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FOREWORD

The results documented in this report are part of the Office of Naval Technology (Code ONR-
227A) Engineering of Complex Systems (ECS) Technology Block effort. This work was done at the
White Oak Detachment of the Dahigren Division of the Naval Surface Warfare Center. The ECS
block was developed to integrate systems engineering capabilities for developing large-scale, real-time,

computer intensive systems. The goal of the ECS block is to improve the way in which the United

States Navy currently creates, maintains and upgrades systems by incorporating automated systems
engineering support technologies. These technologies will facilitate the design, analysis and life-cycle

management of large, complex, real-time systems. For example, the technologies developed by the

ECS block must be able to handle a system with a complexity level equivalent to the United States
Navy Aegis missile defense system or greater. The ECS block is divided into four projects: Systems
Design Synthesis Technology (RS34PI !), Systems Evaluation and Assessment Technology
(RS34P 12), Systems Re-engineering Technology (RS34P 13), and Engineering Application Prototype
(RS34PI4). This work is being performed under the Systems Design Synthesis Technology project by

the Resource Allocation subtask.

The goal of this work is to develop algorithms and techniques for partitioning, scheduling and

allocating logical task models of large systems onto the physical resources from which the system is
constructed. These techniques will allow the high level synthesis of designs that satisfy the system
requirements in an optimal, or near-optimal way.

This document covers the progress of the Resource Allocation Algorithms Task during the first
ten months. This task is anticipated to continue for three years and documentation will be provided
each year to reflect the current status of work. Since this task was initiated, much of the work
accomplished consists of research surveys, and collection of background information. As the project
continues the emphasis will shift towards the implementation and evaluation of the various resource
allocation techniques.
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ABSTRACT

This report addresses the development of automated techniques for solving resource allocation
problems in the high level synthesis of system designs. These techniques are developed with the
objective of supporting the design of highly complex systems that are characterized by an extremely
large number of physical components of many different types, with complex interconnections and
interdependencies. The purpose of the systems that are developed using these techniques is to imple-
ment a set of logical functions that define the overall system behavior. These logical functions can
be described as a set of communicating tasks that pass data and control signals from one to another.
The set of logical tasks must be mapped onto the physical resources from which the system is con-
structed. There may be many different ways to map logical system tasks onto the hardware re-
sources. A particular mapping can be scored according to how well it satisfies some overall system
design goal such as fault tolerance or rapid response time. The question as to how to identify optimal
mappings that maximize or minimize some design parameter is important. This report presents the
results of investigations of the performance of four different techniques for identifying optimal or
near-optimal allocations given a particular optimization goal.
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CHAPTER 1

INTRODUCTION

The purpose of the Resource Allocation subtask of the Systems Design Synthesis project is to
develop techniques for partitioning, allocating and scheduling logical task models of large, mission-
critical systems onto the physical resources that compose the system. A system of this size and
complexity is constructed from many disparate types of resources and can be examined at many
different levels of detail. At the higher levels, components in the design may include ships, aircraft,
satellites and communications links, onboard computer systems, as well as the human operators of
the system. At lower levels the system components include microprocessors, electro-mechanical
control systems, relays, motors, etc. Given a description of the system hardware structure, and a
description of the system logical structure, there may be many ways to allocate tasks from the logical
model onto the hardware resources. Some allocations are better than others. The question of how to
determine whether one allocation is optimal, in some formal sense, becomes an important one.

This report is divided into four chapters: Chapter 1 provides some background material; Chap-
ter 2 presents some mathematical terminology and the derivations of cost functions for a run-time
performance optimization problem; Chapter 3 discusses the resource algorithm development and the
results of some preliminary experiments using the cost functions derived in Chapter 2; Chapter 4
provides a summary and conclusion.

1.1 SYSTEM DESIGN

A system design can be represented in many different ways, and at many different levels of
abstraction. A design description will include a model of the hardware components and a model of
the logical task structure. The hardware model describes all the physical components of the design,
and their interconnections. The logical description defines the tasks required to perform the system's
mission, what information is needed to perform these tasks, and how the tasks pass information or
control signals from one to another.

The resource allocation problems considered in this document begin with a hierarchical descrip-
tion of the physical resources that implement the system. This is called the Implementation Model
(IM). A hierarchical description of the system's logical design is taken by the resource allocation
algorithms to be mapped onto the IM. This logical description is called the Logical Model (LM). The
primary focus of the work documented here is to address the problem of finding optimal mappings
of the logical tasks described by the LM onto the physical resources described by the IM.

1-1
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1.1.1 Imo~ementation Model 
NVW M9-3

The implementation model is a hierarchical description of the system's physical (hardware)
resources. The hierarchical structure of the implementation model allows the model to be expanded,
contracted, decomposed or recombined without limitation as the model evolves. This stu'cture
allows the model to be examined at many different levels of detail. The IM encap.,ulates the infor-
mation about the physical properties, and characteristics of the system model. This includes weapons
systems, communication links, sensors, processors and data-links - with related information such as
their data rates, capacities and connectivity.

Figure 1-1 shows a graphic representation of an implementation model. The vertices in the IM
graph represent processors in a distributed computer system. The vertices are labelled with their
processor types. The edges represent data interconnections. The characteristics of each data link are
expressed by a pair of numbers. The first number gives the data volume that can be carried by the
link in bits per second. The second number indicates the setup time incurred to start a data transfer.

12610s AN/UYK-43 463.2rs

680304 6/.2 s68030

12e6/170n ee( .2ms

AN/UYK-44 ' AN/UYS-1

I ~~4e6/3.2ms 68030 0e65n

FIGURE 1-1. IMPLEMENTATION MODEL GRAPH
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1.1.2 LogicalMoe

The logical model is a hierarchical description that captures the logical properties, attributes and
characteristics of the system design. The LM is constructed in a hierarchical manner in much the
same way that the IM is constructed. This model encapsulates the information about the data struc-
tures, and data flow, and describes the structure from a functional, or procedural point of view. The
LM may be expanded, contracted, and restructured to display the many levels of detail encoded in
the model

Figure 1-2 shows a graphic representation of a logical system model. Vertices in the LM graph
represent system tasks. Edges in the LM graph represent intertask information flow. Edges are
weighted with a description of the type and volume of data that flows across the edge. Information
communicated along an edge may be control information, data, or both. Edges entering a node may
be combined with the logical operators and and or. Logical and means that all of the inputs under
the and operation must be present for the task to execute. Logical or implies that one or more of the
inputs under the or operation must be present for the task to begin execution. Edges leaving a task
node may also be combined using and, and or operators. When output edges are anded together,
both data paths are followed at task completion. When output edges are ored together, the task may
send data out one or more edges at task completion time.

XY X andY Start

C-Control
D - Data
B - Both jj =XorY ( i 1

C-100 B-7.1e3

D-l.3e3e

C-I75 D4e B D-5.2e3

7 )

FIGURE 1-2. LOGICAL MODEL GRAPH
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1.2 PARTITIONING, ALLOCATION AND SCHEDULING

The concepts of partitioning, allocation and scheduling are often discussed in the study of
multi-tasking or multi-programming, especially for parallel or distributed processors. These concepts
encompass many of the critical design decisions required to solve the resource allocation problems
that occur in design synthesis problems. Definitions of these, and some related terms are provided in
this section. Differences between static and dynamic techniques are also described.

1.2.1 Paritioning

Partitioning is the act of dividing a program into a set of sequential tasks that can be executed in
parallel. A sequential task is a fundamental unit that is allocated and scheduled for execution on a
particular processing node, at a particular time. A task has several important characteristics:

* A task has a sequential execution time. The value for execution time for a particular task
depends on which resource from the IM the task is assigned to.

- A task has an associated overhead due to schedulin,, and communication costs.

* A task requires certain resources for its execution. These might be memory or I/O resources
for a computer, power for an electrical system, or fuel resources for a mechanical system.

* A task may have deadlines associated with it. A deadline is an upper bound on the interval
during which some critical action must be taken. If the task does not perform the associated action
before the deadline expires, the system performance may be compromised.

- A task has precedence constraints that specify a logical combination of control signals or data
that must be provided by predecessor tasks before execution can begin.

A parallel program may be partitioned into many small tasks, into a small number of large
tasks, or somewhere between these two extremes. The problem of determining appropriate sizes and
numbers for the partition's tasks is of fundamen:ta importance. Partitions need to be matched to the
type of hardware on which they will be executed. For example, it may be inefficient to partition a
program into thousara Js of tasks for execution on a multicomputer with only 20 processors.

1.2.2 Allocation

Allocation is the process of assigning a task from the partitioned LM to a specific node in the
IM. There are many factors that require consideration when performing the allocation. A fundamen-
tal consideration in allocating tasks to different nodes is the requirement for internode communica-
tion to exchange information from one task to another. Internode eommunication is likely to be slow
compared to communication between tasks that reside on the same node. This introduces a signifi-
cant overhead cost associated with the parallelization of a system. An efficient allocation must try to

1-4
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balance the load evenly over all the available resources, but must also keep the amount of internode
message traffic low. In a heterogeneous system there may be many tasks that are constrained to be
performed by one particular physical resource, or by one of a limited number of the resources given.
For example, a SONAR pulse emitted by the system might be constrained to be produced by one
particular transceiver, and could not be generally allocated to any resource element. It is also impor-
tant to consider that one type of resource may be much more efficient at executing a particular task
even though that task could be more generally allocated. For example, a Fast Fourier Transform
(FFT) would probably execute many times faster on a special purpose signal processing computer
than it might on a general computer.

