj >0

21




These differing equalibrium conditions (1.23) and (1.24) reflect

the difference between system and user optimization.

For his single-commodity model, Agnew suggests a way to
obtain an ARPA-like scheme that will approach the conditions for
system optimality defined in (1.24). What we need is a quantity
that has an expectation equal to the marginal delay Z%; (AiTi).
For an M/M/1 queue he shows that Si = ;%; L+ Li)(l + Li/2)

satisfies the desired property. Hence, he proposes that we do

ARPA-type routing with revised table entries Si + Ti.

In [6] Segall proposes for a general network an ARPA-like
routing strategy that uses marginal delays. Suppose that the
objective function we wish to minimize is the total delay accumu-
lated per unit time over the network defined in (1.1). If we
denote by ri(j) the average bit rate of external arrivals at node
i with destination j,  and given a small change éri(j) in ri(j),

where should we direct the extra traffic? Assuming we direct

6ri(j) on a path P from i to j, the associated change in the

total delay D,, is given up to first-order terms by

T

oD
= . = 1 -
6DT z o f 6ri(J) T Dim(f{m)éri(J)

(L,m)eP Am (L,mjeP

(1.25)

22




nce 1is suggests c sing P so as to minimize =———x, 1he
Hence, this suggests choosing P so a ( ¢ él'i(J) ©
routing procedure motivated by (1.25) is analogous to the ARPA-
scheme, but the (i,j)-th location in the routing table would now
oD,

list the estimate of the minimum e ey for directing extra
i

traffic to destinaton j through neighbor i.

1.4 Formulation of Thesis as Queueing Theory Problem

In all of tiie quasi-static type routing algorithms pre-
sented, the inc-emental delays Dik(fik) are esseitial quantities.
Rather than dif erentiate queuein; theoretic formulae, with all

their implied statistical assumptions, we propose estimating

Dik(fik) by operating on the record of the queue associated with

the outgoing link from node i to k. We are interested in find-

ing recursive estimation procedures that process the queueing

record and converge to Dik(fik) as the observation interval
becomes sufficiently large. Hence, our problem can be formulated
in the context of single server queueing theory. In our case

the customers are identified with messages. The service time
becomes the transmission time for the message due to the finite

capacity of the communications link.

Hence, in this thesis we derive three algorithms that pro-
cess the record of arrivals and departures of a queue to generate

estimates of the derivative with respect to arrival rate of the

average total delay per unit time. Since we make no assumption

23




as to the exact form of the queue, we are interested in robust
techniques that are as insensitive to statistical assumptions
of the queueing process as possible. lowcever, the performance
of the algorithms can be analyzed only for relatively simple
queues. Consequently, although the proposed algorithms can be
applied in practice in very general situations, their explicit

analysis is only done for queueslike M/M/1, M/D/1, etc.

1.5 Summary of Thesis

The plan of the thesis is to examine the behavior of three
estimation procedures, which we term the customer-addition,
customer-removal, and time-contraction algorithms, for a variety
of queues. The algorithms are described in detail in Section 2.1
but we may say now that each procedure corresponds to a different
technique for imagining a hypothetical alteration of the queueing
record to reflect a differential change in arrival rate 6. 1In
the customer-addition algorithm we conceptually add a customer
at a random time in the observation period to simulate an increase
in arrival rate. 1In the customer-removal algorithm we randomize

the conceptual removal of customers from the queue, achieving

the effect of a decrement in arrival rate. In the time-contraction
procedure we redefine the arrival times of customers to simulate a
compression in time scale and hence a differential incrcase in

arrival rate.
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Section 2 contains the main results of the thesis. First
we give a detailed description of the way the notions for
altering the queueing record indicated above are refined into
the actual estimation procedures. This motivation leads then to
the derivation of the algorithms and their realization in {low
chart form is ird ' cated. The analysis of the algorithms is
performed in detail for special queues in Sections 2.3, 2.6, and
2.8. For the cuitomer-addition and time-contraction procedures
we are able to p ove asymptotic unbiasedness for 'n M/D/1 quecue.
I'or the time-con raction and custome.-removal procedures we
define the calculation of the asymptotic bias as a power series
in p, the utilization factor x;, in the case of M/G/1 queues.
Employing this power series representation, we show that for an
M/D/1 queue the bias for the customer-removal algorithm may only
contain terms of third-order or higher in p. We also show that
for an M/M/1 queue, both the bias for the time-contraction and
customer-removal algorithm contein terms with powers of p of
all orders. Since the calculation of the variance associated
with each of the estimators is too cumbersome, we derive Cramer-
Rao bounds for each algorithm in the case of an M/D/1 queue.
Since for purposes of practical implementation, routing calcula-
tions are secondary to the actual transmission of data, it is
important to analyze and compare the storage and computation
requirements of the three algorithms, which we accomplish in the

final seccion of Section 2. 95




In Section 3 we present the results of simulating all thre

algorithms for an M/D/1 queue and the customer-removal and time
contraction procedures for M/M/1, D/M/1, and U/M/1 queues. The
performance measures we use to compare the algorithrm: are the

relative bias and fractional rms error. Since the queueing
record is segmented into busy and idle periods during which the
server is occupied and unoccupied respectively, the variable we
use to quantify the observation interval is the number of busy
periods N included in the period. Hence, to investigate the
convergence of the algorithms, for each queue of interest we
present curves of the fractional rms error for N = 10, 100, and
1,000 busy periods and similarly present tables of the fractional
bias. Employing our Cramer-Rao bounds for the M/D/1 case, we
find that all three algorithms are both consistent and asymptot-
ically efficient. We examine the robustness of the customer-
removal and time-contraction algorithms by comparing their per-
formance for M/D/1, M/M/1, D/M/1, and U/M/1 queues. The only
significant difference in the two procedures performance occurs
in the case of a D/M/1 queue, where the customer-removal pro-

cedure does worse.
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SECTION 2

THREE ESTIMATION ALGORITHMS

2.1 Introduction

The main goal of this thesis is to propose and evaluate
algorithms which process the record of a single server queueing
system to estirate the derivative of the total delay/unit time
with respect tc arrival rate A. The available record consists
of exact knowle 'ge of arrivals of customers to the queue and
their departure¢. after service is completed. Time is segmented
into alternate intervals, busy periods, during which the server
is occupied, and idle periods, when the server is free. The
observation interval which is used to form our estimate consists

of a number of busy periods and the intervening idle periods.

A simple thought-experiment motivates all three estimation
algorithms. Consider our single-server queueing system with
its average arrival rate of A customers per unit time. For a

given observation period T_, if we can compute the total system

E?
time S, i.e., the sum of all customer's service and waiting
times, then the average delay/unit time is given by D = S/TE‘
Suppose we could actually alter the input flow by some 6A. Then,
on the basis of an earlier D, by computing D* for the next

observation period, we can estimate the derivative of the total

delay/unit time by calculating
&




ﬁuzu e (7.1

However, in any actual queueing system it would be undesirable
to change flows just for measurement purposes. Even if we
could implement (2.1), the independent statistical fluctuations
in D and D* would probably make it a very poor estimator.
Hence, what we need is some mathematical formalism for an imag-
inary increment in flow 06X, which will allow us to compute the
corresponding change in delay without actually perturbing the

arrival rate.

According to intuition, an increase in arrival rate should
result in additional customers entering the system. An extra
customer arriving in a time interval TE with probability £ will
increase the effective rate by 6A = E/TE. If extra arrivals are
mutually independent events, the probability of two or more cus-
tomers will be of second-order in £ and hence of second-order in
6X. Therefore, only the effect of a single extra arrival has to
be considered explicitly. We also assume that the arrival time
of the extra customer is uniformly distributed over the observa-

tion period T In addition, in order to explicitly compute the

Ee
change in total system time over the observation interval due to

an extra arrival, we must assume that the additional customer

has some known service requirement. These assumptions allow us
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to compute an expected increase in system time conditioned on
the arrival of a new customer, and the resulting estimation pro-

cedure will be called the customer-addition algorithm.

In a second algorithm, an incremental decrease in the effec-
tive rate X\ is simulated. This is done by assuming that each
customer arriving to the system is allowed to indeed enter the
queue with probability 1 -%, and is eradicated with probability
€, independently from customer to customer. In this way we simu-
late an arrival process with rate A(l-¢). Hencec ¢ is determined

as follows:

A(L=e) =X + 61 (2.2)
¢= -2 (2.3)

We then estimate A by appealing to the law of large numbers. If

M' is the total number of customers in a period TE

Hence, we use

-TE :
€= o (2.4)

Again, the probability of removal of two or more customers from

the same period TE is second-order in 6)X and hence the reduction
of total system time that has to be considered explicitly is due
29
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to removal of only one customer. This reduction consists of it:
own system time and the effect on other customers. The estima-
tion procedure motivated by this second technique for making a

"virtual" change in flow 6 is termed the customer-removal

algorithm.

A second characteristic that we associate with an increase
in arrival rate, besides the fact that more customers appear in a
given time period, is that there is less time between successive
arrivals and therefore the customers are more ''compressed"
together. To make this argument quantitative, we note that an
average arrival rate of \ customers per second means an average
inter~arrival time of l. The change in the average inter-arrival

A

time due to an increment in A is given by
I
BC) === € . (2.5)

If 1 denotes the arrival time of the n~th customer, we define a

i i ' = _"6 X 7 - == -];
new set of arrival times i Tn(l . : AR E(Tn+1 Tn) o
. ! - ! = l- - —-6>\ 1 =y 1 1 1
then L(Tn+1 Tn) A (1 s ). This result is consistent with

the change in inter-arrival time predicted by (2.5) due to an
increase in flow 6Ax. We compute the resulting increment in system
time by considering first the fact that customers arrive a little

earlier and second, the fact that, given our fixed observation

period T, the redefinition of arrival times results in the
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trailing edge of the interval being contracted and leaving & pgap

[ . : ; '
~= T during which extra customers could have arrived. The

A E

estimation method suggested here is termed the time-contraction

algorithm.

The present section contains the derivation and realization
in flow chart f.ru of the three algorithms. In addition, an
extensive analy:s.s of the algorithms is performed. We give a

proof of the as iptotic unbiasedness of the custcmer-addition and

time-contractio: algorithms for a queue with Poisson arrivals and

deterministic scrvice requirements (M/D/1). The asymptotic bias

behavior of the customer-removal and time-contraction algorithms

for M/G/1 systems are examined as a power series in the utiliza-
tion factor p = Ax. For an M/D/1 queue we show explicitly that

the customer-removal algorithm is asymptotically unbiased up to

the third power of p and give a construction to prove asymptotic
unbiasedness up to an arbitrary power. Also for an M/D/1 queue,

Cramer-Rac bounds for any unbiased estimator of the delay gradient

are derived. They will be used in Section 3 to determine the
asymptotic efficiency of the algorithms applied to M/D/1 queues.
We complete the present section by analyzing and comparing the

storage and computation requirements of each method.
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2.2 Derivation and Realization in Flow Diagram Form of
Customer-Addition Algorithm

In the customer-addition algorithm we simulate an increase

o)X in the arrival rate. The following assumptions will be made:

1) The probability of an extra arrival in the
interval T, is OAT,..
E E
2) Each extra arrival is independent of all other
arrivals.

3) The extra arrival is uniformly distributed
over the interval TE'

4) The service requirement of the extra customer
is known; we denote it by x.

Let T, and I, denote the duration of the k-th busy and idle

k k
periods, respectively. Let 8S denote the increase in system time
over N busy periods associated with the arrival of an extra

customer. We let 6S denote the expected increase in system time

associated with an increase in arrival rate 6\ and conditioned on

.g the record of arrivals and departures. By conditioning on the
: random arrival time t being in each Tk and Ik we can compute 6S
as
65 = E(6S|Queueing Record)TEbk

5 N T, Rl

6s = z E(éSltch, Queueing Record) T + T

k=1 E k=1

Tk

E(68\L€1k, Queueing Record) T TFGA ; {(2.6)
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The TEOx outside the brackets is the probability of an extra
arrival. The increment in system time due to an increase in flow
60 is zero if no additional arrival occurs. The factors Tk/TE
and Ik/TE represent the probabilities of t being in the k-th busy
and idle periods, respectively. This is a consequence of the
assumption that t is uniformly distributed over TE' Since we are

interested in the derivative of the total delay/unit time with

respect to the flow rate, our estimator is given by
5t u L 88
D = - (2.7)

We focus next on the calculation of E(6S|teT,, Queueing
Record) and E(éS\teIk, Queueing Record). These expected incre-
ments in system time are composed of the average effect on
existing customers plus the average system time of the additional
customer. In considering additional arrivals in a busy period,
we can distinguish between effects on the customers in that busy
period and interactions with succeeding busy periods. First we
examine the part of E(GS\teTk,QueueingRecord), call it ASk,
that comes from considering the k-th busy period in isolation.

To facilitate discussion, the following notation is defined.
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T 8 Arrival time of i-th customer in the busy period
(relative to the start of the busy interval)

%
e

Service requirement of the i-th customer

%
Il

System time of the i-th customer

[
e

System time the i-th customer would have had if
an additional customer arrived at time ¢

Number of customers in the busy period

System time of the additional customer

>
e je

Arrival time of the additional customer

&

i

o

Duration of the busy period. (2.8)

We break up the calculation of the expected increase in system

time into expectations conditioned on an arrival in the interval

[Ti, Ti+1] foryar = L San Mg Tl is zero and Tal 1S defined as

the duration of the busy period T. Then

AS E {Z S: + & & Sn\t([O,T]}

AL,

M
151 E {SS + A-3 Sn\te[ri,ri+l]} Pr {te[Ti,Ti+1]\te[0,T]}

]

(2.9)
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By the assumption of uniformly distributed arrival time

Pr {tel ]\t[OT]}:T_iil___-_li
P 5 € Ti,Ti+1 L€ ’ T

(2.10)

The system time of a given customer is equal to his service plus
waiting time. The¢ waiting time is equal to the sum of the ser-
vice requirements of those who entered the busy period before him
minus his arriva. time. Hence, the system time of the n-th cus-

tomer is given b

S = X = T (2.11)

Now consider the new total system time due to an arrival at time

telT T ipg)
M i M i
T 8+~ L 5 + 3 (Sn+x)+(2x +x-t)-
n=1 n=1 n=i+1 n=1

(2.12)

The first term represents the first i customers whose system times
are unaffected by the new arrival. The second term shows that
each customer ahead of the new arrival will suffer an additional
delay x. The final term represents the system time A of the new
customer. Since conditioned on being in [Ti’Ti+l]’ the random

variable t is uniformly distributed over that interval, taking

appropriate conditional expectations in (2.12) yields
35




Substituting (2.13) and (2.10) into (2.9) results in the follow~

ing expression for AS:

AS = x + I; {;: x _Ti+Ti+1}{Ti+l-Ti}
i=1 ln=1 © - T
M T - T,
+ T (M-i)x {——-———IHT 1}. (2.14)
i=1

The first and second terms represent the service requirement of
the new customer and his expected waiting time, respectively.
The third term is the expected delay suffered by the existing

customers due to the new arrival.

For the special case where all the service requirements are
the same, namely X, = X, Eq. (2.14) simplifies. This can be seen
by direct substitution of X, =X into Eq. (2.14), but it will be
illuminating to re-examine the computation that led to (2.14).
Suppose our extra customer arrives at time t after the k-th and
before the (k+l1)-st customer. The M-k customers ahead of the

new arrival suffer an additional delay x. According to the rule
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described by (2.11), the system time of the new customer is given
by (k+l)x-t. Hence, for an arrival at time t, there is an addi-
tional system time Mx-t+x. This amount of time is equivalent to
f allowing the extra customer to wait till the end of the busy
period and then be served. Since t is uniformly distributed over

an interval Mx, we have t = Mx/2. Therefore, AS is given by

AS = j Vet (2.15)

We complet:. the calculation ot E(6S!|teT, , Queueing Record)
by looking at the additional system time that may result from
one busy period overlapping onto another. The following will
hold fer arbitrary service times Xy No matter where an addi-
tional customer arrives in the k-th busy period, that period will

be extended by the extra service time x. The value of x relative

F-:_ to the following idle period durations will determine the number
& of succeeding busy periods that will be affected by an arrival in
Tk' However, the number is always finite. If x < I, mo follow-
ing busy periods suffer additional delay. 1If Ik £ X < Ik o Ik+1’

only the (k+l)-st busy period is affected. The exact effect on a

given busy period j in the future, depends on how much an arrival _”

in T, causes the (j-1)-st busy period to overlap onto the j-th busy

period. For example, if x > Ik then each customer in Tk+l will

suffer an additional delay (x-Ik). Letting Mk denote the number

St




of customers served in the k-th busy period, the preceding reason-

ing leads to the following rule for computing E(éSthTk, Queueing

Record) :
.
ASk X < Ik
e Mot s Ty T B
E(6S |teT; -
Queueing Record) ﬂ
1+1 ( j-1 ) 2 141
ASht S EEEM I i = I z ﬁd_~xi oL %ﬁ
\
(2.16)

The last relation in (2.16) refers to the case when an arrival in

Tk affects (4+1l) busy periods into the future.

