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Abstract

Optimization is the art of finding good solutions for problems that are hard to solve. From
Logistics, the scheduling of work in a factory or the lectures of students, the packing of objects
into bins, over the design of rotor wings to the synthesis of dynamic controllers for engines — all
involve, implicitly or explicitly, optimization. In this book we explore this very wide field. We
look at it from the perspective of a programmer. We try to find define a pattern common to
most optimization problems and then we explore how algorithms can be designed on basis of this
pattern. We step-by-step investigate more and more complicated optimization approaches and
learn lessons along the way. This book follows a very practical approach. We focus less on theory
and more on learning-by-doing and trial-and-error ... which, coincidentally, is very similar to how
many of the algorithms that we will study work as well.
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Preface

After writing “ Global Optimization Algorithms — Theory and Application” [71] as PhD student a long
time ago, | now want to write a more practical guide to optimization and metaheuristics. Currently,
this book is in an early stage of development and work-in-progress, so expect many changes.

This book tries to introduce optimization in an accessible way for an audience of undergraduate
and graduate students without background in the field. It tries to provide an intuition about how
optimization algorithms work in practice, how to recognize optimization problems and the basic structure
behind them, what things to look for when solving an optimization problem, and how to get from a
simple, working, “proof-of-concept” approach to an efficient algorithm for a given problem.

We follow a “learning-by-doing” approach by trying to solve one practical optimization problem
as example theme throughout the book. All algorithms are directly implemented and applied to that
problem after we introduce them. This allows us to discuss their strengths and weaknesses based on
actual results. We learn how to compare the performance of different algorithms. We try to improve
the algorithms step-by-step, moving from very simple approaches, which do not work well, to efficient
metaheuristics.

We use concrete examples and algorithm implementations written in Python [72]. The source code
is freely as part of the moptipy package under the GNU GENERAL PUBLIC LICENSE Version 3,
29 June 2007. The code listings in the book will usually be abridged excerpts.

In order to fully understand the code examples, we recommend the reader to familiarize themselves
with Python, NumPy, and Matplotlib. Of course, if you just read this book to learn about algorithms,
you can ignore the source code examples.

This book is released under the Attribution-NonCommercial-ShareAlike 4.0 International license
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Chapter 1

Introduction

Algorithms influence a bigger and bigger part of both of our daily, private, and work life. They suggest
interesting movies for us to watch or products to purchase. They help us find efficient routes when
driving by car or match us to the next available nearby taxi. They control advertisement campaigns
and suggest product pricing policies [50]. They support us by suggesting good decisions in a variety
of fields, ranging from engineering, timetabling and scheduling, product design, to logistic planning.
They will be the most important element of the transition of our industry to smarter manufacturing
and intelligent production, where they can automate a variety of tasks, as illustrated in Figure 1.1.

Optimization and Operations Research (OR) provide us with algorithms that propose good solutions
to a very wide range of questions. These solutions achieve a predefined goal while minimizing (at
least) one resource requirement, be it costs, energy consumption, space, the time requirement, and
so on. Besides saving direct costs, the reduction of resource consumption often is also good for the
environment. Therefore, optimization can help us to become more efficient both economically and
ecologically. We can thus already list three obvious reasons why optimization will be a key technology
for the next century:

1. The automation of production can improve the work life by reducing manual work while increasing
productivity and product quality. However, any form of intelligent production or smart manu-
facturing needs automated decisions. Since these decisions should be intelligent, they can only
come from a process which involves optimization in one way or another.

2. All branches of industry, all service sectors, as well as cities and regions face both global and
@ optimized logistics (business-to-customer)

® planning and scheduling of maintenance visits
@ planning and scheduling of supply visits

@ production planning and scheduling
® optimized assignment of jobs/orders to machines
® optimization of production processes
@ optimization of stock-keeping
® optimization of intra-enterprise logistics
@ optimization of supply chains
® optimization of factory layouts and intra-factory logistics

optimization
operations research
artificial intelligence (Al)
computational intelligence
machine learning
data mining

@ scheduling of employee work
@ optimal assignment of employees to tasks or customers
® optimized locations for new branch offices

(based current or predicted future customers)

® optimization of product design
® optimization of product feature configuration
® optimization of service offers
e improved tailoring of products/services to customers
® optimization of pricing and offers
® mining of customer data for targeted offers

Figure 1.1: Examples for applications of optimization, computational intelligence, machine learning
techniques in five fields of smart manufacturing: the production itself, the delivery of the products, the
management of the production, the products and services, and the sales level.
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the 5 workshops which need to be assigned to the 5
the land with 5 locations locations and the different material flows between them

Figure 1.2: lllustrative sketch of a quadratic assignment scenario, where different buildings of a factory
need to be laid out on a plot of land.

local competition. Those who can reduce their resource consumption and costs while improving
product, production, or service quality and efficiency will have the edge. One key technology for
achieving this is better planning via optimization.

