
                    H
E

IK
O

 A
Y

D
T

                                       2011
A

N
 A

G
E

N
T

-B
A

S
E

D
 F

R
A

M
E

W
O

R
K

 F
O

R
 P

R
O

B
LE

M
 

S
O

LV
IN

G
 IN

 S
Y

M
B

IO
T

IC
 S

IM
U

LA
T

IO
N

 S
Y

S
T

E
M

S

AN AGENT-BASED FRAMEWORK FOR PROBLEM 
SOLVING IN SYMBIOTIC SIMULATION SYSTEMS 

HEIKO AYDT

SCHOOL OF COMPUTER ENGINEERING

2011



H
E

IK
O

 A
Y

D
T

AN AGENT-BASED FRAMEWORK FOR PROBLEM 
SOLVING IN SYMBIOTIC SIMULATION SYSTEMS

HEIKO AYDT

 

School of Computer Engineering

A thesis submitted to the Nanyang Technological 
University in partial fulfilment of the requirement for 

the degree of Doctor of Philosophy

2011



Acknowledgements

This dissertation would not have been possible without the valuable input of many peo-

ple. Some have had major impact on my work while others had little but nevertheless

important influence. Some are probably not even aware of how they have influenced the

way how I looked at things. . .

First and foremost I would like to thank my academic supervisor Professor Wentong

Cai and my project supervisor during most of my time in PDCC, Professor Stephen John

Turner. Both have provided me with guidance and continuous support during my time

as PhD student. I thank them in particular for having found ways to keep me funded and

thus enabled me to finish my dissertation after the IMSS project ended. At this point,

I would also like to thank A*STAR for partially funding my research and the various

lessons they taught me (unknowingly and unwillingly but nevertheless) while working on

their project.

Many thanks is also due to Assistant Professor Malcolm Yoke Hean Low for his

useful comments on optimisation issues; Dr. Peter Lendermann in his self-chosen role as

the devil’s advocate for his many critical comments that helped me to see things clearer;

and Boon Ping Gan for his patience and time spent in discussions with me to clarify the

many details regarding the semiconductor manufacturing showcase.

One of the major milestones of this work, the problem solver and a corresponding

journal paper would not have been possible without the support and help of Associate

Professor Ong Yew-Soon, who despite the fact that I was not his PhD student, always

i



had time to answer my questions and read the various drafts of our paper. In this context,

many thanks is also due to Professor Rassul Ayani from KTH for his many constructive

comments and useful ideas whenever he was in Singapore – and of course for the tennis

matches.

I would also like to thank the many great people I met in PDCC. Shayan Shahand,

for being a great friend, dive buddy, and best man on my wedding. His exceptional

ability to be optimistic has been a much needed counterweight to my (sometimes over-

boarding) pessimism. Mike, for his support, the many interesting conversations over a

cup of coffee/tea, invaluable advice regarding all sorts of things – and the fact that,

finally, I was not the only Ang Moh any longer. Irene, for her great support and help in

fixing all sorts of things and restarting cluster nodes whenever the damn Windows Server

decided to do what Microsoft products are infamous for.

Also, thanks are due to John Holland and the people from SFI (although they proba-

bly have no clue who I am). To the first, because he decided to give a lecture on Complex

Adaptive Systems during a time when I happened to be in the need of some inspiration

regarding automated problem solving. Evolutionary computing (only one topic he ad-

dressed in his lecture) turned out to be exactly what I was looking for. To the latter

because of their highly inspiring insights on science and, in particular, interdisciplinary

research.

Thanks also to those from whom I learned how not to do things.

My moral debts to the various people mentioned above is dwarfed by how much I am

indebted to my wife, who had to deal with a grumpy me whenever things didn’t work

out the way they were supposed to, who always followed me to all the various duathlon,

biathlon, triathlon, and marathon events (even if it meant to get up at 4 am in the

morning), and who despite my flaws has always been (and still is) there for me. It’s her

to whom this thesis is dedicated to.

ii



Abstract

Symbiotic simulation can be used for problem solving processes in the context of ap-

plications concerned with real-world physical systems. These kind of systems are often

highly complex and exhibit non-linear behaviour which necessitates the use of simula-

tion techniques to evaluate possible solutions to problems concerned with these systems.

Problem solving can be described as an optimisation process concerned with the min-

imisation/maximisation of one or more objectives (expressed in terms of performance

indicators). Optimisation requires the use of knowledge regarding the problem in order

to effectively and efficiently solve it. Although black-box optimisation (i.e., without use

of any knowledge regarding the problem) can be performed, it is easily outperformed by

algorithms that incorporate domain knowledge. The more knowledge about a certain

problem is incorporated into an algorithm, the more specialised the algorithm becomes.

While specialisation generally improves the performance of an algorithm in solving a

particular problem, it does so only at cost of decreasing re-usability of the algorithm

for other problems. This is due to the implications of the no-free-lunch theorems. An

autonomous problem solver agent which is meant to replace a human problem solver

and automatically perform what-if analyses, needs to be able to solve different problems

during its life span. This requires a flexible approach that does not statically hard-code

information about a problem into the problem solving algorithm. Instead, it is necessary

to dynamically incorporate problem-specific knowledge. In this dissertation we address

this issue and establish a framework for constructing problem solver agents, based on
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symbiotic simulation.

The approach in this dissertation is three-fold. First, we establish a theory on symbi-

otic simulation which also takes consideration of related work. As a result we propose a

taxonomy on symbiotic simulations and introduce various classes of symbiotic simulation

systems. Based on this taxonomy we can clearly define problem solving in symbiotic

simulation and specify the what-if analysis process. Second, we argue for the use of evo-

lutionary computing and propose our method for separating problem specific knowledge

from the implementation of an evolutionary algorithm using an appropriate language.

For this purpose, we introduce the evolutionary computing modelling language (ECML)

and explain how it can be used to specify structural information about genotypes as

well as processing information that can be exploited by the algorithm in order to process

genotypes. With our approach of using a descriptive language and a meta algorithm that

interprets the language we can effectively separate problem-specific knowledge from the

implementation of the algorithm. This enables a problem solver agent to use problem-

specific knowledge as it becomes available in order to perform situation-specific what-if

analyses. Furthermore, we establish an agent-based framework that incorporates this

method and provides various functional components that are needed to construct prob-

lem solver agents based on symbiotic simulation. Some of these components also facilitate

the coupling between the simulation system and the physical system. Third, we apply

our framework to two applications with real-world background. The first application is

concerned with a decision making problem in the context of semiconductor manufactur-

ing and the second is concerned with a model and state identification problem in the

context of radiation detection.

With a flexible approach, such as the one proposed in this dissertation, it is possible

to perform situation-specific what-if analyses. We compare the flexible situation-specific

approach with the general case where no situation-dependent problem-specific knowledge
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is incorporated. Experimental results show clearly the advantage of our approach. Al-

though specialisation can help to improve the performance of an optimisation process,

our results also show a decline in performance due to overspecialisation. This is the case

when overly restricting the search space. As a result, the optimisation process is no longer

capable of finding appropriate solutions to a situation-specific problem. These findings

indicate the importance of carefully assessing the required degree of specialisation.
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Chapter 1

Introduction

1.1 Background

Many physical systems that are of interest to scientists, engineers, and managers cannot

be studied without the use of computer simulations due to their complexity. A computer

simulation imitates the behaviour of a physical system by using an appropriate model of

the physical system. Provided that the fidelity of the model is sufficient, simulations can

be used to predict the behaviour of the physical system. Generally, it can be distinguished

between three components of a simulation study: inputs, outputs, and the model that

connects these two [37] . For example, consider the example of a manufacturing system.

The behaviour of such a system (e.g., in terms of performance) depends not only on its

design (e.g., number and types of machines) but also on the way how it is operated (e.g.,

scheduling policies that assign jobs to machines). A simulation study can be conducted

in order to predict the expected performance (output) based on, say, a discrete event

model of the physical system for a particular scheduling policy (input).

In the above mentioned example, the input as well as the model are known/available.

The missing output can be determined by performing a simulation. Based on the three

components of a simulation study (i.e., input, output, model), it can distinguished be-

tween three basic types of problems [37]: 1) in an optimisation problem the model as

well as the desired output is known while the corresponding input is unknown; 2) in a
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modelling or system identification problem the input as well as the corresponding output

is known but not the model that would map the given input to the output; and 3) in a

simulation problem the input as well as the model are known and the output has to be

determined. The above mentioned manufacturing example thus belongs to the third cat-

egory. Problems that belong to this category are arguably easier to solve than problems

from the other two categories. All it takes to solve a simulation problem is to perform a

simulation1.

Problems belonging to the other two categories are generally more difficult to solve

because there can be many possible solutions. For a simulation problem, we can assume

that there is a specific output for a given model and input. This true even for stochastic

models because the output follows a certain distribution. However, in case of an optimisa-

tion or model identification problem, there can be many possible solutions. For example,

in case of a model identification problem, there could be many models that map some

given inputs to corresponding outputs. Depending on the application, it might not be

necessary to find all solutions. Although it might be sufficient to find at least one, it may

not be possible to directly derive a solution. For example, training of neural networks

(a model identification problem) can be done by using back-propagation. However, this

explicitly requires knowledge about the internal structure of the model. Many physical

systems are highly non-linear and deriving direct solutions to these problems is thus not

feasible.

If deriving a direct solution is not possible, it is possible to search for solutions by

evaluating a (potentially large) number of candidates until a solution is found. The

process of using computer simulation to analyse candidate solutions is commonly known

as what-if analysis: “a data-intensive simulation whose goal is to inspect the behavior of a

complex system . . . under some given hypotheses (called scenarios). More pragmatically,

1Performing a simulation may actually not be so easy if, for example, there is not enough computing
power available because the model is too complex.
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what-if analysis measures how changes in a set of independent variables impact on a set

of dependent variables with reference to a given simulation model” [54]. It should be

noted that simulation-based what-if analysis is a specialised form of the general idea of

a what-if analysis for which simulation is not necessarily required. Many forms of the

what-if analyses we encounter in our daily businesses do not use simulation. For example,

an analytical what-if analysis, discussing seven what-if scenarios concerned with terrorist

attacks, is presented in [139]. However, in the scope of this dissertation we are specifically

concerned with simulation-based what-if analysis in a problem solving context.

In order to obtain reliable results from a what-if analysis, it is important to choose an

appropriate level of abstraction (i.e., resolution) for the simulation model. A model with a

low resolution may be sufficient for long-term simulations used to analyse the steady-state

behaviour of a physical system. However, on smaller time scales, the behaviour of the

physical system may be dominated by transient phenomena that require a higher model

resolution. The issue of model abstraction has also been highlighted by Golfarelli et al.

in [54]. They address this issue by proposing a methodology for developing a simulation

model that can reliably predict the behaviour of a real business process and can thus be

used to execute a what-if analysis. In addition, they also propose a supporting formalism

that can be used to specify various parameters that can be modified by the user to realise

different what-if analysis use-cases and corresponding what-if scenarios [53].

Short-term simulations can be used for various purposes. For example, in today’s fast-

changing business environments, companies need to continuously adapt and improve their

business processes in order to stay competitive [39]. This requires the ability of decision

makers to act quickly as operating conditions are continuously changing. In contrast

to strategic decision making, which is performed less frequently and covers time periods

of several months and years, operational decision making is concerned with continuous

improvement and adaptation, which may only cover relatively short time periods, in
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terms of hours and days. Performing what-if analyses based on short-term simulations

faces a number of challenges. In addition to general problems, such as the choice of an

appropriate level of abstraction for the simulation model, there are two issues that are

specific to operational problem solving:

• Need for high-fidelity simulations. Appropriate values for model parameters may

not be known at design time of the model. For long-term simulations it is often

sufficient to make reasonable assumptions (e.g., by choosing appropriate distribu-

tion functions). However, for short-term simulations, this approach may not be

sufficient. In addition, analysis of long-term simulations is usually concerned with

the behaviour of the system once it has reached a steady state. This is not the case

for short-term simulations which are concerned with the behaviour of the system

in the near future. As opposed to steady-state simulations, there is no warm-up

period and the simulation (ideally) predicts the behaviour of the physical system in

the near-future with a very high degree of fidelity. Such a high-fidelity simulation

not only requires a sufficiently realistic model that reflects all important compo-

nents of the physical system, but it also requires real-time sensor data to initialise

the simulation with the current state of the physical system, i.e., to warm-start the

simulation.

• Need for solving problems in a timely manner. The time available to find suitable

solutions is typically limited in real world physical systems. For example, in case the

operational conditions of a manufacturing system are changing (e.g., because of a

machine breakdown), then there is typically only a certain amount of time available

to adapt to this new situation before more drastic and disruptive measures have

to be taken (e.g., partial shut-down of manufacturing system) in order to handle

the situation. In addition, it may not be possible to evaluate all possible what-if
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scenarios. It is therefore necessary to apply an appropriate search strategy in form

of an algorithm that selects promising scenarios for further evaluation and ignores

less promising ones. This requires either an expert user, who can use knowledge

about the physical system and personal experience with similar situations in the

past, or a suitable search heuristic.

To summarise, what-if analysis has to be performed on-line (i.e., it has to use sensor

data) as state information of the physical system may have to be incorporated in order to

obtain a high-fidelity model. In addition, it has to be performed in real-time, i.e., it has

to finish within a certain period of time. Otherwise it would be too late for the solution to

be implemented in the physical system. Manually performing a what-if analysis requires

a human operator to perform the various tasks described above, i.e., the human operator

needs to initialise simulations with sensor data and think about promising scenarios

to simulate. In addition, the human operator would also have to manually analyse

the simulation results and decide upon the need to evaluate more scenarios. However,

the on-line and real-time requirements make what-if analysis a difficult task to perform

manually as operational conditions are continuously changing. An automated approach

is thus desirable.

1.2 Motivation

A promising approach to automated what-if analysis is symbiotic simulation, a paradigm

which refers to a close relationship between a simulation system and a physical sys-

tem [44]. In this symbiotic relationship, the simulation system benefits from real-time

measurements of the physical system, provided by corresponding sensors. The physical

system, on the other side, may benefit from the effects of solutions found by the simula-

tion system. An essential concept of symbiotic simulation is the evaluation of a number

5



Chapter 1. Introduction

Figure 1.1: Overview of a symbiotic simulation system. A physical system is closely
coupled with a simulation system. The simulation system observes the physical system
and triggers a what-if analysis when needed. An optimiser is responsible for creating a
number of what-if scenarios that are being simulated by a simulator.

of alternative what-if scenarios by means of simulation, further referred to as what-if

analysis process (WIA Process). Essentially, the purpose of the WIA process is to find

solutions to a problem regarding the physical system. In the context of decision making,

for instance, the problem is to identify the best decision among a number of alternatives.

Each alternative decision is represented by what-if scenario and the goal of the WIA pro-

cess is to determine one or more decisions which can be expected to be most beneficial

to the physical system. In Chapter 2 we will also discuss various kinds of problems in

the context of symbiotic simulation, other than decision making.

In a symbiotic simulation system, the simulation system observes the physical system

by means of sensors in real-time and automatically triggers the WIA process if necessary.

This enables the simulation system to incorporate state information of the physical system

to perform high-fidelity simulations and thus perform an on-line what-if analysis. A

solution found by the WIA process can be directly implemented in the physical system

by means of actuators (if available). If direct control over the physical system is not

possible (i.e., if actuators are not available), then solutions are suggested to an external

decision maker. Figure 1.1 illustrates an overview of a symbiotic simulation system.

Problem solving in the context of symbiotic simulation means finding solutions among

a (potentially) large number of candidate solutions (each represented by a corresponding
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what-if scenario). Given the real-time requirements explained above, an important issue

is thus efficient scenario simulation. From a technical perspective, there are two distinct

lines of multi-scenario simulation work in the literature of modelling & simulation. The

first is multi-trajectory simulation [50, 51], a type of simulation which allows exploration

of various alternative simulation trajectories, i.e., execution paths, concurrently. Multi-

trajectory simulation relies on stochastic events to split alternative trajectories from the

main simulation trajectory. The second is simulation cloning [59, 61], which aims at

reducing redundancies between various simulation instances in order to reduce the need

for computational resources and improve the performance. Simulation cloning has been

developed with what-if analysis in mind and is based on the assumption that many

what-if scenarios are, at least initially, equal or very similar. Both, multi-trajectory

simulation and simulation cloning, also address the problem of having a very large number

of scenarios that need to be simulated.

In multi-trajectory simulation the idea is to branch the original trajectory whenever

a stochastic event is encountered, i.e., multi-trajectory resolution of events. This may

lead to a large number of possible trajectories. If the number of trajectories is too large,

it is not possible to explore all of them. Therefore, trajectory management is a major

issue and aims to bound the maximum number of trajectories [50]. Gilmer and Sullivan

briefly explain various techniques which can be used to limit resource consumption [51].

The first technique, referred to as “trajectory truncation”, explicitly decides for each

event whether to resolve it in multi-trajectory fashion or not. A second technique, which

is only briefly mentioned, aims at reducing the number of states by consolidating states

which are similar. Another technique, the “breadth first” approach aims at limiting the

number of trajectories by allowing multi-trajectory resolution of events until a specified

limit is reached.

The concept of simulation cloning was first introduced by Hybinette and Fujimoto [59,

61]. It is based on virtual logical processes [60] and performed in an incremental manner,
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i.e., logical processes are only cloned if necessary. Decision points represent potential

cloning points and, depending on possible outcomes of a decision, the further course of

the simulation may be affected. Typically, different scenarios develop in different ways,

i.e., they spread. Spreading means that the various simulation clones are very similar in

the beginning and diverge from each other as time advances. Cloning is advantageous

for applications that spread at a slow pace because redundancies (similarities) between

scenarios can be exploited. At some point the simulation clones are entirely dissimilar,

in which case there are no longer any redundancies that could be exploited to save

computing time. Various extension have been described [1, 58] and cloning has also been

applied to distributed simulations [19–21].

Depending on the application, the conduct of a what-if analysis can be very compute

intensive due to the number of different what-if scenarios that have to be simulated.

The simulation cloning approach by Hybinette and Fujimoto addresses this issue. The

multi-trajectory approach by Gilmer and Sullivan also addresses this issue but to a lesser

extent, i.e., the problem is addressed by essentially limiting exploration. Although both

techniques address the issue of large scenario spaces, they do not fundamentally resolve

it. In an interactive setting, a human user would manually decide on the set of what-if

scenarios. However, in an automated setting, there is no interaction with a user. Hence,

in order to adequately address this problem, an approach is needed that effectively limits

the number of what-if scenarios that have to be simulated. This requires an appropriate

search heuristic which is capable of selecting promising what-if scenarios and ignoring

less promising ones.

In addition, developing application-specific symbiotic simulation systems is time con-

suming. Various functional components, required to perform an automated WIA process,

have to be implemented as well as the infrastructure which facilitates the symbiotic re-

lationship between the physical system and the simulation system. A framework for
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symbiotic simulation systems can be expected to make it significantly easier for re-

searchers and engineers to apply symbiotic simulation to their problem domain. The

need for such a framework has already been articulated in [57]. This need is further

justified by the variety of existing applications such as dynamic data-driven application

system (DDDAS) [99] which have attracted the attention of many researchers in recent

years. However, a general framework for symbiotic simulation system that also addresses

the issues mentioned above does not exist yet and will thus also be the subject of this

dissertation.

1.3 Problem Statement and Research Objectives

In a symbiotic simulation system, a human problem solver is replaced by an artificial

problem solver agent that is interacting with the physical system (using sensors and

actuators) in the same (or similar) way as the human problem solver would do. A fully

automated problem solver agent would have to be autonomous, i.e., it would have to be

capable of recognising and solving problems without the need for human intervention.

This requires the ability to automatically perform the various activities that are typically

performed manually by a human problem solver. Although autonomy may be desirable

in many cases, it is not necessary to have a fully-automated problem solver agent. A

semi-automated approach, where there is some interaction between the problem solver

agent and a user, is also possible. For example, it may be more desirable to have a

human user to analyse and specify the problem and leave the highly repetitive tasks of

performing a what-if analysis to the problem solver agent.

Humans are capable of analysing a problem and exploiting domain-specific knowl-

edge to solve problems. For example, this knowledge is possibly based on experience

with similar problems in the past or in-depth knowledge about the underlying business

process. Similarly to a human problem solver, a fully-automated problem solver agent
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based on symbiotic simulation would also have to be able to incorporate problem-specific

knowledge into the WIA process in order to effectively solve problems. The problems

faced by the problem solver agent may change over time, i.e., subsequent what-if analyses

may have to address different problems in the physical system. It is therefore necessary

to specialise the problem solving algorithm, employed by the WIA process, to suit the

problem at hand. As we will explain in greater detail in Chapter 2, many problems that

are being considered in symbiotic simulation systems can be described as optimisation

problems.

Specialisation is an important issue for solving optimisation problems. While general-

purpose algorithms can be applied to a larger variety of problems, they are generally

outperformed by algorithms that have been specifically designed to solve a particular

problem. However, an algorithm that outperforms another algorithm for solving a par-

ticular class of problems will perform worse for solving at least one other class of problem.

This insight is known as the no free lunch (NFL) theorems [132]. Essentially these the-

orems state that the average performance of an algorithm over all classes of problems

remains constant. A performance advantage for a particular class of problems can only

be achieved by accepting a degraded performance for at least one other class of problems.

Although it has been shown that the NFL do not necessarily apply under certain circum-

stances [26, 133], their implications on the design of algorithms is well recognised. For

example, the NFL theorems and their implications have been explained and discussed by

Ho and Pepyne [55].

In addition to the need to incorporate problem-specific knowledge, there are also a

number of symbiotic simulation-specific issues that have to be considered:

• Real-time requirements. The WIA process is a real-time optimisation process which

has to be able to find a solution within a certain period of time, i.e., there is a

deadline. This is due to the fact that solutions to a real-world problem may only
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be meaningful for a certain period of time. This issue is aggravated by the fact

that executing a simulation can be compute-intensive. In addition, many simulation

models are stochastic and require the execution of multiple simulation replications

in order to derive statistically sound results.

• Optimal solution not required. In the context of a real-world problem it is often

more important to find a reasonably good solution in time, rather than an optimal

solution. This is different from classical function optimisation where the goal is

to find the global optimum, regardless whether it takes significantly more time to

find a solution that is only marginally better than a previously found non-optimal

solution. However, even if the optimal solution is not required, depending on the

problem, finding a non-optimal (yet sufficiently good) solution may still be time

intensive.

To summarise, an optimisation method for the WIA process has to be able to adapt

to different situations by dynamically incorporating problem-specific knowledge. In ad-

dition, it has to be able to find a sufficiently good solution within a limited period of

time. The objective of this research is to study symbiotic simulation systems and to

propose a framework that allows the construction of application-specific problem solver

agents that are capable of autonomously and automatically solving problems concerning

the physical system by means of what-if analysis. Since the operational conditions of the

physical system are dynamically changing, different what-if analyses may be concerned

with different objectives and scenario spaces. Therefore, a problem solver agent needs to

be able to analyse the current operational conditions and use domain knowledge about

the problem in order to solve it.

11
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1.4 Methodology

Before we proceed with explaining the methodology taken in this research, it is impor-

tant to first explain where we see the place of symbiotic simulation in the context of

the various fields and disciplines. Without doubt, symbiotic simulation has its roots in

the modelling & simulation community that coined the term in the context of decision

support applications [44]. However, the underlying concepts are not limited to the do-

main of modelling & simulation. With regards to the use of simulation in the context of

decision making (in particular for operational decision making), modelling & simulation

is overlapping with the field of operations research which is concerned with optimisation

of real-world business processes. It is therefore not surprising that much work in the

context of operations research is highly relevant to that of symbiotic simulation.

Optimisation is often based on mathematical models but with the need to solve real-

world problems other methods, most notably meta heuristics such as the ones based on

evolutionary computing, are used more and more because of various advantages [11, 40].

An important part of symbiotic simulation is optimisation as part of the WIA process.

A corresponding optimisation method can use the ability of the symbiotic simulation

system to evaluate various candidate solutions to a real-world problem by means of

simulations. Problem solving is an important topic in the field of artificial intelligence

and, to some extent, that of cognitive science and psychology which studies problem

solving in humans. Among other topics, artificial intelligence also includes the study

of evolutionary computing and meta heuristics. We see Symbiotic simulation not only

at the intersection of modelling & simulation and operations research, but also at the

intersection of all three fields. Figure 1.2 illustrates this view.

This dissertation is concerned with the development of a symbiotic simulation frame-

work with a focus on automated problem solving. Due to the interdisciplinary nature of

symbiotic simulation, this dissertation cannot be limited to the study of specific issues
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Figure 1.2: Symbiotic simulation at the intersection of modelling & simulation (M&S),
artificial intelligence (AI), and operations research (OR).

of only one of these three fields. Instead, we take a holistic approach in this dissertation.

This is also reflected in the methodology of the dissertation, consisting of three parts,

each of which can be associated with one of the three fields:

1. Theory on symbiotic simulation. This part is probably most relevant to the mod-

elling & simulation community as it aims at clarifying concepts of symbiotic simula-

tion and establishing a taxonomy on symbiotic simulation. In addition, researchers

of the modelling & simulation community are the primary audience for one of the

major contributions of this dissertation: the symbiotic simulation framework.

2. Problem Solving. The focus of the dissertation is problem solving in the context of

symbiotic simulation. Another major contribution of this dissertation is a problem

solving approach which is more generally applicable and flexible than the existing

ones. In addition, this approach is based on evolutionary computing methods and

thus of particular interest to the artificial intelligence community.
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Figure 1.3: Overview of dissertation structure.

3. Applications. Based on the established theory and the introduced problem solv-

ing method, we propose a symbiotic simulation framework and apply it to two

real-world problems in the context of semiconductor manufacturing and radiation

detection. The applications of symbiotic simulation in order to solve real-world

problems are highly relevant to the field of operations research.

1.5 Outline

The structure of the dissertation, illustrated in Figure 1.3, directly reflects the methodol-

ogy. Due to the interdisciplinary nature of the dissertation, the relevant literature spans

several areas. Therefore, instead of having a single literature review chapter, covering

works from different areas, the dissertation is structured in such a way that facilitates a

more natural flow of the argument. Hence, relevant literature is discussed in the various

chapters.

In Chapter 2, we study the existing symbiotic simulation applications and classify

the various kinds of symbiotic simulation systems, leading to a taxonomy of symbiotic

simulation comprising of five distinct classes of symbiotic simulation systems. Three of
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these classes are concerned with problem solving and thus subject to further investigation

as part of this dissertation. We also analyse the workflow of a what-if analysis in the

context of a symbiotic simulation system for problem solving and further formally specify

the WIA process. This formal specification of the WIA process will serve as foundation

for subsequent chapters. In addition, we also clarify ambiguities regarding terminology

and give definitions for symbiotic simulation and on-line simulation, a highly related

paradigm which is partially overlapping with symbiotic simulation.

In Chapter 3, we propose our approach for a flexible optimisation method, based

on evolutionary computing. More specifically, we aim at separating domain-knowledge

from the implementation of an algorithm by using a descriptive language. Furthermore,

we introduce the concept of meta algorithms as a class of algorithms that make use of

problem-specific information represented using a descriptive language such as the one

proposed by us. This approach enables the problem solver agent to dynamically incor-

porate problem-specific knowledge. We apply our approach to a number of different

standard optimisation problems to demonstrate the flexibility of the approach.

In Chapter 4, we propose a component-based architecture for the symbiotic simulation

framework. The various components are based on the theoretical foundations established

in Chapter 2. Furthermore, we discuss possible implementations of the framework and

propose an agent-based infrastructure to realise the various functional components of

the framework. We also describe how the optimisation method, developed in Chapter

3, is integrated into the framework. In addition, we discuss a number of conceptual

applications.

In Chapter 5 and Chapter 6, we apply our framework to two proof-of-concept applica-

tions, concerned with semiconductor manufacturing and radiation detection, respectively.

Each of these applications uses a different class of symbiotic simulation system. For each

application, we describe the problem that needs to be solved and explain how problem-

specific knowledge, obtained through analysing the physical system, can be dynamically
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incorporated by using our descriptive language introduced in Chapter 3. We also dis-

cuss the application-specific design of the problem solver agent, based on the symbiotic

simulation framework introduced in Chapter 4. The purpose of these applications is

to demonstrate the flexibility of the optimisation method and the applicability of the

framework in the context of real-world problems.

In Chapter 7 we repeat the problem statement and summarise our approach in order

to solve the problem. In addition, we discuss a number of general issues and lessons that

have been learned from applying our approach. Furthermore, we discuss future work.

16



Chapter 2

Theory on Symbiotic Simulation

2.1 Overview

In this chapter we establish the theoretical foundations necessary to develop a symbi-

otic simulation framework for automated problem solving. First, we discuss symbiotic

simulation and related paradigms in Section 2.2. Then, we proceed by giving clear defi-

nitions of the various concepts that are relevant in the context of symbiotic simulation in

Section 2.3. In particular, we explain the various components that are required to per-

form what-if analyses and derive a taxonomy of different classes of symbiotic simulation

systems in Section 2.4. With this taxonomy we show that the original definition and

scope of symbiotic simulation is too narrow and subsequently extend it. Different classes

of symbiotic simulation systems are concerned with different types of problems. Not all

of them are optimisation problems. For those classes that are concerned with solving

optimisation problems, we state a general optimisation problem and formally specify the

WIA process for optimisation-based problem solving in Section 2.5. This also serves as

a basis for further narrowing the focus of the dissertation.

2.2 Symbiotic Simulation and Related Paradigms

Symbiosis has its origins in Biology. However, there is no universally agreed-upon defini-

tion and at the time of writing there are two established definitions. The first considers
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mutualism, in which the relationship is beneficial for both partners, as the only form

of symbiosis. The second considers symbiosis as it was originally intended by Anton de

Bary who coined the term symbiosis in 1879 [30]. His definition is wider and considers

several subcategories, including mutualism [32, 108]. Because there is no single defini-

tion of symbiosis, subcategories other than mutualism are often ignored [131]. This is

presumably also the reason why mutualism is the only form of symbiosis which has been

considered in the context of symbiotic simulations. Symbiotic simulation systems in the

context of decision support and control can be considered mutually beneficial (later in

Section 2.4 we will discuss symbiotic simulation systems without control feedback to the

physical system). For example, this includes symbiotic simulation systems in semicon-

ductor manufacturing [6, 83] and path planning for unmanned aerial vehicles (UAVs)

[67, 85].

Related work on symbiotic simulation includes research on DDDAS, which is a paradigm

closely related to that of symbiotic simulation and described in [99] as “a paradigm

whereby application/simulations and measurements become a symbiotic feedback con-

trol system. DDDAS entails the ability to dynamically incorporate additional data into

an executing application, and in reverse, the ability of an application to dynamically

steer the measurement process”. DDDAS emphasises the ability of the application or

simulation to control and guide the measurement process. Yet another term which is

related to DDDAS and symbiotic simulation is cyber-physical system (CPS) which refers

to “the tight conjoining of and coordination between computational and physical re-

sources” [100]. In a CPS, a physical system is tightly coupled with components from

the cyber world (i.e., with computing and communication components). These cyber

components monitor and control the physical system by using corresponding networks

of sensors and actuators. CPS stresses the tight coupling of components from the cyber

world and the physical world where cyber capabilities are deeply embedded in physical
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systems [116]. The purpose of CPS is to significantly improve the capabilities (such as

adaptability, autonomy, and safety to name a few) of physical systems. An important

focus in CPS is thus the integration of various hardware and software components.

In general, all three paradigms (symbiotic simulation, DDDAS, and CPS) are highly

related to each other and overlap thematically. A common feature of all three paradigms

is their emphasis on a close relationship to a physical system by means of sensors and

actuators. However, each paradigm has a slightly different focus. For example, CPS

highly emphasises the importance of hardware and software integration as well as com-

munication issues in distributed physical systems. As such, the focus of CPS is on the

underlying technical infrastructure. DDDAS and symbiotic simulation, on the other

hand, focus more on higher-level issues and implicitly assume that a technical infrastruc-

ture that facilitates the coupling between the application/simulation and the physical

system is given. In particular, DDDAS appears to have a slightly more scientific focus

where dynamic data-driven capabilities are primarily used to improve monitoring and

modelling aspects by steering the measurement process. Symbiotic simulation is focus-

ing on even higher level issues concerned with simulations of the physical system for

various purposes. In addition, while both, DDDAS and CPS are thematic programmes

by the National Science Foundation, symbiotic simulation is more precisely a technique

that specifically focuses on modelling and simulation issues.

