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Abstract
Modelling human behavior provides insight into the underlying decision making
mechanisms, allows evaluation of performance and provides a framework for replicat-
ing the behaviour with autonomous agents. The behaviour can be observed from
game situations, where the human subjects are making decisions in order to obtain
rewards, for example.

In this thesis we introduce a novel network-based game of group formation. The
game is a limited information game that requires interactions between players with
non-overlapping information. The game was implemented as an application for
experiments and two different sessions with varying incentives were held in 2017 and
2018. The results from the 2017’s fully cooperative experiment were used to develop
a data driven model based on probability matching for evaluating the effectiveness of
the human behaviour as well as constructing autonomous agents or bots replicating
the human subjects. The experiment in 2018 had an individualistic reward function
and 3 treatments with varying hybrid groups of humans and bots. The behaviour of
the human subjects was analyzed and compared to the previous cooperative setting
and the differences between hybrid and non-hybrid treatments were measured. The
study also includes a novel learning model in the style of Q-learning. The model was
used as a benchmark for the probability matching model as well as a prior evaluation
tool for the 2018 experiment.

The results show that the human subjects’ risk perception is close to optimal, but
the rationality behind decision making is not, when measured using the proposed
framework. In an individualistic experiment, the human subjects’ behaviour was
observed to be changed by the bots.
Keywords Behavioural modelling, Computational Social Science, Complex Networks,

Simulation,
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Tiivistelmä
Ihmisten käyttäytymisen mallintaminen erilaisissa tilanteissa mahdollistaa päätöksen-
teon taustalla olevien tekijöiden tutkimisen, toiminnan tehokkuuden kartoittamisen
ja toiminnan replikoimisen erilaisten bottien ja simulaatioiden avulla. Käyttäyty-
misdataa voidaan kerätä esimerkiksi peleistä, joissa ihmiset pyrkivät saavuttamaan
tietyn päämäärän ja insentiivin mukaisen palkkion.

Tässä diplomityössä esitellään uusi verkostopeli, jonka päämääränä on ryhmän
muodostus verkostossa paikkoja vaihtamalla. Peli on rajatun informaation peli
joka vaatii pelaajilta päätöksentekoa ja yhteistyötä. Kokeellista tutkimusta varten
pelistä tehtiin tietokoneella pelattava sovellus jota hyödyntämällä tehtiin kokeelliset
tutkimukset vuosina 2017 ja 2018. Ensimmäisessä kokeessa pelaajien tehtävä oli
saavuttaa kollektiivinen päämäärä ja toisessa pelaajaien insentiivi oli kerätä itselleen
pisteitä puhtaasti kollektiivisen päämäärän sijaan. Ihmis-botti ryhmien toiminnan
tutkimiseksi vuoden 2018 kokeessa ihmispelaajien joukkoon lisättiin kollektiiviseen
päämäärään pyrkiviä botteja.

Ensimmäisestä kokeesta kerätystä datasta muodostettiin todennäköisyyksien
sovittamiseen perustuva malli, jonka avulla ihmisten käyttäytymistä mitattiin ja
arvioitiin. Mallia hyödynnettiin vuoden 2018 kokeessa ihmiskäyttäytymistä repli-
koivien bottien päätöksenteossa. Näiden kahden insentiiviltään erilaisen kokeellisen
osuuden eroja tutkittiin ja pelissä olleiden bottien vaikutusta ihmisten toimintaan
verrattiin täysin ihmisistä koostuvien pelien tuloksiin. Työssä esitellään myös q-
oppimiseen pohjautuva oppiva malli. Mallia käytettiin analyysiin ja pelin ratkaisujen
kartoittamiseen, sekä vuoden 2018 kokeen suunnitteluun.

Tulokset kertovat ihmisten käyttäytymisen olevan lähellä kartoitettua optimaa-
likäyttäytymistä. Päätöksenteossa riskin havainnointi on lähellä optimia, mutta
päätöksenteon rationaalisuus ei. Bottien lisäämisellä peliin huomattiin olevan vaiku-
tus ihmisten käyttäytymiseen.
Avainsanat Mallintaminen, Laskennallinen käyttäytymistiede, Kompleksiset

verkostot, Simulointi
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1 Introduction
Modelling of human behavior in different real life and game situations has been present
in different fields of science such as economics [28, 26, 25], healthcare [45, 57, 23],
social physics [7] and social science [44] for a long time. Modelling human behavior
can provide methods to quantify, evaluate and possibly predict the outcomes of the
complex dynamics of human decision making and interactions with each other and
with the surrounding environment [59, 23]. From the simple interactions and decisions
such as following a strategy [24] to the macroscopic collective behaviour on topics
such as mobility [59] and behavior in online social media [18], the modelling can help
to reveal the important variables and dynamics in the respective systems. In terms of
the underlying mechanisms of human behaviour, the objective is to research different
areas such as perception of risk [8], collective effort [30] and cognition [14], but also
simply reveal the dynamics between the individuals, collectives or geographical areas
[7]. The tools for modelling have improved over time and the current state-of-art
methods enable modelling more complex and computationally heavy systems. The
most important aspect is to frame the problem correctly in a computational form
and to choose the appropriate number of dimensions and variables for the model.
For example, the game of Prisoners Dilemma can be modelled as a simple stochastic
model with certain probability to cooperate and certain probability to defect, or
with a model that uses a recurrent neural network with a short memory, in order
to adapt the best strategy given the historical information of the past games. The
most low-dimensional models can overlook some smaller but important dynamics
and more complex models can be overfit on the data, producing a model that does
not generalize well. Thus it is important to choose the appropriate tools for the task.

In this Master’s thesis I propose a number of different models to investigate
human behavior in a novel coordination game, group formation. The models are
implemented with different computational methods, a simple data-driven probability
matching model and an autonomous agent model. The aim of the study is to develop
and compare models for capturing the human behaviour in the experimental setting,
benchmark this behaviour and finally evaluate the human decision making. This
study introduces the background of the models, describes the methods used for fitting
them to the experimental data and compares the suitability of the models as both of
them are of different complexity. The game was designed and implemented in [8] as a
part of the IBSEN project. The objective of the game is to reveal the dynamics of risk
taking and cooperation in a limited information setting. The proposed models are
based on the data gathered from two experimental sessions and the observed human
behaviour is evaluated using the implemented models. The problem of the game is
to utilize the obtained information efficiently and to cooperate with other players.
This information is quantified and all the variables are measured. The game has
multiple available solutions, but overall the problem is easily understandable, thus
making it an interesting game to model. Also, as the game is not overwhelmingly
complex, comparing the suitability of models of different dimensions is interesting.
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Thesis Problem and Contribution
This thesis studies the area of network-based games, such as group formation and its
counterpart, graph coloring, in terms of modelling human behavior with probability
matching and autonomous learning agents and augmenting the behavior of those
agents by joining the two models. The experimental part was done in August 2017
and August 2018 as a part of a Horizon 2020 funded IBSEN project. The results of
the original experimental session in 2017 and the constructed probability matching
model are published in [8].

The game and the experimental data is analyzed and modelled in order to answer
following research questions:

• What is the optimal strategy for solving the problem of Group Formation
Game?

• How is the Group Formation Game solved by humans?

• How does a hybrid game of humans and autonomous agents affect the behavior
of human subjects?

• How can the problem be solved by learning agents?

Thesis structure
First this thesis introduces the area of research related to the topic and to the methods
used for modelling the behaviour. The group formation game is then described and
analyzed in terms of restrictions and possible strategies. After defining the game
the experimental setup and the experiment, where human volunteers played the
game, are described. The results from the experiment are analyzed and a probability
matching model is implemented for the modelling and evaluating the performance of
the subjects. The human parameters are then used in implementing autonomous
agents or bots to the experimental setup and a second experiment with individualistic
goal is run with a hybrid setting, where the humans and bots are playing together.
After reporting on the experimental sessions and analyzing the results, we describe
the proposed models, which are then evaluated in terms of performance and suitability
for replicating the human behavior. Finally, we discuss the findings and the models.
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2 Background
This chapter builds a theoretical background of the fields involved in this work by
exploring the current state of art methods and techniques in behavioral modelling,
complex networks and reinforcement learning. The techniques provided in this
chapter are then later applied in the modeling and analysis process.

2.1 Modelling human behaviour
Popularity of human behaviour as a subject of study is more or less self-explanatory.
The recent growth of popularity and efficiency of machine learning [43] and artificial
intelligence [37] has given the researchers and companies more tools for modelling
and depicting the underlying mechanisms of human behaviour in numerous different
situations such as games [11, 51], communications [53] and transport [6, 59]. This
knowledge is important in designing and analyzing systems of humans, such as
systems of healthcare [57], but also crucial in understanding the procedures of human
learning and cognition for improving education or for formulating them in applications
of artificial intelligence [65].

Understanding the different layers of ongoing events in social media and internet
has become increasingly popular subject [66], due to the use of bots in influencing
political elections [20]. The effects of social media influencing through automated
bots and aggregating of fake news are concerning, and for example a framework for
detecting the false accounts was implemented by studying the behavior of real human
accounts [18, 66]. The social media also provides a way of measuring diffusion of
information with humans [47], acting as an experimental platform.

It has been shown that human cognition and rationality is in fact limited, opposed
to what it was mostly considered to be [58, 38]. The human decision making is not
flawless [72], even when provided with full information. The utilization of information
learned from actions and from observations is considered the amount of cognition the
humans or bots have. Restricting or augmenting the amount of information provided
in different applications can lead to different actions or user experiences, making
studying the limitations of humans interesting from multiple viewpoints. The amount
of information necessary to perform in the assigned systems has a large impact on
model complexity in a similar fashion it affects humans. The more multidimensional
problems require more complex models.

Studying the human actions in different restricted and controlled tasks can shed
light on behavioral traits such as reciprocity, cooperation and greediness. These
traits are fundamental human traits that have evolved through time [29], the aspect
of evolution of these traits is an interesting field of study as it also requires the use
of simulations, autonomous agents and models, because possibilities of observing
thousands of years of human interactions are limited. The different evolutionary
algorithms have shown that the autonomous agents are capable of learning social con-
ventions and increasing reciprocity in order to gain better reward through cooperation
[44, 17].

In data driven modelling the data from a specific phenomena or task is analyzed
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and the variables are measured. With this information a computational model can
be produced by using the data to fit a decision function and calculating parameters
for the given function. Generalizing the data into sets of parameters or networks
can yield effective results in reproducing the observed behavior when simulating the
events with or without agents.

2.2 Complex networks and network games
This section goes through the basic fundamentals of complex networks on a level
that is required in order to understand the topic of the thesis. The description of
used network models is brief as their part in the study is to act as part of the game
and model evaluation. Ordinary single-level networks, such as the ones considered
in this thesis, consist of two entities, vertices (or nodes) and edges (or links). The
vertices are connected with each other via the edges, thus forming a network. The
edges can be directed or undirected depending on the type of network. A network is
called connected if all the nodes are reachable from all the other nodes by travelling
via the edges. In this study the network’s edges are undirected and the network is
connected. When discussing the network we use the term ego for the focal node and
alter for a node having a link to the ego.

Network attributes

The essential topological graph features in this thesis are the following[5].

• Degree and average degree: Degree is the number of links connected to a given
node, denoted as ki for node i. Average degree is calculated as

⟨k⟩ =
∑N

i ki

N
(1)

• Average path distance: The average number of links in the paths between any
pair of nodes in the network.

