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Donghang Guo

(ABSTRACT)

Modeling or simulating Complex Adaptive Systems (CASs) is both important and
challenging. As the name suggests, CASs are systems consisting of large numbers
of interacting adaptive compartments. They are studied across a wide range of
disciplines and have unique properties. They model such systems as multicellular
organisms, ecosystems, social networks, and many more. They are complex, in the
sense that they are dynamical, nonlinear, and heterogeneous systems that cannot
be simply scaled up/down. However, they are self-organized, in the sense that they
can evolve into specific structures/patterns without guidance from outside sources.
Modeling/Simulating CASs is challenging, not only because of the high complexity,
but also because of the difficulty in explaining the underlying mechanism behind
self-organization.

The goal of this research is to provide a modeling framework as well as a simula-
tion platform to advance the study of CASs. We argue that there are common princi-
ples behind self-organization processes of different systems across different domains.
We explore, analyze, and perform experiments into these principles. We propose
and implement modeling templates such as short-term and long-term adaptivity.
We incorporate techniques from systems theory, employing computing paradigms,
including multi-agent system and asynchronous message passing. We also consider
an application from the biological domain to model and simulate under our frame-

work, treating it as a CAS for validation purposes.
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Chapter 1

Introduction

Recently, the study of Complex Adaptive Systems (CASs) has attracted considerable
attention in a variety of research fields. What are CASs? They are defined as
systems that are made up of many individuals (units) whose nonlinear interactions
and autonomous behaviors give rise to emergent ordered behavior at a collective level
(self-organization) [116]. Researchers have been fascinated by these self-organization
phenomena and have sought to explore their underlying mechanisms. In fact, in
order to emphasize this point, some scientists even call the study of CAS “antichaos”
62].

The key to explaining self-organization is an understanding of the interrelation-
ships between interactions/behaviors at the individual level, and the orders at the
collective level. In biology, researchers believe self-organization is as important as
natural selection in forming biological orders [62]. In environmental science, re-
searchers try to gain such understanding by modeling “adaptation at a microlevel”
and simulating “change and transition at a macrolevel” [81]. In economics, re-
searchers want to explain “Adam Smith’s Invisible Hand” via a CAS viewpoint [66].
Although it is assumed that common characteristics exist for different CASs, the
terminologies vary in different domains, due to different scientific traditions and
approaches. The lack of a generic modeling/simulation framework hinders scien-
tists from deeper understanding and makes it difficult to share ideas across different
fields. As such, it is very important to focus on the research and design of a general

framework which incorporates principal CAS modeling components and provides

1
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efficient and effective CAS simulations.

1.1 Challenges

Modeling/simulating CASs is a particular interesting and difficult area of research.
A number of challenges are rooted simply in the inherent characteristics of CASs
including the fact that they consist of large numbers of individuals, are dynamic
and are multi-scaled. In this section, we will provide in-depth discussion of these

challenges.

Lack of formalism in individual modeling. Generally, individuals are basic
units that make up a system. Examples include persons in a community, cells in a
multicellular system, and many others. Individuality indicates separateness, though
this does not equate to total independence. An individual’s behavior is different but
related to those of others. Although our study focuses on the self-organization phe-
nomena at the system level, individual behavior modeling is critical in understanding
their underlying mechanisms. There are a number of ways to abstract individual
behaviors: from a simple reflex model to a full-fledged rationality model, or from a
conceptual model to a mathematical model. Different approaches reflect different
research traditions. However, the lack of formalism makes it difficult to develop a
general-purpose simulation platform. More importantly, to explore the principles
of self-organization, we need a unified model framework for different systems, and
even for different domains. For example, to study the role of an individual cell in a
tissue (a multicellular system) and the role of an individual person in a society, biol-
ogists and sociologists typically use different models, and thus their results are only
meaningful to their specific fields. Alternatively, we want to use the same model
framework to analyze the roles of a cell, a person, or any other types of entities
in corresponding systems. We believe that a tissue and a society share the same
self-organization principles and that cells/persons play analogous individual roles.
It will be particularly helpful to put these systems and individual entities under
a unified framework to identify such organizational principles. This requires the

formalism of individual modeling and is obviously a challenging problem. Further-
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more, modeling and simulation typically go hand-in-hand, therefore the exploration
of high efficiency methods is critical when computing an individual model, in the
sense that a CAS is highly desirable especially due to the large-scale nature of the

system.

Nonlinear dynamics. It should be noted that “A CAS changes constantly
and discontinuously” [74]. A CAS is characterized by nonlinear properties, which
make modeling and simulating more difficult. Nonlinear properties or discontinuities
come from two sources: individual behaviors and their interactions. In a CAS,
individuals behave differently according to both their surrounding environment and
their internal states. In addition, interactions are also irregular in their strengths
and ranges. Due to these reasons, neither classical methods for describing global
equilibrium, nor overall statistics are typically considered suitable to represent the

developmental process of a CAS.

Multiple scales. The computational workload of a simulation is determined by
its temporal /spatial resolutions. Finer-grain simulations need more computational
resources. This problem becomes more serious when simulating CASs, which are
recognized as systems with multiple scales, in the sense that different types of be-
haviors/interactions vary in their temporal /spatial ranges. Obviously, employing a
uniform resolution is not appropriate for this problem and currently limits the usage

of model/simulation tools, especially in the life sciences [112].

From the challenges presented, it is clear that developing a generic CAS model-
ing/simulation framework is well worth the effort. A successful framework should
be both efficient in computation and effective in mimicking the phenomena at the
individual and the collective levels. More importantly, it should be helpful in identi-
fying the relationship between individual behaviors and self-rising collective orders
(self-organization). Toward this purpose, a deep understanding of self-organization
phenomena and their underlying mechanisms is the key to formulating and building

such a framework.
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1.2 Hypothesis and Research Questions

As we have pointed out, self-organization is at the core of CASs. The purpose of our
study is to explore the underlying mechanism behind self-organization and to provide
useful tools for studying it in a number of different disciplines and fields. Therefore,
clearly defining the concept “self-organization” is important to our research. As
such, we use the following three properties to distinguish self-organization from

other “orders”:

e Spatial/functional collective orders
e Spontaneous emergences of the orders

e Evolutionary formation processes of the orders

The first bullet points out that self-organization is the phenomenon that can be
observed at the “collective” level. The second bullet emphasizes the “emergent”
property, implying that no blueprint or outside source is involved in the order for-
mation. The third bullet stresses the “evolutionary” aspects, indicating that a series
of orders are successively formed along a timeline.

What is the underlying mechanism of self-organization? Many researchers [45,53,
58,124] have tried to explain it by the “swarm” effect, in which the size (the number
of individuals) of and interactions within a system are emphasized, but the individual
parts are thought to be especially simple. Although we agree with the notion of
the “swarm” effect, individual entities tend to have complicated capabilities and
processes. In particular, we envision that the adaptivity of individuals plays a role
as important as the interactions. A system will be self-organized if individuals inside
are adaptive, which is defined as an individual’s capability to adjust its behavior
to accommodate environmental changes. Self-organization at a collective level, and
adaptivity at an individual level are a coexisting pair in a system’s evolution.

Figure 1.1 presents our basic hypothesis. First, it shows the self-organization
phenomenon in CAS has its roots in adaptivity of individuals and local interactions.
Second, the interplay between the collective orders and individual activities leads

to an evolutionary pattern (order) formation. To validate this hypothesis, we need
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Self-Organization at the Collective Level

Guidance
Emergent Pattern

On O
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OLOR 30
o0 oo

Adaptivity and Interactions at the Individual Level

Figure 1.1: Self-Organization and its underlying Mechanism

to demonstrate that the evolutionary process of pattern formation can be achieved
via modeling adaptivity of individuals and their interaction. And more importantly,
formalism is necessary for both adaptivity and interaction, to avoid ambiguity and
to make the modeling process measurable. Accordingly, the following research ques-

tions are critical in formulating and building the simulation/modeling framework:

e Can we formally represent and model adaptivity?
e Can we use adaptivity to describe individuals in different fields?

e How can we efficiently mimic and model interactions when there are non-linear

dynamics issues?
e How can we address the multi-scale problem?

As mentioned in the above section, these are challenging problems, but solving

them paves the way toward successful research in complex adaptive systems.
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1.3 Scope of the Dissertation

Research on complex adaptive systems cuts across multiple disciplinary fields. From
the computer science side, we concentrate on the modeling framework, as well as
on the formal theory in applying this framework to general CAS simulations. To
construct the framework, we employ paradigms from computer science and other en-
gineering research areas, such as multi-agent system, asynchronous message passing,
and Bayesian Networks. We also explore systems theory, and utilize philosophies
and methodologies to aid in formulating the theory and the design of our frame-
work. In addition, the effectiveness of our model is validated through simulation.
We choose Dictyostelium Discoideum (also referred to simply as Dictyostelium), a
model organism, as our application in biological domain. We model and simulate
the multicellular aggregation process of Dictyostelium cells under our framework,
treating the population of Dictyostelium cells as a CAS. In particular, we will focus
on the study of self-organization, the most significant property of CASs. Therefore,
the reproduction of pattern formation process is used as the validation. In summary,

Figure 1.2 shows the scope as described above.

Paradigms in Computer Science System Theory
Asynchronous Bayesian
Multi-Agent Messaging / Network
System

\

System Simulation

Model systems in 4 \ Reproduce self-organization
bioclogy and other disciplines in simulations
Nt A

Figure 1.2: Scope of the Dissertation
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1.4 Outline of the Dissertation

We now provide an outline of this dissertation. Results in this dissertation can also
be found in [105].

Chapter 2 provides a multidisciplinary literature review on issues relevant to the
study of CAS modeling/simulation. It begins with a discussion of the principles
in CASs and the philosophies in systems modeling, and continues with reviews of
modeling approaches and computing paradigms, such as Partial Differential Equa-
tions (PDEs), Cellular Automata (CA) and Multi-Agent System. We also discuss
the applicability of CAS modeling/simulation in biology, an area which has often
traditionally relied on experiments, and has great potential to be advanced by more
powerful simulation tools [112].

In Chapter 3, we describe our proposed solution to the problem of CAS model-
ing/simulation. We abstract the common underlying characteristics in CASs across
different fields and present a new modeling framework for general CAS simulations.

Chapter 4 presents the individual model, a key component in our framework.
We provide the details of this model, including its representation and formulation.
We also provide a case study in biology. Throughout this chapter, we focus on the
concept of adaptivity modeling in both the short- and long-term.

Chapter 5 describes the interaction model, which is another key component in
our framework. We present a message-passing paradigm named “distance-based
message passing”, as an approach to the problem of dynamics modeling in interaction
model [105,106]. We also discuss the design techniques for achieving a light weight
implementation of our message passing system. Elements of this chapter can also
be found in [48,49,105-108].

In Chapter 6, we validate our framework. In particular, we focus on the life
cycle of Dictyostelium. The chapter begins with an introduction providing back-
ground on relevant biological concepts, followed by a description of a model based
on our framework. We compare our results with other simulations and real biology
experiments. The comparisons clearly show the effectiveness and efficiency of our
framework and model. Elements of this chapter can also be found in [49,105].

Chapter 7 summarizes our research and contributions to CAS modeling/simulation.
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We then conclude with lessons learned and goals for and speculations relevant to

the future work.



Chapter 2

Background and Literature

Review

Since the early eras of computing, researchers have harnessed their capabilities for
use in mimicking and predicting the behavior of real systems. Simulation is a process
of building a model for a real system, deploying the model with computer programs,
and analyzing the output data. A good simulation is characterized by its closeness
to reality. However, reality always comes with complexity and researchers invariably
find there are too many factors to be modeled, even though the power of comput-
ers improve rapidly. To obtain a successful simulation, we need to have a good
understanding of both modeling/simulation approaches and the simulated systems
themselves. Based on this foundation, we can build an effective model and employ
appropriate techniques to conquer the challenge of complexity.

This chapter provides a brief review of the literature on complex systems and
simulation techniques relevant to complex systems. Based on existing approaches,
we argue what types of approaches can or will deal most effectively with the in-
herent “complexity” of complex systems. We also analyze what types of simulation
approaches should be taken to attack these problems. This discussion serves as
relevant background information that is particularly useful in order to effectively
present our simulation/modeling framework, and its strengths and innovativeness,

throughout this dissertation.
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2.1 Complex Adaptive System

A Complex Adaptive System (CAS) is first a “Complex System”. What is a complex
system? The straightforward answer is a system with high “complexity,” and it is
more difficult to simulate this type of systems since more computational resources

are needed due to the “complexity.”

2.1.1 Complex System

Mathematically, complexity can be defined as the number of degrees-of-freedom in
a system [115]. In this sense, a system with a large number of entities should have
high “complexity.” However, is the number of entities the best way to measure the
potential need for computational resources?

Let us look into this problem by comparing two systems: a stock market consist-
ing of a large number of investors, and a bottle of air consisting of a large number of
molecules. We will find it is much easier to predict the changes to the air, because
we can use the average and other statistical metrics to derive the overall effects of all
entities’ (molecules’) behaviors. However, we cannot simply do this in modeling the
stock market, which is difficult to be predicted precisely because of the interactions
between its entities (investors). Although investors have been viewed as random
decision makers, their decisions are always affected by others’ behaviors. The inter-
actions among and with each other can lead to positive or negative feedback loops
and good/bad news can be amplified many times over. These factors spotlight the
difficulty in effectively utilizing classical mathematical modeling approaches; espe-
cially in the domain of market prediction.

From the above cases, we can have a better understanding of our problem: a
complex system is complex not only because of the large number of entities, but also
because of local interactions between them. These make the system tightly coupled,
nonlinear and heterogeneous and thus very difficult to predict.

Faced with such real complexity, we need not be pessimistic. However, many
complex systems are not in a perpetual state of “chaos,” but rather can generate

levels of orders. Consider the human body: the tree-like tube of the lung, the layered
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structure of skin, and the accurately regulated temperature in body. Consider the
nature: the beautiful hexangular shape of snowflake, the delicate textile in sea shell,
and the periodically recurrent changes in climate. The financial markets also have
their ordered aspects. We see the “random” ups and downs every day, but there is
also always a cycle, an “invisible hand” [16] in every market. How to capture these

orders is one of the purposes of the field of complex system study.

2.1.2 Self-Organization

What is Self Organization? The orders in complex systems are commonly re-
ferred to by the term “self-organization,” first coined by William R. Ashby [7] in
his study of dynamical systems. There is no unified definition for this term. From
the viewpoint of thermodynamics, a self-organizing system reduces its entropy via
exchanging material, energy, and information with the outside environment [113].
From the viewpoint of statistics, a self-organizing system is a system that is moving
away from most probability distribution [46] (In the study of the systems that con-
sist of large numbers of elements, statisticians use distribution functions to represent
arrangements of a system status. As the name suggest, the most probability distri-
bution represents the most probable arrangement of a system status statistically).
From the viewpoint of evolution theory, self-organization is led by the combination
of inheritance, mutation, and selection to improve the fitness of a living entity [62].
In our study, we define self-organization as a process in which evolving collective
orders emerge from activities of individual entities and local interactions. By stating

this, we emphasize three aspects:

e Collective:

The order that results from a self-organization process is an order observed
at the collective level while we can still see the randomness at the individual

(entity) level.

e Emergent:

A self-organization process is not guided by an outside source or any blueprint.

The order “emerges” from the swarm of a large number of individuals, whose
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activities are affected by local interactions.

e Evolving:

A self-organization process is a dynamic developing process, in which a series
of structural and/or functional orders is generated following a temporal order.
In this process, the previous order serves as a precondition in developing the

next order.

The three properties above can be used to describe self-organization processes
from a simple format to a full-fledged definition. We can find corresponding cases
in physics, chemistry, biology, ecology, economics, and sociology. For example, in
the study of physics, the process of laser generation is considered to be a self-
organization process [52] because of the collective atomic recoil laser system, in
which individual atoms emit incoherent light waves randomly. In the study of ecol-
ogy, self-organization is always used to characterize swarm behaviors of a species
flock, in which local interactions [12,39,103] are regarded as the major reasons for
the ordered collective behaviors. Moreover, in the study of life science and the social
sciences, researchers began to realize the importance of self-organization phenom-
ena and their analysis, not only in a single ordered pattern, but also the evolving
features: a series of pattern formations, from chaos to order, from simple order to
complicated hierarchical order. The developmental process of the vertebrate embryo
is an amazing example: its complicated structure/functional organizations evolve in
an accurately synchronized temporal order [101]. In addition, the developmental
processes of emotions [73], speech [92], human society [98], technologies (such as the
Internet [117] and Linux [68]), science itself [40] and many other complicated orders
are also believed to own their specific patterns and evolving features.

