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Abstract

In this paper we study a dynamic process where agents in a network
interact in a Prisoner�s Dilemma. The probability for two agents to inter-
act decreases with their distance in the network. The network not only
mediates interactions, but also information: Agents learn from their own
experience and that of their direct neighbors about the history of any given
player. Each agent can only memorize the last h periods. Action choices
are rational given the preference type of the chooser and the reputation
of the match. Evolution selects among preference types. We establish
almost sure convergence of the process and characterize absorbing states.
We then show - via simulations - that the probability of reaching a co-
operative state does not relate monotonically to the memory constraint
h. In fact the optimal memory level from a population viewpoint can be
interior. We show that this is due to "stigma" i.e. to the fact that agents
- even after changing their type are stuck for some time with their "old"
reputation. Without "stigma" the probability of reaching a cooperative
state increases monotonically with higher memory.
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1 Introduction

Motivation

Human cooperation di¤ers from cooperation observed in other species due to
the use of mechanisms such as explicit reputation building or indirect reciprocity
(reciprocity mediated through reputation..). It has been argued in the literature
that this is due to the cognitive limitations of non-human species, preventing
them to engage in more cognitively complex cooperation-enhancing mechanisms
(Fehr and Gächter, 2002; Stevens and Hauser, 2004, 2005). Infact, in Biology it
is widely recognized that human capacities, such as memory and language might
be crucial for the evolution of cooperation (Trivers 1971, Nowak and Sigmund
1998). Existing literature in Evolutionary Game Theory, though, has largely
ignored these issues.
In this paper we focus on one such human capacity and explore the role of

memory for the emergence of cooperation. Our model is set in the tradition
of the indirect evolutionary approach (See e.g. Bester and Gueth (1998)). In
these models evolution selects among preference types, not strategies. In our
model there are three types: altruists, defectors and conditional cooperators.
Agents choose their actions as a best response to their beliefs about their current
opponent�s play.
To analyze the relevance of limited memory for prosocial behavior, we in-

troduce two natural mechanisms in our model: First, we assume that agent
i�s beliefs about j�s behavior are determined through the reputation j enjoys
with i. Second, both interactions of agents as well as the spread of information
are mediated through a social network. Reputation is created both directly,
through repeated interactions of the same individuals, and indirectly, through
information from neighbors in the social network. Agents have limited memory
and remember only their last h interactions.
Finally - unlike in standard models - agents do not only interact with their

�rst order neighbors in the network, but have positive probability to interact
with anyone in the same connected component of the network. The probabil-
ity to interact with a particular agent decreases in the "geodesic distance" of
this agent. This allows us to capture situations where people are simultane-
ously engaged in various relationships. This certainly realistic feature of the
model interacts with memory constraints in obvious and important ways. Both
longer time intervals between potential cooperative encounters and having to
recall the past play of multiple opponents are challenges for reputation-based
mechanisms.1

Our main results are the following. We establish almost sure convergence
and show that absorbing states are characterized either by full defection or full
cooperation. Furthermore, we explore the role of memory size, the importance

1See Stevens and Hauser (2004) for a discussion along these lines and Milinski and
Wedekind (1998) for experimental evidence on the e¤ects of memory constraints on coop-
erative behavior.
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of the network for matching as well as the role of "stigma" through simula-
tions. "Stigma" refers to situations in which an agent after changing her type is
still burdened by her "old" reputation. This case can re�ect cultural evolution
among humans and is certainly the correct model if changes of type are not ob-
servable. The "No-Stigma" case refers to the case where an agent after changing
her type enjoys a "clean" reputation. This case can re�ect biological (genetic)
evolution or cultural evolution if changes of type are observable.2 Our results
show that in the "Stigma" Case there exists an interior memory size maximiz-
ing the probability to observe cooperative outcomes in the long run. The more
important the network is for matching, the more cooperation is observed at the
optimal memory size. In the "No Stigma" Case, on the other hand, a larger
memory always leads to better chances for cooperation.
These results add an interesting new viewpoint to the discussion of why evo-

lution did not endow us with unlimited brain capacity or, more loosely speaking,
did not make us "in�nitely" smart. Not only is it the case that larger brain or
memory capacity involves a direct cost, our results also show that it can be op-
timal (at least from a population viewpoint) to be endowed with �nite memory
in strategic situations. In line with the group selection literature in Biology
limited memory in our model can emerge from the con�ict of two populations
endowed with di¤erent memory capacity in the brain. Since human memory
capacity is in reality limited, our results also suggest that stigma may play an
important role in the evolution of human cognitive capacities.
The paper is organized as follows. Next we will discuss related literature.

In Section 2 we will then present the model, in Section 3 explain our simulation
strategy and in Section 4 present our main results. Section 5 concludes. Proofs
and Regression tables are relegated to an Appendix.

Related Literature

Cooperative behavior based on reputation has been studied for decades espe-
cially in repeated bilateral interactions. So called tit-for-tat players cooperate if
and only if their partner has cooperated in all past interactions. Studies include
Trivers (1971), Rubinstein (1979), Axelrod and Hamilton (1981), Kreps et al.
(1982) or Fudenberg and Maskin (1986). Kreps et al. (1982) for exampls show
that if for any agent there is a small probability to interact with such a tit-for-
tat agent cooperation can be sustained even in the �nitely repeated Prisoner�s
Dilemma.
However, cooperative behavior is also observed in one-shot interactions with

unknown individuals. As a result, literature, which explores the role of repu-
tation in non-regular encounters, has emerged. This led to the concept of in-
direct reciprocity (Nowak and Sigmund, 1998; Leimer and Hammerstein, 2001;
Wedekind and Milinski, 2000; Seinen and Schram, 2004; Milinski et al., 2001):
the reputation an agent i has in the eyes of an agent j also considers how i
behaves with other individuals k 6= j; i. Under this concept, cooperation is fully

2Note, though, that with the explicit reputation building our model is essentially a model
of human evolution.
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constructed on reputation. The drawback of these studies is that the history
of each player�s actions is public knowledge. Hence, this mechanism needs an
institution, which will disseminate information. An exception are Nowak and
Sigmund (1998) who simulate a situation, where just a subset of the population
learns the play in past bilateral encounters and show that public knowledge is
not necessary for the cooperation to establish. In their model, the "observers"
are chosen randomly from the population.3

