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Chapterr  1 

Introductio n n 

"355/1133 — Not the famous irrational number n, 
butt an incredible simulation!" 

1.11 Rationale 

Simulationn is an everyday activity that is indispensable in society for the last 
decennia.. Simulation spans a spectrum of activities aimed to gain more insight 
inn the system under study. The system under study can be anything from the 
aerodynamicc properties of a new airplane under development, to the intrinsics 
off  protein folding into a complex, three-dimensional shape. Or the system un-
derr study is an organization or a community, for example a company that has 
too manage the stock logistics efficiently, or in health care where one study the 
variabilityy in the spread of HIV and hepatitis C in injecting drug users. 

Althoughh the research disciplines differ, the approach to the simulation 
studyy is similar. A model of an actual or theoretical physical system is de-
signed,, experiments with the model are executed, and the results of the exper-
imentt are analyzed. Models of a physical system come in all sorts: the most 
exactt model is the physical system itself, a scaled model in size or dimension of 
thee physical system, an analog (physical) model, or an abstract model written 
inn a formal notation (e.g., mathematical formulas or a formal logic language). 
Thee type of model, or level of abstraction from the physical system, also deter-
miness the method of executing experiments with the model. For example, the 
tidall  movement of the sea in the Schelde delta in the Netherlands are exten-
sivelyy studied and simulated. A scaled model of the Schelde delta is designed 
byy the Waterloopkundig Laboratorium. The scaled Schelde basin has / x w x h 
dimensionss of 30x22.5 x 1.2 meter. The Schelde basin includes a wave generator 
thatt creates waves with different characteristics, and allows to study the influ-
encee of three-dimensional wave attack on structures. Instead of a scaled model 
off  the Schelde delta, an abstract model using partial differential equations can 
bee constructed. In general, abstract models composed of mathematical equa-
tionss or formal logic notation are realized in computer programs, also called 
computerr simulations, such that the experiments with the abstract model can 
bee executed on computers. This is called the computer experiment. The com-
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puterr experiment is more flexible than experiments with the (scaled) physical 
system,, allows exact control over the experimental conditions, and is in gen-
erall  more cost effective. In case of theoretical physical systems, the real-world 
systemm is not at hand for experimentation, and computer experiments are the 
onlyy alternative. However, validation of the abstract model is of greatest impor-
tance:: does our computer experiment describe the behavior of the real-world or 
theoreticall  physical system? In a paper by Stevenson (1999), a critical look is 
presentedd at quality in large-scale simulations. 

Thiss thesis is about computer simulation, and in particular about meth-
odss for parallel or distributed computer simulation. The increasing complex-
it yy of the real-world and theoretical systems under study, requires enormous 
amountss of time on the fastest available sequential computers. The challenge 
too reduce the so-called turnaround time of the computer simulation—that is 
thee time required to complete the computer experiment—is approached by ex-
ploitingg the parallelism that is inherent to the system, and is made available 
inn the abstract model of the system. Exploiting the parallelism in the simu-
lationn model requires an integrated hardware-software approach. The paral-
lell  hardware architecture consisting of processing nodes interconnected by a 
communicationn network, and the parallel software that orchestrates the con-
currentt activities. Parallel hardware architectures are briefly discussed in this 
chapter.. Software methods for parallel and distributed simulation are the main 
contributionn of this thesis. 

Inn the following sections of this introductory chapter, we present the ba-
sicc issues in modeling and simulation. In particular a specific class of mod-
elss is discussed, namely discrete event systems, which find more and more 
applicationn in science and engineering. The parallelization of discrete event 
simulationss is a non-trivial task. Many problems appearing in parallel and 
distributedd computing are present in parallel discrete event simulation, e.g., 
non-deterministicc program execution (although the behavior is deterministic), 
t imestampp ordering and process synchronization, and distributed coordination. 
Apartt from the simulation specific problems, the non-simulation specific op-
portunitiess and pitfalls of parallel computing are lurking, for example, data 
decomposition,, load mapping and balancing, etc. These opportunities and pit-
fallss in parallel discrete event simulation are presented in the remainder of the 
thesis. . 

