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Abstract. Social and economic systems consist of complex interac-
tions among its members. Their behaviors become adaptive according
to changing environment. In many cases, an individual’s behaviors can
be modeled by a stimulus-response system in a dynamic environment. In
this paper, we use the Iterated Prisoner’s Dilemma (IPD) game, which
is a simple model to deal with complex problems for dynamic systems.
We propose strategic coalition consisting of many agents and simulate
their emergence in a co-evolutionary learning environment. Also we in-
troduce the concept of confidence for agents in a coalition and show how
such confidences help to improve the generalization ability of the whole
coalition. Experimental results show that co-evolutionary learning with
coalitions and confidence can produce better performing strategies that
generalize well in dynamic environments.

1 Introduction

In biology, co-evolution refers to the evolution of multiple species that affect
one another. As one species evolves it changes the relationship that it has with
surrounding species. In game theory and evolutionary game, the Iterated Pris-
oner’s Dilemma (IPD) game and its variants have been used widely in modeling
various social and economic phenomena [1][2]. It has also been used to study
co-evolutionary learning under various conditions, where the primary purpose is
not to model a dynamic system but to study how co-evolution can be used in
learning novel strategies. For example, co-evolutionary learning of strategies for
N (N >2) player IPD games has been studied extensively [3][4][5]. Recently, a
new approach to automatic design of modular learning systems has been pro-
posed based on a combination of co-evolutionary learning and fitness sharing
[6][7]. The IPD games with multiple choices of cooperation levels and reputation
for each player have introduced a new dimension to the study of co-evolutionary
learning and brought the IPD game one step closer to the real life situations [8].

This paper investigates the issue of generalization in a co-evolutionary learn-
ing system using the IPD game as an example. This issue was first closely ex-
amined in [9] using the classical 2-player IPD game. In this paper, we will show
how the generalization ability of a coalition can be improved through player’s
confidence.
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Table 1. Axelrod’s payoff matrix for the 2-player IPD game. It must satisfy following
conditions: T > R > P > S, 2R > T + S

Opponent’s move
Cooperation Defection

Player’s move Cooperation Player: R (3 point) Player: S (0 point)
Opponent: R (3 point) Opponent: T (5 point)

Defection Player: T (5 point) Player: P (1 point)
Opponent: S (0 point) Opponent: P (1 point)

The rest of this paper is organized as follows: Section 2 introduces the IPD
game and the co-evolutionary approach to it. The representation of the IPD game
strategy is given. Section 3 explains strategic coalition in the IPD game and how
they are formed in evolution. Section 4 presents the experimental results. Finally,
Section 5 concludes the paper with a brief summary and a few remarks.

2 Evolutionary Approach to the IPD Game

2.1 Iterated Prisoner’s Dilemma Game

In the 2-player IPD game, each player can choose one of the two choices, defection
(D) or cooperation (C). Table 1 shows the payoff matrix of the 2-player IPD
game. The game is non-zerosum and non-cooperative. The game can be repeated
infinitely. None of the players know when the game is supposed to end. According
to the conditions given in Table 1, if the game is played for one round only, the
optimal strategy is definitely defection. However, if the game is played for many
rounds, mutual defection may not be the optimal strategy. Mutual cooperation
will perform better than mutual defection for the IPD game.

2.2 Representation of Strategies

The representation of IPD strategies affects various aspects of evolutionary
study, including the distribution of behaviors in the initial randomly-chosen pop-
ulation of players and the manner in which recombination and mutation create
new players. Several different types of representation have been proposed in the
IPD game such as finite state machine, logic tree, If-Skip-Action (ISAc) [10],
Markov chain, and neural nets. However, the bit representation is generally used
for the convenience of computer-based simulation. Figure 1 describes an example
of bit string representation scheme used in this paper. The evolutionary approach
to strategy learning for the 2IPD game was popularized by Axelrod [11].

2.3 Evolution of Strategies

In the 2IPD game, players are randomly selected from the population and then
play the game. Generally, IPD game is composed of several processes such as
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Fig. 1. Bit string representation examples

selecting action, moving and updating history. After enough games are played
in a generation, each player’s fitness is evaluated according to his total score
obtained during the games.

