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Abstract

The study of multi-agent systems (MAS) focuses on the design, development

and understanding of systems composed of multiple interacting autonomous

agents. Typically, the artificial agents in the system are equipped with vary-

ing cognitive and processing abilities and have access to limited information.

Each agent receives a reward (or some measure of utility) for the successful

completion of a given task or problem solving activity. Boundedly rational

agents attempt to maximize their utility by collaborating with other agents

when confronted with tasks that are beyond their individual capacity. How-

ever, the inherent uncertainty of open and dynamic MAS makes it difficult

for agents to identify, establish, and maintain beneficial relationships.

This study investigates the efficacy of enhanced social learning approaches

in MAS. Social learning in this instance can be defined as learning through

observation or interactions with other agents. In the proposed framework,

the social learning paradigm is extended by explicitly incorporating the no-

tions of trust and reputation within an individual agent’s decision making

process. This approach enables the agents to keep track of beneficial in-

teractions with others whose actions have proven to be more successful in

the past. Subsequently, agents can discriminate between their interaction

partners. As a result, agents with lower utility values can learn from trusted

peers to improve their performance. The central hypothesis in this research

specifies that by incorporating specific measures of trust and reputation

within a social learning framework, agents’ interactions will be enhanced

and consequently their long term performance in complex problem solving

scenarios will be improved.

To test this hypothesis, alternative MAS populated with adaptive agents

mapped to the nodes of various network structures are developed. Two



extensions were introduced into the basic social learning model: (1) the

use of adaptive rewards correlated with individual agent strategies and life

experiences given a limited agent life span, and (2) novel extensions to the

way in which trust and reputation were calculated in the MAS based on

endogenous evolving social networks. The performance of the enhanced

social learning model was then evaluated in two disparate domains: (1)

social dilemmas couched as evolutionary games, and (2) advice-seeking in

distributed service provision applications.

The investigations in the evolutionary game theory domain are limited to

spatial models of the well-known Prisoner’s Dilemma (PD) game. Under-

standing how cooperative behaviour can be promoted and maintained in

this social dilemma is the key challenge here. In the first model developed,

agent life experiences and ageing factors are used to generate time varying

rewards within the spatial PD game. Given the complexity of the investi-

gated spatial model, only limited theoretical analysis is possible. Therefore,

computational modeling and numerical simulations of the 2-player PD game

on a regular lattice are studied here.

The 2 × 2 evolutionary game model is then extended to a more general

framework of an N-player PD game. In this model, endogenous evolving

social networks are used as scaffolding for calculating values for trust and

reputation in the MAS. The connections between agents are created, re-

inforced and dissolved autonomously over a period of time based on these

values. The strategic behaviour of the agent population coevolves with dy-

namic social network formation. Thus, there is a bidirectional feedback

relationship between the interaction network topology and the overall sys-

tem behaviour. Of interest here, is the emergent behaviour of the system as

a result of dynamic interactions and in turn the effects of these behavioural

changes on the individuals’ relationship network itself.

The second domain considered in this project, is a generic advice-seeking

framework for resource discovery purposes. This model corresponds to many

distributed service provision applications. These systems are typically com-

posed of a large number of providers offering different services. Users seek



options that “best-fit” their current preferences. The fundamental issue

here is that the characteristics of these options are not known in advance.

Also the task of finding the best-fit services is difficult due to the large

number of available options. Thus, users can benefit from seeking advice

from others before making a decision. However, since the individuals have

heterogeneous preferences, the choice from whom to accept advice becomes

crucial. The enhanced social learning model, utilizing accumulated life ex-

periences and coevolutionary endogenous social networks, is then used to

assess trust and reputation of similar minded agents and thus used to guide

agent decision making.

The simulation experiments provide strong supporting evidence that the

enhanced social learning mechanism is effective in the MAS domains ex-

amined. The results clearly show that it is beneficial for agents to exploit

life experiences and use dynamic social networks when assessing trust and

reputation in MAS. Such techniques can be useful for establishing advan-

tageous interactions, which lead to better long term performance for both

individuals and the system as a whole.
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Chapter 1

Introduction

1.1 Motivation

The study of multi-agent systems (MAS) focuses on the design, development and un-

derstanding of systems composed of multiple interacting autonomous agents, possibly

located in different geographical locations. Typically, the artificial agents in these sys-

tems are equipped with varying cognitive and processing abilities and have access to

limited information. Yet, the substantial functionality of these systems is not limited

to the individuals’ computational power. Subsequently, most of the research in this

area focuses on the distribution, interaction, and cooperation between the constitutive

entities (agents).

Each agent in a MAS receives a reward (or some measure of utility) for the successful

completion of a given task or problem solving activity. In a typical MAS, the agents are

often faced with difficult tasks that are beyond their individual capacity. Consequently,

boundedly rational agents attempt to maximize their utility by interacting with others

[136, 140]. These interactions are potentially in the form of collaboration or resource

sharing with various partners who have complimentary abilities or information neces-

sary to perform a particular task [265]. In fact, in the MAS literature, social ability has

been counted as an important characteristic of an intelligent agent. Understanding the

impacts of social ability is a key challenge in MAS [357]. However, it has been argued

that this issue is much more complex, and much less well understood, than simply the

ability to exchange binary information [356].

The point that is more critical than mere interactions in many multi-agent settings

1



1. INTRODUCTION

is that interacting with appropriate partners has a significant effect on an individual’s

successful performance and therefore the individual’s utility value. To achieve efficient

performance, establishing strategic interactions between the autonomous entities is an

important issue. In many instances, the agents need to identify suitable partners or

teammates with whom to collaborate with in the long term [259, 335]. However, due to

the inherent uncertainty of open and dynamic MAS coupled with incomplete knowledge

of the individuals, it is difficult for agents to identify, establish, and maintain beneficial

relationships.

This thesis investigates the efficacy of enhanced social learning approaches – learn-

ing through observation or interaction with other individuals. Specifically, this study

focuses on enhancing agents’ interactions in MAS by using such approaches. The ma-

jor contribution of this study is extending the social learning paradigm by explicitly

incorporating the notions of trust and reputation within an individual agent’s decision

making process.

1.2 Enhanced Social Learning

The term social learning is used to identify a class of mechanisms for knowledge trans-

mission between individuals without the use of genetic material [51, 205]. More specifi-

cally, social learning in this sense can be defined as a mechanism that allows individuals

to acquire knowledge from others without incurring the costs of acquiring it individually

[56]. Many studies have investigated the functions and the mechanisms of social learn-

ing, emphasizing “imitation” as the underlying protocol that enables social learning to

occur [212, 213, 346].

In imitation – or “imitative learning” [322] – an individual is required to perceive

and reproduce the actions of others. This framework is particularly useful for naive

individuals, as it effectively provides them with a shortcut to “knowledge” that oth-

erwise may have taken them a long time to acquire. Thus, they can spend their time

and energy exploiting their knowledge or learning new things [56]. Research from the

biological domain shows that social learning is an important element in the overall

adaptive strategy of many species [31, 123]. It is clearly indicated that individuals use

the behaviour of their more experienced peers as a source of valuable information [212].

2



1.2 Enhanced Social Learning

Subsequently, insightful ideas can be gleaned from the biological literature in order to

design effective multi-agent systems [212].

The social learning framework can help artificial agents to improve their long term

performance and consequently enhances the overall system performance. Agents can

keep track of their partners with whom they have had beneficial interactions. In ad-

dition, agents may not need to learn everything for themselves. They may benefit by

learning from their more experienced peers [212]. In this view, agents with lower utility

values have an opportunity to imitate the actions of their experienced partners who are

more successful. However, theoretical models and empirical studies of social learning

indicate that relying only on “socially acquired knowledge” is not always advantageous

[100]. For social learning to be useful to a group, individuals must devote some of their

time and energy to learn individually or to innovate [56, 161].

Despite the interesting advantages and strengths of social learning at first sight,

some theoretical work reveals that it can be error-prone, leading individuals to acquire

inappropriate or outdated information in non-uniform and changing environments [36,

70, 80, 100, 143, 260, 266, 338]. In order to avoid these errors and to balance the

advantages against the inherent risks in this framework, current theory suggests that

the individuals should be selective in when, how, and from whom they can learn via

social learning mechanisms [100, 146, 161, 260].

Broadly speaking, the biological literature [36, 162, 212] helps to delineate the con-

ditions under which it will be advantageous for individuals to learn from others rather

than finding things out for themselves. The general perspective indicates that social

learning is more likely to evolve when the costs of individual trial-and-error learning

are high. Also it has been stressed that cultural transmission and the benefits of social

learning are related to the rates of changes in the environment, either spatially or tem-

porally. In static environments, genetic transmission of hard-wired behaviour patterns

can do the job, while in rapidly changing environments, only individual learning can

keep up [212]. Laland et al [162] argue that at intermediate rates of change, social

learning is more advantageous.

Partner selection is the research area within MAS that is concerned with mech-

anisms and models for choosing which agent or agents with whom to engage in in-

teractions in order to solve particular problems [198, 265, 293]. However, given the
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heterogeneity in the agents’ behaviour, abilities, and their preferences, the effect of

finding appropriate role models [254] is a challenge.

There are several approaches to this end. Perhaps the simplest and the most straight

forward mechanism uses a traditional top-down approach where the structure of rela-

tions and interactions are planned at design time. The main issue with this approach is

that its effectiveness depends mainly on the ability and the ingenuity of the designers to

predict optimal connections in advance [56]. The majority of works in this regard, have

applied specific structures of relationships in the forms of particular network topologies

or alternatively used random connections in their design (as will be discussed in chapter

2). However, it has been argued that imposing predefined networks of relations on the

agents interferes with the condition of their autonomy. There is also another problem

considering open dynamic environments, where the conditions and the environmental

circumstances are constantly changing. In such environments, it is not possible nor

realistic to foresee all optimized interactions in advance.

Therefore, there are other approaches in which automatic learning techniques are

used considering the fact that the relationships between the agents should be built

and sustained autonomously and adaptively at run time. In the MAS literature, this

issue has been closely tied to the notions of trust and reputation. As will be explained

in the background (chapter 2), reputation systems are common methods used to gain

information about an agent’s behavioural history [137]. Trust may be defined as a

subjective probability by which an individual A, expects that another individual B,

performs a given action on which its welfare depends [53, 94, 95, 136, 299]. In order

to help an agent to establish effective connections and estimate the trustworthiness of

each potential partner it is important to evaluate these expectations before making

interactions. This can help to decide whether the partner is reliable enough to interact

with. Considering the agents’ partial knowledge in open dynamic multi-agent envi-

ronments, trust and reputation play a central role in facilitating effective interactions

[95, 136, 256]. In this view, agents’ relationships are evolved based on the assessment

of another agents’ trustworthiness [299].

A number of computational models of trust and reputation have been developed

for partner selection and decision making purposes. These models have been investi-

gated in many domains, including evolutionary game theory representing an abstract

framework of real-life situations [45, 361], and concrete applications of MAS in real
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technological systems [197, 280] (a detailed review will be presented in chapter 2).

However, most of the computational models proposed are not suitably applicable in

open MAS. These models typically use a central authority for assessing trust and rep-

utation, which is assumed to be accepted by all the individuals that join the system.

In an open MAS, autonomous agents with heterogeneous characteristics may not be

willing nor able to rely on a generic centralised reputation service. Moreover, some of

the current models require particular knowledge, which may not be generally available

at runtime [136]. In order to interact effectively, the agents should be equipped with

the proper abilities to assess their contacts’ reputation and trustworthiness based on

their individual circumstances. Under these considerations, the development of suit-

able dynamic distributed mechanisms for evaluating trust and reputation in MAS is

necessary.

A significant issue in this area is the process of dynamic relation formation. This

issue has received considerable attention in recent years under the umbrella term en-

dogenous network formation [3, 22, 154]. In these systems, the relations between agents

are built, sustained and broken autonomously over a period of time. In fact, such a

dynamic relation process highlights an interesting trend of research considering the

coevolution of endogenous network formation and the strategic behaviour of the in-

dividuals. In this regard, the specific attention is on the emergent complex global

behaviour of the system as a result of the dynamic interactions and the evolution of

individuals’ strategies. On the other hand, the effects of these behavioural changes

on the individuals’ relationship networks are also considered [249]. As [106] argues, in

most real-world networks there is in fact a bidirectional feedback relation between the

interaction network topology and the system’s behaviour. Consequently, the coevolu-

tion of relationships network topology and strategic behaviour of the individuals has

been investigated increasingly under the banner of coevolutionary endogenous social

networks [7, 106, 112, 129, 138, 295].

These considerations can have substantial impacts on the performance of designed

MAS. Therefore, in order to design an effective social learning framework, notions of

trust and reputation must be considered. This leads to the central hypothesis in this

research:
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“Incorporating concepts of trust and reputation within a social

learning framework enhances the agents’ interactions in a MAS.

Consequently, this framework helps to improve both the individuals’

and the system’s long term performance.”

To test this hypothesis, two extensions are introduced into the basic social learning

model: (1) the use of adaptive rewards correlated with individual agent strategies and

life experiences given a limited agent life span, and (2) novel extensions to the way in

which trust and reputation were calculated in the MAS based on endogenous evolving

social networks. The central hypothesis using the enhanced social learning model was

then evaluated in two disparate domains: (1) social dilemmas couched as evolutionary

games, and (2) advice-seeking in distributed service provision applications.

These ideas are expanded in the next section where the main objectives and aims

of this study are discussed.

1.3 Research goals and questions

The general aim of this thesis is to enhance the performance of MAS by facilitating the

individuals’ interactions. Performance in this view can be explained using examples:

In terms of maximizing both individuals’ and system’s long term utility and/or saving

time and energy in performing particular tasks. To this end, novel approaches are

proposed to enhance social learning by incorporating innovative notions of trust and

reputation. The central hypothesis is the foundation for the major research questions:

1. How can the notions of an agent’s life experiences and ageing factors be employed

for trust and reputation assessment in order to develop effective social learning

approaches? In addition, how can such a framework encourage cooperation in

social dilemmas represented as evolutionary games.

2. How can coevolutionary endogenous social networks be employed for trust and

reputation assessment in order to develop effective social learning approaches?

Moreover, how can such a framework encourage cooperation in social dilemmas

represented as evolutionary games.
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3. How can the enhanced social learning models be applied in a broader perspective

of MAS applications such as service provision applications? Specifically, how can

these techniques be effective in the process of advice-seeking for resource discovery

purposes in distribute service-oriented environments?

4. What are the impacts of heterogeneity in the agents’ behaviour, abilities, and/or

particular attributes (such as preferences) in the investigated situations?

5. What are the structural characteristics of the underlying evolved relationship

networks in the investigated domains?

6. Is there any relation between interaction patterns and the system’s behaviour

in general? Specifically, what are the impacts of such a dynamic relationship

network formation on the individuals’ and in turn on the system’s behaviour?

Alternatively, how can the emergent behaviour of the system affect the individu-

als’ interaction patterns?

1.4 Research methodology

In order to investigate the central hypothesis of this research and the related research

questions mentioned above, this thesis employs agent-based modeling approaches. Fol-

lowing the typical trend in the area of complex adaptive research, this thesis uses

computational modelings and numerical simulations. This framework compliments pre-

vious work in MAS by simultaneously investigating the effects of alternative agent and

network designs and implementations.

The autonomous agents in the nominated application domains have various at-

tributes (such as age, preferences), and behaviours (strategy), as well as different levels

of cognitive processing abilities. The heterogeneous agents are mapped to individual

nodes in the network. Here, the interaction topology is dictated by the underlying

graph structure. The investigations in this research consider a range of alternative

fixed network topologies and evolving structures of underlying relationships in order to

scaffold the interactions between the agents.

To study the behaviour of the developed models and to test the central hypothesis,

a series of independent simulation experiments are carried out investigating various pa-

rameter settings. The analysis includes (but not limited to) time series plots of average
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individuals’ and system’s “utilities”, the emergence behaviour of different “strategies”

in the population, snap shots of the evolving population, and population dynamics. In

addition, the characteristics of the evolved networks are analysed where appropriate. In

each case, the statistical analysis of the results along with appropriate statistical tests

are reported. Further details related to the methodology and model implementation

appears in later chapters (chapters 3, 4, and 5).

1.5 Thesis scope and structure

This section explains how the research questions are addressed in the scope of this

thesis.

1.5.1 Setting the scene: Chapter 2

The background related to enhanced social learning in MAS is presented in four parts in

chapter 2. A comprehensive picture and a typology of trust and reputation mechanisms

in general applications of MAS is described in section 2.1. Thereby, establishing the

general perspective of the broader investigation domain.

This is followed by an overview of evolutionary game theory in section 2.2. Here,

some theoretical and mathematical notions are discussed to set the scene for a formal-

ized framework. This section also discusses the various techniques employed in such

domains for developing trust and reputation mechanisms in order to encourage cooper-

ation among the self-interested agents. Similarities between the proposed approaches

in each domain are highlighted.

To clarify the role of coevolutionary endogenous social networks employed in the

development of models in this thesis, it is necessary to present a general overview of

networks and graph theory. This is done in section 2.3.

Finally in section 2.4, a discussion of the developmental stages of structured models

in evolutionary game theory is presented.

1.5.2 First investigation domain: Chapters 3 and 4

To investigate the efficacy of the enhanced social learning mechanisms, the first inves-

tigation domain considers social dilemmas couched as evolutionary games in chapters 3
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and 4. The impacts of the proposed techniques on the strategic cooperative behaviour

of selfish rational players are explored in these studies.

Encouraging “cooperation” and “coordination” in populations of self-interested au-

tonomous rational-bounded entities is a crucial factor in the performance of MAS. This

issue is related to many disciplines such as biology, economics, sociology among others.

There are numerous distributed systems such as peer-to-peer (P2P) overlay networks

[159, 189, 262, 263], increasingly introduced for communication and content provision.

A critical point in these scenarios is that they all generally depend on a degree of indi-

vidual altruism and the cooperation of autonomous self-interested peers without which

the total benefit of such systems will deteriorate [6]. In such situations, autonomous

individuals can choose to act cooperatively and contribute to the social welfare or be-

have selfishly by not investing anything and only enjoy the free benefits shared among

all the members of the community (called free-riding [2, 79, 366]).

However, without some form of intervening mechanisms and considering the cost

incurred to the contributor, there is no incentive to act altruistically. Thus, there is

a tendency for selfish behaviour where the individually rational outcome (maximizing

one’s own utility) is not the socially rational outcome (maximizing the combined utility

of all participants) [6]. On the other hand, in long run the participants are worse off

acting according to their self interests than if they were cooperating and coordinating

their actions. This represents a classical social dilemma that has been widely studied

for decades in the literature usually under the name of tragedy of the commons or public

goods games [113].

The studies in this area are usually concerned with introducing and investigating

different forms of intervening protocols or mechanisms to encourage the individuals

to act for the community. Theoretical analysis predicts individuals should rationally

behave selfishly in such circumstances. However, cooperative situations do exist in

many real-life situations. Understanding how cooperative behaviour emerges and is

sustained within those populations, and consequently designing effective mechanisms

to encourage cooperation in artificial MAS, has been the focus of a great deal of research

and still is an open question attracting research community’s interest.

For this purpose, game theory (GT) [23, 25, 92, 171, 199, 206, 243, 244, 257, 264,

336] and specifically evolutionary approaches in game theory [49, 84, 98, 127, 128, 188,

231, 249, 277, 297, 314, 342] have been employed as appropriate mathematical tools
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to abstractly capture such situations and provide opportunities for strategic investi-

gations of different real-life scenarios. Simple games with rich dynamics have proven

to be a powerful tool for capturing complex dynamics in different systems and fields.

Among them, the well known, non-zero sum game the Prisoner’s Dilemma (PD) [10]

(details in chapter 2) presents the most difficult setting for the evolution of coopera-

tion. The aspects of cooperation can also be found in other social dilemma games, but

they represent somewhat relaxed situations [233]. Therefore, the PD and its variations

(Iterated PD (IPD), Spatial PD (SPD), N-player PD (N-PD)) have been used exten-

sively as abstract platforms in the literature for studying the evolution of cooperation

[10, 170, 218, 226].

This thesis also adopts the PD game as a study platform for the first investiga-

tion domain. Focusing on the spatial iterated PD on a regular lattice, initially ideas

of agents’ life experiences and ageing factors are taken into account to generate time

varying rewards in chapter 3. In this context, mechanisms of adaptive payoffs based

on agents’ life experiences and age as well as their strategies are proposed with specific

attention to the evolution of cooperation. In this framework, the impacts of the agents’

heterogeneity on the trajectory of the system’s behaviour are studied. While the un-

derlying relation network is fixed over the course of the game in this initial version, the

attempt is to explore innovative concepts of reputation for updating strategies in such

a framework. Given a limited time constraint (agents’ life-span), a novel social learning

technique is designed based on imitating the most successful contact who is also “older”

reflecting the trustworthiness of its accumulated life-experiences. This study particu-

larly focuses on introducing notions of agents’ heterogeneity into the games as well as

investigating the importance of such factors in the evolution of cooperation. Consid-

ering the complexity of the investigated framework, only limited theoretical analysis

is possible here. Therefore, computational modeling and numerical simulations of this

spatial 2× 2 PD game are presented here.

In the next step, this 2 × 2 model is extended to a more general framework of an

N-player PD game where coevolutionary endogenous social networks are employed in

chapter 4. A key goal is to understand how the enhanced social learning mechanisms

facilitate agents’ partner selection and decision making processes. Particularly, it fo-

cuses on how endogenous formation of relationship networks can be applied to assess

trust and reputation of the agents in order to help the evolution of cooperation in larger
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groups of players (in contrast to the basic 2-player game) without interfering with the

agents’ autonomy. In this view, the connections between the agents are built, sustained,

and broken autonomously over a period of time. Consequently, the strategic behaviour

of the individuals coevolves with dynamic social network formation. The investiga-

tion in this chapter starts with a simple scenario where there is no means of assessing

reputation in the NIPD framework and then reputation mechanisms are added in two

separate steps for partner selection and decision making purposes. Finally, the pro-

posed techniques are applied together in a model, which exploits reputation for both

purposes at the same time.

The important focus here is on the emergent behaviour of the system as a result

of dynamic interactions and in turn the effects of these behavioural changes on the

individuals’ relationship network itself. Next, the effects of individuals’ heterogeneity

are investigated in this model with applying the time varying payoff mechanisms pro-

posed for heterogeneous agents in the previous chapter (chapter 3). In all steps the

coevolution of the underlying evolved relation networks and the emergent behaviour of

the system as well as the individuals’ strategies are analysed.

1.5.3 Second investigation domain: Chapter 5

Having investigated the performance of the proposed techniques in the abstract domain

of evolutionary game theory in chapters 3 and 4, the focus of this study turns to a

broader perspective of MAS general applications. As the second inquiry domain, this

thesis considers distributed infrastructure technology applications in chapter 5.

A generic advice-seeking framework for resource discovery purposes is designed and

developed in this chapter, which represents a distributed service provision system such

as a service-oriented technique, web services, or an online social community. Typical

characteristics of these systems are defined as they are all composed of a large number

of providers offering different but possibly overlapping services/resources [319]. The

users of such systems usually seek to select resources that “best fit” their current

requirements or preferences.

The fundamental issue with such systems is that generally, the characteristics of

their services or items are not known in advance for the prospective users. Therefore,

the task of finding the “best fit” resources is difficult due to the large number of available

resources to select from, and the lack of knowledge about the actual characteristics of
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them before they are accessed. In such situations, agents require the assistance of

intelligent mechanisms to guide their selections. Different approaches in web services

[74, 290] and recommender systems [337, 339] have been developed to deal with this

issue, each with its own advantages and disadvantages.

It will be shown in this chapter how the direct exchange of selection advice between

the users or components of the system as a dynamic distributed mechanism can be

beneficial. The rationale behind this approach is that in a multi-agent setting, agents

may not need to learn everything for themselves. They can benefit by learning from each

other and sharing their life time accumulated information regarding their environment

[212]. This can speed up the process of task accomplishment and may lead to better

performance in some situations [56, 254, 260]. It may be beneficial to allow users

to seek advice from others before making a decision. However, due to the diversity

of the individuals’ requirements and/or preferences, the choice from whom to accept

advice becomes crucial. In situations where there might be a large number of peers

whose preferences might not be publicly or explicitly available, identifying users with

compatible preferences is often difficult.

The enhanced social learning model, utilizing accumulated life experiences and co-

evolutionary endogenous social networks, is used in this chapter to assess trust and

reputation of “similar minded” agents in order to guide agents decision making and

partner selection processes. Based on local information only, users adopt heuristic

techniques to identify which of the other users are able to provide suitable advice and

subsequently to form connections with them autonomously. This will lead to an im-

provement in users’ resource selection process and increase their benefits. Through

extensive computational simulations it will be shown how this capability affects the

match between the agents’ preferences and the resources they access and how the un-

derlying connection network coevolves with advice exchanging process.

It should be stressed that even though the generic advice-seeking framework illus-

trated in this chapter is inspired by several distributed service provision systems, the

goal here is not to model and develop solution for any particular application. Rather,

the objective of this study is to set up a specific, controlled platform, representing

semi-realistic applications of MAS, in which the performance of the enhanced social

learning mechanisms can be evaluated.
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1.5.4 Discussion and Conclusion: Chapter 6

The summary of the contributions in chapters 3 to 5 are presented in chapter 6. Specif-

ically, the significance of the introduced enhanced social learning mechanisms outcomes

in each study will be discussed. This is followed by discussing the limitations of the

presented research and identifying potential avenues for further work in the future.

1.6 Research contributions and publications

The key contributions of this thesis are summarized below. The published papers

describing the outcomes of this research are also listed.

1. In order to measure trust and reputation and to facilitate agents’ interactions,

techniques of adaptive rewards based on agents’ strategies and life-experiences

given a limited life-span are proposed in chapter 3. As a result, a novel frame-

work of enhanced social learning is designed for encouraging cooperation in a

version of the well-known 2-player PD game on a regular lattice with dynamic

payoff characteristics. Innovative notions of reputation based on peers’ success

are used to guide the agents’ decision making processes and the effects of agents’

heterogeneity are investigated in this framework. This study represents a more

realistic approach to better capture real-life situations where the environment

is dynamic and the entities are not necessarily similar. Such an investigation

addresses the central hypothesis tested in this study, specifically the considered

questions 1, and 4 mentioned in section 1.3.