As we pointed out previously, complex systems are difficult to predict because of
their high complexity, but could be predicable if we can identify their inherent orders.
Discovering how these orders are generated is the key to reducing the “complexity”
problem and to simulating complex systems efficiently. As such, the questions we
want to answer are: What is the source of self-organization? Is there a general rule

across different domains/disciplines?
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Where does Self-organization Come From? First of all, the self-organization
phenomena are observed in complex systems, which are characterized by the large
number of individual entities and their tightly coupled properties (via local interac-
tions). As such, researchers have tried to explain self-organization from the point of
view of behaviors of individual entities and local interactions.

One popular belief is that self-organization is a result of “swarm” effects or “col-
lective intelligence” [45,53,58,124]. By emphasizing the importance of swarm, many
researchers use a set of “very simple rules” [58] to define the local interactions, hop-
ing that the swarm effect can lead to the complicated orders they expect. Their
studies do show that some patterns can arise from some simple rules. However, to
the best of our knowledge, research based on these approaches only demonstrates the
single pattern formation process, but not the evolving feature, which is a necessary
condition for describing many self-organization phenomena. We admit the impor-
tance of “swarm” effects but we doubt that this is enough to simplify the individual
behaviors into a set of rules, which only defines the qualities (logic side) but lack the
dimension of quantities (such as strength, range, and duration of an interaction). An
example is a multicellular system, in which cells affect each other via bio-chemical
signals. It has been known that there are hundreds of signals, existing at the same
time, with different or completely opposite effects (such as all types of inhibitors
and growth factors). Obviously, it is meaningless to define the multicellular society
by just using a set of simple rules without defining their quantity properties.

Recently, researchers at the Santa Fe Institute tried to explain self-organization
in complex systems from another viewpoint. They distinguish complex systems
from other nonlinear dynamic systems based on the fashion by which individual
entities process and make use of the information from the environment. “In com-
plex adaptive systems,” Gell-Mann states in his book [87], the entity “identifies
perceived regularities of certain kinds in the experience”; “the perceived regulari-
ties are compressed into schema”, and “each schema provides, in its own way, some
combination of description, prediction, and (where behavior is concerned) prescrip-
tions for action.” This type of behavior, acknowledged as “adaptivity” or “adaptive

behaviors,” is regarded as the source of self-organization, and a system with this
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property is referred to as a “Complex Adaptive System” [10,29,38, 72, 86].

2.1.3 Adaptivity

Although researchers have realized the importance of adaptivity in the study of
complex systems and self-organization, a unified approach to abstract and quantify
adaptivity across different fields is still lacking. The diversity stems from the natures
of different problem domains and different research trends. However, we believe a
generic template can be abstracted and a deep understanding of the essence of
adaptivity is needed for this purpose.

We have noticed that there are two types of adaptive behaviors which exist in
most adaptive entities. First is regulation behavior, which helps an entity maintain
its internal equilibriums (conditions). The stable internal conditions lead to “regu-
larity” [87] in obtaining information from the external environment and “regularity”
in posing external effects. We believe this is the key to a collective-level structure
construction. The second is a programmed and experience-based behavior, in the

)

sense that an entity can act in specific “strategies,” which are preset (programmed)
and can be learned from the entity’s experience. The preset “strategies” enable more
complicated behaviors of an entity and make cooperation possible. The learning of
“strategies” makes an entity evolvable, and, subsequently the system evolvable. We
believe this is the key to the evolving feature of self-organization.

We can have a better understanding of these two types of adaptive behaviors
from acclimatization and adaptation [4,51,102], two adaptive behaviors coexisting
in organisms. Acclimatization is a process in which an organism adjusts itself to
accommodate changes in the environment. For example, a human body can change
the metabolism rate to accommodate external temperature changes [51]. The re-
sult of this metabolic change is the maintenance of constant internal temperature,
a necessary condition for a living body. Here, the temperature change in the en-
vironment can be translated to “cold” and “warm” signals (by comparing it with
the internal temperature), implying the regularity in the information-acquiring pro-

cess. Adaptation is a process in which organisms improve their fitness via mutation

and natural selection. Adaptation includes two aspects. First, a living entity has
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inherent strategies (defined by its genes), which can be viewed as “programs” for
its behaviors and which endow certain benefits in certain environments. Second,
the strategies (genes) are obtained through the past mutation and natural selection
(experience), implying a learning process.

The two types of adaptive behaviors are not independent of each other. First,
in the short term, the overall behavior of an entity can be viewed as a combi-
nation of multiple regulation behaviors. Through regulation behaviors, an entity
manages to maintain a set of stable internal conditions in order to perform spe-
cific functionalities, including acquiring information from the environment and pos-
ing external effects. We can view this combination as an inherent strategy. In
the long term, the strategy can be changed by learning. The direction change is
affected by the experience of the entity, including the information acquired from
environment and its own actions. The resulting change is the modification of the
strategy, or the combination of regulation behaviors. In a word, regulation behav-
iors and programmed/experience-based behaviors constitute a two-tier information-
processing structure. Our templates for adaptivity is based on this understanding,

and we will detail these templates in the following chapters.

2.1.4 Summary

The research on complex systems is characterized by Kauffman [62] as “anti-chaos”
research because its purpose is to discover self-generated orders and their reasons in
complex systems. This is the way to conquer the problem of high “complexity,” and
the study of self-organization is a core area in complex system research. Adaptivity
plays an important role in explaining self-organization, so research in this field is

also referred to as Complex Adaptive System (CAS) research.

2.2 Modeling Philosophies & Computing Paradigms

In the above section, we presented a discussion with relevance to the simulated
target: complex systems and self-organization processes. In this section, we will

discuss the simulation approaches, including how to build the computational model
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and how to choose computing techniques. Through comparing different modeling
philosophies and computing paradigms, we will analyze what techniques should be

employed to construct our simulation framework and modeling templates.

2.2.1 Modeling Philosophies

High complexity is the first obstacle to a computational model for CAS. Complexity
comes from the high degree of freedom, which must be reduced or decomposed to
a computable level. Clearly, there can potentially be a number of different ways to
do this job. Most of them can be classified into two different categories, defined by

the two modeling philosophies: Reductionism and Emergentism.

Reductionism is a philosophy stating that “physical wholes can be reduced sim-
ply to the sum of their parts” [61]. Models following this philosophy attempt to
reduce the degree of freedom via treating the parts (entities) as the same or ho-
mogeneous copies [27]. Reductionism has led to many well-developed approaches,
such as ODE/PDE, which are the basis of many simulations. For example, the
analogy can hold in atmospheric simulation, where system properties include gas
temperature and wind direction, and entities’ properties include the movement of
molecules [61]. Thus the ODE/PDE equations for entities (e.g., molecule kinetics)
can also be used for calculating system properties on a large scale. Reductionism
has been shown to work well on a number of such models [126]. However, reduc-
tionism implicitly assumes the homogeneity of entities, which is against the basic
characteristics in CAS. This makes it far from realistic to employ reductionism in
modeling/simulating CAS, which is characterized by local interactions and hetero-

geneity.

Emergentism, on the other hand, argues “more is different” [5], which means an
individual in a system can have different behaviors from an individual alone although
the two individuals are inherently same. The difference comes from the local inter-
actions, which can enlarge or smooth effects from environment. We can understand

this through “autocrine signaling” in multicellular organisms [2]. Autocrine signal-
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ing is a form of signaling in which a cell secretes a chemical messenger as a signal
to cells of the same type. In some cases, a cell’s properties can dramatically change
if the concentration level of the signal reaches a threshold. A single living cell can
never reach such a level, due to the signal diffusion, while a group of cells has that
capability. The new property acquired via collective behavior is called an emergent
property. As a result, emergentism requires a model to capture both behaviors of
individual entities and local interactions when simulating a system. Clearly, a model
like that needs more computational resources as it needs to calculate all individual
entities and local interactions. Thus, finding an appropriate abstraction level for
an “individual” is particularly important for keeping the workload at a computable
level. In addition, for a generic framework that can be extended to different prob-
lem domains, it is necessary to extract a level that captures the common features in
CAS. In the following section, we will offer our insights into what features are the

most important and how to identify them.

2.2.2 Modeling and Computing Paradigms

In this section, we compare different computing paradigms used in dynamic system
simulations. As pointed out previously, a CAS is a dynamic system that consists
of a large number of tightly-coupled entities, and is characterized by nonlinearity
and heterogeneity. These properties make CAS simulation a challenging task, and
thus our comparison of different approaches is based on how these properties are

addressed.

Partial/Ordinary Differential Equations (PDEs/ODEs) Modeling is one of
most popular computing paradigms used for simulations [42,96,121]. The basic idea
is to update the variables that represent system status by solving a set of differen-
tial equations iteratively. The numbers of variables and equations depend on the
degrees of freedom in the system, which are high if we model a complex system. To
make models computable, most PDE-based simulations simplify their models follow-
ing the principle of reductionism: replacing the overall effect by simply scaling up

the individual effect. For example, in air quality models [122], researchers use vari-
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ables for concentrations, emissions and wind directions to represent the combination
of dynamics of a large number of molecules. The reductionism based PDE/ODE
approaches do succeed for many simulations, especially for problems in physics dy-
namics and chemistry kinetics. However, the basic assumption in reductionism is
homogeneous changes, which is not valid for complex systems. For example, to sim-
ulate a multicellular organism, PDE/ODE based approaches typically treat them as
continuous elastic solids or visco-elastic fluids [43,75], which can model and predict
the mechanical properties in multicellular organism’s movements. However, if we
want to explore cell differentiation, organ development, immune response, or other
complicated self-organization phenomena, it is difficult to simulate them only via

the PDE/ODE approaches.

Cellular Automata (CA), proposed by John Von Neumann [88], has been another
popular computing paradigms used for computer simulations. It is a discrete model
on both time-scale and space-scale. The basic structure is a uniform finite lattice,
in which each cell has a finite number of states. It evolves with discrete time steps,
in which each cell is updated once in every step. The interactions happen between
neighboring cells and are defined by local rules.

CA models follow the principle of emergentism, which requires modeling indi-
vidual entities and local interactions. Because of its uniform computing framework,
including the regular lattice and unified time steps (schedule), CA models are effi-
cient in simulating large numbers of entities (represented by the cells in the lattice)
and local interactions (represented by the local rule between cells) at relatively low
computation cost.

Although benefiting from both uniformity and simplicity, CA models are also
limited by their framework. First, by treating interactions as local rules defined on
a uniform lattice and temporal internal, it is difficult to model interactions with
different spatial and temporal scales. Such different scales are common in the com-
plicated interaction patterns existing in complex systems. Second, in a CA model,
by treating individual behaviors as a set of rules, it is not robust enough to represent

complicated behavior patterns, such as the adaptive behaviors we discussed above.
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Although some can argue that complicated behaviors can be represented as a large
set of rules, a large set of rules should be built on generalized and robust templates

otherwise it would be difficult to manage and improve.

Multi-Agent System (MAS) is a concept in constructing software systems, char-
acterized by non-central control and “agency” [78,133] in software components. The
concept has been widely used in building distributed commercial softwares [57, 78]
and has become popular in simulations [13,21,32]. In a MAS, an agent is a proactive
software module that performs some level of information-gathering or -processing
tasks on behalf of an entity. Agents affect each other through exchanging messages,
instead of central control [14]. For example, we can use software agents to mimic
sales representatives and customers, in both commercial software or simulation sys-
tem. Agents exchange information and make decisions as real persons, and the MAS
evolves just as a real system.

The simulations based on MAS also follow the principle of emergentism, in the
sense they can capture behaviors of individual entities and local interactions. Fur-
thermore, MAS is a more flexible software infrastructure than Cellular Automata
(CA). Conceptually, the agent is a proactive software module, and its existence is
not as limited as the cells in CA. An agent can even move between different machines
and is called a “mobile agent” [9]. In addition, local interactions between entities
can be mapped to message passing between agents, which also give more flexibility
than local rules defined in CA models.

Although MAS provides a flexible computing infrastructure, its utility was lim-
ited due to some key shortcomings. First, MAS is a heavier computing paradigm
than CA, in the sense more computational resources are needed to implement an
individual entitity. As argued by Wooldridge, an agent needs at least one thread of
control [133] to become a proactive software module. If we accept this statement, the
number of agents held by one MAS, or the number of simulated entities will be lim-
ited by the number of threads in a computer system. This will affect the soundness
of a simulation, because the simulated target is a complex system, which typically

owns a large number of entities. Second, messaging mechanisms in MAS are typi-
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cally designed for commercial applications, which require secure and transactional
message-passing to guarantee the correctness of business logic. However, in CAS
simulations, we need to model the quantities of local interactions, such as strength,
range or duration of an interaction. The current message passing mechanisms are
lack of the capacity to do that.

Although there are obstacles to employing MAS for CAS simulations, the strengths
of MAS lie in its flexibility and inherent philosophy of emergentism. These strengths
are not apparent in other existing approaches. As such, in this dissertation, one focus
will be on researching and designing specific mechanisms to remove these obstacles.

We will present our approaches and results in subsequent chapters.

2.3 Modeling Biological Systems

In the study of complex systems, biological systems are particularly relevant. Start-
ing with basic physical dynamics and chemical reactions, biological systems show
strong organizations and evolving features. First, biological organizations typically
have hierarchical structures: from macromolecules to cells; from cells to multicellular
tissues and organs; from multicellular constitution to an living body; from individ-
ual bodies to a colony; from colonies to an ecosystem and to the whole biosphere.
Second, biological organizations show strong evolving features. An example is the
developmental process of an embryo, in which a mass of homogeneous cells develop
into an elaborate structure along an accurate time course. Moreover, our human
society can be viewed as a top level organization of biological systems. All these
place the study of biological systems as a central application in CAS research. In
this dissertation we will focus on specific biological applications and provide relevant

background in subsequent chapters.

2.4 Summary

In this chapter, we provided background on Complex Adaptive System (CAS) and

its modeling approaches. Through the investigation into self-organization, a key
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characteristic in CAS, we analyzed what is the underlying mechanism behind self-
raised order. We also compared modeling philosophies and discussed what modeling
and computing paradigms are appropriate for modeling/simulation for CAS. Armed
with these insights, we will detail our research and design for a simulation framework

and templates in the following chapters.



Chapter 3

Framework

In the previous chapter, we discussed the principles in Complex Adaptive System
(CAS) modeling and reviewed computing paradigms used for CAS simulations. In
this chapter, we will present our modeling/simulation framework. We will show how
the model framework is motivated and explain how we build an efficient simulation
infrastructure, using the principles and the computing paradigms presented in the

previous chapter.

3.1 Motivation

Computer simulations are used to imitate and predict how real systems change
and develop. A successful simulation/model helps people gain insight [118] into a
system’s functioning by “filtering” noisy and irrelevant information. To do so, a

good simulation/modeling framework should:

e Model key behaviors and characteristics under reasonable assumptions
e Compute efficiently with appropriate approximations and simplifications

e Validate simulation outcomes

As we emphasized, a central objective of our study is the self-organization pro-
cesses in CASs. We want to build a simulation platform in order to analyze the
underlying mechanism behind self-organization. Based on this goal, we will present

how the above issues drive us to propose our modeling framework.
22
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What to model? Through our discussions in Chapter 1 and Chapter 2, we have
made the following basic assumption: self-organization phenomena in CASs stem
from the individuals’ adaptivity and local interactions. As such, modeling adaptive
behaviors and interactions is necessary in simulating CASs. The questions are: What
behaviors are adaptive behaviors and What characteristics of interactions should be
modeled? To address the first question, we propose a two-tier adaptivity template
to define and formalize the adaptive behavior modeling. For the second question,
three properties are quantified to measure the characteristics of interactions: range,
distance and duration. We believe they are key issues in modeling CASs, and will

detail them in the following sections.

Ensuring Efficiency Computational cost is a substantial problem in simulations,
especially in CAS simulations. CAS is characterized by a large number of tightly
coupled entities, which implies that a large number of parameters are needed to
describe the status of a system. As we discussed in Chapter 2, simply scaling up
behaviors of an individual entity to system-level behaviors (reductionism) cannot ex-
plain emergence, which only rises from the interactions of many entities. Therefore,
to make the computation feasible, the computation for each entity and interaction
should be efficient, to accommodate a large number of entities and interactions in one
simulation. In this chapter, we will illustrate how our software framework ensures

efficiency.

How to validate? Validation of simulation outcomes is critical to the fidelity of
a simulation model. In general, validation is a process of comparing model input-
output transformations against corresponding input-output of real systems [64]. For
CAS research, the purpose of simulation is to imitate self-organization processes
and to discover their underlying mechanisms. As such, the self-raised pattern for-
mation processes will be used as the “transformations” in comparing simulations
and real systems. In our biological application, we take Dictyostelium Discoideum
(also referred to simply as Dictyostelium) as the simulated target to validate our
modeling framework. Dictyostelium [76] is a model organism for multicellular or-

ganism research, which has been widely studied and abundant experimental results
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are provided for validation.

