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Abstract

Queue inference is a method of utilizing service-time data, available from ATM’s,
point-of-sale terminals, and other sources of transactional data, in order to estimate
queue parameters. Three basic limitations to the standard method of queue infer-
ence are: the statistics generated by the algorithm may not be extensive enough;
the running time for the algorithm is too long for large congestion periods or real-
time applications; and the algorithm fails to take advantage of partial queue-length
information which may be available. This thesis addresses these three limitations,
presenting several new results in the area, which expand the utility and applicability
of the method.

First, two theorems are presented, which pertain to the density function for the
arrival time of the k-th customer out of the N customers who must wait in queue
during a given congestion period. These theorems are used to find an algorithm which
generates all N of these density functions in O(N?) time. The density function for
the arrival time of a random (unordered) customer is also found, as are the density
functions for the queue waiting time of the k-th customer, or a random customer,
assuming a first-come-first-served queueing discipline. An airline industry application
for using these density functions is presented in some detail.

Second, several alternative algorithms are found which give bounds and approx-
imations to the expected cumulative number of arrivals to the queue as a function
of time, a function which, as generated by the original algorithm, is concave and
piecewise-linear. Specifically, first a simple lower bound is found, which takes advan-
tage of the concavity of the function. Then an upper bound is found, which approxi-
mates ail of the ordered arrival-time densities as being truncated uniforms. Finally, an
approximation is presented, which uses trapezoidal functions as approximations for
these densities. Although none of these performs well by itself, computational results
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show that combinations of some of these algorithms give queue-length estimates very
close to that of the original algorithm. Next, modification of the set of conditioning
inequalities which are used to calculate the arrival-time probabilities (the probability
that the k-th customer arrives before the z-th service completion) in the original algo-
rithm, is considered. A general theorem is proved which describes how the arrival-time
probabilities are changed when the conditioning inequalities are modified. This theo-
rem is used to find two more lower-bound algorithms: the first of these only includes a
subset of the conditioning inequalities when calculating the arrival-time probabilities;
the second considers adding the constraint that the maximum queue length over the
duration of the congestion period be below some specified threshold. Sample runs of
all of these algorithms are provided to demonstrate typical performance and reduced
runtimes.

Third, the incorporation of partial queue-length information into the estimates of
queue length is considered in two cases. First, in the case that the queue length actu-
ally did not exceed some specified value during a given congestion period, the lower
bound algorithm described above may be used to give better queue-length estimates
in less running time. Second, if the times of all (M — 1)-to-M and M-to-(M — 1)
queue-length transitions are known, then that exact information allows partitioning
of the congestion period and separate analysis of the partitions, giving faster runtimes
and better estimates. Sample runs of these algorithms are also provided.

Finally, practical applications for this work are summarized, and suggestions for
future work, especially in the areas of heuristics and statistical analysis, are pre-
sented.

Thesis Supervisor: Richard C. Larson
Title: Professor of Electrical Engineering and Computer Science
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Chapter 1

Background and Motivation

The quantity of data available to operations analysts has been burgeoning over the
past decade, due in large part to the advent and growing omnipresence of comput-
ers. Finding ways to utilize these data to improve customer service and to optimize
manufacturing and other operations is one of the current challenges for operations
managers. One familiar example of such data streams is given by those generated by
Automatic Teller Machines (ATM’s), which currently record the times of all ATM
card insertions (service commencement times) and card removals (service completion
times). However, until recently, there was no way to estimate the queue lengths
behind the ATM’s from the service time data.

In 1990, Larson introduced the Queue Inference Engine (QIE) [Lars 90], an algo-
rithm which uses these service-time data to generate estimates of queue parameters
during a congestion period. (A congestion period occurs when all servers are busy,
and service completions are followed almost immediately by service commencements.)
After some pre-processing of the data to determine when the system is in a conges-
tion period, the QIE operates on a single congestion period to calculate estimates of
the queue length as a function of time, the time-averaged queue length, the expected
wait in queue, and the probability distribution of queue length as experienced by
a randomly-arriving customer. With these estimates, the bank may decide to add

ATM’s to or remove ATM’s from an over-utilized or under-utilized site, respectively.
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Potential applications of transactional data analysis algorithms, like the QIE al-
gorithm, abound in industries other than the banking example cited. Airports, urban
transportation, hotels, fast-food restaurants, supermarkets, and telecommunications
are all areas in which huge amounts of data are being, or could be, collected. How-

ever, in many of these applications, implementation of the QIE algorithm may not

be practical or desirable.

First, there may be a desire to use different, more extensive performance measures
than those generated by the QIE. For example, the QIE generates only the expected
wait in queue for a random customer during a congestion period. But some industries
may wish to perform off-line analyses of customer arrival times, in order to generate
arrival-time distributions for future customer service staffing. Others may wish to
use performance measures other than expected waiting time, such as the probability
that any customer, or some specific customer, had to wait longer than five minutes in

queue (see the paper by Jones and Larson [Jone 91] for an approach to this problem).

Second, when congestion periods are large or analysis needs to be near real-time,
there is a need for faster algorithms. In some cases, congestion periods may be enor-
mous: the Citibank ATM’s located at City Hall in New York City routinely have
lunchtime congestion periods of hundreds of people [Lars 92]. The QIE algorithm
has a computational complexity of O(N?) where N is the number of customers who
waited in queue during the given congestion period (this was demonstrated both by
Larson—see [Lars 91], and by Bertsimas and Servi, in a multidimensional integration
approach—see [Bert 91]). Running the full O(N3) QIE algorithm on such a large
congestion period would be impossible in any sort of desktop or real-time environ-
ment, so that some kinds of approximation techniques are called for. Daley and
Servi have begun to address this need through the development of an O(N?(ln N))
algorithm that can approximate the QIE calculations with any prespecified level of
precision [Dale 91]. However, even this algorithm may be overly cumbersome for

some instances. For example, the banking industry (and potentially others, includ-
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ing the supermarket industry) would like to have near real-time analysis available at
their ATM sites, so that decisions could be made to switch some ATM’s from being
full-service to being “express” machines for cash advances only. In this real-time

application, some very simple and fast approximation techniques are called for.

Finally, in some environments, additional data which provide partial queue-length
information are also available to the analyst. The current QIE algorithm has no way
to take advantage of these data. Customer-tracking technologies (pressure-sensitive
mats, ultrasonic detectors, etc.) are currently under development and in use in some
industries. These can provide information as to whether a queue exists or not, or
whether some finite waiting-room capacity has been exceeded. This information can
be used to supplement the transactional data upon which the QIE operates. Algo-
rithms which take advantage of these data to provide more accurate queue-length

estimates, as well as faster runtimes, are needed, especially when large congestion

periods are to be analyzed.

This thesis addresses all of these needs in the following ways. First, we provide
an algorithm to determine the exact density functions for both the ordered arrivals
and the unordered arrivals in a congestion period. These functions can then be used
to provide more extensive estimates of other queue quantities of interest, such as the
density of the wait in queue either for a random arrival or for the k-th person to
arrive during the congestion period, and the tail probabilities, i.e., the probability
that a random arrival waited more than ¢ minutes in queue during a given congestion
period. Second, we provide several alternative algorithms which give bounds and
approximations to the QIE’s exact estimate of the time-dependent number of cus-
tomers in queue. These algorithms typically run in O(N) or O(N?) time; and some
of them are much less complex than the exact QIE, so provide a realistic option when
computing time is a constraint. Finally, we consider an environment in which partial
queue-length information is available and develop algorithms to take advantage of

the additional information. These algorithms typically give better estimates of the
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quantities calculated by the exact QIE and also run in less time.

The problem of queueing inference is relatively new, so there is not a lot of litera-
ture directed to this specific area. The work that has been done in the area over the
last five years has been based on three approaches, all of which are rooted in familiar
and standard mathematical techniques. The approach taken by Larson (see [Lars 90],
[Lars 91]) and by mu.ch of this thesis is one based on order statistics (see [Barl 72] or
[Davi 81]). A second approach, taken by Bertsimas and Servi (see [Bert 91]) and also
taken in Chapter 3 of this thesis, is based on multidimensional integration. Finally,
a third approach, taken by Daley and Servi (see [Dale 91]), is based on the theory
of Markov chains with taboo probabilities, in which specified states of the chain are

disallowed at certain times during the process (see [Chun 60]).

After this introduction, the thesis continues in Chapter 2 with an overview of
how the original QIE algorithm works, what assumptions it is based upon, and what
specific statistics it provides the user. Also covered in Chapter 2 is much of the basic
notation that is used in the thesis. Although there is significant overlap with the
notation used in [Lars 90], there are also some departures, which should be noted. At

the end of Chapter 2, an example of a typical QIE run is provided.

In Chapter 3, a deeper look into the arrival-time and waiting-time densities, both
for the k-th customer and for a random customer in a congestion period, is under-
taken. Simple examples of congestion periods with N = 2 and N = 3 are presented
to motivate the subsequent generalizations to N customers. Two theorems, which es-
tablish the polynomial nature of the ordered arrival-time densities, are proved. Then,
a general algorithm, to find the probability density function for the arrival-time of the
k-th customer to arrive during an N-customer congestion period, is derived. This al-
gorithm provides all of the arrival-time densities in O(/V*) time. The density function
for the arrival-time of a random (unordered) customer is then found. The densities
for the queue waiting times, both for ordered and unordered customers, are easily

found as a byproduct of the arrival-time densities, under the assumption of a first-
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come-first-served queue. Finally, an interesting application for these types of densities

from the airline industry is presented in some detail.

Chapter 4 begins to explore the issue of bounds and approximations to the original
QIE algorithm. As its primary output, the original algorithm generates the expected
cumulative number of arrivals to the system, as a function of time, a function which
was shown in [Lars 90] to be concave and piecewise-linear. Hence, first we find a
simple lower bound to this function, based on its concavity, which is easily demon-
strated to be a lower bound and to be concave. Next, we find an upper bound to the
function, based on approximating the ordered arrival-time densities by uniform den-
sities. This is also demonstrated to be an upper bound and to be concave. Then, we
find an approximation to the function, which is based on approximating the ordered
arrival-time densities by trapezoidal densities. This is demonstrated to be neither an
upper nor lower bound, nor a concave nor convex function. However, it is demon-
strated to be a lower bound to the uniform upper bound. Finally, computational
results are presented from simulation runs, which look at typical output from these
algorithms. We also look at output which combines weighted components of pairs of
these algorithms to see how these combinations perform in approximating the exact
QIE.

Chapter 5 introduces a more general way of framing the problem presented by
the original QIE algorithm, which is how to calculate arrival-time probabilities (the
probabilities that the k-th customer arrives before the z-th service completion) under
a set of very specific conditioning inequalities. In this chapter, the set of conditioning
inequalities is greatly generalized. First, the motivation for changing the conditioning
inequalities is presented. Next, a theorem is proved, which provides the means to
construct a set of stochastically dominant lower bounds to the function generated by
the QIE. Finally, a generalized algorithm is derived, which allows calculation of the

arrival-time probabilities under (almost) any set of conditioning inequalities.

Chapter 6 takes the generalized algorithm which was found at the end of Chapter
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5 and specializes it to two cases, both of which result ir lower bounds to the original
QIE algorithm. In the first case, we consider simply omitting some of the conditioning
inequalities in calculation of the arrival-time probabilities. We look at sample runs of
two implementations of this lower bound algorithm, which is considerably faster than
the original QIE. We then consider a second approach: namely, adding the constraint
that the maximum queue length during the given congestion period remain below
some threshold. This allows us to neglect large-queue events in calculation of the
arrival-time probabilities and hence saves computation time. Of course, in the case
that we actually know that the queue length did not exceed the given value, the
algorithm actually gives better queue estimates than the original QIE algorithm,
which does not take advantage of this information. We also present sample runs for

this lower bound algorithm.

The notion that we might know that some maximum queue length was not ex-
ceeded during a congestion period leads to the ideas presented in Chapter 7: namely,
that partial queue-length information can improve estimates and simultaneously re-
duce runtimes. Specifically, we consider a congestion period in which we know the
times of all (M —1)-to-M and all M-to-(M —1) queue-length transitions. In this case,
since we have perfect information as to the state of the system at these instants, we
may partition the congestion period and analyze the partitions separately. We present
an even more general algorithm which allows calculation of arrival-time probabilities,
even when the system does not start empty, and when there is a different number of
arrivals than departures during some partition. We also show how to reconstruct all
of the queue statistics of interest from these partition analyses. Finally, we present
sample runs which demonstrate the reduced runtimes and improved accuracies of the

partition analysis over the original QIE analysis.

In Chapter 8, we summarize the results of the thesis and the practical applications
of the work. We describe work that still remains to be done, both direct extensions of

this thesis, mostly in the areas of heuristics and statistical analysis, and more general
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ideas that need to be explored. We continue now with a review of the original QIE

algorithm and an introduction to notation.






Chapter 2

Review of the QIE Algorithm and

Notation

In this chapter, we review the basic QIE algorithm. We use some of the same notation
as that used in [Lars 90], but we have also adapted some new notation where we
believe that it clarifies concepts. Hence, as we review the QIE, we also review notation
and introduce any modifications.

As already mentioned, the QIE algorithm operates on a single congestion period.
Therefore, one issue that arises when dealing with real data is how to determine when
the system is in congestion. It is possible to have “gaps” between service completions
and the following service commencement, even when all servers are busy, due to such
things as time to walk to the next available machine, time to put one’s ATM card back
in one’s wallet, etc. Hence, some preprocessing of the data is required, before the QIE
is utilized, to determine exactly when the congestions periods are. Techniques that are
employed include: having a set cutoff time for gap lengths within congestion periods;
making probabilistic decisions as to whether a gap indicates the end of a congestion
period; using historical data for that ATM at that time of day to perform a Bayesian
analysis on the gaps; and using partial queue-length information (queue/no queue)

to supplement the decision process (this is discussed briefly in Chapter 8). We now
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continue with a description of the QIE algorithm.

The QIE model assumes Poisson arrivals to a queueing system, which may com-
prise a single, multiple, or changing number of servers. The Poisson arrival rate, A, is
assumed to be constant over the duration of a single congestion period. The service
distribution may be completely general, the only assumption being that whenever a
server becomes available and a queue exists, that server will be utilized immediately
by one of the waiting customers. The data that are provided to the QIE include
N, the total number of customers who waited in queue during a given congestion
period; %o, the start time of the congestion period, when the last idle server becomes
busy, which here we assume to be 0; and t = (#;,%2,...,tx), the times of service
commencement for the queued customers. (We assume {5 < ¢; < --- < ty.) Note
that ¢1,¢ts,...,tNy may also be thought of as service completion or departure times,
but, because we allow multiple servers, the customers who depart at these times may
or may not be different from customers 1 through N. (Certainly the departure at ¢,
cannot be one of these N customers.) For example, in an M/M/s queue with 1000
servers and a 10-customer congestion period, it is quite unlikely that any of the 10
departures during the congestion period would correspond to customers who had just

arrived during that congestion period.

Customer 1 is the first customer to arrive and find all servers busy. Customer
N is the last customer to commence service immediately after a departure: i.e., the
departure at {y4; creates an idle server. So the period during which all servers are
busy is actually [0,¢n4+1]. However, because we know that a server was made idle
at ty41, we also know that there must have been exactly zero arrivals to the system
during the interval (¢y,fn41]. Therefore, the interval of interest, during which there
is some uncertainty as to when arrivals occurred, is the interval (0,¢y]; and this is
the interval which is analyzed by the QIE algorithm (see Figure 2.1). It is also the
only time during the congestion period during which it is possible to have a positive

queue length.
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Last idle server becomes busy

—+1t; First queued customer enters service

Interval
of << 13 Second queued customer enters service

Interest

—+t3 Third queued customer enters service

—~--t, Fourth queued customer enters service
] .

|

|

Zero
Arrivals
—t5 Departure creates an idle server

Figure 2.1: Congestion Period Description When N = 4

A(t) denotes the counting process (see [Ross 83] for the formal definition of a
counting process) which represents the cumulative number of arrivals to the system
over the time period (0,¢], where ¢t < {x5. Here, we do not include the arrival that
initiated the congestion period in A(t), since we know with certainty when that arrival
occurred. Also, we define A(0) = 0. The key attribute of a counting process which
we will use is that for s < ¢, we also have that A(s) < A(t). We also let A(%y,1t2)
denote the cumulative number of arrivals to the system over the time period (%,,%,),
where t; < t,. Finally, Q(t) denotes the number of customers in queue at time ¢. The
unordered arrival times of customers 1 to N are denoted by U;,Us,...,Unx. When
these arrival times are ordered, they are denoted by X;, X,,..., Xy, rather than
the more standard Uj;), etc. Note that both the U’s and the X’s are unobserved

quantities, while N and the ¢;’s are observed quantities.

If we let D(t) represent the cumulative number of departures which have occurred

during a congestion period, then we have that

Q1) = A(t) - D(2) (2.1)
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Also, we adopt the following convention:

D(t) = i, ti<t<ti, i=0,1,...,N—1 (2.2)
D(ty) = N

= Q) = Q) -1
At) = i, Xi<t<Xip, i=0,1,...,N—1

Alt) = N, Xy<t<iy

= QX) = QX7)+1

that is, the functions A, D, and Q are all right-continuous functions [Rudi 76). Figure
2.2 depicts a congestion pericd with N = 12 queued customers and shows the rela-
tionship between the three functions. This figure does not depict the right-continuous
nature of the three functions: were it to do so, the horizontal line segments in the
figure would have closed (filled) left endpoints and open right endpoints.

In order for customers 1 through N to comprise a congestion period, it must be
the case that X; < #;, X < #y,..., XN < tn. Otherwise, if the i-th arrival after
all servers became busy occurred after ¢;, then a server would have been made idle
at time ¢t = t;, and the congestion period would have ended. Note that the above
condition required for the congestion period to continue may also be represented by
A(t)) =2 1,A(tz) > 2,...,A(ty) > N. When we combine these conditions with the
boundary conditions of the process, i.e. A(0) =0and A(txy) = N, we get the following

set of events which all must occur:

0 < Alty) < 0

1 < Aty) < N

2 < A(t;) £ N (2.3)
N < Alty) £ N

In order to get a more compact notation for this set of events, we make the following
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Figure 2.2: A(t), D(t), and Q(t) for a Congestion Period with N = 12
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general definition:

E8(t) = ﬁ{lj < A(t) < uj)

i=0

where B is a general set of lower and upper bounds on the A(t;)’s, given by:
B = {lo, 11, 1y,...,In,u0,u1, uz,...,un} (2.4)

So, by defining the set S to be the standard set of bounds on the A(t;)’s, i.e.
s=1{0,1,2,...,N,0,N,N,...,N} (2.5)

then £5(t) represents all of the information that we are given about the system during

a given congestion period. We also define £2V(t) to be the boundary conditions for

the process, i.e.

E9N(t) = {A(to) = 0} {A(tn) = N}
The quantities calculated by the QIE include:

o E[A(2)|E5(t)], the expected cumulative number of arrivals to the system, up to

and including time ¢, conditioned on £5(t);

o E[Q(t)|E5(t)], the expected number of customers in queue at time ¢, also con-

ditional on £5(t);
o E[Lg|E5(t)], the time-averaged queue length over a congestion period;
o E[W,|E5(t)], the expected wait in queue over a congestion period;

o II[k|€5(t)], the probability that a random arriving customer finds & customers
in queue (k=0,1,...,N —1);

e and E[¢g|E5(t)], the expected queue length experienced by a random arriving

customer.
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(Note that the PASTA result [Wolf 82] would, in the case of Poisson arrivals, tell
us that E[Lg] = E[fg]: however, the conditioning information in £5(t) effectively
negates the Poisson arrival assumption.) All of these quantities may be calculated as

functions of the following quantities:
Bri(t) = Pr[Xi < t]E5(t)]
= Pr[A(t;) > k|ES(t)), k=1,2,...,N, i=1,2,...,N

Note that Bii(t) =1 for k < i. We now describe the method for calculating the

other values for B;(t). First, we need the following two definitions:

E55i(t) = h{lj < A(Y) < uj} (26)
£52i(t) = ﬁ{lj < A(t) < uj} (2.7)

j=i
where the /;’s and u;’s are assumed to come from the set S. Now we may begin:
Bri(t) = Pr[Alt:) > k|E5(t)]
= Pr[A(t) > k + 1|E5(t)] + Pr[A(t;) = k|ES(L)]

Recognizing the first term above as B(i41),i(t) when k£ < N and zero when k = N, we
get that:
Bri(t) ﬂ(k+1),i(t) + Pr[A(tf) = k,f:s(t)], k=0,1,...,N -1
k" =
Pr[A(t;) = k|ES(t))], k=N
So clearly the term of interest to calculate is Pr[A(t;) = k|E5(t)], which we do as

follows:
Pr[ES(t)|A(t;) = k,EON(t)] x Pr[A(t;) = leO’N(t)]
Pr[£5(t)|E%N ()]
1

= Pr[gs(t)lgo’N(t)] {Pr[gssi(t)lA(tg) = [g’gO,N(t)]

x Pr{E52i(t)| A(t:) = k,£°V(t)] x Pr{A(t:) = k|E®V(t)]}

_ &N:r(t) {&k,-(t) X fii(t) X (],:,) (tt_,:,)k (tNt; ti)N—k}

Pr[A(t;) = k|ES(t)] =
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Note that we may break up Pr[€5(t)|A(t;) = k, EOV(t)] into dui(t) X fki(t), because,
given the value of A(%;), events prior to t; are conditionally independent of events
subsequent to t;. The last term in the braces above is due to the fact that the
number of arrivals by time ¢ in a Poisson process that started at time ¢ = 0 and had
N arrivals by time ¢y is a binomial random variable with “p” equal to t—f; In the
above, we have used the following definitions for Gu:(t) and 7j(t):

Gu(t) = PrlESSi(t)|A(t) = k, £2N(t)] (2.8)
Hki(t) = Pr[E52(t)|A(t;) = k,EON(t)] (2.9)

Note that:
PrlE3(t)|E%N(t)] = Pr€5SN(e)|E*V(t)] = awn(t)
= Pr[£32°(t)[E*N(t)] = loo(t)
The next task is to determine the values in the @-matrix for : = 1,2,..., N and

for k=1,2,...,N. First, it should be obvious that:

an(t) = Pr[55(t)|A(L) =k, EON(t)] = 1, k=1,2,...,N
a(t) = 0, k=12,...,i-1, i=2,3,...,N—1

We also define é4n(t) =0for £k =1,2,..., N — 1. Now consider the following:

ani(t) = PrESSi(E)A(L) = K, EN(t)]
= kf PrE5<1(t),i < A(t) < N, A(tioy, ) = jIA(t) = &, EON(8)]
= Z Pr{ESSN (4) Atior, 1) = 5, A(t) = k, E°N(t)]
x Pr{A(ti1, 1) = jlA(t:) = k,EON(t)]
= 3 PSS At = k5, V(1)
1=0

X Pr[A(t;_l, t;) = JIA(tt) = k') gO‘N(t)]

k—-t41 k~1 7

~ kY (tiaa\"7 (ti—tiq’

= D G- -1)(t) X ( ) (T ) (——-—t, ) :
J 1 1

=0

k=i4i+1,....N, i=2,3,...,.N (2.10)
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So we first fill in the first column of the matrix with ones and the upper half of the
matrix with zeroes; then we proceed to the second column, and the third column,

etc., each time calculating the unknown values using the values from the previous

column.

Next, we must determine the values in the 7j-matrix for : = 0,1,..., N — 1 and

for k=0,1,...,N. Again, it should be obvious that:

ini(t) = Pr[€52i(t)|A(t;) = N,EON(t)] =1, i=1,2,...,N—1

0, k=0,1,...,N-2
1, k=N-1

i(t) = 0, k=0,1,...,i—-1, i=1,2,...,N =2

v-1(t) = Pr€52V1(8)|A(tn-1) = k, EXN(t)] ={

We also define 7j,0(t) = 0 for £ =1,2,..., N. Now consider the following:

Mi(t) = Pr[E52¢(t)|A(t) =k, EON(t)]
N-k
= ¥ PrlE2¥(t),i < A(t) S N, Alti tiva) = J1A(1:) = k,E9N (1))
= gPr[852‘+1(t)|A(tg,t.-+1) = j, A(t;) = k,EON(t)]

j=0

x Pr[A(t;, tivr) = jlA(t:) = k,EON(t)]
= %—:k Pr[E527(t)| A(ti1) = k + 7, €27 (t))

3=0

X Pr[A(ti’ ti+1) = jIA(ti) =k, gO,N(t)]

N=k j N—k—j
_ — N~k (tins ‘t:‘)J (tN —ti+1) g
B ,-Z:o Tearsn(t) x ( J ) (tN -1 tn — 1 ’
k=ii+1,...,N—1,i=12...,N—2, and k=0,i=0  (2.11)

So we first fill in the last column and bottom row of the matrix with zeroes and ones
as specified above; and the upper half of the matrix with zeroes. Then we proceed to
the second-to-last column, and the third-to-last column, etc., each time calculating
the unknown values using the values from the column to the right.

We now present the following definitions, which make all of the above equations
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simpler and follow exactly the equations given in [Lars 90]:
ti

ault) = &(t) x (;;)k

) = aw(e)x (224)

With these definitions, we have the following for the definitions of the a-matrix:

k
a(t) = (t%) . kE=1,2,...,N

ar(t) = 0, k=1,2,...,¢-1, 1=2,3,...,N

k—i41 y
k) /ti—ti-a\’
aii(t) = Z Q‘(k-j),(i—l)(t)x (]) ('—'——t 1) s

=0 N

k=2i+1,...,N, i=23,...,N
The n-matrix is defined by the following:
7)N,'(t) = 1, i=1,2,...,N—-1
0, k=01,...,N-2
Me(N-1)(t) = —tn-
k(N-1)(t) ty—tva vy
in

mit) = 0, k=0,1,....i—1,i=1,2,...,N—2

and k=1,2,...,.N-1,:=0
N—k ;
N—k\ [t =\’
Mi(t) = D nresyen(t) x . (‘—ﬂ——) ,
7=0 J tN
k=ii+1,...,N—-1,i=1,2,....N—2, and k=0, i=0
Finally, we have for the S-matrix:
Bi(t) = 1, k=1,2,...,4,:=1,2,...,N
Bni(t) = PrlA(t:) = NIES(t)]
ani(t)ini(t) (_tL)N
ann(t) tn
ani(t) .
SN i=1,2,...,N—1
ann(t)’
Bu(t) = Buani®) + ——{ [V ) awi(tym(t)
ki (k-l'l),t aNN(t) k ki Mki 9
k=i+1,i+2...,N—=1,i=1,2,...,N —2

Il
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Hence, we begin by filling in the upper right triangle of the S-matrix with ones; then
we calculate the bottom row of the matrix; finally we calculate each column, from
the bottom up, by a multiplication of elements from the a-matrix and the p-matrix,
which we then add to the element of the B-matrix just below the one being calculated.

The method just presented for calculating the values in the -matrix is very similar
to that presented in [Lars 90|, except that here the derivations are in terms of the
quantity A(%;), while in [Lars 90], they are in terms of the quantity X;. We will be
focussing on the quantity A(#;) in much of what is to come: hence, the presentation
here in those terms.

Finally, we review the method by which the queue statistics are calculated from
the Bii(t)’s. The quantities that we will deal with the most are E[A(t)|€5(t)] and
E[Q()|€5(t)]. Many of the approximations and bounds in the later chapters of the
thesis are found in terms of E[A(t)|€%(t)], but most of the figures that we present are
comparisons of E[Q(¢)|£5(t)]. Note that we may find E[Q(2)|€5(t)] from E[A(t)|E5(t)]

as follows (see Equations 2.1 and 2.2):

Q) = A(t)—i, t;<t<ti, i=0,1,... N—1 (2.12)

Q(tn) = 0
= E[Q(1)|E5(t)] = E[AQ)IES(t)] —i, t;<t<tiy, i=0,1,....N—1

We know that E[A(to)|€°(t)] = 0 and that E[A(ty)|E5(t)] = N. Further, Larson
showed that E[A(t)|€°(t)] is a concave, piecewise-linear function, with breakpoints
at the t;'s [Lars 90]. Hence, we need only find E[A(#)|E5(t)] fori = 1,2,...,N —1
to determine the entire function. We find E[A(%;)|£5(t)] from the following:

N
E[A)ES(E)] = D Pr{A(t:) > k|ES(t)]

k=1

N
= Y Bu(t), i=1,2...,N-1

. k=1
The quantity E[Lg|E5(t)] is easily found from the following:

E[Lo|E5(t)] = ;1; [ E@iesear



36 CHAPTER 2. REVIEW OF THE QIE ALGORITHM AND NOTATION

N
S (1~ tioa) x 3 {EIQIES(E)] + BlQ(-)IES(®)] + 1}

=1

1
in
We also have:

E[WeleS(t)] = () ElLole™(t)]

We can find I[k|E5(t)] from the following:
1 N-k-1
OEE®) = S (Buerini(t) = Brianyi(t) + Buwv-n(t)]
j=1
k=0,1,...,N—1

Finally E[¢g|£°(t)] is found from:

N-1

Efto|€°(t)] = kf__: k x TI[K|E5(t)]

For details of any of the above derivations, see [Lars 90].

Figure 2.3 depicts both E[A(2)|€5(t)] and E[Q(2)|€5(t)] for a congestion period
with N = 10 customers and t-vector as given. Also presented are the #-matrix and
all of the above statistics for this congestion period (II[k|€5(t)] is abbreviated II).

Having now reviewed all of the notation and concepts from the original QIE algo-
rithm which are pertinent to this thesis, we continue with an analysis of the densities

of the ordered and unordered arrival times.
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Number

of Customers = 10

t-vector:

0.1132

1.0000
0.9790
0.4934
0.1557
0.0321
0.0043
0.0004
0.0000
0.0000
0.0000

Expected Cumulative Number of Arrivals By ¢;:

E[Lol€5(t)] = 1.3663

0.1157 0.2185 0.3150 0.4011 0.4248 0.4938 0.6906 0.8936 1.0000

Matrix of the Betas:
1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
0.5159 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
0.1669 0.7504 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
0.0353 0.3820 0.8447 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
0.0048 0.1244 0.5113 0.9235 1.0000 1.0000 1.0000 1.0000 1.0000
0.0004 0.0241 0.1826 0.5457 0.6797 1.0000 1.0000 1.0000 1.0000
0.0000 0.0027 0.0346 0.1577 0.2196 0.4696 1.0000 1.0000 1.0000
0.0000 0.0002 0.0036 0.0242 (.0374 0.1093 0.5230 1.0000 1.0000
0.0000 0.0000 0.0002 0.0016 0.0028 0.0108 0.1494 0.6392 1.0000

Vector of Incidence Probabilities:
IIp = 0.3605 II, =0.3817 II; = 0.1874 II; = 0.0581 II4 = 0.0110

IIs = 0.0012 Ilg = 0.0001 II; = 0.0000 IIg = 0.0000 IIg = 0.0000

t):2.6648 t,:2.7234 t3:4.2838 t,:5.5770 5:6.6528
t6:6.9395 t;:7.5898 tg:8.7424 9:9.6392 t;0:10.0000

Other statistics:

E[Wy|€5(t)] = 0.1366  E[¢g|E5(t)] = 0.9813

Figure 2.3: Queue Statistics for N = 10 Congestion Period






Chapter 3

Arrival and Wait Time Densities

It is usefu! to consider the probability density functions of the times of customer
arrivais over a single congestion period, conditioned on the arrival-time inequalities,
for two primary reasons. First, there are occasions on which we might require more
extensive performance measures than those generated by the #-matrix. An example
of such an application is provided at the end of this chapter. Second, by obtaining
insight into these densities, we may determine some useful ways of approximating
them. We first consider the two specific cases of N = 2 and N = 3, and then we
proceed to make some inferences about the distributions for general N. We describe
a simple way to determine the density function for the time of arrival of the last cus-
tomer in the congestion period, and then we give an O(N?) algorithm to determine
the density functions for all N customers. We briefly describe the density function
for the unordered times of customer arrivals, conditioned on the arrival-time inequal-
ities (without the conditioning, these densities are just uniform over the duration
of the congestion period). Finally, a derivation for waiting time densities under the
assumption of a first-come-first-served (FCFS) queue is presented. At the end of the
chapter, two applications in which these density functions could be utilized directly,

are explored. In Sections 3.1 and 3.2, we normalize the duration of the congestion
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period to be 1 time unit, i.e. we consider departure times t},1),...,ty = 1, where
ti=t/tn, 1=1,2,...,N

Note that this engenders no loss of generality. As mentioned in Chapter 2, we also

define t = 0.

3.1 Congestion Periods with N = 2 Queued Cus-
tomers

It is well-known that without the arrival-time inequality conditions, the joint density
function for X; and X, during a congestion period with N = 2 queued customers is
uniform over the triangular region defined by 0 < X; < X; < 1. Consequently, the

marginal densities for X; and X; are both linear and given by:

f(Xl) = 2—'2X1, 0<X1S1
f(X2) = 2X;, 0<X;<1

When we add the single arrival-time inequality, X; < {;, as a conditioning event,
the region over which the joint density is uniform is reduced to the trapezoidal area
defined by 0 < X; < ¢, X; < Xz <1 (see Figure 3.1). Hence, it is easy to
determine that the marginal densities for X; and X,, given X; < {;, are now as

shown in Figure 3.1, and are given by the following expressions:

2-2X,

X:lX;<t) = —m@M8= X, <t
f(X1]X1 < ty) t1(2-—t1)’ 0<X; <t
z—é—XZt—)a 0< X<ty
falX <) = 4 AUTh
<
53 ti <X, <1

As expected, the conditional density function for Xj is still linearly decreasing, but

truncated (and scaled accordingly) at the value ¢;. The conditional density function
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Xz f(Xa1]X: £ t) f(Xa|X: £ 1)
1 f(X1, Xo| X < ty) =
2
it t(2-1t)
0- — X 0 | X, 0 - X,
0 t 0 131 0 L 1

Figure 3.1: Joint and Marginal Densities for X; and X, Given X; < t;

for X, starts out to be linearly increasing, as before, up to the value of ¢;, and then
becomes constant for values between ¢; and 1. This makes sense: given that X,
occurred between t; and 1, it was the only arrival during that interval, and so its
conditional density function should be uniform. Similarly, given that X, occurred
between 0 and t;, we know it was the maximum of two arrivals over that interval
and so its conditional density is linearly increasing. Finally, the conditional density
for X; may be thought of as a weighted average of a uniform function and a linearly
decreasing (down to 0) function, where the weighting depends on whether X, > t; or
Xz < ty, respectively. (This can be seen clearly by considering the conditional joint
density.)

