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ABSTRACT 

This work introduces and illustrates the potential of intelligent agent based 

modeling and simulation as a tool for understanding individual action and group 

performance in common pool resource dilemmas. Three groups of models were 

developed, based on previously documented common pool resource experiments, and 

simulated using the Swarm multi-agent simulation environment Agents in these models 

were designed to represent the actions of the individual appropriators in the experiments 

and the common pool resource itself. The three groups of models are differentiated by the 

capabilities of the appropriator agents and address; preassigned fixed strategies with no 

communication, a simple induction based approach to selecting amongst altemative 

strategies with no communication, and the induction based approach with two simple 

commimication routines. Simulations of these three groups of models rendered 

observations of some potential relationships between individual action and group 

performance in common pool resource experimental situations. In particular, simulations 

of agents employing the induction based iq)proach with no-communication generated 

group level behavior with similar performance characteristics to groups in actual 

experiments. A discussion relates the behavior of these simulations to other simulation 

based work in game theory and learning theory. Some potential future directions for this 

research, and possible applications in natural resources management, are discussed. 
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1.0 Introduction 

The cuiient challenges to environmental management and planning place ever 

increasing pressure on policy analysts, ecologists, and resource managers to understand 

the complex relationships that exist within and between natural and human systems. To 

facilitate an understanding of the interrelatedness of these systems, researchers have 

turned increasingly to modeling and computer simulation as a tool for understanding 

these relationships (See for exan^le Berry et al. 1993, Folse et al. 1989, Saarenmaa et al. 

1994a, 1994b, Deadman et al. 1993). As computer based technologies become more and 

more sophisticated, new opportunities and challenges are presented to those with an 

interest in natural and human systems modeling. The call has gone out for researchers to 

devote their efforts to the greater understanding of these systems and their 

interrelationships through the use of computer based modeling and simulation techniques 

(Openshaw 1994; 1995) Along with current developments in ecological modeling, we 

have seen the development of computational economics in the last few years. These 

developments will present researchers with the opportunity to combine the two in the 

near future, to facilitate the study of economic institutions associated with the 

management of natural resources. 

This dissertation presents a step in this direction. The goal of this dissertation is to 

introduce and demonstrate the potential of intelligent agent based models for simulating 

individual action and group outcomes in a simplified commons dilemma. An agent is any 

individual actor in a system, any entity that can generate events that affect itself and other 
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agents (NCnar et al. 1996). In computer simulations, these agents take the form of 

distinct, autonomous, self contained pieces of computer code, possessing both a model of 

themselves and a model of the world with which they interact. A series of intelligent 

agent based models are developed to cloture the actions of individuals engaged in a 

series of common pool resource management experiments. Each participant in the 

experiment is modeled as a separate agent, with its own individual characteristics. The 

model captures some of the strategies of the individuals engaged in the laboratory 

experiments, and includes a mechanism by which the individuals may communicate and 

adapt the rules that they will use to govern their appropriation of the common pool 

resource. The individual agents utilize a learning mechanism known as induction, which is 

based upon the identification of significant events during the simulation. The messages 

contained in these events strengthen or weaken alternative strategies available to the 

agents. Due to the limited rationality of the individual agents, they are unable to process 

all the information that is presented to than by the complex task environment in which 

they exist. As a result, they focus their attention on the identification of, and reaction to, 

events that are of semantic significance to them. In these computer experiments 

significance is determined in terms of the utility, measured as monetary return, derived 

from a particular combination of token investments in two markets. The identification of 

these events allows the agents to identify strategies that will assist them in interacting in a 

complex world. Based upon this series of computer experiments, observations and 

suggestions for fiiture work in the simulation of common pool resource management 

institutions are facilitated. 
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This dissertation is divided into eight chapters and a list of references. Chapter 

two provides an introduction to modeling and simulation, some theory of events and their 

use in model development, and a brief description of the uses of significant event 

detection in modeling and simulation based computer experiments. Chapter three 

provides an introduction to theories of economic institutions and natural resource 

management. Licluded is an outline of the study of common pool resources, including 

some general background, approaches that have been taken in the study of common pool 

resources including the Institutional Analysis and Design Framework and the Grammar of 

Institutions, and a summary of laboratory experiments that have been conducted in an 

effort to understand more about individual action in common pool resource management 

situations. Chapter four provides an introduction to multi-agent simulation and the recent 

development of agent based modeling in economics. Chapter five outlines the step by step 

development of the agent based models utilized in this dissertation to study common pool 

resource management experiments. These models were developed, simulated, and 

discussed in three general stages. The first set of models explore agents employing fixed 

strategies in non-communication settings. The second set of models explore a simplified 

induction based model that allows the agents to choose from amongst alternate strategies 

on the basis of the relative utility that they convey to the agents in each round. The third 

set of models explore two simplified forms of communication which allow agents to share 

information on suggested courses of action, and act on the suggestions of others. Chapter 

six presents the results of these initial simulation experiments. Chapter seven discusses 

these results in light of some current findings in game theory and learning theory. Chapter 



eight presents some general observations from this simulation exercise and discusses the 

future role that this modeling and simulation based approach to the study of common 

pool natural resources may play in the future. 
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2.0 Event Based Modeling and Simulation 

2.1 Introduction 

Implementing a computer based simulation of any natural system requires the 

synthesis of a wide range of information from the technical issues surrounding computer 

programming, to questions surrounding how to capture the important characteristics of a 

real system, and express them in a selected modeling formalism. In this chapter we begin 

a review of some of the broad range of issues that must be addressed by introducing some 

basic concepts of modeling and simulation. We discuss the use of events in modeling and 

simulation, and introduce the concept of significant events, and their detection, as a tool 

for implementing learning capabilities in computer simulations. 

2.2 Computer Based Modeling and Simulation 

Jackson (1994) identifies three methods for generating information in the natural 

sciences, physical observation, mathematical models, and computer experiments. These 

three methods can also be found in the social sciences, including such fields as economics. 

Physical observation, through the use of experiments or field based studies, is the most 

basic approach to acquiring information about a real world system. Historically, this real 

system data was utilized to generate mathematical models, often based on differential 

equations, that represented the behavior of the natural system. The introduction of the 

digital computer has presented researchers with new opportunities for generating 

behavioral data through computer experiments (Jackson 1994). The process by which 
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computer experiments are run to learn more about a real system is known as modeling 

and simulation. 

The enterprise of modeling and simulation refers to the construction of models of 

the real world, and the simulation of those models on a computer (Zeigler 1976). Zeigler 

outlines a system consisting of three elements, the real system, model, and computer, and 

two relationships, modeling and simulation. 

Real System Computer 

Modelling"  ̂ Simulation 

Figure 2.1: The Basic Elements of the Modeling and Simulation Enterprise (rrom 
Zeigler 1976). 

The real system refers to some component of the real world that is of interest to 

the modeler. A real system may consist of anything natural, human derived, or both, from 

a desert watershed to a common pool resource management institution. A modeler is 

interested in both the conceptual components of this system and the behavior that it 

exhibits. A model is defined as a conceptual idea of how someAing in the real world is 

constructed, functions, or both (Ball 1995) or as a set of instructions for generating 
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behavioral data (Zeigler 1976). Models must be expressed in a common way, or 

formalism, that is understandable by others. Mathematical models may be classified in 

terms of the formalism that they employ. A formalism is a set-theoretic short-hand for 

specifying mathematical dynamic systems G^eigler 1990). Different fomialisms have 

different characteristics which make them suitable for different applications. Factors such 

as, the domain of the application, the modeling objectives, and the level of abstraction 

will render some formalisms a more natural fit than others, leading to a more 

computationally efficient simulation (Zeigler 1990). 

The relationship between the real system and the model is defined as modeling. 

The essence of this relationship is in the validity with which the model represents the real 

system. Zeigler (1976) outlines three degrees of validity for any modeling relationship, 

replicative, predictive, and structural. A model is replicatively valid if it is capable of 

reproducing the behavior of the system as determined from data already collected. A 

model is predictively valid if it capable of matching data from the real system before it is 

collected. A model is structurally valid if it both reproduces real system behavior and 

represents the real way in which the real system operates to generate that behavior. 

Once constructed, we need a way of generating the behavior of the system that 

has been specified by the model. Usually this is done on a computer. The simulation 

relationship describes the way in which the computer carries out the instructions of the 

model. The goal of simulation is correctness, as specified by the accuracy with which the 

computer reproduces data as specified by the model (Zeigler 1976). 
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Models are abstractions of the natural system that they represent. There would be 

no point in constructing a model to the same detail as that of the real system, assuming 

that one could accomplish such a feat The data produced by a model as complex as the 

real system would be just as dif&cult to interpret as the data from the real system. 

Therefore, the person constructing the model must decide what aspects of the real system 

to represent and at what level of detail. In effect, the modeler is attempting to capture the 

"essential parameters" of a system (Casti 1994). Frequently, this requires the modeler to 

undertake a series of simplification procedures in order to weed out unnecessary 

parameters. Such procedures may include, dropping one or more parameters, replacing 

detenninistically controlled variables with random variables, coarsening the range set of a 

variable, or grouping components together (Zeigler 1976). 

There are a number of advantages to developing and experimenting with models 

of real system phenomena. Experimenting with the real system itself may be too costly 

and time consuming, unethical, or even impossible ^igler 1976). Simulations are 

completely repeatable and nondestructive. Because the parameters of the model can be 

adjusted in a series of otherwise identical simulations, the data produced by simulations 

are often easier to interpret than data from the real system ^igler 1976). 

2.3 Conceptualizing the Real System in Terms of Events 

When we set out to represent a real system in terms of a model we must decide 

on the best means by which to represent that system. We must break the system into its 

conceptual components, determine the descriptive variables that we will use to define the 
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functioning of these components, and finally determine how these components interact 

with one another in their environment. Modelers have taken different approaches to 

conceptualizing the structure and actions of real systems. It is important for the modeler 

to select an approach to desoibing the real syston that matches the formalism of the 

model that they will be using. 

Over the past twenty years or so, a modeling formalism has emerged in which 

actions in the real system are represented and simulated in terms of discrete events. In this 

approach, we consider the important interactions between components in a real system, 

and the important state changes within those components to be described as events. In 

the corresponding modeling formalism, discrete event simulation, the behavior of the real 

system is represented in terms of events which dictate internal state changes or the 

passing of messages between components. This section will explore the nature of events, 

and their utility in representing processes in nature. 

2.4 Events 

Traditionally, many real systems have been conceptualized in terms of continuous 

fimctions such as differential equations. This top down approach to understanding the 

behavior of a real system has a long history which precedes the development of the 

computer. In contrast with this long history, discrete event simulations have emerged 

more recently. The development of the computer, and recent improvements in computer 

performance, has facilitated the development of discrete event simulation (Zeigler 1990). 
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The concept of the event, as a way of describing changes in the attributes of a real 

system, has a universal understanding. Although we may have a tadt concept of what an 

event is, it is necessary to define events in more detail in order to provide a background 

for the discussion to follow. The Oxford Dictionary (1987) defines an event as any of 

several possible but mutually exclusive occurrences, or a single occurrence of process. 

This implies that events are by definition unique entities, associated with distinct points in 

space and time. We will elaborate on this concept and add that events may also be placed 

into a hierarchical classification scheme. 

A number of philosopho^ have written on the nature of events. Brand (1984) 

defines an event as a particular, something that is spatio-temporally locatable and not, 

literally, repeatable. Li other words, no two events are the same in all aspects. Even in a 

computer simulation system, in which the nature of the occurrence of an event is tightly 

controlled, events can never be identical in all attributes. For example, two events may 

share all attributes related to, structure, origin of occurrence, magnitude, and influencees, 

but still differ in time of occurrence. Events are distinguished by their characteristics. 

This concept is described in more detail by other philosophers. Savellos (1992) 

addresses the individuation of natural-kind events, those which deal with material objects. 

The central question of his paper is: what is it that confers the categorical nature of 

individuality upon a given segment of reality. answering this question, Savellos extends 

the Aristotelian belief, originally (^plied to objects, that there is no thisness without 

suchness. In other words, an event does not exist without being of some kind or other. 

Savellos offers this thesis of events: 
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"A portion of reality constitutes a single event x at time t only if at t, x falls in 

the extension of the general concept f which is such that; (i) f characterizes x 

in such a way as to yield an answer as to what kind of event x is. (ii) f 

determines principles of characteristic structure and activity of x, and that it 

regulates the ways that x can be divided or prolonged without ceasing to 

exist, (iii) f organizes the conditions of x's differentiation from among other fs 

and the environment." 

He extends this initial thesis by adding the requirement of spatio-temporal equality, as we 

discussed above. Events must therefore share both the same f descriptor, or category, and 

spatio-temporal location to be considered equal. These fs can have various degrees of 

subordination, and therefore lend themselves to taxonomic classification. For example, an 

event described as a "rainstorm" may be placed in a superordinate category "weather 

event". Conceptualizing the actions of a real system in terms of events allows us to utilize 

the complementary modeling formalism known as discrete event simulation. 

2.5 Discrete Event Simulation 

The concept of the event, and its importance in understanding the behavior of a 

real system forms the foundation of the modeling formalism known as discrete event 

simulation (DEVS). The DEVS formalism, first introduced by Zeigler (1976), provides a 

means of specifying an object called a system. The system contains a time base, inputs, 

outputs, state variables, and fimctions for determining new states and outputs given 

current states and inputs ^igler 1990). DEVS focuses on the changes in the variable 
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values, or events, at time segments detemiined by the rules built into the con^onents of 

the system. 

The DEVS knowledge representation scheme is known as the system entity 

structure ^igler 1990). The system entity structure is a tree-like, hierarchical, diagram 

that outlines the structure of a model system used for a particular simulation. The system 

entity structure indicates the taxonomic nature and the decomposition and coupling 

relationships of the basic components of the system. The individual elements of the 

syston entity structure represent the conceptual components of the real system, as 

determined through observation and abstraction by the designer. 

The base component of the system is the atomic model CZeigler 1990). These 

models contain the following elements: input ports, output ports, state variables or 

parameters, a time advance function, an internal transition fimction, and external 

transition fimction, and an output function. Atomic models express their behavior in 

terms of events. The model contains at least two state variables, phase and sigma, which 

specify the current state of the model and the time until the next internal transition. It is 

these transitions which constitute events within the system. External events occur when 

the model receives a message from the system which causes it to change state. Internal 

events occur when sigma elapses. In order to construct the functions which constitute the 

atomic model, it is necessary to define significant events in the corresponding component 

of the real system. 
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2.6 The Hierarchy of Events 

Within a DEVS model we can conceive of events as occurring at different levels 

or hierarchies. Events may occur at a lower level within the atomic models themselves 

when an internal transition in state occurs. Messages that are passed between models can 

also trigger externally determined transitions within the receiving model. Both intemal 

and extemal transitions occur at the atomic model level during a simulation run. In 

discrete event simulations such as these, there are no instructions within the model that 

specify the overall behavior of the system. The numerous events occurring within the 

atomic models are aggregated to give rise to an overall system behavior. This system 

wide behavior can also be described in terms of events. Here we see a hierarchy evolving 

in which simple events occurring at the atomic model level are aggregated to produce 

more complex system wide events. 

This hierarchy of events provides a way of describing emergent behavior that 

occurs within the model. When we talk about emergence, we are referring to the idea that 

some new behavior is being created, or that "the whole is greater than the sum of the 

parts.". Baas (1994) describes this idea: 

"Which are the basic ingredients we need in order to explain what we mean 

by emergence? We need some primitive objects or entities. F<»- something 

new to be created we need some dynamics or better interaction between the 

entities. But to register that something new has come into existence, we need 

mechanisms to obs^e the entities." 
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These ingredients can be found in the DEVS fonnalism. Individual components, or 

atomic models interact to produce some kind of emergent behavior in the overall system. 

We need some mechanism to detect these system wide events. If the model being 

simulated is large, detecting these events could be a difScult task. 

2.7 Events in Ecosystem and Institutional Models 

Most real world systems are organized hierarchically. The organization of both 

human and natural systems is based upon a series of interrelated processes that span 

different spatial extents over different time scales (Breckling and MuUer 1994). But when 

we set out to capture the essence of real system behavior in a modeling exercise, we are 

attempting to describe the interrelated web of events which produce overall system 

behaviors. Let's look at a natural system example from hydrology. At the system wide 

level, we may be concerned about understanding and modeling events such as rainstorms 

and floods. In a simple approach, we could place a few rain gauges in a watershed along 

with a weir at the outlet. After we had collected enough data, it might be possible to 

develop a mathematical expression relating input rain levels to watershed output. We may 

be able to generate a model with replicative or predictive validity. However, this top 

down approach to understanding an ecosystem has limited capabilities. 

Intuitively we know that mudi more is going on in the watershed than can be 

accounted for by this simple model. As ecologists, we are interested in the 

interrelationships between different elements of an ecosystem. Clearly, we must also 

strive to develop models with some measure of stmctural validity as well. In the 
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watershed example, we may want to know how different patterns of vegetation, or 

variations in topography, affect flooding patterns. We may want to eventually understand 

the relationship between patterns in wildland fire and runoff and erosion. In order to 

answer questions of this nature in a modeling context, we must model hierarchical 

relationships. We must employ a bottom up approach to modeling these systems in which 

the component parts of a system are identified and allowed to interact with one another. 

In the hydrological example, we must break the watershed down into a collection 

of components capable of expressing spatial patterns in topography or vegetation. For 

example, in an ongoing modeling project at the University of Arizona, a large scale high 

resolution model is being developed of a desert watershed in Southern Arizona (Gimblett 

et al. 1994b). In this ^proach, the watershed is disaggregated into a cell space model to 

facilitate the representation of patterns in topography and vegetation. Each individual cell 

is an atomic model coupled to its neighbors to facilitate message passing. There is no 

code to specify the overall behavior of the watershed, bistead, a series of equations 

represent the hydrological events within each cell. Through the interactions of many 

individual cells, events within individual cells are aggregated. The overall behavior of the 

watershed emerges as a result of the many millions of individual atomic level events. 

This emergent nature of the behavior of real systems has been discussed in 

political science as well. Kiser and Ostrom (1982) discuss the importance of aggregated 

results in decision situations. A series of individual decisions, when aggregated in a 

particular group situation can lead to group level results that are frequently unintended. 

Such unintended group level results are frequently observed in natural resource 
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management institutions, where a set of individual utility maximizing decisions result in 

an aggregated, group level result that is sub-optimaL This concept of aggregated effects 

is what will be explored in this dissertation. 

From a modeling and simulation perspective, building a model of a natural 

resource management institution with emergent properties will produce a situation in 

which events occurring at a particular individual level will aggregate to produce events at 

another level. In institutional models, where the individual participants are represented by 

a collection of intelligent agents, we can observe behavior occurring at the individual 

level and the group level. The large number of interactions between individuals will 

aggregate to produce group level behaviors. 

we are to achieve some measure of structural validity in this modeling 

approach, then we must address not only the overall behavior of the system, such as 

flooding events or the CTeation of institutional structures, but also the sequence of 

interrelated events at lower hierarchical levels that produced the global event. Modem 

computer technologies pemiit the creation of simulations that produce truly vast amounts 

of data. In a large scale hydrological modeling raerdse, it will be impossible to keep track 

of every event that takes place within the simulation. We must be prepared to weed out 

the events at different hierarchical levels that are of specific importance to us. In this case, 

the "event detector" acts outside of the model itself, interpretiag the ou^ut of the model 

according to the interests of the researcher. 

As we will discuss in later ch^ters, individual event detectors or intelligent agents 

operating within an institutional model are bounded by a limited rationality. They are 
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unable to collect and process all the infonnatioa that is available in their world. However, 

they must be able to identify and respond to events that are of semantic importance to 

their individual well being, in short, they must be able to dettctsignificant events. 

Significant events are those patterns or trends in the data produced by the simulation 

system that are defined as being semantically important to the observer. !bi this case the 

event detector is integrated in the model itself, assisting the agents in interpreting and 

fimctioning within their environment. In the following section we will outline some 

approaches to identifying and detecting these significant events. 

2.8 Determining and Detecting Significant Events 

Even a small number of atomic models or intelligent agents within a simulation 

could produce a large number of interactions or messages. This could make the 

determination of significant events difBcult. In the HPCC project at the University of 

Arizona, the watershed model will consist of roughly one million cells. Every simulation 

will include literally millions of interactions between the cells. Although the simulation 

system will include a visualization system to aid in the observation of model performance 

(Ehrman et al. 1994), it is still impossible for the observer to decipher the vast quantity of 

data to answer the specific questions necessary to interpret the model's performance. 

The detector must be capable of monitoring a large number of messages and 

deciding when the behavior of the system meets the criteria of the events which it has 

been programmed to detect This may be accomplished trough a number of strategies. 

The detector may simply monitor the actions of individual cells of particular importance 
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to the occunence of a significant events. Conversely the event detector may be required 

to monitor a number of atomic models, and by collectively analyzing their relative 

behaviors, determine whether or not a significant event has occurred. We may also wish 

to distinguish between events which occur at a specific point in time, or events in which 

historical patterns are significant. 

With this in mind, we can conceive of a matrix which outlines the difierent tasks 

that we may ask an event detector to perfomi. This matrix compares the time scale of 

significant events with the aggregate nature of the events of interest (see Figure 2.2). 

Hme Scale 

Single Point Range 

Individual I n 

Occurrence 

Multiple m IV 

Figure 2.2: Significant Event Detection Categories 

The most straightforward type of events that we may ask the detector to identify 

fall into category L In category I events, we are asking the detector to tell us when the 

value of a particular variable reaches a particular threshold in a particular cell. The 

detector could be asked to tell us when runoff reaches a particular level in a cell at the 

outlet of a watershed, or when a particular agent in the simulation performs a particular 
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action. The detector would be identifying an event such as a five year storm in a 

watershed example or a rule breaking action by another agent in an institutional 

simulation. 

Category n is a simple extension of the category I task. We are asking the event 

detector to trace the value of a particular variable, in a particular cell, through time. In 

this case the detector may trace nmoff in a particular cell so as to produce a discharge 

hydrograph for that cell. Di this category, the detector may also be asked to report 

specific temporal anomalies in the value of a particular variable, such as rapid changes in 

runoff rate. In the institutional example, the detector may trace the actions of another 

agent through time in an attempt to learn something of that other agent's behavior. 

Category III tasks require the event detector to interpret multiple concurrent 

values for a particular variable or group of variables at a particular time. In this case the 

detector would monitor a number of cells or other agents at a specific point in time. Such 

an example may require the detector to report when runoff greater than a certain value 

was occurring over half the watershed. Li an institutional modeling example, the detector 

may keep track of the actions of a particular group of individual participants in relation to 

a specific issue at a specific point in time, such as keeping track of the investments made 

by the members of a group in the simulation of one round of an appropriation experiment. 

Category IV comprises the most complex of the detector's tasks. In this category, 

we are asking the detector to identify changes in certain variables within the model 

through time. These variables may be expressed as spatial patterns, as expressed in a 

geographic information system. We may be looking for changes in the distribution of soil 
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moisture, or perh£|)s changes in the pattern of runoff in a watershed during the course of 

a rain event. In an institutional model, we may ask an event detector to trace the 

aggregate actions of a group over time so as to prepare a response to the future actions 

of the group. This is potentially a complex task. Capturing and storing changes in the 

aggregate distribution of a variable is the central challenge of those developing temporal 

GIS. The problems associated with developing temporal GIS have been documented 

along with some suggestions for handling this problem (Langran 1992). Some of these 

problems may be encountered if we desire to detect category IV events. One approach 

may be to utilize artificial intelligence to detect these patterns. Researchers have already 

investigated the feasibility of using neural networks to predict changes in the spatial 

patterns of rainfall through time (French et al. 1992) Jn this dissertation we focus on an 

example from the study of economic institutions. 

2.9 Summary 

In this ch^ter, we have outlined the general structure of modeling and simulation, 

and introduced the importance of events to a modeling formalism called discrete event 

simulation. The nature of events and their semantic importance to an individual has been 

outlined. An approach to identifying significant events and using them to create and 

update an individual's model of the world was discussed. In the following chapters, we 

address some background information necessary to our application of a significant event 

detector, that of developing a model and simulation of a common pool natural resource 

management institution. As we proceed, we will see some implicit parallels between the 
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theory that has been developed to understand institutions and the concepts of object 

oriented programming which are discussed in more detail in later chapters. At the end, we 

combine these two streams of knowledge in the creation of the model and simulation 
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3.0 A Theoretical Framework for Modeling Common Pool 
Resource Institutions 

3.1 introduction 

In the previous chapter, we outlined two definitions of a model (from Ball 1995 

and Zeigler 1976) as a set of instructions for generating behavioral data that are based on 

a conceptual idea of how something in the real world is constructed, functions, or both. 

As a conceptual idea of a real world system, a model must be built on a foundation 

incorporating theoretical developments from a number of different fields of study. In this 

dissertation, the development of the model is based on theoretical foundations from such 

fields as political science and game theory to computer science. The theory related to 

common pool resource institutions outlined in this chapter is integrated within a 

framework, a device which provides a metatheoretical language for thinking about 

diverse theories and their potential usefulness in addressing important questions of 

relevance to the analyst (Ostrom et al 1994). In this chapter, we draw on a framework 

developed by Ostrom et al. (1994), Kiser and Ostrom (1982) and others over time to 

facilitate institutional analysis. This framework, known as the institutional analysis and 

development (IAD) framework, is described, along with other theoretical developments, 

and used to guide the later development of the models of common pool resource (CPR) 

experiments. 