Afterr the presentation of the basic issues in modeling and simulation—see 
Bankss et al. (1999) or Zeigler et al. (2000) for a more in-depth presentation—a 
shortt exposé is given about parallel computing. Different hardware architec-
turee design alternatives are presented, and different objectives for parallel and 
distributedd computing are discussed. For an extensive discussion of parallel 
computerr architectures, see Hwang (1993). In addition to the parallel comput-
ingg objectives, so-called resource management strategies, i.e., the allocation of 
computerss and network interconnections, have to be considered. 
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1.22 Modeling and Simulation 

1.2.11 Systems and System Environment 

Too model a system, it is necessary to understand the concept of a system and 
thee system constraints. We define a system as a group of objects that are joined 
togetherr in some interaction or interdependence toward the accomplishment of 
somee purpose. An example is a production system manufacturing automobiles. 
Thee machines, component parts, and workers operate jointly along an assembly 
linee to produce a high-quality vehicle. 

AA system is often affected by changes occurring outside the system. Such 
changess are said to occur in the system environment. Depending on the purpose 
off  the simulation study, or the experimental framework, one must decide on the 
boundaryy between the modeled system and its environment. 

1.2.22 Components of a System 

Inn order to understand and analyze a system, a number of terms are denned. 
Ann entity is an object of interest in the system. An attribute is a property of 
ann entity. An activity represents a time period of specified length. If a bank 
iss being studied, customers might be one of the entities, the balance in their 
checkingg accounts might be an attribute, and making deposits might be an 
activity. . 

Wee define the state of a system to be that collection of variables necessary to 
describee a system at a particular time, relative to the objectives of a study. In 
aa study of a bank, examples of possible state variables are the number of busy 
tellers,, the number of customers in the bank, and the time of arrival of each 
customerr in the bank. 

Wee categorize systems to be one of two types, discrete or continuous. A 
discretediscrete system is one for which the state variables change instantaneously at 
separatedd points in time. A bank is an example of a discrete system, since 
statee variables—e.g., the number of customers in the bank—change only when 
aa customer arrives or when a customer finishes being served and departs. A 
continuouscontinuous system is one for which the state variables change continuously with 
respectt to time. An airplane moving through the air is an example of a contin-
uouss system, since state variables such as position and velocity can change 
continuouslyy with respect to time. Few systems in practice are completely dis-
cretee or completely continuous, but since one type of change predominates for 
mostt systems, it wil l usually be possible to classify a system as being either 
discretee or continuous. 

Withh respect to discrete systems, we define an event as an instantaneous 
occurrencee that may change the state of the system. The term endogenous is 
usedd to describe activities and events occurring within a system, and the term 
exogenousexogenous is used to describe activities and events in the environment that 
affectt the system. 
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1.2.33 Model of a System 

AA  model is defined as a representation of a system for the purpose of studying 
thee system. In practice, what is meant by "the system" depends on the objec-
tivess of a particular study. For most studies, it is not necessary to consider all 
thee details of a system; thus, a model is not only a substitute for a system, it 
i ss also a simplification of the system. On the other hand, the model should 
bee sufficiently detailed to permit valid conclusions to be drawn about the real 
system. . 

Differentt models of the same system may be required as the purpose of 
investigationn changes. For example, if one wants to study a bank to determine 
thee number of tellers needed to provide adequate service for customers who just 
wantt to cash a check or make a savings deposit, the model can be defined to 
bee that portion of the bank consisting of the tellers and the customers waiting 
inn line or being served. If, on the other hand, the loan officer and the safety 
depositt boxes are to be included, the definition of the model must be expanded 
inn an obvious way. 

Justt as the components of a system were entities, attributes, and activities, 
modelss are represented similarly. However, the model contains only those com-
ponentss that are considered to be relevant to the study. Important qualities of 
aa model of a system are realizability and predictability (Misra 1986). Realiz-
abilityy defines that the state of the model at a certain simulation time t is a 
functionn of its initial state and the changes on the state up to and including 
tt.. I t says merely that a model cannot guess any future changes to the state of 
thee system. Predictability guarantees that the system is "well defined" in the 
sensee that the output of the model up to any time t can be computed given the 
initiall  state of the system. 

1.2.44 Experimentat ion and Simulat ion 

Att some point in the lives of most systems, there is a need to study them to try 
too gain some insight into the relationships among various components, or to 
predictt performance under some new conditions being considered. Figure 1.1 
mapss out different ways in which a system might be studied. 

Whilee there may be an element of t ruth in the famous advice of Bratley, Fox, 
andd Schrage (1987)*  that describes simulation as a "method of last resort," the 
factt is that we are very quickly led to simulation in many situations, due to 
thee sheer complexity of the systems of interest and of the models necessary to 
representt them in a valid way. 