In our paper there is a natural mechanism to disseminate information. Agents
are located on a network and obtain information either through their own expe-
rience or through their direct neighbors in the network. All agents have limited
memory, though, implying that reputation will always remain incomplete. Lim-
ited memory has been studied �rst by Miller (1956). He found that humans
typically can remember seven objects of the same kind. Since then numerous
studies have repeatedly recon�rmed this �nding in a great variety of contexts, for
a great variety of recalling objects, and across di¤erent age categories. Cowan
(2001) presents a recent exhaustive review of this topic.
The emergence of cooperation in exogenous social networks has been studied

by Eshel, Samuelson and Shaked (1998) or Fosco and Mengel (2008) among
several others.4 One of the more closely related studies is Cortens and Cook
(2008), who also model reputation building through the network. They study
a dynamic network and show that in this setting reputation does not always
enhance cooperation. Fosco and Mengel (2008) obtain a result with a similar
�avor, showing that more information (not reputation) can hurt cooperation if
agents imitate succesful actions in an endogenous network.
Direct reputation-building within simple network architectures, such as cir-

cles and lattices has been studied by Boyd and Richerson (1989) or Nakamaru
et al. (1997,1998). More recently, Ohtsuki et al. (2006) and Ohtsuki and
Nowak (2007) have proceeded analytical results for regular graphs and simula-
tion results for random and scale-free networks. The general conclusion of this
literature is that, in most cases, the e¤ect of the bilateral reputation is enhanced
by the underlying network structure compared to the random matching case.
See also Cohen et al. (2001).
Mohtashemi and Mui (2003) explicitly focus on the e¤ect of social infor-

mation that travels through network on cooperation. More precisely, direct

3A natural implication of the above assumption is that agents might have no information
about their new opponent. The tit-for-tat strategy prescribes cooperation in such a case.
Pollock and Dugatin (1992) propose an observer-tit-for-tat strategy that behaves as a tit-
for-tat when nothing is known about the partner, but defects when the partner is known
to have defected in the past. Nowak and Sigmund (1998) and Mohtashemi and Mui (2003)
set this initial "reputation" �xed and most discriminative. However, it has been observed
in the experimental literature that subjects� actions depend on what happens, on average,
in the population. For instance, Fischbacher et al. (2001) and Kurzban and Houser (2005)
report that conditional cooperators, the only types in our model that make use of information,
contribute according to what the others do on average. Other literature, moreover, argues
that humans have an innate capacity to detect cheaters (Cosmides and Tooby, 1992). Insofar,
we assume that the average rate of coooperation is publicly known and when ignorant about
the past play of opponents agents base their decision of the average rate.

4Further literature can be found among the references of these articles.
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links mutually share information in their model, spreading reputation of past
encounters across neighbors. They rule out repeated interactions and show
that non-direct assesment of reputation itself can stabilize cooperative behavior.
However, they model a growing network, in which everybody ends up knowing
everybody, which is crucial for the survival of cooperation in their set-up.5

Finally, in an experimental study, Cassar (2007) contrasts cooperation levels
across three networks: local, small-world, and random. She reports that the
initial frequency of cooperation lies around 50% in all networks and decreases
over time, suggesting that the social network structure cannot sustain coopera-
tion on its own. This decrease is actually more pronounced in the small-world
network and similar in the other two network types.

2 The Model

There is a �nite number of agents interacting in a bilateral Prisoner�s Dilemma
through a given network. Agents are more likely to interact with others that
are "closer" to them in the network. (Subsection 2.2). There are di¤erent types
having di¤erent preferences over the outcomes in the Prisoner�s Dilemma. (Sub-
section 2.1). Given their preferences agents best respond to their beliefs about
their opponent�s choice. Beliefs are determined explicitly through the reputation
this opponent enjoys with the agent in question. (Subsection 2.3). Ultimately
we assume that evolution selects among preference types. (Subsection 2.4).

2.1 Game and Payo¤Types

The payo¤s of an agent of type � when choosing action ai and his opponent
chooses aj are given by

ainaj C D
C a 0
D 1� w� d� w�

(1)

with 1 > a > d > 0. We also assume that d > 1 � a.6 If w� = 0 this
matrix represents a (standard) Prisoner�s Dilemma. Di¤erent values of w� can
induce di¤erent types of behavior. We assume that there are three types in the
population. The type space is T = fD;CC;Ag:

� D: Defectors (wD < 1� a) whose optimal strategy is always defect.

� CC: Conditional cooperators (wCC 2 [1�a; d]). Conditional Cooperators
cooperate whenever their beliefs about the probability that their next

5They themselves remark that without the network growth cooperators are easily defeated
by defectors (Mohtashemi and Mui, 2003, p. 527).

6This simpli�cation serves to determine the behavior of conditional cooperators in a natural
way. See Mengel (2008).
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round match cooperates � is larger than the critical value b�:
b� = d� wCC

a+ d� 1 :

� A: Altruists (wA > d) who will always cooperate.

2.2 Interaction Structure

Agents are organized on an exogenous undirected network. At each period
one agent is chosen randomly (with uniform probability) to play the Prisoner�s
Dilemma. This player is matched with somebody else from the network to
play the game. The probability to interact with any player is proportional
to the shortest " geodesic distance" that separates the two players.7 Denote
the shortest distance between i and j by dij (obviously dij = dji). Then the
probability for i to interact with j given that i has been chosen as rowplayer is
the following:

Pij(dij) =

8><>:
e��dijP

k 6=i
e��dik

if dij > 0

0 if dij = 0 or dij =1

Note that with this function Pij(dij) 6= Pji(dji), more central players in
the network are matched more frequently.8 Evolutionary �tness, though, will
depend only on the expected payo¤ per interaction, ensuring that "centrality"
does not per se lead to higher �tness. Also note the following features of the
model. The higher is � the more likely it is to meet neighbors and the more
unlikely to meet distant individuals. � thus parametrizes the e¤ect of the net-
work for matching. If � = 0 matching is random with uniform probability - so
we have eliminated the network e¤ect. On the other hand if �!1, matching
takes place exclusively among direct neighbors. Finally, note that if dij = 1
(agents in disconnected components) then p(dij) = 0:
When playing the game altruists (A) always choose cooperate and defectors

(D) always choose defect. For conditional cooperators (CC), though, action
choice depends on their beliefs on what their match will choose. These beliefs
in turn depend on the reputation their match enjoys with them.

2.3 Reputation and beliefs

Agents have limited memory. They remember their last h interactions. They
form beliefs about the behavior of the opponent player using their experience

7Geodesic distance between any two nodes is the minimum number of links that connects
the two nodes.

8Given that i has been chosen as rowplayer, the probability that i is matched with some-

body else adds up to 1:
P
j 6=i Pij(dij) =

P
j 6=i

e��dijP
k 6=i

e��dik
= 1.