1.2.3 Scdeduling

Scheduling is concerned with the precise plan for executing a set of tasks on the nodes in the
IM. A parallel system will require a set of schedules, one for each resource in the system. In addi-
tion, a schedule must satisfy the following conditions to be considered valid:

- All tasks in the schedule must meet their deadlines.

- The task precedence constraints must be met.

- The total number of tasks executing at any moment in time does not exceed the number of
resources (e.g. , processors) available to execute them

- The total amount of a limited resource (e.g. , memory) consumed by all executing tasks at any
node, at any particular moment in time must not exceed the total quantity of that resource available.

1.2.4 Static vs. Dynamic Techniques

An important distinction must be made between static and dynamic methods for partitioning,
allocation and scheduling. Static techniques work off-line during the design stage (or during the
compile stage for a computer program). Dynamic techniques operate during the system execution.
For example, in a typical multi-tasking computer system, scheduling is dynamic. Tasks are executed
by being selected by a special program called the scheduler based on their priority. The scheduler
determines execution order and allocates time slices to each task. In static scheduling, the execution
schedule is predetermined, and there is no need for a scheduler task. This eliminates some overhead,
but also reduces the flexibility of the system to respond to varying load situations. Most of the
problems examined initially will involve static techniques. Dynamic techniques may be investigated
as the project progresses.

1-5



NAVSWC TR 91-538

1.3 PROBLEM OVERVIEW

The resource allocation problem considered here is to partition, allocate and schedule the LM
modules onto the IM nodes to provide an effective system design. This problem is very similar in its
nature to the partitioning and scheduling problems considered for parallel program design. Also,
since the systems considered by the ECS block are often very heavily computer-based, much of the
work done on partitioning and scheduling problems in parallel processing is directly relevant to this
task. In this document, techniques for determining allocations of parallel computer programs to
parallel computer hardware are often examined. However, the overall problem that is addressed in
this work goes far beyond the computer-based systems that are often used as examples. The tech-
niques will be developed in a general way that allow their direct application to problems outside the
range of parallel/distributed computing. These techniques must be capable of expansion to handle
the large, complex systems design problems considered by ECS. The target systems will include
computer resources, as well as many other types of resources in an overall integrated system design.
Another significant difference between the resource allocation problems considered here and the
ones considered in the general literature on parallel/distributed processing is that many different
criteria, or measures of effectiveness (MOE), for the allocations are involved. Most of the parallel/
distributed processing work only considers optimization to minimize run-time. Run-time is, in
general, a very important criterion, but there are other criteria to be considered, such as fault-toler-
ance, security and predictability.

1.4 PROBLEM COMPLEXITY

Many techniques have been developed to address task allocation problems in parallel and
distributed computing. For some special cases, polynomial time algorithms are known that can
optimally allocate and schedule a set of tasks for parallel execution. The special cases for which
polynomial time algorithms are known cover a very small fraction of the kinds of systems with
which the ECS block will be concerned. These cases will be handled separately, and the techniques
developed here will be reserved for those cases where no polynomial time algorithms for task parti-
tioning and allocation are known.

To understand the size of the problem space under investigation, consider that if there are n
nodes in the IM, and m nodes in the LM, and if any node from the LM can be mapped to any node in
the IM, then there are n- different ways of allocating LM nodes onto IM nodes. Allowing a task to
be redundantly allocated to more than one node in the IM, results in (2" -1)" possible allocations.
The determination of an exactly optimal allocation may require a search through all possible alloca-
tions. In some cases there will be constraints that limit the number of resources to which a particular
task can be allocated. Cases such as these will help to reduce the number of possible allocations, but
the general problem still needs to be considered.

The general multiprocessor task allocation and scheduling problem under resource constraints
was shown to be a member of the class of NP-complete problems by M. R. Garey and D. S. Johnson'
in 1975. There are no known algorithms for finding exact solutions to NP-complete problems with
less than 0(c') time complexity where n is a measure of the size of the problem and c is some posi-
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tive constant. This limits the magnitude of problems that can be solved exactly to n less than 1000 or
so. The problems considered by the ECS block may often require allocations where n is on the order
of 1K to IM. This requires mlaxation of the requirement that solutions be exactly optimal. Tech-
niques that produce solutions that are good enough (satisfy the system requirements and measures of
effectiveness) will have to be sufficient. Many different algorithms have been developed to produce
solutions to problems of this complexity. Some of these algorithms use rules of thumb, or heuristics,
to produce good solutions. Some algorithms are based on stochastic hill climbing techniques. In this
work algorithms of both types are examined.

1.5 ALGORITHMS CONSIDERED

To date, four different algorithms have been investigated. Two of the algorithms examined are
stochastic algorithms. These algorithms are the simulated annealing and genetic algorithm methods.
Two of the techniques discussed are based on heuristics that derive from common observations
about the nature of good solutions to the task allocation problem. These methods are the simulation
based and communications based algorithms.

1.5.1 Simulated Annealing

Annealing is a physical process that can improve the strength and resilience of metals and
glasses. Annealing is performed through a series of heating and cooling cycles based on a controlled
schedule. The material is usually heated to its melting point, and then cooled slowly to allow its
molecules to assume a stable configuration. The stable configuration desired would typically be that
which optimizes the strength of the material at some temperature. The material is then reheated to a
lower temperature, and cooled slowly to allow generation of a better stable state. This process is
repeated many times according to a precise annealing schedule. This allows the gradual formation of
a molecular arrangement that optimizes the strength of the material under normal operating condi-
tions. The annealing schedule specifies the heating and cooling rates for each phase.

Simulated annealing is a technique that attempts to exploit a useful analogy between statistical
mechanics, and combinatorial optimization problems. Statistical mechanics is concerned with the
behavior of systems with many variables, or degrees of freedom, in thermal equilibrium at some
temperature. Combinatorial optimization problems involve the minimization of a cost function that
depends on many parameters. Simulated annealing algorithms are designed to find solutions to
combinatorial optimization problems by appealing to an appropriate temperature cooling schedule
that insures convergence to the global optimum for the cost function. This is analogous to the pro-
cess of annealing in metals or glasses, and provides a powerful computational technique for the
optimization of the characteristics of large, complex systems. The resource allocation problems
examined here are combinatorial optimization problems, and simulated annealing techniques provide
a good candidate for generation of good solutions. The cost function that describes the solution
fitness is substituted for the energy function that is minimized by the annealing process, and a sto-
chastic model of the annealing process taken from the area of statistical mechanics is used.

1-7



NAVSWC TR 91-538

The technique of simulated annealing dates back to the work of Kirkpatrick, Gelan and Vecchi,2

and Stuart and Donald Geman.A Their work, in turn, was based on the work of N. Metropolis, et al.,4
and the work of J. Willard Gibbs, who introduced a probability distribution governing the energy
macrostates of a large system of particles. If such a system of particles is defined by a set of atomic
positions (r), then the probability associated with the presence of that configuration is given by
exp(-E(rj)IkT), where E((r)) is the energy of the configuration, k, is the Boltzmann constant, and T
is the temperature in degrees Kelvin. There is a fundamental question in statistical mechanics which
concerns what happens to a large system of particles in the limit of low temperature. At elevated
temperatures, ground states and configurations close to them in energy, are extremely rare. As the
temperature is reduced, the Boltzmann distribution collapses into the lowest energy state of the
system. Low temperature is not a sufficient condition for finding ground states though. If a system of
particles is melted, and then cooled too rapidly, the configuration that arises may correspond to a
locally, rather than globally, optimal structure.

There are two types of simulated annealing algorithms which have been popularized recently:
The first is the Classical Simulated Annealing distribution (CSA). The second is the Fast Simulated
Annealing distribution (FSA).

Classical Simulated Annealing. The classical simulated annealing algorithm, as introduced in
Kirkpatrick, Gelatt and Vecchi2 and Stuart and Donald Geman3 can be described more formally as
follows.

There exists a set of N sites S = Is), 1 < i < N, and one considers a family of random variables
X = (X,, s e SJ. For simplicity, a common state space is assumed, say A = (0,1,2, ... , L-1), so that
each X, can assume only a finite number of values. Letting co = (x,, , x,, ... xs" ) , where x, ,
A for every i, and letting U(co) be a cost function to be minimized, the Gibbs probability distribution
is given by the following:

p(w) = exp[-U(w)/T(t)}/Z,

where Z is the sum of the numerator of p(co) over all Co. In addition let

" = max, U(w),
U. = min. U(cO),
and A=U'-U.

Geman and Geman3 proves that the Gibbs distribution, given any starting vector for N sites, con-
verges as time tends to infinity to the uniform distribution on the set of minimizing points of U,
provided that the following conditions hold:

I. There exists a time interval 'r during which all sites are visited, regardless of the starting
point.

1-8
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2. The temperature T(t) tends to zero as time tends to infinity.

3. T(t) > NAllog t for all t > t, where to > 2.

Obviously, when U has a unique absolute minimum, the Gibbs distribution converges with certainty
to the absolute minimum of U.

A more general situation arises when A represents a continuum of values rather than a finite set
of points. In this context, it would be desirable to have an algorithm for generating points that makes
sense with respect to the annealing schedule. If one specifies an e-covering of the entire space (i.e., a
covering by spherical neighborhoods of radius -) then one may ask for a time-dependent distribution
function governing change of the underlying state vector such that the time-unconstrained random
walk that evolves from the process visits every e-neighborhood infinitely often with probability 1.
This time-dependent distribution should be naturally coupled to the annealing temperature schedule.
When the distribution is coupled in this way an acceptance distribution that is intimately connected
with the underlying cost function is obtained. This provides a logical correspondence between state
generation and state acceptance, the former being necessary to obtain appropriate inputs to the
acceptance distribution.

