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by Manahan Parlindungan Saragih Siallagan

Learning process and the availability of information on how decision makers behave in
environments that exhibit strategic interdependence is a crucial factor in theory of in-
terdependent decision-making. Modeled agents as hyper rational have been shifted to
simple adaptive leaner (bounded rational behavior) agents. These behavioral models
have cognitively less demands and more plausible descriptions of real decision-making
processes. In this thesis we develop such kind of behavioral model of learning that we
called aspiration-based learning shaped by sharing mechanism to investigate individu-
als’ behavior in some problems, such as social dilemmas, learning organizational, and
duopoly markets. Our results suggest that within the learning method shaped by shar-
ing mechanism the individuals tend to coordinate their action to equilibrium state. The
performance of the system can be improved in some cases, e.g., social dilemmas and
organizational learning, and can prove two existing equilibriums, i.e., Nash equilibrium

and collusive equilibrium in duopoly markets.
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Chapter 1

Introduction

Learning process and the availability of information on how decision makers behave
in environments that exhibit strategic interdependence is a crucial factor in theory of
interdependent decision-making. In this thesis we develop a new method of learning
based on aspiration level and a new information searching mechanism to investigate
individuals’ behavior in some problems, such as social dilemmas, learning organizational,
and duopoly markets. Our results suggest that within the learning method shaped by
sharing mechanism the individuals tend to coordinate their action to equilibrium state.
The performance of the system can be improved in some cases, e.g., social dilemmas and
organizational learning and can prove two existing equilibriums, i.e., Nash equilibrium

and collusive equilibrium in duopoly markets.

1.1 Motivation

The need of learning in strategic environment has become an important theory in social
science and economic (Borgers, 1996; Macy and Flache, 2002; Brenner, 2004; Izquierdo
et al., 2008). The assumption of rational agents has been shifted to bounded rational

agents (Simon, 1955). The reasons of this shifting can be described as follows:

1. Strong assumptions concerning rationality and common knowledge appear implau-

sible as descriptions of the behavior of real world agents (Erev and Roth, 1998).

2. In relatively complex environments, expected payoff maximization requires too
much knowledge about the environment. This notion supposes that every agent
understands the environment well enough to precisely estimate payoff functions,
formulate beliefs concerning the actions of others, and subsequently compute the

solution to an optimization problem. If one is allowed to assume that in face of

1
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such complexities, rational behavior entails a cost of implementation (Dziubinski
and Roy, 2007; Bendor et al., 2001b).

These reasons create a space for behavioral models that are cognitively less demanding
and more plausible descriptions of real decision-making processes. In these behavioral
models, the agents are modeled as simple adaptive leaners. The agents do not necessarily
use best responses when deciding about their strategies. The agents follow a simple
rule, a satisfactory action tends to be repeated if it is given a satisfactory payoff, and
explores the others’ action if it give unsatisfactory payoff. This view originated in the
behavioral psychology literature as stimulus-response learning or reinforcement learning.
The implications of reinforcement learning in a strategic context have received much

attention especially in social dilemmas.

To investigate the social dilemmas, game theory has formalized the issue as cooper-
ation problems. The problems were represented as a mixed-motive two-person game,
i.e., prisoner’s dilemma game and n-person dilemma game, i.e., public goods game. The
Bush-Mosteller Stochastic learning model (Bush and Mosteller, 1955) is also known as re-
inforcement learning model, which is designed to capture the “Law of Effect” (Thorndike,
1911). Positive reinforcement increases the tendency to play an action, while negative
reinforcement decreases it. Positive or negative reinforcement is judged by a cognitive
factor to stimulate their action. The standard cognitive factor is aspiration level. The
difference between payoff and aspiration level will generate a stimulus (Flache and Macy,
2002; Macy and Flache, 2002; Izquierdo et al., 2008). This aspiration level is not static
but evolves slowly as a player gains experience. Within these models, the behavior of

the agents to reach the equilibrium states can be analyzed.

The variant of this model, i.e., payoff matching model, has successfully described hu-
man behavior in experimental studies of social dilemmas (Roth and Erev, 1995; Erev
and Roth, 1998; Erev and Rapoport, 1998). This model predicts that players will learn
to cooperate depending on the payoff structure. In the theoretical analysis and simula-
tion approach, a large number of researches have been examined to solve the prisoner’s
dilemma game. The results showed that cooperative behavior could emerge and survive
in the long run. However, the emergence of cooperative behavior depends on certain
payoff conditions (Palomino and Vega-Redondo, 1999), sufficiently slow speed of updat-
ing the aspiration level (Bendor et al., 2001a), or a combination of these two factors
(Flache and Macy, 2002). Flache and Macy (2002) and Macy and Flache (2002) have
shown the emergence of cooperative behavior depends on learning rate and initial value
of aspiration level. Besides, all previous researches use self-play environment, i.e., all

agents use the same learning model.
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The aspiration level plays an important factor in reinforcement learning models. The as-
piration level is linearly adjusted in the direction of outcome experienced via learning rate
within the model. However, this concept is also important in behavioral theory of firms
(March and Simon, 1958; Cyert and March, 1963). They noted that firm management
tends to express a preference for a particular performance level and this performance
level seems to be persistently greater than zero. In short, management desires projects
that are not just positive net present value, but projects that are significantly greater
than zero net present value. The level they wish to obtain is a sociological comfort level
of profits referred to as the firm’s aspiration level. Aspiration levels are the borderline
between perceived success and failure and denote the starting point of doubt and conflict
in decision making (Greve, 1998). The difference between realized performance and the
aspiration level is attainment discrepancy (Lant, 1992). This attainment discrepancy is
determined by the performance history of the firm and performance feedback governs

the direction of aspiration.

In the economic field, such as duopoly markets, the aspiration level has also attracted
the investigation of collusive behavior in the duopoly markets. The information on the
industries’ average profitability might induce more collusive outcomes. In this sense,
the firms perceive the industries average profitability as aspiration levels. The firms will
try new strategies anytime their profits fall below the industry’s average profitability
(Dixon, 2000; Dixon et al., 2006). However, those researches assume that all firms have
the same aspiration level which is represented by overall average profit as a reference
point. Another assumption is that the information on the overall average profit is

provided.

From the above explanations, we can summarize the motivation of this thesis into three

parts as follows:

1. The use of aspiration level in reinforcement learning to investigate the social dilem-
mas still have some problems related to emergence of cooperative behavior, i.e.,

initial value of aspiration level, learning rate, and self-play environment.

2. The model of organizational learning purposed by March (1991) does not use
the aspiration level in mutual learning between organization and the members of
the organization. However, the concept of aspiration level is also important in
behavioral theory of the firm as claimed by March and Simon (1958) and Cyert
and March (1963).

3. The use of industries’ average profitability as an aspiration level to all firms in
duopoly markets is quite naive because in real world the firms may have their own

aspiration level.
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1.2 Aim and Contributions

The overall aim of this thesis is to advance the investigation of the impact of learning
process and availability of information on how decision makers behave in environments
that exhibit strategic interdependence. To fulfill this aim, firstly, we list the limitation

of aspiration-based reinforcement learning from previous researches as follows:

1. In case of social dilemma: dependence of solution to some model’s parameters,

e.g., initial aspiration level, learning rate, and habituation.
2. Homogeneity assumption: use the same parameters and the model of learning.

3. Individual learning: no interaction.

According to our motivation, we proposed a research question as follows: If the agents
follow the aspiration learning and the information about agents’ aspiration level will be

shared through interaction, what kind of behavior would emerged in the macro level?

To answer the research question we proposed research objective as follows:

1. To build aspiration-based learning that handles the effect of learning rate and

habituation parameters.

2. To build a mechanism of sharing information (aspiration level) that handles het-

erogeneity.

3. To applied the learning model and the mechanism in different fields, i.e., social

dilemma, organizational learning and economic (duopoly market).

The specific contributions of this thesis are to build a new aspiration-based learning that
uses the dynamics learning rate. Within this method the heterogeneity aspects, i.e.,
different habituation parameter, different learning model, and different initial aspiration
level can be handled. Besides, we also proposed a new model of sharing information
to change individual learning to social learning through interaction. This method can
make the agents coordinate their action and also coordinate their aspiration level. We
also implemented the proposed models to different area of investigation, i.e., social
dilemmas, organizational learning, and duopoly markets. This investigation is important

to generalize the proposed models.

Contributions of this thesis can be described as follows:

e Improving the availability of Aspiration-Based Reinforcement Learning in terms
of:
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— The number of agents involved in the problem.
— The heterogeneity of the agents.
— The application of the model.

— The interaction among agents.

e Complementing the existing methodologies about human learning such as, math-

ematical approach, experimental approach, and numerical approach.

1.3 Related Literature in Reinforcement Learning

The first use of reinforcement learning models appear in the mathematical psychology
literature with studies by Estes (1954) and Bush and Mosteller (1955). After these
studies, the researches were extended to some field, i.e., social science, economics, and
computer science and engineering. In social science and economics, reinforcements learn-
ing is focused on repeated game to investigate how the players learn to coordinate on
efficient outcomes. Macy and Flache (2002) explored the dynamics of 2x2 (2-player 2-
strategy) social dilemma games. They studied a variant of Bush and Mosteller (1955)
linear stochastic model of reinforcement learning. This variant is a particular type of a
wider class of aspiration-based reinforcement learning models Bendor et al. (2001a). Re-
inforcement learners interact with their environment and use their experience to choose
or avoid certain actions based on their consequences. Actions that lead to satisfactory
outcomes (i.e. outcomes that met or exceeded aspirations) in the past tend to be re-
peated in the future, whereas choices that lead to unsatisfactory experiences are avoided.
In line with this work, Izquierdo et al. (2008) advanced this model and formalized the

solution concepts of Macy and Flache reinforcement learning.

In the context of experimental game theory with human subjects, several authors have
used simple models of reinforcement learning to successfully explain and predict behavior
in a wide range of games (Roth and Erev, 1995; Erev and Roth, 1998; Erev and Rapoport,
1998). The purpose of these researches to fit experimental data assumed that players can
only learn over immediate actions but not over a strategy set including repeated-game
strategies. Theoretical works have also been done (Karandikar et al., 1998; Pazgal, 1997;
Kim, 1999; Palomino and Vega-Redondo, 1999; Bendor et al., 2001a,b) showing mutual

cooperation is a common long-run outcome in the social dilemma games.

The computer science and engineering literature has also used such models representing
various natures of automata learning as in Narendra and Thathachar (1989). Besides, in
area of multi-agent system, machine learning reinforcement learning model is also used to

investigate cooperation and coordination problems (Claus and Boutilier, 1998; Dipyaman
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and Sen, 2007; Bowling and Veloso, 2002; Tuomas and Crites, 1995). Basically, most
of the reinforcement learning model in machine learning do not use aspiration level as
reference point to make decision. The reinforcement learning model in machine learning
use action-value function to find an optimal action-selection policy for any given (finite)
Markov decision process (MDP) (Sutton and Barto, 1998). The well-known model is

Q-learning and the variant of it.

MDP and Boltzmann MDP + TD + Stochastic
; Games+ Game Theor
Equation Y To learn
automated
agents

in a variety of

Single-Agent Multi-Agent domains
Reinforcement >|  Reinforcement |:> . L
Learning (SARL) Learning (MARL) including

robotics,
|| model-based methods based distributed
on dynamic programming control,
telecommunic
| | model-free methods based on ations,
online estimation of value functions
and
economics

model-learning methods
that estimate a model

learn using model-based
— techniques

FIGURE 1.1: Multi-Agents Reinforcement Learning

Human behavior
+

Game Theory
Learning
Algorithm

T
Experimental
Approach - Bush-Mosteller (1955) |

To

H Roth-Ever (1995;1998) |

investigate
[Macy and Flache 2002)] [ how
[ Karandikar et al (1998) | people

_ learn

FIGURE 1.2: Aspiration-Based Reinforcement Learning

Figure 1.1 and Figure 1.2 show the investigation of Multi-Agents Reinforcement Learn-
ing (MARL) and Aspiration-Based Reinforcement Learning (ABRL). MARL is focused

on machine learning or artificial intelligence fields which use Markov Decision Process
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(MDP) and Boltzmann equation to investigate learning process in automated agents.
This investigation also uses stochastic game and game theory to include the aspect of
interactive decision making. On the other hand, Aspiration-Based Reinforcement Learn-
ing (ABRL) focuses on human behavior in terms of how behavior involved in learning

process. The investigation also includes experimental approach with human subject.

1.3.1 Investigation of Previous Research on ABRL

The previous research on ABRL focused on experimental approach, a few of them have
used mathematical analysis or simulation approach. Figure 1.3 shows the previous

research on ABRL and their limitations.

Methodology Field of Number of Result
investigation agent/agent
environment
Estes (1954);Bush and Mosteller | Experimental + How people learnin | <=2; Dependence
(1955). Mathematical game homogeneous; | on
Analysis no interaction; parameters
self-play
learning
Roth and Erev, 1995; Erev and Experimental + How people learnin | <=2; Dependence
Roth, 1998; Erev and Rapoport, | Mathematical game (non- homogeneous; on
1998 Analysis cooperative and no interaction; parameters
cooperative game) self-play
learning
Karandikar et al., 1998; Pazgal, Experimental + How people learnin | <=2; Dependence
1997; Kim, 1999; Palomino and | Mathematical game (cooperative homogeneous; on
Vega-Redondo, 1999; Bendor et | Analysis + game: PD game) no interaction; parameters
al., 2001a,b, Izquierdo et al. Evolutionary self-play
(2008) Analysis learning
Macy and Flache (2002) Agent-Based How people learn in | <=2; Dependence
Simulation game (cooperative homogeneous; | on
game: PD game) no interaction; parameters;
self-play convergence
learning time

FIGURE 1.3: Previous Research on ABRL and their Limatation

In these research, ABRL combines experimental and mathematical analysis to investi-
gate how people learn. The main field of investigation is how people learn to play a
game. From these previous research, some limitations is observed:

1. Number of agent = 2: only investigate a simple form of environment.

2. Homogeneous agent: agents have the same model of parameters.

3. Parameters dependence: the results or the solution of the model depends on pa-

rameters.

4. No interaction: there is no information which be changed.
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5. Self-play learning: all players have the same learning model.

6. Models application: Application is limited to game such as Prisoner’s Dilemma

game

Related to these limitations, this thesis wants to overcome these limitations.

1.4 Concept of Aspiration Level

The first concept of aspiration level is an integrated scheme of level of aspiration experi-
ment about goal-setting behavior, achievement motivation theory and social comparison
theory (Quaglia and Casey, 1996). From the experiment of level of aspiration, aspira-
tion level can be described as the level of future performance in a familiar task which an
individual, knowing his level of past performance in that task, explicitly undertakes to
reach. The achievement motivation can be defined as the conscious or unconscious drive
to do well in an achievement-oriented activity. This achievement motivation affects the
level of aspiration and the theory of social comparison suggests that aspiration levels are
determined by the performance of similar others (Festinger, 1954). Through these three
theories Quaglia and Casey (1996) defined aspiration level as an individual’s ability to
identify and set goals for the future, while being inspired in the present to work toward
those goals. This construct of aspirations has two major underpinnings: inspiration and
ambition. Inspiration reflects that an activity is exciting and enjoyable to the individual
and the awareness of being fully and richly involved in life here and now. It is depicted
by an individual who becomes involved in an activity for its intrinsic value and enjoy-
ment. An individual with a high level of inspiration is one who believes an activity is
useful and enjoyable. Ambition represents the perception that an activity is important
as a means to future goals. It reflects individuals’ perceptions that it is both possible

and desirable to think in future and to plan for the future.

The second concept of aspiration level comes from the theory of firm’s behavior (Cyert
and March, 1963; Levinthal and March, 1981). The basic principle of organization
behavior is that failure and success always depend on the context in which they are
considered. When making evaluative judgments about success and failure, people have
specific reference points they use to decide whether an outcome was a success or a
failure. How people feel about success and where they set the explicit cutoff point for
what determines failure depends on the information they consider important when they
are making the decision. Aspiration level is determined by the performance history
of the firm itself. The recent performance history of the organization can be used

to set an aspiration level that holds differences among organizations. The historical
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aspiration level gradually accommodates to the current performance of the firm. This
is done by specifying it as an exponentially weighted moving average of experienced
performance (Levinthal and March, 1981; Lant, 1992; Greve, 1998). This concept is
also related to the theory of decision making. An aspiration level in individual decision
making has been described as a reference point that is psychologically neutral or as
the smallest outcome that would be deemed satisfactory by the decision maker (Greve,
1998). This definition is similar to a reservation value in bargaining. However, this result
is very difficult to evaluate in continues measurement because of bounded rationality
Simon (1955). Therefore, decision makers try to simplify evaluation by transforming a

continuous measure of performance in to a discrete measure of success or failure.

