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Simulating Realistic Social and Individual Behavior in Agent Societies
Jason Leezer

Abstract

While the value of simulations as a tool in the natural sciences has been realized for quite some time, its
potential in the social sciences is only beginning to be explored. A class of simulations used to study social behavior
and phenomena is known as social simulations. One particular type of social simulation is known as agent based
social simulation. Here agents are used to model social entities such as people, groups and towns. A purpose of
these models is to reproduce realistic behavior in the simulation which is then used to draw conclusions about the
corresponding real world entities. However reproducing realistic behavior is a difficult task. This is in part due to
the fact that human actions and interactions do not adhere to well defined rules. A successful solution to this
problem must reproduce realistic individual decision making as well as realistic social interactions.

We propose two models. First, a model for producing realistic decision making is based off human
intuition and deliberation. This model is tested in the Iterative Ultimatum Game and Bargaining Game. It is shown
that when agents use both intuitive and deliberative decision making they make decisions similar to those of
human subjects.

Next we propose a realistic model for social interactions. Our agents remain selfish and are able to break
relationships in order to maximize their utility. It is shown that when agents are able to break unrewarding
relationships that a Pareto-optimum strategy arises as the social convention. In addition we conclude the rate and
amount of Pareto-optimum strategy that arises is dependent on the network structure when the networks are

dynamic and the rate is independent of the network structure when the networks are static.
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1. Introduction

1.1 Motivation

While the value of simulations as a tool in the natural sciences has been realized for
quite some time, its potential in the social sciences is only beginning to be explored. A class of
simulations used to study social behavior and phenomena is known as social simulations. One
particular type of social simulation is known as agent based social simulation. Here agents are
used to model social entities such as people, groups and towns. One purpose of these models is
to reproduce realistic behavior in the simulation which is then used to draw conclusions about
the corresponding real world entities. If realistic behavior can be reproduced then researchers
in the social sciences can be given virtual laboratories from which they can experience the same
benefits received by the natural sciences. Such a framework for modeling realistic behavior
needs to reproduce both internal decision making as well as social interactions. This is certainly
not an easy task as entire fields are founded in researching both of these questions.

The applications of human behavioral simulations could be applied to investigate social
phenomena. They could be used to make predictions about how people will act in complex
situations. For example, these simulations could be used to investigate emergency evacuation
plans, or for military purposes where they can test various strategies in a safe environment
(Brooks, et al. 2004) (Christensen and Sasaki 2008). They could even be used for entertainment

purposes, as in various simulation based video games (Aylett, Louchart and Pickering 2004).



Currently most research into agent decision-making has been performed with the goal
of creating an agent who acts rational (Kim 1999). Many advances in this field have been made
that have led to practical applications. However, experimental economics has shown that
human beings do not always make rational decisions; therefore these agents cannot reproduce
realistic behavior (Erve and Roth 1998).

Decision theory finds its roots as a formal topic of research in the fields of economics
and psychology (Excelente-Toledo and Jennings 2004), (Gmytrasiewicz and Noh 2002). These
two fields were the first to conceptualize the rational agent as employing the principle of
maximum expected utility (EUT), i.e. an agent should take actions that maximize its expected
measure of reward and the first to view the process of decision-making as a series of logical
steps and implications (Von-Neumann and Morgenstern 1944). However, the common human
decision-making attitudes cannot be captured by EUT (Myers 2002). Cognitive psychology
attributes the reason to the domain of human intuitions — thoughts or preferences that come to
mind quickly and without much reflection (Myers 2002) (Norling 2004).Today, neuroscientists,
philosophers, biologists, computer scientists and other scholars are all making contributions to
contemporary decision theory as they seek to understand the nature of real decision making
where cognitive agents are at work. The growing numbers of disciplines involved not only
deepens our understanding of decision-making processes but also creates an emerging field of
research where various descriptions of decision making (neuronal, cognitive, formal, behavioral
and evolutionary) all intersect.

On the basis of social-psychological developments Kahneman and Tversky point to the

existence of two generic modes of cognitive decision-making: an intuitive mode in which
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decisions are made automatically and rapidly, and a deliberative mode, which is deliberate and
slower (D. Kahneman 2002). The deliberative mode was already well represented by formal
descriptions like EUT but any approach that hoped to fully capture human decision-making
would also have to account for the more intuitive judgments of humans as well. The intuitive
mode, Kahneman and Tversky believed, was a process responsible for evaluating decision
outcomes in a reference-dependent fashion which was, as they noted, incompatible with the
standard interpretation of EUT, a deficiency that can be traced all the way back to Bernoulli's
first essay on the topic (Bernoulli 1954).