The presented work in chapter 3 has been published as:

• G. Rezaei and M. Kirley (2008). Heterogeneous payoffs and social diversity

in the spatial prisoner’s dilemma game. Proceedings of 7th International

Conference on Simulated Evolution and Learning (SEAL), volume 5361 of

Lecture Notes in Computer Science, pages 585–594, Springer.

• G. Rezaei and M. Kirley (2009). The effects of time varying rewards on the

evolution of cooperation. Evolutionary Intelligence, 2(4):207-218.

2. In order to measure trust and reputation and to facilitate agents’ interactions,

coevolutionary endogenous social networks are employed in chapter 4. As a result,
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effective social learning mechanisms are designed by incorporating novel concepts

of trust and reputation for partner selection and decision making purposes. The

techniques are investigated in a game theoretic domain for encouraging coopera-

tion in a more general framework of N-player PD game. This study addresses the

central hypothesis tested in this research, specifically the considered question 2

mentioned in section 1.3. Moreover, in order to explore questions 5 and 6, a thor-

ough analysis of the underlying endogenous evolved network has been considered

and its effects on the system behaviour have been investigated. Also issues of

agents heterogeneity and dynamic environments in the NPD game framework are

taken into account by extending the previous studies of dynamic payoffs mech-

anisms. Such consideration further reflects the investigation of the mentioned

question 4 above.

The presented work in chapter 4 has been partially published as:

• G. Rezaei, M. Kirley and J. Pfau (2009). Evolving cooperation in the N-

player prisoner’s dilemma: A social network model. In K. B. Korb, M.

Randall, and T. Hendtlass, editors, Artificial Life: Borrowing from Biology

(ACAL), volume 5865 of Lecture Notes in Computer Science, pages 32-42,

Springer Verlag, Berlin.

• An extended version of the above mentioned paper is under preparation.

3. In order to measure trust and reputation and to facilitate agents’ interactions,

accumulated life experiences and evolving social networks have been utilized to

enhance decision making and partner selection processes of the agents in chapter

5. As a result, an effective social learning mechanism is designed in a broader

perspective of MAS applications. The scenarios in this study illustrate an advice-

seeking framework in a distributed service-oriented infrastructure. In such situa-

tions, the agents with heterogeneous preferences need to learn and identify bene-

ficial resources through finding suitable interaction partners. Using the proposed

social learning mechanisms, the agents are able to establish appropriate connec-

tions with other similar minded peers in the population to seek advice from. This

study addresses the central hypothesis tested in this research, specifically the con-

sidered questions 3 and 4 mentioned in section 1.3. To explore questions 5 and
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6 in this general context, the formation of the underlying evolved networks and

their effects on the system’s behaviour are analysed.

The presented work in this chapter has been partially published as:

• G. Rezaei, J. Pfau and M. Kirley (2010). Distributed Advice-Seeking on

an Evolving Social Network. In Proceedings of the 2010 IEEE/WIC/ACM

International Conference on Web Intelligence and Intelligent Agent Technol-

ogy - Volume 02, WI-IAT ’10, pages 24–31, Washington, DC, USA, 2010.

IEEE Computer Society.
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Chapter 2

Background

This chapter describes general background material for the thesis. A brief overview of

the literature relevant to the proposed enhanced social learning models is presented.

Further discussion of the related work specific to the application domains follows in the

relevant chapters. This chapter is divided into four sections:

Section 2.1 introduces the key concepts of trust and reputation within a MAS

framework. Definitions for each of the concepts are presented. A coherent typology is

then depicted, which illustrates how trust and reputation values can be used within an

enhanced social learning framework.

Section 2.2 presents an overview of the related literature in evolutionary game the-

ory. The emphasis in this discussion is based on highlighting the similarities (and

differences) between mechanisms that promote the evolution of cooperation in social

dilemma games and trust and reputation mechanisms in MAS.

The role of interactions between agents is a key component of the proposed models

investigated in this thesis using enhanced social learning. Here, the underlying networks

control the interactions between agents. Therefore, in Section 2.3 a brief description of

complex networks (graph theory) is presented. This is followed by a brief discussion of

evolutionary games on graphs in section 2.4.

The discussion to follow will not attempt to be exhaustive in each case, but rather,

to familiarize the readers with the literature in this area and to build a common ground

reflecting the research models in this thesis.
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2.1 Trust and Reputation in Open Multi-Agent Systems

Considering the uncertainty and the lack of sufficient information for decision making

and partner selection in open dynamic multi-agent systems (eg./ on-line service provi-

sion and general computer mediated transactions), trust and reputation have played a

substantial role in establishing effective interactions among individuals in such environ-

ments [95, 136, 256, 280]. During recent years a wide variety of trust and reputation

techniques have been developed in different areas such as distributed artificial intelli-

gence, economics, and evolutionary biology [136, 197, 256].

These computational models have utilized various notions of trust and reputation,

which are often confused with other concepts related to them [1, 197, 280, 362]. This

area of research does not seem to be very consistent where several researchers have

tried to present different typologies and categories, sometimes with overlapping bound-

aries [186, 280], for the existing mechanisms. In this section, definitions for trust and

reputation are presented. A coherent classification of the existing approaches will be de-

picted which establishes a connection between different terminologies. Notable existing

models in each case will be introduced subsequently.

2.1.1 Basic definitions of Trust and Reputation

Trust is a challenging notion and manifests in human relations in different forms. It is

used for different purposes with different meanings. Therefore, there is no consistent

definition for trust in the literature [185, 186]. Identifying four aspects of broad notion

of trust – dependence, reliability, utility, and risk – Jøsang et al. [280] argue that in

fact a general vague definition could be more useful in the sense that it encompasses

all of these implicit aspects of trust.

However, they distinguish reliability trust and decision trust as two common def-

initions of trust [280, 281]. Reliability trust is interpreted in terms of reliability of

something or somebody. According to Gambetta [94] it is defined as a subjective prob-

ability by which an individual, A, expects that another individual, B, performs a given

action on which its welfare depends [53, 95, 136, 299]. Further, considering the fact

that trust is a more complex concept than this definition, McKnight and Chervany

[185] define decision trust as the extent to which one party is willing to depend on

something or somebody in a given situation with a feeling of relative security, even
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though negative consequences are possible. To help artificial agents in a MAS to estab-

lish effective connections and estimate the trustworthiness of their potential partners,

it is important to evaluate these expectations before making interactions. This can

help to decide whether the partners are reliable enough to interact with.

The concept of reputation is said to have close links with trust notions although

with some differences [280]. Ismail et al. [137] indicate reputation systems are a

common method of gaining information about an agent’s behavioural history. Mui

et. al. [197] also discuss that reputation refers to a perception that an agent has of

another’s intentions and norms.

Generally speaking, trust reflects a personal or subjective measure, which stems

from private knowledge or experiences. However, reputation can be interpreted in terms

of collective measures of trustworthiness, which is achieved by aggregating the referrals

or ratings received from other members in a community [280]. In this view, trust

systems take subjective general measures of trust as input to produce such score while

reputation systems objectively consider information or ratings about specific events,

such as transactions, as their input. Despite these differences, Jøsang et al. [280] have

observed that some trust systems incorporate elements of reputation systems and vice

versa. Hence, it is challenging to classify all of the existing approaches clearly.

2.1.2 A coherent typological view

Given the conflicting definitions of trust and reputation, it is necessary to consider a

coherent typological view. In the following, a thorough classification of the existing

mechanisms (depicted in figure 2.1), is presented based on the reviewed literature with

illustrating similarity lines between different views.

2.1.2.1 Micro – Macro level

According to Mui et al. [197], at the topmost level (level I in figure 2.1), reputation can

be considered from two perspectives; individuals or groups of individuals. It is worth

noting that the terms individual and group, have been used in the literature of trust

and reputation for different purposes and concepts. Thus, in order to prevent further

confusion, here the individual perspective is referred to as micro level and the group

perspective as macro level.
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Figure 2.1: A coherent typology of trust and reputation techniques.

The macro aspect of reputation has been studied by economists from the perspective

of the firms [157, 310, 321]. It has been suggested that a firm’s (group) reputation can

be modeled as the average of all its members’ reputation or as the average of how the

group is perceived as a whole by external parties [197, 280]. In this vein, it has been

also argued that the members of a reputable group can be perceived as reputable and

vice versa [310]. A schematic representation of this view is illustrated in figure 2.2(a)

in contrast to micro perspective in figure 2.2(b).

On the other hand, the micro level of reputation is more applicable and has been

exploited in most of the existing reputation systems such as those in eBay, Amazon,

Free Haven, or Slashdot [59, 261]. Similar aspects of the micro perspective is also

considered in this thesis. Therefore, this perspective will be explained in more details

in the following sections.
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(a) Macro (b) Micro

Figure 2.2: Macro vs. Micro perspective of trust and reputation

2.1.2.2 Micro level – Active vs. Passive

From the micro perspective, reputation can be evaluated by two approaches (level II

in figure 2.1). In situations where agent A (the evaluator) needs to evaluate agent B’s

(the target) reputation, the evaluator can actively look for some measures of reputation

of the target agent and collect them itself. Or alternatively, in passive approaches, the

target agent can seek the trust of the evaluator by presenting some measures and

arguments about its own trustworthiness.

Huynh et. al. [136] talk about passive approaches in terms of third-party references.

Such references could be produced by the agents that have interacted with the target

agents previously and certified its behaviours. Alternatively, they could be the target

agent’s identity, its certifications (e.g. authorised dealer, performance awards), or its

sources of products (to guarantee their quality). The target agent stores such certified

references and provides them on request to gain the trust of the evaluator. In this

vein, some concepts of endorsements [180] and certified reputation [177, 240] are also

introduced.

On the other hand, active approaches are further divided into two groups of direct

and indirect methods [197] (level III in figure 2.1) which will be explained in the

subsequent sections.
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2.1.2.3 Active Direct approaches

Direct mechanisms refer to reputation estimates by an evaluator based on direct ex-

periences (seen or experienced by the evaluating agent first hand). Generally there

exist two views of personal and collective methods in this category (level IV in figure

2.1). Researchers have used different terminologies for these views, however, they are

conceptually similar.

Personal: This view is based on actual encounters and the various relationships that

may exist between a reputed agent and his or her evaluating agent. Mui et.

al. [197] refer to it as personalized or encounter-derived reputation where the

evaluator uses its previous experiences in interacting with the target agent to

determine its trustworthiness. It has been also mentioned as subjective reputation

[272], the individual dimension of trust [274], experience-based trust [93], and

individual or interaction trust [136]. In each of these, a form of interaction scoring

and thus interaction trust, forms the basis of the reported trust and reputation

metrics [299].

This issue has been studied by many researchers [272, 362, 363] where it has

been argued that an agent is likely to have different reputations in the eyes of

others, relative to the embedded social network [196]. This argument is based on

sociological studies of human behaviour [42, 258] that depending on factors such

as environmental uncertainties, agents’ reputation in the same embedded social

network often varies [153].

Collective: This notion, alternatively known as societal view of reputation [136], con-

sists of aggregated observations and experiences by a society of agent B’s regard-

ing its past behaviour that are then made available to agents who themselves have

not interacted with B. Mui et. al. [197] talk about it in terms of global quantity

or observed reputation.

Such view has been mostly adopted by centralized reputation mechanisms, service

provision trust models [105], and popular online commerce systems [66, 262, 294].

The users of these systems can rate each other and report the behaviour of one

another in past transactions to a centralised rating system. The ratings are

then stored centrally and the reputation value is computed as a function of the

22



2.1 Trust and Reputation in Open Multi-Agent Systems

cumulative positive and non-positive ratings over several recent periods (eg./

week, month, 6-months, etc.). In such frameworks, users can learn about the

past behaviour of a particular user in their communities to decide whether it is

trustworthy to do business with. Thus, reputation in these models is a global

single value representing a user’s overall trustworthiness.

This perspective is aligned with the work of social network researchers [88, 145,

176] where prestige or reputation is a quantity derived from the underlying social

network. An agent’s reputation is globally visible to all agents in a social network.

In the same way, scientometricians who use citation analysis to measure journal

or author impact factors (i.e., reputation) also rely on the underlying network

formed by the cross citations among the articles [19, 96].

Global reputation also is often assumed in research systems such as Sporas [363],

image score without observers [229], and gift exchange system [268]. As it will be

discussed later in section 2.2, observer based reputation plays an important role

in reputation studies by evolutionary game theorists and biologists (for example

in case of observed tit-for-tat (OTFT) [252] or image-score based games [229]).

2.1.2.4 Active Indirect approaches

Indirect mechanisms refer to reputation estimates based on second hand evidence and

information gathered indirectly. According to Mui et al. [197], three types of inferences

contribute to the basis of indirect measures of trust and reputation.

Prior-derived reputation This notion has been captured on the basis of stereotype

ideas that exist in human societies where there are different prior beliefs, such

as sexual or racial discrimination, about the trustworthiness of strangers. Such

discriminatory priors have not yet been modeled elegantly in multi-agent systems.

However, some work has exploited such notion in a limited manner [195, 229, 363].

Group-derived reputation Models of the macro level (explained in section 2.1.2.1),

can be extended to provide group-derived reputation estimates for agents in social

groups. Studies of the relation between firm reputation and employee reputation

[109, 272, 310], have considered different mapping techniques between the initial

individual reputation of a stranger and the group from which he or she comes
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from. This view has been also called as role-based trust [136] according to the

various relationships that exist between the evaluator and the target agent, or

its knowledge about its domain (e.g. norms, or the legal system in effect). It is

similar to the neighbourhood reputation in Regret [271, 272, 273, 274] where the

reputation of an agent is calculated according to the reputation of the agents that

it is connected to. Such settings or beliefs are mostly domain-specific and can be

captured by specified rules taking into account the roles of the evaluator and the

target agent to assign a predetermined trustworthiness to the target agent.

Propagated reputation In this view, the evaluating agent can attempt to estimate

the stranger’s reputation based on information garnered from others in the envi-

ronment [197]. Huynh et. al. [136] talk about it in terms of witness information

where it can be assumed that agents are willing to share their direct experiences.

This mechanism is similar to the word-of-mouth propagation of information in

human societies [1]. The research work in this thesis partially adopts similar

techniques where reputation information can be passed from one agent to an-

other. Such notions have been utilized in various work [195, 272, 286, 362], with

different methods of combining the gathered information.

2.1.3 Suitable Trust and Reputation models for open MAS

Given the different perspectives on trust and reputation techniques, there are concerns

as to which one of these views should be taken into consideration for evaluating trust

and reputation metrics in open multi-agent systems. It has been argued that such

concerns really depends on the purpose of the application domain and the specific

availability of information [96, 153, 197].

Perhaps one of the most important debates in this area, relevant to the techniques

used in this thesis as well, is the applicability of the central/global mechanisms [13,

38, 130, 261] versus other techniques (mostly distributed/decentralized architectures) to

open multi-agent systems [58, 89, 136, 261]. A significant disadvantage of central/global

mechanisms (apart from having a single point of failure, the problem of bottleneck,

and etc.), has been counted as their central architecture itself. Since there is no central

authority that can control all the agents in an open MAS, an agent may well question

the credibility of those centralised reputation models and decide not to use them [197].
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However, with the development of more large-scale, open and dynamic computa-

tional systems, the need for a suitable trust and reputation model has increased in

recent years. Open systems are defined as systems in which agents can freely join and

leave at any time and where the agents are owned by various stakeholders with differ-

ent aims and objectives [136]. Due to this openness, an agent’s knowledge about its

environment and its peers may change significantly during its life cycle. Consequently,

some information sources may not be available, or adequate, for deducing trust at some

stages. In such situations, trust models that use only one source of information will

fail to provide a trust value of the target agent. Considering these facts, the following

characteristics have been mentioned for a suitable trust and reputation model [136]:

1. It should take into account a variety of sources of trust information in order to

have a more robust trust measure (by cross correlating several perspectives) and

to cope with the situation that some of the sources may not be available.

2. Each agent should be able to evaluate trust for itself. Given the no central

authority nature of an open MAS, agents will typically be unwilling to rely solely

on a single centralised reputation service.

3. It should be robust against possible lying from agents (since the agents are self-

interested).

Reflecting these characteristics, hybrid models have been developed during recent

years. For example, Regret [271, 272, 273, 274] is a decentralised reputation system

which combines various sources of trust information and considers the possibility of

disinformation. It exploits direct trust as individual perspective, and considers witness,

neighbourhood, and system reputations for social dimensions of trust. The performance

of these components depends on the underlying social network. However, it has not

been shown how this important social network should be built. It also suffers from not

being rooted in probabilistic and utility-based terms [299].

TRAVOS [318] is another example. It combines direct trust and witness reputation

where the trust value of a particular agent is calculated as the probability of having

a successful interaction with that agent using the beta family of probability density

functions [57]. However, it has been discussed that TRAVOS’s simplified representation
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of interaction ratings is rather limited and not suitable for a wide range of applications

in open MAS [136].

Huynh et al. [134, 135, 136] have developed a trust and reputation model called

FIRE which incorporates a number of information sources as interaction and role-

based trust with witness and certified reputation to provide trust metrics in most

circumstances. The empirical evaluations show that the integration of these sources

of trust/reputation information, enhances the precision of the trust model and helps

agents gain higher utility by effectively selecting appropriate interaction partners in a

variety of agent populations. However, they have made some unrealistic assumptions

which contradict the situation of an open MAS. For example, it has been assumed the

agents are willing to share their experiences with others (as witnesses or as referees),

and the agents are honest in exchanging this information. Therefore, this framework

has not considered the problem of lying, inaccuracy, and generally various sorts of

disinformation in reported ratings [136].

2.2 Trust and Reputation in Evolutionary Game Theory

Game theory offers an abstract framework of real-life situations where investigation

of different interaction scenarios between individuals are possible [203, 206, 297]. By

adding evolution as a new dimension to the classical approaches, more opportunities are

provided to study the concepts such as indirect reciprocity and evolution of cooperation

[97]. Consequently, the domain of evolutionary game theory has been considered as

an intuitive framework for investigating agents’ interactions and hence, has been a

promising platform to explore trust and reputation mechanisms in multi-agent systems.

To formalize discussion in this area, a general theoretical overview of game theory

is necessary. However, the aim is not to present the whole scope of game theory here as

it is beyond the purpose of this thesis. The main focus is to describe the key aspects of

population dynamics in evolutionary game theory and structured populations as they

underlie the fundamental work done in chapters 3 and 4. Finally, different mechanisms

for evaluating trust and reputation in this area will be taken into account.
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2.2.1 Standard Game Theory

Game theory was developed in economics to describe social interactions and originally

came into being with 1944 book “Theory of Games and Economic Behavior” [206].

It is basically defined as the study of decision making under interacting, and often

conflicting situations [199, 323, 336]. Accroding to Wooldridge [356], games are well-

defined mathematical objects, studied by game theorists, which consist of a set of

players (N), a set of moves (strategies/actions (S)) available to those players, and a

specification of payoffs for each combination of strategies.

The fundamental assumptions that underlie this theory are rationality and strategic

interactions [76, 206, 285, 323]. A rational player is one who takes into account all the

available information in the game and tries to maximize his actual or the statistically

expected payoff in the outcome of the game [97, 257]. It has been argued that the

assumption of full rationality of players is unrealistic in practice (detailed discussion

in section 2.2.1.2). However, such constraint is advantageous for being exactly formal-

izable and providing opportunity for developing a complete and rigorous theory called

standard game theory [323].

The general aim of game theory is to find the equilibria points, which represent the

strategies that the rational players will likely adopt for playing their strategic games

[97]. Historically, several equilibrium concepts such as von Neumann’s famous minimax

theorem [206] and the concept of dominance of a strategy [199] have been developed

based on different motivations. However, the work of the mathematician John Nash

[203, 204], perhaps is the most famous and widely used equilibrium notion. Nash

equilibrium is the central concept in game theory and is conceptually very simple. By

definition, the agents’ strategies are a Nash equilibrium (NE), if no agent is willing

to change its strategy, given that no other agents change theirs [188, 203, 323]. Nash

showed that every finite game G in strategic form has at least one equilibrium in mixed

strategies (a formal proof in [199]).

2.2.1.1 The Prisoner’s Dilemma

To illustrate the fundamental game theoretic concepts introduced above, an example

of a well-known, non-zero-sum game, the Prisoner’s Dilemma (PD) [10, 170, 218, 226]
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Table 2.1: The Prisoner’s Dilemma Game Payoff Matrix

Player 2
cooperate defect

Player 1
cooperate (b-c,b-c) (-c,b)

defect (b,-c) (0,0)

is presented here. Versions of the PD game have been also used in this thesis as the

study platform in chapters 3 and 4.

In its basic format, the PD game is a two-player stage game, typically repre-

sented in normal-form [10, 218]. Here, N = 2 (number of players in the game), and

Si = {cooperate, defect} is the set of available actions that each player can adopt si-

multaneously. That is, a player cannot observe the other player’s move before making

their own move. For pure strategies, an agent plays either cooperatively all of the time

(paying a cost c for everybody to receive a benefit b), or defectively (paying no costs and

therefore distribute no benefits, only receive benefits). In contrast, a mixed strategy

provides a probabilistic model where the agent can decide to play either cooperate or

defect based on sensory information. Each individual receives a specific payoff or utility

value U based on the joint actions of both players [10].

The payoff matrix of the PD game summarizes the outcomes of the joint actions

available to the players as it is shown in table 2.1. The game is a prisoner’s dilemma

if b > c > 0. If both players cooperate, they are rewarded (R) each receiving b − c.
Alternatively, if they both defect they are punished (P ) by not receiving anything. A

unilateral defector would earn the total benefit b (the temptation payoff (T ) which is

the highest payoff), and the exploited cooperator would only pay the cost c without

receiving any benefit (the sucker’s payoff (S)).

The inequality T > R > P > S constrains the game, such that defection is worth
more than cooperation, and mutual cooperation is better than mutual defection. The
dilemma arises in the game as a consequence of the self-interested behaviour of the
agents. Independently of what the other player does, defection yields a higher payoff
than cooperation and is the dominant strategy. The outcome (defect, defect) is therefore
a Nash equilibrium – despite the knowledge and awareness of the dilemma, both players
opt to defect even though both know they are going to receive inferior outcomes. Later
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(in section 2.2.3), it shall be discussed how different mechanisms have been proposed
to encourage cooperation in such competitive situations.

2.2.1.2 Objections to the classical approaches

As it has been explained, game theory in general and NE theory specifically, are built
on the basis of a number of assumptions such as intelligence and rationality of agents
which provides an opportunity to mathematically formalize such framework. However,
these strict characterizations may not fully correspond to the behaviour of real-world
socio-economic agents in behavioral economics [24, 99, 323]. Tomassini [323] argues
that the NE theory has thus normative value, but its explanatory power is limited.

On the other hand, technically there may be several equivalent Nash equilibria
in a game. How to pick up one of those is called the equilibrium selection problem.
Although, there is a rich literature on equilibrium refinement and equilibrium selection
proposing different notions such as saliency, trembles, and perfect and proper equilibria
[199, 323], no solution concept has proven really conclusive.

More over, there seems to be a lack of dynamical view towards the players with
controversial assumption of instantaneous interactions in the standard frameworks (as
opposed to the real-world interactions). In fact in real-world, agents observe their own
behaviour and the behaviour of other agents, and by learning more about the game and
the environment over time, they can adapt their strategies [323]. Humans’ interactions
for example are dynamic with bonding, economic exchanges, learning from each other
and exploration of new strategies [233].

Regarding these issues, the debate continues over the appropriateness of particu-
lar equilibrium concepts, the relevance of equilibria altogether, and the usefulness of
standard mathematical models more generally [90, 174, 193, 278, 292, 302, 323, 332].
Therefore, there have been other approaches for studying interactive decision-making
which make use of evolutionary notions in game theory and answer some of the open
questions in this area [323]. These approaches are discussed next.

2.2.2 Evolutionary Game Theory

Considering the above mentioned objections, the classical approaches have been ex-
tended by adding evolution as a new dimension and dropping the unrealistic assumption
of rationality [97, 232]. In this view, concepts of population of players and interpre-
tation of payoff as fitness have been considered which naturally lead to a dynamical
approach [49, 98, 118, 119, 126, 127, 128, 187, 190, 215, 297, 342]. Evolution with rich
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mathematical formalism has become helpful for understanding and describing biological
reality according to the mathematical laws of evolution [233].

Evolutionary game theory (EGT) originates from the work of Maynard Smith and
Price [298] as a tool for studying animal behaviour [131, 275, 343] which transcends
almost every aspect of evolutionary biology (eg./ [166, 181, 183, 217, 220, 221, 222, 231,
251, 330]). In fact, the population dynamics view of biological evolution has inspired
the fundamental ideas of EGT in the form of Darwinian dynamics (mutation and
selection [231]). In this view, evolution takes part in spreading the successful strategies
and the traits belonging to a higher fitness individual in the population [97]. Such a
process is done using frequency-dependent selection (as opposed to constant selection)
[126, 233, 297]. Frequency-dependent selection means that the fitness values depend on
the relative abundances ( = frequencies) of various types in the population [233].

In contrast to the classical approaches, the main concern in evolutionary game the-
ory is studying the population dynamics rather than the strategy equilibria. It is the
study of how the distribution of pure strategies changes over time. The distribution of
such strategies, defines a population state, which is mathematically equivalent to a no-
tion of mixed strategy in the evolutionary game [275, 343]. The population can converge
to some stable attractor points or converge to an oscillating and chaotic behaviour.

To investigate such intuitive ideas in evolutionary games, generally two complemen-
tary approaches have been employed in the literature [97]. The first category adopts
a theoretical view and exploits various dynamic equations such as replicator dynamics
[314, 342] (referred to as population or selection dynamics [127]). Formalizing such
an environment, these equations are used to determine the possible final states for a
certain population governed by certain dynamics. The second approach (employed in
this thesis as well) uses experimental simulations to study the population emergent
behaviours. Simulations are mostly used in the case of dealing with non-standard mod-
els, in which the population dynamic equations failed in capturing all their modeling
factors [97, 112]. It also can be used in validating the mathematical results of those
equations. To set the theoretical basis for the presented simulation models in the fol-
lowing chapters, the details of the first category in the form of dynamic equations are
discussed next.

