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Abstract. We build a sim ulationmodel imitating the structure of hu-

man reasoning in order to study howp eople face a Repeated Prisoner's

Dilemma game. The results are ranged starting from individual learning

in whic hcase the w orst result-defection- is obtained, passing through a

partial imitation, where individuals could end up in coop erationor de-

fection, and reaching the other extreme of social learning, where m utual

coop erationcan b e obtained.The inÿuence of some particular strategies

on the attainment of coop erationis also considered.

1 Introduction

Probably the most diÿcult problems are those that seem simple, and the most
studied those faced by many p eople. A problem b elonging to bo th groups is
the so called Prisoner's Dilemma. The fable, which made it famous, is a story
ab out tw osusp ects in a crime who are put in a separated cells and told the
follo wingrules: if b oth of them confess, eac hwill b e sen tencedto three years in
prison, if only of them confesses, he will b e free and the other one will b e send
to jail for four months, if neither of them confesses they will b e send to prison
only for one month. What makes the problem in teresting is the conþict b etw een
individual in terest to defect (D) and confess, compared to the collective interest
of co op erating(C) with the opponent. If the game is pla yedonly once then b oth
susp ectsha veno common in terest and they will defect. Solving the rep eated
problem b ecomes a challenge. On the one hand, the solution of the classical
Game Theory to a Finitely Repeated Prisoner's Dilemma is defection in all
p erio ds,but on the other, exp eriments rev eal a signiýcant level of co op eration.
This con tradictionraises the question of whether there exist some conditions
that promote co op eration.

In particular this w orkfo cuses on the learning pro cess, and analyzes ho w
diüerent models of learning, can inþuence the ýnal outcome.

We build an A CEmodel of the rep eatedgame in which, pla yers' learningis
modeled using an explicit ev olutionarypro cess - geneticalgorithms. The pioneer
in simulating Repeated Prisoner's Dilemma (RPD) w as Axelrod [3], whoapplied
genetic algorithms to ev olv e RPDstrategies against a constant environment. His
w orkw as con tinuedby many economistsand computer scien tists' papers. Among
them is the paper of Miller[7], who studies the ev olutionof co op eration,starting
from random p opulation of strategies, which e volve in a changing en vironment.
The authors mentioned ab ove model learning at p opulationlev el, i.e. each p layer
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learns from the best individuals in the population, assumption that is diÿcult
to justify in the context of PD. This model of learning implicitly means that a
player imitates the other players strategies, even from players he has never played
with, which is equivalent to removing the assumption of no communication and
changing the essence of the dilemma. With this scenario cooperation is easily
obtained.

Another possibility is to construct the other extreme of individual learning,
where each individual learns only from his own experience and this becomes a
reason for mutual defection.

The distinction between individual and social learning was studied in the
work of Vriend [9], where he analyzed Cournot oligopoly and found that with
social learning the results converge to the Walrasian output level, whereas with
individual learning they converge to the Cournot - Nash outcome.

Our results move in the same directions as those of Vriend, i.e. social learning
leads to socially optimal outcome, and individual to the egoistic one.

Having constructed these models we can notice that both assumptions are
too extreme. People do not only learn from the others, neither do they learn
only from proper experience. A scenario, which combines both assumptions, is
more realistic. Here arises the problem of how to construct it. If we use the
classical crossover for creating new strategies, half of the experiments end up
defecting and the other half cooperating. But again we face a similar problem -
how can a player imitate a strategy that he does not know. This problem can
be avoided by using a diþerent type of crossover, where each player is trying
to understand and imitate to same extent (without copying the strategy) the
behavior of his opponent (Vilà [8]). This reduces the number of cooperative
outcomes and conýrms that the type of crossover is not irrelevant to the outcome,
in other words the way the information is exchanged is important.

Under this scenario the elements that determine the outcome are the type
of strategies the players have at the beginning and how fast is the process of
evolution. If the evolution process is fast it is more likely that players end up
defecting, but if it is slow they will experiment with more strategies and could
obtain cooperation.

To analyze the importance of players' strategies we introduce players who
always play a given strategy. The eþects they induce are diþerent. A player who
always either defects or cooperates will induce defection, but one who plays a
variation of Tit-For-Tat (TFT) (cooperates when the opponent is observed to
cooperate and defects when the opponent has defected) makes his opponent
cooperate.

The rest of the paper is organized as follows. Section 2 presents the model.
Section 3 is dedicated to the results and the last Section 4 summarizes the results
and concludes.

440 I. Ferdinandova



2 Model

The purpose of our work is to distinguish between three models of learning -
social, individual and imitation. We start by building a basic framework which
can be easily adapted to one of the three scenarios.