⟨d⟩ = 1
N(N − 1)

∑
i,j=1,N ;i ̸=j

di,j, (2)

, where d is the number of links between the shortest path joining i and j.
In terms of constructing a network, there are numerous different models, but

in the context of this thesis the important models are the small world model, the
ER-model derivative benchmarking model and the scale free network model. The
network topology used in the experimental part is a mesh with periodic boundary
and added small world links (shortcuts) and the models mentioned in this chapter
were used in evaluation of the game and the proposed agent models. The small world
model of Watts-Strogatz [71], is based on rewiring the existing links or adding new
links between any two given nodes with a given probability. Erdos-Rényi random
graph model [19] formulates the construction of a network by adding edges between
a vertex pair independently with a probability p. In this thesis we use a random
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network model, where the degree of the network is regular, meaning that all nodes
have the same degree. The ER-model is similar to the stochastic block model type
"benchmark" graph model [21] used in measuring community detection algorithms.
Instead of having a single probability to connect to any existing vertex in the graph,
the model consists of two probabilities, one for inter-group connection and one for
connecting to nodes in other groups. Thus modifying the two probabilities one can
create networks with controlled connectivity to other groups. The last model used in
this thesis is the scale free network model. The scale free model [4, 5] is based on
preferential attachment, where the existing degree of a node affects the probability
that a new node connects to it. This model is used widely in representation of
organically constructed networks, such as social networks [1]. Examples of the
network models are depicted in Figure 1.

Figure 1: Examples the network models. (Left) ER random graph consisting
of 30 nodes and each edge is created with probability p = 0.1. (Middle) Example
of a Neumann-Wattz-Strogatz small-world graph consisting of 30 nodes and each
additional small-world edge is created with probability p = 0.3. (Right) A scale free
graph consisting of 30 nodes and created with parameters α = 0.41, β = 0.54, γ =
0.05, δin = 0.2, δout = 0.

Network games and graph coloring

Games taking place on a network, or the interactions between the players being
influenced by a graph structure, are called network games. These games can include
different types of games such as prisoner’s dilemma [62, 26] and graph coloring [56].
The main connecting aspect of these games is the fact that the possible interactions
with other players are dictated by the network structure. These games (including
GFG) can shed light on social behavior [35], risk taking [8] and diffusion of behavior
[34].

Graph coloring is a network game where the players are split into groups with
different colours and the objective of the players is to reach a configuration where each
link in the network connects nodes of different colour. This objective is reached by
trading places with other players or by changing the player’s color while retaining the
place in the network. The problem has only a limited amount of solutions depending
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on the network and the progress of the game is measured as a fraction of graph
coloured neighbourhoods.

2.3 Autonomous agents
The definition of an agent is not entirely uniform across the field and thus it needs
to be defined separately. Franklin et al. [22] define some boundaries and common
attributes for the term "agent". An agent is an entity or a system that can observe
information from the environment it is located in and use this information to affect the
environment by performing actions. An agent classifies as an autonomous agent when
its actions are based on its individual agenda. This agenda can vary from achieving
simple utility to more complex goals. For example, changes in the environment of
the agent may prompt actions depending on how the agent’s goals regarding its
agenda are altered by the changes. In addition to being autonomous an agent can
also be learning if it applies the experience of its past actions and resulting changes
in the environment to the decision making of the future actions. In other words a
software script that performs the commands of a user is not an agent because the
output does not affect its environment and future behavior. As Franklin et al. put
it: "All software agents are programs, but not all programs are agents."

Agent

Environment

ActionsObservations

Figure 2: Autonomous agent. The agent makes observations of the surrounding
environment and acts according to those observations and the agent’s own agenda.
These actions can then affect the environment and the state of the agent.

In terms of modelling, the autonomous agents are extremely useful in cases when
the individual decisions are depending on a complex and dynamic environment, the
agendas between agents are different or the system requires interactions between
agents. Running simulations with autonomous agents can enable better resolution in
the system on both microscopic and macroscopic levels. Depicting the behaviour,
strategies and conventions of human actions and interactions has multiple applica-
tions outside of the specific problems they were studied in. These functions can
be generalized in order to simulate the actions using algorithms and bots, such as
autonomous agents, in a modified system. In comparison to running experiments
on real humans, or collecting data from human interactions, the autonomous agents
provide scalability and flexibility that would not be possible to run in real experi-
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mental setup due to costs, time restrictions and simply other physical constraints.
Autonomous agents are low-cost and easy to construct and running simulations using
them is limited only by computer time and computational power.

The autonomous agents can be used in numerous different applications such as
computations, programs, self-driving cars and robot collectives. The interactions
between the environment and other agents create an interesting problem in terms
of cooperation and collective behavior. These interactions are studied in [63]. The
collectives of autonomous agents can be classified in terms of their agenda and
hierarchy. If constructed hierarchically, the agents can be trained or constructed
in a more effective manner, as discussed in [15]. Hybrid games and systems where
humans interact with autonomous agents raise new questions. Namely, are the human
subjects playing the game differently, are the agents able to compete with humans
and are the results better than in completely human-human environments [14, 56].
Human behavior has been shown to be altered by the autonomous agents or bots in
hybrid systems and the results of the interactions and experiments can be collectively
more beneficial than in purely human systems [14, 36]. Also, the possibility of using
autonomous agents as proxies of interaction has shown promising results.

2.4 Modelling techniques
The possibilities to model human behaviour or other similar phenomenon are vast
and different methods are numerous. Human behaviour in games has been studied
in the field of game theory, revealing new information about human decision making
and cognition. In order to evaluate particular behavior, different possible strategies
should be defined and evaluated in terms of optimality for that particular game. As
discussed in chapter 2.1, human decision making is not always optimal or rational
and the choice of different strategies can be limited by cognitive abilities or training
[72].

This chapter will describe the modelling techniques relevant in the context of
human behavior in group formation game, namely data driven modelling with
probability matching and reinforcement learning in terms of Q-learning.

Probability matching

The roots of probability matching are in behavioral economics, where the term was
first used to describe human behavior in simple experiments, such as constantly
choosing between two options in a random sequence where the probabilities of the
correct choices vary. The behavioral trait of striving to construct an underlying prob-
ability distribution according to the empirical data of past experience has been shown
to be accurate [55]. In addition to the experiments done in behavioral economics,
the trait of probability matching can be observed in behavior of non-human animal
collectives [50, 27, 3, 10]. Instead of fully relying on previous observations, animal
collectives such as schoolings of fish have been generalized to rely on current observed
state that can be categorized into social information and non-social information.
The probability matching modelling is based on Bayesian decision theory, where
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the different decisions are formulated as a probability distribution. The formulation
of the probability matching decision process for fish as presented in [50, 3] applies
to the probability matching model presented in this thesis as well. In the basic
scenario, an agent located in a given state has two possible actions x and y. The
surrounding environment gives the agent information ∆n = ny − nx about the two
possible states. In the usual social information formulation, the agent’s decision
making is also affected by the prior experience a and the social information s∆n,
where s denotes the reliability of the social information. Thus the probability to
choose action Y (move to state y) is

P (Y ) = P (Y |s) = (1 + as∆n)−1 = (1 + asny−nx)−1 (3)

In the case of the fish, the social information consists of the number of others
in the corresponding states. Thus the first fish chooses the state based on the prior
knowledge about the environment (a) and the following fish use the social information
and the prior knowledge. Gathering data of the phenomena allows investigating the
variables of the decision making.

Reinforcement learning

Reinforcement learning is a way of optimizing control in Markovian decision processes
[61]. Simply put, it is the learning process for optimizing the action policies in a
particular environment and problem. The method has proven to be very adaptive
on different types of domains and applications, such as deep reinforcement learning
and inverse reinforcement learning. Difference between reinforcement learning and
other machine learning paradigms is that reinforcement learning is not strictly
unsupervised or supervised [61]. The use of reinforcement learning based agents has
shown numerous promising results in terms of optimizing the agents’ behaviour. In
the field of games, the agent-based learning has proved to be at least on par with
human capabilities [46, 40, 33].

The reinforcement learning model used in this thesis is based on the Q-learning
model [70], which is an agent-based model-free reinforcement learning method, which
trains the agents to act optimally in a Markovian environment. This type of modeling
has been done in [61]. In short, the learning process consists of the agents trying
out different actions from the state they are located in, measuring the outcomes and
adjusting their decision making accordingly.

This type of model-free learning has its benefits. The amount of required informa-
tion needed to implement the behavior is not large, but the agents’ ability to observe
the surrounding environment and the states needs to be defined properly. Most
importantly, the reward function needs to be defined in order to train the agents
with the feedback they receive. The reward function can be a long or short term
rewarding scheme, where the agents receive feedback or reward by back-propagating
the moves or by receiving the reward immediately after each interaction.

The formal structure of q-learning is the following. The environment or world
consists of states X = x1, ...xn and steps n. The agent is located in state xn(∈ X)
at time step n, observes the state, chooses an action an(∈ A), observes the new
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state, receives a reward rn and adjusts its Qn−1 value. The reward rn has mean
value Rxn(an) depending on the state and taken action. As a result, the surrounding
environment changes to yn with probability:

P [yn = y|xn, an] = Pxn,y[n] (4)

The agent’s objective is to maximize the total discounted reward, the discounted
rewards are the rewards received from the previous steps and actions discounted by
a factor γs(0 < γ < 1). The current method the agent uses in the decision making is
called a policy , denoted by π. A state x has value

V n(x) = Rx(π(x)) + γ
∑

y

Pxy[π(x)]V πγ (5)

, where the expected reward for performing actions an according to policy π is
Rx(π(x)), the value of a possible next state y is V π(y) and the probability to move
to that state is Pxy[π(x)]. [70] proved that an optimal policy π exist for the agent
that the best value the agent can achieve from the state x is

V ∗(x) = V π∗(x) = max
a

{Rx(a) + γ
∑

y

Pxy[a]V π∗(y)} (6)

The name Q-learning stems from the action-value mapping Q, which is the expected
discounted reward for applying policy π.

Qπ(x, a) = Rx(a) + γ
∑

a

Pxy[π(x)]V π(y) (7)

The agent is then taught from initially zero action-value mapping until it reaches a
stable state, meaning that the number of new updates stabilizes. The flexibility of
the method provides multiple possible variations and application areas. In terms of
artificial intelligence, the interesting application area is the combination of Q-learning
and neural networks [33]. This deep Q-learning consists of an usual neural network
structure that has been augmented with an additional policy layer. In addition to
training the proposed q-learning style model, one can apply inverse reinforcement
learning to the phenomenon [48]. The inverse reinforcement learning teaches the
agent from the previously observed data, thus making it inverse as the agents are
not learning by trying different actions and exploring different states but instead
observing the previous decisions and their outcomes.
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3 Group Formation Game
The group formation game (GFG) is a novel game in the field of network games and
the game in the form described here was first implemented and analyzed in [8]. The
aim of the game is to explore the decision making and the problem solving capabilities
of an individual and a group as a collective in a complex cooperation setting on a
network. The implementation of autonomous agents provides a possibility to use
the game as a framework for including bot and humans as a mixed group to explore
the effects of human-computer collectives in terms of behavior and problem solving.
The game is based on the dynamics of trading places with local neighbourhood and
the cognition of decision making based on available information. Similar problems
have been studied in [54, 39, 56, 12] Models and experiments based on game theory
[16, 49, 25], especially those based on Prisoner’s Dilemma (PD) have been used
extensively to study the formation of groups [32, 60, 69, 2]. In this paradigm the
existence of cooperative ties could lead to the formation of cohesive groups, and the
risk arises when players choose to defect. In the framework of group formation game
the risk is interpret as a player’s decision to exchange their current location, as the
resulting utility is not known by the focal player in advance. Thus the dilemma of
the game arises from the incomplete information. The goal is always more or less
collective, which is how to converge to the incentivized configuration in a limited
number of rounds. The game is placed in the broad context of group formation in
social networks and technological networks. The game illustrates how human subjects
located on a network and coordinating over links could achieve configurations that
would in principle benefit all. An exchange of positions between two players can be
understood as simultaneous changes in the social space of the ego and alter, but also
as an exchange of physical locations of two persons like that in a faculty exchange
program between universities. The desired nature of linking in the network with
its underlying spatial structure can also be considered relevant in communication
networks where the nodes are autonomous mobile agents establishing peer-to-peer
radio network. The theory of cooperative games has been used to design deployment
protocols of mobile agents where a coalition of agents would share a certain frequency
spectrum [52].