3. Our world suffers from both depleting resources and too much pollution. Optimization can “give
us more while needing less.” This often leads to more environmentally friendly processes.

But how can algorithms help us to find solutions for hard problems in a variety of different fields? How
general are these algorithms? How can they help us to make good decisions? How can they help us to
save resources?

In this book, we will try to answer all of these questions. We will explore quite a lot of different
optimization algorithms. We will look at their actual implementations and we will apply them to
example problems to see what their strengths and weaknesses are.

1.1 Examples

Let us first look at some typical use cases of optimization.

1.1.1 Example: Layout of Factories

There are both dynamic and static aspects of intelligent production, as well as all sorts of nuances in
between. The question of where to put which facility in a factory is a rather static, but quite important
aspect. Let us assume we own a company and bought a plot of land to construct a new factory. Of
course we know which products we will produce in this factory. We also know which facilities we need
to construct, i.e., the workshops, storage depots, and maybe an administrative building. What we need
to decide is where to place them on our land, as illustrated in Figure 1.2.

Let us assume we have n locations on our plot of land that we can use for our n facilities. In
some locations, there might be already buildings, in others, we may need to construct them anew. For
each facility and location pair, a different construction cost may arise. A location with an existing shed
might be a good solution to put a warehouse. However, if we want to put the administration building
there, we would first need to demolish the shed. These are the static costs.

But placing the facilities also has a very big impact on the running costs.

For every possible plan, costs also arise from the relative distances between the facilities that we
wish to place. Maybe there is a lot of material flow between two of the workshops. Finished products
and raw material may need to be transported between a workshop and the storage depot. Between the
administration building and the workshops, on the other hand, there will usually be no material flow.
Of course, the distance between two facilities will depend on the locations we pick for them. For each
pair of facilities that we place on the map, flow costs will arise as a function of the amount of material
to be transported between them and the distance of their locations.

The total cost of an assignment of facilities to locations is therefore the sum of the resulting base
costs and flow costs. Our goal would be to find the assignment (i.e., the plan) with the smallest possible
total cost.

This scenario is called Quadratic Assignment Problem (QAP) [6]. It has been subject to research

since the 1950s [4]. QAPs appear in wide variety of scenarios such as the location of facilities on a plot
of land or the placement of work stations on the factory floor. Even if we need to place components
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Figure 1.3: lllustrative sketch of logistics problems: Orders require us to pick up some items at source
locations within certain time windows and deliver them to their destination locations, again within
certain time windows. We need to decide which containers and vehicles to use and over which routes
we should channel the vehicles.

on a circuit board in a way that minimizes the total wire length, we basically have a QAP, too [65]!
Despite being relatively simple to understand, the QAP is hard to solve [61].

1.1.2 Example: Route Planning for a Logistics Company

Another, more dynamic application area for optimization is logistics. Let us look at a typical real-world
scenario from this field [74, 75]: the situation of a logistics company that fulfills delivery tasks for its
clients. A client can order one or multiple containers to be delivered to her location within a certain
time window. She will fill the containers with goods, which are then to be transported to a destination
location, again within a certain time window. The logistics company may receive many such customer
orders per day, maybe several hundreds or even thousands. The company may have multiple depots,
where containers and trucks are stored. For each order, it needs to decide which container(s) to use
and how to get them to the customer, as sketched in Figure 1.3. The trucks it owns may have different
capacities and could, e.g., carry either one or two containers. Besides using trucks, which can travel
freely on the map, it may also be possible to utilize trains. Trains have higher capacities and can carry
many containers. Different from trucks, they must follow specific schedules. They arrive and depart at
fixed times to/from fixed locations. For each possible vehicle, different costs could occur. Containers
can be exchanged between different vehicles at locations such as parking lots, depots, or train stations.

