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Abstract—Cooperation can be seen as the ultimate goal in
any climate change agreement. However, this is not always easy
to achieve because there is a clear temptation to free-ride and
acquire all the benefits of the deals, without any individual
investment or effort. Using a multi-agent system where agents
play a public goods game and revise their strategies through
reinforcement learning, we simulate how countries may cooperate
and avoid falling into the tragedy of the commons. We are inter-
ested in investigating in which conditions cooperation between
agents emerge and become stable in the long run. We explore
several types of group configurations, learning configurations
and the role of several kinds of external factors that augment
uncertainty. We show that within smaller groups cooperation is
easier to emerge and individual contributions to a common goal
increase. Our model suggest that agents can cooperate when
subject to an uncertain objective or to errors, but only if the
variance/errors are low. Finally, we show that when agents are
created with different levels of wealth, the decision of cooperating
shifts to rich agents that have the power to achieve the goals
almost by themselves. Remarkably, even though the agents do
not have any communication system, they were able to converge
to the same contribution level, showing that agents can learn
independently to play fair (egalitarian) strategies.

I. INTRODUCTION

A. Problem Introduction

One of the greatest challenges that can impact the global
economy and affect millions of persons around the world
is Climate Change. However, countries historically avoided
finding a solution to this problem, because it would both
require global cooperation which implies short-term economic
losses. Not reaching the goal, however, will make the whole
world face the risk of a huge human, ecological and economic
losses [1]. This is a prime example of the Tragedy of the
Commons and of a Social Dilemma. We face the Tragedy of
the Commons when we have a shared-resource (in this case,
the environment) and the users of this resource act only on
their self-interest, which will result in the depletion of the
resource, that is contrary to the interest of all.

To avoid the Tragedy of the Commons, large scale coop-
eration is required between all countries and ideally, nobody
should free ride an agreement. A free rider is an entity that
does not contribute to a solution of a problem but collects
the benefits from other contributions. Free riding is often
considered one of the main risks to human cooperation, which

can drive the population to the Tragedy of the Commons [2],
[3]. The lack of cooperation on the issue of climate change
is also explained by it being a Social Dilemma: an individual
benefit from being selfish, unless all other individuals also
choose to be selfish.

In this work, we explore how simple agents can learn
to avoid the Tragedy of the Commons, resorting to a
decentralized process of individual learning and in the
contexts pertaining the actual climate negotiations. These
incentives study will be made by analysing the problem
using Game Theory. Game Theory the discipline that studies
strategic interactions between individuals and provides a very
well-studied framework to analyse the incentives and predict
outcomes for our problem. There are many examples of use-
cases for this framework. One of the games typically studied
in Game Theory is the Ultimatum Game.

The Ultimatum game is a two-person game, where one plays
the role of the proposer, and the other plays the role of the
responder. Before each play, the proposer is endowed with
some resource and must propose a division with the responder.
The role of the responder is to reject or accept the offer.

Game Theory can also be extended to support N-person
games instead of the traditional two-person game. This creates
a new complexity layer because we need to analyse the
behaviour of a group that is playing against a player, or even
against another group.

One possible generalization of the N-person game is to
make what is called a Public Goods Game, where tradition-
ally we have a group of N players that can contribute to a
common pot with a percentage of their wealth. At the end of
each game round, the amount in the pot is multiplied by a
factor and distributed evenly by all players, even with those
that do not contribute to the pot. Players are faced with a
dilemma: they are better off individually if do not contribute
to the pot because they still would get a reward with zero
effort. However, if all players chose to proceed in the same
way, by not contributing to the common pot, then nobody
would receive any reward.

Another interesting use of Game Theory is when we take
the concept of Charles Darwin’s Evolution Theory and mix it
with traditional Game Theory. In Evolutionary Game Theory
(EGT) each player has a fitness value (average reproductive



success) and all players are competing to get the largest share
possible of descendants [4].

We will use and adapt several of these discussed concepts
and integrate them in our system.

B. Solution Introduction

For our application, we will create a model that is inspired
by all these three types of games: the ultimatum game (with
continuous strategies), the N-person game and the public
goods game. We will have a game where a group of players
decide to contribute a percentage of their wealth to a public
pot. If the common pot by the end of the round reaches at least
a certain threshold, then agents can keep whatever amount
of wealth they have left. If the agents are not able to reach
the goal, then they face the risk of losing all their remaining
wealth. Then, instead of reproducing the most successful
agents, we will use a reinforcement learning algorithm that
will allow agents to learn which strategies to play against other
players, allowing agents to learn with their own failed and
successful strategies. There are many different reinforcement
learning algorithms available, but all have the same basic func-
tionality: if an action received a positive (negative) feedback,
then that action will have a bigger (lower) probability to be
picked again in the future.

We must consider that humans are not fully rational, nor do
they will always play the best possible action on every game,
so we will also introduce several mechanisms that try to close
the gap between fully rational virtual players and humans.

