ABSTRACT

PROPST, MICHAEL DAVID. Applying Linear Regressiamd Neural Network Meta-
Models for Evolutionary Algorithm Based Simulati@ptimization. (Under the direction of
Dr. Jeffrey Joines.)

The advances in computing power over the last debage led to an increase in the use of
simulation programs and their complexity to modelalr world optimization. An
experimental design is often used to determineeffects varying parameters have on the
desired output. The user is usually trying to mpte or minimize a series of outputs.
However, these problems often have a large numbeartables or parameters that can be
changed with a wide range of values increasing dbmplexity of the model. As these
simulation models become more complex they becoomepatationally expensive to run.
Most of these problems are non-linear and basethennherent variability in real-world
applications and may not have a true optimal smhutiEvolutionary algorithms are a class of
computational optimization techniques that are thase the principles of evolution and
harness the power of the computer to solve a pmobldie application of evolutionary search
techniques as a simulation optimization technigag Yielded promising results. However,
the algorithm can take a long time evaluating jusé set of decision variables owing to
replications and computational time of one simolatrun and not to mention the sheer
number of different sets that have to be evaluatefihd good solutions for these complex
problems. Linear regression and neural-networkametdels can be used to generate a

meta-model of the simulation. Evaluating the muatadel is very fast as compared to the



simulation model. Therefore, this thesis combiinesiise of evolution algorithms, simulation
models and meta-models to produce a more effiganulation optimization technique.
The two types of meta-models are tested to determhieir effectiveness as a meta-modeling

technique and the overall effectiveness of findimgbest solution.
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1 Introduction

Maximizing resources and/or minimizing costs argeesial for any company to excel in the
increasingly competitive international economy. diesigning, creating and/or improving a
product or process of any sort it is important &adble to optimize the system or product
with the appropriate set of inputs to increase ghafitability of the product. Also, “any
abstract task to be accomplished can be thoughs &folving a problem, in turn a search
through a space of potential solutions.” [Michalexyi 1996] Examples can range from
determining the optimal set of parameters for @&sef machines to produce the best quality
for a given price, designing the optimal layout afmanufacturing floor or airport to
optimizing a 401K portfolio so one can retire earli

The output of these processes commonly relies amyraariable inputs that are often
interdependent with one another and can range fiurete to continuous inputs, to
gualitative inputs, to statistical distributiondany of these systems to be optimized do not
have a closed form (i.e., a set of equations tamope) owing to the complexity of the
system. Computer simulation is commonly used tdiot the output of these processes.
This involves developing a model of the system sinaulation modeling language that takes
the inputs that drive the particular process ammtipces a series of output metrics of the

system. These inputs can be constants (e.g., théeruof workers, the number of check out



people, baggers, etc.) or stochastic. Stochaspuatsn(e.g., processing times of jobs at a
machine, the time between arrivals, the numbeteshs selected at a store, the number of
people who arrive at a store) are random and ooased on a distribution. These inputs
increase the complexity of the simulation. For eghanconsider a grocery store simulation
where one is trying to determine the optimal nundfdsaggers and checkout clerks needed
during each time period the grocery store is opemodel of the system can be developed
by determining the statistical distributions of theival rate of customers to the store, the
length of stay, the check out processing timesntimaber of items purchased, etc. Executing
the simulation model can take a substantial amotitine when replications are required;
which is common when dealing with stochastic sirmiota models to produce a more
accurate picture of the true outcome. Thereforss, @ften the case that only a few different
sets of inputs are tried and the best system entédom this subset. In order to maximize the
efficiency of a process, simulation is commonly duse conjunction with single variable
experimentation, which entails changing one vaea a time and observing the output.
This method of experimentation is devoid of inggt planning and any explanation of
interaction effects of any order. This method disots the search space to that conceived
by the searcher and thus based on experiencdjontuor more commonly no data at all.
Very little research has been performed in optingzsimulations as opposed to general
mathematical models since no closed form existsis limpossible to generate search

gradients form a black-box function. Traditionakimization methods like gradient descent



do not work in this arena due to the stochastiputuiGenetic Algorithms(GA) are a part of a
field of computational optimization methods that @ot rely on gradients to perform the
search and are independent from the evaluatiortiomon making search decisions. These
algorithms are known for their ability to searchlaage search space very efficiently
consisting of hundreds or even thousands of vassatd achieve an optimum solution. This
technique utilizes evolutionary techniques that mimatural evolution, which include

random mutation, simulating mating or crossoved aarvival of the fittest. This enables
the program to converge to an “optimal solution”iletthoroughly exploring the solution

space. The term “optimal solution” is meant toresgnt a very good point, which may or

may not be the true optimal of the system dueemtiture of GAs.

1.1 Opportunity

Researchers have used various techniques to detertne best set of inputs that will
optimize a computer simulation, which in term shibaptimize the true system [Androitter
1998]. These have been found to be effective inprdimg a good solution for the
optimization of the process. The genetic algorittem be thought of as a directed random
search and during the search process it oftenegedildren (i.e., new solution points) that
are poor or away from the best solution (i.e., tongarandom points to drive the search).

The expensive nature of simulation makes the tegckniof trying random points in a



simulation computationally expensive to determime dptimum of the system. Also, in order
to limit the stochastic nature of the output, thewation is run multiple times for a
particular set of variable inputs into the simuativhich produces a stochastic output to find
a value closer to the mean and thus increasingvh®iations of a single point. The GA
maintains a population of solutions which can bmught of as short term memory since this
represents a small snapshot of the space whiche#rst from generation to generation.
There is an opportunity to increase the computatiafficiency of the program by
creating a mathematical model of the search spema kither the historical data (i.e.,
starting population) or a planned experiment. @ngaa mathematical model of the process
from the data to some degree of error will allosiraple mathematical equation for the GA
to optimize which will dramatically decrease thecamt of computational effort needed to

evaluate an individual in a population.

1.2 Approach

The goal is to determine the most efficient waypimize a simulation model utilizing a
meta-model. The approach will determine the besttoaetermine the meta-model and how
to combine it with the actual simulation model ghetic algorithm.

There are many methods available that generatetllematical model from a data set
containing explanatory variables and their output¥his data can commonly come from

historical data representing known solutions, aramh be generated from a simulation itself.



Some of these techniques output a linear modeh ascordinary least squares regression,
and some produce a non-linear model, such as neataiork modeling techniques. The
goal of this research is to fuse one or more cde¢hmodeling techniques with the simulation
and genetic algorithm searching techniques. Timesdeling techniques will be used to
create a model of the simulation solution data spac meta-model, which the genetic
algorithm searching technique will use to evalsme of its new solution points. This will
give a rough estimate as to the quality of thisisoh and it is a cheap and inexpensive way
to determine if a new solution point should be kephe population. Even a slight decrease
in the amount of simulations that have to be runctonplete the optimization can
dramatically decrease the amount of time necedsaryn the optimization. When should
the meta-model be used for evaluation? How oftenulsl it be used for evaluation? Under
what circumstances should the meta-model be uséd#ch modeling technique is best?
Which modeling technique produces the least errorPhese are all questions that the
research will attempt to answer.

Numerous approaches exist that can be used teeceaodel for the genetic algorithm
to work on. There also many questions associaitd these techniques. These questions
will be discussed with each technique in ChaptefTBe approaches explored in this paper
pertain to the fields of statistical theory and raé@omputing. Many options and techniques
in statistical theory are explored along with akbpoopagation technique derived from the

neural computing field. Chapters 3 and 4 disausemparison between generating meta-



models that are created through an adopted stepeggession program as well as a back
propagation neural networking algorithm. Theseolalgms are executed on both
deterministic and stochastic optimization problenfsvarying complexity. Chapter 5
summarizes the findings including ideas for furtmesearch and suggestions upon the

direction.



2 Literature Review

The computationally expensive nature of simulatiomglving a large number of input
variables has fueled the proposition of many déférmethods for determining the optimal
values for those input variables to find the be#itson. Different modeling techniques exist
as a means to replace the computationally experssiaalation with an analytical based
model representation. This would allow the modelbe accessed as opposed to the
simulation itself, thus higher sampling optimizationethods to be utilized can properly

explore the possible solution space.

2.1 Simulation

Simulation is a powerful tool used for modeling qdex systems. It is used to model new
system designs, proposed system changes, anditeétig-existing systems. Simulation is a

tool for aiding decision-making. A simulation mbdepresents time and changes that occur
in the system or process over time. The majoritgimulations are discrete, meaning that
changes occur only at discrete points in time; Wihgcin contrary to continuous simulations

where changes occur continuously. Discrete evemilation models are less complex than
continuous simulation and easier to model. Digceatent simulation models are based on
concepts of events, activities, processes, anésstahich are commonly explained as events

that trigger other events or a process of evenife state of process in the model is



commonly represented by a vector containing vaemlthat describe the state of the system
at any time. This vector is referred to as the ehatate [Carson, 2004].

Similar to other sciences, computer simulationtaims its own vocabulary. An event
is an occurrence that changes the models statnths{Carson, 2004]. An example of an
event is the arrival of a customer at a checkoné len a grocery store. An activity is a
duration of time, such as the amount of time nesgd®r the checkout clerk to total the cost
of the customers good. Events and activities aranconly modeled using a probability
distribution derived theoretically or from histaalcdata [Carson, 2004]. Distributions that
can commonly be applied to discrete simulation taee Gaussian (Normal), Poisson, and
Geometric distributions. Entities in simulatiorre @bjects in the model. Dynamic entities
refer to entities created at time points, suchhes dompletion of a customer check-out.
Resources provide services to dynamic entitiedy sisccheckers, baggers, etc. Simulations
commonly contain stochastic inputs, such as thgahrof customers to a grocery store and
the amount of time that they spend shopping befomoeeeding to the check-out. These
inputs are modeled using a probability distributidrhese variable stochastic inputs generate
a variable stochastic output, creating a distrdoutr any single configuration of the system
or process [Carson, 2004].

Simulation models are used to represent a numbelifigrent system or process
configurations. This is done by varying the inpatameters associated with the simulation

model, such as the number of workers, machinespeed of a transaction [Carson, 2004].



These models can be used to determine the besgemtfon of the output parameters over
the finite sets of configurations. However, theesof the input parameter space, the number
of variables, the range of those variables, andyihes of variables can make a trial and error
method ineffective.

Since simulations are used to model processex#muot be modeled analytically it is
necessary to seek out an alternative way to opgitiie simulation. Simulation optimization
refers to the search for the combination of comile variables to maximize or minimize
the desired output. This output is commonly thdgsmance of the system or process. Such
complex problems are commonly found in manufactuamd supply chain management.
The stochastic nature of such problems preventglsianalytical modeling and optimization

techniques [Olafsson 2002].

2.2 Simulation Optimization

Simulations are a tool to aid in decision makingt a decision making tool. They are
considered a tool to answer “What If” questions §/dalas 2002]. Simulations can be used
to determine the state of controlled inputs andrtefects on the output [Bowden 1998].
Simulation optimization can be viewed as findinganbination of input parameters that
yields the greatest output [Humphrey]. In ordeatbieve this optimum output a simulation

needs an external operator of some sort to seanchhé optimum values of the input



parameters. Stuckman et al (1991) divide simutadiptimization into three categories. The
first being one that utilizes “trial and error” rmets. This is randomly varying inputs in an
effort to achieve a better performing outcome. TMWeeond is systematically varying
parameter input and observing the effect on thpuiue.g., design of experiments, response
surface methodology (RSM)). The goal is to asagedame correlation between the input
changes and the final outcome. The third categoan automated simulation optimization
approach [Magoulas 2002].