Given,, then, that we have an abstract model to be studied by means of 
simulationn (henceforth referred to as a simulation model), we must then look 
forr particular tools to execute this model (i.e., actual simulation). It is useful 
forr this purpose to classify simulation models along three different dimensions: 

*"Thee best advice to those about to embark on a very large simulation is often the same as 
Punch'ss famous advice to those about to marry: Don't!" 
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Experiment t 
withh the 

actuall system 

Experiment t 
withh a model 
off the system 

Physical l 
model l 

Analytical l 
solution n 

Abstract t 
model l 

Simulation n 

Figuree 1.1: Taxonomy of methods to study a system. 

Staticc vs. Dynamic Simulation Models A static simulation model is a rep-
resentationn of a system at a particular time, or one that may be used to rep-
resentt a system in which time simply plays no role; examples of static simula-
tionss are Monte Carlo models. On the other hand, a dynamic simulation model 
representss a system as it evolves over time, such as a conveyor system in a 
factory. . 

Determinist i cc vs. Stochastic Simulation Models If a simulation model 
doess not contain any probabilistic (i.e., random) components, it is called de-
terministic;; a complicated (and analytically intractable) system of differential 
equationss describing a fluid flow might be such a model. In deterministic 
models,, the output is "determined" once the set of input quantities and rela-
tionshipss in the model have been specified, even though it might take a lot of 
computerr time to evaluate what it is. Many systems, however, must be mod-
eledd as having at least some random input components, and these give rise to 
stochasticc simulation models. Most queueing and inventory systems are mod-
eledd stochastically. Stochastic simulation models produce output that is itself 
random,, and must therefore be treated as only an estimate of the true charac-
teristicss of the model; this is one of the main disadvantages of such simulation. 

Continuouss vs. Discrete Simulation Models Loosely speaking, we define 
discretee and continuous simulation models analogously to the way discrete and 
continuouss systems were defined in Section 1.2.2. It should be mentioned that 
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aa discrete model is not always used to model a discrete system and vice versa. 
Thee decision whether to use a discrete or a continuous model for a particular 
systemm depends on the specific objectives of the study. For example, a model of 
trafficc flow on a freeway would be discrete if the characteristics and movement 
off  individual cars are important. Alternatively, if the cars can be treated "in 
thee aggregate," the flow of traffic can be described by differential equations in 
aa continuous model. 

1.2.55 A Closer Look at System Models 

Althoughh many attempts have been made throughout the years to categorize 
systemss and models, no consensus has been arrived at. However, it is conve-
nientt to make the following distinction between the different models: 

i — | — I — j — ; — j — i — j — i — i i 

100 20 30 40 J 

(a)) Trajectory of a continuous-time model. (b) Trajectory of a discrete-time model. 

[L L 

100 20 30 40 J 

(c)) Trajectory of a discrete event model. 

Figuree 1.2: Trajectory of the state vector for continuous-time, discrete-time, 
andd discrete event models. 

Continuous-Timee Models Here the state of a system changes continuously 
overr time (see Fig. 1.2(a)). These types of models are usually represented by 
setss of differential equations. A further subdivision would be: 

Q) ) 

CO O 

0) ) 

10 0 20 0 30 0 40 0 

B B 
5 5 
"GO O 



1.21.2 Modeling and Simulation 7 7 

 lumped parameter models expressed in ordinary differential equations 
(ODE's):: e.g., x — f(x, u, t), where x = dx/dt is the time derivative of the 
systems'' state x. 

 distributed parameter models expressed in partial differential equations 
(PDE's):: e.g., du/dt = o  ^ . 

Discrete-Timee Models With discrete-time models, the time axis is dis-
cretizedd (see Fig. 1.2(b)). The system state changes are commonly represented 
byy difference equations. These types of models are typical to engineering sys-
temss and computer-controlled systems. They can also arise from discrete ver-
sionss of continuous-time models. Example: x = f{x,u,t) to f(xk,uk,tk) = 
xk+\xk+\ — Xk/At or xic+i = Xk + At  f(xk, Uk, tk). The time-step used in the discrete-
timee model is constant. 

Discretee Event Models In discrete event models, the state is discretized and 
"jumps""  in time (see Fig. 1.2(b)). Events can happen any time but only every 
noww and then at (stochastic) time intervals. Typical examples come from "event 
tracing""  experiments, queueing models, operations research, image restora-
tion,, combat simulation, etc. 

