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Preface

If the beginning provides countless possibilities, then why not to start with few
questions? Why are cars of different colors spread along an assembly line rather then
batched together in a single long sequence of the same color? How to make equal
priority jobs progress at the rates proportional to their lengths so that a job twice the
length of another one gets a shared resource allocated twice the time of the other job
up to any point in time? Or a client who pays three times more for its computations
than another client gets its computations to progress three times faster than the other
client’s by getting more processor and bandwidth allocations? How to make sure
that the Internet gateway bandwidth is shared fairly so that the community sharing
the network is not reduced to few getting all and most nothing? All these questions
deal with proportional representation either according to the demand for particular
car color, or according to the job length or its right to resources, or according to the
reciprocal of the packet size to name just few. They are fundamental even more so
today when we are surrounded by systems enabled by technology to work in a just-
in-time mode since this mode very principle requires a steady, smooth, and evenly
spread progress of tasks in time. The progress is proportional to the demand for the
tasks’s outcomes.

As a thinker and futurist Alvin Toffler [1] in his Financial Times interview points
out “Global positioning satellites are key to synchronising precision time and data
streams for everything from mobile phone calls to ATM withdrawals. They allow
just-in-time productivity because of precise tracking.”

What is somewhat surprising is that all these questions that seem so far apart
have similar underlying framework, which is simply speaking to build a finite or
infinite often cyclic sequence; we shall refer to it as a just-in-time sequence, on
a finite n letter alphabet where each letter is spread “as evenly as possible” and
occurs with a given rate or a given number of times. The problem of finding such a
sequence is not only a mathematical one since there is no mathematical definition
of “as evenly as possible” that would satisfactorily capture the challenge behind
this phrase. The problem can find many mathematical formulations, but none will
probably satisfy all. Thus, one way of approaching the problem is to use the well-
known apportionment theory and especially its house monotone methods to build
the desired just-in-time sequence.

vii



viii Preface

The apportionment problem has its roots in the proportional representation sys-
tem designed for the House of Representatives of the United States where each state
receives seats in the House proportionally to its population. The theory has been in
the making for more than 200 years now and its exciting story as well as main results
can be found in an excellent book by Balinski and Young [2], see also more recent
book by Young [3], and Balinski’s popular introduction in [4]. The title of Balinski
and Young’s book speaks for itself: “Fair Representation: Meeting the Ideal of One
Man, One Vote.” Its main underlying message is that the ideal is not one but many
and that we can only hope to agree on one by stating some “obvious” axioms that
it must meet and then find a method that would deliver a solution meeting these
axioms, or to prove that one does not exist. This process may, however, not save us
from falling into various anomalies that do not contradict the axioms yet may be at
odds with the commonly accepted sense of fair representation.

This book argues that the apportionment methods, in particular the John Quincy
Adams’s and the Thomas Jefferson’s, have been widely, yet unknowingly, rediscov-
ered and used in resource allocation and sequencing computer, manufacturing, and
other real-life technical systems. Sometimes without a clear understanding of what
solutions they lead to in terms of their properties. The properties which have been
well researched and known from the apportionment literature but missing in the
technical one, either computer science or operations research. This lack of proper
context may have resulted, as we argue in some parts of this book, in overlooking
other apportionment methods, in particular the Daniel Webster’s method, that may
offer a number of additional attractive properties, like being better balanced than
either the Adams’s or the Jefferson’s.

The axiomatic approach favored by the apportionment theory for the proportional
representation systems is preferred over an optimization approach championed by
operations research scientists since the problem with the latter approach is in the
words of Balinski and Young from [2] as follows: “The moral of this tale is that
one cannot choose objective functions with impunity, despite current practices in
applied mathematics. The choice of an objective is, by and large an ad hoc affair. ..
Of much deeper significance than the formulas that are used are the properties they
enjoy.”

We think, however, that in order to adequately address the proportional represen-
tation problems listed at the beginning of this preface and others we need to study
them not only through the apportionment theory but through optimization as well.
After all the questions of quantifying excess inventory and shortage in just-in-time
manufacturing, the throughput error in stride scheduling, or the relative and absolute
bounds in fair queueing are clearly important. By doing so, we also realize that the
optimization reveals a new role of the well-known apportionment methods, the Web-
ster’s method in particular. The optimization moreover reveals connections with the
well-known and still open mathematical conjectures as the Fraenkel’s Conjecture,
see Tijdeman [5] for a brief account and Chap. 6, finally it relates to the multimodu-
lar functions minimization, introduced by Hajek [6] and later developed by Altman
etal. [7], which aims at evenly spreading the demand and workload in computer and
supply chains.
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The question of which objective function to choose we settle by choosing either
total deviation or maximum deviation objective functions. Our solution method is
general enough to include a large class of point deviation functions. The choice of
objective functions follows sometime the choice made by Monden who, in his sem-
inal book [8], described the Goal Chasing Method of Toyota by using the square
point deviation function which apparently follows the minimization of square error
in the least squares method of Carl Friedrich Gauss. The attractive feature of this op-
timization is that it can be done efficiently, though certain intriguing computational
complexity issues remain open, and produce solutions which have many though not
all, by the Impossibility Theorem of Balinski and Young [2], desirable properties
identified by the theory and practice of apportionment.

The book intends to chart a solid common ground for discussing and solving
problems ranging from sequencing mixed-model just-in-time assembly lines,
through just-in-time batch production, balancing workloads in event graphs to
bandwidth allocation in the Internet gateways and resource allocation in operating
systems. From problems in mathematics of social sciences through operations re-
search and computer science problems, it argues that the apportionment theory and
the optimization based on deviation functions provide natural benchmarks in this
process. However, the process has just started and this book is to provide just a
small stepping stone on the way to this common ground. Needless to say it will be
a great pleasure for the author if the book’s topic finds its followers.

The book includes mostly very recent results — some of them published recently,
some of them new and yet unpublished. It includes ten main chapters. Chapter 2
briefly reviews main results of the apportionment theory used in the remainder of
the book. It emphasizes the axiomatic approach to the apportionment problem and
to the construction of the just-in-time sequences. The approach relies on the divisor
methods, in particular parametric methods advocated by Balinski and Young [2],
and their desirable properties embedded in the resulting just-in-time sequences.
Chapter 3 considers the problems of deviation minimization, the total and the max-
imum deviation, as tools for obtaining just-in-time sequences. It formulates these
problems as nonlinear integer optimization and presents efficient algorithms for
their solution. The algorithms are based on the concept of ideal positions, closely
related to the Webster’s apportionment method. They transform the deviation min-
imization problems to either the assignment or the bottleneck assignment problem,
respectively, and then solve the latter. The algorithms run in time which is polyno-
mial in the length of the outcome just-in-time output sequence. Chapter 4 proves that
there exist cyclic solutions that minimize the total deviation for symmetric point de-
viation functions, the same is shown for the maximum deviation. It also proves that
limiting optimization to the sequences with the bottleneck deviation not exceeding
1 renders some functions of point deviation equivalent. The oneness property claims
that limiting search for optimal just-in-time sequences to those with bottleneck not
exceeding 1 will be optimal in general. However, the chapter shows that all opti-
mal just-in-time sequences for some instances may have the bottleneck deviation
higher than 1 — thus showing that the oneness does not hold generally. Chapter 5
gives a more efficient algorithm for the maximum absolute deviation (referred to
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as bottleneck) deviation. The absolute value function of deviation results in optimal
bottleneck being always less than 1, and allows to develop strong upper and lower
bounds on the optimal bottleneck. These bounds and other properties of the bottle-
neck optimal just-in-time sequences are used in the application to the Liu-Layland
problem, stride scheduling, fair queueing, and others in the subsequent chapters.
Chapter 5 also shows that the optimal bottleneck just-in-time sequences for n = 2
are in fact Webster’s sequences of apportionment and the most regular words at
the same time; thus, they optimize the throughput of any two cyclic process shar-
ing a common resource. This new observation underlines again the advantages of
the Webster’s sequences for other than apportionment problems. Chapter 6 further
exploits the properties of just-in-time sequences with small bottleneck deviations,
which are understood as those less than % The question is what are the instances
that admit this small bottleneck deviation? The answer given in the chapter is that
there is only one, called the power-of-two instance that results in this small bot-
tleneck deviation for n > 3. The chapter also shows the connection between the
small bottleneck deviation problem and the famous Fraenkel’s Conjecture, which
states that the only distinct rates for which it is possible to build a balanced word
on three or more letters come essentially from the power-of-two instances. Finally,
the chapter presents the small bottleneck problem in the broader context of regular
sequences and multimodular functions they minimize. The applications of multi-
modular functions to workload balancing in event graphs (for instance the queues
and supply chains) are also discussed in the chapter. Chapter 7 addresses the re-
sponse time variability minimization problem, where the average response time for
a client is a reciprocal of its desirable rate. Thus, being as close as possible to the
average response time aims at achieving the “as evenly as possible” goal. The re-
sponse time variability is one of the main objectives in stride scheduling as well. The
chapter shows that the problem is NP-hard, proposes exact and heuristic solutions,
and reports computational experiments with the latter. Chapter 8 proves that the
optimal bottleneck sequences make tasks progress at the rates close enough to the
tasks’ processing time to request interval ratios so that they solve the Liu-Layland
problem — likely the best known scheduling problem in the hard real-time systems.
It also gives necessary conditions for the apportionment divisor methods to solve
the Liu-Layland problem, and proves that the quota-divisor methods solve the Liu—
Layland problem as well. Finally, the chapter presents solutions to some special
cases of the pinwheel scheduling problem given by the bottleneck optimal just-
in-time sequences. Chapter 9 focuses on the problem of constructing just-in-time
sequences for supply chains so that the temporal capacity constraints imposed by
suppliers are respected. The constraints are modeled by giving the limiting, supply-
dependent proportions p: q that stipulate that at most p out of any g models delivered
by the supply chain must be supplied by a particular supplier. Though the problem
of finding such a sequence is NP-hard in the strong sense the chapter discusses a
number of approaches: synchronized delivery and periodic synchronized delivery
for better balancing workloads in supply chains. Finally, the chapter points out a po-
tential for using tools developed by the combinatorics on words to design the just-
in-time sequences having desirable properties, and discusses the class of balanced
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words in this role in more detail. Chapter 10 looks into the problem of fairness in fair
queueing and stride scheduling. It shows that both use the Jefferson’s and Adams’s
method of apportionment, and both are peer-to-peer fair. However, the chapter also
argues that the Webster’s method could prove a better yet untested choice for fair
queueing and stride scheduling. The chapter gives also a closer look at the measures
and criteria typically used in the fair queueing and stride scheduling and analyzes
them using the apportionment theory and just-in-time optimization tools developed
in Chaps. 2, 5, and 7. Finally, Chap. 11 extends the models developed in Chaps. 2,
3, and 9 to manufacturing environments with variable processing and set-up times.
This is a departure from the usual assumption of negligible variability resulting in an
simplification, often criticized, of unit times and synchronized lines assumed in the
applications of just-in-time sequences. The chapter’s approach is based on batching
to smooth out the variability of processing and set-up times, and then on sequencing
the batches to minimize the total deviation or alternatively to gain the advantages of
the Webster’s method. The approach is applied to a real-life problem arising in an
automotive pressure hose manufacturer. The computational experiments with both
algorithms are also presented in the chapter.

Special thanks go to my friends and colleagues, listed here in a random order, for
their encouragement and support: Prof. Dominique de Werra (Ecole Politechnique
Fédérale de Lausanne), Profs. Jan Weglarz and Jacek Btazewicz (Poznah University
of Technology), Prof. Albert Corominas (Universitat Politécnica de Catalunya),
Prof. Jacques Cariler (Université de Technologie de Compiégne), Prof. Erwin Pesch
(University of Siegen), Prof. Moshe Dror (University of Arizona), Prof. Gerd Finke
(Université Joseph Fourier), and Prof. Marek Kubale (Gdansk University of Tech-
nology). I am indebted in particular to Dr. Cynthia Philips (Sandia National Labo-
ratories) and Dr. Bruno Gaujal (INRIA-Grenoble) for pointing me to a number of
important references.

Finally, 1 wish to acknowledge the research support of the Natural Sciences
and Engineering Research Council of Canada without which many of my research
projects on just-in-time would simply not happen.

St. John’s, Canada Wieslaw Kubiak
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Chapter 1
Preliminaries

This chapter briefly reviews the basic terminology and notation used in the book.
We begin with some notation and terminology borrowed from the formal language
theory, see for instance Hopcroft and Ullman [9].

An alphabet A = {ay,...,an} is a finite non-empty set of symbols. A word (or
sequence) S (we also use small s to denote sequence) over A is any finite sequence
of symbols from A. The length of S, that is the number of symbol occurrences in
S, is denoted by |S|. The empty word, denoted by A, is the unique word over A of
length 0. The word

S=515""Sn

where s; € Afori=1,....mwill also be denoted as
S=8—5 — - —Sp.

The index i will be called the position of the letter s; in the word S. If word S = S; S5
is the concatenation of words S; and Sy, then Sy is called a prefix of S, and S, is
called a suffix of S. For k =1,...,|S|, the prefix made up of the first k symbols of
a non-empty word S is referred to as the k-prefix. For a word S and a non-negative
integer m, the concatenation m times of S will be denoted as follows

8S..S=(S)"=s"

~ ~ -

m—times

The infinite repetition of word S will be denoted by
S7,
and then S is called a cycle of S. For
S=515""Sm

its mirror reflection SR is
SR =5+ +5,51.

W. Kubiak, Proportional Optimization and Fairness, International Series in Operations 1
Research & Management Science 127, DOI 10.1007/978-0-387-87719-8 1,
(© Springer Science+Business Media LLC 2009



2 1 Preliminaries
A sequence S is a palindrome if there is a sequence W such that
S=WwR,

We denote by A* the set of all finite words over A. The number of occurrences
of a given symbol a € A inaword S € A* is denoted by |S|a. Any occurrence of a
given symbol a in sequence S will also be referred to as a copy of the symbol.
The Parikh vector associated with a word S € A* with respect to the alphabet
A={ay,...,an}is
(ISlay; -+ [Slay)-

A factor (subsequence) of length (size) b > 0 of S = 515 - -Spy is @ word x such that
X=S8j...Sjtb-1-

We denote by R, Z, and N sets of real, integer, and natural numbers, respectively.
Let {ay,...,an}2 be the set of infinite sequences on the alphabet A = {ay,...,an}.
For the letter a; and an infinite sequence S € {ay,...,an}% let 1(S,ai) € {0,1}% be
the indicator in S of the letter a;, thatis I(S,a;)j = 1 if and only if sj; = a;.

Letdy,...,dy be n > 1 positive integers called demands (or model demands) and
let the alphabet A = {1,...,n}. This particular alphabet will be most often used in
the book. Any letter i € A will also be referred to as a model i, or a client i, or a
state i, or a queue i depending on the context of our discussion. The vector

d=(dy,....dn)

will be referred to as the vector of demands. We use the bold notation d, p, a, etc.
for vectors in the book. We define the total demand

D=d;+--+dn,

and the rates
r = di
'""D

for letters i = 1,...,n. The vector of demands is called a standard instance if 0 <
diy <dy <---<dy, n>2, and the greatest common divisor of dy,dy,...,d,,Dis 1,
thatis gcd(dy, ...,ds,D) = 1.
Consider the set JIT of words on A all having their Parikh vectors with respect
to A equal
d=(dy,...,dn).

Any, S € JIT will be referred to as a just-in-time sequence or a just-in-time word
for demand vector d, or simply just-in-time sequence. For S € JIT, let x; be the
number of letter i € A occurrences in the k— prefix, k =1,...,D of w. We also write
Xik instead of X; k.

The floor function |x| of x is the greatest integer less than or equal to x. The
ceiling function [x] is the least integer greater that or equal to x, see Graham et al.
[10] for more on these functions. The nearest integer function [x] or [X]% is the

integer closest to x when the fractional part of x is equal to ; we round downward
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unless otherwise specified. The |x| denotes the absolute value of any real x. Though,
we use the same notation |.| for both the absolute value and the sequence length the
context will clearly indicate which of the two applies.

The least common multiple of integers ny,...,nm, m > 1, will be denoted by
Iem(ny,...,nm). The greatest common divisor of non-zero integersny,...,Nm, M > 1,
will be denoted by gcd(ns,...,nm). The notation d; + D for positive integers d; and
D means that dj does not divide D.

The infimum or greatest lower bound of a subset R of real numbers is denoted
by inf(R) and is defined to be the biggest real number that is smaller than or equal
to every number in R. If no such number exists (because R is not bounded below),
then we define inf(S) = —ce.

Further terminology and notation will be introduced through the book.



Chapter 2

The Theory of Apportionment
and Just-In-Time Sequences

2.1 Introduction

The apportionment problem and theory have their roots in the proportional represen-
tation system intended for the House of Representatives of the United States where
each state receives seats in the House proportionally to its population. This chapter
reviews these results of the apportionment theory that are most relevant to the topic
of just-in-time optimization. It follows the excellent expositions of the basics of the
theory presented in the books by Balinski and Young [2], and Young [3]. However,
the chapter also includes new results obtained since these publications — especially
in the context of the theory’s new applications presented in this book.

The apportionment theory has been developed to address the problem of fair
representation or “meeting the ideal of one man, one vote” as Balinski and Young
put it in the title of their book. This ideal is clearly a fundamental one yet, as one
feels, unattainable, and thus the apportionment problem is not just a problem in
mathematics.

This book looks at this ideal in a broader than just political context in order to
recognize the ideal’s universality. For instance, the clients or virtual clients paying
for the executions of their jobs in today’s distributed computational economies, see
for instance Waldspurger et al. [11], expect a fair implementation of these virtual
economies — the clients demand a fair representation in terms of resource alloca-
tions to their jobs so that the ideal of one currency unit spent equals any other spent
in the same distributed economy is met. Thus, a client who pays twice as much
for its job execution as another one would like to see its job progressing at twice
the rate of the other client’s similar job at any time. Another example is a protec-
tion mechanism against antisocial behavior of individual hosts on the Internet and in
other networks, see Nagle [12]. There, the apportionment methods can be used to es-
tablish an accepted norm for a good behavior and can lead to the whole network in-
creased stability. There are volume differences too, the apportionment methods used
traditionally in proportional election or representation system are usually called to
work every 4-5 years, whereas the same methods would be called millions of times

W. Kubiak, Proportional Optimization and Fairness, International Series in Operations 5
Research & Management Science 127, DOI 10.1007/978-0-387-87719-8 2,
(© Springer Science+Business Media LLC 2009
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every minute on the Internet proving their application huge volume. This volume
requires such apportionment methods that are computationally extremely efficient
and relay on just few data in making online decisions as to who will receive the
resources next. Fortunately, most apportionment methods, the divisor methods and
in particular parametric methods for instance, satisfy all these conditions. Thus, the
apportionment theory is where we feel any discussion of proportional representation
should start.

Section 2.2 defines the apportionment problem. Section 2.3 introduces the basic
axioms of the apportionment theory. These include the basic exact, anonymous and
homogenous apportionments as well as population monotone apportionments intro-
duced to avoid undesirable anomalies. Section 2.4 presents the divisor methods of
apportionment. These are the only apportionment methods that deliver population
monotone apportionments. Section 2.5 discusses incompatibility of being popula-
tion monotone and staying within a quota properties of apportionment. Section 2.6
focuses on these features of divisor methods that encourage coalitions and schisms.
Section 2.7 shows how to construct the just-in-time sequences using the house
monotone apportionment methods. Section 2.8 discusses the desirable properties of
just-in-time sequences inherited from the parametric apportionment methods. The
properties include periodicity and various symmetries. Finally, Sect. 2.9 discusses
the consistency with a standard two-state solution which is unique for the Webster’s
method of apportionment.

2.2 The Apportionment Problem

The instance of the apportionment problem is defined by the integer house sizeh >0
and a positive real vector of state populations:

p:(p17p27p37'“7p5)>0~ (21)
An apportionment of h seats among s states is an integer vector
a=(ar,aas,...,a5) >0 (2.2)

such that 3§ ;aj =h.
Let the total population be

S
P= 2 Pk-
k=1
A “fair” share of state i seats is its quota

ih
Qi=p|'3-



2.3 Which Apportionment? 7
However, the quota vector

q=(91,02,93,--.,0s)

may be fractional and thus not an apportionment. We sometimes use the notation
a" and q" instead of a and q, respectively to emphasize that the latter two vectors
correspond to the house of size h. We refer to

pih

lai] = P (2.3)
as the lower quota of state i and to
FohT
[qi] = pF', (2.4)

as the upper quota of the state.

The solution to the apportionment problem is found by an apportionment
method M. The method maps the vector p and the house size h into a set M(p, h) of
apportionments a that satisfy the condition (2.2).

2.3 Which Apportionment?

The definition of the apportionment problem given in (2.2) may result into trivial
though unacceptable, for instance socially, solutions which need to be ruled out
from further consideration. This is done by imposing axioms that define what is
socially acceptable as properties of an apportionment. However, we believe that
these properties should hold for other applications of the apportionment theory as
well. We begin with the basic properties.

2.3.1 The Basics: Exact, Anonymous and Homogeneous
Apportionments
We call the method M exact if

ih. . .
(91,---,0s) € M(p,h) whenever quota g; = p||3 is an integer for all i,

and this solution is unique. A method is anonymous if for any permutation x of the
states 1,...,S we have

(ar,az,as,...,as) € M((p1, P2, P3;---,Ps),N)
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if and only if

(Az(1)>Ar(2),8n(3)s - 8n(s)) € M((Pr(1): Pr(2)s Pr(3)s-- -+ Pr(s))s )

for all population vectors p and house sizes h. That is permuting the state popula-
tions results in apportionments that are permuted the same way.

An apportionment method M is homogeneous if for any p and h one requires
M(p,h) = M(Ap,h) for any positive rational number 1.

We continue the list of axioms with the not-so-obvious ones. These came to the
attention of politicians and researchers as a result of infamous paradoxes or anom-
alies that lead to abandoning some earlier used apportionment methods. The new
axioms were then formulated to protect against these paradoxes. We begin with the
most famous one, the Alabama paradox, and its remedy, namely the house monotone
methods.

2.3.2 House Monotone Apportionments

Any apportionment method M(p,h) that gives an apportionment vector a for the
house size h and the population vector p, and an apportionment vector a’ > a for
the house of size h’ = h+ 1 and the same population vector p is said to be house
monotone. Precisely, a method M is house monotone if for every p and h if a €
M(p,h), then there is @’ € M(p,h+ 1) such that @’ > a. This books relies on ap-
portionment methods for iteratively building sequences which requires the house
size h to grow. Thus, only house monotone methods are relevant for our discus-
sion since they allow to extend a sequence without any change to it, that is to
what has already been built. All divisor methods defined later in Sect.2.4.1 are
house monotone. There are, however, historically important apportionment meth-
ods that are not house monotone. The Alexander Hamilton’s method, known also as
the largest reminder method is an example of an apportionment method that is not
house monotone. The Hamilton’s method lead to the infamous paradox of Alabama
in 1882, when a larger size of the House gave fewer seats to the state of Alabama.
The method’s failure to be house monotone can be illustrated by the following ex-
ample with the population vector p = (6,6,1). The house size h =5 results in quotas
62> =2, for the first two states and quota ;; for the third state, thus according to
the Hamilton’s method the apportionment is (2,2,1) since each state gets its whole
number of seats, that is 2,2 and 0 respectively, first, and then since the total number
of seats apportioned is one less than the house size, the difference goes to the state
with the largest reminder, that is to the third state. Now, let us increase the size of the
house to h = 6. Then, the quotas are ¢ = 35 =219 for the first two states and 3 for
the third. Then, the Hamilton’s method results in the apportionment (3,3,0). Thus,
the third state losses its only seat in a larger house — an example of the Alabama
paradox.
An even stronger axiom is the following population monotone axiom.
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2.3.3 Population Monotone Apportionments

The Alabama paradox reveals anomalies that some apportionment methods exhibit
whenever the size of the house h grows. However, it is not the only anomaly en-
countered in the theory of apportionment. Other anomalies may show in case of
rapid changes in populations. One such anomaly is the population paradox, which
happens whenever an apportionment method is not able to ensure that if the state is
population increases and the state js decreases, then state i gets no fewer seats and
state j gets no more seats with the new populations than they do with the original
ones and the unchanged house size h. To avoid this population paradox as well as
other paradoxes the population monotone apportionment methods have been intro-
duced. Formally, the method is population monotone if for any two vectors of pop-
ulations p,p’ > 0, house sizes h and h’, and vectors of apportionments a € M(p, h),
a’ € M(p’, i) the following implication holds

. —(a) < ajAay > aj)
Pes P ) or . (@5)
P Pi Sf’ = i and a;,aj can be substituted for aj,aj ina
k ]

The population monotone apportionment methods also avoid the new states paradox
that may arise whenever the sates join the union. The new states paradox consists in
the following. Suppose a state s+ 1 joins in the union of s states. Then, this paradox
happens whenever there are two states i and j of the old union such that one of
them losses seats and the other gains seats. The population monotone apportionment
methods avoid also the seceding states paradox. Suppose a state k secedes from the
union of s states. Then, the paradox happens if there are two states i and j other
than k such that one of them losses seats and the other gains seats.

The next class of methods ensures that an apportionment that is satisfactory for
all states remains so for any subset of states considered alone. For instance two
competing jobs may monitor their own progress and compare it with each other ir-
respectively of other jobs being present in the system and competing for the same
resources, see the peer-to-peer fairness in Chap. 10. The uniform apportionment
method ensures their satisfaction irrespective of other jobs.

2.3.4 Uniform Apportionments

An apportionment method is said to be uniform if it ensures that an apportion-
ment a = (a1,ay,...,as) of h seats of the house among states with populations
p = (p1,P2,---,Ps) Will stay the same whenever it is restricted to any subset S
of these states and the house size Yj.saj = h'. In other words, if for every t, 2 <
t<s, (ag,...,as) € M((p1,...,ps),h) implies (ay,...,a) € M((p1,..., pt), i, &)
and if also (by,...,b) € M((py,...,pt),25_sai), then (by,....br,a1,...,85) €
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M((p1,..-,Ps),h). Each uniform method can be obtained by using a rank-index
function. The rank-index functions will be defined in Sect. 2.4.3.

Finally, the quota satisfaction property. This property however is at odds with
population monotonicity, see the Impossibility Theorem 2.4.

2.3.5 Apportionments Satisfying Quota

The apportionment of a; seats to state i satisfies the lower quota for population
vector p and house size h if and only if

lai] < ai, (2.6)

and it satisfies the upper quota if and only if

ai < [q;]. (2.7)

The a; satisfies the quota if it simultaneously satisfies the lower and the upper quota,
that is

lgi] <ai < Tail. (2.8)

The apportionment vector a satisfies the quota if and only if it satisfies simultane-
ously the lower and the upper quota for all states. The method M(p, h) satisfies the
quota if each apportionment vector a € M(p, h) satisfies the quota for any p and h.

Though it may appear natural to request that an apportionment method stays
within the quota this request has been virtually rejected by the apportionment the-
ory since it can not be simultaneously met with the requirement of population
monotonicity. The latter is considered more important for the apportionment. How-
ever, staying within the quota gains importance in just-in-time applications where
it may be argued as being more important than population monotonicity due to its
ability to closely track a target value.

We now turn to the apportionment methods themselves.

2.4 Apportionment Methods

2.4.1 Divisor Methods

One can argue that the most successful approach to apportionment is based on a
deceptively simple and unquestionably natural idea that calls for calculating the
ideal district size x, or a divisor, that is the number of voters a single seat in the
house ideally represents, and then checking how many such ideal districts fit into
each state population. This latter number called quotient is then rounded to give the
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state apportionment. The nature of the game thus consists in doing the rounding —
the way the rounding is done defines a divisor method. However, irrespective of the
rounding the following result underlines the importance of divisor methods.

Theorem 2.1. An apportionment method is population monotone if and only if it is
a divisor method.

The proof of this theorem can be found in Balinski and Young [2]. Formally, a
divisor method finds proportional share of h seats by finding an ideal district size,
or divisor x, then computing the quotients g of each state

X Pi

Qi = X’ (29)

and finally rounding them according to some rounding rule. The sum of all rounded
quotients must equal h. There are many ways to round the quotient. Any rounding
procedure can be described by specifying a dividing point d(a) in each interval of
quotients [a,a+ 1] for each non-negative integer a.

Define a divisor function d to be any monotone, real-valued function defined for
all integers a > 0 such that a < d(a) < a-1 and such that there exists no pair of
integersb > 0and ¢ > 1 with d(b) =b-+1and d(c) = c. This last condition implies
that d is strictly increasing, and k+1 > d(a+k) —d(a) > k—1 forany a > 0 and
k > 1. Any divisor function d can be used to define the d—rounding of a real number
y > 0 as follows

a if da—1)<y<d(a).

The [y], is unique for any y # d(a) for all integer a > 0. However, the threshold
y =d(a) can be either rounded down to a or up to a+ 1.
The divisor method based on d is thus defined as follows:

Md:{o if 0<y<d(0),

) S
M(p,h) = {a D aj= [ﬂ and Y aj=hforsome z> 0}. (2.10)
d =1

From (2.10) we have d(aj —1) < ' < d(a;) forany a; > 0and % <d(a;) foraj =0,
for some z > 0. Therefore,
; Pi pi
min X
ai>0d(aj—1)
Observe that there usually is a closed interval of z values that satisfy these inequali-
ties, however, they all give the same apportionment, see Young [3]. We assume here

that ' is defined and arbitrary large. The divisor method based on d can then be
defined alternatively by a min—-max relationship as follows.

o pi Pj S
= B > i = .
M(p,h) {a Q;r(])d(ai—l) > g}%d(aj) and i:zlal h} (2.11)

. . . pi
where p; > pj implies & > /.
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Table 2.1 The best known divisor methods

Method’s name Adams Dean Hill Webster  Jefferson
d(a) a fo/lz) Va@+1) a+1/2  a+1l

ed(9) =10
0d(9)=947 ¢d(9)=949 ¢d(9)=95

0d(9)=9 0d(8) =09
0d(8) =847 ¢d(8)=849 ¢d(8)=85

0d(8)=8 0d(7)=8
0d(7) =747 d(7)=7.48 ¢d(7)=75

e d(7)=7 0d(6)=7
ed(6) =646 ¢d(6)=6.48 ¢d(6)=6.5

0d(6)=6 0d(5)=6
ed(5)=545 ¢d(5)=548 ¢d(5)=55

ed(5)=5 ed4) =5
0d(d) =444 od(4)=447 od(4)=45

od(4)=4 0d(3) =4
0d(3)=343 ¢d(3)=346 ¢d(3)=35

0d(3)=3 ed(2)=3
0d(2)=24 od(2)=245 @d(2)=25

0d(2)=2 ed(l)=2
od(1)=133 ed(1)=141 ed1)=15

ed(1)=1 ed(0)=1
ed(0)=05

ed(0)=0 ed(0)=0 ed(0)=0

Fig. 2.1 The dividing points for the five divisor methods in Table 2.1. The order of the methods,
for the left to right, follows the order in the table

Table 2.1 shows the d(a) function of the best known divisor methods.

It follows from the table that the Dean’s method uses the harmonic mean of a and
a+ 1 as the divisor function, the Hill’s method uses the geometric mean of a and
a-1, and the Webster’s uses simply the arithmetic mean of a and a+ 1. Figure 2.1
shows the dividing points for the divisor methods from Table 2.1.

Any divisor method is population monotone, and thus house monotone, see
Theorem 2.1. Therefore, by the Impossibility Theorem 2.4 no divisor method stays
within the quota.
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2.4.2 Parametric Methods

Parametric method ¢? is a divisor method with d(a) = a+ &, where 0 < § < 1. The
parametric methods are of interest for two reasons. First, they are clearly computa-
tionally very efficient, their divisor functions are linear. Second, they generate cyclic
just-in-time sequences whereas the divisor methods which are not parametric do not
always generate cyclic just-in-time sequences. This will be shown in Theorem 2.12.

Clearly, the Adams’s, Webster’s (known also as the Sainte-Laglie’s method) and
Jefferson’s (known also as the d’Hondt’s method) methods are parametric, while the
Dean’s and Hill’s are not.

2.4.3 Rank-Index Methods

The idea behind the rank-index methods is to define a standard of comparison or the
rank-index function, see Young [3], and then use it to obtain an equitable allocation
relative to that standard. An allocation is equitable relative to a rank-index function
if no seat transfer is justified. The seat transfer is justified if there are i and j so that j
can give up one seat to i and by doing so reduce the inequity between the two states,
that is if the following inequality is satisfied

r(pi,ai) —r(pj,aj)| > [r(pi,ai+1) —r(pj,a;—1)].

The rank-index function is any real-valued function of rational p and integer a > 0
that is decreasing in a, that is r(p,a— 1) > r(p,a) for any p and a > 1. The rank-
index methods begin apportionment of h seats with defining a rank-index function
r(p,a) on all possible pairs (p,a) where p is a state population and a is any integer
between 0 and h. The pairs (p,a) are then ordered in descending order of their rank-
index values. The h seats are then apportioned according with the first h pairs on the
ordered list. Thus, the h seats are apportioned to the most deserving, according to the
rank-index, states.

An equitable allocation can also be found by the following simple algorithm
given in Balinski and Young [2]. Let F be the family of functions f defined as
follows.

1. Forh=0let f(p,0) =0.
2. If f(p,h) =a, then f(p,h+1) is found by giving a; + 1 seats to some state i such
that r(pi,aj) > r(pj,a;) forall j, and a; seats to each j #i.

The rank-index method based on r(p,a) is defined as follows:

M(p,h) ={a : a= f(p,h) forsome f € F}. (2.12)

Any function of the form r(p,a) = d(pa) with a divisor function d(a) is a rank-index
function since d(ap_l) > d(pa) by definition of divisor functions. Therefore, we can
equivalently define the divisor method as follows, see Balinski and Young [2].
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Theorem 2.2. The divisor method based on a divisor function d can be defined as
follows

1. M(p,0) =0,
2. If a € M(p,h) and k satisfies d%k) = max; dgi)’ thenb € M(p,h+1) with by =
ax+ 1 fori=kandb; =a; fori#Kk.

Clearly this definition gives us a simple way of constructing the just-in-time se-
quence as long as the divisor function d itself can be efficiently computed. The above
discussion and definitions prove that any rank-index method is uniform. Balinski
and Young [2] furthermore prove that any uniform method is a rank-index method
as long as it is balanced. A method is balanced if a € M(p =(p1,...,Pi=P,---, P =
Pj,...),h) implies |aj —aj| < 1. That is the balanced method guarantees that the
apportionments of states with equal populations differ by at most one seat. We have
the following theorem.

Theorem 2.3. A method is balanced and uniform if and only if it is a rank method.

2.5 What is Impossible?

Balinski and Young [2] show that any population monotone method is house
monotone but not the other way around. Their famous Impossibility Theorem
shows that the failure to stay within the quota is the price that any population
monotone apportionment method must pay for its desirable quality of being pop-
ulation monotone.

Theorem 2.4 (The Impossibility Theorem). It is impossible for an apportionment
method to be population monotone and stay within quota at the same time.

; ; _ 222 2
Proof. Consider the vector of populations p = (5+e, 3133 e), where 5 >e>0

is a rational number.
For P =h =7, the p; is is exact quota for all i. Let a € M(p,h). Now consider

the populations p’ = (4— e2—5,3+5,3 +e). Again P’ =h =7, so p} is is exact

quota. Leta’ € M(p’,h). Choose any e that meets the condition e < 611, we then have

P - P1
Py Pa

This implies either a] > a; or aj < a4 by population monotonicity, see (2.5). Now
assumea; >5andaj > 1. Thena] > a; implies aj > 5 and thus &’ fails upper quota.
On the other hand, a4 > a implies a4 > 1 and thus a fails upper quota. Next, assume
a1 > 5and aj = 0. Then, by population monotonicity a5 =aj; = 0. Thus a} +aj, =7.
Therefore &’ fails upper quota. If a; > 5 and aj = 1, then it remains to consider
aj < ap and aj < as4. Then, a; +a4 > 6 and thus either a = 0 or az = 0. This,
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however leads to a contradiction since M being population monotone apportions
the two seats to more populous states a, and as rather than to a4, the least populous
out of the four states. Finally, if a; < 5 then a fails lower quota. This ends the proof
since the cases considered exhaust all possibilities for e < 611. O

However, we have the following two results.
Theorem 2.5. Each divisor method stays within the quota for s=2.
Proof. See Exercise 2.23. O
Theorem 2.6. The Webster’s method stays within the quota for s=3.
Proof. See Exercise 2.24. O

The following two technical lemmas will be used in Sect. 8.4 of Chap.8. The
lemmas show that if a divisor method fails to satisfy quota, then it does so for some
fractional quota.

Lemma 2.7. If a divisor method M does not stay above lower quota, then there are
the vector of populations p = (p1, p2, - - -, Ps), the house size h and state k for which
the lower quota is not satisfied and the quota gy = pgh is fractional.

Proof. If M does not stay above lower quota, then there exist a vector of populations
p = (p1,P2,---,Ps): S > 3, the house size h and the apportionmenta =(ay, .. .,as)

acM(p.h) ={a ; [TL = h for some divisor x > 0} (2.13)

for which the lower quota is not satisfied for some state k, i.e.,

ac<lad= | ' (2.14)

In (2.13), the d is the divisor function for M. Let us assume that gy is integral,
otherwise the lemma holds. The proof proceeds by cases.
If there is a state j # k such that either

d(aj—1) < F)’(J' <d(a))

or

F:(j =d(aj) and [Eﬂd = aj,

that is pxj =d(a;) is d-rounded down, then define the populations

pgz{pa(lﬁ) ifi 7,
Pj ifi=j,
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forall i and € > 0. For the divisor x + €, we have

P Pig .,
X+£_xf0r|7éj.

Moreover, for sufficiently small € > 0 we get

[F;(j}d:[xi)rje}d'

Thus, a € M(p’,h) and

pk(1+5)h
W= eve o > Ok
(1430 Zizj Pi+pj
Therefore, ay does not stay above lower quota and furthermore q; is fractional for
sufficiently small € > 0. This proves the lemma.
It remains to show what happens if for all j # k

Pj

—d(ai — Pil _ ..
< =d(aj—1)and {X}d_aj, (2.15)

that is all °/ are d—rounded up to a;. In this case, if

Pk

dla—1)< | <d(a), (2.16)

then define the populations

L op ifiAk
Pi=0pera ifi=k.

Then, the divisor x results in the apportionment a eM(p’, h) for sufficiently small
A > 0. Since q is fractional for sufficiently small 4 > 0and g; > g, then again the
lemma holds.

Otherwise, that is if (2.16) does not hold, we have

Pk P .. . Pk
< =d(ax) and the < is d — rounded down to ay, i.e., {XL = a. (2.17)

Since M is homogeneous, then M(p,h) =M((d(a; —1),...,d(ax),...,d(as—1)),h),
where p =x(d(a; — 1),...,d(ax),...,d(as — 1)) by (2.15) and (2.17). Thus, it suf-
fices to consider the vector (d(a; —1),...,d(ax),...,d(as — 1)) of populations and
the house size h. By (2.15) and (2.17) it follows that

Now, for ax > 1 consider the vector of s(m+ 1) populations
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p'=(d(ar—1).....d(@),...d(@as—1).d(@—1),....d(@-1),....d(as— 1)),

~ -
m-times

for some m > 1, and the size of the house H = h(1+m). We have

/ /
a'=(ag,...,a;...,as,a1,---,8;---,a) € M(p’,H).
~ ~ -
m-times

To show this just take the divisor x = 1 and d-round accordingly. However,
d(ak)h
iqid(@i—1)+d(ay)
- d(ax)h(1+m)
T Xigiad@—1)+d(a)+m3i d(@—-1)

(2.18)
(2.19)

obviously holds since d(ax — 1) < d(ax) by definition. Furthermore, the quota on
the right hand side of (2.18) can be made fractional by the appropriate choice of m.
Therefore, k fails its lower quota which is fractional. Thus, the lemma holds for p’
and H.

Finally, for ax = 0 we have d(0) > 0 by (2.17). Then, consider the vector of
s(m+ 1) populations

P’ = (d(ar—1).....d(@0).-...d(@s—1),d(@r —1),....&,....d(as— 1)),

~
m-times

forsomem > 1, d(0) > & > 0, and the size of the house H = h(1+m). We have
a"=(ay,...,ax=0,...,8s,a1,...,8 =0,...,as) € M(p",H).
~ ~ -~
m-times
To show this just take the divisor x = 1 and d—round accordingly. However,

d(0)h d(O)h(1+m) (2.20)

Yiiad@—1)+d(0) " dO)+me+(1+m)3f ;i d(@—1) '
obviously holds since € < d(0) by definition. Furthermore, the quota on the right
hand side of (2.20) can be made fractional by the appropriate choice of m or €.
Therefore, k fails its lower quota which is fractional. Thus, the lemma holds for p’
andH. O

Similarly we can prove the following lemma, the proof will be omitted.

Lemma 2.8. If a divisor method M does not stay below upper quota, then there are
the vector of populations p = (p1, p2, - - -, Ps), the house size h and state k for which
the upper quota is not satisfied and the quota gx = p,';h is fractional.



18 2 The Theory of Apportionment and Just-In-Time Sequences

2.6 Coalitions and Schisms

In the apportionment practice and theory the coalitions and schisms in proportional
representation system have always been common tools for gaining and maintaining
power, and the apportionment methods were investigated for their ability to encour-
age, or discourage, coalitions or schisms.

Similar advantages of being either larger or smaller can be found in other contexts
as well. For instance, a number of clients sharing resources, for example computer,
network or manufacturing resources, may consider merging their individual jobs to
create one single composite job being the sum of these individual jobs. The com-
posite job then enters the competition for resources as a single entity belonging to
a single “corporate” client. The advantage of such coalition could be that the com-
posite job finishes earlier and, in the worst case, never later than the latest of the
individual jobs were they to compete for resources individually. We show in this
section that to realize this advantage of being larger the resource allocation must
be done according to the Jefferson’s method. No other divisor method is capable
of ensuring it. This advantage of being larger has been observed in stride schedul-
ing and networks, see Waldspurger and Weihl [13]. The issue of splitting the gains
resulting from the advantage of being larger between the individual clients though
very important and challenging is beyond the scope of this book.

The opposite situation occurs when a client considers breaking its job into a
number of smaller jobs so that doing them all separately and independently results
into the completion of the job itself. The smaller jobs are then let to compete for
resources between themselves and all other jobs. The advantage of such schism
would be that the latest of the smaller jobs finishes earlier and, in the worst case,
never later than the whole job were it done as a single job. This section shows
that to realize this advantage of being smaller the resource allocation must be done
according to the Adams’s method. No other divisor method is capable of ensuring it.

We begin with definitions.

Let C C {1,...,s} be a subset of states we refer here to as a coalition. For any
vector p = (p1, P2, P3,---, Ps), let pc be the s— |C| + 1 dimensional vector obtained
from p by replacing all coordinates in C by a single coordinate pc = Yicc pi, all the
remaining coordinates do not change. We say that the apportionment method M en-
courages coalitions if and only for any a €M(p,h) there always exists bc eM(p¢,h)
such that bc > ac. We say that the apportionment method M encourages schisms if
and only for any a €M(p,h) there always exists bc €M(pc,h) such that bc <ac.

Theorem 2.9. Jefferson’s method is the unique method that is population monotone
and encourages coalitions.

Proof. Let us denote the Jefferson’s method by J. We have d(a) = a+ 1 for the
Jefferson’s method, see Table 2.1. If a € J(p,h), then for some x > 0

Pi

ai:d(ai—l)g «

<d(aj) =aj+1foralli.

We assume d(—1) = 0 by definition. Thus, for any subset C C {1,...,s} we have
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ac = Zai=d<2 ai—]-) Sxiefpi = F;C and aj < F:(i foralli¢C.
icC icC

Therefore, for the divisor x

X < Pc
ac
and consequently there is a divisor y
Pc
x<y<
Sys ac
such that D o
d(bc —1) < yc <d(bc) and bj < y' foralli¢C
and

bc >acandbc+ Y bj=h.
i¢C
This proves that the Jefferson’s method encourages coalitions. Now, let M be a
population monotone methods. By Theorem 2.1, M is a divisor method based on
some divisor function d. Consider an instance withs =n-+1 and

p=(p,....,p)andh=n(a+1)+a
for some p and a. Then, by (2.11)
(a,a+1,...,a+1) € M(p,h).
Consider a coalitionC = {2,...,n+ 1}. If M encourages coalitions, then
(o,B) € M((p,np),h) with @« <aand 8 >n(a+1). (2.21)

However, by (2.11)
(aa na) € M((panp)ah - n)'

Since M, being population monotone, is house monotone then
o> a.
Consequently, by (2.21)
(a,na+n) e M((p,np),h).

Thus np

dla—1) < )F: <d(a)andd(an+n—1)< < <d(an+n)

and consequently
1 n

d(@) = d(an+n—1)’
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or
1 d(an+n-1
a+1—n§ (an-+ )

<d(a)<a+1
forany a > 0 and all n > 1. Therefore, d(a) = a+ 1 and thus M is the Jefferson’s
method. O

Similarly, it can be shown that:

Theorem 2.10. Adams’s method is the unique method that is population monotone
and encourages schisms.

All other divisor methods may result in two states (parties) either gaining a seat
or losing a seat sometime. If a method results in a coalition of two states gaining a
seat as likely as loosing it, then it is called coalition-neutral method. We have the
following theorem.

Theorem 2.11. Webster’s method is the unique method that is population monotone
and coalition-neutral.

We refer the reader to Balinski and Young [2] for details of the proof, however,
we would like to give intuition behind this result here. Assume vector of populations
p = (p1, P2, P3,---,Ps) and a fixed divisor x. Let i and j form a coalition. Assume
that & and € are the reminders of the quotients

Pi and P] .
X X

The Webster’s method gives one less seat to the coalition of i and j than to i and j
separately provided that

g>05andegj>05andg+¢; <15 (2.22)

for the reminders that are independently and uniformly distributed between 0 and 1
the probability of this happening is é On the other hand, the coalition gains a seat
provided that

g<05andegj<05andg+¢g;>05 (2.23)

thus the probability of this happening is é as well. Therefore, the Webster’s method
is coalition-neutral. Observe that the probabilities do not change if we replace the
strong < inequalities by the weak ones < in both (2.22) and (2.23). Finally, observe
that tf11e plrobabgflity that the coalition of i and j gets the same as its two partners is
1-(3+35) =1

2.7 From Apportionments to Just-In-Time Sequences

In the transformation between the just-in-time sequencing and apportionment prob-
lems, state i corresponds to model i and the demand d; for model i corresponds to
population p; of state i. The cumulative number of units x; of i completed by k
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corresponds to the number a; of seats apportioned to state i in a house of size k. The
following is the summary of the correspondences between the two problems:

number of states s «—— number of models n
state i «—— model i
population p; of state i «—— demand d; for model i
vector of populations p «—vector of demands d
size of house h «—— position in sequence k
for a house of size h, aj «— X;y
total population P =Y ; pi «— total demand D =} , d;.

Any exact and house monotone apportionment method M can be used to con-
struct a just-in-time sequence as follow. Let

M(d,1),M(d,2),...,M(d,D)

be the apportionments for the house sizes 1,2, ..., D respectively and the population
vector d. The just-in-time sequence s is built as follows. Let vectors a',a?,...,aP
be selected from M(d,1),M(d,2),...,M(d,D) respectively so that a" < a"*! for
anyh=1,2,...,D— 1. Such selection of vectors exists since M is house monotone.
Moreover, there is exactly one i such that al' + 1 = a"*! sinceh=Yaf andh+ 1 =
ZaE‘H. The i1 will be placed in the position h 4+ 1 of the sequence s. Moreover,
the only state that gets a seat in a' will be placed in position 1 of s. Finally, the
quotas Dgi = d; for the house size D are all integer numbers, thus there is exactly
one vector in M(d,D) and it is (dy,dy,...,dn). The latter holds since the method is
exact. Consequently, the sequence is just-in-time since i occurs exactly d; times in
it. We denote by Sy(d) the set of all just-in-time sequences obtained by method M
for vector d.

2.8 Which Just-In-Time Apportionments?

We now focus on these properties of apportionment methods that make them espe-
cially attractive for building just-in-time sequence with desired properties. We begin
with the cyclic sequences.

2.8.1 Cycles

Let g =gcd(dy,dy,...,dn). The method M is cyclic
if s € Sm(d/g) implies s9 € Sy (d).

A powerful advantage of the parametric methods of apportionment is that they
are cyclic which is not the case for other divisor methods that are not parametric. The
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key observation is that the distance between any two consecutive dividing points of
a parametric divisor method is constant, equal 1, which is not the case for divisor
methods not being parametric. We have the following theorem.

Theorem 2.12. A divisor method is cyclic if and only if it is parametric.
Proof. First, we observe that

di d;

- di d;
ai+06 aj+o

if and only if d > 4

kg +ai+o kg +aj+6
fork=0,1,...,g— 1. Thus any parametric method ¢? is cyclic. Second, no divisor
method which is not parametric is cyclic. The proof is by contradiction. Assume that
M is a divisor method based on a divisor function d and M is not parametric. Then,
there exists positive integer k* such that d(k) = k+ & for 0 <k < k*and d(k*) =
k*4+ 0" forsome 0 < 6 # 6* < 1. Assume 6 < 6*. Letdjand d; be any two positive
integers that satisfy 0 < § < gi < 6* < 1. Consider a vectord’ = (aed; —1,1) where
o is a positive integer. Then M(d’,h = ad;) = d’ since M, being a divisor method,
is exact. Moreover, M(d’',h = ad;) = (adp — 1,1) for sufficiently large «, that is
state 2 always gets a single seat in the house of size ad, provided o is sufficiently
large. To show this it suffices to observe that by Theorem 2.2 state 2 gets at least
one seat in such house since the following inequality

1 1 di—

. > é_ad1—1> Otdl—l
= 1=
o

od; —1 7 d(ady — 1)’ (224)
holds for sufficiently large c. Furthermore, state 2 does not get more than one seat
since d; < di and M, being a divisor method, is house monotone.

Now, consider the vector (k* +1)d" = (p; = (k* +1)(ad; — 1), p2 = k* + 1).
If M is cyclic, then (a1 = k*(ad; — 1) + ady, — 1,80 = k* +1) € M((k* +1)d’,h =
k*ady + ady). However, since

P (KHD(edi-1) (kK" +1)(adi—1)
da) — d(k*(ods — 1)+ ady— 1) = k*(ady — 1) + ardy
K+l k4l k1 p

= > = =
kot 0, kb8 d(k) T d(@-1)

the min—max condition in (2.11) is violated. Thus, we get a contradiction. This
proves the theorem for 6 < 6*. The proof for 6 > 6* proceeds in a similar fashion
and will be omitted. O

We stay with the parametric divisor methods to investigate the influence of the
parameter 6 on the just-in-time sequences being built.
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2.8.2 Advancing and Delaying

A parametric divisor apportionment method used to built just-in-time sequence
could advance some jobs at the cost of retarding others in comparison to some other
parametric method. Since all methods we discuss in this book are anonymous the
only factor that affect this behavior is the size of the job and the parameter & used
by the method. Table 2.2 shows all possible just-in-time sequences for the vector of
populations (or demands) d =(7,6,4,2,1) obtained by the parametric methods ¢°
for 0 < § < 1. The longest job, that is job 1, completes there at t = 20 for § = 0 and
att = 16, at the earliest, for 6 = 1. At the same time the shortest job, that is job 5,
completes there att =5 for 6 =0 and att = 20, at the latest, for § = 1.

The longest job starts advancing its positions in the sequence starting from its
second position t = 6 for 6 = 0 and never stops advancing. The second longest job
starts advancing its positions in the sequence starting from its second positiont =7
for 6 = 0 and all its positions gets advanced. The third longest never gets advanced
or retarded. The losers are the two shortest jobs. The second shortest, that is job
4, starts retarding from its first position t = 4 for 6 = 0 and never stops retarding.
The shortest starts retarding from its first positiont =5 for 6 = 0 and never stops
retarding. Thus as 6 grows the three longest jobs benefit by advancing their progress
whereas the two shortest lose by retarding their progress. Though the second longest
job completes only slightly earlier, att = 19 for 6 = 0 and att = 17, at the earliest,

Table 2.2 The just-in-time sequences for different &

Se 00

{0} 1-2-3-4-5-1-2-3-1-2—-1-4-3-2-1-2—-1-3-2-1
(O,é) 1-2-3-4-56-1-2-3-1-2-1-2-3-4—-1-2-1-3-2-1
{é} 1-2-3-4-5-1-2-3-1-2—-1-2-3-4—-1-2—-1-3-2-1

Ih 1-2—-3-4-1-5-2-3-1-2-1-2-53-4-1-2-1-3-2-1
{é} 1-2-383-4-1-5-2-3-1-2-1-2-3-4-1-2-1-3-2-1
I 1-2—-3-4-1-2-5-3-1-2-1-2-3-1-4-2-1-3-2-1

{%} 1-2-83-4-1-2-5-3-1-2-1-2-3-1-4-2-1-3-2-1
(175) 1-2-383-4-1-2-1-3-5-2-1-2-3-1-4-2-1-3-2-1
{t} 1-2-83-4-1-2-1-3-5-2-1-2-3-1-4-2-1-3-2-1
(57%) 1-2-38-1-4-2-1-3-2-5-1-2-3-1-4-2-1-3-2-1
{3 1-2-38-1-4-2-1-3-2-1-55-2-3-1-2-4-1-3-2-1
( ,g) 1-2—-3-1-2-4-1-3-2—-1-5-2—-3-1-2-4—-1-3-2-1
{35} 1-2-3—-1-2—-4-1-3—-2—-1-5—-2-3—-1-2—-4—~1-3—-2—-1
( ,g) 1-2—-3-1-2-4-1-3-2—-1-2-5-3-1-2-1-4—-3-2-1
{23} 1-2—-3—-1-2—-4-1-3—-2—-1-2—-5~3«-1-2—-1-4—-3—-2—-1
3,g) 1-2-3-1-2-4-1-3-2—-1-2—-1-3-5-2-1-4—-3-2-1
4 1-2—-3-1-2-4-1-3-2—-1-2-1—-3-5~2—-1-4—-3-2-1
5
4,2) 1-2—-3-1-2—-1-4-3-2—-1-2-1-3-2—-5—-1-4—-3-2-1
1-2-38-1-2-1-4-3-2-1-2-1-3-2-5-1-4-3-2->1
g
2 1) 1-2—-3-1-2-1-4-3-2—-1-2—-1-3-2—-1-5—-4—-3-2-1

{1} 1-2-3-1-2-1-2-3-4-1-2-1-3-2-1-1-52- 345
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for 6 = 1 and the third longest job completes att = 18 for § =0 and at t = 18, at
the earliest, for § = 1.

We now investigate this phenomenon formally beginning with the following
definition, see Balinski and Rachev [14], and Balinski and Ramirez [15].

Method M gives up to method M* if

a€ M(p,h), a* € M*(p,h), and pi > pj implies a; < a; or aj > aj.

That is for any two states (jobs) of different sizes, the bigger gets no worse treat-
ment relative to the smaller by M* than it does by M.

Theorem 2.13. A parametric method ¢ gives-up to another parametric method ¢#
if and only if o < 3.

Proof. Let or < B. We show that ¢ gives-up to ¢#. For any divisor x > 0 we have
[pi} > {pi} forall i.
X lo X1

Thus, if a#a*, then the largest feasible divisor for ¢# (p,h) is smaller that the
smallest feasible divisor for ¢*(p,h). Hence, if the former is x, then the latter is
X —¢g,e >0, and we have

Pi Pi

d@)=ai+p= =~ > za-lta=d@-1). (2.25)
Moreover, if
aj <aj,
then ) _
F)’(‘gd(aj):a,-+a<a]f—1+/3=d(a]f—1)gX‘fg. (2.26)

Therefore, if
aj>aj and aj < a}

then it follows from (2.26) that

epj

X(X—E) zﬁ_aa

and at the same time it follows from (2.25)

Epi

X(X—€) sp-o

But these two inequalities lead to a contradiction as long as p; > pj. Therefore, we
must have
aj<ajoraj> a}

and thus ¢* gives-up to ¢P.
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Now, assume a € ¢%(p,h), a* € ¢8 (p,h), and p; > pjimpliesa; <af oraj > aj,
that is ¢ gives-up to ¢#. We need to show that then oo < B. By contradiction,
assume o > f3. Let @ > B. Define p = (pi = aj + o, pj = aj + o), where a; = ma;
for some integer m > 1, and the house size

h=aj+aj.

We have
Pi > Pj
ai—l+oa aj+o

thus by (2.11) (ai,aj)€ ¢*(p,h), but also

Pi - Pj
a—1+B " aj+p’

o—B+2

form > a-p

and aj > 1. Then, however either
ai <ajoraj>aj,

for (af,aj)e oP (p,h). Thus, if af < aj, then aj > aj since aj+ aj = aj +aj = h.
Also, if a]f > aj, then & < a;. Therefore, we get a;' < a; and a]f > aj, which leads
to a contradiction, since ¢ gives-up to ¢P.

If 1> o= f >0, then consider an instance with

p=(14+co,2+a,m—mo,1— 0o, c,... )
~ ~ 4

m—1-times

where m > max{1, 1;0‘}. We have P = h =4+ m. Then, both vectors (1,3, a3, ...,
am+4) and (2,2,as,...,am+4) belong to ¢*(p,h) as long as mﬂl > o. To show this,
we observe, that if m > max{1, 1&“} and ", > o, then we can always have 1 <
az <m-—1. Thus, the remainingm —1 > h — (4 +az) > 1 can always be apportioned
according to ¢“. Finally, the first two states get their seats by appropriately rounding
their quotients 1+ o and 2 + o according to the divisor d(a) = a+ o. Therefore,
we again get a contradiction since ¢* gives-up to ¢*. The case oo =1 or O is left for
Exercise 2.21. O

The last property stipulates that the just-in-time sequence should be roughly the
same as its mirror reflection, that is they should be quasi-palindromes.

2.8.3 Symmetry and Quasi-Palindromes

Theorem 2.13 suggests that as far as parametric methods are concerned this can only
happen for the parameter equal %, that is for the Webster’s method. The following
section proves this observation.
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Theorem 2.14. The method of Webster produces a sequence SPSR, where P is a
permutation of the states with odd populations, and SR is a mirror reflection of S.
Moreover, if it produces a sequence SPS® and Q is a different permutation of the
states with odd populations, then it produces SQSR as well.

Proof. Consider D numbers kdil fork=1,...,dijandi=1,...,nordered in descend-
2
ing order. Build a sequence according to this order as follows: if kdil is in position
2
t of the order then place an i in position t of the sequence. The sequence so built
can in fact be obtained by the Webster’s parametric method ¢ 3. To show this let us
consider position t in the order. Letyj;, 1 <t < D,1 < j < n be the smallest k such

that kd_jl is in one of the positions t,...,D in the order. The i selected for position t

2
of the sequence satisfies the following inequalities
d dj .
o> forall (2.27)
Yit — 2 Yit — 2
However, yj = Xjt + 1, where Xjt is the number of allocations obtained by j up to
t exclusively. Therefore, the i selected for position t of the sequence satisfies the
inequalities
di d; .
o> b forallj,
Xit + 2 th + 2
which is exactly the test the parametric method qﬁ does to allocate a seat for po-
sition t of the sequence, see Theorem 2.2. We now show that the sequence is of
the form SPSR, where P is a permutation of all states with odd populations and SR
is a mirror reflection of S provided that the ties in the order are broken appropri-
ately, for instance according to the order d; > --- > d,. Suppose that the number

kdil k< B'J is in positiont < L?J of the order. We claim that, then the number
2

4 isin position D+ 1 —t. This holds since
di+1*k*2

G < G itandonlyif oA
k=2 71—} di+1-k—3  dj+1-1-}

for | < H‘J Finally, we notice that for any state i with an odd population di =

2b; + 1 we have
o d; 2d;

bi+1-2 b+l  d
Thus they all fall in the middle of the order since for any state i with an even popu-
lation di = 2b; we have

=2.

d 5

di
> 2 and
! bi+3

bi— 1
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Table 2.3 The Webster’s just-in-time sequences

§ 0°

k=)
N

) 1—2—1-—1
1—2——1—1

1—1—2—1

P S oe
[NE
-

—

1—1—1—2

This proves the theorem since any permutation of the states with odd populations
can be obtained in the middle of the sequence. O

The Webster’s method is the only parametric method for which the property from
theorem holds. The following example with d =(3,1) given in Table 2.3 is due to
Balinski and Shahidi [16].

In this example

f1—2—1—11—1-—2-—1}CS;(d)

only for § = 3.

We have proven that the Webster’s method is the only divisor method that pro-
duces cyclic quasi-palindromes. We study other desirable properties of this method
in the next section.

2.9 The Consistency of Webster’s Method

The Webster’s parametric method will return in our discussions in this book on
many occasions. Therefore, we further underline its importance in this section. We
begin by investigating the Webster’s apportionments for two states and begin with
defining the standard two-state solution, Young [3]. We denote the Webster’s method
by W. Leta = (a1,a2) € W(p = ((p1, p2),h = a; +az). By the min-max condition
of (2.11), for positive a; and a, we have

1
p1az > poag — 2(pl +p2)

and
1
P22y > pra; — 2(p1 +p2)
which implies
1 plh 1
a;— . <d(a—-1)< <d(a;)=a
175 < (a1 )_p1+p2_ (a1) 1+
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and

1 pzh 1
a—, =d@a-1)< <d(az) =ax+ ..
2—, =d(a )_p1+pz_(2) 2+,

alz[ pah } andazz{ pah } ,
p1+p2% pl“!‘pZ%

which proves that the Webster’s solution for any two-state p =(p1, p2) and the house
size h simply calculates the quota

Therefore,

p1h p2h

= and gy =
o p1+ P2 a4 p1+ P2

and then rounds them to the nearest integer numbers. If the fractional parts of q; and
g are both equal 3, then both (g1 + 3,0, — 3) and (g1 — 3,02 + 5) are Webster’s
solutions. Finally, if either a; = 0 or ap = 0, then the proof is similar. The Webster’s
solutions for two-states will be refereed to as the standard two-state solutions.

Let M be an apportionment method. For any population vector p, house size h
and apportionmenta = (ag, . ..,as) € M(p,h) define

hi,j =ajt+aj
for any two different states i and j. For the h; j define the set
Hij = {(ai,aj) : hij=ai+aj,a=(as,...,as) € M(p,h) }

The method is refereed to as pairwise consistent with the standard two-state solution
if and only if Hi j = W((pi, pj),hi j) forall i # j. We have the following theorem.

Theorem 2.15. Webster’s method is the unique apportionment method that is pair-
wise consistent with the standard two-state solution.

Proof. Ifa=(a1,...,as) € W(p = ((p1,...,Ps),h), then we can repeat the reason-
ing presented at the beginning of this section for any couple of states i # j with the
vector of populations (pj, pj), apportionment (aj,aj) and house size h; j = aj+a;j to
prove that
o [<ai+aj>pi} anda; — {(awaj)pj}
Pi+Pj 1 Pi+Pj 1

which implies that the Webster’s method is pairwise consistent with the standard
two-state solution.

