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Chapter 1

Introduction

—John Archibald Wheeler, The Computer and the Universe,

1.1 Complex Systems simulation

Until now much e perimental simulation work has been done in physics and
chemistry on parallel computing systems. However, the development of formal
models, suitable for modeling comple systems from nature and for efficiently
mapping a comple system onto a parallel computing system, is still in its in-
fancy. The development of techni ues, suitable for modeling comple systems
stemming from physics, chemistry, and biology, and mapping these onto paral-
lel platforms, is one of the grand challenges of future research.

Many fundamental problems from natural sciences deal with comple systems.
We define a comple system as a population of uni ue elements with well de-
fined attributes. In the case that these elements have non-linear interactions in
the temporal and spatial evolution of the system, comple macroscopic behavior
can emerge from these microscopic interactions. This emergent behavior can,
in general, not be predicted from the individual elements and their interaction.
A typical e ample of emergent behavior is self-organization, e.g. Turing pat-
terns in reaction- diffusion systems. These problems are often irreducible and
cannot be solved by analytical means. The only available option to obtain more
insight in these systems is by e plicit simulation. Moreover many of these prob-
lems are intractable: in order to obtain the re uired macroscopic information,
e tensive, computationally e pensive simulation is necessary. Simulating mod-
els of comple systems re uires an enormous computational effort, currently,
the only feasible way is to apply massively parallel computing techni ues to
these models.




A major future challenge is to apply High Performance Computing in research
on comple systems and, in addition, to offer a parallel computing environment
easily accessible for applications 143, 14

Traditionally, science has studied the properties of large systems composed of
basic entities that obey simple microscopic e uations re ecting the fundamen-
tal laws of nature. These entities could be uid fields in uid dynamics, gravi-
tating gala ies in astrophysics, or gluons in lattice gauge theory. These natural
systems may be studied by computer simulation in a variety of ways. Gener-
ally, the first step in any computer simulation is to develop some mathematical
model consisting of a finite number of discrete parts. The correspondence be-
tween the discrete components and the natural system is completely arbitrary.
Often, the discretization realized indirectly, by means of partial differential
e uations. An alternative, less widely used, approach is to develop solvers that
conserve the characteristic intrinsic parallel properties of the applications and
that allow for optimal mapping to a massive parallel computing system. These
solvers have the properties that they map the parallelism in the application via
a simple transformation to the parallelism in the machine. With these simple
transformations the necessity to e press the application into comple mathe-
matical formulations becomes obsolete. One e ample would be the modeling
of a uid ow. Traditionally this problem is simulated through mathematical
descriptions of the phenomena via Navier Stokes e uations and discretization
of these e uations into numerical constructs for algorithmic presentation on
a computer. This process of simulation involves a number of appro imations
and abstractions to the real uid ow problem. Moreover, while defining the
simulation model, intrinsic properties and e plicit information of the physi-
cal phenomena are obscured. Even worse, the possible implicit parallelism of
the problem becomes completely indistinct in the abstraction process. Also,
in several cases, traditional mathematical methods are not able to model (or
solve) comple phenomena (e.g., turbulence, road traffic, etc.). An alternative
approach would be to model the microscopic properties of the uid ow with cel-
lular automata. Ne t, the macroscopical processes of interest can be e plored
through computer simulation. This approach has the advantage that the physi-
cal characteristics of the uid ow problem remain visible in the solving method
and that this method conserves the parallelism in the problem. Although such
simulation methods are not yet completely understood and certainly not fully
e ploited, they are of crucial importance when massive parallel computers are
concerned. We define these type of solvers as natural solvers” these techni ues
have in common that they are inspired by processes from nature. Four impor-
tant e amples of natural solvers are Genetic Algorithms (inspired by the pro-
cess of natural selection) 7 , Simulated Annealing (inspired by the process
of cooling heated material which converges to a state of minimal energy) 83,
the attice Boltzmann method (a many particle system with a macroscopic be-
havior that corresponds to the hydrodynamic e uations) 151 , and artificial
Neural Networks. In parallel computing especially the class of natural solvers
is a very promising approach, since the characteristics of the original physi-
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cal phenomenon remain visible in the solving method and for most solvers, the
implicit and e plicit parallelism of the problem remain conserved.

In Fig. 1.1 the different steps in the mapping process from application onto par-
allel machines is presented. As can be seen, an application is first transformed
into a solver method. Detailed knowledge of the problem domain is obligatory.
A solver can have a different nature and one particular problem can be repre-
sented by different solver methods (like the e ample of the uid ow). Ne t,
the intrinsic parallelism in the solver is passed through the decomposition layer
that captures the parallelism and dependencies into objects and communication
relationships. Finally, these two classes are mapped onto a Virtual Parallel Ma-
chine model that allows for implementation on a large suite of parallel systems.
In a nutshell we have just described the main conte t of this thesis. The main
emphasis is on the definition, characteristics and applicability of the so called
decomposition layer, the resulting interacting objects and their mapping onto a
virtual parallel machine.

To be able to capture the generic aspects of parallel solvers and to e press the
basic properties of the natural system we will define our own abstract solver
model indicated as the Virtual Particle model. The Virtual Particle (ViP) can be



defined as the basic element in the simulation model. The ViP can be defined
on several levels of abstraction. For e ample in a simulation model of a biolog-
ical system, the ViP can correspond to a certain level of organization and ag-
gregation in the system (e.g., molecule-organelle-cell -tissue-organ- organism-
population). The choice of the abstraction level is determined by a combination
of the desired refinedness of the model and the computational re uirements.
In the ViP model the microscopic, temporal or spatial, rules have to be specified
in such a way that they appro imate the microscopic rules as observed in the
actual system. In the ViP model, the ViPs may correspond to the individual par-
ticles in the natural solver, as for e ample in lattice gases. In the ViP model the
particles can also be organized hierarchically, where ViPs can be an individual
particle or clusters of ViPs. In such a hierarchical model interactions can oc-
cur between individual ViPs, clusters of ViPs, and individuals and clusters. An
e ample where clustering of ViPs is applied is in N-body problems, where the
O N2 number of long-range interactions between the particles can be appro i-
mated by O NlogN interactions by using hierarchical tree methods 6, 11, 66 .
In the hierarchical algorithm the overall comple ity of the problem is reduced,
which allows for the simulation of relatively larger problems, while the infor-
mation about the error introduced by this appro imation is preserved. By al-
lowing to cluster ViPs into a new ViP, it becomes possible to develop an efficient
abstraction and conse uent mapping of the application model onto the Virtual
Parallel Machine model.

The natural system is represented by a Dynamic Comple System (DCS), the
application model, where the individual elements are the ViPs. The application
model is mapped onto the Virtual Parallel Machine Model (see Fig. 1. ), which
can be another instance of a DCS consisting of a population of processors. The
concept of interconnected Virtual Particles will be used to define and build a
computational framework to allow an efficient mapping of the ViPs to a paral-
lel machine model. By means of this framework we are effectively merging the
application DCS and the parallel machine DCS, each with their specific char-
acteristics. By viewing a parallel machine as yet another DCS we are enabled
to study it with common techni ues from the field of natural DCS, i.e., physics.
An important aspect of comple systems theory is the genericity encountered
in the statics and the dynamics of the system. Different microscopic interac-
tion details are often irrelevant for triggering specific macroscopic phenomena
like for e ample pattern formation 16 , 86, 115 , strange attractors 64,69 and
phase transitions 140, 1 8, 146, 10 ,41 .

On the other hand, physical and biological DCSs may be characterized using
methodology from the field of computer science. In the remaining part of this
chapter we will talk about the computational aspects of a DCS and discuss a
number of e amples where the computational properties of physical and bio-
logical systems are studied.
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1.2 Computation in Dynamic Complex Systems

In this section we will discuss the concepts of ,

, and . The underlying motivation is to
integrate our current knowledge of formal computation with the notion that
physical (and biological) processes can be viewed as computations.”