1.2.66 Model Execution: Time-Driven versus Event-Driven 
Wee have seen that in continuous systems the state variables change contin-
uouslyy with respect to time, whereas in discrete systems the state variables 
changee instantaneously at separate points in time. Unfortunately for the com-
putationall  experimenter there are but a few systems that are either completely 
discretee or completely continuous, although often one type dominates the other 
inn such hybrid systems. The challenge here is to find a computational model 
thatt mimics closely the behavior of the system, specifically the simulation time-
advancee approach is critical. 

Iff  we take a closer look into the dynamic nature of simulation models— 
keepingg track of the simulation time as the simulation proceeds—we can dis-
tinguishh between two time-advance approaches: time-driven and event-driven. 

Time-Drivenn Simulat ion 

Continuouss systems described by, for example, partial differential equations 
mustt be discretized in time and space to be solved on a computer. The execu-
tionn mechanism for continuous systems is time-driven simulation, where the 
simulationn time advances with a fixed increment. With this approach the sim-
ulationn clock is advanced in increments of exactly At time units. Then after 
eachh update of the clock, the state variables are updated for the time interval 
[t,[t,  t + At]. This is the most widely known approach in simulation of natural 
systems.. Less widely used is the time-driven paradigm applied to discrete sys-
tems.. In this case we have specifically to consider whether: 
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 the time step At is small enough to capture every event in the discrete 
system.. This might imply that we need to make At arbitrarily small, 
whichh is certainly not acceptable with respect to the computational times 
involved. . 

 the precision required can be obtained more efficiently through the event-
drivenn execution mechanism. This primarily means that we have to trade 
efficiencyy for precision. 

Event-Drivenn Simulat ion 

I nn event-driven simulation, also called discrete event simulation, on the other 
hand,, we have the next-event time advance approach. Here (in case of discrete 
systems)) we have the following phases: 

1.. The simulation clock is initialized to zero and the times of occurrence of 
futuree events are determined. 

2.. The simulation clock is advanced to the time of the occurrence of the most 
imminentt (i.e., first) of the future events. 

3.. The state of the system is updated to account for the fact that an event 
hass occurred. 

4.. Knowledge of the times of occurrence of future events is updated and the 
firstt step is repeated. 

Thee most important advantage of this approach is that periods of inactivity 
cann be skipped over by jumping the clock from event time to the next event 
time.time. This is perfectly safe since—per definition—all state changes only occur 
att event times. Therefore causality is guaranteed. 

1.2.77 World Views in Discrete Event Simulation 
Al ll  discrete event simulations contain an executive routine for the manage-
mentt of the event calendar and simulation clock, i.e., the sequencing of events 
andd driving of the simulation. This executive routine fetches the next sched-
uledd event, advances the simulation clock and transfers control to the appro-
priatee routine. The operation routines depend on the world view, and may be 
events,, activities, or processes (Hooper 1986). 

Eventt  Schedul ing In event scheduling each type of event has a correspond-
ingg event routine. The executive routine processes a time ordered calendar of 
eventt notices to select an event for execution. Event notices consist of a time 
stampp and a reference to an event routine. Event execution can schedule new 
eventss by creating an event notice and place it at the appropriate position in 
thee calendar. The clock is always updated to the time of the next event, the one 
att the top of the calendar. 
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Activit yy Scanning In the activity scanning approach a simulation contains 
aa list of activities, each of which is defined by two events: the start event and 
thee completion event. Each activity contains test conditions and actions. The 
executivee routine scans the activities for satisfied time and test conditions and 
executess the actions of the first selectable activity. When execution of an activ-
ityy completes, the scan begins again. 

Processs Interactio n The process interaction world view focuses on the flow 
off  entities through a model. This strategy views systems as sets of concurrent, 
interactingg processes. The behavior of each class of entities during its lifetime 
iss described by a process class. Process classes can have multiple entries and 
exitss at which a process interacts with its environment. The executive rou-
tinee uses a calendar to keep track of forthcoming tasks. However, apart from 
recordingg activation time and process identity, the executive routine must also 
rememberr the state in which the process was last suspended. 

1.33 Parallel Computing 

1.3.11 Parallel Architectures 

Parallell  processing, the method of having many tasks solve one large problem, 
hass emerged as an enabling technology in modern computing. The past sev-
erall  years have witnessed an ever-increasing acceptance and adoption of par-
allell  processing, both for high-performance scientific computing and for more 
"general-purpose""  applications, as a result of the demand for higher perfor-
mance,, lower cost, and sustained productivity. The acceptance has been facil-
itatedd by two major developments: massively parallel processors (MPPs) and 
thee widespread use of cluster and distributed computing. 