6



from the last h periods and the information they can get from their direct
neighbors.
Denote by �ij(h) the number of times that i interacted with j in the last h

periods and ij(h) the number of times that j cooperated in such an interaction.
If there was no interaction between i and j in the last h periods �ij(h) =
ij(h) = 0:
There is no global "reputation" in the model. Some players will think badly

about a given player and others good. Denote Ni = fk 2 N jdik = 1 ^ �kj(h) >
0g and ni(h) = card(Ni). This latter is the number of player i�s �rst-order
neighbors in the network that have interacted with agent j in the last h periods.
The reputation that player j has for player i (what i thinks about j) at time t
is given by

rtij =

8>>>>>><>>>>>>:

�
ij(h)

�ij(h)
+ (1��)

ni(h)

P
k2Ni

kj(h)

�kj(h)

if �ij(h) > 0 ^
ni(h) > 0

ij(h)

�ij(h)

if �ij(h) > 0 ^
ni(h) = 0

1
ni(h)

P
k2Ni

kj(h)

�kj(h)

if �ij(h) = 0 ^
ni(h) > 0

:

The reputation that j enjoys with i is thus a weighted average of the pro-
portion of times that j cooperated with i during the last h periods and the
number of times that j cooperated with i0s friends. The idea is that i has in-
formation from his neighbors about j (given that they interacted with j ). He
forms an opinion about j as a weighted average of his own experience with j
and the experience of his friends. High � means that he relies mostly on his
own experience and low � that he forms judgements based on the information
from others.
If nothing is known about j (i.e. if �ij(h) +

P
k2Ni

�kj(h) = 0) there is
"no reputation". In this case the agents use the average rate of cooperation in
period t�1 which is assumed to be always known to all players (�t�1). In other
words the default belief about others (when nothing is known about them) is
the population average.
In sum, the belief that i has about the likelihood that j cooperates at t is

given by

�tij =

�
rtij if �ij(h) +

P
k2Ni

�kj(h) > 0
�t�1 otherwise

:

Our set up relates the network structure to the information accumulation in
a natural way. Given the locally biased matching process, if clustering is high
or the network is small, it is very likely that the individual will know something
about j (�ij(h)+

P
k2Ni

�kj(h) will be strictly positive). In this case agents are
able to identify the type of the opponents and probably cooperation has good
chances to survive. In the other extreme case the players are likely to know very
little about the opponent and they form opinion by looking on the population
average. Then the model is close to an incomplete information set up, in which
the chances for cooperation should be rather bad.
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2.4 Selection process

Ultimately, we are interested in which of the three types survive in an evolu-
tionary model. Evolutionary success (�tness) is measured by per interaction
material payo¤s of the agents. Obviously �tness can depends only on material
payo¤s (not taking into account w� ), as we want to know which preferences
will be selected. As mentioned before we use per interaction payo¤s such that
more "central" agents or agents with a higher degree do not per se enjoy higher
�tness.
More speci�cally the selection process is modeled as follows. Every N peri-

ods, i.e. once each agent had the chance to play the Prisoner�s Dilemma exactly
once on expectation, k agents are selected randomly for selection. For each of
these agents one agent is randomly chosen from the whole population and their
�tness is compared. If the randomly chosen agent has higher �tness, the agent
adopts his type. This process could be interpreted as imitation learning, but
also as genetic evolution.
We consider two alternative scenarios. In our benchmark scenario (Section

4.1) we assume "Stigma", meaning that an agent after switching her type still
has the same reputation as before. Also the memory of the agent is not erased.
This assumption is closer to a setting of cultural evolution, e.g. a process of
imitation.
Then (in Section 5.2) we also consider the "No-Stigma Case" in which an

agent�s reputation is "cleaned" after she changes her type. This case could
correspond to biological (genetic) evolution but also to cultural evolution if type
changes are observable (through either changes in action choices or coproducts
outside this model).

2.5 State Space and Convergence

Note that at each point in time t each player is entirely characterized by the
vector of her reputations for others ri(t) := (rti1; r

t
i2; :::r

t
iN ) as well as those of

her �rst-order neighbors in the network. Consequently the population state at
time t is given by the n� (n+ 2) matrix

�(t) = (�(t)k�(t)kR(t)) ;

where �(t) = (�1(t); ::�N (t))
T is the n � 1 vector indicating the types of all

players, �(t) the n� 1 vector indicating each agent�s payo¤ from the last inter-
action and R(t) = (r1(t); ::rN (t))T is the n�n matrix indicating all the player�s
reputations for each other. Note that since �(t) is completely determined by
�(t� 1) and the realizations of the random variables at t, the associated transi-
tion matrix describes a �nite Markov chain on the state space S := T ���R
(where R is the set of all possible reputation matrices and � is the payo¤ space).
Denote the probability to reach state s0 from state s by q(s; s0): We have the
following de�nition.

De�nition State s is absorbing () q(s; s) = 1.
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Our �rst result shows that the stochastic process does indeed converge to
one of these absorbing states.

Proposition 1 If � is �nite, the stochastic process described above converges
almost surely to an absorbing state.

Proof. Appendix.
This is an important result, since it enables us to be con�dent that our

simulations should converge. In the next proposition we give a partial charac-
terization of the absorbing states.

Proposition 2 If � is �nite, every absorbing state is characterized by either
full defection or full cooperation.

Proof. Appendix.
Proposition 2 shows that strong "norms" of behavior will tend to evolve.

Either everyone will end up cooperating or everyone will end up defecting. This
of course immediately implies that defectors and altruists cannot coexist in any
absorbing state. (Since defectors always defect and altruists always cooperate).
A di¤erent question is of course - which of these states are we likely to observe
in the long run? This will naturally depend on the relative size of their basins
of attraction. In the next sections we describe the results of simulations, that
will show us which of these states are likely to emerge and how the basins
of attractions of the di¤erent states vary with the paramters of our model.
Particular importance will be attached to the memory size h of the agents.

3 Simulations

We simulate the model using small world network (Watts and Strogatz (1998))
with N = 100 agents.9 The small world network is generated from a one-
dimensional lattice where the agents have links to their neighbors of up to �
distance (� is the connection radius). After each link is rewired with some
probability (�): the link between agent i and j is destroyed and agent i is
connected to a randomly chosen other agent who is not already connected to i.
The rewiring procedure has an important impact on network measures, such

as the clustering coe¢ cient and the average distance. The clustering coe¢ cient
of a network is the average of the clustering coe¢ cient of the nodes. The latter is
the fraction of pairs of neighbors of a given node that are themselves neighbors
(see Vega-Redondo (2007) Ch. 2). In the case when the network is connected,
the average distance is the average of the length of the shortest path between
any two nodes, i.e. the average of the geodesic distance over the pairs of nodes.
When the network is disconnected, the average distance is in�nite according to
the conventions.

9Simulations are programmed and carried out using the program RePast.
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Figure 1: Network structures for � = 2 and di¤erent values of rewiring prob-
ability. Left: � = 0, middle: � = �, right: � = 1. Taken from Vega-Redondo
(2007) p. 59.

