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Abstract
Situations involving cooperative behaviour arewidespread among animals and humans alike.
Game theory and evolutionary dynamics have provided the theoretical and computational
grounds to understand what are the mechanisms that allow for such cooperation. Studies in this
area usually take into consideration different behavioural strategies and investigate how they can
be “xed in the population under evolving rules. However, how those strategies emerged from basic
evolutionary mechanisms continues to be not fully understood. To address this issue, here we
study the emergence of cooperative strategies through a model of heuristics selection based on
evolutionary algorithms. In the proposed model, agents interact with other players according to a
heuristic speci“ed by their genetic code and reproduce„at a longer time scale„proportionally to
their “tness. We show that the system can evolve to cooperative regimes for low mutation rates
through heuristics selection while increasing the mutation decreases the level of cooperation. Our
analysis of possible strategies shows that reciprocity and punishment are the main ingredients for
cooperation to emerge, and the emerging heuristics would likely cooperate in one-shot
interactions. Additionally, we show that if in addition to behavioural rules, genetic relatedness is
included, then kinship plays a relevant role, changing emerging strategies signi“cantly. Our results
illustrate that our evolutionary heuristics model is a generic and powerful tool to study the
evolution of cooperative behaviour.

1. Introduction

Game theory constitutes a powerful framework for the mathematical study of social dilemmas [1, 2].
Within this framework, the most representative and widely used game to model cooperation, the Prisoner•s
dilemma, has become a paradigm for modelling the evolution of cooperative behaviour [3]. The Prisoner•s
dilemma mimics the worst possible scenario for cooperation in which sel“shness always provides a higher
individual bene“t than cooperative behaviour. Initialpredictions indicated the social optimum would not
be reachable by rational sel“sh individuals if the temptation for defecting (T) exceeded the reward for
cooperatingR. Nonetheless, cooperation is pervasive in human and animal societies [4…7], and a vast
literature has demonstrated how cooperation can thrive in the presence of an appropriate evolutionary
process [7…22]. The possible situations where cooperation might ”ourish are endless, and we are just
beginning to uncover the ingredients behind the complexity observed in real systems [23, 24].
Consequently, theoretical studies usually focus on simpli“cations, such as individuals behaving according to
“xed pure strategies [8, 14] or some arbitrary set of them [25, 26]. Yet, the reasoning and motivations of
humans are more sophisticated and complex than pure strategies and decisions are usually taken factoring
in many ingredients, each one with a different weight [27]. In other words, generally speaking, the selection
of strategies takes place in complex systems wherein imprecise behaviour and the environment are inputs of
each other in a perpetual feedback loop [28].

In this line, behavioural economics has shown that humans respond in unexpected ways [29, 30] and
often seem to possess hardwired heuristics while acting in experimental situations [31, 32]. Empirical
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Figure 1. Illustration of the model for memory 1. (a) Agents are composed of a chromosome and memory. Their memories
store their experiences with their neighbours, and their chromosomes determine what will be their responses to the variables
stored. (b) Agentu cooperates probabilistically with agentaaccording to what is coded in its gene and the history of agenta.
(c) Reproduction takes place synchronously at the end of a generation (G): for each siteu, a new agent is chosen proportionally
to its “tness from the set{ u � N(u)} (coloured nodes), whereinN(u) areu•s neighbours. In the example, each colour
corresponds to a different chromosome and, at generationG+ 1, the chromosome of agentu happens to have reproduced in
sitesu andb, while its other neighbours by chance maintained the same chromosome. (d) When an agent reproduces, with
probabilitypmut a bit of the newborn•s chromosome will be ”ipped.

“ndings have also shown that humans automatic responses are modelled by experiences from daily-life,
building heuristics or intuitions which tend to favour cooperation [33, 34]. Therefore, it is plausible that
cooperative societies are sustained by existent heuristics, maintained by norms [35, 36] or biological factors
[24, 31, 37], that have resulted from a selection dynamics. It is thus imperative to understand how such
possible heuristics have evolved, which will allow explaining the ingrained mechanisms behind the
behaviour observed in living beings.