Discrete decision variables refer to the systenprocess whose sample space is
finite. The optimization methods for discrete demn variables are dependent of the size of
the variable space and the complexity of the prableThis is normally determined by
whether or not it is feasible to simulate the enample space. It is quite common that it is
impossible to simulate the complete sample sp&a®.the problems where it is impossible
to simulate the entire sample space a techniqu¢ Ipeusmployed to determine which points
to sample and thus simulate. Subset selectiorcreesing attempts to reduce the feasible
region so as to make it more manageable duringphlienization process. If the output space
is large and complex then the previous two metHadgo adequately explore the sample
space and thus fail to provide a solution with oeable confidence [Olafsson].

Considerable research has been done in the thtefyjaxy. The ever increasing
complexity of simulation problems in conjunctiontlwincreasing computing power allow

for utilization of automated optimization approashe These methods need to have a

10



stochastic component to prevent the search algorftbm getting stuck in local minimum/
maximums. With stochastic based search operdters is no guarantee of finding the true
optimal value; only a potentially good one. Theree a number of computational
optimization techniques (random restart, responseface methodology, Simulated

Annealing, Genetic Algorithms, Particle Swarm Opgation, Stochastic Approximation).

2.2.1 Simulated Annealing

This method is inspired by the thermodynamics peaef annealing of metals in physics
where metal is cooled, reheated, cooled againt@teach the minimum equilibrium state.

Simulated annealing explores solutions in a neightmd and evaluates their fithess. The
program is allowed to search for solutions in nbmhood of a lesser value. This prevents
the method from converging on a local minimum. Wiee or not the lesser valued

neighborhood is explored is based on a functiolizing a random number and the amount
of time it has been searching. The longer therdlgn has been searched the less likely it is

that it will be allowed to explore the lesser valueighborhood [Avello 2004].

2.2.2 Particle Swarm Optimization Method

Particle swarm optimization is another computatigmabability meta-heuristic that mimics

the behavior of a “bird’s flock” in that social mimation sharing takes place. Individuals
can profit from their own experience as well assthof the other solutions in the “swarm”.

Each potential solution in the “swarm” basis th&trmaove on its experience (i.e., direction)

11



as well as the experience (i.e., direction) frorheotpotential solutions in the “swarm”

[Magoulas 2002].

2.2.3 Genetic Algorithms

Genetic algorithms (GAs) mimic Darwin’s evolutionopess to move throughout the space.
Since this study utilized this meta-heruistic as tjiobal optimization strategy it will be

discussed in detail in Section 2.3.

2.2.4 Stochastic Approximation

Stochastic approximation is the process of movinthe direction of greatest ascent. There
is no analytical function from which to determimgstdirection, thus the gradient is estimated
by choosing points at a finite distance form therexnt solution in the solution space to
approximate the gradient. These points can elibazhosen in a single variable direction to
the current solution and the gradient projectethenother direction or points can be chosen
from both sides. It has been proven that stoahaapproximation will converge
asymptotically given certain conditions and a sugéftly slow decrease in the step size. A
draw back to this method is that with each stepth&f stochastic approximatiom+1
simulations are needed for the one sided techraeden simulations are need for the two

sided techniquen being the number of configurable variables [Olafs2002]. These

12



methods are not limited by the constraints of thgut parameter space; i.e. the number of
baggers available at a grocery store can onlywkeae number.

Optimization methods vary depending on the compfeand type of configurable
variables available for optimization. Gradientrsbamethods, such as Response Surface
Methodology and stochastic approximation, are comiynased for continuous variables.
For finite and small systems ranking and selecti@thods may be used and for finite and
large systems a metaheuristics should be appliddsdn 2002]. A metaheuristic is a non-
analytical method of solving a problem that invalvene heuristic driving a lower level

heuristic or set of rules, to move throughout tharsh space.

2.2.5 Models of Simulation Models (meta-models)

These previous computational methods require a@ largount of simulations in order to be
effective which is why they are often used in deteistic optimization. In order to allow
optimization techniques to work efficiently, a mbdef an initial output dataset is
constructed. This is referred to as a meta-maba Section 2.4 for more information) and it
simplifies the simulation model itself, exposing ttundamental nature of the system input
and output relationship [Santos, 1999]. This modah then be acted upon by the

optimization method.

2.2.6 Response Surface Methodology
Response Surface Methodology (RSM) appears to bebaous choice for creating a

representative model for optimization. RSM corssist a collection of mathematical and

13



statistical methods utilized for experimental opgation as stated by Jos#ti al[1998] in his
paper describing an enhanced RSM algorithm. RSBkbrporates gradient deflection
methods and restart criteria as opposed to thditiaal method of utilizing steepest ascent
or descent direction. They describe the conveationethod of RSM as initiating the
described method by performing an experimental gesn a small sub-region of the
available space and modeling the data with a logrede polynomial. The method then
proceeds to climb down the response surface. ¥piea RSM stops when the response
either moves opposite to the desired direction kmws no further improvement. This
method works under the assumption that the truenophd can be obtained on this path thus
having very limited exploration. At this point, @her experimental design is conducted to
determine curvature and create a two degree polilanalysis. A canonical analysis is
then conducted to determine if further exploratimeeds to be conducted. Next a ridge
analysis may be performed to collect observatidasgathe ridge direction. From here the
analysis may continue using discrete step sizegetermine “the optimal” in that region.
The method relies on a random restart or multkgenhnique to explore the experimental
space [Joshi, 1998].

TheEnhanced RSM Algorithmtroduced by Josh et all (1998) initializes agadom
point as well as treats this point as the incumlsahition. A 2K factorial experiment is
constructed with the incumbent solution at the eentThe path of steepest descent is

selected as the search direction and a step lasglbrived on a line search so as to not

14



violate the bounds of the experiment. Followingedmination of the appropriate step
length, a second order model is created. After rtieelel is checked for adequacy, a
canonical analysis is performed. Then the algorith repeated until the termination criteria
are met. The can be either a set of predetermeniéeria or no further improvement is
commonly used [Joshi, 1998].

Neddermeijeret al (2000) created a framework for a fully automate®&MR
framework. A graphical representation can be sedigure 2.1 The framework initializes
with a given starting point and step size. From ithitial point, the response: function is
modeled using a first order model which is thenetgdor adequacy. Should the model not
have a significant ability to predict the data,rthibe steepest descent direction cannot be
determined. A line search is performed in the aofathe steepest descent. The
predetermined step size is taken in that directibhnis is the optimum for theth iteration of
the framework. The line search is continued int theection until the stopping criteria has
been met. Other options that take the noise ofrtbdel into consideration stop when two or
three consecutive points in that direction contitaiachieve less desirable solutions. Should
the first order model be found inadequate and therevidence of pure curvature or
interaction effects, a second order model can h@ieapto increase the accuracy of the
model. To maintain the efficiency of the framewaskhas been found beneficial to reduce

the region of interest thus limiting the searchaare
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Once the termination criterion has been met, gwe region of interest is represented
by a second order model which is also tested fegadcy. Again, if the model is found to
be inadequate, the size of the new region of isteran be reduced by reducing the step size.
Should the second order model be found to be atega@anonical analysis is performed to
determine the nature and location of the currenitvag solution. Then a ridge analysis is
performed if the current optimal solution is foulmdbe a saddle point [Neddermeijer 2000].
Ridge analysis computes the estimated ridge ofmapti response using increasing radii
from the original data point. The direction ofegtest descent is determined for the second
order model and a line search is performed indivaction. Once the optimum point in this
new direction is found, the algorithm is repeatadtiiuan optimum solution is found

[Neddermeijer 2000].
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Neddermeijer, van Oortmarssen, Piersma, and Dekler

Start g A) Approximate the response -
surface function locally by a -

first-order model

B) Test the first-order
model for adequacy

N

() Perform a line search ) Solve the inadequacy of
in the steepest descent the first=order model
direction

E) Approximate the response
surface function locally *
by a second-order model

F) Test the second-order
model for adequacy

/N

H) Perform canonical analysis () Solve the inadequacy of
the second-order model

K Determine a steepest I} Perform ridge analysis
descent direction

Y

Iy Accept the stationary point
as the center point of the
new region of interest

Figure 2.1: RSM Method (Taken from Neddermeijer ¢al (2000))
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RSM provides a logical way to search for an optimalue for an experiment with
variability. RSM relies on a computational optiaion technique called random restart to
fully explore the sample space. RSM depends onlittearity of the problem being
optimized which presents a weakness in the methR&M optimization depends on the
ability to create both first and second order eigmat on the sample space as well as the
ability to create differential equations from theriged models. This presents a problem in

the goal of a completely automated program.

2.3 Genetic Algorithms

Complex problems like supply chain optimization aeey difficult to solve. There is often

no underlying analytical model and often a nonlinedationship between the variable(s)
being optimized and the prediction variables. Thaipled with the size and complexity of
the search space, creates a seemingly impossibbdepr. Genetic algorithms have been
shown to produce good results for a wide rangerablpms though the use of their powerful
global search techniques based on Darwin’'s theafiesurvival of the fittest and random

mutation. Genetic algorithms both explore the dangpace and exploit promising areas
exponentially. This is accomplished through motaticrossover, and selection operations.

Generally, the strongest individuals survive angdreduce from generation to generation.
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This improves the overall strength of the populaiio successive generations and focuses on
the most promising solution space. Due to thehstsiic nature of the crossover and
mutation procedures, weak individuals or childrah e created. These individuals add to
the explorative properties of the algorithm. Tlaeg not detrimental to the overall strength
of the program since they are removed through tiecBon process during subsequent
generations. If a weak solution should surviveeaggation, it will eventually be removed
and thus not cause serious damage to the algoothhinder the final solution. The next
generation of the population is created throughdoam methods and evaluated by
comparative selection based on a random underlyaagng. This differs from traditional
optimization methods which are based on predeteundecision rules. Genetic algorithms
do not make strong assumptions about the formeobthjective function; thus allowing them
to operate on a large range of problems [Joine2]200°he general genetic algorithm is

summarized in Figure 2.2.
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Set generation countes— 0.
Create the initial populatiof®y, by randomly generating individuals.
Determine the fitness of each individual in the lapon by applying the objective
function to the individual and recording the vafaand.
4. Increment to the next generatior- i + 1.
5. Create the new populatioR,, by selectingN individuals stochastically based on the
fithess from the previous populatidd, ;.
a. Randomly seledR parents from the new population to form the nevidcan
by application of the genetic operators.
b. Evaluate the fitness of the newly formed childrgrapplying the objective
function.
If i < the maximum number of generations to be considg@th Step 4.
Output the best solution found.

wnN P

No

Figure 2.2: A Simple Genetic Algorithm

The solutions, or individuals, in the populatione adescribed by a chromosome
representation consisting of a vector represerttiegpredictive variables. The algorithm is
initiated by creating an initial population and nhevaluating their fithess to the objective
function. A subset of the population is then selddo parent the next generation. It is
possible for an individual to be selected to pameate than one offspring. Either crossover -
or mutation is performed to create the offspringor example, one crossover consists of
randomly selecting a cut point on the parents gwapping the numbers after the cut point
between one another creating two distinct childr&@rossover combines traits from both
parents to create the new children. Mutation aceunen a random individual is selected
and a random chromosome change is performed. ®heaj mutation is to inject new
information into the solution set, thus exploririfjetent areas of the sample space. A subset

of the old population is chosen to complete the peywulation. This subset can be chosen
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either arbitrarily or by selection methods, such msking, binary selection, etc.
[Michalewicz]. Genetic algorithms have succesgflléen used to solve a wide variety of

very complex problems [Joines 2002].