Distr ibute dd versus Shared Memory 

Parallell  computers consists of three building blocks: processors, memory mod-
ules,, and an interconnection network. There has been a steady development 
off  the sophistication of each of these building blocks but i t is their arrange-
mentt that is the most important factor to differentiate one parallel computer 
fromm another. The processor used in current parallel computers are exactly the 
samee as processors used in single-processor systems. An exemplary illustra-
tionn of the use of custom processors in parallel computers is the ASCI initia-
tivee (Clark 1998). Within the ASCI project (the US Department of Energy's 
Acceleratedd Strategic Computing Initiative), a number of parallel computers 
aree designed and constructed that must scale the performance curve to achieve 
1000 Tflops (100  1012 floating point operations per second) by the year of 2004. 
Thee ASCI machines Red, Blue Pacific, Blue Mountain, and White use respec-
tivelyy the Pentium Pro, PowerPC, MIPS, and POWER3-II microprocessors. 
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Thee interconnection network connects the processors to each other, and 
sometimess to memory modules as well. The major distinction between the 
so-calledd distributed-memory and shared-memory variants of parallel com-
puterr architectures is whether each processor has its own local memory, or 
whetherr the interconnection network connects all processors to one shared 
globall  memory. These alternatives are called distributed-memory and shared-
memorymemory parallel architectures respectively, and are illustrated in Fig. 1.3. 

Figuree 1.3: Distributed-memory and shared-memory parallel architectures. 

Thee memory organization model in shared-memory parallel computers is 
categorizedd in uniform memory access (UMA) and nonuniform-memory-access 
(NUMA) .. In a UMA parallel computer, the physical memory is uniformly 
sharedd by all the processors. Al l processors have equal access time to all mem-
oryy words, which is why it is called uniform memory access. A NUMA parallel 
computerr is a shared-memory system in which the access time varies with the 
locationn of the memory word. The shared memory is physically distributed to 
alll  processors, called local memories. The collection of local memories forms a 
globall  address space accessible by all processors. 

AA distributed-memory parallel computer consists of multiple computers, of-
tenn called nodes, interconnected by a message-passing network. Each node is 
ann autonomous computer consisting of a processor, local memory, and some-
timess attached disks or I/O peripherals. All local memories are private and are 
accessiblee only by local processors. However, this restriction can be alleviated 
byy providing distributed shared memories. Internode communication is carried 
outt by passing messages through the interconnection network. 

Shared-memoryy systems offer the advantage of much easier programming. 
Buildingg massively parallel shared-memory systems that also scale is ex-
tremelyy difficult however. Therefore most successful MPP architectures are 
distributed-memoryy systems. 

MP PP versus Cluster  Computing 

MassivelyMassively parallel processors (MPPs) are now the most powerful computers in 
thee world. These machines combine a few hundred to a few thousand CPUs 
inn a single large cabinet connected to hundreds of gigabytes, or even terabytes 
off  memory (Clark 1998). MPPs offer enormous computational power and are 
usedd to solve computational "grand challenge" problems such as global climate 
modeling,, nuclear tests simulation, and drug design (Larzelere II 1998; Clark 
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2000).. As simulations become more realistic, the computational power required 
too produce them grows rapidly. Thus, researchers on the cutting edge turn to 
MPPss and parallel processing in order to get the most computational power 
possible. . 

Thee second major development affecting scientific problem solving is dis-
tributedtributed computing. Distributed computing is a process whereby a set of com-
puterss connected by a network are used collectively to solve a single large 
problem.. As more and more organizations have high-speed local area net-
workss interconnecting many general-purpose workstations, the combined com-
putationall  resources may exceed the power of a single high-performance com-
puter.. In some cases, several MPPs have been combined using distributed 
computingg to produce unequaled computational power. The introduction of 
fasterr interconnection networks, such as Gigabit Ethernet, HIPPI, Myrinet, 
orr SONET/ATM high-speed networks, has resulted into so-called cluster com-
puting.. Here the distinction between MPPs and distributed computing almost 
disappearss for the users. 

Thee most important factor in the take up of day to day distributed com-
putingg is cost. Large MPPs typically cost more than $10 million. In contrast, 
userss see very littl e cost in running their problems on a local set of existing 
computers.. It is uncommon for distributed-computing users to realize the raw 
computationall  power of a large MPP, but they are able to solve problems sev-
erall  times larger than they could using one of their local computers. 