The intuitive notion of an algorithm can be formalized by a
(TM) (Alan Turing, 191 -1954). It is conjectured that any way of formalizing
an algorithm is e uivalent to formulating a Turing Machine. Formally, the ba-
sic model consists of a finite control, an input tape and a head that can be used
for reading or writing on that tape. A Turing Machine can e ecute an algorithm
defined by a on the tape. The string is constructed from a finite alpha-
bet. A TM can decide whether a given string is an element of a . A
language is defined as a set of strings. A Turing Machine can both be used for
deciding membership and for computing functions (basically the two operations
are identical). A language L M that is accepted by a TM M, is said to be

(r.e.). The class of r.e. languages includes some languages
L M for which there does not e ist an algorithm to determine the membership
of a string, i.e., we cannot tell whether the machine M will eventually accept
the string if we let it run long enough, or whether M will run forever 73 . A
subclass of the r.e. languages are the , which are those languages
accepted by at least one TM that halts on all inputs.
We can also view a Turing Machine as a device that computes functions from
integers to integers. Again we can identify two different classes. First, the so



called , which are those functions that are computed by
Turing Machines that halt on all inputs. For e ample all common arithmetic
functions, like multiplication, addition, etc, are total recursive functions. The
analogon of r.e. languages in the computation of functions are called
, 1.e., those functions that are computed by Turing Machines
that may or may not halt on a given input.
With this background information we can now define the
, which states that the intuitive notion of an algorithm can be identi-
fied with the class of partial recursive functions and conse uently computed by
a Turing Machine.
Currently we cannot prove this hypothesis because of the informal notion of
computable.” If we place no bound on the resources (time and storage), the par-
tial recursive functions are intuitively computable. It is difficult to tell whether
the class of partial recursive functions includes all computable” functions. Many
other formalisms have been presented, like A-calculus and Post systems, but all
are e uivalent to the class of partial recursive functions 73 .
A TM that can simulate an arbitrary TM is called a
(UTM) and as a conse uence has the ability to do . The
rules of a particular TM are encoded on the tape of the UTM. An UTM consists
of the following parts: the part where the TM is encoded, the part where the
input is encoded, and a workspace where information representing the current
state of the TM head, the current character of the TM tape and the movement
command are encoded. In the section on , Which are a special
kind of computing devices, we will show that these devices are also capable of

In the remainder we will talk about TMs solving problems instead of TMs recog-
nizing words or computing functions. We deliberately choose this nomenclature
because it is more related to the spirit of this thesis.

Even in systems with a very simple structure, it is possible to observe comple
behavior. E amples are systems with only a few degrees of freedom, e.g., the lo-
gistic map, and systems with many, but a finite degree of freedom, e.g.,
(CA) 166 .

The research on CA started in 1948, when von Neumann embarked on an am-
bitious project: to show that phenomena as comple aslife the survival, repro-
duction and evolution of comple forms of organization can be reduced to the
dynamics of many identical primitives capable of interacting and maintaining
their identity. Following a suggestion by Ulam he adopted a fully discrete ap-
proach: space, time and the dynamical variables were defined to be discrete.
From these first investigations by von Neumann resulted the concept of a cel-
lular automaton. The nice thing about CA, is that they are easy to construct and
are e plicitly parallel, which make them good model candidates for implemen-
tation on massively parallel computers. On the one hand, CA can be seen as
discrete appro imations to partial differential e uations 153 and can be used



for modeling a wide variety of Dynamic Comple Systems 100 . Another ap-
proach based on so called intuitive” physics, where basic microscopic interac-
tion rules are constructed using a minimal set of physical principles. attice
Gas Automata ( GA) are a good e ample of this approach 39 . GA are a spe-
cial kind of Cellular Automata to model uid ow. The microscopic interaction
rules are constructed such that they conserve basic uid properties like conser-
vation of mass and momentum. In Chapter 5 we will discuss these GA in more
detail.
Cellular Automata are mathematical idealizations of physical systems in which
space and time are discrete and physical uantities take on a finite set of dis-
crete values or states. A cellular automaton (CA) consists of a regular uniform
lattice of cells. A CA evolves in discrete time steps, with the value of the state
at one cell being affected by the states of the cells in its at the
previous time step. The neighborhood of a cell consists of the cell itself and its
immediate neighbors. By immediate neighbors we mean those cells that can be
reached in r steps. For e ample if we have r 1 and a 1D lattice, the neigh-
borhood consists of the cell and its left and right neighbors, which results in a
et g t denote the the value of cell i in a one dimen-
sional cellular automaton at time step t. Each cell value is specified as an inte-
ger in the range 0 through k 1. The cell values evolve according to:

at Fa,t 1,1t 1 at 1 a t 1 (1.1)

where F is called the of the CA. The parameter r determines
the range of the rule, i.e., the neighborhood. The size of a neighborhood is 2r 1.
Propagating features generated in CA evolution travel at most r cells per time
step. Aftert time steps a region of at most 1  2rt cells may therefore be affected
by a given initial rule. The total number of different neighborhood states, is
k2 1 which implies that the total number of different CA rules is k< .

It is possible to code a specific transition rule by a numerical code. This code is
determined from the binary value that is associated with the resulting states
found after applying the rule to the specific neighborhood. ets try to clarify
this by an e ample.

Consider a 1D CA, withk 2andr 1. The total number of possible neighbor-
hoods e uals 8:

111 110 101 100 011 010 001 000
0 1 1 0 1 1 1 0

Under each possible neighborhood the new state, to which the middle cell evolves,
is depicted. The binary number 01101110, which is read from reading the new
states from left to right, defines the rule. The corresponding decimal number
is 110, and by definition the update rule is classified as CA 110. Note that the
transition rule can also be identified with a boolean function. The space-time”
diagram of CA 110 is shown in Fig. 1.3 as it evolves from a random initial con-
figuration.
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In 1971 Alvy Ray Smith constructed a series of progressively simpler CA ca-
pable of universal computation 77 . He started by constructing a D CA that
directly simulates a Turing Machine, i.e., with a one-to-one correspondence be-
tween the steps of the CA and the steps of the TM. The CA states represent both
tape symbols as well as the states of the TM. If the TM has mtape symbols and
ninternal states, the CA has 1 plus the ma imum of n and m states.

The construction continues as follows, one row of the CA is used to represent
the tape. The row of cells above the tape contain one cell, h, that simulates the
head. The cells immediately to the left and right of h are labeled a and b respec-
tively. The cell just below the head is called s, and is used to simulate the tape
symbol that is currently being scanned. All cells, e cept the tape head and the
input tape are in the uiescent” state, denoted by 0.” In Fig. 1.5, the labeling
of the different cells is schematically depicted in a D CA grid. Subse uently,
the following actions of the TM have to be encoded into a CA transition rule:

e scan the current symbol uin state v.
e write a new tape symbol p and go into state q.

e move either left or right.

Using the neighborhood template of Fig. 1.4 and the schematic representation
of different types of cells in Fig. 1.5, the actions can be encoded into a CA tran-
sition rule:

One of the four CA rules is applied depending on the cell label of the shaded cell
(see Fig. 1.4). In all other cases nothing happens with the state of the shaded
cell.

In this way, the CA can simulate any given TM in real time. As a conse uence, a
CA can be constructed that simulates a Universal Turing Machine in real time.
In the remaining part of Smith s paper he gives several variations of the con-
struction described above, using different neighborhood templates and one di-
mensional architectures.
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Classi catio o C amics

It is possible to classify CA evolution by their spatial temporal dynamics. A pos-
sible classification was given in 164 . Globally four different classes are iden-
tified:

I. Fi ed point behavior, eventually the evolution of a CA ends in a fi ed point
of the state space.

I1. Periodic behavior, the evolution f is periodic with a period T,so ft ft
T.

II1. Chaotic behavior, evolution leads to chaotic patterns.



IV. Comple behavior, complicated localized patterns occur, sometimes they
die out sometimes they dont.

The first three types of behavior are commonly found in dynamical systems,
only until recently, behavior of the comple -type has been identified in dynam-
ical systems 113,1 7,76,1 6.

