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ABSTRACT

With the advent of readily available Multiple-Instruction, Multiple-Data (MIMD)
machines, calculations are being performed which, until recently, were impractical. Physical
scientific calculations such as weather forecasting, shock propagation, fluid migration
and aerodynamics calculations are being performed at higher fidelity and over larger
problem spaces. These types of calculations are often performed by mapping physical
space onto a two dimensional grid. When using a MIMD computer, each processor is

responsible for performing calculations for a portion of the grid.

To obtain optimal performance on a MIMD computer, the computational load for
each processor must be nearly equal and the communication between processors must be
minimized. Unfortunately, balancing load and simultaneously reducing communication
is difficult. Many modern scientific grid calculations exacerbate the problem because
grid points are dynamically created and deleted during the calculation. If acalculationis

started with an optimal distribution of points, it will not remain optimal.



This dissertation addresses the issue of providing automatic, dynamic load balancing
and communication reduction to achieve near optimum performance for dynamic grid
calculations. It has resulted in a new hybrid genetic algorithm, run in parallel with a
dynamic grid caculation to achieve near optimum dynamic load balance and communication

COst.

The hybrid genetic algorithm was incorporated into a parallel adaptive grid program
framework, developed for this effort. As a particular test, routines to solve Euler’s
equation of gas dynamics were incorporated into the framework. The resultant parallel
adaptive grid application with dynamic rebalancing capabilities was used to solve these

problems in two dimensions.

The hybrid genetic algorithm was shown to dramatically improve the run time of
the simulations as compared to static or random dynamic reallocation of cellsto processors.
The agorithm was shown to improve performance when compared to recursive bisection

techniques and standard genetic algorithms on the example calculations.

The hybrid genetic algorithm load balancing technigue can be incorporated into a
large class of grid calculations. The framework developed for this effort is robust,
flexible and extensible, and can also be used to create awide variety of grid simulations.

An outline for future enhancements to the framework is provided.

Vi
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Chapter 1. Introduction, scope, and overview.
1.1. Introduction.

This thesis discusses heuristics used to decrease the run time of parallel adaptive grid
programs by maintaining good load balance and maintaining good communication
performance. These heuristics use, as their core, a hybrid genetic algorithm (GA). The
purpose of the GA is to dynamically map portions of the grid to various processors to
maintain good load balance and low communication. Created as a result of this research
effort, this hybrid genetic algorithm provides a marked improvement over an algorithm
developed by Mansour and Fox (1991). The improvements in the algorithm allow it to
run faster than the Mansour and Fox algorithm yet enable it to still return high quality
solutions, that is one that has good balance and low communication. The decrease in run
time of the GA, along with the high quality of the solution returned, allows an example
calculation to run 75% faster than the same simulation run as a parallel application
without the GA. (This measurement of speedup and the example calculations are described

in more detail below.)

Although the improved GA forms the core of the algorithm for decreasing the run
time, other heuristics have been developed which help to decrease the run time of the
adaptive grid program. These heuristics use domain specific knowledge to help the GA
run effectively, that is, return a high quality solution. In this thesis the improved hybrid
genetic algorithm is described, along with the heuristics which enable it to run effectively.
A series of experiments are described that track the development of the genetic algorithm
and other heuristics. This research thus shows that domain specific knowledge can be

readily incorporated into the genetic algorithm to improve overal performance.



If the algorithms described in this thesis were only applicable to a single example
calculation, they would be of little value. Although the example adaptive grid program
used to test these new algorithms is fairly general, even more can be said about the
algorithms applicability to other simulations. It is shown that what was learned from a
early set of experiments using an adaptive grid program could be applied to different, but
similar adaptive grid program runs. One of the features of the improved hybrid genetic
algorithm is that its behavior is more tunable than a standard GA. It is shown that tuning
the GA for a particular adaptive grid program run enables similar adaptive grid program
runs to run effectively. In addition to showing the effectiveness of the GA for improving
the run time of the adaptive grid program, it is expected that the information provided in
this document will find use in other areas of optimization because of the generality of the

methods derived as a result of this work.

1.2. Scope of theresearch effort.

The research effort described in this thesis deals with adaptive grid programs. Why
is there an interest in improving the run time of parallel adaptive grid programs? Simply
stated, they are used often and on many types of platforms. Adaptive grid programs are
used for many applications including weather modeling, aerodynamics and the simulation
of explosive dynamics. Such programs are run on many types of platforms including
single processor PCs, and single processors of high end super computers such as the Cray

T90.

Adaptive grid programs are also run as parallel applications, using two to thousands
of processors. Relative to using thousands of processors, the research described herein
concentrated on a smaller scale parallelism, using up to 16 processors at once. Dedicated

large scale parallel processing machines, consisting of hundreds or even thousands of



dedicated processors, are not generally available to most researchers. What is available
to many people is a smaller collection of processors on workstations, connected together
with some type of network. It is often possible to use these workstations as nodes
dedicated to a particular application until the application is completed. The SP2 running
under loadleveler is such a system. Also collections of workstations that can be used to
form aparald architecture are generally available. An office that has 10 to 20 workstations
can dedicate sometime, say between 2 and 5 AM every morning, to run parallel smulations

with no outside interruptions. This research applies to such systems also.

Because of their general availability, this research effort concentrates on such parallel
architectures, using smaller numbers of processors connected together with a network.
We also assume that the processors will only be required to run a single task while

running the parallel application.

There have been recent efforts, such as Condor (1997), to connect hundreds or even
thousands of workstations, spread over a campus or even between cities, together as a
parallel processing system. Such systems use computer cycles that would otherwise go
unused. If the owner of one of the workstations starts a task on a node which is part of
the parallel processing system, the parallel application is evicted from the processor. The
measurement of the performance of the heuristics discussed herein for architectures where
there is a possibility of tasks being evicted from processors is left as an area for future

research.

Although this research concentrated on small scale parallelism using dedicated
processors communicating using a network, the algorithms and heuristics described herein

could be modified as appropriate to be used on other architectures. In particular, the



fitness function could be modified to account for the change in communication performance
for a slower network or faster shared memory communication. Modifications could be
made to the algorithms to account for the eviction of tasks from processors. In fact, the
GA could be used to assign the portion of the grid which was contained on terminated
processors to other processors. Research into the effectiveness of the GA to reassign
such portions of the grid to other processors could form the basis of another dissertation

effort.

Clearly, not all adaptive grid programs can be tested as part of this research effort
and those adaptive grid programs that are tested can not be run on every platform. To
bound the research effort, a subset of all adaptive grid programs and all platforms was

chosen to work with.

Because of their generality, it was decided that the research effort would concentrate
on working with an adaptive grid program which solved Euler’s equations of fluid flow.
One of the reasons Euler’s equations are a good choice is that they are very general and
are used for many types of investigations. For example, even though there are equations
that capture particular nuances of weather modeling, aerodynamics and explosive dynamics
that are not captured by Euler’s equations, Euler’s equations are still used for simulations

of these phenomena because of their generality.

There are many ways that can be used to maintain good load balance for grid
programs. See the following: Walshaw and Berzins (1992), Walshaw and Berzins
(1995), Williams, (1990), Ozturan, deCougny, Sheparard, and Flaherty (1994). The last
reference categorizes the methods in three ways, recursive bisection, probabilistic methods,

and iterative local migration. Wheat’s (1992) method falls in the last category. He



describes a method based on tiling and local migration. His method is discussed in more

detail in section 1.11.2. The genetic algorithm is considered a probabilistic method.

One of the purposes of the studies discussed herein, and the thesis statement for this

research effort, isto show that:

A genetic algorithm can be effectively used to decrease the run time of adaptive
grid programs by maintaining good load balance and maintaining good communication
performance.

To show the relevance of this research in the of GAs on adaptive grid problems,
comparisons are made to both Wheat’s work and recursive bisection methods. The

advantages of using the GA methodology is discussed.

1.3. Requirementsfor the genetic algorithm to be effective.

Following Wheat’ s approach, performance improvements are measured, relative to
no attempt to balance the load. That is, for a given number of processors, the parallel
grid program was run with no attempt to balance the load and the run time is measured.
The same simulation is then run with the algorithms used to maintain balance and low
communication turned on. The difference in the run times is used to determine the

performance improvements.

As discussed by Wheat and summarized in his table 4.1, adaptive load balancing
algorithms which run as part of a parallel program must run quickly to be effective. In
fact in his “Scenario A” and using his tiling algorithm, he suffered an overall loss in

performance due, as he says, “to the application terminating before the improvement



from tiling could recover the cost of tiling.” He goes on to state that, if the application
would have been run longer, the cost of tiling would have been recovered and an
improvement in run time would have been seen. The goa and accomplishment of this
research is to show that the algorithms used to balance load and reduce communication

recover al of the their cost and reduce total run time.