Since the ultimate purpose of this dissertation is to model and simulate a 

simplified commons dilemma, we begin this chapter with a description of common pool 
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resources and some of the questions that researchers are interested in answering about 

the management of these resources. Following this, we move to a desaiption of the IAD 

framework. The components of the framework, and their representation, are described in 

more detail, drawing on theories outlined by others in economics and game theory. The 

IAD framework's utility as a tool for organizing modeling efforts directed at CPR 

institutions will be pointed out as we proceed through this discussion. Parallels between 

the structure of the IAD framework and intelligent agent based models, namely that both 

describe a collection of individuals interacting within a specifically defined environment, 

will be illustrated. Finally, this chapter introduces some experiments which have been 

developed, based on the IAD framework, in an effort to understand more about common 

pool resources and their management. 

3.2 Understanding Common Pool Resources 

Many of the natural resources on this planet are in imminent danger of destruction 

due primarily to the actions of humans who utilize those resources. Clearly our long term 

survival depends upon the sustainable management of these resources. Yet, there is little 

agreement on how such management is best implemented. Politicians and academics alike 

have called for forms of management that range from complete state control to 

privatization of the natural resource (Ostrom 1990). No one system is universally 

appropriate. Some communities have employed institutions which resemble neither state 

nor market forms of control to successfully manage natural resources over a long period 

of time (Ostrom 1990). In this work we utilize North's (1990) definition of an institution 
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as "the rules of the game". These institutions have formed around the management of 

what are termed common pool resources (CPR)s. In this section we will review some of 

the theory that has been explwed to facilitate a better understanding of how common 

pool resource management institutions function. 

CPRs are those resources for which exclusion of potential appropriators is non-

trivial, and the resource is subtractable (Ostrom et al. 1994). Examples of common pool 

resources which have been studied widely include: ground water basins, irrigation 

networks, and fisheries. Interest in the study of CPRs is fueled in part by the desire to 

understand how the apparent conflict between individual rationality and group rationality, 

referred to as a CPR dilemma, can be avoided. These dilemmas may be characterized by 

two possible conditions, suboptimal outcomes generated by the configxiration of the 

physical system, technology, rules, the market, and attributes of the appropriators, and 

institutionally feasible alternatives in which there exists another set of coordinated 

strategies which are both feasible and more efficient than the existing situation (Ostrom et 

al. 1994). CPR dileimnas have been illustrated in the past through the use of three 

metaphors which have been applied to CPR management situations: The tragedy of the 

commons (Hardin 1968), the logic of collective action (Olson 1965), and the Prisoner's 

Dilemma game. These metaphors illustrate how individuals who participate in the 

withdrawal of resource units from a CPR, without the ability to communicate so as to 

establish and enforce rules of management, are likely to over appropriate the resource, 

resulting in suboptimal collective benefits. 
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However, Ostrom (1990) challenged the universality of these three metaphors, 

outlining numerous real world examples in which individuals were able to organize their 

collective actions by establishing rules which facilitated a long term improvement in joint 

outcomes. However, despite the fact that we know that many CPR management 

institutions are able to function efficiently without depleting the resource, no theory exists 

which can explain how and why some appropriators are able to avoid CPR dilemmas 

while others are not (Ostrom et al. 1994). 

Researchers have studied a variety problems associated with CPRs, including 

appropriation problems and provision problems. In appropriation problems, the 

relationship between the level of inputs into the resource and the resultant yield from the 

CPR is known, ^propriators of the resource must determine an appropriate level of 

investment, and how to allocate the resultant output. However, the subtractable nature of 

a CPR can result in negative extemalities to the whole group if one user over 

appropriates from the resource. Because the negative externality affects the other 

members of the group, rational individuals who are only concerned with their own utility 

will continue to over appropriate the resource. When all members of the group behave in 

this way, group wide over appropriation can result in a group net yield that is below 

optimum. Even if the group can agree on a level of iqjpropriation, assignment problems 

may still exist. Natural resources are seldom homogeneously distributed in the 

environment. As a result, the group must determine how to equitably assign access to the 

resource as part of an appropriation agreement, ^propriators may also be required to 



deal with technological externalities if different members of the group possess different 

extraction technologies. 

Provision problems are related to creating a resource, maintaining or improving 

the production capabilities of the resource, or avoiding the destruction of the resource 

(Ostrom et al. 1994). Provision problems focus on determining how the appropriators 

invest in the maintenance of the resource. When preventing access to the resource is 

difficult, the problem of free riders, those individuals who appropriate from the resource 

without contributing to its upkeep, must be solved by the group. Failure to do so may 

result in the deterioration of both the physical facility and the relationships between 

individuals. 

Qearly any CPR will have both ^propriation and provision problems. Most 

common pool resources must be subject to some provision related activities, such as 

constructing an irrigation system or building facilities to extract water from a 

groundwater basin, before anyone can appropriate from that resource. Although these 

two classes of problems are intimately intertwined, researchers frequently separate them 

for the sake of experimentation and theoretical analysis. Much of the work related to 

common pool resource experiments has addressed ^propriation issues. The simulations 

constructed for this dissertation are based on these q)propriation experiments. 

Amending existing theories, or developing new ones, which explain the behavior 

of CPR management institutions has been the goal of researchers for some time. As 

outlined by Ostrom et al. (1994), the focus of this research has been to address three 

central questions: 
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1) la finitely repeated CPR dilenimas, to what degree are the predictions about behavior, 

and outcomes derived from noncooperative game theory supported by empirical 

evidence? 

2) In CPR dilemmas where behavior and outcomes are substantially different from that 

predicted, are there behavioral regularities that can be drawn upon in the development of 

improved theories? 

3) What types of institutional and physical variables affect the likelihood of the successful 

resolution of CPR dilemmas. 

^ an effort to answer these questions, researchers have utilized the IAD 

framework as an organizing tool to help develop a long-term research program on CPRs 

(Ostrom et al. 1994). Here we describe the IAD framework and some related theory with 

the understanding that it will be used to guide the development of the model and 

simulations of a simple CPR dilemma that are described later in this dissertation. 

3.3 The Institutional Analysis and Development Frameworic 

The IAD framework {^proaches the study of a particular problem through the 

identification of a conceptual unit known as the action arena. The action arena defines the 

limits of a particular institutional situation to facilitate the focus of analysis, prediction, 

and explanation efforts. The action arena is composed of two primary components, the 

action situation, and the actors. These components are described in the following 

sections. As we proceed, the parallels between this framework and intelligent agent based 

modeling and simulation should become more apparent. 
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3.4 The Action Situation 

The actioa situation refers to the social space where the individuals under 

consideration interact, exchange goods or services, engage in appropriation or provision 

activities, solve problems, or fight (Ostrom et al. 1994). In the real world it may be 

impossible to tell where one action situation ends and another begins, as they may 

overlap. However for the sake of study, researchers may define set boundaries around 

these action situations. The common pool resource experiments discussed later in this 

chapter each separate and define a unique action situation. The models and simulations 

we develop later in this dissertation will each explicitly define a unique action situation. 

The action situation is composed of at least seven component parts, including: 

1) Participants - the collection of individual actors who participate in an action situation. 

Understanding the actions of these individuals in different action situations draws on a 

variety of theoretical fields, which are discussed in more detail in the next section. 

2) Positions - the different authorized sets of actions that may be held by the actors in the 

action situation. All actors may hold the same position, or a variety of different positions 

may exist. The capabilities and limitations of a particular position depend on the way 

other elements of the action situation are defined. 

3) Actions - the set of actions associated with a particular position that individuals may 

take at each point in a process. These actions may include investing in the provision of 

the CPR, ^propriating fi'om the CPR, communicating with others, or sanctioning others. 
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4) Potential Outcomes - The set of outcomes that actors can realize through the actions 

that they take in a particular situation. 

5) Transformation Functions - A collection of functions which link particular 

combinations of inputs to a collective ou^ut. In complex action situations, this 

transformation function may be difficult to understand. 

6) Information - The set of information that is available to a participant in a particular 

position at a particular point in the process. This information may be incomplete. 

7) Payoffs - The set of benefits and costs assigned to a particular set of actions and 

outcomes. 

3.4.1 Action Situations and Game Theory 

In addition to the verbal description outlined above, action situations may also be 

described in mathematical terms. A mathematical representation of an action situation is a 

game (Ostrom et al. 1994). A game is defined as a social interaction involving at least 

two players, in which each player has at least two possible courses of action and the 

payoffs are associated with the players' action choices (Miller 1992). Game theory has 

been utilized frequently to explain individual action and group outcomes in common pool 

resource management situations. 

An example of such a game that is studied frequently in game theory, and has 

been applied to explain CPR dilemmas, is the prisoners dilemma. The prisoner's dilemma 

game pits two players against one another in a situation where diey must decide whether 
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or not to cooperate with the other player without knowing the other player's choice 

beforehand. There are four possible outcomes in this game as illustrated in Table 3.1. 

Player 1 
Cooperate 

Player 2 
Defect 

Cooperate PI gets 3 points 
P2 gets 3 points 

PI gets S points 
P2 gets 0 points 

Defect PI gets 0 points 
P2 gets 5 points 

PI gets 1 point 
P2 gets 1 point 

Table 3.1: The relative payofTs in the Prisoner's Dilemma game. 

When player 1 chooses to be cooperative, her relative payoff will be determined 

by the actions of player 2. If player 2 cooperates as well, both get three points. However 

if player 2 chooses the defect, she receives five points while the cooperator receives a 

suckers payoff of zero points. When both players defect, each receives one point. When 

played by two individuals only one time, only one strategy emerges as the most logical. In 

this case, the best strategy of either player is to defect Therefore, both players, in 

following the best strategy available to them will receive a lower overall payoff, two 

points, than they would have had they cooperated and received six points. 

In the prisoners dilemma, the choice to defect is considered to be stable because it 

yields the highest payoff, no matter what the other player chooses to do. At the group 

level, the set of strategies for which each player has maximized her payoffs, given what 

the other players are doing, is called a Nash Equilibrium (Ostrom et al. 1994, Miller 

1992). At the Nash equilibrium, no individual player can make themselves better off by 
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changing their actions. the prisoners dilemma game, the Nash equilibrium position 

(both defect) is also considered to be Pareto suboptimal (Nfiller 1992). If the outcome is 

Pareto suboptimal, then there exists another outcome which would benefit at least one 

person without harming the others. In the case of the prisoners dilemma, this more 

beneficial outcome would be for both players to cooperate and receive three points each, 

rather than the one point each that they receive at the Nash equilibrium. Herein lies the 

dilemma. The stable outcome of the game (both defect) is not the optimal outcome. 

Achieving the optimal outcome in a prisoners dilemma requires the individuals to choose 

a strategy that, at the level of the individual, appears to be illogical. MUer (1992) calls 

these situations, in which the Nash equilibrium is inefficient, "social dilemmas" or "social 

traps". This definition of a social dilemma is the game theory equivalent to the description 

of the commons dilemma outlined above. Game theory has been referred to frequently as 

a tool for explaining individual action and group outcomes in commons dilemmas. We 

will draw on the concepts of the Nash equilibrium and inefficient outcomes when we 

describe the behavior of the simulations developed in this dissertation. 

However, as discussed earlier in this chapter, in real life social dilemmas, players 

are frequently able to avoid these social dilemmas through a variety of means which may 

include group level communication and the development of a formal or informal 

monitoring and sanctioning system. According to Miller (1992) these devices essentially 

alter the payoff structure of the game, thus creating a situation where the Nash 

equilibrium is optimal or near optimal. 



44 

The discussion of the performance of these agents will draw on concepts derived 

from game theory and learning in games. Much of the discussion will focus on the 

actions of the individual agents and their interactions within the action situation. The IAD 

framework considers the capabilities of the actors who participate in the action situation 

and generate observed outcomes. They are discussed in more detail in the next section. 

3.5 The Actors 

Operating within the action situation are a set of actors who possess a set of 

individualized variables which control the way the actor behaves. Actors can be thought 

of as individuals or as a collective group or organization. Ostrom et al. (1994) de^e four 

features which influence the behavior of an actor. 

1) Individual preferences - Specifies a function which assigns utility to a set of outcomes 

associated with the actions of an individual. 

2) Individual information processing capabilities - indicates the amount of information 

available to an individual and the way in which that individual processes that information 

to arrive at a decision about future actions. 

3) Individual selection criteria - The set of criteria that an individual uses to evaluate 

outcomes and select from a set of possible future actions. 

4) Individual resources - the resources available to actors to facilitate the actions that they 

undertake. 

These four features can be referenced by researchers using the IAD framework to 

describe or define the behavior of an actor in a given action situation. However these 
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charactoistics may be difficult to define or observe in the human actors who are members 

of the action arena in question. As a result, assumptions are frequently made about the 

nature of these four characteristics in which the actors are described as displaying either 

full or bounded rationality. Much of the theoretical literature in economics and game 

theory assumes that all individuals are configured in the same unique way. Specifically, 

when considering this individual behavior, traditional game theory has utilized the 

assumption from classical microeconomics of full individual rationality. The assumptions 

of the neoclassical model concerning individual behavior, referred to as rational choice 

theory or expected utility theory, are based on three premises. 

• The model assumes that the participants in a market are capable of objectively and 

accurately determining all the information about the set of commodity bundles that are 

available to them. 

• Having done this, the theory then assumes that the individual is capable of considering 

all the alternatives and developing a consistent preference ranking among them based 

upon a desire to select an alternative that maximizes utility that they will provide. 

• This preference ranking wiU be stable at least during the period of analysis (Randall 

1981). 

Randall (1981) considers these assumptions to be reasonable and justified because they 

facilitate economic analysis. 

Economic theory embraces the idea that the competitive forces of the market will 

enswe that the individuals who behave in a manner most closely resembling rational 
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choice will succeed, while those who do not will be eliminated. Over time, market forces 

will result in the elimination of inefScient behavior and the rise of a population of rational 

behaving individuals. Researchers have pointed to the usefulness of this theory in certain 

situations (North 1990, Randall 1981) where markets possess the behavioral 

characteristics of the neoclassical model. However rational choice theory has been 

oiticized by North (1990) on two groimds, that in most situations the motivations of 

individuals and their ability to objectively analyze the environment are not in accordance 

with above assumptions. 

The motivating forces that shape human behavior are more complex than the one 

dimensional assimiption of rational choice theory. Individuals possess beliefs which lend a 

subjective component to the choices that they make. These beliefs evolve and develop 

over a lifetime of exposure to the ideologies of others whose opinions we value. Boyd 

and Richerson (1985) outline a theory for the process by which culture evolves and 

changes called dual inheritance theory. They define culture as the information capable of 

affecting individual's outwardly expressed behavior, which they acquire from other 

individuals by teaching or imitation. This behavior can be acquired vertically from one's 

parents, or horizontally from interaction with ones peers and the society within which one 

interacts. Over time different mechanisms act on the individual to shape their beliefs and 

as a result the characteristic of society in general. There are many examples in history of 

individuals or groups who have acted in accordance with ideological beliefs when this 

clearly was not the utility maximizing thing to do. History books are full of stories of 

people who gave their lives for a particular ideological cause (North 1990). 
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Ostrom (1990) discusses the importance of such personally held belief to 

individuals participating in the institution. These norms of behavior reflect valuations that 

individuals place on actions or strategies in and of themselves, not as they are connected 

to immediate consequences (Ostrom 1990). The nature of these norms, and the degree to 

which they are ccnximonly held by appropriators in an institution, will impact on the level 

of opportunistic behavior that one can expect to encounter in an institution. The level of 

opportunistic behavior in an institution will affect the level of confidence that individuals 

can place in long term commitments to the institution or the level of enforcement that 

may be required to ensure cooperative behavior. 

Individual behavior may also be affected by altruism, derived externally from the 

cultural norms of society or internally from the utility gained from altruistic behavior. In 

fact the assumption of utility maximizing has been questioned by those who suggest that 

many groups or individuals are only seeking to satisfice a particular utility level, rather 

than to maximize utility at all times (North 1990). Combined, the influence of culturally 

derived personal standards or ideologies and altruistic motivations influence human 

behavior in ways which diverge from the assumptions of expected utility theory. 

In order to select an appropriate behavior in response to a given set of 

environmental conditions, hunums must be able to dec^her the myriad of messages and 

clues that they receive. Neoclassical theory assumes that the individual possesses 

complete information about the given economic environment. This implies that humans 

are capable of flawlessly and accurately interpreting the messages received from the real 

world. If this was true, the real world and the individual's model of it would be one and 
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the same. Qearly, when we consider that the computational power of the individual is 

both physically limited and influenced by the personal ideologies obtained from cultural 

interaction, we can conclude that the internal model of the world that we create will be 

different from the outside world. In fact, as North (1990) states, the very existence of 

different ideologies is the result of the different ways in which humans interpret the real 

world. This uncertainty about the environment can have two sources, external forces such 

as the weather or changes in external markets, or internal forces such as a lack of 

knowledge about the characteristics of the resource system and the behavior of other 

appropriators who share that resource. 

Although we have provided a number of arguments that human actors in many 

cases do not display fiiU rationality, this does not mean that theories built on fiill 

rationality should be discarded. In simple situations, fijU rationality models will continue 

to provide powerful tools for predicting and explaining human behavior (Ostrom et al. 

1994). However in complex situations where the elements of the action situation are 

complex, the assumptions of fiill rationality are unlikely to be valid. It is unreasonable to 

assume that individuals can undertake a complete analysis of the situation, (u: adopt 

unchanging strategies over a long series of repeated games (Ostrom et al. 1994). In these 

situations, bounded rationality provides a useful assumption of individual capabilities. 

3.6.1 Learning In Games and Institutions 

Assuming that human actors do display bounded rationality in complex situations, 

then how do they go about dealing with a situation which they caimot fiilly understand. 
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They attempt to leam as much as they can about the action situation around them, so as 

to improve their utility through time. Any experiment in which subjects play more than 

one round at least implicitly involves learning ^udenberg and Levine 1996). A number of 

different models of learning have been explored in game theory applications. Fudenberg 

and Levine (1996) divide these models into two groups, individual level models and 

aggregate models. 

Aggregate models start with a description of the aggregate behavior of a 

population of agents. One example of this is the "replicator dynamic" that postulates that 

the portion of a population playing a particular strategy increases if the return received 

from that strategy is above average (Fudenberg and Levine 1996). Genetic algorithm 

based models operate in this way. In a genetic algorithm, a series of alternate 

representations, in this case strategies, are encoded as separate "genes". The fittest 

members from the population of genes are selected to become the basis for reproduction 

of subsequent generations of genes. Over time successful strategies will increase their 

proportional representation in the population of genes. Strategies that perform well are 

positively reinforced. 

Genetic algorithms have been utilized to model norms of behavior in iterated 

prisoners dilemma games (see Axelrod 1986). Learning models of this nature are 

described by Fudenberg and Levine (1996) as "emulation models" because through a 

series of generations, players essentially copy their more successful predecessors. These 

models are similar to models of social learning described by Ellison and Fudenberg (1993) 

and Boyd and Richerson (1985). Aggregate models of this type can be powerful tools for 
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finding optimal solutions to a game. However, emulation type models are not applicable 

in most experiments because subjects are not told what happened in previous matches 

CFudenberg and Levine 1996). 

Another class of models consider learning at the individual level. Althou^ a 

variety of individual learning models exist, we will focus on two in this dissertation, a 

simple stimulus-response model, in which agents employ fixed strategies over time, and a 

simplified induction based model, in which agents take a heuristic approach to select from 

a pool of strategies the one which yields the highest return. The stimulus-response models 

will allow us to explore the effectiveness of some simple strategies in a CPR experimental 

situation. In induction based models, the agent constructs or adopts a collection of 

schemata, hypotheses, or strategies upon which they act. Feedback from the environment 

is used to strengthen or discard them. Assuming that agents employ heuristics and learn 

from past experiences provides a useful tool for explaining human behavior and outcomes 

in complex situations (Ostrom et al. 1994). Models of this type achieve some sort of 

middle ground between a low level of rationality and full rationality. Fudenberg and 

Levine (1996) believe that for most purposes the right models involve neither fiill 

rationality nor the extreme naivete of most stimulus-response models. Better models have 

agents consciously, but perhaps imperfectly, trying to get a good payoff (Fudenberg and 

Levine 1996). 



51 

3.6.2 Modeling the Actor 

The variables outlined for individual actors by the IAD framework provide a 

useful tool for describing the individual agents utilized in these simulations. One of the 

advantages of developing agent based models is that all aspects of the four features 

described above must be explicitly defined in the code of the simulation. Qearly, these 

agents will not be completely rational by miaoeconomics standards. But the transparency 

of the agent's inner configuration and explicit way in which an agent is defined facilitates 

observations on the connections between individual attributes and group outcomes. This 

will facilitate the investigation of the three questions outlined earlier in this chapter. By 

exploring different configurations of these four variables in a collection of agents, it will 

be possible to evaluate questions regarding the relative effects of these variables on group 

performance under different institutional configurations. The evaluation of these group 

outcomes is addressed in more detail in a later section. 

3.7 Factors In^uenclng the Action Arena 

When studying a particular action arena, the researcher makes a series of 

assumptions about the structure of the situation and the behavioral capabilities of the 

actors. The goal of the researcher then becomes to predict the behavior and the outcomes 

resulting from these assumptions. These outcomes are evaluated on the basis of criteria 

related to concepts of efficiency and Pareto optimality(Ostrom et al 1994). 

Thus, the structure of the institutional analysis and development framework 

emerges in which the action arena, consisting of action situations and actors, is influenced 
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by inputs from attributes of the physical world, attributes of the community, and the 

current rules-in-use. Over time, the action arena produces patterns of interactions which 

result in a set of outcomes. These outcomes are examined with a set of evaluative criteria 

in order to facilitate observations linking inputs to eventual outcomes. 

Researchers interested in understanding how outcomes are generated by the 

configuration of the action arena must first understand how the action arena has been 

influenced by attributes of the physical world, attributes of the community, and current 

rules-in-use. Attributes of the physical world can influence the nature of the action arena 

in many cases, particularly in field studies of CPRs. Elements such as the spatial and 

temporal distribution of the resource, and the physical nature of the resource itself, such 

as whether it is classified as a conunon pool resource or a public good, all influence the 

action arena. In other more theoretical investigations, such as games or the CPR 

experiments that are discussed later in this chapter, the physical nature of the resource 

may be nonexistent or have little influence on the action arena. Attributes of the 

community may also be able influence the action arena. These attributes, which may be 

referred to as a local culture, may specify locally important norms of behavior that 

influence how the actors behave within the action arena. 

Of the three elements that can influence an action arena, the significance of rules 

as a tool for defining institutions influencing outcomes has been the focus of a great deal 

of study. The importance of rules in institutional analysis is addressed in more detail in the 

next section. 
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3.8 The Meaning of Rules 

An institution is described by North (1990) as singly the rules of the game. These 

niles constitute the framework which guides human interaction within a particular 

context. The framework provides a structure that guides the behavior of the participants 

in the institution, thereby reducing the level of uncertainty experienced by the 

participants. This reduction in uncertainty acts to reduce transaction and transformation 

costs of the participants, and improve the overall ef&ciency of economic activities(North 

1990). 

The individual actors within the institution, or the players in the game, are 

described as either organizations or appropriators. According to North, and as described 

in the IAD framework, the institution sets up the opportunities that are available to the 

society or action arena. The organizations which function within the institution may take 

advantage of those opportunities. As the organizations interact with one another within 

the context of the institution, they affect the path of change that the institution 

experiences. 

The constraints or rules which form the substance of any institution can be 

structured in many ways along a spectrum from the informal to the formal. This section 

describes and gives examples of informal and formal rule systems and the mechanisms 

that exist to enforce these rules. 
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3.8.1 Informal Rules 

North describes three types of informal constraints: 

(1) extensions, elaborations, and modifications of formal rules, 

(2) socially sanctioned norms of behavior, 

(3) internally enforced standards of conduct. 

Mbrmal rules are bom from the socially transmitted information that makes up a culture 

(North 1990). As successive generations individuals come and go. information necessary 

for survival in a particular society are passed, either directly or indirectly, from one 

generation to the next. Directly, this information may be passed through formal 

education. Indirectly, information may be passed through observation. Boyd and 

Richerson (1985) state that humans have the ability to abstract rules by observing a series 

of modeled behaviors. They theorize that by developing and using a collection of simple 

rules of thumb, individuals are able to simplify cognitively complex situations to behave 

rationally. These internal norms of behavior may spawn extensions to more formal rules. 

In fact, formal and informal rules are frequently associated with one another. Formal rules 

cannot be expected to cover all aspects of human interaction. To create and enforce a 

completely comprehensive set of fcMinal rules would require an unacceptable investment. 

Therefore, informal rules act in conjunction with formal rules to fiiUy define the intent of 

a contract or the nature of an institutional structure. Following the infomial rules which 

take the form of standards of conduct or societal conventions will help ensure that an 



individual is accepted, and therefore able to enjoy the advantages of participating in the 

institution. 

For example, an extensive set of foraial rules have been devised that specify how 

vehicles are to move over the many highways and streets in North America. But local 

customs may exist in different areas which act as informal extensions to these rules. In 

parts of Northern Ontario, it is the custom to pull over to the side of the road and stop 

when a funeral procession passes. No law requires this. It is done out of respect for the 

deceased. 

3.8.2 Formal Rules 

Formal rules arise as institutions become larger andmore complex. As the 

institution grows and interactions become more complex, individuals will find it more 

difBcult to keep track of the evolving rules of the institution. The need for a system to 

develop, record and alter the rules becomes more pressing. Formal rules can be described 

in a hierarchy fircnn constitutions, to statute and common laws, to specific bylaws, and 

finally to individual contracts. Rules at the upper end of the hierarchy are typically more 

difficult to alter than rules at the lower end (North 1990). 

3.8.3 Enforcement 

The rules of an institution, whether formal or informal, must be enforced to be 

effective. Despite the internal norms which may govern the actions of individuals, they 

may be tempted to defy formal rules if they feel that the likelihood of being caught and 
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punished is low enough to warrant the risk. In situations where such opportunistic 

behavior is favored, it will be difficult to develop the stable, long-term commitments 

necessary for the proper ftmctioning of the institution (Ostrom 1990). In these cases, a 

significant investment in monitoring and sanctioning mechanisms will be warranted. In the 

irrigation districts of Bali, the rules governing the distribution of water have become 

intertwined with the religious practices of the local farmers. The strong internal norms 

fostered by the religious culture have resulted in a high level of compliance with irrigation 

rules, and hence a reduced need for structured enforcement and sanctioning measures. 

