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Abstract. The N-player iterated prisoner’s dilemma (NIPD) game has been widely used
to study the evolution of cooperation in social, economic and biological systems. This
paper studies the impact of different payoff functions and local interactions on the NIPD
game. The evolutionary approach is used to evolve game-playing strategies starting from
a population of random strategies. The different payoff functions used in our study
describe different behaviors of cooperation and defection among a group of players.
Local interaction introduces neighborhoods into the NIPD game. A player does not play
against every other player in a group any more. He only interacts with his neighbors. We
investigate the impact of neighborhood size on the evolution of cooperation in the NIPD
game and the generalization ability of evolved strategies.
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1. Introduction
One of the most well-known games for modeling complex social, economical, and
biological systems is the iterated prisoner’s dilemma (IPD) game (Colman, 1982).
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. One player’s gain may
not be the same as the other player’s loss. There is no communications between
the two players. The game is repeated infinitely. Neither of the players knows
when the game is supposed to end.
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Table 1. Payoff matrix of the 2IPD game. T > R > P > S, 2R > T + P.
Cooperate

Defect

R
T

S
P

Cooperate
Defect

Table 2. The payoff matrix of the NIPD game, where the following conditions must be satisfied:
(1) Dx > Cx for 0 6 x 6 N − 1; (2) Dx+1 > Dx and Cx+1 > Cx for 0 6 x < N − 1; and (3)
Cx > (Dx + Cx−1 )/2 for 0 < x 6 N − 1. The payoff matrix is symmetric for each player. (Yao and
Darwen, 1994).
No. of Cooperators
Cooperate
Defect

0

1

···

X

···

N−1

C0
D0

C1
D1

···
···

Cx
Dx

···
···

CN−1
DN−1

According to the conditions given in Table 1, if the game is played for one
round only, the dominant strategy is definitely defection (D). However, if the
game is played for many rounds, mutual defection (D) may not be the dominant
strategy. Mutual cooperation (C) certainly performs better than mutual defection.
There has been a great deal of work in game theories investigating the dominant
strategy for the 2IPD game under various conditions (Colman, 1982). This paper
studies a different aspect of the IPD game, i.e., how simulated evolution can be
used to learn to play the IPD game without being given any prior knowledge
about how to play the game. The focus of this paper will be on evolutionary
learning and those factors which influence such a learning process.
The evolutionary approach to strategy learning for the 2IPD game was
popularized by Axelrod (1987). Much work following that line assumed that there
were only two players involved. Yao and Darwen (Yao and Darwen, 1994; Yao
and Darwen, 1995; Darwen and Yao, 1995) were among the first to study the Nplayer (N > 2) IPD game using the evolutionary approach. Up to 16IPD games
were investigated (Yao and Darwen, 1994; Yao and Darwen, 1995; Darwen and
Yao, 1995). A new encoding scheme for representing the NIPD game strategies
was also proposed, which has a much shorter chromosome length than Axelrod’s
representation (Yao and Darwen, 1994; Yao and Darwen, 1995; Darwen and
Yao, 1995).
Table 2 shows the payoff function for the NIPD game, which was defined by
Yao and Darwen (Yao and Darwen, 1994; Yao and Darwen, 1995; Darwen and
Yao, 1995). The basic principle of the NIPD game is the same as that of the
2IPD game: Defection is always better than cooperation for a single iteration,
but mutual cooperation is better than mutual defection in the long run. The third
condition in Table 2 was added to prevent a player from alternating between
defection and cooperation. These three conditions are very similar to the three in
Table 1. However, unlike the case in the 2IPD game where the (single) opponent
can be retaliated if he defects, it is impossible to retaliate a defecting player in
the NIPD game without affecting others because there is no way to distinguish
different players in a group. If a player chooses to defect, he/she will defect
against everyone in the group, including cooperators. This makes the NIPD game
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Number of cooperators among the remaining n − 1 players

