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Abstract

While complex adaptive systems (CAS) theories focus primarily
on phenomena such as systemic robustness against perturbation, self-
organization, and on the emergence, transformation, and dissolution of
organizational entities or action patterns, the metaphorical resonance of
CAS work is not easily translated into careful scientific results. It can
be very difficult to identify the right level at which to develop more pre-
cise theoretical generalizations with well-specified domains of applicabil-
ity. And constructing experimental parameters that cleanly map to im-
portant, general constructs is usually not a simple exercise. This paper
demonstrates an approach to this problem. We report results of agent-
based simulation experiments in which the basic activity of the agents is
to play the Iterated Prisoner’s Dilemma with other agents. We system-
atically investigate how the emergence and maintenance of cooperation
is affected by variations in three key dimensions: (1) strategy space from
which the agents’ strategies are selected, (2) the interaction processes that
channel agents into interactions, and (3) the adaptive processes that gov-
ern the changes in agents’ strategies over time. Overall, our experiments
both confirm results which have been reported in the literature (e.g., that
embedding agents in a 2 dimensional space can lead to the emergence of
cooperation), and our results demonstrate surprising results (e.g., that
high levels of cooperation can arise even when agents are randomly mix-
ing, when the agents use simple deterministic strategies and update them
using a kind of evolutionary algorithm). Our results also support a gener-
alized view of “neighborhood” where the important factor is the degree to



which the interaction processes lead to context preservation, independent
of any particular topology. The preservation of context, even as agents
are changing their strategies, acts as a "shadow of the adaptive future,”
resulting in sets of agents who are highly cooperative and resistant to
invasion by cheaters.

1 Introduction

Many social scientists have an intuitive sense that the development of research
on complex adaptive systems promises to illuminate major themes in the study
of social organization that are not easily understood from more classical per-
spectives. Complex adaptive systems (CAS) theories appear to focus centrally
on phenomena such as sensitive dependence on history, (and conversely) on sys-
temic robustness against perturbation, on self-organization, and on the emer-
gence, transformation, and dissolution of organizational entities or action pat-
terns.

However, the metaphorical resonance of this work is not easily translated into
careful scientific results. There are many studies of particular complex systems,
either empirical or theoretical, that offer persuasive analogies to students of
social systems. But there is still considerable difficulty in identifying the right
level at which to develop more precise theoretical generalizations with well-
specified domains of applicability. On the one hand, the causal mechanisms act
at very low levels, involving the interaction and adaptation of individual agents—
agents who are acting in a specific problem domain, using strategies appropriate
to that particular domain. Thus the causal level is far too detailed to serve as a
basis for building general theories. On the other hand, the dynamics of complex
adaptive systems are a result of various nonlinear interactions of the underlying
causal mechanisms, non-linearities which differ from domain to domain. Thus
it also is hard to build general theories that apply across many domains using
high level, domain-independent constructs.

An additional impediment to the discovery of useful, general theoretical
concepts is the difficulty of constructing experimental parameters that cleanly
map to important, general constructs. For example, one way to bias interactions
between agents is to embed them in a 2 dimensional (2D) space, and allow them
to interact only with their immediate neighbors. Note that if agents do not move
(or move slowly relative to other dynamics in the model), the imposition of this
neighborhood bias means that not only will each agent continue to interact with
the same agents over long periods of time (often the intended effect of embedding
agents in a 2D topology), but the neighbors of an agent also will be neighbors
of each other. Thus effects attributed to one theoretical concept (preservation
of neighbor relations) could be in part the result of another concept (neighbors’
shared neighbors). This kind of confounding of potential theoretical concepts
relative to experimentally manipulable parameters is quite common in CAS



models, in part because it is difficult to avoid such confounding when building
models out of socially plausible mechanisms.

This paper reports an approach to this problem in the context of one broad
area of interest, namely the creation of theories which help us understand the
conditions which lead to the emergence, maintenance, transformation and dis-
solution of population-level patterns of activity. These patterns of activity in
turn can lead to effective social outcomes and high-level social structures. In
particular, we are interested in how the emergence and maintenance of patterns
of activity are affected by variations in the forces influencing interaction pat-
terns between agents, by variations in the adaptive processes used by the agents
and by interactions between these two dimensions.

In this paper we establish a systematic experimental framework for studying
the emergence of social action patterns in populations of simulated agents. Our
experimental design derives from three key facts:

1. The nature of the problem domain confronting the agents, and the types of
strategies agents can use to cope with those problems, in part determines
the resultant population-level patterns of activity.

2. Human beings live within arrangements of space, social labeling, and orga-
nizational roles that make some interactions much more likely than others.