Enforcement and sanctioning duties for an entire irrigation region are bandied by one 

person, the Jero Gde, who consults with farmers to settle disputes which cannot be 

resolved by the individuals themselves (Lansing 1991). 

3.8.4 Defining the Action Situation with Rules 

The IAD framework emphasizes the importance of rules in providing structure to 

the action arena. Rules constitute a prescription of the actions or outcomes that are 

required, prohibited, or permitted within a specific action situation. From this viewpoint, 

the action situation constitutes a specific collection of rule sets relative to the institution 

being studied. Ostrom et al (1994) identify seven broad types of rules that specify the 

structure of an action situation. These rule types specify the seven component parts of the 

action situation outlined earlier. They are: 

1) Position rules - which specify the set of positions and how many participants may hold 

them. 



57 

2) Boundary rules - which specify how participants may enter or leave these positions. 

3) Authority rules - which specify the set of actions available to a specific position at each 

decision point through time. 

4) Aggregation rules - which specify a set of transition functions designed to map actions 

at each dedsion point to intermediate or final outcomes. 

5) Scope rules - which specify the set of intermediate or final outcomes that may be 

affected. 

6) Information rules - which specify the information available to each position at each 

decision point through time. 

7) Payoff rules - which specify the set of costs and benefits that are required, pemiitted, 

or forbidden to each player, based on their actions. 

By determining what these rules are for a specific action situation, the researcher 

establishes the framework to facilitate the later analysis of actions and their resultant 

outcomes. Researchers must also take into account the important attributes of the 

physical world and the attributes of the community that affect a particular action arena. 

The physical attributes of the resource, such as the type of goods involved, can produce 

entirely different outcomes, even under identical management rules. The nature of the 

communiQr, and the norms of behavior that exist, can also influence the way in which 

actors interact, and the outcomes that particular actions may produce. 

This section has outlined some aspects of the importance of rules for defining and 

understanding the nature of institutions. References have been made to rules, norms, and 

strategies in the previous section. But these terms have sometimes used interchangeably 
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by researchers and theorists. In the next section, we discuss efforts by Crawford and 

Ostrom (1995) to develop a grammar of institutions that explicitly defines these terms 

and the way they are related. 

3.9 A Grammar of Institutions 

The institutions as rules iqpproach that has been utilized by many researchers. 

Crawford and Ostrom (1995) extend this view by developing a grammar of institutions 

based on the idea that institutions are enduring regularities of human action in situations 

structured by rules, norms, and shared strategies. All three concepts are expressed in a 

series of institutional statements, those shared linguistic constraints that advise, permit, or 

prescribe actions or outcomes for the actors involved (Crawford and Ostrom 1995). The 

behavior observed in institutions can then be explained by combining this grammar with a 

theory of action, which specifies how actors interact within the action situation. 

The syntax of the grammar of institutions has five components: 

A) Attributes - one or a collection of variables that describes to whom the institutional 

statement applies. Attributes express individual level values. If no attributes are included 

in an institutional statement, then the default is all monbers of the group. 

D) Deontic - one of three verbs using deontic logic; "may", "must", or "must not". The 

set of deontic operators (D) are desaibed as permitted (P), obliged (O), and forbidden 

(F). In institutional statements, deontics are assigned to specific actions (a) as such 

(D)(a). Any of the tree operators may be utilized as a primitive with the others being 

defined in relation to that primitive. 
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I) AIM - a desCT^tion of the particular actions or outcomes to which the deontic applies. 

That action must by definition be physically possible. 

C) Conditions - a set of variables that describe when, where, how, and to what extent an 

AIM is permitted, forbidden, or obligatory. no condition is specified in the institutional 

statement, the default condition is "at all times and in all places." 

O) Or else - a descr^tion of the sanctions to be followed for not following an 

institutional statement. Or else statements must meet three qualifications. First, the or else 

must establish a range of punishments and must assign both authority and the procedures 

for carrying out that punishment. Second, institutional statements must exist that affect 

the constraints and opportunities of those assigned as monitors. Third, the or-else must 

be created in an arena used for discussing, prescribing, and arranging for the enforcement 

of rules. 

The rules, norms, and shared strategies for any institution can be described 

utilizing these five components. The syntax is cumulative in nature. Shared strategies 

contain attributes, AIMs and conditions (expressed as AIC). Norms contain all the 

components of a shared strategy, plus a deontic (expressed as ADIC). Rules contain all 

the components of a norm, plus an or-else statement (expressed as ADICO). 

According to Crawford and Ostrom, all institutional statemeits contain at least 

attributes, AIM, and conditions. Determining the AIMs, the actions or outcomes affected 

by the institution, is the first step in the definition of a series of institutional statements. 

Following this, attributes and conditions can be added to create a set of shared strategies. 
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The attributes and conditions portions of these institutional statements may be as simple 

as "all individuals under all conditions". A deontic can be found in statements which are 

used to evaluate the behavior of participants. Statements which include or imply that an 

action may, must, or must not be taken contain a deontic. Adding the deontic to a 

statement implies that there may be a positive or negative payoff associated with the 

actions that an individual takes in relation to these statements. Such payoffs, which may 

be internally or externally derived, can be expressed in terms of a delta parameter. The 

delta parameter expresses the total positive or negative payoff to an individual as the sum 

of internal and external payoffs associated with obeying or breaking a norm. For example, 

an internal payoff may come from obeying a norm if a person gains a certain feeling of 

satisfaction from that action. An external payoff may be associated with that same action 

if the individual's reputation is enhanced, or if there is a direct monetary reward 

associated with following the rule. 

This {^jproach to the definition of the delta parameter allows the researcher to 

incorporate normative aspects of the behavior of an individual directly into consideration 

when developing a model. The experimenter may set all of the delta parameters to 

specific values, or may leave some set to zero so as to observe the effects of others on 

outcomes. The experimenter may set all of the delta parameters equal to the same value 

to create a set of like individuals. Alternatively, the experimenter may adjust the values so 

as to create a set of individuals with different characteristics who behave differently in 

relation to a specific norm or rule. 
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The addition of an or-dse statement defines the difference between a norm and a 

rule. According to Crawford and Ostrom (1995), statements containing an or-else have 

associated with them a known range of sanctions, a norm or rule that prescribes 

sanctions, and some provision for monitoring. Thus, individuals within the action 

situation under analysis may be assigned to monitor or sanction the actions of others. 

They must also be properly motivated to undertake the task to which they have been 

assigned. This motivation may be driven by internal delta parameters, such as a sense of 

moral obligation, or by external delta parameters, such as may be derived from social 

pressure or other external payoff. 

Crawford and Ostrom show how the grammar of institutions may be applied in 

the analysis of the iterated prisoners dilemma by defining a shared strategies based, norms 

based, and rules based version of the game. The application of the grammar of institutions 

facilitates the analysis of the interaction of different elements of the game and leads to a 

discussion of issues siirrounding the application of the grammar to the study of real world 

institutions. 

3.9.1 Applying the Grammar to Models 

We have outlined the importance of rules for desoibing the structure of a 

particular action arena, including the elements of the action situation and the attributes of 

the actors who interact with each other and the action situation. An intelligent agent 

based model of a CPR experiment can be described as an action arena in that autonomous 

actors interact with each other and their action situation to produce observable outcomes. 
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Although rules can be used to describe the elements of the action arena, these rules are 

frequently implied, rather than explicitly stated, in the code of the model. For example, 

although a model might contain eight agents, there may be nothing in the code that 

explicitly states the position that these agents hold or the boimdary rules regarding how 

agents may enter or leave these positions. The model may simply assume that all agents 

hold the same position and no agent changes position. Further, at the individual level 

there may be no code that specifically states what information an agent may or may not 

access. The model may simply send infonnation to a specific agent at a specific time. 

The implied nature of these rules means that it is important for the model 

developer to carefiilly consider all the elements of the action situation and the individual 

actor, in order to ensure that the model is a valid representation of the real world system. 

In the methodology chapter, we describe how the elements of the action situation are 

represented in the model. The methodology chapter also desoibes the structure of the 

agents and the strategies that they utilize in the different simulations. These strategies are 

equivalent to the shared strategies described in the grammar of institutions. They simply 

describe that the agent (Attributes) should adjust its appropriation from the CPR (AIM) 

in response to certain conditions (Conditions). In one of the communication simulations, 

a deontic is added to o'eate a nomi which is imposed on the group for a period of time. 

The specific nature of these strategies and norms is desoibed in more detail in the 

methodology chapter. 
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3.10 Understanding Outcomes and Institutional Cltange 

Institutions have a dynamic nature. The rules that compose the very substance of 

the institution are subject to pressures of change from the individuals or organizations 

which those rules affect and from forces external to the institution itself. This section 

discusses the forces that shape institutional change and the nature of that change. 

3.10.1 The Individual or Organization as a Tool of Change 

The fimi, or organization, has been defined differendy by different authors. But 

however one defines the firm, these different models have in common the idea that the 

film is an entity designed to fulfill objectives developed by its creators in response to the 

opportunities offered by the institutional structure within which the firm participates 

(North 1990). As a player in the game defined by the institution, the organization is 

continually searching for a way to meet its own internal objectives. 

To do this, the organization must acquire the knowledge and skills that are 

relevant to the task at hand, within the framework of the institution in which the firm 

operates. The firm may choose to make internal changes based on the knowledge it has 

acquired, such as improving the efficiency with which it operates and thereby reducing 

transformation costs. Or the firm may attempt to lower transactions costs by making 

changes to the environment in which it exists using methods that fall within or outside the 

rules of the institution. To achieve these objectives, the organization may at times be 

impelled to attempt to alter the rules of the institution itself. North (1990) makes two 

points about this process. 
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1) the institutional framework will sh^)e the direction the acquisition of knowledge and 

skills. 

2) that directioa will be the decisive factor for the long-run development of that society. 

North points out that this framework may not necessarily result in the most ef6cient 

outcome. These two factors will become evident when we examine the behavior of the 

agents in one of the commimication simulations. 

However the structure of the institution is altered, this change tends to be 

incremental in nature. New rules carry with them a certain imcertainty regarding the 

outcome they will produce. In the interest of minimizing uncertainty, participants in the 

institution will tend to favor small changes which reduce the likelihood of incurring large 

scale losses. 

3.10.2 The Path of Institutional Change 

What conclusions can be drawn about the characteristics of institutional change. 

North (1990) states that there are two forces shaping the path of institutional change, 

increasing returns and imperfect markets characterized by significant transaction costs. As 

North (1990) states, with increasing returns, institutions matter, bistitutions often require 

a significant investment of the parties involved during their creation. As a result, once the 

participants have an institution operating, and they have begun learning how to derive the 

benefits of participating in the institution, the system begins to take on a life of its own, 

producing increasing returns as it goes. The advantages of coordinating ones activities 

with other participants results in the adoption of certain rules and practices by increasing 
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numbers of people. As participants ad^t to the institution, the increasing effectiveness of 

the institution reduces the uncertainties they may have regarding the permanence of the 

rules. Because markets are imperfect, large transactions costs associated with changing 

the rules of the institution, prohibit large scale change, resulting in a tendency towards 

small incremental changes at the margin of the system. 

One can see that ino'easing returns may not necessarily result in the development 

of the most efficient institution in the long run. North (1990) refers to studies of the 

development of the qwerty keyboard in support of his discussion of increasing retums. 

The original layout of the letters on the typewriter keyboard was deliberately designed to 

be inefficient, because early machines would jam if operated too quickly. As typewriters 

caught on, more people learned to type on this keyboard. Manufacturers responded by 

conforming to this layout. Even though keypads are now more efficient, the costs 

associated with switching to a more efficient layout far outweigh the advantages that may 

eventually be gained. 

Institutional theory focuses our attention on a number of issues that are important 

in resource management The idea that institutions consist of a collection of appropriators 

interacting to devise a set of rules concerning the management of a resource has direct 

implications for understanding more about the economics and politics of resource 

management. Institutional theory sets the stage for the development of models that tie 

together the mechanisms by which people react to conditions in the environment to 

devise rules governing resource management. 
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3.11 Unking DiHennt Action Annas 

The IAD framework also provides for the consideration of different levels of 

analysis and the relationships that exist between these levels. The types of rules described 

above may exist on three levels. Operational rules direct the day to day activities of actors 

in a particular situation. Individuals operating at this level take direct action, or develop 

strategies for future action, based on expected contingencies within a particular 

institutional arrangement ^iser and Ostrom 1982). At this level, actions can be taken 

without the prior agreement of other individuals (Kiser and Ostrom 1982). Collective 

choice rules affect operational outcomes by determining who is eligible and how 

operational rules may be changed. At this level, collective decisioos are made by officials 

about the actions that are authorized within institutional arrangements (Kiser and Ostrom 

1982). Officials at the collective choice level are distinguished by their authority to 

impose sanctions on those who do not confomi to collective choice level rules. 

Constitutional choice rules affect who is eligible and specify how collective choice rules 

are to be crafted. Constitutional choices are desoibed as decisions about decision rules 

(Kiser and Ostrom 1982). This multiple level approach to analysis allows the researcher 

to consider how actors may change the rules of the game in which they are participating 

over time. In the experiments described below, and the subsequent models that are based 

on these experiments, only single action arenas will be described and modeled at any one 

time. 
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3.12 CPR Related Laboratory Experiments 

Li an effort to understand the degree to which predictions about individual and 

group behavior, and their resulting outcomes, derived from noncooperative game theory 

are supported by empirical evidence, researchers have turned to the development of a 

series of laboratory experiments. Built upon tight theoretical models of a CPR situation, 

laboratory experiments serve as a usefiil mechanism for simulating those models and 

observing outcomes. Laboratory experiments allow one to control the elements of the 

action situation, thus facilitating analysis of the relationship between the structure of the 

action situation and the resultant outcomes. The experiments work primarily because they 

are able to induce value. The experiments developed and described in Ostrom et al. 

(1994) focused on the investigation of CPR appropriation issues. 

In the baseline version of these experiments, eight subjects are presented with a 

situation in which they may choose to invest tokens in two markets. Market one provides 

a constant rate of return on the investment. Market two provides a return that varies in 

relation to the total group investment and the investment of the individual. The total 

return on the group's investment is determined by a quadratic production function that is 

concave in form. Through an unknown number of rounds, subjects invest in these 

markets in an effort to maximize their return. Subjects are aware of their profit in each 

round and their total profit for the experiment, as well as the total number of tokens 

invested in Market two by the group. Data is collected on the round by round 

investments of each participant. 



Since the primary pmpose of these baseline experiments is to evaluate the 

effectiveness of theoretical predictions, observers are interested in whether or not group 

investment in market two will approximate a Nash equilibrium, where every player 

maximizes their return given what the other players are doing. For the experiments 

discussed in Ostrom et aL (1994), the group optimal level of investment in market two 

was 36. The Nash equilibrium level of investment in market two was 64 tokens, or an 

investment level of 8 tokens by each partic^ant. The performance of the group is 

measured as rent as a percentage of optimum, or the return the group receives from 

market two, minus the opportunity costs of investing in market one, compared to the 

optimal level of investment. With this measure, the Nash equilibrium level of investment 

would return rent as a percentage of optimum at 39 percent. Two sets of experiments 

were run in which participants were given equal endowments of either 10 or 25 tokens 

each. The optimum and Nash equilibrium levels of investment are not affected by the 

level of individual token endowments. 

Researchers observed that in low-endowment experiment, where participants had 

10 tokens each, group rent as a percentage of optimum averaged around 37 percent, 

whereas in high endowment experiments, group rent as a percentage of optimum 

averaged -3 percent. The poorer pafomumce of the high endowment groups was 

attributed to the higher likelihood that individuals would invest too many tokens in 

market two. particularly at the beginning when they were attempting to discover the 

optimal investment level. 
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Li actual runs of the low and high endowment expermnts, researchers found 

little evidence to support the theoretical prediction that individual investments would 

settle out around the one-shot Nash equilibrium. However, in low endowment 

experiments, group level behavior did approximate the Nash equilibrium. In high 

endowment experiments, group investments were initially far from the Nash equilibrium, 

but tended to approach it over time. Li all experiments, investment levels tended to follow 

a pulsing pattern as individuals adjusted their investments up and down in an effort to 

maximize returns. 

The researcher suggest several factors as contributing to the inability of the 

subjects to achieve equilibrium levels. The complex nature of the return fimction and the 

additional complexity created by the investments of others meant that many individuals 

were unable to figure out the optimal level of investment, and instead relied on rules of 

thumb to guide there investments. Such a situation could result in the pulsing patterns 

observed and in the inability to recognize the equilibrium even if they happened upon it. 

In all, the question of why individuals were unable to achieve the Nash equilibrium 

remains an important unanswered question (Ostrom et al. 1994). 

Researchers have devised additional experiments which explore such issues as the 

probabilistic destruction of the CPR and the effects of communication and sanctioning on 

the performance of experimental groups. 
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3.12.1 Communication Experiments 

Some interesting results can be observed when the baseline experimendiscussed 

above is modified to allow communication between the participants. In such a situation, 

the participants are given the opportunity to communicate so as to determine the optimal 

level of investment and to agree on a group wide investment strategy. In experiments in 

which a single costless communication period was allowed after 10 rounds, researchers 

observed a variety of group level responses. Two groups were able to achieve a 

substantial improvement in return, although one of the groups was unable to sustain this 

improvement. A third group was unable to achieve much improvement in group wide 

returns. 

Additional experiments were conducted in which individuals were allowed to 

communicate without cost after every round beyond the tenth. Repeated costless 

communication allows members to add another dimension to the complexity of the 

institutional arrangement. In addition to being able to agree on an optimal level of 

investment, and a strategy for achieving that level, repeated communication allows for the 

verbal, but indirect, sanctioning of those who do not follow the agreed upon investment 

strategy. This verbal sanctioning has a dramatic influence on group performance, allowing 

groups to achieve dramatically improved returns in high endowment experiments, and 

returns that frequently reach optimum levels in low endowment experiments. 

In a CPR environment, where participants must choose between a range of 

strategies in a series of repeated decisions, individuals with the opportunity to 
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communicate face a couple of tasks. They must first detemiine a joint income maximizing 

strategy and then maintain compliance with that strategy despite the fact that the 

individual's incentives may favor defection. Ostrom and Walker (1991) report that the 

ability of players to use communication to find a joint income maximizing strategies, even 

if individual incentives conflict with the group strategy, has been foimd in a large number 

of studies. Ostrom and Walker (1991) further outline a number of hypotheses have been 

offered as to why communication increases cooperation, including; 

• Communication offers participants the opportunity to obtain promises of cooperation. 

• Communication alters the perceptions of subject about the likelihood of other subjects 

contributing to the group good. 

• Communication enables the participants to transform the game from a social dilemma 

to an assurance game. 

• Communication facilitates the boosting of subjects prior normative orientations toward 

cooperation. 

• Communication allows subjects to develop a group identity that helps motivate 

cooperative behavior. 

Experimental examinations in one-shot decision situations has demonstrated the 

effectiveness and relatedness of all five of these hypotheses (Ostrom and Walker 1991). 

However on cannot transfer the results from single shot experiments to repeated 

experiments. Further, the communication experiments described here do not seek to 

address these hypotheses. Rather they were focused more on such questions as the extent 
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to which communicatioii improves group performance and how subjects use 

communication to discover and maintain joint strategies. 

Developing a model in which participants communicated with one another would 

allow researchers to further address the hypotheses outlined above. However, replicating 

the wide open conununication of the experiments described here is impossible in a 

computer simulation. Instead we offer two simplified models of communication which 

allow participants to exchange strategies in an effort to determine whether this exchange 

will lead to the adoption of a better performing tacit agreement or group-wide strategy. 

In fact, the simulations described later in this dissertation are so far removed from 

communication in laboratory experiments that they may barely qualify as commimication 

at all. Perhaps it would be more accurate to refer to the mechanism simulated here as an 

exchange of strategies between agents. But despite the limited nature of the 

communication simulated here, some interesting results can be observed, and will be 

discussed later. 

3.13 Summary 

In this chapter we have outlined some basic theory surrounding individual action 

and the importance of institutions. We can see that institutional configurations arise as a 

result of the many interactions of a collection of individuals, and that the relationship 

between individual action and institutional outcomes is complex and difficult to predict. 

Explaining the behavior of CPR management institutions has been the goal of researchers 

for some time. Earlier in this chapter we outlined three central questions that have been 
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the focus of this research. These questions focus, in part, on attempting to understand the 

relationship between individual behavior, institutional and physical variables, and the 

outcomes generated by different configurations of these elements. Lab experiments have 

made considerable progress in addressing these questions, but they lack the ability to 

explicitly define and trace the outcomes of individual strategies and actions. 

With this basic theoretical foundation, we can begin to consider a series of models 

which echo the structure of a highly simplified institution. That is, an autonomous 

collection of individuals acting within certain institutional constraints. We draw on the 

findings of a series of common pool resource experiments as the basis for the 

development of these models. Computer based modeling and simulation provides 

researchers with a tool to apply some of the analysis tools of game theory to complex 

social dilemmas such as CPR experiments. By programming a collection of intelligent 

agents with individual strategies and allowing them to interact autonomously in an 

environment resembling a CPR experiment, observations on the group outcomes that 

emerge out of these individual interactions are now possible. Computer based simulations 

will allow researchers to simulate social dilemmas which are too complex to thoroughly 

analyze using manual techniques based in game theory. 

In the next chapter we outline the tools necessary to create these models, namely 

intelligent agent based modeling and simulation, the Swarm simulation system, and some 

previous modeling efforts focused on common pool resources. By the end of the next 

chapter we will be in a position to combine the elements of the theoretical foundation 



described in this chapter with the simulation syston to develop some simple models. 

These models are described in chapto* S.O. 
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4.0 Object Oriented, Intelligent Agent Based Modeling 

4.1 Introduction 

Having outlined a conceptual framework fer the study of resource management 

institutions that focuses on individual action, we are now in the position to introduce a 

modeling and simulation formalism that has as its basic con^onent an autonomous 

individual. Multi-agent simulation approaches the study of a real system by identifying the 

autonomous individual components that comprise that system, and developing individual 

models of those components. In this cht^ter, we introduce multi-agent simulation and 

some related concepts, artificial life and object oriented programming. We also discuss 

the recent evolution of computational economics, which is based on the multi-agent 

formalism. This discussion makes the connection between the Institutional Analysis and 

Design framework based {^proach to understanding institutions, and the multi-agent 

based approach to modeling these systems. 

4.2 Multi-Agent Simulation 

As a means to gaining a better understanding of the complexity of natural 

systems, researchers have sought the assistance of advanced computer-based 

technologies in the development of integrated modeling and simulation systems. 

Computer simulations have been utilized in variety of natural resource management 

applications from modeling hydrologic systems (Zhang et al. 1994), to forest fires (Cohen 

et al. 1989, Vasconcelos et al. 1993a, 1993b, Green 1989). These computer models may 



be developed to understand more about how a natural resource system is structured, and 

how those components interact, as when scientists develop models of ecological 

processes (Zeigler 1976). By manipulating its parameters during repeated runs, such 

models may also be utilized to facilitate predictions, and a greater understanding, of the 

real system's behavior under a variety of conditions. 

When attempting to understand how these real systems work, the t^proach that 

has been taken by many researchers recently has been to conceptually break the real 

system in to its component parts. By imderstanding the behavior of these component 

parts, and how they interact, it is possible to construct models that reflect this structure 

and behavior. Such models take a bottom-up approach to understanding the behavior of 

real systems. Nothing in the code of these models spedfies overall systan behavior. 

Instead, by modeling individual action, and interactions, the overall behavior of the 

system emerges over time. The different models which utilize this t^proach all fall under 

the framework known as object-oriented modeling and simulation. In recent years, this 

object-oriented approach has emerged as a serious modeling and knowledge 

representation paradigm for {^plied sciences. Object-oriented modeling (OOM)is a 

combination of object-oriented analysis, design and programming. As discussed by 

Saarenmaa et al. (1994c), the power of OOM lies in representing the domain with 

concrete objects that have as much similarity with their real world counterparts as 

possible. OOM combines the features of Artificial Intelligence (AI) and Knowledge-

Based Systems (KBS) to form a powerful tool for studying complex dynamic systems. 

Research by (Duraota 1994; Bousquet et al. 1994; Saarenmaa et al. 1995) and others 
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have all employed OOM to solve ecosystem problems. Modularity, a reduction in 

programming complexity, and software reusability, are commonly noted as advantages of 

OOM over other approaches. 

One object oriented i^roach to modeling that has seen considerable use in the 

natural sciences is the cellular automaton. In this approach, individual objects, often with 

the same behavior, size and shape, are arranged in a cellular pattern so as to represent the 

dynamic spatial qualities of natural phenomena. Cellular Automata (CA) theory has been 

successfully demonstrated for modeling a variety of landscape and spatial dynamics. 

Cellular Automata models have been explored by researchers primarily in geography, 

mathematics, and ecological modeling (see Berry et al. 1993, Itami 1988,1994, Gimblett 

1989, Deadman et al. 1993,1994, Green et al. 1985, Cohen et al. 1989, Costanza et al. 

1990, Baumans and Sklar 1990, Sklar et al. 1985, Vasconcelos and Guertin 1992, Ball 

and Guertin 1992, Tobler 1979, Green 1982). They can be seen as discrete models of 

spatio-temporal dynamics based upon local laws. By employing more qualitative state 

representations, it is possible to express the dynamics of interacting discrete units in 

space. From a conceptual point of view, the cellular automata facilitate the study and 

simulation of coiiq)lex spatial behavior, based on the interaction of simpler elemental 

processes, the bottom-up approach. 