0

1

2

n−1

C

0

2

4

···

2(n − 1)

D

1

3

5

···

2(n − 1) + 1

Player A

Fig. 1. An example of the payoff matrix of the NIPD game (Yao and Darwen, 1994).

much more complex and interesting. The classical tit-for-tat type of strategies will
no longer work well in the NIPD game since a defector cannot be identified and
penalized effectively.
There are a number of issues in the NIPD game which can influence the
evolution of game-playing strategies and the final evolved strategies, such as
the payoff function (Banks, 1994), noise (Axelrod and Dion, 1988), population
structure (Nowak and May, 1992), localization (Hoffman and Warning, 1996), the
history length (Axelrod, 1984; Axelrod and Dion, 1988; Yao and Darwen, 1994),
the number of players (Yao and Darwen, 1994), and so on. Most of the work did
not use the evolutionary approach. The strategies used by players were largely
fixed.
Yao and Darwen studied the NIPD game with N being up to 16 (Yao
and Darwen, 1994; Yao and Darwen, 1995; Darwen and Yao, 1995). Using
the payoff matrix given by Fig. 1 (Yao and Darwen, 1994), they showed that
the evolution of cooperation became more and more difficult as the number of
players in a group increased. While cooperation did emerge in the 4IPD game,
it never did for the 16IPD game in multiple runs of simulation. Starting from
a population of random strategies, the population actually converged to mutual
defection (Yao and Darwen, 1994). One of the reasons for the failure to evolve
cooperative strategies lies in the NIPD game’s inability to identify and punish
defectors effectively in a group. In the 2IPD game, a defector can be punished in
the next round, which is one of the key points of the tit-for-tat strategy. In the
NIPD game, a defector may also be punished in the next round. However, such
punishment will hurt the cooperators in the population as they will be punished
equally. Such unintended punishment hinders the evolution of cooperation. The
larger the group is, the worse the situation will be for cooperators.
This paper examines two issues in the evolution of NIPD game-playing strategies, which have not been studied in detail. The first is to explore different payoff
functions from that used by Yao and Darwen (1994). It is found that different strategies emerged when different payoff functions were used. The evolved
strategies were able to exploit the characteristics of a payoff function in order to
maximize its return. Our experimental results also showed that co-evolutionary
algorithms were able to learn different strategies for different payoff functions
without human intervention.
The second issue studied in this paper is the impact of local interactions
on the evolution of strategies. In the real world, a player may not interact
with every other player in a group. He/she may interact only with his/her

464

Y.-G. Seo et al.

immediate neighbors. How does such local interaction affect the evolution? Would
a cooperative coalition (Seo and Cho, 1999) emerge in a group although the group
as a whole is not cooperative? How robust would the strategies in the coalition
be? Would they generalize well? These are among the questions we try to answer
in this paper.
According to Schelling (1978), a coalition represents a group of players who
choose the non-favorable choice, e.g., cooperation in the IPD game. The minimum
coalition size is defined as the least number of players that can begin getting
interested in choosing a specified action. We follow such a definition in our
investigation of cooperative coalitions.
Generalization is a key issue in evolutionary learning. Little work has been
reported on the generalization ability of evolved NIPD strategies except for some
limited results (Darwen and Yao, 1995; Darwen and Yao, 1997). This paper
will examine how localization (i.e., localized interaction) affects the generalization
ability of evolved strategies.
The rest of this paper is organized as follows: Section 2 describes Yao and
Darwen’s representation scheme for encoding the NIPD game strategies. Section
3 discusses different payoff functions used in our study. Section 4 introduces
localization into the NIPD game and explains how it was implemented in our
program.
Section 5 presents the experimental results of our study. Several interesting
observations can be made from our results. First, different strategies emerged
when different payoff functions were used. The evolved strategies were able to
exploit the characteristics of a payoff function in order to maximize its return. coevolutionary algorithms were able to learn different strategies for different payoff
functions without human intervention. Second, a small neighborhood size tended
to encourage the evolution of cooperation although a neighbor was randomly
selected from the population. Third, the history length of a strategy played a
more important role in NIPD games with a large neighborhood size than in
those with a small neighborhood size. Fourth, the group size (i.e., N) played a
less important role in the NIPD games with localization than in those without
localization. For example, cooperation did not emerged without localization in
the 8IPD and 16IPD (Yao and Darwen, 1994), but it did with localization in this
paper. Fifth, strategies evolved with localization tended to perform poorer than
those evolved without localization against a group of unseen strong strategies.
Section 6 concludes with a brief summary of major findings of this paper.