To complete our description of the customer-addition algor-
ithm, we must now evaluate the average increase in system time
E(68\t€1k, Queueing Record) associated with arrivals in idle
periods. The effect of an arrival in Ik on the j=-th busy period
again depends on how much the (j-1)-st busy period slides onto the
j-th busy interval. As the effect on customers in Tj is not
independent of the exact arrival time, we must average over all

times t in the k-th idle period. Let « denote the time instant

k+1

corresponding to the beginning of the (k+1)-st busy period. 1If
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x < an arrival in I, affects only the (k+l)-st busy period.

k

Queueing Record) is computed as

Lt

Hence E(éS%thk,

S o
E(6S|tel,, k+1 43

= x + M (X+t'a )___
2 +
Queueing Record) max {ak+1 -Ik’ ak+1-x11k 1 k+1 Ik

for x < Ik+1

(2.17)

Here, x + t - o is the amount that the additional customers
service time overlaps onto the (k+l)-st busy period. The '"max"

is necessary in the lower limit of integration since our arrival t
must be in the interval Ik. If x < Ik’ then 041 T X represents
the earliest time at which an arrival can occur and influence

the (k+l)-st busy period. By a simple change of variable,

t' =t - the dependence on o, ,, disappears. The relation

p+1?
(2.17) may be generalized to

E(GS]teIk, 141 0 5
-_— ' - —_—
Queueing = f"'fl 2 B Mk+-j(X+t Sj) Ik
Record) J.n = k’7j e
L : LAl
for £ 1 aX L B o (2.18)
jul k+j ~j=1 k+]j
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0 =k
(2.19)
S. = :
] J=1 .
? Ik+m il
m=1

Equation (2.18) corresponds to the case when an arrival in Ik

influences 4+1 succeeding busy periods. The value of the inte-

grals in the summation are given by

il
0 Mk+ (x - 5 Ik S.) -Ik > Sj-x
1
M e
max {-I,,S.-x} k ;
= %kil G S,
Ik k
(2.20)

Employing (2.18) and (2.16) in (2.6) and (2.7) we can con-
ceive of a processor which up-dates an estimate for the delay gradient
at the end of each busy period. Let {k denote the time from the
start of the observation period to the end of the k=-th busy period.
Let 62k+1) denote the estimate for the delay gradient based on

k+l busy periods. Let A, be the incremental expected delay

k
suffered by the (k+l)-st busy period due to an additional arrival

in the current queueing record. Hence, the up-dating at the end

of the(k+l)=-st busy period assumes the form
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!
AR -2

~ {'k A
e A s (2.21)

D’ = Bl
(k+1) {'k+l (k) k
Since x is finite, we look back in time a finite number of busy
and idle periods to compute Ak. Suppose that the busy and idle
periods are numbered consecutively from the beginning of the
observation time and let i_ denote the index of the most recent

E
idle period. L=t Ny denote the index of the first idle period at
which an arrivel with service requirement x can influence the

current (ip +1) st, busy period. Il nce, we need only store idle

period and busy period information for (I i b ) and
n, lI+1

At the end of every idle period, n_ must be

Bkl e T11+1)' I

I
up-dated to reflect how far back we must look to compute effects
on the newest busy period. Additional simplification is possible
due to the fact that both E(bS\teIk, Queueing Record) and
E(GS\telk, Queueing Record) include an x term. Since the incre-
mental expected system time due to an arrival in either a busy or
idle period is weighted in the estimator by the probability for
arrival in that time slot, we can add x at the end. These ideas
are realized in the flow diagrams of Figures 2.2 and 2.3.
Figure 2.1 pictures the relationship between np and iI’ and

defines the variables that appear in the flow diagrams of Figures

2.2 and 2.3.

41




hrionel L) i T e e o s I

| !

| I

! |

{ 1 t i e B i Time
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+
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B e e s [ Rl J
iI+1 Number of the current busy period.

ny Number of the first idle period at which an
arrival with service requirement x can cause
customers in busy period i_+1 to suffer

Sl I
additional delay.

L,1' = Variables denoting the elapsed time from the
beginning of the observation period to the
end of busy periods irs 11490 respectively.

A, S, C = Auxilliary variables.
q Index of current busy period iI+1.

T; Arrival time of n-th customer in i=~th busy
period relative to the beginning of that
busy period.

x> Service requirement of n-th customer in the

n ¢ :
i-th busy period.

Mi Number of customers in the i-th busy period.

D' Delay gradient estimator.

D; Delay gradient estimator minus service
requirement of additional customer x.

Figure 2.1 Queueing Record Structure and Definition of Variables

Relevant to Flow Chart Realization of Customer-Addition
Algorithm
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We now pose the question of whether the customer addition
algorithm can be generalized to be applicable to a wider class
of queues than those where all customers have the same service
requirement x. As formulated, the algorithm is limited by an
assumption of a fixed service requirement x for the additional
customer. Hence, we can conceive of extending the algorithm by

doing a final averaging over x,

@

- R 9§ :
D 1 ./f B(x) 3\ (x) dx (2.22)
E
x=0
B(x) denotes the service time density and %% (x) refers to the

unnormalized incremental delay as a function of the assumed
extra customer service requirement x. While possible in principle,

the scheme implied by (2.22) is unacceptable for practical reasons.

The evaluation of (2.22) necessitates saving the entire queueing

record and doing all our processing at the end.

Only when the service time density consists of a discrete set
of values would it be reasonable to implement (2.22). In this

situation B(x) is given as a train of impulses.

B(x) =
k

[ & B

0.8 (x-x, ) (2.23)
1

Then (2.22) would become
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L ~
“ 1 6S
D' s wee T o, = (%) . (2.024)
TE k=1 k ox k
Hence, for each X) k =1 ... L we would process the queueing

record in parallel, employing the algorithm given in the flow

diagram of Figure 2.2.

2.3 Proof of Asymptotic Unbiasedness of Customer-Addition
Algorithm for an M/D/1 Queue

We now examine the bias of the customer-addition algorithm
as the number of busy periods in the observation period, N,
become unbounded. For the algorithm to be asymptotically

unbiased we must prove that

oo
> |0y

14 {E {%— }}=% : (2.25)
Novw E

where D is the average total delay/unit time.

To check (2.25) we must first define the quantity %% . The
average total delay/unit time D is equal to )\ times the average

total delay/customer Dc' Hence, %% may be expressed in terms of
oD

— o
DA

o (2.26)
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| The average total delay/customer is expressible in terms of the

- O

— i
average service time x and the average waiting time w as |

D =% 4w . (2.27)

o

D : S
Hence, 7= can be reformulated in terms of the average waiting

{

(&

time and servic:e requirement.

_'.'+w+/\.‘f__. (2.28)

(a8 (o4
A
]
|

We can evaluate the above expression for all queues for which an

explicit form of the waiting time distribution is available.

Reviewing the assumptions inherent in the customer-addition

algorithm, we can expect that the procedure will be asymptotically
unbiased in the case of an M/D/1 queue. The descriptor '"M/D/1"

. means the arrival process is Poisson, and the service require-

oS,

ments deterministic. Since all customers in an M/D/1 queue have
the same service requirement, the assumption that the additional
customer has a fixed service time is harmless. The two other
assumptions, uniform arrival time distribution for the extra
customer and the probability density for the arrival of extra
customers, are both consistent with a Poisson arrival process.

For a Poisson process the probability density for the time of

occurrence of the i~th event given k > i events did occur in [0,T]
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} is uniform on the interval. Let p(k,x) denote the probability
of k arrivals in an interval T given that the arrival rate is X.
If we let (GAT)k be the probability that k additional customers
arrive in an interval T due to an increase in rate 61, p(k,Xx +061)

must satisfy

k
p(k,x+6)) = T

i=1 - OAT

plk-i A} (BT + p(k,k)(l E T—f’*—T—) (2.29)

After some manipulation, dividing both sides by 06X and taking

the limit as 6\ approaches zero, we obtain

2eal) = 7(p(e-1,0) - BT (2.30)

By direct substitution we can verify that the Poisson process

formula for the probability of occurrence of k events in a time T

Lg given below satisfies (2.30).
k,-AT
plk,n) = XL — (2.31)

Motivated by the preceding arguments, we proceed to prove
that the customer-addition algorithm is asymptotically unbiased
for an M/D/1 queue. Since for an M/D/1l queue, the average wait-

ing time is given in [4] as
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I
o (2.32)

where p = Ax is the utilization factor, formula (2.28) dictates

that we must prove the expectationof our estimate (2.7) converges

e

as N - «» to

o

D px pX
-_ = x + + 5 (2'33)
A 2(1- 2

° -0} 301-p)

Since by the lav of large numbers we have lim T_ = lim o -
et M

interchanging tle limit and expectation operations in (2.25) we

must show that

A lim [ = E 23 -2 (2.34)
Noo | NM

~

Employing (2.6), we can break the problem of computing E %%

% into evaluating the expectation of two types of terms as below.
8.
E—— = T E{E(6S|teT,, Queueing Record)T, }
6 k=1 k k
N-1
+ I E{E(bs\tclk, Queueing Record)Ik} (2.35)
k=1

The terms E(GS\teTk, Queueing Record) and E(bSEt(Ik, Queueing

Record) are given by Eqs. (2.16) and (2.18), respectively. Since

the queueing record is given by the number of customers served in
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each busy period (M1 s MN) and the idle period durations

(I1 s IN-l)’ we further break the calculations by first condi-
. . . . -

tioning on (M1 At MN) and averaging over (11 e IN-l) and then :

averaging over (M1 oxs MN) as below.

E{E(GS\teTk, Queueing Record)Tk}

= E{E[E(éS\teTk,Ml coe My T ...IN_l)Tk/Ml ...MN]} (2.36)

E{E(GS\t(Ik, Queueing Record)Ik}

= E{E[E(bS\thk,M1 cee M, T4 ...IN_l)Ik/M1 ...MN]} (2.37)

We organize our calculations by first computing 6ST and GSI

1 1

defined below as

65, A& E[E(OS|teT ,M; ... Mo, T, ... To T My ... M
(2.38)

and

It

6S

E[E(6S [teI ,My .. M, Ty oo T DT (M) - M,

50 (2.39)




BT,

and then generalizing our result to GST and 6.‘31 specified
k k

similarly. Finally, we sum GST and 651 over all k's and
k k

average over (Nl e MN).

Calculation of OST
i

We calculate GST by first illustrating the thinking involved
1
when the number of busy periods included in the observation per-

jod, N, is thre: and then generalizing the procedure. Figure 2.4
depicts the que eing record for N=3 and a partit oning of (11,12)

space into thre regions: Rl’ Ry and R According to (2.16),

2 3

TlE(GS\teTl, Queueing Record) is given by

-
ASlTl X % 11 or
(Il,Iz)eR1

T E(6S |teT,, g‘;gii““g) = ﬂ A8 Ty ok (T T Iy 2 %el, ox
(Il,IZ)eR2

A8111-+ (X-II)MZTl X > I1 + 12 or
L + (x—Il—Iz)MBT1 (11,12)<R3

(2.40)

The key to computing the desired expectation is in noting which

region of the (I,,I,) space corresponds to each term. AS.T. is
B 1=k
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FLEAE.

averaged over the whole space. (x-Il)M?T] is averaged over

I, £x and (X—IJ-IQ)M3TL is averaged over I +I, < x. Sub-

1

stituting Tl =PHR and employing (2.15) for AS,, we break up the

expectation by averaging each term over the appropriate region.

2 i
= T - M" A - | - - -
6ST1 (Mlx + 5 dlx e o MlexE(x Il,x = Il> Pr (x > I])

= MM o xECR =

- e ~ > = a.
M3 LTS -fIz)Fr()\il I

1 1 2) (2.41)

We can now ext 1d the argumencs that led to (2.3() to the case of

an arbitrary n uber of busy peric s N. The necessary condition
that there be a contribution to tle incremental delay due to the

effect of an arrival in T, on the (k+1)-st busy period is

k
& 1. = x . (2.42)

Hence, (2.41) generalizes in the case of N busy periods to

9 1 22 N-1 k k
6S = (M;x" + = Mx")+ T M ¥Bigx - B I.{ B 1, <=
T ] 5y L i Pl A )
k
Pr‘ I _{xI. (2.43)
[5=1 37

We now proceed to defire the statistics of quantities which
we need to calculate (2.43). For any M/G/1 queue, the idle
period lengths Ij are independent, identically distributed expon-
ential random variables with parameter x [4]. Hence, their sum

-5

e —————— 7 — t——




has a gamma distribution. The density and distribution function

associated with the sum Y of k idle period durations are defined

below.

k
Y= T I, (2.44)
: o
k—lxke—xy
£,(y) = y i (2.45)
. k-1 j
F.(y) =1 - ¢ ¥ Q) (2.46)
Y j=0 J‘

To calculate (2.43), we need to evaluate E(Yly < x).

X

k j
[ yE(y) dy %(1 _ M s wg_)

E(Y]y < x) = >

5y = %) (2.47)

Using (2.47) and (2.46), Eq. (2.43) becomes

N-1
2 1 .2 %
68 (Mlx + 5 MIX ) + ?

1 k= %

K -) Ax)
) XMle+1 [(x - —)(1 - @ N .Z 'Lf§L_)

- B

-Ax xk—]xk }

(k=1)!




SRS A———— RIS b v 45 oot i e -

The first term represents the effect of the additional arrivel on
the first busy period and the terms in the summation show effects

on the remaining N-1 busy periods.

MR e ——— Fhny
Calculation of OSI
) e
The prececd .ig procedure, of examining each type of term

separately and .mposing conditions on the space or (Il g i 1N ])

such that the t »m appears in E(GS\teT],Queueing Record)Tl, may

be applied to c¢ aputing GSI . A more compact st tement of
;5

Eqs. (2.18) thr ugh (2.20) for E(6S tel, , Queueing Record) will

k

make the identification of the relevant terms clearer.

- T 1
BN R e g By
j=1
Mt 2
ol (l-yj) 71—‘1 (X-Sj) ;
Queueing k
E(éS\teIk, Record ) =<

(2.49)

for

L
% & = ey I
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]
j=1
§ Lytm j#1
m=1
1 -Ik > SJ-x
Vj e
0 . =% -
SJ = Ik

(2.50)

£2.58)

-_— -

From (2.44), there are three terms in E(és\tell, Queueing Record)I1

to consider.

xI

1
M1+j(x g I1 - Sj)I1

M
ikl - S
5 (x Sj)

(2.52)

(2.53)

(2.54)

The first term (2.52) always appears and hence is averaged over

the whole space of (I1 oy IN-1>' We next consider the j=1 terms

specified by Eqs. (2.53) and (2.54). There is no condition on

(1,

IN-I) needed to guarantee contributions to the incremental

delay due to the effect of an arrival in 1, on the second busy
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period. Relation (2.51) implies that expression (2.53) will

appear if ll < x and expression (2.54) if l} > %o Pox § > 1,

I < x is the necessary condition that arrivals in I1 affect

0ps e

1=2
the (jt+l)~st busy period. Taken together with (2.50) and (2.51)
this implies the following rule for computing the expectation of

terms (2.53) and (2.54) for j > 1,

3 =
T A ) -
Average M1>}(x 5 I1 ? IL)Il Over ( o, < x (2.55)
L=1 1=1 ‘
J
P DR
M 3 L=1 &
Average —%;1 (x = Z IL)Z Over (2.56)
L=2 ”
J
% L < X
=2 *t

This discussion of the conditions for the appearance of all

the terms in E(éS\thl, Queueing Record)l1 is summarized in the

formulation of its expectation.

N-1
1
= . { - - - \ .
6511 XEL, A 351 Mg ELGe -5 1) -8 OT 1S, +1) <x) Pr (5, +1; <x]

N1 M, 5

+  —=L E{(x-8,)°|S,+I,>x, S, < x}Pr (S, +I, >x, S, <x]
j=1 2 b R 3 3 1 Jj

(2.57)
1
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EI1 is the unconditional mean of 2n cuponential random variable
: . - - ¢ -
with parameter X and herce i X Ihe computation for the j=1

terms in the summations are lumped together and the result listed

(& " = 1)) (2.59)

This term is the part of the incremental systemn time due to the
effect on the busy period following I,. The terms for § > 1
represent contributicns due to effects v bhusy periods more than

one removed from Il' To compute the terms in (2.57) for j > 1

we can rewrite the expectations implied in (2.55) and (2.56) as

] 1
-1 = 2 15
Average Ml*j xI1 (L;i I(>]1 + 5 Il/ Over




J
S Ay o - ¥ Ve A 2
Average M1+j(x 5 S OV (2.61)

By defining two random variables Yl’ Y? we can reformulate

the evaluation of the expectations implied by (2.60) and (2.61).

Y= 0 (2.62)
J J
. %0 & L %, " L % (2.63)

The joint density for Yl, Y2 is computed from the density for the

sum of j-1 independent exponential variates.

.1 529 FE
_,\yl x4 (yz_yl).] ek(yz Yi-

£ (¥ a¥s) = £, (¥, ) (y2ly,) = (xe ) o
Yl’YZ 1*+2 Y1 1 Y2\Y1 1 (j-2)!
j 5 AY
» = _L__ - J-Z 2
fYI’YZ(y1,>2) G-2)1 (YZ yl) e
for Yp 2% 2 0 (2.64)

We now define two regions in (YI‘YZ) space.