Another term which is often used synonymously for symbiotic simulation, is on-line

simulation. For example, in [4] an on-line simulation is defined in the context of manufac-

turing as a “computerized system capable of performing both deterministic and stochastic

simulations in real time (or quasi real time) to monitor, control, and schedule parts and

resources in a discrete-part manufacturing environment”. In a similar context, on-line

simulation is used as part of an on-line planning and control system which uses on-line

simulation to evaluate several scenarios concerned with control policies [29]. In both
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cases, on-line simulation refers to a system which includes various components to moni-

tor, simulate multiple scenarios, and to control the physical system. A slightly different

definition of on-line simulation is given in [66], where it is described in the context of

UAV path planning as a simulation that runs in real-time and in parallel with a physical

system and does not necessarily include a feedback to the physical system. However,

this definition of on-line simulation should not be confused with real-time simulation, as

defined in [45], where advances in simulation time are paced by wallclock time.

2.3 Preliminaries

2.3.1 Physical System and Simulation System

A real-world physical system may consist of various sub-systems and may have vari-

ous dependencies to other systems. Depending on the purpose of the what-if analysis,

an appropriate model must include all relevant sub-systems and dependencies that are

necessary to reflect the physical system with sufficient fidelity. For example, consider

a manufacturing system which consists of a number of production resources (e.g., ma-

chines) and operators who make decision regarding the use of those production resources.

Further, assume that for operational decision making we may only be interested in a par-

ticular group of machines. Now, if the purpose of the what-if analysis was to reduce the

impact of maintenance activities on the throughput of the manufacturing system, then

an appropriate model would have to include all those machines that are subject to main-

tenance activities. All other aspects about the manufacturing system can be ignored.

However, if the purpose of the what-if analysis was to optimise a process schedule then it

might be necessary to also consider customer orders and the expected arrival of required

supplies. For the remainder of this dissertation, when we use the term physical system,

we specifically refer to those parts of the real-world physical system that are of interest

to the what-if analysis.
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In a symbiotic simulation system, a physical system is coupled with a simulation

system by sensors and actuators. The sensors provide information about the physical

system and the actuators allow the simulation system to exercise control over the physical

system. Some physical systems cannot be controlled and actuators are thus optional.

We further distinguish between two types of information that is provided by sensors:

information about the state St and behaviour Bt of the physical system at time t.

• State information. The state reflects the values of the various internal state vari-

ables of the physical system at any given time. We distinguish between known

and unknown state information S ′ and S ′′, respectively. Depending on the physical

system, it might be difficult or impossible to obtain the complete state S = S ′∪S ′′

of the physical system. For example, obtaining the exact state of the physical sys-

tem may be too time or compute intensive and the state information may thus be

outdated by the time it is available. In addition, while some state variables can

be observed using corresponding sensors, this may not be possible with other state

variables.

• Behaviour information. The behaviour reflects quantifiable information about a

physical system that is not reflected by the state. For example, information re-

garding the behaviour (such as throughput of a manufacturing system) can be

directly measured using corresponding sensors. In addition, behaviour information

can be derived from observing the state of the physical system over a period of

time. For example, throughput is not a state variable of a manufacturing system.

Instead, it is derived from observations of consecutive states, i.e., the throughput

can be derived by calculating the difference between corresponding state variables

regarding work in progress (WIP) at different times.
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The state information provided by the sensors may not be perfectly accurate. For

many real-world physical systems this is certainly the case. For example, physical sensors

(e.g., thermometers, pressure gauges, etc.) typically have a certain resolution, value

range, and accuracy. In addition, if a network of sensors is used, then it is often necessary

to aggregate and process the raw data in order to obtain data that can be used for

simulation purposes. The issue of sensor data aggregation and processing is an important

one and certainly deserves special attention and careful consideration when a symbiotic

simulation is planned. However, data-mining and sensor-related issues are outside the

scope of this dissertation. Here, we assume that sensor data is provided in a form that

allows the simulation system to directly use without the need for further processing. This

does not imply, however, that sensor data is assumed to be perfectly accurate. Instead,

depending on the application context, we assume that certain information is available

with a certain degree of accuracy.

A physical system can be controlled by receiving corresponding discrete control in-

formation Ct at time t. We consider control information to be discrete because decision

making is typically a process which, possibly after some time of planning and reasoning,

has a quantum of information (e.g., instructions) as outcome; and the outcome is meant

to affect the physical system in a certain way. This information may only be valid for a

limited period of time or invalidated by control information Ct+1 which is propagated to

the physical system at some later time t+1. Figure 2.1 illustrates the links between the

physical system and the simulation system.

For example, consider a semiconductor manufacturing application. The state S of the

physical system may be comprised of information regarding the settings of the various

machines as well as information regarding the number of WIP wafer lots, their current

progress and whereabouts in the manufacturing system. What information exactly the

state is comprised of depends on the application context and the specific model of the
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Figure 2.1: Overview of the link between the physical system and the simulation system
in symbiotic simulation system.

physical system. However, it has to be sufficient information in order to initialise a

simulation model and perform a high-fidelity simulation of the physical system. The

behaviour B of the physical system in this example comprises of information regarding

the current performance of the manufacturing process in terms of throughput and cycle

times, for instance. Assume that decision making in this example is concerned with

changing the configuration of the various machines. Control information C would thus

be the instructions regarding the re-configuration of certain machines.

2.3.2 Simulation Model

Simulating the behaviour of the physical system requires an executable model. Many

different models of the same physical system can be created, of which each emphasises

different aspects of the physical system, possibly using different modelling techniques. A

perfect model does not exist since all the models are always only an abstraction of the

physical system. However, depending on the application, some models are more suitable

than others to simulate a specific phenomenon concerned with the physical system – or,

as George E. P. Box put it, “Essentially, all models are wrong, but some are useful” [12].

Therefore, for any physical system there can be multiple models, each describing either

the same or different aspects and properties of the physical system. For example, assume

that there are two models for describing the throughput of a manufacturing system.
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Depending on the current operating conditions, one model might be more useful than

the other. The set of models M is considered to contain all available models that can be

used to simulate the physical system.

For simulation purposes a model M ∈ M has to be selected, which is capable of

predicting the state and the behaviour of the physical system with sufficient fidelity.

Depending on the purpose of the what-if analysis, some models might be more suitable

than others. A model is suitable if it has sufficient predictive powers in order to produce

useful results in the context of the what-if analysis. For example, if the purpose of the

what-if analysis is concerned with the performance of a manufacturing system, then the

model needs to be able to predict throughput, for instance, with sufficient accuracy. The

subset of models that are suitable to simulate the physical system is further referred to

as the set of reference models MR ⊂ M. Whether a model M ∈ MR also depends

on time because as the operational conditions of the physical system are changing, the

predictive power of one model may be affected. If this is the case, the current reference

model MR ∈ MR has to be updated or a new reference model has to be found. The set

of reference models is thus time dependent.

There are a number of parameters that are important in the context of symbiotic

simulation and have to be explicitly considered. In a symbiotic simulation system, sim-

ulations are used to predict the behaviour of a physical system. The various simulation

instances are initialised by using a specific state of the physical system. As for the initial

state, it is possible to use the current state of the physical system. It is also possible to

use any historic or synthesised state. Using existing state information to initialise the

models avoids the need for a warm-up period for the simulation run. The state of the

physical system may consist of a number of state variables and corresponding values.

Therefore, a simulation model has to accept a number of state parameters that can be

used to initialise a simulation with state information from the physical system. For this
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purpose, the set PS of model parameters associated with state information is considered.

The model parameters PS and state information from the physical system S are related,

i.e., if the model is initialised with the current state of the physical system at time t,

then PS = St.

Some physical systems can be controlled. Variables of the physical system that can be

modified have to be reflected by the corresponding simulation model. For this purpose,

the set of model parameters PC is considered. Note that there are physical systems that

cannot be controlled from the perspective of the symbiotic simulation system. This may

be due to the nature of the physical system (e.g., the atmosphere cannot be reasonably

controlled yet) or due to policy (e.g., certain control variables of the physical system

are intentionally not accessible to the simulation system for safety or security reasons).

Therefore, depending on the application and the physical system, there may be no con-

trollable variables, i.e., PC may be an empty set. This does not imply, however, that a

physical system that cannot be controlled by the simulation system cannot be controlled

by other means. The set PC of model parameters associated with controllable variables

does explicitly refer to only those variables that are accessible to the simulation system.

The model parameters PC and control information to the physical system C are related,

i.e., if the same control information, that is used to perform a simulation, is used to

actually control the physical system at time t, then Ct = PC.

A physical system exists within an environment which may, regardless whether it is

natural or artificial, affect the physical system in some way. This external influence is

not controllable from the simulation systems perspective (if it would be, it would be

part of PC). Uncontrollable variables are typically sources of uncertainty and stochastic

behaviour because it often has to be approximated by probabilistic assumptions. For ex-

ample, incoming customer orders in a supply chain is an external source of influence that

directly affects the supply chain. Predicting exact arrival times and numbers of customer
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orders is impossible in most of cases and is therefore approximated by an appropriate

probability distribution (e.g., exponential distribution) to model the interarrival times

of customer orders. In order to simulate different what-if scenarios, assuming varying

external influence, uncontrollable variables have to be explicitly considered by the simu-

lation model. For this purpose, the set PE of model parameters associated with external

influence is considered.

Given a sufficiently accurate model M ∈ MR of the physical system and correspond-

ing values for model parameters PS, PC, and PE, it is possible to predict (i.e., to

simulate) the state and behaviour of the physical system in the near-future:

[SS,SB] = M(PS, PC, PE, r) (2.1)

The result of the simulation consists of vectors SS = (SS0, SS1, . . .) and SB =

(SB0, SB1, . . .), representing a time series of simulated state and behaviour information,

respectively. Each vector has a length of r + 1 elements, where r denotes the simulation

period. The first elements of these vectors represents the initial state and behaviour of

the simulation run. All other elements represent the simulated (i.e., predicted) state and

behaviour of the physical system at some time in the future. To further illustrate the

relationship between state and behaviour information from the physical system (S and

B) and simulated state and behaviour information (SS and SB), consider the example

of a simulation that uses the current state St of the physical system at time t as initial

state (i.e., PS = St) and r = 2. The simulation result for state information would thus

be SS = (SSt, SSt+1, SSt+2) where SSt = St because the first element in the simulation

result SS reflects the initial state (which is St). The same is not necessarily true for

simulation results SB because behaviour information may depend on previous states

(i.e., states at time t − 1, t − 2, . . .) which may not available to the simulation, so it is

possible that SBt = ∅. For example, assume that the throughput of a manufacturing
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system is calculated based on the difference of jobs between the current state SSt at time

t and a previous state SSt−1 at time t − 1. When the simulation is started, only SSt

is available but not SSt−1. Therefore, throughput for time t cannot be determine, i.e.,

SBt = ∅.

Note that in this chapter we consider theoretical issues of symbiotic simulation. The

complete simulation result [SS,SB] is not necessarily required in practice. In particular,

saving state information may not be desirable (e.g., due to space constraints or perfor-

mance issues). Therefore, in practice it is possible that SS = ∅. The same may apply

to behaviour information (i.e., it may be that SB = ∅).

2.4 Taxonomy

An important concept of symbiotic simulation is that of what-if analysis which entails the

simulation for what-if scenarios. These simulations are used to predict the behaviour of

the physical system depending on specific assumptions concerned with what-if questions

regarding the physical system. For example, different what-if scenarios can be used to

simulate the performance of a manufacturing system by assuming different combinations

of machine settings (i.e., PC0, PC1, . . . ) and expected customer demand (i.e., PE0,

PE1, . . . ) for certain products. A simulation of the physical system depends on the

model and the various model parameters discussed above. Different scenarios are created

by using different values for these elements. Therefore, a what-if scenario w is defined by

a specific model M , specific values for the corresponding sets of model parameters PS,

PC, PE, and a duration r that reflect the various assumptions for this scenario:

w = (M,PS, PC, PE, r) (2.2)

What-if analysis is concerned with the evaluation of what-if scenarios, i.e., with map-

ping a what-if scenario wi to a result [SS,SB]i. Different what-if scenarios are created by
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Table 2.1: Taxonomy of symbiotic simulation systems in terms of a model M , the set of
state parameters PS, the set of control parameters PC, and the set of external influence
parameters PE.

Class M PS PC PE Purpose of What-if Analysis
A fixed fixed variable variable Decision Support/Control
B variable fixed variable variable Model Identification
C fixed variable variable variable State Identification
D fixed fixed fixed fixed Anomaly Detection
E fixed fixed fixed variable Forecasting

using different values for the various sets of model parameters. For example, it is possible

to use a fixed set of values for PS and PE for each what-if scenario but different values

for PC. In this case, the what-if analysis is concerned with different decision making

alternatives (e.g., w0 = (M,PS, PC0, PE, r) and w1 = (M,PS, PC1, PE, r), where PC0

and PC1 represent two different decision alternatives). A number of different classes of

symbiotic simulation systems can be identified by considering the various sets of model

parameters which are either fixed or variable. Each class of symbiotic simulation sys-

tem is concerned with evaluating different values for the various elements of a what-if

scenario, with the only exception being r which is not relevant for classification. An

overview of the various classes of symbiotic simulation systems is illustrated in Table 2.1.

The remainder of this section is concerned with a detailed explanation of each class.

2.4.1 Class A Symbiotic Simulation System

Class A symbiotic simulation systems consider the case where the problem is to identify

optimal values for the parameters in set PC so that a desirable state and behaviour can

be achieved in the physical system. This means that class A symbiotic simulation sys-

tems are concerned with decision making problems. For this purpose, the WIA process

evaluates what-if scenarios that reflect different decision making alternatives. A partic-

ular alternative decision is represented by corresponding values for model parameters in
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PC. In addition, what-if scenarios can also reflect different environmental conditions by

assuming different values for the parameters in set PE. Generally, testing a particular

decision under various environmental conditions increases the robustness of the decision

making process. A decision that is less affected by environmental conditions are more

robust and reliable as compared to a decision that has been tested under the same envi-

ronmental conditions only. For example, assume that operational decision support in a

semiconductor manufacturing system is concerned with decisions regarding the optimal

configuration of the various machines. For this purpose, different machine configura-

tions are reflected by different values for model parameters PC. External influence, such

as customer order arrival which cannot be determined beforehand, may affect the per-

formance of decisions. In order to assure the robustness of decision making, different

scenarios with varying setup times can be considered by using corresponding values for

PE.

The simulation system uses what-if analysis to investigate alternative decision making

scenarios and the best decision is determined by analysing the simulation results. This

decision is either proposed to an external decision maker or directly implemented in the

physical system by means of actuators. We therefore further distinguish between a class

A symbiotic simulation system for decision support or control, respectively. In case of

a decision support system, control of the physical system is entirely up to the external

decision maker which may or may not consider input from the symbiotic simulation

system. Therefore, a decision support system only indirectly influences the physical

system. A control system is the extension of a decision support system which is capable of

directly implementing decisions by means of actuators. Although there may be significant

differences between the realisation of these two kind of systems, from a conceptual point

of view they are equivalent unless there is a probability that the external decision maker

rejects a decision suggested by the simulation system. An overview of a class A symbiotic
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simulation system for decision support or control is illustrated in Figure 2.2 and Figure

2.3, respectively.

Figure 2.2: Overview of a class A symbiotic simulation system for decision support. The
variable elements PC and PE of the what-if scenario are highlighted.

Figure 2.3: Overview of a class A symbiotic simulation system for control. The variable
elements PC and PE of the what-if scenario are highlighted.

Many application examples of class A symbiotic simulation system for decision sup-

port can be found in the literature. For example, this includes answering what-if questions

asked by fire fighters for situation assessment [97], simulation of alternative threat man-

agement scenarios upon an incident in a water distribution network [88], and dynamic

path planning of a UAV using what-if scenarios [67]. In these examples, various sce-

narios are simulated and analysed to make appropriate decisions. There is also work in

the literature which does not explicitly mention the use of what-if scenarios but does so

implicitly. These include traffic control and management [46], and electric power trans-

mission systems [93, 94]. Applications that directly implement decision into the physical
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system (i.e., control systems) can be found in the literature as well. This includes the

use of controlling agents to make necessary modifications to a semiconductor manufac-

turing system [83], on-line planning and control in manufacturing [29], implementation of

simulated situational escalation scenarios by activating actuation mechanisms [98], and

control of hydraulic gates in the context of flood water diversion [136].

2.4.2 Class B Symbiotic Simulation System

Class B symbiotic simulation system consider the case where a reference model is not

available and has to be identified. This means, that class B symbiotic simulation system

are concerned with model identification problems. For this purpose, the WIA process

evaluates what-if scenarios that are concerned with different model alternatives. Each

what-if scenario makes use of a different model and essentially represents an alternative

hypothesis regarding the underlying causes of the state and behaviour of the physical

system. The goal of a class B symbiotic simulation system is to determine a model that

explains the state and behaviour of the physical system with sufficient accuracy.

We can further distinguish between active and passive model identification. Active

model identification refers to the case where the simulation system is actively exercising

influence on the physical system (using the set of control parameters PC) to test various

hypotheses. In case of passive model identification, the simulation system is not exercising

any influence on the physical system, i.e., PC is not used. As explained above, the set of

model parameters PC refers only to those controllable variables of the physical system

that can be influenced by the simulation system. Any external control of the physical

system by a 3rd party would have to be reflected in the simulation model or as part

of PE. An overview of an active or a passive class B symbiotic simulation system is

illustrated in Figure 2.4 and Figure 2.5, respectively.
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Figure 2.4: Overview of an active class B symbiotic simulation system. The variable
elements M , PC, and PE of the what-if scenario are highlighted.

Figure 2.5: Overview of a passive class B symbiotic simulation system. The variable
elements M and PE of the what-if scenario are highlighted.

An example for an active class B symbiotic simulation system can be found in [3],

where it is used to characterise the three dimensional mechanical properties and geolog-

ical structure of sites in seismically-active regions. In this application, an inverse wave

propagation problem is solved using sensor data. Field experiments are performed to ex-

cite the soil at a particular location (PC). Measured ground motion data is collected and

used to identify the material properties by solving the inverse wave propagation model.

This model is used to describe how shock waves propagate through the soil. Solving the

inverse problem is essentially concerned with the question regarding how the soil has to

be characterised in order to explain the actually measured wave propagation. In addi-

tion, regions with high degree of uncertainty are identified and additional experiments

are performed until a desired level of model accuracy has been achieved.
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An example for a passive class B symbiotic simulation system is described in the con-

text of WIPER, a wireless phone based emergency response system [86, 87]. This system

collects data of communication and activity patterns from millions of cell phone users to

detect and simulate emergency events as well as traffic jams. A detection and alert sys-

tem is used to detect anomalies which indicate possible emergencies. Once detected, an

appropriate model of the anomaly is determined by evaluating different hypotheses about

the emergency events by means of simulation. Each hypothesis is reflected by different

models. For example, a model may reflect a traffic accident situation. The simulation

results are compared with sensor data in real time. The model which describes the event

best is then used for forecasting the future course of the emergency event.

Evaluation of what-if scenarios, i.e., identification of the reference model, can be done

by using historical sensor data from the physical system or real-time sensor data. In the

first case, the purpose is to see whether the model is capable of predicting the current state

and behaviour of the physical system with sufficient accuracy, based on a given model,

a past initial state of the physical system, and recorded information regarding external

influence. The second case initialises the simulation with the current state of the physical

system and performs a real-time simulation where external influence is injected into the

simulation as it becomes available. A combination of these two variants is also possible.

Which method should be used, depends on the application context. The first method

has the advantage of being able to perform a as-fast-as-possible simulation whereby the

second method has to perform a real-time simulation which is synchronised with the

physical system. Synchronisation may not be easy to realise and in some applications,

only the first method is applicable. However, the first method makes use of historical

data which may be too old and thus result in a reference model that is tailored to a past

situation, i.e., the resulting reference model may be out of date.
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2.4.3 Class C Symbiotic Simulation System

Class C symbiotic simulation systems consider the case where a reference model is avail-

able but the state of the physical system is unknown, or only partially known, and thus

has to be identified. For example, incomplete state information might be a result of

lack of sensor data. This means that class C symbiotic simulation system are concerned

with state identification problems. For this purpose, the WIA process evaluates what-if

scenarios that are concerned with different initial states. Class C symbiotic simulation

systems are closely related to class B symbiotic simulation systems. The WIA process

in both classes of symbiotic simulation systems is concerned with minimising the error

between matching simulation results with data from the physical system. This is done by

using what-if scenarios that are concerned with different hypotheses regarding the initial

state or the model, respectively: class C symbiotic simulation system are concerned with

identifying the set of state parameters PS and class B symbiotic simulation system are

concerned with identification of M . Similarly to class B symbiotic simulation systems,

it can be distinguished between an active and a passive class C symbiotic simulation

system, depending on whether PC is used or not. An overview of an class C symbiotic

simulation system is illustrated in Figure 2.6.

Figure 2.6: Overview of a class C symbiotic simulation system. The variable elements
PS, PC, and PE of the what-if scenario is highlighted.

An example for a class C symbiotic simulation system is described in the context of
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DDDAS where unknown boundary conditions in a fluid-thermal system (e.g., combustors,

furnaces, and reactors) [76, 77] have to be determined. In this particular example, the

average jet temperature and velocity are assumed unknown while only the jet pressure

is assumed known, i.e., temperature and velocity cannot be directly measured. Instead

measurements are taken from a restricted region in the flow system. Based on these

measurements, a model of the system is used in an inverse procedure to determine the jet

temperature and velocity. For this purpose, the model of the flow system is executed with

different values regarding the jet temperature and velocity. For each set of parameters,

the measured data is predicted and compared with the actual sensor measurements.

These parameters are optimised until the error in the prediction of measured data is

minimised. The results of this optimisation process is a simulation instance which can

be used to predict the entire state of the physical system (i.e., the temperature and the

velocity of the jet stream in the physical system).

2.4.4 Class D Symbiotic Simulation System

Class D symbiotic simulation systems consider the case where a reference model of the

physical system is available and executed in parallel with the physical system by means of

a real-time simulation [45]. Unlike other classes of symbiotic simulation systems, there are

no variables in a class D symbiotic simulation system. Since the reference model can be

used to predict the future state and behaviour of the physical system with a high degree

of accuracy, the simulated behaviour of the physical system is continuously compared

with the actual behaviour of the physical system. Discrepancies between simulated and

actual behaviour indicate an anomaly which is due to either a problem with the model

or a problem with the physical system. Although a class D symbiotic simulation system

can be used to detect anomalies, it does not distinguish whether an anomaly is due to an

abnormal behaviour of the physical system or due to model inaccuracy. Therefore, the

source of the anomaly has to be
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identified by other means. Compared with other classes of symbiotic simulation sys-

tems, which consider multiple scenarios, a class D symbiotic simulation system is different

because it uses a single scenario only, i.e., the reference scenario wR. This scenario uses

a reference model MR and reflects the current state of the physical system. An overview

of a class D symbiotic simulation system is illustrated in Figure 2.7.

Figure 2.7: Overview of a class D symbiotic simulation system. There are no variable
components in the reference scenario wR.

For example, a class D symbiotic simulation system can be used to detect structural

damage by comparing simulated and measured values, as described in [27]. An example of

detecting an inaccurate model in the context of a social sciences application is described

in [72]. Discrepancies between expected and actual behaviour are detected in the context

of exception management on a shop floor in [68].

2.4.5 Class E Symbiotic Simulation System

Class E symbiotic simulation systems consider the case where a reference model of the

physical system is available and the purpose is to create a high-fidelity forecast that

incorporates real-time data from the physical system. The various what-if scenarios are

concerned with different assumptions regarding external influence, i.e., the component of

the what-if scenario that is variable is PE. The output of these simulations can be used

by an external process for visualisation purposes or further analysis. A class E symbiotic
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simulation system is similar to a class A symbiotic simulation system as it predicts future

states of the physical system depending on a number of what-if scenarios. However, in

contrast to a class A symbiotic simulation system, a class E symbiotic simulation system

does not consider control influence by the simulation system. An overview of a class E

symbiotic simulation system is illustrated in Figure 2.8.

Figure 2.8: Overview of a class E symbiotic simulation system. The variables component
PE of the what-if scenario is highlighted.

For example, a class E symbiotic simulation system can be applied to short-term

wildland fire prediction [33, 90, 91] and image guided neurosurgery [89].

2.4.6 Hybrid Symbiotic Simulation Systems

Each of the different types of symbiotic simulation systems can be applied independently.

For example, a single class A symbiotic simulation system is used in [83] to control semi-

conductor manufacturing back-end operations. However, depending on the application

context it makes sense to combine various symbiotic simulation system. For example, the

WIPER application [86] consists of several subsystems which are responsible for anomaly

detection, simulation-assisted hypothesis testing (model identification), and decision sup-

port. Each of these subsystems could be realised with a symbiotic simulation system. A

system which consists of a number of symbiotic simulation systems is further referred to

as a hybrid symbiotic simulation system.
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2.5 What-if Analysis Process

The various classes of symbiotic simulation systems can be divided into two groups, based

on whether the purpose of the WIA process is optimisation-based problem solving or not.

• Group 1 consists of class A, class B, and class C symbiotic simulation systems.

These three classes of symbiotic simulation systems are concerned with problem

solving based on optimisation. Class A symbiotic simulation systems are concerned

with maximising the benefits for the physical system by finding an optimal or near

optimal decision. Class B and class C symbiotic simulation systems are concerned

with minimising the error between simulated and observed behaviour of the physical

system by identifying the reference model or state of the physical system.

• Group 2 consists of class D and class E symbiotic simulation systems. These two

classes of symbiotic simulation systems are not concerned with optimisation. Class

D symbiotic simulation systems are concerned with detection of anomalies either

in the used simulation model or in the physical system by continuously comparing

simulation and physical system. The problem here is to identify a discrepancy. Al-

though this may not be trivial, it does not involve any form of optimisation (at least

not on the level of the what-if analysis). Similarly, Class E symbiotic simulation

systems are used to simulate a set of scenarios, using varying external influence,

for the purpose of forecasting. This does not involve any form of optimisation from

the perspective of the what-if analysis.

The symbiotic simulation system needs to be able to recognise a problem and trigger

the WIA process. For this purpose, a corresponding triggering function ftr(St, Bt) =

{true, false} is used. The problem may depend on the current operational conditions of

the physical system and the symbiotic simulation system needs to be able to specify the
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exact problem that needs to be solved before starting the WIA process. It is therefore

important to have a clear notion of what comprises a problem in general and, more

specifically, in the context of a particular application. According to Duncker, “a problem

arises when a living creature has a goal but does not know how this goal is to be reached.

Whenever one cannot go from the given situation to the desired situation simply by

action, then there is the recourse to thinking . . . Such thinking has the task of devising

some action which may mediate between the existing and the desired situations” [35].

Similarly, Newell and Simon explained that “a person is confronted with a problem when

he wants something and does not know immediately what series of actions he can perform

to get it” [101].

Objective and Performance Indicator Generally, a problem involves an objective

that has to be achieved (Duncker explicitly mentioned a goal and Newell and Simon do

so implicitly by mentioning the desire for “something”). In the context of symbiotic

simulation, we define an objective Ω in terms of some performance indicator PI. In

class A symbiotic simulation systems the purpose of a what-if analysis is to find solu-

tions to a decision making problem. Comparing the performance of alternative decisions

requires a performance indicator PI which quantifies the performance of a simulated

what-if scenario. In order to compare PI values, there has to be a comparison function

fc(Ω, P Ii, P Ij) = {true, false} which indicates whether a performance indicator value

PIi is better than or equal to another performance indicator value PIj with respect to

Ω. For example, a possible objective in the context of a semiconductor manufacturing

system would thus be to maximise throughput: Ω = max{PI}, where PI indicates the

performance in terms of throughput. However, in class B and class C symbiotic sim-

ulation systems, the purpose of the what-if analyses is to find solutions to a model or

state identification problem. It requires a comparison between the simulated physical
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system and the real-world physical system. In this case, comparison is based on how

well a what-if scenario (concerned with different models and/or assumptions regarding

the state of the physical system) is capable of explaining the behaviour and state of the

physical system. A performance indicator PI would thus reflect performance in terms of

some measure of deviation. The objective would thus be Ω = min{PI}.

Solution and Solution Space A problem is well-defined if there is a test which can be

applied to a proposed solution in order to determine whether it is in fact a solution [95].

Furthermore, it is required that testing a solution has to be possible within a finite

number of steps [95] (or “with a relatively small amount of processing effort” as described

by Newell and Simon [101]). This definition of a well-defined problem is insufficient in

the context of symbiotic simulation because the test only indicates whether a proposed

solution actually is a solution or not, i.e., either yes or no. However, it does not allow to

rank solutions, i.e., it implies that two solutions are equal. In practice this is often not

sufficient. If, during the search process, many solutions are found then it must also be

possible to rank them with respect to the quality of solutions. Therefore, it is important

to be able to determine whether one solution is better or worse than another one. As

a consequence, at the end of a what-if analysis, it is not only possible to distinguish

between solutions and non-solutions, but also between good solutions and bad solutions.

The best solutions found (there may be multiple solutions that are equal in terms of

performance) represent the problem solver agent’s answer to the problem.

In the context of real-world problems, solutions cannot always be represented by real

numbers. Solutions in the context of symbiotic simulation cannot be limited to real values

only. In addition, the solution space (i.e., the space of all solutions to a problem) and

what exactly constitutes a solution is highly application-specific. For example, a solution

in the context of a manufacturing problem is likely to be quite different from a solution
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to a UAV path planning problem. While a solution of the first may include mappings of

machines and setups, the latter may include a series of way points in a two dimensional

space. Moreover, as explained in Section 1.3, an important issue with problem solving in

symbiotic simulation systems is the fact that operational conditions are changing. As a

consequence, the nature of the problem (and possible also the solution space) may change

over time. Later in Chapter 3, we will introduce and discuss our approach, based on a

descriptive language to define a problem-specific solution space. For now, it suffices to

say that there is problem-specific information Γ which can be used to derive a solution

space X from which candidate solutions x ∈ X can be selected for further consideration.

In symbiotic simulation, solutions to a problem represent the corresponding values to

only some of the elements of a what-if scenario. A solution is thus not sufficient to create a

complete what-if scenario. For example, in case of a class A symbiotic simulation system,

a solution represents the values for the model parameters PC. The other elements of a

what-if scenario (i.e., M , PS, PE, r) need to be specified as well in order to evaluate

the performance by means of simulation. For this purpose, a corresponding composer

function wi = fwis(xi) is used which combines a solution xi with the values of the other

required elements to form complete what-if scenario wi. Since the solution space is derived

from Γ, a corresponding scenario space W = {fwis(x0), fwis(x1), . . .} can be derived by

applying fwis over all solutions in X.

A corresponding simulation function [SS,SB]i = fsim(wi) or PIi = fsim(wi) (depend-

ing on the application and class of symbiotic simulation system) is used to evaluate the

what-if scenario. In practice, this function can be realised by using a commercial-off-the-

shelf (COTS) simulation package, such as AutoSched2 for example, or any other suitable

simulation package that is capable of executing the simulation model specified by the

what-if scenario. A simulation may either directly result in PI information or in state

2http://www.appliedmaterials.com/services-software/library/autosched-ap
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and behaviour information [SS,SB] which needs to be processed further to obtain PI in-

formation. For this purpose, an application-specific function PIi = fpi([SS,SB]i, St, Bt)

or PIi = fpi([SS,SB]i) has to be used which calculates PIi for a particular what-if sce-

nario wi based on the simulation results [SS,SB]i. Depending on the class of symbiotic

simulation system, this mapping function may also take the state St and behaviour Bt of

the physical system at time t into account. While this is necessary for class B and class

C symbiotic simulation systems, it is optional for a class A symbiotic simulation system

because what-if scenarios can be evaluated based on the simulation results.

Searching for a Solution In symbiotic simulation, problem solving is done by the

WIA process and can essentially be considered as simulation-based on-line optimisation.

The general optimisation problem for problem solving in Group 1 symbiotic simulation

systems can be stated as follows. The binary relation � is used to determine the partial

order of what-if scenarios in the what-if scenario space W = {w0, w1, . . . , wn−1} based

on their associated performance indicators PI0, P I1, . . . P In−1 by using the comparison

function fc. It holds that wi � wj if and only if fc(Ω, P Ii, P Ij) = true (i.e., if PIi is

better than or equal to PIj with regards to objective Ω). It is assumed that for each

problem, there is a non-empty set Xo ∈ X of optimal solutions (and analogous to it, a

set Wo ∈ W of optimal what-if scenarios) for which the following holds:

∀xi, xj ∈ Xo : xi � xj ∧ xj � xi (2.3)

∀xi ∈ Xo, xj ∈ X\Xo : xi � xj (2.4)

This means that all solutions in Xo are equal in terms of their performance (Equation 2.3)

and the solutions in Xo are better than the remaining individuals in X (Equation 2.4).