3 Evolving Coalition of Strategies

Evolved strategies may overfit to their current population and perform poorly
against good strategies that are not present in the current population [7][9]. One
effective approach to address this problem and improve generalization ability of
co-evolutionary learning is to automatically learn a group of cooperative strate-
gies, each of which is a specialist in dealing with a certain type of opponents, so
that the whole group becomes very robust and generalizes well [6][7]. Since such
groups and specialists within a group are not partitioned manually but evolved,
this approach can be regarded as a method of automatic design of modular sys-
tems, where each module consists of similar specialists. In this section, we define
the strategic coalition and then how to form coalition.

3.1 Strategic Coalition

Cooperation among autonomous agents may be mutually beneficial even if the
agents are selfish and try to maximize their own expected payoffs [12]. Coali-
tion formation among those agents is an important method for cooperation in
multi-agent environment [13]. For example, David and Jeffrey et al. have applied
coalition formation to model future scenarios in international military coalition
as a DARPA project [14][15].

To form coalition among agents, two main principles must be resolved in
advance. One is which procedure a group of autonomous agents should use to
coordinate their actions and cooperate, that is, how they form a coalition? The
other is that among all possible coalitions, what coalition will form, and what
reasons and processes will lead the agents to form that particular coalition [12].

In the real society, strategic coalition like this game can be shown easily
between individual and individual, individual and group, and group and group.
Let I = {A1, A2, . . . , An} be the collection of individuals in a population that
participate in the IPD game. Let C = {Ci, Cj , . . . , Ck}, |C| ≥ 2 be the strategic
coalition that can be formed among players. The coalition C is the element of
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the individual group I: C ⊆ I, |C| ≤ |I|. Every player has his own payoff,
pi, that earns from the IPD game against his opponents. The coalition has the
vector, C = 〈SC , NC , fp, DC〉. Here, SC , NC , fp, DC mean the sum of a coalition
payoff, the number of agents in the coalition, payoff function, and decision of the
coalition, respectively. Now we can define the strategic coalition as follows.

Definition 1. Coalition Value: Let w be the weight vector of each player’s pay-
off. The payoff of coalition Cp is the average payoff by corresponding confidence
of players that participate in the coalition.

SC =
|C|∑

i=1

pi · wi (1)

where wi =
pi∑|C|
i=1 pi

Cp =
SC

|C|

Definition 2. Payoff Function: Agents in the coalition get payoff with a given
function. In general, 2-player IPD game follows Axelrod’s payoff table.

Definition 3. Coalition Identification: Each coalition has its own identification
number. This number is generated when the coalition is made with a given condi-
tion. This number may be removed when coalition exists no more. This procedure
is made autonomously according to evolutionary game process.

Definition 4. Decision Making of Coalition: Coalition must have one decision
that is made by participants in the coalition. The decision reflects the intention
of the whole participants. We have used the weighted voting method for decision
making of the coalition in this paper. Decision making of the coalition DC is
determined by function with payoff and confidence.

DC =






0 (Cooperation) if 1 <
∑|C|

i=1 Ci
C ·wi

∑|C|
i=1 Ci

D·wi

1 (Defection) if 0 <
∑|C|

i=1 Ci
C ·wi

∑|C|
i=1 Ci

D·wi

≤ 1

(2)

Definition 5. Payoff Distribution: The agents in the coalition get payoffs from
the game against another player or coalition. These payoffs must be distributed
to each agent with a given function according to its confidence.

pi = wi
SC

|C| (3)
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Fig. 2. The 2-player IPD game with coalitions

3.2 Coalition Formation

Coalition formation includes three activities: (1) coalition structure generation,
(2) solving the optimization of each coalition, and (3) dividing the value of
the generated solution among agents [16]. While the IPD game between players
proceeds, each player checks the opponent’s intention to form coalition. At this
time, the payoff is an important factor to form coalition. In this paper, we
propose a different method for evolving coalition. It uses the idea of confidence.
A player’s confidence is not pre-defined and fixed, but evolved. A player may
have different confidences in dealing with different opponents. A player is allowed
to take part in deciding the next move of coalition at the rate of his confidence.
In other words, coalition’s next move is determined by players’ confidences.