3.1 Game description
The game is played on a connected network where n players inhabit nodes that are
linked to others. The network structure is static and does not change during the
game. The group is divided into m colors and the general objective for the group is
to maximize the cluster size of each player, meaning that all the l players of that
corresponding color must be linked to one another. The definition of cluster size
is the number of linked nodes with the same color, meaning that a cluster consists
of nodes that have a path from other nodes of the same colour via links between
nodes of that colour. An example of clusters in a game is illustrated in Fig. 3, where
links between nodes of same colour are emphasized. The game is then played in
rounds where on a given round the players of one color are in turn to send requests to
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their neighbouring nodes in order to swap places in the network with them, meaning
that the two different coloured nodes exchange the neighbourhoods with each other.
The color which is in turn to request changes cyclically and every color has the
same amount of opportunities to request. These requests are then either accepted
or rejected by the receiving nodes. To request neighbours with the same color is
forbidden as the trade would not benefit the game’s objective or change the state of
the game.

The amount of information the players or agents are provided with is limited to
the local neighbourhood in the network and to global information about the largest
current clusters for each color and the collective progress. The local information
provided consists of the colour and the cluster size of the nodes that are directly
linked to the player. An example of the provided information is depicted in Fig. 4.
The average collective progress (ACP ) is calculated as an average of the fraction of
each colors largest existing cluster divided by the size of the largest possible cluster:

ACP =
∑

c
max(sc)

smax

m
, (8)

where max(sc) is largest cluster size with the colour c, m denotes the number
of colours and smax denotes the maximum obtainable cluster size. The game is
terminated once the largest possible clusters of size l are formed (ACP = 1.0),
meaning that all nodes of every colour are connected in three maximum clusters, or
when the given number of rounds is reached.

Figure 3: Example of the game progress. The state of the game displayed on
different rounds. The coloured links between nodes of the same colour depict the
clusters. In the upper left corner of each network, the round number in the game is
shown in the first row, the current maximum clusters for each colour on the second
row and the ACP on the third row.

The dynamics in this game rely on cooperation as both of the players, the
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requester and the acceptor, don’t possess information of the other’s neighbourhood,
raising an element of risk in the game. In order to be successful the players need to
base their decision making according to the local information of the neighbourhood
they are provided with. The limited information makes both of the players take a
risk of different size and the utility of a player trading is known only to the other
player. This aspect gives the decision making a cognitive element, in addition to the
element of risk.

The game itself reminds of the Thomas Schelling’s Segregation game [54], but the
dynamics of swapping differ from the Schelling’s version. Schelling’s segregation game
has been studied and modified in numerous studies [12]. The main difference between
the Swap Schelling Game and group formation game is the aspect of cooperation.
In group formation the players try to solve the problem of forming maximum sized
clusters in the network whereas the players or agents in Schelling’s Game try to satisfy
their own threshold value in their own neighbourhood. Thus, the games’ incentives
differ from each other fundamentally. The Schelling game encourages selfish behavior
and Group Formation encourages the cooperative aspect of solving the problem. The
number of variables and the amount of information given for the players differs as
well. In Group Formation the information is restricted to local neighbourhood and
the current maximal clusters and progress in the network, whereas in Swap Schelling
Game the players have more information about the environment.

3.2 Game objectives
The group formation game is a discrete time sequential game consisting of different
phases. The rules are unambiguous and the possible transactions are fixed. The
states are easy to understand as the amount of information is limited. Thus the
group formation game can be considered as a game that can have different objectives,
while maintaining the connection between the different treatments by comparing the
dynamics between the so-called baseline objective (forming the maximum groups)
and the altered objectives. The respective incentivization is described more in depth
separately for both experiments in chapter 4.

In this thesis, the treatment with the objective where all the players are dependent
on the collective goal and no other individual goals are imposed, is considered as
the baseline treatment. The baseline is chosen as the collective goal as it contains
most of the dynamics and different possible game states where the players or agents
are making transactions between each other. It also encourages the players to be
active, thus yielding more opportunities for possible interactions. The collective
objective forces the cooperation between the players and thus gives a broad view of
the efficient behaviour. The results are depicted on chapter 4.2. This collective goal
was motivated by a common reward function which was based on the ACP and the
ACP of randomly acting agents.

The other variant of the incentive is the individual score implemented in the
second experiment. The individual score differs from the collective one by splitting
the reward into categories that reward different amount of points. The rewards are
weighted in a way that emphasizes the player’s own color reaching a large cluster.
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With this kind of scheme the individual goal was enforced and the results can be
seen on chapter 4.3.

3.3 Network topology
Choosing the network structure for the game has two distinctive areas to take into
consideration. First of all the technical structure in terms of network properties has
a major effect on the playability of the game. Any connected graph, such as simple
ring can be used as the network in the game, but the distance a single player has
to travel has to be achievable in reasonable time. More complex and asymmetric
topologies restrict the number of possible satisfactory configurations and prolong
the time it takes to achieve the objective. Simply increasing the closeness of the
network can solve these problems, but the flow of the network is not completely
solved just by adding small-world links or shortcuts. For example, in a connected
random graph the distance between nodes might be short, but the more connected
nodes are causing ”bottlenecks” in terms of passing players through for forming
the clusters, as transferring a single node over the highly connected ”bridge” node
requires four successfully coordinated interactions from three different players. This
level of coordination is difficult to achieve as the communication between the players
is forbidden.

Multiple different simulations with the probability matching model were run in
order to evaluate the effect of different network topologies. This type of analysis
was also done prior the experimental sessions to determine whether progress was
achievable but not too easily in the chosen network. The results are depicted in
Table 1. From these results one can see that the relationship between completion
rate and the metrics is not evident. All of these simulations were done with the most
efficient model for reaching the cooperative goal and in two different network sizes
and timeframes.
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Table 1: Simulation results for networks of different size. (Above) Simula-
tions with 30 players and 21 rounds. (Below) Simulations with 60 players
and 42 rounds. Each network was simulated with 250 games using the most efficient
probability matching model coefficients. The networks are the following: "Torus"-
network is a mesh with periodic boundary and "torus SW" is the same network but
with added small world links. "Ring 2" is a circular network with additional shortcuts
to second neighbour on each side. "Random 4" is a connected random network with
regular degree 4. "Scalefree" is a scalefree network with the same parameters as in
Figure 1.

Network Average Path Average degree ACP FCG

Torus SW 2.613 4.200 0.999 0.984
Torus 2.793 4.000 0.999 0.984
Ring 2 4.138 4.000 0.557 0
Random 4 2.501 4.000 0.999 0.976
Scalefree 0.525 2.996 0.619 0
Torus SW 3.533 4.200 0.998 0.944
Torus 4.068 4.000 0.964 0.62
Ring 2 7.881 4.000 0.331 0
Random 4 3.110 4.000 1.000 1.000
Scalefree 0.546 3.017 0.570 0
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4 The experimental setup
This chapter describes the implementation of the software used in the experimental
sessions on abstract level and the procedures and results of the experimental sessions
conducted. The system implemented was used in both experiments with minor
improvements or changes between them. The previously described probability
matching model was used as the operating model for the bots. The results from both
of the experiments are analyzed and evaluated according to the PM-model.

Both of the experimental sessions had approval from the Aalto University Research
Ethics Committee. The experiments were performed following the relevant guidelines
and regulations of the above-mentioned committee. Before the experiment all the
subjects were provided with information and informed consent sheets. The informed
consents, once signed by the subjects, were collected before the experiment began.
No personal information of the subjects was collected other than contact emails for
rewarding purposes. Both of the experimental sessions offered movie tickets as the
reward.

4.1 Implementation
The experimental setup, an online game running on an internet browser, was imple-
mented using a Python framework oTree [13] which is mostly suitable for traditional
one-off games researched in economics such as Public Goods. oTree is based on
another Python web-development framework Django, which makes it an easy-to-use
solution for discrete time turn-based games. However, for Group Formation, the
framework lacks useful features such as chaining of game sessions and using online
agents. This section describes the basic functionality of the online implementation.

Game application

The oTree framework provided the basic structure for the game in terms of different
phases, such as instructions, requesting and accepting. The built-in wait pages were
used in storing the information, transferring the requests and making the changes
in the network. The usual oTree work-flow does not store information between
pages, but instead between rounds, which appeared to be a major difficulty in terms
of implementing the GFG with the framework. Working around the problem was
done by structuring one round in oTree as a round in GFG and transferring the
information between different rounds.

One round of GFG in oTree consisted of following pages:

1. Instructions*

• Basic game instructions, simple static tutorial and declaration of the role
of the player. Shown on the first round of the game.

2. Instructions wait-page*

3. Process
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• Transferring the data from previous round and fixing the initial state of
the round.

4. Requests*

• Shown to players of the requesting colour. Displays the local network
resulting from the previous round and provide the choices to send requests.
See Fig.4 (left).

5. Requests wait-page

6. Accepting

• Shown to all players, the timeout is reduced if the player did not receive
requests. Displays the network and provides the choices. See Fig.4 (right).

7. Accepting wait-page

8. Results

• Displaying the results of the results of the current round. The players can
see the local neighborhood resulting of the changes.

Items marked with * were displayed on special conditions.
The round system in oTree corresponds best to one-off games, such as a single

decision made in PD, for example, and thus the system needed to be adjusted to
facilitate the continuity of GFG. This, however, made it difficult to run a continuous
session where the same participants would play multiple games in sequence while
retaining the same payoff as a cumulative sum. The problem with maintaining
the cumulative payoff was solved by using an additional file on the server to store
the history of previous payoffs and gathering the required information using the
treatment numbers and IP-addresses as the keys for searching. Other essential parts
of the application were implemented using a JavaScript library Sigma.js. The library
provided an useful way to display the network on pages like requesting. On the
server-side, the network was structured using NetworkX and then sent to the page
as json for Sigma.js to display. Excluding the wait pages, each page in the game had
a timeout counter which determined the time the participant had to view the page
and perform the action related to that page. The timeout was set to decrease as the
game progressed. The initial time for each decision was 30 seconds which decreased
to 20 seconds after five rounds.

Online bots

To play GFG in real time with online bots proved to be another issue with the
chosen framework as oTree does not have the possibility to have native bots in a
hybrid mixture with human players. The bots that oTree framework has, are for
testing purposes only and implementing actual bots running on the server would have
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Figure 4: The game screens for decision making. The requesting (left) and
accepting (right) pages that were displayed in the GFG application. The provided
global information is displayed on the top of the screen and the local information is
displayed within the network.

required editing the core functionalities of the framework, which was not possible
due to the shared server that operated on a fixed version of oTree.

This restriction was possible to solve by implementing the bots as a part of the
application’s pages. Each player was given a variable to determine whether the
player was a human or bot. For those "participants" that had the bot value in their
variable, the pages reached timeout instantly and the operating method of the bot
was executed in terms of requesting or accepting. Practically the solution required
the experiments administrator to open multiple internet browser sessions for the bots
to operate in.