If the rewiring probability � is 0, we have a local network which is character-
ized by high clustering and high average distance and each node has 2� neigh-
bors. Nodes form relatively isolated neighborhoods. As the rewiring probability
� takes a positive but small value, the average distance decreases dramatically:
a few shortcuts connect the local neighborhoods which makes it easier to reach
all nodes in the network from a given one. However, this doesn�t change the
clustering coe¢ cient signi�cantly. This type of small world phenomenon has
been observed in many real social networks. Figure 1 illustrates the e¤ect of
rewiring.
When the rewiring probability is high, the local neighborhoods get dissolved,

the clustering coe¢ cient is small. The average distance takes the small value
typical of the random networks. Due to the rewiring this network is charac-
terized by a heterogenous degree distribution. Table 1 shows the mentioned
measures for the simulated networks.

In our simulations, the connection radius of the ring network to be rewired
takes the values 2 and 4, the rewiring probability changes between 0 and 1.
Initially each type has equal share in the population. Types are distributed

randomly over the network. In the �rst period, the default belief is set to 2/3
(the sum of the share of cooperators and of conditional cooperators).
At each period one agent is chosen randomly as row player and is matched

with an other agent using her matching probabilities based on her network
position. The locality of the matching � was �xed to be 2 (see the example in
the Appendix about the e¤ect of the magnitude of �). Agents play the Prisoner�s
Dilemma once. The game�s payo¤s are speci�ed to a = 0:8, d = 0:5, wCC =
0:35. Players of conditional cooperator type use the available information or
the default belief to determine their action. In case when the player and her
neighbors as well have information about the opponent, the two sources have
equal weights in determining the player�s beliefs (� = 0:5). The row player�s
payo¤ and memory status (experience) is updated according to the interaction.
The column player�s status remains unchanged.
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Connection radius = 2
Rewiring Prob. Clustering Avg Distance % connected graphs

0 0:5 13:009 100
0:01 0:475 8:808 100
0:05 0:384 5:219 100
1 0:037 3:488 17:2

Connection radius = 4
Rewiring Prob. Clustering Avg Distance % connected graphs

0 0:643 6:765 100
0:01 0:611 4:391 100
0:05 0:498 3:144 100
1 0:080 2:450 98:1

Table 1: Measures of the used networks. The data are averages from 10.000
observations of the network for each value of the network parameters. Average
distance is computed using the subsample of connected graphs.

After N periods of interaction each agent had the chance to move once on
expectation. Then k = 20 agents� type is updated according to the selection
procedure where �tness is associated to previous period�s payo¤. The default
belief is updated to the average number of cooperations in the last N periods.
Agents forget the information about the hth oldest interaction in their memory.
After there are other N periods of playing the Prisoner�s Dilemma and so on.
We simulated the system for 20000 periods (i.e. each agent has moved 20000

times) and we run the model 100 times for each parameter set. We looked
at the number of cooperating agents in the �nal period and at the �nal type
distribution. We were interested in analyzing the e¤ect of memory (h) and
of network structure on these outputs. Later we analyized the sensitivity of
the results to the changes of other parameter values (�, �, k, wCC). We also
investigated the No Stigma case, when the type updating agents do not carry
over their memory and reputation to the following periods.
Table 2 summarizes the parameters applied in the basic runs of the model.

4 Results

4.1 Memory and Network Structure

In our model the survival of cooperation crucially depends on the information
accumulation process which is needed for the conditional cooperators to be able
to di¤erentiate the defectors and the altruists. The e¢ ciency of this process de-
pends on the following parameters: memory (h), rewiring probability (�, hence
clustering), connection radius (�), speed of selection (k) and the locality of the
matching (�).
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Parameter Value
N 100
a 0.8
d 0.5
wCC 0.35
� 0.5
k 20
� 2
� 2, 4
h [1,20]
� 0, 0.01, 0.05, 1

Table 2: Parameters in the basic runs

First we focus on the "Stigma" case and analyse the e¤ect of memory on the
level of cooperation under di¤erent network structures represented by di¤erent
values of connection radius and rewiring probability. The in�uence of other
parameters is analyzed in the section of sensitivity analysis. Remember from
Proposition 2 that all absorbing states are either characterized by full defection
or by full cooperation. When we refer to the frequency of cooperative states
we mean the frequency with which fully cooperative states were observed as an
outcome of our simulations. Result 1 describes the case where agents have few
connections.

Result 1 When � = 2, there exists values of memory h1 and h2 > h1 s.t. if
h < h1a cooperative state is never reached. For h 2 [h1; h2) the frequency
of cooperative states is increasing in h and remains at the maximum level
for 8h � h2. At h2 convergence to cooperative absorbing states is fastest
for 8h � h2. Both h1and h2 are increasing in the rewiring probability,
while the frequency of cooperative states decreases in rewiring probability.10

Figure 2 shows the frequency of cooperative states for di¤erent memory and
rewiring probability values. For � � 0:05, memory should be at least 3 in order
to have cooperative outcomes. For � = 0 and � = 0:01, the maximal value of
cooperation is around 60-65 which is reached at memory 6-7. As the rewiring
probability increases, h1increases being 7 for � = 1. h2 is 8-9 for � = 0:05 by
which cooperation reaches the level of 45-50. For � = 1, the maximal value of
cooperation is reached around h2 = 17 taking the value of 35-40.
In each run the model converges to one of the two extrem states: full co-

operation or zero cooperation. The average time to convergence for di¤erent
memory and rewiring probability values is shown in Figure 3. Since the time
of convergence monotonically increases in memory, h2 represents the memory
value by which the maximum possible cooperation is reached within the shortest
time period. This would be the socially desired value of memory length.

10Obviously, h1 and h2 are functions of all the model parameters.
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Figure 2: Frequency of cooperative outcomes as a function of memory for dif-
ferent rewiring probabilities when � = 2. Dashed line: data, solid line: �tted
values from the econometric model (see below).
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Figure 3: Average time to convergence as a function of memory for di¤erent
rewiring probabilities (average of 100 runs per parameter setting).
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Figure 4: Shares of the di¤erent scenarios among the 100 runs per parameter
setting as a function of memory for di¤erent rewiring probabilities if � = 2. Blue
line: zero cooperation. Green line: full cooperation. Red line: CC survive.

Figure 4 shows the �nal type distribution classi�ed into 3 cases: 1. "Zero
cooperation" (blue line) when conditional cooperators and defectors survive,
2. "Total cooperation" (green line) when conditional cooperators and altruists
survive, 3. "CC survive" (red line) when just conditional cooperators survive.
The graph shows how the shares of these scenarios change as memory and
rewiring probability takes di¤erent values. In the �rst case the model always
reaches the state when no agent cooperates while in the second and third case
it converges to full cooperation. By low values of memory the altruists die out
always. As memory increases defectors extinct more frequently but as memory
gets very large the share of the case when just the conditional cooperators
survive increases steadily. In this later region the altruists cannot survive again.
When the rewiring probability � is very large altruists almost never survive.