In the next section we will present some of the previous
work done in this field. In section III we will discuss our
methodology and the model used to obtain the results exposed
on section IV. Finally, on section V we make some final
remarks and discuss some of the future work.

II. RELATED WORK

In this section, we will start by stating some basic concepts
to make it easier to fully understand our motivation, design
decisions and implementation.

A. Background Theory

1) Game Theory: Game Theory is a mathematical frame-
work that studies the social interactions and strategic be-
haviours between agents [5] and gives us a systematic method
to study the decision process of rational agents. One of the
most well-known game it is the 2-person Prisoner’s dilemma.
The Prisoner’s dilemma is a simple game where two agents
can only make two possible actions: cooperate or defect [6].
The payoff of each agent is given in Table I where T > R >
P > S.

Table I: Payoff of the row player in the Prisoner’s Dilemma,
where T > R > P > S

Cooperate Defect
Cooperate R S
Defect T P

Because of T > R and P > S, there is a high incentive of
an individual agent to defect because his payout will always
be bigger, independently of the other agent’s play. Another
type of game is the Public Goods Game, which corresponds
to a multiplayer Prisoner’s Dilemma. This game is played with
more than two agents that decide how much of their wealth
they want to contribute to a common pot. The sum of all
endowments constituting the pot is then multiplied, and all
agents (even if they did not contribute) receive an even share
of this final value minus their contribution. Again we see that
agents that do not contribute can collect larger rewards than
agents that contribute, so there is a strong incentive to defect,
that is, to not contribute at all. But how can we study how
rational agents will behave in this game? One easy way is to
identify the game’s Nash Equilibrium. The Nash Equilibrium
concept is a crucial one in Game Theory. We say that we
have a Nash Equilibrium in a game when no single player
can get a bigger payoff by changing their strategy (play)
if the other players keep their current strategies. When this
happens, no rational agent would change their strategy without
any guarantees that the other player will do the same. These
concepts are important in order to understand the results of
simulations in multi-agent systems.

2) Agents and Multi-Agent Systems: Let’s start by defining
an agent: An agent is an autonomous entity, in our case a
virtual entity, that makes an action, using actuators, according
to given inputs (percepts) in its sensors and in accordance
with what the agent thinks it is the state of their environment
and other internal state information. There are many types of
agents, one of the most simple is a reactive agent. A reactive
agent is an agent that only reacts directly to some stimuli on
one of its sensors.

A more sophisticated variant of an agent that implements
an artificial intelligence algorithm is a learning agent. The
learning agents receive percepts in their sensors; it analyses the
received information and runs it through the learning compo-
nent that suggests an action to be realised in the environment.
Ideally, the agents can receive immediate feedback from the
environment and learn from the action that was done. This is
the type of agent that we will use on our system. We will
create several agents (forming a multi-agent system) that will
learn by playing with each other.

A multi-agent system is a system where several agents
interact with each other in the same environment. The in-
teraction between agents may be direct, for example using
communication, or indirect, by acting on a shared environment
where the agents are inserted. Multi-agent system can be
applied with different agendas and goals. Our agenda is often
called a "descriptive" one by the literature because we are
interested in how agents learn in the context of other learners
[7].

With this work, we have the goal of applying a formal
model and algorithms that agree with people’s behaviours
in laboratory experiments within the context of our problem
[7]. There were several social experiments involving threshold
games, cooperation and game theory. We will discuss some



of these experiments and their most important results and
conclusions.

A Threshold game is a game where a set of players make
a contribution to a common pot and their final earnings are
conditioned on achieving a given total sum. We will illustrate
with a similar but simpler version of a well-known Threshold
game [3].

We can have three players playing a ten round game. Each
of them starts with 40e, and on each round, he or she can
decide to donate to the common pot anonymously 0e, 2e
or 4e. If by the end of the game the common pot is at
least 60e (this value is called "threshold"), every player can
keep what they have for themselves, otherwise, there is a
50% chance of them losing everything [1]. Notice that the
contributions already made are not recoverable, the players
do not know who contributes with what amount and there is
no communication between them. To achieve the threshold in
these games, the players have to be motivated to contribute,
and typically this means that either the reward of reaching
the threshold is significant or they face a penalty if they fail
to reach the threshold.

Much work has been done about how players (both
humans and virtual agents) interact with each other when
faced with several types of threshold games. In this section,
we will discuss previous work related to this subjects that are
relevant to our work. We start by discussing how multi-agent
systems are used in the research environments. We will also
talk about the impact of risk on human decisions, the role of
fairness and wealth inequality on cooperation.

B. Evolutionary Game Theory

Evolutionary Game Theory mixes two familiar concepts:
The Charles Darwin’s Evolution Theory and Game Theory. In
this context, we have a population of individuals, each one
with a fitness value (average reproductive success) and all
players are competing to get the largest share of descendants
[4].