Application in experimental practice

When running the experiments, the procedure was kept uniform in terms of practical-
ities so that all the experiments are comparable. Both of the experimental sessions
were conducted in computer labs, where each participant sat behind individual com-
puters. In addition to the instructions provided in the oTree-application, a brief
verbal presentation was given to clarify the collective goal and the payoff.

The subjects’ vision of others was restricted and all verbal communication was
forbidden during the experiment. The application was imported into a server running
oTree and the link to the session was provided for the participants. After the session
was completed, a small survey was conducted and the final amount of payoff was
told to the participants.
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4.2 Human experiment
The procedure

The first experiment was conducted in a computer lab at the Department of Computer
Science of Aalto University located in Espoo, Finland, on the 9th of August, 2017
with 30 individuals recruited from an online volunteer pool for IBSEN experiments
and from advertisements in social media. The session lasted for four hours and
consisted of total of 9 games with the length of 21 rounds each. The first 5 games of
the session were played with 24 players and the remaining 4 with 30 players. This
way each of the 30 participants were left out of exactly one game that was played
with 24 players.

The network used in the games was generated in networkx as a regular squared
lattice (4 × 6 or 5 × 6) with periodic boundary conditions. Each network was then
uniquely modified by adding three randomized long-range links to introduce a small-
worldness. The criteria for the generation of the network prevented the small-world
links from forming triangles. Also players’ colours, starting places in the network
and the places of subjects at workstations were shuffled between games in order to
prevent habituation. The network used in the game can be considered as realization
of the Kleinberg model [41] in the limit that small-world links appear independent of
distance.

The initial positioning of the players in the network was generated in such a way
that the ACP would be as low as possible, meaning that without the small-world links
the network would be in the graph coloring setup. The objective of the experimental
games was the fully collective goal of reaching the maximum clusters. The game
would end once the maximum clusters were reached or the last round was over. For
a given network topology and initial positioning of subjects we also calculated the
quantity ACPrand from simulations where agents play randomly, such that every
decision has an equal probability of being chosen. The value for ACPrand obtained
for this type of network and initial setup was 0.5, meaning that the agents could
reach half of the progress of the objective. We obtained a normalized score for each
game by scaling ACP with respect to ACPrand and accumulated the total score (S)
over 9 games as

S =
9∑

k=1

ACP (k) − ACPrand(k)
1 − ACPrand(k) . (9)

In practice the rewarding scheme was that the showing up fee was one movie
ticket and the 4 × S (nearest integer) movie tickets were given as reward for the
performance in the experiment.

Results

Overall, the players performed well in the experimental session. All the games with 24
players and three out of the four games with 30 players reached the game’s objective
of maximized clusters within 21 rounds. The evolution of the clusters in one of the
games with 24 players is shown in Fig. 3. This particular game finished in 11 rounds.
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Figure 5: An example time evolution of cluster sizes in a game with 30
players. Cluster sizes of three randomly chosen players corresponding to the three
colours (red - circles, green - squares and blue - triangles) are shown as the game
progresses. The ACP is denoted by the dashed line. The typical dynamics leading
to a solution of the problem can be observed from the evolution of the network,
with an initial stage of fast growth (≈ 0.9 after 8 rounds), followed by a stagnation
regime where the players’ activity is low and only a small number of interactions
take place in the network, eventually leading to the formation of the required three
maximum-sized clusters. In the stagnation regime players that are trapped in smaller
clusters are facilitated to move such that they eventually merge with larger clusters.
This type of breaking out and merging back situation is depicted during rounds 14
and 15 which are shown to the right. A player with a red colour and having cluster
size of 1 (located at the bottom right corner of the network at round 14) exchanges
place with another player with colour green. As a result of which the green cluster is
fragmented. We observe this as the green player’s cluster size decreases from the
maximum possible size (10) at round 14 to the minimum possible size (1) in the next
two rounds, after which the exchanges merge the player back into the largest cluster.

On average, the games with 24 players took 9 rounds to complete, and the completed
games with 30 players took 16 rounds. The shortest game lasted for 4 rounds and
the longest 15 rounds with 24 players and for 30 players the shortest game lasted for
8 rounds and the longest did not reach the objective in the given 21 rounds.

This difference is most likely due to the fact that the network is larger and the
average distance to travel in each game is longer. This requires more coordination
and cooperation from the subjects. Majority (86.7%) of the participants considered
the game with 30 players significantly harder than the game with 24 players, when
asked in the survey after the session. The survey results are provided in A.

In general, all the games showed a fast initial growth in the sizes of the largest
clusters, as the number of options and number of trades required to form clusters of
significant size is low. After which the overall activity in terms of requesting and
accepting decreased. In this phase the players appeared to become "conscious" of
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Figure 6: The subjects’ activity by cluster size in the experiment with
collective goal. (Top) Requesting activity in games with 24 players (left) and 30
players (right). (Bottom) Accepting activity in games with 24 players (left) and 30
players (right). The activity is measured as a fraction of initiated interactions out of
all possible interactions.

the presence of players in the vicinity who were trapped in smaller clusters, which
resulted most likely from the understanding of the collective goal of the experiment.
As a result, players in larger clusters cooperated with the isolated players and with
players in small clusters by exchanging locations, which sometimes caused breaking
of the larger clusters. Such a case is shown in Fig. 5.

Numerical results

In order to evaluate the human behaviour and efficiency from the experiment, the
data gathered by the game was fit into a logistic regression for constructing the
probability matching model described in 5. The fitted parameter coefficients are
provided in Table 2. All the coefficients turn out to be significantly different from
zero with p < 0.01. As we have two sizes for the networks, for the purpose of fitting
we use cluster sizes that are normalized by the maximum cluster size, in such a way
that the cluster size variable varies between 0 and 1. As can be observed from Table
2, the corresponding parameter values for the two networks (i.e. with 24 players and
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30 players) are close and mostly within the error bars, based on which we recalculated
the parameter coefficients using the data on all the 9 games.

Using these coefficients we simulated the model (see Fig. 5). With 24 agents and
500 simulations around 82% of the games reached a solution within 21 rounds; and
the games end with a mean ACP of 0.98. In case of 30 agents 66% of the games
reached a solution and the mean ACP is 0.95. In Fig. 7 we compare the ACP and
the activity from the experiment with those from the simulations (averaged over
runs) using the model. Note, that in addition to the probabilistic choice we use
an additional stability rule which prevents exchanges between agents belonging to
different large clusters and increases the fraction of games completed. This rule,
however, has marginal effect on the ACP and the overall activity (see the following
section).

Table 2: Values of parameters (coefficients and the intercept) derived from a logistic
regression on the data.

Focal Variable Coeff 24-player 30-player Joined
Requester Cluster size of requester αr −5.33 ± 0.71 −4.06 ± 0.52 −4.68 ± 0.41

Cluster size of requested neighbour βr −5.36 ± 1.58 −3.80 ± 1.01 −4.52 ± 0.84
Average cluster size (neighbour’s colour) δr 4.89 ± 1.89 2.91 ± 1.19 3.85 ± 0.99
(Intercept) λr 3.25 ± 0.59 2.61 ± 0.43 2.96 ± 0.34

Acceptor Cluster size of acceptor αa −5.23 ± 0.83 −3.64 ± 0.54 −4.15 ± 0.45
Cluster size of requesting neighbor βa −5.14 ± 2.03 −4.53 ± 2.17 −4.39 ± 1.50
Average cluster size (neighbour’s colour) δa 5.32 ± 2.33 5.19 ± 2.30 4.76 ± 1.60
(Intercept) λa 3.25 ± 0.62 2.31 ± 0.40 2.70 ± 0.33

An interesting notion is that for requesters and acceptors the values of β and δ
also overlap within the error margins, which could support the initial ansatz about
the inclusion of the term Uj = ⟨s(cj)⟩ − sj , as an independent variable, which would,
however, diminish the importance of sj as a separate independent variable. To
investigate the importance of such a term, we slightly modify our model’s coefficients
by considering the magnitudes of δr and βr to be equal. We simulate the model by
varying the value of δr (keeping |δr| = |βr|) while taking the values for the other
coefficients from the Table 2. The resulting plot is shown in Fig. 13 (left). The plot
shows that a larger δr (and βr) improves the performance of the agents. Similarly, by
varying αr in the model we benchmark the perception of risk in the human subjects.
Agents in the model are less likely to break away from clusters when αr is more
negative. The Fig. 13 (right) shows a region near αr = −5 where the agents perform
best. Remarkably, we see that αr obtained from the experiment coincides with the
optimal value.
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Figure 7: Comparison between experiments and simulations using the
model for games with 24 and 30 players. (top left and bottom left) The
average collective progress (normalized value of average of largest cluster sizes corre-
sponding to the three different colours) is plotted against the round number. The
points are binned values from the 5 experiments in the case of 24 players and from
the 4 experiments in the case of 30 players. The dashed lines are the result from
simulations of the model with 500 runs. (top right and bottom right) The requesting
and accepting activities in the games. The requesting activity is measured as the
the ratio between number of actual requests and the maximum possible requests per
round (circles). Similarly, the accepting activity is measured as the ratio between the
number of accepted requests and the total number of requests received (triangles).
The dashed lines are results from simulations. The error bars in the figures indicate
the standard deviations.
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Figure 8: Sensitivity of the requester model. Results from simulations of games
with 30 agents demonstrating the effect of variation of the parameters in the model
corresponding to the requesters on the average collective progress (red triangles) and
the fraction of games completed (blue circles). (Left) The parameters −βr and δr

are assumed to be equal and varied as |δr| = |βr|. The dashed vertical line shows the
location of −βr obtained from the experiment. (Right) The parameter αr is varied.
The dashed vertical line shows the location of αr obtained from the experiment. Each
of the points in the figures are averaged values from 500 runs. The shaded region in
case of the ACP represents the standard deviation associated with the points. In
case of the completion fraction the region indicates the Clopper-Pearson interval.
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4.3 Hybrid experiments
This section presents the practical setup of the hybrid experiments in terms of
treatments and rewarding scheme. The results obtained from the games are analyzed
and compared to the first experiment, which consisted of games of longer length and
incentivization for the players.

The procedure

The hybrid experiment was held in 15th of August 2018 in computer lab at Aalto
University’s campus. The practical setup was similar to the previous experiment
in terms of restricting communication and the view of others’ workstations. The
players were introduced to the game by providing them with a presentation and a
short tutorial of the game before the experiment started. The experiment had 30
volunteers, who were recruited via advertisements on social media. The majority of
the volunteers were 25 to 30 year old and male.

The session lasted for 4 hours, during which a total of 14 games were played. A
single game consisted of 15 rounds and lasted approximately 20 minutes. Structurally
the experiments were split into sessions of 3 games, which were incentivized with
a participation fee and a reward according to the performance. Similarly to the
previous experiment, the reward was given in the form of movie tickets. The show
up fee for a 3-game session was 1 movie ticket and the reward was 1 movie ticket
if the players managed to gain a sum of 27 or more points in a 3-game session (see
Table 3).

As for the treatments, the experiments consisted of different combinations of
human-agent collectives, called treatments A, B and C. The treatment A consisted
of purely human players (n = 30) and the treatment acted as a baseline for the
current rewarding scheme and for the population of players present in the experiments.
Treatments B and C consisted of human-agent collectives with different concentrations
in each color group. These different group structures were implemented to discover
the differences between interactions during the game. Both of the two human-agent
treatments had 15 human subjects and 15 agents present in the games. The treatment
B consisted of 3 mixed groups of human subjects and agents in an even ratio (5
human subjects and 5 agents). The Treatment C consisted of a purely human group
(10 human subjects), a mixed group of humans and agents (5 humans and 5 agents)
and a group consisting of agents (10 agents).