R AR ATRE A (2.65)




B3y making identifications between Yl’ Y, and the variables
5 r 4

\ in (2.60) and (2.61), the desired cipectations may be expressed

as follows:

el ey 12, i By
Ml+j\x(\,]\R1) - (Y]\thl) 5 (Yl R, ))Pr Ry 1 (2.67)
“‘:.,‘.. o o i =
--"....L \(" \ -’,'—I\ o -V 1 T T~ 1
5 [T (L] \f( S 211\2) 2x(Y2 \I.KZ) Z 1 Z'R )) P 22\

N ) B St s ik R (e, == 3
ihe notation (g(\‘,xz)xkl; denotes E(b\:L,fz).\:l,Yz)enlj and

-

EriK denotes the probability that (YI’YQ) lies in R2. Results

5

ot the calculaticns in (2.67) and (2.68) are listed below.

g
3

Pl‘tle 5 1 in,YZ(yl’YZ) dy?_ dyl

3 LT 3
e S (2.69)
=0 :
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5 & £ (v 2 )
Y ) i S A (R i 1 2 4L
i)y =t b7 1252
A () : P iR, 1 dy,dy,
Y ]
1
_]'. e L“Ax) A X )\EA\( ]2;2 x(,xll_'.z
: IZO (1_,+2)|
Soii it ; Br 1.1 (2.70)
1.
3 L % le,Yz(Yl,Yz)
o S Bl —— dy.,dy
. . 1 Pr {Rl, 2 1
0 91
=2 gk RS
2 AX P 2=\ X i sk
—_— 1_ L& 5 g ahtt
22 (1-e77) - & xe x“e X LEO Es
. Py {Rl}
(2.71)
%% fY v (yl,yz)

i (2.72)




(8] y
2 i
Px {_Rz} i ‘ ‘r iY ’Yz(yl)yz) dY1dyZ
Y, =X ¥TY, "X
=k
- 251157_ A X (2.73)
o 5 y2 le,Yz(yl’YZ)
(Y IRy = [ | Fy = ey dygdy,
BT Yy T g
§=1
—AX gxxg' (x + l)
5 il A
Py (R, ) (2.74)
i 5 ¥ £y Y (y159,)
(Yz\R o e y2 ks S
12 l 1 Pr(R,) 1973

-] ..1
(Ax) , S, S T
<ji157-[2x £ £ (pHl)x + ;7 G +1e”

Pr (R,}

2
(2.75)
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S AR,

(Y, IR,) =

(2.76)

Il
S

- : (2.77)

- 3 (2.78)

Substituting (2.69) - (2.73) into (2.67) and (2.68) and using
(2.59), we can finally evaliate the expectation of

E(éSfthl, Queueing Rocord)ll over (L] i i I\-l) outlined in

(2.57).




o ji-2 142 — Ji=2 L+3
e e e L s
\ =0 A 1=0 /
N-1 j
(Ax) “AX X
+ z M1+j {(j+1)! e X (2.79)
j=2
Calculati f 6S 6S d E gé\m
alculation o Tk, Ik an oy My e MN

To use our results (2.48) and (2.79) for GST and 651
1 1
respectively, in order to derive the mean of the unnormalized

estimator formulated in (2.34), we note that in computing OST
k
and GSI , only the N-k idle periods following Tk enter into the
k

averaging. Hence, we use our answers for 68T and OSI adjusted
1 1

to correspond to a N-k+l busy period case. By the preceding
argument, the expectation of the unnormalized estimator over

(I1 ) is given by

In-1
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£ N N-1 N-j
6S 2 b2 2
B ==t M§= % M o M) SR Z MM, .a
jx 1 S b 5 i gy 1
N-1
X 1 L =X
+ —2.: (,\ + X M.k+1(x + X (e - 1))
k=1
N-2 N-k
* K z B,
k=l j=2 ety
N-2 N-k
+ Z i 1 (2.80)
k=l j=2 ey
K-1 { k-1 k
‘ k —Ax (Ax) AX A X l
= - — - > -
ay xl(x k)(l e (,:0 0! ) (k-1) 1 j(2.81)
(_}S__j_)+_j_+_£j_'l)_xxx+(l_2)2e>\x
A 2 2 A
A A
bj -~
e\ x_:\x _1332 < L+2 A Ax _];2 s 143
1 1
(2.82)
e gxxgj “AX X
Cj (G+1)1 i~ (2.83)
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R B » ot 1
B i

and bj are made clearer by replacing each

The behavior of ak

. : : Sl A X -
summation in their definition by c minus some quantity.

A / i k-1
R 5)ekx 5 (Ax) " o X2e/\x (Ax)
k A = L1 (k-1)!
L=k
e ‘x i SXX2{+2 2 i gAx2L+3)
l £=3-1 i X d=j-1 ' )

Evaluation of Limit in (2.34)

Having almost evaluated the expectation of the unnormalized

estimator, we are nearly ready to examine the limit in (2.34).

6 ~
We complete the expectation of E% by averaging over (Ml . % MN)'

— 2
This amounts to replacing Mi by M, Mi by M™, and noting that due
to the independence of the M's, EMij+k = ﬁz. Carrying out the

expectation over the M's, changing the order of summation in the

double sums, and dividing by NM we are left with
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m

]

%
N |

|

i B
5

Lu

< 4|

b o [l o

(2.85)

To examine the behavicr of (2.85) as N — = we mus® evaluate

the following

lim
N—o

lim
Neo

lim
N>

lim
N"C)

limits:

N-1
ka

i |

ZI=
M

k

2|

= L

=] ak

(2.86)

(2.87)

(2.88)

{2.89)



.

lim i
K .§ hj (2.90)
j=2 -
lim H=1
A z G . (2.91)
N— j=2 j

To prove that the three limits (2.86) - (2.88) are zero, it is
sufficient to show that the unnormalized infinite sums are finite.
The infinite sums implied by (2.86) - (2.91) are evaluated by
switching the order of summation and looking for terms that cor-
respond to the exponential power series. The results are expressed

in terms of p = Ax.

B i -+ LY (2.92)
& k 2 6
k=1
i - N o p
T b, = (£ p e - = * o~ + 2¢° = -Z2pe’ =~ 2}
o j 2 3 2
=2 ¢

(2.93)
= x20~p =
T jC., =———1(pe® - P +1 - & (2.94)
P j £ 2
=2 o
i T
Looa Ty px (2.95)
k=1
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% ot ok e g P TPy (2.96)
pay j 2 2 A
j=2
- e e W0 Z =
5 C:.L_._I_.Lp-—ep-—xep (2.97)
> i 2 . A 2
j=2 = A A

Examination of the power series in p that corresponds to (2.92) -

(2.94) shows that each is a bounded function of p on [0,1]. We

are interestecd in p on [0,1] since the statistics of the queueing

system are stationary for this range. The boundedness of (2.92) -

(2.94) implies that the limits (2.86) ~ (2.88) must be zero.

To complete the description of (2.85), we list from [4]

expressions for the first and second moment of the number served

in a busy period for an M/D/1 system.

L

M= T

2
ﬁz=29’p3+1}
(1-p) p

Employing our knowledge of the limits (2.86)

(2.98)

€2.99)

-~ (2.91) provided by

(2.92) - (2.97) and using (2.98) and (2.99), we can calculate the

limit suggested by (2.85).
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1 2
5 px e 2

X Wil
-— — +— em—
() + X (1-p) 5 X (1_p) (2.100)

zZ
-
S —

lim ( 1 08
Nu‘% BB

Multiplying Eq. (2.85) by A and with some minor rearranging we

obtain

lim
)

This is the desired delay gradient for an M/D/1 queue derived in

85 px px
oX ’ X 2(1 % + 2(1-p)2 . (2.101)

Z l*‘

(2.33). Hence, on the basis of the thinking leading to (2.34),
we have proven the asymptotic unbiasedness of the customer-

addition algorithm.

2.4 Cramer-Rao Bound for Customer-Addition Algorithm in
Case of M/D/1 Queue

Since the calculation of the exact variance associated with
the customer-addition algorithm is too cumbersome, we derive a
Cramer-Rao bound. If we have an observation vector R, a para-
meter A we want to estimate, and a conditional density Pra(R\A),
the Cramer-Rao bound for the variance of any unbiased estimator

8(R) of A is stated as follows:

(2.102)

var(a(R) - A)

I \V/
(&4
N
-




In the case of an M/D/1 queue, the observation vector which
the customer-addition algorithm works with is the concatenation of
two sets of variables. If Y denotes the total observation vector,
then Y 2 (YIEYZ) where Y, consists of (M, ... My) and Y, of
(I1 I IN-l)' We know that Mi is independent of Mj and Ik
independent of 1, for all i # j, k # L. The length of idle period

I, is determined by an '"end" effect in the k-th busy period.

k
Hence, the only conceivable place we could find statistical depen-
dence is between Mk and Ik. We resolve this question by consider-
ing the density for the length of idle period 11 conditioned on

M1 =m. The dynamics of successive waiting times in a queue are

described by the recursion

Wy = max {0, w Pl Bn} with initial condition “ﬁ:=0'

(2.103)

X is the n-th service requirement and .7 the inter-arrival time
between the n-th and (nt+l)-st customer. If there are m1 customers

in the first busy period, the following relations must hold.




T
ERP .

wy + X5 - ei >0 i =1 m, - 1 (2.104)
O e -8 < 0 (2.105)
) By i

I, =86 - (x + @ ) (2.106)
1 my my my

For any M/G/1 queue, the uaconditional density for #, is exponen-

1

tial with parameter X. Hence, the density for I1 conditioned on

my customers in the first busy period is related by (2.105) and
(2.106) to the density for em , conditioned on em being greater
1 1
than the sum of the ml-th service and waiting time.
AT lr=lx, +au ))
P(r) = =) S
em ‘em me = “m : (xml u‘ml)
1 L 1 1 e
for 1 > x  + w (2.107)
o =1

From (2.106) and (2.107) we calculate the conditional density of

I1 as

P(I;) =e : (2.108)

Hence, since the density for I1 conditioned on m, customers being

served in the first busy period is identical to the unconditional
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PRSP R

density, Ml and I1 are statistically indcpendent random variables.
This independence is a property of the "memoryless' inter-arrival
density. Based on the preceding arguments, all the variables in

. y A »
the observation vector Y 2 (11 cee My I ... IN—I) are mutually

independent.

Hence, the joint density of Y may be expressed as

N N-1 A%,
P(Y) = # Pr (M, =m} 7 e I (2.109)
i=1 j=1

For M/G/1 systems, queueing theory has calculated the probability
of k customers being served in a busy period [&4]. The result

for an M/D/1 queue is given in [4] as

- 3 s ey i
Pr LMi = mi} : e . (2.110)

For the moment, we pretend that the parameter of interest is p

and using (2.110) we rewrite (2.109) in its terms.

e N | Bk
" ’“ii ifl mi-N_iflmipgN‘l—xjfl Y
P(Ylp) = B TS | e (x) e

P, (2.111)

S o —




5D
We let y denote the delay gradient E—)[\- For p on [0,1] Eq. (2.33)
specifies a 1-1 correspondence between y and p.  Relation (2.33)

may be inverted to find p as a function of y.

-1 - Ay ex)
o =1 RS (2.112)

We can evaluate the second partial derivative of the logar-
ithm of the joint density required in (2.97) by applying the

chain-rule of differentiation

% 4n P(Yly) _ 22 4n P(Ylp) (99)2 4 2 4n P(¥lp) 2% (2.113)
; :

2 0
85 »p 5y op

0y

Performing the above manipulations and employing the two follow-

ing expectations:

o N

E T m, = 7o (2.114)
i=1 P
N-1

E T 1, = §§l (2.115)
L

We can evaluate (2.92Z) for the customer-addition algorithm.
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2
var (y - ) > X £ g (2.116)
(N-1+p)(L-p)

The result (2.116) behaves as expected for p near zero and

one. As the utilization factor p nears 1, the queue becomes non-

S ciBbiil suaibe)

stationary. The means and variances of variables such as the

number in the system, the waiting time, and the number served in
a busy period become infinite. Hence, any estimation algorithm
which is a function of these queueing variabies might be expected !
to diverge as p goes to 1. If we conceive of p approaching zero

by fixing x and letting A go to zero, the average idle period

duration becomes unbounded. In addition, Var [Mi} goes to zero
as p - 0. Hence, since the queueing variables become "known' as

p - 0, it is reasonable to expect that the variar 2 of the

L
S AR

estimator goes to zero for p = 0.

2.5 Derivation and Realization in Flow Diagram Form of
Cus tomer-Removal Algorithm

Since the function D().) for the average delay/unit time
accumulated by the queue is continuously differentiable on

»D 3 ;
0 <A< % (0 < p«<1), the imit defining g; (M) at a given A%

X
is independent of the direction from which X approaches A¥*.

2D e 1i0 D) = DOX)
2 lim oA (2.117)

A=\ K A = A%
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In the customer-addition algorithm we let A = X% + 6A and allow

OA to approach zero through positive values. For the customer-
removal algorithm we equivalently let 6A go to zero through nega-
tive values. We simulate a decrement in arrival r-ce 6 by
removing customers from the queue with probability ¢ and computing

the resulting decrement in total system time.

The value for ¢ is motivated by the fact that the expected
change 6ATg in the number of customers arriving in an interval

TE caused by a decrement 6\ in incoming flow equals the negative

of the expected number of customers removed by Bernmoulli trials,

M'e. Here M' is the total number of customers arriving in a per-
OXT i

iod TE' Hence, ¢ = il Letting 6Sj " denote the change in

system time of the i-th busy period due to the removal of the
j-th customer, the expected change in system time &S in a time
TE due to a decrement in flow 6A and conditioned on the queueing

record is formulated as

N M{ (1) TEbk
E(6S |Queueing Record) = L L =068, -l (2.118)
i=1 j=1 J

where N is the number of busy periods in the T_. long observation

E

period. Hence, the desired delay gradient estimator is given by
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"

= 1 E(6S|Queueing Record) _ 1

D'=__.
o
TE

%y
_es i),

M' 1 j

IRSE-

T
i=1 j=

(2.119)

We compute Osél) by working with more microscopic quantities.

Ltet ¢°
m

’

denote the amount of system time saved for the M-th

customer in the i-th busy period by the removal of the n-th cus-

tomer in that busy period. Since the removal of the n-th cus-

tomer can have no effect on customers that preceded him,

6S§1) can be computed as

(2.120)

We now develop a systematic procedure for calculating the

Cn ., =0 form=1 ... n-1. Hence,
m,i
M
: . T
st - . 5 o
i oy Wk
m=)
n o,
Ck, 1

index of the busy period. Let “or

s. To simplify the notation, we drop the i denoting the

0’ and X denote the waiting

time, system time and service requirement, respectively of the

n-th customer in the busy period.

Let dn and ay denote the cor-

responding departure and arrival time of the n-th customer.

Since the system time the n-th customer saves by the removal of

; n
the n-th customer 1is Sn, we have Cn

= § . In considering the

n

effect of removing the n-th customer on the (n+1)-st customer,

either a new busy period begins with the (n+1)-st customer or
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the (n+1)-st customer remains part of the busy period formed by
customers 1 to n-1. The condition for customer n+1 beginning a

new busy period is that the arrival time a of the (n+1)-s¢

n+1

customer is greater than the departure time dn—l of the (n-1)-st
customer. In this case, customer n+1 will save its waiting time

3t customer n +1 does not start a new busy

“h+l”

period, and saves an amount of time X since it need no longer

ol Sl

: . n
wait for customer n to be served. This rule for Cn+l is summar-

ized by the following:

dn = an+1 3 uh+l o an+1 = n-1
n i
Cn+1 = (2.121)
dn - dn-l 2 for dn-l > a4l
Relation (2.121) is more succinctly stated as
C . =d = ( d o3 2.122
n+l n P ah+1° “n-1 (2. )
: Egei . _ n
Noting that max [an+l’ dn—l} min { CH dn-l}’ Cn+1 may be
restated in a final form as
c',. = min { } 2.12
a1 min {w 45 X - (2.123)
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Similar reascning to that employed in calculating C:+1 applies
to the computation of C:. The removal of customer n either causes
customers m and m-1 to be in the same busy period, or customer m
may begin a new busy period. The removal of customer n causes
customer m-1 to save system time Cz_l. Hence, customer m-1 departs

: ' n ; :
at an earlier time dm_1 - C If this new departure time for

-1
customer m-1 is greater than the arrival time a of customer m,

customers m and m-1 remain in the same busy interval and customer
: : n ; n
m is saved a system time C . However, if a > d ~ C 3
m-1 m m-1 m-1
customer m begine a new busy period and saves its waiting time w -

These relationships are summarized in the following rule for com-

n
puting Cm'

n n
Cm_1 for dm_1 - C -1 ol

2L

s ™ (2.124)

" Lt
dm_1 . L for 8. = dm-l Cm_1
This rule may be expressed more compactly as
B e n
Cm = min {Cm—l’ “%}' (2.125)

Hence, the algorithm for computing the Cg's may be summarized

as
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G =S

n n

n = 3 { \ 3

Cn+1 min {x , uh+1j (25126

c¢" = min {Cn s @t m=nt2 .. M
m m- m

1
M is the number of customers served in the given busy period.

The customer-removal algorithm is completely specified by (2.126)
and the following form for the delay-gradient estimator derived by

substituting (2.120) into (2.119).

N M M

=N e n cgail i n
D' =g+ z z z Cm i =M b z e i
i=l n=l m*n g i=] m=1 n=1 2
(Z2.127)
The second form suggests calculating and summing C; form =1l .. m

when the m-~th customer arrives. Hence, to calculate the inner two
summations in (2.127), we need only M variables g; to store C; as
j is varied. This idea is realized in a flow diagram for the
customer-removal algorithm in Fig. 2.6. The variables in the flow

chart are defined in Fig. 2.5.
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TS

Figure 2.5

Current estimate for delay gradient

Current total number of customers in observation
period

Running sum of service times in most recent busy
period

Service requirement of most recent customer

Arrival time of most recent customer relative to
beginning of busy period

Waiting time of most recent customer

Index of most recent customer in current busy
period

Total number of customers in most recent busy
period

. ot i e .
Storage location for Cj as j is varied

M M
z T C: for most recent busy period. It is
n=1 m=n

the cumulative system time saved by the removal
of each customer in the current busy period.