This document discusses heuristics used to maintain good load balance and to maintain
good communication performance for adaptive grid programs. For these heuristics to be
effective, they must run quickly. Genetic algorithms have not been used for this application
in the past because they have been viewed as being too slow to converge to a high quality
solution. However, the research described in this document has shown that a genetic
algorithm can be used to derive a reasonable solution and that solution can be effectivein
increasing the performance of adaptive grid programs, even when the run time for the GA
iscounted. How isthis possible? It isimperative that additional heuristics be used to aid
the genetic algorithm and that the GA be designed to run quickly. The purpose of these
heuristics is to decrease the run time of the GA and increase the quality of the solution

returned.

It is shown that what is learned from one run of an adaptive grid program using the
GA to increase performance can be applied to other similar adaptive grid program runs
on different problems and even different machines. Thus, many of the techniques described

in this document may be applied to other adaptive grid applications.

It is hoped that the techniques described in this document will lead others to develop
heuristics to use with and without genetic algorithms to improve the performance of

applications. In particular, because this document describes optimization systems which



must run in a time critical manner, it is hoped that inspiration can be obtained for the

development of additional optimization systems that run quickly.

1.4. Overview of theremaining sections of thisthesis.

This document traces the development of the heuristics and the methods used to
decrease the GA run time and ultimately the adaptive grid program run time. To thisend,
this document consists of this introductory chapter, five additional chapters and three

appendices.

Chapter two contains additional introduction and background information. Thereis
a description of adaptive grid programs, parallel programming, and the issues associated
with load balancing and maintaining good communication performance. Then thereisa
discussion of dynamic allocation of processors for adaptive grid programs and an explanation
of why it isadifficult task. The thesis statement is restated and a description of genetic
algorithmsis given. The genetic algorithm method is compared to other methods, including

bisection and an iterative local migration method, in particular, Wheat’ s tiling method.

Chapter 3 briefly describes the tools developed for this research effort and the
numerics used for solving Euler’s equations. For additional information, the reader is
referred to the appendices. This chapter also describes the SP1 and SP2 machines used in

this research effort.

Chapter 4 describes the first tests of the genetic algorithm using 4 nodes of the
Albuquerque Resource Center (ARC) SP1. Asthe result of these tests, several heuristics
to increase the GA effectiveness were developed. A 12% improvement of the performance

of the adaptive grid program was seen using these heuristics in these test cases. This



improvement can be contrasted to Wheat’ s performance degradation on his first example

and a 6% improvement on his second example.

There are two sine qua nons which must be observed to allow the genetic algorithm
to increase the performance of the adaptive grid program. One, domain specific knowledge
must be used. Two, improvements must be made to the standard GA. Chapter 4
discusses the use of some domain specific knowledge. Also, Chapter 4 discusses the
Mansour-Fox algorithm and improvements to their algorithm developed as part of this
research effort. Mansour and Fox have described a hybrid GA which they used for static
allocations of sections of grids to processors. Chapter 4 describes their algorithm and
improvements made to it to decrease its run time. Chapter 4 also mentions a fast
mutation procedure developed for this effort. The method is described in more detail in

Appendix C.

Chapter 5 describes three other example calculations using 16 nodes of the SP1 and
the Maui High Performance Computing Center’s SP2. It is postulated that what was
learned from the 4 node SP1 calculations is general enough to apply to other configurations
or calculations. Thisisthen demonstrated on the 16 node SP1 calculations, even though
the calculations were significantly different. The benefit of tuning the GA to a specific
problem is shown. That is, it is shown that there exists a set of GA control parameters
which produce a better performance for the particular example calculation. Also what
was learned from the SP1 16 node calculation, including the tuning, was applicable to the
SP2 cdculation and to different SP1 16 node calculations. A 75% performance improvement

was seen on the SP2 cal culations compared to the same parallel run without the GA.

Chapter 6 is a summary. |s discusses the discovery of the two sine quo nons that



improvements must be made to the GA and the use of domain specific knowledge. The
improvements to the GA are discussed that enable faster arrival at high quality solutions.
The use of domain specific knowledge to aid in finding high quality solutions is also
summerized. This final chapter also discusses the heuristics which were developed as
part of this research effort and gives recommendations for the use of these heuristics for

other applications. ldeas are presented for future follow-on research efforts.

The three appendices give details of the programs used for this research.



Chapter 2. Additional introducation and background infor mation.

2.1. What isagrid program?.

For the purposes of thisthesis agrid program is a computer program which performs
atime evolving simulation of a physical system using a collection of data. The dataisan
estimate of some physical quantity at various points in a two dimensional space. The
points are arranged in a two dimensional grid. In general, the values of the variables
change as the simulation progresses. The simulation is time stepped, that is, the values of
all of the variables are calculated at time equal T, and then values are calculated for time
equals T, with T,=T+AT, where AT, is some nonzero, usually positive, quantity. The
time stepping is repeated for time equals T,=T +AT, and so on. To calculate the values
of variables at time equals T,, the values of the variables at time T, are used, that is the
value of the variables at some time step are a function of the values of the variables at the

previous time step and often the time step size.

Grid programs are often used to obtain numerical solutions to partial differential
equations (PDEs). To find anumerical solution to a PDE, the region of interest is divided
into a collection or grid of cells. In two dimensions the cells are often rectangles. A cell
can be thought of a finite volume surrounded by a collection of edges. Two or more cells
share an edge. Discrete approximations to the derivatives in the PDE are derived with the
values of the variables assumed constant within each of the cells. This discretization
replaces a continuous differential equation with a set of algebraic equations. The coefficients
of the algebraic equations derived from the discretization are determined by the values of
the cell variables. The algebraic equations are solved to advance the solution from T, to
T,. Depending on the method of discretization, the value of the cell variable at the next

time step can be a function of the surrounding 4 or 9 neighbor cells. See Appendix A and



Celiaand Gray (1992) for more information.

A cedll isused to represent asmall area, a subset of the entire area represented by the
grid of cells. In general, the smaller the area represented by a single cell the more
accurate the numerical approximation to the PDE becomes. In regions of low derivatives
typical numerical techniques used for many grid problems have an accuracy of order H.
The accuracies are also proportional to the values of the derivatives of the variables. In
regions of discontinuity, such as shock fronts, methods of order h are used. See Sod
(1976), Lapidus (1967), Berger (1982), Berger (1984), Berger (1985),Berger (1987) and
Press, Flannery, Teukosky, and Vetterling (1986), Stoer and Bulirsch (1984). With
accuracy of order h?, the error in the numerical approximation is proportional to the
dimensions of the cell to the second power. Thus, decreasing the size of acell by 1/2ina
given direction increases the accuracy of the approximation in that direction by a factor

of 4.

To increase the accuracy of a calculation it is desirable to have a grid with a large
number of small cells. Having a larger number of cells requires more machine memory
and causes the calculation time to increase. One way to decrease the running time for a
simulation which uses alarge number of cellsisto use parallel computing, another way is

to useirregular and adaptive grids.

2.1.1. Irregular grids.

For many grid programs, especially programs designed for computational fluid
dynamics or solving Euler’s equations, it is desirable to use irregular grids. Irregular
grids are those which have cells of different sizes in different regions of the grid. That is,

in some regions the cells may represent an area of 1m by 1m while in some other area of
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the grid the cells may represent an area of 0.125 m by 0.125 m. Clearly, it takes 64 cells

of size 0.125 m by 0.125 m to represent the same area as one cell of thesize1 mby 1 m.

Grid calculations are often used to estimate some quantity, such as pressure, as a
function of space and often time. The spacing of the grid determines the resolution of the
gpatial gradients of pressure which can be resolved. To resolve large gradients, fine grids
are required. Often a phenomenon being simulated will contain regions with large
gradients and regions with small gradients. Large gradients increase the memory
requirement for a calculation because large numbers of elements are required to resolve
the gradients. To reduce memory and computation requirements and still resolve areas
with large gradients, it is desirable to have fine grids where required and coarse grids

where they can be tolerated.

2.1.2. Adaptive gridding.

For ssimulations that evolve as a function of time, the regions requiring fine gridding
can move. Also, over time, regions develop that have high gradients, for example when
two pressure fronts merge. It is desirable to increase the resolution of the grid in these
areas. Adding, or removing cells is called dynamic regridding, adaptive gridding, or
adaptive mesh refinement. When the resolution for an area is increased, additional
computational elements are added. The computation time required to update the variables
in the areas where cells are added is greater because additional work needs to be performed
for each computational cycle. Adding cellsto the calculation grid will cause the program
to run slower. Again, one way to decrease the running time for a simulation which uses a

large number of cellsisto use parallel computing.

2.2. What is parallel computing?
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Parallel computing is the use of multiple computers or processors working together
on acommon task. The task is divided among the various processors and each processor
works on its section of the problem or subtask. In order to complete its task, a processor
is alowed to exchange information with other processors working on the same task.
Dividing the task among various processors is known as task partitioning and the exchange
of information is ssmply known as communication. See Kumar, Grama, Gupta and Karypis

(1994).

The purpose of parallel computing is to decrease the time required to complete a
given task. By breaking atask into, say N subtasks, and allowing N processors to each
work on a single subtask, the total time required to complete the task can often be

reduced.