The classical simulated annealing distribution, uses a Gaussian probability law with a diagonal
covariance matrix such that all component variances are identical, and equal to T0/(l + log Ot, 12 1.
The numerical results obtained using the classical methodology depend somewhat on the choice of
the initial temperature To. Choosing a value for To that is too large relative to the problem under
consideration is wasteful because of the excessive computer time required for the solution to con-
verge. A value for T. that is too small would not allow the satisfaction of requirement (3) above, and
this would prevent the convergence to the optimum point, or points. An upper bound on A, the
difference between the maximum and minimum of the cost function, would allow us to ascertain
feasible choices for T.. The better this bound is the better our choice for T., and the better the effi-
ciency of our annealing process.

Fast Simulated Annealing. Since the annealing schedule temperature decreases logarithmically
as a function of time and the tails of the Gaussian distribution are rather modest, the classical algo-
rithm converges rather slowly. This provides the motivation for the second annealing algorithm. The
second type of generating distribution is called a Fast Simulated Annealing distribution. The Fast
Simulated Annealing algorithm (FSA) was first described by Szu and Hartley5 and is based upon the
Cauchy probability law. The distribution has infinite variance, and the annealing schedule is T/t, t 2
1. Now the temperature decreases much more rapidly and the variance is infinite. These two facts
imply that an algorithm based on the Cauchy generation law and a Gibbs acceptance law would be
much faster than those based on a Gaussian generation law and a Gibbs acceptance criterion.

A rigorous convergence theory for simulated annealing which uses two distributions, one for
generation and another for acceptance, still needs to be developed . The work of Geman and Geman3

does not invoke separate distributions for these processes.

1-9



NAVSWC TR 91-538

1.5.2 GeneticAlorithnm

Another search algorithm that has proven useful for solving combinatorial optimization prob-
lems is the genetic algorithm (GA). Genetic algorithms were developed at the University of Michi-
gan by John Holland, his associates and students. Part of the motivation for the GA comes from the
observation that the most complex systems in nature are the result of evolutionary processes. The
same principles that control adaptation and survival in nature are applied in the genetic algorithm to
provide a robust search of complex problem spaces. The GA attempts to exploit principles of evolu-
tion and natural selection, to produce good solutions to optimization problems. Many of the opera-
tors used to develop solutions are modeled after the basic principles of gene replication and recombi-
nation in biological organisms.

A genetic algorithm works by maintaining a population of chromosomes each of which repre-
sents one point in the solution space. The chromosomes are ranked according to their fitness through
the evaluation of the objective function that is to be optimized. Chromosomes are selected from the
population according to their fitness and recombined into new chromosomes through a crossover
operation. The crossover operation exchanges material from two parent chromosomes to create a
child chromosome that combines the best features of its parents. During the crossover operation a
child may occasionally experience mutation by having one or more of its elements randomly altered
from those of its parents. This helps to prevent the search from becoming stuck at a local optimum.

Chromosome Encoding. A chromosome can be modeled as a fixed length vector, or string.
Each element is a member of a finite alphabet. In nature the DNA alphabet is made up of four
nucleotides, thymidine (T), guanosine (G), cytidine (C), and adenosine (A). A fragment of a DNA
strand might be expressed as a string of nucleotides, for example,

... AATCCGACGGTGATCITr....

At a higher level of abstraction, a chromosome is made up from series of genes. Each gene
codes for a different attribute of the organism and can take on one of a fixed number of possible
values, or alleles. One allele may result in blues eyes, and another in brown eyes.

In the computer simulations finite-length arrays of values chosen from an appropriate alphabet
are used. For example,

<01100011101010010000100>.

Each location encodes a particular indicator and is analogous to a gene. The alphabet provides
the values, or set of alleles, from which one is chosen for each location to specify a particular simu-
lated chromosome.

Genetic Opetors. There are three primary genetic operators that work together to form the
most basic genetic algorithm. They are selection, crossover and mutation.
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Selection. The chromosomes are selected from the population for breeding according to their
fitness as determined by evaluation of the cost function. One simple selection strategy is known as
roulette wheel selection. Given a population containing N chromosomes, if the fitness of the ith
chromosome is f1, then the probability of selection is given by the following:

This is analogous to performing selection with a roulette wheel, where each individual is assigned a
pie shaped slice whose size is proportional to the fitness of the chromosome.

Crossov. Crossover is a technique for choosing material from each parent chromosome and
recombining it to produce the child chromosome. An appropriate crossover operator creates more
highly fit offspring by combining the best features of its parent chromosomes. The simplest example
of a crossover operator is known as single-point crossover. After two individuals have been selected
from the population by the selection operator, a decision is made whether to perform crossover on
them based on a predefined probability of crossover, p.. If crossover is to be performed then a
crossover-site is selected by choosing a random number between 1 and L -1, where L is the length of
the chromosomes. Two new chromosomes are constructed by exchanging material from the two
parent chromosomes on either side of the crossover point. For example,

parent 1: <110100110010>
parent 2: <000111011000>

Here L = 12, and we choose a crossover site is randomly chosen, such as 4. This gives us the fol-
lowing situation:

parent 1: < 101 00110010>
parent 2: <0001 11011000>

crossover-site

child 1: <1101 11011000>
child 2:<0001100110010>

Child 1 is constructed by taking the first four elements of parent 1 and the last eight elements of
parent 2. Child 2 is constructed by taking the first four elements of parent 2 and the last eight ele-
ments of parent 1. The two child chromosomes replace their parents in the next generation. If cross-
over is not performed the two parent chromosomes are copied unchanged into the next genereation.
With an appropriately designed coding, the crossover operator works to combine the best features of
the two parent chromosomes to produce offspring with even higher fitness.
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Mutation. Mutation acts by randomly changing features of the child chromosome from those of
its parents and helps to provide a mechanism for introducing genetic material into a population. This
can prevent a population from converging to a local optimum. Mutation is usually performed by
deliberate mis-copying during the crossover operation. As each element is copied from the parent to
the child chromosome it may be changed, with low probability, to another random value from the
genetic alphabet.

Ea•,u k. Figure 1-3 shows an overall picture of the basic operation of a simple genetic algo-
rithm using single-point crossover with N= 18, L=18 and a crossover site of 7. Parent 1 and parent 2
have been chosen according to their fitness using roulette wheel selection and are recombined to
create two child chromosomes. Notice that one of the chromosome values in child I has been
changed by the mutation operator.

Mutation

Generation n Generition n+1

<010000100010l101010> Parent I Oild I <0100001 01111110101>
<111111001111110100>Parnt2 0Child2 <1111110|I00010101010>
<100101010011100101> <011001100011000001>
<000111010100111000> <000001110101101001>
<111001011010011100> <111010111100101001>
<110010011010011100> <111011110001010000>
<000000011101010010> <110101000100101001>
<100101001010101000> . <000100101111001000>
<111111000010010100> Selc ion <110111110010100010>
<111100100101010010> <010011110100001111>
<110001001010000000> <111110001010011000>
<000010010100100100> <110010110100111010>
<100000000111010010> <010110100101001011>
<111100110100101010> <000001101101111111>
<111111111000100101> <110100111101010100>
<100000100101110111> <111101101101110101>
<100101101111100010> <011101101111010101>
<000110111010111101> <100101101101010111>

<0100001 0 0010101010> Para'tl
<1111110 01111110100> Paratn2

Single Point Crossover

FIGURE 1-3. A SIMPLE GENETIC ALGORITHM

The Schema Theorem. Given this simplistic and rather artificial definition for a genetic algo-
rithm, the question arises as to whether it really provides a useful analogy to the adaptive processes
that operate in nature. To provide some feeling for why the genetic algorithm is a good optimization
technique, a brief introduction to the concept of schema processing, first described by John Holland'
is given. In addition, an outline of the schema theorem as described by David Goldberg7 is also
presented. Some notational conventions to describe the elements of the genetic algorithm will be
required.

A chromosome is defined as a fixed-length vector of length L over some fixed alphabet of
cardinality M. Each position can be referred to by its index.
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C = <a%, al, a2, a.. a4,a, a6, a , a., a,,>

To keep the notation simpler the example of a binary alphabet, A = (0, 1), can be used without
loss of generality.

Holland suggests that a simple genetic algorithm works by processing a set of similarity tem-
plates or schema. Schema are constructed from an augmented alphabet, A+ = (0,1,*), where the *
represents a don't care condition. The schema,

<1*********>

represents the set of chromosomes that have ones in the first two elements. Each chromosome
represents 2L" schema since schema can be constructed with values that take on a don't care, or the
actual value, at each location. A chromosome constructed from an alphabet of cardinality M repre-
sents M" schema. The introduction of schema allows the consideration of the similarities between
different chromosomes. Presumably, highly fit individuals in a population of chromosomes share
similar characteristic values at certain array locations. Schema can be thought of as building blocks
for the genetic algorithm and represent the fundamental units of information that are processed by
the genetic algorithm. A population of size P processes somewhere between M0 and P -ML schemata
in each generation, depending on the population diversity. The fact that a population of size P can
process information about such a large number of schemata with comparatively few function evalua-
tions (P for each generation) is referred to as implicit parallelism.

There are two very important characteristics of schemata that have a large impact on whether
they will propagate successfully in succeeding generations.