For example, in a single game with treatment C the groups would be the following:

• Red group consisting of 10 human subjects.

• Green group consisting of 5 human subjects and 5 agents.

• Blue group consiting of 10 agents.

The main difference to the first experiment was the way the volunteer were
incentivized. Instead of the collective progress of forming the maximum clusters,
the players were tasked to obtain points by forming larger clusters with the formula
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depicted in Table 3. The formula was intended to direct the players towards a more
self-centered strategy in comparison to the collective objective present in the previous
experiment.

The agents applied in the experiments used the probability matching model (see
chapter 5) with the parameters obtained from the previous experiment’s results (see
section 4.2) as well as with the stability rule preventing the requesting between large
clusters. As the model was made for the the game with a collective goal, the agents
did not follow the same objective of acquiring points as the human subjects did, but
instead were trying to reach the maximum clusters in the network.

Table 3: The rewarding scheme applied in the hybrid experiments. The players
obtained points according to the requirements in the table and lost the respective
amount of points if the requirement was no longer satisfied. With this scheme the
maximum amount of points in a singular game was 20.

Requirement Points
The player’s respective group has cluster size of 6 or greater. 5
The player’s respective group has cluster size 9 or 10. 7
One of the other groups reaches cluster size of 9 or 10. 4

Results

During the experimental session, a total of 4 sessions were played. Each of the
sessions consisted of possible 3 games, but in a situation where all of the players
have reached the 27 point threshold, the third game would not be played as the full
incentive would already be achieved.

The first 2 sessions were played with treatment A and the goal of reaching a sum
of 27 points was reached in 2 games, resulting in 4 games with treatment A. The
growth of the clusters in the network was rapid and the points were maximized in
all of the games.

After the sessions with treatment A the group was split into two groups of 15
subjects. The other half of the volunteers played treatment B and the other half
played treatment C. The games were played simultaneously and the groups played
only the treatment they were assigned to. These games required more time to
successfully reach the goal of 27 points. In general, the games with treatment B
resulted in slower progress and thus in session 3 the group with treatment B required
all 3 games to reach the goal.
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Numerical results

The obtained data from the experimental session was analyzed in a similar manner
to the first experimental session. The logistic regression run for the probability
matching model for mapping parameters α, β, δ was run on all the games and
treatments combined and separately for each treatment. Naturally, the autonomous
agents present in the treatments B and C were filtered out of the data as they would’ve
created bias towards their own parameters. The parameters for the requesting part
are presented in Table 4. An interesting notion between the treatments is the
difference between the treatment A and the treatments B and C. The addition of
autonomous agents seems to have reduced the amount of selfish behavior between
the groups. The goals and scoring scheme depicted in 3 encourages the player to
prioritize the size of their own cluster in order to gain points, but when agents with a
fully cooperative strategy are infused within the game, the players seem to decrease
the weight they are giving to their own cluster size (α = −6.34 in treatment A and
−4.12 in treatments B and C). This could be due to diffusion of behavior from the
cooperative agents to the human subjects, or because of the situations caused by
the decision making of the agents where the players were not able to form sufficient
clusters and the less selfish behavior was indeed for maximizing the obtained points.

Table 4: The obtained parameter values from the second experimental
session. The parameters are calculated for all of the treatments combined and
separately for each of the treatments. The p-values for the parameters β and δ are
considerably large (p > 0.1) for the separate treatments, most likely due to larger
disparity in the decision making process of the players.

Treatment α β δ λ

Comb. −5.37(±0.44) −2.89(±0.94) 2.95(±1.03) 2.58(±0.30)
A −6.34(±0.85) −1.70(±1.49) 1.49(±1.63) 3.56(±0.60)
B −4.12(±0.86) −3.07(±2.35) 3.74(±2.53) 1.23(±0.54)
C −4.75(±1.01) −2.11(±2.04) 1.97(±2.35) 2.33(±0.83)
BC −4.69(±0.59) −2.44(±1.36) 2.94(±1.51) 1.67(±0.38)

The progress of the experiment is measured by averaging points for each treatment
type (figure 10). The purely human treatment A achieved the maximum points in
each of the trials and the hybrid treatments achieved less. The accumulation of
points in the treatments B and C seems to be lesser on average, indicating that the
games were either stuck or that the progress required sacrificing one’s own points,
which is what the fully cooperative agents would do.

The activity for requesting and accepting is depicted in Figure 9. The behavioral
activity in terms of both points and cluster size seems to be only slightly decreasing,
which indicates that the preference for interacting with others is more linearly
dependent on the cluster size and points. Overall, the difference between points and
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cluster size is minor as well as the difference between the treatments. The small
sample size results in some noise in the figures for individual treatments.

Using the learning model, the obtained data was fed into the state-action mapping
and the mapping was updated accordingly. The resulting mapping heatmap is
depicted in the Figure 21 in chapter 6.5.
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Figure 9: (Left) The requesting and (right) accepting activity by cluster size in
different treatments. All of the treatments seem to have a high overall activity and
the differences between treatments are not as visible here as they are in the numerical
analysis. The standard error is depicted as the coloured area.
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Figure 10: Average points in each round for the different treatment. Games
with treatment A reached the maximum number of points in all of the games and
the hybrid treatments B and C did not. It is notable that the error between different
games is small due to the low number of games in the experiment and due to the
filtering of the scores for the autonomous agents.
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4.4 Evaluation of experimental results
The two experimental sessions had different types of incentivization and rewarding
schemes, but the results from the games are well comparable, due to the generality
of used tools of analysis and because both of the experimental sessions had a similar
setting in terms of network, user interface and provided information. In the topic of
comparison and evaluation of both experiments, the effects of hybrid experiments
and different rewarding scheme are discussed.

Effect of different rewarding schemes

The first experimental session had a fully cooperative rewarding scheme, that en-
couraged to achieve the maximum clusters for all colors. The second experimental
session had a rewarding scheme with a more self-centered goal of achieving points by
maximizing the cluster of one’s own color. As the number of rounds for each game
in the second experiment was limited to 15 instead of 21, the prioritization of one’s
own cluster was emphasized. Thus, it was expected that the amount of weight one
gives to their own cluster size in the probability matching model would be increasing
from the first experiment.

In terms of macroscopic behavior, the activity by cluster size seems to be varying
a lot between the experiments. On average, the decline is steeper towards the larger
cluster sizes in the games with cooperative goal (see Figures 6 and 9), most likely
because the number of rounds in the cooperative experiment was larger, which results
in more rounds in the later part of the game with low number of interactions reducing
the activity of larger cluster sizes. Also, the rewarding in the second experiment was
split into several binary objectives where the goals need to be satisfied for obtaining
the rewards (see Table 3), which lets the players risk the cluster size within the given
bounds. This risking is not as safe if the reward is strictly based on the ACP of the
game.

In terms of numerical results from the probability matching model, the values
for α are more negative in the secondary experiment. The difference in terms of
probability distribution in a simple example case, where the ego has a cluster size
of 8 and can choose between keeping the current place or requesting a neighbour of
cluster size 1 or of cluster size 6 is depicted in Figure 11.

Effect of infusing autonomous agents into the game

The interesting question in this thesis is whether the addition of cooperative agents
affects the behavior of human subjects. The change in the measured behavior is
not completely independent from the agents’ behavior, as the agents can create
instances within the game where the player is forced to change their behavior in
order to optimize the achieved reward. However, the change between the treatments
in the secondary experiment shows that the agents’ cooperative behaviour altered
the human behavior from the treatment A. The difference in requesting probability
in an artificial example situation is depicted in Figure 11. Even though the p-values
for the parameters δ and β are insignificant, the parameter α displays a significant
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Figure 11: (Right) An example neighbourhood where the ego has three
possible actions. (Left) The probability of choosing the actions according
to the parameters obtained from the experimental sessions. The ego is
denoted by i and different alters by jn. The probabilities are labeled according to
the set of parameter obtained from different experimental sessions and treatments.
The probabilities are calculated for a system of 30 players, so that the maximum
cluster size is 10.

change between the treatment A and treatments B and C. The change indicates
that the human subjects decreased the weight given to their own cluster size. The
weight given to one’s own cluster size in the hybrid treatments was within the same
scope as in the cooperative setting. However, the weights given to the alter’s cluster
size and the average cluster size in the neighbourhood are of different magnitude
than in the original cooperative experiment. In light of these observations, the effect
of cooperative agents was present in the hybrid treatments, but not strong enough
to completely change the subjects’ strategy.

As discussed previously, the change is not explicitly caused by the diffusion of
cooperative behaviour from the agents to the human subjects, but also because of
the different categories that might appear from the behavior of the agents. A greater
number of games in all of the treatments could bring more certainty to the change
in behavior.
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5 Probability matching model
This section describes the model based on probability matching in detail, explores
the space of possible parameters and evaluates the model’s performance. The
model provided here was constructed based on the observations of the experimental
behavior in the original experimental session. Other models and sets of parameters
were considered, but the simplicity, accuracy of fit and efficiency of the PM-model
led to choosing it above the other candidates.

5.1 The model
The model based on the concept of probability matching [68, 55, 3, 67, 42] is
constructed on the observed strategies and interactions in the first experimental
session. This model is expected to serve both the purposes of uncovering the decision
making logic of the subjects as well as act as template for agent based simulations.
The utilized information is based on the variables in the focal player’s immediate
neighbourhood. These variables cover the local information provided to the player,
but not the global information such as the current ACP and round number. These
global variables are ignored in the modeling scheme, even though they could affect
the players’ behaviour. These different parameters were determined through number
of iterations of fitting the different possible variables present in the game.

During the game the players take decisions on sending (or not sending) requests
and accepting (or not accepting) requests based on the available information. The
decision making logic employed by the agents is expected to be heterogeneous between
the different agents, yet far from random. It is known that exact coordination between
two agents is possible in the presence of common knowledge [31]. As described
previously, in this game the knowledge of a subject and any of its neighbours do not
completely overlap.

For an agent i having a colour ci we assume that its neighbourhood S can be
uniquely characterized by the following variables – (i) the current cluster size si, (ii)
the set of cluster sizes {sj}, where j is a neighbour of i having a colour different from
i, that is, cj ̸= ci. We place all the neighbourhoods S that have identical (or can be
made identical by the ordering of j’s) supersets {si, {sj}} into a given category C.

In a given category C we consider an agent i with the set of neighbours {j1, j2, j3, ...}
that have colours different from i. In the requesting phase it has to choose from
the following set of options ω: {stay at current location without sending a request,
send a request to j1, send a request to j2, ...}. We assume that with each option ω
the player associates a probability, Pω of it being beneficial to the progress of the
game. Here beneficial may refer to an increase in the cluster size for the colour of i,
or increase in the cluster size for colour of j, or both. Therefore, using probability
matching, the probability of choosing an option ω is given by, pω = Pω/

∑
ω′ Pω′ .

Restricting ω to the set of options when a request is sent one can write,

pω = Pω/P0

1 + ∑
ω′ Pω′/P0

, (10)
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where P0 is the estimated probability that not sending a request (that is, not moving)
is a beneficial option.