In summary, to model CAS successfully, the simulation platform should cap-
ture both the individual adaptive behaviors and local interactions effectively. The
platform should also be efficient, in computing both the adaptivity templates and
quantities of interactions. Meanwhile, we want to have a general purpose platform
so that it can be used for different CASs across different domains. This requires
a flexible software infrastructure and generic templates. Toward that end, we offer
the discussion of our simulation platform in terms of both modeling framework and

software infrastructure in the following sections.

3.2 Modeling Framework

One major principle behind CAS is emergence, which implies that behaviors at the
collective level cannot be correctly predicted if we ignore the individuals’ behaviors
and local interactions. As such, it is not appropriate to model a CAS using reduc-
tionism, a philosophy in which a system is treated as a whole or a simple enlargement
of a single individual.

In contrast to reductionism, emergentism emphasizes the importance of modeling
individuals and local interactions. As we discussed previously, Cellular Automata
(CA) is a popular computing paradigm following the principle of emergentism. It is a
well-developed paradigm and has provided some successful cases of CAS simulations
[37,69]. However, classical CA model is limited by its regular lattice and a uniform
schedule, in which individuals’ behavior and local interactions are represented by a
set of rules defined for every cell site. It is not very flexible to model both individual
behaviors and interactions in a same rule set. It is also difficult to model multiple
time and space scales, by binding individual model and interaction model to a
uniform lattice and schedule.

A Multi-Agent System (MAS) provides another computing paradigm allowing
emergentism, in which individuals and local interactions can be modeled by agents
and inter-agent communication. By emphasizing “agency” or “autonomy” [135],

MAS is distinguished from other computing paradigms by the separation control
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between its agent components and supporting subsystems (such as inter-agent com-
munication subsystem). Therefore, we can divide design into an individual model
and an interaction model. This division endows flexibility in defining different tem-
poral/spatial scales. Modelers can make use of the flexibility to make a multi-scale
model, thereby integrating information at multiple scales of time and space. This is
particularly useful to CAS simulations, especially for biological systems [112].

As a result, we propose taking MAS as the basis of our framework and divide it
into two sub-models: the individual entity model and the interaction model, which
correspond to agent model and inter-agent communication model respectively. The
individual model should capture adaptive behaviors, while the interaction model
should provide mechanisms to parameterize the dynamical properties of interac-
tions in a flexible way. As we pointed out, the self-organization phenomenon at the
collective level is emergent as a result of adaptive individual behaviors and interac-
tions. Modeling individual adaptivity and the dynamics of interactions make up the

minimum but necessary set for an effective CAS simulation (Figure 3.1).

Emergence comes from
Interaction Model combination of individual

/ and interaction models

Adaptivity

Individual (Agent) Model

Figure 3.1: MAS Framework for CAS Simulation (see our paper [107])

3.2.1 Individual Model

In our model framework, we use the individual model to capture the behavior of
an entity in a CAS. Important questions about the individual model include: What
are the criteria used to identify individuality? How can we abstract individual

behaviors?
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3.2.1.1 Individuality

Integrity In statistics, an individual means an “indivisible” unit [129] in a speci-
fied field of study. For example, “a man is an indivisible unit in the investigation of
social relations” [83]. As a physical object, a human being is divisible, but dividing
a living human into body parts is not meaningful in social contexts. For example, an
arm from a body could not survive by itself. A human body is a system consisting
of multiple, tightly coupled subsystems (circulation system, digestive system, nerve
system, muscle system and etc.), whose existences cannot be maintained indepen-
dently. Although a human body can be divided into even smaller elements such as
tissues and cells, we do not typically view it as a mass of cells or an assemblage of
organs, but rather as a single person. In this sense, the human body is indivisible
in its social context although it is physically divisible. As such, we use “integrity”

instead of indivisibility as a necessary condition for identifying an individual entity.

Autonomy It is limited to define individuality only by integrity, especially for
a CAS, in which the behaviors of individual entities lead to self-organization. For
example, a thousand rubber balls are just a thousand rubber balls, but a thousand
human beings can evolve into different organizations: communities, clubs and par-
ties. Intuitively, people can organize because they are “living,” in the sense they
cannot only be reactive (behave based solely on outside stimulus) but can also be
proactive (behave based on internal purpose). In software engineering, researchers

Y

call this property “autonomy” and use “agent” to define a software component with
the property of autonomy [59]. We also use this term to describe the second condi-

tion of an individual entity in our model framework.

Adaptivity The autonomy of entities does not necessarily lead to self-organization.
As we presented in Chapter 2, self-organization is a stable but changeable collective
order. The formulation of self-organization requires the stability of and collabo-
rations among different individual entities. What make entities stable and collab-
orative? Moreover, how are stability and collaboration obtained in an uncertain

environment? In our view, this is due to an entity’s adaptive behaviors, which en-
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able it to adjust actions to accommodate environmental changes and to collaborate
with others. This is an important condition, especially for individual entities in a
CAS. As a result, our study is focused on this, and the following section is used
to provide a discussion on how to define “adaptivity” in a wide range of different

problem domains.

3.2.1.2 Two Types of Adaptive Behaviors

What behaviors are adaptive behaviors? It is easy to realize that human beings are
adaptive entities in their social contexts. A person can sense and react to his/her en-
vironment with complicated internal information-processing processes: recognizing,
cognizing, reasoning, planning and decision making. Encouraged by this, researchers
try to explain adaptive behaviors by abstracting templates from these mental pro-
cesses, such as the rationality model [134] and the Belief-Desire-Intention (BDI)
model [41]. Intuitively, these models are useful for analyzing intelligent behaviors
of human beings. However, they are not common and it may not be appropriate to
apply them in a generic fashion. For example, in modeling a multicellular system,
cells are regarded as individual entities. We can easily see the self-organization of
multicellular systems: in tissues and organs, which are highly structured and as
complicated as the organizations of human society. However, it is not appropriate
to apply those rationality concepts to model cells’ behaviors. These facts imply the

existence of more generic mechanisms for adaptive behaviors.

Self-Regulation helps an individual maintain equilibrium in the face of environ-
mental disturbance. It is critical to the functionality of an individual, and thereby
makes an individual a stable building block for the high level order. For example,
the order of a human community depends on the condition that certain tasks are
executed by certain persons. For instance, a teacher will give his/her lecture on an
accurate schedule. His/her schedule is affected by a lot of “noises”: being caught
by traffic, being pushed to work on a paper and being entangled with housework.
However, he/she is expected to be on time to give his/her lecture. In the face of

all kinds of outside disturbances, the teacher will try to regulate his/her activities
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to meet the schedule, enabling him/her to be a reliable teacher, and then a stable

building block of the high level order.

Memory-based Responses are other important types of behaviors. Here, in-
dividuals differentiate their reactions according to their memories. It is easy to
understand this if we treat a person as an individual entity. He/she makes decision
using his/her past experiences, to evaluate the “goodness” of undertaking a specific
action. If we view a response as an information-processing process, the major dif-
ference between memory-less and memory-based responses lies in the inputs of the
information process. In memory-less processes, all inputs come from the current
environment; while in memory-based processes, inputs also include a module that
records past environmental information. Memory-based behaviors are also critical to
self-organization. Through the memory, entities are shaped with stable and evolving
behavior patterns, which enable cooperation and make complicated order formation

possible.

These two types of behaviors generally exist in different individual entities at
different levels. It is not surprising that a human being can self-regulate and re-
member. We can also find these two types of behaviors in a small cell. For example,
a cell can maintain its energy level through regulating the activities of enzymes and
then the metabolism rate. It also has memory. In [2], it is pointed out that transient
events (such as receiving a biochemical signal) can be recorded permanently in a
cell’s gene expression via a self-lock mechanism and have an effect over the lifetime
of a cell.

The two types of behaviors also do not exist independently. Intuitively, reactions
of an individual are mainly related to the regulation behaviors while also influenced
by its memory-based behaviors in the long term. For example, a person employs
his/her skills to resolve problems in his/her work. In this process, the quality of work
is determined by the skills owned by the person. On the one hand, the skills used
by the person can be viewed as regulation behaviors, which help the person produce
stably in his/her daily work. On the other hand, the person can learn new skills

to improve his/her work. The learning process can be viewed as memory-based
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behavior, which changes the pattern of regulation behaviors in the long run. As
such, we have a two-tier behavior model, demonstrated in Figure 3.2. In this figure,
Mapping 1 is used to represent regulation-like behaviors that take inputs from the
environment and converts these inputs into outputs (responses) to the environment.
Mapping 2 is used to represent memory-based behaviors, taking inputs from the
memory module, which can record information from the environment and retain it
for Mapping 2 retrieval. The output of Mapping 2 is directed to the configuration
of Mapping 1.

Mapping 2 r| update Configuration

EEED|:| Memo e, :
] .

Input =— Mapping‘l —  Output

Figure 3.2: Individual Model (see our paper [107])

In summary, we have discussed two types of individual behaviors: self-regulation
and memory-based response, which we believe are critical to collective self-organization.
The two types of behaviors respond to environmental inputs differently. Self-regulation
helps maintain equilibrium, so it reduces the “noise” from the environment and en-
ables the stable functionality of an entity. Memory-based behaviors, on the other
hand, take environmental information and use them to configure future behavior pat-
terns, which can be described as self-regulation. This is important to the evolving
feature in self-organization. As a result, we propose a two-tier individual model tem-
plate to abstract individual behavior patterns. In this template, we define Mapping
1 (Figure 3.2) as “short-term adaptivity” and Mapping 2 (Figure 3.2) as “long-term
adaptivity.” We use adaptivity to emphasize that they are behaviors that accom-
modate environmental changes, and use long- and short-term to differentiate them

on their time scales.
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3.2.2 Interaction Model

As pointed out in Chapter 2, interactions, as well as individual behaviors, are ma-
jor factors in the formulation of self-organization. To have a generic simulation
framework, it is necessary to provide modeling templates for different types of in-
teractions in different systems. The question is, what aspects of interactions should
be abstracted into such templates?

If we view individual behaviors as processes of information-processing, we can
view interactions as processes of information-exchanging, or message-passing. In-
tuitively, the information itself is important, so the format and syntax should be
modeled as the information is encoded by them. For this purpose, researchers have
proposed Agent Communication Language (ACL) [54], which defines the syntax and
format of inter-agent message. There is no doubt that format and syntax should be
modeled, but the modeling “process” is also another critical aspect of information-
exchanging. For example, human beings interact through talking/listening, writ-
ing/reading, and touching/feeling. All of these can be viewed as processes of
information-exchanging. In these processes, not only formats (languages), but also
the dynamical properties, such as the range and time course of interactions, are
important. A message that spreads wider and faster typically has stronger effects.

As a result, our interaction model is proposed to capture these issues. We model
common dynamical properties of an interaction process while leaving the definition
of specific meaning (information carried by the interaction) to specific simulations.
We think this is the way to maintain flexibility while providing a generic model. In
our view, the quantities of exchanging processes: range, strength, time course are

keys in modeling an interaction; i.e.,

e Range: the range of entities who are influenced by an action
e Strength: the strength of an action

e Time Course: the time it takes an action to take effect

These quantities are common to all types of information-exchanging processes (in-
teractions). More importantly, they are determining factors in the results of interac-

tions, especially for self-organization. For example, as a new technology, the Internet
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provides a new way for interactions. It is not surprising to see the new organizations
formulated over the network, if we recognize the wider range and faster speed of the
new type of interactions.

As such, in simulating interactions, we use range/time/strength as the parame-
ters to define the modeling template. Obviously, more computations are demanded
in calculating since the modeling template needs to evaluate range/time/strength.
This requires a mechanism that can handle computation efficiently. We will address

efficiency issues in the following sections.

3.3 Software Framework

In the above section, we presented our framework in terms of its modeling templates,
which are important to the effectiveness of CAS simulations. In this section, we will
discuss our framework from its software architecture, focusing on the efficiency in

CAS simulations.

3.3.1 Basic Issues

As pointed out in Chapter 2, simulations based on MAS follow the principle of
emergentism, which is also a central principle in simulating CASs. MAS is also
a flexible software infrastructure, in which the control of agents is separated from
the supporting subsystems (e.g., inter-agent communication subsystem), endowing
flexibility in defining the individual model and the interaction model. However,
several obstacles need to be removed in order to deploy MAS in simulating CASs,
which are characterized by the a large number of individual entities and frequent

interactions. These issues are:

e How can we accommodate a large number of agents in one simulation?

A complex system typically has a large number of entities with frequent in-
teractions. So a realistic simulation needs to hold a large number of software

agents as well as light weight inter-agent communication mechanisms.

e How can we model interactions with their quantitative properties?
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In mapping individual entities in CAS to agents in MAS, it is natural to map
interactions between these entities to inter-agent communication, implemented
by message-passing in many MAS frameworks. However, to the best of our
knowledge, there is no message-passing system that can mimic interactions
based on their quantitative properties, range/time/strength, which is the core

of our interaction modeling.

e How can we be flexible in modeling/simulating different systems?

A general-purpose simulation platform is useful to study principles across dif-
ferent problem domains. Although abstracting individual behaviors and inter-
actions into generic templates helps fulfill this purpose, it is still important to

keep the software structure flexible to accommodate different systems.

Many popular agent tools are unable to effectively deal with these problems.
For example, JADE [22] runs agents in separate threads, so the number of agents is
inherently limited by the maximum number of threads. Object-based agent toolkits,
such as Repast and Swarm [26, 35], provide a way to construct light-weight agents,
but lack inter-agent communication [127].

As a result, we propose a new agent-based framework for general-purpose CAS
simulations. The target is to improve computing efficiency and provide a flexible

software structure to integrate modeling templates we presented.

3.3.2 Designing Our Agent Platform

From the discussion above, it is easy to see that a thread-based agent is not appro-
priate for large-scale CAS simulations. The number of simulated entities is limited
by the number of threads, so the sizes of simulations are limited. The relevant ques-
tions are: Why do we need to use a thread for an agent, and is there an alternative,
such as object-based agent template? In [59,133], an agent must have at least one
thread of control to become an autonomous software component, compared with an
object. The reason is objects “fail to encapsulate behaviour activation” or “do not
have autonomy over their choice of action” [59]. To overcome the shortcoming of the

object-based approach, we need to make an object-based agent have its own control
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of action (autonomy) so it can perform task independent of other agents. Implicitly,
the autonomy of an agent requires concurrency (parallel execution of multiple tasks)
of a multi-agent system. So it is important to provide the support for concurrency
in our multi-agent platform.

To address the above problem, we introduce an additional mechanism into an
agent platform to schedule agents’ activities. The activities of an agent can be
divided into proactive or reactive phases [135]. An agent makes a decision and sends
messages out in proactive phases while waiting for messages or information about
the resources in reactive phases. Implementing an agent as a thread allows it to
pause using a wait operation without interfering with others. However, an object-
based agent cannot simply use a wait operation because the operation will stop
calculation of the thread, and then block activities of other agents who are using
the same thread. To enter a reactive phase without stopping others, the current
active agent should give control to other components and be activated later to check
the waiting condition. As a result, a timer or a scheduler is needed to coordinate
the process. In a simulation, a timer is used to indicate logical time while waiting
agents are checked in the timer interruptions. A scheduler poses a polling order on
the agents. The two approaches can be integrated so that agents will be checked
in a specified order at every logical time tick. It is reasonable to use the timer
and scheduler in object-based multi-agent systems. MAS is a computing paradigm
requiring parallel execution of multiple tasks. A scheduling mechanism is necessary
to coordinate tasks in a concurrent system. Using a thread-based approach, the
underlying system (operating system) can schedule agents’ activities through thread
context switching, while MAS itself needs to perform scheduling when an object-

based agent approach is used.

Message Broker By modeling entities’ behaviors in agents, it is natural to map
interactions between entities to inter-agent message-passing. As we pointed out,
an interaction model should incorporate the time scale of an interaction. It needs
support from the underlying system of an agent platform.

Accordingly, our message transport system [48] has been designed to consider
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the time issue. First, every message is attached with a time stamp, which represents
the delivery (logical) time. Second, we apply a circular-ordered array of linked lists
as a message queue. Different from classical FIFO message queuing, our message
queue is ordered according to the delivery time. All messages that share the same
delivery time are inserted into the same linked list, occupying a spot in a circular
array. A circular pattern is used so that we can reuse those linked lists for unlimited
time slots. Third, in each timer interruption, one linked list is picked up (according
to the time slot associated with the list) and all messages in the list are delivered.
The message queue can be implemented in an agent itself [1] or in a specific
component for message transport service. We refer to this as a “message broker,”
which serves as a mediator to store and forward messages. Temporary storage of
messages in the system is important to simulate message delays. Agents are further
kept lightweight by not embedding a message queue. It is also more efficient to put
complex message selection and routing mechanisms inside brokers instead of agents

themselves.

AgentSpace In modeling interactions between entities, we need to know their
relations in order to identify the receivers of an action. These relations appear in
different forms of different problem domains. They are social connections, such as
relationships between individual persons; they are physical connections, such as cell-
cell conjunctions or cell-ECM-cell communications in a multicellular system. The
variety in the types of relationships makes it difficult to employ a unified template
to define agent relations in a general-purpose platform.