1.3.22 Resource Management: Scheduling and Load Bal-
ancing g 

Essentiall  to parallel computing is the efficient use of the resources, i.e., the 
componentss that make up the parallel computer such as the processors, the 
interconnectionn network, and the I/O subsystem. The allotment of resources to 
(parallel)) applications is called resource management. Resource management 
cann be directed by different strategies or objectives, such as resource utiliza-
tion,, fast turnaround times, and fair use of resources. There is a vast amount 
off  l iterature on resource management, and some starting points can be found 
inn Nagel and Williams (1998) and Blazewicz et al. (2000). In this section we 
wil ll  discuss two important resource management strategies in parallel and dis-
tributedd computing, namely high performance and high throughput computing. 

Inn the following discussion on scheduling and load balancing, we wil l use 
thee terms job, process, and task to make a hierarchical distinction between the 
componentss of a sequential or parallel program. A job is the execution of a 
sequentiall  or parallel program, and can be composed of one or more processes. 
AA process, or task, is a logical processor executing sequential instructions and 
hass its own state and data. 
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Hig hh Performance versus High Throughput Computing 

Thee difference between high performance computing (HPC) and high through-
putt computing (HTC) is best illustrated by two typical (simulation) applica-
tionss requiring vast amounts of computing resources (processing time), and 
aree therefore executed on a parallel or distributed computer: 

 Iteratively improve or optimize a parameter estimate in a loop of sim-
ulationn runs, requiring the simulation turnaround time to be as fast as 
possible. . 

 Statistical parameter study requiring a whole series of simulation runs 
withh identical input parameters or small changes in the parameters. 

Thee first simulation type is a high performance computing application, 
wheree the resource management allocates resources to the application in order 
too minimize the turnaround time. As a consequence, resources might not be 
full yy utilized throughout the simulation execution run. For the second sim-
ulationn type, the resource management follows a different strategy. In the 
statisticall  parameter study, hundreds to thousands of independent simulation 
runss are necessary in order to collect sufficient data for statistical analysis. 
Thesee simulation runs can be sequential or parallel execution runs, but the 
mainn resource management concern is to dispatch as much simulation runs 
perr time unit as possible. Not the individual turnaround times of the simula-
tionn runs are important, but the number of completed jobs per time unit, thus 
fallingg into the high throughput computing category. 

Schedul ingg and Load Balancing 

Onee of the biggest issues in resource management is the development of ef-
fectivee techniques for the distribution of processes of a sequential or parallel 
programm on multiple processors. The problem is how to distribute, or schedule, 
thee processes among processing elements to achieve some performance goals, 
ass discussed in the previous section. 

Processs scheduling methods are typically classified into several subcate-
gories.. Local scheduling performed by the operating system of a processor con-
sistss of the assignment of processes to the time-slices of the processor. Global 
scheduling,, on the other hand, is the process of deciding where to execute a pro-
cesss in a parallel or distributed computer. In this discussion, global scheduling 
methodss are classified into two major groups: static scheduling and dynamic 
schedulingg (often referred to as dynamic load balancing). 

I nn scheduling, the assignment of tasks to processors is done before task 
executionn begins. Information regarding task execution times and processing 
resourcess is assumed to be known at execution time. A task is always exe-
cutedd on the processor to which it is assigned. Typically, the goal of scheduling 
methodss is to minimize to overall execution time of a concurrent program while 
minimizingg the communication delays. 
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Dynamicc load balancing is based on the redistribution of processes among 
thee processors during execution time. This redistribution is performed by 
transferringg processes from the heavily loaded processors to the lightly loaded 
processorss (called load balancing) with the aim of improving the performance 
off  the application. 

1.44 Problems and Challenges 

Inn scientific computing, much attention has been paid to continuous-time sim-
ulationn and Monte Carlo simulation, while discrete event simulation was tra-
ditionallyy applied in the fields of computer science, operations research and 
managementt science. In recent years, there is an increasing interest in the ap-
plicationn of discrete event simulation to solve problems from natural sciences. 
Inn particular, problems with heterogeneous spatial and temporal behavior are, 
inn general, most exactly mapped to asynchronous models. The interest in dis-
cretee event simulation now is motivated by the ability of this protocol to capture 
thee asynchronous behavior that is a qualifying characteristic of these models. 
Alsoo with the development of new paradigms and methodologies to solve scien-
tifi cc problems, discrete event simulation becomes an effective execution model 
forr this class of problems. 

