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Summary

The high levels of intelligence seen in humans, other primates, certain cetaceans and 

birds remain a major puzzle for evolutionary biologists, anthropologists and psychologists. 

In recent times two main explanatory frameworks have emerged: the 'social intelligence’ 

and ’cultural intelligence’ hypotheses. Both theories emphasise different advantages 

of intelligence: the ability to negotiate a complex social environment for the social 

intelligence hypothesis; and the ability to easily acquire novel behaviours from others 

for the cultural intelligence hypothesis.

While much comparative work has found some support for these hypotheses, the 

field generally lacks any rigorous foundation in fundamental evolutionary theory. In this 

thesis, I begin to redress this deficiency by applying a combination of models from social 

evolution theory and comparative methods to the primate cognitive evolution. Specifically: 

(1) I develop an artificial neural network model to probe the theoretical foundations of the 

social intelligence hypothesis. The model pits the neural networks against each other 

in social dilemmas, while the networks themselves evolve in size and structure using 

a genetic algorithm. My results show that transitions to more cooperative groups can 

create selection for intelligence owing to the cognitive demands of reciprocity, and that 

Machiavellian arms races may arise with intelligent strategies creating further selection 

for intelligence. (2) I use theoretical models and a comparative analysis to assess the 

roles of cognitive capacity and lifespan in the evolution of cooperation. I analytically show 

that phenotypic assortment owing to five important forms of conditional cooperation - 

partner choice, direct reciprocity, indirect reciprocity, punishment and kin discrimination 

- is expected to be monotonically increasing with both cognitive capacity and lifespan, 

suggesting that both should favour cooperation. I support these model predictions by 

using Bayesian phylogenetic mixed models to show that non-human primate with bigger



brains and longer lives are more likely to engage in two important forms of cooperation 

- coalition formation and food sharing. (3) I examine the role of cooperation in creating 

selection pressures favouring tactical deception, a trait often used to infer the cognitive 

abilities of non-human animals. I use a simple game theoretic model to show that 

conditional cooperation creates selection for deception so as to avoid being detected as a 

cheater, and use a phylogenetic comparative analysis to show that non-human primates 

that engage in more forms of cooperation also engage in more deception. (4) I use 

simple direct fitness models and Bayesian phylogenetic mixed models to illustrate the role 

of phenotypic assortment in favouring the evolution of culture. The results suggest that 

similar factors are important for the evolution of cooperation and culture and suggest a 

fundamental connection between the social and cultural intelligence hypotheses. Overall, 

my results suggest that the human mind is fundamentally social and evolved as a 

facilitator of cooperation and culture.
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birds remain a major puzzle for evolutionary biologists, anthropologists and psychologists. 

In recent times two main explanatory frameworks have emerged; the ’social intelligence’ 

and ’cultural intelligence’ hypotheses. Both theories emphasise different advantages 
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abilities of non-human animals. I use a simple game theoretic model to show that 

conditional cooperation creates selection for deception so as to avoid being detected as a 

cheater, and use a phylogenetic comparative analysis to show that non-human primates 

that engage in more forms of cooperation also engage in more deception. (4) I use 

simple direct fitness models and Bayesian phylogenetic mixed models to illustrate the role 

of phenotypic assortment in favouring the evolution of culture. The results suggest that 

similar factors are important for the evolution of cooperation and culture and suggest a 

fundamental connection between the social and cultural intelligence hypotheses. Overall, 

my results suggest that the human mind is fundamentally social and evolved as a 

facilitator of cooperation and culture.
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Chapter 1

General introduction
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1.1. Cognitive evolution

The human brain and the cognitive abilities it endows us with are arguably the most 

complex set of traits ever produced by natural selection. Indeed one major cause of 

the divergence in views between Wallace and Darwin regarding the evolution of humans 

by natural selection stemmed from Wallace’s denial that human intelligence could have 

arisen via natural selection (Wallace 1870; Pinker 2010). Few biologists today would 

deny that human intelligence arose via natural selection. However, real insights into the 

forces underlying brain expansion during human evolution have only begun to emerge in 

recent decades, largely spurred by comparative work on non-human primates.

1.2. T h e ’social brain’

The title of this thesis alludes to an essay by English psychologist Nicholas Humphrey 

entitled The social function of intellect’, which revolutionised theories of human cognitive 

evolution (Humphrey 1976; Emery etal. 2007). Prior to Humphrey’s essay, most theories 

of primate brain evolution fit into the "man the toolmaker” paradigm, holding that it was 

the ability to master our physical and ecological environments that had selected for 

advanced human cognitive capacities (Oakley 1949). Humphrey’s suggestion was that 

rather than the demands of the physical or ecological environments, it was the demands 

of negotiating a complex and ever-changing social environment that had selected for 

brain expansion within the primate lineage. A new paradigm emerged from Humphrey’s 

seminal thesis: the "social intelligence” or "Machiavellian intelligence” hypothesis (Byrne 

& Whiten 1988; Dunbar 1998). As this field matured, greater focus began to fall on 

the roles of behaviours such as cooperation and deception in selecting for large brains 

and associated advanced psychological capabilities such as theory of mind and shared 

intentionality. The central claim of this hypothesis is that large brains confer a fitness
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benefit by facilitating the appropriate responses in social interactions. In recent decades 

much evidence, mainly from comparative analyses of primates and other vertebrates, 

has accumulated supporting the social intelligence hypothesis (Dunbar 1998; Dunbar 

& Schultz 2007). However, while the social intelligence hypothesis has enjoyed much 

empirical success it has become clear that it is not the whole story of human cognitive 

evolution, as it fails to explain much phylogenetic variation in brain size, particularly grade- 

shifts (systematic differences among clades) within the primates (van Schaik etal. 2012).

1.3. The cultural brain

A new theory of cognitive evolution has recently risen from within the social intelligence 

hypothesis: the "cultural intelligence hypothesis”. This theory has developed mainly from 

the pioneering study of Reader & Laland (2002), which showed that rates of innovation 

(individual learning of novel behaviours) and social learning (the learning of behaviours 

from others) show strong correlations with brain size across the primates. This theory 

holds that increased brain size evolves as a mechanism to increase general learning 

capabilities, which lead to the acquisition of new, fitness enhancing behaviours through 

innovation and social learning (van Schaik & Burkhart 2011; van Schaik etal. 2012). The 

cultural intelligence hypothesis places particular focus on the benefits of social learning, 

which can allow for the acquisition of suites of behaviours that would othenwise be 

unattainable by a single individual. It has also been stressed that, at least for primates, 

the cultural and social intelligence hypotheses should not be seen as alternatives but 

rather complementary hypotheses for explaining brain evolution (van Schaik etal. 2012). 

Therefore the cultural intelligence hypothesis helps to reconcile the ’’man the toolmaker” 

view of cognitive evolution with the social intelligence hypothesis by elucidating the key 

role of sociality in the acquisition of novel adaptations to the physical environment. This 

view is supported by recent analyses showing that both social skills and learning abilities

4



appear to compose an axis of ’’general intelligence” in primates (Reader et al. 2011).

1.4. Social evolution theory

Both the social and cultural intelligence hypotheses clearly have large social components: 

the social intelligence hypothesis focusing on the role of cognition in cooperation and 

conflict between individuals and the cultural intelligence hypothesis focusing on the 

acquisition of novel behaviours from others. Despite this however, there has been little 

integration of social evolution theory into the study of brain evolution.