To model relations between entities, we discuss the concept, AgentSpace [106],
which is created as an agent container and also serves as an agent locator. As an
agent container, an AgentSpace stores agents’ references according to their locations
in a relation network. An agent that belongs to the relation network registers in the
AgentSpace and informs the AgentSpace of its movement when the agent changes
its location. As an agent locator, AgentSpace provides range search functionality,
providing the agents that are in a range defined by an origin agent and a distance.

Range search function is critical to identifying receiver agents in message-passing.
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Combined with the message broker, interactions can be simulated in both time and
space scales.

AgentSpace provides a flexible template in modeling interactions in different
systems. On the one hand, it employs standard interfaces in agent management
(agent registration and movement) and range search (returns a list of agents, given
an origin agent and a distance), so it can be plug-n-play in our platform. On the
other hand, it models different systems using different relation networks in order
to keep flexibility. For example, in modeling a human society, we can use a graph
to represent virtual connections and distances between human entities. In such
a graph, a vertex denotes an agent, a link denotes a relation, and the distance
between the two agents is calculated as the sum of weight on the path between
the two corresponding vertices. In modeling a multicellular system, we can use a
grid-like structure to model physical connections and distances between cell entities
(In a multicellular system, cells interact with each other via diffusion of chemical
signals passed through the extra-cellular matrix. The geometrical distance between
two cells determines the time and strength of the signal). In such a grid, each
site represents a regular geometrical area, agents who are located in the area are
registered in the site, and the distance is the “real” distance between two agents
in this case. As an instance, we have designed AgentGrid as an implementation of

AgentSpace. We will provide details in Chapter 5.
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Figure 3.3: Agent Platform

In brief, Figure 3.3 shows the architecture of our agent platform. Agents are
software modules that incorporate templates from the individual model, and their

behaviors are managed by the scheduler in the platform. Message broker and
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AgentSpace provide supports to templates from the interaction model. They are
designed as plug-n-play components so that the platform can be accommodated to

different systems.

3.4 Summary

In this chapter, we discussed a MAS based framework for CAS simulations. We pre-
sented this framework in terms of its modeling templates and software architecture.
These modeling templates address the important characteristics of CAS through
short-term and long-term adaptivity of individuals, as well as the dynamics of inter-
actions, which we believe are critical factors in the formulation of self-organization.
It is also important to provide an efficient mechanism for simulations of CASs,
which are characterized by large numbers of entities and frequent interactions. Our
software architecture is designed with the purpose of improving the computational
efficiency of large-scale agent-based simulations. In the remainder of this disserta-
tion, we will detail the modeling templates and explore a biological application which

we will use to validate the effectiveness and efficiency of our simulation framework.



Chapter 4

Individual Model

We begin this chapter with a basic question: To what level of detail should we
explore in order to model individual behavior? Obviously, overly detailed models
lead to overwhelming complexity, especially for a complex system, in which there
exist a large number of individual entities. Therefore, it is necessary to design a
simplified model, and thus the question should be: “How should we simplify, such
that we can reduce complexity without losing the meaning?”

In fact, many researchers avoid this question by assuming that self-organization
phenomena are the results of interrelationships of large numbers of simple individuals
[45,53,58,124]. By emphasizing the swarm-like effects, they simply model individuals
according to “very simple rules” [58] describing the state transition for an individual.
They have also tried different rules to explore patterns that can be produced. Their
studies do show that some patterns can arise from simple rules. However, it is not
guaranteed that these patterns must arise from these rules [95]. Accordingly, we
cannot postulate that individuals in reality follow these rules, and these models
may ultimately be misleading.

In this chapter, our individual model is provided as a solution to this question
above. We begin the discussion with an analysis of this question and other basic
issues involved in constructing a behavior model (Section 4.1); present our propo-
sitions toward this question (Sections 4.2); then detail our model in its formulation
and compositions (Section 4.3-4.5); and conclude the presentation with a case study

(Section 4.6).

37
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4.1 Basic Issues

To mimic the movement of an arm, how far should we go for details? Should, for
example, we mimic every muscle? A movement of an arm is determined by nerve
signals and performed by muscles. To imitate it, engineers use electronical signals
and motors or engines to reproduce effects similar to those of nerves and muscles.
However, it is not ideal to mimic every single muscle. Instead an engine is used
to represent a muscle group, which are tightly-coupled muscles that act together to
achieve the same purpose. By doing so, engineers can still have a robotic arm that
performs as well as a real arm. Their basic concept is that a cluster of factors can

be represented as a whole functional unit.
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Figure 4.1: How to Make a Robotic Arm

This “clustering” concept can also be applied to behavior modeling/simulation.
In general, behavior refers to an individual’s reactions to stimulus from the environ-
ment (or other individuals). The overall effect of a reaction is a result of combined,
multiple internal responses. By clustering tightly-coupled responses into a whole
behavior module, we can simplify the model without losing effectiveness. However,
what are “engines” (i.e., the computing facilities that represent clustered responses)?
Particularly, what engines should be used for individuals in complex adaptive sys-
tems? State transition rules provide simple engines, but what is missed by them,

and how can we make a stronger “engine”?

Adaptive Behavior The idea of “adaptation” was first discussed by Lamarck
(1744-1829) and Darwin (1809-1882) in their research of evolution. An individual
is said to be adaptive if it can adjust its behavior to accommodate the environmen-

tal changes, and thus has a better chance of survival. For example, we typically
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experience “short blindness” when we enter a dark room. In this process, we lose
our sight for a few seconds in the beginning, and then begin to see things gradually.
The recovery process is actually one type of adaptive behavior, in which our eyes
adjust their sensitivity, in order to keep the ratio of sensitivity to background light
in a tolerable range. This adaptive behavior endows us with a strong capability to

obtain information from the environment under different light conditions (see Figure

Figure 4.2: The Eye is Adaptive to Background Light

Adaptive behaviors are critical for maintaining normality in individuals, and
then to make them stable building blocks for structure formation at the collective
level. In fact, complex adaptive systems are considered as being “robust,” in the
sense that a pattern’s formation process is stable despite various environmental
conditions. We believe this “robustness” stems from “adaptive behavior” at the
individual level. This is the principle hypothesis of this dissertation. As such, it is
necessary to model adaptivity at the individual level. Obviously, a stationary rule
set is not appropriate and new computing “engines” should be constructed for this

purpose.

Interweaved Multiple Behaviors By clustering tightly-coupled responses, we
can design a simplified behavior model. However, in most cases, there will still
be multiple behavior modules that function together. These behaviors could be
interweaved either in parallel or serially. As an example, Figure 4.3 shows a model
of a jogger, who is a music lover and a chewing gum fanatic. Most of the time, the
jogger is performing four actions in parallel: jogging (leg), listening to music (ear),
chewing gum (mouth) and looking around (eye). At some time point, she sees a

friend (eye), then stops all other actions (leg, ear, mouth), and says hello (mouth)



4.2. Propositions 40

to her friend. This is a serial relationship in performing these actions (see Figure

4.3).

jogding stop stand

listening music stop listen to her friend
chewing stop say “hello”
looking looking see a friend

Figure 4.3: Model for a Jogger: Parallel and Serial Relationships among Actions

Multiple Time Scales Another problem associated with multiple behaviors is
multiple time scales. By “time scale” we mean the time course to respond. When
setting up a simulation, it needs to assign a simulation step with a time interval,
which will determine the accuracy of a model. Common sense tells us that accuracy
trades off with computational complexity, and the problem becomes severe if the
model needs to hold multiple time scales. To construct an efficient behavior model,

it is important to realize the existence of multiple time scales.

Summary From our viewpoint, adaptive behaviors, interweaved multiple behav-
iors, and multiple time scales are three basic issues in individual behavior modeling.
Of the three, adaptive behavior modeling is at the core. It helps identify the extent
of detail in behavior modeling. We will explain this with the demonstration of our

approaches in the following sections.

4.2 Propositions

As stated above, the purpose of adaptivity modeling is to cluster and reduce tightly-

coupled responses into a computing “engine,”

which is both effective in representing
the overall effect of these responses and efficient in computing. To define these

engines, let us look at what behaviors are adaptive and how to abstract them.
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4.2.1 Adaptive Behaviors

As we discussed, an eye is adaptive because it can adjust its sensitivity according to
the background light. So does that imply that a camera would be adaptive, in the
sense we can adjust its aperture and exposure time to accommodate different light
conditions? The answer is no, for the reason that a camera does not change by itself.
In our model, adaptive behaviors are distinguished from other kinds according to
the autonomy in these adjustment actions. It is important to realize this, because

it helps reveal the linkage between adaptivity and self-organization.

-

Figure 4.4: Eye is More Adaptive than Camera

4.2.2 Self-Regulation

In systems theory, self-regulation refers to the behaviors that maintain constant
internal conditions [19]. It is characterized by two aspects: steady conditions and
feedback loops that help maintain these conditions. Self-regulation behaviors en-
dow an individual with the capability to resist disturbances from the environment.
In a negative feedback loop, the deviation between present condition and desired
condition is fed back to counteract a disturbance source. Then the overall effect
tends to keep the condition from changing. As we know, a living individual needs to
maintain its internal condition within a tolerable range (e.g., blood glucose level in
the human body) to survive. It is also crucial to have stable individuals as building
blocks for a living system and other complex systems. Environment is noisy and the
interactions are “random”. The lack of individual self-regulation leads to unstable

individual behaviors and the overall system will develop into real “chaos” instead of
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“self-organization.”

Self-regulation exists almost everywhere. It could be formed in natural physics,
chemistry and biology phenomena or designed in artificial systems. Figure 4.5 gives
an example in biology [104]. The level of protein folding of the FEscherichia cell
determines the cellular function and can be affected by the environmental temper-
ature. A shock increase in temperature will cause a transient decrease in protein
folding, moving it off the level necessary for normal cellular function. However, pro-
tein folding will be restored to its normal level in about 20 minutes, through a series
of biochemical reactions, which are represented by a biochemical network (Figure
4.5 (a)). Samad has identified the relationships between different types of molecules
and abstracted them into a self-regulation process (4.5 (b)), in which a negative
feedback loop and a steady level give a response similar to that of the biochemical

network [104].

RNAP, FtsH...
Heat ~ Protein Folding
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Figure 4.5: Conversion from a Complex Biochemical Network to a Simple Self-
Regulation Process: (a) Biochemical Network for Heat Shock Response in FEs-
cherichia Cell [104] (reprinted with permission from National Academy of Sciences,

U.S.A.) (b) Simplified Viewpoint Represented by a Self-Regulation Process

The analysis of a biochemical network can be extended to many other fields. In
general, reducing a complex network (a representation that describes the relation-
ships between tightly-coupled factors in a behavior) to a simple regulation process
saves a lot of computation. It is also helpful in analysis, giving us a clearer per-
spective on the factors’ interrelationship and their roles. More importantly, the
representation of a regulation process is meaningful, in the sense that it reveals the

essential function of the network regardless of its composition. It provides an appro-
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priate level of abstraction. Therefore, we propose to use a “regulation module” as
a core computing engine, which is designed to incorporate “steady condition” and

“feedback loop.”

4.2.3 Memory Effect

Self-regulation behaviors are memory-less, in the sense that they are driven only
by the current internal states (deviations from steady conditions) and current en-
vironmental disturbances. However, another major type of adaptive behaviors is
memory-based, in the sense that the past events also have effects on current actions.

Memory effect also exists widely in both natural and artificial systems. It is
easy to understand the memory and its influence in a human being. Interestingly,
memory effect can also be found in an entity as small as a cell. It has been pointed
out that transient events (such as receiving a biochemical signal) can be recorded
permanently in a cell’s gene expression via a self-lock mechanism and have an effect
over the lifetime of the cell [2].

Self-regulation allows an individual to resist environmental disturbance and keep
stable functions. However, in some cases, an individual will or will need to change its
behavior patterns to accommodate big environmental changes. This pattern change
always involves memory effect.

As we discussed in Chapter 2, self-organization in a Complex Adaptive Sys-
tem (CAS) is a developmental process, in which different patterns evolve consec-
utively. This fact spotlights the importance of memory effect. In addition, in
self-organization, heterogeneous structures can self-rise from a homogeneous pop-
ulation of individuals. This fact can be linked to the pattern changes in individual
behaviors.

Figure 4.6 gives an example for memory effect and behavior pattern change. In
this case, we model driving behavior using a regulation module, in which a negative
feedback loop helps Tom (driver) maintain a desired speed. The road conditions are
viewed as environmental disturbances, and the desired speed is treated as the steady
state. In the beginning, Tom drives in an aggressive pattern, in which his desired

speed is 20 miles higher than the speed limit. However, after a serious accident,
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Tom’s memory

)))

Roa Car Speed Roa Car Speed
Cendition Conditien
Desired Speed Desired Speed
= Speed Limit + 20 = Speed Limit

Aggressive Driving Defensive Driving

Figure 4.6: Behavior Pattern is Changed by Memory: Tom Becomes Defensive after

a Serious Accident

Tom changes his mind. He realizes the risk in driving and decides to modify his
behavior pattern, resetting the desired speed to the exact speed limit.

The “driving behavior change” case shows the basic requirements in modeling
memory effect: a storage structure for “memory” and a computing facility for “infer-
ence” (the process through which Tom decides not to drive aggressively). Therefore,
we propose to use a “memory module” and an “inference module” for them respec-

tively.

4.2.4 Short-Term and Long-Term

Multiple time scales is one of the basic issues mentioned in the above section. It
makes the tradeoff between accuracy and computational complexity a difficult prob-
lem. To solve it, we propose to use a two-tier model to separate “fast” and “slow”
behaviors, and apply different simulation steps (time intervals) to each tier.
Compared with self-regulation, memory-based behavior is “slow.” This can be
explained in two aspects. First, memory accumulation is a long-term process. Sec-
ond, memory effect causes the change in behavior pattern, which is slow compared
with the change in behavior itself. As a result, we call self-regulation short-term

adaptivity and memory-based behavior long-term adaptivity, and use these concepts
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to build a two-tier model.

4.2.5 Summary

Adaptivity modeling is the core of our individual model. It gives a solution to the
basic question: to what extent of detail should we go to model individual behavior.
Through analyzing the causality between individual behaviors and collective self-
organization, we pointed out what should be ignored and what should be captured.
We also propose computing “engines” for typical adaptive behaviors, which are

detailed in the following sections.

4.3 Modules in the Short-Term Adaptivity Tier

Self-regulation is the core mechanism in the short-term adaptivity tier. However,
it is not appropriate to abstract every aspect in short-term behaviors into self-
regulation. Some other mechanisms, such as switch-like response, amplification and
delay, exist commonly in different types of individual entities. In this section, we

present modeling templates for these mechanisms, with the focus on self-regulation.

4.3.1 Module for Self-Regulation

As has been noted, self-regulation is achieved via a feedback loop, which is a struc-
tural feature of a system. Identifying the feedback loop helps reduce the compli-
cated interrelated processes into a simplified representation. According to [6], the
processes containing feedback loops are always called regulations or regulatory pro-

cesses, which can be represented as Figure 4.7.

s |+ F |+ E

(a) (b)

Figure 4.7: Systems without (a) and with (b) Regulated Goal
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Figures 4.7 (a) and 4.7 (b) show modules without and with regulated goal re-
spectively. Here, S is source of perturbation, which is the input of these modules; F
is essential variable, which is the output of these modules; G is the value for steady
state, always called reference value, which is an additional input; F' represents the
transfer function for the forward channel; R represents the transfer function for the
feedback channel. In module B, the deviation (some times referred as “error”) be-
tween reference value GG and output E' is passed to regulator R, which output is fed
to the forward channel F'. There is no reference value as input in module A. In
fact, module B is equivalent to module A if we set G to zero. Both modules share a
closed loop, and both are termed “closed loop regulator” or “error-controlled mech-
anism” [6]. We note that the term “essential variable” [6] represents the variable
that is controlled using the regulation module. For example, an air condition system
can be regarded as a system containing a regulation module. The temperature is

the essential variable and it is the output of the regulation module.

Negative Feedback In negative feedback, perturbation source S is counteracted
by the output of regulator R. On perturbation, the output E diverges from the
reference value GG, and the error goes up. Regulator R is then enhanced and so does
its counteraction, which decreases the effect from perturbation. As a result, the
overall trend is to keep output E from changing, that is, allowing it to stay around
the reference value G.

If forward channel F' is a linear function, negative feedback processes can be
classified by the transfer functions of their regulators. Various types of feedback
functions are possible, including proportional (P), differential (D), and integral (I),
as well as different combinations such as PI, PID, etc. [90]. Figure 4.8 shows the
three basic types and their responses to a step perturbation S.