Therefore, the objective of the search performed by the WIA process is to find Xo. The

optimisation process is carried out by a suitable optimisation method, further denoted
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by function Xo = fopt(Γ). The optimisation process relies on the the comparison function

fc which reflects the optimisation objectives Ω. In addition, the optimisation function

fopt relies on a notion of the solution space derived from problem-specific information Γ.

For each what-if analysis that is carried out over the course of time, both the objectives

Ω and the solution space may be different.

With respect to the problem solver, Newell and Simon noted that “the problem solver

is not really given the set of possible solutions; instead he is given some process for gen-

erating elements of that set (all or some of them) in some order” [101]. This does also

apply in the context of problem solving discussed in this dissertation. The problem

solver has to be provided with problem-specific information Γ that allows the generation

of solutions (i.e., what-if scenarios). This has to be done in a dynamic way because the

problem, and thus the problem-specific information Γ for generating solutions, can be

expected to be different for subsequent WIA processes, triggered at different times. The

same applies for the objectives Ω, which may also change over time. For example, in a

manufacturing environment, a performance problem caused by a tool break down may

have to be handled differently than a performance problem caused by high load. There-

fore, before the actual what-if analysis is carried out, there has to be a pre-WIA process

which is responsible for analysing the physical system and to state the problem, i.e., the

objectives Ω and the problem-specific information Γ required to generate solutions. For

this purpose, a problem analysis function [Ω,Γ] = fpa(St, Bt) is used.

Figure 2.9 illustrates the pre-WIA process and the WIA process.

2.6 Summary

In this chapter we have established a theoretical foundation of symbiotic simulation sys-

tems. In particular, we have identified five distinct classes of symbiotic simulation systems

of which three of them are concerned with problem solving by means of optimisation.
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Figure 2.9: Overview of the Pre-WIA process and the WIA process.
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In addition, some classes do not consider any form of control feedback to the physi-

cal system. This is in contrast with the original definition of symbiotic simulation [44]

which emphasises a mutually beneficial relationship between the simulation system and

the physical system. Mutualism refers to the case where both partners involved in the

symbiosis benefit from each other. While the simulation system benefits from real-time

measurements, the physical system benefits from control feedback created by the simula-

tion system. However, the original definition based on mutualism is unnecessarily narrow

as it rules out classes of symbiotic simulation systems other than decision support and

control.

There is some disagreement in the community with respect to the terminology. What

might be considered a symbiotic simulation by some may be referred to as on-line simu-

lation by others and vice versa. On-line simulation has been used in various other works

[34, 38, 110, 138]. However, none of them has provided a proper definition. Nevertheless,

some of the concepts that have been described in the context of on-line simulation are

also highly relevant to symbiotic simulation. This includes the simulation of multiple

scenarios [4, 29, 110] and the focus on the physical system rather than the measurement

process. In addition, real-time requirements mentioned in [66] are also important for

symbiotic simulation. As consequence, both terms are often used interchangeably. Both

terms have been used in the literature to refer to similar concepts. However, as explained

in Section 2.2, none of them have been properly defined. In the context of this disserta-

tion, we see the need for properly defining the terms “on-line simulation” and “symbiotic

simulation”. We define a on-line simulation as follows:

Definition 2.1 An on-line simulation is a type of simulation which is initialised and/or

driven by real-time sensor data from a physical system. An on-line simulation may be

executed at any pace, i.e., paced to wallclock time, as fast as possible, or arbitrarily paced.
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In particular, an on-line simulation is concerned with a single scenario only, i.e., an on-

line simulation does not simulate multiple scenarios as this would require some sort of

scenario management mechanism.

In addition, we define an symbiotic simulation simulation as follows:

Definition 2.2 Symbiotic simulation refers to the tight coupling of a simulation system

and a physical system by means of sensors and actuators, facilitating real-time interac-

tion. The physical system and the simulation system are inter-dependent and establish a

symbiosis which is beneficial to at least one of them. The simulation system benefits from

sensor data which is collected in real-time from the physical system and primarily used

to initialise and drive on-line simulations about the physical system. The simulation sys-

tem may employ an arbitrary number of what-if scenarios and on-line simulations which

are concerned with the physical system. Symbiotic simulation thus includes a scenario

management mechanism. The physical system may benefit from feedback by the simula-

tion system (e.g., improved decision making and control). However, feedback from the

simulation system to the physical system is optional.

We have further divided the various classes of symbiotic simulation systems into two

groups depending on whether the WIA process is concerned with optimisation-based

problem solving. Although the purpose of the optimisation is different for each of three

classes of symbiotic simulation systems in Group 1, the workflow of the WIA process,

shown in Figure 2.9, is the same. We have described the WIA process and identified

a number of functions that are required to perform a what-if analysis. In addition, we

have stated a general optimisation problem. An important issue in this context, is the

need for a pre-WIA process which is responsible for specifying the problem that has to

be solved by the WIA process. A problem here is defined by an objective Ω and problem-

specific information Γ that can be used to derive a solution space. The next two chapters
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(Chapter 3 and Chapter 4) will be concerned with the details for problem solving (in

particular with the representation of problem-specific information Γ) and the design of a

framework that allows construction of application-specific symbiotic simulation systems.

As for the scope of this dissertation, we will focus on Group 1 symbiotic simulation

systems only because the WIA process of symbiotic simulation systems in this group are

concerned with optimisation problems. We have also distinguished between active and

passive class B and C symbiotic simulation systems (depending on whether PC is used or

not). In addition, we explained that, depending on the application, there can be external

influence (expressed by PE). However, the focus of this dissertation is the WIA process

and the problem of dynamically incorporating problem-specific knowledge. Considering

variations of symbiotic simulation system, such as active class B symbiotic simulation

system or class C symbiotic simulation system, as well as the impact of external influence

on the robustness of the what-if analysis, are beyond the scope of this dissertation and

thus subject to future work (see Section 7.3).
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Problem Solving

3.1 Overview

In the previous chapter we have established a general optimisation problem for Group 1

symbiotic simulation systems (i.e., class A to C symbiotic simulation systems). We have

explained the need for objectives Ω and problem-specific information Γ, of which the latter

is used to determine a solution space. A suitable solver can select candidate solutions

from this solution space for further evaluation. In Section 1.3 we have explained that the

nature of a problem may be different for consecutive what-if analyses. Furthermore, in

the same section, we have also emphasised the importance of specialisation in the context

of optimisation and problem solving. For this purpose, problem-specific information Γ is

crucial as it can be used by a suitable algorithm, employed by the problem solver agent,

to exhibit specialised behaviour.

This chapter is dedicated to problem solving in symbiotic simulation. In this chapter,

we first discuss the background of problem solving in Section 3.2. This includes a discus-

sion on various optimisation techniques in the context of real-world problem solving using

symbiotic simulation which leads to an argument in favour of evolutionary algorithms

(EAs). Furthermore, we discuss the importance of specialisation and explain different

kinds of meta information for evolutionary algorithms (EAs). We then proceed by intro-

ducing a descriptive language that can be used to represent problem-specific information
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Γ in Section 3.3. In addition, we introduce a corresponding meta algorithm that is ca-

pable of interpreting the language in Section 3.4. In Section 3.5 we apply our problem

solving approach to standard optimisation problems from the literature in order to show

the applicability of our approach. We conclude this chapter with a summary in Section

3.6.

The contribution of this chapter is two-fold. First, we introduce a high-level descrip-

tive language that can be used to encode problem-specific information Γ. Second, we

introduce a meta algorithm that is capable of interpreting this language. Later, in Chap-

ter 4, we will integrate the problem solving approach described in this chapter into a

symbiotic simulation framework.

3.2 Background

3.2.1 Advantages of Evolutionary Computing

When it comes to optimisation, an important issue is to select an appropriate optimisa-

tion method that suits the problem at hand. There is a large variety of mathematical

optimisation methods and a correspondingly large body of literature on mathematical op-

timisation. For example, this includes convex optimisation, integer programming, linear

programming, non-linear programming, quadratic programming, dynamic programming,

stochastic programming, and various others. Mathematical optimisation is concerned

with minimisation or maximisation of an objective function that has the following form:

f : Rn → R, where n is number of parameters. Depending on whether the objective

function is known to have certain properties, a corresponding optimisation method can

be used to solve it. For example, linear programming can only be applied if the objective

function is linear and convex optimisation can be used if the shape of the objective func-

tion is known to be convex. Similarly, dynamic programming requires that a problem

can be decomposed into sub-problems which are re-used several times throughout the
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process. In addition, dynamic programming requires that an optimal solution can be

constructed from the optimal solutions of its sub-problems.

The advantage of mathematical optimisation methods is that they are capable of

finding exact solution. However, if a problem does not exhibit the various properties re-

quired by a specific method, this method cannot be applied. As explained by Bonissone et

al. [11], many real-world problems exhibit properties, such as significant non-linearities,

complex coupling, and multiple dimensions, which make it difficult, or even impossible,

to use traditional approaches. In addition, many real-world problems cannot be easily

described as continuous objective functions, neither can solutions to many real-world

problems be described by a vector of real values as it is the case with mathematical

functions. For example, the parameters may not be real values but representing discrete

decisions. Furthermore, real-world problems are almost always stochastic due to uncer-

tainty in the underlying real-world processes. While uncertainty is addressed by some

of the mathematical approaches (e.g., stochastic and robust optimisation), they cannot

be applied due to some of the issues mentioned. Symbiotic simulation is about solv-

ing problems in real-world physical systems and the underlying optimisation problems

often exhibit properties which render mathematical optimisation methods unsuitable.

Alternatives to mathematical approaches are thus required.

In contrast to mathematical optimisation methods, meta heuristics have several ad-

vantages [64]: they are not limited to continuous objective functions and are capable

of handling discrete problems. The range of problems that can be solved by them is

greater as compared to the conventional methods. For example, EAs, a popular type

of meta heuristic, is increasingly used to solve real-world optimisation problems due to

their advantages over mathematical methods [11]. This fact has also been acknowledged

by Fogel [40] who explains that EAs offer considerable advantages for solving real-world

problems. One advantage of EAs compared to mathematical programming-based algo-

rithms is that they can be used to solve a large variety of problems regardless their
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underlying structure. They do not impose similar constraints on the problem structure

as it is the case with traditional optimisation methods such as linear or dynamic pro-

gramming. Instead, EAs can be applied as long as it is possible to rank the individual

solutions according to their fitness3 in order to decide whether a particular solution is

better than another one [40].

There is a variety of methods that can be classified as ‘evolutionary algorithms’. Tra-

ditionally this includes genetic algorithms [56], evolutionary programming [41], genetic

programming [78] and evolution strategies [117] but also more recent developments such

as differential evolution [125]. Other commonly used meta heuristics which are also in-

spired by nature are swarm intelligence methods. Common swarm intelligence methods

include particle swarm optimisation [36, 73], which is inspired by the social behaviour

of bird flocking and fish schooling, ant colony optimisation [8], and bee colony optimi-

sation [126]. Not all meta heuristics are necessarily inspired by nature (e.g., simulated

annealing [16, 75], tabu search [52], and the cross-entropy method [119]). Which meta-

heuristic should be used depends on the problem. However, while some heuristics are

more generally applicable, such as EAs, others are more constrained. For example, al-

though particle swarm optimisation methods have also been used to solve combinatorial

optimisation problem (e.g., [63]), they have originally been developed for continuous op-

timisation problems. In this dissertation, we focus on the use of EAs because of their

wide-spread use for solving combinatorial, continuous, and mixed problems.

An interesting feature of EAs is the so-called “any time behaviour” which refers to the

fact that an EA can be stopped any time – hence the term – and the algorithm will have

some solution available, even if it is not optimal [37]. Furthermore, typical progress of an

3The term fitness has its origins in Biology where it refers to an individuals ability to survive and
reproduce. For example, physical strength is often an important contribution to an individuals overall
fitness. In the context of evolutionary computing, the meaning of fitness is more abstract and usually
defined with respect to the objectives of the EA. For example, if the objective is to minimise some cost
function, then fitness is inversely proportional to that cost function.
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EA shows that the fitness increase is significantly higher during the first half of the run

as compared to the second half. Most of the progress, in terms of fitness improvement, is

done during the earlier generations. With more and more generations being evaluated,

it gets more and more difficult to further improve. EAs have reasonably good solutions

available after only a few generations. This is an important advantage over mathe-

matical optimisation methods which may not have a complete solution available when

interrupted prematurely. Furthermore, Fogel points out that traditional optimisation

procedures have to restart their calculations if any variable of the problem changes [40].

EAs can incorporate changes on-the-fly. This is an important advantage in the context

of symbiotic simulation because real-time sensor data can be continuously injected into

the optimisation process in order to quickly adapt to changing situations.

Despite the many advantages of EAs over traditional optimisation methods, they have

disadvantages as well. The theory behind EAs is not fully established yet and there are

not many guidelines regarding which EA configuration using what parameters is most

suitable for a particular problem. In addition, unlike mathematical-programming ap-

proaches, EAs are not guaranteed to converge to the global optimum. However, as we

already explained in Section 1.3, finding the optimal solution may not be important in

the context of symbiotic simulation. EAs are particularly suitable in the context of sym-

biotic simulation where optimisation is concerned with real-world problems that exhibit

complex behaviour, require real-time decision making and adaptability to dynamically

changing operational conditions. Although mathematical optimisation algorithms may

not be directly applicable, they can sometimes be used in combination with an EA.

This allows combining the advantages from different optimisation methods. For exam-

ple, a hybrid approach combining dynamic programming with an EA has been described

in [137].
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3.2.2 Importance of Specialisation

The importance of using domain knowledge in the design of effective EAs is widely ac-

knowledged, not only as a consequence of the NFL theorems, but also as a result of

experience with practical applications in this area. Specialisation is achieved mainly by

embedding (i.e., hard-coding) available knowledge about a problem into the algorithms.

An overview on the various ways to incorporate domain knowledge into EAs is described

by Bonissone et al. [11]. Domain experts use their knowledge about a problem to choose

a representation that ideally captures all the important features of the problem. In ad-

dition, they design specialised operators and choose parameters that are known to suit

the problem at hand. This has led to a large variety of (sometimes highly) specialised

EAs and meta-heuristics that have been developed to solve a particular problem. How-

ever, such a static approach to specialisation is not desirable in the context of symbiotic

simulation because the problem solver agent will have to solve various kinds of problems

throughout its life time and thus cannot be statically specialised to a particular kind

of problem. Instead, an EA is required which can be specialised with respect to the

requirements of a particular problem that has to be solved by the WIA process.

For example, different problems may require different operators and/or genotype rep-

resentations. In the last decades, a plethora of EAs has been manually designed by

domain experts for solving specific problems. Many noteworthy EA libraries have been

made freely available and used to construct problem-specific EAs. For example, this

includes the GAlib4, EOlib5 [69], and EASEA6 [25]. The presence of EA libraries helps

to reduce the amount of programming efforts and time required by providing commonly

used genotype representations and evolutionary operators for rapid development of EAs.

Although EA libraries can be used to construct different algorithms, they do not provide

4http://lancet.mit.edu/ga
5http://eodev.sourceforege.net
6http://sourceforge.net/projects/easea
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the means to describe EAs on an abstract level, i.e., to create blue-prints that highlight

the characteristic features of EAs. Domain knowledge used to design an EA is reflected

by its implementation (i.e., source code) and thus inseparably embedded into the EA.

A different approach would be to separate domain knowledge from the implementation

of the EA. Given i) a high-level description language to specify relevant problem-specific

meta information and ii) an appropriate algorithm that is capable of interpreting the lan-

guage, EAs, that are not a priori specialised for a particular problem but capable of ex-

hibiting specialised behaviour based on the meta information provided about the problem

at hand, can be constructed. An example for high-level approaches are grammar-based

approaches, such as grammar-based genetic programming [130] or grammatical evolu-

tion [106]. Different problems can be supported by providing problem-specific grammars.

For example, Jung and Reggia present a descriptive encoding language that makes use of

a problem-specific grammar which can be used to evolve designs of neural networks [65].

Their high-level descriptive language, however, is specially designed for neural networks

and is thus not directly applicable to other domains. A more general approach is de-

scribed by Veenhuis et al. which allows specification of EAs on an abstract level using

XML [127, 128]. Although this includes specification of genotypes and various algo-

rithmic aspects (e.g., operators), it has several shortcomings. For example, it does not

support grammars and constraints.

Existing approaches either do not consider any form of high-level specification or have

been designed for a particular problem or branch of evolutionary computing. Although

existing approaches, most notably grammar-based approaches, address some of these is-

sues, a unified approach remains an open issue. For example, grammar-based approaches

have been mostly used for genetic programming and it is not clear how applicable they

are to problems from other domains. Therefore, in this chapter, we propose a formal

evolutionary computing modelling language (ECML), based on the unified modelling
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language (UML) [105], that allows the design of problem-specific genotypes. This in-

cludes specification of the structure and encoding of genotypes as well as relevant details

regarding the processing of genotypes. In addition to the proposed ECML, we introduce

the concept of a meta evolutionary algorithms (MEAs) as a class of EAs that is capa-

ble of interpreting ECML-based genotype models and processing genotypes accordingly.

MEAs are meta algorithms because their search mechanisms and behaviour are defined

by the meta information specified in the genotype model. Furthermore, MEAs can be

designed as interpreters. This allows them to dynamically adapt their behaviour as the

meta information is changing.

3.2.3 Meta Information: Genotype Representations, Operators,
and Constraints

An important issue for improving the performance of an EA is the selection of an appro-

priate genotype representation [115]. A good representation captures important features

of the problem domain that are necessary to effectively solve the problem [31]. To date,

there exists a large variety of genotype representations. For example, string and ma-

trix structures are commonly found in the context of genetic algorithms, evolutionary

programming, evolutionary strategies, and learning classifier systems. In genetic pro-

gramming, on the other hand, tree structured genotypes are used. Encoding of geno-

types includes binary-, integer-, real-, and mixed coding. More recently, some work has

encoded information regarding the logical structure as part of the genotype. For exam-

ple, analog genetic encoding [92], used to evolve analog circuits and networks (hence the

name), incorporates special tags into the genotype to indicate the type of information

that follows. Nevertheless, meta information regarding the structure and encoding of the

genotype is usually not provided.

Most components of an EA require knowledge about the genotype and its represen-

tation. For example, this includes variation operators, i.e., recombination and mutation
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operators. In addition to selecting an appropriate representation it is also important to

select appropriate operators that suit the problem and the chosen genotype representa-

tion. Some variation operators are more generally applicable than others. For example, a

uniform crossover operator can be applied regardless how genotypes are encoded. In con-

trast, arithmetic crossover operators are only useful for integer- or real-coding genotypes.

There are also EA components that generally do not require any knowledge about the

genotype. For example, selection operators are concerned with the quality of individuals

(in terms of some fitness metric) and thus do not require knowledge about the genotype

representation.

Another important issue that has to be considered is constraint handling. There are

various methods that are commonly used for constraint handling. For example, this

includes penalising or repairing genotypes that do not satisfy constraints. Another con-

straint handling method is to use an indirect encoding of solutions to the problem. More-

over, it is also possible to make use of knowledge about constraints to design operators

that prevent the generation of genotypes that do not satisfy the constraints altogether.

This method requires the EA to be aware of constraints. For example, in the context of

high-level approaches, attribute grammars can be used to specify semantic information

that is exploited by the EA when evolving the genotypes [24].

Domain knowledge that has been used at design time to construct an EA is reflected

by the choice of genotype representation, operators, and constraint handling methods.

As explained above, we aim at separating this kind of knowledge from the actual im-

plementation. We believe that the genotype representation is essential in this regard

as many components of an EA rely on knowledge about the genotype. For this reason,

we have chosen a genotype-centric approach and focus on the specification of genotype

models using ECML. This includes not only meta information regarding the structure

and encoding of genotypes but also meta information regarding the various processing

aspects and constraints.
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3.3 Genotype Specification

We aim at proposing a formal modelling language which can be widely accepted within

the community. The unified modelling language (UML) is a general-purpose modelling

language and has been chosen as the basis for ECML because it is a formal language

(all elements have a well defined meaning). It is an industry standard, extensible, and

supports constraints. In addition, UML is neutral because it is not associated with a spe-

cific problem or branch of evolutionary computing. An introduction to UML, including

references to corresponding literature, can be found in [42].

UML provides a formalism that allows the modelling of the various artefacts of a sys-

tem. This formalism includes various standardised modelling elements and a well-defined

notation. Although its original purpose is to model software systems, UML can also be

used to model non-software systems. For example, the Systems Modelling Language

(SysML) is a general-purpose language that uses a subset of UML elements to support

the specification, analysis, design, and verification of complex systems [104]. Similarly,

ECML is a general-purpose language that is used to model genotypes and related process-

ing aspects of an EA. For this purpose, ECML uses basic UML elements and introduces

extensions that are specially needed in the context of evolutionary computing.

Two important advantages of UML are the support of constraints and its extensibility

by means of stereotypes and profiles:

• Constraints may be expressed as plain text or by formal means. For example,

the object constraint language [103], which supplements UML, can be used for

this purpose. Constraints are enclosed by curly brackets (i.e., {constraint}) and

attached to the corresponding modelling element.

• Stereotypes are used to extend the core semantics of UML with semantics that are

needed in the context of a particular domain. A stereotype is enclosed by guillemets
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(i.e., <<stereotype>>) and is attached to the corresponding modelling element. By

doing so, the modelling element is marked as one that has a specific meaning in

the domain context.

• Profiles are specifications of common model elements within a specific domain con-

text. For example, SysML is defined as a profile which extends UML by a set of

elements that are specifically needed for modelling complex systems.

In the remainder of this section, we will describe various modelling elements that are

specially needed in the context of evolutionary computing. We also introduce a number

of semantic extensions using corresponding stereotypes.

3.3.1 Genotype Encoding and Structure

A genotype model defines the structure and encoding of genotypes in the context of a

particular problem. Based on the structural information provided by a genotype model,

a genotype instance g ∈ G can be generated, where G is the set of all genotype instances

that can be generated based on a specific genotype model G. Later in Section 3.4.1 we

explain how exactly genotype instances are generated based on a given genotype model.

As for the specification of genotype models, ECML provides two kinds of modelling

elements that can be used for this purpose: entities and relationships.

3.3.1.1 Entities

Entities are used to define the various building blocks, such as genes, that are needed to

model genotypes for a particular problem.

A gene is defined as “a locatable region of genomic sequence, corresponding to a unit

of inheritance, which is associated with regulatory regions, transcribed regions and/or

other functional sequence regions” [109]. Alleles are the different possible forms of a

gene. Phenotypic traits depend on how corresponding genes are expressed, i.e., which
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alleles are present at the particular locations of the genome that are associated with

the corresponding genes. For example, the eye colour in humans is a phenotypic trait

and depends on how the genes, that are associated with encoding the eye colour, are

expressed by corresponding alleles (e.g., blue or green). A genome is the complete genetic

information of an individual.

Similarly, in the context of evolutionary computing, we consider genes as the basic

building blocks that constitute the genotype of an individual. In addition, alleles are

used for coding purposes. A genotype consists of a number of genes that, depending

on their location in the genotype, are associated with different problem-specific features.

They are identified by the <<gene>> stereotype. The notation for genes is illustrated in

Figure 3.1a. For example, consider the family of knapsack problems [70]. This kind of

problem is concerned with the optimal selection of items, each being associated with a

profit and a weight, in order to maximise the overall profit while not exceeding a total

weight limit. Genotypes for the knapsack problem can be modelled by using genes to

encode the selection of items. Each gene is expressed by an allele that indicates whether

a particular item is selected or not. The genotype is thus a sequence of “yes” and “no”

alleles in which the i-th allele corresponds to the i-th item.

We distinguish between two types of alleles: symbolic alleles and numerical alle-

les. For example, in the knapsack problem described above, symbolic alleles are used

to indicate selection. Unlike symbolic alleles, numerical alleles can be used to per-

form arithmetic operations. Valid numerical values for expressing a particular gene

are modelled by an interval with lower bound lb, upper bound ub, and resolution res.

The resolution is used to specify the accuracy of the numerical values (i.e., it deter-

mines the number of discrete values). An interval thus represents a set of numeri-

cal values {lb, lb + r, lb + 2r, . . . , ub − 2r, ub − r, ub}. We further distinguish between

integer- and real-value numerical alleles, identified by the <<int(lb,ub,res)>> and the
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(a) (b) (c)

(d) (e) (f)

Figure 3.1: Notation of modelling elements used for genes (3.1a), symbolic alleles (3.1b),
integer-value alleles (3.1c), real-value alleles (3.1d), cluster entities (3.1e), and root enti-
ties (3.1f).

<<real(lb,ub,res)>> stereotypes, respectively. Symbolic alleles are considered as de-

fault type and thus not explicitly marked as such. The notations for the various types of

alleles are illustrated in Figure 3.1b through Figure 3.1d.

Multiple building blocks can be grouped together and treated as a higher-order build-

ing block. For this purpose, the concept of clusters is introduced. Unlike genes, cluster

entities are not used for coding purposes, i.e., they are not expressed by alleles. In-

stead, they are used to represent higher-order building blocks. Cluster entities play an

important role for structuring genotypes. For example, later in Section 3.5.2 we discuss

a representation for a job-shop scheduling problem that makes use of cluster entities to

structure the genotype. A cluster entity is identified by the <<cluster>> stereotype. A

cluster with a special meaning is the root entity which indicates the starting point for

interpreting the genotype model. It has to appear exactly once in a genotype model and

is identified by the <<root>> stereotype. The notations for cluster and root entities are

illustrated in Figure 3.1e and Figure 3.1f, respectively.

3.3.1.2 Relationships

ECML defines three kinds of relationships: expression, association, and activation rela-

tionships.
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Expression Relationships When specifying the genotype model for a particular prob-

lem, it is necessary to indicate which alleles can be used to express a certain gene. For

this purpose, the expression relationship is used. It connects an allele with a gene. De-

pending on the problem, there might be several alternative alleles for expressing a gene.

For example, in the knapsack example above, a gene can be expressed by either one of

two possible alleles. In such a case, there can be multiple expression relationships, involv-

ing the same gene and different alleles, to define the possible alternatives for expressing

the gene. The notation for expression relationships is illustrated in Figure 3.2a. This

example illustrates a gene E which can be expressed by a symbolic allele a.

Association and Activation Relationships Many problems require the definition of

multiple genes of the same kind. For example, consider the knapsack problem described

above. Depending on the number of selectable items, there has to be a corresponding

number of genes in the genotype. For this purpose, association relationships are used.

They establish one-to-many relationships between two building block entities (i.e., gene

or cluster entity). This allows to specify the multiplicity of a building block relative to

another. The exact multiplicity is an attribute of the relationship. The notation for

association relationships is illustrated in Figure 3.2b. This example illustrates two genes

E1 and E2 which are associated with each other. For each instance of gene E1 there are

exactly m instances of gene E2. The naming convention for association relationships is

Rname, where name is the name of the relationship.

Another relationship, which is similar to an association relationship, is the activation

relationship. It indicates whether a particular building block is present in the genotype or

not, depending on the expression of a particular gene. Unlike an association relationship,

which connects two gene or cluster entities with each other, an activation relationship

connects an allele with a gene or cluster entity. Similarly to association relationships,
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(a)

(b) (c)

Figure 3.2: Notation of relationships used in the genotype model for expression (3.2a),
association (3.2b), and activation (3.2c).

it is possible to specify the multiplicity of an activation relationship. The notation for

activation relationships is illustrated in Figure 3.2c. This example illustrates an allele

a which activates m instances of gene E. For each appearance of allele a there are m

instances of gene E in the genotype. The naming convention for activation relationships

is the same as for association relationships.

3.3.1.3 Example Genotype Models G1 and G2

The genotype model G1, illustrated in Figure 3.3a, consists of two genes E1 and E2.

Corresponding expression relationships indicate that gene E1 can be expressed by the

symbolic alleles a or b. Furthermore, it is indicated that gene E2 can be expressed by the

symbolic alleles c or d. There are three instances of gene E1 in every genotype instance

created, based on this model. This is indicated by the association relationship R1 which

connects the root entity G1 with gene E1. Whether or not there will be any instances of

gene E2 in the genotype instance depends on how the various instances of gene E1 are

expressed. For each instance of gene E1 which is expressed by symbolic allele b, there are

two more instances of gene E2. This is indicated by the activation relationship R2.

Although the size of genotype instances for genotype model G1 is not fixed, it is

limited to a maximum of three E1 and six E2 instances. In contrast, the genotype model

G2, illustrated in Figure 3.3b, can grow arbitrarily large during the process of evolution.

Genotype instances based on genotype model G2 have at least three E1 instances (because
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of association relationship R1). For each E1 instance there is a E2 instance (because

of association relationship R2) and depending on how this gene is expressed (either y

or n), there are more E1 instances (because of activation relationship R3). Circular

relationships, such as in genotype model G2, effectively allow the genotype structure to

grow during the process of evolution.

(a) (b)

Figure 3.3: Example for genotype models using non-circular relationships (3.3a) and
circular relationships (3.3b).

The actual genotype representation depends on the EA implementation. Later in

Section 3.4.1 we discuss our proof-of-concept MEA implementation and explain how

these two examples are represented.

3.3.2 Genotype Processing Meta Information

The various entities and relationships described above can be used to model the problem-

specific genotype structure and its encoding. In addition, a number of extensions are

introduced in order to specify meta information regarding the various processing aspects

of an EA.

3.3.2.1 Variation Operators

An important aspect of an EA is the creation of new individuals. This is done by

applying variation operators (i.e., recombination and mutation) to the selected indi-
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(a) (b)

(c) (d)

(e)

Figure 3.4: Notation of extensions for specification of meta information regarding pro-
cessing aspects: “var” stereotypes assigned to an association relationship (3.4a) and an
activation relationship (3.4b), a “ls” stereotype assigned to an entity (3.4c), an “ap”
stereotype assigned to an expression relationship (3.4d), and a “pdf” stereotype assigned
to an entity (3.4e).

viduals of the population. What kind of variation operations to use depends on the

problem. ECML allows to assign variation operators to association and activation re-

lationships by using a corresponding stereotype. The “var” stereotype is defined as

<<vartype:method(pvar, v0, . . . , vn−1)>>, where method indicates the particular kind of

variation operator, pvar is the probability that the method is performed, and v0, . . . , vn−1

are optional parameters that might be required by the method. With type we further

distinguish between “var” stereotypes for recombination <<varrc:...>> and mutation

<<varmt:...>>.

Multiple variation operators might be applicable to the same relationship. For this

purpose, it is possible to attach multiple “var” stereotypes to the same relationship. In

addition, it is possible to specify different recombination operators for different associa-

tion or activation relationship. Effectively this means that different variation operations

are performed for different parts of the genotype. This applies to recombination operators

and mutation operators likewise. If no variation operator is specified along a particular

relationship, then there will be no such operation performed for the corresponding part
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of the genotype. The notation of the “var” stereotype, attached to an association re-

lationship and an activation relationship, is illustrated in Figure 3.4a and Figure 3.4b,

respectively.

3.3.2.2 Local Search

EAs are sometimes used in combination with a local search method in order to im-

prove the performance. These so-called memetic algorithms [107] have become popu-

lar because their performance is often significantly better as compared to EAs that do

not perform local search. Depending on the problem, different kinds of local search

methods have to be used. For this purpose, we introduce the “ls” stereotype which

indicates that a specific local search method is applied. This stereotype is defined as

<<ls:method(pls, v0, . . . , vn−1)>>, where method indicates the particular kind of local

search method, pls is the probability that the method is performed, and v0, . . . , vn−1 are

optional parameters that might be required by the method. The notation of the “ls”

stereotype is illustrated in Figure 3.4c.