2. Encoding Strategies for the NIPD Game
(Yao and Darwen, 1994)
One of the most important issues in evolving game-playing strategies is their representation. While encoding strategies for the 2IPD game may be straightforward,
representing strategies for the NIPD game can be difficult if we want to have a
compact representation. There are two different possible representations, both of
which are lookup tables that give an action for every possible contingency.
The first representation is a generalization of the representation scheme used
by Axelrod (1987) for the 2IPD game. In this scheme, each genotype is a lookup
table that covers every possible history of the last few steps. The Axelrod-style
representation scheme for the NIPD game, however, suffers from two drawbacks.
First, it does not scale well as the number of players increases. Second, it
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provides more information than is necessary by telling which of the other players
cooperated or defected, when the only information needed is how many of the
other players cooperated or defected. Such redundant information has been shown
to have reduced the efficiency of evolution greatly (Yao and Darwen, 1994).
A more compact representation scheme for the NIPD game strategies was
proposed by Yao and Darwen (1994). In this scheme, each individual is regarded
as a set of rules stored in a lookup table that covers every possible history. A
history of l rounds is represented by:
1. l bits for the player’s own previous l moves, where a ‘1’ indicates defection, a
‘0’ cooperation; and
2. another l log2 N bits for the number of cooperators among the other N − 1
players, where N is the number of players in the game. This requires that N is
a power of 2.
For example, if we are looking at the 8IPD game with history length 3, then one
of the players would see the history as:
History for 8 players, 3 steps: 001 111 110 101 (12 bits).
Here, the 001 indicates the player’s own actions: the most recent action (on
the left) was a ‘0’, indicating cooperation, and the action 3 steps ago (on the
right), was an ‘1’, i.e., defection. The 111 gives the number of cooperators among
the other 7 players in the most recent round, i.e., there were 1112 = 7 cooperators.
The 101 gives the number of cooperators among the other 7 players 3 steps ago,
i.e., there were 1012 = 5 cooperators.
In the above example, there are 212 = 2048 possible histories. So 2048 bits
are needed to represent all possible strategies. In the general case of the NIPD
game with history length l, each history needs l + l × log2 N bits to represent and
there are 2l+l×log2 N such histories. A strategy is represented by a binary string
that gives an action for each of these possible histories. In the above example, the
history 001 111 110 101 would cause the strategy to do whatever is listed in bit
1013, the decimal number for the binary 001111110101.
Since there are no previous rounds at the beginning of a game, we have
to specify them with another l(1 + log2 N) bits. Hence each strategy is finally
represented by a binary string of length 2l+l(log2 N) + l(1 + log2 N), which is
exponentially shorter than Axelrod-style encoding scheme.

