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Social behavior, as compared to the egoistic behavior, is known to be more beneficial to groups of

subjects and even to individual members of a group. For this reason, social norms naturally emerge as a

product of evolution in human and animal populations. The benefit of the social behavior makes it also

an interesting subject in the field of artificial agents. Social interactions implemented in computer

agents can improve their personal and group performance. In this study we formulate design principles

of social agents and use them to create social computer agents. To construct social agents we take two

approaches. First, we construct a social computer agent based on our understanding of social behavior.

Second, we use an evolutionary approach to create a social agent. The social agents are shown to

outperform agents that do not utilize social behavior.

& 2012 Elsevier B.V. All rights reserved.
1. Introduction

Collaboration, trust and other social norms are crucial for good
operation of teams. Our long term goal is to create a model of
social norms that will enable prediction of behavior and interac-
tions within a team. On the basis of such a model we want to test
hypotheses of how these interactions within a group will develop.

Human and animal models of behavior inspired studies on
social learning [4,18–20,22] and models of social norms such as
trust and collaboration [18–20,15]. Collaboration has also been
studied within economics, sociology, and game theory. In eco-
nomics, models of a rational actor who collaborates to improve
organizational effectiveness have been developed [16,12,10]. In
sociology [5], the non-rational and social aspects of collaboration
has been explored.

Games, in particular are an establishing field that makes
possible realistic social interactions to be exposed, monitored and
trained [1–3,13,14,17]. Hennes et al. [13], Voynarovskaya et al. [21]
and Gorbunov et al. [8] have developed a game-based method for
monitoring the social relations in small groups of individuals. It is
based on the records of a negotiation game that monitors of the
collaborative behavior of the players. The Colored Trails game
framework [7] in a three-player negotiation variation [6,21] was
used for this study. The conclusions of the study have been
restricted by the limited amount of data and the difficulties to
constrain the experiment by having a control over one or several
individuals.
ll rights reserved.

unov).
We propose to use a multi-agent system approach for the
purpose of creating an agent-based support tool for team colla-
boration as a first step towards prediction of conflicts in small
teams of people. We design the agent-players that in controlled
manner can express collaborative or egoistic behavior. We
hypothesize that the agent with persistent collaborative behavior
will be more successful in collaboration game. We also expect
that the outcome of the experiments will give us better insights of
how to improve the agents so they can be used as a controlled
substitute of a human player.

Moreover, we want to understand the mechanism of colla-
borative behavior, i.e. how collaboration is maintained, how to
avoid exploitation of collaborative agents. This understanding
will help us interpret the data from MARS 500 experiment
[13,21,11].
2. Methods

2.1. Settings of the interactions

In our study we use the prisoner dilemma, a classical problem
in the game theory, which used to study collaborative behavior.
Every player can chose either cooperation or defection. If both
players choose to cooperate, than they get three points each. In
contrast, every player gets only one point if both of them choose
to defect. In other words, the mutual cooperation is more
beneficial than the mutual defection. On the other hand, the
defection is always more beneficial than then cooperation under
any given strategy of the partner. If one player defects and
another one cooperates than the defecting and cooperating player
get 5 and 0 points, respectively. Because of the above mentioned
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properties of the game, players face a dilemma: to cooperate or to
defect.

In our study the interaction between two players (computer
agents) is organized in the following way. One of the agents starts
the game by choosing one of the two available moves (coopera-
tion or defection). Another agent ‘‘sees’’ the move chosen by the
first agent and uses this information to make its own move. After
two agents made their moves, each of them gets points deter-
mined by the above given payoff matrix. The third move is made
by the first agent. The third and the second moves together
determine another portion of points that will be delivered to the
two interacting agents. In other words, the second move deter-
mines the payoffs two times (first, in combination with the first
move and then in combination with the third one). We use the
repeated setting of the prisoners dilemma in which the prob-
ability of next interaction to happen is fixed. The value of this
probability has been set to 0.995 to make the average number of
games in a sequence of interactions to be equal to 200.

2.2. Model of the agents

To formalize algorithms imbedded into the computer agents
we consider a model similar to the Turing machine. Every agent
has a fixed and limited number of internal states. The previous
move of the partner is considered as the input for the algorithm.
The input and the internal state of the agent determine its output
(the next move) that can be either cooperation or defection. The
mapping of the inputs and internal states into the output is given
by a fixed matrix. Additionally to the generation of the output the
agent changes its internal states. The new internal state, like the
output, is determined by the input and previous internal state.
The mapping of the input and the current internal states into the
new internal states is also given by a fixed matrix.