The intuition behind Result 1 can be understood from the mechanisms of
the model. When memory is very low (h < h1), conditional cooperators cannot
learn the type of the opponent players they are most frequently matched with.
As visual observation of the running model indicates, at the beginning of the
simulations defectors exploit altruists, this yields the highest payo¤ for them,
so they can increase their share in the population. As the share of altruists
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decreases they are mostly matched with defectors and conditional cooperators.
These laters eventually defect against them because of the lack of information11 .
This leads to the extinction of altruists and to zero cooperation since defectors
and conditional cooperators will play Defect against each other.
As memory increases (h > h1) CC agents can prevent the extinction of al-

truists. After the initial expansion, defectors begin to earn low payo¤ as they
are mostly matched with defectors and conditional cooperators. Due to more
information provided by the memory, CC type agents now are able to di¤er-
entiate the A and D type agents, they defect against defectors and cooperate
with cooperators. This gives high payo¤ for altruists and low payo¤ for defec-
tors leading to the expansion of altruists and the extinction of defectors. The
share of "Total cooperation" case soar on Figure 2 and the rate of cooperation
increases on Figure 1.
The length of memory necessary to the rise of cooperation depends on the

network structure represented by the rewiring probability. When the rewiring
probability is low, clustering is high in the network, shorter memory is su¢ cient
to the increase of cooperation. Clustering and the locally biased matching rule
imply that the information can accumulate locally: matching happens most
likely with direct neighbors and by clustering the agent can monitor most of the
actions of their neighbors even though she is matched just with one of them in
each round. This is because she can gain information from their neighbors about
their other neighbors who are mostly matched with each other as well12 . In this
way, although in our model the reputation is not objective, in the sense that the
perception of a person by the agents can be di¤erent, in a local neighborhood
the reputation of a person becomes a shared opinion of everybody.
The lack of clustering cannot be o¤set by longer memory. When rewiring

probability is large (� = 1), for h > h2 the average cooperation is still lower
than in the case when � is low. For a given value of memory, cooperation always
decreases in rewiring probability.
As shown below, the information accumulation is also supported by the fact

that by � = 2 the agents have just a few neighbors they are frequently matched
with and they have to learn about.13

The �nding that clustering enhances cooperation in small world networks
is supported by previous studies. Masuda and Aihara (2003) show that the
rate of cooperation is higher by low rewiring probability when only defectors
and altruists are in the population and agents imitate each other using a local
payo¤ based mechanism. Here cooperators are able to form a massive cluster
which increases gradually by the imitation process. The experimental paper
of Cassar (2007) shows that people tend to cooperate more in a local network

11As the altruists� share and the cooperation decrease, the conditional cooperators defect
when they don�t have information about the opponent because they use the average number
of cooperations as default belief.
12Agents cannot learn the action of their neighbor from the neighbor herself as agents don�t

store their own action in their memory.
13 In the lattice network to be rewired the number of neighbors for each agent is equal to

2�. If the rewiring probability is low, in the small world network the degree distribution is
concentrated around this value.
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(when � = 0) than in a small world network. However, the e¤ect of rewiring
seems to be non-monotone in reality as on the random network (when � = 1)
individuals cooperate more than on small world network.
As memory gets very long (h > h2), altruists die out more frequently, the

cooperation is sustained by the CC type agents who are more often the only
survivors. However, with only conditional cooperators the system converges
much slower to the full cooperation state, and the time of convergence increases
in memory. As visual observation of the running model indicates, in these runs
tipically �rst the altruists die out. This can be explained by the interaction
between the length of memory and the selection process: as the selection changes
the type of the agents, their "previous life�s" decisions are still remembered
which hinders the conditional cooperators in deciding the right action against
them (see in contrast the "No Stigma" case).
At the beginning, defectors increase their share by exploiting altruists, this

has three e¤ects: 1. later defectors are matched with each other and begin to
earn low payo¤s, 2. altruists are matched frequently with defectors, 3. since the
share of altruists decreases steadily, conditional cooperators are able to identify
them (notice that the described e¤ect of selection process is present just if there
is in�ow into the type�s subpopulation). 1 and 3 imply that there will be some
defectors turning to altruists. But then the conditional cooperators still are
going to defect against them. This, together with 2, results in the extinction of
altruists even though the memory is long.
After the extinction of altruists, with time the defectors become identi�able.

Conditional cooperators will defect against them and cooperate with those CC
type agents who have good reputation. Hence, the share of defectors is going
to decrease which leads to the extinction of defectors.
The number of cooperating agents remains low because conditional cooper-

ators have gained bad reputation by interacting with defectors and this later is
remembered for a longer time by the long memory (and implies further defec-
tions). The system of CC type agents converges to full cooperation by a slow
process where the time of convergence is increasing in memory. In the end the
agents gain good reputation by cooperating with those CC type agents who had
good reputation, cooperation di¤uses on the network. In the case when altruists
are also present this process is faster since CC agents can increase their repu-
tation by cooperating with them. So, the time to convergence is smaller in this
case.
Result 2 describes how things change when agents have many connections.

Result 2 When � = 4, there exist h1 and h� > h1 s.t. if h < h1 a cooperative
state is never reached. If h 2 [h1; h�] frequency of cooperative states is
increasing in h and for h > h� it is monotonically decreasing. Both
h1and h� are increasing in the rewiring probability, while the frequency of
cooperation decreases in the rewiring probability.

In general, for every value of memory h and rewiring probability �, the
cooperation is decreasing in connection radius r. This is because agents have
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Figure 5: Frequency of cooperative outcomes as a function of memory for dif-
ferent values of rewiring probability when � = 4. Dashed line: data, solid line:
�tted values from the econometric model (see below).

more neighbors to learn about. However, the main di¤erence between the � = 2
and the � = 4 case is that in the latter there is a cuto¤ value of memory after
which cooperation decreases. This value is increasing in �. This can be seen on
Figure 5.
Figure 6 shows the classi�cation of the runs according to the survival of types.