In Figs. 1.6 and 1.7, the four possible types of dynamical behavior are shown for
1 dimensional CAs. Dynamical behavior of the CAs in Fig. 1.7 are e amples of
computational irreducibility. The problem of determining the configuration of
a CA after t time steps, given an initial seed and the CA-rule, can be solved in
O logt time for the CAs in Figure 1. The evolution for the two other rules can
only be found by e plicit simulation with length Ot 165 . The difference is that
the former two are reducible and the latter two are irreducible, i.e., their ulti-
mate behavior can only be predicted by e plicit simulation. For infinite class IV
CAitis undecidable whether a particular rule operating on a partic-
ular initial seed will ultimately lead to a frozen state or not 89, 165 . Obviously
this decision problem is not undecidable for finite CA, because it is always pos-
sible to determine its fate in at most kN steps, for k states and N cells.

In Section 1. .3 we will discuss the concepts of and

in more detail. Summarizing CA behavior:

. : fi ed points and periodic. Final state
of the system may be predicted analytically.

° : chaotic dynamics are unpredictable
and comple dynamics can even be undecidable. The evolution of these



systems is its own simplest description and its own fastest computation 43 .

As a conse uence of these observations, it is assumed that dynamical systems
which display comple behavior are capable of universal computation 164, 89 .
If this hypothesis is true than CA 110, as described above, is a good candidate
for universal computation 91 .

In this Section we will review the most important concepts from the field of
computational comple ity. The notions of and
will be introduced in an informal way. The posmon of simulation
in the world of computational comple ity will be discussed in the section on ir-
reducibility, which was already loosely discussed in Section 1. . .

eci a ilit

In 1931 the logician urt Godel proved that a certain a iomatic system of num-
ber theory was incomplete. His theorem informally states that there are certain
statements about numbers that cannot be proved within the a iomatic formal-
ism. Godel s original proof of the incompleteness theorem is based on the para-
do of the liar: This statement is false.” By changing this statement to: This
statement is unprovable,” he obtains a theorem instead of a parado . If this as-
sertion is unprovable, than it is true and the formal system is incomplete. If
this assertion is provable, then it is false and the formal system is inconsistent.
The original proof of Godel was based on a specific formalization of number the-
ory and was followed by a paper showing that the same methods apply to a much
broader class of formal a iomatic systems. At that time he could not yet prove
it for all a iomatic systems, due to the lack of a mathematical definition of an
algorithm. Only after the formal definition of an algorithm by Turing, it be-
came possible to proceed in a more general fashion. In turn Turing showed that
there is no algorithm for deciding whether or not a program ever halts, i.e., the
is unsolvable. One can derive Godel s theorem from the halting
problem
It is a fact that any nontrivial property about TMs, is undecidable. The latter
fact is known as Rice s theorem 73 . Using Rice s theorem, we know that if we
observe a physical phenomenon that is able to mimic a universal TM then most
uestions, concerning this phenomenon, in idealized limits of infinity, re uire
arbitrary long computations and are

tracta ilit

Computational comple ity describes the amount of time, space or other re-
sources needed to solve a problem.

The space comple ity Sn denotes the ma imum number of cells that a TM M
will scan for an input of length n. The problem solved by M is said to be of



space comple ity Sn . The time comple ity T n denotes the ma imum num-
ber of moves that M will make for every input word of length n. M is said to be
of time comple ity T n .

In the time comple ity regime two important classes can be defined: P and NP.
The class P is informally defined as the class of those problems for which there
is a polynomial time deterministic TM to solve them. The class NP is informally
defined as the class of those problems for which there is a polynomial time non-
deterministic TM to solve them. Furthermore, it is defined that a problem be-
longs to NP if and only if a given solution can be verified in polynomial deter-
ministic time (see also 18 ).

A special class of problems are known as . AproblemL NPis NP-
completer if every other problem L NP can be reduced to it in

A problem L can be polynomially reduced to another problem L' if there e 1sts
a polynomial time transformation from an instance in L to an instance in L.
Ne t, we have to find the first NP-complete problem. Therefore we cannot use
the above mentioned approach, simply because we do not have a known problem
to transform from. As we shall see a common trick to prove C completenessis
just to mimic a specific machine that accepts an arbitrary language L C, where
C stands for a specific comple ity class, i.e., P or NP. We shall see that this is
also the approach that can be used in deciding completeness results for certain
physical phenomena. Thus in order to prove NP-completeness for our first lan-
guage, we must show that this language is able to mimic the computation of an
arbitrary language in NP on a non-deterministic TM in polynomial time. The
Satisfiability problem was the first problem for which this was done 18, 58 .
Mutatis mutandis, we can define the class of problems. These prob-
lems possess yet another characteristic, , which will be discussed
in the ne t section.

Another important class of problems is called NP-hard. A problem L is called
NP-hard if all problems in NP can be reduced to it, but L is not necessarily in
NP.

A major open problem in the field of computational comple ity is the uestion
whether P NP. It is suspected that P is a proper subclass of NP, which implies
that NP-complete problems are provably more difficult than problems in P.

In the space comple ity regime we can define the classes PSPACE and NPSPACE.
The class PSPACE is informally defined as the class of those problems that can
be solved by a polynomial space bounded deterministic TM that halts on all
inputs. NPSPACE is defined as PSPACE, but now for non-deterministic TMs.
As opposed to the time comple ity classes P and NP, it is possible to prove that
PSPACE NPSPACE 73,58 . Hence deterministic polynomial space is as pow-
erful as non-deterministic polynomial space. We can now define the class of
PSPACE-complete problems: a problem L is PSPACE-complete, if L' PSPACE
and for allL PSPACE, L can be reduced to L in polynomial time. It follows that
if L is PSPACE-complete, then L Pifand only if P PSPACE andL NPifand
only if NP PSPACE. Note that we could have P NP even if P PSPACE,
indicating that if a problem is PSPACE-complete, it is an even stronger indi-
cation that it is intractable, than if it is NP-complete 58 . Note that every



known NP-complete problem is also in PSPACE. Note that all problems solv-
able in polynomial time can be solved in polynomial space. Or in other words, L
must be able to simulate a universal polynomial-space bounded TM, i.e., a TM
which can compute every polynomial-space bounded function. The first prob-
lem that was proven PSPACE-complete is called uantified Boolean Formulas
( BF)58.

Analogous to the NP-hard problems, we can define a PSPACE-hard problem L
as a problem to which every other problem in PSPACE can be reduced, but L is
not necessarily in PSPACE.

rre uci ilit

Now that we have indicated the hardness of certain kind of problems. We are
confronted with situations where it is fundamentally impossible to find short-
cuts for solving problems, or even worse, solving those problems can be compu-
tationally intractable. In this section we will position simulation in the world of
computation theory. For the moment let us define a as some dynamical
entity which evolves through time.” In the conte ts of CA we already observed
that a comple system can be called whenever the system is capa-
ble of mimicking a Universal TM. Problems regarding the system s ultimate fate
are often computationally intractable. Irreducibility of a problem implies a sim-
ulation approach, by the fact that every computational step must be e plicitly
simulated, i.e., we can also conclude that the system suffers from
. In other words we want to solve the problem in what state a system will
be after running” fort time steps.
The problem of irreducibility is closely related to the computational theoretical
notion of . Computational comple ity theory offers dif-
ferent formal models for parallel computers, e.g., P-RAM and uniform circuit
families 18 . A separate comple ity class, NC, has been defined for
problems that admit 18 . The definition is as follows:
et L be a problem that is solved on a standard TM. If the time comple ity of
L is O NX, L is in uniform NC iff there e ists a parallel algorithm which can
solve the problem is poly-logarithmic time, O log“N , using only a O N¥ proces-
sors. The class of problems now contains those problems which are
hardest” to solve in parallel, i.e., for which no efficient parallel algorithm e ists
(unless uniform NC P, which is also unknown). A well known P-complete prob-
lem is the Circuit Value Problem (CVP). The problem is, given an input string,
to compute the truth value of a so called Boolean circuit, which consists of a hi-
erarchical connected topology of boolean gates. Another interesting P-complete
problem is Generic Machine Simulation (GMS): Given an input X, an encoding
of aTM T, and an integer t coded in unary, decide whether T accepts X within t
steps. The P-completeness result of GMS implies that the computation of any
system that is able to perform arbitrary computations is a P-complete problem.
As an e ample consider an N-body system consisting of a set of interacting par-
ticles. A wuestion could be: Will a particular particle ever reach a certain
part of the embedding space ” It can be shown that this problem is actually