- The order of a schema, o(S), is taken as the number of fixed positions (non * positions) in the
schema. For example:

o(<**12*11 *>)= 4
o(<l**1" 3 ***>) =2

- The defining length 8(S) is given by the difference between the first specific schema value,
and the last specific schema value. For example:

8(<1*1**3*>) = 5

The order of a schema provides information about its generality. Low order schemata have few
fixed positions and so are represented by many chromosomes. Low order schemata also have a
greater chance of surviving the mutation operator and therefore of being propagated to the next
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generation. If the probability of mutation for an individual bit is given by p., then the probability of
a schema surviving the mutation operator unchanged is

p. = (1 - Pall

assuming statistical independence. Assuming very small values forp., (p. << 1) then p, can be
approximated by

p. = I -O(S) . p.

The defining length gives an indication of how susceptible a schema is to disruption by the
crossover operator. When two parents are chosen using the selection operator, crossover may be
performed with probability p,. When the crossover operation is applied to a pair of chromosomes,
there is a high likelihood that a schema contained by one of the chromosomes will be disrupted if it
has a long defining length, since the crossover site has a high probability of falling somewhere
within it. If the probability of crossover is given by p,, then a schema will survive the crossover
operation with probability

P, 2 Pc 5(S)
L-lI

The schema theorem for genetic algorithms can now be presented. The schema theorem defines
the probability that a schema is propagated from one generation to the next assuming the simple
genetic algorithm with single point crossover as described previously. If the number of chromo-
somes containing a particular schema S, in generation n, is given by m(S, n) then the number of
chromosomes representing this schema expected in the next generation is given by:

m(S, n + 1) > m(S, n) f(S=S - O(S)P• T "PL-1l (~,, 11

where

N-!f

i-o N

is the population average fitness. The form of Equation (1-1) shows that the genetic algorithm
allocates numbers of schema representations in a population in proportion to the ratio of a schema's
fitness to the average population fitness. The bracketed term gives a lower bound on the combined
probability that a schema will pass unscathed through the crossover and mutation operators. This
term depends on the order and defining length of the schema in a manner such that low-order, short
defining length schemata are passed with high probability. The result demonstrated by the schema
theorem is that highly fit schemata with low order and short defining length experience exponential
growth as the population advances through successive generations. Conversely, schemata with low
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fitness receive exponentially decreasing numbers in succeeding generations. The exponential
growth/decay characteristics demonstrated by the schema theorem are analogous to the population
dynamics exhibited in nature as a species adapts to its environment.

Two characteristics of the GA that make it particularly powerful are its implicit parallelism and
its ability to work from a large population of possible solution points. Implicit parallelism allows the
GA to search through an enormous number of schemata with comparatively few function evalua-
tions. Working from a population of solutions allows the GA to search from many points simulta-
neously.

The description of a genetic algorithm presented was based on a specific representation for a
simulated chromosome and on specific techniques for simulating the selection, crossover and muta-
tion operators. In nature, the chromosome is actually a much more complex structure and there are
many other operators that work at the DNA level during the processes of reproduction and recombi-
nation. The simple GA described here serves as a baseline for the techniques that will be considered
in this work. There are many choices to be made as to how to represent the problem domain by
simulated chromosomes and how to implement the various genetic operators. This is an active area
of research in the field of genetic algorithms and careful thought and analysis will be required to
develop techniques that are especially suited to the resource allocation problems that are addressed
by this task.

1.5.3 Simulation Based

The simulation based allocation approach is developed from a greedy scheduling algorithm.
The algorithm works by traversing the logical model task graph and attempting to assign tasks to the
available node that can execute them most quickly. It does this through a discrete event simulation
process. As a task is assigned to a node the node is marked as executing and becomes unavailable for
other tasks until the task execution time expires. At that time the node is returned to a ready state and
another task may be allocated to it. This results in the construction of a task execution schedule
similar to a Gantt chart, and provides both an allocation, and a schedule for the logical model execu-
tion. The algorithm is greedy since it always chooses the fastest available node for the next task
assignment. This is an easy strategy to implement but is based on the assumption that good solutions
can be found simply by taking the locally optimal step at each point in the solution generation. This
assumption can lead to the generation of good solutions, but there is no guarantee that these solu-
tions will be optimal or even near-optimal. An advantage of this approach is that it generates a
schedule that can be checked for validity and that resource constraint violations can be checked
relatively easily as the algorithm executes.

1.5.4 Communications Based

The communications based algorithm works by performing an analysis and ranking of the
intertask communication burden. When possible, task pairs that have a high volume of message
traffic are placed on the same node. An upper bound is placed on the number of tasks that can be
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allocated to any one node. This provides a crude method for balancing the execution load. If two
communicating tasks cannot be placed on the same node they are assigned to the available nodes that
provide the fastest communication link between them. The assignment process is performed by
traversing the LM and keeping track of the previous assignments made. As an unassigned task is
encountered, the algorithm first attempts to place it on the same node with the predecessor task that
has the largest communication volume. If that fails various alternatives are tried in succession to
determine an allocation that provides the fastest available communication links for the transfer. This
is another greedy allocation algorithm that can generate good allocations but provides no guarantee
of optimality.

1.6 BACKGROUND ON THE PARALLEL PROGRAM PARTITIONING AND SCHEDULING
PROBLEM

The problem of partitioning, allocating and scheduling programs into parallel tasks for execu-
tion on a multicomputer is one that has been studied in various forms by many people since the
development of parallel computers. This work is of direct relevance to the problems considered by
the ECS block. A great deal of effort in the first year of this task has been directed toward a compre-
hensive study of some of this work. This section provides a brief summary of some of the relevant
conclusions from previous work. By far the most frequently studied problem has been the minimiza-
tion of run-time. This is just one of the many optimization criteria that will be examined by this task.
Run-time minimization is an extremely important issue and is one of the primary factors driving the
push toward the use of parallel hardware. Run-time minimization is a good choice for an initial
attempt to develop usable allocation tools. This provides a good test problem and allows comparison
of the results with the results of previous work.

Shahid Bokhari' describes a mapping problem for processor arrays. Bokhari shows that this
problem is equivalent to the graph isomorphism problem and also shows that it is very similar to
both the bandwidth reduction problem and quadratic assignment problems. These are combinatorial
optimization problems for which no polynomial time solutions are known. The processor array
architectures considered by Bokhari are a somewhat limited example of the types of IM structures
with which this task will be concerned. Bokhari attempts to limit communications traffic by mapping
adjacent task modules to adjacent processor nodes. The optimization criterion is obtained by assess-
ing the number of intertask edges (representing intertask communication) that fall onto processor
array edges. This gives rise to a direct analogy with the graph isomorphism problem. Two graphs ae
said to be isomorphic if there is an exact one-to-one correspondence between the vertices of both
graphs, and an exact one-to-one correspondence between the edges of both graphs. Given two
graphs, the graph isomorphism problem is to determine an isomorphic mapping from one graph onto
the other, if one exists. This is one of the classic unsolved combinatorial decision problems for
which no exact polynomial time solution is known. For the purposes of this task it is often desirable
to allocate two communicating tasks onto the same node; allocating them to adjacent nodes may %ell
be a second best alternative. The example used by Bokhari is a finite element analysis performed in
parallel on a specialized array processor. Bokhari describes a heuristic algorithm for finding good
mappings for these kinds of problems when the array sizes are relatively small (e.g., 6 by 6).
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S. Bollinger and S. Midkiff9 describe an approach to the mapping problem for multicomputers
using the simulated annealing algorithm. They perform the allocation in two phases. The first phase
is a process annealing phase in which tasks are allocated to processors. The second phase is a con-
nection annealing phase which maps interprocessor communication onto the communicationi links in
an attempt to minimize the communication overhead. This two phase approach effectively separates
the process of task assignment to balance execution loads from the process of link assignment to
balance interprocessor traffic. The results presented in this paper are most easily applied to a homo-
geneous multiprocessor, such as a hypercube, and so are not directly applicable to the more general
case of a heterogeneous system.

The process annealing phase is done purely on the basis of reducing communications cost
because of the assumption that all processors are of the same type. The cost function used for this
phase consists of two parts: The first is the sum of the interprocessor delays over all the communi-
cating tasks. An intertask communications delay is estimated by taking the product of the data
volume transmitted, with the distance in hops, or the number of link crossings necessary to get to the
node where the receiving task resides. The observation is made that this does not adequately estimate
the delays due to overloaded link traffic on some communication links. To address this problem a
second function is defined that estimates the traffic on the most saturated link. The process annealing
then attempts to minimize a weighted sum of these two terms. This has the effect of minimizing
overall communications traffic at the same time as minimizing the worst case link traffic load. In the
link annealing phase, process assignments are fixed and different routes for the intertask communi-
cation are considered in an attempt to balance the interprocessor traffic flow.

N. Mansour and G. Fox"0 describe a hybrid genetic algorithm approach to solving a partitioning
problem for multiprocessors. Their approach is based on the assumption that all processors are
running the same code and alternate between calculation and communications phases. A homoge-
neous architecture such as a hypercube is also assumed. These assumptions cover a small subset of
the kinds of allocation problems that this task will consider, but there are number of useful ideas
related to application of a GA to this problem. The hybrid GA used consists of three stages. The first
phase attempts to cluster the tasks so that communication costs are minimized. The second phase
concentrates on reducing the execution time costs and balancing the execution loads. The third stage
uses a hill climbing technique where the genetic algorithm is abandoned in an attempt to zero in on
the local minimum. This hybrid approach may be worth further investigation. Mansour and Fox also
use an inversion operator that occasionally reverses a contiguous section of a chromosome. The
chromosome representation used is similar to that used in experiments with GAs described in Chap-
ter 3, with the exception that the chromosome is treated as a ring during the crossover and inversion
operations. The cost function used considers both execution time and communication time factors in
a manner similar to that described in Chapter 2.