If we have some individuals with a trait X that are more
successful than the individuals with the trait Y (have the
biggest fitness) then natural selection will lead to an increase
of individuals with the trait X within the game population. If
the individual’s fitness with the feature X does not depend on
the individuals with trait Y, then all population will gradually
be entirely composed of these individuals, but “if the success
of a trait is frequency-dependent, then its increase may lead
to a composition of the population were other variants do
better; this can be analysed by means of game theory” [4]. One
practical example of this situation in nature is the prey/predator
relationship. If the prey is abundant, then the population of
predators will increase, reducing the prey population. When
the prey population is critically low, predators cannot feed
themselves, and their population starts decreasing while the
prey population increases until an equilibrium between both
populations is met [4].

Like in biology, we can also introduce mutations to our
population equivalent to an exploration rate in learning dynam-
ics. Within each game, players will have a small probability
from suffering from a mutation in their game strategy. This
mutation mechanism can create new population dynamics, by
introducing strategies that were not previously present in the
population [4].

For our problem, Evolutionary Game Theory is impractical
to implement, because there are too many actions that an
individual can do (too many traits) that would require a
significant population that would need to play all together
at the same time, thus requiring a vast information exchange
between individuals, consuming far too many resources. A
more appropriate solution is to use a set of learning virtual
agents in a multi-agent system.

C. Virtual Agents and Multi-Agent Systems

Learning in multi-agent systems is almost as old as game
theory itself. As an example, in 1951 a learning algorithm was
proposed for calculating equilibria in games, which originated
the today famous fictitious play learning model [7]. In this
section, we will make a short overview of how multi-agents
systems have been used and what they try to accomplish.

Artificial Intelligence is a vast field of work, and as such,
it is impossible to state here all the related work done with
multi-agent systems. However, Multi-Agent systems literature
was pointed to fit in one of five distinct agendas and goals [7]:

1) Computational
2) Descriptive
3) Normative
4) Prescriptive, cooperative
5) Prescriptive, non-cooperative
Our work fits on the Descriptive agenda. The goal of the

descriptive agenda is to investigate formal models of learning
that agree with people’s behaviour and to study how agents
learn when interacting with other agents [7]. We are not only
interested in the game solutions or at its Nash Equilibriums,
but we also want to observe how agents interact, how they
can cooperate. To study these interactions, we will try to get
a virtual environment where we can extrapolate behaviours
to the real world and obtain relevant information about how
we should behave to accomplish the same objectives as our
agents.

Agents can interact between themselves in many different
ways, some agents can have repeatedly interacted with the
same agent, others can be subject to play with different agents,
every game. These different interaction mechanisms require
different approaches and strategies by the agents.

D. Interaction Mechanisms

There are several mechanisms [8] that affect how agents
interact with each other and can increase the chance of
the emergence of cooperation in humans. All people have
a cultural and social context and might have learned that
many social interactions may be repeated in the future, so
it is useful to cooperate now, in order to collect the benefits



from others in the future, this is called the "social heuris-
tic hypothesis" [9]. These and other human behaviours are
necessary to comprehend in order us to construct the best
computer model possible. All this can be summarised in a
single sentence: "Humans are not entirely rational". There are
five main interaction mechanisms: direct reciprocity, indirect
reciprocity, spatial selection, multilevel selection and kin
selection [6]. For our work, we will only discuss the two most
relevant interaction mechanisms: direct and indirect reciprocity

Direct reciprocity is perhaps the easiest to understand of
the five different types of interaction mechanisms. If player
A cooperates with player B, then player B will cooperate
with player A, however if player A defects player B, player
B will do the same to the other player, defecting. This
incentives players to promote long-term cooperation because
defecting can be spotted and, in the long-run, punished through
reciprocation. Notice that this type of cooperation mechanism
only works if the same players are interacting with each other
several times, but in the real-world sometimes this is not the
case. For example, when we shop online, we may choose a
seller that we never interacted with, how can we tell if the
seller is trustworthy? To solve this problem, many online shops
offer reputation systems.

In indirect reciprocity, each agent has a "reputation", and
in each interaction between two agents, a 3rd party (may be
another individual not directly involved in the game) gives
or removes reputation of an agent based on his action. If
an agent cooperates, his reputation increases, if defects then
the reputation decreases. Of course, this system only works if
all individuals have a communication system where they can
obtain the reputation value of other agents. This way, before
playing, an agent can check the other player reputation and
play accordingly. "My behaviour towards you depends on what
you have done to me and others" [6].

However, even when these interaction mechanisms are in
play, reaching a consensus is not always easy. The situa-
tion is even more challenging when agents are not certain
about the outcome of their actions. In fact, several real-world
interactions - such as those characterizing climate change
negotiations - comprise a large component of risk. In the next
section, we introduce the role of risk in collective dilemmas.