Social evolution theory is a theoretical framework for the study of the fitness effects 

of interactions between individuals. The main focus of this framework is on the 

importance of correlations among the phenotypes of different individuals (Frank 1998). 

The importance of these correlations for the evolution of social behaviours was first 

proposed by Hamilton in his development of inclusive fitness theory (Hamilton 1963, 

1964, 1970). Hamilton’s central insight was that correlations between the genotypes 

of interacting individuals can have a profound effect on the direction of selection on social 

traits. In the case of altruistic behaviours for example, a positive correlation among the 

genotypes of interacting individuals can lead to the behaviour being favoured by natural 

selection if this correlation exceeds the cost to benefit ratio of the behaviour, as an altruist 

will be surrounded by a sufficient number of other altruistic individuals to outweigh the 

costs of their behaviour. When this correlation is restated as genetic relatedness (r) 

Hamilton’s rule follows; r > b/c, which is the condition for the behaviour to be favoured 

by selection. This correlation between the genotypes of interacting individuals is often 

owing to kinship, leading to this process often being termed kin selection (Maynard Smith 

1963).

While genetic correlation has been shown to be responsible for many striking 

examples of social behaviours (West et al. 2007), it is not the only possible source

5



of phenotypic correlation (or phenotypic assortment) among individuals: conditional 

behaviour is another possible route to phenotypic correlation (Frank 1998; Queller 

2011). The most well known example of conditional social behaviour is that of direct 

reciprocity (Trivers 1971). The essence of direct reciprocity is that a social partner’s 

investment in some social behaviour is correlated with your past actions towards them. 

While reciprocity has been the most influential form of conditional social behaviour in 

evolutionary biology, there are many other examples including indirect reciprocity (basing 

my behaviours on what you have done to others; Alexander 1987; Nowak & Sigmund 

1998), generalised reciprocity (basing my behaviours on what others have done to me; 

Pfeiffer et al. 1005; Barta et al. 2011), partner choice (chosing partners based on how 

cooperative they are; Roberts 1998; Sheratt & Roberts 1998; McNamara et al. 2008), 

punishment (harming those who don’t cooperate; Boyd & Richerson 1992; Gardner & 

West 2004), and reward (giving some benefit to those who cooperate; Oliver 1980; Rand 

etal. 2009).

1.5. Intelligence and phenotypic correlation

Much of the substance of the social intelligence hypothesis regards phenotypic 

correlation via conditional behaviour. The central tennet of this hypothesis is that 

increased cognitive capacity allows individuals to keep track of social relationships and 

adjust their behaviour accordingly. In essence the suggestion here is that intelligence 

can function as a mechanism to alter phenotypic correlations among individuals to an 

individual’s benefit. For example, the presence of advanced cognition may allow an 

individual to keep track of another individuals level of cooperation accurately and respond 

accordingly. This could allow individuals to create a positive correlation between their 

level of cooperation and that of their partners, thus allowing them to establish mutually 

cooperative relationships and gain a fitness benefit. Additionally, advanced cognition may

6



allow an individual to deceive others by concealing social behaviours that may otherwise 

be punished (e.g. cheating), thus reducing the magnitude of phenotypic correlations and 

allowing them to yield benefits without the associated costs.

While less immediately obvious than in the case of the social intelligence hypothesis, 

phenotypic correlation may also be key in the evolution of increased brain size via 

the cultural intelligence hypothesis. Social learning allows individuals to gain novel 

behaviours that others have produced by innovation (van Schaik etal. 2012). Therefore 

the discovery of novel behaviours via innovation may be viewed as investment in a public 

good which is transfered to others via social learning. As with any public good, phenotypic 

correlation between individuals, either via kin selection or conditional behaviour, is likely 

to increase selection for investment in that good.

1.6. Research outline

The central aim of this thesis is to integrate social evolution theory into the study 

of primate brain evolution with a particular focus on the importance of phenotypic 

correlation. Specifically:

Chapter 2: While correlative evidence from comparative analyses provide much 

support for the social intelligence hypothesis, there is still little theory showing its 

logical consistency I use an artificial neural network model to show that the evolution 

of cooperation via direct reciprocity creates selection pressures favouring increased 

investment in cognition. Furthermore, I show that the evolution of intelligent strategies 

creates further selection for intelligence, leading to a Machiavellian arms race.

Chapter 3: I turn to a more general analysis of the role of cognition and lifespan 

in creating the phenotypic correlations necessary for the evolution of cooperation via 

conditional behaviour. First, I show that the potential for this assortment to arise
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is expected to be monotonically increasing with both cognition and lifespan for five 

important mechanisms of conditional cooperation: partner choice, direct reciprocity, 

indirect reciprocity, cooperation in response to punishment and kin discrimination based 

on phenotypic or envirnomental cues. I then present a comparative analysis in support of 

these theoretical models, showing that two forms of cooperation coalition formation and 

food sharing are more likely to occur in primate species with bigger brains and longer 

lives.

Chapter 4: I examine the role of conditional cooperation in creating selection for 

tactical deception, a behaviour considered indicative of advanced psychological abilities 

such as theory of mind. I use a simple game theoretic model to show that conditional 

cooperation can create selection for tactical deception, as deception allows individuals to 

yield the benefit of cooperation without paying the associated costs, and provide support 

for this model by using a comparative analysis to show that tactical deception is more 

common in more cooperative primate species.

Chapter 5: I present a general theoretical model for the coevolution of innovation and 

social learning. The model highlights the importance of phenotypic correlation in selection 

for investment in culture, in the form of increased brain size, via a coevolutionary feedback 

between innovation and social learning. I also present a comparative analysis of the 

frequencies of innovation and social learning in primates which supports the importance 

of both phenotypic correlation/assortment among social partners and coevolutionary 

feedback in the evolution of culture.
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Chapter 2

Cooperation and the evolution of intelligence

This chapter was published as:

McNally L, Brown SP & Jackson AL 2012 Cooperation and the evolution of intelligence. 

Proc. Roy. Soc. B. 279, 3027-3034.

Authors’ contributions: LM and AJ conceived the idea; LM developed and analysed the 

model; LM, SB and AJ interpreted results; LM wrote the manuscript with input from SB 

and AJ
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2.1. Introduction

Natural selection never favors excess; if a lower cost solution is present it is selected 

for. Intelligence is a hugely costly trait. The human brain is responsible for 25% of total 

glucose use, 20% of oxygen use and 15% of our total cardiac output; despite only making 

up 2% of our total body weight (Clarke & Sokoloff 1999). Explaining the evolution of such 

a costly trait has been a long-standing goal in evolutionary biology, leading to a rich array 

of explanatory hypotheses, ranging from evasion of predators to intelligence acting as 

an adaptation for the evolution of culture (Deaner et al. 2000; Barton 2006; Reader et 

at. 2011). Among the proposed explanations arguably the most influential has been 

the social intelligence hypothesis, which posits that it is the varied demands of social 

interactions that have led to advanced intelligence (Reader etal. 2011; Humphrey 1976; 

Jerison 1973; Byrne & Whiten 1988; Whiten & Byrne 1997; Dunbar 1998; Kaplan etal. 

2000; Adolps 2003; Emery etal. 2007).

In recent years, the cognitive demands of reciprocity (basing my behaviours on what 

you have previously done to me), one of the mechanisms posited as important in the 

maintenance of cooperation in humans and other intelligent taxa, has been suggested 

to be a causal factor in the evolution of advanced intelligence and human language. 

