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FOREWORD

We are pleased to publish the proceedings of the Agent 2004 conference, co-sponsored
by Argonne National Laboratory and The University of Chicago. This proceedings is the fifth in
a series; each of the documents in this series provides awindow into the rapidly advancing
subfield of social agent simulation.

The Agent 2004 conference, like previous Agent conferences, was organized around
three topical areas. (1) methods, toolkits, and techniques; (2) computational social theory; and
(3) simulation applications. The first theme emphasizes the way in which substantive socia
science modeling and computational modeling must co-evolve in order to progress. The second
stresses the theoretical and conceptual advances that, given computational breakthroughs, can be
explored and assessed. The third theme focuses on the fact that in order for these advances to
ultimately contribute to society, they must support the understanding of application domains or
the assessment of policy alternatives. These three topical areas, which summarize recurring
priorities within this emergent subfield, are now also Specia Interest Groups within the North
American Association for Computational Social and Organizational Science (NAACSOS), the
professional organization with which Agent 2004 staff coordinated.

One way to assess the progression of the subfield isto consider the diversity of topics and
application areas it covers. At Agent 2004, methodological topics included generative models,
ontological design, life-cycle methods, data farming, and GIS. Theoretical topics included
balance theory, intimate interaction, prototype inference and microinteraction, ethnic preferences
and segregation, technological trajectories, and threshold models of collective behavior.
Application areas included archeology, land use, logistics, supply networks, national security,
open-source software development, and the prospects for a hydrogen transportation
infrastructure. While none of the lists are exhaustive, each is sufficient to show that as the
subfield of computational social science addresses new domains, novel insights into the
modeling process are gained, and vice versa

We hope you enjoy the richness of the proceedings as much as we benefited from the
depth of the conference. We also hope that the work reported here inspires you to undertake
original investigations, the results of which can be shared with our research community at future
Agent conferences.

Charles Macal, Director
Michael North, Deputy Director
David Sallach, Associate Director

Center for Complex Adaptive Agent Systems Simulation (CAS?)
Decision and Information Sciences Division
Argonne National Laboratory
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WELCOME

T. WOLSKO, Argonne National Laboratory

I’d like to welcome you to the Agent 2004 conference. As most of you are aware, this
conference is the fifth in a series of meetings that began in 1999. A conference followed the next
year in 2000. The 2001 conference was skipped because of some conflicts with other
conferences, and the conferences have proceeded annually since then. We have the proceedings
of the previous conferences available here on CDs. One CD has the proceedings from 1999,
2000, and 2002; the other contains last year’s proceedings.

The purpose of these conferences is to advance the state of the computational social
sciences and to integrate the social sciences with the decision sciences and something that is
traditionally known as the management sciences. Those of you in the operations/research area
are familiar with the traditional school of modeling simulation that emerged from that scientific
area. This conference will bring together a different group of people to talk about the topic of
agent-based theories and simulations.

This fifth agent conference is one of a group of conferences held annually around the
country. Most of you are probably aware of the CASOS Conference held at Carnegie Mellon
University, usually in July. UCLA holds the Arrowhead Conference, generally around May. The
University of Michigan is now holding a conference as well. Of course everyone is aware of
SwarmFest, which has been held annually for about a decade. The Swarm seems to “swarm” in
different locations each year.

As you're well aware, this conference is organized into a three-day program. Thisis the
first time we' ve used three days for the full conference setting. Last year, we held simultaneous
sessions, and that didn't work well for most of those who attended. We had complaints from
people who missed sessions and papers because of scheduling, so we decided to extend this
year’s conference by one day. As aresult, we now have a program designed to present the papers
in aseria sequence rather than in a parallel manner.

Today, we'll focus on toolkits. Tomorrow we'll look at computational social theory, and
Saturday is application day. We' Il talk about how we're taking some of the theories and toolkits
to look at real-world problems in order to understand how our very complex world works and
maybe even to predict how it might work in the future.

In addition to the content of the papers themselves, one of the more important things
about this conference is the discussion that is inspired by these papers. | invite you to ask
penetrating questions, offer insightful comments, share your experiences with toolkits or your
ideas on theories, and help to create an atmosphere that will help this field move along and grow.
It'safairly new science — it isjust emerging — but it seems to have been gaining momentum in
the last couple of years. This is a conference to get your energy going and perhaps foster your
creativity. With that, | welcome you to Agent 2004; have a great time at the conference.
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Standardizing an Agent Life-cycle Model

Agent 2004
October 7, 2004
Roger Burkhart

Deere & Company
burkhartrogerm@johndeere.com

JoHN DEERE

Summary of Talk

This talk explored a range of topics that could
contribute to standardized approaches for modeling
agent systems. A basic theme was that agent
systems need to piggyback on more general
framew orks for both modeling and execution.
Multi-level systems engineering is a particular field
of industrial application that shares many needs for
modeling complex systems. Agent systems,
however, can be made more expressive by building
a process of internal development into the
individual life cycle of each agent. Each such agent
would include within it an architecture of building
blocks and internal structure, using the same
concepts that could be shared with many other
domains.

Standardizing an Agent Life-cycle Model Agent 2004 Oct. 7, 2004 -2-

State of agent-based modeling

* Future of agent-based modeling is assured

- Major progress in acceptance as mainstream technique
in diverse scientific disciplines

- Becoming recognized as an essential method to
explore and understand behavior in complex systems

- Frameworks to implement real-time agent systems
much less mature
* Remaining challenges

- Broaden familiarity and reliance as atool of
understanding

- Engineering artificial agent systems that can deployed

and scaled as working parts of real-time computing
networks

Standardizing an Agent Life-cycle Model Agent 2004 Oct. 7,2004 -3-

Engineering use of agent models

Customer Mission Simulation

r\o

Wehicle Simulation & ] H

Wehicle Simulation

Vehicle Simulation

Standardizing an Apent Life-cycle Model Agent 2004 Oct. 7, 2004 -4-

Multi-level Systems Engineering

» Simulation-based design and optimization of
working elements based on field scenarios

» Analysis for robustness, efficiency, adaptability,
reusability, ...
» Hierarchically nested based on level of interest
- External customer processes
- Products and missions
- Design & internal operations
* MNultiple scales in time & space
- Design time
- “Inventory” of available resources and capabilities
- Reconfiguration & deployment
- Real-time operation

Standardizing an Agent Life-cycle Model Agent 2004 Oct.7,2004 -6-

ABM applications

+ Theoretical analysis & understanding of complex
systems

» Training & “flight simulators”

+ Business applications

- Organization behavior / business process modeling /
E-commerce & B2B collaboration

- Real-time optimization and response
* Logistics & scheduling
* Autonomic maintenance and confrol
* Supply chain management

- Networks & computing infrastructure

Standardizing an Agent Life-cycle Model Agent 2004 Oct.7, 2004 -6-




Roles of computing in organizations

= Collaboration
» Automation
= Analysis

= Hybrids of human and computer capability

Standardizing an Agent Life-cycle Model Agent 2004 Oct. 7, 2004 -7-

Stretching the range of modeling

= Integrate databases, programming, and complex
systems modeling

* Feeding real-world data and integrating external
program logic is a key part of many agent system
models

= Real{ime operation and scaling in size and time
is key to many practical uses

» Need to broaden investment and use of modeling
tools beyond those the CAS research community
can do on its own

Standardizing an Agent Life-cycle Model Agent 2004 Oct. 7, 2004 -5-

Trends in modeling

* Growing move to “model-driven development” to
abstract the function and content of systems
from the machinery of programming

+ Deployment and sharing of function and content
across ever-wider scales

- Web services tuming the netinto areal4ime agent
platform

- REST vs.RPC debate raising issue of explicit
representation and identity vs. opaque operations
* Move towards formal logic to define content and
provide neutral language for system description
- Semantic web and web vocabularies/ontologies
- Fully axiomatized ontologies

Standardizing an Agent Life-cycle Model Agent 2004 Oct. 7, 2004 -11-
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Working roles of models

Collaboration using shared accessto complex models

+ Capture and communication of static content to be stored,
exchanged, and interpreted semantically

+ Query, reduction, and inference to analyze or predict system
characteristics or actual history

* Simulation to generate representative forms of system
behavior and test conditions that produce them

+ Model-based systems in which an endogenous model helps
control alarger physical or organizational system

+ Agents utilizing endogenous models in their local contexts to

predict and adapt to their environment, including each other

Understanding (and augmenting or extending) cognition and
intelligence

Oct. 7, 2004 -6-

Potential roles of standardization

+ Co-existence of agent models in alarger world of

modeling, programming, and applications

* Accelerate the growth and use of agent-based

models by piggybacking on larger trends

+ Provide standardized concepts, reusable patterns

and structures, and working platforms for agent
systems

« Link agent models to commercial and applied

roles that can drive development and support for
robust, industrial-grade platforms

Standardizing an Agent Life-cycle Model Agent 2004 Cct 7,2004 10~

Process Specification Language

Sample definitions of PSL-Core:
{occurrence_of Pocc 7a)
(=7t (beginof 2x))

the activity denoted by the term (paintHouse | Paintcan)isan
instance of the class of Painting activities
(Painting {(paint House1 Paintcant))

There may be multiple distinct occurrences of this instance
occurrence_of Ocel (paint House 1 Paintcan 1))
occurrence_of Occ? (paint House 1 Paintcan 1))
(beginof Occ1) 1100)

(endof Occl) 1200)

(beginof COcc2) 1500)

i

(
(
(
(
§
(= (endof Occ2) 1800)

vy nist. gov/psl

Standardizing an Agent Lie-cydle Model Agent 2004 Cet 7,2004 -12-




Use of models in development

* Use of Unified Modeling Language (UML) to provide various
views of a system across its development life-cycle
- Object Management Group (OMG) initiative for Model-Driven
Architecture (MDA)
- Integration of UML into vendor life-cycle development tools,
including Microsoft Visual Studio Team Edition
* Fragmenting of programming into plug-in procedures
within larger, language-neutral environments

* Generative and transformation methods to generate code
from models, either generic or domain-specific

Model-driven approaches are key to targeting new
generations of distributed and parallel execution platforms

Standardizing an Agent Life-cycle Model Agent 2004 Oct. 7,2004 -13-

OMG Query/Views/Transformations

+ Transformation of “metamodels” using declarative,
pattern-based rules

* Like XML transformations but on abstract metamodels
including UML-derived metaobject structures

« Transformation of system models from platform-
independent to platform-dependent forms, to implement in
different target environments

Key element of Model-Driven Architecture (MDA) initiative
- Models and model transformations instead of program code

Standardizing an Agent Life-cycle Model Agent 2004 Oct. 7,2004 -14-

Model-to-Model Transformation

&7 & \ Transformation ; !
/ 5 = /T
| o TR T
‘ ] [ \ ,
b . ) v
S AR S5 RN
= - S
Domain
Platform-specific
Standardizing an Agent Life-cycle Model Agent 2004 Oct. 7,2004 -15-

Generative Frameworks

* Czarnecki & Eisenecker, Generative Software
Frameworks: Methods, Tools, and Applications,
Addison Wesley 2000

- Feature analysis by “domain”
- Component selection & configuration

- Code-generation frameworks to deal with
complex & cross-cutting concerns

Standardizing an Agent Life-cycle Model Agent 2004 QOct. 7,2004 -16-

UML 2.0 Composite Structure Example

Avctitecture Diagram active class SateliteControlSystem {36}

pc : PowerController ac : AttitudeController
Sensi
BusPort

I
[rctuatorPort [ActuatorPort orPort [SensorPort|
BusPort

DataPort
db : DataBus
—DataPort

cc : Ci icatic ontroller
UserEquipmentPort

UserEquiprmentPoft

Standardizing an Agent Life-cycle Model Agent 2004 Oct. 7,2004 -17 -

UML for Systems Engineering

« Joint initiative of International Council on
Systems Engineering (INCOSE) and OMG
Systems Engineering special-interest group

* Provide computer-interpretable representation of
products throughout their development lifecycle

- “Product” = “Engineered System”
- Facilitate communication/collaboration
= across engineering disciplines
= across development tasks and responsibilities
« Support systems engineering processes

Standardizing an Agent Life-cycle Model Agent 2004 QOct. 7,2004 -18-




Systems Engineering Processes

« Requirements capture, allocation, traceability
+ Conceptual design synthesis

+ Optimization and tradeoff analysis

Virtual validation and verification

Integration of specialized disciplines

Transition to downstream processes
- Detailed design definition
- Manufacturing & lifetime support

Standardizing an Agent Life-cycle Model Agent 2004 Oct. 7,2004 -19-
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SysML Partners

+ Informal partnership of modeling tool users,
vendors, etc.

- organized in May 2003 to respond to UML for Systems
Engineering RFP

+ Charter

- The SysML Partners are collaborating to define a
modeling language for systems engineering
applications, called Systems Modeling Language™
(SysML™). SysML will customize the Unified Modeling
Language (UML) to support the specification, analysis,
design, verification and validation of complex systems
that may include hardware, software, data, personnel,
procedures, and facilities.

Standardizing an Agent Life-cycle Model Agent 2004 Oct. 7,2004 -21-

SysML Assemblies

+ Built on UML 2 Composite Structure Diagrams originally
defined for specification of real-time software components

«assembly» stereotype provides a common root for user-
defined or domain-specific hierarchies of system
component types

- Hardware
- Software
- Data
- Procedure
- Facility
- Person
« Assemblies provide the backbone of the “system

hierarchy” or “system of systems” architecture which
drives the systems engineering process

Standardizing an Agent Life-cycle Model Agent 2004 Oct.7,2004 -23-
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Systems Engineering Life Cycle

<3
| derive
(i)

Requirement

»I

Functional Nonfunctional
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From Product Structure to
Product Architecture

+ Beyond a simple tree of parts or bill of material
Relations between parts that integrate them into a
functioning whole
Capture all the enabling elements of a “system”
+ Many additional kinds of specification and
knowledge to be managed at the level of a system
- Interfaces
- Functions
- Modes
- Patterns
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Operational Context
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Product Structure Tree
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Structure Modeling Foundation

« Assemblies are UML structured classes

- Classes extended with an ability to hold
ports, parts, and internal connectors

= “Assembly” captures a module at any
level inthe system hierarchy.

- Can represent external systems, a system
of interest, logical, physical, hardware,
software, etc.

- Assemblies provide both black-box view
{without internal structure) and white-box
view (showing internal parts and connectors)

Standardizing an Agent Life-cycls Mods! Agent 2004 Oct. 7,2004 - 26-

Parts, Ports, Connectors

« Parts are properties that are enclosed by
assemblies and typed by classes

- “Part” is defined as intemal to assembly vs. ordinary
properties that reference other systemsiobjects

Ports are parts that provide interaction points

- notationally represented as a rectangle on the boundary
of a part (same as UML 2, but with option to show name
inside)

.

+ Connectors bind one part to another
- can connect parts with or without ports

- typed by associations
- structural features of the enclosing class

Standardizing an Agent Lifecycle Model Agent 2004 Oct. 7, 2004 -27-

Assembly Diagram - Example
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White vs. Black Box Views
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Concepts of Structure

.

SysML “Assembly” defines abstractions
of pure structure

- Fundamental abstractions of whole-part
dependence, roles, and connections

- Reuse of standard components inlarger whole
= Builds en class modeling foundations

- Patterns and multiplicity of part occurrences
- Built-in support for constraints and rules

Standardizing an Agent Life-cycle Mode! Agent 2004 Oct. 7,2004 30~
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Selected Class of Application Modelica Diagram Examp'es

« Engineering block diagram models with hybrid

00}
continuous/discrete behavior i oy 30 mechanics ol ——
- Widely used with commercial tools across many %‘i“@ P‘EC;’—"‘ -
engineering disciplines (Matlab/Simulink, LabView, etc.) w £ !F:ié EH LA
- Examples can highlight added expressibility of SysML I S e, a R
= Structural variation 8 ol E';

= Specialization/generalization
LT
- Includes full detail for simulation/execution
» Tangible verification with completeness check
= Export to many other tools and mathematical solvers

Standardizing an Agent Life-cycie Mode! Agent 2004 Oct. 7,2004 -31-

Standardizing an Agent Life-cycle Mode! Agent 2004 Oct. 7,2004 -32-

Modelica Language Ptolemy Il System

* Free package from U.C. Berkeley EECS Department
+ Support for multiple “Models of Computation”

+ Built on generic abstract syntax for “actor-oriented design™
with hierarchical actors, ports, channels
XY Plotter
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System structure models for agents

“Systems thinking” is a hallmark of both agent systems and
“system of systems” engineering

Properties and functions at emergent levels is a persistent,
common theme

- Manynew engineering applications are increasingly recognized
as complex adaptive systems

- Optimization criteria force attention to global vs. local levels
Binding of components into system rolesis a fundamental

abstraction for a “chemistry of composition” by which larger
scale systems (including multidevel agents) are built

- Original goals for Swarm
- Architecture for large-scale reuse

- Agentlife-cycle model for building the structure of an agent
{andits behavior) overits lifetime
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Assembly Diagram
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Original Swarm Structure

A swarm is:
+ A collection of objects
* A schedule of actions over those agents

Standardizing an Agent Life-cycle Medel Agert 2004 Oct. 7, 2004 41~
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Machine Structure Example

Braitenberg Vehick 22
(from Vahicles: Experiments in Synthetic Psychology, Valenting Braitenberg, 1534)
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Swarm design goals

* Conceptual framework for agent models

Programming support for building agent
simulations

« Experimenter support for running simulations

* Nucleus for a community of agent modelers

Standardizing an Agent Life-cycle kodel Agent 2004 Oct 7,204 -40-

Hierarchical and Reflective Swarms
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Swarm conceptual framework

+ Agents as objects

* Agent behavior driven by schedules against
objects (discrete-event actions)

+ Composing behavior by mixing and merging
multiple schedules with randomization and partial
orders

+ Swarms (collections of objects and activity) to
express emergent levels

Standardizing an Agent Life-cycle hodel Agent 2004 Oct. 7, 2004 -43-

Self-constructing swarms

+ Starting from an initial, minimal structure and
internal schema, let the swarm itself control the
creation of all internal structure and the behavior
it enables

+ Similar to a process of biological development

¢ Initial schema serves as a shared “genetic code”
that enables agents to share blueprints for
component construction and binding, including
transfers across independent lifetimes

Standardizing an Agent Life-cycle Mol Agent 2004 Oct. 7, 2004 -45-

Self-sufficient individuals

Diverse Population:

Schema
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b

a<b

Schema

2
b
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Extension for agent life cycles

A swarm is:
= A collection of objects
= A schedule of actions over those agents

o - A schema that controls the development
and behavior of the swarm over its entire
lifetime

Standardizing an Agent Le-cycle Model Agent 2004 Oct 7,2004 -d4-

Self-sufficient individuals

Traditional Programs

Schema I:l X
{program instructions) ;nr:?e':;':;
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Explicit schema for cultural recombination

o
Y

Standardizing an Agent Lie-cycle Model Agent 2004 Oct, 7,2004 -48-




Tree-structured substrate
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Internal behavior nodes

!

<5
}l Actions
A
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Types of schema declarations

- Elaboration of node types that may appear
- Restriction of behavior to external orinternal access
- Immutability of structure once built

- Representation of complex state using attributes and
relationships {including entire additional networks of
internal references)

- Generation of distributed and concurrent behavior using the
activity model of Swarm

- Selective erasure of memory

- Cessation of activity on entry to final state

Standardizing an Agent Life-cycle Wedel Agert 2004 Oct. 7,2004 -52-
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Type tagging (markup) of all nodes

Mode Types
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High-level design

Virtual structure built out of abstract objects (abstract
graph with two directed arc types: node owner and node
type)

¢+ Fully connected structure that can grow aslarge or small
as necessary to hold the complexity of diverse individuals

+ Growth and behavior over the lifetime of the structure
controlled by intemal parts of the same structure, as
enforced by a hidden virtual machine

+ Definitions that control behavior published in an externally
accessible form to extract, analyze, take apart, and put back
together from existing individuals to any other

Standardizing an Agent Le-cycle Model Agent 2004 Oct 7,204 -52-

Logical aspects of the schema

+ Internal procedures on an explicit representation of "self' reduces
the formulas of predicate logic te an easily understood
operational form on an extremely well-defined and tractable
uhiverse

+ The domain ofthese logical assertions is the finite history ofthe
individual as it has developed to its current state, all of which is
connected and accessible from asinglerootnode

«  All externally relevant features of the envirenment (including ether
individuals) must be represented by structures within selfthat
capture only their potential significance or accessibility relative to
self

+ "Self"is ultimately all that cognitive processing can apprehend;
all else is by implication from what appears in its behavior traces
(operational assumption)

Logic is processing that reviews the contents of real or generated
behavior traces
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From a schema-driven structure
to a constraint-based programming
framework

» Explicit representation of behavior and execution
history enables purely declarative approach to
actions and their results

+ Constraints can be represented as role-binding
structures using the same compositional syntax
as the structures they constrain

¢+ Library of functions can provide a complete
functional programming framework

+ A starting point for “creative exploration” of
progamming concepts and primitives as in the
Mozart/Oz kernel-language approach

Standardizing an Agent Life-cycle hodel Agert 2004 Ot 7, 2004 -55-

Functional programming example

Standard tutorial example, in Oz syntax

declare
fun {Fact N}

if N==0 then 1 elss N*{Fact N-1} end
end

Standardizing an Agent Lifecycle kodel Agert 2004 Ot 7, 2004 -57-

White-box view of function

Factorial

ol Integer =0 s2:F

s
Resit Integer
-
H o |
|
‘
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SysML constraint example

par: Firing Range

gl u R1: Hewton's Law
|
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Black-box view of function

Factorial

N: Integer Result Integer

Standardizing an Agent Lifecycle Model Agent 2004 Oct 7,2004 -58-

Conclusions

+ Abstract role-binding structures can serve as
kerneldevel representati on for declarative
programs

- For now, this can serve as an important validation of
the role-binding abstract syntax, to assure it provides a
sufficiently general foundation for structure models

« Declarative programs can serve as elements of
an intemal schema for self-constructing swamms

« Alife cycle of schema-driven development
can serve as a general model of agents that
grow, develop, and evolve

Standardizing an Agent Lie-cycle Madel Agent 2004 Oct, 7,2004 60 -
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DISCUSSION:
METHODS, TOOLKITS, AND TECHNIQUES
(Invited Speaker, Thursday, October 7, 2004, 9:15 to 10:15 a.m.)

Chair and Discussant: Kathy Lee Smunich, Argonne National Laboratory

Standardizing an Agent Life-cycle Model

Kathy Lee Simunich: Good morning. I'm Kathy Simunich from Argonne National
Laboratory. | would like to introduce our keynote speaker, Roger Burkhart, who is a technical
staff member at John Deere & Company in Moline, Illinois. He was one of the origina members
of the Swarm team and has been working in agent-based modeling for many years. His keynote
talk istitled, “ Standardizing an Agent Life-cycle Model.” Roger has promised to leave about five
minutes at the end of his presentation for questions and discussion.

Roger Burkhart: | think that toolkit developers are a special breed, so this is a very
self-selected group. We've had very important and productive discussions at each of the
preceding agent conferences, with a pre-conference workshop of agent toolkit developers. So I'm
pleased to see alot of the same people here. | think thisis a good time to look at basic directions
for where we're headed in agent modeling and agent toolkits.

At the agent developers meeting at Agent 2002 in the pre-conference workshop, several
of us speculated whether we were reaching a plateau or local optimum on toolkits. Many of the
toolkits have actually reached a fairly impressive level of maturity. You could argue that some
are getting fairly ‘long in the tooth.” So if we are on some great plane of incremental evolution,
| think it’'s time to puncture that equilibrium and look at some fundamentally new directions we
might go toward.

[Presentation]

Simunich: Roger, | have a question to start off the discussion. Y ou said agent modeling
is mature and that it’s ready to adopt software engineering tools and techniques. Y ou gave good
examples of the trends and directions of the software engineering field, which is my field at
Argonne. | think that this would be a good way to bring agents into the traditional software
engineering field. How do you see agents bringing something in? You're trying to adopt and
adapt to traditional software engineering tools and UML and so on. Is there something in agent
modeling that can enhance traditional software engineering?

Burkhart: Yes, and that’s actually what motivated me. | probably spent more time on
the counter side of the non-agent systems, and so | should give equal time to the agents. Before |
got into Swarm, | wrote a paper saying that | thought that in effect, complex systems simulations
needed to be an important part of our classic information system models because there are too
many complex, messy things that go on that we can't even express or define in our fairly
impoverished, for example, information modeling or even dynamic modeling framework. So
| think agent models and the entire class of systems that we apply them to are important to show
the gaps and fissures than what our classic business models can even talk about.
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| view this very much as a synergy — a way of getting a bigger picture together.
However, in the classic IT [information technology] world, there's enough frustration even
getting basic capabilities in place that doing crazy things they don’t know how to do yet isn't
their most near-term priority.

Simunich: You had a slide on code generation techniques. Can you see smart agents
helping to create and generate the code?

Burkhart: That is an additional application area where there’'s been work, for example,
by Ivar Jacobson, who did the Use-Case framework, and UML has formed a company to look at
agents — sort of assistance agents, not fine-grained agents — that help and do different tasksin a
software development process. They do it automatically for code generation; it's a hard
application domain because there is a lot of creative design, and that’s, | think, where some
generation and transformation logic oversimplifies the creative tasks performed by a good
programmer. On the other hand, there's a lot of routine, repeated coding that probably could be
implemented. Whether it concerns agents or non-agent techniques is one of these questions of
the boundaries between agent problem-solving techniques and more classical, traditional
techniques.

Simunich: Maybe we'll finally get to the point where the computer will do what we
intend, not what we actually said it should.

Burkhart: Right.

Rod Sipe: Rod Sipe, New Science Partners. You and John Deere are justifiably famous
in our little corner of the world for the work you’ve done. In my own humble experiences, once
an executive suite gets a working understanding of the application of complexity science in
genera to their business, it transforms their way of thinking and their sense of what’s possible
and therefore gives them a new vocabulary to express what they might want. How have you seen
that evidenced in John Deere, which has to be one of the longest cases of people having thought
that way?

Burkhart: We' ve had perhaps one of the longest continuous involvements, but | would
not say the deepest in terms of interna applications of agent models because of the reasons that
| went through, which is why I’ve started to switch into these other more visible direct product
applications to raise that visibility. For example, recently, we' ve been making headway talking to
the business people, so our next step is to get ownership by the business people, including some
of these internal operational roles, supply chains, and customer distribution. And so the research
has been very interesting. The crossover into the mainline businessis still in progress.

Claudio Cioffi-Revilla: Roger, much of what you said resonates with many of us,
including those of us that teach graduate courses in computational social science. Jackie Barker
and | will be co-teaching a new course next spring on object-oriented modeling in socia science;
it hinges fundamentally in a very important way on the use of UML in the construction of social
science simulation models.

So while the need for this is acknowledged and felt by many of us, there's a certain
frustration because we have an implementation problem. | wonder whether you have ideas about
how in practice one can disseminate the importance and the use of UML in, for example,
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professional venues such as this one, to encourage its use, and, as | said, you expressed the need.
How in practice is this implemented? Perhaps papers that present and express the UML design of
models should be given dlight preference so that things are equal in the interest of
communication and dissemination of this approach.

Burkhart: 1 think that papers and actual concrete examples that use particular sections
of UML and specific roles are the most productive way to move forward. UML, as we found in
our systems engineering use, really sprawls all over the place, and now that I’ ve been inside the
sausage factory where it gets made, UML till needs a lot of fundamental clean-up and
conceptua clarification. | think UML should be used selectively and judiciously; examples of
how that's actualy been done will be the most effective way to get broader use and
understanding.

Pam Sydelko: My question is more specific to when you're talking about
operationalizing agent models and putting them into systems like this. One of the challenges that
we've had with our customers [like for homeland defense and logistics modeling] — I'm curious
about what your thoughts are on this. A series of events happens, real-time events, and sets off a
simulation. So now we want to know, what will emerge given these sets of things?

Then they [our customers] want to say, “Well, we don’t know a lot of real-time data, but
we'll have little points in time that we might be able to say, ‘Wéll, actually, this is where this
vehicle is” They want to come back in the ssimulation, and they want the entire simulation to
basicaly readjust itself to real-time data and then move forward. That's really challenging
because you don't know all the agents of change. You know one or two, and you have to
interpret that, “Well, if those things are not where we thought they are, then the simulation’s
probably off by this much,” and adjust the whole thing. | thought maybe you might have some
thoughts on that.

Burkhart: Yes, it'sdefinitely part of thisidea of operationa use of simulation and effect
as part of a control system or decision-making system. Y ou’ve got a feedback control if you're
trying to get desirable results, and running simulations is part of how you test the state that you
can observe. | think scaling and distributed execution apply to a whole family of models —
many different levels of refinement, detail, and synchronization with the real state of the world.

Los Alamos had a transportation simulation that actually ran a bunch of fine-grain micro-
simulations of individual cars going through intersections just to calibrate the state that was fed
into the mainline smulation. But you couldn’t afford to do that on the entire big network, so it
was very selective just to calibrate the model at the next level up. In principle, there should be, in
effect, a vessdl to run all sorts of models at different levels of detail fidelity and synchronization,
all of which could affect the accuracy as aresult.

Scott Christley: Roger, you put forward a declarative approach for these agent-based
models and in the artificial intelligence community. There’'s been discussion against declarative
models because of their efficiency in implementation. Can you give your thoughts on how these
declarative models can be made efficient, or if there has been any progressin that area?

Burkhart: Yes, | mentioned that even in a declarative world you have to limit the form
in which you express things. In some cases, the range of what you can express in order to be
tractable for execution purposes, but the real question of efficient implementation, if you do have
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a solvable model, is this whole approach of transformation or generation. A declarative says
what you're going to do, but not necessarily how you do it. It’s just the launching point to
generate something that is driven by it. But the pure functional programming subsets with all the
garbage collection and one-time assignment and everything that’s part of those evaluations are
actually surprisingly efficient, even measured against traditional programming. | think that’s an
entire front that, in the practical world of applied programming, there have been functional
programming contests, and they consistently outperform what the imperative programmers can
possibly hope to express in solving these problems. Y et, it’s hardly crossed over out of academic
circlesinto applied practice.

Simunich: Thank you, Roger.
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OVERVIEW OF METHODS, TOOLKITS, AND TECHNIQUES

M.J. NORTH,* Argonne National Laboratory, Argonne, IL

ABSTRACT

This paper considers future development directions for agent-based modeling and
simulation methods and toolkits. Several maor areas are identified for possible work,
including methodol ogies and toolkit features for elucidating model runs; exposing model
designs and implementations; extending models to better support theory-grounded
modeling; exploring and exploiting social theories; and extracting commonality.

Keywords: Agent-based modeling and simulation, agent-based toolkits, agent-based
methods, narrative simulation

INTRODUCTION

This overview considers future development directions for agent-based modeling and
simulation (ABMS) methods and toolkits. Along the way, it identifies severa major areas for
possible future work. It should be noted that there are example methodologies and toolkit
implementations that address the issues raised in some of these areas. Many of these examples
are cited in the detailed discussions in this paper. However, these areas are classified as future
work rather than as past accomplishments since at least one of the following questions currently
must be answered “no:” 1

* Arethey expected practices?

* Arethey widdy used practices?

» Are they supported by, or even possible with, today’s ABMS methods and

tools?
ELUCIDATE RUNS

Most models produce “final” results in the form of graphs, reports, and so forth.2
However, this output rarely captures the individual behavior and rich interactions found in many
agent models. What is needed for today’s models are automated “narrative simulation” or

automated “ story-and-simulation” capabilities (Hutto, 1997; EEA, 2004) in which the narratives
are automatically constructed by the simulation itself.

Corresponding author address: Michael J. North, Decision and Information Sciences Division, Argonne
National Laboratory, 9700 South Cass Ave., Argonne, IL 60439; e-mail: north@anl.gov.

The “no” answers are not a criticism of current efforts in these areas. Rather, they simply indicate the need for
further research, development, or wider education.

Obtaining these outputs often requires significant manual intervention.



26

Aspect-oriented programming, combined with logging tools, such as JUnit or NUnit, can
be used to provide this capability in a gross way (Table 1) (North and Hood, 2004). A more
smoothly integrated methodology would incorporate convenient mechanisms built into toolkits.
A hypothetical example is provided in Table2. Of course, the hypothetical results in Table 2
might be significantly improved with careful consideration of the model’s domain.

TABLE 1 Example automated narrative
simulation using logging tools (JUnit or
NUnit)

Time Message

1781 MyrinetNIC 4.send(Message 103)
1781 MyrinetNIC 4.getNetwork()
1796 MyrinetNIC 4.sendl nterrupt()

TABLE 2 Hypothetical automated narrative
simulation output

Time Event

81.3 Jim offered Jane $25,000 for the car.
834 Jane immediately accepted.
88.6 Jim regrets offering so much.

EXPOSE MODELS

Today’s models are at best translucent and are often opaque to their users. Specifications
may be available for opague or translucent models. However, software experts are often needed
to determine what a model really does.

Models written with scripting languages, such as Mathematica, may be less opaque to
some users. Models built using “round trip” diagramming tools, such as general UML or agent
UML tools, may aso be less opaque. However, significant technical expertise is till needed to
understand these systems. Figure 1 shows a diagram that compares opaque, translucent, and
transparent models.

In the future, models need to be transparent to their users. We need either models or fused
specifications that can be understood without deep technological expertise:

» Easly read models are ideal.

* Fused specifications can aso work. With this approach, models are
automatically generated from easily read specifications and vice versa.
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Specification Model
Manual
Processing
>
Specification Model
Automated
Processing
Specification/Model

FIGURE 1 Opaque (top), translucent (middle), and transparent (bottom) models

EXTEND TOOLS

Many, but certainly not all, of today’s models use theories that were chosen because of
ease of modeling rather than appropriateness. This choice often is not the fault of modelers
because of the difficulty of implementing aimost any complex model. The resulting mixture
might be called “model-based theories,” as opposed to “theory-based models.” The situation can
also be viewed as a“chicken and egg” modeling tools issue:

» Modelers (the chickens) select theories that are in one way or another easier to
model than other theories.

* These theories yield models and tools (the eggs) that make modeling the
chosen theories even easier.

Theories that are outside of thisloop tend to be disregarded and thus become increasingly
difficult to model as compared to the chosen theories. Clearly, we need to extend current
modeling tools to better represent a wider range of substantial theories. What is needed is
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evolution of both the chickens and the eggs, so that theory selection depends less on ease of
modeling and vice versa.

EXPLORE AND EXPLOIT THEORIES

Any one model can only be run a finite number of times. How much can we get out of
these runs? If the underlying theories contain an unbounded number of special cases, the results
may only be valid for special cases. If the underlying theories can be advanced to provide
bounded equivalence classes, more general conclusions can be reached.

An example from another domain, namely, the four-color theorem from mathematics,
illustrates how bounding can be used to advance science:

* In 1853, Guthrie conjectured that a standard map can be covered with only
four colors.

» The theory remained unproven until 1976, when Appel and Haken bounded
the problem to 1,476 special cases.

* Appe and Haken then used computers to show that all 1,476 cases can be
covered with four colors each.3

Can this approach be used for ABMS? If so, the results might be called theory-bounded
models. It may be possible to achieve theory-bounded agent models, but it is unlikely the bounds
will ever be as tight as with the four-color theorem. However, the tighter the theoretical bounds,
the clearer the modeling results can become. Faster model construction will likely be needed to
allow social scientists to bound processes through efficient “experimentation with alternate
ontologies’ (Sallach, 2003). It is important to note that even with tight bounds the number of
cases to be studied is likely to be huge.

Often, even the best modeling situations have a huge number of potentia input
combinations, not to mention the need for stochastic replications. ABMS tools need to leverage
new technologies to address the growing need for computational power:

e Computational grids and utility computing software, such as Argonne's
Globus (www.globus.org) and the Global Grid Forum technologies
(www.gridforum.org) might be used.

» Large-scale computing clusters, such as Beowulf systems and other networks-
of-workstations (NOWSs), might be used.

Support for these new high-performance computing platforms needs to be built into
toolkits to lower the barriers for modelers. Drone for Swarm is a pioneering example of this kind
of work.

3 There have been some questions about the use of computers in the proof, but overall it has been accepted.
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EXTRACT COMMONALITY

Running simulations on large-scale open computational grids suggests the need for
standards. However, Tanenbaum (1988) has noted that the “nice thing about standards is that
there are so many to choose from.” Among the current choices are the Foundation for Intelligent
Physica Agents (FIPA) specifications, the Knowledgeable Agent-oriented System architecture
(KAO0S), and the High Level Architecture (HLA), to name just a few. It may be that we do not
need one rigid standard but a set of reasonable conventions that allow modelers to:

» Take advantage of shared resources, such as computational grids, without
excessive duplication of effort and

e More directly discuss what their models really do rather than what their
models are supposed to do.4

Of course, there must be some commonality to extract, which may not always be the
case. Docking, or rigorously showing the equivalence of both models and tools, is needed.
Certainly, docking does not prove that models or tools are “ correct”; it may in fact prove that two
models are equally wrong! Nonetheless, docking can be useful in two ways.

» Asaform of verification, docking can increase our confidence that models
and tools are properly implemented.

» Docking can provide a rigorous foundation for standards or widely shared
conventions, in whatever form the standards eventually take.

OTHER GOALS

A few other long-term goals bear mentioning. For example, it would be good if more
models could be made available publicly. Numerous agent models have been developed, but few
of these models are available to the public. Obstacles to the public release of models include the
following:

1. Extra work is needed to make a model ready for public release (e.g., much
more documentation is needed).

2. There are reasonable concerns about support costs (e.g., it is difficult to
determine who pays for answering e-mail questions).>

Thisis consistent with the goal of increasing model transparency.

Concluding that support will not be provided for publicly released software is more difficult than many realize.
On a practical basis, users often (1) ask for help even when they are not supposed to and (2) brand software as
“buggy” when help is not provided, even if the software itself is not actualy at fault. Thisis not to say that
publicly releasing software is prohibitive, only that successful public releases usualy involve much more than
simply posting files on aWeb site.
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3. Developers need to protect their proprietary advantage and intellectual
property.6

The published research needs to do a better job of referencing previous work. Originality
is clearly important, but there should be less focus on novelty and more on building upon
existing work. A related goal is to encourage more independent replication of results, where
feasible.

Fully endogenous emergence should be the long-term goal of ABMS, as long as we do
not fall into the trap of equating “not emergent” with “not good.” Many results from ABMS are

not emergent but are useful. We should expect fully endogenous emergence to take some time to
achieve.
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DISCUSSION:
OVERVIEW OF METHODS, TOOLKITS, AND TECHNIQUES
(Thursday, October 7, 2004, 10:30 to 11:00 a.m.)

Michael J. North, Argonne National Laboratory

Overview of Methods, Toolkits, and Techniques

Unidentified Speaker: Regarding having enough models, you still might not know what
amodel is doing because the implications of the equations are not obvious.