2.3.1 Five Components of Genetic Algorithms

Genetic algorithms must consist of at least fivemponents in order to operate
[Michalewicz].

Chromosome Representation— A chromosome is the representation of the icdiai
potential solution point. Thesedividualsare typically represented in a binary method.
Initial Population — A method in which to create the initial poputatiof potential solutions
[Michalewicz]. In this case we will be pulling 1@xta points from the training population
for the meta-model.

Evaluation Function — This is a function that determines the ratingtioé solution
mimicking the environment to select the “fittestlgtions [Michalewicz]. We will be using
the meta-model of the neural network, regressiomahoactual evaluation function or a
combination of them.

Genetic Operators — These alter the composition of the children loé tpopulation
[Michalewicz]. These can be either crossover otation. Crossoveris where two solution
sets are combined to produce two children thatpare of each solution, similar to mating.

Mutation is the random changing of a part of the chromosoiftas introduces randomness
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to the solution set thus increasing the exploratiaire of the algorithm. The frequency of
these crossovers and mutations are parameterskieatwithin the genetic algorithm.
Termination Criteria — This determines how long the genetic algorithm wualh. It can
either be a specific number of generations or wihenbest solution does not change for a
successive number of generations. The algorithmatsd be terminated based on a number
of evaluations of the evaluation function [Michalegr]. In this research we will be using
the number of iterations of the algorithm. Thertexation criteria will be set as a parameter

in the experimental set-up.

Other parameters are entered into the algorithrh sscthe solution space boundary. This

research utilized a solution space of [-150, 180}ach variable.

2.3.2 Research Algorithm
The genetic algorithm used in this research is fretlifrom theBinary and Real-Valued
Simulation Evolution for Matlabbrary created by C.R. Houck, J.A. Joines, anGMay in

1996.
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2.4 Meta-model

A meta-model is an analytic approximation to a psscwith variability or the simulated
response surface based on input variables to tlation or real system and their resulting
outputs. Utilizing a model provides a less compatetlly expensive and thus quicker
method of evaluating the simulation or the realtmys For this reason, optimization
methods often use a meta-model for evaluation. ediinregression is one of the most
common methods of developing a meta-model. Othethods are coming into use such as
artificial neural networks, which are discussedolel The accuracy of this model and the
frequency of which it is generated is a balancicign@cessary to optimize performance while

also optimizing accuracy.

2.4.1 Stepwise Regression

Regression is the most common means to create amuatel. It creates a linear model by
minimizing the sum of the squares of the residudlse residuals are differences between the
predicted values and the actual values. The &epsires regression technique is based on the

Least Squares Equations seen below in Figure 2.3

S n - _ n _
1. B, =S—Xy where S, = (x, —x)(y, —y) andS,, =" (x —x)°
i-1

XX i=1
2. B, zy_ﬂl;(

Figure 2.3: Least Squares Equations for Linear Regssion Model (Wackerly2002
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Stepwise regression is the method used to addbdrast the terms of a model in an attempt
to better explain or predict the output by creatsnformula based on the input variables
and/or terms. This can be done usifig 2, 39 or even higher order inputs based on the
desired complexity of the model. In forward stepavregression, terms are added based on
their ability to positively impact the model’s pretion capabilities which is known as the
significance, omp-value, of the term. Thp-value is relevant to the amount of variability
attributed to that term, thus, the closer to z#re,better. Following a term being added, the
model is re-evaluated along with other potentiainteto determine if any additional terms
should be added. When no further terms meet theriar for addition to the model, the
process is terminated and that model is used améta-model to predict outputs based on

predetermined inputs. [Rawlings 1998].

2.4.2 Neural Network

An Atrtificial Neural Network, commonly referred s a neural network, is another method
that can be used to create a meta-model and is dterred a nonlinear regression technique
based on simulating biological neural networks. néural network consists of nodes

(neurons); input, hidden, and output nodes. Thégdy interconnected nodes work together

to solve specific problems, see Figure 2.4: Bli&aral Network
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Hidden

Figure 2.4: Basic Neural Network

Similar to biological neural networks, artificiataral networks must be trained to solve the
problem they are modeling. There are three bagestyof neural networks based on the
learning paradigms: Supervised, Unsupervised, aidfétcement. Supervised training uses
input and corresponding output data to train thelehdo predict outputs from new unseen
inputs which is basically a regression technigueer&fore, the remainder of the discussion
will focus on supervised learning neural netwoiksorder to accomplish the modeling of a
simulation, it is necessary to have a training pain based off the simulation that can be
used as a starting point to train the neural ndkwbhe accuracy of the meta-model created

in the neural network is dependent on the amoudatd in the training population.
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2.4.3 Neural Network Training
There are multiple ways to train a neural networkA widely used method is
backpropagation. This is a gradient descent meblaséd on minimizing the error between
the actual output of the training population and grojected output of the neural network
which is similar to the output of least squares@sgion method. There are two methods
that can be used to train the neural network wirareing refers to setting the weights of the
various nodes. The first method introduces onaitrgiset (i.e., one set of input and output
combinations) at a time which is referred to asghtgern form, while the second introduces
the entire training population or batch form (Li029. The backpropagation algorithm of
both methods is similar in that weights are adgistased off the network predicted outcome
and the training set outcome.
Backpropagation Algorithm (Li 2000):
1. The training population is presented to the newmetiwork which has random
weights assigned.
2. The input variables are passed through the netandkthe network outpuyy) is
compared against the actual outpy) from the training set. The error is calculated

by:

£(n)=> (Ya-YP® - Batch Training
g(n) =1/2(d(n) - y(n))* (d(n) — y(n)) - Pattern Form

3. Adjust the weights of the each node based on thdigmt and calculated error to
minimize the difference in step 2

Assign weights to previous layers in the same manne

Repeat until the error is acceptable (<1% of thipwiy or the termination criteria is
met (Roja 1996).

ok
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In the pattern form of backpropagation the erracakulated on an individual training point
and the weights adjusted in small increments. iBhi®ntinued for each of the training points
in the training population. One cycle of the coeateltraining population is called an epoch.
Following completion of this epoch, the data poiats assigned random numbers and re-fed
through the algorithm. This is completed untteamination criterion is reached (Li 2000).
The batch form performs in a similar manner extlegt the error of a set of training points is
computed and the weights adjusted. The trainirtghbdoes not necessarily make up the
entire training population (Li 2000).

There are many variations of the backpropagatigarahm. The simplest is the one
where the weights are adjusted in the direction ¢thases the greatest impact on the error
function, Gradient Descent The amount that the weights are adjusted istaoh A
variation of this method is to increase the amatinteight change each iteration in the same
direction as long as the error function is beingimized, or aLearning Gradient Descent.
Gradient Descent Momentumdlows the network to respond to the recent treimdshe
gradient surface as well as the most recent gradighis prevents the training algorithm
from getting hung-up in a local minimum [Matlab-0&).

Other methods exist to further speed up the netwidkning and expedite
convergence. The network used in the forthcomimmeements utilizes a scaled conjugate
gradient algorithm developed by Bishop in 1995 iis Ipaper Network for Pattern

Recognition TheConjugate Gradient Searcdearches along the conjugate gradients for the
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steepest descent path as opposed to only the stedgseent single gradient path [Matlab -
2009]. One the network has been trained it cam the used as a meta-model for the
optimization function to operate on.

The neural network used in this paper is modifiemimf the netlab library for Matlab
based of the approach and techniques describRéunal Networks for Pattern Recognition
(Bishop 1995). The network itself consists of thagers; comprised of one input layer and
one hidden layer, feed forward network with a sngutput. The hidden layer consists of
ten hidden nodes with the input layer having thmesanumber of input nodes as input
variables. Node weights prior to training are @méy assigned from the 0 mean Gaussian
distribution. The size of the training populati@nd the termination criteria is an

experimental criterion.

2.5 Simulation Optimization — Why we need meta-models

Simulation is computationally a very expensive agien. The computational cost varies
based on the complexity of the simulation itseBtochastic inputs will further increase this
cost due to the necessity to run multiple simuteidor each input variable setting to
determine the average value of the output or cenfid. That being said, optimization
methods used on the simulation itself can be exhgmxpensive. An optimization method

such as RSM would involve multiple simulations éach search point. A genetic algorithm
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requires a large population and utilizes the comptd generate many points during each
generation. Many individuals are often poor antll @ve off in subsequent generations. Also
early in the search, the GA just needs to move tilmogeneral area of the optimal solution
before it fine tunes to find the actual optimalack new individual requires an evaluation
which in this case is a simulation model. It ipam@nt how the cost of these optimization
methods would be unacceptable. Therefore, itgbliiidesirable to utilize a less expensive
surrogate model (i.e., meta-model). The optimizafienction can use the meta-model for
evaluation for a portion of the time and as welkasy in the cycle to reduce the amount of
true simulations needed. The goal will be to caraba simulation meta-model with the

optimization tool to create a more efficient antkeetive optimization technique. The goal is

to determine the best settings when using a RSM\aulal Networks as the meta-models to

assist in the determination of the optimum valua gimulation.

2.6 Approach

Specific optimization problems were chosen to re@né simulation models and have been
shown to cause difficulty for deterministic optiration methods. A genetic algorithm will
be used for the optimization technique and neustlvarks and step-wise regression for two
potential meta-modeling techniques.

In Chapter Three, the first step will be to deterenthe effectiveness of each meta-

modeling technique and the effectiveness of a hurobeariables on that effectiveness. In
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order to evaluate this, we will conduct the expemmnon two non-linear problems with
known solutions, the Brown and Schwefel problermstially, the two options will be tested
in a full-factorial design in a deterministic exjpeent. This experiment will allow the meta-
modeling techniques and optimization algorithm memte with the distraction of noise.
Different attributes of each meta-modeling techeiguill be tested at various levels to
determine the effect, if any, that they have on dfiectiveness of the meta-model in
determining the optimal solution. Following thigperiment noise will be added to the
problem in Chapter four. This is designed to t& meta-model's performance in a

stochastic environment which is similar to real Mfaircumstances.
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3 Deterministic Experimental Procedure

Most simulations are stochastic in nature and fbezgroduce stochastic output as stated in
Chapter 2. This additional level of complexitye(j. noisy solution values) may confound
other factors. Therefore the first experiment wilminate the noise factor and solve several
known deterministic optimization problems utilizingeta-models which will serve two
purposes. First it will determine which factorsifmber of training points, response surface
methodology, etc) provide the most influence ondhbality of the final solution, where the
quality of the final solution is determined by d@serall value and computational efficiency.
Second, the experiment will also determine thecéiffeness of linear regression and neural
networks in successfully modeling the complex fiord.