Note that all o1 the above discussion has depended on knowing the exact value of
t;. But what if that value is not known? It is interesting and instructive to examine
the resulting densities in that case. Consider an M/M/1 queue with a congestion
period of known length and 2 queued customers. Say, however, that the time of
service initiation of the first queued customer, ¢;, is not known. Before we order
the arrivals, then, and before we add the constraint X; < ¢;, we know that during
the time unit of the congestion period, we have exactly three independent Poisson
events from the process which is the combination of the arrival Poisson process and

the service Poisson process. Hence, the joint density function for these three events
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is uniform over the unit cube. Requiring X; < X; and X; < ¢; cuts up the sample

space, but the joint density over that new space is still uniform, with value 3, since
1 1 1
PI’[Xl SXQ,X] St1]=/ dXI/ dXz/ dt1=1/3
0 X1 X1

So we now have a partial ordering on the three events: X; is the minimum of three
Poisson events on the unit time interval; and X, and ¢, are the unordered (among
themselves) second and third of these events. For simplicity of notation in what
follows, we call C the set of conditioning events given by X; < X, and X; < ¢;. When
we also know the value of one of the variables, say X;, we denote our conditions as
C, X.

First note that X, and t; are indistinguishable in terms of their probability densi-
ties: they are both Poisson arrivals over the unit time interval, and both must. occur
after X;. Hence, we may use some of the results discussed previously to determine
other densities of interest. For instance, consider the two marginal densities depicted
in Figure 3.1. The first, f(X1|X1 £ t1), or, in our new notation, f(X;|C,?;) can
also be thought of as representing f(X1|C, X3), for values of X; between 0 and X,.
Similarly, f(X2]C,t;) is the same density as f(¢;|C, X3), and is linear for values of ¢,
between 0 and X3, and then is uniform between X, and 1. It should also be obvious
that f(4|C, X1) = f(X2|C, X;1), and that both of these densities are uniform between
X and 1. (Given the value of X;, we simply have two independent Poisson arrivals
during (X1,1], so they are both uniformly distributed over that interval.) We also
know that if we are given both the values of ¢; and X, then the density for X; will
be uniform over the interval between 0 and the minimum of the two given values.
Finally, we calculate the marginal densities for X; and X, (¢, will have the same
marginal density as X;). The marginal for X; is just the density for the minimum
of three random variables which are independent and uniform over the unit time

interval. This density is given by

f(Xl) = 3(1 —Xl)z, 0< X] <1
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i.e. it is a convex decreasing function of X;. We find f(X;) by the following:

1
f(X],Xg) = ' 3dt1 = 3—3X1, 0<X1_<_X2$1
1

rX.
fx) = | ‘(3-3X)dX; = 3X;—15X2, 0<X,<1

So we find that the marginals for X, and ¢, are concave increasing functions of their

random variables.

3.2 Congestion Periods with N = 3 Queued Cus-
tomers

We now proceed to analyze conpletely a congestion period having three queued cus-
tomers and return to the case in which we know the exact times of service commence-
ment for all customers during the congestion period. This will lead naturally to some
generalizations for NV customers, as well as giving us some ideas of ways to approxi-
mate the densities of the X’s. Again, we first review the densities of the X’s without
the arrival-time inequality conditions. For three independent random variables which
are uniform on the unit time interval, the probability densities for the minimum (X),
the second smallest (X3), and the maximum (X3) of the three random variables are

as follows (these are well-known and easily-derivable results from order statistics):

f(Xl) = 3(1 - XI)Z, 0 < X1 _<_ l
f(XQ) = 6X2(1 - XQ), 0< X2 S 1
f(Xs) = 3X3, 0<X;<1

These densities are depicted in Figure 3.2.

We now proceed to the case in which the arrival-time inequality conditions (which
we denote by £5(t), as defined in Chapter 2) apply and begin by observing that, as
in the case of N = 2, the joint density of the three ordered arrival times, given the

arrival time conditions, is a constant. To find its value, we note that it must be the
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oo K2y K3)

»®; .

HEE S T T

* 1 X ! x2 X3

Figure 3.2: Densities for Xi, X3, and X3

reciprocal of the volume, V, over which £5(t) may occur:

/Ot’dxlf;:d&/;dxs:v

So we find that

1 1-X
s _ 1 _ 2
XXl W) = 5 [ X = =
s 1 rt
IKIEW®] = 7 [0 X)X,
2 2
= flf"[tz"-‘téz"‘Xlﬁ'—X’él:,, 0<X1St1

Not surprisingly, the density for X, is a convex quadratic (just like the density in
the unconditioned case), which is truncated at t; and scaled appropriately. It may
also be thought of as the weighted sum of a convex quadratic, a linearly decreasing
function, and a constant, where the weighting is given by the probability of three,

two, or one arrival respectively in (0, ,].

The density for X, is found as follows:
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FIXE5(t)] = % /0 ) Xy dx,
%/ﬂx’u ~X,)dXy, 0< X<t
_‘17/():1(1 -X2)dX;, t<Xp<t,
S =X3), 0<X <t

1
V(tl -tX32), ti<X2 <t

This density is a concave quadratic for values of X, < ¢,, and it then decreases linearly
for values of X, between ¢, and ;. Again, this makes sense: under the conditioning,
X3 is the second earliest of two or three Poisson arrivals between 0 and ¢, (weighted
sum of a linearly increasing function and a concave quadratic), and it is the minimum

of one or two Poisson arrivals between ¢, and t, (weighted sum of a constant and a

linearly decreasing function).

Finally, we may find the marginal density for X3 as follows:

X
S 1 min(Xz,n) _172' 0 < X2 S tl
f[Xz, Xslg (t)] = "‘/' d 1 =
0 tl
-"/’ Hh1 < Xg S 12
min(X3,t2)
FxlES®] = [T s, XalES (D) dXs
X: X
r/0"7%1)(2, 0<Xs<t
_ t1 X2 X3 tl
= A VdX2+ A VdXz, t1 < X3 <ty
t X, 2 ¢,
| /0 Gt [(Tdke, n<X<1
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Figure 3.3: Densities for X, X;, and X3, Given X; <1, X2 <13,X3 <1

2
(523-) 0< Xs <t

t2
(ths - '21) , h<X3<5t

<l= <= <|~

t2
(tltg—-zl), th<X;<1

This density is a convex quadratic for values of X3 < t;, increases linearly for values
of X3 between t; and ¢, and then is constant for values of X3 between ¢; and 1.
Again, this makes sense: if X3 < t;, then we know that it is the maximum of three
Poisson arrivals over that interval; if ¢, < X3 < t,, then it is either the maximum
of two Poisson arrivals (linear increasing) or the only Poisson arrival (constant) over
that interval; finally, if £, < X3 < 1, then we know that it is the only Poisson arrival

in that interval and hence its time of arrival is uniformly distributed over the interval.

The densities for X;, X, and X3 conditioned on the arrival-time inequalities are
depicted in Figure 3.3. It is interesting to note that all of these densities are continuous
and that X3 is continuous in slope between 0 and ¢;. We shall see how this pattern

generalizes in the next section.
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3.3 Congestion Periods with N Queued Customers

In this section, we prove two theorems about the ordered arrivals, conditioned on the
arrival-time inequalities, when we have a general number, N, of queued customers. In
particular, we first consider determining something about the density for the arrival
time of the k-th customer when the arrival time of the (k — 1)th customer is known.
Then we proceed to make some inferences about the shape of the marginal density

for the arrival time of the k-th customer when no other information is available.

Specifically, we will prove the following:

Theorem 3.1 fx, (X|E5(t), Xi_1) is a non-increasing, convez, (N —k)-th order poly-

nomial, for Xj_; < X < 4.

Theorem 3.2 f[X,|E5(t)] is a continuous function for 0 < Xj < t, which, for
4

ti_1 < Xk < ti, ts an (N — i)-th order polynomial. Additionally, E%f[){klfs(t)] is
k

continuous for 0 < X < t;_;.

Before we prove either of these, however, we need a result from order statistics.
This result states that the jth smallest of M uniform arrivals over an interval (¢,¢+a]
has a density that is given by:

1 M!
Tl X) = G T =)

(X -ty N t+a—X)MI, t<X<t+a (31)

(Note that, when a = 1 and ¢ = 0, this is a beta density.) This result is easily derived
by considering fx (X)dX to be the probability that the jth smallest arrival occurs
in (X, X + dX]. In order for this to happen, we had to have j — 1 arrivals in (¢, X]
(which occurs with probability [(X — t)/a]’"!); we had to have M — j arrivals in
(X +dX,t+a] (prebability [(t+a— X)/a}M~7); and we had to have a single arrival in
(X, X + dX] (probability dX/a). Finally, the M arrivals could have occurred in any
of M! orders, but we don’t care about the ordering of the arrivals prior to X; (divide
by (5 — 1)!) nor of those after X; (divide by (M — j)!). Combining these results and
dividing both sides by dX, we obtain the result given above.
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3.3.1 Proof of Theorem 3.1

We now proceed to determine the form for the conditional probability density function
for the k-th arrival, given the arrival time of customer k-1, fx, (X|E5(t), Xi—1). (We
have adopted slightly more cumbersome notation for the probability density fuction
of Xj in this section only, to indicate that X is the value that random variable X,
takes on, and X, is the given time of arrival of customer k¥ — 1.) Given the time at
which Xj_; occurs, we know that X} is the next arrival, and we know that it occurs
before ;. We also know that any number of the remaining N — k customers could
also arrive prior to t;. By conditioning on the total number of arrivals in (Xj_1, %],
we may more easily determine the conditional density for Xj. Specifically, we define

Bt to be the following event:

B = {Xip1 Stk Xagi S otk < Xigipr < tepigny - - < Xy < tn},

i=0,1,...,.N—k

Clearly, exactly one of the B’ occurs, so we may write
Nk

fx (X|ES(t), Xpq) = g [x (X|E5(L), Xk—1, BY) x Pr(B|ES(t), Xx—1)  (3.2)
i.e., the conditional density is just a weighted sum of densities which are also condi-
tional on the total number of arrivals, ¢ + 1 (including arrival k), which occur in the
interval (Xi-1,tx]. But, given that exactly ¢ + 1 arrivals occur in that interval, we
know that X is the minimum of i + 1 Poisson arrivals on a fixed interval and hence
that its density is described by Equation 3.1, with j = 1, M = i + 1,t = X;_,, and
a =ty — Xi_,. Hence, we have that

i+1
= X
:1=0,1,...,N-k

ka(Xlgs(t)’Xk-l,Bi) = "'X)i$ Xk-1 < X <ty

So given the time of the (k ~ 1)th arrival, the density for the time of the k-th arrival
is just the weighted sum of N — k + 1 polynomials in X, the highest order of which
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(when ¢ = N — k) is an (N — k)-order polynomial; thus, the weighted sum will just be
an (N — k)-order polynomial in X.

Now consider the following derivatives:

i(s + 1) o
- (txy = X)", :=1,2,...,N—k

ng_’ka(‘xlgs(t), Xk—l,Bi) (tk—-Xk_l)z-H (tk ) i
0, 1=0
(i -1)i(z+1)

-2
(tk—Xp—1 )+ (t—X)%, i=2,3,...,N-k

d

Eﬁka(Xlgs(t),Xk-l, B) =

0, i=0,1

Since each of the N — k + 1 polynomials in Equation 3.2 has a non-positive first
derivative, it is non-increasing in X. Similarly, since each has a non-negative second
derivative, it is convex. Hence, since the weighted sum of non-increasing convex
functions is also non-increasing and convex, we have that fx, (X|E5(t),X;-1) is a

non-increasing, convex, (N — k)-th order polynomial, for X;_; < X <#.. |

3.3.2 Proof of Theorem 3.2

Now we wish to determine the form for the marginal density for the k-th arrival,
fIX|E5(t)]. This density is just the integral of the joint density, f(X;, X3,...,Xn),
over all variables except X}. From previous arguments, the joint density is constant,
with value 1/V, where V is found from:

V=/0th1/):dX2---/m dXy (3.3)

XN-1

Hence, we may write:

1 min(Xg,tk-1) min(Xx—1,tx-2) min(X2,t;)
XS ®] = x [ oy X [ dXy

14 t t
X/k+l ka+1/k+2 ka+2 "'/}(N dXNa 0 <Xk Stk

Xk Xi41 N-1



50 CHAPTER 3. ARRIVAL AND WAIT TIME DENSITIES

To investigate further, we define the following quantities:

min(X;,tx-1) min(X—-1,tk-~2) min(X2,t1)
Hy(X;) = /0 ) /0 dXp g /0 X,
k=2,3,...,N
H](Xl) =1
thg1 k42 tn
Gu(X;) = /X " dXen /X Xy /X " dxy,

k=1,2,...,N—-1
Gn(Xn) = 1

and we may then simplify our expression for f[X;|E%(t)] to:

% x Hu(Xe) x Ge(Xe), 0< Xy <ty k=1,2,...,N
FIXeIES (L)) = (3.4)
0 otherwise

The proof of the theorem proceeds as follows. First we show that Gg(Xj) is an
(N — k)-th order polynomial in X}, which is continuous and all of whose derivatives
are continuous. Then we show that Hy(X}) is continuous for all X; and is a (k—¢)-th
order polynomial in X} for ¢;_; < X; < t;. Finally, we show that the jth derivative
of Hi(Xy) is just Hi_;(Xy) for 0 < X < t;..;, and hence is continuous in that range.
Putting all of this information together allows us to prove the theorem easily.

We begin with the following:

Lemma 3.1 Gi(Xi) is a continuous (N — k)-th order polynomial in Xy on the in-

terval (0,1x], all of whose derivatives are continuous on the interval (0,%).

Proof: If we can prove that G(X}) is an (N — k)-th order polynomial in X}, then
the continuities are automatically proved, since any polynomial with finite coefficients
is continuous and has continuous derivatives. We proceed by backwards induction,

beginning with k = N —1, since the k = N case is obvious and depends on a separate

definition.

tn
E=N-1: Gya(Xn-1)= [ dXw=ty =Xy, 0<Xyoy S tyos

N~1
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This is an N — k = N — (N — 1) = 1st order polynomial in Xy_;, as claimed. Now
assume the hypothesis for £ + 1:

ty
Gr(Xk) = . . Gry1(Xi41)dXk41, 0< Xp <ty
k

By the induction hypothesis, G¢41(Xk41) is an (N — k — 1)th order polynomial on
(0,%k41): hence, its integral is just an (VN — k)th order polynomial. When evaluated
at the given limits, we get the difference between a constant and an (N — k)th order
polynomial in X}, which is just an (N — k)th order polynomial in X;. |

We continue with the following:

Lemma 3.2 For k = 1,2,...,N, H.(X}) is continuous for 0 < X, < ti. Further-

more, Hi(Xy) is:
1. a(k—2i)-th order polynomial in X, fort,_.; < X < t; (wheret =1,2,...,k—1);

2. a zero-th order polynomial (i.e. constant) for ty_y < X < ty.

Proof: Again the proof proceeds by induction. The lemma is obvious for £ = 1 and

depends on a separate definition, so we begin the induction with £ = 2:
min(X2,t1) Xz, 0< X, <t

k=2: HZ(X2)=/ ax, =] 77 2=

0 i, L<X;<t

This function is continuous for all X, (notably at the point ¢,) and is a first-order
polynomial in X, for 0 < X, < t; and is zero-th order for ¢; < X, < t;. Hence we

continue by assuming the hypothesis for k¥ — 1:
’nin(xk’tk—l)
H(X) = [ Hiy(Xeo1)dXis

X
/ Hi 1(X31)dXio1, 0< Xi <ty
0 (3.5)

th—1

Hy 1(Xi-1)dXpoy, i < Xp < 4

We now introduce the following notation: we let P/(X) represent a jth-order poly-

nomial in X. Then, from the induction hypothesis, we may say

" k=2 2 k-3
H(Xe) = [ P*2(Ke)dXemn + / PH3( X1 )dXkq + - -
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Xk .
+ /t PF==1(X_1)d X1 (3.6)
f=-1
= constants + P*~(X}) = PF¥(X}),

i1 <X <t, t=12,...,k-1
which proves assertion 1 of the Lemma. We may also say:

M k-2 2 k-3
Hy(Xe) = [ Po3(Xe)dXem + / PH3(Xpo1)d Xy + -

tk—1
+ / 7 PO(X,_1)d Xk (3.7)

tk—2
= constant,

1 < Xk St

which proves assertion 2 of the Lemma. To see the continuity, consider Equation 3.5.
Since the induction hypothesis assures us that Hi_1(Xk-1) is continuous everywhere,
then its integral must also be continuous, at least for X; < ¢;_; and for X > t;_;.
The only remaining question is the point X = t;_;. But now compare Equation 3.6
for : = k — 1 and X} = #;-; to Equation 3.7. The forms are identical and hence
H(X}) is also continuous at the point X = t4_;. |

Finally, we prove the following;:

i

7
Lemma 3.3 E%—;Hk()(k) = H;_;(Xy) for 0 < X < tk~j. Hence, d -Hk(Xk) s
k

axXi

continuous for 0 < Xj < ti—;.

Proof: We prove the first part of the Lemma with induction. The second part then

follows immediately from Lemma 3.2. We begin the induction with j = 1:

d d min( X tx-1) min(Xg_1,tk~2) min(X2,t1)
) = o5 /0 dXi_s /0 dXp_y--- /O X,
X min(Xi—1.tx—2) min(X2,41)

= 4 kka—l/ M ka—z"'/ o dX;, Xy <tp,

dX; Jo 0 0
min(Xj,tx-2) min(X2,t1)

= dXpma - X1, Xi <ty

0

= Hp1(Xk), 0< X <tps
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Now we assume the first part of the Lemma for j — 1:

d] d d]-—l d
dXJ 7 He(Xx) = ka dXJ-l —H(Xi)| = ZX;Hk—Hl(Xk), Xk < tg—jp
d (min(Xktx-;) min(Xx—jitx—j-1) min(X2,t1)
= —d—z ‘/o ka‘J /(; ka_j_l. . .—/o Xm,
Xk <tgjn
d Xk min(Xx—j,tk—;~1) min(X2,t1)
= < . ... d
) e | > A X,
Xi S tg-j
min(xkvtk-— —1) min(Xg,tl)
= /0 ’ ka-j-l v ./0 Xm, X < tkj

= Hk_j(Xk), 0< X < te—j

Since the jth derivative of Hy(Xp) is just Hi_;(Xi) (a continuous function), when
X < tk—j, then the jth derivative must also be continuous, for 0 < X; < #x—;. 1

We now have all of the pieces necessary to prove Theorem 3.2. We use the def-
inition of f[X;|E5(t)] given in Equation 3.4. First, since Hi(X}) and Gi(X;) are
continuous on (0,;] from Lemmata 3.1 and 3.2, and f[X;]|E5(t)] is a constant times
these functions when 0 < X; < t, then f[Xi|€5(t)] is also continuous, at least
for 0 < X; < t;. Second, we know that Gi(X}) is an (N — k)-th order polyno-
mial everywhere (Lemma 3.1), and that Hi(X}) is a (k — ¢)-th order polynomial for
tio1 < Xp <t;, 1=1,2,...,k (Lemma 3.2). Hence, a constant times their product
yields an (N — i)-th order polynomial for ¢;_; < X; < t;, ¢=1,2,...,k. Finally,
consider the jth derivative of f[X;|E5(t)] (here, we abbreviate Hy(Xx) and Gx(X)
by H and G respectively):

S —_
f[Xklg (t)] V GdeJ + dX, dXJ-—l

+ J xdj_lGx£+ dexH
\j-1) " dxi™' T dX; dXxi

1 dH i), 46 dH
K ==
de

But we know that Gi(X}) and all of its derivatives are continuous for 0 < X; < i,

from Lemma 3.1. We also know that Hy(X}) and all of its derivatives up to the jth
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are continuous for X < t;_;. Hence, since the product of continuous functions is

d’ . .
continuous, we have that X FIX,|E5(t)] is continuous at least for 0 < X < #;_;.
k

]
There is one final comment to make about the proof that f[X|€5(t)] is a polyno-

mial of order N —i for t;_; < X; < t;. We could also have proved this by conditioning
on X} occurring in (¢;-;,¢;] and additionally conditioning on I, the total number of
arrivals during that interval. That is, if we define B! to be the event that there were

a total of exactly [ arrivals during (%;-1,;], then

k N-i+l
fIXESW)] = X Y fIXelBition < Xi < 1, E5(t))]
i=1 l=k—1+1

x Pr[B!, t;i.1 < Xi < tE5(t))

But, given that ¢;_; < X < t; and that there were exactly ! arrivals during that
interval, then the conditional density for X; will be the weighted sum of densities of
the form given in Equation 3.1, with M =1, t = ¢;_;, and a = ¢; — t;_,, where the
weighted sum will be due to the fact that X could have been positioned amongst the !
arrivals in different ways: i.e., j in Equation 3.1 could take on several different values.
However, no matter what the value of j, the result is an (M — 1)- or, with M = |,
an (I — 1)-th order polynomial. Hence, since the maximum value for [ is N —i + 1,
then f[Xilti-1 < Xi < t;,E5(t)], which is the only contributor to f[Xx|E5(t)] for
ti-1 < X < t; will be an (N — ¢)-th order polynomial, as already shown above.

3.4 Determining the Marginal Density Functions

Theorem 3.2 seems to give us a lot of information about the marginal density functions
for the ordered arrivals, conditioned on the arrival-time inequalities. The natural
question to ask is whether there is an “easy” technique for determining the exact
form of these densities. The answer to that question is yes for the density of Xy:

this technique is described in Section 3.4.1. For the other densities, we have found an
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O(N*) algorithm which provides the exact form of all of the other density functions.
This algorithm takes a more direct approach to the problem by using integration
recursively to find the coeflicients for the polynomial arrival time densities. This

second algorithm is described in Section 3.4.2.

3.4.1 Determining the Marginal Density Function for Xy
Using Continuity Equations

The density function for the last arrival in the congestion period is, as described by

Theorem 3.2, a continuous function for 0 < Xy < tn, and is a polynomial of order
7
dX3;
0 < Xy < ty—j. Finally, for 0 < Xy < t1, f[Xn|ES(t)] is given by the product
fIXNnIXn < 4,E5(8)] x Pr[Xy < 4,[€5(¢)]. But f[Xn|Xn < t1,E5(t)] is just the
density function for the maximum of N Poisson arrivals over the interval (0, ¢] and so

is given by Equation 3.1 with j = N,M = N,t =0, and a = t;. Hence, f[Xn|ES(t)]

N —ifor t;.; < Xy < t;. We also know that FIXN|ES(t)] is continuous for

is just a constant multiplying X% .

Therefore, we may write f[Xn|E5(t)] as follows:

( al,(N—l)XII\\/'I_17 0<Xnv<t
ap + an XN+ 00X+ taw_XNE ti<Xn <t
azo + anXn +az: Xi+--- + a3,(N-3)X113-3, ta< Xy <t

fIXNIES(E)] = 4
aN-1)0 + an-1)1 XN, In-2 < Xy <tnog
. @NoO; tnoy < XN <in
N(N -1)

So we have a total of 1 + (N ~1)+ (N —2)+---+2+1 =1+-———2—-—coefﬁcients

to determine. We now make the following definition:

FIXnIES(t)] = FIXNIES(H)), tioy<Xn<t, i=1,2,...,N
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Our continuity equations tell us the following:

& . . .
-1l ) 0 I RN
dX}]V Xn=ti—y dXJ Xn=tiaa
t = 2,3,...,N
X : N(N -1) . : : :
so that we have ZN — 141 = ————= equations with which to determine the

. 2
1=2
a;;’s. Therefore, with one additional equation, we would be able, theoretically, to
solve for all of these coefficients. But, assuming we have calculated V as defined in

Equation 3.3, then we may find a;,(n-1) by equating the following twe expressions for

Pr[ Xy < 4,|E5(t)):

Pr[Xy < t|E5(t)] = /otlfl[Xles(t)]dXN

t1
= ‘/0 al’(N_l)Xﬁ-l dXN
tN
= alv(N"'l)N

X XNn— X
PrlXw <tIES®)] = = [ dXn [ dXno [ dXnopee [ dX
Vo o 0 0

£
NV
1
“m-n = Gy

=

Now that we have a sufficient number of equations to determine the values of the
coefficients, we must find an efficient method for actually obtaining their values. By

expanding our continuity equation above, the method becomes obvious:

j! G+1) ( +2)

dXJ f THXNIEN )] = GiaG-n. + a6 XN + eG4 X
(N =i+ 1) —itl—j
+---+ (N—it1-j) a(:—l)(N—:+1)XN i
; 1)! + 2)
dXJ f XnlE5H)] = jtay+ L3 T = G+ XN + gs2 2 . i XN + -
(N —3)!

N—i—j
TV X
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We can equate the two expressions above at the value Xy = t,_; and rearrange them

so that we have an expression for a;; as follows:

0, j=0,1,....,N =2
N-1

a; =

..1)1’ j=

/[
{ V(N
+1 ) + 2
a;; = ( )a(l—l)J ( . )a(i—l),(j+l)ti—l+(]j )a(i—-l).(j+2)t?-l
+

—i41 »
- ( ; ! ) G4(i-1), (N—'+1)t -1 -

 + 1 ) + 2

- (] j ) ai.(j+1)ti—1 - (] j ) ai,(j+2)t?-1
N -2 i
—_— e — ( ] 2) ai,(N—i)ti]\il 4

N—it1-j . N—i—j .
k k+
= X ( j’)a(e-nmt!‘_l - X ( j’)a;,wti‘_n

k=0 k=1
j=01,....Nei, i=23,...N

Now we can find a;; strictly in terms of other coefficients ay, with k¥ < ¢, or with
k=i and [ > j. In terms of the expression for f[X|E5(t)] as defined on page 55, we
start at the second equation (the v.lue of a; (v_1) already having been determined)
and first determine the value for a; (n_z), then we work from right to left (i.e., we
decrease the value of j by one at each step), to find the value of a,; in terms of values
already found. We then proceed to the third equation and work from right to left
and so on.

Since there are O(N?) coefficients to find, and finding a;; requires calculating
2(N — i — j + 1) terms, the overall algorithm to determine f[Xy|E3(t)] is O(N3).
This seems high, but we are obtaining much more information than we get from
simply calculating the beta-matrices. If this method generalized and we were able
to find the density function for each of the X’s in O(N?3), then we would have an

O(N*) algorithm for determining all possible information about the arrival stream at
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every point in time. Unfortunately, for earlier arrivals than Xy, we have many fewer
continuity equations, and even though we also have fewer coefficients, the number of
equations decreases much more quickly, so that we would have to be inventing multiple
additional equations to solve for all of the coefficients. In the next section, we suggest
a more straightforward method for calculating the marginal density functions for the

ordered arrivals, which also surprisingly results in an O(N*) algorithm.

3.4.2 Determining the Marginal Density Functions for the
X’s Using Integration

We now pursue a technique, suggested in the proof of Theorem 3.2 for determining
all of the marginal density functions. Specifically, in Equation 3.4, we provide a
definition for f[Xy|E%(t)] in terms of the quantities V, Hi(Xy), and Gi(X:). We
know that Gi(Xj) is simply an (N — k)th order polynomial and so can be defined
in terms of N — k + 1 coeflicients of powers of X;. We also know that Hi(X}) is a
(k—1)th order polynomial for ¢;_; < X3 <t;, ¢ =1,2,...,k. Hence, it can be defined

k(k+1
( 2+ ) coefficients of powers of X;. We now

intermsof 14+2+---+(k-1)+ k=

provide an algorithm to find the coefficients for these functions (and, incidentally, to

find V'), which we may then multiply together to find f[Xi|E5(t)].
First, we work with Gx(Xx), which we may expand as follows (here we let g*
represent the coefficient of the j-th power of Xj in Gi(X}), where 0 < ; < N —k):
Gi(Xy) = g5+t Xe+ g5 XE + -+ gha X ¥,
k=1,2... N-1
Gn(Xn) = g =1

But note that, because of the definition of Gx(Xi), we also have the following:

tkt1 tkt2 tN
Go(Xy) = /X dXess / dXps - L dXn
k N-1

Xkt1

tkt1
L Gran(Xasn) dXenn
X
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tht1 e
= / |96+ + g8+ Xiga + 5 X2y + - + g% XD dXiga

Xk
k+1 k+1 XN-k X=tr41
— g§+1X+ 91 X2+ 92 92 x3,. +.¢]1’:/+_lk..1
2 N -k X=X,
k+1 k+1
g 92 gN—k—
= 95+ltk+1 + "1'2' t12:+1 + 3 t2+1 +- 4 N — kl tk+1
k+1 k+1 k+1
—gtix, 9 _x2_ 92 y3 . _ 9Nk 1 xN-
Jo kT TgT Rk T Ty Mk N-k

This then gives us a very simple method for determining all of the values for g;-‘ in

terms of the values of gk+!, m = 0,1,..., N —k — 1. Specifically, as can be seen from

the above, we have:
k+1

g = gf]‘, j=1,2,...,N-k k=12,....N—1

X N_kgk+11 N-k .

g = Y =Mm o= — Y gktm,, k=1,2,...,N-1
m=1 m m=1

Before we begin discussion of the H functions, note that ¥V may be easily found

from the following:

V = /otldXI/;:dXz---/;:_ldXN

1
= jgl Gy (X1) dX;

E gm—l tm

m=1

That is, once G1(X;) has been found, V is easily found as a weighted sum of its
coefficients.

Finding each of the g§’s for i # 0 requires a single division, and so finding all
of the g¥’s for j # 0 requires O(N?) calculations. Finding the value of g} requires
that N — k terms be found, and so finding all of the g&’s is also an O(/N?) opera-
tion. Therefore, determining G(X;) for k=1,2,...,N, and determining V requires
O(N?) calculations.

We now proceed in a similar manner to determine the exact form for Hy(Xy).

Because Hj(Xk) is a different polynomial, depending on the value of X}, we make
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the following definitions (here we let hi* represent the coefficient of the j-th power of
Xk in Hi(X}), where 0 < j < k —1):

{Hk(Xk), tic1 <X <t;, 1=1,2,...,k

0 1>k

Hi(X:) = h' =1

Hy(Xi) = h¥+r¥X,+hdkX24. . 4hk X 1=1,2,... )k k=2,3,...,N

We base what follows on the above definitions and on Equation 3.5:
. t t2
B = [ Ha(Xe)dXios + [ B (X)X + -
+ 7 HT ()X + / Hiy (Xe1)dXios

H'(X)],_ + /t Hi_y (Xie1)dX s

-1

Of course, when ¢ = k, the last integral above has an integrand which is equal to 0

and hence does not contribute to Hj(X}).
To determine the specific values of the hj-"’s, we expand the last expression above:

Hl:(Xk) — h(l—l)k + h(l—l)k 1—_1 + h(t 1) kt2 + + h(l:zl-zlktf—{-{.]
X=X
) h:,(k—l) h i,(k-1) ht,(k l‘) )
h:,(k——l) 1 2 2 3 ... k—=1-t k-1
S e L R
X=ty—y
(i-1),k 1),k k-1) (i-1).k )
= RGTVE 4 [RETVE — pgE D 4, 4 | REOE - — =+

h(i—l)’k h;c'(fl-—-lt) k=i h(‘ 1), ktk—:+l
+ | g T + hy_ig1 b

1—1

. pisk=1) pislk=1) h,(k—l)
+hSE VX, X X S

Now we may find the specific values for ¥ simply by picking off the appropriate

coefficients in the expression above:
. hl,(k—l)
b = _J—]—i__ i=1,2,...k—i
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B =0, j>k-i

=1k | N ek gk
g4 3 [RGTE < hE] e,

m=1

ik
ho

We begin by knowing the value of hi'. Then, as long as we calculate the hi*’s in
non-decreasing order of both ¢ and k, and as long as we calculate Ai* after all of the
other values of hj-" have been calculated, then we will always have all of the values we
need on the right-hand sides of the expressions above.

Finding each of the k#¥’s for j # 0 requires a single division, and so finding all of
the hj"’s forj=1,2,...,k—7andi=1,2,...,kand k = 2,3,..., N requires O(N?3)
calculations. Finding the value of h{f requires that k — ¢ + 1 terms be found, and so
finding all of the h{’s is also an O(N?) operation. Therefore, determining Hj(Xj)
fori=1,2,...,kand k=1,2,...,N, requires O(N?) calculations.

Since we have found all of the necessary components to determine f[X;|E5(t)]
for £ =1,2,..., N in O(N?) calculations, it seems surprising that the overall algo-
rithm should turn out to be O(N*). Unfortunately, we still must do the appropriate
multiplications in order to find each of the f[Xi|ES(t)]’s explicitly, and this multipli-
cation turns out to be an O(N?) operation for each function. To see this, consider

the following definition:
FIXKIE ()] = FIXHIES(Y)), tica < Xk <ty i=1,2,...,k, k=1,2,...,N
But we may find f{{X;|€5(t)] by again using Equation 3.4, as follows:
FIXES(H)] = % x Hy(Xe) x Ge(Xy), ¢=1,2,...,k, k=1,2,...,N

We know that Hj(X;) has k—i+1 terms, and each of these is multiplied by each term
of G(Xy), of which there are N — k + 1. Hence, just to find f{[X;|E5(t)] requires
approximately (k — ¢+ 1)(N — k + 1) operations: thus, to determine the number of
calculations required to find f[X;|E5(t)], we must add up this number for i = 1 to k:
we find that calculation of f[X;]€5(t)] is an O(Nk?) operation. Finally, to determine
all of the f[Xi|E°(t)]’s, for k = 1,2,..., N, is an O(N*) operation. It should not
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be surprising that it costs more computationally to find the exact density functions
for the ordered arrivals than it does to find the beta-matrix, since the beta-matrix
only gives information at the specific values of the t;’s, while the density functions
give information about all of the arrivals at every instant in the congestion period.
Figures 3.4 and 3.5 give the arrival time densities for X; through X,o, with the ¢;’s

generated randomly on the unit time interval.

3.5 The Density Function for the Unordered Ar-

rivals

We now consider the density function for the unordered times of customer arrivals.
Without any conditioning, there are a fixed number (N) of Poisson arrivals over the
fixed time interval (0,¢n], so that f(Ux), k =1,2,...,N has constant value 1/ty,
since these arrivals are distributed uniformly over the interval. When the arrival-

time inequalities are added as conditions, the density function changes. We claim the

following:

Theorem 3.3 f{U,|E5(t)], k=1,2,...,N is constant in the interval (t;_1,t], i =
1,2,..., N, with the value of the constant non-increasing as i increases.
Proof: We may say

N

FIUKES(8)] = D flUklticr < Ur < 4, E5(L)] x Prftior < Up < 1]ES(E)]

=1
Each of the conditional densities in the sum above contributes to f[Ux|£5(t)] only
in the interval (¢;_;,t;]. Hence, proving that these conditional densities are uniform
proves the first part of the theorem. But we may also say:

N—i+1

flUtic1 < Uk <, E5(8)] = 3. fIURIN(tioa, ts) = j,tics < Uk < 15, E5(t)]

7=1

X PI‘[N(i.'_.l,t,') = jlti—l < U < ti,gs(t)]
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Conditional Marginal Density for Xi

(x1)

o
- X1
tA ® 0.1432 ¢ © 0.3190 17 = 0.4%8 ¢330 ¥ 1.0000
t2 v 0.11357 25 w D.402L 8 w 0.6808
1P » 021885 16 = D. 4048 9 = O.090

Conditional Marginal Density for X2

f(x2)

am.