Task speedup, or just speedup, is defined as the execution time of some task and
algorithm when run on a single processor divided by the execution time for the task and
the same algorithm when it is run on multiple processors. Parallel efficiency isameasure
of how efficiently the processors are being used to solve a problem. Parallel efficiency is
determined by dividing speedup by the number of processors used for a problem, Maccabe
(1993). With 100% parallel efficiency the execution time for atask run on N processors

is 1/N times the execution time on a single processor.

The analysis of the performance of parallel systems is often done as a function of
problem size. The concept of problem size can be formalized. Often the problem sizeis
taken to be the length of the string used to encode an instance of the problem, assuming
some reasonable encoding scheme. Here we use a different but related metric. The size

of aproblem, W, is the number of computational steps required to find the solution using
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the best known sequential agorithm. For many common problems such as matrix inversion,

addition, or multiplication, the size of the encoding is polynomially related to W.

Suppose it takes time T, to solve some problem on p processors and it takes time W
on asingle processor. We define the overhead function T, as the difference of W and T,

times the number of processors used.

Equation21 T, =pT, -W

With 100% efficiency, T, = 0. T, is always non-negative, assuming the algorithm

used on the single processor is the same algorithm used on P processors.

Amdahl (1967) gives an upper limit for the speedup of a task. For a given task,
some fraction, F., of the task can be run in paralel. Call the fraction which can not be
run in parallel, that is, the serial portion of the task, F, The serial portion of atask can
not have its execution time reduced by running on multiple processors. If we make the
optimistic assumption that by using N processors the parallel portion of the task can be

run N times faster, Amdahl’ slaw gives as the lower limit on the execution time of atask:

Equation 2.2 ExecutionTime,,,, = ExecutionTime,, %S + %E

where ExecutionTime . is the time take to run the problem on a single processor. The

one

maximum speedup is then

Equation 2.3  Speedup,,, =
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The maximum speedup is limited by the portion of atask which can not be parallelized.
If 10% of a task cannot be parallelized then the maximum speedup is 10, even if an

infinite number of processors are used.

2.3. Parallel architectures.

2.3.1. Flynn’staxonomy.

Flynn (1972) has devised a classification scheme for describing multiple processor
computing systems. Flynn’'s taxonomy is based on the number of data streams and the
number of instruction streams used by a parallel computing system. A single processor
machine working alone has a single instruction stream and single data stream. Such a
system is known as a SISD machine for single instruction and single data streams. SIMD
stands for single instruction stream, multiple data stream. In this type of system, all
processors or processing elements execute the same instruction in lock step but each

processor works on different data. Vector processors are SIMD machines.

MIMD stands for multiple instruction streams with multiple data streams. The
processors in a MIMD system operate more independently than in a SIMD system. Ina
MIMD system the various processors working on a common problem may execute the
same program or each may run different programs. In either case the processors are not
in lock step. When running the same program, the processors may be executing in
different sections of the same program, possibly even different procedures. When the
processors of a MIMD system execute the same program, such a system is often called
SPMD for single program multiple data. Note that SPMD systems are a special case of
MIMD systems. This dissertation primarily discusses SPMD systems.

2.3.2. Memory architectures.

15



Parallel computing systems can also be classified by their memory architecture. As
mentioned, when working on a task, the various processors often need to communicate
information to each other. The method of communication is often determined by the
memory architecture. There are two primary memory architectures for parallel computers,
shared memory and distributed memory. In shared memory multiprocessors, al processors
in the system have equal capability to access all of the memory of the system. In a
distributed memory multiprocessing machine, each processor has its own loca memory
which is not directly accessible by other processors. Information is passed from one
processor to a second when the first processor sends a message to the second processor
and the second processor receives the message. This dissertation primarily discusses
distributed memory systems. For asurvey of paralel architectures see Tanenbaum (1994)
or Maccabe (1993). See van de Goor (1989) for a description of ataxonomy based on the

orthogonal concepts of control and data.

2.4. Parallel programming and grid programs.
This section discusses parallel programming for grid programs. In particular it
discusses mapping of cells to processors. |ssues associated with load balancing and good

communication performance are aso discussed.

2.4.1. Parallel programming for regular grids.

The section on parallel programming was introduced by saying that parallel
programming can be used to speed up grid programs. How does this work? Various
portions of the grid are assigned to different processors. That is, different processors hold
the data for different portions of the grid. The processors are responsible for performing
the calculations for the portions of the grid for which they hold the data. As discussed

briefly in Section 1.5, the value of cell variables at the next time step is a function of its
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neighbors. If a processor holds a cell which has a neighbor on a different processor then
the values from the neighbors must be communicated before the calculation can proceed

to the next time step.

The speed up of the parallel grid program is determined by two factors, load balance
and communication time. Speed up is greatest when the load is balanced and the
communication is minimized. A parallel calculation is said to be in balance if each
processor has the same amount of work to perform. If we assume, asis the case for some
grid calculations, that the computation time for each cell isidentical, then load balancing
istrivial. Assign an equal number of elements to each processor. The manner in which
the data is distributed across the processors can effect the communication time and thus
the run time. If the grid is regular and rectangular, balancing load while minimizing
communication is trivial. The grid is broken into a number of rectangles equal to the
number of processors. The communication is amongst processors which hold data for

adjoining rectangles.

2.4.2. Parallel programming for irregular and adaptive grids.

If the grid isirregular, that is, it has a finer resolution in some areas than others or
the elements are different shapes, then the distribution of data cellsin order to attain the
minimum amount of communication with good load balance is not obvious. Given a set
of processors and an irregular grid, the problem of finding if there is a distribution of
cells which balances load and which meets a given requirement for communications is
difficult. Asdiscussed by Varadargjan and Hwang (1994), when this problem is stated in

aformal way it can be shown to be NP-complete.

For ssimulations that evolve as a function of time, the regions requiring fine gridding
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can move. For programs with dynamic calculation requirements, the initial allocation of
data to processors can become less appropriate as time progresses. In addition, the
communication between processors will rise above the optimal level. As discussed
above, when performing load balancing for irregular grids, the communication patterns
must be addressed to maximize performance. The irregular nature of the grid can evolve
asafunction of time so that the load balancing must a so be done dynamically. Unfortunately,
each time the grid is changed, to find the best distribution, an NP-hard problem must be
solved. It isimpractical to solve the problem optimally for each regridding. Heuristics
must be used to find good solutions to the problem. This dissertation primarily deals with
heuristics to find a partitioning of the cells to processors for irregular grids which have
both good load balance and good communication patterns, but not necessarily the optimal

partition.

2.5. Thesis statement revisited.

To date, genetic algorithms have not been used to perform fine grained load distribution
for dynamic adaptive grid calculations. Related endeavors have been undertaken. Fine
grained load balancing using other techniques has been done for adaptive grid programs.
See Section 1.11 below for a brief discussion and references to additional methods.
Genetic algorithms have been applied to load distribution for static irregular grids, Mansour
and Fox (1991). Genetic algorithms have been used for dynamic course grained load
balancing, where entire tasks are moved between processors. See for example Kidwell
(1992) and Muenetome, Takai, and Sato (1994). Parallel genetic algorithms have been
used for other related NP-hard problems and combinatorial optimization. See for example
Levine (1994) and Bianchini and Brown (1993) and Watson (1995). For adiscussion of

NP-hard problems see Garey and Johnson (1979) or Moret and Shapiro Algorithms from

P to NP, Volume 2 to be published.
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Genetic algorithms have not been used in the past for the purpose of mapping cells
to processors for adaptive grid programs. As discussed by Williams (1990), probabilistic
methods are viewed to require too many iterations and are too expensive to use for this
problem. The purpose of this dissertation isto show that a genetic algorithm, a probabilistic
method, can be used to derive afine grained load distribution for dynamic adaptive grid

calculations. To state thisformally, the following thesis statement is offered.

Thesis Statement:
A genetic algorithm can be effectively used to decrease the run time of adaptive
grid programs by maintaining good load balance and maintaining good communication

performance.

2.6. Basic genetic algorithms description.
This section introduces genetic algorithms. More information can be found in Fogel

(1996) and in Appendix C.

Genetic Algorithms, or GAs, simulate the process of evolution to optimize a function.
The agorithm is simple. A potential solution for a particular optimization problem is
represented by some string, usually a string of bits. There is a function which takes
potential solutions as input and evaluates them. Thisfunction is called the fitness function.

Good solutions to the problem are given a high fitness. The algorithm proceeds as

follows:

(1) CGenerate a collection of potential problem solutions. This is
normal Iy done in some random fashion. This collection is called the
popul ati on. An individual nenber of the population is called a
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chronosone and each bit of the chronosone is a gene.

(2) Repeat until done.
Find the fitness of the nenbers of the popul ation

Select half of the population to reproduce. The nenbers of the
popul ation with the higher fitnesses have a higher probability of
repr oduci ng.

Di scard the half of the popul ati on which does not reproduce.

Al l ow the remaining half of the population to reproduce, replacing
the ol d popul ati on.

Al ow potential nutations in the popul ations.

“Repeat until done” means repeat for a given number of iterations or repeat until
there is a member of the population with a given fitness or until there is no change in the

population for some given number of generations.