The company could have the goals to fulfill all transportation requests at the lowest cost. Actually, it
might seek to maximize its profit, which could even mean to outsource some tasks to other companies.
The goal of optimization then would be to find the assignment of containers to delivery orders and
vehicles and of vehicles to routes, which maximizes the profit. And it should do so within a limited,
feasible time.

Of course, there is a wide variety of possible logistics planning tasks. Besides our real-world example
above, a classical task is the TSP [2, 27, 39], where the goal is to find the shortest round-trip tour
through n cities, as sketched in Figure 1.4. Many other scenarios can be modeled as such logistics
questions, too: If a robot arm needs to several drill holes into a circuit board, finding the shortest tour
means solving a TSP and will speed up the production process, for instance [26].

1.1.3 Example: Packing, Cutting Stock, and Knapsack

Let's say that your family is moving to a new home in another city. This means that you need to
transport all of your belongings from your old to your new place, your PC, your clothes, maybe some
furniture, a washing machine, and a refrigerator, as sketched in Figure 1.5. You cannot pack everything
into your car at once, so you will have to drive back and forth a couple of times. But how often will
you have to drive? Packing problems [21, 62] aim to package sets of objects into containers as efficient
as possible, i.e., in such a way that we need as few containers as possible. Your car can be thought of
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Figure 1.4: A Traveling Salesperson Problem (TSP) through eleven cities in China, including the
beautiful city of Hefei (&/2).

Figure 1.5: A sketch illustrating a packing problem.

as a container and whenever it is filled, you drive to the new flat. If you need to fill the container four
times, then you have to drive back and forth four times.

Such Bin Packing Problems (BPPs) exist in many variants and are very related to cutting stock
problems [21]. They can be one-dimensional [18], for example if we want to transport dense/heavy
objects with a truck where the maximum load weight is limiting factor while there is enough space
capacity. This is similar to having a company which puts network cables into people’'s homes and
therefore bulk purchases reels with 100m of cables each. Of course, each home needs a different
required total length of cables and we want to cut our cables such that we need as few reels as possible.

A two-dimensional variant [44, 83], could correspond to printing a set of (rectangular) images of
different sizes on (rectangular) paper. Assume that more than one image fits on a sheet of paper but
we have too many images for one piece of paper. We can cut the paper after printing to separate the
single images. We then would like to arrange the images such that we need as few sheets of paper as
possible.

The three-dimensional variant then corresponds to our moving homes scenario. Of course, there are
many more different variants — the objects we want to pack could be circular, rectangular, or have an
arbitrary shape. We may also have a limited number of containers and thus may not be able to pack
all objects, in which case we would like to only package those that give us the most profit (arriving at
a task called knapsack problem [48]).

1.1.4 Example: Job Shop Scheduling Problem

Another typical optimization task arises in manufacturing, namely the assignment (“scheduling") of
tasks (“jobs") to machines in order to optimize a given performance criterion (“objective”). Schedul-
ing [58, 59] is one of the most active areas of operational research for more than six decades.

In the Job Shop Scheduling Problem (JSSP) [5, 10, 38, 66], we have a factory (“shop”) with several
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Figure 1.6: lllustrative sketch of a JSSP scenario with four jobs where four different types of shoe
should be produced, which require different workshops (“machines”) to perform different production
steps.

machines. We receive a set of customer orders for products which we have to produce. We know the
exact sequence in which each product/order needs to pass through the machines and how long it will
need at each machine. Each production job has one production step (“operation”) for each machine on
which it needs to be processed. These operations must be performed in the right sequence. Of course,
no machine can process more than one operation at a time. While we must obey these constraints, we
can decide about the time at which each of the operations should begin. Often, we are looking for the
starting times that lead to the earliest completion of all jobs, i.e., the shortest makespan.

Such a scenario is sketched in Figure 1.6, where four orders for different types of shoe should be
produced. The resulting jobs pass through different workshops (or machines, if you want) in different
order. Some, like the green sneakers, only need to be processed by a subset of the workshops.

This general scenario encompasses many simpler problems. For example, if we only produce one
single product, then all jobs would pass through the same machines in the same order. Customers may
be able to order different quantities of the product, so the operations of the different jobs for the same
machine may need different amounts of time. This is the so-called Flow Shop Scheduling Problem
(FSSP) — and it has been defined back in 1954 [35]!