3. Payoff Functions
Figure 1 gives the payoff function used by Yao and Darwen (1994). This section
investigates other forms of payoff function and their impact on the evolution
of strategies. Generally speaking, the payoff function in the NIPD game should
satisfy at least the following conditions:
Cx > Cx−1 ,
Dx > Dx−1 ,
Dx > Cx ,
CN−1 > D0 ,
N − 1 > x > 1.
The payoff function is a very important factor in determining the minimum
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Fig. 2. Minimum coalition size, M, in the NIPD game. The horizontal axis indicates the number of
cooperators in a group. The vertical axis indicates the payoff.

coalition size in the NIPD game (Banks, 1994; Schelling, 1978). In Fig. 2, a
cooperative coalition makes sense only when the payoff is no worse than all
defection. In other words, we need at least M cooperators to form a coalition. M
is defined as the minimum coalition size. If M is larger than one half of the total
number of players, a cooperative coalition cannot emerge in the game. If M is
smaller than one half of the total number of players, a cooperative coalition may
emerge depending on the number of players in the game, the payoff function used,
etc. It is very useful to investigate different conditions under which a cooperative
coalition may or may not be formed.
Although there are three conditions, as given in Table 2, which must be
satisfied by the payoff function in order to define the NIPD game (Yao and
Darwen, 1994), an occasional relaxation of these conditions enables us to examine
other payoff functions which occur in the real world (Schelling, 1978). Figure 3
shows three examples of linear and quadratic payoff functions. Obviously, the
quadratic payoff function shown by Figure 3(c) does not satisfy the conditions
of the NIPD game, because the payoff of cooperation is higher than that of
defection when the number of cooperators is greater than a certain threshold.
There is no dilemma any more in this situation. However, when the number of
cooperators is below this threshold, it is an NIPD game. It is interesting to see
how such a payoff function affects the evolution of strategies.
The payoff function given by Fig. 3(a) is similar to Yao and Darwen’s payoff
function (Yao and Darwen, 1994). There is a constant difference, i.e., k, between
Cx and Dx . In other words, the gradient of the Cx and Dx functions are the same.
One variation of this type of payoff function is given by Fig. 3(b), where the
gradient of the Cx and Dx functions are different. The Dx function increases more
quickly than the Cx function as the number of cooperators (x) goes up. So the
more cooperators in the group, the more attractive it is to defect.

4. Localization
The only interaction among players in the NIPD game is through playing games
against each other in each generation. How well a player does depends on how
strong/weak his opponents are. Localization restricts the opponents of a player
to be selected only from a small neighborhood (i.e., among his neighbors). This
restriction will understandably influence how the player is to interact with others
and what payoff he is going to get. Such restriction (localization) also influences
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(c)

Fig. 3. Three different types of payoff function. Solid lines represent the payoff function for defection
and dashed lines represent the payoff function for cooperation. The horizontal axis indicates the
number of cooperators. The vertical axis indicates the payoff.
√ (a) Cx = 3x − k and Dx = 3x.
(b) Cx = 2x − k and Dx = 3x + 1. (c) Cx = 12 x2 − k and Dx = 2x. 0 6 x 6 N.

evolutionary learning of game-playing strategies because fit strategies (fit in the
context of localized interaction) will reproduce and propagate in the population
even though they are only fit locally. Very fit strategies without localization may
not be fit anymore with localization. We would guess that strategies learned
with localization would be less robust than those learned without it since players
have less exposure to a wide range of different opponents. However, the NIPD
game with localization is a more realistic model of many real world systems. It
is interesting to find out the difference between NIPD games with and without
localization.
Related work on the NIPD game with localization includes Nowak and
May’s work on spatial evolution (Nowak and May, 1992). In their model, a
population of players are distributed on squares of a torus who are only capable
of always defection (AD) and always cooperation (AC). Each player interacts
only with his eight neighbors and imitates the strategy of any better performing
one. Cooperative behavior can be sustained in clusters of players that insulate
cooperators from hostile AD players under certain payoffs (Nowak and May,
1992). In our study, the evolutionary approach can explore a much larger set of
different strategies (all possible strategies of a given history length), not just AD
and AC. Strategies in a population are constantly changing from generation to
generation under the influence of crossover, mutation and selection. It is a much
more complex NIPD game that we are studying in this paper.
Hoffman and Warning (1996) have also experimented with localized interaction and learning between players on torus-employing Moore machines to
represent strategies and reported that localized learning and interaction improve
the cooperativity within a population.
There are two models, as shown by Fig. 4, which can be used in the study of
localization in the NIPD game. We will use the one-dimensional model as shown
by Fig. 4(a) in this paper. We will examine how the neighborhood size and the
history length affect the emergence of cooperative coalition and the generalization
ability of evolved strategies.
There are several methods of selecting N − 1 opponents among a player’s
neighbors in the NIPD game. Random selection will be used in our study. In
other words, if one player for a game is determined, the other N − 1 players
are selected at random among his neighbors. It is worth pointing out that such
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(a)