3. Human beings' learn rapidly, if imperfectly, from comparisons of their
own experience with that of others.

In this paper we report results of agent-based simulation experiments in
which the basic activity of the agents is to play the Iterated Prisoner’s Dilemma
with other agents in a population. (However, our experimental design was cre-
ated to apply to many other forms of action such as market exchanges, friend-
ship formations, disease transmissions, or rumor diffusions.) We systematically
investigate the effects of variations in three key dimensions:

e the strategy space from which the agents’ strategies are selected;

e the interaction processes that channel agents into interactions with some
agents and away from interactions with others; and

o the adaptive processes that govern the changes in agents’ strategies over
time.

The results of interest are the effects of these systematically varied factors on
the emergence of population-level action patterns—in this case sustained epochs
of widespread mutual cooperation. Overall, our experiments both confirm re-
sults which have been reported in the literature and demonstrate surprising

INote that the model we study also may be applied to systems of non-human agents, e.g.,
by interpreting our learning mechanisms in ways appropriate to evolutionary mechanisms for
adaptation.



results. For instance, our experiments confirm that embedding agents in a 2 di-
mensional space can lead to the emergence of cooperation. But our experiments
surprisingly also show that high levels of cooperation can arise even when agents
are randomly mixing, when the agents use simple deterministic strategies and
update them using a kind evolutionary algorithm. In order to establish intu-
itions and a baseline understanding of the behavior of our agent populations,
we examine in detall two cases, one that leads to all defections and a second
that results in a high level of (nearly) stable cooperation. We then focus on
one factor which influences the emergence of cooperation, namely the extent to
which the various interaction processes preserve, to a greater or lesser degree,
the context of interaction among agents and their descendants. By showing
that cooperation emerges for a variety of interaction processes, we demonstrate
support for a generalized view of the concept of “neighborhood,” i.e., where the
important factor is the degree to which the social (interaction) structures lead
to context preservation, independent of a particular (e.g., 2D) topology.

The rest of this paper is organized as follows: Section 2 introduces the It-
erated Prisoner’s Dilemma and its relationship to dynamic social structures.
Section 3 describes in detail our experimental design, implementation and per-
formance measures. Section 4 describes the overall results of our experiment, in
terms of our three basic experimental dimensions, and discusses some of the most
notable trends and exceptions in those results. Sections 5 through 8 examine
some experimental cases in more detail, in order to show how and why context
preservation is so important for the emergence and maintenance of cooperation.
The paper ends with a discussion of how this work relates to research done by
others, and to studies to be done in the future, followed by a brief summary.

2 The Iterated Prisoner’s Dilemma and Dy-
namic Social Structures

We have chosen the Iterated Prisoner’s Dilemma (IPD) as one of the simplest
settings in which we can study issues we believe to be fundamental. The game
has been extensively analyzed from many perspectives in the social and compu-
tational sciences and is now fairly well known in the general intellectual commu-
nity ([Axelrod, 1984], [Poundstone, 1992]). As an iterated interaction between
two players, it requires each to choose, before knowing the choice of the other,
whether to ”cooperate” or to ”defect.” The utilities resulting for each player are
shown in the following matrix, with the first number in each cell being the result
for the player labelled Row, the second number for the player labeled Column.

The dilemma is fundamental to social life: how to sustain over time a pattern
of cooperation between agents that may be quite beneficial to both, when in
the short run it is always in the interest of each agent to defect, no matter what
action the other agent may take. (It should be recalled that the actions labelled



Column

Cooperate Defect
Row Cooperate 3,3 0,5
Defect 5,0 1,1

Table 1: The Prisoner’s Dilemma Payoff Matrix

“cooperate” may not be benign to third parties. The actors could be fixing
prices or attacking their shared enemies just as well as they could be disposing
properly of toxic waste or sharing socially valuable data.)

We regard a sustained regime of cooperation among a collection of agents as
a kind of emergent social structure, in which the reciprocation of cooperative
actions and the punishment of defection create and maintain the defining action
tendencies of the members of the cooperative set. The agents’ actions reinforce
their roles and renew the resources that sustain the structure within which
they act. This stance has a substantial resonance with sociological approaches
such as Anthony Giddens’ structuration [Giddens, 1984], and with anthropo-
logical dynamics for artifacts and words posited by Hutchins and Hazelhurst
[Hutchins and Hazelhurst, 1990].

The emergence of a cooperative regime has to do with the spread of a com-
munity of self-reinforcing strategies. In a population of PD playing agents, such
cooperative regimes may or may not arise, and if they do, they may be sustained
or they may disintegrate. If they are sustained, they may include all the mem-
bers of the population, or only some of them, and membership may vary over
time. The rates of cooperative behavior occurring within such a regime may
also vary. What determines these alternate histories of emergence is a com-
bination of the nature of the strategies available to the agents, the pattern of
interaction among the agents, and the processes operating that create, destroy
and transform the agents. These observations lead us to the systematic study
of a variety of interaction patterns and adaptation processes that are plausible
in the social world.