Definition of Variables for Customer-Removal Algorithm
Flow Diagram
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Figure 2.6 Flow Diagram for Customer Removal Algorithm
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2.6 Calculation of Asymptotic Bias for Customer-Removal
Algorithm for M/G/1 Queues

We now investigate the asymptotic properties of the customer-
removal algorithm by first interpreting the terms in the estimator.
For a given busy period, the inner two summations in (2.127) may
be grouped into two terms representing the sum of all the service
times of the customers in that busy period and the cumulative
service time saved by all other customers due to the removal of
each customer separately. If S§i) denotes the system time of the
j-th customer in the i-th busy period, the customer-removal delay

gradient estimator may be expressed as follows:

R N ,.
5 sjfi) i |
PN ) di= ]
D N + R > (2.128) |
Z M, Z M,
o S i=1
where Pi is defined by
;
0 4f M, =1
o (2.129)
- S - »
Mi 1 ‘11 .
z b R it M ¢l
n=l1 m=a+l ™% s
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We examine the asymptotic behavior of the mean of the esti-
mator specified in (2.128) by interchanging the expectation and
limit operation. By appealing to the law of large numbers, the

limiting form of the estimator as N becomes unbourded is

T CED® % @ adn B = s b (2.130)
N -» o N —- = M

where Dc is the average system time per customer and P is the
expectation of the quantity defined in (2.124). For an M/G/1

queue, the mean of P, is independent of i since the C;'s depend

i
on waiting times and service times which are statistically

independent from one busy period to another. M denotes the

average number of customers served per busy period.

Using the general relation derived in (2.26) that the delay
oD
gradient is equal to DC plus X ?5?, we can formulate the asymptotic

bias of the customer-removal algorithm as
b= lim ED' - &2 =5 - —5 . (2.131)

We can break up the calculation of P by conditioning on M=1i for

i=2 ... » and find
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1
Il 8

Qi) fy

i

where

a busy period

i-1 3

n=1 m=n+l

2
i p(1 + Cp)
E DC = x {1+ 71 -p) >
: é where
@ 42
¥ 3 %y
Cb == -
X

b 3D
q«

Qi) & = T E(ChI|M=1)

For an M/G/1 queue, D, 1is given in [4] as

2y
50, o L LGN
S ik Loty ¥ cife beUHIY
. 2(1 -p)
i -a-mEarch =
k=0

85

fi=9 Probability that i customers are served in

distribution. Hence, X 7;;- may be expressed as

(k+2) (k+1) K+l
2 Sl

(2.132)

{2.123)

(2.134)

(2.135)

(2.136)

02 denotes the variance and % is the mean of the service time

(2.137)




FLATE

The average number or customers served per busy period is given

in [4] by
7 IO MRl (2.138)

The z-transform for the probability density of the number of

PR Ve ap—

customers served per busy period is described in [2.4] by the

following functional equation:
F(z) = zB*[x - AF(2)] . (2.139)

B* is the one-sided Laplace transform of the service time density

and F(z) is defined by

F(z) = T fnzn. (2.140)
n=1

Having described the quantities that compose the asymptotic bias

b, one may express it as

® - 2, (k+2) (k+1) k+1
QUi = & ®(l+o) : p

b= (1-p) z
= k=0

n
(2.141)

Now suppose P in (2.132) may be expressed as a power series in p.
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Q(n)fn = 5 ujp (2.142)
2 =0

"o
1
Il 4 8

n

then based on (2.141), to prove the customer-removal algorithm is
asymptotically unbiased, we must show that

=%+ ¢ty O g - 0,1,2, ... (2.143)

a =
n

In addition, using (2.142), the power series for b is given by

1 - 2 .
b = [ao - E-x(1-+Cb)]p + _Z [aj - o

-~ 2. e j+
- -]2‘ x(1 +Cb)(J+1)]pJ 1.
j=1

j>1

(2.144)

For an M/D/1 queue, we were able to prove (2.143) for
n =20, 1, 2, which shows that for this case, the estimation algor-

ithm is asymptotically unbiased at least up to third order in p.

Although we could not prove (2.143) for arbitrary n, based on our
intuition we believe that for M/D/1 the algorithm is asymptotically
unbiased. We have also exzmined (2.143) for M/M/1 queues. For

this case it turns out that (2.143) does not hold even for n=0,

which shows that the asymptotic bias contains terms of order p.

In the remainder of this section we give the detailed proofs

indicated above for M/D/1 and M/M/1 queues. The main part is

87




B b e o

LIS

the calculation of Q(i) defined in (2.134), so that we divide the

proofs into several steps:

; n . ; . e
a) Sinece by (2.L21), Cn+k is given as a function of waiting

times and service requirements

n -
C = min {x_, w
n

n+k n+l’ (2.145)

“nt2 0 uﬁ+k}

> joi de: (o] 3 ition
we calculate the joint density of (xn, w, “h+k) conditioned

+1

on M.

b) Evaluate E(C M).

o
ntk
¢) Proof of (2.143) for M/D/1 for n = 0, 1, 2.

d) Calculation of first and second order terms in p in the

asymptotic bias for M/M/1l queues.

Calculation of Joint Density of (Xn’“h+1 e “5+k)

Conditioned on M

We approach the problem of deriving p(xn,uh+1 o s uh+k\M)
by deriving the joint density of the service and inter-arrival
times conditioned on M customers being served in the busy period.
Let ej denote the inter-arrival time between the j-th and (j+1)-st
customer. By the rules for conditional probabilities, we can
break up the joint density of (xl, cees Xy 61, S BM) con-

ditioned on M as follows:

38




i

P T AT,

(
p(x, .. 9 o |M) = P(MIx; .. xy, 8 e BIP (R Xy, 8y Ll B)
1 . X-M) 1 « .o M Pr {M}

(2.146)

p(M\x1 "'XM’el ...6M) is either one or zero depending on whether
the variables (x ...xM,e ... 08, satisfy the constraints such

1 1 M
that exactly M customers are served in the busy period. With
no conditioning, the service times and inter-arrival times are
mutually independent random variables. Since our queue is

M/G/1, the inter-arrival times are exponential random variables

with parameter A. Hence, p(x1 e xM,el & e BM) is given by
M M -A8,
p(xl o dke XM’el ..._OM) = 1:1 B(xi) 111 e (2.147)

The conditions on the x.'s and ej's that guarantee M customers
are served in the busy period come from requiring that the waiting
times of customers 2 ... M are greater than zero and satisfying
a terminal condition that customer M+l falls outside the busy
period. Farlier we defined the waiting time of the k-th
customer as the sum of the service requirements of preceding cus-
tomers minus his arrival time relative to the start of the busy

period. This relative arrival time may be expressed as the sum
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of the first k-1 inter-arrival times Uj' Hence, the condition for
the waiting times of customers 2 ... M being greater than zero may

be expressed as

W = E 2. = E 8. =6 for k=2 ..M (2.148)

For the (M+l)-st customer to fall outside the busy period, the
arrival time of the (Mt+l)-st customer relative to the start of the
busy period must be greater than the departure time of the M-th
customer. Noting that the M-th customer departs when all M ser-
vice requirements have been satisfied, we define a dummy variable

uh+1 to state the terminal condition.

M M
Wl %, - 5 8. <0 (2.149)

——

Hence, the joint density of M service times and inter-arrival
times conditioned on M customers being served in the busy period

is as follows:

M M -\06
m B(Xi) ™ Xe
_ 4=1 i=1
p(x1 ...xM,el ...GM\M) = 3
M
k k-1
K=1 M-10<6, < £ x, - I 8
e SR
M M-1
6P T X, = & G, (2.150)
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As defined by (2.140), fM denotes the probability that a busy

period has M customers.

We can now calculate p(x1 cee Xy Wy e “M\M) by working with
the linear relationship between (91 T BM) and (ub e uﬁ+1)
implied by Eqs. (2.148) and (2.149). The inverse relations for

the Gj's as a function of the “ﬁls are

8 = % -

ek = X 2 W T Wy k=32 ... M (2.151)
The non-negativity of the ej's for § = 1 ... M and the non-
negativity of uﬁ for j =1 ... M, together with the relation
(2.149) for W1 ? result in the following set of constraints on

the waiting times:

0wy €% o k=2 ... Ml (2.152) J

Wy <0

The Jacobian J of the inverse transformation between waiting times

and inter-arrival times described by (2.151) is the following matrix:
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= O - ek
-1
PPl L R (2.153)
0o - 0 "1 -1

Since J is a lower trianguiar matrix, the diagonal elements are

eigenvalues and hence |det J| = 1. Thus, we calculate

p(x1 cee KypWy ees uﬁ+1\M) by substituting the relations for Gj

defined by (2.151) into (2.150) and combining this with the con-

straints described by (2.152).

( : )
-\ X, -
M = i “M+1
T B(xi)x e S
o o iy = 8
WA e Sl ) B
0< u& < x1
0 < uk+1 < xk + uk k=2. M-1
Wy < O (2.154)

The final step is to integrate out the dummy variable Wt and

service requirement Xy

v




_ A B (A =t
p(x1 cee Xy 100y .uM\M) 3 z B(xi)e
M i=1
0< Wy < Xy
0 < Wil £ X + W k=2... M-1 (2.155)

B*(X) denotes the single-sided Laplace transform of the density

B(x) evaluated at \.

We observe parenthetically that (2.155) takes a particularly
simple form from M/D/1 queue. Since the service requirements are

deterministic, B(xj) = 6(xj-x) and B*(S) = ESX.

We can integrate
over all the impulses to obtain the joint density of waiting times
conditioned on M. Employing the explicit formula for fM’ the
probability of M customers being served in a busy period, found

by solving the functional equation of (2.139) and listed earlier

as Eq. (2.110), we find that p(ué Hal uM\M) is given by

p(uﬁ e “M\M) = M! (ﬁ&)M-l

0 < wy < X

(2.156)




'M)

n
Evaluation of E(C
Ev 1tic ( ntk

We now return to the more general case of an M/G/1 queue and
4 - n A
approach the calculation of the mean of Cn+k conditioned on M by

deriving the joint density of (xn’“h uﬁ+k) conditioned on

FOEERE

M. We use this joint density to compute the distribution func-

tion of C:+k' Let F & (1) denote the probability that
Cn+k\M '
n i : n
Cn+k < 7 and PCn (1) be the probability density of Cn+k con-
nt+k |M

ditioned on M. Since C2+k is defined as the minimum of the vari-

ables (xn’“h ors “h+1)’ we compute the probability that

+1
n

Cn+k

< 7 as one minus the probability of the complementary event

that each variable is greater than .

A n e ,
FCn () 2 P):{Cn+k <7IM}l =1 Pr{xn2>1.u$+1

ntk |M

- g T > 1 M}

uh+k

(2.157)

Now we calculate the density of C:+k by differentiating with
respect to 7.
: d
P () = == F
n dr n
Chtk |M Cortic (M(T) iy

By integrating the density defined in (2.158) we can calculate

n

the desired conditional mean of C "
n+k
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@

n A ® =
EComep 2 Cpoe = J P n (r) dr (2.159)
=0 n+k |M
We obtain the joint density for (xn,u.>n+1 D “5+k) condi-
tioned on M by integrating first over the variables (w, ... ),

(wn+k+1 u.h) and then (xl oo X 19X 4q eee xM) in

p(x1 cee Ky 10l ees O'M\M) defined by (2.155). For n#1, the

suggested integrations are performed in two steps and the results

listed below.

+w X +w

1 n-1 n-1 "ntk n+k
P(Xp vve Xy 150y o S ) T f i I
By Gy “n+k+1=0
X-1 t -1
Vi
p(xl cee Ky qaWy cee “‘M\M)duﬁ iinise dwn+k+1 dwz
n-1
for 0 < w4 < .2 %, +x,
j=1
n
A ) ”
0< W =Xy e b & max {U’nﬂ j-z—-:k xj,O}
0<w (2.160)

e S Xpakel T Yhakel
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PR W 1y v e Wy M) I [
n-1 e el T R Xntk-1  Mp+e-1
j_E] Xy Z max {“‘m‘-l - xn,O}
B s n-1
Xl = Gged = O
\ \ ‘
p(x1 cee Xy %4 “h+k'M)
dx1 s S dxn-ldxn+l Gt e dxM_1
(2.161)

A 1) - .
¥, & max {w U“L,O}
Note that the resulting density in (2.161) has no constraints
remaining on any of the variables except non-negativity. The
case n=1 is worth distinguishing since in the final density one

constraining relation remains between W, and X,

T FT
p(x1 cee Xy qaty s W \M) = | e | #
“2+k=0 “M

p(xl cee Xy % "'“M‘M)d“ﬁ "'du?+k
(2.162)
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for 0 < wy £ X
0 < Wiy S X, + @, =g k
P(Xpsuy ooy M) = ] J J J
- ) SRR Y s T R T

p(x1 e XyL10 "'“i+klM)dxM-1 ...dx1+k ...dx2

(2.163)
for 0 < w, £ X4
. A : i
N, = max {U'L+1 wL,O}
Hence, the distribution function F o (1) is obtained by
C
applying (2.157) to the results in ntc |M (2.161) and (2.163).
r @ @ o«
n#l 1 - j J LR p(xn,uh+1 "'“ﬁ+k\M)
*n T YT P g &
uh+k ik n
FCn (1) =4
n+k M
n=1 L~ ] f f ey p(xl,ub "'ui+k\M)
& X TT W)ST wy=T W 4 =T

dui+k ...dubdxl

(2.164)
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o A

B o (1) could now be obtainced b& differentiating the above
C
n+k |M
integrals with respect to the parameter 7 using Leibnitz's rule. !
Simpler resuvlts for Eg+k\M are possible when we specialize

the preceding calculations to the case of an M/D/1 queue. Since

: . n
the service requirements are all the same, X=X and Cn+k can be

expressed as

c§+k = min (x,z} , (2.165)

where

z = min {ah+1, Ak uh+k} ; (2.166)

By inspection we write the density of C:+k conditioned on M in
terms of the distribution function of z, F_,,(r), and the den-
|

sity of z, Pz\M(T)'

Pcn (r) = (1 ~ Fz\M

n+k |M (2.167)

(x))6(r-x) + U_;(x=7)P_ (1)

There is a finite probability that C:+k = x, hence the impulse in
the density (2.167). For z < X, Cg+k = z and hence the density
of C:+k’ P i (1), is the same as the density of z for

Cn+k\N
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0 <71 < x. From (2.167), we can express the conditional mean of

n
Cn+k B

X
- b S
Cotrery ~ @ - FZ\M(X))x il L S (2.168)

Hence, for an M/D/1l queue, the problem of computing

E:+k‘M reduces to calculating the density and distribution function

of z defined in (2.166), conditioned on M. We need the joint dis-

tribution of (ah “h+k) conditioned on M to characterize the

+1 °°°

distribution function of z. In a manner similar to the deriva-

tion of (2.160) from (2.155), we integrate out the unneeded ui's

from the density p(ab 3y uM\M) given in Eq. (2.156) to obtain
p(uh+1 A “h+k(M)'
o W sy Xtohet T
- - - r
p(c‘.n_'_1 "'“%+k\M) M!(Mx) f ) ven | I
Wy by Wy L
i '
I duM i du%+k+1 5. duz
“M=0
for 0 W4 = DX
0£u+Lf_x Wote-1 =2 k
U ,‘l max |w i (n-t+1)x,0}

n+
(2.169)

99




Hence, by the same reasoning that led to (2.166), FZ\M(T) is

given by
nx X+“h+l e T
FZ‘M(T) =1 - J J sy e J p(wn+1 e wn.'.k\M)
U1 T “na2T ‘e T dw dew
‘ “atk T T%nHl

(2.170)

Applying Leibnitz's rule successively, we can derive Pz‘M(T)'

x+r X+“h+2 x+“h+k-1
Pz\M(T) g f gt PUTsu 4o oo v w gy M)
@ =T W T W =T
n+2 n+3 n+k \
d“n+k Bt dmn+2
nx X+T x+u’n+k-1
g A0 | cee | p(wn+1,r,wn+3...wn+k\n)
W 5T W AT w
n+l n+3 n+k=1 !
53 . L TR
! ¢
E: nx sy
t = { [ P yq o e @ psTr@ y M)
e R Bl T de
U.«n+k . . u,n+1
nx T S :
3 J =R PU yq +oe WgpeoqsT M)
“atl T Y2 T “htk-1"T e 4
n+k-1 Wl

(2.171)
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In the next few paragraphs we show how to compute explicitly

=N

general EE\M and therefore have to rely on (2.173) when other
-n 2 - -n - A
Cm}M will be needed. VYor Ln+1\M’ z becomes the single variable
CNTE Note that to compute the conditional mean in (2.168) we

only need PZ\M(T) for 0 < r < x. Hence, the approach we take is

to derive the explicit form for P (tr) on 0 <1 < x. From
x =% =
n+l |M
(2.169), we write the density for P (r) on 0 < 7 < x as
o =T =
n+l|M
-§~ . . .
( 7 rx f ) x-+ah_1 X7 x+a.M_1
i T)=_—";fT'v R Sicee dw - - -dw dw - -
“t1 |M G J —oj dhy" " duy s,
g g “n=0 “nt2 ° “M=0
~ —  am—
n~1 M-n-1
Integrations Integrations

(2.172)

Note that the above integral consists of two sets of inte-
grations defined by the brackets. We define the following set of

iterated integrals

X+w
L = | I (0')dw' with I;(w) =1 (2.173)
ur0
Hence, we can express P (1) for 0 < 1 < x in terms of these
W G e

o ntl|M
1.8
J
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Cn+1\M. We were not able, however, to obtain explicit terms for a