E. Impact of risk in collective endeavours

Regarding the climate change, there is a dilemma: emissions
reductions will be required by all countries and entities, but
this will have a short-term negative economic impact. The
failure to meet these reduction quotas will make the whole
world face a risk of a massive human, ecological and economic
losses [1]. This is a classic example of the "tragedy of the
commons".

Because climate change agreements exist to avoid the con-
cretization of these risks, we shall make a small modification
to the general public goods game until now discussed where
some agents contribute to a public pot and then, if a minimum
amount is reached, the pot is shared evenly to all agents. This
method does not fit the climate change agreements model

because countries contribute to a public pot to avoid being
affected by climate-related disasters. One common model used
in collective-risk dilemmas is one where agents will still
choose if they want to contribute or not to the public pot
and they will always receive a reward minus their contribution
(independently of the pot value or if the minimum amount was
reached or not). However, if the pot failed to reach to minimum
value threshold, there is a risk of all agents losing their wealth.
In the particular case of climate change, the efforts to prevent
future losses depend on how likely these losses are perceived
to be. This way, it is imperative to talk about risk.

In this context, we will speak of risk as the probability
that agents lose all their wealth due to failure of meeting the
contribution threshold to avoid the catastrophe.

Manfred Milinski, et al (2008) [1] did an experiment where
subjects were given at the start of a 10-round game (with six
players) 40e and on each round, players could contribute with
0e, 2e or 4e. If by the end of the game, the common pot
had 120e or more, then all players could keep the remaining
money for themselves, otherwise they would face a risk of
10%, 50% or 90% of losing all the remaining money. The
author concluded that with bigger risk perception (90%), half
the groups would achieve the goal of 120e in the pot. This
contrasts with only 10% of the groups achieving the same goal
when the risk was 50%. No group was able to achieve the goal
with a 10% risk. This shows that even the risks are high, there
are some difficulties in cooperating with other players that we
do not know.

In this experiment, if all players contributed on each round
2e it would be enough to let all players to take home 60e
each. This contribution of 2e is the fair contribution, because
nobody would contribute more or less than any other player
in the game. However we can see that the goal of 120e was
not reached in some games, thus making the study of fairness
in human behaviour very important to better understand these
dynamics.

F. Fairness and learning

Fairness plays a significant part in human behaviour; it
sometimes forces humans to make non-optimal decisions and
creates unexpected outcomes [10].

An effortless way to observe this phenomenon is by watch-
ing people playing the Ultimatum Game. The Ultimatum game
can be a two-person game, where one plays the role of the
proposer, and the other plays the role of the responder. Before
each play, the proposer is endowed with the same resource
and must propose a division with the responder. The job of
the responder is to reject or accept the offer. If the proposal is
rejected, then none of the players earns anything, otherwise,
if the proposal is accepted, then each player will split the
resource per the proposal.

In this context, only an equal resource division is considered
to be fair. If humans were totally rational, the responder would
accept any offer, because any offer, does not matter how
small it is, is better than rejecting the offer and ending up
with nothing; the proposer would not fear to have his or her



proposal rejected, so he would offer the minimum amount
possible [10].

However, this is not what happens when we see people
playing this game; humans tend to reject low offers and by
doing that, manage to get better and even fair offers in the
future [10]. Regular equilibrium analysis neglects this typical
human behaviour, so it is necessary to use other techniques.
One such technique is reinforcement learning, using the Roth-
Erev algorithm which has been successfully used in mod-
elling human learning in well-known interaction paradigms
very similiar to the one that we have in this work [11].

This algorithm works in an intuitive way. When an individ-
ual k chooses an action to play, it will reinforce the use of this
strategy depending on the payoff gathered in that play. Higher
gains in a game will increase the probability of this action
being picked later. Over time, all other strategies and their past
payoffs will be forgotten, the speed of which previous plays
are forgotten is determined by the forgetting rate constant.

Other features that can be implemented with this algorithm
are for example, an error rate or the local experimentation rate.
The error rate is an exploration mechanism and is defined as
a probability that an agent picks a random strategy, ignoring
his experience. Local experimentation is another exploration
mechanism that allows agents to play strategies like the
ones already played. These features capture some essential
properties of human learning, the Law of Effect [12] and the
Power Law of Practice [13].

The Law of Effect simply states that humans tend to
reinforce the use of previously used successful actions and
the Power Law of Practice states that learning curve for a
given task in a human is initially steep but over time becomes
flat [10].

Is not always easy to learn how to be fair, specially if the
agents are not created equally. Like in real-world, some agents
are richer and have more resources than others.

G. Wealth Inequality

Previous failures to reach a consensus in several climate
summits have been attributed, in part, to conflicting policies
between rich and poor [14].

In 2014, Vitor V. Vasconcelos, et al [14] published a
paper where they analyse the impact of wealth inequality
in a repeated threshold public good game using computer
simulations.

All games featured groups with a fixed size (six agents
each). All individuals belonged to one of two possible wealth
classes: the "rich" or the "poor". The population was consti-
tuted by 80% poor and 20% rich, values that were chosen
based on the idea that 20% of the world’s wealthier countries
produce approximately the same gross domestic product as the
remaining 80% [14].