Michael North: | want to make things clear; I’'m not saying that analytical modeling is
perfect. In fact, you have to understand quite a bit of math to comprehend those models, and
that’s a barrier for many people. I'm not saying that the modeling approach is perfect. Thereisa
valid criticism that you need to see the source in order to understand the model, but you also
need to understand the details. The source is abarrier for many people. But that’s a problem with
many systems. Clearly, anything that involves any type of what we call technology or advance
representation has some sort of barrier. So if you're in optimization, you're not sure what the
optimization did. If it’s just pure math, just analytical proof, you still need to understand that —
whatever level of math is necessary. So it’s not a perfect solution, but the ideais to move toward
models that are more transparent in this regard. Writing everything in Java, for instance, creates a
barrier and some problems; writing in C++ or anything like that does the same thing. I’'m not
claiming to have a perfect answer for al these things. I'm merely saying these are long-term
needs that are present in a community.

Zhen Lei: That's avery interesting perspective from the traditional understanding of the
agent-based model at the aggregated level. The question is: How competent are we for those
when we see this is the person who's making this decision? How much confidence can we have
that it was expected?

North: Oh, you're talking about, in terms of elucidating runsor ...
Lei: Yes, you know, if we keep track, put that sensor ... the agentsand ...

Unidentified Speaker: My understanding is that it’'s a stochastic process or simulation.
How do we interpret this kind of behavior?

North: That's a good question. And one thing I'll note here, this is intended to be
somewhat controversial. The second thing I'll say very quickly is that I'm talking about long-
term problems. Also, I’'m not claiming | have a perfect answer for all of them.

Let's say, for instance, that the behavior was drawn from a random distribution. We're
basically saying either this is the most knowledge we have or the most we're willing to invest in
the modeling effort to understand the behavior. Let’'s say the decision here in terms of whether
you're going to accept the offer is a random draw from a distribution, so it's weighted toward
saying no, but there’'s a chance of saying yes. In that case, you'd say that the agent did a random
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draw against this distribution. You'd probably try to translate that into higher levels. Those data
are actualy drawn from, say, known purchase histories. On the basis of previous purchase
histories, there was an x percent chance of probability of purchase. Probably it drew a number
indicating a purchase and there you are. And so the closer you can get to a domain, the better you
arein terms of this output, but there will be natural limits. In some cases, you' Il ssimply say it was
adraw, and that’s all you can infer. In many cases, though, we can go alot further because when
we get into the complex processing logic, we can say it went through this logic. It went into the
area where it was either highly receptive to a purchaser or not very receptive. These types of
things could be added to the system. There’s alot then that we can do to track things.

Now, | should be very cautious here and say that — well, I'm already not being cautious.
| guess that’s a problem, but I'll try to be cautious for a second. I’m not saying there' s anything
wrong with aggregate outputs. It’s a perfectly valid thing. | am saying that we can go beyond.
We should in a certain sense believe our own religion here, saying we talk about the importance
of individual interactions. That is, we talk about the importance of individual interactions — why
it matters so much that we're tracing, or at least simulating, specific people, organizations,
entities— and so why not actually do that? And watch what they’ re doing to you?

Unidentified Speaker: Yes. | agree with you. | think it is very important not to have all
the problems ... a user. The aggregate ... from the ... population ... the decision was made
within the ... organization ...

North: Yes. And that’'s part of that. And the key is to do the best you can. In some cases,
you know you may just have to draw aline and say that al we know is that it was drawn from a
distribution. Maybe we can talk a little about why the distribution was chosen. This represents
the aggregate decisions of 1,000 customers or something like that, but then we do the best we
can. In many cases, though, we can actually say quite a bit about what happened.

Putting things in a narrative format, | could also have a potential value even if it is about
distributions. Just being able to say that this is what happened in the ssmulation and not needing
to trace through some binary file to figure this out is actually a step forward in a lot of cases.
| think a lot can be done by embedding it in as toolkits in a way that's so natural that it
automatically tends to get done versus forcing people to add lots of logging at the last minute;
thisisimportant, too.

Rod Sipe: In billing and alocation for natural gas pipelines in which the scarce capacity
of the pipeline has to be allocated among all those nominees, we purposely turned out of the
model in the first place to justify one of the nominees — place in the ultimate allocation of the
volume. You couldn’t do that just in the end result. You have to have the intermediate process
for them to be able to see how they are being treated in relation to the rest of the candidates.
A second example is when we work over asset optimization — when the probability of the use of
atool is taken into account as to whether or not to order one. In that instance, a 10% probability
of use 10 times aggregated to the need for one tool is interpreted differently than a 50%
probability of the need of the tool twice.

Steven Guerin: | want to make sure that you don’t finish your presentation and ask a
guestion.

North: Okay. That’sright. Thank you. That’s helpful, actualy.
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Guerin: At SIGGRAPH a couple of years ago, there was aso a big move to do
automated cinematography.

North: Yes.

Guerin: So out here you have a script that you’ re producing, but now how do you move
the camera and adjust to see the details of a scene?

North: That's a really good point, and the idea is that this leads into al sorts of uses.
Once something like this becomes available, then exactly as Steven is saying, you can start to
generate other things; not only just what | said, which is kind of the Word document in which
you present what happened and say read it. You could also do things like animating this in
different ways that are completely separated from the x, y coordinates of a simulation, and all
these types of things would be very possible. In fact, the entire story in a simulation step is in
fact a design to take information from a simulation and take it out of the usual “just animating”
— something moving around in a plane — and put it into a more visually pleasing context where
you can actually see it in terms of a movie at a higher level. So that’s absolutely right, and that’s
avery good point. These are some of the things we were trying to get to. We're trying to do these
individual-level smulations. Let’s get individual-level data that are actually intelligible at more
than abinary level.

In terms of exposing models, the idea is that we really want to move toward clarity.
Every modeling approach requires some technical knowledge. You're going to need technical
knowledge of math, you're going to need technical knowledge of optimization theory, and on
and on. | think right now that we require too much technology and too much computer
technology. Being an expert on Java should not be a requirement to be sure that the model really
works, for example, and that’s something we should be able to move toward over time.

[ Presentation Continues|
North: Arethere additional questions?

Seth Tisue: Can you give an example of what you mean by the results of an ABM being
useful even though they’ re not emergent?

North: Yes. First, it depends somewhat on what we're talking about in terms of
emergence. If you're talking about emergence, for instance, having system-level results that
depend on individual decisions, in that sense, you would want it to be emergent. I'd take
emergence to be a little different where you're seeing — fundamentally, Jm Crutchfield and
other people have, or at least are starting to develop — a rigorous mathematical definition of
emergence. I'll talk about it on an intuitive level. If you talk about it as being a counterintuitive
result, emergence is — what’'s the right way to put it — quicksand. Why, because what’s
counterintuitive to you may not be counterintuitive to me. And so, the word itself becomes a
problem.

But, for example, one of the models that we could talk about is a networkcentric warfare
model for the Navy. Is it emergent? Well, the agents work together; they are able to keep the
communications protocols running at the same time in a complex battlefield. They're able to
keep bandwidth going by staying close enough to one another to be able to hop messages over
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radios. And maybe that’s emergence or maybe it’s not, but the people we're working for don’t
really care about that. What they care about is being able to quantify what the individuals are
doing, seeing if they’re getting the bandwidth that they need, understanding what the barriers are
in getting the bandwidth that they need, and deciding what protocols are needed to keep the
bandwidth going. And so emergence isn't even really a question. It's just a matter of tying the
overall system structure to the individual behavior. So that's an example of a model where
emergence isn't realy the issue. Does that make sense? To me there's also a very serious
guestion. Emergence is, aside from Crutchfield and others mathematical definition, a bit of a
quicksand or tar pit, if you will, because your emergence and my emergence may be different.

CharlesMacal: | think we have time for one more question or comment because we
need to be moving on.

North: Isit okay if we get the non-Argonne question? Y es?

Russ Abbott: Russ Abbott, not from Argonne. It seems that the goa of complete
transparency of models is basically unachievable because the problem is that if you have any
kind of complexity in amodel, it's hard to understand, no matter how it’s expressed.

North: Sure, absolutely.

Abbott: The difficulty is in understanding the complexity in whatever it is you're
modeling.

North: Absolutely. Of course, the same thing could be said of modeling in general, and
we can't model everything in the world and understand it completely. Perfect or complete
transparency goes deeper than modeling. Language can’'t be perfectly or completely transparent.
There’'s always indexicality; there's aways some imperfection in terms of my understanding
versus your understanding. But | think we could go alot further than we have. | would not claim
to ever be able to produce a perfectly transparent model. If there is one, it's probably this: it's
like the real world, right? Everything else, we're working downward from, but | think that we
can do alot to improve the transparency of models because if you really want to know what a
model does, you end up digging into Java or C++ or something like that. | think that that could
be improved, but we don’t have to go quite that far. But perfect transparency ...

Mark Fossett: ... expressed somehow.

North: Absolutely. That's right. But that somehow doesn’t have to be pointers or class
structures. What's your background? Is it computer science? From a computer science
perspective, it’s not so bad. But if you're coming in as a sociologist, it's horrible. And how many
sociologists are here? What do you think? Do you think coding is good?

[Unintelligible...]

North: Yes, but, no, and we're not trying to get you to say anything is wrong with that.
Y ou have to rigorously specify things. If you end up in math, you need to know something about
math. If you end up in other areas, you need to know things about those areas. But | think we can
go much further than what we were doing right now, which is Java or something like that. That,
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to me, is a very unclear way to specify things for nontechnical people. But | think we can
improve.

Macal: I'd like to thank Mike for an excellent introduction to the methods, toolkits, and
techniques-dedicated day. As you can see, the discussions are very stimulating, and they could
go on for hours.

North: With me, even if you're not here, I'll go on actually, yes.

Macal: Yes, with Mike involved, yes. Mike is aways happy to talk to you about
methods and toolkits; any place and any time.
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SIMSEG AND GENERATIVE MODELS:
A TYPOLOGY OF MODEL-GENERATED SEGREGATION PATTERNS

M. FOSSETT," Texas A&M University, Department of Sociology, College Station, TX
R. SENFT, Amber Waves Software, Lancaster, PA

ABSTRACT

SimSeg Learning Edition is a Windows-based computer program intended for use in
undergraduate and graduate instruction focusing on agent-based models of residential
segregation. Presently in beta distribution and review, SimSeg is the product of a multi-
year collaboration, funded by the National Institutes of Health, in which Amber Waves
Software has transformed a research-oriented prototype program into a robust, user-
friendly program suitable for use by students and nonspecialists. SimSeg faithfully
implements an agent-based model rooted in social scientific research on residential
segregation dynamics and Situates it in a program with ease-of-use features and
performance expected of commercial-quality Windows software.

Keywords: Residential segregation patterns, ethnic preferences, SimSeg, agent-based
modeling

INTRODUCTION

SimSeg makes it possible for students to run simulation experiments dealing with
residential segregation patterns without having to first learn specialized programming languages
or skills. Students interact with the model via familiar Windows-style menus that present
meaningful, substantive choices in non-technical terms. A graphical representation of the city
landscape depicts household movements in real time and provides an easy-to-understand visual
representation of segregation patterns as they emerge from agent behavior. Significantly,
students can assess segregation patterns without having to master the technical literature on
segregation measures. SimSeg also produces a wealth of reports summarizing model parameter
settings and segregation patterns using standard measures found in the social scientific literature
on residential segregation. These data are made available via formatted reports and predesigned
figures that can be exported to other Windows programs (e.g., Word, PowerPoint) for
incorporation into papers and presentations via the Windows “clipboard” or standard
“cut-and-paste” operations.

SimSeg is designed to be intuitive and easy to use so students need only minimal faculty
guidance to be able to begin running experiments and observing how different simulation
scenarios produce different patterns of residential segregation. Students select simulation
scenarios, run experiments, and examine results via the smple point-and-click operations of the
Windows graphical user interface (GUI). These features enable students to quickly perform
“hands-on” analyses and consider the implications of simulation results for substantive issues.

Corresponding author address. Mark Fossett, Department of Sociology, Texas A&M University, College
Station, TX 77843-3368; e-mail: m-fossett@tamu.edu.
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A variety of learning tools in SimSeg help faculty and students become familiar with
agent-based models of residential segregation. For example, “Quick Start” scenarios gives users
the ability to select from alibrary of predesigned simulation scenarios crafted to feature selected
segregation dynamics, such as ethnic preferences, socioeconomic inequality, and housing
discrimination, operating in various combinations. Other “Quick Start” scenarios give users the
ability to load predesigned scenarios crafted to demonstrate “generative dynamics’ that will
produce particular residential segregation patterns, including integration, concentric zone
patterns of status segregation, ethnic sectoring, ethnic checkerboarding, ethnic clustering, and
even “hypersegregation.” Finally, an easy to use menu allows faculty and students to design their
own simulation experiments by manipulating model parameters through menus that list
meaningful choices described in intuitive language. A “scenario wizard” is available to guide
novice users through the steps of designing an experiment. An “experiment wizard” (currently
under development) will help students generate data needed to compare results obtained using
alternative scenarios.

This paper introduces SimSeg Learning Edition, a Windows-based computer program
developed with the goal of making it easy and compelling to use agent-based models of
residential segregation in undergraduate and graduate instruction. SimSeg has many noteworthy
features. First and foremost, it implements the core elements of Schelling's (1971) celebrated
agent-based model of residential segregation. The Schelling model is the best known agent-based
model of segregation and has generated important insights regarding how micro-level residential
choice behavior can produce complex aggregate-level patterns of ethnic residential segregation.

Schelling’s work on preferences and residential segregation has been influential in many
disciplines, including sociology, economics, demography, political science, geography, and
socia psychology, and his agent-based simulation model is routinely cited as an exemplar of
how seemingly simple, micro-level behavior can produce nonobvious emergent structure in
gpatial networks (Macy and Willer, 2002). Some thirty years after Schelling’'s landmark paper,
his work continues to inspire theory and research (e.g., Clark, 1991; Krugman, 1996; Epstein and
Axtell, 1996; Young, 1998; Wasserman and Yohe, 2001, Fossett and Waren, 2004a,b;
Fossett, 2004a; Fossett, 2005a,b) on segregation dynamics. Perhaps the most important insight to
emerge from agent-based simulations of segregation is that spatia integration is a surprisingly
fragile condition. Surprisingly high levels of segregation can emerge even when no individual in
the population wishes to reside in the type of ethnically homogeneous neighborhoods found in
highly segregated cities. SimSeg makes it possible for faculty to introduce this powerful insight
to undergraduate and graduate students by running compelling simulations in real time in the
classroom. In addition, because the program is easy to use and results are easy to understand,
students can run simulations on their own to explore the model and its implications in more
detail.

SimSeg provides an attractive implementation of the Schelling model, but that is just part
of its value for instruction that focuses on the dynamics of residential segregation. SimSeg
refines the Schelling model by drawing on the broader theoretical and empirical literature on
residential segregation to implement features that make it useful in exploring a wide variety of
factors that shape residential segregation in urban areas. Specificaly, SimSeg implements
features that give users the capabilitiesto:

o Specify ethnic demography in terms of number of groups and the relative
sizes of each group,
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» Specify ethnic preferences in more detail than in previous implementations of
the Schelling model,

» Specify the level of socioeconomic inequality within and between ethnic
populations,

» Specify avariety of housing discrimination dynamics,

o Specify household-level preferences regarding neighborhood status and
housing quality,

e Implement urban spatial structure in the form of city-suburb differences in
housing quality, and

o Systematically evaluate segregation patterns by using measures that are
widely used in empirical research on residential segregation.

Thisrich set of features makes SimSeg the most sophisticated agent-based model of segregation
in existence and gives its users the capability to explore many different perspectives regarding
residential segregation in urban areas.

Significantly, while SimSeg implements a sophisticated, science-based moddl, it is
designed to be used by students with little background in agent-based modeling or the research
literature on residential segregation. A user-friendly interface shields students and novice users
from the technical details of agent-based modeling. Students interact with the model by using
familiar Windows-style menus that allow them to make meaningful choices regarding model
specification. They choose from a smplified palette of intuitive, easy-to-understand options.
Context-sensitive Help screens provide further assistance in guiding students through choices
and alerting them to relevant theoretical and empirical literatures.

In similar fashion, SimSeg presents simulation results in ways that are engaging and easy
to understand. It uses a graphical representation of the city landscape to depict the residential
location of households from different ethnic groups and updates the movement of these
households in real time. The result is a dynamic visual representation of emerging segregation
patterns that is intuitive and nontechnical, yet very effective in communicating segregation
patterns.

The combination of ease of use and ease of interpretation of results means that students
can be trained to run and interpret simulation experiments using SimSeg very quickly, usualy
after just one lecture period. Beta testing by approximately two dozen experts in the field of
segregation research indicates that faculty and students find the program engaging and easy to
use. With only minimal faculty guidance, students can learn the basics of using the program and
begin running sophisticated simulation experiments to gain an appreciation of how different
simulation scenarios can produce fundamentally different patterns of residential segregation.

SimSeg can be used by a broad audience because it also incorporates features that appeal
to advanced users. For example, it provides tools that allow faculty and students to craft user-
designed experiments. Significantly, the user does not need to learn specialized programming
languages or develop specia programming skills. SimSeg also gives users access to a
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comprehensive database of settings for model parameters and state-of-the-art quantitative
measures of segregation outcomes. At the same time, it permits students to manipulate model
parameters and assess the resulting impact on segregation outcomes without requiring them to
deal directly with the technical issues associated with setting model parameters and measuring
segregation patterns.

This paper provides a brief introduction to the SimSeg model. In the next section, we
describe the features and capabilities of the SimSeg program and note the goals guiding its
development. We then demonstrate the capabilities of the model by reviewing a typology of
segregation patterns that the model produces under varying combinations of model parameters.
We conclude by reviewing the standing of agent-based models in the literature on residential
segregation and noting our assessment that SimSeg has good potential to serve as a tool for
introducing students to agent-based models of residential segregation.

SimSeg LEARNING EDITION

Model Description

SimSeg Learning Edition is an agent-based simulation geared to undergraduate and
graduate education. The program is distributed by Amber Waves Software (AWS) of Lancaster,
Pennsylvania. Dr. Richard Senft, principal of Amber Waves Software, directed the development
effort, supported by funding from the Nationa Institutes of Health. The effort involved
transforming a research-oriented prototype into a robust, commercial-quality program suitable
for use in undergraduate and graduate instruction. SimSeg implements the core elements of
SimSeg Research Edition (SimSeg RE), an agent-based model developed by Mark Fossett of
Texas A&M University for use in academic research investigating segregation dynamics
(e.g., Fossett, 2004b, 2005; Fossett and Waren, 2004a,b).1 The key contribution of the AWS
development effort is that in addition to faithfully implementing a sophisticated, science-based
simulation model, AWS has produced a program that makes this model accessible to
nontechnical audiences. They have embedded the model in an engaging, user-friendly program
that is easy, and even fun, for nonspecialists to use. At the same time, it allows them to conduct
sophisticated agent-based simulations to explore residential segregation dynamics.2

SimSeg is geared to two primary audiences. The first is faculty, who can use the program
as a teaching tool in the undergraduate classroom to illustrate different patterns of residential
segregation and the dynamics that can contribute to their creation and/or maintenance. The
second audience is undergraduate students, who can use the program to perform simulation
experiments for out-of-class exercises and research projects.

SimSeg has several notable features that make it especially attractive to its target
audiences. Perhaps the most important is its refined user interface. That interface shields faculty

1 Unless noted otherwise, all referencesto Si mSeg refer to SimSeg Learning Edition. SimSeg RE is aresearch and
development tool used by Dr. Fossett and his graduate assistants.

2 SimSeg implements al crucial elements of the full SimSeg RE model; however, it represents model parameter
choicesto usersin simpler, lesstechnical ways.
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and students from the technical details of the model and gives them two convenient options for
running sophisticated and substantively interesting simulation experiments. First, it provides
users with alibrary of “Quick Start” scenarios — predesigned experiments crafted to illustrate a
variety of teaching points. Quick Start scenarios make it possible for the user to select and run
experiments quickly and easily with just a few mouse operations. These scenarios are geared for
lecture presentations in the classroom. They also are ideal for giving students “hands on”
experience running simulation experiments, with minimal investment in training and instruction.

SimSeg aso provides a powerful, easy-to-use, menu-driven experiment design option
that permits faculty and students to change values of model parameters to craft their own user-
designed experiments. Faculty can use this capability to prepare speciaized examples for
lectures. Students can use this capability to perform out-of-class exercises and research projects.
SimSeg guides the user through the basic choices in the model and makes it very easy to design
and run agent-based simulation experiments focusing on segregation dynamics in ways never
before possible. Model choices are scientifically grounded and substantively meaningful, but
they are presented in intuitive, nontechnical terms. Careful attention has been given to ease of
use. Accordingly, only afew mouse operations are needed to modify model parameters and run a
new simulation experiment.

Another hallmark of SimSeg is that it presents model results in a variety of forms that
meet the needs of both novice and advanced users. For novice users, it presents segregation
patterns via a graphical representation of the “city landscape” depicted in Figures 1 and 2.

This graphical display conveys segregation patterns quickly and intuitively. Students can
immediately “see” as many as four distinct dimensions of residential segregation within a matter
of seconds by visualy inspecting the city landscape. The dimensions of segregation that are
evident include:

* Theuneven spatial distribution of ethnic groups;
» Group “isolation” based on concentration in ethnically homogeneous areas,

 Group clustering, or “ghettoization,” in large, ethnically homogeneous
regions; and

* Group differencesin centrality.

Materias distributed with SimSeg provide guidance on how to recognize these four
dimensions of segregation in the city landscape and interpret their levels as high or low, both
across simulation experiments and in relation to empirical patterns in real cities. For example,
these materials include city landscapes for real cities prepared with census data and geographic
information system (GIS) software. The color schemes and presentations are crafted to maximize
the correspondence between SimSeg city landscapes and the patterns seen in real cities.

Faculty can use the city landscape and other graphical displays to introduce students to
complex, multi-dimensional patterns of ethnic segregation without requiring them to master the
highly technical literature on quantitative measures of segregation patterns. SimSeg aso
computes a comprehensive set of quantitative measures of segregation outcomes and makes them
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available in easily accessible, formatted reports. Instructional materials distributed with SimSeg
explain the different measures and provide guidelines for interpreting their scores. In classroom
use, however, the striking visua patterns in the graphical display of the city landscape provide a
convenient means for quickly reviewing segregation patterns generated by a particular
simulation experiment.

Elements of the SimSeg Model

The characteristics and capabilities of the SmSeg program have been outlined in
considerable detail in Fossett (1998). In the context of the present paper, space permits only a
brief overview of the selected aspects of the model.

Agents and Their Characteristics

The first concept is that of the agent. In this case, agents are virtual households that have
the ability to search in a virtual housing market and make residential choices (possibly subject to
certain constraints). Households possess ethnic status and belong to one of three ethnic groups
that may be represented in the simulation — Whites, Blacks, and Hispanics.

Households also possess socioeconomic status scored on a scale ranging from 1 to 99.
This scale establishes their socioeconomic standing within the population. It also establishes
their purchasing power in simulations where housing differs in quality and value, and access to
housing is means-tested.

Households hold ethnic preferences — preferences for levels of residential contact
(co-residence) with members of different ethnic groups. Included are preferences for in-group
contact, specified in terms of desired minimum levels of co-ethnic presence in neighborhoods.
Also included are preferences for out-group contact, specified in terms of desired minimum
levels of out-group presence in neighborhoods. The SimSeg model permits ethnic preferences to
be specified separately by ethnic group. When ethnic preferences are active, a household's
satisfaction or dissatisfaction with their residence will depend in part on how the ethnic mix of
their neighborhood compares with their ethnic preference.

Households aso hold preferences for housing quality and preferences for neighborhood
status. In simulations where these preferences are active, households seek the highest quality
housing they can afford. All else being equal, they also seek higher-status neighborhoods over
lower-status nei ghborhoods.

These three preferences — ethnic preferences, housing quality, and neighborhood
status — influence how households evaluate their level of satisfaction with their current
residence and their potential level of satisfaction with any residence they may consider moving
to. The evaluation of residential optionsis discussed in more detail below.
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Housing Units and Their Characteristics

Households reside in housing units found at fixed locations in a two-dimensional virtual
city landscape (discussed below). Housing units differ in housing “quality” or value measured on
a scale of 1-99 corresponding to the scale for household socioeconomic status. Households seek
higher-quality housing but can only move to housing units they can “afford” as determined by
comparing their socioeconomic status to the value of the housing unit.

Households can only move to vacant housing units. When households move, they leave
their origin housing unit unoccupied, and it is added to the pool of “available” housing units.
Their destination housing unit becomes occupied and is removed from the pool of available
housing units.

City Landscape

Housing units are arranged in a virtual city landscape as shown in Figures 1 and 2. The
default city landscape is roughly circular. It consists of a collection of small “bounded areas’
arranged within a “neighborhood” grid. Each bounded area contains a fixed number of housing
units arranged in a square housing grid within the neighborhood. In the simulations presented in
this paper, the neighborhood grid is 15 x 15, which means that the city spans 15 neighborhoods
at its maximum height on the north-south dimension and on its maximum width on the east-west
dimension. Neighborhoods within this grid are “developed” and contain housing units if they are
within a fixed distance from the city center. Otherwise, they are undeveloped and have no
housing units. This arrangement gives the city landscape its approximate circular form. In the
simulations reported in this paper, a total of 177 bounded areas are developed. Each contains
49 housing units arranged in a7 x 7 housing grid. Thus, the city has 8,673 housing units.

Urban Structure: City Size and Shape

The size of the city can vary from small to medium to large. Larger cities have more
neighborhoods and more housing units. In this work, the city landscape is set to a large size for
all simulation experiments considered. At present, city shape is limited to the circular city form
described above. Future versions will include the option of choosing from avariety of city forms,
including patterns fashioned after real cities and abstract patterns, such as a boundless torus.

Ethnic Demography

The ethnic mix of the city can vary in two major respects. First, the city can have either
two (White and Black) or three (White, Black, and Hispanic) ethnic groups. Second, the relative
sizes of the groups can vary. Current choices parallel patterns commonly found in American
metropolitan areas. Whites are a numerical majority of from 60% to 90%, and minority ethnic
populations constitute up to 40% of the population in varying mixtures.
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Urban Structure: Area Stratification

The distribution of high-quality housing can vary in its spatia distribution. When area
stratification is low, high-quality housing is randomly distributed such that all neighborhoods
have similar mixtures of low- and high-quality housing. When area stratification is high,
high-quality housing is concentrated in suburban neighborhoods (i.e., bounded areas on the city
perimeter), and low-quality housing is concentrated in central neighborhoods. This model
parameter influences where high-status households and population groups are most likely to
residein the city.

Status Inequality

Socioeconomic status varies in the degree to which it is equally or unequally distributed
across households. At one extreme, low-status inequality, the relative gap between low- and
high-status households, is moderate. At the other extreme, high-status inequality, the relative gap
between low- and high-status households, is large. This model parameter can influence the
degree to which low- and high-status households and population groups are residentially

segregated.

Minority Status Disadvantage

Minority ethnic groups can be subject to status disadvantage relative to Whites. When
minority status disadvantage is set to low, minority groups and Whites have identical status
distributions and, thus, similar ability to purchase high-quality housing. When minority status
disadvantage is set to high, minority groups have much lower status distributions and lesser
ability to purchase higher-quality housing. This model parameter can influence whether minority
ethnic groups can afford to live in neighborhoods where Whites reside.

Discrimination Dynamics

Households' efforts to search for and move to new residential locations can be subject to
discrimination in various forms. All households can be subject to ethnic steering, whereby
households are not “shown” a random selection of housing but instead are more likely to be
shown housing in neighborhoods where their ethnic group is concentrated. Minority households
can be subject to minority exclusion, whereby a substantial fraction of their attempts to move to
predominantly White neighborhoods are blocked. Similarly, minority households can be subject
to discrimination in credit qualifying, whereby their purchasing power is lower than that of
White households with similar socioeconomic status. These model parameters influence the
degree to which White and minority households are residentially segregated from each other.

Neighborhoods and Neighborhood Evaluations
Neighborhoods are relevant when a household evaluates a housing unit. Households can

evaluate the ethnic mix of the neighborhood in which the housing unit is located. They also can
evaluate the socioeconomic status of the neighborhood in which a housing unit is located. In
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SimSeg, neighborhoods are delimited in two ways. The first is the “bounded area’ described
previoudly in the discussion of the city landscape. All households within the bounded area are
treated as neighbors for purposes of evaluating neighborhood ethnic mix and neighborhood
socioeconomic status. In the case of ethnic mix, group percentages for the bounded area are
compared against the household’s targets for in-group and out-group contact to determine the
household’s satisfaction with ethnic mix. In the case of socioeconomic status, the average
socioeconomic status of households in the neighborhood is compared against the household’s
own socioeconomic status to determine the household's satisfaction with area socioeconomic
status.

In addition, households can also consider immediately adjacent bounded areas when
evaluating the ethnic mix of a neighborhood. In this case, group percentages are computed for
the population residing in adjacent areas. These percentages are then compared against the
household’ s targets for in-group and out-group contact to determine satisfaction with ethnic mix.
Satisfaction with the ethnic mix in adjacent areas is then averaged with satisfaction with the
bounded area, with the latter counting twice as much as the former.

Future versions of SimSeg will include more options for specifying neighborhoods. One
is the option of specifying larger bounded regions or districts analogous to school districts.
Anocther is the option of specifying “site-centered” neighborhoods, that is, neighborhoods
delimited in terms of households residing within a fixed distance (in housing units) from a
reference housing unit.

SIMULATION EXPERIMENTS

Initialization, Housing Search and Movement, and Duration

At initialization, the city housing stock is created on the basis of the settings for city size
and shape, socioeconomic inequality (which establishes the distribution of housing values), and
the level of area stratification (which determines the spatial distribution of low- and high-quality
housing). Next, the city’s population of households is created on the basis of the settings for
overall socioeconomic inequality, ethnic demography, and minority status disadvantage. The
households in the population are assigned preferences for housing quality, neighborhood status,
and neighborhood ethnic mix on the basis of active settings for the simulation.

When the population for the city is created, the households are randomly assigned to
housing units with the one restriction that they must reside in a housing unit with a value that
matches their socioeconomic status. At initialization, the only systematic segregation that exists
IS segregation that results from the interaction of socioeconomic inequality (within and between
ethnic groups) and area stratification.3

During a simulation experiment, households are randomly chosen and given the
opportunity to search for housing. A searching household is presented a random selection of

3 Future versions of SimSeg may also allow for the option of starting with a segregated landscape. This feature is
demonstrated in some of the examples presented in this paper but is not scheduled for inclusion in the initial
release of SimSeg.
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available housing units. If moves are means-tested (the default condition), the housing is
screened on the basis of the household’'s purchasing power. If discrimination dynamics are
active, the housing the household “ sees” may be subject to further screening.

The searching household evaluates each available housing unit it is shown and assesses it
according to the preferences that are active in the ssimulation. Separate satisfaction scores are
computed on housing quality, neighborhood socioeconomic status, and neighborhood ethnic mix.
These scores are then summed to obtain an overall satisfaction score. If the score for the most
satisfying available unit is higher than that for the household’s current residence, the household
attempts to move. If discrimination dynamics are active, a minority household’s efforts to move
may be blocked. Otherwise, the household moves to the new location, and a vacancy is created
in its previous residential location.

In asmall fraction of cases, households are required to move even if they would prefer to
remain in their current residence. All households are subject to a “forced move” if they have not
previously moved during the smulation. Most of this movement is concentrated in the very
beginning of the simulation. It ensures that all households reside in a location that they have
chosen through search. Later in the simulation, households are subject to forced moves on the
basis of alow random probability. This procedure simulates fundamental demographic dynamics
of residential turnover, such as household formation and dissolution, in- and out-migration, and
so on. One significance of this dynamic is that the city landscape moves toward a dynamic
equilibrium because household movement ceases only when the duration specified for the
simulation has been completed.

Time is represented in the ssmulation in units termed cycles. Cycles are periods of time
during which housing search and movement take place. Their duration is controlled by the
fraction of households that are given the opportunity to search during the cycle.# The settings for
this parameter generaly produce levels of residential movement that are roughly comparable to
those observed in a “real city” over a 6- to 12-month period. The standard duration for an
experiment is 30 cycles. This length of time is normally more than adequate to reveal the pattern
of segregation that will be generated under the settings in effect.

Model Inputs

SimSeg provides a library of formatted reports and graphical figures that can be easily
accessed to summarize and document the settings in effect for model parameters in the
simulation. These tools are relatively straightforward and easy to interpret. Accordingly, we do
not review them in detail in the present paper.

Segregation Outcomes
As noted earlier, SimSeg documents segregation patterns with the continuously updated

graphical representation of the city landscape. Color choices register the ethnic status of
households at different residential locations. Shading registers the socioeconomic status of the

4 Duri ng each cycle, 25% of the city’s households are randomly selected and given the opportunity to search for
new housing. In any given case, this may or may not lead to a move.
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households, with dark shades representing high-status households and lighter-shades
representing lower-status households. Figures 1 and 2 illustrate these visual principles.
Clustering in the patterns of color and shade on the city landscape revea segregation by ethnic
and socioeconomic status. Or, asis the case in Figure 1, the absence of marked visual patterns
indicates the absence of ethnic and status segregation.

SimSeg also computes a battery of standard segregation measures (e.g., the index of
dissimilarity, the index of isolation, a centrality index) and maintains these in a database. SimSeg
makes the scores available via figures and reports that can be accessed when the simulation is
completed. These measures are computed on the basis of summary data for the bounded areas
described earlier. We do not review quantitative measures of segregation here because the
graphical patterns are more than adequate to establish major differences in the segregation
patterns produced by the simulation scenarios considered here.

Generative Models and Typologies of Segregation Patterns

One of the hallmarks of agent-based models is that they make it possible to establish
typologies of generative models. That is, the modeling framework makes it possible for
investigators to systematically document how particular combinations of settings for model
parameters will consistently generate particular patterns in ssmulation results. Typologies can be
established inductively by observing segregation patterns that emerge from simulations with
different settings that are considered on an exploratory basis. Or, typologies can be established in
a confirmatory way by varying model parameters in combinations that theory would suggest will
produce particular patterns.

We follow the second approach in this paper. Guided by theoretical perspectives on
residential segregation drawn from sociology and agent-based models, we specify combinations
of model parameter settings that should, on the basis of theory, generate particular patterns of
residential segregation. We highlight these patterns here for several reasons. One is to establish
that the SimSeg model has the capacity to generate a wide range of segregation outcomes.
Another isto show that the model has the ability to represent conditions and processes identified
by important theoretical perspectives on residential segregation. Finally, this approach aso
demonstrates that the model’s algorithms produce expected results under particular model
parameterizations.

The distinction between patterns discovered inductively and patterns strictly implied by
theory is not always simple. This difficulty is reflected in the present paper, as some of the
segregation patterns documented here can, at this point in time, be described as implied by
theory. However, a an earlier point in time this was not the case. In particular, patterns of
segregation produced by ethnic preferences were first noticed in exploratory simulation analysis
and were not strongly predicted by previous theory. However, their observation stimulated the
development of new theory and the refinement of existing theory such that the generating
principles can now be stated; however, at an earlier point in time they were unknown.

The typology of segregation patterns reviewed here is produced by varying a small
number of factors, namely:

* Areastratification,
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* Minority economic disadvantage,

» Whites preferences for in-group contact,

* Minorities preferences for in-group contact,

» Adjacent neighborhoods are considered in in-group evaluations, and
* White exclusion of minorities.

Each variable is discussed in more detail below. Although the discussion is brief, it
identifies the states the variables take, the relevant body of theory associated with the variable,
and basic predictions for the variable' s effect.

Area Stratification: Low-High

When the variable is set to low, high-quality housing is distributed throughout the city.
When set to high, high-quality housing is concentrated in suburban neighborhoods. This variable
is highlighted in urban-ecological theories of residential segregation, especially the Burgess
“zona hypothesis,” which predicts that status segregation will emerge on a suburban-central city
continuum and will reinforce ethnic segregation when minority groups are disadvantaged in
socioeconomic status. It also plays a role in Hoyt's “sector model” of ethnic segregation, which
hypothesi zes that new, high-quality housing stock usually is built on the periphery of the city and
tends to take on the ethnic composition of adjacent areas.

Minority Economic Disadvantage: Low-High

When thisvariable is set to low, Whites and minorities have identical status distributions.
When set to high, minorities have much lower average socioeconomic status. This variable is
relevant in urban-ecological theory (per the Burgess-Hoyt model described above) and in spatial
assmilation models, which hypothesize that minority segregation tends to diminish when
cultural and economic assimilation occur.

White’s In-group Preferences are Segregation Promoting: No-Yes

When this variable is set to no, White's in-group preferences are zero. When set to yes,
Whites are given in-group targets, which motivate them to seek 90% in-group contact, an amount
that exceeds the group’ s representation in the population (which is 80% in two group simulations
and 60% in three-group simulations). Preferences are central in Schelling’s agent-based model.
Fossett’s (2004a, 2005a,b) extensions of Schelling’s theoretical analysis predict that Whites
preferences for in-group contact will promote White-minority segregation when Whites' targets
for in-group contact exceed the group’ s representation in the city population.
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Minorities’ In-group Preferences are Segregation Promoting: No-Yes

When this variable is set to no, minority group goals for in-group contact are fixed at
zero. When set to yes, minority groups are given in-group targets, which motivate them to seek
50% in-group contact, an amount that is higher than the group’s representation in the population
(which is 20%). Again, preferences are central in Schelling’s model and Fossett’s extensions of
Schelling (Fossett 2004a; 2005a,b). These perspectives generate two predictions: (1) minority
group preferences for in-group contact above group representation will produce White-minority
segregation, and (2) these same preferences will produce minority-minority segregation.

Adjacent Areas are Considered in Ethnic Mix Evaluations: No-Yes

When this variable is set to no, ethnic mix (i.e., in-group presence) is evaluated only for
the bounded area. When set to yes, ethnic mix is evaluated for the bounded area and for the
adjacent areas. The former receives twice the weight of the latter. This variable is relevant in
Schelling’s bounded area model, in al agent-based models that use site-centered definitions of
neighborhood, and in urban-ecological invasion-succession theory. These perspectives al predict
that evaluation of adjacent areas will produce ethnic clustering (i.e., ghettoization).

Whites Exclude Minorities from Majority White Areas: No-Yes
When this variable is set to no, minorities can freely enter magjority White areas. When

set to yes, minorities are systematically blocked from entering majority White areas. This
variable is relevant in discrimination theory which predicts that it will produce white-minority

segregation.
Other Variables

The six variables summarized above represent only a subset of the variables that can be
manipulated in the SimSeg model and, for these variables, only some of the values they can take.
However, asillustrated below, manipulating this small set of variables produces a wide range of
highly distinctive segregation patterns.

Finally, before presenting the results, we note that several important variables in the
SimSeg model are fixed at constant values over al of the simulations reported in this paper.
These variables include the following:

» Status and housing preferences are set to active in al simulations.

» Citysizeisthesamein all simulations.