‘du




M-1

e = .
P“h+qiM(T) = L!(MX) ln(O)IM_n(T) (2.174) j

0 £7 < %

Examining a few of the Ij's, we assune that In(w) can be

represented as a power series in (x+w) with powers up to (n-1)-s-

order.

i n-
I (w) =
n 1=0

Lo i
& (x+w (2.175) ‘

To be consistent with Il(w) = 1. Qél) = 1. Employing (2.173) we

can derive a set ference equations relating ﬂ§n+1) to the
(n),
Qi S.
n-1 : :
n(n+1) = T 1 ( il)xl-q+1(én)
) q i=q-1 q q
2 ]
X i3
+ i
\“(()n W= o (2.176)

It is verified in Appendix A that the solution for the Q;n)'s

are given by
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xn-l-'iﬁ\_unﬂ-i

i 1o T -1)1 L= L e el
for n > 1 Qin =
0 i=0
for n =1 ﬂél) =1 (2.177)
Employing (2.168), the expression for the density Pw (1)
- n+l |M
given in (2.174), and the definition of the Ij's in (2.173),
E:+1\M may be expressed as
= 1 M-1. -
Cn+1‘M = (1 - M!(ﬁ;) In(O)IM~n+1(O))x
1 M-1. o
+ MG I.(0) | oI, (r)dr. (2.178)
0
By looking at Pw (r) for n=1 we can obtain an expression for
- n+l |M

IM(O) since the density for w, must integrate to 1 over the interval

[0,x]. Hence, IM(O) must be given by

M-1
g _ o)
1,(0) M A (2.179)

To specify the only remaining unknown in (2.178), we define

rin(r) & . (2.180)
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We evaluate this integral by substituting our explicit form for

In(1) defined by (2.175) and (2.177)

(2.181)

n;} xn+1(n_1ln-2-i ; _l_.(i) e
L 1=1 (n-1-1)!(i-1)! 150 1+2 L

Putting together (2.179), (2.181), and (2.178), 'é:ﬂ \M may be

expressed as

M-1 n-1 M-n
-n " X (nx) ((M-n+l)x)
Coa 1M = (1 - MIGED) n! T

M-1 n-1
sy (2.182)

Bias Calculation for an M/D/1 Queue

Having defined the calculation of Eg+k\M=i and hence Q(i),
we can investigate the behavior of the asymptotic bias b expressed
as a power series in p by Eq. (2.144). For simplicity, we start
with an M/D/1 queue. Cg = 0 in (2.136), since the variance of the
service time density is zero. Since each C:+k is a function of
the summation of C:+k's for a given busy

(x,uh+1 %3 “h+k)'

period with M customers can be expressed as different functions

e

Hence Q(M)

of (x,ah v “ﬁ) over regions in (u? Ty uﬁ) space.
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can be expressed as the sum of a set of integrals of functions

of (x,u? o uﬂ) over regions in (aﬁ aols uh) space weighted by

. 1M aEhs
the density g(ub e “N\M) - M!(ﬁ;) specified in Eq. (2.156).
Since the density p(“ﬁ G “h) is a constant, independent of p,
Q(M) will also be a constant with no dependence on p. fn’ the

probability of n customers being served in a busy period, is
nn-1 n-1_-n
el " S Hence, expanding fn as a power series in p sub-

stituting the result into the expression for E in (2.142), and
changing the order of summation, we can derive an explicit formula
for oo the coefficient of pn+1 in a power series expansion of E
in powers of p. Therefore, on the basis of (2.143), to show that

the estimation procedure is unbiased up to the L-th power in p,

we have to show that

n+2 n-~i,n+l
(-1) i Q1) = x (n+2) (n+1)

% =, E TT@2-D! 4
n=0 ... t-1 (2.183)

By a change of variable n = n'-2 and some manipulation, verifying

conditions (2.183) may be reformulated as checking the following

recursion for the Q(i)'s:
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' = n! “'(ﬂ'-ll
(Q('ﬂ ) (n')n"l ( A X)
1
< __1_1_!_____ n'-l L_l)n'-i.n'-l
- (n.)n'_]_ 122 il (n"i.)! Qi)
K“' =3 141

with Q(2) = 5 x (2.184)

Employing the preceding results for an M/D/1 queue, we pro-
ceed to show that the asymptotic bias b only contains powers of p
greater than third order. For 4=3, relation (2.184) dictates

that Q(2), Q(3), and Q(4) assume the following values:

Q(2) = 3 x

=Y
Q3) = 3 x (2.185)
TORE S

By definition of the Q(i)'s given in (2.134), Q(2), Q(3), and
Q(4) are given by

eyl

Q@) = T2
—.1 - g
Q(3) = Cy13 + C;313 + G (2.186)
™ TONEENE™ MO T - -
Q4) = Tyth + Ty 14 + T 14 + THl4 + Told + C, 14

106




<AL

We can compute all EE‘M'S of the form

general formula derived as Eq.

_—
Cn+1

{M by employing the

(2.182). To calculate other

E;\M's we appeal to the procedure outlined in Eqs. (2.165) through

(2.171). The results of the calculations implied in (2.186) are

listed below.

Ch2=%x
13 =32x 13 =
E§\3 = % X
e =L x Tl -
Cle=2x  Tols -
14 = 33 x

By using the results of (2.187)
the numbers for Q(2), Q(3), and

values listed in (2.185).

x5

9

1 3. 923
e R
13 .

32

(2.187)

in (2.186) it is easy to see that

Q(4) are consistent with the

For the sake of clarity, we go through the derivation of

62\4 as a sample calculation. The remaining EE\M'S, those not

covered by relation (2.182), are calculated in Appendix B. C

is defined as follows:
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CZ = min [x.2) . (2.188)
with

z = min {wy,w) . (2.189)

the joint distribution of (w ’“5’“%) conditioned on M=4 is given

by Eq. (2.156) as

p(wzstpwa‘M::[‘) i 8_)(’5- i (2.190)

0 < wy < x F w

w, < x +
w, £ x + w

Hence, the joint distribution of (ub,uz) conditioned on M=4 is

given by Eq. (2.169) as

LA

¥ plwg,ty M=4) = =23 | de, . (2.191)

o

0< wy < 2x
0 < 4 < x4+ wy

More explicitly, (2.191) means that
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g e s

= = —3——- \ - = -
p(wy,w, M=4) =7 and  p(uwy,w, M=4) 3 (2x - wy)

0 < wy < X X Swy £ 2%

w, < 0 < w, £x+w (2.192)

Hence, by (2.170) the distribution function of z conditioned on

M=4 and for z in the interval [0,x] is given by

% x-*ub 5
Fz\M=4(T) =3 =1 J g;i duy, dw,
W, =T W, =T
0<t<x - =
2x X-Fuh 3
= =5 (2% - wy) doyduwy . (2.193)
X
w3=x w4=1-

Differentiating (2.193) with respect to 7 and doing the integra-

tions yields

L
Pz\M=4(T) i - 8x2 he o (2.194)

0<r<x

From Eq. (2.168), we compute 62\4 as follows:

e X = 19
C4\4 = x(1 - j‘ Pz\M=4(T) dr) +‘r TPZ \M=4(T) dr = 3—2- X .

0 0
(2.195)
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Bias Calculation for an M/M/1 Queue

We now examine the behavior of the asymptotic bias b for the
case of an M/M/1 queue. The service requirements are now expon-
ential random variables with parameter u. Hence, B(x) and B*(s)

are given by

B(x) = pe™~
4 (2.196)
3*(8_) = S+—;

. . el e :
Since the mean service time is ; and the variance of the service

b
functional equation of (2.139) may be solved to obtain F(z)

requirement is J;, the C2 defined in Eq. (2.136) is one. The
m

; and hence fi’ the probability of i customers being served in the

busy period

{ . i-1
§ W s (2.197)
R i ) R e | 2i-1

: (1+p)

To characterize the asymptotic bias b we need aj, the coef-

ficient of pj+1 in a power series expansion of E, which is

defined in (2.132) as a summation of the products Q(i)fi for
i=2... o, We contend that Q(i)fi can be expressed as a power

series in p whose terms are at least (i-l)-st order in p. Hence,

to find a, we need to collect coefficients of pJ+1 in
Q(2)f2 5 Q(j-+2)fj+2. The reason for Q(i)fi being expressible 3
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as a power series in p with terms of at least (i-1)-st orders
follows from Eq. (2.155) for p(x1 cee Xyl "'“M\M)' Q(M)
represents the mean of a random variable which is expressed as a
summation of C;'s, each of which is a function of (x1 cee Xy 1o
w ...uh). Hence, Q(M) could be expressed as an integral of
various functions of (x1 cee Xy q0Wy eee W) weighted by

p(x1 cee Ky oy e QM\M), over (x1 cee Xy qaWy e uh) space.

From the density given in (2.155), this integral for Q(M) will

M‘l/

have a leading factor of X f... Hence, Q(M)fM can be expressed

M

as the product of pM“1 and an appropriate integral. This shows

that Q(M)fM can be represented as a sum of terms which are

(M-1)-st order or higher in p.

t We now proceed to compute Q(2) and Q(3) so we can calculate

) and oy and then the coefficients of the first and second power

of p in the asymptotic bias b defined in Eq. (2.144). Q(2) is

¢

equal to E;\Z and C; is given by

cl

2 = min {xl’“ﬁ} ’ (2.198)

From (2.155), the joint density of (xl’“b) conditioned on M=2 is

as follows:

-AX
1
p(x, ,u, IM=2) = 5%*—1 B(x,)e . (2.199)

F 111 :




Hence, by (2.164) the distribution function of C] conditioned on

2
M=2 is
&
X
. c 1 =AX
] FC;\M:Z(T) 1 12 : | B(Xl)e du@dxl . $2.200)
5T “Q=T

Differentiating with respect to 7 by applying Leibnitz's rule,

we obtain

-AX

3 S A o g )e L (2.201)
2
X

A KT )
C, {M=2

1
L
Employing (2.201), we can express the desired conditional mean as

a double integral. Changing the order of integration, we obtain

_he following result for an M/G/1 queue:

© -Axl

1 AB*(A 2
> F f x)e B(xl)dx1 (2.202)

-
Q@) = E,\2 = ;

I NN
i

x1=0

For an M/M/1 queue, (2.202) specializes to

== 1 | p 1 |
ase) "2
=1, =1 2 |
Next, we calculate Q(3) as the sum of C,|\3, C3 3

— |
|3; and C,13. ;
|

The joint density of (x ) conditioned on M=3 is specified by

l'(.t'z
Eqs. (2.155), (2.162), and (2.163) as
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2 L s 2 "2 -X(x,¥+x%x,)
=3) = A B¥() s . ; L7
p(x;,w, |M=3) e J | B(x )B(x,)e dw,dx,, .
x.=0 w,=0
7 3

0 < w <X (2.204)

Performing the inner intcgration over wq and changing the order
of the integration over the variables wy and Xy specified in

(2.164), the distribution function of Cé conditioned on M=3 is

given by

2 w ® ® -X (%, 4x,)
ATB(A) L 2
FC]Z. \M"3(T) =1 - _—f, : ‘[‘ j' j‘ (x2+u\2)B(x1)B(x2)e
uﬁ‘T x1=“§ x2=0
dedxldu§°
(2.205)

Differentiating (2.205) with lLiebnitz's rule we obtain PC.\M:q(T).
2

C'\M=1(7) we can write the following integral
g |M=:

expression for the conditional mean:

Based on this P

2 © ® @ A (x,+x )

1§ A B*SX! r > I
C2\3 = _—_f3 J T j J (x2+T)B(x1)B(x2)e dxzdxldr.
=0 X, =1 x2=0
(2.206)

For ar M/M/1 queue we employ the B(x) specified by Eq. (2.196)

and ohbtain the result

s 1
B ity S (2.207)




We next coasider rhe cal'culiation of 6313. C% is defined as
C

= nin ix2,03} (2.208)

By Eqs. (2.155), (2.160), anc¢ (2.161), the joint density of

(xz,wJ) conditioned on M=3 is

2 o i !
. =3y = & BE()
p(xz,uB\M 3) f3 f [
; x] = max {w3-x2,0] w, = max {w3~x2,0]
-A(x1+x2)
B(xl)B(xz)e dubdxl . (2.209)

Doing the inner integration over wss and noting the form for

F (r) dictated by (2.164), differentiation of F 9 (1)

C%\M=3 C3\M=3
é wi.th respect to 7 by Leibnitz's rule will yield the follcwing
?" integral
Pgy Gry=] _POeuTiMed)dx, + [ P(r,wy M=3)day (2.210)
C,|M=3 X,=1
E 2 Wa=T

Employing (2.209) and (2.210), the desired conditional mean may

be expressed as the following integral:

114




2 © « -AX L] -AX
=2 A Bx¥(M\) ’ 2. 1
C3\3 = F y . j B((Z)e i XIB(Xl)e dxldxzdf
@ @ o -AX
~ ]
-+ f TB(T);AT i f k(xl)e [xl-(w3-1)]dx1dubd7

(2.211)

Using the B(x) correspording to an M/M/1 queue, we obtain

~

1 oz 1
B &2 sty o (2.212)
P +p) 3

=2
Vs

Our final calcutation is of ?;\3. The quantity Cg is

defin:d by

1
€3 = min [xl’“b’“@} . (2.213)

The joint density of (xl,w ,ui) conditioned on M=3 is determined

by Eqs. (2.155), (2.:.62), and (2.163).

2 o« - (x,+x
=1y w AL,
P(xl,uh,uﬁ\M 3) F, J 8(x1)B(x2)e
Xy © max {u@-w ;03
02w, f.xl
(2.214)

Employing (2.164) to derive the distribution function Fcl\M=3(T)
2

to get rid of the '"max"

and breaking up the ‘ntegratim over w
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in the limits of the integration over Xy, we obtain

w
1 2 © -A (g 4x,)
|M_3(T) * 1 = ——§~S£l j J J J B(x1)B(x,)e ’

Ry ™T W™ ™ T XKo=0 .
1 2 3 2 dxzdubdu?dxl .

= o © X (x,+x%,)
__M ‘l‘ ‘I‘ f j‘ B(Xl)B(Xz)e : N

J

L U e T e S R pdwydw,dx,

(2.215)

Differentiating (2.215) by applying Liebnitz's rule we can derive

(1) and from that a single integral expression for 61\3.

Pat i
C3\M 3 3

*1 © =X (x,+x
22 %

% 2 - ) © )
L5 l_Eéiil [ =] | [  BxpBxpe © Zdx,dwydxdr

=0 X 5T Wo=T x2=0

2~._ © © © © ')&(X +X) ‘k
A B* (A 1 72
e el INE SR U N CVLCAE
=0 X =T u§=7 x2=ub-7
dxzdubdxldf (2.216)

Using the B(x) for an M/M/1 queue given by (2.196), we find

-1 1 e,
€ =5< Sl = (2.217)
B . @+*p) 3
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Now we can calculate the coefficients in the asymptotic bias

b for the first and second order terms in p. Employing (2.203),

(2.207), (2.212), and (2.217), we compute Q(2) and Q(3) as

1 1

Q2) =7 - —&— =

2 P paa* I
(2.218)

j 2 1

ROy =40 = il o

B (1+p)° ™3

g is defined by the coefficient of p in Q(Z)fz. oy is deter-

mined by collecting powers of p2 in Q(2)f2 and Q(3)f3. Hence,

we obtain

(2.219)

Therefore, from (2.144) we can represent the asymptotic bias b as

1 5 I 3
By pam & + 0 . 2.220
uP 7 uP (p™) ( )

o
"
1
N[

0(p3) denotes terms that are third order or higher in p. This
shows that the algorithm is biased for M/M/1 and contains terms

of all orders in p, in contradistinction with the M/D/1 case
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where we showed that the algorithm is asymptotically unbiased up
to third order in p. In fact, we are confident that for an
M/D/1 queue the algorithm is completely unbiased, although we

were not able to show this.

2.7 Cramer-Rao Bound for Customer-Removal Algorithm in Case
of M/D/1 Queue

Now we derive a Cramer-Rao bound for the variance of any
unbiased estimator of the delay gradient that works with the
same observations as the customer-removal algorithm in the case

of an M/D/1 queue. Assuming the service requirement is a known

variable x, the observations which the customer removal algorithm

n :
processes to derive the Cm's and form the estimator are the Mi's

the number of customers served in the i-th busy period, and

2

period. Hence, we define our observation vector Y' as

(w(i) Ny uﬁ%)), the waiting times of customers in the i-th busy
i

' (1) g (2) (2
Y' A (Ml,u:2 uﬁl :Mz,wz u‘hz

|
(N)
:MN’“@ .