This has been particularly apparent in the evolutionary game theory literature, where 

conjecture regarding this relationship is frequent (e.g. Nowak & Sigmund 1998; Nowak 

& Sigmund 2005; Nowak 2006; Nowak 2008). Indeed there is a rich history of work 

relating intelligence and reciprocity in the game theory literature, though most of this work 

has focused on the cognitive abilities required for the evolution of cooperation, rather 

than the possible role that the negotiation of these interactions has in the evolution of 

intelligence, e.g. (Rubinstein 1986; Abreu & Rubenstein 1988; Gilboa & Samet 1989; 

Fogel 1993; Ho 1996; Miller 1996; Harald & Fogel 1996; Chellapilla & Fogel 1999). As
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well as the cognitive abilities required for the coordination of partners during cooperative 

acts, both direct (decisions based on what you do to me) and indirect (decisions based 

on what you do to others) reciprocity have additional demands in terms of the ability 

to remember previous interactions and to integrate across these interactions to make 

decisions in cooperative dilemmas (Stevens et al. 2005; Brosnan et al. 2010; Brosnan 

& de Waal 2002; Stevens & Hauser 2004; Barrett & Henzi 2005; Hauser et al. 2009; 

Melis & Semmann 2010). These cognitive demands, combined with the occurrence 

of cooperative behaviour between unrelated individuals in intelligent taxa, suggest that 

selection for these mechanisms of cooperation could, at least in part, be responsible for 

advanced cognitive abilities (Brosnan etal. 2010).

The many subfields within the social intelligence hypothesis, have shown a rich 

elaboration of verbal arguments, and data from comparative studies support many of 

their predictions (e.g. Pawlowkil etal. 1998; Dunbar 2003; Byrne&Corp 2004). However, 

verbal reasoning and comparative analysis alone are not sufficient to assess the relative 

merit of competing hypotheses (Gavrillets & Vose 2006); mechanistic models are needed 

to assess the plausibility of these different explanations for advanced cognition.

Here I use an artificial neural network model to focus on the potential for direct 

reciprocity, a behaviour that is widespread in humans, to select for advanced cognitive 

abilities. Rather than manufacturing some form of functional relationship between 

intelligence and fitness I allow this relationship to emerge based on the demands of 

decision-making in two social dilemmas, and analyse the consequences for the evolution 

of intelligence.

12



2.2. Methods

2.2.1. The social dilemmas

In order to consider the dynamics of cooperative social interactions I use the framework 

of two classic social dilemmas, the iterated prisoner’s dilemma (IPD) and the iterated 

snowdrift game (ISD). In both games two players must choose between cooperation 

and defection during repeated rounds. In the event of mutual cooperation or mutual 

defection, both players receive payoffs R or P  respectively, while a defector exploiting 

a cooperator gets T  and the cooperator gets S. In the prisoner’s dilemma the benefit 

of an individual’s cooperative behaviour goes to their opponent, while they pay all of 

the costs (e.g. food sharing, reiprocal coalitionary behaviour). This results in a payoff 

order of T  > i? > P > S'. Here the worst possible outcome for an individual is to 

cooperate while their opponent defects, while the best outcome is to defect while the 

opponent cooperates. In the snowdrift game the benefits of cooperative behaviours are 

shared between opponents, and the costs are shared if both individuals cooperate (e.g. 

cooperative hunting, coalitionary behaviour with shared benefits). This results in a payoff 

order T  > R >  S > P. Again the best outcome for an individual is to defect while their 

opponent cooperates, though the worst possible outcome for an individual is for neither 

them nor their opponent to cooperate. In both games the overall payoff (sum of both 

individual’s payoffs) is greatest for mutual cooperation and lowest for mutual defection.

All of this means that the equilibrium frequency of cooperation for a single interaction 

(single-interaction Nash equilibrium) will be zero in the prisoner’s dilemma but will be 

non-zero for a single interaction snowdrift game (Hauert & Doebeli 2004). These single 

interaction Nash equilibria provide a useful benchmark against which to assess the 

effects of contingent behaviours (i.e. those that depend on the behaviour of others) in 

repeated interactions.
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2.2.2. The neural network model

Any attempt to define a metric of Intelligence will always be a contentious matter. 

However, comparative studies across taxa have usually focused on two main classes 

of brain properties as proxies of intelligence; metrics based on relative or absolute size 

of the brain or certain brain regions, and metrics based on more specific properties 

such as numbers of cortical neurons (Roth & Dicke 2005). It is with this tradition in 

mind that I develop an artificial neural network model, with evolving network structure, 

using the number of neurons, i, as a proxy for intelligence. Each individual can display 

varying levels of intelligence, from simply being characterized by a binary response of 

"always cooperate” or "always defect” to large neural networks that possess complex 

neuronal structure, allowing for computations to inform decisions based on payoffs and 

the integration of longer term memory into their current decision-making processes.

Each individual in my simulated populations possesses a neural network, which 

determines their behaviour in social dilemmas (illustrated in Fig. 2.1). The networks 

each have two input nodes, which receive the payoffs of the individual and their opponent 

in the previous round as inputs, and one output node, giving the probability that they 

cooperate during their next interaction. The hidden layer of each individual’s network 

has an evolving structure, possessing different numbers of cognitive and context nodes 

(Elman 1991) (Fig. 2.1). Cognitive nodes allow for computation based on the values of 

network inputs and context nodes, which in turn allow for the build-up of memory based on 

previous states of their associated cognitive nodes. Individuals could possess between 

0 and 10 cognitive nodes, and each cognitive node had the potential to have a context 

node with a recurrent connection.

Computation in the network is implemented via synchronous updating of nodes. The 

value of each input node is passed to each of the network’s cognitive nodes, multiplied 

by the weight linking the two nodes. Each cognitive node is also passed the current
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(c)

Initial network Gains context 
node

Gains cognitive 
node

Loses cognitive 
+ context node

Figure 2.1: The artificial neural network model. A schematic to aid in the understanding 

of the network structures is shown in (a). Input nodes, which receive the payoffs of both 

players in the previous round are labeled A. Cognitive nodes, which can receive input from 

both input and context nodes are labeled B. Context nodes, which store the previous state 

of their cognitive node and return this state (times a weight) as input in the next round are 

labeled C. The output node which receives inputs from the cognitive nodes and gives the 

individual’s decision to cooperate or defect is labeled D. The most complex artificial neural 

network allowed in the simulations is shown in (b), possessing 10 cognitive nodes and 

10 context nodes. A sample of a possible sequence of mutations to network structure is 

shown in (c). Individuals gain and lose cognitive and context nodes by random mutation. 

If a cognitive node with a connection to a context node is lost by mutation the context 

node is also lost.

value of their associated context node (if they possess one) multiplied by the weight 

linking the two nodes. These weights simply control the strength of interaction between 

two nodes in the network, i.e. how much they activate or inactivate eachother. The 

cognitive nodes sum across all of the weighted values that they receive and pass this 

value through a sigmoidal squashing function, f { x )  =  1/(1 +  e x p { - x  -  t)),  where x  is 

the input to the node and t is the node’s threshold. This results in a value between 0 and
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1, analogous to a probability of activation. All context nodes are then passed the value 

of their associated cognitive nodes. This allows the context nodes to build up memory 

of previous Interactions without having to store the actual sequence of events that have 

occurred. The Internal states of these context nodes could be considered analogous 

to emotional states, building up memory over multiple interactions. Finally the values 

at all cognitive nodes are then passed to the output node (multiplied by their weights), 

summed, and again passed through a sigmoidal squashing function. This output gives 

the probability that the Individual will cooperate in the current round. As the sigmoidal 

function asymptotes to 0 at -oo and 1 at oo there will always be inherent noise in the 

network’s probabilistic decision. This property of the function also means that it is easy to 

minimise noise In the networks behaviour if that behaviour shows a lack of contingency 

(as the node can always be near one of the asymptotes), while contingent behaviour 

will show greater noise (as switching is more difficult to achieve near the asymptotes). 