PSPACE-hard, hence the solution cannot be found by a fast” procedure (see
Section 1.3. ). The system can perform computations” that are as powerful as
those performed by universal computers re uiring polynomial space. This re-
sult implies that the dynamics of the system, i.e., the state of the system t time
steps away, is a P-hard problem, hence irreducible.
The definition of computational irreducibility, stating that a system can only
be e plicitly simulated, is the same as stating that a P-hard problem must be
solved. This implies that efficient parallel simulation is possible according
to the given definition. Besides the fact that those systems can not be solved
by analytical means, they can also not be simulated efficiently in parallel. This
sounds like a devastating result, especially since this thesis concerns the par-
allel simulation of comple systems.
However, the definition of efficiently parallel” used by the people from the field
of computational science differs from the previous definition used in comple ity
theory. Parallel computers are successfully applied to solve large problems from
the field of computational science. Generally, the speedup in computation time
is at most linear in the number of cooperating processors.
Consider for e ample a parallel method for finding the largest integer among a
set of nintegers. The problem can be solved by decomposing the problem in n
sub problems of n elements each. In the first step a se uential algorithm is
applied in parallel to determine the largest value of each sub problem. Subse-
uently the same algorithm is applied to determine the largest value among the
n resulting elements. The parallel time comple ity of this methodis O n,
which is not efficiently parallel, but in practice we can still be satisfied (Note
that an efficient algorithm of O log n e ists 18).
When simulating a system, certain phenomena or properties can dur-
ing the simulation, phenomena that are not e plicitly coded in the simulation
model. By analyzing this emergent behavior, we can answer uestions about
those systems. For every DCS we can define a set of properties we are interested
in. As an alternative to computing the property we can simulate the system and
watch” whether a specific property emerges.
Even non-computable problems can be solved” by simulation, just by watching
the system evolve. An e ample 1 5 is the problem of determining whether a
certain point is a member of the Julia set, which is the closure of the unstable
e uilibrium set of the following comple mapping:

zn 1 Zn ¢ (1. )

It is undecidable whether a given point in the comple plane is an element of the
Julia set 17 . However, it is possible to just simulate the mapping and observe
the membership of a certain point.

P-completeness has been proved for a variety of simulation models. For e am-
ple, Moore and Nordhal have shown that GA (see Section 1. . ) prediction is
P-complete, implying that there is no shortcut possible to calculate the future
state of an arbitrary GA configuration 114 .

In the ne t section we will show how the discussed concepts can be used in a



computational analysis of models of physical systems.

1.3 Intractability and undecidability in some Phys-
ical Systems

Physical processes can be viewed as computations 165 , where the difficulty
of answering uestions about these processes is e uivalent to performing the
corresponding computations. In principle the behavior of many comple sys-
tem can be calculated by e plicit simulation. However, the theoretical sciences
are concerned with devising shorter calculations to reproduce the outcome of
such systems. Assume a class of systems that can indeed be predicted by us-
ing a formula describing its future state. Then essentially, this means that the
calculations performed by using the formula must be more sophisticated than
the calculations performed by the physical system itself. This implies that the
formal system must be more powerful than the corresponding physical system.
However, for a physical system that is able to perform calculations that are as
powerful as those performed by a Universal Turing Machine, no shortcuts are
possible. In contrast some physical processes behave 33 and therefore
cannot be viewed as computations. Here we are confronted with a kind of unpre-
dictability: it is not possible to predict the future accurately, just because slight
discrepancies in the initial configuration will grow unbounded in time 40 . This
implies that, to accurately predict the system t steps in the future, we need
appro imately t digits in the specification of the initial configuration. So, the
amount of information necessary to predict the future grows e ponentially with
time.

A trivial e ample of a physical process that can be viewed as a computation,
is the logic performed by a general purpose computer. There is no way of find-
ing a general procedure for predicting future states. Using computation- and
comple ity theory it can be shown that such systems have a stronger kind of
unpredictability than chaotic systems 165, 113 . Of course everything that is
said here is based on the Church-Turing Thesis and in particular on a physical
version of it:

i ersal com utersareas o eruli t eir com utatio alca a il
itiesas a sicall reali a les stemca e sot att e ca simu
late a sical s stem
If this hypothesis is true, no physical system can shortcut a computationally ir-
reducible process. In this case simulation is the only way out. A system with
bounded storage capacity that solves PSPACE-complete problems can be called
universal. Can we find any physical system, other than an artificial computer,
that is capable of universal computation It is conjectured there are many of
such systems 1 3, 165, 113 . A comple dynamical system, that can simulate
any universal computation is PSPACE-complete. The uestion whether a given
initial state x will ever reach a particular set Aise ual tothe uestion whether a
Universal Turing Machine ever halts for a given initial input. Even if xis known



, its basin of attraction is not a recursive set, i.e., there is no algorithm to
test whether or not a point isin it 113 . In the section on CA we have seen that
even in structurally very simple computational systems, very comple behav-
ior can emerge, so that uestions about their long time behavior are formally
undecidable.

Summarizing so far, we can can say that a dynamic comple system is formally
intractable if it can simulate any polynomial space bounded TM and thus ues-
tions regarding its behavior can be PSPACE-hard. In addition it is possible that
some systems can simulate any polynomial time bounded non-deterministic
Turing Machine. Imagine for e ample a system in which certain uestions
about it can be non-deterministically guessed and checked in polynomial time.
uestions regarding such systems can be called NP-complete. The last and
most difficult type of behavior, is displayed by those systems, which are capa-
ble of imitating Turing Machine, with no resource bounds. Answering ues-
tions about these kind of systems can be formally undecidable, we can simulate
for ever, without being certain of its behavior. Note that only systems having
a continuum of states are potentially Turing universal, while in
systems having a finite number of states, the limited precision will cause that
after some period, the system will return e actly to some previous state.
In this section we will discuss models of three different comple systems, namely
an 1 7,an 1 6 and 80 .
It can be shown that these systems e hibit undecidable, intractable and irre-
ducible behavior. We will shortly describe these systems and their related hard-
ness proofs. For a thorough description we referto 1 7,1 6, 80 .

First the optical system, which also forms a basis for the hardness proofs of the
N-body system. In 1 7 the Computability and Comple ity of Optical Beam
Tracing” is e plored. The (RTB) is stated as:

Y Y

We summarize the computability results for different optical models, for more
detail see 1 7 :

1. In athree dimensional system which consists of a finite set of mirrors, half-
silvered mirrors and uadratic lenses, RTB is undecidable. The proof re-
mains valid for rational coordinates.

. In a three dimensional system which consists of just a finite set of mirrors
with irrational endpoint coordinates, RTB is undecidable. When the end-
points are restricted to rational coordinates the problem is PSPACE-hard.



3. For any system with dimension 2, which consists of a finite set of mirrors
with rational endpoints which lie perpendicular to each other, RTB is in
PSPACE. For dimensions 3 the problem is PSPACE-complete.

By showing that the total path of the light ray can be divided into sub paths
and their corresponding rational e uations, all models can be shown to be re-
cursively enumerable. Hence the total path can be traced. In order to prove
undecidability, an optical model must be able to mimic an unrestricted Turing
Machine. This can be achieved by coding the contents of the tape by Xy coor-
dinates of the position of the light ray. The states of the TM are coded” by basic
optical bo es (a specific set of mirrors and lenses), which implement the transi-
tion function 0 for a particular state. The mapping of d onto the operation of an
optical model is done by simulating the two basic different types of transitions:

dqgc g wlL (1.3)
d0gc g wR (1.4)

Where L and Rrepresent a left and right move respectively, g and q correspond
to TM states, ¢ to the read symbol, and w to the written symbol. The basic
bo esimplement the various transition functions, by manipulating the light ray
through the use of mirrors and lenses, which in turn implement the functioning
of an entire TM. Undecidability of RTB using some optical model can be proven
by showing that an unrestricted TM can be mimicked. PSPACE-hardness can
be proven by showing that some space bounded TM can be mimicked.