(b)

Fig. 4. Localization of interaction and learning. (a) One-dimension case with neighborhood size 2.
(b) Two-dimension case with neighborhood size 1.

random selection leads to sparse evaluation of a player since he does not see
all different groups of opponents. What he learns will be biased towards what
he has seen. This is very similar to the situations in our social and biological
environments.

5. Experimental Results
For all our experiments, we used an evolutionary algorithm with population size
100, crossover rate 0.6, and mutation rate 0.001. Two-point crossover with elite
preserving strategy was adopted. The selection scheme used was ranking.

5.1. NIPD Games with Different Payoff Functions
We have applied our evolutionary algorithm to a number of NIPD games using
three different types of payoff function as described in Section 3. We used N = 4
and 8. Three different k values (i.e., k = 1, 3, 5) were used for each type of payoff
function. In total, 18 different NIPD games were simulated. Each game was
repeated for 10 independent runs. All the results reported in this section have
been averaged over 10 runs.
Figure 5 shows the experimental results using the payoff function given by
Fig. 3(a), i.e., Cx = 3x − k and Dx = 3x, where 0 6 x 6 N − 1 and k = 1, 3, 5.
This type of payoff function is the more typical one, similar to the one used by
Yao and Darwen (1994). Two observations can be made from Fig. 5. First, a
small k encourages the evolution of cooperation. As k becomes larger, the payoff
of defection becomes so high in comparison with that of cooperation that most
players are willing to take the risk (of being punished/retaliated) and defect. That
is what happened when k = 5.
Second, a small group encourages the evolution of cooperation. Cooperation
is easier to emerge in a small group of four players than in a large group of
eight players. This confirms Yao and Darwen’s earlier finding about the group
size (Yao and Darwen, 1994). However, what Yao and Darwen did not explain
clearly is the cooperative coalition. For example, the population was not fully
cooperative in the 8IPD game with k = 3, as shown by Fig. 5(b). However, there
was a sustained coalition of six cooperators in the 8IPD game.
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(b)
Fig. 5. The evolution of strategies for the NIPD game using the payoff function Cx = 3x − k and
Dx = 3x, where 0 6 x 6 N − 1. N = 4, 8. k = 1, 3, 5. (a) Four players; (b) eight players.

Figure 6 shows the experimental results of the NIPD games using the payoff
function given by Fig. 3(b), i.e., Cx = 2x − k and Dx = 3x, where 0 6 x 6 N − 1
and k = 1, 3, 5. An immediate observation from Fig. 6 is that the average number
of cooperators dropped in comparison with the results in Fig. 5. Moreover, the
larger the group size, the more decrease in the number of cooperators. For
example, the average number of cooperators in the 8IPD with k = 1 dropped
substantially from eight shown by Fig. 5(b) to less than four shown by Fig. 6(b).
Such a decrease in the number of cooperators was less dramatic for the 4IPD
game. This is because the more cooperators we have in the NIPD game, the
larger the payoff difference will be between defection and cooperation. Hence it
is more attractive to defect. It is hard to maintain a high level of cooperation
within a group in this case.
Another interesting observation from Fig. 6 is that the number of cooperators
in a group was much less stable in comparison with the results in Fig. 5. The
players appeared to be more cautious and ready to defect whenever opportunities
arose. For example, the number of cooperators varied greatly between two and
four for the 8IPD game even with k = 1, as shown in Fig. 6(b). The seemingly
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(b)
Fig. 6. The evolution of strategies for the NIPD game using the payoff function Cx = 2x − k and
Dx = 3x, where 0 6 x 6 N − 1. N = 4, 8. k = 1, 3, 5.