While concepts for integrated modeling and simulation decision support systems 

have been around for some time (Oren and Zeigler 1979), it is only recently that serious 

efforts have been undertaken to implement such concepts. This approach requires the 

researcher to represent, not only the procedural aspects of a real system, but also the 
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knowledge held by the individuals operating in that system. This requires the expression 

of the linguistic nature of knowledge within a modeling and simulation framework. 

Hendriksen (1983) recognized that there must be support for the model development 

process in addition to the runtime execution facilities provided by most simulation 

languages at the time. Marray et al. (1987) proposed employing the newly emerging tools 

of artificial intelligence and knowledge-based systems to support aspects of the simulation 

enterprise. Reddy et al. (1986) departed from traditional procedure-based simulation 

languages to incorporate declarative knowledge representation and reasoning facilities. 

Ruiz-Mier and Talavage (1989) addressed the requirement to integrate both declarative 

and procedural knowledge-representation schemes. There is now good evidence that 

knowledge-based simulation can serve as a strong foundation for complex systems design 

(Sevinc and Zeigler 1988). 

There is a growing interest in the research community for using GIS for modeling 

spatially-explicit dynamic processes (Ball 1994, Green 1982,1985,1989,1994, 

Slothower et aL 1996, Itami 1994, Gimblett et al. 1995a, 1995b, Briggs et al. 1996, 

Stockwell & Green 1989). The use of Individual'Based Models (IBM) is one of the 

popular approaches to modeling spatially-explicit ecological phenomena. IBMs according 

to Slothower et al. (1996) are "organisms-based models capable of modeling variation 

among individual and interactions between individuals." Researchers (such as Huston et. 

al. 1988, DeAngelis et al. 1992,1996, Judson 1994, Slothower et al. 1996) utilize IBM 

approaches in the study of a variety of ecological problems. In this work, IBMs capture 

two fimdamental principles as outlined in Slothower et al. (1996): 
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"The first principle is that individual organisms are behaviorally and 

physiologically distinct because of genetic and environmental influences. The 

second principle is that interactions between individuals are inherently localized, 

i.e., organisms are influenced mostly by nearby organisms." 

When applying interaction rules to many individuals through time, they are capable of 

generating phenomenologically realistic and complex behavior (DeAngelis et al. 1992, 

Huston et al. 1988). The advantages of IBMs according to DeAngelis et al. (1996) 

include the following; 

1. A variety of type of differences among individuals in the population can be 

accommodated; 

2. Complex decision making by an individual can be simulated; 

3. Local interactions in space and the effects of stochastic temporal and spatial 

variability are easily handled 

IBMs offer the potential for studying complex behavior and human/natural system 

interactions which can have a spatial nature if the researcher desires. Since spatial 

information about a phenomena is stored on a georeferenced coordinate system, in which 

space within a grid is implicit and relative to the origin of the grid (Slothower et al. 

1996). IBMs offer some basic advantages over current cellular automata and other 

dynamic spatial modeling iq)proaches for examining spatially explicit phenomena. Since 

space is continuous and location is explicit in IBMs, individuals can be simulated, 

independent of the environment. This provides the modeler with the ability to define an 

individual's behavior, personality traits and interaction rules when encountering other 
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individuals. Computer modeling of most ecological phenomena evolves in simulated time. 

Since space is continuous and individuals are represented independently, temporal and 

spatial variability in IB Ms can be handled asynchronously (individually updated) or in a 

synchronous manner (global update), as is common in most raster-based GIS. 

One form of indvidual-based modeling that has recently gained popularity is 

artificial intelligent agents. Intelligent agent based simulations, which utilize a knowledge 

based approach, are being used to capture individual behavior and intercommunication 

among agents that coexist in an environment In addition to the work outlined above, the 

recent explosion in the use of intelligent agent simulations has come to the forefront of AI 

research. At one level of classification, we can partition agents into the following two 

types, reactive agents, whose behavior is usually very simple but in which interactions 

amongst a community of such agents can give rise to interesting emergent properties; and 

intentional agents, whose behavior is driven by beliefs, goals, or strategies. 

These object-oriented agents are in many cases programmed with very simple 

rules of behavior and set adrift in an environment to perform some predetermined task. 

These agents may roam through databases performing search tasks, as with world wide 

web gophers. Unlike these simple search agents, reactive agents interact with, and react 

to, their environments. They are active objects with some partially determined set of 

goals. Overall system behavior emerges as a result of the interaction between agents, and 

between agents and their environment The environment is not only taken into account 

dynamically, but its characteristics are exploited to serve the functioning of the agent A 

complex agent has complex goals, but behavior to meet the goals develops or emerges as 
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the agent learns more about its surroundings. While these simulations have been 

successfully implemented in contrived environments, real biophysical environments have 

not yet been explored. 

Examples of some current agent-based modeling tools include Swarm (Hiebeler 

1994, Langton et al. 1995), ECHO (Jones and Forrest 1993, Forrest and Jones 1994), 

RBSim (Gimblett 1997), and GENSIM (And^on and Evans 1994,1995). The essential 

characteristic of these kinds of simulations are a non-centralized collection of relatively 

autonomous entities interacting with each other in a dynamic environment. Each of the 

many individuals comprising an interacting group makes its own behavioral choices on 

the basis of how it evaluates information it receives from the external world, its own 

internal state, and through communication with other individuals. Group level behavior 

emerges in a nonlinear manner as a result of the individual behavior, and interactions, of 

the individual agents. 

Work by Anderson and Evans(199^, 1995) has contributed extensively to this 

area of research through the development of an intelligent agent simulation test bed 

referred to as Gensim. Gensim was originally intended for testing and examining 

intelligent agent designs. They are currently working with a number of simple Gensim 

domains for the purpose of testing intelligent agents. To demonstrate Gensim's potential 

to natural resource management they have developed a simple domain that illustrates 

many of the needs of ecological modeling. The donuun consists of a theoretical grid-

based ecosystem that simulates predator-prey relationsh^s. While most intelligent agent 

development in natural resources is still utilizing theoretical environments, the next step is 
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to make direct linkages to real-world environments. Only a few examples currently exist 

in which a form of intentional agent architecture has been applied to study natural 

resource management problems (Bousquet et al. 1994, Anderson and Evans 1994, 

Saarenmaa et al. 1994a, Deadman and Gimblett 1994). 

The dMARS Distributed Multiagent Reasoning System (Georgeff and Ingrand 

1990, Kinney and Bailey 1995, Rao and Georgeff 1995) has recently come to the 

forefront of intentional agent architectures. This architecture as explained by Kinney and 

Bailey (1995) "consists of a database containing current beliefs or facts about the world; 

a set of current desires (or goals) to be realized; a set of plans describing how certain 

sequences of actions and tests may be performed to achieve given goals or to react to 

particular situations; and an intention structure containing those plans that have been 

chosen for [eventual] execution." The system uses an interpreter to manipulate plans 

which are appropriate based on the agent's belief system. At any point in time certain 

goals are established and certain events occur that alter the beliefs held by agents in the 

system database. 

While many researchers noted above have successfully used agent-based 

simulations to examine animal interactions, only recently have researchers seeking new 

ways to understand human/enviromnent interactions been exploring simulation as a tool 

for developing models of human behavior (Drogoul and Ferber, 1995, Findler and 

Malyankar 1995, Conte and Gilbert 1995, Gimblett 1997). Computer simulation 

according to Conte and Castselfiranchi (1995) "is an appropriate methodology whenever a 

social phenomenon is not directly accessible, either because it no longer exists (as in 
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archaeological studies) or because its structure or the effects of its structure, i.e. its 

behavior, are so complex that the observer cannot directly attain a clear picture of what is 

going on (as in some studies of world politics)." He goes on to say that an "important 

objective of this work is to realize, observe, and experiment wiithhrtificial societies' in 

order to improve our knowledge and understanding, but through exploration, rather than 

just through desoiption." While simulation provides excellent opportunities to explore 

and test models and their underlying theory, it also allows the researcher to observe and 

record behavior of the system. As Conte and Castselfranchi (1995) concludes "the 

simulation is based on a model constructed by the researcher that is more observable than 

the target phenomena itself." 

Agent-based simulations have only recently been gaining popularity for modeling 

human/natural system interactions. Studies by Drogoul and Ferber (199S), Findler and 

Malyankar (1995), and Conte and Castselfranchi (1995) clearly demonstrate the potential 

for linking agent-based modeling techniques to examine human/natural system 

interactions. These studies utilize a general model of multi-agent simulations based on 

computation agents that represent individual organisms (or groups of organisms) in a one 

to one correspondence. These studies seek to understand the process of evolution in the 

study of ecological and sociological systems. As Drogoul and Ferber (1995) state: 

"we are interested in the simulation of evolution of ccnnplex systems where 

interactions between several individuals at the micro level are responsible of 

measurable general situations observed at the macro level. When the situation is too 

complex to be studied analytically, it is important to be able to recreate an artificial 
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universe in which experiments can be done in a reduced and simulated laboratory 

where all parameters can be controlled precisely." 

This work and others examining emergent processes in societies is extremely exciting and 

is yielding interesting results that would have been hard to obtain without the use of such 

simulations. 

To date there are few researchers who have taken advantage of the spatially-

explicit IBMs and GIS (see Deadman and Gimblett 1994, Gimblett et aL 1996b, 1997, 

Kohler et al. 1996). In their work, Kohler et al. (1996) suggest that "traditional inferential 

approaches fail to capture the dynamics and coevolutionary nature of human settlement 

decisions as they respond to shifidng resources and the presence of actions of other 

people." They go on to say that "if only we had a laboratory to study the outcomes of 

various processes as they might play thonselves out through hundreds of years on 

realistic landscapes." The incorporation of GIS with IBMs is imperative for this type of 

application. 

4.3 Agent Based Modeling in Economics 

Like the work being done only recently in modeling artificial societies, social 

researchers in economics have begun usingintelligent agents in simulating complex social 

interactions (Hoffinan et al. 1986, Moss and Rae 1992). Artificial economic agentsare 

being designed to explore the complex interactions in their behavior among themselves 

and with their economicenvironment (Holland and Miller 1991, Arthur 1993,1994 

Stender et al. 1993). For example, Kephart et al. (1990) have explored the dynamics of a 
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financial market in which different agents utilize different trading strategies (see also 

Sanglier et al. 1994). Caldas and Coelho (1994) have explored the effects of strategic 

interactions. That is, interactions between agents inwhich other agent's behavior is taken 

into account in arriving at a decision between agents in oligopolistic markets. Onaeason 

for the current interest in these artificial agents is that they allow us to go beyond the 

limited assumptions of economicrationality; to incorporate various limitations on time, 

resources, knowledge and other factors in the decision-making processes of agents - i.e. 

bounded rationality, and of learning and adaptation (Marks 1992, Bochereau et al. 1994, 

Chang et al. 1995). Bhargava and Branley (1995) have recently explored how belief 

systems may be simulated in agents. Since it is likel^hat different decision- making 

contexts may result in different actions, the design of human- like artificial agents may 

result in the creation of a multitude of different algorithms. To bound this modeling 

effort, Arthur (1993,1994) has suggested that we calibrate the behavior of these artificial 

agents against real data. Thus the name of such agents - calibrated agents. The agents 

should then be able to be applied in new situations with a greater degree of confidence. 

Decision-makers, such as resource managers faced with realistic environmental 

problems, would substantially benefitfrom simulation techniques which enabled them to 

explore alternatives and test ideas or theories, before expensivemanagement plans are 

implemented. What is crucial, however, is that if decision-makers and resourconanagers 

are to have confidence in the use and results of agent-based simulations, the design of 

human-like agents must bebounded by what can be synthesized from actual behavior and 

grounded in this reality. Recent work by Gimblett et al. (1996, 1997) has discussed issues 
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encountered in attempting to create human-like agents and discuss some ideas for 

calibratingtheir visual, mobility and goal-oriented systems against real world data for 

resolving recreation conflict simulations. These issues focus in five areas: landscape 

representation, agent vision and GIS algorithms, relating cognition with GIS-derived 

variables for developing realistic agents, agent characterization and the development of 

behavior rules; and agent movement. 

bi recent years, economists have begun to explore the potential applications of 

individual based modeling in a variety of settings. Previously, neoclassical economics had 

avoided questions relating the way in which individuals make choices when confronted by 

a perpetually novel and changing world (Holland and Miller 1991). Instead, assumptions 

were made about these individuals which included complete individual rationality and fixU 

information about the world around them. Standard models and methods of analysis were 

ill suited to addressing economic questions which altered these assumptions. However, 

recent advances in die development of individual based models and artificial intelligence 

have allowed the development of artificial worlds which can evolve over periods of time. 

The resulting models, referred to as complex adaptive systems, offer new ways of 

experimenting with and theorizing about adaptive economic agents (Holland and Miller 

1991). 

Complex adaptive systems share a number of characteristics with many economic 

systems in that; they consist of a network of interacting agents; they exhibit a dynamic 

aggregate behavior that emerges as a result of the interactions of the individual agents; 

their aggregate behavior can be described without a detailed knowledge of the behavior 
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of the individual agents (Holland and NCUer 1991). Researchers who develop complex 

adaptive systems are taking a bottom-up approach to the study of the real system in 

question. By only specifying the possible actions of the individuals involved, and the way 

in which these individuals may interact, researchers can then watch the overall behavior 

of the model emerge over time. 

Agents operating within this system are described as adaptive if they possess the 

following criteria: the outcome of the agents actions within its environment can be 

assigned a value such as utility or fimess; the agent behaves so as to increase this value 

over time. Agents may possess a number of different mechanisms for adjusting their 

actions in an effort to improve this fimess value. A variety of these mechanisms exist 

under the label artificial life, and will be discussed later. 

Complex adaptive systems usually operate far firom the global optimum or 

attractor (Holland and NCUer 1991). Depending upon the design of the model, these 

systems may exhibit many different levels of organization and interaction. Agents 

operating within this system will seek to adapt so as to exploit the local niche to which 

they have access. This adaptation and evolution in tum creates new niches, or 

opportunities, to be explored. Such evolution can also result in lock-in, as agents adapt to 

the actions of other agents pursxiing a collective course of action that leads the overall 

system in a particular direction which may or may not result in the system finding the 

predetermined global optimum. 

According to Holland and Miller (1991), agent based models have several 

characteristics that are not available to traditional modeling techniques. Models based on 
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linguistic descriptions, while infinitely flexible, often fail to be logically consistent. 

Mathematical models, while possessing consistent structure, suffer from reduced 

flexibility. However, agent based models which are specified by a particular computer 

language, retain much of the flexibility of linguistic models while having consistency and 

precision enforced on them by the language. As these models are executed in a 

simulation, the unfolding behavior of the individuals and the system can be observed over 

time. 

These models have the potential to offer insights into existing human experiments. 

In a parallel experiment involving artificial agents, elements such as utility, risk aversion, 

available information, knowledge, expectations, and learning can be carefully controlled 

(Holland and Miller 1991). Through successive runs of the computer experiment, these 

elements can be reset to different values so as to study variations in outcome. The 

strategies of individual agents and the resultant outcomes can be carefully analyzed, 

something not usually possible with human experiments (Holland and Miller 1991). 

Following the original work of Axelrod (1984,1986), the prisoners dilemma 

game has been extensively used by researchers to study the potential emergence of 

mutually cooperative behavior. These original experiments were devised in such a way 

that players had no choice over whom they played. Matching of partners was determined 

by some external mechanism, such as a round robin schedule. Qearly the potential exists 

to model Common Pool Resource experiments. 

Artificial Intelligence has been defined as the study of mental faculties through the 

use of computational models (Chamiak and McDermott 1985). The word intelligence can 



89 

be misleading because it implies the cxeatioa of a computer that thinks and acts as we do. 

But the o-eation of a computer which acts like a human is only a theoretical goal which 

has little bearing on most current artificial intelligence research. Much of the current AI 

research is devoted to making con^uters do things that are automatic for us, such as 

vision or voice and object recognition. At this point in time, computers and humans are 

capable of performing quite different tasks very ef&ciently. While computers can perform 

mathematical calculations much more efficiently than we can, humans are far better at 

such tasks as vision and pattern recognition. By developing these human capabilities even 

in a limited way and combining them with the powerful computational capabilities of 

computers, it is possible to create AI tools with useftil applications. 

4.4 Computer Simulations Related to CPR Studies 

Only a few preliminary investigations have explored the potential of computer 

based modeling and simulation as a tool for understanding the dynamics of the 

interactions between human institutions and conunon pool resources. The most notable 

early exan^le of a computer based simulation of a CPR is the work of Lansing and 

Kremer (Lansing 1991, Lansing and Kremer 1994). As part of a study of the network of 

irrigation temples in the Oos-Petanu watershed on the Indonesian island of Bali, the 

authors sought to explore the relationship between the structure and activities of the 

temple networks and the productivity of the terrace agroecosystem. The original model 

included submodels of hydrological processes, o'op growth, and pest population 

dynamics. At the begiiming of the simulation, the researcher could select a cropping 
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pattern for each of the 172 Subaks. or individual irrigation units, within the watershed. 

Over time the model calculates the exchange of water between the individual Subaks in 

response to agricultural requirements and availabili^. The growth of crops on an 

individual Subak is affected by the amount of water that is available from its uphill 

neighbors, and the current population of pests in the local area. Over the course of a year, 

individual Subaks follow a particular cropping practice and calculate the yield of rice and 

vegetables at the end of the year based on local conditions. With such a model, the 

researchers were able to test the productivity of a variety of management scenarios which 

coordinated cropping patterns at different scales. The authors discovered that the highest 

productivity in the system occurred when cropping patterns were coordinated at a scale 

which most closely approximates the historic temple scale. The authors concluded that 

the scale of social coordination has important effects on variations in harvest yields 

caused by water stress or pest damage. 

In a more recent refinement of the model (Lansing and Kremer 1994) the 

individual Subaks represented in the model are given adaptive capabilities in an effort to 

explore the possible existence of system level properties in temple networks. The model 

borrows from the theory of "fitness landsci^s" (Kauf&nan and Johnsen 1991) in which 

the fitness of an individual organism depends both on its intrinsic qualities and its 

interaction with the local environment. Based on this idea, the authors sought to 

determine how the temple network finds an optimum scale of coordination. In the refined 

model, the year long cycle of crop production becomes a single step in a time stepped 

simulation. Each subak in the model starts with a randomly allocated cropping pattern. At 
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the end of the year, the subak compares its crop production with that of its neighbors. If 

it determines that one of its neighbors achieved higher productivity, it sets its cropping 

pattern for the following year to that which achieved higher performance. Over dme each 

of the subaks continue to adjust their cropping patterns until they reach a locally optimal 

level. At this optimal level, the authors discovered that the subaks had organized 

themselves in way that reflected the patterns of coordination that existed in the real 

system. The subaks in this model were also able to respond to perturbations in local 

conditions, such as a drought, by adjusting cropping patterns over time eventually 

achieving optimal performance. 

Lansing and Kremer have been able to demonstrate that water temple networks 

fulfill the formal definition of a complex adaptive system in that: 

• They consist of a network of interaction agents (processes or elements). 

• They exhibit a dynamic, aggregate behavior that emerges from the individual activities 

of the agents. 

• The aggregate behavior of the system can be described without a detailed knowledge 

of the behavior of the individual agents. 

The agents in this model also possess characteristics which will be addressed in this 

dissertation. The agents display a limited rationality in their search for an optimum 

cropping practice and all the agents are essentially clones of one another, employing 

identical strategies during the simulation. 
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Another modeling exercise with relevance to the examination of CPR institutions 

was that explored by Axelrod (1986). The model explored the emergence and stability of 

behavioral norms held by individuals playing the n-person prisoners dilemma game. 

Axelrod approached the study of norms from an evolutionary standpoint in which 

strategies shown to be relatively effective are more likely to be used by the individual in 

the future than less effective strategies. The simulation utilized here is based on the n-

person prisoners dilemma game with the added dimension that defections have a 

probability of being detected and punished by others. As a result, the strategy of an 

individual playing the game has two dunensions, boldness which determines whether or 

not a player will defect at a given play, and vengefulness which determines whether or not 

a player will punish someone it detects defecting. These strategies are expressed as a level 

between 0 and 7, with 0 indicating a 0 in 7 chance of enacting the strategy and 7 

indicating a 7 in 7 chance. The twen^ players in the population considered are linked to a 

genetic algorithm in which the strategies ate encoded as strings. Over time, the 

combination of strategies which yield the highest return are reproduced more frequently 

and inherited by successive generations of players. As the simulation runs, the 

experimenter can observe changes in the average levels of boldness and vengefulness in 

the population. During runs of this simulation, Axelrod observed a general pattern of 

behavior in which with average starting boldness and vengefulness levels near one half, 

boldness is initially driven down by the high cost of being punished. Following this, 

vengefulness then begins to drop due to the cost of punishing someone and the relatively 
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few d^ections that occur. As vengefulness drops, boldness then climbs rapidly as few 

players have a strategy of punishing defectors. 

Axelrod adds a metanorm to the strategies of the participants in which players can 

punish those who do not punish a defection. With the application of this metanorm, the 

behavior seen in the simulations changes as players become highly vengeful so as to 

escape punishment for not punishing an observed defector. 

Through the use of this model, Axelrod was able to generate some data which 

proved useful in a discussion of the effect of norms on the behavior of human societies. In 

this model, all the individuals display a limited rationality, not all the individuals have 

identical adaptive processes. No effort is made to address the behavior of a population 

with heterogeneous individual characteristics. 

4.5 Modeling Common Pool Resource Experiments 

The basic unit of the models developed by CPR researchers is the individual. For 

example, the Prisoner's Dilemma game ultimately becomes a study of individual strategies 

and actions in a given environment. Modeling Common Pool Resources therefore 

ultimately requires the use of a modeling and simulation system that allows the precise 

de&iition of individual characteristics and the ability to allow individuals to interact 

autonomously in a prespecified environment. Simulation systems which utilize intelligent 

agents provide such a o^ability. A number of simulation systems exist currently which 

are capable of simulating generic intelligent agents. Some of these systems include 

DEVS-C-H- (Zeigler 1990), and Swarm (Minar et al. 1996). 
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43.1 The Swarm Simulation System 
The simulation system utilized in this study is Swarm, a multi-agent simulation 

platform developed at the Santa Fe institute (Mnar et al. 1996). This platform consists of 

a collection of object oriented libraries of reusable components for building models and 

analyzing, displaying, and controlling experiments on those models. The code is written in 

Objective-C, an object oriented version of the C programming language. With knowledge 

of Objective C, the user can incorporate, or make calls to, objects from the Swarm 

libraries to add fimctionality to her model. The user writes a collection of classes to 

represent the unique components of the model itself, as well as the objects that display 

the output of the simulation and create instances of the model classes. 

Swarm adopts a modeling formalism that consists of a collection of autonomous 

agents, interacting via a time stepped series of discrete events. The basic unit of a Swarm 

simulation is an agent which is an entity that generates events that can effect itself and 

other agents (NGnar et al. 1996). For example, in an ecological simulation individual 

agents could be created to represent predators, prey, and the characteristics of the natural 

environment In a CPR model, individual agents can be created, with their own set of 

unique characteristics, to represent individual participants in an institution and the natural 

resource itself. For example, in a simulation of a fishery, agents could be created to 

represent each individual fisher inside or outside the institution, as well as other actors 

such as monitors, local authorities, and the stock of fish from which resources are 

withdrawn. 
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These agents constitute the basic objects of the Swann system. Their actions are 

specified by a collection of methods that are unique to each class of agent. Within the 

Swarm system, the methods of the individual classes of agents are specified in Objective-

C. A schedule specifies the order in which these methods are to be executed over time. 

Nothing in the model specifies the global level behavior of the system. The global 

behavior of the simulation emerges as a result of the interaction of the individual agents 

through time. 

The intention of this modeling approach is to ultimately calibrate artificial agents 

to the behavior of human systems in the real world. Most importantly, as in any 

simulation or modeling endeavor, results need to be reliable and reproducible if they are 

to be of any immediate value. The researcher or decision-maker who uses agent-based 

simulations for solving complex, real world problems, must have a high degree of 

confidence in the results. Confidence comes from knowing that the agents perform like 

their human system counterparts and that they can be applied in a variety of settings to 

ensure their usability. In order to meet these needs, the design of human-like agents must 

be calibrated with what can be synthesized from actual behavior and grounded in this 

reality. 

4.6 Summary 

In this chapter, we have outlined some of the basic concepts inherent in multi-

agent simulation. We discussed some issues surrounding the integration of agent based 

models which depict the interaction of human and natural systems. We outlined a small 
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portion of the body of literature addressing natural systems modeling, including systems 

such as watershed processes and forest fire spread. Compared to this body of work, 

human systems modeling is still in its infancy. Some work has proceeded in such fields as 

economics, sociology, and psychology. But a great deal of work needs to be done to 

further develop human systems models and integrate these with natural systems models. 

A small step in this direction is taken in this dissertation. 

We discussed some multi-agent simulation platforms and introduced Swarm, the 

platform that will be utilized here. We have chosen Swann for the work in this 

dissertation for a number of reasons: 

• The software is readily available at no charge, and is compatible with a variety of 

computer platforms. 

• There exists an active network of users who are exploring a variety of applications, are 

willing to assist newcomers, and stay in contact through a listserver. 

• There is a reasonable amount of documentation and example programs which allow 

new users to become acquainted with the software platform. 

Although Swarm has some shortcomings, it is painful to instflll and has limited 

spatial capabilities from a natural resources management point of view, for this initial 

application, it was judged to be the best of the available packages. As a tool for exploring 

some initial models and simulations of CPR experiments. Swarm is a suitable platform. 