We now prove that the Webster’s method is the only method pairwise consistent
with the standard two-state solution. The proof is by contradiction. Let M be pair-
wise consistent with the standard two-state solution but not the Webster’s method.
Let a € M(p,h) and a ¢ W(p,h). Let &’ € W(p,h) be chosen so it differs from a
in a minimal number of coordinates. There are states i and j such that aj < a; and



2.9 The Consistency of Webster’s Method 29

a/j > aj. Without loss of generality a] + a’j > aj+aj. Since both M and W are pair-
wise consistent with the standard two-state solution, then we get a contradiction by
the following inequality

Pi (a{+aj-) N [qi: pi(ai+aj)} —aj, (2.28)

i g DI+ Pj

unless aj + a’j = a;j +a;j and the fractional parts of g; and g; are both equal % Then,
aj=aj—landaj=aj—1

and the apportionment a” obtained from &’ by substituting aj and aj by a; and aj,
respectively also belongs to W(p,h). This leads to a contradiction since a” differs
from a in fewer components than a’. This proves that a € W(p,h) consequently
M(p,h) C W(p,h). Now, let a € W(p,h) and a ¢ M(p,h). Let a’ € M(p,h) be cho-
sen so it differs from a in a minimal number of coordinates. There are states i and
j such that aj < aj and aj > a;j. Without loss of generality aj + aj > ai +a;. By
assumption, we get a contradiction since

/ / Pi <a€+a/j) Pi (ai +ai)
= 0= - %= =a,
Pi + Pj Pi+pj J1

2

unless a; + a’j = aj + aj and the fractional parts of g; and q; are both equal % Then,
aj=ai—landaj=aj—1

and the apportionment a” obtained from a’ by substituting aj and aj by aj and aj,
respectively also belongs to M(p,h). This leads to a contradiction again since again
a” differs from a in fewer components than a’. This proves that a € M(p,h) conse-
quently W(p,h) C M(p,h). Therefore, W(p,h) = M(p,h) which ends the proof. O

We now turn our attention to the just-in-time sequences built by the Webster’s
method and extend the pairwise consistency with the standard two-state solution to
the pairwise consistency with the standard two-model sequence. Any sequence s in
Sw((d1,d2)) with ged(d;,dj) = 1 is called the standard two-model sequence. For
example d = (3,5) yields two standard two-model sequences

2—-1—-2—-1—-2—-2—-1—2and2—-1—-2—-2—-1—-2—1—2.

A sequence S € Syy(d) is consistent with the standard two-model sequence if for
any two models i # j its projection on models i and j is the sequence

cd(d;,d;
g9 (di ])’
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where s € Sw((d;,dj)/gcd(di,dj)) is the standard two-model sequence. The pro-
jection of S on models i and j is obtained by deleting from S all models except
iand j.

Consider an instance d = (dj,...,dn). LetW(d,1),W(d,2),...,W(d,D) be the
apportionments for house sizes 1,2,...,D respectively and the population vector d
obtained by the Webster’s method. Consider

W(d) = LDJ W(d,h).
h=1

Forany two 1 <i## j <n, let W; j(d) be the set of projections of vectors in W(d) on
the coordinates i and j and let W; j(d,h) be the set of projections of vectors in W(d)
on the coordinates i and j that sum up to h, h=1,...,di +d;. By Theorem 2.15
Wi j(d,h) = W((dj,dj),h). By Theorem 2.12
s € Sw((di,d;)/gcd(di,d;)) implies s99:91) e Syy((di, dj)).

Thus, there is a sequence in

Sw(d)
that is pairwise consistent with the standard two-model sequence.

Example 2.16. For instance, consider d =(3,5, 15) the Webster’s sequence is
32313323331233323313233.
It results in the projections
21212212, 331333331333331333, and 32333233323332333233

for models 1 and 2, 1 and 3, and 2 and 3 respectively. The first is consistent with
the standard two-model sequence 21212212 for (3,5), the second is consistent
with the standard two-model sequence 331333 for (1,5), and the third is consis-
tent with the standard two-model sequence 3233 for (1,3). Thus, this Webster’s
sequence is consistent with the standard two-model sequence.

We shall return to the standard two-model sequences in Sect. 10.6 in the context
of peer-to-peer fair solutions.

2.10 Exercises

Exercise 2.17. Find the smallest apportionment problem instance with Alabama
paradox.

Exercise 2.18. Show a population monotone apportionment method that stays
within quota for s < 3.
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Exercise 2.19. Prove Lemma 2.8.
Exercise 2.20. Prove the case 6 > 6* in Theorem 2.12.

Exercise 2.21. Prove that (p —1,9,1), (p,q

¢*((p.q,1),h = p+q). Similarly, (p—1,q,1),
all belong to ¢°((p,q,1),h = p+q).

1,1), and (p,q,0) all belong to
(p,g—1,1),and (p—1,g—1,2)

Exercise 2.22. The Hamilton’s method minimizes any L, norm of the difference
a"—q". Why then it does not minimize XF_; L, (a"—q")?.

Exercise 2.23. Prove Theorem 2.5.

Exercise 2.24. Prove Theorem 2.6.

2.11 Comments and References

The presentation of the apportionment theory in this chapter is based on an excellent
book by Balinski and Young [2] and a chapter in Young [3]. Both focus on the ideal
of representative democracy — one man, one vote and on achieving it by the fair
representation according to the theory of apportionment. The latter addresses the
fundamental question of how to divide the seats of a legislature fairly according to
the populations of states. The theory is based on axioms and apportionment methods
presented in this chapter. The axiomatic method of apportionment theory relies on
some socially desirable characteristics that one requires an apportionment to posses.
These characteristics include, for instance house and population monotonicity but
also many others. They have been shown crucial for the solutions of the appor-
tionment problem. The famous Impossibility Theorem of Balinski and Young puts
a clear limitation on which characteristics do not contradict one another by show-
ing that having solutions that satisfy quota and that are at the same time population
monotone is generally impossible. Other good introductions to the apportionment
theory are presented in Leyvraz [17], and in Balinski [4]. Grilli di Cortona et al.
[18], and Ibaraki and Katoh [19] discuss integer optimization approaches to the ap-
portionment problem.

The analysis of the divisor methods in the context of coalitions and the schisms
belongs to Balinski and Young [2]. Bautista et al. [20] observe a link between the
just-in-time sequencing and the apportionment problem. The proof of cyclic theo-
rem for the parametric divisor methods is based on Balinski and Ramirez [15] and
the advancing and retarding by the parametric methods on Balinski and Ramirez
[15], Balinski and Rachev [14], and Balinski and Shahidi [16]. Table 2.2 is from
Balinski and Shahidi [16]. The instance p = (6,6,1) is shown to suffer from the
Alabama paradox by Miltenburg [21]. The discussion of the consistency of the
Webster’s method with the standard two state solution is based on Young [3].



Chapter 3

Minimization of Just-In-Time Sequence
Deviation

3.1 Introduction

Chapter 2 presented an axiomatic approach to constructing just-in-time sequences.
The axioms used there followed the ones well established by the apportionment
practice and theory, however, some new axioms like periodicity, palindrome sym-
metry and the consistency with a standard two-model just-in-time sequences were
added and shown to be satisfied by the Webster’s method of apportionment. This
axiomatic approach by definition constructs a just-in-time sequence which gives as
fair a representation to each state (or model) in any house size (or sequence prefix)
as the axioms permit. More precisely, a fair representation may be understood as the
representation free of known paradoxes. Thus, the focus of this axiomatic approach
is solely on individual states (models) and consequently no population paradox can
be tolerated by a fair representation. Therefore, the divisor methods are the only
choice. However, there are situations where the focus moves from the individual
states (models) towards their collection. This may require the existence of an entity
on a level higher than the states (models) which may not be that unusual and may
even be natural. A just-in-time manufacturer often relies on the assumption that de-
mand for its product models is uniformly distributed over a planning horizon, and
hence, its goal of meeting the model demand with minimum inventories and short-
ages (or simply just-in-time) calls for distributing the production of each model i as
uniformly as possible over the planning horizon as well. Ideally, the manufacturer
would produce a model with a constant demand rate, equal r; for model i, thereby
making the cumulative production of the model to progress along a straight cumu-
lative demand line with its slope equal to the demand rate for the model. The total
deviation of the actual cumulative production from the ideal is then proportional
to the total inventory and shortage costs that may be charged at different rates for
different models. The bottleneck deviation does the same for the maximum charge.
Therefore, the manufacturer would strive to smooth the production rate variations
by using functions of deviations of the actual cumulative model production lev-
els from their ideal levels over the time horizon. The total deviation, defined in

W. Kubiak, Proportional Optimization and Fairness, International Series in Operations 33
Research & Management Science 127, DOI 10.1007/978-0-387-87719-8 3,
(© Springer Science+Business Media LLC 2009
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Sect. 3.2, and the maximum deviations, defined in Sect. 3.7, have been widely used
as the primary objectives in the just-in-time production smoothing literature, see
Monden [22]. The total deviation minimization is also known as the product rate
variation problem, Kubiak [23]. This production smoothing has a clearer goal, often
better achieved by optimization, than the more elusive goal of one man one vote
ideal of the apportionment theory of proportional representation.

Though optimization has been almost abandoned in the apportionment theory
long time ago, see Balinski and Young [2], we just argued that whenever the prob-
lem emphasis moves from the individual model to the whole collection of models,
then the optimization methods have much clearer objective and thus might pro-
vide a better approach in solving the smoothing problem, for instance, than the
axiomatic approach. Consequently, this chapter presents an efficient approach to
minimizing the total deviation. This approach constructs an equivalent assignment
problem which then can be solved by the well known assignment algorithms. The
approach is presented in detail in Sect. 3.3. Sections 3.4 and 3.5 show its correct-
ness. Finally, solution is given in Sect. 3.6. A similar approach is then presented for
the maximum deviation minimization in Sects. 3.8 and 3.9.

Finally, having argued that the axioms and the apportionment methods designed
to satisfy them may not ensure an optimal solution, if a certain objective function of
deviations is to be optimized, we after all realize that the apportionment methods can
provide solutions with a lot of potential for improving operations management as
we shall continue arguing in Chap. 11 where we return to the production smoothing
problem in a real-life setting. These improvements though more elusive and thus
difficult to measure in terms of cost savings may however in a long run lead to a
stronger and sustainable competitive position.

3.2 Minimization of Total Deviation

Following the motivating example of production smoothing given in the introduc-
tion to this chapter and the notation introduced in the preliminary chapter, we con-
sider a set of n, different models 1,2, ...,n to produce, with demands d, ... ., dp, units
respectively. For a sequence S = s;---sp of length D = 3 ; di over the alphabet
1,2,...,nwhere i occurs exactly d;j times, let xj, be the number, sometimes referred
to as the cumulative production , of times the i occurs in the k—prefix s;---s¢ of S,
k=1,2,...,D,i=1,...,n. The total deviation minimization problem is formulated
as follows.

n D
min{F($) - 3, 3 Fixu i) | (31)
S i=1k=1
subject to
n
ZXik:k k=l7...,D (3.2)
i=1
0<Xikr1—Xk<1l i=1...,mk=1,...,D-1 (3.3)

Xp=di i=1,....n (3.4)
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where F(-) is a non-negative convex function satisfying

Fi(0)=0 and F(x) >0 for x#0, i=1,...,n. (3.5

3.3 The Transformation to the Assignment Problem

The algorithm for minimizing (3.1) subject to constraints (3.2-3.5) transforms the
original problem into an equivalent assignment problem. The key to this transfor-
mation is the calculation of the assignment costs to ensure the equivalence. The
transformation and the assignment cost calculations relay on the concept of level
curves, ideal positions and partitions.

The dj + 1 level curves f} for i are defined as follows

fi(k) =Fi(j—kr), j=0,1,....di, k=0,...,D. (3.6)
Note that f(0) = f}. (D) =0. For simplicity in exposition we conduct our discussion
assuming the absolute value of deviation for the time being, Fi = |-|,i=1,...,n,
that is ) ] ]
fjl(k):“_krl" 120717"'adi7 k:07"'7Da (37)
however, this assumption will be later relaxed to general F, i = 1,...,n, defined in
(3.5). The level curves for i = |-|, i =1,...,n are shown in Fig. 3.1.
A
3
/lofkril
2 |1-kr;|
1 _12—kr]
3—k|’i
‘//I I

12345678 91011121314151617 ‘

Fig. 3.1 The level curves for di = 3, D = 17, and F; = |-| with the ideal positions Z} = 3, Z} =9,
andZ3 =15
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For d=(d,,...,d,) let # = (m,...,m,) be a partition of {I,...,D} such that
Ut m={1,....D}, ;Nm; =0, for i # j, and |m| =d;, for i =1,...,n. We re-
fer to such partition 7 as a d—partition of {1,...,D}. Each just-in-time sequence
S for d* = (dy,...,d,) uniquely defines a d—partition 7(S) = (m;(S),...,m(S))
of {1,...,D} by taking m;(S) = {k:s =i}, for i = 1,...,n. Conversely, each
d—partition uniquely defines a sequence S(7) by taking s(7); = i if and only if
kem.

Let 7 = (m,...,m,) be a (dy,...,d,)-partition of {1,...,D}. Suppose that m =
{vi,....y éi} and that this set is ordered in ascending order, that is ¥{ < --- < Y. [}'i.
Then, the cost in (3.1) is charged according to fé ateach k =1,.. .,Yli — 1, then
according to f} at each k =Y/{,...,¥; — 1, and so on until k = Yé’,, where the cost

starts being charged according to f éi and continues doing so until k = D. The total

cost of m; = {Y},....Y ;i}’ or in other words the total cost for the copies of i being
sequenced in positions Y’ ]i yeen Y[ji of the sequence S(7), is thus equal
i vi-1 vi-1 D .
Hhm) = ¥ folk)+ L filk)+-+ ¥ f4,(k)
k=0 k=Y] k=Y,
di Y;Jrl*l .
=y ¥ fik), (3.8)
J=0 k=vi
J
where by definition ¥ = 0 and Yéﬁl —1=D.
A
3
/Io_kril
2 |1-kr;|
1- |2—kri|
N . F ‘//|37kri|
) 4 B VR - BT W7 B S AN T
123456 78 91011121314151617 K
0 0 0

Fig. 3.2 The total deviation cost calculation for i with d; = 3, sequenced in positions 5, 8, and 16
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Now, suppose that =; is not given but rather we would like to find out a 7 =
{Yl',...,Yd'i} that minimizes (3.8) in isolation from all other j # i. This can be can
be achieved by solving the following integer program (P2i) :

min {J5(m) } (3.9)
subject to

Yl'+1>Yi+17 ji=1,....di—

1<Y/<D, j=1,...d (3.10)
Y' are non negative integers.

It turns out that obtaining an optimal solution for (P2i) is quite straightforward.
The solution is given by the following theorem.

Theorem 3.1. An optimal solution 7 = (Z},...,Z}, ) to (P2i) is given by
Cor2j-11 .
i _ .
Z { or, l ,i=1..di (3.11)

for which the value of objective function Jg in (3.9) equals

D
mef

Proof. Observethat 21 i

for j=2,...,d;. Thus, Z} - PJ 11 is the smallest integer k for which f'(k) < (k)
forall j # j, see Fig. 3.1, where Z} = 3,Z} = 9 and Z} = 15. Consequently, the solu-

is the unique crossing point of the level curves f _,and f}

D _ .
tion (3.11) attains the lower bound ¥ inf; f;(k) on J; which proves the theorem. O
k=1

The values
2j—1

or (3.12)

fori=1,...,nand j=1,...,d;, will play a central role in our further discussions
thus we reserve special names for them in this book. They will be called ideal
vertices. The ideal vertices in fact define the Webster’s method of apportionment,
see Chap. 2, in a sense that their ascending order results in the same just-in-time se-
quences as those obtained by the Webster’s method. We leave details to Chap. 5. We
shall refer to Z} in (3.11) as the ideal position for copy j of i. Clearly, if =" N7 =0,
fori £ i’, then all Z! are different and placing copy j of i in position Z} results in a
feasible sequence minimizing (3.1). This will unfortunately not be the case in gen-
eral, and we must somehow come to terms with the resolution of conflicts between
the copies of i and i’ for the positions in 7" N 7;; whenever " N 7 # 0. Therefore,
our goal is to solve the following linear combination, refereed to as program (P2),
of programs (P2i) fori=1,...,n
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min {Jz(n) - iﬁlag(m)} (3.13)

subject to _ _
Y=Y 41 i=1.0, j=1,.,di—1, (3.14)
1<Y/<D,i=1,...n j=1,..d (3.15)
Yi £ Y] for (i) # (. ]) (3.16)
in are non-negative integers. (3.17)

The constraint (3.16) is to ensure that i Ny = 0, for i # i/, that is that exactly one
copy occupies each of D positions.

The idea for the resolution of the conflicts is as follows. Let us set C}k to be the
additional cost incurred by copy j of i whenever the copy is assigned to position
k rather than to its ideal position Z; What is rather surprising is that this simple
heuristic idea turns out also to provide solutions which are both feasible and optimal
for (P2) as we shall prove in Sect. 3.5. More precisely, let us define

zi-1 )
wiooifk<Z!
] max(k,Z})fl ) |2k v ! _J’
}k: s lp'jlz 0, ifk:Z}7 (3.18)
I=min(k.Z}) k—1 . .
> ¥ w |fk>Z}7
1=z}
]
where | 0 i
—f ) ifl<Z
= |fi( - =B P 3.19
Wi =1 = {f; (= fi() if1>2, (3.19)

and by definition 2 a; = 0 whenever k' < k.

One mterpretatlon of the assignment costs in (3.19) can be given in terms of
just-in-time manufacturing as follows. The cost f'(l) represents the inventory or
shortage cost in period | if exactly j copies of i have been produced by period | in
a just-in-time production sequence. The cost ‘Pi“ represents the excess cost, either
excess inventory (I < Zi]) or excess shortage (I > Zi) costs of having j copies of i
produced by period | instead of having j — 1 copies of i by I. Consequently, if copy
j of i is produced too early, that isk < Z' then the excess inventory costs ‘I’ are
incurred in periods | =k, .. -1, addlng up to C . On the other hand if copy j of
iis produced too late, that is k > Zi-, then the excess shortage costs ‘Pijl are incurred
in periods | = Zi, ...,k —1, again adding up to C' Finally, if copy j of i is produced
in its ideal posmon Z! then no excess costs are mcurred and thus CJk =0. The cost
calculation is illustrated in the following example.
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Example 3.2. Consider the instance d = (5,3,2) and = |- | fori=1,...,n. Thus,
D =10,r, =0.5,r, =0.3, and r3 = 0.2. The ideal positions computed by using
(3.11)are as follows: z} =1,7} =3,2}=5,Z; =7,and Zi=9fori=1;22 =2,
z%2=5,and z3=9fori=2;Z}=3,and Z3=8fori=3. Thus, n; = {1,3,5,7,9},
ny ={2,5,9}, and 73 = {3,8}. Therefore, the conflicts arise three times: for po-
sition 3 between copy 2 of 1 and copy 1 of 3; for position 5 between copy 3 of
1 and copy 2 of 2; and for position 9 between copy 5 of 1 and copy 3 of 2. The
values of \P‘j, fori=1,2,3, j=1,....djand | =1,....D calculated according to
(3.19) are shown in Table 3.20. Finally, the costs C}k fori=1,2,3,j=1,...,djand
k =1,...,D calculated according to (3.18) are given in Table 3.21. Therefore, the
conflicts can easily be solved at no additional cost by moving copy 2 of 1 to posi-
tion 4, by moving copy 3 of 1 to position 6, and by moving copy 5 of 1 to position
10. These changes result in the partition m; = {1,4,6,7,10}, n; = {2,5,9}, and
m; = {3,8}. This partition translates into the sequence

1-2—-3—-1—-2—-1—-1—-3—-2—1

with no additional cost. Notice that the conflict for position 5 between copy 3 of 1
and copy 2 of 2 can also be solved at no additional cost by moving copy 2 of 2 to
position 6 thus obtaining 7} = {1,4,5,7,10}, m = {2,6,9}, and m; = {3,8}, and
an optimal sequence

1-2—-3—-1—-1—-2—-1—-3—-2—1.

Note that the latter schedule coincides with that in Monden [8, p. 184] for this in-
stance. O

Table 3.20. The costs ¥

il 1 2 3 4 56 7 8 9 10
1 0 1 1 1 11 1 1 1 1
)2 11 0 1 11 1 1 1 1
3 1 1 1 1 01 1 1 1 1
4 1 1 1 1 11 0 1 1 1
5 1 1 1 1 11 1 1 o0 1
il 1 2 3 4 56 7 8 9 10
_,) 1 0402081 11 1 1 1 1
2 1 1 1 06 006 1 1 1 1
3 1 1 1 1 11 08 02 04 1
il 1 2 3 4 56 7 8 9 10
i=3{ 1 06 02 02 06 1 1 1 1 1 1

2 1 1 1 1 1 06 02 02 06 1
(3.20)
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Table 3.21. The costs Cl

j\k 1 2 3 4 5 6 7 8 9 10
1 0 0 1 2 3 4 5 6 7 8
)2 21 0 0o 12 3 45 6
3 4 3 2 1 00 1 2 3 4
4 6 5 4 3 21 0 0 1 2
5 8 7 6 5 43 2 1 0 0
j\k 1 2 3 4 56 7 8 9 10
_,) 1 040 021 234 5 6 7
2 36 26 16 06 0 0 06 16 26 36
3 7 6 5 4 3 2 1 020 04

1 08 02 O 02 08 18 28 38 48 58
2 58 48 38 28 18 08 02 0 02 0.8

(3.21)

{ J\k 1 2 3 4 5 6 7 8 9 10
i=3

The costs {C}k} defined in (3.18) and (3.19) define the following assignment
problem (P3):

n . n d D . .
min {J3(7r) =Y B(m)=3(Y X C}ky'jk)} (3.22)
i=1 i=1 j=1lk=1
subject to _
Y Vik=1k=1,...D, (3.23)
(i.j)el
D i - -
ZYk=1(Del (3.24)

where | = {(i.j):i=1,...,n, j=1,....di}.
Let {yijk} be a feasible solution to (P3). We say that {yijk} preserves order if
(Vi =1landy},y=1) = k<I (3.25)
for all i, j,k and I. The assignments that preserve orders assign copy j always in

front of copy j+ 1 for any i and thus can be turned into feasible d—partitions as
follows:

Theorem 3.3. Let {yijk} be a feasible solution to (P3) that preserves order. Then,
Y/ =kifandonlyifyl =1, fori=1,...nk=1,..,D (3.26)

is a feasible solution for (P2).
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Proof. Equation (3.23) implies (3.16). Since {yijk} preserves order, then {in} satis-
fies (3.14). Finally, (3.24) implies (3.15) and (3.17). This ends the proof. O

We now show that the order preserving solution to (P3) always exists.

3.4 The Monge Property of Assignment Costs

The existence of order preserving solutions to the assignment problem (P3) is en-
sured if only the assignment costs Chk in (3.18) have the local Monge property
which is shown in the following lemma.

Lemma 3.4. If each matrix

M; = [c}k i=1,...n,

}dixD

is; Monge matrix, then there is an optimal solution {yijk} to (P3) that preserves
order.

Proof. By contradiction. Suppose that no optimal solution {yijk} to (P3) preserves

order. Consider an optimal solution {yijk} with the smallest number of the quadru-
plesi, j, k and | that violate (3.25). For any violation we have,

yijl =1land y‘ij =landk <.
However, ' ' ' '
Cik+Cirar <Cji +Ciak

since M; is a Monge matrix . Then, swapping j and j -+ 1 does not increase the cost
of the assignment J; and at the same time it reduces the number of condition (3.25)
violations. Thus, we get a contradiction since the solution {yijk} was chosen with
the smallest number of violations and thus the theorem holds. O

It remains to show that the assignment costs Ci-ﬁk in (3.22) indeed have the local
Monge property. We shall do this first for the absolUte value functions of deviations,
thatis K =|-|,i=1,...,nand than for any functions F;, i = 1,...,n that meet (3.5).
We begin with preliminary observations in Lemmas 3.5 and 3.6.

Lemma 3.5. The following statements hold true:
1 j—kri>0&k< Lﬂ
j—1 i i]-
2 Pt =zi< )]
3. p>j=2y>Zand “ﬂ > Lﬂ
4. p>j=p—kri>0 fork<Zz.
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Proof. (1) is obvious. (2) follows immediately from (3.11). The fact r; < 1 implies
(3). To prove (4), we notice that from (3) and (2),

EROR

j—riZ}>0

Thus from (1)

and hence _
j—kri >0 for Zj > k.

Lemma 3.6. 0 <, <1forall jk.
Proof. For any real number a,

-1<ja+1|—]a/ <1
By definition _
Wi = [ —kri| =[] = 1 —krill,
thus 0 < Wi <1. O

The following two Lemmas 3.7 and 3.8 show that the incremental cost of moving
away from the ideal position is non-decreasing.

Lemma 3.7. For p > jand k < Z}, W, > ¥,
Proof. From Lemma 3.5 (1) and (2), p—kri > j—kri >0fork=1,2,...,Z} - 1.

Therefore, ‘I’ipk =1,k=1,2,...,Z} — 1. Now, the lemma immediately follows from
Lemma3.6. O

Lemma 3.8. For p > jandk > Zj,, W, <.
Proof. From Lemma 3.5 (3) and (2),
. j
k>Z,>7j,> { ]

Thus, from Lemma 3.5 (1), j —kr; < 0.Then ‘I‘ijk =1 for k > 7!, and the lemma
follows from Lemma 3.6. 0O

We are now ready to show the local Monge property for M;.
Theorem 3.9. The matrices M; = {C}k}d 5 i =1,...n, are Monge matrices.
ix

Proof. It suffices to show that

Ajk =Cj1 +Cik —Cij —Cji1 20
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forany j=1,...,djandk=1,...,D — 1. From (3.18) and (3.19), we have,

max(k+1,2H)-1  max(kZj,)-1
Ajk = > W+ z P
I=min(k+1.Z}) I=min(k, Z]+1)
(kZ') max(k+1, Z]+1) 1
- 3 W- z Wi
1= mln(kZ') 1= m|n(k+lZHl)
min(k+1, ZJ+1) 1 ax(k+1, Z;H) 1
= )y \P1+1l by \P1+1|
1= mln(kZJH) 1= max(kZ'Hl)
max(k+1,Z})71 ) min(k+1,Z})71 )
+ Y ¥ 3z WL
I=max(k,Z}) I=min(k.Z})

We need to verify the following four cases:
Fork+1< Z' < ZJ+17 we obtain by Lemma 3.7,
. Z] 11 i Zi'_l . .
Aje=Fjp— 2 \}'1+1|4r 2 Wi~ W= W — P 2 0.

Hl l

For Z' <k<k+1<Z ., we obtain by (3.19),

j+10

i Zhyt i i 2t i i i
Ajk=Yjju— 2 \Pj+1l+\ij_|2_\le:\Pj+1k+\lljk20'
_7i i
j+1 |

Fork =2}, <k+1, we obtain by Lemma 3.8,

k-1 . . Zj-1 . .
Ajk = Ek‘l"jm — W+ W — 2 ‘f'u =) — Vi >0

l

For Z} < Z},, <k, we obtain by Lemma 3.8,
zt,, -1 ) zi-1 )
Ajk - I 2 \PH»:U lIJlj+:|.k—"_ll'l 2 \P“ - - lIJIJ'+j|_|( > 0.
-7l

Therefore, we always have Aj > 0, and thus the theorem holds. O

Theorem 3.9 holds generally for any functions F, i = 1,...,n that meet (3.5). To
prove this it is sufficient to show that Lemmas 3.7 and 3.8 hold for these functions
but first we need to show how to calculate the ideal position for the general case.
We have the following theorem.
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Theorem 3.10. An optimal solution 7 = (Zj,...,Z} ) to (P2i) for a convex function
Fi(-) satisfying (3.5) is given by

Zi=[Ki], j=1,...d, (3.27)
where kij is the unique crossing point satisfying
Fi(j—kiri) = F(j — 1 —kir).
The value of objective function Jg in (3.9) for m* equals
W(m) =Y inffl(k).
k=1 J

Notice that for any symmetric F(-), that is satisfying Fi(y) = Fi(—y) for any y,

we have ki = Z}, where Z} = [2511 as in (3.11). We now show the counterparts of

Lemmas 3.7 and 3.8 for convex functions F;(-) satisfying (3.5).
Lemma 3.11. For p > jand k < Z!, \yipk > lPijk‘

Proof. By Lemma 3.5 (2), k < Z} implies k < “1 . Then, by Lemma 3.5 (1), j —

kri > 0. Therefore, | —kr; >0forl = j,j+1,...,passhown in Fig. 3.3a, b. We need
to consider two cases:

1. j—1—kr; > 0, see Fig.3.3a. Then, the lemma holds since | —kr; > 0 for | =
j—1j,j+1,...,pand F(-) is convex.

p \
p-1 \\
j \>

]

k

Ry

b
Fig. 3.3 Plots of |j — kri| fork<Z}: (@ j—1—kri>0and(b) j—1—kri<O
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2. j—1—krj <0, see Fig. 3.3b. Using, (3.6) and (3.19), we obtain
Whe= - 2 Wa02 W= Rl + 1 kn) = R(j—kn)
= Fi(j —kri) = Fi(0) = Fi(j —kri).
Thus, the lemma follows since ‘I’ijk =FK(j—kri)—FK(j—1—krj))>0and K(j—
1—kri) > 0.

This completes the proof. 0O

Lemma 3.12. For p > jand k > Zi | l}fipk < \yijk.

Proof. By Lemma 3.5 (3), k > Zip > [p;ﬂ . Then, by Lemma 3.5 (1), p — 1 —kr;
< 0. Therefore, | —kr; <0 for | = j,...p—1 as shown in Fig. 3.4a, b. We need to
consider two cases:

1. p—kri <0, see Fig.3.4a. This implies | —kr; <0 forl=j,...,p—1,p. Thus,
Wi < W follows from the convexity of Fi(-).
2. p—kri >0, see Fig. 3.4b. Using, (3.6) and (3.19), we obtain

‘Pijk >z lPip72k > \Pipflk =Fi(p—1—kri) — Fi(p—kri)
>F(p—1—kr)—F(0)=F(p—1—kr).
Thus, the lemma follows since Wi

p
kl’i) > 0.
This completes the proof. O

« = Fi(p—1—kri) —F(p—kri) >0and F(p—

/ j-1 / j-1
/ P j / — )
/ . /

/ ’ // "
/ | P .

/

Fig. 3.4 Plots of |j — kri| forkzZL: (@ p—kri<Oand (b) p—kri >0
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3.5 The Equivalence

We now show that the minimization of (P2) is equivalent to minimization of (P3).
We begin with the following lemma.

Lemma 3.13. For any partition 7 = {Y{,...,Y} }, we have
. . D
I (mi) = J3(m) + X "Jlf fi (k). (3.28)
k=1
Proof. The proof is by induction on
&
a(m) = 3 [¥Yj=Zj|.
J:

For m; with o« = 0, we have

yi

[=2), forj=1,...di

thus by Theorem 3.1 or generally Theorem 3.10,
. D .
Jy(m) = ¥, inf fi(k),
k=1 |

and by (3.22) and (3.18) _
Ji(m) =0.

Thus the lemma holds for any m; with o« = 0. Suppose that the lemma holds for any
mi with o(m;) =k > 0. We now prove that then it also holds for any solution r; with
o(m;) = k+ 1. Consider a solution r; with o(m;) = k+1 > 0. Let m be such that

45— 2b] =max(1v| 2} > 1. (329

Clearly, such m exists since ot(m;) = k+1 > 1. Assume first that

Yi—zl >o0. (3.30)
If there are more that one m that satisfy both (3.29) and (3.30), then take the smallest
of them. We have Yy, > Zp, + 1. Define 7 = {X{,...,X{ }, where

i_
Xi=

7 if j £ m,
Yi-1 ifj=m

Clearly, or(n]) =k, thus, by the inductive assumption

() = I(x)) +§lirl]f 1 (k). (3.31)



3.5 The Equivalence 47

Moreover,

(m)+C! ., —C! (3.32)

m,Y, m,X,’

(&)
w—
—~
|

~
~
|

(&
w—-

and
Ja(m) = I(mi) = Fr_1 (Xip) — i (Xm)-
ForY! > X! >2Zi using (3.18) we obtain
C:n,\(niq - c|:n.,><rin = lP;n,x,;qv

and using (3.19) we obtain
n1OG) = Fn(Xn) = ¥,

Thus, by (3.31) we have
: . : : . D .
Bo(mi) = () +¥, i = (@) +¥y, i + X inf fi(k)
»Am U]
. D :
= J3(m) + X inf fj(k).
k=1 ]

Thus, it remains to show that 7] is feasible. We need only to prove that if m > 1,
thenY, _; <Yy —1inY. Otherwise, Y, _; +1 =Yy, and we have

Yoo1—Zm 1= (Vg1 —Zh) +(Zh—2Zh 1)
= (Ym—Zn) +(Zh—2Zn 1) — 1> Yy —Zp,.

The last inequality follows from Lemma 3.5 (3), see also Exercise 3.19. This leads
to a contradiction since m — 1 satisfies (3.29) and (3.30), and it is smaller than m.
Thusifm > 1,thenY, | <Y} —1in m, which implies that 7/ is a feasible solution.
Therefore, the lemma holds for ot(7;) =k + 1.

Assume now that

zl —Yl>o. (3.33)

If there are more that one m that satisfy both (3.29) and (3.33) take the largest of
them. We have Z}, > Y, + 1. Define a solution 7{ = {X],.. .,XC',i}, where

{Yj' if j£m,

i
=it j=m

J

Clearly, a(m]) = k, thus by the inductive assumption

() = () + kiirj]f 1 (k). (3.34)
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For ZI > X! >} using (3.19) and (3.18) we obtain
3(mi) = () +Cly —Chya =P v, (3.35)

and ) _ o
35(m) = 3p(m) = fn(Ym) = Fn_a (Ym) =¥}y, -

Thus, by (3.34) we have

. . . . . D .

Bo(mi) = () +W), i = I3(m) +¥p i + 3 inf fj (k)

L =
— Jy(m)+ 3. inf f(0),
k=1 ]

and the lemma holds for o/(Y ) = k+ 1. Thus, it remains to show that r is feasible.
We need only to prove that if m < dj, then Yy +1 <Y, in m. Otherwise, Yy, 41 =
Y1 and we have

Zm+1 Ym+1 (ZI Ym+1) (Zm+1 Z.)
= (Zn—Ym)+ Zhe1 —Zi) = 1> Z =Yy,

The last inequality follows from Lemma 3.5 (3), see also Exercise 3.19. This leads
to a contradiction since m+1 satisfies (3.29) and (3.33), and it is larger than m. Thus
if m < di, then Y, +1 <Y} ., in m, which implies that 7/ is feasible. The lemma
holds for (7)) = k+ 1 and by induction forany k > 0. O

The equivalence can now readily be established.

Theorem 3.14. For any d =(dq,...,dy)—partition = of {1,...,D},
F(S) =Ja(m) = Js(m )+2 S inf f! 1(K).
i=1k=1 I

Proof. Let & = (m,...,m). By (3.13), (3.22) and Lemma 3.13, we have

2(1) = 3. h(m) = 3 Km)+ 3 3 inf Fi(k)

i=1 i=1 i=1k=1 I

which proves the theorem. O

3.6 The Solution

By Theorem 3.14 a partition 7 that minimizes J3(7r) minimizes Jo(7) at the same
time. The following theorem shows how the 7 can be found.
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Theorem 3.15. Let {yijk} be an optimal solution for (P3) that preserves order. Then
k di . .
xk= 3 Y yj fori=1,...nk=1..,D, (3.36)
I=1j=1

is an optimal solution for (P1) and
Y/ =kifandonlyifyj =1, fori=1,...nk=1,...,D

is an optimal solution for (P2).

Proof. The solution {xx} satisfies constraints (3.3)—(3.4). By (3.23)

k+1 dj i k dj i di i i
0<Xikt1—Xk= 2 XYj—Z ZVji=2Vkr1 < 2 Yk =1,
1=1j=1 I=1j=1 j=1 (i,j)el

again by (3.23) Z}

n di
z

k
)y
:Jl

) k )
=11=1 yljlzlgl"z Vi =k

n
2 Xk =
i=1 i (i.j)el
by (3.24)
D di . di D .
Xip = %, _2 yljl = _2 > yljl =d;.
I=1j=1 j=11=1

The (3.23) implies (3.16). Since{xix} preserves order, then {in} satisfies (3.14).
Finally, (3.24) implies (3.15) and (3.17). By Theorem ( 3.14), the optimality of
{yijk} implies optimality of {in}. Finally, since (P1) and (P2) are equivalent, the
{Xik} is optimal for (P1). This ends the proof. O

Let us close this section with a brief discussion of the time complexity of our
approach. There are D? values ‘I‘ijk to calculate, and then there are D? values C}k
to calculate, each takes O(D) steps to calculate. Therefore, the calculation of the
assignment costs takes O(D?) steps. The Hungarian method takes O(D?) steps to
solve the assignment problem (P3) and the possible swapping to make the assign-
ment order preserving can be done in O(D) steps. Therefore, the optimal solution
to the original problem can be obtained in O(D?) steps. The step here is meant
as a simple arithmetic operation, addition and multiplication, or the calculation
of the value of function F(x) at x. Therefore, the algorithm runs in time polyno-
mial in D as long as the value F;(x) can be calculated in time polynomial in D for
each x.
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3.7 Minimization of Maximum Deviation

The maximum deviation minimization problem is defined as follows.

msin {G(S) = max R (Xik — kri)} (3.37)
I,
subject to
n
Y xik=k k=1,....D (3.38)
i=1
0<Xjki1—Xk<1l i=1....nmk=1....D-1 (3.39)
xp=di i=1,....n. (3.40)

where F(-) is a non-negative convex function satisfying
Fi(0) =0 and F(x) >0 for x#0, i=1,...,n. (3.41)

We reserve the term bottleneck deviation problem, or just the bottleneck problem,
for the minimization of the maximum deviation with all F(-) being the absolute
value functions, |- |. We now show that our approach to the minimization of total
deviation based on the level curves works for the maximum deviation minimization
problem as well. The approach transforms the maximum deviation minimization to
an equivalent bottleneck assignment problem which we define in the next section.

3.8 The Bottleneck Assignment

The solution to (3.37) subject to constraints (3.38-3.41) can be found by solving the
following bottleneck assignment problem

min{sz:}lz(Bijkyijk} (3.42)
subject to
Y Yk=1k=1,..D, (3.43)
(i,j)el
D . o
kglyljk = 17 (Ia J) € Iv (344)

where | = {(i,]):i=1,...,n, j=1,....d;} and the costs

B = max{f ;(k—1),fl(k)} (3.45)
= max{F(j—1— (k=1)ri),F(j—kri)}. (3.46)
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A
3
/lo_kril
2 Il—kril
14 /|2—kri|
: : ,4//|3_kri|
o ——e 11 e ; >
123456 78 91011121314151617 K
o 0 o

Fig. 3.5 The bottleneck penalty for i with d; = 3, sequenced in positions 5, 8, and 16

Example 10.6 illustrates the calculations of Bijk. The idea behind calculating
the costs Bijk is follows closely the idea behind the calculation of C}k in Sect. 3.3.
Suppose that 7w = {Yli,...,YJi} and that this set is ordered in ascending order,
that is Y < --- < Y. Then, the cost in (3.1) is charged according to fj at each
k=1,...,Y] — 1, then according to f! at each k =Y/,....YJ — 1, and so on until
k= Yc}i where the cost starts being charged according to f(iji and continues doing so
until k = D. The highest cost along f§ is fi(Y{ — 1), the highest cost along f] is
max{f}(Y}), f}(Ys—1)},and finally the highest cost along 'f(i,i is f(i,l(YC}j).Therefore,
by assigning the costs max{ fy(Y] —1), f{(Y{)}, max{ f{(Y;—1), f3(Y;)} and max{
fi (Y4 —1), 5 (Y4)} to the points Y},Y; and Yj respectively we obtain the re-
quired cost of (3.45) or equivalently the cost (3.375. Thus, the solution to this bot-
tleneck assignment problem can be turned in the solution to the original maximum
deviation minimization problem in a way similar to the one described earlier in
this chapter for the minimization of total deviation provided that there exist order
preserving solutions to the bottleneck assignment problem. Their existence will be
shown in the next section.

Example 3.16. Consider the instance d = (5,3,2) and Fj = |- | fori=1,...,n from
Example 3.2. The costs B'jk fori=1,2,3, j=1,....diand k =1,...,D calculated
according to (3.45) are given in Table 3.47. O



52 3 Minimization of Just-In-Time Sequence Deviation

Table 3.47. The costs Bl

j\k 1 2 3 4 5 6 7 8 9 10
1 05 05 1 15 2 25 3 35 4 45
)2 15 1 0505 1 15 2 25 3 35
3 25 2 15 1 05 05 1 15 2 25
4 35 3 25 2 15 1 05 05 1 15
5 45 4 35 5 25 2 15 1 05 05
ik 1 2 3 4 5 6 7 8 9 10
_,) 1 07 04 06 09 12 15 18 21 24 27
2 17 14 11 08 05 05 08 11 14 17
3 27 24 21 18 15 12 09 06 04 07

1 08 06 04 06 08 1 12 14 16 18

\k 1 2 3 4 5 6 7 8 9 10
i=3
2 18 16 14 12 1 08 06 04 06 038

(3.47)
3.9 The Bottleneck Monge Property
The following theorem proves the local bottleneck Monge property.
Theorem 3.17. The matrices Lj = [B'J k}d 5 i =1,...n, are bottleneck Monge
K] g

matrices.
Proof. It suffices to show that
max{Bi, B}, } < max{B},;.B}},
by (3.45)

max{max{ f]_(k—1). fj(k)}.max{f}(1 ~1). f}..()})
< max{max{fj(k—1), fj,1(k)},max{fj_y(I-1),fj(}}.  (3.48)
This inequality holds since clearly
max{ f}(k), i (I — 1)} < max{f](k—1), f}(I)}

and _ _
k-1 <fl,0-1)
fork—1> j;il and
jo1(k—1) < fi(k—1)
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otherwise,
and

IOES ()
forl < jr*il and
() < f(D
otherwise. 0O

Thus, we have.

Theorem 3.18. There is an optimal solution {yijk} to (P4) that preserves order.

Proof. By contradiction. Suppose that no optimal solution {yijk} to (P4) preserves

order. Consider an optimal solution {yi-k} with the smallest number of the quadru-
plesi, j, k and | that violate (3.25). For any violation we have,

yi=landyj, =landk <l

However, o o
max{Bly,BY 1} < max{B},Bj 1},

since L; is a Monge matrix. Then, swapping j and j + 1 does not increase the cost
(3.42) and at the same time it reduces the number of condition (3.25) violations.
Thus, we get a contradiction since the solution {yj, } was chosen with the smallest
number of violations and thus the theorem holds. O

The optimal solution to P4 and thus to the original problem can be obtained in
O(D3) steps, see Burkard et al. [24], and also Burkard et al. [25] for a comprehensive
review of assignment algorithms. The step here is again meant as a simple arithmetic
operation, addition and multiplication, or the calculation of the value of function
Fi(x) at x. Therefore, the algorithm runs in time polynomial in D as long as the value
Fi(x) can be calculated in time polynomial in D for each x. Chapter 5 will show a
more efficient algorithm for the bottleneck deviation minimization for a special case
of the absolute value of deviation, F = |-|,i=1,...,n.

3.10 Exercises

Exercise 3.19. Let Z} = [kﬂ , where K} is the unique crossing point satisfying

F(j—kir) =FR(j—1—kir)
for F(-) being a non-negative convex function satisfying

Fi(0)=0 and F(x) >0 for x#0, i=1,...,n.
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Show that the following statements hold true:

L[ =z i)

2. p>j=2,>Z}and “ﬂ > PW;

Fi

3. p>j=p—kri>0 fork<Zz.
Exercise 3.20. Show that the cost matrix [C}k} is not a Monge matrix.

Exercise 3.21. Show that the cost matrix [Bijk] is not a bottleneck Monge matrix.

Exercise 3.22. Show that the optimal solutions to the total deviation problem may
not be population monotone. Hint: See Jozefowska et al. [26].

Exercise 3.23. Show that for any i there are O(D) costs B, in the cost matrix [Bijk]
of the bottleneck assignment problem (3.42) that are less than 1. Thus there are
O(nD) costs Bijk in the cost matrix [Bijk] of the bottleneck assignment problem (3.42)
that are less than 1.

3.11 Comments and References

The minimization of total deviation problem was formulated in Monden [8] and
further refined in Miltenburg [21]. These early formulations assumed the absolute
and the square functions of point deviations. The problem was solved by reduction
to the assignment problem by Kubiak and Sethi [27, 28] for the general case of
unimodal convex functions. The solution to the bottleneck deviation problem by
its reduction to the bottleneck assignment problem was suggested by Kubiak [23]
and subsequently formulated by Bautista et al. [29]. This solution works for any
unimodal function of deviation. Chapter 5 will present a different solution proposed
by Steiner and Yeomans [30] for the absolute deviations. For an introduction to
Monge matrices and their applications in optimization see Burkard et al. [31]. Inman
and Bulfin [32] independently introduced the concept of ideal positions.



Chapter 4
Optimality of Cyclic Sequences and the Oneness

4.1 Introduction

This chapter addresses the question whether there always exist cyclic optimal solu-
tions to the total deviation problem and the maximum deviation problem studied in
Chap. 3. This question can formally be stated as follows:

Let S be an optimal sequence for d = (dy,...,di,...,dn). Is S™, for any integer
m > 1, an optimal sequence for md = (mds,...,md;,...,md,), where S™ is a con-
catenation of m copies of S?

An affirmative answer to this question given in this chapter supports the usual for
just-in-time manufacturing systems practice of repeating relatively short sequence
to build a sequence for a longer time horizon, Monden [22] and Miltenburg [21].

This answer has also obvious consequences for the computational time complex-
ity of any optimization algorithm for just-in-time sequences. This time complexity
depends on the magnitude of demands ds,...,d, and consequently on the magni-
tude of total demand D. The only known polynomial time, with respect to D and n,
optimization algorithms for just-in-time sequences have time complexity O(D3),
see Chap. 3. The cyclic optimal solutions make it possible to reduce each of these
demands by the factor of m, where m is the greatest common divisor of numbers
d1,...,dn, in the computations of optimal just-in-time sequences. The Euclid’s al-
gorithm can find the m in O(nlogD) steps, see for instance Graham et al. [10].
Furthermore, the cyclic optimal solutions make a small step forward in tackling the-
oretically intriguing question of how succinct the encoding of optimal just-in-time
sequence can be? The answer to this question also pertains to the computational
complexity of the total deviation and the maximum deviation problems since the in-
put of these problems can be made very short by the binary encoding of the demands
di,...,dn using O(X; log(dj+ 1)) bits. This encoding, however, makes all polyno-
mial time, with respect to D and n, algorithms for the total deviation problem and the
maximum deviation problem pseudopolynomial time algorithms, see Grigoriev [33]
for a review of the high multiplicity problems. Therefore, the question whether

W. Kubiak, Proportional Optimization and Fairness, International Series in Operations 55
Research & Management Science 127, DOI 10.1007/978-0-387-87719-8 4,
(© Springer Science+Business Media LLC 2009
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there is an algorithm with time complexity bounded by a polynomial function of
logD and n remains open.

The affirmative answer to the main question of this chapter typically relies on
two crucial observations. First, for the concatenation ST of sequences S and T for
ad = (ads,...,ady) and bd = (bdy,...,bd,) respectively, with a and b being posi-
tive integers, we have F(ST) = F(S) +F(T) for the total deviation problem, and
G(ST) = max{G(T),G(S)} for the bottleneck deviation problem. Second, even if
one relaxes the constraints xip = dj, i = 1,...,n, there still exists an optimal se-
quence S* such that xi = d; for all i. The latter would usually require to prove
that a simple exchange of two copies of different models in a given sequence does
not increase either the total or the maximum deviation of the sequence. However,
since the copies exchanged might be of different models this technique may in-
crease these deviations in general whenever the Fs differ. Thus the simple exchange
method fails to work in a general case unless some exchanges are forbidden. Con-
sequently, a more sophisticated exchange method will be developed in Sect. 4.3 of
this chapter to prove the existence of cyclic optimal solutions. This method limits
the exchanges to the copies of models that occupy positions at the same distance
from the ends 1 and D of a sequence, we assume for the time being that all de-
mands are even. That is the exchange will only be allowed between positions 1
and D, 2 and D — 1, 3 and D — 2, etc., we refer to this exchange as shuffling. We
show that the shuffling does not increase either the total deviation or the maxi-
mum deviation of the sequence, and that the shuffling can be done to ensure that
the resulting sequence has the number of copies of each model equally split be-
tween its two halves. The existence of this desired distribution of model copies will
be guaranteed by the Hall’s Theorem for bipartite regular graphs, see for instance
Bondy and Murty [34]. Our method will rely on the assignment problems equiva-
lent to the total deviation problem and the bottleneck deviation problems developed
in Chap. 3. The crucial symmetries embedded in this assignment problem costs are
proven in Sect. 4.2 for the total deviation problem and in Sect. 4.5 for the maxi-
mum deviation problem. The optimality of cyclic solutions is shown in Sects. 4.4
and 4.5.

Finally, Sect. 4.6 addresses the question whether optimal solutions to the total
deviation problem can always be found among the just-in-time sequences with the
bottleneck deviation not exceeding 1, more precisely in the following set of just-in-
time sequences

Q={S:|xix—kri| <1fori=1,...,n;k=1,....D},

thus the term oneness. Interestingly, this set is non-empty for any instance d, which
we show in Chap. 5. Moreover, it will be shown in this chapter that the minimization
on Q makes some total deviation problems with different Fs equivalent. This is the
case for the absolute value F; = | - | and the square F; = (-)? for all i functions.
However, this question itself has a negative answer in general.
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4.2 Symmetries of C}ks for Symmetric F;s

This section studies various symmetries inherited by the cost coefficients C!, from
the symmetric F; for i = 1,...,n. The symmetries will be crucial in the proof that
there exist optimal solutions that are cyclic. We begin with the following standard
feature of convex functions, see Rockafellar [35].

Lemma 4.1. For a convex function f and four distinct points oy, 0, 03, and oy
such that
o —0q=04—03 and oy < o < 0, (4.2)

we have the following inequality
flon)+ foy) > f(on)+ f(og).
Proof. We observe that oy < o3 < 0y4. By (4.1), thereis A, 0 < A < 1, such that
o =rg+(1—2A)oy and oz =(1—A)og + Aoy,
Therefore for a convex f, we have

fo) < Af(on)+(1—A)f(aw) and
f(og) < (1—2A)f(on) +Af (o).

By summing up these two inequalities side by side, we obtain the required inequality
fo)+ foz) < f(og)+ f(oy).
O

The following lemma shows that the cost of being early grows at the same rate
as the cost of being late whenever an actual position of a copy moves away from
the copy’s ideal position. Thus the penalty for deviating from the ideal position can
be expected to be symmetric. However, this is not exactly the case. The penalty
for finishing 1 > 0 positions after the ideal position is not necessarily equal the
penalty for finishing | positions before. Thus, somewhat surprisingly, the symmetry
is not ensured by the symmetry of functions F; for the ideal vertices 2%;1 do not

necessarily fall in the middle of two neighboring integers Z} —1land Z}, where the
latter is the ideal position of copy j. Here are the details.

Lemma4.2. Let 1 < k<Z} <m<Dforsomei=1,...,nand j=1,....dj. We
have. ) ) :

Cim=Cj  ifm+k> 27

C}m gC}k ifm+k<223

Cln<Cj ifm+k=2Zjand0<&j<3 ,

Cln=Cl ifm+k=2Zandej=;

Cin>Cl  ifm+k=2Zjand } <gj<1
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where i1 i1
J= 1=
0< — =gj<l.
- ’V 2r; -‘ 2r; 1)

Proof. We have, for m > Z} and k < Z}

-1
CIJm Z\Pu— z Fi(j—1—1Ir)—F(j—Ir)]

I=2! 1=2!
and ' '
1z
k=2 ¥yi= 2 [RG(-Irn)-FR(j-1-In).
=k =k
First, let m + k > 2Z|. Consider Cj, —Cl,, and couple lPijZij+a from Cl with

‘P'JZ, from Cl,, fora=1,...,Z} —k. Since m > 27} —k we get

Zi—k
Amk = z JZ'+a JZ'-—a)‘
Thus, it suffices to prove that
lPIJZ'+a lI"'JZ, = Fi(j—l—Z}ri—ari)

~Fi(j—~Zjri—an) - F(j-Zjri +ar)
+Ri(j—1-Ziri+ar) > 0.

for an arbitrary a, a = 1,...,Z} — k. By definition of Z}

for some 0 < & < 1. For a symmetric Fi(-), we get

\PI \PI F(OC4)—Fi(OCl)—Fi(OC:g)—‘rFi(OCz),

JZ'+a JZ' —a
where

1

oy = 2 — &jr —ari,
1

Ot +8|Jr| ari,
2
1

o3 = 2 — &jri+ari,
1

o=, + &ijri +arj.
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We have oq < op<og < ay. If og > 0, then clearly
vyl >0

jZj+a jzl-a =

Assume o3 < 0. Letalso o < 0. Then, by the symmetry of F(-), we get

Wiz o~ ¥z o= Filos) ~ Fi(B1) ~ Fiea) + F(Bo).
where
1
Pr=—on=—, Fajri+ar
1
Po=—0= ) — &jjri +ar;j.

We have 0 < B, < B1 < oy. Since
B1— B2 = 2&ijri = 04 — 03,
then by Lemma 4.1 we get

Fi(B1) +Fi(as) < Fi(oa) + Fi(B2).

Hence, ) )
1 1
leZiﬁa o leZira > 0.
Now, consider o > 0 and set
Yo = 04
3 =03
=P
nh=0o
Then, if 1 < 12, then0 <y <y < ypand
ﬂl—a2:2ari—1<a4—a3:2£ijri. (4.2)
The inequality (4.2) holds since 0 < o, implies
2(@a—gj)ri< 1. (4.3)

Then, there is y* > a3 > 0 such that oy — y* = B1 — az. Hence, by Lemma 4.1 we
have
Fi(on) +Fi(as) < F(Bu) +F(Y") < Fi(oa) +Fi(ae).

Thus, again

i i
sziﬁa o leZira > 0.
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If n > p, then
Fi(v2) <Fi(n) and Fi(1s) < Fi(1a),
hence,
Fi(ou) +Fi(os) < Fi(ou) +Fi(e)
and lPijZ}-&-a - ‘I’ijzij_a > 0. Therefore, if m+k > 27}, then Cl > Ci.

Now, let m+k < 2Z}. Consider C} —C},, and couple lPijZ}—a—Z from Cj, with

i [ — [ i [
‘sziﬁafrom Cjm, fora=0,...,m—Zj — 1. Since k < 2Z; —m we get
m-2}—1
—cCi [ i i
A =Cj —Cjp = azf) (leZij—a—z_lezijJra)'

Thus, it suffices to prove that

i 7]

foranarbitrarya,a=0,....m— Z} — 1. However, oz + 2rj > oy and o > o — 2ri,
thus the inequality clearly holds If c; — 2rj > 0. It remains to consider the case
o — 2ri < 0. Then, first assume oz > 0 which implies

1>2(gj+ayr. (4.4)
Set

Y4 = 03+ 21

Y3 = 04

Y2 = —0p+2r

n=oq

We have by (4.4)
Ya— 3= —2£ijl’i—|—2ri >-—142ar+2ri=%—"n.
and by Lemma 4.1

Fi(ya) +Fi(n) > F(y") +Fi(r) > Fi(n) +Fi(r)

—wyi

zi-a2 i7i-a > 0. Now, assume

for y* such that y4 — y* = 1» — 11. Therefore, ‘I"J

oy < 0. Set
Ta = 03+ 2
Y3 =04
Yo = —0p+2r;

n=-—01
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We have

B—=—2&i+2i=p—n
and by Lemma 4.1

Fi(ya) +Fi(n) > Fi(y) +Fi(%2)-

in Wi i i [ i [
Thus again \PjZ}—a—Z - \PjZ}—a > 0. Therefore, if m+ k < 2Z}, then Cj,, <Cj,.

Finally, let m+k = 2Z}. Consider C}, —C},, and couple ‘Pijzi

o from Cl;, with

lI"J.Zijﬂailfrom C}k, fora=0,...,(m—1)— Z}. Since k = ZZ} —m we get
(m—1)-Z]
_ci i i i
Amk—ij—Cjk— ZE) (leZi]——‘ra_leZij—a—l)'

For a symmetric F(-), we get

lIJIjZ}-—&-a — lPIjZij—a—l =Fi(oy) —Fi(on) —Fi(os + i)+ F(op —ri).

ForO<egj<3.1f oy <O, then¥l , —Wi

iz a iz a1 <0.If g >0and —op +r;
] ]

< oy, then lPijzi.+a_\Pijzi._a_1 <0.1fog >0and —op +ri > oy, then set
] J
Ya = O3 +Ti
B=a
Y2 = —0p T
=01

We have by (4.4)
Ya—Y3= —2£ij+ri > —1+2arj+r; =YY",
and by Lemma 4.1

Fi(p) +Fi(n) > R(Y") +F(r) > F(p) +FR(p)

for y* such that 74 — y* = 15 — 1. Therefore, \Pijzi.—a — ‘Pijzi__a_l < 0. Thus, for
] ]
L _ 1 i i
0<s&j <y, leziﬁa — leZirafl < 0 for any a. Hence, Apk < 0.
For &j = 1, clearly Apx = 0.
! . .
For 5 <&j <1 If op—ri <0, then \PIjZ}Jra_lPIjZ}fafl >0.If ap—ri >0

—yi >0.1f op—ri>0and

—T; J— i I - A
and op —rj > —oy, then again clearly ‘sz,ﬁa 71

o — I < —oy, then set

Ya = 04
3s=03+T
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Y2=—-0q
=0T

Since o —rj > 0, we have
Ya— Y3 =2&jri—ri > —l42ari+r="p-mn,
and by Lemma 4.1

Fi(n) +F(n) = Ry) +FR(r) > Rr) +R(e)
for y* such that 73 — y* = % — 1. Therefore, ¥! —y > 0. Thus, for

jzgfa JZirafl =
%<8ij<l,‘l'". -y

iz 1a izi-a1 >0foranya. Hence, Ay > 0. O

The lemma will be illustrated in the following example based on
Example 3.2.

Example 4.3. The reminders & for an instance d = (5,3,2) of Example 3.2 are all
equal 0 fori=1and j =1,...,5 which means that the penalty for being early is
never lower than the penalty for being late at the same distance from an ideal po-
sition. This is also confirmed by the costs in Table 3.21, where the costs for being
early are actually higher than for being late at equal distances from the ideal posi-
tions. Both reminder for i = 3 are equal % thus the costs are perfectly symmetric,
see also Table 3.21. Finally, the reminders for i =2 and j = 1,2,3 are equal % 0
and g respectively. This means that the penalty for being early is higher than the
penalty for being late at the same distance for the first copy with its ideal position at
2, however, the situation reverses for the third copy with its ideal position at 9. The
cost of being late is higher than the cost of being early for this copy.

The following lemma proves an important symmetry embedded in the cost matri-
ces, namely rows j and d; + 1 — j are essentially the same if the former is followed
from 1 to D and the latter in the opposite direction from D to 1, see for instance
Table 3.21.

Lemma 4.4. We have ) )
Clai+1-j)D+1-k) = Cik (4.5)
foranyi=1,....n,k=1,....Dand j=1,...,d;.
Proof. By definition ‘Pijk and the symmetry of F(-) we have
Wi i1 jyzp k) = [T j(D—K) = f§_j(D—K)| (4.6)
= R (21— j+kri)—F(=j+kri)|
= [Fi(J —kri) =Fi(j — 1k
= [fj(k) = fi_1 (k)| = Wi
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Now, let us consider

max{D+1-kZy 1 j}-1

_ i
- ) lIl(dﬁ-l—j)l :
I:min{D+lfk,Zai+171}

Czdi+1—j)(D+l—k)

By definitions of Z!, we have

fi

. [p- Z} if 21 is an integer,
di+1-i ~ Y pD— Zj+1 otherwise.

Suppose that zér_il is fractional. Then,

) Dfmin{k,Z}} .
CEdi“"l—j)(D"‘l_k) - Z lIJ'(di+1—j)|- (4.7)

|=D+1—max{k,Z}}

By substituting | by D — | on the right hand side of (4.7), we obtain

max{k,Z}}—1 .
Czdi+1—j)(D+l—k): Z ) lPI(dH-l—j)(D—I)'
I=min{k.Z}}
By (4.6), we have
max{k,Z}}fl
Czdi+1—j)(D+l—k): 2 , lIﬂjl: 5k7
[=min{k,Z}}

and the lemma holds for a fractional 2J-. Now, for integral 2,
2rj 2ri

D-min{k-1,2{} -1

Clait1—j)(Dr1-k) = > Pl (4.8)
I=D—max{k—1Z}}

By substituting | by D — | on the right hand side of (4.8), we obtain

max{k—1,Z}}

Czdi-ﬁ-l—j)(D—&-l—k) = z _ \Pl(dﬁ-l—j)(D—I).
I=min{k-1Z}}+1
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By (4.6), we have

max{k,Z}+1}—1 max{k,Z}} -1
Clot o= 2 = 2 ¥ ¥
I=min{k,Z{+1} [=min{k,Z}}

-1

However, integral zéri and symmetric F(-) imply

Wiy = 16(Z) 142 = R (i-2Zir) ~ R (i-1-Z}n)|

~|r(i-G-3)-A(i-1-6-)|
e

2j—1

and the lemma holds for an integral 2,

. This ends the proof of the lemma. O
By replacing k by 2D + 1 —k in (4.5) of Lemma 4.4 we obtain.

Lemma 4.5. We have
CEdﬁ-l—j)k = C}(D+1—k)
foranyi=1,...n,k=1...Dand j=1,...,d;.
Finally, the top rows j =1,..., %‘ of the cost matrix M; for any i that corre-

spond to the first half of copies have higher costs in the second half of the sequence
D—k+1,k=1,..., [BJ than they do in the corresponding positions of the first half
k=1,...,| 3|, again check Table 3.21 for an example.

Lemma 4.6. We have

Clios11 = Cl
f - o D s di
oranyi=1,...nk=1,.. [3] andj_l,...,{zJ.

Proof. We have

y-11213-21<[1213- 35

which implies D+1—k>Z} fork=1,....[%]and j=1,..., H‘J . Thus,
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max{D+1-k,Z}}—1

_ _ D—k = k=1
Cipr11) = DI ST ST I 5
I=min{D+1-k,Z}} 1=zl 1=zl
max{k,Z}}—1
= X ¥i=Ck
I=min{k.Z}}

as long as k > Z; Thus, it remains to show the lemma for k < Z; We have m =
D+1—k> Z} >kandm+k=D+1> 22}. The latter inequality holds since

y-o[2]2- B o[2]2-2] o520

Therefore, Lemma 4.2 implies C}(D+l—k) > C}k which completes the proof. O

We now have now shown all symmetries and other essential properties of the
costs C}k sufficient to prove that there are optimal solutions that are cyclic.

4.3 The Folding, Shuffling, and Unfolding of Sequences

Let us assume that all demands dy, . . ., d, are even in this section. The d; ideal posi-
tions Z} for a model i with a symmetric function F are regularly spaced between 1

and D so that at exactly ‘;' of them fall between 1 and '3, since

D

i
dZ|S27

and exactly ‘;' of them fall between '3 +1and D, since

i D
z'dzi az,t 1.