A second physical model to which a hardness proof is applied, is
1 6. The is stated as follows:

The problem of determining whether a specific particle will reach a certain re-
gion at some specified target time is called the . The
e uations of motion for each body is given by Newton s laws of motion which
constitute n ordinary differential e uations. The corresponding solutions can
be appro imated by time stepping. The initial positions and velocities of the
bodies are given by nk-bit rational. The destination position is given by a ball,
which is an n-bit rational (the ratio of two n-bit integers). A related result can
be found in 53 , where the billiard ball computer” is introduced and which is
proved to be PSPACE-hard. However this model depends on non-movable ob-
stacles as does the optical model stated above and hence is not applicable to
N-body simulation.



The hardness proofis done by constructing an analog of optical beam tracing in
the N-body system. It is assumed that initial positions, velocities and position
of the destination ball are rational. The global sketch of the proof is by reduc-
ing several problems to each other, starting with a known PSPACE-hard prob-
lem, namely that of optical ray tracing with re ective (only mirrors) surfaces
and ending with the n-body simulation problem by subse uently reducing sub-
problems. For a detailed overview we referto 1 6 .

In e uilibrium growth processes, as for e ample found in a perfect crystal where
the growth process is near or in e uilibrium, molecules are e ploring various
sites of the crystal and are added to the crystal until the most stable configu-
ration is found. In this type of growth process a continuous rearrangement of
particles takes place, the process is relatively slow and the resulting objects are
very regular 134 . In some cases the growth form which emerges is a normal
object from Euclidean geometry whereas in other cases objects are formed that
resemble regular fractal objects.

Many growth processes in nature are not in e uilibrium. An e treme e ample
is an aggregation process of particles where as soon as a particle is added to
the growth form, it stops trying other sites an no further rearrangement takes
place. The local growth probabilities are not e ual everywhere on the aggregate
and an instable situation emerges. The growth process in non-e uilibrium is
relatively fast and often irregular objects, characterized by a fractal dimension,
are formed 133,134, 13 . Ane ample of a growth process, in non-e uilibrium
from physics, is viscous fingering. The phenomenon can be demonstrated in an
e periment where air displaces a high-viscosity uid between two glass plates.
In Fig. 1.8 a diagram is shown of an e periment where air is injected between
two glass plates at y 0 and displaces a high viscosity uid, which is only re-
moved at the top of the plates (both sides are closed). The pressure P will be
the highest aty Oand thelowest aty L, where L represents the length of the
glass plates. In the uid the pressure is given by the aplace e uation 47 :

P 0 (1.5)

In the air the pressure is everywhere e ual, since its viscosity can be ignored.
The pressure in the air e uals to the input pressure Py 0 and the conse-
uence is that the largest pressure gradients occur at the tips of the fingers in
Fig. 1.8, while the lowest gradients occur below the tips. The probability that
the fingers continue to grow will be the highest at the tips and in a ne t growth
stage the pressure gradients in the tips are still more amplified, resulting in
an instable situation. In Fig. 1.9 an e ample of the resulting growth pattern is
shown, it is an irregular shaped object, known in the literature as viscous fin-
gering.
Another e ample of growth in non-e uilibrium is growth of a bacteria colony (for
e ample ) on a petri-dish 56 . The colony consumes nutrients



from its immediate environment and the distribution of nutrients is determined
by diffusion. When it is assumed that the concentration c is zero at the colony
and that the diffusion process is fast compared to the growth process, the con-
centration field will attain a steady state in which the diffusion e uation

dc 2

at (1.6)

e uals zero. In this e uation is the diffusion coefficient. The nutrient source
may be, for e ample, a circle around the colony or a linear source where the
concentration is ma imal. The local nutrient concentration at sites between the
colony and the source can be described with the aplace e uation:

0 (1.7)

The growth process of a bacteria colony, viscous fingering, and various other
growth patterns from physics as for e ample electric discharge patterns and
growth forms of electro deposits, can be simulated with one model: the Diffu-
sion imited Aggregation (D A) model 16 , 163, 133 . At the heart of all these
growth patterns there is one Partial Differential E uation, the aplace e ua-
tion, which describes the distribution of the concentration (E . 1.7), pressure



(E . 1.5), electric potential, etc., in the environment of the growth pattern. The
underlying aplace e uation can be solved numerically and a D A cluster can
be constructed using the nutrient distribution over the lattice. The cluster is
initialized with a seed and the following boundary conditions are applied: ¢ 0
on the cluster itself and ¢ 1 at the nutrient source, which may be circular, lin-
ear etc. The probability p that a perimeter site with inde k will be added to the
D A-cluster is determined by

Ckn

p k perimeter sites k cluster sites (1.8)

i perimeter sites Ci f

where ¢, concentration at position k

The e ponent n applied in E . 1.8 describes the relation between the local field
and the probability. This e ponent usually ranges in e periments from 0.0 to
.0. The sum in the denominator represents the sum of all local concentrations
of the possible growth candidates. The probability that new sites will be added
to the cluster will be the highest at the tips of the cluster, where the steepest nu-
trient gradients occur, and the lowest in the bays between the branches. In suc-
cessive growth steps the nutrient gradients at the tips will even become steeper
and a comparable instable situation is encountered as in the viscous fingering
e ample. The effect of changing the e ponent n in E . 1.8 is that the overall
shape of the cluster changes. For the value n 0 the shape changes in a com-
pact cluster and it can be demonstrated that the D A-model for this special case
transforms into the Eden model 44 . This model is one of the earliest proba-
bilistic cellular automata to simulate growth. In the Eden model each possible
growth candidate has the same probability to become occupied. For the value
n 1the normal D A-cluster is obtained, while for higher values more den-
dritic shapes are generated 105 . With the parameter n the effect of nutrient
gradients on the growth process can be controlled, where the Eden model is an
e treme e ample in which gradients have no effect on the local probability that
a new site will be added to the growth form.
In order to model and simulate different natural growth processes, a variety of
growth models have been suggested, each with different characteristics. Most
of these models display scaling or fractal behavior, analogous to characteristics
observed in second order phase transitions. Besides D A and Eden, other e -
amples of these models are: invasion percolation, and ballistic deposition 106 .
From a computational point of view these models can be divided in two classes
known from computational comple ity theory: uniform NC and P (see Section
1. .3).
As usual comple ity classes are defined for decision problems, so in order to
talk about the computational comple ity of growth models, they have to be for-
mulated as such. Consider a cluster growing on a lattice of N sites. The deci-
sion problem can be divided into N separate decision problems, corresponding to
whether the N sites of a lattice will eventually be occupied or not by the spread-
ing cluster. Through the e uivalence of a hydrodynamic model 85 it can be



shown that D A is P-complete 95 , hence D A can be regarded as a universal
computer for problems in P. On the other hand the Eden model and invasion
percolation can be formulated as 131 and as such can be
proven to be in the class uniform NC 96 .

et us first consider the e uivalence between D A and the Chamber-Tube (CT)
model 85 . An approach to model two- uid ow (an inviscid uid driving a vis-
cous one) in a porous medium is to regard the porous medium as a system of
chambers connected by tubes. The pressure of the viscous uid driven by the
invading uid, satisfies a aplace e uation: 0%p 0. Basically this is the CT
model, which can be shown to be e uivalent to D A. In 95 it is shown that
this CT model is P-complete, from which a restricted planar version of this CT
model is also shown to be P-complete. Intuitively the D A model is inherently
history dependent (hence irreducible), i.e., the growth at a given time step de-
pends in the prior history of the system (Markovian). Because of this property,
the D A model does not lend itself for efficient parallelization in the com-
putational comple ity sense.
Apparently also Eden models suffer from history dependence, at each time step
a particle is added randomly to the perimeter of the cluster. In 96 it is shown
that this history dependence can be overcome. In 131 a mapping is made be-
tween the Eden model and the growth of directed polymers in random media.
The is defined in a random medium, at zero temper-
ature. To each site i of a lattice, a random number X from some probability dis-
tribution is assigned. This random number corresponds to the local interaction
energy between the polymer and the embedding medium at this site. A directed
polymer is a directed path P that spans the lattice. The energy of the polymer
is the sum of the xs along the path P. At zero temperature the polymer will be
in the lowest energy configuration, such that E will be:

E minp _bei (1.9)

Subse uently an e uivalence with Eden growth can be made. Set a clock on
each site of the lattice and record the time during which the site has been a po-
tential growth site, without being actually part of the cluster. Note that even-
tually all sites will be part of the Eden cluster. Call this delay T1; for site i. From
these delay times, the real time tj at which the site became part of the cluster
can be computed: it is e ual to the time at which i became a neighbor to the
cluster plus the time 1;. The time t;' at which the neighbor becomes part of the
cluster is the minimum of the sum of delays to this neighbor:

ti  minp T (1.10)
2

The resemblance between E . 1.10 and E . 1.9 is obvious. The time should be
compared with the minimum energy of a polymer. This so called waiting time
model can in turn be mapped onto a Minimum-Weight Path algorithm (MWP),
which is known to be efficiently parallelisable. MWP is defined as:



An undirected graph GV E , whereV is a set of sites and E is a set
of bonds connecting pairs of sites. Weightsw i j are assigned to each
bond i j E. The problem is to find a matri containing weights of
the minimum-weight paths between every pair of sites in V.