We can now address in more detail how swarm is to be applied to the development of 

these simulations. 
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Recall that the goal of this dissertatioa is to introduce and demonstrate the 

potential of intelligent agent based models for simulating individual action and group 

outcomes in a simplified conmions dilemma. So far, we have laid out some of the 

theoretical background that has been developed to better assist researchers in 

understanding the commons dilemma. Much of this theoretical development, and the 

subsequent laboratory experiments that have been carried out to explore these theories, 

has progressed with a view to addressing three questions, as out lined by Ostrom et al. 

(1994). Specifically, these questions seek to understand: the relationship between 

theoretical predictions and empirical evidence, behavioral regularities from the 

experiments which may been drawn upon to produce improved theories, and how certain 

institutional and physical variables affect the likelihood of a successful resolution of 

commons dilemmas. 

In the following chf^ter we describe the development of the agent based 

simulations of common pool resource experiments, using Swarm. We describe the three 

general categories of simulations that were developed: fixed strategy non-communication 

simulations, limited rationality non-communication simulations, and limited rationality 

communication simulations. We will return to address these objectives in our discussion 

of the behavior of these simulations. 
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5.0 Model Development Methodology 

5.1 Introduction 

This chapter outlines our approach to the development of a series of simulations 

of CPR experiments. The general modeling approach and structure of the Swarm 

simulation system, and the classes that are developed for this model are described, 

including the CPR class, the classes of agents, and later on the Strategies class. Three 

general simulations are described. The initial approach to modeling the behavior of 

individuals in these experiments starts with a sin^)le structure in which the strategies of 

the agents are fixed throughout the simulation. This facilitates a discussion of the results 

of simulations in which specific combinations of known strategies, which remain constant, 

are utilized by the individual members of the group. 

A second model and set of sinulations are then described which expand the 

capabilities of the participants in the experiments by giving them additional information 

about their world, and by endowing than with limited rationality. The agents employ a 

simple induction based approach to select from amongst a collection of possible 

strategies, in an effort to find one which best achieves their goals. In this case their goal is 

to maximize their retum given information about the returns they received in previous 

rounds, and the actions of the other members of the group. 

In the third model we introduce two limited communication routines, in which 

agents exchange infomiation regarding their estimation of the best individual investment 
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in the common pool resource. In the first configuration, each agent individually evaluates 

the information provided by the other members of the group as to the bid that gave the 

highest return. Each agent selects from amongst the suggestions made by the other 

members, the bid which appears to provide the highest return and adopts it as a new 

strategy. However in subsequent rounds, the agent evaluates the new strategy on an equal 

footing with its other alternate strategies and will switch to an alternate if it appears to 

give a higher return. Over time, we are able to observe whether or not a group consensus 

develops as to the best CPR bid. 

In the second communication routine, each agent again submits a suggestion to 

the object representing the CPR of the CPR bid that yielded the highest return. This time 

the object representing the CPR evaluates each suggestion as to the return it would 

provide if it was utilized by each member of the group. The object representing the CPR 

selects the suggested bid that would give the best group return, and instructs each 

partic^ant to follow that bid. Although that bid is initially utilized by each agent, the 

agents may again switch to an alternate strategy if it appears to give a higher return. An 

additional parameter is added to these agents in an attempt to account for the relative 

importance of group coercion or sense of duty resulting from the communication periods 

in the lab experiments. This parameter, called a cooperation parameter, adds a function to 

the agents that causes them to stick to their current strategy even if an alternate appears 

to yield a higher return. Setting the cooperation parameter to zero results in no alteration 

of the agents ability to switch to an alternate strategy if it appears to yield a higher return. 

But setting the cooperation parameter at ten percent, causes the agents to ignore 
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alternate strategies which yield higher apparent returns up to ten percent in excess of the 

current strategy. Instead, die agent would stick with a group imposed strategy even if one 

of the alternates yields an i^parent return up to ten percent higher than that previously 

achieved with the group level strategy 

5.2 General Model Design 

Individual components of the model have been specifically designed to represent 

the component parts of a CPR laboratory experiment, and are discussed in the following 

sections. Recall that in the baseline version of these experiments, a group of eight subjects 

are presented with an endowment of either 10 or 25 tokens, which they may invest as 

they please in two alternate markets during each round of the experiment. Market 1 

represents an outside alternative to the common pool resource, and provides a constant 

rate of return (specified by the parameter w) per token invested. Market 2 represents the 

common pool resoiu'ce itself. Returns from the common pool resource vary in relation to 

the total group investment, and the investment of the individual. The per token return 

from Market 2 is specified by a quadratic production function with a convex form such 

that there is an optimum group level of investment. Over investment or under investment 

by the group results in suboptimal returns per token invested in Market 2. 

The Cpr^ class has been designed to reproduce the actions of the Nova Net type 

of computer system that has been utilized in previous CPR experiments and the software 

that runs the experiment. The Nova Net system consists of a collection of networked 



101 

computers and a central server. Subjects in these experiments are assigned one to a 

computer. Necessary information regarding the experiment, and personal information 

regarding bids and subsequent returns is displayed on each participant's terminal. No 

participant may see another's terminal during the experiment During each round of the 

experiment, subjects enter their Maricet 2 bids, which are sent to the server to be 

processed by the program that represents the CPR. Remaining tokens are automatically 

invested in Market 1. The returns earned by each agent are calculated and displayed on 

the respective terminals for the subjects to see. 

The various agent classes and the Strategies class are designed to represent the 

actions of the individual human participants in the experiment. The message passing that 

occurs between instances of these classes during the simulation represents actions that 

occur during a CPR experiment, such as the submission of bids, the return of information 

from the Cpr computer system to the participants, and communication between 

participants. The structure of this simulation can be described in relation to the action 

situation utilized by Ostrom (1990) to describe CPRs. The action situation has the 

following components: 

(1) A set of players, this case the eight participants in the CPR experiments who are 

represented by separate instances of the appropriator class. 

' Note that Cpr refers to tbe class written to represent the common pool resource program utilized in tbe 
lab experiments, and CPR stands for common pool resource. 
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(2) A set of positions. In this case there is only one position, the q>propriator. This initial 

investigation does not include such factors as monitoring or the imposition of sanctions. 

Negotiation between agents is also not specified at this point. 

(3) Sets of actions assigned to positions at choice nodes including chance moves. Such 

actions are specified by the methods written for the impropriator class. 

(4) A decision fimction that mt^s choices into intemiediate or final outcomes. This 

function is specified in the methods of the CPR class. 

(5) A set of outcomes. These outcomes arise from the interaction of the appropriator and 

the CPR agents. These outcomes include the return on bids earned by each agent and the 

global level performance of the experiment as reflected in the rent as a percentage of 

optimum measure, calculated by the CPR agent. Rent as a percentage of optimum is 

defined as the return from Market 2 minus the opportunity costs of tokens invested in 

Market 2, divided by the return from Market 2 at the investment level where mflrgingl 

revenue equals marginal cost minus the opportunity costs of tokens invested in Market 2 

(Ostrom et al. 1994). 

(6) The kind of information available at a node. The information available to each agent 

during the simulation run is specified by die methods that have been written. 

Appropriator agents keep track of the return they receive after every round and the total 

nimiber of tokens submitted to Market 2 by the group. 

(7) Payoffs based on benefits and costs. This is specified by the methods written for the 

CPR class. 
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5.3 Model Classes and Structure 

The Swann multi-agent software platfonn is designed to support the development 

of models of complex adi^tive systems. The system allows for the development of a 

collection of individual agents that execute a schedule of actions. The Swarm system 

includes a set of object libraries of reusable code that facilitate the building and 

controlling of simulations, and the displaying and analyzing of data produced by those 

simulations. A typical swarm simulation consists of a hierarchical collection of agents, 

each capable of perfomiing a given set of tasks which are specified in the methods that 

are written for its class. The simulations described here contain a number of agent classes 

which control the simulation and represent the component parts of the model. 

In object oriented programming, a class defines an individual object, or group of 

objects which share a common definition that specifies a set of methods and matching 

instance variables. At the beginning of a simulation, a single object, or instance, or a 

collection of identical objects may be created based on the instructions provided for that 

class. In Objective C, methods refer to individual, self contained, units of code which 

execute specific actions when they are called upon. 

At the lowest hierarchical level lie the classes which represent the components of 

the CPR experiment itself, the participants in the experiment and the CPR. Above these, 

the simulation contains an instance of a class, called CprModelSwarm, which creates 

instances of the Cpr, Agent, and Strategies classes. One level above the CprModelSwarm 

class lies an instance of a class called CprObserverSwarm. The CprObserverSwarm object 
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creates the CprModelSwann, controls the overall simulation, and creates objects and 

schedules that display output data. The relationships between these different classes, and 

the connections that exist between them, are shown in Figure 5.1. The individual classes 

contained in these simulations are described in more detail below. Throughout the 

different simulations described below, the CprModelSwarm and CprObserverSwarm 

classes remain basically unchanged. They are initially described below. Each of the three 

sets of simulations, fixed strategy, limited rationality, and communication, and the classes 

created for those simulations are described in subsequent sections. 
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Figure 5.1: The Objects and Connections in the CPR Model 
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5J.1 The CprModelSwarm Class 

Version 1.0.1 of Swarm is designed around a set of hierarchical classes which 

perform different tasks. The classes which are described below specify the behavior of the 

CPR and the individual agents which interact with the CPR during simulation runs, 

distances of these classes are abated during the initialization phase of the simulation by 

an instance of the CprModelSwarm class (see Figure 5.1). During initialization, the 

CprModelSwarm utilizes the parameters that have been set by the user in the attached 

probe window to create the required number of instances of the necessary classes and to 

initialize certain parameters or variables within those instances. In these simulations, the 

CprModelSwarm creates a single instance of the Cpr class and initializes a number of 

parameters in that instance, in particular the a and b values of the quadratic production 

fimction, which is described later, and the w value representing the return from Market 1. 

The CprModelSwarai also creates a total of eight appropriators, from the classes 

specified for each simulation, as specified by the user in the CprModelSwarm probe 

window. The CprModelSwarm is also where the schedule of agent actions is specified. 

This schedule is executed once in every round of the simulation to instruct specific agents 

in the simulation to perform certain methods in a certain order. In these simulations, the 

schedule instructs: the appropriators to calculate and submit the Market 1 and 2 bids to 

the Cpr, the Cpr to calculate the group return and to distribute this return to the 

appropriators on the basis of their bids, the appropriators to update certain variables 
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based on their return in that round, the Cpr to ou^ut data on individual bids and group 

performance during that round to a file, and the appropriators to evaluate the 

performance of alternate strategies and select a current strategy. 

53.2 The CprObserverSwarm Class 

Residing one level of organization above the CprModelSwarm is the 

CprObserverSwarm (see Figure 5.1). The CprObserverSwarm is the highest level of 

organization utilized in these simulations. The single instance of this class creates the 

instance of the CprModelSwarm and creates and controls the graphic devices upon which 

the output of the model is displayed. These output devices can include a collection of two 

dimensional maps or gr^hs of specific variables. Included with this is a schedule which 

specifies how the graphic output devices are to be updated during the simulation. In this 

case, the CprObserverSwami o-eates and updates a line graph showing group rent as a 

percentage of optimum for each round of the experiment as it is simulated. The 

CprObserverSwarm also creates the control panel which allows the user to start, stop, 

step, and quit the simulation. Figure 5.2 shows how these interfaces appear on the screen 

during a simulation run. The window labeled "Swami" is the control panel described 

above. The window labeled "CprModelSwarm" contains the parameters tfiat may be 

adjusted at the beginning of the simulation. The ou^ut of the simulation is stored in a 

collection of data files, and is displayed in the gn^)h "Rents as a Percentage of Optimum". 
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mu^m\ 

Figure 5^: Windows Displayed During a Simulation Run. 

5.4 Initial CPR Simulation • Fixed Strategies 

The simulations developed and discussed here are based on a highly simplified 

model of a CPR. In this case the model of a CPR upon which the simulations are built is 

derived from the environment created by CPR expoiments (Ostrran et al. 1994). These 

experiments lend themselves well to this study because they are based upon tight 

theoretical models of a real system and have been widely studied (Ostrom et al. 1994, 

Hackett et aL 1994). Therefore the real system, model, and modeling relationship have 

already been well defined. What remains is the creation of the simulation, using Swarm, 

and the simulation relationship. 
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In this preliminary investigation, a simulation was developed based on the CPR 

baseline appropriation experiment, incorporating appropriators possessing a fixed 

strategy throughout the simulation. The agents utilize their strategies to make 

appropriation decisions between two markets, one a common pool resource type market 

in which individual return is a fimction of the groups investment and the individual 

agent's investment, and an outside market yielding a fixed return. These agents interact in 

an environment with no communication, as described by Ostrom et al. (1994). 

The classes created for this simulation are described in the following sections. The 

classes which produce the behavior we wish to observe consist of a Cpr class and a 

collection of Agent classes. The Cpr class, which contains one instance, was created to 

reproduce the actions of the CPR. In addition, classes of agents or appropriators, were 

developed to represent the actions of individual subjects taking part in the experiment. A 

total of eight instances from all agent classes are created for any particular simulation. 

These eight instances represent the actions of the eight subjects in a CPR lab experiment. 

The appropriator classes are differentiated by the methods that are written to reproduce 

specific possible strategies employed by partic^ants in the experiment Two additional 

classes, the CprModelSwarm and CprObserverSwarm, are created to facilitate the input 

of parameters at the beginning of a simulation through a graphic user interface, the 

creation of the Cpr and the eight agents, and the creation of an output graph showing 

group rent as a percentage of optimum for each round of the simulation. 
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5.4.1 The CPR Class 

The methods written for the CPR agent class specify the state of the CPR in 

relation to actions of the iq)propriators (see Figure 5.1). Only one instance of this class is 

created in these simulations. The quadratic production fiinction for Market 2, as utilized 

by Ostrom et aL (1994), is embedded in the code of the CPR agent and specified as 

follows: 

Where x, is the sum of all the Market 2 bids submitted by the agents. By 

manipulating thea and b parametns, the shape and magnitude of the quadratic 

production function can be controlled. This function is shown in Figure 5.3. 

Optimum  ̂
Rent 

(1) 

Group 
Rent 

Optimum 
Group 

Investment 

Market 2 
Production 
Function 

Group Market 2 
Investment 

Figure 53: The Market 2 Production Function. 

Although it is not done in these simulations, thea and b values could conceivably 

be manipulated during the experiment to represent changing conditions in the CPR. In 
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addition, the CPR agent receives from the CprModelSwarm object, and keeps track of: 

paramet^s used in the quadratic production function and b). the parameter w which is 

used to calculate the return from Market 1, and the number of agents in the simulation. 

For all the simulations explored in this work, thea, b, and w parameters of the 

production fimction and Market 1 fixed return were set to 23,0.25, and 0.05 

respectively. During the initialization phase of the simulation, the CPR object calculates 

the optimum group bid as: 

The Cpr object then calculates the subsequent group return from Market 2 yielded by the 

optimum group investment During each round of the simulation, the CPR agent collects 

the token bids for Markets 1 and 2 from the individual agents. The CPR agent then 

calculates the total return from Market 2, group rent as a percentage of optimum for 

Market 2, and the return to each individual appropriator for that round. In addition, 

during each round of the experiment the Cpr object ou^uts the bids submitted by each 

partic^ant, the cumulative rent earned by each participant, and the group rent as a 

percentage of optimum, to a data file for later analysis. The flexible nature of the code 

used to specify the methods employed by the CPR agent would allow future versions of 

this agent to perform other tasks such as implementing the probabilistic destruction of the 

CPR, coordinating communication amongst appropriators, and coordinating the 

imposition of sanctions. 

(2) 
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The behavior of the group of agents in these simulations will frequently be 

discussed in reference to the Nash equilibrium for that particular simulation. According to 

non-cooperative game theory, a Nash equilibrium for a particular game, or laboratory 

experiment, or simulation, is described as the point at which each player has maximized 

his or her payoff, given what the other players are doing. In the prisoners dilemma game, 

the Nash equilibrium occurs where both players are defecting, even though this point is 

suboptimal. For the production function specified in these simulations, Ostrom et al. 

(1994) determined the Nash equilibrium to be at the aggregate group investment of 64 

tokens. This over investment in Market 2 yields a group rent as a percentage of optimimi 

value of 39 percent. 

5.4.2 The Appropriator Classes 

Writing a set of methods for the individual appropriators is a challenging and 

potentially controversial endeavor that lies at the heart of any effort to model a common 

pool resource management institution. In this preliminary investigation, it requires the 

modeler to specify explicitly the strategy that individual subjects employ when they are 

engaged in a CPR experiment. How do subjects determine the bids that they will submit 

in each round of the experiment? What strategies do they employ? To what extent are 

they influenced by different factors such as the behavior of others? The greatest 

challenge, and potentially greatest benefit of this modeling exercise, lies in detemiining 

the relationship between individual behavior and the group level performance of the 

institution being studied. 
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In the first stage of the process, methods were written for three different classes 

of appropriators which differ by the baseline strategies they employ to determine how 

they will invest in the CPR. The three types of appropriator agents include, an agent 

which attempts to maximize its total return after every round, an agent which increases 

investments in Market 2 until the average rate of return falls below that provided by 

Market 1, and an agent which makes modified random allocations to each market. We 

will explore simulations in which all three strategies are employed homogeneously. 

5.4.2.1 Return Maximizing Agents 

The first class of agents employ a strategy of attempting to maximize total return 

in each round. These agents compare their bids over the two previous rounds with the 

total return they received in those rounds to determine the relationship between the trend 

in bids they submitted and the return they received. During the first two roimds of the 

simulation run, these agents submit random bids to Market 2 and record the return they 

received from each bid. Having accumulated this knowledge about the CPR, the agent 

can determine how changes in its bid to Market 2 will affect the return it receives. For 

example, if the agent submits a random bid of 4 tokens to market 2 in round 1 and a 

random bid of 6 tokens in round 2, and receives a higher return in round 2, the agent will 

then conclude that increasing investments in Market 2 result in ino-easing returns. As a 

result, the agent will increment the number of tokens submitted to Market 2 in each 

successive round, as long as return continues to increase. But eventually increasing the 

number of tokens submitted to Market 2 will result in a decreased return. At this point. 
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the agent reverses its trend, decrementing its investment in Market 2 in each successive 

round as long as return increases. The agent continues to implement this basic strategy 

for the entire simulation. 

Additional methods have also been built into this agent to reflect other behavioral 

characteristics of individuals in a CPR experiment These additional methods cause the 

agent to diverge from its baseline strategy when certain conditions arise. One of these 

strategies allows the agent to compare its submissions to Market 2 with the group 

average for Market 2 and, if the difference exceeds a preset difference value, adjust its bid 

to that average level. By comparing its bid for Market 2 with the group average, the 

agent can react to situations in which other participants in the experiment are receiving a 

greater retum from Market 2. An additional method has been added to allow the agent to 

submit a bid that exceeds the group average. The effect of adding these additional 

methods is explained in more detail in the next section. 

5.4.2.2 Unit Return Agents 

During the baseline CPR experiments run by Ostrom et al. (1994), questionnaires 

submitted by individual participants revealed that many participants followed a rule of 

thumb that stated: "Livest more in Market 2 whenever the rate of retum is greater than 

$0.05 per token." Whenever the per token rate of retum for a Market 2 investment 

exceeded that of Market 1, participants increased their Market 2 investment. When the 

rate of retum fell below that of Market 1, participants invested more tokens in Market 1. 

In ten token endowment experiments, the authors found a tendency for participants to 
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invest all their tokens in Market 2 whenever the rate of return exceeded that of Market 1. 

Many investors followed these strategies, despite the fact that they were not in 

accordance with the full information, best response behavior for these experiments 

(Ostrom et al. 1994). 

With these observations in mind, a class of agents were developed that 

incorporated this strategy as a means of determining what bids to submit in each round. 

The agents employing this strategy again make random investments in Market 2 for each 

of the first two rounds, following that they compare the average return they receive for 

Market 2 investments with the w value submitted by the user (in this case 0.05). When 

the Market 2 average return exceeds w, they in^ease their investment in Market 2 by I. 

When Market 2 returns average below w, the agents decrement their Market 2 

investments by 1. A second set of agents were developed who invested all tokens in 

Market 2 whenever average return exceeded w, but decremented their investment by 1 if 

average return fell below w. 

5.4.2 J Random Agents 

A class of agents were also developed that submitted limited random bids to 

Market 2. These agents were designed to represent those individuals who never figured 

out a strategy for submitting bids, or in simple temis, never figured out what was going 

on. Di each round, these agents simply submit a random bid between 0 and the number of 

tokens allotted to each individual for that simulation. This random simulation also serves 
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as a baseline set of simulations against which subsequent simulations with other agents 

may be compared. 

5.4.3 Schedule of Agent Activity 

The Swarm simulation system supports the creation of both time stq)ped and 

discrete event ^pe simulations. Although either approach could be taken in the 

development of this model, the relatively small number of agents in these simulations and 

the recursive nature of the CPR experimental process facilitates the adoption of a time 

stepped simulation. In a time stepped simulation, a schedule of events is specified which 

controls the actions of the agents. Once in each round of the model, the schedule is 

executed to call specified methods in a specific agent or list of agents in a specific order. 

These called methods may in turn call other methods within the same agent or in another 

agent by passing messages back an forth. At the beginning of the simulation, the 

CprModelSwarm creates the Cpr and ^propriator agents and initializes a number of 

variables and parameters within those agents. Following this initialization phase, the 

simulation is run. The schedule is executed once in every round of the simulation. The 

order in which the schedule calls these methods, and the actions executed by the agents in 

these simulations is specified in the pseudocode in Figure 5.2 
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The ADproDriator Agents The Cor Object 

Step: 
- C^culate Market 1 and 2 token bids 
- Update variables 
- Submit Market 2 bid to Cpr 

Step: 
- Collect Market 2 Bids from aU Appropriators 
- Calculate; Group Return 

Return per token 
Rent as % of Optimum 

Update: 
' Get total return for Market 1 and 2 

bids from Cpr 
- Update variables 

Output: 
- Send to data file: 

Each agents Market 2 bid that round 
Return earned by each agent that round 
Group rent as a percent of optimum 

Figure 5.4: Pseudo Code of Object Actions in Fixed Strategy Simulations 

5.4.4 Initial Simulation Runs - Fixed Strategies 

Having developed the classes discussed above, a set of simulations were 

configured and run to observe the behavior of a set of simulations in which the behavior 

of the agents is specified by one of the three alternate fixed strategies. Each combination 

of agents was run with 10 and 25 token allotments. Although laboratory experiments 

typically last about thirty rounds, some initial simulation runs of greater than 500 

iterations were made to observe any long term patterns that might evolve. Observations 

based on these simulations revealed that any patterns that were likely to develop did so 
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within the first forty iterations of the model. Therefore subsequent simulations were aU 

run for for^ iterations. 

An initial set of simulations were run in which a homogeneous collection of 

appropriators were selected, each with an identical strategy. These agents only differed in 

the random bids that they submitted during the first two rounds of the simulation. 

Initially, a homogeneous collection of random agents were simulated, at 10 and 25 token 

allotments, in order to establish a baseline against which later simulations could be 

compared. Following this, simulations were run, with 10 and 25 token allotments, of 

homogeneous collections of eight return maximizing or unit return agents. Following 

these homogeneous simulations, a set of heterogeneous simulations were run to compare 

the relative performance of the return maximizing and unit retum strategies when 

combined in one simulation run. The configuration of these simulations is specified in 

Table 5.1. For all these simulations, basic descriptive statistics were compiled in reference 

to the groups rent as a percentage of optimum, including the mean, standard deviation. 

and range of values. 

Simulation Return Unit Return Unit Return 
Run Maximizing Agents. 1 Token Agents. Invest 

Agents Increment All Tokens 
1 R 0 n 
2 n 8 0 

n 0 8 
A. 7 0 

d d 0 
a 6 0 0 
7 7 0 
* d n d 
9 6 0 2 

Table 5.1: Agent Combinations for Fixed Strategy Simulations 
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5.5 BuUdIng Limited Rationaiity In Agents 

Following the development of the initial set of simulations, modifications were 

made to the structure of the model so as to provide the t^propriators participating in the 

experiment with limited rationality. The ^proach utilized here is based on the theories of 

induction (Holland et al. 1986, Arthur 1996). 

The nature of the behavior of complex systems such as economic institutions is 

such that it is difficult to fully understand the emergent properties that exist in these 

systems. As a result, we cannot program an intelligent agent with all the information it 

will require about the actions of the system at the beginning. Even with limited rationality, 

the agent must be able to learn to some extent which events are of semantic importance, 

and which strategies will prove most effective, as it goes along. Researchers have 

approached this problem in modeling and simulation through the use of a learning process 

known as induction. 

How do humans reason in a complex world. Through an induction based 

approach, humans utilize their pattern recognition capabilities to identify simple patterns 

that exist within the complex world, and construct a collection of models, or schemata, or 

hypotheses, upon which they act (Arthur 1996). They then utilize feedback from the 

environment to strengthen or discard them. As such, they learn to identify significant 

events and respond to them accordingly. Brian Arthur (1996) outlined the use of 

induction in the game of chess. 
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'Tlayers typically study the current configuration of the board, and recall their 
opponents play in past games, to discern patterns. They use these to form 
hypotheses or internal models about the others intended strategies, maybe even 
holding several in their mind at one time: "He's using the Caro-Kann defense." 
"He's trying to build up his mid-board pawn formation." They make local 
deductions based on these—analyzing the possible in^lications of moves several 
moves deep. As play unfolds, they hold on to hypotheses or mental models that 
prove plausible, or toss them asicte if not, generating new ones to put in their 
place, other words, they use a sequence of pattern recognition, hypothesis 
formation, deduction using cuirently held hypotheses, and replacement of 
hypotheses as needed." 