One of the goals of this study was to see the impact of
homophily (tendency of agents to copy only the actions of
the agents with the same wealth status) and concluded that
whenever the rich and the poor are evenly influenced by

anyone else (no homophily), cooperation and group achieve-
ment (percentage of games that reached the threshold M ) are
greater for any risk value experimented. However, when in the
presence of homophily, the chances of success are generally
below the changes without any wealth inequality mechanism.

After these careful analysis of the previous studies in this
field, we can introduce our model.

III. MODEL

In this work, we will implement the Roth-Erev Reinforce-
ment Learning algorithm (already discussed in II-F). This
algorithm has several advantages over other reinforcement
learning algorithms:

1) Was successfull in modelling human learning in well-
known interaction paradigms [15]

2) Captures two important human learning properties: The
Law of Effect [12] and Power Law of Practice [13].

3) Works in an intuitive way.
4) Easy to implement.
The Roth-Erev algorithm basically says that when an indi-

vidual k chooses an action to play, it will reinforce or not the
use of this strategy depending on the payoff gathered in that
play. If the reward is positive, then this action will tend to
be repeated in the future, otherwise, if the reward is negative,
the action will be less played. In the case that the reward is
zero, the play will be neither reinforced neither discouraged.
The sum of these rewards is kept in a propensity vector. This
propensity vector must have the same size as the number of
available actions that are possible to be played by each agent.
More formally, for each agent k, we have a propensity vector Q
of size V, for any given timestamp t. The agent on timestamp
t + 1 will make an action i and receive a payoff P for that
action.

Qki(t+ 1)

{
Qki(t) + Pi k played i

Qki(t) otherwise
(1)

The above formula 1 states that the unique value of the
propensity vector that will be updated corresponds to the
position of the played action.

The values contained in this vector are not probabilities,
but they must be transformed into one because the propensity
vector represents the score of each action and actions with
bigger scores must have a bigger probability of being played
in a game. This can be done by normalizing the propensity
vector [10]. The chance that individual k picks the strategy i
at time t is given by:

ρki(t) =
Qki(t)∑V
n=0Qkn(t)

(2)

This formula has a problem: the sum of values in the
propensity vector must be bigger than zero. For our purpose,
we considered that if the sum is indeed zero, then the action
to be played will be the first one on the propensity vector.

The two formulas above (1 and 2) are the basis of the Roth-
Erev algorithm: the first one tells us how each played action



change our knowledge (represented by a propensity vector)
and the second formula how can we transform that knowledge
into probabilities for future actions. Initially, before any game,
all agents must have their propensity vector initialized. This
is done by applying one of two possible methods:

1) Random Values: initialize the vector with random values
in the range of [0, 1[ using a linear distribution

2) Single Value Bias: initialize the whole vector with zeros,
except in one single position that is initialized with a
value bigger than zero, forcing the agents to start their
game by playing that strategy.

With the discussed mechanisms we have a very simple ver-
sion of a working reinforcement learning algorithm, however
humans are much complex. Simulating the Human brain is
by itself a whole research field and out of scope for this
project. Without dwelling on the particularities of human
complex thinking, here we are concerned with studying the
dynamics that emerge during the interaction of many learning
agents. Notwithstanding, we capture possible deviations to
the learning model previously presented by introducing two
features:

1) Errors. Humans sometimes make mistakes or like to try
new unknown strategies

2) Forgetting. With time, less practised strategies will
slowly be forgotten. This will by represented by γ (0 ≤
γ ≤ 1).

3) Local Exploration. When receiving a positive (negative)
reward for playing a strategy, will make similar strate-
gies more (less) likely to also be played. This will be
represented by ε (0 ≤ ε ≤ 1)

All these three characteristics above help us to obtain more
realistic results and even solve some technical problems. For
example, without forgetting we could have an action that
would never receive negative payoffs. This could eventually
cause an integer overflow on our propensity vector. Incorpo-
rating these new features into out formula we obtain:

Qki(t+ 1) =


Qki(t)(1− γ) + Pi(1− ε) k played i

Qki(t)(1− γ) + Pi
ε
4 k played i± 1

Qki(t)(1− γ) otherwise
(3)

This is the final formula that will be used on our project
to update the propensity vector of the agents after each game.
we can see that we multiply all past knowledge by 1− γ, this
means that bigger γ will make past knowledge less valuable
for making future decisions. ε works very similarly. Bigger ε
values will distribute a bigger portion of the payoff of a game
to their neighbours in the propensity vector.

There is one element on formula 3 that we did not discuss
until now: the payoff method (represented by Pi). This value
must take into account all the incentives and penalties that the
agents will face in the game.