H. Muhlenbein et al.,'1 describe an evolutionary approach to mapping parallel programs to
parallel processors. Their approach is based on a replicator equation that describes population
growth in the form of a differential equation on a set of fitness functions. They apply this technique
to the Graph Partitioning Problem (GPP) and the Traveling Salesmen Problem (TSP). The GPP
attempts to partition a graph into clusters such that the communications cost between clusters is
minimized. This is a combinatorial optimization problem that arises in several areas. It has a direct
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mapping to the load balancing problem in parallel computing. It is an NP-hard problem. The
replicator equation technique described attempts to provide a mathematical model of population
growth and is based on very different principles from those exploited by the genetic algorithm. The
statement of the parallel task assignment problem as a graph partitioning problem and the cost
functions used to describe it are very useful though.

C. Price'2 presents a very similar problem to the one examined by this task. Price states the
problem as a 0-1 quadratic programming problem. An execution time matrix is used that provides
estimates of the run-time cost of assigning a task to a particular processor. This is the same as the W
matrix defined in Section 2.1. Price assumes that the communication network for her problem is
fully connected and attempts to minimize an expression that is a sum of a term describing the run-
time cost derived from W, and a term that describes the communications cost. Price expresses the
allocation in terms of an assignment matrix that performs the same function as the mapping vector,
M defined in Chapter 2, and presents an iterative hill-climbing technique that converges to a local
optimum when given a starting position. The assignment array matrix used could provide a coding
for allocations as simulated chromosomes for a genetic algorithm. The hill-climbing technique
described by Price may be useful at the end of simulated annealing, or genetic algorithm execution,
to home in on a final solution.

This provides a very brief summary of some related work in the area of parallel and distributed
computing. The volume of prior work in this area is enormous, particularly in the area of run-time
optimization. An important part of this task will continue to be the evaluation of the previous work.
In the coming year this task will examine work done in the areas of optimizing fault tolerance and
optimal scheduling for real-time systems.
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CHAPTER 2

PROBLEM STATEMENT

This chapter defines some terminology to allow the concise statement of the resource allocation
problems addressed by this task. Some cost functions are then derived for use with the simulated
annealing and genetic algorithms.

2-1 SOME NOTATION FOR THE MAPPING PROBLEM

To describe the task partitioning problem and the necessary cost functions more formally, it is
helpful to develop some standard notation.

A task decomposition graph can be derived from the logical model. This graph is essentially a
simplified version of the logical model that contains only the features that are relevant to the deriva-
tion and analysis of the cost functions. This is referred to as the Logical Graph, L = <VL , EL>.
Figure 2-1 defines the terms related to the logical graph.

N2- The number of tasks in L = I V, I.

.- thejth task inL, 0 jNT- 1.

C=(c•) - Connectivity matrix: where c = (0,1) indicates a link in GL from task t, to
task t,. 0 <ijk -1.

D=(d) - Data volume matrix: where d indicates the quantity of information
(bits) flowing from t, to t, .0: <j,k <N, - 1.

W=(w) - Run time matrix: the quantity w, is the runtime cost to execute task t,
on node n, .O < j,k 5N, - 1.

FIGURE 2-1. LOGICAL GRAPH
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Similarly, an Implementation Graph, I = <V1 El>, can be derived from the Implementation
Model. Figure 2-2 defines the terminology that describes the characteristics of the Implementation
Graph.

N, -'The number of nodes in I = I V, I.

n, - thejth node in l, 0 5 j5 <N, - 1.

L=(l) - Connectivity matrix: where I = [0,1) indicates a data link from node nj to
node n, 0 <j,k <N, - 1.

T= (t - Setup time matrix: the quantity t,, is the setup time for data transmission
from n, to n,,O<j~k 5 N,- 1.

R=(r,) - Communication rate matrix: the quantity r. represents the transmission
rate (Bits/Sec.) for data transmission from n, to n,, O0<j,ks N, - 1.

S=(ss,) - Distance matrix: the quantity s,, gives the minimum distance in hops from
n, to n,,0 j,k<N,- 1.

FIGURE 2-2. IMPLEMENTATION GRAPH

A mapping, M , of the Logical Graph onto the Implementation Graph is defined as a vector that
specifies which node n•, each task t is executed on.

M=(m) - A vector such that the quantity m. gives the index of the node in I onto which the jth
task from L has been allocated.

2.2 OBJECTIVE FUNCTION FORMULATIONS

The development of a set of objective functions that characterize the expected performance of a
particular mapping is probably the most difficult single problem addressed by this research. This is
the primary area of investigation at this early stage of the project. The objective, or cost function, is
required for both the simulated annealing and genetic algorithm techniques. This function will be
evaluated many times during the execution of these algorithms, and must evaluate as quickly as
possible for the search to converge in a reasonable time. It is necessary to develop objective func-
tions that are simple to evaluate, and yet provide a good estimate of the quality of an allocation. The
requirement that the objective function execute rapidly tends to rule out careful analysis of commu-
nications traffic and schedule validity, at least in the initial stages.

Initial research has concentrated on the minimization of run-time. The focus on run-time mini-
mization allows this task to get the greatest leverage from previous work done in the area of parallel
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and distributed computing. This also provides a good base problem to insure that the allocation

algorithms are functioning properly. In this section consideration is given to the development of the

objective functions independently from considerations about specific implementations of simulated
annealing, or genetic algorithms.

2.2.1 Run Time Optimization

Run time performance is one of the most important criteria when considering an allocation.
Two characteristics of the allocation tend to dominate other factors when considering run-time. The
first is the time spent executing the tasks in the LM on the nodes from the IM that are specified by
the allocation. The second consideration is the amount of time spent performing intertask communi-
cation. Most of the work on partitioning and allocation for parallel or distributed programs has
concentrated on optimizing one or both of these two factors. The problem can be stated as follows.
Given a valid mapping, M , find:

min T.IM) = T..fM) + Taw(M) (2-1)

Equation (2-1) expresses the total run-time for mapping M as the sum of two terms: one that
describes the execution time cost of the mapping, and one that describes the communication time
cost of the mapping.

Some of the fundamental information required to determine T+ for a particular mapping is

contained in the execution time matrix W, and the Logical Graph. The actual time spent in raw task
execution can be determined by looking up the appropriate element in W. Another critical factor in

determining T7 is the amount of parallelism that can be obtained from the mapping. An accurate
estimate of the time saved due to parallel execution requires some consideration of the task prece-
dence constraints, and the schedule used to execute the mapping. In the worst case, this may require
an actual simulation of the task execution for mapping M. In fact, the mapping does not provide any
information about the schedule, or even guarantee that a valid schedule exists. To keep the problem
relatively simple in the early stages of this task, realistic considerations of schedules and effective
parallelism will be ignored. As the work progresses, this issue will be examined more carefully and
an attempt will be made to dceermine more accurate methods for addressing this problem.

A first approximation to T can be taken by simply summing the appropriate elements of the
execution time matrix, as follows:

Nr.1

Te, X = C wU, M(j)). (2-2)
j=O

This expresses the cost due to raw execution time, with no consideration given to the potential time
savings due to parallel execution. Equation (2-2) may undeservedly reward allocations that use a

small number of nodes, since these have lower communications costs. It does not properly encourage
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allocations that balance the load more evenly. If we ignore communications costs (T/. = 0), then
optimal allocations can be found by placing each task on the processor that executes it most quickly.

Another way of estimating T, that does give some consideration to the potential parallelism is
the following:

T = = w(j, U )), (2-3)
r " NP., j-O

where N is the number of nodes used by the allocation, and c is a measure of the parallel effi-
ciency. !5e efficiency of a parallel program is often defined in the literature on parallel processing as
the ratio of the speedup obtained by using several processors, to the number of processors used. The
efficiency of a parallel program is usually somewhat less than 1. This happens because overhead
costs due to communications and scheduling detract from the time saved by parallel execution. An c
of 1 implies a linear speedup as the number of processors is increased and this is usually not attain-
able. Equation 2-3 tends to give lower (better) scores to allocations that use more nodes, since this
indicates greater parallelism. The value of e will vary for different allocations and is difficult to
determine accurately. For our purposes we can arbitrarily assume some fixed number less than or
equal to 1.

The second term from Equation (2-1), T is also quite difficult to estimate accurately. The
communications time cost depends on the mapping, M, and the precise characteristics of both the
logical and implementation graphs. When two communicating tasks are placed on different nodes,
delays are introduced when sending data from one to the other. These delays depend on many fac-
tors. There are many different ways to send information between two nodes, and often times many
different paths along which it can be sent. Some nodes may be connected by dedicated links, and
some nodes may be connected through general communications networks. Circuit switching, or
packet switching networks may be employed. It may be very important to consider the actual traffic
flowing on each link, at each moment in time, to balance the link traffic evenly. Otherwise, alloca-
tions may be accepted that have saturated links and incur a greater communications cost than antici-
pated.