3.3.2.3 Allele Probability Distribution

When creating or mutating genotypes, alleles are often chosen randomly according to

some probability distribution. Usually these probabilities are uniformly distributed

among all possible alleles. It is possible to specify a non-uniform allele probability distri-

bution by using domain knowledge. For this purpose, we introduce the “ap” stereotype

which is attached to any expression relationship and allows the specification of a non-

uniform allele probability distributions. It is defined as <<ap=pa>>, where pa is the

probability of the specific allele to be selected. As a result, some alleles are selected more

frequently than others. This effectively causes the search to be biased towards a certain

region in the search space. The notation of the “ap” stereotype is illustrated in Figure

3.4d.
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In case there are multiple numerical alleles for a gene, then one allele is selected

with a corresponding probability pa. Effectively, this means that a particular interval is

selected with a probability pa. However, for the selected interval, all possible values are

equally likely. This means that a uniform probability distribution function is implicitly

assumed for selecting a specific value within a particular value range. Alternatively,

it is possible to specify a customised probability distribution function using the “pdf”

stereotype. It is defined as <<pdf:type(v0, . . . , vn−1)>>, where type is the particular

distribution function to be used and v0, . . . , vn−1 are optional parameters that might be

required by the probability distribution function. The notation of the “pdf” stereotype

is illustrated in Figure 3.4e. Note that the use of the “pdf” stereotype is only meaningful

for numerical alleles.

3.4 A Meta Evolutionary Algorithm: MEAα

MEAs refers to a family of EAs that is capable of interpreting high-level specifications

(i.e., genotype models presented in ECML) and behaving accordingly. The behaviour of a

MEA can thus change during runtime if the information provided by the genotype model

changes. This includes changes regarding operators (e.g., recombination, mutation, and

local search) as well as changes in the genotype structure or its encoding. Different

problems require different operators. Therefore, a MEA has to be equipped with a

repository of supported operators. For example, EA libraries such as the ones mentioned

in Section 3.2.2 can be used for this purpose. During runtime, corresponding operators

are selected on demand. Selection of operators is based on the meta information provided

by the genotype model, which specifies what operators can be applied to a particular part

of the genotype.

We have developed MEAα, a proof-of-concept Java implementation of MEA, which

is used as implementation of fopt, further denoted as fMEAα
opt : G → Go. In other words,
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Table 3.1: Overview of the abstract concepts and their corresponding concrete counter-
parts

Abstract Concept Concrete Counterpart
fopt fMEAα

opt

Γ G
xi gi
X G
Xo ∈ X Go ∈ G

MEAα is used as the optimisation method needed to perform the WIA process (see Sec-

tion 2.5). When using our approach, based on ECML and MEAα, a candidate solution

xi is encoded by a corresponding genotype instances gi. For the remainder of this disser-

tation we distinguish between the terms “solution” and “genotype instance” as follows.

When discussing general and theoretical issues concerning problem solving in symbiotic

simulation on an abstract level, we use the term “solution”, denoted by x. A geno-

type is a specific way of encoding solutions in the context of the evolutionary computing

approach, used in this dissertation. When discussing implementation-specific issues con-

cerning our approach we will thus use the term “genotype instance”. Table 3.1 presents

an overview of the abstract concepts discussed in Chapter 2 and their corresponding

concrete counterparts introduced in this chapter.

MEAα is designed to be an interpreter that adapts its behaviour dynamically de-

pending on the meta information provided by the genotype model. While the schematic

outline of MEAα follows that of standard EAs, its exact behaviour depends entirely on

the information specified in the genotype model. For examples, whether or not a partic-

ular local search operator is applied depends on whether a corresponding “ls” stereotype

is specified in the genotype model. Similarly, what kind of variation operation is applied

to a particular part of the genotype depends on the corresponding “var” stereotype asso-

ciated with a particular relationship. Some aspects of an EA are not covered by ECML

in its current form. For example, parent selection and termination conditions are not
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specified by ECML. For our proof-of-concept implementation MEAα we make use of a

tournament operator to perform parent selection. In addition, a fixed number of gen-

erations is used as termination condition. An outline of MEAα is illustrated in Figure

3.5.

Figure 3.5: Outline of MEAα. Corresponding local search and variation operators are
provided by a repository and chosen during runtime. Initialisation, local search, and
reproduction make use of information provided by a genotype model G.

3.4.1 Genotype Generation

The genotype instances generated by MEAα are hierarchically structured as a direct

result of the one-to-many relationships in the genotype model, i.e., genotype instances

are tree structures. The various entities and relationships in the genotype model are

reflected by nodes and links in genotype instances, respectively.

The initial population is created by generating a number of random genotype in-

stances. A random genotype instance is created by parsing the genotype model and

creating a corresponding number of nodes for each entity that is encountered. The exact

number of nodes that are created depends on the multiplicity m of the corresponding

association or activation relationship. Each of the created nodes are child nodes that are

connected to their parent node by a corresponding link set. Parent and child nodes are

nodes that correspond to the entities indicated on the source (from entity) and the target
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(to entity) of a one-to-many association/activation relationship, respectively. Each child

node will be assigned a node index 0 . . .m − 1 which allows to identify nodes that are

connected by the same link set.

Parsing of the genotype model is done in a depth-first fashion by following outgoing

association and activation relationships of all entities in the genotype model, starting

with the root entity. Once an entity instance is created, all outgoing relationships and

connected entities are processed in a recursive fashion. If a gene is encountered, then a

random allele is selected from the set of possible alleles (determined by considering the

various expression relationships for that particular gene). A uniform allele probability

distribution is assumed unless specified otherwise by using the “ap” stereotype. In case

of a numerical allele, a random value is generated uniformly with respect to the given

interval unless specified otherwise by using the “pdf” stereotype.

For presentation purposes, we use a tree representation of genotype instances. Nodes

that reflect gene entities are represented by rounded rectangles and named by the allele

and the name of the gene, separated by a colon (i.e., allele name:gene name). For

numerical alleles the actual value of the allele is included as well (i.e., allele name =

value:gene name). Nodes that reflect cluster entities are represented by circles named

after the cluster. An exception are nodes reflecting root entities which are named by the

name of the genotype instance. Each node (except root nodes) has a node index assigned

to it. In our notation of nodes, we indicate the node index for nodes that reflect genes

or clusters in the upper right corner or at the top, respectively. A set of links connects

a node with its child nodes. These link sets are named according to the relationship

they reflect: Lname,i, where name is the name of the corresponding relationship in the

genotype model and i the index of the link set in case there are multiple link sets that

correspond to the same relationship.

For example, consider the genotype model G1 illustrated in Figure 3.3a. A random

genotype instance is created by starting with the root entity G1. A corresponding root
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node which reflects the name of the genotype instance is created. Association relationship

R1 connects root entity G1 with gene entity E1. In addition, R1 has a multiplicity of 3.

Therefore, three nodes are created by selecting random alleles (i.e., either a or b). These

nodes are connected to the root node by a set of links L1,0. Entity E1 has no outgoing

association relationships. If the selected allele does not have any outgoing activation

relationships either, then no further processing has to be done. However, in case of

a b allele, there is one outgoing activation relationship (i.e., R2). This relationship is

processed in the same way as just described for relationship R1. This process continues

until the genotype of the individual is complete, i.e., if all entities and relationships in the

genotype model have been processed. Figure 3.6 illustrates examples of valid genotype

instances for the genotype models G1 and G2, illustrated in Figure 3.3.

(a) (b) (c)

Figure 3.6: Examples of possible genotype instances g1 and g2 for genotype model G1

and a possible genotype instance g3 for genotype model G2.

3.4.2 Genotype Processing

Genotype processing in MEAα is concerned with performing local search and repro-

duction by means of corresponding operators. The meta information provided by the

genotype model determines which operator is used for processing genotype instances.
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More precisely, the various “ls” and “var” stereotypes are used for this purpose. Op-

erators are selected with a certain probability, specified in the corresponding stereotype

(i.e., pls and pvar). As explained above, different operators can be applied to different

parts of the genotype. In general, MEAα performs recombination by sub-tree swapping.

The multiplicity of an association or activation relationship indicates the number of cor-

responding child nodes in the genotype instances. If recombination is performed, then

these child nodes are representing the root nodes of the sub-tree structures which are

subject for swapping. The exact way in which sub-tree structures are swapped between

two parent genotype instance depends on the recombination operator.

For example, consider genotype model G1 and the two possible genotype instances g1

and g2. Assume that a one-point crossover operation can be performed along relationship

R1. Since this relationship has a multiplicity of m = 3, there are three child nodes, each

reflecting an instance of a E1 gene, in the genotype instance. These child nodes represent

the root nodes of the sub-tree structures used for swapping. Since a one-point crossover

operation is performed, a crossover point 0 < k < m is randomly chosen. This means

that all sub-tree structures with root nodes that have an index j ≥ k will be swapped

between the two parent genotype instances g1 and g2. Figure 3.7 illustrates how MEAα

performs recombination for this example.

Mutation is performed in a similar fashion as recombination except that genotype

instances are processed by completely replacing randomly selected sub-trees rather than

by swapping them. For this purpose, randomly selected nodes (and all their child nodes)

are removed from the genotype instance and replaced by new nodes. This node and all its

child nodes (if any) are generated in the same fashion as discussed above in the context

of genotype generation.
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Figure 3.7: Example for recombination of genotype instances g1 and g2 by performing
sub-tree swapping. In this example, it is assumed that a one-point crossover operation
is performed along relationship R1. The corresponding link sets L1,0 for relationship R1

and the root nodes of the sub-tree structures are highlighted. A crossover point k = 1
is indicated by a dashed line that separates nodes with index j ≥ k from the node
with index j = 0. In addition, the sub-tree structures that have been swapped during
recombination are indicated by dashed lines in the resulting genotype instance g3 and g4.

3.5 Application Examples

One of the objectives of this research is to provide a symbiotic simulation framework

that is applicable to a wide variety of applications and not limited to a specific type of

application. This requires our approach to be applicable to a wide range of different

classes of problems. MEAα can be applied to problems across different domains and

branches of evolutionary computing. We demonstrate this by applying our approach to

the following problems:

• Knapsack Problem. A well-known standard optimisation problem which is of inter-

est due to its applications in industry and finance management. In this example

we show how our approach can be used to incorporate problem-specific knowledge
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by using different allele probabilities.

• Job-Shop Scheduling Problem. Another well-known standard optimisation prob-

lem which is of interest due to its applications in scheduling and manufacturing.

In this example, we show how different representations of the same problem can

be described in ECML. In addition, we show how cluster entities can be used to

structure the genotype and how ECML can be used to specify constraints.

Fully-fledged application examples that make use of simulation will be discussed in

Chapter 5 and Chapter 6. In this section we consider problems that do not require

simulation for evaluation. Therefore, we can simplify the evaluation process and consider

a problem-specific evaluation function fe : gi → PIi, which maps a genotype instance to

a corresponding PI value without the need to compose a what-if scenario and perform

a simulation. For each of the problems discussed in this section, we will explain how

the evaluation function fe is implemented. Furthermore, we will also explain how the

comparison function fc compares the various PI values used to rank genotype instances.

3.5.1 Multi-Dimensional Knapsack Problem

Knapsack problems are concerned with finding the optimal combination of items for

which the profit is maximised while the total weight must not exceed the capacity of

the knapsack(s). This kind of problem has been of interest because of its applications in

industry and finance management. There are many variations of the knapsack problem

such as the 0-1 knapsack problem, the bounded knapsack problem, and the unbounded

knapsack problem, for instance. Depending on the particular kind of knapsack problem

there can be various constraints which make the problem more difficult to solve. The

particular kind of knapsack problem with which we will be concerned here is the multi-

dimensional knapsack problem (MKP). Multiple knapsacks with different capacities are
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considered. If an item is selected, then it contributes to the total weight of every knapsack,

where it may take up more or less space depending on the knapsack. Formally, the MKP

can be stated as:

maximise
m∑
j=1

pjaj, (3.1)

subject to
m∑
j=1

rijaj ≤ bi, i = 1, . . . , n, (3.2)

and aj ∈ {0, 1}, j = 1, . . . ,m, (3.3)

where m and n are the number of items and knapsacks, respectively. If selected (i.e.,

if aj = 1), then the j-th item contributes to the total profit with its individual profit

pj and is placed in all knapsacks where it takes up a certain amount rij of space. An

arbitrary number of items can be selected as long as none of the knapsack capacities

bi is exceeded. The objective is to select a subset of items for which the total profit is

maximised. The profits pj and the space requirements rij are dependent on the specific

problem instance under consideration. Later in Section 3.5.1.3, we apply our approach

to a total 48 well-known problem instances from the literature.

3.5.1.1 Representation

The genotype structure of the knapsack problem is rather simple. Items are represented

by corresponding Eitem genes, each of which can be expressed by either a yes or no allele.

Symbolic alleles have been chosen because selecting items is a discrete decision which

does not require numerical encoding. Each of the possible outcomes of this decision is

represented by a unique symbolic allele. The choice of symbols is irrelevant as long as

the decoding mechanism is able to distinguish between them. A single association rela-

tionship Ritems is used to connect the root element with the Eitem gene. This relationship

allows us to specify the multiplicity m, i.e., the number of items considered for a partic-

ular problem instance. The general genotype model GKS,G for the knapsack problem is

illustrated in Figure 3.8.
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Figure 3.8: General genotype model GKS,G of the knapsack problem, defining the struc-
ture and encoding of the genotype.

In addition to specifying the structure and encoding of genotypes, it is necessary

to add meta information regarding the processing aspects. For example, we need to

specify information regarding the various variation operators. In case of the knapsack

problem, a standard recombination operator such as the one-point crossover, indicated

by <<varrc:onepoint(0.6)>>, works well. The probability that this operator is applied

when processing genotypes is pvar = 0.6. The operator does not require any additional

parameters. Similarly, we specify that a random mutation operator is applied with a

probability of pvar = 1.0 using the <<varmt:rand(1.0, 1/m)>> stereotype. This mu-

tation operator has an additional parameter v0 = 1/m that indicates the mutation rate

(i.e., the probability for mutating alleles) used by the operator.

Domain knowledge can be used to improve the performance for solving particular

problem instances. For this purpose, it is sometimes useful to bias the selection of alleles

during generation of individuals or performing mutation. For example, Khuri et al. bias

their genetic algorithm to a particular problem instance by specifying a probability of

5% that an item is selected [74]. By doing so, they are able to achieve better results as

compared to an unbiased version of their genetic algorithm. Such a bias can be specified

in the genotype model by using the “ap” stereotype. The specialised genotype model

GKS,S, is illustrated in Figure 3.9, reflects this improvement.

3.5.1.2 Evaluation Function fe and Comparison Function fc

As for the decoding of a genotype instance, aj = 1 if the j-th Eitem gene is expressed by

a yes allele. Evaluation of a genotype instance g is then done by considering the total
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Figure 3.9: Specialised genotype model GKS,S of the knapsack problem featuring stereo-
types that indicate the choice of variation operators and a customised allele probability
distribution.

profit P (g), the feasibility F (g), and the remaining unused capacity C(g):

P (g) =
n∑

j=1

pjaj (3.4)

F (g) =

{
true if ∀i=1...m :

∑n
j=1 rijaj ≤ bi

false otherwise
(3.5)

C(g) =
m∑
i=1

(
bi −

n∑
j=1

rijaj

)
(3.6)

The result PI for the evaluation of genotype instance g is:

PI = fe(g) = {P (g), F (g), C(g)} (3.7)

Two genotype instances ga and gb are compared based on their profit, feasibility, and

remaining unused capacity. In general, any solution is feasible as long as the capacity

constraints of none of the knapsacks is violated. It is possible that genotype instances are

created, either by recombination or mutation, which are valid (i.e., they are compliant to

the genotype model) but produce solutions that are not feasible. This is a common issue

when solving knapsack problems with genetic algorithms and can be treated in various

ways. For example, Khuri et al. allow genotype instances that represent infeasible solution

to join the population and use a penalty term to decrease their fitness as compared to

genotypes that represent feasible solutions [74]. In addition, infeasible genotype instances

which are farther away from feasibility are penalised more heavily. We have chosen the
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same approach to handle constraint (3.2), i.e., we penalise genotype instances of infeasible

solutions as described below.

Feasible solutions are always considered better than infeasible ones:

F (ga) = true ∧ F (gb) = false ⇒ ga � gb (3.8)

If both solutions are feasible, i.e., if F (ga) = F (gb) = true, then the profit is used as

comparison criterion:

P (ga) ≥ P (gb) ⇒ ga � gb (3.9)

In case two feasible solutions have the same profit, i.e., if F (ga) = F (gb) = true ∧

P (ga) = P (gb), or if both solutions are infeasible, i.e., if F (ga) = F (gb) = false, then

the unused capacity is used as comparison criterion:

C(ga) ≥ C(gb) ⇒ ga � gb (3.10)

3.5.1.3 Experimental Evaluation

MEAα is evaluated on 48 well-known problem instance from the literature. More specif-

ically, we use the test problems introduced by Senju and Toyoda [122] (“sento1” and

“sento2”), Weingartner and Ness [129] (“weing1” – “weing7”), Shih [124] (“weish01” –

“weish30”), and Freville and Plateau [43] (“pb1” – “pb7”, “hp1”, and “hp2”). For all

these problems, optimal (i.e., maximum) profit values are known from the literature and

will be used as reference values for evaluation purposes. We determine the effectiveness

φMKP of MEAα in finding the optimal solution:

φMKP =
P (go)

Po

, (3.11)

where go is the best solution found by MEAα and Po is the known maximum profit.

We use the general genotype model (illustrated in Figure 3.8). As for the parameters,

we have chosen the same values as reported by Khuri et al. [74]. We use a population
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size of 50 genotype instances and limit the evolutionary process to a maximum of 2000

generations. For each problem, a set of 100 experiments has been performed. The results

obtained from these experiments are illustrated in Table 3.2 which shows the minimum

and maximum profits (Pmin and Pmax) obtained (over the set of all experiments), as well

as the corresponding minimum and maximum effectiveness (φMKP
min and φMKP

max ). Some

solutions are found more often than others.

Khuri et al. [74] have analysed a number of MKP instances, including the “weing8”

problem instance. For this particular problem instance, they used a biased initial popu-

lation so that the probability to generate a ‘0’ bit when generating a random genotype is

0.95. In their case, a zero bit indicates that a particular item is not selected. This form of

a priori knowledge can be easily integrated into an ECML model by using corresponding

“ap” stereotypes. The specialised genotype model for this particular case is illustrated in

Figure 3.9. We have performed two sets of experiments for this problem instance using

the general and the specialised MKP genotype model. The result obtained using the

specialised genotype model is indicated as “weing8b”. Table 3.3 shows a performance

comparison for solving the “weing8” problem instance when using the general genotype

model and the specialised genotype model.

The Pmax result obtained for “weing8”, using the general genotype model, is 583775

which is 6.5% less as compared to Khuri et al. [74], who reported 624319 for this problem

instance. However, when using the specialised genotype model, the obtained results are

improved to Pmax = 623612 for “weing8b”. This example highlights the importance of

problem-specific knowledge in order to improve the evolutionary process. With ECML

it is possible to specify problem-specific knowledge in various ways. In this example we

have used a problem-specific allele probability distribution.
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Table 3.2: Effectiveness of MEAα in solving various standard MKP instances.
Problem Pmin Pmax φMKP

min φMKP
max

hp1 3258 3418 0.9532 1.0000
hp2 2923 3186 0.9175 1.0000
pb1 2862 3090 0.9262 1.0000
pb2 2931 3186 0.9200 1.0000
pb4 90262 95168 0.9484 1.0000
pb5 2051 2139 0.9589 1.0000
pb6 530 776 0.6830 1.0000
pb7 907 1035 0.8763 1.0000
sentO1 6476 7761 0.8332 0.9986
sentO2 8361 8720 0.9586 0.9998
weing1 132538 141278 0.9381 1.0000
weing2 118920 130883 0.9086 1.0000
weing3 83320 95627 0.8708 0.9995
weing4 103729 119337 0.8692 1.0000
weing5 92568 98796 0.9370 1.0000
weing6 117418 130623 0.8989 1.0000
weing7 1061135 1094767 0.9687 0.9994
weing8 523500 604347 0.8385 0.9680
weish01 4400 4554 0.9662 1.0000
weish02 4404 4536 0.9709 1.0000
weish03 4001 4115 0.9723 1.0000
weish04 4505 4561 0.9877 1.0000
weish05 4451 4514 0.9860 1.0000
weish06 5383 5557 0.9687 1.0000
weish07 5359 5567 0.9626 1.0000
weish08 5440 5605 0.9706 1.0000
weish09 4639 5246 0.8843 1.0000
weish10 6101 6339 0.9625 1.0000
weish11 5421 5643 0.9607 1.0000
weish12 6086 6339 0.9601 1.0000
weish13 5915 6159 0.9604 1.0000
weish14 6607 6954 0.9501 1.0000
weish15 6856 7486 0.9158 1.0000
weish16 7103 7288 0.9745 0.9999
weish17 8528 8633 0.9878 1.0000
weish18 9333 9580 0.9742 1.0000
weish19 7175 7667 0.9321 0.9960
weish20 9103 9450 0.9633 1.0000
weish21 8460 9074 0.9323 1.0000
weish22 8377 8897 0.9363 0.9944
weish23 7869 8322 0.9431 0.9974
weish24 9840 10220 0.9628 1.0000
weish25 9451 9939 0.9509 1.0000
weish26 8955 9552 0.9344 0.9967
weish27 9114 9819 0.9282 1.0000
weish28 8935 9469 0.9413 0.9976
weish29 8704 9331 0.9250 0.9916
weish30 10850 11187 0.9695 0.9996
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Table 3.3: Comparison of “weing8” and “weing8b” using the general genotype model and
the specialised genotype model, respectively.

Problem Pmin Pmax φMKP
min φMKP

max

weing8 523500 604347 0.8385 0.9680
weing8b 553130 623612 0.8860 0.9989

3.5.2 Job-Shop Scheduling Problem

The job-shop scheduling problem (JSP) is a well known problem, where n jobs have to be

scheduled on m machines. A job Ji = (Oi,0, Oi,1, . . . , Oi,m−1) has to be processed by each

machine, i.e., there is a total of m operations which have to be performed on a job where

Oi,k represents the machine index of the k-th operation of the i-th job. The order in which

jobs have to be scheduled on machines is different for each job. For example, consider

the following example where n = 2 and m = 4: J0 = (0, 2, 3, 1) and J1 = (3, 1, 2, 0). Both

jobs have to be processed by all four machines. However, the order in which they visit

each machine is different. In addition, the k-th operation of the i-th job has a processing

time TPi,k. The problem is to find an optimal schedule for which the makespan, i.e., the

total time to process all jobs, is minimised. Two constraints have to be considered. First,

operations have to be performed in a specific sequence, i.e., a job has to be scheduled

on all machines in a specific order. This is also referred to as the precedence constraint

which states that a particular operation can only be performed if all preceding operations

have already been performed. Second, a machine can only process one job at a time.

Formally, the JSP can be stated as:

minimise C(g) = TFi,m−1, 6 ∃j : TFj,m−1 > TFi,m−1 (3.12)

subject to ∀i, k : TFi,k−1 < TSi,k (3.13)

and ∀0 ≤ l < m : max(al(t)) = 1, t ≥ 0 (3.14)
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where C(g) is the makespan of a schedule obtained from a genotype instance g and TSi,k

and TFi,k are the starting and finishing times of the k-th operation of the i-th job, i.e.,

TFi,k = TSi,k + TPi,k. In addition, al(t) indicates the number of jobs that are processed

by the the l-th machine at a given time t. The first constraint is expressed in (3.13)

which asserts that the starting time TSi,k of the k-th operation of the i-th job is after

the finishing time of the previous operation of the same job. The second constraint

is expressed in (3.14) which asserts that for any machine l, there is at most one job

processed at any given time t ≥ 0.

There are various possible representations for the JSP. In general, there are two

approaches to model the problem. It is distinguished between a direct representation

and an indirect representation, depending on whether the schedule itself is represented

by a solution [49]. If the schedule is not directly represented in the genotype, then it is

necessary to decode the genotype in order to obtain the actual schedule. For example,

an indirect representation may only specify the order in which jobs are being processed

on a particular machine. However, the exact starting and finishing times of jobs, i.e., the

schedule, is not directly specified. Indirect representations are sometimes preferred over

direct representations because of their simplicity. Here, we describe and compare two

possible indirect representations for the JSP. With this example, we demonstrate how

ECML can be used to model the same problem in different ways. This is an important

feature of our approach as it gives the user the freedom to select whichever representation

seems to be most appropriate, instead of dictating a specific representation.

3.5.2.1 Representation 1

The first JSP representation and its corresponding decoding scheme follow the one dis-

cussed in [48]. A rank, ranging from 1 . . .m, is assigned to the m operations of each

of the n jobs. This rank is unique among the operations of a single job, i.e., there can
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be only one operation within a job which is assigned a specific rank. Operations are

decoded into schedules based on their ranks. For each machine, lower ranking operations

are preferred over higher ranking operations. In addition, operations are sorted according

to their processing times (shortest first) and, in case of conflicts, priority is given to jobs

that arrived first. An operation is scheduled so that none of the constraints are violated.

Depending on how ranks are assigned to operations, the resulting schedule is different.

The problem is thus to find the optimal assignment of ranks to operations so that the

makespan C is minimised.

The genotype model is partitioned into n job clusters. Each job in the genotype is

associated with a sequence of m ranks, i.e., for each job there are m rank alleles. Each

rank allele is associated with a particular operation. For example, the k-th allele in the

sequence encodes the rank of the k-th operation. Within the context of a job, each rank

must appear exactly once, i.e., a particular allele must appear only once within a job

cluster. For this purpose, we introduce the “limited” constraint {limited(lb,ub)}. This

constraint indicates how often a particular allele may appear within the scope of a cluster.

For example, in the context of this JSP genotype representation, a {limited(1,1)}

constraint is assigned to the various rank alleles, indicating that a particular rank allele

must appear exactly once within the scope of a job cluster. However, since there are n

job clusters, the same rank appears exactly n times within the genotype. Figure 3.10

illustrates the genotype model GJSP1 and example genotype instance g5 of the first JSP

representation.

In addition to structural information, domain knowledge is reflected by the different

kinds of crossover operators used for the two relationships in the genotype model. The

order in which the operations of a particular job are ranked is important. Therefore,

a corresponding order crossover [28] is used: <<varrc:order(pvar)>>. While the order

of alleles within job clusters is important, this is not the case for job clusters. There-

fore, a common uniform crossover operation can be applied: <<varrc:uniform(pvar,
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(a)

(b)

Figure 3.10: Genotype model GJSP1 (3.10a) and a possible genotype instance g5 for n = 3
jobs and m = 4 machines (3.10b).

v0)>>, where parameter v0 is the probability that a crossover operation is performed for

a particular gene EJ . The order and uniform crossover operations are associated with

relationships Rops and Rjobs, respectively. In addition, a mutation operator is associated

with relationship Rops: <<varmt:rand(pvar, v0)>>, where v0 is the probability that a par-

ticular gene is randomly mutated. The probabilities for the various operators indicated

in the genotype model have been chosen based on experimental experience.

3.5.2.2 Representation 2

The second JSP representation has originally been introduced by Bierwirth [10]. In

this representation, a solution is encoded as an unpartitioned string in which each

gene represents a job. Each job appears exactly m times which is ensured by using

a {limited(m,m)} constraint. By scanning a genotype instance from left to right, the

k-th appearance of job j refers to the k-th operation of this job. The order in which oper-

ations are performed is important. For this purpose, the same order crossover operation,
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as used previously in Section 3.5.2.1, is used along relationship Rops. The probabilities

for the various operators indicated in the genotype model have been chosen based on

experimental experience. Like the previous JSP representation, this representation is an

indirect representation and has to be decoded into a schedule. The advantage of this

representation is that it never violates the precedence constraint because alleles repre-

sent job indices. Therefore, the k-th occurrence of allele i, refers (by definition) to the

k-th operation of the i-th job. Figure 3.11 illustrates the corresponding genotype model

GJSP2 and example genotype instance g6 of the second JSP representation.

(a)

(b)

Figure 3.11: Genotype model GJSP2 (3.11a) and a possible genotype instance g6 for n = 3
jobs and m = 4 machines (3.11b).

To illustrate the decoding mechanism, consider genotype instance g6 which specifies

the following sequence of jobs (denoted by their job ids): 1,1,3,2,3,1,2,1,3,3,2,2. Each

job appears exactly four times in the sequence. Each appearance is associated with

a corresponding operation for that job: the k-th appearance thus represents the k-th

operation for that job. The sequence is decoded into a schedule as follows. The first job

in the sequence (i.e., job 1) is considered first. Since this is the first appearance of job 1,

it refers more precisely to the first operation of job 1. Therefore, the first operation of job
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1 is scheduled on the corresponding machine at time 0. The second job in the sequence is,

again, job 1. Since this is the second appearance of job 1, it refers to the second operation

of job 1. The second operation of job 1 is scheduled on the corresponding machine as

soon as possible. In this case, this means after the first operation is finished. If there

is another job processing on the required machine, the operation is scheduled once the

machine is available again. Decoding continues in this fashion until all operations of all

jobs are scheduled.

3.5.2.3 Evaluation Function fe and Comparison Function fc

A genotype g is decoded into a valid schedule and used to determine the makespan

C(g). The actual decoding process depends on the representation used. For the two

representations the corresponding decoding processes have already been explained in [48]

and [10], respectively. The result PI of the evaluation function fe(g), i.e., the performance

of a genotype g, is:

PI = fe(g) = C(g) (3.15)

Since the objective is to minimise the makespan, comparison of two JSP genotypes is

simple. A genotype ga is better than another genotype gb if it results in a schedule that

has a shorter makespan:

ga � gb ⇐⇒ C(ga) ≤ C(gb) (3.16)

3.5.2.4 Experimental Evaluation

Evaluation is concerned with the comparison of the two representations. For this purpose,

the standard problem instance “la32” [81] has been used. A population size of 100

genotypes has been used and the evolutionary process is limited to 500 generations.

We evaluate the performance of MEAα in terms of its effectiveness in finding the true
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optimum makespan Copt (known from the literature) over a set of 50 experiments as

performance metric. For the each experiment, the performance is measured in terms of

relative deviation of the best makespan Cbest found from the true optimum makespan

Copt:

δ =
Cbest − Copt

Copt
(3.17)

For comparison, we consider the mean deviation δ over the entire set of experiments.

Figure 3.12 illustrates the convergence behaviour for both representations, using genotype

model GJSP1 and GJSP2.
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Figure 3.12: Convergence behaviour in terms of mean deviation δ using genotype models
GJSP1 and GJSP2.

Both representations are indirect representations and need to be decoded into a sched-

ule before the makespan can be determined. The decoding process can influence the

performance. ECML is a flexible approach and allows designers to specify different geno-

type structures that can be used in combination with different decoding methods, i.e.,

a designer is not limited to a specific pre-defined representation but free to specify a

representation that suits the problem best. In our example, we have described two pos-

sible genotype models for the JSP. Our results indicate that the more complex structure

specified by genotype model GJSP1 is more suitable than GJSP2.
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3.6 Summary

We have introduced ECML, a formal modelling language for evolutionary computing

based on UML. This language can be used to specify genotype structures and their en-

coding as well as meta information regarding various processing aspects of an EA. In

addition, we have introduced the concept of MEAs and described our proof-of-concept

implementation of this concept. MEAα is capable of interpreting genotype models spec-

ified in ECML and process genotypes instances accordingly. With our approach we

effectively separate domain knowledge from the EA implementation. As a consequence,

MEAα is more flexible than existing EAs. We have demonstrated the applicability of

our approach using various kinds of problems.

In comparison with the existing approaches, ours is closest to grammar-based ap-

proaches [65, 106, 130]. However, there are a number of differences. Grammars are used

to map genotypes to a syntactically correct sentence which represent the phenotype.

Although these phenotypes have a logical tree structure, this information is not pre-

served in genotypes. For example, grammatical evolution makes use of a binary string

representation. In contrast, our approach preserves the logical tree structure in the

genotype. In addition, grammar-based approaches have shortcomings with respect to

numerical value encoding and crossover points. For this purpose, Nicolau and Dempsey

introduced grammar-based extensions [102] that allow for specification of numerical val-

ues and crossover points in grammars. Their approach highlights a general problem

with grammars which were originally used for language processing where there is no

need for numerical values (i.e., numbers are strings of symbols) or recombination. In

contrast, ECML explicitly distinguishes between symbolic and numerical alleles. In ad-

dition, relationships between the various entities of a genotype model are used as possible

recombination points.
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ECML can be used to represent problem-specific information Γ in the form of geno-

type models. In our approach, we distinguish between two kinds of problem-specific

information: 1) structural information and 2) processing information. The structural

information is used by MEAα to create new genotypes (as explained in Section 3.4.1).