We are going to base our payoff function on similar previous
work on this field [3], [10] and will attribute a fixed positive

reward and then provide penalties according to the agent’s
behaviour. Remembering the previous section: we have a set
of agents that start with a certain amount of wealth and then
choose to contribute a percentage of it to a common good.
If the total amount in the pot, is equal or bigger than the
threshold M than the agents can keep the remaining amount of
their wealth, otherwise they risk losing everything with a given
probability. Fortunately, our game scenario is easy to translate
into a payout function because it doesn’t have many different
variables that directly affect the payout. It is only affected by
the contribution of the agent, the risk and the threshold. The
payoff for an agent i is given by:

Pi =

{
b− ci

∑N
k=0 ck ≥M

−ci + (1− r)b otherwise
(4)

Where r stands for the risk of a group of agents do not
receive any reward (0 ≤ r ≤ 1), b is the fixed positive reward
that an agent always receives and ci is the contribution made
by agent i.

This formula 4 is very fast to be computed because it only
uses simple arithmetic operations. However, this apparently
simple function can create some incredibly complex games,
for example, we can manipulate the risk and threshold
values directly or create scenarios that will impact indirectly
these values, like by introducing an uncertain threshold, that
changes every game.

On the next section we will study the results obtained
by using the model above discussed.

IV. RESULTS

A. Risk Impact on Cooperation

There are many experiments that were made around the role
of risk on cooperation scenarios [1], [3], [16]–[19], however
we introduce a novel environment with a very different con-
text, so we will start by making studying the impact of risk
in our simulation.

We can see in Figure 1 that the risk value is indeed a huge
factor in the emergence of cooperation. Risk is crucial, as both
charts shows. The bigger the risk and smaller the group size
(N), the easier is for cooperation to emerge.

Another conclusion we can take from the data presented is
that big groups require bigger perceived risk before start co-
ordinating between themselves and start cooperating. Groups
large enough, in our simulation groups of 12 or bigger, do not
even show any signs of cooperation.

At the upper pane of Figure 1, we can observe another
interesting result. For all group sizes, when they decide to fully
cooperate with each other, they do it in an optimal manner,
that is, the average individual contributions are the smallest
possible but still large enough to reach the threshold (M).

This is a fascinating result because, in the real-world,
climate change summits usually involve many countries in a
single deal. Our simulations show that this may be counter-
productive for reaching a lasting group cooperation and a



Figure 1: Risk impact on cooperation by varying the risk
value. Risk value was changed in steps of 0.025, between 0
and 1 (inclusive). At the upper pane, we can see the average
contribution per agent ate the end of the simulations for
several group sizes (N), and in the bottom pane, we can see
the percentage of games won (group achievement) for the
same group sizes. Parameters: M = 0.15N, N = [4,6,8,12],
γ (forgetting rate) = 0.01, ε (local exploration) = 0.01, V
(propensity vector size) = 20, error rate = 0.01, agents (Z) =
100, maximum time-steps = 25.000, runs = 50.

sustainable deal between all involved parties, which agrees
with the previous results evidencing the increased efficiency
of local and smaller institutions [17]. The best way to obtain
sustainable cooperation with relatively small risk values is to
have small groups working together to achieve a common goal.

B. Threshold Impact on Cooperation

Another crucial parameter on our system in the threshold
(M), so in order to study the threshold’s impact on the agents
learning process, we ran several simulations for several M
values for different group sizes (N).

In Figure 2 we can see a very similar pattern that was
already discussed in section IV-A. When we fixed the group
size (N = 4) and varied the risk value using several different
thresholds, we can see again that the when the risk values
are significant, cooperation is easier to achieve. Of course,
for lower M cooperation is also simple to emerge, when the
groups have an easier objective to achieve, than it is natural

Figure 2: Threshold impact on cooperation. We varied the risk
value for a fixed group size (N = 4) for several threshold (M )
values. The bigger the threshold, more difficult is to have a
big percentage of group achievement. . Parameters: M = 0.6
(blue line), M = 0.8 (orange line), M = 1 (green line), M =
1.2 (yellow line), N = 4, γ = 0.01, ε = 0.01, error rate = 0, V
= 20, agents (Z) = 100, maximum time-steps = 25.000, runs
= 50.

that the agents need fewer incentives (lower risk) to cooperate.
When the threshold is too high, not even very high levels of
risk can make the agents fully cooperate; In this case, we
would need new incentives mechanisms to motivate agents
to cooperate, like the implementation of institutions [17], for
example. Notice that cooperation here also rises very rapidly
when risk is above a certain point, making the percentage of
group achievement rise from nearly 0% to almost 100% with
a slight risk change in all tested threshold (M) values.

C. Uncertain Threshold

Until now we are only using a fixed threshold that is con-
stant during all games in each simulation. However, we could
change this and replace by a variable random threshold within
a range of possible values. This is interesting to study because,
in the real world, each of them with different objectives with
various levels of difficulty. Moreover, climate change goals
are shadowed by the scientific and political uncertainties being
hard to define a very precise emissions threshold below which
the problem will be solved.