We have seen that it is possible to describe both Eden and D A with the same
e uation 1 ,onlydiffering in one parameterrn. Whenn 1D Aisrecovered,
and when n 0, the Eden model is obtained. It follows that, though both D A
and Eden can be described by the same e uations, they are not e ual in com-
putational comple ity. We now speculate that this transition to another com-
ple ity class can be established by changing this n parameter. It is interesting
to know whether general properties and conditions for this difference in time
comple ity between growth models can be found.

1.4 Speculation: Computing at The Edge of Chaos

So far we have identified systems which display all kinds of comple behavior,
i.e., they were found to be computationally irreducible or intractable or even for-
mally undecidable. The other side of the metaphorical DCS medal are the phys-
ical aspects of computation. uestions we can ask at this pointis: When does a
system display comple behavior ” or Where are the most difficult problems in-
stances located ” The first uestion tries to answer the physical re uirements
and conse uences for computations, complementing the theoretical computa-
tional aspects discussed in the previous sections. The second uestion deals
with the location of computationally difficult problem instances, instead of only
classifying them by their worst case scenarios. This thesis will not be that ambi-
tious and overconfident to answer these long standing open problems, however
we will shortly discuss current hypotheses regarding this subject. In Chapter 3
we will discuss this matter in the conte t of a famous problem in parallel com-
puting: the Task Allocation Problem.

In 1949, Shannon wrote a book on The mathematical theory of communica-
tion.” In this work Shannon defines a mathematical framework for the uan-
tification of and the reasoning about information. The most important uan-
tity that he defines is called , which is uite similar to the
thermo-dynamical entropy used in statistical physics. Instead of uantifying
disorder by the probability of each state in which a physical system can be
found, information entropy uantifies of a data stream by using
the probabilities of the occurrence of each symbol. We will go in more detail to
this subject in Section 3.4.1.

Some authors 164, 88, 31 believe that when a system displays comple ” be-
havior, universal computations can be performed. Mechanically speaking a
computational system re uires , and of infor-
mation. So, whenever we identify those three components in some dynamical
system, the system could be computationally universal. But then the ues-
tion remains when does this happen Broadly said, using information theo-



retic results, we can answer this uestion by saying that it must take place at
an intermediate level of entropy: stored information, lowers the entropy, but
transmission of information increases the entropy level.
In a number of papers, Christopher angton and co-workers have tried to an-
swer this uestion by considering Cellular Automata as a theoretical model for
a physical system 88, 89,9 , 167, 67 . The hypothesis Computation at the
Edge of Chaos” resulted from this research. Brie y it says that universal com-
putations can take place at the border between order and disorder (i.e., chaos).
This statement partly resulted from the field of statistical physics: temporal
and spatial correlations can become infinite during or at a

between for e ample a solid and a li uid phase. Recall that a dis-
continuous change in an order parameter of the system corresponds to a first
order transition. A sudden, but continuous, change corresponds to a second or-
der transition. At such a transition, the system is in a state. By some
authors 88,8 it is believed that these infinite correlations can be interpreted
as long-term memory needed to store information.
Some non-e uilibrium systems can display critical behavior without e ternal
parameter tuning. This critical behavior is analogous to the behavior of e ui-
librium system at second order phase transitions, i.e., no characteristic length
scales can be found. Systems with critical behavior as an attractor, are denoted
by the term (SOC), coined by Bak and co-workers 9 .
In Chapter 6 SOC is studied in the dynamics of parallel discrete event simula-
tion.

In this paragraph we will shortly review the work on phase transitions in CA,
conducted by angton motivated by the work of Packard 1 0. If we have a
k-state CA with a neighborhood size r, the total number of possible transition
rules is kX', which can become very large, even for a moderate number of states
and or a small neighborhood. If a structure is present in this enormous space,
it should be possible to identify areas of e ual comple ity (Wolfram classes (see
Section 1. . ) and how these areas are connected to each other. Using this or-
dering scheme, one can locate those areas which support the transmission, stor-
age and modification of information. angton suggested the A parameter, to
structure the CA rule-space. An arbitrary state s X is assigned to the

Sg. et there be n transitions to this uiescent state in an arbitrary
transition rule. The remaining k' n transitions are filled randomly by picking
uniformly over the other k 1 states:

A — (1.11)

If A 0Othen all transitions in the rule will be to the uiescentstatesq. IfA 10
there will be no transitions to sq. All states are represented e ually in the rule
if A 10 1 k. With the aid of the A-parameter it should be possible to e am-
ine the conjecture that is located at intermediate regime be-



tween ordered and disordered behavior. The spectrum of dynamical behavior
can be e plored with the so called which increases
the A-parameter at successive time steps. At each new time step a transition
table is incrementally updated using the the transition table at the previous
time step. Because the described method is actually a random walk” through
a coarse grained version of the CA state-space, each table-walk displays uan-
titatively different behavior. Several measures can be used to characterize the
dynamical behavior of the CA at each new value of the A-parameter. These mea-
sures include the numerical determination of entropies and both temporal and
spatial mutual information statistics, which is a kind of correlation measure for
information entropy. In Section 3.4.1 we will discuss these measures in more de-
tail. At intermediate values of A, i.e at the edge between ordered and disordered
dynamics several remarkable events occur:

e Transient lengths grow rapidly, analogously to the physical event of

e Transient lengths depend e ponentially on the size of the CA.

e Mutual information measures have their ma imum values (both spatial
and temporal mutual information) (see Fig. 1.10) at the entropy transition
(see Fig. 1.11)

0.035 T T T T T T T
Temporal mutual information —

0.025
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0.015
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The e ponential dependence of transient lengths on the size of the CA could
be compared to the e ponential dependence on problem size in the NP and
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PSPACE comple ity classes. As for the halting-computations, it will be formally
undecidable for an arbitrary CA in the vicinity of a phase transition, whether
transients will ever die out. The increase in mutual information indicates that
the correlation length is growing, which implies further evidence for a phase
transition in that region. Of course we cannot observe a real phase transition
other than in the thermodynamic limit.

Other evidence for the Edge of chaos” hypothesis can be found in the work of
Crutchfield on continuous dynamical systems 30 and the resulting e-machine
reconstruction. In 3 the so called abilities of a continu-
ous dynamical system are investigated. The output of the system (an iterative
map: X, 1 f Xy )intime is coarse grained into a se uence of zeros and ones. In
other words the output domain X, is divided into two regions, Py X, X; and
Pi.  Xn X , where X; is an arbitrary chosen division point. The comple ity of
the dynamical system is uantified by construction of the minimal regular lan-
guage which accepts the generated se uence. The comple ity and entropy (see
E . 3.34) for the logistic map was e amined in 3 using the method of reg-
ular language comple ity (size of the corresponding finite automaton). It was
found that the lowest values of comple ity corresponds to the periodic and fully
chaotic regimes of the map. The highest value of the comple ity occurs where
the period doubling cascade of the map meets the band-merging cascade, i.e.,
at the border between order and chaos.