2.2.2.1 Formal approaches to Evolutionary Games

Theoretical dynamic equations: Modeling the dynamic equations depends on var-
ious factors such as time, payoffs, population size, number of strategies, and most
significantly on deterministic or stochastic processes [275]. In general, determin-
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istic selection dynamics are most relevant for studying dynamics over moderate
time spans, while for studying interactions in the long-run, stochastic dynamics
are more suitable [279]. Various notions of deterministic selection dynamics, such
as best response, Brownvon NeumannNash, imitation, and mutator dynamics have
been studied in the literature [127, 128, 231, 275]. However, replicator equations
are at the centre of deterministic selection dynamics and are also considered in
the scope of this thesis.

These equations were first formalized by Taylor and Jonker [314] followed by
Hofbauer et al. [125] and Zeeman [365], where a well-mixed 1 and infinitely
large population is considered for mathematical convenience. For this purpose, a
population state at time t is defined as a distribution of n pure strategies given
by a vector of population frequencies x(t) = (x1(t), x2(t), ..., xn(t)), where xi(t)
represents the fraction of the population using strategy i at time t [323].

When individuals are randomly drawn in pairs from the population to interact
with each other, an individual of i-type may meet an individual of j-type and
each will receive some utility/payoff as a result of the game outcome. The payoffs
are analogous to fitness in biology in the sense that they measure the amount
of offsprings that inherit the same trait, i.e. the reproduction capabilities of the
corresponding strategies. The rate of frequency change of any strategy in the
population is assumed to be proportional to the relative difference between its
average payoff and the population average payoff [275]. The motion for the fre-
quency of type i is governed by the following simplified system of linear differential
equations (replicator dynamics) [323, 342]:

dxi
dt

= ẋi = xi(ui − ū) (2.1)

where ū is the average population fitness, and ui is the expected utility (payoff)
of the strategy i in state x [127]. As it is clear from the above equation 2.1,
strategies that do better than the average, will tend to increase their share in the
population, while those that do worse will tend to decline.

In order to study these concepts in a generic two strategies game setting (like the
PD game described in section 2.2.1.1), a game between two strategies A and B

1In the biological jargon, a well-mixed, mixing, or panmictic population is one in which any member

of the population may meet any other member with equal probability. This assumption is essential for

mathematical reasons to insure that the successive random choices of individuals that play the game

are completely uncorrelated [342].
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can be illustrated with the payoff matrix 2.2.

A B

A (a, a) (b, c)
B (c, b) (d, d)

(2.2)

A population of size N is assumed where there are i (0 < i < N) individuals of
type A and (N − i) of type B. The expected payoffs are therefore:

FA = [a(i− 1) + b(N − i)]/(N − 1)

FB = [ci+ d(N − i− 1)]/(N − 1)
(2.3)

It has been shown [8, 144, 224, 233] that A is more abundant than B in the
stationary distribution of the mutation-selection process if (N − 2)a + Nb >

Nc+ (N − 2)d. For large population size, N →∞, one can obtain a+ b > c+ d,
which is the well-known condition for risk dominance in a coordination game
[114].

An important issue (related to this research as well), is about the applicability
of these dynamics in the contexts of social behaviour. Evolutionary game theory
originally has been conceived for biological contexts with well established meaning
for Darwinian selection where strategies reproduce in proportion to their relative
payoffs. Social agents however, use additional mechanisms such as imitation,
trial and error, and all forms of learning during their life time. To answer this,
Tomassini [323] considers imitation as a primitive type of learning and argues
that when agents are endowed with the possibility of imitating more successful
strategies (similar to what have been used in this thesis), the equations that result
turn out to be indistinguishable from standard replicator dynamics equations.
Therefore in this view, replicator dynamics can be interpreted in social terms as
the population strategy dynamics with the advantage of being socially realistic
(with some limitations though), and mathematically fully formalizable.

Another important factor in determining the dynamics is the update rule. Many
different update rules can be considered such as birth-death (BD), death-birth
(DB), imitation (IM), and pairwise comparison (PC) [188, 233, 238, 249, 275].
DB updating rule is explained here as it has been used in this thesis framework.
The readers are referred to the above mentioned references for descriptions of
other rules. According to DB in each updating step, one individual is chosen
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for death at random and one individual for birth proportional to fitness. The
offspring of the second individual replaces the first. This could be also interpreted
as learning events in social context as the form of IM (similar to the technique
used in this thesis). At random, an individual decides to update its strategy and
picks a teacher from the population proportional to fitness and tries to imitate
her strategy. Adding mutation, with probability 1−u, the strategy of the parent
(or teacher) is adopted, and with probability u, one of the two strategies (A or
B) is chosen at random (0 < u < 1).

Evolutionary Stable Strategy: Stable states of the system and how they can be
linked to the static concept of Nash equilibrium are another important aspect
in the theoretical approaches [126, 203, 233, 323]. The concept of evolutionarily
stable strategy (ESS) is a central issue in evolutionary game theory [275], which
was first introduced by Maynard-Smith and Price in 1973 [297, 298]. It has a close
connection with the NE concept and establishes a clear link between the standard
and the evolutionary approaches [323]. A strategy is an ESS in a population if
it can not be displaced (invaded) by a sufficiently small number of individuals
playing an alternative game strategy [275, 323].

Mathematically formalizing this notion, the usual large population setting is con-
sidered where pairs of individuals are repeatedly drawn at random and play the
given game [323]. It is assumed that all the individuals in the population play
(mixed or pure) strategy x. Few individuals play mutant strategy y ∈ ∆(Si) with
ε ∈ (0, 1) being the share of them in the population. Given that pairs of players
are drawn from the population with uniform probability to play the game, the
probability that a player will play y is ε, while the probability of playing x is 1−ε.
This is considered to be equivalent to playing the mixed strategy w = εy+(1−ε)x.
The payoff of the established strategy x against w is thus u(x,w) and that of the
mutant strategy y is u(y, w). Strategy x is said to be evolutionarily stable if

u[x, εy + (1− ε)x] > u[y, εy + (1− ε)x] (2.4)

∀y ∈ ∆(Si), y 6= x, and granted that the share of mutants ε is sufficiently small.
With the following alternative formulations of evolutionary stability, it is linked
to NE:

u(x, x) ≥ u(y, x) ∀y, (2.5)

33



2. BACKGROUND

u(x, x) = u(y, x)⇒ u(x, y) > u(y, y) ∀y 6= x, (2.6)

In conclusion, the concept of an ESS can be seen as a refinement of NE and
∆ESS ⊂ ∆NE , which means that some Nash equilibrium may not be an ESS, a
result that promises to alleviate somewhat the equilibrium selection problem. So,
the set of ESS is a proper subset of the set of NE; however, there are simple games
in which this subset is empty [323]. The possible non-existence of an ESS can
obviously be a problem, but there are some other descriptions of replicator dy-
namics such as the concepts of asymptotic and Lyapunov stability which provide
further characterization (see e.g. [127, 342]) and offer some alternative stability
concepts that can rescue the evolutionary approach [323].

2.2.3 Trust and Reputation for the Evolution of Cooperation in PD

Understanding the nature of cooperation and how it can emerge in natural and artificial
systems have been significant topics of interest in the strategic game theory literature
and evolutionary biology for many decades [12, 39, 60, 87, 182, 192, 225, 232, 328].
Cooperation means that selfish individuals help others at their own expense to the
contrary of natural selection where there is a fierce competition between individuals.
Cooperation is important because it allows construction and emergence of complex-
ity. New levels of organization emerge, because competing entities learn to cooperate
[233]. It is crucial for specialization and leads to biological diversity. Therefore, it has
been argued that cooperation is a third fundamental principle of evolution along with
mutation and selection [216, 233].

Many contributions in this area have considered the social dilemma games. Specially
the simple but insightful 2-player PD game (introduced in section 2.2.1.1), has been used
extensively since it presents the most difficult setting for the evolution of cooperation
[10, 172, 253, 328]. The aspects of cooperation can be found in other games as well,
though under somewhat relaxed situations [233]. The popularity of the PD game
also stems from it being a robust and fundamental method of modeling the emergent
social structures from the reciprocity of cooperative actions in social and biological
communities. Furthermore, the game is appealing for its simplicity of statement and
design and its applicability to agent-based simulations [253].

To encourage cooperative interactions in such a framework, different mechanisms
have been proposed over years which are comparable to trust and reputation mecha-
nisms introduced in section 2.1. For this purpose, different aspects of the conventional
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evolutionary game theory have been challenged by various studies and the basic frame-
work has been extended beyond the simple symmetric games [224, 342]. For example,
one of the most significant endeavours in this regard (also a major theme in this thesis),
is challenging the important assumption of mixing or panmictic populations and the
role of social structures in the trajectory of the system’s behaviour. It will be argued
in detail in sections 2.2.3.4 and 2.4 that when populations are endowed with a rela-
tional or geographical structures, there are important consequences on the evolutionary
equilibria and their basins of attraction [323].

In general, the investigated mechanisms for the evolution of cooperation can be
categorized under three main headings which are namely kin selection [110, 111], group
selection [73, 349, 352], and reciprocal altruism [10, 12, 218, 328] including direct reci-
procity, indirect reciprocity, and network reciprocity [216, 228, 229]. Apart from these
major contributions, there are other potential mechanisms for the evolution of coop-
eration [216] such as green beard effect or tag-based mechanism [139, 327] (catego-
rized under kin selection), voluntary games [118], and the possibilities of punishment
[40, 77, 78, 108, 358]. For each of these mechanisms to be applicable in PD game, the
standard structure of the game-theoretic framework should be altered in some ways. In
the following, a brief overview of each major mechanism will be presented along with
their relation to the broad perspective of trust and reputation described in section 2.1.

2.2.3.1 Kin selection vs. Group selection:

The early investigations about the nature of cooperation (or altruism) in evolutionary
game-theoretic models and biological literature revolved around two main concepts of
kin selection [110, 111] and group selection [73, 349, 352]. Kin selection, or alternatively
known as inclusive fitness [55, 86, 87, 103, 255, 296, 298, 315, 344, 353], is based on the
fact that cooperative behaviour can emerge where the donor and the recipient of the
altruistic act are genetically related enough in the sense that there is a high probability
of sharing a gene [216]. This criteria has been formalized elegantly by Hamilton’s rule
(equation 2.7), where the coefficient of relatedness r, must exceed the cost-to-benefit
ratio of the altruistic act [111].

r > c/b (2.7)

However, there has been a controversial debate for many years that selection does
not need such relatedness to act only at the level of individuals [354]. It actually
may apply at higher levels, namely groups in the form of group selection [352, 355]
where a group of cooperators might be more successful than a group of defectors [7,
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190, 216]. Group selection mechanism considers a population which is subdivided into
multi groups. Cooperators help others in their own group while defectors do not.
Mathematical analyses define a simple rule for the evolution of cooperation in the limit
of weak selection and rare group splitting as follows [326]:

b/c > 1 + (n/m) (2.8)

where n is the maximum group size and m is the number of groups. In this view, group
selection has been regarded as the basis for improvements to individual fitness and
show the importance of group-level organisation in retaining members of a population
[326, 350, 351].

In this view, kin selection is comparable to prior-derived reputation introduced in
section 2.1.2.4. Also group selection can be compared with group-derived reputation
discussed in section 2.1.2.4 or the macro aspects of trust and reputation introduced in
section 2.1.2.1.

2.2.3.2 Direct Reciprocity:

Considering the observation of many natural and biological systems where cooperation
happens between unrelated individuals or even between members of different species,
one can not describe altruism only in terms of genetically related entities (kin selection
and group selection) [216]. Therefore, alternative mechanisms in general form of recip-
rocal altruism have been proposed for explaining the evolution of cooperation in such
conditions [328]. One of the most significant forms of this kind is direct reciprocity.

Direct reciprocity involves iterated encounters where the agents play repeatedly
across a finite number of games [9, 10]. Repeated encounters between the same individu-
als allow for the return of an altruistic act by the recipient [182, 191, 192, 216, 226, 227].
This approach represent the direct personal aspect of interaction trust and reputation
mechanisms explained in section 2.1.2.3. For this mechanism to be applicable, one
should adopt a variation of the PD game known as the repeated or Iterated PD. In fact
such a variation represents a more realistic approximation of many real-world scenarios
and allows for far greater flexibility than stage games. Many results are possible in
repeated games which were not possible in stage games [12, 33, 50, 165, 169, 223, 291,
304].

The constraint, 2R > (T + S), is usually employed in PD game so that players are
not collectively better off if they simply alternate between playing cooperate and defect
roles. Consequently, there are many inherent challenges in promoting cooperation in
the IPD game. Generally, to evolve cooperation it is necessary to run the game either
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infinitely, or the length of interactions should be sufficiently large or unknown to all
agents. It should be noted that when the number of iterations is fixed to a relatively
small predetermined number of rounds, then defection may be a dominant strategy
[356]. The utilities of the repeated game are exactly the same as those of the stage
game.

Different algorithms have been proposed to capture the evolution of cooperation in
the IPD game. Inspiring many empirical and theoretical studies, the highly successful
and simple strategy Tit-for-tat (TFT) is a strategy of this kind [12, 62, 192]. An agent
adopting this strategy, cooperates on the first move and subsequently reciprocates what
the opposing agent did on the previous move. There are other extension of this strategy,
such as generous-tit-for-tat [226] or win-stay-lose-shift [227] which have been proposed
later to alleviate its negative performance under noisy conditions [91, 289]. It has been
shown that when noise is added to the game, Pavlov – a mixed strategy – outperforms
TFT [155, 156].

All these different strategies for the IPD can be generalized under a simple rule
(equation 2.9) shown by Nowak [216]. Direct reciprocity can lead to the evolution
of cooperation only if the probability w, of another encounter between the same two
individuals exceeds the cost-to-benefit ratio of the altruistic act.

w > c/b (2.9)

2.2.3.3 Indirect Reciprocity:

Although direct reciprocity is a powerful mechanism for the evolution of cooperation
[216], several authors have argued that reciprocal altruism should not be limited only
to repeated interactions between the same individuals [11, 23, 32, 63, 182, 304, 328]. In
fact, encountering the same contact repeatedly is impossible under some circumstances
in systems of strong multi-party interactions [228, 328]. In real-life scenarios such as
a large peer-to-peer network, repeated interactions with the same agent are unlikely
[68, 160]. The interactions in human societies are sometimes asymmetric and temporary
when one person is in a position to help another, but there is no possibility for a direct
reciprocation [216].

In case of these scenarios, which are usually modeled by a series of one-shot games
of PD, strategies such as TFT do not work (because the agent’s history is not known)
[68]. To address this issue, models of generalized altruism have been devised where “an
individual does not necessarily receive reciprocal benefit from the individual aided, but
may receive the return from third parties” [329]. Alexander [4, 5] extensively formulated
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this idea under the name of indirect reciprocity where cooperation is channelled towards
the valuable members of the community. In this view, a donor provides help if the
recipient is likely to help others (or has helped others in the past) [229]. In other words,
helping someone establishes a good reputation, which will be rewarded by others. Such
an approach represents notions of direct collective trust and reputation mechanisms
discussed in section 2.1.2.3.

While direct reciprocity refers to the phenomenon of “you scratch my back, I’ll
scratch yours” [68, 348], indirect reciprocity can be expressed in terms of “you scratch
his back, I’ll scratch yours” [23, 107]. Individuals in such environment attempt to
increase image (or status) in the group [175, 364]. Alexander [5] argues that the process
of indirect reciprocity in human societies, has played a significant role in the evolution
of human intelligence [232], emergence of moral systems [5], and social norms [37, 236].

A standard framework of indirect reciprocity, illustrates a situation where pairwise
encounters are randomly chosen without the necessity for meeting of the same two
individuals. One individual acts as donor, the other as recipient. The donor can
decide whether or not to cooperate. The interaction is observed by a subset of the
population who might inform others. Reputation allows evolution of cooperation by
indirect reciprocity [229]. In this case, natural selection favours strategies that decide
based on the recipient’s reputation. It has been shown that individuals who are more
cooperative are more likely to receive cooperation [37, 232, 236]. It is complicated to
mathematically calculate the dynamics of indirect reciprocity. But Nowak [229] has
introduced a simple rule (equation 2.10), which indicates indirect reciprocity can only
promote cooperation if the probability q, of knowing someone’s reputation exceeds the
cost-to-benefit ratio of the altruistic act.

q > c/b (2.10)

This simple but fascinating rule corresponds to Hamilton’s rule 2.7 for kin-selection
approach to altruism [110] where the coefficient of relatedness is replaced by acquain-
tanceship.

Indirect reciprocity has been designed in several ways, for example, utilizing group-
wise perspectives [5], cyclic closed loop mechanisms [35], exploiting image-scores in
communities [229], utilizing notions of strong reciprocity in forms of rewards and pun-
ishments on normative lines [30], or employing observers to record interactions [252].
For example, Pollock and Dugatkin [252] have introduced observed tit-for-tat (OTFT)
as an evolutionarily superior strategy compared to the classic TFT. Similarly, Nowak
and Sigmund [229] use observer agents to determine agent actions in their image-score
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based game [194, 197].

Another perspective in designing notions of indirect reciprocity, is to use centralized
and distributed architectures each with its own advantages and disadvantages (ex-
plained in section 2.1). An effective mechanism in distributed architectures, has been
noted as propagating reputation scores via inter-agent communication, such as word-
of-mouth in human societies [68, 197]. Similar approaches have been introduced under
the notions of indirect propagated trust and reputation mechanisms in section 2.1.2.4,
and have been exploited in this thesis as well for the proposed models in chapters 4
and 5. Such propagation however, could be costly in terms of bandwidth, storage, and
the necessary processing time. There is also no guarantee an agent will find another
agent that has interacted previously with its target opponent. In this vein, Ellis and
Yao [68] introduced a distributed reputation system for the PD game using the notions
of indirect reciprocity. In their model, individuals do not store their own or their oppo-
nents’ image/reputation scores. Instead, these scores are embedded in a social network
in the form of mutually established links. However, this model is potentially vulnerable
to collusion, as agents may leave unjustified positive feedback in order to boost each
other’s scores.

The separation of direct and indirect reciprocity approaches are of course ideal-
ization. In human communities both direct and indirect reciprocity occur together:
as Alexander mentions that “indirect reciprocity is a consequence of direct reciprocity
occurring in the presence of others.” [5, 228]. Therefore, eventually it has been noted
that direct and indirect reciprocity must be combined with other approaches in order
to obtain a complete mathematical theory of social evolutionary dynamics of humans
[233]. The models to be presented in this thesis, attempt to capture such notion.

2.2.3.4 Network Reciprocity:

Idealized assumptions in traditional studies of strategic game framework [127, 128, 231,
297], such as infinitely large and well-mixed populations with deterministic dynamics
[233], are not applicable to many real-life situations. Real biological populations and
human communities have a finite number of individuals where social or spatial con-
straints originate a large amount of locality in their interactions. Spatial distribution
of a population induces more interactions between neighbours than between distant in-
dividuals. Humans in a social network interact with their friends more often than with
strangers. Angus [7] remarks that the assumptions of the classical approaches are only
held in limited particular situations where agents are homogeneous, anonymous, mem-
oryless, and without any bounds of spatial considerations (non-locality). A perfectly
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mixed, pure atomic gas could be a good example of such domains.

As a result, spatial approaches emerged in evolutionary game dynamics [69, 81,
117, 120, 122, 124, 133, 147, 148, 170, 200, 201, 202, 218, 219, 307, 309, 334, 359]
which were followed by evolutionary graph theory [168, 235, 237, 238]. The roots of
these approaches could be traced back to ecology [64, 65, 115, 167, 320], and inclusive
fitness analysis [103, 104, 111, 269, 270, 288, 315, 316, 317] addressing more realistic
approaches to enrich such a framework. The contributions in this regard, moved away
from the uniform, anonymous interactions to non-uniform and endogenous interaction
environments. Since the role of spatial frameworks in multi-agent system interactions
is the major theme of this thesis, a separate section (section 2.4) has been dedicated
to demonstrate the formal description and mathematical analysis of the evolutionary
games on graphs. However, in order to retain the consistency of the current discussion,
a brief overview of the the general trends in this area is presented here.

Broadly speaking, non-uniform interaction frameworks are designed by utilizing
different types of underlying network topologies as scaffolding for interaction struc-
tures. In other words, the relationship network of the players can be captured in terms
of graphs where the individuals of a population occupy the vertices of a graph, and
the edges determine who interacts with whom [152]. Biological, social, and economic
models have been investigated through games of strategy on networks, imposing dif-
ferent forms of topological interaction patterns such as uni-dimensional play on a line,
circle, or higher-dimensional interaction on a regular graph (e.g. a torus) with more re-
cent contributions allowing for richer (statistical) graph environments such as so-called
small-world graphs [67, 150, 151, 152, 179, 301].

It has been shown that the structure of the population affects evolutionary dynam-
ics and have important consequences on the evolutionary equilibria and their basins of
attraction [218] – more details in section 2.4. Considering the actual or likely struc-
ture of a population of players can enhance the cooperation and socially valuable be-
haviour [116, 218, 308]. However, the level of emergent cooperation in the spatial
versions of the game is sensitive to many parameters, including the magnitude of the re-
wards/punishments, population size, initial condition and update rules [9, 116, 170, 218].
Due to the enormous number of possible configurations that can arise in such models, it
is difficult to analyse them mathematically. Therefore as has been discussed in section
2.2.2, these models (likewise the investigations in this thesis) are usually studied by
means of computer simulations [97, 112].

However, given the particular assumptions, Ohtsuki et al. [235] have presented a
simple rule (equation 2.11), which shows that there is a direct correlation between the
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relative costs and benefits of cooperation and defection and the underlying connectivity
of agents playing the game.

b/c > k (2.11)

This rule simply indicates that the benefit-to-cost ratio must exceed the average number
of neighbours k, per individual [216]. It has been argued that high levels of coopera-
tion in these spatial models can be attributed to network reciprocity which is a result
of cooperative clustering effect (more details in section 2.4). By such mechanisms, the
benefits of mutual cooperation can outweigh losses against defectors [218] which even-
tually leads to the prosperity of cooperators (a thorough and comprehensive review in
[308]).

2.3 A brief overview of Graph Theory

Since graphs are the basis for the relationship networks in structured population games,
it is necessary to present some fundamental notions of graph theory in this section.
Considering the theme of this thesis, such information is also required to clarify the
research work to be illustrated in the following chapters. Setting this essential ground,
next in section 2.4, the implications of network structures in game theoretic frameworks
will be demonstrated in more details.

The relationship networks in structured populations can be modeled by graph
G(V,E), where the set of vertices (nodes) V represents the agents, and the set of
edges (links) E represents their interactions such that each edge is associated with a
pair of nodes (agents) i and j. The population size N is the cardinality of V , and G

can be represented simply by giving the N ×N adjacency (connection) matrix whose
entry aij is 1 if there is an edge joining node i to node j and is 0 otherwise [61]. The
links can be directed or undirected which represent asymmetric or symmetric interac-
tions respectively. There could be also some weights associated with the links which
determine the strength of the relationship between individuals. Examples of a graph
are shown in figure 2.3(a), a graph with 8 vertices and 10 edges, and figure 2.3(b) a
network of computers.

Researchers in this area have discussed that studying the networks anatomy and
characterization is very important to understand and explain the function and be-
haviour of systems built upon those networks. For instance, the topology of social
networks affects the spread of information and disease, and the topology of the power
grid affects the robustness and stability of power transmission [47, 207, 303].

41



2. BACKGROUND

(a) A graph with 8 vertices and 10

edges [207]

(b) Network of computers

Figure 2.3: Examples of graph

2.3.1 Network Characteristics

The dynamic properties of networks are fundamentally determined by their topology
[61, 151, 341]. For this purpose, there have been introduced important statistical
characteristics and special metrics typically used in network/graph theory literature
[14, 27, 48, 61, 207, 210, 303]. Generally these metrics are categorized under two groups
of global and local properties. Some of the most important measures, which have been
used in the studies of this thesis as well, are introduced here briefly. However, for an
extensive list of these properties and detailed explanations, the readers are referred to
the above mentioned references.

Two nodes i and j are said to be neighbours such that there is an edge between
them, {eij} ∈ E. The set of neighbours of i is called Vi and its cardinality is the degree
ki of vertex i ∈ V , calculated as ki =

∑N
j=0 eij . Thus, the larger the degree, the “more

important” the node is in a network. The average degree of the network is therefore
noted as k̄ and defined by averaging the degrees of all nodes. The degree distribution of
a network is the distribution over the frequencies of different degrees over all nodes in
the network. The degree distribution function (DDF) P (k) of a graph G represents the
probability that a randomly chosen node has exactly degree k which can be for instance
Gaussian or Power-low as it will be discussed later for some types of networks.

Sub-networks of densely interconnected nodes are called clusters. Clustering coeffi-
cient of a network [C] is a local property which indicates the average probability that
two neighbours of a given node are also neighbours of each other. Ci of node i is then
defined as the ratio between the number Ei of edges that actually exist among these
ki nodes and the total possible number ki(ki − 1)/2 that is Ci = 2Ei/ki(ki − 1). The
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clustering coefficient C of the whole network is the average of Ci over all i. Clearly,
in most examples of networks, C < 1. C = 1 if and only if the network is globally
coupled, which means that every node in the network connects to every other node.

Clustering is also called community which can be loosely defined as a group of highly
connected vertices having few connections with vertices belonging to other communities.
There are several algorithms that can partition the network into a set of disjoint or
overlapping communities [26, 52, 101, 164, 208, 209, 211, 246]. And last but not the
least, is the characteristic average path length L of a network which is a global property.
It measures the average separation between any two nodes in the network. The distance
dij between two nodes, labelled i and j respectively, is defined as the number of edges
along the shortest path connecting them. Thus, L = 1

N(N−1)

∑
i 6=j dij .

2.3.2 Types of Networks

There are few well-defined types of network usually employed or discussed in this area.
These models are each characterized by the way in which networks are created, and by
several resulting statistics, such as degree distribution, average path length between pairs
of nodes, and degree of clustering. A comprehensive discussion of alternative network
architectures can be found in [61, 207]. However, here a brief description of the network
types which provide the scaffolding for the studies in this thesis are discussed.