Of the three, the response of integral feedback (Figure 4.8 (b) is an asymptotic
tracking, in which the error (between reference value and target) converges to zero
as time increases. This feature is rooted in the integral function in its regulator and
awards the system the capability to restore itself to a steady state (reference value G)

with any perturbations. It represents a large set of adaptive behaviors and is called
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Figure 4.8: Modules for Negative Feedback Processes

“perfect adaptation” by some scientists when they try to explain self-regulation in

physics [114] or homeostasis in biology [136].

Positive Feedback In contrast to negative feedback, positive feedback augments
the perturbations and drives systems off their steady states. The following figure

shows a module with a positive proportional feedback channel.
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{a) Positive feedback with (b) Response to step perturbation

positive proportional feedback
Figure 4.9: Module for Positive Feedback Processes

Positive feedback modules serve as amplifiers. Accordingly, we start the analysis
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from its gain, which is defined as the ratio between the output E and the pertur-
bation source S. Here, we assume the forward channel and feedback channel have
linear gains (k) and (k) respectively. Through a primitive derivation, we can obtain

the steady state value for E:

kq
T =k (kT +S) = T"=5—7— 4.1
1 (kT +S) 1~ Jiks (4.1)
The overall gain for this module is Jfﬁ , which is m times over the forward

channel gain (without the positive feedback). However, it only holds when 1—k;ky >
0. When 1—kiky < 0, the output would linearly or exponentially increase to infinity
(see Figure 4.9 (b)).

Combination of Negative/Positive Feedback Only negative feedback reduces
perturbations, making systems to track steady states; and only positive feedback
increases gain or leads to cascading explosion, destroying steady states. In com-
plex adaptive systems, combined negative/positive feedback always happens, which
generates some interesting properties. Figure 4.10 shows a module including a com-

bination of negative integral feedback and positive proportional feedback.
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{a) Combination of negative integral (b) Respense to step perturbation
and positive proportional feedback

Figure 4.10: Module Incorporating Negative and Positive Feedback Loops

The output £ depends on the value of 1 —kyko. If 1 —k1ks > 0, positive feedback

dominates, and E will exponentially increase to infinity. If 1 — k1ke < 0, E shows
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asymptotical tracking property as negative integral feedback. Interestingly, when

1 — k1ky = 0, E will oscillate.

Parameters | Descriptions Types
ks Gain on forward channel Double
kp Gain on proportional feedback channel Double
Zp Direction of proportional feedback Bool
k; Gain on integral feedback channel Double
T Direction of integral feedback Bool
k; Gain on differential feedback channel Double
z; Direction of differential feedback Bool
dt Step length (in time) used for calculation Double
n Step number used for calculation int

S Source of perturbation, name of input property | String
G Reference value, name of input property String
E Essential variable, name of output property String

Table 4.1: Parameters for Feedback Loop Modules

In Table 4.1, we summarize the parameters used in the feedback loop modules. In
this table, a group of parameters represents the gains and directions of the feedback
channel; dt and n are used to adjust the calculation accuracy; S, G, and E are

output and input properties, which are defined by other parts of the overall model.

4.3.2 Module for Switch-Like Response

As we mentioned, bistability can be represented by a “gate” response, in which a
system changes its steady states via a sharp shift process. This fact encourages us
to use a simple module to model bistability, shown in Figure 4.11. Here, S1 and
S2 are two steady states for output, and 7T is the threshold value for input. As the
input reaches the T', output is triggered to jump from one steady state to another.

Bistability is always associated with another property, termed hysteresis, which
is defined as “a retardation of the effect when the forces acting upon a body are
changed” [130]. This concept was first mentioned in connection to the field of
magnetics [17,132] and has been discussed in a wide range of problem domains,

such as electronics [70], biology [67], and economics [24]. As such, we employ a
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modified gate module to incorporate hysteresis effects. The new module has the
same structure as the old one but a different input/output relationship, shown in
Figure 4.12. Here, T'1 and T2 are two threshold values for input. 71 determines
the transition from S1 to S2, and T2 determines the transition from S2 to S1. As

a result, we summarize the parameters used in the gate module in Table 4.2.

Parameters | Descriptions Types
St Steady state for output Double
So Steady state for output Double
T Threshold for input, trigger transition from S; to S5 | Double
Ty Threshold for input, trigger transition from Sy to S7 | Double
I Name of input property String
O Name of output property String

Table 4.2: Parameters for Gate Module

4.3.3 Other Modules

Besides those modules mentioned above, we also define “amplification,” “delay,”
and “decay” modules to abstract other types of behavior pattern. For example, the
decay module is used to abstract a spontaneous decline process of a specific element.
It can be simply described by a decay constant A (the ratio of decreased quantity in
unit time to its present value IV) or half-life time ¢; 5 (the time to decay to half of the
original value Ny) for decay processes. In Table 4.3, we summarize the parameters

for these modules.

Modules | Parameters | Descriptions Types
Amplifier | k Amplification rate Double
I Name of input property String
O Name of output property String
Delay t Delay time Double
I Name of input property String
O Name of output property String
Decay A Decay constant Double
E Name of input/output property | String

Table 4.3: Parameters for Multiple Modules



4.4. Modules in the Long-Term Adaptivity Tier 52

4.4 Modules in the Long-Term Adaptivity Tier

According to our discussion in proposition section, memory related behaviors can be
described in two aspects: memory acquiring/retaining and memory-based decision

making (inference). We thus have two types of modules for them respectively.

4.4.1 Memory Module

¢

In [8], memory is abstracted into “processes of acquiring and retaining information
for later retrieval” and a “storage system that enables these processes.” Although the
focus in [8] is only on human memory, this concept represents a general information
process and can be applied to map a wide range of memory effects. Therefore, we

derive our memory module based on this concept and show it in Figure 4.13.

output: inference module

forget remember
D##«M«%«%#-ﬂl LTI T]

] recall range (m1, m2)| |
transformation ‘
LI T T TT] LTI TT]
LA A
input: events
{a) Memory Retaining {b) Memeory Retrieval

Figure 4.13: Memory Module: Storage Structures and Information Processes

Storage structure Storage structure of a memory module consists of an event
array and a memory queue. The division of the structure reflects the multiple levels
of processing in memory formation [8]. The event array records exactly what is

input into the memory module. Each spot in the array represents a time step in
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the simulation, and the array corresponds to a stage of continuous 7' steps. The
memory queue holds the information that is transformed from original events. The
length of memory queue M reflects the capability of the memory module, and the

contents in the queue are used for memory-based decision making.

Memory Retaining Memory-retaining is a two-level processing (see Figure 4.13
(a)). On the first level, the event array is updated every simulation step or is
triggered to be updated by incoming events. The high frequency reflects the “short-
term” characteristic of the process of acquiring information in memory formation.
On the second level, a new memory value is generated based on the contents of
the whole event array. Then the memory queue is updated by enqueuing the new
value. At the same time, the queue drops the value on its tail. These operations are
used to simulate “remember” and “forget” effects and are triggered every T steps.
The low frequency reflects the “long-term” characteristic of the process of retaining

information in memory formation.

Memory Retrieval Memory retrieval is a one-level processing and only operates
on the memory queue. It is triggered every T steps (once the memory queue is
updated) and multiple values saved in the queue are served to the inference module
at the same time. In some cases, the most recent memories are the most significant.
However, in some cases, memories from certain period have the most significant
effect. These facts require inference algorithms to take different ranges of memory
as their inputs. As such, the output interface of the memory module is specified by

a time range (see Figure 4.13 (b)).

Parameters | Descriptions Types
T Size of event array Int

M Size of memory queue Int
threshold Threshold for input Double
sign Flag for input Bool
type Type of transformation function Int

n Number of events, used in type II transformation function | Int

Table 4.4: Parameters for Memory Module
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Table 4.4 summarizes the parameters used in memory module. Currently, we
use one memory module for one type of events. As such, boolean values are stored
in memory to represent the occurrence of an event in a particular period (7" steps in
the simulation). In addition, we use threshold and sign to transfer the output (with
double type) from short-term model into the boolean values in memory modules,

determining if an event e; is present.

1 where (in > threshold & sign = true)||(in < threshold & sign = false)
€; =
0 where (in < threshold & sign = true)||(in > threshold & sign = false)

(4.2)

We currently have two types of transformation functions. Type I function indi-
cates if there is an occurrence of the event; Type II function indicates if the occur-
rence reaches a frequency n/T. They are defined by Equation 4.3 and Equation 4.4,

respectively:

m = ey V €9 V BN V Er (43)
( T
1 where Zei >n
0 where Zei <n
L i=1

4.4.2 Inference Module

As discussed previously, the long-term adaptivity model is responsible for determin-
ing the behavior pattern based on the recorded history. This requires a memory-
based inference process, which takes inputs from memory modules and generates
outputs for the configuration of the modules defined in the short-term tier. In

general, the inference process can be mathematically represented by Equation 4.5
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Ct+1) = g(Mi(t), Ma(t), ... My(t))

where (45)

Ct+1)=(ar(t+1),cat+1),..co(t + 1))
Here, C(t + 1) is the conclusion of the inference process, in which ¢ (¢ + 1)
represents the configuration for behavior module k at the next time step ¢t + 1.
M;(t) is the premise of the inference, which is the current status of memory module

1, including 7; units.

Inference under Uncertainty Traditional rule-based inference is only concerned
with certainty, from a certain premise to a certain conclusion. It is effective when
being employed in some artificial systems, but not practical in modeling phenomena
in the real world. For example, we can model the relationship between “cloudy”
and “rain,” using a rule: cloudy — rain. Obviously, the relationship is not certain
and the deficiency in the small weather model is the lack of uncertainty modeling.
Simply, we can improve the model by adding probability to this rule: cloudy 95, rain

The probability is a conditional probability, defined as “the probability that a
given event will occur if it is certain that another event has taken place or will
take place” [130] and represented as P,(rain|cloudy) = % = 0.5. Using
conditional probability, the inference can be viewed as a task to obtain posterior
probability P,(rain) using given conditional probability distribution P, (rain|cloudy)
and given evidence (premise) cloudy = {1,0}

As a result, we can redefine the inference target in Equation 4.5 as P,.(C(t +
1)). The inference model is represented by the conditional probability distribu-
tion of premise, intermediate conclusion, and final conclusion: P,(C(t + 1), C'(t +
1)|My(t), Ma(t),...My(t)). Here, M;(t) is the evidence (premise) and has been as-
signed values before the inference. C’(t+ 1) is the intermediate conclusion, which is

derived from M;(t) but also serves as the premise to the final conclusion C(t + 1).

Partial Markov Property Markov property [47] for a discrete-time process X (t)

is defined as:
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P(Xt+1DIX()=z(t),X(t—-1)=z(t—-1),.X(1)==z(1)) 6
= P(X(t+ DIX () = 2(t)) Y

A stochastic process is said to have Markov property if its future state is only
dependent on the current state and not on past states with a given conditional
probability distribution [47]. With Markov property, we can perform a one step
inference from X (¢) to X (¢ + 1) and thus relax the computation requirements. For
our inference model, we define:

X(t) = (My(t), Ma(t), ... My(t), C'(t), C(t)) )
X(t+1)=(M({t+1), Ma(t+1),..M,(t+1),C"(t +1),C(t + 1))

Here, P.(C'(t+1)) and P,(C(t+1)) are totally dependent on X (¢). M;(t+1) will
be assigned from memory modules. As such, we say the X (¢) has partial Markov
property.

As has been noticed, inference using Markov property is a “memoryless” infer-
ence, in the sense that past states have no effect on future states. However, as we
define M;(t) = (m;(t),m;(t — 1),...m;(t — 7;)), the past events are transferred into
the current status of memory. Thus we still have a memory-based inference with a

simplified computation process.

Bayesian Network Representation We use Bayesian Net (BN) [60,109] as the
representation of our inference model. BN is a directed graphical model for condi-
tional probability distribution. In a BN, each node represents a random variable
and each link represents a causal relationship between two variables. A Conditional
Probability Table (CPT) is saved for each variable in the corresponding node. Figure
4.14 shows a simple example of BN.

Through keeping a set of CPTs, BN avoids storing a full joint probability table
and thus is a compact representation for probabilistic models. Particularly, we use
Dynamic Bayesian Net (DBN) as our model for a discrete time sequence X ().
Finally, we show an example of our model in Figure 4.15, in which Figure 4.15 (a)

depicts an unrolled version of DBN, and Figure 4.15 (b) depicts a collapsed version.
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Figure 4.14: Bayesian Network
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Figure 4.15: Inference Model and its Bayesian Network Representation
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Figure 4.15 (a) gives the computing process of the inference model. We can see
three groups of nodes: input nodes {X;, Xo, X3}, internal nodes {Xy4, X5, X¢, X7}
and output nodes {Xg}. Every time an inference process is invoked, left-side nodes
are filled with values first as evidences for this inference. Input nodes obtain their
values M;(t) from memory modules, and internal and output nodes inherit values
C'(t) and C(t) from the last inference process. In the inference process, right-side
nodes (only internal and output nodes) are updated using stored CPTs and given
evidences. The new values (C(t + 1) and C’(t + 1) will be saved for next time
inference. The values on output nodes C'(¢t + 1) will be sent to behavior modules in

short-term tier as their configurations.

4.5 Integration

Integration of short-term model and long-term model is another important issue. In
this section, we illustrate how the short-term model and the long-term model work

together to make a complete individual model.

Information Flow Figure 4.16 shows the information flow in the whole individual
model. Inside the short-term model, behavior modules are interwoven together.
Inside the long-term model, inference modules take inputs from memory modules
to perform memory-based inference. The information exchanges between the short-
term model and the long-term model consist of upstream and downstream flows.
Memory modules obtain their inputs in upstream flows from behavior modules in the
short-term model. Inference modules put their outputs through downstream flows,
directed to “switches” in behavior modules. “Switch” is a simple implementation for
the configuration of a specific behavior, by giving the capability to turn the behavior

Llon” or ((Oﬁ"”

Time Courses As mentioned previously, memory effects (changes of behavior
patterns) take longer than the changes in behaviors. This is one of the major
reasons why we divide our individual model into two tiers. As shown in Figure

4.16, we apply different time schedules for the short-term and the long-term models.
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In the short-term model, modules are invoked at every simulation step. In the
long-term model, inference module performs its calculation every T steps. Memory
modules also determines the occurrence of an event every T steps although it takes
inputs from the short-term model at every simulation step. As a result, computing
efficiency benefits from the separation of time schedules, which allow a multiscale

modeling [112] of different time courses.

4.6 Case Study

In this section, we will demonstrate the feasibility of our model with an application
in biology. We will work as a modeler, showing the process to model multicellular
organisms as CASs under our framework. In this process, we map an individual cell
to the individual model and designate it as the “cell agent model,” and we map cell
signaling to the interaction model (see Chapter 5). We will use this model for a

multicellular organism simulation, which is detailed in Chapter 6.

Several Facts on Cell’s Function A cell’s function can be divided into a persis-
tent part and a variable part. On the one hand, proteins make up the “protein ma-
chine” [3] and play most roles in cellular function, such as enzymes for metabolisms,
receptors and mediators for signal transductions. These behaviors typically occur
in seconds or milliseconds. On the other hand, genes provide the blueprint for the
“protein machine”. According to the Central Dogma in biology [23], genes can be
transcribed and then translated into proteins, but not vice versa. The transcription
and translation determine how genes are expressed or what proteins are present and
in what amounts. And it takes hours or days to change the genes’ expressions or
the amounts of proteins. In brief, we can say that the current function of a cell
equals to the proteins that currently exist in the cell, while the potential function of
a cell roots in and can be changed by its genes. As a result, we model the “protein
machine” in the variable part or short-term adaptivity model, and model genes with

their expressions in the persistent part or long-term adaptivity model (see Figure

4.17).
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Figure 4.17: “Protein Machine” and “Gene Expression”

Adaptivity Analysis The “protein machine” does show strong short-term adap-
tivity. For example, a cell can adjust its sensitivity to external signals through
deactivation/activation of its membrane receptors. This process is coordinated by
negative feedback loops [2]. The signal sensitivity adjustment endows cells with the
ability to detect the signal gradient in various signal concentration levels. Many
important physiological properties (such as chemotaxis) depend on this capability.

Memory-like behaviors can also be observed in a cell’s function, especially in
gene expressions [2]. In most cases, changes in gene expressions are invoked by
the external signals, received and mediated by the current proteins. The signal
transductions only take seconds or milliseconds, but the effects will not happen
immediately, but rather, will occur and be heightened after a few hours or days.
These are typical memory-like behaviors. In addition, biologists [2] pointed out that
cells will behave differently although their genes are same. The difference comes from
different gene expressions, recording different experiences of cells. For example, an
epidermal cell has the exact same DNA as a nerve cell. Their gene expressions
differentiate in their developmental processes and their behaviors are completely

different. This fact also justifies the existence of memory.
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Cell Agent Model From our discussion above, we can clearly fit cell behaviors
into an individual model, which we call the cell agent model, shown in Figure 4.18.
The cell agent model contains four sub-models: Response Model (RM), Gene Ex-
pression Control Model (GECM), Singling Model (SM), and Cell Memory (CM).