10
-
-
-

o
P X2
€ ¥ 0.3133 e 2 0.2150 7 = 0.4838 10 = 1.0000
€2 % 0.1157 3 = 0.4031 0 = 0.6808
%3 > 0.2IS8 6 = 0.4340 19 = 0.006

Conditional Marginal Density for X3

Hx3)

° X3

L] 2 2
t1 20,1433 te x 0.32

t2 * 0.1257 ¢3 = 0.4012
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=
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Conditional Marginal Density for X4

f(x4)
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3.0
2.0
3.0
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3.0

° X4
. 2 " 3

t1 3 0.213% €6 T O.3130 ¢7 » 0.6%30 10 x

€2 » ©0.1197 €3 = 0.€01% 18 % 0.6505

t3 = 0.2383 tS = 0.500 €9 = 0.0536

1.co000

Conditional Marginal Density for X5

£xs)

1.0

]
" L= - s a XS
€1 7 0.1132 6 T 0.3130 ¢7 = 0.4%@ t10 x 1.0000
T2 % D.1237 3 = 0.4011 9 ¥ O.6%06
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Conditional Marginal Density for X6

#(X5)
7.04

4.0

L] +
(1] 2 - ems 1 X8
€1z ©.1832 ¢$ = 0.3190 ¢7 = 0.4538 ti0 = 1.0000
€2 2 B.1197 €S = 0.4011 tE = 0.6306
t = 0.2293 t6 = 0.2246 &9 x 0.6

Figure 3.4: Densities for X; through Xg, Conditioned on £5 (t)
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(éo;)xditional Marginal Density for X7
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Figure 3.5: Densities for X7 through X0, Conditioned on £° (t)
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But given that there are exactly j Poisson arrivals, one of which is Uy, over the
interval (¢;_1,%;], we know that the density for U, over that interval is uniform.
Since a weighted sum of uniform densities is also uniform, we have established that
fIUx|E5(t)] is uniform in the interval (¢;-1,%], i=1,2,...,N.

To prove that the value of the constant is non-increasing, we use the concavity of
the function E[A(t)|E5(t)]. Specifically, say that f[Ux|ES(t)] = ui, tic1 < Up < 8.
Then, we wish to show that u; > u;,,. Consider the expected number of arrivals to

the system during the interval (¢;_;,¢;]. We may represent this as:
E[A(t:-1, t:)|E5(t)] = E[A(%)IE5(t)] - E[A(ti-1)[E5(¢)] (3.8)
Because the densities of all of the Uy are symmetric, we may also say:

E[A(t,'..l, tg)lgs(t)] = éE[A(tg_l, t,‘)lgs(t)] due to Ui
= 1\_7 X Pl‘(t,'_l <U < t,')

= Nxu; x (ti - ti—l) (39)

The concavity of the function E[A(2)|£5(t)] tells us that the slope must be decreasing,

i.e. that
E[At)IE5(4)] — B[A®-1)IE5(E)] | E[A(tn)lE5(t)] - E[A()IE5(t)]
ti—tia - tiv1 — L ?
1=1,2,...,N-1 ' (3.10)

Now we substitute Equations 3.8 and 3.9 into 3.10, and we immediately have the

following:

N x u; X (t,' - t,'_l) > N x Ujp1 X (t,'+1 — t,‘)

z == u; > Uu;
t; —ti P

iy —
Since the above holds for all ¢ = 1,2,..., N—1, the theorem is proved, and the density

function for the unordered arrivals, conditioned on the arrival-time inequalities, is just

a descending staircase, with the steps located at the ¢;’s. §
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Note that the first part of the theorem (the constancy of f[Ui|€5(t)] over (;—1,t])
may also be proved directly from the linearity of the function E[A(t)|€5(t)] in the
interval (¢;-1,¢;]. We have:

N
E[A()|ES(t)] = D_E[A(t)|E5(t)] due to Uy
k=1

= N x Pr[U < t|€5(t)]
= N x Fy[t|E5(t)]

where Fy[t|€5(t)] is just the distribution function for U. Hence, since the left-hand
side of the above is linear, so is the right-hand side, i.e. Fy[t|€5(t)] is linear, and its

derivative, fy[t|€5(t)], is constant.

Another interesting observation may be made from the following (again we use
the definition Fy[t|€5(t)] = Pr[U < t|€5(t)]):
N
Fylt|€5(t)] = Y _Pr[U < t|rand cust is k-th, E5(t))]

k=1
x Prrand cust is k-th|E5(t)]

N s 1
= Y FalE ) x g
N
= foleSe) = 5 3 et

This says that the sum of all of the polynomials, f[X|E°(t)], in the interval (t;_,, ¢,
is a constant, a somewhat counterintuitive result! Figure 3.6 gives the density for U,
for the same set of ¢;’s as those used in Figures 3.4 and 3.5: this density was actually
generated by just adding up the polynomials f[X;|£5(t)] through f[X10/E5(t)], and
then dividing the result by 10, as suggested above.

3.6 The Density Functions for the Waiting Times

Once we have obtained the densities for the arrival times, and assuming a first-come,

first-served (FCFS) queue, we can easily find the density functions for the queue
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(io)nditional Marginal Density for U
f(U

s 3 te tR6 t7 8 t9 1 8
ti = 0.1132 ¢4 = 0.2190 t7 = 0.4928 ¢t10 = 41.0000

t2 = 0.1137 t3 = 0.4011 t8 = 0.6906

t3 = 0.3165 t6 = 0.4348 t9 = 0.8%36

Figure 3.6: Density for U, Conditioned on £5(t)

waiting times, both of specific ordered customers, and of a random customer. Since
we know the density for when customer k arrives, and, under the FCFS assumption,
this customer begins service at time ¢, then the density for customer k’s waiting time
at time ¢, fw, [t|E5(t)], is just fx,[tx — t|E5(t)]: i.e., the probability that customer k
waits ¢ time units is just the probability that that customer arrived at time #; — £.
See Figures 3.7 and 3.8 for the densities of the waiting times for customers 1 through
10, in a FCFS queue with the same ¢;’s as those used in Figures 3.4 and 3.5.
Finally, note that the density for the waiting time of a random customer in a FCFS

queue, fw[t|€5(t)], may be found from the following simple observation, similar to

that made in finding fy[t|€5(t)):

N
fwltl€S(t)] = 3 fwltlrand cust is k-th, £5(t)]
k=1

x Pr[rand cust is k-th|E5(t)]
N
1
= 3 e x =
k=1

Figure 3.9 depicts the density for the waiting time of a random customer in a FCFS

queue, for the same set of ¢;’s as those used for Figures 3.7 and 3.8.
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Conditional Marginal Density for Wi
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42 = 0.2063 6 = D.€Re®

Figure 3.7: Densities for W; through Ws, Conditioned on £5(t)
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Conditional Marginal Density for W7
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Density for Expected Wait in Queue

Hw)

Figure 3.9: Density for W, Conditioned on £5(t)
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3.7 Applications for the Arrival and Wait Time

Densities

In this section, we present two applications in which the full densities for the wait
times or the arrival times might actually be utilized to improve customer service. The
first example is from the banking industry, and the second example is from the airline
industry.

The banking application comes from ATM’s. Since most ATM installations work
on a first-come-first-served (FCFS) basis, it is possible to generate the probability
density function (PDF) for the wait in queue for each of the customers during a
congestion period. By customer-tagging these PDF’s, it is also possible to update
these for each customer, each time the customer uses an ATM at that bank. Therefore,
theoretically, at least, a customer’s monthly statement could include information such
as the probability that that customer had to wait more than 5 minutes in queue
during the whole month; or the times that the customer visited the ATM and had
the shortest expected wait (to encourage the customer to avoid particularly congested
times); or the entire PDF for the customer’s wait time during the month. This
ability to provide customer-specific information could be very valuable in improving
an individual customer’s service.

The airline application is a little more involved. At least one major airline deter-

mines its daily ticket-counter staffing levels by the following procedure:

e For one month during every year, airline agents interview every passenger arriv-

ing at the ticket-counter queue and record the time of each passenger’s arrival

and their flight number.

o Based on these interviews, a cumulative distribution function (CDF) for each

flight is created, which represents the customer arrival time pattern for that

flight.
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e For the next year, at the beginning of each day, for all flights, the flight load
factor is multiplied by the corresponding CDF to determine when passengers

for each flight will arrive.

e The above are combined for all flights to determine staffing levels at the ticket-

counter for all times during the day.
Some of the problems with this type of procedure are as follows:

1. Only one month of data is available, i.e., seasonal changes are not reflected in

the CDF.

2. The data are only updated once a year, so that systemic changes in passenger

behavior are not recognized until the next time that the polling is done.

3. There is only a single CDF created for each flight, even though the loading of
the flight might be reflected in very different customer arrival patterns, i.e., no

load-dependent CDF’s are available.

4. All of the above sources of inaccuracies could result in over- or under-staffing
of the ticket counters. In addition, for one month a year, a substantial number

of manhours is consumed by the interview procedure.

Now consider how the ability to generate the arrival-time densities for each cus-
tomer could simplify this process. As each customer arrives at the ticket counter
(enters service), the point-of-sale terminals provide the flight number for that passen-
ger and the number of passengers in his/her party, as well as the time at which the
transaction begins. (Here, we consider each transaction to be the set of passengers
who are travelling together: the Poisson arrival assumption applies to these clumps of
people, rather than to individual passengers.) Note that the loading of the flight for
that day could also be included as part of the transactional data. So, the following

new procedure is proposed to replace the current procedure:
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e For each congestion period, find f[X;|£5(t)] for all k. Tag each of these PDF’s
with its flight number, the number of passengers the transaction represents, and

the flight loading.

e For each flight, create a PDF for passenger arrival times by combining the
above PDF’s for that flight (and multiplying by number of passengers where

necessary). Note that it would be very simple to create several load-dependent

PDF’s.
o Proceed as before.

This technique eliminates all of the problems listed above! First, the data could be
gathered continuously, so that seasonal changes would be detected. Second, the PDF’s
could be updated in a Bayesian manner as often as desired, so that real changes in
passenger arrival trends would be detected immediately. Third, since flight-loading
could be included as part of the transactional data, it is very easy to create load-
dependent PDF’s. Finally, the interview manhours would be eliminated, and the
improved accuracy in the data would reduce both under- and over-staffing problems.

Finding the densities for the wait and arrival times of passengers can provide
valuable information, but it is a time-consuming process. In some applications, when
large congestion periods must be analyzed, or when real-time analysis is desired, even
the original QIE algorithm is too slow. In the next chapter, we consider several
preliminary approaches to approximating the queue statistics that are found by the
QIE algorithm, which provide bounds and approximations to E[A(¢)|€5(t)] in much
less time than the QIE algorithm.






Chapter 4

Concavity Lower Bound, Uniform
Upper Bound, and Trapezoidal
Approximation to the QIE

As described in Chapter 2, the computation time required for the QIE to calculate
the queue statistics of interest for a given congestion period is proportional to N3,
where N is the number of queued customers in the congestion period. For very large
congestion periods, this computational burden may be excessive, particularly if the
QIE is being run in a desktop or realtime environment and immediate results are
desired. In these cases, it may be useful to have bounds and approximations to apply
to the QIE, in order to get an idea of the maximum, minimum, and approximate
expected queue lengths and queue waits for customers in such a congestion period.
In this chapter, we present three algorithms which provide, respectively, a lower
bound, an upper bound, and an approximation (which is provably not a bound) to
the function generated by the QIE, the expected cumulative number of arrivals at
any given time during the congestion period, E[A()|£5(t)]. Although none of these
algorithms generates a full B-matrix, it is still possible to determine most of the

statistics that the original QIE algorithm generates. Of course, E[Q(t)|£%(t)] comes
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directly from E[A(2)|£5(t)], and the time-averaged queue length and expected wait
in queue can be found directly by integrating E[Q(¢)|€°(t)]. We can also find the
expected qucue length as encountered by a random arrival, as follows.

1 I . -

N Y E[number in queue seen by arrival i
i=1

1 N

= =) _E[number in queue seen by departure ¢

N

Eféq|€5(t)]

i=1

1 N
= < L EQE)IESW)

i=1
Indeed, if the expressions for E[¢g|£5(t)] and II[k|€5(t)] at the end of Chapter 2 are
expanded and rearranged, we find that we do indeed get the above result. Unfortu-
nately, we cannot generate the values for II[k|£%(t)] without the B-matrix, but for
most applications, the other statistics are sufficient.

The lower bound is based on the observation that E[A(t)|E5(t)] is a piecewise-
linear, concave function. The upper bound is found by approximating the densities
of the arrivals to be uniform over a restricted range. The approximation algorithm
uses some of the results of the last chapter and approximates the densities of the
arrivals to be trapezoidal over a restricted range. Each of these three algorithms is
explored in turn in the first three sections of this chapter. Finally, in the last section,
we present computational results to demonstrate how these algorithms perform on a
series of simulation runs. We also present computational results for combinations of

the algorithms, some of which provide good approximations to the exact QIE.

4.1 Concavity Lower Bound

As shown in [Lars 90], E[A(¢)|€5(t)] is a piecewise-linear, concave function, with
endpoints E[A(%0)|€5(t)] = 0 and E[A(tn)|E5(t)] = N. We make use of the concavity
and the fact that, conditional on £5(t), we know A(¢;) > ¢, to create our lower bound.

We define ALB(t) to be the value of our function, which we claim to be a lower bound
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for E[A(2)|E5(t)), for 0 < t < ty; and we generate ALB(t) via the following algorithm:
1. Fori=0,1,...,N, set ALB(t;) =i.
2. Set i = 0.

3. Forj = i+1,i+2,..., N, calculate the slope, m;, of the line connecting AL3(t;)
to ALB(tj).

4. Let j* be the index which maximizes these slopes: i.e., mje = max _ m,.
7T jzidlibe,. N

5. For t; <t < t;», set ALB(t) =i + mjs(t —t,), i.e., construct a straight line
from ALB(t;) to ALB(t;.).

6. If j* = N then we are done; otherwise, set ¢ = j* and go to step 3.

Claim 4.1 ALB(t) is a concave, piecewise-linear function, which is a lower bound to
ETA(t)IE5(¢))-

Proof: The piecewise-linearity is by construction. The concavity is also by con-
struction: if z,, and j; are the values of ¢ and j* on the nth iteration of step 4 of
the algorithm, then we know that mJ,, the slope of the line connecting the points
(tins%n) and (tjs,7%), is greater than the slope of the line connecting (¢;,,%,) and
(tja,,»Jn41)> Which implies that m7, is greater than m;‘i: 1] , the slope of the line con-
necting (%j3,77) = (fin4asin41) and (253, J741), and hence the function is concave.

Finally, we know that

AB() = in < E[A(,)IES(t)
A(t;) = i < E[A(t;)E5(t)]

Since ALB(t) is linear between t;, and t;s, the concave function E[A(t)|£5(t)] must
lie above ALB(t) between these points, and we are done. [
Technically, the algorithm for determining AZB(t) is O(N?), since in the worst

case we might have to repeat steps 3 through 6 of the algorithm N times, and at
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iteration n, we must calculate N — n + 1 slopes: i.e., in the worst case, we must

calculate approximately —jy—(—1!2—+—-—1—2 slopes. However, in practice, the algorithm does

much better (see Section 4.4).

4.2 TUniform Upper Bound

We now discuss an upper bound to E[A(¢)|€5(t)]. We expand our notation for £5(t)

to make explicit the size of the congestion period:
En(t) = E3(to, t1,ta,- . ., tN)

As discussed earlier, our assumption of Poisson arrivals means that, over the fixed
time interval (0,%y], the arrivals are described by N independent uniform random
variables, Uy, Uz, ...,Un. However, the time conditioning given by £x(t) places re-
strictions on these random variables, as follows:

min(Uy,Us,...,Un) £ 4
2nd smallest(Uy, Us,...,Un) < t

ma.x(Ul, U2, ooy UN) S tN
These conditions are what cause the analysis to become difficult, in part because,
given these conditions, the U;’s are no longer independent. Now consider the following

quantity:
E[A@®)Un(t)] = E[A@)|U: € 4,U; <tg,...,Un < tn, EON(E)]

Note that with this new set of conditions, Un(t), we guarantee at least ¢ arrivals by
t;, which is the necessary condition for the busy period to continue. Also note that
this set of conditions maintains the independence of the U;’s.
We may easily find E[A(¢)|Un(t)] as follows:
N
E[A(t)lUn(t)] = Y E[A(2) due to Uftn(t)]

=1
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= iv: E[A(t) due to U;|U; < t]

=1
where the last equation follows because of the independence of the U;’s. But we may

easily find the quantity in the summation as follows:
1, U; <t

A(t)dueto U; =
0, U;>t

Hence, the expectation of the above is found as:

E[A(t) due to U,'IU,' < t,‘] = Pr(U; < tIU,' < t,')

y i<t<in

1
0, otherwise

Therefore, we have that the value of E[A(2)|Ux(t)] is given by:
N
E[A®)IUn(t)] = 3_Pr(Ui < t|U; < )
=1

and for values of ¢ in (¢;-1,¢;] this reduces to:
BAQM®] = T1+ 31

. t .
= ]—1+Z;, tia<t<t, j=1,2,...,N (4.1)

i=j Ui

Note that this function is concave and piecewise linear, with breakpoints at the ¢,’s,
just like E[A(2)|E3(t)]: in Equation 4.1, the summation term is the sum of N —j + 1
linear terms and hence is linear itself for t;_; <t < t;. As j increases, there are fewer
of these positive-slope terms in the summation: hence the slope of the sum decreases,
and the function is concave. Also note that when N = 1, this function is exactly
equal to E[A(t)|€5(t)], which starts at the value 0 when ¢ = 0, and rises linearly to
the vaiue 1 when ¢ = ¢;.

We now proceed to prove that E[A(t)|Un(t)] is an upper bound to E[A(2)[E%(t)],

via the following theorem:
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Theorem 4.1 E[A(t)lUn(t)] = E[A()IER(E)], 0<t<tn

Proof: First, because both functions are piecewise linear with the same breakpoints,

we only consider the breakpoints. Second, note that

E[A(0)Un(t)] = E[A(0)IEx(t)] = 0
E[A(tn)Un(t)] = E[A(tn)IER(E)] = N

Hence, we need only prove E[A(t)[Un(t)] > E[A(t)|ER(t)] for t = t1,t5,...,tN.
Note that, at the point t = ¢;, ¢ = 1,2,..., N — 1, Equation 4.1 reduces to the

following:
ti

: (4.2)

N
E[At)Un(t)] =i + 3

k=i+1

The proof is by induction. First, we prove it for N = 2; then we proceed to the

N =3 case, as a demonstration of the induction method. Finally, we generalize for
ény value of N.

N = 2: For N = 2, we need only prove the theorem at the single value ¢ = ;.

We have from Equation 4.2:

EM@M%&H=1+%

We may then use standard QIE methods to find that:

2t,

E[A(t,)|€5 (t)] = T

By simple algebraic manipulation, it follows that:

148y 2
t2 7 2t — 1

= 21

But this is true by definition! Hence, for N = 2, E[A(;)|Uz(t)] > E[A(t:)|E5 (t)], i =

0,1,2; and therefore, by the pieéewise linearity of both functions, we have that

E[A(2)lth(t)] 2 E[AQ)IEZ(t)], 0<t<t,
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N = 3: Now we define a set of three events, B}(t), B(t), and B3(t), which we

claim are three mutually exclusive, collectively exhaustive subsets of £ (t).

Bi(t) = {min(Uh,U;) < t;} [ fmax(Uy, Us) < ta} (0 < Us < 6} E%(t)
Bit) = {min(Uy,U;) <t} {max(Uy,Us) < ts} [t < Us < 2} EY(Y)
By(t) = {min(lh,Uz) < 11} (Ymax(Uh,Us) < t2} [tz < Us < ta} (1 E°(t)

Clearly, these are mutually exclusive, since U; is defined over a different interval for

each event. Also, these are certainly subsets of &5 (t), since, in each case,

min(Ul, Uz, U3)

IA

t1
2nd smallest(Ul, Uz, U3) tz (43)

max(U;, Uz, U3) < i3

IA

is satisfied. Finally, they are collectively exhaustive, because £5(t) is exactly satisfied,
without slack, by each of these events. This can be easily seen by contradiction: say
I have a point (Uy,Us,Us) in £5(t) which I claim is not an element of any of the
events above, and say that ¢;_; < Uz < t; for this point (j = 1,2,3). So if the
point is in any event, it will be in event Bj(t). If I claim that this point violates
the first constraint of Bj(t), then the point is not in £5(t) because it violates the
first (j = 2,3) or second (j = 1) constraint of set 4.3 above. If I claim that the
point violates the second constraint of B}(t), then the point is not in £5(t) because
it violates the second (j = 3) or third (j = 1,2) constraint of set 4.3 above. Hence,
if the point is not in one of the Bj(t)’s, then it is not in £ (t), or, conversely, if the
point is in £ (t), then it must be in one of the Bi(t)’s, so the Bj(t)’s are mutually
exclusive, collectively exhaustive subsets of £5 (t).

Now we show that
E[A(t)|Bi(t)] < E[A(t)|Us(t)], j=1,2,3; i=1,2

Since Bi(t), B3(t), and B3(t) are mutually exclusive, collectively exhaustive subsets
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of £5(t), this is equivalent to showing that
E[A(t)|E5(t)] < E[A(t)Us(t)], i=1,2
First, we show in detail that E[A(¢1)|B(t)] < E[A(t1)|Ua(t)].
=1, 7 =1:
E[A(t:)|Bi(t)] = E[A(t1) due to Uy, Us|B3(t)] + E[A(t1) due to Us|Bi(t)]
= E[A(t1) due toUy, Us|E; (t2, ta)]+E[A(t;) due to Us|Us < 8]
= E[A(t)IE (t2yta)] +1
The second equation above follows because, conditioned on B}(t), Uy and U, are
independent of U; (although U; and U, are themselves conditionally dependent).
The second term of the last equation above follows because we know U; < ¢,.
The first term of the last equation above follows because, given Bi(t), and
considering only U; and U, it is as if we have a congestion period with N = 2
é,nd with departures at ¢; and ¢3; and we are interested in the expected number
of arrivals by the intermediate time, ¢;. From our N = 2 proof, we know:
E[A(t1)IE7 (t2,ts)] +1 < E[A(t:)[Uo(t2,13)] + 1

2] t
LR |
ta + i3 +

E[A(#)|Us(t1, 2, t3)]
= E[A(t)IB3(t)] < E[A(t:)[Us(t)]

We briefly enumerate the other five cases, which follow by exactly the same logic:

i =1, =2:
E[A(t;) dueto Uy, Us|B3(t)] + E[A(t;) due to Us|Bi(t)]
E[A(t1)I€7 (1, t3)] + 0

E[A(#,)B3(t)]

I

i

< E[A(t)|Uz(t1,3)]
_ 12 t1 3]
= 1+ t < 14 4 + t

E[A(t1)|ts(t)]
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1 =1, 5 =3:
E[A(t:)IB3(t)]

1 =2,7 =1:
E[A(t;)|B5(t)]

t=2,7 =2:

E[A(t,)|B3(t)]

t=2,5 =38:
E[A(t)|B3(t)]

| VAN | |

| I VAN 1l

I VAN I |

I

| I VAN | I

]

E[A(t:) dueto Uy,Uz|B3(t)] + E[A(t)) due to Us|B3(t)]
E[A(t1)|€5 (t1,t2)] + 0
E[A(t1)|Ua(t1,22)]
t bt
1+ % < 1+ 7 +

2 2 13

E[A(t:)1ths(t)]

E[A(t;) dueto U,Us|Bi(t)] + E[A(t;) due to Us|Bi(t))
E[A(%)|€5 (t2,23)] +1
E[A(t:)|th(t2,3)] + 1

E[A(%,) ts(t)]

E[A(t;) dueto Uy, Us|Bi(t)] + E[A(t;) due to Us|Bi(t)]
E[A(t,)|&; (t, ts)] + 1

E[A(t2)[Us(t1,t3)] + 1

14241

E[A(t;)|t45(t)]

E[A(tz) dueto Uy, UslB3(t)] + E[A(t;) due to Us|B3(t)]
E[A(8:)|€] (t1,2)] + 0

E[A(22)IUz(i1, 12)]

) < ot

E[A(t2)|Us(t)]
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Hence, we have shown that
E[A(t:)|B4(t)] < E[A(t)Us(t)], i=1,2 j=1,2,3
Therefore, we may say:

EAG)IE®] = SSEIAGIBI®) x PriBi®IES ()]

< YSE[A@) ()] x PrIBA)IES(®)]

y=1

= E[A(t)Iths(t)], i=1,2

Again, because of the linearity of both functions between the breakpoints. this is

equivalent to having proved, for N = 3:
E[A()IES(t)] < E[A(D)ths(t)], 0<t<ts

General IN : We proceed in a manner parallel to the N = 3 case. First, we define

N events By (t),B%(t),...,BN(t), where:

f {min(Uy, Uy, ...,Un-1) < 1}
N {2nd smallest(Uy, Uy, ..., Un-1) < 2}
N {(7 — 1)th smallest(Uy, Uy, ..., Un-1) < ti_1}
W(E) = N {jth smallest(Uy, U, ..., Un—1) < tis1)
n {(] + l)th sma.llest(Ul, U2, ey UN_]) S tj+2}
n{ma'x(Ul)UQa"'aUN—l) S tN}
‘ N{ti-1 <Unv <t} N EVN(t)

where 7 = 1,2,...,N. We claim that these are mutually exclusive, collectively ex-
haustive subsets of £x(t), just as in the N = 3 case. They are certainly mutually ex-
clusive, since Uy is defined over a different interval for each Bjy(t). They are also cer-

tainly subsets of £5(t). The ith condition of £5(t), ith smallest(U;, Uz, ..., Un) < ¢,
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is satisfied by the 7th condition of va(t), for i = 1,2,...,7 — 1; it is satisfied by
ti.1 < Uy < t; for i = j; and it is satisfied by the (¢ — 1)th condition of B3 (t) for
t=7+1,5+2,...,N.

Finally, the argument for the Bj(t)’s being collectively exhaustive may be made
by contradiction, as before: say I have a set of Uy, Us,...,Unx = U, which I claim is
not contained in any of the va(t)’s, and say that, for U, t,_; < Uy < ;. So,if U is
in any of the B (t)’s, it will be in Biy(t). Now I claim that U violates constraint k
of Biy(t), where k = 1,2,...,N — 1. But then U cannot be contained in £5(t). For
k <1i-1, constraint k£ being violated means that the kth smallest of Uy, Us,...,Un_
is greater than ¢, and since we know Uy > t;, this is equivalent to the kth smallest of
Uy, U,,...,Un being greater then t;, which violates constraint k of £5(t). Similarly,
for k > ¢, constraint k being violated means that the kth smallest of Uy, U, ..., Un_;
is greater than tz4,, and since we know Uy < t441, this is equivalent to the (£ + 1)th
smallest of Uy, U, ..., Un being greater then t;,,, which violates constraint £ + 1 of
Ex(t). Hence, if U is not in any of the Bj(t)’s, then it is also not in £g(t), so that
the B3 (t)’s are indeed a set of mutually exclusive, collectively exhaustive subsets of

£3(t). In a manner parallel to that used in the N = 3 proof, we will show that:
E[A(%)|Bi(t)] < E[A®)Un(t)], 7=1,2,...,N; i=1,2,...,N—1
= E[A®)IEF()] < E[AM)Un®)], i=1,2...,N-1
We first make the induction assumption that:
E[A(t)|E§-1(t)] < E[A{t)Un-a(t)], 0Lt <itng

and that this is true for any set of ¢,’s satisfying 0 < ; <, < --- < ty—-;. We now
show that E[A(%;)|B%(t)] < E[A(t;)|Un(t)] by considering the three cases i < j, 7 = j,
and z > j.

1< J

E[A(;)|Bi(t)] = E[A(t) due to Uy, Us,...,Un_1|Bi(t)]
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+ E[A(t:) due to Uy|Bj(t)]
= E[A(t) due to Uy, Us, ..., Un—1
IEn—1(t1y 2y - s tim1, Bigas tigzs - - o5 tN)]
+ E[A(t:) due to Un|t;—y < Uy < t;]

E[A(ti)lglff—l (tl, t2’ ey tj-h tj+17 tj+27 ceny tN)] + 0

< E[AQR)UN-1(tryt2, - s tioa, tign, Tiga, - tN)]
I V. S
= gy N -
t.+1 t:+2 ti-1 tin In
< 1+ E
k—l+l
= [A(t:)luN(t)]
t=3
E[A(%:)|Bi(t)] = E[A(t;) due to Uy, Uy, ..., Un_1|Bi(t)]
+ E[A(%;) due to Un|Biy(t)]
= E[A(t,) due to U],UQ, eeey UN—-l
€01 (ttay - ticas tivn, tigay - <y EN)]
+ E[A(t,') due to UNlti—l < Uy < t,']
= E[A(t)|Ex-1(t1yt2. .., tic, tivi,tiv2, .. tn)] + 1
S E[A(tl)luN—l (tl’t2a e ’ti—-la ti+11 ti+29 ey tN)] +1
. I B
tiy1 tig2 tn
. }’:": t;
= 14 —_
k=it1 Lk
= E[A(t:)[Un(t)]
t1>3

E[A(t:)|By(t)] = E[A(L:) due to Uy, Uy, ..., Un-1|Bi(t)]
+ E[A(t,) due to UNIBJN(t)]
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= E[A(¢;) due to Uy,Us,...,Un"q
Igj.s_] (t11t2’ R ,tj-ls tj+l’tj+27 seey tN)]
+ E[A(t,') due to UNltj—l <Unx < tj]

E[A(t;)lgg_l(tl, 1 77SNNS FEETS FTRTY FET PRI tN)] +1

S E[A(tl)luN—l(th t27 R 7tj-l’ tj+1’ tj+27 ceey tN)] + 1
i-1 i N
= Zl + Z 1+ Z = 41
k=1 k=j+1 k=i+1 t
> &
k=i+1 tk
= E[A(t:)|Un(t)]

Therefore, we may say

E[AL)IER(E)] = X E[A(t:)|BA(t)] x PriBR (t)IEx(t)]

j=1

N .
< D E[A(%)IUn(t)] x Pr[B(t)|EX(L)]

i=1

= E[A(tt)IuN(t)]’ t=12,...,N-1

Again, because of the linearity of both functions between the breakpoints, this is

equivalent to

E[A()IEX(8)] < E[AD)UN ()], 0<t <ty

and thus the theorem is proved. |
The algorithm for determining E[A(¢){Un(t)] is O(N?), since in order to determine
E[A(#)Un(t)],2 = 1,2,...,N — 1, we must perform N — i divisions and additions,

and

Rl N N(N-1) _ N(N-1)
‘-___ZI(N-Z) = N(N—l)—-—-—i‘—— = ———-5——'—

The calculations that are performed are so simple, though, compared to those that
must be performed to determine E[A(2)|E5(t)] for the exact QIE, that the time savings

is quite dramatic. In Section 4.4, we present typical runs and computation times for
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the exact QIE and for the upper bound. We also consider weighted combinations of
the upper bound and the lower bound presented in the previous section, which, in

some cases, do quite well in approzimating the value of E[A(t)|Ex (t)] for the exact

QIE.

4.3 Trapezoidal Approximation

In this section, we explore an approach to approximating the value of E[A(t)|€5(t)),
an approximation which is based loosely on the observations of Chapter 3. First
note that, in the previous section, we could obtain the identical upper bound to
E[A(t)|E5(t)] by creating a set of N approximations to the densities of the ordered
arrival times, where the approximation to f[X;|E°(t)] would be a function which is
uniform between 0 and tx. (This is just a different interpretation of what we did in
the last section.) With the trapezoidal approximation, we create a different set of
approximations to the densities of the ordered arrivals, conditioned on the arrival-time
inequalities. Specifically, we create a set of density functions f[Y:],k = 1,2,..., N,
which are approximations to the functions f[Xi|E5(t)].

Recall that in the case of the upper bound with N = 1, the density function
f(Uh|U; < ty) is identical to the density function f(X;|X; < t1): both are uniform
with value 1/t,;, for values between 0 and ¢,, and hence the expected number of
arrivals by time ¢ is identical for both the exact QIE algorithm and for the upper
bound. The trapezoidal approximation matches the exact density functions both
when N = 1 (f[Y1] is just uniform over (0,¢;]) and N = 2. Specifically, in the case of
N = 2, we begin with density functions which are identical to the density functions
FIX1|E5(t)] and f[X2|E5(t)] (see Figure 3.1). Note that f[X;|E5(t)] is trapezoidal
in shape. Since we are only really interested in the expected number of arrivals by
t, and will linearly interpolate to find the expected number of arrivals for times less

than ¢,, we may also approximate f[X;|£5(t)] by a uniform function over (0,%], to
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simplify the analysis (particularly as we extrapolate this algorithm to larger values

of N). With this approximation, then, we have:

] = & 0<%isn

1

r:l:z‘t—)', 0<Y: <t
flra] = 12 '

2_t17 tl<},23t2

When we calculate the expected number of arrivals by ¢;, we get the same value
as that calculated by the exact QIE algorithm (not surprisingly), a lower value than
that calculated by the upper bound algorithm. But f[Y}] is identicz! to f[U;|U; <
ty, U, < t;). The difference is that f[U;|U; < t;,U; < t5] is uniform, while f[Y3] is
trapezoidal: f[Yz] essentially causes the other arrival to occur later and thus reduces
the expected number of arrivals by time ¢;. This then suggests a way to improve
on the upper bound to the expected number of arrivals. Namely, rather than using
uniform density functions for all of the arrivals, which causes the arrivals to occur
too soon, we use trapezoidal density functions for all of the arrivals (except the first,
which we still approximate by a uniform), which causes these arrivals to occur later
and thus reduces the expected number of arrivals by the t,’s.