2.3. Design principles

The maximization of the personal benefit of an agent in a
sequence of interactions with a random partner is the main
design criterion that we used for the construction of the social
computer agents. In other words, our intention is to create an
egoistic agent whose the only goal is to maximize its own benefit
in the environment populated by other agents whose playing
strategies are not known.

In the prisoner’s dilemma the defection is always the most
beneficial choice independently on what choice, defection or
cooperation, is made by the partner. As a consequence, the agents,
that are rational in the classical game theory sense, always choose
to defect. In other words, the rational agents demonstrate mutual
defection that is known as Nash equilibrium for the prisoner’s
dilemma. Further on we will call the agents of this kind as
‘‘defective’’ agent.

The permanent defection is one of the two simplest possible
strategies and the permanent cooperation is the second one. We will
call the agents that permanently cooperate as ‘‘cooperative’’ agents.
This strategy can also be considered as a rational one since the
mutual cooperation is more beneficial than the mutual defection.

However, it has to be emphasized that the cooperation is
beneficial only if it is reciprocal. The cooperation with an agent
that defects can be considered as an exploitation of the coopera-
tive agent by the defective one. This kind of interaction is very
beneficial to the exploiting agent and very unbeneficial to the
exploited one. Thus, the cooperative agent cannot be considered
as a successful solution for the environment populated by agents
of different kinds.

To prevent an exploitation by a partner the agent should
exhibit a reciprocal behavior (defect with the defective agents
and cooperate with the cooperative agent). We will call the agents
of this type as ‘‘reciprocal’’ agents. The reciprocal agents can be
considered as more successful than the above introduced defec-
tive and cooperative agents. In contrast to the cooperative agents,
the reciprocal agents cannot be exploited by the defective agents
since they will behave defectively with the defective agents. In
contrast to the defective agents, the reciprocal agents will estab-
lish and maintain cooperation with each other if they are
constructed to start from the cooperative move. The weak point
of the reciprocal agents is that they are not able to exploit
cooperative agents. In other words, the reciprocal agent coop-
erates with its partner even if it is not a necessary condition for
the cooperation of the partner. This kind of behavior is in a
disagreement with the above introduced goal to find a behavior
that maximizes the personal benefit of the agent.

The above described requirements can be summarized in the
following list of the social skills that have to be embedded into
the social agents:
�
 To avoid the exploitation by the partner, the social agent
should be able to reciprocate defection of the partner (react
defectively on the defection).

�
 To maintain the cooperation, the social agents should be able

to reciprocate the cooperation of the partner (react coopera-
tively on the cooperation).

�
 To establish the cooperation, the social agents should be able

to propose the cooperation in the phase of the mutual defec-
tion (react cooperatively on the defection).

�
 To exploit the partner, the social agents should be able to try

defection in the phase of the mutual cooperation (react
defectively on the cooperation).

As we can see, the above described requirements can be compet-
ing. So, the agent needs to be able to decide what logic to apply at
the current stage of the interaction. Moreover, the agent needs to
remember the responses of the partner. In more details, it should
not keep trying to establish a cooperation if all these attempts fail.
Similarly, the agent should not continuously try to exploit its
partner if it sees that these attempts are not successful. On the
other hand, the agent should not cooperate if it is not required for
the cooperation of the partner.

We implement the above described design principles by the
following algorithm. The agents start cooperation by proposing
cooperative move as a response on the defective move of the partner.
Doing that agent switches to the state of cooperation (CN in Fig. 1). If
partner answers defectively on cooperation initiated by the agent, the
agents switches to the cooperation-failed (CFn) states. In this state the
agents never initiates a new cooperation. If partner starts cooperation,
the agent will defect, immediately or after several steps of coopera-
tion, to check if its partner can be exploited. In more detail, for several
steps agent plays only defectively. If at this stage the partner made at
least one cooperative move, the agents concludes that exploitation
was successful and try to exploit the partner again. If the agent has
already tried to exploit after n steps of cooperation and this attempt
failed, the next attempt to exploit will start after nþ1 steps of
cooperation. If the agent tried to exploit after Nmax steps of mutual
cooperation and this attempt failed, it never tries to exploit again.
After every unsuccessful attempt of exploitation agents tries to
establish cooperation. More details about the algorithm are given in
Table 1. In this table different columns and rows represent different
inputs (moves of the partner) and internal states of the agents,
respectively. The cells of the tables contain outputs (moves of the
agents) and a new state of the agent. The defective and cooperative
moves are denoted as � and �, respectively.

The presented constructed agent is an improved version of the
agent presented in our earlier work [9]. The new constructed



Fig. 1. Schema of the constructed social agent.

Table 1
Algorithm of the constructed social agent.

