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Abstract. Grouping into coalitions can be an important way of coop-
eration through which multi-agent systems (MAS) improve their perfor-
mance, accomplish their assignments, increase their benefits and achieve
their goals. However, agents belonging to a coalition must decide how
they behave to increase their gains. In this paper, we present a model
that combines learning and coalitions to enhance cooperation over the
social Iterated Prisoner’s Dilemma (IPD). We focus on agents interact-
ing over complex networks since they provide a realistic model of the
nowadays interconnected world. Our results suggest that coalitions are
a relevant contribution to achieve cooperation in the social IPD.

Keywords: Game Theory, Iterative Prisoner’s Dilemma, Reinforcement
Learning, Complex Networks, Agent-Based Simulation

1 Introduction

Achieving cooperation in multi-agent systems (MAS) is a challenging issue [15].
When entities interact, the global benefit of the population-society would be
improved if all the entities would cooperate. However, there is temptation to
free ride on the efforts of others (self-interested agents) [12]. Individual decisions
(self-interested), besides providing only momentary benefits, are detrimental if
many agents take them. Instead, group decisions (social) can result in a mutually
beneficial cooperation that holds over time [26]. There are many systems where
entities have to interact and negotiate, and their outcomes depend not only on
their actions, but also in the actions of the other agents. For example, when
downloading a file, if many individuals try to download the same file at the
same time, their download speed suffers greatly. Another examples of that are
often found in frequency spectrum assignation, load balancing, packet/message
congestion, bandwidth allocation, economics, commerce. Therefore, designing
mechanisms that promote the emergence and maintenance of cooperation for
self-interested agents is an area of interest [1].
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Coalitions are an important way of promoting group cooperation through
which multi-agent systems improve their performance, accomplish their assign-
ments or increase their benefits [17]. Coalitions are important for distributed
applications ranging from electronic business to mobile and ubiquitous comput-
ing, where adaptation to changing resources and environments is crucial.

Game theory provides useful mathematical tools to understand the possible
strategies that self-interested agents may follow when choosing an action. The
context of evolution of cooperation has been extensively studied seeking general
theoretical frameworks like the Prisoner’s Dilemma (PD) [5]. In his seminal work,
Axelrod has shown that cooperation can emerge in a society of individuals with
selfish motivations. Since that, Game Theory and the Prisoner’s Dilemma have
been applied in biological, social, economical and ecological contexts.

Previous approaches have tried coalitional agents to achieve full cooperation
in grid topologies [20, 9, 22]. However, grid or grid-like topologies (spatial net-
works) may not model the connectivity/topology that a MAS application may
find in a nowadays environments (e.g., Web, Internet, P2P, social networks). It
has been argued that complex networks provide a realistic model of the topo-
logical features found in many nature, social and technological networks [23, 2,
28]. Therefore, complex networks provide actual-world topologies where we can
evaluate if the coalition formation results exhibited on the grid topology hold.

The main question analyzed here is the emergence of coalitions as a way to
support cooperation in a defection environment in complex networks. The aim of
our simulations is to investigate whether the use of learning techniques (Learning
Automata (LA)) and coalition formation enhances the emergence and mainte-
nance of cooperation, when compared to the behavior of individual agents, as
there are several systems where agents tend to act selfishly, when group decisions
(social) could result in a mutually beneficial cooperation. Therefore, the main
contribution of this paper is the exploration of coalitions behavior in multi-
agent complex networks, playing the IPD by means of reinforcement learning
techniques.

The remainder of the paper is structured as follows: firstly, in Sect. 2, we
present related work. Then, in Sect. 3 we introduce the background. After, in
Sect. 4, we describe the model. Then, in Sect. 5 we present the main results of
our experiments. Finally, in Sect. 6 we present the conclusions and expose our
future work.

2 Related Work

Social and economic networks, as international alliances, trading agreements or
cooperation among cooperations, play an important role in our society [13]. This
is why there is a big interest in studying networks in a social science context
from a sociological perspective [7] or from a formal game point of view [4].

The context of cooperative games and cooperation evolution has been exten-
sively studied seeking general theoretical frameworks like the Prisoner’s Dilemma
(PD) [5]. In his seminal work, Axelrod has shown that cooperation can emerge
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in a society of individuals with selfish motivations. Since that, Game Theory
and the Generalized Prisoner’s Dilemma have been applied in biological, social,
economical and ecological contexts [6, 11]. An interesting spatial version of the
PD had been suggested and deeply analyzed by Nowak and other authors [25,
20, 16] trying to understand the role of local interactions in the maintenance of
cooperation.