1.5 Outline of the Thesis

The structure of this thesis is as follows: in Chapter 2 we build a model of aspiration-
based by using dynamics learning rate. We use this model to investigate cooperative
behavior in social dilemmas. The purpose of the model is to handle some problems that
arose in previous aspiration-based model, i.e., initial aspiration, learning rate parameter,
and habituation. In Chapter 3 we build a sharing mechanism to investigate cooperative
behavior in social dilemmas. The purpose of the model is to introduce interaction
among the agents. Through the interaction, agents share their aspiration levels. We
use three kinds of aspiration-based learning models to describe different learning model.
In Chapters 4 we use the aspiration-based learning model and the sharing mechanism
to the problems of organizational learning. In the organizational learning, balancing
between exploitation and exploration is an important factors to improve the knowledge
earned by the organization and it members as well. To much exploitation means that
the organizational may trapped in local maxima. To much exploration means that the
organization may lose much money without gain any advantages. In Chapter 5 we use the
aspiration-based learning and the sharing mechanism to investigate the firms’ behavior in
duopoly markets. Some researches state that if the firms perceive the industries’ average
profitability as aspiration levels, then the markets will converge to the collusive behavior.
However, those researches assume that all firms have the same aspiration level which is
represented by overall average profit as a reference point. Another assumption is that
the information on the overall average profit is provided. To handle these disadvantages,
we proposed the aspiration-based learning in which each firm has its aspiration level and
using the sharing mechanism to search the information about the other’s aspiration level.
Chapter 6 summarizes the main conclusions of this work and identifies areas for further

research.



Chapter 2

Learning to Cooperate in

Heterogeneous Agents

Application of learning models to the problem of cooperation in social dilemmas has been
used to analyses the convergence of cooperative solution. The reinforcement-learning
model such as Bush-Mosteller predicts stochastic collusion as a backward-looking solu-
tion to the problems based on random walk. However, lock-in a cooperative equilibrium
solution depends heavily on learning rate and aspiration level. This research examines
dependence of learning rate and aspiration level by agent-based simulation approach.
We modify the model to handle heterogeneous agents, i.e., different initial learning rate,
initial aspiration level, and habituation parameter, and elaborate the model as an N-way
Prisoner’s Dilemma. We also consider the structure of interaction among the players.
By varying the learning rate, the model overcomes heterogeneity of agents and leads to

cooperative solution.

2.1 Bush-Mosteller Reinforcement Learning and Its Dis-

advantage

Consider a game in which the player has limited information about the environment
and receives little information with each action. In this situation, a simple behavior of
the player is to select an action based on past experience by playing the same game.
This process will develop, consciously or unconsciously, a standard pattern of response.
Specifically, the player will learn during sequences of the game. Experimental studies
have been conducted to investigate the learning process in the incomplete information
case (Roth and Erev, 1995; Erev and Roth, 1998).

10
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To develop a standard pattern of response, the players adapt their behavior through
simple trial-and-error learning. A well-known model is reinforcement learning such as
Bush and Mosteller (BM) model (Bush and Mosteller, 1955). In this model, a successful
action is more likely to be repeated, while unsuccessful ones are less likely. Each player
has an aspiration level to evaluate his/her outcomes. Based on current probabilities of
players, each player makes a decision and plays the game. Each of player receives an
outcome and evaluates the outcome as satisfactory or unsatisfactory relative to their
aspiration level. Satisfactory choices become more likely to be repeated and increase
the probability of the associated choice, while unsatisfactory choices become less likely
and decrease the probability of the associated choice. This process is also known as
The Law of Effect. Through the learning process, each individual has a learning rate,
which is interpreted as a magnitude to the individual to perceive his/her experienced
such as interest in the outcome. Low learning rate means the individual perceive his/her

experienced slowly through the learning process, and vice versa.

Flache and Macy have investigated reinforcement-learning model in social dilemma
games (Flache and Macy, 2002; Macy, 1991). They also define two learning-theoretic
equilibriums in the Prisoner’s Dilemma (PD), i.e., self-reinforcing equilibrium (SRE) and
self-correcting equilibrium (SCE). On the other hand, the SRE obtains when a strategy
pair yields payoffs that are mutually regarding. The SCE is characterized by dissatisfy-
ing behavior. Dissatisfying means that both players will try to avoid an outcome that

is better than their worst possible payoff.

Macy and Flache argue that the BM model identifies stochastic collusion as a backward
looking solution for social dilemma games such as Prisoner’s Dilemma Game, Chicken
Dilemma Game, and Stag Hunt Game. However, this solution depends on the aspiration
level of players. The individual may not learn completely to reach the solution if his/her
aspiration level is too low or too high from all the available outcomes. Moreover, lock-in
a mutually cooperative equilibrium is also depends on the learning rate. The lower the
learning rate, the larger the number of steps that must be needed to lock-in a mutually
cooperative equilibrium. It is clear that the learning rate must be same to all players so

that the players can be synchronized they move.

There are some interesting questions that may arise in reinforcement learning model.
This research considers two of them. The first one is how the model should be modified
to overcome the effect of learning rate. Consider a social dilemma in a certain society.
Each individual may come with different capacity to perceive the problem. Some of them
come with low capacity (low learning rate) and others with medium or high capacity
(medium or high learning level). According to the model, learning rate must be the

same and thus providing synchronizes moves to reach desirable result. However, in
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the beginning of the problem, individual may have different learning rate and hence
learn how to synchronize the learning rate. The second one is how the model should
be modified in order to overcome the effect of aspiration level. Again, individual may
come with different aspiration level and may change over time. Macy and Flache model
focuses most of their analysis on the case of constant aspiration level. In the case
of dynamic aspiration level, they have found that habituation destabilizes stochastic
collusion. Moreover, the parameter of habituation is assumed same to all players and
the value is set to sufficient small to guarantee the convergence of the model (Pazgal,
1997; Oechssler, 2002; Macy and Flache, 2002; Izquierdo et al., 2008) .

With these considerations, we try to construct an environment with heterogeneous
agents. By heterogeneous agents, we refer to the agents with different initial learn-
ing rate, initial aspiration level and parameter of habituation. The model we propose in
this research is based on the capability of the agents to use the strength of reinforcement
to update their probability of an action. During the game, the agent accumulates the
stimulus (the difference between receives payoff and aspiration) for an action that has
been selected. The average of the accumulate stimulus for each action will determine
the strength of reinforcement via a response function. Output of the response function

will be used to update probability of the associated action.

2.2 The Bush-Mosteller Reinforcement Learning Model

In this paper, we focus on the Prisoner’s Dilemma (PD) game. Structure of payoffs in
this game is described as in Table 1, where T=4>R=3>P=1>5=0.

TABLE 2.1: Prisoner’s Dilemma Payoff Structure

P1/P2] C || D
C | RR|ST
D | TS|PP

In general, the Bush-Mosteller model implements a stochastic decision process. In this
model, individuals are modeled as stimulus-response mechanism shaped by learning
forces. A player takes an action based on the propensity (probability) of the action.
Aspiration and reward will generate stimulus of the action. Positive outcomes increase
the probability that the associated action will be repeated, while negative outcomes

reduce it.
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Let P be a set of players, P = {1,2}, p;(t) be the aspiration level for player ¢ at time ¢,
pri(a,t) be probability of an action a € A = {C, D} for player ¢ at time ¢, and R;(t) be
a payoff for player i at time ¢. A stimulus associated with payoff R;(t) and aspiration
level p;(t) for taken an action a € A for player i is S;(a,t) = R;(t) — pi(t). The stimuli

for players ¢ is defines as follows:

R;(t) — pi(t
Si(a,t) = Z()Z”’(),aeA—{C,D} (2.1)
where Z = sup||R;(t) — pi(t)|], represent the upper value of the set of possible differences
between payoff and aspiration. This scaling factor will make the stimulus in the range
[Si(a,t)| < 1.

The BM model updates probabilities after an action (cooperation or defection) as follows:

pri(a,t) + LS;(a,t)(t)(1 — pri(a,t)) if Si(a,t) > 0

(2.2)
pri(a,t) + LS;(a,t)(t)pri(a,t) if S;(a,t) <0

pri(a,t+1) = {

L =,0 < L <1 is the learning rate.

The updated aspiration level p;(t 4+ 1) is a weighted mean at the prior aspiration level

at time ¢ and the payoff R;(t) receives at t.
pi(t+1) = (1 —h)pi(t) + hRi(1) (2.3)

where h indicated habituation, i.e., the degree to which aspiration level of floats toward
the payoff. If h = 0, the aspiration is constant, that is, recent payoffs are ignored and
the initial aspiration level p;, is preserved throughout the game. If h = 1, aspirations

float immediately to the payoff that was received in the previous iteration.

By introducing the strength of reinforcement, we modify updating rule for probability
in Eq. (2.2) as follows: Let §;(a,t) be the strength of reinforcement of an action a € A

for player i at time t,

pri(a,t) + Bi(a,t)(1 — pri(a,t)) if Si(a,t) > 0

(2.4)
pri(a,t) — Bi(a,t)pri(a,t) if Si(a,t) <0

pri(a,t +1) = {
In this equation, the strength of reinforcement is interpreted as how much interest of
an player to the stimulus he/she receives by playing action a. We assume the value of
this strength lies on interval (0,1]. This value has a role as learning rate, however, the
updating rule of probability in Eq.(2.4) has a condition depending on the stimulus the
agents receive. One interesting result here related to dynamics of the PD game can be

explained by Eq.(2.4). If both players use only their stimulus to perceive positive or
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FIGURE 2.1: Same value of beta

negative reinforcement and apply Eq.(2.4) to update their probability of an action, the
dynamic of the PD game will change drastically.

Figure 2.1 shows the dynamic of the PD game by using Eq.(2.4). In this simulation, we
use only the stimulus S;(a,t) to perceive positive or negative reinforcement and set the
same value of 3 for both players, i.e., 8;(a,t) = [0.1,0.3,0.5,0.7,0.9] for all : € P = 1,2
and all t. We use p1(0) = p2(0) = 2 and habituation level h = 0.1 for both players. In
this figure, the z — axis is the number of iterations, 100 iteration, and y — axis is the

average of cooperative action of both players in 1000 running.

As we can see, the dynamics of cooperative action depends on the value of 3. Cooperative
behavior can be maintained if both players have high value of 8. However, Figure 2.2
shows the dynamics of the game by using different value of g for each player. We set
Bi(t) = [0.1,0.2,0.3,0.4] and B2 = [0.5,0.6,0.7,0.8] for all t. In this figure, only one
combination of 8 that yield full cooperative pattern, i.e., 0.4 Vs 0.8. In other cases,
cooperative behavior cannot be maintained. The first player has relatively low value of
5. He failed to adjust his probability of cooperation against an player who has relatively
high value of 3.

From the above results, we have found that the strength of reinforcement is important
to improve cooperative behavior in PD game. In contrast with Eq.(2.2), Flachey and
Macy have shown that the cooperative behavior also depends on the learning rate.
The players should have the same and sufficient high level of learning rate in order to
establish cooperative result. The initial value of aspiration level must lie on the range
between maximin and the payoff of mutual cooperation (R) to produce optimal results
in PD game. Moreover, by using habituation in term of parameter h, the habituation

destabilized mutual cooperation.



Chapter 2. Learning to Cooperate in Heterogeneous Agents 15

" ] | | I | "] iteration - AvgPC(0.1Vs0.5) ®
s10r 7 iteration - AvgPC(0.2Vs0.6) =
® iteration - AvgPC(0.3Vs0.7) ™
§0_9 L _| iteration - AvgPC(0.4Vs0.8)
Q
(6]
G081 T
=
207t .
o
o
o6t .
o
S
é’ 05 .
04f | 1 i | 1 -

-0.2 00 0.2 04 06 08 1.0
Iteration x10?

FIGURE 2.2: Different value of beta

The difference between updating probability in Eq.(2.2) and Eq.(2.4) can be explained
as follows. In Eq.(2.2), the value of stimulus Sj(a,t) is used both in perceiving the
reinforcement effects (condition of updating probability) and in updating probability.
However, in Eq.(2.4), the value of stimulus is only used in perceiving the reinforcement
effects (condition of updating probability). Because the stimulus is used in updating
probability in Eq.(2.2), the strength of reinforcement in term of LS;(a,t) is effected
by the learning rate L. Suppose at time ¢ player i payoff R;(t) = 3 by playing action
a = C and p;(t) = 2, the stimulus S;(C,t) = 0.5 after scaled this values. Therefore,
the strength of reinforcement is 0.5L. We can see this strength relatively small (weak)
except for L close to 1. Moreover, this strength evolves over time depend on R; and p;.
This causes the value of the probability fluctuate over time. On the other hand, Eq.(2.4)
do not use R; and p; to update the probability.

However, as we have already shown in Figure 2.1 and Figure 2.2, the dynamics of
cooperative behavior is not guaranteed mutual cooperation regarding to the value of 3.
Moreover, Eq.(2.4) uses only R; and p; to determine updating condition. In our proposes

model, we want to define 5 as a function of R; and p;.

2.3 Proposed Model

As we have explained, the value of 8 is considered as learning rate with respect to
updating probability in Eq.(2.4). By using Eq.(2.4), we have shown the convergence
to cooperative behavior can be completely established if both players have the highest
value of the learning rate or 3. However, in the situation in which the players have

low and high value of beta, the cooperative behavior cannot completely establishes.
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This is caused by a constant value of the learning rate (), so that the players updated
their probability with the same strength. Because the effect of reinforcement in term of
stimulus is used only in the condition of updating probability, the highest value of the
learning rate will strongly increases the probability of an action and vice versa. In this

case, both players are failed to synchronize their updating process of probability.

Our proposed model can be described as follows: during the game each player will
accumulates the value of stimulus his/her receives by playing an action a € A = {C, D}.
This accumulate value will be averaged by time. After that, the average value of stimulus
will pass a response function to determine the value of 5 or learning rate to update the

probability (Figure 3.1).

Let w;(t,a) be the total average of stimulus of action a at time t for player i:

wilat) = 2wila,t — 1) + Si(a,t)] if a is chosen (2.5)
wi(a,t —1) otherwise
The value of 8 will be updated according to:
ewi(a,t)
Bi(a,t) = if a is chosen (2.6)

Za* €A e (a™.)

pri(a, t) ~ Choice R; (t) ~S,~(a, t):Ri (t) — pi (t)
Bi(ant) = — 5 (e, t)=ur(a,t — 1) + Si(a,)

Z —ea ewila™,t) .
@ FIGURE 2.3: Schematic of the model

By using the above updating function for 3, the value of 5 can be guaranteed in (0,1]. An
action, which played frequently, will lead 5 to zero if the action has negative reinforce-
ment, i.e., e* as a numerator. Therefore, the learning rate (strength of reinforcement)
will be weak, so that the probability of the action has a small change. Conversely, an
action, which played frequently, will lead 8 to one if the action has positive reinforce-
ment, i.e., e as a numerator. Therefore, the learning rate (strength of reinforcement)
will be sufficient strong, so that the probability of the action has a big change. However,
the total average of stimulus will tend to zero as t increase, therefore, beta will tends
to 0.5. In this process, the players should give more interest to positive stimulus and

synchronize their learning rate to 0.5. We use Eq.(2.4) to update the probability.
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2.4 Simulation and Results

In order to include heterogeneity of agents, we simulate the model based on several

scenarios as follows:

2.4.1 The first scenario

In this simulation we want to show the effect of different value of initial aspiration and
parameter of habituation. Initial aspiration level will be set differently and one player
has initial aspiration below the maximin, i.e., p;(0) = 0.8 and p2(0) = 2. Parameter of
the habituation h will be set differently, i.e., hy = 0.1 and hy = 0.3 (Figure 2.4). We
also compare the propose model with BM model and Eq.(2.4) by using constant learning
rate, i.e., 0.1 for the first player and 0.5 for the second player. The iteration time will be
set 100 and the simulation will be replicate 1000 time under the same condition. The
initial value of w;(0) = 0 and pr;(C,0) = pri(D,0) = 0.5 Vi for each simulation.
P1 P2

% Y

for each iteration
p1(0) = 0.8 T’ p2(0) =2
hy = 0.1 update hy = 0.3

== ==

FIGURE 2.4: Structure of interaction of the first scenario
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FIGURE 2.5: Two-person PD Game: Dynamics of model

Figure 2.5 shows the two-person PD game. The model improves and maintains cooper-
ative behavior even in the situation in which the players have different initial aspiration
level and parameter of habituation. The initial aspiration level of the first player is

below the maximin value (0.8 < 1.0), therefore, he/she receives positive reinforcement
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in case of DD, DC', or C'C outcome and negative reinforcement in case of CD. For the
second player, he/she receive positive reinforcement in case of C'C or C'D outcome and

negative reinforcement in case of DC' or DD outcome.