Internal state Cooperative input Defective input No input

S �, D10 �, C0 �, C0

D10 �, D10 �, D11

C0 �, D10 �, CF0

D11 �, D10 �, C1

CF0 �, D10 �, CF0

C1 �, R11 �, CF1

CF1 �, R11 �, CF1

R11 �, D20 �, CF1

D20 �, R11 �, D21

D21 �, D20 �, C2

C2 �, C2 �, CF2

CF2 �, CF2 �, CF2
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agent, presented in this work, tries to exploit its opponent even if
the agents are in a stage of mutual cooperation which was
initiated by the constructed agent.

2.4. Evolution of agents

In our study we apply an evolutionary optimization to find a well
performing agent that can be compared with the constructed one.
Agents with different number of states are evolved independently.
We consider agents which have from 1 to 12 internal states. The
evolution starts from a random agent which we refer to as a ‘‘winner’’.
At every step of the evolution we compare the performance of the
‘‘winner’’ with three other agents. One of them is just a random agent
which has the same number of internal states as the ‘‘winner’’.
Additionally to that we consider an agent which is obtained by a
small mutation of the ‘‘winner’’. During the mutation we change one
element in one of the two matrices that define the behavior of the
agent. And finally we consider a doubly mutated agent which is
obtained by a mutation of a singly mutated agent. The performances
of the four agents in a pool consisting of 10 thousands random
gents are calculated and compared. The agent with the highest
performance is considered as the ‘‘winner’’ on the next step of
the evolutionary process.

2.5. Performance of agents

Payoff of two agents interacting with each other depends on
number of interactions in the sequence of interactions and this
number is not fixed. The only thing that we fixe is the probability
that there will be one more interaction. The sequence of the
interactions can be terminated after any interaction. In our study,
when two agents interact with each other we average their
payoffs over all possible lengths of interactions taking into
account the probabilities that the given length will be observed.

The performance of the agents also depends on which of the
agents made the first move. To get a symmetric treatment of any
two agents we let each of them to start the sequence of interac-
tion and then average the payoff of two sequences.

The performance of an agent also depends on the partner.
Moreover, even if agent A outperforms agent B while both playing
with partner C it is still possible and agent A underperforms B while
both playing with another partner D. To get a representative
performance of an agent we create a large pool of random partners
and let the agent to play with every partner from the pool. Then the
performances of the agent with different partners are averaged to
get the representative performance. In our study we populated the
pool by agents that have not more than 12 internal states.

The size of the pool has to be larger enough to ensure that
performance of the agent is the same for different pools of the same
size. In our calculations we used a pool of 10 thousands agents. To
estimate the accuracy associated with this size of the pool we have
considered performance of a random agent in 10 different pools of
this size. Because pools are different the same agent performs
differently depending on the pool. However, if the size of the pool
is big enough this difference is expected to be small. To measure this
difference we have compared the range of the performances
(difference between the maximal and minimal performance) with
the average performance of the agent. We found out that the range
of the performances was less the 2% of the average performance.
3. Results

A pool consisting of 10 thousands agents has been used to
estimate the performance of the constructed agent. We found out
that the score per game for this agent is equal to approximately
635 points. To get an idea of how good this performance is we
have calculated performances of 10 thousand randomly generated
agents. The distribution of the performances of these agents is
shown in Fig. 2. As we can see in the figure, the constructed social
agent outperform majority of randomly generated agents. In more
detail, approximately 98.7% of random agents were outperformed
by the constructed agent.

In case of the evolved agents the performance has a tendency to
grow as the number of the internal states grows. In Fig. 3 we can see
the performance of the evolved agents, obtained after 740 steps of
evolutions, as a function of the number of their internal states. As we
can see in the figure, in the pool of random agents the evolved
agents perform better than the constructed one if the number of
internal states is larger than 4. However, as we will show later, there
are other ways to estimate performances of the agents and for them
the constructed agent over-performs the evolved ones.

We have to note that the performances calculated in the above
described way should depend on the way the pool is populated. In
our study we used a procedure in which any two agents, that have
the same number of the internal states, have the same chance to be
put into the pool. Moreover, the probability of an agent to be added to
the pool does not depend on the number of the internal states. In
other words we got a ‘‘uniform’’ distribution of the agents in the pool
and, as a consequence, the performance of agents, calculated in this
way, can be considered as more ‘‘representative’’ or ‘‘universal’’.

However, we need to remember that the assumption of the
homogeneous distribution of the agents in the pool is not always
valid. In particular, the pool can be populated by artificial agents
that were constructed with the intention to increase the personal
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performance. Or, as another example, the content of the pool can
be a product of an evolution. In both cases the chances of an agent
to be in the pool are higher if its performance is better.