A useful start can be made to define some of the factors that affect To, by making some
simplifying assumptions: (1) Problems with link saturation will be ignored for the moment. (2)
Intemode communications will be assumed to always use a shortest path route, where path length is
measured as the number of hops from one node to the next. If we also assume that all communica-
tions links are of the same type then a particularly simple equation for T can be presented that
describes the most basic characteristic of communications cost. In some fundamental sense, the
communication cost for two tasks that reside on different nodes is related to the product of their
distance from one another, and the volume of data that must be sent. If the communications links are
identical, then a simple measure of intemode distance is tiven by the distance matrix, S, and a
simple value for time spent transmitting data between the tasks is given by the following:
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1"t J. t = 4 - sjt, (2-4)

where d., is the data volume between tasks j and k, and s, is the minimum distance in hops. T

Zo... 4k sjk. (2-5)
j.k

In general, communication links in the implementation graphs are not homogeneous. To
address this problem consideration needs to be given to the characteristics of each link as expressed
in the values for setup time and communications rate. The setup time is a delay incurred to initiate a
data transfer on the link. The communication rate describes the bandwidth of the datalink. A similar
approach can be taken to the one used to derive Equation (2-5). Again, the assumption is made that
interprocessor communication always uses the shortest path between the two communicating nodes.
When more than one such shortest path exists, one is arbitrarily chosen. A function p(l,), is de-
fined such that,

p.Jl.) = 1 if data link /= is used to transmit information from node j to node k,
= 0 otherwise.

The cost for transmitting d, bits across link I., is given by the following:

= m . + 4k (2-6)
rm.

This is the sum of the setup time for link l , and the time to transmit d• bits, at r bits/second
across the link. The time spent communicating between taskj and k is given by summing over all the
links

hask j.k - Pjkn) " flin m,n (2-7)

A function q(jk) is defined such that,

qU,k) = 1 : if task j communicates with task k.
= 0 : otherwise.

Now T can be found by summing over all the tasks:

To,,MM , _ q(j, k) • t= kj. k (2-8)
jk
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Because Equation (2-8) assumes shortest path communications, it ignores difficulties of sched-
uling link traffic. It also does not guarantee that the fastest link configuration is used, since the
shortest path is measured in hops, and does not consider the link transmission speeds. Even when
there is no other traffic on the links, the shortest transmission time path between two nodes will
depend on the message size. It may be advantageous to pay a high setup time cost to use a fast data
link if the message is large, and to use a different path with low setup time and slower data rate when
the message is small.

Equation (2-1) provides a useful description of the important factors to consider when optimiz-
ing run-time performance. The initial attempts to estimate the values for T,. and T are still
somewhat primitive, but have the advantage of being relatively easy to evaluate. This is an important
factor to consider since it directly affects the amount of time required for the simulated annealing
and genetic algorithms to generate allocations. Despite the many complexities involved in determin-
ing accurate values for the components of Equation (2-1), enough information is available to begin
some preliminary experiments. It may be that the result of allocations based on simple measures,
such as the ones developed here, can be used to help prune the search space. These allocations may
provide useful starting points for more rigorous analysis by other techniques. These simple cost
functions provide a good starting point for the initial development of the algorithms, since they
provide reasonably predictable kinds of allocations. This will allow checks of the simulated anneal-
ing and genetic algorithms to be made to insure that they are working correctly. The cost functions
derived here also serve to point out some of the important issues related to run-time performance
optimization, and will be developed further in subsequent work. Three important concerns that still
need to be addressed are (1) A closer examination of the allocation's schedulability and the effective
parallelism obtained (2) Checks to insure that an allocation does not violate resource constraints; (3)
Link traffic scheduling.

2.2.2 0Rpmizing Fault Tolerance

Optimization for fault tolerance will be examined in the coming year's work.

2.2.3 Oiter Optimizations

There are many other criteria that need consideration when generating allocations. Some of the
other criteria of interest are the following:

- Reliability
- Predictability
- Security
- Maintainability
* Cost.
- Weight

Examination of some of these other criteria will be performed in subsequent work.
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2.2.4 Multiple Criteria Optimization

As the number optimization criteria under consideration increases it will be necessary to
develop techniques for simultaneously optimizing several of these factors. This will be addressed in
subsequent work.
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CHAPTER 3

ALLOCATION ALGORITHMS

In the initial approach to the task allocation problem, techniques will be examined for finding
near-optimal, single criteria solutions to task partitioning and allocation problems. Initial work has
concentrated on the problem of allocating tasks from the LM onto the IM. As the project progresses,
consideration will be given to problems related to the partitioning and scheduling of the LM tasks.
The initial work has concentrated on the issues of run-time optimization. Four techniques are cur-
rently being investigated to perform the allocation. The simulation based and communications based
techniques described in Chapter 1 are in the early stages of development. The current status of work
on the simulated annealing and genetic algorithm allocation techniques is described in this chapter.

3.1 AN EXAMPLE PROBLEM

This section defines some example allocation problems. These problems provide test cases for
the algorithms and cost functions under development. The problems are relatively small ones, and
the results are presented primarily to allow the algorithm implementations to be checked to see that
they are performing as expected. The results also provide some information about the performance
of the cost functions defined in Chapter 2. The problems are really too small to allow any confidence
that the techniques will scale to problems of the size that eventually need to be considered. However,
these problems are useful for the initial debugging of the algorithms themselves. An important goal
in next year's work will be to develop some large test cases to check that the algorithms do scale
properly. The example problems presented here all use the same logical and implementation graphs,
but use different data-volume matrices. This allows evaluation of the performance of the cost func-
tions derived in Chapter 2. Larger intertask data-volumes put more emphasis on the importance of
reducing the communications time factor of the cost function, while smaller intertask data-volumes
put the emphasis on the execution time factor. The three test problems defined here will be referred
to as Problem 0, Problem 1, and Problem 2.

Figure 3-1 shows the logical and implementation graphs for the test problems. The number of
tasks in the logical graph shown in Figure 3-1(a) is NT = 10. The implementation graph shows 5
nodes that represent various processor types connected in a star configuration. This gives a value for
N. of 5. Even for this relatively small problem there are 510 = 9,765,625 possible allocations. Notice
that the communication links are unidirectional so I * l . Table 3-1 shows the execution time ma-
trix, W, for the test problems. The same execution time matrix was used for all three problems. The
tasks, numbered 1 through 10, are listed by column and the processor resource nodes are listed by
row.
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FIGURE 3-1. TEST PROBLEM GRAPHS

Data volume weights have been omitted from the edges in Figure 3-1(a) and are presented in
tabular form. In the first problem the data-volumes are all zero. This results in a communication cost
of zero for all allocations and causes the allocation to be done strictly on the basis of minimizing
execution time.

TABLE 3-1. EXECUTION TIME MATRIX

Ti T2 T3 T4 T5 T6 17 "1 T9 TI0

Ni 5.01 3.44 53.5 17.45 .39 86.21 33.35 25.91 11.44 2.37

142 4.35 5.83 49.0 22.99 .11 89.31 37.22 26.62 14.55 4.41

N3 6.55 1.22 37.62 10.27 .19 92.5 31.37 23.23 16.32 7.64

N4 5.84 2.78 46.45 25.17 3.65 99.99 21.15 29.16 11.49 4.68

N5 5.6 7.9 45.91 25.25 2.09 87.25 30.01 33.18 10.1 8.77
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The data-volume matrix, D, for Problem 1 is given by Table 3-2. Now the optimization must try
to balance the cost due to execution time with the cost due to communication time.

TABLE 3-2. DATA VOLUME MATRIX FOR PROBLEM I

Ti T2 T3 T4 T5 T6 T7 T8 '9 T10

Ti 0 0 21 0 0 0 0 0 0 0

T2 0 0 77 5.0e3 3.3e6 0 0 .5e6 0 0

T3 0 0 0 0 0 6.2e6 2.3-6 0 0 0

T4 0 0 0 0 0 0 1.2e6 0 0 0

"15 0 0 0 0 0 0 0 6.9e2 3.7e7 0

T6 0 0 0 0 0 0 0 0 0 7.8e4

T7 0 0 0 0 0 4.9e4 0 0 0 5.5e3

"T1 0 0 0 0 0 0 0 0 0 7.4e4
T9 0 0 0 0 0 0 0 0 0 9.9-2

T1 0 0 0 0 0 0 0 0 0 0

The values of the data-volume matrix given in Problem 1 have been multiplied by a factor of
100 to create the data-volume matrix for Problem 2. This has the effect of causing intertask commu-
nication costs to dominate the cost function when two communicating tasks are allocated to different
nodes. The data-volume matrix for Problem 2 is shown in Table 3-3.

The cost function used in the initial experiments is based on Equation (2-1), namely:

Ta,=T, +T .

T, is found using Equation 2-2, and T,,7 is found using Equation (2-8).

The problem then is to find:

min g(M) = TJM) = T (M) + T__(M) , (3-1)

where M is an allocation mapping vector.
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TABLE 3-3. DATA VOLUME MATRIX FOR PROBLEM 2

TI T2 T3 T4 TS T6 T7 Ts i9 T1O

TI 0 0 2.163 0 0 0 0 0 0 0

T2 0 0 7.763 5.0e6 3.3a8 0 0 _5e8 0 0

"13 0 0 0 0 0 6.2e8 2.3M8 0 0 0

""4 0 0 0 0 0 0 1.2e8 0 0 0

T$ 0 0 0 0 0 0 0 6.9e4 3.7e9 0

"T6 0 0 0 0 0 0 0 0 0 7.8e6

T7 0 0 0 0 0 4.9e6 0 0 0 5.5e5

18 0 0 0 0 0 0 0 0 0 7Ae6

T9 0 0 0 0 0 0 0 0 0 9.9e4

TiO 0 0 0 0 0 0 0 0 0 0

3.2 SIMULATED ANNEALING

The application of the simulated annealing algorithm to the task partitioning and scheduling
problem is straightforward and requires the following ingredients: (1) A description of the system
configuration which can be developed from the logical and implementation models and represents
one particular allocation of logical modules onto hardware nodes, (2) A random generator of moves,
or new allocations, (3) An objective, or cost function that ranks the fitness of the allocation is re-
quired, and (4) An annealing schedule that specifies temperatures and number of iterations for which
the system is to be executed.