Table 2.2 shows the action taken for both players of one running of the simulation. As
we can see, the first outcome is C'D, therefore, the first player receives negative rein-
forcement (decreasing /3 value), while the second player receives positive reinforcement
(increasing 8 value). Both players tend to play D in the next iteration because the
probability of action C for the first player decreases, while the probability of action D
increases for the second player. The outcome DD for the second iteration gives positive
reinforcement for the first player but negative reinforcement for the second player. The
first player keeps the action D until his/her aspiration level exceeded the payoff of DD

outcome (the sixth iteration, Figure 2.6).

TABLE 2.2: Actions taken for both players

Player/Iteration 1 2 3 4 5 6 7 8 9 10 . . . 100
FirstPlayer C D D D D D C D C C . . . C
SecondPlayer D D C C C D D D C C . . . C
35F I ¥ T ¥ 1 ™ iteration - AspP1 ®
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N
o
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FIGURE 2.6: Dynamics of aspiration level

Through this situation, the aspiration level of the second player decreases as long as
the first player played D. After that, the outcome DD is unfavorable for both players,
they try to play C' to make their aspiration level above the DD outcome. At this point,
the outcome C'C' increases their aspiration level and gives positive reinforcement to the
value of beta. The dynamics of beta value can be seen in Figure 2.7. As we can see,
the beta value of the second player decreases as he/she receives negative reinforcement,
while increases for the first player as he/she receives positive reinforcement. After that,

they synchronize the value close to 0.5.
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FIGURE 2.7: Dynamics of beta value

2.4.2 The second scenario

We varying initial aspiration level for the first player, i.e., p1(0) = [0...4] = 0.1 * inc,
where € inc = {0,1,2,...,40} and p2(0) € CR = {0.1,0.5,1.0,2.5}. Parameter of the
habituation h will be set differently, i.e., h = 0.1 for the first player and h = 0.3 for the
second player (Figure 2.9). We want to determine the range of initial aspiration level
that exhibit cooperative behavior in two-player case. The iteration time will be set 100
and the simulation will be replicate 1000 time under the same condition. The initial

value of w;(0) = 0 and pr;(C,0) = pr;i(D,0) = 0.5 Vi for each simulation.
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FIGURE 2.8: Varying the initial aspiration level

Figure 2.8 shows the range for which the cooperative behavior can be achieved. In this
figure, the z — awis is the initial value of aspiration level for the first player which vary

between zero and four. The y — axis is the percentage of lock-in mutual cooperation.
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As we can see, the range depends on the initial aspiration level of the second player.
The highest the initial aspiration level of the second player, the larger the range that
exhibit cooperative behavior. The second player with p2(0) = 2.5 exhibited the larger
range for the initial aspiration level of the first player. The initial aspiration level for
the first player can be made in the range between 0.1 and 4.0 and performed full mutual

cooperation.
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FIGURE 2.9: Structure of interaction of the second scenario

2.4.3 The third scenario

In this simulation we want to observe the capability of the model by increasing the
number of players. We set the number of players N = {9,16,25,36} and for each
iteration two players will be selected randomly to play the PD game for three times
(Figure 2.10). For each game, selected players update their aspiration and probabilities,
while not selected players will set previous value of their aspiration and probabilities.
Initial aspiration level for each player p;(0) = 1.04+AA with AA =ix0.1,7 € {1,2,..., N}
and habituation for each player h; = 0.01 + AH with AH =i%0.01, 4 € {1,2,..., N}.

The iteration time will be set 5000 and the simulation will be replicate 1000 time under



Chapter 2. Learning to Cooperate in Heterogeneous Agents 21

the same condition. The initial value of w;(0) = 0 and pr;(C,0) = pr;(D,0) = 0.5 Vi for
each simulation.

P

pi(0) = 1.0+ AA with AA =ix0.1,i € {1,2,..., N}
h; =0.01 + AH with AH =i x0.01, i € {1,2,..., N}

random=j |random=k

for each game
-—
update

p;(0) Pr(0)
h; By,

== ==

for each iteration

FIGURE 2.10: Structure of interaction of the third scenario
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FicURE 2.11: Random matching

In random matching structure of interaction, the more players involve in the game, the
hardest cooperative behavior can be achieved. As we can see in Figure 2.11, as the
number of players increase, it is difficult for the players to synchronize their heterogene-
ity. The players interact randomly, therefore, it is difficult for them to synchronize their

learning process.
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FIGURE 2.12: Structure of interaction, (rectangular 3z3)

2.4.4 The forth scenario

In contrast to the third scenario, in this simulation each player has regular interaction
between his/her neighbor. We set a rectangular regular grid with torus. We set 3x3, 4x4,
5x5, and 6x6 dimension and use Von-Neumann 4-Neighborhood. For each iteration, we
select one player randomly and one neighbor will be selected randomly from the selected
player to play the PD game for three times (Figure 2.12). Initial aspiration level p; and
habituation h; for each player will be set as in (3). The iteration time will be set 5000

and the simulation will be replicate 1000 time under the same condition.

Besides that, we change the structure of interaction. We set a circle with N = {9, 16, 25,36}
players or nodes and 4-Neighborhood for each player. For each iteration, we select one
player randomly and one neighbor will be selected randomly from the selected player to
play the PD game for three times (Figure 2.13). Initial aspiration level p; and habitu-
ation h; for each player will be set as in (3). The iteration time will be set 5000 and
the simulation will be replicate 1000 time under the same condition. The initial value
of w;(0) = 0 and pr;(C,0) = pri(D,0) = 0.5 Vi for each simulation.

In contrast to regular interaction, i.e., rectangular grid and circle, the cooperative be-
havior can be achieved by increasing the number of players until 25 (Figure 2.14 and
2.15). The circle structure of interaction perform well in term of speed of convergence.
Moreover, in case of the number of players increase until 36, the circle structure can
achieve about 0.91 of cooperative probability. The model do better to establish full
cooperative behavior if the players can interact regularly. The model can also handle

variety of initial aspiration and parameter habituation in regular interaction.
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2.4.5 The fifth scenario

In this simulation we want to observe a threshold of the number of players for which
the cooperative behavior is maintained. We increase the number of players N =
{9,16,25, ...} until we found the threshold. For each iteration two players will be se-
lected randomly to play the PD game for three times (Figure 2.10). We divided this
scenario to two types. The first type, we use the same initial aspiration for all players,
ie, p;(0) = 2.5 and the same habituation level for all players, i.e., h; = 0.01. The
iteration time will be set 150000 and the simulation will be replicate 1000 time under
the same condition. The initial value of w;(0) = 0 and pr;(C,0) = pr;(D,0) = 0.5 Vi for
each simulation. In the second type, we set the initial aspiration level for each player
pi(0) = 1.0 + AA with AA =ix%0.1, ¢ € {1,2,..., N} and habituation for each player
h; = 0.01 + AH with AH = ¢%0.01, ¢ € {1,2,..., N}. The iteration time will be set
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50000 and the simulation will be replicate 1000 time under the same condition. The

initial value of w;(0) = 0 and pr;(C,0) = pr;(D,0) = 0.5 Vi for each simulation.
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FIGURE 2.16: Same initial aspiration level and habituation

As we can see in Figure 2.16, the threshold is about 40 players. In this case we use

150000 iterations to observe the convergence to the cooperative behavior. As the number

of players increase, the more time is needed to reach the convergence to the cooperative

behavior. However, within 150000 iterations, the threshold is about 40 players. On the

other hand, with different initial aspiration and habituation level the threshold number

is 26 players. Above this threshold the dynamics remind oscillated around 0.72. The

coordination process is hard in this environment compare with the case in which all

players come with same initial aspiration level and habituation.
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2.4.6 Trembling hands process

In this simulation we want to study the robustness of the model where players suffer
from“trembling hands” (Selten, 1975): after having decided which action to undertake,
each player ¢ may select the wrong action with some probability €; > 0 in each iteration.
Initial aspiration level will be set differently and one player has initial aspiration below
the maximin, i.e., p1(0) = 0.8 and p2(0) = 2. Parameter of the habituation h will be
set differently, i.e., hy = 0.1 and ho = 0.3 . We also compare the propose model with
BM model and Eq.(2.4) by using constant learning rate, i.e., 0.1 for the first player and
0.5 for the second player. The iteration time will be set 100 and the simulation will
be replicate 1000 time under the same condition. The initial value of w;(0) = 0 and
pri(C,0) = pri(D,0) = 0.5 Vi for each simulation. We set the ¢; = 0.001

Trembling hands process (0.001)
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FIGURE 2.18: Trembling hands process
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As we can see in Figure 2.17, the proposed model is quite robust to small value of
trembling hand process, i.e., ¢, = 0.001 compare with BM model or the model by using

constant learning rate, i.e., Eq.(2.4).

2.5 Discussion and Conclusion

We have shown the model improve and maintain cooperative behavior in heterogeneous
agents. Varying the learning rate can eliminate the heterogeneity of agents. In this
model, the stimulus is used for condition to update the probability of an action, there-
fore, the effect of aspiration level not directly involve in updating process. This situation
makes the value of probability not fluctuate in case of the players (agents) have habitua-
tion in term of the parameter h. Besides that, the model uses the aggregate value of the
stimulus to vary the learning rate. This process makes proportional updating value of

probability regarding to the aggregate value of the stimulus received by players (agents).

The model also describes a characteristic of learning to reach an optimal outcome. The
agents should slowly increase their learning rate after they receive negative stimulus and
slowly decrease their learning rate after they receive positive stimulus. Therefore, the
process of exploration and exploitation of the available actions can be made balanced

until they found an optimal action.

The model has a threshold about 40 players in which all players have the same initial
aspiration level and habituation. In the case all players have different initial aspiration
level and habituation, the threshold is 26 players. The model improve the coordination
among players. The model is quite robust dealing with the trembling hands process for

small value of probability € > 0.

The structure of interaction can effects dynamic of cooperative behavior by using the
model. The model successfully establishes cooperative behavior in regular interaction in
which all players continuously interact with others. However, the more agents involve in
the game, the more difficult to reach cooperative result. In the simulation, we select one
player randomly and one neighbor will be selected randomly from the selected player to
play the PD game for three times. Therefore, there is a chance for the players will not
be selected if the number of players increases. This is only one possibility based on our

simulation. The future work will be investigated the other possibilities.



Chapter 3

A Mechanism of Sharing
Aspiration to Promote

Cooperative Behavior in a Group

Many experimental studies have been built to investigate social dilemmas. There are
some clues in these studies that can be used to create mechanisms to overcome so-
cial dilemmas. This research deals with a simulation model that uses a mechanism of
sharing aspiration based on some of such clues, i.e., individuals’ expectations, informa-
tion seeking and communication, obtained from previous experimental studies on social
dilemmas. A mechanism of sharing aspiration is combined with a learning process to
promote cooperative behavior in a group. Simulation results show that the mechanism

of sharing aspiration shaped by learning can promote cooperative behavior in a group.

3.1 Social Dilemmas in Psychology View

The tension between individual interests and collective interests is a primary concern in
social dilemmas. Individuals in social dilemmas are better off by contributing nothing or
very little of one’s own resources to the public goods. However, if all group members act
in this way, public goods will not be provided. Also, self-interested individuals can take
advantage of cooperative individuals (the individuals who contribute to the provision of
public goods) (Dawes and Messick, 2000).

Laboratory experimentation has been conducted to investigate this issue. On one hand,
there are some experimental studies related to the role of a leader in a group. The results

suggest that the effectiveness of the leader’s role to improve the cooperative behavior in

27
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a group not only depends on the leader’s characteristics but also depends on individuals
expectations (Cremer and Vugt, 2002; Vugt et al., 2004). On the other hand, information
seeking and communication are also related to solving social dilemmas. Accessibility of
information refers to the individuals’ strategies, that is, people have clear preferences
of particular pieces of information and that information preferences vary systematically
across individuals as a function of their contribution strategies (Kurzban and Descioli,
2008). When the information about aggregated contribution to the public is provided,
the cooperative behavior of individuals would vary from strong co-operators to strong
free riders (Kurzban and Houser, 2001).

The interaction of individual opinions in group discussion can improve the cooperative
behavior (Hopthrow and Hulbert, 2005). This interaction is also known as communi-
cation effect on cooperation (Bicchieri and Lev-On, 2007). As long as communication
persists, cooperation rates are high and stable. Conversely, without communication, co-
operation rates gradually decline. The communication is achieved in subsequent periods,
which allowed the individuals to share information and reach a better understanding of
their tasks (Kerr and Kaufmann-Gilliland, 1994).

As we can see in the above findings of experimental studies on social dilemmas, individ-
uals’ expectations, information, and communication have an important role in order to
spur cooperative behavior in social dilemmas. However, this role also depends on the
way that individuals identify, discuss, and commit to make cooperation possible (Kerr
and Kaufmann-Gilliland, 1994). The identification is related to the way that individuals
perceive others in terms of similarities and closeness. The more similar and closer the
individuals are, the easier the communication happens. The discussion is about the cues
on the character and motives of individuals that are exchanged during the communica-
tion process. If the cues of the character and motives are about “the dilemmas”, the
cooperative behavior could be improved. Conversely, the cooperative behavior could be
decreased if the cues of the character and motives are not about “the dilemmas”. The
commitment is a promise to keep cooperative behavior during the interaction. All these

factors would determine the level of cooperation in the social dilemmas.

In line with laboratory experimentations to investigate the social dilemmas, game theory
has formalized the issue as cooperation problems. The problems are represented as a
mixed-motive two-person game, i.e., prisoner’s dilemma game or n-person game, i.e.,
public goods game. In recent studies, the analysis of the games has been shifted from
high game theory to low game theory. In high game theory the players are modeled as
hyper rational. In low game theory the players are modeled as simple adaptive learners
(Roth and Erev, 1995). The interpretation of the player as a learner has resulted in

a number of learning models such as Bush-Mosteller Stochastic learning model (Bush
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and Mosteller, 1955). This model is also known as reinforcement learning model, which
is designed to capture the “Law of Effect” (Thorndike, 1911). Positive reinforcement
increases the tendency to play an action, while negative reinforcement decreases it.
Positive or negative reinforcement is judged by a cognitive factor to stimulate their
action. The standard cognitive factor is aspiration level. The difference between payoff
and aspiration level will generate a stimulus. This aspiration level is not static but

evolves slowly as a player gains experience.

The variant of this model, i.e., payoff matching model, has successfully described hu-
man behavior in experimental studies of social dilemmas (Roth and Erev, 1995; Erev
and Roth, 1998; Erev and Rapoport, 1998). This model predicts that players will learn
to cooperate depending on the payoff structure. In the theoretical analysis and simula-
tion approach, a large number of researches have been examined to solve the prisoner’s
dilemma game. The results showed that cooperative behavior could emerge and survive
in the long run. However, the emergence of cooperative behavior depends on certain
payoff conditions (Palomino and Vega-Redondo, 1999), sufficiently slow speed of updat-
ing the aspiration level (Bendor et al., 2001a), or a combination of these two factors
Flache and Macy (2002).

Based on the above information, we claim that there are three crucial factors to overcome
social dilemmas, i.e., individuals’ expectation, information and communication. We use
these three factors to develop a mechanism of sharing information, i.e., sharing the level
of aspiration. In a group, people may have different aspirations toward their relationship.
We can consider this aspiration as a goal or an expectation which is what the people are
willing to achieve. We assume the members of the group can interact (communicate)
with each other to share their aspiration level (goal or expectation). The information
that one person would use depends on the closeness of this person to other person. We
adapt a social comparison theory (Festinger, 1954) to build a mechanism for sharing
information. The information that has been received by one person is used to update
his/her aspiration level by comparing with his/her current aspiration level. This concept
reflects a process that involves identification, discussion and commitment within the

interaction.