Next, we focus on different categories that could be realized during the course of
the game, and for each category we identify the cases (characterized by neighbours
with cluster size sj) when one or more requests were sent from the focal players i to
players j. These sets are indeed options that were actually executed. Thus in each
category and for each option ω(j) we accumulate the total number of cases (Nω) when
a request was sent. Additionally, in the same category we accumulate the total number
of cases (N0) when no request was sent, and calculate the ratio (Nω/N0)/(1+Nω/N0),
where this ratio lies in [0, 1]. Taking this ratio as the dependent variable we perform a
multinomial logistic regression on the following set of variables, (i) si, (ii) sj , and (iii)
Uj with data from all chosen ω’s from all categories. The quantity Uj = ⟨s(cj)⟩ − sj ,
where ⟨s(cj)⟩ = ∑

k=1,ni(cj) sk/ni(cj) is the average of the cluster sizes of the ni(cj)
neighbours of i that have the same colour as j. We use this difference Uj as the
measure of disparity that a focal player could possible recognize in the neighbourhood
in the requesting mode. A large value of this difference might encourage the focal
player to send a request to a player having colour of j, so that clusters having colour
cj could merge. There could be better measures of disparity but our choice is guided
by the linearity of the model. For the actual fitting instead of Uj we use ⟨s(cj)⟩ as sj

is already an independent variable. Although we base our model of decision making
on probability matching, it could as well be considered as a log-linear response model
of the kind in references [9, 73]. The fit to a logistic function allows us to use the
following expression for a requester, Pω/P0 = exp{λr + αrsi + βrsj + δr⟨s(cj)⟩} from
the estimation Pω/P0 = pω/p0 = Nω/N0, where, αr, βr, δr, and λr are parameters
corresponding to a requester. Once evaluated by fitting to the data from the
experiment, these parameters are used in numerical simulations of agents as shown
in Fig. 5. A similar scheme is used for data from acceptors, and the corresponding
parameters αa, βa, δa, and λa are evaluated.

The stability rule

The model itself has some drawbacks such as the stability of the large clusters.
The expressions for probabilities in our basic model is a continuous function of the
variables and is linear in terms of the argument. Actual human decision making
can be quite complex and more accurate description might require inclusion of
non-linearities or discontinuous dependence in terms of the variables. A lack of
this in the basic model might have resulted in the excess occurrence of requesting
activity between large cluster sizes. In Fig. 13 we show this by comparing experiment
and simulations for the games with 30 players. We observed that in the model the
presence of such activity can impact the completion of the games. Requesting (and
accepting) activity between players belonging to large clusters could be considered
as detrimental if not useless in terms of reaching the solution.

If the large clusters become unstable, the solution might not be reached. Therefore,
in the simulations we prevent such requesting actions from taking place. We prohibit
any requesting activity between two agents having cluster size larger than 0.6l, where
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Figure 12: The simulation results with human parameters from Table 2
Top: (Left) The ACP and the activity on average in the played 250 games. (Right)
The histogram of the distribution on the ACP after 21 rounds. Bottom: (Left) The
requesting activity by cluster size. Notice the stability rule taking place as a drop of
activity at si > 6. (Right) The accepting activity by cluster size.

l is the maximum possible value for a cluster size. The effect of such a rule can
be investigated by introducing a parameter f in the model such that 1 − f is the
probability of allowing such an action. With f = 0 we have the basic model and
with f = 1 such requests are completely forbidden. In Fig. 14 we show the effect
of varying f on the ACP and the fraction of games completed. For the results of
simulations reported in the main text we take f = 1. Note, that large clusters can
still fragment when requests come from smaller clusters.
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Figure 13: Requesting between large clusters in the games with 30 players
– experiment (left) and simulations without the stability rule (right). Re-
questers having cluster sizes larger than 6 are considered (in this case the largest
possible cluster size is 10). The cases when such requesters sent requests to other
players having cluster size larger than 6 are counted. Also the cases when such
requesters though positioned in the neighbourhood of players with cluster sizes larger
than 6, did not sent any request to the latter are counted. The above two counts are
normalized by the total number of cases and compared. The plots reveal that when
simulating with the basic model, there is an excess of cases where players belonging
to larger clusters send request to players in larger clusters.
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Figure 14: The effect of the stability rule on the average collective progress
(left) and the fraction of games completed (right). The parameter f allows
us to scan between the limits of having no stability rule (f = 0) and having absolute
implementation of the rule (f = 1), by having parameter f as a probability that the
rule is enforced when interacting with other agents.
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5.2 Evaluation of the model
The PM-model was evaluated by measuring the overall performance when varying
the model parameter, the game network and the group size. Overall, the model
proved to be efficient in solving the problem in different group sizes, networks and
both homogeneous and heterogeneous agent concentrations, when the parameter
values were located in the correct space. The results obtained in this chapter were
used in the evaluation and design of the experiments in chapter 4 and in the creation
of the q-learning style model in the chapter 6.

Sensitivity analysis for parameters

In order to evaluate the effect of altering the parameters, a sensitivity analysis
was done. For the analysis, the parameters β and δ were grouped together, as the
experimental results and prior observations suggested that the two parameters are
opposite numbers, such that β = −δ. Parameter α was kept as it is. Each value
was altered by 0.2 in a chosen range of -20 to 20, which yielded a mapping of all
the combinations. For evaluating each of these points 100 simulated games with 30
agents were run and the ACP and the FCG was recorded. The results are displayed
in Fig. 15.

The results suggest that in terms of ACP , the optimal parameter space is located
in parameter area α > 0, β < 0, δ > 0. In terms of FCG, there exist a smaller area
with high completion percentage (towards 90%). The difference between the ACP
and FCG in the well performing area (α < −4, β < −4, δ > 4) depicts that the
GFG requires cooperation in addition to maximizing one’s own cluster size.

For the setup of 30 agents, the optimal value for α seems to be ≈ −5.1 , and
increasing the δ and β in that area increases the FCG by a large magnitude (from 0
to 0.89). This particular phenomenon can be interpreted that there exists a particular
optimal weight for the agent’s own cluster size and the tendency to send a request as
the cluster size increases. Additionally, the paired parameters, δ, β, contribute to
the cognition of the agent. As the amount of cognition increases, the probability of
making an optimal choice in the requesting phase increases. This optimal choice can
be interpreted as choosing the neighbour who has lower cluster size than the average
of the neighbourhood, leading to the so called helping behaviour. The sensitivity
analysis was used in evaluation of the human behaviour in the experimental sessions
( see section 4.2).

The parameter space

A single agent has four parameters for both requesting and accepting, thus the
parameter space consists of eight dimensions. This parameter space was explored in
order to find a suitable area for the agents and sets that perform better in terms of
completion and ACP .

The exploring was implemented by sampling a 8-dimensional hyper space and for
each sampled point running a small number of trial games. If the trial games proved
to reach a threshold value on completion and average collective progress, further
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Figure 15: 3-dimensional mapping of the ACP (top) and the fraction of completed
games (bottom). Each point represents 200 games. A clear notion is that increasing
the weight given on own cluster size and the neighbourhood increases the completion
to a point of very high performance.
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examinations were made. The further examinations were more in depth and consisted
of larger number of trial runs. The sampling was proceeded until 100 sets of so called
good performing parameter values were gathered. These sets of parameters passed
the thresholds that were given in terms of ACP , fraction of completed games and
the average time of completing the game. Examples of sets of parameters extracted
with this method are in Table 5.

Table 5: Examples of improved sets of parameters obtained by scanning
the parameter space. The sets have values of larger magnitude, which makes the
difference in probability between different choices larger. In all of the sets, the β and
δ are of large magnitude, which indicates that the results improve when increasing
the rationality of the decisions. Also, it is notable that the large intercept λa results
in the acceptance of incoming requests with a high probability. These sets have high
simulation performance (ACP > 0.95 and FCG > 0.9).

Focal Variable Coeff Set 1 Set 2
Requester Cluster size of requester αr −9.99 −11.00

Cluster size of requested neighbour βr −77.71 −78.11
Average cluster size (neighbour’s colour) δr 71.02 71.31
(Intercept) λr 8.62 10.50

Acceptor Cluster size of acceptor αa −42.17 −41.95
Cluster size of requesting neighbor βa −64.44 −66.21
Average cluster size (neighbour’s colour) δa 71.56 72.04
(Intercept) λa 44.43 23.12

Effects of network topology

As discussed in chapter 3, the structure of the network GFG is being played in affects
the time of completing the game and also determines the possible states in which
the player needs to make decisions. The degree distribution and the length of the
average shortest path are the major affecting how the model performs in the network.
In Graph coloring the network can make the problem unsolvable, but in GFG the
number of ’unsolvable’ network structures is magnitudes lower in comparison.The
PM-model was evaluated in different types of networks, such as a ring, a random
graph and a scale free graph. The regularity and the degree was varied as well as
the average path length. These modifications yield varying results on the metrics
such as ACP and FCG. The different topological quantities for these networks and
the corresponding performances are depicted in the Table 1.

The results seem to hint that the ”flow” of the players, from the initial starting
position to a position that satisfies the player, in the network is the most affecting
variable in the metric of completion. Thus, the average path length and the degree
distribution (which are interconnected) affect the performance the most when varying
only the network structure. Additionally, if the network has ”bottlenecks” in terms of
single nodes connecting two or more interconnected groups, the performance of this
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particular model is hindered significantly due to the number of coordinated moves
required for one player to move from one group to another.
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6 The learning model
This section describes the q-learning style reinforcement learning model, which was
constructed for the purpose of evaluation of the possibilities of optimal game strategy
and behavior in the Group Formation game. The model is a simple multi agent
reinforcement learning model that considers the local information the agents and the
human players are provided with. Inspired by the q-learning model discussed in 2.4,
the model considers all the possible states as a combination of different categories,
thus making a generalization of the state space. As described in section 3 the number
of all possible states is vast and hardly intuitive for learning purposes. In a similar
fashion to the probability matching model described in chapter 5, generalizing the
different neighborhoods into a combination of possible action-values in a particular
state reduces the size of state-space significantly. For instance, in a game with 30
players, a regular network with degree 4 and 3 colours, the number of different sets
of neighbourhoods is 1160 (if all the alters are considered as independent sets), but
when generalized into different ego-alter sub-states the number is 400. Each these
possible sub-states is given a scalar value which resembles a bias to choose that
particular state out of the k possible choices. The action-state value gets update
according to the result of that particular choice.

The results of this model show that such a simple method is capable of teaching
the agents a way to reach the objective of the game in a reasonable time when starting
from initially random behavior, and that the rewarding for learning can be adjusted
for training the agents with an individualistic reward function. In addition to learning
from a blank state, the model can be combined with the PM-model as an additional
bias in the exponential function. Using the two models as a combination yields better
macroscopic results and faster convergence to the best achievable behavior.

6.1 The model
In order to construct the q-learning style model, the Group formation game should
be formulated as a q-learning problem. As discussed in chapter 2.4, "standard"
Q-learning problems consist of the state space S, action set A, policy π, reward V
and a mapping of the actions to states and rewards, Q(s, a) [70]. The stochastic
nature and the size of the game makes it unintuitive to map all the possible actions
and states, which is why a generalization of the mapping is needed. The number
of states grows as a function of the number of players and degree k, making the
space expand in an exponential way. Additionally, the structure and cooperative
aspect of the game itself are different from the learning method in terms of state
exploration, rewarding and continuity, making the model more about discovering
the underlying utility rather than strictly optimizing the action-values as the agent
might not encounter every possible state and the utility gained from each action is
not explicit due to the limited information.

In terms of states and actions, the game can be formulated as sets of categories,
where a category consists of ego’s cluster size and color, degree k and the colors
and cluster sizes of the k neighbours. A state in the game is the cluster size of the
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ego and the set of possible actions consists of keeping the current state and the
linked neighbours of different colour and their attributes. Thus, when the player is
requesting, the state a player is in at any given moment is S = si and the set of
actions A(S) = a0, (s1, c1), ..., (sk, ck), where a0 is the action of not requesting, sk is
the cluster size of neighbour k and ck is the number of neighbours with the same
colour as alter k. Similarly, when accepting the state of the player is S = si and
the set of actions A(S) = a0, (s1, c1), ..., (sr, cr), where r is the number of requesting
neighbours.