* Oveall status inequality is set to high in all smulations.

e All residential moves are means-tested.
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e City ethnic mix is the same in al two-group and three-group experiments. In
two-group experiments it is 80% White and 20% Black. In three-group
experiments it is 60% White, 20% Black, and 20% Hispanic.

Simulation Results

The typology of segregation patterns produced by varying the six featured variables in
differing combination is introduced in the figures presented below. Each figure provides a brief
summary of the segregation pattern and a brief summary of the “generating mechanisms’
operating in the simulations depicted. In each case, representative examples of the city landscape
images produced by the simulation design are presented for a two-ethnic-group city and a
three-ethnic-group city. To assist in making comparisons across experiments, Table 1 presents
an overview of the settings for the key variables in each ssimulation, and Table 2 presents an
overview of the segregation patterns produced by each simulation.

Basic Patterns

Segregation measurement theory identifies several different dimensions of residential
segregation (Massey and Denton, 1988). The two most widely studied dimensions of ethnic
segregation are uneven distribution and group isolation. Uneven distribution of ethnic groups is
evident in city landscape images when ethnic group colors (blue, red, and green) are not
distributed evenly. Ethnic isolation is seen when an ethnic group’s color is predominate in some
areas and absent others. Not surprisingly, uneven distribution and isolation often occur together.
But as will be evident in some examples discussed below, they also can vary independently. Two
other important dimensions of segregation, clustering and centralization, also can be easily seen
in city landscape images. Clustering is evident when areas of ethnic homogeneity form a few
broad regions rather than many small areas. Centralization is evident for an ethnic group when it
is concentrated in central areas and is low when the group is concentrated in outlying or
suburban areas.

When segregation is high on three or more dimensions at once, the pattern is termed
hypersegregation. Massey and Denton (1989) report that the condition of hypersegregation is
found in many American cities. It is especially common for Blacks and is also sometimes seen
for Hispanics.

Segregation between socioeconomic groups can aso be seen in city landscape images. In
this case, the patterns involve uneven distribution of shades (lighter and darker) rather than
colors.

Patterns of Segregation from Six Variables

This review focuses on the patterns of segregation that the SimSeg program will produce
when running experiments based on scenarios with varying combinations of the six featured
variables. These “ generative models’ include:

* Random distribution (no segregation by socioeconomic status [SES] or
ethnicity),



TABLE 1 Summary of generating mechanisms and their states across different simulation experiments

White Minority  Ethnic Mix
Ethnic Ethnic Evaluations
Minority Preferences Preferences  Consider Whites
Area Economic Promote Promote Adjacent Exclude
Figure Description Stratification Disadvantage Segregation Segregation Areas Minorities
3 Random ethnic and status distribution None None No No No No
4  Random ethnic distribution in a Burgess zonal city High None No No No No
5 Random ethnic distribution in azonal city with High High No No No No
minority disadvantage
6  Ethnic checkerboarding None None Yes Yes No No
7  Ethnic checkerboarding in azonal city High None Yes Yes No No
8  Ethnic clustering None None Yes Yes Yes No
9  Ethnic sectoring High None Yes Yes Yes No
10  Minority hypersegregation High High Yes Yes Yes No
11 Minority checkerboarding variations None None Yes No/Yes No Yes
12 Minority checkerboarding variationsin a zonal city Yes None Yes No/Yes No Yes
13 Minority clustering variations No None Yes No/Yes Yes Yes
14  Minority sectoring variations Yes None Yes No/Yes Yes Yes
15  Minority hypersegregation variations Yes High Yes No/Y es Yes Yes

qs



TABLE 2 Summary of segregation patterns evident in simulation results2

Low SES- White-  Minority-

HighSES Minority Minority Ethnic
Uneven  Uneven  Uneven White Minority  Cluster White Minority
Figure Description Distrib. Distrib.  Distrib.  Isolation  Isolation  Patterns Centrality Centrality
3 Random ethnic and status distribution Low Low Low Medium Low None Medium  Medium
4  Random ethnic distribution in a Burgess zonal city High Low Low Medium Low None Medium  Medium
5 Random ethnic distribution in a zonal city with High Medium Low Medium Low Low Low High
minority disadvantage
6  Ethnic checkerboarding Low High High High High None Medium  Medium
7  Ethnic checkerboarding in a zonal city High High High High High None Low High
8  Ethnic clustering Low High High High High High A Medium  Medium
9  Ethnic sectoring High High High High High HighB Medium  Medium
10  Minority hypersegregation High High High High High High B Low High
11 Minority checkerboarding variations Low High  Low/High High Low/High None Medium  Medium
12 Minority checkerboarding variationsin a zona city High High  Low/High High Low/High None Medium  Medium
13 Minority clustering variations Low High  Low/High High Low/High High“A” Medium Medium
14  Minority sectoring variations High High  Low/High High Low/High High“B” Medium Medium
15  Minority hypersegregation variations High High  Low/High High Low/High High“B” Low High

a Notes: Minority-Minority Uneven Distribution: In Figures 11-15, “Low/High” indicates “Low” when minority preferences are not segregation promoting
and “High” when minority preferences are segregation promoting. Ethnic cluster patterns: High “A” clusters are SES integrated; High B clusters are SES

zoned. Minority Isolation: in Figures 11-15 “Low/High.”

95
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e “Zona” patterns of status segregation (per Burgess),

*  “Checkerboard” patterns of ethnic segregation,

» “Clustered” patterns of ethnic segregation (ethnic ghettos),

» “Sectored” patterns of ethnic and status segregation (per Hoyt), and
*  “Hypersegregation” of minorities.

In Figure 3, the six variables featured in this study are all set to low values for the
simulations. The city landscapes produced under this scenario exhibit very low levels of ethnic
and socioeconomic segregation. Low levels of ethnic segregation is seen in the fact that White,
Black, and Hispanic households (depicted in blue, red, and green, respectively) are found in all
neighborhoods. Likewise, lower- and higher-status households (depicted in lighter and darker
shades, respectively) are found in al neighborhoods.

In Figure 4, the previous scenario is changed by modifying one setting: area stratification
is set to high. This implements a Burgess “zonal” pattern in the distribution of housing values,
with high-quality housing being more common in suburban areas and low-quality housing more
common in central areas. The change produces a clear zonal pattern of status segregation as
high-status households follow high-quality housing. The zonal organization of status segregation
is seen in the fact that households in the center of the city are of lighter shades (signifying lower
socioeconomic status), while households in the suburban areas are of darker shades (signifying
higher socioeconomic status). The zonal pattern of status segregation produces centralization and
clustering of low-status households. Low-status households are found in central areas, and
central areas form a broad region of lower-status. In addition, high-status households experience
low centralization and clustering, because high-status areas form a suburban ring surrounding the
central city. Significantly, area stratification by itself produces little ethnic segregation. The
different ethnic groups are again found in all areas of the city in roughly population proportions.

In Figure 5, the scenario used in the previous simulation is modified in one additional
way: the setting for minority status disadvantage is changed from low to high. The combination
is often posited to be one that plays a major role in promoting ethnic segregation. The previous
zonal pattern status segregation is again evident in the city landscape images. In addition, thereis
a noticeable but modest increase in ethnic segregation. Suburban areas have higher
concentrations of White households (depicted in blue) than in Figure 4, while central city areas
have higher concentrations of Black and Hispanic households (depicted in red and green,
respectively). Ethnic segregation remains low overall, however, since all ethnic groups are found
n al neighborhoods throughout the city. This result illustrates a finding reported in many
previous studies. the combination of area dtratification and minority status disadvantage
contributes to ethnic segregation but does not by itself produce high levels of ethnic segregation.

In Figure 6, all ethnic groups are given preferences for in-group contact that exceed their
group’s representation in the population. The other four featured variables are set to low states.
The scenario produces a striking pattern of ethnic segregation known as checkerboarding. In
checkerboarding, many small, ethnically homogeneous areas emerge. Significantly, however,
while amost all individua neighborhoods are ethnically homogeneous, the ethnicaly
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Characteristics: No systematic ethnic or status segregation. Distributions are random. (Note, this is different from “exact” even distribution.)
Generating mechanisms: Random assignment of housing values in space. No ethnic dynamics.

FIGURE 3 Random ethnic and status distribution
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Characteristics: Status segregation by SES “zones,” but no ethnic segregation (i.e., ethnic distributions are random).
Generating mechanisms: Area stratification in housing values. No ethnic dynamics.

FIGURE 4 Random ethnic distribution in a burgess “zonal” city
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Generating mechanisms: Area stratification in housing values. Minority status disadvantage. Status dynamics, but no ethnic dynamics.

FIGURE 5 Random ethnic distribution in a “zonal” city with minority economic disadvantage
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Characteristics: Uneven distribution and isolation of ethnic groups, but no clustering or centralization. No status segregation.
Generating mechanisms: Random assignment of housing values in space. Households have ethnic preferences (for immediate area only).

FIGURE 6 Ethnic checkerboarding (uneven distribution without clustering)
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homogeneous areas for a particular group are not clustered together to form large regions or
ghettos.

In Figure 7, area stratification is added to the previous scenario. The combination of
segregation promoting in-group preferences with area dtratification produces ethnic
checkerboarding (as seen in Figure 6), which is overlaid on a zonal pattern of status segregation
(as previoudy seen in Figure 5). The combination yields ethnic segregation and status
segregation as seen in these previous examples. It also yields something not previously seen —
status segregation within ethnic groups. Thisis evident in the fact that individual areas tend to be
homogeneous with respect to both ethnic mix and socioeconomic status as low- and high-status
househol ds within ethnic groups live apart from each other.

The simulations shown in Figure 8 implement a different variation in the scenario shown
in Figure 6. Here all ethnic groups are given preferences for in-group contact that exceed their
group’s representation in the population. In this case, however, households evaluate
neighborhood ethnic mix for adjacent areas as well as for the immediate bounded area. This
change produces a pattern of ethnic segregation characterized by high levels of clustering or
“ghettoization” instead of the checkerboarding seen in Figure 6.

Figure 9 adds area stratification to the scenario used in the simulations show in Figure 8.
The results is a digtinctive pattern of segregation termed ethnic sectoring. By itself, area
stratification produces a zonal pattern of status segregation. By itself, the combination of ethnic
preferences and evaluation of adjacent areas produces large ethnically homogeneous regions.
When these occur together, ethnically homogeneous clusters align across status rings to form
ethnic sectors (i.e., wedges or pie dlices) that begin in the central city and extend out toward the
suburban ring. These sectors are large, ethnically homogeneous regions characterized by a
striking pattern of ethnic-group-specific status segregation. Lower-status households in the
ethnic group are found in the inner-city portion of the sector, and higher-status households in the
ethnic group are concentrated in the suburban portion of the sector.

The patterns seen in Figure 9 begin to approximate the patterns of hypersegregation seen
in many American cities. Ethnic groups are unevenly distributed and reside in large ethnically
homogeneous clusters (ghettos), where they are isolated from other ethnic groups. Minority
centralization/White suburbanization is the dimension of segregation not observed in these city
landscapes.

Figure 10 shows city landscapes produced when minority status disadvantage is added to
the last simulation scenario. The results exhibit maximum hypersegregation as minority status
disadvantage produces a strong pattern of minority centralization and White suburbanization.
The chief difference from the pattern seen in Figure 9 is that minority ethnic sectors are “fatter”
in the central city and do not extend as far into the suburban ring because (due to minority status
disadvantage) minority households are over-represented at lower-status levels and
under-represented at higher status levels.

The simulations presented in Figures 11-15 are all variations on the three-group
simulations presented in Figures 6-10. The correspondence is summarized below.
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In each figure, the city landscape on the right side of the page is the landscape presented
earlier for the three-group ssimulation for the reference simulation experiment. In each figure, the
city landscape on the left side is a new landscape generated by a simulation experiment that
varies from the reference simulation.

The variation implemented is the same in all cases and can be described as follows. In the
experiments reported in Figures 6-10 all ethnic groups are given segregation-promoting, in-
group preferences (i.e, preferences for in-group contact a levels above population
representation). In the new experiments reported in Figures 11-15, only Whites are given
segregation-promoting in-group preferences. In-group preference targets for Blacks and
Hispanics are set to zero (i.e., households in these groups have no preferences for in-group
contact). Accordingly, housing search by minority households will take them to any
neighborhood where they can satisfy their desires for high-quality housing and high-status
neighborhoods, regardless of the ethnic mix of the neighborhood. But, a new dynamic is added to
the original scenario for these simulations — a simulated process of minority exclusion is
implemented. The consequence of this dynamic is that minority households trying to enter
majority White areas are systematically blocked from entering.®

The impact of these changes in the simulation scenarios is easy to summarize. In broad
terms, city landscapes on the left side of the page manifest high levels of White-minority
segregation but low levels of minority-minority (Black-Hispanic) segregation. In contrast, city
landscapes on the right side of the page manifest high levels of both White-minority segregation
and minority-minority segregation. The minority-minority integration in the landscapes on the
left side of the page also leads to lower levels of minority isolation and ghettoization. More
precisely, minority isolation and ghettoization are evident, but levels of Black and Hispanic
isolation and ghettoization are much lower than in the reference smulations.

Conclusions

This set of simulation results highlights an important finding from agent-based models of
ethnic segregation. Thisis the interaction of ethnic preferences and ethnic demography, which in
this case is dramaticaly evident in the impact that minority preferences have on
minority-minority segregation patterns. Schelling (1971) called attention to this interaction, and
Fossett (2004a) has explored it in considerable depth. He offers the following conclusion. The
implications of ethnic preferences for segregation cannot be assessed by examining the
preference itself. One must consider the preference in relation to the ethnic demography of the
city. Preferences for in-group contact become segregation promoting only when the level of
in-group contact sought begins to equal or exceed the group’s population representation. As a
result, groups that are demographic majorities can hold preferences for relatively high levels of
in-group contact without generating ethnic segregation. On the other hand, groups that are
demographic minorities can hold preferences for relatively low levels of in-group contact that
will generate high levels of ethnic segregation. Fossett (2005b) terms this counter-intuitive
pattern the “ paradox of weak minority preferences.”

S This pattern simulates White owners refusing to sell to minority households or systematically favoring co-ethnic
households over minority households.
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The contrasts between Figures 11-15 and Figures 6-10 highlight the fact that agent-
based models of segregation contribute important insights to a more complete understanding of
ethnic segregation. From Schelling forward, segregation research drawing on the agent-based
modeling framework has stressed that agent-based models show that surprisingly complex,
counter-intuitive patterns of segregation can arise from the interplay of seemly simple conditions
and dynamics. The segregation-promoting implications of minority preferences represent a key
example of this fundamental insight. Even today, the broader literature on ethnic segregation has
tended to ignore the role of minority preferences. Descriptive studies of ethnic segregation in real
cities rarely report minority-minority segregation patterns. General theories of segregation are
overwhelmingly geared to explaining majority-minority segregation and give almost no attention
to explaining minority-minority segregation although it is the norm in most American cities.
Agent-based studies thus address an important blind spot in the broader literature on residential

segregation.

The broader literature on ethnic segregation has also tended to ignore a fundamental
insight that orients adherents of the agent-based modeling perspective. Agent-based models have
a strong appreciation of the fact that the implications of particular conditions and dynamics for
segregation may not always be obvious and should never be casually presumed on the basis of
discursive theory and intuitive reasoning. Agent-based modeling adherents believe instead that
discursive theory and intuitive reasoning should be given formal representation and carefully
explored using a rigorous modeling approach. We return to this point in the concluding section
of this paper.

SimSeg AND PEDAGOGY

The segregation patterns presented in Figures 3-15 are compelling and highlight the
educational value of SimSeg’s implementation of agent-based models of residential segregation.
First, as Figure 10 shows, SimSeg is able to produce simulation results that manifest the kinds of
complex, multidimensional patterns of segregation by ethnic and socioeconomic status seen in
rea cities. Thisitself is asignificant modeling achievement.

Second, SimSeg presents these complex patterns of segregation in a form, namely, the
city landscape, that can be easily understood and appreciated by students with little technical
background in segregation measurement. Moreover, while not directly evident here, SmSeg
illustrates segregation principles in a dramatic way by generating these patterns of segregation in
rea time in the classroom. Thus, for example, city landscapes for the simulations shown in
Figure 10 are ethnically integrated at initialization. But when the simulation experiment is run,
the visual pattern of ethnic integration transforms into a striking pattern of maximum
hypersegregation within a matter of seconds. This can be repeated for effect and easily and
quickly compared with simulations using other scenarios that do not produce maximum

hypersegregation.

Third, and perhaps most importantly, SimSeg shows how the complex pattern of
segregation seen in Figure 10 is built from the interaction of severa separate dynamics. If any
one of these dynamics is removed from the simulation scenario, something less than maximum
hypersegregation is produced. This kind of demonstration simply cannot be accomplished using
data for real cities. The reason for this, of course, is that the states of the crucia factors
contributing to segregation patterns in real cities are “naturaly occurring” (in the sense of
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beyond the investigator’s control). They cannot be manipulated by outside observers, and many
combinations simply never occur.

In our opinion, simulation analysis presents the best alternative for exploring the effects
of these separate dynamics and demonstrating how they come together to create complex
segregation patterns.

Multivariate statistical analysisis the chief method used to assess the effects of different
factors on segregation outcomes in the social scientific literature. But it is not a viable alternative
for instruction. For one thing, it is difficult for undergraduate students to understand the results
of such analyses. Lectures and readings must emphasize statistical analyses of multiple
guantitative indices of segregation (to get at the multiple dimensions of segregation), which to
undergraduates are technically challenging and hard to interpret. Similarly, the notions of
statistical control and interaction effects, crucial to a full explanation of the dynamics involved,
are unfamiliar to most undergraduates. Finally, and perhaps most important of all, many
combinations of settings for the factors involved never occur “naturally,” so statistical analysis of
observational data on real systems simply cannot provide a basis for assessing the independent
contributions of these factors and their interactions with other factors.

Theoretical analysis is the other mgjor alternative for instruction, but it is inferior to
simulation analysis on severa counts. The relationships involved are complex and, at least to
date, have defied theoretical deductions and “proofs’ of complex effects. This, of course, is the
type of situation where ssmulation analysis provides an important option for theoretical analysis.
Theoretically relevant conditions and processes can be implemented and manipulated within a
simulation program and the implications of the complex model can be assessed inductively by
observing the results generated by the model.

To summarize, SimSeg is an attractive pedagogical tool for several reasons. The
constructs and algorithms in SimSeg reflect the key conditions and dynamics identified in
sociological theories of segregation. SimSeg provides a means for exploring these theoretical
perspectives in “real time” in the classroom setting. SimSeg gives students the opportunity to
engage in empirical research and test hypotheses about residential segregation. SimSeg exposes
students to the power of using experimental methods to test ideas against empirical evidence.

THE STANDING OF AGENT-BASED MODELS OF SEGREGATION

Agent-based models have generated important theoretical insights about the dynamics of
residential segregation in urban areas. As noted earlier, Schelling (1971) introduced the best
known and most celebrated example of agent-based models of segregation. Today, more than
three decades past the date of initial publication, his theoretical analysis drawing on agent-based
models stands as a key contribution to understanding of how micro-level residential choice
behavior can produce complex aggregate-level patterns of ethnic residential segregation. The
Schelling model has been influential across many disciplines, including sociology, economics,
demography, political science, geography, and socia psychology. It is routinely cited as an
exemplar of how seemingly simple, micro-level behavior can produce nonobvious emergent
structure in spatial networks (Clark, 1991, 1992; Epstein and Axtell, 1996; Krugman, 1996;
Young, 1998; Wasserman and Y ohe, 2001; and Macy and Willer, 2002;) are among the many
scholars and researchers who have explored different aspects of Schelling’s model and endorsed
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his conclusions that spatial integration is a surprisingly fragile condition and that high levels of
segregation can occur even when no individual in the population wishes to reside in the type of
ethnically homogeneous neighborhoods found in highly segregated cities.

Theoretical insights derived from agent-based models are celebrated by many, but their
influence in the broader theoretical and empirical literatures on residential segregation is mixed
at best. Notable scholars (e.g., Clark, 1991, 1992; Thernstrom and Thernstrom, 1997; and
Glazer 1999) have argued that Schelling’s work has important implications for social science
understandings of ethnic residential segregation. In the main, however, it is fair to say that agent-
based modeling efforts have been viewed with skepticism by sociologists, geographers, and
political scientists. Thus, for example, important surveys of the field (Massey and Denton, 1993;
Yinger, 1995; Charles, 2000, 2001, 2003; Farley et al., 2001) severely discount the relevance of
Schelling’ s theoretical work for understanding segregation in the real world.

What accounts for this situation? It is not weakness in Schelling's theoretical analyses,
they have withstood the test of time. The few scholars who have criticized Schelling’s preference
models of residential segregation (e.g., Massey and Denton, 1993; Yinger, 1995; Krysan and
Farley, 2002) have not offered any formal critiques of his mathematical or simulation models.6
Their critiques have instead relied on discursive reasoning and a variety of arguments that the
Schelling model is not relevant for “real world” segregation patterns because it is too abstract,
too simplistic, and too artificial.

One might respond that this type of criticism of Schelling, and agent-based models of
segregation generally, is rooted in a view that places little value on the task of building
theoretical models with rigorously grounding in basic principles. Thereis at least circumstantial
evidence to support this view. Social science research on residential segregation is highly
developed in the area of description and documentation of macro-level patterns of segregation
and the micro-level dynamics that are involved. But it is severely undeveloped in the area of
forma modeling frameworks that tie micro-level dynamics to macro-level patterns in rigorous
ways. Thus, there is a clear tendency for segregation researchers to emphasize description over
model development.

Nonetheless, agent-based modelers are not free of responsibility for this situation. One of
the limitations of this literature is that agent-based modeling efforts are largely divorced from the
broader theoretical and empirical literatures on residential segregation. Agent-based modeling
efforts rarely use measures of segregation that are standard in the broader literature. They often
make modeling choices (e.g., implementing city landscapes as a torus), that unnecessarily
weaken the correspondence between model systems and empirical systems, often for reasons that
are obscure if warranted at all. As a result, agent-based studies appear strange and artificial to
conventional segregation researchers, and theoretical insights derived from agent-based models
have been viewed with skepticism by most sociologists.

The SimSeg model seeks to address at least some of these problems and achieve closer
integration of agent-based modeling traditions and conventional traditions of research on

6 A recent study by Laurie and Jaggi (2003) purports to identify significant problems with Schelling's insights
regarding segregation dynamics. But Fossett and Waren (2004) show that Laurie and Jaggi’s modeling approach
and conclusions based on it are flawed. Fossett and Waren also show that when the flaws in the Laurie and Jaggi
modeling approach are corrected, the results provide strong support for Schelling’s position.
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residential segregation. As noted earlier, SimSeg combines the core elements of the Schelling
model together with elements of important theories of urban-demographic spatia structure. The
model draws on standard measures of residential segregation and makes it easy to compare
results from simulation analyses with results from traditional descriptive analyses of segregation.

The interaction between traditional researchers and researchers drawing on agent-based
modeling frameworks need not be antagonistic. Indeed, there are many reasons for anticipating
productive exchange and debate. A good simulation model must embody sociological theory and
knowledge and thus rests on the identification of basic constructs, conditions, and behavioral
processes relevant to residential segregation. Consequently, agent-based modeling needs to draw
on the broader empirical literature on segregation, including both quantitative descriptive studies
of segregation patterns and quantitative and qualitative studies of the dynamics involved in
segregation. Agent-based modeling efforts can stimulate the broader literature because model
building requires development of forma representations that can be implemented in
unambiguous ways in the context of a model. The task of model building thus exposes
conceptual ambiguity and gaps in knowledge. In addition, the representations of theory and
assumption in concrete ways in simulation models invites criticism and productive debate.

We offer SimSeg in precisely this spirit. The model incorporates insights and approaches
taken from agent-based modeling traditions. But it also seeks to represent constructs and
dynamics not previously examined in agent-based studies. The SimSeg modeling effort should
be seen as a significant step forward but hardly the last step along this pathway.

Finally, and perhaps most importantly, the SimSeg project strives to make agent-based
models accessible to broader audiences that are not versed in the technical details of the
modeling framework. SimSeg’'s user interface alows students to explore basis insights from
agent-based modeling perspectives, without initialy having to directly confront the more
difficult conceptual and practical issues that occupy the attention of agent-based researchers.
Agent-based models yield compelling insights about segregation dynamics. We believe SimSeg
can be an important tool for bringing these insights to larger and broader audiences.
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SYSTEMS DEVELOPMENT LIFE-CYCLE METHODOLOGY
FOR AGENT-BASED MODEL DEVELOPMENT

R.L. SIPE,* New Science Partners, Houston, TX

ABSTRACT

Systems development life-cycle (SDLC) methodologies are used to plan and execute a
wide variety of software development efforts, ranging from traditional custom
applications to rapid applications using prototyping. Consultants use SDLC
methodologies in the commercial delivery of their services to show their how they can
plan and execute software development while properly controlling scope and cost. As
agent-based models (ABMs) take their place in the list of capabilities of custom software
development companies, a variation on the traditional SDLC methodologies will be
needed to control the ABM development process. This paper presents a methodology for
developing ABMs that defines the phases, activities, and deliverables of the process. It
also provides some insights and comments on favorable circumstances for the application
of an ABM and the nature of the dial ogue between the developer and the client.

Keywor ds: Agent-based modeling, systems devel opment life-cycle methodology, SDLC,
project management

INTRODUCTION

All of us at this conference believe in the future of agent-based models (ABMs). To
some, ABMs represent a paradigm shift in the way we see human systems of all sorts that will
lead to a revolution in the way we understand and manage our way in the world. To others,
ABMSs represent the latest generation of modeling techniques — more efficient and effective
than the last generation.

If correct, over the next few years, in order to apply these models in business, we will
increase our knowledge of how to create them; refine their capabilities and sophistication and
what they can tell us; and move out of the research and development (R&D) phase of our
experimental efforts and into the world of standard business systems, in which embracing the
concepts and utilizing the capabilities of ABMs will become the standard, not the exception.

Along the way, the size and complexity of the projects that create the models will
increase with the size and complexity of the modeling objectives, and we will find ourselves
(indeed, we aready find ourselves) facing a problem of structure and organization that precisely
paralels the issues that have always faced computer application development projects, namely,
how to manage and control the systems development life cycle (SDLC).

This paper presents an SDLC methodology for ABM development, in the hope that such
an effort will contribute to the ongoing dialogue on the issue among the modelers. That dialogue

Corresponding author address. Rod L. Sipe, New Science Partners, 4119 Shady Springs Drive, Seabrook, TX
77586; e-mail: rsipe@houston.rr.com.
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may lead to a heightened awareness and understanding of the fundamentals of large-scale
application development projects and, perhaps more important, of the standards and practices
already in place in corporate America for those projects. If we are lucky, we will have to deal
with those standards as the capabilities and popul arity of the discipline gradually work their way
into the best practices of critical decision makersin business.

BUSINESS CASE FOR AN SDLC METHODOLOGY

| first participated in complexity-science-based systems development projects as liaison
from Ernst & Young's consulting practice to Biosgroup, Stu Kauffman's company. Kauffman is
fond of comparing the behavior of a deregulating industry to the Cambrian explosion in the fossil
record, citing the parallels in the proliferation of candidate solutions to the new paradigm and in
the gradua winnowing away of the suboptimal to a steady state of winning solutions (Kauffman,
1995). Like the early efforts in a deregulating industry, we are in the early stages of an
investigation of the nature and capability of ABMs and of our ability to build them effectively
and efficiently. We are operating in an R&D mode, in which the project of building the model is
as much a research effort into the feasibility of the application of the science as it is a systems
development project. Our customer to date has been the “visionary,” as defined by Geoffrey
Moore in Crossing the Chasm (Moore, 1991). Whether the visionary is a corporate finance
executive frustrated with his inability to set effective risk management policy or a hard-bitten
operational manager faced with multi-million-dollar scheduling decisions on a daily basis, he
sees the world as it could be and is willing to invest in our research just in case we might be able
to improve his bottom line. To the visionary, who is used to big bets, the risk of the investment is
justified by the potential of the payoff. My first big project with Biosgroup was the devel opment
of an ABM for a natural gas pipeline. It modeled the pricing mechanisms of natural gas at a
physical pricing point in Louisiana called the Henry Hub. The funding came from the marketing
department, to whom the prospect of a strategic advantage was well worth the investment.

In the introduction to It’s Alive, Christopher Meyer and Stan Davis say, “ Our information
systems themselves will become adaptive — otherwise, our businesses cannot be. By the end of
the decade, business management, information systems, and biologica concepts and
technologies will converge around a common view of how change happens’ (Meyer and Davis,
2003). This theme of seeing the organization as a living, breathing being rather than a Newtonian
clock, as you are well aware, has been gathering momentum for some time. From Peter Senge’s
learning organization (Singe, 1990) to Margaret Wheatley’s “zeitgeist of interconnectedness’
(Wheatley, 1999), the notion of harnessing the power of ABMs to model the behavior of the
organization is well formed in the minds of the visionaries. As usual, the concept is fully
articulated far in advance of the reality. Whether ABMs will indeed fulfill their promise as the
thinking engines of a whole new generation of systems that are able to adapt themselves to the
environment or will go the way of artificial intelligence remains to be seen. | believe that the
effectiveness and efficiency of the development projects themselves can be a very positive factor
in the ongoing success of the effort, lending credibility to ABM development in the eyes of our
“investors,” those who would risk their software budgets on our efforts. And that depends, in
part, on the method.

In Crossing the Chasm, Moore acquaints us with how information-systems-based
products are born with a model he calls the “technology adoption life cycle” model. In this
model, “innovators’ and “early adopters’ put up with the fits and starts of an R&D approach in



81

which one of the legitimate outcomes is “it didn’t work,” in order to get what they want. They
are the means by which a software product is born, but they do not constitute a large enough
market to sustain success. To reach alarger market, the entrepreneur, armed with his product and
the innovator’s endorsement as a happy first customer, must cross Moore's chasm and do battle
with a very different sort of a buyer, the “pragmatist” (Moore, 1991). Wrapped in the cloak of
corporate custom and heavy with the responsibility of “due diligence,” the pragmatist is the gate
keeper of corporate funding. He wants to see your work plan. He wants to tak to a happy
customer. He wants it on time and within budget, and he wants to know exactly what “it” is.
Even in the earlier stages of development while the visionary is still working on an R&D basis,
the visionary is often “shadowed” by the corporate technology control network, busy ensuring
the standardization and interoperability of all corporate software products and services,

It is through this portal that the funding for the realization of agent-based modeling
(ABM) lies. As we get better and better at modeling; as our track record improves; as we enjoy
mass exposure for early, significant successes, as our object libraries fill up with standard
customer behavior entities and blind auction modules; as our interface engines evolve, combine,
and connect; as our software moves from custom, one-of-a-kind, stand-alone modules to
integrated, corporatewide, rea-time systems— one of the enabling technologies of this success
will be the methods and standards that govern the development process.

Further, because the project in question is one that attempts to do something that no one
has ever done, the customer has a reason to be nervous about its outcome and will require even
more hand-holding during the process than is usual.

So, the business case for an ABM SDLC methodology is simply the need to put what we
want to do into aformat that is recognizable by those who have to pass judgment on it (and who
are often responsible if it is out of specifications), to keep them informed during the process, and
to give them the comfort that we are conducting our business in a disciplined way and are not
going to embarrass them with that thing most feared: a “problem” project that is over time or
budget or, worse, ineffectivein its results.

TECHNICAL CASE FOR AN SDLC METHODOLOGY

In my 30 years as a practitioner of application development, | have participated in
countless methodology training sessions and seminars and have been a principa in the
development and deployment of methodologies from four full generations of thought on the
subject. In al those years, | still come back to 1975's The Mythical Man Month by Frederick
P. Brooks, Jr., as the best book ever written on the subject of large-scale systems development
projects. Now out in a 20th anniversary edition with four new chapters, it still reminds me of
what | once knew but had forgotten.

The heart of much of the technical miscommunication between the pragmatist buyer and
the model developer, when it is there, is described in the text on the “programming systems
product” on the very first page of Brooks (1975). He identifies a program, which is “complete in
itself, ready to be run by the author on the system on which it was developed,” and three
escalations of that state. The first is a “ programming product,” which is “a program that can be
run, tested, repaired, and extended by anybody.” The second state, a program improved in a
different direction, is a “programming system,” which is “a collection of interacting programs,
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coordinated in function and disciplined in format, so that the assemblage constitutes an entire
facility for large tasks.” The happy marriage of “program product” and “program system” yields
the third state, “programming system product,” which the author notes costs nine times as much
to develop as does the program.

It is my observation that the developers of ABMs are often writing programs, the
customers are often expecting programming system products, and the lack of some fundamental
best practices within the project sometimes delays the discovery of this miscommunication until
it has escalated into amajor problem.

It's fine to just be writing a program. As a matter of fact, as we shall see in the
methodology, that’s exactly what must be done in the prototyping phase, to prove the concept
before real money is provided for its development. The point is that descriptions of the
deliverables that are early and effective are much less likely to be misinterpreted by the customer
and are one of the primary objectives of a good method.

Because of the parallel between the methodological needs of ABM development projects
and of traditional systems development projects, it is fair to say that al the problem areasin the
latter apply to the former. Project planning, work plan development, project team training,
scheduling, requirements gathering, module design and testing, data architecture development,
training, and implementation — al are traditional areas of focus and deserve the attention of the
ABM developer. Like its traditional counterpart, the ABM development project is susceptible to
delays and missed deadlines. While these project execution issues are items of interest and
concern to the ABM developer, who is focused on perfecting the application of the science, they
are items of ominous portent to the pragmatist project controller, focused on controlling the
scope of the project.

In addition, whereas the developers of a new accounts receivable system start the project
with a common understanding of what one of those systems does, the ABM development project
team must add the burden of the conceptual development of how the model will work in the real
world, what it will do, and how that will be better, to the already lengthy list of things that must
be attended to during the project. This puts a particular emphasis on a skill set that is usualy a
minor sidebar in a traditional project: facilitation. One does not need to get a group of subject-
matter experts together to discover the fundamental concepts behind accounts receivable; the
concepts have been well documented for 400 years or more. However, if you are building an
ABM of the pricing mechanism of the Henry Hub, you do have to get a group, because no one
has ever done that before. In my pipeline project example, it took several intensive group
sessions with the executives of the company to get closure on the fundamentals of the design of
that system, far longer than would have been necessary in a traditional development project.
Each executive had his own opinion, forged in the fire of his personal experience, about a matter
that was central to the success of the company. Identifying the agents, their environment, and
their behaviors became a war of wills within the executive camp, with implications that went far
beyond the model itself. Had we not prepared the customers for this eventuality, they might very
well have taken it as evidence that the model was not feasible rather than a natural consequence
of the cresative process.

Variances in the work program like this are not a problem if you have anticipated them
and prepared the customers for the effort. They become a problem only if you let your customers
compare the project to their only frame of reference, the traditional project, and if you don’t
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point out to them the ways in which ABM development differs. In summary, from a technical
point of view, an ABM development project has all of the old issues plus some new ones, and the
keys to success are to educate the customer about what those differences are, keep the customer
informed about the status of the project, and do a good job of scheduling and executing the tasks
that are necessary.

METHODOLOGY

Origins

The need for a methodology to control the ABM development process emerged
immediately when | became involved with the discipline during my first few major assignments.
The methodology was not, and is not, an effort to control the creative process of the developer
but rather to align the development process with the expectations of the customer, a customer
who is used to doing business in a certain way as it relates to controlling software projects. The
fact that a good methodology is all about collecting and using the best practices of the discipline
to make development more efficient and effective is a beneficial, but secondary, objective.

My interest in the development and formalization of a methodology has increased in
recent years because of the changing nature of the customer. Winning key assignments with very
sophisticated objectives and big budgets in my current work with NuTech
(www.nutechsolutions.com), Biosgroup’s successor, when each assignment has been more
integrated with the business (and therefore the “line” organization) than the last, has brought the
need for this sort of a formalized method out of the “nice to have” category and into the “must
have” category. Because of this growing need, over the last year, | have formalized a
methodology for a systems development project that is based on the application of complexity
science. Attachment 1 provides alevel 1 process model for this method. Because the assignments
often employ a variety of techniques drawn from complexity science, the method is not specific
to ABM development, although many of its applications have, in fact, been ABM development
projects.

In the spring of 2002, as | was launching New Science Partners, | attended the conference
called Capturing Business Complexity with Agent-based Modeling and Smulation: Useful,
Usable and Used Techniques at Argonne National Laboratory. Here | saw Michagl North's
excellent presentation entitled, “The ABMS Paradigm,” in which he presented a “high level
visual roadmap of ABMS development and use” (North, 2002). With North’s permission, | have
included some of the features of his paradigm, particularly with respect to his steps in the
attribution of model behavior. These help bring my generic model down to a specific application
of ABM development. Attachment 2 is an excerpt from Michael’s presentation that presents an
overview of his method.
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Attachment 3 is an analysis of the components of the two methods, which told me, in
part:

* My entirefirst phase was an expansion of North’sfirst step.

We were in general agreement about the steps in model development, but
North’s model provided a clearer explanation of the entity identification and
attribution steps and of the creation of the global environment in which the
entities would operate.

* North's “use phase” was, in general, the same as my “model application
phase,” but my phase extended into the first level of results feedback from the
initial application of the model.

* North’s model had some of the flavor of “build a capability, then see what
business problems we can solve with it,” whereas mine had more of a flavor
of “prove to me up front you can make this thing work, and maybe I'll give
you the money to try.” This caused me to move some of North's
“experimental design” step (the first one in his ABMS use phase) all the way
up to my prototype phase.

* My “integrate model into production” phase was in need of detailing because
it was where the standalone models finally found their way into the corporate
mainstream and it was outside of the scope of North’s method.

Also, because of my experiences with the actual application of this method, | have broken
the model development phase into two activities: “baseline model development” and “model
refinement.” This is a concession to an orderly management of the process that the business
community can understand and help us execute. | wanted the basic operation of the model to be
in hand before the sophisticated work of detailed attribution got under way, and this two-step
approach accomplished that objective.

In addition, this exercise led me to the redlization that there were several different
potential definitions of a successful project, depending on what the model was being asked to do
and by whom the model would be operated. This led me to Attachment 4, which is an
identification of five different levels of deliverables. The proof of concept, baseline model, and
refined model levels are all required to deliver an “expert interpretation” system, but additional
work is required to escalate that deliverable to the decision support or “integrated production”
level.

Overview of the Five Phases
Attachment 5 is an overview of the five phases of the SDLC methodology, which are
governed throughout the project by a set of activities that manage the project, control change,

and maintain the client relationship.

Phase 1, proof of concept, includes the initial identification of a “business value
proposition” in which the modeler and the customer conspire together to find an application for
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the science in business and describe the application and its potentia value to the business. The
model developer then creates a prototype, the purpose of which is to test the feasibility of the
objective and conclude whether the application of the science has a reasonable chance of
achieving the business value expected.