These can be mapped directly to the individual model as following;:

Gene Expression Nodel

I
oA o @ Protein Machine Model
S

o
1
‘ v A r
Extracellular Signals Responses

Figure 4.18: Cell Agent Model (see our paper [107])

e CM = Memory Modules in Long-Term Model

GECM = Inference Modules in Long-Term Model
e RM = Behavior Modules in Short-Term Model

e SM = Interaction Model

4.7 Summary

In summary, modeling adaptivity is an effective and efficient way to build an indi-
vidual model, especially when we want to find the causality between orderly ensem-
ble properties and individual behaviors. Adaptivity modeling shifts the focus from
numerical results to structure property and its relationship with orderly ensemble
properties. Adaptivity is at a more abstract level and enhances the understanding

of the miraculous self-organization phenomena.



Chapter 5

Interaction Model

As we pointed out, interaction modeling is a key component in Complex Adaptive
System (CAS) simulation. In this chapter, we present the interaction model in
our simulation framework, from its modeling templates to its implementation. We
begin this chapter with a discussion of basic issues in interaction modeling (Section
5.1); then detail the model formulation and templates (Section 5.2); and present
the design of important implementation issues (Section 5.3); end the chapter with a
case study (Section 5.4). We note that some discussion and preliminary results can

be found in [48,106]. Also, discussion and results can be found in [105].

5.1 Basic Issues

“A complex system is literally one in which there are multiple interac-
tions between many different components.... The richness of such inter-
actions apparently allows complex systems to undergo spontaneous self-

organization, in a sense producing order in the midst of chaos.”

-D. Rind [100]

A complex system typically has a large number of components (individuals) with
frequent interactions among them [48], and is characterized by self-organization
phenomena. Self-organization is an emergent collective behavior, which cannot be

predicted simply by understanding its components, or only by understanding the

63
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interactions, but can be effectively predicted only by seeing how all of them work
together. Reductionist models ignore interactions by taking average properties of
components. These models are efficient in computation but not effective in ex-
plaining emergent behaviors, which are principally nonlinear. To deliver realistic
simulations for complex systems, it is necessary to incorporate a mechanism that
can model the interactions both efficiently and effectively. In this section, we first
spotlight the important issues that must be addressed in modeling interactions. We

then outline our propositions and present our model in the following sections.

5.1.1 Communication Patterns in Interactions

To obtain a generic model for interactions, the central problem is how to abstract
the prime communication patterns of interactions existing in different systems. In
general, each action can be specified by the action type, actor, and receiver. The
communication pattern is defined as the relationship between the action and receiver.
In the active description of an action, the actor is identical while the receiver could
be identical or be specified within a certain range. In the passive description, the
receiver is identical and the actor is predetermined, but may not be seen by the

receiver. In short, these relationships can be summarized as:

e Identical Receiver: A Lbn R &8 (A)

e Non-identical Receiver: A 2<tn, (RseC) R action (4)

Here, A and R represent the actor and the receiver, respectively. C' refers to the
range that is used to specify receivers. Parentheses indicate that the subject cannot
be seen. In addition, each action is decomposed into two sub-actions according to
the status of the prime subject: active or passive. We thus have two communication
patterns: identical receiver and non-identical receiver, which are used as the basis

of our interaction model.

5.1.2 Dynamical Properties of Interactions

Another critical problem in designing the interaction model is how to parameterize

dynamical properties. The dynamics of strength is a key in modeling interactions.
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Specially, how the strength varies, in what range (spatial domain) and in what du-
ration (temporal domain). This is a difficult problem because it requires a vast
amount of computation. Traditionally, the strength of an action can be modeled
using a simple mathematical model such as Partial Differential Equations (PDEs),
which consume heavy computational resources especially for high levels of accu-
racy (resolution), and are not typically appropriate in simulating large numbers of

interactions in the study of CASs.

5.2 Model Formulation

Our modeling framework is based on a Multi-Agent System (MAS) paradigm, in
which individual entities are mapped to agents. Naturally, we can map the interac-
tions between individual entities to inter-agent communication or message passing.
We design a new Asynchronous Message Passing (AMP) paradigm for this purpose.
The new message passing paradigm is designed both to provide communication pat-
terns and to incorporate a mechanism that will model dynamical properties in an

efficient way.

5.2.1 Asynchronous Message Passing

Why do we employ asynchronous message passing paradigm as the basis of our
interaction model? What advantage does it have when compared with other com-
munication patterns? These are critical questions which we will discuss in detail in

this section.

5.2.1.1 Why Asynchronous Message Passing

Inter-agent communication can be classified into synchronous and asynchronous
modes [85] [82]. In general, a communication system provides a pair of send /receive
operations. In synchronous communication, message sender/receiver are blocked
on send/receive operations until the receiver has fully obtained a message from the
sender. Synchronous communication guarantees the completion of message delivery

but demands dedicated sender/receiver participation. In asynchronous communica-
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tion, sender /receiver are not blocked by send/receive operations. The sender sends
and forgets, while the receiver is passively triggered to receive a message. Asyn-
chronous communication does not guarantee the completion of message delivery but
requires less participation in the message passing process. A shared channel (an
intermediate facility) that temporarily stores and forwards messages is always a
feature of an asynchronous communication system.

Obviously, asynchronous communication is more efficient in terms of resource
consumption because it relaxes the requirement on dedicated agent(sender /receiver)
participation. Complex system simulations benefit from this because the sizes (the
numbers of agents and messages) of simulations are invariably huge. Besides this

advantage, the reasons for choosing the asynchronous paradigm lie in two aspects:

e The synchronous paradigm forces an agent to be dedicated to communication,
with the result that it cannot perform multiple tasks. As discussed earlier, it is
important to allow an agent to execute multiple tasks to mimic an individual’s
behaviors. Moreover, the duration of an interaction can exceed one simulation
step. It is possible that one agent takes an action while another is affected
after a long time, which is mapped to multiple simulation steps. Accordingly,
it is not appropriate to make an agent dedicated to a communication task in

several simulation steps.

e The asynchronous paradigm offers a facility to model the “environment”.
Unlike synchronous communication, asynchronous communication provides a
shared channel between multiple sender/receiver pairs. The channel is al-
ways labeled “store-and-forward,” because of its temporary storage and rout-
ing functionalities. This shared channel can be used to model “environment”
of complex systems, in which individuals interact with each other through the
“environment.” Complicated modeling strategies, such as the dynamics of in-
teractions, can be modeled through operating the temporary storage and the

routing strategy.
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5.2.1.2 Structure

The Asynchronous Message Passing (AMP) paradigm is based on a store-and-
forward architecture, which allows messages to be buffered, routed, and delivered
whether or not the receiver agent is present. Sending and receiving are single ac-
tions, and the receiving action is passively invoked. Particularly, an agent’s identity
is defined by a 2-tuple (HostID, AgentID) in our system. The 2-tuple is used as
a destination address when executing the routing strategy. Three components are

essential in constructing such a paradigm:

e A message broker system which deals with message buffering and routing

e An interface which provides a set of primitives supporting specific communi-

cation patterns

e A formatting mechanism which converts messages into specific forms used by

different routing strategies

Above all, the design of the message broker system is key in deploying an AMP.
A message broker contains one or a set of message queues, supporting one routing
strategy. Routing strategies determine which agents are receivers and when the
messages are received. We define different types of strategies for different communi-
cation patterns and employ different types of brokers to support them. All brokers
of the same type in a system are connected to make up a network of brokers that

supports one type of communication pattern.

5.2.1.3 Communication Patterns

Point-2-Point (P2P) is a basic pattern provided by both asynchronous and syn-
chronous communication, in which a message is passed from a single sender to a
single receiver. Publish/Subscribe (Pub/Sub) is an advanced pattern supported
only by asynchronous communication, in which a message post by a publisher is
passed to multiple subscribers. Compared with P2P, Pub/Sub is characterized by

two features. First, messages are classified into different categories. Second, one
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message can have multiple receivers (subscribers). Figure 5.1 and Figure 5.2 show

the two communication patterns.
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Figure 5.2: Publish/Subscribe Communication Pattern

For our interaction model, P2P can be used for identical receiver actions and
Pub/Sub can be used for non-identical receiver actions. In P2P, the destination
agent ID should be given by the sender agent before the message is pushed out. In
Pub/Sub, the supporting system (message brokers) is responsible for determining
who are receiver agents and what the sender agent needs do is to assign the range
(topic or content) for a message. Table 5.1 summarizes the primitives used by the

two communication patterns.
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Patterns | Primitives Function Descriptions
P2P Send Push message from agent to broker
Receive Pull message from broker to agent, invoked by broker
Pub/Sub | Publish Push message from agent to broker within specific
category
Receive Pull message from broker to agent, invoked by broker
Subscribe Register agent to broker for a specific category
Unsubscribe | Unregister agent from broker for a specific category

Table 5.1: Communication Primitives of Asynchronous Message Passing

5.2.2 Distance-Based Message Passing

Asynchronous Message Passing (AMP) can provide a basic paradigm for interaction
modeling. However, it lacks a mechanism for modeling the dynamics of interactions.
That is, it does not account for how the strength varies, in what range (spatial
domain), and for what duration (temporal domain). In typical complex systems,
individuals interact with each other via their surrounding environments, which are
non-perfect for propagation of the influence period of actions. The strength of
influence will decay as distances increase. It also takes a certain period of time
for an action to cover a certain distance. Obviously, for a realistic simulation, it is
critical to model these issues. As a result, we identify four questions that must be

addressed in modeling an action:
e (Q1: How long does the actor apply the action?
e (Q2: How strong is the action?
e ()3: Who are influenced by the action?
o (Q4: When are these receivers influenced?

From the point of view of a modeler, )1 and ()2 are determined by an actor’s
intention and thus should be dealt with in the individual model. @3 and Q4 are
actually routing problems and should be handled by the interaction model. In such

a scenario, the routing can be determined not only by the communication patterns,
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but also by these dynamical properties. As such, a new message passing paradigm
is necessary to model these issues.

Solving 3 will help us find the influence range of the action. In a physical
system, the range is the maximum distance from a receiver to the actor, and three

factors contribute to the distance:
1. sg: original strength applied by the actor
2. sp: threshold, at which the receiver can be influenced
3. s = fi(d, sp): strength diffusion function along the space scale

The receivers within the distance d (from actor) can be influenced if f;(d, sg) >
st. Thus, we can determine the influence range by solving fi(d, sg) = sr (see Figure
5.3 (a).

Solving ()4 needs the propagation time, which can also be calculated using the
distance between receiver and actor. The modeler can define a propagation function
t = fa(d, tg), or simply calculate it by velocity v of propagation t = d/v + to. Here
to is the time point when the actor applies the action. Due to the difference in
distances, receivers are influenced at different time points. We show this in Figure
5.3 (b).

Overall, we can see a two-phase procedure for routing decisions. The first phase
is used to (/) determine the influence range and the second phase is used to (/1)
estimate the propagation time (delivery time) and create multiple copies for the
delivered message. Both phases are based on distance-related calculation. As such,

this new paradigm is named as Distance-Based Message Passing (DBMP) paradigm.

5.2.3 Structure and Form

In this section, we exhibit the structure of DBMP and explain how it supports the
new routing mechanism. Because DBMP is extended from AMP, they share the
same essential components: message format, message broker, and communication

interface. We will illustrate the structure for each component.
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Figure 5.3: Physical Model in Distance-Based Message Passing (see our paper [106])



5.2. Model Formulation 72

5.2.3.1 Message Format

To support distance-based routing, we add four new fields to a regular message (see
Figure 5.4): ¢, (sending time), sq (original strength), loc, (source location) and C
(message type/category). tg, So, and locs are used to calculate distance, influence
range, and propagation time. C'is associated with a specific action type, which
determines the strength diffusion function fi(d,ty) or the velocity of the action
propagation v.. In addition, we have an optional field for the message topic, which
is used for the multicast communication pattern. These fields are filled by the sender

agent before the message object is pushed to a message broker.

Message ID
|

Send Time
| | |

Source Location

Original Strength
|

Message Type
| | |

Topic (OPT)

Content S g

Content

Figure 5.4: Message Format

5.2.3.2 Interfaces

In DBMP, we support three communication patterns: Point-2-Point (P2P), Broad-
cast, and Multicast. P2P is a communication pattern in which a preset receiver
agent ID is used for routing. Broadcast and Multicast both belong to the Pub-
lish/Subscribe (Pub/Sub) pattern, in which the influence range, rather than a pre-
set receiver agent ID, is used for routing. Particularly, the broadcast pattern allows
all agents in the range to obtain the message, while the multicast pattern only
passes the message to its subscribers. Accordingly, we define the interfaces to these
communication patterns as follows:

As we can see, all three patterns use the same method for receiving messages.
The receiving method works like a callback function, invoked by message brokers
and implemented on the agent side. These patterns differ in their sending methods,
invoked by agents but implemented on the message broker side. These methods
all have a parameter list including original strength Sy and action type C, which
is passed with the regular message content. In particular, the P2P pattern has an

agentID parameter for destination; multicast has a topic parameter to limit influence
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Patterns Interfaces

Point-2-Point | int send(double strength, int type, byte[] content, long agentID)

int receive(Message message)

Broadcast int broadcast(double strength, int type, byte[] content)

int receive(Message message)

Multicast int multicast(double strength, int type, byte[] content, int topic)
int receive(Message message)
int book(int topic)

int cancel(int topic)

Table 5.2: Interfaces of Distance-Based Message Passing

range. Other fields in the message, such as source location Loc, and sending time ¢,
will be filled by message brokers. In addition, the multicast pattern has two specific
methods, book and cancel, which are used for subscribing and unsubscribing a topic,

respectively.

5.2.3.3 Message Brokers

We have three types of message brokers corresponding to the three communication
patterns: Point-2-Point, Broadcast, and Multicast. In general, all these patterns be-
long to Asynchronous Message Passing and model communication between a sender
and a receiver, in which no notification is sent back to the sender on the success or

failure of the receipt of the message.

Point-2-Point Broker P2P brokers are used for communication with an identical
destination address. The broker is set up so that the sending agent will notify the
broker that it has a message to send, will send the message to the broker, at which
point the broker will queue this message to be delivered at an appropriate time. At
the appropriate clock tick (simulator clock), this broker will send the message to the
receiving agent. The structure of the P2P broker is shown in Figure 5.5.

The message queue is the place where messages are temporarily stored. Com-
pared with traditional message queues, our message queue is designed to cache and

retrieve messages based on the message delivery time. Because the receiver agent is
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Figure 5.5: Point-2-Point Message Broker (see our paper [48])

identical, there is no need to perform a first-phase routing strategy (Figure 5.3) to
calculate the influence range. The second phase is executed to obtain the clock tick
when message should be delivered. As delivery time is determined, the message is
inserted into a specific spot in the queue. When the broker is alerted to a clock tick,
it will look at the queue to find all the messages with this clock tick and push them
out to the receiver agents.

In implementing the P2P broker, a registration method was put into place to
alert the broker when a new agent has appeared in its host. The agent will notify the
broker of its existence after being alerted of the broker by the system. The broker
will then add the agent to its agent list, which is a hash table indexed by Agent
ID. The hash table allows for quick access to the agent when needing to send it a
message. Both the broker and the agent will then be aware of the other, allowing
for the agent to send messages to the broker and for the broker to send messages to

the agent (i.e., for the agent to receive messages).

Broadcast Broker Broadcast brokers are used for communication without an
identical destination address. We can use broadcast brokers to mimic signal diffusion
in social and biological systems. In such a process, the delay, speed, and strength of
a signal are important parameters to model. The distance between the signal source
and destination is used for calculating the delay, fading (strength), and range. The
structure of the broadcast message broker is shown in Figure 5.6.

The Publish/Subscribe (Pub/Sub) pattern is partially implemented in broadcast

communication; that is, the Publish primitive is effectuated by broadcast operation.
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Figure 5.6: Broadcast Message Broker (see our paper [48])

However, instead of delivering a message to all agents, the broadcast broker only
sends it to all agents in the influence range, which is calculated based on distance
information.

The broadcast broker also has agents registered so the message can be passed
between the broker and agents. However, the indexing of agents is different from
that of the P2P broker in requiring an influence range search. To perform this task
efficiently, we used a data structure called AgentGrid (an instance of AgentSpace,
see Chapter 3) instead of a simple hash table. AgentGrid is a grid-like structure, in
which each cell site is a container of agents. At its registration, an agent was put

into a cell site according to its location.

Multicast Broker Multicast broker is another form of the Pub/Sub pattern. In
multicast, the search range is delimited by a topic, which is a label attached to a
message and a classifier for agents. In multicast broker, a set of AgentLists is used
to record the agents on topics. A hash table is used to organize these lists and to

speed the access. The structure of multicast broker is shown in Figure 5.7.