Clearly, since the JSSP allows for an arbitrary machine order per job, being able to solve the JSSP
would also enable us to solve the FSSP, where the machine order is fixed. We will introduce the JSSP
in detail and use it as the main example in this book on which we will step-by-step exercise different
optimization methods.

1.1.5 Summary

The examples we have discussed so far are, actually, related to each other. They all fit into the broad
areas of operational research and smart manufacturing [15, 30]. The goal of smart manufacturing
is to optimize development, production, and logistics in the industry. Therefore, computer control is
applied to achieve high levels of adaptability in the multi-phase process of creating a product from raw
material. The manufacturing processes and maybe even whole supply chains are networked. Product
lot sizes are small and a high flexibility is required to adapt production processes to customer wishes.
This creates the requirement for a large degree of automation and automatic intelligent decisions. The
key technology necessary to propose such decisions are optimization algorithms. In a perfect world, the
whole production process as well as the warehousing, packaging, and logistics of final and intermediate
products would take place in an optimized manner. No time or resources would be wasted as production
gets cleaner, faster, and cheaper while the quality increases.

1.2 Metaheuristics: Why do we need them?

The main topic of this book will be metaheuristic optimization (although | will eventually also discuss
some other methods (remember: work in progress). So why do we need metaheuristic algorithms?
Why should you read this book?
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Figure 1.7: The growth of different functions in a log-log scaled plot. Exponential functions grow very
fast. This means that an algorithm which needs ~ 2° steps to solve an optimization problem of size s
quickly becomes infeasible if s grows.

1.2.1 Good Solutions within Acceptable Runtime

The first and foremost reason is that they can provide us good solutions within reasonable time. It is
easy to understand that there are some problems which are harder to solve than others. Every one of us
already knows this from the mathematics classes in school. Of course, the example problems discussed
before cannot be attacked as easily as solving a single linear equation. They require algorithms, they
require computer science.

Ever since primary school, we have learned many problems and types of equations that we can solve.
Unfortunately, theoretical computer science shows that for many problems, the time we need to find the
best-possible solution can grow exponentially with the number of involved variables in the worst case.
The number of involved variables here could be the number of cities in a TSP, the number of jobs or
machines in a JSSP, or the number of objects to pack in a, well, packing problem. A big group of such
complicated problems are called AN"P-hard [8, 38]. Unless some unlikely breakthrough happens in terms
of which problems can be solved efficiently and which not [11, 36], there will be many problems that
we cannot always solve exactly within reasonable time. Each and every one of the example problems
discussed belongs to this type!

As sketched in Figure 1.7, the exponential function rises very quickly. One idea would be to buy
more computers for bigger problems and to simply parallelize the computation. Well, parallelization
can provide a linear speed-up at best. If we have two CPU cores, we can solve the problem in half
of the time and if we have three CPU cores, we can do it in one third of the time, and so on ... if
the problem lends itself to parallelization (and not all of them do). Either way, we are dealing with
problems where the runtime requirements may double every time we add a single new decision variable.
And no: Quantum computers are not the answer. Most likely, they cannot even solve these problems
qualitatively faster either [1].

So what can we do to solve such problems? The exponential time requirement occurs if we make
guarantees about the solution quality, especially about its optimality, over all possible scenarios. What
we can do, therefore, is that we can trade-in the guarantee of finding the best possible solution for lower
runtime requirements. We can use algorithms from which we hope that they find a good approximation
of the optimum, i.e., a solution which is very good with respect to the objective function, but which
do not guarantee that this result will be the best possible solution. We may sometimes be lucky and
even find the optimum, while in other cases, we may get a solution which is close enough. And we will
get this within acceptable time limits.

In Figure 1.8 we illustrate this idea on the example of the Traveling Salesperson Problem (TSP) [2,
27, 39] briefly mentioned in Section 1.1.2. The goal of solving the TSP is to find the shortest round
trip tour through n cities. The TSP is N'P-hard [23, 27]. Today, it is possible to solve many large
instances of this problem to optimality by using sophisticated exact algorithms [12, 14]. Yet, finding
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some (bad) solution for the
TSP can be obtained quickly Different algorithms offer different
trade-offs between runtime and
solution quality. Good algorithms
resulting from research push the
frontier of what can be achieved

towards the bottom-left corner.

worse
higher

getting the optimal solution
for a TSP may take too long

solution quality
e.g., cost, tour length...

very little / fast consumed runtime very much / too (?) long

Figure 1.8: The trade-off between solution quality and runtime.

the shortest possible tour for a particular TSP might still take many years if you are unlucky. Finding
just one tour is, however, very very easy: | can write down the cities in any particular order. Of course,
| can visit the cities in an arbitrary order. That is an entirely valid solution, and | can obtain it basically
in 0 time. This “tour” would probably be very bad, very long, and generally not a good idea.