To recreate this scenario, we will introduce a new variable
into our system called "acceptance rule variance" (α). In this
scenario, before each game we will pick a new threshold. This
will be done by randomly selecting a threshold within a range
(using a uniform distribution).

The range is calculated by using three values, the base
threshold, the step value and the α value that defines the
number of "neighbour" thresholds that can be picked. For
example, with a base threshold of 0.5, step value of 0.1 and
an α of 1, the range of acceptable thresholds for each game is
[0.4, 0.5, 0.6]. If we chose an α of 2 instead of 1, we obtain the
range [0.3, 0.4, 0.5, 0.6, 0.7]. For our experiments, we tested
the same parameters with 4 different acceptance rule variance



values: 0 (same as not having any variance, it will be our a
baseline for comparison), 1, 2 and 3.

Figure 3: Variable Threshold. Results obtaining be experi-
menting with different levels of uncertainty and variance in
the threshold M. In each new game, we would pick a new
threshold within the accepted range based on the α value. This
plot shows that the bigger the variance, the more difficult is for
cooperation to emerge. Parameters: N = 4, M (base threshold)
= 0.6, wealth equality factor = 1 (without wealth inequality),
γ = 0.01, ε = 0.01, error rate = 0, V = 20, agents (Z) = 100,
maximum time-steps = 25.000, runs = 50, α = 0 (blue line),
α = 1 (orange line), α = 2 (green line), α = 3 (yellow line).

We also used the same parameters used in previous
experiments so we can obtain comparable results. In Figure
3 we can see that the bigger the variance, the less likely is
the cooperation to emerge. When the variance is absent, we
start to see cooperation with values of the risk of around
0.525 but with α = 1, then we only see the emergence of
cooperation around risk = 0.675, and for α = 2, this value is
even bigger, around 0.875. When α is equal or larger than 3,
we cannot see any cooperation at all. This happens because
agents have a harder time learning. Our learning algorithm
used in all agents do not have any state, that means that it
does not know any information about their environments,
including what is the current threshold in the game that they
are playing. This lack of information forces the agents to
contribute more to the common pot that would normally be
required to achieve cooperation in order to avoid the risk of
losing their wealth, but only to a determined value. When the
threshold varies too much, agents prefer not to contribute at
all, then making contributions that have a significant change
not to be enough to cover the current threshold, even if faced
with values of risk very close or even 1.

Uncertainty is not the only constrain that we face on
real-world negotiations, we also face many other external
factors that will weight on the decision of a country to
contribute (or not) to the common good. One of the most
evident constrains is wealth inequality.

D. Wealth Inequality

Wealth Inequality (W.I.) is a pervasive reality in the real
world; some countries have more resources available than oth-
ers. We followed the methodology used in Vitor V. Vasconcelos
et al. (2014) paper [14], and we will have 20% of agents
richer (with more endowment) than the other 80%. This is
a simplification of the wealth inequality problem because, in
the real world, different countries have many more variables
that influence their willingness to contribute for the solution
of a common problem and have many different interests and
motivation. In this thesis, we are more interested in studying if
agents with more resources are willing to contribute a bigger
portion of their wealth to compensate the lack of resources
of the other agents. In this project, we called a "rich agent"
an agent that has more wealth than a "poor agent" and they
are both equally available to contribute to the pot. We also
considered that all rich agents have the same wealth as all
other rich agents and the same is applied to the poor agents.
We also introduce the wealth equality factor (w) that will
determine how equal are the rich and the poor. A value of
w = 1 means that the rich and the poor have exactly the same
wealth, w = 0 means that the wealth in concentrated only on
the wealthy agents. In order to maintain consistency and to
facilitate the agent’s learning, every game will have 80% of
poor and 20% rich agents.

Figure 4: Effects of varying risk (r) levels in groups with
wealth inequality for several group sizes (N) compared with
groups without wealth inequality (W.I.). When compared with
groups without wealth inequality, cooperation emerges with
much lower levels of risk when compared with groups of the
same size. Parameters: M = 0.6 (blue line), M = 0.9 (orange
line), wealth equality factor = 0.5, γ = 0.01, ε = 0.01, error
rate = 0, V = 20, agents (Z) = 100, maximum time-steps =
25.000, runs = 50..

In Figure 4 we can see very similar patterns of cooperation
when compared with groups of the same size (N) but without
wealth inequality (dotted lines). That is, cooperation is easier
to achieve within smaller groups than with larger groups and
that cooperation emergence presents a steep curve and ends
converging to values of around 98-99% of group achievement



(games, where the values contributed to the common pot, is
equal or higher than the threshold M). Another fascinating
conclusion is that cooperation arises much sooner for all group
sizes with wealth inequality. For example, for N = 4, we can
see the percentage of group achievement starts to rise when
risk is around 0.1. In the same scenario but without wealth
inequality, the group achievement percentage only began to
grow when risk was around 0.7.