Phase 2, basic model development, defines the architecture of the model, including any
development tools that will be used in its creation, and builds the initial model. Since the
identification of the agents in the model and the attribution of behavior to them are such
fundamental features in the process, Phase 2 attempts only to “stub in” the agents, describe the
landscape of their environment, implement their basic interaction with that environment and each
other, and “baseline” the model for further development. Because of this approach, it is easier for
the business community to see if we have the fundamental relationships right, before the model
is clouded with subtle and sophisticated interactions.

Phase 3, model refinement, asks for the participation of the business community to help
bring the attribution of the behavior of the agents up to a“significant” level, meaning that we can
begin to see real-world-like interactions in the execution of the model. This phase, in my
experience, is where the model must gain the confidence of the business community. It is
iterative and intensive and, when successful, leads to a growing customer confidence that the
model will have rea value in the business.

Phase 4, model application, is always the first mode of operation, regardless of the
ultimate plans for more sophisticated implementations in the future. In the hands of subject
matter experts in the customer’s organization, the model is loaded with production data, the
model attributes are set, the model is iterated, and the results are analyzed for business
implications. Feedback loops lead back to the model refinement phase for finding errors and
making enhancements to the model. An investigation of the business consequences of applying
the model’ s results compl etes the phase.

Phase5 is model integration. Phase4 may be the end of development, in that a
stand-alone module run by a specialized subset of the business community may have been the
objective all along, or Phase 4 may be a proving ground for further escalation of the use of the
tool to include automatic interfaces or a wider user community. In either of these cases, model
integration is the process of aligning the model with the production system standards in place in
the organization, and includes the modifications required to make the model, in the words of
Brooks (1975), a“programming systems product.”

Project Management

Project management is an ongoing effort throughout the project to control the SDLC
process in a businesslike manner, thereby increasing our probability of success and, just as
importantly, keeping those who control our funding happy. It consists of three components.

The first component, project management, is the total of our efforts to plan the project,
develop schedules for executing it, staff those schedules with our own and customers’ personnel,
gauge and report progress on a regular basis, and make adjustments to the project plan for any
number of unanticipated events and distractions that will threaten the project during its lifetime.
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The second component, change control, is a formal system in which the excellent ideas
about what else we could do that are offered by everyone during the project are duly recorded for
posterity. They are included in the project only when the specific permission of the customer,
fully knowledgeable of the cost and time implications of the inclusion, has been given. This
preserves the relationship between the cost of the project and the scope of the project.

The third component is customer relationship management. Since ABM development is
not the same as accounts receivable development, particular attention must be paid to
maintaining a clear, open, and frequent line of communication with the customer. From the
funding authority, through project managers, down to the actual members of the project team,
frequent, frank, and informative communication of the project status is necessary to keep
everyone “on the same page.”

PROJECT ORGANIZATION

Project Organization Chart

Attachment 6 is a typical project organization chart for an application development
project. The need for a formal process and data integration grows with the number of detail
teams running in parallel. In a small project, the project manager usually performs both of these
roles, but in a larger one, the two roles are required to keep the design/development teams
coordinated.

Design Session Facilitation

As | mentioned earlier, because of the exploratory nature of the ABM development
project, facilitation is far more important here than it usually is. It isan art in itself and supported
by much literature. A good facilitator is worth his weight in gold when toiling away all day to
extract the fundamentals of the business out of a room full of headstrong department heads, each
with a hidden agendathat usually doesn’t have anything to do with the project. Further, it isnot a
skill that iswidely practiced, particularly in the development community.

Because the attribution of the agents in the model can be an iterative process, the busy
customer may tire of repeated requests for dialogue on the subject or, worse yet, stop returning
our phone calls (he has a railroad to run, you know). It is incumbent upon us to use his time
wisealy, extract as much information as possible at each session, consolidate and remember the
results of Session 1, and make sure that Session 2 moves us forward and doesn’t just go over
Session 1 again. A solid approach to facilitation will ensure a happy customer and get closure on
the critical information-gathering tasks in the design phase.

SUMMARY

Obvioudly, | have presented the framework for a methodology, and it falls far short of
providing the level of detail and depth of content that a formal SDLC method contains, whether
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itisaninternal standard at amajor corporation or a standards package offered for sale by a major
software organization.

My motivation for developing this framework is that the lack of its existence has, on
occasion, caused difficulty and miscommunication between an eager customer and a talented
developer who happened to be working on an application of ABM that promised to be a rea
advancement of the science. It seems that the larger and more important an opportunity is, the
more likely it is that issues would arise among the customers, technical community, and
developer, thereby taking energy away from the objective and sometimes dampening the
momentum of the effort.

Understanding and being able to present our processes in the native language of the
customer, so that he is comfortable with our approach and can focus on more important things, is
just good business, particularly when that business is the furtherance of a discipline that al of us
believe will become a very important one in the years to come.

Finaly, many of you may well have begun your own efforts in methodology, and
| welcome your comments and offer you this model as a contribution to that effort. | continue to
expand this methodology. Currently, 1 am working on definitions and best practices for the
project management components, and | already have detailed process models of the phases.

The best use of a methodology, in my opinion, is not as a cookbook, in which every step
must be observed, but as a library, from which those things that are important to the effort at
hand are extracted. If nothing more, use this SDLC methodology as a checklist. Ask yourself if
you have done the task, and if not, why not? And it doesn’t have to be a huge tome to be
effective. A simple memo to your customer citing your understanding of an important issue may
well uncover fundamental misconceptions, easily corrected in the short term but much more
difficult to unravel on the day that the model is delivered.
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DISCUSSION:
MODEL DEVELOPMENT METHODS
(Thursday, October 7, 2004, 11:00 a.m. to 12:00 p.m.)

Chair and Discussant: P. Sydelko, Argonne National Laboratory

SimSeg and Generative Models: A Typology of Model-generated Segregation
Patterns

Pam Sydelko: I'd like to begin by saying, “Wow!” The two speakers this morning
[Burkhart and North] have really set us up and started the juices flowing. | don’t know about
anybody else, but not only have they shown where so much promise is, but they aso have laid
down a gauntlet for how challenging it's going to be to get there. One of the issues | think is
really important, as a nonprogramming modeler, is the trend I’ ve seen this morning — that we
need to do whatever we can to make things more intuitive to those people who might not know
how to put everything in a code base. When we look at this meta-modeling-type approach,
getting all the way there may not be necessary, but getting closer would certainly be nice. | like
the trend that I’ ve seen in the two talks this morning.

This morning we're going to start with the “Model Development Methods’ session. We
have two speakers. We're going to start with a talk by Mark Fossett caled “SimSeg and
Generative Models: A Selected Typology of Model-generated Segregation Patterns.” Mark is
from the Department of Sociology at Texas A&M. It's interesting in the model development
session that we're taking some of these things out of the research and development arena and
trying to push them into other arenas — in this case, into education — giving people the ability
to test theories by using these kinds of models. | think it’s very interesting. So I'll hand it over to
Mark.

[Presentation]
Sydelko: Are there any questions or comments? Y es, Tom?

Tom Howe: First, | want to commend you for doing this work. | think thisis what Mike
[North] was talking about when he said that we need to get models out in a more public way so
that people can explore them and start to understand what they’ re doing. This is exactly what he
was talking about: give students the chance to play around with their underlying assumptions
from the perspective of the theoretical ideas that have gone into it. In light of that, | wonder if
you plan on bringing other social theories into this model, such as institutional memory, for
example, because you start with a somewhat unrealistic perspective that everyone is purely and
completely integrated, instead of having some sort of institutional memory.

Mark Fossett: In the test bed, we have that, and we have to deal with a handful of very
important, real-world problems. One is that if we develop atool, we ask ourselves if somebody
will use it. We're getting feedback from the field that people are using it in the classroom. We're
trying to find out how far the students can go with thisin a given class and how many ideas they
can put in front of students and fed like it's being effective. We're getting two kinds of
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feedback: oneisto give people more realism, more detail, institutional memory. Thisis a starting
point where the segregated world is something we can do and may with the next grant try to do
that and some other things. On the other hand, people are aso telling us that they’ Il use thisfor a
week or two weeks, and in the context of that time frame, be able to explore about six ideas.
Someone in class or somebody writing a thesis or dissertation would go a lot farther with it and
really zero in on that. We have alist of things that we' ve accumulated by going through feedback
from workshops we' ve conducted and from people using the program. We're trying to prioritize
that list and add more things.

Craig Stephan: I'd aso like to commend you on the work you’ve done. It seems like a
very interesting tool to get into the business of ABM. I'd also like to reference Michael North’'s
talk. | forget which ‘E’ it was, but he talked about the idea of showing individual interactions.
This seems like an ideal vehicle for doing something like that. Could you, in fact, have a segment
where you could watch an individual agent make a decision about where to move or how to
exclude somebody or whatever, to show what’s actually going on?

Fossett: We can't do that at this moment. This is definitely a very intriguing idea, and
| can see the merit of that, so we'll be taking notes and discussing how feasible that is. I’ve only
shown you a few model outputs. We have outputs where you can look at individuals and see
what their preferences are and what kind of neighborhood they’re currently living in. You get
some unusual things, such as somebody saying that they don’t care about the ethnicity of their
neighbors, yet they live in a neighborhood that’s ethnically homogeneous. We have the ability to
do a little bit of that, but not with the sophistication you're talking about. That would be really
attractive though.

Sydelko: We have time for one more question.

Brian Pijanowski: I'm interested in how you actually get the students to work with the
software. What is the classroom environment like? Are they doing individual work with the
model, or are they working in small groups and teams? How do you give the assignments, and do
they work outside the class?

Fossett: All of the above. We have faculty from universities, a handful of universities
around the country, who are using it, and I’ve used it for years and have pestered some other
people into using it. Sometimes their students do very simple exercises using support materials
that we've developed that guide them through running six quick-start scenarios and writing up
what they saw. We also guide them through building a simulation and reporting the results —
hypothesis testing and so forth — and they may work individualy or in groups. That's an
instructor’s decision. But the software is so easy to use that you could ask people to work
individually, and it would not be very difficult; it would not require a high level of support.

Pijanowski: Just to follow up. I’ ve introduced tools into the classroom before, and you
always have the group of students that just take it and run with it. They come back to you with
things that you never thought about. There's also another group of students that just are terrified
of the computer — terrified of technology or very suspicious of it. You've also got a large
population of studentsin the middle that are just a little clumsy. They can do some things with it,
so I'm wondering whether your experiences have been similar in your classes.

Fossett: Yes.
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Pijanowski: How do you actually solve that where you ....

Fossett: | won't ask my students if I’ve solved it, but | feel like | have something quite
workable. That is, | have structured exercises that | make everyone do. They're fairly
straightforward, and you can give the students the actua list of instructions, the quick-start
scenarios are great for that. | ask them to contrast this one against that one, and then reflect on
what that could mean for the model and then for social reality. | also offer the opportunity to do
term papers or extra credit projects for those people who want to take it and run with it. | just try
to work with two audiences, but | want everyone to use it directly. In some cases, for example,
one task might be with generative models. | might show them an outcome, and then, without
giving clues, | might say that there are basic components that they can manipulate. | ask them to
find a combination that generates an outcome like this, and then ask them to tell me. So it’slikea
little scavenger hunt. The options are restricted enough that they can play with them to do it.
When the software is set up and installed, the interface, thanks to the work at Amber Wave
Software and Richard Senft’s team, the feedback we're getting, is that no one worries about the
difficulty of using it. | have had students who put the CD into the crack between the CD drive
and the 3.5-inch drive. They need support, but for the people who can get it in the slot, the menus
are easy enough to use, and with a little bit of support, they’re going to do okay. We're rea
pleased with that.

Sydelko: Thanks Mark. | would like to also say that | think Mark’s work is very
important because one of the things we talk about is the challenge of trying to get these
technologies useful to decision makers. Certainly one way of doing that is to hit the future
decision makers, making them comfortable with these kinds of tools and letting them see how
they might be useful. So | think thisisreally astep in the right direction.

Systems Development Life-cycle Methodology for Agent-based Model
Development

Pam Sydelko: Rod Sipe is how going to talk about “Systems Development Life-cycle
Methodology for Agent-based Model Development.” Rod is with New Science Partners. When
| read his paper, | found it interesting that he, too, is in an educational mode because one of the
things he sees as challenging about agent-based modeling and to some traditional types of
software development cycles is educating people on what it means and what it does. I’'m hoping
he'll touch on that a bit, too.

Rod Sipe: Thank you. I'm also alittle bit out of water. It is a tribute to Michael North's
eclectic personality that he invited me to make this speech. I'm a retired Ernst & Young
consulting partner and spent my entire career building systems for corporate America. | spent
30 years in corporate America, cruising the halls, trying to understand what those people were
saying and what they meant, building very large systems — $400 million worth of
implementations over 20 years at Ernst & Young, with 20- and 30- and 40- and 50-people
projects that lasted for three, four, five, and six years, which is an interesting environment and
one that causes you to have to go to school on the way corporate America behaves, particularly
in the IT substructure.

The connection to complexity sciences at the end of my tour of duty at Ernst & Y oung,
| was fortunate enough to get involved with Chris Meyer, director of the Center for Business
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Innovation in Cambridge, which was Ernst & Young's think tank and their development and
creation of the Bios Group, which was one of the early for-cash ventures out of the Santa Fe
Institute. So my proudest designation is probably that | still hold the post of lead guitar in
Stu Kauffman's after-hours blues band called the Strange Attractors. | spent a considerable
amount of time with them, and I'm still aligned with NuTech, which is the company that bought
the assets of Bios Group, and Stu is on the board of directors, along with Bob MacDonald.

So the social dynamic in terms of this talk is the relationship between the developer and
the customer. New Science Partnersis my company. I’ m in the business of trying to make money
out of the commercia application of complex adaptive systems and the kind of business results
that you can create for them, which is an interesting point of view.

[Presentation]

Sipe: Value and use — | offer these to you as a starting place. If you're dealing with
corporate America over a contract, these are more important issues than they might be otherwise.

Sydelko: First, | have a comment that many of the things that you talked about definitely
carry over to my area for government agencies that are actually funding research and
development. It’s research and development, yet, there's a lot of impatience for wanting to get
here quickly. | know the iterative cycle of software development — | truly believe in it, but
sometimes find it difficult because | might have somebody who's funded me that’s higher in the
chain of command, but I'm actually delivering to somebody in the lower level. They understand
the need for thisiterative cycle because we' re doing knowledge engineering at the same time, but
the person on thetop is saying, “I don’t have time for that.”

Sipe: Exactly. You can at |least prepare those people for the eventuality if you're able to
lay out a methodology and say that thisis alittle different than traditional systems development.
It's different right here and right there and right there, and here is how it’s going to be different.
That helps them to understand that when we get into iteration over attributing behavior to a
model, that that’s just the way this one works, and it’s not a signal as it might be in a traditional
project that thisis not going to work because you don’t know what you’ re doing.

Sydelko: It’'sthe interpretation sometimes. Are there any other questions? Chick?

CharlesMacal: In your life-cycle methodology, there were sprinklings of agent
references here and there, but we all know that the data issue and the verification and validation
issue can be overwhelmingly large aspects of any project. How would you characterize the
agent-based modeling approach? Do you do 90% of the work and then add on the agent aspects,
or is the process much different somehow, with agent development changing the process in a
fundamental way?

Sipe: Do you mean changing the actual business processes in the company?

Macal: Well, no, | mean in terms of how you actually develop agent models for a
particular project.

Sipe: Theonly way | know how to do thisis— and the way | have done it in the past —
is to take the executive group. | can give you a good example. The first one that | did was for a
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high-flying, sharp-dressing bunch of natural gas marketers from Houston, Texas, who wanted to
know what the pricing mechanisms were around the Henry Hub, which is a physical gas trading
point in Louisiana where natural gas is traded because pipes come in from three or four different
directions. It'sjust anatural place.

The project turned into a debriefing and almost a counseling session with the four or five
major executives because they each had their own mental model of how the business worked, but
the production guys mental model was completely different than that of the marketing guys.
First, we had to get everybody’s views out on the table and build this theoretical model of al the
factors that affected the price of gas at the Henry Hub. The facilitation of the different points of
view of the executives was a roadblock that had to be passed before we could identify al the
factors. Once we did that, we could build a model and see if we could make it behave that way.
So, first we have to consolidate the corporate knowledge about the business process into alogical
model of the agents and their attributed behavior.

Macal: | have one brief comment on your answer. It seems that you have a
fundamentally different starting point in how you're analyzing system — where you're starting
with how the people think of the system ...

Sipe: Right.

Macal: ... inthe sense that they are the agents, as opposed to a view that takes a look at
the system as a process and seeks to somehow optimize [or improve] it.

Sipe: It aso depends on where you're at. My work for my company is just an 8-crayola
box, not a 64-crayola box. All we care about is that we've got trucks and roads and well
equipment, so there are not a lot of moving parts to this model. In fact, you can start with an
analysis of the current physical behavior of the system, but if you're shooting for pricing
mechanisms or any sort of social interaction, it's a fundamentally much deeper problem than the
one I’m trying to solve.

From a commercia point of view, I’'m trying to do the least amount of innovation in the
delivery as possible because | want the greatest potential for success. If | can give a 5%
improvement on the utilization of the resources around the well work over in the Permian Basin,
I’'m a hero without having to get out on the ragged edge of the behavior of the tool operators
where I’'m not so sure | can be successful.

Sydelko: We have time for one more question.

Unidentified: You've been describing a methodology, and we work with the capability
maturity model, which is a product of Carnegie Mellon, for software engineering. There's
something coming out, caled CMM Integrated, for systems engineering. How does your
methodology fit in with this overall picture, and how does it compare with the things that might
come out of the cookie-cutter approach to systems engineering and software development?

Sipe: | don't know the answer because | don’'t have detailed knowledge of the model you
reference. What do you think — if you know them both — because | don’t?
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Unidentified: One of the issues with the CMM [Capability Maturity Model] isthat itisa
kind of meta-process, a process by which you define the process. It’s up to people to figure out
what their process is, and they probably go to the books and start to put together a number of
steps, which leads to even more steps.

Sipe: Right, amodel of the model. It makes you dizzy to think about it.

Sydelko: We'reout of time. I'd like to thank everyone for their comments.
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TO DECEIVE OR NOT TO DECEIVE?
MIMICRY, DECEPTION, AND REGIMES IN TAG-BASED MODELS

Y.Y.CHEN," Emory University, Atlanta, GA
M.J. PRIETULA, FHoridaInternational University, Miami, FL

ABSTRACT

The tag-based computational model of cooperation described by Riolo et al. in Nature
(2001) was extended in a series of experiments that examined the impact of tactical
deceptive mimicry on cooperation, tolerance, and the emergence of regimes. Under all
conditions, tactical deceptive mimicry increased the population cooperation above that of
the base case. Allowing deceptive tolerance or deceptive propensity to evolve as separate
traits (from the base case) increased the average life span of a regime. In addition,
endowment gains through cooperation were associated with the emergence of regimes,
while endowment gains through deception occurred when no groups where dominant.
Not allowing deceptive tolerance or deceptive propensity to evolve as separate traits
inhibited the emergence of regimes but yielded the highest overall cooperation levels.

Keywords: Tag-based cooperation, indirect reciprocity, social agorithm, deception,
organizational simulation

INTRODUCTION

In general, the explanation of why individuals cooperate at a cost to themselves has been
somewhat problematic. Much of the confusion is based on the wide variety of contexts within
which cooperation may or may not occur. Cooperation necessarily involves more than one
individual; therefore, cooperation is a construct that must be socially defined. Consequently,
given the range of contexts and possible socia situations, as well as the wide definitions of
“individuals’ that may underlie them (ants, apes, or economic agents), it is not unexpected to see
disparate perspectives, assumptions, or theoretical underpinnings associated with thistopic.

The basic model described in this paper is based on the genetic algorithm method of
Riolo et a. (2001). It requires no agent assumptions of specific socia memory typicaly
associated with cooperation, such as direct or indirect reciprocity (Sober and Wilson, 1994;
Nowak and Sigmund, 1998; Henrich and Boyd, 2001; Sethi and Somanathan, 2003), or direct
sanctions (Boyd and Richerson, 1992). Rather, tactical cooperation decisions are determined by a
simple behavioral rule that is influenced through a specific and common socia process. to mimic
the strategy of the agents whose performance is better than yours. The decisions themselves are
based on a simple and common social constraint: to cooperate only with those who are similar to
you. The tactical decisions are based on the particular values of the mimicked strategy, and the
values of the mimicked strategy are determined by the best performing agents in the group.

Corresponding author address. Yuanyuan Chen, Goizueta Business School, Emory University, Atlanta, GA
30322; e-mail: yychen@bus.emory.edu.
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In the model, a strategy is composed of two independent values: a tag and a tolerance.
A tag is an identifier (in our case, an integer t) that obviously can be compared for similarity —
like the “green beard” hypothesis in evolutionary biology (Dawkins, 1996) — but can aso be
readily adopted or changed by other agents. For example, tags can represent a way of dress or
perhaps a dialect. On the other hand, a tolerance is a value (in our case, an integer T) that
represents the flexibility in an agent’s perception of similarity. Specifically, one agent considers
another agent as being similar to it only if the absolute difference between the two tags is less
than or equal to the agent’ s tolerance.

In this model, the cooperation context is defined as when one agent solicits a donation
from another agent, and cooperation is defined as when the donation occurs. In such an
exchange, the donor suffers a cost of donation, and the recipient gains a benefit. The tactical rule
for donation, therefore, is the following:

Social Donation Rule. Agent x will donate to agent y iff | tx—1,| < T

Thus, an agent cooperates with (donates to) another agent only if the tag of the other agent is
sufficiently similar to its own (i.e., within its tolerance). Each agent is given several donation
opportunities to randomly interact with other agentsin any given generation.

The social comparison rule used for adjusting the strategic values, on the other hand, is
adjusted each generation and is based on the performance (as defined by the endowment E [areal
number]) of the other agent as follows:

Social Comparison Rule. Agent x will adopt the tag (t,) and tolerance (Ty) values
of another agent y iff E(y) > E(X).

By using this model, Riolo et al. (2001) demonstrated that substantial cooperation levels
can emerge and be sustained. Chen and Prietula (2003) replicated their findings and explored this
model further by looking at the particular regimes that emerge with varied population sizes,
perceptual errors, and generation lengths. In particular, they tracked the value of the tags and
defined a regime as a state in which at least 80% of the agents have adopted the exact same tag
value. In this paper, we explore mimicry a little further by examining the effects of mimicry
when applied to the social donation rule.

Adaptive Mimicry: Joining a Group

Both the Riolo and Chen models examine tag-based cooperation from the standpoint of
agents in the donor role, where donors make decisions to donate and where agents in the
recipient role have no direct impact on that decision. Future cooperation decisions are influenced
through intergenerational mimicry opportunities given at the end of a generation. Thus, in these
models, mimicry is an adaptively strategic mechanism designed to achieve a particular social
goal: to gain the most cooperation possible by adopting the look and behavior of the most
successful agents. If we interpret this strategy as adopting norms of conduct for a group that is
identified by a tag range, then the strategy is not unlike joining a particularly successful group.
As research has consistently demonstrated, group influence on individual behavior can be
substantial (e.g., Asch, 1956; Milgram, 1974; for comparison, see Crano, 2000), and imitation is
a core component of cultural emergence and adoption (Dugatkin, 2000).
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Deceptive Mimicry: Deceiving a Group

Tags, as visible signs of membership, can be mimicked not only for making a strategic
membership change, thereby satisfying a rational social goal, but also for satisfying a different
and more tactical but nonetheless rational social goal: immediately gaining the most cooperation
you can by temporarily mimicking the look (i.e., tag) of the proximal agent. As an extension of
the Riolo and Chen models, we incorporate such an intragenerational mimicry component to be
made by agents in the requesting role. When an agent encounters a situation in which a donation
is to be requested from another agent, there is an opportunity for the requesting agent to
temporarily mimic (at a cost) the tag of the potentially donating agent before making that
request. We refer to this as deceptive mimicry. This was accomplished by adding a social
deception rule:

Social Deception Rule. Agent x will temporarily adopt the tag value (t,) of
another agent y at a cost (2) iff [tolerance conditions] and [deception conditions]
hold.

Weran a2 x 2 factorial experiment that examined four forms of the social deception rule
and compared them to the base case (Chen model) results. The forms were derived by
manipulating two constructs of the rule: the tolerance condition and the deception condition. The
four forms were defined by the resulting combination of the condition types.

The tolerance conditions define the situations under which the social deception rule is
relevant. Consistent with the Riolo and Chen models, the tolerance conditions test the extent to
which the potential donator agent’s tag is similar to the requesting agent’s tag. If the values are
not sufficiently similar, then the requesting agent would consider applying the social deception
rule. Two tolerance conditions were defined on the basis of whether the tested tolerance trait was
the same as the trait used by the tag, or if there was a special trait for that decision:

1. Same Trait. The socia deception rule used the same tolerance trait as the
socia donation rule, but the results were inverted:

Agent x will consider deceiving agent y iff | tx—1y| > Ti

2. Different Trait. The social deception rule used a different and separately
evolving tolerance trait T'y for the rule:

Agent x will consider deceiving agent v iff | Tx— Ty | > T

The deception conditions define the likelihood of the social deception rule being applied,
given that the tolerance conditions are satisfied. Accordingly, two types of deception conditions
were examined on the basis of whether deception was certain or determined by the value of a
separately evolving trait:

1. Certain Deception. If the social deception ruleisrelevant, it will be applied.
2. Deception Trait. There is a separate inheritable trait (5). Deception will occur

if the value of this trait for the agent exceeds the average propensity value of
the population for that generation g, E(3g).
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METHOD AND PROCEDURE

Following the general form of Riolo et a.’s model (2001), in the base case, agents have
two inheritable traits: atag t € [0,100], and a tag tolerance threshold T € [0,100]. Cooperation
occurs when an agent donates to another agent. Donation is done at a cost (¢ = 0.1, plus the
1.0 donation) to the donating agent, with the recipient of the donation achieving a benefit
(b=1.0). A population of 100 agents was used, with the initial values for tags and tolerances
selected randomly from a uniform distribution [0,100]. On average, for each generation, an agent
() has three opportunities to donate to other agents (y;) viarandom pairings. For each pairing, if
agent X' s tag is sufficiently similar to the tag of the other agent y; (i.e., | tx—1y | < Ty), then agent
x will donate to agent y;. At the end of a generation, each agent is compared with another
randomly selected agent, and the agent with the lower score adopts the tag and tolerance levels
of the higher-scoring agent. This strategy results in the traits of higher-scoring agents being
replicated about two times faster than the traits of lower-scoring agents in the population, with
the traits of the lowest-scoring agents not being replicated at all.

In the base case and for each manipulation below, 30 replication runs were made per cell.
For each replication, there is a 0.1 probability of replication error in any trait. A run consisted of
3,000 generations. Apart from the stated manipulations, all other elements of the simulations
were the same as those in the base case. The forms of the social deception rule were made as
indicated in Table 1. The specific inheritable traits are shown in parentheses.

TABLE 1 Classification of manipulations

Tolerance Condition

Deception Condition Same Trait Different Trait
Certain deception Form1(t, T) Form3(t, T, T')
Deception trait Form?2(t,0,T) Form4(t,5, T, T

Form 1: Same Tolerance Trait, Certain Deception

Conditions were similar to the base case and two traits were used: tag and tag tolerance.
Before the social donation rule was invoked, agent x would deceive the donor agent by
temporarily mimicking agent y's tag if the tags of the paired agents were not within the tag
tolerance of x (i.e, |t — 1| > Ty). In other words, agent x would deceive those it does not
consider “itskind.”

Form 2: Same Tolerance Trait, Deception Trait

An inheritable trait was added to the base case: deception propensity, 6. Therefore, agents
had three inheritable traits: tag, tag tolerance, and deception propensity. Deception propensity
was initialized via a random draw from a uniform distribution [0,100]. The soliciting agent x
would deceive a potential donor agent y only if X' s tag differed from y’'s tag as defined by its tag
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tolerance (i.e., |rx - ry| > Ty) and if X's deception propensity exceeded that of the population
average of that generation.

Form 3: Different Tolerance Trait, Certain Deception

A deceptive tolerance trait was added to the base case model. Agents had three
inheritable traits. tag, tag tolerance, and deceptive tolerance. Each agent now had two tolerance
traits defining two thresholds (i.e., tag tolerance threshold T and deceptive tolerance threshold
T'), reflecting the dual decision contexts in the game (i.e., cooperation, deception). For each
pairing, agent X would deceive agent y if the difference between tags exceeded x's deceptive
tolerance threshold (i.e., | tx—1y| > T%).

Form 4: Different Tolerance Trait, Deception Trait

The two inheritable traits examined in Form 2 (deception propensity ) and in Form 3
(deceptive tolerance T') were combined. Agent x would deceive potential donor agent y if the
difference between their tags exceeded X's deceptive tolerance threshold (i.e., | T — Ty f/ > T)
and if the deception propensity 6 of x exceeded that of the population average at generation g,
dx > E (8g).

RESULTS

A brief overview of the results follows. The smulation results indicate that the average
level of cooperation achieved (i.e., the donation rate) is more than 90% in al four manipulations
and higher than the levels achieved in the base case model (Figure 1). Thus, agents learn that it is
economically beneficial to deceive (at a cost) in order to gain tactical advantages (via donations)
over other agents. The consequence of this is that substantially more agents are deceived into
cooperating through the use of deceptive mimicry. This study is small and necessarily
constrained; therefore, our embryonic findings are presented as assertions rather than
conclusions; they should be examined later in depth.

Assertion 1. Deception (as deceptive mimicry) generated higher cooperation
levels (and less variance) than equivalent groups without such deception.

An examination of Figure 1 shows that the highest donation rates and lowest variance in the
study are found in Form 1. Recall from Table 1 that this form retains the same two traits as the
base case but adds a decision procedure (deceptive mimicry) that relies on those two traits. The
reason for this can be found, in part, by examining one of those traits: tolerance, T, as shown in
Figure 2, indicating the low tolerance of Form 1.

Here, we compare the two cases (base and Form 1). In essence, the base case has two
driving forces (see Chen and Prietula, 2003). First, high-tolerance results in more donations at a
cost to the donor; therefore, tags of highly tolerant agents will be replicated at a comparatively
lower level, so the associated high tolerance will be propagated at a lower rate. Second, the
agents that benefit from donations are those whose tags fit within the tolerances. Consequently,
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as lower tolerances propagate, the tags associated with the lower tolerances propagate. This
results in a rapid “takeover” of one type of tag into a regime, since tags that are not similar do
not receive donations. Thus, there is a forced, albeit opportunistic, convergence to a particular
tag value as the tolerance converges.

Once aregime dominates, the likelihood of one agent encountering another agent that has
a substantially different tag drops, and so does the value of having a small tolerance, since it
becomes nondiscriminatory. However, through mutation, agents that have tags that are not the
same but that are sufficiently similar emerge, and they can receive donations from agents in the
dominant regime. Furthermore, some of these agents will have comparatively smaller tolerances,
which will make the donations asymmetric (i.e., they are similar, so they receive donations, but
they have smaller tolerances, so they will not donate). These free-rider agents will rapidly
propagate and take over as a new regime. As can be seen, however, each regime lays the
foundation for its own collapse, and all regimes bear the same fate: they collapse from within. As
a consequence of this pattern, the base case tolerances oscillate with high variance, causing a
wide variance in donation rates.

Form 1 affords a dlightly different twist. As in the base case, agents with higher
tolerances donate more (via the socia donation rule), resulting in lower endowments and lower
propagation rates (via the social comparison rule). Accordingly, the average tolerance in the
population falls. In this group, however, agents also incorporate the social deception rule, which
results in higher donation rates for agents that deceive other agents that are not like themselves.
This condition also results in movement toward lower tolerance values. Figure 2 shows the low
tolerance T of Form 1 resulting from this confluence of pressure. The results from the two are
remarkably high donation rates (see Figure 1).

Note two other influences. Asin the base case, there is pressure to adopt similar tags (to
fit within the tolerances and receive donations), which leads to the emergence of regimes.
However, there is also indirect pressure to be different (via low tolerance to afford more
opportunities to deceive others and receive donations), which resists the emergence of regimes.
What thisimpliesis that athough regimes emerge, additional events lead to their demise because
not only is there a subsequent emergence of free-riders (as in the base case), but there is also an
emergence of deception. When al agents are sufficiently similar (i.e., during aregime), tolerance
generaly is not selective (in the base case), but in this form, low tolerance can be quickly
exploited by shifting to a deception strategy. The consequences are shorter regimes and periodic
shifts of deception. In other words, when regimes emerge, deception is low. Then deception sets
in, and gains by deception dominate gains by donation. Figure 3aillustrates atypical sequence of
the cycling between generations. In this figure, the percent of agents in the dominant group is
depicted as black triangles (which may or may not be a regime), gains by donation are depicted
as white squares, and gains by deception are depicted as black squares. Note that gains by
donation are closely aligned with the emergence of the dominant group and that overal,
deception strategies account for a relatively lower percentage of gains overall. This can be seen
by viewing the same data as shown in Figure 3a but sorted by the size of the dominant group
(lower to higher, Figure 3b). When no particular group is dominant (left of inflection), there is
turbulent competition between strategies (donation, deception). When a regime takes over,
however, donation strategies (among the dominant agents) are used most often and are most
successful. An analysis of the data revealed similar results for all manipulated conditions.

Assertion 2. Deception is a strategy whose frequency (as an indicator of success)
varies inversely with group dominance.
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Our final assertion is based on examining the impact that deception has on regimes. In the
base case, regimes were limited but could last for a substantial time, and regime takeovers were
rapid. This can be shown by taking the average size of the dominant group (in percentage of total
agents) over generations for a set of runs, then putting them in ascending order in a graph. The
resulting regime graph shapes will reflect the relative time spent in regime dominance and
transitions. Because of Assertion 2, the shapes will aso reflect the relative time spent with
groups of agents behaving with cooperative or deceptive strategies; more dominance indicates
more gains by donations than by deception. Figure 4 shows such a graph. Note that the base case
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has the smallest number of small dominant groups (reflective of nonregimes), while Form 1 has
the largest number. Forms 2, 3, and 4 reside within the two extremes. Figure 5 illustrates specific
examples of regime emergences in the four forms. As can be seen, when the social deception rule
was given the opportunity to vary traits independently (i.e.,, Forms2, 3, and 4), two effects
occurred. First, the impact of deception on regime emergence and sustainability was mitigated.
Regimes now emerged and were sustained, but not to the higher levels of the base case (sans
deception). Second, cooperation (as donation rate) was reduced, but not to the lower levels of the
base case (see Figure 1). The reason for the differential effects was the decoupling of the traits of
the rules underlying the strategies. In the base case, the behavior (deception) was introduced with
little flexibility and independence. The consequence of this was high cooperation but minimal
emergence of regimes. When additional degrees of freedom were added (via traits), levels of
cooperation dropped, but regimes could emerge.

Assertion 3. Regime emergence is affected by the flexibility (independence) of
deception strategies.
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FIGURE 5 Dynamics of regimes

CONCLUSION

Riolo et. a (2001) demonstrated that cooperation can emerge in groups where decisions
to cooperate are based on simple rules of social comparison embodied in the social donation rule
and the social comparison rule. We explored that model further and examined how minor
adjustments and the addition of deception can impact cooperation and the emergence of agent
groups (regimes). We can view the set of rules we have described as a portfolio of routines or
socia algorithms in which an agent will engage in response to events in the social environment,
where the social environment is defined perspectively as “the other agents.” As eventsrelative to
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the routines change, the agents have the ability to change components of the routines themselves.
Note that in the rules described, the behaviors are invariant, but the conditions under which they
are engaged are variable, and it is these condition components of the rules that adapt over time.
In this research, we essentially modified how different rules (and therefore behaviors) were
interlinked and examined the resulting impact on cooperation and group/regime emergence.

We explored how the structure of routines and interactions can impact behaviors, not the
intentionality of the routines themselves. These agents do not have active goals, but we may
assume that the routines are derivative of goals and intentionality. Note that the social goa in
thiswork is simple, implicit, and individualistic (i.e., to maximize endowment), but the effects of
the social routines brought to bear on this goal have socia (sometimes beneficial) consequences,
such as the formation of groups and cooperation. Thus, regimes and cooperation in these models
are by-products of (and barometers for) strategies interacting with collective behavior over time.

REFERENCES

Asch, S., 1956, “Studies of Independence and Conformity: A Minority of One against a
Unanimous Magjority,” Psychological Monographs 70(9):416.

Boyd, R., and P. Richerson, 1992, “Punishment Allows the Evolution of Cooperation (or
Anything Else) in Sizable Groups,” Ethology and Sociobiology 13:171-195.

Chen, Y.Y., and M. Prietula, 2003, “Kind Not Kin: Tags, Tolerance, and the Tides of Us,” paper
presented at the 2003 North American Association for Computational Socia and
Organization Science (NAACSOS) Conference, Pittsburgh, PA, June 22—-25.

Crano, W., 2000, “Milestones in the Psychological Analysis of Socia Influence,” Group
Dynamics: Theory, Research, & Practice 4(1):68-80.

Dawkins, R., 1976, The Selfish Gene, Oxford, UK: Oxford University Press.

Dugatkin, L., 2000, The Imitation Factor: Evolution Beyond the Gene, New York, NY: The Free
Press.

Henrich, J., and R. Boyd, 2001, “Why People Punish Defectors. Weak Conformist Transmission
Can Stabilize Costly Enforcement of Norms in Cooperative Dilemmas,” Journal of
Theoretical Biology 208:79-809.

Milgram, S., 1974, Obedience to Authority, New Y ork, NY: Harper-Rowe.

Nowak, M., and K. Sigmund, 1998, “Evolution of Indirect Reciprocity by Image Scoring,”
Nature 393(6685):573-577.

Riolo, R.L., M. Cohen, and R. Axelrod, 2001, “Evolution of Cooperation without Reciprocity,”
Nature 414.441-443.



114

Sethi, R., and E. Somanathan, 2003, “Understanding Reciprocity,” Journal of Economic
Behavior and Organization 50:1-27.

Sober, E., and D. Wilson, 1998, Unto Others: The Evolution and Psychology of Unselfish
Behavior, Cambridge, MA: Harvard University Press.



115
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ABSTRACT

Ontologies provide a forma methodology for establishing a common vocabulary; for
defining concepts and the relationships among those concepts with a particular domain;
and for reasoning about the objects, behaviors, and knowledge that constitute the domain.
We present an ontology for agent-based modeling and simulation, which has become an
important and popular paradigm for the computational social and natural sciences.
However, this paradigm tends to be applied in an ad-hoc fashion, leading to questions
about underlying assumptions in an agent-based model, verification of the software
implementation as a representation of that model, and validation of hypothesized
conclusions inferred from data produced by computer simulation experiments. An
ontology provides a formal, logica knowledge representation that supports automated
reasoning. Such reasoning capability provides for consistency checking of the concepts
and relationships in an agent-based model, can infer the assumptions inherent in a model,
can infer the assumptions and the parameters inherent in a simulation or software
representation of a model, and can enforce adherence to formal methods or best practices
for verification and validation testing. These reasoning tasks direct, or at least inform, the
modeler relative to relevant techniques and methods in the agent-based paradigm. The
reasoning capability also provides a framework for automated generation of software
code, automated design and execution of simulation experiments, and automated
generation and execution of validation tests for those experiments. We use the standard
Ontology Web Language (OWL) to provide a complete, detailed ontology of agent-based
modeling and simulation, and we show how the ontology is used as part of the modeling
and simulation process.