In the real world, we need something in between. We need a solution which is as good as possible
as fast as possible. Heuristic and metaheuristic algorithms offer different trade-offs of solution quality
and runtime. Different from exact algorithms, they do not guarantee to find the optimal solution and
often make no guarantee about the solution quality at all. Still, they often allow us to get very good
solutions for computationally hard problems in short time. They may often still discover them (just not
always, not guaranteed).

1.2.2 Good Solutions within Acceptable Development Time

Saying that we need a good algorithm to solve a given problem is very easy. Developing a good
algorithm to solve a given problem is not, as any graduate student in the field can probably confirm.
Before, | stated that great exact algorithms for the TSP exist [12, 14], that can solve many TSPs quickly
(although not all). There are years and years of research in these algorithms. Even the top heuristic
and metaheuristic algorithm for the TSP today result from many years of targeted research [29, 53, 79]
and their implementation from the algorithm specification alone can take months [78]. Unfortunately,
if you do not have plain TSP, but one with some additional constraints — say, time windows to visit
certain cities — the optimized, state-of-the-art TSP solvers are no longer applicable. And in a real-
world application scenario, you do not have years to develop an algorithm. What you need are simple,
versatile, general algorithm concepts that you can easily adapt to your problem at hand. Something
that can be turned into a working prototype within a few weeks.

Metaheuristics are the answer [51, 71]. They are general algorithm concepts into which we can
plug problem-specific modules. General metaheuristics are usually fairly easy to implement and deliver
acceptable results. Once a sufficiently well-performing prototype has been obtained, we could go and
integrate it into the software ecosystem of the customer. We also can try to improve its performance
using different ideas ... and years and years of blissful research, if we are lucky enough to find someone
paying for it.
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Chapter 2

Introduction

From the examples that we have seen, we know that optimization problems come in all kinds of different
shapes and forms. Without practice, it is not directly clear how to identify, define, understand, or solve
them. Moreover, it is not really clear how we can solve such a wide range of problems using the same
kind of methods.

The goal of this part of the book is to bring some order into this mess. We will approach an
optimization task step-by-step by formalizing its components, which will then allow us to apply efficient
algorithms to it. This structure of optimization is a blueprint that can be used in many different
scenarios as basis to apply different optimization algorithms.

We will approach this domain from the perspective of a programmer. Imagine you are a programmer
and your job would be to, well, make a program that solves optimization problems. Now, an “optimiza-
tion problem” seems to be a very general and amorphous thing. The first thing you would try to do is
to discover some components that commonly occur in all of the optimization problems you can think
of. If you can manage to specify how such components look like, what information and functionality
they provide, then you are a step closer to fulfilling your task. Then, you can develop algorithms that
use these information and functionality to find solutions. This is what we will do.

First, let us clarify what optimization problems actually are.

Definition 2.1: Optimization Problem I

An optimization problem is a situation Z which requires deciding for one choice from a set of
possible alternatives in order to reach a predefined/required goal at minimal costs.

Definition 2.1 presents an economical point of view on optimization in a rather informal manner. But
the points come across: We want to reach a certain goal, e.g., visit all cities in a TSP, process all
jobs in a JSSP, pack all the items into bins in a BPP, or assign all factories to locations in the QAP.
We have several possible ways to reach that goal and we need to choose one among them. Each of
these possible choices has an associated cost. Since all of them lead to reaching the goal, we want to
pick the one choice with the minimal costs. We can refine this situation into the more mathematical
formulation given in Definition 2.2.

Definition 2.2: Optimization Problem II

The goal of solving an optimization problem is finding an input y € Y for which a function f :
Y — R takes on a value as small as possible.

From these definitions, we can already deduce a three necessary components that make up such an
optimization problem. We will look at them from the perspective of a programmer:

1. The first obvious component is a data structure Y representing possible solutions to the problem.
This one half of the output of the optimization software.