The first experiment will minimize two sample prebis under a different number of
variables, the Schwefel function and Brown’s almostar function [Humphrey 2000]. The

two variable surface plots are exhibited in FigBr2 and Figure 3.3.
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Schwefel (Sine Root) Function Brown’s Almost LineaiFunction
— * * o d
6(X) = -(1228762* n+ sumd_ (-x* sin([¥) - 1) B(X) =3 [F,, 0] +1
t=1
Where
d
fi () =% +> x; —(d+1) for
j=1

i=1,...,d-1,and
f, 00~ ([] %) -2

Optimal Values
Y=-1 Y=-1

Figure 3.1: Schwefel and Brown Function Equationand Optimal Values

1000 o

00

Figure 3.2: Schwefel Response Surface for nv=2 f#im]
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Figure 3.3: Brown’s Almost Linear Function [Humphrey, 2000]

As mentioned in Chapter 2, genetic algorithms giyc maximize functions. Therefore,
these minimization functions are turned into maxation problems by negating the solution
value, in effect, mirroring them around tKeaxis. The sample functions were designed to
represent the non-linear nature and complexitynoéetual real world problem. The initial
experiment also serves to determine whether oth&linear regression modeling technique
is capable of approximating non-linear models. iRl suspicion is that it will not yield a
high degree of approximation; however it may yialdapable method of removing some of

the load off of the true evaluation functions.
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3.1 Experimental Setup

The ultimate goal is to develop an effective sirtialaoptimization methodology. In order to
develop simulation optimization methodologies, asbers often imitate a true simulation
by adding noise to a known deterministic optimiaatproblem. Therefore, the evaluation
function only takes seconds rather than minutdsoors to evaluate. The noise is frequently
nothing more than a random number generated frokmaavn distribution, such as the
normal, with a known standard deviation. Humphagg Wilson (2000) have shown this
technique to be a capable method of simulatiomapétion modeling. Again, the noise term
is omitted in the first experiment to create a duatristic evaluation function. A
deterministic evaluation function allows for a ¢leaderstanding of the effect the parameters
being tested have on explaining the variation withie experiment and their significance.
Four parameters are tested that are applicabletlotbe neural network and stepwise
regression meta-modeling techniques. An additipasghmeter that is uniquely applicable to
the stepwise regression meta-modeling techniqualse evaluated within the stepwise
regression portion of the experiment. This paramet the significance factor that is
achieved for a term to be added into the modeahep-value required. The four parameters
for both modeling techniques are the size of thaniing population, the number of
generations the genetic algorithm searches, theiahud time the true evaluation function is
used to evaluate the generated data point, anttaanieg parameter. These parameters are

explained in further detail in Section 3.1.1.
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To fully understand the effect and significancet tagparameter may have on the
meta-modeling technique, it is necessary to evaltlzt parameter on problems of various
complexities. Therefore, the experiment has tlliferent variable settings for each of the
two optimization functions representing variouselsvof complexity. A function with two
variables represents a simpler problem while tedh @venty variable functions represent
moderate to complex problems respectively.

In order maintain comparability of the differentrgaeter values it was necessary to
begin the genetic algorithm with the same starfoogulation for each combination of
parameter settings. This is accomplished by béggnthe random number generator at a
known value, or seed which ensures that the stagiopulation will be same for each
experimental run. Also, the common random numbethod is carried over to the
replication portion of the experiment with eachliegiion beginning at a known seed. For
example, replication one begins at seed one, agmit two at seed two, and so forth.

Common random numbers will be particularly usefullevtesting the retraining parameter.

3.1.1 Experimental Parameters
The following parameters will be evaluated on theipact on the effectiveness of the

various simulation optimization methodologies dgrihis experimentation.
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NumVar--The number of variables used to obtain the outplue: This controls the relative

complexity of the problem as discussed above.

NumTrain--This represents the size of the training popaotati Both modeling techniques

require a population of known output values tortthie meta-model. The training is done by
two different methods (i.e., Neural-Network baclkjpagation algorithm and least squares
linear regression) but both work by reducing th@ltamount of error between the predicted
value and the actual value as discussed. Thesealaalues and predictive variables are
taken from the training population. One goal iglédermine whether the size of the training
population has an effect on the final solution gyabnd if so, what size provides the best

solution quality.

TermOpts—The maximum amount of generations/iterations teegic algorithm is allowed
to search for the optimal solution. The meta-mdddess complex in comparison to the
actual function that it is modeling. Theoreticaltitis simpler version should be easier to
solve taking the genetic algorithm less time tal fihe best solution. It is also an assumption
that increasing the complexity of the problems hgreasing the number of variables will

require a larger number of generations to obtaalation close to optimal.
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TrueEval(evalOpts)--The percentage of times that the true evaluatiorctian (i.e., the
actual simulation) is used to evaluate the indiglducreated by the genetic algorithm as
compared to the meta-model only. The goal of plaisameter is to determine if evaluating
the true function a portion of the time affects sdution quality since the meta-model is an
approximation to the true model. It may be benaifito access the true model periodically
to validate the values produced by the meta-modielorder to determine this point in the
evaluation function, a random number is generateblcampared to the parameter value. If
it is less, then the true simulations is used taleate the individual otherwise the meta-

model is evaluated

Retrain--Retraining or not retraining between replication§he experiment is set up to
utilize the same meta-model for as long as poss$ildethat the meta-model is not retrained
between replications, true evaluation parametengbs, and termination operator parameter
changes). The various parameter settings utificzesame meta-model to obtain the solution.
If retraining is used, the meta-model is retraibhetiveen every replication, creating a new
meta-model for every time. Otherwise the same medel is used for all replications. This
is used to determine if retraining the meta-moded@onstant basis is beneficial to obtaining
a high solution quality. The goal is to determireav beneficial is when taking into account
to the computational effort needed to train a nmetalel on a complex data set; one with

many variables.
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P-value-Represents the level of significance necessaryafoexplanatory variable to be

added to the meta-model. This parameter is exdu the stepwise regression meta-
modeling technique. If the probability that théeet of the explanatory variable is created by
noise is less than thevalue dictated in the parameter, seen in Table Rarameters and

Settings, then the explanatory variable is addethéometa-model. In turn, this acts as a
method of excluding insignificant explanatory vaies. Two parameter levels were used.
The higher level will accept more terms into thetammodel, creating a more complex meta-
model while also increasing the probability thatiasignificant explanatory variable will be

added to the model. The goal is to determineig gfarameter has an effect on the final
solution quality. Table 3.1 depicts the variousgpaeters that will be used in this experiment

along with the number of levels and their values.

Table 3.1: Parameters and Settings

Parameter Levels
NumVar 2 10 20
NumTrain 200 500 1000
TermOpts 100 300 600
eval Opts 0 0.10 0.25 0.50 1.00
Retrain 0-No 1-Yes
P-value 0.05 0.15
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3.1.2 Experimental Procedure Step-by-Step

The computational experiment can be subdivided imio basic procedures. The first

procedure, depicted in Figure 3.4, deals with tkgedment where the meta-model is not
retrained between replications while Figure 3.5xhthe procedure where the meta-model is

retrained after each replication.
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Choose evaluation function — Schwefel or Brown
Choose number of variables — 2, 10, or 20
Set random number generator to random seed #Reptfica
Choose training sample size and create traininglptipn using
chosen evaluation function
Fit meta-model utilizing chosen meta-modeling teghe
Utilize meta model to find optimum value using drént values
of maximum number of generations and the amoutitref the
true function is used for evaluation
7. Repeat step 6 for nine additional search replioatidBegin each
search replication from a known random number gagneseed
8. Repeat steps 1 thru 7 for each combination of fanchumber
of variables, and size of the training population
Figure 3.4: Step-by-Step Procedure: No Retrain

PwonNpE

o a

Choose evaluation function — Schwefel or Brown

Choose number of variables — 2, 10, 20

Choose training sample size

Choose maximum number of generations and evaluation
options.

Set random number generator to known value correipg
with searching replication number.

6. Create training sample and fit meta-model usingsehaneta-
modeling technique

Optimize using genetic algorithm

Repeat the step 6 for nine additional search rafptins. Begin
each search replication from a know random numbeegator
seed

9. Repeat steps 5 thru 7 for all combinations of \dea

Figure 3.5: Step-by-Step Procedure: Retraining Beveen Search Replications
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3.2Experimental Design

The experimental design which utilizes the procedun Figure 3.4 and Figure 3.5 is a five
factor, full factorial conducted on three differewmariable settings, two meta-modeling
techniques, and two known functions. In effece #xperiment becomes an eight factor
design. Only interaction effects for the initiavd factors are observed: the number of
variables, number to train, number of generatitn® evaluation ratio, angtvalue. A tree

representation of the experimental design can &e kelow in Figure 3.6.
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Deterministic Experiment Setup

Evaluation Function -

Neural Networ Model Stenwise Rearessi

< v v

2 10 20 | Number Variable 2 10 20

v m

20C 50C 100( Number to Trai 20C 50C 100(

Y \ 4

10C 20¢ 60C Number of Generatiol 10 20¢ 60C
": True "E

0.0( 0.1C 0.2F 0.5 1.0C Evaluation 0.0C 0.1C 0.2k 0.5 1.0C
**Same Structure for Retrain and No Retrain Val /\
P 0.0F 0.1F

Figure 3.6: Experimental Variable Structure
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3.30utput Data

The experimentation code is set up to record thaenpeter values along with a series of other
values that will determine the efficiency and théeaiveness of the combined meta-
modeling and search technique. The number of tithasthe meta-model is evaluated is
kept along with the number of times the true eviadmafunction is used to determine if there
is a relationship between those values and thé duecome. When the genetic algorithm
finds the best solution, the generation is stoediétermine the efficiency of the search

technique relative to the parameter values in ¥peement.

3.4Results

Following the conclusion of the experiment, theadiat collected and analyzed to determine
the significance of the parameter effects. Thdyarsis divided by problems, Schwefel and
Brown, and then further divided by meta-modelinghtéques. The significance values in
Table 3.2 represent the probability that the patameffect is caused by noise. The
significance test is conducted on the maximum nurobgenerations, the size of the training
population, and the amount of time to evaluate e model represented as both a
continuous and a categorical variable to deterntivee effect that varying the modeling

technique poses on the significance level. Theghan modeling type resulted in different

significance values as expected. The significaraiqmeters in the neural network meta-
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modeling technique did not change drastically. Eweer, the modeling type change in the
regression meta-modeling technique created a ggnif difference in the significant terms
as seen in Table 3.6This shift is discussed further in Regressiorsing the screening test
results from this chapter, the total number ofafales can be reduced and only the terms that
are determined important have to be screed inuthenbdel of chapter five. This produces a

reduced number of parameters that has to be gtaligtanalyzed and compared.

3.4.1 Neural Network

Analysis of the neural network meta-modeling teghei provides insight into the parameters
that hold the most significance on the final s@atquality. The continuous and categorical
variable parameter modeling types produce very lamparameter significances. The
exception is the variable associated with the marimumber of generations, amount of
time the true model is evaluated, and the retrgimarameter interaction as seen in Table
3.2. Due to the experimental setup it is necessasgparate the analysis into retrain and non
retrain sections. This is due to the fact thatmwiedraining is not used the effect of the size
of the training population is not clear. It is ndear because the meta-model is only
recreated when adjusting the size of the trainiogupation. The significant effects of the
retraining portion of the experiment are preseiedsing the parameter names explained in
section 3.1.1. Significance levels high-lightedyellow represent the parameters that are
found to be statistically significant. A ResidiMaximum Likelihood Estimation (REML)

was utilized to determine the significance of thents as it takes into account the loss of

44



degrees of freedom with the analysis. A randonameter, the repetition number, was
added to the analysisep&random) and a random interactionep&random*numTrain) to

test the significance evaluation.