Another difficulty in producing social simulations lies in the problem of modeling the
emergence of social norms. This is in part due to the difficulty of simulating systems that don’t
abide by well defined rules. While empirical evidence has provided insight into how human
relationships are organized, the way in which those relationships are used to produce
cooperative behavior where each agent only seeks to maximize its own utility is not well
defined.

We begin by formally defining our problem, then the direction and contribution of our

research.

1.2 Background

An agent is defined as anything that perceives its environment through sensors and acts
upon its environment through actuators (Russel and Norvig 2003). An agent resides in its
environment and behaves purposefully to achieve its goal. An agent is said to be rational if at all

times it perform actions in an attempt to maximize its utility (Russel and Norvig 2003). An agent
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who performs “satisfying” actions or actions that are “good enough” operates under bounded
rationality (Simon 1957). In order to be rational in a dynamic environment, an agent’s internal
representation of their environment must change as they gain more knowledge. This process is
known as learning (Buchanan and Mitchell 1978).

When an agent must learn optimal behavior about a dynamic environment through trial
and error, they employ what is known as reinforcement learning (Kaelbling 1996). It has been
shown that reinforcement learning has the ability to model realistic behavior in problems of
cooperation and coordination (Erve and Roth 1998).

In mutiagent simulations, when agents communicate with each other or work together
on a common goal, agents are often organized into networks. For a survey on networks, see
(Newmann 2003) . A network is a set of items called vertices and connections between them
called edges (Newmann 2003). A network will be called static if edges are never created or
removed after the generation of the graph. A dynamic network is one in which the edges are
created and removed as the network evolves. Many types of relationships can be modeled as
networks. For example, vertices could represent people and the edges represent friendship, or
vertices could be web pages and the edges links. In this case agents represent the vertices and
the edges represent a relationship between the agents.

Many classic network structures exist and are used to model relationships, however
recent research has shown that human social networks are not properly modeled with classic
network structures but instead can be modeled with various complex networks. The group of
complex networks used to model social relationships is known as social networks. One type of

social network used in this work is known as the small-world network. This network and models
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for its generation were proposed by Watts and Strogatz (Watts 1999). The small-world network
is characterized as having a average shortest path length, where the path length is the smallest
number of edges between two vertices. Small-world networks are significant because they
appear in many real world social networks. A social network is defined as a network in which
vertices represent people or groups of people and edges represent some sort of interaction
between them (Redner 1998). Examples of such networks include the networks of movie
actors, where edges symbolize that two actors performed in the same movie, or the friendship
networks of high school students (Watts 1999), (Fararo and Sunshine n.d.).

A second significant network is the scale-free network. In such a network, the degrees of
nodes follow a power law distribution (Newmann 2003). A vertex’s degree refers to the number
of connecting edges. In the scale-free network, a small group of agents have a high degree, that
is, they are connected to a large number of agents. These networks are also observed in real
world social settings such as the network of citations between scientific papers, links between
web pages on the World Wide Web and network of human sexual contact (Redner 1998)
(Barb'asi and Albert 2000) (Liljeros, et al. 2001).

1.3 Research Goals

One purpose of this work is to study how realistic decision making can be reproduced. A

solution to this problem must rely heavily on the field of psychology. Previous attempts at

modeling realistic decision making have three major disadvantages:

e They disregard human intuition
e Agents act perfectly rational
e Agents do not operate under bounded rationality
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Another purpose of this work is to study the emergence of social norms in systems of
social agents. In multiagent simulations, a social norm is defined as a regular behavior that is a
solution to a recurrent or continuous social cooperation problem (Dignum 1999). Social
cooperation problems are also known as social dilemmas. These problems are dilemmas
because in such settings, everyone benefits from joint cooperation but an individual has the
potential to benefit more by defecting. The problem of how cooperative behavior can emerge
in such a setting has fueled research in multiple disciplines such as Sociology, Game Theory,
Economics and Artificial Intelligence. Existing attempts to ask the question of how social norms

emerge have two major disadvantages:

e In existing models, agents do not learn about their environment; instead
they serve as vessels to spread influence. This gives no insight into the
adoption of social norms in selfish autonomous agents.

e Only static networks are modeled, which is unrealistic in a real world

setting.