3 s
(2.221)

Since waiting times and the number of customers served per busy
period are statistically independent from one busy period to

another, the joint density of Y' may be expressed as
Y Y

Py = v bt L gl (2.222)

i

naz

1
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We compute the joint density of (Mi,ué ) e “é,)) by breaking
S ) (i)
it into the product of P(u.2 5 e uhi\Mi) and Pr (Mi)' Hence,
employing Eq. (2.156) for the joint density of waiting times
conditioned on the number of customers served in a busy period,

expressing the densities in terms of the parameter p = Ax, and

applying (2.222) we obtain

N N
(ZMl-N)- T Mo |
P(Y' o) = 2L o Nk . (2.223)
w |
' x\i=1
;_
f 0 < ot < x 1i=1...N
‘ 0cad cxt ot k=2, u-

Letting y denote the delay gradient, y and p may be related
2 :
by (2.112). Employing (2.113), we can derive - &np(g*le. Using

oy
the expectation in (2.114) and the general formulation given in

(2.102) for a Cramer-Rao bound on the variance of any unbiased
estimator of a parameter 4 based on an observation vector R, we

find

Var (y - y) 2 x° —&— . (2.224)
N(1 - p)
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We can shed light on the reason for the p in the numerator
of the bound for the customer-removal algorithm as compared to the
p2 in the numerator of the bound for the customer-addition algor-
ithm by examining the maximum likelihood estimation procedures
that follow from the observation vectors Y and Y' employed by each

technique. The reason for this is that maximum likelihood pro-

cedures that are asymptotically unbiased will asymptotically
achieve the Cramer-Rao bound. Maximum likelihood estimators for

p are defined by the following equations:

..Q.. ’ =
2 tn B(Ylp) | oy = O (2.225)
—O- f a =
2 tn P(Y'(p) | s = 0 (2.226)

Since the delay gradient D' is expressed by (2.33) as a function
of p, the maximum likelihood estimator for D' is given

-~

D' = x + —BE 4 —BX : (2.227)
SRS 2(1 - p)°

The maximum likelihood estimator specified by (2.225) is
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Lty

N
~ 1'_.)—_:‘1 Mi AV
p =5 e . (2.228)
T M.+ & T,lx
i:l j=1 J

The estimator that follows from the observation vector Y' employed

by the customer-removal algorithm is given by (2.226) as

p=1-——, (2.229)

Each estimator for p can be shown to be asymptotically unbiased
and together with (2.227) must determine an asymptotically

unbiased estimator of the delay gradient.

Since the delay gradient estimator specified by using (2.228)
in (2.227) uses idle period information in addition to the number
of customers served in each busy period, we might expect that
asymptotically, the variance of this estimator will be smaller
than that for the estdmator that follows from using (2.229) in
(2.228). Hence, it is not surprising that the Cramer-Rao bound
for the customer-addition algorithm is always smaller than che

corresponding bound for the customer-removal algorithm.
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2.8 Derivation and Realization in Flow Diagram Form of
Time-Contraction Algorithm

In our third algorithm, we simulate an increase in rate 6)

by a linear contraction in time scale. Assume that 7, denotes

(1)
)
the time of arrival of the j-th customer in the i-th busy period
relative to the beginning of the observation interval. We

define a new set of shifted arrival times by

T;(i) =dl . f;_x),Jgi) ; (2.230)
Since 6\ represents an infinitesimal change in rate, we can choose
it sufficiently small so none of the busy periods are shifted

onto other busy periods by the time contraction. A simple suf-
ficient condition on 6\ so that the redefinition of arrival times
in (2.230) produces no "interactions" ?etween busy periods is

given by

(2 -
" TE < m;n {Ij} (2.231)

TE refers to the observation period length and Ij denotes the

duration of the j-th idle period.

We now consider the increment in system time that comes from

each customer arriving a little earlier and hence, waiting a

little longer. The waiting time of the j-th customer in the i-th
122
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busy period is defined by

) A2E ) (1) (1)
“ﬁ = LEE X, - (Tj - Ty ). (2.232)

1f we substitute the shifted arrival times given by (2.230) into

(1) to wgi) by

(2.232), we can relate the new waiting times u? i

*(1) (1) . 6 [ (1) (1)
; = W, G i -7 : 2.233
] s R(i) ’ ; A

We define a new variable Tj as the arrival time of the j-th
customer in the i-th busy period relative to the start of that
busy period. Hence, the additional system time over N busy per-

jods that follows from Eq. (2.232) can be expressed as

N
B = o3 (2.234)
”' A gt
3]
X -
! where
0 M, =1
1
(2.235)
z, & <
L
o7, Tg(i) Mifl
\ n=2

A second contribution to the increment in system time follows

from the fact that our time contraction procedure shifts the

123




right edge of the observation interval, leaving a gap of duration

%} TE in which additional customers could arrive. Since an
average of ADC total delay is accumulated per unit time, where
DC is the average total delay/customer, the average increment in
system time is given by

(%*— T,)(AD_) = GATD,_ . (2.236)

Employing (2.234) and (2.236), we obtain the following

expected increment in system time conditioned on the queueing

record.

(DN

N
E(6S|Queueing Record) = 6AT.D + — T 2Z (2.237)
Ec A i

Since both A and Dé’are unknowns, we use the fact that asymp-

totically, by the law of large numbers

N
151 Mi
X = - ' (2.238)
E
S W,
DC o > = 851 % Mi (2.239)
i=1 j=1 1 i<
S}i) denotes the system time of the j-th customer in the i-th
busy period. Substituting relations (2.238) and (2.239) into
124
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(2.237) and normalizing by 6)\TE we obtain the following delay

gradient estimator:

R EPOPERS
I T s : 2,
pr = L= =L v 2 (2.240)
R T

Comparing Eq. (2.128) and Eq. (2.240), we see that the
customer-removal and time-contraction estimators have an iden-
tical first term corresponding to an estimate of D,- They differ
only in the second term where the customer-removal algorithm
employs Py defined by (2.129) and the time contraction algorithm
uses Z; specified by (2.235). Hence, flow diagrams for both

algorithms are very similar. The variables that appear in the

flow chart are the same as those for the customer-removal algor-

ithm defined in Fig. 2.5 except that we no longer need the gi's

and S is redefined as the sum of all the system times and rela-

tive arrival times of customers in the current busy period.
Dropping the indices for the busy period, S is given by

M M R '

S = Y (X, ta@,)+t % T, . (2.241)
a4 3 ey d

Noting that ui=0 and expressing “ﬁ as the sum cf the j-1 preced-

ing service times minus the arrival time 7? of the j=-th customer
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relative to the start of the busy period, we obtain the following
expression for S since the contribution due to the relative
arrival times is canelled:

i-1

M
X, = % X. (2.242)
L ju3 gm)

w
I
I X

=]

We use (2.242) in the flow diagram for the time-contraction

algorithm presented in Fig. 2.7.

The expression for S given in (2.242) suggests an alterna-
tive form for the estimator in (2.240). Changing the order of
summation in the double sum in (2.242) and realizing that S is
the contribution to the numerator of (2.240) corresponding to a

given busy period, we obtain

N
T B
D'= 151——— , (2.243)
T M
s
where
i
B, A T (M, - L+1»é3) (2.244)
j et
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D'= 0
M'= 0
S
TS= 0
S= 0
3= 1
4
Cust;;::\\\\
s j Just
Arrived
?
e : 2 Compute Waiting Time
A § e of Customer j
i
1} Test for End Yes
of Busy Period
No
ke |
b S=— W+ x + TS V i
E TS= TS + x
Ea 3=yl |
‘ i
Mot §=4 Update ‘
N D 1 Estimate
—f- ' 1
D= 0 i S| for Delay
M'= MiM' Gradient

Figure 2.7 Flow Diagram for Time-Contraction Algorithm
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2.9 Asymptotic Bias Calculation for Time-Contraction Algorithm
in the Case of M/G/1 Queues

To investigate the asymptotic properties of the time-
contraction algorithm we can employ the form for the estimator
given in Eq. (2.240) or (2.243). We first examine Eq. (2.243),
since the asymptotic unbiasedness of the algorithm for an M/D/1
queue follows readily. Exchanging the limit and expectation

operations and appealing te the law of large numbers, we obtain

lim ED' = E lim D' = & . (2.245)
N —» o« N - o M
For an M/D/1 queue xiJ) = x and we evaluate B by conditioning on

=j and then taking the expectation over M. Hence, B is given by
B = EyE(B|M=j) =%x M°+M . (2.246)

By Eq. (2.245), the mean of the estimator asymptotically

approaches
2
x| L) (2.247)
M

Employing M/D/1 formulas for M2 and M given in Eqs. (2.98) and

(2.99), we obtain the final result that
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o = __PX PX
ltn  ED' = x + 5y + o (2.248)
N - o 2(1-p)
The expression in (2.248) is identical to that in (2.33) for the

delay gradient of an M/D/1 queue.

We can extend the argument of the preceding paragraph to an
M/G/1 queue for calculation of the asymptotic form of the esti-
mator as a power series in p. To evaluate the expectation of B

conditioned on M we need p(x1 At xM\M) since
E(B\M) = E(Mx1 + (M-l)x2 PR xM\M) (2.249)

By Bayes' rule

By s RO, s B
P(x, +.. %, M) = L x? . i (2.250)
M

We calculate p(M\x1 2 s xM) as the probability of the region in

(6 GM) space that corresponds to M customers with service

1
requirements (x1 Fa xM) being in the busy period. By the con-
straints on the ej's specified in (2.148) and (2.149) for M cus-
tomers to be served in a busy period and since the unconditional

joint distribution of the ej's is a product of M exponential den-

sities with parameter A\, p(Mi{x, ... ) is given by
i | M
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K k-1
L x. - T 86,
By . RyPE iy fml * gy
p(M\x1 ceeXy) = I [ S
el.—.:o 92=O 6k=0
M
F g
i Xe dey ... de; .
M M-1
6 = & %X, = 6.
T T
(2.251)

Doing the final integration over OM and combining with (2.250)

we obtain

XM-l M -Axl
p(x1 e xM\M) = —E;_ g(x1 wiee XM-I) 111 B(xi)e 5
(2.252)
where
(
1 =1
B8(xy «o %y ) =X M-1 M-2
X, = ¥ 6,
X K0 f=] = gy @
| | vur § d6y_; --- d8;
\ 6,=0 6,=0 810
M#1

(2.253)




TR,

Hence, we can calculate B as

B= T (E\M)fM (2.254)
M=1

From the )\M'l/fM factor in (2.252), we can see that (E\M)fM will be

representable as a power series in p with terms of at least
(M-1) -st order. Forming B|M by multiplying B with l-p, we can

collect the powers of p in the asymptotic form of the estimator.

We have demonstrated that contrary to what happens for an
M/D/1 queue, for the more general case of an M/G/1l queue, analysis
of the expression given by (2.243) for the time-contraction esti-
mator does not yield an explicit closed form expression for the
asymptotic mean of the estimator. Hence, rather than pursuing
the calculation outlined by Eqs. (2.245) through (2.254), we
examine the form of the estimator in (2.240). Comparing this with
(2.128), we note that Zi plays the same role as P; in the customer-
removal algorithm. Therefore, the asymptotic bias of the time-
contraction algorithm for an M/G/1 queue is specified by Eq.
j+l

(2.134) where aj is defined as the coefficient of p in a

power series ezpansion of Z. Z is expressed using (2.235) as

E= 3 E
M=2 i

M =
P

s M| E, . (2.255)

2
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In the next few paragraphs we develop results useful in cal-

M
culating E ( z TB\M>. Since T? is equal to the sum of the first
i=2 M
(i-1) inter-arrival times, the problem of computing E ( z TB\M)
i=2 *
can be restated as
Moe M-1
Bl L Ti\M =E[ T 6.(M-j)\M|. (2.256)
i=2 j=1

To evaluate the second expectation we need p(e1 e eM_l\M).
Integrating out OM and Xy from p(x1 —— xM,Bl 5B E GM\M) defined

in Eq. (2.150), we obtain

k
< B ¥ - L 8 {Z2.257)

Employing the inequalities that the ej's and xj's must satisfy,

we integrate out (x1 . xM-l) and find

M-l (> 2] (o] o
B Sl .. 0,9,
JCH ...BM_I\M) B J ) waw '
TRy B Xpre1™M-1
M-1
=AX4
izl [B(xi)e ]dxM_1 dxl,

(2.258)
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where

A max 1
By considering a series of linear transformations of

(6 _1) we can derive the statistics of the sum of rela-

1 °°e
tive arrival times conditioned on M and hence express the con-
ditional mean as a single integral. We introduce the following

two transformations:

R
1
< kel : (2.259)
g 1
™ 12 1 M-1
R
2
R
-

—‘
N
=
=

(2.260)
M-1

NM-1 is the variable that corresponds to the sum of the relative
arrival times. Employing (Z.259) and (2.260), we obtain the fol-
lowing composite transformations from (61 - eM-l) to (171 "'nM-l)

and the corresponding inverse transformation.

133




n 1 6
1 AR 1
S S : (2.261)
-1 M-1 M-2 1 eM-l
6 1 n
1 g 1
R TR S | ,
= 10 : (2.262)
O-1 ) S M-1

The absolute value of the determinant of the Jacobian of the
inverse transformation specified by (2.262) is one. Hence, we
compute p(n1 heb nM_l\M) by making the substitutions in

p(91 i GM_I\M) given by (2.258) for the Gj's in terms of the

nj st
(
o S
< 6, =1, - 2n; (2.263)
8. =mn., - 2n, . +n. j =3 ... M-1
B "3 Tj-1 7 M52 :

The constraints on the nj's are obtained by guaranteeing 6; = 0.
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Ny, 2 2ny (2.264)

n. > 2n.

1=1 "

j=2

Hence, the desired conditional mean may be expressed as

z{:é T‘i‘m}=f e g i

=2 U s S e
LT e T, P o TP T, " TR R TR

nM_lp(n1 e nM_l\M)an_1 i dnl (2.265)

M/M/1 Bias Calculation

Now we calculate the first and second order terms in p for

the asymptotic bias b of the time-contraction algorithm in

T.0,

the case of an M/M/1 queue. Similar to our analysis of the cus-
tomer-removal algorithm, we need to calculate oy and oG the

coefficients of p and p2 in an expansion of z defined by (2.255).
XM-I M R

From the £, term in p(e1 b eM_l\M), we see that E{ jEZ(Tj‘M)fM}

will be representable as a power series in p with terms of at

least (M-1)'st order. Hence, to compute aj we need to calculate
M .

E T (Tliz\M)fM for M =2 ... j*+2, and collect coefficients of pJ
i=2

+1
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From (2.258), p(el\M=2) is

We start by calculating ?é\z

given by
=AX
(2.266)

p(o, M=2) = AEXA) 1 gy e

2
%176,

91, we can express the desired conditional mean
Changing the order of

Since Tg =
R ] .
72\2 as a double integral using (2.266).
integration yields
) =AX
=R 1 AB*(A 2 ik
= d .
12\2 > f2 I xlB(xl)e Xy (2.267)
x1=0

Using the B(x) and B*(S) for an M/M/1 queue specified by (2.196),

we find
H2=2 L —2 - L. (2.268)
Bty
. R
Next we evaluate E{ T Ti\M for M=3. p(el,ez\M?3) is
i=1

given by (2.258) as

2 % i
p(8,,0, |M=3) = "——Bf—?l Iooif

x1=91 X, = max {91+62-x1,0}
-Xxl -sz
(B(xl)e )(B(xz)e ) dxzdxl.

o

(2.269)
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Breaking up the integration over x; to get rid of the "max" in
the lower limit of the X, integration and making the substitutions

defined in (2.263) for 6, and 8,, we derive p(nl,nz\M=3) as

W) T -Ax -Ax
plng.my 3y = &L f ] (B(xpe D (B(xpe

o WL B | dx,ydx;

® ® =-AX -AX

+ f f (B(xl)e 1)(B(x2)e 2)dxzdx1

x:n_n x—
172 72 (2.270)

By (2.265) the desired conditional mean is formulated as ;2\M=3.

(3 o O Bt b B

N1=0 My=2n; X )TN; Xp=Ny =My X

(B(x )e-kxl)(B(x )e-xxz) dx dx. dny.,
\{BLxy 2 e D el |

® ® ® & \
a8 TN e TN J
1,70 my=2ny x;=ny-n; X,=0

-Xxl -sz
(B(xl)e )(B(xz)e dxzdxldnldnz) (2.271)
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Employing B(x) and B*(S) for an M/M/1 queue, we obtain

2 p 1 C
Bl T a3l » 7= —p——g = (2.272)
1=2 ' (1+p) 3

Using Eqs. (2.268) and (2.272), we can calculate the coef-

ficients of the p and p2 terms in the asymptotic bias b a

A 0
is derived by taking the coefficient of p in an expansion of
(?g‘Z)fz. @y is obtained by collecting powers of p2 in

—R —R _, R .
(1'2\2)f2 and (12 + 73\3)f3. Hence, we find
e
0 2 u
(2.273)
- ok
o = 5 o
Employing Eq. (2.137), we specify bT c. as
e By 3
bT.C. el - pt+3 2 o +0(p") . (2.274)

Hence, the asymptotic bias of the time-contraction algorithm for
an M/M/1 queue contains all powers of p. This contrasts with the
case of an M/D/1 queue, where we were able to prove asymptotic

unbiasedness of the algorithm.
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2.10 Cramer-Rao Bound for Time~Contraction Algorithm in the
Case of M/D/1 Queues

We now concludé our analysis of the time-contraction algor-
ithm by deriving a Cramer-Rao bound on the variance of the esti-
mator for an M/D/1 queue. The form of the time contraction
estimator defined in (2.243) and (2.244) tells us that the obser-
vations which the algorithm uses, in the case of an M/D/1 queue,
consist of the number of customers served in each busy period.
Since the number of customers served is independent from one busy
period to another and for an M/D/1 queue the probability of M
customers in a busy period is given by Eq. (2.110), p(M1 ...MN\p)

is as follows:

Mi-l
p(M1 g MN\p) - 111 ——-igj—-—'e N (2.275)

Letting ¥ denote the delay gradient, there is a 1-1 corres-

pondence between y and p specified by Eq. (2.112). Employing

(2.113) ard (2.112), as we <id before for the customer-addition

t and customer-removal algorithms, we can derive a Cramer-Rao bound
for the variance of any unbiased estimator of y that employs
observations (M1 o MN).