Table 3.2: Neural Network Parameter significancessfgnificant parameters high-lighted

in yellow)
Schwefel Brown

DF | DFDen 2 | 10 | 20 2 | 10 | 20*
TermOpts 2 2 0.876 0.453 0.017 0.769 0.862 0.000
numTrain 2 2 0.133 0.000 0.000 0.000 0.097 0.000
TermOpts*numTrain 4 4 0.828 0.964 0.711 0.216 0.851  0.000
evalOpts 4 4 0.000 0.000 0.000 0.000 0.077  0.000
TermOpts*evalOpts 8 8 0.950 0.725 0.508 0.922 0.896 0.000
numTrain*evalOpts 8 8 0.008 0.000 0.000 0.010 0.196 0.000
TermOpts*numTrain*evalOpts 16 16 0.993 0.501 0.896 0.938 0.940 0.000
Retrain 1 1 0.000 0.000 0.047 0.000 0.030 0.000
TermOpts*Retrain 2 2 0.877 0.678 0.565 0.762 0.859 0.000
numTrain*Retrain 2 2 0.000 0.000 0.000 0.000 0.038 0.000
TermOpts*numTrain*Retrain 4 4 0.827 0.869 0.963 0.210 0.852  0.000
evalOpts*Retrain 4 4 0.000 0.177 0.000 0.000 0.594 0.000
TermOpts*evalOpts*Retrain 8 8 0.950 0.654 0.476 0.921 0.895 0.000
numTrain*evalOpts*Retrain 8 8 0.000 0.000 0.023 0.003 0.340 0.000
TermOpts*numTrain*evalOpts*Retrain 16 16 0.993 0.456 0.938 0.938 0.940 0.000

*Due to the complexity of the Brown non-linear plein with 20 variables the neural-network was unableffectively
model the problem.

The retraining data set is utilized to determine $ignificant effects due to the previously
mentioned reasons. The analysis inTable 3.2: Nedeawork Parameter significances
(significant parameters high-lighted in yellow) slsthat the size of the training population,
the amount of time that the true function is eviddaand the interaction effects are the most

significant in the Schwefel function, Table 3.2 calshoes that the two and ten variable
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options for both retraining and not retraining Br@wn function. The effect tests presented
in Figure 4.2 show that a higher training populatgize produces a value closer to optimal.
The larger the amount of time that the true functie utilized, the closer a solution to
optimal that is found. The invalig-values associated with the significance test en2
variable case of Brown’s function are caused bylé#nge amount of variance in the true
values. This is caused by the inability of themaknetwork to estimate the function.
The analysis will focus on the parameters atfcb@ler interactions that are most prevalent
between the two problems. These amamTrain, evalOpts, numTrain*evalOpts, retrain,
numTrain*retrain andevalOpts*retrain. The 3rd order and higher interactions will be
ignored owing to the simplicity of this experimerthe 3 order interaction of
numTrain,*evalOpts*retrain is statistically significant but that can be dutitied to the
interactions between the three significant factbes make up the interaction. Figure 3.7and
Figure 3.8 show the effect plots of the paramatezationed previously. The least squared
means analysis are included below in Table 3.3Tade 3.4 respectively for both the
Schwefel and Brown functions. The 20 variable Bidunction was omitted due to the
inability of the neural network to model the compfanction.

The training population sizeumTrain, is a significant parameter but does not show
any sign of correlation between the size of thming population, the complexity of the
problem and the effectiveness of the algorithmirtd the optimal solution. The training size

shows no significance at the lower complexity Sdielveroblem and has an optimal value of
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1000 at the 10 variable and 500 at the 20 variptdblem. On the more complex Brown
problem, the higher training population size alldis algorithm to find a better solution.
The standard error of the ten variable Brown fuwrcts so large that one cannot tell the

difference between the three parameter settings.

a7



Figure 3.7: Schwefel Effect Analysis
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Table 3.3: Least Sq Means Table — Schwefel Funatio

Schwefel — 2 Schwefel — 10 Schwefel - 20
Level Least Sq Mean Std Error Level Least Sq Mean Std Error Level Least Sq Std Error
Mean
200 ~582.4099 2.6863683 200 -2418.413 28.363880 200 -5878.196 58.711612
c | 500 -588.2419 2.6863683 | 500 -2848.588 28.363880 | 500 -5176.750 58.711612
S | 1000 -590.2312 26863683 | 1000 -3004.070 28.363880 | 1000 -5621.916 58.711612
= : .
E
S
c
Level Least Sq Mean Std Error Level Least Sq Mean Std Error Level LeastSq Std Error
Mean
0 -588.1223 1.7835864 0 -2725.433 21.850429 | O -5381.560 59.347293
%) 0.1 -584.2289 1.7835864 0.1 -2694.474 21.850429 | 0.1 -5419.975 59.347293
8— 0.25 -585.5971 1.7835864 0.25 -2689.984 21.850429 | 0.25 -5422.498 59.347293
< | 05 -584.7163 1.7835864 0.5 -2658.644 21.850429 | 0.5 -5372.348 59.347293
3 |1 -592.1406 1.7835864 1 -3016.581 21.850429 | 1 -6198.388 59.347293
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Table 3.3: Continued

Level Least Sq Std Error Level Least Sq Mean Std Error Level Least Sq Mean Std Error
200,0 _584'_\1(;32 31270712 | 200,0 -2228.585 41.836455 | 200,0 -5698.388 96.540786
200,0.1 -576.2259 3.1270712 | 200,0.1 -2201.896 41.836455 | 200,0.1 -5815.774 96.540786
200,0.25 -578.7461 3.1270712 | 200,0.25 -2245.990 41.836455 | 200,0.25 -5835.804 96.540786
200,05 -580.4499 3.1270712 | 200,05 -2292.643 41.836455 | 200,05 -5775.429 96.540786
200,1  -592.2134 31270712 | 2001 -3122.950 41.836455 | 200,1 -6265.586 96.540786
5000  -589.6444 3.1270712 | 500,0 -2827.637 41.836455 | 500,0 -4829.533 96.540786
500,0.1 -586.6673 3.1270712 | 500,0.1 -2835.728 41.836455 | 00,01 ~4918.911 96.540786
» | 500,025 -588.4530 3.1270712 | 900.0.25 -2825.028 41.836455 | °00.0.25 ~4888.855 96.540786
g— 500,05 -584.4498 3.1270712 | 500,0.5 -2790.713 41.836455 | ©00.0.5 -4962.140 96.540786
® | 5001  -501.9949 3.1270712 | 500,1 -2963.831 41.836455 | 200.1 -6284.314 96.540786
§ 10000 -590.3080 31270712 | 10000 13120.078 41836455 | 1000,0 -5616.760 96.540786
.% 1000,0.1 -589.7934 3.1270712 | 1000,0.1 -3045.798 41.836455 iggg’g'; '2‘;’22'2:2 22'232522
= | 1000,0.25 -589.5921 3.1270712 | 1000,0.25 -2998.935 41.836455 1000.0.5 5370476 96.540786
€ | 100005 -589.2493 3.1270712 | 1000,0.5 -2892.574 41.836455 ’
2 | 10001 -592.2134 3.1270712 | 10001 -2962.963 41836455 | 10001 -6045.265 96.540786
Level Least Sq Std Error Level Least Sq Mean Std Error Level Least Sq Mean Std Error
c Mean 0 -2789.065 15.524060 | 0 -5602.912 45.319242
© -591.6710  1.5939513 | 3 -2724.981 15.524060 | 1 -5514.996 45.319242
B |1 -582.2510  1.5939513
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Table 3.3: Continued

- Level Least Sq Mean Std Error Level Least Sq Mean Std Error Level Least Sq Std Error
‘T 200,0 -594.5393 2.8030474 | 200,0 -2328.215 32.263826 Mean
.’8 200,1 -570.2806 2.8030474 200,1 -2508.611 32.263826 200,0 -6044.386 70.109349
© 288’2 'gggéggg g'gggggj 500,0 -2933.804 32.263826 | 200,1 -5712.006 70.109349
[ , - . .
3 1000.0 5922902 8030474 500,1 -2763.371 32.263826 500,0 -5138.380 70.109349
= 1000,1 -588.1723 2.8030474 | 1000,0 -3105.178 32.263826 | °00,1 -5215.120  70.109349
£ 1000,1 -2902.961 32.263826 | 1000,0 -5625.971  70.109349
2 1000,1 -5617.861 70.109349
Level Least Sq Mean Std Error Level Least Sq Mean Std Error Level Least Sq Std Error
0,0 -594.5185 2.0612327 0,0 -2781.641 29.521449 Mean
0,1 -581.7260 2.0612327 0,1 -2669.225 29.521449 0,0 -5354.392 77.260687
c 0.1,0 -590.6168 2.0612327 0.1,0 -2732.786 29.521449 0,1 -5408.729 77.260687
T 0.1,1 -577.8409 2.0612327 | 0.1,1 -2656.162 29.521449 0.1,0 -5441.721  77.260687
% 0.25,0 -590.5811 2.0612327 | 0.25,0 -2690.408 29.521449 0.1,1 -5398.229 77.260687
= 0.25,1 -580.6130 2.0612327 | 0.25,1 -2689.561 29.521449 0.25,0 -5337.211  77.260687
(2] 0.5,0 -590.5707 2.0612327 | 0.5,0 -2670.447 29.521449 0.25,1 -5507.786  77.260687
Q | 051 -578.8619 2.0612327 0.51 -2646.840 29.521449 0.5,0 -5450.028 77.260687
% 1,0 -592.0677 2.0612327 1,0 -3070.045 29.521449 0.51 -5294.669 77.260687
5 1,1 -592.2134 2.0612327 1,1 -2963.118 29.521449 1,0 -6431.210 77.260687
1,1 -5965.566 77.260687
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Figure 3.8: Brown Effect Plots




Table 3.4: Brown Least Sq Means

_ | Brown -2 Brown — 10
< Level Least Sq Std Error Level Least Sq Mean Std Error
I: Mean 200 1.4551e+40 2.0272e+39
= 200 27739813 507627.18 | 500 5.4902e+39 2.0272e+39
-] 500 33306910 507627.18 1000 3.4203e+40 2.0272e+39
<+ 1000 40126983 507947.14
Level Least Sq Std Error Level Least Sq Mean Std Error
Mean 0 2.0625e+40 1.2985e+39
0|0 37660519 460429.16 | 0.1 2.0369e+40 1.2985e+39
Q| 01 37431941 459447.90 | 0.25 2.1623e+40 1.2985e+39
% 0.25 37574632 45944790 | 0.5 2.0869e+40 1.2985e+39
3 0.5 37228954 45944790 | 1 6.9204e+39 1.2985e+39
1 18726796 459447.90
Level Least Sq Std Error Level Least Sq Mean Std Error
Mean 200,0 1.6581e+40 2.264e+39
200,0 30926574 774424.02 200,0.1 1.6768e+40 2.264e+39
200,0.1 30371506 774424.02 | 200,0.25 1.6641e+40 2.264e+39
200,0.25 32025912 774424.02 | 200,05 1.6527e+40 2.264e+39
200,0.5 30800422 774424.02 | 200,1 6.239e+39 2.264e+39
200,1 14574651 774424.02 | 500,0 7.0195e+39 2.264e+39
43 500,0 37539275 774424.02 | 500,0.1 5.9738e+39 2.264e+39
O | 500,0.1 37218298 774424.02 | 500,0.25 7.2903e+39 2.264e+39
< 500,0.25 37037995 774424.02 500,0.5 6.9227e+39 2.264e+39
a 500,0.5 37211517 774424.02 500,1 2.4452e+38 2.264e+39
":: 500,1 17527464 774424.02 1000,0 3.8273e+40 2.264e+39
T 1000,0 44515710 779651.42 1000,0.1 3.8365e+40 2.264e+39
|: 1000,0.1 44706020 774424.02 1000,0.25 4.0938e+40 2.264e+39
e 1000,0.25 43659990 774424.02 1000,0.5 3.9159e+40 2.264e+39
] 1000,0.5 43674923 774424.02 1000,1 1.4278e+40 2.264e+39
< | 1000,1 24078273 774424.02
Level Least Sq Std Error Level Least Sq Mean Std Error
c Mean 0 2.4074e+40 1.1967e+39
[T |0 39033115 354577.20 | 1 1.2089e+40 1.1967e+39
% 1 28416022 354373.48
Level Least Sq Std Error Level Least Sq Mean Std Error
c Mean 200,0 2.4423e+40 2.0889e+39
@ 200,0 30764874 585830.31 | 200,1 4.6793e+39 2.0889e+39
D 200,1 24714752 585830.31 | 500,0 8.9086e+38 2.0889e+39
. 500,0 37116785 585830.31 | 500,1 1.0089e+40 2.0889e+39
= 500,1 29497035 585830.31 1000,0 4.6907e+40 2.0889e+39
§ 1000,0 49217687 586938.63 1000,1 2.1498e+40 2.0889e+39
E 1000,1 31036279 585830.31
S
c
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Table 3.4: Continued