In many situations, as for example in politics, in joint productions, or in trade
alliances, two interacting individuals can obtain a benefit from coordinating
their actions [14], even if the autonomous agents are selfish [27]. Thus forming
coalitions can be a desired behavior to obtain shared goals. In fact, in last years
a lot of efforts are put in studying coalition formation approaches in complex
networks, as in [10].

How coalitions behavior is decided is also an area of interest. One option
is that there is a central authority or leader, that imposes the behavior of all
the members of the coalition, as in [24]. However, there are other approaches
that consider that all the agents in the coalition should have option to express
their opinion in the coalition. These voting approach is used in [22]. However,
in this paper, agents vote to decide not only how they behave againts agents
not belonging to the coalition, but they also vote to decide the behavior against
their coalition mates.

Our model is based on [22], but we use complex networks, since they provide
a more realistic model of the topological features found in many nature, social
and technological networks.

3 Background

In this section we provide a very brief introduction to the three basic pillars
where our model is based: the prisoner’s dilemma, the learning automata and
complex networks.

3.1 Prisoner’s Dilemma

Game Theory [8] is a branch of applied mathematics that helps to understand the
strategies that selfish individuals may follow when competing or collaborating
in games and real scenarios [21].

The concept of cooperation evolution has been studied using theoretical
frameworks like the Prisoner’s Dilemma (PD) [5], which is one of the most well-
known strategy games. It models a situation in which two entities have to decide
whether cooperate or defect, without knowing what the other is going to do.

Nowadays, the PD game has been applied to a huge variety of disciplines:
economy, biology, artificial intelligence, social sciences, e-commerce, etc. Table 1
shows the general PD form matrix, which represents the rewards an entity ob-
tains depending on its action and the opponent’s one. In this matrix, T means
the Temptation to defect, R is the Reward for mutual cooperation, P the Pun-
ishment for mutual defection and S the Sucker’s payoff. To be defined as a PD,
the game must accomplish the next two conditions:
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T > R > P > S

2R > T + S (1)

Table 1: General Prisoner’s Dilemma Matrix
Player Aj Cooperates Player Aj Defects

Player Ai Cooperates R, R S, T

Player Ai Defects T, S P, P

There is a variant of PD, which is the Iterated Prisoner’s Dilemma (IPD) [5],
in which the game is played repeatedly. In it, the players can punish their oppo-
nents for previous non-cooperative behavior, remembering their opponent pre-
vious action and adapting their strategy. Game Theory shows that the optimal
action if both players know that they are going to play exactly N times is to
defect (it is the Nash equilibrium of the game) [8]. But when the players play an
indefinite or random number of times, cooperation can emerge as a game equi-
librium. The IPD game models transactions between two persons requiring trust
and cooperative behavior, and that is why this game has fascinated researchers
over the years.

3.2 Learning Automata (LA)

In our model, we use Learning Automata (LA) algorithm [18], which is a sim-
ple and well studied type of reinforcement learning technique. Reinforcement
Learning (RL) is a field of Machine Learning, in which the goal of the agent is to
maximize the long-term reward. The problem which RL tries to solve is which
action the agent ought take in a concrete environment.

When using LA, the agent just considers its history and selects its next action
depending on its experience and payoffs. We use the LR−I scheme [18] as defined
in Eq. 2, where α ∈ [0, 1].

The LR−I scheme is defined as follows:

pi,t+1 = pi,t + α(1− pi,t)
∀j 6=i : pj,t+1 = pj,t(1− α)

(2)

In these equations, pi,t+1 is the probability that an agent performs a concrete
action, and α is a (small) learning factor. The first rule is used to reinforce the
action i chosen if it performed better than its alternatives in the considered state.
At the same time, we apply the second rule to the other actions, decreasing its
probability. In the next round, the agent chooses its new strategy using the
updated probabilities.
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3.3 Game over complex networks

Complex networks provide a more realistic model of the topological features
found in many nature, social and technological networks [23, 2] (i.e., computer
networks, social networks). We use Scale-free networks since they model real-
world networks, as the world-wide web [3], and their characteristics have been
found in many real-world networks, such as social networks, the Internet, and
some biological networks [19].

Scale-free networks are characterized by having a few nodes acting as highly-
connected hubs, while the rest of them have a low connectivity degree. Scale-free
networks are low-clustered networks. Formally we note them as Sk;−γV , where V
is the number of nodes and its degree distribution is given by P (k) ∼ k−γ , i.e.,
the probability P (k) that a node in the network connects with k other nodes
is roughly proportional to k−γ . We used the Barabasi-Albert algorithm [23] to
generate these networks.