We combine the sharing aspiration process with the learning process. The discrepancy
between the current payoff and the aspiration level will generate a stimulus, which would
be used to update the probabilities of the actions. We use three models of learning,
i.e., Roth-Erev, Borgers-Sarin, and Satisfying, which are based on stimulus-response
mechanism shaped by a learning force. This situation reflects the fact that people may
learn with different models of learning. Within this framework, we want to promote the

cooperative behavior in a group.
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3.2 Public Goods Game

A conflict situation in a group can be modeled as Prisoner’s Dilemma (PD) game. In
contrast to the more familiar PD game in which the strategy space of each player is
binary (cooperate/defect), the strategy space in-group conflict that we consider here is
discrete. Consider a group consisting of N players. Assume each of the N players has
the same endowment that we denote by e. At each time t, every player is faced with
a decision of allocating a units of his/her endowment. We assume the strategy space
is any discrete number that does not exceed the endowment. This assumption can be
made more general if the strategy space is continuous, i.e. any fraction that does not

exceed the endowment (Anna and Rapoport, 2006).

Let a; be the amount contributed by player i, where a; € A = {0,1,...,e} and let the
total contribution of N players by X = Ef\; 1 a;. The payoff of player i at time ¢ is given
by,

Ri(t) = (e~ ai) + g - (3.1)

Ne

where, g is public good that all of N players generates if each of player contribute
his entire endowment e. The second term in equation (3.1) is equal to zero if each
player contributes nothing, g if each contributes his/her entire endowment e, and some
intermediate value between 0 and ¢ if a; € A\ {0, e}. The game has the PD property if
0 < g < Ne, the equilibrium solutions for player i is to contribute nothing, i.e., a; = 0

(Rapoport and Amaldoss, 1999).

3.3 Aspiration-Based Learning Models

In this section we describe three models of learning based on aspiration. In these mod-
els, players’ behaviors are based on two properties. First, they have a stimulus, i.e., the
discrepancy between payoff and aspiration level which divides outcome into two sub-
sets, i.e., satisfactory and unsatisfactory. Second, players learn via trial-and-error, and
become more inclined to try actions that satisfy their aspiration level and less likely
to try those that do not. Aspiration level is endogenous, i.e., they adjust to a players

experience (payoff).

In this section we described three models of learning based on aspiration. The models use
discrepancy between payoff and aspiration level as a stimulus to update the probability
of an action. Figure 3.1 shows a scheme of the learning models (Flache and Macy, 2002).
A player takes an action based on the probability of the action. Aspiration and the payoff

will generate a stimulus of the action. Positive outcomes increase the probability that
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the associated action will be repeated, while negative outcomes reduce it. In this sense,
the stimulus of a player will encourage him/her to find a “good” action (in this game
is to contribute to public goods). In real life situations, an individual will receive a
stimulus from a discrepancy between achievement (outcome) of his/her works and what
he/she expects from the work (aspiration). However, the real life situations involve a
random exposure to environmental variables and humans are sometimes inertial, i.e.,
they do not invariably adapt or learn as well. To accommodate these circumstances, we
can introduce randomness to extend the models. Thus with probability €;, a player does
not adjust his/her probability in a current period. With probability €2, a player may
not adjust his/her aspiration level and after having decided which action to undertake,
he/she may select the wrong action with probability e3. However, the current research

does not consider this extended model and it will be considered in future research.
Partner’s choice Aspiration

Choice Payoft Stimuli

|

Propensity Outcome

FIGURE 3.1: Schematic of Learning Models

Let, p;(t) denotes the aspiration level for player i at time ¢, let pr;(a,t) be probability
of an action a € A = {0, 1, ...,e} for player 7 at time ¢, and R;(t) be a payoff for player
i at time t. A stimuli associated with payoff R;(¢) and aspiration level p;(t) for taken
an action a € A for player ¢ is S;(t) = R;(t) — pi(t). We described the three learning

models and differences among them as follows.

3.3.1 Roth-Erev Model

In this model, we denote g;(a,t) as the propensity of an action a € A at time ¢. The
propensity to take an action a € A for player ¢ is updated by setting:

if action a was chosen at t,
gi(a,t+1) = max{v, (1 — ¢)qi(a,t) + (1 — €)Si(t)} (32)
otherwise,
gi(a,t+1) = max{v, (1 — ¢)qi(a, t) + eSi(t)} (3.3)

Parameter v > 0 is a technical parameter to ensure that propensities remain positive.
Parameter ¢ slowly reduces the importance of past experience and parameter € prevents

the probability of choosing any action from going to zero. The probability of choosing
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action a € A at time ¢ for player i is proportional to past average propensities,

pri(a,t) = %v@ €A (3.4)

The aspiration level is also linearly adjusted in the direction of outcome experienced,
if Rz(t) < pi<t),

pi(t+1) = (1 —w )pi(t) +w™ Ri(t) (3.5)
if Ri(t) > pi(t),

pit+1) = (1 —wh)p;(t) + w R;(t) (3.6)

The parameters w™ and w™, control the adjustment of the aspiration level following

negative and positive rewards.

3.3.2 Borgers-Sarin Model

The probability of choosing action a € A at time ¢ for player i is given as follows:
If S(t) = 0,

if @ was chosen at t,

pri(a,t +1) = (1 = ASi(t))pri(t) + ASi(t) (3.7)
otherwise,
pri(a,t +1) = (1 — AS;(t))pri(t) (3.8)
If Sl(t) < 0,
if @ was chosen at t,
pri(a,t+1) = (1 4+ AS;(t))pri(t) (3.9)
otherwise,
pri(a,t +1) = (1 + AS;(t))pri(t) — ASi(t) (3.10)

The parameter \ controls the effect of rewards in pr;(a,t+1), and can assume any value
guaranteeing that the absolute value of \S;(t) always lies (strictly) between zero and
one (learning rate). The greater value of A, the faster the adaption. The aspiration level

is also linearly adjusted in the direction of outcome experienced,
pilt+1) = (1 - B)pilt) + BRi(1) (3.11)

where, 0 < 8 < 1.
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3.3.3 Satisfying Model

Each player i will make decision based on following criteria: if R;(t) > p;(t), a;(t+1) =
a;(t), otherwise select an action a € A randomly. The aspiration level is updated as the

convex combination of the old aspiration and the current reward via learning rate A,

pi(t+1) = (1= B)Ri(t) + Bpi(t) (3.12)

3.3.4 Differences of The Three Learning Models

All three learning models use a stimulus, i.e., the discrepancy between payoff and aspi-
ration levels, to determine an action to be chosen. Moreover, the three models also use
the same formulation to update the aspiration level, i.e., linearly adjusted in the direc-
tion of outcome experienced via learning rate. The main difference is the way that a
stimulus is used to determine the action that will be chosen. The Roth-Erev model uses
the stimulus to calculate the propensity of the action and uses this propensity to update
the probability. In the Borgers-Sarin model, the stimulus is used directly to update the
probability of an action and also as the condition to update the probability. In the satis-
fying model, the stimulus is only used as a condition to change the action. This model is
similar to satisfying theories that state that decision makers search for new alternatives
if and only if today’s action is unsatisfactory, i.e., yields a payoff that falls below the
decision maker’s aspiration level (Bendor et al., 2004). On the other hand, Roth-Erev
and Borgers-Sarin models are reinforcement learning models that use a probability of
an action. If such action produces a satisfactory payoff in the current period, then the
player will not decrease his/her probability of that action. Therefore, the state space
of reinforcement learning models is more complex in terms of the probability over all

available actions.

3.4 Mechanism of Sharing Aspiration

The theory of social comparison states that a person tends to make a self-evaluation
based on comparison with other persons. In this situation, the information of others
would determine the behavior of the person in the future. Therefore, the competitive
environment may be occurring in this process and there is a pressure toward uniformity

(Festinger, 1954).

We assume each player updates his/her aspiration level by sharing the information of

other players’ aspiration level and then compares this information with his/her current



Chapter 3. A Mechanism of Sharing Aspiration to Promote Cooperative Behavior in a
Group 34

aspiration level. The sharing process is based on the interaction scheme that is given
in the beginning of the simulation. Within the interaction, a player will obtain the
information about the other players’ aspiration level depending on the closeness of the

player in the given interaction scheme. The closeness is represented by weights.

The model that we purpose assume players can interact each other. Within the interac-
tion, players change information that is their aspiration. Each player interacts randomly
at all time. Let «;(t) be a level of sharing aspiration for player i at time ¢, and let T;
be a set of player that interact with player 7. Let n; be a number of player who interact
with player ¢, and n; be a number of player who interact with player k, we calculate

a;(t) as follow:
ai(t) = wipi(t) + > wrpr(t) (3.13)
kET;

1
1+max{n;,ng}

with distributed algorithm for distributed averaging problem (Xiao and Boyd, 2004),

where, w, = Vk € T; and w; = 1 — wy. Equation (4.27) look similar

but differ in term of what information will be communicated. We explain the model as

b1 D2

FIGURE 3.2: Structure of Interaction at Specific Time ¢

follow: Let at time t the interaction happens as in Figure 3.2.

TABLE 3.1: Matrix Representation of Interaction

P PP P]| P
plol1]lo]1]o
Bl1]lol1]1]o0
plol1]lo]ol1
Ppl1l1lo]olo
rlolol1]o]o

We can describe this interaction in form of matrix as shown in Table 5.1. From Table
5.1 we can count n; Vi € {1,2,3,4,5}, i.e. n1 =2, n2 =3, ng =2, ng =2, and ns = 1.
Level of sharing aspiration for player p; can be calculated as follow: p; interact with po

and py:
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_ 1 1 — 1 1 —1— —1—-(11
W2 = Tmax(za] = 40 W4 = Trmaxqzo) — 30 S0 We get wy =1 (w2 +ws) =1-(5+3)

2. After that we can calculate a(t) = wip1(t) +wopa(t) +wapa(t) = Sp1(t)+ 3p2(t) +
1
304(t)-

We update aspiration level of player ¢ based on a model of learning that player ¢ uses.
Roth-Erev Model:

If oi(t) = pi(2),

pi(t+1) = (1 —wh)a;(t) + w Ri(t) (3.14)
otherwise,
pi(t+1) = (1 —w )pi(t) + w Ri(t) (3.15)
Borgres-Sarin Model:
If a;(t) = pi(t),
pi(t+1) = (1 = Blau(t) + BRi(t) (3.16)
otherwise,
pi(t+1) = (1= B)pi(t) + BRi(t) (3.17)
Satisfying Model:
If a;(t) = pi(t),
pi(t+1) = (1—B)ai(t) + BRi(t) (3.18)
otherwise,
pi(t+1) = (1= B)pi(t) + BRi(t) (3.19)

A player adjusts his/her level of aspiration according to the level of sharing aspiration
(information) that he/she get from interaction, and uses it if the level higher or equal to
his/her aspiration level. It is mean that a player must increases his/her aspiration level

to group’s aspiration level.

3.5 Simulation and Results

In this simulation a set of players play the public goods game and repeat the game for
a number of times. We define a set of players as a group. We do not consider a group
as a dynamic group that involves the process of group formation, group membership,
and group cohesion. We assume each player in a group follows a learning model that is
embedded to him/her without the capacity to interpret what one learns. In this sense,
the players are only aware of what actions are successful (give a satisfaction) through
learning. Under this circumstance, we consider two scenarios. The main purpose of the

first scenario is to compare a group in which players interact with a group in which
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players do not interact. We define the interact group as a group in which the players
share information about their aspiration level through the mechanism of sharing aspira-
tion. Through this mechanism we expect that the players share information about their
aspiration level, which in turn influences their aspiration toward cooperative behavior.
Therefore, we can assert that the mechanism of sharing aspiration spurs cooperative
behavior in interact group under such circumstance. Conversely, non- interact group is
a group in which the players do not share information about their aspiration level. The

scheme of interaction for this setting is given in Figure 3.2.

N = 6
N = 8

> O » ralY
N = 10

N = 6
O - - i
O—CO—C0O
N = 8
- O O—C
N = 10

FIGURE 3.4: Scheme of Interaction for Weak Connectivity

The main purpose of the second scenario is to investigate the effectiveness of sharing
aspiration mechanism in relations with the number of players in a group and the strength
of connectivity. We vary the number of players in a group, i.e., 6, 8, and 10 and two
strengths of connectivity, i.e., strong connectivity and weak connectivity. The scheme
of interaction for strong connectivity and the number of players can be seen in Figure

3.3. Figure 3.4 shows the weak connectivity and the number of players.

Each player in a group has a learning model, i.e., REM stands for Roth-Erev Model,
BSM stands for Borgers-Sarin Model, and SM stands for Satisfying Model. Table 3.2

shows the parameters of the learning models.
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TABLE 3.2: Parameters of Learning Models

REM v=10""°
¢=107°
e=10"°
w~ =0.02
wt =0.01

BSM A=05

B8=h=0.01
SM A =0.99

At each time ¢, each player takes an action depending on the probability of the action.
They will receive a reward from this game. After that, they update the probabilities of
the actions based on their learning model. Finally, they interact to share the aspiration
level (only for interact group) and update their aspiration level (for interact and non-

interact group).

3.5.1 First Scenario

In this simulation we compare interact group with non-interact group. Both groups
consist of N = 5 players. At each time ¢, every player plays the public goods game. We
use endowment e = 2, so that each player can take an action from A = {0, 1,2} and the
public good g = 9.9. This condition satisfies 0 < g < Ne = 10. We set initial value of
gi(a,to) = 1 so that pri(a,ty) = ﬁ = % VYa € A and Vp; € P with LM = REM. We
also set initial value of pri(a,ty) = |—}1| = % Va € A and Vp; € P with LM = BSM, and
pri(a,ty) = ‘—1| =1 Va € Aand Vp; € P with LM = SM to determined R; ().

No information will be shared in non-interact group and the aspiration level will be
updated by using Eq. (3.5) and Eq. (3.6) for REM, Eq. (3.11) for BSM, and Eq. (3.12)
for SM. The information will be shared in interact group by using the mechanism of
sharing aspiration. The aspiration level will be updated by using Eq. (3.14) and Eq.
(3.15) for REM and Eq. (3.16) and Eq. (3.17) for BSM, and Eq. (3.18) and Eq. (3.19)
for SM. We use the scheme of interaction as in Figure 3.2 in this scenario. The initial
value of aspiration level and the learning model of each member in each group can be

seen in Table 3.3.

We set the same initial aspiration level and the same learning models for each member in
each group (for comparison purpose). The parameters of learning models are as shown

in Table 3.2. We run the simulation for 50 trials in 10000 iterations.
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TABLE 3.3: Parameters of the first scenario

Number of players (N) | Public good (g) | Initial aspiration level Learning Model
Interact group (5) g=9.9 5.5;6.5;7.5;8.5;9.5 REM;BSM;SM;REM;BSM
Non-interact group (5) g=99 5.5;6.5;7.5;8.5;9.5 REM;BSM;SM;REM;BSM

Figure 3.5 shows the average reward for each group for 50 trials and 10000 iterations.
The average value of reward in interact group can reach the public goods value, i.e.,
g = 9.9. It means that all players in the group contribute all of their endowment, i.e.,
e = 2. While in non-interact group, the average value of reward is only about 8, lower

than the public goods value.
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F1cUre 3.5: Comparison of Average Reward Between Interact Group and Non- Inter-
act Group
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FIGURE 3.6: The Average of Aspiration Level for Interact Group

Figure 3.6 and Figure 3.7 also confirm this result. Figure 3.6 shows the average value of
aspiration level for each member in interact group, while Figure 3.7 shows the average
value of aspiration level for each member in non-interact group. As we can see in Figure
3.6, the average of aspiration level of all members almost has the same value from the
beginning and converges to the public goods value, i.e., g = 9.9. This condition affects

the behavior of each player in interact group to the cooperative behavior. All members
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FIGURE 3.7: The Average of Aspiration Level for Non-Interact Group

in interact group contribute all of their endowment, i.e., e = 2 so that they get the
reward of 9.9 which is equal to the public goods and his/her aspiration level as well. On
the other hand, the average of aspiration level in non-interact group is not converging
to the same value (Figure 3.7). Each player still has his/her own aspiration level so that
they still have their own value to be contributed to the public goods. No interaction

and communication in this group, so that no information can be shared.