Therefore, one can reasonably conjecture that whenever F for all i are symmetric,
then there are optimal solutions to the total deviation problem (3.1) that are half-
balanced. A sequence is half-balanced if it has exactly ‘;' copies of each i in its first
half, that is in positions 1 to 'g, and exactly ‘é‘ copies of each i in its second half, that
is in positions '3 + 1 to D. This in turn implies that there are optimal solutions that
are cyclic. This section proves that this conjecture holds true. Our approach simply
turns any sequence into a half-balanced one without cost increasing. Moreover, this
approach works under the sole assumption that functions F for all i are symmet-
ric. That is, it does not require any more assumptions about these functions, which
would be required for instance, if a simple swapping copies of different is was used.
The idea is as follows. Consider a feasible sequence
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for an instance with demands dy, .. .,d,. We show how to construct a feasible, half-
balanced sequence S’ for dq,...,d, without cost increasing. The construction goes
through three steps: the folding, the shuffling, and the unfolding. The folding re-
places S by a sequence of 2 ordered pairs

(SlaSD)"'(S[Z)752+1)'

The shuffling shuffles copies inside of each pair producing a sequence of ordered
pairs
(S?IJSI/D)' : '(S/% 7S/|g+1)a

such that {sx,Spy1 k} = {sl/(?sbﬂ_k} fork=1,..., 'g. Finally, the unfolding unfolds
the outcome of the shuffle into a sequence

S’ =s]--spsh

The shuffling uses the Hall’s Theorem for bipartite regular graphs to ensure that
each i occurs exactly dz' times in each of the two halves of S’. We then show that
this three-step construction does not increase the cost of the assignment. This proof
is based on a crucial observation which is that the construction does not push the
copies further from their ideal positions in S’ than they were in S, and thus the
assignment cost does not increase. We begin with an example.

Example 4.7. Consider the sequence

1-2—-3-2—-1-2—-2-3—-1-1 (4.9)

—-1-1—-2—-3—-3—-2—-1—-1—-1—-1

ford = (10,6,4) = 2(5, 3,2). The sequence has too many copies of i = 2, 4 instead
of 3, and too few copies of i = 1, 4 instead of 5, in the first half. The the folding
operation produces a 2-regular bipartite multigraph in Fig. 4.1.

Then, the shuffling produces the matchings M and M€ shown in Figs. 4.2 and 4.3
respectively.

Finally, the unfolding produces the following sequence for the two matchings:

1—-1—-1—-2—-2—-3—-2—-3—-1—-1

—-1-2—-3—-1—-1—-2—-3—-2—-1—1.

Notice that each half of the sequence has exactly 5 copies of i = 1, 3 copies of i = 2,
and 2 copies if i = 3 as required.

Let us now define the folding, shuffling and unfolding operations on the cor-
responding assignments. Let S be an initial sequence for dy,...,d, and {y'jl} the

assignment, see Chap. 3, that corresponds to S. Define the assignment {y‘jl} index
set as follows
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11) 1,2 @3 (14 @5 (1) (22 (23 @l @G2

Fig. 4.1 The bipartite multigraph G = (V4 UV,, E) being the result of the folding operation on the
sequence (4.9)

(1,1) (12 (@13 @@€4 (@15 1) (22 3) Bl (32

2 3 4 5 6 7 8 9 10

Fig. 4.2 The matching M being the result of the shuffle operation on the graph G from Fig. 4.1

1

(11) 12 @3 @4 @@€5 (21 (22 (23 @1 B2

%
1 2 3 4 5 6 7 8 9 10

Fig. 4.3 The matching M€ being the result of the shuffle operation on the graph G from Fig. 4.1
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s={(i,i,) v} =1}, (4.10)

The composition, denoted by FSU, of folding, shuffling and unfolding, in this order,
is defined as a transformation of s. The folding is defined as follows:

4.3.1 TheFolding

For (i, j,I) € s, we define

- . . di

(i, j,1) if j<$ and 1<9,

(i,di+1—j,0) ifj>9% and 1<9,
Fi,j.l) =

- . di D

(i,j,D+1-1) ifj<3 and 1>7,

(i,di+1—jD+1-1) ifj>% and 1>7D,

Let us define the multiset

C(s)={((/",j"),I") - F(,j,1) = ((I",j),) for some (i, j,I) € s}.
We observe the following.

Lemma4.8. Lett(i,j) ={l:((i,j),I) eC(s)} fori=1,....nand j=1,..., dz' - We
have the following cardinality of t(i, j)

[t 1)l = 2.

Proof. We observe that F(i, j,1) and F(i,dj+1—j,I') fori=1,...,nand j =
1,...,9 are the only two triples in t(i, j). It is worth noticing that if | =D+ 1 — I,
then F(i, j,1) = F(i,di+1—j,l'). O

The shuffling is defined as follows:

4.3.2 The Shuffling

Define a bipartite multigraph G = (V1 UV,, E) as follows:

Vlz{(Lj) Ci=1,...n; j=1,...72i},

D
V2={| . |=17...,2},
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and
E =C(s).

We have the following observation about this graph.

Lemma 4.9. There are two disjoint matchings M and M€ in the graph G = (V1 U
V7, E) such that M UMC = E and

D
M|= |[M¢ = _.
M= M=

Proof. The folding operation ensures that each node degree in the bipartite multi-
graph G = (V1 UVy, E) equals 2, see Lemma 4.8. Thus the graph is 2—regular. This,
however, implies that there are two disjoint perfect matchings M and M€, see Bondy
and Murty [?], such that

MUM® =E.

However, |E| = D. Thus, either of the two matchings has cardinality 'g. This proves
the lemma. O

We also observe the following.
Lemma 4.10. Foranyi=1,...,n, we have
[{1:((i,]),1) € M for some j}|
=|{I:((i,j),l) € M® for some j}| = (;'
Proof. The lemma follows immediately from the fact that there are exactly dz' nodes

(i,j) in Vq. Each of these nodes has degree 2 by Lemma 4.8. By Lemma 4.9.
((i,j),) e Mand ((i, j),I") € M€ for some | an I’. Thus the lemma holds. O

Finally, the unfolding.

4.3.3 The Unfolding

Define (W) if ((i,),1) eM
- - I’J7 I I?J ) e
uiin={ 50 oray i e

4.3.4 Folding, Shuffling and Unfolding Yield An Assignment

The transformation FSU produces an assignment FSU(s) for an initial assignments.
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Lemma 4.11. FSU(s) is an assignment.
Proof. Follows immediately from Lemmas 4.9 and 4.10. O

The one-to-one correspondences between the assignments {yi“} their corresponding
index sets s, see (4.10), and their corresponding d—partitions 7 defined in Chap. 3
justify the notation Js(s) instead of J3(x) in the reminder of this section. We now
show that the FSU yields an assignment with its cost not exceeding the cost of the
original assignment s.

Lemma 4.12. We have
J3(s) > J3(FSU(s)).

Proof. We consider the following four cases:

1. (i,],l) € s, where j = 1,...,"2i and | = 1,...72. Then FSU(i, j,1) is either
(i,j,1) or (i,di+1—j,D+1—1). Thus, FSU(i,],I) contributes either Cj, or
CEdi+17j)(D+lfl) to J3(FSU(s)). By Lemma 4.4, CEdiHﬂ.)(DHiI) = Cj;. Hence,

FSU(i, j,1) makes the same contribution to J3(FSU(s)) as (i, j,I) does to J3(s).
2. (i,di+1—jl)eswhere j=1,....,% and 1 =1,..., 2. Then FSU(i,di +1— j,I)
is either (i, j,1) or (i,di +1—j,D+1—1). Thus, FSU(i,dj -1 — j,1) contributes
either Cj, or Czdi+17j)<D+17|) to J3(FSU(s)). Whereas, (i,d; +1— j,1) contributes
CEdi+1—j)I to J3(s). By Lemma 4.5, C} | = C}(D+l—l)’ anq by Lemma 4.6,
Cc!

: (di+1-j)
D11 = Ch- However, by Lemma 4.4 CEdi+1—j)(D+l—I) = C}r

3. (i,di+1—j,D+1-1)es,wherej=1,...,% andl=1,..., 5. Then, FSU(i,d; +
1—-j,D+1-Il)iseither (i, j,1) or (i,di+1—j,D+1—1I). Thus, FSU(i,dj 41—
j,D+1—1) contributes either Cj; or CEdi+1—j)(D+l—I) to J3(FSU(s)). On the

other hand (i,di +1 — j,D+ 1 —1) contributes CEdi+l—j)(D+1—I) :Ch to J3(s).

4. (i,j,D+1—1)es where j=1,....9 and I = 1,..., 5. Then FSU(i, j,D +
1—1) is either (i, j,1) or (i,di+1—j,D+1—1). Thus, FSU(i,j,D+1—1)
contributes either Cj; or CEde_j)(DH_l) to J3(FSU(s)). On the other han_d,
(i, j,D+1—1) contributes C}< to J3(s). By Lemma 4.6, C} >Cjy,

and by Lemma 4.4, Cj, = Czdi+l—j)(D+1—|)‘

D+1-1) (D+1-1)

Therefore in each of the four cases the FSUC(i,j,lI) contributes to J3
(FSU(s)) no more that (i, j,1) € s to Js(s). Therefore, the lemma holds. O

The folding and shuffling may produce FSU(s) which is not order preserving.
However, by Lemma 3.4 an order preserving solution s’ can be constructed for which

J3(FSU(s)) > J3(s"). (4.11)
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4.4 Optimality of Cyclic Solutions for Total Deviation

The main results of the previous section can be summarized as follows.

Theorem 4.13. Let
S= S1,.--,5D,5D+1;---,52D,
be a feasible sequence for 2d = (2dy, ..., 2d,). Then, a sequence

T=t,...,tp,tps1,-..,t2D,

where i = 1,...,n occurs d; times in the first halfty,...,tp and d; times in the second
halftp,1,...,top can be constructed such that

F(T) <F(S).

Proof. The FSU transformation of S produces a sequence T which by Lemma 4.10
is half-balanced. Furthermore, by Lemma 4.12 and Theorem 3.14 we get F(T) <
F(S) asrequired. O

Theorem 4.14. Let ST be a concatenation of sequences S and T such that

Xjis| — IS|ri=0for all i, (4.12)
then F(ST) =F(S)+F(T).
Proof. We have
n [SI+H[T|
FST)=3Y Y Fi(xik—kr)
i=1 k=1
n || n
= |21 2. Fixik —kri) + 2 2 Fi(Xijs|+k — (IS]+K)ri)
n |5
= 21 glFl(Xuk—kr)+ 2 2 Fi(Xjjs| + Aik — [S[ ri —kri)
n |5
= ¥ Y Fi(xjx—kri)+ 2 2 Fi(Ai —kri)
i=1k=1 i=1k=1
=F(S)+F(T),

where
Xijs|+k = Xijs| 1 Aik-
Notice that (4.12) implies

Xiis| _ ATy _
=M,
S
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We are now ready to prove the main result of this section.

Theorem 4.15. For the total deviation problem, let S be an optimal sequence for
dy,...,dn. Then S™, m > 1, is optimal for mdy,...,mdh.

Proof. By induction on m. The theorem obviously holds for m = 1. Suppose that
the theorem holds for any 1 < m < k. We prove that it also holds for m = k + 1.
Consider an optimal sequence

T=1ttm

for mdy,...,mdn. If mis even, then by Theorem 4.13, this sequence can be trans-
formed by FSU without cost increasing into a sequence

! !/ ! ! !/
T =1t thp/otiimpy2 tmps

where i occurs md;/2 times in each of the two halves of T’. Thus, by Theorem 4.14
each half must be optimal for mdy/2,...,md,/2. Therefore, by the inductive as-
sumption, each half is the concatenation of m/2 copies of S, and the theorem
holds for an even m = k+ 1. If m is odd, then consider a sequence ST for
(m+1)ds,...,(m+1)d,. We have F(ST) = F(S)+ F(T) by Theorem 4.14. By
Theorem 4.13, the sequence ST can be transformed by FSU without cost increasing
into a sequence

T' =11 tm1yp/2tis menp/2 tmsn)o

where i occurs (m+1)d;i/2 times in each of the two halves of T’. Thus, by Theorem
4.14 each half must be optimal for (m+1)d;/2,...,(m+ 1)dn/2. Therefore, by the
inductive assumption, each half is the concatenation of (m+ 1) /2 copies of S, and
F(ST)=F(S)+F(T) > (m+1)F(S). Consequently, F(T) > mF(S) which proves
the theorem for odd m = k+ 1. Thus the theorem holds foranym. 0O

It is worth observing that the constructive folding, shuffling, and unfolding oper-
ations are used in this chapter to prove the existence of optimal cyclic sequences
rather than to actually construct optimal sequences. The latter can be obtained by
first calculating the greatest common divisor m of dy, ..., dn, then by using the algo-
rithm given in Chap. 3 to obtain an optimal sequence for d; /m, .. .,dn/m, and finally
by concatenating the sequence m times to construct an optimal sequence for the
original demands d, ..., dp.

4.5 Optimality of Cyclic Solutions for Maximum Deviation

The folding, shuffling and unfolding of just-in-time sequences does not increase the
maximum deviation either. That is the counterpart of Lemma 4.12 for the bottleneck
deviation holds. To show this it is sufficient to prove the counterparts of Lemmas 4.4,
4.5, and 4.6. This will be now done in Lemmas 4.16, 4.17, and 4.18 respectively.
Check Table 3.47 for an example.
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Lemma 4.16. We have _ _
Bla+1-j)mr1 k) = Bik (4.13)
foranyi=1,....n,k=1...Dand j=1,....,d;.

Proof. By definition (3.45)

F((di+1—j)—(D+1—K)rj)}
= max{Fi(—j+kri),F(1—j—ri+kri)}

thus by the symmetry of F; we get

Blos1 )1k = Max{R(j—kri),R(j—1—(k—1)r)} = BY.

By replacing k by 2D 4+ 1 —k in (4.13) of Lemma 4.16 we obtain.

Lemma 4.17. We have _ _
Blai+1-jk = Bjipr1k)
foranyi=1,...n,k=1....Dand j=1,...,d;.

Finally, we have the counterpart of Lemma 4.6 for the maximum deviation
problem.

Lemma 4.18. We have ) _
Bio1-1 = Bk

foranyi=1,...nk=1,.,[2]andj=1,... H‘J
Proof. By definition (3.45)

Bjipr1 kg = Max{FRi(j— 1~ (D+1—k-1)r),F(j—(D+1-kr)}
= max{Fi(j—1—di+kri),F(j—di—ri+kri)}

thus by the symmetry of F we have
BY (.11 = Max{Fi(di+1— j —kri), Fi(di — j - (k= 1)ri)}.
On the other hand
be=max{F(j —kr),R(j—1— (k—1)r)}.
First, we observe that

di+1—j—kr>j—kn (4.14)
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and
di—j—k=1r>j—-1—(k—1)r (4.15)

forj=1,..., H‘J . Second, we observe that

di+1—j—kri>di—j—(k=1)ri>0 (4.16)
fork=1,....[%]and j=1,..., H‘J,and

j—kri>j—1— (k=1 (4.17)

Thus, we have the following three cases:
1. j—1—(k—1)r; > 0. Then, by (4.15)

Fi(di—j—(k=1)ri) =R(j—1—(k—=1)ri)

and by (4.14) and (4.17)
Fi(di+1— j—kr) > FK(j—kr).

Consequently
BY(pr1-k) = Blk-
2. j—krj <0. Then,
di+1—j—kri>1—j+(k—-1)ri>0 (4.18)
and
di—j—(k=1)ri>—j+kri>0
fork=1,...,[D]. Thus, by the symmetry of F;

F(di+1—j—kr)>FR(1—j+(k-1r)=F(j—1-(k-1)r)

and
Fi(di — j — (k=1)ri) > Fi(=]j+kri) = Fi(j —kri).
Consequently,
Bjp+1k = Bl
3. j—1—(k—Dri<0and j—kr; > 0. Then by (4.18) and the symmetry of F;

Fi(di+1—j—kr)>FRl-j+Kk-r)=Fj-1-(k-1)r)

and by (4.14)
F.(di +1—j— kri) > Fi(j - kri).
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Thus, again _ _

Bj(Ds1-1) = Bjic

This proves the lemma. O

We have the following counterpart of Theorem 4.14.
Theorem 4.19. Let ST be a concatenation of sequences S and T such that

Xjjs — |S|ri = 0 for all i, (4.19)
then G(ST) = max{G(S),G(T)}.
Proof. We have
G(ST) = r‘rha(x{F.(xik —kri)}

=max{ max {F(Xj —Kri
{i,1§k§|5|{ |< ik I)}a

i’lrggng{'%(xusHk = (IS|+K)ri)}}

= max{i 1@E§|S|{I:I<Xik —kri)},

)

max |{Fi(xi|S\ + Aik — [S[ri —kri)} }

i,1<k<T
=max{ max {F(Xj —Kri
{i,1§k§|5|{ |< ik I)}a
i’lrggng{'%(Aik—kri)}}

=max{G(S),G(T)},

where
Xj[s|+k = Xi|s| T Aik-

We are now ready to prove the main result of this section.

Theorem 4.20. For the maximum deviation problem, let S be an optimal sequence
for dy,...,dn. Then S™, m > 1, is optimal for mdy, ..., mdh.

Proof. By induction on m. The theorem obviously holds for m = 1. Suppose that
the theorem holds for any 1 < m < k. We prove that it also holds for m = k+ 1.
Consider an optimal sequence

T =t tmd

formdy,...,md,. If mis even, then this sequence can be transformed by FSU without
cost increasing into a sequence

! / ! ! /
T =1t typ/2tiimp/2  tmp;
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where i occurs md;/2 times in each of the two halves of T’. Thus, each half
must be optimal for mdy/2,...,md,/2 by Theorem 4.19. Therefore, by the induc-
tive assumption, each half is the concatenation of m/2 copies of S, and the the-
orem holds for an even m = k+ 1. If m is odd, then consider a sequence ST for
(m+1)dg,...,(m+1)dy. We have G(ST) = max{G(S),G(T)} by Theorem 4.19.
The sequence ST can be transformed by FSU without cost increasing into a se-
quence

T' =t 1o 2bis menpy2 tmep

where i occurs (m+ 1)d;j/2 times in each of the two halves of T'. Therefore, by the
inductive assumption, each half is the concatenation of (m+ 1) /2 copies of S, and
G(ST) =max{G(S),G(T)} > G(S). Consequently, G(T) > G(S) which proves the
theorem for odd m = k 4 1. Thus the theorem holds for any m. O

4.6 The Oneness

Let Q be the set of all just-in-time sequences S for an instance d = (d, . ..,dn) with
maximum absolute deviation, or the bottleneck, not exceeding 1. More precisely

Q={S:|xix—kri| <1lfori=1,...,n;k=1,....D}. (4.20)

We show in Chap. 5 that Q = 0 for any d. We now prove that minimizing the total
absolute deviation

n D
A*=min{A(S) = ¥ X [xik —kril}, (4.21)
S i=1k=1
and the total squared deviation
* : n b 2
Q =msjn{Q(5)=_21k21(xik—kri) h (4.22)
I=1k=

on the set Q are equivalent which, however, is not necessarily the case on other sets.

The minimization on the set Q has obvious advantages for the computational
complexity as it considerably reduces the number of cost coefficients Ci-k (and Bijk)
necessary to calculate in the equivalent assignment problem, see Chap. 3 and the
Exercise 3.23. We denote by

Opta = {S:A(S) =A"} and Optg = {S: Q(S) = Q*}
the sets of optimal sequences for the total absolute deviation and the total squared

deviation respectively.
We have the following key relationship between the values of A(S) and Q(S).
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Theorem 4.21. We have

_JQ®)+C ifSeQ,
AS) = { Q(S)—E(S)+C otherwise, (4.23)
where E(S) > 0 and a constant C > 0.
Proof. We have
kri = [kri] + &k, (4.24)
where 0 < gy <1fori=1,...,nandk=1,...,D. Onthe other hand
o JLkri] a0 Xy > [kri],
= { [kri] —by  otherwise, (4.25)

where ajy is a positive integer and bjy is a non-negative integer. Thus, for any feasible
sequence S we obtain by (4.21)-(4.25)

AS)-Q(S)= X ((ak—&k) — (ak—&ik))
(i) xig > [kri ]

+ % ((bi+ei) — (bi+ew))
(i,k)xi < [Kri |

= ¥ [(ex—&h) — (a—1)(aik— 2e)]
(i.k):xjk > [kri]

+ X (e —gR) — bi(bi+2ex — 1)

(k)i <[ kri |
= Y (ak—gf)— T (ak—1)(ak— 2ei)
(i,k) (k)i > [ kri |

- Y bi(bik+2exk—1)
(i,k) X <[ kri |

—C—E(S)
where
C = z (Slk - Slk)a
(i.k)
and
ES)= ¥ (ak—1(ak—2ek)+ X  bi(bik+2ek—1).
(1,K) i > [ kri | (1K) X <[ kri ]

If S € Q, then Xj > [kri] implies ajx = 1, and xj < |kri| implies by + & < 1.
However, the latter implies either bjx = 0 or bjx = 1 and &jx = 0. Therefore, S € Q
implies E(S) = 0. Otherwise, there are i and k such that either aj, > 1 or by, = 1 and
&ik > 0 or bjx > 1 which implies that E(S) > 0. Finally,

C= 7Y (ex—¢&2)>0
(ik)

since0<¢gi=ri<laslongasn>1. 0O
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An instance d = (dj,...,dn) has the oneness property if
OptaNQ # 0.

We now show that if d has the oneness property, then any optimal sequence in Optq
must have its bottleneck not exceeding 1.

Theorem 4.22. If OptaNQ # 0, then OptaNQ C Optg C Q.
Proof. If $* € OptaNQ, then A(S*) < A(S) for any other S. By (4.23)
Q(S*) =A(S") —C <A(S)—C+E(S)=Q(S),

since E(S) > 0. Thus, Opta N Q C Optg. Moreover, Optg C Q whenever S* €
Opta N Q. Otherwise, there would be S € Optg and S ¢ Q such that

Q(S%) =Q(S),
which leads to a contradiction since by (4.23)
A(S)+E(S) =A(S"),
and E(S) > 0, hence S* ¢ Opta. Therefore,
OptaNQ C Optg C Q.
0

The following example proves that Opta N Q = 0 for some instances, that is
there are instances that do not have the oneness property. The characterization of
the instances not having the oneness property remains an open question.

Example 4.23. Consider the instance d = (46,46,1,1,1,1,1,1.1,1) with n = 10.
The sequence Sq with a single copy of each i = 3,4,...,10 in positions

15,26,35,46,55,66,75, and 86,

the copies of i = 1 and 2 alternating in the remaining 92 positions and with a copy of
i =1 in position 1 minimizes (4.22) and Q(Sq) = 146.40. Moreover, Sq ¢ Q since

23 299 1
X1713—13><50—7— 50 —150 (4.26)
and
23 2,001 1
X2)37—87><50—39— 50 ——150. (4.27)

Thus, by Theorem 4.22 Opta N Q = 0, in other words any sequence that minimizes
(4.21) must have its bottleneck higher than 1.
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The sequence Sq gives A(Sq) = 312.96 whereas the optimum is 312.76 and it is
attained by the sequence Sp with a single copy of each i = 3,4,...,10 in positions

17,26,35,46,55,66,75, and 84,

the copies of i = 1 and 2 alternating in the remaining 92 positions and with a copy
of i = 1 in position 1. However, the bottleneck of Sa is higher than the 1.02 for Sq

since
23 69

Y115 — 15 % 50 =8— 0= 1.10
and 23 391
Y2.85 — 85 X 50 =38— 10 = —1.10.

4.7 Exercises

Exercise 4.24. Prove the counterpart of Theorem 4.13 for the maximum deviation
problem.

Exercise 4.25. Consider an instance with n = 10 products and demand vector
d=(24,24,28,28,42,42 42,42 48,16)

Thus, D = 336 and

Fi(y) = Ra(y) = a1lyl, Rs(y) = Fa(y) = a2y,
Fs(y) = Fe(y) = F(y) = Rs(y) = asly|,
Fo(y) = a4y, Fro(y) = as|yl,

where

a; = 168%2-8-7-ay,
a, = 168%.6-6-as,
as = 168%2-4-2 - ay,
as = 168°-7-as,
a5 = 1.
Prove that for any optimal sequence of the above instance, there is an i and time k

such that
|Xik — kl’i‘ > 1.
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4.8 Comments and References

Bautista et al. [36] show that there always is cyclic optimal solution for F; = F for
i=1,...,nin the case of the total deviation problem. Kubiak [37] shows this for
a general case of possibly different F. The proof presented in this chapter follows
the prove given by Kubiak [37]. The proof that the same holds for the bottleneck
deviation is new. Corominas and Moreno [38] were first to present an instance with
any optimal solution minimizing total absolute deviation having maximum devia-
tion higher than 1. Kovalyov et al. [39] present results of extensive computational
experiments where they randomly generated 100,000 instances and were not able
to find a single one which would not have the oneness property. Theorems 4.21 and
4.22 were shown by Corominas and Moreno [38]. Lebacque et al. [40] confirm that
no simultaneous optimization of the absolute and squared deviations is possible.
They provide a number of small instances for which this holds.



Chapter 5
Bottleneck Minimization

5.1 Introduction

We presented a solution to the maximum deviation problem in Chap.3. We now
take a closer look at the bottleneck deviation problem where the function to be
minimized over all just-in-time sequences S for a given vector d = (dy,...,dy) is
defined as follows:

H(S) :rr?%x|xik—rik\. (5.1)

We keep the same notation here as in Chap.3. More precisely, we deal with the
following minimization problem referred to in this chapter as simply the bottleneck
problem.

B* :mSin{H(S) :mix|xik—rik|} (5.2)
I
Subject to
Xik < Xik1 fori=1,....nandk=1,....D-1
z?:l Xik = k fork = 1,...,D (5.3)

Xijk non-negative integers fori=1,...,nandk=1,...,D.

We leave it to the reader to show that this formulation is equivalent to the formu-
lation (3.37-3.40) for G(S) = H(S), see also Exercise 5.25.

We consider this particular bottleneck problem due to its generic nature, proper-
ties, shown in Sects. 5.3 and 5.5, and applications that will be discussed in this and
subsequent chapters. We begin by showing in Sect. 5.2 a different solution to this
bottleneck problem than the bottleneck assignment approach given in Chap. 3. This
solution determines a consecutive interval of positions, called a position window,
for each copy of each model so as not to violate a given bound on the absolute
deviation, or the bottleneck, and then tries to sequence the copies in their position
windows if possible. This approach results in a more efficient algorithm for the bot-
tleneck problem. Moreover, it provides simple formulas for calculating the position
window ends in case of the absolute deviation bottleneck.

W. Kubiak, Proportional Optimization and Fairness, International Series in Operations 81
Research & Management Science 127, DOI 10.1007/978-0-387-87719-8 5,
(© Springer Science+Business Media LLC 2009
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Next, Sect. 5.4 shows the upper and lower bounds on the bottleneck, in particular
it proves that any optimal solution to the bottleneck problem respects quota that is
its deviation is less than 1. Finally, Sect. 5.6 addresses the case of two models, n = 2.
It proves that the optimal solutions for n = 2 are in fact the just-in-time sequences
obtained by the Webster’s method of apportionment discussed in Chap. 2. Hence,
it actually proves that the bottleneck of the latter sequences does not exceed ; for
n = 2. This result implies that then the Webster’s sequences are the most regular
words. Section 5.6.4 applies these results by showing that the Webster’s sequences
maximize utilization of a resource shared by two cyclic processes.

5.2 The Position Window Based Algorithm

The idea of the solution to the problem (5.2) relies directly on the level curves
introduced in Chap. 3 and it was given by Steiner and Yeomans [41]. It is explained
here with the help of an example in Fig. 5.1, where the four level curves for a model
i with demand d; = 3 are shown. Suppose that one wishes to test if there exists a
just-in-time sequence S with maximum deviation not exceeding B, that is H(S) < B,
where B is a given upper bound imposed a priori on the maximum deviation. Then,
one could draw a horizontal line at the distance B above the horizontal axis as in
Fig.5.1, and then learn from the level curve graphs how far the three copies of
model i are allowed to deviate from their ideal positions in order not to violate the

>
3
| |0—kri]
Target B
1] | _l2-kn|
|_I3—kri]

123456 78 91011121314151617

L

1 < »>
2 —>
3

Fig. 5.1 The computation of the earliest and the latest positions for a model i with three copies
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bound B imposed on the deviation. Figure 5.1 shows that model i will not violate B
as long as its first copy is somewhere between 1 and 10 inclusive, its second copy
somewhere between 7 and 16 inclusive, and its third copy somewhere between 13
and 17 inclusive.

On the other hand, copy 2 sequenced either before 7 or after 16 would result in
the deviation being above B along the graph of the level curve fi(k) = |2 — rik|.
Consequently, the two crossing points of the horizontal line B and the graph of
f}(k) = |j — rik| determine the earliest and the latest positions for copy j to be
sequenced. These two positions are simply the ends of a position window for j. We
assume that the earliest position is 1 and the latest is D if the corresponding crossing
points do not exist in the interval [1,D]. These positions are defined generally as
follows.

Fori=1,...,nand j=1,...,d;j and the bottleneck B > 0 let us define the earliest
start position )
j—B

il

and the latest finish position

L= "% (55)

of the position windows for the copy j of model i.
We begin with the following result.

Theorem 5.1. A just-in-time sequence S with its bottleneck deviation not exceeding
B exists if and only if copy j of i,i=1,...,nand j=1,...,d;, occupies position k
in S such that

Ei, j) <k < L(i,j).

Proof. Let S be a sequence with its bottleneck deviation not exceeding B. We show
that copy j of i falls into the interval [E(i, j),L(i, j)] of S. The proof is by contradic-
tion. Suppose the copy is in position k < E(i, j) which implies krj < j —B < j and
Xik = j Then

|Xik — kri| = Xjk —kri > j— j+B =B,

and we obtain a contradiction since the bottleneck deviation of S does not exceed B.
Now, suppose the copy is in position k > L(i, j) which implies (k—1)ri > j—1+B
and xjx_1 = j—1. Then

[Xik—1 — (K=1)ri| = (k=1)ri—xj_1 > j—1+B—-j+1=B,

and we obtain a contradiction again since the bottleneck deviation of S does not
exceed B. Consequently, copy j of i falls into [E(i, j),L(i, j)], since S includes d;
copies of i, and thus the necessary condition holds.
Now, let us assume that copy j of i, i=1,....,nand j=1,...,d;, occupies a
position k in S such that
E(i,j) <k <L(ij)
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Consider a given i. Let its dj copies be in positions 1 <Kkj,...,kg. < D of S, where
by assumption [/ ] <kj < [ 771" 4-1]. Then, xi = j, for kj < k < kj.1 and
1<j<di—1, x.k_O for 1<k<k1,andx.k_d.,forkd < k < D. Consider, the
interval kj <k <kj1. There, we have

j_

r_BI’i >j—E(,j)ri> j—Kijri > j—kr
i

B> j—

for any k. Moreover,
j+B

fi

kri—j< (kjpa—Dri—j< (L@, j+1)—-1ri—j<( +1-1ri—j=B
for any k. Thus, we have
[Xik —kri] <B

forany k; <k < Kkg,. It remains to show that
kri <Bfor1l <k <k; (5.6)

and
di —kri <Bforkg <k <D. (5.7)

The condition (5.6 ) holds since

(k=D < (L, 1) - 1)ri < (° +1-1)ri <B,

fi

and condition (5.7 ) holds since
0 <dj—Kkgri <di—E(i,dj)ri <dj—(

This proves
|Xik — kri| < B forall k.

Since our choice of i was arbitrary, then the sufficient condition holds and so does
the theorem. O

To find a just-in-time sequence for d =(d,...,dy) with its bottleneck deviation
not exceeding a given B we construct a bipartite graph G = (V1 UV,, &), where
={1,...,D} is the set of the sequence positionsand Vo, = {(i, j)|i=1,...,n;j =
.,di} is the set of copies to sequence. The edge (k,(i,])) € £ if and only if
k € [E(i, }),L(i, j)]. This bipartite graph is V1 —convex since for each (i, j) € V, if
(k,(i,j)) € £and (m, (i, j)) € £ withk <m, then (I, (i, j)) € £ forallk <1 <m.
Any perfect matching M in G can be turned into a just-in-time sequence SM for
(dq,...,dn) by placing i in the position k of the sequence if (k, (i, j)) € M for some
j, that is SY! = i. Conversely, any just-in-time sequence S for (di,...,d,) can be
turned into a perfect matching MS as follows, if S = i, then (k, (i, j)) € MS, where
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j is the number of copies of i in the k—prefix S;---Sx of S. Thus, the matching
MS is in fact an order preserving perfect matching, that is if (k, (i, j)) € MS and
(K',(i,j+1)) eMS, thenk <K foralliand j=1,...,dj — 1.

Actually, any perfect matching M in G can be turned into an order preserving
perfect matching since if (k, (i, j)) e M and (K, (i, j+ 1)) € M and k' < k, then

E(i,j) <E(i,j+1) <K <k <L(i,j) <L(i,j+1).

Thus, (K',(i,j)) € € and (k, (i, j+ 1)) € & so the positions of copies j and j+1
be exchanged since G is V;—convex. Therefore, we have just shown the following
theorem on which the solution to the problem (5.2) is based.

Theorem 5.2. A just-in-time sequence for d =(dj,...,dn) with its bottleneck devia-
tion not exceeding given B exists if and only if the bipartite graph G = (V1 UV,, &)
has an order preserving perfect matching.

The following example illustrates this algorithm.

Example 5.3. Consider d = (5,3,2) and B = 0.5. The formulas in (5.4) and (5.5)
give the following earliest start positions and latest finish positions for this instance.

j E(Li) LLi) E@J) L)) EGI) LE.j)
1 1 2 2 2 3 3
2 3 4 5 6 8 8
3 5 6 9 9

4 7 8

5 9 10

The graph G for this instance is shown in Fig. 5.2, where the edges marked by
the thick lines must be included in any perfect matching in G.

@y (1 G @2 13 22 @14 G2 (23 @15

OQO O O

bobb b 5

1 2 3 4 5 6 7 8 9 10

Fig. 5.2 The bipartite graph for d = (5, 3, 2) and B=0.5
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Ly @1 G @12 13 22 @14 B2 (23 15

1 2 3 4 5 6 7 8 9 10

@y @1y G (12 @3) (22 @14 B2 (23 15

O?OOOCOOOO

OCBOOOOOOOO
i 2 3 4 5 6 7T 8 9 10

Fig. 5.3 The only two possible perfect matchings in graph G from Fig. 5.2

Therefore, there are exactly two perfect matchings in G, both shown in Fig.5.3.
The the top one gives the sequence

1-2—-3—-1—-2—-1—-1—-3—-2—1
whereas the bottom
1-2—-3—-1—-1-2—-1—-3—-2—1. O

A perfect matching in a Vi —convex graph G, if any exists, can be found by the
algorithm that assigns position k to the copy (i, j) with the smallest value of L(i, j)
among all the available copies with (k, (i, j)) € &, if such exists. Otherwise, no per-
fect matching exists. Observe that for each i

E(i,j) <E(i,j+1)and L(i,j) <L(i,j+1)

for j =1,...,d;, moreover merging of any two ordered lists of numbers into a single
ordered list of numbers can be done in time linear with respect the number of num-
bers on both lists. Thus, the algorithm can be implemented to run in O(D) time. The
search for an optimal B* is based on the following observation.
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Lemma 5.4. The product D - B* is an integer.

Proof. Let B* be an optimal bottleneck for d =(ds,...,dn). Then, there are i and k
such that
|Xik — kl’i‘ = B*.

Thus, D -B* is an integer since
D [Xik — kri| = |Dxik — kdi
isaninteger. O

By Lemma 5.4 and Theorems 5.6, 5.9, and 5.10 given in Sect.5.4, the opti-
mal bottleneck B* takes on one of the values 55, ..., B5%. Therefore, a binary
search needs to test O(logD) possible values to find the optimal B*. Thus, it takes
O(DlogD) to find the optimum bottleneck in the problem (5.2) subject to (5.3).

On the other hand, the general approach to the bottleneck deviation problem
based on the reduction to the bottleneck assignment problem (3.42) presented in
Chap. 3 requires calculating the D® entries of the cost matrix [Bijk}. However, by
Theorem 5.6 and Exercise 3.23 the number of required entries can be reduced to
O(nD) as all entries with value 1 and higher can be eliminated for the absolute
value functions F;. Moreover, these entries are as follows

Bl = max{|j—1— (k—1)ri|,|j —kri|} (5.8)

for the absolute value functions F. An open question then remains whether the
bottleneck assignment problem (3.42) with costs (5.8) can be solved in time O(nD),
that is in time linear with respect to the required number of entries. Observe that this
solution to (5.2) subject to (5.3), if it exists, would avoid the binary search for the
optimal B* as well as would offer the time complexity O(nD), which is better than
O(DlogD) for large D.

5.3 The Complexity

The succinct, binary input encoding of the input vector d =(ds,...,dn) requires
O(Z log(di + 1)) bits therefore the optimization algorithm shown in Sect. 5.2 to run
in time O(DlogD) is in fact exponential with respect to this input encoding. The
decision problem consisting in checking if there is a solution with its bottleneck not
exceeding given B can only be solved in O(D) time in Sect. 5.2, again exponential.
Clearly, any certificate that requires the just-in-time sequence itself is too long to be
of polynomial length with respect to the binary input encoding. Though, a polyno-
mial certificate remains to be shown to exist so that the problem can be shown to
belong to NP, a polynomial certificate proving that the problem is in the class co-
NP does exist. The certificate is based on the Hall’s Theorem for bipartite convex
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graphs of the just-in-time sequences and it results in the following feasibility test
proven by Brauner and Crama [42].

Theorem 5.5. A just-in-time sequence S with its bottleneck not exceeding B exists if
and only if for each pair of integers x and y such that 0 < x <y < D the following
two inequalities are satisfied simultaneously

3 max (0, |yri+B] — [xri—B]) >y —x (5.9)
i=1

and

3 max (0, [yri—B] — [xri+B]) <y—x. (5.10)
-1

The theorem allows checking the feasibility of B for a given instance
d =(dy,...,dn) in time (nD?) which is actually less efficient than the O(D) test pro-
posed in Sect. 5.2. However, the infeasibility certificate is made up of a pair (x,y),
0 <x <y < D, for which either (5.9) or (5.10) or both fail. Clearly, the test can be
done in O(n) time for the (X,y), and either number requires only O(logD) bits.

5.4 Bounds on the Bottleneck

5.4.1 The Upper Bounds

The following upper bound follows from Theorem 5.5 and was shown by Brauner
and Crama [42], see also Steiner and Yeomans [41].

Theorem 5.6. There always exists a just-in-time sequence S with its bottleneck not
exceeding 1 — 2.

Proof. We need to show that inequalities (5.9) and (5.10) of Theorem 5.5 are always
satisfied for B =1 — é. We begin with the inequality (5.9). Consider any pair of
integers 0 < x <y < D. We have

lyri+B| +&=yri+B

and
[xri—B]=xri—B+ A

where 0 < g, Aj < 1, for all i. Moreover, since B=1 — é, then

1

1
&, i € {0, D,...,l— D}.
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Consequently,
lyri+B] —[xri—B]=(y—X)ri+2B—(g+ i) > (y—x)ri>0

and the inequality (5.9) holds for x and y.
Consider the inequality (5.10) now. We have

[yri—B] =yri—B+ wi
and
|xri+B] =xri+B—1

where 0 < wj, 7i < 1, for all i. Consequently,
[yri—B]— |xri+B] = (y—x)ri— 2B+ (@i + 7). (5.11)

Let | be the set of all i for which the value of the expression in (5.11) is positive. We
obtain

imax(o, [yri —B] — [xri+BJ) < (y—X) + Y (@i + 75— 2B) < (y—X)

i=1 icl

SinceB—l—éand
7,0 € {0 1 }
1 Y aD7"'7 D .

This proves that the inequality (5.10) holds for for x and y. Therefore, the theorem
holds by Theorem 5.5 since our choice of x and y was arbitrary. 0O

The upper bound can be improved by the following result shown by Tijdeman [43].

Theorem 5.7. Let A;j be a double sequence of non-negative numbers such that

2 Aik=1fork=1,...

1<i<n

For an infinite sequence S on the alphabet {1,...,n}, n > 2, let xjx be the number of
is in the k-prefix of S. Then there exists a sequence S on {1,...,n} such that

1

max| > Aij— Xi| Sl_Z(n—l)'

k1T

Let us define Aix =rj = ‘g fork=1,...andi=1,...,n. Then, this theorem ensures
the existence of an infinite sequence S such that

1

20-1)° (5.12)

mix|kri —Xjk] <1—
i,

We can ensure the required number d; of copies of model i in the D-prefix of se-
quence S on the alphabet {1,...,n} as follows. Consider the D-prefix of S and
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suppose that there is i with xjp > dj. Then, there is j with Xjp < d;. It can be easily
checked that replacing the last i in the D-prefix by j does not increase the absolute
maximum deviation for the D-prefix. Therefore, we can readily obtain a D-prefix
where each i occurs exactly d; times and with maximum deviation not exceeding
1- 2(n171)'

The sequence satisfying the bound in (5.12) is built as follows, see Tijdeman [43].
Let Ly,k =1,...,D be the set of models satisfying the following condition at k:

1
oj = Krj — Xjx-1>

= (5.13)

where, as usual, the X; k1 is the cumulative number of units of model i sequenced
between 1 and k — 1. Apportion k to model i from the set Ly with the minimum

value of .
1- — Oj
2”;2 g (5.14)
|

This is equivalent to apportioning k to model i from the set Ly with the maximum
value of
di
l b

(5.15)
Xi,kfl +1- 2(n—1)

which is the divisor method with the divisor function

1

d(a)=a+1—2(n_1)

applied to the models in Ly. Observe that this divisor function actually depends on
the number n of models, the equivalent of the number of states s. Moreover, the
condition (5.13) ensures that the model getting the position k does not violate the
lower bound 2(n1—1) — 1 on its deviation imposed by (5.12).

By Theorem 5.7, we consequently have the following stronger than in
Theorem 5.6 upper bound.

Theorem 5.8. The optimal value B* satisfies the following inequality

1 1

B*gl—max{[yz(n_l)}.

Though, D > 2(n— 1) most often. It is obviously possible that D < 2(n — 1), for
instance when d;j = 1 for all i and n > 2.

5.4.2 The Lower Bounds

The following lower bounds are shown in Chap. 6.
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Theorem 5.9. For n > 2, a standard instance d =(dy, ..., dn) of the bottleneck de-
viation problem defined in (5.2) has value, B, less than % if and only if dj = 2= for
i=12,...,n. Then,

B_2”—1—1_1_ 111
2n—-1 2 2(2n-1) 2 2D’
Recall that for the standard instance gcd(dy,...,dy) = 1. While, by Theorem 5.9,
for any n > 3 there is only one standard instance with bottleneck less than % the
number of standard instances with bottleneck less than % for n = 2 is infinite. We
have the following result of Brauner and Crama [42], and Kubiak [44].

Theorem 5.10. Forn=2,B < % if and only if one of demands d; or d, is odd and

the other even. Moreover, then B =} — L.

5.5 Main Properties

Theorem 4.20 shows optimality of cyclic solutions for the maximum deviation prob-
lem. We now present a simpler proof for the absolute value bottleneck which is es-
sentially based on Theorem 5.6. Let g > 1 be a positive integer and S a just-in-time
sequence for d =(dj,...,dy). The concatenation S® =S. - -S repeats S exactly g times
and thus it is a just-in-time sequence for gd =(gds, . ..,gdn). We have

Theorem 5.11. The sequence S9 is optimal for (gds,...,gdn) as long as S is optimal
for (dy,...,dn). Moreover their bottlenecks are equal.

Proof. Consider the concatenation SY g > 1, of a sequence S for
(d1,...,dn). We have

Xi,aD4+1 — (oD + )rj = adi 4 xj — adi — Irj = xj; — I

forany0 < a <gand1<Il<DinS% Thus, both S, g > 1, and S have the same
bottleneck. Now, let S’ be an optimal sequence for (gds,...,gdn) with its bottle-
neck B*. By Theorem 5.6, B* <1 — é. Thus, there are exactly d; copies of i in
the D—prefix of S’. Otherwise, there would be an i such that xjp > d;j but Drj = d;.
Consequently, xip — Drj > 1, which leads to a contradiction. Therefore, ' = TW
is a concatenation of a just-in-time sequence T for (ds,...,dn) and a just-in-time
sequence W, perhaps empty if g =1, for ((g—1)ds,...,(g—1)dy). Let B’ be a bot-
tleneck of T. We have max{B,B’} < B*, where B is the bottleneck of an optimal
sequence S for (dy,...,dn) . However, the bottleneck of S9 equals B as well. Thus
SY is optimal for (gdy,...,gdy). O

Finally, a just-in-time sequence and its mirror reflection have the same bottle-
neck.
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Theorem 5.12. The mirror reflection SR of sequence S for (d1,...,dn) has the same
bottleneck as S itself.

Proof. By definition
Spy1k=SRfork=1,...,D.

Thus
yik =di —Xip_k foralliandk=1,....D

where xjo = 0 for all i and cumulative x;, and yj for S and SR respectively. Let
K =D-+1-k, k=1,...,D be the one-to-one correspondence between k’ and k.
Then,

Vi = K'ri| = |yipr1-k— (D+1—K)ril
= |di —Xip_(p41-k) — di+ (k= 1)ri|
= |Xix-1— (k= 1)rj|.

Since |xip — Dri| = 0 for all i, then the theorem holds. O

5.6 The Absence of Competition

The minimization of maximum deviation, and the total deviation as well for that
matter, can be viewed as simply a way of dealing with the competition for the same
ideal positions, see (3.11) in Chap. 3 for the definition of ideal positions, by allocat-
ing them so that the maximum, or the total deviation respectively, of a just-in-time
sequence is minimized, unfortunately that also means that as a result the bottleneck
itself must grow to % and most likely higher. However, there is a class of instances
which are competition-free. These are those with demands being the consecutive
powers of two. We prove in Chap.6 that these are the only competition-free in-
stances for n > 3. Moreover, all instances with n = 2 are virtually competition-
free and if there is a competition for an ideal position, then its resolution keeps the
value of the bottleneck unchanged and equal % In fact any optimal solution then
is a standard two state solution obtained by the Webster’s method of apportion-
ment discussed in Chap. 2. Besides its being as fair as it can be according to the
apportionment theory the solution for n = 2 simultaneously minimizes the bottle-
neck deviation, the total deviation and the utilization of a resource shared by two
cyclical processes. Therefore, this case is unique as it is both fair and optimal. We
will discuss it in this section.

We assume n = 2 and that furthermore the greatest common divisor of di, do,
and D =d; +d is 1, that is gcd{d1,d2 } = 1. Otherwise, the optimal solution for dgl

and 9 can be repeated g = gcd{dy,d,} times resulting into an optimal solution for
the original instance with demands d; and d,, by Theorem 5.11.
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5.6.1 Optimal Solutionsfor n =2

We now show that it is essentially optimal for n = 2 to place the copies in their ideal
positions. The ideal position for copy j, j =1,...,d;j, of model i, i = 1,2, has been

defined in Chap. 3 in (3.11) as
[21' N 11
2r; '

We first precisely define all solutions for n = 2 with their bottlenecks being less
or equal ; It turns out that such solutions always exist. Moreover, if one of the
demands d; or d is even and the other odd, then there is exactly one solution with
its bottleneck not exceeding % This solution has in fact its bottleneck less than % and
it is thus the only optimal. Moreover, if both d; and d, are odd, then there are exactly
two solutions with their bottlenecks not exceeding % Either of these two solutions
has its bottleneck equal % and thus it is optimal. We begin with the definition of
these solutions in Lemmas 5.13-5.16.

Lemma 5.13. Consider the ideal vertices aj = 2] * for j=1,...,d; and by = Al

fork=1,...,d. If /-1 <a; </{and 6—1<bi§€for some £ =1,...,D, then
aj=hy ="~

Proof. If (—1<aj<¢and(—1<by<(forsome/=1,...,D,thenaj =2} ! =

(6—1)+frand by = % = (£ —1)+ fp, with 0 < fi <1 for i =1,2. Thus, we
have
2j—1=2r1({—1)+2rf;

2k—1= 2r2(£—1) +2ryf,

and, since r; +r, = 1, then
j—&-k—l:(f—l)—kl’lfl—‘rl’zfz. (5.16)

Now, the left-hand side of the equation (5.16) and the (¢ — 1) are integers, thus
ri f1 +rof, must be an integer. However, 0 < ryfy +rpfy; <1, since ryfy +rpfy <
(rp +ro)max(fy, f2) = max(fy, f;) < 1. Thus, rif; +r2fo = 1. However, ry f +
r,fo = 1ifandonly if f; = f, = 1, which proves the lemma. O

The following lemma shows that the instances with one of d; and d, being odd
and the other even are competition-free. Thus, all copies can fall in their ideal
positions.

Lemma 5.14. If one of the demands, d; and dy, is odd and the other even, then
oj = [aj] for j=1,...,dy and B = [by] fork=1,...,d, are pairwise different.

Proof. By Lemma 5.13, if o = [aj] = fx = [bx| for some j =1,...,d; and
k=1,...,do, then aj = by or simply (2j —1)d> = (2k — 1)d;. However, this
equality is impossible since its one side is odd and the other even. Moreover,

—aj= (k_df)D >1and by — b, = “"E?D > 1 for j <k and ¢ < m. Therefore,
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oj = [aj] # ox = [a] for jk=1,...,dy and k # j as well as B, = [b]| # Bm =
[bm] for ¢, m=1,...,dy and ¢ £ m, which proves the lemma. 0O

However, if both d; and d, are odd, then both models compete for the middle
position 9.

Lemma 5.15. If both d; and d, are odd, then none of the numbers a; = 221;11 for
j =1, =1, % 1 dyand b= 20t fork =1, %0 -1, % ¢

.,d2 is mteger. Moreover, adlzﬂ = bd22+1 = 'g is an integer.

Proof. If d; and d, are odd, then 'g is an integer. Moreover, '3 and d; are relatively
prime for i = 1,2. Otherwise, gcd{D,d;,d,} > 1.Therefore, if d; divides (2j — 1)'3
forj=1,....diandi=1,2, thend; must divide (2j —1). This can only happen for
j=at Therefore Buys =bo = § D and none of the numbers 1 VP — 211

2 1 I
forj=1,.., %% 1, d'“ +1,...,djand i = 1,2 isan integer. O

Therefore, the competition for the middle position 'g can be settled by moving
either competitor to position '3 + 1, which is free.

Lemma 5.16. If both d; and d are odd, then oj = [aj] for j=1,...,d;, and By =
[bk] fork:l,...,dZZ+l —1,d22+1+1,...,d2, and deﬂ = [bd2+1] +1— > +1are
pairwise different, and so are ; = [bj] for j=1,....dy, and o = [ag]| fork =
1,00 1 9 1 dy, and oy 0 = [aga ] +1= 5+ 1.

2 2

Proof. Follows immediately from Lemmas 5.13 and 5.15, and the fact that [a;] #
? D y1forj=1,...,dq, and [by] 7é +1fork=1,...,dy. The latter holds since

r2- 1]> +2forj— '+1+1and|_12 0

Consider aj, j=1,...,d; and Bj for j =1,...,d; and define the sets Xy = {j :
oj <k}andYy={j:Bj<k}fork=1,...D. By Lemmas 5.14 and 5.16 the solution

Xpk = [Xk| and Xz x = [Yi| (5.17)

fork =1,...D meets the constraints (5.3). We now show that its bottleneck does not
exceed 3.

Theorem 5.17. The bottleneck of the solution (5.17) does not exceed %

. 1
JS \‘krl"‘era

1
X1k = |Xk| = \‘kl’l—F ZJ .

Proof. For each j € Xy we have

thus
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Therefore,
—1<x —kry = [kr +1 —kr <1 (5.18)
2 = lk 1= 1 2 1> 27 .
or 1
X1k —kry| < 5
By Lemmas 5.14 and 5.16
K= [X| = [Yi| = xx-
Thus, by (5.18)
1 1 1 1
5 S Xok kl’z k {kl’l + ZJ kl’z {kl’l + ZJ —‘rkl’l S5
|

The sequence with 1 in positions ¢j = [aj] for j=1,...,d; and 2 in positions
Bk = [by] fork=1,...,d> whenever one of d; or d; is odd and the other even is the
only one with bottleneck not exceeding % as shown in the following theorem.

Theorem 5.18. If one of the demands, d; and d,, is odd and the other even, then the
solution defined in Lemma 5.14 is unique solution with bottleneck not exceeding %

Proof. By Theorem 5.1, (5.4) and (5.5) copy (i, ) for j=1,....dijandi=1,2 must

be in position k such that
i—3 i—3
{ 2w<k<{ 2J+1 (5.19)
I I

j—7 _(2j-1)D

ri 2d;
is not an integer since (2j — 1)D is odd and 2d; is even. Therefore,

]

and thus, there is only one k that satisfies (5.19). Therefore, if there is any solution it
must be unique. However, the solution with 1 in positions o;j = [aj] for j=1,...,d;
and 2 in positions B = [by] for k =1,...,d, does not exceed % by Theorem 5.17.
Thus, it is the unique solution. O

for B = J. However,

Finally, there are exactly two solutions with their bottlenecks not exceeding %
whenever both d; and d, are odd.

Theorem 5.19. If both demands d; and d, are odd, then the two solutions defined
in Lemma 5.16 are the only solutions with bottleneck not exceeding %
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Proof. As in the proof of Theorem 5.18 copy (i, j) for j=1,...,djandi= 1,2 must
be in position k such that the condition (5.19) is satisfied for B = % However,

L
J=>5
fi

becomes integer for j = digl, and it remains fractional for any other j. Therefore,
copy j = dizﬂ can be in either of two positions 'g or '3 +1. The solution from
Lemma 5.16 either gives the position 'g to 1 and the position '3 +1to 2 or gives
the position 'g to 2 and the position 'g +1 to 1. Therefore, these are the only two

solutions possible forB=}. O

5.6.2 The Bottleneck and the Webster's Method Are Onefor n = 2

We proved in Theorem 2.5 of Chap. 2 that every divisor method stays within the
quota for all 2-state problems. However, what distinguishes the Webster’s method
from all other divisor methods for n = 2 is that it then actually minimizes the bot-
tleneck as well. This will be now shown. Let us order the ideal vertices

21_1forj:17...,d1 and by = 2l;_1f0rk:1,...,d2

ai =
= o r

in non-decreasing order. Clearly, if we replace

aj by j(ill’ and by by k(izl

2 2

we get the list ordered in non-increasing order. Actually, the order will be decreasing
if one of the demands, d; and d, is odd and the other even, and there will be a single
tie if both d; and d, are odd. Now, consider the number
di
(5.20)
1
=3

in the position h+ 1 of this order. Then, clearly x;jn;1 = ¢ and xjp = ¢ —1 in the

solution (5.17), thus
di di

(-3  Xip+ 2
Therefore, position h 4 1 is apportioned to i that satisfies the following equation
di d
bo=max
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which is exactly what the Webster’s method does. Therefore, we just shown that the
bottleneck solutions for n =2 with B = % are exactly those obtained by the Webster
method of apportionment. The following example shows that neither Adams’s nor
Jefferson’s parametric methods minimize the bottleneck.

Example 5.20. Consider d; = 10 and d, = 7. By Theorem 5.18 the unique optimal
sequence for this instance is

1-2-1-2—-1—-1—-2—-1—-2—-1—-2—-1—-1—-2—-1—-2—1

which is the Webster’s sequence. The Adams’s divisor method would use

d;
/-1

instead of (5.20) to obtain the following sequence for the instance
1-2-1-2-1-2-1-1-2—-1-2—-1—-1-2—-1—-2—-1 (5.21)

and the Jefferson’s method would use
d;

instead of (5.20) to obtain the sequence
1-2-1-2-1-1-2—-1-2—-1—-1—-2-1-2—-1-2+—1. (5.22)

The positions where the sequences differ are framed. Moreover, the Jefferson’s se-
quence is not unique since the copies in the last two positions can be interchanged,
which is indicated by «—. Thus, neither the Adams’s sequence nor the Jefferson’s
sequence are optimal for the instance. We could double check this statement by
observing that x; ¢ = 3 for (5.21) and thus

10 9 1
’X1)6—6I’1’ = ‘S—GX 17‘ = 17 > 2
and x1 11 = 7 for (5.22), hence
10 9 1
|X1711—11I'1‘ = ’7—11)( 17‘ =17 > 2

As pointed out earlier, by Theorem 2.5 all divisor methods are within the quota
for n = 2. Thus any divisor method gives a solution x;  equals either |kr; ] or [kri]
and consequently

|Xi  —kri| < 1.

Therefore, though all divisor methods ensure the bottleneck less that 1 for n =2
only the Webster’s method ensures that then the bottleneck does not exceed % We
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now show that it is this small bottleneck that makes the Webster’s method to provide
optimal utilization of a resource shared by two cyclical processes. We begin with the
definition of the most regular words.

5.6.3 The Most Regular Words

The most regular words are well-known in formal language theory, discrete geom-
etry and optimal resource allocation, see Gaujal [45] and Vuillon [46] for review.
This last application will be discussed later in this section. We now show that the
most regular words are exactly the same as the sequences generated by the Webster’s
method for n = 2. We begin by precisely defining the most regular words.

Let (c1,C2) be a point in R? with both coordinates ¢; and ¢, being non-negative
integers. The cell centered at (cq,¢2), or justa cell C(cy,c3), is the square

C(cy,¢0) = {(x,y) eR?:|x—c1| < ; and |y —cp| < ;} (5.23)
Consider the line segment L
dzx
ds

in R? between the points (0,0) and (d1,d5). Here, d; and d; are demands for models
1 and 2, respectively. That is the set

L(d17d2):{(x7y)eR2:y:gixand0<x<d1}. (5.24)

The L(d1,dy)-diagonal is the set of all cells that have non-empty intersection with
the segment L(dy,d>), that is

D(dbdz) = {(C(Cl,Cg) . (C(Cl,Cg) n L(dl,dz) 75 @} .

Example 5.21. The example in Fig. 5.4 shows the line segment L(4,3) for d; =4
and d, = 3 along with its diagonal cells C(0,0),C(1,0),C(1,1), C(2,1),C(2,2),
C(3,2),C(3,3),and C(4,3). O

Define a directed graph W(ds,d,) = (ID(d1,dz),A(d1,d2)), with its nodes being
the cells of the diagonal D(d;,dy) and its set of arcs A(dy,dz) including a pair
(C(cq,c2), C(cy,ch)) ifand only if eitherci = ¢y +1and ¢ =cp orcf =ciandch =
c2+ 1. That is, in the former case the cell C(c7,c5) is the horizontal translation of
the cell C(c1,c7) by one unit along the horizontal axis, in the latter the cell C(c},c5)
is the vertical translation of the cell C(cy,c2) by one unit along the vertical axis.

Directed paths from the cell C(0,0) to the cell C(d;,dy) in W(dy,d,) generate
words on the alphabet {1,2} as follows. Let us mark the arc (C(cy,¢2),C(c],c5))
with the letter 1 if the C(c/,c5) is the horizontal translation of C(cy,c2), and let
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Fig. 5.4 The line segment L(4,3) and its diagonal cells

us mark the arc (C(cq,¢,),C(cy,c5)) with the letter 2 if the C(c},c}) is the vertical
translation of C(cy,c,). For a directed path from the cell C(0,0) to the cell C(d1,ds)
in W(dy,dy) let w be a word on the alphabet {1,2} made up by the concatenation
of the letters marking the consecutive arcs on the path from C(0,0) to C(dy,dy).
The word w is called the most regular word for d; and d,, and obviously is made
up of dy letters 1 and d, letters 2. Figure 5.4 shows the only regular word 1212121
ford; =4 and d, = 3. The set of all regular words for d; and d, will be denoted by
I'(dy,dy).

We now show that the set of most regular words T'(d;,d>) is the same as the set
of solutions to the bottleneck problem (5.2) with the bottleneck B < % which in turn
is the same as the set of the apportionment sequences generated by the Webster’s
method of apportionment, for d; and d».

Let xix, i=1,2and k =1,...,D be the solution to the bottleneck problem with
B < 3. Define the points

(X1,1,%2,1), (X1.2,X2,2), - -5 (X1,D, X2,D)-

The cells centered in these points belong to the diagonal ID(d1,d5) which is shown
in the following lemma.

Lemma 5.22. The cells (C(070)7C(X1’17X2_’1),C(X172,X272),...,(C(X17D7X2_’D) e D
(dq,dp).
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Proof. The points
(r1,r2),(2r1,2rz),...,(Dry,Drp) (5.25)

are in L(dy,d»). Moreover, foranyk=1,....D
1 1
Xk —kra| < ) and [xo —kra| < 5

since the solution has the bottleneck B < }. Thus
C(x1k,X2k) NL(d1,d2) # 0,
and C(xik,Xox) € D(dy,dp). O
On the other hand we have.

Lemma 5.23. If the cells C(0,0),C(t;,wy),C(t2,w2),...,C(tp,wp) make up a di-
rected path in W(dy,d;) from C(0,0) to C(dy,d,) , then the solution

X1k =t and Xp ¢ = W (5.26)
has the bottleneck B < 3.
Proof. The solution (5.26) meets the constraints (5.3), thus it is feasible. Moreover,
(kry,kra) € C(ty, wk), (5.27)

for k = 1,...,D. Otherwise, there would be ¢ = 1,....D such that (kry,krp)
€ C(ty,wg) fork =1,...,¢ —1 and (¢ry,4ry) ¢ C(t;,w,). We assume to = 0 and
wo = 0. Then, either (¢r1,0ry) € C(ty_1,Wp_1) or (fry,0ry) € C(tpy1,Wpy1). This
holds since (¢ri,¢ry) must belong to some cell C(tx,wyg) for k = 1,...,D and
(lry,0rp) — (€ —1)r, (¢ — 1)rp) = (ry,r2) < (1,1). Therefore, we have either

1
[tr—1—lr1| < 5 and |w,_1 —0rp| < o (5.28)
or L 1
[tri1 —ory| < 5 and w1 —0rp| < . (5.29)
However,

1 1
tp—Lr or —/lr
[te—£re| >, or [we —Lra| >
since by assumption (¢ry,¢rp) ¢ C(ty,wy), and
tp—Llry+wy—»lrp =0
since t,+w, = £ and ry +r, = 1. Therefore

[ty — £r1| = |wy — £rp]
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thus L L
[t —ry| > 5 and |wy — frp| > .

This leads to a contradiction with either (5.28) or (5.29) since either
trr=torw,_1=wy

and either
trrr =t orwp s =wy.

Thus, by (5.27) the solution in (5.26) has the bottleneck B < % O

5.6.4 Two Cyclic Processes Sharing a Resource

We now show that the just-in-time sequence obtained for n = 2 by the Webster’s
method maximizes utilization of a resource shared by two cyclic processes as well,
or equivalently the minimization of bottleneck deviation (5.2) for n = 2 implies the
maximization of utilization. To our knowledge this result is a very rare example of
fair allocation of a resource leading to its best utilization.

Following Gaujal [45] we consider two cyclic processes P1 and P2 that share
a common resource R. The resource can be used by at most one process at a time.
Either process passes through a cycle including a single activity that does not require
the resource and a single nonpreemptive activity that requires the resource. The
activities are denoted by A, and A, respectively, for the process P1, and by B, and
Br for the process P2. Each activity has a fixed duration denoted by ag, ar,bg and
br for Az, Ar, By and Br respectively. Figure 5.5 shows a temporized free-choice
Petri net modeling the two processes and the resource. The system models a typical
manufacturing work-cell where two Computer Numerical Control (CNC) machine
tools work independently on manufacturing two kinds of parts, A and B, but rely
on a common robot R for loading and unloading the parts, see Gaujal et al. [47].
Another example is a set of jobs with time lags to be processed on a single machine,
see Wenci Yu [48] for a review of problems with time lags. The set includes two
types of jobs those with processing time ar and the time lag ag, and those with
processing time bgr and the time lag bg. Thus a job of the first type must wait at least
ag time units between its consecutive executions, and a job of the second type must
wait at least by time units between its consecutive executions. The machine is the
resource R shared by the two types of jobs.