Keywords: Agent-based modeling, agent-based simulation, automated reasoning,
ontology, artificia intelligence, discrete-event simulation

INTRODUCTION

Agent-based modeling and simulation has become an important and popular paradigm for
the computational social and natural sciences; however, this paradigm tends to be applied in an
ad hoc fashion based on a subjective understanding of the agent-based concept. Different
techniques for construction of the model and implementation of computer simulations are often
accompanied by underlying assumptions that are unknown to the researcher or cannot be
explicitly characterized for the particular model. In addition, manifestation of artifacts in the
computer simulation can lead to legitimate questions about the verification of the implementation
and validation of hypothesized conclusions. Model-to-model comparison, or docking, can expose

Corresponding author address: Scott Christley, University of Notre Dame, Computer Science and Engineering,
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these issues because it forces the researcher to confront some of these underlying assumptions
while analyzing differences between the two models. However, this still is no guarantee against
situations where the two models can inadvertently hide possibly relevant assumptions.

Ontologies provide a forma methodology for establishing a common vocabulary; for
defining the concepts and the rel ationships among those concepts within a particular domain; and
for reasoning about the objects, behaviors, and knowledge that constitute that domain (Russell
and Norvig, 1995; Miller et al., 2004). We present an ontology for agent-based modeling and
simulation. The ontology is general in that we define the terms, concepts, and relationships for
the process and objects of agent-based modeling and simulation without reference to a specific
application domain. Such an ontology provides a solution to the issues of ad hoc construction
and subjective interpretation in three ways. First, the establishment of a common vocabulary
provides unambiguous interpretation of terms. Next, the definition of concepts and their
relationships makes explicit the assumptions that accompany those concepts. Finaly, the
reasoning capability of this ontology provides a framework for automatic generation of software
programs, automatic composition of agent-based models to form new simulations, automatic
design and execution of simulation experiments, and automatic generation of validation tests for
those experiments. We use the standard Ontology Web Language (OWL) to provide a complete,
detailed ontology of agent-based modeling and simulation. Our ontology is too large to include
in this paper, but the files can be obtained from our Web site (Christley, 2004). To better
associate the discussion with the ontology, in the remainder of this paper, we use italics when
referring to specific classes or propertiesin the ontology.

AGENT-BASED MODELING AND SIMULATION

The three basic reasons for using simulation are (1) to design something that does not yet
exist, (2) to train people when the real task is costly or dangerous, and (3) to understand some
real-world phenomena as part of scientific study. Although the design task and scientific inquiry
can be considered similar to each other, al three uses have different processes and techniques.
We concentrate on using simulation to understand real phenomena. Simulation provides (1) finer
control over the complete system than is usually possible with the real system and (2) the ability
for extensive what-if analysis through tweaking of parameters and altering the assumptionsin the
underlying theory. However, simulation injects a new problem into the scientific method in that a
model of the theory for the phenomena must be implemented in a concrete representation so that
it can be manipulated and simulated. Thus, the question becomes not just is the theory consistent
with the real phenomena, but also is the concrete model representation an accurate description of
the theory and is the execution of that model an accurate representation of the processes in the
theory? The analysis needs to be taken one step further to the question: Are the implications of
the smulation consistent with the implications of the theory? If not, the simulation does not
provide the logical step required to determine whether the theory correctly captures the redl
phenomena. Most of the work with modeling and simulation involves doing the proper checks to
provide a high degree of confidence for taking that logical step.

Although we focus on agent-based simulation, much is shared with general discrete-event
simulation (Banks, 1998; Banks et a., 2001). Therefore, we highlight the differences where
appropriate while relying on core fundamentals that have made discrete-event simulation a
successful field. Despite being called agent-based simulation, the methodological differenceslie
more in the constructed models versus the implementation of those models in a computer
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simulation. When viewing a phenomena through the agent-based paradigm, one sees agents
interacting with other agents within an environment and within a spatial structure. An agent is
the conceptual unit of interest, and there may be multiple agents. The concept serves to define a
boundary between what is internal to the agent versus what is external. By agent, we are
referring to a prototypical concept and not an individual. The environment and space can also be
considered agents because they may have interaction mechanisms, but they are generally
differentiated since their boundaries are not well defined. The environment (or possibly multiple
environments) represents state information that is external to the agents. The environment could
be global state for all agents, or it may be loca state in conjunction with the spatial structure with
its defined notions of locality. Space can be two or three dimensional physical space, or it may
be a virtual construct, such as a network. Space is different from the environment in that it
provides measures, like distance or connectivity, and typically only holds state specific to those
measures. Multiple spaces can exist, each with its own set of measures. A cognitive agent
maintains, among other things, internal state about what it perceives about the environment and
space; so in a simulation, the environment and space represent actual truth versus what a
cognitive agent might perceive as truth.

By modeling, we refer to the process of representing something with something else; it
can be an abstract model whereby the representation simplifies or removes extraneous detail
to capture the conceptual properties, or it can be a concrete model, which, oppositely, specifies
a more detailed representation. By simulation, we refer to the process of enacting the model
to learn consequences and to compare against the rea phenomena of interest. Four key
modeling concepts represent different model types: ConceptualModel, CommunicativeModel,
ProgrammedModel, and ExperimentalModel (Balci, 1998). The ConceptualModel is a verbal,
abstract model that states the theory or hypotheses for the proposed agent-based representation
and the goal and objectives of the corresponding agent-based simulation. A Conceptual Model
also provides descriptive specifications for the agent, the environment, the space, and the actions
and properties for those constructs. A ConceptualModel is made more concrete by constructing
a CommunicativeModel. In our process, the CommunicativeModel is a domain-specific ontology
that fits within the genera agent-based ontology. Objects in the model, such as agents,
environment, and space, are represented through subclasses of those concepts in the
general ontology. Subclasses are also created for the properties of those objects as well as
their actions. Through SoftwareProgramming, a ProgrammedModel is constructed from the
CommunicativeModel by representing the ontological concepts with concrete implementation
in software code. A ProgrammedModel is one that can be executed as a Computer Smulation.
In a later section we discuss how the ProgrammedModel can be automatically generated from
the CommunicativeModel using a reasoner. Finally, DesignExperiment involves using a
ProgrammedModel to produce an ExperimentalModel, and PerformExperiment will cause the
ExperimentalModel to produce SmulationData. Validation can use a Satistical Test to compare
the SmulationData against EmpiricalData. This is a ssimplified example of the modeling and
simulation process as there are many more actions and concepts involved. Figure 1 shows a
portion of the semantic network representing our formalized knowledge about agent-based
modeling and simulation.
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ONTOLOGY FOR AGENT-BASED MODELING AND SIMULATION

When developing an ontology for agent-based modeling and simulation, we must clearly
distinguish between the concepts and relationships that comprise the process of modeling and
simulation versus the agents and behaviors in the domain of interest; yet these two are intimately
related. The latter is called the domain-specific ontology, and the former is called the genera
ontology. The relationship between the two is ssimply that the domain-specific ontology provides
more detail concepts and properties. For example, the general ontology has the concept of an
agent that has some undefined properties and behaviors, but the domain-specific ontology will
have the concept of a SoftwareProgrammingAgent that has defined properties like skill and
resources and defined behaviors like writing code and fixing bugs.
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Our ontology is implemented in OWL (2004) using Protege (2004). OWL represents
knowledge as a semantic network with nodes as classes and directed edges as properties. We
have more than 100 classes in our ontology, with asimilar number of properties. The root classes
include Agent, Environment, Space, Action, and Property for concepts in the agent-based
paradigm. Action and Property, along with Model, Smulation, Representation, DataSource,
Test, and Assumption, are root concepts for the process of modeling and simulation. Measure,
Time, and Event are concepts that appear in any general ontology. Action and Property are both
concepts about the modeling process as part of the model, so we have AgentAction,
EnvironmentAction, AgentProperty, and EnvironmentProperty subclasses for those concepts in
the agent-based model; while, Modeler Action and Model Property subclasses are concepts about
the modeling process. The classes that refer to concepts in the agent-based model stop at a
general description, so more specialized subclasses would be provided by the domain-specific
ontology.

Our ontology focuses on the process of modeling and simulation, so ModelerAction
includes subclasses like InputModeling, Parameter Estimation, DesignExperiment, Verification,
Validation, ModelToModelComparison, and others. The Model class encapsulates all
types of models, athough we concentrate on ConceptualModel, CommunicativeModel,
ProgrammedModel, and ExperimentalModel as described in the previous section. Smulation
can be split between Computer Smulation and PhysicalSmulation, with AgentBasedS mulation
as a subclass of the former. Representation deals with representational forms like
OntologyRepresentation as given by a CommunicativeModel or SoftwareRepresentation as
embodied in a ProgrammedModel. The DataSour ce class conceptualizes all sources of data, such
as EmpiricalData, RandomNumber Generator, and SmulationData. Test refers to all forms of
testing, especialy specialized classes of SatisticalTest used in InputModeling and Validation
actions. Finally, we have the concept of Assumption, which our reasoner will use to categorize
the assumptions within the agent-based model. All of the concepts in the general ontology
establish a common vocabulary that can be shared across domain-specific ontologies and provide
unambiguous interpretation of conceptual terms.

In addition to classes, OWL has properties that define the relationships among concepts.
The properties themselves are concepts that can form an inheritance hierarchy. Many properties
are found in most ontologies that represent general relationships such as composition with
isPartOf and isBunchOf, dependencies like requires, ordering of events with isBefore, isAfter,
overlapsWith among others, or actions like has and produces. We specialize many of
these relationships for agent-based modeling so that we can perform more accurate reasoning
tasks. For example, a NormalDistribution hasParameter Mean and hasParameter Variance;
thus, we will be able to reason that a ssmulation using a NormalRNG to produce normally
distributed random numbers will require two parameters to define the distribution.
Likewise, PerformExperiment requires an ExperimentalModel that isProducedFromAction
DesignExperiment and that ExperimentalModel requires a ProgrammedModel that
requiresSoftwareRepresentationOf Space, Environment, and Action. As for classes, the
properties establish a common vocabulary for relationships, and the properties and classes
together form our complete knowledge base for agent-based modeling and simulation.
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ONTOLOGICAL REASONING

An ontology formalizes our knowledge base, so it is possible to perform automated
reasoning on the process of modeling and simulation as well as on the models and simulations
themselves. Reasoning on a model and its corresponding simulations provides us with a set of
inferred assumptions for the model, a set of inferred assumptions for the representation of the
model as a simulation, and a set of inferred parameters for the simulation. Reasoning on the
process of modeling and simulation provides the potential for automating many of the primary
tasks in the process, including software programming of the simulation, design and execution of
computer simulation experiments, and validation of experimental results. We describe each of
these capabilities in more detail in the following sections.

Inferred Assumptions

An Assumption can be further categorized into a DataAssumption or a
Structural Assumption. A DataAssumption refers to questions about how data are collected and
analyzed, so InputModeling of EmpiricalData to come up with an appropriate probability
distribution introduces a DataAssumption that the distribution is an appropriate representation
of the EmpiricalData. A GoodnessOfFitTest can be used to validate that assumption.
A StructuralAssumption refers to questions about the composition of the model and the
conceptual representations in the model. Concepts in the model and the relationships among
those concepts, as abstract constructions of reality, imply assumptions about how those
constructs are represented and whether the relations are correct. Viewing a CommunicativeModel
as a semantic network, a Structural Assumption asks whether the nodes are appropriate concepts,
whether the edges are appropriate properties, and whether concepts linked by an edge is an
appropriate relationship. Assumptions can either be fasified or failed to be falsified (validated),
much like a null hypothesis, if an appropriate test can be performed. For the InputModeling
example above, the GoodnessOfFitTest performs this function, while experiments and tests
would need to be performed to provide Validation of a CommunicativeModel.

Not all assumptions can be tested, such as whether a CommunicativeModel accurately
represents the concepts in a ConceptualModel, because the ConceptualModel is a verbal model
lacking a formal description. The best that can be performed is a SubjectiveTest such as
FaceValidity. The reasoner is able to infer al of the assumptions in an agent-based model from
the CommunicativeModel through to the ExperimentalModel, and our goal is for the reasoner to
determine whether these assumptions can be validated and what appropriate test should be used.
The assumptions can be inferred by looking at the properties of the classes and questioning
whether the relationship among the classes implied by the property is correct. With all of the
assumptions clearly laid out, the modeler obtains a broader view of how the agent-based model
can be validated and may gain insights into model changes to strengthen the overall theory.

Inferred Parameters

A Parameter is a ModelProperty that is considered as an input to the model.
A Parameter may be given a value through the Parameter Estimation action, or the modeler may
AssignParameterValue as part of DesignExperiment. The Parameter may have a constant
value throughout the simulation, or it may be attached to a DataSource like EmpiricalData or



121

sampled from a Distribution created by a RandomNumber Generator. An InitialCondition is a
Model Property similar to a Parameter, but an Initial Condition assigns values to state variables
for just the start of the simulation. In contrast, a Parameter is persistent through the whole
simulation run. Like a Parameter, an Initial Condition may be assigned a specific value or sample
values from a DataSource. The reasoner has the capability to determine all of the Parameters
and InitialConditions in an agent-based model. It can do this because the ontology encodes
knowledge of the properties of agents, environment, and space, so a logica query on the
properties provides the list. The result of such a logica query becomes part of the automatic
design and execution of experiments, whereby the query results are presented to the modeler for
specification of input values.

Automated Software Programming

Complete automated software programming of the simulation requires more than a
CommunicativeModel embedded within the agent-based ontology because it does not provide
sufficient detaill to generate source code for al agent and environment actions. Attempts
to provide high-level specification of software can fail because too many assumptions
must be made about the functionality and purpose of the software, or the specification
process may be more cumbersome than directly writing the code (Rich and Waters, 1988;
Flener and Popelmnsky, 1994). However, we believe an intermediate approach is both feasible
and useful. The CommunicativeModel can be translated into the high-level structure of the
ProgrammedModel. This process includes generation of the object-oriented classes for the agent,
environment, and spatial constructs in the model with instance variables for the properties of
those constructs, and accessor, constructor, and stub methods for the constructs' actions. Such an
intermediate approach means the modeler can focus upon the software implementation for the
fundamental behaviors in the model while much of the “glue code” required to make the
simulation work is handled automatically.

Model Composition

Another fruitful area of automation is the composition of multiple, separate
CommunicativeModels into a single ProgrammedModel. These CommunicativeModels can be
created by the same modeling group or different groups. Composition of CommunicativeModels
requires semantics of the interactions among the models. We separate the composition process
into two situations according to whether these CommunicationModels consist of the same or
different collection of entities:

1. Two CommunicativeModels representing the same collection of entities that
interact together over time: We consider these two CommunicativeModels as
representations of the same world phenomena. One of the research groups at
the University of Notre Dame models the evolution of natural organic matter
(NOM, a complex mixture of molecules that is heterogeneous in structure and
composition) by using the agent-based modeling approach (Xiang et a., in
press). As NOM passes through an ecosystem, it is acted upon by a variety of
reactions. To satisfy different research interests, two communicative models
are developed. One models the physical reaction behaviors of NOM, and the
other models the chemical reactions between NOM and its environment.
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A new, third model can be generated that includes both of these two behaviors
by composing the two Communi cativeModels.

2. Two CommunicativeModels representing a different collection of entities that
interact together over time: The two CommunicativeModels are considered as
representations of different world phenomena. In the example we describe
above, the microbes, fungi, and bacteria exist in the natural environment
and interact with NOM; in the current CommunicativeModels, they are
represented as a set of environment state variables. It is more realistic that
these microorganisms be represented as agents in the NOM world and their
interaction with molecules be explicitly modeled. When there is an existing
model that models the life cycle of the microorganisms (microorganisms can
reproduce themselves and die) with an agent-based modeling approach,
creation of the new model can benefit from the composition of these two
existing models.

The composition of CommunicativeModels requires merging different domain-specific
CommunicativeModels together. This merging process can be automated with ontological
reasoning. Three possibilities for semantics arise for these two situations: the semantics may
either be aready described in both CommunicativeModels, in only one model, or in neither of the
models. In the first situation, both CommunicativeModels most likely have the same semantics.
In the second situation, the semantic are most likely existing in one CommunicativeModel but
not in another (partialy overlapped).

One important task residing in the merging process is determining whether two domain-
specific concepts are the same in two CommunicativeModels. Determining the “structural
equivalence” of two concepts by comparing the incoming edges and outgoing edges of these two
concepts is one way to complete the task. Much research has addressed matching the concepts by
using sophisticated algorithm and artificial intelligence techniques, such as machine learning
(Noy and Musen, 2000; Doan et al., 2003). The merging process may involve integration of new
knowledge, such as specifying the new interaction among agents, which requires the input from
model developers. With complete knowledge representation, the composition process can be
done automatically.

Automated Design and Execution of Experiments

Automated design of simulation experiments can be implemented through manipulations
of the ProgrammedModel. Such manipulations include basic assignments of values to
Parameters and InitialConditions, enabling or disabling of Actions for the Agents, Environment,
and Space, or even completely different implementations for those constructs. Here we take the
viewpoint that an experiment works within the framework of a CommunicativeModel and that
manipulations to that model fall outside the domain of the ExperimentalModel. However, most
model manipulations can be supported as long as the possible changes are encapsulated through
ontological concepts in the CommunicativeModel. For example, suppose you have designed a
model and corresponding simulation whereby the agents interact in a two-dimensional
continuous space using an Euclidean distance neighborhood measure, and you decide you want
to replace the space with a random network structure connecting the agents. Changing the spatial
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structure will create a logical inconsistency because a network does not have a Euclidean-
distance neighborhood measure. The inconsistency is resolved by manual alteration of the
ProgrammedModel to utilize a different neighborhood measure. In contrast, if the original
CommunicativeModel had both spaces, then a general concept would have been required to
encapsulate the neighborhood measure; the result being the ProgrammedModel that allows for
automatic manipulation, via a Parameter, of the spatial structure through use of a generalized
neighborhood measure. Thisis not to say that one is more capable than the other, but because we
have taken an intermediate approach to software code generation, inconsistencies due to model
changes outside of the ExperimentalModel may not be automatically resolved within the
ProgrammedModel.

Once an ExperimentalModel has been designed, it can be executed to produce
SmulationData, which can then be validated. One execution of a smulation is not sufficient;
numerous executions, or replications, of the ExperimentalModel must be performed with
different seed values for any RandomNumberGenerator in the simulation. The reasoner can
automate these replications because knowledge of the seed values is part of the ontology.
Likewise, a modeler does not generally design a single experiment; experimentation is often an
iterative process whereby experimental results are analyzed, changes are made to the
CommunicativeModel, those changes flow through to the ProgrammedModel, and a new
ExperimentalModel is designed. This iterative process continues until the modeler feels that the
CommunicativeModel has been sufficiently validated. At this point, the next step depends upon
the purpose of the simulation. Presuming that the simulation is for scientific discovery,
SensitivityAnalysisis an example action that can be performed to better understand the role of the
model parameters, or experiments with different model parameters or design may be performed
to generate hypotheses that can be tested against the real world phenomena.

Validation of Simulation Experimental Results

Validation is the process of comparing a model against the real world phenomena it
represents. All Validation is based on a Test that decides whether two things are same or not.
There are weak tests and strong tests. A weak test is a SubjectiveTest that does not have a well-
defined decision procedure. A SubjectiveTest includes such things as a Visual Test, whereby you
make a visual comparison of two graphs, or FaceValidity, whereby a knowledgeable user makes
a determination if the model appears reasonable. A strong test is generally associated with a
Satistical Test where a formal mathematical decision procedure exists to objectively make a
determination. Computers have difficulty performing SubjectiveTests, but they excel at
Satistical Tests, so the reasoner can perform automatic validation provided it has sufficient
knowledge about what type of Statistical Test is appropriate for the SmulationData provided by
an experiment. Many statistical tests exist, and formalizing all of them in our ontology is alarge
task; however, we incorporated many of the standard techniques like GoodnessOfFitTest,
Confidencelnterval, AnalysisOfVariance, TestOfMeans, and TimeSeriesAnalysis.

One particular form of Validation introduced by Axtell, et a. (1996) is
Model ToModel Comparison, by which two simulations are compared. The original definition
has the same CommunicativeModel but different ProgrammedModel, possibly written in
different programming languages or using different simulation toolkits, and correlated
ExperimentalModels are designed and their SmulationData are  compared.
Model ToModel Comparison provides a good test to validate that the ProgrammedModel is an



124

accurate representation of the CommunicativeModel, so differences indicate that artifacts exist in
the ProgrammedModel. Takadama and Fujita (2004) propose the notion of cross-element
validation that makes small changes, one element at a time, in the CommunicativeModel and
compares the experimental results. For such an experiment, the Bonferroni approach can be used,
if the SmulationData is a fixed sample size, to produce a confidence level of whether the two
models are statistically similar or different. We consider both the original definition and cross-
element validation to be forms of Model ToModel Comparison. Likewise, our iterative description
of the experimental process alows for the possibility of Model ToModel Comparison between
CommunicativeModels as they evolve from one iteration to the next. With knowledge of multiple
programming languages and multiple simulations toolkits, the reasoner can automatically
generate multiple ProgrammedModels from a single CommunicativeModel, allowing for greater
experimentation.

FUTURE WORK

Our discussion of simulation in general has been brief; we described key areas that we
consider relevant to agent-based modeling and simulation but omitted some areas completely. In
the areas covered, our discussion is not as encompassing as we would like. However, we have
presented a high standard for automation of many simulation tasks. Going forward, we intend to
implement tools specific to agent-based modeling that can perform these tasks and put them in
practice on a couple of actual agent-based simulations. This should help elicit more issues that
are not apparent just from the theory. One of our key assumptions is the completeness of our
ontology, which makes many of the automated tasks possible. A more redlistic scenario is to
assume incomplete knowledge as well as uncertainty; then we use a probabilistic reasoner for
making decisions and a learning algorithm to accumulate additional knowledge. This is very
much what a modeler does as part of the scientific inquiry into a phenomenon; a useful tool will
work alongside the modeler, helping to increase the knowledge base while automating many of
the mundane tasks.
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ABSTRACT

In recent years, the modeling of realistic relationships by agent-based models (ABMS)
has been gaining significant ground because of the ability of ABMs to overcome the
generalizations and statistical moment assumptions of traditional modeling approaches.
ABMs follow a bottom-up approach to modeling, allowing issues of scale, time, and
space to be taken into account simultaneously. This paper uses case studies as examples
to demonstrate these significant propertiesin an ABM environment that also incorporates
and utilizes traditional statistical assumptions and properties at an individual agent level.
In this way, the design of individual agents can be used to more accurately represent
exiging real-world reationships and reduce the level of uncertainty in predicting
individual and collective agent behaviors for sustainable futures. Specific case studies
from the Multi Agent-based Behavioral Economic Landscape (MABEL) model are used
to illustrate the usefulness of the proposed methods for studying land use change, natural
resource management, efficiency, and environmental-specific considerations that affect
the decision-making capabilities of the agents. These methods are designed with the end
user and decision maker in mind, so that robust and efficient outcomes can be back-
propagated to the model in ways that enhance the adaptivity and veridicality of our
experiments.

Keywords: Agent-based model, MABEL, Bayesian belief networks, Monte Carlo
experiments, robustness, decision making

INTRODUCTION

In recent years, the modeling of realistic or “real-world” relationships by agent-based
models (ABMs) has been gaining significant ground. ABMs are an appropriate tool for modeling
such relationships because of their ability to overcome the generalizations and the statistical
moment assumptions of traditional modeling approaches. They follow a bottom-up approach to
modeling, allowing issues of scale, time, and space to be taken into account simultaneously in a
simulation environment. This paper uses case studies as examples to demonstrate these
significant properties in an ABM environment. Furthermore, the paper showcases the ability of
ABM environments to incorporate and use traditional statistical assumptions and properties at an
individual agent level. In this way, individual ABM designs can be used to more accurately
represent existing rea-world relationships and reduce the level of uncertainty in predicting
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individual and collective agent behaviors for sustainable futures. Specific case studies from the
Multi Agent-based Behavioral Economic Landscape (MABEL) model are used to illustrate the
usefulness of the proposed methods for studying land use change, natural resource management,
efficiency, and environmental -specific considerations that affect the decision-making capabilities
of the agents.

The use of repeated measures as Monte Carlo replication experiments can help
(1) improve the constructability of the agent-based architecture (by testing the accuracy of the
agent’s performance by comparisons to historically observed changes) and (2) increase the
confidence with which changes can be predicted over time (by reducing the uncertainty of the
estimates and providing the necessary near-term range of scenarios for sustainable futures). The
examples here show how these replication experiments can be designed and incorporated as an
integral part of the ABM environment and, at the same time, be used as reference and accuracy-
assessment tools that use external performance metrics in both statistically and environmentally
based assessment schemes. This linking of the ABM environment with accuracy-assessment
metrics is important and establishes the degree of confidence required by decision makers and
end users of the simulations.

The range of confidence in the ssmulation replication experiments can be also used as a
transition step for achieving the necessary predictability and confidence level for near- and long-
term predictions and sustainable-future scenarios. When the ABM exercises are addressed as an
integral part of a holistic approach to sustainable futures, it is often desirable to use prediction
ranges instead of individua predictions. Then the simulation veridicality can be advanced by
incorporating uncertainty considerations (such as behavioral changes of individual agents and
collective cognitive estimates of agents participating in a simulation) into a simulation
environment that is more stochastic than deterministic. Designing and constructing cognitive and
behavioral changesin an ABM requires an adequate number of plausible and realistic scenarios
that are able to differentiate the agents' behavior at the desired degree of abstraction, provide
realistic simulation outcomes, reduce the level of uncertainty in the decision-making process, and
provide a clear and comprehensive picture of the sustainable futures. This paper provides
examples of the procedural steps that can be followed in such an ABM environment.

The approach to modeling proposed here attempts to reveal a working environment for
ABM architecture that it is not limited to traditional computational science considerations but
also takes into account, in advance, the considerations and assumptions that are necessary to take
the simulation results one step further. In other words, it is designed with the end user and
decision maker in mind, so that robust and efficient outcomes can be back-propagated to the
model in ways that enhance the adaptivity and veridicality of the experiments.

Modeling in the Context of Epistemology

The epistemological framework upon which the ABM approach is built represents a very
important concept in designing and implementing an agent-based simulation. Our ability to
construct theoretical arguments that go beyond the framework of a single simulation experiment,
thus extending our understanding of the real world, depends on the epistemological content and
context (Kuhn, 1996).
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Here we enhance the epistemological content of our approach to ABMs by widening the
magnitude and the dimensions of our understanding of what the elements of change are and how
these changes emerge, and also by addressing questions on why these changes emerge and what
their broad meaning is in terms of real-world changes. We suggest that the individual elements,
experiments, and case studies can be assigned a broader meaning only if they are thought of and
conceived of as a part of a series of inferences to the epistemological context.

An epistemological framework like the one we employ for the MABEL model
architecture is neither purely mechanistic, in the sense of the Descartes mechanistic
representation (Rouanet et al., 1998; Erion, 2001) and the 20th century philosophy of science,
nor purely stochastic, in the sense of the early game-theoretic approach and socia and cognitive
discipline approaches to modeling (Innocenti, 2004; Milchtaich, 2004). It perceives these
approaches as being complementary to each other, and it proceeds to construct a scientific
hypothesis in terms of both “what the world is like” and “how the world can be.” It expands the
perceptual limits of the first notion by using a diverse array of modeling elements and tools to
capture the emergent properties of the systems that are present in the modeling environment.
This allows us to understand what the objects and subjects of change are, what is changing and
what is not, and what is important to our understanding of reality. It aso enhances our
understanding of the second notion by confining the mechanistic character only to the modeling
representation and by explaining how a mechanism emerges, how changes occur, and how these
changes reflect back to the modeling elements and their properties. These two approaches are
shown in thefirst part of Figure 1.

Consequently, our effort to understand why the world changes requires an understanding
of both the specific elements of change and the underlying mechanisms of these changes. The
MABEL modeling architecture presents a synthesis of modeling processes and their inferential
mechanics that can be called inferential modeling (second part of Figure 1). This synthesisis the
essence of the epistemologica framework we employed and describe here, which allows us to
derive the broad implications and consequences of the changes we model. We live in aless-than-
perfect world; there are no single truths that can provide answers to al of our guestions. Often
our answers and suggestions have numerous and broad implications on policy and
implementation that can direct future changes in one direction or another within an ensemble of
alternative futures. Exploring such a broader meaning (final part of Figure 1) can often allow us
to distinguish between aternative futures in a larger sense and between sustainable futures in a
desired sense.

Perceiving and implementing an ABM within such an epistemological framework is
often a complicated task, since it requires an enhanced ability to move within and across scales,
involves different levels of complexity, and demands a clear understanding of the broad
implications and interactions involved. These issues are discussed further.

Dealing with Multiple Scales

The question of the multiplicity of scales in such an agent-based simulation is important
to consider, especially when the complexity in the simulation and/or representation of readlity is
great. There are numerous simulations over a multiplicity of single scales. Few go beyond the
single-scale representation and examine the interactions emerging across dualities of scales.
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Traditional statistical techniques allow for the discovery of patterns across pair-wise comparative
scales. When the scale dimensions exceed two, the problem becomes nontrivial, since the
covariation across and within such scales introduces a significant challenge in the study of
emergence and its mechanisms.

An example of the computational and statistical complexities involved in such a attempt
at representation is shown in Figure 2. Starting from the bottom, the smallest perceptual unit is
the cognitive belief perception of each agent. This is a microcosmic representation of the
simulation scale, as the decisions by individual agents are being considered. If we denote as p(a;)
the probability that an agent would select a specific action a; based on his beliefs, rules, and
properties, then the mapping of these probabilities across the simulation state space (all the
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agents or entities participating in the simulation) presents us with the fundamental simulation
scale via a transition probability model P(a;). Such a transition probability model varies across
agents belonging to the same class (homogenous), so that we can represent agent class decision
making as an ensemble of decisions made by individual agents. The transition probability model
varies across agent classes (heterogeneous) as well, by means of various beliefs, rules, and
properties. Across an entire simulation with multiple agents and multiple agent classes, the
representational scale is a probability density function pdf that maps the densities of the
homogenous agent decisions across all heterogeneous agent classes.

Such amapping is a “snapshot” of the underlying reality of the world at the agent-based
perceptional level. It does not take into account the variability and uncertainty of changes in the
agent’s decisions as the simulation advances through time. It represents just one possible future
out of a wide variety of possible futures. Especialy in the cases where stochastic ssimulation is
employed, the discovery of aternative futures and the conditions under which one would expect
these futures to emerge is important. These are cases where, for example, we want to smulate a
hypothetical situation or predict a possible change, as opposed to cases where simulation
properties are deterministic and correspond to a historical sequence of events or actions.

If the simulation is a spatial one, the probability mapping described above defines a third
dimension in athree-dimensional (3-D) scale map (e.g., dimension zon an {x,y, zZ plane, where
x and y are the latitudinal and longitudinal spatial coordinates, respectively).
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FIGURE 2 Statistical and computational complexity in multiple scales (Movement within
scales [horizontal dimension] and across scales [vertical dimension] dictates the level of
complexity involved and thus the number of representational elements required to
visualize them.)
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Asis often pointed out, the relative level of complexity encountered within ABMsis very
important. It can have many consequences on our ability to accurately depict changes that occur
in the real world (i.e., in the case of structural complexity) and/or our ability to represent and
communicate these changes in a meaningful and comprehensive way (i.e., in the case of
representational complexity). Carley’s (2002) discussion on the difference between transparency
and veridicality provides good insight into the issues associated with the level of complexity and
on the implications of the complexity on modeling representation. Similarly, Agarwal et al.
(2002) provides a 3-D insight on different complexity scales that is based on a thorough
examination of 19 different land-use modelsin use.

MABEL SIMULATION APPROACH: MODELING ELEMENTS
AND MECHANISMS1

The MABEL model framework presents a comprehensive, dynamic, and interactive way
to simulate land-use changes over time and space, accounting for environmental, socioeconomic,
and cognitive factors. It is based on the Swarm ABM architecture (Swarm Intelligence Group,
2000) but has several major added distributed architectural tools and simulation elements that
advance the simulations’ capabilities and present a departure from traditional ABM techniques.
First, both the agents as well as the ssmulation as a whole acquire a spatial intelligence character
by incorporating geospatial and geographic information system (GIS) components and
visualization elements. Second, it integrates the spatial dimension (2-D) with the socioeconomic
(SE) dimensionality of the decision makers, thus transforming it into n-D. An agent in MABEL
is therefore both a parcel of land (with its associated geospatia and GIS attributes) and a
decision maker (with the parcel owner’'s associated SE attributes). Third, an agent’s decision-
making process is associated with an underlying cognitive mechanism, namely a Bayesian belief
network (BBN) model. An agent’s decision-making intelligence is closely associated with such a
BBN model, as it interactively provides learning and adapting capabilities for the entire
simulation.

The relational mechanism that precedes the actual ssimulation is a part of the MABEL
model’s initialization stage. Figure 3 illustrates the procedure itself and how identification
proxies are used throughout the simulation.

The SE component of the knowledge base (KB) alows us to map the possible transitions
from state-space (S) to action-space (A)) by using aternative configurations of cognitive
mechanisms (different BBN models, corresponding to homogenous agent classes). The
conceptual diagram in Figure 4 demonstrates such a process.

Through the simulation, the sequential decision-making process exhibits the properties of
a Markov mechanism. It is referred to as a Markov decision process (MDP), and for each time
step, an agent has to derive an evaluating ranking of its intentions via an expected utility
maximization rule. The specific formulation of the MDP model dlicits the use of a set of States
(S — Actions (A) — Transition Models (P) — Reward Functions (R) to achieve the maximization

1 This section provides a very brief overview of the MABEL simulation framework. A detailed description of the
MABEL model is provided in our recent papers (Alexandridis et al., in revision; Lei et a., 2005). Contact the
author for further details.
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and the cognitive mechanism, which consists of the BBNs for agent
classes.)



134

of the expected utility (MEU) principle (see Alexandridis et al., in revision, for details).
Although in a deterministic simulation, this procedure alone would be adequate to derive an
optimal path toward a given goal, in any rea-world situation, such an assumption is, in a
practical sense, inadequate for providing long-term efficiency assessment measures. The reason
is that real-world goals associated with long-term dynamics cannot be defined in advance; in
other words, the simulation faces an infinite horizon MDP problem formulation. To overcome
this problem, the use of a heuristic mechanism is required. Instead of asking whether or not an
agent reached a given goal, we can define the goal set (G) as awider terminal state, where goals
are élicited as hierarchical arrangements of goal achievements by using welfare measurements of
intended actions. The theory of social scale development and socia psychology provides us with
many alternative ways to achieve such a hierarchical arrangement (Petty and Cacioppo, 1996;
Eagly and Chaiken, 1993). We can evaluate and €licit relative distance measurements of the
degree of change between two sequentia time steps. In Figure 5, an example of such a heuristic
is provided for an agent’s transition from a given time step § to the next one, s+1. The
alternative pathways between the initial state s, and any of the goal sets g(A;) describe a given
sequence of actions, analogous to the way that a DNA string denotes a given sequence of genes.

The heuristic distance between the current state 5 a goa set g(Aj), denoted as
d[g(Ai)-s], can be estimated in terms of an expected utility measure (EU), and it is the shortest
path distance measure. The differences between two aternative states, 5 and §”, in the example
is simply A(slaj) = d[g(A)-s] — d[g(A1)-si+1] and A(S'|ai")=d[g(A2)-s] — d[g(A2)-s"+1]. By
comparing the two differences, we can say that if A(s|a)) > A(S'|a"), then the agent should stay
on the path (toward achieving some relaxed set of terminal goals). But if A(slaj) < A(S'|&"), the
agent’s path sequence is a not an optimal one; thus, an alternative action strategy for achieving
the terminal goal state(s) should be actively sought. This inferential rule is equivalent to the
MEU rule. The grayed paths in Figure 5 denote nonrational agent action sequences.

Another relational mechanism is the land bidding module (LBM) in the MABEL
simulation. The module negotiates “biddings’ between buyer and seller agents within a time-step
sequence. MABEL considers the decisions coming out of the initial MDP model to be intentions

Terminal State
(Goal Set, G)

Hierarchical
arrangement
of goal
achievement
(9) using
welfare
measurements
on indented
actions (A)

Initial
State
(so)

FIGURE 5 Procedural representation of the MABEL decision-making sequence (The
terminal goal state is a stochastic one; thus, the procedure achieves its performance
by using a heuristic mechanism.)
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and thus to not represent actual changes in the agents' attributes. They can be considered as
latent variables, which are used to indicate the degree and strength of an agent’s willingness to
engage in a specific action (e.g., buying and selling land). The purpose of the LBM relationa
mechanism is to attempt to match such transactions as efficiently possible. The final outcome of
the bidding process can then be considered the final (and actual) action that an agent will
perform in the next time step. Figure 6 illustrates the LBM procedure.

The variance that emerges between intended and performed actions across agents raises
the question of how accurate the initial estimation of the agent’s welfare measures is, especially
in cases where the difference between intentions and actions undertaken is significant. The use of
an iterative sequence of prediction-correction processes addresses this question. These processes
are performed by the Bayesian learning and Bayesian updating procedures in the belief networks
(Berikov and Litvinenko, 2003; Shachat and Walker, 2003; Wong et a., 2004). The use of these
processesisillustrated in alater section by a case study example.

Inferential Modeling

In this section, we use specific modeling exercises as case studies to illustrate the relative
importance of the MABEL modeling approach to the conceptual elements and their underlying
mechanisms. The details associated with these exercises can be found in the respective papers
from which they were drawn. (It is not the purpose of this paper to replicate the explanations).
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These exercises are vehicles to show the importance of the epistemological framework and how
phenomenically diverse modeling exercises address different yet equally important aspects of
our understanding of the world around us.

Two broad exercises are examined here. The first involves understanding the landscape
changes that emerge around us as a result of individual decision making related to land use and
assessing the accuracy of the spatial aspects involved in the MABEL agent-based simulation.
The second showcases the use of the BBNs as a cognitive mechanism and the potential effect of
their use on the agent’ s learning capability and intelligence.

Monte Carlo Replication Experiment for Landscape Dynamics
of the MABEL Model 2

The main goa of the experiment was to assess the parcelization algorithms that are
designed within the MABEL modeling architecture. Historical data from 1970 to 1990 were used
to initiate different MABEL simulations that modeled historical land-use change sequences. The
agents were assigned a set of deterministic goals that were based on a series of assumptions. For
example, the tempora sequence was fixed so that the initial termina states of the simulation
would correspond to the intermediate observed changes (i.e., from the decade observations for
1970, 1980, and 1990, the number of agents that changed equaled the number of parcels that
historically changed within each land-use and agent class). Other assumptions were used to
achieve exactly the opposite: introduce an adequate level of stochasticity on the simulation
factors that were irrelevant to the exercise goals. For example, the focus was on the shape and
pattern characteristics of the parcels that changed; thus, the spatial (locational, e.g., centroids
mean longitude and latitude) arrangement of the agents as well as of the cognitive and SE
elements had to be random.