2. Then, there is the so-called objective function f : Y — R, which rates the quality of the candidate
solutions iy € Y. It basically returns the cost of a solution and we usually want to minimize it.
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3. Finally, there must be some way to instantiate the data structure Y, i.e., to sample one y from Y.
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Glossary

(14+1) EA The (14 1) EA is a local search algorithm that retains the best solution . discovered so
far during the search [7, 20]. In each step, it applies a unary search operator to this best-so-far
solution z. and derives a new solution x,. If the new solution x, is better or equally good
when compared with z., i.e., not worse, then it replaces it, i.e., is stored as the new z.. If
the search space are bit strings of length n, then the (14 1) EA uses a unary search operator
that flips each bit independently with probability m/n, where usually m = 1. This operator is
the main difference to randomized local search (RLS). The (1+ 1) EA is a special case of the
(1 + N) evolutionary algorithm ((1z + ) EA) where p= X =1.

EA An evolutionary algorithm is a metaheuristic optimization method that maintains a population
of candidate solutions, which undergo selection (where better solutions are chosen with higher
probability) and reproduction (where mutation and recombination create a new candidate solution
from one or two existing ones, repectively) [3, 71].

(u+ ) EA The (z+ A) EA is an evolutionary algorithm (EA) where, in each generation, A offspring
solutions are generated from the current population of u parent solutions. The offspring and
parent populations are merged, yielding u + A solutions, from which then the best p solutions
are ratained to form the parent population of the next generation. If the search space is the
bit strings of length n, then this algorithm usually applies a mutation operator flipping each bit
independently with probability 1/n.

BPP The Bin Packing Problem [21, 62] is one of the classical problems from OR. The goal is to pack
a set of objects into containers, using as few containers as possible. Different flavors of BPPs
can be distinguished, e.g., by the number of dimensions [18, 44] that the objects and containers
have, and/or whether the objects can be rotated [83], as well as other constraints and limitations.

f(y) The objective function f : Y — R can compute a cost or rating for each candidate solution y
in the solution space Y. The smaller this value, the better the solution, i.e., in the context of
this work, objective functions are subject to minimization. Objective functions are not necessarily
continuous and it is also quite common that they have integer or natural numbers as results, e.g.,
we often have f : Y — Nj instead of f: Y +— R..

FFA Frequency Fitness Assignment is a algorithm plugin for optimization methods applied to discrete
or combinatorial problems with not-too-many different possible objective values. It replaces the
objective values in all comparisons with their absolute encounter frequency so far during the
search. FFA has successfully been applied to the QAP [9].

FSSP The Flow Shop Scheduling Problem is a variant of a JSSP where all products go through the

same sequence of machines [35].

Git is a distributed Version Control Systems (VCS) which allows multiple users to work on the same
code while preserving the history of the code changes [64, 68]. Learn more at https://git-scm.
com.

GitHub is a website where software projects can be hosted and managed via the Git VCS [57, 68].
Learn more at https://github.com.

7T the problem instance data, i.e., the data that is the input of the optimization algorithm. The
solution space Y and the objective function f as well as all components building on top of them
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are defined based on the concrete values in Z. For example, in an instance of the TSP could
define the number n of cities and their distances. If our solutions are permutations of cities, then
n is also the dimension of Y. The objective function f accesses the city distances to compute
the tour lengths..

JSSP The Job Shop Scheduling Problem [5, 10, 38] is one of the most prominent and well-studied
scheduling tasks. In a JSSP instance, there are k machines and m jobs [66]. Each job must be
processed once by each machine in a job-specific sequence and has a job-specific processing time
on each machine. The goal is to find an assighment of jobs to machines that results in an overall

shortest makespan, i.e., the schedule which can complete all the jobs in the shortest time. The
JSSP is N'P-complete [8, 38].

Matplotlib is a Python package for plotting diagrams and charts [32-34, 55]. Learn more at at
https://matplotlib.org [33].

ML Machine Learning, see, e.g., [63]

moptipy is the Metaheuristic Optimization in Python library [76]. It has been used in several different
research works, including [9, 41-43, 67, 81-83]. Learn more at https://thomasweise.github.
io/moptipy and https://thomasweise.github.io/moptipyapps.

Ng the set of the natural numbers including 0, i.e., 0, 1, 2, 3, and so on. It holds that Ny C Z.

NP is the class of computational problems that can be solved in polynomial time by a non-deterministic
machine and can be verified in polynomial time by a deterministic machine (such as a normal
computer) [25].