How do solutions reproduce? There are several methods possible and one is described
next. Given two solution chromosomes, split them at some arbitrary and random location.
Recombine the pieces. An example follows. P1= “abdefg”, P2= “1234567". Split the
strings after the third character. The new string produced, P3, has as its characters the
beginning of P1 and the end of P2. P3= “abc4567”. This method of reproduction is

called crossover.

Mutation is the random flipping or setting of bits or genes. Each gene will mutate

with some small probability. Fogel (1996) describes this process.

2.7. Review of two other methods.

2.7.1. Bisection.
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Many of the heuristic techniques used to assign sections of grids to processors are
based on recursive bisection. Given a problem domain, the algorithms recursively subdivide
the domain into two parts. The various bisection techniques differ in the manner in
which they divide the domain. Three of the techniques are recursive coordinate bisection,
recursive graph bisection and recursive spectral bisection. Recursive coordinate bisection
produces partitions which can lead to large amounts of communication. Recursive spectral
bisection tends to yield well balanced, well connected partitions to minimize communication
but it tends to be computationally intensive. For more information and a description of

recursive coordinate bisection see Kumar, Grama, Gupta, and Karypis (1994).

This section describes a different bisection method for partitioning cells to processors.
This method is probably not new but no references to it have been seen. The method is
similar to recursive coordinate bisection and is called recursive centroid bisection. Some
of the example calculations were run using this method to compare its effectiveness to
that of the GA. The calculations for which the GA was used to assign cells to processors
ran faster than the calculation for which the recursive centroid bisection method was

used.

Assume there is a collection of cellsto be distributed to N processors. N is apower
of two. The x,y coordinates of the cells are known. Let Z be the collection of cellsand P
be a vector of length N, containing the processor numbers for the processors. The
algorithm proceeds as follows:
dir=-1
call bisect(z P,dir)
Routine bisect is the following:

if(length P = 1) assign Z cells to processor P and return
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i f(dir=-1)then
find x value of the centroid of Z
split cells into two groups, Z1
wWith x < centroid and Z2 with x > centroid.

el se
find y value of the centroid of Z
split cells into two groups, Z1 with
y < centroid and Z2 with y > centroid.
endi f

split Pinto tw halves Pl and P2
dir=dir*(-1)

call bisect(z1,P1,dir)

call bisect(z2,P2,dir)

This algorithm produces N partitions of cells. The partitions are not guaranteed to
have the same number of cells. The agorithm will do a better job than recursive
coordinate bisection of assigning clusters of cells which are nearly collocated to the same
processor. This can be seen in the one dimensional example shown below.

Vertical |ine shows

di vi si on using recursive
centroid bisection

Oval s show di vi si on
4 using recursive
coordi nate bisection

< 10" > >
2 10
di st ance di st ance
units units

Figure 2.1. Division of cellsusing bisections methods.

As discussed, one of the criticisms of recursive coordinate bisection is that the
partitions it produces can lead to large amounts of communication. Simulations were run
using the method outlined above, recursive coordinate bisection, and a GA to distribute
cells to processors. The communication times were longest using recursive coordinate

bisection. For the example calculations, the use of the GA produced run times which
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were 21% faster than the same simulation when the recursive coordinate bisection was
used and 13% faster than when recursive centroid bisection was used. The increase in

performance was because of a decrease in the communication time.

2.7.2. Wheat’stiling.

For some grid simulations, even with regular grids, the processing cost associated
with each element may not be constant. Changes in processing costs may result from the
dynamics of the physical systems being modeled. The processing time associated with a

cell can be afunction of both time and location in the grid.

Based on work by Leiss and Reddy (1989), Wheat (1992) developed a fine grained
data migration scheme to perform load balancing for such applications. Initially an equal
number of data elements may be assigned to each processor. Each processor is considered
to be part of a neighborhood of processors. Processors in the same neighborhood hold
data elements which are close to each other on the grid. A processor can be a part of

more than one neighborhood. The load balancing phase consists of severa steps.

Initially al processors determine their work load. The work load is simply a measure
of the time required to complete a given number of iterations of the calculation. Next the
average of the work load in each neighborhood is determined. Processors which are
lightly loaded request data elements from the processor with the greatest load. A processor
which receives requests for cells prioritizes work requests by size. Requests are satisfied
until the new work load is below the neighborhood average. Finally the processor that
off-loads work determines the elements to send to requesting processors and sends the

data elements to the processors.
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One key difference between Wheat's work and the work discussed herein is that
Wheat restricted the movement of element to neighboring processors. Although a GA
could be developed to enforce this restriction, no such restriction was used for this
research effort. This task is left as a future research effort. 1t would be a worthwhile
research effort because this restriction may produce partitions with less communication.
With this restriction in effect, the GA would be doing nothing more than controlling
migration.

One advantage to the genetic algorithm approach to distributing cells to processors
its versatility. The restriction discussed above could be enforced by a simple modification
to the fitness function. Thus by a simple change the algorithm is changed from a global
balancing technique a local migration technique. This versatility was one of the main
reasons a GA was chosen as the basis of this research effort. It was known that a
traditional GA would not perform well in the effort of mapping cells to processors. It
was postulated that because of its versatility, the GA could form the basis of an effective

mapping algorithm.

There is another significant difference in this research and Wheat’s work. The
simulations which were used to test the mapping algorithms were much more dynamic in
their memory and computational requirement. Wheat’s grid was regular and was not
adaptive, cells were not added or removed. For his first two example simulations, the
calculation work per cell was constant in time as was the total memory requirement for
the cells. Also the amount of calculation time required per cycle per cell was a known
function of the spatial coordinates. Thus, he could have used a preprocessing routine to
assign cells to processor as Mansour and Fox (1991) did in their work. For his final
example, as he calls it, his “validation run”, Wheat also used a fixed grid. For this

example calculation, the per-cell processing costs were not known a priori. In his future
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directions section, Wheat briefly discusses dynamic loading but does not give any data

for performance improvement using his algorithm.

The research discussed herein goes beyond Wheat' s efforts. As discussed above, the
grids for this work are not only irregular but adaptive. The computational loads are a
function of both time and location. Thus, there are an additional two levels of complexity
in the smulations used to test the cell mapping algorithms. While Wheat’ s work addressed
simulations that were relatively static, it is shown in this research effort that the GA could
form the basis of an algorithm that was able to addapt to the extra levels of complexity

and dynamics.
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Chapter 3. Discussion of hardware and software
tools.

3.1. Thetarget architecture.

As discussed in Section 1.2, the research described herein concentrated on a smaller
scale parallel system, using up to 16 distributed memory processors that are connected
together by a network and communicate using message passing. This research effort
concentrated on such aparallel distributed memory system because of its general availability.
Common collections of workstations can be used to form a parallel system. An office
that has 10 to 20 workstations, can dedicate some time, say between 2 and 5 AM every
morning, to run parallel simulations with no outside interruptions. The IBM SP1 and SP2
can also be utilized as such a system, a collection of workstations connected together

with a high speed network and using message passing to communicate.

The research discussed herein was performed using the Albuquerque Resource Center
(ARC) IBM SP1 and the Maui High Performance Computing Center (MHPCC) IBM
SP2. The SP1 and the SP2 are MIMD distributed memory machines. The IBM loadleveler
software allows the nodes to be dedicated to a particular parallel task until the task is

completed. The hardware for the machinesis described in more detail below. A description
of the loadleveler system can be found in the IBM AlX Parallel Environment: Operation

and Use manual (1994). The nodes of the machines communicate using message passing.

PVM and MPI are the two principal message passing systems used on the SP1 and SP2.

PVM is one of the most popular libraries, developed by Geist, Beguelin, Dongarra,
Jiang, Mancek, and Sunderam, (1994). PVM stands for Parallel Virtual Machine. One

criticism of PVM s its relatively low performance. Message latencies are high and



bandwidth islow. Because of itsrelatively low performance, PVM was not used for this

research effort.

MPI was used as the message passing system for this research effort. MPI or
message passing interface was devel oped by the M essage Passing Interface Forum (1994).
MPI is not alibrary but a standard for a message passing library. The standard dictates
the routines which are to be available in a compliant library. Bindings are provided for C
and Fortran 77. Routine invocation methodologies and the semantics of the library calls
are dictated by the standard. The actual methodology for achieving the semantics of the
routines is not dictated but left to the implementer. MPI’s main advantage isthat it isan
industry wide agreed standard which can be adopted by vendors to promote portability of
parallel programs. Other advantages of MPI are discussed in Appendix A.

3.1.1. Description of the MHPCC SP2 hardware.
Because the SP1 and SP2 were used extensively for this research effort, a slightly

more detailed description of these machines will be given next.

The MHPCC IBM SP2 is a 400 node parallel processing machine. (The maximum
number of nodes available on an SP2 is 512. Because of the way it is configured, the
maximum number of nodes that can be used by one program on the MHPCC SP2 is 128
but most applications use between 8 and 32.) Each node of the machine contains a
66-MHz Power2 IBM processor. The nodes have a minimum of 64 Mbytes RAM and
are capable of 264 MFLOPS.