Random Networks A random network is created by specifying that each pair of
nodes is connected by a link with uniform probability p (each of the possible
N(N − 1)/2 edges exist or not). Such networks were studied from a pure mathe-
matics point of view by Erdös and Rényi [71, 72] where the model is often called
GN,p to show an ensemble of equiprobable graphs [28] and not only a random
graph. Random networks are rather homogeneous, that is, most of the nodes
have approximately the same number of links [151]. The nodes are not clustered
and have short average path lengths [341]. In the limit of large n, many of the av-
erage properties of random networks can be expressed analytically, making them
elegant mathematical objects.

However, random graphs are mainly used for comparison purposes, as it is not
a good model for presenting a real social network. This is due to the fact that
some key properties of Erdös-Rényi random networks turn out to be quite differ-
ent from those seen in most real-world networks. For instance, random networks
do not exhibit strong clustering of nodes. Also the degree distributions of ran-
dom networks are approximately Gaussian, characterized by degree distribution
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(a) Circular Regular Network (b) Lattice Regular Network

Figure 2.4: Examples of regular network structure

function of Poissonian form p(k) = k̄ke−k̄/k! [207].

Regular Graphs A graph is regular if all individuals have the same number k, of con-
nections which is called the degree of the graph. Regular networks are clustered.
The family of regular graphs includes many spatial lattices, grids, and also ran-
dom regular graphs. In figures 2.4(a) and 2.4(b) examples of a one-dimensional
(1-D) circular and a two-dimensional (2-D) square grid (lattice) regular graphs
are shown respectively. In this regard, the study in chapter 3, employs a 2-D
lattice, with Moore neighbourhood and periodic boundary conditions.

However, regular graphs are also not a realistic representative of actually observed
social networks where there is no reason for all the agents to have the same number
of connections. Moreover, regular networks do not show the small-world effect as
it will be explained in the following.

Small World Networks In 1998, Watts and Strogatz introduced their small-world
network model [341] which is a better representation of realistic social networks
and is the transition from a regular lattice to a random graph [340, 341]. To
build a small-world network, a regular graph (for example a circular network
shown in figure 2.4(a)) is considered. One end of each link is rewired with small
probability p to a randomly chosen node in the network. For p = 0 the result is a
completely regular network; for p = 1 the result is a completely random network.
For low but non-zero p, the result is a network with many local connections and
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Figure 2.5: Example of small-world network structure

a few long-distance connections. Smallworld networks are highly clustered and
the minimum path length is relatively short.

Such networks have the so-called Small world properties; high clustering coef-
ficient and small average path length which grows slowly as O(logN) where N
is the number of vertices in the network. An example of small world graph is
shown in figure 2.5. A real example of this kind is the graph of co-authorship
coming from the field of evolutionary computation, in which vertices represent
authors and there is an edge between two vertices if the corresponding authors
have published at least a paper together [323].

Scale-Free Networks About the same time that Watts and Strogatz developed their
small-world network model, Barabási and Albert developed an alternative net-
work model, in which growth via preferential attachment produced so-called scale-
free networks [15]. Scale-free networks are characterised by their degree distribu-
tions, which are in a power-law form, p(k) ∝ k−γ . It is independent of the network
scale and the tail is particularly extended [15, 16]. Here, most nodes have very
few links and yet a small number of nodes are very highly connected. The aver-
age path length is smaller than in a corresponding random graph. The clustering
coefficient of the scale-free model is typically larger than the corresponding value
of a random graph.

Scale-free graphs have been found in several fields for example, the Internet router
graph, the portions of the web that have been measured, article citations in sci-
entific publications, as well as the Wikipedia oriented graph of connected articles
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[207]. However, scale-free graphs are not the best representation of social net-
works either [173, 207] but they are still a better approximation than regular or
random graphs [323].

2.3.3 Evolving Social Networks

Social networks and their structures play an important role in many real-world and
multi-agent systems. Typically, the objectives of studies in this domain have focused
on either describing the network’s topology or attempting to understand the system’s
behavior as a function of network structure [106]. For example, studies have investi-
gated how certain types of network topologies emerge [15, 341]. Other studies have
shown how certain topological properties, which couple the interactions of entities in
the system, impact on the emergent behavioral dynamics [184, 247]. However, in most
real-world networks there is in fact a bidirectional feedback relation between the net-
work’s topology and the system’s behavior [106]. Consequently, the co-evolution of
topology and behavior has recently gained increasing attention.

One area that has provided significant insights into the co-evolutionary dynamics
described above is evolutionary game theory [308]. Here, agents are capable of changing
their strategies and adapting their local network structure as a direct consequence of
the games’ outcome. The network’s structure and the agents’ strategies co-evolve with
repeated cycles of interactions, strategy modifications, and network adaptations. In
these models, social contacts serve as a resource that needs to be managed in order to
improve long-term payoff gains [106].

2.4 Evolutionary Games on Graphs

It has been explained briefly in section 2.2.3.4 that the inclusion of spatial dimensions
into evolutionary game theory has proven to be a very fertile extension [148, 149, 151,
170, 219], and the network topology plays a crucial role in determining the system’s
dynamic properties [15, 61, 340]. In order to formalise the discussion in this area,
the theoretical aspects of evolutionary dynamics and replicator equations on graphs
will be depicted in section 2.4.1 where it is shown how one can calculate the structure
coefficient for different graphs, derive replicator equations on graphs [237, 238] and
discuss evolutionary stability [235, 239] in such situations. Based on these theoretical
foundations, the discussion will be extended in section 2.4.2 to present the details of
the developmental stages of structured population models.
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2.4.1 Formal approaches to Evolutionary Games on Graphs

The models of evolutionary games on structured populations have two major differ-
ences comparing to the standard domain. First, the players are paired not in random
but with their immediate neighbours who are linked to them through the topological
structures. Second, the population is small and finite in these models with the size lim-
ited to a few thousand individuals at most. While such constraints make these models
to be a better representative for real-world systems, the mathematical formalism and
deterministic dynamics established in standard evolutionary game theory (explained
in section 2.2.2.1) are not applicable to their frameworks. The dynamics in finite-
sized populations are stochastic and there is no general mathematical framework for
evolutionary dynamics in structured populations [233]. Therefore, most work in this
field (similarly the research work in this thesis), has been done by means of numer-
ical simulations [97, 112]. However, exploiting evolutionary graph theory (and other
approaches [233]), some researchers attempt to capture this framework formally under
specific circumstances.

Structural Dominance: As the starting point a general overview of structural domi-
nance is presented which applies to any processes of evolutionary game dynamics
[233]. Considering a game of two strategies, A and B with the payoff matrix sim-
ilar to what has been depicted in section 2.2.2.1 – payoff matrix 2.2, Tarnita et
al. [313] depict a condition where A is more abundant than B in the stationary
distribution of the mutation-selection process for limit of weak selection. This
can be written as a linear inequality of the payoff values as:

σa+ b > c+ σd (2.12)

in which the parameter σ is called structure coefficient and is dependent on vari-
ous factors such as the population structure, the update rule, the population size,
and the mutation rate. Therefore, the effect of population structure can be sum-
marized by a single parameter σ, which is independent from payoff elements. For
a large well-mixed population, σ = 1. However, this parameter can obtain other
values (e.g./ σ > 1), under different conditions such as in structured populations.
Such a property is helpful for the evolution of cooperation and also for selection
of Pareto efficiency over risk dominance in coordination games [114].

Capturing the above game theoretic framework on a structured population, each
individual interacts with all of its neighbours and accumulates a payoff, Fi. The
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σ parameter has been calculated for regular graphs with large population size
(N >> k) as [235]:

σ = (k + 1)/(k − 1) (2.13)

It has been mentioned that there are no analytical results for general heteroge-
neous graphs such as Erdös-Rényi random graphs or scale-free networks [233].
These models are usually studied by computer simulations where in some cases
it has been suggested the results of regular graphs possibly could be carried
over. For this purpose, k should be replaced by the average degree k̄. Hence,
σ = (k̄ + 1)/(k̄ − 1) where the variance of the degree distribution should not be
too large [235].

Replicator Equations on Graphs: The deterministic dynamics of the average fre-
quencies of strategies on regular graphs can be described by differential equations
[238] similar to the structure of standard replicator equations explained in section
2.2.2.1. The difference is that the graph induces a transformation of the payoff
matrix in the following form:

ẋi = xi(
n∑
j=1

xj(aij + bij)− f̄) (2.14)

Here, xi denotes the relative abundance (= frequency) of strategy i where there
are n strategies and A = [aij ] is the payoffs matrix of size n × n. The average
fitness of the population is shown by the parameter f̄ as in the standard replicator
equation. The anti-symmetric matrix B = [bij ] captures the essence of local
competition on a graph, where it matters how much strategy i gets from i and j

and how little j gets from i and j. It has been calculated as follows for DB/IM
updating rule [233, 238]:

bij =
(k + 1)aii + aij − aji − (k + 1)ajj

(k + 1)(k − 2)
(2.15)

Evolutionary Stable Strategy on Graphs: The next important matter in this re-
gard is the concept of ESS in structured populations [239]. It has been explained
that a strategy is evolutionarily stable if it can resist invasion by infinitesimally
small fractions of other strategies [297]. Using equations 2.14 and 2.15 in the above
mentioned game framework, the following ESS condition could be obtained [233]:
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(k2 − 1)a+ b > (k2 − k − 1)c+ (k + 1)d (2.16)

2.4.2 Developmental Stages of Structured Models

The early work of evolutionary game theory in structured populations (and so the model
presented in chapter 3), assumed that populations have a two-dimensional structure
that can be modeled by grids [230]. Typically, the PD game has been considered as
the investigation framework in these studies [132, 170, 218, 219], where the agents
are usually mapped onto a regular lattice with periodic boundary conditions (torus).
Axelrod [10] was the first who pointed out the importance of these kinds of spatial
structures and local interactions for encouraging cooperative behaviour in the IPD
game where there are also other reciprocity mechanisms at work. However, there have
been a limited number of studies which considered other types of games (eg./ Hawk-
Dove game, Minority game, etc.) in such frameworks [148, 149, 151, 152].

In this context, each agent plays a game with each of its local neighbours (consist-
ing of the 4 cell Von Neumann neighbourhood or 8 cell Moore neighbourhood) using a
predefined strategy [116, 170, 218, 219, 287]. The utility (fitness) of each individual is
determined by summing its payoffs in games against each of its neighbours. The scores
in the neighbourhood, including the individual’s own score are typically ranked. In
the following round (iteration), all individuals update their strategy deterministically.
Each individual adopts the strategy of the most successful agent from the local neigh-
bourhood [151]. Recalling the previous explanations (in section 2.2.2), these utilities
could be interpreted as reproductive success from biological perspectives or alterna-
tively refers to individuals adapting their strategy to mimic a successful neighbour in
terms of economic perspectives. This line of study was later extended to the one-shot
PD game in 1992 by Nowak and May [218] and many others, which is of course a harder
case for cooperation to emerge. In spite of the fact that the unique Nash equilibrium
and the only evolutionary stable state is defection in this case, many studies showed
that cooperation may still emerge under such situation and could be stable.

Although these results were significant and the regular grids were an easy method
to represent structures in societies, they could not capture the complete aspects of
real population’s structures (discussed in section 2.3.2) [207, 341]. Consequently, the
attention in this area diverted towards the study of realistic social networks [17, 18],
with statistical network characterization [341, 345] and clique analysis [101, 333].

All of these spatial models, significantly focused on the important questions of how
cooperation can be sustained by a simple alteration of the interaction patterns and
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investigation of the mechanisms that allow cooperation to emerge in such structured
populations. It has been discussed (in section 2.2.3.4) that the high levels of coop-
eration in these spatial models can be attributed to network reciprocity. That is, by
limiting the number of game opponents (based on a pre-defined local neighbourhood)
and employing a local adaptation mechanism in which an agent copies a strategy from
a neighbour linked by a network, higher levels of cooperation typically emerge [216].
The spatial structure allows cooperators to build clusters and protect themselves by
occupying sites with many links toward other cooperators. Under the effect of this
clustering structure of social networks which is also called its community structure (ex-
plained in section 2.3.1), the benefits of mutual cooperation can outweigh losses against
defectors [218]. A substantial and comprehensive review of network-based investiga-
tion has been carried out by Szabó and Fáth in [308] where it has been shown that
the mechanisms for the emergence and maintenance of cooperation in both regular
grid-based models and general social networks are qualitatively similar. The important
differences are the intrinsic cluster structure of general social network models and their
degree inhomogeneity, which of course play an important role.

However, these developed models with fixed graphs’ topology on the time scale of
evolutionary updating, still had some shortcomings in representing real-world systems.
The connections in real social networks are not fixed. New individuals may join or
leave the real communities at any time, and links may be added or deleted between
individuals. Therefore, the research community in this area started to focus on the
effects of the co-evolution of the players’ strategy and the underlying network itself.
Although this is a very recent topic of research, there are some promising models with
dynamical graphs showing the added degrees of dynamism and freedom of changing
the graph topology could enhance cooperation further [245, 250, 283].

Some recent studies for example have investigated the evolution of cooperation in
2×2 games on dynamical networks, where the interaction links between agents playing
the game varied over time. The models have ranged from comparative studies examin-
ing the level of cooperation on different base network models [151, 158] to endogenous
network formation models based on local interactions [22, 75, 112, 129]. In Tanimoto
[312], individuals were able to self-organize both their strategy and their social ties
throughout evolution, based exclusively on their self-interest. It was reported that the
clustering coefficient of the network affects the emergence of cooperation in the games.

Considering all of the efforts contributed to this area, a general developmental
trend can be detected. The studies started with socio-biological models with uniform
interactions which were later extended by imposing static network. This was further
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advanced by incorporating dynamical views into interaction structures and investigation
of the dynamic network characteristics. Many researchers [7, 106, 249] debate that the
next logical step for this inquiry is to allow agents to determine the interaction structure
themselves.

In fact, the last step suggests new directions for further research in this area which
has been a significant topic of interest in recent years. Incorporating the network forma-
tion as a truly agent-motivated activity will raise the important issue of bi-directional
causality between what has been named the topological effect (interaction dynamics)
and the agency effect (behavioural dynamics) [7, 112]. In this sense, from one hand, it
is important to investigate how a changing interaction environment might affect strate-
gic outcomes for agents (the topological effect); and from the other hand, how agents
through their own strategic actions might impact on the interaction space itself (the
agency effect). Likewise, Gross and Blasius argue in [106] that in most real-world net-
works the network’s topology and the system’s behaviour are interrelated. Studying
one isolated from the other may not depict reality in a proper manner. Consequently,
the co-evolution of topology and behaviour has recently gained increasing attention. In
this regard, studying how the nodes, links, and overall network structure change over
time in response to dynamic activities of the network is important. Also in turn, inves-
tigating the effects of topological changes on the system behaviour is crucial. This is a
much more complex problem than characterizing static network structure or studying
systems behaviour on fixed network structures. In fact the coevolution of networks
and behaviour has not received as much attention as it deserves [112] and it is the
fundamental theme in this thesis.
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Chapter 3

Adaptive Rewards in Spatial

2-player Prisoner’s Dilemma

Games

3.1 Introduction

This chapter presents the first model developed to investigate the efficacy of the en-
hanced social learning approaches in MAS. A social dilemma scenario, in the form
of the spatial PD game, provides the investigation framework. Although the under-
lying interaction topology is fixed in this chapter, it lays the foundations for further
investigations using varying topologies to be presented in chapters 4 and 5.

The model presented in this chapter extends the basic social learning framework
in the following interesting ways. Innovative concepts of trust and reputation are
utilized in the form of adaptive rewards to guide the updating of agents’ strategies.
Specifically, in this study, the adaptive rewards are correlated with individual agent’s
strategies and life-experiences given a limited agent’s life span. Also, an enhanced social
learning technique is designed based on imitating the most successful contact who is also
older. This approach reflects the trustworthiness of the role model’s accumulated life-
experiences. The challenge in this study is to encourage cooperative behaviour among
self-interested, rational-bounded groups of agents given the introduced heterogeneity
factor. Of interest here is the coevolution of altruistic behaviour with non-stationary
dynamic rewards.

Integrating coevolutionary rules into evolutionary game theory framework has re-
ceived considerable attention in recent years. This is due to the fact that in reality
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many factors, characterizing either individuals or their interaction environments, are
simultaneously evolving along with players’ strategies. Perc and Szolnoki [249] argue
that our relations with others change in time, we all age, our roles evolve in life, and our
society may transform on a global scale. They look into recent studies which have tried
to capture such notions and have addressed different aspects of coevolutionary rules.
The study presented in this chapter is also aligned with such studies where it addresses
the issue of coevolution of payoffs based on the players’ age/experience factor and how
it may affect their cooperative behaviour. On the other hand, in a real environment it
is unlikely that all players are identical. In fact heterogeneity of players has been con-
sidered as a promoting factor for cooperation under several circumstances [249]. This
initial abstract framework also investigates such a notion of players’ heterogeneity.

It is well documented that the level of emergent cooperation in the spatial versions
of the PD game is sensitive to many parameters, including the magnitude of the re-
wards/punishments, population size, initial condition and update rules [9, 116, 170,
218]. Typically, however, the magnitude of the rewards/punishments for playing a
particular strategy are fixed in a given game (depending upon the strategy played by
the opposing agent) and the same fixed number of agents are active throughout the
game period. Following on a number of studies that have questioned these assumptions
[44, 83, 248, 282], it is argued in this chapter that such restrictions are unlikely to be
fulfilled in real-life situations where diversity is ubiquitous [284]. If varying levels of
“social diversity” are introduced into the game via dynamic payoff values [83, 248, 324]
or via stochastic updates [219, 325] the trajectory of the population will be altered.
This in turn will impact on the level of cooperation found in the population.

Utility functions and the associated payoffs from pursuing certain strategies do vary
among members of real-world populations. For example, studies that have investigated
the PD in sociology settings have reported that the outcomes of the game were de-
pendent on subject-to-subject variation [142, 163], including personality traits [29]. In
biology, individual characteristics such as size, age, sex, health, condition, social status,
coalition membership, expected life span, available mates and the availability of food
will affect the level of cooperation that evolves in a population [141, 331]. In economics,
factors such as socio-economic status, personal preferences and past experience; and in
politics factors such as ideology, political interests and public support have also been
shown to influence cooperation levels [141, 284].

Recently, a number of studies have examined noisy and/or dynamic payoff values in
the PD game [82, 83, 248, 324] (see Section 3.2 for details). Significantly, these studies
have shown that the equilibrium cooperation levels in the populations were correlated
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with the relative spatio-temporal magnitudes of the rewards. Adopting a similar re-
search direction, the spatial PD game is extended here in a number of interesting ways.
Specifically, alternative mechanisms are examined to promote cooperation based on
non-symmetric, time-varying rewards.

In this regard, a spatial model consisting of a population of agents with limited
cognitive ability is introduced here. The agents are mapped to the nodes of a two-
dimensional lattice with periodic boundary conditions. The restriction to a regular
lattice serves to set the fundamental grounds for further investigations and makes the
comparisons easier and helps to avoid undesired effects associated with different local
neighbourhood structures. The agents play the PD game based on a pure strategy
only – always cooperate or always defect. Each agent has an additional age attribute
and life span. Although the total number of agents playing the game is kept constant,
agents may die and can be replaced by new agents.

A novel social learning technique is designed based on innovative form of cultural
evolution using reputation for updating agents strategies. Similar to what has been
explained in chapter 2, poorly performing agents are provided with an opportunity to
imitate the strategies of the most successful agent in their local neighbourhood. How-
ever, in the proposed framework, this selected role model must fulfil additional condi-
tions. The first condition is to have accumulated better life-experiences (represented
by higher utility), and the second complementary condition is to be more experienced
(represented by age). Such an approach reflects the trustworthiness of the role model’s
accumulated life-experiences.

Another important component of this model is the introduction of time-varying,
non-symmetric rewards into the PD game. Here, each agent has its own version of
the payoff matrix realized by introducing scaling factors [248] that determine the map-
ping from game payoffs to the fitness of individual players. Comprehensive numerical
simulation experiments examine the impact of the proposed social learning technique
and the time-varying rewards on both the trajectory and equilibrium proportion of
cooperators in the population.

The rest of this chapter is organized as follows: In the next section 3.2, related work
using dynamic (noisy) payoff matrix values in the PD game is reviewed. In section 3.3,
the proposed models are described in detail. In sections 3.4 and 3.5, the extensive
numerical simulation experiments and results are presented. This is followed by a
discussion of the results and concluding remarks in Section 3.6.
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3.2 Related work

There have been relatively few studies that have examined the impact of varying the
magnitude of the payoff matrix values in the PD game. Four recent examples from
the literature based on the spatial game are briefly discussed below. This is followed
by a brief review of studies that question the assumption that fixed, symmetric payoff
values are valid in the PD game when modeling real-world scenarios.

Tomochi and Kono [324] introduced an interesting model in which the payoff matrix
was designed to evolve depending on the ratio of defectors (or cooperators) to the whole
population. The dynamic mechanism, which altered the values of the payoff elements
P and R with respect to time, produced a universal payoff matrix applicable to all
members of the population at time t. In this model, the inequalities defining the PD
were always maintained. The level of cooperation within the population was found to
be directly related to the payoff matrix values.

Fort [83] introduced a model in which the payoff matrix elements were correlated
with spatial and temporal zones. The heterogeneous environment was constructed by
varying the value of element T based on both geographical location and simulated time.
Here, it was possible that the payoffs for an agent and their opponent were not equal –
reminiscent of what happens in general in real-life. The results reported suggested that
the effect of asymmetries in the interactions between agents, which takes into account
the effect of asymmetries in the costs and benefits on the evolution of cooperation,
had a direct impact on the proportion of agents cooperating in the population. As
expected, the model was sensitive to the value of T used. In Fort’s study, the PD
inequality constraints were relaxed. When the payoff matrix element values changed,
the game oscillated between the PD game and different social dilemmas – the Chicken
game (T > R > S > P ) and/or the Stag Hunt game (R > T > P > S) [356].

In a related study, Fort [82] proposed a minimalist model for social dilemma games
without payoff parameters. Starting with a random heterogeneous distributions of
payoffs, definite payoff matrices co-evolved. Two interesting outcomes were reported.
Firstly, a limited set of payoff matrices reflecting versions of the Stag Hunt game (R >

T > P > S) emerged. And secondly, the fraction of cooperating agents converged in
all the cases examined to non-zero values.

Perc and Szolnoki [248] have investigated the effects of social diversity in the spa-
tial PD game. In that study, random noise drawn from a given statistical distributions
(eg. uniform, exponential) was added to the payoff matrix elements at the beginning
of the game. They concluded that this correlated “social diversity mechanism” pro-

56



3.3 Model

moted higher-levels of cooperation in the spatial game examined. It was suggested that
variable social status might play a crucial role in the evolution of cooperation.

Chong and Yao [44] presented an interesting investigation using the iterated PD
game where the restriction of a fixed and symmetric payoff matrix elements was relaxed.
They argue that the assumption of fixed payoffs is unrealistic for real-world scenarios.
Consequently, they introduced a co-evolutionary framework where each strategy had
its own self-adaptive payoff matrix. An update rule provided a form of “reinforcement
feedback” between strategy behaviors and payoff matrix elements. Via an empirical
study, they showed how different update rules affected the magnitude of payoff val-
ues, the learning of strategy behaviours, and subsequently cooperation levels in the
population.

In a different but related study, Johnson and co-workers [141] also questioned the
usefulness of the PD framework to model real-world scenarios. By relaxing the as-
sumption of fixed payoffs, they show that in most cases the constraints of the PD game
are in fact violated and thus the PD should not be used as a model for investigating
cooperative behaviour. They also support the conclusions of Clements and Stephens
[46], suggesting that this may explain why the PD is rarely found in nature, despite
the fact that it has served as a ubiquitous (and still instructive) model in studies of the
evolution of cooperation.

3.3 Model

It is clear from the related work discussed above, that the magnitude of the payoff
element values at particular instances of time influence the emergent properties of the
PD game. However, there are still many open questions related to what impact (if any)
dynamic payoff values have especially when each agent maintains their own version of
the payoff matrix when situated in a constrained game environment. The primary goal
of this study was to address such questions.

For this purpose, a new mechanism has been proposed here to promote cooperation
based on time-varying, non-symmetric rewards in the spatial PD game. A key feature
in this model was the introduction of a social diversity framework based on the age of
a particular agent and dynamic or rescaled payoff values. Here, each agent maintained
its own version of the payoff matrix when situated in a constrained game environment.
The underlying framework was similar to the standard spatial PD game. The model
implementation and analysis are restricted to basic imitation strategies correlated with
fitness (a form of cultural evolution) rather than a coevolutionary framework based
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Table 3.1: The Prisoner’s Dilemma Game Payoff Matrix

Player 2
cooperate defect

Player 1
cooperate (R,R) (S,T)

defect (T,S) (P,P)

on history of previous moves. In the following subsections, the baseline model – the
homogeneous model with fixed payoff elements – and extensions of this model –
the heterogeneous model with time-varying, non-symmetric payoff elements – are
described in detail. A schematic procedure of the models are also sketched in Algorithm
1.

3.3.1 Homogeneous model

The agents (players) were mapped onto the nodes of a two-dimensional lattice (size
n × n) with periodic boundary conditions (line 1). At every iteration, each agent
played a game with each of its local neighbours. Here, the eight cell (or Moore) local
neighbourhood has been used. The restriction to a regular graph avoids undesired
effects associated with agents playing a different number of games corresponding to
varying node degree values of alternative complex network topologies. This model
assumes that an individual located at cell i, playing the row strategy r at time t
receives the payoff pr,c if it interacts with a neighbour j playing the column strategy c.
The elements of the matrix in Table 3.1 represent the default payoff values (explained
in chapter 2).

3.3.1.1 Model: HOM

Each agent i maintains two additional attributes: an age αi and life span λi. The value
of agent i’s life span λi was drawn from a uniform distribution (line 3). At the start of
each round of the game, the value of αi was incremented by one unit of time (line 7).
When αi > λi, agent i dies and was removed from the game (line 9). At that point,
a new randomly generated agent k replaced agent i in the same spatial location (line
10).