Althoughh event-driven simulation is considered an expensive execution 
model,, in contrast to time-driven execution model used in continuous-time 
simulation,, i t is an efficient execution model for the class of asynchronous prob-
lems.. Besides the aspect of asynchrony, a general tendency is the construction 
off  more realistic models resulting in more complex and larger simulations, 
whichh require vast amounts of execution time. One fundamental method to re-
ducee the execution time of large discrete event simulations is the exploitation 
off  parallelism inherent in this class of simulations (Berry and Jefferson 1985; 
Livnyy 1985). 

Anotherr application area that revitalized the interest in parallel and dis-
tributedd simulation in recent years, are virtual environments into which hu-
manss or devices are embedded. A multiple user virtual environment simula-
tionn widely used by the military today is for example battlefield training ex-
ercises.. A variation on this theme is to embed into the virtual environment 
actuall  physical components, possibly in addition to human participants. This 
iss often used to test the component, for example, to test the operability of the 
firefire department in case of a large blaze near an oil refinery. The the U.S. De-
partmentt of Defense developed a standardized framework called High Level 
Architecturee (HLA) for this type of "mock-up" simulations (Defense Modeling 
andd Simulation Office 1999). From a technical standpoint, HLA is important 
becausee it provides a single architecture that spans both the parallel and dis-
tributedd simulations and virtual environments (Fujimoto 2000). 

Ourr primary interest is high performance computing in scientific simula-
tion,, thus reducing the turnaround times of large scientific simulations. Our 
effortt to reduce the turnaround times of large simulations is divided into two 
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strategies:: scheduling and load balancing. 
First,, we study the parallel scheduling of events with the Time Warp par-

allell  simulation method (Jefferson 1985). Most research in parallel and dis-
tr ibutedd discrete event simulation is focused on protocol design; and although 
theree are encouraging advances, none of the protocols devised thus far have 
beenn shown to perform efficiently under different conditions (resulting from, 
forr example, dynamic execution behavior and available resources). We have 
putt our research effort into parallel simulation methods in perspective of the 
projectedd use for large, data-intensive scientific simulations. This resulted in 
thee adaption and extension of the Time Warp method to provide efficient sup-
portt for this class of simulations. In general, the execution behavior of parallel 
discretee event simulation is extremely complex by its asynchronous, nondeter-
ministicc concurrent characteristics. As a detailed knowledge of the execution 
behaviorr of parallel simulation methods is essential for the successful applica-
tionn in parallel computing, an environment to study this execution behavior to 
extractt comprehensive information is designed. 

Second,, we study dynamic load balancing techniques for parallel simula-
tionn on clusters of workstations. The use of clusters of workstations becomes 
inn a progressively increasing extent a parallel platform to solve large scientific 
problems.. The shared resources in a cluster need an adaptive resource man-
agerr that is able to redistribute the computational load as resources become 
availablee or unavailable. Furthermore, the effectivity of the Time Warp paral-
lell  simulation method is to some extent dependent on the load balance. If the 
parallell  Time Warp simulation computation experiences load imbalance, the 
performancee of the simulation is not only hampered by the fact that some of 
thee processors have more (useful) work to do than other processors, but also 
thee Time Warp method overhead increases significantly, resulting in a severe 
performancee drop. Hence, an adaptive runtime support environment that is 
ablee to deal with the dynamic availability of resources and the dynamic behav-
iorr of the simulation application is a valuable facility in providing a parallel 
simulationn environment for clusters of computers. 

1.55 Outlin e of Thesis 

Thee thesis is composed of two parts. The first part reports on the research 
inn parallel discrete event simulation methods as well as on the application of 
thesee methods. The second part presents the study on dynamic load balancing 
facilitiess for parallel programs, including an experimental assessment of the 
loadd balancing environment. 

Partt I, Chapter 2 starts with an overview of parallel discrete event simu-
lationn (PDES) methods and the current status in PDES research. The funda-
mentall  problem in PDES is formulated, and two basic approaches to solve this 
problemm are presented. The two approaches are known as conservative meth-
odss and optimistic methods. For both basic approaches, a number of methods 
andd extensions to these methods have been developed. In particular, optimistic 
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simulationn methods are an active research field. The optimistic simulation 
methodss have been used in various application areas, all with their specific re-
quirements.. These requirements has resulted in a number of extensions to the 
basicc optimistic simulation method, making this method generally applicable 
too a large class of simulation problems. 