In simulations which employ induction, this knowledge base is represented as a 

collection of rules (Holland et al. 1986). These rules have a condition-action structure of 

the form, "If such and such. Then so and so" (Holland et al. 1986). Individual entities in a 

modeling system possess a collection of these rules. Over time in a simulation, the 

individual proceeds through a cycle in which; 1) it matches incoming information against 

its set of rules to determine wiiich ones have their conditions satisfied, 2) it selects a 

subset of these rules to be executed, 3) it enacts these rules, resulting in a specified 

behavior. Li this way, the individual agent has a mechanism by which it can store and 

update knowledge about its environment and how it should act within it. This mechanism 

allows the agent to identify and respond to events in its environment which are of 

importance to the utility of the individual. 

Holland et al. (1986) distinguish between two types of rules, describing diachronic 

and synchronic relations to the environment. Diachronic rules represent temporal 

transitions between environmental states (If this happens. Then this will happen). 

Sjmchronic rules describe atemporal relationships that exist between objects (S^ its a this. 

Then its also a that). It is the predictive capability of these rules that detemiines whether 
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or not they will be utilized in the future or discarded. Rules which do a good job of 

predicting environmental conditions are more likely to be utilized to generate the agents 

behavior, and to create new rules. 

These rules can also be clustered together around concepts that are of importance 

to the individual agent. The agent may execute a combination of rules from different 

clusters, based on common conditions, in order to respond to an environmental stimuli. 

Therefore, there may exist an implicit or explicit organization that links rules together 

(Holland et al. 1986). These categories of rules may also be organized in a hierarchical 

structure in which higher level clusters of rules with more general conditions may be 

linked to lower level clusters of rules with more specific conditions related to a specific 

environmental variable. This hierarchical structure of rule clusters nicely parallels the 

Institutional Analysis and Design framework (Ostrom et al 1994, Kiser and Ostrom 1982) 

which will be discussed at a later point. 

Therefore, induction involves two basic mechanisms, those which revise the 

strength of existing rules based on interaction with the environment, and those which 

generate plausible new rules (Holland et al. 1986). Over time the individual agent 

employs a type of limited parallelism in which interaction with the environment causes the 

agent to utilize its rules to initiate actions within that environment, and later to evaluate 

the effectiveness of the rules that it possess. Environmental events which are of semantic 

importance to the individual, and have a direct impact on the individuals utility or 

survival, are identified by the rules that the individual possess and utilized to create 

individual actions. 
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S .̂l The Limited Rationality Model 

A series of changes weie made to the classes that comprise these simulations in 

order to facilitate the exploration of limited rationally in the agents. Li the initial 

simulations the strategies of the ^propriators were fixed throughout the runs. Different 

agent strategies were specified in distinct classes from which instances were created. 

Here, a collection of sixteen possible strategies are specified and described in a new class, 

called the strategies class. The different agent classes are combined into one. This new 

agent class does not contain a strategy for calculating the bid it will make in each round. 

Instead, the agent class is assigned a collection of strategies which it may draw upon to 

determine its bids in each round. In these simulations, the Cpr class has remained 

unchanged. 

At the beginning of each simulation, the agent is randomly assigned a specific 

number, either four, eight, or all sixteen, of these sixteen strategies which it may access 

from the strategies class. One of these strategies becomes the current strategy, the rest 

become alternates. The agents begin by playing the current strategy. But they also keep 

track of how the alternate strategies would have perftMrmed in each round had the agent 

used them. Every third round, the agents have the opportunity to switch their current 

strategy with best performing of the alternates. The performance of each alternate 

strategy is measured as the average return that the agent would have received in each 

round had it utilized that strategy. In this way, the agent simulates one of the mechanism?; 



122 

of an inductive process whereby it selects from alternative rules, based upon those rules 

relative strengths, in an effort to find the one with the best perfomiance. 

5 .̂1.1 The Strategies Class 

Building a complete list of strategies into each of the agents when the agent 

nomially only has access to a portion of those strategies is an unnecessary duplication of 

code across the agents. Therefore, in these simulations, a pool of possible strategies were 

developed and specified in a separate class called strategies. Only one instance of this 

class is ever created. The strategies developed for this class are derived from the 

strategies utilized in the previous simulations. Six of the sixteen strategies are based on 

attempting to maximize the retum received in each round. The inorement or decrement of 

bids to Market 2 is varied in each of the strategies. Another six strategies are based on 

the comparison of average returns from Market 1 and Market 2. The strategies differ in 

the amount that Market 2 bids are inaremented when the average retum from Market 2 

exceeds the average retum from Kbrket 1. This ina-ement varies from one token to 

dumping all tokens into Market 2 when the right conditions exist. The final four strategies 

are based on a comparison of an individual agent's bid with group average bid, and then 

submitting a bid at or above this average level. The sixteen strategies are summarized in 

Table 5.2. 
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Strategy 
Number 

Description 

1 Total Return Maximizing Strategy - lacrement and decrement 
^^ket 2 bid by one token. 

2 Total Return Maximizing Strategy • Increment and decrement 
Market 2 bid by two tokens. 

3 Total Retum Maximizing Strategy - Increment and decrement 
Market 2 bid by three tokens. 

4 Total Retum Maximizing Strategy - Increment and decronent 
Market 2 bid by four tokens. 

5 Total Retum Maximizing Strategy - lacrement Nbrket 2 bid by 
all available tokens, deo-ement Market 2 bid by three tokens. 

6 Total Retum Maximizing Strategy - Increment Market 2 bid by 
all available tokens, decrement Market 2 bid by 5 tokens. 

7 Unit Retum Maximizing Strategy - Increment and decrement 
Market 2 bid by one token. 

8 Unit Retum Maximizing Strategy - Increment and decrement 
Market 2 bid by two tokens. 

9 Unit Retum Maximizing Strategy - Increment and decrement 
Market 2 bid by three tokens. 

10 Unit Retum Maximizing Strategy - Increment and decrement 
Market 2 bid by four tokens. 

11 Unit Retum Maximizing Strategy - Increment Market 2 bid by 
all available tokens, decrement Market 2 bid by three tokens. 

12 Unit Retum Maximizing Strategy - Inaement Market 2 bid by 
all available tokens, deo'ement Market 2 bid by five tokens. 

13 Submit Market 2 bid equal to group average bid in previous 
round. 

14 Submit Market 2 bid equal to group average bid in previous 
round plus one token. 

15 Submit Market 2 bid equal to group average bid in previous 
round plus two tokens. 

16 Submit Market 2 bid equal to group average bid in previous 
round plus three tokens. 

Table 5.2: Strategy Descriptions for the Strategies Class. 
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During a simulation run, agents repeatedly make calls to the strategies object, 

supplying it with the necessary inf(»ination from their own variables and receiving 

information in return. In every round of the simulation. The agent first calls the numbered 

strategy that corresponds to the number of its current strategy from the strategies object. 

The agent supplies the strategies object with the information necessary to enact the 

selected strategy, and receives in return the Market 2 bid as calculated by the strategy. 

Following the submission of its Market 1 and 2 bids to the Cpr object, each agent 

evaluates it alternate strategies by obtaining the appropriate bid from the strategies object 

and submitting it to the Cpr. The Cpr informs the agent of the return it would have 

received, had it submitted the alternate bid. The return received by the current and 

alternate bids are stored, and later compared in rounds when the agent has the 

opportunity to switch its current strategy. 

Three set of simulations were developed and run, in both 10 and 25 token 

allotments, in which the agents wore given a pool of four, eight, and all sixteen, of the 

possible strategies. As with the previous fixed strategy simulations, basic descriptive 

statistics were compiled in reference to the groups overall rent as a percentage of 

optimum, including the mean, standard deviation, and range of values. The model also 

provides an output showing the current and alternate strategies employed by each agent 

in each round of the simulation. The schedule of actions for each agent in these 

simulations is specified in Figure 5.3. 



The ApproDriator Agents Th^CprOlyi^ 

Step: 
- Calculate Market 1 and 2 token bids 
- Update variables 
- Submit Market 2 bid to Cpr 

Step: 
- Collect Market 2 Bids from all Appropriators 
- Calculate: Group Return 

Return per token 
Rent as % of Optimum 

Update: 
- Get total return for Market 1 and 2 

bids from Cpr 
- Update variables 

Output: 
- Send to data files: 

Each agents Market 2 bid that round 
Return earned by each agent that round 
Group rent as a percent of optimum 
Current and alternate strategies of each 
agent 

Eval: 
if (this is an evaluation round) 
- Send prerequisite data to Strategies object 
- Request Market 2 bids for alternate 

strategies 
- Get total return from each alternate strategy's 

bids from Cpr 
- Update average return of each strategy 
- Select new current strategy with highest 

average return 

Figure S3: Pseudo Code of Object Actions in Limited Rationality Simulations 
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S.6 Simple Communication Between Agents 

A variety of CPR experiments have explored the role of communication in the 

commons. In experimental settings, communication has been found to increase the 

frequency with which individuals choose joint income maximizing strategies, even in 

situations where individual incentives conflict with the cooperative strategy (Ostrom and 

Walker 1991). In many laboratory experiments, communication opportunities are 

provided to the group of subjects between predetermined rounds of the experiment. 

These opportunities may be varied in terms of availability (one-shot versus repeated 

communication) or in terms of cost (costless versus costly communication). During these 

communication rounds, subjects are typically given ten minutes in which they may openly 

discuss the decision problem facing them. No restrictions are placed on these discussions, 

other than; they are not allowed to discuss side payments, they are not allowed to make 

physical threats, they are not allowed to see the private information on each others 

monitor (Ostrom et aL 1994). 

Compared to the relatively wide open communication of the laboratory 

experiments described by Ostrom et al. (1994), the agents in these simulations employ a 

very restricted form of information exchange. If these simulations were to be recreated in 

a laboratory setting using human subjects, the subjects would never actually have the 

opportunity to engage in prolonged face to face communication. Instead, during the 

communication round, they could simply submit a number over the computer system 

representing their estimation of the Market 2 bid that yields the highest return. All the 
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partic^ants would then have access to the suggestions made by the others, and could 

adopt the bid that seemed most profitable. No direct communication would be necessary. 

In the simulations that were developed, the agents were instructed to exchange 

information as to the bid that each individual felt would yield the highest return. This 

suggestion is developed by each agent during non-communication rounds of the 

simulation as the agent keeps track of the Market 2 bid that yields the highest return. 

Following the submission of these suggestions, they are evaluated in an effort to 

determine the bid that would yield the highest return. The suggestion yielding the highest 

apparent return is then selected for incorporation by the agents as an additional strategy. 

Therefore agents utilizing a pool of four strategies in the non-communication rounds 

prior to the communication round, adopt the winning suggestion as a fifth strategy for 

subsequent rounds. Ihitially this fifth strategy is adopted as the current strategy by each 

agent. But in later rounds, as in the non-communication induction simulations, the agents 

evaluate the performance of this new strategy against the alternates, and may switch to 

one of the alternates if it appears to provide a higher return. 

Two alternative approaches to selecting the best of the suggested Market 2 bids 

are investigated in this set of simulations. Either the agents themselves evaluate the 

Market 2 bid suggestions to select the one that gives the best return relative to their 

current knowledge of the simulation, or the CPR itself evaluates all the bids made by the 

individual agents as if that bid was made uniformly by them all, selecting the one that 

gives the best group performance and sending that bid to each agent as its new strategy. 

In the agent based evaluation approach, a mechanism was added to each agent to allow it 
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to evaluate the suggestions made by the other agents and adopt the suggestion that yields 

the highest return. The individual agents evaluate all the suggestions relative to their own 

information and current bids, selecting the suggestion that i^pears to work best for them. 

M the CPR based evaluation approach, each suggested bid is evaluated by the Cpr agent 

to detennine the return that would be earned if each appropriator in the simulation had 

submitted that bid. The Cpr agent then selects the bid that results in the best overall 

group return and instructs the agents in the simulation to adopt that bid as the new group 

strategy. The pseudo code for both types of communication simulations is specified in 

Figure 5.4. 

The ADProDriator Agents The Cor Obiect 

Step: 
- Calculate Market 1 and 2 token bids 
- Update variables 
- Submit Market 2 bid to Cpr 

Step: 
- Collect Market 2 Bids from all Appropriators 
- Calculate: Group Return 

Retum per token 
Rent as % of Optimimi 

Update: 
- Get total retum for Market 1 and 2 

bids from Cpr 
- Update variables 

Output: 
- Send to data files: 

Each agents Market 2 bid that round 
Retum earned by each agent that round 
Group rent as a percent of optimum 
Current and alternate strategies of each 
agent 

Eval: 
if (this is an evaluation round) 
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- Send prerequisite data to Strategies object 
- Request Market 2 bids for alternate 

strategies 
- Get total return from each alternate strategy's 

bids fr(»n Cpr 
- Update average return of each strategy 
- Select new current strategy with highest 

average return 

when best Market 2 bid is calculated by Cpr object: 
Comm: 
if (this is a communicatioii round) 
- Send best Market 2 bid to Cpr 

SetCommBid: 
- Collect best bids from each ^propriator 
- Calculate return of each bid if used by all 

appropriators 
- Select best Market 2 bid 

CommEval: 
- Retrieve best Market 2 bid from Cpr 
- Set best bid as new current strategy 
- Update variables 

When best Market 2 bid is calculated independently by each agent: 
Comm: 
if (this is a communication round) 
- Send best Market 2 bid to Cpr 

SetCommBid: 
- Collect best bids from each appropriator 

CommEval: 
- Retrieve all suggested bids from Cpr 
- Get total retum for each alternate bid 

from the Cpr object 
- Select bid providing highest retum as 

new current strategy 
Update variables 

Figure 5.6: Pseudo Code of Object Actions in Limited Rationality/Communication 
Simulations 
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5.6.1 Simulation Runs - Agent Communication 

A set of simulations were run using each of the two conununication and 

evaluatioa approaches outlined above. For each approach, agents with strategy pools of 

four, eight, and all sixteen of the available strategies were created and simulated at 

endowments of 10 and 25 tokens each. For all these simulations, basic descriptive 

statistics were compiled in reference to the groups rent as a percentage of optimum, 

including the mean, standard deviation, and range of values. The strategies employed by 

each agent in each round of the simulations were reviewed to provide some insight as to 

the decisions that were being made by the agents at specific points in the simulation. The 

relative influence of the cooperation parameter on the behavior of the agents during these 

simulation runs was investigated. 

5.7 Model Verification 

Before proceeding to run a series of simulations and document the results, it is 

important to ensure that the simulations described above are accurately reproducing the 

behavior specified in the model. Some careful observations of the output data generated 

by the model allowed for the verification of the actions of each method specified in the 

different classes contained in the simulations. The instance of the Cpr class in these 

simulations produce output files containing a variety of data generated during the 

simulation. This data includes; the Market 2 bids submitted by each agent in each round 

of the simulation, the rent earned by each agent in each round of the simulation, the 

cumulative rent earned by each agent, group rent as a percentage of optimum for each 
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round, the strategies that each agent may access and the current strategy in use during 

each round, and the bids suggested by each agent during the communication round of the 

experiment. Because the behaviw of each class is specified by a collection of methods, it 

is possible to examine and verify the behavior of each method individually. This greatly 

simplifies the process of verifying the behavior of each object and the simulation as a 

whole. By examining the output data and performing some simple calculations, it was 

possible to verify the actions of each method during any round of the simulation. 



132 

6.0 Simulation Results 

6.1 SimutaVon Design - Fixed Strategy/Homogeneous Simulations 

Li these simulatioii runs, values for a, b, and w were set to 23,0.25 and 0.05 

respectively as in Ostrom et al. (1994). All the simulations in this investigation employed 

eight appropriator agents who were assigned either 10 or 25 tokens at the beginning of 

the simulations. A set of simulations wore run which contained a homogeneous coUection 

of agents which employed both the return maximizing and unit return strategies discussed 

in the previous chapter. The results of these simulations are presented below. 

Initially a series of simulations were run in which all the agents employed a 

strategy of investing tokens randomly in markets one and two. Running the simulation 

with a ten token allotment produces an investment pattern that results in group rent as a 

percentage of optimum levels over time that fluctuate up and down between a potential 

minimum of -49.38% and a maximum of 100.00%. the majority of rounds, the agents 

achieve group rent as a percentage of optimum levels in excess of eighty percent. 

Although group performance in excess of 80 percent may seem surprising for agents 

submitting random bids, this is not really the case. We can expect agents submitting 

random bids under a ten token allotment to submit an average of about five tokens each, 

for an average group total of about 40 tokens. Since the group optimum bid for the 

production function equation specified in these simulations is 36, a group submission of 

40 tokens will return a group rent that is about 98 percent of optimum. As would be 
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expected with random bid submissions, no apparent pattem existed in group level or 

individual investments over time. 

A similar random pattem of investments was observed when the agents were 

supplied with a 25 token allotment. In this simulation, group rent as a percentage of 

optimum fluctuated between a potential minimum of -1975.30% and a maximum of 

100.0%. 

6.1.1 Return Maxiinizing Agent Behavior 

The initial set of simulation runs employed a homogeneous collection of agents 

whose strategies remained fixed throughout the simulation. Two sets of simulations, with 

10 and 25 token allotments, were run in which all agents employed a strategy of 

attempting to adjust their bids to Market 2 so as to maximize the return they receive in 

each round. Group performance in these simulations typically follows a pattem in which 

rent as a percentage of optimum fluctuates randomly over the first two rounds, and then 

gradually improves until it eventually settles into a oscillating pattem, with a period of 

between two and four roimds, in which rent as a percentage of optimum values typically 

exceed 85 percent. This type of behavior can be seen in Hgure 6.1. In this simulation, 10 

token agents adjust their bids over the initial roimds until they fall into an oscillating 

pattern, between a low of93.75% and a high of 99.92%, at round twenty. This oscillating 

pattem continues indefinitely. The initial random fluctuations in the first two rounds are a 

result of the random bids made by the agents in those rounds. In the following rounds 

group performance typically improves as the agents adjust their Market 2 bids in an effort 
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to receive a higher return each round. Although the population of agents always reaches a 

point where rent as a percentage of optimum exceeds 85 percent, many of the agents 

continue to adjust their bids throughout the simulation, increasing market 2 bids until 

returns drop and then decreasing these bids, resulting in the oscillating patterns which 

develop during these simulations. 

100 
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Figure 6.1: Group Performance, Return Manmizing Agents, 10 Token Endowment 

The same general pattern is observed when the agents start with a 25 token 

endowment. During the simulation depicted in Figure 6.2, the agents begin with two 

random bid submissions, and then gradually improve their '̂oup performance until about 

round 55 when they settle into an oscillating pattern, with a period of two rounds, 

between 95.06 and 100 percent. These 25 token simulations tend to start with lower rent 
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as a percentage of optimum levels because the higher endowment increases the likelihood 

of over investment in the CPR. This lower starting point causes the group to take longer 

to reach a near optimum fluctuating pattern than in the 10 token endowment simulations. 

Figure 62: Group Performance, Return Maximizing Agents, 25 Toicen Endowment 

6.1.2 Unit Return Agent Behavior 

In this section we review the behavior of two classes of agents who utilize 

strategies based upon comparing the average return they receive per token from Market 2 

investments with the return they can receive from Market 1 (w). These simulations again 

employ a configuration of A, B, and W values equal to 23,0.25, and 0.05 respectively. 

Eight agents employing identical strategies were assigned either 10 or 25 tokens each for 

these simulation runs. 

6  1 1  1 6  2 t  2 B 3 1 3 6 4 I « S 1  5 6  6 1  6 6  7 1  

Rounds 
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The first set of simulations en^loyed agents who invest all tokens in Market 2 

whenever average return from Market 2 exceeds w (0.05). When all agents are given a 10 

token endowment, their collective investments follow a pattern in which group rent as a 

percentage of optimum fluctuates randomly in the first two rounds, due to their random 

investments, and then moves to a value of -49.38 percent in the third round. From that 

point, an oscillating pattern develops in which rent as a percentage of optimum fluctuates 

between -49.38 and 0.0 percent (See Figure 6.3). The establishment of this pattern results 

in the third round because all agents invest the full 10 tokens in Market 2 following two 

random rounds in which group investments in Market 2 were lower, resulting in average 

returns above 0.05 per token. The fluctuating pattern results as all agents oscillate 

between 9 and 10 token investments in subsequent rounds. 
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Figure 63: Group Performance, Unit Return Agents Investing All Tokens, 10 
Token Endowment. 

Endowing these same agents with 25 tokens results in a different oscillating 

pattern. Following the random rounds, if the group unit return per token lies below 0.05, 

all the agents will reduce their investment in Market 2 one token at a time until average 

return per token exceeds 0.05. At this point, they invest their entire endowment of 25 

tokens in Market 2, causing rent as a percentage of optimum to plummet to -1975.3 

percent. Following this disastrous return from Market 2, the agents again begin reducing 

their investments, resulting in steadily improving returns until average return again 

exceeds 0.05 units (Figure 6.4). This point occurs when all agents submit a bids of 9 

tokens to Market 2. These 10 and 25 token endowment patterns recur in every run in the 
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simulatioii because the strategy of investing all tokens in Market 2 when average return 

exceeds 0.05 serves to synchronize the subsequent investments of all the agents. 
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Figure 6.4: Group Performance, Unit Return Agents Investing All Tokens, 25 
Token Endowment 

When agents employ a somewhat less aggressive strategy of increasing 

investments in Market 2 by one token when returns exceed 0.05, we see a slightly 

different pattern of investments, and better overall group performance. With a ten token 

endowment, group behavior follows a pattern in which rent as a percentage of optimum 

drops from initial values above 80 percent until an oscillating pattern develops between 

about -15 and 25 percent (see Figure 6.5). Agents with 25 token endowments gradually 

improve their return from Market 2 until, again an oscillating pattern between about -20 

and 20 percent develops (see Figure 6.6). In both endowment cases, the agents who 
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increment Market 2 investments by one, instead of pouring in all tokens, achieve higher 

overall return rates. This is due to the less radical nature of the agents strategies. As with 

the return maximizing agents, these agents do not consider the actions of others when 

submitting their bids, they only base their strategy on the average retum they receive. As 

a result, during the period of oscillating investments, agents may be submitting different 

bids to Market 2. During the oscillating pattern in the simulation shown in Figure 63, one 

of the agents submitted bids between 7 and 8, while another agent was submitting bids 

between 9 and 10. In the 25 token endowment simulation depicted in Figure 6.6, one 

agent submitted bids to Market 2 that oscillated between 1 and 2, while another 

submitted bids between 17 and 18. Nothing in this strategy permits the agents to compare 

their bids to the group average, therefore some agents do not realize the inequality of 

individual returns that is occurring. 
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Figure 6S: Group Performance, Unit Return Agents with One Token Increments, 
10 Token Endo¥mient. 
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Figure 6.6: Group Performance, Unit Return Agents with One Token Increment, 
25 Token Endowment 

6.2 Fixed Strategy - Heterogeneous Simulations 

Following some preliminary observations of simulations employing homogeneous 

groups of agents employing the same strategy, we can now observe the interaction 

between different mixes of these strategies. These two strategies employ fundamentally 

different approaches to determining the bids they will submit to Market 2. The return 

maximizing agents only concern themselves with the relative perfomiance of their Market 

2 submissions over time, whereas the unit return agents employ an absolute measure, per 

token unit return from Market 2 as compared to the return from Market 1, in calculating 
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the bid they will submit, ^xing these two ^proaches will give us a feel for the relative 

perfonnance of these strategies under different conditions. 

We start by observing the relative perfonnance of the two basic strategies in 

which four return maximizing agents are mixed with four unit return agents, who alter 

their investment in Kforket 2 one token at a time. At a ten token endowment, group 

performance fluctuates over the first 10 to 20 rounds until an oscillating pattern develops 

with rent as a percentage of optimum levels between about 51 and 77 percent (see Figure 

6.7). During this oscillation period, the return maximizing agents submit bids between 3 

and 5 tokens, while the unit return agents invest all ten tokens. Because the group unit 

return per token is in excess of 0.05, the unit return agents have increased their 

investment in Market 2 until they have invested all ten tokens. The return maximizing 

agents react to the reduction on total return this over-investment causes by reducing the 

bids they submit to Market 2. As a result, the unit return agents receive consistently 

higher returns throughout the simulation. 

The difference in the basic nature of the two strategies reveals itself here. In these 

simulations, the unit return agents en^loy an absolute measure of performance that is tied 

directly to the conditions that exist in Market 2. As a result, they invest the maximum 

number of available tokens in Market 2 in an attempt to dissipate all the available rent. 

The return maximizing agents are only interested in a relative measure of their 

performance, that is how they are doing individually, relative to previous rounds. They 

react to the rent dissipating efforts of the unit return agents by reducing Market 2 

investments and improving group performance. 
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Figure 6.7: Group Performance, 4 Return Maximizing Agents and 4 Unit Return 
Agents, 10 Token Endowment 

With a 25 token endowment. The oscillating pattern develops with values 

between 0.0 and -23.45 percent (see Figure 6.8). this oscillating period, the bids 

submitted by the agents depends upon their relative positions at the end of the random 

roimds. The larger endowment of tokens causes the unit return agents to adjust their 

Market 2 bids until a fluctuating pattern around zero develops. Agents who submitted a 

higher bid in the last random round will still be submitting higher bids when the 

fluctuating pattern develops. But because group performance fluctuates around zero, the 

returns earned by each agent tend to be very similar. 

Because the unit return agents have more tokens available to them than in the 

previous simulation, they are able to invest more tokens in Market 2 in their attempt to 
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dissipate all the available rent This time they are successful in dissipating rent, thereby 

reducing group rent as a percentage of optimum until it fluctuates around zero. This 

reduction in group performance, brought on by the higher allotment of tokens, also 

resiilts in lower individual earnings for all agents and a more even distribution between 

agents. 
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Figure 6.8: Group Performance, 4 Return Maximizing Agents and 4 Unit Return 
Agents, 25 Token Endowment 

When the unit return agents outnumber the return maximizing agents. The pattern 

of group perfonnance takes on an appearance closer to that when a homogeneous 

population of unit return agents were simulated. The group return as a percentage of 

optimum level of 0 percent becomes an important point in determining the bids of unit 

return agents, because it is the point at which unit retum equals the w value. When the 
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simulatioa is run with two return maximizing agents and 6 unit return maximizing agents, 

oscillating patterns develop around this 0 percent value. In the ten token endowment 

simulation, this oscillating pattem lies between about -5 and 25 percent (see Figure 6.9). 