In 4 the work of angton and Crutchfield is complemented by e amining
the dynamical behavior of Turing Machines. A class of 7-state 4-symbol Tur-
ing machines, which also includes Minskys universal Turing machine 108 ,
was used to address the uestion whether universal computation is found be-



tween order and chaos. A large number of randomly created TMs was used to
generate three different se uences: a se uence of symbols read, a se uence of
states and a se uence of moves made by the TM head. For all these se uences
the corresponding regular language comple ity was calculated using the tech-
ni ue of e-machine reconstruction and plotted against its block-entropy (see
Section 3.4.1). They found that the most comple TMs are indeed located at
intermediate values of the entropy, including Minsky s universal TM.

Mitchell reviewed this idea of computation at the edge of chaos” and re-
ported on e periments producing very different results from the original edge
of chaos” e periment by Packard 1 0 . They suggest that the interpretation of
his results is not correct 110 . Those negative results did not disprove the hy-
pothesis that computational capability can be correlated with phase transitions
in CA rule space they only showed that Packard s results did not prove the hy-
pothesis 109 . All in all this is still an open research uestion that might have
a large impact on the understanding of computation in CAs

1.5 Conclusions

The use of simulation in the natural sciences is on the one hand being pushed by
the advent of powerful computing systems and on the other hand being pulled
by the theoretical limitations of conventional methods. The comple systems
approach to understand natural phenomena is probably a result of these forces
that promote computer simulation. Computer simulation and comple systems
are very tightly connected.

Simulating large comple systemsre uires high performance parallel computer
platforms. Hence, there is also a strong push for even more powerful comput-
ing systems. From a computer science point of view one would like to e ploit
the generality of these comple systems models for efficient simulation. This
generality can be e tended to include a parallel computer itself as a comple
system. Thus, in order to simplify the simulation of a comple system on a par-
allel computer, an efficient mapping of a general comple systems model onto a
specific comple system instance, i.e., a parallel computer, has to be realized.
Cellular Automata can be regarded as both a model for parallel computers as
well as a general model for comple systems. With CA we can implement mi-
croscopical rules to implement a corresponding physical process. attice Gas
Automata are a well known e ample where CA are successfully used to do com-
putational wuid dynamics. On the other hand an arbitrary transition rule can
be viewed as an artificial physical system with its own characteristics. It has
been shown that CA are very powerful computational systems, even capable of
universal computation. Wolfram has tried to classify CA dynamical behavior
into 4 different classes, in close analogy with conventional dynamical systems.
It has been speculated that so called class IV CA, which display comple ” dy-
namics, are capable of universal computation.

It is often the case that understanding the dynamics of a system composed of
many interacting particles can often only be accomplished by simulation. Ir-



reducibility of the underlying dynamics of the model is the theoretical cause
of this necessity. Hard problems are defined as such by their worst case com-
ple ity. Therefore, there are no closed form algorithms for these problems, and
e plicit simulations are re uired.

Another fundamental limitation to understand the definite fate of a large set
of comple systems is caused by the intractability of such systems. Basically,
intractability implies that every possible trajectory or configuration of a system
has to be e plored in order to know a desired property.

By analyzing the computational comple ity of some common physical and bio-
logical systems, it has been shown that irreducibility and intractability are not
just some properties that appear only in theoretical mathematical problems.
The hardness of predicting the dynamics of n-body simulation has been demon-
strated as well as the irreducible behavior of some biophysical growth models.
Complementary to the speculation of universal computation in class IV CA, it
is conjectured that this comple ” behavior appears at a phase transition of the
CA dynamics from ordered to disordered behavior. By parameterizing a CA rule
table, angton demonstrated that long range spatial and temporal correlations
appear e actly at this phase transition. It is assumed that these long range
correlation are necessary for universal computation.

1.6 OQOutline of this thesis

In this chapter we have sketched the conte t of the thesis and the main prob-
lems that it will try to tackle. In the remainder of this thesis the results of an
academical journey will be discussed in detail. The major philosophy behind
the research approach practiced in this thesis is to stick as close as possible to
the abstract notion of parallel task graphs as a mathematical framework for de-
scribing virtual particles.

Based on the abstract view of interacting virtual particles, a parallel compu-
tation framework is introduced. This framework embodies the basic research
tool as well as a subject of the research in this thesis. In Chapter we will dis-
cuss the design and implementation of the framework, called Parallel Cellular
Automata Modeling environment (P-CAM).

An important problem in parallel computing research, static task allocation is
studied. In Chapter 3 we will study the task allocation problem (TAP) from a
comple systems point of view. That is by using analogies from from comple
systems from physics. Various analytical and e perimental tools from the field
of statistical physics can be used to study the TAP. A statistical approach is
taken to study theoretical and empirical aspects of a constrained class of task
graphs: random task graphs.

Because optimal parallel task allocation is an intractable problem, we are con-
fronted with a fundamental difficulty. In order to find the optimal allocation a
e ploration of all the possible task allocations is re uired. Therefore a heuris-
tic approach is taken. Parallel task graphs are optimized by applying parallel
evolutionary optimization algorithms implemented using the ViP framework of



Chapter . A uniform parallel optimization framework is defined in Chapter 4
and applied to both a real world application from parallel finite element sim-
ulation and the theoretical task graph model of Chapter 3. The parallel opti-
mization framework can also be used to (sub-optimally) solve arbitrary compu-
tationally intractable problems.

To show the general applicability of the parallel simulation framework, two case
studies are presented in Chapter 5. The first case is a natural solver approach
to a combined aggregation and computational uid dynamics problem. Using
advanced parallelization techni ues offered by P-CAM a parallel lattice Boltz-
mann solver is implemented. For the second case, a fully functional dynamic
load balancing module is presented which is plugged into an e isting parallel fi-
nite element program. Several simulation studies are presented to demonstrate
the usability of the dynamic load balancing approach to parallel finite element
simulations by e ploiting the general applicability of the ViP framework.

An important issue in the simulation of comple systems is the order of updat-
ing individual virtual particles. Basically, we can discern two methods: syn-
chronous and asynchronous updating. In the previous chapters we assumed
synchronous updating for all simulation models, that is every virtual particle
gets updated simultaneously. In Chapter 6, asynchronous updating will be con-
sidered. Parallel e ecution of asynchronous virtual particle models imposes a
considerable amount of additional bookkeeping effort in order to assure correct
dynamical behavior. Several so called parallel discrete event protocols have
been defined to accomplish this task. In this chapter, the comple behavior
of one of these protocols, , 1s studied. Most of the results are still
preliminary, but very interesting with respect to the identification of comple
behavior in parallel computation.



Chapter 2

P-CAM: A Framework For
Parallel Complex Systems
Simulations

—D. Bohm, Wholeness and the Implicate Order

2.1 Introduction

In this chapter we introduce a software framework to support parallel simula-
tion of dynamical comple systems. As already discussed in Chapter 1, most
comple systems show emergent behavior making it in many cases impossible
to analytically determine the destination of the system. The comple ity of such
a system renders many uestions regarding the system intractable. No closed
form analytical solutions can be constructed, which necessitates a simulation
approach.

The only remaining possibility is e plicitly following the system trajectory through
its phase space by a direct simulation. However, due to the comple nature of
the system, i.e., the great amount of disparate elements and their mutual in-
teractions, the re uired computing resources are often enormous.