Level Least Sq Mean Std Error Level Least Sq Mean Std Error
0,0 39439622 597681.02 | 0,0 2.6638e+40 1.4524e+39
0,1 35881417 594652.87 | 0,1 1.4611e+40 1.4524e+39
0.1,0 39424120 594652.87 | 01,0 2.6638e+40 1.4524e+39
£ | 0250 39424120 594652.87 | (75 o 2.6633e+40 1.4524e+39
© | 0251 35725144 594652.87 | (751 1.6613e+40 1.4524e+39
T | 050 39424120 59465287 | g5 2.6619e+40 1.4524e+39
N g.g,l g?ggg;gg ggjggg-g; 05,1 1.5119e+40 1.4524€+39
5 | L : 1,0 1.3841e+40 1.4524e+39
o |1 -1 59465287 | 11 5.3525e+26 1.4524e+39
3
o)

The amount of time that the true problem is utdizestead of the metal-model, or
evalOpts has an interesting effect. The optimization dthm was able to find a better
solution based on accessing the true problem lessgpuéntly. There is no conclusive
evidence that there is an optimal ratio of evaaratithat using the meta-model allows the
algorithm to find a better solution in place of tinee simulation. It can be speculated that
this is due to the meta-model allowing the optitic@aalgorithm to accelerate to the optimal
region by leaving out the more complex attributéshe actual problem. Likewise, the
interaction between the training population sizd #re amount of time the true problem is
evaluated is important as well. Retraining theamabdel between iterations provides better
solutions for the Schwefel problem but not for Brewn problem. This may be contributed

to the complexity of the brown problem, again.
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3.4.2 Regression

The regression data is similar to the neural néiwamta in that it is difficult for the

regression modeling technique to model Brown’s alinlimear function. This makes sense;
least squares regression is in fact designed tehlimear problems. This is exhibited in the
guantiles presented in Table 3.5. This createsatk of problems regarding significance
testing of parameters. For this reason, | havelddmnly to deal with the Schwefel function
this point forward in the regression modeling teghe. The significance values for the
Schwefel function are summarized in Table 3.6: rRegjon Significance (significant values
high-lighted in yellow). The significance levelsr fthe Brown function are also included for

your reference. Interactions were limited tb &der or less to limit the complexity of the

analysis.
Table 3.5: Quantile Analysis of Regression ModelmTechnique
Quantiles Schwefel Brown
2 10 20 2 10 20
100.00% maximum -1 -1.0036 -1.4917 -1 -0.78083 -15.7864
99.50% -1 -1.024  -1.685 -1 -2.31522 -33.0203
97.50% -1 -1.0458  -3.375 -1 -5.6675 -50.8247
90.00% -1 -1.1874 -11 -1 -30.2158 -154.974
75.00% quartile -1 -2.2063 -58 -7.1  -5480.95 -9.36E32
50.00% median -1 -23 -251 -11  -169959 -3.86E53
25.00% quartile -1 -176 -805 -11  -1.89E14 -1.74E60
10.00% -143.9 -756 -1698 -97  -1.31E28 -6.57E64
2.50% -152.7 -780 -1874 -97.1  -1.13E32 -1.06E70
0.50% -152.7 -868 -1951 -309.3 -9.98E35 -9.55E74
0.00% minimum -152.7 -1106 -2179 -310.1  -4.31E36 -1.87E78
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Table 3.6: Regression Significance (significant Uaes high-lighted in yellow)

Schwefel Brown
2 | 10 | 20 2 | 10 | 20
TermOpts 1 1 0.9891 0.0000 0.0000 0.9067 0.9742 0.0000
numTrain 1 1 0.8243 0.1152 0.1891 0.0001 0.0921 0.0000
p_val 1 1 0.6028 0.9478 0.7281 0.9096 0.0535 0.0000
evalOpts 1 1 0.0000 0.0000 0.0000 0.0000 0.0667 0.0000
retrain 1 1 0.0000 0.0000 0.0000 0.0000 0.0277 0.0000
TermOpts*numTrain 1 1 0.9883 0.6749 0.5690 0.9671 0.9992 0.0000
TermOpts*p_val 1 1 1.0000 0.9750 0.8601 1.0000 0.9932 0.0000
TermOpts*evalOpts 1 1 0.9918 0.0300 0.0567 0.8363 0.9552 0.0000
TermOpts*retrain 1 1 0.9915 0.6569 0.3200 0.9067 0.9747 0.0000
numTrain*p_val 1 1 0.5631 0.7650 0.1872 0.9226 0.1015 0.0000
numTrain*evalOpts 1 1 0.8151 0.1606 0.1488 0.0071 0.8459 0.0000
numTrain*retrain 1 1 0.9471 0.3330 0.1384 0.0073 0.0292 0.0000
p_val*evalOpts 1 1 0.5900 0.9827 0.7300 0.9601 0.2121 0.0000
p_val*retrain 1 1 0.6030 0.8956 0.9295 0.9096 0.1374 0.0000
evalOpts*retrain 1 1 0.0000 0.0000 0.0000 0.0000 0.1414 0.0000
TermOpts*numTrain*p_val 1 1 0.9999 0.9317 0.8273 1.0000 0.9963 0.0000
TermOpts*numTrain*evalOpts 1 1 0.9912 0.9106 0.6759 0.9420 0.9987 0.0000
TermOpts*numTrain*retrain 1 1 0.9895 0.9540 0.8960 0.9671 0.9993 0.0000
TermOpts*p_val*evalOpts 1 1 1.0000 0.9612 0.9294 1.0000 0.9875 0.0000
TermOpts*p_val*retrain 1 1 1.0000 0.9707 0.6135 1.0000 0.9928 0.0000
TermOpts*evalOpts*retrain 1 1 0.9936 0.8516 0.6419 0.8363 0.9552 0.0000
numTrain*p_val*evalOpts 1 1 0.5493 0.7573 0.2680 0.9658 0.4667 0.0000
numTrain*p_val*retrain 1 1 0.5634 0.7048 0.7383 0.9226 0.1912 0.0000
numTrain*evalOpts*retrain 1 1 0.9475 0.2119  0.2164 0.0047 0.4467 0.0000
p_val*evalOpts*retrain 1 1 0.5902 0.9466  0.9812 0.9601 0.7974  0.0000

Table 4.8 indicates that both the amount of tins the true function is utilized and whether
the meta-model is trained are significant paramseteAs the complexity of the function

increases then the amount of time the algorithnallswed to work, TermOpts, is also
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significant which is due to the fact that the irased amount of iterations is going to access
the real function more often which allows it to wadonger, thus finding a better solution. In
fact, the model fitted to the output data is sorpthat the software package (SAS) being
utilized will not allow for effect plots for anythg other than the retraining option. However,
it is determined that retraining the meta-model pibvide a better solution by an Analysis
of Variance (ANOVA) test conducted on the retraghparameter as shown in Figure 3.9 and
Table 3.7 for the two and 20 variable problems,dnés not have a positive effect in the ten

variable problem.

Schwefel — 2 Schwefel — 10 Schwefel — 20
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P | em—— e

retrain retrain

Figure 3.9: ANOVA for Retrain

Table 3.7: ANOVA Values for Retrain

2 Source DF  Sum of Squares Mean Square F Ratio Prob > F
retrain 1 108415.7 108416 111.3212 <.0001
Error 1798 1751072.7 974
C. Total 1799 1859488.5

10 Source DF  Sum of Squares Mean Square F Ratio Prob > F
retrain 1 688948 688948 12.7917 0.0004
Error 1798 96838373 53859
C. Total 1799 97527321

20 Source DF  Sum of Squares Mean Square F Ratio Prob > F
retrain 1 4532109 4532109 16.8022 <.0001
Error 1798 484978742 269732
C. Total 1799 489510852

60



3.5Neural-network Model versus the Regression Model

Figure 3.10 below shows that the neural-networkimgdeling method provides a better
solution than the regression method, using the sperimental parameters for five out of
six of the experiments. This is most likely duethe complexity and non-linearity of the
problems that are being used as surrogates ofitindagion model but also represents the

complexity incurred in real simulation models.
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Figure 3.10: ANOVA for Neural-Network v Regression
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Source DF Sum of Mean F Ratio Prob >
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: ! MT 1 1.487e+17 1.487e+17 564.5264 <.0001
50000000 Error 2697 7.104le+17 2.634e+14
40000000 . C. 2698 8.5911e+17
> 30000000 Total
20000000—:
(qV] ] !
| 10000000 :
c o]
=
nnet reg
o
m
Source DF Sum of Mean F Ratio Prob
1e+41-] Squares Square >F
9e+40-] MT 1 9.6707e+82 9.671e+82 635.8473 <.0001
8e+40] Error 2698 4.1034e+83 1.521e+80
7e+40 C. 2699 5.0705e+83
6e+40-] Total
> 5e+40-]
4e+40-
(@) 3e+40
~ 2e+40]
| 1e+40_
c 0
; nnet I reg
o
oM
Source DF Sum of Mean F Ratio Prob >
Squares Square F
28+80_3 MT 1 1.015e+161 1.0le+161 384.2194 <.0001
] : Error 2698 7.125e+161 2.64e+158
] ' C. 2699 8.14e+161
] : Total
> ]
1e+80] '
o 1
N ] : .
' R :
nnet reg
o
m

64




3.6Discussion

The neural network modeling technique is much naffective for local modeling as seen in
Figure 3.10. Utilizing the meta-modeling techniqu@ortion of the time provides a better
solution suggesting that the meta-model allowsst@ching algorithm to find the optimal
region sooner (i.e., more efficiently) and createlviduals in that optimal region allowing
for better exploration or that region. This expiawhy the amount of time that the algorithm
is allowed to run has limited effect on the quabfythe final solution. Retraining the data-
set has an impact on the final solution but is gutsistent from problem to problem. The
previous analysis suggests that there is no optpaedmeter setting that encompasses all
problems, but rather the parameter settings tleabast for that problem are specific to the
problem being modeled. An experiment is neededetermine the effect of noise on the
neural network modeling technique and the varialiteted above. In the next step,
stochastic noise will be added to the experimemttf@® neural-network portion of the
experiment to evaluate the performance in an a meaklife simulation environment. It is
worth noting that the regression modeling techniglilmved the search algorithm to find the
optimal region quickly. However, it did not posseke detail necessary to model complex

problems.
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4 Stochastic Experimental Procedure

From Chapter 3, the neural network modeling teammieyas shown to be more effective for
local modeling at least for these sets of problenEhe previous experiments utilized

deterministic problems which are not equivalentimst stochastic simulations. Therefore the
next step is to determine the effect noise hashemtural network modeling technique as

seen in stochastic simulation models.
4.1 Goal

The second experiment will determine three objestiv The first objective is to verify the
results found in Section 4. Additional information the optimal solution was needed to be
able to determine the optimal settings for the rmetaleling and search technique based on
additional judgment criteria as mentioned in Chate These factors are the true solution
values gathered from the true evaluation functtbe, number of simulations utilized when
the optimal solution for that search replicatioridsnd, the number of times the meta-model
is utilized for that same search replication, ahd values for the predictive variables.
Experimenting with these parameters will allow isChapter 4 to verify the conclusions

reached in the first set of experiments.
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The second experimental object is to expand thebeurmof objective functions from two
to three. The experiment in this chapter will ud® the two evaluation functions from the
first experiment (Schwefel's function and Brown’snast linear function) as well as the

addition of the Corana function which is describbeéigure 4.1 and Figure 4.2.