3.5.2 Second Scenario

We use the scheme of interaction as in Figure 3.3 for strong connectivity and as in Figure
3.4 for weak connectivity. The initial value of aspiration level and the learning model of

each member in each group can be seen in Table 3.4.

TABLE 3.4: Parameters of the second scenario

Number of players (N) Public good (g) Initial aspiration level Learning Model
6 g=11.9 0.5:1.5;2.5;3.5;4.5:5.5 REM;BSM;SM:REM;BSM;SM
8 g=15.9 0.5;1.5;2.5;3.5;4.5:5.5:6.5:7.5 REM;BSM;SM;REM;BSM:SM;REM;BSM
10 g =19.9 0.5;1.5;2.5;3.5:4.5:5.5;6.5;7.5:8.5;9.5 | REM;BSM;SM;REM;BSM;SM;REM;BSM;SM;REM

We use endowment e = 2, so that each player can take an action from A = {0, 1,2}.
We set initial value of ¢;(a,tg) = 1 so that pri(a,ty) = i' = % Ya € A and Vp; € P
with LM = REM. We also set initial value of pr;(a,ty) = ﬁ = % Va € A and Vp; € P
with LM = BSM, and pri(a,ty) = ﬁ = % Va € A and Vp; € P with LM = SM to
determined R;(tp). All parameters of the models are shown in Table 3.2. We run the
simulation for 50 trials in 100000 iterations to see the long-term dynamics of the model.

The output of this scenario is the normalized average reward. Values of the normalized
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average reward are in the range 0 and 1. The values close to 1 indicate full cooperative

behavior. This normalization is needed because we have different values of g.
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F1cURE 3.8: The Average of Reward for Strong and Weak Connectivity with Various
Numbers of Players

As we can see in Figure 3.8, the strong connectivity is more quickly to converge to full
cooperative behavior than the weak connectivity. As long as there is a connectivity that
involves all players, the players will get the information that coordinate their strategy.
As we can see in the weak connectivity with N = 6 (Figure 4), the first player can
get the information from the second player, the second player can get the information
from the third player, and so on. Because the connection is in two directions, there is
a chain of information in the long run so that the players can coordinate their strategy.
However, as the number of players increases, i.e., N = 10, full cooperative behavior is

hard to achieve.

3.6 Discussion and Conclusion

Based on the simulation, we found two interesting results. The first one is that with
interaction and sharing aspiration all players can improve their cooperative behaviors in
a group. Players with different initial aspirations and learning models can adjust their
aspirations through interaction and sharing aspiration process. In this situation, a player
compares his/her aspiration with the group’s aspiration level via sharing aspiration
mechanism as long as his/her aspiration is below the group’s aspiration level that he/she
receives. Within this process, a player can share his/her aspiration with whom he/she
interacts. By increasing aspiration of one player, then the aspirations of other players
are also increased. This process makes the aspiration level of all members of the group

converge to the cooperative results, i.e., all players contribute all of their endowment
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to the public goods. This situation is also confirmed by social comparison theory, i.e.,

pressure towards uniformity (Festinger, 1954).

The second result is about the complexity of sharing aspiration in a group. A group
with few numbers of players can improve their cooperative behavior more quickly in
strong connectivity. A player in a group that consists of many players and in the weak
connectivity needs more time to coordinate their action towards a goal. As long as there
is communication (interaction/connectivity) in the group, cooperative behavior can be
maintained. This result is in line with the previous experimental studies (Bicchieri and
Lev-On, 2007; Kerr and Kaufmann-Gilliland, 1994). However, as the number of players

increases, the level of cooperative behavior decreases.

The proposed mechanism of sharing aspiration uses some clues, i.e., individuals expecta-
tion, information, and communication obtained from experimental studies to investigate
peoples behavior in social dilemmas. These three clues are important to spur cooper-
ative behavior in a group Cremer and Vugt (2002); Vugt et al. (2004); Kurzban and
Descioli (2008); Kurzban and Houser (2001); Hopthrow and Hulbert (2005); Bicchieri
and Lev-On (2007); Kerr and Kaufmann-Gilliland (1994). However, in this research
we are also linking this mechanism to aspiration-based reinforcement-learning models
that can make players choose his/her action based on experience, i.e., aspiration level.
As long as the members of the group are allowed to share their aspiration level, the

cooperative behavior can be promoted.

One of the main assumptions of our model is that all players are willing to share their
aspiration through interaction. This assumption is difficult to be fulfilled in reality.
People might not want to share information about their aspiration. Our future research
will investigate how to design a mechanism that can make people willing to share their

aspiration.

The proposed model gives us insight into the aspiration level, which determines the
behavior of the players in a group playing public goods game. However, in future

research we would like to confirm our findings with experiment tests.



Chapter 4

Aspiration-Based Learning to
Balance Exploration and
Exploitation in Organizational

Learning

This chapter considers organizational learning as mutual learning between an organiza-
tion and the individuals working in it. The process of mutual learning has implications
for understanding and managing the trade-off between exploration and exploitation. We
propose an aspiration-based model to balance exploration and exploitation in organi-
zational learning. The model is intended to improve the knowledge achieved by the
members of an organization and the organization itself. In the proposed model, individ-
uals in the organization are allowed to experiment with their believes according to their
aspiration level and are allowed to interact to communicate their aspiration level. Sim-
ulation results show that the model improves the knowledge obtained by the members

of the organization and the organization itself, and is able to deal with open systems.

4.1 The Concept of Mutual Learning in Organizational

Learning

In behavioral studies of organization, organizations are seen as learning by encoding
inference from history into routines that guide behavior (L and JG, 1988; J, 1996; HA,
1991). The routines include forms, rules, procedures, conventions, strategies, and tech-

nologies. Based on these routines organizations are constructed and operated. The

42
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routines also include the structure of beliefs, frameworks, paradigms, codes, cultures,
and knowledge that butters, elaborates, and contradicts the formal routines. Routines
are independent of the individuals who execute them. Routines capture the experiential
lessons of history in a way that makes the lessons accessible to organizations and or-
ganizational members who have not themselves experienced the history (Levinthal and
March, 1993). Through socialization, education, imitation, professionalization, mergers,

and acquisitions the routines are transmitted.

Based on this framework, March has built a model of mutual learning to investigate
exploitation and exploration processes in organizational learning (March, 1991). In his
model, individuals within the organization have diverse sets of beliefs about reality and
the organization has a set of beliefs about reality in terms of organizational code. The
code is continuously changed. This change is based on a group of superior individuals
who have better interpretation about reality. At the same time, the code is socialized
to individuals in the organization and the individuals learn from the code. Therefore,
there is mutual learning between individuals and the organization. He argues that such
mutual learning has implications for understanding and managing the trade-off between
exploration and exploitation. Exploration refers to the search for new possibilities by
creating variety in experience through experimentation and exploitation refers to creat-
ing reliability in experience through refinement. Exploitation yields more certain and
immediate returns, however, it makes the discovery of new possibilities unlikely and can
lead to suboptimal stable equilibrium. On the other hand, exploration can lead to the
good solutions, however, it also causes a degradation of performance in the short run

and greater risk in its process.

March’s model has shown that slow learning in the side of individuals to adapt to the
code improves the knowledge of organization. This adaption process should be followed
by rapidly learning in the side of organization. However, this balancing process does not
reflect reality completely, and therefore, there is some information about the reality that
cannot be captured (or observed) by organization. This situation becomes worse if the
environment is changing and if there is turnover in individuals. In March’s model, the
only source of learning is the organization code and in turn the individuals learn from
the code. The individuals with more knowledge or competence improve the knowledge of
the code. As long as diversity among the individuals knowledge exist, there is a chance
for the code to be improved. However, if the individuals’ knowledge converges to the
organization’s knowledge, the improvement will disappear even though reality has not
been observed completely. Moreover, the single source of knowledge cannot handle the

environmental turbulence and turnover.
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In this research, we propose to use an aspiration-based model to balance exploration and
exploitation in organizational learning. The model is intended to improve the knowledge
achieved by the members of an organization and the organization itself. The individuals
in the organization are allowed to make experimentation or exploration in their beliefs
about reality. This process depends on how individuals’ performance or competence
deviates from their aspiration. The organization also has an aspiration level, by which
the socialization and adapting process of the code is based. Besides that, the individuals
are allowed to interact to share their aspiration. This process is used to make the

aspiration level homogeneous.

4.2 The Aspiration-Based in Organizational Learning

We consider an organization as a complex adaptive system, where individuals interact
with other individuals. The individuals and the organization develop mutual learning (L
et al., 2000; Levinthal and March, 1981; March, 1991). In March’s model, the organiza-
tion stores its knowledge in form of procedures, norms, and rules. They accumulate such
knowledge over time in organizational code, learning from their members. At the same
time, individuals in the organization are socialized to organizational code or organiza-
tional beliefs. The original March’s model consists of the following four key features: (1)
There is an external reality that is independent of beliefs about it. Reality is described
as having m dimensions, each of which has a value of 1 or —1. (2) The organization
consists of n individuals. Each of them and an organizational code holds m beliefs about
the corresponding elements of reality at each time step. Each belief for an individual
has a value of 1, 0, or —1. A value of 0 means that an individual or the organization
is not sure of whether 1 or —1 represents reality. This value may change over time.
(3) Individuals modify their beliefs through socialization with probability p;. (4) At
the same time, with probability ps, the organizational code will be adjusted to conform
to the dominant beliefs within the superior group, i.e., those individuals whose beliefs

correspond with reality on more dimension than does the code.

In the proposed model, we introduce several features of our model. Each individual has
a target or an aspiration level as well as the organization (TK, 1992). The aspiration
level of individuals and the organization is used as a stimulus to change their behavior.

Our model has several features as follows:
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4.2.1 Basic Elements

Like March’s model, we consider reality as having m dimensions, each of which has a
value of 1 or —1. The probability that any one dimension will have a value 1 (or —1)
is 0.5. The organization consists of n individuals. Each of them and an organizational
code holds m beliefs about the corresponding elements of reality at each time step. Each
belief for an individual has a value of 1, 0, or —1. A value of 0 means that an individual

or the organization is not sure of whether 1 or —1 represents reality.

4.2.2 Payoff

The individuals and the organization can observe the performance or knowledge level of
their overall belief set, but they cannot directly observe how each element of the belief
set contributes to this performance. We calculate the performance as the proportion
of reality that is correctly represented in the belief set. Let ¢ (¢iq for individuals and
Corg for organization) be the number of correctly represented reality and nc (nc,q for
individuals and nc,,4 for organization) be the number of not correctly represented reality

for non-zero elements,
IndPer f;(t) = Cind — NCind (4.1)

OrgPerf(t) = corg — NCorg (4.2)

4.2.3 Experimentation Procedure

At each time step, an individual has a chance to change one element (choosing at random)
of his/her belief set. The chance depends on the probability of experimentation. After
that, the individual will get the stimulus S;(t) = IndPerf;(t) — IndAsp;(t), where
IndAsp;(t) is aspiration level of individual 7 at time ¢. This value of stimulus will be
averaging over time. Let wiE (t) be the average value of stimulus for experimentation for
individual 7 at time t and w!¥ ¥ (¢) be the average value of stimulus for not experimentation
for individual 7 at time ¢,

If experimentation:
1
WE(t+1) = () @E () + Si(1) (13)

If not experimentation:

B (1) = () * @NE() + 5:(0) (1.4)

(2
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The strength of reinforcement is determined as follows:

If experimentation:

ewi (t+1)
Bilt) = WP (t+1) | NP (t+1) (4:5)
If not experimentation:
ewi P (t+1)
Bilt) = WP (t+1) | qwNE(t+1) (46)
4.2.4 Updating Probability of Experimentation
The probability of experimentation will be updated as follows:
If Si(t) > 0 and Experimentation
Pri(t+1)=Prf(t) + Bi(t) = (1 — Pri(t)) (4.7)
If S;(t) < 0 and Experimentation
PrE(t+1) = PrE(t) — Bi(t) = PrE(t) (4.8)
If S;(t) > 0 and Not Experimentation
Pri¥Et+1) = PrNE@) + Bi(t) = (1 — PrNP(t)) (4.9)
If S;(t) < 0 and Not Experimentation
PrVE(t 4+1) = PrVE(t) — B;(t) = PrE(t) (4.10)

4.2.5 Updating the Organizational Code

The organizational code adapts to the beliefs of those individuals whose beliefs cor-
respond with reality on more dimensions than does the code. At each time step,
the organization has a chance to change each element of the organization code. The
chance depends on the probability of learning by the code. We define the stimulus
SOT9(t) = AvgAsp®™(t) — OrgAsp(t), where AvgAsp ™ (t) is average of aspiration level
of selected individual at time ¢ and OrgAsp(t) is organization aspiration at time ¢. This

LBC (t)

value of stimulus will be averaging over time. Let w be the average value of stim-

ulus for learning by the code at time t and wVEBC (1)

be the average value of stimulus
for not learning by the code at time ¢ then,

If learning
WOt +1) = (3) ¢ (W) + 8979(1)) (4.11)



Chapter 4. Aspiration-Based Learning to Balance Exploration and Exploitation in
Organizational Learning 47

If not learning;:
1
wNLBC(t + 1) — (2) % (UJNLBC(t) + SOrg(t)) (4‘12)

We define 3979(t) as the strength of reinforcement and is determined as follows:

If learning:

Org €WLBC(t+1)
/8 ( ) = ewLBC(H—l) + ewNLBC(t+1) (4.13)
If not learning:
Org ewNLBc(t—l—l)
BETI(t) = ewEBC (t+41) | owNLBC (t+41) (4.14)

The probability that the beliefs of the code will be adjusted to conform to the dominant
belief within the superior group on any particular dimension is determined as follows:
If SO79(t) > 0 and Learning

PriBC(t 1) = PriBO(t) + gOm9(t) « (1 — PriBC (1)) (4.15)
If SO79(t) < 0 and Learning
PriBO(t+1) = PriBC(t) — gOr9(t) « PriBC(t) (4.16)
If SO79(t) > 0 and Not Learning
PrNLBC (4 1) = PrVEBC (1) + gOm9(1) x (1 — PrVLBC (1)) (4.17)
If S979(t) < 0 and Not Learning
PrNEBO (1 4 1) = PrVEBO (1) — gO79(t) x PrNEBC (1) (4.18)

where PriBC (t+1) is probability of learning by the code and Pr™VEBC (t4-1) is probability
of not learning by the code, and PrBC (¢t 4+ 1) 4 PriBC(t +1) = 1.

The code is updated as follows:

Let 6; be the sum of the individuals’ belief on j dimension for non-zero values, i.e.,
Yoy b;-, where n is the number of individuals in the superior group and b; is the non-
zero value of 4’s individual belief on j dimension, e; — z; (the old belief will be changed),

where z; = 1if §; > 0 and z; = —1if §; < 0. In case of §; = 0 then z; = 0.

4.2.6 Updating the Individuals Beliefs

Individuals modify their beliefs continuously as a consequence of socialization into the
organization code of beliefs. At each time step, the individual has a chance to learn

from the code for each element of his/her belief. The chance depends on the probability
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of learning from the code. We define S¥¥'C(t) = IndPer f;(t) — IndAsp;(t) as stimulus
for learning from the code at time ¢. This value of stimulus will be averaging over time.
Let wXF¢(t) be the average value of stimulus for learning from the code at time ¢ and
wNLBC () be the average value of stimulus for not learning from the code at time ¢ then,

If learning

WEFC(t 4 1) = (3) * (@PFCi(r) + SFPC (1) (4.19)
If not learning:
WEC (1) = (1) * @NEFC(0) + SFO() (4.20)

We define 8-FC(t) as the strength of reinforcement and is determined as follows:

If learning:

Lre ewi FC(t+1)
Bi (t) - ewiLFc(tJrl) N ewZNLFC(t+1) (4'21)
If not learning:
LEC py _ e O 4.22
5 ( ) - ewiLFc(t+1) + ew,vaFc(t+1) ( . )

The probability that the beliefs of the code will be adjusted to conform to the dominant
belief within the superior group on any particular dimension is determined as follows:
If SFFC(t) > 0 and Learning

PrifC 4 1) = PriFC @) + EEC (1) « (1 — Priie(t)) (4.23)
If SFFC(t) < 0 and Learning
PrifC(t +1) = PrifC () — gLEC(t) « PrEfe(t) (4.24)
If Siorg(t) > 0 and Not Learning
PrNLEC(t 4 1) = PrVEEC () 4 BEFC (1) 5 (1 — PrVIFC 1)) (4.25)
If S979(t) < 0 and Not Learning
PrNEFC(t 4 1) = PrNEFO(t) — BEFC(t) « PrVTFC)i(t) (4.26)

where PriFC(t) is probability of learning from the code and PrNLFC(t) is probability

i i
of not learning from the code, and Prif¢(t) + PrNEFC () = 1. If the code is 0 on
the particular dimension, individuals belief is not effected. In each time step in which
the code differs on any particular dimension from the belief of an individual, individual
belief changes to that of the code. In March’s model, he uses a parameter in term of

probability that reflects the effectiveness of socialization, i.e., learning from the code
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(p1). In this research we use the probability of learning from the code of individuals to

determine the effectiveness of socialization.