stable cooperative coalition of (average) 2.7 players suddenly collapsed around
170 generations for the 4IPD game with k = 3, as shown in Fig. 6(a). The typical
size of a cooperative coalition was between 1.5 and 3.5 on average, which was
substantially smaller than the coalition sizes observed in Fig. 6.
1
Figure 7 shows the experimental results of the NIPD
√ games using the payoff
1 2
function given by Fig. 3(c), i.e., Cx = 2 x − k and Dx = 2x, where 0 6 x 6 N − 1
and k = 2, 3, 4. According to the payoff function, Cx grows much faster than Dx
as x, i.e., the number of cooperators goes up. Although the payoff for cooperation
is usually smaller than that for defection when x is small due to −k, it catches
up quickly. The time it takes to go past the payoff for defection depends on
the value of k. The smaller the k, the quicker it is. This is shown clearly in
Fig. 7(a) for the 4IPD games. In the case of 8IPD games, the payoff for having
more cooperators was so high that every player decided to cooperate. We would

1

Strictly speaking, these payoff functions do not define an NIPD game because they do not satisfy
all three conditions given in Table 2.
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Fig. 7. The evolution of strategies for the NIPD game using the payoff function Cx = 12 x2 − k and
√
Dx = 2x, where 0 6 x 6 N − 1. N = 4, 8. k = 2, 3, 4. (a) Four players; (b) eight players.