The SP2 is partitioned into logical frames of 16 nodes. The individual nodes within

the frame and the frames are connected by an IBM proprietary switching technology,
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Stunkel, Shea, and Abali (1994). Each logical frame contains 16 processors and a switch
board. See figure 3.1. Each switch board contains 8 logical switch elements. The

elements are wired in a4 way to 4 way bidirectional scheme.

Processors are connected to the “left” side of the switch board. There are 16
bidirectional lines on the “right” side of the board. These lines are used to connect to
other frames. SP2 systems with up to 80 processors, 5 frames, are constructed by directly
connecting the frames using the links on the right side of the switch board. From a given

frame, 4 lines are routed to each of the other 4 frames.

For SP2 systems with more than 80 nodes, the configuration is different. Cascading
switch boards are used. For an SP2 with 128 nodes, 8 frames and 4 intermediate switch
boards are used. 16 lines are available for connection to the outside world from the
switch boards on each frame. The 16 lines from each frame are connected to the 4

switchesin sets of 4. For larger configurations an additional level of cascading is used.

For al configurations supported by IBM, the SP2 has a message latency of 30

microseconds and a bandwidth of 40 Mbytes/second, application to application. The

hardware latency is much smaller, but depends on the number of cascade switch boards.
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Figure 3.1. SP2 logical frame and switch board.
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Frame 1

Figure 3.2. Diagram of a SP2 with 80 nodes and 5 frames where each line
represents 4 connections.

3.1.2. Description of the ARC SP1.

The SP1 is the forerunner of the SP2 and it is very similar but has slower processors
and message passing hardware. The ARC SP1 has 32 nodes, but at most 16 of the nodes
can be used on any one problem. Each node contains an IBM POWER 1 processor and
64 Mbytes. SP1 nodes are networked together using IBM TBO adapters instead of the
TB2 adapters used in the SP2. The bandwidth of these adaptersis about 8 Mbytes/second.
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What is the performance relationship between the SP1, the SP2, and a collection of
workstations? The importance of the SP1 and the SP2 machines is that they represent a
level of performance comparable to a network of workstations available to organizations
for about $3,000/node. A system could be constructed using commercia off the shelf
(COTS) components. The floating point performance of the SP1 nodes is comparable to
that of a system based on a 120 MHz Motorola 603e chip. Such systems are available
from mail order catalogs with 16 Mbytes of RAM for $1700, including the monitor, and a
1 Gbyte disk drive. The additional memory would cost about $500. 100Base-T networking
cards could be purchased for about $250. One or more hubs would be required at a cost
of about $1000 for one with twelve ports. The Linux operating system and the other
software that could be used to drive the system is available free. A public domain
implementation of the MPI standard, MPICH, is available for ailmost all common Unix
and Linux platforms, Gropp and Lusk (1996). MPICH could be used to provide the

message passing for the COTS system.

3.2. The softwaretools and numerical routines.

As with any computer, the hardware and system software is only part of the story of
the machine. The software tools used on the computer are equally important. As part of
this research effort, a collection of software tools and numerical algorithms were devel oped.
The program used to test the heuristics for assigning cells to processors was a combination
of the PLIFE framework, the GA framework and the numerical routines, all created for

thiswork.

The next subsection describes the PLIFE framework. The framework was used as

the basis of the parallel adaptive grid program. The development of data structures for
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adaptive grid programs is a subject of on-going research. See Gittings (1994) and Yiu,
Greaves, Cruz, Saalehi, and Borthwick (1996).

Section 3.2.2 discusses a framework for aparallel GA. This framework was used to
create the GA for this research effort. Parallel genetic algorithms are aso the subject of

recent research efforts, Bianchini and Brown (1993).

The final subsection in this chapter discusses Euler’s equation. Numerical algorithms
were developed to solve Euler’'s equations of gas dynamics. The numerical methods
developed to solve Euler’s equation on an irregular grid are discussed in Appendix B.
The published data on this subject is extensive. Good sources for up to date information

are the web pages maintained by Leveque (1997) and Larsson (1997).

3.2.1. Brief discussion of the PLIFE framework.
PLIFE isaframework for creating two dimensional, parallel, adaptive grid, or adaptive
mesh programs. The primary purpose of the development of PLIFE was to have a tool

for the study of load balancing techniques for adaptive grid programs.

A program tool used to evaluate the research for this dissertation must have several
characteristics. First, it must perform some type of numerical calculation. The calculation
must be a simulation of a physical system using a grid of data points or cells. The tool
must operate as a parallel program, with sections of the grid assigned to various processors.
The program must allow adaptive grids. That is, the program must have the capability to
change the grid resolution in particular locations. Thisis done either by taking a particular
cell and breaking it into a collection of cells, or by taking a collection of cells and

combining them to create a larger cell. Finally, to test various dynamic load balancing
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strategies, the program must be able to move data cells from one processor to another.

PLIFE was designed to meet these requirements to test dynamic load balancing
strategies for adaptive grid programs. In addition to the basic requirements outlined
above, PLIFE was designed to be flexible and portable. For additional information on
PLIFE see Appendix A.

3.2.1. Brief discussion of the parallel GA framework.

CHUCK isaframework for developing a parallel genetic algorithm program. It was
used to create the GA for this research effort. To use CHUCK to create a paralel GA,
the user needs to add the fitness function and initialization routines. Two of the highlights
of CHUCK include parallel operation and a fast mutation ability. The parallel modes of
operation are discussed here. The fast mutation operation, which may be new as no
references to it have been found, is discussed in Appendix C. The use of the parallel GA
for this research effort is discussed in detail in Chapters 4 and 5.

There are two fundamental modes of operation of CHUCK. In the first mode the
master processor holds the population and sends requests for fithess function evaluations
to the slave processors. In the second mode, the population is distributed across all
processors with each processor holding its own subpopulation. If the size of the total
population is divisible by the number of processors, then each processor holds the same
number of members of the population. Each processor does the fitness function evaluation
for its subpopulation and each does its own reproduction. This is the mode which was

used for this research effort.

There are many interesting variations on this parallel method of operation which
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have been used in the past. See for example Bianchini and Brown (1993). CHUCK takes
many of the concepts for the parallel operation of genetic algorithms and puts them into a
single framework. The following are supported by the genetic algorithm used for this

research.

In variation 1 each processor works independently for “I” generations. Then, a
global parallel sort is done, followed by a redistribution of the top half of the population.
Thisvariation allows for atightly to loosely coupled agorithm depending on the value of
l. It can allow separate and independent evolutions to occur and in the end take the best
of the independent populations. With tight coupling, (I=1), a sequential algorithm can be

simulated.

In variation 2, a rectangular topology for the processors working on the problem is
assumed. Each processor is allowed to work independently for “J’ generations. Then an
exchange is done between neighbors of some portion of the population, left-right and
top-bottom. The amount of the population exchanged between neighboring processorsis
determined by an input parameter. There is a concern that this method is somewhat
artificial, in that, it forces a topology onto a problem which does not have a topology of

its own.

In variation 3, an aggression factor is assigned to each processor. Then the processors
are alowed to work independently for “K” generations. Next, the aggressive processors
force a portion of their population onto the other processors. It has been found that this

allows a degree of randomization which helps prevent stagnation of the population.

Variation 4 is a combination of 1, 2, and 3. The threshold for the amount of each
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parallel method is controlled by the input parameters.

For this research effort, a combination of methods 1 and 2 is used. The aggressive
takeover algorithm is controlled by an input parameter. For this effort it was turned off.
The effect of the aggressive takeover form of parallelism is left as an area for future

research.

3.2.1. Euler’sequations of gasdynamics.

Euler’s equations of gas dynamics were used as the basis of the simulations for
testing the load balancing and communication control algorithms. Euler’s equations are a
set of partial differential equations which predict the flow of fluids and gas. The equations
predict energy, pressure, density, and velocity as a function of time. It is assumed that

the gas or fluids are compressible and they flow without viscosity.

Euler’s equations are used for the simulation of many types of physical phenomena.
The ssimulation of weather is one area where Euler’ s equations are applicable. Calculations
of flows around two and three dimensional objects, such as aircraft, can also be done.
Simulations of explosions are often performed by assuming that the explosive deviceis a
ball of hot gas. If an explosive device has sufficient energy, explosions in solids can also

be simulated because the solids will act as gases under very high pressure.

Let p be the density of the gas or fluid, u be the velocity in the x direction, v be the
velocity in they direction, p is pressure and E is the total energy per unit volume for the
gas. In Euler’'s equations al of these quantities can be dependent ont, x and y. Intwo

dimensions and rectangular coordinates, Euler’s equations are of the form:



where

E, the total energy, is the sum of the kinetic energy and e, the internal energy of the

fluid. It can be written as;
1
E == plu* +V?)+ pe.
5 P(U+ ) + pe

Finally, it is assumed that the internal energy is a known function of the pressure and

density:

e=¢(p,p).

This relationship is known as the equation of state for the gas and it depends on the
particular gas which isto be simulated. The equation of state for the internal energy of an

ideal gasisof the form:
Y

" -9p

withy=1.4 for air.