The re uired scale of correct modeling often depends on problem specific pa-
rameters. For e ample in uid dynamics, the spatial modeling scale depends
on Peclet and Reynolds numbers. In turbulent ow regimes, spatial effects on
the smallest length scale play a significant role in the observed macroscopic be-
havior. Besides such system characteristics, also comple boundaries may re-
sult in the failure of analytical calculations. In many other areas, like biology,
the importance of microscopic modeling is mostly not caused by a breakdown of



macroscopic formulae, but merely by the lack of such analytical models. For re-
alistic biological modeling there simply is no such thing as a formal description
of static or dynamic behavior. Modeling comes about by observing reality and
by an intuitive description of the important entities and their interactions. The
only possible way of knowing the fate of such models is through e plicit simu-
lation.
In this chapter, we design a comple systems simulation framework that allows
for a natural mapping between real” comple systems and comple parallel
computer systems. We have implemented the software framework, and use it
throughout the remainder of this thesis.
The trajectory of modeling a natural phenomenon to e ecuting this model on a
(parallel) computer platform is usually undertaken each time a new system un-
der study is simulated. In Fig. 1.1 (Chapter 1) the trajectory of an application to
the parallel machine is schematically given. Ideally, one should employ a fi ed
generalized path which is instantiated by a specific simulation model. In order
to realize such a method of mapping” a natural system onto a machine, it is
common to refer to both the natural system as well as the machine as a com-
ple system 5 , 145 . The framework of Dynamical Comple Systems (DCS),
should provide a generic interface for mapping” these systems.
To implement the DCS view we introduce a methodological framework and a
software kernel. On the one hand, the framework is used to formalize and e -
periment with mapping” issues in DCS. Specifically, for studying paralleliza-
tion problems like static and dynamic load balancing, discussed in Chapter 3
and Chapter 5 of this thesis. On the other hand, a software kernel is used
to implement simulation models transparently on parallel computer systems.
Much of the cost and effort in the implementation of a parallel comple sys-
tem simulations stems from the continuous rediscovery and reinvention of core
concepts and components. To circumvent this problem, we introduce a frame-
work suited for building parallel simulation programs. A framework is defined
as a reusable, semi-complete” application that can be specialized to produce
custom applications 46 . Similar environments have been developed by other
research groups, such as 0 and 1 and

68 . However, the emphasis of these frameworks is less on the
parallel computing point of view but more on the model specification site. Our
approach is based on an efficient use of the parallel computing resources by the
comple system model.
In this chapter we introduce a computer implementation of a parallel simu-
lation environment based on a conceptual comple systems framework of in-
terconnected as introduced in Chapter 1. The concepts and
implementation of our (P-
CAM) are discussed in Section . . P-CAM enhances modularity by encapsulat-
ing volatile implementation details behind interfaces. Its modularity helps im-
prove the parallel application uality by localizing the impact of design and im-
plementation changes, reducing the re uired effort of understanding and main-
taining. Moreover, the re-usability leverages the domain knowledge and prior
effort of tedious implementation details in order to avoid re-creating and reval-



idating common solutions to recurring parallelization issues.

In Section .3, a very important issue in parallel computing, namely, dynamic
load balancing (D B), is discussed in the conte t of our framework. It is shown
that the framework is suited to incorporate a well known D B strategy and for
efficient testing of new heuristics.

2.2 A Parallel Complex Systems Simulation En-
vironment

The concept of DCS, a set of interconnected virtual particles which evolve through
time using some e ecution model, is implemented in P-CAM. In order to satisfy
the re uirements of DCS, the system must meet several features. Foremost,
the definition of a virtual particle can be completely arbitrary, as long as some
basic computation can be carried out within this particle. The interconnection
structure between particles can be anything from a regular grid to random con-
nected graphs. During the evolution of the system, particles and connections
can be created or annihilated. To support parallelism, virtual particles can be
allocated to virtual processors. In addition, the allocation is allowed to be dy-
namic, that is a virtual particle may be re-allocated to another virtual processor.
By separating parallel computing functionality from the actual simulation one
is forced to use specific framework peculiarities, but there does not have to be
any concern about parallelization issues like domain allocation, synchroniza-
tion, maintaining parallel code, portability and efficient parallel computation.
In Fig. .1, P-CAM is positioned in the trajectory of constructing parallel code
from a given simulation model. In the remainder of this section, the meaning
of this figure will be clarified.

One of the major design philosophies behind P-CAM is the decoupling of the
domain decomposition and the interconnected virtual particles from the actual
computation acting upon those particles. The main reason for following this ap-
proach is to support the usage of advanced decomposition and graph generation
methods for optimal e ploitation of application domain knowledge. Both de-
compositions and particle interconnection depend heavily on the specific (sim-
ulation) problem and do not need to be integrated with the parallel communi-
cation computation layer. It enables the application builder to employ sophis-
ticated computer aided modeling techni ues to define for e ample solid obsta-
cles in a virtual (Computational Fluid Dynamics) world. Subse uently, from
this world specification, a description of the connected particles can be gener-
ated, defining their interconnections. This definition can in turn be fed to a do-
main decompositioning program, for e ample ORB, RSB 141 or even a heuris-
tic mapping algorithm like Simulated Annealing (SA) or a Genetic Algorithm



(GA) 135, 36 . The actual computation carries out calculations on the virtual
particles and defines communication points between calculation phases. The
e ecution model is not defined by P-CAM, it may either be a synchronous or
asynchronous time stepping scheme or even a parallel discrete event scheme.
For efficient parallel computation, P-CAM is able to use a Dynamic oad Bal-
ancer (D B) for re-allocation of particles, which will be discussed in Section .3.
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2.3 Dynamic Load Balancing
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Chapter 3

On the Complexity of Task
Allocation

3.1 Introduction
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3.3 TAP phase space structure



Al |l ocation := Random Al | ocati on
Cost := Cal cul at eCost (Al'l ocati on)

T::To

| ength of Markov Chain

Mut ate Al location := Mutate(Allocation)
New Cost := Cal cul at eCost (Mutated Al |l ocati on)

(New Cost < Cost) (exp((Cost -
NewCost )/ T) > Random Nunber)

Al l ocation := Mutated All ocati on
Cost : = New Cost

Convergence Criterion

C
n P
n
P
dy A B
A B C
r AB
dy AB 1
d
NPnd C
diamC
N Pnd N p 1d
d
4c P

diamC n




s k 12

AR
s 1
Ok A o
A s N, s
S
1
1 _S ST
di S - e
n 11 P ST, n 11 P -
1 1
G2 S 1 n nP € 1 n nP €
T4 N T2 g
H:T R
H x H Hy H dxy d
r d 52
d
0% H
rd odo
A
r d r19 edrg n
t t
dtt 1 H H
H H?2
ri1 1 g2 - 1 ¢

r d



Wik

SH

1 1 1
Inr 1 In1 ¢ 3
2
A 20
H H 2
Kk
OH H H
SH 2weWo W, we 2R
3H 0
k o
P 1P
P 1
——41 2 R R?
WoW, WR WoR
R W2 WeW,  WR
0'2
02 H2 H 2
H 2

2
2 W

OH 2



1q
k
n k n k
K gl q
q 5 k k
2 2 1 >
§ k k %1 P k
» nnog ol
k PP 1 P
\Nr2
CFS |
r k s x
n n |
Crs Z | qlll qln|z K qlél qznlk
Ik Ik x
Z o Y1 yveX
O % 02 ﬁ
Cs Y2 | ygp I
2 1
| pp 1 5 | 3
nn 1
Crs L
H Wg =
Crs PP 1
n 1 P 1nn 1
H nE 1 B 5
H2
H2 zVVI‘ZWSZ 2 ZVVI‘ZCUI CwCut
rs reu sVut

ng nP



2y 1 n 1nl yP 1 P 1

p2

y2

S deg i 2 S degi 2
| |

y2
OH 2
P 1
SH 2 4PR24IR2I2 i
oH
I 1
2y 1 n
R
P
y 1 n
IR
P
2 1 n 2 n P
p2
2 n 1 n
Kl P2
8 1 y 1 n 1 P
2
oH P2
H H ? 2
1 1 1
P 202 n 1y yP

A D1oyp o1



3.4 Phase transition in Simulated Annealing
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3.5 TAP phase transition
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3.7 Experimental validation of the TAP phase
transition
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3.8 Conclusions
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Chapter 4

Task Allocation by Parallel
Evolutionary Computing

4.1 Introduction



4.2 Genetic Algorithms
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4.3 Parallel Evolutionary Algorithms
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4.4 The Task Allocation Problem
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4.6 Experimental results and discussion
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Chapter 5

Dynamic load balancing using
P-CAM

5.1 Introduction



5.2 Dynamic Load Balancing in an Aggregation
Process
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5.3 Parallel Finite Element Simulation
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5.4 Conclusions






Chapter 6

Asynchronous Cellular Automata

6.1 Introduction



6.2 Cellular Automata Update Schemes



6.3 Parallel Update Schemes for Asynchronous
CA Models
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6.4 Self Organized Criticality
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6.5 SOCin PDES dynamics: experimental results
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