1.4 Our Approach and Its Contributions

The goal of this research is to reproduce both realistic individual and social behavior.
This is to be done in two parts. First a model of the intuitive and deliberative decision making
processes is to be created. It is shown that when combining both intuitive and deliberative

decision making one can reproduce behavior that is irrational and realistic.

14



In the second part we attempt to explain the emergence of social norms in a dynamic
model setting. This is to be executed in two phases. First an investigation into the emergence of
social norms of learning agents in static complex networks is to be done. In the second phase
we employ a dynamic network modeled after human relationship networks.

The central thesis of this research is that

In multiagent systems, agents are organized in networks. In these networks agents
compete with neighbors in order to maximize their utility. When learning agents, operating
under bounded rationality, compete in these networks, cooperative behavior emerges even
though agents are selfish and attempt to only maximize their own utility. This is because agents
are able to break unrewarding relationships and therefore are able to maintain mutually

beneficial neighborhoods. This leads to a Pareto-optimum social convention.

This research has multiple contributions. By employing agents who learn from their
environment we provide a more complex setting in which to analyze the spread of influence in
social networks and the evolution of the social system. This work also contributes to the fields
of Social Simulation by researching the emergence of social norms in networks of selfish agents.
In addition, this research contributes to the field of multi-agent learning by showing how

networks of agents can evolve to work together in order to maximize their utility.
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2 Related Work

2.1Individual Decision Making

Many of the great leaps in understanding how humans make decisions were made by
the psychologists Daniel Kahneman and Amos Tversky. One of the more notable contributions
made by Kahneman was his development of a two-phase human decision making model
(Kahneman 2002). When faced with a problem humans either use their intuition to solve it, or
they reason about the problem. These two methods of solving problems are very different, are
typically used in different situations, and can produce different results. Intuition is “fast,
automatic, effortless, associative, and difficult to control or modify”, while reasoning is “slow,
serial, effortful, and deliberately controlled” (Kahneman 2002). Intuitive thoughts come to mind
spontaneously (Kahneman 2002), whereas reasoning about a problem must be done
deliberatively.

Because intuition is highly associated with the thoughts that come to mind when faced
with a problem, the results of intuition are dependent on what is accessible in a given situation.
“Accessibility is the ease of which particular mental thoughts come to mind” (Kahneman 2002).
When asked to approximate the height and width of different block configurations (see
(Kahneman 2002)) we find an example of accessibility that acts similar to the reasoning and
intuitive process. “These perceptual examples serve to establish a dimension of accessibility. At
one end of this dimension we find operations that have the characteristics of perception and of
the intuitive System 1: they are rapid, automatic, and effortless. At the other end are slow,
serial and effortful operations that people need a special reason to undertake. Accessibility is a

continuum, not a dichotomy, and some effortful operations demand more effort than others”
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(Kahneman 2002). Many factors influence what information is accessible and what isn’t. Factors
include: stimulus salience, physical salience, selective attention, high emotion or motivation,
priming and skill. The acquisition of skill selectively increases the accessibility of useful
responses and of productive ways to organize information.

All contained information can come to mind; what does depend on the attributes of the
particular situation. “Salience can be overcome by deliberative attention, if you tell yourself to
focus and search for a specific object it will enhance the accessibility of its features” (Kahneman
2002). “Absent a system that reliably generates appropriate canonical representations, intuitive
decisions will be shaped by the factors that determine the accessibility of different features of
the situation. Highly accessible features will influence decisions, while features of low
accessibility will be largely ignored. Unfortunately, there is no reason to believe that the most
accessible features are also the most relevant to a good decision” (Kahneman 2002).

Another great contribution by both Kahneman and Tversky was their development of
Prospect Theory. Prospect Theory embraces the idea that preferences are reference-
dependent, and includes the extra parameter that is required by this assumption” (Kahneman
2002) (Kahneman and Tversky 1979). During their experiments they discovered situations
which produced a trend of humans acting irrationally. They determined that the models had
failed. “We therefore proposed an alternative theory of risk, in which the carriers of utility are
gains and losses changes of wealth rather than states of wealth. This theory states that
“perception is reference-dependent: the perceived attributes of a focal stimulus reflect the

contrast between that stimulus and a context of prior and concurrent stimuli.” “ The reference
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value to which current stimulation is compared also reflects the history of adaptation to prior
stimulation” (Kahneman 2002).

