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{ABSTRACT)

Simulation optimization is a developing research area whereby a set of input conditions is sought that
produce a desirable output (or outputs) to a simulation model. Although many approaches to simulation

optimization have been developed, the research area is by no means mature.

This research makes three contributions in the area of simulation optimization. The first is fundamental
in that it examines simulation outputs, called “response surfaces,” and notes their behavior. In particular
both point and region estimates are studied for different response surfaces: Conclusions are developed
that indicate when and where simulation-optimization techniques such as Response Surface Methodology

should be applied.

The second contribution provides assistance in selecting a region to begin a simulation-optimization
search. The new method is based upon the artificial intelligence based approach best-first search. Two

examples of the method are given.

The final contribution of this research expands upon the ideas by Crouch for building a “Learner” to
improve heuristics in simulation over time. The particular case of parameter-modification learning is

developed and illustrated by example.

The dissertation concludes with limitations and suggestions for future work.
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Chapter One: Introduction

Simulation

Simulation has evolved from custom programs to simulation languages that assist in model development.
Early custom programs required expertise in simulation as well as in programming skills. Since each
simulation was a custom job, it meant “reinventing the wheel” each time. The earlier simulation
languages provided procedures that were common (0 most simulations, such as keeping track of an event
calendar. Later, improvements added the ability to develop the simulation model graphically. The trend

in simulation languages has been to reduce time spent on tasks not directly related to model development.

Development and use of simulation models typically require expertise in several disciplines (statistics,
numerical analysis, systems analysis). Research is underway to build programs that assist in the model
development process. The apparent driving force for a lot of this work is simulation’s usefulness as an

effective decision making tool, including the ability to predict system behavior under different input
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conditions, and the ability to conduct “what-if” analysis. A relatively recent use of simulation

optimization, the determination of a set of inputs that produces an optimal (or desired) output.

Although simulation is very good at predicting the output(s) for a given state of a system, simulation
optimization is not a simple and direct extension of simulation. Rather simulation optimization has
adapted search and design techniques to meet its needs. Simulation optimization techniques include
response surface methodology, simulated annealing, single factor search, random search, and genetic
algorithms. The application of these techniques can be very time consuming computer-intensive, and/or

costly.

A primary focus of simulation optimization is deciding which search strategy/technique is appropriate and
how many computer runs to invest in the effort. These decisions are often made with little information
about the nature of the simulation response (called the “response surface™), including presence of multiple
optima, degree of variance, and activity of different input factors. One such approach suggested by
Crouch (Crouch, 1992) and expanded upon by Crouch, Greenwood, and Rees (1995) is to make computer
runs in a manner that leads to a characterization of the response surface, from which the most appropriate

strategy can be inferred.

In particular, Crouch (1992) formulated a knowledge-based system to guide the selection of an appropriate
strategy for simulation optimization. She developed a scheme for classifying a response surface and then
applying heuristics to choose the most appropriate search strategy. As the search progressed and more
information about the surface became available, the knowledge-based simulation optimization system
(KBSOS) reclassified the response surface and changed the search strategy accordingly. However, her
approach was never tested on real simulations, but rather was used with a known mathematical function

that emulated a simulation.
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In this dissertation the KBSOS presented in Crouch is tested on actual simulation models. An alternative
scheme for response surface classification and search strategy selection is presented, as is an alternative

approach for the selection of initial points.

Crouch also presented a framework for machine learning in the context of the knowledge-based
simulation optimization system. The goal of her “leamer” was to improve the ability of the KBSOS to
guide future optimizations. Specifically, the heuristic knowledge (rules) in the knowledge base were
improved (e.g., rules were added, modified, or combined). Her learner made judgments using information
from two sources. The first source was past experience -- all the information generated during previous
simulation optimizations. The second source was results of experiments that the learner had performed to

test hypotheses regarding KBSOS rules.

It is the framework of Crouch that serves as the blueprint here for the construction of an improved
“learner.” We introduce discovery systems (Frawley et al., 1992) to take advantage of the past history that

the system has diligently collected.

The next sections of this chapter present concepts and terms that are foundational to the following
discussions of the knowledge-based simulation optimization system and learner. First, simulation and
issues in simulation optimization are explored. Expert or knowledge-based systems, machine learning,
discovery systems, and knowledge-based simulation optimization are discussed in the following four
sections. Finally, the motivation for combining simulation optimization with a knowledge-based system

and discovery learning is presented, and the plan for the rest of the dissertation is given.
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Simulation and Simulation Optimization Issues

Simulation is commonly recognized as one of the most widely applied computer modeling techniques in
use today. Its popularity is evidenced by the large number of applications documented in the literature
and the extensive breadth of problem domains to which it has been applied. With the advent of rapidly
advancing computer technology, the widespread use of simulation is expected to accelerate. The value of
simulation is that it permits the study of systems that cannot feasibly be constructed or experimented upon
in the “real world,” and which are too complex to be analytically modeled. Simulation is very useful in
predicting the output of a system or its response to a given set of input conditions. However, it does not in
and of itself indicate the input conditions required to achieve a desired response. Simulation is an

evaluative methodology and not an optimization technique.