Each agent maintained a cumulative payoff throughout its life span – its utility.
This value was simply the sum of all payoff values gained as a result of playing the
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Algorithm 1 Overview

Require: Lattice L of size n×n, population of agents A of size n2, minimum age bound
agemin, maximum age bound agemax, initial cooperators ratio %Cinitial, initial
defectors ratio %Dinitial = 100 − %Cinitial, payoff matrix elements (T,R, P, S),
number of rounds rmax.

1: InitializeLattice(L, A, %Cinitial, %Dinitial)

2: for each i ∈ A in random order do
3: λi = Random(agemin, agemax), αi = 0, Ti = T , Ri = R, Pi = P , Si = S

4: end for
5: for r = 1 to rmax do
6: for each i ∈ A do
7: αi = αi + 1
8: if αi > λi then
9: Die(i)

10: ReplaceRandom(k)

11: end if
12: for each j = 1 to j = |neighboursi| do
13: utilityi = utilityi + PlayGame(i, j)
14: µi = utilityi

αi

15: end for
16: end for
17: for each i ∈ A do
18: j = FindTheMostSuccessfulNeighbour(i)

19: if µj > µi then
20: if αj ≥ αi then
21: ImitateStrategy(j)

22: end if
23: end if
24: if HeterogeneousScenario then
25: UpdatePayoffElements()

26: end if
27: end for
28: end for
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game with each of its opponents across all iterations (line 13). This value was then
mapped to a normalized utility value µi for selection purposes. Here, µi was simply
the utility of the agent divided by its age (line 14). This particular use of normalized
payoffs is similar to the so-called participation costs [282]. Obviously, older agents have
had more opportunity to interact and accumulate higher utility values. Consequently,
by using the normalized utility for selection, younger agents have an opportunity to be
competitive.

At the end of each round, all agents were presented with an opportunity to update
their strategy in a similar manner to the standard spatial PD game. That is, a form of
the well-known cultural imitation mechanism was used where an agent mimicked the
strategy of its “most successful neighbour” (lines 18 to 21). In the current model, this
update protocol was dependent on both the normalized utility, µi and age αi. An agent
i only updated its strategy when an agent j from the local neighbourhood was found
such that: µj > µi and αj ≥ αi (lines 19 and 20). In the case of a tie between two
agent neighbours, a random agent was chosen to imitate.

The use of the normalized utility provides a more robust comparative metric taking
into account the experiences of agents based on their age. The extra constraint implies
that a younger agent will only copy the strategy of a neighbouring agent that is both
more successful and more experienced. The rationale for this approach is based on
the idea that these agents have survived in the population for many iterations so they
must be performing well. Consequently, by copying that strategy the agent may have
a greater opportunity to maximize its utility in subsequent iterations of the game.

3.3.2 Heterogeneous model

The homogeneous model is extended by relaxing the restrictive assumptions of fixed
payoff matrices. In Perc and Szolnoki [248], random noise drawn from a given statistical
distributions (eg. uniform, exponential) was added to the payoff matrix elements at the
beginning of the PD game. This idea is used as the starting point for developing the
heterogeneous models examined in this study. An important difference between Perc
and Szolnoki’s model and the heterogeneous models here is that each agent maintained
its own time-varying payoff matrix. Instead of using random noise per se, the magnitude
of the “noise” added to the payoff values was a function of the agent’s age. The detailed
description of three variations of the heterogeneous model are described below:
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3.3.2.1 Model: HET1

In the HET1 model, each agent’s payoff matrix was initialized to the default values (line
3). At the end of each round of the game (or iteration), all four elements in the payoff
matrix for agent i were updated (line 25). The magnitude of the update amount – the
rescaled payoff values – were calculated based on a variation to the method proposed
by Perc and Szolnoki [248]. The actual update equations are described below:

Xi,t = Xi,t−1(1 + ξi,t) (3.1)

ξi,t = κ× (
1

1 + exp[αi,t/λi]
) (3.2)

where:

Xi,t represents the payoff elements T , R, P and S for agent i at time t;

Xi,t−1 represents the payoff elements T , R, P and S for agent i at time t− 1;

ξi,t is the magnitude of the rescaled values;

αi,t is the age of agent i at time t;

λi is the expected lifetime of agent i, and

κ is the social diversity parameter

From equations 3.1 and 3.2, it can be seen that the magnitude of the rescaled payoff
values are dependent on the value of ξi,t. Therefore, at time t it is possible that all
agents have a different payoff matrix. The actual magnitude of the rescaled value were
not capped. That is, each of the payoff matrix elements T , R, P and S were modified
at each time step, however, the constraints of the PD game were not violated.

The social diversity parameter, κ, plays an important role in the update function.
κ is used as a limiting factor to characterize the “uncertainty” related to the environ-
ment based on agent experience. Smaller values of κ mean that any changes to the
magnitude of the payoff value elements will also be relatively small. Larger values of
κ promote higher degrees of heterogeneity (especially in the HET2 and HET3 models
described below). As such, κ may be thought of as an extrinsic factor, which controls
the magnitude of the relative difference between the costs and benefits associated with
cooperative acts corresponding to agent properties and social values [29].
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3.3.2.2 Model: HET2

The HET2 model also uses equations 3.1 and 3.2 to update the payoff matrix. How-
ever, only one element (that is, one of T , R, P or S) in agent i’s payoff matrix was
updated at the end of each round of the game. This element corresponded to the most
frequently occurring game outcome across the eight game instances played within the
local neighbourhood by agent i in the given round. Once again, there was no ceiling
placed on the relative magnitude of the values of T , R, P and S.

3.3.2.3 Model: HET3

In the HET2 model, updates to the payoff elements T , R, P and S may violate the
constraints of the PD game. In fact, the PD constraints are typically violated in the
HET2 model in very few iterations. Consequently, in the HET3 model an extension
of the HET2 model is introduced to guarantee that the integrity of the PD game is
maintained. Before accepting the new value for a payoff element (that is, one of T , R,
P and S) generated using equations 3.1 and 3.2, the magnitude of the values is checked
to make sure that the constraints of the PD have not been violated. If the constraints
were violated, no change was made to the corresponding payoff element.

3.4 Simulations and Experiments

The underlying hypothesis tested in this study was that the introduction of time-
varying rewards in the spatial PD game would promote high levels of cooperation. Key
questions to be answered in this study include: (a) What impact do time-varying payoff
values have on the level of cooperation in the population? (b) How does the age-based
social diversity parameter impact on the evolutionary trajectory? (c) What type of
long-term behaviour arises, and how long does it take to arise?

This model was implemented using Netlogo4.0 [347]. The analysis of the model was
based on systematic Monte Carlo simulations. In all simulations, the number of nodes
in the regular toroidal lattice was fixed at 32× 32. This topology and population size
provide the necessary framework for the investigation of the the role of time-varying
rewards in the spatial PD game. All agents had an opportunity to update their strategy
via the cultural imitation mechanism at the end of each iteration. A number of different
population initialization proportions were considered (including 50% cooperators - 50
% defectors and 20% cooperators - 80% defectors). Updates to the payoff element
values were based on equations 3.1 and 3.2, using a range of κ values and λ values
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drawn from different uniform distributions. At the end of an agent’s lifespan, the
effectiveness of alternative agent replacement mechanisms was also examined. In each
trial, the simulation was run until the density of cooperators in the lattice reached an
asymptotic average or absorbing state. The results are reported up to time step 1×104.
All configurations were repeated 30 times and the statistical analyses are reported in
each case at the end of the runs (t = 1× 104).

3.5 Results

3.5.1 Standard spatial model vs. Homogeneous model

The first set of experiments compares equilibrium proportions of agents playing coop-
eratively in the population in the standard spatial PD game and the HOM model for
different base level payoff values: small values (T = 1, R = 1, P = 0 , S = 0) and big
values (T = 5, R = 3, P = 1 , S = 0). In both models, one fixed payoff matrix was
used for all agents. Normalized utility values were used for selection purposes. In the
standard model, agents did not die and were not replaced. In the HOM model, λ was
drawn from a uniform distribution [50, 100]. When an agent died, it was replaced by a
randomly generated agent with utility set to zero.

An examination of the plots in Fig. 3.1 and Fig. 3.2 reveals similar trends. For
the smaller payoff values, the population quickly converges to all cooperators. This
result was expected as the range of payoff values places the PD game on the edge of
alternative social dilemma games, which promote high cooperation levels. In contrast,
the larger payoff values resulted in all defections. Clearly, the system dynamics of the
spatial PD game is sensitive to the magnitude of the rewards. In the HOM model, the
rate of convergence tends to be slower compared to the standard model, however, this
difference was not statistically significant (t-test, p > 0.05).

3.5.2 Homogeneous model vs. Heterogenous model

The next set of experiments compares the behaviour of the homogeneous model (HOM)
with the three heterogeneous models described above (HET1, HET2 and HET3). In
each scenario, λ was drawn from a uniform distribution [50, 100], κ = 0.2. The base
payoff element values were: T = 5, R = 3, P = 1, S = 0. Specifically, the null hy-
pothesis tested is that the equilibrium proportions of cooperators in each of the models
is equal. To further investigate the robustness of this model, results are also reported
from two different agent initialization scenarios: 50% cooperators - 50% defectors and
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Figure 3.1: Percentage of cooperators vs time for the standard spatial model.
Two different default payoff element values were used: Small (T = 1, R = 1, P = 0, S = 0)
where the population converged to all cooperation, and Big (T = 5, R = 3, P = 1, S = 0)
where the population converged to all defection.

20% cooperators - 80% defectors.

Fig. 3.3 is a time series plot of the percentage of cooperators in the population
when the initialization proportions were 50% cooperators - 50% defectors. There was a
significant difference between the equilibrium proportions of cooperators in the model
(ANOVA, F3,116 = 178.5, p = 0). Fig. 3.4 is the corresponding time series plot when
the initialization proportions were 20% cooperators - 80% defectors. Once again, there
were significant differences between the equilibrium proportions of cooperators in the
model (ANOVA, F3,116 = 74.5, p = 0).

Tukey’s HSD test shows that for each scenario, there was a significant difference
(p < 0.05) between mean values for each of the models. The level of cooperation in
the HET1 model was significantly greater than the HOM model for both population
initialization ratios. This may be attributed to the fact that each agent is potentially
using a different payoff matrix. That is, there may be significant differences in the
actual rewards obtained when playing the same joint actions depending upon which
agents are playing the particular instance of the game. Similarly, the HET3 model
was able to promote and sustain higher levels of cooperation than the HOM model.
The equilibrium proportion of cooperators in the HET3 model was significantly greater
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Figure 3.2: Percentage of cooperators vs time for the HOM model. Two different
default payoff element values were used: Small (T = 1, R = 1, P = 0, S = 0) where the
population converged to all cooperation, and Big (T = 5, R = 3, P = 1, S = 0) where the
population converged to all defection.
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Figure 3.3: Percentage of cooperators vs time for four different models (%50−
%50): the homogeneous model and three variations of the heterogeneous model. The
population was initialized with 50% cooperators and 50% defectors.
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Figure 3.4: Percentage of cooperators vs time for four different models (%80−
%20): the homogeneous model and three variations of the heterogeneous model. The
population was initialized with 20% cooperators and 80% defectors.

than the HET1 model when the population was initialized with an even spread of
cooperators and defectors. It is interesting to note that the equilibrium proportions of
cooperations in the HET3 model were not significantly different between initialization
scenarios (t-test, p = 0.154). That is, the initialization proportions of cooperators
and defectors did not impact on the the equilibrium proportion of cooperators in the
final population. These results provide support for the hypothesis that time-varying,
non-symmetric payoff element values promote cooperation.

The HET2 model promoted the highest level of cooperation. This result is not
surprising as the HET2 model quickly violates the constraints imposed by the PD game
– the relative order of the payoff elements alter the structure of the game such that the
game is transformed into the Chicken game or Stag-Hunt game [82, 141]. In contrast,
in the HET3 and HET1 models when the constraints of the PD were maintained, the
level of cooperation was significantly less than the HET2 model, but still greater than
the HOM model.

Fig. 3.5 provides a series of snap-shots of the evolving population for each of the
models examined. Here, four different time values are displayed for each model. In all
models, initialization proportions were 20% cooperators - 80%defectors. An inspection
of the plot reveals clusters (of varying size) of cooperators. At t = 200 differences
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between the proportions of strategies are apparent. These differences are magnified
further at t = 1000. By the end of the trial (t = 10000), the population in the
HOM model (bottom row) consists of almost all defectors. In contrast, the number of
cooperators in the alternative heterogeneous model is significantly higher. The time-
varying, non-symmetric rewards introduced in the HET3 model appears to promote
higher levels of cooperation in the spatial populations. As expected, in the HET2
model that violates the constraints of the PD game, almost the entire population are
cooperators.
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(a) t = 0 (b) t = 200 (c) t = 1000 (d) t = 10000

Figure 3.5: Snap-shots of the evolving population in a typical simulation trial
for the four different models considered. Row 1 – HET1; Row 2 – HET2; Row 3 –HET3
and Row 4 – HOM. For each model, four different time steps (a) t = 0, (b) t = 200, (c)
t = 1000 and (d) t = 10000 have been included. The white cells represent the defectors,
black cells represent the cooperators.
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3.5.3 A closer examination of model dynamics

To further explore the underlying dynamics of the system, the rate of change of agent
normalized utility values, system entropy, the impact of κ (the social diversity parame-
ter), and the impacts of the agent age attribute and replacement mechanism have been
examined.

3.5.3.1 Normalized utility

Fig. 3.6 illustrates the average normalized utility of the whole population averaged over
30 trials. The average normalized utility is simply the sum of all agents’ normalized
utility (µi) value divided by the population size. For comparison purposes, the results
are scaled between 0 and 1.

After initial oscillations, each of the models settles to equilibrium levels with very
little deviation from mean values. In the HOM model, the mean normalized utility was
approximately 0.4. For the HET1 model, the mean normalized utility was significantly
lower. The relatively large differences in the magnitude of the the payoff values leads to
greater differences in rewards receives and consequently smaller mean values. When the
update to the payoffs was limited to one element at a time (HET2 and HET3 models),
the mean normalized utility values were significantly higher.

3.5.3.2 System entropy:

In Fig. 3.7, a time-series plot of system entropy is presented for each of the scenarios
considered. System entropy in this case is defined as the rate of change of decisions
(strategy updates at the end of a round) in the population. Here, a value close to
1 indicates a large number of strategy updates. As described previously, after each
iteration of the model, poorly performing agents (low µi) have the opportunity to
update their strategy by imitating the strategy of the most successful neighbour. It is
interesting to note that the HOM model displays the lowest entropy level, suggesting
that there were significantly less updates in each iteration of the model. The HET3
model has entropy values which are significantly higher. Both the HET2 and HET1
have the highest entropy levels.

3.5.3.3 Social diversity parameter κ:

In the heterogeneous model, κ is used as a limiting scale factor for ξi,t and thus rep-
resents an extrinsic environmental constraint on the social diversity inherent in the
model. In next set of experiments, the magnitude of κ was systematically changed in
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Figure 3.6: Average normalized utility vs time for the homogeneous model and the
three heterogeneous models considered. The population was initialized with 50% cooper-
ators - 50% defectors. Error bars have been omitted for clarity as they are very small.

the HET1 model. Once again, the base payoff element values were T = 5, R = 3,
P = 1, S = 0 and λ was drawn from a uniform distribution [50, 100]. Here, the null
hypothesis tested was that the equilibrium proportions of cooperators in the population
for each value of κ were equal.

In Fig. 3.8, time series results are plotted for the percentage of cooperators in the
population. There was a significant difference between the equilibrium proportions of
cooperators based on the value of κ (ANOVA, F4,145 = 9.34, p = 0). Tukey’s HSD
test shows this difference can be attributed to the levels of cooperation found when
the maximum and/or minimum parameter values were used in the simulation. Smaller
values of κ result in a smaller range of values in each agent’s payoff matrix. The
resulting time series values are in the same order as the κ values. For larger κ values,
the proportion of cooperators in the population is significantly greater than for lower
values. These results show that the resulting levels of cooperation are dependent on the
magnitude of the rescaled payoff value. The social diversity clearly alters the trajectory
of the population.
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Figure 3.7: System entropy vs time for the homogeneous model and the three het-
erogeneous models considered.
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Figure 3.8: The impact of κ on the resulting levels of cooperation in the HET1
model. Error bars have been omitted for clarity.
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Figure 3.9: Average age of all agents in the population vs time in the HOM model.

3.5.3.4 Life span λ attribute:

Fig. 3.9 plots the average age of agents in the population averaged over 30 trials (from
either the homogeneous or heterogeneous models) when λ was drawn from a uniform
distribution [50, 100]. In both the homogeneous and heterogeneous models, the average
age of the entire population fluctuates at the start of the simulation when agents were
introduced into the game. From t = 0 until t = 50 agents do not die. However, from
t = 50 agents begin to reach their lifespan (λ), and consequently they die and are
replaced by new randomly generated agents. After time t = 100, the model dynamics
begin to settle down and the average age of the agents fluctuates around an age of
approximately 40,

The next set of experiments have examined how alternative life span distributions
affected the final results in the heterogeneous model. Here, the effects of drawing λ from
different distributions and alternative agent replacement mechanisms was investigated.
Three different uniform distributions: [0, 50], [50, 100] and [0, 100], were considered and
two replacement strategies: a random agent or a defector agent.

Fig. 3.10 plots the corresponding time series values for the HET1 model when
κ = 0.2 and the base payoff values were T = 5, R = 3, P = 1, S = 0. As expected, there
were significant differences between the scenarios. Agents die when they reach their λ
value and are replaced by randomly generated agents. If the value of λ is relatively
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Figure 3.10: Percentage of cooperators vs time for three different λ distribution
values in the HET1 model. The base payoff values were T = 5, R = 3, P = 1, S = 0.
The social diversity parameter κ = 0.2. Error bars have been omitted for clarity.

small [0,50], the frequent changes in the population members limit the positive effects
of the dynamic rescaled payoff values. In contrast, when agents are provided with
an opportunity to “live” for longer (a wider range of λ values [0,100]), the resulting
proportion of cooperators tends to be higher. If the range of λ values is biased towards
larger values [50,100], higher proportions of cooperators in the final population are
evident. However, this may be attributed to the fact that a relative large number of
agents playing a randomly generated strategy have been added to the population.

Fig. 3.11 compares two scenarios of the replacement of the agents at the end of their
life span when the agents are replaced either randomly or by a defector. The model
is sensitive to the replacement rule followed, however, there is no significant difference
between the replacement rule examined. Clearly, the heterogeneous model promotes
higher levels of cooperation even when the agents are replaced by other agents playing
only the defect action.

3.6 Discussion and concluding remarks

The notion that a group of individuals can collectively do better when they cooperate,
often against the self-interest of individuals, is relevant to many research domains,
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Figure 3.11: Percentage of cooperators vs time for two different agent replace-
ment strategies in the HET1 model. The base payoff values were T = 5, R = 3,
P = 1, S = 0. The social diversity parameter κ = 0.2. λ was drawn from a uniform
distribution [50, 100]. Error bars have been omitted for clarity.

including social and biological systems, economics, artificial intelligence and multi-
agent systems. Conventional evolutionary game theory predicts that natural selection
favours selfish behaviour even though cooperative interactions thrive in many real-
world systems. Spatial structure has been shown to promote cooperation in some social
dilemma games, however, the relative cost-to-benefit ratio is an important predictor of
population dynamics.

In this chapter, the effectiveness of the enhanced social learning mechanisms have
been examined in such situations where ideas of life experiences and age factors are
employed for assessing trust and reputation. More specifically, the long term system
dynamics in the spatial PD game have been investigated when time-varying, non-
symmetric rewards correlated with individual agent strategies and life experiences were
used in a limited agent life span. An important difference between this study and the
previous work was the fact that each agent was equipped with its own payoff matrix,
which was realized by introducing scaling factors of the base payoff values. The main
purpose here was to show that if the constraint that all agents were tied to the one,
fixed payoff matrix was relaxed by introducing such time-varying rewards, higher levels
of cooperation would emerge. Instead of correlating rewards with spatial patterns in
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the game, this model has focussed on temporal patterns where the rescaled values were
a function of the agent’s age or experience level. The constraint that the same agents
participate in each iteration of the game has also been relaxed. When an agent reached
its expected life span, it would die and be replaced by a randomly generated agent.

To meet the specific objectives of this study, systematic numerical simulations were
used to determine how alternative parameter settings influenced the system dynamics.
Five different models were used in this investigation: the standard spatial PD model,
the baseline homogeneous model and three different heterogeneous models designed to
control the updating of the payoff elements during a simulation trial. In all simulation
trials, the average frequencies of cooperators approached equilibrium values irrespective
of the initial conditions. In general, the simulation results show that the equilibrium
level of cooperation within the population was directly related to the payoff matrix
values.

The standard spatial PD game exhibited a phase transition from a mixed state of
cooperators and defectors to a state of all cooperators or all defectors based on the
magnitude of the payoff values. In the homogeneous model, HOM, similar trends were
evident in the absence of explicit variations in payoff elements values. However, it took
slightly longer for the population to converge in the HOM model. Time-varying, non-
symmetric rewards promote cooperation in the spatial PD game. However, the rate
of change in the magnitude of the rewards has a significant impact on the long-term
population dynamics.

A detailed sensitivity analysis revealed that the proportion of cooperating agents
in the heterogeneous models was sensitive to the magnitude of the rescaling value ξi,t
(and κ in particular) in the models. In the heterogeneous models, where the constraints
of the PD game were maintained – HET1 and HET3 – the proportion of cooperators
was higher in the final population compared with the levels in the homogeneous model
(HOM) and the standard spatial PD Game. In typical trials, a spatial coexistence
between cooperators and defectors have been observed. Small changes in the payoff
environment induced a change in the rate of individual learning (as a direct result
of the imitation behaviour used in the spatial model), which in turn had a direct
impact on whether mutual cooperation prospered. The plot in Fig. 3.8 comparing
the impact of the social diversity parameter κ provides further supporting evidence of
this observation. Larger values of κ promote higher diversity levels in the population,
often resulting in higher levels of cooperation. It has also been shown that the initial
percentage of cooperators in a simulation and/or the strategy first played when an agent
was replaced in the population by another agent had little bearing on the emergence
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of cooperation.
In the HET2 model – the unconstrained model where each agent updated a single

payoff element value at each iteration – higher levels of cooperation were found in
the final population compared with the other heterogeneous models. This result was
consistent with ideas proposed in biological markets [214] and results obtained by [83],
where the underlying game oscillated between other well-known strategic games as the
constraints of the PD game were violated.

As has been explained in chapter 2 in the spatial PD game, the emergence of coop-
eration is essentially due to the progressive colonization by cooperators that receive a
high payoff, and subsequently can mutually protect themselves from exploitative defec-
tors. In this model, the imitation update mechanism, combined with the time-varying
reward scheme has a significant impact on the ability of cooperators to colonize the
population. It is clear that time-varying, non-symmetric rewards promote cooperation
in the spatial PD game. The magnitude of the re-scaled payoff value elements was
correlated with the age and/or experience level of the agents playing the game. Some
agents may incur relatively lower costs when contributing to the “public good,” while
other agents receive higher/lower relative rewards for defection actions. The spatial
correlation between the cooperators tends to be weaker when differences between agent
payoff values were small. When the relative differences were larger, low-payoff strategies
tended to be overtaken more quickly and equilibrium levels emerged.

This suggests that social diversity within a cost–benefit context is an important
factor in the promotion of cooperation in the game. However, for higher levels of
cooperation to emerge, there is a need to carefully balance the rate of change of payoff
element values. In general, the results significantly declare the efficacy of the enhanced
social learning mechanisms in such situations and demonstrate it is beneficial for agents
to exploit life experiences when assessing trust and reputation in MAS. Such techniques
can be useful for developing and maintaining altruistic behaviour in populations of
interacting agents. This leads to better long-term performance for both individuals
and the system as a whole.

There is further scope to analyze the robustness of these findings using larger popu-
lation sizes and a range of different network topologies, including small-world, scale-free
and hierarchical networks. In the next chapter, this initial investigation will be extended
to larger groups of players (NPD in contrast to the 2 Player game). The condition of
fixed underlying network of interactions will also be relaxed by utilizing endogenous
evolving social networks.
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Chapter 4

N-player Prisoner’s Dilemma

Game on an Evolving Social

Network

4.1 Introduction

This chapter introduces the second developed model for studying the efficacy of the en-
hanced social learning approaches. The model incorporates innovative notions of trust
and reputation within a coevolutionary endogenous social network, thereby enhancing
the basic social learning framework. Assessing trust and reputation of individuals in
this way contributes to the partner selection and decision making processes of the
agents. The investigation domain is based on a more generalized version of the PD
game considered in the previous chapter. Here, the N-player PD game as described by
Boyd and Richerson [34] is used. The assumption of the fixed underlying network of
relations is also relaxed by proposing an endogenous network formation model.

It has been explained earlier (see chapters 1 and 2) how simple social dilemma
games, such as the 2-player prisoner’s dilemma [10, 218], capture real-life situations
abstractly and provide important insights into the emergent properties of interactions
in MAS. However, many researchers have questioned the ability of the simple 2-player
PD game to represent real world problems appropriately. They have argued it is an
unrealistic abstraction of individuals’ behaviour due to its intention of studying finite
two-person interactions [253, 360]. Real-world social communities consist of long-term
many-person interactions. Many social and economic problems require analysis of group
dynamics, and the strategies that work well for individuals in 2-player context may fail
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in large groups [253].

Therefore, in order to investigate individuals’ behaviour within a social group, games
consisting of more than two players must be considered. In the N-player prisoner’s
dilemma [34, 284, 306], multiple agents (N ≥ 2) interact within their designated group
and must choose to cooperate or defect. Any benefit or payoff is received by all partic-
ipants; any cost is borne by the cooperators only. Such a framework, which has been
described under the term “tragedy of the commons” by Hardin [113], is more general
and applicable for presenting real-life situations [43, 54, 241, 242, 253]. N-person pris-
oner’s dilemma (NPD) models have been referred to as social dilemma games, because
they are focused on the simulation of the collective actions and behaviours in social
groups [253]. In this situation, the players are worse off acting according to their self
interests than if they were cooperating and coordinating their actions.