4 Model

In this section we describe the model, which is based on [22]. Our motivation
to build it is that there are several systems where agents tend to act selfishly,
when group decisions (social) could result in a mutually beneficial cooperation.
We want to promote cooperation by increasing the organization level of a multi-
agent system. This is accomplished by allowing agents to join in coalitions, where
they jointly decide the action to play with the members of the coalition (insiders)
and against the agents not belonging to it (outsiders), i.e., they coordinate among
themselves.

We consider an agent population using a complex network as its iteration
topology. The interaction between agents is modeled as an n-person game, i.e.,
n agents playing simultaneously the Iterated Prisoner’s Dilemma (IPD). How-
ever, in our model each game is not a spatial version of the IPD [20], but agents
are connected in a complex network, where each of them interacts with a different
number of neighbors. Every agent must decide whether to behave as cooperator
or defector during each round of the game, and they are payed according to the
payoff matrix in Table 1. Therefore, in an attempt to maximize their individ-
ual payoffs, agents must also decide whether to belong to a coalition or to be
independent. For taking those decisions, we endow agents with learning.

Each of the agents has four probability vectors: one to decide if an agent
wants to be independent or to belong to a coalition (Pcoa); a second one to
decide which behavior to show if the agent is independent (Pind); and the last
two that are used to decide the behavior against insiders (PcoaIn) and outsiders
(PcoaOut) when an agent belongs to a coalition. These vectors that are updated
using the Learning Automata algorithm (Eq. 2) depending on the gains obtained
performing an action in the past, thus increasing the probability of performing
the action that has provided higher gain.

In this model, each agent can play one out of two mutually exclusive roles:
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1. Independent agents
An independent agent decides its own interaction action (whether to co-
operate or defect) during each game. It decides its next strategy using the
probability vector Pind, which contains two items: the probability of de-
fecting and the probability of cooperating. These probabilities are updated
depending on past gains, using the Learning Automata algorithm (Eq. 2).
Every agent keeps a history of the actions performed and the gains obtained,
and reinforces the one that has provided higher payoff.

2. Coalition agents
Every agent has to decide an action to play against outsiders and another one
to play against insiders. For that, they use two probability vectors: the first
one contains the probability of cooperating and defecting against insiders
(PcoaIn) , and the second one contains the probability of cooperating and
defecting against outsiders (PcoaOut). These probability vectors are updated
depending on past gains, using the Learning Automata algorithm (Eq. 2).
However, the behavior of the coalition is decided by all the members. For
that, they vote which action to perform against outsiders and insiders, and
the one that has more votes is the behavior one that all agents in coalition are
going perform. Besides, as the decision is jointly taken by all the members,
all the gains are equally shared in the coalition.

Now we turn our attention to the actual strategies employed by agents to
decide if they want to belong to a coalition or to be independent. As we said,
these decisions mainly depend on the agents payoffs, since every agent has a
probability vector containing the probability of belonging to a coalition or to
be independent Pcoa. This vector is updated depending on which action has
provided higher payoff in the past.

1. Being independent
There are two options, depending if the agent that decides to be independent
belongs to a coalition or is already independent:

– Independent agent: They stay independent.
– Coalition agent: If an agent belongs to a coalition, it leaves the coalition

and becomes independent. Besides, an agent can also leave a coalition if
it is isolated, i.e., none of the neighbors belong to its coalition.

2. Belonging to a coalition
There are two options, depending if the agent that decides to belong to a
coalition is already in one or is independent:
– Independent agent: If an independent agent wants to belong to a coali-

tion, then it searches an agent within its neighborhood that also wants to
belong to a coalition (it can be another independent agent or one agent
already belonging to one coalition). If there is more than one candidate
to join, the agent forms the coalition with the one that has obtained
highest payoff in last round.

– Coalition agent: Agents already belonging to coalitions can change to an-
other, or form a new one with another agent. Thus, they switch coalition
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if there is a neighboring agent that wants to belong to a coalition that
has had more payoff in last round. If there is more than one candidate,
they choose the one that obtained the highest payoff.

5 Experiments

The purpose of these experiments is to study if our model, an specially the use
of coalitions, helps to improve the cooperation among the population, increasing
this way the global gains.

Fig. 1: Percentage of agents per action (scenario without coalitions).

Unless stated otherwise, we use 100 agents over a Scale-free network (for
details, see [23]), and the parameters used to build it are S5;−2

100 . Each experiment
consists of a number of iterations where agents played the Iterated Prisoner’s
Dilemma (IPD) game.. Except when specifically said, every result presented in
the following subsections corresponds to the median of ten executions. Each of
this executions consists of a number of generations (NumGen) or rounds where
all the agents play with their neighbors.