Learning in a changing environment requires that agents are able to identify similar
states. This means such an agent will have to use a form of pattern recognition. Pattern
recognition is a subfield of machine learning where information from the environment is used
in conjunction with prior knowledge to infer further information about the environment or the
state an agent is in. For a detailed description of pattern recognition see (Bishop 2006).

Prevalent work in the field of reproducing human behavior was conducted by Steven
Kimbrough and Ming Lu (Kimbrough 2005). They conducted experiments in which agents using
the Q-Learning reinforcement learning algorithm played a number of iterative 2x2 normal form
games such as Prisoners Dilemma, Stag Hunt and Chicken. Their results showed that when
exploring rationally, agents tended to make decisions that maximized their total wealth
extracted as opposed to making economical rational decisions that led to a smaller total wealth
extracted. Their experiments showed that in games of risk, such as the Prisoners Dilemma and
Stag Hunt, the lower the risk, the more agents were likely to play the Pareto optimal profile.
This result is quite profound in that it presents us with an agent that seems to be averse to risk,
an agent that seems to be weighing the possible rewards received against the risk. While this is
likely not true, it does reproduce human like behavior of aversion to risk (Kahneman and
Tversky 1979). Also important is how this work shows reinforcement learning’s potential to
divert agents from the rational economic solution to the problem, the Nash-equilibrium.

Another prevalent paper that showed reinforcement learning’s ability to simulate

aversion to risk was written by J. Neil Bearden (Bearden 2001). In his experiments, he evolved
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populations of Q-Learning agents using genetic algorithms. The agents competed against each
other in the repeated Stag Hunt game. The agents competed in different version of the Stag
Hunt with varying degrees of risk. The author found that the number of Pareto-optimum

profiles played directly corresponded with the degree of risk.

2.2 Agent Based Social Simulations
Research into reproducing human social behavior tends to fall into two categories: one

in which different models that superimpose behavior are presented and tested and a second in
which researchers study the ways in which a society of agents can converge onto a solution to a
common problem. In the first category, models that superimpose behavior are often solutions
to very specific problems and don’t transition well into different domains. In addition, the
models often superimpose the behavior without regard to the agent’s payoff.

One example of work in which a social structure is superimposed is work done by Jiang
and Ishida (Jiang and Ishida 2007). In this paper the authors present a unique model for
representing the way in which strategies are diffused through a network. The authors include
the idea of social rank and the power of numbers. While their model presents a new unique
way to model realistic social law evolution, the adoption of strategies is guided solely by the
rules of their model and not by utility maximization. In addition, their model super imposes
social rank; a better solution would be to let such an influential position emerge, for example as
a high degree node in a scale free network.

In an experiment performed by Stephen Younger, agents followed a constant rule set
governing exchanges which affected their reputation and opinion of others (Younger 2004).

From this simple model, he was able to produce agents that reproduced the human social
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characteristics of reciprocity of exchange. While the results obtained match human social
characteristics, the behavior is governed by a set of rules intended to reproduce the behavior,
not to maximize the agent’s utility.

Other models have attempted to create agents that behave “realistically” both at the
individual and the social level. In a paper published by Paola Rizzo et al., a model is proposed
that does such a thing (Paoloa Rizzo 1999). Their model creates believable agents by
superimposing personalities and preferences both at the individual level and the social level
that affect the agent’s goal. While the results obtained are impressive, | believe a better
solution is to obtain such results by not superimposing human characteristics, but instead
letting the believable behavior emerge from the model.

The second category of research into human social behavior is the study of evolutionary
networks. Here researchers investigate the ways in which populations of agents may converge
onto a particular strategy. While the research is merited, assumptions are often made that
make the experiments unrealistic. For example agents often have no control over whom they
play with. Also, agents don’t employ selfish reward maximizing decision making but instead
often imitate their neighbors. Lastly, agents are often able to see the actions and rewards of
their neighbors, which is unrealistic in many social settings.