The Simulated Annealing (SA) algorithm takes as inputs the Implementation Graph and the
Logical Graph described in Chapter 2 and produces a near optimal mapping of the logical graph
modules onto the implementation graph nodes. The initial allocation may be generated by the user
or can be generated in an arbitrary manner. This provides the first ingredient for the simulated
annealing algorithm. Once an initial mapping is provided the simulated annealing algorithm begins
its work.

The algorithm begins by calculating the number of possible binary swaps between each pair of
logical tasks and implementation nodes for the given graphs. This value is remembered so an esti-
mate of the total percentage of swaps made can be maintained. The algorithm chooses a statistically
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significant fraction of the possible swaps and attempts them while keeping a running sum of those
that are successful. When all the swaps are complete the percentage of successful swaps is calcu-
lated.

The second ingredient for the SA algorithm is the random move generator. A move is per-
formed in the following manner: A random jump is made into a list of the logical tasks and the task
pointed to is selected. A random logical task is selected from a hardware node adjacent to the one
where this task is currently allocated. The effect of the proposed exchange is evaluated. The new
value of the objective function is computed and compared to the last value. If the new allocation is
better than the last one the exchange is accepted. If the new value of the objective function is not
better than the last value the exchange is rejected with probability of I - e", where AE is the
change in efficiency of the new mapping and T is the temperature. This means that allocations that
are not better are kept with a probability that is proportional to the temperature. At high temperatures
they may be accepted frequently but as the temperature decreases the algorithm demands a higher
degree of fitness from the new allocation. The addition of controlled randomness to the mapping
scheme helps to avoid premature convergence to some local optimum.

The third ingredient of the SA algorithm, the cost function, is described in the previous section.

The final ingredient of the SA algorithm is the annealing schedule. At a given temperature,
exchanges take place until some target number of successful swaps have occurred, or a sufficient
portio of the solution space has been examined. When this occurs the temperature is decreased
according to an annealing schedule and the exchange process begins again. The process terminates
when the annealing schedule is completed or when the solution freezes and no successful exchanges
take place within some set number of tries. The definition of a suitable annealing schedule for a
particular problem is given in a somewhat ad hoc manner. Initially the temperature is set to a level
where most exchanges are accepted. This is the melting point temperature. Cooling then proceeds
according to the annealing schedule. Usually a longer schedule that allows slow cooling over many
iterations will provide better solutions. As the problem size grows, the amount of computation
required for a long schedule becomes unmanageable, and a shorter schedule must be used.

The simulated annealing algorithms are still under development at this time. As they become
more mature they will be tested on the example problems described in Section 3.1 so that a compari-
son of their performance can be made with the performance of the other algorithms. Fast Simulated
Annealing algorithm described in Chapter 1 will also be further developed.

3.3 GENETIC ALGORITHM

A simple genetic algorithm has been coded similar to the one described in Chapter 1. This
algorithm has been used to generate allocations for the 3 test problems previously described. Three
genetic operators have been used to date to solve this problem:

(1) Selection: Roulette wheel selection is performed on the basis of a modified version of the
cost function presented earlier. The modification is necessary because the problem has been defined
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as a minimization problem and it is necessary to map this into a maximization problem so the ge-
netic algorithm can be applied. This can be done by defining a new problem.

maxifM) = Gm- g(M) when g(M) < G.
= 0 otherwise.

G. is given a large initial value and then reset whenever a larger g(m) is encountered. The
initial determinaton for G. is performed in an ad hoc manner. The genetic algorithm used to date is
elitist. This means that the best chromosome in a population is copied unchanged into the next
generation before the selection process begins. This strategy can help to prevent some thrashing that
may occur when the genetic algorithm has converged to a stable point, and insures preservation of
the best allocation found.

(2) Crossover is performed using the single point crossover operator described in Chapter 1.

(3) Mutation is performed using the method described in Chapter 1.

3.3.1 £ojngs

A chromosome structure must be defined that represents task allocations, and a coding that
maps the chromosome representation to an allocation from task modules to resource nodes must be
developed. The coding must be one such that the application of the genetic operators always gener-
ates chromosomes that represent valid allocations. At this time, only one encoding has been exam-
ined. This encoding uses the same form as the mapping vector, M, described in Chapter 2. The
chromosome length is determined by the number of tasks in the logical graph, and an alphabet
whose cardinality is given by the number of nodes in the implementation graph is used. For example
if the logical graph has 10 tasks, and the implementation graph has 5 nodes (as our example problem
does) then one chromosome might be,

<1125324521>.
This would have the interpretation as an allocation where tasks 1 and 2 are mapped onto node 1, task
3 is mapped to node 2, task 4 is mapped to node 5, etc.... This mapping has the advantage of being
simple, and of always producing valid allocations when operated on by the crossover and mutation
functions. It may not be the best way to represent allocations though, since the communications cost
factor of our objective function may be highly sensitive to intertask dependencies that result in
highly fit schemata of long defining length. For example, if task 1 transmits a large volume of data to
task 10, a highly fit schemata for the allocation problem might be,

because tasks 1 and 10 are allocated to the same processor and do not pay a penalty for intertask
communication. According to the schema theory presented in Chapter 1, this schema has a high
probability of being disrupted by the crossover function. This can make it very difficult for the GA
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to find solutions containing this schema. Although the mapping may not be the best from this point
of vieu, the GA does converge rather nicely, at least for this problem. It is important to be aware of
the sensitive dependence of the GA performance on the exact mapping used from chromosomes io
allocations. This is an area where a great deal of study will be required to develop mappings that
work well with the genetic operators employed and that permit the rapid convergence of the solu-
tions to good allocations. This is another issue that requires further analysis.

3.3.2 Some Experiments and Results

The GA was run on each of the three problems presented earlier. A population size of 30
chromosomes and a crossover probability, p,, of 0.6 were used for all runs. The mutation probability
wasp. = 0.001 . These values were chosen in a somewhat arbitrary manner, and some more experi-
mentation will be required to determine the effect of changes to these fundamental parameters on the
convergence of the GA.

Poblem 0. Figure 3-2 portrays the allocation found by the GA for Problem 0. The gray shaded
areas indicate the nodes that the tasks were assigned to by the allocation. Figure 3-3 shows the
performance of the GA on Problem 0. The best solution found had a runtime of 196.63 seconds. The
GA had converged to this solution after approximately 78 generations. Figure 3-3(a) shows the
graph of T,, vs. the generation number. Figure 3-3(b) shows the graph of T61O vs. the generation
number. In Problem 0 all communication costs were zero, so these two graphs are equal. The GA
simply tries to place each task on the node that will execut,. it most quickly. Examination of the
execution time matrix in Table 3-1 shows that this is exactly what happened. This solution is there-
fore a global optimum for this problem. The value of f(M), the fitness function that is maximized by
the GA, is shown in Figure 3-3(c).

Problem 1. The allocations are shown in Figures 3-4(a) and 3-4(b). It can be seen that as the
communication costs rise, the GA prefers allocations that use fewer processors, and clusters task
groups with high communications volumes onto the same node. These allocations point out a defi-
ciency in the calculation of T . In reality T would probably be somewhat lower for allocations
that use more nodes since the execution can proceed with a higher degree of parallelism. The calcu-
lation of T 7" does not properly reward these kinds of allocations and this is an important factor to
consider in the next year's work. At that time this task will investigate the results of using a T
calculation similar to that given by Equation (2-3). This should result in allocations that show a
greater degree of parallelism. Figure 3-5 shows the performance of the GA on Problem 1. The data
volumes for intertask communication for Problem 1 are given in Table 3-2. They are non-zero so the
GA must try to optimize the communication costs as well as the execution time cost. The ordinates
of the run-time graphs shown in Figures 3-5(a) and 3-5(d) are the sums of the ordinates of the execu-
tion time and the communications time graphs below them, as given by Equation (3-1). Two differ-
ent runs of the GA on Problem 1 are shown side by side. Allocation 1-A converged to a solution
with a total run-time of 234.9 seconds after approximately 145 generations. Allocation I-B con-
verged to a run time of 225.6 seconds after approximately 141 generations.
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Problem 2. Two different allocations are shown in Figures 3-6(a) and 3-6(b). In allocation 2-A
all tasks were allocated #+ -node 2. The total run time is 254.4 seconds. In allocation 2-B the GA
found an allocation that uses 3 nodes and had a total run time of 254.0 seconds. Figure 3-7 presents
the performance results for Problem 2. Problem 2 puts the most emphasis on the T component of
Equation 3-1 because it has the highest intertask data volumes.

FIGURE 3-2. PROBLEM 0 ALLOCATION

3-8

I I I TI ! 7



NAVSWC TR 91-538

220-

215

210

205-

.200-

S195-

190

Generation number

(a) TOTAL RUNTIME VS. GENERATION

220- ,,

215- - .....