Thee design and implementation of an optimistic simulation environment 
calledd APSIS is described in Chapter 3. The APSIS simulation environment 
incorporatess the Time Warp optimistic simulation method, and is designed for 
data-intensive,, scientific simulation applications. This simulation class im-
posess a number of design constraints that resulted in a number of extensions 
too the basic Time Warp optimistic simulation method. In particular, special 
considerationss are taken for efficient data structures for the event lists and the 
dynamicc generation and retraction of simulation events. Furthermore, effec-
tivee memory management support, which is essential for data-intensive simu-
lations,, is studied. 

Togetherr with the APSIS simulation environment, the APSE parallelism 
analysiss environment is developed. The parallel simulation execution analysis 
methodss incorporated in the APSE environment are described in Chapter 4. 
Thee theoretical space-time model used by the analysis method is discussed, and 
thee analysis techniques working on this space-time model are explained. The 
analysiss method is very general, and can be applied to message-passing par-
allell  programs, including object-oriented programs. The results of the APSE 
analysiss can be used to assess the available parallelism that is inherent to the 
simulation.. This inherent parallelism is a yardstick to compare the amount 
off  parallelism that is realized, or effectively used by the Time Warp optimistic 
simulationn method with. Chapter 4 concludes with an experimental validation 
andd assessment of the APSIS/APSE environment for a number of relative sim-
plee queueing simulations. The execution behavior of the queueing simulations 
aree well-understood and hence experimental APSE results can be verified with 
thee theoretically expected parallel execution behavior. 

Chapterr 5 presents an extensive case study of the application of the Time 
Warpp simulation method to asynchronous cellular automata. The concept of 
asynchronouss cellular automata is a general solving methodology for a large 
classs of data-intensive, scientific applications. The asynchronous cellular au-
tomataa application instance used to experiment with the APSIS/APSE envi-
ronmentt is the continuous-time Ising spin system. The Ising spin system is a 
fairlyy simple model, but exhibits complex spatio-temporal behavior. As such, 
thee Ising spin model is an excellent application to assess the APSIS/APSE en-
vironment.. The critical behavior of the Ising spin system also influences the 
executionn behavior of the Time Warp simulation method in an unexpected, but 
explainable,, manner. 

Thee critical behavior of the Ising spin system and its influence on the ex-
ecutionn behavior of the Time Warp method is further investigated in Chap-
terr 6. Critical phenomena as observed in Ising spin systems are characterized 
byy infinite correlation lengths (or in finite systems, by system-size correlation 
lengths).. Particular these critical phenomena seem to influence the execution 
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behaviorr of the Time Warp method. For example, if we consider the turnaround 
timess of the Ising spin system simulation with Time Warp, we observe a cer-
tainn "constant" turnaround time if the Ising spin system is at a certain distance 
fromm the critical point. However, around the critical point in the Ising spin sys-
tem,, the Time Warp simulation turnaround times scale in a non-trivial way. 
Chapterr 6 studies this remarkable phenomena, and relates this behavior to 
so-calledd self-organized criticality discovered in the Time Warp method. 

Clusterss of workstations, but also distributed computers interconnected by 
wide-areaa networks, are used as an alternative parallel computing platform 
forr HPC or HTC applications, including parallel simulations. But the dynamic 
availabilityy of the computing resources in such clusters necessitates an adap-
tivee runtime support system that allows the migration of computational work 
fromm overloaded to idle resources, or from relocated resources to available re-
sources.. Part II , Chapter 7 first introduces the concepts of resource manage-
mentt and load balancing. Next, our research contribution to adaptive runtime 
supportt systems and task migration is presented. The task migration facilities 
aree incorporated into the well-known PVM message-passing environment. The 
adaptivee runtime support system is called Dynamite. The dynamic task mi-
grationn facility of the Dynamite environment is evaluated by a series of exper-
iments.. The experiments are accomplished with the NAS Parallel Benchmark 
kernelss and the GRAIL finite-element model simulation. Dynamic load balanc-
ingg of optimistic parallel Time Warp simulations need extra research effort, as 
loadd balance or imbalance also influences the execution behavior of the Time 
Warpp simulation method. Experiments with optimistic parallel simulation us-
ingg the Time Warp method are not yet accomplished at the date of this writing, 
andd are part of ongoing research. 