Agents’ initial strategy is chosen at random, i.e., they are C or D with a 50%
of probability. The IPD game matrix used in all simulations is: T = 5, R = 3,
P = 1, and S =0. Finally, the learning factor used with the Learning Automata
algorithm, α, is set to 0.1.
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In the following sections, we present the results of two scenarios: one in which
agents cannot form coalitions, and another one where they are allowed to create
them. With this, we will analyze the effect of coalitions over cooperation.

5.1 Scenario without coalitions

For comparative purposes, we first present the results of a scenario where agents
cannot form coalitions, i.e., they can only behave as independent agents. This
implies that they only use one of the probability vectors: the one needed to learn
which is the best behavior when being independent (Pind).

Fig. 2: Evolution of the percentage of gain per agent (scenario without coalitions).

In Fig. 1 we present the result of simulating this scenario, and the evolution
of the two strategies along the generations. We see that at the end of the simu-
lation, all the agents of the population become defectors. When an agent starts
playing, approximately 50% of their neihgbors are defectors and another 50%
are cooperators. Thus, if they play cooperatively, they get three points from co-
operators, but zero from defectors. However, if they defect, they get maximum
payoff (five) when playing against cooperators and one when playing against
defectors. As agents are self-interested, i.e., they only look for their own benefit;
after trying both actions they learn that by defecting they get more payoff. Thus



How Coalitions Enhance Cooperation in the IPD over Complex Networks 9

the whole population become defective, and the more defectors there are, the
less useless is to be a cooperator.

As all agents are defectors, their gains decrease, as we can see in Fig. 2,
where we show the percentage of gain in relation to the maximum obtained in
the experiments. However, if all agents would behave cooperatively, the gain of
the whole population, and of each individual would be better.

5.2 Scenario with coalitions

In this second scenario, we want to see if by grouping in coalitions and organizing
the coalition behaviour increases the cooperativity and the global payoff of the
population.

Fig. 3: Independent vs. coalitional agents.

In the case of allowing coalitions, at each generation, every agent has four
decisions to take: if it wants to be independent or to belong to a coalition; which
behavior to select if it is independent; and the behavior against insiders and
outsiders when an agent belongs to a coalition. Remember that inside coalitions
agents vote to decide the internal and external coalition behavior.

Fig.3 shows the percentage of agents that stay independent or that belong
to a coalition, depending on what has provided higher benefits in the past. We
see that over 90% of the agents belong to a coalition.
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Fig. 4: Percentage of agents per action against insiders.

The reason for these high percentage of agents belonging to a coalition is that
agents learn that cooperating inside a coalition provides higher benefits. That
increase in cooperation can be seen in Fig. 4. The agents learn and vote that
behaving cooperatively with their coalition members results in higher benefits.
In this scenario, what is good for a coalition, is good for its agents, since they
equally share gains among them. Not only that, but as simulation evolves, agents
group in less but bigger coalitions, resulting in an increase of the global payoff,
because when we have bigger groups cooperating internally they increase the
global payoff.

However, in Fig. 5 we see that they coalition agents learn that against out-
siders should behave as defectors. The reason for this is that agents cannot
foresee which action outsiders will perform, thus if they defect, they get at least
one point. As we have said, with insiders the situation is different, because they
learn that if they cooperate, it pays back, since the rest of the members of the
coalition will also perform the same action, and, as they share gains, they will
improve their benefits.

In Fig. 6 we compare the gain per agent when using coalitions with the case
of non allowing coalitions. Again, we show the percentage of gain in relation to
the maximum obtained in the experiments. As we can see, allowing coalitions
improves the total cooperation among the population, and the global payoff
increases.
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Fig. 5: Percentage of agents per action against outsiders.

6 Conclusions and future work

In this paper we have investigated whether the use of learning techniques (Learn-
ing Automata (LA)) and coalition formation enhances the emergence and the
maintenance of cooperation in the Social IPD scenario, with a Scale-free topol-
ogy, when compared to a scenario of isolated agents.

After our study, we have found that the gains obtained when allowing coali-
tions are much higher than in the case we do not use them. In the basic scenario
(without coalitions), agents learn that their preferred behavior is to defect, but
we have seen that when we allow coalitions, agents learn that grouping and
behaving cooperatively with their coalition members results in higher benefits.
That is because in this scenario what is good for a coalition, is good for agents
belonging to it. Therefore, our proposed approach with learning and coalitions
increases the global gains of the network.

For future work, we plan to study the effect of using coalitions over different
types of networks and also different types of matrixes. Besides, it is interesting
to analyze the asymetric sharing of payoff among the members of the coalition,
and the use of fake behaviours inside the coalitions.
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