V. CONCLUSION

In this work, we tackled the problem of "How can agents
learn to cooperate with others through a simple individual
learning algorithm and without communicating?", and the
results were impressive. We used for this work the well-
known Roth-Erev reinforcement learning algorithm in a multi-
agent environment and allowed agents to learn by trial-and-
error in several hundreds of games. We found that not only
agents demonstrated a remarkable capacity to cooperate when
provided with the right incentives, but they do it (most of
times) in a fair way, where all agents contribute with the
same value with a very low degree of variance. The only
exception for this behaviour is when we do not quite provide
enough incentives to all agents to cooperate, neither is the
risk small enough to not contribute at all. When we added
a new layer of complexity to our system, like with Wealth
Inequality we have seen that when rich are much richer than
poor agents, it facilitates the emergence of cooperation by
shifting the responsibility for achieving the goal (threshold
M) towards only a handful of agents. Our rational rich agents
chose to cooperate among themselves and let the poor agents
rip the benefits of their actions. However, when we provided
agents an uncertain threshold, results were poor. Cooperation
was more difficult to achieve, which can be due to the fact
that our reinforcement learning algorithm works best when
the environment is constant. Agents had more difficulty to
learn in these settings, making the emergence of cooperation
more difficult, but still possible if this variance were small.
Some results are common to all settings and experiments:
cooperation in smaller groups (small N) and small threshold
(M) is easier. This result is intuitive: is much easier to reach a
consensus in small groups, especially when the goals are not
very ambitious.

A. Contributions

Below we discuss what we consider to be the main contri-
butions of this work:

1) Novel Model: Our approach to our problem was based
on several papers [3], [10], but we used Reinforcement
Learning.

2) Development of efficient code base: The code used in
the development of this work was made from scratch, in
order to make the necessary code as fast and reusable
as possible inside the scope of our work.

3) Study of the impact several external factors on co-
operation: We studied how Wealth Inequality, uncertain
thresholds and the error rate affects group cooperation.

4) Study of fairness in games: We showed that agents,
given many possible combinations of actions available,
frequently opt to choose between contributing the egali-
tarian fair value, or if they do not have enough incentives
to do so, chose not to contribute at all.

5) Impact of risk in collective dilemmas: We analysed
extensively and confirmed that risk has a significant
influence on cooperation.

6) Impact of group size in collective dilemmas: Similar
to risk, the group size (N ) also has a considerable impact
on group cooperation.

7) Uncertainty: The use of an uncertain threshold showed
to be contra-productive for the learning process of
the agents, causing cooperation to be more difficult to
emerge.

8) Wealth Inequality: Our experiments showed that if rich
agents contribute by themselves to the common pot,
they alone are enough to reach much of our thresholds,
making cooperation easier to achieve.

B. Future Work

Unfortunately, all works must come to an end, even when
there is still much to learn. Scott Adam (author of the popular
Dilbert comics) once said:

"Normal people... believe that if it ain’t broke, don’t
fix it. Engineers believe that if it ain’t broke, it
doesn’t have enough features yet"

As such, we suggest some improvements to our work in the
future:

1) Interaction Mechanisms: In our simulation, on each
game, we pick N random agents, but these groups can
be improved. It would be interesting to know what
happened if we forced the agents to always interact with
the same agents. What if some elements in the group
always defected? What if some agents were extremely
generous? How this would affect the cooperation and
the contributions of each group?

2) Provide more information to agents: In this work,
agents had no information about their environment. They
learned by trial-and-error. Providing the agents with
more and better information about their situation may
improve cooperation.

3) More complex learning algorithm: We used a very
simple learning algorithm, there are more sophisticated
algorithms available like Q-learning that are slower,
but it could allow observing more complex behaviour
dynamics in the agents. However is not guarantee that
these complex algorithms will successfully model hu-
man behaviour.

4) More complex reward function: Our game has very
few components: it has the risk, the threshold, the
forgetting rate, the local exploration rate and the error
rate. However, we can add almost an infinite amount of
rewards and incentives to the agents. For example, we
considered that all agents faced the same value of risk of



losing their wealth, but in the context of climate change
this is not true. Some countries, like small islands, face
a much higher risk of being affected by the rising sea
levels than large continental countries, as such, we could
introduce a new risk value that would be different to each
agent.

VI. FINAL REMARKS

We can draw many interesting conclusions from this work,
even if the reader does not believe in climate change or thinks
that there are more concerting subjects. Our simulations are
abstract enough for its results to help us making good decisions
in other fields that require cooperation for a common goal,
whatever it be in a negotiation table, or when discussing the
fishing quotas for the next year. We live in a world ever more
connect and complex, in which cooperation with our peers is
critical and must urgently be achieved at a global scale.

We want to end this work with a quote from the former US
president, Bill Clinton:

"We all do better when we work together. Our
differences do matter, but our common humanity
matters more"
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