To enhance the reliability of and confidence in the simulation, a series of Monte Carlo
replications were performed (100 replications for each of the three aternative modeling
configurations). An ensemble of search- and scan-based pattern recognition algorithms was
tested; the algorithms were tested simultaneously, and the use of functional metrics allowed their
performance in the simulation to be tested. These metrics are the occupancy area ratio OAR and
width/height ratio WHR, as follows:

OAR = TEA
Al AREAmincR(i)

where minCR(i) is the smallest confined rectangle containing the agent i.

XminCR(i)

WHR; =
A YminCR(i)

2 Based on the simulation experiments performed in Alexandridis et al. (in review).
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For acertain partition algorithm i, the optimal value OPT; is used to describe the “ correctness’ of
the shape partition. This can be expressed as follows:

AREAaw agent % (W1 X OARpey agent + W2 X WHRpay agent)
AREAg|gr agent

N AREA ermaiining seller agent X (W1 X OARqaw seller agent + W2 X WHRyemaining seller agent)
AREAG| |er agent ’

OPT; =

where w1 + wo = 1, and wq and w» are defined as the relative proportions of OAR and WHR

of the optimal shape, respectively. A graphical display of the spatial configuration of the
partitioning algorithm is shown in Figure 7.

The simulation’s focal area involved the entire Midwest region of the United States, as it
was divided into sampling areas by county blocks. Each county block contained eight 3- x 3-mi2
blocks, each with a distribution of land-use parcels. The distribution and data devel opment
methods were derived from Brown et al. (2001). For computational and analytical purposes, we
focused on two of these county blocks in two counties in Michigan — Grand Traverse County
and Mecosta County — containing eight 3- x 3-mi2 blocks each. An example of a visualization
of the simulation results areais shown in Figure 8.

To assess the accuracy of the simulation results, the landscape metrics were employed
(McGarigal and Marks, 1994; McGarigal et al., 2002). The relational and inferential mechanism
of such a modeling exercise is relatively complex. The interpretation and export of the
simulation results in a form that can be used for a spatial accuracy assessment are

Rectangle B Rectangle C

-

\

Unscanned Agent Area

\smallest Confined Rectangle for Agent i (minCR) ! Rectangle A (minCR)

FIGURE 7 Example of quantity measurements of optimal shape in a
hypothetical MABEL agent (Left: The smallest confined rectangle for agent i is
denoted by the thick-bordered rectangle and contains the entire area of the
agent i [shaded area]. Right: Rectangle A denotes the smallest confined
rectangle for agent i. Rectangle B denotes the scanned area for agent i.
Rectangle C denotes the unscanned area for agent i.)
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FIGURE 8 Example of the MABEL Monte Carlo replication experiments (Left: Grand Traverse
County Blocks, 1970-1980, Replication No.15. Right: Mecosta County Blocks, 1980-1990,
Replication No. 45. The dimensions of each sample block are 3 x 3 mi2. The blocks across
counties appear to be different sizes in this display because of the differences in county area
sizes. [Source: Alexandridis et al., in review]).

complicated, as shown in Figure 9. Severa alternative landscape and class metrics were
employed. The landscape metrics presented some inferential properties both for the spatial
configuration of the agents parcels and for the agents classification as homogeneous (at the
landscape level) and heterogeneous (at the class level). The functional forms of these metrics are
shownin Table 1.

These metrics were used to calculate and draw the simulation results. A subset of these
results is shown in Figures 10 and 11. The results seem to confirm the accuracy of the MABEL
model parcelization algorithms. Additional tests (using a Kolmogorov-Smirnov test) indicated
that the results differ from a random distribution. A reliability analysis indicated that the
simulation displayed a significant level of reliability with regard to our process in terms of
capturing the variability observed in the real-world changes (Alexandridis et al., in review).

Assessing the MABEL Cognitive Mechanism by Using Bayesian Belief Networks

The example that follows showcases the value of the BBN modeling elements in the
context of the MABEL decision-making process. The example was purposely chosen to be an
oversimplification of the reality that encompasses the true elicited attitudes and beliefs that
people use when faced with similar decisions, simply because of its transparency attributes.
Since the point to be made here is not about the BBN dlicitation or constructability but about the
intelligent learning properties that the agents participating in the simulation are implied or
inferred to have, unnecessary veridicality was avoided.
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FIGURE 9 Relational mechanism and procedural steps involved in performing
a spatial accuracy assessment

The BBN shown in Figure 12 was initially elicited to present a simple situation in which
a farmer-agent faces a land acquisition decision to either buy land, sell land, or do nothing. At
each time step, the agent observes directly only a weather forecast (that has a relatively biased
correlational relationship to the actual weather) and the yield of the land parcel at any given
planting period, and the agent has a risk aversion potency toward his or her decisions. On the
other hand, the weather (especially past weather experience) affects the weather forecast, land
yield, and achieved price levels that exist in the market. Both prices and yield, in turn, affect the
income from the farm (which, in the long run, affects the agent’s risk aversion properties). The
eicitation of the welfare measurements in terms of the expected utility (EU) allows both the
price and farm income levels to affect the scale representation index of these measurements.

The welfare (EU) index representation is then used to derive the EU distribution for the
land-use decision node, by weighting the probability value of each of the aternative decisions
with its corresponding utility index value. The MEU principlein MABEL requires that the action
with the highest EU should be considered as the intended action and should be message-passed
to the LBM for further processing. A set of 100 sequential observations used for three of the
BBN nodes (weather, weather forecast, and yield achieved) was used to enter evidence into the
model, and the changes in the maximum EU were monitored (Figure 13).
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TABLE 1 Landscape and class metrics and their inferential properties for the MABEL agents

Landscape Metrics (Heterogeneous Agents)

Mean Shape Index

Measures the complexity of a parcel
shape at a landscape level. Equals 1
for square parcels, and it increases
for more irregular ones.

Mean Fractal Dimension Index

n {zm(o.zspij)}
Ing, ;

Measures the degree of complexity
in a parcel shape, as a departure
from Euclidian shapes. Ranges from
1to 2. The larger its value, the more
complex the parcel's shape is.

Mean Related Circumscribing
Cycle

o
M-
1
v
VRS
|2
‘I::_—I

CIRCLE _MN =

Similar to shape index, but uses the
smallest circle instead of square.
Ranges between 0 and 1, and
approaches 1 for elongated, relative
linear parcels.

Shannon’s Diversity Index

SHDI =—Zm:(R InP)

Measures the level of diversity in the
informational entropy of a landscape.
The index asymptotically approaches
0 for homogenous landscapes, and it
increases for heterogeneous ones.

Class Metrics (Homogeneous Agents)

Mean Shape Index

C
SHAPE _MN = ) (SHAPE _MN,)

c=1

Mean Fractal Dimension Index

C
FRAC_MN = > (FRAC_MN,)

c=1

Mean Related Circumscribing
Index

C
CIRCLE_MN = Y (CIRCLE _MN,)

c=1

Similar to the relative landscape level
metric, but is computed separately
for different land use (agent) classes.

Landscape Division Index

oo 53]

Denotes the probability that two
randomly chosen parcels in the
landscape do not belong to the same
land use (agent) class. Ranges from
0 to 1. For homogeneous
landscapes, it approaches 0.

Since, by definition, the nondecreasing character of the utility concept does not allow the
long-term consequences of the actions selected to be accounted for and thus aso does not
discriminate between positive and negative actions, a very simple, balanced reward index was
implemented on this example (+1 for buying, O for doing nothing, —1 for selling). The reward
function then was derived by weighting the MEU by its corresponding reward index. The
simulation results are shown in Figure 14.

An examination of the cumulative reward distribution over time shows that by amost the
first two-thirds of the simulation, the achievement made by the farmer-agent toward his or her
goals was highly volatile, making it difficult to interpret the results. During the last third of the
simulation, the results indicate a clear potency for significantly increasing the welfare. Yet a
further examination of these results indicates that the agent faced a potentially consistent trend. If
we compute the moving average of these cumulative rewards for the time-step sequence of the
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FIGURE 10 Landscape metrics results for the MABEL Monte Carlo replication
experiment in Grand Traverse County (Column 1 = 1970-1980. Column 2 =
1980-1990. Row a = mean shape index [SHAPE_MN]. Row b = mean fractal
dimension index [FRAC_MN]. Row ¢ = mean related circumscribed circle
[CIRCLE_MN]. Row d = Shannon’s diversity index [SHDI].)
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(a) Prior Belief Network Probabilities
(initialization of agent's beliefs)

(b) Posterior Belief Network Probabilities
(after 100 simulation steps & learning)
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FIGURE 12 Farm decision simulation experiment (Both prior beliefs and posterior
beliefs [a and b] are shown over a 100-step learning simulation from evidence entering

the system.)
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FIGURE 14 Belief network simulation results in terms of the cumulative reward value of
the intended actions, across the simulation steps

entire simulation, we can see that such a consistent pattern emerges. The average cumulative
rewards represent the second-order dynamics, as they denote the rate of change of the agent’s
welfare from the beginning to the end of the smulation. This pattern is shown in Figure 15. The
overall simulation properties exhibit three distinct tempora phases. The first one is a period in
which there are significant losses in the agent’s welfare, which occur at a consistently decreasing
rate. The second phase is a break-even period where the welfare level remains relatively
constant. The third phase is a period of gain in which the agent’s welfare exhibits a consistent
and significantly increasing trend.

The BBN mechanism on the MABEL model employs Bayesian learning techniques to
adapt to observed evidence and to the experience that an agent acquires through the simulation.
At the theoretical level, such adaptive learning is achieved through the use of an expectation
maximization (EM) agorithm (Islam, 1999; Laskey and Myers, 2003). The EM algorithm uses
maximum likelihood estimation properties for fitting a mixture to data via an information
confusion matrix. When the theoretical exponential learning curve of such an algorithm isfit to
the data observed in the simulation experiment, there is a high degree of agreement (R = 96.5%).
Thus, our model exhibits a consistent |earning pattern through time.

The learning components discussed so far present an example of the inferential modeling
epistemological formation discussed in the initial section of this paper. In other words, they
attempt to answer the question of why we observe the simulation results, given the stochastic
simulation elements of a given BBN and the inferential heuristic mechanism of learning. We can
take our discussion one step further to explore the meaning of this simulation exercise in terms of
its implication on the agent’s optimal policies (x) and action sequences (A). As Figure 15
indicates, the data on empiricd average cumulative rewards display some interesting
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uncertainty.)

characteristics. In the initial stages of the simulation, the agents face a high degree of variability
in their outcomes because of the greater uncertainty involved in the evidence entering the belief
network. This has implications on the relative degree of learning over time (Phase 1). On the
other hand, as the simulation advances, the variability of the outcomes significantly decreases to
aminimum degree of uncertainty, and a faster learning curve results.

The results displayed in Figures 14 and 15 show that a given agent belonging to this land-
use class (farmer-agent) often faces significantly negative welfare measure values. In a rea-
world context, this would be trandated into debt, cost-associated problems, etc. Thus, a question
can be formulated on how much loss an agent can withstand without having to change its long-
term consistency. This question can now easily be transated into a more comprehensive or more
robust postulate in terms of the agent-based simulation framework, as follows: the degree of
volatility (i.e., the degree of variability and uncertainty) that an agent can withstand is adequate
to keep the agent consistent in pursuing his or her long-term goals. By transforming this
guestion, the inferential modeling framework can be employed to help the decision makers
improve their long-term consistency between actions and optimal policies. It also becomes clear
that in order to address this question, the simulation design has to shift its scale of perception,
since it is not enough to employ only repeated temporal measures (i.e., the ssimulation observed
in this example). The smulation aso requires repeated measures (i.e., repeated 100-simulation
experiments for different areas, or agent types) within agents and across agent classes in order to
discover the confidence intervals associated with the variability in the initial stage.
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Epistemological Meaning Revisited

By taking into account the arguments and case studies presented so far, we can often
derive specific meaning from the inferential modeling elements and mechanisms. As an example,
we expand here on the previous discussion in order to understand the differences between the
homogeneity and heterogeneity of agents throughout a simulation model. During the course of
this text, the terms “homogeneity” and “heterogeneity” were used, but no semantic explanation
of them was provided. The semantic representation is provided here.

» Heterogeneous agents are diverse among themselves; they have different
attributes and/or beliefs. They are similar to a population composed of
individuals. These agents do not necessarily have to belong to different
classes. The natura tendency is for heterogeneous agents to represent the
“natural order” of things. We can perceive them to have maximum entropy
(aminimum amount of information is contained within them).

» Homogenous agents have similarities in their properties and/or beliefs. They
are similar to a group of people who have something in common. These
agents do not necessarily have to belong to the same classes. This concept of
homogeneity implies (or infers) a higher level of organization; thus, the agents
contain more informational context.

Homogeneity and heterogeneity are complementary concepts. When we know the level
of homogeneity of an agent (or the degree of homogeneity of an agent group), we consequently
know its level of heterogeneity (or the degree of heterogeneity of an agent group). If p is the
homogeneity level, then heterogeneity isq= 1 —p. In informational terms, if entropy denotes or
infers a level of homogeneity, then negentropy necessarily infers a heterogeneity content, and
vice versa.

When we talk about agent homogeneity alone, we imply the existence of agents that
belong to the same class (i.e., they have identical class propertiesin al aspects of their decision-
making attributes, and any differences observed among them are solely attributed to the
differences that exist in their external agent environment). If we want to differentiate this
definition, we can introduce a level of classification that refers to completely or totally
homogenous agents. The idea is the same for the properties of heterogeneity. Agents are
completely or totally heterogeneous when they share no common decision-making class
attributes (i.e., they belong to different agent classes) and when this holds true, even when the
agents share a common external environment. In contrast, we can talk about partial homogeneity
and heterogeneity of agents. These agents are closer to a real-world cognitive representation,
where people are never perceived as being entirely identical (unless they are cloned!). We can
define partial homogeneity (with respect to a specific attribute) as the property of agents that
have one (or more) specific attribute(s) in common but differ in every other attribute or belief.
We can intuitively use the terms “partial homogeneity” and “partial heterogeneity” (with respect
to a specific attribute) interchangeably, depending on the properties or attributes being focused
on and the common/diverse ratio that they represent. In that sense:

* A st of agents can be considered partially homogenous with respect to
attribute a when the only common attribute within them is attribute a.
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o Similarly, a set of agents can be considered partially heterogeneous with
respect to attribute b when all the other attributes (except attribute b) are
common within them.

* A set of agents can be considered partially homogenous with respect to an
attribute set, say A = (a1, ap, ..., an), when the only common attributes within
them are the attributes of the attribute set A, and N < 2n, where N is the total
number of the agent’s attributes, and n is the number of attributes belonging to
the attribute set A.

» A set of agents can considered partially heterogeneous with respect to an
attribute set, say B = (by, b, ..., by), when al the other attributes C—B= D
(and C < B, where C is the total attribute set) are common within them, and
when N <2n, where N is the total number of the agent’s attributes, and n isthe
number of attributes belonging to the attribute set B.

* We can take these definitions a little further in accordance with the
mathematical definitions of homogeneity and heterogeneity. When
differentiating the degree of homogeneity and heterogeneity, we can refer to
the “degree of” instead of their generic definitions. In other words, we can say
that a set of agents is homogenous of degree n with respect to an attribute set
A, where n is the number of attributes contained in the attribute set A. When
n=1, the attribute set A degenerates into a singular attribute element a or
A= (a). Thedefinition for the degree of heterogeneity is similar.

The type or the specific properties of the attribute set that postulates the homogeneity
and/or heterogeneity properties of an agent group can help in further identifying the nature of
homogeneity. Thus, we can refer to different types or classes of homogeneity and heterogeneity,
such as spatial, temporal, environmental, physical, natural, economic, technical, social, etc.

While the agents homogeneity and heterogeneity are interrelated, the definitions
themselves reflect different focal areas or areas of interest for the researcher. Homogeneity is
related to group attributes and, as such, is subject to a higher degree of generalization within a
population of interest (to be modeled). In an agent-based dynamic framework, where a degree
of stochasticity in the modeling process is desired and, to an extent, required, higher degrees of
generadization infer higher degrees of robustness, higher degrees of confidence, and lower
degrees of uncertainty in the simulation outcomes. On the other hand, heterogeneity is related to
the diversification derived from individualistic behavior, and, as such, is related to a higher
adaptivity and higher degree of intelligence processing of the agents. But an increase in the
degree of intelligent processing ability and adaptivity of the agents inevitably provides the basis
for the emergence of robustness in a simulation. These emergent properties of the homogenous
and heterogeneous agents allow for an abundance of aternative pathways to robustness, as
shown in Figure 16. Thus, robustness in the epistemological framework of an agent-based
simulation can be defined as a carefully weighted mix of the heterogeneity and homogeneity of
agent properties and their underlying mechanisms.
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DISCUSSION

The purpose of this paper is to initiate a wider discussion about the semantics of and the
need for a wider epistemological framework for an agent-based simulation that crosses multiple
disciplines of scientific research. We provided a comprehensive description of the
constructability of such an epistemologica framework, and what it may come to represent in
terms of asking the right questions for the modeling exercises undertaken. We described the
MABEL modeling architecture in terms of this epistemological framework, and we discussed
two distinct simulation experiments that served as case studies and revealed two widely opposing
modeling approaches to epistemology. The first one showcased how a deterministic agent
behavior can revea emergent properties of the patterns of change and the dynamics of these
patterns over time and space. The second one showcased how a stochastic simulation element
allows us to explore the horizons of adaptivity and intelligence in the agent properties. Both
experiments display a highly significant level of robustness, but they use alternative pathways
toward achieving this robustness.

The growing significance of ABM approaches in addressing and solving real-world
decision problems, and the increasing reliance of scientific modeling on new, dynamic, and often
intelligent approaches to problem solving, dictate the need for a unified framework of scientific
thinking, an epistemological construct that has the ability to cut across different and often diverse
scientific disciplines. We suggest that such an epistemological construct can address the diverse
array of issues involved in an agent-based simulation only when it focuses on both the
deterministic processes and the stochastic mechanisms that underly these changes. Furthermore,
this epistemological construct must be able to freely move across and within the different
possible modularizations (or mappings) across the conceptual and semantic levels. This is the
reason why we believe that representing changes as flexible, loosely connected modules of an
ABM simulation, rather than “hard-wiring” these modeling elements and mechanisms to a
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computer code string sequence, can enhance the understanding and effectiveness of a modeling
architecture. The latter approach presents a relatively inefficient way to approach agent-based
modeling, since it does not allow for discovering knowledge or testing robust assumptions
without undertaking extensive computer recoding and revising.

Finally, we hope that our approach will initiate a broader discussion among scientists,
modelers, and researchers involved in al disciplines associated with agent-based modeling. Such
a discussion is important for spotting and identifying the important elements of meaning or
semantics in our epistemological constructs, and for providing cognitive space for the emergence
of new ideas and advances in our knowledge and understanding of our natural and anthropogenic
world.
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DISCUSSION:
MODEL DESIGN TECHNIQUES
(Thursday, October 7, 2004, 1:30 to 3:30 p.m.)

Chair and Discussant: N. Collier, Argonne National Laboratory

To Deceive or Not to Deceive? Mimicry, Deception, and Regimes
in Tag-based Models

CharlesMacal: Our first session of the afternoon is “Model Design Techniques,” and
the chair and discussant for this session is Nick Collier who is one of the — well, is the original
— Repast developer for those of you that may not be aware of that. I'll turn it over to Nick.

Nick Collier: As Chick said, this is the “Model Design Techniques’ session, and, as
before, each presentation has 25 minutes with 5 minutes for questions. We start with Y.Y. Chen
who will talk about tag-based models.

Y.Y.Chen: Good afternoon. My name is Yuan-yuan Chen. I'm a third year doctoral
student in the Business School at Emory University. | will present a preliminary study of work
that | have done with Professor Mike Prietula who is currently visiting Florida International
University.

[Presentation]

Collier: 1 would like to start with three questions and comments. The first is out of
curiosity. You said that you were in the business school. | was wondering what part of the
business school this work falls under and what is the school’ s justification for this work?

Chen: The business school is an online community. This model can be used to study the
online community. It can be used to look at people who have never met and who never get
familiar with each other. It looks at how they communicate with each other and how they
cooperate with each other, so this model can be used to study how the online community
emerged and evolved.

Collier: Okay. Second, I’ ve read some papers about heterogeneity and homogeneity and
about how heterogeneity is important for the robustness of a system. As | was reading your paper
and watching your presentation, it occurred to me that there’'s an interesting kind of
heterogeneity here with the deception, in the sense that you get enough homogeneity so that they
can cooperate a lot, but then you have the heterogeneity because they’re not really the same;
they’re deceiving. | wondered if you had any comments along that line in terms of heterogeneity
and homogeneity.

Chen: Yes, this is a very good question and a very good comment. This model is
basicaly combined to see the co-inference of the homophili — its homogeneity and also the
deceptions and how this too can influence the cooperation. But you're talking about the
heterogeneity. There's also some heterogeneity in a group, in the entire population. This model
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does not have this now because we haven't focused on heterogeneity, but in the future, thisis
definitely the direction we'll conduct research.

Collier: Right. And my last question is realy a comment for future research. I'm
wondering about changing the model, or tweaking the model, so that you begin with some agents
deceiving, but then as they — a notion of assimilation — begin to see that they’re part of two
groups, and one is deceiving them, they begin to be assimilated by the other group, and they lose
their ability to deceive. They're no longer part of their previous group, and they move aong.
This mirrors at least the experience, the anecdotal experience, of becoming friends with people.
You may not really act like them or whatever, but eventually you do act like them. Y ou become
one of them, and you're not faking it anymore.

Chen: Yes. That'sagood point. Your illustration isto add one level in a population that
right now we just seeis asingle level. But if you're adding a group level into the analysis, that
will change the intergroup cooperation of things.

Unidentified Speaker: I'm trying to figure out where are the data that you’ re concerned
with? Did you use data to calibrate your theories or to generate your parameters?

Chen: We generated. We used a simulation model, a coding model, and simulated, and
by using an algorithm | introduced it in a presentation. It generates the preliminary data, and we
analyzed the data. Am | answering the question?

Unidentified Speaker: You got asample of real people and got their parameters ...
Chen: No, no. Wedidn't do the experimental analysis. We just used the simulation data.

John Sullivan: Were there any consequences? You didn't mention it. Were there any
consequences for being caught at deceiving? Any tit-for-tat or anything like that?

Chen: Yes. We didn't consider that there’s punishment. You are talking about the
punishment if they’re caught. We didn’t ssmulate a punishment in this model because basically
in the tech-based model, there’s no memory. There’'s no punishment assumption in the original
tech-based model, so we just extended the model to add another deceptive mimicry, this
mechanism into the model, so no punishment, no memory are in this model.

Meredith Rolfe: | had a question about your definition of cooperation. It seems that
you're saying there is basically a unilateral donation, and there’' s no prisoner slum, if you want to
call it that, set up, wherein if you give adonation. The ideais that the other person is absconding,
which brings me to asking if your deceptive agents are different than your donating agents, or
can the same agent both deceive and donate?

Chen: The same agent can both deceive and donate. It’s because in each generation each
agent has three opportunities to pair with the other agents. It's randomly paired up. If the tech-
value difference between this agent’s tech value with the other agent’ s tech value is very similar,
then a donation occurred. If it's not similar enough, there's no donation. When we consider the
deceived opportunity, if the tech value is not similar enough, the agent we deceived tries to get
the donation. That is the increased opportunity to get the donation.
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Pam Sydelko: | would urge you for future research to seriously consider separating out
deceiving from donating agents because | think it sets up a very different dynamic, much more
similar to what we think of as the free writer problem, the problems of cooperation, than the
current setup, where you can sort of do both.

Chen: Okay. That's agood point. Thanks.

Collier: Any more questions? Okay, thank you.

Ontology for Agent-based Modeling and Simulation

Nick Collier: Next, Scott Christley is going to talk about “An Ontology for Agent-based
Modeling and Simulation.” Just give him a minute to get set up.

Scott Christley: This presentation is about some work that | started over the summer.
| was happy to listen to Roger Burkhart' s keynote speech this morning because | think my work
plays along in some of the bullet points that he mentioned. And, thankfully, | was listed under
one of the future trends, not one of the thingsin the past!

I"'m going to talk briefly about the motivation for this work and the ontology and what
| consider ontology for those who are not familiar with this term. Then I’'m going to talk more
specifically about agent-based modeling. | presume everybody’'s familiar with it, so I'll cover
that rather fast. The mgor part of my talk deals with reasoning — reasoning systems for
inference and automation. Finaly, I'll talk briefly about future work.

[Presentation]

Collier: First, I want to say thanks. | enjoyed reading the paper. It touched on a lot of
things that are interesting to me and also directly into things | do every day. | have two
comments/questions. The first goes back to what Roger [Burkhart] was saying this morning and
also addresses my own interest in generative programming, that is, create software-creating
software. Roger talked about these transformers that could take the visual language of UML, or
SysML, or whichever and turn it into some sort of software code — the raw code itself. I've
certainly seen, and I’'m sure you have too, UML tools take a class diagram and stub out al the
classes and the methods for you. | get the sense, or it’s actually more than a sense, that you want
to do alittle more than this, that the inference engine, starting with a knowledge base, using an
ontology as opposed to just a visual language, you could go further than this in some way. You
could, both with the general agent knowledge base and then with the domain-specific one,
possibly generate more code, code that’s more specific to the domain. Could you comment on
that?

Christley: Yes. | agree because when you take a knowledge-based approach, and you
could say in a certain sense that UML has some knowledge within it, but there is obviously a
difference between syntactical knowledge and semantics. | think UML has a lot of syntactic
knowledge, things about interfaces and data types and connections, but that the semantics may be
lost or only implicit in it.
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So, yes, if you want to go further, | think you have to put more of the semantics into your
knowledge. That goes to the point of where, but that’s an issue as well, because you need an
expert in the system in order to put that in. So | think one of my future works here is learning. It
would be nice if this tool learned aong with you. Say you're a researcher who's trying to learn
about this phenomenon. You're discovering new things. It would be nice if this tool followed
you along so that it can continue to be a good assi stant.

Collier: My second question — again I’'m monopolizing things — is that this ontology
is both — and this comes across more in the paper — descriptive in the sense that’s it's a nice
formalization of both agent-based models and agent-based modeling. But there's also a
prescriptive slant to it, that says it may be that you should write your models this way; you
should start with a knowledge base because X, y, and z are the benefits of doing that. While | can
see the benefits, | wonder what experience you have following that trail because in places it
seems like this might be a bit cumbersome to go through, defining every little thing. And of
course there are benefits to that, but it does seem cumbersome. Maybe that also gets into the idea
of the software learning along with you, so you're not throwing every little thing back into your
knowledge base. That's a very valid criticism and one that’s been around in the Al community
for along time. And | don’t think we’ ve found necessarily a good solution to that.

So, yes, you run into this problem where all these formal methods are great, but they add
alot of overhead, and | have to have a lot of knowledge on how to actually use them. | think,
though, that the tools we now have are getting better, especially with the semantic Web and Web
services becoming a very big thing. The OWL [Ontology Web Language] language that |
mentioned is a standard — a Web standard. A lot of people work in it. In the future, although
these are hard to work with, the tools are probably going to get better and it won't be as
cumbersome. That’s a hope.

Collier: Any questions?

Pam Sydelko: What are your thoughts about being able to take Legacy models and
apply this ontology approach to them as a way of documenting them to the point where
somebody could use the ontology documentation to understand how the model could be used in
junction with another model or see how this model overlaps with another model? Would
standardizing ontologies in thisway help model integration efforts? It seemsit would.

Christley: Yes. I’'m going to point back to some of the semantic Web services-type of
work because it's dealing with basically the same issue. They have these business processes,
these interfaces, and services they want to provide, and they’re grappling. What’'s our common
vocabulary? People have the same services, but how do they know that they’ re the same?

I’'m not presenting this as a modeling language. I'm a little skeptical about modeling
languages. | think there are plenty of those out there. But you can take this knowledge-based
approach and find many forms of how you can represent it. OWL is one — it's the semantic
network form, but there are expert systems where you use rules. Y ou know, there are things like
first-order logic, which some people aren't comfortable with, but it is very declarative and
expressive. | think there are alot of other more practical things where you get into the UML-type
descriptives.
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As away of documentation, | think it's helpful to a point, but you’ re going to need some
more tools so that it's useful to other users. If you just put it into the system, if you just encode
all your knowledge into a system, and there are no tools or ways to get it out to do queries, then
it’skind of lost in space and it’s not so useful. Those are my viewpoints.

Use of Robust and Efficient Methodologies in Agent-based Modeling:
Case Studies Using Repeated Measures and Behavioral Components
in the MABEL Simulation Model

Nick Collier: Our next speaker is Kostas Alexandridis, and he's going to be speaking on
“The Use of Robust and Efficient Methodol ogies in Agent-based Modeling.”

Kostas Alexandridis. I’'m going to talk about robust and efficient methodologies in
agent-based modeling. The ideais to step back from current and previous work, look at the big
picture, and address some of the theoretical uses involved in other approaches we're taking.
First, I will talk about the big idea — setting up the framework of thought and putting the
MABEL model architecture into those terms. Then | will present some simulation case studies
from current work at our facility. Finally, | will synthesize everything to provide some
conclusions.

[Presentation]

Therefore, according to the predefined metrics, we see that some of the algorithms are
performing much better than others, mostly the numbers from 5 to 8.

Collier: [referringto aslide] I notice you say 1980 to 1990.

Alexandridis: Yes. That's why | said in the beginning that we did a deterministic
because we wanted to be able to compare land-use changes with historical changes, and that’s
my next slide. We took the number of agents that started in 1970, and we had dates of 1970,
1980, and 1990. We fixed the number of agents that were changing, and we wanted to see how
the personalization agorithms were performing, knowing that matching the historical with the
simulated .... Thisis the example of how the percent of change, that is, comparing the real with
the ssimulated changes of the algorithm, happens across different land-use types. The green oneis
forest and wetlands, the brown one is agriculture, and the orange is urban. So you see, some
algorithms are better at representing changes on different land-use scales.

[Presentation]

Alexandridis: The second one [referring to the dlide] is looking through heterogeneity;
looking at the class and the individual agent’s behavior, and achieving robustness through greater
ability of the agents and intelligence. So robustness can be achieved separately, but a balanced
approach is more important for achieving both capabilities of generalizing your arguments and
ahigher degree of intelligence and adaptability of the agents.

Collier: By “robustness’ you mean the robustness of your “argument” with respect to
what?
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Alexandridis: It's with respect to how we can get our smulations and bring them into
the point where we can start to talk about ideas. That's what | mean by robustness. Some
conclusions or ideas that | think are important is that there is a need for a wider epistemological
framework in agent-based modeling. [We need to find] how, why, and what’s the big meaning
behind it. Somehow it should contain both stochastic and mechanistic characters inside it. The
robustness can be achieved via alternative pathways, but balanced approaches make a difference.
Flexible modulation of modeling components is very important, | think, and it creates a contrast
versus the hardwiring of computer code strings.

[Presentation]
Alexandridis. | welcome your questions.

Collier: All right. Thanks. | want to say one thing first and monopolize again. I'm
curious about the process of developing this notion of the big idea, the epistemological
framework. You had this very obviously, very complicated MABEL model. Is that when you
started to think more deeply about it and came up with this notion of the epistemology that
would help you think more deeply about the MABEL model? I'm trying to think; obviously, you
used the MABEL model as an example, but I’'m wondering what the epistemology brings to the
MABEL model, how it helps you think about the MABEL model, and perhaps how it helped you
overcome certain problems?

Alexandridis: Well, our class of agent-based model deals with environmental modeling,
and each of our models involves more real-world redlities rather than stochastic smulations or
very deterministic ones. So the whole idea is how we use our knowledge and what we gain from
our models to infer about how real-world processes work. That’s the original motivation starting,
even looking at agent-based modeling. On the other hand, as we designed the model to be part of
modules as opposed to just building a model — wiring codes for specific components —we were
able to test those components separately, and then the entire idea developed that somehow all
those things had to come together. Regarding models, it ties up to the older discussion about
models talking to each other; I’'ve been seeing a lot of replication on the work of a lot of
scientists. At some point, we have to start thinking about such a big idea to couple it with what
we're doing. | think that was the motivation. It's also very exciting to get out of the everyday
kind of experimental procedure and start going back and start thinking about those.

Zhian Li: | have two questions. For the first question, could you go back to your first
few dides? You defined the probability as the summation of the probability density function. |
do not understand whether you mean the conditional probability or the individual probability. At
the beginning, you said a probability of an individual agent is PA, and you get a summation of all
the agents. Then you probably got the probability over 1, yes, right here [referring to the slide].
Y es, the third one. So what do you mean there? You get 1,000if al ...

| started saying that you have individual agent issues, and so the agent decision is a
probability of making it individual action. Then you go into over 100 agents, a whole class of
those agents. So you have a sum or weighted average of those decisions, and that’s a probability
in sample because | don’t want to start talking about — alot of times you have to compare. | saw
in those examples in the Monte Carlo that you have to compare the probability distribution
function across different scales, different land-use categories. Then you scale up and you start
looking at replication experiments and different landscapes. | still didn't understand. We can
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discuss it later, but it seems to me that you cannot make a ssmple summation of the probability
distribution function.

Alexandridis: No. Those are not the acts or properties, just to represent how the idea of
the level of complexity starts and increases when you start piling things together.

Li: Right. Then you have a condition of probability.
Alexandridis: Not exactly. Well, you' re talking about ...
Li: Otherwise, you get our 1.

Alexandridis: No. You have a conditional belief network, which is different than a
conditional probability distribution.

Li: Okay. | don't want to take too much time. The second question has to do with your
land-use bidding process; you mentioned that you use a 3- by 3-mile metric area. What's your
boundary condition? Do you have a repetitive boundary condition or a reflective boundary
condition?

Alexandridis: No, we don't use boundary condition.

Li: What if a person says that he wants to buy this land, and the land is occupied? Do
| want to bid with you, or do | want to look at a different place?

Alexandridis: No. The land-bidding model involves only agents that have an intention
to buy or sell land.

Li: Sothe agents are just concentrated on this area.
Alexandridis. Yes.

Li: For example, 1 want to bid in Chicago, not necessarily the city but perhaps the
western suburbs, but you don’t want to go through the lake. You don’t want to bid to build a
house on the lake.

Alexandridis: Well, when you do simulation, and that’s why we started thinking of the
entire Midwest because those are counties, but we didn’t do them separately. We do them all at
once. So al the agents of al those parcels are together, but there is around area that is missing.
Also, because of the computational problems, at one point when you start thinking about larger
scales, then you have, if you want to address those issues, you have to start thinking about
in-migration, out-migration, and that’s ...

Li: Sure, yes. That's exactly the boundary condition you can define at the ingress and
egress, so that ...

Alexandridis: | agree with you.

Li: Yes. Areyou considering that kind of funding?
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Alexandridis: No, no. Up to that point, even as it is a model, it is extremely complex,
and | think we are away from that point yet. Well, we have it in the back of my mind.

Michael North: | have a quick question. From the framework that you laid out here, not
just in terms of land use, but in general, it seems that it could be used to help support
repeatability of experiments, in particular, repeatability of simulation designs, not only within
your group, but between groups, which | think is very valuable. Could you address that in more
detail? How would you use this framework to try to do something like that?

Alexandridis: Well, | think our case side is examined, not extensively, but looked at
those properties ...

Brian Pijanowski: ... for another group to come back and repeat....
North: ... between locations. Would you say that repeatability between locations?

Pijanowski: Well, no, because that's one of the big issues that | see — simulations
having repeatability of entire studies and other simulations. In experimental science, we can get
another apparatus and set up a similar configuration, a similar state or conscious design. This
part would be sort of natural.

Collier: You mean, if you could define their model in this scheme, then give the scheme
to someone else, it would be a good starting point.

North: Exactly.

Alexandridis: Well, | agree with you. First, the data for those two case studies are
available to everybody who wants to test them. | think putting together a unified and universal
thinking about an epistemological framework eventually would help in doing that as well
because people would be implementing. Thinking in the same terms, you start being in the same
level of comprehensive ... models work. And | couldn’t agree more with you on those terms.

Collier: Thank you. | think we're reaching the end, so unless anyone has a quick
question, we'll stop for now.

CharlesMacal: Thank you, Nick. Thank you, speakers, for a very stimulating session,
taking on some of the larger issues that we're facing in agent simulation. Why don’t we take a
10-minute break, and then we'll have a session dealing strictly or specifically with toolkits.
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NETLOGO: DESIGN AND IMPLEMENTATION
OF A MULTI-AGENT MODELING ENVIRONMENT"

S. TISUET and U. WILENSKY,, Northwestern University, Evanston, IL

ABSTRACT

NetLogo is a multi-agent programming language and modeling environment for
simulating complex phenomena. It is designed for both research and education and is
used across a wide range of disciplines and education levels. In this paper, we focus on
NetLogo as atool for research and for teaching at the undergraduate level and higher. We
outline the principles behind our design and describe recent and planned enhancements.

Keywords: NetLogo, agent-based modeling, simulation, modeling toolkits, programming
languages, complex systems, complexity, emergence

OVERVIEW

NetLogo (Wilensky, 1999) is a multi-agent programming language and modeling
environment for simulating complex natural and social phenomena (Wilensky, 2002). It is
particularly well suited for modeling complex systems evolving over time. Modelers can give
instructions to hundreds or thousands of independent “agents’ all operating concurrently, in
order to explore connections between micro-level behaviors of individuals and macro-level
patterns that emerge from their interactions. NetLogo enables users to open simulations and
“play” with them, exploring their behavior under various conditions. NetLogo is also an
authoring environment that is ssmple enough to enable students and researchers to create their
own models, even if they are not experienced programmers.

We designed NetLogo for both education and research. There has been considerable
research on the use of multi-agent modeling in K—12 settings (Wilensky, 1995; Resnick, 1996;
Wilensky and Resnick, 1999; lonnidou et al., 2003; Wilensky, 2003; Wilensky and Reisman,
2004). In this paper, though, we focus on NetLogo as a powerful research tool and as a tool for
learners at the undergraduate level and higher.

Historically, NetLogo is the next generation of the series of multi-agent modeling
languages including StarLogo (Resnick and Wilensky, 1993; Resnick, 1994). NetLogo is a
standal one application written in Java so it can run on al major computing platforms. After five
years of development, NetLogo is a mature product that is stable and reliable. It is freeware:
anyone can download it for free and build models without restriction. It comes with extensive
documentation and tutorials and alarge collection of sample models.