One model that does incorporate a network in which agents seek to maximize their
reward by discontinuing disliked relationships and searching for new ones was defined by
Zimmermann and Eguiluz (Zimmermann and Eguiluz 2005). Through this model they have been
able to show that cooperative behavior can be sustained when agents may evolve their local

network. However, their agents seek to maximize their reward not by exploring their
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environment and the consequence of their actions but instead by mimicking the highest
rewarding action of their neighbors. This makes an unrealistic assumption about what
knowledge is commonly available to agents. In many environments agents are not given this
information. Also, their model for discontinuing local interactions is specific to the Prisoners
Dilemma Domain and it also makes assumptions that a cooperator would be unwilling or
unable to discontinue their relationship with a defector. In addition the authors only use
random networks and do not study the emergent behaviors in more realistic complex
networks.

Studies that looked at the properties of realistic social networks include work done by
Abramson and Kuperman. In their paper they study how evolutionary agents act in small world
networks playing the Prisoners Dilemma (Abramson and Kuperman 2001). Their work shows
that the emergence of cooperative behavior is greatly dependent on the level of risk in the
game and the topology of the network. However, their agents are unable to evolve their local
networks and their agents mimic behavior.

Delgado presents us with another work that tests the network role in the emergence of
social conventions (Delgado 2002). Here he shows that complex networks are much more
efficient and therefore converge onto a social convention faster. However, Delgado employs
simple evolutionary agents that are able to observe all of the payoffs of their network. Also, his
agents are forced to continue play with their neighbors and are unable to adapt their network

to their strategy.
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3 Model Specifications

3.1Individual Decision Making

Our decision model incorporates Kahneman and Tversky’s two-phase decision theory. The
editing phase starts from framing where an agent decides evaluation criteria based on its
attitude toward potential risk, reward and proactive behavior. A classic example would be a
man purchasing an automobile; he will frame his criteria on year, model, mileage, color, fuel

economy, warranty, and safety record.

Framing leads to another phenomenon referred to as anchoring. Anchoring is a
psychological term used to describe the human tendency to overly or heavily rely (anchor) on
some particular information when making decisions. In the above automobile example, the
client tends to “anchor” his decision on the odometer reading and year of the car rather than
the condition of the engine or transmission. Agents anchor by building selective attention on
information. The salience of information i, i €/, is determined by Equation 1.

> i was used
= - " , le
cardinality(l was used)

i
Equation 1: Salience of information.

where 4; is the frequency that i was used under the context c. If the salience of i is higher than a
predefined threshold, i becomes the anchored information. /* denotes a set of anchor

information defined by Equation 2.

I*={i | 4;>threshold}

Equation 2: Set of anchored information.

Accessibility is the ease with which particular information come to mind. In our model,

every agent saves past states in memory and clusters them in patterns. When making decisions,
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the agent determines the similarity between states only with /* establishing the relation. This is

described by Equation 3.

Se~Sp ifd(St, Sm) <D

Equation 3: State similarity.

where S; is the current state, S, is a state pattern in memory, d(S;, Si) is the distance between
S;and S, and D is the distance threshold. Those states most similar to the current one are said
to be more accessible than others.

The next phase is the evaluation phase. There exist two modes of cognitive function: an
intuitive mode in which decisions are made automatically, and a deliberative mode, which is
effortful. Our way of modeling intuitive behavior is to assume that, if S;, the current state, is
close to a state in memory, S, then the optimal policy 7*(S:) and 7*(S,) should be close too.
Hence, the agent uses an optimal policy that it has employed before in a similar state and
updates its state memory by adding the current state. If the policy the agent employed was
successful then the reward associated with that policy and its accessibility will be increased.

The slower process of deliberation determines the state similarity across all information
available to the agent, /, not just that which is anchored, /*. Traversing its memory an agent

attempts to re-optimize a previously used policy stored in memory using Equation 4:

7*(S,)=argmax E[Y_y'R(S)| 7], 0<y <1

t=0

Equation 4: Updating optimal policy when using deliberation.

where 7*(S,,) denotes the optimal policy of the current state S,,,, E means the expected value, y
is the time discount factor, R(S;) is the reward the agent receives when it arrives at state S;, 7is

any possible policy that the agent can choose on the current decision-making point.
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In keeping with the notions of satisficing choice under their intuitive mode, our agents, do
not compute an optimal policy to use in the current S; if there is a state in the agent’s memory

Sm that is similar and the policy utilized under that state can be used once again.

3.2 Social Network Evolution

3.2.1 Network Structure

Consider a fixed population of agents, P. Each agent p € P has a set of agents N(p)
referred to as the agent’s neighborhood. The size of each agents neighborhood is referred to as
their degree. The neighborhood is such that if g € N(p) then p € N(q). Th