In this paper, we investigate the evolution of cooperative strategies through an agent-based model of
heuristics selection inspired by evolutionary algorithms [38]. The ultimate goal is to obtain a description of
the evolutionary process that could lead to different strategies. Explicitly, we consider agents composed of a
chromosome and memory to store information of other players• previous actions (“gure1(a)). Their
actions are responses, according to what is coded in their genes, to other players• history. The strategy space
is given, thus, by all the possible genes• combinations. This does not mean that we model behaviours
de“ned by real genomes: decision making, especially in humans, has entangled layers of complexity, and
such an approach would be misguided. Rather, we use chromosomes as a tool to model heuristics formed
through cultural or biological evolution [28, 39].

In our framework, the “tness of agents corresponds to the payoff obtained in iterated games, and it
determines the agent•s reproduction rates. Offspring will inherit its parents• chromosomes while being
susceptible to mutation. Note that our approach differs from elementary evolutionary algorithms: they
optimize functions in a constant “tness landscape,but in evolutionary games changes in the population
imply changes in the “tness landscape [40], which can be easily seen in any form of the rock-paper-scissors
game [20].

The use of evolutionary algorithms to explore the adaptation of agents is not new [11, 12, 41], and
previous works have studied the evolution of automata-like strategies, though aiming at answering speci“c
situations [42, 43]. In these studies, the equivalent of a chromosome is a tool to encode an extensive set of
memory-based strategies used to understand when cooperation may thrive. Unfortunately, these types of
strategies are hardly realistic and do not correspond to the optimal model for understanding the
mechanisms behind human or animal responses. A model of heuristics should resemble more closely
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automatic responses based on intuition and past experiences [27], namely, by considering that intuitive
responses are no more than stochastic processes which take as inputs the variables observed by the
individual.

Here, we develop a modelling approach in which agents can evaluate different variables at the same
time, thus resembling real situations wherein differentfactors interact and affect actions. Agents decisions
are determined by an activation function taking as input their chromosome and the information to which
they have access. Given their theoretical and practical importance, we focus on the evolution of cooperation
in social dilemmas. For this case, therefore, we selected a set of variables based on the history of the players
with whom they are playing. Nonetheless, our modelling framework is generic, and any arbitrary set of
variables can be added or removed according to the question of interest. Our results show that the speci“ed
heuristics can evolve to cooperative equilibria for low mutation rates. An analysis of agents chromosome
reveals that cooperation endures by reciprocity, indicating that the evolution drives heuristics to reproduce
a fundamental mechanism underlying cooperation in nature, especially in humans [44, 45]. In this case,
emerging strategies of conditional cooperators (CCs) dominate, permitting cooperation to prosper. Finally,
we provide an extension wherein agents can evaluate their genetic relatedness with others. The population
in this scenario evolves to similar equilibria. However, the agents• chromosomes differ signi“cantly from the
“rst model. Kin identi“cation becomes the main mechanism of cooperative heuristics, although agents still
need to have a memory of their past actions for cooperation to endure.

Undoubtedly, varied environmental or perception variables affect the resulting behaviour in humans
and other animals. Unfortunately, it is not straightforward to capture which variables guided evolution to
the emerged behaviour in each particular scenario. Inthis line, our proposal provides one generic approach
for the modelling of such processes. In particular, the model here presented also contribute some insightful
results with the current speci“cations. Namely, we observe that cooperation can spread spontaneously when
memory is available, and that mutation is essential to ensure this outcome. Moreover, although the same
behaviour might be observed in distinct populations, the underlying causes might be signi“cantly different,
as we observe with our kin and non-kin models. These insights suggest that our method can be a useful tool
to uncover the ultimate causes behind the evolution of pro-social behaviour.