To overcome the problem of the dependency of the score on the
way the pool of partners was generated, we propose to compare
performances of two agents by letting them to interact with each
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Fig. 4. Performances of the constructed and evolved agents
other. In more detail, we want to model performances of two
different agents in the pool that is equally populated by the agents
of the two considered types. To model this situation we do not need
to use a larger pool because the interactions of a given agent with
the partners of the same type will always give the same score per
game. The agent of a chosen type needs to interact with one partner
of the same type and one partner of another type. Interactions with
partner of two different types of agents gives two values of the
performance that are then averaged to get the performance of the
given agent in the considered situation. The performances of the
two agents, calculated in this way, can be interpreted as their
abilities to survive, in the evolutional sense, in the pool that is
equally populated by the agents of the two considered types.

We would like to emphasize that the performances of agents,
calculated in the above described way, are not transitive. If agent
A outperforms agent B and agent B, in its turn, outperforms agent
C, it does not necessarily means that agent A outperforms agent C.
As the consequence, the second way to compare performances of
agents cannot be used in the evolutionary optimization.

We used the above described procedure to estimate performances
of the constructed and evolved agents. The constructed social agent
has been compared with 1000 randomly generated agents. In more
detail, for every pair of the random and constructed agent we
calculated the performances of the both agents while interacting
with each other. The obtained performances are shown in Fig. 4. The
x-axis and y-axis correspond to the scores of the constructed and
random agents, respectively. As we can see in the figure the
performance of the constructed agent was always better than those
of the confronted random partner. This represents the fact that the
constructed agents cannot be exploited by their partners.

In the same way we have estimated the performance of the
best agents found by the evolutionary optimization (see Fig. 4). As
we can see in the figure, the random agents outperformed the
evolved one in many cases. In other words the evolved agent does
not have mechanisms that protect it from the exploitation.

Another way to compare two given agents is to study how
their performances depend on their proportions in the population
consisting only of these two agents. Depending on these depen-
dencies four qualitatively different cases are possible.
�

 1
00

S

com
Independently on the proportions of the agents, one of the
agents has a higher average payoff than the other one. As a
consequence, the weakest agent will become extinct as a result
of the evolution independently on the initial proportions of the
two agents in the population. In this case we can say that one
agent dominates another one.

�
 It can be the case that the agents have larger payoffs if their

proportions in the populations are small enough. In this case
the proportion of the agents with higher payoff increases until
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it reaches the point at which both agents have the same payoff.
This point is called convergence point.

�
 We also can have a situation which is opposite to the previous one.

An agent has a higher payoff only if its portion in the population is
larger enough. In this case the agent whose initial portion in the
population is not large enough will become extinct as a result of
the evolution. We will call this case as a case of divergences.

�
 And finally we have a trivial case in which payoffs of two

agents are always equal to each other independently on the
proportions of these agents in the population.

We have considered qualitative relations the best evolved
agents with 10,000 random agents. The best evolved agent
dominated 8741 random agents. In eight cases the evolved agent
had a convergence point with a random agent. It means there are
random agents that can invade a population consisting of evolved
agents but the evolved agents will not become extinct. The agents
of two types will coexist. In 1250 cases the random agents had a
case of the divergence with the evolved agent. In these cases the
random agents can suppress the evolved agents only if their
portion in the populations is larger enough.

In case of the constructed agent we did not see any cases of the
attraction and absolute domination by a random agent. In more
detail, in 7593 cases out of 10,000 the constructed agent dominated
a random one and in 2407 cases the evolved and random agents had
a case of divergence. This means that the constructed agents, in
contrast to the evolved one, cannot be invaded by a random agent.
4. Discussion

In our study we provided computer agents that are able to
increase personal performance by utilizing social interactions
with random agents with unknown strategies. In more details,
we provided a mechanism that allows agents to establish and
maintain cooperation. The presented agents establish and main-
tain cooperation only if it is necessary and sufficient condition for
the cooperative behavior of the partner. Moreover, the con-
structed agents are able to prevent exploitation by the defective
partner. And finally, the presented agents can exploit those
partners that allow the exploitation. We have demonstrated that
the constructed agents perform outperform majority of random
agents and even the agents that have been obtained by evolu-
tionary optimization. In this way we proposed the computational
model that describes cooperation and exploitation.

The proposed model provides a mechanism of how collaboration
and exploitation can be established and maintained. As a conse-
quence we contribute to a better understanding of these social
phenomena. The presented model can be used to identify collabora-
tive and exploiting patterns in humans behavior and, in this way,
explain human behavior better. Moreover, the constructed agents
mimic human social behavior and, as a consequence, can better play
against human players in collaborative computer games.
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