Let us assume that the two processes are required to be performed at certain
rates. For instance out of a given number of D parts produced by the robotic cell
daily da should be of type A and dg of type B. The question then is how to sequence
the robot allocations so as to complete the production of D parts in the shortest
possible time C. Clearly, the robot is occupied by A during arda time units and by
B during brdg time units, thus it remains idle no less than C — arda — brdg time
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Fig. 5.5 Petri net modeling two cyclic processes A and B sharing a common resource R

units. Therefore, the minimization of C is equivalent to the maximization of the
robot utilization (or the minimization of the robot idle time).

Formally, we look for a sequence S of length D over the two-letter alphabet A
and B, see Fig.5.5. The A in the sequence means that the token available in place
R has been routed to place A regardless of the state of the system, that is the token
has been allocated to the process P1, the B in the sequence means that the token in
place R has been routed to place B, that is it has been allocated to the process P2.
For any given sequence S of the resource allocations the free-choice Petri net of
Fig.5.5 can be unraveled as a decision-free Petri net, or a marked graph, where
each place has exactly one input arc and exactly one output arc, see Gaujal [45]
and Murata [49] for details. A circuit in a marked graph is a sequence of places and
transitions Pyt Poty- - -P, where transition t; is both the output transition of place P;
and the input transition of place Pi,1, i =1,...,n—1, P, = Py, and where neither
a transition nor a place, except the place Py, occurs twice. The circuit duration is
the sum of durations of all the circuit places. The makespan of the marked graph
for a given sequence S is the duration of the longest circuit of the marked graph,
Ramamoorthy and Ho [50]. We have the following result.

Theorem 5.24. The Webster’s allocation sequences maximizes utilization of the
common resource for any da and dg, and independently of durations ag, ar,bg
and br. Moreover, no other allocation sequence maximizes the utilization.

Proof. The proof is based on a key result of Gaujal [45] who proves that the allo-
cation sequence that maximizes utilization of the commaon resource for any da and
dg, and independently of durations ag, ar,bg and br is the most regular word in
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I'(da,ds). Lemmas 5.22 and 5.23 prove that the set I'(da,dg) is exactly the set of
solutions to the bottleneck deviation problem (da,dg) with the bottleneck B < %
which in turn, see Sect. 5.6.2, is the same as the set of the apportionment sequences
generated by the Webster’s method of apportionment, for da and dg. 0O

Gaujal [45] points out that in the case of n > 3 processes sharing a resource
the optimal allocation sequence depends on the durations the processes require the
resource for as well as on their time lags, see Exercise 5.29. The maximization of
resource utilization problem then becomes NP-hard, see Ramamoorthy and Ho [50].

5.7 Exercises

Exercise 5.25. Show that the formulation (5.2-5.3) is equivalent to the formulation
(3.37-3.40) for G(S) = H(S).

Exercise 5.26. Show that the Steiner—Yeomans method is a quota-divisor method
for any given T, see Jozefowska et al. [26].

Exercise 5.27. Prove that the optimal bottleneck for the instance defined as follows
di=1,dy=2d3=9andd; = Z'j;lldj =214 x 12 fori=4,...,nequals }. Find
other classes of instances with the same optimal bottleneck. Hint: See Brauner and
Crama [42].

Exercise 5.28. Consider a job with processing time ar = 3 and the time lag ag =5,
and a job with processing time br = 4 and the time lag by = 2. Assume that the
former is to be repeated 7 times and the latter 11 times daily. What are the optimal
sequences of doing the jobs daily? What is the sequence makespan? What are the
Jefferson’s and Adams’s sequence makespans?

Exercise 5.29. Show that the optimal allocation sequence for n > 3 depends on the
timings of the n processes. Hint: See Gaujal [45].

Exercise 5.30. Show that any algorithm that produces just-in-time sequences with
bottleneck B < 1 defines a house monotone, quota satisfying apportionment method
and vice versa, that is any house monotone, quota satisfying apportionment method
defines an algorithm producing just-in-time sequences with bottleneck B < 1.

5.8 Comments and References

The Theorem 5.1 belongs to Steiner and Yeomans [41], see also Brauner and
Crama [42] for further refinements. For matching algorithms in bipartite convex
graphs see Glover [51], Lipski and Preparata [52], Frederickson [53], Gallo [54],
and Gabow and Tarjan [55]. The proof that the bottleneck problem is in co-NP
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based on Theorem 5.5 is given in Brauner and Crama [42]. The upper bound given
in Theorem 5.6 comes from Brauner and Crama [42] and Theorem 5.7 was given by
Tijdeman [43], see also Meijer [56], in 1980. For most regular words see Gaujal [45]
and Vuillon [46]. The two cyclic processes sharing a common resource have been
analyzed by Gaujal [45] and Gaujal et al. [47]. Murata [49] gives a good review of
Petri Nets.



Chapter 6

Competition-Free Instances, The Fraenkel’s
Conjecture, and Optimal Admission Sequences

6.1 Introduction

A number of applications, we have seen some of them already in Chap. 3, deal with
sequences over a finite alphabet where each letter of the alphabet is required to occur
with a pre-specified rate r. The sequences are modeled generally as infinite however
for the rational rates the sequences become cyclic and then we can limit ourselves
to studying finite cycles. The sequence projection on a particular letter results in
an isomorphic zero-one valued sequence with the ones in the positions occupied
by the letter in the original sequence and zeros elsewhere. Thus, for each letter we
can consider the zero-one valued sequences and search for an optimal one for a
given letter regardless of all other letters. It turns out that the objective functions for
a single letter are often minimized by sequences with the letter being in positions
defined be the following formula
j 0
[ rr -‘ (6.1)

where j=1,2,... for some phase 8, which may be letter-dependent,and 0 < 6 < 1.
This was the case for the just-in-time sequences minimizing the total and maximum
deviation, see Theorem 3.1. There, 6 = ; It also holds for a class of multimodular
functions as proven by Hajek [6]. The multimodular functions were first studied by
Hajek [6], see Sect. 6.9 for their definition, and later by Altman et al. [7] as discrete
counterparts of continuos convex functions. Their most prominent application thus
far is to the load balancing problem in queueing networks, where the sequences
are designed to implement an admission policy, see Sect.6.10 for details of this
policy. Hajek [6], and Altman et al. [7] prove that the expected queue sizes and
more generally expected travel times in queuing networks represented by stochastic
event graphs are multimodular functions.

The just-in-time sequences have the same goal of leveling the workloads through-
out the supply chain. There, the admission sequence is simply the order in which the
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models enter the assembly line. The model rates are determined by model forecasts
relative to the total demand for all models.

The admission sequences defined by (6.1) spread the letter evenly throughout the
sequence but do not require equal distances between any two consecutive occur-
rences of the letter. These distances may differ by at most one. Thus the sequence
(6.1) is a relaxation of the exact covering sequences, also referred to as the constant
gap sequences, which require equal distances between any two consecutive occur-
rences of the same letter. The sequences (6.1) are also known as Beatty sequences,
Beatty [57], see Sect. 6.8.

Though an optimal solution for a single letter is provided by (6.1) and it can be
easily calculated, the real problem begins with composing the individual optimal
sequences for each letter into a sequence for the whole alphabet for clearly the
positions of letters in optimal sequences for individual letters may overlap. Thus,
a question of how the overlap conflicts should be resolved arises. We have seen in
Chap. 3 that the conflict for just-in-time sequence can be resolved to optimality so
that we can efficiently find sequences that optimize various functions of deviations —
total or maximum. To our knowledge there is no such efficient, that is polynomial
time, algorithm known for the multimodular functions so the problem there remains
open.

An important related question also arises, namely, what are the letter rates for
which the simple composition of individual letter optimal sequences defined by (6.1)
leads to a feasible sequence for the whole alphabet? In other words, can we find the
letter phase 6 in (6.1) so that the individual letter sequences do not overlap? This
simple composition is always possible for n = 2, we have seen this in Lemma 5.14
for one demand odd and the other even, we then have 6 = % for either sequence,
but it also holds for both demands being odd. Then, we can just take 6; = % +eand
0, = ; — ¢ for sufficiently small € > 0. The case with the irrational rates is dealt
with by the Beatty theorem [57], see Theorem 6.32.

However, the case n = 2 does not capture the complexity of the problem that
remains open and leads to an intriguing and challenging conjecture. This conjecture
referred to as the Fraenkel’s Conjecture, see Sect. 6.8 for its details, claims that if
the rates are requested to be pairwise distinct, then the simple composition without
overlap is only possible if the demands are powers-of-two, thus the rates are as
follows

1 2 "1
n—1'2n—-1""" 201"
The conjecture was proven for n = 3 by Morikawa [58, 59], for n = 4 by Altman
etal. [7], and for n =5 and 6 by Tijdeman [5,60]. As well, it was shown for the case
with a letter having rate at least % by Simpson [61]. Thus, the relaxation from the
constant gap sequences to the sequences (6.1) admits a unique instance for distinct
rates, if the conjecture holds. A well known result obtained independently by Mirsky
et al. [62] shows that there are no constant gap sequences for pairwise distinct rates.
Such can only be obtained if at least two letters have the same rates.

In this chapter we show that the competition-free instances introduced in Chap. 5

for the just-in-time sequence optimization define a special case of Fraenkel’s
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Conjecture that we refer to as the symmetric Fraenkel’s Conjecture, see Sect. 6.2
for details. The competition-free instances admit solutions that sequence all copies
in their ideal positions and thus minimize all the total deviation (3.1) and the maxi-
mum deviation (3.37) objective functions with the symmetric F, fori=1,...,n, at
the same time.

We then show that the composition-free instances must be power-of-two in-
stances for n > 3. This will be done in Sects. 6.3-6.7. We also prove in Sect. 6.8
that if the phases in (6.1) are chosen to be all equal, then the only instances for
which the solutions can be possibly composed from optimal single letter solutions
without overlapping are the power-of-two instances. All sequences obtained accord-
ing to the parametric apportionment methods result in all phases being equal. How-
ever, we conjecture that the only parametric method for which the power-of-two
is competition-free is the Webster’s method. Finally, we discuss the multimodular
functions and some of their applications in Sects. 6.9-6.11.

6.2 The Competition-Free and the Power-of-Two Instances

We now turn to the discussion of competition-free instances of the just-in-time prob-
lem, that is the total and maximum deviation minimization, that we alluded to in
Chaps. 3 and 5. A competition-free instance d = (dj,...,dn) is any instance that has

all its ideal positions _
{2] - 1"‘ 62)

2r;

fori=1,...,nand j =1,...,d; pairwise different. We show in Chap.5 that any
instance d = (ds,dy) with one demand being even and the other odd is competition-
free. We now consider the competition-free instances for n > 3. We show that
the move from n = 2 to n > 3 is rather a quantum leap that results in a unique
competition-free instance for any n > 3. This unique instance is the power-of-two
instance where dj = 211 fori=1,2,....n.

Without loss of generality we consider the standard instances only. Recall
from Chap. 1 that an instance is standard if 0 < d; <dy <--- <dp, n> 2, and
gcd(dy,...,dn) = 1. Moreover, recall from Chap. 4 that there always exist cyclic
optimal solutions. Without loss of generality we assume that no two demands are
equal, that is 0 < d; < dy < ... < dp. Otherwise, clearly an instance would not be
competition-free since all ideal positions for models with equal demands would
overlap. Our ultimate goal in this chapter is to prove the following theorem:

Theorem 6.1. For n > 3, an instance is competition-free if and only if it is power-
of-two.

We prove this theorem by showing that for the competition-free instances any
demand d; either divides the highest demand d, or its complement D — d,, this is
proven in Sect.6.4. The consequence of this is that the highest demand d, must
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be even in competition-free instances, this is shown in Sect.6.5. Our proof of
Theorem 6.1 is by induction, thus Sect. 6.6 shows that the theorem holds for n = 3.
Though we could have used the existing proof of Fraenkel’s conjecture for n = 3,
4, 5, and 6 instead, see Sect. 6.8 for details of Fraenkel’s Conjecture, we decided
to prove the case n = 3 differently to show that this can be done without the ap-
paratus developed for the special cases Fraenkel’s Conjecture in the literature, see
Tijdeman [5]. The proof is presented in Sect. 6.7 which puts all the arguments to-
gether. Before moving to the details of the proof we show that the competition-free
instances attain the absolute minimum of the bottleneck deviation which no other
instances are capable of attaining. This is shown in the next section.

6.3 Bottleneck of the Competition-Free Instances

We prove that the competition-free instances are exactly those that result in maxi-
mum absolute (or bottleneck) deviation being less than ; That is the competition-
free instances satisfy the following inequality

B* = msin{H (S)= mal}x|xik —kri|} < L (6.3)
i,

2

subject to constraints (5.3) given in Chap. 5 and these are the only instances that do
this.

The following lemma implies that the instances with bottleneck less than % must
be competition-free.

Lemma6.2. If B* < ; then each copy is sequenced in its ideal position.

Proof. By contradiction. Consider copy j of i sequenced in position [Zj’ﬂ +A,

2r;
where A > 1and integer. Then x; 2; 1, < j — 1. Moreover, r4- 11r. >t —
12

Therefore, the deviation [x; 2 1, 123 1]ri| at pointk = [}, '] is at least 1, which
o2r !

contradicts B* < 1 . Now, assume that copy j is sequenced in position (2’ 11 A,
where again A > 1 and integer. Then, X; ;- 12 j. Moreover, ([} 1] —1)r; <

j— 3, which means that the deviation |x 2t —([*-1]—1)rj| is at least 1. This

] -1 2r

again contradicts B* < ; ! and proves the Iemma. ad
Moreover, no ideal vertex of the competition-free instances is integral.
Lemma 6.3. If B* < % then no ideal vertex is integral.

PzrooI Byzcontradlctlon Let the ideal vertex of copy j of i be mtegzral Then,
(3 1= "3 ByLemma62x( X241y [Zr. 1ri| =

li—(j— %) = 2, which contradicts B* <3 1 and proves the Iemma O
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We have the following two important characteristics of the competition-free in-
stances.

Lemma 6.4. D must be odd for the competition-free instances.

Proof. By contradiction. Suppose that D is even for some competition-free instance.
Then, there must be a positive even number of odd demands d; for the instance is
standard. Let d; and d,-7 i # |, be two odd demands in the instance. Then, the middle

copies d'“ and '+ of i and j respectively occupy the same ideal position 'g. Thus,
the mstance is not competition-free which leads to a contradiction. O

Similarly, we show that exactly one d; of a competition-free instance may be odd.
Lemma 6.5. For competition-free instances exactly one dj, i=1,...,n, is odd .

Proof. Consider i with an odd d;. Then, di = 2k + 1 for some integer k > 0, and the
ideal vertex of copy k+1 < 2k+1of iis k“) =D, Consequently, each i with

an odd dj has one of its ideal positions at (2 ] , thus there is no more than one odd dj
in a competition-free instance. However, at least one di must be odd, otherwise, the
instance would not be standard since gcd(ds,...,d,,D) > 2. O

We are ready to show that the instances with small bottleneck that meet the con-
dition (6.3) are the same as the competition-free instances.

Theorem 6.6. The (6.3) holds subject to constraints (5.3) for an instance
d=(dy,...,dy) ifand only if d = (dy,...,dy) is competition-free.

Proof. Lemma 6.2 implies that all D ideal positions [21 11 are pairwise different
for B*<§. Thus, the instance is competition-free. Now, by contradiction, assume

that all D ideal positions Z} = (2’ 11 are pairwise different and B* > . Consider a
solution that places all copies in thelr ideal positions. We have

1
[Xi —kril =, (6.4)
for some some i and position k in this solution. Without loss of generality assume
that k is the earliest such position, that is for all i and k' < k the deviation |xj — k'ri]
is less than 3.
If k is between the ideal positions of copies j and j+1 of i, that is
Z' <k<ZJ+1, (6.5)

for some copy j =1,...,d;j — 1 of i, then xjx = j and either

. 1 . 1
—Kr; > — Kk < —
| kr.fzorj kri < ’
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Then, however, we get either

2j—1 Or2]4—1

i <z' <k
] 2ri 2r 1 ="

which contradicts (6.5) as long as

2j—1
or, > k.
Thus, consider )
2j—-1 K
2r; -

Then, for k > 1, we have xjx_1 = j— 1. Thus,

1

. : 1
j—1+(k—l)ri=j—kl’i—l—l’iz—z—l‘i<—2

which contradicts our assumption that k is the earliest position where (6.4) holds.
However, k > 1. Otherwise, for k = 1, we have

1
i = 9
thus D = 2d; is even. This leads to a contradiction since by Lemma 6.4 D must be
odd for any competition-free instance.
If k is before the ideal position of the first copy of i, that is

k<Zi, (6.6)
then 1
|0 —kri| > >
Thus _ 1
kZZiEZri, (6.7)

holds since (6.7) contradicts (6.6). Finally, if k is after the ideal position of the last
copy of i, that is

k> 2§, (6.8)
then
di ki > *
1 1| = 2
Thus o1
Zi> T sy .

holds since (6.9) contradicts (6.8). Therefore, we reach a contradiction for any pos-
sible case for k, which proves that if all D ideal positions Zj = [Zér’ﬂ are pairwise

different, then B*<3. O
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For n = 2, the instance is competition-free if and only if one of demands d; or d
is odd and the other even which follows from Lemmas 5.13 and 5.15. Moreover, by

Theorem 5.10
1
B*
<2
if and only if one of demands d; or d, is odd and the other even. These two also

imply the following theorem.

Theorem 6.7. B* < % if and only if one of demands d; or d, is odd and the other
even.

6.4 Polygons of the Competition-Free Instances

We now show further characteristics of the competition-free instances for n > 3.
The main one is that any d;, fori =1,...,n— 1, divides either the highest demand
dy or its complement D — dj, in a competition-free instance. Our proof is geometric,
it relies on natural symmetries embedded in n regular polygons inscribed in a circle
of circumference D and defined by the ideal vertices

2j—1

ori (6.10)

fori=1,...,nand j=1,...,d;.

We begin with introducing the essential definitions and terminology. Take a circle
of circumference D, that is of the diameter '73[, and wrap the interval [0, D] around it
so that the ends 0 and D meet at the North Pole, the highest point 0 in Fig. 6.1. Call
the resulting circle a D-circle . The circle is split into D unitarcs [0,1],...,[D —1,0]
by the unit marks 0,...,D — 1. The points j + %7 for j=0,...,D—1 will be called
the half-points. The lowest point on the D-circle opposite the North Pole will be
called the South Pole. The South Pole is always at 5, equal 7} in Fig. 6.1, since D
must be odd for any competition-free instance by Lemma 6.9.

. 1
The ideal vertices 2%;17 j=1,....d;, of i define a polygon P? inscribed in

D-circle, see Fig.6.2. The superscript % in our notation for the polygons will be-

come clear later in the chapter, namely in Sect. 6.8. It suffices to say now that the

polygons correspond to the Webster’s parametric method of apportionment that uses
1

parameter 6 = % in calculating apportionments. The polygon P? is a regular dj-gone

with the side of length 2 sin 1‘3?0 as observed in the following lemma.

Lemma 6.8. The ideal vertices for any i are equally spaced in [0,D] with the first
vertex at 55 = 5., each next at a distance § = from its immediate predecessor,

D _ 1
and the last one at 2d = 2r, from D.
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Fig. 6.1 D-circle, D =15 N

Fig. 6.2 The d-gone pi
inscribed in D-circle, D = 15
andd =8

Proof. Follows immediately from the definition of ideal vertices, see (6.10).
Namely, the distance between vertex j+ 1 and vertex j equals z“;rl_)‘l ~ai_b
I 1 1
for j =1,....di — 1. The first vertex is at ;' = 2, and the last at %}, * =
D
D— g O
The vertices of different polygons never fall in the same unit arcs for the
competition-free instances.

Lemma 6.9. For the competition-free instances exactly one ideal vertex falls in the
open interval (i—1,i),fori=1,...,D.
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Proof. For competition-free instances all D ideal positions [21 11 fori=1,.

and j =1,. dI are pairwise different. By Lemma 6.3 and "Theorem 66 aII
ideal vertices %; ,i=1,...,nand j=1,....d; are fractional which proves the
lemma. O

Finally, we have the following useful observation.

Lemma 6.10. For the competition-free instances, 1 < 5 < 2 and ('i > 2 fori=
1,...,n—1.

Proof. Obviously, 1 < dD since n > 3 and all demands are positive integers. We show

that (',3 < 2 by contradiction. Suppose that D > 2, then 2'3 > 1 and consequently
by Lemmas 6.8 and 6.9 the first and last |deal vertices of product n do not fall inside
[0,1] and [D — 1,D] respectively. However, > P fori=1,...,n—1and standard
instances, thus, no ideal vertex falls in elther [0,1] or [D— 1,D] which contradicts
Lemma 6.9 and proves that { < 2. We now show that (',Di >2fori=1,....,n—1.

By contradiction, suppose that ('i <2forsomei=1,...,n—1. Then, 2% <1and

consequently, i shares both [0,1] and [D — 1,D] with n, which again contradicts
Lemma 6.9 and proves that (',Di >2fori=1,....n—1. O

1
For each polygon P? with d; > 1, let us call its two closest to the North Pole
vertices (one to the left and one to the right of the North Pole) the North Pole vertices

1

of P?. By Lemma 6.8, if d; > 1, then the side that connects the North Pole vertices
1

of P? is horizontal. The arc between the North Pole vertices will be referred to as

1
the North arc of P2,
For an even d., by the symmetry with respect to the WE axis, there are two

vertices of P2 at the bottom of the D-circle opposﬂe the North Pole vertices of P2

we shall call them the South Pole vertices of Pi2. Obviously, the side connecting
them is horizoqtal. The arc between the South Pole vertices will be referred to as the

South arc of P?. Notice that the North Pole vertices are the same as the South Pole
vertices for dj = 2.
We are now ready to prove the main result of this section.

1
Lemma 6.11. Consider a di-gone P> with d; > 1,i=1,...,n— 1. Then, either
dn = aidi

for some even ¢ or
D — dn—di = fich
for some even fi > 2.

Proof. Consider an arbitrary arc XY of D-circle between two adjacent vertices X
1
andY of P?,di>1,i=1,...,n—1,seeFig.6.3. By Lemma 6.9, X does not coincide
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—~ 1
Fig. 6.3 Anarc XY of D-circle bounded by the adjacent vertices X and Y of dj-gone P2

with unit marks a or b, and Y does not coincide with unit marks e or f. By Lemma
6.10, the length be of the arc be is at least 1. Also by Lemma 6.10, a vertex, say A,

1
of P¢ must be somewhere between unit marks b and c, and another vertex, say B,

1
of P¢ must be somewhere between unit marks d and e, see Fig. 6.3. Observe, that
be =1impliesA=B,c=e,andd = b.
1
Let o be the number of P vertices between b and e. We have o« > 1 and
1
(a—1)x = <be.

M

On the other hand, .

ax >he
I

since rln > 1+ max{bA,Be} > bA+ Be, where bA and Be are the lengths of the arcs
bA and Be respectively. Therefore, the o satisfies the following inequalities

rbe < o <rybe+1 (6.11)

and thus it is a unique integer. However, be can be either “J or HJ —1.Let B be

i
1
Fi

the unique a satisfying the inequalities (6.11) for be:L J and v be the unique o

satisfying the inequalities (6.11) for be= HJ —1. We have

0<B—y<l+rn. (6.12)

Thus, for integer B and v, the inequalities (6.12) imply either = yor f = y+ 1.
In the former case, we have d, = 3d;, and since there is an even number of vertices

1 1
of R{ on the North arc of P2, then 8 is even. Thus, the lemma holds. In the latter

—~ 1
case, there are dj > a > 1, XY -arcs between adjacent vertices of P;? with be = HJ
—~ 1
and dj — a, XY -arcs between adjacent vertices of P? with be = HJ — 1. The former

1 1
have y+ 1 vertices of P2 each, the latter have y vertices of P? each. Thus, there are
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1 —~
}IJ — y— 1 vertices of polygons B2 fork #iandk =1,...,n—1 on each arc XY.

Consequently,

| -7 nai=pa (6.13)

D—dn—di:(L

This completes the proof since by (6.11) and the definition of y we have

renif-oe 22

and thus ﬂ. > 2. Finally, observe that since there is an even number of vertices of
polygons sz fork #iandk=1,...,n— 1 on the North arc of P,2, then

iseven. 0O

6.5 Characteristics of Competition-Free Instances

The consequence of Lemma 6.11 and the well-known result of Mirsky et al. [62]
concerning the exact covering sequences is that any competition-free instance must
have d,, even. The proof of this claim will be the main result of this section.

We now recall an important result obtained independently by Mirsky, Newman,
Davenport and Rado and concerning the exact covering sequences. For nonnegative
integer numbers a and b denote by (a,b) the sequence {jb+ a: j=10,1,2,...}.
A finite set {(aj,bi) : 1 <i<n} is called an exact covering sequence if every non-
negative integer occurs in exactly one (aj, b;). We have the following result.

Lemma 6.12. If a set of pairs (a;j,bj) for i =1,...,n is an exact covering sequence,
then there are k and I such that k # | and by = b; = max;{b;}

Proof. Suppose (aj,bi) for i =1,...,n is an exact covering sequence. Then in the
series

n
2 2 Xai+kbi

i=1k>0
the x" for each nonnegative integer n occurs exactly once. Therefore, we have

i 2 Xai+kbi — i X 1

= . 6.14
i—1k>0 iZ11—xbi 1-x (6.14)

Let = e%™/" be a primitive rth root of unity for some integer r > 1, multiply
both sides of (6.14) by @ — x to get
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% (0—=x)x%  ©—x
S 1—xh T 1—x
Thus
(o —X)x® n (@—=x)x%  w—x
1 — xbi r does not divide bj 1 — xbi 1-x’

r divides b;

By letting x — @ we get

W — X)X o —X
( )b — 0 and —0
r does not divide b; 1 — X"i 1—x
and _ _
(0 — X)X —o
— .
rdividest; 1—XPi r divides b; —Di®Pi~1
Thus,
— ¥ a)ai+l
by = - =0. (6.15)
r divides by —Di®% 1 ¢ divides b; bi P
By definition " = 1 as long as r divides bj, thus (6.15) becomes
0% 0
r divides b; Di '
If we take r = max{b;}, then
o i
— =0
rdividesb; Di  r=b T
However, @ # 0 and thus the equation
Y 0%=0
r =bj
O

can only hold if there are at least two different i and j such that bj =bj =r.

We are now ready to show the main result of this section.

Lemma 6.13. For the competition-free instances d, must be even.
Proof. By contradiction. Suppose that d,, is odd. Then, by Lemma 6.5 all d; are even

fori=1,...,n—1. Therefore, by Lemma 6.11, there are even A4, ..., Ay_1 such that
(6.16)

D—dn= (A4 +1)d;,
1 1
fori=1,...,n—1. Consider the vertices of polygons P?,...,P?2 ,. By (6.16) they

are equal
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(2j-1)(Li+1)D

2(D—dy) (6.17)
1

fori=1,...,n—1, and the vertices of polygon P are equal

(2j—1)D

ody (6.18)

The polygon P,% with its vertices equal

(2j-1)b

2(D—dp)’ (6.19)

1
has these vertices in different unit arcs than P¢ which follows from Theorems 6.6
and 6.7 since dy is odd and D —d,, is even. Thus, the set of unit arcs with the vertices

1 1
of polygons P?,...,P2 , givenin (6.17) coincides with the set of unit arcs with the

vertices of the polygon Pr% in (6.19). Therefore, the sets {(2j —1)(A4i +1) : j
1,2,...} fori=1,...,n—1 are disjoint and their union covers the set {(2j—1) :
j=1,2,...} of odd positive integers. Thus, the sets {(Ai+1)j — ’;i j=12,...}
fori=1,...,nare disjoint and their union covers N. Then, however, by the result of
Mirsky, Newman, Davenport and Rado given in Lemma 6.12, we must have

M= N
for some | # k. and consequently
dj = dy

for some | £ k by (6.16), which leads to a contradiction. This proves that d, must
be even in a competition-free instance. 0O

Finally, we have the following observation.
Lemma 6.14. For the competition-free instances, if d,_1 is even, then oy 1 = 2.

Proof. By Lemma 6.13 d, must be even in a competition-free instance. Thus, if dy_1
is even as well, then we have d,, = o, _1dn_1for some o, 1 > 2 by Lemma 6.11. We
1

have an(ocn_l —1) < o1 since only vertices of B? may occur between the North

1
Pole vertices of B2 ;, and by Lemma 6.9 each of them occupies a different unit arc,
hence an < a:‘j;ll. Let us now consider the South Pole vertices of an even d,_1-
1

1
gone P2 ,. Again, the distance between the first and the last of these vertices of P{ is

1
5 (an—1—1). Extend these sequence of vertices by adding one vertex of P? to each

end. The distance between the new end vertices then becomes an(an_l +1). On
the other hand there are at least o, _1 + 3 unit arcs between these two end vertices:
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o1 occupied by the vertices of Pn , two occupied by the vertices of P2 ,, and

one occupled by an odd d-gone vertex, see Lemma 6.5. The d-gone is nelther Pn
nor P2 ", since both dn and d,_iare even. Consequently, (ocn 1 + 1) > an_1+3,

an 1+3 an 1+3 Onp-1
and thus 1 < d . Therefore, we have shown that 1 < dn < g1 and
thus, an,1+1 < 17 . This implies, o1 < 3, hence ocn,l = 2, which proves the
lemma. O

6.6 The Competition-Free Instances for n =3

This section shows that there is only one competition-free instance for n = 3. This
instance isd; = 1,d, = 2,d3 = 4. This is not a straightforward extension of the n = 2
case where the number of instances with small deviations was shown infinite. The
case n = 3 needs to be considered separately since our proof of Theorem 6.1 will be
done by induction on n beginning with n = 3. We begin by showing the following.

Lemma 6.15. We have either d; = 1,dy = o,d3 = 20 for some even o or d3 =
Bdidy, where d1 > 1, and integer g > 1.

Proof. If the unique odd d;, where i is either 1 or 2, does not divide ds, then by
Lemma6.11

d14(imod2) = D —d3 — di = 04di.

Since d, ;.4 1 €ven then again by Lemma 6.11

d3 = a1+(imod2)dl+(imod2) = % (imod2) o5d;.
Thus, d; < ged(di,d, ;04 -d3) = 1, and the lemma follows from Lemma 6.14.
Now, let the odd di, where iis e|ther 1 or 2, divides d3. Then by Lemma 6.11

d3 = Otzdz and d3 = OCldl.

Thus,
OCldl

(2%
which means that o divides ond;. If o and dy are relatively prime, then o di-
vides o4 and thus d; < gcd(ds,d,d3) =1, and again and the lemma follows from
Lemma 6.14. Otherwise, d; = kx and o = Ix, for some integer x > 2, and k and |
being relatively prime. Then

dy =

d3 = kXOCl,
d1 = kx
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and c
dy — O‘Il .

Thus, | divides oq, that is
oq = ml and dy = mk.

Consequently, k < gcd(d;,d»,d3) = 1 and

d3 = xml
d1=X
do = m.

This ends the proof. O
For the former case in Lemma 6.15 we have.

Lemma 6.16. The instances with d; = 1,d, = o,d3 = 20, where o > 4 and even,
are not competition-free.

Proof. Consider copy o —k of 2 and copy 2(o — k) of 3, where 0 <k < o — 1. The
ideal vertex of the former is

(20— 2k —1) e 1 k1
vy Batl)=@a-k)- - - (6.20)

and the ideal vertex of the latter equals

1 k 1
—k e 21
(3ax )+4 o 4o (6.21)
Let us chose k so that
a<k<a<a
4 -3 2
which is possible for ac > 6. Then
1 k 1
-1 _ —
<4 o 4oc<0
and LK 1
—1<—2—a—2a<0.

Therefore, the two vertices fall in the same unit interval [(3cc — k) — 1,30 — k] and
thus the instance is not competition free. For oo = 4 we easily check that (6.20) for
k = 1 equals
1 k 1 7
(3oc—k)—2— o0 2a _(3oc—1)—8
whereas (6.21)

1 k 1 1
(3a—k)+4—a—4a=(3o¢—1)—16.
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Thus again the two fall in the same unit interval [(3cc — k) — 1,30 — k] and thus
again the instance is not competition free. O

For the latter case in Lemma 6.15 we have.

Lemma 6.17. The instances with d3 = Bd;d,, where d; > 1, and integer B > 1, are
not competition-free.

Proof. If Bd; is odd, then d, must be even by Lemma 6.5. Then, however by
Lemma 6.14, Bd; = 2 and we get a contradiction. Therefore, fd; must be even.
If at the same time d is even, then again by Lemma 6.14, $d; = 2 and thus d; = 2
which leads to a contradiction since then all three, dq,d, and d3 are even and thus
gcd(dy,d,d3) >2. Hence d, must be odd. Now, consider

(2j—=1ds _ (2j-1)Bdz

2d; 2
where j=1,...,d;. If B is odd, then

1
k—|+2

is a positive integer less than ds, and the ideal vertex for copy k of 3 is then

(k-1)D _ID _(2j-1)ds D _(2j-1)D

2d3 d3 2d1 d3 2d1

the same as the ideal vertex for copy j of 1, thus the instance is not competition-free.
Finally, consider the case of even 3. Suppose that HiJ is even, then there are a

sides of di-gone with the odd number Hﬂ of dy-gone vertices between the ver-

tices of each of these sides, and by symmetry with respect to the NS axis the a is
even. Observe that by symmetry with respect to the NS axis, there is an even num-

ber HiJ of d,-gone vertices between the North Pole vertices of di-gone. Therefore,

the remaining (d; — a) sides of d;-gone are with the even HiJ number of d,-gone

vertices between the vertices of each of these sides. Then, however

d,=a hﬂ +(dy—a) mﬂ

which is a contradiction since the right hand side is even and d; is odd. Thus, HiJ
must be odd. Then, consider integers

_ Pkdy
2

andj:k+1,

! 2

wherek = 1,...,d, and odd. The ideal vertex for copy j of 2 is



6.7 Putting it Together 121

kD _ kpdy k| 1 ki
2d, 2 2] 2 2d,

and the ideal vertex for copy | of 3 is

kb D  kpd k| kd; di+d
=ﬁ1+{J+ 1_Oi+02

2d, 2ds 2 2| " 2d,  2ds

Fork = HiJ , we have
kd;

1
1.
0<2+2d2<

Note that HiJ < gi since odd dy is not divisible by even d;. Thus, it remains to

show that
kd, B dy +dy

2d, 2d3
for the k. This is equivalent to showing that

0<

do do
1-‘rdl < \\leﬁdl

or
3

2| &

which holds since HiJ > land Bd; > 4. Thus, ideal vertex for copy j of 2 and the

+1<pd

ideal vertex for copy | of 3 both fall in the same interval [¥A™ | K| K69 | k| 11
and the instance is not competition-free. This ends the proof. O

The main result of this section follows.

Theorem 6.18. The optimal solution to (6.3) for a standard instance d = (d1,dy, d3)
has value B*<3 if and only if d; = 1,d, = 2 and d3 = 4 and B* = 3.

Proof. Follows immediately from Theorem 6.21 and Lemmas 6.15-6.17. O

6.7 Putting it Together

We are now ready to prove Theorem 6.1. The induction is based on the following
key lemma.

Lemma 6.19. If an instance (ds,...,dn) is competition-free, then so is the instance
(dg,...,dn-1),n>2.
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Proof. We have two cases to consider. First, suppose that the unique odd d; in
the competition-free instance (d1,...,dn) does not divide dn. Consider the instance
(dq,...,dy—1) and

n—-1
D'= Y d¢=D—d,.
k=1
We then have the ideal vertex of copy j=1,...,d; of i at
2j—1 (2j—-1)D" (2j—1)(D—dp)

o~ 2d 2d; ' (6.22)
By Lemma6.11
D' =D—dn= (Bi+1)di (6.23)
where f; 4+ 1 is odd. Thus from (6.22) and (6.23) we get

2r] 2

Since (2j —1)(Bi+ 1) is odd, then the copies j = 1,...,d; of i have all their ideal
vertices at the half-points. The distance between any two adjacent vertices of i is

thus B + 1, and the first vertex of i is at the half-point Bigl. Moreover, for any k £ i
andk =1,...,n—1, its ideal vertices are at

2j—1 2j-1
2ry 2ry

. Ok
—(2j-1) ) (6.25)

where j =1,...,dx. Thus, any ideal vertex of k advances to the Ieft by an integer
(2j—1)% 5 ,smce o iseven by Lemma6.11, from its original vertex 2r . Itremains
to show that each of the vertices in (6.24) and (6.25) occupies a different unit interval
(1-1,1),1=1,...,D’, that is there is exactly one ideal vertex of (dy,...,d,_1) that
falls into (I — 17I), and thus the instance is competition-free. The proof uses the
D-circle introduced in Sect.6.4. Let Cp be the D-circle for the competition-free
instance (d,...,dn_1,dn). Delete all unitarcs from Cp with ideal vertices of d,-gone
to obtain a circle C. In this circle, each unit arc is occupied by exactly one vertex
since it is the case in the original circle Cp. Moreover, by Lemma 6.11, exactly S
unit arcs with the vertices of dg-gones, k #2iand k =1,...,n—1, remain between
any two adjacent vertices of dj-gone after the deletion. Hence, the d;j-gone vertices

are in the unit arcs
H(Zj_l)z(ﬂi-ﬁ-l)J’{(Zj_l)z(ﬁi'f‘l)-u. (6.26)

of C. Observe, however, that these vertices may not necessarily coincide with the
half-points in (6.24) Moreover, Lemma 6.11 guarantees that the removal of the unit
arcs with the ideal vertices of d,-gone from Cp advances ideal vertex j of k # i and
k=1,....n—1hby



6.7 Putting it Together 123

. Ok
J Ok 2

with respect to the original position

2j—1
2ry ’
thus the vertices of all dg-gones, k £ i and k = 1,...,n — 1 coincide with those in

(6.25). Finally, the vertices of the dj-gone in the C-circle can be moved to the half-
points inside of their unit arcs (6.26) which results into a Cp/-circle with the ver-
tices define by (6.24) and (6.25) for the instance (dj,...,dy—_1). Thus the instance
(dq,...,dn—1) is competition-free.

Now assume that the unique odd d; in the instance (di,...,d,) divides dn We
then have © g =0 +D a4 fori=1,...,n—1. Again, take the D-circle for the original
instance and delete from it all un|t arcs with the ideal vertices of the d,-gone inside.
By Lemma 6.11, exactly o unit arcs are deleted between any two adjacent vertices
of dj-gone fori=1,...,n— 1. Consequently, the distance between any two adjacent
vertices of dg-gone becomes de' , and we can easily obtain a D’-circle for the instance
(dq,...,dy—1). with exactly one ideal vertex in each unit arc. Thus, the instance
(dq,...,dy—1) is competition-free. 0O

This lemma is key in the following theorem.

Theorem 6.20. If an instance (ds,...,d,) is competition-free, then d; = 211 for i =
1,...,n,n>3.

Proof. By induction on n > 3. The theorem holds for n = 3 by Theorem 6.18. Let
us assume that the theorem holds for n = k > 3. We prove that it also holds for
n =k + 1. Consider a competition-free instance (di,...,dn). By Lemma 6.19, the
instance (d1,...,dn_1) is competition-free. Thus, by the induction assumption d; =
211 fori=1,...,n—1. Therefore, d,_1 is even, and by Lemma 6.14, ctn_1 = 2.
Therefore, by Lemma 6.11 d = 2d,_1 = 2"1, hence di =21 fori=1,...,n, and
the theorem holds for n = k+ 1. This completes the proof since by induction the
theorem holds foranyn > 3. O

Thus, it remains to show that the opposite also holds.

Theorem 6.21. The instance (dy,...,dy) with dj = 2=1 for i = 1,...,n has B* =

n—1 - -
2,011 < 1 and so is competition-free.

Proof. Consider the ideal positions for the instance (dy,...,dn) with dj = 21 for
i =1,...,n. We have the following ideal position for copy j=1,...,2" 1 of i,

zi= [2"2;11 —(2j-12i- f‘;lJ _(2j -2



124 6 Competition-Free Instances, The Fraenkel’s Conjecture

and thus observe that all ideal positions for this instance are pairwise different. Now,
let us consider the earliest E(i, j) = P;ﬂ and the latest L(i, j) = {‘ LB +1J
positions for copy j of i and the bottleneck

n-1_
B:2 1.
2n—1

T R R o ECT I
and

T R L e VCa b o] BT R EARE
|

Therefore, a feasible sequence for the instance (di,...,dn) with d; = 211 for i =

1,..,nandB = 2} 1 <3 ! exists. The sequence simply has copy j of i in its ideal

posmon Z'- Finally, by Lemma 4.22 no other sequence for the instance d; = 211 for

i=1,...,nwithB <; ! exists. Otherwise, the sequence would have some copy j of

some i in a position dlfferent then Z&, which would result in a bottleneck at least %

1
Therefore, B* = 2;,1_‘11. i

It is clear now that Theorem 6.1 follows immediately from Theorems 6.20
and 6.21.

6.8 Fraenkel’s Conjecture and Competition-Free Instances

We now explore Theorem 6.1 in the context of the well-known Fraenkel’s Conjec-
ture which we now define. For rational numbers o« > 1 and 3 denote by S(e, )
the sequence {|ja+fB]:j=1,2,...}. Afinite set {S(c,Bi) : 1 <i<n} is called
an exact cover if every positive integer occurs in exactly one S(o4, ). We have the
following conjecture of Fraenkel, see also Tijdeman [5].

Conjecture 6.22 (Fraenkel). If {S(ai,Bi) :1 <i< n} is an exact cover with oy >
..>apandn>3,then {ay,...,on} = {2,1 i=1,...,n}.

The Fraenkel’s Conjecture remains open. However, the following results have
been shown. Simpson [61] proves the following theorem.

Theorem 6.23. The Fraenkel’s Conjecture is vacuously true for o < g or equiva-
lently for ry > 3.

Morikawa [58, 59], and Altman et al. [7], and Tijdeman [5, 60] show the
following.
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Theorem 6.24. The Fraenkel’s Conjecture holds for n =3, 4, 5, and 6.
Uspensky [63] shows that.

Theorem 6.25. The Fraenkel’s Conjecture is vacuously true whenever
Bi=0fori=1,....,njorBi=1fori=1,....n

Proof. Uspensky proves that the set {S(e4,0) : 1 <i < n} is never an eventual exact
cover for real ¢ > 1,i=1,...,nand n > 3. This also implies that no set {S(¢4,1) :
1 <i<n}is an eventual exact cover for real o; > 1,i = 1,...,n. These two imply
the theorem. O

We now show the following theorem that we refer to as the symmetric Fraenkel’s
Conjecture.

Theorem 6.26. If {S(04,—5'):1<i< n} is an exact cover with o > ... > oy and
n >3, then {on,...,on} = {22”, L:i=1,....n}.

Proof. If {S(04,Bi):1<1i<n}isan exact cover, then 2" 1 Olq = 1. Now, let D be
the common denominator of 0}17. & . Then, we have | = =% ,O} = where

d1,...,dn are some positive integers and D=yY!,d. Wlthout Ioss of generallty
gcd(ds,...,dn) = 1. Consider, the interval [0, D]. Smce {S(oi,—F):1<i<n}is

an exact cover, then all jo; — 5 = (2121)“1 = (251) j=1,...d; are fractional.
21 1)

This claim holds as hoIIows Suppose that there is j and i such that =

(2‘ 1)D is integral. Hence, since 2j — 1 is odd, then D must be even. Therefore
there must be an even number of odd numbers among d, ..., d,. Otherwise, either
all demands are even and then gcd(dy,...,dn) > 2 or else there is an odd number
of odd demands and then D is odd, both cases lead to a contradiction. Now, let
da =2k — 1 and d, = 21 — 1, for some positive integers k and I be two odd demands

and a # b. Obviously, k < d4 and | < dy, and thus (2" 1> =3 D of aand (2' 1> = 'g
of b are equal and thus {S(c,— %) :1<i<n}is not an exact cover, whrch leads
to a contradiction.

Therefore, the instance (d, . ..,dn) is competition-free. Thus, by Theorem 6.20,
di = 271, i = 1,...,n. Consequently the symmetric Fraenkel’s Conjecture

holds. O

This theorem immediately implies the Fraenkel’s Conjecture for the sets of the
form {S(0i,— 5 +a): 1 <i<n}, whereaisan integer, and {S(0j, — 5 + i) : 1 <
i <n}, where —21,1 <A< zln. What happens for other forms of Bis seems mostly
open. However, we show that the conjecture holds for the parametric case as well.

For a rational numbers o« > 1 and 0 < 6 < 1, define the parametric sequence as
follows

jo+ (-1 (6.27)

for j =1,2,... The parametric sequences are related to the parametric sequences of
apportionment as follows. Consider the set of parametric sequences {S(as, (6 — 1)
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0i) 11 <i<n}. If the set is an exact cover, then 3! ; ali = 1. Let D be the common

denominator of },..., 2. Then, } =% ... 2 =% for some positive integers
1 On o1 Oln

di,...,dn,and D =3 , dj. Without loss of generality gcd(dy,...,dy) = 1. We then

have

5-1)

joi+(0—-1oi=(j+(6—-1))oi = j+(r

(6.28)

for j =1,...d;. Thus the sequence corresponds to a 6-parametric sequence

di
j+(6-1)
The Adams’s for 6 = 0, the Jefferson’s for 6 = 1, and the Webster’s for 6 = %
Therefore, by Theorem 6.25 the Fraenkel’s conjecture is vacuously true for 6 =1

or the Adam’s sequence, and for § = 0 or the Jefferson’s sequence. We have the
following general theorem for the parametric sequences.

Theorem 6.27. If {S(ai, (6 —1)04) : 1 <i <n} nis an exact cover with 0 < 6 <1,
o1 >...>onandn >3 then {oq,...,on} = {4 i=1,....n}

Proof. By Theorem 6.25 we may assume 0 < & < 1. Rewrite (6.28) as follows

j+(6—-1 2] —
j+(6-1) _ 2] 1.8
I 2r; I

where —J < &=8—} < 1. The vertices

2j—1
2I’i ’

1
fori=1,...,nand j=1,...,d; define a regular di-gone P,* and the vertices

2j—1 L €
2r; ri’
%+8

fori=1,...,nand j=1,...,dj define a regular di-gone denoted by P, The

1 1
polygon Pi2+8 is obtained from P2 by rotating the latter by the angle
_ 2nmle|

6i = 4

i=1,...,n, clockwise if € > 0, or counter-clockwise otherwise. Assume & > 0. Sup-

1
pose that the polygons Pi2+‘9 make up an exact cover for (dy,...,dn) which is not the
power-of-two instance. Rotate them by 6; counter-clockwise to obtain the polygons
1

P2,i=1,...,n. Consider those polygons after the rotation now. By Theorem 6.20
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the instance (d1,...,dn) is not competition-free, thus there is a unit arc [k,k + 1] of
the D-circle, and by the NS-symmetry a unit arc [D — (k+ 1),D — K], that includes

1 1
vertices of at least two polygons P? and Pf, i # ], after the rotations. Without
loss of generality let us assume that the k is smallest possible. Thus, each unit arc
[0,1],...,[k—1,k], as well as each unitarc [D,D—1],...,[D— (k—1),D —k] by the
1

NS-symmetry, includes at most one vertex of the polygons P2, i =1,...,n. Thus,

1
there are | <k vertices of polygons P?, i =1,...,n in each of the arcs [0,k) and
[D—k,D),and 1+ 2 inthe arc [D — (k+1),D). This, however, leads to a contradic-
tion as follows. Consider the arcs R = [0,k) and L = [D — (k+1),D). If I <k, then

1
the clockwise rotation of polygon P;? by, see Fig. 6.4

T

9i<di,

(6.29)

1
fori=1,....n, results into at most | vertices of polygons Pi2+8, i=1,...,n,in
the arc R which leads to a contradiction since the polygons make up an exact cover
and thus there must be exactly k of then in R. Otherwise, that is if | = k, the same

1
rotation results into at least | 4+ 2 vertices of polygons Pi2+£, i=1,...,n, in the
arc L. This leads to a contradiction again since then | +2 = k4 2, and there are only
k+ 1 unitarcs in L. Therefore, the Fraenkel’s Conjecture holds for all apportionment
parametric sequences for € >. However, a similar reasoning proves the € < 0 case
aswell, and the e = % case is shown in Theorem 6.26. 0O

D-K
N .
N | e
~ ! 1 4
D-(K+1) . Voo ,/ k+1
AN \ [ , .
N \ I’ ,
T
\ \ 2T )/
\ V= ,
\

1 1 1
Fig. 6.4 The North arcs of polygons R?, P2, and sz in the rotations by 6y, 6;, and 6; respectively
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6.9 Regular Sequences and Multimodular Functions

We begin by introducing regular sequences (words). The main problem is to find,
if any exists, a regular word for given rates with which letters should occur in the
sequence. Though this problem remains open, we provide a summary of condi-
tions under which such words exist. Our discussion relies on the results on the
competition-free instances and the symmetric Fraenkel’s Conjecture discussed in
Sect. 6.8.

6.9.1 Regular Sequences

For the rate 0 < r < 1 and the phase 0 < 6 < 1 the zero-one sequence
o(r,6)=[(J+1r+6]—ir+6] (6.30)

j € Z is called a regular sequence (or a Sturmian word if r is irrational). Let
{a1,...,an} be a finite alphabet. Let {ay,...,an}% be the set of infinite sequences
on {ay,...,an}. For the letter aj and sequence s € {ay,...,an}Z let I(s,a;) € {0,1}%
be the indicator in s of the letter a;, that is I(s,aj)j = 1 if and only if s; = a;. An
example of the concepts just introduced follows.

Example 6.28. Consider a periodic sequence s with the period
s = abacaba.
The three indicators I(s,a), I(s,b), and I(s,c) are
...0101010110101010...

...1001000100100010...

and
...01000000100000010...

with the periods 1010101, 0100010, and 0001000 respectively.

A sequence s is said to have asymptotic rate r of the letter a; if

1 N
lim ik =
Jim gll(s,a.)k r
Observe that s in Example 6.28 has asymptotic rate ‘7‘ of the letter a, % of the
letter b and J of the letter c.
For a zero-one sequence s € {0,1}%, the supportin s of 1 is the set of all positions
in s with the value 1
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S={jeZ:sj=1}.
For the regular word o (r, 6) the support is by (6.30) as follows

N

The main problem considered in this section can be formulated as follows, see
also Altman et al. [7].

Problem 6.29. Given the rates rq,...,ry that sum up to 1, is there a sequence s €
{ay,...,an}? such that

I(s,ai) = o(ri,6) (6.31)
forsome0< @ <1foralli=1,...,n?
Since the sequence in (6.31)
o(ri,8) = [(j+1)ri+ 6] — | jri+ 6] (6.32)

for j=1,2,... has its support

(3-8 e

and all supports are shifted by —1 we can consider supports

{1311

instead. Therefore, problem (6.29) is equivalent to the following problem.

Problem 6.30. Given theratesry, ..., I, are there phases 61, ... ., 6, such that the sets

<-{(2-2]e2)

fori=1,...,n make up an exact cover of Z, that is each integer is in exactly one
set Si?

The problem is a challenging open problem. Graham [64] proves that if all the
rates rq,...,ry are distinct, then all of them are rational. However, rational rates
imply that the sequences (6.32) are cyclic. Therefore, the Z in the problem (6.30)
can be replaced by the set N of positive integers. Then, however, the Fraenkel’s
conjecture claims that the only rates must be power-of-two rates. We show in
Theorem 6.27 that if the sequence s € {ay,...,an}" is set up according to the para-
metric methods of apportionment, then this conjecture holds. It also holds uncondi-
tionally for n = 3, 4, 5, and 6 as well as vacuously for any instance with maximum
rate max{r} > %, see Sect. 6.8. Moreover, we observe that for this question to have
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an affirmative answer not all phases 6;, i =1,...,n, may be greater than % and not
all of them may be less than % This follows from the same arguments as used in
the proof of Theorem 6.27. Finally, by Lemmas 5.14 and 5.15 the regular word is
always possible for n = 2, see also the proof of Lemma 6.31 below.

Although a complete characterization of all the rates for which a sequence
s € {ay,...,an}2 satisfying (6.31) exists is an open problem even if some rates are
allowed to equal, we have the following result for two distinct rates, see also Altman
etal. [7].

Lemma 6.31. If the rates rq,...,ry are made up of at most two distinct numbers,
then they admit a regular sequence.

Proof. Letry =...=rc=pand rc.1 =... = ryp = g. Consider an instance with
n=2,R; =kpand R, = (n—k)qg. If p is rational, then p = ?31 and q = ‘,’32 and
D =kd; + (n—k)d, for some positive integers d; and d,. Without loss of generality
ged(dy, dz) = 1. Let ged(k,n —k) = g, then k' = ¥ and m’ = " ¥ and D' = K'd; +

m’d,. The instance (k’d1,m’dy) is a standard instance such that Ry = kgj,l and R, =

m,;‘?Z. For one of k’d; and m’d, being odd and the other even, Lemma 5.14 shows
a solution s which is a regular word with 6 = % for either letter. The solution can
be made to work for both k’d; and m’d, being odd as well. Then, we can just take
01 = % +eand 6, = % — ¢ for the two letters respectively and for sufficiently small
€ > 0. Thus the sequence s9, that is s concatenated g times is a regular word for the
instance (kdy, (n—k)d,). In that sequence, we replace the Ith, the (k + I)th,..., the
(k(dg — 1) +1)th occurrence of the letter a by the letter I, 1 = 1,...,k, respectively,
and we replace the Ith, the mth, the ((n — k) +m)th, ..., the ((n —k)(d2 — 1) +m)th
occurrence of the letter b by the letterm, m=1....,n—Kk, respectively. The resulting
sequence is regular for the alphabet {1,...,n} and the rates r1,...,r, rks1,---,In-

If p is irrational, then by the Beatty theorem, see Theorem 6.32 below, the se-
quences {klpJ and hnjk)qJ ,j=1,2,... partition N since kp+ (n —k)g = 1. In that
sequence replace the Ith, the (k+1)th, ..., the (kj+1)th, etc. occurrence of the letter
a by the letter I, and replace the Ith, the ((n —k) +m)th, ..., the ((n —k)j+ m)th,
etc. occurrence of the letter b by the letter m. By the Beatty theorem the resulting se-
quences are regular. The sequences also have the asymptotic rates as requested. O

The following theorem is referred to in the proof and it was first shown by
Beatty [57].

Theorem 6.32 (Beatty). The sequences {|cj] : j =1,2,...} and {[B]]:]=
1,2,...} partition N if and only if

O b=t

(i) aisirrational.

Finally, the following lemma gives a relative way of generating regular word, see
Altman et al. [7] for its proof, for given rates for which the regular word already
exists.
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Ir_emmare.33. Ifthe rates ry,r», ..., r, admit a regular sequence, then so do the rates
|(17...7 kl,rz_y...,rn where the the letter a; with the rate ry is replaced by k > 1
I

~ o~
k—times

distinct letters af, ..., a¥ with the rate |} for each.
We finish this section with an example of regular words generated in the special

cases discussed earlier in this section.

Example 6.34. The power-of-two instance d = (1,2,4,8,16) admits a regular se-
quence with period

abacabadabacabaeabacabadabacaba.

Thus, by Lemma 6.33 the instance d; = (1,2,4,4,4,4,4,8) admits a regular se-
quence, its period is

xbyczbwdxbyczbwexbyczbwdxbyczbw.

The instance d’ = (9,10) admits a regular sequence since n = 2. The sequence
has period
abababababababababa.

Thus, by Lemma 6.31 the instance with two different demands d’ = (3,3,3,10)
axayazaxayazaxayaza.

is regular.

6.9.2 Multimodular Functions

The multimodular functions were introduced by Hajek [6] as follows. Define vectors
Vo,V1,...,Vm € Z™

Vo = (—1,0,...,0)
V1 = (1,—1,...,0)
v, = (0,1,—1,...,0)
Vm = (0,0,0,...,1)
LetV = {vo,V1,...,Vm}. A function J on Z™ is multimodular if for all u € Z™,

JU+V)+J(Uu+w) > JI(u) +I(u+v+w)
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forv,w €V and v # w. A sequence of integers
S =51Sp---

is said to have an asymptotic mean r if

1
lim zsk—r
n—>oonk 1

We let the multimodular function J on Z™ to “slide” along an infinite sequence of
integers s with a given asymptotic mean r,

1
lim inf ZJ SkySk1s -+ Skm—1) (6.33)

N—o0 k—l

to calculate the asymptotic average of J along the s. The following theorem is due
to Hajek [6]. It gives a lower bound for the asymptotic average (6.33), and it also
shows that the bound is attained on regular words.

Theorem 6.35. Let J be a multimodular function on Z™. If s is any integer sequence
with asymptotic mean r then

1
lim inf _ ZJ SkySk 15+ - Skm-—1)
k 1

> [(r+o), 2401 Ir+6),..
(6] = L(m=1)r+6]))dg

In case of a regular word s = o(r,0) for some 0 < 6 < 1

lim Z‘J r 9 k7 r 6)k+la ) (rae)ker—l)

n—>oonk

=/O I(r+9],12r+0]—[r+0],...,
Imr+¢] —[(m=1)r+¢]))d¢.

Altman et al. [7,65] extend this result as follows. Let J%,...,J" be multimodular
functions on Z™ and let g : R" — R be any increasing linear function. Consider
sequences s € {ay, .. .,an }* with asymptotic rates r; for the letter a; so that

r+rp+--+rm=1
They prove the following theorem.

Theorem 6.36. LetJ%, ..., J" be amultimodular functionson Z™. If s € {ay, ...,a }*
with asymptotic rates r; for the letter a;, then
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,\Iliir!cinf ZQ (s,a1)k, 1(s,a1 ki1, (5,81 )kem-1),- - -
J”(I(s,an)k,I(s,an)kH,...,I(s,an)km,l))
> o [ 9 (lra+0). 124 00 Lra +).. L+ 0)
—[(m—1)r1+6)))do,
[ Urz ), 122401 lr2 0. [e2 0]
—[(Mm=1)r2+9)))do, .
/01\]”((Lrn+¢J7L2rn+¢J o401, M+ 0]
—[(m=1)ra+9]))do ).

Incase I(s,ai) = o(ri,6;) forsome 0 < 6; < 1foralli=1,...,n
,\!E}n{x’N zg rlael k> (r1761)k+17...7G(r1761)k+m,1)7...7

(o (rna9n)k7 (fn, 6n)ics1-- -, 6 (Y, B )kem-1))
= o [ 9 (lra+ o). 120+ 6]~ lri +) ..y + o)
-1+ 6))do,
[ Prz+ 01,1260 6) — 124 01 - ey 6]
M1+ 6))do...
/OlJ"((Lrn+¢J,L2rn+¢J—Lrn+¢J,...,Lmrn+¢J

—L(m=1)ra+9]))do ).

Section 6.9.1 reviews known cases of the rates ry,r»,...,r, for which it is possi-
ble to construct a sequence s such that all projections (indicators) (s, a;) are regular,
thatis I(s,aj) = o(ri, 6;) forsome 0 < 6; < 1 foralli=1,...,n

6.10 Optimal Admission of Arrivals

This motivating application comes from Hajek [6]. Consider a sequence of cus-
tomers arriving at rate A. Following Hajek we assume that the interarrival times
{Yx : k=1,2,...} are independent, identically distributed random variables with
finite mean ;11 . That is the arrival process is a renewal process, see Ross [66]. A pre-
specified admission sequence s over the alphabet {as, .. .,an} with given asymptotic
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rates r; for the letter a; is used to split the arrival stream between n exponential
servers with mean service times ull""’ uln' For each k, customer k is admitted to
server i such that sy = aj. Thus, customers arrive at server i at the rate Ar;.

Define Qik to be the number of customers in the queue of server i, including the
one whose service is in progress, immediately prior to the arrival of customer k.
Let X, be the potential number of departures from the queue of server i between the
arrival of customer k and customer k+ 1. We assume that the conditional probability
distribution of X/ given that the time between the arrivals is t is Poisson with mean
uit. Thus, the expected value of Xk is “' . The actual number of departures between
the arrival of customer k and customer k +1 can not exceed Q} + 1(s,ai )k, which is
the queue size just after customer k arrives. Thus, we have the following recursive
formula

Qls1 = Max{Q} + (s i)k — Xy, 0},
fork=1,2,...and

Thus, by induction we obtain

. I .
QL+1 = maX{Z(I(Svai)k+l—j _X|:+1_j) = 0,7k}

=1

fork=1,2,..., where by definition

(I(s,@)ks1-j—Xky1-j) =0

Mo

1

]

Therefore, the expected number of customers, or the expected queue size, in the
queue of server i is

. I -
EQII(+1:E< {z SaI k+1—j X¢+1J|:O,7k}>

= 3 (1(s,ai)1,...,1(S,a)K)

for k = 1,2,... and the expected queue size is a multimodular function for each
server.

Lemma 6.37. EQ}, , is a multimodular function on Z¥.

Hajek gives the following interpretation of this lemma. The difference EQk( )—
EQk(u +v,) represents the waiting time saving seen by customer k in the queue of
server i if customer j — 1 were admitted to the server rather than customer j. This
saving is non-negative since k cannot wait longer by having a previous customer
admitted earlier to server i. Multimodularity of EQk ensures that for j # | this time
saving is no greater than EQ} (u-+Vv|) — EQ} (u+vj +v;), which is the time saving



6.10 Optimal Admission of Arrivals 135

that would result from admitting j — 1 and | — 1 rather than customer j and | respec-
tively to server i.
Finally.

Theorem 6.38. If s is any zero-one valued sequence with asymptotic mean r;, then
lim inf * iEQL > J
N=eNS T
Ifs=o(ri, 6), then
LN
AN i;EQk =7
where

. 1.
¥ = fim AU+ o).[2n+0)— Ini+g) ...
[kt 9] = (k= 1)ri+6)))do.

Therefore, regular admission sequences minimize expected queue sizes for each
server. Altman et al. [7] extend this result to the expected workload and waiting
time in an event graph (thus there is no inside choice for the route followed by
the customers in such graph) that replaces a single server in Fig. 6.5. However, in
either case regular sequences may not exist for some rates, after all the Fraenkel’s
Conjecture holds for n = 3,4,5, and 6, see Theorem 6.24, moreover, Simpson [61]
shows the same for one rate being at least 2, see Theorem 6.23. Therefore, the
algorithm that finds an optimal admission sequence for the rates for which a regular
sequence does not exist remains an important open question.

ATy

Splitting according to the sequence &

Al ( )

Fig. 6.5 Splitting arrival process according to the admission sequence s with asymptotic rates r;
for the letter aj, i=1,...,n
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6.11 Multimodular Function on Just-In-Time Sequences

We close this chapter with a proof that the function on just-in-time sequences con-
sidered in Chap. 3 is a multimodular function when limited to a set zero-one vectors.
Let A| p be a set of all vectors in {0, 1}P with exactly j = 0,...,d; ones, that is

D D i
A]D_ {u:ue {0,1}" and kglukz J}-

Let

For a vector u € Alletiy, ..., ij be all coordinates with value 1. We define a function
gon A' as follows
i—1 ip—1 D
g(u) = kZO fok)+ ¥ fa(k)+---+ X fj(k). (6.34)

k=i k=i

where the functions f; are defined in (3.6) in Chap.3, and iy = D +1 for j = 0.
Notice that the function g on A:ji,D is exactly the function in (3.8) We have the
following observation.