It can be used to derive the genotype space G (i.e., the solution space X). The genotype

space comprises of all valid genotypes that can be generated based on a given genotype

model. Processing information provided by the genotype model is used by MEAα to

process genotypes (as explained in Section 3.4.2 and create new genotypes from existing

ones. Furthermore, we have explained that MEAα is used as implementation of fopt. We

will use fMEAα
opt as part of the symbiotic simulation which will be described in the next

chapter. In addition, fMEAα
opt will be used for both application showcases that will be

subject of Chapter 5 and Chapter 6.
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Agent-based Framework

4.1 Overview

The framework discussed in this chapter is not of theoretical nature but rather focusses

on practical issues that have to be addressed when a problem solver agent for a particular

application is implemented. Essentially, the framework discussed here is a set of compo-

nents that are needed to create application-specific problem solver agents. This includes

components for integrating the problem solving approach (ECML/MEA) discussed in

Chapter 3 and auxiliary components that facilitate the coupling between the physical

system and the simulation system. The framework is primarily designed with require-

ments regarding applicability in mind: the framework must be applicable to different

types of symbiotic simulation systems and different application domains, i.e., it must not

be limited to a particular application domain such as semiconductor manufacturing, for

example. Extensibility is another design feature that has been considered. This might be

necessary in the context of some applications where the basic functionality provided by

the existing framework components is not sufficient. However, due to the limited scope

of this dissertation we focus on the requirement regarding applicability and argue how

the proposed design facilitates extensibility.

In this chapter, we discuss existing symbiotic simulation applications regarding their

architecture in Section 4.2. This also includes a discussion of two prominent approaches
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to implement symbiotic simulation systems: agent-based approaches and Web service-

based approaches. We proceed by describing the framework architecture in Section 4.3.

This includes an explanation of the various components as well as a discussion of the

workflows for class A to C symbiotic simulation systems. We describe the architecture and

its various components in an implementation-independent manner first before proposing

an agent-based implementation in Section 4.4. In order to show the applicability of the

framework we apply it to a number of existing applications that can be found in the

literature in Section 4.5. We conclude this chapter with a summary in Section 4.6.

4.2 Background

Various symbiotic simulation applications have been described in the literature. Some

of them give details regarding the architecture of the symbiotic simulation system. For

example, Low et al. [83] describe a symbiotic simulation system for semiconductor back-

end assembly and test operation. Their system is implemented using the JADE agent

toolkit [9]. The agent-based system consists of a number of agents which are responsible

for system management, monitoring, control, simulation, and optimisation. Kennedy

and Theodoropoulos [71] describe an architecture for autonomous DDDAS agents that

use symbiotic simulation to predict states of the environment. Based on this prediction,

the sensors of the agent can be redirected if necessary. An assistant DDDAS agent is

used to compare simulation predictions and real world data to determine whether they

are consistent [72]. If not, the simulation model can be revised accordingly. Essentially,

a DDDAS agent consists of sensors, a control component, and a model component.

In contrast to the agent-based approaches by Low et al. and Kennedy and Theodor-

opoulos, a different approach has been chosen by Madey et al. [86, 87] to realise WIPER.

The architecture of the system consists of five components: data source, historical data

storage, anomaly detection and alert system, simulation and prediction system, and a
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decision support system with a web interface [86]. Although the simulation itself is

agent-based, the various components of the WIPER system are realised by Web services.

Another application of symbiotic simulation is the UAV path planning system described

in [67]. Although a detailed description of the architecture is not given, several functional

components can be identified from the brief description which can be found in [85]. The

symbiotic simulation system consists of several components for sensing and data fusion,

scenario creation, what-if simulation, evaluation and analysis, and decision making.

In general, all architectures of the reviewed applications are used for a specific appli-

cation. To use these application specific architectures for other applications, including

other classes of symbiotic simulations, would require to significantly extend their func-

tionality. This is not surprising as none of them was meant to be generally applicable.

Each architecture requires a different degree of effort to extend the current functional-

ity. For example, the architecture described by Low et al. [83] can possibly be extended

by adding new agents to the system. The WIPER architecture can be extended in a

similar way by adding Web services. However, extending the functionality of other ar-

chitectures seems to be more difficult. For example, the DDDAS agent by Kennedy and

Theodoropoulos [71] contains all required functionality for symbiotic simulation anomaly

detection. Extending this agent to support other classes would require to significantly

enhance the functionality of the DDDAS agent or the development of separate agents

for the various classes of symbiotic simulation systems. However, from the information

provided it is unclear how modular the original design of the DDDAS agent is.

4.3 Framework Architecture

The various functions (ftr, fpa, fopt, fwis, fsim, fpi, and fc) that are needed to realise the

WIA process have been discussed in Section 2.5. These functions are packaged into a
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number of components, provided by the framework. In addition, various other compo-

nents with corresponding functionality are needed to facilitate the coupling between the

physical system and the simulation system. In the remainder of this section, we describe

the general architecture of a problem solver agent and discuss the workflows for class A

to C symbiotic simulation systems.

4.3.1 Components

We propose a three-layered architecture and corresponding components to realise a prob-

lem solver agent. The three layers are responsible for perception, processing, and action.

The processing layer consists of the following components: workflow controller compo-

nent (WORC-C), scenario management component (SCEM-C), simulation management

component (SIMM-C), and simulation analysis component (SIMA-C). These components

are responsible for performing what-if analyses and thus represent the simulation system.

The components of the perception and action layer establish the link between the physical

system and the simulation system. The perception layer consists of sensor components

(S-Cs). The action layer consists of an action management component (ACTM-C) and

actuator components (A-Cs). In this context, we distinguish between internal compo-

nents, which do not interact with the physical system, and components that facilitate the

coupling with the physical system, i.e., sensor and actuator components. Figure 4.1 illus-

trates an overview of the various components and their respective layers. A description

of each component is given below.

4.3.1.1 Sensor Component (S-C)

Sensor components provide sensor data from the physical system to other components

of the problem solving agent. We distinguish between three types of data that can be

provided by a sensor component: state information (St), behaviour information (Bt),

and performance indicator information (PPIt) at a specific time t. A sensor function
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Figure 4.1: Overview of the various components and their respective layers. We distin-
guish between internal components and components that facilitate the coupling with the
physical system, i.e., sensor and actuator components.

[St, Bt, PPIt] = fs(t) is used for this purpose. Sensors do not have to provide data

for all three types of sensor data. For example, there could be multiple sensors, each

providing a different type of sensor data. In addition, it is possible that a sensor may

provide incomplete data only. For example, there could be multiple sensors that provide

state information about the physical system. However, each of these sensors provides

data about different aspects of the physical system. The complete state of the physical

system can thus only be obtained by aggregating the various state information fragments

provided by different sensors. Depending on the type of symbiotic simulation system,

PPIt information may not be available by sensors. For example, in a class B or class C

symbiotic simulation system, PI values can only be determined by comparing simulation

results with measurements from the physical system. Therefore, PI values cannot be

directly provided by sensors. However, in a class A symbiotic simulation system, PI

values can be determined based on St and Bt by using function fpi. Figure 4.2 illustrates

the sensor component.

93



Chapter 4. Agent-based Framework

Figure 4.2: Sensor components (S-C) provide data about the state St, the behaviour Bt,
and performance PPIt (if applicable) about the physical system.

4.3.1.2 Worflow Controller Component (WORC-C)

The problem solver agent needs to continuously observe the physical system and decide

whether it is necessary to perform a what-if analysis according to a class-specific work-

flow. For this purpose, the WORC-C is periodically evaluating sensor data in order to

determine whether or not a WIA process should be triggered. The triggering condition

is highly application-specific. For this purpose an application-specific trigger evaluation

function ftr is used, which returns either true or false, depending on whether a what-if

analysis should be triggered or not. Upon triggering a what-if analysis, a pre-WIA is

carried out first. As explained in Section 2.5, the pre-WIA process is performed by an

application-specific problem analysis function fpa and results in problem-specific infor-

mation Γ and optimisation objectives Ω. Figure 4.3 illustrates the WORC-C.

Figure 4.3: The workflow controller component (WORC-C) observes the physical system
(St, Bt, and PPIt) and triggers the what-if analysis if necessary (depending on ftr). The
pre-WIA process is performed by fpa and results in Γ and Ω values that are needed to
perform the actual WIA process.

There are different types of what-if analyses which can be distinguished by their
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purpose and by the way how they are triggered. Three types of triggering methods can

be found in the literature:

• Reactive triggering. The most obvious way of triggering the what-if analysis is the

observation of a particular event or condition in the physical system (e.g., [6, 83, 84].

Reactive triggering is the most common form and has been used in various applica-

tions. For example, in the context of a back-end assembly and test facility what-if

scenarios are simulated in order to find optimal values for upper and lower queue

sizes for a particular machine [83]. These queue sizes are required to decide on

outsourcing of lots to external vendors. The what-if analysis in this application is

triggered if utilisation of machines exceeds a certain limit. Another reactive trig-

gering example is described in [6] which is concerned with control of a set of tools.

The what-if scenarios in this application represent alternative tool configurations

and the what-if analysis is triggered once the queue length of pending lots has ex-

ceeded a certain threshold. Reactive triggering has also been used in the context

of an aerospace spare components logistics show-case where a what-if analysis is

triggered if the fill rate performance of the physical system falls below an accept-

able level [84]. Each what-if scenario uses a different business workflow and the

purpose of the what-if analysis is to identify the most suitable one, i.e., the one

which produces the best fill rate performance among the evaluated scenarios.

• Preventive triggering. Similar to reactive triggering, which depends on observations

in the physical system, it is possible to use forecasts to see whether there are likely

to be any problems with the physical system in the future. If this is the case, a

what-if analysis can be triggered with the goal to either prevent a critical condition

or, at least, minimise its negative impact [7]. Since the triggering is based on

a forecast, which may be erroneous, there have to be appropriate error handling
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strategies to handle two kinds of errors: type 1 errors (a critical condition is not

detected) and type 2 errors (a false critical condition is detected). For example,

in [7], a reactive triggering method has been used as backup triggering method in

case preventive triggering failed.

• Pro-active triggering. Another way of triggering the what-if analysis is spontaneous

or scheduled instead of being dependent on observations in the physical system.

For example, pro-active triggering has been used for UAV path planning [67]. A

set of alternative paths is created and evaluated by means of simulation. The

purpose of the what-if analysis is to identify the best path for the UAV. Unlike

other applications, the notion of a critical condition does not exist and the what-

if analysis is triggered periodically. Therefore, the WIA process is triggered in

order to continuously improve the performance rather than reacting on a triggering

condition in the physical system.

4.3.1.3 Scenario Management Component (SCEM-C)

The WIA process in class A to C symbiotic simulation systems is concerned with opti-

misation and involves creating a number of candidate solutions to the problem. These

candidate solutions represent only a part of the entire what-if scenario. Complete what-if

scenarios are composed by combining the candidate solutions, generated by the optimisa-

tion function fopt (the implementation used here is fMEAα
opt , discussed in Section 3.4, which

employs MEAα), with additional information. As explained in Section 2.5, composing

what-if scenarios is done by fwis. What-if scenario composition also requires a model

M and corresponding model parameters PS, PC, and PE. Depending on the class of

symbiotic simulation system used, some of these model parameters are provided directly

(e.g., provided by sensor data) while others are derived from the solutions provided by

the optimisation function:
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• Class A symbiotic simulation system: the reference model MR is used, the initial

state is provided by the sensors (PS = St), and PC is derived from candidate

solutions created by fMEAα
opt .

• Class B symbiotic simulation system: the model is derived from candidate solutions

created by fMEAα
opt , the initial state is provided by the sensors (PS = St). Depending

on whether the symbiotic simulation system is active or passive, PC is either derived

or not used at all.

• Class C symbiotic simulation system: the reference model MR is used, the initial

state is derived from candidate solutions created by fMEAα
opt . Depending on whether

the symbiotic simulation system is active or passive, PC is either derived or not

used at all.

As explained in Section 2.6, different variations of class B and C symbiotic simulation

systems (depending on PC), as well as external influence PE are beyond the scope of this

dissertation. For this reason, it is assumed that PC = ∅ (except for class A symbiotic

simulation systems) and PE = ∅.

The SCEM-C makes use of a comparison function fc in order to compare the different

what-if scenarios with each other. This is important in order to determine the set of

optimal what-if scenarios Wo. The WIA process is triggered by the WORC-C which

also provides problem-specific information Γ and the optimisation objectives Ω that are

required to initialise the optimisation algorithm. For each instance of the WIA process,

the optimisation algorithm is initialised with different values for Γ and Ω, depending on

the current situation of the physical system and the particular problem at hand. Figure

4.4 illustrates the SCEM-C.
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Figure 4.4: The scenario management component (SCEM-C) is using fopt to select solu-
tions from the solution space defined by Γ. Based on a set of solutions X, a corresponding
set of what-if scenarios W is composed by fwis. After being simulated, corresponding PI
values are available and can be used to compare what-if scenarios with each other. This
is done by fc based on the objectives Ω.

4.3.1.4 Simulation Management Component (SIMM-C)

The various what-if scenarios created by the SCEM-C are simulated by the SIMM-C using

the simulation function fsim, discussed in Section 2.5. Since simulation models are highly

application-specific, the SIMM-C has to be specially provided for each application. The

SIMM-C thus represents the link between the problem solver agent and the application-

specific simulation engine. Simulation results of a what-if scenario wi are provided as

state and behaviour information [SS,SB]i and/or performance indicator information

PIi (if available). Depending on the application, not all types of information may be

provided. For example, in a class A symbiotic simulation system, the only data that is

required for performing the WIA process is PI information that enables comparison of

what-if scenarios in terms of their fitness to solve the problem. Figure 4.5 illustrates the

SIMM-C.

The SIMM-C implementation may contain a simulation engine or, alternatively, may

employ a suitable 3rd party simulation engine. In general, there are no limitations regard-

ing the use of 3rd party simulation engines as long as there is a way of feeding scenarios to

the simulation engine and retrieving corresponding simulation results, respectively. For
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Figure 4.5: The simulation management component (SIMM-C) is using fsim to simulate
a what-if scenario wi. Depending on the class of symbiotic simulation system (i.e., class
A or class B/C) and the application-specific simulation engine, simulation results are
either provided as state and behaviour information [SS,SB]i or performance indicator
information PIi.

example, the simulation engine may be a COTS simulation package such as AutoSched7

or Arena8. It is also possible to use a simulation engine that has been specially developed

in Java, C/C++, or any other programming language. However, since every simulation

engine has a different interface, regardless whether it is a 3rd party software package

or not, it is necessary to provide for a mechanism that allows the SIMM-C to commu-

nicate with the simulation engine. This requires the SIMM-C implementation to make

sure that information provided by what-if scenarios is translated into a form that can

be interpreted by the simulation engine. Similarly, it is necessary to convert simulation

results into a form that is compatible with the framework.

From the problem solver agent’s perspective, performing simulations is transparent,

i.e., the SIMM-C is a black-box that accepts input in form of what-if scenarios and

provides corresponding output in form of [SS,SB] and/or PI. Therefore, the SIMM-

C is also responsible for handling issues concerned with stochastic simulation models.

This kind of model require the execution of multiple simulation replications of the same

what-if scenario in order to collect enough data to derive a statistically sound summary

of the results. This typically involves, but is not limited to, the determination of means

and standard deviations of the corresponding data. An important issue in this context

7http://www.appliedmaterials.com/services-software/library/autosched-ap
8http://www.arenasimulation.com/
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is also the required number of simulation replications. Depending on the application

and the simulation model, an appropriate number of simulation replications has to be

used. However, in the context of symbiotic simulation it may not be possible to define

a reasonable number of replications at design time. A simulation of the physical system

may exhibit time and situation-dependent stochastic behaviour, i.e., depending on the

time or the current situation of the physical system, simulation results may exhibit more

or less variance. There is various work in the literature that provides methods to optimise

the number of required simulation replication in order to save computing budget. For

example, Chen and Lee discuss an optimal computing budget allocation method [18].

4.3.1.5 Simulation Analysis Component (SIMA-C)

The WIA process in class A to C symbiotic simulation systems is concerned with op-

timisation. As explained in Section 2.5, the optimisation process requires one or more

performance indicators that are used to compare what-if scenarios with each other. In

case the simulation of what-if scenarios does not directly result in PI information, the

simulation results have to be further analysed. This is done by the SIMA-C using an

analysis function fpi. For example, in the case of a class B or class C symbiotic simulation

system, PI information can only be obtained by comparing simulation results [SS,SB]i

with the measurements St and Bt from the physical system. In contrast, in a class A

symbiotic simulation system for instance, the PI information can usually be determined

directly by the simulation and further analysis of the simulation results is not necessary.

However, depending on the application, it might be necessary to further analyse the sim-

ulation results even for class A symbiotic simulation systems. Therefore, the SIMA-C is

optional. Figure 4.6 illustrates the SIMA-C.
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Figure 4.6: The simulation analysis component (SIMA-C) analyses simulation results
[SS,SB]i using fpi and determines corresponding performance indicator values PIi. De-
pending on the class of symbiotic simulation system, this may also involve using state
and behaviour information (St and Bt, respectively) from the physical system.

4.3.1.6 Action Management Component (ACTM-C)

Depending on the symbiotic simulation system, the problem solver agent is exercising

control over the physical system. The optimisation problem solved by the WIA process

may have several solutions. In case of a class A symbiotic simulation system, this es-

sentially means that there is a number of possible alternative decisions that represent

solutions to the problem. A single decision has to be propagated to the physical system.

This is done by the ACTM-C using an action selection function PC = fas(Wo). Upon

completion of a WIA process, the set of optimal what-if scenarios Wo is forwarded to the

ACTM-C which is responsible for making the final selection based on a corresponding

policy. The control parameters PC of the selected what-if scenario is then forwarded to

the various actuator components in the system. Alternatively, the ACTM-C may also re-

ject the entire set of solutions. For example, this may be the case if none of the solutions

is satisfying certain requirements). Figure 4.7 illustrates the ACTM-C.

Figure 4.7: The action management component (ACTM-C) selects a what-if scenario
from Wo using fas and extracts the corresponding PC parameter values.
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4.3.1.7 Actuator Component (A-C)

An A-C is responsible for implementing given control parameters PC into the physical

system by using an actuator function fa(PC). There can be multiple actuator com-

ponents in a symbiotic simulation, depending on the application-specific requirements.

Figure 4.8 illustrates the A-C.

Figure 4.8: Actuator components (A-C) implement PC into the physical system using
fa.

4.3.2 Workflows

The workflows for class A to C symbiotic simulation systems are both concerned with

solving optimisation problems and are thus very similar. The main difference is due

to the need to compare simulation results with sensor data from the physical system

to determine performance indicator values in class B and class C symbiotic simulation

systems. In addition, class B and class C symbiotic simulation systems do not control

the physical system and, thus, do not require components of the action layer. In this

section, we discuss the workflows based on the various framework components.

Class A Workflow The purpose of a class A symbiotic simulation system is to evalu-

ate a number of decision alternatives and implement the best solution into the physical

system. The WORC-C is continuously observing the physical system. If a triggering

condition is satisfied (i.e., if ftr = true), then the what-if analysis is started. First, the

current situation (i.e., the current operational conditions of the physical system) is anal-

ysed by the pre-WIA process (fpa), resulting in a problem statement in terms of Γ and
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Ω. Next, the actual WIA process is started in order to find solutions to the problem.

The WIA process is primarily performed by the SCEM-C and the SIMM-C in combi-

nation with the SIMA-C (if required). The SCEM-C composes what-if scenarios that

are evaluated by the SIMM-C. Comparison of what-if scenarios is based on performance

indicator values which are either directly provided by the simulation results or have to

be determined by the SIMA-C. Once the optimisation process is finished, the found so-

lutions Wo are analysed by the ACTM-C to determine the actual action (in terms of

control parameters PC) that is being implemented in the physical system. The selected

action is forwarded to the actuator components. The workflow of a class A symbiotic

simulation system is illustrated in Figure 4.9.

Figure 4.9: Workflow for class A symbiotic simulation systems.

Class B and Class C Workflow Similar to the workflow of a class A symbiotic

simulation system, the workflows for class B and class C symbiotic simulation systems,

involves the WORC-C to observe the physical system, analyse the situation, state the

problem, and trigger the what-if analysis to find a solution. Optimisation in class B and

class C symbiotic simulation systems is similar as both are concerned with minimising the
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deviation between observations from the physical system and the simulation. However,

there are some differences. The SCEM-C creates what-if scenarios that are concerned

with different models (class B symbiotic simulation system) or assumptions regarding

the state (class C symbiotic simulation system) of the physical system. The simulation

results of each what-if scenario is compared with the sensor data from the physical system

by the SIMA-C in order to determine the performance indicator values. This is different

from class A symbiotic simulation systems where performance indicator values can be

determined without the need to compare it with sensor data. Problem solving in class B

and class C symbiotic simulation systems is not concerned with controlling the physical

system. Solutions are thus not implemented in the physical system using actuators.

Instead, solutions are kept in memory. The workflow of a class B and a class C symbiotic

simulation systems is illustrated in Figure 4.10.

(a) (b)

Figure 4.10: Workflow for a class B symbiotic simulation systems (4.10a) and a class C
symbiotic simulation system (4.10b).

4.4 Framework Implementation

We propose an agent-oriented infrastructure for realising symbiotic simulation-based

problem solver agents. As far as terminology is concerned we need to clearly distin-
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guish between the problem solver agent on the higher, conceptual level and the software

agents on the lower, technical level. The problem solver agent, which has so far been the

subject of the dissertation, is a system that can be considered an agent by itself as it is

capable of autonomously reasoning and interacting with its environment (i.e., with the

physical system). However, so far we have only discussed the problem solver agent on

a conceptual level, i.e., we have not discussed any implementation-specific details. This

section will be concerned with the implementation-specific details and explain how to use

low-level software agents to realise a higher level problem solver agent.

4.4.1 Capability-centric Design

Our approach is based on agent systems and the concept of capabilities [13, 15]. The

concept of capabilities is used in agent systems to facilitate modularisation of function-

ality. Busetta et al. introduced the concept of capabilities and described a capability

as “... a cluster of plans, beliefs, events, and scoping rules over them” [15]. A similar

concept of capabilities was described in Sabater et al. [120] using the term ’module’.

The original concept was later extended by Braubach et. al, who explained that “...

the capability concept addresses most of the five fundamental criteria of modularization

from [96]: decomposability, composability, understandability, continuity and protection”.

The extended capability concept is realised in Jadex [113].

Modularisation is an important issue in satisfying the requirements regarding ap-

plicability and extensibility of the proposed framework. Depending on the application

context and the type of symbiotic simulation system used, some functionality may not

be required. For example, a class A symbiotic simulation system does not necessarily

require a SIMA-C in order to determine the PI values for the simulation results. Another

example is that the components of the action layer are only required by those symbiotic

simulation systems that influence the physical system. For constructing an application-

specific problem solver agent, it is therefore necessary to be able to tailor the design
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of the problem solver agent to the requirements of the application and the symbiotic

simulation system. A modular approach to providing functionality is thus important.

The capabilities concept provides the required degree of modularisation. Therefore, our

approach to designing a problem solver agent is capability-centric.

Depending on the application, the problem solver agent has to provide a certain

functionality which is provided by the various components that have been introduced in

Section 4.3.1. Every framework component is realised as a capability. Software agents

equipped with a particular capability possess the functionality provided by the capability.

For example, any software agent that is equipped with a simulation capability is capable of

simulating what-if scenarios. Software agents can be equipped with an arbitrary number

of capabilities. It is therefore possible to have a single software agent which is equipped

with all capabilities required to realise the entire problem solver agent. On the other

hand, the same problem solver agent can be realised by using multiple software agents.

In this case every software agent is equipped with some of the capabilities required by

the system. We thus distinguish between a multi-agent system and a single-agent system

as illustrated in Figure 4.11.

(a) (b)

Figure 4.11: Comparison between multi-agent system (4.11a) and single-agent system
(4.11b).

A problem solver agent can be realised in either way, i.e., a problem solver agent can be

realised by one or more software agents, each equipped with capabilities needed in order
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to realise its complete functionality. Designing the problem solver agent as multi-agent

system may be necessary for various reasons. For example, a physical system may be

inherently distributed and sensors have to be placed at various locations. In this case, it

might be necessary to deploy various software agents, each equipped with a corresponding

sensor capability. In addition, simulations may be very compute intensive and are thus

performed by an off-site high-performance computing cluster. This may require a software

agent, equipped with a simulation capability, to be located on the cluster. Whether or

not a distributed problem solver agent design is required depends on the application. The

capability-centric approach described here does not dictate a particular style. Instead, it

enables the designer to chose a design that suits the application.

4.4.2 Capabilities

Each of the various components of the framework is realised as a capability and consists

of two parts: a core and an interface. The core implements the actual functionality of the

component and the interface allows other capabilities to access the functionality of the

core. For example, the function that allows the SIMM-C to simulate what-if scenarios

(i.e., fsim) is implemented by a corresponding core. Capabilities communicate with each

other either by using function calls or by passing messages. While message passing is

always an option, function calls are only possible if the capabilities are provided by the

same software agent. Communication using function calls is preferable because it does

not involve any communication overhead as it is the case with message passing. Figure

4.12 illustrates the general structure of a capability.

Most cores are inherently application-specific. For example, the core of the SIMM-C is

responsible for simulating the various what-if scenarios. Different applications use differ-

ent simulation engines and may require different computing environments for performing

the simulation. Therefore, the SIMM-C core implementation is inherently application-

specific and different core implementations have to be provided for each application.
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Figure 4.12: Overview of the general structure of a framework capability.

However, depending on the similarity of different applications, it might be possible to

re-use some of the application-specific core implementations.

In contrast to application-specific cores, the optimisation core used by the SCEM-C

can be realised in a more generic way. In Chapter 3 we have introduced our approach

of using a high-level modelling language (ECML) in combination with an appropriate

meta algorithm (MEAα) to separate problem-specific information from the algorithm

implementation. We have applied this approach to different problems, showing the re-

usability of our approach. The optimisation core of the SCEM-C can thus be re-used for

different applications. An overview of the various framework components is illustrated

in Table 4.1. This table also indicates whether a component is inherently application-

specific or more generic. Although it is possible to use an application-specific optimisation

core (if necessary), we use the same core implementation (i.e., MEAα) throughout this

dissertation.

4.4.3 Service Registry and Service Discovery

In the context of the framework, components are generally considered as service providers,

i.e., a component provides certain types of services. For example, the SIMM-C capability

provides a service which simulates what-if scenarios and returns simulation results (i.e.,

data regarding state and behaviour, i.e., [SS,SB], or performance indicators PI). As
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Table 4.1: Overview of the various framework capabilities, indicating whether their core
implementations is inherently application-specific (A), or more generally applicable (G).

Capability Function Purpose A/G
S-C fs Provide access to sensor data A
WORC-C ftr Trigger what-if analyses A
WORC-C fpa Perform pre-WIA process A
SCEM-C fopt Perform optimisation G
SCEM-C fwis Compose what-if scenarios A
SCEM-C fc Compare what-if scenarios A
SIMM-C fsim Simulate what-if scenarios A
SIMA-C fpi Determine PI values A
ACTM-C fas Select action to be implemented A
A-C fa Control physical system A

mentioned above, components are realised as agent capabilities and since software agents

can be equipped with multiple capabilities, they can provide an arbitrary number of

services. Each software agent is equipped with a registry capability that keeps track of the

services provided by its various capabilities. In addition, the same registry also maintains

a list of services provided by other software agents. For this purpose, registry capabilities

inform other registries about their services. Figure 4.13 illustrates the registration and

discovery of services.

4.5 Application Examples

In this section, we explain how the framework could be used to realise existing symbi-

otic simulation applications. For this purpose, we describe three conceptual showcases,

each based on an application found in the literature. The purpose of these conceptual

showcases is to show that the framework architecture fits a variety of applications. Ac-

tual proof-of-concept applications will be the subject of Chapters 5 and 6. The three

applications, concerned with UAV path planning, semiconductor manufacturing, and a

wireless emergency response system, have been chosen based on the availability of details
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Figure 4.13: Overview of service registration and discovery: capabilities register their
services with the local registry capability (1), registry capabilities of different agents
synchronise each other (2), capabilities lookup services (3) and invoke services offered by
another capability (4).

regarding their architecture and design which makes it easier to see how the symbiotic

simulation framework could be applied.

4.5.1 UAV Path Planning

The symbiotic simulation system described in [67] is used for adaptive path planning of

UAVs. Information about the location of the UAV and the target is provided by corre-

sponding sensors. Alternative what-if scenarios are created based on a set of alternative

paths and simulated concurrently. Each scenario is initialised with the current location of

the UAV and a priori estimations about the target. The simulation results are compared

in order to determine the best path, i.e., the path that minimises the estimated detec-

tion time of the target. Detailed algorithms for path planning and simulations are given

in [67]. The authors mention that it is possible to apply the results directly to the UAV,

i.e., implying a control system with actuators. An illustration of the original architecture

for this application can be found in the technical report on symbiotic simulation-based

decision support in [85]. Figure 4.14 illustrates how the UAV path planning application

can be realised using the various components of the proposed framework.
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Figure 4.14: Design of a problem solver agent for UAV path planning, based on the
proposed framework.

Sensors (S-C) provide the data concerned with the state of the physical system. For

example, this includes information regarding geography of the road network and current

location of the UAV. The WORC-C periodically triggers the what-if analysis. A set of

what-if scenarios W , each concerned with an alternative UAV path, is created by the

SCEM-C, based on a priori problem-specific information Γ about the target. The ob-

jective Ω of the optimisation process is always to minimise the estimated detection time,

regardless the current situation. Each scenario wi is simulated by the SIMM-C. A SIMA-

C is not required as the simulation results PIi directly reflect the estimated detection

time. The best what-if scenario Wo, identified by the WIA process, is propagated to the

ACTM-C and implemented into the UAV using actuators (A-C).

4.5.2 Semiconductor Manufacturing

The symbiotic simulation system described in [83] is used to optimise out-sourcing deci-

sions by considering the operating cost for a semiconductor back-end factory. To avoid

late deliveries and consequent penalties, wafer lots are marked for out-sourcing under

certain conditions. Marking is switched on/off if the number of lots in a queue exceeds or

falls below specified upper or lower limit, respectively. An optimal combination of upper

and lower queue sizes yield minimum operating cost. In this application, the purpose
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of the WIA process is to find an optimal value for these queue sizes. Sensors are used

to retrieve the current state of the factory. This information is used to initialise the

simulations. In addition, each what-if scenario uses a different set of upper and lower

limits (i.e., different decision making alternatives). The result of the what-if analysis can

be directly used in the physical system to make decisions regarding out-sourcing. Figure

4.15 illustrates how the application can be realised using the various components of the

proposed framework.

Figure 4.15: Design of a problem solver agent for back-end operations in semiconductor
manufacturing, based on the proposed framework.

A sensor capability (S-C) provides performance indicator information (PPIt) about

the machine utilisation in the physical system at time t. If the utilisation exceeds 80%, a

what-if analysis is triggered. The objective Ω of the what-if analysis is always to minimise

the estimated operating cost. The symbiotic simulation system described by Low et al.

does not make use of any form of situation-dependent problem-specific information, i.e.,

Γ = ∅. As a result the optimisation problem remains exactly the same for all subsequent

what-if analyses. During the WIA process, a number of what-if scenarios W are created

by the SCEM-C and simulated by the SIMM-C. Each what-if scenario wi is concerned

with different values regarding the upper and lower queue limits. The current state of

the physical system (S) is used as initial state for the simulations. The simulation result

PIi indicates the expected operating cost and no additional analysis is required, i.e., no
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SIMA-C is required. The best what-if scenario Wo is propagated to the ACTM-C which

uses the actuator A-C to implement the new settings PC in the physical system.

4.5.3 Wireless Emergency Response System

WIPER monitors communication patterns of millions of cell phone users in order to

recognise anomalies, possibly indicating emergency situations. Sensor data includes ac-

tivity data (e.g., call initiator and recipient) and spatial location data provided by mobile

phone companies, as well as the 30 second call detail record tags which identify the clos-

est cell tower to the phone [87]. WIPER consists of multiple sub-systems. An anomaly

detection subsystem (ADS) is responsible for detecting anomalies by comparing sensor

data with historical data of normal communication and spatial location patterns. Once

an anomaly is detected, the simulation system is triggered. This simulation system is

responsible for classification of the detected anomaly by continuously validating simula-

tions by comparing their predictions with sensor data. Once validated, a simulation is

used to predict how the anomaly is likely to unfold in the near future. This information

is also shared with the decision support system (DSS) which is responsible for activating

various emergency response applications that can be used, for example, to disseminate

various information to emergency crews, engineers, and managers.