5.3 Design Considerations

A complex system typically consists of a large number of entities with frequent
interactions, and thus it is critical to have an efficient design when implementing

the interaction model. In this section, we illustrate the design of two key components
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Figure 5.7: Multicast Message Broker (see our paper [48])

considering efficiency: Time-Priority Message Queue and AgentGrid. In the process,
we take the broadcast broker as an example; the designs of other two brokers are
similar to this one. To begin with, we first look at the work flow in broadcasting

(Figure 5.8).
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Figure 5.8: Work Flow in Broadcasting
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1. Sender agent pushes a message to broker

2. Broker determines the duration of propagation time, and multiple messages

are created with specific time stamps and inserted into the message queue

3. System clock (simulation time) triggers broker, which looks for messages whose

time stamps equal the current clock tick
4. Broker looks up agent grid and determines who are receiver agents

5. Broker pushes messages to receiver agents

5.3.1 Message Queue

The message queue is a data structure that stores (STEP 2) and retrieves (STEP
3) messages. The overall efficiency of the interaction model is mainly determined
by the computational complexities of these two operations. In general, messages
that arrive earlier should be delivered earlier also. This is a First-Come-First-Out
(FIFO) strategy, and it has been implemented using a regular queue structure in
most current message queues [1,25]. However, we have the special requirement that
a message should be delivered according to its time stamp, which may be out of
order, in terms of arrival. As such, we design the queue to let it store/retrieve
message for time, and name it as “Time-Priority Message Queue” (Figure 5.9).
The structure of the message queue can be described as follows. First, it has an
indexing array holding a group of linked lists. The array is circular-ordered, and
each spot in the array represents a (simulation) time point. Second, a linked list is
attached to a spot and stores all messages that should be delivered at the specific
time point. When a message reaches the queue (STEP 2), it will be inserted into a
specific list according to the time tick. The times to find an appropriate spot and
to perform an insertion are constant (we can perform the insertion at the end or
the head of a list so the insertion time is constant). Here, we take advantage of a
principle of discrete-event simulation: the order of two events occurring at the same

time point should have no impact on the correctness of a simulation [97]. When
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Figure 5.9: Time-Priority Message Queue

the delivery time arrives (STEP 3), the whole list for the current time point will be
cleared. For each message, the retrieval time is still constant.

As a result, we have a queue structure that is efficient in terms of both storage
and retrieval times. It is also efficient in terms of storage space. Compared with
a regular FIFO queue, the time-priority queue only needs an add-on space for the

time indexing array.

5.3.2 AgentGrid

The calculation to find receiver agents (STEP 4) is an operation frequently used in
distance-based message passing. It is executed every time a message is delivered.
As such, the runtime for this operation is also critical to the overall efficiency. In the
broadcast pattern, it is necessary to find all available agents within certain distance.
This is a range search problem, which we address by employing a data structure
called AgentGrid (Figure 5.10).

AgentGrid is an instance of AgentSpace (see Chapter 3), including a grid-like
data structure storing agents’ references according to their locations. Each grid cell

site represents a particular area for which it serves as an agent container. An agent
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Figure 5.10: AgentGrid

registers its location in the grid at initialization, and notices it if the agent moves
in the simulation.

On AgentGrid, the range search operation is performed in two steps. First,
AgentGrid calculates a list of grid sites, which fall into or cross the intended search
range. These grid sites make up a search range which is slightly wider than the
intended one. Second, all agents stored in these grid sites are examined to see if
they fall into the intended search range.

By avoiding searching the entire agent list, the range search on an AgentGrid
greatly improves the search efficiency. However, we still have extra costs, as the
real search range is bigger than the intended one. To reduce the extra cost, we
can increase the grid density to improve the matching accuracy. This is a tradeoff,
in the sense that a denser grid brings more overhead. As such, we make the grid
size configurable in our simulation platform. This flexibility helps us improve the

computing efficiency by choosing an appropriate grid size.
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5.4 Case Study

“The cells of a multicellular organism are committed to collaboration.
To coordinate their behavior, the cells send, receive, and interpret an
elaborate set of signals that serve as social controls, telling each of them

how to act.”

— Bruce Alberts [2].

As a biologist, Alberts has discussed the usage of chemical signals and the im-
portance of cell-cell interactions in multicellular behaviors. To have a realistic mul-
ticellular simulation, it is necessary to model these signals and their propagation
processes. As such, we discuss cell signaling modeling as a case study, which serves

to complement the cell agent model presented in Chapter 4.

According to Alberts [2], two types of cell-cell signaling play the major roles in
multicellular behaviors: autocrine/paracrine signaling and contact-dependent sig-

naling, shown in Figure 5.11.

(a) Paracrine Signaling (b) Contact-Dependent Signaling

Figure 5.11: Cell-Cell Signaling

Autocrine/Paracrine Signaling In autocrine/paracrine signaling, a sending cell
emits chemical molecules outward to its environment while receiving cells capture
these molecules via the receptors on their surfaces. This process is similar to the
wireless signal propagation.

Autocrine/paracrine signaling can be modeled using the broadcast pattern, for

which we needs to set diffusion function and threshold in order to determine the
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propagation range. As the chemical signals diffuse very quickly in the environment,
autocrine/paracrine signaling is very sensitive to distance and thus it is a typical

application of distance-based message passing.

Contact-Dependent Signaling Contact-dependent signaling is based on a gab
junction that connects the cytoplasm of two cells. This type of signaling is limited
to neighboring cells and has a “wired” communication channel.

Straightforwardly, contact-dependent signaling can be mapped by the P2P com-
munication pattern. In this case, a cell agent needs to remember its communication
partner and name it whenever the agent sends a message. In addition, a cell may
have more than one partner, and thus a linked list or an array should be maintained
to manage multiple connections. All these issues add the complexity of a cell-agent
model. As an alternative, multicast pattern provide a more tactical solution. This
mapping can be done by using the agentID as the message topic. In our system,
agentID is unique so that the topic will also be unique. In addition, book and cancel

methods can be used to model build-up and tear-down processes for each connection.

5.5 Summary

The interaction model is a critical component in our CAS simulation framework. In
this chapter, we presented our interaction model in terms of its modeling paradigm
(communication pattern) and corresponding software structure. We proposed a new
communication pattern that can incorporate dynamical properties of interactions,
which have been named as Distance-Based Message Passing. In addition, we de-
picted the key design issues of the supporting subsystem: Time-Priority Queue and
AgentGrid, focusing on the computing efficiency. We also review the application of
the new paradigm in modeling multicellular systems, a typical scenario in biological

research.



Chapter 6

Experiments and Validation

The purpose of CAS simulations is to find the self-organized mechanisms under-
lying large-scale complexity. It is interesting that lots of CASs show the same or
similar patterns, although they differ in sizes and are with different environmental
conditions. As such, particular patterns and their developmental processes, rather
than traditional numerical measurements, are critical for validation of models used
in CAS simulations.

In this chapter, we demonstrate an application in the domain of multicellular
biology in order to validate our framework and model. The developmental process
of a multicellular organism is a typical multiscale self-organization process. Through
our simulation, we illustrate the causal relationship between the individual adaptive
behaviors and collective self-organization. The comparison between established bi-
ological experimental results and our simulation results validate the effectiveness of

our model and framework.

6.1 Biological Background

More and more data are generated with the advancements in experimental instru-
ments and high throughput data-processing equipments in biology. However, the
expanding data sets still fail to dissect the biological puzzle, by introducing new
correlations between known and unknown phenomena. A good simulation tool can

help justify a hypothesis, analyze results, and predict phenomena. However, the
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complexity existing in biological processes hinders this progress. At the current
time, simulation technologies have been widely used in many other science areas,
such as chemistry and physics, but relatively infrequently in biology. Therefore,
the development of a new framework for biological system simulation is not only a
challenging but also a necessary task, and its success could lead to a breakthrough
in life sciences research.

In this section, we provide the necessary biological background in order to discuss
the application of our simulation framework. We focus on multicellular systems,
and consider the biological processes in Dictyostelium Discoideum (also referred
to simply as Dictyostelium) as the simulation target. Furthermore, Section 6.2
provides further biological background needed for our modeling work, and Section

6.3 discusses the experimental results.

6.1.1 Biological Processes in Multicellular Organisms

Under our simulation framework, physical model information should be obtained
from both the systematic and the individual levels. As such, we study biological
processes in multicellular organisms at both the multicellular and the unicellular

levels.

Unicellular Level At the unicellular level, we are concerned with the gene expres-
sion and the signal transduction processes, which are the basis of cells’ functionality
and collaboration. Gene expression is a general process in all living cells, involving
the activities of DNA, RNA, and proteins. The relationship between DNA, RNA,
and proteins is similar to the relationship between blueprints, tools, and products
in a factory. Those blueprints store all information needed to generate the prod-
ucts. The production processes can be in various statuses, and biologists name
these processes as “gene expressions.” The products (proteins) play the major roles
in metabolism and signal transduction as enzymes, signal receptors and messengers,
and also serve as the skeleton of a cell. They make up the “protein machine” and
determine the functionality and outlook of a cell.

Signal transduction is another fundamental process in living cells. In this pro-
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cess, extracellular signals enter the cell membrane and cause a cascade of responses
through a complex of proteins. In some cases, signal transduction only changes the
metabolism rate and the effects are transient. In other cases, it can even change the
gene expression and thus the effects are much longer-lasting. In signal transduction,
a cell’s functionality can be changed from outside signals that originate from other

cells, and thus the collaboration of cells is possible.

Multicellular Level At the multicellular level, we are particularly interested in
chemotaxis and developmental processes, which are two fundamental processes in
all living multicellular organisms. In chemotaxis, a population of cells moves di-
rectionally along the gradient of a biochemical signal, such as Cyclic Adenosine
Monophosphate (cAMP). The direction is always determined by the gradient of the
chemical signals. The chemotaxis process is a strongly organized process, in which
functional /spatial patterns are formed clearly. It leads to cell aggregation, in which
some cells play the role of leaders and other cells serve as signal relay messengers.
Chemotaxis happens in phagocytosis, an important immune response, in which the
aggregation of phagocytic cells is guided by the chemotaxis process. The chemo-
taxis process is also critical to tumor development. It is one factor that controls the
metastasis of tumor cells, making them spread from their original locations.

The developmental process [63] is another typical multicellular process. Most
multicellular organisms have a similar developmental process which is well-formulated
with a strict timeline. It includes three sub-processes: cell aggregation, cell differ-
entiation, and morphogenesis. In the aggregation process, cells come together and
sort into some simple spatial structures, guided by certain chemical signals secreted
by the aggregating cells themselves. In the differentiation process, cells develop into
different roles according to their spatial locations in the simple structures. In mor-
phogenesis process, more complicated but well-formatted structures, such as tissues
and organs, are formulated into their shapes. Obviously, the overall developmental
process is well controlled by something. Researchers think the secret exists in DNAs,
which serve as the blueprint to a cell’s function. But the problem is not that easy, as

a cell does not know the global information in a multicellular organism. How is the
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overall structure formulated where the individuals inside has no global knowledge
or control? Our model and simulation in the following sections will answer this

question.

6.1.2 Dictyostelium Discoideum and its Aggregation Pro-

cess

It is estimated that there exist more than 10 million species of multicellular organ-
isms on the surface of Earth. Although those living organisms behave in various
ways, we can find similar biological processes in different species. Similarities are
caused by the presence of the same genes inherited from common ancestors, or devel-
oped under similar evolutionary pressures. As such, the study of one organism could
benefit others. Following this idea, biologists have selected some simple species (ones
that are easily fed and have short life cycles) as model organisms in order to find
general principles in all types of processes, and then to predict the more complex
behaviors in advanced organisms, such as human being. In our approach, we also
start from simulating these simple “model organisms” and believe the simulations
for more complex organisms (such as human tissues) can be composed from these

simpler simulations.

Dictyostelium: A Model Organism Dictyostelium is a type of amoeba. It
has been selected as a model organism and attracted much attention from biolo-
gists [63,76]. It is notable because of its fascinating life cycle, in both unicellular
and multicellular forms, which provides a good example for studying the develop-
mental process of multicellular structure. Simply, this cycle can be described as
follows: 1) With sufficient nutrient (bacteria), Dictyostelium cells live as individual
amoebae, growing and dividing; 2) After exhausting their food supply, Dictyostelium
cells begin to release cAMP as a signal of starvation; 3) Dictyostelium cells establish
dynamic cAMP wave fields, which consequently induces cells to aggregate; 4) Ag-
gregated cells transform themselves into a movable slug, and subsequently a fruiting
body with a stalk; 5) Spores are spread from the fruiting body to find new places

to live, and the life cycle begins again.
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Aggregation Process We choose the aggregation process as the target of simu-
lation. Aggregation is the first stage in the multicellular developmental process of
Dictyostelium. It is also a chemotaxis process, in which cAMP is used as the signal
to guide the aggregation. Here, we describe this process from the perspectives of
both the unicellular and the multicellular level.

At the unicellular level, the cAMP molecule binds to a receptor protein CAR1
[125], which transduces the signal to an intracellular messenger, known as a G
protein [79]. Through a series of intermediate steps, adenylyl cyclase (ACA) [119]
is activated as an enzyme to synthesize more cAMP, some of which is then released.
As such, the cell serves to relay the signal cAMP. In addition, the activity of the
G protein induces the polarization of a movement-related protein F-actin [50], and
subsequently leads to the directional movement of the cell toward the higher gradient
of the cAMP signal.

At the multicellular level, complex spatial patterns are formed in aggregation
[63]. In the beginning, some cells occasionally fire cAMP. This is a totally random
process, and firing cells are mixed with quiet ones like salt and pepper. After a
while, some spiral-like and crescent-like segments emerge as groups of activated
cells. Gradually, these segments develop into spiral/circular wave fields, in which
cAMP pulses propagate like ripples. Then the cells move to the center of the waves
and the stream pattern forms. Cells concentrate along the streams to accomplish
the aggregation.

Obviously, the aggregation of Dictyostelium is a self-organization process, in
which ensemble spatial structures arise without any outside organizers. The purpose
of our simulation is to find the mechanism behind the organization, in other words,

the relationship between the multicellular phenomena and the unicellular behaviors.

6.1.3 Models in Multicellular Organism Simulation

There are numerous models for multicellular simulations. They can be roughly
divided into continuum models, cellular automata models, and agent-based models.
We will briefly describe the three types of models and compare them in the following
paragraphs.
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Continuum Models Encouraged by the principle that every biological process
can be reduced to basic physical dynamics and chemical kinetics, biophysicists and
biochemists try to employ the approaches from the fields of physics and chemistry
(e.g., equations for the reaction-diffusion process), to define the biological models.
In most cases, they treat the multicellular organism (e.g., a tissue) as continuous
elastic solids or visco-elastic fluids [75,91]. Those models are efficient in calculating
the continuous parameters of physical and chemical dynamics, but simply ignore the
adaptivity of cells and their local interactions, which are critical to self-organization.
Therefore, it is not surprising that these models can only yield numerical analysis

but cannot predict the pattern formation process in multicellular simulations.

Cellular Automata Models Cellular Automata (CA) is a discrete model on
both the time scale and the space scale [88,131]. It is defined on a lattice, in
which each site has a finite number of states. It evolves with discrete time steps, in
which each site will be updated once every step. The interactions happen between
neighboring sites and are defined by the local rules. CA models offer an efficient
way to model large quantities of interactions, with dynamical properties, at very
low cost. However, it is not enough to model complex interaction patterns, espe-
cially heterogeneous interactions in multicellular organisms. For example, cells in
a multicellular organism interact through chemical signals. Chemical signals can
pass through channels that exist between contacting cells or diffuse through the sur-
rounding environment of cells. These two types of interactions happen in different
distance scales, which pose difficulty in setting the lattice size of a Cellular Au-
tomata. Too large a lattice size would fail to model the contact-dependent chemical
exchanges. Too small a lattice size would require the neighborhood to cover too
many lattice sites, destroying the efficiency of the implementation of the CA model.

We note that CA models have served as the basis of many simulations for mul-
ticellular organisms [30,31,44,84,89,93,95,110]. These models avoid the limitation
of CA by modeling only homogeneous interactions. However, for a more realistic

simulation, we need a more flexible interaction paradigm.
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Agent-Based Model Recently, “cell-centered” simulation [84] has been proposed
to unravel how unicellular behaviors drive the processes of multicellular organisms.
The name suggests that this is an approach that models individual cells as building
blocks in simulating a multicellular organism. Biologists also call their methods
agent-based approaches [20,65, 80].

Current agent-based multicellular simulations employ “pure” conceptual models
(i.e. models that represent abstract subjects but cannot be directly linked to physical
facts) to capture cell behaviors. For example, [80] provides an agent model for a
tumor cell. In their model, a virtual cell has the ability to gauge the nutrient level
globally and locally. Although pure conceptual models can provide some hints for
understanding underlying mechanism, it would be more helpful if a model could be
linked back to real biological facts or phenomena. As such, we need an agent-based
model that is both efficient and meaningful in order to obtain realistic multicellular

simulations.