Lemma 6.39. Function g is multimodular on A'.
Proof. We need to show that for any u € A and v,w € V with v # w
gu+v)+gu+w)>g(u)+g(u+v+w) (6.35)

as Iong as all vectors u,u+v,u-+wand u-+v+w are in A', Suppose that v = vy and

= vy, and without Ioss of generality k < I. If all four vectors are in Al - for some

j then we have 0 < kand | < D. Thus, there are i =k and i, = | such that Ug_1 =0,
ux =1,and uj_; =0, uy = 1. Consequently,

gu+v) =g(u)+ falla—1) — fa_a(ia — 1),
g(u+w) =g(u) + fo(ip —1) — fo_1(in — 1),
and
gu+v+w)=gu)+ fa(la—1) — fa_1(ia—1) + fp(ip — 1) — fp_1(ip — 1).
Thus, (6.35) holds as equality. For v = vp we get

g(u+vp) =g(u) + fj;11(D) - fj(D) (6.36)
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and for v = vo
0u+90) =90) + T (fo() ~ 300+ -+ £ (10~ FiK),

in particular for u 4+ vg having all zeros, we have

gU+v0) = 3 folk) = g(u) + ¥ (fo(k) — F1(K)).
k=0 k=1
Thus,
g(u+Vvo+Vp) =g(u+vo) + fj(D) — fj_1(D)
and hence

137

(6.37)

g(u+vp) +9g(u+vo) = g(u) +g(u+vo+vp) + fj11(D) — 2fj(D) + fj_1(D).

However,
fj+1(D) = 2f;(D) + fj_1(D) > 0

by Lemma 4.1 where
fj(D) =F(j—di)

by definition (3.6) with convex F. Therefore,
g(u+vp) +9g(u+vo) > g(u) +9g(u+vo+Vp).
For g(u+vp) and g(u+ w) with w £ vg, we have
g(u+vp+w)=g(u+w)+fj,1(D) - fj(D)
hence by (6.36)
g(u+vp)+g(u+w)=g(u)+g(u+vp+w).
Finally, for w # vp we have
g(u+vo+w)=9g(u+vo)+ fo-1(ip —1) — fo—2(in — 1),
thus

g(u+vo) +g(u+w) = g(u)+g(u+vo+w)+ fy(ip — 1)
—2fp-1(ip —1) + fo2(ip — 1)

However,
fo(ip —1) —2fp_1(ip —1) + fp_2(ib—1) >0
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by Lemma 4.1 where
fb(ib — 1) = F(b — (ib — 1)I’i)

by definition (3.6) with convex F. Therefore,

g(u+vo) +g(u+w) > g(u) +g(u+vo+w).

6.12 Exercises

Exercise 6.40. Prove that

{1J<P+1 9} P 9w<[1w
rj— r r ror|—|r
forj=1,2,...,0< 06 <landtherater.

Exercise 6.41. Show that the rates i 117 11, and admrt a regular sequence. Do
6 6
the same for the rates . i 11, 117 and 5 as well as for i 11, 117 and

Exercise 6.42. Show that the Fraenkel’s Conjecture is vacuously true for {S(o,
(6—1)eg):1<i<njwith}<§<lor0<&<j.

Exercise 6.43. Show that for any 2 <8< 7 or 4 <6< % there is an m so that
for any m > n the set {S(04, (6 —1)0o5) : 1 <i<n}for {og,...,on} = {2;, L=
1,...,n} is not an exact covering.

Exercise 6.44. Find the 25-prefix of the Beatty sequence for zr do the same for /2.

Exercise 6.45. Consider admission into a D/D/1 queue with service times and in-
terarrival times all deterministic. Assuming that the system is initially empty, derive
the formula for the workload in the system immediately after the nth arrival. Prove
that this formula defines multimodular function for any n. This application comes
from Altman et al. [65], see also [67], where it is motivated by quality of service in
ATM networks that should guarantee a given Cell Loss Ratio for a session.

6.13 Comments and References

Theorem 6.1 was stated as a conjecture by Brauner and Crama [42]. It was proven
by Kubiak [44], another proof using balanced words, see Chap. 9 for definition of
balanced words, was given by Brauner et al. [68]. Lemma 6.12 was independently
shown by Mirsky, Newman, Davenport, and Rado, see Newman [62]. Our proof is
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based on the proofs in Wilf [69], and Altman et al. [7]. For more information on
Fraenkel’s Conjecture see Tideman [5, 60]. Uspensky [63] shows Theorem 6.25.

The Fraenkel’s conjecture was proved by Morikawa [58, 59]for m = 3, and
Altman et al. [7] for m = 4, and by Tijdeman [5] for m =5 and m = 6. Simpson [61]
proved that the conjecture vacuously holds if the highest rate r, is at least g see
Theorem 6.23. For Beatty sequences see Beatty [57], Stolarsky [70], and Tijdeman
[60]. For some examples of Beatty sequences check [71].

Hajek defined multimodular functions in [6], and proved that regular sequences
provide a lower bound for these functions. More on regular sequences and Stur-
mian words can be found in Chap. 2 by Berstel and Séébold [72]. Hajek went fur-
ther showing the importance of multimodular functions and regular sequences to
the problem of the expected queue size minimization in a system that admits cus-
tomers to an exponential server according to a prespecified splitting sequence, see
Sect. 6.10. Altman et al. in a couple of papers [65,73] prove that the expected travel-
ing time in a system with multiple subsystems, each being a stochastic event graph,
controlled by an admission sequence that routs customers entering the system to its
sub-systems is an increasing multimodular function. The function’s lower bound is
obtained by assuming a regular admission sequence with a pre-specified asymptotic
rate for each subsystem. The lower bound can be attained if the sequences do not
overlap thus making an exact cover of N. Altman et al. [7] give a number of charac-
teristics of rates that guarantee that their individual sequences do not overlap. More
on the multimodular optimization and regular sequences can be found in Altman
etal. [67].



Chapter 7
Response Time Variability

7.1 Introduction

Most modern systems share their resources between different jobs. The jobs define
a certain amount of work to be done, for instance the file size to be transmitted to
or from a server or the number of cars of a particular model to be produced on a
mixed-model assembly line. To ensure fair sharing of common resources between
different jobs, this work is divided into atomic tasks, for instance data blocks or cars.
These tasks, in turn, are required to be evenly distributed so that the time distance
between any two consecutive tasks of the same job is as constant as possible. The
following are some real-live examples.

The Asynchronous Transfer Mode (ATM) networks divide each application
(voice, large data file, video) into cells of fixed size so that the application can be
preempted after each cell. Furthermore, isochronous applications, for instance voice
and video, require an inter-cell distance in a cell stream to be as close to being a con-
stant as possible. For instance, multimedia systems avoid presenting video frames
either too early or too late to avoid jagged motion perceptions. These applications
may also require the inter-cell distance not to exceed some pre-specified distance,
see Han et al. [74] and Altman et al. [7].

On a mixed-model, just-in-time assembly line a sequences of different models to
produce is sought where each model is distributed as “evenly” as possible but ap-
pears a given number of times to satisfy demand for different models. Consequently,
shortages, on one hand, and excessive inventories, on the other, are reduced, see
Monden [22] and Chap. 3.

Another application is stride scheduling, see Chap. 10 for details, where each
client is first issued a number of tickets. The resources are then allocated to the
clients in discrete time slices called quanta. The client to be allocated resources
in next quantum is selected through a certain function of the number of its past
allocations and the number of its tickets, Waldspurger and Weihl [13].

W. Kubiak, Proportional Optimization and Fairness, International Series in Operations 141
Research & Management Science 127, DOI 10.1007/978-0-387-87719-8 7,
(© Springer Science+Business Media LLC 2009
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Herrmann [75] presents a waste collection problem in a health-care facility where
the time between two consecutive visits to the same waste collection point should
be kept as constant as possible.

These problems are often considered as distance-constrained scheduling prob-
lems, where the temporal distance between any two consecutive executions of a task
is not longer than a pre-specified distance, Han et al. [74]. See also Chap. 8. Some-
times even a stronger condition is imposed that the temporal distance is equal to the
pre-specified distance. For instance, Altman et al. [7] study the constant gap words,
and Wei and Liu [76], and Anily et al. [77] consider the Periodic Machine Main-
tenance problem with equal distances between consecutive services of the same
machine.

The distance-constrained model, however, suffers from a serious practical disad-
vantage which is that there may not be a feasible solution that respects the distance
constraints and at the same time ensures that tasks are done at given rates. In this
chapter, we propose the total response time variability metric instead to avoid the
feasibility problem but at the same time to preserve the main idea of having any two
consecutive tasks at a time distance which remains as constant as the existing re-
sources and other competing jobs permit. The total response time variability is also
proposed as a main metric of the stride schedule by Waldspurger and Weihl [13].
We formulate the Response Time Variability (RTV) problem as follows.

Given n positive integers d; < --- < d,, define D =Y, di and the rates r; =
fori=1,...,n. Consider a just-in-time sequence S = s;S;...Sp of length D where
i (a client, a model or a task; in this chapter we shall use the term model most
often) occurs exactly d; times. For any two consecutive occurrences (or copies) of
i we define a distance o between them as the number of positions that separate
them plus 1. This distance is often referred to as the end-to-end distance between
the two occurrences. Since i occurs exactly dj times in S, then there are exactly di
distances of,.. ocd for i, where oy is the distance between the last and the first
occurrence of i in S. Obviously, the two are the same for di = 1. We shall assume
that s; immediately follows sp. Since

oc{—i—~~~+oc(iji =D,
then the average distance o between the is in S equals

gD _1
I — di - l‘i’
and it is the same for each feasible sequence S. We define the response time vari-
ability for i as follows _
RTVi= Y (of — i),

1<j<d

and the total response time variability (RTV) as follows

RTV = iRTVg = i > (o —a)?

i=1 i—11<j<d
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Observe that the total response time variability is a weighted variance with the
weight being equal to d; for i, that is

n
RTV = ZdiVari,
i=1

where Varj = c}. zlgjgdi(oc} — a)?. By definition, RTV; = Var; = 0 for any i with
di=1.

The bottleneck metric (5.2) of Chap.5 will be used as a secondary metric, with
RTV being primary, and it will also be referred to as the Throughput Error (TE) in
this chapter.

An input to the Response Time Variability problem is a list of n positive inte-
gers d; < --- < dy. Their compact, for instance binary, encoding requires O(3.log
(di+ 1)) bits. Consequently, any algorithm, optimization or heuristic, for the prob-
lem that runs in time polynomial in D cannot be deemed polynomial with respect to
the compact encoding of the input. Such algorithm polynomial with respect to the
compact encoding of the input does not even exist if, as we assume in this chapter,
a solution to the Response Time Variability problem is a sequence (or a word) over
the alphabet made up of n different symbols, where model i occurs exactly d; times.
Obviously, producing any such sequence will take at least D steps. This assumption
appears justified for, to our knowledge, there is in general no compact encoding of
solutions (outputs) to the Response Time Variability problem that would limit their
sizes by a polynomial of the compact input size. However, we show such a compact
scheme in a special case of n =2 in Sect. 7.2.3. We refer the reader to Grigoriev [33],
and Brauner et al. [78] for a comprehensive discussion of the class of high multi-
plicity scheduling problems of which the Response Time Variability problem is a
member.

The plan for the reminder of the chapter is as follows. Section 7.2 studies the
optimization and the computational complexity of the Response Time Variability
problem. It first introduces the number decomposition graphs as a useful tool for the
analysis of the total response time variability. It then shows an optimization algo-
rithm for the two model case. The algorithm minimizes both the total response time
variability and the bottleneck at the same time. Next, the section shows a dynamic
programming algorithm to prove polynomial in D solvability for a fixed number of
models. Finally, the section proves that the problem is NP-hard. Section 7.3 presents
a simple position exchange heuristic that exchanges positions of model copies in a
sequence as long as the exchanges lead to a reduction in the value of RTV. The
sequences subjected to this exchange heuristic are generated by various procedures:
the bottleneck that solves the bottleneck minimization problem, the insertion based
on a solution to the two model case, the Webster’s and Jefferson’s based on the
well known parametric methods of the apportionment. Sections 7.4 and 7.5 present
mathematical programming optimization algorithms for the Response Time Vari-
ability problem.
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7.2 Optimization and Complexity

7.2.1 Number Decomposition Graphs and Response
Time Variability

For i with d; > 2, consider a vector a = (o1, ..., o) of d; positive integers that sum
up to D. Without loss of generality we assume that the coordinates of ¢ are ordered
in descending order, that is o > - -- > ag;. Any vector « that meets the above condi-
tions will be referred to as the decomposition vector of D into d; components. Now,
let us define a unit exchange operation on the decomposition vector o as follows.
Consider two components a;j and og > 1, j <k, of o.. Replace ¢ by oj+1 and
ok by o — 1 and keep all other components of o« unchanged. The new components,
after possible ordering them, define another decomposition vector 3. For instance,
adding 1 to the second component and subtracting 1 from the third component of the
vector o = (6,6,5) leads to the vector 3 = (7,6,4). Let us consider a weighted di-
rected graph D; referred to as the number decomposition graph for d;. This graph’s
set of nodes V; includes all decomposition vectors of D into d; components, and
its set of arcs A; includes all pairs of decomposition vectors (c, 8) such that 8 is
obtained from o by a single unit exchange between a;j and oy > 1, for some j <Kk,
(and possible permutation of the resulting components to keep them in descending
order). The weight of the arc (o, 8) is defined as

2(aj—o+1). (7.1)
We have the following straightforward properties of D;.

Lemma 7.1. The following properties hold for D;:

e The graph Dj is acyclic with a single node without predecessors, called a top
node, Vi, and a single node without successors, M.

o« Ni= (gl g llg)inslg D

~ -~ - -~ -
Dmodd; di—Dmodd;
e Mi=(D—dj+1,1,...,1).
~ -~ rd
di—1

Proof. If (o, ) € Aj, then
n n
Y o2 <Y B
i=1 i=1

Therefore, D; must be acyclic. The node NV has in-degree 0. Otherwise, there would
be a node o in Dj such that (cr, Vi) € Aj. Then, there would be two components ¢
and oy > 1, j <k, of o that would become some components ¢ +1 and o — 1
of AVi. Then, o + 1 must be either | | or [ 7. Consequently, o must be either

l§)—Lor[§]—1 However, o —1<[9]—-2<[]—1,and thus o — 1 cannot
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Fig. 7.1 The number decomposition graph for D = 16 and d; = 3

be a component of ;. No other node has in-degree 0 since it can be shown that
there is a path from Aj to any other node in D;. Finally, by definition the only node
with out-degree 0 is the one that has the last dj components all equal 1. Otherwise a
unit exchange from this node would be possible. Moreover, since all components of
any node must sum up to dj, there is only one such a node, namely M;. 0O

Figure 7.1 presents the number decomposition graph for D = 16 and d; = 3. Con-
sider AV; and another node o in D;. The weight of a directed path from Aj to o is
the sum of all the weights along the path. Also, let

d; D 2
RTVi(a) = aj—
=3 ()
for a.. We have the following lemma.

Lemma 7.2. For any node « in Dj, we have
RTVi(a) = RTVi(NV) +wi(p),

where p is a path from \j to o and wi(p) is its total weight.

Proof. The proof is by induction on the number of arcs a along a path connecting
and o in Dj. The proof is obvious for a = 0 since then a = . Suppose the lemma
holds for a > 0. We show that then it holds for a+ 1 as well. Let p = (a® = A,

.., 01 = o) be a path of a+ 1 arcs connecting \j and c.. Then, by the inductive
assumption
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RTVi(a®) = RTVi(Aj) +wi(p'),

where p’ is p without the last node o2+, By definition of RTV;(a?)

Consequently,
RTVi(a®™1) = RTVi(M) +wi(p') +2(0f — o + 1) = RTV; (M) + wi(p),

since by definition 2(a — o +1) is the weight on the arc (0@, 0®*1), This ends
the induction and proves

RTVi(OC) = RTVi(M) —|—Wi(p).
O

Notice that the equation in Lemma 7.2 is independent of the choice of path p for
in this equation both RTV;(«) and RTV;(/Vj) are constants. Thus, we immediately
derive the following result.

Lemma 7.3. For any node « in Dj, all directed paths from Aj to o have the same
weight.

By Lemma 7.3 the weight of any (V;, a)-path in D; depends only on a. Therefore,
we denote the weight of any such path by w;(c). The following lemma links the
decomposition graphs and the total response time variability.

Lemma 7.4. Let S be a solution to the Response Time Variability problem with its
value equal to RTV. Then there are nodes o!, ..., a" in the decomposition graphs
Ds, ..., Dy respectively, such that

RTV = iwi(ai)+iRTVi(M)7

i=1 i=1
where

i —di)2+(di—Dmoddi)(LEJ—(Z)Z (7.2)

RTVi(A\;) = (Dmodd;) ((DW °

fori=1,...,n.
Proof. Follows from Lemma7.2. O
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7.2.2 Lower Bounds on Response Time Variability

The following theorem shows that the total response time variability can be 0 only
if at least two demands are equal.

Theorem 7.5. If d; < ... < d, forn > 1, then RTV > 0.

Proof. If dj { D for some i, then the theorem holds since the average distance for i
equal (',Di is not integer and all response times are integer. Otherwise, d; | D for each i.
By contradiction, if RTV =0, then for each i all response times are equal the average
response time ('fi. Consequently, there are non-negative integers as, ... ,ay such that

(a1, 4),---» (@, ) is an exact covering sequence. However, by Lemma 6.12, then

('fl = DZ and consequently d; = dy, which leads to a contradiction. This proves the

theorem. O

The rates for which it is possible to build a regular sequence for each model that
does not overlap with any other model’s regular sequence would attain the lower
bound of the total response time variability given in (7.2). These sequences would
make up an optimal solution to the Response Time Variability problem. We have the
following theorem.

Theorem 7.6. If for the rates rj = %, i=1,...,n,the problem (6.30) has an affirma-
tive answer then the instance (di,...,dn) of the Response Time Variability problem
attains the value .

RTV = z RTVi(M)

i=1
for the optimal solution which is the exact cover in the problem (6.30).

Proof. The affirmative answer to the problem (6.30) implies that there are phases
61, ..., 6, such that the sets

S

fori=1,...,n make up an exact cover of N, that is each integer is in exactly one set
Si. For each i we have

HEERR R FA I

see Exercise (6.40) which means that the consecutive copies of i are either at the
distance “J or Lﬂ . Moreover, the copy j = dj is in a position

i EEME.

fi
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fori=1,...,n. Thus, there are at least d; copies of i in the first D positions and since
D =¥, dj there must be exactly d; copies of i in the first D positions. Therefore,
the first D positions make up a just-in-time sequence and by (7.3)

RTV; = RTVi(M)
fori=1,...,n. Thusthe theorem holds. O

The opposite claim does not hold, that is there may be just-in-time sequences
with their total response time variability equal the lower bound X' ; RTV;(\;) yet
not regular for all models. An example is the following optimal just-in-time se-
quence ford; =5and d, =12

12221222122122122

with A7 = (4,4,3,3,3) and N> = (2,2,2,2,2,1,1,1,1,1,1,1). The sequence is not
a balanced word, see Sect. 9.8 for definition, since its two factors

2221222 (7.4)

and
1221221 (7.5)

of length 7 each differ on model 2 by more than 1. That is model 2 occurs six times
in the former and four times in the latter. Thus, the sequence must not be regular on
at least one model, see Altman et al. [7].

7.2.3 Two Model Case

This section considers the two model case, n = 2. It shows a solution that minimizes
both the total response time variability and the bottleneck at the same time, which
usually is impossible for more than two models. Prior to giving the details of the so-
lution we point out that the sequence minimizing the total response time variability
for two models is quite straightforward to obtain as follows. Let d; < do. We omit
the case d; = dj since it is trivial. It follows from Lemma 7.4 that if one can find a
solution with

RTV =RTV;(N1) +RTV2(N2),

where

2 2
RTvi<M>=<Dmoddi>(Q'fi1—('fi) +<di—Dmoddi>(L§J—§)

for i = 1,2, then this solution minimizes the total response time variability. Such
a solution is always possible, however, since L('flj >2and 2> C',DZ > 1. Namely,
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consider a sequence that begins with 1 and that has each next copy of 1 at either a
distance | Dl or adistance LdDJ from the last one. The number of times the distances

[d 1 and L J need to be used in this sequence are (Dmodd; ) and (d; — Dmodd;)
respectlvely The sequence separates any two consecutive empty positions by at
most one position with a copy of 1. The empty positions can then be filled in with the
copies of 2 to ensure the desired distances, either 2 or 1, for this model. The distances
2 and 1 must occur exactly (Dmodd,) and (d, — Dmodd;) times respectively in
the sequence, otherwise their total would not be D. The result is a sequence that
minimizes RTV which may not, however, minimize T E at the same time. Therefore,
we now present another solution that minimizes both RTV and TE 5|multaneously
We assume that gcd{dy,d,} = 1. Otherwise, the optimal solution for gl and 2 can
be repeated g = gcd{d1,d, } times resulting into an optimal solution with respect to
both metrics for the original instance with demands d; and d,.

We show in Lemmas 7.7-7.9 that the solutions defined in Lemmas 5.14 and 5.16
are optimal for the Response Time Variability problem. We refer to these solutions
as the solutions based on ideal positions. To that end, we prove that the distance
between any two consecutive copies of 1 equals either ( 1 or L J and for 2 equals

either [ , | or L , - With definitions of a; for j=1,. dl and bk fork=1,...,d;
asin Lemma 5.13, that is aj = 21 Lforj=1,...,d;and bk =% Lfork= 17...7d2
we have the following results.

Lemma 7.7. We have | § | <[aj1] —[aj] <[g |forj=1,...,di—land | | <
[bjsa] = [bj] < [g) Horl—l 502 —1.

Proof. We have,

D

D
dl—lzaj+1—aj—1§[aj+ﬂ—(aj]§aj+1—aj+1= +1

ds
Since c'fl is not an integer and [aj.1] — [a;j] is an integer, then

o) <Tapal=[al < 1

The proof for model 2 is similar and thus will be omitted. O

Lemma 7.8. We have | 9 | <D —fag]+[ai] <[g]and || <D—[bg]+
RS FAL

Proof. We have ag, =D — 2'31, a; =P

24, and consequently

D

D
q —1=D-ay+a1—-1<D-[ag|+[a1] <D—-ag, +ar+1=  +1
1

ds

Since le is not an integer and D + [ag, | — [a1] is an integer, then
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[g) <D~ fae]+far] < )1

The proof for model 2 is similar and thus will be omitted. O

Lemma 7.9. For d; and d, odd, we have

D
Dayr1 +1— [bdzﬂ_ﬂ = (d 1
2 2 2

and b
Dopss ] =bapea —1= 1| .
Proof. For d; and d; odd, we have bg,:1 = 2, which is an integer. Consequently,
2
D D
:bd2+1 —bd2+1 dezﬂ +1-— |—bd2+1 -| de2+l +1—bd2+1 = +1.
d, 2 2 L 2 2 1 2 2 -1 d

Since (?2 is not an integer and b 41 +1— [ba,1 ] is an integer, then the first
2 2
equality holds. Furthermore,

D D
d —1= bd22+1+l—bd22+1 -1< |—bd22+1+1-| —bd22+1 -1< bd22+1+1 —bd22+1 = dy

Since [b d2+1+11 —ba,+1 —1isaninteger, then the second inequality also holds. This
2 2
proves the lemma. 0O

We can now conclude with the following theorem.

Theorem 7.10. For n = 2, the solutions based on ideal positions minimize the total
response time variability.

Proof. Follows immediately from Lemmas 7.4,7.7,7.8,and 7.9 O

By Lemmas 5.14 and 5.16, the position of each copy of either model in the opti-
mal just-in-time sequence can be computed in time polynomial in O(log(d; +1) +
log(d;, + 1)), that is, polynomial in the input size. So it can be the value of RTV of
the optimal solution by Lemma 7.4.

We close this section by showing that the solution based on ideal positions mini-
mizes bottleneck as well.

Theorem 7.11. For n = 2, the solutions based on ideal positions minimize bottle-
neck.

Proof. It suffices to notice that if both demands are odd, then all copies are in their
ideal positions, except for copy d22+1 of model 2 which is in position '3 + 1 whereas
its ideal position is 'g. This, however, does not change the deviation for the copy,
which is % in either position. Consequently, the maximum deviation equals ; which
is optimal for both demands being odd. Therefore, the solutions based on ideal po-
sitions minimize maximum deviation. 0O
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7.2.4 Fixed Number of Models

This section shows a straightforward dynamic program for the Response Time Vari-
ability problem. This program is similar to the algorithm of Anily et al. [77] for
the Periodic Scheduling Maintenance problem, see Sect. 7.2.5 for the problem de-
finition, with the difference that in the RTV problem one has to maintain also the
required number of model copies.

The program proves that the problem can be solved in time polynomial in D for
any fixed number of models, and thus complements our other results concerning
its complexity. However, the program is not intended as a practical alternative for
efficiently solving the problem.

The state of the dynamic program is represented by a quadruple (f,¢,q,d). The
f is an n dimensional vector f = (f1,..., fy), where fi=0,1,...,D—d;j+1fori=
1,...,n represents the position of the first copy of i. The £ is an n dimensional vector
0= (ly,...,0n), where ¢;=0,di+1,...,Dfori=1,... nrepresents the position of
the last copy of i in the sequence of Iength d. The g is an n dimensional vector
q = (q1,-..,qn). It represents the number of copies that remain to be sequenced,
gi =0,...,d;. Finally, d is the length of the current sequence,d = 0,...,D. Initially,
f=¢=0,q=(dg,...,dn),and d = 0. Afinal state is any state withq=0andd =D.
There is a weighted arc from a non-final state (f,/,q,d) to a state (f' ¢ ,q',d’) if
and only if there is an i such that gj =i —1 >0, d’ =d +1, ¢; = d’. Furthermore,
if fi =0, then f/ = d’. The weight for the arc is calculated as foIIows for di > 2,

O7 ql dl!
(d’ 5)27 di—1>qi>1;
Uit gyt e q.dy = (d'— (ljj)z
(D d'+fi-§)° gi=1

and it is equal to O for d; = 1. Finally, we connect all final states to a dummy state
referred to as the destination. All arcs to the destination have weight 0. The shortest
path, more precisely the lightest path, between the initial state and the destination
obviously defines an optimal solution to the Response Time Variability problem.
This path can be found in time which is polynomial in the number of nodes, which
is of O(D3"*+1), therefore the complexity is polynomial in D for a fixed number of
products n.

7.2.5 Complexity

We now show that the Response Time Variability problem is NP-hard. The reduction
is from the Periodic Maintenance Scheduling problem (PMSP) shown NP-complete
by Bar-Noy et al. [79], and motivated by the maintenance problem of Wei and Liu
[76], and Anily et al. [77]. The Periodic Maintenance Scheduling problem is defined
as follows.
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Given m machines and integer service intervals 1,05, .., ¢y such that zji <1
Does there exist a servicing schedule (or a servicing cycle) s;...s., where L =
lem(¢1,£2,...,0n) is the least common multiple of ¢1, 45, ..., ¢y, of these machines
in which the end-to-end distance between any two consecutive servicing of machine
i is exactly ¢;, no more than one machine is serviced in a single time slot, and it takes
a single time slot to perform servicing of any machine? The distance between the
last and the first servicing of machine i in the cycle, if any exists, is also ¢;. The Pe-
riodic Maintenance Scheduling problem has been shown NP-complete by Bar-Noy
et al. [79]. Their proof shows that the Periodic Maintenance Scheduling problem
is NP-complete in the ordinary sense since the magnitude of distances ¢; used in
the transformation from the graph coloring problem is not necessarily bounded by
any polynomial of the graph size. Thus the transformation of Bar-Noy et al. [79]
is not pseudo-polynomial. However, a careful selection of an initial graph coloring
problem in their transformation would ensure that the magnitude of the distances re-
mains bounded by a polynomial of the graph size thus ensuring pseudo-polynomial
transformation and consequently strong NP-completeness of the Periodic Mainte-
nance Scheduling problem. We shall give details of this new transformation here.
We begin with the following lemma.

Lemma 7.12. The initial positions vy, . ..,vy of a servicing cycle are feasible for the
PMSP instance if and only if v —vj # 0 (mod gcd(#;, ¢;)) for any pair i # j.

Proof. For any pair i # j the numbers
4 ?j
and
ged(4i, ) ged(4i, ¢5)

are relatively prime. Thus, there are integers x and y that solve the following linear
Diophantine equation, see Le Veque [80],

b X+ £ y=1
ged(4i, ¢5)  ged(4i, ¢5) ’
or equivalently the equation
Xl +ylj = ged(¢, ).

If vi—vj =0 (mod gcd(¢;,¢;)) for some pair i # j, then v; —vj = qgcd(¢;,¢;) for
some integer g. Therefore, there are integers X' = —xq and y’ = yq such that
y’éj —Xti =v; —Vj,
and consequently
Y0+ Vj =Xl +Vi

and thus the machines i and j are scheduled for maintenance at the same time
y'¢j+Vvj. Hence vy, .. ., are not feasible.
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Now let us assume that vs,...,vy are infeasible. Then, there are i # j such that
machines i and j are scheduled for maintenance at the same time

t = X0+ Vi = ylj+Vj,
for some integers x and y.Then, however
vi —Vvj(mod ged(¢;,¢j)) = y¢j —x¢i(mod ged(4i,45)) =0
which proves the lemma. 0O
The following restricted graph coloring problem will be used in the transformation.

Theorem 7.13. The following restricted graph coloring problem remains NP com-
plete in the strong sense: Given n—node graph G with each node degree being at
least n — 7 and at most n — 3. Can the nodes of G be colored with k colors?

Proof. The Exact Cover by 3-Sets problem remains NP-complete in the strong
sense if no element occurs in more than three subsets, see Garey and Johnson [81].
Therefore, the transformation from the Exact Cover by 3-Sets problem to the Par-
tition into Triangles problem given in the Garey and Johnson’s book [81] on pages
68 and 69 builds a graph which is K4-free (K4-free graph contains no clique of
size 4), has a maximum node-degree equal 6, a minimum node-degree equal 2, and
the number of nodes being a multiple of 3. Therefore, the Partition into Triangles
remains NP-complete for the class of graphs a member of which has just been de-
fined. Let G be any graph of this class with n-nodes. Consider a complement G of G.
We have a minimum node-degree equal n — 7, and a maximum node-degree equal
n—3in G. We are asking for k = } coloring of the complement G. The transfor-
mation just described is polynomial. Moreover, if the sets Ty, Ty make up the

partition of G into triangles, then we color all nodes in T; of G with color i. Thus,
we get 3 —coloring of G since the nodes in T; make up an independent set in G.
On the other hand, let there be a k—coloring, k < 7, of G. Let Cy,...,Cy be the
sets of nodes colored with colors 1, ...,k respectively. Then, no set has more than
three nodes, otherwise G would not be K4-free. Therefore, each set has exactly three
nodes, and k = §. Thus, Cy, .. .,Cg are triangles in G and they make up the required

partition into triangles. This shows that the k-coloring of G is NP-complete in the
strong sense, which proves the theorem. O

We are now ready to prove.

Theorem 7.14. The Periodic Maintenance Scheduling problem is NP complete in
the strong sense.

Proof. Lemma 7.12 shows how to verify if the initial positions vs,...,vy are fea-
sible for the PMSP instance in polynomial time. Thus, the PMSP is in NP. Now,
consider the restricted graph coloring problem defined in Theorem 7.13. We show
a pseudopolynomial transformation form this graph coloring problem to the PMSP
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thus proving that the latter is NP complete in the strong sense. Let graph G with n—
nodes and k make up an instance of the restricted graph coloring problem. Let K, be
an n—node clique such that its edges in G are painted red and those in G are painted
white. Since the node-degree in G is at least n — 7, the number of white-painted
edges incident with a given node in K, is at most 6. Thus, the number of white-
painted edges in K, is at most 3n. Let us assign a distinct prime number greater than
n to each white-painted edge of K. Since the number 7(x) of prime numbers not
exceeding x > 2 satisfies the following inequality, see Le Veque [80]

7 X

8 logx <mx),

then by taking
x = 16n?

we get
4n < m(16n?)

and thus we can generate the required number of distinct primes greater than n in
time which is polynomial in n. The prime numbers do not exceed 16n2. Since the
node degree in G is at most n — 3, then the number of white-painted edges incident
with a given node is at least 2. Now define a weight of a node in K, to be the
product of all prime numbers assigned to the white-painted edges incident with the
node times k.

We are now ready to define the instance of the PMPS problem as follows. There
are n machines in this instance, each corresponding to a node of the K,, graph. The
¢; for machine i equals the weight of node i. We have

n 1
<1
i§1 14
since ¢; > n. Clearly, the magnitude of 4; is bounded by k(16n?)®. Consequently, the
transformation is pseudopolynomial.
We make the following observation

k if the edge (i, j) of Ky is red-painted

ged(ti,¢j) = { pk if the edge (i, j) of Ky is white-painted with weight p. (7.6)

We now show that if G is k-colorable, then there exists a feasible maintenance
service for the PMPS instance. Let the colors used in the k-coloringbe 0,1,...,k—1,
and let there be nj nodes colored with the color i. The nodes with color i can then be
uniquely numbered 0,1, ...,n; — 1. Set the initial position v; for machine i to mk + I,
where the | is the color of node i, and the m is the node number in the set with
colorl. Sincem<n-—1and! <k-—1, we have

Vi=mk+1<(n—1)k+k—1=nk—1<nk. (7.7)
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We show that
Vi —Vj # 0(mod gcd(4;,¢)) (7.8)

for any two machines i # j. If the edge (i,]) is white-painted, then by (7.6),
ged(4i,£j) = pk for some prime number p > n. However, by (7.7)

0 < |vi—vj| < nk.

Therefore, (7.8) holds for machines i and j along the white-painted edge (i, j). Oth-
erwise, if the edge (i, j) is red-painted, then by (7.6), gcd(4;,¢j) =k and v; = mk +1,
vj =m'k’+I" for some integers m and m’. Furthermore, I # I" since (i, j) € G. Hence,
Vi —Vvj =l —1'(mod k). However,

o< I-V| <Kk,

thus, (7.8) holds again. Therefore, by Lemma 7.12, there is a feasible maintenance
service for the PMPS instance.

Now, let us assume that the initial positions v, ..., vy are feasible for the PMSP
instance. We show that this implies the k-colorability of G. We assign color vimod
k to node i so that the number of colors used does not exceed k. We need to show
that

vimodk # vjmodk

for (i, j) € G. By contradiction, assume that
vimodk = vjmodk
and (i, j) € G.Then, by (7.6)
vi —Vj = 0(mod gcd(l;,l;)),

consequently, by Lemma 7.12, vi,...,v, are infeasible for the PMSP instance.
Hence, a contradiction and thus G is k—colorable. O

The NP-completeness of PMSP is the point of departure in the main complexity
result for the Response Time Variability problem.

Theorem 7.15. The Response Time Variability problem is NP-hard.

Proof. For an instance /1,0, ...,{y of the Periodic Maintenance Scheduling prob-

lem, define demands dj = éL. i=1,....,m, and dyn.1 = 2L — Y dj, where L =
lem(¢1,£2,...,4m). Thus, D = 2L and n = m+ 1. We observe that the average dis-
tance de+1 = ZLELZdi for m+ 1 is between 1 and 2. Therefore, by Lemma 7.4, the

contribution of model m+ 1 to the total response time variability in any solution is
at least

D \? D \?
d ) + (dm+1— (Dmoddmy1)) (1 — ) .
m+1

V = (Dmoddm;1) (2 —
dm+1
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We make V the upper bound on the total response time variability for all models
1,...,m.m+1, which is intended to force the models from 1 to m to keep their re-
sponse time variabilities equal O in any solution that respects the upper bound V.
That is, all their consecutive copies must be at (end-to-end) distances (',Di = 2¢;, re-
spectively, in such a solution. We now prove that the instance of the Periodic Main-
tenance Scheduling problem has a solution if and only if its corresponding instance
of the Response Time Variability problem has variability not exceeding V.
(If) Assume that there is a solution

$150...5L (7.9)
for the Periodic Maintenance Scheduling problem. Then, consider the sequence
S= s’lns/zn . .s]_n

with every other time slot occupied by n, and s; =s; if s} is amachine or s; =n if s;
is empty in the solution (7.9). In such a sequence, consecutive copies of i are exactly
2(; time slots apartin S fori = 1,...,m. Therefore, the response time variability for
each of these is is 0. Furthermore, any two consecutive copies of n are either next
to each other, thus at a distance 1, or separated by a single copy of i # n, thus at a
distance 2. Consequently, the total response time variability of S equals V.

(Only if) Now, let us assume that there is a solution Q to the Response Time
Variability problem with variability RTV < V. Firstly, we observe from Lemma 7.4
that RTV, >V in any solution to the Response Time Variability problem, and con-
sequently RTV = RTV, and RTV; =0 fori=1,...,min Q. Secondly, we observe
that if any two copies of n were three or more slots apart in Q, that is, if they were
separated by two or more copies of i # n, then RTV,, > RTV for Q, which would
lead to a contradiction. Therefore, no i < mand j < m are next to each other in Q.
The first observation implies that all distances between consecutive copies of model
i,i=1,...,m, are equal in Q. Furthermore, since there are d; copies of i in the se-
quence of length D, then the distance between the consecutive copies of i is ('i =24
in Q. Now, let ¢j, ¢ + 24, ..., ci + 2(di — 1)¢; be the ends of time slots in Q occupied
by i, i=1,...,m. Of course all these numbers are different as no time slot is occu-
pied by more than one i. Consequently, all numbers, §, 5 +4,..., 5 + (di — 1)4;,
i=1,...,m, are different. Furthermore, by the second observation, if for some i, j,h
and k, & +ht > G + j6, then & +he — (§ + j&i) > 3. Consequently, all num-
bers [51,[51+4i,-...[9]+ (di —1)¢;, i = 1,...,m, are different. Therefore, by
servicing machineiintimeslots [ 51, [51+4i,...,[ 5]+ (di—1)4,i=1,...,mwe
obtain a solution to the Periodic Maintenance Scheduling problem. This proves the
theorem. 0O

The transformation presented in the proof of Theorem 7.15 is not pseudo-
polynomial since the largest number L = lecm(¢1,¢5,...,¢n) in the instance of the
Response Time Variability problem may not be bounded by any polynomial of
max{¢i} and mlogmax{¢;}, the latter being the input size of the Periodic Mainte-
nance Scheduling problem. Consequently, this transformation does not ensure that
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the Response Time Variability problem is NP-hard in the strong sense even if the Pe-
riodic Maintenance Scheduling problem is NP-complete in the strong sense. There-
fore, it remains an open question whether the Response Time Variability problem is
NP-hard in the strong sense or whether there is a pseudo-polynomial, that is poly-
nomial in D, time algorithm that solves it to optimality. It also remains open if the
decision counterpart of the Response Time Variability problem is in NP.

7.3 Heuristics

This section describes heuristics for the total response time variability problem.
Each of these heuristics uses the Exchange Heuristic, described in Sect.7.3.1, to
exchange the neighboring copies of a sequence in order to reduce its response time
variability. The exchanges can be applied to any feasible sequence and their out-
come is sensitive to the selection of the initial sequence. Section 7.3.2 describes a
number of different ways the initial sequence can obtained.

7.3.1 The Exchange Heuristic

Consider a sequence s = s;...Sp and a model i with dj > 2. Let i be in position p
of s, that is s, = i. We define the closest to position p clockwise i as the first i in s
encountered when moving clockwise away from p, similarly, we define the closest
to p counter-clockwise i as the first i encountered when moving counter-clockwise
away from p. Notice that if dj = 1 or 2, then the clockwise i is the same as the
counter-clockwise i. The Exchange Heuristic does the exchange of two neighbor-
ing copies whenever it reduces the total response time variability. More precisely,
consider copies of i and j, i # j, that are next to each other in a given sequence s,
assume the i is in position p and the j in position p+ 1. Let R; and L; be distances
to the closest to p clockwise and counter-clockwise, respectively, i in s. Similarly,
let Rj and L; be distances to the closest to p + 1 clockwise and counter-clockwise,
respectively, j ins. Then, for dj,d; > 2,

B=L{+R{+L5+RS
before the exchange and
A= (Li+1)*+ (Ri—1)*+(Lj—1)*+ (Rj+1)*

after the exchange. Since all the other distances remain unchanged, we have the
following net change in the value of the total response time variability,

A=B-A=2(Ri—Li—1)+2(Lj—Rj—1).
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Ifdj=1and dj > 2, then A=2(Ri —Li—1). If di =1 and dj > 2, then A =
2(Lj —Rj—1). Finally, if dj = dj = 1, then A = 0. The exchange takes place only
if A is positive. The Exchange Heuristic starts with position 1 and passes clockwise
through the sequence checking each couple spsp 1. If the exchange within the cou-
ple reduces the response time variability, then it is made and the algorithm proceeds
to position p+ 1. Position D is immediately followed by position 1. If position 1 is
reached (again) without any reduction in the total response time variability, then the
algorithm stops. Otherwise, the next pass through the sequence begins. We observe
that the heuristic eventually stops since each pass either reduces the total response
time variability or proves that no exchange improves the total response time variabil-
ity. In fact, the Exchange Heuristic goes a bit further, namely, even if an exchange
attempt results in A = 0 it is done after all as long as the maximum distance over all
distances for both models being exchanged does not increase and at least one of the
two maxima decreases. This last condition ensures that the heuristic actually termi-
nates. A single pass through the sequence can be done in O(D?) time. The upper
bound on the value of RTV that can be easily derived from the number decomposi-
tion graph is O(nD?). Therefore the exchange heuristic runs in O(nD*). Fortunately,
computational experiments, Corominas et al. [82], show that the heuristic never took
longer than 20 s for D as large as 1,500 to do the exchanges.

The Exchange Heuristic is applied to an initial sequence which is generated in a
number of different ways. These will be detailed in the subsequent section.

7.3.2 Thelnitial Sequences

Bottleneck (Minimum TE) Sequences

The bottleneck sequences have been obtained by solving the bottleneck problem
(5.2) from Chap. 5 to optimality with the algorithm implementation of Moreno [83].
However, other algorithms could be used to obtain, possibly different, bottleneck
sequences (see Steiner and Yeomans [41], Kubiak [23], and Bautista et al. [29]).

Random Sequences

The bottleneck sequence S has been randomized as follows. For each position x in
[1,D], get a random integer number ran in the range [1, D], then swap Sx with Syap.
Webster’s Sequences

These sequences have been obtained by applying the parametric method of appor-

tionment, described in Sect. 2.4, with parameter § = % The Webster’s method .
The sequence is generated as follows. Consider x;, the number of model i copies in
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the sequence of lengtht,t =0,1,.... Assume xjg = 0, i=1,...,n. The model to be

sequenced in position t + 1 can be computed as follows i* = argmax;{ (Xitd-:-ts) I3

Jefferson’s Sequences

These sequences have been generated by applying the parametric method of ap-
portionment with & = 1. The Jefferson’s parametric method. The stride scheduling
technique produces the same sequences, see Chap. 10.

Insertion Sequences

Let again d; < --- < dp. Consider n — 1, two-product instances I, = (d»,d;), Iz =
(dg,Zﬁzldj), oo = (dmzrj‘jdj). In each of the instances Iy, I, _1,.. ., I3, the first
model comes from the original instance, thatisn,n—1, ..., and 3 respectively, and
the second model is the same fictitious product for all problems, denoted by *. Let
sequences Sp,Sp-1,---,S2 be the optimal solution for the instances Iy, I, _1,...,1>
respectively. They can be obtained by the algorithm for two models described in
Sect. 7.2.3. Notice that the sequence Sj, j =n,...,3, is made up of the model j and x.
Next, the sequence for the original problem is built recursively by first replacing * in
Sp by Sp_1 to obtain Sj,. Notice that the latter is made up of models n, n —1, and .
Next, « are replaced by S,,_» in S}, to obtain a sequence S;] made up of models n, n—
1,n—2 and *. Finally, sequence S, replaces all the remaining x and thus we obtain
a sequence, referred to as the insertion sequence, where model i occurs exactly d;
times.

All these initial sequences, except the bottleneck, can be generated in O(D) steps.
The bottleneck needs O(Dlog D) steps.

7.3.3 Computational Experiment

The Webster’s and Jefferson’s sequences have resulted in the final RTV comparable
to the bottleneck and insertion sequences only for very small values of n. For larger
n, on average, their final RTV was higher than that of the bottleneck, random and in-
sertion sequences. The same has been observed about the change in the bottleneck
TE. For small n, their TE has been in the same range as the TE for the bottle-
neck and insertion sequences, while their TE significantly grew when n increased.
Therefore, we do not include the computational results with either the Webster’s
or the Jefferson’s sequences in Fig. 7.2. For each of the three initial sequences in
Fig. 7.2, the first column includes the averages of the initial RTV. The second col-
umn includes the averages of the final RTV. The averages are rounded to integers
for convenience. The third column contains the averages of the initial TE and the
fourth column the averages of the final TE.
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Bottleneck Random Insertion
n: . Final . Final . Final . Final . Final |, . Final
Init RTV RTV Init TE TE Init RTV RTV Init TE TE Init RTV RTV Init TE TE

10 17904 601 [0.837 | 1.503| 253685 | 5435 |13.327(10.985| 1546 625 [1.461|1.406
50 | 180503 | 3208 | 0.936 | 2.004 | 2706679 | 7407 | 9.704 | 6.219 | 49101 | 4242 |1.761|1.570
100 | 636545 | 4946 | 0.964 | 2.289 | 7130615 | 6375 | 8.812 | 5.564 | 253319 | 5866 | 2.207 | 1.825
200 | 1020847 | 8412 | 0.978 | 2.931 | 13476818 | 3517 | 7.662 | 4.596 | 873579 | 5032 | 2.039 | 1.977
300 | 1418033 | 6120 | 0.985 | 3.555 | 16271934 | 2266 | 8.605 | 6.400 | 1376361 | 2717 | 2.166 | 2.153
400 | 3574364 | 3913 | 0.991 | 4.754 | 35047637 | 1195 | 6.339 | 4.203 | 3584645 | 3395 | 3.512 | 3.409
500 | 6232671 | 1162 | 0.992 | 2.327 | 35083775 | 862 | 5.883 | 4.006 | 3290617 | 1313 | 1.856 | 1.574
600 | 7681994 | 496 |0.992 | 1.648 | 21386442 | 962 | 7.549 | 5.924 | 1321738 | 375 |1.049|1.014
700 |12206931( 179 |0.993 | 1.407 | 20496095 | 952 | 6.716 | 5.093 | 706786 | 130 | 1.007 |1.001
800 |18083157| 334 | 0.994 | 1.466 | 15952258 | 697 | 5.431 | 3.676 | 184422 84 |1.163|1.071
900 |15549203| 82 [0.996 | 1.181 | 8299817 | 472 | 4.421 | 2.685| 14832 18 |1.004 |1.001

Fig. 7.2 The exchange improvements on the bottleneck, insertion and random initial sequences for
D = 1,000

7.4 Mathematical Programming Formulation

Optimal solutions to the Response Time Variability problem can be obtained by
means of the dynamic program described in Sect. 7.2.4 but this program is too time
and space consuming to be practical. Another approach to get optimal solutions
uses mathematical programming approach described in this section and off the shelf
optimization software CPLEX. We assume for simplicity that d; > 2 in this and next
sections. We begin by defining some input parameters that would reduce the size of
the program.

7.4.1 Input Parameters

Given

M ={1,...,n} — The set of models.

X —The best solution obtained by applying the Exchange Heuristic to five greedy
initial sequences (see Sect. 7.3 for details).

Z — The total response time variability of X.

Z; — An upper bound on the value of RTV; defined as follows

Zi=Z— Y RTVjW\)).

JEM, j#i
Let A > 1 be an integer such that
D-A
>
{di - 1J =

Let A be the top node in the number decomposition graph for D’ = D — 4 and
d{ = dj — 1. We set LB;, the lower bound on the distance between the copies of i,
equal to the smallest A such that
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RTVi(J\fi/,l) <Zi.

For instance, let D = 52, dj = 5, o = 52 = 10.4 and Z; = 33.2. For A =5, the
best decomposition vector is N = (A{,A) = (12,12,12,11,5) which results in
RTVi(N) = 37.2 > Z;. For, A = 6 the best decomposition vector is L = (N, 1) =
(12,12,11,11,6), which gives RTV;(L) = 25.2 < Z; and thus LB; = 1 = 6.

For a given LB;, the upper bound on the distance between the copies of i, UB;j, can
be set as follows: UB; = D — ((dj — 1) - LB;). However, this bound can be possibly
improved as follows. Let @ > 1 be such that

D-o <o

di—-1|—
Let A} be the top node in the number decomposition graph for D’ = D — » and
d/ = dj — 1. We find the largest o such that

RTVi(w,N{) < Z

and set UBj = min(D — ((dj— 1) -LB;); ®). For instance, D = 52, dj =5, o =
% =104 and Z; = 7.6. For, o = 13, the best decomposition vector is N =
(13,10,10,10,9), which gives RTV;i(N) = 9.2 > Z;. Then, for @ = 12 the best de-
composition vector is L = (12,10, 10,10, 10), which gives RTV;(L) = 3.2 < Z; and
thus UB; = min(D — ((dj — 1) - LB;) = 28;12) = 12.

Therefore, the earliest, Ejx, and the latest, L, positions to be occupied by copy
k of i can be set as follows

Eix =max(1+LBj-(k—1);D—-UBj-(di—k+1)+1)

Lix = min (D — LB; - (di — k) ;UB; -k)

fori=1,...,n;k=1,....d;j, and consequently the set of positions available for copy
k of i can be set as follows

Hix = {h:Lix <h <Ey}.

7.4.2 The Objective

The Response Time Variability problem can be considered as a special case of
the quadratic assignment problem and therefore formulated as a quadratic inte-
ger program. The well known separable convex programming technique (see, e.g.,
Wagner [84]) can be applied with variables yijk € {0,1}, where yijk =1if and only
if the distance between copies k and k + 1 of i is greater than or equal to LB; + j,
whereie M ={1,....,n};k=1,....d;;j =1, ..., UBj — LB, to recast the response
time variability objective function as a linear one as follows:
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RTV="Y ((LBi+j)2—(LBi+i—1)2) X

ieM k. j
+ > di-LBf = Y di - of. (7.10)
icM icM

The consistency of values yi{( is imposed, though already guaranteed for the convex-
ity of the objective function, by the following constraint:

>yt (ieMik=1,...d;j=1,..,UB—LBi—1) (7.11)

Moreover, for each i € M, it is required from variables y,{( that the sum of the dis-
tances between its units is equal to D:

UB;—LB; di .
> > v =D-di-LB (7.12)
=1 k=1
UB;—LB; d; .
_21 kzl(l—yilk)zdi-usi—D. (7.13)
= =

Finally, using (7.12) we can rewrite the RTV in (7.10) so that the minimization of
RTV is equivalent to the minimization of

ntv= Y 7.
ieMk,j

7.4.3 Eliminating Symmetries

Let us introduce additional integer position variables sly, i € M;k =1, ....d;, where
slik equals the position index of copy k of i. The first copy of n can be fixed in the
first position of the sequence, thus

Sln)]_ - 1

Distance Mirror Reflection Elimination

Consider sequence S, then
S =nSnS;- - -nSdn,

where Sj j=1,...,d, are sequences, possibly empty, of copiesofi=1,...,n—1.
Then, the mirror reflection
Sdnn---SZHS]_n
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of S does not change the total response time variability, neither does the cyclic rota-
tion by a single position
S = nSdnn- --SHnS;.

To eliminate this mirror reflection symmetry we introduce the following constraint

dn—1
> K- (Shsr —Shk) +d7 - (D =l g, +5hh1)
dn—1
< z —k+ 1 (Sln,k+l — Sln,k)

+ (D —5slyg, +5h1)- (7.14)

Cyclic Rotation Elimination
Consider S again
S =nSinS,-- -nSdn,

and its dn — 1 cyclic rotations
nSy---nSq, NSy

NSg;NS1---NSy, 1.

All these rotations have the same value of the total response time variability. We
introduce the following constraints to eliminate these cyclic rotations.

dn—1
> K2 (shyr1—Sly) +0d2- (D —slpg, -+l 1)
k7

dn—1
< Y (1+((k+ j)moddn))?- (Sl k1 —Slnk)
k=1

+(1+])*- (D—Sslng, +5ln1) (i =0,....dy —2) (7.15)

Consistency with yi{(
The consistency of the slix and yi{( variables is ensured by the following constraints
(7.16) and (7.17):

Slijrr —Slig = LBi+ o+ ot e
(VieM;k=1,....dj—1) (7.16)

D —slig +8lis = LBi+ g+ + %+ +og O (€M) (7.17)
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For each i € M, it is required that the sum of the distances between its units is

equal D:
di—1

2 (Sli,k+1 — Sli,k) + (D — Sli,di —|—S|i71) =D (ieM) (7.18)
k=1

7.4.4 Feasibility of Position Variables

Finally, we introduce the variables yix, € {0,1}, where yj, = 1 if and only if copy
k of i is in position h, where i € M;k = 1,...,d;;h € Hi, and we link them with the
position variables slix by the constraint (7.19). These yixn variables are necessary to
ensure that all position variables slj, have distinct values in a feasible solution. This
requirement is ensured by adding the following assignment type constraints (7.20)
and (7.21):

2 h - yikh:slik (iEM;k=1,...7di) (7.19)
hEHik
z yikn=1 (h=1,...,D) (7.20)
(i,k) lieMAheH;,
Y yin=1 (ieMk=1,..dj. (7.21)
hEHik

7.5 The Algorithm

We now put all constraints and the objective together.

min rtv=Y j-yi{( (7.22)
iEM.k, j
Subject to
z h~yikh:slik (iEM;k=l7...7di) (7.23)
hEHik
Slijrr —Slig = LBi+ 9+ oo+ e D
(ieM;k=1,....di—-1) (7.24)

D —slig +8lis = LBi+ g+ + %+ +ohg " (ieM)  (7.25)
Wt (eMik=1,...d;j=1,..UB~-LBi—1)  (7.26)

> V=1 (h=1,...D) (7.27)
(i,k)liEM/\hEHik
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2 Yikn = 1 (iGM;k=1,...7di) (7.28)
hEHik
dn—1
kz;_ k2. <S|n7k+1 — Sln,k) + dﬁ . (D — Sln,dn + S|n)1)
dn—1 )
< z (dn—k+1)"- (Sln,k+l — Sln,k)
k=1
+ (D —slhg, +5h.1) (7.29)
dn—1
kz'l k2 . (Sln,k+l — Sln,k) + d,% . (D — Sln,dn + S|n)1)

dn—
< zl (1 + ((k+ J) mOddn))z ' <5|n,k+l - SIn,k)
k=1

+(1+))*- (D—Sslg, +8h1) (i=0,...,dq—2) (7.30)

UB;—LB; d; .
_21 kzlyifFD—di-LBi (ieM) (7.31)
j= =
UB;—LB; d; .
> Y (t-%)-d-UB-D (icm). (7.32)
j=1 k=1

Corominas et al. [85] use off the shelf software, CPLEX, to show that the practi-
cal limit for obtaining optimal solutions is D = 40 units to be scheduled in 2,000 or
less. The exact algorithms capable of solving the Response Time Variability prob-
lem for lager problem sizes in comparable amount of time remain to be found.

7.6 Exercises

Exercise 7.16. Develop a branch and bound algorithm for the Response Time Vari-
ability problem.

Exercise 7.17. Let o; be a given node in a number decomposition graph D; for
di, i =1,...,n. Formulate an integer program to test the feasibility of the nodes
oq,...,0n. The feasibility means that there exists a just-in-time sequence for
(dq,...,dn) with distance of copies of i as in the node ¢;. What is the complex-
ity of this test? Hint: The complexity appears an open problem.

Exercise 7.18. What is the total response time variability for the power-of-two
instances?
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7.7 Comments and References

This chapter is based to a large extend on Corominas et al. [82], where more
results of computational experiments with the Exchange Heuristic can be found.
The mathematical programming formulation and algorithm come from Corominas
etal. [82,85]. The total response time variability is suggested as a main metric of the
stride schedule by Waldspurger and Weihl [13], see also Chap. 10. The idea of The-
orem 7.13 comes from [86]. Lemma 7.12 is from Bar-Noy et al. [79]. The proof of
Theorem 7.14 was given in Bar-Noy et al. [79].



Chapter 8

Applications to the Liu-Layland Problem
and Pinwheel Scheduling

8.1 Introduction

This chapter presents a fresh approach to two hard real-time classical sequencing
problems: the Liu-Layland periodic sequencing problem and the (generalized) pin-
wheel scheduling problem. We show that a number of important results obtained
in the literature on either of these two problems follow quite easily from the prop-
erties of just-in-time sequences with small bottleneck deviations. We also present
new solutions to the Liu-Layland problem based on the quota-divisor methods of
apportionment. This fresh approach sheds a new light on the connections between
the just-in-time optimization and the apportionment problem on one side and the
hard two real-time scheduling problems on the other.

The Liu-Layland periodic sequencing problem [87] is one of the most funda-
mental problems studied in hard real-time computing systems. A system is said to
be real-time if the correctness of its operation depends not only on the logical cor-
rectness of the tasks making it but also on the time at which the tasks are performed.
In a hard real-time system, the completion of a task after its deadline is considered
useless and may ultimately lead to a critical failure of the whole system. For in-
stance, a task may calculate a current position of an aircraft in C seconds but the
position must be updated every T seconds. Missing a deadline may prove fatal for
the aircraft and generally for the system, thus deadlines must not be missed. More
details about hard real-time systems can be found in Cheng [88], and Butazzo [89].

The second problem discussed in this chapter is the pinwheel scheduling prob-
lem. Its motivation comes from the real-time satellite communication with a ground
station without data loss. This problem was introduced by Holte et al. [90] in 1989
and since then it is referred to as the pinwheel scheduling problem. In this problem,
the ground station receives data from a number of satellites. In each time slot the
station can only receive a single data packet from a single satellite. Each satellite,
due to its orbital characteristics, has a possibly different window of time of length b,
measured in the number of time slots, to repeatedly broadcast the same data packet
to the ground station. The station then has to allocate time slots to satellites so as

W. Kubiak, Proportional Optimization and Fairness, International Series in Operations 167
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to ensure that no data packet is lost, that is a satellite with time window b must be
allocated at least one time slot out of any consecutive b time slots. A generalized
pinwheel scheduling problem introduced by Baruah and Bestavros [91] requires that
a sliding time window of size b always includes at least a > 1 time slots allocated to
a satellite, which can speed up error recovery in case of possible broadcast problems.

The plan for this chapter is as follows. Section 8.2 introduces the Liu-Layland
problem in detail and briefly reviews well-known results on this problem. Sec-
tion 8.3 shows that the Liu-Layland problem can be solved by any optimization
algorithm for the bottleneck problem. Actually, even stronger results holds, namely,
any algorithm that finds a just-in-time sequence with bottleneck deviation less than
1 solves the Liu-Layland problem. Such algorithms may be, for instance, the algo-
rithm of Tijdeman presented in Chap.5 or the quota-divisor methods of apportion-
ment discussed in Sect. 8.4. We also show that the quota satisfaction is the neces-
sary condition for a devisor method to solve the Liu-Layland problem. Therefore,
no divisor method solves the Liu-Layland problem, and the culprit is population
monotonicity that characterizes any divisor method. Section 8.5 introduces the pin-
wheel and the generalized pinwheel scheduling problems and reviews well-known
results on these problems. Section 8.6 presents additional properties of just-in-time
sequences with bottleneck deviation less than 1. The properties lead to elegant and
simple proofs of a number of results on these problems known in the literature.
For instance the problems with the total density not exceeding % or the generalized
pinwheel problem with n = 2.

8.2 The Liu-Layland Problem

Following Liu and Layland [87], we define the periodic sequencing problem as fol-
lows. Consider n independent, preemptive and periodic tasks 1,....n with their re-
quest periods being Ty, ..., T, and their run-times being Cq, ... ,C, respectively. The
execution of the kth request of task i, which occurs at moment (k — 1)T;, must finish
by moment kT; when the next request for the task begins, k = 1,2,.... Missing a
deadline is fatal to the system, therefore the deadlines T;, 2T;, ... are considered hard
for task i. All numbers are positive integersand C; < T; fori=1,...,n. We need to
find an infinite word S = s35,... on the alphabet {1,2,...,n} such that i occurs ex-
actly Cj times in each subsequence s _1)7;41---Skr, fork=1,...andi=1,...,n. We
call S a periodic schedule for tasks 1,...,n. For any periodic schedule S, its L-prefix
S=5;...5., Wwhere L = lcm(Ty,...,Ty), defines a periodic schedule s which is an
infinite concatenation of s. Consequently, we shall assume that s> represents all
periodic schedules with their L-prefixes being s, and our discussion assumes for
simplicity that the term periodic schedule S refers to the L-prefix s of S rather than
to S itself. We begin with an example of three tasks and their periodic schedule.

Example 8.1. Consider a three task instance with request periods T = 3,T, = 4 and
T3 =5, and run-times C; = C, = 1 and C3 = 2 respectively. The periodic schedule
for this instance is shown in Fig. 8.1 where L = lcm(Ty, T2, T3) = 60. Notice that the
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Fig. 8.1 The periodic schedule for tasks with periods Ty = 3, T, =4, and Ts = 5, and run-times
C; =C, = 1and C3 = 2 respectively

total load between O and L is 1 x 20+ 1 x 154 2 x 12 = 59 which leaves a single
time slot, between 35 and 36, empty. O

The solution in Fig. 8.1 can be obtained by the deadline driven algorithm of Liu
and Layland [87], see also Dertouzos [92]. The algorithm assigns priorities to tasks
according to the deadlines of their current requests. Therefore, a task with the high-
est priority at a unit time slot k will be the one with the deadline of its current request
being the nearest to k, and a task will be assigned the lowest priority if the deadline
of its current request is the furthest from k. In any unit time slot k a task with the
highest priority and still incomplete current request will be executed. This deadline
driven algorithm always produces a periodic schedule as long as

s S < (8.1)
i=1 Ti
Clearly, no periodic schedule exists with (8.1) being violated.

We view the Liu-Layland periodic sequencing problem from a rather different
angle in this chapter. Our solution is based on the solution to the bottleneck problem
and it can be explained as follows. Assume that a task i can be allocated processor so
that it can progress at a rate as close to ri = % as possible. More precisely, consider
the straight line

Gi

Ti
in the interval [0, L] where variable k takes on integer values 0, 1,...., L. Let xj be the
total time allocated by a given schedule to task i in [0,k], notice that the schedule
may allocate time to multiple requests for i in this interval. Then, Theorem 5.8
ensures that there is a schedule that keeps xjx within distance less than 1 from the
line %‘ k simultaneously for each task i = 1,...,n. We show that being this close to

k

the lines %‘ k automatically ensures that the schedule is periodic, that is each request
for task i falls inside its request period.
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Our main goal is to show that any just-in-time sequence with r; = ?' and its
bottleneck deviation being less than one (but not necessarily optimal) solves the
Liu-Layland problem for tasks 1,...,n with their request periods being Ty,..
and their run-times being Cy, ... ,Cn respectively. Formally, the ratios r; = (Tji trans-

late into total demand D = L and the individual demands d; = LC' . Moreover, if
Y1<i<n %‘ < 1, then a dummy model n+ 1 with its demand

Ci
dhy1=L[1-

can be added to complete the instance of the bottleneck problem. It is worth noticing
that our proofs are formulated in terms of the ratios rj = ?' rather than the actual
demands d; which frees our approach from working with potentlally large demands
dj and L. For the proof, it is sufficient to show that any interval [(k — 1)T; + 1,kT;] of
the bottleneck just-in-time sequence includes at least C; copies of i. We begin with
the following two results shown in Lemmas 8.2 and 8.3, and Lemmas 8.4 and 8.5
respectively. The first shows that the inequalities

E(,J) <L(i,j) <E(,j+1)

hold for all i =1,2,...,nand j=1,...,dj —1 as long as B < 1. Hence, copies
(k—1)Ci+1,...,kC; of i occupy C; positions in the interval

[E(i,(k—1)Ci+1),L(i,kCi)].
The second proves that
(k—=1)Ti <E(i,(k—1)Cj+1) and L(i,kC;) <KT; (8.2)

for B < 1. Notice that the first inequality in (8.2) must hold as a strict inequality since
by definition the E(i, (k — 1)Ci + 1) is the earliest position that copy (k—1)Cij+1
can occupy. Thus the starting moment of that copy can be as early as E (i, (k —
1)Ci + 1) — 1 which must not be sooner than the release of the kth request that is the
moment (k—1)T;.