We can observe that with � = 4 the share of the case when just the conditional
cooperators survive doesn�t increase with memory. Instead, the defectors are
able to survive by higher memory values as they do by very low memory.
For low values of memory (h < h1) the model always converges to zero co-

operation. For higher memory values (h1 < h < h�) altruists survive more
frequently, the average cooperation increases as in the case of � = 2. However,
this rise is lower in this case because conditional cooperators are able to dif-
ferentiate defectors and altruists less frequently due to the increased number of
neighbors they are matched with most often.14 As memory increases further
(h > h�), altruists die out often in the same way as in the previous case but
now cooperation begins to decrease because defectors are able to survive as well.
The process converges to zero cooperation before the defectors die out because

14Each agent has around 2� neighbors. If � is such that there is a signi�cant probability to
be matched with second order neighbors, agent should have information about 4�2 neighbors.
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Figure 6: Shares of the di¤erent scenarios among the 100 runs per parameter
setting as a function of memory for di¤erent rewiring probabilities for � = 4.
Blue line: zero cooepration. Green line: total cooperation. Red line: CC
survive.
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due to the lack of information CC agents eventually defect against each other
(at this point the average cooperation is very low, so in case of no information
agents play defect). Cooperating CC type agents cannot di¤use cooperation
because they are not recognized by others.
To demonstrate the di¤erence between the two cases we regressed the level

of cooperation on quadratic functions of memory using logit model given that
the cooperation converges to 0 or 100 in each run of the model. We �tted
two quadratic functions in memory with a breakpoint at h = 10. The regression
tables are relegated to the Appendix (Table 4 and 5), the �tted values are shown
on Figure 2 and 5. We used these models to test whether the marginal e¤ect of
memory is zero for h > 10 (i.e. H0: 2�2h+�1 = 0 versus H1: 2�2h+�1 6= 0)15 .
The results are shown in Table 3 for di¤erent values of memory, connection
radius and rewiring probability.

� = 0 � = 0:01 � = 0:05 � = 1
� = 2 � = 4 � = 2 � = 4 � = 2 � = 4 � = 2 � = 4

h=10
Test stat. 0.3 2.07 0.17 4.5* 0.88 1.21 3.88* 7.11*
P-value 0.5864 0.15 0.6824 0.0326 0.3482 0.2708 0.049 0.0078

h=13
Test stat. 0.29 6.25* 0.04 9.73* 0.87 2.75 9.59* 7.78*
P-value 0.591 0.0124 0.8372 0.0018 0.35 0.098 0.002 0.0054

h=16
Test stat. 0.00 10.36* 6.63* 9.43* 0.00 3.38 28.32* 9.75*
P-value 0.96 0.0014 0.01 0.002 0.969 0.0658 0.00 0.0018

h=20
Test stat. 0.21 0.37 2.49 0.00 0.6 0.01 0.78 2.45*
P-value 0.646 0.542 0.1146 0.971 0.4386 0.9266 0.3774 0.0118

* denotes rejection of the null at 5% signi�cance level.

Table 3: Test for the e¤ect of memory on cooperation for h>10
.

The tests show that in case of � = 2 we cannot reject the null that memory
has no e¤ect on cooperation when it is large while in case of � = 4, we do can.
This reinforces the results what we have seen on the graphs. Notice that at
h = 20 the level of cooperation becomes constant in memory in both cases, but
at � = 4 it goes to a low value. When � = 1, for large values of memory the
cooperation just begins to be positive, this explains why the tests reject the
no-e¤ect hypothesis in this case.
In sum, we have seen that longer memory is socially desirable up to a point

but very long memory is harmful. In the case when agents have few connections,

15We used two-sided Wald-test.
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Figure 7: Average cooperation as a function of memory for di¤erent rewiring
probability values when � = 2 in the "No-Stigma Case".

by longer memory the society has to wait too much for the high level of cooper-
ation. However, when agents have many neighbors the too long memory results
in the realization of defection equilibrium. In addition, by very long memory
the altruists are never able to survive.
Regarding network structure, the high average degree is unfavorable for co-

operation while the clustering helps the information accumulation and therefore
the emergence of cooperation.

4.2 The "No Stigma" Case

As indicated above some of our results depends on the speci�ed cultural evolu-
tionary process, namely, that agents carry over their reputation after changing
their type. In this section we analyze the model for a di¤erent mechanism
when agents start their new life unexperienced (clean memory) and being un-
known (clean reputation) for other players which corresponds to a biological
situation. This assumption obviously improves the information accumulation
process since in the case of long memory agents don�t store false information
about other agents who have changed their type in the meanwhile.
Figure 7 shows the average cooperation from 100 runs of the model for

connection radius � = 2 and applying the "biological" selection process.
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Figure 8: Shares of the di¤erent scenarios among the 100 runs per parameter
setting as a function of memory for di¤erent rewiring probabilities for � =
2 in the "No-Stigma Case". Blue line: zero cooepration. Green line: full
cooperation. Red line: CC survive.

Comparing Figure 2 and Figure 7 reveals that at least for smaller values
of rewiring probability the average cooperation is higher in this case than with
cultural evolutionary process. This is in accordance with Axelrod�s suggestion
(Axelrod (1984)) that forgiveness is in favor of cooperation: to punish early
defection for too long time easily traps the individuals in everlasting mutual
retaliation. Figure 8 shows the �nal type distribution classi�ed into 3 cases as
above.
The main di¤erence with cultural evolution is that here as memory increases

the altruists are able to survive more frequently for lower values of �. This re-
sults in the increase of cooperation for these parameter values. The biological
evolution improves the conditional cooperators�possibility to di¤erentiate be-
tween defectors and altruists since now they don�t confuse the agents�actual
type with their previous one. However, for large � almost always the defectors
and the conditional cooperators survive, the cooperation stays at very low level.
This is because clustering is also needed for the learning of CC type agents.
When the connection radius is set to 4 and we apply biological evolution,
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Figure 9: Average cooperation as function of memory for di¤erent rewiring
probabilities when � = 4 in the "No-Stigma Case".

there doesn�t exist h� anymore: cooperation steadily increases in memory at
least when clustering is not very low in the network. This is again because
altruists survive and defectors die out more frequently as memory gets higher.
This can be observed on Figure 9 and 10.

4.3 Sensitivity analysis

In this section we investigate the sensitivity of the results discussed before to the
parameters that were �xed in the previous analysis: the locality of matching (�),
the number of imitating agents (k), the weight of own and neighbors�information
(�) and the preference bias of CC type for cooperation (wCC). We held every
parameter �xed at the value indicated in the section of simulation but one which
is changed on a grid. We consider the basic model with "No Stigma" selection
process. The corresponding graphs are reported in the Appendix.
The locality of matching is an important parameter in the maintenance

of cooperation. As � gets higher agents are matched most frequently with
agents from the neighborhood which limits the number of possible opponents
and facilitates the learning about their types. Therefore, as it can be seen on
Figure 11 and 15, for a given value of h and � the cooperation increases in �.
The value of memory necessary to have some cooperation rises with �, however
the overall pattern of cooperation as a function of memory is robust to changes
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Figure 10: Shares of the di¤erent scenarios among the 100 runs per parameter
setting as a function of memory for di¤erent rewiring probabilities for � =
4 in the "No-Stigma Case". Blue line: zero cooperation. Green line: full
cooperation. Red line: CC survive.
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in the locality of matching for both � = 2 and � = 4.
Figure 12 and 16 show the frequency of cooperative outcomes for di¤erent