Specifically, we have the following. We define f[Y] to be an approximation to
FIXk|E5(t)]. We would like f[Y;] to be linearly increasing up to tx_; and then to be
uniform for t;_; < Y; < ¢4, i.e., we require that Y; < ¢; for all ¢ so that we know
that we have enough arrivals by ¢; for the busy period to continue. After working out

what the values must be in order to ensure that the area of f[Y;] is unity, we have

the following:

2Y,
i (2t _k_t )’ 0<Yk5tk-1
flYi] = "“2" k-t k=1,2,...,N
e SE— ti_ Y. <t
% — g k-1 < X S i

Now we define the trapezoidal approximation to the expected number of arrivals by

time ¢;, which we denote by AT%(¢;), to be the expected number of arrivals by time
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t; due to the Y;’s. Specifically:

ATR(t.) = E[A(%) due to the Y ’s]
= EN: E[A(%) due to Y]

k=1

But the quantity in the summation is easily found as follows:

1, )/k S t;
A(t)due to Yy =

0, Yo >t
= E[A(t;) due to Yi] = Pr[Yi <t
1, k=1,2,...,i
= 2
3 , 1<k<N

te—1(2t — tg—1)

Therefore, we find that ATF(t;) is given by the following:

ATR ti =1 + 1 14
() k=§.1 te-1(2tk — te—1) (4.4)

If we actually used the Y;'s to evaluate ATR(t) for values of ¢ not equal to a t;,
then ATF(t) would not be a piecewise linear function but would be quadratic. Hence,
we define ATR(t) for values of ¢ in the range t;_; < t < ¢; to be the linear interpolation

between ATR(t;_,) and ATR(t;). Specifically, we have:

ATR(3) = ATR(1, ) + ti"—’t;‘ [ATR() - ATR(t, )}, ti <t<t;
[ 22 |

Of course, only the values of the function at the ¢;’s are used in calculating the queue
statistics of interest; the above is provided for completeness.

We now proceed to demonstrate that the trapezoidal approximation is neither
an upper bound nor a lower bound (proof by counterexample); that it is neither
concave nor convex (also proof by counterexample); and that it does give values for
the expected number of arrivals by time ¢; which are lower than those provided by

the upper bound, i.e., we have

< E[A(t)Un(t)], i=1,2,...,N (4.5)

ATR(t;)
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Consider a congestion period with 3 customers and with service commencement

times given by:

tl = 15
t2 = 19
t3 = 20

We may use Equation 4.4 to calculate the expected number of arrivals by time ¢;
using the trapezoidal approximation. To find the exact expected number of arrivals
by time t;, either we may use the beta-matrix techniqu: described in Chapter 2; or we
may integrate and sum the densities given in Section 3.2 for X, and X3. The values

we get are the following:

Time | E[A(t)|ES(t)] | ATR(t)
th=15| 2.2931 2.2161
t,=19| 28678 | 2.9048
t5=20| 3.0000 | 3.0000

Note that E[A(#)|E5(t)] > ATR(t1). However, we also have that E[A(%;)[E5(t)] <
ATE(t,). This is sufficient to demonstrate that A7(¢) is neither an upper nor a lower
bound to E[A(2)|E5(t)).

Next we wish to consider the concavity of the function ATR(t) in this partic-
ular N = 3 example. We define m?'F to be the slope of the line connecting
(ti-1, E[A(t:i=1)|E5(t)]) with (¢, E[A(:)|€5(t)]). Similarly, we define m7? to be the
slope of the line connecting (¢;—1, AT?(¢;-1)) with (¢;, ATR(¢;)). Then we have:

mQIE E[A(%:)|€5(t)] — E[A(ti-1)IE5(8)]
' t;i —tia
rr _ ATR(t:) — ATR(tio1)

m{B® =
ti =t

which gives us the following for the slopes in the t; = 15,¢, = 19, {3 = 20 example:
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Interval | mP'E | mTR

(to,t:) |0.1529 | 0.1477
(t1,t2) | 0.1437 | 0.1722
(t2,ts) | 0.1322 | 0.0952

As can be seen from the above table and as we already knew, the exact QIE estimate
is a piecewise-linear, concave function whose slope decreases as ¢ increases. As can
also be seen, the trapezoidal approximation of the cumulative number of arrivals by
time ¢ is convex in the interval (o,%2), and is concave in the interval (1;,3). This is
sufficient to demonstrate that A7R(t) is neither a convex nor a concave function of t.

Finally, we wish to demonstrate that Equation 4.5 holds. We know the following:

ATR(t) = f:E[A(t,-) due to Y;]
k=1

N
E[A(t)Un(t)] = D E[A(%) due to Ui|Ux <t

k=1

We also know that:
E[A(t;) due to Yi] = Pr[Yi <]
E[A(t,) due to UklUk < tk] = Pr[Uk < t,'IUk < tk]

We can easily show dominance of the right-hand side of the bottom expression over

wi

the right-hand side of the top expression. When k£ < 7, both right-hand sides are

unity. When k& > 7, we have:

12
Pr{Y, < t] = ; k>
¥ < 8 te1(2te — te-1) >

tr- .
= —&L | i=k-1

T 2 —tyy
t; .
PrlUy < tiJUx < ti] = {", k>q
k
i .
= ——:1, i=k—1
k

Both functions begin at the origin, and Pr[Y, < ¢;] is convex in t; while Pr[U; <

t;)Uix < ti] is linear. Hence, if the linear function still dominates the convex function
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at the greatest possible value of ¢; (since we require k > i, this would be at the point
t; = ty—y), then it also dominates everywhere in between the origin and this point.
But considering the above expressions when ¢ = k — 1, we see that the dominance
exists if and only if 2ty — t;_; > tx <= tx > ti—1. This is true by definition, and
hence we have the stochastic dominance (of Uy|Uy < t; over Y;) to give us the result

of Equation 4.5:

PrlYi <t] < PrUp <tilUr <t), i=1,2,...,N, k=12,...,N
= ATR(t;) < E[A(t)Un(t)], i=1,2,...,N

Because both ATR(t) and E[A(t)|Un(t)] are or have been defined to be linear for

values of ¢ between the t,’s, then the inequality above actually holds for all values of

t in [0, tN].

4.4 Computational Results

In this section, we present figures and tables which document the results of runs
of the concavity lower bound algorithm, the uniform upper bound algorithm, and
the trapezoidal approximation algorithm. We then consider combining pairs of these
algorithms to get better estimates of the exact QIE expected queue length function.
We include results from simulation of an M/M/1 queue. These data were generated
by three simulation runs of 100 hours with Poisson arrivals at rate 10 per hour, a single
server, and exponential service time with expected value of 3 minutes for the first run
(giving a value of p = 0.5) and 4 minutes for the second and third runs (giving a
value of p = 0.67). There were 6 congestion periods in the first run which had greater
than 11 customers. They had 14, 13, 14, 18, 21, and 12 customers, respectively. In
the following results, we consider either all 6 of these runs, or just the two longest,
with N = 18 and N = 21. We also examine the two longest runs in the other two
congestion periods, both of which, coincidentally, had N = 58 customers. These runs

are presented as examples of very long congestion periods. The statistics that are
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used for comparison of the various algorithms include: E[Lg|...], the time-averaged
number of customers in queue; E[Wp]...], the average wait in queue; and §, the
approximation error, which we define to be the absolute area between E[Q(2)|E°(t)]
as generated by the exact QIE algorithm, and the approximation algorithm’s estimate
of the same function, divided by the duration of the congestion period, tx5. The run
times to generate the expected cumulative number of arrivals by the t;’s for the
different algorithms are also compared. Runs were on a 386/387-based Northgate
Computer Systems PC. Each run time presented below is actually the average of
1000 (for long runs, presented to hundredths of a sccond), 3000 (for intermediate
runs, presented to thousandths of a second significance) or 10,000 (for short runs,
presented to ten-thousandths of a second significance) run times from different runs
of the program on the same data. This averaging was necessary, because the system
clock is only updated every 0.0549254 seconds [Scan 83], so to get accuracies better

than 0.1 seconds, many runs must be averaged.

The first results are for the concavity lower bound. In Figures 4.1 and 4.2 we
show the expected queue lengths as generated by the original QIE algorithm versus
the expected queue lengths as generated by the concavity lower bound algorithm.
The queue statistics and run times for these congestion periods, under the original
QIE algorithm and the concavity lower bound, are presented in Table 4.1. Note that
the run times for the concavity lower bound algorithm are very small. Also note that
they are not monotonic with the size of the congestion period. This is because the
number of slopes that must be calculated to generate the concave hull depends on the
t-vector as well as the number of customers in the congestion period. For example,
it is much faster to compute the concave hull of a set of (¢;,:) that describe a convex _
function than it is a set that describe a concave function. In general, this bound is not
very good. At the end of this section, we will see how to combine it with either the
uniform upper bound or the trapezoidal approximation to get a better approximation

to the original QIE function.
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Figure 4.1: Expected Queue Length for Congestion Periods of 14, 13, 14, 18, 21, and
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N = 58: Expected Queue Length
Exart QIE va Concavity Lower Bound
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Figure 4.2: Expected Queue Length for Two Congestion Periods of 58 Customers:

Exact QIE vs. Concavity Lower Bound
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Size of Data E[Lg|...] | E[Wg]|.. ] 6 Run Time
Cong. Period Used (minutes) (secs)
N=14 Orig. QIE 2.8067 11.5727 0 0.172
Concavity LB 2.4254 10.0005 | 0.3813 0.0011
N=13 Orig. QIE 2.5231 11.5515 0 0.133
Concavity LB 1.8718 8.5697 0.6513 0.0014
N=14 Orig. QIE 2.6239 8.6997 0 0.173
Concavity LB || 1.9440 6.4456 | 0.6798 | 0.0014
N=18 Orig. QIE 2.8649 12.6644 0 0.404
Concavity LB 1.8121 8.0103 1.0528 | 0.0017
N =21 Orig. QIE 3.3871 12.0615 0 0.694
Concavity LB || 2.4346 8.6698 | 0.9524 | 0.0016
N=12 Orig. QIE 1.8193 6.4488 e 0.103
Concavity LB || 1.1878 4.2104 | 0.6315 | 0.0013
| ~N=s8q) | orig. QIE | 9.3605 | 495175 | o 31.15
Concavity LB 8.6635 45.8302 | 0.6970 0.0031
N=58(2) | Orig. QIE | 4.4114 | 21.5511 0 31.22
Concavity LB || 2.4802 12.1168 | 1.9312 | 0.0074

Table 4.1: Comparison of QIE and Concavity Lower Bound Algorithms for Eight

Congestion Periods
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The next set of results are for the uniform upper bound. In Figures 4.3 and 4.4, we
show the expected queue lengths as generated by the original QIE algorithm versus
the expected queue lengths as generated by the uniform upper bound algorithm.
The queue statistics for these congestion periods, under the original QIE algorithm
and the uniform upper bound, are presented in Table 4.2. Note that the run times
for the uniform upper bound algorithm are also very short. This time, however,
they are monotonic with the length of the congestion period, since the number of
calculations that must be executed for a single congestion period is deterministic
with the length of the congestion period and in no way depends on the t-vector.
Note that there is a slight discrepancy between the runtimes of the two N = 58
congestion periods. This discrepancy is also evident in the runtimes for the trapezoidal
approximation. The source of the discrepancy is unknown, although it is conjectured
that the processor may handle different t-vectors slightly differently, which could
result in slightly different runtimes. Again, we will see better performance of this
algorithm at the end of this section when it is combined with the concavity lower
bound.

Next, we present results for the trapezoidal approximation algorithm. In Figures
4.5 and 4.6, we show the expected queue lengths as generated by the original QIE
algorithm versus the expected queue lengths as generated by the trapezoidal approx-
imation algorithm. The queue statistics for these congestion periods, under the
original QIE algorithm and the uniform upper bound, are presented in Table 4.3.
The run times for the trapezoidal algorithm are again monotonic with the length of
the congestion period. These runs take just slightly less than twice as long as the
uniform upper bound runs on the same data. Note that this approximation does
much better than the uniform upper bound. The tendency of the trapezoidal ap-
proximation algorithm is to underestimate the queue lengths at the beginning of the
congestion period and then to overestimate them towards the end of the congestion

period. The reason for this is that at the beginning of the congestion period, most of
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Figure 4.3: Expected Queue Length for Congestion Periods of 14, 13, 14, 18, 21, and

12 Customers: Exact QIE vs. Uniform Upper Bound
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Figure 4.4: Expected Queue Length for Two Congestion Periods of 58 Customers:
Exact QIE vs. Uniform Upper Bound
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Size of Data E[Lg]|...] | E[Wg].. ] ) Run Time

Cong. Period Used (minutes) (secs)

N=14 Orig. QIE 2.8067 11.5727 0 0.172

Uniform UB 4.7127 19.4318 | 1.9060 0.0021

N =13 Orig. QIE 2.5231 11.5515 0 0.133

Uniform UB 4.0867 18.7099 | 1.5636 0.0018

N=14 Orig. QIE 2.6239 8.6997 0 0.173

Uniform UB 4.4573 14.7788 | 1.8335 0.0021

N=18 Orig. QIE 2.8649 12.6644 0 0.404

Uniform UB || 5.3502 23.6505 | 2.4853 | 0.0033

N=2] Orig. QIE 3.3871 12.0615 0 0.694

Uniform UB || 6.3740 22.6982 | 2.9870 | 0.0043

N =12 Orig. QIE | 1.8193 | 6.4488 0 0.103

Uniform UB 3.1765 11.2596 | 1.3572 0.0016

N =58 (1) Orig. QIE 9.3605 49.5175 0 31.15

Uniform UB || 18.8317 | 99.6206 | 9.4712| 0.0310

N=58(2) | Orig. QIE | 44114 | 21.5511 0 31.22

Urniform UB || 14.0497 68.6376 | 9.6383 0.0299

101

Table 4.2: Comparison of QIE and Uniform Upper Bound Algorithms for Eight Con-

gestion Periods
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Figure 4.5: Expected Queue Length for Congestion Periods of 14, 13, 14, 18, 21, and

12 Customers: Exact QIE vs. Trapezoidal Appreximation
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Figure 4.6: Expected Queue Length for Two Congestion Periods of 58 Customers:
Exact QIE vs. Trapezoidal Approximation
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Size of Data E[Lg|...] | E[Wp]...] 6 Run Time

Cong. Period Used (minutes) (secs)

N=14 Orig. QIE 2.8067 11.5727 0 0.172

Trap. Approx. || 3.2745 13.5020 | 0.6072 0.0040

N =13 Orig. QIE 2.5231 11.5515 0 0.133

Trap. Approx. || 2.9582 13.5434 | 0.5026 | 0.0035

N =14 Orig. QIE 2.6239 8.6997 0 0.173

Trap. Approx. | 3.1007 10.2807 | 0.6086 0.0040

N =18 Orig. QIE 2.8649 12.6644 0 0.404

Trap. Approx. | 3.7207 16.4474 | 0.9669 0.0065

N=21 Orig. QIE 3.3871 12.0615 0 0.694

Trap. Approx. | 4.6003 16.3817 | 1.2132 | 0.0086

N =12 Orig. QIE 1.8193 6.4488 0 0.103

Trap. Approx. || 2.2399 7.9396 | 0.4691 0.0030

N =58 (1) Orig. QIE 9.3605 49.5175 0 31.15

Trap. Approx. || 12.6367 66.8488 | 3.6746 | 0.0650

N =58 (2) Orig. QIE 4.4114 21.5511 0 31.22

Trap. Approx. 9.4367 46.1014 | 5.0322 0.0641

Table 4.3: Comparison of QIE and Trapezoidal Approximation Algorithms for Eight

Congestion Periods
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the contribution to the expected queue length is from the early arrivals. The prob-
ability densities for the very early arriyals tend to be skewed much earlier than a
trapezoidal density would suggest, leading to an underestimation of queue length.
On the other hand, at the middle and end of the congestion period, the later arrivals
are the cnly ones contributing to the expected queue length, and these tend to be
skewed even more heavily towards the later times than a trapezoidal density, leading

to an overestimation of queue length.

Finally, we present results for mixtures of the uniform upper bound with the
concavity lower bound, and of the trapezoidal approximation with the concavity lower
bound. In Figures 4.7 and 4.8, we show the expected queue lengths as generated
by the original QIE algorithm versus the expected queue lengths as generated by
a mixture of the uniform upper bound and the concavity lower bound. Then,
in Figures 4.9 and 4.10, we show the expected queue lengths as generated by the
original QIE algorithm versus the expected queue lengths as generated by a mixture
of the trapezoidal approximation and the concavity lower bound. In both cases,
the N = 18, N = 21, and the two N = 58 congestion periods are analyzed, with
various fractions of the contributing algorithms. Also in both cases, we started by
trying a 50/50 combination of each algorithm. We then tried two other combinations
for each mixture. For the uniform upper bound mixture, it was clear that the 50/50
combination still had too much contribution from the upper bound, so both 40/60
and 30/70 combinations were tried for the smaller congestion periods, and 30/70 and
20/80 combinations were tried for the N = 58 congestion periods. For the trapezoidal
approximation mixture, the 50/50 mixture seemed to perform well for the smaller
congestion periods, so we tried combinations on either side of 50/50, namely 40/60
and 60/40. For the V = 58 congestion periods, we started with a 50/50 combination
and the tried 40/60 and 30/70 combinations. It should be stressed that these choices
were strictly ad hoc and depended on the results of these specific congestion periods.

It appears that the amount of the concavity lower bound to be included in either
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Figure 4.7: Expected Queue Length for Congestion Periods of 18 and 21 Customers:
Exact QIE vs. Uniform UB/Concavity LB Combinations
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:ombination increases with the size of the congestion period. The specific manner by
which this occurs is one area which needs to be investigated in a methodical manner.

The queue statistics for these four congestion periods, under the original QIE
algorithm and the mixture algorithms, are presented in Tables 4.4 and 4.5. Note
that we do not present run times here, since the run times will simply be the sum
of the times for the individual algorithms plus a nominal amount of time to add the
two values together with the appropriate weighting: i.e., the run times are still very
short. The improvement in approximating the QIE is quite dramatic over any of the
algorithms alone, but work needs to be done to determine a reliable technique for

choosing the best ratio as a function of the size of the congestion period.
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Size of Data E[Lg|...] | E[Wq]...] )
Cong. Period Used (minutes)
Orig. QIE 2.8649 12.6644 0

N=18 |50% UUB +50% CLB | 3.5812 | 15.8304 | 1.0669
40% UUB + 60% CLB || 3.2274 | 14.2664 | 0.4167
30% UUB + 70% CLB || 2.8735 | 12.7024 |0.2172
Orig. QIE 3.3871 | 12.0615 0
N=21 |50% UUB + 50% CLB || 4.4043 | 15.6840 | 1.0197
40% UUB + 60% CLB || 4.0104 | 14.2812 | 0.6467
30% UUB + 70% CLB | 3.6165 | 12.8783 | 0.3714
Orig. QIE 9.3605 | 49.5175 0
N =58 (1) |50%UUB+ 50% CLB || 13.7476 | 72.7254 | 4.3871
30% UUB + 70% CLB || 11.7140 | 61.9673 | 2.3543
20% UUB + 80% CLB || 10.6971 | 56.5882 | 1.3475
Orig. QIE 44114 | 21.5511 0
N =58 (2) |50% UUB + 50% CLB || 8.2650 | 40.3772 | 3.8536
30% UUB + 70% CLB || 5.9511 | 29.0730 |1.5435
20% UUB + 80% CLB || 4.7941 | 23.4209 |0.4278

Table 4.4: Comparison of QIE and Various Mixtures of the Uniform Upper Bound
(UUB) and the Concavity Lower Bound (CLB) Algorithms, for Congestion Periods

with N = 18, 21, and 58
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Size of Data E[Lg|...] | E[Wq!.. ] )
Cong. Period Used (minutes)
Orig. QIE 2.8649 | 12.6644 0

N =18 60% TRA + 40% CLB 2.9573 13.0725 | 0.3276
50% TRA + 50% CLB 2.7664 12.2288 | 0.8212
40% TRA 4+ 60% CLB 2.5756 11.3851 | 0.2894
Orig. QIE 3.3871 12.0615 0
N=21 60% TRA + 40% CLB 3.7340 13.2970 | 0.4400
50% TRA + 50% CLB 3.5175 12.5258 | 0.2631
40% TRA + 60% CLB 3.3009 11.7546 | 0.1617

Orig. QIE 9.3605 49.5175 0
N =58(1) |5% TRA + 50% CLB || 10.6501 56.3395 | 1.7393
40% TRA + 60% CLB || 10.2528 54.2376 | 1.3616
30% TRA + 70% CLB 9.8555 52.1357 | 0.9942
Orig. QIE 4.4114 21.5511 0
N =58 (2) |50% TRA + 50% CLB 5.9585 29.1091 | 1.5826
40% TRA + 60% CLB 5.2628 25.7106 | 0.9350
30% TRA + 76% CLB | 4.5672 22.3122 | 0.4043

Table 4.5: Comparison of QIE and Various Mixtures of the Trapezoidal Approxi-
mation (TRA) and the Concavity Lower Bound (CLB) Algorithms, for Congestion
Periods with V = 18, 21, and 58



Chapter 5

Generalizing the Set of

Conditioning Inequalities

The basic ideas in this chapter were motivated by the consideration of large conges-
tion periods. The ideas presented explore the consequences of changing the set of
conditioning events on which the fi;(t)’s are calculated. A general theorem is pre-
sented and proved, which leads to bounds on the quantity E[A()|€5(t)]. Finally, a
general algorithm, to find the Bi;(t)’s under any set of conditioning events, is pre-
sented. In the next chapter, this algorithm is specialized in a couple of ways to take
advantage of the special structure of the modified set of conditioning events. These
specialized algorithms result in some significant computational savings over the orig-

inal QIE algorithm, although they are not as fast as the algorithms presented in the

last chapter.

5.1 Motivation for Changing £°(t)

Note that in the calculation of the B (t) values, we condition on all of the arrival-
time inequaliiies given by £5(t). But if N = 100, and we are calculating B75 60(t) (the

probability that Xz5 occurs before tgp), it is unlikely that F75 60(t) will be much affected
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by the part of £5(t) given by X; < t; (otherwise denoted by 1 < N(¢;) < 100). Hence,
the idea arises that perhaps a good approximation to the B;(t) values may be found

by considering only the parts of £5(t) that are likely to have a significant impact on |
Bri(t). One question that arises is, what does omission of some of the arrival-time
inequalities do to the expected cumulative number of arrivals by time ¢t? To answer
this, consider the example given above. If we omit the single arrival-time inequality,
X; < t;, then we are allowing X; to occur at a later time, which would seem to
increase the probabilities that all of the X’s occur later, in turn decreasing Si;(t) for
all £ and ¢ values of interest. The decrease in all of these probabilities would mean
that there would be a concomitant decrease in the expected cumulative number of
arrivals by time ¢, and hence we speculate that the expected cumulative number of

arrivals in this case would be a lower bound to E[A(¢)|E5(t)].

Now consider what would happen if we also eliminated the arrival-time inequality,
X, < ty. This allows X, to occur later, which again increases the probabilities that all
of the other X’s occur later, which would decrease fi;(t) and the expected cumulative
number of arrivals even further than the original reduction due to omitting X; < ¢;.
Hence, by starting with a minimal number of the original arrival-time inequalities
and then adding more and more of them, we get a series of stochastically dominant
lower bounds to E[A(t)|€5(t)], where the bound gets better and better as we add
more conditioning inequalities. Our general hypothesis here is that omitting any
(and any number) of the conditions contained in £5(t) (except the two boundary
conditions) and then calculating E[A(t)|ER(t)], the expected cumulative number of

arrivals conditioned on £F(t) (the reduced set of inequalities), gives a lower bound

to E[A(£)|E5(t)].

To see what impact reducing the set of inequalities has on our formulation of the
set of bounds on the A(%;)’s, we look at a simple example. Say N = 4, and we decide

to eliminate the inequality X; < ¢, from £(t). Then, our reduced set of inequalities,
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Figure 5.1: Bounds for £5(t) (Left) and £%(t) (Right: Eliminate X, < t;)
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But because A(t) is defined as a counting process, we know that A(#;) < A(tz) <
A(t3), which says that there are still implicit bounds on A(t;), which are given by
1 < A(t;) < 4. In the original £5(t), the bounds on A(t;) were given by 2 < A(t,) < 4,
so the elimination of the inequality X, < ¢, has the effect of lowering the lower bound
on A(%2). See Figure 5.1 for a graphical interpretation of the two sets of bounds. Note
that by eliminating the inequality X, < ¢, the state A(f;) = 1 is admitted to the set
of allowable states.

Now let us consider another way to change the bounds on the A(¢;)’s. Say that in
our N = 100 example, we decide that it is very unlikely that all 100 customers arrived
before t; (giving a queue length of 100), so we would like not to have to calculate
the probability of this (presumably rare) event in our algorithm. What does this
assumption do to the bounds on the A(¢;)’s and to the expected cumulative number

of arrivals by time t? Clearly, we now require 1 < A(¢;) < 99, i.e., the upper bound
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on A(t;) has been lowered from 100 to 99. By making this change, we are not allowing
Xi00 to occur before t,, i.e., we are forcing it to occur later, which again increases
the probabilities that all of the X’s occur later, again decreasing fk:(t) for all £ and
all i. The decrease in all of these probabilities would mean that there would be a
concomitant decrease in the expected cumulative number of arrivals by time ¢: i.e.,
we hypothesize that eliminating large-queue events from £°(t) and then calculating
E[A(%)|E9(t)], the expected cumulative number of arrivals conditioned on the new set
of bounds, would give a lower bound to E[A(¢)|5(t)]. We look at a simple N = 4
example, this time adding the constraint that our maximum queue length may never
exceed the value 3 (this is equivalent to lowering the upper bound on A(%;)). So our

new set of conditions, £2(t), is given by:

0< At <
1< A(t) <3
9< Alty) <4
3< A(ts) <4
4< A(t) <4

See Figure 5.2 for a graphical interpretation of this new set of bounds.

Consider now how these ideas might generalize. We begin with £5(t), and then
we lower either a lower bound or an upper bound to one of the A(¢;)’s. In both
cases, we hypothesize the values of fii(t) for all ¥ and ¢ are reduced, and hence the
expected cumulative number of arrivals by time ¢ is also reduced, i.e., in both cases a
lower bound to E[A(t)|£5(t)] is generated. There was nothing special about starting
with the set of bounds given by £5(t), however. And we might also speculate that
raising either the upper or lower bound on some A(t;) should give an upper bound to

E[A(2)|€5(t)]. We now present a general theorem which combines all of these ideas

and does indeed give the hypothesized results.
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Figure 5.2: Bounds for £5(t) (Left) and £9(t) (Right: Max Queue Length < 3)

5.2 Proof of Stochastic Dominance Theorem

In this section, we present and prove a theorem which validates the general conjec-

tures made in the last section. We begin with some definitions and notation. First, we

generalize on the Poisson assumption. Namely, we assume that, given N arrivals in

(0,tn], the times of the unordered arrivals are independent and identically distributed

(under Poisson arrivals, the additional assumption of uniformity is made). The dis-

tribution function for these arrivals is given by F. Now consider B, any reasonable

set of bounds on the A(¢;)’s, i.e., a set which does not violate the counting process

nature of A(t). Specifically, in terms of Equation 2.4, we require the following:

lo

Uo

un

IN A

I

Uu;

U

i=12,...,N (5.1)
i=1,2,... N
t=0,1,...,N

The first two of these requirements are just the boundary conditions of the process;

the next two are direct consequences of the fact that A(¢;_;) < A(%;); and the last

is a consequence of requiring that there be at least one allowable state for each of
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the A(t;)’s. We also adapt another convenience in notation, which will be used in
this section only. Since we are only looking at A(t) and F(t) at the values ¢ = {;, we
abbreviate A(t;) by A; and F(t;) by F;, i.e. we have, for the explication and proof of

the theorem only:
A,'EA(t,'), REF(t;), i=0,1,...,N

Finally, since we are only considering a single t-vector throughout the proof, we omit
it in our notation for conditioning events, e.g., instead of £5(t), we use £B.

The general formulation of the theorem is the following:
Theorem 5.1 Pr[A; > k|A; > m,EB] > Pr[A; > k|€B], m<u;

i.e., increasing the minimum number of arrivals that have occurred by time #; also
increases the probability that there have been at least k arrivals by time ;.

Proof: Note that this theorem is symmetric in 7 and j: i.e., it may be expressed as:
PI’[A,‘ > k,A]‘ 2 mlEB] > PI‘[A,‘ > kIgB] X Pr[Aj > mIEB]

In this formulation it is easy to see that it is trivially true when ¢ = j, for then the

theorem reduces to proving (when k& > m)
Pr[A; > k|EB] > Pr[A; > k|EB] x Pr[A; > m|E5]

Because of the symmetry, we may assume, without loss of generality, that : > 5. We
now eliminate some other trivial cases. First, when k < m, the left-hand side of the
theorem is unity, making it trivially true, so we assume k > m. Second, when k < [;,
then both sides of the theorem are unity; and when & > u;, then both sides are zero:
hence, we assume [; < k < u;. Finally, both sides of the theorem are equal when
m < l; (no new information added), so we assume /; < m. Summarizing all of the

assumptions, then, we have:

T >
k
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Figure 5.3: Depiction of Theorem 5.1

See Figure 5.3 for a graphical interpretation of the theorem: the probability of entering
the circled states is higher, given we start from the boxed states, than it is, given we
start from the dashed-boxed states.

We begin the proof with the following Lemma:
Lemma 5.1

Pr[A, > b|Aae; = ¢, EB22 EON] > Pr[A, > blAsey = ¢ —1,EB22 £0V] ¢ < u,

The definition of £582¢ js equivalent to that given in Equation 2.7 (although here we
omit explicit reference to the t-vector). Figure 5.4 gives a graphical interpretation of
the Lemma: we wish to prove that the probability of entering the circled states at
time #, has a higher probability when A(¢,_;) = c than when A(¢,_;) = c—1. Again,
we make the following assumptions to avoid trivialities:

b > ¢
I, < b < u,

0 < ¢ < u,
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Figure 5.4: Sample Bounds for Lemma 5.1

We may expand the left-hand side of the lemma as follows, just using the definition

of conditional probability:

PrjA,.1 =¢, A, 2 b, gBZa| go,N]
Pr[As1 = ¢, £52°(€%]

Pr[A._; = ¢, A, > b,EP23|E0N]
Pr[A,_, = ¢, A, > b,EB29|EON] + Pr[A,_; = ¢, A, < b, EB22|E0N]

In a similar manner, we expand the right-hand side of the lemma to get:

Pr[A,_1=c—1,A,>b,EB22|£0N]
Pr[A,_1=c—1, A, >b,EP28|EON] 4 Pr{A,.1=c—1, A, <b,EB2¢|E0N]

We now make the following definitions:

W = Pr[A,_; =c, A, > b EB2e|E0N]
X = Pr[A,, =c—1,4, < b,EB2e|E0N)
Y = Pr[As-1 = ¢, A, < b,EB22|E0N]
Z = Pr[A,;=c—1,A,>bEB2e|E0N)
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Figure 5.5: Depiction of Sample Paths Comprising W, X, Y, and Z

See Figure 5.5 for a depiction of the set of sample paths that each represents. W is
the probability of all sample paths which enter state ¢ at time #,_,, then enter a state
with index at least equal to b at time ¢, and then conform to the barriers given by
EB24 for times greater than ¢, and less than tx. X, Y, and Z are defined similarly.

Substituting these in, we see that the Lemma may be restated:

w > Z
W4+Y — Z4+ X
— WxX > YxZ2

Each of these four probabilities may be expressed as a sum of multinomial probabili-

ties, as follows:

W = Pr[As1 =c, A, > b, £B2¢|E0N)

= ZPr[Aa—l =c¢, A, = 707Aa+1 =Ya+1:-+> Ay = IN-1, AN = ngO,N]
T'w

-y ‘N!

Tw Ve = N Vat1 — %) .. (N — yv-1)!
X F:—I(Fa - Fa-—l)(‘ya—C)(Fa+l - Fa)(’7a+1 ~%a) . (FN — FN_I)(N_7N‘1)
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where T'yy is the set of all 4’s (Y4, %Ya41 - - -, YN—1) Which satisfy the basic definition of

a counting process, i.e., we have ¢ < v, < Yp41 £ -+ £ 9v-1 £ N, and which also

satisfy:
b S 7(1 S ua
loyi € Yo < Uapr
Inoy £ v-1 £ una

Note that X, Y, and Z may be expressed similarly.

When we multiply W by X, or Y by Z, we get a sum of terms, each of which is
the product of two multinomial terms similar to the above. We claim that, for any
term in Y X Z, consisting of the product of one term from Y and one from Z, we may

find a unique term in W x X, consisting of the product of one term from W and one

term from X, such that

term from W x X > term fromY x Z

Specifically, let (A,-1, Aq,...,AN-1,AN) represent any point in the sample space

(where we always have Ay = N). Now say that our term from Y x Z is given by the

product of
Prlc, Yo, Yas1s - - - YN-1, N|EON] X Prlc — 1,24, 2441, - -, 2N-1, N|EOV]

where we know ¢ < y, < b, z, > b, and, of course, the y’s and z’s are non-decreasing

with their indices. Then we choose our term from W x X to be the following product:

— — _ o,N
PI‘[C,’U)a = Zay Wat1 = 2q41y+ -y WN-1 = zN—I,ng ]
— _ — 0,N
X Pr[c—17$a—ya7$a+l = Yo+1y9--+-3TN-1 _yN—lleg ]
We know the first term exists in W, since w, = z, > b > c and the z’s are non-

decreasing. Similarly, the second term exists in X, sincec—1<c¢<y, =z, < band

the y’s are non-decreasing. We would like to show the following:
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Claim 5.1

Prlc, za, Za41, .- -1 2v-1, N|E®N] X Prlc — 1,%a,Yas1, - - - » Yn=1, N|EON]

_>_ PI‘[C, YasrYa+15---2YN-1, NIEO'N] X Pr[c - 11 Zay%a+1y+++32N=1, ngO,N]

We expand each of the above into its multinomial form to find that the claim is true
if and only if

N!
C!(za - C)!(Za+l — za)! - (N — ZN-]_)!
XFS_((Fy = Fyq)®9 . (Fy — Fr_q)™=2v-1)
N!

X
(c - 1)!(ya —-c+ 1)!(ya+1 - ya)! ... (N - yN—l)!
xFa(i—ll)(Fa — Fa_l)(ya—c+1) o (Fy - FN_I)(N-yN_,)
? 1
2 Nl '
C!(ya - C)!(ya+1 - ya). . (N — yN—l)!
XF:.](FG _— Fa_l)(ya—c) “ee (FN —_— FN_I)(N"UN—i)
N!
X

(e = D)Nza — ¢+ 1)!(zag1 — 2za)! ... (N — 2n-1)!
) FCT(F, — Fyq)eeotD) | (Fy — Fy_y)N=2n-1)

Fortunately, all of the F' terms and most of the factorial terms cancel. After cancel-

lation, we find that the claim is true if and only if:
1 ; 1
(Za— N Yya—c+ D! = (yo—c)M(za —c+1)!
(za —c+1)! ; (Yo —c+1)!