Although WIPER consists of multiple sub-systems, some of which could possible

be realised as a symbiotic simulation system, we are only concerned with the anomaly

classification subsystem for this conceptual showcase as it is an example for a class B

symbiotic simulation system. The ADS could possibly be realised with a class D symbiotic

simulation system. However, this is a Group 2 symbiotic simulation system and thus

not within the scope of this dissertation. Anomalies are classified by testing various

hypotheses about the nature of the anomaly. The one that describes the anomaly best is

used to predict its further evolution. The class B symbiotic simulation system described
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in [86], as part of WIPER, is used to classify anomalies by testing various hypotheses.

The design for a corresponding problem solver agent is is illustrated in Figure 4.16. The

ADS and DSS are illustrated as external components, respectively.

Figure 4.16: Design of a problem solver agent for anomaly classification in the context
of WIPER, based on the proposed framework.

In this example, we discuss the case where the anomaly classification system is realised

by a class B symbiotic simulation system. Sensor capabilities (S-C) provide information

such as the location of the cell phone (included in S) and cell phone activity (included in

B). Once an anomaly is detected by the ADS, the WORC-C triggers a what-if analysis.

A set of what-if scenarios W is created by the SCEM-C. Each what-if scenario represents

an alternative hypothesis (realised as different models) regarding the anomaly (e.g., traffic

jam) and is simulated by the SIMM-C. The SIMA-C validates a what-if scenario wi by

comparing simulation output [SS,SB]i with sensor data (St and Bt) from the physical

system. The result of this validation task is a performance indicator value PIi which

represents a quantitative assessment regarding how closely the simulation results match

the observations in the physical system. The objective Ω is to minimise the discrepancy

between the simulation and the physical system. Problem-specific information Γ may

include a priori information regarding the cause of the anomaly. The modelM of the best

what-if scenario, i.e., the what-if scenario that represents the most plausible hypothesis

for the behaviour of the physical system, is used as reference model MR = {M}. The
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reference model is kept by the problem solver agent and shared with the other sub-

systems of WIPER for further use. For example, the DSS can make use of the reference

model to evaluate how the event is likely to unfold in the near future.

4.6 Summary

Although the various classes of symbiotic simulation systems have a distinct purpose, they

are composed of only a few common functionalities. We have explained the functions that

are needed to realise a WIA process in Section 2.5. In this chapter we have introduced

additional functions (i.e., fs and fa) which are responsible for linking the simulation

system with the physical system. Based on the various functions we have proposed an

agent-based architecture which uses the concept of capabilities to realise corresponding

components. Requirements regarding applicability and extensibility of the framework

are achieved by modularisation using capabilities. This allows users of the framework to

add new capabilities (if necessary) and design application-specific symbiotic simulation

systems by using only those capabilities that are needed. In addition, each capability can

be reasonably customised by providing application-specific core implementations that are

needed to simulate or compare what-if scenarios, for example.

We have discussed a number of conceptual applications that illustrate how existing

applications could be realised using the framework. Not all of these applications are

explicitly identified as symbiotic simulation systems by their creators. For example,

the WIPER application is introduced as a DDDAS. However, parts of this application

make use of the same concepts that are central to symbiotic simulation. There are more

examples in the literature that use symbiotic simulation concepts. However, applying

the framework to all of them is beyond the scope of this dissertation. A smaller proof-

of-concept showcase in the context of semiconductor manufacturing [6] has been realised

with an early version of the agent-based implementation of the framework. In addition,

115



Chapter 4. Agent-based Framework

another symbiotic simulation application, concerned with a supply chain [140], has also

been realised using the framework. In the context of this dissertation, we discuss two

major showcases in Chapter 5 and Chapter 6.
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Chapter 5

Application Example 1:
Semiconductor Manufacturing

5.1 Overview

Semiconductor manufacturing is a complex process which turns pure silicon wafers into

integrated circuits with thousands of components. The whole process may require up to

several hundred processing steps and up to three months for production [114]. One crucial

factor for competitiveness in semiconductor manufacturing is ongoing improvement of

the manufacturing process [114]. Automation is a critical factor in this context and

the semiconductor industry invests several million US dollars for solutions. According

to [47], investments for integrated automation solutions can range between US$ 130

million and US$ 180 million. These integrated solutions also include systems for real-time

control of equipment. In addition to high complexity, the semiconductor manufacturing

process is also an asset intensive process. A variety of tools are used in semiconductor

manufacturing to process wafers and a single tool can cost up to US$ 2 million [121].

Improvement of tool efficiency is therefore important in order to reduce cost for additional

tools.

Several performance metrics are considered in semiconductor manufacturing, of which

throughput, cycle time, and on-time delivery are considered the most important ones [111].
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The performance of most tools depends on their operation mode, further referred to as

configuration, and the distribution of different products, further referred to as product

mix. If the product mix is changing, it might be necessary to reconfigure various tools

in order to maintain performance targets. Decisions regarding the tool configuration are

made by engineers who estimate the required capacity for each product mix. These de-

cisions are then implemented by operators who manually change the configuration of a

tool. However, operators do not always strictly follow their instructions. This, and the

fact that decision making relies mostly on the experience of engineers, causes the demand

for an automated control solution.

Scheduling of wafer lots to production resources (e.g., tools) is a crucial performance

issue in semiconductor manufacturing. A variety of work has been concerned with this

issue. For example, a large body of work is concerned with the evaluation of dispatching

policies. These policies decide, according to some criteria, in which sequence wafer lots

are being assigned to production resources. Research in this area often focuses on a single

type of tool, such as stepper tools [135] or furnaces [2], for instance. In this context, the

work by Zhang et al. [141] is notable as it employs the same concepts that are essential

to symbiotic simulation. They describe a system in which a scheduler is monitoring

and controlling a semiconductor manufacturing plant (fab). The scheduler determines

when a new rule combination (dispatching rule + rework strategy) has to be used. Rule

optimisation is done with the support of a simulator that is employed by the scheduler to

evaluate the performance of a given combination of dispatching rule and rework strategy.

Once the best combination has been identified, it is implemented in the fab. Essentially,

what Zhang et al. describe is a class A symbiotic simulation system.

Dispatching (i.e., assignment of a wafer lot to a tool) is dependent on the current

setup of a tool. A wafer lot can only be dispatched if the setup of a particular tool is

compatible with the one needed by the wafer lot. Changing tool setups can be time
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consuming and frequent re-configurations should thus be avoided in order to reduce

inefficient tool utilisation. This can be achieved by employing dispatching policies that

explicitly consider setups [123]. However, while policies can be used to locally optimise

the performance of parts of the fab, they are not well suited to optimise the entire fab. A

fab is a highly complex system and changes to one part of the system are likely to affect

other parts. In order to evaluate how changes to one part of the system will affect other

parts, simulations are required. Policies that do not make use of simulations are thus

not well suited for optimisation of an entire fab. In contrast, the concepts of symbiotic

simulation can be used to improve the semiconductor manufacturing process of an entire

fab.

In this chapter, we apply our symbiotic simulation-based approach to a semiconductor

manufacturing system in order to improve throughput by scheduling the change of setups

more efficiently. A problem solver agent is used in combination with a common practice

approach for local decision making. While rule-based local decision making is sufficient for

some parts of the manufacturing system, the problem solver agent identifies and focuses

on problematic parts. Existing work, such as the one by Zhang et al., often aims at

changing setups of tools only as a result of dispatching wafer lots to production resources

that requires a different setup. Before the lot can be processed, the setup needs to be

changed. In contrast, our approach directly decides on the schedule for changing setups.

Any decision regarding the change of setups by the problem solver agent overrides the

local decision making process. As a result, our approach is highly adaptive as the problem

solver agent is dynamically changing its focus of attention as the operating conditions

are changing. This is another major difference to related work, which lacks this sort of

adaptability.

The advantage of our approach is the ability to predict the effects of changing setups

on the overall performance of the fab. In addition, our approach is not limited to a number
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of predefined policies. Instead, the problem solver agent has the freedom to change the

setup of any tool at any point of time. The disadvantage of this very high degree of

freedom is an extremely large number of possible decisions. We show how situation-

specific what-if analysis can be performed by using the approach described in the previous

chapters. In the context of this application, we show that our approach improves the

performance of the physical system in terms of throughput and the performance of the

WIA process in terms of computing efficiency.

This chapter is structured as follows. In Section 5.2 we discuss the model of the

semiconductor manufacturing system. In Section 5.3 we discuss the design of the problem

solver agent used for this application. In addition, we discuss how the WIA process can

be specialised, depending on the current operating conditions. In Section 5.4 we discuss

a number of experiments with focus on the impact of using a problem solver agent to

complement local decision making and the impact of specialisation on the performance

of the WIA process. We conclude this chapter by discussing the application example and

summarise the contribution of this chapter in the context of the dissertation in Section

5.5 and Section 5.6, respectively.

5.2 Semiconductor Manufacturing

The model of the semiconductor manufacturing system considered in this application is

based on a real-world fab located in Singapore. It has been developed with the sup-

port from domain experts at D-SIMLAB Technologies9. Although information about the

real-world fab has been used to develop the model, it does not exactly reflect the real

fab for proprietary reasons. The semiconductor manufacturing business is highly com-

petitive and detailed information regarding the various processes and the manufacturing

environment represents a valuable asset to manufacturing companies. Knowledge about

9http://www.d-simlab.com
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these details are thus kept strictly confidential. Some details have not been available for

developing the model. For example, this includes the exact number of tools as well as

precise timings of the various processing steps.

The purpose of this application is to demonstrate the applicability of our approach to

realise a problem solver agent, based on a class A symbiotic simulation system, for deci-

sion support in semiconductor manufacturing. In particular, the advantage of situation-

dependent problem solving in comparison with common practice operational decision

making is being investigated. For this purpose, it is important to have a model which

realistically reflects the complexity of the semiconductor manufacturing process. It does

not necessarily have to exactly reflect any existing fab with all its proprietary details.

Therefore, for creating the model, we have focused on a realistic degree of complexity

rather than the exact representation of a particular real-world fab.

5.2.1 Manufacturing Process

A fab can produce multiple products concurrently. From the perspective of the manu-

facturing process, products are characterised by the different processing steps that are

needed to turn the raw wafer into the finished product. A total of 18 different products

are considered in this application. Each product is associated with a workflow that rep-

resents a sequence of processing steps. The workflow indicates the exact order in which

wafers have to be processed, the tool and setup that have to be used for each process-

ing step, as well as the exact processing times needed to complete a step. The total

number of processing steps required by various products ranges between 169 and 347.

On average, a product has to go through 252 different steps during its manufacturing

process. The time required for a wafer to complete the entire manufacturing process is

commonly referred to as cycle time. We distinguish between the theoretical cycle time,

which is the total processing time of all steps without any delays, and the actual cycle
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Table 5.1: Overview of the various products, including the number of processing steps
and the theoretical cycle time for each product.

Product Id # of Theoretical Product Id # of Theoretical
Steps Cycle Time Steps Cycle Time

P0001 169 7.6 days P0010 239 8.9 days
P0002 240 8.8 days P0011 239 8.9 days
P0003 347 14.8 days P0012 334 14.8 days
P0004 347 14.8 days P0013 233 9.0 days
P0005 345 14.8 days P0014 196 7.4 days
P0006 334 14.8 days P0015 196 7.4 days
P0007 236 10.1 days P0016 233 9.0 days
P0008 345 14.8 days P0017 206 7.8 days
P0009 240 8.8 days P0018 225 3.4 days

time, which also includes delays caused by transportation within the fab, for example,

or unavailability of processing resources. The average theoretical cycle time is 9.8 days.

The shortest and longest theoretical cycle time is 3.4 days and 14.8 days, respectively.

An overview of the various products is illustrated in Table 5.1.

A wafer is a circular slice of a semiconductor material such as silicon (Si) or gallium

arsenide (GaAs). The diameter and thickness of wafers varies. Typical sizes used in

industry range from a diameter of 50.5mm with a thickness of 275µm to a diameter of

300mm with a thickness of 775µm. Wafers are kept in cassettes for easier handling.

Typical cassettes used for 300mm/775µm wafers can hold up to 25 wafers. Depending

on the processing step, wafers are processed either one by one or by the lot, i.e, an

entire cassette at once. Some tools also allow batch processing, i.e., to process multiple

wafer lots concurrently. Although wafers might be processed one by one, they are always

transported from one tool to another in their cassettes. Loading and unloading of wafers

from their cassette is done fully automatically by the corresponding robotic handlers in

the tool. This reduces the need of human intervention which would otherwise lead to

impaired quality due to improper handling. In the simulation model, we do not explicitly

represent wafers. Instead, the smallest entity are wafer lots and for the remainder of this
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Table 5.2: Overview of the various tool types, number of station families, total number
of stations in the fab model, and the maximum batch size in terms of wafer lots (if the
tool allows batching).

Tool Type # of Families # of Stations Batching
Backside Clean 1 2 N/A
Cluster tool 23 108 N/A
CMP tool 3 5 N/A
DNS Clean 3 3 N/A
DUV 1 5 N/A
Furnace 10 33 6 lots
Hardbake 1 2 6 lots
Hotplate 1 2 6 lots
I-Line 1 15 N/A
Implanter 3 21 N/A
Laser Marker 1 2 N/A
Metrology 6 52 N/A
Wetbench 11 36 2 lots

chapter, we will use wafer lots (with exactly 25 wafers) as the unit for denoting workload

and throughput.

Various kinds of tools are used in the semiconductor manufacturing process. This

includes tools such as furnaces, lithography tools, cluster tools, wetbenches, and a number

of other tools. The fab model considered in this application has a total number of

286 stations, each of which is equipped with a single tool. They are organised into

65 station families. Each station family has a storage capacity for temporarily keeping

wafer lots until a station becomes available for processing waiting lots. Depending on

the tool, processing is done either by lots or batches of lots. In case, a tool is capable of

processing wafer lots in batches, corresponding batching policies are used that determine

how batches are composed. An overview of the various tool types used in this application

is illustrated in Table 5.2.

Tools can be operated with different setups. However, although a tool may technically

be capable of operating under a certain setup, it may not be certified for this purpose.
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Certification is an important measure to maintain the required quality of wafers. The cer-

tification procedure can last several weeks and is thus not subject to operational decision

making which is usually in terms of hours and days. Therefore, from this application’s

perspective, certifications cannot be changed. The number of setups supported by a

certain tool varies greatly. While some tools are certified to support up to 27 different

setups, other tools support only a single setup. The average number of certified setups

per tool is 6. Changing the setup of a tool often requires downtime (i.e., setup time)

during which the tool is not available for processing any wafers.

Not all tools require setup times. For example, in case of wetbenches, a “setup” refers

to a particular recipe according to which wafers are treated. Wetbenches are tools that

are used to clean the wafer after certain fabrication steps to remove residues which would

otherwise affect the quality of the wafer. This cleaning process requires wafers to be

processed in a number of chemical liquids for a precisely specified time period. A recipe

is thus a unique sequence of chemicals and specific processing times. Different wafers

can be processed according to different recipes (i.e., different chemical sequences and

timings). However, a wetbench is equipped with a fixed set of chemical baths. Although

the liquids have to be replaced from time to time (maintenance), they are not changed

(i.e., replaced by a different chemical). Therefore, there is no downtime (i.e., setup time)

required when processing wafers according to a different recipe.

In contrast, furnace tools may operate at different temperatures (in this case “setup”

refers to a temperature setting). Wafers have to be processed at a certain temperature

for a certain period of time. To assure quality, it is important that the temperature is

not fluctuating. Therefore, if wafers require different processing temperatures (i.e., dif-

ferent setups), a furnace needs to change its operating temperature. The ramp up/down

(heating up/cooling down) process takes some time (i.e., the setup time) during which

no wafers can be processed. An overview of the various setup times of all tool types (if

applicable) is illustrated in Table 5.3.
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Table 5.3: Overview of tool types and their corresponding setup times in minutes. Actual
setup times are assumed to follow a normal distribution. Therefore, corresponding mean
setup times and standard deviations are given.

Tool Type Setup Time Tool Type Setup Time
Mean (Std.Dev.) Mean (Std.Dev.)

Backside clean 15 (5) Furnace 35 (8)
Cluster tool 15 (5) Hardbake 15 (5)
DNS clean 15 (5) Hotplate 15 (5)
DUV 20 (3) I-Line 20 (3)

Figure 5.1: Example of a station family with three stations, each of which is certified for
different setups.

Despite efforts towards automated operations, operational decisions regarding config-

uration of tools is made by human operators. Each station family is assigned an operator

who is ultimately responsible for changing the setups of the various supervised stations.

Figure 5.1 illustrates an example of a station family with three stations, each of which is

equipped for different setups.

An overview of the complete process graph is illustrated in Figure 5.2. Each node

in the process graph represents a different station family. Arrows indicate the path of a

wafer lot through the entire manufacturing process. Lots may revisit any station family

multiple times. The figure shows the graph for all products. It is not meant for detailed

reference but rather to illustrate the complexity of the manufacturing process.
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Figure 5.2: Complete process graph of the semiconductor manufacturing process, includ-
ing all products and station families. Each node in this graph represents a station family.
Note, this figure is not meant for detailed reference but rather to illustrate the complexity
of the manufacturing process.
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5.2.2 Decision Making

Common practice decision making is distributed (i.e., operators make decisions regarding

the stations under their supervision) and involves local optimisation (i.e., each operator

tries to optimise the performance locally in terms of throughput, for example). Although

operators of different station families can communicate with each other and coordinate

their actions, they cannot fully anticipate how local decision making is going to affect

different parts of the fab. This is due to the complexity of the manufacturing process.

Simulations are required to see how local decision making affects other parts of the fab.

Therefore, centralised decision making, using full knowledge about the state of the fab,

is beyond the capabilities of human operators.

The local decision making policy used in our model is based on information provided

by the industry regarding the operation of stations and their re-configuration. It is

generally distinguished between priority and non-priority stations. Priority stations are

the ones that are more critical to the manufacturing process and refer to stations that are

equipped with cluster tools, DUV tools, furnaces, implanters, and wetbenches. Operators

watch priority stations more closely and act faster upon changing operational conditions

as compared to non-priority stations. The setup of non-priority station is assumed to be

changed only once for every working shift (i.e., once every 8 hours). In contrast, priority

stations may be re-configured every hour if the situation requires. Operators can analyse

the setup demand of the waiting lots in the queues of the station families supervised by

them. For our model we assume that the goal of the operator is to match setup demand

and supply by re-configuring as many stations as necessary in order to minimise the

discrepancy between the setup demand and supply.

A simple way of calculating the demand of a setup would be to count the number

of lots in the queue that require this particular setup for their next processing step.

However, this measure does not take into account the processing time required by this
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step. The processing time depends on the processing step and varies among different

products and their specific process flows. The lot count does not accurately reflect the

demand situation as many lots with short processing time would outweigh few lots with

long processing times. Demand in terms of number of lots is thus misleading. Hence,

we consider demand in terms of the waiting processing time. The waiting processing

time wpt(s) for a particular setup s is the accumulated processing time of all lots in

the queue that require the setup. The total waiting processing time WPT for a station

family is thus the accumulated waiting processing time for all setups that are provided

by the various stations of the station family. In order to match demand and supply,

we further consider the demand ratio DR(s) and the supply ratio SR(s) of a particular

setup s which represent the setup demand/supply relative to the total demand/supply,

respectively. The demand ratio DR(s) for setup s can be calculated as:

DR(s) =
wpt(s)

WPT
(5.1)

While setup demand is measured in waiting processing time, setup supply is measured

in number of tools nt(s) that are configured for the corresponding setup s. Based on the

total number of tools NT within a station family, the supply ratio SR(s) for a specific

setup s can be calculated as:

SR(s) =
nt(s)

NT
(5.2)

In order to match demand and supply, the objective of the operator is to minimise

the discrepancy δDS between demand and supply, which is defined as:

δDS =
∑
s∈C

|DR(s)− SR(s)| (5.3)

where C is the set of all setups that are provided by the various stations of the station

family.
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Operators are assumed to be free in their choice of selecting tools within a station

family for changing setups. Therefore, every time an operator checks the current oper-

ating situation of a station family, multiple tools may be selected for re-configuration in

order to match demand and supply. In a fab it is often common practice to use a “fire

fighting” approach. In our model, we model this common practice approach as follows:

1. Determine the critical setup for each station family, i.e., the setup which is highest

in demand compared to its supply.

2. Identify all stations within the station family that are certified for this setup but

currently use a different setup.

3. Select one of the identified stations and change the setup. This results in a lower

demand/supply discrepancy.

This process is repeated until no further improvements in terms of demand/supply dis-

crepancy are possible.

5.3 Problem Solver Agent

The disadvantage of a common practice decision making policy, such as the one described

in the previous section, is the lack of complete knowledge and the ability to anticipate

how decisions regarding one part of the system affect other parts. Without the use of

simulation, operations are limited to local optimisation based on local knowledge about

the situation within a single station family. In case of human operators, these limitations

are not necessarily that severe. For example, human operators have knowledge about

the system and are thus capable of anticipating, to a certain extent, the likely outcome

of their actions. This is particularly true for operators who can make use of experience

with similar situations and problems in the past. In addition, operators can communicate
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with each other and coordinate their actions. Nevertheless, due to the complexity of the

system, it can be assumed that operators have always only partial knowledge about the

system. In contrast, a symbiotic simulation-based problem solver agent has the advantage

of being able to exploit a detailed model of the physical system to make fully informed

decisions using complete knowledge about the state of the physical system.

The purpose of the problem solver agent in this application is to override local deci-

sion making, whenever necessary, to improve the efficiency of the manufacturing process.

For this purpose, we assume that the various stations of the physical system are primarily

controlled by the operators who make decisions according to the common practice ap-

proach discussed in Section 5.2.2. In addition, a problem solver agent is used to identify

problematic station families and optimises the schedule for changing setups of the various

stations. Since the problem solver agent is concerned with decision making problems, a

class A symbiotic simulation system is used. In this application, we consider the case

where the problem solver agent is concerned with continuously improving the overall

performance of the manufacturing process. As we will discuss below, the complexity of

the decision making problem for the entire fab is very high. We therefore aim at im-

proving the performance of the WIA process by dynamically changing the attention of

the problem solver agent to focus on the most problematic station families. Figure 5.3

illustrates the design of the problem solver agent for the semiconductor manufacturing

application.

The S-C and A-C represent the link between the problem solver agent and the physical

system. In practice, a fab is equipped with an information management systems that

keeps track of the whereabouts and progress of the various wafer lots in the fab. The

problem solver agent described in this chapter is capable of autonomous and automated

operational decision making regarding changing the setups of the various stations. This

agent relies heavily on the availability of accurate information regarding the state of
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Figure 5.3: Design of the problem solver agent, based on a class A symbiotic simulation
system, for control of semiconductor manufacturing equipment.

the physical system. In addition, although decision making can be done by the problem

solver agent, re-configuration of stations in a real-world fab probably has to be performed

by human operators who manually change the tool setups. The actuator of the problem

solver agent is thus assumed to be a human-computer interface that allows the agent to

send corresponding instructions to the human operators in the fab.

In this application, WIA processes are performed pro-actively: a what-if analysis

is triggered every 12 hours and concerned with a time period that covers the next 24

hours. It is assumed that at any time t, the information management system of the

physical system provides information about the complete state St of the physical system.

The pre-WIA process analyses the current state of the physical system and determines

problem-specific information Γ and objectives Ω depending on the current operating

conditions. Here, operating conditions refers to the queueing situation of the various

station families in terms of waiting processing time. The remainder of this section is

concerned with details regarding Γ and Ω.
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5.3.1 Problem-specific Information Γ

The genotype model used to perform the optimisation process is based on the various

stations and their possible setups that are being considered by the WIA process. In

general, the genotype model reflects stations as genes, denoted as Ei, and their setups

as corresponding alleles, denoted as si,j, where i and j refer to the index of a particular

station and setup, respectively. A gene Ei which is expressed by an allele si,j thus

indicates that the current setup of the i-th station is changed to the j-th setup. It may

not be necessary or desired to change the setup of a particular station at all. For this

purpose, we consider an additional allele nili for each station which indicates that the

current setup is not changed. Therefore, for gene Ei, representing the i-th station, there

are exactly nsi + 1 alleles, where nsi refers to the number of possible setups for the i-th

station.

The goal of the WIA process is to identify an optimised schedule for changing setups

of the various tools in the physical system. We assume that the setup of a tool can be

changed at most once an hour. Given a time frame of 24 hours (i.e., a what-if analysis

covers a 24 hour period), there are a total of 23 time slots at which the setup of a station

can be changed. This takes into account the fact that the what-if analysis needs some

time to finish. In this application, we assume that the WIA process can be performed

in less than an hour. Time slots are represented in the genotype model by using the

multiplicity attribute of the associative relationships Ri that connect the root element

with genes. Therefore, there is a total of 23 instances of a gene in a genotype instance

and the k-th instance of the i-th gene refers to the setup that needs to be applied to the

i-th station during the k-th time slot.

Genotype instances generated from this genotype model encode instructions for oper-

ators when to change the setup of a particular station and which setup to use. Although

the structural information in the genotype model takes into consideration that setups
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do not necessarily have to be changed (by providing nil alleles), it does not account for

the frequency of changing setups throughout a 24 hour period. Some stations are more

frequently changed than others. In practice, setups are not changed every hour as this

would cause a significant overhead due to the setup times incurred. Based on observations

with the common practice decision making approach, setups are (on average) changed

5.8 times during a 24 hour period. The probability of not changing the setup of a station

during any given time slot, on average, is thus 75.8%. We use a customised allele prob-

ability distribution to reflect these observations. The allele probability for selecting the

nil allele is thus 0.75 and the corresponding allele probability pi,j, for selecting a setup

allele si,j, is 0.25/nsi.

The genotype model, featuring the various structural and advanced processing at-

tributes we just described, is further denoted as GFAB and illustrated in Figure 5.4. This

genotype model also specifies the various variation operators that have to be used by

MEAα to perform recombination and mutation operations. For this application, we use

a standard uniform crossover operation (indicated by <<varrc:uniform(1.0, 0.5)>>)

with a crossover probability of v0 = 0.5. In addition, we specify that a random mutation

operator (indicated by <<varmt:rand(1.0, 1/m)>>). In both cases, the operators are

applied with a probability of pvar = 1.0. The mutation operator has an additional pa-

rameter v0 = 1/m that indicates the mutation rate used by the operator. The mutation

rate is inversely proportional to the number of stations that being considered (i.e., m).

The operators, as well as the corresponding probabilities, have been chosen based on

experience.

Based on the number of stations (m) and the corresponding number of setups for each

station (ns0, ns1, . . . , nsm−1), the size of the solution space defined by genotype model

GFAB can be calculated as follows:

m−1∏
i=0

(nsi + 1)23 (5.4)
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Figure 5.4: General genotype model GFAB for the setup scheduling problem in semicon-
ductor manufacturing.

In this most general case, the genotype model considers all stations and all their possible

setups (plus one additional nil allele). Given the large number of stations and possible

setups, the size of the solution space is approximately 4 × 103313, which can be safely

described as extremely large. A smaller size of the solution space makes it easier for

the search algorithm to find a good solution. For this reason, we use two methods to

significantly reduce the size of the solution space based on a case-by-case analysis of

operational conditions of the physical system.

1. Attention of the problem solver agent focuses on problematic station families only

and ignores less problematic ones. A watch list, consisting of problematic station

families, is created based on a forecast of the waiting processing times for all station

in the next 24 hours. A station family is considered problematic if its waiting

processing time is above the P -th percentile of the waiting processing times of all

station families. The degree of specialisation (i.e., focus) is further denoted by

P = {0, 50, 75, 95}, where P = 0 indicates that the problem solver agent has no

focus, i.e., problem solver agent considers all station families.
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2. Setups that are not needed (i.e., setups for which the forecast has not indicated

any demand) are ignored and not represented in the genotype model by the corre-

sponding alleles. For this purpose, the queue of the station family is analysed. In

case all setups of a particular station can be ignored, the entire station is ignored

and not included in the genotype model. Whether or not this setup filter is applied

or not is further denoted by filter = {yes, no}.

5.3.2 Objectives Ω

For the objectives we assume an application scenario in which the manufacturer is ulti-

mately interested in improving the fab throughput, i.e., to increase the number of wafer

lots that can be completed during a period of time. A simple way of measuring the

throughput would be to count the number of wafer lots that finish processing during

that time period. However, this way of measuring throughput has a serious drawback

that may lead to performance problems. The manufacturing process requires wafer lots

to visit many stations multiple times. Simply considering the number of lots that finish

processing will lead to short sighted behaviour of the problem solver agent because it

will configure stations in way that will give priority to wafer lots that are nearly finished.

Although this will (briefly) increase the number of lots that finish in their processing, the

performance improvement is superficial. It is achieved at the expense of wafer lots that

are in an earlier processing stage which will have to wait.

In order to avoid this issue, we consider the average throughput of the fab. Let wipi

denote the i-th progress group, i.e., the set of wafer lots that have completed processing

at least 10 ∗ i percent and less than 10 ∗ (i+ 1) percent. For example, wip4 denotes the

progress group that consists of all wafer lots with a progress of 40%–50%. Furthermore,

let tpi denote the throughput of wafer lots from the i-th progress group to their successive

progress group (i+1). For example, tp4 would denote the throughput of wafer lots from
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progress group 4 to progress group 5. The average throughput tp of the fab can now be

determined as follows:

tp =

∑9
i=0 tpi
10

(5.5)

The primary objective of the WIA process is to maximise the average throughput tp.

However, improved throughput is a side effect of reduced inefficiencies in the manufactur-

ing process. Inefficiencies of a particular station family is expressed by the corresponding

waiting processing time for this station family. Therefore, the secondary objective of the

WIA process is to minimise the waiting processing time WPT for the various station

families that are subject to optimisation (i.e., station families that are on the watch list).

Since the pre-WIA process determines the watch list every time a what-if analysis is trig-

gered, Ω is different for every what-if analyses. For example, while the what-if analysis

at one point of time may be concerned with minimising the waiting processing time of

furnaces; the what-if analysis at a different time may be concerned with minimising the

waiting processing time of cluster tools and DUV tools.

Both objectives are used by the search method employed by the problem solver agent.

For this purpose, MEAα has been modified in order to distinguish between primary and

secondary objectives as follows:

• The secondary objective is used for parent selection and offspring creation. In

other words, the secondary objective is used to evolve the population of candidate

solutions during the problem solving process.

• The primary objective is used to determine the final solution by comparing all

candidate solutions that have been created during the WIA process according to

the primary objective.

In the context of this application this means that candidate solutions are evolved

according to WPT , i.e., solutions with shorter waiting processing times for the various
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station families are considered better, and the final solution is determined according to

tp, i.e., the candidate solution with the highest average throughput is selected to be

implemented in the physical system. Although the average throughput is not directly

used to drive evolution of candidate solutions, it is effectively improved because of the

above-mentioned relationship between average throughput and inefficiencies.

5.4 Experiments

5.4.1 Impact of Problem Solver Agent

We compare the performance of the physical system when using common practice ap-

proach for decision making (i.e., no symbiotic simulation) and the symbiotic simulation-

based approach using problem solver agent. The purpose of this comparison is to deter-

mine the maximum load the physical system can handle depending on the decision making

approach used. As for problem solving by the problem solver agent, we do not consider

the effects of problem-specific knowledge at this point (i.e., P = 0 and filter = false).

Therefore, for each what-if analysis that is conducted by the problem solver agent, the

same (generic) problem is solved. This generic problem is concerned with all stations and

all possible setups, i.e., with the entire search space. As explained earlier in Section 5.3,

a what-if analysis is triggered every 12 hours and simulations concern the next 24 hours.

Each WIA process is given a computing budget of 48000 simulations. In addition, each

what-if scenario is evaluated using 3 simulation replications. This results in a maximum

of 16000 what-if scenarios that can be evaluated during every WIA process.

For practical reasons, experiments were not performed with a real physical system.

Instead, we used a paced simulation of the fab to emulate the physical system. This

enabled us to perform experiments, reflecting a period of several months, within a few

weeks. We also used a mechanism to create snapshots of the complete state of the

emulator at any time. These snapshots have been used as initial state for the simulation
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of a what-if scenario. The simulation model is deterministic with the only exception being

the setup times. In practice, the exact setup times are not known a priori. Therefore, all

simulations performed by the WIA process use different random number generator seeds

to produce different values for the various setup times according to a normal distributions

(see Table 5.3 for details regarding the setup times).