4.2.7 Updating the Aspiration Level

At the end of each time step, the individuals interact with each other to share their
aspiration level. Each individual interacts randomly at all time. Let «;(¢) be a level
of sharing aspiration for individual ¢ at time ¢, and let T; be a set of individuals that
interact with individual i. Let n; be a number of individuals who interact with individual

i, and ng be a number of individuals who interact with individual k, we calculate a;(t)

as follows:
ai(t) = w; * IndAsp;(t) + Y wy, * Ind Aspy(t) (4.27)
keT;
where, w, = m Vk € T; and w; = 1 — ZkeTi wy. We explain the model as

b1 D2

FIGURE 4.1: Structure of Interaction at Specific Time ¢

follows: At time ¢ the interaction happens as in Figure 4.1.

TABLE 4.1: Matrix Representation of Interaction

PR P
plol 1ol 1t]o
PRl1]lol1]1]o
rlol 1ol ol 1
P11 ool o
oo 1ol o

We can describe this interaction in form of matrix as shown in Table 5.1. From Table
5.1 we can count n; Vi € {1,2,3,4,5}, i.e. n1 =2, n2 =3, ng =2, ng =2, and n5 = 1.
Level of sharing aspiration for individual p; can be calculated as follows: p; interact

with po and pg4:

1 1

1 — — 1y
Trmax(2,3) — 40 W4 = Timax{22) — +3) =

Bl

wy = 1,50 we get wy = 1 — (wa+wy) =1—(
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2. After that we can calculate ay(t) = wy * IndAspi(t) + wa * IndAsps(t) + wy *

IndAsps(t) = & * IndAspy(t) + 1 x IndAsps(t) + § * IndAsps(t).

We update aspiration level of individual i as follows.
If a;(t) > IndAsp;(t),

IndAsp;(t +1) = (1 — h;) * a;(t) + h; x IndPer f;(t) (4.28)
otherwise,
IndAsp;(t +1) = (1 — h;) *x IndAsp;(t) + h; * IndPer f;(t) (4.29)

where h; is habituation parameter for individual i.

An individual adjusts his/her level of aspiration according to the level of sharing aspi-
ration (information) that he/she gets from interaction, and uses it if the level higher or
equal to his/her aspiration level. It means that an individual increases his/her aspiration

level to group’s aspiration level. Organization will update the aspiration level as follows:

OrgAsp;(t+1) = (1 — ho) * OrgAsp;(t) + ho x OrgPer f(t) (4.30)

where ho is habituation parameter for organization.

4.2.8 Environmental Turbulence and Turnover

In this model, we also consider the effect of environmental turbulence. The value of any
given dimension of reality shifts (from 1 to -1 or -1 to 1) with probability p, in a given
time of time step. Turnover is the process of replacing some individuals by some new
individuals in organization. At every time step each individual has a probability, ps, of
leaving the organization and being replaced by a new individual with a set of new beliefs

described by an m-tuple, having values equal to 1, 0, or -1, with equal probabilities.

4.2.9 Simulation Cycle

The time step is set to 800 iterations and will be replicated by 80 runs. Reality is set
to m = 30 dimensions and the number of individuals is set to n = 50. At the start
of each run, every dimension in reality is set randomly to 1 or -1 (m — dimensions).
The organizational code is initially 0, neutral beliefs on all dimensions. The individuals
beliefs is set to 1, 0, or -1 with equal probabilities. The initial aspiration level for each

individual and initial aspiration level of organization is set to a value in range between
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(0,30) randomly. The initial probability of experimentation for each individual is set to

random value between (0, 1).

At each iteration, every individual has a chance to do experimentation and updates
his/her performance, stimulus, average of stimulus, strength of reinforcement, and the
probability of experimentation. The organization updates performance and selects the
individuals to be a superior group. Based on the superior group, the organizational
code will be updated and socialized to the individuals in the organization (updating the
individuals beliefs). The individuals interact to share their aspiration level and update
their aspiration level. The organization is also updated the aspiration level. The main
output of this simulation is an equilibrium. The equilibrium is reached at which all
individuals and the code share the same (not necessarily accurate) belief with respect
to each dimension. The equilibrium is stable. We define the output as the knowledge

level at equilibrium. Output were averaged over 80 runs.

4.3 Simulation and Results

The main part of our model is the existence of the experimentation process and in-
teraction process to share the aspiration level. We would expect that the model can
improve the knowledge level of organization at equilibrium. We conduct two scenarios
in the simulation. The first scenario is the organization as in a closed system. In this
settings, there are no environmental turbulence and turnover. The second scenario is
organization as in an open system. Environmental turbulence and turnover are allowed

in this setting.

4.3.1 First Scenario

We compare the result of our model with the March’s model. Two set of parameters are
used for March’s model, i.e., p; = 0.1;p2 = 0.9 and p; = 0.5;p2 = 0.5. p; is probability
of socialization and py is probability of learning by the code in March’s model. March’s
model has shown the greater knowledge level at equilibrium by using the first set of
parameters (p; = 0.1; p2 = 0.9). As we can see in Figure 4.2, the proposed model achieves
the maximum values. The experimentation or exploration process by the individuals
creates and preserves the variety of knowledge necessary for the organization. This
process will continuously occur as long as the experimentation leads to positive stimulus
for an individual and will stop if the process leads to negative stimulus. Based on the
March’s model, this result is caused by lower learning rate p; = 0.1 and high py = 0.9.

Moreover, in March’s model the source to improve the code is only provided by slow
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learning on the part of individuals that maintain diversity longer. As the individuals’
beliefs converge to the code, there is no source to improve the knowledge for both sides.
In Figure 4.3, we can see the average aspiration of both individuals and organization
converge to the same value, i.e., the optimum value (accurately perceived the reality,
m = 30). It means that the process of learning process and experimental process can be
controlled. This idea is also confirmed by Figure 4.4, as we can see all probabilities goes

to zero, which means the goal of individuals in the organization and the organization

were achieved.
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4.3.2 Second Scenario

In this simulation we consider an open system that involves environmental turbulence
and turnover from individuals in organization. We set environmental turbulence proba-
bility p4 = 0.001 and turnover probability ps = 0.001. We compare the proposed model
to March’s model by using p; = 0.5;p2 = 0.5. According to the proposed model, the
newcomer not only has a new set of beliefs, but also the variable of newcomer is also re-
seted, i.e., aspiration level, probability of experimentation, stimulus, average of stimulus,
and strength of reinforcement. In the Figures 4.5 we can see the proposed model is more
robust than the March’s model in an open systems. The individuals in organization can
adjust their experimental act and the learning processes by their aspiration level and or-
ganization’s aspiration level. This is also shown in Figure 4.6 and Figure 4.7. Although
the individuals are still doing experimentation (small probability of experimentation)
and the individuals in organization and organization is still learning (small probabilities
of learning from the code and learning by the code), this process is controlled by their

aspiration level that already converges to the same value, i.e., optimal value.
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4.4 Discussion and Conclusion

Balancing the process of exploration and exploitation in organizational learning can
be achieved by individuals’ experimentation and interaction to share their aspiration.
The model suggests that exploration process via individuals’ experimentation is allowed
if the individuals feel their performance is not enough in terms of aspiration. As the
individuals feel better with their performance, they will exploit their knowledge and
contribute the knowledge to the organizational code. Because the selection process in
the model is based on the individuals performance, the code will rapidly improve the

performance of the organization.

Variability in beliefs perceived by individuals can be maintained via individuals’ exper-
imentation. Individuals can improve their knowledge. However, this experimentation is

controlled by aspiration levels or individuals’ goal so that they know when to experiment.
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The individuals are rational. They tend to maximize their knowledge by experimenta-
tion (exploration) and by preventing the discarding of beliefs in which individuals have

confidence (exploitation).

At the same time, the individuals in the organization interact with each other to share
their aspiration. This process makes the heterogeneity in aspiration disappear. There is
no inequality of aspiration levels. Each individual knows the other individuals’ aspiration
levels through sharing aspiration process. The model is robust in open systems, where

there is turbulence and turnover. High knowledge level can be maintained.

Based on what we have found here, we can conclude that understanding about individ-
uals’ aspiration is important to balance exploration and exploitation process in organi-
zational learning. Individuals’ experimentation is not a risk as long as the heterogeneity

in individuals’ aspiration level can be eliminated.



Chapter 5

Aspiration-Based Learning in a

Cournot Duopoly Model

This paper explores the implication of aspiration-based learning in a simple Cournot
duopoly model. When the firms know the average industry-wide profit and perceive it
as aspiration level, then the market leads to collusive outcome or collusive equilibrium.
In this sense, all firms have the same reference point, i.e., the average industry-wide
profit as their aspiration level. However, the firms may have their own aspiration level
(e.g., a goal of profit) and will choose their strategy accordingly. Therefore, the firms
will try to reach their own aspiration level. This aspiration level is not static and
the firms will adjust their aspiration level. In this research we consider a market that
consists of several firms with their own aspiration level. We propose an aspiration-based
learning shaped by an information searching mechanism to examine the behavior of the
firms in the market. A firm updates its aspiration level by searching the information
of the other firms’ aspiration level and then compares this information with its current
aspiration level. Based on its aspiration level, the firm will choose the best strategy
through learning. Simulation results show that the learning model and the information
searching mechanism lead the market to competitive outcome, i.e., Nash equilibrium, if
the firms have many strategies even if their initial aspiration level is low. However, if
the firms have fewer strategies and start with high initial aspiration level, then collusive

behavior will occur.

5.1 Investigation of Cournot Duopoly Game

The research on learning and the availability of information in duopoly market have

attracted a great deal of attention. In the experimental research, the main purpose is

56
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to examine the rules of learning on the equilibrium selection in oligopoly or duopoly
market. As in Huck et al. (1999) and Lupi and Sbriglia (2003), the experiments were
designed to test various learning theories in the context of a Cournot oligopoly. They
analyzed the relationship between learning theories and the availability of information.
The results showed that the availability of information and the rule of imitation could
lead to the selection of competitive equilibrium. More information about demand and
cost conditions yields less competitive behavior, while more information about the quan-
tities and profits of other firms yields more competitive behavior. These results are also
in line with Altavilla et al. (2006) and Vega-Redondo (1997) who state that imitation be-
havior will increase the level of competition in the market. However, information on the
industries’ average profitability might induce more collusive outcomes. In this sense, the
firms perceive the industries’ average profitability as aspiration levels. The firms will
try new strategies anytime their profits fall below the industry’s average profitability
(Dixon, 2000; Dixon et al., 2006).

The aspiration learning model that has been analyzed in Oechssler (2002) and Palomino
and Vega-Redondo (1999) is similar to satisfying theories that state that decision makers
search for new alternatives if and only if today’s action is unsatisfactory, i.e., yields a
payoff that falls below the decision maker’s aspiration level (Bendor et al., 2004). These
satisfying theories have been applied as in Altavilla et al. (2006) and Dixon et al. (2006).
The firms adopt a similar rule of behavior by considering the overall average profit as
the individual aspiration level. These researches proved that convergence to collusive
outcomes is likely to be observed in most experimental duopolies. These findings are
also emphasized in Dixon (2000) by using simulation model. However, those researches
assume that all firms have the same aspiration level which is represented by overall
average profit as a reference point. Another assumption is that the information on the

overall average profit is provided.

In this research we build an aspiration-based learning that uses reinforcement theory.
Reinforcement learning model (Bush and Mosteller, 1955) is designed to capture the
“Law of Effect” (Thorndike, 1911) where positive reinforcement increases the tendency
to play an action, and negative reinforcement decreases it. In this sense, there is a
probability of an action and if such action produces a satisfactory payoff in the current
period, then the agent will not decrease his probability on that action. Therefore, the
state space of reinforcement learning models is more complex in terms of the probability

over all available actions.

In contrast to the previous studies, we assume the firms have their own aspiration level
and the firms are encouraged to adjust their aspiration level by comparing with the other

firms. We adapt a social comparison theory from the works of Festinger (1954) to build
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an information searching mechanism. A firm updates its aspiration level by searching the
information of the other firms’ aspiration level and then compares this information with
its current aspiration level. Discrepancy between the aspiration level and the current
profit of the firm will generate a stimulus. The accumulation of stimuli i.e., strength of
reinforcement, will affect the probability of the strategies that will be chosen in the next
step. Through the learning model and the information searching mechanism we want to
examine the behavior of the firms in the market, i.e., competitive behavior or collusive

behavior.

5.1.1 Modeling Framework

The simulation model that we use in this research is inspired by experimental market
in duopoly or laboratory duopoly markets (Dixon et al., 2006). In this laboratory
duopoly markets, the experimental subjects were told that the experiment was divided
into “days”. At the beginning of each day, each subject had to choose his/her strategy for
that days trading. The strategies set is the amount of quantity to be produced. During
the day, each participant meets all of the other participants, and in each encounter
his chosen trading strategy plays against the strategy chosen by the person he/she is
playing against (play the Cournot duopoly game). Thus, if there are four experimental
subjects, each one meets with the other three every day. At the end of the day, his/her
earned profits as the total accumulated one throughout the day. We mimic this process
to conduct the simulation model by using the Holt’s experiment of duopoly model to
represents the model of duopoly game (section 2). After that, we follow the same
setting of experimental laboratory duopoly markets. We assume the strategies set is
given and the total profit for a firm after meeting all the other firms is given in section
3. Within this setting, we can calculate payoff matrix or total profit for all combination
of strategies. This model is similar with Dixon (2000). He considers an “economy”
composed by several duopoly markets, where firms are matched to play a Cournot
duopoly game. He uses the discrete time version of replicator dynamics to analysis

competition and the evolution of collusion.

According to our model, the firms only have the strategies as decision variable. The
market is quite simple which only involved the interaction among firms. There are no
consumers involved in this model. We can consider the model as the game theory model
(e.g., two-persons Prisoners Dilemma game), consists of players (the firms), a set of

strategies (the amount of quantity) and the payoff (the total profit).

The main purpose of the experimental research in duopoly market is to investigate

the impact of learning process and availability of information on equilibrium selection
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in the market. Besides, the investigation of firms’ behavior or individuals’ behavior
to play a duopoly game is important in behavioral economics. Therefore, it is inline
with the purpose of our research. We mimic the laboratory duopoly markets setting
to our simulation model. We develop a new method of learning based on aspiration
level and a new information searching mechanism to investigate equilibrium selection
in the market. We use repeated game theory approach by using a Cournot duopoly
game to see long-term dynamics of equilibrium selection in the market. The long-term
dynamics of equilibrium selection is hard to achieve in experimental research due to time
limitation and condition of the subjects. We propose the simulation model to handle
this disadvantage. In this sense, we use our simulation model as a laboratory duopoly

markets.

5.2 The Standard Cournot Model

In this paper we consider a standard symmetric Cournot duopoly (see Kimbrough and
Lu, 2003). There are two firms producing the same homogeneous commodity. The
only decision variable for firm ¢ is the quantity ¢; to be produced. The inverse demand

function is

P(Q) = a+bQ (5.1)

where @) is the total quantity of the two firms i.e., Q = ¢1 + ¢2, a > 0 and b < 0. The

total cost of firm ¢ to produce quantity g; is

Ci(gi) = cqi (5.2)

In equation (5.2), there are no fixed costs and the marginal cost is constant at c¢. Given

the market price P, the profit m; for a firm is computed as follows:
T, = Pqi - Cl (53)

We used Holt’s experiment parameter i.e., a = 12, b = —1/2 and the variable costs are
zero (¢ = 0). With this assumption there are three theoretical benchmarks as stated in
Holt (1985), and the profit for a firms is:

mi = (12 - 1/2Q)a; (5.4)

The first theoretical benchmark is Nash-equilibrium (NE) where each firm chooses the
quantity that maximizes its profit given by the quantity of the other firm. The second

benchmark is collusive equilibrium (CE) where all competitors act as if they were a single
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monopolist to maximize their joint profits. The third benchmark is the competitive
outcome (CO) where firms maximize their profits given the market-clearing price. At

these benchmarks, the quantity and profit are given as follows:

q1 = q2 = 8 and m = o = 32 for NE (5.5)
¢1 =¢q2 =6 and m = m = 36 for CE (5.6)
g1 = g2 = 12 and m = w3 = 0 for CO (5.7)

In the collusive equilibrium of a Cournot model, firms have an incentive to increase
their quantity. The increase in quantity will bring more profit despite the fact that such

increase drives down the market-clearing price.