Adapted from S. Tisue and U. Wilensky, “NetLogo: A Simple Environment for Modeling Complexity,”
International Conference on Complex Systems, Boston, MA, May 2004. S. Tisue and U. Wilensky, “NetLogo:
Design and Implementation of a Multi-Agent Modeling Environment,” SwarmFest, Ann Arbor, MI, May 2004.

T Corresponding author address:. Center for Connected Learning and Computer-based Modeling, Northwestern
University, Evanston, IL; e-mail: wilenskytisue@ccl.northwestern.edu.
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As a language, NetLogo is a member of the Lisp family that supports agents and
concurrency. Mobile agents caled “turtles” move over a grid of “patches,” which are also
programmable agents. All of the agents can interact with each other and perform multiple tasks
concurrently.

NetLogo is being used to build an endless variety of simulations. Members of our user
community have turned turtles into molecules, wolves, buyers, sellers, bees, tribespeople, birds,
worms, voters, passengers, metals, bacteria, cars, robots, neutrons, magnets, planets, shepherds,
lovers, ants, muscles, networkers, and more. Patches have been made into trees, walls, terrain,
waterways, housing, plant cells, cancer cells, farmland, sky, desks, fur, sand, etc. Turtles and
patches can be used to visualize and study mathematical abstractions, too, or to make art and
play games. Themes addressed include cellular automata, genetic agorithms, positive and
negative feedback, evolution and genetic drift, population dynamics, path-finding and
optimization, networks, markets, chaos, self-organization, artificial societies, and artificial life.
The models all share our core themes of complex systems and emergence.

In the following sections, we offer more detail on all of these topics. We begin with a
tour of the application, then back up to outline its history. We then give a more detailed account
of the language itself. NetLogo has recently become extensible; we explain why and how.
A technical discussion of how NetLogo is implemented follows. Finaly, we conclude with a
summary of work in progress and future plans.

APPLICATION TOUR

In this section, we give the reader a brief tour of the NetLogo user interface and Models
Library.

User Interface

Figure 1 is a screen shot of NetLogo’s user interface after opening and running a model
from the Models Library. On the right is the graphics window, in which the “world” of the model
is made visible. In the model shown, the turtles represent diffusing particles. They wander
randomly. When the model begins, there is a single green patch in the center. When a particle
encounters a green patch, it “sticks’ and turns green itself. Over time a beautiful, branching
aggregate emerges.

On the |eft are model controls. In this model, they include:

» Buttons for controlling the model. “Setup” initializes the model and “Go”
makes it run.

o Slidersthat control model parameters. For example, the “num-particles’ slider
controls the number of particlesthat build the aggregate.

Note that thisis a simple model with only a few controls. For more complicated models,
other types of controls are available including switches, choosers, monitors, plots, text boxes,
and output aress.
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FIGURE 1 NetLogo’s user interface, with the model
Diffusion Limited Aggregation

In Figure 1, we see only NetLogo's “Interface” tab. The Interface tab is aso an interface
builder. No firm distinction is made between using a model and editing it — you can move,
modify, or create interface elements at any time. Agents can be inspected and atered and the
code for the model can be changed without restarting the simulation. At the bottom of the
Interface tab is the “Command Center,” in which NetLogo commands can be issued, even while
the model is running.

The other tabs are:

* Information, where documentation on the model is found. This typicaly
explains the rules behind the model and suggests experiments for the reader
totry.

* Procedures, where the actual code for the model is stored. A well written
model includes comments in the code explaining how it works.

» Errors (normally disabled), where any incorrect code can be viewed and fixed.

The order of the tabs is meant to follow a user’s typical engagement with a model. Usually
people want to dive right in and try out the model first in the Interface tab, then move to the
Information tab to more fully understand what they’re seeing. Eventually, they can inspect the
code in the Procedures tab to understand the underlying rules and make modifications and
additions.

Figure 2 shows the Procedures tab containing the compl ete code for the model. Language
elements are automatically color-coded so the code’ s structure is more clearly visible.



164

-Yala Netlogo: DLA Simple

interface information Procedures

£ rnd| | 2 rind Again I & compile | Procedures v

to setup '

clear-all I

ask patch @ @ |
en ]

[ set pcoler g
cragte-custom-turtles num-particles
[ set color red
setxy random screen-size-x
random screen-size-y |
end

to go
ask turtles
[ right rendom wiggle-angle
left rondom wiggle-angle
formard 1
if any? neighbors with [pcolor = green]
[ stamp green

die 7]

FIGURE 2 Procedures tab with complete
code for the aggregation model

NetLogo can exchange data with other applications. The language includes commands
that let you read or write any kind of text file. There are also facilities for exporting and
importing data in standard formats. The complete state of the world can be saved and restored in
a format that can easily be opened and analyzed with other software. Graphed data can be
exported for rendering and analysis with other tools. The contents of the graphics window, or of
the model’ s whole interface, can be saved as an image, or you can record a series of such images
as a QuickTime movie. Finished models can be published on the web or embedded in
presentations as Java appl ets.

NetLogo includes a till evolving tool called BehaviorSpace that alows “parameter
sweeping,” that is, systematically testing the behavior of a model across a range of parameter
settings. Figure 3 shows an example of using BehaviorSpace to study a forest fire model. Based
on the experiment setup entered by the user, BehaviorSpace automatically runs the model many
times while varying the “density” parameter. The results show the effect of that parameter on the
amount of forest burned.

NetLogo supports not only the construction of wholly computer-based simulations, but
also what we call “participatory smulations’ (Wilensky and Stroup, 1999a), in which a group of
students acts out the behavior of a system, each student playing the role of an individual element
of the system. To enable this, NetLogo includes a technology called HubNet (Wilensky and
Stroup, 1999b), which enables communication between a NetLogo model operating as a server
and a set of clients, which may be handheld devices or computers running HubNet client
software.

The most visible area of change in NetLogo 2.0 was graphics. Now, turtles can be any
size and shape and be positioned anywhere. Turtles and patches can also be labeled with text.



Turtle shapes are vector-based to ensure smooth appearance at any scale. These changes have led
to dramatic visual enhancement of models. An example of graphics that were not possible before
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FIGURE 3 Using BehaviorSpace to study a forest fire
model (The density slider is varied from 40 to 80 by steps
of 2. We measure the percentage of burned trees at the
end of each run. A run ends when no “fire” agents
remain. The graph [generated from the BehaviorSpace
output by means of a graphing package] shows the
results: an abrupt phase transition at the critical density.)

isthe use of turtlesto represent both nodes and edges in anetwork, asin Figure 4.

Significant improvements made for the NetLogo 2.1 release include:

Improved editor for turtle shapes, to make it easier to customize how a model
looks. Thisisimportant for data visualization. See Figure 5.

Parenthesis and bracket matching in the code editor, to make editing complex
code easier.

Detecting individual keystrokes from code. This makes highly interactive
models (and games) more usable.

Adding let to the language, so new local variables can be introduced
anywhere. This helps modelers write clearer, more concise code.
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FIGURE 4 Nodes and edges, both represented using

turtles in the graphics window
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FIGURE 5 New, improved editor for turtle shapes




167

Models Library

Just as important as NetLogo itself are the materials it comes with. We have devoted
almost as much development effort to the Models Library as to the NetLogo application. The
Models Library contains more than 150 prebuilt simulations that can be explored and modified.
Figure 6 shows the structure of the Models Library. The simulations address many content areas
in the natural and social sciences, including biology and medicine, physics and chemistry,
mathematics and computer science, and economics and social psychology. All of the models
include an explanation of the subject matter and the rules of the simulation and suggestions for
activities, experiments, and possible extensions. To ad learning and encourage good
programming practice, the code for the smulationsis clear, elegant, and well commented.

Our goal for the library is to include as many as possible of the standard, well-known
“chestnuts’ of complex systems science. This serves several purposes:

* Researchers, already knowing the ideas behind the models, can easily learn
the language by studying them.

* Modelers can usualy find something in the library to base a new model on,
rather than starting from scratch.

» These well-known examples are introduced to a new generation of students of
complex systems science.

The Models Library aso includes a “curricular models’ section. It contains groups of
models that are intended to be used together in an educational setting as part of a curricular unit.
Most of them include extra associated curricular materials (above and beyond that which we
provide with all of our models).
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FIGURE 6 Structure of the Models Library
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In addition to the 140 simulations, the library also includes several dozen “code
examples.” These are not full smulations, but brief demonstrations of NetLogo features or
coding techniques.

HISTORY AND AUDIENCE

In this section we summarize NetLogo's history and how it came to be a tool for both
education and research, and we explain the benefits of addressing both audiences.

Origins

NetLogo originates in a blend of StarLisp (Lasser and Omohundro, 1986) and Logo
(Papert, 1980); Logo isitself a member of the Lisp family. From Logo, it inherits the “turtle.” In
traditional Logo, the programmer controls a single turtle; a NetLogo model can have thousands
of them. NetLogo aso follows Logo’s philosophy of ease of use, providing a“low threshold” of
entry for new users. From StarLisp, a paralel Lisp of the 1980s, NetLogo inherits multiple
agents and concurrency.

NetLogo derives from our experience with our earlier environment, StarLogoT
(Wilensky, 1997). Even though the original incarnation of StarLogo (Resnick and Wilensky,
1993; Resnick, 1994) was on a supercompulter, it had always been primarily intended for use in
schools.l But StarLogoT became very popular among researchers. So with NetlLogo, we now
aim more explicitly to satisfy the needs of both audiences. In the transition from StarLogoT to
NetLogo, we redesigned both the language and the user interface. NetLogo includes almost all of
StarLogoT’ s features and many new ones. Many of the new features of NetLogo are aimed at
research users.

“Low Threshold”

All the multi-agent Logo models have adopted design principles from the Logo |anguage.
A centra principle is “low threshold, no ceiling.” Low threshold means new users, including
those who never programmed before, should find it easy to get started. No ceiling means the
language should not be limiting for advanced users. We wanted NetLogo to be just as popular
with researchers as StarLogoT had been, so that meant devoting significant attention to the “no
ceiling” side of the principle. Logo’s reputation as a language for schools does not do justice to
its ample power, as demonstrated by (Harvey, 1997).

We believe researchers should care about “low threshold,” too. Even for such users,
NetLogo’s inheritance from educational languages brings severa benefits. First, in universities
there is substantial overlap between teaching and research, and if a single tool can serve both
needs, there are opportunities for synergy. Second, when code is easier to write and easier to
read, everyone benefits. Models become easier to build; often researchers can build models

1 There were several different early implementations of StarLogo in the first part of the 1990s. The supercomputer
version was Connection Machine StarLogo. Later came MacStarLogo (Begel, 1999), of which StarLogoT is a
superset.
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themselves when otherwise they would have to hire programmers. And models become more
easily understood by others; this is vitally important in order for researchers to effectively
communicate their results to others, verify each other’s results, and build upon each other’s
work. The goals of scientific modeling are compromised if programs are long, cryptic, and
platform-specific. A NetLogo model is less likely to suffer these problems than one written in
common general -purpose languages like Java and C++.

The Integrated Approach

NetLogo is its own programming language, embedded in an integrated, interactive
modeling environment. The integrated approach to multiagent modeling originates with
StarLogo, was refined in StarLogoT and NetLogo, and has also been followed by other all-in-one
agent-based modeling solutions such as AgentSheets (Repenning et a., 2000) and Breve (Klein,
2002). “Toolkits’ or libraries, such as Swarm (Minar et al., 1996) and Repast (Collier and
Sallach, 2001), take a different approach; they make ssimulation facilities available to programs
written in a general-purpose language such as Java.

We see the integrated approach as essential to achieving our “low threshold” goal. The
difficulty of programming in Javaor C++ isn’'t due only to the language itself. It's also due to the
complication of the environments (whether command line-based or GUI-based) in which
programming in those languages is normally done. With the added complexity of getting the
environment to talk to a modeling library or toolkit, the initial barrier for entry for new
programmers becomes quite high — even before they start dealing with the difficulties of the
languages themsel ves.

In contrast, the NetLogo environment allows a smooth, almost unnoticeable transition
from exploring existing models into programming. NetLogo’'s user interface makes no firm
distinction between using a model and editing it. Even the smallest amount of knowledge of the
language is immediately useful in creating buttons and monitors or typing commands into the
command center, in order to better inspect and control an existing model. The tools for atering
the model’srules are only as far away as a click on the Procedures tab.

Development History

NetLogo has been under development since 1999. Since then, we have averaged two to
three substantial new releases per year. Version 2.0.2 (August 2004) is mature, stable, and
reliable. As of October 2004, version 2.1 is available in beta form and we expect a final release
soon. Even though our user base has expanded, the rate of incoming bug reports has slowed to a
trickle. Models now run much faster than in earlier versions — our users now find it fast enough
for most purposes.

Acceptance
We have much evidence that acceptance of NetLogo in the research and education

communities is wide and growing. The software has been downloaded tens of thousands of
times. Currently, there are about 50 downloads per day. Our announcements list has over
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5,000 members. The NetLogo discussion group (http://groups.yahoo.com/group/netlogo-users/)
has over 1,600 members and averages about 100 posts per month. Traffic on the discussion
group has increased fivefold since 2002. Several organizations have independently conducted
workshops on NetLogo for both researchers and teachers. In the summer of 2004, we held our
own first annual workshop at Northwestern. A number of university classes are now taught, in
whole or in part, using NetLogo. Some of these classes and workshops have rich collections of
associated materials available online. The NetLogo web site has an area where users can upload
models to share with the user community. More than 100 models have been uploaded so far.

LANGUAGE

In this section, we describe the NetLogo programming language itself. For further
information on the NetLogo language, consult the NetLogo User Manual (Wilensky, 1999),
particularly the Programming Guide and Primitives Dictionary sections.

Language Fundamentals

As a language, NetLogo adds agents and concurrency to Logo. Logo, as originaly
developed by Seymour Papert and Wally Feurzeig in 1968, is derived from Lisp, but has a
friendlier syntax. Logo was designed as a programming language usable by children as well as
adults and is till popular today as a powerful general-purpose computer language.

Although Logo is not limited to graphical applications, it is best known for its “turtle
graphics,” in which a virtual being or “turtle” moves around the screen drawing figures by
leaving a trail behind it. NetLogo generalizes this concept to support hundreds or thousands of
turtles al moving around and interacting. The world in which the turtles move is a grid of
“patches,” which are aso programmable. Collectively, the turtles and patches are called
“agents.” All agents can interact with each other and perform multiple tasks concurrently.
NetLogo also includes a third agent type, the “observer.” There is only one observer. In most
models, the observer gets the ball rolling by issuing instructions to the turtles and patches.
Different “breeds’ of turtle may be defined, and different variables and behaviors can be
associated with each breed.

Some models use the patch world just as a lattice. For example, in a cellular automaton,
there are no turtles, only patches. And in some other models, turtles move on the lattice (from
patch center to patch center). But the patches are not just |attice sites — they are square sections
of a continuous two-dimensional space. Turtle coordinates are floating point values, so a turtle
may be positioned anywhere within a patch. For example, in the aggregation model shown
above, the aggregate is made up of lattice sites, but particles move freely on the plane.

There are many language elements for talking about space and spatial relations: towards,
distance, neighbors, forward and back, left and right, size, heading, patch-ahead, diffuse, and so
on. Some of these come from Logo, while others are new.

An important NetLogo language feature, not found in its predecessors, is “agentsets,” or
collections of agents. For example, the set of all turtles and the set of all patches are agentsets.
You can also make custom agentsets “on the fly,” for example, the set of al red turtles, or a
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column of patches (the set of patches with a given X coordinate). Agentsets are responsible for
much of NetLogo’ s expressive power.

In addition to special constructs to support multiagent modeling, NetLogo aso includes
standard programming constructs such as procedures, loops, conditionals, recursion, strings, lists,
and so forth. Both integer math and double-precision IEEE floating point math are supported.
The run and runresult commands can be used to execute code constructed on the fly.

NetLogo as Logo

Although there is no single agreed upon standard for the Logo language, NetLogo shares
enough syntax, vocabulary, and features with other Logos to earn the Logo name. Still, some
important differences from most Logos include:

* NetLogo has no symbol data type. Eventually, we may add one, but since it is
seldom requested, it may be that the need does not arise much in agent-based
modeling. In most situations where traditional Logo would use symbols, we
simply use strings instead.

* Control structures such as if and while are special forms, not ordinary
functions. Y ou cannot define your own special forms.

* Asin most Logos, functions as values are not supported. Most Logos provide
similar functionality, though, by alowing passing and manipulation of
fragments of source code in list form. NetLogo’s capabilities in this area are
presently limited. A few of our built-in special forms use UCBLogo-style
“templates’ to accomplish a similar purpose, for example, sort-by [length ?1
< length ?2] string-list. In some circumstances, using run and runresult instead
isworkable, but they operate on strings, not lists.

There are severa reasons for those omissions. They are partly due to NetLogo’s descent
from StarLogoT, which as discussed above needed to be very lean. Many of StarLogoT’s
limitations have already been addressed in NetLogo (for example, NetLogo has agentsets and
double-precision floating point math), but some of the “leanness’ remains. This leanness is not
only historical, though. Efficiency is always a vital goa for multi-agent systems, since many
modelers want to do large numbers of long model runs with as many agents as they can. It is
easiest to construct afast engine for a simple language, and, from a language design perspective,
omitting advanced language features and prohibiting the definition of new special forms may
actually be desirable for a language in which readability and sharing of code is paramount. We
weigh these tradeoffs carefully as we continue to expand the language.

Reproducibility

One of our core design goals for NetLogo is that results be scientifically reproducible, so
it is important that models operate deterministically. NetLogo is a “simulated parallel”
environment. In true parallel computing, programs must be constructed very carefully to avoid
nondeterminism. We think this is too great a burden for novice programmers, so concurrency in
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NetLogo operates deterministically. That means that if you “seed” the random number 8
generator the same way, then a NetLogo model aways follows the same steps in the same order
and produces the exact same results, regardless of what computer you run it on. Java's
underlying platform-independent math libraries help ensure consistency.

EXTENSIBILITY

In this section, we describe how NetLogo has recently become extensible through the
addition of new “extensions’ and “controlling” facilities. Earlier, we described NetLogo as an
integrated or “all-in-one” environment. The full NetLogo environment bundles together many
components. a programming language, a compiler, an interpreter, a syntax highlighting editor, an
interface builder, a graphics engine, BehaviorSpace, and so on. The downside of the all-in-one
approach is that “al-in-one” can turn into “al-or-nothing.” We run the risk that if one
component does not suit a user’s needs, then that user will not be able to use any of the
components, because they are all tied together.

We want to avoid this all-or-nothing trap by letting users extend or replace parts of
NetLogo that do not suit their purposes. That way, even users who have unique needs, or just
needs we did not anticipate or have not addressed yet, can build what they need themselves in
Java, and they will still get the benefit of the rest of our work. These new application
programmer’s interfaces (APIs) are steps towards that goal. They lift the “ceiling” on NetLogo’'s
usefulness and range of applications. The integrated NetLogo environment provides core
functionality; our APIswill allow advanced users to move outside that core.

In making NetLogo extensible, we are bridging the gap between integrated modeling
environments (easy to use, but potentially restricting) and modeling toolkits (more flexible, but
much harder to use).

Extensions API

NetLogo has always been a full-fledged programming language, so users may write
procedures in NetLogo and then use them just like built-in commands. But since NetLogo 2.0.1
we have offered an API for extensions so that users can add new elements to the language by
implementing them directly in Java. This lets users add whole new types of capabilities to
NetLogo.

We have been using this new API internally for a while now, and have written extensions
that let NetLogo:

» Talk to other NetLogos running on different computers, peer-to-peer;
* Pull down data from aweb server; and
* Make sounds and music using MIDI.

The sound extension is now included with NetLogo. Full Java source code for it, and a
number of other sample extensions, are available from the NetLogo web site. Our hope is that
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extension authors will share their extensions with the wider user community, so that everyone
can benefit from their efforts.

Controlling API

We dso offer a “controlling” API, which allows external code to operate the NetLogo
application by remote control, so to speak. This API includes calls for opening a model and
running any NetLogo commands. This permits users willing to do alittle light Java programming
to automate large numbers of model runs from the command line. This is useful both on asingle
machine and when distributing runs across a cluster. We aready provide an automated
parameter-sweeping tool caled BehaviorSpace, but the controlling API is still be useful in
situations where BehaviorSpace's present capabilities are insufficient. The APl currently
requires the full NetLogo user interface to be present, but we are working on removing this
limitation so that models can be run “headless’ from the command line. (On X11-based systems,
it is possible right now to work around this limitation using X11's “virtual framebuffer”
support.)

IMPLEMENTATION

In this section, we explain how we have constructed the NetLogo software. This section
is more technical than the others.

Background: StarLogoT

StarLogoT succeeded in attracting a large user base from arange of disciplines, but it had
important technical limitations that we wanted to address.

The biggest limitation of StarLogoT was that it only ran on Macintosh computers. At the
time development on StarLogoT’s precursors began, the introduction of Java had not yet brought
cross-platform development of GUI applications within easy reach. Also, the target audience was
schools, so the software needed to be compact and fast enough to run even on hardware that by
today’s standards was very underpowered. Putting thousands of agents on such machines was
only possible if the underlying engine was written in assembly language, which is of course
platform-specific.

The need to be fast and small resulted in other limitations as well. Math in StarLogoT
was fixed point, not floating point, with only a few digits of precison. Many arbitrary limits
were imposed in order for crucia data structures to fit within a small, fixed number of bits. For
example, amodel could not have more than 16,384 turtles, or a patch grid bigger than 251 x 251,
or a stack depth of more than 64.

StarLogoT’s language design was constrained as well by what could reasonably be
implemented. The need for efficiency led StarLogoT’ s architecture to become quite complicated.
It included three different virtual machines for our three agent types (observer, turtles, and
patches). Different agent types had different capabilities and different rules for acting in parald;
this was confusing to users, and some of the restrictions placed on user programs were severe.
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Starting Over

Because of these limitations, we chose to start over and write a new environment,
NetLogo, from scratch. We expected Java to permit us to build a cross-platform application that
was reasonably fast. Java does not always completely live up to its “write once, run anywhere”
promise, but it performed well enough to bring cross-platform development within reach for our
small development team. We knew that Java was slower than assembly language but hoped that
on newer, faster machines it would not matter too much. The issue of speed is discussed further
below.

Using Java offered the additional benefit that individua NetLogo models could be
embedded in web pages and run in a browser, without the end user needing to download and
install an application. (Initially, we even allowed the full NetLogo authoring environment to run
as an applet in a web browser, but later we abandoned this option as not worth the extra
development effort.)

Since we were starting from scratch anyway, we took the opportunity to redesign the
language to further both our “low threshold” and “no ceiling” goals. Sometimes we had to weigh
tradeoffs between those two goals; in other cases, such as agentsets, we were able to reduce
barriers to novice entry while also making the language more expressive and powerful. In doing
so, we also tried to be compatible with standard, popular Logo implementations whenever
possible and reasonable. In particular, we tried not to stray too far from StarLogoT, so our
existing user base would not find the transition too difficult.

Java

NetLogo is written entirely in Java. Java was chosen because both the core language and
the GUI libraries are cross-platform and because modern Java virtual machines (VMs) have use
JT (just in time) compiler technology to achieve relatively high performance.

NetLogo 1.3 supported earlier Java versions going back to Java 1.1, but for NetLogo 2.0
we decided to require Java 1.4. The major reasons for choosing Java 1.4 for the new version
were as follows:

» The new language version includes much richer libraries. It was increasingly
difficult to find developers used to working within the limitations of the
antiquated version.

* More recent VMs are higher quality. Before we abandoned Java 1.1, we were
constantly working around bugs in the various 1.1 VMs, which was a serious
drag on our development efforts.

e UnlikeJaval.1, Java 1.4 offers “strict” math libraries that guarantee identical,
reproducible results cross-platform.

» Leaving Java 1.1 behind allowed us to switch GUI toolkits, from the old AWT
toolkit to the newer Swing toolkit, which has numerous advantages, including
a better look and fedl (Figure 7).
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o After a long wait, Apple finaly released a high-quaity Java 1.4
implementation for Mac OS X.

» Even with the new VM, Apple's support for AWT-based applications on Mac
OS X was poor. Mac support is important to us, but a high quality
implementation on the Mac was smply impossible without switching to
Swing.

* Since Java 14 is available for al the major platforms for which 1.3 is also
available (not counting Mac OS X 10.0 and 10.1), it seemed unnecessary to be
backwards compatible with Java 1.3.

Regrettably, switching to Java 1.4 meant dropping support for users of Windows 95 and
Mac OS 8 and 9, since no Javal.4 implementation is available for those operating systems.
However, we continue to offer support and fix bugs for NetLogo 1.3 users.

Speed

Early versions of NetLogo were slow, but models in later versions run much faster,
especialy since version 1.3. Most users now find NetLogo fast enough for most purposes.
Nonetheless, we plan to continue to improve NetLogo’s speed, since agent-based modeling is a
field in which users always benefit from more speed.

StarLogoT was written partially in assembly language and was highly performance tuned.
NetLogo is written in Java, and the NetLogo language is much more flexible and feature rich
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than StarLogoT. Therefore, you would expect NetLogo to be slower. Surprisingly, that is not
always or even usualy true. Which environment is faster depends on the nature of the model. In
general, StarLogoT is still faster for models with very simple code and large numbers of agents.
But NetLogo is usually faster for models with complex code and smaller numbers of agents.

The surprising fact that StarLogoT is not always faster can be accounted for by reference
to StarLogoT’ s unique architecture. As mentioned above, the StarLogoT engine was divided into
three virtual machines. one for the observer, written in Lisp, and two for the turtles and patches,
written in assembly language. The turtle and patch machines were extremely fast, but crossing
the boundaries between the different machines was slow. With simpler code and more turtles and
patches, overall speed benefited more from the speed of the turtle and patch virtual machines. In
contrast, NetLogo's internal architecture is much more uniform. A single virtua machine
handles all three agent types. Therefore, there is no special penalty associated with complex code
and no special benefit associated with large numbers of agents.

NetLogo is a hybrid compiler/interpreter. To improve performance, we do not interpret
the user’s code directly. Instead, our compiler analyzes, annotates, and restructures it into a form
that can be interpreted more efficiently.

Earlier versions of NetLogo (1.0 and 1.1) compiled user code into a form suitable for
execution by a virtual machine that was stack-based. However, we discovered through profiling
that making the virtual machine stack-based actually hurt performance rather than helping it. So,
in our current compiled representation, each command is tree-structured so that intermediate
results are stored on the Java VM’s own stack instead of our stack. This change resulted in an
approximately twofold performance gain. Other, smaller engine performance gains in newer
versions (since NetLogo 1.0) came from profiling the engine code and addressing inefficiencies
in object creation, memory usage, and other areas.

If we want to further increase NetLogo's speed in the future, the most promising
approach, relative to the likely development effort required, seems to be to compile NetLogo
code to Java byte code instead of our own custom intermediate representation. Informal tests
indicate that this would likely result in at least a twofold improvement in speed. We aso have
considered replacing the Java-based engine with a native one, perhaps written in C. However,
general opinion recently is that JITted Java code is not always slower than C code anymore, so
this approach may not be fruitful.

So far we have been discussing the speed of NetLogo's core computational engine. But
NetLogo’'s overall performance does not depend only on engine speed. There is also graphics
speed to consider. Whether engine speed or graphics speed dominates varies widely from model
to model — some are 90% engine, others are 90% graphics. The latter kind of model can always
be sped up by using NetLogo's graphics “control strip” to temporarily shut off graphics
altogether, but that does not mean graphics performance is unimportant.

Switching our GUI framework from AWT to Swing raised problems for graphics
performance. Prior to NetLogo 2.0, graphics window updates were “incremental,” that is to say,
only agents that moved or changed were redrawn. Incremental painting onscreen, instead of to an
offscreen buffer, is not supported under Swing, and on Mac OS X, the performance of painting
offscreen was unacceptable. As an experiment, we switched from incremental painting to always
redrawing the complete contents of the graphics window every time, expecting that the change
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would hurt performance. We were pleasantly surprised: on Macs, graphics performance actually
increased, and on Windows, the speed penalty was negligible.

Abandoning incremental updates freed NetLogo's graphics capabilities enormoudly.
Previoudly, in order to make incremental updates possible, the graphics window was limited in
several important respects. Even though NetLogo's world is continuous, turtles in the graphics
window were always the same size and appeared centered on their patches, like chess pieces.
Since patches did not overlap, it was possible to redraw each patch incrementally and separately.
But if incremental updates are no longer performed, then there is no longer any reason to align
turtles with the grid. So now, in NetLogo 2.0, turtles can be any size and shape and be positioned
anywhere. Turtles and patches can also be labeled with text. Turtle shapes are vector-based to
ensure smooth appearance at any scale. These features had actually been available in earlier
NetLogo versions, but were slow and buggy. Now they are fast and reliable. These changes have
led to dramatic visual enhancement of models (Figures 7 and 8).

Concurrency

In many respects the NetLogo engine is an ordinary interpreter. But it also has some
unusual features because of the need to support concurrent processes. Concurrency in NetLogo
has two sources.

The first kind of concurrency we support is concurrency among agents. If we use the
command forward 20 to ask a set of turtles to move forward 20 steps, we do not want one turtle
to win the race before the others have even left the starting line. So, we have all the turtles take
one step together, then they all take another step, and so forth. Ultimately, the NetLogo engineis
single-threaded, so the turtles must move one at a time in some order; they cannot really move
simultaneously. So the engine “context switches’ from agent to agent after each agent has
performed some minimal unit of work, called a“turn.” Because the timing of context switchesis
deterministic, the overall behavior of the model remains deterministic. We only update the
screen after all the agents have had a turn; this visually preserves the illusion of simultaneity.
The NetLogo User Manual (Wilensky, 1999) contains a more detailed discussion of the timing of
context switches between agents. We provide a command, without-interruption, which the
programmer can use to prevent unwanted switching.

The second kind of concurrency we support is concurrency among the different elements
of the NetLogo user interface which can initiate the execution of code. Currently these are:
buttons, monitors, and the Command Center. Buttons and monitors contain code entered by the
model author, and the user may enter commands into the Command Center at any time. In al
three cases, a“job” is created and submitted to the engine to request that some code be executed
by some agents. Jobs are akin to what operating systems call “threads” or “processes.” We use
the word “job” to avoid confusion. At the operating system level, the NetLogo application is one
process, and the NetLogo engine is one thread within that process.

When multiple jobs are active, the engine must switch between them, just as it switches
between the agents within ajob. The rule followed is to switch from job to job once every agent
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FIGURE 8 The Ants model, with and
without new graphics features

in the first job has had a turn. Here, the NetLogo engine is taking on a task more typically
associated in computer scientists minds with the process scheduler in a cooperatively multi-
tasked operating system rather than with alanguage interpreter.

Concurrency is still an active area of concern for us, and final decisions on how best to
support it may still lie ahead. We are presently revisiting and rethinking our current design
choices with an eye towards both helping newcomers avoid mistakes and increasing the power
available to advanced users.
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CONCLUSION

We have aready touched upon some goals for future NetL ogo versions, such asincreased
speed and headless operation. Here are some other enhancements for which we already have
working prototypes:

* 3-D NetLogo, including language extensions and 13 OpenGL-based 3-D
graphics. Some 3-D models are aready possible, but language support will
make them easier to build and OpenGL will enable much higher quality 3-D
visualization. Thisis a very big job, but we have a working prototype already
(see Figure 9).

e Support for different lattices and world topologies, with no extra code
required. Currently, the NetLogo patch world “wraps’ in the X and Y
directions, forming a torus. Some language elements are available in both
wrapping and nonwrapping versions. Typicaly, models that do not want
wrapping use the outer layer of patches as a barrier. In a future version, we
plan to make wrapping a global option which can be turned off. This is an
example of an alternate world topology. Soon, we will also support even-
numbered grid sizes and arbitrary placement of the origin of the coordinate
plane. In the longer term, we would like to support unbounded plane models.
We dready have some models that operate on a hexagonal lattice, but their
code cannot currently be made as concise as we would like.

» Easier, more flexible randomized agent scheduling. (Random scheduling is
already possible by adding extra code, but soon it will be built in.)

* Improved plotting requiring less additional code in the procedures tab.
Separating code for agent behaviors from code for data generation and
visualization code will improve clarity and conciseness of models.

» A profiling tool for identifying speed bottlenecks in model code.

Networks are currently a very active area of research in the agent-based modeling
community. Network models are already possible in NetLogo, but we want to make them easier
to build, including making it easier to leverage the capabilities of existing network analysis and
visuaization tools.

We are also adding support to NetLogo for aggregate modeling. Aggregate modeling,
also known as systems dynamics modeling, has historically been supported by separate, non-
agent-based modeling tools such as STELLA (Richmond and Peterson, 1990). We are
incorporating similar finite difference engine technology into NetLogo so that researchers and
students can investigate systems using agent-based and aggregate techniques in tandem.
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FIGURE 9 Some screen captures of our

prototype 3-D version of NetLogo
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There are ongoing efforts within our research group to further explore NetLogo's
potential for research and education. Of particular relevance to NetLogo’s future as a research
tool are these major ongoing long-term projects:

* Integrated Simulation and Modeling Environments (ISME), a project in
collaboration with the University of Texas that uses NetLogo to enact
“participatory simulations’ (Wilensky and Stroup, 1999a) in both classroom
and research contexts.

* Procedura Modeling of Cities, a project in which agents “grow” virtual
cityscapes for use in architecture, urban planning, training, and entertainment.
Preliminary results from the model are shown in Figure 10 (Lechner et al.,
2003).

* Modeling School Reform, a project to build models of the potential effects of
educational policy decisions, to assist school leaders and policy makers. This
work will include social network modeling and analysis. These projects will
drive substantial expansion of NetLogo's ability to support large, ambitious
modeling efforts. We also have a number of other projects, focused on the use
of NetLogo in educational contexts.
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FIGURE 10 Growth of a simulated city; left
column represents land use, right column
represents population density
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AGENT-BASED MODELING AND SOCIAL SIMULATION
WITH MATHEMATICA AND MATLAB

C.M. MACAL,* Argonne National Laboratory, Argonne, IL

ABSTRACT

Computational mathematics systems, such as Mathematica and MATLAB, can be
aternatives or supplements to agent-based model development in the social sciences.
Mathematica is a symbolic processing system that uses programming paradigms such as
functional programming and term replacement, while MATLAB is a numeric processing
system that uses a scripting-language approach to programming. These packages and
others like them are fully integrated development environments. Their interpretative
nature and the seamless integration of their graphical capabilities provide immediate
feedback to users during the development process. This feature makes them particularly
useful as rapid prototype development tools as part of large-scale model development
efforts using agent-based toolkits such as Repast, MASON, or Swarm. Furthermore, they
are readily available on the desktop as well as on campus and can be easily integrated
into educational courses on social simulation. This paper describes the use of these tools
in specific modeling approaches to social simulation.

Keywords: Agent-based modeling, social simulation, Mathematica, MATLAB scripting
languages, computational mathematics systems

INTRODUCTION

Mathematical and MATLABZ are examples of computational mathematics systems
(CMSs) that can readily be used to supplement agent-based modeling efforts in the social
sciences. The reasons for this are twofold:

1. Mathematica and MATLAB are powerful, consisting of fully integrated
development environments that combine capabilities for programming,
graphical display, dataimport and export, and linkages to external programs.

2. Mathematica and MATLAB are convenient to use, are mature, and provide
immediate results and feedback to users.

The interpreted nature of these systems avoids the compilation and linking steps required
in traditional programming languages and provides immediate feedback to users during the
development process. The systems combine a user interface with data import and graphical
display capabilities in one package. But most important, these systems are useful as rapid

*  Corresponding author address: Charles Macal, Decision and Information Sciences Division, Argonne National
Laboratory, 9700 S. Cass Avenue, Argonne, IL 60439; e-mail: macal @anl.gov.

1 Mathematica is aregistered trademark of Wolfram Research, Inc. (www.wri.com).

2 MATLAB and Simulink are registered trademarks of The MathWorks, Inc. (www.mathworks.com).
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prototype development tools or as components of large-scae model development efforts.
Furthermore, they are readily available on the desktop and on campus, and they can easily be
integrated into educational courses on social simulation. This paper, which is pedagogical in
nature, describes the use of these tools in specific modeling approaches to social simulation.

Severa types of modeling approaches have been used as the basis for modeling social
systems. Systems dynamics (SD), cellular automata (CA), and social networks (SN) are the main
ones that are addressed in this paper. Guetzkow et al. (1972) provide an overview of early socia
simulations, and Gilbert and Troitzsch (1999) provide one for current approaches.

Many social systems have been modeled by using the SD approach developed by
Forrester (Forrester, 1969, 1975; Roberts, 1978; Sedgewick, 1988). Systems dynamics is an
aggregate approach emphasizing the interdependencies of system components. Systems
dynamics models cast a simulation as a set of simultaneous difference or differential equations.
The equations are solved recursively to simulate dynamic social processes as they unfold over
time. Both Mathematica and MATLAB can readily solve models in the SD style, and both have
extensive facilities for statistical analysis and graphic display of results. The MATLAB add-on
package, Simulink, is a purely graphical system for constructing dynamic systems models. Other
development systems dedicated to SD modeling are also available, including STELLA,
VENSIM, and POWERSIM (Dutta and Roy, 2002).

The structure and organization of recent social simulation models tend to be much
different than those of traditional social simulations based on SD or discrete-event simulation.
This difference arises, in part, because recent social simulations have been based on
independently developed simulation frameworks for artificial life. Most notable are Swarm
(Burkhart et al., 2000); cellular automata, which are based on a grid structure (Wolfram, 1994);
and Schelling’s model of segregation (Schelling, 1971), which was based on a grid, although not
originally computerized.

Severa agent-based models using MATLAB to various degrees have been published
recently, including a model of political institutions in modern Italy (Bhavnani, 2003), a model of
pair interactions and attitudes (Pearson and Boudarel, 2001), a bargaining model to simulate
negotiations between water users (Thoyer et a., 2001), and a model of sentiment and social
mitosis based on Heider’s Balance Theory (Guetzkow et a., 1972; Wang and Thorngate, 2003).
The latter model uses Euler, a MATLAB-like language. Thorngate argues for the use of
MATLAB as an important tool to teach social ssmulation programming techniques (Thorngate,
2000). The primary references for grid-type ssimulations using Mathematica for social network
models include Gaylord and Nishidate (1994), Gaylord and Wellin (1995), Gaylord and
D’ Andria (1998), and Gaylord and Davis (1999).