This formulation has intuitive appeal over simply adding extraneous noise to individual 

decisions, as in nature we would expect individuals to make few mistakes when their 

behaviour is non-contingent, while more complex decisions would be expected to be more 

error-prone. As the network cannot make decisions without an input each individual has 

an additional trait encoding whether they cooperate or defect in the first round.

I allowed networks to evolve according to natural selection using a genetic algorithm 

where fitness is the mean payoff per round from the iterated games minus a penalty for 

the individual’s intelligence, i. When individuals reproduce, mutations allow for the gain 

and loss of nodes from the hidden layer of their network with a fixed probability. Context 

nodes could only be gained if there was already a cognitive node present without an 

associated context node. The loss of a cognitive node with an associated node resulted 

also in the loss of the associated context node.

The addition of extra cognitive nodes gives networks the potential to perform complex
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computation based on payoffs by increasing the dimensions of internal representation of 

the network. The addition of context nodes gives the potential for the integration of longer- 

term memory of previous interactions in these computations. If an individual possessed 

no hidden layer nodes in its network, its behaviour in all rounds was decided by its first 

round move, i.e. they either always cooperated or always defected. The weights of each 

node in the network (arrowed lines in Fig. 2.1) and the threshold of each node were 

encoded as continuous genetic traits, again subject to mutation during reproduction. 

This means that, while the number of nodes in the network constrains the possible 

behavioural repertoire, it is the way that the constituent parts of the network interact 

that actually decides the individual’s behaviour. In this way my metric of intelligence 

assesses the potential for complex behaviour that the individual possesses, rather than 

the appropriateness or wisdom of their behaviour, similarly to the measures of intelligence 

used in comparative studies.

2.2.3. Model implementation

In order to elucidate when selection favored intelligence I ran 10 replicates of the model 

for both the IPD and ISD, with each replicate lasting 50,000 generations. The payoff 

values used for all simulations were R =  6, P =  2, T  =  7 and 5 =  1 for the IPD, and 

i? =  5, p  =  l,  r  =  8 and 5 =  2 for the ISD. The fitness penalty for intelligence was set at 

O.OH. The genetic algorithm was implemented as follows:

(1) An initial population of random networks was generated. Individuals were randomly 

assigned network structures of 0, 1, 2 or 3 hidden layer nodes and were randomly 

assigned weights and thresholds between 10 and 10, and first moves.

(2) Each individual played every other individual in the population (50 individuals) in an
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IP D or ISD.

(3) Each individual network’s fitness was calculated as their mean payoff per round minus 

a fitness penalty of O.Olz.

(4) Individuals were selected to reproduce asexually with probability proportional to their 

fitness.

(5) Newly produced offspring underwent mutation with probability 0.1 for network weights, 

thresholds and first move, and with probability 0.02 for mutations in network structure. 

Mutations in an individual's first move simply change their first move from cooperate to 

defect and vice versa. If a weight or threshold of a network was mutated, a random 

value from a normal distribution with mean 0 and standard deviation 0.5 was added to 

the current value of the weight or threshold. Mutations in network structure led to the 

addition or removal of a node with equal probability (see Fig. 2.1). As the number of 

hidden layer nodes allowed in each network was limited between 0 and 20 (10 cognitive 

and 10 context) this effectively halves the mutation rate at these boundaries. A context 

node could not be gained unless a cognitive node without a context node was already 

present.

(6) The previous generation died.

(7) The algorithm returned to step 2 until 50,000 generations was reached.

During simulations I recorded the frequency of cooperation in the population, 

individual fitness and intelligence ( t ) ,  and assessments of the behaviour of individuals
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against a pre-determined test set of moves. I then analyzed the gradients of selection for 

intelligence across these simulations by taking selection for intelligence as the covariance 

between fitness and intelligence in any given generation (Price 1970).

As 50 million individual neural networks were simulated in this study, and individuals 

were not constrained to base their behaviour only on the previous move, the simulations 

generated a great diversity of strategies. In order to gain a coarse-grained overview of the 

strategic composition of the population I clustered individuals based on their proximity to 

four canonical strategy types. Assignment to each of these strategy types was based on 

which of these four strategies each individual network clustered closest to, based on its 

behaviour against the test-set. Phenotypes of emergent networks were characterized 

by playing them against a test-set that was determined before the beginning of all 

simulations and comparing their behaviour to that of five strategies: always defect, 

always cooperate, tit-for-tat, tit-for-two-tats and Pavlov. Tit-for-tat is a strategy whereby 

individuals adopt the action that their opponent carried out in the previous round. Tit-for- 

two-tats is a similar strategy, where an individual responds to two sequential defections 

with a defection but otherwise cooperates. Pavlov (also known as win-stay, lose-shift or 

simpleton) is a strategy by which an individual responds to payoffs of T  (defecting while 

opponent cooperates) and S (cooperating while opponent defects) with defection, and 

responds to payoffs R (mutual cooperation) and P  (mutual defection) with cooperation. 

Pavlov has been so named as it embodies aspects of Pavlovian conditioning; if your 

payoff is greater than a given amount stick with the same behavior: if less, then switch 

behaviors.

The test-set consisted of the moves of theoretical opponents that are characterized 

simply by their probability of cooperating in each round of the prisoner’s dilemma, this 

probability varying from 0 to 1 in steps of 0.25. The sequence of moves of each of 

these opponents for 5 replicates of a 20 round IPD or ISD was generated. The networks
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were then tested at the end of each generation of the simulations against the test-set 

and could be clustered with their closest pure strategy (note that tit-for-tat and tit-for- 

two-tats were pooled for all analyses). A networks closest pure strategy was assessed by 

assessing the sums of squares between the network’s sequence of moves (coded as 0 for 

defect and 1 for cooperate) and those of each of the pure strategies, treating each move 

against the test-set as a data point. Networks were then assigned to the strategy type 

that minimised the sums of squares. While this clustering is only a coarse-grained view, 

it allows assessment of the effects of shifts towards contingent cooperative strategies 

on selection for intelligence. Additionally, contingent human cooperation has previously 

clustered as either tit-for-tat-like or Pavlov-like (Kmmerli etal. 2007), though longer-term 

memory is often included (Fudenberg etal. In press).

The relationship between the frequency of cooperative acts and the mean level of 

intelligence in the population was established by using Spearman’s rank correlation test. 

The relationship between the variance in the frequency of cooperative acts and the 

mean level of intelligence in the population was established using a modified version of 

the Breusch-Pagan test. This was done by fitting a binomial model to the relationship 

between the frequency of cooperative acts and the mean level of intelligence in the 

population and then regressing the square of the residuals of this model on the mean level 

of intelligence in the population. A positive slope indicates that variance increases with 

intelligence. The p-values of these tests were adjusted using Holm’s method of correction 

for multiple comparisons. Spearman’s rank correlation test was used to assess the 

relationship between selection for intelligence and the frequencies of different strategies. 