—

(za - C)' - (ya - C)'
?
&= zz—c+1l 2 yo—c+1
?
= Zo 2 Ya

But since z, > b and y, < b, the above is true, and hence the claim is true. Since for

each term in ¥ X Z we can find a unique corresponding term in W x X, then

YxZ= Zall Y x Z terms < Zall corresponding W x X terms < W x X



124 CHAPTER 5. GENERALIZING THE CONDITIONING INEQUALITIES

where the last inequality follows since there may be additional terms in W x X that
have not been accounted for. B (Lemma 5.1)

Now we proceed to prove the following:

Lemma 5.2

Pr[A, > blAan = ¢, EBZ0™H €ON] > Pr[A, > blA,_, = c — 1, EB2e77F1 gON],

¢ < Ug—n41

Again, to avoid trivialities, we assume the following:

b > ¢
l, < b Ug

<
0 < ¢ < min(y, —1,ug—py1)

Figure 5.6 gives a graphical interpretation of the Lemma: we wish to prove that the
probability of entering the circled states at time ¢, has a higher probability when
A(ts—n) = c than when A(t,—,) = ¢ — 1. The proof is by induction on n, where the
n = 1 case was proved in Lemma 5.1. Hence, we assume the Lemma to be true for n
and prove that this implies its truth for n + 1.

First we expand the left-hand side of the Lemma for n + 1:

Pr[Ay > b|Agn-y = ¢, EB20~" £ON]

Ug—n

= Y Pr[A > b Aun = d|Agpg =, EPZ, E0N]
d=lg—n
= Y {PrlAa 2 blAcn = d, E5207741 gON]
d=ln-n
X Pr{As—n = d|Agop_y = ¢, E5227 £0N]] (5.2)

Notice that the first term in the last sum above does not need to be conditioned on

the value of A,_,,_;, since the process is Markovian. Also note that:

{Aa—n = d} ngBZa-n — {Aa_n = d} ﬂgBZa—n-{-l
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A(t)
N [
® Ug (@ [ ] ]
[ ] [ ] [ ]
¢ ° b e ¢
[ ) ® [ ] [ 9 ®
Py c® ® ¢ ¢ I, e
¢ c-1® ® ¢ ¢
__J [ ] [ ® ®
0 ' \
to ta—n t, tn
Figure 5.6: Sample Bounds for Lemma 5.2
Now we rewrite expression 5.2 as follows:
Y. {Prlds > blAun = d, EB22-m41, £ON]
d=lg_n
— Pr{A, > b|As_, = d — 1, EB2e41 gON]}
X Pr[Aa—p > d|Agn-1 = ¢, EBZ27" £ON] (5.3)
Note the inequality in the last term. Also note that we have defined
Pr[As > b|Aacn = ly_p — 1, EB23-7+1 £ON] = ¢
We know from Lemma 5.1 that
Pr[A;—rn 2 d|Asn-1 = ¢, 832“‘",80’“’]
> Pr{Ason > d|/Ae_nq = c—1,E520" £ON] (5.4)

We also know from the induction hypothesis that the difference term in braces in
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expression 5.3 must be nonnegative. Combining these results we have that

Expression 5.3 > Y {Pr[Aa > b|Ag—n = d, EB2o7 1 £ON]

d=laen
— Pr[Aq 2 b|As—n = d — 1,652+, 0N}
X Pr[Agen > d|Aan_y = ¢ — 1,EB2077 £0N]

= Y {Prld, > b|A,_, = d,E5207 ¥ £0N]

d=lgepn

X Pr[Ag-n = d|Agony = ¢ —1,E5227", £0N]}
= Pr[A, > b|A,_p-y = c—1,EB207" £ON)

which proves Lemma 5.2. § (Lemma 5.2)

Now we can prove Theorem 5.1. From Lemma 5.2 we know that
Pr[A; > k|A; = ¢, EB27%1 £0N] > Pr[A; > k|A; = ¢ — 1,EB27+1 £O0N]
Since the value of A; is exactly specified, and the process is Markovian, we also have
that:
Pr[A; > k|A; = ¢ — 1,EB2i42 0N = Pr[A; > k|A; = c— 1,£EP]
Pr[A; > k|A; = ¢, EB29+1 g0N] = Pr[A; > k|A; = ¢, )
Combining the above two results, we have that:

Pr[A; > k|A; = c,EB] > Pr[A; > k|A; = c—1,EB] (5.5)
= Pr[A; > k|A; = c,EB] > Pr[Ai > k|A; =b,EB), c>b (5.6)

since we can just apply Equation 5.5 recursively to get Equation 5.6. We would like

to prove that:

?
Pr[A; > k|A; > m,EB] > Pr[A; > k|€F]
et ?7 W
= bz Pr[A; > k,A; = b|A; > m,EB] > Zl: Pr[A; > k, A; = b|EB]
=m =1,
LPr[A;>k|A;=b,EB]Pr[A;=bEB] ! &
. > >klA;=b,EB . =b|EB
4:::; Pe[A; > mie”] > ’EIZPr[A,_kIAJ b, EP] Pr[A; =b|EP]
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Since the denominator on the left-hand side above is not a function of b, we may
bring it over tc the right. We also multiply the left-hand side by unity, in the form
of Pr[A; > m|€®] + Pr[A; < m|£P], so we now want to show that:

ot

> Pr[A; > k|A; = b, 8] Pr[A; = bl€B] {Pr[A; > m|€B] + Pr[4; < m|£B]}

b=m

Uy
b}; Pr[A; > k|A; = b,EB]Pr[A; = b|EB] P1[A; > m|EB]
=t

Ve

<> Y Pr[A; > k|A; = b,EB) Pr[A; = b|EB] P1[A; < m|EB]

b=m

m~1
3 Pr[A4; > k|A; = b,EB] Pr[A; = b|€B] Pr[A; > m|EB]

b=l,

Vo

u; m-1
<~ Z Z PI‘[A,' > kIAJ = b,é’B] PI‘[AJ' = blgB] PI‘[AJ' = C'gB]
b=m c=l,

? m-1 u,
2 Z Z PI‘[A,' Z klAJ = b, SB] Pl‘[AJ' = bI(‘:B] PI‘[A]' = CIEB]

b=lJ c=m

If we compare the two sides of the above inequality, we see that the limits o1 the sums
are the same, but reversed with respect to b and ¢. Hence, we now simply change
indices on the left-hand side so that what was b becomes ¢ and vice versa. We also

reverse the order of summation, so that we now want to show that:
m-1 Y
Z Z Pr[A; > k|A; = ¢, EB] Pr[A; = c|EB] Pr[A; = b|EP)
b=l, c=m

? m-1 U
> 3 3 PrlA; > k|A; = b, EB|Pr[A; = blEF] PrlA, = c|€B)

b=l, c=m
But now it is easy to show term-by-term dominance: i.e., to show that term (b,c) on

the left-hand side is greater than or equal to term (b,¢) on the right-hand side:
Pr[A; > k|A; = ¢, EB]Pr[A; = c|EB] Pr[A; = b|EF]
é Pr[A; > k|A; = b,EB] Pr[A; = b|EB] Pr[A, = ¢|EF]
< Pr[A; > k|A; = ¢, E5] ; Pr[A; > k|A; = b,EP)

But we know ¢ > m and b < m — 1 so that we have ¢ > b. Hence, by Equation 5.6,

we know that the above is true. But since we have term-by-term dominance, the sum
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also dominates (identical ranges for b and c on both sides), and hence the theorem is

true!  § (Theorem 5.1)

Note the implications of this theorem. First, as the theorem is stated, decreasing
the lower bound on some A(t;) decreases the values of fBi(t), while increasing the

lower bound increases the fi;(t)’s. Similarly, we may rearrange the statement of the
theorem as follows:

P I‘[A,' Z k Ig B]

1- PI‘[A,' Z ’ClgB]

PI‘[A,' Z }CIA_, Z m,EB]

\Y

— 1- PI‘[A > ,CIAJ > m,SB]

IA

in

Pr[A,- _<_ kl(‘:B]
Pr[A; < k|€B] x Pr[A; > m'“P]

e Pl'[A,' < IClAJ > m,EB]

IN

<= Pr[A; <k,A; > m|EB)

<= Pr[A; > m|A; < k,EB) Pr[A; > m|€B)

IN

This tells us that decreasing the upper bound on some A(t;) will also decrease the
values of Bi;(t), while increasing the upper bound increases the Gi;(t)’s. In all of
these cases, whenever all of the §i;(t) values are decreased (increased), we are also
decreasing (increasing) the expected cumulative number of arrivals function, and
hence we are finding a lower (upper) bound to E[A(¢)|£5(t)]. In the next section we
find an algorithm to determine the arrival-time probabilities under any general set
of bounds. These probabilities may then be used to find upper and lower bounds to

E[A()|E5(t)], as just described.

5.3 An Algorithm for Finding Arrival-Time Prob-
abilities Under General Bounds

We have introduced the notion of a set of general bounds, B, on the A(t;)’s. The
question arises, is there an easy algorithm to find quantities comparable to the Fi;(t)’s,

i.e. is there an easy way to find the quantity

BE(t) = Pr[A(t;) > k|EB(t)], k=1,2,...,N, i=1,2,...,N
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(where we have made explicit the set of bounds that the probability is conditioned
on)? The answer is yes, and the derivation runs parallel to that given in Chapter 2
for the recursion algorithm to find the Si(t)’s. Here, we present the general form and
again generalize to L.I.D. arrivals on the interval (0,%y], rather than restricting the
derivation to the Poisson case. We also maintain our notation that F represents the
distribution function for the unordered arrivals and that F; represents the probability
that an arrival occurred prior to ¢;.

Note that

1, k L2,...,4
0, k = u,-+1,u,-+2,...,N,

1=1,2,...,N

We now describe the method for calculating the other values for A2(t). First, we
define £85¢(t) and £B2(t) similarly to the definitions of £55¢(t) and £52(t) in Equa-
tions 2.6 and 2.7. Now we may begin:
Ba(t) = Pr{A(t;) = kIEP(¢)]
= Pr[A(t) > k + 1|EB(t)] + Pr[A(t;) = k|EB(t)]

Recognizing the first term above as ﬂ(‘,z +1),{(t) when k < u; and zero when k = u;, we

get that:
ﬂB(t) _ ﬂ(i-’-l),i(t) + Pl‘[A(t,) = kIgB(t)], k= li+]-a li+2a SRR ui'—la
ki =
Pr{A(t;) = k|E5(t)], k= u,
i=1,2,...,N—1
So clearly the term of interest to calculate is Pr[A(t;) = k|EB(t)], which we do as

follows:
Pr[EB(t)|A(t;) = &, EON(t)] x Pr[A(t;) = k|EON(t)]
Pr[€5(t)[E%N(t)]
1

= mEEmEE] T O = k)

x Pr{EB2i(t)|A(t;) = k, 7N (t)] x Pr[A(t;) = k|E™V(t)]}

= 1 {&g(t) x R (t) x (JZ) (Fy)* ( ’N—Ff)N“k}

Pr[A(t;) = k|EB(t)]

ann(t)
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Note that we may break up Pr[€B(t)|A(t;) = k,E¥N(t)] into &E(t) x 7E(t), because,
given the value of A(¢;), events prior to t; are conditionally independent of events
subsequent to ¢;. The last term in the braces above is again due to the fact that
the number of arrivals by time ¢;, given N arrivals by time ¢y, is a binomial random

variable with “p” equal to F;, and “1 — p” equal to Fy — F; (where Fy = 1). Note

t: -t
that in the case of Poisson arrivals, F; = t—' and Fy—F, = tNt t'. We have defined
N N
&P (t) and 72 (t) similarly to the definitions of é;(t) and 7 (t) in Equations 2.8 and

2.9, i.e., we have that:

G (t) = Pr{EPSI(L)|A(L:) = &, 2N (t)]
7B(t) = Pr{EPX(t)| A(L:) = k, €N (t)]

We also have that:
Pr(EB(t)[E9N(t)] = Pr[EB<N(t)[EON(t)] = aRn(t)
= Pr[P2%t)[E%V()] = dgo(t)
The next task is to determine the values in the &Z-matrix for k = 0,1,..., N and

for:=1,2,..., N. First, it should be obvious that:

ag(t) = Pr(€B(t)|A(t;) =0,E%N(¢)] = 1, ifl;=0, i=1,2,...,N—1
&b (t) = Pr[EBSY(t)|A(t) =k, EON()]) = 1, k=1Ih,L+1,...,u
a(t) = 0, k=0,1,....,-1ork=wu;+1,u;+2,...,N,

i=1,2,...,N-1 (5.7)

We also define @2y (t) =0 for k =0,1,...,N — 1. Now consider the following:

ab(t) = Pr[€Bsi(t)|A(t) = k,EON(t)], k=1,L+1,...,u;and k >0
k=l
= Z Pr[ngi_l(t), l{ S A(t,') SU,’, A(t,'_l, t,') =le(t,') = k, EO'N(t)]

j=max(0,k—u,—1)
Here, as in Chapter 2, j represents the number of arrivals which may occur between

t;-1 and ¢;, while still conforming to the bounds given by £ (t). Of course, we would
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get the greatest possible number of arrivals if A(¢;-;) were as small as possible, i.e., if
A(ti-1) = l;_,. In this case, the number of arrivals in (¢;—;, {;] would be k—I;_;: hence,
the upper limit on the sum above. To understand the lower limit, we know that we
must have a non-negative number of arrivals in (¢;_1, ¢;]; however, when »;_; < k, then
A(ti-y) can be no larger than u;_;, and therefore, the number of arrivals in (¢;_,, ]

can be no smaller than k& — u;_;: hence, the lower limit on the sum. We continue;

k—l,—
> Pr(€BS-1(t)|A(tir, 1) = 7, A(L) = k, EON(t)]
j=max(0,k—u,_1)
x Pr[A(tioy,t:) = 7]A(t) = k, EON(t)]
k=1~
= Y PEFSTUb)A(tio) = k-4, €9M(t)]

j=max(0,k—u,_1)

X P!‘[A(t,'_l,t,-) = ]lA(t’) =k, SO'N(t)]
k—l-1 3 k F'l._l ke F’ _ R— )
- D GG on(t) X ( ) (—f—) ("'p—‘l) ,

j=max(0,k—u,_;) J

k=1,5+],...,u;and k>0, i=2,3,....N (5.8)

jo13
T
=

Il

Here, %1 is the probability that one of the arrivals occurs prior to ¢;_;, given that
it occurs prior to ¢;. So we first fill in the first column and zero-th row of the matrix
with ones and zeroes; and we fill in other zeroes as indicated by Equation 5.7. Then
we proceed to the second column, and the third column, etc., each time calculating

the unknown values using the values from the previous column.

Now let us compare Equation 5.8 to Equation 2.10, where our set of bounds, B,
is given by S (see Equation 2.5). First consider the limits on the sum: since k < N
and u; = N, 7 =1,2,..., N, then the bottom limit of zero makes sense. Similarly,
we have I, = ¢, 7 =1,2,...,N,s0 l;_; = ¢— 1, and the upper limit on the sum
should be k — (: — 1) = k — ¢+ 1, which it is. Also, F; here corresponds to Zti;— in the
Poisson case. Finally, the values of k£ and i for which the recursion equation is valid

also correspond, since [; = ¢ and u; = N, in this special case.

Next, we must determine the values in the §Z-matrix for i = 0,1,...,N — 1 and
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for k=0,1,...,N. Again, it should be obvious that:
fini(t) = Pr[B2i(t)|A(t) = N,EON(t)] = 1, ifu;=N, i=1,2,...,N -1
Tony(t) = PrlEBNY ) A(tna) =k, €2V (8)] =1, k= Ina,Ina+],... uns
iB(t) = 0, k=0,1,....,—1lork=u+1,u;+2,..., N,
1=12,...,N-1 (5.9)

We also define 7ji5(t) =0 for k£ = 1,2,...,N. Now consider the following:

q2(t) = Pr[€B2i(t)|A(t) =k, EON(t)], k=1,l;+1,...,u;andk < N
Uil -~k
Yo PrBEH(L), L SA(t) Sui, Aty tiga) = 5 A(L) = k, E%V ()

Jj=max(0,,41~k)

Again, as in Chapter 2, j represents the number of arrivals which may occur between
t; and t;41, while still conforming to the bounds given by £8(t). Of course, we would
get the greatest possible number of arrivals if A(t;4,) were as large as possible, i.e.,
if A(tit1) = #i41. In this case, the number of arrivals in (¢;,%;41] would be u;y; — k:
hence, the upper limit on the sum above. To understand the lower limit, we know that
we must have a non-negative number of arrivals in (t;,¢;,,]; however, when l;;; > k,
then A(t;41) can be no smaller than /;,,, and hence, the number of arrivals in (¢;, ¢;44]

can be no smaller than /;;; — k: hence, the lower limit on the sum. We continue:

uip1—k
Te(t) = Y. Pr[EB2H )| A(t, ti) = 5, A(t:) = k, EOV(t)]
j=max(0,l,41—k)
x Pr[A(ti, tiv1) = j|A(L:) = k, EON ()]
uip1—k )
= >, Pr[EPZM(E)|A(tin) = k + 5, EXN(t)]
j=max(0l,41-k)

X PI‘[A(t,',tH.l) = ]lA(t,) = k, SO'N(t)]

uig1~k j N—k~j
_ B N—k)\ (Fn—F Fy—Fiy

j=max(0,l, 41~ k) J

k=104 L+1,...;,u;and k< N, :=0,1,...,N -2 (5.10)

Again, we have used fractional forms of the distribution function to represent condi-

tional probabilities of arrivals. So we first fill in the last column and bottom row of
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the matrix with ones and zeroes; and we fill in other zeroes as indicated by Equation
5.9. Then we proceed to the second-to-last column, and the third-to-last column,
etc., each time calculating the unknown values using the values from the column te
the right.

Now let us compare Equation 5.10 to Equation 2.11, where our set of bounds, B, is
again given by S. First consider the limits on the sum: sinceu; = N, i =1,2,..., N,
then the upper limit of N — k makes sense. Similarly, we have [; =, : =1,2,..., N,
80 ;41 =1+ 1. We also know that £ > i, so as long as k > i, then we will have
liy1 — k <0, so the lower limit of zero makes sense here. When k = 1, then the lower
limit of the sum in Equation 2.11 should be 1, since it is not possible to have zero
arrivals in (¢;,ti41] in this case. However, since 75, (t) has already been defined to
be zero, we may start the sum at j = 0: hence the lower limit. Again, the values
of k and : for which the recursion equation is valid also correspond, since /; = z and
u; = N, in this special case.

We now present the following definitions, which make all of the above equations

simpler and are comparable to the equations given in [Lars 90]:
&g (t) x [F(t)*

7B(t) x [F(tn) = F(t)N*
= 7B(t) x [1 - Ft:)"™*

afi(t)

e (t)

i

where, for clarity, we have expanded our notation for the distribution function for the

unordered arrivals. With these definitions, we have the following for the definitions

of the aB-matrix:

Bty = 1, if;=0 i=1,2,...,N-1 (5.11)
af(t) = [FG)I*, k=hh+l,...,uy (5.12)

aﬁ(t) = 07 k=0,1,--.,1;-—10rk=u;+1,u,—+2,...,N,
1=1,2,...,N (5.13)
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k—1,1
- k .
agi(t) = ) kmiy (i-1)(t) X ( ) [F(t:) = F(ti)!
j=mx(oyk—ul—l) J
k=104 L+1,...,u;and k>0, :=2,3,...,N (5.14)

The nB-matrix is defined by the following:

nBt) = 1, ifu;=N, i=12,...,N—1 (5.15)
Tev-y(t) = [1=Fn-)I"", k=lva,ivatl,... uns (5.16)
Wﬁ(t) =0, ¥=0,1,....i~lork= u+1,u;+2,..., N,
i=0,1,...,N-1 (5.17)
wa Tk B N -k ;
ne(t) = z 7I(k+j),(i+1)(t) X . [F(tiyr) = F(8)),
j=max(0,l, 41 ~k) J

k=1,+1,...,u;andk < N, i=0,1,...,N -2 (5.18)
Finally, we have for the BB-matrix:
BE(t) = 1, k=1,2,....,5,i=1,2,...,N (5.19)
BE(E) = 0, k=uw+l,u+2,...,N,i=1,2,...,.N-1 (5.20)
Bri(t) = Pr[A(t) = N|EB(t)]

aR:(O)R () FE)Y _ afi(t) Cifu =N

= apn(t) T afn(t)
0, if u; < N

i=1,2,...,N—1 (5.21)

1 N
Bl it) + ) { ( L ) ag(t)nf}(t)},
k=L+1,L+2,...,u;and k< N, = ,2,...,N—-1 (522)

Bi(t)

Hence, we begin by filling in the ones and zeroes as indicated; then we calculate the
bottom row of the matrix; finally we calculate each column by a multiplication of
elements from the o®-matrix and the n®-matrix, which we then add to the element
of the B-matrix just below the one being calculated.

Of course, in order to calculate E[A(t;)|EB(t)], we merely add up all of the values

in column : of the BB-matrix, just as in the case of the standard QIE. Similarly, all
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of the statistics corresponding to those generated by the standard QIE algorithm are
calculated in exactly the same manner as described at the end of Chapter 2. However,
in order to calculate the expected cumulative number of arrivals to the system under
this general set of bounds at intermediate values of ¢, E[A(¢)|£B(t)], we cannot simply
linearly interpolate between the values of the function at the ¢;’s, as in the Poisson

case. Instead, we must use the following:

BIAGIER(t)] = E[A()IE2(0)
+ {BLA)IE(6)] - ElAG-0IE%(0)]) g — i
i1 <t<ti, 1= 1,2,...,N

The validity of this expression may be seen by conditioning on the number of arrivals
at t;,_; and ¢;, using the independence of the arrivals, and then just weighting and
adding.

This general algorithm would appear to be very useful, but its efficacy in reducing
runtimes relative to the original QIE algorithm, when used in the manners suggested
earlier in this chapter, is not evident. In the next chapter, we specialize this algorithm
in the two cases of using a reduced set of conditioning inequalities and of imposing
a maximum queue length. These algorithms have special structures which allow

a simpler calculation of their beta-matrices and hence of the expected cumulative

number of arrivals by time ¢.






Chapter 6

Two Lower Bound Algorithms
Based on Changing the

Conditioning Information

In this chapter, we explore two specific algorithms, based on the general algorithm
in Chapter 5. Both algorithms assume a return to the assumption of Poisson arrivals
that was abandoned in the last chapter. In the first section, we consider reducing
the set of conditioning inequalities. When this is done, it is possible to construct
matrices similar to the a- and 7-matrices, but which only consider the times at
which the conditioning inequalities apply. Hence, the matrices so constructed have
fewer columns and require less computation. In the second section, we provide some
results of sample runs of this algorithm, considering its accuracy and its runtimes. In
the third section, we consider adding maximum queue length information to the set
of conditioning inequalities. This has the effect of allowing calculation of all of the
matrices of interest, without calculation of the large-queue events: thus, the lower left-
hand corner of these matrices are zeroed out, again reducing the amount of required
computation. Finally, we provide results of sample runs of this second algorithm that

again examine both its accuracy and the reduction in computation that is achieved.
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6.1 Algorithm Based on Reducing the Set of Con-
ditioning Inequalities

The notion of reducing the set of conditioning inequalities upon which the S-matrices
are based was first introduced in Chapter 5. The basic idea is that perhaps not
all of these inequalities are necessary in order to get a good estimate of what the
queue length is actually doing. We showed in Chapter 5 that reducing the set of
inequalities leads to a lower bound on the expected cumulative number of arrivals by
any given time. We now proceed to show the specifics of implementing this lower-
bound algorithm and investigate its computational complexity. The first step is to
demonstrate how to find E[A(¢)|ER(t)], the expected cumulative number of arrivals
by time t, conditioned on the reduced set of inequalities, R.

First, we need a few definitions. Say that, in terms of the ordered arrival times,

X1,X2,...,XnN, we decide that the following conditions will comprise the set that we
consider:

X[] S Il

XIz S 12

X=Xy < Ic=N

So, I, is the index of the m-th arrival time inequality in our set of C' conditions.
Note that we will always include X < N in our set, since this is one of the boundary
conditions of the process. Now it is easy to translate this set of conditions into a

comparable set in terms of the A(t;)’s (here, we also define Iy = 0):

Io - 0 S A(tl) S N
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Io = 0 S A(th—l) _<_ N
I < A(th) < N

I, < A(thn) £ N

I, < A(tp) £ N

I, < A(tr) < N

I, < A(lpn) < N
Ic.o < A(tre,-1) £ N
IC-—I < A(tlc-x) < N
Ic., < A(tie,yp1) < N
Ic.;, £ A(tva) £ N

Ic=N < A({ty) < N

We let R represent the set of bounds for any such reduced set of inequalities, so that

we have for R:

=l n==lp1 = In,

lN=lIc = Ic=N
U = 0

Uy =uUy=---=uy = N

Now that we have defined all of these quantities, we could go ahead and compute
full af-, nf-, and AR-matrices, as described in Section 5.3. But this would not provide
us with any computational savings. Instead, we calculate these quantities only at the

tr,’s,m =1,2,...,C, and claim that, from these values, we may calculate the entire
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function, E[A(2)|ER(t)]. First, it is certainly possible to calculate the I,,-th column of
the BR-matrix from the comparable columns of the aF- and nB-matrices, simply by
using Equations 5.19 through 5.22. Now we must show that it is possible to calculate
the o®- and the pf-matrices recursively, where we only calculate the values in the

columns representing ¢; ,m = 1,2,...,C. We proceed to show this by way of the

following claims.

Claim 6.1
R R<I N tn\*
ap(t) = Pr[€Rsh(t)|A(ts) = k, EOV(t)] x (2;)

0, k=0,1,...,, -1

15 k
(—) k=I5 +1,....N
in

Proof: The first part of the claim comes directly from Equation 5.13 and the fact that
l;, = I,. The second part of the claim results because, when k > I;, the probability

that all of the bounds on the A(t;)’s, for ¢ < I, are met, is just unity. §

Claim 6.2
k
ofiu(t) = PrlERE(t)|A(t,) = b E9V(e)] x (=)
N
0, k=0,1,...,I,—1
= k"Im—l .
= 4 1 ;
ot t k (_IL___I'"_-I), k=1I,I,+1,...,N
j.‘:ZD (k J)’Im—l( ) ] tN
m=2,3,...,C

Proof: Again, the first part of the claim comes directly from Equation 5.13 and the

fact that Ij, = I,,. The second part of the claim may be derived as follows:

& (t) = PrERSIn(t)|A(ty,) = k, E9M(t)]
k=Im-1
= Z Pr[gRSIm(t)aA(tIm-ntIm) = le'(tIm) = k’ SO,N(t)]a

k=1InIn+1,....N, m=23,....C
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Here, j is the number of arrivals that occur between ¢;,_, and ¢;,. The lower limit
on the sum is due to the fact that if A(¢,_,) = k, then there are zero arrivals in the
interval. The upper limit results because, in order for the probability being summed
to be non-zero, it must be the case that A(ts,_,) > l1,,_, = In—1. This means that

the greatest number of arrivals we can have over the interval is k¥ — I,,,_;. Continuing:

k—Im—l
&f,lm(t) = E Pr[gRstm-1(4), 1,4 <A(tp,_41) SN, .. In 1 <A(t1,-1) <N,
Jj=0
I, < A(tlm) < N7A(t1m—1’t1m) = le(tIm) = k’EO'N(t)]
k—Im—l
= Z Pr[-’m—l S A(tlm..1+l) S N7 L 7Im—l S A(tlm—l) _<_ N,
Jj=0

I, < A(tlm) < NI‘S’RSIm‘l (t)vA(tIm-ntIm) =7, A(tlm) =k, EO'N(t)]
X Pr[gRSIm_l (t)!A(tIm—utIm) =7, A(tlm) = k’ gO,N(t)]
x Pr[A(tr, s, t1,,) = jlA(tr,) = K, E%V(t)]

k—Im— k~j J
~ k) [t U, —
5 ) x (F) (t2) 7 (tetee)

=0 7 tr,, -

The key here is that there are no new conditions imposed between #;,,_, and ¢;_, so
that the probability that the numbers of arrivals at the intermediate times stay within
their bounds, given the number of arrivals at the two endpoints of the interval, is just
unity. By using the standard definition that af(t) = afi(t) (Zt;;—) k, we immediately
get the second result of Claim 6.2:

" on ‘ kY (tr, —tr,._,\’

ofp,(t) = J:Z; ) tma (t) (;) (T) ;
k=I,1,+1,....N, m=23,...,N

and so the claim has been proved.

We continue now with two similar claims regarding the p®-matrices.

Claim 6.3

tn ~tro_ \V*
Mo (t) = PHERI()]Al,,) = b, M) x (T2t
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0, k=0,1,...,IC_1—1
= tn — 1 N-k
(u_l) ’ k=IC—l,IC—-l+1>~"7N
tn

Proof: The first part of the claim comes directly from Equation 5.17 and the fact
that Ij,_, = Ic—1. The second part of the claim results because, when k > I¢_;, the

probability that all of the bounds on the A(t;)’s, for ¢ > Ic_y, are met, is just unity.
i

Claim 6.4
R — R>I N ty —tr \ Nk
MWin®) = PHUERA(,) = b EV )] x (P2

[ 0, k=0,1,..., 1, —1
N-k

N—k\ (th, — 1\
) n&ﬂ-),z,.,ﬂ(t)( . )(——i’t;———),

j=max(0,I;n41—k) J

{ k=I,I,+1,...,N
m=12,...,C -2

A

Proof: Again, the first part of the claim comes directly from Equation 5.17 and the

fact that l;,, = I,,. The second part of the claim may be derived as follows:

et (t) = PrlE(4)|A(tr,) = k,E27(t)]

N-k

Z: Pr[gRZIm (t)’ A(tlnﬂ tIm+1) = ]'A(tlm) = k’ gO,N(t)],
j=max(0,/n4+1—k)

k=I,I,+1,...,N, m=12,...,C—2

Here, j is the number of arrivals that occur between t;,, and tj,,,,. The upper limit
on the sum is due to the fact that if A(%;,,,,) = N, then there are N — k arrivals in
the interval. The lower limit results because, first, there must have been at least zero
arrivals in the interval. But in the case that k < I,,41, we know that A(ty,.,,) > Lnya,
and hence, the number of arrivals in the interval must be at least I,,,4; —k. Continuing;:

N-k
i (t) = Y. Pr(gR2Imn(t), 1, < A(tr,) < N, I < A(tg,41) < N,

j=max(0,Im4+1-k)
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e 7I‘m S A(tlm-l-l-l) S ‘N’ A(tlrn’tlm-H) = JIA(tIm) = k’ gO’N(t)]
N-k
> Pr[l, < A(t1,)) < N, I, < A(t;,41) < N,...,

j=max(0,1m+1 —k)

I, < A(tlm+1—l) < NigRZIm'H (t)7A(tIm’tIm+l) =7, A(tlm) =k, gO’N(t)]
x Pr[€R2Im41 ()| At Ly ) = J, A(tr,) = K, EOV(t)]
x Pr[A(tr,, L., ) = jA(t1,) = k,EOV(t)]

N-k J N—k-j
R N—k)\ (trpe — .\ {INn — i1,
= Z 1x 7l(k+j),1m+,(t) X ( _ ) ( +1 ) (tN - t1+:

j=max(0,In41~k) J in -1,

The key here is that there are no new conditions imposed between tr,, and tj,,,,,
so that the probability that the numbers of arrivals at the intermediate times stay
within their bounds, given the number of arrivals at the two endpoints of the interval,

: tn —t\ Nk
is just unity. By using the standard definition that pf(t) = ﬁ,ﬁ(t)( ! ’) , we

tn
immediately get the second result of Claim 6.4:
N-k j
N—-k)\ ([t — .\
Bn® = X ihn.® ( . ) (T =ta ),
j=max(0,lm41—k) J N

k=1InIn+1,....,N, m=12,...,C =2

and so the claim has been proved. §

We have now seen how to construct limited of- and n®-matrices, calculating
only the columns corresponding to t7,,m = 1,2,...,C. We also pointed out that
the corresponding columns of the #F-matrix may be calculated from these limited

matrices, using Equations 5.19, 5.21, and 5.22. That is, we have:

B () = 1, k=1,2,...,I,, m=1,2,...,C
Ni.(t) = Pr{A(t;) = N|ER(t)]

. . N

&1, ViR 0 (5=)" ok, (6)
aRn(t) afn(t)’

m=12,...,C-1

B (8) = Bfiyn(t) + —‘1—*){(‘2’) akn,lm(t)ﬂﬁlm(t)} ’

apn(t
k=In+1,In+2,....N=1, m=12,...,C—1



144 CHAPTER 6. TWO LOWER BOUND ALGORITHMS

Now it is easy to calculate the values of E[A(¢;,,)|ER(t)] by using the familiar

N
ElAm)IERE)] = 3 PriA(t,) 2 HER(®)]
N
= XA (t)

k=1

We now make the following claim:

Claim 6.5

BAWDIER®)] = ElA(t,) O]

tfyy, <t<t;, m=12,...,C

t—1
+ E[A(ts,)|ER(t)) ==t
Im — tlm-] tIm - tlm—l

i.e. B[A(t)|ER(t)] is linear whent;, , <t <t; aendm=1,2,...,C.

Proof: The proof exactly parallels the proof in [Lars 90] of Lemma 3. First, we
condition both on the value of A(¢;,,_,) and on the number of arrivals that occurred
during the interval (¢j,,_,,%;,]. That is, say we are given that A({;._,) = n and
that A(ts,_,,tr,) = j. Then, since there are no conditions imposed on when the j
arrivals may occur within the interval, those arrivals are conditionally independent
and uniform over the interval, so that the cumulative expected number of arrivals by
time ¢ grows linearly with ¢, i.e., we have:
t—1tr,_,

i, —tn,._,

m m—1

n=Im—l7Im—1+1""’N_j7 jzovla'“vN"Im-l

where the limits on n and j are given to correspond to the bounds on A(¢,_,) and

on A(ts,). Now we remove the conditioning, first on A(¢,_,):

E[A®)| Atz tr,) = 5, ER(8)]
N—j
= ¥ EAW)At,) = n, Altr,,, 1) = 5, ER(t)

n=Ipn_3

x Pr[A(t1,_,) = n|A(ts,_,,t1.) = j, ER(t)]
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gt t—1 :
= Z {n +]t_1-_-1'-n:l—} X Pr[A(tIm—l) = nlA(tIm-UtIm) =1 gR(t)]

n=In_1 m tIm—-l
. * t - t me—1
= ElA(t o)At tin) = 5, ER()] 4 57—
Finally w: remove the conditioning on A(tr,_,,1,):
N—Im—l
E[A@W)IER®t)] = X E[A®)|A(tt-y)tr,) = 4, ER(L)] x Pr[A(ts,,_,,t1,) = FIER(L))]
7=0
N-In- . oR - tIm—]
=Y {E[AGL )AGL»t1,) = 5,€ W +i—7=
j=0 Im = Up

X Pr[A(tIm-l ’ tlm) = ]lgR(t)]
= BlA(tr )IE™O)] + ElA(tr,o,), At ER()] 72

m=1
After substituting E[A(¢,,)|ER(t)] — E[A(y,,_,)|ER(t)] for E[A(t1,,_,), A(t1,,)|ER(L)]
and doing some rearranging, we see that the claim is indeed true.