Two individuals are about to play a RPD. When facing the problem for the
ÿrst time, each of them is assumed to have K randomly generated strategies.1

Let Sk

i
be the k strategy of an individual i (k = 1;..K; i = 1; 2): For the

purposes of our model we need an abstraction of the process by which the player
implements this strategy. This role will be played by a machine called ÿnite
automata. A ÿnite automata is a system which responds to discrete inputs (in our
case the actions of the opponent) with discrete outputs (player's own actions).
The type of ÿnite automata adopted here is a Moore machine2.

Having constructed the sets of strategies for both players they are ready to
play. Each player chooses one of his strategies to play r times PD. When the
repeated game is over the strategy Sk

i
receives payoþ ÿk

i
being the sum of the

payoþs in each single game. We assume that the next time players meet they
will experiment with another strategy.

Once the players have tried all their strategies, they analyze the results ob-
tained. A strategy that has relatively high payoþ will be kept in the memory as
a good one, and used in the future, and the strategies that performed bad will be
replaced with a combination of the existing strategies. A strategy that performed
well in one trail is not necessarily good, it just appeared to be good against a
given strategy of the opponent. For example, a strategy that always defects will
be a very good choice if played against a strategy that always cooperates, the
ÿrst one will have an average payoþ of ÿve and the second of zero. But the ÿrst
strategy may be a bad choice against TFT.

The process explained above is evolutionary and will be modeled using Ge-
netic Algorithms. In our context the population will be each player's strategies
and the environment they play in - his opponent's strategies.

Using this framework and changing only the process of formation of the new
strategies we are able to construct the three scenarios.

The ÿrst one resembles the model of Miller [7] and almost coincides with
the classical framework in this problem. In Miller's model, each agent has only
one strategy and the strategies of all agents evolve together i.e. there is only
one population evolving. We use the same structure but our agents have more
strategies. The strategies of both players evolve together, forming one population
in which good strategies will be kept and bad replaced with a combination of the
current strategies. This can be the case when players talk and discuss diþerent
plans. The result Miller obtained in the case of perfect information is that at the
end all individuals have the same strategy and their behaviour converges to the
cooperative result.

1 A strategy is a plan of how to behave in all possible circumstances.
2 For more detailed description of a Moore machine see Miller [7] or Vilà [8].
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Since the assumptions of the social learning scenario contradict with the
essence of the dilemma, another possibility is to construct the other extreme
- individual learning, where each player learns only from his own experience.
Players stay at diÿerent rooms and they do not try to interpret each other's
behaviour, but just adapt. Technically this is a two population model based
on Vilà [8], where a repeated discrete principal-agent game is analyzed. The
diÿerence between this model and the social learning is that now each player
can use only his own strategies. The process of learning is internal and is based
only on proper experience.

The two scenarios, as described above are good as benchmark models, but
too extreme. A better option is the imitation scenario, which combines the as-
sumptions of the previous two. Players are not allowed to communicated, but
they do make an attempt, to understand each other. It starts like the individ-
ual learning scenario until the moment when each player has his strategies with
the same structure. After this point each of them imitates the strategy of his
opponent. If we use the classical method for creating new strategies (single cut
crossover3) we are facing the same problem as in the social learning. In order to
avoid it we use a diÿerent procedure for generating new strategies i.e. diÿerent
type of crossover due to Vilà [8]. Our player can not observe the strategies of
his opponent, but he observes the history of the repeated game, which includes
both players actions. Let hi be the history of player's i actions. Then assume
that player 1 asks himself - what would I do if I were him and somebody played
against me in the way I have played against him. Since he does not know the
strategy of his opponent he can only imagine playing with his strategy, from his
opponent's position a history of random length and comparing his action after
this history with the real action of the opponent. If they do not coincide player
one replaces his action with his partner's action.

All the variations of the original framework are summarized in the following
table:

þþþþþþþþþþþþþþþþþþþþþþþþþþþþþþþþ

The structure of the model:

1. Generate K strategies for individual i, i=1,2;

2. Randomly match each strategy of one individual with one from the other;

3. Repeat until all strategies are played once. Each strategy receives payoÿ ÿ
k

i

i=1,2. k=1,..K;

4. Form new strategies

4.1 Social Learning (as in Miller [7])

4.2.Individual Learning

a) include the best K/2 strategies of each individual in his new group of

strategies;

3 With single cut crossover you combine two strategies by cutting them in two parts
and interchanging the second parts.
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b) select two strategies of an individual i to be parents. The probability

of strategy Sk
i
of being selected is:

P (Sk

i
) =

ÿk
iP

k
ÿk

i

(1)

c) create K/2 new strategies for each individual using the crossover and

then apply the mutation;

4.3.Imitation - steps a, b and c remain the same until both individuals have

their strategies with the same structure. After that step b is changed with

b0) one of the strategies selected belongs to the individual himself and the

other is the best strategy of his opponent.