Additional analysis was performed by partitioning the data into high (greater or equal 

to 0.5) and low (less than 0.5) frequencies of cooperation and again using Spearman’s 

rank correlation test. Again, p-values of these tests were adjusted using Holm’s method 

of correction for multiple comparisons. I note that p-values will be significantly deflated
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owing to the large sample size, but are presented for completeness.

2.3. Results

My model shows the spontaneous evolutionary emergence of behaviours similar to 

strategies known to perform well in the IPD and ISD, such as tit-for-tat and Pavlov, as well 

as simple always-cooperate or always-defect strategies (Fig. 2.2) (see Nowak & Sigmund 

1993 for discussion of strategies and their emergence). Though the networks’ behaviours 

are similar to these strategies they often show integration over many previous rounds to 

decide on their next moves. For example, manual interrogation of networks revealed that, 

of the tit-for-tat type strategies that emerge, many are tit-for-two(or more)-tats, and many 

of the Pavlov-like strategies also show a threshold mechanism, switching to constant 

defection against opponents that show behaviour close to an always-defect strategy. 

Behaviour was observed that appeared to be close to many other strategies, for example; 

Grim variants (cooperate until the opponent defects, then defect forever), though often 

requiring more than one defection to trigger permanent defection; False cooperator 

(cooperate first then switch to defection), though often giving another cooperative move 

after many defections; and many other variants of tit-for-tat such as 2-tits-for-1-tat and 

2-tits-for-2-tats. It is worth noting that strategies of these types that utilise longer- 

term memory are observed in behavioural experiments of repeated games with noise 

(Fudenberg etal. In press). These responsive strategies require greater cognitive abilities 

in order to carry out computations based on payoffs and memorize past rounds and 

integrate across them to make decisions, in comparison to the lower requirements of 

simply always cooperating or defecting. I hasten to add however that the strategies 

emerging only resemble these strategies; the strategies vary in a continuous manner 

and often incorporate memory over more rounds. The goal here is not to describe the 

strategies that can emerge in repeated games, as there is already extensive literature on
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this topic (see Table 2.1 in Dugatkin 1997), but rather to elucidate the potential effects of 

their evolution on selection for cognitive capacities.

(a) Prisoners dilemma (b) Snowdrift game

5000 10000 5000

(c) (d)

10000 5000 10000
Generation Generation

Figure 2.2: The emergence of intelligent strategies. Shown are the dynamics during 

10,000 generation subsets of the simulations for the prisoner’s dilemma (a and c) and the 

snowdrift game (b and d). a and b show sample cycles in the frequency of cooperative 

acts in the population, b and d show the frequencies of different strategy types 

(always-defect-like black, always-cooperate-like white, tit-for-tat-like dark grey, Pavlov- 

like light grey) as determined by clustering individuals with their nearest pure strategy 

(see methods section and electronic supplementary material for details). Transitions to 

cooperation are characterized by high numbers of contingent strategies, followed by the 

invasion of the always cooperate strategy.

In order to elucidate the causal factors leading to the evolution of more complex 

strategies, I analysed the gradient of selection for intelligence in response to population 

features such as the prevalence of cooperative acts. I found that selection for intelligence 

is maximized as the level of cooperation in the population moves above the single 

interaction Nash equilibria towards more cooperative regimes (Fig. 2.3). In the
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(a) Prisoners dilemma (b) Snowdrift game

Frequency of cooperation Frequency of cooperation

Figure 2.3: Selection for intelligence and transitions to cooperation. Shown is the level 

of selection for intelligence, taken as the covariance between fitness and intelligence, 

against the frequency of cooperation in the current generation and the change in the 

frequency of cooperation since the last generation. Darker shades indicate greater 

selection for intelligence. White areas indicate impossible value combinations. Selection 

for intelligence is maximized during transitions away from single-interaction equilibria, 

which are no cooperation for the IPD (a) and a frequency of cooperation of 0.23 for the 

ISD (b). Values displayed were smoothed using a Gaussian kernel.

IPD this maximum occurs during increases in cooperation from the single-interaction 

Nash equilibrium, whereas in the ISD selection for intelligence is maximised at levels 

of cooperation just above the single-interaction Nash equilibrium. This discrepancy 

between the games is explained by the different natures of their single-interaction Nash 

equilibria. In the IPD this equilibrium is zero, meaning that declining cooperation near 

this equilibrium is caused by increases in the frequency of individuals that always defect, 

requiring only little cognitive ability. In the ISD the equilibrium frequency of cooperation 

is non-zero (0.23 in these simulations), meaning that decreases in cooperation back 

towards the equilibrium can be caused by meaner contingent strategies (e.g. 2-tits-for-1- 

tat and false cooperator variants), as well as individuals that always defect. As a result, 

transitions back to the single-interaction Nash equilibrium in the ISD can in principle select 

for intelligence as some cooperation is still occurring that can be exploited, while this is 

very unlikely in the IPD.
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I also find that increasing intelligence decreases the mean frequency of cooperative 

acts in the IPD (Spearman’s rank correlation test; rho = -0.2333, p < 0.0001; Fig. 2.4a), 

while slightly increasing cooperation in the ISD (Spearman’s rank correlation test; rho 

= 0.0089, p < 0.0001, Fig. 2.4b: note that these are increases in rank, the mean 

values show little trend). Increasing intelligence increases the variance in the frequency 

of cooperative acts in the population in the both the IPD (Breusch-Pagan test; intercept 

= 0.0294, slope = 0.0582, p < 0.0001; Fig. 2.4a) and the ISD (Breusch-Pagan test; 

intercept = 0.0309, slope = 0.0384, p <  0.001; Fig. 2.4b), showing that intelligence can 

facilitate greater extremes of cooperation. These results can be explained by assortment 

of individual’s cooperative acts (Fletcher & Doebeli 2009); the contingent strategies 

facilitated by increased intelligence allow an individual to increase the probability that 

they assort their cooperative acts with other cooperative acts. This leads to a synergistic 

process, where this increase in cooperation due to increased intelligence creates further 

opportunities for intelligent individuals to engage in mutual cooperation. However, as 

levels of cooperation increase further this feedback can break down, as there may be 

enough cooperation occurring for unconditional cooperators to increase in the population, 

allowing in turn for the invasion of unconditional defectors or meaner intelligent strategies 

(e.g. grim variants, false-cooperator variants, etc.). This results in intelligence facilitating 

cycles in the levels of cooperation seen in the population (Fig. 2.2), which increases both 

the variance in, and the maximum level of, cooperation.