values of k. As k increases the cooperation decrease for a given value of memory
h and rewiring probability �. In case of higher k, in a given round more agents
update their type which means that agents have to learn the other�s type more
frequently and they will store more false information as memory gets large. The
memory to reach positive cooperation seems to be unchanged for di¤erent values
of k.
In the previous analysis the preference bias of CC type for cooperation has

been set to wCC = 0:35, which was the value by which the CC type agent
cooperates if the opponent has been cooperating in half of the cases about
which she has information.16 If we increase the value of wCC , the CC type
agents require less cooperative examples from the past to cooperate. As it can
be seen on Figure 13, if wCC > 0:35, the level of cooperation doesn�t change
much in case of � = 2, but if wCC is too low, the cooperation stays at zero. This
means that if the conditional cooperators need too much cooperative evidence to
cooperate they end up defecting too many times. But they need to be permissive
just up to a point for the emergence of cooperation, further indulgence doesn�t
improve the cooperation. In case of � = 4, however, cooperation increases with
wCC when it is higher than the middle value 0.35 (Figure 17).
Figure 14 and 18 show how the cooperation changes if we modify the value

of �, the weight which is used by the agents to evaluate the relative importance
of own and of received information. It can be seen on the graph that the level
of cooperation is maximized at � = 0:5 for any given value of h and �: when
agents equally weight the two sources of information. The cooperation is the
lowest when individuals give just a little importance to their own experience for
both � = 2 and � = 4.
It can be seen on these graphs that the overall pattern of cooperation sum-

marized by Result 1 and Result 2 is robust to these parameter changes in most
of the cases if the parameters are in a range when cooperation can emerge at
all.
To reinforce these casual observations we run logit regressions of cooperation

on all the parameter values. The result are as expected based on the previous
discussion, see Table 6 in the Appendix.

5 Conclusion

We analyzed the evolution of cooperation in a setting that comes very close
to actual human interactions. Agents with limited memory interact and share
information through a given social network. We have seen that cooperation
can but need not evolve in such a setting. Our results show that if there is
"Stigma" there exists an interior memory size maximizing the probability to
observe cooperative outcomes in the long run. In the "No Stigma" case, on the
other hand, a larger memory always leads to better chances for cooperation.

16This happens given the other two payo¤ parameters: a = 0:8, d = 0:5.
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These results add an interesting new viewpoint to the discussion of why evo-
lution did not endow us with unlimited brain capacity or, more loosely speaking,
did not make us "in�nitely" smart. Not only is it the case that larger brain or
memory capacity involves a direct cost, our results also show that it can be op-
timal (at least from a population viewpoint) to be endowed with �nite memory
in strategic situations. In line with the group selection literature in Biology
limited memory in our model can emerge from the con�ict of two populations
endowed with di¤erent memory capacity in the brain. Since human memory
capacity is in reality limited, our results also suggest that stigma may play an
important role in the evolution of human cognitive capacities.
Future research will answer the question of whether limited memory is also

evolutionary optimal from an individual perspective. Preliminary results show
that this seems to be the case.
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6 Appendix

6.1 Proofs of Propositions 1 and 2

Proof of Proposition 1
Proof. We will show that there exists a number K 2 N and a probability bq
s.t. from any s 2 S the probability is at least bq to converge within K periods
to an absorbing state. K and bq are time independent and state independent.
Hence the probability of not reaching an absorbing state after at least nK
periods is at most (1 � p)n which tends to zero as n ! 1. Consider an
arbitrary state s(t):Wait for the next revision opportunity and assume wlg that
it occurs at t. Denote by imax(t) the player with the highest payo¤ �i(t) from
her last interaction at t. Assume �(imax(t)) = D: (�(imax(t)) = A; �(imax(t)) =
CC). Assume imax(t) was last matched with a defector. Then all agents in
the population must be either of type CC (choosing defection) or of type D.
Assume not and denote with index k the players drawn to revise at t. There
is positive probability that imax was not matched with any of the k players in
her last interaction. Assume all players k are matched with imax for selection.
Then, obviously at t + 1 : �(k) = D;8k. (i) Assume imax(t) was last matched
with an altruist. There is positive probability that all agents (including imax)
will be matched with the same agents again during the next N periods. (ii)
Assume imax(t) was last matched with an conditional cooperator. Then assume
that matching in the next N periods is unchanged but that instead of imax being
matched two defectors are matched. This has positive probability. Iterate the
matching described in (i) or (ii) until all agents except for possibly the agent
last matched with imax have switched to defection (cooperation). Match this
agent with imax for selection. Then all agents are choosing either cooperation or
defection, implying that all agents will obtain the same per interaction payo¤.
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In �nite time the reputation matrix will converge and we will have reached an
absorbing state. Denote the probability with which this happens by qs > 0;8s 2
S and let bq = mins2S qs. This completes the proof.
Proof of Proposition 2

Proof. Take any state s(t) in which some agents cooperate and some defect.
Since all agents have positive probability to be matched the event that a coop-
erator and a defector are matched and afterwards also paired for selection has
positive probability. After such an event the cooperator will change her type,
implying that q(s; s) 6= 1.

6.2 Example about �

Here we illustrate the e¤ect of changing � on the matching probabilities for
di¤erent networks. Let N = 20 and � = 2. When � = 0, each agent has 4 direct
neighbors and 4-4 neighbors to 2, 3, 4 distance, plus 3 neighbors to 5 distance.
The following table shows the matching probabilities for di¤erent values of �
and di¤erent distance values.

�ndistance 1 2 3 4 5
0.5 0.109 0.066 0.04 0.024 0.015
1 0.16 0.059 0.022 0.008 0.003
1.5 0.194 0.043 0.01 0.002 0.0005
2 0.216 0.029 0.004 0.0005 0.0007
2.5 0.229 0.019 0.002 0.0001 0.0001

As � increases the matching with direct neighbors gets more and more likely
event while the matching with distant agents becomes unlikely. When � = 1,
agents are matched exlusively with their direct neighbors.
Rewiring the links introduces heterogeneity: agents will have di¤erent num-

ber of neighbors of di¤erent distances which generates heterogeneity in the
matching probabilities. For example, if we apply rewiring with probability 0.1
on this network, we can pick two individuals labelled by A and B having the
following "neighborhood structure":
A: 5 direct neighbors, 11 second order neighbors and 3 third order neighbors.
B: 2 direct neighbors, 4 second order neighbors, 6 third order neighbors, 7

fourth order neighbors.
Consequently, player A is going to be matched more frequently by other

agents but she is going to play just once in each round (see the section about
the interaction structure).
The following tables show how the matching probabilities of these two indi-

viduals change with �. For player A:
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�ndistance 1 2 3
0.5 0.078 0.047 0.029
1 0.106 0.039 0.014
1.5 0.132 0.029 0.007
2 0.153 0.021 0.003
2.5 0.169 0.014 0.001

For player B:

�ndistance 1 2 3 4
0.5 0.122 0.074 0.045 0.028
1 0.216 0.079 0.029 0.011
1.5 0.306 0.068 0.015 0.003
2 0.375 0.051 0.007 0.0009
2.5 0.421 0.035 0.003 0.0002

It can be seen that the player with more heterogenous neighborhood struc-
ture (B) has higher probability to be matched with direct neighbors and her
matching probabilities decay more with distance.
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6.3 Regression tables

In the tables, the 5% signi�cant coe¢ cients are denoted with *. In parenthesis
the t-statistics are shown. For h > 10 the memory variables are not signi�cant
individually, but they are jointly, as shown by the tests in the tables. Table
5 and 4 use the data generated using the basic parameter setting while Table
6 uses the data from the sensitivity analysis when the parameters had been
changed.