NP-complete A decision problem is A'P-complete if it is in NP and all problems in A/P are reducible
to it in polynomial time [25, 60]. A problem is N'P-complete if it is N'P-hard and if it is in N'P.

NP-hard Algorithms that guarantee to find the correct solutions of A"P-hard problems [8, 11, 38]
need a runtime that is exponential in the problem scale in the worst case. A problem is N'P-hard
if all problems in AP are reducible to it in polynomial time [25].

NumPy is a fundamental package for scientific computing with Python, which offers efficient array
datastructures [19, 28, 34]. Learn more at https://numpy.org [54].

OR Operations Research (or Operational Research) is the application of sciences such as mathematics
and computer science to the management and organization of systems, organizations, enterprises,
factories, or projects. It encompasses the development and application of problem-solving meth-
ods and techniques (such as mathematical optimization, simulation, queueing theory and other
stochastic models) with the goal to improve decision-making and efficiency [17].

Python The Python programming language [31, 40, 46, 72], i.e., what you will learn about in our
book [72]. Learn more at https://python.org.

QAP The Quadratic Assignment Problem is an optimization problem where the goal is to assign a set
of n facilities to a set of n locations [6, 9, 37, 45]. Such an assignment can be represented as
a permutation x of the first n natural numbers, where x; specifies the location where facility ¢
should be placed. For each QAP, a distance matrix D is given, where D, specifies the distance
from location p to location ¢, as well as a flow matrix F', where Fj; is the amount of material
flowing from facility ¢ to facility j. The objective function f then rates a permutation x as f(x) =
D1 dj—1 Daya; Fij. The QAP is N'P-complete [61].

R the set of the real numbers.

RLS Randomized local search retains the best solution . discovered so far during the search and, in
each step, it applies a unary search operator to this best-so-far solution x. and derives a new
solution x,,. If the new solution z,, is better or equally good when compared with z., i.e., not
worse, then it replaces it, i.e., is stored as the new z.. If the search space are bit strings of
length n, then RLS uses a unary search operator that flips exactly one bit. This operator is the
main difference to (1 + 1) evolutionary algorithm ((1+ 1) EA).
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GLOSSARY

SciPy is a Python library for scientific computing [34, 70]. Learn more at https://scipy.org.

SGA

TSP

TTP

VvCs

The Standard Genetic Algorithm [3, 16, 24, 49, 52, 71] was the first population EA. It maintains
a population of solutions and applies mutation and crossover to generate offspring solutions.
It uses fitness proportionate selection to choose which solutions should “survive” into the next
generation, which today is considered a very bad design choice, see, e.g., [80].

In an instance of the Traveling Salesperson Problem, also known as Traveling Salesman Problem,
a set of n cities or locations as well as the distances between them are defined [2, 27, 39, 41, 73,
77]. The goal is to find the shortest round-trip tour that starts at one city, visits all the other
cities one time each, and returns to the origin. The TSP is one of the most well-known N“P-hard
combinatorial optimization problems [23, 27].

The Traveling Tournament Problem (TTP) is the combinatorial optimization problem of both
efficiently and fairly organizing a tournament of n teams that play against each other in a pairwise
fashion [22, 81]. The efficient part boils down to arranging the games such that the total travel
length is short, which is somewhat similar to the classical TSP. Initially, each team is at its home
location. On each day, a team needs to travel if its scheduled game is not at its present location.
On the last day, each team may need to travel back home unless their last game is a home
game. The total travel length sums up the lengths of all travels over all teams. The fair part
is represented in several constraints, such as doubleRoundRobin, compactness, maxStreak, and
noRepeat. The TTP is A/P-hard [69].

A Version Control System is a software which allows you to manage and preserve the historical
development of your program code [68]. A distributed VCS allows multiple users to work on the
same code and upload their changes to the server, which then preserves the change history. The
most popular distributed VCS is Git.

Y the set of candidate solutions of an optimization problem is called the solution space Y. The

solution space corresponds to the data structure holding the candidate solutions . These are
the elements that are passed to the user after the optimization process is completed. They are
also the parameters of the objective function(s) f: Y — R..

y a candidate solution y € Y is one possible solution to an optimization problem. After the optimization

process is completed, one or multiple such solutions are passed to the user..

7Z the set of the integers numbers including positive and negative numbers and 0, i.e., ..., -3, -2, -1,

0,1,2, 3,...,and so on. It holds that Z C R.
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