The Euler system of equationsisin a class known as conservation equations. Specific
guantities involved in the simulation are conserved, that is, the sum over all space of a

conserved quantity is a constant in time. For the Euler system, the conserved quantities
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are energy, mass, and momentum.
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Chapter 4. Development of heuristics.
4.1. Introduction.
This chapter describes the first tests using the genetic algorithm on 4 nodes of the
ARC SP1. A 12% improvement of the performance of the adaptive grid program was
seen inthesetest cases. Thisimprovement can be contrasted to Wheat' s (1992) performance

degradation on hisfirst example and a 6% improvement on his second example.

As the result of these tests, several heuristics to increase the GA effectiveness were
developed. Also, in the course of these test cases the essential requirements and conditions
for the GA to be effective became apparent. These two sine qua nons are that, (1)
domain specific knowledge must be used to aid the GA and (2) improvements must be

made to the genetic algorithm.

In the first part of this chapter we have a description of the example simulation, that
is, the Euler’s equation problem solved by the adaptive grid program used to test the
heuristics. Next, we have a description of the information presented in the various charts
and graphs in the rest of the chapter. Most of the chapter is devoted to a description of
the results of the simulation, the heuristics which were the fruit of these ssmulations, and

the relationship between the heuristics and the two sine qua nons.

4.2. Simulation description.

An important classic, one dimensional Euler problem is the simulation of a shock
tube. It is assumed that a long tube is divided into two sections. The sections are
separated by a membrane which can be instantaneously removed. The gases on each side
of the membrane are at different temperatures, densities and pressures. At time equals

zero the membrane is removed. Euler’s equations predict the values of the variables as a



function of time along the length of the tube. This problem is often called Sod’s (1978)
problem after the author who used it to study various numerical techniques. Itsimportance

isthat it is often used to study numerical techniques.

There is atwo dimensional extension to this problem which is often used for testing
numerical routines. Assume, that at time equals zero, we have a cylinder or ball of high
pressure, temperature, and density gas enclosed in amembrane. The membrane is removed
and the evolution of the system is followed. This two dimensional extension of Sod’'s
problem was the first one used to test the load balancing and communication minimization

algorithms.

For the test case the calculation grid simulated a region of space from (x,y)=(0,0) to

(x,y)=(1,2). Intheregionwhere r = x> +y* < 0.1 we have an initial pressure of 3.0 and

adensity also of 3.0. Intherest of the space theinitial pressure and density was 1.0. The

velocities of all of the materials at the starting time of the simulation were zero.
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Figure4.1. Initial density for an example calculation.

The boundary conditions along the x and y axes are reflective. This means that, in
the region across the boundaries, the following conditions hold. The pressures and
densities are the same on each side of the boundary. Across the top and bottom boundaries,
the velocities of the materials in the y direction are opposite of each other. Across these
boundaries the velocities in the x direction are the equal. Across the left and right
boundaries, the velocities of the materials in the x direction are opposite of each other,

while the velocitiesin the y direction are equal.
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cycle=0 t=0.000000
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Figure4.2. Initial pressurefor an example calculation.

What is the implication of these boundary conditions? With initial conditions that
are symmetric about the origin, and reflective boundary conditions, we can simulate what
is occurring in the four quadrants of the plane by performing the calculation in only the
first quadrant. For the problem outlined above, we simulate a cylinder by only performing
the calculation for a quarter of the cylinder. The calculation time is cut by a factor of 4.
This configuration was used because such types of calculations, simulating 4 quadrants

using only one, are often performed in practice.

The system is alowed to evolve as the ssimulation time progresses. Astime progresses,
the material in the high pressure, high density region will spread to the region of lower
pressure. Material will first start to move at the discontinuity at r=0.1. We can define

two important radii, ry and r,. The outer radius, r, is greater than 0.1 and r,, the inner

40



radius, is less than 0.1. Only in the regions between r, and r, is material moving. The
values of these two radii change with time, with r, growing and r, going to zero. These
two radii are important in the heuristic used to estimate alower bound for the communication
cost for a distribution of cells. This estimation is used in the fitness function of the

genetic algorithm.

Initially the calculation grid was 256x256. Grid adaptation, that is cell splitting,
occurred for every cell where the difference in the velocity of the material in that cell and
aneighboring cell was greater than 0.005. At a given simulation time, the cells roughly

between r, and r, will have split.

For the first test of the genetic algorithm 4 processors were used. Each processor
was initially responsible for a 128x128 section of the grid. Processor 0 was initially
assigned the region of the grid in the bottom left hand corner, the corner with the region
of higher pressure and density. Processor 1 held the bottom right hand corner of the grid.

Processor 2 the top left corner and processor 3 the other corner. Seefigure 4.3.
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Assignment of grid to processors
Cycle=0 t=0.0

0.75_
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Figure4.3. Initial distribution of cellsto processors.

As cells split on processor 0 they were moved periodically from that processor. The
genetic algorithm was given the responsibility to determine which of the split cells to
move from processor 0. They were moved to maintain a good load balance but also in

such a fashion as to maintain a small amount of communication.

The calculation was run for 1000 iterations for a simulated time of 0.233 seconds. At

the last iteration 9167 of the 16,384 cells on processor 0 had split. The cells which spit

are shown in figures 4.7 and 4.8.

The initial conditions describe a calculation for which most of the action occurs in
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the bottom left hand corner of the grid. This section of the grid is held by processor O.
Only cells on processor 0 split. If cells were not moved to the other processors, their load

would remain constant.

There was an additional restriction in effect for this calculation which was not
present in later example calculations. Only one level of adaptation was allowed. For this

calculation, once acell split, its children were not allowed to split again.

The effect of this restriction is that, even if left alone, processor O would never get

grossly out of balance with respect to the other processors. If no cells are moved, at the
end of the simulation processor 0 spends 1.5 seconds per iteration in the calculation

subroutine, while the other processors spend 0.55 seconds. The calculation routine is the

routine that performs the numerical calculations of the ssmulation. The total time spent in

the calculation subroutine is 999 seconds for 0 and 558 for the other processors. The

average is about 668 seconds.

This gives the GA adifficult task. If there was no additional communication, and a
perfect balance of load, the best possible decrease in run time would be 999-668=331
seconds. So to improve performance, the total of the GA run time and the increase in

communication must be under 331 seconds.

4.3. Description of information presented.
Many runs of the simulation described above were performed to test the cell to
processor distribution algorithms and to develop the heuristics. The charts on the following

pages summarize the results of the test runs. The charts contain the following information.

43



We have the frequency at which the hill climbing routine was called, for example, every
3 generations. The significance of this piece of information will be explained in following
sections. We have the size of the population for the genetic algorithm, followed by the
number of generations for the routine. The next column contains the most important
information, the run time of the simulation in seconds. The speed up is the percent
increase in speed compared to the base line case, the run when no attempt was made to

balance theload. Next we have the GA run time in seconds.

Return is an interesting parameter. It isameasurement of the return on the investment
of running the GA. It is the ratio of the GA run time to the decrease in run time
compared to the base line case. A return of 2 indicates that the overhead of GA was
worthwhile. It saved twice as much time as it took to run. Any positive return indicates
that running the GA saved time. A negative return indicates the run took longer than the

base case.

Balance is a measure of the imbalance for a simulation. It is the average positive
difference between the time spent in the calculation subroutine for each node, and the
average of the calculation time for al nodes. A balance of 0 would imply that the
calculation was perfectly balanced. The comm. time or communication time is the

average time spent by all of the nodes in communication.

For some of the simulations the GA was not called. For these simulations where the

genetic algorithm was not called, the appropriate columns are 0.

4.4. Resultswith no load balancing and random load balancing.

The first chart given below, table 4.1, contains the run time statistics from the base
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line cases, those against which the genetic algorithm runs are compared. When there was
no attempt to move load from processor O, the simulation ran for 1451 seconds. The

communication time was low, at 47 seconds. Processor 0 spent 999 seconds in the

calculation subroutine while the others took 558 seconds in the calculation routine for
the averagegiven above of about 668 seconds. Note that if we could balance the load with
Nno increase in communication or any other overhead, we would have a run time of about

1451-999+668=1120 seconds.

For the second run, a probabilistic routine was called to balance the load. At specific
intervals throughout the ssmulation, a routine was called to move cells between processors.
The cells were moved to random processors but with the stipulation that the load would
be balanced after the cells were moved. With this random distribution there was no
attempt to move clusters of cells in patterns to bring about a low communication cost
except that cells were moved in groups of 16 cells as described in section 4.6.1. This
simulation ran ailmost 200 seconds longer, 1631 seconds. The balance parameter wasin a
range, between 9 and 10. Communication was high at 537 seconds. The communication

cost was the chief reason for the long run time for this run.

Often | Size | Gen | Wall Time | Speed up GA Return | Balance | Comm. time

1451 0 0 of 82.7 47

o
o
o

1631 -11.0 0 0 9.9 537

o
o
o

Table4.1. Baseline simulation for which no movement of cells occurred and a
simulation for which the movement occurred randomly but balanced the load.