So we have now shown how to find the entire function, E[A(t)|EF(t)], while only
calculating C columns of the of-, -, and #R-matrices. We call this the QIER
algorithm. Since we have not found the entire A®-matrix, it is not possible to find
the II[k|ER(t)]’s, the probabilities that a random arrival finds k customers in queue.
However, as described at the beginning of Chapter 4, it is possible to generate all of the
other queue statistics that are generated by the standard QIE algorithm. Of course, if
we needed the II[k|E®(t)]’s, it would be possible to generate them just by calculating
the full AR-matrix, but then no computational savings would be realized, so it is hard
to imagine why one would choose to do this when, for the same computational effort,
one could implement the full QIE algorithm.

We now consider two specific ways of implementing the QIEF algorithm. The first
and most obvious way would be to select a subset of the total set of conditions and
use that subset to calculate the entire function E[A(2)|ER(t)]. So, we might choose
C = 10, and, in the case of a congestion period with N = 50 customers, we might
choose to include conditions 5, 10, 15, 20, 25, 30, 35, 40, 45, and 50 (recall that we

must include condition N). Note that, rather than spacing these conditions evenly
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with regard to the number of the condition, it might also be of interest to space
them evenly with regard to time. For example, say that the congestion period in
question had N = 4 and C = 2. By spacing evenly with regard to condition, we
would be tempted to use A(tz) > 2 and A(t4) > 4 as our two conditions. However,
if our t-vector were t; = 1, t, = 2, t3 = 5, t4 = ty = 10, it might make more
sense to choose the conditions corresponding to t¢3 and t4. In either case, we have
some method of choosing a set of conditions which is then used to calculate the entire
function, E[A(¢)|€R(t)]. In this case, the total computational complexity of the QIEF
algorithm would be O(N?C), because we calculate C columns of the of- and p7-
matrices, each of which has potentially as many as N values, and each of these values
is produced by up to N computations from the previously calculated column.

We claim that, in this implementation, E[A(¢)|ER(t)] is a concave function. The
proof of this claim follows very closely the proof that E[A(t)|€5(t)] is a concave

function in [Lars 90], so we present only a sketch here. We have the following:
Claim 6.6 E[A(t)|EF(t)] is a concave function of t, for 0 <t < tyn.

Proof: We will show that the function is concave on (t;,_,,%p,,,] for k=1,2,...,C~1
by fixing the value of A(#;,_,) and then adding up weighted concave functions. We
consider two cases.
Case 1. A(t;,_,)=m, I, <m<N

Then of the remaining N — m arrivals, we may have any number n of them, with
n > max(0,l;,,, — m), uniformly and independently distributed over (tz,_,,%r,,]-
Of course, the contribution to E[A(¢)|ER(t), A(ts,_,) = m], ¢1,_, <t < tg,, of the
arrivals prior to ¢y, , is just a constant (of value m), and arrivals after ¢1,,, contribute
nothing. Finally, with n fixed, the contribution of the n uniform arrivals will be a
straight line. Hence, after unconditioning on n and adding in the constant, we find
that, in this case, E[A(¢)|ER(t), A(tr,_,) = m], t5,_, <t < tl; 41 is a straight line,
which is a concave function. '

Case 2. A(tlk-q) =m, IIk-l <m< l]k
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Again, we temporarily fix the number of arrivals in (2;,_,,y,,,] to be n, where n >

l1,,, —m, and we define B, as follows:
Bpn = {A(tlk—x) = m’A(t1k+1) =m+ n}

Without the time constraint at t;,, we would still have that E[A()|Bmn),t1,_, <t <
t1,,, is a straight line, starting at the value m at ¢;,_, and ending at the value m +n
at ty,,,. However, we no longer have uniform independent arrivals, since we have the
intermediate requirement that A(Z;,) > {j, (in Case 1, this is automatically satisfied,

because of the value of m). It should be obvious that
E[A(tlk)lemA(tIk) 2 lIk] 2 E[A(tlk)’an]’ thoy <t <ty

since the expectation of a randem variable, after it is restricted to the upper values

of its range, can only increase. It should also be clear that
E[A(t)lemA(tlk) 2 III:] = E[A(t)lB"m’gR(t)]’ th, <t<Z tIk+l

since, in the given range for ¢, with the endpoints fixed, the only part of ££(t) which
affects the expected cumulative number of arrivals is the intermediate condition at
t5,. It is certainly still true that for values of ¢ between ¢;,_, and ¢;, and between %,
and t1,,,, E[A(t)|Bmn, A(t1,) > I1,] will still be linear (consider conditioning on the
value of A(t;), weighting, and adding). Hence, E[A(2)|Bpn, A(t1,) > 1] must be
a concave function in the given range for ¢, since it is piecewise-linear; it has values
equal to those of the straight line given by E[A(t)| Bmy] at its endpoints; and it has
a value greater than or equal to that of the straight line given by E[A(t)|Bns] at its
single breakpoint, ¢;,. Therefore, we can say that E[A(t)|Bmn, ER(t)] is concave in
the given range, and, after unconditioning on n, since the sum of concave functions
is concave, we have that E[A(2)|EF(t), A(ts,_,) = m], t,_, <t < ty,,, is a concave
function.

To complete the proof, we merely uncondition on m by weighting by the appro-

priate probabilities and adding. Again, since the sum of concave functions is concave,
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and we do not alter concavity by weighting, we have that E[A(t)|€®(t)] is concave
on (t1,_,,ts,,]- Since there was nothing special about the selected value of k, we
conclude that E[A(#)|ER(t)] is a concave, increasing, piecewise-linear function, with

breakpoints at the ¢;’s, with k =1,2,...,C-1. 1}

We now continue with specifics of this first type of implementation. One pitfall to
be aware of in this method is that, since we no longer have the requirement A(t;) > i
at all values of 7, it is possible that the expected queue length at some of these
unconditioned ¢;’s could be negative. An obvious remedy to this problem would be
first to calculate E[A(¢)|ER(t)] for all ¢;; then to require that E[A(%;)|EF(t)] > ¢ for all
t; and next to linearize the function between the new values at the ¢;’s. We know that
the original E[A(t)|ER(t)] is a concave function, but adding the requirement that no
queue lengths be negative can cause the new function to violate concavity. Hence, to
get an even better bound, as a final step, we may take the concave hull of the modified
function. This technique ensures that we generate no negative queue lengths and that
the resulting function is concave and piecewise linear. Note that this function will

still be a lower bound to the actual E[A()|E5(t)].

We may find a series of stochastically dominant lower bounds to the exact QIE
algorithm by using this first implementation (with or without the combined improve-
ments just suggested). In our N = 50 example, if we begin with the two conditions
at f55 and t50, we get a fairly weak lower bound. As we add conditions one at a time,
each E[A(¢)|€F(t)] is an upper bound to the previously generated function, while
still being a lower bound to the exact E[A(t)[€5(t)] (from Theorem 5.1). Since the
algorithm is essentially O(N?) to find E[A(t)|€R(t)] for the two-condition case (see
the discussion in the next two paragraphs), and is O(N?) for the exact QIE, then
we essentially have a continuum of algorithms available, with range in computational
complexity between O(/N?) and O(/N?3), and with accuracy increasing as complex-
ity. At this point, it is not clear where in this range the algorithm becomes “good

enough,” but it is speculated that it is closer to the N? end of the range than the N3.
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The computational results in the next section provide some illustration of the types

of output that result for various values of C.

A second way to implement the QIE® algorithm is found by recalling the original
intent for devising the algorithm, which was that perhaps the expected cumulative
number of arrivals by time ¢; would only depend heavily on conditions in the vicinity
of t;. So, as a first approach, say that we only wish to consider the condition X; <¢;
when calculating the expected cumulative number of arrivals by ¢;. So, if we let
R; represent the set of bounds corresponding to the two conditions, X; < ¢; and
Xn < tn, then we would like to calculate E[A(¢;)|€%(t)]. This can surely be done:
for each value of i, we calculate column i of the o -matrix and of the 7™-matrix,
plus the value af,‘N(t). From this, we can find all elements of the i-th column of the

AP -matrix. Finally, we add up all of the elements in that column to get our value

for E[A(%:)|ER(t)].

Note how different this is from the previous implementation: here we choose
a different subset of conditions for each t; and calculate the expected cumulative
number of arrivals at that time based on these different conditions. This would
appear to increase the computational complexity substantially, since, for each ¢, we
would have an O(N?C) operation. There are N values of ¢, so the entire algorithm
in this implementation would appear to be O(N3C), greater than the original QIE.
This would be the case if we chose a large and different set of conditions for each ¢,
but the current example being considered requires closer scrutiny. In this case, we
have C =2, I, =i, and I, = N. So, in order to calculate column i of the a®-matrix,
we need only use Claim 6.1: i.e., calculation of the entire column requires only N —1
calculations. We also have to calculate afyy(t). Using Claim 6.2, we see that this also
requires N — 7 calculations. Next, we have to calculate the i-th column of the n*-
matrix. Using Claim 6.3, we see that this also requires N — 7 calculations. Finally,
there are N — ¢ — 1 non-trivial entries in the i-th column of the AFi-matrix, each

of which requires O(1) operation. Hence, we see that calculation of E{A(¢;)|ER(t)]
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requires N — i operations, and hence, calculation of the entire function is an O(N?)
operation.

One advantage of this implementation is that we do require A(t;) > ¢ for every
1, so we don’t have the problem of generating negative queue lengths. This function
is not necessarily concave, so we can also improve performance by taking its concave
hull. This implementation actually performs quite well (see Section 6.2), especially
considering that we are only looking at a single arrival-time inequality at each time.
But, as already mentioned, if we try to look at a different set of C' > 2 inequalities
at each ¢;, the computational complexity becomes O(N3C), greater than that of the
original QIE algerithm.

In Section 6.2, we present the results of several runs of this algorithm. We con-
sider both implementations, and for the first implementation (using a single set of
conditions to generate E[A(t)|ER(t)]), we consider both the method of choosing con-
ditions by spacing the conditions evenly and by spacing them evenly in time. We
compare all of the implementations to each other, and to the original QIE algorithm,
to demonstrate their accuracy and their improved runtimes. We also consider the im-
provements found by adding the requirements that no queue length be negative and
that the functions be concave. These additions improve our estimates while adding

very little to the runtimes.

6.2 Computational Results of the QIEZ Algorithm

We include here results from simulation of an M/M/1 queue. These data were gen-
erated by three simulation runs with Poisson arrivals at rate 10 per hour, a single
server, and exponential service times with expected values of 3 minutes for the first
run (giving a value of p = 0.5) and 4 minutes for the last two runs (giving a value
of p = 0.67). Runs were on a 386/387-based Northgate Computer Systems PC. Each

run time given below is an average of 3000 run times (for shorter runs, presented to
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thousandths of a second) or 1000 run times (for longer runs, presented to hundredths
of a second) from different runs of the program on the same data. This averaging was
necessary because the system clock is only updated every 0.0549254 seconds [Scan 83],

so to get accuracy greater than 0.1 seconds, many runs must be averaged.

We compare the QIE? algorithm to the standard QIE algorithm. First, we con-
sider the case in which a fixed number of C' conditions is used to generate our entire
function, E[A(t)|£R(t)]. Then, we examine the case in which a single local condi-
tion is used at each t; to generate the expected cumulative number of arrivals by
that time. The statistics that are used for comparison of the algorithms include:
E[Lg|...], the time-averaged number of customers in queue; E[Wg]...], the average
wait in queue; and 6, the approximation error, which we define to be the absolute area
between E[Q(t)|E5(t)] as generated by the exact QIE algorithm, and the lower bound
algorithm’s estimate of the same function, divided by the duration of the congestion

period, ty. The run times to generate the beta-matrix for the different algorithms

are also compared.

First, consider choosing a fixed number of C' conditions to generate the entire
expected queue length function. We will examine the two longest congestion periods
in the first simulation run, one with N = 18, and the other with N = 21, as well as
the longest congestion period from each of the other two runs, each with N = 58. We
consider different values of C. For the two smaller congestion periods, we begin with
a total of C = 5 conditions, then increase that number to C = 8, and finally finish
with C = 10 conditions. For the N = 58 congestion periods, we consider C = 5,
C =10, and C = 20. In each case, we choose which k conditions to include (actually,
we only choose k — 1, since the N-th condition must always be included) by trying
to space them evenly by condition number. So, for example, in the N = 18 case,
we begin with conditions 4, 7, 11, 14, and 18. In the N = 21 case, we begin with
conditions 4, 8, 12, 16, and 21. In the N = 58 case, we begin with conditions 11,

23, 35, 47, and 58. Because we would like to show a series of stochastically dominant
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bounds, we then proceed to generate the next set of conditions by adding conditions
to the original 5 in all cases. For the N = 18 case, we add conditions 2, 9, and 16;
for the N = 21 case, we add conditions 2, 6, and 18; and for the N = 58 case, we
add conditions 5, 17, 29, 41, and 53. Although the conditions in the N = 21 case
are no longer very evenly spaced, adding the last two to generate the C' = 10 set of
conditions again restores the even spacing. In the N = 18 case, we add conditions 5
and 12; in the N = 21 case, we add conditions 10 and 14; and in the N = 58 case,
we add conditions 2, 8, 14, 20, 26, 32, 38, 44, 50, and 56. The selected conditions are

summarized below.

Size of | Number of Conditions
Cong. Pd. | Conditions Selected

C=5 4,7,11,14,18

N=18 Cc=38 2,4,7,9,11,14,16,18
C=10 2,4,5,7,9,11,12,14,16,18
C=5 4,8,12,16,21

N=21 C=8 2,4,6,8,12,16,18,21
C =10 24,6,8,10,12,14,16,18,21
C=5 11,23,35,47,58

N =58 C=10 5,11,17,23,29,35,41,47,53,58
C=20 2,5,8,11,14,17,20,23,26,29,

32,35,38,41,44,47,50,53,56,58

Figures 6.1 and 6.2 present the expected queue length for the four congestion
periods and the sets of conditions above, both for the exact QIE algorithm and for

the QIER algorithm.

these figures. First, we have incorporated the “no negative queue-lengths” improve-
g p g q g p

There are a couple of things to point out with regard to

ment suggested in the last section, but have not yet incorporated the concavity filter.

Second, although the total number of conditions is 5, 8, 10, or 20, the number of
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Figure 6.1: Expected Queue Length for Congestion Periods with N = 18 and N = 21:

Exact QIE vs. QIER Algorithm, for C = 5,8, and 10, No Concavity Filter
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Figure 6.2: Expected Queue Length for Two Congestion Periods with N = 58: Exact

QIE vs. QIE®R Algorithm, for C = 5,10, and 20, No Concavity Filter
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internal conditions selected by the user is actually one less than this, since the N-th
condition must always be selected: this is the number of conditions indicated on the
graphs themselves. The queue statistics for this set of graphs are presented in Table
6.1. The algorithm does very well on these congestion periods, and the monotonic
increase in the values of the lower bounding queue statistics, as well as the monotonic
decrease in 6, may be seen. Note that the reported run times will vary as the set
of chosen conditions changes. This is due to the way the matrices are computed,
the left-most columns having many more elements to compute than the right-most
columns. To test the variance that would result, we ran both the N = 18 and the
N = 21 congestion periods with the two extreme sets of conditions for the case C = 5,
and the results given in Table 6.2 were achieved. These results are depicted in Figure
6.3: note that we have not implemented the concavity filter for these runs. Note
that there is quite a range of run times. As one would expect, none of the extreme
cases does as well at estimating the queue length and queue statistics as the cases
where the conditions are spaced. Surprisingly, the extreme case which takes the least
amount of time does much better than that which takes the most, and approaches

the accuracy of the mixed conditions cases.

Figures 6.4 and 6.5 present the expected queue length for the four congestion
periods and the sets of conditions above, both for the exact QIE algorithm and for
the QIEF algorithm, when concavity filtering is added. The queue statistics for this
set of graphs is presented in Table 6.3. Notice that, in the N = 21 case and in the first
N = 58 case, the queue statistics do not change when concavity filtering is added.
That is because the original queue length calculation did not go negative, so that the
original concave function was not modified when checked for negative queue lengths.
Hence, taking the concave hull of a concave function gives back the same function,
i.e., nothing is changed. Since we did check for concavity, though, the run times are
slightly increased. This small increase can be considered to be the maximum time

that the concavity filter could add to an N = 21 (N = 58) congestion period, since
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Size of Algorithm || E[Lg|...] | E[Wg]|.. ] 6 Run Time
Cong. Period Used (minutes) (seconds)
QIE 2.8649 12.6644 0 0.404

N =18 QIER, C =5 || 24537 | 10.8465 |0.4112| 0.088
QIER, C =8 || 2.5237 11.1560 |0.3412 | 0.175
QIER, C =10 | 2.5373 | 11.2160 |0.3276 | 0.222

QIE 3.3870 | 12.0614 0 0.694
N =21 QIER, C=5 || 3.0348 | 10.8069 |0.3523 | 0.138
QIER,C =8 || 3.1969 11.3841 |0.1902 | 0.297
QIER,C =10 3.2005 | 11.7174 |0.0966 | 0.338

QIE 9.3605 | 49.5175 0 31.15
N=58(1) | QIER, C=5 | 86864 | 459513 |0.6741 1.79
QIER, C =10 | 8.7223 | 46.1412 |0.6382 4.62
QIERE. C =20 9.1154 48.2206 | 0.2452 10.31

QIE 4.4114 | 21.5511 0 31.22
N=58(2) | QIER, C=5| 30226 | 14.7664 |1.3888 1.79
QIEE,C =10 || 3.7435 | 18.2884 | 0.6679 4.64
QIEE,C =20 | 3.9568 19.3302 | 0.4546 10.40

Table 6.1: Comparison of QIE and QIEF Algorithms (No Concavity Filter) for Con-
gestion Periods with N = 18, 21, and 58
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Figure 6.3: Expected Queue Length for Congestion Periods with N = 18 and N = 21:

Exact QIE vs. QIEF Algorithm, for Extreme Conditions, No Concavity Filter
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Figure 6.4: Expected Queue Length for Congestion Periods with N = 18 and N = 21:
Exact QIE vs. QIER Algorithm, for C = 5,8, and 10, with Concavity Filter
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Size of Alg. Conds. E[Lg|...] | E[Wg]|...] 6 Run Time
Cong. Pd. | Used (minutes) (seconds)
QIE all 2.8649 12.6644 0 0.404

N =18 | QIER 1,2,3,4,18 2.1184 9.3645 | 0.7465 0.209
QIER | 14,15,16,17,18 || 2.3800 10.5205 | 0.4850 0.014
QIE all 3.3870 12.0614 0 0.694
N =21 |QIEF 1,2,3,4,21 2.3429 8.3431 1.0442 0.319
QIER | 17,18,19,20,21 || 2.9262 10.4201 | 0.4609 0.015

Table 6.2: Comparison of QIE and QIEF Algorithms for Congestion Periods of N = 18
and N =21, with C = 5 and Extreme Conditions

an already concave function must be checked at every breakpoint for concavity. In
the N = 18 case, small improvements are noted, but only because the original QIE®
algorithm produced a negative queue length at time ¢;, which was adjusted, resulting
in a non-concave function. Similarly, in the second N = 58 case, small improvements
are noted for the C = 5 case only.

Now, we consider trying to space the conditions evenly in time, rather than by
condition number, and see if that results in any change in the queue statistics. We
consider the case C' = 5 for both large congestion periods (N = 18 and N = 21) in
the first run and for the N = 58 congestion period from each of the last two runs.
We look at the results with and without concavity filtering. Figures 6.6 and 6.7
present the expected queue length for the two congestion periods with N = 18 and
N = 21, and the two with N = 58, respectively, both for the exact QIE algorithm
and for the QIE® algorithm, with C = 5, and with the conditions chosen to be evenly
spaced in time. The set of conditions that are chosen are 2, 6, 10, and 14 for the
N = 18 congestion period; 1, 7, 13, and 17 for the N = 21 congestion period; 5,
13, 23, and 35 for the first N = 58 congestion period; and 13, 28, 35, and 46 for

the second N = 58 congestion period. The results are shown both with and without
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Size of Algorithm || E[Lg]...] | E[Wg].. ] ) Run Time
Cong. Period Used (minutes) (seconds)
QIE 2.8649 12.6644 0 0.404

N =18 QIER, C =5 | 2.4594 | 10.8715 | 0.4056 | 0.091
QIER, C =8 || 2.5252 11.1628 |0.3397 | 0.178
QIER,C =10 25388 | 11.2227 |0.3261 | 0.226

QIE 3.3870 | 12.0614 0 0.694
N=21 QIER,C=5 || 3.0348 | 10.8069 |0.3523 | 0.143
QIER, C =8 || 3.1969 11.3841 | 0.1902 0.302
QIER,C =10 | 3.2905 | 11.7174 |0.0966 | 0.342

QIE 9.3605 | 49.5175 0 31.15
N=58() | QIER,C =5 8.6864 45.9513 | 0.6741 1.80
QIER, C =10 8.7223 46.1412 | 0.6382 4.64
QIER, C =20 9.1154 48.2206 | 0.2452 10.34

QIE 4.4114 | 21.5511 0 31.22
N=58(2) | QIEE,C=5 | 3.0558 14.9285 | 1.3556 1.81

QIER,C =10 3.7435 18.2884 | 0.6679 4.66

QIER, C =20 | 3.9568 | 19.3302 |0.4546 | 10.43 J}

Table 6.3: Comparison of QIE and QIER Algorithms, with Concavity Filter, for
Congestion Periods with N = 18, 21, and 58
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Figure 6.6: Expected Queue Length for Congestion Periods with N = 18 and N = 21:
Exact QIE vs. QIE® Algorithm, for 5 Time-Spaced Conditions, with and without

Concavity Filter
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concavity filtering. The queue statistics for this set of runs are presented in Table
6.4. Again, concavity filtering makes a difference only in the N = 18 case and the
second N = 58 case. Although spacing evenly in time gives slightly better estimates
in the V = 18 example, it gives worse estimates in the other three examples, so we
can draw no definite conclusions as to a preferred method for selecting the best set of
conditions to use, although we would be inclined to use condition-spacing as a first
try. Presumably, there is some optimal set of conditions that gives the best estimate

for any given congestion period and C. This is an area which requires exhaustive

study.
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Size of | Algorithm | Concavity || E[Lg|...] | E[Wp]...] )
Cong. Pd. Used Filter? (minutes) “
QIE — 2.8649 | 12.6644 0
QIER, CS No 2.4537 | 10.8465 | 0.4112
N =18 | QIER, CS Yes 2.4594 10.8715 | 0.4056 "
QIER, TS No 2.5281 11.1755 | 0.3368
QIER, TS Yes 2.5304 11.1855 | 0.3345
QIE — 3.3870 | 12.0614 0
QIER, CS No 3.0348 10.8069 | 0.3523
N =21 | QIER, CS Yes 3.0348 10.8069 | 0.3523
QIER, TS No 2.9594 | 10.5385 |0.4277
QIER, TS Yes 2.9594 10.5385 | 0.4277
QIE — 9.3605 | 49.5175 0
QIER, CS No 8.6864 45.9513 | 0.6741
N =58 (1) | QIER, CS Yes 8.6864 45.9513 | 0.6741
QIE®R, TS No 8.6862 | 45.9506 |0.6743 |
QIER, TS Yes 8.6862 45.9506 | 0.6743
QIE — 44114 | 21.5511 0
QIE%, CS No 3.0226 | 14.7664 | 1.3888
N =58 (2) | QIER, CS Yes 3.0558 14.9285 | 1.3556
QIER, TS No 2.6105 12.7530 | 1.8009
QIER, TS Yes 2.7288 | 13.3309 | 1.6826

Table 6.4: Comparison of QIE and QIER Algorithms, with and without Concavity
Filter, Condition-Spaced (CS) and Time-Spaced (TS), for Congestion Periods with
N =18, 21, and 58
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Next, consider the second implementation suggested in the last section, namely,
using a single local condition at each t;: i.e., only using A(;) > ¢ to calculate
E[A(%)]...]. We examine the six longest congestion periods in our first simulation
run, with numbers of customers 14, 13, 14, 18, 21, and 12, as well as the two N = 58
congestion periods, one from each of the other two runs. Figures 6.8 and 6.9 present
the expected queue length for the eight congestion periods, both for the exact QIE
algorithm and for the QIE® algorithm. These figures do not incorporate the con-
cavity filter. The same set of data, but with incorporation of the concavity filter for
the QIER algorithm, is presented in Figures 6.10 and 6.11. The queue statistics
for both sets of graphs (with and without concavity filtering) are presented in Table
6.5. Note that, even though we are considering only a single condition at each ¢;, the
algorithm does fairly well, even without concavity filtering. When the concave hull
of the function is taken, marked improvements may be seen. In fact, for N = 18,
after concavity filtering, this algorithm is comparable in accuracy to, yet runs much
faster than, the multiple global conditions implementation for C = 10. In the N = 21
example, after concavity filtering, this algorithm is close to the accuracy of the other
implementation, with C' = 5, although its run time is slightly greater. For the first
N = 58 congestion period, after concavity filtering, the algorithm is close to the ac-
curacy of the multiple global conditions, C = 20, case, yet runs much faster. And
for the second N = 58 congestion period, after concavity filtering, the algorithm is
between the C = 5 and C = 10 multiple global conditions implementation in both
accuracy and runtime. In general, however, the run times are quite fast and adding
concavity filtering adds very little to them, even less than was added in the previous
implementation of the QIER algorithm. As already discussed, this is because the
multiple global conditions implementation produces a concave function, while that
produced by the single local condition implementation may be far from concave. It
is paradoxical that the more the lower bound is improved by concavity filtering, the

less time the concavity filter takes to run!
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Figure 6.8: Expected Queue Length for Congestion Periods of N = 14, 13, 14, 18,
21, and 12: Exact QIE vs. QIEZ, Single Local Condition, No Concavity Filter
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Figure 6.9: Expected Queue Length for Two Congestion Periods of N = 58: Exact
QIE vs. QIEZ, Single Local Condition, No Concavity Filter
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Figure 6.11: Expected Queue Length for Two Congestion Periods of N = 58: Exact
QIE vs. QIER, Single Local Condition, with Concavity Filter
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Size of Algorithm E[Lgl...] | E[Wq|...] 6 Run Time
Cong. Pd. Used (minutes) (seconds)
QIE 2.8066 | 11.5726 0 0.172
N =14 | QIER, SLC,NCF | 2.5848 | 10.6581 |0.2218 | 0.050
QIER, SLC, CF | 2.6379 | 10.8770 |0.1687 | 0.051
QIE 2.5231 11.5514 0 0.133
N =13 | QIER SLC,NCF | 2.0712 9.4823 |0.4519 | 0.041
QIER, SLC, CF | 2.3126 | 10.5878 |0.2105 | 0.042
QIE 2.6238 8.6997 0 0.173
N =14 | QIEE,SLC,NCF | 2.2293 7.3917 | 0.3945 0.050
QIER, SLC, CF | 2.4109 7.9936 |0.2129 | 0.051
QIE 2.8649 | 12.6644 0 0.404
N =18 | QIER, SLC, NCF | 2.2082 9.7612 | 0.6568 |  0.099
QIER, SLC, CF | 2.5288 11.1783 |0.3362 | 0.101
QIE 3.3870 | 12.0614 0 0.694
N =21 | QIEE SLC,NCF | 2.7255 9.7058 | 0.6615 | 0.153
QIE®, SLC, CF || 3.0194 10.7523 | 0.3676 | 0.154
QIE 1.8193 6.4488 0 0.103
N =12 | QIE® SLC,NCF | 1.2786 4.5323 | 0.5407 | 0.033
QIER, SLC, CF 1.4959 5.3025 | 0.3234 0.034
QIE 9.3605 | 49.5175 0 31.15
N =58 (1) | QIER, SLC, NCF | 8.7584 46.3322 | 0.6021 2.86
QIER, SLC, CF || 9.1113 | 48.1992 | 0.2492 2.86
QIE 4.4114 | 21.5511 0 31.22
N =58 (2) | QIER, SLC, NCF | 2.3265 | 11.3658 | 2.0849 2.87
QIER, SLC, CF || 3.2942 16.0933 | 1.1172 2.87

Table 6.5: Comparison of QIE and QIER, Single Local Condition (SLC), No Concavity
Filter (NCF) and Concavity Filter (CF), for Eight Congestion Periods
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We have presented two implementations of the QIEF algorithm, both of which
provide quite good lower bounds to the actual QIE calculations, yet cut down sig-
nificantly on the running time required. Substantial work remains to be done to
determine how to choose the set of conditions to use in the multiple global conditions

implementation, both in terms of improving the bound and reducing the run times.

6.3 Algorithmm Based on Restricting the Maxi-

mum Queue Length

The second idea that was introduced in Chapter 5 as a way to change the conditioning
inequalities was the notion of assuming a maximum queue length. That is, we conjec-
tured that an approximation to the expected cumulative number of arrivals function
could be found by disregarding large-queue events, thereby avoiding calculation of
their (presumably small) probabilities. We showed in Chapter 5 that introducing a
maximum queue length constraint, i.e., conditioning on the maximum queue length
being less than or equal to some value @, also leads to a lower bound on the values
in the A-matrix and hence on the expected cumulative number of arrivals by time ¢.
We now show the specifics of implementing this algorithm, and show how the com-
putational complexity is reduced by the zeroing out of many elements of the three

matrices.

As already stated, the condition that we will add to £5(t) is that the queue
length never exceed the length @ during the congestion period in question. Because
we have defined Q(t) as a right-continuous function, this means that, between #;_,
and t;, the queue length may only increase, until the instant ¢;, at which time Q(t;)
is decremented by one from its value at Q(¢;"). So in order to ensure that the queue
length never exceed Q during the congestion period, we must require Q(¢;) < Q—1,i =

1,2,...,N. By using Equation 2.12, it is easy to see what this constraint does to the
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bounds on the A(¢;)’s:

Condition from £5(t): ¢ < A(%) < N
Additional Condition: Q) £ Q-1
= Alt) < i+Q-1
Total Conditions: ¢ < A(4;) < min(N,i+Q —1)
= 1 < A(t:) £ i+Q-1, i=12,...,N-@Q
i < A{t) < N, i=N-Q+1,N-Q+2,...,N

So this means that we have for our set @) of bounds on the A(¢;)’s:

i = 1¢ i=0,1,...,N

u = 0

v, = t+Q-1, i=12,... . N-Q

u = N, i=N-Q+1,N-Q+2,...,N

(Here, we are using @ both to represent the maximum queue length that might
have been achieved during the congestion period, and also to represent the set of
bounds under £5(t) and the additional condition that the maximum queue length
did not exceed Q: the context should make clear which definition is bemng used, and
any confusion is outweighed by the confusion inherent in introducing yet another
symbol.) Note that we also have some implicit constraints on the value of Q, namely,
we require 1 < @ < N, since we have to have at least one person in queue prior to
every t; in order for the congestion period to continue, and since N is the maximum
queue length achievable for a congestion period of N customers.

We now proceed to find the a®-, 79-, and #?-matrices, using the above specific
definitions for the I;’s and the u,’s, and using the results of Chapter 5. These results
actually follow quite readily from Equations 5.11 through 5.22 and so will not be
derived in detail here, but are fresented via the following claims. We begin with the

o®-matrix.
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Claim 6.7

k
ad (t) (—-) , k=12,...,Q
a2(t) = 0, k=0,1,....,i—lork=i+@Q,i+Q+1,...,N,

i=12...,N
k! kY (ti—tia)’

od®) = X ol ea®x |t (B2),
j=0 J N

k=ii+1,...,mn(i+Q—1,N), i=2,3,...,N

Proof: Most of the above follows directly from Equations 5.11 through 5.14. The only
explanation required is for the lower limit on the sum in the last part of the claim
above. Consider the situation in which k =i+Q—1and:=2,3,...,N—Q+1. Then
u;- is actually equal to :+ Q) — 2, so that ¥k —wu,;_; = 1, rather than the zero indicated
as the lower limit. But we claim that, in this special case, the j = 0 term is zero, so
starting the sum at zero is actually valid. This can be seen by considering the first
term of the sum, which, for the values of k and 7 above, and j = 0, is ag +Q_1)'(,-_1)(t).
But this expression has the value of its first subscript greater than the value of its
second subscript by the amount @, and se, by the second part of the claim above,
this a“ term, and hence the whole j = 0 term, is zero. |

We now continue with the 7@-matrix.

Claim 6.8
%) = 1, i=N-Q+1,,N-Q+2,...,N-1
in—1
Q _ in—ina
77(1\7—1),(1\7-1)(t) = _——tN

n2(t) = 0, k=0,1,....i—lork=i+Q,i+Q+1,...,N,
i=0,1,...,N—1

min(N—k,i+Q—k) ;

N—k)\ (tiqs —t\’

ﬂﬁ(t) = E ”8c+j),(i+1)(t) X ( . ) (‘%“-) )
7=0 J N

k=ii+1,...,mn(N—1,i+Q—1), i=0,1,...,N—2
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Proof: Most of the above follows directly from Equations 5.15 through 5.18. The only
explanations required are for the limits on the sum in the last part of the claim above.
First consider the upper limit, which, from Equation 5.18, should be u;;; — k. We
know we can express u; = min(V, i+ @ —1) so that we also have u;4; = min(N, i+ Q)
and finally, u;4; — k = min(N — k,7 + @Q — k). Now consider the lower limit, which,
from Equation 5.18, should be max(0, ;41 — k). We know [l;4; = i+ 1, so we will have
the maximum equal to zero except in the single case when k = i. But we claim that,
in this special case, the j = 0 term is zero, so starting the sum at zero is actually
valid. This can be seen by considering the first term of the sum, which, for the values
k=7and j=0,is 173(,- +1)(t). But this expression has a first subscript whose value
is one less than that of its second subscript, and so, by the third part of the claim
above, this 79 term, and hence the whole j = 0 term, is zero. §

Finally, we have the following for the #%-matrix.
Claim 6.9

BAt) = 1, k=1,2,...,i, i=1,2,...,N
BE(t) = 0, k=i+Q,i+Q+1,...,N, i=1,2...,N-Q

BRi(t)

Q.
aQN'('t“), t=N-Q+1,N-Q+2,...,N—1
ayn(t)

Q 1 N) o Q

(t) + (E)ne(t) 3,
:B(k-i-l),:( ) a]?m(t) {( k ) a; (8)mi ( )}
k=:+1,142,...,min(N-1,:4+Q-1), ¢ =12,..., N-2

BE(t)

I

Proof: These expressions follow directly from Equations 5.19 through 5.22 and re-

quire no elaboration. |

We now have a complete method for determining the full f®-matrix, which in
turn may be used in the standard way to generate all of the queue statistics that are
generated by the original QIE algorithm. We call this algorithm the QIE? algorithm.
Now let us examine its computational complexity. We first generate the a9- and

n9-matrices. Consider the last parts of both Claims 6.7 and 6.8. In both cases, for
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column 7, we calculate at most @ elements in that column. To find the complexity of
calculating each of these elements for the a?-matrix, we see that we have the most
terms to add up when k = 7 + @ — 1: in this case, we must add up @ + 1 terms
to find the single element, ag +0-1),i(t). Similarly, for the 79-matrix, we have the
most terms to add up when k = #: in this case, we must also add up @ + 1 terms to
find the single element, 1]3 (t). Hence, calculation of each column of these matrices
is O(Q?), and since each matrix has N columns, calculation of the entire a?- and
n?-matrices is an O(NQ?) operation. Finally, we multiply elements of these matrices
to generate elements of the 42-matrix. There are N columns of the A%-matrix to be
filled in; each of these columns has at most ¢ — 1 elements to be calculated (see Claim
6.9); and each of these elements requires an O(1) computation: hence, computation
of the f?-matrix, after computation of the other two matrices, is O(NQ), and the

computational complexity of the entire QIE? algorithm is O(NQ?).