In addition to dependency on the prevalence of, and change in, cooperative actions 

(Fig. 2.3), I find that intelligence can be subject to a Machiavellian runaway process 

(Byrne & Whiten 1988; Whiten & Byrne 1997). In the ISD as the frequency of contingent 

(intelligent) strategies increases, so too does selection for intelligence in the population 

(tit-for-tat-like strategies; Spearman’s rho = 0.2025, p < 0.0001; Pavlov-like strategies: 

rho = 0.2352, p < 0.0001; see Figs. 5 and 6). In the IPD, increasing frequencies
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Figure 2.4; Intelligence and the distribution of cooperation. Shown are the relationships 

between the frequency of cooperative acts in the population and the mean level of 

intelligence in the population for the prisoner’s dilemma (a) and for the snowdrift game 

(b). Mean values are shown by the open circles and lines, and the ranges of the data are 

shown by the error bars. Greater intelligence decreases the mean level of cooperation in 

the IPD, while slightly increasing the mean level of cooperation in the ISD. The maximum 

and variance in the frequency of cooperative acts increases with intelligence, showing 

that the evolution of intelligent, contingent strategies leads to greater extremes in the 

frequency of cooperation.

of tit-for-tat and Pavlov reduces selection for intelligence at low levels of cooperation 

(frequency of cooperation <  0.5; tit-for-tat: rho = -0.0945, p <  0.0001; Pavlov: rho = 

-0.0529, p < 0.0001), but does increase selection for intelligence when cooperation is 

more frequent (frequency of cooperation > =  0.5; tit-for-tat: rho = 0.5491, p < 0.0001; 

Pavlov: rho = 0.3187, p < 0.0001). The reason for this distinction between the IPD and 

ISD is that there must already be some cooperation occurring for cooperative contingent 

strategies to be favored via their ability to assort cooperative acts. In the ISD, the partially 

cooperative single-interaction equilibrium provides sufficient baseline cooperation for tit- 

for-tat and Pavlov to be favored, whereas in the IPD the single-interaction equilibrium of 

zero cooperation means that unless contingent strategies (or random drift) have already 

increased cooperation, tit-for-tat-like and Pavlov-like strategies cannot be favored, and
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hence cannot lead to an arms race. Note that it is still the case that intelligence is selected 

for in the IPD when cooperative acts are rare yet increasing (Fig. 2.3a). However, the 

cooperative acts that drive selection for intelligence in this case are generated by less 

cooperative contingent strategies, which cluster with always-defect as their closest pure 

strategy (rho = 0.1095, p < 0.0001; see Fig. 2.6). This means that there is a succession 

in the arms race in the IPD, with mean contingent strategies initially increasing selection 

for intelligence at low cooperation, and kind contingent strategies increasing selection for 

intelligence as cooperation increases.

It is not any particular single strategy that drives these arms races; rather as the 

complexity of the strategies in the population increases there is selection for other 

complex strategies to outwit them. Unlike previous analyses where fixed strategies or 

strategies with constrained memory were used, my open-ended system allows for near 

infinite strategic variations to outwit opponents. In this way, selection for intelligence 

occurs owing to a constantly shifting strategic environment, where the best response to 

the population of strategies can be shifting from generation to generation. Increases in 

memory allow for the potential of the recognition of opponents’ strategies, allowing for the 

alteration of one’s own strategy in response (e.g. Pavlov-like strategies that can recognise 

individuals that always defect). In turn this can allow for attempts to deceive opponents 

regarding one’s own strategy (e.g. false cooperators).

2.4. Discussion

It is important here to note the closed nature of the model system; individuals can only 

choose within one social task (whether to cooperate or defect against another individual 

based on their behaviour in previous interactions with them). However, my results may 

apply in principle to other social scenarios where individuals use strategies to decide 

who to cooperate with or when to cooperate, such as indirect reciprocity (Nowak &
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Figure 2.5; Strategic composition and selection for intelligence. The barplots show the 

Spearman rank correlation (rho; all p < 0.0001) between the frequency of each of the 

four strategy types and selection for intelligence for (a) all levels of cooperation, (b) low 

cooperation (frequency of cooperative acts < 0.5), and (c) high cooperation (frequency 

of cooperative acts > =  0.5). Tit-for-tat-like and Pavlov-like strategies always increase 

selection for intelligence in the ISD, but only when cooperation Is high in the IPD. Colours 

correspond to: black - ’’always defect-like”, white - "always cooperate-like”, dark grey - 

”tit-for-tat-like”, light grey - "Pavlov-1 ike”. For further details see Fig. 2.6.

Sigmund 1998; Nowak & Sigmund 2005), policing/punishment (Boyd etal. 2003; Hauert 

et al. 2007) and partner choice (Roberts 1998; Sheratt & Roberts 1998; McNamara et 

al. 2008). Along with kin selection these are the major mechanisms thought to lead 

to transitions to cooperative groups. As the intelligence of an individual increases it is 

likely that more of these behavioural repertoires will be become available to them, with 

increased intelligence acting as a pre-adaptation. For example, increased intelligence 

owing to selection for direct reciprocity could facilitate the evolution of indirect reciprocity
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Always defect Always cooperate Pavlov

Frequency of strategy

Figure 2.6: Strategic composition and selection for intelligence. Shown are the 

relationships between selection for intelligence and four main strategy types; always 

defect (a,e,i,m), always cooperate (b,f,j,n), tit-for-tat (c,g,k,o) and Pavlov (d,h,l,p), for the 

IPD (a-h) and ISD (i-p). The data are also split between low (<0.5; a-d,i-l; black) and high 

(>=0.5; e-h,m-p; gray) frequencies of cooperation. Mean values are shown by the open 

circles and the solid line, and error bars show one standard deviation of the data.

or partner choice, highlighting the contingent nature of social evolution in multiple 

strategic dimensions (Brown & Taylor 2010). The facilitation of new social behaviours due 

to emergent intelligence could allow for a perpetuated Machiavellian arms race leading 

to ever-greater levels of intelligence. Additionally, in my simulations populations evolved 

to play only a single game, either the IPD or ISD. The simultaneous play of multiple 

games could greatly increase strategic complexity, with the possibility of the integration 

of information from previous interactions in games with different payoff structures into the 

decision-making process.

It has previously been suggested that the pinnacles of cooperative behaviour in nature 

show a bimodal distribution with intelligence, with the most cooperative species displaying 

either limited cognition (e.g. microbes, social hymenoptera), or exceptional intelligence
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(e.g. humans and other primates, certain cetaceans and birds) (Brosnan etal. 2010). It 

is clear in the former case that cooperation has evolved primarily due to combinations of 

kin selection and ecological factors (West et at. 2007). However, in the latter case, kin 

selection is not the only, and may not even be the most important mechanism leading to 

cooperation. A recent study has in fact suggested that relatedness was too low in human 

hunter-gatherer groups for kin selection to drive the evolution of human cooperation (Hill 

et al. 2011). In highly intelligent species, contingent behaviours (reciprocity, partner 

choice, etc.) appear to have been important in the evolution of cooperation (Brosnan 

et al. 2010). My results may help to explain this pattern by showing that selection for 

appropriate behavioural assortment of cooperative acts can lead to selection for greater 

cognitive abilities and Machiavellian arms races, and that intelligence facilitates greater 

extremes of cooperation. Additionally, although kin selection is still of importance in 

highly intelligent taxa, high relatedness may hinder the evolution of intelligence by driving 

unconditional cooperation to fixation in the population, without any need of contingent 

behaviours.

A trait as complex as advanced intelligence is unlikely to have a single causal factor 

but is likely to have evolved owing to a combination of several factors (Reader et al. 