Logit model, �= 4 � = 0 � = 0:01 � = 0:05 � = 1 For all �

dummy_h<=10 -6.18* -7.78* -13.86* - -10.29*
(-9.35) (-8.61) (-5.17) - (-19.7)

h*dummy_h<=10 1.55* 1.94* 2.93* - 1.64*
(7.26) (6.91) (4.12) - (10.68)

h2*dummy_h<=10 -0.11* -0.13* -0.17* - -0.11*
(-6.61) (-6.47) (-3.74) - (-9.56)

dummy_h>10 1.6 3.51 0.98 -57.98* -1.84
(0.52) (1.26) (0.29) (-2.78) (-1.21)

h*dummy_h>10 -0.34 -0.57 -0.34 6.05* -0.32
(-0.8) -1.52 (-0.75) (2.54) (-1.59)

h2*dummy_h>10 0.006 0.014 0.008 -0.17* 0.008
(0.46) (1.17) (0.55) (-2.44) (1.27)

Average Distance - - - - -0.036
(-1.15)

Clustering - - - - 5.26*
(14.58)

Number of observations 2000 2000 2000 2000 11939
Log likelihood -800.98 -794.96 -540.44 -120.38 -2875.60

Joint test of h>10 terms
Test statistics 404.10 372.82 428.81 248.80 1131.99
P-value 0.00 0.00 0.00 0.00 0.00

Table 4: Logit regression for the case of r=4 and the basic parameter values.
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Logit model, �= 2 � = 0 � = 0:01 � = 0:05 � = 1 For all �

dummy_h<=10 -6.86* -8* -10.68* -26.51 -9.62*
(-10.33) (-10.63) (-8.81) (-1.14) (-22.46)

h*dummy_h<=10 1.83* 2.2* 2.62* 4.4 1.93*
(8.62) (9.4) (7.57) (0.83) (15.31)

h2*dummy_h<=10 -0.11* -0.14* -0.16* -0.2 -0.11*
(-6.87) (-8.09) (-6.66) (-0.67) (-12.64)

dummy_h>10 1.66 -0.79 2.1 -4.78* -1.7
(0.78) (-0.38) (1.02) (-2.01) (-1.71)

h*dummy_h>10 -0.15 0.21 -0.25 0.37 0.04
(-0.53) (0.77) (-0.91) (1.21) (0.31)

h2*dummy_h>10 0.005 -0.009 0.008 -0.007 -0.0009
(0.52) (-0.97) (0.89) (0.45) (-0.22)

Average Distance - - - - 0.022*
(2.11)

Clustering - - - - 3.55*
(13.09)

Number of observations 2000 2000 2000 2000 9262
Log likelihood -1148.5 -1154.04 -1107.09 -652.13 -4986.51

Joint test of h>10 terms
Test statistics 62.36 38.84 9.31 153.80 340.98
P-value 0.00 0.00 0.0255 0.00 0.00

Table 5: Logit regression for the case of r=2 and the basic parameter values.
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Logit model �= 2 �= 4

dummy_h<=10 -19.92* -22.1*
(-119.64) (-101.74)

h*dummy_h<=10 1.75* 1.67*
(46.23) (35.92)

h2*dummy_h<=10 -0.99* -0.103*
(-36.93) (-30.42)

dummy_h>10 -12.58* -14.89*
(-57.77) (-33.08)

h*dummy_h>10 0.039* -0.06
(2.03) (-0.97)

h2*dummy_h>10 -0.00005 -0.0003
(-1.75) (-0.18)

� 1.15* 1.35*
(59.78) (38.33)

wCC 19.96* 24.77*
(96.46) (99.86)

k -0.03* -0.07*
(-58.68) (-39.35)

� 2.48* 0.83*
(41.38) (9.48)

Average distance 0.004 0.007
(1.25) (0.71)

Clustering 4.35* 5.88*
(48.78) (56.21)

Number of observations 157486 203245
Log likelihood -62136.67 -33981.43

Table 6: Logit regression for all values of the parameters
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6.4 Graphs of the sensitivity analysis

0 5 10 15 20
0

50

100
Rewiring prob = 0

0 5 10 15 20
0

50

100
Rewiring prob = 0.01

0 5 10 15 20
0

50

100
Rewiring prob = 0.05

0 5 10 15 20
0

20

40

60

80
Rewiring prob = 0.1

0 5 10 15 20
0

20

40

60

80
Rewiring prob = 0.5

Memory
0 5 10 15 20

0

20

40

60

80
Rewiring prob = 1

Memory

a=0.5
a=1
a=1.5
a=2
a=2.5
a=infinity

Figure 11: Frequency of cooperative outcomes as a function of memory for
di¤erent values of � and � when � = 2.
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Figure 12: Frequency of cooperative outcomes as a function of memory for
di¤erent values of � and k for � = 2.
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Figure 13: Frequency of cooperative outcomes as a function of memory for
di¤erent values of � and wCC when � = 2.
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Figure 14: Frequency of cooperative outcomes as a function of memory for
di¤erent values of � and � when � = 2.

38



0 5 10 15 20
0

20

40

60
0

0 5 10 15 20
0

20

40

60
0.01

0 5 10 15 20
0

20

40

60
0.05

0 5 10 15 20
0

10

20

30

40
0.1

0 5 10 15 20
0

20

40

60
0.5

0 5 10 15 20
0

10

20

30

40
1

alpha=0.5
alpha=1
alpha=1.5
alpha=2
alpha=2.5
alpha=infinity

Figure 15: Frequency of cooperative outcomes as a function of memory for
di¤erent values of � and � when � = 4.
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Figure 16: Frequency of cooperative outcomes as a function memory for di¤erent
values of � and k when � = 4.
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Figure 17: Frequency of cooperative outcomes as a function of memory for
di¤erent values of � and wCC when � = 4.
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Figure 18: Frequency of cooperative outcomes as a function memory for di¤erent
values of � and � when � = 4.
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