The IPD game with coalitions is played according to the procedure given
in Figure 2. During each generation of evolution, the 2-player game is played
between two randomly selected players. After each game, each of the two players
considers making (or joining) a coalition to get more payoffs. If all conditions



Evolutionary Learning of Multiagents Using Strategic Coalition 55

A

B

C

D

Others

Self

Cooperation

Defection

Ad

Ac

X
cX

Y
dY

Fig. 3. Combining the confidences of multiple players within a coalition

are satisfied, they make a coalition. As the game is played over and over again,
there may be many coalitions that players make. Therefore a player can play
a game against a coalition. A coalition can also play against another coalition.
Combining coalitions is not considered in our study. There is no action after a
game between coalitions.

Once a player has joined a coalition, players within the coalition (including
the new one) will play IPD games in round-robin. For k players in a coalition,
a total of k(k-1)/2 games will be played. If the total number of players (i.e.,
k) is greater than a pre-defined maximum coalition size, the weakest player
(in terms of the total payoff he/she obtained in all round-robin games) will be
removed from the coalition. All players within a coalition are ranked (sorted)
according to the total payoff. A player’s confidence is assigned in proportion to
his/her ranking in the coalition. Figure 3 shows how to combine the confidences
of different players in a coalition to produce the coalition’s next move. In the
figure, Others indicates opponent’s move and Self indicates coalition’s move in
previous steps. A, B, C and D are players within a coalition and Ad is player’s
next move, reflected by their confidences, for a given history. For example, if
A’s next move is cooperation, Ac is 1×A’s confidence and Ad is 0. There is no
weight for inputs to a player.

3.3 Evolution of Coalition

Coalitions may be formed or removed from population during evolution. In our
experiments, coalition below the average fitness of players in population is re-
moved. In addition to coalition formation as described previously, new coalition
may also be generated by crossover of existing coalitions. Crossover of coalitions
is done by exchanging the same number of players, as shown in Figure 4. It
is important to point out that a player will only exist in the coalition once it
has joined in. As a result, weak players may be in the population without be-
longing to any coalitions (separate from the population) while strong players
join coalition. To remedy this problem, new players in the population are gener-
ated by recombining players from coalitions. We do not use weak players in the
population to generate new players.
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3.4 Gating Strategies in Coalitions

To improve the generalization ability of a coalition, techniques such as opponent
modeling and gating can be used. Opponent modeling predicts opponent’s next
move. Such prediction, if sufficiently accurate, can help the coalition to choose the
optimal move. However, it is difficult to model opponent’s strategy accurately.
In this paper, we use player’s confidence to decide which move should be taken
by the coalition against an opponent.

A population consists of coalitions that have a different confidence table. A
coalition has the same players that other coalitions have. Here, good players are
obtained during the evolution. A coalition has a history table for its own and
opponent’s moves and can use the information to change player’s confidence dy-
namically. The confidence is first randomly initialized as real numbers between
0 and 2 because the average confidence is 1. All coalitions have the fixed num-
ber of players that are extracted from coalitions in the last generation of the
co-evolutionary process but a different confidence table. If a coalition assigns
confidences effectively to the players in a given history, it may get a higher score
than the others. In this paper, confidence is represented as real numbers and
can be changed by mutation. A new confidence table may also be generated
by crossover of confidence tables. Crossover is done by changing confidences at
crossover point between coalitions keeping the information of players maintained.
The training set for adjusting player’s confidence consists of several well known
game-playing strategies, such as TFT, Trigger, CDCD, etc [17][18]. During evo-
lution, appropriate confidences are determined from coalitions. Crossover mixes
the confidences between coalitions in the population, and mutation changes a
specified confidence into a random real number between zero and two.
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Fig. 5. Average fitness of coalitions and players in the population. Solid lines are for
coalitions and dashed lines for players

4 Experimental Results

The first experiment is designed to evolve coalitions using co-evolutionary learn-
ing and the second is to evolve player’s confidence so that coalitions can play
adaptively against different opponents. In our experiments, the payoff matrix
used follows the one given in [9].

4.1 Evolving Coalition

In our experiments, we use the population size of 50, crossover rate of 0.6, muta-
tion rate of 0.001 and rank-based selection. A genetic algorithm with one-point
crossover and elitism is adopted [19]. For the 2-player game, the history length
is 2. The maximum coalition size is 10 and the maximum number of coalitions
is one third of the population size (i.e.,16). For the experiments presented here,
player’s confidence is fixed and not evolved. The evolution of player’s confidence
will be considered in the next subsection.