The above definition of periodic schedule tacitly implies preemptions at integer
points only. This is justified, however, by the fact that the existence of preemptive
periodic schedule implies the existence of preemptive periodic schedule with pre-
emptions at integer points only. This claim holds since the Liu-Layland problem
can be reduced to the 1|pmtn,r;,dj|— scheduling problem, we refer the reader to
Btazewicz et al. [93] for the definition of the three field scheduling notation, by
taking the release dates 0, Tj, ... ,( —1)T, and the deadlines T;, 2T;, ..., L for the £ T
requests of task i with run-time C. in the L-prefix. The latter problem can in turn
be reduced to the maximal network flow problem, Bratley et al. [94], which by the
integrality of all input data and the Integral Flow Theorem of network flows, see
Lawler [95], is solved by an integral flow. The flow can then be readily turned into a
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periodic schedule with preemptions at integer points only. These observations also
imply that the L-prefix, if it exists, can be found in time polynomial in L.

8.3 Just-In-Time Solution of the Liu-Layland Problem

We now give the details of the solution of the Liu-Layland periodic sequencing
problem based on the solution to the bottleneck problem studied in Chap.5. The
following is the summary of the correspondences between the two problems alluded
in the previous section:

number tasks n «— number of models n
task i «—— model i
total run-time of task i in [0, L] «+— demand d; for model i
cycle time L <« total demand D =3 , d
i Ci d _ G
the ratio 7= li=p=1.
We begin with some implications of Theorem 5.1 for the bottleneck problem
solutions.

Lemma 8.2. For any feasible bottleneck deviation B, i = 1,2,...,n and j =
1,...,dj, we have
E(i,J) <L, J)-

Proof. Follows immediately from Theorem5.1. O

We now show that for B < 1 the intervals for consecutive copies of model i can
overlap at the ends only.

Lemma83. ForB<landk=1,2,... j=1,..., we have
L(i,J) <E(i,j+1).
Proof. By Theorem 5.1

j—1+B
_|_
fi

L(,j) = [ 1],
and
j+1-B

i—1+B 2(1-B
: j .+ +( )
]

Ei,j+1) = . .

I=T I

If j‘&i’“B is an integer, then L(i, j) = j_}i’LB +1< j_&iJ’B + [2(158)1 =E@,j+1)

since 28 > 0 for B < 1. If 1718 is not an integer, then L(i, j) = [172*B] <
) I I I

=48 2“,?5)1 —E(i, j+1) since again 2””’5)

holds. O

> 0 for B < 1. Thus, the lemma
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Moreover, for B < 1, the copy kC; of model i must be in a position not later than
kT;. That is the completion of the k—th request of task i is not later than the deadline
of this request.

Lemma 8.4. For any bottleneck B < 1andi=1,...,n, we have
kTi > L(i,kGC;).

Proof. By Theorem 5.1

kCi—1+B

fi

L(i,kCi) = | +1].

Since rj = %‘ , we have

. B-1
L(i,kCi) = |[kTi+1+ |
Finally, since B < 1, then
L(i,kCi) <KT;
which ends the proof. O

Finally, for B < 1, the copy (k — 1)Cj+ 1 of model i must be in a position later
than (k —1)T;. That is the earliest start time of the k — 1-st request of task i is not
earlier than its release date.

Lemma8.5. ForanyB < landi=1,...,n, we have
(k—=1DT; <E(i,(k—1)Ci+1).
Proof. By Theorem 5.1

(k—1)Ci+1-B

E(i,(k—1)Ci+1) = .

1.

Since rj = %‘ , we have

Ei, (k- 1)Ci+1) = [(k—1)T; + 1281.
Finally, since B < 1, then
E(i,(k—=1)Ci+1)> (k—1)T;
which ends the proof. O
We are now ready to prove the main result.

Theorem 8.6. Any solution to the bottleneck problem with rates r; = %‘ i=1,..
and the bottleneck deviation less than 1 is a periodic schedule.

n

)
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Proof. Consider any solution to the bottleneck problem with its bottleneck deviation
B being less than 1. By Theorem 5.6, such a solution always exists. Then, copy j of
model i occupies a position in the interval [E (i, j),L(i, j)], where E(i, j) and L(i, j)
are defined as in Theorem 5.1. Therefore, by Lemmas 8.2 and 8.3, C; copies (k —
1)Ci+1,...,kC; of model i occupy C; positions in the interval [E (i, (k— 1)Ci+ 1),
L(i,kC;)]. However, by Lemmas 8.4 and 8.5, we have (k—1)T; < E(i,(k—1)Cj+1)
< L(i,kC;j) < kT; and thus at least C; copies of i occupy positions in [(k—1)T;+ 1,
kTi]. Consequently, the schedule is periodic which proves the theorem. O

The following example shows the just-in-time solution to the instance of
Example 8.1.

Example 8.7. The instance of the Liu-Layland problem from Example 8.1 translates
into an instance of the bottleneck problem with n =4 models, demands d; = 20,d, =
15,d; =24 and ds = 1, and rates r; = % =1r= % =3.r3= % =2.andr, = g
respectively. Notice that

3Ci 59

)

= 1
i—1Ti 60 <

thus a dummy task with the request period T4 = 60 and the run-time C4 = 1 is
added. Table 8.1 shows the time windows in which to run a unit of tasks 1, 2, and 3

Table 8.1 The position windows for tasks 1, 2, and 3
E@,j) L&) E@)) LZj EEGJ) LG

[—

1 1 3 1 4 1 2
2 4 6 5 8 4 5
3 7 9 9 12 6 7
4 10 12 13 16 9 10
5 13 15 17 20 11 12
6 16 18 21 24 14 15
7 19 21 25 28 16 17
8 22 24 29 32 19 20
9 25 27 33 36 21 22
10 28 30 37 40 24 25
11 31 33 41 44 26 27
12 34 36 45 48 29 30
13 37 39 49 52 31 32
14 40 42 53 56 34 35
15 43 45 57 60 36 37
16 46 48 39 40
17 49 51 41 42
18 52 54 44 45
19 55 57 46 47
20 58 60 49 50
21 51 52
22 54 55
23 56 57

24 59 60
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HHTEHIHITHUTE R U]

Fig. 8.2 The periodic schedule obtained by the just-in-time sequencing

obtained forB =1 — z(nl_z) = ﬁ. The sequence is shown in Fig. 8.2. The sequence

ignores a dummy task 4. 0O

8.4 Divisor Methods for the Liu-Layland Problem

8.4.1 The Necessary Conditions

Theorem 8.6 proves that in fact staying within the quota is a sufficient condition
for a house monotone method to solve the Liu-Layland periodic sequencing prob-
lem. This section goes further and studies the apportionment divisor methods as a
possible approach to solving this problem. These methods are chosen because of
their extreme computational efficiency, which makes them especially attractive for
real-time scheduling, their well know properties, which make them a cornerstone of
the apportionment theory, see Chap. 2, and because of their practical significance as
shown by their applications in operating systems and networking, see Chap. 10. Our
main result shows that staying within the quota is a necessary condition for a divisor
method to solve the Liu-Layland problem. This in fact proves that the divisor meth-
ods can not solve the Liu-Layland problem since no divisor method stays within the
quota by Theorem 2.4. Though this result can be deemed negative it provides inter-
esting insights into the solutions of the Liu—Layland problem, for instance, they are
not population monotone. Consequently, no population monotone method solves the
Liu-Layland problem and therefore any method that solves this problem must suffer
from the population paradox. That is sometimes even if task is run-time increases
and task js run-time decreases, the task i may get fewer allocations and task j may
get more allocations with the new run-times than they do with the original run-
times in the same time interval [0, t]. Finally, we show that slight modifications of
the Adams’s and Jefferson’s divisor methods solve the Liu—-Layland problem. These
modifications result into the quota-Adams and the quota-Jefferson divisor meth-
ods introduced by Balinski and Young [2], and Still [96]. These particular quota
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methods are chosen in this chapter because they are conceptually the simplest and
computationally the most efficient ones among all quota divisor methods. The fol-
lowing summarizes the correspondence between the Liu-Layland problem and the
apportionment problem discussed in Chap. 2:

number of tasks n «—— number of states n
task i «—— state i
total run-time of task i in [0,L] «—— population p;(= d;) of state i
position in sequence h < size of house h
total time x;, allocated to task i in [0,h] «—— a; for a house of size h
cycle time L < total population P = ¥ , p;.

We now show two necessary conditions for divisor methods to solve the Liu—
Layland periodic scheduling problem.

Lemma 8.8. Staying above lower quota is a necessary condition for any divisor
method to solve the Liu-Layland problem.

Proof. By contradiction. Let us consider any divisor method M that does not stay
above lower quota and solves the Liu-Layland problem at the same time. Since
M does not stay above lower quota, then there exist a vector of populations p =
(p1,P2,---,Pn), N> 3since all divisor methods stay within the quota for all 2—state
problems, see Theorem 2.5, and the house size h for which the lower quota (2.3) is
not satisfied for some state k, that is

Yn < [Ok] = {p;hJ : (8.3)

By Lemma 2.7, we can assume that g is fractional.
Define an instance of the Liu—-Layland problem as follows. For the task k corre-
sponding to the state k, let Ty= h. Let the run-time of task k be

h
Ce=la] = Hk, J <h. (8.4)
At the momentt = h x P, the total run time of all P requests for task k equals
o | pxh pkh
OCk—P{PJ<PP —pkh. (8.5)

For all other tasks i = k the run time is defined as follows
Ci = pih, (8.6)

and their request periods T; = h x P. Thus all other tasks, except k, can be scheduled
at any moment up to t = h x P. Notice that this Liu-Layland instance has a solution
by (8.1), since
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pch
n G n hp; { P J n pi
i=1 Ti izlz,‘i‘;ék hxP h i§1 P

Since M, by assumption, solves the Liu-Layland problem, then it obtains a pe-
riodic sequence Sy with x,=Cy positions assigned to the task k in the first request
period Ty = h of this task. By (8.3) and (8.4), ykn< Cx. Moreover, the instance of the

apportionment problem r with ry = hp; fori Ak and ry =P thJ < hpg changes
the populations according to the following proportions:

i hpi _ pi

e hpe P

However, since Xin > Ykn, and h = X ; xik = X1 4 Vik, then there is i # k such

that xij, < yin, which contradicts the population monotonicity of method M. This
ends the proof. O

forall i #£Kk.

Though staying above the lower quota is a necessary condition for a population
monotone method to solve the Liu—Layland problem, which we just proved, it is not
a necessary condition for a house monotone method. To show this let us consider
the following instance of the Liu—Layland problem:

C1=3T1=5C=2T,=5 (8.7)

and a house monotone (however not a divisor) method, for instance, the original
Liu-Layland algorithm [87]. Let us have this algorithm to break ties whenever there
is more then one task with the same request period T; by assigning the current time
slot to a task with the longest run-time. The sequence produced by this algorithm is
as follows:

1-1—-1—-2-2 (8.8)

where 1 and 2 denote the unit time allocations of tasks 1 and 2 respectively. This
sequence solves the Liu-Layland problem, however, it violates the lower quota

2x3 6
quJz{ : Jz M =1 (8.9)
for task 2 at position 3.

The following lemma presents the second necessary condition.

Lemma 8.9. Staying below upper quota is a necessary condition for any divisor
method to solve the Liu-Layland problem.

Proof. By contradiction. Let us consider any divisor method M that does not stay
below upper quota and solves the Liu-Layland problem at the same time. Since
M does not stay below upper quota, then there exists a vector of populations p =
(p1,P2;---,Pn), N > 3, and the house size h for which the upper quota (2.4) is not
satisfied for some state k. That is
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h >y > [ok] = [p;h] : (8.10)

By Lemma 2.8, we can assume that g is fractional.
Define an instance of the Liu-Layland problem as follows. For the task k corre-
sponding to the state k, let Ty= h. Let the run-time of task k be

G = [p;h] —[g] <h. (8.11)

At the momentt = h x P, the total run time of all P requests of task k equals

o[ pxh pkh B
ak_P[ . w <P( . +1>—pkh+P. (8.12)

For all other tasks i # k the initial run-time is defined as follows
Ci = pih, (8.13)
and their request periods T; = h x P. The run time C; of task i is now (possibly)
reduced by an integer &;, 8 > 0, to C{ = C;j — §; so that C{ > 1 and
h
ZEi:P[pk —‘—pkh>0. (8.14)
i£k P

This reduction is feasible, though it can be done in a number of different ways, since
by (8.11)

>Ci=hY pi- (P [p;h} —pkh) —hp—P [p;h}

ik ik
:P(h—[%ﬂ) >P>n. (8.15)
Notice that this reduced Liu-Layland instance has a feasible solution by (8.1), since
h h
nCl % hpi—(P[pé—‘_pkh)+[pé—‘_%pi_l (8.16)
ST il hxP h &P 7 '

Finally, since M, by assumption, solves the Liu-Layland problem, then it obtains a
periodic sequence S| with xx,=Cy positions assigned to the task k in the first request
period Ty = h. However, by (8.10) and (8.11) yxn> Xkn, and the instance r where

ri=hpi— & foriZkandry, =P [p}'é,hw > hpy satisfies the following condition:
ri_hpi—d <P foral i £Kk.
K p [Péhw Pk
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However, since Xn < Ykn, and h =X ; xik = X1 4 Vik, then there is i # k such
that xjn > yin, which contradicts the population monotonicity of the method M. This
ends the proof. O

Though staying below upper quota is a necessary condition for a population
monotone method to solve the Liu-Layland problem, it is not a necessary con-
dition for a house monotone method. Consider again the instance (8.7) and a house
monotone (however not divisor) method that is the original Liu-Layland algo-
rithm [87]. Let us now have this algorithm to break ties whenever there is more then
one task with the same request period T; by assigning the current time slot to a task
with the shortest run-time. The sequence produced by this algorithm is as follows:

2—-2—-1—-1—-1 (8.17)

where 1,2 denote the unit time allocations of tasks 1 and 2 respectively. This se-
quence solves the Liu-Layland problem, however, it violates the upper quota

2x2 4
wr=[t57]-[4] -
for task 2 at position 2.

The following theorem summarizes our results.

Theorem 8.10. Satisfying quota is a necessary condition for any divisor method to
solve the Liu-Layland problem.

Proof. Follows immediately from Lemmas 8.8and 8.9. O

Thus, by Theorem 2.4 we have an immediate conclusion formulated as
Corollary 8.11.

Corollary 8.11. No divisor method solves the Liu-Layland problem.

There are, however, divisor methods that stay above the lower quota, or below the
upper quota as stated in the following lemmas, see Balinski and Young [2].

Lemma 8.12. The Jefferson’s method is a unique divisor method that stays above
lower quota.

Lemma 8.13. The Adams’s method is a unique divisor method that stays below up-
per quota.

The following examples show that indeed neither Jefferson’s nor Adams’s method
solve the Liu-Layland problem.

Example 8.14. The Jefferson’s method of apportionment does not solve the Liu—
Layland problem.
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Proof. Consider an instance of four tasks.
T.=5C,=3,T,=5C,=1,T3=10,C3=1,T, =10,C4, = 1. (8.19)

The rate monotonic scheduler proposed by Liu-Layland [87] gives the following
sequence for the tasks:

1-1-1-2—-3-1—-1—-1—-2—-4. (8.20)

The transformation of the instance to the apportionment problem results into four
state instance with populations

LC LC LC LC
pi= " =6,p= C=2p3= > =1ps=

=1
Ty Tz T3

8.21
o=t @2
where L = lecm(5,10) = 10. The Jefferson’s method results in the following se-
quence.

1-1-1+—2-1-1-1+—2«—3«—4, (8.22)

where X <—— y means that the x and y can be interchanged in the sequence. In (8.22)
only two (instead of required three) positions between positions 6 and 10 are occu-
pied by task 1. Thus, (8.22) is not periodic. O

Example 8.15. The Adams’s method of apportionment does not solve the Liu-
Layland problem.

Proof. Consider again the instance (8.19). The Adams’s method results in the fol-
lowing sequence.

1-2—-3+—4—-1-1-2+—1—-1-1 (8.23)

for the apportionment problem (8.21). In (8.23) only two (instead of required three)
positions between positions 1 and 5 are occupied by task 1. Thus, (8.23) is not
periodic. O

8.4.2 Adjusting the Jefferson’s Method to Solve
the Liu—Layland Problem

We now show that it is possible to adjust the Jefferson’s method to solve the Liu-
Layland problem. We begin with the following observation.

Lemma 8.16. The Jefferson’s method assures that for every task i the cumulative
run-time a; of this task at the end of its kth request period kT; fulfils the following
condition:

aj > kG;. (8.24)
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Proof. The Jefferson’s method is the only divisor method that satisfies the lower
quota g; of any task i. By Lemma 8.12, we have

a > |qi) = { hi"Xf;aJ , (8.25)

for any house size h. By setting pi= "f‘, Y@, pi = L and finally h= kT; for some
k=1,2,... and by substituting those values in (8.25) we obtain

: LG
ai > Vkm i( Ti )J — kCi. (8.26)

Since kC; is an integer, this completes the proof. O

Lemma 8.16 guarantees that the task i runs for at least kC; time units by the end
of the kth request period kT; which however does not guarantee that i runs for C;
time units in each interval [(¢—1)T;, £Ti], ¢ = 1,...,k. We illustrated this problem in
Example 8.14. To rectify the problem we can modify the Jefferson’s method so that
before allocating the next time unit to task i according to the standard Jefferson’s
method the upper quota of that task is verified and if it is not violated the task is
allocated the unit. Otherwise the task must be put on hold. This rule is nothing but
the quota method of Balinski and Young [2]. More formally, their method for any
apportionment a, vector of population p and house size h defines the set of states
that can receive the next seat at house size h+ 1 without exceeding their upper quota,

U(p,a), as follow:
U(p,a) = {i rai < pi(h; 2 } (8.27)

We have U (p,a) # 0 for every p and a because otherwise at the house of size h the
sum of apportioned seats would exceed h. Thus the quota satisfying solution can be
defined by the following recursive procedure:

1. M(p,0)=0
2. If M(p,h) = a and k maximizes akpjl overallk e U(p,a), thenb € M(p,h+1)
with by = ax +1and bj = aj forall j #k

Let us now consider the instance from Example 8.14. Using the procedure of
Balinski and Young [2] just presented we obtain the following possible sequences:

1-1-2—-1-3—-1-1—-2—-1—-4
1-1-2—-1-3-1—-1-4—-1-2
1-1-2—-1—-3—-1—-1-2—-4->1
1-1-2—-1—-3—-1—-1—-4—-2-—>1.

Notice that each is a periodic sequence required by the Liu-Layland problem.
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8.4.3 Adjusting the Adams's Method to Solve
the Liu—-Layland Problem

For the Adams’s method following lemma can be proved.

Lemma 8.17. The Adams’s method assures that for every task i the cumulative run
time a; of this task at the end of its kth request period kT; fulfils the following condi-
tion:

aj < kG;. (8.28)

Proof. The proofis similar to the proof of Lemma 8.16 and thus will be omitted. O

Lemma 8.17 guarantees that the task i runs for at least ( —k)C; time units from
the end of the kth request period KkT; until L which however does not guarantee
that i runs for C; time units in each interval [(¢ — 1)T;,¢Ti], £ = k+1,. L_ We
illustrated this problem in Example 8.15. To correct the problem we can modﬁ‘y the
Adams’s method to solve the Liu-Layland in a similar fashion as was shown for
the Jefferson’s method, Balinski and Young [2], we omit details of this modification
here.

We finally remark that in general any divisor method can be modified to sat-
isfy quota and thus to solve the Liu-Layland problem using the general Still’s
procedure [96].

8.5 The Pinwheel Scheduling

The pinwheel schedule is defined as follows:

Definition 8.18 (Pinwheel Schedule). A pinwheel schedule on alphabet {1,2,...,n}
is an infinite sequence S = s35; ... such that

1.sje{1,2,...,n} forall j € Nand
2. Eachie {1,2,...,n} occurs at least once in any subsequence o consisting of b;
consecutive elements of S

The pinwheel scheduling problem is then to find a pinwheel schedule for given
bi,i=1,...,n, or show that the schedule does not exist. Although the definition of
pinwheel schedule requires it to be infinite, it is well-known that if the schedule ex-
ists, then there exists a periodic schedule whose period does not exceed the product
[1bi. A pinwheel schedule is given in the following example.

Example 8.19. The pinwheel schedule for by = 3,b, = 4,bz =7, and by = 10 is
shown below,

1-3-2—-1-4-2-1-3-2—-1—-4-2)". O
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However, the pinwheel schedule may not always exist. We then say that the in-
stance for which this happens is not schedulable. The following example gives one
such instance.

Example 8.20. Consider the by = 3,b, = 4,b3 = 5,bs = 5 instance of the pinwheel
problem. This instance is not schedulable. To show this let us assume that the in-
stance is scheduable. Then, there is a periodic schedule s* whose period s is not
longer than 3 x 4 x 5 x 5. The s must have some two adjacent copies of i =1
separated by exactly two other symbols different than 1. Otherwise, the s= would
solve the instance (2,4,5,5) which leads to a contradictionsince 3 + 3 + 1 +1 > 1.
Therefore, without loss of generality, the following subsequence must occur in s>

wk =% —4—-1-2-3-1-4

which can not be extended to the left since the two positions *x and * are contested
by 1, 2, and 3. This proves that there is no sequence s such that its any subsequence
of three includes at least one 1, any subsequence of four includes at least one 2, and
any subsequence of five includes at least one 3 and at least one 4. However, there is
a sequence s such that there is a 1 in any subsequence Ssj_2Ssi_1S3i, & 2 in any subse-
guence S4i354i_254i—154i, and a 3and a 4 in any subsequence Ssj_4Ssi_3Ss5i2S5i— 155,
i=1,2,...This sequence is simply the periodic schedule of the Liu-Layland prob-
lemforCy =1,T; =3,C, =1,T, =4,T3 = 2,C3 = 5 which is shown in Example 8.1
in Chap. 8. Therefore, synchronization of the satellite orbital characteristics simpli-
fies the scheduling of satellite communication with a ground station without data
loss and guarantee a solution as long as

1
<1 O
Zbi,
In Example 8.20 we have
1+1+1+1_1+1+1+1_59
by b, by by 3 4 5 5 60

Generally, the higher the instance density

Zbi

the more difficult, if possible at all, is to find a pinwheel schedule. Fishburn and
Lagarias [97] prove the following theorem.

Theorem 8.21. There is a pinwheel schedule for any instance with

1 3
< .
Zbi74

Example 8.20 shows that there are instances with
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1 5
2 bj - 6
for which no pinwheel schedule exists, actually the simplest such an instance is
by =2, by = 3, and bz any positive integer grater than 5. Chan and Chin [98] con-
jecture that

Conjecture 8.22. There is a pinwheel schedule for any instance with

1 5

Zbi S

The conjecture is supported by the three-value theorem of Lin and Lin [99].

Theorem 8.23. There is a pinwheel schedule for any instance with at most three
different values in the multiset {b1,...,bn} and

1 5
< .
zbi*6

As well as by the following theorem of Fishburn and Lagarias [97].

Theorem 8.24. There is a pinwheel schedule for any instance with value 2 in the
multiset {by,...,by} and
1 5

< .
Zbi*6

The pinwheel scheduling problem is still not shown to be NP-hard, either
ordinary or strong, see Chen and Mok in the Handbook of Scheduling [100]. How-
ever, it is conjectured that the problem is NP-hard. The proof of Theorem 9.3 is
insufficient to prove the NP-hardness of the pinwheel scheduling problem since the
latter specifies each satellite individually and therefore model m + 1 with demand
(K+2)L(1-x} ) in this proof would have to be turned into (K +2)L(1— s )
satellites each W|th time window L. This, however, may result into an exponentlal
number of satellites, since we can not generally limit the value (K+2)L(1 -, i)
the polynomial of the input size being O(log(bi + 1)), and thus the transformation
of Theorem 9.3 would not be polynomial.

The security and fault tolerance in computer networks lead to a more general pin-
wheel scheduling problem introduced by Baruah and Bestavros [91] where a mes-
sage is split into b equal size blocks by using the Information Dispersal Algorithm
developed by Rabin [101], so that any a < b out of these b suffices to reconstruct a
message. We illustrate the problem by the following example with three messages
i =1,2,3 where message 1 has 5 blocks, message 2 has 3 blocks, and message 3
has 2 blocks. Without dispersion the 10 blocks of the 3 messages can be transmitted
according to the following sequence

1-2—-3—-1—-2—-1—-1—-3—-2—1
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for instance. However, then if any block is lost or gets corrupted during transmission,
then the delay in retrieving the block is the time needed to transmit 10 blocks. By
dispersing message 1 in 15 blocks of which any 5 would suffice to reconstruct i,
message 2 in 9 blocks of which any 3 would suffice to reconstruct it, and message 3
in 6 blocks of which any 2 would suffice to reconstruct it we get a sequence

1-2-3-1-2-1-1-3-2-1)>

The delay to recover any single block lost during transmission does not exceed 3,
4, and 5 for messages 1, 2, and 3 respectively in the sequence with the dispersion.
Furthermore, there are at least 5 copies of 1 in any subsequence of 10 consecutive
blocks, at least 3 copies of 2 in any subsequence of 10 consecutive blocks, and at
least 2 copies of 3 in any subsequence of 10 consecutive blocks. The delay can be
controlled by setting a size b; of a time window independently for each message and
requesting that a sliding time window of that size always includes enough, that is a;,
blocks of that message to recover it completely. This leads the generalized pinwheel
scheduling problem defined as follows.

Definition 8.25 (Generalized Pinwheel Schedule). A generalized pinwheel sched-
ule on alphabet {1,2,...,n} is an infinite sequence S = s;5; . .. such that

1.sje{1,2,...,n} forall j € Nand
2. Eachie€{1,2,...,n} occurs at least a; times in any subsequence o consisting of
bj consecutive elements of S

The problem is NP-hard.
Theorem 8.26. The generalized pinwheel scheduling problem is NP-hard.

Proof. Follows immediately from the proof of Theorem 9.3. O

8.6 Applications to Pinwheel Scheduling

We now discuss some additional properties of bottleneck optimal sequences and
then apply them to the pinwheel scheduling problem later in this section.

8.6.1 Additional Properties

Let d =dy,...,d, be an instance of the bottleneck problem. In this and following
sections we shall use the term letter (or symbol) instead of model. Let rj = ‘é =
ﬁ: where a; and b; are relatively prime, be the rate for letter i. We shall consider
an infinite periodic sequence S = s> with cycle s obtained by the algorithm, for
instance, described in Chap.5 with a given bound B on the bottleneck deviation.
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First, we show that any subsequence w of S that starts with an i, ends with an i,
and includes exactly ka; copies of i is not longer than kb; +1, k = 1,2,.... Let
the first occurrence of i in the subsequence w be the copy j+ 1 of i, and the last
occurrence of i in the subsequence w be the copy j+ka; of i. In' S, copy j+1 can
not be in any position prior to E(i, j+ 1) and copy j + kaj can not be in any position
later than L(i, j + ka;) for a given feasible B. We have the following upper bound on
the difference between the latter and the former in S with B < 1.

Lemma8.27. ForB<landk=1,2,... j=0,1,..., we have

L(i, j+kai) —E(i, j+ 1) < kbj,

and
L(i,kaj) < kb,
where i=1,...,n
Proof. By Theorem 5.1
. j+kaj—1+B
LG jrka) = [TT9 TR,
1
and 1B
Ej+n=1"" "7
Thus,
- - 2B-2
L(i,j+kaj)—E(i,j+1) <kbj+1+ . (8.29)
|

Since B < 1, then 1+ 28-2 < 1. Thus, since the left hand side of the inequality

(8.29) is mtegral then, we have
L(i,j+kai) —E(i, j+1) < kb;.

Finally,

L(ikay) — <@~ 1B Ly :kbi+1—{

fi

1-B

fi

} < kb,

forB<1. O

The bound can be slightly reduced for the is with small ratios E‘: . More precisely,
we have.

Lemma8.28. If fi < 't

then there is a sequence S with
L(i,j+kaj) —E(i,j+1) <kbj —
fork=1,2,... j=0,1,....

Proof. Consider the inequality (8.29) for B =1 — 2(n1—1)' By Theorem 5.8 a se-
quence S with its bottleneck not exceeding this B always exists. For the S, we have
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2B—-2
1+ <0
fi
aslongasri= ﬁ: < nfl. Then, however,
L(i,j+kaj) —E(i, j+1) < kb, (8.30)

The inequality (8.30) holds for E‘: = nil as well. We then have
L(i, j+kaj) =kbij+ j(n—1)

and
E(i,j+1)=j(n—-1)+1,

thus
L(i,j+kai) —E(i,j+1) = kb — 1.

This proves the lemma. O

By Lemmas 8.27 and 8.28 we prove.

Theorem 8.29. Let S be a sequence with bottleneck deviation B < 1. Then any its
subsequence w that starts with an i, ends with an i, and has ka; copies of i is not
longer than kb; + 1, k =1,2,.... Moreover, for any i with ﬁ: < nil the subsequence

w is not longer than kb, k =1,2,...forB=1— 2(n1—1)‘

Proof. Let the first occurrence of i in the subsequence w be the copy j+ 1 of i, and
the last occurrence of i in the subsequence w be copy j +kaj of i. In S, copy j+ 1
can not be in any position prior to E(i, j+ 1) and copy j + ka; can not be in any
position after L(i, j +ka;) if the bottleneck of S is at most B. By Lemma 8.27, the
difference between the latter and the former is at most kb; but since a copy of i can
occupy the position E(i, j + 1), the sequence can not be longer than kb; 4+ 1 which
proves the first part of the theorem. The second part follows from Lemma 8.28. O

Second, we show that any subsequence w of s with at least kaj 4+ 2 copies of i is
not shorter than kbi +1, k =1,2,.... Let the first copy of i and the last copy of i in
subsequence w be copies j and | respectively. Obviously, | > j+ka;j + 1, otherwise
there would be less than kaj 4+ 2 copies of i in subsequence w. In S, copy j can not
be in any position higher than L(i, j) and copy j +ka;j + 1 can not be in any position
prior to E(i, j + kaj + 1) for a given feasible B. We have the following lower bound
on the difference between the latter and the former in S with B < 1.

Lemma8.30. FforB<landk=1,2,... j=1,..., we have
E(i, j+kai+1) —L(i, j) > kbj,

where i=1,...,n.
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Proof. By Theorem 5.1

- j+kai+1—B
£, j+hkay+1)= [ TA TR,
1
and j—1+B
Lip=1""

Thus,

L. - 2—-2B

E(i,j+kai+1)—L(i,j) > kb —1+ .o (8.31)
|

Since B < 1, then #,%® —1 > —1. Thus, since the left hand side of the inequality

(8.31) is integral, thus', we have
E(i, j+kaj+1) — L(i, j) > kbj.
O

The bound can be slightly increased for the is with small ratios E‘: More pre-
cisely, we have.

Lemma 8.31. If ﬁ: < nfl, then there is a sequence S with

E(i,j+kai+1)—L(I,j) > kbi+1,

fork=1,2,...j=01...forB=1—,.t.

Proof. Consider the inequality (8.31) for B =1 — 2(n1—1)' By Theorem 5.8 a se-
quence s with its bottleneck not exceeding this B always exists. For the S, we have

14278
fi
aslongasri = ﬁ: < nfl. Then, however,
E(i,j+kai+1)—L(i,]) > kb;. (8.32)

The inequality (8.32) holds for ﬁ: = nil as well. We then have
E(i,j+kai+1)=kbj+ jin—1)+1
and
L(Iv J) = J(n - 1)v

thus
E(i,j+kai+1) —L(i, j) = kbj +1

which proves the lemma. 0O

Lemmas 8.30 and 8.31 imply the following theorem.
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Theorem 8.32. Let S be a sequence with bottleneck deviation B < 1. Then, any its
subsequence w with at least ka; + 2 copies of i is not shorter thankb; +1,k=1,2.....
Moreover, for any i with ﬁ: < nil the subsequence w is not shorter than kbj + 2,
k=1,2,....

Proof. Let the first occurrence of i in the subsequence w be the copy j of i, and the
last occurrence of i in the subsequence w be copy | of i. We have, | > j+kaj+1
since there are at least kaj; + 2 occurrences of i in w. In s, copy j can not be in
any position after L(i, j) and copy j+kaj+ 1 can not be in any position prior to
E(i, j+kaj + 1) if the bottleneck of s is at most B. By Lemma 8.30, the difference
between the latter and the former is at least kb; but since a copy of i can occupy the
position L(i, j), the sequence can not be shorter than kb; + 1 which proves the first
part of the theorem. The second part follows from Lemma 8.31. O

We use the two lemmas to characterize the distribution of letter i in S with B < 1.

Theorem 8.33. Let sj,1...Sj.p, be any subsequence of bj consecutive letters of
S = s~ with B < 1. Then, letter i occurs either a; — 1, or a;, or aj + 1 times
in the subsequence. Furthermore, if the closest subsequences sj 1...Sj4n, and
Sj1-kbj - - Sj+(k+1)b;» fOr some k > 1 have aj — 1 copies of letter i each, then k > 2
and there are exactly (k — 1)aj + 1 copies of i in the sequence Sj 1, ... Sjkb;-

Proof. Consider a subsequence W = Sj1...Sjp;, j > 0, of S. We first show that
there are at least a; — 1 copies of i in w. This claim obviously holds for aj = 1.
Thus, let a; > 2. Assume that the number of copies of i in w is less than a; — 1.
Then, if there isno i ins;...sj, then there is | > j+bj+ 1 such that sy = i and the
sequence s; ...S; has exactly a;j copies of i but this contradicts Lemma 8.27 since
L(i,aj) < bjforB < 1. Now, ifioccursins;...sj, thentherearek < jand | > j+b;
such that sy = s; = i and the sequence s ..., has exactly a; copies of i. However,
| —k+1 > bj+ 1 which contradicts Theorem 8.29. Therefore, there is at least aj — 1
copiesof iinsj y...Sjp;.

Let us now assume that there are at least a;j + 2 copies of i in w. This, however,
contradicts Theorem 8.32. Therefore, the only possible numbers of copies of i in
Sj+1---Sj+p; are aj — 1, aj, and a; + 1, which completes the proof of the first part of
the theorem.

Now, let Sj.1...Sjb; and Sj ik +1---Sj4(k+1)b; fOr kK> 1 be two sequences with
aj — 1 copies of i. By contradiction. Assume that each sequence sj ip; 1 - - - Sj(14+1)b;s
0 < I <k, if any, in between the two has exactly a; copies of i. Then, if there is no
i insg...sj, then sequence s; .. -Sit(k-1)by has no more than (k+1)aj —2 copies
of i and thus there is | > j+ (k+ 1)b;+ 1 such that sy = i and the sequence s; ...S|
has exactly (k+ 1)a; copies of i but this contradicts Lemma 8.27 which implies
L(i,(k +1)aj) < (k+1)bj for B < 1. If there is an i in s;...sj, then there are
h<jandl> j+ (k4 1)bj+ 1 such that s, = s; =i and the sequence s;,...s| has
exactly (k4 1)a; copies of i. However, | —h+1 > (k+ 1)bj + 1 which contra-
dicts Theorem 8.29. Therefore, in both cases k > 2, and there must be a sequence
Sjtibi+1---Sj+(4+1)b 0 <1 <kwith aj+ 1 copies of i.
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To complete the proof we observe that there is a positive integer ¢; such that
aibi = D and aja; = d; consequently there are o4a; copies of i ins=35;...5p.
Forany j, j=0,...,bi — 1, consider sequences Wk = Sj kb;+1---Sj(k+1)b; T0r K=
0,...,0i—2,and

We—1 = Sj+(oci—l)bi+1 ...SpSy...Sj.

Let wijy,...,wj, for jo <... < jm be all the sequences with a; — 1 copies of i. Then
there must be exactly one sequence Wj With jy mod m+1) < J < Jk mod (m+1)+1 With
aj + 1 copies of i. This claim follows from the fact that there must be at least one
such a sequence, which we have already shown, and the fact that there cannot be
more than one since the number of is is oja;. O

8.6.2 The Applications

We now apply the properties of just-in-time sequences with small bottleneck devi-
ations to the pinwheel scheduling problems. We begin with the following sufficient
condition for the existence of the generalized pinwheel schedule.

Theorem 8.34. If

bi bi — ’

1<i<n

then there is a generalized pinwheel schedule for pairs (aj,b1),...,(an,bn). The
schedule can be found any optimization algorithm for the bottleneck problem.

Proof. Let (a1,b1),...,(an,bn) be an instance of the generalized pinwheel schedul-
ing problem such that 31 i<, f + . < 1. Define d; = "<al‘)i+l) ,fori=1,...,n, where
L =lem (by,...,by). Then, 31 ;di <L, and if 3] ;di <L, then add a dummy
with dy 1 = L— X ; di. Theorem 8.33 ensures that any optimization algorithm for
the bottleneck problem when applied to this instance with the ratios dl_' = a‘gl, for
i=1,...,n, delivers a sequence with at least (aj + 1) — 1 = a; copies of i in any sub-
sequence of b;j consecutive letters, and therefore a generalized pinwheel schedule
for (a1,b1),...,(an,bn). O

A similar result was independently obtained by Baruah and Lin [102]. Notice
that as a corollary from Theorem 8.34 we have that, see also Holte et al. [90], the
following holds.

Corollary 8.35. There exists a pinwheel schedule for (1,b;),...,(1,bn) if only
21§i§nbli < %

Theorem 6.7 characterizes all instances of the bottleneck problem for n = 2 with
the bottleneck deviation B* < % This small B* is key in the proof that the general-
ized pinwheel schedule always exists for n = 2.
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Theorem 8.36. The generalized pinwheel schedule always exists for n = 2.

Proof. Consider a generalized pinwheel problem instance (ai,bs),(az,b,) for
n = 2. Without loss of generality assume that gcd(a;,b;) = gcd(az,by) = 1. Ob-

. b .
serve that a pinwheel schedule for (gcd<217b1)7 god(an by) )’ (gcd<aa§7b2)7 gcdeay)) 15 @
pinwheel schedule for (a;,b1), (az,by). If

ay ao

b, b, = L

then b, = by and any sequence with a; copies of 1 and a, copies of 2 solves the
pinwheel problem.

If a

by ' by
then if the product bib, is odd, then there are nonnegative o and o such that
0y + 0 = biby — (athy +azby) > 1

<1,

aj aih, + o and ap aoby + o
bl - b1b2 b2 - blb2

Let B = gcd(aihz + o1,a2b1 + 0, biby). Define

d aihy + o
1= )
B
asb1 + o
d2: 2 lB 27

iy
5

We have D = d; +d, and odd since b1 b, is odd. Thus, exactly one of d; or d; is odd
and the other even.

If the product by by is even, then there are positive oq and o such that o + o =
1+biby — (albz + azbl) >2

D

al<alb2+061 an az<azb1+062.
b1 = bibo+1 b, = biby+1

Let B = gcd(aiby + 01,a2b1 + o, biby + 1). Define

d aihy + o

1= ;
B

d arb1 + o

2= )
B

D— blbz-l-l.

B
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We have D = d; +d and odd since b;b, + 1 is odd. Thus, exactly one of d; or d; is
odd and the other even.

By Theorem 6.7, B* < % for (dy,dy) if and only if one of d; or d; is odd and the
other even. However, for B* < % copy jofi=1,2isin position

2j—1
2r;
and copy j + a; in position

]

Therefore, there are at least a; copies of i in any subsequence of length b;. This ends
the proof. 0O

We now illustrate Theorem 8.36 with an example.

Example 8.37. Consider an instance (a; = 2,b1 =5), (az = 4,b, = 7) of the gener-
alized pinwheel scheduling problem. We have

consequently b;b, = 35 is odd and a2 = by b, — (a1by +ab;) =35—(14+-20) = 1.
Thus, we can take

20 35
d1 3 dz 5 and 5 s
where 3 = gcd(aihy + 0q,a2b1 + 0, b1by) = 5. Consider the instance (d; = 3,d, =
4) of the bottleneck problem. By Theorem 8.36, the three copies of 1 will be in
positions - o .
(2j-1) 7(2j-1)

2r1 6
for j = 1,2,3 and the four copies of 2 will be in positions

[(2j-1] _[7@2j-1)]
2I’2 8

for j =1,2,3,4 in an optimal solution for this instance. Therefore, 1 occupies all
even-indexed positions, and 2 all odd-indexed positions and the sequence is

2—-1—-2—-1—-2—-1—2. O

Theorem 8.33 applies to n = 3 provided the following condition is met

ai+ay az a; ar—+as

M by T by

y<1, (8.33)
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where (a,b1),(azb2) and (as,bz) is an instance of the generalized pinwheel
scheduling problem with n = 3. Without loss of generality we assume b; < b, < bs.
The condition allows to reduce the n = 3 case to the n = 2 case with either
(a1 +ay,b1) and (as,bs) or (a;,b;) and (a; + as,bz) depending on whichever of
the two instances is feasible.

Example 8.38. Consider the instance (2,6),(4,15), and (3,19) given in Lin and Lin

[99]. We have ) 3
4+
<1
67 15 =7
thus the instance (2,6), (7,15) is feasible. Since gcd(2,6) = 2, consider (1, 3), (7,15)
instead. We have 3 x 15 =45 odd, and oe = 45 — (15 +21) = 9. Thus, we can take

15 30 45
d1 15 dz 15 and 15 3,

where 8 = gcd(aihy + oq,a2b1 + 0, b1by) = ged(15+ 0,214 9) = 15. By Theo-
rem 8.36, the single copy of 1 will be in position [(Zéaﬂ = 2 and the two copies of
2 will be in positions

(2j-1)]_[3R2i-1)
2ry 4
for j = 1,2 in an optimal solution for this instance. Therefore, the sequence is
2—1—2.
Turning one of the 2’s into a 3 we get the following pinwheel schedule
(2—1-3)",

which actually meets a condition “1 out of 3” for each of the three. Observe, the
a different than 0 and 9 choice of oy and o respectively could lead to a different
sequence. 0O

Recall from Sect. 8.5 that we can not guarantee the existence of a generalized
pinwheel schedule for density higher than 2 for n = 3. More applications can be
found in the exercises.

8.7 Exercises

Exercise 8.39. Adjust the Adams’s method to solve the Liu-Layland problem. Hint:
See Balinski and Young [2].

Exercise 8.40. Show that any divisor method can be adjusted to solve the Liu—
Layland problem. Hint: See Still [96]
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Exercise 8.41. Prove Lemmas 8.12 and 8.13.

Exercise 8.42. Show that there is a pinwheel schedule for any instance with at most
two different values in the multiset {bs,...,by} and

1
<1
Zbi_l

Hint: See Holte et al. [103] and Theorem 8.36.
Exercise 8.43. Prove Theorem 8.23 for min{by,by,b3} > 18.
Exercise 8.44. Show that

LG, ) +1=E(,j+1) = L(,J),

forB=1-2,i=1,..,nand j=1,....di(>2).

Exercise 8.45. Let (aj,bj), i = 1,...,n be an instance of the generalized pinwheel
scheduling problem. Consider any just-in-time sequence s with the rates rj = ﬁ: and

bottleneck deviation not exceedingB =1 — 2(n1_1). show that any sequence of length
at least
n-2 b
bi+1+ \‘ X 'J
n—1 a;
must have at least aj copiesofi=1,...,n.

Exercise 8.46. Find solutions to the generalized pinwheel scheduling problem for
each of the following two instances: (1,3),(7,15),(1,16) and (1,4), (1,5),(2,6),
see Lin and Lin [99].

8.8 Comments and References

The Liu-Layland periodic scheduling problem was introduced by Liu and Lay-
land [87], see also Devillers and Goossens [104]. Its solution via just-in-time se-
quencing presented in Sect. 8.3 was given by Kubiak [105]. The divisor methods
for the Liu-Layland problem were studied by Jozefowska et al. [106] on which
Sect. 8.4 is based. Some of the properties of the bottleneck sequences with B < 1
have been shown by Kubiak [107]. The pinwheel scheduling was introduced by
Holte et al. [90] in 1989, and the generalized pinwheel scheduling problem by
Baruah and Bestavros [91], see also Baruah and Lin [102]. Theorem 8.34 was given
by Kubiak [107], its application to the pinwheel scheduling problem gives a short
proof of Corollary 8.35 which was originally proven by Holte et al. [90], see also
Baruah and Lin [102]. The pinwheel scheduling problem for two distinct numbers
was studied by Holte et al. [103]. Theorem 8.36 gives a short proof that the problem
is always feasible, that is a pinwheel schedule with two distinct numbers always
exists.



Chapter 9

Temporal Capacity Constraints and Supply
Chain Balancing

9.1 Introduction

This chapter discusses leveling off (smoothing out) demand in mixed-model, pull
supply chains. These chains respond to customer demand by setting forecast-based
demands for each model produced, and pulling supplies required for model produc-
tion whenever they are needed. To level off and synchronize these supply chains,
it is crucial to design model delivery sequence for given demands for models. Two
main goals shape this sequence. The external, that is meeting the model demands,
and, the internal, that is satisfying the chain temporal capacity constraints. These
constraints may render a model delivery sequence difficult to implement through
the pull mechanism of the chain just-in-time material flow for the sequence may
temporarily impose too much strain on supplier’s resources by setting too high a
temporary delivery rate for their supplies.

The chapter addresses the temporal supplier capacity constraints. It presents in
Sect. 9.7 a framework for a mixed-model, pull supply chain, and proposes using
the model of temporal capacity constraints based on the car sequencing problem
to level off demand in the chain. It claims that this model of temporal capacity
constraints though typically used to better balance the workload of mixed-model
assembly lines may serve a more important and general goal of leveling off demand
in the entire supply chain. We assume in particular that supplier s is a subject to a
capacity constraint in the form ps : gs, which means that at most ps models of the
model delivery sequence S in each consecutive sequence of gs models of S may need
options supplied by s. A digression: it seems natural here and later in the chapter to
use the small letter s to denote a supplier, we hope this notation will not be confused
with the notation that uses the letter to denote sequences in other chapters of the
book.

The leveling off problem then consists in finding a just-in-time sequence S of
length D over models {1,...,n}, where i occurs exactly d; times, and which respects
the ps : gs capacity constraints for each supplier s. This type of constraint is an
Artificial Intelligence model of temporal capacity constraints intended originally

W. Kubiak, Proportional Optimization and Fairness, International Series in Operations 195
Research & Management Science 127, DOI 10.1007/978-0-387-87719-8 9,
(© Springer Science+Business Media LLC 2009
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for sequencing models on mixed-model assembly lines. The problem has been a
cause célebre for the constraint programming methods for about 20 years now, see
ILOG [108].

Section 9.2 introduces the car sequencing problem, and Sect. 9.3 studies its com-
putational complexity. Section 9.3 also points out a similarity between the car
sequencing problem and the generalized pinwheel problem discussed in Chap. 8.
While the former seeks sequences with models being sparsely spread throughout
the sequence so that not too many copies of the same model are close to one an-
other — thus the “at most q out of p” constraint, the latter seeks the opposite, that
is a sequence with models being densely packed throughout the sequence — thus
the “at least g out of p” constraint. Though similar to the car sequencing problem,
the pinwheel scheduling problem has lead its independent live in Computer Science
for its applications come from the satellite scheduling and the information disper-
sal algorithms. To the author’s knowledge the literature does not report solutions to
the pinwheel problem by constrained programming methods. Section 9.4 presents
a dynamic programming algorithm for the car sequencing problem. Section 9.6
presents an integer programming formulation of the car sequencing problem, and
Sect. 9.5 gives some characteristics of the instances for which a feasible car se-
guence exists.

Section 9.8 presents other method of leveling off the chains that has its roots in
the theory of regular words. Recall from Chap. 6 that regular words balance work-
loads in events graphs which can also naturally model flows in mixed-model, pull
supply chains. The section investigates certain properties of the model and option
delivery sequences. The properties are based on the combinatorics on words, es-
pecially on the concept of balanced words which is a more general concept than
regular words, Tijdeman [5]. The chapter introduces and explores a link between
the model delivery sequences and balanced words, and shows that though balanced
words result in optimal workload balancing, see Chap. 6, they can not be obtained
for all possible sets of demand rates. The obtainable model delivery sequences are
either 2-balanced or 3-balanced at best, that is if they disregard temporal capacity
constraints, and thus they are more complex than balanced sequences. Section 9.9
observes that moving downstream of the supply chain the model delivery sequences
translate in the option delivery sequences, and thus the variability of the sequences
as measured by the degree of their balance increases, a similar effect of increased
variability down the supply chain has been well know in the theory of supply chain,
see Daganzo [109]. We show bounds on the degree of balance based on minimum
bottleneck model delivery sequences studied in Chap. 5.

Finally, the chapter discusses two other techniques to level off the suppliers
demand for parts. Section 9.10 discusses the periodic synchronized delivery, and
Sect. 9.11 the synchronized delivery models for constructing the model delivery se-
quence to minimize safety stocks of parts in the mixed-model, pull supply chains.
They also show bounds for the safety stocks based on the model delivery sequences
with minimum bottleneck.
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9.2 The Car Sequencing Problem: A Model of Temporal
Capacity Constraints

The car sequencing problem was first introduced by Parello et al. [110] in 1986 to
sequence a mix of models to be produced on a single assembly line. In their illus-
trative example a car assembly line assembles cars with slightly different sets of
options, for instance transmissions or air conditioning. Assume, for instance, that
the demand for the car models with air conditioning is estimated to be 60% of the
total demand. If the cars are moving through the line with a given cycle time so that
exactly five of them will pass the air-conditioning workstation in the time it takes to
install air-conditioning on a single car, then three teams are the minimum number
required at the air-conditioning workstation in order to meet the demand for models
with the air-conditioning option. With the three teams whenever a model with air
conditioning enters the air-conditioning workstation, an available team starts work-
ing on it walking along with the car until it reaches the end of the workstation. At
this moment, four more cars will have passed the workstation entrance. If no more
than two of them require the air conditioning installation, then the other two teams
will be able to handle the workload. If, however, at least one more car requires air
conditioning installation, the workstation will be unable to respond fast enough and
either the workstation operator will have to push a stop button to slow down the line
or a utility team will be called for to finish the work. Thus, having three teams may
prove insufficient and a proper sequencing of models must be done to deal with
the temporal capacity shortage. That is to avoid the disruption and related costs,
the sequence of models that enters the line must meet the 3 out of 5 capacity con-
straint, also denoted by 3:5, for models with air conditioning. That is no more than
three models may require air conditioning out of any consecutive five that enter the
assembly line.

The car sequencing problem is defined by a set M = {1,...,n} of n models and a
set O ={1,...,m} of m options. Each model i differs from all other models in M by
its subset O; C O of options, that is O; # Ok for i = k. Since there are 2™ different
subsets of O, then the number of models n does not exceed 2™, or logn < m. The
demand vectord = (dg,...,dy) for models in M is also given, where d; is the number
of copies of model i to be produced. The problem then is to find a sequence S, if any
exists or return NO otherwise, of length D = ¥, d; where model i occurs exactly d;
times that meets the option capacity constraints for each option. The constraints are
defined for each option j € O by giving a pair pj : qj, pj < q;,that stipulates that no
more than p; models out of any consecutive ¢; models in S may include option j.
The option content of the models will be also represented by an m x n binary matrix
C, where Cjj = 1 if and only if model i includes option j, that is j € O;.

Example 9.1. Table 9.1 shows an instance of the car sequencing problem withn =6
models and m = 5 options. Table 9.2 shows a feasible sequence for the instance in
Table9.1. O
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Table 9.1 An instance of the car sequencing problem

Option  Capacity Models
1 2 3 4 5 6
1 2:3 100 0 1 1
2 2:3 0 01 1 0 1
3 1:2 10 0 0 1 0
4 355 11 0 1 0 O
5 2:5 0 01 0 0O
Demands 2 3 1 1 2 2

Table 9.2 A feasible sequence of models

Option Sequence

2 2 1 35 2 16 456
1 0 01 01 011011
2 0 001 00 011 01
3 0 01 01 01 0010
4 11100 11 0 100
5 0001 0O0O0O0TO0OTGOS@WO

An interesting feature of the car sequencing problem is that it is relatively easy to
prove that the problem is NP-hard even if one significantly constraints the problem
instances. This issue will be explored further in the next section.

9.3 The Complexity of the Car Sequencing Problem

Interestingly, the complexity of the car sequencing problem was rightly suspected to
be in the class of the NP-hard in the strong sense problems from the time the prob-
lem was first formulated, however, it was only in 1998 when Gent [111] showed
the problem NP-hard in the strong sense by an elegant transformation from the
Hamiltonian path problem, though his transformation requires different capacity
constraints for different car options. We now show that the car sequencing problem
remains NP-hard in the strong sense even if all demands are unit, that is d; = 1, and
all options have the same capacity constraints 1 : o for some positive integer ¢, that
is for each option j at most 1 in each consecutive o models of the sequence may
require the option j. We have the following theorem.

Theorem 9.2. The car sequencing problem is NP-hard in the strong sense even if
the demand for each model is unit and each option capacity constraint is the same
1: o for some o > 1.

Proof. The transformation is from the graph coloring problem, see Garey and John-
son [81]. Let graph G = (V,E) and k > 2 make up an instance of the graph col-
oring problem. Let [V| =n and |[E| = m. Take k disjoint isomorphic copies of
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G, Gt = (VLEY),...,Gk = (VK EK). Let G = (Vv = UK VI, € = UL EY) be the
union of the k copies. Now, consider an independent set S on n nodes, that is the
graph S = (N = {1,...,n},@). Take k + 1 disjoint isomorphic copies of S, S* =
(NL@),...,81 = (N*1 &). Add an edge between any two nodes of A = [J<H N
being in different copies of S to make a graph S = (N, X = UizjNi x Nj). Notice
that N®, ... N¥1 are independent sets of A each with cardinality n. No independent
set of V" with cardinality n+ 1 exists. Finally, consider a disjoint union of G and A/,
thatis H=GUN = (WUN,EUX). Clearly, the union has nk +n(k -+ 1) nodes
and mk + k(kzl) n? edges, and thus its size is polynomially bounded in n,m and k
and consequently polynomial in the size of the input instance of the graph coloring
problem. Consider the arc-node incidence matrix | of graph H. The columns of |
correspond to the nodes of 7 and they, in turn, correspond to the models. The rows
of | correspond to the edges of 7 and they, in turn, correspond to the options. The
demand for each model equals one. The capacity constraint for each option in £ is
1:(n+1), and so is the capacity constraint for each optionin X is1: (n+1). We
shall refer to any option in £ as the £-option, and to any option in X’ as X’-option.
(if) Assume there is a coloring of G using no more than k colors. Then, obviously,
there is a coloring of G using exactly k colors. The coloring defines a partition of V
into k independent sets Wy,....,W. Let W/ C V' be a copy of the independent set W;

inside of the copy G' of G. Define the sets

A = WEUWZU...UW,
Ay = WFUWZU...UW,

Ak — Wkl UW]_Z U S UWkkil.

These sets partition set )V, moreover, each of them is an independent set of G of
cardinality n. Let us sequence these sets as follows

NIAIN?A; .. ANKTT (9.1)

then to obtain a sequence of models we sequence models in each set arbitrarily.
Next, we observe that each set NJ is independent thus no X’-option is used twice
by models in NJ. Furthermore, there are n models with no X’-option between N/
and Ni+1 j=1,... k. Consequently, any two models with an X-option are sepa-
rated by at least n models without this X-option, and therefore the sequence (9.1)
respects the 1: (n+ 1) capacity constraint for each X’-option. Finally, we observe
that each set Aj, j = 1,...,n is independent, thus no £-option is used twice by
models in Aj. Moreover, there are n models with no X’-option between Al and
At j=1,... k—1. Thus, any two models with an £-option are separated by
at least n models without this £-option, and therefore the sequence (9.1) respects
the 1: (n+1) capacity constraint for each £-option. Therefore, sequence (9.1) is a
feasible model sequence in the car sequencing problem.
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(only if) Let S be a feasible sequence of models. Let us assume for the time being
that S is of the following form

S = NM;N?M, ... MNK+? 9.2)

where Ulle Mj =V and [Mj| = n for j = 1,...,k. Consider models in V! and the
intersections
Vi=Minvii=1,... .k

Obviously, UK_;Vi = V! and each set V; is an independent set. Otherwise, there
would be an edge (a,b) between some models a and b of some Vj. Then, how-
ever, the £-option (a,b) would be used by both a and b models in M; of length n
which would make S infeasible by violating the 1 : (n+ 1) capacity constraint for the
£-option (a,b). Consequently, coloring each V; with a distinct color would provide
a coloring of G* using k colors. Since G! is an isomorphic copy of G, then the col-
oring would be a required coloring of G itself. It remains to show that a feasible
sequence of the form (9.2) always exists. To this end, let us consider the following
decomposition of S into 2k 4 1 subsequences of equal length n,

S=n%-. Ykt

where
yi:S(ifl)r‘H»l"'Sin?i:1""32k+1' (93)

For each ¥ there is at most one NJ whose models are in %. Otherwise, the 1 : (n+1)
constraint for some X-option would be violated. Consequently, no NJ can share
7, i=1,...,2k+1 with any other N', j # |. However, since there are only 2k + 1
subsequences 7, then there must be NI which models completely fill in one of
the subsequences ¥. Let us denote this sequence by y. Neither the subsequence v
immediately to the left of y, if any, nor to the right of y, if any, may include models
from U'“rl NJ. Otherwise, the 1 : (n—+ 1) constraint for some X’-option would
be again vroiated Consequently, there are at most 2k — 1 subsequences with models
from J<F1, _1NJ in'S, but this again implies the existence of NI™*, j* = j**, which
models completely fill in one of the subsequences ¥, say y*. Furthermore neither
the subsequence y immediately to the left of y*, if any, nor to the right of y*, if
any, may include models from U'};}*mzl Ni. By continuing this argument we reach
a conclusion that for any feasible S there is an injection f of {N*,... N1} into
{1,...,%ks1} such that the sequence f(N') is made up of models from N' only,
i=1,...,k+1. Also, if % and 7 are mapped into then |i — j| > 2. This injection f
is only possibly if s is of the form (9.1), which we needed to prove. O

The car sequencing remains NP-hard even if different models do not share any
option, thatis O;NOj =@ fori# jand |Oj| =1fori=1,...,n. We will refer to this
subproblem as the singular car sequencing problem. This subproblem is NP-hard as
the following theorem shows.

Theorem 9.3. The car sequencing problem is NP-hard even if each model requires
a single option unique for the model.
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Proof. The reduction is from the Periodic Maintenance Scheduling Problem. We
recall from Chap. 7 that the Periodic Maintenance Scheduling Problem is defined
as follows. Given m machines and integer service intervals /1,05, .., ¢y such that
2,1| < 1. Does there exist a servicing schedule (or a servicing cycle) sy ...s., where
L =lecm(ly,4,...,4n) is the least common multiple of 44,05, ..., ¢, Of these ma-
chines in which the end-to-end distance between any two consecutive servicing of
machine i is exactly ¢;, no more than one machine is serviced in a single time slot,
and it takes a single time slot to perform servicing of any machine? The distance be-
tween the last and the first servicing of machine i in the cycle, if any exists, is also ¢;.
The Periodic Maintenance Scheduling Problem is NP-complete in the strong sense,
see Theorem 7.14. Without loss of generality we assume L > 2¢; fori=1,....m
This problem naturally transforms to the car sequencing problem as follows. We
have a model for each machine i, the demand for the model is dj = (K + Z)Z , Where

(EI +1).

Ilzg

There is a unique option for model i, also denoted by i, with the capacity constraint
1:4;. Moreover, there is one more model m + 1 with demand (K +2)L(1 -3 fl. ) and
its unique option m+ 1 having capacity constraint L(1 — > ji) : L. This transforma-
tion is polynomial but not pseudo-polynomial since (K + 2)L is not bounded by a
polynomial of the input size which is of O(X log(¢; +1)). Now, any servicing cycle
can be easily turned in into a car sequence that respects the capacity constraints of
each option i =1,...,m since there is exactly one servicing of machine i in each ¢;
time slots. The msertlon of L(1— 2 ) copies of model m+ 1 into this sequence and
repeating it K 4 2 times, then results into a feasible solution to the car sequencing
problem. On the other hand, consider any feasible solution

to the cars sequencing problem, where
Sj=S(i-1)L+1 " SiL

for j=1,...,(K+2). We observe that the distance between any two consecutive
copies of model i =1, ...,m may not exceed 2¢; for any i in S, otherwise the demand
for i would not be met, and it may not be less than ¢;, otherwise the capacity con-
straint 1:¢; would be violated. Therefore, there are no more than 2¢; — i+ 1=1/¢;+1
possible values of the distance between any two consecutive copies of i in S. Con-
sequently, the number of possible consecutive distance configurations between the
last copy of model i in Sj and its first copy in Sj, 1 for all m models is K and the
length (K + 2)L of the sequence S ensures the repetition of some of them in S. Thus
there must be a subsequence
§' =Sj---Sjik
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of S for some j and k > 0 such that the distance between the last copy of i in S«
and the first copy of i in Sj is at least ¢;. Since there are at most L(1 -3, }l) copies
of model m+ 1 in each subsequence Sj,..., Sj;«, due to the capacity constraint
L(1-3 ,1|) L for m+ 1, and since for each i the distance between any consecutive
copies of i in S, including the first and the last, is at least ¢;, then they must be at
the distance exactly ¢;, otherwise there would be two of them at a distance shorter
than ¢; to satisfy the demand for i which would violate the capacity constraints
for i. Thus, any two consecutive copies of i must be at a distance ¢; in S'which
results in a feasible servicing cycle Sj and proves that the car sequencing problem is
NP-hard. O

The singular car sequencing problem requires that any two consecutive copies of
the same model be sufficiently distant from one another in a feasible sequence in
order not to violate temporal capacity limitations. On the other hand the generalized
pinwheel scheduling problem requires that the copies of the same model be not too
far away from one another, see Chap. 8. The proof of Theorem 9.3 works for both
problems since the capacity constraints in the proof actually require that there is
exactly one copy of a model with a given option out of any consecutive ¢; for i =
1,...,mandexactly L(1-Y, fl. ) out of L for model m-+ 1. Thus, minor modifications
to the algorithms for the car sequencing problem presented later in the chapter lead
to algorithms for the generalized pinwheel problem. However, it is worth pointing
out an important difference between the two problems. The car sequencing problem
is formulated as a finite acyclic problem whereas the pinwheel problem as an infinite
one, that is cyclic.

9.4 Dynamic Programming for the Car sequencing Problem

We sketch a straightforward dynamic program to test the existence of a just-in-time
sequence of length D that meets all option capacity constraints. Let q = max;(qj),
without loss of generality we assume g < D. Moreover, to simplify the exposition,
we assume for the time being that D = k(q — 1). The sequence v = vi---Vq_1 of
length g — 1 > 0 of models from M that meets all option capacity constraints will
be referred to as a feasible (q — 1)-pattern. For a feasible (q — 1)-pattern v, let i(v)
be an n—dimensional vector with the coordinate j equal to the number of copies of
model j € M in v. Define a node of a directed graph G = (N,A) as being either a
pair (A,v), where A is an n—dimensional vector with its coordinate j, 0 < Aj <dj,
keeping track of the number of model j copies already in the current prefix of the
sequence, and v being a feasible (q — 1)-pattern, or a sink node (d, ») with an empty
sequence . Anarc ((A,v), (A,V')) € Aifand only if

the concatenation v is feasible and A" = A+ i(v).