210-

.205 --

o 200-

195- -"

190-"

Generation number

(b) EXECUTION TIME VS. GENERATION

~0.28

-20.26-
00.25.
50.24 - -- - - - -

V0.23 - - - --

50.21' - - - -- - - -

iM 0.2" - -

0 .19 
...r ...ir- r - i r r rY 9 i r ir- i i

Generation number

(c) FITNESS VS. GENERATION

Best allocation - <2333214351>

FIGURE 3-3. PROBLEM 0 PERFORMANCE

3-9



NA VS WC TR 91-538

END

(a) ALOAIO Arb2LOCTO

FIGURET 3145 PRBE 1TLLC5N

N31



NAVSWC TR 91-538

ALLOCATION I-A ALLDCATION I-B

270- - 2.55- - -

~265 E-L M --- 15
26 - - - 2 4 5 .-- - - -

220

250:1 250

p4 '235- - - - -

1245. 230-
8240. S---

414235 - -- - - 225-

230' y ~ . . r -- 220 i .. r, v , ..

Generation Generation

(a) RUN-TIM (d) RUN-TIMNE

244 -250
""2500--"-

I n I- I1 6 1 11-

1242- 8245----------
et240 -o t ----------- t .o4to - -3 3

238 tie-249Rntm 20

IIGURE 3-5.--ROBLE 2351---R-OR-AN-
-236

*.234 z20 - -

~232---------L... ~225-----------

0 C

Generation Generation

(b) EXECUTION TIME (e) EXECUTION TIME

'25- - -- - - -

E212-------------
201
=011---------- - --

0 of.. .. . . . ... - - -- -

Generation Generation

(c) COMMUNI-CATIONS TIME (f) COMMUNICATIONS TIME

Best allocation - <2251555251> Best allocation - <2233533353>
Run time - 234.9 Run time -225.6

FIGURE 3-5. PROBLEM 1 PERFORMANCE

3-11



NAVSWC TR 91-538

(a) PROBLEM 2 ALLOCATION A. (b) PROBLEM 2 ALLOCATION B.

FIGURE 3-6. PROBLEM 2 ALLOCATIONS

3-12



NAVSWC TR 91-538

Allocation 2-A Allocation 2-B
3500--- 3000-------------

3000 --------- 2500------------

1500-1500'.

000 -- ----- 1000"

500 500 -

10- con se RD 8" m. -'i R. 8 ~ oww' 0-0.0. - ..

Generation Generation

(a) RUN TIME (d) RUN TIME

270-- - -

'S265 -25

22560-- 25.8250 - -250E 255 - 7-----------
S250 24

245 -

240- .- in.n'm rr. n T rrr. f r 2.40- 1 ... ,.,-1 !if(4 M V, tn C- 00 0 8 00

Generation Generation

(b) EXECUTION TIME (e) EXECUTION TIME

• 3000-. •--- 3000-.
52500--2500-

2o0 2000--

o1500- .1500

o10001L- - - - 1000-
E E

o 0 I 0 o.- o_

Generation Generation

(c) COMMUNICATIONS TIME (f) COMMUNICATIONS TIME

Best allocation - <2222222222> Best allocation - <1555555552>
Run time - 254A Run time - 254.0

FIGURE 3-7 PROBLEM 2 PERFORMANCE

3-13



NAVSWC TR 91-538

CHAPTER 4

CONCLUSION AND DIRECTIONS FOR FUTURE WORK

This task is still in the early stages of development and much work remains to be done. During
the first year the focus has been on a survey of previous related work and on the initial implementa-
tion of some optimization algorithms. Some preliminary work on the development of cost functions
for run-time performance optimization has been performed. In this section the current status of the
optimization algorithms is summarized and issues that will require further investigation are identi-
fied.

4.1 SIMULATED ANNEALING

The simulated annealing algorithms are still under development. A basic implementation of
simulated annealing using the classical simulated annealing algorithm described in Section 1.5.1 has
been generated. Its performance on the three test problems defined in Chapter 3 still needs to be
examined to provide a basis for comparison with the other allocation algorithms under consideration.
The fast simulated annealing algorithm described in Section 1.5.1 needs further development and
this will be an area of investigation in subsequent work. Also, investigation of techniques for
parallelizing the simulated annealing algorithms will be performed.

4.2 GENETIC ALGORITHM

A test bed for the evaluation of genetic algorithms has been developed and some preliminary
experimentation has been performed using the cost functions derived in Chapter 2. To date, one
coding for the allocation problem as a simulated chromosome has been examined. This coding was
operated on by the three basic genetic operators described in Chapter 1. The results of the experi-
ments presented in Chapter 3 provide some hope that the genetic algorithm is an appropriate tech-
nique for solving the task allocation optimization problems under consideration. A great deal of
work remains to determine efficient codings and genetic operators that are especially suited to the
problems of interest.

The exact implementation details of the genetic algorithm have a large effect on how well it
will perform on a given problem. This can be seen at almost every stage in the definition of codings
and genetic operators. A possible deficiency in the coding was pointed out earlier in that it can result
in highly fit schemata of long defining length. Actually, the deficiency arises because of the combi-
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nation of this coding with the single-point crossover operator used. Other ways of performing cross-
over may not have the same vulnerability with this coding. In general very tight co-dependencies
exist between the coding used and the exact implementation of the genetic operators that act on that
coding. Another deficiency of the coding defined earlier is that it cannot conveniently express
allocations where the same task is redundantly allocated to more than one node. These kinds of
allocations may become important when fault tolerant allocations are examined. Additionally,
codings that will allow the expression of execution schedules and link allocations need to be devel-
oped so link traffic can be optimized and schedule validity can be checked. This will allow more
precise estimates of the factors that need to be considered in the evaluation of the cost functions.
Much more examination of codings and genetic operators will be required to insure the development
of efficient techniques that are well suited to the allocation problems addressed by this task.

Codings that allow constraints on the allowed values at various positions need to be developed.
This would allow the definition of cases where some tasks need to be restricted to assignment to
certain nodes. Some of these codings may require more sophisticated representation strategies than
the simple string or array representations experimented with so far. The development of multiple-
stranded chromosomes, or matrix representations may be required. If this becomes necessary, new
methods for performing crossover, mutation and any other genetic operators will need to be devel-
oped-

Hybrid strategies that perform the optimization in several different phases need to be examined.
For example, it may be useful to concentrate specifically on task clustering optimization in the first
phase. An objective function that specifically rewards tl.x clustering of related tasks that can be
allocated to the same resource might be of great usefulness. This would allow determination of the
large scale structure of the solution space. Once good clustering has been performed the objective
function could be changed to encourage smaller scale optimizations. Objective functions may be
changed over different phases of the allocation process to encourage the evolution of solutions that
address somewhat different criteria at the different phases of the optimization process. Finally, it
may be useful to abandon the GA approach for a gradient descent type optimization during the final
stage.

Some experimentation needs to be performed to determine the effect of varying key parameters
such as population size, crossover rate and mutation rate. It may be useful to vary these parameters
during the course of the genetic algorithm execution. Also other genetic operators, such as inversion,
should be investigated.

4.3 SIMULATION BASED

"The simulation based allocation technique has been developed and is operational. Work on this
technique is still in the preliminary stages. An evaluation of the algorithm performance on the test
problems has not yet been completed.
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4.4 COMMUNICATIONS BASED

The communications based algorithm has been implemented. Additional development is in
progress and its performance on the standard test problems will be evaluated in subsequent work.

4.5 COST FUNCTIONS

Development of appropriate object functions for performing the optimizations under consider-
ation is one of the most difficult problems encountered in the execution of this task. Some prelimi-
nary work has been performed to develop cost functions for the run-time performance optimization
problem. Closer examination of the performance of the cost functions developed for run-time mini-
mization is required. There is a lot of room for improvement in the cost functions used. The calcula-
tion of T is a particular problem in the experiments presented in Chapter 3, since it does not
properly reward parallel allocations in the presence of high communications costs. This results in
allocations that use too few processor nodes and have an uneven load distribution. An improvement
could be made by calculating T7 using a technique like that suggested in Equation (2-3). This
brings up other difficult issues though, such as how to estimate the parallel efficiency, e, of an
allocation. On a higher level, this problem is related to the artificial division of the cost equation into
separate terms for T and TM. This is a convenient abstraction at some philosophical level but in
reality the cost of communication cannot be so cleanly separated from the cost for execution. The
two costs are closely coupled and an accurate estimate for the run-time of an allocation depends on a
full analysis of the exact execution schedules and link communication traffic. The values provided
by the cost functions based on this ad hoc division are highly artificial. The fundamental reason for
relying on a cost function of this form is the requirement for rapid execution. This is very important
for both the simulated annealing and genetic algorithms. This form for the cost function does have
the advantage of being relatively easy to evaluate by comparison with a full simulation of the execu-
tion of every allocation. It will be necessary to develop cost functions that have this property for the
simulated annealing and genetic algorithms. These functions may appear somewhat contrived, but if
properly designed will provide a heuristic, or rule of thumb, that will allow identification of regions
containing promising allocations from the space of all possible allocations. These regions can then
be investigated thoroughly by more stringent methods.

Much work remains to be done in developing and refining the cost functions used by the vari-
ous optimization algorithms. Cost functions that address other design factors, such as fault tolerance,
security, reliability and the others mentioned in Chapter 2, still need to be developed. Also, as the
number of optimization criteria expands it will be necessary to consider techniques for performing
multiple criteria optimizations.

4.6 TEST PROBLEM SUITE

A more comprehensive set of test problems is required, including some very large problems.
This would permit a better evaluation of the performance of the different allocation algorithms. This
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exercise presents its own difficulties. Care must be taken to insure that the test suite is large, andwell balanced to avoid the development of unrealistic strategies that perform well on the test suite,but that fail miserably in the real world.
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