have to use a fairly large k (probably around 27) if we wanted to observe some
non-cooperative behaviors in the 8IPD game.
In general, there may be oscillation in co-evolutionary process. The fitness
of strategy is evaluated by other strategies in the population. At the beginning
of the game, there may be defective strategies in the population and many
cooperative strategies do not know how to deal with the strategies, so many
cooperative strategies are hurt by defective strategies. However, as the time goes
by, there come out conditional cooperative strategies that are adaptive to defective
strategies. The more these strategies come out, the less the defective strategies are.
Conditional strategies can get more payoff better than defective strategies, because
they cooperate with cooperative strategies, while they defect against defective
strategies. Once an appropriate number of conditional cooperators remain and
a large number of cooperators is established in the population, though there are
defective strategies, cooperators can survive in the next generation by interaction
among cooperators. This is because mutual cooperation gets a better payoff than
mutual defection.
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5.2. NIPD Games with Localization
Localization limits a player to interact only with his neighbors. This section
presents experimental results of the NIPD games with different neighborhood
sizes, history lengths and group sizes (i.e., N). The one-dimensional model as
shown by Fig. 4(a) will be used here. The main purpose is to investigate how the
neighborhood size influences the evolution of cooperative strategies. The issue of
history length and group size has been studied by Yao and Darwen (Yao and
Darwen, 1994; Seo et al, 1999) for the NIPD games without any localization. We
will use the same payoff function as that used by Yao and Darwen (1994), i.e.,
Cx = 2x and Dx = 2x + 1, where 0 6 x 6 N − 1 and N = 4, 8, 16. The history
length is varied from one to three to investigate the effect. Here, the player’s
partner is randomly selected among his adjacent neighbors.
Figure 8 shows the experimental results of the 4IPD games with different
neighborhood sizes and history lengths. It is obvious that the neighborhood size
played a critical role in the evolution of cooperation. When the neighborhood
size was small (i.e., two), all runs converged to mutual cooperation regardless
of the history length, although it appeared to take longer to cooperate when
the history length was large (i.e., three), as shown by Fig. 8(a), (c) and (e). This
is rather interesting as the previous study showed that a longer history length
encouraged cooperation (Yao and Darwen, 1994). When the neighborhood size
was increased to 30, the history length became much more important. A short
history length (i.e., one) led to many non-cooperative behaviors, as observed from
Fig. 8(b). Some runs did converge to mutual cooperation, but others did not. The
number of cooperators appeared to fluctuate greatly in the evolution. In some
runs, the number of cooperators climbed to a fairly high level (around 3.5) after
the initial dip, and then gradually decreased again. It seemed to be very difficult
to maintain a stable cooperative coalition no matter what the coalition size was.
As the history length was increased to two (Fig. 8(d)) and then to three (Fig.
8(f)), most players tended to benefit from the extra memory and seemed to realize
that mutual cooperation was better than mutual defection. Hence we can observe
the increase in cooperation among players. For example, most runs in Fig. 8(f)
converged to mutual cooperation among all four players. For the two runs where
mutual cooperation among all four players was not achieved, there was a stable
cooperative coalition of (average) 3.3 players.
Yao and Darwen have shown that it becomes more difficult to evolve cooperative strategies as the group size (i.e., N) increases in the NIPD game (Yao
and Darwen, 1994). Consensus is more difficult to achieve in a large group. Figure 9 shows some interesting results on what happened when each player was
restricted to interact only with his neighbors. With such localization, the group
size (i.e., N) did not seem to have much impact on the evolution of cooperation
anymore, as indicated by Fig. 9(b) and 9(d). Instead, the neighborhood size had
a critical impact on the evolution. For example, Yao and Darwen (1994) could
not evolve any cooperative strategies for the 16IPD games; we could evolve
cooperative strategies in a coalition even with a rather large neighborhood size
of 30, as shown by Fig. 9(c). When the neighborhood size was reduced to eight,
the coalition size was very close to 16, as shown by Fig. 9(d). In other words,
almost all players were cooperating with each other. This was impossible without
localization (Yao and Darwen, 1994).
One of the key issues in evolutionary learning is generalization (Darwen and
Yao, 1995). It is important to examine how well evolved strategies perform against
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Fig. 8. The 4IPD games with different neighborhood sizes (2 and 30) and different history lengths
(1, 2, and 3). (a) Neighborhood size 2 and history length 1. (b) Neighborhood size 30 and history
length 1. (c) Neighborhood size 2 and history length 2. (d) Neighborhood size 30 and history length
2. (e) Neighborhood size 2 and history length 3. (f) Neighborhood size 30 and history length 3.

different opponents. We select two sets of strategies as potential opponents of
evolved strategies in this paper. The first set consists of the 15 best strategies
from a randomly generated population of 100 strategies. The second set consists
of evolved strategies themselves. This approach of testing the generalization
ability of evolved strategies follows that used by Yao and Darwen (Yao and
Darwen, 1994; Darwen and Yao, 1997). The 8IPD game with history length 1
and neighborhood size 4 will be used.
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Fig. 9. The NIPD games with N = 8, 16 and neighborhood size 4, 8, 10 and 16.

Table 3 gives the 15 best strategies which were selected from a random
population of 100 strategies for the 8IPD game. Table 4 shows the game-playing
results between the evolved strategies and the 15 best strategies given by Table 3.
Table 5 shows the game-playing results among the evolved strategies themselves.
It is obvious from Tables 4 and 5 that the evolved strategies generalized poorly
against best random strategies although they did very well against themselves. In
comparison with the results presented by Yao and Darwen where no localization
was used (Yao and Darwen, 1994; Darwen and Yao, 1997), it is very clear
that localization had created a small and cosy local environment in which all
strategies tended to cooperate with other in order to gain high payoff. The
strategies were seldom exposed to a more diverse and hostile environment. That
is why they were so vulnerable and performed so poorly against best random
strategies. In fact, they performed much worse than the strategies evolved without
any localization (Yao and Darwen, 1994) when playing against the best random
strategies. However, they did spectacularly well among themselves.