When these oscillating patterns develop near 0 percent, there is very litde difference in 

the overall returns earned by the different agents, because they earn about the same no 

matter where they invest their tokens. 
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Figure 6.9: Group Performance, 2 return Maximizing Agents and 6 Unit Return 
Agents, 10 Token Endowment. 

When the return maximizing agents oumumber the unit return agents, the overall 

performance of the group improves as the return maximizing agents lower their bids to 

compensate for the actions of the unit retiun agents. In a simulation employing 6 retum 

maximizing agents and 2 unit retum agents, with a ten token endowment, the oscillating 
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pattern eventually develops between about 75 and 97 percent (see Figure 6.10). In this 

situation, the unit return agents are submitting all ten tokens to Market 2 because group 

return per token is consistently above the w value of 0.05. The return maximizing agents 

compensate for the high bids of the unit return agents by submitting oscillating bids 

between 3 and 5 tokens. As a result, the unit return agents earn a considerably higher 

overall return. 

100 

eo< 

Rounds 

Figure 6.10: Group Performance, 6 return Maximizing Agents and 2 Unit Return 
Agents, 10 Token Endowment. 

When return maximizing agents are mixed with unit return agents who dump all 

their tokens into Market 2 whenever group unit return exceeds the w value of 0.05, we 

can make some general observations about the relative performance of these strategies. In 

simulations employing a ten token endowment, the relative number of each agent type 
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influences the relative performance of each, hi simulations employing 6 retum maximizing 

agents and 2 unit retum agents, an oscillating pattern develops with values between about 

80 and 98 percent. As the relative number of unit retum agents increases, group 

performance during the oscillating period drops, although the unit retum agents continue 

to eam more than the retum maxintiizing agents. In all these simulations, retum 

maximizing agents compensate for the high bids of the unit retum agents by lowering 

their Market 2 bids, and earning less as a result. 

This same patterns of Market 2 investments continues to exist at the 25 token 

endowment, although with different results in terms of the total retum eamed by the 

agents. When the number of retum maximizing agents exceeds the number of unit retum 

agents, they compensate for the high bids of the unit retum agents, keeping the overall 

group perfomoance above 0 percent but earning considerably less than the unit retum 

agents. As the relative number of unit retum agents increases, the compensatory efforts 

of the retum maximizing agents can no longer keep group rent as a percentage of 

optimum above 0 percent. As a result, the high Market 2 bids of the unit retum agents 

now result in negative Market 2 returns. The retum maximizing agents, who are investing 

almost nothing in Market 2, now eam more from market 1 than the unit retum agents 

who are accruing large negative rents from their over investment in Market 2. 

In general terms, we know that if group rent as a percentage of optimum values 

are above 0, those investing more in Nforket 2 will receive higher returns. When group 

rent as a percentage of optimum values drop below 0 percent, those investing more in 

Market 2 will receive lower returns. As a result, the relative performance of the two 
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strategies depends upon the overall group performance, the relative number of agents 

employing each strategy, and the number of tokens allocated to each agent. We can draw 

the following conclusions (see Table 6.1). 

GrouD Comnosition 10 Token Endowment 25 Token Endowment 

2 Return Maximizing 
Agents 
6 Unit Return Agents 

(Increment One 
Token) 

Group Performance 
Fluctuates around zero, 
Hidividual returns vary 

Group Performance 
Fluctuates around zero. 
Individual returns vary 

4 Return Maximizing 
Agents 
4 Unit Return Agents 

(Increment One 
Token) 

Group Performance 
Fluctuates above zero. 
Unit Return Agents earn 
more 

Group Performance 
Fluctuates around zero. 
Individual returns vary 

6 Return Maximizing 
Agents 
2 Unit Return Agents 

(Increment One 
Token) 

Group Performance 
Fluctuates above zero. 
Unit Return Agents earn 
more 

Group Performance 
Fluctuates around zero. 
Individual returns vary 

2 Return Maximizing 
Agents 
6 Unit Return Agents 

(Increment All 
Tokens) 

Group Performance 
Fluctuates above zero. 
Unit Return Agents earn 
more 

Group Performance 
fluctuates between zero and 
far below zero. 
Return Maximizing Agents 
earn more 

4 Return Maximizing 
Agents 
4 Unit Return Agents 

(Increment All 
Tokens) 

Group Performance 
Fluctuates above zero. 
Unit Return Agents earn 
more 

Group Performance 
fluctuates between zero and 
far below zero. 
Return Maximizing Agents 
earn more 

6 Return Maximizing 
Agents 
2 Unit Return Agents 

(Increment All 
Tokens) 

Group Performance 
Fluctuates above zero. 
Unit Return Agents earn 
more 

Group Performance 
Fluctuates above zero. 
Unit Retum Agents earn 
more 

Table 6.1: Relative Performance of Alternate Strategies in Heterogeneous 
Simulations. 
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Some additional observations are summarized below. 

Rent Maximizing Agents and Unit Return Agents (Increment by One Token) 

• At 10 token endowments. Unit Retum Agents invest all tokens in Market 2. Return 

Maximizing Agents reduce Market 2 investments, improving group perfomiance. As a 

result, Retum Maximizing Agents earn less than Unit Retum Agents. 

• As the relative number of Unit Retum Agents increases, group performance drops. 

Rent Maximizing Agents and Unit Retum Agents (Dump all Tokens in Market 2) 

• At 10 token endowments. Unit Retum Agents invest all tokens in Market 2. Retum 

Maximizing Agents reduce Market 2 investments, improving group performance. As a 

result, Retum Maximizing Agents earn less than Unit Retum Agents. 

• At 25 token endowments. Unit Retum Agents repeatedly over invest in Market 2. 

Rent Maximizing Agents withdraw all tokens from Market 2, and as a result, eam 

more than Unit Return Agents. 

6.3 Limited Rationality Simulations 

Three sets of simulations w^-erun, at 10 and 25 token allotments, in which agents 

were assigned four, eight, or all sixteen of the possible strategies. All of these simulations 

were characterized by group behavior that resulted in fluctuating pattems of rent as a 

percentage of optimum in which the oscillating pattems seen in the earlier fixed strategy 

simulations do not arise. 
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When the agents ate endowed with 4 strategies and 10 tokens, group rent as a 

percentage of optimum fluctuates within a range of values between about -11 and 92 

percent (see Figure 6.11). The same general fluctuating pattern is observed when the 

agents are provided with a 25 token endowment, although the range of values is greater 

(see Figure 6.11). Both the 10 and 25 token endowment simulations are characterized by 

occasional plunges in performance as the agents over invest in the CPR. These dips in 

performance are more noticeable in the 25 token endowment simulations because of the 

potential for enormous over investment in Market 2. Over time these large drops in rent 

as a percentage of optimimi tend to disappear as the feedback mechanism in the induction 

process penalizes strategies which result in poor returns. Strategies which prompt the 

agent to invest all its tokens in Market 2 are the ones which cause these large drops. As a 

result, they tend to be selected by individual agents less frequently over time. 
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Figure 6.11: Group Performance, Agents with 4 Alternate Strategies, 10 Token 
Endowment. 

Figure 6.12: Group Performance, Agents with 4 Alternate Strategies, 25 Token 
Endowment 
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The number of strategies available to the agents in these simulations does not 

significantly alter the group performance. At a 10 token endowment, group performance 

expressed as rent as a percentage of optimum fluctuates around a mean in the mid 40 

percent range. At a 25 token endowment, group performance fluctuates around a mean 

that is just below zero, about -10 percent The behavior of these agents is similar to those 

of groups participating in CPR laboratory experiments as observed by Ostrom et al 

(1994). 

6.4 Communication Simulations 

6.4.1 Individual Evaluation of Best Group Bid 
In the first set of simulations, we explore a commimication routine in which the 

agents individually evaluate the suggestions submitted by the others in the group. The 

agents select the suggestion that would have given them the highest return, had they 

submitted that bid in the previous round. These simulations were run to determine if, and 

at what bid, the members of the group would lock into a uniform, group-wide Market 2 

investment level. It should be noted that in these simulations, the common pool resource 

(Market 2) has a performance function with an optimum group bid of 36 tokens. If evenly 

distributed, this group bid represents an individual bid of 4.5 tokens from each member. 

In real world CPR experiments, this could be accomplished by the members of the group 

dividing themselves in half and agreeing to submit alternating bids of 4 or 5 tokens. 

However these simulations do not allow for this type of arrangement. Therefore, the 
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closest the simulated agents can come to optimum, is to submit uniform group-wide bids 

of either 4 or 5 tokens. These group-wide levels of investment retum a group rent as a 

percentage of optimum score of98.76 percent. 

The most important observation in this set of simulations is that the groups do 

eventually lock in to a uniform Market 2 bid. All agents eventually agree on a bid that 

results in the best retum, given the events that have occurred previously in that particular 

simulation run. However, this group-wide unifomi Market 2 bid frequently results in 

group performance levels that are sub-optimal. The amount of time required for the 

agents to lock into this group-wide uniform bids firequendy exceeds 100 rounds, and can 

exceed 200 rounds. Typically, in these simulations, group performance fluctuates as it did 

in the non-communication simulations. However, unlike the non-communication 

simulations, eventually a constant group performance level will appear (see Figures 6.13 

and 6.14). Examining the bids data file for the agents reveals that all the members of the 

group have settled on a uniform Market 2 bid. Furtheimore, the size of the token 

endowment, or the number of strategies possessed by each agent does not appear to 

influence when the group will lock-in on a uniform Market 2 bid, or what that bid will be. 
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Figure 6.13: Group Performance for 4 Strategy Agents and a 10 Token 
Endowment The Agents Lock into a Uniform Market 2 Bid of 5 Tokens Each. 
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Figure 6.14: Group Performance for 8 Strategy Agents and a 10 Token 
Endowment. The Agents Lock into a Uniform Market 2 Bid of 7 Tokens Each 

Because the agents employ a feedback mechanism that evaluates the relative 

strength of each strategy based on the return that it earns for the agent, the performance 

of any particular strategy depends upon the actions of the other members of the group in 

each round. Therefore, a strategy that works well for one agent at a particular point in 

time, may result in a considerably poorer performance later in the simiilation. In these 

simulations, the agents share their best Market 2 bids every fifth round, and adopt the 

best one as an additional strategy. During these communication rounds the majority of 

agents tend to adopt the same Market 2 bid, although this common bid varies from one 

communication round to the next. However, over time there is a tendency for the agents 

to converge on a uniform Market 2 bid. Eventually they all adopt a bid for which none of 
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the agents has a better performing alternate, even if this group-wide bid is suboptimal. 

The actions of the group in previous rounds will determine which bid appears to yield the 

best performance. 

6.4.2 Centralized Evaluation of Best Group Bid 

Li the previous set of simulations, each agent shared its best Market 2 bid with the 

group and evaluated the suggestions of others individually. Li these simulations we report 

the behavior of simulations in which each communication roimd results in a uniform 

group bid. these simulations, the Cpr agent evaluates each suggestion as if it had been 

submitted imiformly by all members, and then instructs the agents to adopt the best 

performing bid. Although each member adopts this bid as an additional strategy, 

individuals may choose to switch to an alternate strategy later in the simulation if the 

alternate appears to provide a higher return. 

These simulations differ from the previous communication simulations in two 

important ways. First, the maj(xity of the members of the group tend to lock into a 

uniform group-wide bid much earlier than in the previous simulations. This group wide 

bid is frequently at the near optimal level of 4 or 5 tokens each. Second, one or more 

members of the group switch away from the group strategy after a few rounds. This 

behavior results in the establishment of a fluctuating pattern of group performance in 

which the agents adopt a single group-wide Market 2 investment for the few rounds 

following communication, followed by a drop in performance as one or two members of 

the group switch to an alternate strategy (see Figure 6.15). In the simulation depicted in 
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Figure 6.15, the members of the group adopt the near-optimum investment level of 5 

tokens each after each communication round. However, shortly thereafter four members 

of the group switch to an alternate strategy which appears to provide a higher return, 

thereby lowering group performance. The fluctuating pattern we see is the result of this 

cycle of group induced compliance at a communication round, followed by subsequent 

strategy changes by one or more members of the group. The number of strategies 

provided to each agent or the size of token endowment does not appear to be correlated 

with the group wide investment level, or the nimiber of agents that will subsequently 

change strategies. 
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Figure 6.15: Group Performance for 8 Strategy Agents and a 10 Token 
Endowment. 
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7.0 Discussion 

7.1 Introduction 

This discussion will address issues related to both the modeling and simulation of 

human systems such as the CPR experiments, and the evaluation of the behavior of 

individuals and the group as a whole, la the first section, we discuss in general terms 

issues of the correcmess and validity of the models and simulations that have been 

developed here. In the second section, for each type of simulation we will discuss the 

behavior of individual agents and the group as a whole from a game theory and learning 

theory perspective. This discussion will tie what has been observed in these models into 

some current theories of individual and institutional action. This discussion is followed by 

the final chapter of the dissertation in which we will discuss the advantages and 

shortcomings of the current set of models, and outline some potential future directions 

for the further development of intelligent agent based institutional models. The potential 

natural resource management applications of these models will also be discussed in the 

final chapter. 

7.2 General Issues of Verification and Validity 

One of the first areas of concern in the devebpment of a modeling and simulation 

system is to verify that the simulation is accurately executing the actions specified in the 

model. It is important to ensure that each agent in the simulation is acting in the way that 

was intended by the modeler. The modular nature of object oriented programming allows 
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us to examine the behavior of each of the methods in each class one at a time to ensure 

that they are performing the correct calculations and passing the correct messages at the 

correct time. A number of techniques may be employed to examine the actions of each 

method during a simulation. Swarm allows the user to create probes, a device that can be 

attached to each object in the simulation. Probes can be set to keep track of any or all of 

the variables and parameters in an object By observing how the variables change through 

each round of the simulation, conclusions can be made about the behavior of the system 

in that round. Furthermore, important data from each round of the simulation was written 

to output files during each round of the simulation. In a few instances during the 

debugging of each model, print statements were inserted in the code to allow the user to 

observe the value of a particular variable at a particular time. These techniques allowed 

for the systematic evaluation of the actions of each method written for each class of 

objects in the simulation. During the development of each simulation, these activities 

were carried out until the correct actions of each method were verified. 

Once the actions of the simulations were verified against the instructions spelled 

out in the models, it was possible to make some preliminary observations regarding the 

general validity of the models which may lead to future refinements. As outlined earlier, 

Zeigler (1976) outlines three measures of a model's validity; replicative, predictive, and 

structural. This modeling approach has some overall structural validity in the sense that 

global level behavior is produced by local level actions, such as the exchange of 

information between autonomous agents and the CPR. Nothing is included in the code of 

the simulation, such as a differential equation, that directly specifies global level behavior. 
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The model of the CPR in this simulation also has a great deal of structural validity in its 

representation of the CPR program used in the experiments. Li fact the flexibility of this 

modeling package would likely allow the direct incorporation into the simulation of the 

CPR program used in the laboratory experiments. However, in terms of structural 

validity, this simulation system will obviously never be able to reproduce the structure of 

the appropriator's strategy generating mechanism (i.e. the functions of an individuals 

brain) or the detailed events that occur during an open discussion period in a lab 

experiment. But this is not such a great limitation. For in reproducing the actions of a 

human brain exactly (assuming it could be done) and the behavior of a group of 

individuals in open discussion (again assuming it could be done), we would fall into the 

trap of producing a simulation that was too complex to interpret (Zeigler 1976). As we 

will see, even oreating agents with simple actions allows some useful observations to be 

made. 

From the standpoint of predictive validity, we are clearly in no position to 

comment on the potential performance of the system, as it has never been utilized in a 

predictive capacity. However, it would be interesting to know whether or not the strategy 

utilized by the agents in the first simulation, in which they attempt to maximize the return 

they receive in each round, has any predictive value. Would participants in a CPR 

experiment achieve better overall performance if they were not made aware of the total 

group bid in each round, and thus were not inclined to compare their bids with the group 

average and adjust their bids accordingly? In addition, it would be interesting to observe 

the effects that a more restrictive communication procedure would have on the actions of 
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individuals and the group. Inter-agent communication is discussed in more detail later in 

this chapter. 

We can also make a few simple observations about the replicative validity of the 

simxilations developed in this exercise. The behavior of all the simulations developed here, 

when measured as group rent as a percentage of optimum, do tend to fall into a pulsing 

pattern similar to that observed by Ostrom et al (1994; 116). Ostrom et al. attribute this 

pulsing pattem to the collective over-investment in the CPR by the individual participants 

and the subsequent reduction of Market 2 bids that follows as a reaction to the over 

investment. An examination of the output data produced by these simulations reveals that 

many of the agents do foUow an individual pattem of increasing and then decreasing 

Market 2 bids over time. These individual fluctuations correspond with the group-wide 

fluctuations in performance that occur. Many of the strategies employed by these agents 

require them to compare their actions with the certain individual or group-wide 

performance variables, such as individual retum or group unit return per token. The 

agents react to fluctuations in these values by adjusting their Market 2 bids, resulting in 

the fluctuations that are seen. These agent's strategies do not have a predictive, or 

intentional, opacity. In other words, at this time the agents cannot predict an impending 

group-Mdde reduction in Market 2 bids and react by increasing its token investment. Such 

a capability might alter the nature of these group-wide fluctuations. 

Further, we have observed that the behavior of the non-communication limited 

rationality simulations at the 10 and 25 token allotment configurations appears very 

similar to the behavior noted by Ostrom et al. (1994) in the non-communication lab 



162 

experiments. The details of these simulations are discussed in a later section. However, 

even though it is possible to set up this simulation to roughly replicate the global level 

behavior seen in actual laboratory experiments, clearly we can not conclude that this 

simulation completely reflects the individual strategies adopted by appropriators in the lab 

or the way in which appropriators leam about the effects of their actions during a 

laboratory experiment. This pilot investigation has only scratched the surface of the 

potential strategies that could be investigated. Much additional work needs to be done to 

investigate individual strategies and actions in common pool resource management 

situations. 

In addition, this pilot effort has not addressed some of the other laboratory 

experiments which have been carried out by others (Ostrom et al 1994, Hackett et al. 

1994) such as the probabilistic destruction of the CPR, the imposition of sanctions, the 

heterogeneous allotment of tokens to different agents, or the effects of more wide-open 

communication. Such fimctionality may be implemented by adding methods to the 

different classes incorporated in the simulation. With this increasing functionality, the 

potential complexity of both the required methods that must be written, and the behavior 

that will be produced will increase dramatically. Eventually, one would like to utilize a 

system such as this to model a real world system, such as a fishery or a groundwater 

management institution. Such an endeavor will indeed require considerable thought and 

trial and error. 

Clearly writing ever more complex models will present tremendous challenges to 

researchers. However the inherent advantages of this simulation system as a tool for 
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analysis and the generation of discussion, cannot be denied. Computer simulation presents 

the researcher with a tool to facilitate the examination of the interaction between 

individual behavior and institutional performance in a system that is both flexible and 

relatively easy to learn. In addition, modeling and simulation can overcome problems 

inherent in dealing with the real world, when experimenting with a real system is costly, 

time consuming, or even in^ossible. Other advantages include the fact that these 

simulations are con^letely repeatable, nondestructive, and are capable of producing data 

that is easier to interpret than that of the real world. Although this initial work has many 

limitations, as additional investigations are conducted using this system, these advantages 

should become more apparent. 

7.3 Individual and Group Behavior in CPR Simulations 

13.1 Introduction 

In Chapter 3, we introduced some conc^ts and definitions surrounding the use of 

game theory as a tool for analyzing individual actions and group outcomes in social traps 

such as the commons dilemma. this discussion, we will analyze the actions of the 

individual agents in the fixed strategy, homogenous and heterogeneous simulations using, 

in part, a game theory framework. For a discussion of the limited rationality simulations, 

we will introduce some further work on models of learning within a game theory context. 

Learning theory models have been explored using simulations of agents playing 2 player 

and N player versions of the prisoners dilemma (Macy 1991). There are some 

fundamental differences between the way agents interact in N player prisoners HilftmTnfl 
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simuladons versus the interaction in the simulations discussed in this dissertation. In 

particular, in prisoners dilemma simulations players interact in a series of one-to-one 

pairings in each round, whereas in these simulations all agents interact as a single group 

through the bids that they submit in each round. Nevertheless, some of the observations 

from N player prisoners dilemma simulations can shed valuable light on the behavior 

observed in these simulations. Finally, for a discussion of the communication simulations, 

we will examine the effectiveness of the simulation protocols developed here in light of 

some current literature on the effect of communication on group outcomes in CPR 

dilemmas. 

12.2 Individual Action in Fixed Strategy / Homogeneous Simulations 

These initial simulations employed agents which followed a fixed strategy 

throughout the simulation. In the first of these strategies, agents attempted to maximize 

the return they received by adjusting their bids to Market 2 in one token increments. As a 

group these agents eventually settle into a pattern of bidding which results in returns in 

excess of 85 percent of optimum. This result is well in excess of the Nash equilibrium 

determined for the production fimcdon utUized in this simulation to be at about 39 

percent. In fact, if we might say that under the conditions of a CPR simulation, these 

agents have achieved some fonn of tacit collusion or cooperation at a high level of 

efficiency. They have reached a pattern of investments that is close to the group optimum 

level, and are able to maintain that pattern indefinitely. 
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The immediate question raised by this result is why this group of agents is able to 

achieve a level of cooperation in which rent as a percentage of optimum is so much 

higher than the Nash equilibrium? How can this group of agents achieve performance 

levels that far exceed those achieved by subjects in actual experiments. The answer to 

these questions appears to lie in the very simplicity of the strategy utilized by these 

agents. In effect, these agents do not consider the actions of the group when determining 

their bids. As a result it is possible for a situation to arise where the group as a whole 

achieves rent as a percentage of optimum in excess of ninety percent, but where a few 

agents are submitting bids well above the mean while others submit bids well below the 

mean. This discrepancy is most prominent during the period before the steady oscillating 

pattern develops, and is the result of the relative positions of the agents at the end of the 

random rounds. Those agents submitting a relatively high bid in the last random round 

will earn more from Market 2 during the period before the oscillating pattern develops. 

Although their bids eventually fall close to those of the rest of the group they take longer 

to fall into line, and earn more as a result. This occurred to some degree in every run of 

these simulations, and to a greater degree in the 25 token endowment runs. 

In these simulations, those submitting low bids would be imaware that others in 

the group were receiving considerably higher returns. These simulated agents do not 

consider their performance relative to others in the group and are not tempted to react to 

those with earnings well above average. As a result, at the end of the simulation runs 

there can be a considerable difference in the distribution of total accrued earnings 

between the different agents. 
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But, in laboratory experiments, individual participants have access to knowledge 

about the total number of tokens submitted to Market 2 by the group. As a result they 

can easily calculate the average number of tokens submitted by each participant and 

compare it to their submission. If they discovered that they were submitting significantly 

less tokens to Market 2 than the average, there might be a strong desire to bring their 

bids in line with the group average, even if doing so lowered overall group performance. 

This issue was addressed in some of the strategies that are developed in later, limited 

rationality, simulations. 

Game theory reminds us that individuals in a game situation must consider both 

the payoffs associated with alternate group actions and the potential actions of the other 

members of the group (Miller 1992). The key assumption here is that in an ongoing 

game, players act as rational utility maximizers with a stake in the future (Macy 1991). 

But the agents in this simulation are primarily adaptive in nature. They attempt to learn 

the relationsh^ between the trend in the bids they submit and the returns they receive 

from those bids, fii attempting to maximize their return, they only consider the effect of 

their own actions, and not the potential actions of the other agents. In addition, these 

agents are incapable of considering the potential future actions of the group. Li effect, 

they completely discount future actions. So, how does the inability of these agents to 

behave according to the rationality requirements of game theory affect their performance 

in these simulations? Can any useful conclusions be drawn from the behavior of these 

adaptive agents. Macy (1991) argues that such agents can still shed some light on 

learning and behavior in games. 



167 

Macy (1991) has explored the performance of adaptive agents in 2 player and N 

player prisoner's dilemma simulations. The agents in Macy's simulations are adaptive, 

employing a stochastic learning model in which their actions in any round of the 

simulation are governed by the relative position between 0 and 1 of a randomly generated 

number and a propensity to cooperate variable. Players cooperate if the value of the 

random number is lower than the value of the cooperation variable. The agents adapt to 

the payoffs they receive in previous rounds by adjusting the cooperation variable, and 

therefore the likelihood that they will cooperate in the next roimd, up or down. 

As mentioned earlier, adaptive agents are characterized as being baclcward 

looking, and do not meet the standard of rationality described earlier because they are 

unable to consider the potential future actions of others. But previous studies of N-pIayer 

prisoners dilemma simulations has revealed that rationality is not a requirement for a 

successful strategy. In fact, the most successful strategy in an N-player prisoners dilemma 

described by Axelrod (1984), Tit-For-Tat, does not consider the potential future actions 

of the other player at all. Tit-For-Tat simply starts with a cooperative move and then 

matches the other player's move in the next round. Macy (1991) argues that the key 

assumption of rationality is less compelling in these simulations than the interdependence 

of the actors. 

Tit-For-Tat displays some interesting characteristics that can be considered in the 

behavior of the agents in these CPR simulations. Based on his observations of Tit-For-

Tat's performance, Axelrod (1984) concluded that an effective strategy for engineering a 

tacit collusion with a rational opponent must show that one is nice enough to be trusted. 
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but not so nice as to be taken advantage of. Tit-For-Tat always rewards cooperation with 

cooperation, never cheats, and reacts immediately to defection by punishing the defector. 