This last point deserves emphasis: our interest is not simply in systems
of agents whose strategies do not change, which is a widely studied case (cf.
[Axelrod and Dion, 1988], [Nowak and Sigmund, 1989]). Instead we are inter-
ested in populations of adaptive agents who change their strategies as a result of
the interactions they have with other agents. For this reason we define an agent
as having both a strategy and a location in an interaction space, each of which
may change over time. When agent and strategy are confounded, as happened
in many early IPD studies, the separate contribution of agent-level interaction
processes 1s obscured.

Finally, in our view there is an additional element required for "minimal



realism”: imperfection, (or ”error”, or ”noise”) at all stages of the processes.
Real interactions may always involve failures to execute what was intended,
misperceptions of the actions of others, misjudgments of the experience of others,
and errors in understanding and emulating the strategies of others. We want to
be sure that the results we report are robust, and do not depend on the pristine
exactitude of one particular computer simulation setting. For this reason we
incorporate several sources of error or noise into our models, and study what
differences occur when those sources are present or absent. We shall see that the
presence of error in judging the performance of, and in copying the strategies
of, others will play a key role in many of the results to be reported.

3 Experimental Details

This section describes the model we studied, including the basic model elements
common to all our experimental variations, as well as the three key dimensions
we have systematically varied in this study, namely:

1. The strategy space (StratSp), with 2 variants;
2. The interaction processes (IntProc), with 6 variants; and
3. The adaptive processes (AdpProc), with 3 variants.

Thus our basic experiment consists of 2 x 6 * 3 = 36 experimental conditions,
which we call cases. The 36 combinations of experimental factors are summa-
rized in Table 2, which lists the abbreviated names for the variables (experi-
mental conditions) which appear in figures and tables in this paper, along with
short accounts of the reason for the acronyms.

This section also describes the measures used to track and characterize the
behavior of the model when run under those various conditions.

The basic model consists of a population of individuals playing the IPD with
each other. The population size is always 256. The basic time step is a learning
period, most often referred to as just a period throughout this paper?. For period
0, the initial population is generated by evenly distributing the agents through-
out the strategy space, as described in Section 3.1. In each subsequent period
each individual plays a small sample of others agents from the population; the
exact number and selection procedure is determined by the interaction process
being used, as described in Section 3.2. When two agents play, they play exactly
four rounds (iterations) of the IPD. As a result of these plays, each individual
accumulates an average payoff per move for the period, which is treated as its
“fitness” or “score.” After all agents have played, agents are changed by the

2We refer to the basic time step as a learning period to emphasize an interpretation of
the model as a collection of agents who change by learning in a social context. Under an
alternative, more biologically inspired interpretration of the model, in which agents change as
a result of evolutionary processes, the basic time step would best be called a “generation.”



adaptive process being used for the run, as described in Section 3.3. Then the
next period commences.

A single run of the model lasts 2500 periods (after the initial one), and
various measures are recorded for the run, as described later in this section.
The result of a run is a history of agent activity and change, as well as a
history of resultant population-level aggregate measures. Because these models
include many stochastic processes, we generate 30 histories for each case (i.e.,
for each combination of experimental parameter values), each run beginning
with a different seed for the random number generator.

Abstractly, a run of the model, to generate a single history, proceeds as
follows:

Population(0) = GenerateRandomPopulation(StratSp)
for each Period T
for each individual A from Population(T)
for 4 IPD games
X = GetOtherToPlay(IntProc)
PlayPrisonersDilemma( A, X, 4 Moves )
UpdateCummulativePayoffs( A, X )
endfor
endfor
Normalize Payoffs
Population(T+1) = ApplyAdaptiveProcesses( Population(T) )
endfor

Note that we picked four moves per game because under the general con-
ditions we are using, the shadow of the future imposed by that game length
makes the attainment of cooperation difficult but not impossible [Riolo, 1997a].
This level of difficulty allows us to discriminate population-level performance
between more and less challenging combinations of interaction patterns, adap-
tive processes and strategy spaces. Also note that since strategies are restricted
to the simple memory-1 (7,p,q) type (as described in the next section), individ-
uals cannot make use of knowledge of the fixed number of moves, so they don’t
degenerate into always defecting (because of a known approaching last-play).

The experiments were carried out using software written using the Swarm
simulation package, a free, objective-C based system available from the Santa
Fe Institute® The full experiment reported here involves 36 cases, each with
30 replicated histories, for a total of 1080 histories involving 256 individuals
learning for 2500 periods. Since each individual plays 4 games with 4 other

®For information about Swarm, see http://www.santafe.edu/projects/swarm. A copy of
the software used to carry out the experiments reported here is available on request from the
authors.
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