Figure 5 shows the average fitness of coalitions for 4 runs during evolution.
In the beginning of evolution, the average fitness of coalitions is above that of
individual players in the population. However, the difference decreases as time
goes by, because players in the population have gradually learned to deal with
stronger coalitions. (Notice that new players in the population were generated
by recombining strong players from coalitions.) In other words, players in the
population also gradually evolve to adapt to their environment.

In the above experiments, the coalition’s next move is determined by play-
ers’ weighted voting at a fixed rate (weight here corresponds to confidence). This
means that a coalition’s strategy against an opponent can be represented by a
single player. A coalition may not be as fit as it should have been in compari-
son with individual players not in the coalition. Figure 6 shows the number of
coalitions during evolution. The number of coalitions could become very small
or even zero as a result of fixed player confidence.
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Fig. 6. The number of coalitions in the evolution

Table 2. Training set for evolving player’s confidence

Strategy Characteristics
TFT Initially cooperate, and then imitate opponent’s action
TF2T Similar TFT, but defect for opponent’s 2 defection
Trigger Initially cooperate. Once opponent defects, continuously defect
AllD Always defect
CDCD Cooperate and defect over and over
CCD Cooperate and cooperate and defect
C10Dall Cooperate before 10 rounds and always defect after that
Random Random move

4.2 Evolving Confidences

In this experiment, we use the same experimental setup as before. The training
set used in evolving player’s confidence consists of seven well-known strategies
and a random strategy, as shown in Table 2. Figure 7 shows the average fitness
of evolved coalitions.

To evaluate the generalization ability of coalitions with evolving confidences,
we have selected 30 top ranked players in a random population of 300 as the test
set. Each player in the test set then plays against evolved coalitions in round-
robin games. We have experimented it for 10 runs to show the result of evolving
confidences. In the test of generalization ability of coalitions, player’s confidence
is allowed to vary with different opponents. Table 3 shows the performance of a
player against the 30 test players. The second and third columns in this table
indicate that there is a significant improvement in coalitions’ performance when
player’s confidence is allowed to evolve. The second column indicates the results
without the evolution of confidences and the third column indicates those with
it. In general, coalitions’ winning percentage has increased significantly and the
losing percentage decreased. In comparison with players in the training set, the
coalitions also perform quite well against the 30 test players. They have only
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Fig. 7. Average fitness of coalitions

Table 3. Performance against opponent strategies

Strategy Wins Ties Avg. Opp. Avg.
Before 8.64±4.9 6±2.19 1.84±0.28 1.75±0.59
After 18.55±0.5 4±0.63 2.16±0.07 0.92±0.29
TFT 8 0 1.70 1.77
Trigger 30 0 2.13 0.80
TF2F 7 0 1.54 2.40
AllD 30 0 2.17 0.7
CDCD 0 0 1.05 2.75
CCD 0 0 0.91 3.34
C10Dall 27 0 1.97 1.12

performed worse than AllD on average. They seem to be more likely to tie a
game than those players in the training set. This turns out that the coalitions
have learned not to lose a game as its top priority. Figure 8 shows the payoff
comparison of the evolved strategy with each test strategy.

5 Conclusions

Combining multiple players in a group can be a very effective way of designing a
learning system that generalizes well. We have evolved coalitions consisting of a
number of players in the IPD game. Each player in a coalition has a confidence
which specifies how well he/she is in dealing with an opponent. The confidence
is not fixed. It is different for different opponents.

Experiments have been carried out to compare players with and without
adaptive confidences. It is found that using adaptive confidences can improve
coalitions’ performance in testing significantly. Coalitions with adaptive player’s
confidence can deal with very different opponents, regardless of whether they
are cooperators.
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Although we have used the 2-player IPD game in this paper, some of the
results we have obtained may be applicable to more complex games. It will be
very interesting to study the evolution of coalitions and confidences in a real
world environment. For example, it is interesting to investigate how coalitions
can be formed among different countries in the world, how coalitions can be
formed among different parties in a country, how coalitions can be formed in a
commercial market, etc.
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