It has been demonstrated in the background (chapter 2) how dynamical networks
have been considered in some recent studies for the evolution of cooperation in 2×2
games where the interaction links between agents playing the game varied over time
[22, 158, 312]. The outcomes generally indicate that the coevolution of individuals’
strategies along with their social ties facilitates the emergence of cooperation in those
models. Such impacts have been linked to the community structure, clustering co-
efficient of the network, and degree diversity/heterogeneity. Along these lines, there
have been some attempts recently to capture spatial structures for N-player prisoner’s
dilemma [43, 241, 242, 284]. However, most of them adopt a fixed underlying network
and the dynamic interactions have not yet been investigated in such frameworks.

Accordingly, the model in this chapter proposes a framework for investigating the
coevolution of interaction network and the individuals’ strategy. When agents play co-
operatively, they form a social link that is reinforced each time the action is repeated.
This weighted link provides an estimate of the “reliability” and “trustworthiness” of the
agent. When an agent defects, all links with its opponents in that game are dissolved.
Successful strategies spread via a form of cultural evolution based on imitation. Differ-
ent levels of agent cognitive ability are examined: agents with a pure strategy always
play cooperate or defect. In contrast, an agent equipped with a mixed strategy plays a
particular action based on a function of the reliability of other agents in its group in a
given game. Thus, individual agents are able to adjust both these links and the action
they play based on interactions with other agents. Specifically, the underlying evolved
network is utilized as a means of evaluating trust and reputation in agents’ partner
selection and decision making processes.

The remainder of this chapter is organized as follows: In section 4.2 material related
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to N-player PD game and its spatial versions is presented. In section 4.3 the model
is described in detail. This is followed by a description of the simulation experiments
and results in sections 4.4 and 4.5 respectively. The chapter is concluded in section 4.6
with a general discussion of the outcomes.

4.2 Related work

4.2.1 N-player Prisoner’s Dilemma Game (NPD)

The context of 2×2 prisoner’s dilemma game has been described previously in chapter
2. The N-player game can be considered as a natural extension of the 2-player game
however, with some differences in the case of pairwise interaction [253]. It is a true
multi-player game where each player simultaneously interacts with all of the other
players in a social grouping and decides to either cooperate or defect [253]. Boyd and
Richerson [34] define the payoff values as follows:

U =

 b×i
N − c if the agent cooperated,
b×i
N if the agent defected.

(4.1)

with i being the number of cooperators in the game, and N the number of players. The
following conditions must also hold for a valid multi-player prisoner’s dilemma game
[306]: c > b

N (defection is preferred for the individual) and b > c > 0 (contribution to
social welfare is beneficial for the group).

The effective techniques of the iterated pairwise interactions, such as retaliating
against a defector, may not work properly in this domain. Because punishing a defector
in a group will have impact on other group members as well. Conventional evolutionary
game theory predicts that cooperation is unlikely to emerge in the N-player prisoner’s
dilemma, and if it does emerge, then the cooperation levels are unlikely to be stable
[34]. As the number of players per game increases, there should be a decrease in the
level of cooperation [306].

4.2.2 N-player Prisoner’s Dilemma Game (NPD) on spatial structures

It has been demonstrated in chapter 2 how spatial structures promote cooperative
behaviour in the prisoner’s dilemma game [116, 218]. In this regard, the correlation
between the relative costs and benefits of cooperating and defecting and the underly-
ing connectivity of agents playing the game has been discussed [235]. High levels of
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cooperation are linked to “local neighbourhood” and “network reciprocity” [216] where
most of the studies in this area usually adopt 2-player games.

There have been relatively few papers investigating spatial versions of the N-player
prisoner’s dilemma game. One recent notable example is the work of Santos et al.
[284] who have shown that heterogeneous graphs and the corresponding diversity in
the number and size of the public goods game in which each individual participates
(represented via an N-player prisoner’s dilemma game) helps to promote cooperation.
Here, the heterogeneous graphs enable cooperators to form clusters in some instances,
thereby reducing exploitation.

Another example in this area is the work of O’Riordan and Sorensen [242] in which
they investigate the effect of enforcing a community structure on a society of agents
participating in N-player social dilemmas. The simulation results on a regular lattice
structure show that a high degree of community structure coupled with simple learning
mechanisms can lead to the spread of cooperative behaviours, resulting in a robust sta-
ble cooperative society. Extending this work, in [241] the authors illustrate how robust
cooperation can emerge among a population of self-interested agents participating in
a N-player social dilemma game when the agents are spatially arranged on a graph
exhibiting small world properties. The results show that by converting the previous
regular lattice graph to a small world network by re-attaching edges in such a manner
that damage the community structure, cooperation collapses and defection emerges as
the norm. Alternatively, by converting a regular graph to a small world graph while
taking care to preserve the community structure, cooperation can emerge as the norm.
They have also discussed that the speed of the emergence can be improved by having
small world properties such as reduced diameter.

Considering different neighbourhood schemes in a structured version of the NIPD,
Chiong and Kirley [43] study the ability of co-evolutionary learning to evolve cooper-
ative behaviour in such populations. Their empirical results confirm that structured
models facilitate the evolution of cooperation. However, they argue that the underlying
structures and their topological arrangements are important factors to be considered
for the desired levels of cooperation.

Among other examples in this area, the models presented in [41, 267, 305] can be
mentioned. The important issue in most of these studies is that they usually adopt a
predefined fixed network structure and investigate the effect of such network constraints
on the emergence of altruistic behaviour in this domain. However, as has been explained
in the background (chapter 2), there is a two-way relationship between the emergence
behaviour of individuals and their interaction structure in real world situations [106,
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241, 242]. Therefore, investigating the conditions under which the agents’ relationship
network can emerge based on their interactions, and in turn how the emerged structures
may affect the agent’s behaviour is crucial for analysing real world situations.

In fact addressing such issues is the purpose of the model to be presented in this
chapter. Specifically, the proposed model utilizes an endogenous network formation
technique as a means of evaluating trust and reputation. This study focuses on how
agents’ interactions may affect the emergence of trust relationship between them, which
in turn can lead to the emergence of altruistic behaviour in the population. This work
has some similarities with the model in [68] where a distributed reputation system is
introduced for 2-player prisoner’s dilemma game. A notion of indirect reciprocity is
used in this context where the individuals do not store their own or their opponents’
image/reputation scores. Instead, these scores are embedded in a social network in the
form of mutually established links. However, the potential vulnerability of this model
is the possibility of collusion, as agents may leave unjustified positive feedback in order
to boost each other’s scores. The proposed model in this chapter will also address such
concerns.

4.3 Model

In the current model of the N-player prisoner’s dilemma game, a population of agents
playing a series of independent games self-organize their social ties based exclusively on
their self-interest. Interactions can take place between any group of agents, however,
they tend to happen between those that have cooperated previously. This reflects the
notion that agents prefer to seek interaction with partners that have already proven
to be reliable. Agents who play cooperatively form social links, which are reinforced
by subsequent cooperative actions. However, when an agent defects, the links with
its opponents in this game are broken. As agents not participating in this game are
unaware of the defective action, their links with the defective player, however, are
retained.

The execution cycle of the model is sketched in Algorithm 2. Every iteration involves
the forming of a number of games G of size N from the population (line 3); the execution
of each game and the calculation of its outcome (line 5); the adaptation of the links of
the agents in the game based on the actions played (line 6); and finally the selection
process on a subpopulation, whose size is determined by the evolutionary rate e (lines
8-11). In the following sections, these steps are explained in detail.
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Algorithm 2 Social network based N-player prisoner’s dilemma model

Require: Population of agents P, evolutionary rate e ∈ [0, 1], number of iterations
imax, number of players per game N ≥ 2.

1: for i = 0 to imax do
2: G = ∅
3: while g = NextGame(P,G, N) do
4: G = G ∪ {g}
5: PlayGame(g)
6: AdaptLinks(g)
7: end while
8: for i = 0 to |P| × e do
9: a, b = Sample(P)

10: CompareUtilityAndSelect(a, b)
11: end for
12: end for

4.3.1 The formation of games

The population of agents P is partitioned into disjoint sets of size N , each of which
forms a game. At this step two methods are considered for partner selection processes;
namely probabilistic and random game formation. The first agent for every game is
selected randomly amongst those that have not yet been assigned to any game in this
iteration. In probabilistic game formation method, the other N − 1 slots of the game
are filled as follows: With probability ε, the slot is filled randomly with an agent
from the first agent’s neighbourhood. With probability 1 − ε, or if all agents in the
neighbourhood have already been assigned to a game in this iteration, the slot is filled
randomly with an arbitrary agent from the remaining population. In that, ε regulates
the process of partner selection for how often the agent explores cooperative play with
unknown members of the population or exploits its current local neighbourhood. In
random game formation method, regardless of the neighbourhood structure, the other
N−1 slots of the game are filled randomly with an arbitrary agent from the population.
Usually every agent plays exactly one game per iteration. However, depending on the
size of P and N , a single agent might not play at all or the last game might not reach
size N .
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4.3.2 The execution of games

The outcome of every game depends on the strategies of its players. Two different
scenarios are considered for decision making, where the agents have varying cognitive
abilities. The first one involves only players with pure strategies. That is, each agent
always plays the cooperate (pure C), or the defect (pure D) action. In the second
scenario, a third type of agent (discriminator) is also considered, that follows a mixed
strategy. A mixed strategy is an assignment of a probability to each pure strategy (see
details below).

The action taken by a mixed strategy agent i depends on the weights of the links
wij it has established with each of its opponents j ∈ g for the current game g. The
average link weight for player i in game g is then defined as:

wi(g) =
1
|g|

∑
j∈g

wij (4.2)

A mixed strategy i plays cooperatively in game g with probability:

Pi(g) =
wi(g)α + β

wi(g)α + β + 1
(4.3)

With probability 1− Pi(g), it plays defectively. Basically, β determines the proba-
bility of playing cooperatively if the agent does not have any link with its opponents. It
allows agents to play generously, which was found by [10] to be a feature of successful
iterated prisoner’s dilemma strategies. The gradient of the probability density function
is determined by α. Higher values correspond to an agent being satisfied with less links
with its opponents to decide on cooperative play. This decision rule was introduced by
[68].

Based on the game’s outcome every agent receives a payoff or utility. This payoff is
based on the functions described in Boyd and Richerson [34] and Suzuki and Akiyama
[306] (see Equation 4.1 in Section 4.2.1 for details).

4.3.3 Link adjustment

For every pair of agents i and j in the game, link weights wij are changed as follows:

wij =

wij + 1 if both i and j played cooperatively,

0 otherwise.
(4.4)

In Figure 4.1 three stages in the evolution of a sample network are shown, illustrating
the dynamic nature of link adjustment in the model. It is assumed that links can only
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(a) t = 10 (b) t = 50 (c) t = 100

Figure 4.1: Three snap shots of the emerging social network at different iterations
of the simulation. In this sample, |P| = 25 and N = 3. Red circles represent defectors,
light blue circles represent cooperators, and dark blue squares are discriminators.

be formed by mutual consent, which prevents any defector from influencing the selection
of its opponents to its own advantage. Furthermore, it is assumed that the actions of
other agents are observable. Otherwise, establishing links as described here would be
impossible. Defective actions cannot lead to negative link weights in order to encourage
agents to be forgiving. This is another requirement for successful iterated prisoner’s
dilemma strategies according to [10].

4.3.4 Strategy update mechanism

A form of cultural evolution based on imitation is used for strategy update. At each
time step, |P | × e pairs of agents are drawn randomly from the population for update.
The accumulated utility of the agent pair is compared. The agent with the lower utility
is replaced by a copy of the agent with the higher utility. The new agent copies the
strategy and the links of the winning agent, forms a link with weight one to this agent
and initializes its own utility. This models the propagation of successful strategies and
trust within the growing network.

4.4 Simulations and Experimental set up

A systematic Monte Carlo simulation study was carried out to investigate the system
dynamics of this model. The underlying hypothesis tested was that utilizing coevolu-
tionary endogenous social networks to measure trust and reputation would enhance the
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social learning framework. Such an approach would facilitate agents’ interactions and
consequently, improve their long term performance. More specifically, a series of simu-
lation experiments have been designed to examine whether the introduction of agents
equipped with mixed strategies would promote higher levels of cooperation in the N-
player prisoner’s dilemma game. The proposed social network model should encourage
high levels of cooperation to persist for longer, even when all agents played with a pure
strategy.

4.4.1 Different Scenarios

To explore these ideas, the impact of the underlying endogenous social network is exam-
ined in four steps. For this, the proposed dynamic network scheme is used to evaluate
trust and reputation for partner selection and decision making purposes. In step 1,
there is no form of reputation, neither partner selection nor decision making. There-
fore, the model is run with pure strategy players (pure C and pure D) and a random
game formation. In other words, there is no form of underlying network structure and
the population is panmictic (randomly matched).

In step 2, partner selection based on the group members’ reputation is added to the
model by utilizing the underlying dynamic network structure. For this purpose, the
model is run with pure strategy players (pure C and pure D) and a probabilistic game
formation. The agents build up an underlying network based on cooperative act and
break the links following defective behaviour. The players are matched probabilistically
according to their underlying connections as explained in section 4.3.1. Therefore, the
first player can select the other N − 1 group members probabilistically based on their
reputation (previous behaviour record).

In step 3, decision making based on the reputation of group members is added into
the model instead of partner selection. This is done by introducing a third strategy
(type discriminator) player into the model who can exploit the additional information
from the underlying network structure to decide how they should play against their
matched partners. Hence, the population consists of pure strategies (pure C and pure
D) and discriminators who are matched randomly in groups of size N to play the game.
Similar to step 2, agents still build up an underlying network but they do not use it for
partner selection purposes. It is only used by discriminators for their decision making
process as explained in section 4.3.2

And finally in step 4, measures of reputation for both partner selection and decision
making are integrated into the model’s framework. In this regard, the model consists
of pure strategies (pure C and pure D) and discriminators and the agents build up an
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underlying network as described in steps 2 and 3. The players are matched probabilis-
tically according to their underlying connections (section 4.3.1) where there is a chance
for players to select their “team-mates” based on their reputation (previous behaviour
records). Also the additional information from underlying network is used by discrimi-
nators to decide how they should behave against their selected partners (section 4.3.2).
Therefore, it can be said the discriminators decide based on their partners’ reputation.

4.4.2 Parameters

The following parameter settings were used in all simulations: population size |P| =
1000 with ε = 0.9 and strategy update probability e = 0.001. Such values allow for
agents to seek partners out of their social contacts. Payoff values b = 5 and c = 3
were used (standard payoff values) for the benefit and cost of cooperation. In the
pure strategy scenarios, the population was initialized with 50% cooperators and 50%
defectors. In the mixed strategy scenarios, the population was initialized with 33.3%
pure cooperators, 33.3% pure defectors and 33.3% mixed strategy agents with α =
1.5 and β = 0.1 (as [68]). Different group sizes (N = 2, 4, 5, 10, 15, 20) have been
investigated in each case. The reported results are averaged over 20 independent trials
with the number of iterations imax = 40000. The statistical analyses are reported in
each case at the end of the runs (t = 40000).

4.5 Results

4.5.1 Group size vs. strategy

In this section the model is examined under four gradual scenarios explained above. In
each case, the results for the proportion of cooperation in the population vs. time for
increasing values of N are investigated. Figure 4.2 shows the results of the first scenario
(step 1) where there are pure strategy agents in the mixing population. Consistent with
the common results reported in the literature of panmictic populations and evolution-
ary game theory prediction, since there is no technique of reputation and underlying
network structure, the population converges to all defection very quickly. There are
no statistically significant differences between the mean values of the proportions of
cooperation for different group sizes at this step (p > 0.05).

Figure 4.3 plots the results of the second scenario (step 2) when all agents play with
a pure strategy and have the ability of partner selection based on the underlying evolved
network. When N = 2, the high proportion of cooperation at equilibrium is consistent
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Figure 4.2: Step 1: The proportion of cooperation vs. time for various values
of N . This scenario consists of pure strategy players with random game formation.

with results reported for the standard 2×2 prisoner’s dilemma game using a spatial
structure. As N increases, the equilibrium cooperation levels drop off. At N = 4,
approximately 50% of the population is playing cooperatively. However, as expected,
for larger values of N defection takes over the population at a rate proportional to
N . From the statistical tests, it is concluded that there are statistically significant
differences between the mean values of the proportions of cooperation for different
group sizes (ANOVA, F5,114 = 11995.83, p = 0). However, Tukey’s HSD test shows that
there is no significant difference between the mean values of proportions of cooperation
for group sizes 5, 10, 15, and 20 (p > 0.05).

Figure 4.4 demonstrates the results of the third scenario (step 3) where the ability of
decision making is introduced into the model framework by player type discriminator.
The players are matched randomly in this scenario and exploit the underlying evolved
network as means of reputation for decision making process. However, the results
indicate that this notion of reputation is not helpful and the population turns to full
defection quickly. Again the statistical tests do not show any significant differences
between the mean values of proportions of cooperation for different group sizes (p >
0.05).
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Figure 4.3: Step 2: The proportion of cooperation vs. time for various values
of N . This scenario consists of pure strategy players with probabilistic game formation.
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Figure 4.4: Step 3: The proportion of cooperation vs. time for various values of
N . This scenario consists of pure strategy players and discriminators with random game
formation.
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(b) %pure D
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(c) %discriminators

Figure 4.5: The trajectory of the proportion of different player types in step 3
vs. time for various values of N .
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(a) %discriminator C
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(b) %discriminator D

Figure 4.6: The process of decision making of discriminators in step 3 vs. time
for various values of N .
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Figure 4.7: Step 4: The proportion of cooperation vs. time for various values
of N . This scenario consists of pure strategy players and discriminators with probabilistic
game formation.

The further investigation of different types of the players in Figure 4.5 shows that
pure cooperators and discriminators are quickly vanished in the population and pure
defectors prevail. The process of decision making of discriminator players is plotted in
Figure 4.6 showing early adoption of a defection strategy that leads to their extinction
from the population in the first few iterations.

The results of the fourth scenario (step 4) are demonstrated in Figure 4.7 where
agents can select their partners based on the probabilistic game formation method, and
also are able to decide how to play based on their partners’ reputation. Investigation of
the plot clearly shows that integrating both abilities of partner selection and decision
making promotes higher levels of cooperation. Decreasing trends in cooperation levels
consistent with the number of players are still apparent. However, the equilibrium levels
for the proportion of agents who have cooperated are significantly higher. For example,
when N = 10, the proportion of cooperation initially increases as the social network
began to form. However, after approximately 5000 time steps this level gradually
decreases to an equilibrium level of approximately 15%. In other scenarios, when
N = 10, defection was the dominant action after 5000 time steps. To test for statistical
differences between the mean values of the proportions of cooperation for all the group
sizes, ANOVA tests have been applied with significance level of α = 0.05 to the obtained
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results in step 4. The null hypothesis tested was that the mean values of cooperation
ratio at step 4 were the same for different values of N . From the statistical tests,
it is concluded that there are statistically significant differences between the mean
values of the proportions of cooperation for different group sizes considered in this
step (ANOVA, F5,114 = 6955.3, p = 0). Further, the Tukey’s HSD test compares the
differences between the mean values of the proportions of cooperation for each pair of
group sizes and it shows there are also statistically significant differences betwen the
mean values of the proportions of cooperation at each case (p < 0.05).

In order to get a clearer insight into the players behaviour, the further investigation
of different player types trajectory is depicted in Figure 4.8. In contrast to the previous
step (step 3), pure cooperators and discriminators are able to evolve and persist in the
population. Pure defectors dominate the population in the case of larger group sizes
(N ≥ 10). The process of decision making of discriminator players is also plotted in
Figure 4.9. It is shown that the general ratio of discriminators who decide to cooperate
is greater than those who adopt a defect strategy.
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(b) %pure D
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(c) %discriminators

Figure 4.8: The trajectory of the proportion of different player types in step 4
vs. time for various values of N .
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(b) %discriminator D

Figure 4.9: The process of decision making of discriminators in step 4 vs. time
for various values of N .
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Table 4.1: Results of the ANOVA tests for statistical significant differences between the
mean values of the proportions of cooperation in four steps of the model for different group
sizes

Group size F3,76 p-value

N = 2 64923.2 0

N = 4 3180.75 0

N = 5 7874.84 0

N = 10 3591.87 0

N = 15 336.52 0

Furthermore, in order to test for statistical differences between the mean values of
the proportions of cooperation for different steps of the model, ANOVA tests have been
applied with significance level of α = 0.05 to the obtained results for each group size
(N = 2, 4, ...). The null hypothesis tested was that the mean values of cooperation ratio
at each group size were the same for all four steps of the model. From the statistical
tests, it is concluded that there are statistically significant differences between the mean
values of the proportions of cooperation in four steps of the model for all group sizes
except for group size 20 (p > 0.05). The results of the ANOVA tests for group sizes
N = 2, N = 4, N = 5, N = 10, and N = 15 are presented in table 4.1.

However, a further Tukey’s HSD test shows there are no statistically significant
difference between the mean values of the proportions of cooperation in steps 1 and 3
for group sizes N = 2 and N = 4 (p > 0.05). The carried statistical analyses for the
group sizes N = 5, N = 10, and N = 15 also show that only the mean values of the
proportions of cooperation in step 4 are significantly different from the other steps in
these cases. There are no statistically significant differences between the mean values
of the proportions of cooperation in the other steps for group sizes N = 5, N = 10,
and N = 15 (p > 0.05).
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4.5.2 Emergent social network

When agents play cooperatively, they form a social link that is reinforced each time the
action is repeated. When an agent defects, all links with its opponents in that game are
dissolved. In this section, the underlying emergent networks are analysed by studying
typical statistical metrics of weighted networks such as the clustering coefficient and
the degree distribution [61] (the results are normalized for comparison purposes). It
was discussed in detail in the background (chapter 2) that the clustering coefficient
is the probability that two nearest neighbours of a node are also nearest neighbours
of each other. Its values range from zero to one and the latter value holds if and
only if the network is globally coupled. This analysis provides important insights into
the underlying social mechanisms, which promote the collective behaviour within the
model.

Figure 4.10 plots the average clustering coefficient vs. time for (a) step 2 (the pure
strategy model with probabilistic game formation - partner selection ability), (b) step
3 (the mixed strategy model with random game formation - decision making ability
), and (c) step 4 (the mixed strategy model with probabilistic game formation - both
partner selection and decision making abilities). Since there is no underlying network
structure in step 1, no result is available for network analysis in this case.

The trends in the time-series values are consistent with the trends shown in Figures
4.3, 4.4, and 4.7, that is, the average clustering coefficient values are generally smaller
for larger values of N . Significantly, the relative magnitudes of the average clustering
coefficient values are higher in scenarios where the probabilistic game formation is
exploited. This observation suggests that the social network helps to promote higher
levels of cooperation. However, the most substantial results are derived where the
underlying link adjustment mechanisms are used with mixed strategy decision-making.
Such combination directly favour the formation of cliques. These findings are consistent
with results reported in [312]. It is also interesting to note that the values of the average
clustering coefficient values when N = 2 are very similar in both step 2 and step 4,
confirming that the additional cognitive ability of the mixed strategy agents is not
required to promote cooperation in the restricted game in this case.
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(a) Step 2
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(b) Step 3
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(c) Step 4

Figure 4.10: Average clustering coefficient vs. time for step 2, step 3, and step 4.
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Figure 4.11 shows the community vs. time for (a) step 2 (the pure strategy model
with probabilistic game formation - partner selection ability), (b) step 3 (the mixed
strategy model with random game formation - decision making ability ), and (c) step 4
(the mixed strategy model with probabilistic game formation - both partner selection
and decision making abilities).

Figure 4.12 shows the average path length vs. time for (a) step 2 (the pure strategy
model with probabilistic game formation - partner selection ability), (b) step 3 (the
mixed strategy model with random game formation - decision making ability ), and
(c) step 4 (the mixed strategy model with probabilistic game formation - both partner
selection and decision making abilities).

In Figures 4.13, 4.14, and 4.15 the final degree distribution plots on a log-log scale
of the social network are demonstrated for step 2, step 3, and step 4 respectively.
The general trends in degree distribution plots were similar. When it was possible to
sustain cooperation in a game (for N = 2 in step 2 and 2 ≤ N ≤ 10 in step 4), the
degree distribution was typically higher where the size and shape of the distribution
was dependent on N and the specific scenario. This suggests that densely knit cliques
may be stable and preserve links. There are also a smaller number of nodes with lower
average degrees corresponding to newly formed cooperative cliques.
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(b) Step 3
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(c) Step 4

Figure 4.11: Community vs. time for step 2, step 3, and step 4.
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(b) Step 3
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(c) Step 4

Figure 4.12: Pathlength vs. time for step 2, step 3, and step 4.
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(f) group size 20

Figure 4.13: Step2: Degree distribution for different group sizes.

101



4. N-PLAYER PRISONER’S DILEMMA GAME ON AN EVOLVING
SOCIAL NETWORK

10
0

10
1

10
2

10
3

10
4

10
0

10
1

10
2

10
3

10
4

Log Degree

Lo
g 

C
ou

nt

(a) group size 2

10
0

10
1

10
2

10
3

10
4

10
0

10
1

10
2

10
3

10
4

Log Degree

Lo
g 

C
ou

nt

(b) group size 4

10
0

10
1

10
2

10
3

10
4

10
0

10
1

10
2

10
3

10
4

Log Degree

Lo
g 

C
ou

nt

(c) group size 5

10
0

10
1

10
2

10
3

10
4

10
0

10
1

10
2

10
3

10
4

Log Degree

Lo
g 

C
ou

nt

(d) group size 10

10
0

10
1

10
2

10
3

10
4

10
1

10
2

10
3

10
4

Log Degree

Lo
g 

C
ou

nt

(e) group size 15

10
0

10
1

10
2

10
3

10
4

10
1

10
2

10
3

10
4

Log Degree

Lo
g 

C
ou

nt

(f) group size 20

Figure 4.14: Step3: Degree distribution for different group sizes.
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Figure 4.15: Step4: Degree distribution for different group sizes.
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4.5.3 Coevolution of dynamic payoffs

As an extension of the proposed model in this chapter, mechanisms of adaptive rewards
which have been used previously in chapter 3 are implemented in the current model.
For this purpose, a framework of dynamic payoff matrices based on age of the agents
need to be developed for N-player PD.