5. Repeat steps 1ÿ4 R times, where R is the number of repetitions.

ÿÿÿÿÿÿÿÿÿÿÿÿÿÿÿÿÿÿÿÿÿÿÿÿÿÿÿÿÿÿÿ

3 The Results

3.1 Parameter Values

The simulations were performed under the following conditions:

Number of individuals 2
Number of strategies of each individual 4
Number of rounds 300
Number of repetitions 10 000
Probability of mutation 0.001
Overlapping generations 1/2
Crossover type partial imitation or single cut
Length of bit string 60

Payoþ structure
C D

C 3 , 3 0 , 5
D 5 , 0 1 , 1

(2)

The results are robust to changes in most of the parameters (number of strate-
gies, length of bit string and payoþ structure), but the choice of some of them
requires some discussion. One of them is the number of strategies. Usually the
size of the population chosen in similar models is higher, but having in mind
that in our context the population consists of strategies, it is diýcult to assume
that people have 50 or 100 strategies. We have run simulations with 50 or 100
strategies, but the results obtained were not diþerent. The number of rounds
and the number of repetitions, were chosen to guarantee convergence. The prob-
ability of mutation determines, among other things, how adaptive the players
are. The higher is the probability of mutation, the easier it will be for one player
to adapt to the changes of the behavior of the other. But if it becomes too high
they will modify their behavior too often. The value chosen is standard.
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3.2 Results

Our results under the social learning scenario coincides with the one obtained
in the literature i.e. cooperation. The outcome is independent of the type of
crossover used. A typical evolution of the average payoÿs of both players is
depicted in Figure 1.
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Fig. 1. In the case of Social Learning players cooperate and receive average payoÿ of

three.

The same stability of the result is obtained also in the individual learning
case but the outcome, as Figure 2 shows, is defection.

One possible explanation is that, when the evolution is common, the strate-
gies that the players will have in the next period come out of the same process.
Therefore it is very likely that they will be similar for both players and they will
move together. Hence they have to choose between cooperate or not, and the
þrst outcome is clearly better.

The imitation scenario has two possible results depending on the type of
crossover assumed. If we use the traditional crossover (single cut) players can
end up defecting or cooperating depending on how fast is the learning process and
what type of strategy do they have before the imitation begins. This diÿerence
can be seen in the two graphs at Figure 3. Intuitively if players learns slowly the
search þeld becomes bigger and the possibility of cooperation increases. But at
the same time even if they learn fast but at least one of them uses a strategy
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Fig. 2. In the scenario of Individual Learning the only possible result is defection,

which gives both players an average payoÿ of one.

that induces cooperation this is enough to make cooperation the only possible

outcome. In order to check the inÿuence of diþerent strategies we introduce a

player who always plays the same strategy. The three possible players are a

player who cooperates, player who defects and players who plays TFT. If the

ýrst two are introduced they induce defection, but the third one is able to üteachü

his opponent to cooperate. One possible explanation for the experiments, which

converge to defection is that it is very diûcult for a strategy like TFT to appear

in a random environment.

If instead of adopting the classical crossover we choose the one that does not

violate the assumptions of no communication the only possible result as depicted

in Figure 4 is defection.

4 Concluding remarks

The results of the three scenarios we have constructed suggest that one should

be very careful when deciding which one to choose.

Special attention should be given to the assumption of no communication,

which we found to be very inÿuential. Intuitively if people cannot talk this lowers

the conýdence and decreases the probability of cooperation. Going back to the

initial structure of the dilemma, if the two suspects can discuss, they will be able

to ýnd plans or strategies, which guarantee that neither will confess. Making
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Fig. 3. Imitation scenario The left graph depicts a case in which the learning process

is slow and the result is cooperation. Exactly the opposite can be seen at the right

graph, where the players end up defecting
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Fig. 4. Imitation scenario with partial imitation crossover . The result is defection.

the learning process personal, complicates it and independently on the possible

attempts of reasoning about the other person's behavior, the cooperation fails.

The imitation of the opponent's behavior leads to cooperation only if one of the

agents plays TFT.

Summarizing, we have found two conditions, that promote cooperation. On

the one hand, that is the possibility of communication and on the other the

inÿuence of a TFT player.
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