Yar (y = y) > %° L (2.276)

N(1-p)°




The bound (2.276) is identical to that for the customer-
removal algorithm. This is to be expected since the maximum-
likelihood estimate for p that follows from (2.275) is the same
as that which follows from P(Y'|p) defined in (2.223), where Y'
denotes the set of observations which the customer-removal

algorithm uses in the case of an M/D/1 queue.

2.11 Computational Complexity and Storage Requirement Analysis
for the Three Algorithms

Now we proceed to analyze, compare, and contrast the compu-
tational complexity and storage requirements of the three
estimation algorithms presented. The procedure for up-dating the
delay-gradient estimate in all three algorithms assumes the

following form:

= ch'k) +A. (2.277)

Da+1) = P

B;R) is the delay gradient estimate based on an observation inter-
val containing k busy periods, { is a factor that renormalizes
sz) to correspond to a component of the (k+l) busy period
estimate. A denotes the contribution to the (k+1) busy period
estimate that comes from the (k+1)-st busy period. ‘Hence, to

compare the three algorithms, we examine the storage and computa-

tional requirements of forming A.
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In the customer-addition algorithm, A is the expected addi-
tional delay suffered by the customers of the (k+l)-st busy
period due to an arrival in the entire (k+l) busy period record.
According to the notation defined in Fig. 2.1, we need

(1 e Ii ) and (Tn Tl | ) to compute A. In denotes

| I I o I
the first idle period at which an extra arrival with a service

+1

requirement x can influence the (iI+1)-st or current busy period.

Hence, x satisfies

b

X > z I
k=n1+1

K {2.278)

We need two buffers with iI -nI+1 storage locations for the idle
period and busy period durations, respectively. We can general-
ize this argument to say that the probability of x being greater
than the sum of Nb idle period durations is equal to the probabil-
ity that we need two buffers with Nb+1 locations. Hence, for the
case of an M/G/1 queueing system, the probability of x being
greater than the sum of Nb independent exponential variates with
parameter A is equal to the probability of a buffer overflow given
we have only Nb storage locations per buffer. 1In designing our
system, we want to choose Nb sufficiently large to make the
probability of an overflow less than some acceptable probability
€. In Eqs. (2.44) through (2.46), we derive the statistics of

the sum of k exponential random variables with parameter X.
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[y Employing (2.46) and letting 5 2 Ax we obtain the following
expression for the probability of an overflow given our two buf-

fers have Nb locations:

N
=B
j

o)

.
Pr [Overflow\Nb Storage Location|Buffer} =1- e ?T .

0

(2.279)

~

By applying Taylor's remainder theorem to an expansion of e we |
obtain i
2 Nb-l - B~Nb _
e < e (2.280) i

=0 3! b

By employing (2.280) we can upper bound the probability in (2.279).

...Nb
b Pr {Overflow|N_ Location|Buffer} < R (2.281) ‘
LS b’
e Since p = Ax and the range of interest of X is 0 < XA £ %, we
obtain the final bound
Pr [Overflow}Nb Location|Buffer} < 15%5%—— . (2.282)

b’

We want to make the right side of the inequality in (2.282) less

than some tolerable probability of overflow £. As an example,

for x = x and £ = 10-9, Nb > 13 satisfies (2.282). Having
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arrived at a suitable value of Nb’ the storage requirement of the

customer-addition algorithm is approximately 2Nb H20 |

We now consider the computational requirements of forming A.
For the customer~addition algorithm, A is composed of a contri-
bution which represents the additional system time resulting from
an arrival in the (k+l)-st busy period plus the effect on the 1
(k+1)-st busy period of an arrival at any earlier time in the
(k+1) busy period record. We consider first the contribution due

to the effect of an extra arrival in the (k+l)-st busy period.

This term assumes two forms depending on whether all the service
requirements are identical. We employ the notation defined in
Fig. 2.1 for expressing the contributions t¢ D. If xéq) =X

the term is given by

I%.(%.MZXZ) ) (2.283)

TR,

which requires four multiplications and one division to evaluate.
For the more general case ghen xéq) # x, the desired contribution
is given by Eq. (2.14) normalized by ¢'. With some manipulation,
the component of A due to an extra arrival in the (k+l)-st busy

period is given by

n

M k (1 + 1) M
1 k+1 k R
1 { z [nza X - 5 ] (Tk+1 - Tk) +x I 5

k=1 ang

143 (2.284)




The above takes M+l multiplications, M+l divisions, and 6M-4

Ny 2 R x ) :
additiors to calculate. The T denote arrival times relative to
the start of the busy period. The exprecsion in (2.284) is con-
ceptualized as being evaluated as the busy period progresses.
Hence, we needn't store all the service requirements and arrival

times.

To enumerate the remaining calculations in forming A we

count the operations involived in computing the effect of an extra

arrival in the preceding i, - n1+1 idle periods and i, -n_ busy

T I I

periods on the customers in the (iI+1)-st busy period. If we

let iI = nI+1 2: n, , then corresponds to the current number

b’ My

of idle period and busy period durations that we store. In terms i

of n,, the remaining operations to compute A are counted as

b)

7nb - 6 additions

6nb - 2 multiplications
(2.285)
2nb - 1 divisions

ny comparisons

We can upper bound the number of operations listed in (2.285)

by letting n, = Nb’ where Nb is our buffer size chosen to guar-

b
antee the probability of overflow being less than some threshold

£. Using our preceding example, we can let ng = 13 for an ¢ =1O-9.
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For the general case when the service requirements are not
all identical, the number of operations to evaluate (2.284)
varies with M. Hence it is of interest to bound the probability
of M exceeding some value t. For an M/G/1 queue, the simplest

Chebyshev bound yields

1

= —('i-:'m : (2.286)

Pr{iM>t¢t] =

X

Hence, as p » 1 we need to make t very large for the bound to
give us any information. Therefore, the number of operations

required in (2.284) becomes unbounded as p — 1.

For the customer-removal algorithm we identify S defined in
Fig. 2.5 as the corresponding A. The number of storage loca-
tions required to calculate A is approximately M + 8. The M comes

é from the array of gi's in which we store C; as j is varied. The

number of operations required is determined with reference to the

flow chart in Fig. 2.6.

M(M-1) T o8 5 .
) Minimizations or Comparisons

(2.287)

M-Q—‘é'—ll + 4M=3 additions
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In the time-contraction algorithm S corresponds to A as
before. The storage requirement to compute A is 8. The number
of operations obtained by examination of Fig. 2.7 is 3M-3

additions.

From the discussion above we see that of all three algor-
ithms, the time-contraction algorithm has the smallest storage
requirement. Unlike the customer-addition and customer-removal
algorithms, the time-contraction procedure requires no buffer
with randomly varying size. In addition, the computational load
for the time-contraction algorithm is the least of the three.
Heqce, the time-contraction procedure is the least costly to

implement.

AT,
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SECTION 3

SIMULATION RESULTS

In Section 2 we derived the asymptotic bias of the three
estimation algorithms. Since we are unable to calculate the
variance of the estimators as a function of N, the question of
consistency, whether the estimates converge asymptotically to the
delay gradient, remains unanswered. In addition, for an M/D/1
queue we would like to know if our algorithms are asymptotically
efficient, whether they achieve the Cramer-Rao bounds derived in
(2.116), (2.224), and (2.276). We would also like to investigate
the robustness of the customer-removal and time-contraction
estimation schemes by seeing how they perform for a variety of

queueing systems. We attempt to provide answers to these ques-

e I S ——

tions in the present section by presenting the results of simu-
lating all three algorithms for an M/D/1 queue and simulating the
time-contraction and customer-removal algorithm for M/M/1, D/M/1,

and U/M/i queues.

We simulate a single-server queue by the following recursion !

for successive waiting tines:

wn+1 = max [wn + xn i en, O} WLth U.‘l = 0 - (3'1)
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X and Bn are random variables corresponding to the m-th service
requirement and the inter-arrival time between the n-th and
(n+l)-st customer, respectively. When w, goes to zero, this

signals the start of a mew busy period.

We now describe the calculations necessary to evaluate the
statistics of a given estimator. To derive the mean and variance

~ 1
of a k-busy period estimator Dzk) we generate a certain sample |

size NS of k-busy period records, processing each to form an 1
estimate 6Ek),i' We compute estimates of the bias g(k) and var-
iance o (k) associated with Dkk) as follows:
N
S
& 1 25 »D
o} =l===_ h s D S 8.2
(k) Ny .7 (k),i " ax
N N Ny i o .
02 = 8 e z D'2 . % B
(k) "W - TN Ty k) \NS gy Dk
(3. 3)

The measure of performance that we use most often is the frac-
tional rms error, which we approximate by employing our estimates

for the bias and variance in (3.2) and (3.3).
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/ 2
dD ~2 7
VE(D' - ——) b + 0
(ng DA e (klbD (k) (3.4)

A oA

For all the queueing systems under examination, we present curves
of the fractional rms error associated with sz) for k = 10,
100, 1000 busy periods with NS = 400 Monte Carlo rms for each

estimate. We experimented with N trying NS = 10, 50, 100, 200,

S’
400, and found that NS = 400 insured from one to two significant

figures in our value for the fractional error defined in (3.4).

We do not present separate curves for our estimate of the
bias b(k) defined in (3.2), since in many cases our value for
b(k) was of comparable size to the statistical fluctuations in the

quantity. To make this notion clearer, (3.2) can be rewritten as

2D

B(k) - (Bey - AR R

0§ is a zero mean random variable with

~2

g
E62 ~ —) (3.6)
Ng

Hence, when our value for h(k) is of the same size as VE e , we
can not possibly measure the actual bias b(k) with any accuracy.

Careful examination of the results of the simulations support the
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conclusion that in the cases where we could not measure b(k)
accurately, it contributed negligibly to the fractional rms error
in (3.4) and when b(k) could be measured accurately, its con-

tribution in (3.4) was non-negligible.

Having defined the measures we will use to compare the
algorithms, we first discuss the simulation results for an M/D/1
queue. From earlier analytical results, we know the customer-
addition and time-contraction algorithms are asymptotically
unbiased for M/D/1 and that the customer-removal algorithm is
unbiased at least up to the third power of p. Curves of the frac-
tional rms error for N = 10, 100, 1000 are presented for all three
algorithms in graphs 3.1, 3.2, and 3.3. The consistency of the
three estimation procedures is suggested by the improved perfor-
mance with increasing N. In graphs 3.4 and 3.5, for N = 100 and
N = 1000, respectively, we present the lower bounds on fractional
rms error that follow from our Cramer-Rao bounds for the variance
of the estimators, together with the simulation results. The
closeness of the simulation curves to their respective lower
bounds suggest that all three algorithms are asymptotically
efficient for an M/D/1 queue. Graphs 3.4 and 3.5 show that as a
function of p the fractional rms error for the customer-addition
algorithm remains below that of the time-contraction and customer-
removal algorithms, and hence we conclude that it performs the

best of the three procedures for an M/D/1 queue. The customer-
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é removal and time-contraction algorithm's fractional rms error
curves are quite close, with the customer-removal algorithm's
performance being slightly worse. The bias results for the three
algorithms are displayed in Tables 3-1 and 3-2. We list our

estimate for the relative bias b(k)/%% together wich the size of
o (k)/JNS

2D
%A is often ?

statistical fluctuations in the relative bias,
Seemingly anomalous behavior of the relative bias
explainable by looking at the size of the statistical fluctuations

in the quantity.

We now proceed to demonstrate that the behavior of the

algorithms for p near zero indicated by graphs 3.1, 3.2, and 3.3

is reasonable. We examine all three algorithms for p - 0 by

keeping X constant and considering X - 0. As p is made arbitrarily

close to zero, the density for Mi’ the number of customers served

in the i-th busy period, becomes an impulse at 1. Hence, as p - 0,

the queueing record approaches a set of single customer busy per-
Lg iods. In addition, since T , the average size of the k'th idle
period is l, the idle periods become unbounded as p - 0. Hence,
with high probability the service requirement of the additional
customer x will be << Ik' Applying (2.14), (2.15), and (2.17)

through (2.19), we find that with high probability E(6S\t<Tk,

Queueing Record) and E(GS\teIk, Queueing Record) will be given as

E(6S\t(Tk, (.ueing Record) = x + % X (3 1)
156
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RELATIVE BIAS FOR CUSTOMER-ADDITION ALGORITHM (M/D/1 QUEUE)

TABLE 3-1

~ (;h) /J-N—-
. ’ iy Py~ ®
3D )
o) DA
10 4 21020 2.7 « 1072
1 100 1.6 x 10> | 7.0 x 1074
1000 bt o wan®
10 7.2x10°2 | 1.0 x 1072
.3 166§ oAb xt0> ) 2.7 % 107
1000 | -3.6 x 107 | 9.9 x 1074
10 6.3 x 1072 | 2.1 x 1072
.5 s 1 7B x| 6.8x 1077
1000 | -1.8 x 1073 | 2.4 x 1073
10 ] -1.0x10 | 2.7 x 1072
.7 Y00 o centix 207 4 13w TE
1000 8.6 x 2072 ] 5.2 w1072
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TABLE 3-2 1
F. RELATIVE BIAS FOR CUSTOMER-REMOVAL AND
| TIME-CONTRACTION ALGORITHM (M/D/1 QUEUE) |
{
TA /.\/N Y 5"1 /V‘,'ﬁ—
s e R, Sy ém,. ° br ¢ by 1. O
4 oD 2D oD 2D |
QA [P DA oA
10} 1.6 210 ) 8.7 %107 8.8 2 1072 ] 6.8 % 107"
48 w0l 16x10?] 2.9 %107 7.8 w03} 1.9 x W02
ks a0l 4.7 = 104 2.9 % 10°° 28 x 103} 2.3 x 10
10 1.2 107} 1.7 x 1072 T T
4l el s3xi03) saxt? |[Box1073] 5.7 21077
1000 | 5.0 x10° 3| 1.9 x 1073 2.8 x10°3| 1.8x10°
1wl 30 2102F 2.4x10° [-3.0x10°) 2.3x 107
sl wel-aax10?] 9.8x10% |-1.2x10°2%] 9.2x 1077
LB 1000 | -9.0 x 1074 | 3.5x10% |-1.4x103| 3.3x 107
wi -
¢
E 101-1.7x101] 2.8x102% |-1.8x10!| 2.8 x 1072
2l welisacio=l 16 =10° J<E 702 Lex 10"
1000 | 3.2 x 1074 6.3 x 10™° d w1 6.2 x 103

158




|
J

2
E(6S |tel, , Queueing Record) = x + N {3.8)
k 2 Ik
N-1
Using the fact that TE ~ Nx =& 7 Ik for p - 0 and substituting
k=1

(3.7) and (3.8) into (2.5) and (2.6) to form the delay gradient

estimator, we obtain the following expression for D&N):

@l L2

D! ~ x + (3.9)

x
+
AT
\]
-

If we let p approach zero, we can make the probability that

N-1
z Ik is greater than any given number converging to 1 (since
k=1

i? = %). Hence, in the limit as p - 0 the second term in (3.9)

Z =

yields a zero contribution and ﬁ&N) ~ x. Therefore, not only is

i the customer-addition algorithm unbiased as p - 0, but Var I“)zN)"‘O

3 X

for p - 0.

Since as seen in Eqs. (2.123) and (2.242), the customer-
removal and time-contraction algorithms have a similar structure,
we can examine the behavior of both concurrently for p - 0. As

p= 0, Mi ~ 1 and each customer has a zero waiting time. Z; and

Pi in Eqs. (2.123) and (2.242) become zero, and both estimators

assume the following form:
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(3.10)

DNy ~ N

x{J) denotes the service requirement of the first customer in the
g

s . o b

j-th busy period. Hence, for p - 0 EDE zN)~7F’ i

where 02 denotes the variance of the service time density. Since

b
from Eq. (2.24) it follows that %%\ = x for a general single-
p=0
server queue, the customer-addition and time-contraction algor-

N) " x and Var D

ithms will be unbiased near p =0, but the estimators will have a
2

variance ob/N. Hence, since D 0 for an M/D/1 queue, we expect

graphs 3.2 and 3.3 of the fractional rms error to pass through

the origin.

Before examining the robustness of the time-contraction and
customer-removal algorithms, we review the theoretical relations
for the delay gradient in the case of M/G/1 and G/M/1 queues.
Employing (2.130) for Dc in Eq. (2.22), we obtain the following

relation for an M/G/1 queue:

2
o L+ C) RN
o ol T B Qo =p )i (3.11)
oA 2 2
(1-p)
where
4
2 b
¢y, & =2 - (3.12)

= 0, while for an M/M/1 queue C. = 1.

160 :
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In a G/M/1 queue we have a general inter-arrival time density
A(x) with one-sided Laplace transform A*(s), and an exponentially
distributed service requirement with parameter u. The waiting

time W is specified by

| i
i " (3.13)

where o solves the nonlinear equation

o= A* (p = po) . 5 (3.14)
D<o <1l

Applying Eq. (2.24), we find the delay gradient is given by

[

- X g b oo 8
5 [1 & e ] (3.15)

%% is determined by expressing (3.14) as a relation between p and

g, differentiating both sides with respect to p, and solving for

felod
op

The two examples of G/M/1 systems that we use are D/M/1 and

U/M/1. TFor a D/M/1 queue the arrivals are periodic. A(x) and

A*(s) are given by
AG) = 8(x = %) (3.16)
By (3.17)
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Relation (3.14) is expressed as

e . (3.18)

Differentiating (3.18) with respect to p we find

2
20 _ o (4no)
dp oinc + (1l-0)

£3.19)

For a U/M/1 queue, the inter-arrival times are uniformly dis-

tributed. A(x) and A*(s) are given by

AG) = 5 (U160 - U (x - D) (3.20)
L —% S)
A*(s) = 7 5 1 -e / (3.21)

Uqﬂx) denotes the unit step function. Relation (3.14) may be

expressed as

L
= [o]
o wRlL - e e (3.22)

Differentiating (3.22) with respect to p we obtain %% as

(82 )
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To construct %% as a function of p for a G/M/1 queue, we
vary p, solving for the appropriate o by employing the fixed-

point iteration method on Eq. (3.14)

o 4y = A*(u - poy) (3.24)

We select some starting 0 < 9 < 1 and apply the above iteration

until 9041 % to the desired accuracy.