The learning model is constructed by assigning each agent an individual state
space tensor Msmax×smax×k, where each value is initialized as zero. The value in
each possible neighbour category is considered as a positive or negative bias for
that corresponding category. The mapping of states and individual actions into
the tensor M makes it possible to map the policy π at a specific moment as a
probability distribution P (ax). A difference to the other models depicted in this
thesis is that the learning model uses only single state-space mapping for both the
accepting and requesting, instead of two separate sets of parameters for the two
different action directions like in the probability matching model. The function for
deciding whether to make a request to a certain neighbour or to accept a request
from any on the neighbours is similar to the one used in the model with probability
matching (Depicted in equation 11). The set of possible action values are used as
the values in a multivariate logistic function. The probability for the ego (denoted i)
to send a request for a specific alter (denoted j) is

pij = e
Msi,sj ,ni(cj )

1 + ∑
j′ e

Msi,sj′ ,ni(cj′ )
, (11)

where Msi,sj′ ,ni(cj′ ) is the value of the point in the state space on the index of
ego’s cluster size (denoted si), alter’s cluster size (denoted sj) and the number of
other neighbours having the same color as the alter (denoted ni(cj)).

Depending on the outcome of the possible trade, the value in Msmax×smax×k is
updated by adding a fixed reward or subtracting a fixed penalty. The reward and
penalty are constants, but when added the value is multiplied by the scaled difference
in the cluster sizes of both ego and alter. Thus the applied penalty or reward is of
form

R = r
|st

i − st−1
i | + |st

j − st−1
j |

2 × smax

, (12)

where r denotes the penalty or reward constant depending on the outcome of the
interaction. In group formation game the penalty for a point in M is subtracted if
both sides of the trade have smaller cluster size after the trade. Otherwise a small
reward is added to the specific point. In graph coloring a reward is added to the
corresponding point in M if both sides of the interaction have equal or smaller cluster
size than they did before the trade. Otherwise a small penalty is subtracted.
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Figure 16: The method of how the agent performs the decision making.
The agent observes the environment and makes a decision. Based on the outcome,
which is also dependent on the environment, the agent weights the value of the trade
according to the gained utility.

6.2 Model training
In order to train the agents, some restrictions were made in terms of the network
topology. The degree of each node of the network was set to regular 4, making the
network a mesh with periodic boundary (torus). This restriction was later changed
and the method was generalized in a way that the state-action mapping remains the
same but the ni(cj) values greater than 3 were considered as 3. This generalization
helps to keep the size of M low and doesn’t affect the performance as the situations
in the chosen network (torus with small world links) where the ego would have 5
neighbours of same color are rare. The agents were initially each assigned with a
zero state-action mapping and they were left playing the game with given number of
rounds per game. One game in this scheme means more than a single iteration in
terms of learning as there can be any number from 0 to m updates for an agent’s
state-action mapping in a single game. The agents’ personal mappings M were
transferred between games, such that an agent starting a new game has the learned
mapping from previous games. Also, the mapping is constantly updated, meaning
that the agents are learning after every single interaction, regardless of the outcome
of the game. To prevent habituation, the network was reset with different small world
links and the players were shuffled into different initial positions after each game,
meaning that the same agent would be starting the games from different positions
and colours.

The baseline training model consisted of the q-learning style model starting from
a blank state-action mapping. The agents were placed in a regular d = 4 mesh
network with periodic boundary and small world links and trained continuously,
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meaning that the learning (updating the state-action mapping) happened during the
games.

At this point reward and penalty values were arbitrarily chosen pairs. The larger
penalty yields faster convergence to a saturated value in terms of ACP , but it also
yields smaller FCG. The reward and penalty values were explored by training the
30 agents with 1000 games and recording the average of the last 100 games. The
results of this reward space exploration are depicted in Figure 17. The results of the
scan show that the best results are reached when the applied reward is low and the
penalty is high. Thus the reward-penalty sets were arbitrarily chosen from the best
performing area as (2.8, 0.5) for the individualistic objective and (6, 0.006) for the
cooperative objective.

Results show that the initial setup with n = 30 players reached a saturation point
in terms of ACP in 500 games (Fig. 18). The average progress in the last 500 games
is 0.93 and the fraction of completed games in the last 500 is 0.43. These results
depict the model’s capability in learning the game and surpassing the performance
of the probability matching model. However, not all the games are completed within
the 21 rounds, which raises a question whether the combination of the probability
matching model and the learning model would have a better performance.

Degeneration of learning

When increasing the number of iterations the agents are trained with, one can see that
the average collective progress starts to decay with a small slope. This is an effect of
the reward and penalty values in the state-action mapping becoming dominating in
some game states, which results in the decision making becoming more deterministic
and thus "freezing" the system. Same kind of behavior can be seen if the parameters
in the probability matching model become too risk-averse. As can be seen from
the averaged heat map of the state-action mapping depicted in Figure 19, the most
positive states are magnitudes larger, meaning that in presence of such decision
possibility, the probability of choosing that particular action is overwhelmingly large,
making the game partially deterministic. Also, the highly negative values increase
the probability of keeping the current state as intended, but if the values in general
become too negative, the game "freezes". The problem of decaying performance was
corrected by applying a naive evolutionary method to the training. Once in t = 100
iterations, a single agent was eliminated and replaced with one agent having a blank
state-action mapping. This elimination method proved to be sufficient for stabilizing
the system in its saturation point. The resulting mappings are presented in Figure
19.

6.3 Combining the model with probability matching
Due to the similarity in the form of the decision function, the learning model’s state-
space mapping can be considered as a additional weight or bias in the probability
matching model. By training the agents with the probability matching model and
initially blank state-space mapping, the agents get better resolution in their decision
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Figure 17: The mapping of the average collective progress (top) and com-
pletion (bottom) by moving the values for reward and penalty between
0 and 3. The values are recorded from 100 games after training the agents for 1000
games. The heatmap shows that the area where the progress and the completion are
highest occurs when the reward is low and the penalty is high.
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Figure 18: The learning model trained for 3500 games with 21 rounds and
30 agents. As the learning progress reaches a point where the agents will not improve
as rapidly, one can see that the number of updates in terms of penalties is reaching
a stable point.

making space, as the variables in the state-action mapping are not exactly the same
as in the PM-model. Thus the functional form of the decision making process in
terms of player i sending a request to player j in its neighborhood is

pij = e
λ+α∗si+β∗sj+δ∗⟨scj⟩+Msi,sj ,ni(cj )

1 + ∑
j′ e

λ+α∗si+β∗sj+δ∗⟨scj⟩+Msi,sj′ ,ni(cj′ )
, (13)

And for not sending a request

pii = 1
1 + ∑

j′ e
λ+α∗si+β∗sj+δ∗⟨scj⟩+Msi,sj′ ,ni(cj′ )

(14)

As previously discussed, the accepting method is the same as requesting, but
with different parameter coefficients λ, α, β, δ. Using the probability matching model
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Figure 19: The learning model’s agents’ average state-action mapping M
trained for 25000 games with 21 rounds and 30 agents. The colour bar on
the right depicts the value of the points in the matrix. In this figure ni(cj) means the
number of neighbours of same colour in addition to the alter. (Bottom) the mapping
for the agents trained with the "evolution" scheme where a random agent is reset
once in a 100 games. (Bottom) The result without the scheme. A notable difference
can be seen in the maximum values. As the agents learn the "wrong" trades, which
results in a reinforcing feedback loop. This increasingly large weight for certain
actions makes the decision making more deterministic and eventually hinders the
collective progress. The "drop-out" scheme keeps the decision making probabilistic.
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as a baseline for the learning shows faster convergence in terms of ACP , but in terms
of given penalties the convergence is not as rapid, meaning that the agents are still
updating the weights in state-action mapping M . The improvements provided by
the learning model are significant in terms of completion and ACP when combined
with lesser performing sets of parameters such as the ones obtained from the first
experiment. When combined with the coefficients from Table 2, the learning model
is able to reach 97% ACP and 70% FCG.

6.4 Agents with individualistic reward function
In this section we evaluate the learning agents capability to model the Group
formation game with different incentive, the individual rewarding scheme. The
results of the simulations with the trained agents were used as a prior evaluation on
the effects of the incentivization on the progress of the game. Different thresholds
for obtaining points and also the length of the games were evaluated before the
experimental session was held.

In order to train the autonomous agents the rewarding and penalizing criteria of
the learning model was adjusted to fit the individual incentivization. Instead of being
rewarded according to the resulting cluster sizes of the ego and the alter, only the
number of points the player has determines the rewarding of the particular chosen
action. Thus the criteria for applying the update in the state-action mapping in the
individualistic scheme was based on the amount of points the agent had before and
after the exchange. This rewarding system here is the same as the one applied in
the second experimental session in chapter 4.3 (depicted in Table 3), thus raising an
interesting question whether the behavior and performance of the agents is similar
to the behavior and performance of human subjects in the experimental session.

The results from the simulations with trained agents show that the maximum
clusters are not achieved as frequently as in the collective game. The average number
of points reached in a single game was 16.97 and the fraction of games where the
players reached maximum points was 0.438 (ACP = 0.923), which indicates that the
agents are able to learn the game with the changed reward function, but also that
the reward function reduces the ACP of the games, meaning that the agents truly
prioritize their own cluster size and points. From these results we decided that in
order to keep the game challenging, the thresholds for points should be the ones in
Table 3 and the number of rounds should be 15. Longer games in the simulations
tended to reach the maximum, or close to maximum cluster very frequently.

In the second experimental session the human subjects were paired with coop-
erative autonomous agents in two of the treatments. These agents were using the
probability matching model with the fitted parameters from the first experimental
session (see Table 2), thus acting cooperatively in order to maximize all the clusters.
For prior evaluation of the experimental design we simulated the game using different
distributions of cooperative and individualistic agents in the groups of the game.
When using the same hybrid group structure as in the hybrid experiment’s treatments
B and C (see 4.3) the results show a minor difference to the experimental results
(average of 15 points rewarded for each game). It was also noticed that increasing
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Figure 20: Learning model combined with the probability matching model.
The colour bar on the right depicts the value of the points in the matrix. In this
Figure ni(cj) means the number of neighbours of same colour including the alter.
(Top) The training progress of the agents as a moving average with a window of 50
games. (Bottom) The resulting state-action mapping M for training the bots. The
colour bar on the right depicts the value of the point in the matrix. The stability
rule was not used in the simulations. The most destructive states can be seen as
the most negative values, meaning that the probability to choose those actions in a
particular neighbourhood is close to zero.
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the amount of cooperative agents in a game with individualistic agents increases the
average collective progress and the number of points obtained, when compared to
games with only individualistic agents. This increase is expected as the objective
of the game is not completely selfish and because a group with full cooperation the
agent can still obtain the full reward.

6.5 Training the agents using the experimental data
Inverse reinforcement learning as described in chapter 2.4, considers the phenomenon
that has already taken place, thus inverting the self-play aspect of the usual reinforce-
ment learning paradigm. The agents in the learning data have a prior state-value
mapping, as humans usually do, and thus the result can be considered as an imple-
mentation of the learned prior policy. For instance, one can consider the performance
in the game as the area in the training update curve in Fig. 18, where the number
of updates is low and the agents are mostly using the prior knowledge to advance
the collective progress.