The concatenation v is feasible if it meets all option capacity constraints. The
inequality of arithmetic and geometric means implies the following upper bounds
on the numbers of nodes



9.4 Dynamic Programming for the Car sequencing Problem 203

D n
IN| < (di+1)><nq‘1<< :n> xnt

=

and the number of arcs
2n
Al < (D:”) « n2a-1)

of G = (N,A). We observe that there is a feasible sequence if and only if there is a
directed path from a node (0,v) for some v to (d, ) in the graph G = (N,A). The
existence of this directed path can be checked in time O(|A|) thus the car sequencing
problem can be solved in time

m-+1
D+2"™\ """ g1

The algorithm is thus polynomial in D as long as the number of options m is fixed,
that is it is not part of the problem’s input, and 29 is bounded from above by a poly-
nomial of D. This observation as well as the proof of Theorem 9.2 strongly suggest
that the computational complexity of the car sequencing problem often hinges only
on the option contents of models represented by the binary matrix C that encodes
the option subsets O; of models i = 1,...,n. Therefore, a natural first step in the
quest for efficient algorithms for the car sequencing problem is to understand the
logic used in the model design and reflected in the model option content. The logic
is shaped both by the market research determination of the attributes most valued
by customers and by the car design team that translates these attributes at minimum
cost into possible options and models, see Lockledge et al. [112]. However, Theo-
rem 9.3 shows that the car sequencing problem is a much more complex problem
than that since even if the option content of models is made trivial by having a single
unique option per model, the car sequencing problem still exhibits its NP-hardness
through the number theoretic features embedded in the option capacity constraints.
This relative ease with which even very special cases of the car sequencing problem
can be shown NP-hard explains why there are no, to the author’s knowledge, spe-
cial cases of the car sequencing problem with polynomial time solutions published
in the literature. Consequently, the problem computational intractability provides a
very fertile ground for computational competitions, for instance the 2005 ROADEF
(Société Francaise de Recherche Opérationnelle et d’Aide a la Décision) challenge
sponsored by the car maker Renault, and the study of formulations, search methods
and especially the constraint programming techniques. These formulations will be
briefly discussed in Sect. 9.6.

We note that if D =k(q—1)+r, 0 < r < q—1, then the sink node must be
immediately preceded by the nodes (d—i(w),w), where w is a sequence of length r
that meets all option capacity constraints. Each of these nodes is connected to a sink
node (d, ~). Again, there is a feasible sequence if and only if there is a directed path
from a node (0,v) for some v to (d, ).



204 9 Temporal Capacity Constraints and Supply Chain Balancing

For g = 2, all option capacity constraints are of type 1 : 2. Hence, the car se-
quencing problem reduces to an undirected Hamiltonian path problem. since the
(g — 1)-pattern boils down to a single model. Therefore, there is not need for hav-
ing the vector A as a part of the node. Instead, the number of nodes corresponding
to model i can be made equal to the demand d; for the model. Thus, N = |J;"; Dj,
where D; the set of dj nodes being copies of model i. The edge between nodes v and
u belongs to E if and only if the two model sequence vu meets all option capacity
constraints. A Hamiltonian path in G = (N, E) exists if and only if there is a feasi-
ble sequence. The reduction does not help to solve this case of the car sequencing
problem in polynomial time generally since the Hamiltonian path problem is well-
known to be NP-hard in the strong sense. However, it can be used to prove that the
subproblem with all option constraints being 1 : 2 still renders the cars sequencing
problem NP-hard, see Exercise 9.20.

9.5 Simple Necessary Conditions

We give two necessary conditions for a feasible model sequence to exist. The first
condition states that the total demand for models with a given option may not be
too high. Otherwise the demand for the option would certainly violate its capacity
constraint.

Lemma 9.4. In order for a feasible model sequence S to exist the capacity con-
straints must satisfy the condition “ﬂ Pj = Yie{key=1} di for all j.

Proof. For option j, the sequence can be rewritten as follows

S:ocl---a[ﬂ,

4j

D
aj
include exactly gqj models. By the option capacity constraint, p; : gj, each o; may
include at most p;j copies of models that require option j. Therefore, the total de-

mand for all models that require option j, that is

where all sequences o; except perhaps the last one OT w, which can be shorter,

d;,
ie{k:Cjx=1}

MB
qj |

For instance, in the example from Table 9.1 demand for option 1 equals 6 which
is less than the (131] x 2 with the 2 : 3 capacity constraint for option 1.

must not exceed

which proves the lemma. 0O
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The second category of conditions is based on the observation that for a given set
of options w if there is too much demand for the models that require all options in
o and too little demand for the models that require none of the options in w, then
the capacity constraints for the options in @ may again be violated. An example of
the necessary condition that falls into this category is given in the following lemma.

Lemma 9.5. Let A C M with d; = Y,c; di > 2 be a set of models and o a set of
options such that each model in A requires all options from w. Let A be a set of all
models that require no option from . If |o| < q— 1 and the capacity requirement
foreach j € w fallsin the set {1:q,2:q} and at least one of them is 1 : ¢, then we
must have d, > d; — 1 for a feasible sequence S to exist.

Proof. Let S be a feasible sequence with the copies of models from A in positions
j1,--+ Ja, - Consider a subsequence c; of S between positions ji and ji1. By the
1: g constraint, |oj| > g — 1. If none of the models in ¢ belongs to A, then by the
pigeon-hole argument for some k € @ we would have at least three models in Sj; o
that require k as long as |w| < q— 1. Therefore, at least one model in &g must come
from A. Consequently, d, > d; — 1, which proves the lemma. O

The lemma holds if the capacity constraints 2 : g are replaced by stronger con-
straint 2 : qj where gj < ¢ and possibly different for different options.

9.6 IP Formulation and Heuristics for the Car
Sequencing Problem

The car sequencing problem is often solved by constraint satisfaction programming,
see Dincbas et al. [113], and ILOG [108]. However, as Gravel et al. [114], and
Drexl and Kimms [115] point out this method performance quickly deteriorates
as the problem size grows. Furthermore, the former observes that the constraint
satisfaction programming is rather sensitive to the existence of a feasible solution.
Thus confirming once again a common experimental observation for any NP-hard
problem that the absence of a feasible solution is usually a much harder nut to crack,
see Exercise 9.19 as an example, than showing one if any exists.

A similar observation has been made by Gravel et al. [114] on solvers for a linear
integer programming model of the car sequencing model.

The following assignment-based formulation comes from Drexl and Kimms
[115] and Gravel et al. [114], it uses binary variables

~_J 1 ifmodeliis in position k of the sequence,
Yik=1o0 otherwise

fori=1,....nandk=1,...,D. The formulation is as follows

_Zyi,kzl k=l,...,D (94)
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D
giyhkzrdi iI:lw.wn (95)

aj—1 n .
S SCiikre <P j=le..m k=1...D—qi+1  (9)

(=0 i=1

The constraints (9.4) and (9.5) are standard assignment constraints. The con-
straint (9.6) is a sliding window constraint that ensures that a window of size q;j
sliding along the sequence of length D never includes more than p; copies with
option j, j=1,...,m.

This formulation is to test a feasibility of an instance of the car sequencing prob-
lem — usually a harder task. However, an objective function can be added and the
constraints (9.6) modified by the well-known big M technique to turn the integer
program into the minimization of the number of capacity constraints violations, see
Gravel et al. [114] who also point out that the number of violations may itself be
difficult to calculate as the following example illustrate.

Example 9.6. Consider a sequence
111111

for an option with 2:3 capacity constraint. This constraints is violated four times if
we use the sliding window method of calculating the violations — we simply have
four factors 111 when sliding the window of size three from the left to the right
along the sequence. However, replacing the second and the and the fourth models
in the sequence by the ones that do not require the option, and do not cause any
violations for other options, would reduce the number of violations to 0. Thus, it
may be argued that the number of violation in this example should be two rather
than four since in practice changing the sequence two positions fixes all violations
for the option. O

We conjecture that this problem may be NP-hard itself, see Exercise 9.22 for
details .

Drexl et al. [116] propose an integer programming model to minimize maxi-
mum deviation of model copies from their optimal positions, which is different
from though somehow related to the bottleneck problem discussed in Sect. 5, over
all sequences satisfying capacity constraints. The LP-relaxation of their model is
then solved by column generation technique, see Desrochers and Soumis [117] for
details of this technique, to provide lower bound which is reported tight in their
computational experiments.

The ant colony optimization has been often proposed heuristic approach to the
car sequencing model, see Solnon [118], and Gravel et al. [114]. The latter com-
putational study of this heuristic concludes that it is able to more efficiently find
optimal solutions than the integer programming solver for those instances the solver
was able to find optimal solutions for. Moreover, the quality of solutions found by
the heuristic for the benchmark instances equalled the quality of the best solutions
known for these instances.
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We close this section by again observing that straightforward modifications of the
formulations and heuristics discussed here would readily apply to both the pinwheel
scheduling and the generalized pinwheel scheduling problems, see Exercise 9.21.
The research in this direction seems unexplored yet promising.

9.7 Mixed-Model, Pull Supply Chains

The goal of this section is to present a framework for a mixed-model, pull supply
chains which is a point of departure for our discussion in the following sections.
A mixed-model supply chain has a set {0,1,...,S} of suppliers. The supplier s
offers supplies from its list Ss = {(s,1),...,(s,ns)} of ns supplies. The supplies
of different suppliers are connected by directed arcs as follows. There is an arc
from (sj,x) to (sj,y) if and only if supplier s; requires supplier s; to supply y for
its x. The arc ((si,x),(sj,y)) is weighted by the number (or amount) of y needed
for a unit of x. The set of supplies |JS_,Ss and the set of arcs A between supplies
make up a weighted, acyclic digraph — called the model-supplier graph. Without
loss of generality we shall assume that s; < s for any arc ((si,x),(sj,y)) in this
graph. The supplies Sp = {(0,1),...,(0,no)} at Level 1 will be called models. For
simplicity, we denote model (0, j) by j and the number of models ng by n. To avoid
duplicates in the supply chain, we assume that any two nodes of the digraph have
different out-sets and no node has out-degree 1. In fact we assume that the digraphs
are multistage digraphs, as virtually all supply chains appear to have this structure
simplifying feature, see Shapiro [119], and Bowersox et al. [120]. For an example
of the mixed-model supply chain please see Fig. 9.1 where all arcs are directed from
the top down.

Each path = from model m to (s, j) represents a demand for (s, j) originating
from a single copy of model m. The size of this demand equals the product of all
weights along the path 7. Therefore, the total demand for the supply (s, j) originat-
ing from a single copy of model m is the sum of path demands over all paths from
m to (s, i) in the model-supplier graph and it is denoted by by, (s ;- The matrix b of
the size n x (Xses Ns) contains all model-supplier contents.

The model-supplier graph shown in Fig. 9.1 has two paths from model 1 to (4,1)
both with weight 1, therefore the total demand for (4, 1) originating from 1 equals 2.
Each supplier s aggregates its demand over all supplies on its list Ss. For supplier
4 the demand originating from model 1 is [112], from model 2, [12233], and from
model 3, [233]. In our notation supply i for a given model is listed the number of
times equal to the unit demand for i originating from the model. Each of these lists
will be referred to as a kit to emphasize the fact that suppliers may not deliver an
individual part or a subassembly required by models but rather a complete collection
required by the model, a common practice in manufacturing Bowersox et al. [120].
Thus, model 1 needs the entire kit [112] delivered in a single delivery from supplier
4 rather than two 1s and one 2 delivered separately. We shall also refer to a kit as
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Fig. 9.1 Mixed-model supply chain with three levels and five suppliers (or chain nodes): one at
level 1 supplying three models, two at level 2, and two at level 3

Table 9.3 Matrix b for the supply chain in Fig. 9.1
m/(s,J) (1,1) (1,2) (2,1) (2,2) (2,3) (3,1) (4.1) (4,2) (4,3)

1 1 1 1 0 0 1 2 1 0
2 1 0 1 1 1 0 1 2 2
3 0 0 0 1 1 0 0 1 2

an option. Notice that a model may require at most one kit from a supplier. The
supplier content of models is defined by an n by S 4 1 matrix C, where

(9.7)

Co— 1 if model i requires a kit (option) from supplier s,
70 otherwise.

We assume that the supply chain operates in a pull mode. That is any supply at
a higher level is drawn as needed by a lower level. Therefore, it is a sequence of
models at Level 1 (L1), called the model delivery sequence, that determines the
delivery sequence of each supplier, called the option delivery sequence, at every
level higher than 1 (downstream) and the supplier must exactly follow this delivery
sequence when delivering its options. For instance, the model delivery sequence

1-2-3-1-1-2—-1—-3—-2—-1 (9.8)
at L1 results in the option delivery sequence

[1] — [123] — [23] — [1] — [1] — [123] — [1] — [23] — [123] — [1] (9.9
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for supplier 2 at the level L2 and the option delivery sequence
[12] = [1] = * — [12) = [12] — [1] — [12] = * — [1] — [12] (9.10)

for supplier 1 at the level L2, where the “«” in a given position of the option delivery
sequence denotes an empty kit, the option delivery sequence

[112] — [12233] — [233] — [112] — [112]
— [12233] — [112] — [233] — [12233] — [112)] (9.11)

for supplier 4 at L3, and finally the option delivery sequence
M —=x—*x—[1] =1 =*x—[1] - x—x—[]] (9.12)

for supplier 3 at L3.

Observe that the kit [112] to be delivered first by supplier 4 according to the
option delivery sequence (9.11) is in fact made up of kits [1] and [12] the former to
be delivered to supplier 1 at L2 as it is needed for its supply (1,2) and the latter to be
delivered to supplier 2 at L2 as it is needed for its (2,1) though both eventually end
up in a copy of model 1 which is to be produced first. Therefore, the option delivery
sequence has in fact the following nested structure

([1)[22]] — [[12][233]] — [233] — [[1][12]] — [[1][22]]
— [[12][233]] — [[1][12]] — [233] — [[12][233]] — [[1][12]]

for supplier 4 at L3. This nested structure corresponds naturally to the levels of the
multistage model-supplier graph.

The demand for model j is denoted by d; and it is assumed given. The demand
for any other supply can easily be derived from the demand vector for models d =
(d1,...,dn) and the kit content of each model given in the matrix b.

The supplier content matrix C defined in (9.7) corresponds to the option content
matrix of the car sequencing problem. Moreover, supplier s is a subject to a capacity
constraint in the form ps : gs, which requires that at most ps models of the model
delivery sequence S in each consecutive sequence of gs models of S may need op-
tions supplied by s. Thus, the leveling of demand problem can be recast as a car
sequencing problem.

9.8 Balanced Words and Model Delivery Sequences

We show in Chap. 6 that regular words minimize multimodular functions and thus
balance workloads in event graphs. We further explore this line of research in this
section by having a closer look at balanced words, which are a slightly more general
concept than regular words, to explore insights they can provide into the complex-
ity of model delivery sequences. We use the terminology and the notation bor-
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rowed from the combinatorics on words which is briefly recall from the preliminary
Chap. 1.

The models {1,...,n} will be viewed as the letters of a finite alphabet A =
{1,...,n}. We consider both finite and infinite words over .4. A model delivery se-
quence will then be viewed a finite word of length D on A, where the letter i occurs
exactly dj times. This word can be concatenated ad infinitum to obtain a periodic,
infinite word on A.

We recall from Chaps.5 and 3 that sequencing copy j of model i in its ideal
position [Zér_il] minimizes both the total deviation and the maximum deviation,
however, it leads to an infeasible solution whenever more than one copy competes
for the same ideal position in the sequence. The algorithms discussed in these chap-
ters show how to efficiently resolve the conflicts so that the outcome is an optimal
sequence, minimizing either total or maximum deviations.

Let us now consider an infinite, periodic sequence of the ideal vertices

2j-1_jb D (j-1)D D

2ri  di  2di - di + 2d;

We build an infinite word on A using these numbers as follows. Label the points
{(J],il)D + j3;»J € N} by the letter i. Consider

O{U;PD+£MEN}

i=1

and the corresponding sequence of labels. Each time there is a tie we chose i over
j whenever i < j. Notice that here higher priority is always given to a lower index
whenever a conflict needs to be settled. This way we obtain what Vuillon [46] refers
to as an hypercubic billiard word with the angle vector o = (c'fl , c'fz ,++0s 4 ) and the
starting point = (2'31 , 2'32 ,+++5 5. ). Vuillon [46] proves the following theorem.

Theorem 9.7. Let x be an infinite hypercubic billiard word in dimension n of angle
o and starting point 3. Then x is (n — 1)-balanced word.

The c-balanced words, ¢ > 0 is referred to as the degree of balance, are defined as
follows.

Definition 9.8 (c-Balanced Word). A c-balanced word on alphabet {1,2,...,n} is
an infinite sequence S = 515, ... such that

1.sje{1,2,...,n} forall j € N, and
2. If x and y are two factors of S of the same size, then ||x|i — |y]i] < c, for all
i=12,...,n.

Theorem 9.7 shows that the priority based conflict resolution applied whenever there
is a competition for an ideal position results in ¢ being almost of the size of the
alphabet, in fact 1 less than this size. However, Jost [121] proves that the conflict
resolution provided by any optimization algorithm for the bottleneck problem leads
to the c being a small constant. He proves the following theorem.
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Theorem 9.9. For a word S obtained be infinitely repeating a sequence S with
bottleneck deviation B for n models with demands dy, ..., d,. We have:

If B < 3, then S is 1-balanced.
If B < 3, then S is 2-balanced.
If B < 1, then S is 3-balanced.

Proof. Consider a solution xj, i =1,....,nand k =1,...,D to the bottleneck prob-
lem, (5.2) subject to (5.3). Let B be the bottleneck deviation of this solution. Define,

=X di+Xi
Yik = p | % T XikmodD
i=1,....nandk=1,... for sequence S . Thus,

k k
Vi —kri| = ‘ {DJ di + Xi kmodD — QDJ D+(kmodD)) ri

= |Xikmodp — (kmodD)ri| <B

and
k+h
’yi,<k+h) - (k+h)ri‘ = H D Jdi+xi,(k+h)modD
- kahJ D+ (k+h)modD> I
= |Xi,(k+hymodp — ((k-+h)modD)ri| <B.
Therefore,
—B+-kri <yijx < B+krj

and

—B+ (k+ h)l"i < Yi, (k-+h) <B+ (k+ h)l"i.

Consequently,
—2B+hr; < Yi,(kth) = Yik < 2B + hr;.

Since k is arbitrary, then any factor of S of length h > 1 includes no less than
[—2B +hrj] and no more that |2B+ hri] occurrences of i. Therefore, the differ-
ence between the number of i occurrences in any two factors of S of length h > 1
does not exceed 4B. Thus, it is less than 2 for B < %,Iess than 3 for B < 4317 and less
than 4 for B < 1. Therefore, S is 1-balanced for B < %7 2-balanced for B < i, and
3-balanced for B < 1. This proves the theorem. O

The opposite claim does not hold, for instance, any sequence for n models with their
demands all equal 1 is a 1-balanced word though its maximum deviation equals
1-— ﬁ and thus it is greater than 0.5 for n > 3. Theorem 5.8 shows that there always
is an optimal solution with B < 1, and Theorem 9.9 shows that such solutions are
3-balanced. These two ensure that 3-balanced words can be obtained for any set of
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demandsds,...,d,. It remains an open question to show whether or not there always
is a 2-balanced word for any given set of demands dy, ... ,d,. However, the infinite
word

1-2-3-1-2-1-1-3-2-1)"

is 2-balanced as its maximum deviation equals % but not 1-balanced, factors 23
and 11 differ by 2 on the latter 1. It is a challenging open problem to find a
characterization of the instances with bottleneck B < j. The characterization of
instances with B < % is given in Chap. 6 and Theorem 5.8 gives the characterization
of instances with B < 1.

In the hierarchy of balanced words, the 1-balanced words, or just balanced
words, have attracted most attention thus far, see Vuillon [46], Altman et al. [7],
and Tijdeman [60] for reviews of recent results on balanced words. Berthe and
Tijdeman [122] observe that the number of balanced words of length m is bounded
by a polynomial of m, which makes the balanced words very rare. They furthermore
observe that the number of c-balanced words of length m is exponential in m for any
¢ > 1. The polynomial complexity of balanced words reduces the number of pos-
sible factors of delivery sequences, and thus the variability of demand through the
supply chain which could have obvious advantages for their management. As well
balanced words would optimally balance suppliers workload according to the results
of Altman et al. [7], see also Chap. 6. However, the balanced sequences may turn out
to be out of reach in practice. Indeed, according to the famous Frankel’s Conjecture,
Altman et al. [7] and Tijdeman [5] and Chap. 6, there is only one such word on n
letter alphabet with distinct demands. The demands must be powers-of-two. Though
this conjecture remains open generally, a simpler one for periodic, symmetric and
balanced words has been proven in Chap. 6, see also Brauner et al. [68], which in-
dicates that the balanced words can indeed be very rare generally and as the model
delivery sequences in particular.

9.9 Option Delivery Sequences

We now explore the change of the sequence variability measured by its degree of
balance down the supply chain.

A supplier s option delivery sequence can be readily obtained from the model
delivery sequence S and the supplier content matrix C by deleting from S all models
i not supplied by s, that is those with Cs; = 0. This deletion increases the degree of
balance of the option delivery sequences for suppliers in comparison to the model
delivery sequence as we show in this section. Let us first introduce some necessary
notation.

e A C{1,...,n} —the subset of models supplied by s.
o Agj C As —the subset of models requiring option j of supplier s. Different models
may require the same option delivered by s.

ZmeAsj dm

° rsj = Smeas dm °
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ZmeAs- dm
° rASj = DJ = szAsj m.
Smens d
° rAS — mEDs m — ZmeAS rm.
We notice that r
sj = o (9.13)
Iag

First, we investigate the bottleneck deviation in the option delivery sequence of
supplier s. Supplier s has total derived demand Yca, dm and the derived demand
for its option j equals Ymehs dm. A model delivery sequence S with Xk copies of
model m out of first k copies delivered results in the actual total derived demand
Ymeas Xmk for supplier s out of which ¥,,ca . Xmk is the actual demand for option j
of s. Therefore, the bottleneck deviation for tﬁe option delivery sequence of supplier
s equals

max | z Xmk — F'sj z Xmk |- (9.14)

ik MEA;j meAs

However, for S with bottleneck deviation B* we have

krm — B* < Xmk < krm +B* (9.15)

for any model m and k, and consequently

krAsj —|Asj|B* < z Xmk < krASj + |Asj|B*

MEAs;j

for option j of sand

krag — [As|B* < ) X < krag 4 |As[B*.
meAs
Thus,
z Xmk = krAsj +£Asj7
MEAsj

where [ea;| < |Asj|B* and

Y Xk = kra, + €n,,
meAs
where |ea | < |As|B*.
Therefore, (9.14) becomes

r/_\sj (

makx |krA5j - r krAs + SAS) + gAsj | (916)
1

S
or
”J]%(XUSJEAS — &g (9.17)
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However,
I'Tl]al.(X|rsj8As — 3As,-| < |Ag|B*.
Therefore,
max | z Xmk — Isj 2 Xmk| < |As[B". (9.18)
k keAsj meAg

We have just proved the following theorem.

Theorem 9.10. The bottleneck deviation of the option delivery sequence for sup-
plier s who supplies |As| different models out on n produced increases |Ag| times in
comparison with the bottleneck deviation of the model delivery sequence.

Theorem 9.9 shows that the model delivery sequences minimizing bottleneck devi-
ation are 3-balanced. However, Theorem 9.10 proves that the bottleneck deviation
of the option delivery sequence of supplier s grows proportionally to the number of
models s supplies. Therefore, the option delivery sequence becomes less balanced.
We have the following result.

Theorem 9.11. The option delivery sequence for supplier s is |4|As|B* |-balanced.

Proof. For supplier s consider k and ka, A > 1 such that between k and k, there are
exactly A copies of models requiring some option from s. That is

z Xmk, — z Xmk = A.

meAs meAs

We then have by (9.18)

—[As[B* < D Xk —Tsj Y, Xmk < |As|B,
keAsj meAs

and
—|As|B* < z Xmk, — Isj 2 Xmk, < |As|B",

keAsj meAg
which results in

—2|As|B* < Y Xk, — D, Xmk — FsjA < 2|Ag|B*
keAsj keAsj

for each k. Therefore, the numbers of option j occurrences in any two supplier s
delivery subsequences of length A differ by at most |4|As|B*|. O

9.10 Periodic Synchronized Delivery

This section considers supply chains where supplies are regularly delivered to level
L1 a given number of times a day by using a constant order cycle, variable or-
der size framework. The pull material flow mechanism of just-in-time systems re-
quires direct suppliers to supply only what is needed by level L1 and only when it
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is needed. This requirement is determined by the final model delivery sequence of
models produced at level L1. Monden [22] discusses how Toyota Motor Corporation
uses this framework with its suppliers. Aigbedo [123] points out that for example
Japan Glass Sheet Company delivers parts 10 times and 16 times daily to Toyota’s
Motomachi plant and Tsutsumi plant, respectively, and he goes on to point out that
similar arrangements are common in North America, where part delivery frequency
is usually agreed on between the Original Equipment Manufacturer (OEM) and the
suppliers, by considering factors such as distance and transportation costs between
the supplier’s plant and OEM plant.

9.10.1 The Model

We now present an approach to building a model delivery sequence that minimizes
order size variability for a constant order cycle and thus minimizing safety stocks.
Suppose that a supplier s is to deliver all its supplies periodically at the instants kcTs,
k =0,1,..., where c is the assembly cycle time and T; is the total number of copies
produced in one period, for instance an intended bi-hourly or half-day production.
Let us begin with an example based on the example of supply chain from Sect. 9.7.

Example 9.12. The deliver periods are T, = T, = 2 for both suppliers at L2 and
T3 = T4 =5 for both suppliers at L3. Thus, supplier 1 at L2 delivers according to the
sequence (9.10)

Supplier 2 at L2 delivers according to the sequence (9.9)
Supplier 4 at L3 delivers according to the sequence (9.11)
Supplier 3 at L3 delivers according to the sequence (9.12). O

Now let us develop a general model of this problem. Consider supplier s. Given
that the demand for model i equals di,i = 1,...,n, the total demand for the supply j
of s equals

n
D) = 2 Bis.jpdi (9.19)

and the average demand for supply j of s, or simply supply (s, j), per copy of the
model delivery sequence equals

Dis.i)
Rein= p
where D is the total demand for all models. Therefore, on average, supplier s expects
to deliver
Dis.j) il bi s,y di n
TSR<57J') :TS D :TS D :TS iglribi’(s’j)

copies of its supply j in each delivery with period Ts. Since the TsRs ;) may not be
an integer, we assume that on average the order size should be either

[TRes,jy] or [TsRsjl
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Table 9.4 Supplier 1 at L2 order sizes in each of the five periods, T, =2
Period/delivery (1,1) (1,2)

1 2 1
2 1 1
3 2 1
4 1 1
5 2 1

Table 9.5 Supplier 2 at L2 order sizes in each of the five periods, T, =2
Period/delivery (2,1) (2,2) (2,3)

1 2 1 1
2 1 1 1
3 2 1 1
4 1 1 1
5 2 1 1

Table 9.6 Supplier 4 at L3 order sizes in each of the two periods, T, =5
Period/delivery (4,1) (4,2) (4,3)

1 7 6 4
2 6 7 6

Table 9.7 Supplier 3 at L3 order sizes in each of the two periods, T3 =5
Period/delivery (3,1)

1 3
2 2

copies of supply j in each delivery period for supplier s. Thus, to ensure that each de-
livery of supplier s matches the actual average demand for its supplies as closely as
possible we request that the model delivery sequence requires no less than [TSR(SJ-)J

and no more than (TSR<SJ)] units of supply j in each delivery period
[(1= )T, ITs]
of length T for supplier s. The deliveries of supplier s take place at moments

0,Ts,2Ts,...,(Ms — 1)Ts,

m_D
S—Tsa

is the number of deliveries for supplier s required to meet the total demand D with
delivery period Ts. Let

where
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S
o=0<d<---<0p=D, p< Y ms+1
s=0

be all different values among kTs and D, where k = 0,1,...,(ms— 1) and s €
{0,1,...,S8}. We shall refer to these values as the possible delivery dates. De-
fine the k—th inter-delivery interval [d_1, &], and the k—th inter-delivery duration
Ay =8 — 6&_1fork=1,...,p. Define variable

zix= the number of model i copies produced in [&_1, &].

Moreover, let
||75 = {k : (| — 1)TS <O < < |TS}

for 1 <1 < ms be the set of all inter-delivery intervals included in delivery period
[(1—1)Ts,ITs] of supplier s. The existence of a model delivery sequence of models
that ensures the least possible variability of interval order sizes for each supplier s
and its supply j, that is the variability of at most 1 for the interval order sizes are
either | TsRj| or [TsRj] for supply j, can be checked by solving the following set
of integer linear inequalities:

p
Zzik:di i:l,...,n
k=1
n
[TsRs.jy < 2 bisZin < [TsRes.jy | (9.20)
i=

for 1=0,...ms—1,5 €{0,1,...,S}, j=1,...,ns

n
_leik:Ak k=1,...,p
i=

where
Ziy = ¥ Zik
kE||‘5
is the total production, or the number of copies, of model i in the delivery interval
[(1—1)Ts,ITs]. Let us return to Example 9.12 to illustrate the concepts just intro-
duced.

Example 9.13. Notice that the sequence (9.8) produces solution that meets con-
straint (9.20) for all suppliers and supplies with the exception of supply (4,3) of
supplier 4 where it results in the deliver of size 4 in the first period and 6 in the
second whereas ideally it should deliver the average of 5 in each delivery. 0O

Table 9.8 Average order sizes
(s.J) (1,1) (1,2) (2,1) (2,2) (2,3) (3,1) (4,1) (4,2) (4,3)

Ds.j) 8 5 8 5 5 5 13 13 10
TxRsj 1.6 1 16 1 1 25 65 65 5
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We have the following lemma to bound the variability of the order size in model
delivery sequences with minimum bottleneck deviation.

Lemma 9.14. Any sequence with minimum bottleneck gives a solution zjx with no
more than three copies of any model difference between delivery periods | and I’ of
supplier s. That is

|Zi — Ziy| <3
fori=1,...,n and any two delivery periods | and I’ of supplier s.

Proof. By Theorem 5.8 the minimum bottleneck B* < 1, and by Theorem 9.9 any
solution with bottleneck B < 1 is 3—balanced. Therefore, any factor of length Ts has
no more than three occurrences of any model i than any other factor of the same
length, which proves the lemma. O

Thus, we get the following bound on the order size variability, see (9.20), for the
supply j of supplier s

n n
_Zlbi,(s,j)zil - _Zlbi,(s,j)zw < Bgs,j) 1Zit — Zir| < 3Bys ),
i= i=

where
n
Bls.j) = X Bigs.iy

Notice that since
n n
2 Zii— X Zy=Ts—Ts =0,
i=1 i=1

then B(js) can in fact be replaced by the sum of the [g] largest among
D1 (s.j)s - - -+ Pn,(s,j) @nd thus strengthen the bound.

Finally, since the problem (9.20) might be infeasible, then we consider the fol-
lowing always feasible modification

p
D ZikZdi i:1,...7n (9.21)
k=1

n
[ TsRj| —ajs < 'Zlbi,(j,s)zil < [TsRj] +Qjs
i=
for 1=0,...ms—15 €{0,1,...,8}, j=1,...,ns
Zzik:Ak k=1,...,p
]

where the Qjs > 0 and |TsR;| > gjs > 0 are the bounds on maximum shortage
and oversupply of option j in a single delivery period of supplier s. The bounds may
of course be minimized giving rise to a family of optimization problems involving
Qjs and gjs.
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9.10.2 The complexity

We have the following complexity result that states that minimizing order size vari-
ability in the periodic synchronized supply chains is NP-hard in the strong sense, in
fact even the feasibility test for the system of inequalities (9.20) is NP-hard in the
strong sense.

Theorem 9.15. The minimization of order size variability in the periodic synchro-
nized supply chain problem is NP-hard in the strong sense.

Proof. Let the positive integers ai,...,asnm and A make up an instance of the
3-partition problem. We define a two level supply chain with n = 3m models at
L1 and a single supplier at L2. The supplier content b of each model is given in
Table 9.9 where model i simply requires a; units of supply (1,1). The demand
for each model equals 1, and we assume period Ty = 3 for the supplier. Then,
D(1,1) = MA, D = 3m, and TiR(; 1) = A. For a 3-partition Pi,...,Py of the set
{1,...,3m} the sequence
PL— - — Py

where the permutation in each set P; is arbitrary solves the periodic synchronized
supply chain problem since the order size in each delivery cycle equals A for
Yjer @j = A. Now, let the sequence of models

t—i2—j3——J3m

meet the constraint (9.20). Then, the sets Pi = {ja(i_1)+1, J3(i—1)+2, jasi} make up
the required 3-partition of the set {1,...,3m}. This transformation is pseudo-
polynomial, thus the periodic synchronized supply chain problem is NP-hard in the
strong sense. O

9.10.3 Model-Supplier One-to-One Case

We close this section by showing a special case of the periodic synchronized deliv-
ery problem (9.21) solvable in polynomial time. The case is called model-supplier

Table 9.9 The b matrix corresponding to the instance of 3-partition problem

m\(s, j) (1,1)

1 ay

3m asm
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one-to-one case to emphasize that the matrix b in this case has exactly one non-zero
entry in each column and each row.

If each supply (s, j) is model unique, that is there exists exactly one model i such
that b; (s ;) # 0, then the problem can be simplified as follows. Leti*(s, j) the unique
model that requires the supply (s, j). Then, (9.19) can be recast as follows

n

Dis.jy = 2 bis.jydi = birs j).s.iy div s,

nd D) - biecs.jps.pdivcs,
TsR(s,j) =Ts (5’” =Ts '<S’J)’(SD’J) O = Tarie s b s
We thus have .
2 DisZit = birgs s sy

foranyl=0,...,ms—1,5€{0,1,...,S},and j =1,...,ns. Consequently, we would
require to ideally have
Div (s j),(s.3)Zi* (.01 = TsTiv(5,)Pivs.) (5.0)
or
Zi*(s,j)l = Tsri*(sd). (922)

However, since the right hand side of (9.22) is integer and the left might not be then
the constraint (9.20) is replaced by

| TsFie(s,j) ] < Zisgs, iyt < [TsFirgs, )| (9.23)

for 1=0,...ms—1,5 €{0,1,...,S}, j=1,...,ns
Additionally, we observe that if the models are supplier disjoint as well, that is for
each model i there is exactly one supply i(s, j), that is there is exactly one nonzero
entry in each row of matrix b, then constraint (9.23)
[ Torie ] < Zjy < [Tserix |
for 1=0,...me—1,i"=1,...,n

where s* is a unique supplier for i* and the other way round, that is the i* is the
unique model supplied by s*. Then, the system (9.21) becomes

p
Zzik:di i:l,...,n (9.24)
k=1

[ Torrie ] < Zipg < [Tserie ]
for 1=0,...me«—1,i"=1,....n
Zzik:Ak kZl,...,p
|

and it can be solved by the network flow algorithms.
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9.11 Synchronized Delivery

An alternative approach to the leveling off demand problem follows the bottleneck
problem for the model level L1. However, now smoothing at each supplier is com-
plicated by the fact that the demand for its supplies is not independent as it is the
case for L1 but rather depends on the model delivery sequence. This makes the
leveling off problem much more challenging. We now give details of this approach.

Let xj; be the cumulative production of i for the k-prefix of the model delivery
sequence. Then, the delivery sequence-dependent total demand for (s, j) originating
from this k-prefix is

n

Yk = § bi (s.j)%ik-

Consequently, the total demand for supplier s originating from this k-prefix equals

Ys,k = Z Y(S,j) = Z Z bi,(s,j)xik'

(s5,/)ESs (s,/)€Ssi=1
On the other hand, the total demand for supplier s as a result of demands dy,...,d,
for models 1,...,n respectively, can be derived as follows
n
Ds= Y Dujy= Y X biijdi (9.25)
(s,7)ESs (s,/)€Ssi=1
out of which
n
Disjy = E bisipdi (9.26)
=

is demand for (s, j) only. Thus, the ratio

D/ .
(s.J)
o) = Ds’ , 9.27)

"
for the supply (s, j). Let us illustrate these definitions with an example based on the
example of chain from Sect.9.7.

Example 9.16. For the matrix b given in Table 9.3 the ratio calculations are shown
in Tables 9.10 and 9.11. O

Table 9.10 Matrix Y(; j)es, bi(s.))
i/(s, ) (LD (1,2)[(2,1) (2,2) (2,3)|(3

D](4,1) (4,2) (4,3)
3

5
3

W N =
S O =]

1
1 3
2




222 9 Temporal Capacity Constraints and Supply Chain Balancing

Thus, ideally the fraction rs j) of Y5k should be equal to Y(s j). In other words,
we minimize

Y AYskl - 9.28
<TJ')?| (s.0k = Fs.i) Y| (9.28)
We can rewrite the deviation in (9.28) as follows
n n
Yis,j)k — Ts.j)Ysk = 2 GiXik— T X X bisjXik
i=1(s,j)eSs
n
= X Oisj) —Fsi) X bigsj))Xik
i=1 (s,J)€Ss
n
= 2 Pis,j)Xik
i=1
where
Pis.j) =P —Tsj) X big)- (9.29)
(571)685

The following example illustrates the calculations defined by (9.29).

Example 9.17. For the matrix b given in Table 9.3 and the ratios in Table 9.11 we
have the matrix p in Table 9.12.

Thus, the problem is to minimize

min )X 9.30
Sk i 2P. (s,j) ik ( )
Subject to
n
ZXik:k k=1,...,.D (931)
0<Xikr1—Xk<l i=1,....)mk=1,....D-1 (9.32)
xp=di i=1,...,n. (9.33)

Kubiak et al. [124] prove that the synchronized delivery problem, that is the
minimization of (9.30) subject to (9.31)—(9.33), is NP-hard in the strong sense and
they give a dynamic programming algorithm to solve it. Their algorithm runs in time

n
o(n? I1(di+1)). Its experimental performance evaluation can be found in [124].

i=1

We now show a bound on the objective (9.30). We begin with the following
observation.

Table 9.11 Ratios r(s j

) Y 12 (21 (22) (23 B1) 41 42) (43
Dy 8 5 8 5 5 5 13 13 10

Ds 13 18 5 36
ro 8 5 8 5 5 1 13 13 10
(s.§) 13 13 18 18 18 36 36 36
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Table 9.12 The matrix p
i/(s)) (LD (1,2) (21) (22) (23 31 41 (42 43

1 3 3 0 _ 5 5 0 33 3 30
13 13 18 18 18 36 36 36

2 5 5 6 3 3 0 29 7 22
13 13 18 18 18 36 36 36

16 8 8 39 3 42

3 0 0 ~18 18 18 0 T3 36 36

Lemma 9.18. We have .
lei,(s,j)rik =0.
=

Proof. We get

n 1 n n
Elpi.,(s,j)n = D (igl bi,(s,j)d| —Is,j) igl (s,j)zess bi,(s,j)dl)

by (9.29). Thus, by definitions (9.26), (9.25) and (9.27) we have

n

1
igflpi,(s,j)ri = D<D(s,]) - r(gJ)DS) =0.

For optimal solution Xy to the bottleneck problem we have
Xik = Kri + Eik,

where —1 < —B* < g < B* < 1. Thus, we have

n n
i§1Pi,<s,j)kri +i§lpi,(s,j)£ik ;

n
2 Pis,j)Xik
i=1

by Lemma 9.18 the bound is as follows

n
<B" Y |pis.| <BBs,

n
2 Pis,j)Eik
i=1

n
2 Pi(s,j)Xik
i=1

where
s shes. (s,J) (5.1)essim1 (s,J),i*

9.12 Exercises

Exercise 9.19. Prove that there is no feasible solution for the following instance
given in Table 9.13. Hint: See Gent [111].
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Table 9.13 An infeasible instance of the temporal supplier capacity problem

Demand Ps : Qs Model
di 1:22:31:32:51:5 i
2

O©CoO~NOOOsWN R

©
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OrRrO0OO0O0ORRPRPPLPRPPRPORPRRLPOORPRPOOOOO

PPPRPOPFRPROORPRORFROORRLRORRROROO

FPOOOrROORORRPRRPROOORRFROOOR RO

ORrPO0O0OO0OO0ORrROORRPRRFRPOROOOORERLERLOR

PP PP ORPO0O0000000O0OO0ORRFROOOR K
S

Exercise 9.20. Prove that the car sequencing problem is NP-hard in the strong sense
even each capacity constraint is 1:2 and demand for each model is unit, that isd; = 1
fori=1,...,n

Exercise 9.21. Based of the formulation in (9.4), (9.5) and (9.6) for the car sequenc-
ing problem give a formulation for the generalized pinwheel scheduling.

Exercise 9.22. Consider an instance of the car sequencing problem and a just-in-
time sequence S, possibly violating some capacity constraints, for this instance. Find
an efficient way of determining the minimum number of positions in S than need to
be turned in blanks — a blank is a fictitious models with no options — to turn S into a
sequence that meets all option capacity constraints but not necessarily just-in-time.
What is the complexity to this problem?

9.13 Comments and References

The car sequencing problem was shown NP-hard in the strong sense by an ele-
gant transformation from the Hamiltonian path problem by Gent [111], though his
transformation requires different capacity constraints for different car options. The
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problem later was shown NP-hard in the strong sense even if each capacity require-
ment is either 1:4 or 2:3, see Kis [125], however yet again this transformation re-
quires that the demands for different models differ. The IP formulation of the car
sequencing problem is based on Gravel et al. [114], and Drexl and Kimms [115].
The former presents a quite comprehensive reference list of paper that solve the car
sequencing problem by the ant colony optimization technique. The proof of Theo-
rem 9.2 is from Kubiak [126], so is the mixed-model, pull supply chain framework
from Sect. 9.7 and the discussion of model deliver sequences as balanced words in
Sect. 9.8. Theorem 9.9 was shown in Jost [121]. More on word combinatorics can
be found in Vuillon [46], Altman et al. [7], Tijdeman [60], and on balanced words
in Berthe and Tijdeman [122].

Section 9.11 is based on approach to the leveling off demand from Miltenburg
and Sinnamon [127], Miltenburg and Goldstein [128], Kubiak et al. [124], and
Kubiak [23]. This last refers to the problem as the Output Rate Variation (ORV)
problem.



Chapter 10
Fair Queueing and Stride Scheduling

10.1 Introduction

Fairness related objectives appear to have gained their prominence through fair
queueing algorithms and stride scheduling — both essential building blocks of to-
day’s information technology. This chapter focusses on the fundamental issue of
defining and quantifying fairness for these two applications rather than on the tech-
nical details of their implementation and performance which can be readily found
in the literature, see for instance Keshav [129], Bertsekas and Gallager [130], and
Waldspurger and Weihl [131].

We first observe that though both basic fair queueing and stride scheduling use
essentially the same algorithms based on the Jefferson’s method of apportionment
their approach to defining and quantifying fairness have been rather different. While
the former is based on the max—min criterion, and the relative as well as the absolute
fairness bounds, the latter is based on the bottleneck and variance minimization.
Despite these differences we propose here a common ground for both approaches
to fairness in fair queueing and stride scheduling. This approach is based on the
apportionment theory and the just-in-time optimization. It opens possibilities for
alternative fair queueing and stride scheduling algorithms. One such clear alternative
is the Webster’s method of apportionment not previously used in either fair queueing
or stride scheduling contexts. This method is the only one that results in a peer-to-
peer fairness consistent with a standard two-client solution — a new and promising
in the context of technical systems concept of fairness.

Section 10.2 presents an illustrative example that serves as a general framework
for our discussion of fair queueing algorithms and stride scheduling. Section 10.3
provides an introduction to fair queueing and its connection to the apportionment
parametric methods. Section 10.4 presents different measures of fairness used his-
torically in fair queueing. In particular the max—min fairness criterion, the relative
fairness bound, and the absolute fairness bound. We show that the uniform appor-
tionment methods naturally satisfy the max—min fairness criterion though with dif-
ferent objective functions. We show that the relative fairness bound is minimized by

W. Kubiak, Proportional Optimization and Fairness, International Series in Operations 227
Research & Management Science 127, DOI 10.1007/978-0-387-87719-8 10,
(© Springer Science+Business Media LLC 2009
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an algorithm well-known in the apportionment theory since the sixties. The algo-
rithm, however, is not house monotone, thus there is no on-line queueing algorithm
to minimize the relative fairness bound. We also show a good approximation of the
Generalized Processor Sharing policy which is based on the weighted bottleneck
deviation minimization algorithm developed in Chap. 3. The Generalized Processor
Sharing policy is considered as an ideal fair scheduling policy in the networking
literature. This policy is a benchmark against which to compare any other queueing
algorithm in the absolute fairness measure.

Section 10.5 introduces stride scheduling. We show there that the basic stride
scheduling is the Jefferson’s divisor method of apportionment problem. We argue
that the quota divisor methods would greatly reduce the throughput error if used
instead of the Jefferson’s method in stride scheduling, however, at the cost of loosing
population monotonicity of the Jefferson’s method. We also show that the bottleneck
algorithm would minimize the throughput error. We finally discuss the minimization
of the response time variability in stride scheduling.

Section 10.6 proposes another approach to fairness in fair queueing and stride
scheduling. This one is called peer-to-peer fairness and it is essentially based on the
Webster’s apportionment method. In a nutshell, this approach produces a solution
which is consistent with the standard two-client solution being arguably ideal for any
two flows or clients competing for resources — either the bandwidth or the central
processor unit time.

10.2 The Story of Tiles: The Start, The Finish,
or The In-Between

We now introduce a common framework for our discussion of fairness in fair queue-
ing and stride scheduling.

The framework is based on a simple model with n types of tiles. Each tile of type
iis ¢ unitslong, i = 1,...,n. The ¢; can be the packet size (in bits) of flow i in fair
queueing or the stride length, the reciprocal of the number of tickets, of client i in
stride scheduling. The tiles of each type are arranged into an infinite strip of type i
where tiles of type i are placed one next to another without gaps, see Fig. 10.1. This

On Un Un ln Un In Un

Fig. 10.1 The framework for fair queueing and stride scheduling
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strip models backlogged packets from flow i waiting for bandwidth allocation in the
fair queueing context or backlogged strides of client i waiting for quanta allocation
in the stride scheduling context. Thus, the ends of tiles in the strip of type i are at
points k¢j, k =1,2,3,... The set of these points is then

Ei={kéi:k=1,2,3,...}.

Let
fi<f, <o

n
be the ascending order of the points of the multiset |J Ei. Let us consider the se-

i=1
quence
S =51583- -

where
sk = i if and only if fy € E;.

The sequence S is the Jefferson’s sequence. To see this let us consider the point in
position k. Let x; . be the number of the ends from E; on the list

and consider
Xi kli.

Then, position k + 1 of S is occupied by the end from the list i* such that
I+ Xjlj > lis + i il forall j=1,...,n

or
1 1
L > (j

Xiek +1 7 Xj+1
which is exactly the Jefferson’s parametric method for the population vector

1 1
Ela"'vzn ’

see Theorem 2.2 and Table 2.1. Notice that without loss of generality the populations

can be made integer by taking p; = 'Cm“;{“"m instead of fl.
Similarly, we observe that by considering the starts k¢, i = 1,...,n, k =

0,1,2,3,...,
Si={k¢i:k=0,1,2,3,...}

we can build the Adams’s sequence, and by considering the middle points k¢; + %Ei,
i=1,...n,k=0,1,23,...,

M; = {ké; + ;éi k=0,1,2,3,...}
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we can obtain the Webster’s sequence. Finally, by taking 0 < § < 1 and points
kt;+6¢4,i=1,...,n, k=0,1,2,3,..., we obtain the sequence for the parametric
method ¢, see Sect. 2.4.2. We illustrate these sequences, that is the Jefferson’s, the
Adams’s, and the Webster’s, by the following example.

Example 10.1. For ¢3 = 2,4, = 3, and /; = 5 we have

E. = {2,4,6,8,10,12,14,16,18,20,22,24,26,28,30,32,.. .}
Ep = {3,6,9,12,15,18,21,24,27,30,33,...}
Ec = {5,10,15,20,25,30,35,...}

and
Ma = {1,3,5,7,9,11,13,15,17,19,21,23,25,27,29,31,...}
My = {1.5,4.5,7.5,10.5,13.5,16.5,19.5,22.5,25.5,28.5,31.5,.. .}
M = {2.5,7.5,12.5,17.5,22.5,27.5,32.5,...}

and

Sa = {0,2,4,6,8,10,12,14,16,18,20,22,24,26,28,30,...}
Sy = {0,3,6,9,12,15,18,21,24,27,30,...}
S¢ = {0,5,10,15,20,25,30,...}

Thus, the sequence for the finish times, the Jefferson’s sequence, is
(abacababacababcaabacbaabcabaabc)”

the sequence for the midpoints, the Webster’s sequence, is
(abcabaabcabacababacababcaabacba)®

the sequence for the start times, the Adams’s sequence, is
(abcabacababacababcaabacbaabcaba)™.

Each sequence has the cycle of length 31 since Icm(2,3,5) = 30 and the three pop-
ulations are ¥ =15, ¥ =10, and ¥ = 6 respectively, summing up to 31. O

10.3 Fair Queueing

In a packet-switching or datagram network, the Internet being one, fair queueing al-
gorithms set the rules of bandwidth allocation at the gateways of the network so that
a good user behavior is encouraged and enforced throughout the network. Demers
et al. [132] argue, following the game-theoretic view of the bandwidth allocation
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first proposed by Nagle [12], that a formal game-theoretic analysis of simple gate-
way models suggests that fair queueing algorithms may be “the only reasonable
queueing algorithms to ... make self-optimizing source behavior result in fair, pro-
tective, non-manipulable, and stable networks.” We show here that the fair queueing
algorithms, proposed in the literature and implemented in practice, to determine
the rules of the gateway’s bandwidth allocation are essentially two basic parametric
methods of apportionment: the Adams’s and the Jefferson’s methods. Following this
new insight, we argue that the Webster’s method of apportionment, not known to the
author to be used as a queueing algorithm thus far, might be even a better choice for
a fair queueing algorithm than the other two. Let us now look closer at the issue of
fair queueing at a gateway of a packet-switching network.

A gateway has a number of incoming and outgoing links through which pack-
ets from various sources are routed to various destinations. Each outgoing link
maintains separate queues associated with it, one queue for each individual source—
destination pair. The nonempty queues are cycled through so that in each cycle the
packet at the head of one queue is selected for transmission on the outgoing link.
The packets of a single source—destination queue are all of the same size. How-
ever, the sizes of packets for different source—destination pairs, often referred to
as users, flows or queues, may be different. For instance, short packets may result
from users engaging in remote login sessions using the Telnet protocol whereas long
packets may result from users transferring files with the FTP protocol. Furthermore,
the packets are assembled at the source and disassembled at the destination, thus
preempting a packet in any intermediate node would be in violation of the commu-
nications protocol and it is not permitted. Maintaining separate queues for different
source—destination pairs protects well-behaved pairs from ill-behaved ones. The lat-
ter by sending their packets too quickly simply increase the length of their own
queues without actually increasing their share of the bandwidth of the outgoing link
or delaying other pairs. This ensures that the ill-behaved pairs can get no more than
their fair share of the bandwidth. Though the model with the separate queues pro-
vides certain protection against antisocial behavior, it leaves open the question of a
fair share and the way to ensure it so that the whole network remains stable. Nagel
describes the problem elegantly in his seminal paper [12] as follows:

This game-theory view of datagram networks leads us to a digression on the stability of
multiplayer games. Systems in which the optimal strategy for each player is suboptimal
for all players are known to tend towards the suboptimal state. The well-known prisoner’s
dilemma problem in game theory is an example of a system with this property. But a closer
analog is the tragedy of the commons problem in economics. Where each individual can im-
prove his own position by using more of a free resource, but the total amount of the resource
degrades as the number of users increases, self-interest leads to overload of the resource and
collapse. Historically, this analysis was applied to the use of common grazing lands; it also
applies to such diverse resources as air quality and timesharing systems. In general, experi-
ence indicates that many player systems with this type of instability tend to get into serious
trouble. Solutions to the tragedy of the commons problem fall into three classes: cooper-
ative, authoritarian, and market. Cooperative solutions, where everyone agrees to be well
behaved, are adequate for small numbers of players, but tend to break down as the num-
ber of players increases. Authoritarian solutions are effective when behavior can be easily
monitored, but tend to fail if the definition of good behavior is subtle. A market solution is
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possible only if the rules of the game can be changed so that the optimal strategy for players
results in a situation that is optimal for all. Where this is possible, market solutions can be
quite effective. The above analysis is generally valid for human players. In the network case,
we have the interesting situation that the player is a computer executing a preprogrammed
strategy. But this alone does not ensure good behavior; the strategy in the computer may
be programmed to optimize performance for that computer, regardless of network consid-
erations. A similar situation exists with automatic redialing devices in telephony where the
user’s equipment attempts to improve performance over an overloaded network by rapidly
redialing failed calls. Since call-setup facilities are scarce resources on telephone systems,
this can seriously impact the network; there are countries that have been forced to prohibit
such devices (Brazil, for one). This solution by administrative fiat is sometimes effective
and sometimes not, depending on the relative power of the administrative authority and
the users. As transport protocols become more commercialized and competing systems are
available, we should expect to see attempts to tune the protocols in ways that may be op-
timal from the point of view of a single host, but suboptimal from the point of view of
the entire network. We already see signs of this in the transport protocol implementation
of one popular workstation manufacturer. So, to return to our analysis of a pure datagram
internetwork, an authoritarian solution, would order all hosts to be “well behaved” by fiat;
this might be difficult since the definition of a well-behaved host in terms of its externally
observed behavior is subtle. A cooperative solution faces the same problem, along with the
difficult additional problem of applying the requisite social pressures in a distributed sys-
tem. A market solution requires that we make it pay to be well behaved. To do this, we will
have to change the rules of the game. see Nagle [12], pp. 436-437.

The authoritarian solution refereed to in the Nagel’s comments has perhaps un-
knowingly been found in the apportionment solution to the fair representation prob-
lem of meeting the ideal of one man, one vote. Here is why.

The following two queueing algorithms have been formulated in the literature in
response to the Nagel work:

1. Fair queueing based on starting times by Greenberg and Madras, [133], stipu-
lates that whenever a packet finishes transmission on outgoing link the next one
transmitted on that link is the one with the earliest start time.

2. Fair queueing based on finishing times by Demers et al. [132], stipulates that
whenever a packet finishes transmission on outgoing link the next one transmitted
on that link is the one with the earliest finish time.

These two work essentially as follows. Let ¢; be the packet size of queue i, and
let a; be the number of packets from that queue that got transmitted on the outgoing
link thus far. When a packet from some queue finishes transmission, then the former
algorithm selects a next packet from the queue (flow) i* such that

ljaj > li-ay- forall (10.2)
whereas the latter selects a next packet from the queue i* such that
li(aj+1) > 4i-(aj+ + 1) forall j. (10.2)

Thus, the fair queueing based on starting times is clearly the Adams’s method
of apportionment and the fair queueing based on finishing times is the Jefferson’s
method, see Chap. 2 for details of these methods, where the population of state i is ,1| .
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Consequently, the fair queueing based on starting times maximizes the minimum
share of the bandwidth, that is it optimizes

maxmin Zi = maxmin/;aj, (10.3)
| i 1
whereas the fair queueing based on finishing times minimizes the maximum share
of the bandwidth, that is it optimizes
. a .
min max pl — minmax {;aj, (10.4)
i i i
see Balinski and Young [2].

However, the fair queueing based on the midpoints rather than either starting or
finishing times may prove even better choice for a fair queueing algorithm since it
results in the Webster’s method of apportionment, which as we argued throughout
this book, see Chaps. 2 and 5, provides a number of advantages over the other two,
the Adams’s and the Jefferson’s methods. The fair queueing based on the midpoint
selects a next packet from the queue i* such that

L (aj+ ;) > L (ai* + ;) forall j. (10.5)

The fair queueing based on the midpoint, or the Webster’s method, minimizes the
following, different from both (10.3) and (10.4), objective. The queue i share of the
bandwidth is a' = (;aj whereas the ideal share for all the queues at the gateway is

X3 a a
%, P

The Webster’s method minimizes the weighted squared difference between each
queue share and the ideal share defined as follows

) 2
;pi (Z: - z> . (10.6)

Notice that the weight for the queue i is i L where ¢; is the queue i packet size in bits,
thus the Webster’s method minimizes the welghted squared difference between each
flow’s share and the ideal share summed over all queues, see Balinski and Young [2],
and Young [3].

All three methods, the Adams’s and the Jefferson’s known from the existing
queueing literature and the Webster’s suggested here for the fair queueing algo-
rithm, are the parametric methods of apportionment and thus they are all uniform.
Therefore, they ensure that a fair bandwidth allocation remains a fair bandwidth
allocation for every subset of queues. For the Adams’s method, this ensures that
minimum share is maximized and that holds even if we remove any queue and re-
duce the total bandwidth accordingly by taking away all this queues’s bandwidth
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allocations. The Jefferson’s method ensures that the maximum share is minimized
and this condition remains recursively true as we remove any queue and again re-
duce the total bandwidth accordingly by taking away all this queues’s bandwidth
allocations. Finally, the Webster’s method minimizes the weighted squared differ-
ence between each queue’s share and the ideal share summed over all queues and
again this holds recursively true as we remove any queue.

10.4 Which Queueing Fairness?

10.4.1 Max—Min Fairness Criterion

The selection of the most appropriate objective for fair queueing algorithms has not
received its due attention in the literature except for the max—min fairness criterion,
see Gafni and Bertsekas [134], which has been historically yet somewhat arbitrarily
tied up with fair queueing. The criterion can be defined as follows.

Consider the allocation of a single resource among n users. There are A units of
this resource and each of the users requests p; and receives A; units. The max—-min
fairness criterion stipulates that an allocation is fair if

1. No user receives more than its request, that is p; > A;

2. No other allocation scheme that satisfies (1) has a higher minimum allocation

3. Condition (2) remains recursively true as we remove the minimal user and reduce
the total resource accordingly, that is

As we have shown, the Adams’s, the Jefferson’s and the Webster’s methods
satisfy the conditions (2) and (3) of this definition albeit with different objectives
(10.3), (10.4), and (10.6) respectively. Actually, the Adams’s method maximizes
the minimum allocation, see (10.3), thus literally meeting condition (2). The con-
dition (1) simply provides an upper bounds for user allocations and it is irrelevant
for backlogged flows. Thus, we conclude that the well known and widely used for
more than 20 years max—min fairness criterion results in the Adams’s method of ap-
portionment. Though this method’s quality has been widely recognized, the method
may prove not the best queueing algorithm available since it may be bettered by the
qualities of the Webster’s method as we argued in Chaps. 2 and 5.

The choice of an objective to optimize in the condition (2) of the max—min crite-
rion remains an open question. Though, the fair queueing aims may not be exactly
the same as those of the apportionment problem, this still remains to be seen, the
choice of the objective function for a fair queueing algorithm may actually be a
wrong question to ask in a much the same way as it has been argued to be a wrong
question to ask for the apportionment problem, see Balinski and Young [2]. The
latter asks instead what is the apportionment method, if any, that meets all desirable
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properties without actually explicitly asking what is the objective it optimizes. The
approach is thus axiomatic, and the focus is on the desirable properties instead.

10.4.2 Relative Fairness Bound

Relative fairness will be determined for flows that are all backlogged in time interval
(0,t), where t is time in seconds, see also Zhou and Seth [135]. For a queueing
algorithm Q the relative fairness bound, RFB, is defined as follows.

Q) SR

i
Wi Wj

RFB = max

10.7
nax. ; (10.7)

where w; is an integer weight of queue i, and SiQ(t) is the number of bits (in complete
packets) send by Q in time interval (0,t) from flow (queue) i. Since bits from each
gueue are sent in complete packets only, the SiQ(t) is as follows

SHOES Xi (0 Lis (10.8)

where X; o) is the number of packets send by Q in (0,t) from i. Thus,

Sf\j\ft) _ Xi,v(v(i),t) _ Xi,(?,t)7 (10.9)
i A Pi
where the population p;j = ‘;V' is simply weight per packet bit for the queue i. The
Xi,(0,t) IS @ counting function that increases its value by 1 at points, referred to as step
points,

O<tyi<<--- <tji<--

in time, and it remains constant in between any two consecutive step points. That is
Xi,(0i) — Xi.(04j—e) = 1

and
Xi,(o,tl‘if‘?) = O
for any sufficiently small € > 0. Observe that

feori—t > 0
k+1,i k,lfc

where é is the minimum amount of time to send one packet from queue i, and C is
the transmission rate in bits per second. Let

O<Ti<T < <Tn <+
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be all step points of these counting functions. Let us denote this set of counting
functions by C.
We can rewrite (10.7) as follows

Xim  Xjm

Pi Pj

Xi,(0t)  Xj,0p)

RFB = max
il Pi Pj

(0t).i,]

= (10.10)

m1,J

where
Xi,0,.m) = Xi,(0,Ty)

Our goal is to find the X; (g m) = Xim that minimizes (10.10). We have the following
theorem.

Theorem 10.2. There exists no queueing algorithm that is house monotone and min-
imizes the RFB measure.

Proof. Balinski and Shahidi [16], and Ibaraki and Katoh [19] show that there ex-
ists no house monotone apportionment method minimizing objective function in
(10.10). O

Theorem 10.2 proves that it is impossible to build an on-line algorithm that min-
imizes the RFB measure. That is it may always happen that the sequence that
minimizes the RFB measure for the packets transmitted so far becomes subopti-
mal by extending it by one more packet. However, if the total set of packets is
known a priory, an optimal sequence can be found by an off-line algorithm based
on a dynamic programming algorithm proposed by Burt and Harris [136].

10.4.3 Absolute Fairness Bound

The absolute fairness bound deals with the absolute deviation between the flow send
from a queue by a given queueing algorithm Q and the ideal amount of flow send
from the queue by the Generalized Processor Sharing (GPS) policy. The GPS works
in a weighted round robin fashion, see Parekh and Gallager [137] for the details and
analysis of the GPS, sending from each queue an amount of flow proportional to
the weight associated with the queue. The flow send by the GPS is divisible which
is not the case for Q. The GPS policy meets the following condition, for any two
queuesiand j in interval (0,t)

o _ i (10.12)

where FC(t) is the flow send from queue i in interval (0,t). Summing up (10.11)
over all n queues, we get the following

Wi

FC(t) =tC,

(10.12)



10.4 Which Queueing Fairness? 237

where C is the transmission rate in flow units per second and W = ¥ ; wj. In prac-
tice, the GPS policy can not be implemented since the data in packet-switching
networks is send in packets rather than in divisible flows. However, the GPS serves
as a benchmark in the absolute fairness bound. The absolute fairness bound, AFB,
for a given queueing algorithm Q is defined as follows.
SHONENU)

Wi wi |

AFB = max
(01),i

Since the data is send by Q in packets rather than in divisible flows the following
condition holds for Q
S2(t) =X, (10.13)

where X;y) denotes the number of complete packets sent by Q from queue i in
the interval (0,t). Combining (10.12) and (10.13) with (10.13), we can write the
following formula for the AFB measure.

1 Wi
AFB = Q%’f{w. ’x,(oﬁt)é. ~tcy ’} , (10.14)

which is equivalent to

AFB = max { b
(0,t),i L Wi

Wi
Xi(01) —tcwéi ’} : (10.15)

Nowy, let us define k as follows

n Wi tCD
k=>1tC = . 10.16
i§1 W/ WL ( )
and the rate r;
d
b
f=5=1p (10.17)
where the demand d; = 'cm(él’é'i"’mwi = L"ivi for queue i, and
noLw;
D= .
El 4
Thus, the GPS could potentially send
Wi
kri| = |t 10.1
) = [rc s | (1018)

packets from queue i in (0,t). We can thus rewrite (10.15) as follows

1
AFB = g\gxl { di ‘Xi(O,t) —kr; ‘ } . (10.19)
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Let AFB(C) be the minimum absolute fairness bound over all counting functions

in C defined in Sect.10.4.2. Let CM  C be a subset of the counting functions
where each tm; is a linear integer combination of f:j,j =1,...,n, that is there are

non-negative integers ¢, j = 1,...,n, dependent on m and i such that

/ 14
tm,i:alc:l+---+anc?.