5.3 Aspiration-Based Learning Model

We consider a market that consists of NV firms. At each time ¢ each firm meets all of the
other firms to play a Cournot duopoly game. The firms choose a strategy (or quantity)
from strategies space QS = {1,...,n} as an integer number. The total profit for firm 4

at time t after meeting all of the other firms is:

mi(t) = 1 (12— 1/2(ai(0) + 45(0))ai(1) (58)
i#]

Let p;(t) be the aspiration level for firm ¢ at time ¢ and let pr;(q,t) be the probability
of a strategy g € QS = {1,...,n} for firm ¢ at time ¢. A stimulus associated with total
profit m;(¢) and aspiration level p;(t) for taking a strategy ¢ € QS for player i is,

Si(t) = mi(t) — pi(t) (5.9)

Our proposed model can be described as follows: during the game each firm will accu-
mulate the value of stimulus it receives by playing a strategy g € Q5. This accumulated
value will be averaged by time. After that, the average value of accumulated stimulus
will pass a response function to determine the value of 3;(t) or strength of reinforcement
to update the probability. Let w;(g,t) be the total average of stimulus of strategy ¢ at

time t for firm i:

(5.10)

, _ Hwilg,t — 1) + Si(t)] if ¢ is chosen
wi(g,t) =

wi(g,t—1) otherwise
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The value of 5;(t) will be updated according to:

i(l) = =
B ( ) ZTEQS ewi (T,t)

if ¢ is chosen (5.11)

By using the above updating function for j;(t), the value of j;(¢) can be guaranteed in
(0,1].

Updated by using
Eq.{19] or Eq. (20)

|

pri(q.t) 2:(t)
pr; (g, t) ————% Choice » T (t) l > 5i(t)=m;(t) —p;(t)
o lq.L} 1
ﬁi{t):z gilTt) < Cr..l,-{q, tj = E [mi(qr t— 1) +Siitj]
TEQS

FI1GURE 5.1: Schematic of the aspiration-based learning shaped by information search-
ing mechanism.

Figure 5.1 shows a schematic of the model for firm ¢ and ¢ # j. Updating rules for
aspiration level will be discussed in next section, i.e., equation (5.19) and equation
(5.20) in Fig. 5.1.

The probability for a strategy will be updated as follows:

it Si(1) > 0
pri(g,t+1) = { (1+ fi(®)pri(g,?) if ¢ is chosen (5.12)
(1= Bi(t))pri(g,t) otherwise
if Sz(t) <0
pri(q,t) — Bi(t)(1 — pri(q,t)) if ¢ is chosen
i(g,t+1) = . 5.13
prelg,t+1) { ’?{Etl) + (1 = Bi(t))pri(q,t) otherwise ( )

In this learning model, the value of aspiration level is not static. A firm updates its
aspiration level based on the information it gets through interaction and then linearly

adjusted in the direction of outcome (total profit) experienced.
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5.4 Information Searching Mechanism

The theory of social comparison states that a person tends to make self-evaluation based
on comparison with other persons. In this situation, the information of others would
determine the behavior of the person in future. Therefore, a competitive environment
may occur in this process and there is a pressure toward uniformity as stated by Festinger
(1954).

In this paper, we assume each firm updates its aspiration level by searching the infor-
mation of the other firms’ aspiration level and then compares this information with its
current aspiration level. The searching process is based on the interaction scheme that
is given in the beginning of simulation. Within the interaction, a firm will obtain the
information about other firms’ aspiration level depending on the closeness of the firm in

the given interaction scheme. The closeness is represented by weights.

Let «;(t) be a level of information that will be received for a firm 7 at time ¢, and let
T; be a set of firms that interact with firm ¢. Let n; be a number of firms who interact

with firm ¢, and ny be a number of firms who interact with firm k. We calculate o;(t)

as follows:
a;(t) = wipi(t) + Z wrpr(t) (5.14)
keT;
where, wg = m VkeT;and w; =1— ZkeTi wg. wy is a set of the weights that

represented the closeness of a firm ¢ in the given scheme. Equation (5.14) looks similar
with distributed algorithm for distributed averaging problem (see Xiao and Boyd, 2004),
but differs in term of what information will be communicated. We explain the model as

follows:

Suppose the scheme of interaction is given in the beginning of simulation as shown in
Fig. 5.2.

We can describe this interaction in form of matrix as shown in Table 5.1. The value of

TABLE 5.1: Matrix representation of interaction

Bl R[R[R]F
BRlol 1ol 1o
BEli1loll1]1]o
BElol 1ol o1
El1] 1ol ol o
Elololl1]olo

an entity F;; = 1 if there is a connection between firm ¢ and firm j, otherwise Fj; = 0.
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FIGURE 5.2: Scheme of interaction.

From Table 5.1 we can count n; Vi € {1,2,3,4,5}, i.e. ng =2, ng =3, n3 =2, ng = 2,
and ns = 1. Level of aspiration information for firm F; can be calculated as follows: Fj

interact with Fs and Fj so that,

_ ! 1 (5.15)
2T T max{2,3} 4 '
1 1
S 5.16
T T max{2,2) 3 (5.16)
so we get,
() =1- (D=2 (5.17)
el = R T T T '
After that we can calculate,
5 1 1
a1(t) = wipr(t) +w2pa(t) + wapa(t) = 75p1(8) + 7 p2(t) + 5 pa(t) (5.18)

As we can see, firm [} will get the aspiration information of firm F5 and Fy with different
weight. We update aspiration level of firm ¢ as follows:
if ai(t) > pi(t)

pi(t+1) = (1= hy)a;(t) + him;(t) (5.19)

if Oéi(t) < pi(t)
pi(t +1) = (1 — hy)pi(t) + himi(t) (5.20)
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The formulations state that a firm adjusts its level of aspiration by comparing its level
of aspiration with the level of information that it gets from interaction, and uses it if
the level is higher or equal to its aspiration level. Parameter h; is habituation for firm
i, i.e., the degree to which the aspiration level floats toward the reward or total profit
m;(t) . If h; = 0, then the second term in equation (5.19) and equation (5.20) will equal
to zero. The firm ¢ will update its aspiration level to the value of aspiration information
it received, i.e., p;(t+1) = a;(t) in equation (5.19) or to the value of previous aspiration
level, i.e., pj(t+1) = p;(t) in equation (5.20). On the other hand, if h; = 1, then the first
term in equation (5.19) and equation (5.20) will equal to zero. The firm ¢ will update its
aspiration level to the value of reward (total profit) it received, i.e., p;(t+1) = m;(t). This
situation is similar to the situation in which no interaction, i.e., o;(t) = 0 in equation
(5.19). If the scheme of interaction is fully connected, the value of a;(t) will be similar

to the average of aspiration level in the market.

By using equation (5.19) and equation (5.20) to update the aspiration level, we can
see Fig. 5.1 as a complete model used in this research. The aspiration-based learning
shaped by information searching mechanism is a learning process in which the firms
update their aspiration level by comparing their aspiration level with the information of
the other firms’ aspiration level and then use the average value of accumulated stimulus

as a strength of reinforcement to update the probability of strategies.

5.5 Simulation and Results

The main objective of the proposed model is to examine the relationship among initial
aspiration level, interaction scheme, and the number of available strategies in order to
reach an equilibrium, i.e., Nash or collusive equilibrium. We divide the initial aspiration
into two categories. The first category is low initial aspiration level and the second is
high initial aspiration level. Low initial aspiration level is the value of aspiration level
which is lower than the profit of Nash equilibrium, i.e., piow < 7VF = 32, and high
initial aspiration level is the value of aspiration level which is higher than the profit of
collusive equilibrium, i.e., ppign > 7CF = 36. We also divide the interaction scheme into
two categories, i.e., fully connected scheme and not fully connected scheme as described
in Fig. 5.3 and in Fig. 5.4.

We consider a universal set of strategies as QS = {1, 2, ..., 12} which represent quantities
to be produced by firm ¢. However, in this simulation we use two sets of strategies.
The first set is the larger number of quantity, i.e., @S7 = {6,7,8,9,10,11,12}, we
called it high quantity strategies. The second set is the benchmark strategies, i.e.,

QS3 = {6,8,12}, ¢“F = 6 for collusive strategy, ¢ = 8 for Nash strategy, and
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FIGURE 5.4: Not fully connected scheme.
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q©© = 12 for competitive strategy. We do not include the smaller number of quantities,

ie., QSL = {1,2,3,4,5} because they give the same profit if both firms play the same
strategy as we can see in Table 5.2. For example, if both firms play a strategy ¢1 = ¢o = 4,

TABLE 5.2: Symmetric profit (¢1 = g2)

QS(Strategies/Quantities) | m; = (12— 1/2(q1 + q2)q;)
1 symmetry with 11 11
2 symmetry with 10 20
3 symmetry with 9 27
4 symmetry with 8 32
5 symmetry with 7 35

then they will get a profit m; = my = 32, and this result is the same if both firms play
a strategy q1 = g2 = 8, they will get a profit m; = mo = 32 as well. Because the main
objective in this research is to examine the convergence to an equilibrium, we avoid the
ambiguity. We choose the high quantity strategies which also include the strategies of

the benchmark case.

The simulation will involve N = 4 firms. At each time ¢ each firm meets all of other
firms to play a Cournot duopoly game and the total reward or total profit is given in
equation (5.8). We divide the simulation into two scenarios. In the first scenario we use
the high quantity strategies, i.e., QS7 = {6,7,8,9,10, 11,12} and in the second scenario
we use the benchmark strategies, i.e., QS3 = {6,8,12}. In each scenario we examine

four conditions as follows:

1 . Fully connected vs. low initial aspiration level
2 . Fully connected vs. high initial aspiration level
3 . Not fully connected vs. low initial aspiration level

4 . Not fully connected vs. high initial aspiration level

5.5.1 The first scenario: High quantity strategies

In this simulation we want to show the capability of the proposed model in the circum-
stance that involve many strategies. The strategies space are QS7 = {6,7,8,9,10, 11, 12}.
We set the number of firms to N = 4. To investigate long-term dynamics of the simu-
lation, we set the number of iterations to 5 * 10° and run the simulation for 50 times.
There are three outputs we want to show, i.e., the average profit in the market, the av-
erage aspiration level for all firms, and the average probabilities of the strategies. These

output were averaging within 50 numbers of running.
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5.5.1.1 Fully connected vs.

strategies

low initial aspiration level in high quantity

We use scheme of interaction as described in Fig. 5.3. The initial aspiration level for
each firm is {p1(0) = 25, p2(0) = 27, p3(0) = 29, p4(0) = 31}, all the initial aspiration
level is lower than the profit of Nash equilibrium, i.e., p;(0) < 7N = 32 Vi € {1,2,3,4}.
We also set the habituation h; = hy = hg = hg = 4 %« 10~%. The initial probability
is pri(q,0) = pra(q,0) = prs(q,0) = pra(q,0) = %, Vq € QS7, and the initial of the
total average of stimulus of strategy ¢ is wi(g,0) = wa(q,0) = w3(q,0) = w4(q,0) = 0,

Vg € QST.

Within these conditions the market converges to Nash equilibrium. The overall average

NE — 39 as we can see in

aspiration level goes to the Nash equilibrium profit, i.e., 7
Fig. 5.5(a).

equilibrium profit, i.e., #V¥ = 32. All firms tend to achieve their goal (aspiration level).

Also, Fig. 5.5(b) shows that the overall average profit goes to the Nash

Figure 5.5(c) emphasizes the results. All firms converge to Nash strategy, i.e., ¢V¥ = 8,
the probability of this strategy goes to 1. The convergence time is around 3.1 % 10°
and all firms learn to use the best reply strategy that leads the market to the Nash

equilibrium.
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5.5.1.2 Fully connected vs. high initial aspiration level in high quantity

strategies

We use scheme of interaction as described in Fig. 5.3. The initial aspiration level for each
firm is {p1(0) = 40, p2(0) = 42, p3(0) = 45, p4(0) = 47}, all the initial aspiration level is
higher than the profit of collusive equilibrium, i.e., p;(0) > 7¢F = 36 Vi € {1,2,3,4}.
We also set the habituation h; = hy = hg = hg = 4 %« 10~%. The initial probability
is pri(q,0) = pra(q,0) = prs(q,0) = pra(q,0) = %, Yq € QS7, and the initial of the
total average of stimulus of strategy ¢ is wi(g,0) = wa(q,0) = w3(q,0) = w4(q,0) = 0,
Vg € QST.
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FIGURE 5.6: The outputs of fully connected vs. high initial aspiration level in high
quantity strategies

In the fully connected scheme with high initial aspiration level the market also converges
to the Nash equilibrium as shown in Fig. 5.6(a), Fig. 5.6(b), and Fig. 5.6(c). All firms
learn to use the best reply strategy that leads the market to the Nash equilibrium.
However, the convergence time (around 2.5 * 10°) is more quickly than fully connected
scheme with low initial aspiration level (around 3.1 * 10°). The firms take a long time
to coordinate their aspiration level to reach the NE if they start with low aspiration
level, i.e., below the Nash equilibrium profit 7V¥ = 32. There is no different result
between low and high initial aspiration level in fully connected scheme except the time

to converge.



Chapter 5. Aspiration-Based Learning in a Cournot Duopoly Model 69

5.5.1.3 Not fully connected vs. low initial aspiration level in high quantity

strategies

In this scenario we use scheme of interaction as described in Fig. 5.4. The initial
aspiration level for each firm is {p1(0) = 25, p2(0) = 27, p3(0) = 29, p4(0) = 31}, all the
initial aspiration level is lower than the profit of Nash equilibrium, i.e., p;(0) < 7VF = 32
Vi € {1,2,3,4}. We also set the habituation h; = hy = hz = hy = 4 * 10~*. The initial
probability is pri(q,0) = pra(q,0) = pr3(q,0) = pra(q,0) = %, Vq € QS7, and the initial
of the total average of stimulus of strategy ¢ is wi(q,0) = wa(q,0) = w3(q,0) = wq(q,0) =
0, Vq € QST.
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FIGURE 5.7: The outputs of not fully connected vs. low initial aspiration level in high
quantity strategies

In the not fully connected scheme with low initial aspiration level the market also con-
verges to the Nash equilibrium as shown in Fig. 5.7(a), Fig. 5.7(b), and Fig. 5.7(c).
The convergence time is around 3.5% 10%. Low initial aspiration level tends to take more
time to reach the convergency to NE. The convergence time is almost similar with fully

connected scheme with low initial aspiration (around 3.1 % 10).
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5.5.1.4 Not fully connected vs. high initial aspiration level in high quantity

strategies

In this scenario we use scheme of interaction as described in Fig. 5.4. The initial
aspiration level for each firm is {p1(0) = 40, p2(0) = 42, p3(0) = 45, p4(0) = 47}, all
the initial aspiration level is higher than the profit of collusive equilibrium, i.e., p;(0) >
7¢F =36 Vi € {1,2,3,4}. We also set the habituation hy = hy = hz = hg = 4 % 1074
The initial probability is pri(q,0) = pra(q,0) = prs(q,0) = pra(q,0) = %, Vg € QS7, and
the initial of the total average of stimulus of strategy ¢ is wi(q,0) = wa(q,0) = w3(q,0) =
wq(q,0) =0, Vg € QST.
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FI1GURE 5.8: The outputs of not fully connected vs. high initial aspiration level in high
quantity strategies

In the not fully connected scheme with high initial aspiration level the market converges
to the Nash equilibrium as shown in Fig. 5.8(a), Fig. 5.8(b), and Fig. 5.8(c). All
firms learn to use the best reply strategy that leads the market to the Nash equilibrium.
The convergence time is around 2.7 * 10% which is almost similar with the convergence
time for fully connected scheme with high initial aspiration level (around 2.5 % 105), but
quicker than fully connected scheme with low initial aspiration level (around 3.1 % 10).
High initial aspiration level can accelerate the convergence time more quickly compare

with low initial aspiration level.
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5.5.2 The second scenario: Benchmark strategies

In this scenario we want to examine a circumstance in which the strategies space QQS3
consists only of the benchmark strategies, i.e., @S3 = {6,8,12}. The number of firms
are N = 4. We set the number of iterations to 8 * 10* and run the simulation for 50
times. There are three outputs we want to show, i.e., the average profit in the market,
the average aspiration level for all firms, and the average probabilities of the strategies.