In the sections that follow, the data from the simulation runs which were performed
using the GA to distribute cells to processors will be presented. Before presenting this

data, the fitness function for the GA will be introduced and the application of sine qua
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non one, use domain specific knowledge, will be discussed. Intuitively, even before the
first of the GA runs were performed, the importance of using domain specific knowledge

was known.

4.5. Introduction of thefitness function and therequest vector.

As has been stated, the purpose of calling the GA is to produce a distribution of
cells to processors which has a good load balance and yet has a low communication
requirement. Aswould be expected, the fitness function for the GA reflects the desire to

return distributions with good balance and low communication. The fitness function was
of theform fitness = ¢ Fitness,,, + C,FitNess, . micaion» With €1 + c2 =1. For convenience,

Fitness,,, and Fitness, ., icaion &€ 1N the range of O to 1. Thus the fitness function had a

range of 0to 1. (For more information about the fitness function, see Appendix C.)

Fitness,, has a high value for distributions which have a good load balance. What

number of cells should be moved between processors to produce a good load balance?
The routine Find_req determines a goal of the number of cells to be moved to various
processors to balance the load. Find_req returns a vector of length equal to the number

of processors. The vector is called request. It contains the fraction of the total number of

cells that each processor needs to balance the load. We want Fitness,_, to be a maximum

for distributions of cells to processors which match the request vector.

To derive the request vector, assume we are working on 4 processors and then

generalize to P processors.

Assume we start with equal load, N, on 4 processors. Processor 0 splits M of its
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cells. Processor 0 now has 4M new cells to calculate, but calculations are no longer

performed for the M cellsthat split. Theload on processor O isthus N+4M-M=N+3M.

We have:

Pr ocessor Load

0: N +3M
1: N
2: N
3: N
_ 3,,0
ave= E{\I +ZMD

What percentage, W, of the N+3M cells must |eave processor 0 to balance the |oad?

W:N+3M—E{\I+%MB=2%M. For an arbitrary number of processors, P, the average
. 3.0 _ _ 3.,0_0, 3
|s§\|+EMDsoW_N+3M E{\HEMD—% PEN.

The load that leaves processor O is distributed evenly over the other processors.
Recall that the request vector must sum to 1. The request vector is thus request(0)=1-W
and request(N>0)=W/(N-1).

4.6. Expansion on sine qua non one, use domain specific knowledge.

The first portions of domain specific knowledge used are very general, applicable to
almost any adaptive grid program and independent of the method used to assign cells to
processors. In fact, for the second simulation discussed above, even though the cells

were moved to random processors, sine qua non one, use domain specific knowledge,
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was important to this run. Domain specific knowledge was used to reduce the communication
time and to improve the load balance. This may be surprising considering the run time
for this simulation was longer than the simulation for which no attempt was made to

balance the load. Thiswill be explained below.

4.6.1. Larger contiguous blocksimpliesless communication.
Asdiscussed in Chapter 1, for most grid programs, cells need data from their neighbors
in order to update values for the next time step. If neighbors are on different processors,

communication needs to occur to update the values of the cells.

Thefirst piece of domain specific knowledge used wasthat if the blocks
of contiguous cells on the same processor are large, communication will
be less than if the block of contiguous cells on the same processor are

small. Thisknowledge was exploited by moving cellsin clusters.

What is a cluster? A cluster of cellsis a rectangular region containing at least 16
contiguous cells. All the cells of a cluster that are moved by the GA are at the same level
in the tree structure that describes the grid. (For a description of the data structures used
to store the grid, see Appendix A. For a description of the subroutines referenced in this

section also, see Appendix A.)

A cluster of 16 cells al share the same grandparent. Thisis shown graphically in the

figure below. A tree structure with the 16 leaves sharing a common ancestry is shown.

A cluster can contain more than 16 cells if one or more of the cells has children. For

example, the second cluster shown below has 24 cells. When a cluster is moved, the 16

48



cells at the same level and their descendents are moved, not the parents or grandparent of

the 16 cells.

The area covered by a cluster is the area of the grandparent or, 16 times the area of

the smaller cdlls.

Common
-~ G andpar ent

\Cluster of 16 cells/

Custer with 16+4+4=24 cells

Areas defined by the two
cluster diagrans given above

Figure4.4. Cluster of cellsmoved by the genetic algorithm.

All of the clusters moved by the GA have grandparents at the same level in the tree
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structure. All clusters represent the same sized area in the grid. The level in the tree
structure at which the cells of a cluster are found is determined by a flag set in the
program. Setting the parameter to different levels changes the level of finesse at which
the GA can operate to balance the load. Setting the level closer to the root of the quad
trees decreases the finesse. In this document finesse refers to the refinement and delicacy

of performance, execution, or artisanship.

Why move cells in clusters? Moving in groups places a lower upper limit on the
communication cost for adistribution of cells. When cells are moved in clusters, the only
communication between processors will be for cells on the edge of the clusters. Even for
the random distribution discussed above, the communication time was reduced by moving
cellsin clusters. (Aswill be discussed below, when the GA is used to assign clusters to
processors, the size of the contiguous blocks of cells that are on the same processor tend
to be larger than when the cells are distributed randomly. This enables a further lowering

of the communication cost.)

Another advantage of moving cellsin clustersisthat the search space for the algorithm
that is used to assign cells to processors is reduced. For most algorithms, this allows a
faster run time. What does this mean, the search space is reduced? Consider 128 clusters
of 16 cells, each cluster being assigned to one of four processors. There are 4'% or 2%°
possible distributions of clusters to processors. If the cells are distributed one at a time

(128"16) (3 94096

thereare 4 possible distributions of cells to processors.

The GA uses as input a collection of clusters of cells and a description of the grid in
the neighborhood of the clusters. This description includes the processor id for the cells

surrounding the clusters. Thisinformation is used by the GA when calculating the cost of
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communication for a particular mapping of cellsto processors.

For the experiments described in this chapter and the next, the initial grid is defined
with N levels in the quad trees. (N varies by experiment.) The level for cells in the
clustersisset at N+1. Initially, there are no cellswhich are parts of clusters. The clusters
are empty. Full clusters are generated as the simulation progresses. When the four cells

below a grandparent for a cluster split, the cluster isfull, that is, it has 16 cells.

Clusters are considered for movement by the GA only when they are full. For afull
cluster the four leaves have split into at least 16. This represents a factor of at least 4
increase in the computation time for the area covered by a cluster. Before a cluster is

full, its extra computational load is not considered to be significant.

When the GA completes its execution, it returns a vector that contains the assignment
of clustersto processors. Thislist ispassed back to the PLIFE framework. The framework
moves the cells to other processors, finds neighbors as needed, and adjusts communications.
If N isthe number of clusters, then the number of cells moved isM >= 16N. The number

exceeds 16 N when one or more of the 16 cellsin acluster have split.

For this example calcluation, the GA was called periodically to assign full clustersto
other processors. That is, periodically, the genetic algorithm was given the responsibility

to determine which of the split cells to move from processor zero.

4.6.2. Clustersof cellsare generated at irregular rates.
How often should the GA be called? If the GA is called often then each timeiit is

called it has few clusters to move. As discussed by Ozturan, deCougny, Shephard, and
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Flaherty (1994) the run time improvement from moving a few cells may not outweigh the
time required to move them. If the GA is given too many cells to move then the search
space for the GA islarger and a good solution may not be found. Also, if the simulation
is alowed to run for a long time between GA invocations the calculation will be out of

balance for many cycles.

Based on the experience from a small set of parametric studies, the GA was called
when there were 100 clusters to distribute to other processors. Thus, for these ssmulations,
the GA was called at cycle numbers such that, each time it was called, it had about 100
clusters of cells, or 1600 cells to distribute. It was called at cycle numbers. 65, 141, 212,
279, 341, 399, 454, 505, 552, 597, 640, 680, 718, 754, 790, 824, 857, 890, 923, 956.

The second piece of domain specific knowledge used was that over the
course of the calculation clusters of cells are generated at irregular
rates. By measuring the rate of the generation of clusters, and using

this measur ement, the efficiency of the GA can beincreased.

Initially, when the GA was being tested it was run at regular intervals, every 25
calculation cycles. Running the GA at the cycle numbers given above produced better
run times because the GA was not given excessive cells to distribute one time and only a
few the next. Also, by giving the GA about the same amount of work each time it is
called the same set of GA control parameters can be used from one invocation to the
next. If a set of GA control parameters are found which work well for one invocation

they will likely work well for the next invocation.

4.6.3. Futureload can be estimated.
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For this example calculation, since there is only a single level of adaptation and
excess load is only generated on processor 0, we use a simple function for the request
vector. Fortunately, the simple form of the function allows for load prediction. This can

be used to increase speed up.

If adistribution of cells to processors is done according to the request vector given
above, the loads will be balanced. Shortly thereafter, processor zero will again have
excess load. Node 0's amount of excess load will continue to grow until the next

redistribution. Also, node zero will always be the last to finish a calculation cycle.

Assume a redistribution of cells occurs at iteration number J, so the 4 nodes are
balanced. Also assume a calculation cycle takes 1 second. Assume that node O is gaining
load at a constant rate from cells splitting and at some later iteration, iteration K, node O
has gained load enough load to cause the calculation rate to be 1.03 seconds/cycle. At a
still later iteration number, L, node 0 has gained load and it is causing the calculation rate

to be 1.12 seconds/cycle.