This paper focuses on modeling agent-based social systems by using the grid and
SN approaches with Mathematica and MATLAB. Section 2 briefly describes computational
mathematics systems and the MATLAB and Mathematica packages. Section 3 describes the
fundamental operations for agent-based social simulation for two of the most common
underlying structures in social ssimulation: (1) two-dimensiona grids asin cellular automata, and
(2) socia networks, in which agents are related to each other in socia space rather than spatially.
We present examples of using MATLAB or Mathematica for these topologies. Section 4
summarizes and presents conclusions on the role of MATLAB and Mathematica in social
simulation.
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COMPUTATIONAL MATHEMATICS SYSTEMS

MATLAB and Mathematica are examples of CMSs, which allow users to apply powerful
mathematical algorithms to solve problems through a convenient and interactive user interface.
CMSs supply a wide range of built-in functions and algorithms. MATLAB, Mathematica, and
Maple are examples of commercialy available CMSs. Their origins go back to the late 1980s.
CMSs are dtructured in two main parts. (1) the user interface that allows dynamic user
interaction, and (2) the underlying computational engine, or kernel, that performs the
computations according to the user’s instructions. Unlike conventional programming languages,
CMSs are interpreted rather than compiled, so there is immediate feedback to the user, but some
performance penaty is paid. The underlying computational engine is written in the
C programming language for these systems, but the user does not see the C coding. The most
recent releases of CM Ss are fully integrated systems that combine capabilities for data input and
export, graphical display, and the capability to link to external programs written in conventional
languages such as C or Java by using interprocess communication protocols. The powerful
features of CMSs, their convenience of use, the need for the user to learn only a limited number
of instructions, and the immediate feedback provided to users make CMSs good candidates for
devel oping agent-based social simulations.

A further distinction can be made among CMSs. A subset of CMSs — called
computational algebra systems (CASs) — are interactive programs that, in contrast to numerical
processing systems, allow mathematical computations with symbolic expressions. Computations
are carried out exactly, according to the rules of algebra, instead of numericaly with
approximate floating point arithmetic. CASs owe their origins to the LISP programming
language, which was the earliest functional programming language (McCarthy, 1960).
Macsyma (www.scientek.com/macsyma) and Scheme (Springer and Freeman, 1989;
www.swiss.ai.mit.edu/projects/scheme) are often mentioned as important implementations
leading to current CASs. Typica uses of CASs are equation solving, symbolic integration and
differentiation, exact calculations in linear algebra, smplification of mathematical expressions,
and variable precision arithmetic. Computationa mathematics systems consist of numeric
processing systems or symbolic processing systems, or possibly a combination of both.
Especidly when numeric and algebraic capabilities are combined into a multi-paradigm
programming environment, new modeling possibilities open up for developing sophisticated
agent-based social simulations with minimal coding.

When it comes to social simulation (as in most types of coding), the most important
indicator of the power of alanguage for modeling is the extent and sophistication of the allowed
data types and data structures. As Sedgewick (1988) observes:

For many applications, the choice of the proper data structure is realy the only
major decision involved in the implementation; once the choice has been made
only very simple algorithms are needed.

The flexibility of data types plays an important role in developing large-scale, extensible models
for agent-based social ssimulation.
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MATLAB

MATLAB, originally termed the “Matrix Laboratory,” is a commercialy available
numeric processing system with enormous integrated numerical processing capability
(www.mathworks.com). It uses a scripting-language approach to programming. MATLAB is a
high-level matrix/array language with control flow, functions, data structures, input/output, and
object-oriented programming features. The primary data type is the double array, which is
essentially a two-dimensional matrix. Other data types include logical arrays, cell arrays,
structures, and character arrays. The user interface consists of the MATLAB Desktop, whichisa
fully integrated and mature development environment. In addition, an application programming
interface (API) allows programs written in C, Fortran, or Javato interact with MATLAB. There
are facilities for caling routines from MATLAB (dynamic linking), routines for calling
MATLAB as acomputational engine, and routines for reading and writing specialized MATLAB
files.

Figure 1 shows the MATLAB desktop environment. The desktop consist of four standard
windows: a command window, which contains a command line, the primary way of interacting
with MATLAB; the workspace, which indicates the values of al the variables currently existing
in the session; a command history window, which tracks the entered command; and the current
directory window. Other windows allow text editing of programs and graphical output display.
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Symbolic Processing in MATLAB

MATLAB also has symbolic processing capability provided by a nonstandard, add-on
package — the Symbolic Math Toolbox (SMT). Symbolic processing means that variables can
be used before they have values assigned to them. The SMT extends the functionality of
MATLAB to symbolic processing by defining a symbolic object as a new data type (Higham and
Higham, 2000). The toolbox must be purchased as an extra to the standard MATLAB software.
The toolbox is based on the Maple kernel, which performs the symbolic and variable precision
computations.3 Unlike MATLAB, Maple is a computer agebra system. (A comparison of
Mathematica, MATLAB, and Maple for genera mathematical computations can be found at
http://amath.col orado.edu/computing/mmm/index.html.)

Maple isinteractive, and the programming language is interpreted. Maple' s programming
language is procedura but includes a number of functional programming constructs. Maple is
not strongly typed like C and Pascal, but types exist, and type checking is done at run time.
Maple has arich set of composite data types, including list, array, table, and record, along with a
large set of standard functions for manipulating the data types (Heck, 2003). Maple does not
appear to have extensive pattern matching capabilities, such as those available in Mathematica.
Without pattern matching capabilities, it is not clear how the symbolic capabilities of Maple
could significantly extend MATLAB’s capabilities for constructing agent-based socia
simulations.

Mathematica

Mathematica is a commercially available numeric processing system with enormous
integrated numerical processing capability (Wolfram, 1999; www.wolfram.com). It is a fully
functiona programming language. Unlike MATLAB, Mathematica is also a symbolic processing
system that uses term replacement as its primary operation. In contrast, a numeric processing
language requires that every variable have a value assigned before it is used. In this respect,
although Mathematica and MATLAB may appear similar and share many capabilities,
Mathematica is fundamentally much different than MATLAB, with a much different style of
programming, ultimately resulting in adifferent set of capabilities.

Mathematica’'s symbolic processing capabilities alow programming in multiple
paradigms, either as alternatives or in combination. Programming paradigms include functional
programming, logic programming, procedural programming, rule-based programming, and even
object-oriented programming. Like MATLAB, Mathematica is an interpreted language, with the
C-based kernel of Mathematica running underneath the notebook interface. In terms of data
types, everything is an expression in Mathematica. An expression is a data type with a head and
a list of arguments in which even the head of the expression is part of the expression’s
arguments.

Figure 2 shows the Mathematica desktop environment. The Mathematica user interface
consists of a notebook. A notebook is a fully “integratable” development environment plus a

3 M apleisaproduct of Maplesoft (www.maplesoft.com).
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GAME OF LIFE (GOL)
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FIGURE 2 Mathematica desktop notebook environment (A Mathematica notebook is displayed
in its own window. Within a notebook, everything is a cell, and the notebook cell structure has
underlying coding that is accessible to the user.)

complete publication environment. The Mathematica API allows programs written in C, Fortran,
or Java to interact with the kernel. The API has facilities for dynamically calling routines from
Mathematica as well asfor calling Mathematica as a computational engine.

AGENT-BASED SOCIAL SIMULATION

Topologies for Agent-based Social Simulation

The three key representation issues relative to agent-based social ssmulation are:

* How to represent an agent,

* How to construct and represent the neighborhood surrounding an agent, and

* How to represent the population of agents and the society as awhole.
The foundation of agent-based simulation is the assumption that agents have access to only local
information — that they are constrained effectively to the information available within an
agent’s neighborhood. Several neighborhoods are typically used in grid-type agent-based
simulation (Figure 3), but the representation issues are exactly the same for any neighborhood.

The representation issues are different in network-type agent simulation, as discussed below.

When we examine a computational system, software toolkit, or language, the key
guestion is what the system allows or constrains in terms of the representation of an agent,



191

von Neumann Moore Hexagonal
neighborhood neighborhood neighborhood

FIGURE 3 Typical neighborhood topologies for grid-based agent simulation. For agent-based
simulations that define agent relationships based on a grid, neighborhoods define the scope of
agent interaction and locally available information.

neighborhood, and society. We examine these representations in MATLAB and Mathematica in
the remainder of the paper. We consider two types of underlying topologies for socia agent-
based simulations: the grid model and the network model. For a typical grid model, we would
construct an agent-based simulation in the following steps:

1. Begin with arepresentation of a matrix, which is a rectangular data structure
in which each row is the same length and each column is the same length. The
matrix represents the grid upon which the agentslive.

2. Seed the matrix with agents and initialize the agent characteristics.

3. Define the structure of a neighborhood. Account for the boundary conditions
when an agent reaches the edge of the grid. For example, boundary conditions
may be warp-around or reflective.

4. Define an agent update rule on the basis of the local information available to
an agent as it existsin its neighborhood. The rule is used to update the agent’s
position and status at each discrete time point in the simulation.

The update rules are applied to each agent in the matrix, usually at each point in time.
The process of applying the agent update rule is effectively the agent interaction process, the
process in which an agent interacts with all the other agents in its neighborhood. If the agent
interaction is considered to be a process that operates over time, the process represents a dynamic
simulation.

Agent-based Social Simulation in MATLAB

We begin with a demonstration of a smple system that includes a fundamental aspect of
agent-based social simulation. This is the MATLAB “Game of Life’ (GOL) that comes in the
standard MATLAB demonstration set. The GOL, developed by mathematician John Conway, is
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a simple cdlular automata that represents a problem of enormous complexity to anayze
anayticaly (Gardner, 1970). The GOL has a long history of analysis (Poundstone, 1985;
Sigmund, 1993) and is an excellent example of a highly complex system with a complexity that
is built up from a number of relatively ssimple rules. The GOL is played on a two-dimensional
rectangular grid consisting of a number of cells. The earliest agent-based social simulations were
built in aform similar to the GOL (Epstein and Axtell, 1996; Schelling, 1971).

In the GOL, cells constitute the agents of the system. Cell behavior is governed by a set
of rules based on the state of a cell’s neighboring cells, or neighborhood, at any point in time.
A cell hastwo possible states; it is either On or Off. Therules are as follows:

1. A cel will be On in the next generation if three of its neighbor cells are
currently On.

2. A cell will retainits current state if two of its neighbors are currently On.

3. A cdl will be Off otherwise.

In the following sections, we look at the underlying structure of the GOL simulation in
MATLAB.
Agent Representation

In the simple GOL example, agents are represented at fixed cell locations with binary
status. A cdll in the On position is represented as a 1, and a cell in the Off position is represented
asaO.
Grid Representation

In MATLAB, the entire society is contained in a matrix representation. Here is typical
MATLAB code for seeding the grid matrix, X, in the GOL (MATLAB built-in functions denoted

in blue, commentsin red):

m = 101 % set grid size at 101

X = sparse(m,m); % create 0 matrix of size m x m

p = -1:1; % create list [-1, 0, 1]

for count = 1:15, % generate 15 blocks of cells
kx = floor(rand * (m-4)) + 2; % randomly select column
ky = floor(rand * (m-4)) + 2; % randomly select row

o°

using matrix addition, assign 1 to cell if random number
% greater than 0.5, else set cell to 0

X (kx+p, ky+p) = (rand(3) > 0.5);
end;
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This code creates the underlying 101 x 101 grid of cells, a matrix (double array) called X
shown in Figureda. The entire matrix is first initialized at 0, then cells are selectively
reinitialized to 1 to cells that are On initially. This code creates up to 15 sets of 3 x 3 cell blocks,
and it assigns 1's to randomly selected sites within each block to indicate the cell is On. The
statement X(kx + p, ky + p) = (rand(3) > 0.5) assigns either a 1 or a 0 to a position in the array
with probability 0.5, depending on the value for a random variable between 0 and 1. The initial
cell configuration is displayed in Figure 4a, in which the locations of the 1’ s are shaded.

Society Update

The next step is to update the cell at each time step according to three update rules. Here
isthe MATLAB code that does this:

% A 1live cell with 2 1live mneighbors, or any cell with 3
neighbors, is alive at the next time step.

X = (X& (N==2)) | (N==3);
The updating rule for every cell of the ssmulation consists of this single line of code. Essentially

it says that avalue in the matrix X will retain its current value if the number of neighbors that are
On (that is, have values of 1) iseither 2 or 3. By default, the value of X isreset to O otherwise.

Figure 4b is a snapshot of the MATLAB GOL simulation after the update rules have been
applied repeatedly to all cells. The figure illustrates one of the most striking aspects of the GOL.
After the simulation begins with a randomly selected set of cellsin the On state, patterns quickly
emerge among the cells that are On. Some of these patterns can sustain themselves over long
periods of time and maintain their integrity while they travel acrossthe grid.

(a) (b)

FIGURE 4 “Game of Life” simulation in MATLAB (Starting from a set number of simple patterns
(a), the GOL simulation proceeds by the repeated application of three simple rules applied to
each cell. Complex patterns quickly develop (b), some of which are sustainable.)
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Although the GOL example is simple, it illustrates the basic operations of grid-type,
agent-based simulation and shows how the built-in matrix operations of MATLAB can handle a
large number of operations in a remarkably small number of coding statements. (Somewhat
more coding is required than shown here to specify the complete GOL model that includes
the graphical user interface) Development of more complex models with richer agent
representations is then a matter of increasing the use of the data types representing the agents and
the society as a whole. We now move on to Mathematica and show a more complex agent-based
socia simulation.

Agent-based Social Simulation in Mathematica

We demonstrate social agent-based simulation in Mathematica with an example called
“Mobile Heterogeneous Agents’ (MHA). This simple agent simulation was originally published
in a book on socia ssimulation using Mathematica (Gaylord and D’ Andria, 1998). The example,
although rudimentary, has recognizable agents and behaviors specified by discrete decision rules.
The example aso illustrates the use of pattern matching for identifying the applicable agent and
cell situation and the use of term replacement for implementing rules that update agent status and
positions.

The mobile heterogeneous agents live on atwo-dimensional grid, similar to the GOL, and
their behavior consists of moving to their selected point on the grid. Each agent faces a particul ar
direction, and the “nearest neighbor” site is defined as the cell that isimmediately in front of the
agent. An agent in any cell updates its position according to the following update rules.

1. If the nearest neighbor site is occupied by another individual, the individual
remains in place and chooses a random direction to face.

2. If the site is empty but is faced by one or more individuals on its nearest
neighbor’s sites, the individual remains in place and chooses a random
direction to face.

3. Otherwise, if the nearest neighbor site that an agent faces is not occupied by
another individual, the individual movesinto that site.

In this ssimulation, the agents are very “polite,” moving only into uncontested sites and thereby
avoiding conflict at every opportunity. Variations on these rules are easily implemented to reflect
awide range of aternative agent behaviors.

Agent Representation

In the MHA example, an agent is represented by a list and a set of attributes. Agents
move to new cell locations as the simulation proceeds. An agent is represented as follows, by
using the Mathematica brace notation for lists:

{direction agent is facing (integer between 1 and 4),
unique agent identifier (an integer),
agent type (0 or 1),
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list of 3 agent attributes (randomly selected values),
agent’s resources (a number between 1 and 4)

}
Grid Representation
We construct the simulation for heterogeneous mobile agents as follows:
1. Create asociety by seeding amatrix of 0'sand 1's.
2. Createindividuals by reassigning alist of agent attributes to each 1.

3. Create a set of update rules that operate on each cell of the society and update
an agent and its neighborhood.

4. Nest the update process over the entire society.

First we create the agent society. Here is typical Mathematica code for creating a 6 x 6
matrix and randomly seeding it with agents (Mathematica built-in functions denoted in blue,
commentsin red):

seedingDensity = 0.50 (* approximately 50% of the cells have agents ¥*);
gridSize = 6 (* create 6 x 6 grid *);
grid = Table[Floor [seedingDensity + Random[]],{gridSize}, {gridsize}];

numAgents = Plus@@Flatten[grid] (* calculate number of 1’s in grid ¥*);
(* print the matrix and report number of agents *)

Print [MatrixForm[grid]];

Print [“The society contains “,numAgents,” agents.”];

Hereisthe result:

The society contains 21 agents.

010111
10111 0]
10111 1]
11001 0]
111100 1|
l1 0000 0)

We next create the agent society by reassigning the 1 values of the matrix to lists
representing agents and their attributes. We first set various parameters that indicate the variation
in the randomly specified initial values for the agents, making use of various Mathematica
built-in functions:

(* set parameters *)
seedingWell = g = 0.75 (* 75% of agents of type 1 *);
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numAgentAtts = s = 3 (* each agents has 3 attributes *);
k=0 (* counter for agents initialized at 0 *);
RND:=Random[Integer,{1,4}] (* function to generate random number

between 1 and 4 *);

(* create agency society from initial grid using term replacement — *)
society = grid /. 1 — {RND, ++k, Floor[g + Random[]l],
Table [Random[Integer, {1,10}],{s}], Random[Integer,{1,4}1};

The key step is the substitution step in the last statement in which the all the 1's in the
grid matrix are replaced with an agent representation, creating the agent society. Here is the
result (each non-zero in the society matrix is an agent):

(3,1, 1, (6.8, 1, 2} ] CEia ity 408, 815 &) (5, 7, 10}, 1) {4, 4, 1, (4,1, 9], 4}
3, 3

2,3 1, {35
9, 4y, 1} {1, 8, 1, (B,

o {
s 5..0; (B, D, 8), 1) [l (4, 6 1, {10, 10; 91, 4] (2, s 1, a
1, 9,1, (3, 9, 7}, 3} 0 (z2.10,1, (5 4,71, 3) {2, 11,1, (1,9,6],2) (4,1z,1, (4, 7,3}, 4 (3, 13,1, (3,3, 3), 1)
1,714, 0, 0T, 20 000081 B 15, 8 158 e ey a o £3, 16,1, {2, 1, 10}, 1} 0
[1, 17, 1, {4, 5,7}, 3) (i, 18,1, {10, 7,5}, 1} {4, 19,1, (3, 1, 9}, 4} a o (3,20, 1, {6, 8, 6}, 1)
’ i [ i a

{4; 21, L, T3, 24,2),::9) 1] a

Society Update

The main operation for grid-type, agent-based social simulation is to update the society
through updating each agent’s status and position on the basis of the state of the agent’s
neighborhood. To implement the update rules for the MHA simulation, following Gaylord
and D’Andria (1998), we define an extended neighborhood, called the Gaylord-Nishidate
neighborhood (Figure 5), that accounts for all the cells that need to be considered in updating a
cell’ s contents.

We next define a set of rules that can be used to update any cell in the society.
Mathematica allows one to define patterns within expressions. Patterns are uninstantiated
placeholders or dlots that allow the attachment of optional general constraints as to data type or

GN Neighborhood

FIGURE 5 Gaylord-Nishidate
neighborhood for applying update
rules
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value. First, we define a data structure by a sequence of patterns. The first term is the pattern for
the contents of a cell, and the remainder of the terms constitute a possible pattern for the agent’s
extended neighborhood. For example, here is a sequence in which an agent denoted by pattern a
isfacing north (direction = 1), and the agent in the northeast cell (NE in Figure 5) is facing to the
west (direction = 4):

This pattern identifies the situation in which the agent in the current grid site and an agent
in the northeast cell of the neighborhood are both facing the N cell. The resolution of the
situation, according to the MHA update rules, is for agent a to remain in place and randomly
choose a new direction. To apply this logic, we define a function that recognizes this pattern and
determines the result, which is for the agent to remain in place and randomly choose a new
direction. This is implemented by the following Mathematica statement, which consists of a
user-defined function called walk that operates on the sequence and updates the agent at the
current site:

walk[{1,a },0, , ., {4, Y, . . . . . ., ] := {RND, a} Rule 1
where (on the right side) RND specifies a randomly assigned direction, and a is the agent
expression with itsfull set of attributes, which are unchanged by walk.

A total of 28 possible combinations of agent and neighborhood patterns exist. An update
rule is defined for each possibility. The update rule states how a cell’s contents should be
updated depending on whether an agent occupies the cell and the status of the surrounding
neighborhood. Seventeen rules are applicable to cells containing agents. Sixteen of the rules
result in the agent’s staying in its current position and randomly updating the direction it is
facing. One rule, Rule 4, is applicable for the agent to move out of its cell. Rules 1 to 16 cover
the cases in which an agent is facing an empty cell and another agent is aso facing that cell.
Then the agent maintains its current cell position. For example, for agents facing north, the set of
four update rules is as follows (similar rules are specified for agents facing the other three
directionsin Rules 5 through 16 and are not shown here):

walk[{1,a_ },0, , , {4, }, , , , , ., ., 1 := {RND, a} Rule 1
walk[{1,a_ },0, , . , , , {2, }, ,_,_, 1 := {RND, a} Rule 2
walk[{1,a__ },0, , ., . . . ., {3, __}, ., ., 1 := {RND, a} Rule 3
walk[{l,a_ },0, , . ./ v v i i ] :=0 Rule 4

Otherwise, the agent stays in its current location and randomly updates the direction it is
facing. ThisisRule 17:

walkl{_,a_ }, ., o ] := {RND, a} Rule 17

Rules 18 through 28 apply to empty cells with contents 0. If a cell is unoccupied and two
or more agents are facing the cell, the cell remains empty. These are Rules 18 through 23.

walk[o,{3, _},{4, Y, . . . . . . . ., ., 1:=0 Rule 18
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Otherwise, if a cell is unoccupied and a single agent is facing the cell, the agent moves
into the cell, Rules 24 to 27.

walk[0,{3,a__ }, . . . . ] := {RND,a} Rule 24
Otherwise, if acdll isunoccupied, the cell remains unoccupied, Rule 28:
walk 0, , ., v ] :=0 Rule 28

The update rules are applied to the entire society by defining a function called GN. GN
takes each cell and creates a data structure called walk introduced above, consisting of the cell
contents and the cell neighborhood. The update rules defined above are then automatically
matched and applied to the cell, updating its contents. A time step consists of applying the
function GN to all the cellsin the society in a single statement:

newSociety = GN[walk, societyl];

A complete simulation consists of applying the GN function repeatedly for each
simulation period. A simulation can be efficiently implemented by using Mathematica’s
functiona programming capabilities by recursively applying the Nest function:

simLength=50;
finalSociety = Nest[ GN[walk, #]&, society, simLength+1];

which ssimulates each cell being updated for each of 50 periods. Figure 6 shows the original
society and the society after applying the update rules to all agents for 100 generations.
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FIGURE 6 Mobile heterogeneous agent society simulation — (@) initial distribution
of agents, (b) simulation results after 100 generations
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In principle, it should be possible to implement the MHA simulation in MATLAB. To do
so would require defining data structures for agents and attributes, defining neighborhood update
rules on the basis of the full set of neighborhood configuration possibilities, reasoning about
numeric rather than symbolic variables, and using procedural programming constructs (for loops,
etc.) instead of functional programming constructs. It is not clear how the symbolic
programming constructs of SMT or Maple could be used to facilitate the agent-based simulation.

Social Network Topology

The extensions from the grid topology to the network topology are straightforward in
Mathematica (Gaylord and Davis, 1999) and similarly in MATLAB. Common network
topologies used in agent-based simulation are shown in Figure 7. Mathematica has excellent
built-in packages for graph generation and analysis. Extensions to modeling social networks
require the use of more complex data structures than the matrix structure used for the grid
representation.

In Mathematica, a network representation consists of combining lists of lists or, more
generally, expressions of expressions, to various depths. In MATLAB, this involves combining
cell arrays or structures in various ways. For example, in Mathematica, an agent would be
represented explicitly as an expression that includes a head named agent, a sequence of agent
attributes, and alist of the agent’s socially connected neighbors:

agent[sequence of agent attributes, {neighbor 1,... neighbor i,... neighbor n}]
The list of neighbor references in the agent expression consists of pointers to the

expressions for the agent’s neighbors. Agent pointers could be numeric or strings in MATLAB
and Mathematica or symbolic (functions) in Mathematica.

regular graph small-world network random graph

FIGURE 7 Neighborhood topologies for network-based agent simulation (For agent-based
simulations that define agent relationships on the basis of networks, connectivity defines the
scope of agent interaction and locally available information.)
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Social network interaction and social mechanisms between agents are defined to operate
on the agent expression. Access to an agent’s neighbors and attributes (including the neighbors
of the neighbors) is provided by the list of pointers to the agent’s neighbors. Dynamic social
networks, which are networks that are formed and change during the simulation, would be
implemented by manipulating the list of neighbors during the simulation on the basis of the
current state of the agents and the simulation environment. Generating a neighbor list that
consists of al agents with a particular attribute value determined dynamically during the
simulation is an example.

Figure 8 shows an example of a dynamic network agent simulation using this technique
and rendered in Mathematica. In this model, agents are represented as:

individual [

name,

coord[{x-coord, y-coord, z-coord}],
resources,

variable based on neighbor attributes,

Neighbor list: {

{neighbor 1, relationship attributes},
{neighbor 2, relationship attributes}..,
{neighbor N, relationship attributes}
b

other agent attributes and relationships ]
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FIGURE 8 Dynamic network agent simulation
rendered in Mathematica
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The society is defined as the list of individual expressions. Term replacement is used to update
the entire society, as in the grid-type model. For example, an agent’s attribute relating to its
neighbors’ attributes is updated with the mean value for all its neighbors as follows:

updatedSociety = society /.
individual [individualID , loc_, resources_, meanNeighbors ,
neighborsL ]
:> individual [individualID, loc, resources,
Mean [neighborsL[[All,2]]], neighborsL]

This single Mathematica statement updates the entire society using the term replacement
operator :>. This particular style of agent-based social simulation, which Mathematica allows,
consists of a two-step process:. (1) defining agents as abstract data types, independent of
implementation, and (2) defining functions or methods that operate on the agents and any other
data types in the model. This modeling approach is similar to that taken in object-oriented
programming. Maeder (2000) provides an extensive discussion of agent data types and object-
oriented programming in Mathematica. However the Mathematica implementation is structured;
the same specification would result at the modeling level, through the Unified Modeling
Language (UML) for example (Booch et a., 1998). This implementation-independent model
description could be the basis for communicating and implementing the same model in a variety
of object-oriented, large-scale toolkits, such as Repast (Collier and Sallach, 2001), MASON
(GMU, 2003; Luke et al., 2003), or Swarm (Burkhart et a., 2000).

SUMMARY AND CONCLUSIONS

Computational mathematics systems such as Mathematica and MATLAB can be
aternatives or supplements to agent-based model development in the social sciences. These
packages and others like them are fully integrated development environments offering numeric
and symbolic computing capabilities. Their interpretative nature, ease of data import and export,
and seamless integration of graphical capabilities provide immediate feedback to users during the
model development process. This feature makes them particularly useful as learning tools as well
as rapid prototype development tools. Besides the traditional form of social simulations based on
differential or difference equations (as in Systems Dynamics), Mathematica and MATLAB
facilitate the development of agent-based socia simulations based on grid-type or social network
topologies of agent interaction. Both Mathematica and MATLAB are continuing to rapidly
develop. New releases with significantly improved capabilities occur, at the minimum, on an
annua basis. The emphasis is on integration with other computing environments, ease of use for
users, and expansion of technical capabilities.
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DATA FARMING REPAST MODELS
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S. UPTON, Referentia Systems, Inc., Honolulu, HI

ABSTRACT

This paper briefly describes efforts to integrate Repast into the Project Albert data
farming environment. The Marine Corps Warfighting Laboratory’s Project Albert is a
research and development effort with the goa of developing the process and capabilities
of data farming — developing data sets through utilization of massive computation. Data
farming is a decision support methodology that applies high-performance computing to
modeling to examine and understand the landscape of potential simulated outcomes,
enhance intuition, find surprises and outliers, and identify potential options. Data farming
is made possible, in part, by the exploitation of high-performance computing assets and
methods. To leverage these assets, we developed a suite of entity-based combat models
for Project Albert that allow for rapid changes to entity characteristics and behaviors
guite amenable to, and intentionally designed for, rapid, repeatable concept exploration.
However, Project Albert does not currently possess a fully generalizable framework inits
suite of models. Invariably during a modeling effort, interest in exploring a new
phenomenon arises or in representing an additional behavior that has not previously been
addressed — the very essence of an exploration. Repast, as a fully generalizable
framework with its emphasis on agent-based modeling and simulation, affords Project
Albert the flexibility that it currently lacks to explore new phenomena and problem
spaces as they emerge.

Keywords: Datafarming, Repast, high-performance computing, XML, XPath

INTRODUCTION

This paper briefly describes initial efforts to integrate Repast — the REcursive Porous
Agent Simulation Toolkit (North, 2002) — into the Project Albert data farming environment.
The Marine Corps Warfighting Laboratory’s Project Albert is a research and development effort
with the goa of developing the process and capabilities of data farming — developing data sets
through utilization of massive computation (Barry et a., 2004). A representative implementation
of this process, namely, data farming the Repast demonstration, Heatbugs, is presented.

Data farming is a decison support methodology that applies high-performance
computing to modeling to examine and understand the landscape of potential simulated
outcomes, enhance intuition, find surprises and outliers, and identify potentia options
(Brandstein and Horne, 1998). Data farming is the method by which potentially millions of data
points can be explored and captured. Akin to data mining, data farming incorporates feedback to
inform the subsequent collection of more data points and a more comprehensive exploration of
the parameter space. To glean insight from these potentially massive compilations of data,

Corresponding author address:. Brian F. Tivnan, The MITRE Corporation, 2750 Killarney Dr., Suite 100,
Mailstop QUAN, Woodbridge, VA 22192; e-mail: btivnan@mitre.org.
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Project Albert is aso developing and employing a wide range of data exploration and data
visuaization tools and methods.

DATA FARMING

The metatechnique of data farming is made possible by recent technical advances in three
areas (Horne, 2001): (1) complex adaptive systems models, which have the promise of capturing
the aspects of adaptability, nonlinear interactions, feedback, and self-organization; (2) computing
power, which enables us to generate the large volume of data needed to adequately represent vast
spaces of possihilities; and (3) our ability to organize, synthesize, and visualize scientific data.

Data farming was first developed and used at the Marine Corps Combat Development
Command in late 1997. It can be thought of as nothing more than putting the technical advances
described above to work to engage the scientific method. The essence of data farming is to grow
more data in particular, focused areas of interest. This growth within the specific definition of a
particular model might be in the form of more runs or a different preparation of the sample space
to include different parameters, finer gradations of parameter values, or greater ranges. After the
execution of samples and analysis using data visualization and search methods, the data farmer is
free to grow more data in interesting areas, integrate with information from other tools, prepare a
different scenario using the same model, select another model, or any combination of these
possibilities that he or she thinks might lead to enhanced decision support.

Tools of Data Farming

Data farming is made possible, in part, by the exploitation of high-performance
computing assets and methods. To leverage these high-performance computing assets, Project
Albert developed a suite of entity-based, combat models that allow for rapid changes to entity
characteristics and behaviors, quite amenable to, and intentionally designed for rapid, repeatable
concept exploration. At this point, the reader might logicaly ask the question: “So, why
Repast?’

Why Repast?

To date, Project Albert does not possess a fully generalizable framework in its suite of
models. Invariably during a modeling effort, interest in exploring a new phenomenon arises or in
representing an additional behavior that has not previously been addressed — the very essence of
an exploration. Repast, as a fully generalizable framework with its emphasis on agent-based
modeling and simulation, will afford Project Albert the flexibility that it currently lacks to
explore new phenomenon and problem spaces as they emerge. Our initial efforts to integrate
Repast into the Project Albert data farming environment are described below in an example
using the Repast demo, Heatbugs.
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IMPLEMENTING DATA FARMING IN REPAST

Our approach relies on two related technologies: XML and XPath. XML is the eXtensible
Markup Language devel oped by the World Wide Web Consortium.1 As the name implies, XML
is a language where the user can define, within the rules of the specification, the naming,
structure, and content of individual entities within that language, thus making it extensible.
XPath is the XML Path Language.?2 Basically, an XPath is structured like file paths in the
Windows or Unix operating systems. We give more details on the use of XPath in the Heatbugs
example below.

Our approach works by constructing two XML-structured files: a model “scenario” file
and a study file. The scenario file contains al of the parameters that the model devel oper decides
are appropriate inputs for his or her model and acts as a template or specification of allowable
parameter changes. An instance of a scenario file is called an “excursion,” with specific values
for each parameter in the file. The excursion file is then passed to the model as input, along with
a random seed, and an individua replicate, an excursion file with a specific random seed, is
executed by invoking a command line call (no GUI). In Repast terminology, we have divided the
Repast parameter file into two separate files. an excursion file, which indicates parameter
settings for an individual run, and a study file, which indicates how the parameters are changed
for separate runs (i.e., determining the batch operations).

The study file is a structured XML file that contains information about the user; the
model; lists of random seeds to use; computing environment (e.g., local or distributed); and the
specific data farming experiment, including number of replications, parameter bounds, and the
desired data farming agorithm. The entries in the study file can be broken down into two
classes: those for documentation purposes, like user and model used, and those that specify the
conditions for the computer experiment, such as the data farming algorithm and the parameter
bounds. We give an example of how to specify the parameter bounds bel ow.

The software we developed currently implements four types of data farming algorithms:
(1) gridded data farming, or simple parameter sweeps using a min/max/delta specification;
(2) Cartesian product generation, which is a parameter sweep wherein the user indicates the
specific values to use for each parameter; (3) specification runs desired in a comma-separated
file, with each row indicating a setting of all the parameters for an excursion and each column
indicating the individual parameter values,; and (4) an evolutionary programming algorithm. The
user can aso group variables such that all the variables in the group take on the same values for a
specific excursion (also called lock-stepping), in effect treating the group as one variable. These
four types cover a broad range of experiments; however, users can also write and use their own
data farming algorithm (e.g., a different evolutionary or search algorithm than the one currently
implemented).

Our data farming software takes as input these two files, the excursion file and the study
file, and conducts the batch runs, which can be run either on a single machine or over a cluster of
machines. When using a cluster of machines, the software generates individual excursion files
and then distributes the individual runs over the machines in the cluster. We have used Condor

1 Thecurrent official XML specification can be found at http://www.w3.org/ XML/.

2 The specification for XPath can be found at http://www.w3.org/TR/xpath.
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(http://www.cs.wisc.edu/condor/) as our distributed computing mechanism. When using a single
machine, the software generates individual excursion files and then sequentially executes the
individua runs.

DEMONSTRATION WITH HEATBUGS

To illustrate the approach, we use as an example a conversion of the Repast Heatbugs
parameter file, depicted in the XML file in Figure 1. More complicated XML structures are
possible, but this simple example serves our purpose.

An XML format is composed of a number of elements, where each element has a name
and can have optional attributes. Each element has element start tags and corresponding element
end tags; the start tags are structured in the form <TagName...>, where the éllipsis indicates an
optional listing of attribute-value pairs, and the end tags are in the form <\TagName>, with a
backslash before the TagName and no attributes. Although it is avery basic XML-formatted file,
it is sufficient for our purposes. Element tags are also nested; there must be a complete start-end
set of tags nested inside another set of start-end tags, as shown in Figure 1 by the EvapRate tag,
which is nested within, or surrounded by, the Heatbugs tags. The first line, <?xml version="1.0"
encoding="UTF-8"?>, indicates that thisis an XML file and uses a specia format for that line
indicated by the <?xml ... ?> pairing of character sequences. The next line, <Heatbugs
version="1.0">, is the root element of the XML input file. “Heatbugs’ is the name of this
element, and it has an attribute called “version,” with the value of this attribute set to “1.0.” We
envision using this structure for all Repast model input files.

This simple example has only nine elements. The name of each element reflects the name
of an associated model input parameter and has a value associated with it, the float or integer
value to use for that parameter at model initiaization (the terminology used here is a
simplification of the actual XML structure but suffices for our use). This example would
constitute an entire Heatbugs scenario file. More type checking could be added, such as adding a
parameter “type’ (e.g., integer or float, by inserting a type attribute with the Element name, for
example, <EvapRate type=‘float’>, so that error checking could be done on reading the file).

<?xml version="1.0" encoding=“UTF-8"7?>

<Heatbugs version="1.0">
<DiffusionConstant>1.0</DiffusionConstants>
<EvapRate>1.0</EvapRate >
<MaxIdealTemp>31000</MaxIdealTemp>
<MaxOutputHeat>1000</MaxOutputHeat>
<MinIdealTemp>17000</MinIdealTemp>
<MinOutputHeat>3000</MinOutputHeat>
<NumBugs>100</NumBugs >
<WorldXSize>100</WorldXSizes>
<WorldYSize>80</WorldYSizes>

</Heatbugs>

FIGURE 17 Heatbugs XML scenario file
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We could also develop an XML Schema for the scenario file to provide additional validation of
the input file, but that is beyond our current discussion and implementation.

Now that we have defined the scenario file, we need to construct our experiment using
the study file. As an example, we use a gridded or parameter sweep algorithm to illustrate how
the parameters and the bounds on those parameters are specified in the study file.

Figure 2 shows an XML snippet from the study file detailing the dimensions, that is, the
set of parameters that define the farming region. For a parameter sweep, this set is just a list of
the parameters along with their associated upper (MaximumValue) and lower (MinimumVa ue)
bounds and a step size (Delta value). For this example, the six runs listed in Table 1 would be
conducted, with the number of replications indicated in the study file.

The type and name attributes, along with the XPath element, are the same for all types of
data farming algorithms. These indicate the specific parameters to be modified. The other items
in this example are specific to the type of agorithm, that is, (<MaximumVaue>,
<MinimumVaue>, and <Delta>). The type attribute can be either “float,” “integer,” or “string,”

<Dimensions>
<Variable type=“float” name=“EvapRate”>
<XPath>/Heatbugs/EvapRate</XPath>
<MaximumValues>2.0</MaximumValue>
<MinimumValue>1l.0</MinimumValue>
<Delta>1.0/Delta>
</Variable>
<Variable type=“integer” name="“NumBugs” >
<XPath>/Heatbugs/NumBugs</XPath>
<MaximumValue>200</MaximumValue>
<MinimumValue>100</MinimumValue>
<Delta>50</Delta>
</Variable>
</Dimensionss>

FIGURE 18 Dimensions specification

TABLE 1 Parameter levels for the six runs

Excursion Number  EvapRate NumBugs

1 1.0 100
2 10 150
3 1.0 200
4 2.0 100
5 2.0 150
6 2.0 200
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depending on the type of parameter in the scenario file. The string type can be used to define
categorical parameters. The name attribute is specified by the user and is just a short name that is
used in the header of the output file. There are no restrictions for composing this string. The
user can either place “:” between strings to make it easier to read or use spaces. Thus,
‘name="Heatbugs.EvapRate’’ is alegitimate name.

The remaining step is to construct the XPath for each of the parameters. The XPath is
very easy to determine for our purposes, as the scenario files are reasonably structured. The
XPath is a string that, when evaluated, actually points to a section of text in the scenario file. In
our case, it is a particular value that we want the software to modify. Using the Heatbugs
example above, the XPath for the EvapRate parameter is simply “/HeatBugs/EvapRate.” Each
“I” indicates adrop in the tree hierarchy of the XML input file, with the last node pointing to the
location of the value indicated by the XPath. Other XPath functions are also allowed, further
increasing the flexibility in uniquely specifying the set of parameters.

In summary, the data farming software takes as input the scenario file and the study file.
The software then constructs an excursion file for each combination of parameter settings as
indicated by the algorithm and the dimensions specification. It does this by taking the scenario
file, making a copy, modifying the parameters indicated by the XPath in that file, and writing out
a new excursion file. For our example above, we would have six files created, where the
EvapRate and the NumBugs parameters would be as shown, and the remaining parameters would
be set at the 