Now we examine the robustness properties of the customer-
removal and time-contraction algorithms by comparing their per-
formance for M/M/1, U/M/1, and D/M/1 queues. The simulation
results for the fractional rms error of the two algorithms for
M/M/1, U/M/1, and D/M/1 queues are presented in graphs 3.6 through
3.11, respectively. The results for the relative bias are dis-
played in Tables 3-3 through 3-5. The time-contraction algorithm
performs slightly better than the customer-removal algorithm for
M/M/1 and both perform nearly the same for a U/M/1 queue. The
only dramatic differences occur for the D/M/1 queue. Both the
relative bias and fractional rms error show the time-contraction
algorithm performing better than the customer-removal procedure.
This result is reasonable since for a D/M/1 queue the time-
contraction algorithm simulates a change in arrival rate in the

exact way dictated by the structure of the queue.
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! TABLE 3-3 l

RELATIVE BIAS FOR CUSTOMER-REMOVAL AND
TIME-CONTRACTION ALGORITHM (M/M/1 QUEUE)
~ 6 ——— ~ éa ——-—j
5 ¢ R, bony .c.r./YNs br c. Dny.7.c.”/Ns
¥ 3D 2D 2D )
DA DA DA DA
|
|
| L e -
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| al el tasw?] 24x1e? [ gax1w?] 67z w7
1000 7.2 x1073| 2.5x 1073 8.5 %10 °] 2.4 % 10"
16 Dt e 2w 0T N2 dmae ] 24z 1Bt
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sl snal-a. vt 19 ca0? |38 gi0?] 17 xils
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b 10 | =6.6 1075 | 3.3 x 507 4,5 % 30 0] 3. = 074
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TABLE 3-4

RELATIVE BIAS FOR CUSTOMER-REMOVAL AND
TIME-CONTRACTION ALGORITHM (D/M/1 QUEUE)

~ 0':A . ~ 6'\ oot ot
bc.R. Dny.c.r./VNs br ¢, Doy .r.c./Ns
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1w la06x32 ) 1.5 210% faanx10t] 1.5x 1072
al o ls9xw*) 50510 J-58 x| s.0x10°
1000 [-2.8 1021 Te=x10” }j-1.821071 1.6x 1077
10 123 %10 | 2T =407 l-1.ext0 ) 23z MW" |
3| 100 |-1.0x1071]| 6.0x1073 |-8.1x1073]| 8.2 x 1073 |
<3 -3 -3 3 |
1000 | -9.8 x 10 2.1 x 10 ~2.4 x 10 2.9 x 10 ;
wlaex10t] 26x10% |-z} s4xm> 5
sl 1o0l22x10t] 10212067 Jaax0] 15226
b !
‘5 1000 [-2.1 x 1071 | 4.2x10% [-5.0x1073] s5.2x107° |
r |
S
1wl-a8x102] 3.8x102 |-3.4x210"] & x10
7| wo]-23x101] 1.9x10% [-2.7 21072} 2.2 x 107 h
go00 | ~1.2 x 1072 § 9.4 x 10™° 7.8 x 1072 9.2 x 10”2

171




TABLE 3-5

RELATIVE BIAS FOR CUSTOMER-REMOVAL AND
TIME-CONTRACTION ALGORITHM (U/M/1 QUEUE)

~ o~ — ~ a.A S
£ ! be R, Deny .c.r./VNg b c. Dny.r.c.’’Ns
8 ) oD ) 2D
‘ oA DA DA dA J
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In examining the fractional rms error curves of the
customer-removal and time-contraction algorithms for M/M/1,

U/M/1, and D/M/1 queues, we first note that the behavior of each

algorithm is nearly the same for all three queues when p is near O.

This follows from our demonstration that the estimator correspond-
ing to both algorithms approaches Eq. (3.10) as p - 0. Since

for all our simulations we take x = % = 1, the variance of the
service time density is oi = 1. Hence, our N busy period curve
for the fractional rms error for each algorithm should cross the
axis at approximately-%:. The simulation results show this most
clearly in the curves égr the M/M/1 and U/M/1 queues. The points
derived from the simulation of the D/M/1 queue are more scattered

than those for the other two queues, making the interpretation of

behavior near p = 0 uncertain.

For each queue the performance of the estimation algorithms
deérades steadily with increasing p. Since the queue becomes
non-stationary at p = 1, it is reasonable that the fractional
rms error should become unbounded at p = 1. We can summarize the
performance of the time-contraction and customer-removal pro-
cedures for each queue by listing least upper bounds on the frac-
tional rms error for p in the interval [0,.7]. For the N = 100
and N = 1000 busy period estimators, these least upper bounds

are listed in Table 3-6.
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TABLE 3-6

LEAST UPPER BOUNDS ON FRACTIONAL RMS ERROR FOR pe [0, .7]

N = 1000 N = 100
M/M/1 | D/M/1 | U/M/1 § M/M/1 | D/M/1 | U/M/1

Customer-Removal
Algorithm a2 .25 .20 .56 .46 47

Time-Contraction
Algorithm o U .19 .20 .54 .45 .51

e 45
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We now pose the question of how long the observation period
TE must be to contain an average number of N busy periods and
hence achieve the fractional rms errors reported. A record of
length TE contains an average number of customers ATE. From
queueing theory we can derive an expression for ﬁ, the average
number of customers served/busy period. Hence, XTE/E will be

the average number of busy periods/T_ sec. observation time.

™

Appealing to M/G/1 queueing theory, M is given by Eq. (2.93) and
we can obtain the following condition on TE so the average number

of busy periods contained in the observation period is greater

than or equal to N.

xN
T o p—— 3.25
EZp(l-p) e
We now interpret (3.25) for the case of queues that occur
in computer networks. In this situation, the customers are

messages with a certain number of bits . The service require-

ment is the time needed to transmit the message 4{/c, where c is

the capacity of the communications link in bits/sec. Hence x

is given by

(3.26)

|
I
0 ||

For representative purposes, values of ¢, ¢, and x for the Arpa-

network are listed below
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1000 bits

|
i

50 x 103 bits/sec (3.27)

1
5o Sec-

(¢]
L}

%1
B

If p is unrestricted, (3.25) will require an unbounded observa-
tion time as p is made arbitrarily close to 0 or 1. Hence, we
hypothesize that p is restricted to the interval [.1, .9].
Employing the value in (3.27) for x and letting pe [.1, .9], for
the observation interval TE to contain an average of N busy per-

iods we must have
TE > .222 N. (3.28)

For N = 1000 Eq. (3.28) yields Te 2 222 sec. or T > 3.7 min.

and for N = 100, Tp 2 22.2 sec. or TE > .37 minutes.
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SECTION &
CONCLUSION

Hence, we have three estimation algorithms that appear from
simulation and analytical results to be asymptotically unbiased,
consistent, and asymptotically efficient in the case of an M/D/1
queue. We proved asymptotic unbiasedness for the time-contraction
and customer-addition algorithms in the M/D/1 case. We showed
that the asymptotic bias for the customer-removal algorithm,
expressed as a power series in p, only contains terms of third-
order or higher (for an M/D/1 queue). However, the closeness of
the customer-removal simulation results to those of the time-
contraction algorithm suggest that the customer-removal pro-
cedure is asymptotically unbiased. The consistency and asymp-
totic efficiency of the three algorithms follows from comparing
the fractional rms errors derived from simulating the procedures
on an M/D/1 queue with lower bounds on fractional rms errors
derived from Cramer-Rao bounds on the variance of any unbiased

estimator.

In evaluating the most promising algorithm as far as robust-
ness, computational complexity, and storage requirements, we can
only choose between the customer-removal and time-contraction
algorithms, since the customer-addition algorithm as formulated

is only applicable to queues where all customers have the same

177




L. 9N

service requirement. The customer-removal algorithm requires on

the order of M2 minimization, M2 additions, and M storage loca-

tions to form the quantity & needed to up-date the estimate at
the end of the current bu;y period, where M is the number of cus-
tomers served in the most recent busy period. The time-contraction
algorithm requires eight storage locations and on the order of M
additions. In examining the performance of the two algorithms
for M/D/1, M/M/1, D/M/1, and U/M/1 queues, the only dramatic dif-
ference occurs in the case of a D/M/1 queue, where the customer-
removal algorithm behaves worse as reflected in the size of the
relative bias and the scatter of simulation points for the frac-
tional rms error. Analytical results show that both algorithms
are not asymptotically unbiased for an M/M/1 queue. Hence, our
results suggest the time-contraction algorithm as the best candi-
date since it appears to be at least as robust as the customer-
removal procedure, while having considerably less computational

and storage requirements.

Whatever the estimation procedures we employ, there is a
trade-off between observation time and the accuracy of our estimates

that needs to be investigated further. If we up-date our routing

variables every Tr seconds, it would be dcsirable that our
estimates should converge in approximately % Tr seconds. On the
basis of this criterion, and using the result for the Arpa net

derived in Eq. (3.28), if we up-date our routing variables every

178




Tr = 7.4 minutes, we will obtain estimates with performance at
least as good as the N = 1000 busy period estimator. Equation
(3.28) assumes that p is confined to [.1, .9]. When the link is
very free or very loaded the estimates will not be as accurate.
However, this is ameliorated by the fact that in the loaded case
we will try to take traffic away and in the lightly loaded case
we will try to add additional traffic. 1In the Arpa-network,
delay estimates are exchanged between nodes and new routes may be
determined every % second. Hence, we may not be able to up-date
the routing as often as we like if we expect to do the estima-
tion of the delay gradients with reasonable accuracy. However,
since in a quasi-static procedure the changes in the routing

variables are likely to be small, highly accurate estimates may

be unnecessary.

One possibility for future work is in investigating the

convergence of the quasi-static routing algorithms presented in

Section 1 given that they use estimates, instead of exact values,
for the marginal delays. The most ambitious approach would be

to simulate the entire communication net with queues at each link
and apply the estimation e¢lgorithms and the different 'control™
strategies for adjusting the routing variables. A second approach
might be to approximate the estimates as some random variable we
generate in the computer with a mean and variance derived from
simulation results and see whether the quasi-static routing algor-

ithms still converge to the optimal flow pattern.
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APPENDIX A

VERIFICATION THAT (2.117) IS THE SOLUTION OF
DIFFERENCE EQUATIONS (2.176)

The proof that (2.177) is the solution of the difference
equations specified by (2.176) follows from substituting the
solution into (2.176) and checking for equality. The following
two identities are useful at certain steps in the proof:

k

T (Spe-n = (A.1)
q'=0 9 4

k K '

T (DHDEDYq' =0 (for k > 1) (A.2)
q'=1 9

Formula (A.1) follows from using the binomial representation of
5 / (1-x)k and substituting x = 1. Formula (A.2) comes from similarly

expanding é% (1-x)k and evaluating it at x = 1 for k > 1.

Substituting our expressions for ‘ﬁn) and (ﬁn+1) given by

1 q
(2.177) into Eq. (2.176), cancelling a common factor of xn‘q/(q-l)!

}

that appears on both sides, and making the change of variables

j = n-2-i, we are left with the following relation which we must
prove.

n-q-1 n-q-1 Bt '
3 - (B=2<j) (el)d # —eeloue a3y

@t~ Ly Qe T-g-)! G q(n-q)!

A
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Letting q = n-k, we can recognize the binomial coefficient (jil)’
and multiplying both sides by k! (n-k) we are left with
- ksl 4 :
n - kn = (s )(n-2-3)(n-1)7 + 1. (A.4)
e EL
j=0
Relation (A.4) must be true for k = 0 ... n-1 with n > 1.
By inspection, the relation is true for k=0 and k=1. We prove (A.4)
for k > 1 by matching the coefficients of powers of n on both
sides of the equation. We substitute for (n-1)7 the representa-
tion given by the binomial formula and then change the order of

summation, obtaining the following expression for the right side

of (A.4):
k k-1 " ;
k j j=1+1] ¢
El £ G5¢G T 6D n
=1 | j=t-1 j+H17 3=+l
k-1 | k-1 5 ’
+ 3 et T iemnt . (a.5)
1=0 |[j=¢ IT17J-
The coefficient for nk in (A.5) is given by
k-1
k i _sadokel

The coefficient of nk"1 is given by

k-1 i k-1 :
k 3y oy ik+2 k Joie s
S 2, G0 G O * 2 G G ¢

AR
)3T (245) = -k

(A.7)
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The coefficient of no is obtained by considering the second and

third terms in (A.5).

k-1 .
k ) LI
I, et

Yt 24y + 1 (A.8)

Making the change of variable j =q'-1 and then employing (A.1)
and (A.2), since we consider k > 1, we obtain the following

expression from (A.8):

k . k : k s
g (%)@ +1= £ (DT + $ SHEnIq=o.
q'ul q q'=0 q q'=1 q

(A.9)

The final step in the proof is to show that the coefficients of
nL for £ =1 ... k=2 are zero. From (A.5) the desired coefficient

L.
of n is expressed as

k-1 : : k-1 . =
- To L RIE i I B LR Vi e PR
g : =

(A.10)

Making the change of variables j =q' +4-1, breaking the second

term into two summations, and regrouping the binomial coefficient

terms in one of the new summations, we obtain
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k-4 k-4

r ! .>(q b e TOL UL R e .)(q T (- 1’
q'=0 L"' q|=1 ‘H‘q
k-4
0B BTN L man
q'=1 1

From (A.2), for k=t > 1 or 1 £ ¢ < k-2, we recognize the last
term in (A.11) as zero. Grouping the first two summations in

(A.11) together, we are left with

k-1
k A +L 1 q +L
( ) + '111 (L+q')( b g ¥ g YF 4 n Ly, a2

Now we employ the following identity for binomial coefficients:

m oo . il

Hence, (A.12) becomes

K k-4
)+ B G
L q,=1 1+q

'+L L]
(qq. ye=1)9 . (A.14)
The product of the two binomial coefficients in the summation in
(A.14) may be represented :lternatively as

'+1 k, k=1
Cgr = D (A.15)

(ony)
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Substituting (A.15) into (A.14), adding and subtracting 1 in the |

summation, we are left with

k‘L ]
(12) + (‘;) { z (k-ut)('l)q = 1} c (A.16)
qg'=0 1

But Eq. (A.16) is zero, since by (A.1) the summation inside the

brackets 1is zero.
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APPENDIX B

CALCULATION OF E§\3, E;\a, EZ\A FOR AN M/D/1 QUEUE

We outline here the calculation of E;\3, E;\A, and EZ\A.

C1

3 is given by

C; = min {x,z]}, (B.1)

where

z = min {u&,uh} . (B.2)

The joint density of w and Wy conditioned on M=3 is as follows:

p(uy, g IM=3) = —25

3x

0 <w=x E

0<wg<x+uy (B.3)
Hence, the distribution function of z is i

2 X x-+u?

FZ\M=3(T) 1 - o5 f i) dwyday, - (B.4)

0<T<x o Ay ]
Differentiating (B.4) with respect to 7 we obtain

P (1) = =25 (2x-1) (B.5)

z |M=3 3 2 g :
X
0<t1<£x
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. =1} :
Since Fz\M-3(x) 1, by (2.168) C3\3 is computed as

X

=3 y 4
C3\3 k| TPz\M=3(T) dr g X (B.€)

=1
We next consider the calculation of C3\4. C; and the

appropriate z are defined in (B.l) and (B.2). The joint density

of (ub’“h) conditioned on M=4 is specified by (2.169) as

X'+ah
p(u&,uB\M=4) = ;25 [ dwy, . (B.7)
x —
0 <w <x W=

0 ﬁ_ab < xi-wz

The distribution function of z is found as

x+w
3 X 2

- e e R e R S R
0<Tt<x b S

(B.8)

Differentiating (B.8) with respect to T, PZ‘M=4(T) is given by

Pz\M=4(T) = —23 [% X" + xr - 72] . (B.9)

8x
vErER

Noting again that F, . ,(x) = 1, by (2.168) E;\a is caleulated as
X

E%\& = I ! TPZ\M_4(T) dr = % X . (B.10)
T=
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Our final calculation is of Ei\4. Cz is defined by
1 A
Ca = min {x,z}, (B.11)
where
z = min [a&,w ’“Z} : (B.12)

From the joint density of (u?,w3,uz) conditioned on M=4 given in

(2.190), we express the distribution function of z as

X x+u.)2 x+<.«33

3
Foumg(®) =1 -3 I ) i dw, dwsday - (B.13)

0<rt<x Wy=T  WyST W =T

Differentiating (B.13) with respect to 7, we obtain

G TR S i
Pz\M=4(T) 8x3 [4x 3xT + 5 T [ (B.14)

D<T<x

Since FZ\M=4(X) =1, by (2.168) E&\A is computed as

Chle = [ 7B,y (7) d7 = g5 X (B.15)
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