One major restriction caused by the definition of the inverse reinforcement learning
is that the number of updates is limited to the amount of data, making training
every agent with individual state-action mapping ineffective. The solution to this
particular obstacle is to train the agents by applying a single state-action mapping M
for all agents. The mapping M is initially zero and after each trade in the games the
end result is evaluated and the same mapping is updated for both the acceptor and
the requester according to rule and the value shown in equation 12. The resulting
mappings are depicted in Figure 21. As expected, the performance for the agents
trained collectively with the inverted learning method is not as good as it is for the
agents trained individually for numerous iterations. Low sample size obtained from
the experimental sessions results in missing states in the mapping M , as all the
possible states are not being presented in the experimental data used for the training.
The same categories can appear in the data as they do in the validating simulations,
but due to those categories not being accepted or requested, the mapping is not
updated for them.

6.6 Evaluating the model
The model presented in this chapter not only has multiple advantages over the
probability matching model, but it shares many common features and formalities
that are present on the probability matching model. The main advantage of the
learning model is that it is capable of learning the different rewarding schemes and
has greater flexibility in terms of different states in the game. Also the trained
this way can be also heterogeneous, which allows the analysis of different coexisting
strategies. The main disadvantage is that the model requires a lot of experimental
data for replicating the observed behaviour sufficiently, as it does not generalize or
fit any functions to the data.

In order to evaluate the flexibility of the model further, it was tested in the graph
coloring game. The game is described in chapter 2.2 and the same rules apply. The
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agents were put into a initial configuration of maximum clusters and the training
was conducted with 2500 games. To fit the training scheme for graph coloring, only
minor adjustments were required as the environment and the agent observational
requirements remained the same. The reward criteria was inverted so that the reward
was applied if the cluster sizes of both the ego and the trading alter decreased and
otherwise the penalty was applied. The learning agents were able to reach full graph
coloring in 6.7% of the games with 30 players and 45 rounds. On average the network
was 82.0% graph colored. The same completion for the probability matching model
was 0% of completion and 55.3% average progress.

Learning agents in probability matching feature space

The q-learning style agents were trained over periods of 100, 500, 1000, 2000 and
3000 and after the training period the moves of 50 games were recorded similarly to
the data recorded during the experimental treatments. After the data was recorded,
the similar categories were analyzed and collected in terms of cases when the request
was sent or not sent. The behaviour of the learning agents is evaluated in the same
parameter space as the PM-model (α, β, δ) shows that the results obtained from
fitting the logistic regression are comparable to the probability matching model to an
extent. As the agents are on the early stage of the training the parameters of β and
δ are insignificant corresponding with initial the random behavior, which results in a
bad fit for the logistic regression. The partial insignificance and smaller magnitude
of β and δ also indicates that the heterogeneous agents have more variability in the
decision making, which also gives the probability matching model a bad fit. The
corresponding p-values for those parameters are > 0.01 in the training periods < 2000
for both requesting and accepting. As the number of training games increases the
parameters start to close towards the correct signs and the values obtained from
the first experimental session. Once the agents were trained for 3000 games, the
magnitude and signs are close to the experimental parameters, but using those values
with the probability matching model does not produce equal results to the original
q-learning. The difference in performance shows that the q-learning style model has
a different method of solving the problem and the collective of agents cannot be
reconstructed in uniform fashion using the probability matching method. The results
of fitting the learning agents’ behaviour with the probability matching model are
depicted in Table 6.
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Table 6: The fitted parameter values for the learning agents trained with
different number of rounds. The agents were trained for n games after which 50
games were recorded and the probability matching model was fit to the data. The
top table depicts the requesting and the bottom table the accepting.

n αr βr δr λr

100 −4.76(±0.16) −0.57(±0.40) −0.74(±0.42) 3.46(±0.14)
500 −3.42(±0.13) −0.69(±0.51) −1.43(±0.53) 2.71(±0.11)
1000 −2.64(±0.12) −0.28(±0.54) −2.42(±0.56) 2.34(±0.01)
2000 −1.76(±0.13) −0.64(±0.43) −3.36(±0.45) 2.60(±0.10)
3000 −2.28(±0.12) −5.13(±0.54) 1.48(±0.56) 2.47(±0.01)
n αa βa δa λa

100 −3.00(±0.14) 1.72(±0.37) 0.92(±0.39) 0.88(±0.08)
500 −4.28(±0.17) −2.02(±0.58) 2.84(±0.60) 1.38(±0.01)
1000 −4.07(±0.165) −0.52(±0.58) 0.53(±0.59) 2.01(±0.11)
2000 −4.33(±0.18) −1.32(±0.61) 0.87(±0.63) 2.45(±0.12)
3000 −5.05(±0.21) −3.27(±0.66) 2.81(±0.67) 2.91(±0.14)
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Figure 21: The resulting state-action mapping M from teaching a single
agent with all data in the individualistic experiment (top) and the coop-
erative experiment (bottom). The colour bar on the right depicts the value of
the point in the matrix. In this figure ni(cj) means the number of neighbours of
same colour including the alter. The mappings show that some of the states rarely
appeared in the experimental sessions which results in poor simulation performance
when using the mapping with agents. The main difference is the distribution of
values. The state-action values for the cooperative game are more positive, indicating
that the resulting utility of the trades in the particular points was positive.
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7 Discussion
In this thesis I have described and analyzed a novel network-based game, the group
formation. This game was designed for understanding the human cooperation and
decision making in a limited information game while trying to reach the given
objective and obtain the rewards. For the experimental sessions we implemented an
online application for the game. The human experiment had a cooperative objective
and based on the experimental results a probability matching model was constructed.
This model was then used in the hybrid experiment alongside the human subjects.
Finally, an agent-model based on q-learning was implemented and used as a tool for
evaluating the strategies and objectives in the experiments.

The results from the experiments show that in general the human players are
able to process complex information about their neighbourhood as well as take into
account global information about current maximum cluster sizes. The players seem
to understand well both the cooperative and individualistic objectives of the game.
In order to achieve the desired outcome the players coordinated their actions such
that an exchange is done if it is beneficial for the objective of the game. This is
evident from the numerical analysis done in Chapters 4.2 and 4.3 and also from
the players eventually achieving the full reward in both experimental sessions. The
results from the surveys applied after the experiments also confirm that the human
subjects were evaluating the usefulness of the provided information similarly to the
results of our analysis and also understanding the given objectives sufficiently (See
Supplementary A, B).

In the model based on probability matching the dynamics of fragmentation and
formation of clusters depend on the value of coefficient α. A negative value of α makes
larger clusters stable and increasing the magnitude makes the clusters inactive and
render exchanges impossible. In this particular area of decision making the human
subjects expressed near optimal performance. In the fully cooperative experiment
the value of αr for the requesters in the fitted model is close to the optimal in the
simulated parameter space (Fig. 13). In the hybrid experiment with individualistic
goal, the measured value of αr was more negative than in the cooperative experiment,
indicating that the larger clusters were more inactive as was expected from the
incentivization. Overall, the parameter value can be understood as strategies of
human individuals for engaging in coordination when risks are present [64].

In terms of the rationality in the decision making the subjects displayed in the
experimental sessions, the utilization of the local information seems to be limited,
which in the case of the fully cooperative game can be seen in Fig. 13 (left). From
the parameter exploration (Chapter 5) one can see that larger magnitudes of the
requester parameters of βr and δr would have yielded better progress and completion
according to the simulations. The decision making with higher magnitudes of βr and
δr could be considered ‘wiser’, as it prioritizes the decision of choosing the correct
neighbour with lowest cluster size and largest utility resulting from the trade. In
comparison to the fully cooperative experiment, the individualistic experiment in
general had the values of βr and δr magnitudes smaller than the same values in the
cooperative experiment. The difference stems most likely from the different objective,
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where maximizing all of the clusters is not as significant as forming the player’s
own cluster. The analysis in this thesis focused more on the requesting side of the
interaction, because most of the times the acceptors receive only one request and the
decision is limited to agreeing or disagreeing to exchange places.

When playing with cooperative agents in a hybrid experiment, the human subjects
tended to act less selfishly, as the obtained value for αr was significantly lower than
in the game with only humans. In addition the values for βr and δr were higher
but less significant. These differences in observed behaviour could be the result of
the noisy decision making and the cooperative agenda of the agents. In order to
maximize their own reward, the human players had to be more cooperative towards
the agents as the agents’ agenda was to reach the full configuration in the network.
To show that the difference in behaviour is significantly resulting from diffusion of
behaviour from the cooperative agents would require either additional experimental
sessions or a more accurate framework for analysis. However, the change in behaviour
when agents with different agenda are present has been shown in previous research
([14, 56]), indicating that the idea should not be excluded but researched more in
depth.

The two models described in this thesis were constructed for the purpose of
extracting the behavioural aspects of real human subjects and for comparing other
possibilities with respect to the parameter values. The probability matching model
described in Chapter 5 is the more descriptive of the two and suits these purposes
well. In simulations, the second model based on the learning agents in Chapter 6
complements the probability matching model, as it is able to increase the heterogeneity
of the agents and weights individual states in the game with more precision. For
evaluation of the behaviour of human subjects the probability matching model’s
space of possible parameter values was scanned and sets of better performing values
were gathered. In comparison to the extracted human parameters the values of the
explored sets of parameters are of larger magnitudes, making the decision making less
prone to inefficient interactions. However, when evaluating the learning agents in the
probability matching parameter space, the results are closer to the human subjects’
parameters than the better performing sets, indicating that the subjects’ decision
making is heterogeneous and noisy. Other types of models were also tried during the
process. Models such as a simple neural network model (multi-layer perceptron) were
considered, but discarded due to either having good fit on the data but insufficient
capacity for generalizing over the different states in the game or by overlooking some
of the important dynamics the game requires in order to reach the given objective.

Regarding the design of the experiments, the choice of the used network based
on achieving the game’s objective in a limited number of rounds while maintaining
a certain level of complexity. This is crucial in terms of the practicality of the
experimental session. While it would be interesting to have more complex structures,
the players would most likely either lose interest on the game as constant progress
would be more difficult to achieve. Also, the player’s perception of location in the
network is limited if the topology is more complex. In addition to considering the
subjects’ experience of the game, we performed preliminary agent-based simulations
on other topologies (Chapter 5). Networks with random structures or structural
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communities [4, 21, 19] revealed extra complications and bottlenecks for the players.
In general, non-regular networks with varying neighborhoods were shown to increase
the difficulty in facilitating movement. Overall, the simulations allowed the assessment
of the different number of colours, layouts and possible number of long distance links
that could enable solving the problem in a limited number of rounds, while keeping
the game interesting and sufficiently complex.

There are limitations to the study as both of the experiments described in this
thesis were performed with a limited number of subjects and thus the behaviour
captured via the coefficients in the model will replicate the characteristics of the
limited sample, which is why the results may not be universal. For a different group
of subjects the individual coefficients may be different while the overall behaviour
may still be close to optimal. However, there is no guarantee that the results obtained
with the probability matching model would be entirely different with a different set
of players. Overall, we expect the broad concepts in terms of the strategies and
effects of different treatments revealed in this study to apply more or less universally
to different sets of players.

The future research related to the group formation game would include obtain-
ing more experimental data either by organizing more experimental sessions or by
implementing a crowd sourcing platform online. Developing new and more precise
frameworks for modelling and measuring the experimental behaviour could reveal the
decision making process and dynamics of cooperation more extensively. In addition
to further development of the analysis framework, it would be interesting to generalize
the model and results of this thesis on a real world phenomenon in order to gain
further insights into the underlying mechanisms of human behaviour and decision
making.
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