6. Concluding Remarks
Localization and payoff function can have a dramatic impact on evolved strategies and their generalization ability in the NIPD game. In general, a larger
difference between the payoff for defection and that for cooperation will make
non-cooperative moves more attractive and hence make a cooperative coalition
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Table 3. The 15 best random strategies selected from a population of 100 random strategies.
Opponent strategy
1110
1010
1100
0010
1101
0000
0001
0111
0110
0011
1101
1010
1101
1110
0011

1100
1001
1111
1111
1010
1111
1011
0111
1110
1011
1101
0011
0100
1100
1110

1111
0111
1001
1001
1111
1111
1101
0111
0101
1111
1101
1111
0011
1101
1011

1001
1101
1101
1101
1111
1101
1100
1111
1011
1111
1111
1100
1100
1101
1110

1001
0110
0100
1000
1010
1110
1100
0010
1010
1011
0100
1011
0100
1000
0111

Table 4. The game-playing result between evolved strategies and the best random strategies given by
Table 3.
Evolved strategy
00011100101001000001
00001001000010001011
01001000011111010011
00011000010100111100
00100100111000110000
00000000100101000000
00111011011110101000
00100011010010100100
01101110100011011110
00000100010011000110

Self
Mean
S.D.

Opponents
Mean
S.D.

4.364
4.137
4.366
4.268
4.064
4.219
4.795
4.769
4.856
4.286

5.336
5.575
5.446
5.486
5.452
6.315
5.025
5.497
4.929
5.965

0.268
0.194
0.201
0.241
0.180
0.200
0.191
0.158
0.201
0.229

0.183
0.160
0.197
0.211
0.146
0.157
0.124
0.136
0.209
0.196

smaller, if it exists at all. Localization can encourage the evolution of cooperation.
The smaller the neighborhood size is, the easier it is for cooperation to emerge,
even in the NIPD game with a large N (i.e., N = 16). The neighborhood size
appears to be a much more important factor than the group size (i.e., N) in
influencing the evolution of cooperation. The history length plays a role only
when the neighborhood size is sufficiently large.
Although localization can encourage the evolution of cooperation and achieve
very high payoff for cooperative strategies, they are very brittle and generalize
poorly against best random (non-cooperative) strategies. The cooperative coalition tend to create a small and cosy environment for strategies to pat each other’s
back. As a result, strategies lose their competitiveness against a wide range of
different opponent strategies.
The NIPD game is an extremely rich and complex model for many real world
applications. What we have studied do far are all based on a relatively simple
model where each player can only have two choices: cooperation or defection. In
reality, few people cooperate entirely (i.e., 100%) with others or defect entirely
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Table 5. The game-playing result among the evolved strategies themselves.
Evolved strategy
00011100101001000001
00001001000010001011
01001000011111010011
00011000010100111100
00100100111000110000
00000000100101000000
00111011011110101000
00100011010010100100
01101110100011011110
00000100010011000110

Self
Mean
S.D.

Opponents
Mean
S.D.

14.000
14.000
14.000
14.000
14.000
14.000
14.000
14.000
14.000
14.000

14.000
14.000
14.000
14.000
14.000
14.000
14.000
14.000
14.000
14.000

0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

against others. There exist many different levels of cooperation. One person may
cooperate with another 80% or 40%. The latest study along this line (Yao and
Darwen, 1999) has shown some very interesting results which are quite different
from what we found in the simple binary case. This is one of the promising
directions for future study.
Another promising direction of future study is the investigation of a player’s
reputation in the NIPD game. We do not interact with everyone in a human
society, yet we tend to trust and cooperate with some people more often than
with others even though we have never interacted with them. Reputation is one
of the factors which affect our choice of cooperation or defection in this situation.
The NIPD game with player’s reputation added (Yao and Darwen, 1999) enables
us to study a number of more realistic and interesting behaviors which one might
observe in real life.
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