2. Methods

2.1. Population dynamics
We consider a virtual environment inhabited byn haploid agents in a zero population growth condition,
each one of them (u) containing a chromosomeAu de“ning the heuristic which will guide its decision. Each
agent interacts with each other through links de“ned by a static contact structure, in whichL is the set of
edges connecting the two pairs of agents. More speci“cally, agents are placed in regular lattices and random
regular networks (RRN) (random networks of “xed degreek). In real systems, a generation embodies
repeated interactions between individuals, and it is known that fast selection ”uctuations can suppress
cooperation even in the cases in which it is the only rational choice [18]. Thus, in our model, each
generation is composed of a “nite number ofs= 100 time steps and, therefore,s|L| dyadic interactions take
place, i.e., one for each edge at each time step. Therefore, at each time stept, all connected agentsu andv
interact in a game and obtain the payoffs� t

u and� t
v, respectively.

Generations do not overlap and each one reaches its end after thestime steps. Then, each agentu will
have accumulated a total payoff of� u, corresponding to its “tness in a strong selection pressure process [18,
46]. Each agent lives for a generation and all ofthem reproduce synchronously by a localizeddeath…birth
process [47]: at the end of each generation, every nodeu will be replaced by a nodeu� in the set{ u � N(u)}
which is composed by the neighbourhood ofu (N(u)) and u itself (“gure1(c)). Accordingly, the network
will stay the same for the whole simulation and changes are made only to the agents in each site. Nodeu� is
chosen probabilistically according to the “tness (� u� ) of nodes inN2. Thus, on one hand, the nodes which
accumulate more payoff are more likely to be chosen,on the other hand, even the most adapted agents can
reproduce up to sites of distance one. Finally, some ”uctuations might affect offspring. Speci“cally, there is
a probabilitypmut of a newborn having a bit ”ipped in their chromosome (“gure1(d)).

2.2. Game
We are interested in the evolution of cooperation in a population of agents facing a social dilemma. Strictly
speaking, we want to check if cooperative heuristics are the most adapted in conditions wherein equilibria
with pure strategies would be of full defection. We consider that at each interaction, agents play a round of a
Prisoners• dilemma (PD) game with their neighbours. The PD is a 2× 2 game in which only two actions
are available to the players, either cooperate or defect. If two players cooperate, they both get a rewardR, if
one cooperates and the other defects, the cooperator earnsSand the defector gets a payoffT (the
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Table 1. Memory variables and genes. Genes determine agents actions, and they are responses to the variables
stored in their memory. Here we show the variables considered and their corresponding gene for a previous round
l. The description indicates how the information is stored and the role of each gene.

Variable Gene Description

� 0
u Constant response

Cl
v,u Cl

u Direct reciprocity: 1 ifv cooperated withu in round t Š l, 0 otherwise
Rl

v,u Rl
u Indirect reciprocity: fraction of times agentv cooperates in roundt Š l with players other thanua

� l
v Pl

u Payoff obtained by agentv in round t Š l
Dl

v,u Dl
u Punishment: 0 ifv cooperated withu in round t Š l, 1 otherwise

a.Typically indirect reciprocity is de“ned by individuals playing a one-shot game in a large well-mixed population
[50]. Nonetheless, hereRt

u,v does not consider the actions ofv with respect tou, which should correspond to an
analogous effect.

temptation to defect). Finally, if both defect, both of them obtainP. The PD occurs when the elements of
the payoff matrix are such thatT > R > P > S, which implies that a rational player should defect because,
whatever your opponent does, the best (in terms of having larger payoff) is to defect. Henceforth, we
consider that the values of each entry are a normalized version of Axelrod•s tournament [48] values.
Namely:T = 1/ � k� ; R = 0.6/ � k� ; P = 0.2/ � k� ; S= 0. As mentioned before, for these values, the prediction
is that under a replicator dynamics, the system ends up in full defection [18]. We also note that small
changes in this parametrization would not affect our results, as they are robust for a broad range of the
temptation (T) parameter (see appendixA).