Corana Function

1+ Zf-ic|[rg_1'2r forxE =Y,
fix) = y ) _
1+¢Ej.|_t-]{:.'_1:l‘, fDI'NE'f,
where

Es, & F, PRS0,
Iy = ﬂ, ifk!:':lr]fﬂrle,...,d.
kﬁ]_tz, ifk,}ﬂ',

Figure 4.1: Corana Function Equation
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Figure 4.2: Corana Function Plot — n=2
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The main experimental objective is to determine éffect that noise posses on the
efficiency and effectiveness of the meta-modelieghhique and the genetic algorithm
searching technique. Adding noise has been fooite tan adequate and effective method of
impersonating the stochastic nature of a true sittafl optimization problem [Humphrey

and Wilson, 2000].

4.2 Experimental Setup

The experimental setup for the second experimenjuite similar to that of the first
experiment which was done intentionally to allow tbe direct comparison of the noise
settings to those not containing noise and allowfigation of the results concluded from the
initial experiment. However, this experiment imited to the neural network meta-
modeling technique only since the stepwise regmassneta-modeling technique was
determined to be ineffective at least on this defpmblems. Further discussion and
explanation of this is done in the previous chapter

To mimic the behavior of outputs generated by ahststic simulation model, an additive
white-noise error term is added to each of the wstmgenerated from the deterministic
function where the error term is randomly sampledifa normal distribution with a mean of
zero and standard deviatiow) (that is systematically varied to examine the affef
increasing levels of noise variability has on tip#iraization technique.

FstochastiéX) = FpeterminisidX) + Normal0, o)
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The noise component is added during the evaluatidhe true evaluation function. In
the true evaluation function, the function is eadd fifteen times with the addition of a
normally distributed random number with a mean @fozand a chosen standard deviation.
The average of these fifteen evaluations is thkantas the value of the stochastic model.
This is very similar to the method in which simudat optimization is conducted when a
meta-modeling technique is not employed. The stahdeviations are chosen based on a
percentage of the optimal solution. The evaluatimttions that are used in this experiment,
Corana, Brown’s and Schwefel’s, are all programmoeidave an optimal solution of negative
one where the true optimal value of these functiengero, however since the standard
deviation is based on a percentage of the optirakley zero would not have yielded any
noise. The optimal value of negative one was amdsecoincide with that chosen by

Humphrey and Wilson [2000].

4.3 Experimental Parameters

To test the GA’s ability to be used as a simulatigotimization technique and the
effectiveness of utilizing a meta-model to increise efficiency of the search owing to a
decrease in the number of simulations that haveetoun, a five parameter full factorial
experiment will be conducted to determine the demiyi of the number of decision

variables, size of the data set needed to firsidhbine meta-model, maximum number of

generations to run the GA, and the number of tithasthe true evaluation is used versus the
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meta-model, whether or not retrain the network twedamount of noise in the system. Many
of the parameters are the same as the previousimgpe: NumVar, NumTrain, TermOpts

, Retrain andTrueEval(evalOpts). The new one variable is tiNoise parameter.

Noise-Level of noise added to the true evaluation fumctioThe addition of the noise
parameter allows us to mimic a true stochastic Etimn optimization problem. The noise
associated with a simulation is best mimicked usingormally distributed random number
with a mean of zero and a variance representativilaeo variance in the simulation. To
mimic the procedure of a simulation optimizatiorolgem an average is taken which
minimizes the variance from mean of the true vatuéhat produced by the simulation. In
this experiment, fifteen replications are perfornoedthe true function with the addition of
the noise and the average is then taken as the Viaai the genetic algorithm uses as its
evaluation parameter. The parameter value pass#tetGA is the value of the standard
deviation. The standard deviation of zero is usederify the results of the first experiment
(i.e., represent the discrete experiment from Girap). Table 4.1 shows the parameter
levels and their values that will are used in thev@xperiment.

Table 4.1: Parameter Levels

Parameter Levels
NumVar 2 10 20
NumTrain 200 500 1000
TermOpts 100 300 600
TrueEval 0 0.10 0.25 0.50 1.00
Retrain 0-No 1-Yes
Noise Level 0 0.5 0.75 1




4.4 Experimental Design

The experiment is a five factor full factorial dgsj meaning that all combinations of the
parameters are distinct. This allows for a cleadasstanding of the effect that the
parameters have on the final solution without baingfounded with other variables. The
five factor full factorial design is repeated ohthlee variable number settings and the three
evaluation functions that are being studied. A trepresentation of the experimental design

assists to clarify the experimental structure, Fegli3.
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Figure 4.3: Experimental Design Structure

Experiment two is designed and modified from lesstirat were learned from experiment

one. These lessons include that the experimemisriieestore more data. Initially, in the first

experiment, only the value for the best point waptkon what generation of the genetic

algorithm it was found, the number of true evalmgi needed, and the number of meta-

model evaluations that were done. These, beingtineber of meta-model and number of

true evaluations are the total number of evaluatitor the run. In this experiment the
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number of meta-model and true evaluations on wttiehbest value found is kept and stored
in the data set. In addition, the values for tleeision variables, thex’s’, are also kept.

Using these actual decision variables the trueevadound by evaluating the true evaluation
function which allows for an easy calculation oé tifference between the real function and

the meta-model which allows a quick representatifaine accuracy of the meta-model.

4.6 Results

The analysis will be split up by the three diffar&imctions (Schwefel, Brown, and Corana)
which is extremely different from the results ofg@pker 3. The primary output studied is the
output value of the true function using the pradittvariables found by the genetic
algorithm during optimization search. The inclus@f noise in the experiment is designed
to test the ability of the neural-network and genetigorithm to ignore the noise thus

providing the search algorithm a suitable altexato the true value.

4.6.1 Schwefel Function

Table 4.2: Schwefel Significance Values

Noise Levels
2 Variables DF 0 0.5 0.75 1
termOps 2 0.0841 0.0151 0.6615 0.7904
numTrain 2 0.0000 0.0000 0.0000 0.0000
termOps*numTrain 4 0.8522 0.1890 0.7372 0.5162
pctTrueEval 4 0.0000 0.0000 0.0000 0.0000
termOps*pctTrueEval 8 0.2537 0.6611 0.6819 0.6489
numTrain*pctTrueEval 8 0.0000 0.0000 0.0000 0.0000
termOps*numTrain*pctTrueEval 16 0.8958 0.3518 0.1863 0.0130
retrain 1 0.0000 0.0000 0.0000 0.0000
termOps*retrain 2 0.0838 0.0148 0.6690 0.9198
numTrain*retrain 2 0.0000 0.0000 0.0000 0.0000
termOps*numTrain*retrain 4 0.8516 0.1911 0.7382 0.6151
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Table 4.2: Continued

pctTrueEval*retrain 4 0.0000 0.0000 0.0000 0.0000
termOps*pctTrueEval*retrain 8 0.2524 0.6595 0.6776 0.6891
numTrain*pctTrueEval*retrain 8 0.0000 0.0000 0.0000 0.0000
termOps*numTrain*pctTrueEval*retrain 16 0.8957 0.3479 0.1903 0.0066
10 Variables
termOps 2 0.3181 0.1970 0.9848 0.3392
numTrain 2 0.0000 0.0000 0.0000 0.0000
termOps*numTrain 4 0.9182 0.9528 0.8861 0.1302
pctTrueEval 4 0.0000 0.0000 0.0000 0.0000
termOps*pctTrueEval 8 0.3111 0.3416 0.7488 0.2769
numTrain*pctTrueEval 8 0.0000 0.0000 0.0000 0.0000
termOps*numTrain*pctTrueEval 16 0.3604 0.5983 0.9994 0.7096
retrain 1 0.0010 0.0000 0.0001 0.0004
termOps*retrain 2 0.3900 0.4584 0.8540 0.9059
numTrain*retrain 2 0.0000 0.0000 0.0000 0.0000
termOps*numTrain*retrain 4 0.8664 0.9638 0.9895 0.6811
pctTrueEval*retrain 4 0.0303 0.0011 0.0770 0.2518
termOps*pctTrueEval*retrain 8 0.2706 0.8389 0.8266 0.5542
numTrain*pctTrueEval*retrain 8 0.0000 0.0000 0.0000 0.0000
termOps*numTrain*pctTrueEval*retrain 16 0.2391 0.9896 0.7607 0.9719
20 Variables
termOps 2 0.9004 0.2847 0.6964 0.7969
numTrain 2 0.0000 0.0000 0.0000 0.0000
termOps*numTrain 4 0.8804 0.7262 0.9714 0.9030
pctTrueEval 4 0.0000 0.0000 0.0000 0.0000
termOps*pctTrueEval 8 0.8027 0.1415 0.7321 0.7669
numTrain*pctTrueEval 8 0.0002 0.0034 0.0000 0.0008
termOps*numTrain*pctTrueEval 16 0.9574 0.0611 0.9935 0.9995
retrain 1 0.0168 0.0019 0.0000 0.0175
termOps*retrain 2 0.6995 0.2951 0.8336 0.5963
numTrain*retrain 2 0.7729 0.4427 0.0118 0.6881
termOps*numTrain*retrain 4 0.8504 0.8224 0.6277 0.9443
pctTrueEval*retrain 4 0.5446 0.1454 0.0576 0.0356
termOps*pctTrueEval*retrain 8 0.9257 0.4054 0.9959 0.7916
numTrain*pctTrueEval*retrain 8 0.0036 0.3285 0.0001 0.0066
termOps*numTrain*pctTrueEval*retrain 16 0.9909 0.8361 0.9811 0.9997

Table 4.2 shows that there is not a significarfiedénce in the importance of the parameters
with an increase in noise levels for the Schwafiecfion. An ANOVA on the noise levels
against the best solution backs up this concluioll three functions: e Schwefel , Brown

and Corana. As seen in Figure 4.4: ANOVA Noicsgdl; none of the noise levels exhibit a
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p-value that is below the 0.05 threshold necestsabe considered significant except for the
10 variable Corana setting. Theident —test shows a difference between the noise level in
Table 4.4. The non-linear nature of the signiftadifferences of the means suggests that this
is an anomaly and not attributed to the increasifgct of noise on the final solution. The
parameters highlighted in Table 4.2 are the santeaa® in Table 4.4 thereby allowing us to
draw the same conclusions and thus analyze thetig#aess of the modeling through three
vantage points: 1) accuracy of the model and 2¢&pe which the best solution was found
and 3) the amount of times the real function ifa¢d. This experiment was only designed

to track the first two.
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Table 4.3: Corana 10 variable Student T means anadys

Level - Level Difference Lower CL Upper CL p-Value

0 0.5 892235.9 479266 1305206 <.0001
0.75 0.5 610335.0 196439 1024231 0.0039
0 1 582594.3 77139 1088049 0.0239
1 0.5 309641.6 -195907 815191 0.2299
0.75 1 300693.4 -205518 806905 0.2442
0 0.75 281900.9 -131880 695682 0.1817

Table 4.4: Mean Comparison

Level Mean

0 A -3104779
0.75 A |B -3386680
1 B |C [-3687373
0.5 C |-3997015

Levels not connected by same letter are significantly different.