For evaluation purposes, we consider the WIP and the average throughput of the

physical system. The WIP is used to determine whether the decision making approach

is capable of handling a certain amount work load. More specifically, we consider work

loads between 1600 and 1900 lots per day for local decision making and 1800 and 1900 lots

per day for the problem solver agent. A set of five experiments is performed for each load

and decision making approach. The results presented below represent the corresponding

averages (for WIP and throughput) over these five replications. As for the conduct

of experiments, each experiment has been started from scratch, i.e., the semiconductor

manufacturing system is empty with no WIP. Wafer lots are released daily according to

the corresponding work load. Figures 5.5 and 5.6 show the performance of the physical

system when using the common practice approach and when using the problem solver

agent. The problem solver agent is only activated at day 360. In addition, both figures

only show the performance starting from day 300. The period before this day is considered

the warm-up period and thus not illustrated.

When using the common practice approach, the maximum load that can be handled

by the physical system is approximately 1600 lots per month. At higher loads, the phys-

ical system cannot keep up which results in a steadily increasing WIP (see Figure 5.5a).

The upper work load limit is also indicated by the throughput which is approximately

between 1500 and 1600 lots per month regardless the load. In order to handle a given

work load, the physical system needs to be able to maintain a throughput which equals

the load. Clearly, this is not the case for work loads above 1600 lots per month when
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Figure 5.5: Performance of the semiconductor manufacturing system when using local
decision making only (LO): WIP (5.5a) and throughput (5.5b).
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Figure 5.6: Performance of the semiconductor manufacturing system when using the
PSA: WIP (5.6a) and throughput (5.6b). For easier comparison, corresponding results
for local decision making only (LO) is also illustrated.
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using the common practice approach. In contrast, when using the problem solver agent,

higher work loads can be handled. This is indicated by a WIP that does not significantly

increase or decrease (see Figure 5.6a). When using the problem solver agent, the physical

system can maintain a throughput of up to 1800 lots per month (see Figure 5.6b).

Initially, after activating the problem solver agent, throughput increases sharply and

even exceeds the load. For example, in Figure 5.6b, throughput reaches almost 2000 lots

per month around day 400 which is significantly higher than the load of 1800 or 1900 lots

per month used for these experiments. This is due to the fact that, before the problem

solver agent was activated on day 360, only common practice decision making has been

used. Since the common practice approach cannot handle work loads of 1800 and 1900

lots per month, excess WIP has been accumulating in the queues of the physical system.

This excess WIP is eventually processed when the problem solver agent is activated.

As a result, when using a load of 1800 lots per month, the throughput converges to

approximately the same level. However, even the problem solver agent cannot handle a

load of 1900 lots per month and throughput remains significantly below this level which

explains the increasing WIP (see Figure 5.6a).

5.4.2 Impact of Problem-specific Knowledge

We evaluate the impact of problem-specific knowledge on the performance of the WIA

process using different degrees of specialisation, expressed by values for P in combina-

tion with or without using a setup filter. Unlike the previous experiments, which were

concerned with the performance of the physical system, we consider the performance

of the WIA process in terms of computing budget needed to achieve a certain quality

of solutions. As explained earlier in Section 5.3.2, the primary objective of a what-if

analysis is to maximise the average throughput. The secondary interest is to minimise

the waiting processing time of stations under control by the problem solver agent. For
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this reason, quality of solutions is measured in terms of these two performance metrics.

An important feature of our approach is the ability to perform situation-specific what-

if analyses, i.e., the current operating conditions of the physical system are taken into

consideration during the pre-WIA process when defining the problem (in terms of Γ and

Ω). We hypothesise that a specialised WIA process performs better (i.e., achieves higher

quality of solutions with the same amount of computing budget) as compared to a generic

WIA process.

When using a specialised WIA process, the specific problem that is being solved de-

pends on the current operational conditions of the physical system. What-if analyses

performed at different times are thus likely to be concerned with different problems (e.g.,

the what-if analyses may be concerned with different station families). Thus, correspond-

ing solutions of these what-if analyses cannot be directly compared. However, in order

to show the impact of specialisation it is not sufficient to analyse the performance of the

WIA process for a single what-if analysis only. Instead, the average performance over a

number of what-if analyses should be considered. For this reason, a set of experiments is

performed. Each experiment is performed using a different operational condition based

on a snapshot of the physical system. More specifically, a snapshot is the saved state St

of the physical system at time t. Snapshots have been obtained from the emulator of

one of the experiments, using a load of 1800 lots per month, discussed in the previous

section. A total of 35 snapshots is considered, each of which has been taken at different

days (ranging from day 360 to 395).

For each snapshot, we analyse the performance of the WIA process for all combi-

nations of P = {0, 50, 75, 95} with filter = {yes, no}. For each experiment the same

parameters regarding computing budget (48000) and simulation replications (3) have

been used as for the experiments discussed in the previous section. Similarly, each WIA

process has been repeated 3 times to obtain statistically meaningful results. Therefore,
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for each of the 35 snapshots a total of |P | × |filter| × 3 = 4× 2× 3 = 24 experiments is

conducted. Since results obtained for different snapshots cannot be directly compared,

we define a normalised performance measure which considers the performance of the WIA

process relative to a reference performance. For this purpose, we determine the best per-

formance (maximum throughput and minimum waiting processing time) that has been

obtained for each snapshot over the set of 24 experiments and use it as reference perfor-

mances for that snapshot. All results presented in this section are indicated as normalised

values, i.e., as the relative difference to the reference value. Smaller differences indicate

better performance. For example, assume that the best throughput (reference value)

found over all experiments, concerned with a given snapshot, is 1750 lots per month.

Further assume that a particular experiment (e.g., P = 50 and filter = no) indicates a

throughput of 1700 lots per month. The difference (50 lots per month), relative to the

reference value (1750 lots per month) is is thus 2.9%.

Figures 5.7 and 5.8 illustrate the convergence behaviour of the WIA process for

throughput and working processing time, respectively. More specifically, each figure illus-

trates the mean of the normalised performance values and their 95% confidence intervals

over all 35 snapshots.

The results show the impact of specialisation on the performance of the WIA process.

Using higher values for P leads to increased performance (i.e., smaller normalised values)

compared with the general case of P = 0 which considers all station families, regardless

whether they are “critical” or not. However, the results also show the fading effect of the

problem solver agent on the overall performance of the physical system with increasingly

higher values for P . For example, for P = 95 (see Figure 5.8b), the convergence behaviour

in terms of waiting processing time clearly shows the decreased effect. This is due to the

fact that for high values of P , there are only a few stations that are being controlled by

the problem solver agent. As a result, the effect of the problem solver agent is very little.
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Figure 5.7: Convergence behaviour of the WIA process in terms of throughput for dif-
ferent values of P and using a setup filter (5.7a) and without using a setup filter (5.7b).
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Figure 5.8: Convergence behaviour of the WIA process in terms of waiting processing
time for different values of P and using a setup filter (5.8a) and without using a setup
filter (5.8b).
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However, since the focus of attention is always on the most critical station families, the

effect on the throughput is still noticeable. This is due to the fact that the throughput

can be severely affected by a few stations that are not operating efficiently.

With exception for very high values of P , the results indicate that performance of the

WIA process in terms of quality of solutions (throughput and working processing time)

generally increases with higher values for P . In other words, up to a certain degree,

higher levels of specialisation lead to better performance. However, the results also show

that specialisation is not necessarily beneficial. For all evaluated cases, the WIA process

performs better if no setup filter is used. Although the search space is smaller if a setup

filter is applied, it does not lead to better performance. The only difference between using

and not using a setup filter is the possibility of implementing setups for which there is no

significant demand. However, filtering is based on a 24 hour forecast and does not cover

the effects in setup demand caused by actions of the problem solver agent. As explained

in Section 5.3, due to the complexity of the semiconductor manufacturing process it is

possible that changes to some part of the physical system will affect other parts of the

physical system. For example, changing the setup for a particular station will affect the

queueing situation of other station families: a station (now using a different setup) will

process different wafer lots. Upon completion of processing at this station, these lots may

proceed to different station families as the lots which would have been processed if the

setup of the station would not have been changed. Therefore, the demand situation at

different station families is changing, possibly causing significant demand of a particular

setup which has been filtered out. This explains why the performance is generally better

if no setup filter is applied.
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5.5 Discussion

Although the problem solver agent is (in theory) capable of making decisions autonomously,

it can be expected that in a real-world application scenario, the problem solver agent is

not directly instructing operators but rather a senior operations manager, who takes the

suggestions by the problem solving agent and (if found to be appropriate) forward them

to the corresponding operators. This may lead to sub-optimal decision making because

the operations manager may not immediately see the advantage of implementing changes

suggested by the problem solver agent. In addition, operators do not always accurately

follow their instructions. The simulation model assumes that instructions by the prob-

lem solver agent are strictly followed, i.e., human operator are assumed to always follow

their instructions. Although problems with human interference are an important issue,

they are beyond the scope of this work and thus not further discussed. Nevertheless for

a real-world application of the problem solver agent, issues of human interference need

careful consideration and have to be dealt with accordingly.

An important issue with respect to overspecialisation has been highlighted by this

application. Reducing the size of the search space can improve the performance of the

WIA process in terms computing budget utilisation and quality of solutions. However,

when reducing the size of the search space too much or removing important solutions, the

resulting search space is overly restricted and the WIA process is not capable of finding

reasonably good solutions any longer. In the context of this application, the setup filter

effectively reduces the size of the search space. However, it also filters out setups that

might be important for improving the efficiency of the manufacturing process. Without

these setups, the resulting schedules are generally inferior to schedules that have been

created based on all possible setups. This has important practical implications because

reducing the size of the search space makes it easier for the WIA process to find a

relatively good solution (relative to other solutions in the search space). However, there
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is no guarantee that a search space, after reducing it, will still contain solutions that are

good enough in the context of the application. Hence, there is a trade-off between time

required to find a solution and quality of solution.

The focus of this application has been a fully-automated approach: a problem solver

agent observes the physical system and triggers a what-if analysis every 12 hours. Upon

triggering, the problem solver agent analyses the current situation and states a problem

(in terms of Γ and Ω) and solves it. A fully-automated approach, in which the problem

solver agent is completely autonomous, may not be desirable in practice for various

reasons. The semiconductor manufacturing process is a delicate issue and has significant

impact on the profitability of the fab. A manufacturer may not be willing to leave

decision making entirely up to a software system. A semi-automated approach may thus

be preferred. An advantage of our approach is the availability of possible intervention

points at which a user can intervene and interact with the problem solver agent. For

example, instead of leaving the pre-WIA up to the problem solver agent, a user may

manually specify the problem that has to be solved, i.e., the user can manually specify

Γ and Ω. In this case, the intervention point would be function fpa.

5.6 Summary

We have demonstrated how to use the framework to realise a problem solver agent that

makes use of a class A symbiotic simulation system in the context of a semiconductor

manufacturing application. The problem considered in this application is concerned with

decision making regarding a schedule for changing setups of stations. We have explained

how situation-specific information about the current operating conditions can be incor-

porated into the what-if analysis in order to change the focus of attention to problematic

station families. This focus may shift any time depending on the current operating con-

ditions. The flexibility of ECML can be used to realise a shift of focus by dynamically
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adding or removing stations from the genotype model. Similarly, the precise objective of

the WIA process is also dynamically changing because only waiting processing time of

problematic station families is considered. However, despite the changes in the focus of

the problem solver agent, the nature of the problem remains a combinatorial problem.

In the next chapter, we discuss an application which (among other issues) also considers

the case where the nature of the problem is changing.
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Application Example 2: Radiation
Detection

6.1 Overview

Radiological dispersal devices (RDDs), also commonly known as “dirty bombs”, are

combinations of conventional explosives and radioactive material. Unlike nuclear weapons

which have an immense potential for destruction, this is not the case for RDDs. Since

nuclear fission does not take place, immediate destruction is caused by the conventional

explosive rather than by the radioactive material. However, upon the detonation of an

RDD, the radioactive material will be scattered into the environment which may have

significant long-term health and economic impact on the affected population and the

affected area [118]. Exposure to high levels of radioactivity can cause radiation sickness

and increase the risk of cancer. Depending on the amount of radioactive material used for

the attack, it might be necessary to completely evacuate and decontaminate the affected

area which may take several months.

Terrorists seeking to build a dirty bomb need to procure suitable radioactive material.

According to the International Atomic Energy Agency (IAEA), suitable material to build

a dirty bomb can be found in almost every country [62]. The IAEA also states that “more

than 100 countries may have inadequate control and monitoring programs necessary to
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prevent or even detect the theft of these materials”. Clearly, the best protection against

the threat posed by dirty bombs is to prevent radioactive materials from falling into

the hands of terrorists. However, this involves joint efforts of many countries and can

only be successful in the long run, if at all. In the meantime, other solutions have to be

considered to prevent dirty bomb attacks.

In the previous chapter, we have discussed a problem solver agent in the context of

a semiconductor manufacturing application that has been used to solve decision making

problems. In this chapter, we will describe a problem solver agent that is concerned with

a model and state identification problem in the context of a radiation detection applica-

tion. A hybrid class B/C symbiotic simulation system is thus employed. The symbiotic

simulation system is used for classification and tracking of a moving radiation source,

assuming the use of radiation detection equipment such as Geiger counters. Efficient

tracking requires the problem solver agent to have a reasonably short reaction time. We

present a multi-stage approach, based on ECML and MEAα, which aims at minimising

the reaction time by dynamically incorporating a priori knowledge about the radiation

source in order to improve the performance of the WIA process.

This chapter is structured as follows. In Section 6.2 we explain how radiation detection

is performed. In Section 6.3 we discuss the design of the problem solver agent. In addition,

we discuss how a priori knowledge about the radiation source can be incorporated into the

genotype model to improve the performance of the WIA process. In Section 6.4 we discuss

a number of experiments with focus on the impact of problem-specific knowledge on

detection performance. We conclude this chapter by discussing the application example

and summarise the contribution of this chapter in the context of the dissertation in

Section 6.5 and Section 6.6, respectively.
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6.2 Radiation Detection

There are various types of radiation such as alpha, beta, and gamma radiation. Alpha

and beta radiation can be blocked by using light shielding materials such as paper or

aluminium, respectively. Gamma radiation, on the other hand, requires more substantial

shielding such as concrete walls or lead plates. In addition, gamma radiation is emitted

by most radioactive isotopes. Therefore, detection of RDDs should focus on gamma radi-

ation. Various types of detector devices can be used to detect gamma radiation. Geiger

counters are commonly used and count the number of detected radiation particles during

a certain time period. The higher the particle count, the higher the intensity of radiation.

However, Geiger counters do not provide information regarding the characteristics (i.e.,

type of substance and radioactivity) of the radiation source. More sophisticated radiation

detection systems, such as spectroscopy systems, have to be used for this purpose. More

sophisticated devices can also be expected to be more expensive. For practical purposes,

we therefore assume that it is desirable to use low-cost devices such as Geiger counters.

6.2.1 Radiation Model

Radiation is generated by the process of radionuclide decay. Depending on the radioactive

isotope, different numbers of particles with varying energy levels are emitted during this

process. For example, the isotope Cobalt-60 emits two photons with energies of 1.17

MeV and 1.33 MeV during the decay process [23]. The activity of a radioactive source

is proportional to the amount of the radioactive isotope and defined by the number of

nuclei decaying per unit time. The unit for activity is Becquerel (Bq) which is defined

as one decay per second. The decay process can be modelled as a Poisson process [134].

Particles are emitted randomly into every direction with equal probability. Whenever

the path of a particle intersects with a detector, the counter value for this detector is

increased. This model reflects very well on how Geiger counters actually work.
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While activity refers to the number of nuclei decay, intensity refers to the number

of particles per unit time measured at some location. Both metrics are similar and

intensity is therefore also measured in Becquerel. The intensity I2 of radiation at a

certain distance d2 to the radiation source can be calculated by using the Inverse Square

Law and a reference value for the intensity I1 at another distance d1:

I1
I2

=
d22
d21

(6.1)

This means that if the distance is doubled, the intensity is decreased by a factor of

four. The measured intensity also depends on the different kind of materials a particle

has to pass through before being detected. In general, the higher the density, the higher

the probability that particles are absorbed. The ability of a particular material to absorb

radiation is expressed by the linear attenuation coefficient µ which is measured in units

of cm−1. The transmitted intensity I can be calculated based on µ, the initial intensity

I0, and the distance d a particle has to travel through the material:

I = I0e
−µd (6.2)

In this context, the half-value thickness d1/2, measured in units of material thickness

(cm), is of particular interest for practical purposes. It represents the required thickness

of a certain material to reduce the intensity by 50%:

d1/2 =
0.693

µ
(6.3)

The linear attenuation coefficient depends on the material and the gamma photon

ray energy. For example, lead has a linear attenuation coefficient of 0.5545 cm−1 for

a photon energy of 10.0 MeV [80]. This means that a lead plate with a thickness of

1.25 cm is required in order to attenuate the intensity of a 10.0 MeV photon energy
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emitting radiation source by 50%. The linear attenuation coefficient is important for

modelling because different isotopes emit particles at different energy levels. This has

to be considered in the modelling process. For this purpose, we use different models for

each isotope.

6.2.2 Environment

The environment used in this application example is based on the lower ground floor plan

of the Kalmar Museum of Art [5]. This object has been chosen because of the availability

of a floor plan as well as the fact that the building structures are made of concrete. As

explained above, the attenuation model is based on linear attenuation coefficients which

depend on materials used in the environment and the radioactive isotope. Since materials

such as concrete, lead, and steel are common shielding materials against radiation, their

attenuation coefficients or the resulting half-value thickness for different isotopes are

readily available. For this reason, a building that is primarily made of concrete, such as

the Kalmar Museum of Art, has been chosen. In order to create a model, a floor plan of

the building has been used and for simplicity it is assumed that all wall structures are

made of concrete.

The dimensions of the environment are approximately 41.3 x 45.5 meters. With a

resolution of 4.55 cm/pixel, the dimensions are 908 x 1000 pixels. Based on the floor plan

of the museum, a virtual two-dimensional environment has been created. In addition,

we have placed five static detectors into the virtual environment at the following posi-

tions: (91, 136), (685, 133), (628, 891), (121, 688), and (432, 502). As for the coordination

system, point (0, 0) refers to the lower left corner of the environment. The resulting

radiation attenuating properties of the building, as well as the locations of the radiation

source and the detectors, are illustrated in Figure 6.1.
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Figure 6.1: Example of radiation absorption in an environment which has been created
based on a floor plan taken from [5]. Wall structures are assumed to be made of concrete.
The position of the radiation source and various detectors are indicated by a circle and
triangles, respectively. Higher radiation intensities are indicated by a brighter blue. The
path of the radiation source is illustrated as a dashed line with rectangular markers,
denoting 10%, 20%, . . . , 100% of the total path length relative to the starting point.
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6.2.3 Classification and Localisation

Trilateration is a method to determine the location of objects if information regarding

their distance to reference points is known. Geiger counters typically do not provide this

information. Taking radiation intensity as a substitute for distance will lead to unsat-

isfactory results because the intensity at a specific location depends on various factors

such as the radiation absorbing properties of the surrounding environment. However,

based on a sufficiently accurate model of the environment and measurements of radiation

intensities at multiple reference locations, it is possible to compute the location of the

radiation source and determine its characteristics.

Knowledge about building layouts and materials can be used to create a detailed

absorption model of a particular area of interest. The radiation absorption model can

be used to estimate the radiation intensity at a particular location. This also requires

that all necessary information about the radiation source is available. Three factors are

important in this context: i) the kind of radioactive isotope (e.g., Cobalt-60), ii) the

amount of the substance (i.e., the total radioactivity), and iii) its location.

If information about radiation intensities at reference locations is available, the ab-

sorption model can be used in reverse fashion to classify and localise the radiation source.

Actually measured values of radiation intensities can be used for this purpose. Solving the

absorption model in reverse fashion is to seek the answer to the question regarding what

radiation source, located at which location, would result in the observed radiation pat-

tern. More formally, let the vectors Im = (Im0 , Im1 , . . . , Imnd−1) and Ie = (Ie0 , I
e
1 , . . . , I

e
nd−1)

denote the measured and estimated radiation intensity of various locations, where the

length nd of these vectors is the number of detectors in the environment. The exact lo-

cation of the detectors is assumed to be known and expressed by the two vectors xd and

yd, where the i-th element of these vectors is denoting the position of the i-th detector

in the corresponding dimension.
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We consider four different radiation isotopes, each of which is represented by a cor-

responding model that describes the properties of each isotope:

M = {MCs137,MCo60,MIr192,MRa226} (6.4)

As explained in Section 2.3.2 (see Equation 2.1), in general, a simulation model in-

cludes parameters for control (PC), external influence (PE), and simulation period (r).

However, the four radiation models (MCs137, MCo60, MIr192, and MRa226) considered here

do not need any parameters for control or external influence: PC and PE can thus be

omitted. In addition, we intend to estimate radiation intensities momentarily and not

over a period of time. Therefore, r is also omitted. State information PS includes the

radio activity as and the position xs and ys of the radiation source. In addition, the

positions of the detectors is also included:

PS = {as, xs, ys,xd,yd} (6.5)

While xd and yd are known (i.e., xd and yd are part of the known state information

S ′ provided by the sensors), this is not the case for as, xs, and ys (part of the unknown

state information S ′′). The state of the physical system is thus only partially known.

We further distinguish between PS ′
t = {xd,yd} and PS ′′

t = {as, xs, ys} (i.e., PSt =

PS ′
t ∪ PS ′′

t analogue to St = S ′
t ∪ S ′′

t ) which represent the known and unknown part

of the state at time t. Given a model Mj ∈ M that reflects the radiation source and

a complete set of state information at time t, the radiation intensities at the reference

locations (i.e., at the locations of the detectors) at time t can be estimated as follows:

Iet = Mj(PSt) (6.6)

In this application we assume a single radiation source located in a two-dimensional

space. Radiation is generated during the decay process of the isotope and the half-life
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indicates how long it takes until half the amount of material has decayed. Caesium-

137, Cobalt-60, Iridium-192, and Radium-226 isotopes have half-lifes of 30.07 years, 5.27

years, 73.83 days, and 1600 years, respectively [23]. For the time periods considered in

this application (minutes/hours) it is therefore reasonable to assume that the amount of

radiating material remains constant, i.e., the state variable as is time independent.

The problem of identifying the correct model Mj and corresponding values for state

parameters as, xs, and ys can be formulated as an optimisation problem. The objective

is to find a solution for which the estimated radiation intensities Ie is closest to the

measured radiation intensities Im. In other words, the objective is to minimise the error

ε between the estimated and measured intensity values at the nd detector locations:

Minimise ε =

nd−1∑
i=0

|Iei − Imi |
Iei

(6.7)

6.3 Problem Solver Agent

The purpose of the problem solver agent in this application is to classify and track a

moving radiation source. As explained in the previous section, this can be done by

identifying an appropriate radiation model and corresponding input parameters in order

to match the simulation output with observations in the physical system. The problem is

thus concerned with both, model identification and state identification. For this purpose

a hybrid class B/C symbiotic simulation system can be used. In the previous chapter,

we have used the framework to realise a class A symbiotic simulation system for control

of semiconductor manufacturing equipment. The problem solver agent for radiation

detection is realised using the same framework. However, in contrast to the previous

application, this time the problem solver agent does not control the physical system.

Therefore, only framework components which belong to the perception layer and the
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Figure 6.2: Design of the problem solver agent, based on a hybrid class B/C symbiotic
simulation system, for radiation detection.

processing layer are needed. Figure 6.2 illustrates the design of the problem solver agent

for the radiation detection application.

The purpose of this application is to track a moving radiation source. Tracking is

a process that requires to continuously perform what-if analyses, i.e., once a what-if

analysis has finished, the next one is triggered without any delay. What-if analyses are

thus performed pro-actively and do not require any triggering condition. Only incomplete

state information PS ′
t is available at time t, i.e., the location of the detectors (xd and

yd). Information regarding the radiation source (as, xs, and ys) is unknown. Estimations

regarding unknown state information PS ′′
t is available upon completion of a WIA process.

Once available, this information can be used in subsequent what-if analyses by the pre-

WIA process which incorporates it as problem-specific knowledge Γ into a corresponding

genotype model. By doing so, the WIA process benefits from a smaller solution space.

The objective Ω for every what-if analysis is to minimise the estimation error ε.

A two-stage approach is applied to determine the characteristics and the location of

the radiation source. Depending on the detection stage, the WIA process is concerned

with either the identification of the reference model MR ∈ M and/or the state of the
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physical system PSt at time t.

• Stage 1 detection is concerned with identification of the correct isotope (reference

model MR) and radioactivity (state information as) of the radiation source. No

a priori information is used at this stage, i.e., only information regarding PS ′
t is

available at time t.

• Stage 2 detection is primarily concerned with tracking of the radiation source as

it moves in the environment. This stage makes use of a priori information about

the radiation source and consists of two parts. Previous estimations PSt−1 from

time t − 1 are available and can thus be used to improve the search process in

the second stage. The first part (Stage 2a) is concerned with initial localisation

of the radiation source and uses information about the isotope and radioactivity.

The second part (Stage 2b) is responsible for continuous tracking and also uses

information regarding the estimated position of the radiation source.

For each what-if scenario i, the simulation results SBi provide information regarding

the estimated radiation intensities (i.e., Ie). This information is compared with sensor

data B in order to calculate a corresponding PI value (i.e., ε) according to Equation

6.7. Earlier, in Section 2.3.2, we explained that the simulation results SB is a vector

with a length that corresponds to the length of the simulation. In this application, the

vector SB has a length of 1, i.e., the simulation results are only concerned with estimates

of the current state estimation and not with forecasts. Upon completion of the WIA

process, the best what-if scenario is decoded in order to obtain the reference model MR

and estimated complete state information PSt.

6.3.1 Representation of Γ for Stage 1

Initially there is no a priori knowledge available, i.e., neither the characteristics nor the

location of the radiation source is known. Therefore, all possible isotopes, radioactivity
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(a)

(b)

Figure 6.3: Genotype models GRDP,B1 (6.3a), which encodes structural information only,
and GRDP,S1 (6.3b), which also encodes advanced processing information.

levels, and locations have to be considered, i.e., the entire solution space. A basic geno-

type model for this case is GRDP,B1 which is illustrated in Figure 6.3a. This genotype

model encodes only structural information (using genes and integer alleles). Advanced

processing information is included in genotype model GRDP,S1, illustrated in Figure 6.3b,

which also includes local search regarding alleles concerned with radioactivity (as) and

position (xs and ys).

The structural information provided by both genotype models is the same and imposes
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a genotype structure which consists of four genes: Ej, Eas, Exs, and Eys. Four possible

kinds of radioactive isotopes are considered in this example: Caesium-137, Cobalt-60,

Iridium-192, and Radium-226. Each of them is represented as corresponding symbolic

allele in the genotype model. Gene Eas encodes the radioactivity of the radiation source

as an integer value ranging from 100 to 10000 GBq with a resolution of 1 GBq. The

two genes Exs and Eys are used to encode the position of the radiation source as integer

values within a range of [0, 907] and [0, 999], respectively, with a resolution of 1. This

results in a solution space with a size of 4× 9901× 908× 1000 ≈ 3.6× 1010 solutions.

In addition, genotype model GRDP,S1 includes advanced processing information. For

this purpose, a local search method is indicated. In this application example, the bee al-

gorithm [112] is used to perform local search for as, xs, ys alleles that encode the radioac-

tivity and the position of the radiation source. The bee algorithm needs to know the size

of the neighbourhood in order to perform a local search. Stereotype <<ls:bee(500)>> at-

tached to allele as indicates that a bee algorithm with a neighbourhood size of 500 GBq

is used. The neighbourhood size is thus approximately 5% of the radioactivity range

considered in this applications. Furthermore, stereotype <<ls:bee(110)>> attached to

alleles xs and ys indicate that the bee algorithm is also applied to position alleles. A

neighbourhood size of 110 pixels is used along both dimensions. This corresponds to an

area of 5m2.

6.3.2 Representation of Γ for Stage 2

Once the radiation substance and the amount of its radioactivity have been determined,

the detection process only needs to be concerned with the location. Localisation is

divided into two sub-stages: Stage 2a is concerned with the entire area and Stage 2b only

considers a small search area. Since the type of radioactive substance and its radioactivity

has been determined in the previous step (Stage 1), it is possible to re-use this a priori
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(a) (b)

Figure 6.4: Genotype model GRDP,B2a (6.4a), with structural information only, and
GRDP,S2a (6.4b), including advanced processing information, used for stage 2a detection.

information for subsequent tracking of the radiation source. Hence, the WIA process does

not need to be concerned with identification of the isotope and radioactivity anymore,

i.e., the isotope and the activity genes can be removed. Similar to Stage 1, we consider

two genotype models: genotype model GRDP,B2a, illustrated in Figure 6.4a, includes only

structural information and genotype model GRDP,S2a, illustrated in Figure 6.4b, which

also includes advanced processing information.

As mentioned above, real-time constraints have to be considered. In order to track

a moving radiation source, the problem has to be solved in a timely manner. One way

of achieving this goal is to reduce the size of the solution space. In contrast to the first

detection stage, using genotype models GRDP,B1 and GRDP,S1 and considering the entire

solution space, the genotype models used in Stage 2a are only concerned with the position

of the radiation source. The resulting solution space has a size of 908× 1000 ≈ 908× 103

solutions. Compared with the solution space for Stage 1, this is significantly smaller.

Another way to improve reaction time of the problem solver agent, is to use advanced

processing information to enable MEAα to work more efficiently. In this case, we use
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(a) (b)

Figure 6.5: Genotype model GRDP,B2b (6.5a), with structural information only, and
GRDP,S2b (6.4b), including advanced processing information, used for stage 2b detection.

local search around the previously estimated position of the radiation source.

An even more compact solution space can be obtained once the location of the radia-

tion source has been approximated. Since the speed of the source is limited, subsequent

localisation cycles only need to consider a relatively small search area. Limiting the

search area can be done by restricting the value ranges for xs and ys alleles. This is

illustrated in Figure 6.5.

The structural information provided in genotype models GRDP,B2b and GRDP,S2b re-

strict the solution space to a small area, based on a priori knowledge regarding the

position (xs, ys) of the radiation source which becomes available after completion of

Stage 2a. This information (and all subsequent position estimations) is used for all Stage

2b detection steps in order to efficiently track the target as it moves. For this purpose, a

search area of (2h)2 is considered. In this application we consider a search area of 5m2,

hence h ≈ 55 (based on a resolution of 4.55 cm/pixel). The resulting size of the solution

space becomes 110× 110 = 12100.

For example, in genotype model GRDP,S2a, as illustrated in Figure 6.5, the search
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area is restricted to value ranges of [xs − h, xs + h] and [ys − h, ys + h], respectively.

In addition, local search is no longer applied to alleles xs and ys. Instead, normal

distribution functions are assumed using the <<pdf:N(xs, 18.3)>> and <<pdf:N(ys,

18.3)>> stereotype, respectively. This effectively biases the search to locations that are

close to the last known location of the radiation source.

6.4 Experiments

6.4.1 Impact of Problem-specific Knowledge

Two kinds of problem-specific information provided in the genotype model specifica-

tion can be distinguished: structural information and advanced processing information.

Figures 6.3, 6.4, and 6.5 illustrate the genotype models used in different stages of the

detection process, including structural and processing information. We evaluate the var-

ious kinds of problem-specific information that is reflected in the genotype model in two

steps.

1. In the first step, we are only concerned with the structural information and omit

any form of advanced processing information, i.e., we use basic genotype models

GRDP,B1, GRDP,B2a, andGRDP,B2b. These genotype models use only basic processing

information regarding variation operators. This processing information is essential

to the working of an EA and thus cannot be omitted. Processing information

regarding local search and biased allele probabilities, on the other hand, are not

essential to the working of an EA and can thus be considered optional.

2. In the second step, we evaluate how the various additions of advanced processing

information (local search and biased allele probabilities) affect the performance of

the WIA process, i.e., for the second step of the evaluation we use genotype models

GRDP,S1, GRDP,S2a, and GRDP,S2b.
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Figure 6.6: Convergence behaviour in term of ε for Stage 1 (6.6a), Stage 2a (6.6b), and
Stage 2b (6.6c), depending on computing budget utilisation and population size (psize =
{50, 100, 200}), using genotype models GRDP,B1, GRDP,B2a, and GRDP,B2b, respectively.