In this framework (N-player PD), the payoff elements are b and c (explained in
section 4.2.1) which should change based on age factor of agents. Agents start the
game with age 0 and they grow 1 unit of age at every iteration. When they reach their
lifespan limit they die out and are replaced with a random new born agent. Notice
that changing b and/or c may break the rules of the game (b > c > 0) and c > b

N .
Therefore, in some cases there might be need to put constraint on such action. Here,
the dynamic models are designed by extending Step 4 in 7 versions as follows.

Step4-Dynamic In this version b and c do not change. Only the agents have the age
factor and they die out and get replaced. Their life-span is drawn randomly from
the range of [50, 100].

Step4-DynamicC-UnConstrained Here similar to the previous version the agents
have the age factor and die out and get replaced. Their life-span is drawn ran-
domly from the range of [50, 100]. In this version however, each agent has its own
b and c and the value of c changes every iteration based on the agent’s age. The
same formulas introduced in chapter 3 are used:

Xi,t = Xi,t−1(1 + εi,t) (4.5)

εi,t = k × (
1

1 + exp[αi,t/λi]
) (4.6)

where Xi,t represents the payoff element c for agent i at time t; Xi,t−1 represents
the payoff elements C for agent i at time t−1; εi,t is the magnitude of the rescaled
values; αi,t is the age of agent i at time t; λi is the expected lifetime of agent i,
and k is the social diversity parameter. Notice that there is no constraint on c

and it can change regardless of the rules.

Step4-DynamicC-Constrained This version is similar to previous one except that
there is constraint on c. If the new value of c breaks the rules, it is not allowed
to be changed and the previous eligible value is considered.
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Figure 4.16: Dynamic payoffs extension: The proportion of cooperation vs.
time for various values of N .

Step4-DynamicB-UnConstrained In this version the value of b changes similarly
to those explained in previous versions using the formulas. Xi,t represents the
payoff element b here and there is no constraint on it.

Step4-DynamicB-Constrained In this version there is constraint on changing the
value of b if the new value breaks the rules.

Step4-DynamicBC-UnConstrained Here both values of b and c change using the
mentioned formulas. It means Xi,t represents both of the payoff elements b and
c and there is no constraint on them.

Step4-DynamicBC-Constrained In this version there is constraint on changing
the values of b and c. If the new value of each of them breaks the rules they are
not allowed to change.

Investigating the behaviour of these models, surprisingly the results of all 7 versions
and all group sizes (2 ≤ N ≤ 20) are similar. Therefore, here only the typical outcomes
are reported. Figure 4.16 shows the result of the dynamic scenario. The further inves-
tigation of different player types trajectory is depicted in Figure 4.17. The process of
decision making of discriminator players is also plotted in Figure 4.18.
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Figure 4.17: The trajectory of the proportion of different player types in dy-
namic payoffs extension vs. time for various values of N .
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Figure 4.18: The process of decision making of discriminators in dynamic pay-
offs extension vs. time for various values of N .

107



4. N-PLAYER PRISONER’S DILEMMA GAME ON AN EVOLVING
SOCIAL NETWORK

4.6 Discussion and concluding remarks

In this chapter, the effectiveness of the enhanced social learning mechanisms has been
examined using a version of the N-player prisoner’s dilemma game where coevolutionary
endogenous social networks are employed for assessing trust and reputation. More
specifically, the co-evolution of strategies and social networks has been investigated
in this framework. The endogenous network formation based on agent interactions
was an important component in the proposed model and it has been exploited as a
means of evaluating trust and reputation. Agents who play cooperatively form social
links, which are reinforced by subsequent cooperative actions. However, when an agent
defects, links in the social network are broken. Simulation results validate this approach
and confirm that cooperation is promoted by agents exploiting the social network as
a means of trust and reputation to guide their decision making and partner selection
process. However, as the number of players participating in the game increases, the
proportion of cooperation within the population generally decreases.

The long term system dynamics of this model has been examined based on two
different agent cognitive abilities: agents with pure strategies who always play one of
cooperate or defect, and a mixed strategy where agents base their decision as to which
action to play on the reputation or reliability of other agents. There is also another
notion of reputation used for partner selection purposes based on the underlying evolved
network. The plots generally indicate that exploiting reputation promotes cooperation.
However, the important question here is which method of reputation is more effective.

The results suggest that exploiting reputation for partner selection is more effective
(step 2 - Figure 4.3) than exploiting reputation for decision making (step 3 - Figure
4.4). This seems reasonable as discriminators (in step 3) can choose to act defectively if
they are forced to play with defective partners through random matching (Figure 4.6).
Consequently, this will lead to emergence of defective behaviour in the population and
extinction of pure cooperators and discriminators from the population (Figure 4.5).

On the other hand, when exploiting reputation for decision making is combined
with exploiting reputation for partner selection (in step 4 - Figure 4.7), the results
improve significantly. This means exploiting reputation for decision making may not
be useful on its own but it can help to improve the results when it is combined with other
methods like partner selection. Here, when agents have increased cognitive capacity
to classify their environment, social networks play an increasingly important role in
promoting and sustaining cooperation.

An analysis of the emergent social networks shows that they are characterized by
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high average clustering and broad-scale heterogeneity, especially for a relatively small
number of players. The key findings in this study suggest that the interplay between
the local structure of the network and the hierarchical organization of cooperation is
non-trivial.

Generally, the results demonstrate the efficacy of the enhanced social learning mech-
anisms in the examined situations and indicate it is beneficial for agents to exploit co-
evolutionary endogenous social networks when assessing trust and reputation in MAS.
Such techniques can be useful for developing and maintaining altruistic behaviour in
groups of interacting agents, which in turn lead to better long-term performance for
both individuals and the system as a whole.

On the other hand, the outcome of the dynamic payoff framework, similar to what
has been introduced in chapter 3, is not satisfying in this case. The results are identical
for different variations of the model and different values of N (group sizes). This could
be caused by using inappropriate time scale chosen for the agents’ life span and the
evolution of links.
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Chapter 5

Distributed Advice-Seeking on

an Evolving Social Network

5.1 Introduction

In this chapter there is a change in the domain used to investigate the efficacy of
the enhanced social learning models. Here, the insights gleaned from the simulation
studies examining the role of life-experiences and coevolutionary endogenous social net-
works in the two previous chapters (chapters 3 and 4) are expanded where a broader
perspective of MAS general applications is considered. Without loss of generality, an
abstract model of advice-seeking for resource discovery application is examined via nu-
merical simulation. Although the studied platform in this chapter is inspired by several
distributed service provision applications, the goal here is not to model and develop
solution for any particular application. Rather, the objective of this study is to set up a
specific, controlled platform, representing semi-realistic applications of MAS, in which
the performance of the enhanced social learning mechanisms can be evaluated.

The development of distributed infrastructure technology has given rise to systems
such as service-oriented techniques, web services, and online social communities. Typ-
ically, these systems are composed of a large number of providers offering different
but possibly overlapping services [319]. Consider two disparate examples: specialized
search engines that can analyse and identify protein streams from different perspectives
[265], and online communities such as Netflix, which offer their users access to infor-
mation about various entertainment products. Generally, the exact characteristics of
services or items in such systems might be inaccessible to the prospective users. How-
ever, users typically seek to select resources that “best fit” their current requirements
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or preferences despite the fact that in some instances they might be unaware of their
true preferences or may be reluctant to communicate them.

Web services are typically listed in centrally available directories that users can
query in order to identify suitable services [74, 290]. Although this approach has been
shown to be effective in the context of a few providers serving a few users, this cen-
tralized approach does not scale up easily to a large number of users. Furthermore,
this approach requires that users be both willing and able to communicate all of their
requirements to a central authority. Similarly, in recommender systems recommenda-
tions are typically issued from a central component that bears sole responsibility for
the operational functionality of the system [337, 339]. In addition, the subjective user
ratings used for recommendations are typically not based on specific users interests or
characteristics.

In this chapter, an abstract model is introduced to simulate a population of agents
with heterogeneous preferences that repeatedly select among resources from a publicly
available pool. The match between the preferences of an agent and the characteristics
of a particular selected resource yields a certain utility for this agent. The goal of the
agents is to maximize their long-term utility during a limited number of subsequent
selection steps. The subjective utility of a resource is unknown to an agent until it
selects this resource for the first time. Moreover, the true characteristics of resources
are not revealed to the agents at all. Therefore, identifying appropriate resources among
a large number of alternatives in a limited period of time is a challenge.

The rationale behind the proposed approach here, is based on the notion that it
may be beneficial to allow users to seek advice from others before making a decision.
However, identifying users with compatible preferences is often difficult because there
might be a large number of them, their preferences might not be publicly available,
and/or they may not be in a position to make their own preferences explicit. Therefore,
users adopt heuristics to help identify which of the other users are able to provide
suitable advice. Without a central component that hosts global information about the
users in the system, users need to be able to exploit their local knowledge about others
to link with those that have similar preferences.

In the presented model, agents are equipped with the capacity to exchange their
experienced personal utility for selected resources but not their true preferences. By
learning their own subjective utility for a resource based on advice received, agents
can assess the accuracy of that advice and ultimately decide whether to retain the
contact with the reporting agent or drop it. Furthermore, agents are able to ask their
direct contacts for referrals in order to make connections with other agents. This study
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investigates how the evolving social network can improve the utility gained by the
agents and how their interactions may change their social relationships.

The remainder of this chapter is organized as follows. In Section 5.2, related work
is reviewed regarding advice exchange and recommender systems. Then in Section
5.3, the details of the proposed model are presented. Explanation of simulations and
experimental set up is done in Section 5.4, which is followed by a demonstration of the
results and experimental evaluations in Section 5.5. Finally, the related discussion and
concluding remarks are presented in Section 5.6.

5.2 Related work

5.2.1 Advice Exchange and Recommender Systems

The exchange of information between interacting agents can be used to improve the
overall performance (for instance in terms of maximizing both individuals’ and system’s
long term utility and/or saving time and energy in performing particular tasks) in multi-
agent systems [20, 311]. For example, [234] have investigated how advice-exchange
mechanisms can improve the performance of a group of agents learning to solve related
problems. Results of several experiments show that information exchange can improve
the performance of the learning algorithms tested. However, the advantage seems to
vanish for harder problems and more heterogeneous tasks.

Recommender systems provide a different domain in which users rely on suggestions
of particular products (or resource or information) drawn from a large pool of products
that are considered to fit a given user’s interests or preferences [178]. In the collab-
orative filtering approach, if a number of users have already “appreciated” a similar
set of products, they are likely to share interest in other products as well [178]. Users
indicate their appreciation for a product by reporting a subjective product rating to
the system. The utility of collaborative filtering systems clearly relies on the overlap
of users’ interests and is likely to decrease with a more heterogeneous product catalog,
with more diversified and less overlapping user preferences, and with a smaller number
of participants. A disadvantage of these systems is the fact that they suffer from the
dependence on a central recommendation component [178].

In distributed recommender systems, recommendations are not issued by a cen-
tral authority but users exchange recommendations with each other directly [102, 178].
Thus users need to find the right contacts with which to link to. In [339], a model
of a distributed recommender system is outlined that combines the concepts of social
networking and trust relationships. Agents are connected by a fixed random social
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network. Before considering the purchase of a product, agents first query their social
contacts for recommendations and then evaluate the accuracy of these recommenda-
tions after they experience their subjective utility. Agents keep track of the accuracy
of recommendations that they have received from their social contacts so far. This
enables them to decide from whom to accept recommendations. In a different model,
self-interested agents iteratively decide to trade recommendations or to refuse exchange
[337]. The results of an experimental study show that engaging in a dyadic exchange
is the rational choice as long as both agents believe that they share similar interests.
Agents decide based on their past interactions when and with whom to exchange rec-
ommendations.

A significant limitation of the models described in [339] and [337] is that they do
not make use of the implicitly underlying network structure apart from keeping track
of the recommendations they have received from their social contacts. They do not
exploit the existing structure to optimize their position within the social network to
connect with those that have similar preferences.

5.3 The Model

5.3.1 Overview

The investigated model in this chapter represents a world consisting of a finite and fixed
set of agents A and a larger but still finite set of resources R. These resources represent
service providers, products, or anything that agents are interested in within a specific
domain. Each resource r ∈ R is characterized by particular features represented by
an n-dimensional binary feature vector fr ∈ {0, 1}n, where an entry of 1 denotes that
this resource has this feature. In the example of web services, features symbolize the
specific services a provider may offer as well as other implicit characteristics such as
its network bandwidth, computational performance, and overall quality of service. The
agent population is heterogeneous in the sense that agents are interested in different
features. The preference of an agent a ∈ A is characterized by an n-dimensional binary
preference vector pa ∈ {0, 1}n, where an entry of 1 denotes the interest of the agent
in resources with this specific feature. The description of features and preferences is
similar to the one in [337].

At each time step, each agent selects a single resource and receives a real-valued
utility as a result. However, agents do not learn about the true features of the selected
resource. The utility formalization used here is an abstraction of the agents’ “apprecia-
tion” for a particular resource. This approach has been used because it is assumed that
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not all of the features of the resource will be directly accessible in all situations. The
utility an agent receives from selecting a particular resource is therefore based on the
match between its preference vector and the resource’s feature vector. In other words,
the utility is calculated based on the level of satisfaction with the selected resource. In
the running example, the utility an agent receives from interacting with a particular
service provider depends on the match between the services and characteristics required
by the agent and those offered by the provider.

In general, the objective of every agent is to optimize its selection process to maxi-
mize the expected long-term utility in a limited time. However, with limited knowledge
about the resources and their features, agents need to explore various resources (i.e.
selecting random resources) to identify the best possible alternatives. As has been
discussed earlier, the number of resources might be large; the true characteristics of
resources unavailable; and agents are unaware of their exact preferences. In such a
situation, agents are unlikely to perform efficiently and gain the highest possible utility
without additional support.

To enhance the agents’ performance in this framework, agents are able to seek advice
and base their resource selection on the experience of others. Agents may have hetero-
geneous preferences, consequently they may evaluate resources differently. Therefore,
the choice of who they should query affects the quality of advice received. Effectively,
agents need to form connections with others that have similar preferences. However,
agents are neither assumed to be able to specify their own preferences nor to be will-
ing to communicate them; and the exact features of resources are not assumed to be
available to the agents. Therefore, the only information agents communicate are their
subjective utilities for resources. Scenarios such as those described above, are ideal for
evaluating the central hypothesis of this thesis.

Connections between agents are described by a graph structure G = (A,E) where
nodes A represent the agents and edges E ⊆ A×A represent the existing connections
between the agents. The graph is directed and weighted. The weight w(a, b) ∈ [0, 1]
on an edge between agents a and b determines the level of trust between them and
represents the quality of the advice received so far by agent a from agent b.

A schematic procedure of the model is sketched in Algorithm 3. The model is
explained in detail next, specifying how the agents interact with, and adapt, their
social contacts.

115



5. DISTRIBUTED ADVICE-SEEKING ON AN EVOLVING SOCIAL
NETWORK

Algorithm 3 Overview
Require: Population of agents A, set of resources R, number of rounds rmax, evolu-

tionary rate e, maximum out degree l, recommendation threshold threlig, default
edge weight wd.

1: Weighted Graph G = InitializeGraph(A, l, wd)

2: for r = 1 to rmax do
3: for each a ∈ A in random order do
4: εa ← 1− |Ra|

|R|
5: if Random() < εa then
6: Query(a, G, l, threlig)
7: else
8: AccessItem(a, Ra)

9: end if
10: if Random() < e then
11: AdaptLinks(a, G, Random() < εa, wd)

12: end if
13: end for
14: end for

5.3.2 Initialization

First, the population of agents is initialized with random preference vectors as is the
pool of resources with random feature vectors. Here two scenarios are considered: In
the first scenario, the population consists only of random agents who are not restricted
to any form of social structure and query others in the entire population randomly. In
the other scenario, the population consists only of social agents who are able to self-
organize themselves on a network and seek advice from social contacts. Initially, every
social agent has at least one but not more than l outgoing edges with default weight wd
(here set to 0.5) - line 1. At initialization, the graph is connected without any isolated
nodes. There is no network for random agent populations. The simulation then runs
for a certain number of iterations, whose four distinct phases will be described in the
following.

5.3.3 Exploration and Exploitation

In every round, each agent has to decide whether to select a resource based on its
knowledge about the utilities of the resources it has selected/known so far or whether
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to query others for advice. In that, the agent either exploits its existing knowledge
or explores other possibilities that potentially might lead to the improvement of its
existing knowledge. This decision is probabilistic and depends on the richness of the
agent’s acquired knowledge. Intuitively, the more resource utilities an agent knows
about, the more confident the agent is to rely on its own knowledge. Therefore, the
probability of an agent a relying on its own knowledge is defined as the proportion of
the number of resources the agent has already observed (Ra) to the total number of
resources in the pool ( |Ra|

|R| ) - line 4.

If the agent is to exploit its own knowledge, it accesses the resource with the largest
utility it knows so far - line 8. Otherwise, it seeks advice from others in the form
of resource-utility tuples - line 6. To provide a fair opportunity for all, each agent
can query exactly l other agents. Random agents query l random other agents, while
social agents query their l social contacts. In case they do not have l contacts, they
query additional agents randomly to start with. Each advisor then suggests the most
beneficial resources it has found so far. For a resource to be eligible for suggestion, the
known utility needs to exceed a threshold threlig. The advice-seeking agent then filters
this advice considering only resources it has not accessed so far.

5.3.4 Advice Selection

In this step, the agent follows one of the suggestions received in the previous step. The
selection process is probabilistic and is carried out in two steps. First, the advice-seeking
agent selects probabilistically one of the advisors based on their link’s weight and then
selects probabilistically among that advisor’s suggestions based on the reported utilities.
Ultimately, the selected resource is accessed and the agent receives its subjective utility.
If no advice has been issued, the agent selects a random resource from the pool.

The actual utility an agent a receives for resource r (denoted as ua(r)) is defined by
a function of similarity between the preference vector of the agent, pa, and the feature
vector of the resource, fr. The more similar the vectors are, the more utility the agent
gets from that resource. Here, similarity is assessed by a normalized Hamming distance
d(fr, pa) with values mapped to the range [−1, 1]:

ua(r) = (
d(fr, pa)

n
× 2)− 1 (5.1)

Positive values indicate that the utility is better than what was expected on average
by a random selection while negative values indicate that the agent would have done
better on average by selecting randomly.

117



5. DISTRIBUTED ADVICE-SEEKING ON AN EVOLVING SOCIAL
NETWORK

5.3.5 Assessment

This step and the next one are network-structure related processes and thus are only
applicable to social agents. The assessment step enables social agents to learn from
their interactions with other agents and to adjust the weight of their links. Following a
particular suggestion can be a positive or negative experience depending on the actual
utility received. Positive interactions are considered as those when the absolute differ-
ence between the actual and the advised utility is less than thrdis. Multiple advisors
might have reported the selected resource and the agent then adjusts the weight of the
links it has with these advisors. The link weight from agent a to agent b is a function of
the proportion of positive interactions with agent b to the total number of interactions
with this agent:

w(a, b) =
epos(a, b) + 1

epos(a, b) + eneg(a, b) + 2
(5.2)

where epos(a, b) is the number of positive experiences and eneg(a, b) the number of
negative experiences. If an edge weight drops below a tolerance threshold k (here set to
0.4), the edge is removed completely and a slot for a new link becomes available. The
parameter k determines how tolerable/forgiving an agent is.

5.3.6 Network Adaptation

In this step, social agents have the opportunity to change their links - line 11. With
probability εa, an agent adds an edge with default weight wd to an agent randomly
chosen from the population that is not already a contact. If this causes the agent to
have more than l outgoing links, the agent reviews its connections and only retains the
l strongest links. With probability 1−εa, the agent asks its best contact to propose one
of its contacts randomly as a new contact. This reflects the notion of trust propagation
[178, 337], that is, an agent referring another agent to a third party.

Due to the last two steps, agents have the chance to eventually make links with
agents that have similar or even equal preferences. Building a community of similar-
minded agents helps them to spot beneficial resources faster.

Figure 5.1 shows snapshots of this process in different time steps. At the beginning
(Figure 5.1(a)), agents are linked randomly (described in the initialization step, section
5.3.2). After a few iterations (Figure 5.1(b)), agents have found some similar-minded
peers to connect with. In Section 5.5, it is shown how this can support the selection
of resources and improve overall utility. After 100 iterations (Figure 5.1(c)), almost all
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agents are arranged in clear-cut communities. There are a few links between communi-
ties whose members share some parts of their preference vectors. There are only very
few links between agents with completely different preferences. These inter-community
links have been formed as a result of the random creation of links, which allows agents
to go on exploring the possibility of linking with other agents.

(a) Iteration t = 0 (b) Iteration t = 20 (c) Iteration t = 100

Figure 5.1: Network snapshots at different iterations of the simulation. For
visualization purposes the plots are produced with small population size (50) and with only
4 different types of preference vectors. Agents and their preference vectors are shown with
2 different colors (light and dark blue) and 2 different shapes (square and circle). Agents
with the same color (light or dark blue) or the same shape (square or circle) are different in
only one bit while opposite colors and shapes represent totally different preferences. (See
the e-print version of the thesis for color.)

5.4 Simulations and Experimental set up

In order to investigate the efficacy of the enhanced social learning model in MAS and
to study the dynamics of the proposed model, Monte-Carlo simulations are carried
out with various parameter settings. Specifically, the emphasis is on comparing the
social and random agent scenarios. The investigations are also concerned with studying
the relation between community structures and received utilities and how the level of
heterogeneity among agents’ preferences and resources’ features affects utility gain. To
answer these questions, first some metrics need to be introduced to measure gained
utility from different perspectives, thus providing a means to compare the performance
of different instantiations of the model. After that, the experiments and results are
presented.
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5.4.1 Metrics

Average Utility is the average of the utilities ua(·) that all N agents have gained at a
particular iteration t:

ūt =
1
|A|

∑
a∈A

ua(·)

For some experiments, the overall performance of the system over a period of time
is more interesting than the performance in a given iteration. Hence, another metric
is also calculated which is the average accumulated utility ŪT of all agents. It is the
average of the utilities that all agents have gained after T iterations.

In this model, there is a difference between the reported utility of an advised resource
and its actual utility experienced by the advice-seeking agent due to the heterogeneity of
the agents’ preferences. To measure the overall quality of the received advice, a metric is
needed to measure these differences. Mean Absolute Error (MAE) is a common metric
in evaluating the accuracy of recommender systems in their predictions [121, 178]. This
notion is used as a starting point.

For all agents a ∈ Art ⊆ A whose resource selections followed the given advice at
time t, the difference between the actual utility ua(ra) and the reported utility ûta(ra)
for the selected resource ra is recorded. This yields a metric for the error rate ∆t of all
advice that have led to a selection at time t:

∆̄t =
1
|Art|

∑
a∈Art

|ua(ra)− ûta(ra)|

The efficiency metric illustrates the utility gained by the agent population, taking
into account the number of resources where utility had to be learned. Intuitively,
a single agent is more efficient the higher its gained utility and the less resources it
had to discover. Let |R| the total number of resources in the pool, |Ra| the number of
resources discovered by agent a, T the current timestep, and UTa the accumulated utility
gained by agent a until timestep T . The efficiency of an agent is defined as the ratio of
its accumulated utility to its observation rate UTa /(|Ra|/|R|) = UTa |R|/|Ra|. Because
the maximum utility to be gained from a selection is 1 and because there are exactly
T selections for every agent until time T , the maximum efficiency is T |R|, considering
that at least one resource has to be discovered for this metric to be meaningful. Given
this, the normalized average efficiency of all agents at time T can be calculated:

Σ̄T =
1
|A|

∑
a∈A

UTa |R|
|Ra|

× 1
T |R|

=
1
|A|

∑
a∈A

UTa
T |Ra|
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This provides a fair measurement for comparing utility gain between different sce-
narios with a different number of available resources.

5.4.2 Experimental Setup

The experiments include two scenarios: When the population consists of social agents
only and when it consists of random agents only (see Section 5.3.2). Two population
sizes are investigated: a small population size (100 agents) and a large population
size (300 agents). Both scenarios are studied with different levels of environmental
complexity, realized by a varying number of available resources (1000, 5000, 10000,
and 50000), and with different levels of heterogeneity, realized by a varying length of
preference and feature vectors (2, 3, 4, and 5). It is worth noting that with unlimited
time both types of agents eventually can find the best matching resources through
exhaustive exploration. However, this study seeks to examine utility gain in a limited
amount of time and thus restricts the analysis to the first 1000 iterations only. All
of the following experiments are repeated for 30 independent runs and the statistical
analyses are reported in each case at the end of the runs (t = 1000).

5.5 Results

5.5.1 Basic model behaviour

In the first set of experiments, it is investigated whether social agents are able to gain
higher utilities. The population size is set to 100 with a moderate level of heterogeneity
realized by a feature and preference vector length of 3. The number of resources is 5000.

As shown in Figure 5.2(a), the average utility gained by the social agent population
in every iteration is significantly higher than the one gained by the random agent pop-
ulation. To test for statistical differences between mean values of the average utility
in these two populations, an independent-samples t-test has been applied with signifi-
cance level of α = 0.05 to the results obtained at the end of 1000 iterations. The null
hypothesis tested was that the mean value of average utility gained by the social agent
population and the random agent population were the same at the end of iteration
1000. From the statistical test, it is concluded that there is statistically significant
deference between the mean values of average utility gained by these two populations
(p = 0). This result suggests that the exploitation and optimization of social contacts
for advice-seeking in this model facilitates utility gain and outperforms unstructured
advice-seeking.
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Figure 5.2: Comparing the performance of the social (solid line) and the ran-
dom (dashed line) agent populations in terms of average utility and error rate.
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Comparing the error rate of both scenarios (Figure 5.2(b)), the social agent scenario
has a significantly lower error rate when suggesting resources (t-test, p = 0).

5.5.2 The influence of environmental complexity

To expand on the previous experiment, the efficiency of the social and the random
scenarios when agents face more complex environments (larger resource pool) is inves-
tigated. 100 agents and a varying number of resources (1000, 5000, 10000, and 50000)
are deployed. Feature and preference vector length is set to 3, which corresponds to a
moderate level of heterogeneity. Figure 5.3 shows that for all resource pool sizes social
agents are more efficient in gaining utility. The difference increases with resource pool
size. Testing the statistical differences between the mean values of efficiency of the so-
cial and the random scenarios, independent-samples t-tests have been applied for each
value of resource pool size (1000, 5000, ...). The null hypothesis tested was that the
mean efficiency values at each resource pool size were the same for the random and the
social scenarios. Statistical tests indicate there are statistically significant differences
between the mean values of efficiency for the social and the random scenarios in each
case (p− values < 0.05).