2.3. Agents
Agents are hardwired, and their heuristics do not change in the course of one generation, which
corresponds to their lifetime. Their heuristics are determined by their chromosomes and constitute a
stochastic way to evaluate the variables stored in their memory and make a decision on whether to
cooperate or not. Agents• memory stores the variables from previous interactions, and we assume their
working memory is limited [49]. Hence, agents can only store a “nite set of variables from the previousm
rounds. Speci“cally, an agentu with the set of neighboursN(u), has stored in its memoryMu variables for
all v � N(u) and for all l � [1, m]. Therefore,Mu is a matrix wherein each row contains the values stored for
one neighbour, as shown in “gure1(a).

The heuristics evaluate each stored variable according to a speci“c gene in the chromosome. Therefore,
the expression of each gene is a weight given to a variable containing some information in”uencing agents•
decision making. The vectorEu carries the responses of an agentu, i.e., its expressed genes values. They are
given by a two complement representation of the gene bits, therefore, they are integers fromŠ128 to 127.4

The vectorEu contains the responses to the variables plus a constant response (� 0). Table1 shows the set of
variables stored and their corresponding genes. They are a basic set of external characteristics that an
elementary agent can observe. Thus, they constitute a reasonable set of variables to be taken into account by
a somewhat minimal heuristic. Finally, whether or not an agent will cooperate is determined by the sigmoid
function speci“ed by

� u,v = f (Eu,Xu,v) =
1

1 + eŠ� (Xu,v ·Eu) , (1)

where� u,v corresponds to the probability of agentu cooperating with agentv. Xu,v = (1) � Mu,v

corresponds to a vector composed by the number 1 in the “rst position, followed by the memory variables
as speci“ed in table1. � (henceforth set to 0.05) provides the steepness of the curve, and it is chosen in such
a way that if the dot product of both vectors is greater (resp. lesser) than 100, the probability should be
approximately 1 (resp. 0), as illustrated by “gure1(b).

3. Results

We ran simulations for populations of 1024 agents connected on a lattice (LTT) with a von Neumann
neighbourhood and on RRN with the same nodes• degree (k = 4) generated by the con“guration model
[51] We evolved the model for 5× 105 generations, each with 100 rounds, for different values of thepmut
parameter. Results for memory between 0 and 5 are shown in “gure2. Whenm = 0, the agents•
chromosome is composed of only the constant response (� 0) and strategies are reducible to mixed

4 Hence, when a mutation occurs in a gene, from its expressed value it can be added/subtracted a random power of 2, or have its sign
and value changed.
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Figure 2. Cooperation thrives at low mutation values. Fraction of cooperative actions at the steady-state according to the
mutation probability. Colours and shapes correspond for different memory (m) values. Averages plus 0.95 con“dence interval of
100 realizations are presented for each mutation (pmut) value.

Figure 3. Fraction of cooperative actions at the end of each generation. Columns correspond to different mutation values
(0, 0.0001, 0.05, 1) and horizontal panels to different networks (LTT, RRN). Agents have memorym = 1 and 100 realizations are
performed for each mutation value and network. The colours of the lines correspond to the average of the last 1000 generations.

strategies. In this case, when no mutation is available the system quickly goes to full defection (see
“gure D1), as expected, and mutation increases the possibility of adding cooperative strategies by drift.
Conversely, when agents have access to memory, cooperation is predominant in the regime of low mutation.
Furthermore, cooperation is larger and more resilient to higher mutation when agents have access to a
bigger memory. With more memory, agents should be able to construct more complex heuristics which,
here, seem to favour cooperation.