This is quite a savings over the standard QIE algorithm, and, for large congestion
periods, even a modest value for @) (on the order of 10 or 15) can result in a fairly tight
bound (see Section 6.4). The bound can be improved even further by again forcing
concavity on the function, E[A(¢)|€9(t)]. That is, one would find the E[A(t)|E9(t)]
function, and then take the concave hull of that function in order to get a tighter

lower bound on E[A(t)|E5(t)).

An important point to note with regard to the QIE®? algorithm is that, in some
environments, we may ac‘ually know that, during some congestion period, the queue
length never exceeded the value, Q). For example, we may have a finite-capacity wait-
ing room, whose capacity we know to be ¢, and by some means of observation, we
may be able to determine that the capacity was never exceeded during a given conges-
tion period. Incorporating this information into the QIE model is exactly equivalent
to assuming bounds, @), on the A(;)’s, as described above. So we could run the
QIER algorithm on the given data set, and, not only would we realize computational

savings, but we should also actually do a better job in estimating the expected cu-
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mulative number of arrivals by time ¢ than we would do, running the original QIE
algorithm. This is due to the fact that the original algorithm takes into account all
possible arrival patterns, including those that generate large queues; but, given that
the queue length was limited, we know that those particular arrival patterns did not
occur, and by omitting them from consideration, we are actually more likely to be
close to the actual arrival pattern.

And what if, during a congestion period, the capacity of our waiting room were
exceeded and we were given the times of transition between the states “capacity
exceeded” and “capacity not exceeded?” As in the case above, we are given some
partial queue length information which should make our estimates of the queue statis-
tics better than if we did not have the information. Also, since we are given perfect
information as to the queue length at several points during the congestion period, it
should be possible to break up the congestion period and analyze each section sepa-
rately, thereby also reducing the computational burden. These are the ideas that are
explored in the next chapter.

In the next section, we present the results of several sample runs of the QIE®
algorithm. We consider two cases. First, we consider using the algorithm as a lower
bound to E[A(t)|£5(t)], and we examine how good the bound is and how fast the
runtimes are, relative to the original QIE algorithm. Second, we look at actual
simulations with queue lengths less than or equal to @, and we calculate E[A(¢)|E9(t)]
and compare its performance to that of E[A(t)|€5(t)]: in this case, we expect the
QIE? algorithm to be better and to have faster runtimes. These expectations are

indeed borne out.

6.4 Computational Results of the QIE? Algorithm

We include here results from simulation of an M/M/1 queue. These data were gen-

erated by three simulation runs with Poisson arrivals at rate 10 per hour, a single
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server, and exponential service times with expected values of 3 minutes for the first
run (giving a value of p = 0.5) and 4 minutes for the last two runs (giving a value
of p = 0.67). Runs were on a 386/387-based Northgate Computer Systems PC. Each
run time given below is an average of 3000 run times (for shorter runs, presented to
thousandths of a second) or 1000 run times (for longer runs, presented to hundredths
of a second) from different runs of the program on the same data. This averaging was
necessary because the system clock is only updated every 0.0549254 seconds [Scan 83],

so to get accuracy greater than 0.1 seconds, many runs must be averaged.

We compare the QIE® aigorithm to the standard QIE algorithm. First, we con-
sider the case in which the QIE® algorithm is used as a lower bound to the exact
QIE algorithm. Then, we examine the case in which maximum queue length data are
available, so that the QIE? algorithm may be used to improve our estimates. The
statistics that are used for comparison of the algorithms include: E[Lg]...], the time-
averaged number of customers in queue; E[Wy)| .. .], the average wait in queue; §, the
approximation error, which we define to be the absolute area between E[Q(2)|£5(t)]
as generated by the exact QIE algorithm, and the lower bound algorithm’s estimate
of the same function, divided by the duration of the congestion period, ty; and ¢, the
time-averaged error, defined to be the absolute area between the actual queue length
graph and the QIE (or QIE?) expected queue length graph, divided by the total time
of the congestion period. The run times to generate the beta-matrix for the different

algorithms are also compared.

When we are not given data regarding the maximum queue length but have a long
congestion period to analyze, we may wish to lower bound the QIE output by using
the QIE? algorithm. Examples of this are presented in F igures 6.12 and 6.13. These
graphs illustrate the mean queue length as estimated by the QIE algorithm, compared
with the same quantity as estimated by the QIE? algorithm, for congestion periods
of 18, 21, and 58 customers. We present these comparisons for values of @ of 5, 8, and

10 for the two shorter congestion periods, and @ = 5, 10, and 15 for the two N = 58 .
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Figure 6.12: Expected Queue Length for Congestion Periods of N = 18 and N = 21:
QIE vs. QIE®, with Q = 5,8, and 10, No Concavity Filter
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Figure 6.13: Expected Queue Length for Two Congestion Periods of N = 58: QIE

vs. QIE?, with Q = 5,10, and 15, No Concavity Filter
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congestion periods. Note that as () increases, the bound gets tighter, and the values of
E[Lq|€?(t)] alsc increase, up to the maximum given by the standard QIE algorithm,
while the value of é§ decreases to 0. Also note that, for the two shorter congestion
periods and the second N = 58 congestion period with Q = 10, the QIE? algorithm
is very close to the exact QIE algorithm yet requires considerably less running time.
For the first N = 58 congestion period, we must have at least Q = 15 to obtain a
bound that is reasonably close, but again, the running time is still far less than that
of the exact QIE algorithm. Comparisons of the values of the time-average queue
length, the expected wait in queue, the approximation error, and the running times

for these data are provided in Table 6.6.

Recall that we suggested that the QIE? algorithm could be improved by taking the
concave hull of the expected cumulative number of arrivals by time £. This concave
hull is still a lower bound, but is tighter than that generated by the QIE? algorithm
alone. In Figures 6.14 and 6.15, we present the output of the same congestion periods
and values of @) we considered above, but tﬁis time we add concavity filtering to the
QIER algorithm. Comparisons of the values of the time-average queue length, the
expected wait in queue, the approximation error, and the running times for these data
are provided in Table 6.7. Note that the run times are not significantly increased by
the additional task of the cencavity filtering, but that in many instances, the bound is
tightened quite significantly after the concave hull has been taken. This is particularly
evident in the first N = 58 congestion period, where, even with Q = 5, we get quite

a good bound after concavity filtering.

Next, we compare the QIE? algorithm to the standard QIE algorithm, when we
actually have maximum queue length data available. Consider a congestion period
with N = 11, as shown in Figure 6.16, and suppose we have a pressure-sensitive
mat at position @) + 1 in the queue, and we determine that, over the course of the
given congestion period, the mat was never depressed, so the queue length could not

have exceeded (). The figure depicts the exact queue length for the period (which,
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Size of Algorithm | E[Lg|...] | E[Wgq].. ] ) Run Time
Cong. Pd. Used (minutes) (seconds)
QIE 2.8649 12.6644 0 0.404
N=18 QIE?,Q =5 2.1541 9.5221 0.7108 0.084
QIE?,Q =8 | 2.7703 12.2461 |[0.0946 | 0.167
QIE?,Q =10 2.8568 12.6282 | 0.0082 0.235

QIE 3.3871 12.0615 0 0.694
N=21 QIE?, Q=5 2.1681 7.7205 | 1.2190 0.102
QIE?,Q =38 2.9874 10.6383 | 0.3996 0.208
QIE?, Q=10 3.2773 11.6706 | 0.1098 0.301

QIE 9.3605 | 49.5175 0 31.15
N=58(1)| QIE?, Q=5 || 2.4845 13.1428 | 6.8761 0.423
QIE?,Q=10| 5.0879 26.9151 | 4.2726 1.20
QIE?,Q =15 || 17.5336 | 39.8530 | 1.8269 2.69

QIE 4.4114 | 21.5511 0 31.22
N=58(2)| QIE?,Q=5 || 24109 | 11.7779 |[2.0005 | 0.423
QIE?,Q =10 || 4.0442 19.7574 | 0.3672 1.20
QIE?,Q =15 | 4.4041 | 21.5154 |0.0073 2.69

Table 6.6: Comparison of QIE and QIE? Algorithms, for Four Congestion Periods,
No Concavity Filter
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Figure 6.14: Expected Queue Length for Congestion Periods of N = 18 and N = 21:
QIE vs. QIE?, with @ = 5,8, and 10, with Concavity Filter
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Figure 6.15: Expected Queue Length for Two Congestion Periods of N = 58: QIE
vs. QIE?, with Q = 5,10, and 15, with Concavity Filter




6.4. COMPUTATIONAL RESULTS OF THE QIE? ALGORITHM

Size of Algorithm || E[Lg|...] | E[Wg].. ] ) Run Time
Cong. Pd. Used (minutes) (seconds)
QIE 2.8649 | 12.6644 0 0.404
N=18 | QIE®?, Q=5 | 24668 | 10.9045 |(0.3981 | 0.088
QIE?,Q=8 | 2.7791 12.2849 | 0.0858 | 0.173
QIER,Q =10 | 2.8568 | 12.6282 |0.0082 | 0.242
QIE 3.3871 12.0615 0 0.694
N=21 | QIE?, Q=5 3.0083 | 10.7125 |0.3788 | 0.108
QIE?,Q=8 | 3.1955 | 11.3793 [0.1915| 0.215
QIE?,Q =10 3.3098 11.7863 | 0.0773 | 0.308
QIE 9.3605 | 49.5175 0 31.15
N=58(1)| QIE?,Q=5 8.8658 46.9004 | 0.4947 0.427
QIER,Q =10 || 8.9758 | 47.4823 | 0.3847 1.20
QIE?,Q =15 9.1104 48.1942 | 0.2501 2.70
QIE 4.4114 | 21.5511 0 31.22
N=58(2) | QIE?,Q=5 | 3.1403 15.3413 | 1.2711 0.435
QIE?, Q=10 4.0915 19.9884 | 0.3199 1.23
QIE?,Q =15 4.4041 | 21.5154 |0.0073 2.73

185

Table 6.7: Comparison of QIE and QIE? Algorithms, for Four Congestion Periods,

with Concavity Filter
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Figure 6.16: Exact Queue Length vs. Expected Queue Length for a Congestion Period
with N = 11: Standard QIE and QIE® with Q = 3,4, and 5
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Algorithm E[Lg].. ] E[Wg|...] (minutes) € Run Time
Used (actual = 1.1161) | (actual = 3.7160) (seconds)
QIE 1.9230 6.4025 0.9249 0.080

QIE?,Q =3 1.3654 4.5460 0.5309 0.027
QIE?,Q =4 1.6467 5.4826 0.6947 0.034
QIE?,Q =5 1.8107 6.0286 0.8293 0.043

Table 6.8: Comparison of QIE and QIE®? Algorithms (with Max Queue Length Data
Given) for a Congestion Period with N = 11

in fact, never exceeds 3) and, superimposed, depicts the QIE (or QIE?) expected
queue length. As can be seen, the standard QIE overestimates the expected queue
length, while the QIE? estimate with Q = 3 is quite close to the actual data. With
Q = 5, the QIE? is actually quite close to the standard QIE output: even though the
standard QIE algorithm considers many more possible events (all those with queue
length greater than 5 and less than 12), those events are of relatively low probability
and so do not have much impact on the final expected queue length. Comparative
statistics for these congestion periods are provided in Table 6.8. Notice that the
algorithm with the shortest run time gives the best estimate of the data!

We continue with the idea of having partial queue-length data available in the
next chapter. We again consider having a mat at position @ + 1 in the queue, but
this time we allow mat transitions to occur during the congestion period. This allows
us to partition the congestion period and analyze the partitions separately, thereby

giving us more accurate estimates in shorter runtimes.






Chapter 7

Adding Partial Queue Length

Information to Transactional Data

The QIE? algorithm discussed in the last chapter raises the following interesting issue.
Suppose that the queue actually had some sort of sensing mechanism, for example
a pressure-sensitive mat placed at position M in the queue, such that we would be
able to detect all queue transitions from M — 1 to M, as well as all transitions from
M to M — 1. Here, we ignore the transients of customers stepping over the mat just
to achieve a position in queuc which is less than M. We also assume that there is
no queue transit delay: that is when a customer leaves the queue to enter service,
the entire queue immediately shifts forward one position. Then, for a congestion
period during which no transitions are observed, we have exactly the situation in the
previous chapter, with M = @ + 1: the mat information allows us to discard the
large-queue events which we know did not occur.

For a congestion period during which mat transitions are observed, we clearly
have new information at the points of transition and so should be able to use this
information to improve the QIE performance. In addition, because the state of the
queue is known exactly at the points of transition, we may break the congestion period

down into “congestion period partitions” and analyze each of these separately, thereby
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significantly reducing the complexity of the computation. Specifically, assume, as
before, that ¢;,%,,...,ty are the times of service commencement for customers 1
through N. Now define a mat cycle as any period of time during which the mat is
continuously depressed. Similarly, define a non-mat cycle as any period of time within
a single congestion period between two mat cycles. Say there are I' mat cycles during
the congestion period, with I' > 0 (hence, there are I' — 1 non-mat cycles whenever
' > 1). Then define dy,d,,...,dr as the times at which the mat is depressed; and
define ry,r,,...,rr as the times at which the mat is released. Note that any given
mat release time must coincide with one of the ¢;’s. Figure 7.1 provides an example
of a congestion period which has N = 12 customers who must wait in queue, with a

mat position at M = 3, and two mat cycles (I' = 2).

Whenever I' > 0, the congestion period can be broken down into 2I' 41 congestion
period partitions, each of which must be one of four distinct types. The first type of
congestion period partition comprises the time (0, d;], i.e. the time from the beginning
of the congestion period until the first time that there are M customers in queue (there
must be at least M — 1 arrivals prior to time d;). The second type of congestion
period partition comprises the time (d;,7;], 7 = 1,...,I', a single mat cycle. This is
the time between any depression of the mat and the subsequent release. Note that
the queue can grow to any size greater than or equal to M during this congestion
period partition. The third type of congestion period partition comprises the time
(rj»djs1), 5 =1,...,I' = 1, a single non-mat cycle (this type exists only when I' >
2). This is the time within a single congestion period between any mat release and
subsequent depression. The queue length can be anything between 0 and M — 1
during this congestion period partition, although no server may be made idle, as this
would cause the end of the congestion period. Finally, the fourth type of congestion
period partition comprises the time (rr,y], i.e. the time between the end of the last
mat cycle and the end of the congestion period. Including ¢y, there must be at least

M — 1 departures during this congestion period partition, to empty out the M — 1
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customers who are in queue at time rr. Again looking at Figure 7.1, because there
are two mat cycles (I' = 2), there are two type 2 congestion period partitions, and
one each of types 1, 3, and 4.

In the next section, we introduce a general algorithm which may be used to analyze
all of the four types of congestion period partitions. Then, in each of the following
four sections, we specialize the algorithm to each of the four types of partitions. As
we analyze each congestion period partition, we will be partially filling in another

B-matrix, this one with entries 8 (7), where
B () = Pr[A(m) > k|E5(t), M|

and where 7; is any time at which information is available (i.e., the ¢;’s and the mat
depression times, the d;’s). Here, M is used to denote the mat data, as contained
in the telegraph wave, such as that depicted at the bottom of Figure 7.1. We also
discuss the computational complexity of each of the specialized algorithms. Finally,
we discuss how to complete the fM-matrix and how to use it to derive the queue

statistics of interest. We call the algorithm which fills in the AM-matrix the QIEM

algorithm.

7.1 Algorithm to Find Arrival-Time Probabilities
for Congestion Period Partitions

The fact that we have perfect information as to the queue length (and hence, the
number of arrivals) at both the beginning and end of each of the congestion period
partitions suggests that perhaps we could use the algorithm introduced in Section
5.3 in order to find the arrival-time probabilities of interest, the B8(7)’s. However,
there are four requirements for that algorithm which are not fulfilled by some or all
of the congestion period partitions considered here. First, that algorithm requires

that the cumulative number of arrivals at the beginning of the period to be analyzed
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be zero: only the type 1 partition satisfies that requirement. Second, the algorithm
requires that the number in queue at the end of the period to be analyzed also be
zero: only the type 4 partition satisfies that requirement. The algorithm also requires
that the number of arrivals during the period to be analyzed be equal to the number
of departures: this is certainly not the case for the type 1 partition, sin~e we start
out the partition with zero customers in queue and end up with M in queue (so we
must have had M more arrivals than departures). Finally, the algorithm assumes
that we only have information at instants at which there were departures from the
queue: in this case, we also have information at various arrival times. We now present
a generalization of the algorithm presented in Section 5.3, which accounts for all of
these discrepancies.

Consider a partition of an N-customer congestion period, such that we have perfect
information as to the state of the queue at both the beginning and end of the segment
or partition. Say that, during the partition, we have N4 arrivals, and let Nt represent
the number of arrival times and departure times during the interval that we know
with certainty. (In the standard algorithm, we have Ny = N and Nt = N, i.e., we
know only the N departure times with certainty.) We denote the beginning of the
partition by 7o (note that this is not assumed to be zero) and each of the “times of
interest” by 7;,¢ = 1,2,...,Nr. We also let Ay = A(7p) represent the cumulative
number of arrivals to the system at the beginning of the interval. Here, we count only
the arrivals who have had to wait in queue. Finally, we have that A(7n,) = Ao+ Na.

We would like to find the generalized $-quantities, 3% (7), defined as follows:

Be(r) = PrlA(n) 2 kIES(t)],
i=1,2,...,Ny, k=Ao+1,A0+2,...,Ac+ N4

Nr
where E6(t) = [{l < A(7j) < u;}
j=0
where here the [;’s and u;’s are defined by the set of bounds G:

G = {107 Il’ IEEE INT—la INT’ Ugy U1,y - - ’uNT—lauNT}
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= {A01 ll, LR 7INT—17 AO + NA) A07 Uyy e vy UNP—1, AD + NA}

and the /;’s and u;’s must also conform to the last three equations in the set 5.1, with

the boundary conditions as given above.

Then, we may proceed in a manner identical to that given in Section 5.3 to derive

the values for BZ(T), using the following:

E2Na(T) = {A(r) = Ao} [{A(7Np) = Ao+ Na}

: -1 T
ol(T) = Pr[E%%(7)|A(m:) = k, E4Na(7)] x ( L )

TNy — T0
TN — Ti Na—(k~Ao)
me(t) = Pr[e¥(r)|A(n) = k,E4Na(T)] x (_.T____)
TNT — 7o

The entire derivation will not be presented here since it is so close to the derivation

of the algorithm in Section 5.3. Instead, we present the results for the three matrices.

The o®-matrix is given by:

o§ i) =1, ifli=Ay, i=1,2...,Np—1

=T R
ag(t) = (——‘—-——‘-’—) , k=0L,L+1,...,u

TNT — To

akG,-(T) = 0, k =A0,Ao+1,...,l,'-—l ork =u,-+1,u,-+2,...,Ao+NA,

i=1,2,...,Nr

k_!l-'-l

k—A Ti — Ti- 7
ag(r) = > agc—j).(i-l)(r) X ( j 0) (TNT —7'(1)) ’

j=max(0,k—u;1}

k=1,L+1,...,u;and k > Ag, t=2,3,...,Np
The 7®-matrix is defined by the following:

Crangd™) = 1, ifui=Ag+Na, i=1,2,...,Np—1
TNT_TNT—I

G
() = :
77k,(NT 1)( ) ( TNT - T

0, k=AgAo+1,....Li=1ork=u;+1,u;+2,...,A0+ N4,

N4 ~(k-Ao)
) ’ k=INT-l,lNT—l+1)'-')uNT—1

I

o)
i=01,...,Np—1
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viy1 -k N Z o — e\
G G a—(k—Ao) ) (Tit1 — T
B = S i) X ( . ) (Zezz),
j=max(0,l.'+1—k) ( J)( ) J TNT — 7o

kE=0,L+]1,...,u;and k< Ag+ Ny, :1=0,1,...,Np—2
Finally, we have for the A¢-matrix:

S(r) = 1, k=Ao+1,A0+2,...,k; i=1,2,..., Ny

ﬂg(‘r) = 0’ k=ui+11ui+2’---,A0+NA,i=1,2,-..,N—1
af (7
G —GUHNA)"( ) , ifu; =Ag+ Ny
ﬂ(Ao+NA),i(T) = O‘(Ao+N4),NT(T)

Oa if u; < Ao + JVA
i=1,2,...,Np —1
BUT) = BmilT) + —5— Na ) agrmg(m)!,
N (T) k ——AO {3 1 3

C(A0+N4),Nr
k=0L+1,014+2,...,u;and k < Ag+ Ny, :=1,2,...,Np —1

Note that the f%-matrix generated by this algorithm has N4 rows and N7 columns.

We now proceed to analyze each of the four types of congestion period partitions
in turn. For each type, we specify how to find Ay, N4, N7, and what the r-vector is.
We also specify the set of bounds I;, ¢ = 1,2,...,Nr -1 and u;, i =1,2,...,Nr - 1.
For all of these quantities, we indicate by a superscript of 1, 27, 37, or 4 whether the
quantity applies to the type 1, j-th type 2, j-th type 3, or type 4 partition respectively.

Hence, note that we will always have the following:

§ = uf = Af
e = uy, = AJ+NY
P =1,2,3j,4

where P denotes the type of partition being analyzed. Similarly, we let D,, D,;, Ds;,
and D, denote the total number of departures during the type 1, j-th type 2, j-th
type 3, or type 4 partition respectively. Note that:

r r-1
Di+ > D3+ > D3j+Dy = N

i=1 j=1
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These quantities allow us to fill in an N4 by Nr matrix of arrival-time probabilities,
via the above algorithm. Then we calculate the computational complexity of the
algorithm in each of the four cases. Finally, we describe how to combine all of the
information to calculate queue statistics of interest. In all of the sections that follow,
we define M to be the position of the mat, and we let I' be the number of mat cycles,
with mat depression times d; and mat release times r;, as described earlier. The
set of times at which we have information as to arrivals and departures includes to
through 5 and all of the d;’s. In fact, we have perfect information as to the state
of the queue both at time d; (queue length equals M) and at time d; (queue length

equals M — 1), so we will utilize both pieces of information.

7.2 Type 1 Congestion Period Partition Analysis:
from 0 in Queue to M in Queue

During the type 1 congestion period partition, which runs over the time interval
(0,d;], we know that the queue length starts out at zero, and then is less than M
until the instant d;, at which time the queue length increases from M — 1 to M for
the first time. Clearly, the boundaries of this partition, the times at which we know
the state of the queue with certainty, are time ¢, = 0, at which time we know that the
queue length is zero, and time dj , when we know that the queue lengtk equals M —1.
Using the definitions of the last section, we also know that during the interval (0, d;],
there were D; service completions, at times t;,1,,...,tp,. Hence, N}, the number of
times of interest, for this type 1 congestion period partition, is D, + 1. Specifically,

we have the following information as to the times of interest:

= t, i=0,1,...,Np =1

T = df
N, )



7.2. TYPE 1 PARTITION: FROM 0 TO M IN QUEUE 197

We also know that at the beginning of the partition, there are zero customers who
have waited in queue up to time 7}, so A} for this type 1 partition is zero. Since we
consider the partition to end the instant before the arrival which causes the queue
length to increment to M, i.e., at time di, then N}, the total number of arrivals
during the partition, must be D; + M — 1, the total number of service completions
during the partition, plus the increase in the number in queue during the partition
(from 0 to M —1). We also know that we had continuous congestion throughout the

partition, so the values of the [}’s are found from:

Alty) > k

2
= A(r}) > i=10, i=0,1,...,N}—1

Finally, to find the ul’s, we require that the queue length, at all times during the
partition, be less than M. As pointed out in the last chapter, this is equivalent to
requiring Q(t;) < M —1 = Q(tx) < M — 2, which means for all #; in the partition

we have:

Q(%) M -2

= Alty) < E+M-2

IN

= A(}) < i+M-2=4d}, i=12.. ,Np-1

Note that these u}’s automatically satisfy u} < "}v; = Ay + N}. Summarizing, then,

we have the following information as to the arrivals during the type 1 partition:

A =0

Ny = Diy+M-1

! =4 i=0,1,...,Np -1
g = Di+M-1

ug = 0

ui = i+M-2, i=1,2,...,N;7

2
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Using the two sets of data given above for the arrivals and the times of interest,
we may generate a #”-matrix, as described in the last section. This matrix will give
all of the arrival-time probabilities of interest for the period (0,d;). It has D;+ M —1
rows and D; + 1 columns. The computational complexity of determining the S¢-
matrix for this partition may be found by an analysis similar to that used in finding
the computational complexity of the QIE? algorithm. In any column of the a®- or
n%-matrix, there are at most M — 1 non-trivial values to compute. The number of
terms contributing to each of these values is at most M, and the number of columns
to be computed is N} —1 = D,. Hence, as in the QIE? algorithm, we calculate only a
band of values in each of these two matrices, making their computational complexity
O(D;1M?). The B°-matrix requires that M — 2 non-trivial values be calculated by an
O(1) operation in each of N} —1 = D, columns, so that the computational complexity
of just calculating the 3%-values is O(D; M) (again, only a band of values need be
calculated), and the computational complexity of the entire algorithm for the type 1

partition is O(D; M?).

We also could have analyzed the type 1 partition by using the QIE® algorithm
directly, in the following manner, by making use of an artificial bulk departure of
M — 1 customers at time dj. Suppose that, rather than having an arrival at time
dy, we have M — 1 departures at di, with the assumption that these departures
are the last ones of the congestion period. An analysis of this congestion period,
using the QIE? algorithm with Q = M — 1, provides us with the probabilities of
the various ways the Poisson arrivals could have occurred over the time interval
(0,d;) while still obeying the queue length constraint and the usual arrival time
inequalities, which is exactly what we are looking for. Of course, since we would have
Thy+1 = Thys2 =+ = Th, a1 = di, then entries in the last M — 2 columns of the
three matrices of interest would be either zeroes or ones or redundant, so that the
useful information would be contained in a (D; + M — 1) by (D; + 1) submatrix,

identical to the matrix obtained above.
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7.3 Type 2 Congestion Period Partition Analysis:
A Single Mat Cycle

This type of congestion period partition runs over the time interval (d,,r;],j =
1,2,...,I'. There are no restrictions on queue size during this congestion period
partition, except that it be greater than or equal to M at all times during (d;,r;)
and that it then decrease from M to M — 1 at the instant r;. At first glance, it
might seem that the boundaries of this partition, the times at which we know the
state of the queue with certainty, would be d; and r;. However, consider the service
completion immediately prior to r;. We claim that at this instant, the queue length
must decrease from M + 1 to M: if the queue length were any lenger, there would
be no way for it to decrease to M by time r;; and if the queve length were shorter,
the mat would have been released prior to r;. This implies that there must have
been zero arrivals between this prior service completion and r;. This is similar to the
situation we have in the standard QIE algorithm. Although the congestion period
(all servers busy) technically lasts from time 0 to time ¢y,;, we need only analyze
the period (0,tn]: we know a server was made idle at time ty4;, so we know there
were zero arrivals during (tn,tn41)-

In order to determine some of the quantities of interest for this type 2 partition
analysis, we first must calculate Agj , the cumulative number of customers who have
had to wait in queue by time d;. This can be found by first finding the total number
of service completions by time d;, which is equal to Dy + S22} (Dyn + Ds,), and then
adding to it the number of customers in queue at time d;, which is equal to M. This
gives for AY:

: -1
AY=Di+ Y (Dean+Dyw) + M, j=1,2,...,T
n=1
Since the type 2 partition runs from d; to the service completion before r;, with the

times of interest comprising the service completions in this interval, then the following
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should be obvious for y =1,2,...,I:

N = Dy —1

5 = d

2; . 23
T; = tAg"-M'H" Z—1,2,...,NT

We may find Nfij , the total number of arrivals during the partition, to be equal
to the number of service completions during the interval, N¥ = D,; — 1, since the
queue length is equal to M both at the beginning and end of the partition. The
upper bounds, u?j , are easily found, since there are no upper constraints on queue
length during this partition. The only implicit constraint is that the total cumulative
number of arrivals at time 72/ may not exceed the total cumulative number of arrivals

by the end of the partition, i.e., we must have A('r,-zj ) < Agj +N§j . The lower bounds,

1% are found from the following observation about all times # during the partition:

Qity) > M
= A(ty) > M+k
”:
= Alrg_ ) 2 M+k
= A(r¥) > A¥+i, i=1,2,...,N¥

Summarizing, then, we have the following information as to the arrivals during the

type 2 partition, for j =1,2,..., I

. j-1
AY = D+ (Den+ Ds3y)) + M
1

N¥Y = Dy - 1
¥ = A¥ 44, i=0,1,...,N¥
uwd = AY
u? = A¥4+N¥ i=1,2,... NF
Now we may use the data given above to generate a A%-matrix for the j-th type 2

congestion period partition. This matrix will give all of the arrival-time probabilities
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of interest for the period (d;,t A M+ N;’]' It is a square matrix, having Dy; — 1 rows
and columns. If we let Agj be zero and Nij be N, we see that we have exactly the
same size and bou‘nds as in the original QIE algorithm. Hence, the computational
complexity of this algorithm must be the same as that of the original, which is O(N3)
or O(D3;)).

In fact, we could have analyzed this partition just by applying the standard QIE
algorithm. Specifically, consider our original queueing system, with a waiting room
added for the first M customers in queue; additional customers must wait outside. A
“congestion period” for this new system begins when the waiting room becomes full
(this occurs at time d; in the original system, when the queue length goes from M —1
to M). The congestion period terminates when there is again space in the waiting
room (this occurs at time r; in the original system, when the queue length goes from
M to M — 1), which is equivalent to time ¢y,;, so that we would analyze the period
between d; and the service completion prior to r;, just as suggested above. Analysis
of this new congestion period, using the original QIE algorithm, gives us a (D; — 1)
by (D2; — 1) matrix, with the desired arrival time probabilities, identical to that
described above. Of course, we would have to shuffle indices and determine where
in the AM-matrix these probabilities should go (this is handled automatically by our
algorithm above). Note that, for NV > M, one of these type 2 congestion period
partitions could be very long, and hence its concomitant standard QIE analysis, with

computational complexity of O(D3;) could be computationally burdensome.

7.4 Type 3 Congestion Period Partition Analysis:
A Single Non-Mat Cycle

During the type 3 congestion period partition, which runs over the time interval
(rj,dj+1),1 < j < T =1, there are many constraints. First, we know that at time

rj, there are exactly A/ — 1 customers in queue. Second, we know that between r;
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and d;;;, there are no more than M — 1 customers in queue. Also, we know that no
server is made idle over the same time period (although we may have 0 in queue).
Finally, we know that at time d},,, there are exactly M — 1 customers in queue again.
Consider where the beginning of this partition should be defined. We know that at
rj, the queue length decreases from M to M — 1. We claim that we also know that
at the service completion immediately following r;, the queue length decreases from
M —1 to M —2. It can certainly be no greater than M —1 right before the completion,
or we would have had another mat transition. It can also be no less than M — 1,
since there has been no other intervening service completion to deplete the queue.
Hence, we know that there were zero arrivals between r; and the subsequent service
completion, and therefore we may start our analysis at this subsequent time, rather
than at r;.

In order to determine some of the quantities of interest for this type 3 partition
analysis, we first must calculate Agj , the cumulative number of customers who have
had to wait in queue by 73?, the time of the service completion subsequent to r;: this
quantity is equal to the cumulative number of arrivals by r; (since we just argued
that there are zero arrivals in (r;, el ]). This latter can be found by first finding the
total number of service completions by time r;, which is equal to D; + 223 (Da, +
Dz.) + D,;, then adding to it the number of customers in queue at time r;, which is

equal to M — 1. This gives for AY:
: i-1
AY =D+ (Don+ Dsp)+ Dyj+ M—~1, j=1,2,....,T -1
n=1
Since the type 3 partition runs from Tg'j to dj,,, with the times of interest comprising
the service completions in (r;,d;;1], minus the service completion at ng , plus the

instant prior to the arrival at d;1, then the following should be obvious for j =

L,2,...,I'—-1:

Ny = Ds;

35 s __ 3j
tAgj—M+2+i’ 2——0,1,...,NT -1
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Ny = dip

We may find Nij , the total number of arrivals during the partition, to be equal to
the number of service completions during the interval (r;, d;41], which is Ds;, since
the queue length is equal to M — 1 both at the beginning and end of that interval,
and there are no arrivals in (r;,7.°). The lower bounds, I35, are found from the
constraint that the busy period not end during the partition, i.e., that A(¢x) > k for
all ¢; during the partition. We find:

A(ty) k

BN A(T:;_Ag,_2+k)
= ATY) 2 AV -M+2+i, i=13.. Ny -1

AR/

k

Note that we also require that A(7) be greater than or equal to the cumulative
number of arrivals at the beginning of the partition, i.e., we require A(7? 7 ) > Agj .
The upper bounds are found by examining the constraint that Q{¢;) < M — 1 which
implies that Q(¢;) < M — 2. Translating this into constraints on the A(x)’s, for all

tx during the partition:

Alty) < k+M -2

3;
= AT e p,) S k+M =2

= A(TzaJ) S AgJ-Fz, i=1a2a""N%j—1

Note that these u’s automatically satisfy u¥ < uf’ja, =AY + Nij . Summarizing,
T

then, we have the following information as to the arrivals during the type 3 partition,

forj=1,2,..., —1:

. i-1
AgJ = Dy + Z(Dzn + Ds,) + Dy + M—1

n=1

Nij = Dy
Bo= AY =01, M-2
I?J = Ag"—M+2+Z, ?:=M_1,M""7N:?‘j—1
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If\‘:%v = Agj + Ds;

37 37 . . 37
'U.iJ = AOJ+Z, 2=0,1,...,NT

Now we may use the data given above to generate a S®-matrix for the j-th type 3
congestion period partition. This matrix will give all of the arrival-time probabilities
of interest for the period (¢ AV M4 d;41). It is also a square matrix, having Ds; rows
and columns. To find the computational complexity, first consider the a®- and the
n®-matrices. Each column has ul — ¥ + 1 non-trivial values to compute, and with
the values of the bounds given above, this number of values per column must be
less than or equal to M — 1. Each of these values is calculated as a sum of at most
- 1 + 1 terms from an adjacent column, and this number must be less than or
equal to M. Finally, there are N%j = D3; columns to compute, so the complexity of
calculating these two matrices is O(D3;M?). Since the % matrix has Ds; columns
to compute, each with u)? — I¥% non-trivial elements, then calculation of this matrix
alone is O(D3; M) and the entire algorithm has computational complexity O(Ds;M?).