In many cases the strategic objective of a study is to find the best solution for the system under
investigation, i.¢., optimize the system’s performance. When the search for the optimal solution involves
the use of data obtained from a simulation model, the analysis involves the process of simulation
optimization. The optimization process is complicated by the presence of random error, often the result of

the combined random effect of uncontrollable conditions.

Note that simulation optimization is referred to as a process and not as a technique, methodology, or
algorithm. In fact, the process of simulation optimization typically utilizes a wide range of mathematical
and statistical tools. There is no single or standard approach to optimizing a system where the data for
the analysis is based on experiments conducted with a simulation model. Some approaches focus on a
single simulation run (e.g., frequency-domain analysis, perturbation analysis). Others focus on a search
process that involves multiple simulation runs. Within this approach, which is the most common, there

are many philosophies on how the search should be conducted. For example many approaches utilize the
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data to fit metamodels (e.g., response surface methodology, neural networks, nonparametric regression);
others are free of underlying model assumptions (e.g., random search, Box’s complex search, genetic
algorithms). Yet another approach (Crouch, Greenwood, Rees, 1995) (Greenwood, Rees, Crouch, 1993)
proposes a multi-strategy process that utilizes the “best” methodology based on current experimental and
synthesized knowledge of the search environment. This brief discussion of the approaches to simulation
optimization is meant to illustrate the diverse and varied literature that exists to solve this difficult
problem. It is beyond the scope of this section to review all of these approaches to simulation
optimization. Therefore, the interested reader should refer to overview or literature review articles and
introductory texts on the subject, e.g., (Azadivar, 1992) (Barton, 1992) (Jacobson, Schruben, 1989)

(Meketon, 1987) (Myers, 1971) (Safizadeh, 1990).

In general, the simulation optimization problem can be expressed as:

Optimize: E[Y]=E[f( X | Z)] ¢))
Subject to: hX) <0 2)

where the responses that are to be optimized, Y = (Y], Y2, ..., Ym), are functions of controllable factors,
X = (X1, X 2, ..., Xp), uncontrollable conditions, Z, and random error, e; i.e.,, Y=E[Y]+e=f(X1Z) =
E[f( X |Z)] + e. Each response Yj is a random variable and takes on a set of values for the same setting of
the controllable factors; i.e., there is some distribution of Yj values for each combined level of the

controllable factors. To model this behavior each response is oftentimes considered equal to the sum of a
constant and a noise term that represents the random error, where the constant is the expected value of the

response, E[Y|], for a specific combination of factor settings. Therefore, due to the presence of random

error, the optimization process typically focuses on the expected value of the responses. But, while the

goal is to optimize E[Yj], only Yj is observable. Also, each objective regarding Y; involves either the

absolute maximization (or minimization) of Yj or the achievement of Yj to exceed some goal by a
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specified tolerance. The simulation optimization problem is constrained, at least by the bounds of the
region to be explored. As shown in (2), h(X) is a vector of deterministic constraints typically of the form:
L<X<UorL < f(X) £U, where L. and U are the lower and upper bounds of the search region,
respectively. Typically the regional boundaries change as the search Process progresses. For example, as
more information becomes known about the search environment and characteristics of the surface, the
search region narrows so as to include only the most promising sector(s). The domain of the region may

be either continuous, discrete, or mixed.

Knowledge-based Systems

Expert or knowledge-based systems is a branch of artificial intelligence that has grown in prominence and
application in the last ten to twenty years. Feigenbaum has defined an expert system as “an intelligent
computer program that uses knowledge and inference procedures to solve problems that are difficult
enough to require significant human expertise for their solution” (Harmon and King 1985). Expert
systems are set apart from traditional computer applications in that they can: manipulate symbols (words,
phrases, lists of words, etc.); reason using heuristics (“rules of thumb” developed over time by experts);
function with uncertain or incomplete knowledge (traditional programs usually stop executing if needed
information is unavailable); and explain how a conclusion was reached or why requested information is

needed.
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The benefits of expert systems are many. An expert’s knowledge about his/her field of interest can be
captured in an expert system, making it available to non-experts, freeing up the individual to tackle other
important problems and tasks, and providing a mechanism for “keeping the knowledge alive” even after
the expert leaves the firm or organization. If the application is one for which a team of experts is usually
required, the expert system makes it possible to have the expertise of these different individuals available
in one place, twenty-four hours per day, seven days per week. Expert systems do not have “off” days --

they do not get sick or take vacations, and they always remember everything they have learned.

These benefits address some of the issues raised in the last section. An expert system could give a non-
expert access to simulation optimization expertise; this could encourage more use of simulation and
simulation optimization. Also, simulation optimization expertise and research findings could be
assembled in one expert system, whereas now the information is distributed in time and geographical

location among many different researchers, practitioners, and publications.