Ht-For-Tat's ability to react to the other player's moves immediately is the result 

of what is referred to by Macy (1991) as a high learning magnitude. Macy's stochastic 

learning model can be adjusted as to its learning magnitude, the degree to which 

outcomes are likely to affect the agents next move. A learning magnitude of 0.01 means 

that agents react very slowly to outcomes. A magnitude of 1.0 means that agents react 

immediately to aversive or positive outcomes. 

Macy (1991) has shown that a high learning magnitude is essential for adaptive 

agents who must find a solution to a social dilemma without the advantage of strategic 

foresight Macy's simulations reveal that, without the advantage of strategic foresight, it 

is the weight of immediate outcomes that becomes critical Cooperation is unlikely where 

history casts a long shadow and strategies can change only through long term cumulative 

reinforcement ^^y 1991). (Dne of the reasons Tit-For-Tat is so successfiil, is because it 

has a learning magnitude of 1.0, and can react immediately to reinforce positive 

outcomes, thereby producing cooperative results. 

Although the game environments are structured differendy, some of the same 

properties displayed by Tit-For-Tat, and discussed by Macy (1991), are evident in the 

return maximizing strategy used by agents in the CPR simulations. This strategy has a 

high learning magnitude. The agents react immediately to the outcome of each round by 

adjusting their bids to Market 2 in the next round. This high learning magnitude allows 

the agents to respond immediately to reductions in total return so as to keep group wide 
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earnings near maximum levels. Return maximizing agents never defect, or attempt to 

improve their standing relative to others, in the sense that they never flood Market 2 with 

tokens if it appears that it will result in lower returns. However return maximizing agents 

react to defectors, those who dump a lot of tokens into Market 2, differently from the 

way Tit-For Tat treats defectors. Ht-for-Tat does not have an outside alternative to the 

prisoners dilemma game it is playing. It cannot choose to stop playing with a player who 

defects all the time, but must settle for the below optimum outcome of mutual defection. 

Return maximizers react immediately to over investment in Market 2 by unilaterally 

reducing their token investments in the next round. If the over investment by others 

becomes extreme, return maximizing agents will withdraw from Market 2 altogether. 

Although, like Tit-For-Tat, the return maximizing strategy has the potential to 

generate very high levels of cooperation, it is not as effective in dealing with defectors as 

Tit-For-Tat The return maximizing strategy allows other agents to invest considerably 

more in Market 2 on an indefinite basis. This results in an inequitable distribution of 

returns in which the return maximizing strategy comes out the loser. A more Tit-For-Tat 

like approach to playing the CPR simulation might be for an agent to start by playing its 

share of the group optimum in the first round, in this case 4 or 5 tokens, and then match 

any token investments that exceeded this amount, reducing bids back to 4 or 5 tokens if 

the other agent reduced as well. However this could result in an escalation of Market 2 

bids, resulting in gross over investment in the CPR and low overall returns. This kind of 

negative feedback can occur in the prisoners dilemma game if two Tit-For-Tat strategies 

get locked in a pattern of alternating defections, resulting in poor overall performance. 
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Although the return maximizing strategy avoids disastrous returns by switching to Market 

1, simulations in which this strategy plays agents following a unit return strategy revealed 

that the return maximizing strategy can be taken advantage of by the unit return strategy. 

Axelrod's (1984) advice to players of the prsoners dilemma game was as follows: 

1) Don't be envious. Life is not a zero-sum game. There does not always have to 

be a winner and a loser. Therefore, in making the decision whether or not to cooperate, 

don't wony about your relative performance. Simply evaluate how cooperation will 

affect your own utility. 

2) Don't be the first to defect. The results of the Prisoner's Dilemma tournaments 

revealed that the strategies that performed the best were those that were nice (i.e. those 

that were never the first to defect). This is primarily because defecting leads to retaliation 

that results in mutual defection and lower overall scores. Over the long run, defecting 

strategies score lower than nice strategies. 

3) Reciprocate cooperation and defection. Just as it does not pay to defect first, it 

also does not pay to let oneself be walked all over. Reciprocating defection shows the 

other player that you will not tolerate their taking advantage of you. However, letting 

bygones be bygones also allows the re-establishment of cooperation as quickly as 

possible. 

4) Don't be too clever. It pays to have a strategy that can be interpreted by the 

other player. Mutual understanding of the probable actions of the other player is more 

likely to facilitate a cooperative arrangement. 
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Based on this advice, we could argue that the return maximizing strategy follows 

these recommendations reasonably well, except when it comes to punishing defection as 

outlined in point 3. It remains to be seen how this strategy would perform in a CPR game 

tournament similar to the prisoners dilemma tournament devised by Axelrod (1984). 

The unit return agents developed for the homogeneous simulations were derived 

from observations made by Ostrom et al. (1994) as to the strategy that players reported 

using in CPR laboratory experiments. Exit interviews with subjects in these experiments 

revealed that many were increasing their level of investments in Market 2 whenever the 

per token rate of return exceeds the return that is available from Market 1. This is a 

frindamentally different strategy from the return maximizing strategy. It causes these 

agents to dissipate all the available rent from Market 2. By investing all tokens in Market 

2 whenever the unit retum exceeds 0.05 cents per token, the per token rate of the 

opportunity cost, they repeatedly push this retum below 0.05, thereby dissipating all the 

rent in the CPR. The degree to which they fall below rent dissipation depends upon the 

per player token endowment for that particular simulation. Larger token endowments 

result in greater over investment in Market 2 and lower rent as a percentage of optimum 

scores. 

This strategy ignores the first three of the four points Axelrod outlines for 

fostering cooperation. Agents playing this game repeatedly dissipate all the available rent 

in the CPR, resulting in group returns that fluctuate around zero percent, below the Nash 

equilibrium and below the performance achieved by retum maximizing agents as a group. 

The strategy makes no attempt to be cooperative, and has little or no capacity to learn 
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from a game theory perspective. The strategy is not capable of tacit collusion with other 

agents that would result in high group performance levels because it focuses solely on 

dissipating all the rent in the CPR. Further, there is no mechanism in the strategy that 

allows it to learn relationships between its own bids and its overall performance. 

Some general observations can be nuule to summarize the perfomance of 

simulations which employ homogeneous collections of agents who follow a single simple 

strategies. 

• Endowing each agent in the group with 25 tokens increases the likelihood of over 

investment in the CPR (Market 2), producing group rent as a percentage of optimum 

levels far below zero. The group is more likely to over invest in Market 2 during the 

random rounds, resulting in lower rent as a percentage of optimum scores. 

Furthermore, imit retum agents who invest all tokens in Market 2 will over invest to 

the maximum extent possible, taking many rounds to recover. 

• Agents who attempt to maximize retum in each round can achieve high group 

performance levels. However because these agents only consider there performance 

relative to their own history, inequitable returns across the group are likely. 

• Agents who employ a strategy of investing more in Market 2 when the retum per 

token exceeds that possible from Market 1, settle into a pattern of investments in 

which group perfonnance fluctuates around zero. This investment pattern dissipates all 

available rent, resulting in group performance levels below those predicted by the Nash 

equilibrium. 
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There is a more even distribution of returns across a homogeneous collection of unit 

return agents whose group performance fluctuates around zero percent. 

7J.3 Individual Action in Fixed Strategy / Heterogeneous Simulations 

A series of simulations examined the relative performance of the two strategies 

discussed above in face to face interaction under different conditions. What happens 

when we mix a largely cooperative, retum maximizing, strategy with an uncooperative, 

unit retum, strategy. The results of these simulations were simimarized in Chapter 6, and 

are repeated here. 

Rent Maximizing Agents and Unit Return Agents (Increment by One Token) 

* At 10 token endowments. Unit Retum Agents invest all tokens in Market 2. Retum 

Maximizing Agents reduce Market 2 investments, improving group performance. As a 

result, Retum Maximizing Agents earn less than Unit Retum Agents. 

* As the relative number of Unit Retum Agents increases, group performance drops. 

Rent Maximizing Agents and Unit Retum Agents (Dump all Tokens in Market 2) 

* At 10 token endowments. Unit Retum Agents invest all tokens in Market 2. Retum 

Maximizing Agents reduce Market 2 investments, improving group performance. As a 

result, Retum Maximizing Agents eam less than Unit Retum Agents. 

* At 25 token endowments. Unit Retum Agents repeatedly over invest in Market 2. 

Rent Maximizing Agents withdraw ail tokens from Market 2, and as a result, eam 

more than Unit Retum Agents. 



174 

&i these simulatioiis, the unit return strategy agents attempt to dissipate all the 

rent available in the CPR. The return maximizing agents react to the reduced payoffs 

from Market 2 caused by this over investment by diverting token investments to Market 

1. In low endowment simulations, this divestment in Market 2 by return maximizing 

agents does not punish the actions of the rent dissipaters, but instead facilitates their 

actions. By reducing tokens in Market 2, unit return agents are allowed to invest all 10 

tokens in Market 2, thereby reaping considerably higher returns than the return 

maximizers. 

At high endowments, the unit return agents dissipate all the rent, or over invest in 

Market 2. Their performance in these simulations is similar to, or well below, that of the 

return maximizing agents. No form of tacit cooperation is ever achieved by these two 

groups of agents. The unit return agents follow a fixed strategy which does not include 

any capacity to react to trends in investment patterns or the actions of others. They 

simply atten^t to dissipate all rent from Market 2. The return maximizing agents react to 

the rent dissipating actions of these agents by diverting more tokens to Market 1 when 

total group investment in Market 2 gets too high. 

13A Discussion of Limited Rationality Simulations. 

Rather than sticking to a single strategy throughout the entire simulation, the 

agents now have the opportunity to switch to an alternate strategy if it appears to yield 

better returns. All the agents employ a return maximizing strategy here, with a variety of 

possible techniques for achieving that goal. The agents select from amongst different 
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strategies based upon a score that is assigned to each strategy and calculated based upon 

the average return that the strategy achieved whenever it was used. Because each 

strategy is scored on the basis of its average return over time, the learning magnitude of 

this mechanism starts out very high for each strategy and decreases over time as each 

strategy is used. Returns earned by these strategies have a large impact on the average 

return early in the simulation, but decrease in relative importance over time. 

The most interesting observation of these non-communication simulations is the 

fact that they perform similarly to groups of human subjects in CPR non-communication 

laboratory experiments. As in CPR experiments, the group performance for the 

simulations follows an oscillating pattern in which high performance leads to over 

investment in the CPR and the resultant drop in performance causes a reduction in group 

wide investment in the CPR. This oscillating pattern was evident in previous fixed-

strategy simulations, so its not surprising that it would reappear in these simulations. The 

strategies available to the agents in these simulations were derived from those use in the 

fixed-strategy simulations. In addition, the mechanism that allows agents to switch 

strategies is based on a goal of utility maximization. Agents will switch to another 

strategy if it (^)pears to return a higher rent. Such a mechanism is likely to cause over 

investment, as agents seek higher returns from Market 2, followed by reduced 

investment, as the agents react to the reduced returns that the caused by over investment. 

Still more interesting is the observation that the simulations perform similarly to 

subjects in lab experiments in terms of average performance over time. At the ten token 

endowment, the simulations perform near the Nash equilibrium over time. At the 25 
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token endowment, the simulations perfomi near zero percent of optimum over time. Has 

enough human rationality been captured in these agents to represent the actions of 

humans in this highly simplified environment? We know that some students in the lab 

experiments reported following a strategy similar to the unit return strategy described 

earlier. We know that students would attempt to maximize returns from one round to the 

next, and submit a variety of bids in an attempt to nuudmize utility. Perhaps in capturing 

these behavioral patterns, we have reproduced the essence of human behavior in this 

simplified game. Although clearly no claim can be made that the agents are reproducing 

the thought processes of human beings, it appears that in such a simplified environment 

the simulations do a achieve a reasonable degree of replicative validity at the group level. 

Although the strategies employed in the previous fixed-strategy simulations are 

available to these agents, we can see differences between the performance of the group in 

these simulations. In the 10 token endowment simulations, the group does not do as well 

as a homogeneous collection of return maximizing agents. Because the agents now have a 

greater array of strategies to draw upon, they may now consider strategies which take 

into account the individuals performance relative to the group. Those agents who are 

doing poorly relative to the group, are likely to switch to a strategy, if they have access to 

one, that brings their investments in line with rest of the group. They are also likely to 

switch away from a strategy that causes massive over investment in Market 2, due to the 

large negative returns that result The agents in these simulations end up achieving 

performance levels that are close to the Nash equilibrium level of 39 percent. This occurs 
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because the agents are more likely to consider their performance relative to others and 

are less likely to over invest in the CPR. 

The similar behavior characteristics can be observed in the 25 token endowment 

agents, although the higher token endowment lowers overall group performance to just 

below zero. This reduced performance can be attributed to more likely over investment in 

the random bid rounds and a tendency to over invest when the current strategy calls for 

placing all tokens in Market 2. 

73.5 Communication and Tadt Collusion Between Agents 

K non-communication lab experiments were reproduced with some validity in the 

previous simulations, no attempt is made in these simulations to reproduce 

communication lab experiments. Recall that communication sessions in laboratory 

experiments typically allow the participants to come together as a group for a short 

period of time and discuss the problem, outcomes in previous roimds, and possible 

coordinated solutions to the problem. Replicating the wide open nature of the 

communication process in CPR lab experiments, and the degree of complexity in potential 

human actions that is added to a CPR experiment by communication rounds is far beyond 

the capabilities of this current modeling effort. Instead, these simulations attempt to 

address the potential effects of increased agent interaction, in this case by sharing 

information, on overall group behavior and the tendency for common stable group-wide 

behaviors to emerge. 



178 

The agent interaction referred to in these simulations as communication is far 

removed from the wide open communication allowed in lab experiments. Here, agents 

simply exchange information as to the bid that yielded the highest return since the last 

communication round. These suggestions are evaluated either independently by each 

agent, or collectively by the Cpr object The best performing of these bids is adopted, 

either by the individual agent in the case of independent evaluation, or by all members of 

the group when evaluation is done by the Cpr object 

7 J.5.1 Bid Evaluation by Agents 

Simulations in which the agents evaluate the suggested bids of the other agents 

independently are characterized by eventual convergence of the group to a stable group 

wide imiform investment in Market 2. The emergence of this stable condition usually 

occurs somewhere between 100 and 250 rounds of the simulation. The length of time 

required to achieve tacit collusion is a product of the limited rationality of the agents and 

the mechanism they use to select from amongst the different strategies. Near the 

beginning of these simulations the agents suggest a wide variety of bids during the 

communication round. Frequently these bids are higher than the bids that would result in 

the group optimum level of investment because they were recorded when the agent 

submitted a bid higher than the group average. However, when all members of the group 

implement this bid, group performance drops and the bid is discarded. Over time, the 

agents continue to implement a variety of individual and group strategies, evaluating them 

as to their performance as they go along. Eventually, a bid is suggested and adopted by 
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some members of the group that provides a return that is higher than the score of any 

alternate strategy. At this point the agent will continue to submit this communicated bid 

indefinitely. Over a few communication rounds, this bid is adopted by more and more 

agents until all agents find that it performs better than any alternate strategy. 

This simple communication mechanism changes the simulation significantly from 

the previous non-communication simulations, for it creates a simple self-reinforcing 

mechanism as discussed by Arthur (1988). According to Arthur, researchers have 

discovered that systems in many different fields of study, from theoretical biology to 

physics, tend to possess a multiplicity of asymptotic states, or "emergent structures". The 

initial configuration of the system, and some early, often random, events tend to push 

these dynamic systems into the domain of one of these asymptotic states, or attractors, 

and thus select a state that the system eventually "locks into" (Arthur 1988). 

Arthur points out that such states exist in economic systems as well and cites 

examples from international trade theory, spatial economics, and industrial organization. 

The evolution of silicon valley in California is one such example from spatial economics. 

According to Arthur(1988), the self-reinfordng mechanisms that drive these systems to 

lock-in are derived from four generic sources: large set-up or fixed costs (which give the 

advantage of falling unit costs to increased output), learning effects (which act to improve 

products or lower their cost as their prevalence increases), coordination effects (which 

confer advantages to "going along" with other economic agents taking similar action), 

and adaptive expectations (where ino-eased prevalence on the market enhances beliefs of 

further prevalence). Further, Arthur notes that these systems display four properties: 



• Multiple Equilibria: A number of possible asymptotic states exist. The outcome in any 

one example is indetemiinate. Arthur notes that early random events influence the final 

outcome, rendering that outcome unpredictable at the beginning. The CPR simulations 

are indeterminate in the sense that random bids are generated in the first t\vo rounds of 

the simulation and strategies were assigned to agents randomly at the start of the 

simulation. In these simulations, alternative asymptotic states are possible at any 

uniform group wide Market 2 bid. 

• Possible Inefficiency: These systems do not always lock into the most efficient 

outcome. Early events and positive feedback effects can overcome the inherent 

strength of certain alternatives. In these simulations, suboptimal group wide 

investment levels were frequently observed at the final lock-in point. 

• Lock-in: Once a solution is reached it is difficult to exit from. In these simulations it 

could conceivably be more profitable for the agents to defect from the group wide 

investment level if it is above the Nash equilibrium by adding more tokens to Market 

2, but they never do. Recall that the learning magnitude of the inductive systems 

employed by these agents drops over time as the results of each round are averaged 

into all past results. By the time these agents reach the 150th or 200th round of the 

simulation learning magnitudes are very small. Alternative strategies which may yield a 

higher return now have been reduced in relative strength by many lower performances 

in previous rounds, and are therefore unable to alter the lock-in state. 
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• Path-Dependence: The early history of these systems can determine which solution 

prevails. Although these simulations are too complex to trace which early events led to 

the final outcome, we can see that the performance of alternate strategies in the early 

rounds, when learning magnitudes are higher, will have a greater effect on the relative 

strength of that alternative in later rounds. Strategies which perform poorly in the early 

going may never recover in later rounds as learning magnitude drops. Eventually, one 

group level bid emerges with a strength that cannot be overcome by the alternate 

strategies. 

The form of communication employed in these simulations does provide some 

interesting insights into self-reinforcing mechanisms in economic systems. However, this 

limited forai of communication is so far removed from the complex situation that occurs 

in the lab that comparisons are effectively impossible to make. Authors such as Ostrom 

and Walker (1991), Orbel et al. (1988), and Palfrey and Rosenthal (1991), have put 

forward a number of hypotheses as to why communication increases the selection and 

maintenance of cooperative strategies including: that communication promotes 

generalized norms that favc^- cooperation, communication provides the opportunity to 

offer and extract offers of cooperation, communication alters the perceptions of subjects 

about the likelihood of others contributing to the group good. Clearly this simulation is 

not designed to address any of these hypotheses. The agents in this simulation reach a 

form of tacit cooperation without direct interaction. They only go along with the final 

group wide equilibrium bid because none of their altemate strategies appears to perform 
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any better. This tacit agreement can take several hundred rounds to evolve as contrasted 

to the often immediate agreement that can be achieved by subjects in the lab. In the next 

section we explore an alternate form of communication in which a group wide investment 

strategy is imposed after each communication round. 

73.5 J Bid Evaluation by the Cpr Object 

When suggested bids are evaluated by the Cpr object, the efficiency of the 

communication process is in^roved because the Cpr object has the ability to consider the 

group-wide implications of each bid. This reduces the tendency for the agents to adopt a 

bid following communication that results in over investment As a result the group locks 

into a uniform bid, at or near the optimal levels of 4 or 5 tokens each, sooner. However, 

despite the near optimal level of the group bids following the communication rounds, the 

group is imable to maintain this arrangement and one or more members diverge from the 

prearranged bid in subsequent roimds. This results in the fluctuating pattern reported in 

the previous ch^ter in which near optimal group level performance is repeatedly imposed 

during every communication round and subsequently declines as members of the group 

diverge from the imposed bid. 

This form of imposed group level bid differs from the previous set of simulations, 

in which suggested bids were evaluated individually, in that the individuals do not come 

to a form of tacit agreement, but instead have bids imposed upon them. The agents have 

not ruled out their alternative strategies in these simulations. Those that defect do so 

because they find an alternative strategy that appears to yield a higher return. Also, 
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because these bids are imposed early in the simulation, the learning magnitude of all 

alternate strategies is still relatively high. Strategies which appear to return a higher yield 

than the imposed bid have their relative strength reinforced in comparison to the near 

optimal imposed bid. As a result the agent will continue to turn to that strategy after each 

subsequent communication round. 

Hoffinan et aL (1995) summarize findings from a series of ultimatum and dictator 

experiments which illustrate the importance of observability and social norms in 

promoting sharing behavior. In ultimatum games, the first player makes an offer of x 

amoimt of money, from a total sum of y, to a second player. If the second player accepts 

the money, she earns x and the first player earns y-x. If the second player rejects the offer, 

both players earn nothing. In a dictator game, the second player must accept the first 

player's offer. The noncooperative equilibrium of the ultimatum game is for the first 

player to offer the second player the smallest possible unit of money, and for the second 

player to accept it. Di the dictator game the equilibrium would be for the first player to 

offer the second player nothing. However, researchers have found that in both ultimatum 

and dictator experiments the first player offers the second player an amount close to or at 

an equitable split of the fimds more often than is predicted by noncooperative game 

theory (Hoffman et al. 1995). In ultimatum experiments the threat of sanction, that the 

second player will reject the offer and both get 0, has been shown to be effective in 

promoting more cooperative behavior, dictator experiments, researchers have found 

that as the "social distance" between the first player and others involved in the experiment 

increases, the size of the offer made to the second player decreases (Hof&nan et al. 1995). 
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double blind experiments where there is no way of detennining how much money the 

first player offers to the second player, the majority of first players leave nothing for the 

second player. These experiments illustrate the power of observability in enforcing social 

norms of equity and implied redproci^ (HofKnan et al. 1995). 

The agents in these simulations possess no mechanism to represent a social norm 

favoring cooperation. Therefore they are not encouraged to cooperate with the imposed 

group bid by any mechanism other than an objective evaluation of the potential earnings 

that may be earned by their alternate internal strategies. Therefor if it appears that an 

alternate strategy will yield a higher return in the next round, they switch away from the 

group strategy without any consideration of the potential actions of the other agents. 

Future simulations may allow for the threat of sanctions, if the individual diverges from a 

group strategy. 

7.4 Conclusion 

In this chapto- we have addressed some aipects of the behavior of the simulations 

that were designed for this dissertation. Despite the relative simplicity of these models, 

some interesting observations were possible. In particular, the similarity of the behavior 

of the non-commimication limited rationality simulations to observations from laboratory 

experiments, and the self-reinforcing mechanisms displayed in the individual evaluation 

communication simulations are noteworthy. The potential of such simple models for 

advancing the theoretical frontier surrounding the study of common pool resource 

management institutions is particularly noteworthy. Some potential future directions of 
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this work, and the possible implications of these models in resource management 

applications are discussed in the final chapter. 
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8.0 Some Final Observations 

Agent based modeling provides an interesting new opportunity for the study of 

common pool resource problems because it permits theories of individual action and 

group behavior to be tested through computer simulations. A considerable body of work 

has been published in the learning and game theory literature that examines individual 

action in two player and N-player prisoner's dilemma games. This theory has some 

general applicability to CPR dilemmas, however the different structure of CPR games will 

require some modifications to existing theory. Mathematical solutions to these more 

complicated situations may be non-trivial. 

Qearly the simple nature of these early simulations leaves a great deal of avenues 

open to further investigation. Some future directions in which this work might proceed 

include; 

• Testing of altemative learning models based on a continued exploration of learning in 

game theory literature. This exploration could include strategies which include 

intentional agents with forward looking capabilities. 

• Further developing the limited rationality, induction based, model utilized here. The 

recent release of a classifier system for Swann will permit the application of a more 

detailed optimization method for strategy development in which instead of selecting 

from a collection of fixed alternate strategies, the agent would be able to develop and 

evaluate entirely new strategies. 
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• Exploring the effects of more detailed communication protocols for these agents, 

including costly communication and one-on-one communication. Giving the agents 

greater flexibility in devising and implementing rules at different levels of analysis as 

described by the IAD framework. 

• Exploring other aspects of the commons dilemma, including the probabilistic 

destruction of the CPR and the effects of sanctioning. 

This dissertation has addressed the potential of intelligent agent based modeling 

and simulation systems for understanding more about common pool resource 

management institutions. This work has focused on modeling CPR laboratory 

experiments as a prelude to the development of other resource management or 

institutional models. But eventually we will wish to extend these models to link human 

systems and natural systems models in resource management applications. Some 

examples of this already exist. Simulations such as Phoenix (Cohen et al. 1989) combine 

dynamic models of natural processes (in this case forest fire spread) with dynamic models 

of human action (the movement of the firefighters and equipment). 

Other models could be developed to understand the interrelationship between 

human resource management activities and dynamic changes in natural systems. Such 

resource management models may find applications in water resources management, 

fisheries management, and forest management. A water resources management model 

could tie a sub-model of a natural system such as a watershed and its associated aquifers 

to a model of human action under different institutional configurations. A similar model 
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of a fishery could also be constructed in which human agents develop and modify the 

rules governing the management of the natural resource, under differing natural and 

institutional conditions. Such models could potentially utilize modified versions of current 

watershed or fisheries models. 

In these models, agents representing human individuals or organizations will have 

to deal with constantly changing conditions in the natural system. The equivalent effect in 

the simulations developed for this dissertation would have been if the quadratic 

production function built into the Cpr had changed over time. In addition these models 

will have to capture the essential components and actions of resource management 

institutions. Although some theoretical tools exist, such as the IAD fi-amework and A 

grammar of institutions, to assist in this effort, such models will be considerably more 

complex than the ones developed for this dissertation. 

However, if these challenges can be met in a series of incremental efforts, the 

potential power of modeling and simulation as a tool for assisting us in our understanding 

of these systems cannot be understated. 
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