We also could have analyzed the type 3 partition by using the QIE® algorithm
directly, in the following manner, by making use of both an artificial bulk departure of
M —1 customers at time d;,,, and artificial deterministic arrivals of M — 2 customers
at time 'rg’j . That is, rather than having an arrival at time d;;;, we have M — 1
departures at d;,, with the assumption that these departures are the last ones of the
congestion pericd. Similarly, rather than having a departure at 737, we claim that the
“congestion period” begins at this instant, and we immediately have M — 2 arrivals
to the queue. An analysis of this congestion period, using the QIE? algorithm with
@ = M —1, provides us with the probabilities of the various ways the Poisson arrivals
could have occurred over the time interval (73’ ,d;+1) while still obeying the queue
length constraint and the usual arrival time inequalities, which is exactly what we are
looking for. Of course, since the last M — 1 departures occur simultaneocusly at time
d:,,, then entries in the last M — 2 columns of the three matrices of interest would

J
be either ones or zeroes or redundant. Similarly, since the first M — 2 arrivals are
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deterministic, then entries in the first M — 2 rows of the three matrices would also be
ones or zeroes or redundant. Hence, the algorithm would generate a (D3; + M — 2)
by (Ds; + M — 2) square matrix, but only the lower left-hand square submatrix with
Ds; rows and columns would contain any useful information, information identical to

that generated by the algorithm above.

7.5 Type 4 Congestion Period Partition Analysis:
from M in Queue to 0 in Queue

The type 4 congestion period partition runs over the time period (rr,ty]. We know
that at time 71, the queue length drops from M to M — 1, and hence, at time rp,
there are exactly M — 1 customers in queue. We also know that at time ¢y, there are
exactly 0 customers in queue. Finally, we know that during this congestion period
partition, the queue length never exceeds M — 1 customers. As in the case of the
type 3 congestion period partition, we must consider where the beginning of this
partition should be defined. We know that at rr, the queue length decreases from M
to M — 1. We claim that we also know that at the service completion immediately
following rr, the queue length decreases from M — 1 to M — 2. It can certainly be
no greater than M — 1 right before the completion, or we would have had another
mat transition. It can also be no less than M — 1, since there has been no other
intervening service completion to deplete the queue. Hence, we know that there were
zero arrivals between rr and the subsequent service completion, and therefore we may
start our analysis at this subsequent time, rather than at rr.

Since there are just the D, service completions during this partition, but the
number included in N7 does not include that at time 3, we have that N} = Dy — 1.
Note that we must have Dy — 1 > M — 2, so that all of the customers in queuve at
the beginning of the partition get emptied out by the end. We also know that the

total number of service completions through time 7§ is Dy + 55_; Da;+ S5} Da; +1,
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which is more simply denoted N — D4 + 1. Hence, we have the following:

N;w = .D4—1

4 - 4
T, = tN_D‘+1+,', Z—O,l,...,NT

The cumulative number of arrivals to the system by time 74 is just the total
number of service completions by that time plus M — 2, the number in queue at 73:
hence, we have A} = N—D,+M —1. Now, the total number of arrivals during (73, {n]
must be M — 2 smaller than the number of service completions, so that the M — 2
customers in queue at 77 get emptied out by ty, i.e., we have Nj = Dy— M +1. This
makes sense, since the total number of arrivals by the end of the partition, A5 + N}
must equal N. To find the values of !, we know that we must have A(t;) > k for all

tx during the partition, and A(7) > Aj. Consider the first constraint:
Alte) = k
k

v

= A(Tin4D,—1)
= A(7}) > N-Ds+1+i
The second consiraint may be expressed:
AT ) > N~Dy+ M -1
The upper bounds are also found as the intersection of two constraints. First, we

require that the queue length be less than M at all times during the partition, so

that we have Q(t;) < M — 1 = Q(¢x) £ M — 2. Continuing;:

Qty) < M-2
= A(tk) S k + M-2
= A(Tinyp,_1) S k+M -2

= A(t}) € i+ N-D;,+ M -1
The second constraint is that the total number of arrivals by 73 be less than or equal

to NV, i.e.,
A(TH) <N
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Combining all of these results, then, we have for the arrivals during the type 4 parti-

tion:

Ay = N-Dy+M-1

Ni = Dy—M+1

! = N-Dy+M-1, i=0,1,... M -2
I! = N-Dy+1+4i, i=M-1,M,...,N}
4

ul = i+N-Dy+M~1, i=01,...,Dy— M+1

)

u; = N, i=Dy—M~+2,Ds~M+3,...,N}

1)

We use the data above to generate a 3%-matrix for the type 4 congestion period
partition. This matrix will give all of the arrival-time probabilities of interest for the
period (tn_p,+1,t~n]. This matrix has Dy — M + 1 rows and D; — 1 columns. To
find the computational complexity, we again begin with the a®- and 7®-matrices.
Each column of these matrices has u! — I + 1 non-trivial values to compute, which,
from the above, is at most M — 1. Each value is calculated as a sum of at most
uf — I} | + 1 terms from an adjacent column, which is at most M terms. Finally,
there are N7 = Dy —1 columns, so that the complexity of calculating these matrices is
O(DsM?). The -matrix also has Dy —1 columns, each of which has uf—1% < M -2
non-trivial values to calculate (each of which is an O(1) operation), so calculation of

“the %-matrix alone is O(D4M) and the entire algorithm is O(D,M?).

Again, we could have analyzed the type 4 partition by using the QIE? algorithm
directly, by making use of artificial deterministic arrivals of M — 2 customers at
time 75. Specifically, rather than having a service completion at 7, we consider the
“congestion period” to begin at that instant, with M — 2 customers immediately
arriving to fill up the queue. An analysis of this congestion period, using the QIE®?
algorithm, with Q = M — 1, provides the probabilities of the ways the Poisson (non-
deterministic) arrivals could have occurred over the time interval (7, ¢x], while still

obeying the queue length constraint and the usual arrival-time inequalities, which
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is exactly what we are looking for. Note that, since the first M — 2 arrivals are
deterministic, then entries in the first M — 2 rows of the three matrices would either
be ones or zeroes or redundant. Hence, the algorithm would generate a square matrix,
with Dy — 1 rows and columns, but only the lower Dy — M + 1 rows would contain

useful information, the same information generated by the algorithm above.

7.6 Completion of the fM-Matrix

We have shown how to fill in many parts of the #*-matrix by analysis of congestion
period partitions. Filling in the rest of the matrix is easily accomplished in the manner

described in this section. Recall that we defined B (7) as follows:
B () = Pr[A(r) > K|ES(t),M], k=1,2,...,N

where 7; is any time at which information is available. Specifically, 7; could represent
one of the t’s, or it could represent d; or d;. Note that we must inciude both of
these latter times in our A™-matrix, because we use this matrix to calculate the
cumulative expected number of arrivals and expected queue length at time ¢ during
the congestion period. If we only included the point d;, then the expected queue
length function between the service completion prior to d; (call it 7) and d; would
just be linearly increasing up to the value M. In fact, we know with certainty that
there were exactly M — 1 customers in queue just prior to d;, and there was an arrival
at d;. Hence, we would like our expected queue length function between 7 and d; to
be linearly increasing up to the value M — 1, and then to make a step jump up to the
value M. This is accomplished by including the time dj in the fM-matrix.

Hence, although a standard S-matrix has N rows and N columns, this *-matrix
will have NV rows (since the number of arrivals during the congestion period must still
be N), and N + 2I" columns, one column each for ¢;,¢,,...,tn, and one column for
each d; and d;, for j = 1,2,...,I. We assume that the columns of the matrix are

time-ordered, so that, for example, the column representing ¢p, is just to the left of
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the column representing dj , which is to the left of that representing d;, which is to
the left of that representing ¢p, +;, etc.

The algorithms presented in the last four sections allow submatrices of the M-
matrix to be filled in. We next consider how to fill in the remaining rows of those
columns partially filled in by these algorithms. We claim the following for any column,
7;, of the fM-matrix which is filled in by the type P congestion period partition

algorithm:
Claim 7.1
1, k< Af
Pr[A(r;) > K|ES(t),M] = =00
0, k> Al + N?¥
P=1,253j54

where P represents the congestion period pertition algorithm used to fill in column T;
of the pM-matriz.

Proof: Since we know thai the cumulative number of arrivals to the system by the
beginning of partition P is Af, then the probability that the cumulative number of
arrivals at a later time is greater than or equal to k, where £ is less than or equal to
AF, must be one. Similarly, since we know that the cumulative number of arrivals
to the system at the end of partition P is AY + N7, the the probability that the
cumulative number of arrivals at an earlier time is greater than or equal to k, where
k is greater than A} + N¥, must be zero.

This claim allows us to fill in all rows of the columns which are filled in by the
four partition analysis algorithms. Next, we consider which columns remain to be
completed, and how to complete them. First, we find the correspondence between
the 7;’s (the N + 2T columns of the fM-matrix), and the d;’s and t;’s. We know
that by time d;, j = 1,2,...,T, there has been one type 1 partition with D, service
completions, plus 7 — 1 types 2 and~3 partitions, with a total of Zf;ll Dy, + D3,
service completions, plus 2(j — 1) additional instants of information, the latter rep-

resenting times d; ,dy,d; ,d3,...,d;_;,d;_;. Hence, we have that the index on the 7;
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representing d; (d;) should be one (two) greater than the sum of the total number
of service completions plus the number of additional instants of information, i.e.:

i-1

dJ— = Ti Z=D1+Z(D2n+D3n)+2(j—1)+l
n=1

j-1
= 1=D; + Z(D2n+D3n)+2]'.l
n=1
3—-1
dj = T Z=D1+E(D?n+D3n)+2(]—l)+2
n=1
3-1
=> i=D1+ Y (D +Dsn)+2j

n=1

7=12,...,T

So, for instance, we would have that di = 7p,+; and that d; = 7p, 1 p,, +Ds; +3, Which
makes sense. If ¢, is between the j-th anc the (j + 1)-th mat depression, then ¢

represents the (k + 2j)-th instant of information during the congestion period, i.e.:

th = T, to<te<dy
e = Tkioys dj<tk<dj+1, j=12,...,I'—1

tk = Thgor, dr <t <ty
We combine all of the above into the following:

T = ti, i=0,1,...,D1

7-1
7 = d;, i=D1+ Y (Dam+Ds) +2j -1, j=1,2,...,T
n=1
i=1
T = dja 2.=l)l"*'2(1)217,4'1)371) +2]) j=1a2s""r
n=1
k-1
o= ti-zk,i=<01+Z(D2n+D3n)+2k+1),---,
n=1

k
(-Dl+Z(D2n+-D3n)+2k), k=1,2,...,F—1
n=1
r~1
T = t,‘_g[‘, 2=(D1+Z(D2n+D3n)+2F+1),,(N+2F)

n=1
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Since the algorithm for the type P partition fills in the columns of the A*-matrix
corresponding to 77 through T}V)p inclusive, we summarize here what those values
T

are for the four types of partition and then determine how to fill in the remaining

columns:

Tll = tl
TN = df
. j_l
‘7‘12'7 = t, k=D, + Z(D2n+D3n)+1
n=1
27 =
TNJ;, = t, k=D + nz_:l (D2n + D3n) + Dgj — 1
j=1,2,...,T
. j-l
Tig] = tk, k=Dl +Z(D2n+D3n)+D2j+2
n=1
35 -
TN:];J = G; 4
j=1,2,..,T'-1
r'-1
o= 4, k=D1+Z(D2n+D3n)+D2F+2
n=1
7"]‘3]’} = tN

First consider the gap between the type 1 partition and the first type 2 partition,
or between TI{,;‘ = d7 and 7' = tp,+1. It should be clear that the only column that
needs to be filled in between these two is that representing d;. Similarly, consider the
gap between any type 3 partition and the subsequent type 2 partition, or between
7';.’%, =dj+1" and le,(j+1) for j =1,2,...,T — 1. The service completion prior to
diyisat 4, k=D + >t -1 (Dan + D3y), so again the only column that needs to be
filled in is that corresponding to d;4+;, 5 = 1,2,...,I' — 1. In other words, we must

find Pr[A(d;) > k|E5(t),M], j = 1,2,...,T. But we claim this is easily found as

follows:
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Claim 7.2
j-1
1, k=1,2,..., (Dl + > (Dan + D3y) +M)
Pr[A(d;) > k|ES(t),M] = PR
0, k= (Dl +Z(D2n+D3n)+M+]-) ,...,N
n=1
j=12...,T

Proof: We know that the cumulative number of arrivals by d; is equal to the number

of departures by that time plus the number in queue (which we know has just increased
to M): hence, we know

i-1
A(d;)=D1+ Y (Dan+ D3,) + M

n=1
Since we know the value of A(d;) to be exactly that above, the result of the claim

follows immediately. B
Next, consider any columns missing between the last (I'-th) type 2 partition and

the type 4 partition, or between T]%,% and 7. It should be clear that there are

two missing columns between these, those corresponding to #,r and t4r ., with A =

D1+ Y F-Y (D3 + Day)+ Dyr. Similarly, consider which columns are missing between

n=1

any of the first I' — 1 type 2 partitions and the subsequent type 3 partitions, or

between 7’;]2, and 77 7 with j = 1,2,I' = 1. It should be clear that there are two
T

missing columns between these, those corresponding to t,, and t,,,;, with A7 =
D+ Ef:__ll (D2n + D3yn) + D2j. In both cases just cited, we know that ¢, corresponds
to mat release time r;, and ¢;,,, to the subsequent service completion. Hence, by
previous arguments, and since we know there are M — 1 customers in queue at the

mat release time, then we also know that

1-1
Alty) = D1+ Z (Do + D3p) + Doj + M — 1

n=1

= A(t{z+1),
j=1,2,...,T (7.1)
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where the two values are equal because, by previous arguments, we can have no
arrivals between a mat release and a subsequent service completion. unless that arrival

coincides with a mat depression. Hence, we have the following:
Claim 7.3

Pr[A(ts) > K|ES(t), M] = Pr[A(tms) > KIES(E), M]

-1
1, k=1,2, ..., DI+Z(D2n+Dan)+D2j+M—1)
n=1
= -1
O, k=(D1+Z(D2n+D3n)+D2j+M),"'7N
n=1

| i1
hJ=D1+Z(D2n+D3n)+D2ja j=1723"'ar

n=1
" Proof: We know the exact values of A(t;,) and A(t;,4;) from Equation 7.1. Hence,
the result of the claim follows immediately. #§

We now have the means necessary to fill in the entire f*-matrix. We use the
type 1 algorithm to fill in the upper (D; + M —1) x (D, + 1) submatrix, filling in the
entries below the submatrix with zeroes as per Claim 7.1. Then we fill in the column
corresponding to d; via Claim 7.2. Next we fill in entries in the square submatrix
comprising rows (Dy + M +1) to (D1 + Dy + M — 1) and columns (D; + 3) through
(D1 + Dy + 1), according to the type 2 algorithm, and fill in above and below the
submatrix using Claim 7.1. Next we fill in the columns corresponding to r; and the
subsequent service completion, using Claim 7.3. We continue until the entire matrix
is filled in. An example of this filling-in procedure is provided in Figure 7.2.

Once the matrix is completely filled in via the QIEM algorithm, its values may
be used to generate queue statistics. This is done in a method similar to that used
in [Lars 90]. We calculate E[A(7;)|E5(t), M] for all of the service completion times,
as well as for the dj’s and the d;’s, by adding up all of the values in the i-th column

of the AM-matrix. To find E[Q(7;)|E%(t), M], note the following:

E[Q(t)IE5(t), M] = E[A(t:)IE%(t), M] -k +1
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Figure 7.2: Sample Congestion Period with M = 4,N = 17, and ' = 2; and Its
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E[QUIIES(H), M] = E[A(L)IES(E), M) - k
E[QU;)IES(t), M] = E[A(d))IES(), M~k = M —1
E[Q(d)IES(t), M] = E[A(d)IES(t), M]—h = M

k¥ = index of service completion just prior to d;

Of course, both E[A(7)|E5(t), M] and E[Q(7)|E5(t), M] are linear between the values
specified. We may then calculate the time-average queue length as the area under

E[Q(7)|E5(t), M], divided by the total congestion period time:

N42r - - s ’
E[Lql€5(t), M] = ;; S (7 — i) (E[Q( D)ES(t), M] + E[Q(:-1)|€5(t) M])

i=1

where we assume that d; — d; = 0. The average wait in queue is still found to be:
t
E[Wo|£5(t), M] = [ ElLgl€%(t), M]

Incidence probabilities, II[k|ES(t), M], are found by creating a square submatrix
of the f*-matrix, which only contains the columns corresponding to the service
completion times and then proceeding exactly as described in [Lars 90], using this
reduced matrix. E[g|E5(t), M], the average queue length experienced by a randomly

arriving customer, is also calculated exactly as in [Lars 90].

7.7 Computational Results: Comparison of the

QIE and the QIEM Algorithms

We include here results from simulation of an M/M/1 queue. These data were gen-
erated by three simulation runs with Poisson arrivals at rate 10 per hour, a single
server, and exponential service times with expected values of 3 minutes for the first
run (giving a value of p = 0.5) and 4 minutes for the last two runs (giving a value of
p = 0.67). We compare the QIEM algorithm to the standard QIE algorithm and also

consider the effect of moving the mat to different positions. The statistics that are
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used for comparison of the algorithms include: E[Lg|...], the time-averaged number
of customers in queue; E[Wy| .. .], the average wait in queue; and ¢, the time-average
error, defined to be the absolute area between the actual queue length graph and
the QIE expected queue length graph, divided by the total time of the congestion
period. The run times to generate the beta-matrix for the different algorithms are
also compared. Runs were on a 386/387-based Northgate Computer Systems PC.
Each run time given below is an average of 1000 run times (for longer runs, pre-
sented to hundredths of a second) or 3000 run times (for shorter runs, presented to
thousandths of a second) from different runs of the program on the same data. This
averaging was necessary because the system clock is only updated every 0.0549254

seconds [Scan 83], so to get accuracy greater than 0.1 seconds, many runs must be

averaged.

In Figures 7.3, 7.4, and 7.5, we compare the QIE and the QIEM algorithms.
In those figures, we present the six congestion periods with N > 12 from the first
simulation run, as well as the longest congestion period (each with N = 58) from
each of the last two runs. We compare the standard QIE performance (left set of
graphs) with that of the QIEM algorithm (right set of graphs), with a mat added
at position M = 3 for the six shorter congestion periods and at position M = 5 for
the two N = 58 congestion periods. Each graph on the left compares E[Q(t)|E5(t)]
to the actual queue length, as generated by the simulation run. Each graph on the
right compares E[Q(¢)|€5(t), M] to the actual queue length. Note how the right-hand
graphs are able to track the queue length exactly at the mat depression (queue length
increasing from M — 1 to M) and mat release (queue length decreasing from M to
M —1) times. The values 3 and 5 were arbitrarily chosen for the mat position, although
they were reasonable values for the selected congestion periods. The extent to which
the QIEM algorithm improves the queue estimates over the QIE algorithm, for all
of the congestion periods considered, is detailed in Table 7.1. Note the considerable

improvement both in accuracy (particularly as evidenced by €) and in running time.
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Figure 7.3: Exact vs. Expected Queue Length for Congestion Periods with N = 14,
13, and 14: Standard QIE (Left) and QIEM, M =3 (Right)
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Figure 7.4: Exact vs. Expected Queue Length for Congestion Periods with N = 18,
21, and 12: Standard QIE (Left) and QIEM, M =3 (Right)
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Figure 7.5: Exact vs. Expected Queue Length for Two Congestion Perinds with
N = 58: Standard QIE (Left) and QIEM, M =5 (Right)
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Also note that the QIEM algorithm does not always do better than the standard QIE
(see, for instance, the queue statistics for N = 18); however, averaged over many
runs, there will be a marked improvement. It is also interesting to compare the two
N = 58 congestion periods, to see the difference in run times and in accuracy.

In Figure 7.6 we present a comparison of the performance of the QIEM algorithm,
as the value of M varies, for the congestion period of length N = 18. We also present
the performance of the standard QIE algorithm, in the row labelled “NO MAT.”
As demonstrated by this figure, the values of M which provide the most accurate
estimate of queue length are not necessarily predictable for a single congestion period.
However, it is hypothesized that an optimal mat placement does exist in an ergodic
sense for a queue with specified parameters. The queue statistics corresponding to
this figure are provided in Table 7.2.

The issue of mat placement brings up the more general problem that if one does
have some customer-tracking technology available, there are many practical decisions
which must be made in order to use that technology to the best advantage. And if
the technology is not available and one wishes to find full density functions as an
improved performance measure, or to use bounds and approximations to speed up
analysis, there are other practical decisions to be made as to which algorithm or

algorithms to employ, in which situations. These issues are addressed in the next

(and final) chapter.
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Size of Data € E[Lg|...] | E[Wg|...] | Run Time

Cong. Period Used (minutes) (secs)

Actual — 1.8149 7.4835 —
N =14 QIE 1.0962 [ 2.8067 11.5727 0.172
QIEM M =3 [ 0.2909 | 1.8123 7.4727 0.027

Actual — 3.6868 16.8793 —
N =13 QIE 1.4417 | 2.5231 11.5515 0.133
QIEM, M =3 || 0.6742 | 3.2784 15.0092 0.039

Actual —_ 1.9843 6.5792 —
N =14 QIE 0.8015 | 2.6239 8.6997 [ 0.173
QIEM, M =3 | 0.2935 | 1.8419 6.1070 6.027

Actual — 2.7095 11.9771 —
N =18 QIE 0.7426 | 2.8649 12.6644 0.404
QIEM, M =3 | 0.5127 | 3.0174 13.3384 0.040

Actual — 2.8922 10.2991 —
N =21 QIE 0.8013 | 3.3871 12.0615 0.694
QIEM M =3 | 0.4056 | 3.1268 11.1346 0.026

Actual — 1.7390 6.1643 —
N =12 QIE 0.7353 | 1.8193 6.4488 0.103
QIEM, M =3 | 0.2582 | 1.6969 6.0151 0.021

Actual — 9.6573 51.0872 —
N =58 (1) QIE 1.0962 | 9.3605 49.5175 31.15
QIEM M =5 | 0.9363 | 9.2485 48.9251 9.02

Actual — 5.3768 26.2675 —
N =58 (2) QIE 1.6965 | 4.4114 | 21.5511 31.22
QIEM, M =5 | 0.4516 | 5.1309 25.0664 0.781

Table 7.1: Comparison of QIE and QIEM Algorithms for Six Congestion Periods with
M = 3 and Two Congestion Periods with M =5
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N=18 Exact Queue length ve. Expected Queue length N=18 Exact Queus length vs Expected Queue length
with Mat = 1 with Mat = 2
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Figure 7.6: QIEM Expected Queue Length for Congestion Period with N = 18 and
Mat Placements at M =1, 2, 3, 4, 5, and 6



7.7. COMPUTATIONAL RESULTS: QIE VS. QIEM

Mat € E[Lg|...] E[Wg|...] (minutes)

Placement (actual = 2.7095) | (actual = 11.9771)
M=1 0.4868 2.5744 11.3802
M=2 1| 0.4536 2.6432 11.6843
M=3 | 0.5127 3.0174 13.3384
M=4 0.4034 2.5925 11.4599
M=5 0.6000 2.4720 10.9272
M=6 0.5528 2.7509 12.1601
NO MAT | 0.7426 2.8649 12.6644
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Table 7.2: Queue Statistics for QIEM Algorithm for a Congestion Period with N = 18
and M =1,2,3,4,5, and 6






Chapter 8

Practical Implications and Future

Research

We have found several ways to improve and extend the queue-length estimates pro-
vided by the QIE and to reduce the runtimes required. First, we provided a recursive
method for finding the exact density functions for the arrival times and for the queue
waiting times, conditioned on the arrival-time inequalities. Although the algorithm
is slower than the original QIE algorithm, the exact density functions provide a much
richer source of informaton than do the Sk (t) values. We gave two examples of when
these more extensive performance measures might be used. In the case of ATM’s,
they could be used to provide customers with personalized information about their
wait in queue, such as the time of day when they experienced their smallest wait,
or the percentage of time that they had to wait more than 5 minutes. We also pre-
sented an airline example, in which the density functions could be used in lieu of the
present method of one-month-a-year polling of customers, to generate flight-specific

arrival-time density functions, which are then used to schedule ticket-counter staff.
Second, we found several alternative algorithms which give bounds and approxi-
mations to E[A(t)|€5(t)], the expected cumulative number of arrivals to the system

by time t, all of which have shorter runtimes than the original QIE algorithm. We
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found an upper bound based on truncating the densities of the unordered arrivals.
We also found a trapezoidal approximation which gives values demonstrably less than
those given by the upper bound. We found several lower bounds: one was based on
the concavity of the function E[A(t)|€5(t)]; a second was found by omitting some of
the arrival-time inequalities from the original set; and a third was found by adding the
condition that the queue length be less than some specified value. These bounds and
approximations can be used when large congestion periods, such as those experienced
at downtown New York City ATM’s at lunchtime (on the order of many hundreds
of customers), have to be analyzed. The other use for bounds and approximations
is to allow near-real-time analysis of congestion periods, so that, in the ATM exam-
ple again, when queue lengths or queue waiting times begin to increase significantly,
some ATM’s may be switched over from being full-service machines to being express

cash-only machines, thereby easing the traffic flow.

Finally, we found an algorithm which takes advantage of a specific type of partial
queue-length information, namely, the times of all (M — 1)-to-M and M-to-(M — 1)
queue-length transitions, with M some pre-specified value. Because of the exact
information available at these instants, we are able to break up the congestion period
and analyze each partition individually, which results in more accuracy and shorter
runtimes. This type of partial queue-length information could be obtained by sensor
mats, electric eyes, or ultrasonic detectors. In some banks, in fact, sensor mats have
been installed at position M = 1, i.e., at the head of the queue, so that this analysis
may be applied to queue/no queue partitions of the congestion period. This mat
position also helps to solve the “gap” problem which was mentioned at the beginning
of Chapter 2. That is, knowing when a queue exists can help to determine when
the system is actually in a congestion period, even though a gap between a service

completion and the subsequent service commencement may have been sensed.

The QIEM algorithm may be particularly useful in a setting in which the Poisson

rate of arrivals varies slowly within a single congestion period, or in which there
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is some semi-state-dependent balking. In the first case, since the QIEM algorithm
breaks the congestion period up into several congestion period partitions, then even
if the Poisson rate varies significantly over the entire congestion period, it may be
relatively stable over the course of any congestion period partition. Similarly, say that
the system experiences balking such that the probability of a customer not joining
the queue for queue lengths less than M is p;, and the probability of a customer not
joining the queue for queue lengths greater than or equal to M is p,. In this case, if
the Poisson rate of arrivals is approximately constant with rate A, then during any
type 1, 3, or 4 congestion period partition, arrivals are Poisson at rate Ap;, and during
any type 2 congestion period partition, arrivals are Poisson at rate Ap,. If there were
more than two balking rates, then, theoretically, one could add mats to correspond to
the points at which the balking rate changed. This may be a simple way to capture

the effects of balking on expected queue length.

All of these new algorithms can be useful to the growing number of industries
with transactional data available, in order to help them manage their queueing envi-
ronments to improve customer service and optimize operations. However, there are

several areas of research which still need to be addressed and which would make these

algorithms even more useful.

First, the densities for the queue waiting times were found only for the case of
a first-come-first-served (FCFS) queueing discipline. Although this is the discipline
observed in many human gueueing situations, there are also some human queueing
situations (farge banks of ATM’s, such as those at BayBank’s Harvard Square branch)
and other queueing environments (e.g., mobile communications) which might be bet-
ter modelled as some other discipline, such as service in random order. It would
be useful to try to find a simple algorithm for determining the queue waiting time

densities under disciplines other than FCFS.

As was mentioned in Chapter 4, the usefulness of the bounds and approximations

found there really depends on being able to guess how to combine either the uniform
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upper bound or the trapezoidal approximation with the concavity lower bound. It
should be fairly easy to come up with a heuristic that determines these proportions
as a function of the size of the congestion period being analyzed. The nature of the
t-vector might also have some impact on the chosen proportions, but since one of the
points of using these bounds and approximations is that they are extremely fast, it

would probably be defeating the purpose to do this sort of detailed analysis.

The two lower bound algorithms discussed in Chapter 6 are also in need of some
heuristics. First, consider the multiple global conditions implementation of the QIER
algorithm. Some improvements to that algorithm were already addressed in the
computational section of Chapter 6: that is, we should always eliminate negative
queue lengths and do concavity filtering, since so little computational time is added
by these additional tasks. However, the question remains as to how many conditions
and which conditions should be chosen to obtain some specified level of confidence in
the tightness of the bound. Of course, the number of conditions would probably be
primarily a function of the size of the congestion period. Which specific conditions
to select might be more a function of the shape of the t-vector. The QIE® algorithm
has the single parameter @) to be chosen: again, we would like to choose @ as a
function of the size of the congestion period to ensure a relatively tight bound. The
choice of () might also depend on the shape of the t-vector: this is another area to

be investigated.

Finally, there are several areas to be addressed with regard to the QIEM algo-
rithm. The first is how to ensure that person number M in queue is indeed the person
who first depresses the mat; or, to turn the question around, how badly would the
QIEM estimates be thrown off if, say, the (M — 1)-th person in queue were to stand
on the mat, rather than the M-th (as assumed by the algorithm)? This is an issue
of sensitivity analysis: if the algorithm is highly sensitive to which person is standing
on the mat, then it may be preferable to run the standard QIE algorithm (i.e., no in-

formation may be better than bad information). If, on the other hand, the sensitivity
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is not that high, then it may still be possible to use the QIE* algorithm, although

its performance will be degraded.

Another issue that must be addressed in a practical setting is that of queue-length
propagation delays. In a human queueing situation, when a customer enters service, it
takes some time for the entire queue to move forward to take up the slack. If M were
relatively large, then in the analysis of the type 2 congestion period partition, it might
make sense to use the high-frequency information provided by people stepping off and
back onto the mat, as the queue moves forward, in place of the actual service-initiation
times, the ¢;’s. This is because these service initiations might take a significant amount
of time to propagate back to the mat, and analysis based on them may not provide

accurate queue-length estimates.

As was seen in the previous chapter, the placement of the mat for a given queueing
situation is critical. The placement may be optimized in terms of accuracy: i.e., how
close do the queue estimates come to the actual values of those statistics? It may also
be optimized in terms of computational complexity: how do we minimize the amount
of computation to be done in the calculation of the SM-matrix? It is hypothesized
that, in terms of accuracy, there is a single optimal location for the mat, for a given
queue. Clearly, with M = 0 or M = oo, we get zero additional information. It remains
to be shown that, for a given set of queue parameters, the “best” mat location is at

a single value of M.

Finally, the issue of multiple mats must be addressed. That is, say we have partial
queue-length information that includes all (M; —1) — M, transitions (and back) and
all (M, — 1) — M, transitions (and back). This should be a fairly simple extension
of the existing QIEM algorithm, since we are simply breaking down the congestion
period further into more congestion period partitions, now with two different sets of
queue constraints. The number of mats to be used could, of course, exceed two; and

the optimal number of mats to use would require a cost-benefit analysis.

One area which still remains to be investigated is how good the QIE and the other
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algorithms presented in this thesis are, in a statistical sense. For example, we know
that if we average the QIE estimate of the expected queue length over many congestion
periods, it converges to the actual expected queue length for that particular queueing
system. However, we do not know the variance of our estimates on any given run of
the QIE. Similarly, we would like to know how close our bounds and approximations
are to the exact QIE, both in a long-run average sense, and for any single congestion
period analysis. We would also like to know how much better the QIEM algorithm
is than the standard QIE; we might decide on this basis whether implementation
of some customer-tracking technology to provide partial queue-length information is
worthwhile. This is a large area of research, which is vital if managers are to be
convinced that the information generated by these algorithms is of value to them.
Finally, in a more general sense, as was noted in Chapter 1, the amount of trans-
actional data which is available to operations managers is increasing exponentially.
Finding ways of gleaning useful information from these data is an enormous and
potentially critical area of research, in these days of global competition and shrink-
ing profit margins. We have presented algorithms for divining queue estimates from
service-time data, one small area of transactional data analysis. But there is a lot of
data out there, waiting to be turned into useful information by operations researchers,

to help managers fine-tune both their manufacturing and service operations.



Bibliography

[Barl 72]

[Bert, 91]

[Chun 60]

[Dale 91]

[Davi 81]

[Jone 91]

Barlow, R. E., D. J. Bartholomew, J. M. Brenner, and H. D. Brunk,
Statistical Inference under Order Restriction, John Wiley and Sons, New

York, NY, 1972.

Bertsimas, D. J. and L. D. Servi, “Deducing Queueing from Transactional
Data: the Queue Inference Engine Revisited,” Technical Report OR 212-
90, Operations Research Center, Massachusetts Instititute of Technology,
Cambridge, MA, 1991.

Chung, K. L., Markov Chains with Stationary Transition Probabilities,
Springer-Verlag, Berlin, Germany, 1960.

Daley, D. J. and L. D. Servi, “Exploiting Markov Chains to Infer Queue-
Length from Transactional Data,” submitted to Journal of Applied Prob-
ability, 1991.

David, H. A., Order Statistics, John Wiley and Sons, New York, NY,
1981.

Jones, L. K. and R. C. Larson, “Efficient Computation of Probabilities
of Events Described by Order Statistics and Application to a Problem
of Queues,” Technical Report OR 249-91, Operations Research Center,
Massachusetts Instititute of Technology, Cambridge, MA, May 1991.



232

[Lars 90]

[Lars 91]

[Lars 92]

[Ross 83]

[Rudi 76)

[Scan 83]

[Wolf 82

BIBLIOGRAPHY

Larson, R. C., “The Queue Inference Engine: Deducing Queue Statistics

from Transactional Data,” Management Science, Vol. 36, No. 5, 1990,
pp. 586-601.

Larson, R. C., “The Queue Inference Engine: Addendum,” Management

Science, Vol. 37, No. 8, 1991.
Larson, R. C., personal communication, January 1992.

Ross, S. M., Stochastic Processes, John Wiley and Sons, New York, NY,
1983.

Rudin, W., Principles of Mathematical Analysis, Third Edition, McGraw-
Hill Book Company, New York, NY, 1976.

Scanlon, L. J., IBM PC Assembly Language: A Guide for Programmers,
Robert J. Brady Company, Bowie, MD, 1983.

Wolft, R. W., “Poisson Arrivals See Time Averages,” Operations Re-
search, Vol. 30, No. 2, 1982, pp. 223-231.