When the number of resources is increased by 50 times from 1000 resources to
50000 resources, the efficiency of the random agent population drastically decreases
from almost 6× 10−4 to nearly 0.1× 10−4. However, the efficiency of the social agent
population only drops by half from almost 7.7 × 10−4 to approximately 3.5 × 10−4.
Higher efficiency implies that with the same discovery effort, the social scenario gen-
erally leads to higher utility than the random scenario. This result also emphasizes
that even if the resource pool is huge, the social agent population can still explore the
available resources efficiently to some reasonable extent in contrast to the population
of random agents.

Here, statistical differences of the mean efficiency values between different resource
pool sizes have been also tested for each random and social scenarios. For this purpose,
ANOVA and Tukey’s HSD tests have been applied with significance level of α = 0.05 to
the results obtained for efficiency values for different resource pool sizes in each scenario.
The null hypothesis tested was that the mean efficiency values in each scenario were
the same for different resource pool sizes. From the statistical analysis, it is concluded
that there are statistically significant differences between mean efficiency values for all
different resource pool sizes in the random scenario (ANOVA, F3,36 = 23674.41, p = 0).
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Figure 5.3: Efficiency Item Comparison - Comparing the efficiency Σ̄ of the social
(light bar) and random (dark bar) scenarios with regard to different levels of environmental
complexity realized by different available resources (1000, 5000, 10000, 50000).
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Figure 5.4: Heterogeneity Effect - The effect of heterogeneity realized by different
feature and preference vector lengths on average accumulated utility Ū with two population
sizes: small (solid line - 100 agents) and large (dashed line - 300 agents).
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Also, the statistical analysis of the social scenario shows there are statistically significant
differences between mean efficiency values for different values of resource pool sizes
(ANOVA, F3,36 = 470.63, p = 0). However, the results of Tukey’s HSD test indicate
there is no statistically significant difference between mean efficiency values for resource
pool sizes 10000 and 50000 in the social scenario. This positive result indicates that
the social model is competitive in bigger pool sizes.

5.5.3 The influence of heterogeneity in the agents’ preferences

Considering that finding similar-minded agents in the population plays an important
role in the performance of social agents, the next set of experiments examines how
heterogeneity in resources and preferences can affect the performance of social agents.

The experiments are run with a feature and preference vector length of 2, 3, 4, and
5 in the social scenario with two population sizes: small and large (100 and 300 agents
respectively). The behavior of the model is studied in terms of accumulated utility by
the end of the simulation (iteration 1000). The number of available resources is fixed
to 5000.

As shown in Figure 5.4, the accumulated utility generally decreases with hetero-
geneity in the population. To test for statistical differences between mean values of
accumulated utility for different levels of heterogeneity (2, 3, ...), ANOVA and Tukey’s
HSD tests have been applied with significance level of α = 0.05 to the results obtained
in each population size (100, 300). The null hypothesis tested was that the mean val-
ues of accumulated utility at each population size were the same for different levels
of heterogeneity. Statistical analyses show there are statistically significant differences
between mean values of accumulated utility for all levels of heterogeneity considered
in small population (ANOVA, F3,36 = 1613.55, p = 0) and large population (ANOVA,
F3,36 = 3576.95, p = 0).

This is quite an obvious result since in more diverse populations, agents have less
chance to meet similar-minded agents and cannot establish advantageous links. With a
large heterogeneity, most of the received advice is misleading and reduces the efficiency
of resource selection. In other words, with increasing heterogeneity, the performance
of social agents is expected to approach the performance of random agents. However,
as the size of the population is increased, some increase in gained utility is observed.
Accumulated utility improves for feature vector lengths 2, 3, and 4 significantly. In
the largest level of heterogeneity (vector length 5), the advantage is less pronounced.
Generally, these results indicate that the probability of meeting similar-minded agents
in the population influences overall utility gain. Statistical analyses have been also
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carried out to test for the statistical differences between the mean values of accumulated
utility of different population sizes at each level of heterogeneity. The null hypothesis
tested was that the mean values of accumulated utility at each level of heterogeneity
were the same for different population sizes. The independent-samples t-tests show that
there are statistically significant differences between mean values of accumulated utility
of two population sizes (100 and 300) at each level of heterogeneity (p−values < 0.05).

5.5.4 Analyzing the underlying network

In the following, the analysis is extended to the co-evolution of the system’s behavior
and the structural properties of the network. In particular, the focus is on the modu-
larity of the network, which specifies how well the network is partitioned into distinct
communities [164]. To this end typical metrics of weighted networks are used and the
results are normalized for comparison purposes.

For the same scenarios as in the previous experiments, the development of average
utility over time is reported in Figures 5.5(a) and 5.5(b). According to these results,
average utility gain is lower for higher levels of heterogeneity. 1 These plots confirm
the previously reported result that an increase in population size can compensate for
this to some extent. The development of modularity over time is depicted in Figures
5.6(a) and 5.6(b). The modularity of the network increases quickly to a high value,
accompanying the increase in utility gain. This suggests that social agents in general
are able to group into distinct communities of similar-minded agents quickly.

However, the results in Figure 5.6(a) indicate that community-building in the case
of a small population is less pronounced for larger levels of heterogeneity. Although the
same trend can be observed in the large population (Figure 5.6(b)) at the beginning of
the simulation, eventually the community structure becomes similarly pronounced for
all levels of heterogeneity. Consequently, larger populations are better able to group
into communities of agents with similar preferences and thus achieve higher utilities on
average.

The trajectory of the characteristic average path lengths of the evolving networks
with different levels of heterogeneity are depicted in Figure 5.7 for small population
size, and Figure 5.8 for large population size. Analysing the results shows that the

1In the case of a vector length 2 in the large population, although the average utility is generally

high, it drops after 600 iterations. This is due to agents filtering out advice about resources they have

already selected once and then accessing random resources. Here, since there are many similar agents

and only few resources, after 600 iterations most of the advice is redundant and the agents start to

observe random resources, which decreases their performance. The same phenomenon occurs during

the very last iterations in the small population.
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average path lengths become less than 6 in the first 1000 iterations of all experiments
with almost all parameter settings. The only exception is an agent population of size
300, a resource pool of size 1000 and a feature length of 5. However, a small path
lengths implies that agents can change their position within the network drastically in
a short amount of time.
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(a) Average utility small
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(b) Average utility large

Figure 5.5: Time series of average utility ū in two population sizes ((a)small: 100
and (b)large: 300) with different levels of heterogeneity realized by a varying vector length
(2, 3, 4, and 5).
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(a) Modularity score small
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(b) Modularity score large

Figure 5.6: Time series of network modularity in two population sizes ((a)small:
100 and (b)large: 300) with different levels of heterogeneity realized by a varying vector
length (2, 3, 4, and 5).
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(a) item 1000
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(b) item 5000
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(c) item 10000
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(d) item 50000

Figure 5.7: Time series of the network characteristic average path length in
small population (size: 100) with different levels of heterogeneity realized by a varying
vector length (2, 3, 4, and 5).
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(a) item 1000
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(b) item 5000
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(c) item 10000
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(d) item 50000

Figure 5.8: Time series of the network characteristic average path length in
large population (size: 300) with different levels of heterogeneity realized by a varying
vector length (2, 3, 4, and 5).
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5.6 Discussion and concluding remarks

In order to evaluate the efficacy of the enhanced social learning mechanisms, this chap-
ter has introduced an abstract distributed system model, in which users or components
with different interests or requirements can exchange advice about the access to a large
pool of resources such as movies or service providers. In this model, agents are en-
abled to autonomously make links with other agents that have similar preferences. The
behavior of the system has been studied under varying conditions where the analyses
focus on the co-evolution of the system’s behavior and of the underlying connection
graph. Simply by exploiting knowledge about their direct social contacts, agents man-
age to optimize their links and form communities of like-minded agents that share
advice effectively and thus improve the benefit of the overall system.

The investigations in this chapter generally confirm the advantage of using life-
experiences and coevolutionary endogenous social networks in the examined domain.
The results show that when agents seek advice from other agents and adapt their social
contacts in response to the quality of advice received, strongly connected communities
of agents with similar preferences emerge. In this approach agents can optimize their
resource selection more quickly than those agents who do not have this capability. This
leads to a higher utility for the agents especially during the initial period when they are
still unaware about their subjectively “best” resources. There is a relation between the
evolution of the community structure of the underlying network and the utility gained
by the agents. In particular, the access to the resource pool is much more efficient in
the case of agents that make use of social contacts, especially when the resource pool
is large. However, it is also noticed that the level of heterogeneity among agents and
available resources affects the gained utility in an adverse way.

These results have a number of interesting implications for the development and op-
eration of real-life systems. Let us consider again the example of an online community
for movie enthusiasts that has the requirement for a decentralized organization. The
results suggest that simply by empowering users to make and adjust contacts with other
users autonomously based only on local knowledge, their movie selection and thus ex-
perience with the system can be largely improved. The concrete implementation could
link a new user to a few randomly selected other users initially. By exchanging ad-
vice and identifying which of these contacts have similar preferences, the new user can
decide which of them to ask for referrals to other users. By this process alone, it is
expected the new user will eventually connect with that part of the community that has
the most similar interests. Because the average path length is likely to remain small,
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it can be assumed that the optimization of the network position takes only a few link
adaptations. Moreover, because the results predict that smaller communities within
the whole community will emerge, the system could be made capable of recognizing
these communities autonomously and catering for their specific needs. For example,
multi-directional means of communication such as bulletin boards could be made avail-
able to such communities automatically. These would complement the bi-directional
communication between the users.

However, the results also indicate that in order for users to benefit from advice
exchange, enough users need to be active and the operators should not expand their
program to other product ranges and target groups unless they expect to maintain a
sufficient community size and hence overlapping interests.

It should also be noted that most real large-scale systems are open and dynamic.
This means that users may join or leave the system at will and in the case of service-
oriented architectures, this also applies to the resources or services themselves. Users
might change their interests and resources might change their characteristics. Such
factors have not been considered in this study in order not to distract from the main
points. As a future extension, it could be interesting to apply the proposed framework
in dynamic environments in order to test the robustness and usefulness of the approach.
It has been also assumed here that agents, users, or system components might access
the same resource over and over again to optimize their utility gain. While it is realistic
in the example of service-oriented architectures, movie enthusiasts are unlikely to watch
the same movie repeatedly. Yet this assumption does not negate the main point that
local network adaptations in distributed advice-seeking applications can be helpful in
improving system performance.
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Chapter 6

Conclusion

This thesis highlights the critical role of interactions with appropriate partners in the
effective performance of MAS. The focus of this study has been generally on facilitating
the individuals’ interactions in typical MAS in order to enhance the agents’ long term
utility and consequently the overall system performance. To this end, enhanced social
learning mechanisms have been proposed where notions of trust and reputation have
been taken into account.

In this chapter, the key characteristics of the investigated models and mechanisms
are summarized in section 6.1. The research contributions resulting from this thesis
are highlighted in section 6.2. This is followed by a discussion of the limitations of
the presented work in section 6.3. Possible extensions and further interesting lines of
inquiry are identified in section 6.4. Concluding remarks are presented in section 6.5.

6.1 Thesis Summary

It has been discussed in this thesis that for efficient performance and therefore better
utility, the agents need to identify, establish, and maintain strategic connections with
appropriate partners. This has been identified as a challenging task due to the inherent
uncertainty of open dynamic MAS and the individuals’ incomplete knowledge.

To address this challenge and in order to facilitate the establishment of advantageous
interactions in MAS, this thesis has examined the effectiveness of the enhanced social
learning approaches – learning through observation or interaction with other individu-
als. For this purpose, notions of trust and reputation have been explicitly incorporated
within an individual agent’s decision making process. In the proposed frameworks two
key concepts of life experiences and coevolutionary endogenous social networks have

135



6. CONCLUSION

been utilized to design novel techniques of enhanced social learning mechanisms. It has
been discussed that such a framework can help the agents to improve their long term
performance which consequently enhances the overall system performance.

In this view, “imitation” has been identified as the major underlying protocol that
enables social learning to occur. It has been also argued that in spite of interesting
advantages that social learning can offer, it may have some disadvantages. Therefore,
the individuals should be selective in when, how, and from whom to learn via social
learning. The conditions under which social learning is helpful for individuals have been
discussed and dynamic relation formation and partner selection have been recognized
as important issues in this area. These concepts are related to the important role
of trust and reputation in open dynamic MAS environments. For establishment of
effective interactions, it is important that each agent estimate the trustworthiness of
its potential partners.

The central hypothesis tested in this research is that incorporating concepts of trust
and reputation within a social learning framework enhances the agents’ interactions in
a MAS. Consequently, this framework helps to improve both the individuals and the
system’s long term performance. This hypothesis has been tested in two different
domains: (1) evolutionary game theory – as an abstract framework of many real-world
situations, and (2) advice-seeking in distributed service provision applications – as an
example of a broader applications of MAS.

To expand on these ideas, chapter 2 reviews the background relating to enhanced
social learning. Computational models of trust and reputation developed for partner
selection and decision making purposes from both evolutionary game theory and the
concrete applications of MAS in real technological systems have been presented. The
role of structured populations and social networks in evolutionary game theory have
also been discussed in this chapter.

Having establishing the fundamental grounds in chapter 2, the initial investigated
model in evolutionary game theory domain is presented in chapter 3. The investigations
of the proposed MAS social learning techniques in this domain have been limited to
spatial models of the famous PD game with specific attention to the evolution and the
maintenance of cooperative behaviour. Modeling the 2-player PD game on a regular
lattice, initially mechanisms of adaptive rewards correlated with the agents’ strategy
and life-experiences have been designed given a limited time constraint (agents’ life-
span). Notions of the agents’ heterogeneity have been introduced into this game and
innovative concepts of reputation have been exploited for selecting appropriate role
models. Computational modeling and numerical simulations of this spatial 2-player
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PD game indicated that the proposed techniques of MAS enhanced social learning are
effective in this 2 × 2 model. The innovative notions of heterogeneity and reputation
used in this model are important for encouraging and maintenance of cooperation in
such populations.

This line of study has been expanded in chapter 4 by focusing on a more general
version of this game. Modeling an N-player PD game (instead of the 2-player PD), this
study also relaxed the previous constraint of fixed underlying network of interactions
(investigated in chapter 3). Specifically, coevolutionary endogenous social networks have
been employed for assessing trust and reputation of the agents where the weight of the
links determined the trustworthiness of the interaction partners. Techniques of trust
and reputation have been implemented in four steps. The investigations began with a
simple scenario with no means of reputation in the NIPD framework. The reputation
mechanisms for partner selection and decision making purposes were added next in two
separate steps. Finally, the last scenario incorporated the reputation techniques for
both purposes at the same time. Generally, the computational modeling and numerical
simulations have shown such models can help to promote the evolution of cooperation
in larger groups of players (in contrast to the basic 2-player game) without interfering
with the agents’ autonomy. Specifically, the results indicate that exploiting reputation
measures for partner selection is more effective than techniques of reputation used for
decision making. The results suggest that applying these two techniques at the same
time is the most effective approach and such a framework is important for the evolution
of cooperation in larger groups.

Following on the interesting observed trends in most real-world networks, the analy-
sis of the underlying interaction network demonstrates how the behaviour of the system
emerges as a result of dynamic interactions and in turn how these behavioural changes
can alter the individuals’ relationship network itself. This study has been further ex-
tended by implementing the proposed techniques of adaptive rewards for heterogeneous
agents (investigated in chapter 3).

After considering the first investigation domain in chapters 3 and 4, chapter 5 studies
the second investigation domain which is concerned with a broader perspective of MAS
general applications in distributed infrastructure technology and service provision sys-
tems. In this study, a generic advice-seeking framework for resource discovery purposes
has been developed. The typical characteristics of such systems have been identified
as having a large number of providers offering different but possibly overlapping ser-
vices/resources. The fundamental issue that has been raised in this argument is that
while the users of such systems attempt to select resources that “best fit” their current
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preferences, the characteristics of these options are not known in advance. Therefore,
the task of finding the best fit services is difficult due to the large number of available
options. It has been proposed that users can benefit by seeking advice from others and
sharing their life time accumulated information before making a decision. However,
since the individuals have heterogeneous preferences, the choice from whom to accept
advice becomes crucial.

With such considerations, the enhanced social learning model utilizing accumulated
life experiences and coevolutionary endogenous social networks is used in this chapter
to assess trust and reputation of “similar minded” agents in order to guide agent deci-
sion making. The simulation experiments show that this capability affects the match
between the agents’ preferences and the resources they access which in turn leads to an
improvement in the users’ resource selection process and increase their benefits. Sim-
ilarly, the coevolution of the underlying connection network with advice exchanging
process has been investigated.

Taking together, the simulation results presented in chapters 3 – 5 validate the initial
hypothesis. The experiments confirm that the enhanced social learning mechanism is
effective in the MAS domains examined where it leads to better long term performance
for both individuals and the system as a whole. The results support the advantage of
employing life experiences and coevolutionary endogenous social networks for assessing
trust and reputation in MAS and establishing beneficial interactions.

6.2 Research Contributions

The main contribution of this this study is the design, development and analysis of
effective approaches of social learning to enhance MAS interactions. This has been
done by introducing two innovative concepts of life experiences and endogenous evolving
social networks into the MAS social learning models. This major contribution can be
broken into the following parts.

1. Utilizing the notions of life experiences and ageing factors to design enhanced
social learning mechanisms in a game theoretic domain. This has been done in
the form of designing adaptive rewards correlated with the agents’ strategies and
experience levels, given a limited life span. Such a framework has been shown to
facilitate trust and reputation assessment in order to enhance agents’ interactions
with specific attention to the evolution and maintenance of cooperative behaviour
among the selfish agents. In order to guide agents’ decision making processes in a
more realistic framework, heterogeneity factors are added to a novel model based
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on a version of the well-known 2-player PD game on a regular lattice with dynamic
payoff characteristics.

2. Employing the concepts of coevolutionary endogenous social networks to design
enhanced social learning mechanisms in a game theoretic context. This has been
done by introducing novel concepts of reputation for partner selection and decision
making purposes based on endogenous evolving social networks. With the aim
of encouraging cooperation, a more general framework of N-player PD game has
been considered where agents play the game in groups of size N (NPD - N ≥ 2).
Such a framework has been shown to enhance agents’ interactions in larger groups
of players by facilitating trust and reputation assessment. A thorough analysis
of the underlying endogenous evolved networks has demonstrated the relations
between the emergent behaviour of the system and the agents’ interaction pat-
terns. Also the effects of agents heterogeneity and dynamic environments in NPD
game framework have been taken into account by extending the previous studies
of dynamic payoffs mechanisms.

3. Extending the studies in this research by applying the proposed enhanced social
learning models in broader applications of MAS. This has been done by develop-
ing a scenario of advice-seeking for resource discovery purposes which represents
distributed service provision applications. In this framework the agents with het-
erogeneous preferences need to learn and identify beneficial resources through
finding suitable interaction partners. Innovative notions of reputation based on
accumulated life experiences and evolving social networks have been exploited for
decision making and partner selection in order to facilitate the agents interactions
and consequently to improve the system long term performance. Establishing ap-
propriate connections with other similar minded peers, the agents are able to seek
advice from others about the best available options. Again in this context, the
relations between the emergent behaviour of the system and the agents’ inter-
action patterns have been investigated by a thorough analysis of the underlying
evolved relationship networks.

6.3 Limitations

While major contributions have been presented through the various models and mech-
anisms proposed in this work, there are still some limitations, as discussed below.

• Adaptive payoffs on fixed interaction networks:
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The proposed mechanism of the adaptive payoffs based on the agents’ life experi-
ences and age factor which has been investigated in chapter 3, exhibited positive
effects on the evolution of cooperation. However, this framework has been only
examined in the context of 2-player PD game on a simple regular lattice inter-
action pattern. As it has been explained before, the PD game was selected for
this study because it provides the most difficult setting for the evolution of co-
operation [233]. Nonetheless, it would be insightful to study such notions in the
context of other classes of games such as Hawk-Dove, Stag-Hunt, etc. [97, 356].
It is also helpful to use other concepts of heterogeneity rather than age and ex-
perience levels to further understand how heterogeneity in such populations can
enhance cooperative behaviour among selfish individuals. Moreover, while the
investigated regular lattice satisfies the purpose in this research, other forms of
underlying fixed network structures could be used for agents’ interactions. Such
further investigations provide opportunities to study the effects of other kinds of
neighbourhood structures (in contrast to the eight adjacent cell (or Moore) local
neighbourhood used in the proposed model) on the adaptive payoff mechanism.

• Adaptive payoffs on evolving social networks:

Investigating heterogeneity concepts and adaptive payoff mechanisms in larger
groups of players with dynamic underlying interaction networks has been carried
out in chapter 4. However, the results in an N-player PD game framework were
not satisfying. The simulation experiments have been carried out across a range
of parameter settings. Further analyses with additional parameter settings may
resolve some of the concerns. For example, bigger ranges of life-spans and different
time scales for update rules and the evolution of the interaction network could be
considered.

• Advice-seeking in resource discovery domain:

The efficacy of the proposed enhanced social learning mechanism has been tested
in a general service provision application in chapter 5. While the results are
promising, the examined model is a synthetic version of a potential real-world
application. To use such techniques in real technological systems, investigating
models with real data sets are necessary. However, since the real users’ preference
profiles have not been modeled yet and such data sets are not available, this study
(and similar work) had to use simulations and synthetic data.

Modeling user’s preferences with binary preference vectors have been used to sim-
plify such concepts. Nevertheless, it should be acknowledged that this approach

140



6.4 Further Work

is not very realistic. In a real world, it is in rare cases where a user is either com-
pletely satisfied with particular characteristics of a resource/service or totally
dislikes particular aspects of it. It is more probable that a specific characteris-
tic of an item partially satisfies a user’s preferences. Therefore, modeling users’
preference vectors could be done with partial satisfaction perspectives [0, 1]n.

Moreover, apart from the underlying interaction network other aspects of the
investigated environment is fixed. This assumption is to the contrary of some dy-
namic real-world situations. For this purpose, it would be beneficial to investigate
such models including dynamic environment conditions. To this end, for example
similar approaches used in chapter 3 regarding age factor can be considered here.
In such a context, the agents in the population get older and die by reaching to
their life-spans. Next, they get replaced by newborns and this cycle continues.
This provides a dynamic situation in the environment. Alternatively, the list of
available resources can be refreshed/updated by deleting some resources which
are no longer available and introducing some new ones. In another approach,
the users’ preference vectors and/or the resources’ feature vectors can be up-
dated in specific periods of time to reflect a more realistic approach for dynamic
environments.

6.4 Further Work

In addition to the limitations above, there are also several possible extensions of the
presented research.

• Applying the proposed enhanced social learning mechanisms in larger groups
of players (NPD) led to significant results for encouraging cooperation in such
domains. However, in the presented framework in chapter 4, the size of groups was
fixed and similar for all of the players through the game. It would be interesting to
further study the effects of dynamic group formation with heterogeneous sizes for
different players. Such a model would better represent the interactions in real-
world systems where the individuals participate in different communities with
various sizes.

• It would also be interesting and insightful to extend the proposed enhanced social
learning mechanisms in N-PD framework to more general frameworks of “public
goods game” and the “common pool resource games”.
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• The proposed methods of enhanced social learning in chapter 5 have some simi-
larities with techniques of recommender systems, albeit with different purposes.
It would be helpful to modify these proposed techniques in order to be able to
use them in the context of recommender systems. In this line, comparing these
models with other running recommender system techniques would be interesting.

• In chapter 5, it has been shown that the proposed social learning mechanisms are
not fully satisfying when the environment is very heterogeneous and there is a
small population. There should be a minimum heterogeneity level in a particular
population size, or when the heterogeneity increases there should be enough popu-
lation to fulfil the condition of overlapping preferences. However, more investiga-
tion is necessary to clearly determine the suitable ratio between the heterogeneity
factor and the population sizes.

• The proposed techniques of enhanced social learning in this thesis have generally
considered particular forms of MAS learning methods, namely cultural learning
and imitation. Extending these concepts to other methods of MAS learning,
such as other reinforcement learning techniques and evolutionary computation
techniques, could bring about interesting results.

• Game theory and advice-seeking domains have been selected in this research as
initial abstract investigation frameworks. However, the achievements in this study
can be extended and applied in other application domains with MAS characteris-
tics. Potential domains are included but not limited to mobile ad-hoc networks,
grid/cloud computing, peer-to-peer networks.

• Investigating the proposed mechanisms in more dynamic domains is helpful to
test the robustness of such techniques against the scale of dynamic conditions
exist in most real-world environments.

6.5 Concluding remarks

Many of the most important applications in today’s commercial and academic commu-
nities have become possible based on mechanisms introduced in distributed computing
technology. Recent advances in this area have brought substantial functionality to the
new generation of computing systems where the focus is on distribution, interaction,
and cooperation among the participating components. A wide variety of networked
computer systems, such as the Grid [85], the Semantic Web [21], pervasive computing
systems [276], and peer-to-peer systems [300], are examples of such systems.
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Effective operation of these systems depends on managing the behaviour of and the
interactions between their constituent elements. However, this is a challenging task in
large scale distributed systems due to the huge number of involved components and
also the inherent uncertainty of open and dynamic environments. Developments in
artificial intelligence science have contributed significantly to address such challenges
and helped to the operation of these systems.

In addition, with significant characteristics such as autonomy and flexibility, MAS
have played an important role in implementation of such systems. In this regard,
agent-based systems have become one of the most vibrant and important areas of
research which emerged in information technology in the 1990s. From this perspective,
the above mentioned examples can be viewed as multi-agent systems in which the
individual components act in an autonomous and flexible manner in order to achieve
their designed objectives.

While there have been substantial contributions in this area during recent years, this
technology is still in its early stages. The effort in this research has been on developing
innovative intelligent mechanisms towards enhancing individuals interactions in such
systems.
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