Figure3 shows time evolution curves ofindividual realizations form = 1 (results for other values of the
memory are reported in appendixD). Whenpmut = 0, the “nal cooperative fraction is highly dependent on
the initial conditions, reaching a multitude of equilibria, some being fully cooperative and others showing a
rather small level of cooperation, especially in the RRN network. Some executions have a distinguishably
different fraction from the average, which can be a result of the “nite system size. In the regime of small
mutation rates, ”uctuations increase signi“cantly, however, for some small values of the mutation rate, all
realizations converge to highly cooperative equilibria, as can be seen whenpmut = 0.05. Note, additionally,
that as the probability of mutation increases, the fraction of cooperative actions decreases. For the limiting
valuepmut = 1, every new player is born with a mutation, and the system evolves into a negligible average
level of cooperation. Interestingly, this is a demonstration that a small noise can foster cooperation in the
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Figure 4. Distribution of genes• expressed values. Densities of genes values for simulations on LTT and RRN graphs form = 1.
Top panels show distributions forpmut = 0.05 and bottom panels forpmut = 1. The vertical dashed line indicates separate regions
wherein the marginal probability to cooperate would be smaller (negative gene values) and greater (positive gene value) than 0.5.

process of evolution. With more mutation, it gets harder for cooperative strategies to prevail and defection
tends to increase, however, a suf“ciently small mutation probability will guarantee that the system evolves to
a cooperative equilibrium.

3.1. Heuristics and strategies
In this section, we focus on the composition of thepopulations in the different regimes. It is not
straightforward to evaluate how genes and variables interact, hence, it is hard to determine if agents are
going to cooperate or not in a speci“c situation. A “rst step is to investigate what are the gene values in
cooperative and non-cooperative equilibria. Figure4 show the distributions of genes for two mutation
values:pmut = 0.05 andpmut = 1, wherein evolution leads to mostly cooperation and to mostly defection,
respectively. Simulations in both LTT and RRN networks yielded similar distributions, indicating the
presence of a common evolutionary pattern.

When the majority of the population cooperates (pmut = 0.05),� 0, C1, andR1 have a clear
right-modality with most of these values being higher than 0. Conversely,D1 is left-modal with a clear peak
at extreme negative values, whileP1 shows a softer trend towards negative values. This implies that when
cooperation thrives, agents have a baseline cooperative response and tend to reciprocate cooperation both
directly and indirectly. On the other hand, the agents punish defectors rigorously and have a mild negative
response to other agents• payoff, probably as a means to punish defectors, as only defectors can attain the
highest payoffs. Interestingly, the distributions of� 0 indicate that the emerging strategies are willing to
cooperate even in a one-shot game (see “gureE1) with an unknown player, albeit this is not the expected
behaviour form = 0. In the other extreme, forpmut = 1, defection prevails, and genes values indicate the
underpinnings of this trend. All distributions are right-skewed, with� 0 andD1 having a noticeable peak at
the lowest possible values. Thus, when mutations are too frequent agents are much more likely to exploit
and punish, leading defection to be the default strategy. Too much drift will make it impossible for
cooperative heuristics to be selected,and they will vanish in the population.

These last results provide a picture of the genotype space. However, there is still the need to identify
which strategies have emerged. When studying evolutionary games, it is always challenging to bridge the
gap between the genotype and phenotype spaces [40]. In our model, the pro“le of agents• actions would
correspond to observable phenotypes, yet it is not straightforward to specify a method for heuristics
classi“cation. An unsupervised procedure would fall into the problem of how to identify the groups
encountered, i.e., how to determine to which known strategies they correspond. Therefore, here we adopted
an approach that consisted of classifying agents bylooking at what would be their responses to the most
basic strategies: a pure defector and a pure cooperator. Namely, we looked at whether agents were likely to
cooperate or defect with agents having a history corresponding to each of the two pure strategies. For
instance, a full defectorv would always have defected withu (C1

v,u = 0, D1
v,u = 1), with its other neighbours

(R1
v,u = 0), and would have an expected payoff (� 1

v) corresponding to these actions.
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