6.2 Model

This section details the model used for simulating the aggregation process of Dic-
tyostelium. In brief, the whole Dictyostelium population is viewed as a Complex
Adaptive System (CAS) and mapped to our multi-agent simulation platform. The
unicellular behavior is mapped to the individual model (short-term model and long-

term model), and the cAMP propagation process is mapped to the interaction model.

6.2.1 Individual Model

As pointed out in the previous section, the cAMP signal plays the central role in
the aggregation process of a Dictyostelium population. Accordingly, our individual
model focuses on the unicellular behavior related to the cAMP signal. Inside a
Dictyostelium cell, the biological processes that are involved in cAMP can be divided
into three categories: signal relay, cellular locomotion, and gene expression changes.
Of these, signal relay and cellular locomotion are operated by a “protein machine”

[3] in cells’ cytoplasm and membrane, and can be considered as the short-term
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regulation behavior. Gene expression is controlled by DNA but affected by the
experience of a cell, so it can be considered as long-term memory-based behavior.
As such, we model these behaviors using the short-term adaptivity and long-term

adaptivity templates, respectively.

Short-Term Adaptivity Tier Inside a Dictyostelium cell, responses to the cAMP
signal can be classified into five processes: metabolism of PIP3 [56], actin activi-
ties [50], cAMP synthesis regulation, secretion [28], and gene activation [15]. Of
these, gene activation is related to signal propagation and gene expression, both of
which are modeled in the following sections. Rest of them is related to cAMP signal
relay and cell locomotion. According to [79], which provides a modularized view on
these processes, we pick up the relevant ones and simplified them into four modules,

shown in Figure 6.1.
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Figure 6.1: Cellular Responses to cAMP Signal (see our paper [49])

Cellular responses are mainly mediated by intracellular proteins, which serve as
enzymes or messengers in the chain of biochemical reactions. In Figure 6.1, vertices
denote different types of proteins and arrows denote the directions of biochemical
reactions.

We built the short-term adaptivity model through transforming the physical
processes into modeling modules described in Chapter 4. As noted, the process of

cAMP synthesis regulation [111] is explicitly a negative feedback process. Moreover,
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the process of Inositol Lipids [55] can also be reduced to a negative feedback module,
although there is not explicitly a feedback cycle. We represent them as R1 and R2
respectively. In addition, we transform cAMP secretion and actin activity [137]
to switch modules as S1 and S2. The result is shown in Figure 6.2. The input
of the short-term adaptivity model is a cAMP signal, which is obtained from the
interaction model. The outputs include the cAMP secretion level and actin activity

level, used for generating new cAMP signals and cell movement action respectively.

R2

ACA cAMP synthesis/secretion

cAMP

—,—-:Q:—;- Movement

R1 S2

Figure 6.2: Short-Term Adaptivity Model for Dictyostelium Cell (see our paper [49])

Long-Term Adaptivity Tier We have used short-term adaptivity to model cel-
lular behaviors from the viewpoint of a “protein machine”, which represents activi-
ties driven by proteins in cellular cytoplasm and membranes. We will use long-term
adaptivity to model activities in gene expressions, which change the “protein ma-
chine” and are driven by the activities of DNA and RNA.

In the aggregation of Dictyostelium, both cAMP signal relay and cellular locomo-
tion rely on cAR1 [34,125], a membrane protein serving as a receptor of extracellular
cAMP. As shown in Figure 6.1, both activities start from the binding of cAR1 to
cAMP, and thus the level of cAR1 determines the strengths of these two activities.
According to [77,120], the gene expression level of cAR1 is also changed by extracel-
lular cAMP, in two different ways: 1) low extracellular cAMP concentrations induce

the up-regulation promoter to cAR1 mRNA, and improve the cAR1 level, 2) high
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extracellular cAMP concentrations induce the down-regulation promoter to cAR1
mRNA and reduce the cARI1 level. Compared with signal relay and locomotion, the
transcription of cAR1 mRNA takes much longer and depends on the accumulation
of temporary promoters’ effects. It is similar to a memory process and can thus be
modeled using long-term adaptivity. From the discussion in Chapter 4, we can map
extracellular cAMP signals as events and their history in a memory module; the
gene regulation process can be represented by an inference process, which involves
the activities of two promoters and cAR1 mRNA. The input of the inference process
is induced from the memory module and the output is directed to the short-term
adaptivity module R1 (Figure 6.2), in which the forward channel parameter k1 is
changed along the different cAMP affinity level due to the different cAR1 expression

level. As a result, Figure 6.3 shows the long-term model.

promoter1i
promoter2
O cAR1 mRNA

rrr Tt Short term model
cAMP signal events

Figure 6.3: Long-Term Adaptivity Model for Dictyostelium Cell

6.2.2 Interaction Model

In the aggregation process, a Dictyostelium cell can be both sender and receiver of
the cAMP signal. This is a typical case of autocrine signaling. From the discussion in

Chapter 5, we know that autocrine signaling can be modeled using Distance-Based
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Message Passing (DBMP), in which a signaling process is mapped to a message
broadcasting process. To accomplish this, two functions should be provided to

calculate signal range and strength. They are derived as following:

Range As many extracellular signals, the propagation of the cAMP signal is ac-
tually a diffusion process [33], which can be described by a diffusion coefficient (D).
According to Fick’s law [128], diffusion length can be estimated as:

Li=V4*Dxt (6.1)

In phase I of DBMP, we use Equation 6.1 to calculate the range of a message.
Here t denotes time elapsed since the start of the signal; D is the diffusion coefficient

of cAMP, which has been measured by Dworkin as 4.44 x 107%cm?/s.

Strength The strength of a cAMP signal can be viewed as cAMP concentration.
It can also be derived from the diffusion process. In general, given the distance
between the source and destination, elapsed time and concentration at source point,

the concentration at destination point can be represented as:

n(z,t) =n(0) xerfc (4+D/t> (6.2)

Here z is the distance between source and destination, representing the locations
of sender and receiver agents respectively. n(0) is the original strength of the mes-
sage set by sender agent (concentration at source point) and n(x,t) is the strength
on the receiver side (concentration at destination point). erfc() is a standard com-

plementary error function. The calculation of message strength is used in phase II

of DBMP.

6.3 Results and Analysis

Using the model described above, we performed a simulation for the full aggregation
process of Dictyostelium. To validate our experimental results, we compared them

with real biological experiments and others’ simulation results.
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6.3.1 Comparisons with Biological Experiments

In this section, we collected our simulation results and compared them with bio-
logical results in [11,63,71]. In their experiments, the researcher used darkfield
microscopy [63], in which only activated cells are highlighted. In order to make
comparisons with biological experiments, we also highlighted cell agents according
to their activities, which are evaluated by the strengths of the cAMP signal they are
firing. These results are shown in Figures 6.4-6.7. We note that work and results in
this field typically rely on pictorial comparison. As such, we will utilize this type of

comparison between our results and those from real biological experiments.

(a) (b)

Figure 6.4: Self-Rising Stage: (a) Biological Experiment [11] (reprinted with per-

mission from Taylor and Francis) (b) Our Simulation Result

Self-rising stage Figure 6.1 shows the self-rising stage in the aggregation pro-
cess. We can see the crescent-shaped segments in both biological experiment and
simulation. As observed by Lee [71], there are random, spontaneously firing cells
in the beginning stage of aggregation. They are induced by a Prestarvation Factor
(PSF) [18,99] and send out cAMP signals without stimulation. These firing cells
will not develop into the centers of wave patterns. Instead, crescent-shaped seg-
ments will self-rise gradually, and their rotations finally lead to wave centers. In

our simulation, we mimic the spontaneously firing cells by setting the random firing
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agents, which sends messages without stimulation. And we observed, the self-rising

segments are similar to those in the real biological experiment.

(a) (b)

Figure 6.5: Spiral/Circular Wave Pattern Stage: (a) Biological Experiment [11]

(reprinted with permission from Taylor and Francis) (b) Our Simulation Result

Spiral/circular wave pattern stage Figure 6.5 shows the wave pattern stage
of the aggregation process. We can watch the formation of spiral/circular waves in
both biological experiment and simulation. As described by Jacob [11], cells are
activated periodically by the passing cAMP pulses. The interval between two peaks
is between 5-10 minuets and will decrease gradually. As a result, the wave field will

become denser as the time evolves. We also see this phenomenon in our simulation.

Stream pattern stage Figure 6.6 shows the stream pattern stage of the aggre-
gation process. We can see the formation of streams in both biological experiment
and simulation. According to Steinbock [123], Dictyostelium cells move as long as
the (cAMP signal) gradient is positive. Once a wave field is built up, cells will move
toward the center of the wave as an aggregate result. Gradually, the wave field
pattern is broken and the stream pattern becomes dominant. In our simulation, we

also observe the development of this phenomenon.
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Figure 6.6: Stream Pattern Stage: (a) Biological Experiment [11] (reprinted with

permission from Taylor and Francis) (b) Our Simulation Result

Complete simulation process The complete simulation process is shown in Fig-
ure 6.7. It shows the full developmental process of Dictyostelium aggregation. The
simulation was performed on a machine with a 1.8GHZ P4 CPU and 1 G memory,
with a runtime of 8 hours. The simulation runs for 600 steps, in which one step
represents 20 seconds in the real biological phenomenon. Thus the total simulated
time is around 3-4 hours, close to the aggregation time [63]. We mimic 8 x 10?
agents across a 2mm? area, so the cell density is 4 x 10%/cm?, similar to the density
2.18 x 10%/cm? mentioned in [71]. In the end, a total 6 groups are formed and the
average size is 12000 (cells), falling into the range (10,000-100,000 [63]) of a regular

Dictyostelium aggregation group.

6.3.2 Comparisons with Other Simulations

As a model organism, Dictyostelium has attracted much attention from both biolo-
gists and modelers. As such, it gives us enough literature as the basis to collect data
and make comparisons. This is one of major reasons why we choose it as our simu-
lation target. In previous sections, we compared the results between our simulation
and real biological experiments. In this section, we examine the results provided by

other simulations, from the continuum model, the cellular automata model, and the
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Complete Simulation Process

Figure 6.7
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agent-based model.

Compared with Continuum Model As mentioned previously, the continuum
model is based on the equations describing systemic dynamics. For the aggregation
process of Dictyostelium, Erban [36] has derived a set of chemotaxis macroscopic
equations based on microscopic cell behaviors. He applied these equations in his

simulation and obtained the following results (Figure 6.8):

t=0 min mm t=50 min

= -2 0 2 4 mm % 2 0 2 4 mm

=200 min

Figure 6.8: Simulation Results from Erban [36] (reprinted with permission from

Springer)

Obviously, the simulation results do not show pattern formation although they
agree with the numerical measurements of the real aggregation process. As we
discussed, continuum model lacks this capability because it ignores the modeling of
individuals and local interactions. The goal of CAS research is to understand the
mechanism behind the self-organization (pattern formation). The continuum model

cannot satisfy this purpose because of its inherent characteristics.

Compared with Cellular Automata Model Cellular Automata (CA) models
provide a way to model local interactions. In [110], Savill provides a CA model
for Dictyostelium. In this model, each cell is represented by a group of connected

automata, and interactions between cells are modeled using a set of simple rules.
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His results are shown as follows (Figure 6.9):

Figure 6.9: Simulation Results from Savill [110] (reprinted with permission from

Springer)

As we have said in previous discussions, CA models employ a unified grid and
thus have limited spatial accuracies and multiscale modeling abilities. In the above
case, Savill used a 300 x 300 grid, which determines the spatial accuracy for this
model. In addition, his model can only capture “small scale processes” of cell-cell

interactions, which is another deficiency of the CA model.

Comparison with Other Agent-Based Model Palsson [94] provides an agent-
based model for the aggregation process of Dictyostelium. Although he did not use
the term “agent”, he implicitly expresses this meaning by modeling cells individually
and independently from the grid used for space-related calculation. In the model,
he employs a grid used for estimating cAMP signal strength. Instead of calculating
cAMP strength on each grid point, he uses interpolation to obtain the strength on
each cell’s location. As such, the spatial accuracy is not limited by the grid. His
results show the formation process of the stream pattern and are given as Figure
6.10:

The major problem in Palsson’s model is the employment of “pacemaker cells”

(cells labeled with “red” color in Figure 6.10). In the simulation, pacemaker cells
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Figure 6.10: Simulation Results from Palsson [94] (reprinted with permission from

National Academy of Sciences, U.S.A.)

emit cAMP signals periodically and other cells aggregate toward these preset pace-
makers. As we emphasized, self-organization is labeled with “no outside organizer”.
The usage of pacemakers simply violates this basic rule. It is worth noting that biol-
ogists have also indicated that aggregation is not the result of a spontaneously firing
center, but “waves themselves originate in the instabilities of finite wave segments
and apparently entrain the firing centers” [71]; further “there was no experimental
basis for this hypothesis at the time, and indeed the pacemaker cells could not be

found” [112].

6.4 Summary

In this chapter, we demonstrate a biological application of our simulation frame-
work. We present the modeling process and the simulation results. We employ the

templates proposed in previous chapters to abstract information from biology litera-
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ture, transferring them into our individual and interaction models. Compared with
other simulations [36,94,110], our results are very much inline with the real biology
experiments in capturing the pattern formation process. This provides strong vali-
dation of the effectiveness of our framework and model. Moreover, our agent model
is very performance efficient, allowing the capability of employing a large number of
cell agents. In our simulation, the number of simulated cells is set to 80,000, falling
in the range (10,000-100,000) of a regular Dictyostelium aggregation group, while
2,500 cells are simulated in [94].



Chapter 7

Conclusion

Motivated by the challenges in simulating Complex Adaptive Systems (CASs), we
have, in this dissertation, proposed a modeling framework and simulation platform,
dealing with a number of important criteria in CASs, including self-organization,
emergence, adaptivity, and others. CASs are prevalent problems throughout the
sciences and engineering, and our research goal was to provide a general-purpose
framework that can be employed across different problem domains. With regard to
this goal, the contributions are summarized and future directions are noted in the

following paragraphs.

Contribution in Theory Our CAS theory is built around the concept called
“self-organization.” We pointed out that it is the key to explaining self-raised col-
lective order, rather than measuring numerical metrics. Our primary theory is that
self-organization is a collective order and that it stems from individuals’ adaptivity
and local interactions. The interplay between the collective orders and individual
activities leads to an evolutionary pattern (order) formation.

In modeling behaviors of individual entities, we argued adaptivity is a com-
mon feature and the same modeling templates can be used across different problem
domains. We proposed a two-tier adaptivity model for this purpose: short-term
adaptivity and long-term adaptivity. We explained why it is effective to model this
way, through an analysis of relationship between individual behaviors and collec-

tive orders. We defined and elaborated the corresponding modeling templates that

101
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enable the model to have a general basis.

In modeling interactions between individual entities, we pointed out that it is
important to model quantitative properties, such as the range and time course of
an interaction. We treated an interaction process as an information-exchanging
process and mapped it to message passing in computer simulation. We discussed a
novel message passing template, named Distance-Based Message Passing (DBMS)

49,105, 106], to model dynamical properties of interaction processes.

Contribution in Tools/Application Based on our modeling framework, we
have designed and implemented a simulation platform. We utilized Multi-Agent
System (MAS) as the computing paradigm, in which we employ an object-based
agent instead of traditional thread-based agent to accommodate large-scale simula-
tions. In the platform, an individual model is built into an agent and an interaction
model is built into the message broker and AgentSpace, a new component that is
used to model inter-agent relationship. The plug-n-play structure of our platform
makes it a flexible simulating environment for different problem domains.

To validate our modeling framework and simulation platform, we chose a bio-
logical process (Dictyostelium aggregation) as our modeling/simulation target. In
this process, we demonstrated how we built an individual model and an interac-
tion model using information provided by biological research. Compared with other
simulations, our results are very much in-line with the real biology experiments, val-
idating the effectiveness of our modeling framework and the efficiency of simulation
framework.

In brief, this dissertation has made contributions, both theoretical and practical,
to the field of CAS simulations, which in our opinion have the potential to have
significant impact on the future of multiple disciplinary research domains. Yet there

is still much that needs to and can be done to improve the simulation platform.

Future Directions Further evaluation of our modeling/simulation framework will
require additional work in several areas. One of the most interesting directions is
the exploration of applications outside of biology, such as simulations for sociology.

In addition, we also plan to enhance the automation of the modeling/simulation
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process. This includes two aspects. First, we want to define an agent language for
use in describing model configuration and parameter setting. This task requires an
additional software package that serves as parser and class factory to construct a sim-
ulation. Second, we want to explore data mining technologies for use in potentially
automating some components of modeling processes, such as obtaining biological
parameters from a large set of microarray data. A number of the remaining work
items are computing-related issues of interpretation, construction, and experimen-
tation with our major methodology. These are important in transferring the general
research methods to specific practice areas. We hope, in the future, our methodology
will be helpful in sharing our insights in the study of Complex Adaptive Systems

(CASs), leading to significant impact across many different research areas.
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