Let AFB(CM) be the minimum absolute fairness bound over all counting functions
in CM. Obviously, AFB(C) < AFB(CM). Now, assume that all counting functions
Xioy arein CM fori=1,....n. Let

O<Ti<Tr < <Tp <+

be all step points of these counting functions. All of them are different, and the total
n
2 Xioyy =m
i=1
forany T <t < T 1. Moreover,

1 ¢
Tm:OClcl‘*""'FOCnCn

thus there are
Mm=og+--+0on

complete packets send in (0, Ty) by Q. Hence, we have

[Xio.0) — kri] < max { [Xi(o.1,) — K[, [Xio,1) —K"Ti} (10.20)
for Tm <t < Ty1, where
CD CD
k/ - WLTm and k// == WLTm+1

Consider the counting function defined as follows Y m) = Xiq,1,) With the step
pointsat1,2,...,m,... Clearly, the yjio m) is in CM. For simplicity, we use the nota-
tion yi m for yj(,m. We have

max{ ! Yim— kri|} (10.21)
mi | dj

9

gma_x{;max{\yi7m—mri+(m—k’)ri yi7m—mri+(m—k”)ri\}} (10.22)
m,i i

Lety; ,, minimize the bottleneck on the right hand side of the inequality (10.21). We
then have
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1
max{d max{|y{)m —mri+ (m—k)ri, |y§7m —mri+ (m—k”)ri|}}
1

< ma_x{; max{|yim —mri+ (m—K)ri|, |y m—mrﬁ(m—k”)n\}}, (10.23)
m,i i ’

for y{', being a solution to the bottleneck problem (3.37)—(3.41) in Chap. 3 and di
as in (10.17). However, for y; ,, we have by (10.18)

L

K] >m> 3 [Kn],
i=1

thus,
Im—K|<n.

The |m—K’| is the difference between the throughputs of Q and the GPS in the
time interval (0, T,) measured in the number of complete packets send by the two.
Similarly,

thus

Thus, (10.23) does not exceed

max{OI Vi — mri| + }

The bottleneck assignment problem (3.42) leads to a counting function y;, that

minimizes
1 >k
M gy Wi il
and this optimal solution has value a* < B for some i* and B < 1, by Theorem 5.8.

Thus, we have the following upper bound of the optimal absolute fairness bound

B n
AFB = max{d‘ 00 kri‘}<di*+D’

where X} ) is optimal in C. Finding, an optimal x, o) is an open question as is
proving that x o) is simply y;'r,.

10.5 Stride Scheduling

The market solution first alluded to by Nagle [12] as an alternative to the cooper-
ative and authoritarian solutions to stabilize the multiplayer games played played
to obtain resources in computer systems has been proposed in the form of stride
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scheduling. The stride scheduling was introduced by Waldspurger and Weihl in their
1995 reports [13,131], and independently by Maheshwari [138], as a universal, de-
terministic scheduling paradigm.

The stride scheduling allows clients to buy, sell and trade tickets according to the
rules of a computational market, for instance the Spawn distributed computational
economy proposed by Waldspurger et al. [11]. The number d; of tickets acquired
by a client i then determines the rate at which the client will receive the resources
needed for its job, which competes for resources with jobs of other clients. The total
number of tickets issued equals D = ¥; <j<n di.

The number of tickets issued to a client quantifies the client’s resource rights.
The tickets can be issued in various currencies and distributed in a modular fashion.
The clients can be issued tickets in the base currency and then each of them can
allocate tickets in its own currency to its various tasks. For instance, a client who
obtained 10 tickets in the base currency may allocate 40 tickets in its own currency
to its task A, 50 to its task B, and 10 to its task B. Thus, allocating 4, 5, and 1 tickets,
respectively in the base currency.

The resources are allocated to clients in discrete time slices 1,2,..., called
quanta. The main idea of stride scheduling is to calculate a stride ¢; = dl. , inversely
proportional to number of client’s tickets, that client must wait between succes-
sive resource allocations. A client with a shorter stride will get resource allocations
more frequently than a client with a longer stride. For instance a client with double
the stride of another client will execute twice as slowly getting just half of the re-
source allocations of the client with the shorter stride. We assume for the simplicity
of exposition that the stride ¢; of client i equals dLi, where the constant L is only
used to obtain high-precision fixed-point integer representation of the strides ¢; for
individual clients, see Waldspurger and Weihl [13] for a discussion of this techni-
cal problem. We assume L to be equal Icm(d,...,dz). The client i* to be allocated
resources in quantumk+1,k =0,1,2,..., is calculated as follows

L(Xj_’k—|—l) > L(Xi*7k+l) (10.24)
dj di-

where X; i is the client’s i number of quantum allocations received during the first k
quantum allocations. We assume that initially xjo = 0 for i = 1,...,n, and the ties
are broken using the ascending order of the client’s index i = 1,...,n. It is obvious
from (10.24) that the sequence of allocations produced by the stride scheduling is in-
dependent of L. Therefore, from now on, we shall assume without loss of generality
that i* is calculated, equivalently, as follows.

. di
* 10.25
i argm?x{xi)k+1}, ( )
Thus, the basic stride scheduling is just the Jefferson’s method of apportionment.
Because of the parameter 6 = 1 for the Jefferson’s parametric method, see Table 2.1,
we call it the 1-stride scheduling.
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We now discuss main metrics of the stride schedules: the throughput error and
the response time variability.

10.5.1 Throughput Error

The stride scheduling keeps track of the number of resource allocations each client
i has received out of the first k allocations, x; x, and uses the criterion in (10.24) to
decide which client gets the next quantum. Therefore there is a negligible overhead
for this rather efficient scheduling algorithm. Waldspurger and Weihl [13] view the
stride scheduling as a mechanism to keep the progress of each client i job as close
to the ideal progress defined by the straight line

di

“D

as possible. It is worth noticing that it is essentially the same goal as in the solution
to the Liu-Layland problem given in Chap. 8.

The deterministic stride scheduling has been originally conceived as an alterna-
tive to a random lottery scheduling which results in a more erratic progress of a
client job. To see this let as have a closer look at the lottery scheduling first. The lot-
tery scheduling determines each allocation by holding a lottery where client i with
d; tickets has probability mj = % of winning it. We use the notation r; instead of the
traditional p; for the probability since the latter is set aside for the population in the
apportionment problem. Thus, the lottery is a Bernoulli process with a probability
of success m; for client i, and consequently the number of lotteries wy won by i in k
identical, independent lotteries has a binomial distribution. Therefore, the expected
number of wins E (wy) is

di
E(Wk) =kmi = |(D7
and the variance V (wy) is

V(i) = 0?(Wy) = kri(1—m) = kdi(DD; di) < Z

Given these, let us estimate the expected throughput error for the lottery scheduling
defined as the expected value of the following absolute deviation

d:
E(Wk_kDID

by Waldspurger and Weihl [13]. By the Markov’s inequality, see Ross [66], we have
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By the Central Limit Theorem

i
P
o (wk)

tends to a constant 0.3174 as k tends to «o. Moreover,

“

see Exercise 10.5. Thus, we have

J(

o (W)
“(

that is v/k is both an upper and lower bound on the expected throughput error
E (‘Wk — k% ‘ . Thus, the throughput error of the lottery scheduling can grow with-

out bound as k increases. This is certainly the main disadvantage of the lottery
scheduling. On the other hand, the stride scheduling reduces the throughput error
considerably. In fact it may keep the throughput error below 1 as long as we re-
place the Jefferson’s method in it by a bottleneck optimal algorithm or quota-divisor
methods. We show this now.

Waldspurger and Weihl [13] define the throughput error of stride scheduling,
called also accuracy, as the maximum absolute or bottleneck deviation

d; Vk
_ < )
W kDD < 55 (10.26)

<1

Therefore,

Wk_kg D =0(vk),

. kdi
mlnnlal}x\xi_,k — D|
introduced also in Chap.5 in (5.2). Waldspurger and Weihl realize that their basic
1-stride scheduling may produce sequences with a large absolute throughput er-
ror. We now know that this is because a parametric method with 6 = 1, that is the
Jefferson’s method, always advances the allocations of the high-throughput clients,
that is clients with large number of tickets. Waldspurger and Weihl also point out
that a similar behavior, resulting in large throughput error, has been exhibited by
similar to the stride scheduling fair queueing algorithms. Again, we know now that
these algorithms are essentially the Jefferson’s method of apportionment as well.

To illustrate this problem with the parametric methods consider an instance with
101 clients and the following ticket allocations

d; =100,d, =... =dgo1 = 1.
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The 1-stride algorithm would result in a cycle where client 1 receives the first
100 quanta followed by the remaining 100 clients receiving 1 quantum each. The
throughput error of this cycle is 50. Notice that since x; x = 100 for k = 100 and
ry = 3, then [xqx — kry| = 50 for k = 100. The }-stride scheduling, the Webster’s
method, would reduce this error twice. It would result in a cycle where client 1
receives the first 50 quanta followed by the remaining 100 clients receiving 1 quan-
tum each, and followed by 50 quanta allocated to client 1. Clearly, the throughput
error of this cycle is 25. Notice that since x; x = 50 for k = 50 and ry = % then
X1k — kry1| = 25 for k = 50. However, it follows from Theorem 5.8 that the optimal
throughput error does not exceed 1 — ,5, = 139, a cycle that attains this throughput
error allocates all odd quanta between 1 and 200 to client 1, and all even quanta
to the remaining clients in an arbitrary way. In fact, an optimal cycle results in a
throughput error of 238. This optimal cycle allocates all odd quanta between 1 and
100, and all even quanta between 101 and 200 to client 1 and all the remaining
quanta to the remaining clients in an arbitrary way. Notice that a more sophisticated
hierarchical stride scheduling, we refer the reader to Waldspurger and Weihl [13]
for details, is able to reduce the throughput error for the instance discussed above to
4.5 only. However, further reduction is possible and follows the ideas developed in
Chap. 5. This reduction can be summarized as follows.

Theorem 10.3. The algorithm defined in Sect. 5.2 minimizes the throughput error.
The optimal throughput error is always less than 1. Moreover, all quota-divisor
methods of apportionment keep the throughput error below 1.

By the Impossibility theorem, Theorem 2.4, respecting priorities, which is a key ax-
iom in the axiomatic approach to the apportionment problem, can only be achieved
at the cost of increased throughput error. Therefore, by attempting to minimize the
throughput error the stride scheduling may compromise population monotonicity.

10.5.2 Response Time Variability

Waldspurger and Weihl [13] define the response time variability as the elapsed time
from a client’s completion of one quantum up to and including its completion of the
next. In the lottery scheduling the number of lotteries needed until next success of
client i, o, is a geometric random variable with the expected value

D

E(og) =ai= d
and the variance B(D_d
Var(o;) = aij(oi—1) = ( 42 )

For the stride scheduling, a natural measure of the response time variability for
a client is the variance of its response time. For cyclic sequences this variance for
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client i can be defined as the variance of response time for the first d; + 1 allocations.
More formally, let a} be the number of quanta between the completion of the jth
allocation and the completion of the j +1-st, j =1,...,d;. Then the response time
variability for client i is _
RTVi= Y (o — i),
1<j<d
and
Var; — + Y (o —ai)?= Lrrv,
= j— &) = i
d' 1<j<d; d
Notice that the average response time ¢ is constant and equal to c'? for client i. For
any solution with throughput error less than 1 we have, see Exercise 10. 6,

< 204, (10.27)

thus
Var; < o (10.28)

Though the upper bound in (10.28) does not imply the response time variabil-
ity reduction by the stride scheduling in comparison to the lottery scheduling,
Waldspurger and Weihl [13] observe in their computational experiments that the
stride scheduling produces much less response time variability than the lottery
scheduling. As well, Corominas et al. [82] observe a substantial reduction in the
response variability obtained by the exchanges on a bottleneck optimal sequence.
The improvement however usually comes at a slight increase in the throughput er-
ror, see Fig.7.2.

Unfortunately, the problem of minimizing the total response time variability de-
fined as follows

RTV =d;Vary +---+dnVar(n). (10.29)

is computationally more difficult than the problem of minimizing throughput error.
We have Theorem 7.15 proven in Chap. 7 to show that the problem of minimizing
the response time variability is NP-hard. However, it is open whether the problem of
minimizing the response time variability is NP-hard in the strong sense. See Chap. 7
for more results on the response time variability minimization.

10.6 Peer-To-Peer Fairness

We now present the peer-to-peer fairness model. First, we give some motivation
behind the model using a simple example of the stride scheduling problem, though
the model itself is general and equally well applies to the fair queueing.

Consider two clients a and b. Suppose client a obtains 3 tickets and client b
obtains 6, then b expects advancing its task at a rate which is twice the rate of a.
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Thus, if clients a and b were the only two clients competing for shared resources,
then the infinite cyclic sequence
(abb)~

with the cycle abb, would be fair for both and neither would have a casus for com-
plaining since out of any three consecutive quanta two are allocated to b, with 6
tickets, and one to a, with 3 tickets. Notice that 2 = % and consequently 14+2 =3 is
the smallest number of quanta to consider for clients a and b in any mathematically
sound discussion of what constitute a fair allocation of quanta for the couple. Any
smaller number of quanta would obviously be biased towards one of the clients and
the % ratio could not then be achieved.

However, if another client, say c, joins the couple with 4 tickets in their compe-
tition for the shared resources, then the sequence

(cbabcbabcbabc)™ (10.30)
with the bottleneck deviation B = }, for the three becomes
(bab)~

for a and b, which ensures that out of any three consecutive quantum allocations
two are made to b and one to a. This should certainly be fair for the two. Also, for
clients a and c it becomes

(cacacac)”

which ensures that out of any seven consecutive quanta 3 are allocated to a and 4
to c. Again, it is fair to both a and c as their ticket ratio is f{, and 3+4 =7 is the
length of the shortest cycle where this ratio is achievable. Finally, for clients b and
¢ the sequence becomes

(cbbcbbcebbe)™

which means that out of any five consecutive quanta client b is allocated at least 3,
but sometimes 4. This could make client ¢ feel that it does not receive its fair share
of allocations with respect to client ¢ as it has as many as g of the number of tickets
client b has, though it sometimes gets only % of consecutive 5 quanta. This potential
perception of unfairness can be avoided by the sequence

(bcbacbbcabcba)™ (10.31)
with the bottleneck deviation B = 11, as it becomes

(bchcb)™

for clients b and c. Thus out of any consecutive 5 quanta, 3 are allocated to b and 2
to ¢. Furthermore, the sequence becomes

(bba)*
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for clients a and b, which ensures that out of any three consecutive quantum alloca-
tions two are made to b and one to a, and

(caccaca)”

which ensures that out of any seven consecutive quanta 3 are allocated to a and
4 to c¢. The sequence (10.31), has an obvious advantage of being peer-to-peer fair
though it is not optimal from the bottleneck deviation stand point. The sequence
(10.30) we begun with is not peer-to-peer fair but has lower bottleneck deviation
of 193. The question then is can we have a peer-to-peer fair sequence for a, b, c which
at the same time minimizes maximum deviation. In our example of clients a, b, and
¢ the answer is positive for the sequence

(bcabchabcbach)™ (10.32)

minimizes bottleneck deviation, its optimal value is 173, and is peer-to-peer fair: we
have

(bcheb)™
forbandc,
(bab)*
for a and b, and finally
(cacacac)”

for a and c. Observe that the sequence (10.32) is the Webster’s sequence. Notice
also that this sequence is not a balanced word since it includes subsequences bb
with two bs and ca with no b. In fact since the Fraenkel’s conjecture holds for
n < 6, see Tijdeman [5], no balanced word for clients a, b, ¢ with tickets 3, 6, and 4
respectively is possible.

We have the following definition.

Definition 10.4 (Peer-To-Peer Fair Sequencing Problem). Given the clients
1,...,n with tickets d; < --- < d, respectively. Define the peer-to-peer ratio for
clientsiand j,i < j,as fjj = 3; = ZI'; , Where ogj and f3;j are relatively prime. Find
an infinite periodic sequence S with the cycle S which has as small a bottleneck
deviation as possible, and which is peer-to-peer fair. That is client i occurs exactly d;
times in S, and for each couple i, j, i < j, of clients any subsequence of Sj; obtained
from S by deleting all clients except i and j, whose relative positions remain as in
the original sequence S, with the length oj + Bij has exactly o;j client i allocations
and exactly B;j client j allocations. O

The peer-to-peer fair sequencing problem remains open. We make however a
number of observations. First, it is tempting to conjecture that for any instance of
the peer-to-peer fair sequencing problem there always exists solution that minimizes
bottleneck deviation. An instance with three clients a, b and ¢ and their tickets 3,
5, and 15, respectively, makes a simple counterexample to this conjecture. Observe,
however, that the following sequence for these three clients
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(cbcaccheccabcececbhecachec)™

is peer-to-peer fair and it has bottleneck deviation B = %g less than 1, which follows

from Theorem 2.6 as the sequence is Webster’s. The minimum bottleneck deviation
for this instance is B* = %g‘ Thus, the peer-to-peer fair sequence with bottleneck not
exceeding 1 is possible after all for this instance though its bottleneck is not optimal.

Though this last observation may hold true for many instances, it does not
hold generally if we insists on the sequences which are not only peer-to-peer fair
but also remain consistent with the standard two-client (state) solution. Then, by
Theorem 2.15, the Webster’s method is the unique apportionment method that is
pairwise consistent with the standard two-client (state) solution. This standard so-
lution ensures possibly the fairest treatment of any two clients, see Chaps. 2 and 5.
Therefore, the Webster’s method ensures not only that for each couple i, j, i < j,
of clients any subsequence of S;; obtained from S by deleting all clients except i
and j, whose relative positions remain as in the original sequence S, with the length
oij + Bij has exactly o client i allocations and exactly Bij client j allocations but
also that these allocation will be made as fair as possible in the Sj;. The uniformity
of other parametric methods would ensure peer-to-peer fairness as well however
these methods would not ensure the standard two-client solution. However, by the
Impossibility Theorem 2.4, the Webster’s method does not satisfy quota and thus
may result in the bottleneck deviation higher that 1. Recall from Theorem 5.8 that
there always is a sequence with bottleneck deviation less than 1.

Finally, Balinski and Young [2] point out that there is no uniform and anonymous
apportionment method that satisfies quota. Consequently, the solutions to the peer-
to-peer fair sequencing will most likely have their bottleneck deviations higher than
1 for some instances. This is the case for the anonymous methods which ignore the
names or other than the number of tickets characteristics of clients.

10.7 Exercises

Exercise 10.5. Show that the expected absolute error under lottery scheduling is

O(VKk).
Exercise 10.6. Prove that (10.27) holds.

Exercise 10.7. Develop the quota-Jefferson’s stride scheduling and fair queueing
algorithms.

Exercise 10.8. Develop the quota-Adams’s stride scheduling and fair queueing
algorithms.

Exercise 10.9. Develop the quota-Webster’s stride scheduling and fair queueing
algorithms.

Exercise 10.10. Develop an algorithm that produces a peer-to-peer fair sequence
with minimum bottleneck.
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Exercise 10.11. What are the RFB and AFB for the Jefferson’s method?

Exercise 10.12. What are the RFB and AFB for the Adam’s method?

Exercise 10.13. What is the RFB and AFB for the Webster’s method?

10.8 Comments and References

The observation that the stride scheduling is the Jefferson’s was made in Kubiak
[107]. The stride scheduling has been used for scheduling resource allocations in the
Linux kernel, Waldspurger and Weihl [13], in network routers by the Click modular
router, Kohler et al. [139], and in storage appliances by the NeST software-only
storage appliance, Bent et al. [140].

For the tragedy of the commons see the classic paper by Hardin [141].

The fairness measures used in fair queueing are discussed in Zhou and Seth [135]
who provide more references on the topic.

The idea of fair, meaning proportional, resource allocation is widely used in
many areas of information technology. It can be found for instance in network of
workstations (NOW) which is defined as a loose collection of workstations phys-
ically scattered across users’ desk by Theimer et al. [142]. The current advances
in local networks, especially in low-latency, high-bandwidth switches enabled net-
works of workstations to resemble more closely massively parallel processors. By
connecting many workstations one can build incrementally scalable, cost-effective
and highly available cluster that can act as a shared server. An application can use
resources of the whole cluster such as: processors, memory and disks that may not
otherwise be utilized. It is desirable that each user of NOW receives a fair share
of the available resources, see Arpaci-Dusseau and Culler [143]. Another example
where the idea of proportional resource allocation is used is metacomputing or grid
environment of independent geographically dispersed sites connected by wide-area
networks, in which parallel applications can be run, see Nabrzyski et al. [144] on
the grid resource management. Metacomputing enables the user to effectively ben-
efit from all resources it has access to. The basic motivation for metacomputing is
resource trading, see Cirne and Marzullo [145]. Cirne and Marzullo [145] propose
proportional resource scheduling algorithm for scheduling applications running on
geographically dispersed clusters that form a metacomputer called Computational
Co-op.

Proportional resource allocation is required also in operating systems. Especially,
the multithread systems allot a resource to threads according to their relative im-
portance. Many systems solve this problem using priority-based schedulers. Such
schedulers ignore the lower priority threads as long as there exists a higher priority
thread which can be run. This situation can lead to a starvation of the lower prior-
ity thread. Some priority-based schedulers solve this problem by the reduction of
priorities to allow all threads to be executed. However, in this case the problem
of reducing the priorities of threads in a predictable way needs to be addressed.
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A stride scheduling algorithm of Waldspurger and Weihl [13] was proposed to solve
this problem. This algorithm provides a way to control the relative execution rates
of threads. This control over relative computation rates is required to achieve the
service rate objectives for the user and the application.

Jozefowska et al. [146] observe that algorithms for a proportional resource allo-
cation proposed in Arpaci-Dusseau and Culler [143] for NOW environment as well
as in Cirne and Marzullo [145] for grid computing use in fact the idea of stride
scheduling of Waldspurger and Weihl [13].

Kumar and Kleinberg [147] study the so-called max—min fair vectors of allo-
cations. The vectors borrow the main idea of recursively maximizing the mini-
mum allocation from the max—min criterion, considered already in the seventies
by Megiddo [148], and are used to various combinatorial problems: bandwidth allo-
cation, scheduling, and facility location. However, finding the max—min fair vectors
is computationally intractable thus the focus is on the approximation algorithms.



Chapter 11
Smoothing and Batching

11.1 Introduction

Mixed-model production systems are widely adopted by manufacturing companies
in a broad range of industries where customers demand a variety of models of the
same product, Monden [22], Sawik [149], and Boysen et al. [150] . Automotive and
electronics industries are two well-known examples with well-established presence
of different options that create a tremendous variety of models of a single product.
At the same time the demand for a particular model is often insufficient to war-
rant dedicated production resources for the model, instead the resources have to be
shared by a whole collection of models. Thus, operating such mixed-model manu-
facturing systems efficiently is a challenging problem that has been widely studied
in the operations management literature particularly with the goal to reduce their
inherent variability.

The last few decades have witnessed a fast growing adaptation of the just-in-
time manufacturing philosophy by numerous companies, including those that oper-
ate mixed-model manufacturing systems. These companies sooner or later come to
realize that the variability reduction in its various forms is what makes their just-in-
time manufacturing systems designed for mixed-model production tick, see a recent
study of the automotive industry by Harbour [151]. The Toyota Motor Corporation
is credited with being the pioneer in variability reduction, in particular production
smoothing through level scheduling, see Monden [22]. The underlying idea, see
for instance Jones [152], is the three M concept where large variability results in
mura, that is undesirable variability in productivity and quality, and muri, that is
overburden of resources, managers, and workers. The two together create muda,
that is waste. The answer to the production smoothing problem is known as hei-
junka, see McBride [153] and Jones [152], that is leveling the load and in particular
leveling production by properly selecting and sequencing the product mix. To ex-
plain the concept let us start with an example. Suppose a demand for five models
A,B,C,Dand E are dy = 8,dg = 16,dc = 4,dp = 6 and dg = 2 respectively. Since
the ged(2,4,6,8,16) =2, then the solution for % =4, % —g % —4 % —3 & _
will be repeated twice. This solution according to the Webster’s method is
W. Kubiak, Proportional Optimization and Fairness, International Series in Operations 251
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BADBCBABDEBABCBDAB.

Suppose moreover that the system capacity allows to release at most five orders
(Kanbans in a typical just-in-time system) every 20 min, then the sequence can be
split as follows:

BADBC | BABD | EBABC | BDAB

and the heijunka box, see Jones [152], filled in as follows
Model\time 7:00 7:20 7:40 8:00 8:20 8:40 9:00 9:20

Model A A A A A A A A A
Model B BB BB BB BB BB BB BB BB

Model C C C C C
Model D D D D D D D
Model E E E

Thus starting at 7:00 the orders are withdrawn from the Heijunka box every
20 min following the time line in the first row and released for production.

Hence, in the first 20 min a copy of model A, two copies of model B, one copy of
model C, and one copy of model D will be produced by the system. It is worth
observing that by Theorem 9.9 there always exists a sequence such that the numbers
of copies of each model in each 20 min time column interval differ by at most 4,
actually they differ by at most 3 if the number of orders released in each interval are
equal, see Exercise 11.9.

The production smoothing problem has been studied mainly for synchronized
assembly lines where each model takes exactly one unit of processing time and
setup times are being assumed negligible, see Chaps. 3 and 9. Under these assump-
tions any permutation of models gives a feasible sequence as long as the sequence
meets demands for models, and the problem reduces to uniformly dispersing the
models over the sequence, see Monden [22] and Miltenburg [21]. However, many
manufacturing systems with processing and setup times significantly varying among
the models are far from being synchronized assembly lines. Lummus [154] investi-
gates the operation of manufacturing systems with high model variability under the
just-in-time manufacturing principles. Her limited simulation study of a nine-station
production system where different models have different setup and processing time
requirements shows that the smooth production schedule obtained by the methods
primarily designed for synchronized assembly lines is as good as a random sched-
ule. This result has underpinned and motivated a number of subsequent studies of
mixed-model manufacturing systems with different models having different setup
and processing time requirements.

Nevertheless the concept of Heijunka can still be successfully used with variable
setup times as follows. Suppose that the weekly demand calls for producing da =
1,000 units of model A, dg = 600 units of model B, and dc = 400 units of model C.
Suppose moreover that each unit of each model takes 1 min to produce, however, it
takes 3 min to setup production for A, 1 min for B, and 4 min for C. The Heijunka
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would find the gcd(1,000, 600, 200) = 200 and then a sequence for 5 units of A,
3units of B, and 2 units of C. The sequence could be for instance

ABCAABACBA (11.1)

which minimizes the bottleneck deviation, see Example 5.3 in Chap.5. The se-
quence requires eight setups, three for A, three for B, and two for C. Observe
that the sequence starts and ends with the A. Thus, the total setup per sequence
is 3 x3+3x 142 x4=20min. Therefore, at most 20 setups are allowed weekly
consuming the total of 400 min of the 2,400 min available. Then the smallest feasi-
ble cycle based on the sequence (11.1) is as follows

A)ZO BZOCZO (AA) 20 BZOAZOCZO BZO (A

This chapter studies the production smoothing problem arising in mixed-model
just-in-time manufacturing systems where processing and setup times significantly
vary among the models. Though this chapter’s real-life motivation comes from just-
in-time operations at a leading US automotive pressure hose manufacturer it can
apply its results to any mixed-model just-in-time manufacturing systems where the
final production stage or the bottleneck stage of the system can be reasonably mod-
eled as a single machine where different models are allowed to have different se-
tups and processing times. The solution found for this machine can then be spread
through a pull just-in-time control mechanism to the entire system or even further
to the whole supply chain.

The chapter presents two methods to solve the production smoothing problem in
mixed-model just-in-time systems. One method finds all Pareto-optimal solutions
that minimize total production rate variation (we use this term instead of total de-
viation in this chapter) of models and Work-In-Process, and maximize the system
utilization and responsiveness. These Pareto-optimal solutions are found efficiently
in O(D*) time, where D is the total demand for all models. The other relies on
the Webster’s method of apportionment for production smoothing which produces
periodic, uniform and reflective production sequences that can improve operations
management of the just-in-time systems. The method can also be used as a heuristic
for the Pareto-optimization in O(nD?) time.

The performance of the algorithms is tested through an extensive computational
study. The study shows that the proposed algorithms are computationally efficient
and they produce solutions with provable characteristics desirable for operations
management. The results also show that both methods are effective in minimizing
the total variation in production rates of different models and the WIP; and maximiz-
ing system utilization and responsiveness. More specifically, they result in solutions
with low WIP levels, and high machine utilization and system responsiveness, en-
abling them to be used as efficient and effective tools of operations management in
just-in-time manufacturing systems.

The remainder of this chapter is organized as follows. In Sect.11.2 the real-
life operation will be briefly described. In Sect. 11.3, we formulate the problem.
Section 11.4 proposes a procedure to find all Pareto-optimal solutions to the
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problem. Section 11.5 presents the axiomatic approach to the total production
rate variation and proves its main properties. Section 11.6 discusses the axiomatic
approach in the context of optimization. Section 11.7 presents the design and the
results of our computational experiment.

11.2 A Real-Life System

This chapter’s real-life motivation comes from the just-in-time operations at the
leading US automotive pressure hose manufacturer first studied by Yavuz et al.
[155]. The manufacturer produces various types of pressure hoses for the automo-
tive industry. The hoses pass through a six-stage process demonstrated in Fig. 11.1
where the first three stages are heavier processes that use large batch-sizes, whereas
the latter three stages are more model-specific operations that use smaller batch-
sizes. The latter stages are separated from the former ones by a buffer with partially
processed hoses. This operation is far from being a synchronized assembly ling,
therefore, under the just-in-time philosophy it requires a new production smoothing
method. Yavuz et al. [155] propose focusing on the assembly stage, the last stage of
the process. This stage can be modeled as a single-machine batching and scheduling
problem. The solution to this problem can then be spread through a pull just-in-time
control mechanism to the two preceding stages. The focus of this approach is on
the bottleneck of the system, that is the assembly stage, thus its other stages can be
scheduled with relative ease.

The chapter proposes a new model and a new solution to the problem. First, the
existing line of research adopts a two-phase solution methodology that first deter-
mines the batch sizes (the first phase) and then sequences those batches (the second

Rubber raw
Ooven |« Continouous| Rubber | material
Curing Hose Mfg. Mixer
Reeled
Hose
Inventory
Finished hoses
Cut »| Mold& »| Assembly ———
Vulcanize
| Initialization || For each batch of theoven! | Initialization !
| e Bringred to the | 1® Put theright pinson the || o Setup the fixture for a I
| cutting station | rack for thehoseson cart | | particular hose type
| e Setup cutting machine | , ®Placerack in the 11 For each item in the batch |
for a particular hose type vulcanizing oven e Place hose on the fixture |
| For each item in the batch ' | e Remove vulcanized hoses e Trim ends |
| e Cut hoses to desired | from the pins I'l' o Print labels on the hose
|

'l o Replace hose |

Fig. 11.1 Process flow at the automotive pressure hose manufacturing plant
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phase). Since it solves the two phases sequentially and separately, the existing ap-
proach possibly yields a sub-optimal solution for the entire system. In contrast, this
chapter attacks the problem as a whole. Both the model and the solution approach
developed here broadly apply to any mixed-model just-in-time manufacturing sys-
tem where the final production stage or the bottleneck stage of the system can prac-
tically reduce the entire system to a single machine. This reduction approach is
commonly used in practice and theory of planning and scheduling of manufacturing
and service systems, see Pinedo [156].

Second, it argues that the choice of objective function responsible for smooth-
ing out production of models will always remain somewhat arbitrary since there
does not seem to ever exist any criterion to choose one over another production
smoothing objective function. More specifically, the model proposed in this chap-
ter is based on four criteria: the minimization of the total production rate variation
of the models and Work-In-Process, and the maximization of the system utilization
and responsiveness. Among different ways of handling multi-objective optimiza-
tion problems, see T’kindt and Billaut [157], we adopt Pareto-optimization. This
optimization advocates keeping all the objectives at hand without any priorities or
weights and seeking a set of optimal solutions instead of only one optimal solution
being sought by the other approaches. The set of optimal solutions in this approach
is called the set of non-dominated or Pareto-optimal solutions. A Pareto-optimal
solution by definition can not be improved on any of its objective function values
without worsening some other of these values. Our optimization approach in this
chapter seeks to find Pareto-optimal solutions.

Third, in addition to the optimization approach for the minimization of the total
production rate variation, we also propose an approach inspired by an axiomatic
method used in solving the apportionment problem, see Chap. 2. The axiomatic ap-
proach looks for an algorithm that possesses certain desirable properties (or ax-
ioms), for instance periodicity and scalability, or proves that such an algorithm does
not exist. Both the optimization method, the workhorse of the operations research
approach, and the axiomatic method, novel yet practically absent from the solutions
of problems in operations management are equally valid and practically useful for
production smoothing. Thus, both will be exploited in this chapter. The axiomatic
method used in this chapter is based on the Webster’s method of apportionment.
We show its desirable properties and its relationship to the optimization problem for
which it can also be used as a very efficient heuristic.

11.3 Problem Definition

11.3.1 Preliminaries

Let n be the number of models to produce, and i = 1,2,...,n be the models them-
selves. The demand for model i equals d; > 0 and the sequence-independent setup
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and processing times for the model equal s; > 0 and 7; > 0, respectively. The plan-
ning horizon is T > 0 time units long. All data are integers. Finally, let D = ¥' , d;
be the total demand for all models over T.

In order to smooth out the natural variability present in the values of setup and
processing times our approach first calls for dividing the time horizon T into Q
time-buckets of equal length t = | and then filling in some of these time-buckets,
possibly all, with models so that each non-empty time-bucket begins with a setup
and it is filled in with copies of the same model. The non-empty time-buckets will be
referred to as batches. The empty time-buckets will be referred to as empty batches
or blanks. The number of blanks is denoted by g > 0. Clearly, t must be sufficiently
long to be able to fit a setup and at least a single copy of a model. Therefore, without
loss of any generality, we assumet > sj+1; forany i=1,2,...,n. Consequently, t is
feasible if and only if there exist positive integers, the numbers of batches for each
model,

gi = i d=1,...n, (11.2)
]
such that
n
qgo=Q—>qi>0. (11.3)
i=1

The inequality (11.3) ensures that the total number of batches is sufficiently small
so that it does not exceed the capacity of the system defined by T. At the same time,
the integers (11.2) ensure that the number of batches of each model is sufficiently
large so that the demand for each model is met exactly. To see this we observe that
there always is an r;j such that

diJ .
di = i+ri,i=1,...,n,
i {qi qi +Ti

where 0 < rj < q;. Therefore, filling in r; batches with B; = [3:1 copies of model i
each, and the remaining g; — r; batches with b; = L;’:J copies of model i each results
in a total of exactly
Biri + bi(di — ri) = di
copies of model i produced. Notice that the average number of model i copies per
batch is thus d
[

Yi:qi7

fori=0,...,n. We assume do = 0 for a fictitious model 0 making up blanks, and
set v, = 0. Moreover, we have

t>si+Bjt,i=1,...,n,
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which holds since by (11.2)

t—s; {t—SiJ d;
> > .
Ti Ti i

Thus, t is sufficiently long to accommodate the B; (or b; < B;) copies of model
i,i=1,...,n. Finally, we observe that t > s; 4+ 7; in (11.2) implies g; < d; for all
i=1,...,n. Hence, no excess of i will be ever produced. To summarize, the feasible
integer Q (or equivalently t = 5) are those and only those that satisfy the following
two inequalities
n di
Q-> 1|, >0, (11.4)
i=1 {QSiJ

T

T

>Q. 11.5

maxi{si+ i} — Q (11.5)

The solution to the set of inequalities will be found by an enumeration method

shown in Algorithm 1. To our knowledge no other method for solving the nonlinear

inequality (11.4) exists, and finding a more efficient method for its solution remains
a challenging open problem.

Example 11.1. Consider an example with n =2 models and with the following data:
d;=50,d,=80,51=4,5,=2, 71 =1, » =3and T =450. For Q = 15, we obtain
tZ450/15=30,Q1=2,Q2=9, b1281=25, b2=8, B, =9, r1:0,and rp, =28.
Thus, the demand for model 1 is met by two batches of 25 units each, and for model
2 by one batch of 8 units and eight batches of 9 units each. There are qg = 4 blank
batches that make 120 units of time available. The Q = 15 batches can be sequenced
in 4o = 75,075 different ways, two of which are demonstrated in Fig. 11.3a, b
along with two sequences for Q = 10 depicted in Fig. 11.3c,d. O

Any feasible t = [ thus defines a vector q = (qo,qu.,...,qn) Specifying feasible
number of batches for each model and the number of blanks. However, the sequence
in which the Q batches are produced is crucial for smoothing out model production
in just-in-time systems, Monden [22]. The selection of Q (or, equivalently t) and
sequencing of the emerging batches will be Pareto-optimized using the following
four objective functions.

11.3.2 Selection of the Objectives

e The first objective, Z;, aims at minimizing the total variation in the production
rates of the models. This production rate variation is often expressed by a total
deviation of the actual cumulative model production levels from their ideal levels
over the whole time horizon T. The total deviation has been widely used as the
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Fig. 11.3 Four alternative solutions in Example 11.1

primary objective in the production smoothing literature following Miltenburg
[21] and Monden’s [22] work, and it is illustrated in Fig.11.2. Its application
in just-in-time manufacturing systems relies on the assumption that demand for
models is uniformly distributed over the planning horizon, and, hence, the goal
of meeting the model demand with minimal inventories (or just-in-time) calls
for distributing the production of each model as uniformly as possible over the
planning horizon as well. Ideally, one would produce a model with a constant
rate, thereby making the cumulative production of the model to progress along
a straight cumulative demand line with its slope equal to the demand rate of the
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model, as seen in Fig. 11.2. The actual cumulative production level for the model,
on the other hand, would progress along a stair-case like curve that includes the
discrete values marked with a “e” but excludes the ones with a “o” in the figure.
The actual production levels depend on the sequence in which batches of dif-
ferent models are produced as well as on their sizes. However, the batch sizes,
that is b; and Bj, of model i differ by at most one in our model, therefore it is a
reasonable approximation to assume that all batches of the same model are of the
same average size, y; for i = 1,...,n. This assumption permits us to define the
actual cumulative production level of model i as simply y;x; x, where the actual
cumulative number of model i batches in the first k time buckets is denoted by
Xik and it is sequence dependent. On the other hand the ideal number, perhaps
unattainable, of time buckets allocated to model i out of the first k time buckets is
the qi fraction of k see Fig. 11.2. Therefore, the ideal production level for model

iis deflned as %ig %ik. Consequently, the total squared deviation between the two

production Ievels for model i over the Q time buckets equals zk 1 yz (Xik— kq' )2
and the total deviation for all models equals

over the time horizon T. We choose the total squared deviation in this chap-
ter since it is a standard measure of deviation in the well-known least squares
method; it has also been suggested as a measure of deviation by Miltenburg [21]
and Moden [22].

e The second objective, Z, aims at minimizing the total time lost. The variability
in setup and processing times results in time-buckets being filled in to various de-
gree. This varying degree of the time-bucket fill-up is the cost paid for achieving
a smoother production schedule. Therefore, there will be unavoidably some time
lost in each batch. Moreover, the setup time itself is in fact time lost. However,
meeting all demand does not necessarily mean filling in the whole time horizon
T with batches. It would be unreasonable to advocate that being busy all the
time is preferable to having time to spare sometime, see Bertrand Russell [158]
on general advantages of idleness, which holds especially true for the just-in-
time systems, Monden [22]. A just-in-time system does not need to be run at all
times, on the contrary, due to its pull control mechanism the system can remain
idle awaiting the best moment to produce in order to meet demand. The model
i uses dj7; time units productively out of gt time in all batches with model i.
Therefore, the total time lost is

i (tdi —diTi) :tiQi—idiTi
) _ ¥4
Q (Q—10o) ZdITI ( Q>_i§idm
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which is minimized by maximizing the ratio

_Go
Q

The qo blanks are not considered the time lost as they can potentially be used
productively, if need be, for instance they can be filled in with any model i =
1,...,n should there be an increase in demand for the model.

e The third objective, Z3, aims at improving the system responsiveness by min-
imizing the average time between blanks. The average time referred to as the
average response time equals

Z;

Q QT T
t: =
o GoQ do
which is minimized by maximizing
Z3 =(qp.

The blanks can be used to perform maintenance or other tasks aimed at improving
the system performance, or they can be filled in with some unexpected orders, or
they can provide spare capacity should quality problems occur in batches. In few
words, the blanks provide a desired flexibility.
e The fourth objective, Z4, is to minimize the Work-In-Process (WIP) inventory
and it is based on the Little’s Law (see Hopp and Spearman [159, p. 223]) that
n

ties up the flow time t, the average flow rate 3 yi%‘ per t and the WIP as follows
i=1

WIP:t(iy%i)/t:g.
i=1

Thus, the minimization of WIP is equivalent to the maximization of
Z,=Q.

In Fig. 11.3 the sequences (a) and (c) group the batches of the same model to-
gether, whereas the sequences (b) and (d) disperse the batches over the planning
horizon in a more uniform fashion. The objective Z; favors sequences (b) and (d)
over (a) and (c). The Z, favors (a) and (b) with the value 4/15 over (c) and (d) with
the value 2/10. Finally, the Z3 and Z4, favor (a) and (b) with the values 4 and 15 of
Z3 and Z4 respectively over (c) and (d) with the values 2 and 10. Thus, sequence (b)
in this example is optimal according to all four objectives.

11.3.3 A Mathematical Programming Formulation

We now formulate the batching and smoothing problem as a multi-objective, non-
linear mathematical programming model, as follows.
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(11.6)

(11.7)

(11.8)
(11.9)

(11.10)
(11.11)
(11.12)

(11.13)

(11.14)

(11.15)

(11.16)

(11.17)

Constraints (11.10-11.12) guarantee that each model is assigned as many time-
buckets as the number q; of batches for that model as well as they define a unique
sequence of batches that minimizes Z; for any feasible vector ¢ = (9o, q1,...,qn).
Constraints (11.13-11.17) guarantee feasibility of the vector g = (qo, 41, ..,0n).

11.4 Pareto Optimization

Our solution to the model of Sect. 11.3.3 is presented in Algorithm 1. Step 1 finds
the largest possible Q value, Qu, for which a feasible solution may still exist. This
value is determined by the constraint (11.16). Then, steps 2—4 simply enumerate all
possible Q, Q =n,...,Qu. Step 3 calculates for each such Q the minimum number
of batches gj necessary to meet demand d; for each model i. Then, Step 4 checks if
the current Q is sufficiently large to accommaodate the g;s.
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Algorithm 1 Pseudo-code for Algorithm E

LQu= {maxiéi+fi)J ;
2: for all Q such thatn < Q < Qu do
3 t=7;

Q!

4 gi = “dﬂ i=1,...n

n
5 if go=Q— Y g >0then
i—1
6 sequence batches using the algorithm for total deviation minimization given in Chap. 3
7:  endif
8: end for

The first four steps thus find all feasible Q values and their corresponding feasi-
ble vectors g = (g, a1, ---,0n) and they do it in O(nD) time. Observe that the first
four steps reveal all possible values of Z, , Z3, and Z4, as well. For each feasible
q = (9o, 0,---,0n), Step 5 finds a sequence that minimizes Z;, by transforming the
minimization of Z; for a given q = (0o, ds1,...,qn) to the assignment problem, see
Chap. 3 for the solution to the total deviation problem. The transformation defines
an ideal position, see (3.11), for each batch of each model and a cost function which
increases as a batch deviates from its ideal position. The details of this transforma-
tion are as follows. Define P}* to be the ideal position of jth batch of model i

Pl — {(ij—qil)Q-‘ . (11.18)

Define Ci-7k to be the cost of assigning jth batch of model i to the kth position as
follows

7Y Wi, if k< Py
1=k ’

= 0, ifk=Pl

k=1 . :
4 T W) if k> Py
I=Pi*
]

2 2
[ - G : Qi
where ‘I‘j$|:|(j—|Q> —(j—l—|Q> .

The cost ‘I’ij | represents the excess cost, either excess inventory (I < P}*) or excess

shortage (I > P}*) costs of having j batches of model i produced by period (position)
I instead of having j— 1 batches of i by I. Consequently, if the jth batch of model i is

produced too early, that is k < PJ!*, then the excess inventory costs ‘Pij, are incurred
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in periods | =k, ..., Pi* — 1, adding up to Cj,.. On the other hand if the jth batch of i
is produced too late, that is k > PJ!*, then the excess shortage costs ‘I"“ are incurred
in periods | = P'* .,k —1, again adding up to C . Finally, if the jth batch of i is
produced in its |deaI position P'* then no excess costs are incurred and thus CJk =0.

Now, let YJ' € {0,1} be the decision variable equal 1 if the jth batch of model i
is assigned to the kth position of the sequence. The assignment problem formulation
of the Z; minimization is then given by, see Chap. 3:

n g6 Q
(AP) Minimize ~ F =73 3 ¥ Cj,Y, (11.19)
i=0j=1k=1
subjectto
ZYlk_l i=0,1,...,n; j=1,2...,q (11.20)
n Q| .
D XYk=1 k=12,..Q (11.21)
i=0j=1
Yl € {0,1} (11.22)

Constraints (11.20) ensure that each batch of each model is assigned to exactly
one position. Similarly, constraints (11.21) ensure that each position is occupied
by exactly one batch or blank. Note that y, = 0, thus the selection of positions for
blanks does not affect the objective function. This assignment problem (AP) with 2Q
nodes can be solved in O(Q?) time using the well-known Hungarian method or any
other optimization algorithm for the assignment problem, Kuhn et al. [160,161], see
also Burkard et al. [25] for a comprehensive review of assignment algorithms. We
shall refer to the Algorithm E with the optimal solution to the assignment problem
in Step 5 as the optimization method. Therefore, all Pareto-optimal solutions can be
found in O(D(n + Q%)) = O(DQ?) time, since Q* >> n. Moreover, since Q < D,
the complexity is O(D*).

11.5 Axiomatic Approach

This section presents an axiomatic approach to the product rate variation. We give
an algorithm that always produces sequences having certain desirable properties
(axioms). Furthermore, we conjecture that there is no other algorithm that ensures
meeting these properties all at the same time. Thus, we conjecture that the algorithm
is in fact unique. We begin with the definition of the properties followed by the
definition of the method and the proofs of its properties.

We propose that the sequence (or sequences, given that the ties can be broken in
many different ways) should be
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1. Periodic. A method is periodic if it produces a sequence S™ whenever applied
to a batch vector mq = (mqp,mqg,...,mqy), for any integer m > 1, where S is
the sequence produced by the method for g = (qo,qs1, - . .,0n). Thus, solution to a
smaller size instance can be repeated sufficiently many times to obtain a solution
for a larger instance — clearly a desirable property in practice and also one that
is closely related to the well-known concept of the periodic scheduling of the
minimum part set, see Pinedo [156], often used in manufacturing.

2. Uniform or scalable. Let M C {0,1,...,n} be a subset of models and M be its

complement. Also, for a given q = (qo,qa,---,0n) vector, let q(M) be the vector
obtained from g by deleting coordinates corresponding to the models in M, let
S be the sequence produced by a method for g, and let S(M) be the sequence
obtained by deleting from S all models in M.
A method is uniform if it produces the sequence S(M) for q(M). Moreover, if
S/(M) is another sequence produced by the method for q(M), then the sequence
S’ obtained from S by replacing the sequence of models in M by S'(M) is also
produced by the method for vector q. Therefore, a cancellation of all orders for
any model in a uniform sequence leaves the remaining sequence uniform, thus
there is no need to re-run the method on a reduced vector q(M) — again a clear
practical advantage for operations management.

3. Reflective. The method is reflective if it produces quasi-palindromes. This has an
important practical consequence for production planning since it ensures that the
second half of any production plan designed according to the reflective method
looks like its first half if read backwards. The reflective methods may create a
desirable déja vu effect helping the learning process.

Example 11.2. Consider the following instance q; = 7,92 = 5, g3 = 4. The reflective
method could produce the following sequence

1231213123121321

which is the same whether one reads it forwards or backwards except for the middle
subsequence 1-2. The middle sub-sequences consist of exactly one batch of each
model with an odd number of batches to produce, they can be sequenced essentially
in any order which depends on a tie breaking rule. O

We now present the method itself. The method that we claim is periodic, uniform
and reflective consists in sorting batches of models in non-decreasing order of

2j-1)Q

) 11.23
2q; ( )

j=1,...,qiand i =0,1,...,n, for a given vector q = (qp,q1,-...,0n) and then
allocating batches to the Q positions according to this order. We refer to this al-
gorithm as the Earliest Ideal Position Method or EIP Method (Algorithm 2). We
later prove in Sect. 11.6 that this algorithm is equivalent to the Webster’s method of
apportionment.
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Algorithm 2 EIP Method

1 k=1;

2. ji=11i=0,1,....,n;

3: whilek < Q do

4 i* = argmin;{ (Zjizgil)Q b

5. ifi* is not unique then

6: break the tie as follows: If the current position k is (not) earlier than the common ideal
vertex, then assign the model with the smallest (largest) assignment weight g: first;

7:  endif

8: end while

Step 3 describes a tie breaking rule used by the EIP method in our computational
experiments. However, no particular tie-breaking rule will be assumed in our dis-
cussion of the EIP in this section and Sect. 11.6, where the ties are assumed to be
broken arbitrarily.

The following lemmas show, see also Sect. 2.8, that the EIP method has all three
desired properties listed at the beginning of this section.

Lemma 11.3. The EIP is periodic.

Proof. Follows immediately from the fact that
(2j'-1)Q (2j-1)Q
=kQ+
20 < 20
forQ'=mQ, gi=maq;, j =kgi+jand j=1,....q;. O
Lemma 11.4. The EIP is uniform.

Proof. It suffices to notice that the EIP orders the batches in ascending order of
(2j-1)Q
2q;
j=1,...,giandi=0,1,... n, where Q is fixed for a given vector q. Thus, the EIP
in fact orders the batches in ascending order of
2j—1
20i

This proves the lemma since the coordinates of q are the same as ¢(M) for all models
inM. O

Lemma 11.5. The EIP produces sequences of the following form SMSR, where M is
any permutation of batches of the models with odd gs, and SR is a mirror reflection
of S.
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Proof. It suffices to observe that if 21 < 2L then 2ait1-)-1 <qk+1 -1
Therefore, if copy j of model i preceges copy ‘| of model K, ‘then copy Ok + 1 —I
of model k precedes copy gi+1— j of model i. Notice that all models with odd
g’s have their ideal position for the middle batch equal to CZ? These models will
make the middle subsequence M, where a single batch of each of these models will
occur. O

Lemmas 11.3-11.5 prove that the EIP method has the qualities listed at the begin-
ning of this section, thus, proving the EIP method’s clear advantages for operations
management. By comparison, the optimization method has only some of the three
desired properties. Namely, Chap. 4 shows that periodic schedules are optimal for
a generalized objective function > ¥; Fi(-), where Fi(+) is a convex and symmetric
function with F(0) = 0. The objective function Z; falls clearly into this category.
Thus, periodic sequences are optimal for Z;. However, the following lemma shows
that the optimization method is not uniform in general, see also Exercise 11.12.

Lemma 11.6. The optimization method is not uniform.

Proof. Consider vector q = (7,6,4,3,1) for an instance d = (7,6,4,3,1). The fol-
lowing sequence
12312413215231421321 (11.24)

is optimal for g and d with the value of total absolute deviation equal to 9.55. On
the other hand, the sequence
2324325234232

obtained by deleting model 1 from (11.24) is not optimal for ¢’ = (6,4,3,1) and
d’ = (6,4,3,1) since its total absolute deviation equals 4.923, whereas the optimal
solution for g’ and d’ is

2342325232432

with the total absolute deviation of 4.615units. O

Finally, it remains open whether the optimization method is reflective. However,
we can prove the following weaker property.

Lemma 11.7. If solution S minimizes Z1, then so does its mirror reflection SR.

Proof. By definition
Soi1 k=SRfork=1,...,Q.

Thus, denoting the number of batches sequenced in the first k stages of S and SR by
Xix and ik, respectively; we have

Vik =0i—Xig-k foralliandk =1,...,Q,

where Xjg =yio =0 forall i. Let kK = Q+1—k, k=1,...,Q be the one-to-one
correspondence between k’ and k. Then,
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(&) (e =+8) = (5) (1o s-0ru)
- (g:>2 (qi ~XiQ @1k — it (k- 1)3)2
(&) (et

2
Since (g) (xiq — Q)2 =0 forall i, then

BEE) (0-9) - 25G) (w3

which proves the lemma. 0O

11.6 EIP Method and Optimization

This section will have a closer look at the EIP method as an optimization tool. We
begin with the following lemma.

Lemma 11.8. The EIP method minimizes the following objective

Eo(X) = i i ; (Xi,k—kg>2,

k=1i=0

where we assume , = 0 for go = 0.

Proof. The EIP method orders the batches in ascending order of
(2j-1)Q
2q;
j=1,...,giandi=0,1,...,n, and then assigns the positions in the sequence ac-
cording to this order. Equivalently, the model ¢ gets positionk+1,k=0,...,Q—1if

Q@ o G
Xg7k-‘r% B Xi,k"‘%

for all i, where x;x is the number of batches of model i in the first k positions.
This shows that the EIP method is the Webster’s method of apportionment, Balinski
and Young [2]. Let us consider a fixed position k = 1,...,Q, then the vector
(XLks- -+ Xn k) Minimizes
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51 gi\?
i _k 9
Z(‘)Qi (X"k Q)

see Balinski and Shahidi [16]. Moreover, the EIP method ensures that X; k11 > X k
foralli=0,1,....,nandk =0,...,Q — 1. Therefore, the EIP method minimizes

O

The original objective Z; and Eg are clearly different, the former uses the squared
average model i batch size (g: )2 as the weight for model i deviations, the latter uses

just 1| instead (There will be no difference from the optimization stand point if

it used ¢ q where d = P and q = n+1’ instead of ! since d is constant for any
instance and q is constant for any vector g. Consequently if the standard deviations
of demands dj,...,d, and batch numbers qy,...,qn are negligible, then Z; and Eg
could become practically equal.)

The EIP method, being the Webster’s method of apportionment, as shown in
Lemma 11.8 is near quota, Balinski and Young [2], that is at any position k no
model i can be brought closer to its ideal level kg without bringing another model

j further from its ideal level kJ. On the other hand, the assignment method used in
Step 5 of Algorithm E shows how to do the exchanges between the models optimally
S0 as to minimize the total deviation. This explains why the EIP method often pro-
duces production sequences with the total deviation higher than the optimum in our
experiments. The optimization method, however, causes the production sequences
to lose some of their desirable characteristics as we have shown in Lemma 11.6.

Although the EIP is near the quota it does not actually meet the quota, that is it
does not satisfy [kq'J <Xik < [kqﬂ for all k and i. Interestingly, the optimization
method does not satlsfy these mequalltles either. However, the quota violations by
either the optimization or EIP methods are rare. Thus both methods will meet the
quota in practice quite often, see the experimental evidence in Balinski and Young
[2], Kubiak et al. [39], Corominas and Moreno [38], and Lebacque et al. [40]

11.7 Computational Experiment

11.7.1 Experimental Design

We consider small, medium and large-size instances with n =5, 10, and 15 models,
respectively, in our computational experiment. The small-size instances are weekly
(T = 2,250 min) with total demand of D = 1,000 units. The medium-size instances
are monthly (T = 9,900 min) with total demand of D = 3,000 units; and the large-
size instances are quarterly (T = 39,150 min) with total demand of D = 5,000 units.
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For each problem size, we randomly create test instances based on two para-
meters: o and B. The « is the expected setup to processing time ratio (0.9 x o <
jjl <lilxa, i=1,2,....,n)and B is the ratio of total available time T to min-
imum required time for setups and processing of the models to meet the demands
(B=T/(Zsi+dit)). We let o € {50,10,5} and 8 € {2,1.75,1.5}, which re-
sults in nine problem sets for each problem size. We then create ten test instances
for each set. Therefore, we have 90 test instances for each problem size. The in-
stance generator ensures that a feasible solution exists for every test instance. Our
computational experiment relies on synthetic data generated over a wide spectrum.
This allows us for broader representation of possible scenarios observed in practice
and more thorough performance tests of the algorithms.

11.7.2 Methods

We experiment with the Algorithm E that produces the list of Pareto-optimal solu-
tions. The Hungarian method and the EIP method are used in Step 5 of Algorithm E
to solve the resulting assignment problem. All the methods and the random instance
generator are coded in Microsoft Visual C#. NET language and run on a PC with an
Intel Pentium 4 3.4 GHz CPU and 2 GB of memory.

11.7.3 Results

We summarize the average and maximum run times taken by both methods in
Table 11.1. The table shows that the optimization method takes approximately
23 min on average and it can take up to 3h and 40min to solve large-sized in-
stances. This time, however, is just below 0.6% of the duration of the time horizon
T for which it finds an optimum batching and scheduling solution. The EIP method
takes approximately 21s in the worst case. Thus the EIP method runs much faster
than the optimization method. The table also shows the average cardinality of the
set of Pareto-optimal (P-opt) solutions for each of the two methods.

Table 11.1 Solution times and the numbers of Pareto-optimal solutions

n  Method Solution time (s) Avg. # of  Average relative (%)

Avg. Max. P-optsol. Overall Void Extra

5 Opt 2.280 22.422 21.0
EIP 0.019 0.094 18.7 928 119 55

10 Op 147.224  1,380.560 65.8
EIP 0.378 1.797 53.6 86.7 150 20

15 Opt 1,360.348 13,158.300 112.2
EIP 2.240 20.750 98.9 92.0 10.1 2.3
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The summary of differences between the sets of Pareto-optimal solutions found
by the optimization method and the EIP method are given in the last three columns
of Table 11.1. The first column is the average percentage of the number of Pareto-
optimal solutions found by the EIP method to that of the optimization method. This
percentage is around 90 for all problem sizes. The second column is the average per-
centage of Pareto-optimal solutions found by the optimization method but missed
by the EIP method. We call these solutions void solutions and report the percentage
of the void solutions in the Pareto-optimal set of solutions found by the optimization
method. The third column is the average percentage of mistaken Pareto-optimal so-
lutions. That is the solutions identified as Pareto-optimal by the EIP method but not
by the optimization method. We call these solutions extra and report the percentage
of the extra solutions in the Pareto-optimal set of solutions found by the EIP method.
The results show that the extra solutions are under 6%, and the void solutions are
under 15%.

The optimization and EIP methods differ in the way they solve the batch se-
quencing problem for a given vector ¢ = (4o, qs,--.,qn). However, the objectives
Z,, Z3, and Z4 depend solely on Q and g but not of the sequence of batches. Thus,
they are not affected by either the actual sizes of batches q,...,qn or the method
employed in batch sequencing. Since Algorithm E enumerates all possible Q and g
values neither method will miss the best possible values of Z,, Z3, and Z4. Further-
more, our analysis of the Pareto-optimal sets obtained by the two methods in the
experiment reveals that the Q value that yields the smallest possible value of Z; is
always included in the Pareto-optimal set obtained the EIP method. These observa-
tions indicate that the extreme solutions of the Pareto-optimal set are never missed
by the EIP approach. Furthermore, our experimental observations indicate that the
Pareto-optimal solutions missed by the EIP method are some intermediate solutions
whose absence do not affect the diversity of the Pareto-optimal set. Consequently,
we claim that the EIP is an excellent heuristic for Z; in addition to having very
desirable properties for operations management.

Finally, the results for the objectives Z,, Z3, and Z, are reported in Table 11.2.
The objective Z, represents the percentage of time lost, which is under 6% for both
methods in our experiment. The time lost is a major issue in operating mixed-model
manufacturing systems, a recent study of mixed-model assembly lines by Mendes

Table 11.2 Summary of average lost and response time as well as WIP

n  Method Average percentage of
Lost time Response time WIP

5  Optimization 5.99 16.49 3.96
EIP 5.93 16.77 3.96
10 Optimization 5.98 15.45 154
EIP 5.91 15.99 1.56
15 Optimization 5.76 14.98 0.93

EIP 5.72 15.20 0.92
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et al. [162] reports the average station utilization around 70%. This comparison
demonstrates that our approach is rather effective in machine utilization as well.

The Z3 objective shows the responsiveness of the system. We observe that the
average response time is approximately 15% of the planning horizon for both meth-
ods in our experiments. This result shows that an average schedule contains approx-
imately six blanks dispersed over the horizon. From a practical perspective, these
blanks introduce flexibility into operations which can be used to respond to possible
demand increases or quality problems while maintaining a smooth production.

The minimization of WIP level, i.e., Z4, is also used in our model. The results
in Table 11.2 show that both methods yield approximately the same average WIP
levels. The relative WIP is under 4%, which is rather low, furthermore it decreases
with the size of the problem.

Note that, the percentages of Table 11.2 are found using all Pareto-optimal so-
lutions, a careful selection of the Pareto-optimal solution that will be implemented
may lead to even further improvement of the performance measures in practice.

11.8 Exercises

Exercise 11.9. Show that there is Heijunka sequence with the difference of no more
that 4 for each model and time interval.

Exercise 11.10. A subsequence of at least two batches of the same model i, i =
1,...,n, is referred to as a cluster. A sequence of batches with clusters is refereed
to as a clustered sequence. Obviously, each cluster needs only a single setup for all
batches in the cluster, that is all other setups in the cluster’s batches can be removed.
Without loss of generality, let us assume that g; > g2 > --- > gn. Show that the
EIP can produce clustered sequences even if q; < (2?, this happens for the following
instance g1 = 9,9, = 5,03 = 4.

Exercise 11.11. Prove that if q; — gy < 1, then no cluster is produced by the EIP.

Exercise 11.12. Lemma 11.6 gives a counterexample to prove that the optimization
method is not uniform. The counterexample is based on the total absolute deviation.
Find a counterexample based on Z;.

Exercise 11.13. Find an example showing that the optimization method is not
reflective.

Exercise 11.14. Consider a production smoothing problem with the objective to
minimize a weighted sum of the number of setups and Z;. What is the computa-
tional complexity of the problem. Hint: This is an open problem.

n
Exercise 11.15. Show the following upper bound on Z;: Z;(x*) < ‘g'zl(g:)z for
i=

some q<Q.
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11.9 Comments and References

This chapter is based on Kubiak and Yavuz [163].

Kurashige et al. [164] address the problem of scheduling mixed-model assembly
lines under differing assembly time requirements, and propose a modification of
Toyota’s goal chasing method Monden [22], namely the time-based goal-chasing
method (TBGCM), for its solution.

Drexl and Kimms [115], and Drexl et al. [116] combine the production smooth-
ing problem with a car sequencing problem where processing times of the mod-
els are embedded into hard constraints that prevent models with lengthy operations
from being sequenced consecutively.

Aigbedo and Monden [165] allow different models to have different processing
time requirements both at the final assembly line and supplying processes, and pro-
pose a heuristic procedure to solve the emerging multi-criteria problem. McMullen
etal.’s [166] approach aims at minimizing the variability in the production sequence
and the number of setups simultaneously, see McMullen [167], and McMullen
et al. [166] for a weighted sum of the two, and McMullen [168] for a bi-criteria
model. Although the incorporation of setups in the optimization model captures
an important variability dimension of the production smoothing problem, the num-
ber of setups minimization does not reduce variability by itself. Moreover, these
approaches ignore setup times and their variability, and thus they do not consider
batching as a smoothing tool at all.

Yavuz et al. [155] study operations at a leading U.S. automotive pressure hose
manufacturer Yavuz et al. [155], and Yavuz and Tufekci [169].
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