Rolston (1988) describes a typical expert system architecture as having five parts, as shown in Figure 1.1.
The knowledge base contains domain-specific knowledge: facts, procedural rules (well-defined rules that
describe invariant sequences of events and relations), and heuristic rules (rules of thumb usually
developed through years of experience which provide direction when procedural rules are not available or
relevant). The inference engine retrieves knowledge from the knowledge base and infers new knowledge
from it as required by the user. The explanatory facility, when asked, provides the user with explanations
of how a conclusion was reached or why certain information is being requested from the user. The
knowledge update facility is a mechanism for updating and/or modifying the knowledge stored in the
system. Finally, the user interface connects the user to the other parts of the system. Expert systems are
beginning to include another component, the program interface. This component allows expert systems to
call and be called by external programs -- spreadsheets, databases, FORTRAN programs, etc. -- and

greatly adds to their flexibility.
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Figure 1.1. Expert system architecture

Traditionally, expert systems have been written in the artificial intelligence languages LISP and
PROLOG. The complexity of the systems and the languages in which they were written restricted the
broad development, and therefore, use of expert systems. This situation has changed and continues to

change dramatically since the advent of expert system shells.

An expert system shell is just what the name implies -- the shell of an expert system. Shells contain all
the components of an expert system except domain-specific knowledge. Hence one shell can be used to
create a variety of expert systems by varying the knowledge base on which it operates. Shells are available
for mainframes, minicomputers, and personal computers, with varying levels of complexity, flexibility and

cost. For this research the shell VP-Expert (1989) is used on a personal computer.

In recent years there has been a trend toward using the term “knowledge-based systems” instead of “expert
systems” since not all such systems contain truly exclusive, expert-level knowledge. The terms are often

used interchangeably; in this work knowledge-based systems is generally used.
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Machine Learning

Although the Crouch’s knowledge-based system provides guidance for carrying out simulation
optimizations, it does not nor is meant to include all known search strategies or classification
characteristics. These are things that can be added over time, as appropriate, via machine learning.
“Machine learning” means that a computer system (the machine) improves itself over time (learns). How

this can be done for simulation optimization is discussed in Crouch. Consider first why it should be done.

According to Forsyth and Rada (1986), “learning algorithms attempt to achieve one or more of the
following goals: provide more accurate solutions; cover a wider range of problems; obtain answers more
economically; and/or simplify codified knowledge.” These goals can easily be translated into the
simulation optimization context. The introduction of new search strategies or improved surface
classification (which provides for more appropriate strategy choices) can result in more accurate solutions
(closer to the true optimum) and more economical solutions (fewer simulation runs used to find the
optimal response). Simplitying codified knowledge (i.e., the rules in the knowledge base) by removing
classifications that do not contribute to strategy selection or by combining overlapping rules provides two
benefits. It will streamline the knowledge base, thereby saving storage space and reducing execution time,
and will increase our understanding of what information about a surface is essential to successful

simulation optimization.
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Knowledge Discovery and Discovery Systems

Frawley, Piatetsky-Shapiro, and Matheus (1992) present a prototypical framework for knowledge
discovery under a different setting than simulation optimization, namely databases. This framework is

redrawn in Figure 1.2; it contains five components (besides the discovered knowledge itself).

Application

Discovery Method .
Discovered

Knowledge

y

Search/Evaluation

DICT

DOMAIN KNOWLEDGE

Figure 1.2. The Frawley et al. Discovery Paradigm

The Frawley discovery system has as its core the discovery method, which computes and evaluates

patterns on their way to becoming knowledge. Note in Figure 1.2 that the discovery method has two

Chapter One: Introduction 10



principle components: search and evaluation. Inputs to the discovery method include the database itself,
its data dictionary (which defines field names, the allowable data types for field values, various constraints
on field values, etc.), additional domain or background knowledge, and a set of user-defined biases that
provide high-level focus. The output of the discovery method, of course, is discovered knowledge that can
be directed to the user and/or fed back into the system as new domain knowledge. Frawley et al. note that
both the user bias and the domain knowledge assist discovery by focusing search; i.e., these sources guide
and constrain search by, for example, telling a system what to look for and where to look for it. These
constraining influences are both desirable and undesirable: the former in that discovery is made easier,

and the latter in that valuable discovery may be ruled out by the constraints.

Frawley et al. (1992) point out that discovery algorithms inherently contain two processes: identifying
interesting patterns and then describing them in a concise and meaningful manner. They note that the
identification problem is essentially a problem of pattern identification or clustering, which in essence is
the problem of finding classes such that the similarity within classes is maximized while the similarity
among classes is minimized. For example, it might be important for a firm to discover that the major
purchaser of its product is a particular set of individuals, whereas other individuals tend to have very little
interest. Concept description involves the summarization of relevant qualities of the pattern classes rather
than just enumerating them. For example, it would help the firm described above to know that the
particular set of individuals is the class of white males between the ages of 15 and 20. According to
Frawley, well-known approaches to concept description include decision-tree inducers (Quinlan, (1986)),

neural networks (Rumelhart and McClelland, (1986)), and genetic algorithms (Holland et al., (1986)).
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