In order to evaluate the performance of the WIA process, we consider the conver-

gence behaviour using a fixed computing budget of 40000 simulations and three different

settings for the population size (psize = {50, 100, 200}). The same computing budget is

used for all experiments to ensure that different settings for population size do not gain

an unfair advantage. For the basic genotype models, computing budget is equal to the

product of population size and total number of generations. Figure 6.6 illustrates the

convergence behaviour in terms of the estimation error ε for Stage 1, Stage 2a, and Stage

2b, depending on computing budget utilisation and population size.

164



Chapter 6. Application Example 2: Radiation Detection

 0

 1

 2

 3

 4

 5

 0  10  20  30  40  50  60  70  80  90  100

E
st

im
at

io
n 

E
rr

or
 ε

Utilised Computing Budget (in %)

Structual Information Only - Mean (psize=200)
Structural + Adv. Processing Information - Mean (psize=50)

Structural + Adv. Processing Information - Mean (psize=100)
Structural + Adv. Processing Information - Mean (psize=200)

(a)

 0

 1

 2

 3

 4

 5

 0  10  20  30  40  50  60  70  80  90  100

E
st

im
at

io
n 

E
rr

or
 ε

Utilised Computing Budget (in %)

Structual Information Only - Mean (psize=200)
Structural + Adv. Processing Information - Mean (psize=50)

Structural + Adv. Processing Information - Mean (psize=100)
Structural + Adv. Processing Information - Mean (psize=200)

(b)

 0

 1

 2

 3

 4

 5

 0  10  20  30  40  50  60  70  80  90  100

E
st

im
at

io
n 

E
rr

or
 ε

Utilised Computing Budget (in %)

Structual Information Only - Mean (psize=200)
Structural + Adv. Processing Information - Mean (psize=50)

Structural + Adv. Processing Information - Mean (psize=100)
Structural + Adv. Processing Information - Mean (psize=200)

(c)

Figure 6.7: Convergence behaviour in term of ε for Stage 1 (6.7a), Stage 2a (6.7b), and
Stage 2b (6.7c), depending on computing budget utilisation and population size, using
genotype models GRDP,S1, GRDP,S2a, and GRDP,S2b, respectively. For comparison, the
results for basic genotype models GRDP,B1, GRDP,B2a, and GRDP,B2b (psize = 200) are
also illustrated.

We evaluate the impact of advanced processing information using the same experi-

mental setup as for the evaluation of structural information. A fixed computing budget

is assumed and three different population sizes are considered. In addition, advanced

processing information is used to further improve the search process. Figure 6.7 illus-

trates the convergence behaviour in terms of ε for Stage 1, Stage 2a, and Stage 2b when

using advanced processing information.

The results confirm the assumption that smaller solution spaces lead to better perfor-

mance. The estimation error is lowest for Stage 2b which is concerned with the smallest
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solution space. Furthermore, the results indicate that a larger population size slightly

improves the convergence behaviour, i.e., better solutions are found faster. This is true

regardless whether advanced processing information is used or not. However, faster con-

vergence can be achieved by using advanced processing information. Given the real-time

requirements for this application, this is an important advantage. In general, a larger

population allows a better coverage of the solution space. On the other hand, smaller

populations allow to evaluate more population generations, given the same computing

budget. However, as the evolutionary process is creating new generations, the diversity of

the population is decreasing as offspring becomes increasingly more similar. This results

in a search that is highly focused to a specific area in the solution space. Although the

total computing budget is the same, smaller populations produce worse results. We at-

tribute this to the faster decline in diversity which is more pronounced with an increasing

number of generations.

In case of Stage 2b, the search converges towards the optimal solution, i.e., the WIA

process identifies the correct position of the radiation source (isotope and activity are

considered known from the preceding Stage 1). This is not surprising as the computing

budget is larger than the solution space, i.e., the computing budget would be sufficient to

exhaustively evaluate all possible solutions in the solution space. Although our approach

does not perform an exhaustive search it still eventually finds the optimal solution. How-

ever, as illustrated in Figure 6.6c, for psize = 200 approximately 85% of the computing

budget is needed in order to find the optimal solution for which ε = 0 when using the

basic genotype model. This corresponds to a total number of 34000 simulations. As ex-

plained towards the end of Section 6.3.2, the size of the solution space is 12100 solutions.

The total number of simulations is thus nearly three times the amount of solutions in

the solution space. This performance is worse than an exhaustive search. This is due to

the fact that EAs are stochastic processes and may re-evaluate solutions that have been
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evaluated before. In this case, it takes longer for the EA to find the optimal solution as

compared to an exhaustive search.

The performance of the WIA process can be enhanced by specifying advanced pro-

cessing information. In this application example, we make use of two kinds of advanced

processing information: local search and customised allele probability distribution. Local

search is applied in Stage 1 and Stage 2a to further improve the accuracy of estimating

radioactivity and position of the radiation source, i.e., a local search method is applied

to as, xs, and ys alleles. A customised allele probability distribution function is used

in Stage 2b to bias the search to a position which is close to the last known position of

the radiation source. This is based on the assumption that the radiation source cannot

arbitrarily “jump” from one position to another. The experimental results, illustrated

in Figure 6.7, show the effects of using advanced processing information. In Stage 1,

using local search improves the WIA process only slightly (when comparing the results

for a population size of 200). The advantage of using advanced processing information

becomes more obvious when considering improvements in Stage 2a and, in particular,

Stage 2b. The optimal solution can be identified using approximately 5% (for population

sizes of 100 and 200) of the computing budget as compared to approximately 85% when

advanced processing information is not used.

6.4.2 Quality of Detection

For dynamic radiation detection of a moving target, initial classification (i.e., Stage

1) is crucial because successful tracking depends on reliable knowledge regarding the

characteristics of the radiation source. As mentioned above, the characteristics of a

radiation source refer to the type of radiating material (isotope) and the amount of

radiation material (radioactivity). Failing to estimate the characteristics will affect the

reliability of subsequent tracking. With respect to estimation of the type of material,
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Table 6.1: Success rate (in %) for correct classification of the isotope depending on the
number of WIA process replications (R). For example, a success rate of 20% indicates
that in 20% of experiments, the corresponding isotope has been successfully identified.

R Caesium137 Cobalt60 Iridium192 Radium226 All
1 56.0 48.0 86.0 52.0 60.5
2 68.0 47.0 89.0 62.0 66.5
3 67.0 55.0 92.0 62.0 69.0
4 81.0 57.0 90.0 67.0 73.8
5 76.0 65.0 90.0 62.0 73.3
Avg 69.6 54.4 89.4 61.0
Min 56.0 47.0 86.0 52.0
Max 81.0 65.0 92.0 67.0

evaluation is simple: either the isotope has been correctly identified or not. As for

radioactivity as, some error in the estimation is not going to affect the detection quality

significantly. The experiments in this section are concerned with the effect of estimation

errors on the quality of detection.

As explained above, the WIA process is a stochastic process and multiple replica-

tions may improve the quality of solutions. In the context of this application, this is

an important issue for identification as subsequent tracking will incorporate knowledge

regarding the characteristics of the radiation source obtained during the Stage 1. For

this reason we analyse the effects of performing multiple WIA process replications on

classification. For each isotope, there are 100 experiments, each of which uses a random

value for radioactivity and position of the radiation source. As explained above, different

solutions are evaluated in terms of ε. In case of multiple WIA process replications, the

best solution found over all replications is considered. Table 6.1 shows the success rate

(in %) for correct detection of the isotope.

In general, the experimental results confirm the assumption that the solution quality

improves with the number of replications. This is the case regardless of the actual isotope

used for the radiation source. However, the results also suggest that some isotopes are
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more difficult to identify than others. For example, the success rates for Iridium-192 are

between 86.0% and 92.0%. This is in contrast to Radium-226, for instance, for which the

success rate is significantly lower between 52.0% and 67.0%. This difference is due to the

fact that different isotopes cause different radiation attenuation patterns as a result of

the different linear attenuation coefficients that are characteristic for each isotope. The

WIA process may be misguided in case measured radiation intensity patterns are very

similar to multiple estimated radiation intensities patterns (based on different what-if

scenarios).

The primary objective of the detection system is to localise a radiation source and

continuously track it, as it moves within the environment. For successful tracking, initial

localisation is important because all subsequent tracking cycles will be limited to a small

search area. For this purpose, experiments are performed concerned with Stage 2a. For

each experiment, a radiation source is placed randomly into the environment using a

specific isotope. We consider the initial localisation accuracy of the system under various

conditions regarding the outcome of Stage 1 detection. A condition is the combination

of correct/incorrect identification of the isotope and an activity estimation error ranging

from 0% to 49% in steps of 1%. For each condition, a total of 400 experiments is performed

(100 for each isotope). The results are illustrated in Figure 6.8 and show the localisation

accuracy in terms of position estimation error (i.e., the distance between the actual and

estimated position) with respect to the activity estimation error (i.e., the error between

the actual and estimated radioactivity) and correct/incorrect isotope identification.

The experimental results confirm our assumption that the localisation accuracy is

significantly lower if the isotope has not been classified correctly. Furthermore, the results

indicate that the localisation accuracy is declining with increasing activity estimation

error. Initial localisation is followed by continuous tracking as the radiation source is

moving. In order to evaluate the tracking ability we perform a number of experiments

169



Chapter 6. Application Example 2: Radiation Detection

 0

 100

 200

 300

 400

 500

 600

 700

 0  10  20  30  40  50

P
os

iti
on

 E
st

im
at

io
n 

E
rr

or
 (

cm
)

Activity Estimation Error (%)

Correct isotope identification (50 percentile)
Correct isotope identification (25 percentile)
Correct isotope identification (75 percentile)

Incorrect isotope identification (50 percentile)
Incorrect isotope identification (25 percentile)
Incorrect isotope identification (75 percentile)

Figure 6.8: Effect of estimation errors in stage 1 on initial localisation accuracy in stage
2a.

with a moving radiation source. For these experiments it is assumed that Stage 1 has

successfully identified the isotope and determined the radioactivity with an accuracy

ranging between 0% and 20% (in steps of 5%). Furthermore, we assume that every Stage

2b detection cycle is completed within one second. As for the speed of the radiation

source, we consider values ranging between 2 km/h (slow walking) to 8 km/h (running).

For each time step we evaluate the error between the estimated position and the actual

position of the radiation source. We consider tracking successful if the estimated position

is within one meter of the actual position. A total of 400 experiments is performed (100

for each isotope). The results are illustrated in Figure 6.9 and show the success rate for

tracking.

In general, it is easier to track a radiation source if it is moving slower. At faster paces,

there is an increasing probability that the problem solver agent is losing the radiation

source. Once lost (i.e., once the radiation source has moved beyond the small search area

considered in Stage 2b), it is difficult for the problem solver agent to continue tracking

the location of the radiation source. During the experiments, the size of the search area

has been kept constant. With increasing speed, the problem solver agent is more likely

to lose track of the moving radiation source. This is also supported by the experimental
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Figure 6.9: Effect of estimation errors on tracking accuracy for targets moving at 2 km/h
(6.9a), 4 km/h (6.9b), 6 km/h (6.9c), and 8 km/h (6.9d) in terms of mean success rate.
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results. The rate of successful tracking is rapidly decreasing at a speed of 8 km/h.

However, if the radiation source happens to move back into the search area, tracking can

continue. This explains the recovery at 30–40% of the completed distance (see Figure

6.9d). At higher speeds, the problem solver agent loses track of the target when it is has

completed approximately 20–30% of the completed distance. The target moves towards

the bathrooms and then returns the same way (see Figure 6.1). When this happens, the

success rate for tracking is briefly recovering as the target moves back into the search

area.

6.5 Discussion

An important issue in radiation detection is background radiation and the signal to noise

ratio [142]. As explained in [17], this problem is exacerbated by shielding materials in

the environment, non-uniform background radiation across a region, and the fact that

a radiation source can be expected to move. Another important issue for radiation

detection is the deployment of sensor networks which involves decisions regarding the

type of sensors used, their quantity and placement within the environment. For example,

radiation detection sensor networks have been discussed in [14, 79]. Unlike related work,

which is concerned with background radiation and issues related to sensor placement,

we focus on radiation detection based on an accurate radiation attenuation model of the

environment. In particular, we present a method that (in theory) is not only capable of

locating and tracking a moving radiation source but also identification of the radiation

material using simple Geiger counter devices only.

Another important issue is the reactivity of the problem solver agent, i.e., the time

required for the problem solver agent to complete a what-if analysis cycle. We describe

the radiation detection problem as an optimisation problem which aims at minimising

the error between the measured and estimated radiation intensities at various reference
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locations. Improving the reactivity of a problem solver agent thus requires to reduce the

required computing time needed to perform a WIA process. We discuss two methods that

can be used for this purpose. The first method directly aims at reducing the size of the

search space in the various stages. The second method aims at biasing the search towards

a certain region in the search space. Both methods depend on availability of a priori

information regarding the various characteristics of the radiation source. Experiments

have shown that successful identification of the radiation source is very important for all

succeeding detection cycles.

Although using a priori information can improve the computing time required to

complete a detection cycle, this also represents a weakness of our approach. Success of

subsequent detection cycles depend on correct information provided by preceding detec-

tion cycles. For example, if the isotope has been incorrectly classified, the quality of

detection is severely affected. Therefore, sophisticated error handling methods need to

be employed. This may include periodic re-classification of the radiation source. For

example, experimental results have shown that increasing the number of replications of

Stage 1 detection cycles can increase the success rate. In this context, an important

problem is the discovery of an erroneous detection result. Error handling has not been

covered here and is thus subject to future work.

Detection quality highly depends on an accurate model of the environment. A basic

model of the environment can be easily created by using floor plans and blue prints of a

building. In addition, building developers should be able to provide detailed information

regarding the various materials used to construct the building. All this information

can be incorporated into a detailed radiation attenuation model. In addition, including

more detailed physical modelling (e.g., by considering compton scattering [22]) can be

expected to improve the fidelity of the model and thus ultimately also quality of detection.

More realistic models also increase the computational burden, possibly questioning the
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technical feasibility of the approach. For this showcase, all simulations have been executed

on general-purpose hardware (standard CPU). However, it should be possible to use

special-purpose hardware (graphics processing units (GPU)s). This can be expected to

increase performance significantly because GPUs were originally developed to handle

the increasing demand from the gaming industry. Indeed, rendering three-dimensional

environments is very similar to solving the radiation detection problem as both include

calculating propagation of radiation through an environment.

6.6 Summary

We have demonstrated how to use the framework to realise a problem solver agent that

makes use of a hybrid class B/C symbiotic simulation system in the context of a ra-

diation detection application. The problem considered in this application is two-fold.

First, a model identification problem needs to be solved. This problem is concerned

with identification of the correct isotope model. Second, once the isotope model has

been correctly identified, a state identification problem has to be repeatedly solved in

order to track the movement of a radiation source. Depending on the detection stage,

different degrees of knowledge about the radiation source can be incorporated into the

WIA process process by reflecting available information about the radiation source in

the genotype model. This application example shows how knowledge can be incorpo-

rated dynamically by using ECML. In addition, it shows the overall flexibility of the

problem solving approach with ECML and MEAα because, initially, a mixed combinato-

rial/continuous optimisation problem and then a continuous-only optimisation problem

has to be solved. Furthermore, the application shows how various forms of advanced

processing information can be used at different stages to improve the performance of the

WIA process.
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Conclusions

7.1 Summary and Contributions

Symbiotic simulation, and related paradigms such as that of DDDAS, are becoming

increasingly important and interesting for researchers as well as practitioners. However,

despite various efforts, in particular those in the context of DDDAS, symbiotic simulation

is still in its infancy. There are a number of open research problems that need to be

addressed. This dissertation has been concerned with one particular problem, i.e., the

problem of dynamically changing operational conditions and the resulting challenges for

the problem solving mechanism. In general, this dissertation takes a holistic approach

towards a framework for symbiotic simulation. From a theoretical point of view, this

dissertation has established a theory on symbiotic simulation, most notably a taxonomy

of different classes of symbiotic simulation systems. In addition, from a practical point

of view, we have proposed an agent-based framework that enables users to build problem

solver agents that are tailored to a particular application.

Simulation-based what-if analysis is an important tool for solving real-world problems.

In order to achieve the required fidelity and response time for short-term problem solving

(e.g., operational decision making), the WIA process has to be performed on-line (i.e.,

sensor data have to be incorporated into the simulation) and in real-time (i.e., solutions

have to be found within a limited period of time), respectively. Since what-if analysis
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is a difficult task to perform manually, automation is required. A what-if analysis is

always performed with certain objectives in mind and, from a technical perspective, is

concerned with solving a particular optimisation problem regarding the physical system.

Hence, automation involves the replacement of a human problem solver by an artificial

problem solver agent which is capable of performing the same tasks as the human problem

solver. The problem solver agent has to be capable of analysing the current situation

of the physical system (using sensor data), specifying a situation-specific problem (in

terms of Γ and Ω), solving the problem, and (if applicable) implementing changes in the

physical system.

In the context of symbiotic simulation, dynamic specialisation of the WIA process is

an important issue because operational conditions of the physical system, and thus the

nature of the actual problem, may change over time. In Section 1.3 we have explained

that general-purpose algorithms are typically outperformed by algorithms that have been

specifically designed to solve a particular problem. For symbiotic simulation this means

that, ideally, different problems that are encountered by the problem solver agent are

solved by algorithms that have been specifically designed for it. However, since problem

solving has to be performed within a limited period of time, there is not enough time

to design a new algorithm. Instead, problem-specific information has to be dynamically

incorporated into the WIA process by a suitable algorithm. To summarise, this algorithm

has to be able to adapt to different situations by dynamically incorporating problem-

specific knowledge in order to find sufficiently good solutions within a limited period of

time.

In order to address this issue, we have proposed a flexible approach which is based

on the separation of problem-specific knowledge from the algorithm implementation. As

a result, we achieve the flexibility that is required in the context of symbiotic simulation.

At the core of our approach is a flexible problem solver based on a descriptive language
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(ECML, see Section 3.3) in combination with a meta algorithm (MEAα, see Section 3.4)

that is capable of interpreting the language. The approach aims at effectively decoupling

the representation of problem-specific information (that may change over time) from the

algorithm implementation. By doing so, we achieve the required degree of flexibility:

the same algorithm can be used to solve different kinds of problems when provided with

corresponding problem-specific information described in the ECML language. Existing

methods include much of the problem-specific information into the algorithm during

design time. In contrast, our approach allows ad-hoc specialisation as problem-specific

information becomes available during runtime.

We have demonstrated the flexibility of our approach in two applications concerned

with semiconductor manufacturing (see Chapter 5) and radiation detection (see Chapter

6). In the first application, the nature of the problem is a combinatorial problem with

the objective to identify a reasonably good combination of schedules for setup changes in

order to improve the performance of the manufacturing process. Given the large number

of stations and possible setup schedules, it makes sense to limit the attention of the

problem solver agent by focusing on a number of problematic station families. The set of

problematic station families is changing over time and thus the focus of the problem solver

agent. In the second application, changes not only the degree of available information

about a moving radiation source but also the nature of the problem itself. Initially

the problem is a mixed combinatorial/continuous problem concerned with the correct

identification of the characteristics of the radiation source. Once the characteristics have

been identified, the problem becomes a simpler continuous problem that aims at tracking

the radiation source as it moves within the environment. The same algorithm (MEAα)

has been used for all these problems.

This dissertation has made the following contributions to the field of computer science.

These contributions are of particular interest to the modelling and simulation community
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as well as the evolutionary computing community. The contributions below are listed

according to the order of their corresponding chapters.

• Theory on Symbiotic Simulation. We have established a theory on symbiotic sim-

ulation from a holistic perspective. The original definition of symbiotic simulation

only considers closed-loop symbiotic simulation systems that are concerned with

decision making problems. In addition, symbiotic simulation is significantly over-

lapping with other concepts such as DDDAS and on-line simulation. We have

analysed the various concepts and existing applications and clearly defined sym-

biotic simulation in the context of its related paradigms. In particular, we focus

on the WIA process which is an essential part of any symbiotic simulation system.

As a result, we have defined a number of different classes of symbiotic simulation

systems. Three classes (A,B,C) are concerned with optimisation. These classes

have been the focus of this dissertation.

• Flexible Problem Solver. We have proposed a flexible problem solver method based

on a descriptive language (ECML) in combination with a meta algorithm (MEAα),

that allows separation of problem-specific information from the implementation of

an optimisation algorithm. In our case, we have used a language based on UML and

an algorithm based on evolutionary computing methods. However, the principles

are generally applicable and is not limited to evolutionary computing and UML-

based languages. A major difference between our contribution and the existing

work is the general applicability of the language, i.e., ECML is not biased towards

a particular kind of problem or application.

• Agent-based Framework. We have proposed an agent-based symbiotic simulation

framework for constructing application-specific problem solver agents. The frame-

work has been designed with applicability and extensibility in mind. It allows the
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construction of problem solver agents that are tailored to the needs of a particular

application. The framework is thus of interest to practitioners who want to use

symbiotic simulation in their applications. This includes researchers and engineers,

who are working in the field of symbiotic simulation.

7.2 Discussion

In this section, we discuss a number of general issues and lessons that have been learned

from applying our approach to various showcases.

7.2.1 Objectives for What-if Analysis

An important issue that has to be carefully considered when applying our approach is

the choice of objectives for the WIA process. This also involves consideration of appro-

priate way to quantify the corresponding performance measure that are of interest for

optimisation. For example, in Section 5.3.2 we have explained why a simple measure for

throughput has a serious draw back. In order to avoid this problem, a different approach

for quantifying throughput is used (i.e., using the average throughput across all process-

ing stages instead of the simple throughput). Furthermore, real-world problems are often

multi-objective optimisation problems. In addition, many objectives are often conflicting

with each other. Thus, focusing on only one objective will inevitably lead to substandard

performance with respect to at least one other objective. In the semiconductor manufac-

turing application we have demonstrated how the problem solver agent can dynamically

adapt to the requirements of a particular situation: depending on the situation, the

problem solver agent is focusing on only a selection of problematic stations. Although

the objectives in our application are always concerned with the performance in terms of

throughput, the approach as such is generally not limited to a particular objective. In
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fact, depending on the situation, the problem solver agent may chose a completely differ-

ent objective (expressed by Ω) every time a what-if analysis is conducted. For example,

in some applications it may make sense to temporarily focus on a particular objective

while purposely ignoring other ones. This can be done by implementing a corresponding

logic in function fpa.

In the context of stochastic simulation, which requires the execution of multiple sim-

ulation replications, a performance measure may be indicated by a mean value and a

standard deviation. Depending on the variance of the simulation results, there might

be situations where it is necessary to decide between solutions with better mean perfor-

mance but, at the same time, high variance and solutions with lower mean performance

but also lower variance. Although lower variance may be desirable in many cases, this

is not necessarily true for all cases. Variance can be handled in various ways. For

example, one approach could be to explicitly consider variance as part of the optimisa-

tion objective, i.e., an objective would be to minimise the variance. Another approach

would be to impose certain constraints on the variance, i.e., the objective would be to

minimise/maximise a certain performance metric while maintaining a variance which is

below a certain threshold. Depending on the application and current situation of the

physical system, corresponding objectives and constraints can be specified as Ω indepen-

dently for each what-if analysis.

7.2.2 Simulation Engine

The applicability of our approach – or rather any symbiotic simulation approach – de-

pends on the availability of an appropriate simulation engine. Depending on the applica-

tion, this could be a specially developed simulation engine or a COTS simulation package.

For example, the experiments for the semiconductor manufacturing showcase discussed

in Chapter 5 were originally performed using AutoSched as it is a well-known and, more

180



Chapter 7. Conclusions

importantly, well accepted simulation engine in the semiconductor manufacturing indus-

try. In addition to the two showcases discussed in this dissertation, our problem solver

agent approach has been used in other applications as well. One particular application

in the context of a reverse logistics network application uses Arena, another COTS sim-

ulation package. This application has been developed in parallel to the semiconductor

manufacturing showcase as part of a project under the integrated manufacturing and

service systems (IMSS) initiative Singapore [82]. Although the reverse logistic network

application has not been included in the dissertation (as it would not have contributed

with additional information) similar experiences were made with respect to the usability

of COTS simulation packages.

Despite the advantages of COTS simulation engines, such as the wide-spread accep-

tance among domain experts in the corresponding industry, they have certain shortcom-

ings when used in a symbiotic simulation application. Using data-driven paradigms, such

as symbiotic simulation, that make intensive use of on-line simulations is a relatively re-

cent trend and at the time of writing, the above-mentioned COTS simulation engines

are still designed with a traditional usage pattern (single-scenario, off-line simulation)

in mind. However, symbiotic simulation involves the simulation of a potentially large

number of what-if scenarios during a single what-if analysis. For example, as explained

in Section 5.4, what-if analyses in the semiconductor manufacturing application use a

computing budget of 48,000 simulations. In addition, it is necessary to initialise the sim-

ulation runs with a specific state of the physical system. In order to efficiently simulate

thousands of on-line simulations it is required that the used simulation engine has been

designed with such a usage pattern in mind.

From our experience with the above-mentioned COTS simulation engines, there are

two specific issues that make it difficult to use COTS simulation engines for symbiotic

simulation applications. The first issue is concerned with the application programming
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interface (API). In order to initialise simulation runs with the current state of the phys-

ical system it must be possible to access all internal simulation parameters and objects

in order to manipulate them accordingly. For example, AutoSched provides a well doc-

umented and powerful API that allows access to many internal data objects in order

to manipulate them. Arena, on the other hand, provides only very limited access and

requires to develop a number of workarounds. The second issue is concerned with the

support for efficient multi-scenario simulation by avoiding heavy overheads when execut-

ing a simulation. For example, both COTS simulation engines required a considerable

overhead when executing a simulation due to various I/O operations. This overhead

was due to activities such as connecting to license servers and reading from input files.

Although these activities take only a few hundred milliseconds, the overhead is a sig-

nificant performance issue. This is partially because of the large number of simulations

but also due the fact that simulations cover only a very short time period. The resulting

proportion of the overhead compared to the total execution time becomes significant.

7.2.3 ECML and MEA

In the two showcases, discussed in Chapter 5 and Chapter 6, we have demonstrated

how dynamically incorporating problem-specific information can improve the ability of

the problem solver agent to solve problems. We also explained how problem-specific

information is obtained and represented by Γ. In a sense, specialisation can be considered

as a way of fine-tuning parameters of the MEA. Although using the various advanced

features of ECML can help to improve the efficiency and effectiveness of the problem

solving process, it is not required. The bare minimum, in order to get ECML/MEAα

working, requires to provide structural information (i.e., genes, alleles, and relationships).

These typically follow from the application-context and the given optimisation problem.

It is also necessary to provide information regarding the basic processing of genotypes
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(i.e., variation operators). In addition, it is necessary to specific the population size and

some termination criteria. With respect to all these, our approach does not differ from

other evolutionary computing approaches which require, in most cases, the same kind of

information to be specified.

There is some overhead necessary to specify a genotype model in ECML. For simple

optimisation problems that do not need complex genotype structures or specialisation, it

may be easier (from a users perspective) to use a simple optimisation method. For exam-

ple, consider the Knapsack problems discussed in Section 3.5.1. Although the genotype

model for this type of problem does not require much information to specify, it would still

be easier to use a simple genetic algorithm that works with binary string genotypes and

some hard-coded standard variation operators. However, in case of complex optimisation

problems, a more sophisticated optimisation method may be required. In addition, de-

pending on the nature of the problem, there might be the need for dynamic specialisation.

ECML allows to specify problem-specific knowledge on a higher level without having to

manipulate low-level source code of the optimisation method. This is particularly useful

in the case of dynamic problems where specialisation has to be performed during run-

time. Therefore, for complex and/or dynamic problems, the specification overhead is

outweighed by the various advantages of the ECML approach.

Unlike existing approaches, our approach allows to (optionally) specify additional

information that can be exploited by a suitable MEA in order to improve the problem

solving process. One feature that makes our approach quite different from the existing

approaches, is the ability to define genotype structures with arbitrary degrees of com-

plexity and different topologies. This, in combination with a corresponding decoding

mechanism, can have a significant impact on the problem solving process. For example,

in Section 3.5.2 we have demonstrated how a more complex genotype structure can help

to improve the outcome of the problem solving process. A crucial issue for our approach
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to work is the ability to analyse the current operating conditions of the physical system

in order to identify the problem and providing sufficient problem-specific information

(expressed as Γ to guide the problem solving process. For example, in the semiconductor

manufacturing application, we have described a method that limits the search space to

problematic stations (i.e., stations which belong to station families with high waiting

processing times). However, while restricting the search space may improve the perfor-

mance of the problem solver, overly restricting may lead to decreased performance (as

explained in Section 5.5).

7.3 Future Research

In Chapter 2 we have established a theory on symbiotic simulation. As a result, we

have identified five different classes of symbiotic simulations (see Section 2.4). However,

only three of them, i.e., class A – C symbiotic simulation systems, have been discussed

in greater detail in this dissertation. Our taxonomy on symbiotic simulation systems

also identifies other classes of symbiotic simulation systems that are not concerned with

optimisation as part of their WIA process. These kind of symbiotic simulation systems

deserve further research to explore possible applications, identify problems that are in-

herent to these kind of systems, and develop solutions for them. In this context, the

control feedback of the problem solver agent to the physical system also deserves further

research. We have only considered control feedback for class A symbiotic simulation

systems. However, other classes of symbiotic simulation systems may also benefit from a

control feedback. For example, we have explicitly distinguished between an active and a

passive class B symbiotic simulation system. The class B symbiotic simulation system,

discussed in Section 6.3 is a passive one. Future research should also investigate active

class B symbiotic simulation systems.
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In Section 2.3.2 we have explained that a what-if scenario is made up of a number of

components (see Equation 2.1): a model M , an initial state PS, control parameters PC,

and parameters PE that denote external influence. When modelling real-world physical

systems, there are typically various sources of uncertainty (reflected by PE). If the

degree of uncertainty is significant, the reliability of the what-if analysis is affected. An

important research issue, which has not been discussed in this dissertation, is robustness

of the what-if analysis in the context of uncertainty. Further research has to address

this issue and develop methods that can cope with varying degrees of uncertainty. This

not only refers to uncertainty due to lack of knowledge about the physical system during

design time of the model but also uncertainty due to lack of accurate sensor data during

runtime.

There are a number of limiting factors to symbiotic simulation. Limiting factors such

as computing requirements can be solved by using a more efficient optimisation algorithm,

for example. In addition, simulations can be performed in parallel. It is even possible to

use specialised hardware, such as GPUs, is possible in case of highly specialised applica-

tions. However, the single-most limiting factor in applicability of symbiotic simulation

is the model. Real-world physical systems are continuously changing. As a consequence

of this, the model needs frequent updating. This is an important issue because in order

to be able to rely on solutions found by the problem solver agent, it is crucial that the

simulation model reflects the physical system with sufficient accuracy. Although model

identification has been discussed in the context of class B symbiotic simulation systems,

this issue has not been the focus of this dissertation. Further research is thus required.

An important issue in the context of stochastic simulation models, is the required

number of simulation replications. This kind of replications are necessary in order to

be able to aggregate statistically meaningful results. In addition, when using stochastic

algorithms (such as MEAα), then it may be necessary to perform a number of WIA
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process replications as well. In other words, the same WIA process has to be repeated

multiple times in addition to simulation replications. This results in a very high demand

for computing power. More research is needed to identify possible relationships between

the need for simulation replications and WIA process replications. Although here we

have been using both, simulation replications and WIA process replications, this issue

has not been adequately addressed. In this context, it should also be investigated whether

simulation replications are necessary in the first place. Consider the following argument

in the context of a decision making problem. If a simulation model is stochastic and if

there is a very high variance in the simulation results, then the question is whether or

not the model is reliable enough for decision making. One may thus argue that, given

so much variance, symbiotic simulation cannot (or should not) be applied. Obviously,

this argument is overly simplistic. However, the issue of replications deserves a thorough

investigation and should thus be subject to future research.

7.4 List of Publications

The following papers have been accepted and published from this research:

• H. Aydt, W. Cai, S. J. Turner, B.P. Gan, “Symbiotic Simulation for Optimisation

of Tool Operations in Semiconductor Manufacturing”, in Proceedings of the Winter

Simulation Conference. 2011.

• H. Aydt, S. J. Turner, W. Cai, Y. H. Low, Y. S. Ong and R. Ayani, “Towards
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