2011). Along with the social intelligence hypothesis, many other theories attempting to 

explain the evolution of advanced intelligence have been suggested, among them that 

intelligence is an adaptation for tool use (Oakley 1949; Wynn 1988), that intelligence 

is an adaptation for social learning and the accumulation of culture (Whaiten & van 

Schaik 2007; Moll & Tomasello 2007; Van Schaik & Burkart 2011), and that intelligence 

is the result of sexual selection (Miller 2000). All of these theories are supported by 

evidence from at least some of the most intelligent animals. However, the difficulty lies 

in disentangling the traits that are causal factors in the evolution of intelligence from 

those that are by-products of advanced intelligence. The combination of game theoretic
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frameworks and artificial neural network models presented here may provide a framework 

for the evaluation of the mechanistic strengths of these different hypotheses. While 

previous models have sought to relate cooperation and intelligence the focus has most 

frequently been on the cognitive requirements of cooperation, rather than on selection for 

intelligence. Many of these models have lacked an explicit brain structure (e.g. Rubinstein 

1986; Abreu & Rubenstein 1988; Gilboa & Samet 1989; Fogel 1993; Ho 1996; Miller 

1996), and among those studies that have used artificial neural networks I know of no 

examples were the network structure was allowed to freely evolve or implications of 

selection for decision-making strategies, for the evolution of intelligence were directly 

addressed (Harald & Fogel 1996; Chellapilla & Fogel 1999). While artificial neural 

networks are not real brains, relying on abstraction of the activity of millions of real 

neurons down to a manageable number of artificial neurons, they can provide insight 

into the dynamics of cognitive evolution and allow for the flexible evolution of behaviour 

(Enquist & Ghirlanda 2005). My results show that, in a freely evolving system, selection 

for efficient decision-making in social interactions can give rise to selection pressures for 

advanced cognition and supports the view that the transition to the cooperative groups 

seen in the most intelligent taxa may be the key to their intellect.
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3.1. Introduction

Explaining the evolution of cooperative behaviour is a central challenge in evolutionary 

biology. A cooperative act often has immediate costs for a cooperative individual, leading 

to a paradox of how it can evolve as, all else being equal, it will reduce an individual’s 

relative fitness (Lehmann & Keller 2006; West et al. 2007). However, many solutions 

have been proposed to the problem of costly cooperation, all of which rely on correlation, 

or assortment, among the phenotypes of social partners (Frank 1998; Woodcock & Heath 

2002; Henrich 2004). This correlation among the phenotypes of interacting individuals 

leads to cheaters either being denied cooperation or having a cost imposed on them (e.g. 

punishment), thus increasing a cooperator’s relative fitness.

There are two major factors known to create this necessary correlation: population 

structure and conditional behaviour (e.g. behaviour dependent on a partner’s phenotype). 

If populations are viscous, i.e. dispersal is limited, high levels of relatedness among 

group mates can arise, favouring cooperation (Hamilton 1964, though see Taylor 1992). 

Other factors, such as low levels of promiscuity, that increase relatedness in family groups 

can also combine with population structure to favour cooperation (Hughes et al. 2008; 

Cornwallis etal. 2010). While population structure can help favour costly cooperation, it 

is not inherently necessary for its evolution. If individuals adjust their levels of cooperation 

in response to some aspect of the phenotype of their social partners that reliably indicates 

their future behaviour, this can also create the required assortment (Frank 1998; Henrich 

2004).

While there is a wealth of theory on cooperation based on conditional behaviour 

(Nowak 2006; Lehmann & Keller 2006; West et al. 2007), we know surprisingly little 

regarding the organismal traits that facilitate its evolution. However, two promising 

candidate traits have been suggested: cognitive capacity and lifespan. As conditional
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cooperation requires individuals to assess tine beliaviour/phenotype of others, commit 

this information to memory and then make accurate decisions based on this information, it 

has been suggested that increased cognitive capacities/brain size may favour its evolution 

(Trivers 1971; Brosnan & de Waal 2002; Stevens & Hauser 2004; Barrett & Henzi 

2005; Stevens et al. 2005; Hauser et al. 2009; Melis & Semmann 2010; Brosnan 

et al. 2010; McNally et al. 2012; Chapter 2). Also owing to the inherently predictive 

nature of conditional cooperation, i.e. past actions are used to infer future actions, it has 

been suggested that a longer lifespan may favour conditional cooperation as individuals’ 

current actions will be more likely to have future effects and/or individuals have more time 

to assess the behaviour/phenotype of others (Trivers 1971; Axelrod & Hamilton 1981; 

McNamara et al. 2008).

Here I develop a general illustrative model for the effects of cognition and lifespan 

on assortment via conditional behaviour and consider specific models for five specific 

forms of conditional cooperation: partner choice, direct reciprocity, indirect reciprocity, 

cooperation in response to punishment and kin discrimination based on phenotypic or 

environmental cues. I then present a comparative analysis showing that non-human 

primate species with bigger brains and longer lives are more likely to engage in two 

forms of cooperation: coalition formation and food sharing.

3.2. Theorectical models

Let us assume that an actor’s mean fitness payoff from an interaction with others {w)  is a 

function of their mean investment in cooperation per interaction (x), and that of their social 

partners { X ). The gradient of selection with respect to an individual’s level of cooperation 

can then be written as dw/dx  =  d w / d x + { d w / d x ) { d X / d x ) .  d w j d x  is the marginal fitness 

effect of actor phenotype, which we will assume to be negative (i.e. cooperating has a 

cost), and d w j d X  is the marginal effect of partner phenotype, which we will assume to
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be positive (i.e. receiving cooperation has a benefit). Note however that the signs for 

these marginal values need not hold for all possible values of and for a social dilemma to 

exist, it is only necessary that they hold for some region of possible phenotypic values. 

The final term d X / d x  is a measure of the phenotypic assortment between individuals, 

i.e. how partner phenotype changes with actor phenotype. The condition for an increase 

in actor cooperation to be favoured by selection is then d w / d x  +  {dw/ d X ) { d X / dx) >  0. 

This condition is equivalent to Queller’s (2011) formulation of kith selection’: selection 

on social traits that exhibit phenotypic feedback between partners. While there are many 

similarities between this formulation and Hamilton’s rule, the causal process is accounted 

for in a substantially different manner. The phenotypic association term can contain 

effects of both conditional behaviour and interactions among kin, capturing a general 

measure of phenotypic assortment. For a general discussion of the relationship between 

this term and relatedness coefficients see Frank (1998) and Queller (2011).

Following our assumptions, the phenotypic assortment term d X / d x  must be greater 

than the marginal cost to benefit ratio ( d w / d x ) / { d w / d X )  for selection to favour an 

increase in actor cooperation. This can arise owing to spatial structuring leading to 

interactions among kin, however here we will concern ourselves with assortment arising 

from conditional behaviour. If behaviour is conditional, partner cooperation is expected 

to be some function of previous observations of some aspect of the actor’s phenotype 

and the cognitive abilities of the partner. We can then write partner cooperation in an 

interaction at time t  as Xt  =  / ( x ,  c), where x  is a vector containing information on 

the actor’s phenotype of interest in all previous rounds and c represents the cognitive 

capacities of the species. We ignore variation in, and selection on, c for clarity and 

analytical tractability. The function /  could represent many different forms of conditional 

cooperative behaviour such as partner choice or some form of reciprocity. We can now
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the write the mean level of cooperation received by the actor per round as

X =  ^ ^ / ( x , c ) ( s V ) ‘~^j ( 1 - s V ) ,  (3.1)

where s is the probability that an individual survives until the next interaction and p is the 

probability that individuals do not leave the group owing to sources other than mortality 

(e.g. dispersal). The term is the probability that the two individuals interact at

round t (assuming that they interact at  ̂=  1), and the term (1 -  is the inverse of the 

average number of rounds of interaction.