4.6.2 Model Accuracy

The performance of a meta-modeling technique isghigrbased on its ability to model the

true problem accurately, or well enough to find fudution region. A correlation analysis

between the actual value and the estimated valsensnarized in Table 4.5 below in terms
of the R-squared values. If the neural-networkemgerfect and predicted the exact value
every time then the R-squared value would be oftee low values in Table 4.5 show that
the correlation is weak and thus that the neurabork is doing a poor job of modeling the

true function. This is reinforced by a distributi@nalysis in Table 4.6 showing the
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difference between the predicted and actual vahresacceptable for the two variable

function, but get exponentially greater as the noomplexity is introduced.

Table 4.5: R-squared Values of Estimate & Actual Grrelation

2 | 10 | 20
Schwefel
0.2441 | 0.3740 | 0.1309
Brown
0.0246 | 0.0029 [  0.0060
Corana
0.2076 | 0.3266 | 0.2076

Table 4.6: Schwefel Est v Actual differnece Quartiel analysis

Schwefel

2 10 20
100.00% maximum 19.20 0.34 0.50
99.50% 8.89 0.07 0.24
97.50% 0.00 0.00 0.00
90.00% 0.00 -0.21 -0.07
75.00% quartile -0.41 -0.75 -0.71
50.00% median -0.98 -1092.86 -2196.13
25.00% guartile -12.29 -1666.67 -2709.29
10.00% -89.39 -1798.17 -3173.10
2.50% -178.27 -2182.72 -4204.08
0.50% -228.94 -2858.91 -5143.48
0.00% minimum -315.64 -3372.99 -7605.51
Mean -24.19 -1000.90 -1843.26
Std Dev 48.08 759.17 1304.91
Std Err Mean 0.80 12.65 21.75
upper 95% Mean -22.62 -976.09 -1800.62
lower 95% Mean -25.76 -1025.70 -1885.90
N | 3600.00 3600.00 3600.00
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It is not necessary for the neural network to e &b model the function completely,
but rather provide a representative model of theraV structure of the problem. This will
allow the genetic algorithm to find the optimal imgwhere the best solutions lie and begin
searching within that area. The ability of thadtion to find the optimal values as shown in
guantile analysis in Table 4.6 demonstrates thatftimction is able to find the optimal
solution or very close to it 25% of the time. dtinteresting that this is the case since the
experimental design has the true function utilieedlusively for 20% of the data. One could
draw the conclusion that the good solutions aretdube experimental settings that contains

exclusive use of the true function. The subseqaralysis this is shown not to be the case.

Table 4.7: Best Solution Quantile Analysis - Schviel

Schwefel

2 10 20
100.00% maximum -0.30 -0.84 -1.49
99.50% -0.65 -1.03 -2.97
97.50% -0.79 -1.16 -5.41
90.00% -0.97 -1.92 -15.65
75.00% quartile -1.01 -9.60 -236.92
50.00% median -1.39 -916.05 -1990.93
25.00% quartile -4.16 -1042.51 -2194.56
10.00% -77.56 -1101.98 -2339.67
2.50% -152.52 -1277.43 -2552.57
0.50% -152.84 -1336.47 -2696.49
0.00% minimum -153.08 -1488.64 -2793.39
Mean -19.82 -686.69 -1539.55
Std Dev 36.55 460.85 926.60
Std Err Mean 0.61 7.68 15.44
upper 95% Mean -18.62 -671.63 -1509.28
lower 95% Mean -21.01 -701.75 -1569.83

N 3600 3600 3600
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Table 4.8: Best

Solution Quantile Analysis — Brow

Brown's
2 10 20
100.00% maximum 1.519189 -0.780828 -12.71154
99.50% 0.363626 -2.137987 -22.14636
97.50% -0.57081 -4.961792 -48.76714
90.00% -1.00045 -28.09074 -154.3678
75.00% quartile -335.049 -8.35E+38 -1.07E+81
50.00% median -139500 -1.52E+40 -2.5E+83
25.00% quartile -808682 -1.28E+41 -3.63E+84
10.00% -2033137 -1.55E+42 -2.57E+85
2.50% -3970010 -3.69E+42 -4.74E+85
0.50% -7939847 -3.69E+42 -5.82E+85
0.00% minimum -1.8E+07 -3.69E+42 -5.82E+85
Mean -637923 -4.06E+41 -6.31E+84
Std Dev 1232633 9.309E+41 1.247E+85
Std Err Mean 20546.73 1.551E+40 2.079E+83
upper 95% Mean -597639 -3.75E+41 -5.9E+84
lower 95% Mean -678208 -4.36E+41 -6.72E+84
N 3599 3600 3600
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Table 4.9: Best Solution Quantile Analysis - Coraa

Corana
2 10 20
100.00% maximum 0 0 -0.00046
99.50% 0 0 -1.00825
97.50% 0 -0.16275 -411.631
90.00% 0 -30.426 -4487.21
75.00% quartile -4257.18 -18907.2 -4541891
50.00% median -10447.7 -1867910 -1.4E+07
25.00% quartile -47687.2 -5114668 -2E+07
10.00% -104540 -8331208 -2.9E+07
2.50% -3379603 -1.8E+07 -4.1E+07
0.50% -3380628 -2.4E+07 -5.4E+07
0.00% minimum -2E+07 -3.9E+07 -7TE+07
Mean -157076 -3523698 -1.4E+07
Std Dev 802169.4 4475926 11496659
Std Err Mean 13375.07 79901.77 191957.9
upper 95% Mean -130853 -3367033 -1.4E+07
lower 95% Mean -183300 -3680363 -1.5E+07
N 3597 3138 3587

Thereby we are able to conclude that the neurakar&tdoes not do a good job of modeling
the data over a small solution space, but doesvdhe search algorithm to find the solution
area effectively. This ability is deterioratedths complexity of the function increases as
shown in Table 4.7, Table 4.8, and Table 4.9. dtsestic increase in problem complexity
was not mirrored by an increase in the modelingemrch parameters; such as population

size, neural network complexity, or genetic aldontgenerations.
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4.6.3 Number of Generations for Best Solution

How quickly the search algorithm is able to fine thest solution is critical in limiting the
number of times the true simulation is used; theducing the computation cost of the
optimization. The experimental set-up dictatestthtal number of times the simulation is
accessed based on the parameter settings andnaten in which the best solution will be
analyzed. An ANOVA is conducted on the individysrameters with respect to the
generation number that results in the best solutisrseen in Figure 4.5, Figure 4.6, and
Figure 4.7. It is obvious that the longer the skalgorithm is allowed to run, the better the
solution will be. The current experiment was net-gp to identify how much better the
solution was only how quickly it was found. Altlgiuthe size of the training population
does have an effect; the effect is not consistetwéden the different function complexities.
An increase in the training size may not be witthie 0.05% probability of being caused by
noise to be considered statistically significardykver, the mean generation number for the
best solution is consistently lower with the higlpepulation size. The same holds true for
the amount of time the true function is evaluatéds worth noting that the mean of the 50%
true evaluation average is higher than the othetshere is no statistical difference between
the 25% and 100% true function evaluations. Thiggssts that using the true evaluation
slightly will allow the search algorithm to quickfind the optimal solution space which may
be due to the simplification of the true evaluatfanction by the meta-model. The results

from the previous chapter show that using the tualuation function provides a better
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solution. A progressive increase in the amountiroé that the true evaluation function is
increased could take advantage of this fact. Thmineng parameter does help determine
how quickly the best solution is found. Retrainthg data allows the algorithm to find the
solution quicker for both the Schwefel and Brownlgems but not for the Corana problem

which is quite difficult.
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Figure 4.5: ANOVA for Parameters — Schwefel
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4.7 Experiment to test solution quality v the iterationof the solution

A simple experiment was conducted to determine obrabination of the meta-model and
the true evaluation function generates a bettertisnl in less true function evaluations. The
Schwefel and Corana functions were chosen basetherability of the meta-model to
approximate the function.

Table 4.10 Speed to Optimal Solution
Number of Simulations
Used When Best is

Best Solution Found Found
2 10 2 10
Level Mean Mean [Mean [Mean

Schwefel

0.25 -63.111 -99] 15492 116072

0.5 -44.762 -916.7 13071 96947

0.75 -79.71 -984.] 849¢ 86252

1 -55.298 -1024.8 13470 85854

Corana

0.2 -1246810 -3335034 28471 1151271

0.5 -42582¢ -322487 59713 172369;
0.75 -955324 -6778524 4665 120611(
I -122115% -9310869 26824 138010;

W U = W

Table 4.10 shows that using the meta-model a poxiothe time allows for us to find a

solution as good if not better in a substantiatigrser period of time.
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4.8 Conclusions

Noise poses no effect on the ability of the functitm find the best solution so the
conclusions reached in Chapter 3 hold true as wEtle additional information collected in
this experiment allows the determination of effestiess of the modeling technique and how
quickly the search algorithm is able to find thethsolution. As pointed out in Section 4.6.2,
the neural-network does not provide an accurateetimggltechnique but is able to fit well
enough for the search algorithm to find the optis@ltion area.

Retraining the model allows the search algorithriirid the optimal solution quicker.
Although the other parameters appear to be sigmficthe optimal setting across the
different function complexities is not consistenit was also found that if the search
algorithm is allowed to search longer, a betteutsmh will most likely be found. An
adjustment to future experiments will allow usrack the best solution of each generation.

The complexity of the model and effective time loé tsearch technique do not increase
in the same manner as the complexity of the funstibeing evaluated.  Therefore, the
parameter settings are not adequate to determee@ptimal solution. The effects of the
parameters tested are analyzed in this small ramgeare effective for the two and ten
variable problems. Their effects can be extrapdlaiut to the functions with the greater

complexity.
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5 Conclusions and Future Work

The research shows that although the neural netdmek not do a good job of modeling the
tested function exactly, it does model it with tienerality that allows the search algorithm
to find the region that holds the optimal or neptimal solution. Chapter 3 shows that the
parameters tested do not have an effect on thédotation but in Chapter 4 it was shown
that these factors do contribute to the speed irctwthat solution is found owing to the
noise. Retraining the meta-model periodically atdthe effectiveness since new points are
added as the search progresses. The effectivehtéss search algorithm can be enhanced by
increasing the complexity of the meta-model, therce population and the amount of time
the algorithm is allowed to operate in-line withetincrease in complexity of evaluation
functions.

The linear regression meta-modeling technique pesvia broad picture of the solution
landscape. The neural-network provided a bettl larea modeling technique with the true
function providing the best for pin-point evaluatioA progressive combination of the three
could provide the benefits of all of them. It mismibit the global search ability of the
algorithm. In this case, it would be necessaryeruce the possible solution space as the
search algorithm hones in on the optimal solutiosaa This coupled with a progressive
increase in the amount of time the true evaluafiomction is utilized can reduce the

computational cost of the optimization.
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Future work should include a combination of metadeimg techniques to leverage the
strengths of each while minimizing their weaknesdasrther research needs to be conducted
to identify when these meta-model techniques shobelddjusted to a progressively more
intense local modeling technique. It has beemtifled that the longer the algorithm is
allowed to run the better the solution it gets.rther research is needed to determine how
quickly the meta-modeling technique reaches a gmdation. This can act as the identifier
to being the new modeling method. It was also shalat utilizing the true value in
conjunction with the meta-model provides a solutmuicker and with true evaluations
needed. There is an inevitable computational esgenassociated with simulation
optimization. Can the optimization algorithm opizen the use of this expense by loading it
into the end of the search? A progressive incréashe percentage of time that the true
evaluation is utilized needs to be studied whereexgponential increase as opposed to a
proportionate one could potentially allow for thetimization algorithm to utilize the

strengths of the meta-modeling techniques.
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