These output were averaging within 50 numbers of running.

5.5.2.1 Fully connected vs. low initial aspiration level in benchmark strate-

gies

We use scheme of interaction as described in Fig. 5.3. The initial aspiration level for
each firm is {p1(0) = 25, p2(0) = 27, p3(0) = 29, p4(0) = 31}, all the initial aspiration
level is lower than the profit of Nash equilibrium, i.e., p;(0) < 7#VF =32 Vi € {1,2,3,4}.
We also set the habituation h; = hy = hg = hy = 5% 107°. The initial probability
is pri(q,0) = pra(q,0) = prs(q,0) = pra(q,0) = %, Vg € QS3, and the initial of the
total average of stimulus of strategy ¢ is wi(g,0) = wa(q,0) = w3(q,0) = w4(q,0) = 0,
Vq € QS3.
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There are two states of convergence in the fully connected scheme with low initial aspi-
ration level, i.e., NE and CE. The proportion of the convergence is 64% for CE and 36%
for NE. It means that in 50 numbers of running there are 32 times converge to CE and
18 times converge to NE. We can refer to this situation by looking at the dynamics of
average probability in Fig. 5.9(c). The typical behavior of this result can be explained
as follows. If a firm chooses Nash strategy (¢VF = 8), then the firm will get a profit
7NE = 32 (higher than its aspiration level) and will be satisfied with this strategy (in-
crease the probability). If this strategy prevails, then in the long-run the firm will settle
at this strategy. Also, if a firm chooses collusive strategy (¢©F = 6), then the firm will
get a profit 7¢F = 36 (higher than its aspiration level) and will be satisfied with this
strategy (increase the probability) as well. If this strategy prevails, then in the long-run
the firm will settle at this strategy. The competitive strategy ¢“© = 12 will have a
small chance to be chosen because this strategy will give zero profit (7TCO = 0) for both

NE and 7nCF at

firms. As we can also see in Fig. 5.9(a), the aspiration level is below 7
the beginning. If in the future the firms coordinate their strategies to ¢¥ = 8, each
firm will get 7VF = 32. This value is higher than its aspiration level so that the firm
satisfies with this state, i.e., converges to NE. On the other hand, if in the future the
firms coordinate their strategies to ¢¢F = 6, each firm will get 7F = 36. This value is
also higher than its aspiration level so that the firm satisfies with this state, i.e, converge
to CE. Therefore, we can see in Fig. 5.9(a) the overall average of aspiration level lies

between NE and CE.

5.5.2.2 Fully connected vs. high initial aspiration level in benchmark strate-

gies

We use scheme of interaction as described in Fig. 5.3. The initial aspiration level for each
firm is {p1(0) = 40, p2(0) = 42, p3(0) = 45, p4(0) = 47}, all the initial aspiration level is
higher than the profit of collusive equilibrium, i.e., p;(0) > 7¢F = 36 Vi € {1,2,3,4}.
We also set the habituation h; = hy = hg = hy = 5% 107°. The initial probability
is pri(q,0) = pra(q,0) = prs(q,0) = pra(q,0) = %, Vq € QS3, and the initial of the
total average of stimulus of strategy ¢ is wi(g,0) = wa(q,0) = w3(q,0) = w4(q,0) = 0,
Vq € QS3.

The market converges to CE in the fully connected scheme with high initial aspiration
level. We can refer to this situation in Fig. 5.10(c) in which the probability for collusive

CE — ¢ goes to 1. As we can also see in Fig. 5.10(a), the aspiration

strategy, i.e., ¢q
level is higher than 7#¢F = 36 at the beginning. In the future the firms coordinate
their strategies to ¢ = 6 and get 7¢F = 36. If at one time some firms change their

strategy to the other strategies (i.e., Nash strategy (¢/V¥ = 8) with profit 7V = 32 or
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FIGURE 5.10: The outputs of fully connected vs. high initial aspiration level in bench-
mark strategies

competitive strategy (qCO = 12) with profit 7C0 = 0), they will get profit that is lower
than 7¢F = 36. Hence the firms will not be satisfied (decrease the probability). The
firms should choose ¢“F = 6 again and settle in this state. Also, we can see in Fig.

5.10(b) the firms’ profit converge to 7% = 36.

5.5.2.3 Not fully connected vs. low initial aspiration level in benchmark

strategies

In this scenario we use scheme of interaction as described in Fig. 5.4. The initial
aspiration level for each firm is {p1(0) = 25, p2(0) = 27, p3(0) = 29, p4(0) = 31}, all the
initial aspiration level is lower than the profit of Nash equilibrium, i.e., p;(0) < 7NF = 32
Vi € {1,2,3,4}. We also set the habituation hy = hg = hg = hy = 5% 107°. The initial
probability is pri(q,0) = pra(q,0) = pr3(q,0) = pra(q,0) = %, Vq € QS3, and the initial
of the total average of stimulus of strategy ¢ is wi(q,0) = wa(q,0) = w3(q,0) = wy(q,0) =
0, Vg € QS3.

The results are similar to the fully connected scheme with low initial aspiration level. We
can refer to Fig. 5.11(a), Fig. 5.11(b), and Fig. 5.11(c). If the firms’ initial aspiration
value is below the 7/V¥ = 32, then the proportion of the convergence is 66% for CE and
34% for NE. It means that in 50 numbers of running there are 33 times converge to CE

and 17 times converge to NE. We can refer to this situation by looking at the dynamics
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FIGURE 5.11: The outputs of not fully connected vs. low initial aspiration level in
benchmark strategies

of average probability in Fig. 5.11(c). Typical behavior of this result is similar with
fully connected vs. low initial aspiration level in subsection 5.2.1. Interaction scheme

does not affect the market in low initial aspiration level.

5.5.2.4 Not fully connected vs. high initial aspiration level in benchmark

strategies

In this scenario we use scheme of interaction as described in Fig. 5.4. The initial
aspiration level for each firm is {p1(0) = 40, p2(0) = 42, p3(0) = 45, p4(0) = 47}, all
the initial aspiration level is higher than the profit of collusive equilibrium, i.e., p;(0) >
7¢F =36 Vi € {1,2,3,4}. We also set the habituation h; = hy = hg = hy = 5% 1072,
The initial probability is pri(q,0) = pra(q,0) = prs(q,0) = pra(q,0) = %, Vq € QS3, and
the initial of the total average of stimulus of strategy ¢ is w1(q,0) = wa(q,0) = ws(q,0) =
w4(q,0) =0, Vg € QS3.

The results are similar to the fully connected scheme with high initial aspiration level.
We can refer to Fig. 5.12(a), Fig. 5.12(b), and Fig. 5.12(c). High initial aspiration level

is needed to reach the 7% = 36 and interaction scheme does not effect the market.
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FIGURE 5.12: The outputs of not fully connected vs. high initial aspiration level in
benchmark strategies

5.6 Conclusion

We have shown that the proposed aspiration-based learning shaped by an information
searching mechanism lead the market consisting of 4 firms to two equilibrium states,
i.e., Nash equilibrium and collusive equilibrium. The Nash equilibrium is achieved in
the competitive environment that is represented by having many strategies available
to the firms. The convergence is not affected either by initial aspiration level (high or
low) or the scheme of interaction (fully connected or not fully connected). However,
the convergence time is more quickly to achieve in fully connected scheme with high
initial aspiration level. The behavior of the firms is more competitive if they have many

strategies.

This result is different from previous studies (see Altavilla et al., 2006; Dixon, 2000;
Dixon et al., 2006) that assume all firms have the same aspiration level which is rep-
resented by overall average profit as a reference point. In these previous studies, the
firms will try new strategies anytime their profits fall below the overall average profit
(their aspiration level). Within this process they found that collusive behavior is likely
to be observed in experimental duopolies (Altavilla et al., 2006; Dixon et al., 2006) and
in the simulate duopolies (Dixon, 2000). The use of overall average profit as a reference
point (aspiration level) to all firms tends to stimulate collusive behavior than the use

of individual aspiration level (each firm has its own aspiration level). The reason for
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this result is that a firm compares its goal (aspiration level) to all of its competitors
and adjust its goal (aspiration level) based on this comparison. This process is quite
similar to imitation process in the long term in which the firms imitate the aspiration
level. The imitation behavior has been proved to increase the level of competition in the
market (Huck et al., 1999; Vega-Redondo, 1997). Besides, the proposed learning model
is built based on the reinforcement theory. Within this reinforcement process, the state
space is more complex in terms of the probability over all available actions compare to
satisfying theories. Therefore, the competitive behavior also increases if the firms have

many strategies.

However, the Collusive equilibrium can be achieved if the firms have only three strategies.
The initial aspiration level is crucial to reach CE. The initial aspiration level must be
higher than 7¢F = 36. With the higher initial aspiration level, at the beginning of each
iteration, each firm experiments all strategies. If a firm chooses a strategy that give the
firm a profit lower than 7¢F = 36 (i.e., Nash strategy (¢/V¥ = 8) with profit V¥ = 32
or Competitive strategy (¢¢© = 12) with profit 7 = 0), then the firm will not be
satisfied. This strategy will not be favorable in the future (decrease the probability)
and the firm will choose another strategy (i.e., Collusive strategy (¢“F = 6) with profit
7V = 36). In the long-run the firm will settle at ¢“F = 6 and get profit 7¢F = 36.

On the other hand, if the firms start with lower aspiration level, i.e., lower than 7/VF =

32, the experimentation can lead the firms to two states of convergence, i.e., NE or CE.
If a firm chooses Nash strategy (¢’V¥ = 8), then the firm will get a profit 7V = 32
(higher than its aspiration level) and will be satisfied with this strategy (increase the
probability). If this strategy prevails, then in the long-run the firm will settle at this

strategy. Also, if a firm chooses collusive strategy (¢“F = 6)

, then the firm will get a
profit 7¢F = 36 (higher than its aspiration level) and will be satisfied with this strategy
(increase the probability) as well. If this strategy prevails, then in the long-run the firm
will settle at this strategy. The competitive strategy ¢¢“© = 12 will have a small chance
to be chosen because this strategy will give zero profit (7¢C = 0) for both firms. The

chance to converge to either NE or CE is around 35% or around 65%, respectively.

The effect of interaction scheme is not crucial to reach the equilibrium. As long as there
is a connectivity that involve all firms, the firms will get the information that coordinate
their strategy. As we can see in the not fully connected scheme (Fig. 5.4), the first firm
can get the information from the second firm, the second firm can get the information
from the third firm, and the third firm can get the information from the fourth firm.
Because the connection is in two directions, there is a chain of information in the long-
run so that the firms can coordinate their strategy. This situation is also confirmed by

Festinger (1954) in social comparison theory, i.e., pressure towards uniformity.
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The proposed model gives us insight into the aspiration level, which determines the
behavior of the firm in duopoly game. Besides, the number of strategies that are available
to the firms would change the convergence of the market. However, in future research

we would like to confirm our findings with experiment tests.
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Conclusion and Future Research

This thesis developed a new method of learning based on aspiration level and a new
information searching mechanism to investigate individuals behavior in some problems,
such as social dilemmas, learning organizational, and duopoly markets. These new mod-
els was motivated by the opportunities to improve the performance of aspiration-based
learning model to investigate various problems, such as social dilemmas, organizational

learning, and duopoly markets. General results of our model can be stated as follows:

Within the learning method shaped by sharing mechanism, the individuals tend to
coordinate their action to equilibrium state. The performance of the system can be
improved in some cases, e.g., social dilemmas and organizational learning and can proved
two existing equilibriums, i.e., Nash equilibrium and collusive equilibrium in duopoly

markets.

For the detail of the general results, we explained each implementation of the model and

tried to describe some future research related for our model.

6.1 Summary of Model Implementation

We summarized the implementation of the model as follows:

1. In the social dilemmas’ problem, the model can improve and maintain cooperative
behavior in heterogeneous agents. Varying the learning rate can eliminate the
heterogeneity of agents. The model also describes a characteristic of learning
to reach an optimal outcome. The agents should slowly increase their learning
rate after receiving negative stimulus and slowly decrease their learning rate after

receiving positive stimulus. With interaction and sharing aspiration all players

78
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can improve their cooperative behavior in a group. Players with different initial
aspiration and learning model can adjust their aspiration through interaction and
sharing aspiration process. The model has faster convergence time compared to
Q-learning and Bush-Mosteller’s model, overcomes heterogeneity in parameters
setting, i.e., initial aspiration level, and habituation, overcome different model of

learning, and can be used when there are more two players.

2. In organizational learning, balancing the process of exploration and exploitation
in organizational learning can be achieved by individuals’ experimentation and
interaction to share their aspiration. Variability in beliefs perceived by individuals
can be maintained via individuals’ experimentation. Therefore, individuals can
improve their knowledge. The process of mutual learning sharing aspiration level
makes the heterogeneity in aspiration disappear. Individuals’ experimentation
is not a risk as long as the heterogeneity in individuals’ aspiration level can be
eliminated. The model improves the overall results compared to March’s model

and more robust in changing environment.

3. In duopoly markets, the model leads the market to two equilibrium states, i.e.,
Nash equilibrium and collusive equilibrium. The Nash equilibrium is achieved in
the competitive environment that is represented by having many strategies avail-
able to the firms. The convergence is not affected either by initial aspiration level
(high or low) or the scheme of interaction (fully connected or not fully connected).
However, the convergence time is more quickly to achieve in fully connected scheme
with high initial aspiration level. The behavior of the firms is more competitive
if they have many strategies. The model can be used in heterogeneous agents,
compared with Dixon’s model that only uses homogenous agents, and more than

2 players can be involved, compared with 2 players in Q-learning.

Based on the above summary of the models, aspiration-based reinforcement learning
shaped by sharing mechanism have the following features:

1. Solve the problem of heterogeneity

2. Promote coordination and cooperation.

3. Improve understanding about agents’ behavior.

4. Can be applied in various domains.
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6.2 Future Research

Our proposed model has proved the importance of aspiration-learning and sharing mech-
anism to investigation the behavior of agents by playing specific game. However, we only
justify the model through simulation. In the future we would like to justify our model
by using analytical approach and experimental approach. In analytical approach, we
need to simplify our model, i.e., only consider two-players case to investigate precisely
the dynamic of aspiration-based learning shaped by sharing mechanism. In experimen-
tal approach, we need to design experimental procedure that can be used to explore

dependence of aspiration level and sharing mechanism among the subjects.

6.2.1 Analytical Approach

The first approach we want to use to justify the model is by using analytical approach,
such as replicator dynamics. We want to consider the prisoner’s dilemma problem and
the structural change of the game by introducing the social learning dynamics (Deguchi,
2004). We want to introduce the concept of indirect control of an agent society by linking
his/her aspiration level. Also, by introducing the information sharing mechanism to the
agent society, we can analyze the structural change. The bifurcation analysis of the

dynamical system can be used to analyze the structural change.

6.2.2 Experimental Approach

The second approach we want to use to justify the model is by using experimental ap-
proach. We want to consider the concept of social value orientation (SVO) (Murphy
et al., 2011; Balliet et al., 2009). We can define the SVO as measuring the magnitude of
the concern people have for others. By using experimental prisoner’s dilemma played by
human subject, we can analyze the effect of aspiration level in the learning process. For
this purpose, Figure 6.1 shows the conceptual model of experimental approach. Every
individual has his/her internal model, i.e., SVO and aspiration level, that make individ-
ual inclination to work together. There are two individual inclinations, i.e., general (Un)
willingness to cooperate and generalized expectations of others. After that, they will
play the prisoner’s dilemma game or public goods game and this part depends on the
environment setting. Based on the setting, we can analyze the results or the patterns
to find factors that establish the patterns or to justify the learning model. With this
analysis, we can bring the results to extend or to improve the simulation model. This

model can also be used to involve the cultural or ethnical factors.
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