Now assume W, defined in section 4.5, is multiplied by a factor, N'>1. When a
redistribution is performed, processor O will have less load than the other processors.

Until itsload increasesto that of the other processors, it will run faster.

Assume enough extra load is off-loaded to the other processors so that processor 0
runs 0.09 seconds faster per iteration, that is at a rate of 0.91 seconds/cycle. The other
processors will run 0.03 seconds slower. They will determine the overall calculation rate
with times of 1.03 seconds/cycle. The rate will remain constant at 1.03 seconds/cycle

until enough additional load is produced on node O to bring its rate over 1.03. This
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occurs at iteration L. Seefigure 4.5.

If we go back to the case where no additional load is off loaded from processor 0, at

iteration L, the rate is 1.12 seconds/cycle.

Between iteration J and K, the calculation rate is faster if no additional load is

removed from node 0. After the Kth cycle, the calculation rate is faster for the case when

the additional load is moved from O.

The total run time isthe integral of the calculation rate. Sometime after iteration K,
the run for which the additional load is moved from processor 0 will pass the base line
case. Therate will continue to be faster. Until the load is redistributed, it will continue

to gain an advantage over the run for which no additional load is moved.

Overall rate
i f additional
| oad i s noved

1.03

Cal cul ation Rate
Seconds/ cycl e
|_\
o

0.91 s

J K L
Cal cul ation cycl e nunber

Figure 4.5. lllustrates the calculation rate dependency on the movement of
extraload for nodeO.



When the additional load is moved from processor 0O, the overall speedup for arunis
dependent on the rate at which new load is generated on O, the frequency at which the
load is redistributed, and the parameter I'.  For this particular set of simulations, it has
been found that a value of I of about 1.3 will produce overall run times that are about 15
seconds faster.

Thuswe have thethird use of domain specific knowledge. The knowledge
Is that, at some time extra load is being generated on a particular
processor and also for the near future, extra load will continue to be
generated on that processor. This knowledge is exploited by the
movement of extra load. The movement of extra load decreased the

run time.

Although the value of I'=1.3 produced good run times, the balance parameter was
higher than expected, about 9.5. What this signifies is that the calculation would have

been balanced if processors 1-3 each gave processor 0 about 9.5 seconds of work.

Why such a bad balance? N'=1.3 was a good value at the start of the calculation, a

value even alittle higher may have been better. At the end of the calculation N'=1.3 was

too high. This caused processor O to be under loaded. A better strategy would have been

to have avariableI'. The further study of strategies to determine the amount of load to
be moved between processorsis |eft as an area of future work. However, these experements

show that improvements are possible when problem specific information is used. Further

work needs to be done to determine methods to find dynamic valuesfor I'.
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4.7. Cellssplitin theregion of the shock front.

Using the domain specific knowledge discussed so far did not lead to very good
results. Simulations were run using this knowledge and various implementations of the
fitness function and GA control parameters. The improvements in the run time were
small, afew seconds. Analysis of the results indicated two problems. The run times for
the GA were long and the communication costs were high. In order for the GA to be
effective these issues needed to be addressed. We will next discuss the use of domain
specific knowledge that made a significant improvement in the communication time for
the ssmulation and thus made a significant improvement in the run time. The communication

time was reduced from 350 seconds to 230 seconds.

The domain specific knowledge deals with the characteristics of the propagation of
shock waves. With the incorporation of this knowledge the way the fitness function

counts communication cost was changed.

Recall that only cells which have split are considered for movement by the GA. The

load balancing algorithm was designed to move these split cells to maintain a good

balance.
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Figure4.6. A shock wave propagating through the grid.

As a shock wave propagates the cells just in front of it tend to split. Assume a
shock wave is moving left to right through the grid. Cells directly to the right of the
wave will have split and can be moved by the load balancing algorithm. Cells a little
further to the right will not have split and are not moved. Thusthereis aboarder between

cells which can not be moved by the GA and those that can be moved.

What happens on this boarder is critical. Thereisaconflict. To balance the load,
the GA wants to move the cells which have split. At the same time it does not want to
move the cells because this would cause communication. If the GA decides not to move
the split cells on the boarder, then it will not want to move the cells behind them either,

and so on.

Assume the GA decides not to move the cells. The next time the GA is called, the
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shock wave will have propagated further to the right. The previously unsplit cells will
have split and will be ready to be moved. To their left there are cells which are still on
the original processor. The GA will not want to move these new cells because doing so
will cause communication with the cells to the left. The bottom line is that the GA will

not want to move cells.

Consider what happensif, in the fitness function, we do not count the communication
between the split cells and the unsplit cells. First, the GA is“free” to place the cells on
the boarder on any processor without penalty to the fitness function. In doing so it can do

a better job of balancing the load.

But won't this cause an increase in communication and slow down the run time?
Yes, but only for a short while. This is where the domain specific knowledge comes in.
We know the shock wave will continue to propagate and we know the cellsin front of it
will soon split. The next time the GA is called these cells will be moved. Most likely
they will be moved to the processor which holds the cells behind them. We only pay a

communication penalty for these cells until the next time the GA is called.

Thus we have the fourth use of domain specific knowledge that, asa
shock wave propagates, the cells just in front of it tend to split. We
exploit this knowledge by not counting the communication between the
split cells and the unsplit cells in the fitness function. The use of the
domain specific knowledge greatly increased the ability of the genetic
algorithm to improve performance by decreasing the communication

cost of the distributions of cellsto processors.
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This modification to the fitness function produced interesting results for the distribution
of cells. Distributions tend to form in clumps, with all cells in a clump on a single
processor. These clumps grow after each invocation of the GA. They tend to grow along
the direction of the propagation of the shock wave. This tends to reduce communication
and produce better run times. It is interesting to note that for a spherically expanding
shock wave, the clumps tend to form wedges. The differences in the distribution of the
cells when communication between split and unsplit cells is counted and when it is not
counted can be seen by comparing figures 4.7 and 4.8. Again, the improvement in
communication time between these two runs was 120 seconds with no increase in the run

time for the GA.

Distribution of split cells to processors
Region in white is unsplit cells

:

0.5

X

Figure 4.7. Distribution of cellsto processors at the end of the simulation with
communication between split and unsplit cells counted yielding a communication
time of 348 seconds.
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Figure 4.8 Distribution of cells to processors near the ending time of the

simulation with communication between split and unsplit cells not counted yielding
a communication time of 228 seconds.
As discussed above, there are two sine qua nons. Domain specific knowledge must

be used and improvements must be made to the algorithm of the GA. We now discuss

the second sine qua non: improvements to the GA.

4.8. Sinequa non two, improvement in the GA.

4.8.1. Fast mutation.

The standard method of mutation in a GA runsin time proportional to the population
size times the size of the vector describing the members of the population. This method
is described by Fogel (1996). A mutation methodology was developed for use in this

research effort which runs in time proportional to the population size times the number of
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genes, times the mutation probability P. For small P this is method is much faster.
Typical values for P are small, on the order of 0.01. This was the value used for this
research. For adescription of standard and fast mutation procedure see Appendix C. The

fast mutation was the first modification to the basic structure of the genetic algorithm.

4.8.2. Discussion of the Mansour-Fox algorithm for static grids.

Mansour and Fox suggested a collection of modifications to the basic genetic algorithm
to improve the quality of solutions returned. Their modifications to the standard GA
were incorporated into the load distribution routines. Their algorithm will be discussed
next. Then the improvements made to their algorithm as a result of this research effort

will be discussed.

Mansour and Fox (1991) used a genetic algorithm to perform load balancing and
communication reduction for a static computation problem. This GA was used to allocate
grid elements to processors for a finite element calculation on a hypercube. The GA
seeks an element-to-processor mapping which minimizes communication and maximizes
load balance. Tests were performed on two irregular grids. Inthefirst case, a distribution
was derived which allowed a run time efficiency of 93% on 8 nodes of a hypercube. In
the second example an efficiency of 97% was obtained running on 16 hypercube nodes.
Their efficiency was a comparison of the measured run time to an estimate of the best

possible run time.

The Mansour-Fox algorithm starts off like a standard GA. Initially though, they do
give ahigher weight to minimizing communication in the fitness function. When 50% to
75% of the generations are completed, changes are made. The weighting becomes a

function of iteration number, with the weighting for the final generation being 50-50.
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Also, after 50% to 75% of the generations are completed, a greedy hill climbing algorithm
is called for every member of the population. After thisroutineisfirst called, it is called
every generation. This greedy algorithm first removes isolated cells. That is, if acell is
surrounded by four cells which are on the same processor and the center cell is assigned
to a different processor then the center cell is assigned to the same processor as the
surrounding cells. Also a check is performed for every cell which has neighbors on
different processors to see if the cell should be assigned to one of these processors. This
hill climbing algorithm is called in addition to the standard GA operations of finding

fitness values and reproduction.

Finally, they suppress normal mutation after the 50% to 75% of the generations are
completed. They replace the normal mutatio