Given this, what are the expected effects of cognition and survival on selection for 

cooperation? Successful strategies of conditional cooperation all have the property 

of increasing investment in cooperation based on some measure of their partner’s 

phenotype (Frank 1998). As long as increased cognitive capacity facilitates more 

accurate decisions based on the behaviour of others and the probability of repeated 

interaction is non-zero >  0), we then expect increased cognitive capacity to

increase the magnitude of phenotypic assortment. Similarly, as long as partner 

investment in cooperation is a function of previous observations of the actor’s phenotype 

and individuals have some memory of this, the magnitude of phenotypic assortment 

will also increase with survival rate. We illustrate this general argument with specific 

examples below.

(a) Partner choice

First we consider the case of partner choice. Partner choice favours the evolution 

of cooperation by individuals rejecting and accepting partners based on their investment 

in cooperation (Roberts 1998; Sheratt & Roberts 1998; McNamara et al. 2008). This 

differs from reciprocity as all interaction ceases, rather than cooperation simply being 

withheld. We will assume that investment in cooperation can take values between 0 and
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1. We consider a resident phenotype that invests maximally in cooperation but aims to 

cease interactions with individuals investing less than maximally in cooperation (i.e. they 

reject them as partners). We further assume that the cognitive capacity c of an individual 

and the extent of the deviation from maximal cooperation of the actor influences the 

probability that a resident ceases interaction. Following these assumptions we can write 

the probability that a resident ceases interaction with the actor after a given round as 

q =  { I  -  x ) ( l  -  where x is the investment in cooperation per round by the actor 

if interaction occurs, and a is a scaling factor on the effect of cognition. As residents 

are assumed to invest maximally in cooperation, the actor will never choose to cease 

interaction with them. It follows that the expected number of rounds of interaction without 

the actor being rejected by the resident is 1/(1 -  (1 -  q)s^p^). Using equation 3.1 we can 

then write the mean investment in cooperation by the resident as

— 1 —V  _  ____________  V_____________ lo 2)
1 — (1 — (1 — x ) ( l — ’

and by the actor as

x ( l  — s'^p )̂
1 — (1 — (1 — x ) ( l — e~°‘))s'^p-  =  . (3-3)

Both equations 3.2 and 3.3 are the products of three quantities: the expected number 

of rounds of interaction before rejection 1/(1 -  (1 -  (1 -  x ) ( l -  the inverse

of the expected number of possible rounds 1 -  and the investment in cooperation 

by each individual during each round of interaction (1 and x  for the resident and actor 

respectively). We can now use d X j d x  =  { d X / dx ) {dx / dx)  to write

d X  (1 — e~°‘)s^p^

dx  1 —

We can then evaluate the effects of c and s on assortment as

d { d X / d x )  ae~^s^p'^{l — s^p'^)

dc — 1)2

and

d { d X / d x )  _  2{1 —

ds — 1)2
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which are both strictly positive meaning that assortment is monotonically increasing with 

both cognitive capacity and survival rate.

(b) Direct reciprocity

Direct reciprocity occurs when individuals adjust their investment in cooperation with 

a partner in response to the levels of cooperation previously received from that partner 

(Trivers 1971; Axelrod & Hamilton 1981). Again we will assume that investment in 

cooperation can take values between 0 and 1. We will consider a resident strategy 

that initially invests maximally in cooperation but will subsequently attempt to match the 

contribution of the actor (x) if this is less than 1. We will further assume for simplicity 

and clarity that reciprocity only acts in a downward direction, i.e. that the actor will never 

invest more than x. The probability with which an individual can detect investment lower 

than their own and adjust their investment is decided by their cognitive ability according to 

1 -  From these assumptions it follows that the actor will invest x  in cooperation in all 

rounds and the resident will invest 1 in the first round and x ( l  -  on average

in all subsequent rounds. From equation 3.1 and following the same procedure as before 

we can then write the mean investment in cooperation by the resident per round as

while the average investment for the actor is simply x  =  x. We can then calculate 

assortment as d X / d x  =  (1 -  e~°‘^)s'^p^. The effects of c and s on assortment are then

which are both strictly positive meaning that assortment is monotonically increasing with

X  =  l -  s'^p^ +  (x ( l  -  e - “ )̂ +  e - “= ) (s V ) , (3.7)

d { d X / d x )  

dc
(3.8)

and

d { d X / d x )
ds

(3.9)
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both cognitive capacity and survival rate.

(c) Indirect reciprocity

Indirect reciprocity operates by individuals adjusting their levels of cooperation in 

response to their partner’s previous cooperation with other individuals (Alexander 1987; 

Nowak & Sigmund 1998). Following previous analyses (Nowak & Sigmund 1998, 

Lehmann & Keller 2006) we consider the simple scenario of indirect reciprocity based 

on image scoring. Image scoring works by individuals basing their decision to cooperate 

on a score of their partner’s cooperativeness (the image score), information on which 

is obtained based on the partner’s interactions with others (Nowak & Sigmund 1998). 

We again assume that investment in cooperation can take values between 0 and 1, 

and that an individual’s image score can take values between 0 and 1, representing 

their investment in cooperation. We will consider strategies defined by their maximal 

investment in cooperation: x  for the focal individual and X  for the resident. Again we 

will assume that the resident is fully cooperative (X  =  1) and that reciprocity acts only 

in a downward direction, i.e. that the resident will attempt to match their contribution 

to the image score of the focal individual but that the focal individual will never invest 

more than x. We assume that an observer of the focal individual's behaviour during the 

previous round of interaction assigns them an image score of x  with probability or

assigns them the default image score of 1 with probability where a  is again a scaling 

factor on the effect of cognitive capacity on error. We denote the probability that the focal 

individual’s partner in the current round observed their behaviour in the previous round 

as h. The probability that the focal individual’s partner assigns them the correct image 

score based on their own observation is then h { l  -  There is also the possibility

that the actor’s partner may learn of their image score via gossip (Nowak & Sigmund
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1998). We denote the probability that a partner gains information on the focal individual’s 

image score via gossip as g, and scale this by 1 -  e~^^, where ^  is a scaling factor on 

the effect of cognitive capacity on the efficiency of gossip. Given these assumptions and 

using equation 3.1 we can now write the mean level of cooperation per round received by 

the focal individual as

X  =  1 — +  x {h { l  — +  g{ l  — (3.10)

while the average investment for the actor is simply x =  x. We can then calculate 

assortment as d X jd x  =  {h{ l  -  +  ^ '(l -  The effects of c and s on

assortment are then

d{dX/dx) ^  ^  (3.11)
dc

and

=  2{h{ l -  e - n  +  5(1 -  e-^-) )sp\  (3.12)
ds

which are both strictly positive meaning that assortment is monotonically increasing with 

cognitive capacity and survival rate.

(d) Punishment

Punishment in response to cheating can act as a mechanism favouring investment 

in cooperation by adding a cost to cheating (Boyd & Richerson 1995; Gardner & West 

2004). We will consider a strategy defined by two traits: investment in cooperation with 

a partner that is known to punish (x) and a tendency to punish (y) in response to the 

deviation of an individual from maximal cooperation. We will assume that individuals are 

initially cautious and do not cooperate if they do not know that (or how much) an individual 

punishes. We will consider a resident that employs a strategy of X  =  1 and Y  =  I  (i.e. 

a kind of strong reciprocator) and assume that individuals only gain information on an
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individual’s tendency to punish from direct interactions with them. Again the response of 

an individual to punishment is constrained by cognition, with the probability of the correct 

response in each round being 1 -  i.e. they fail to recognise or remember the actor 

as a punisher with probability As punishment may occur directly following or during 

an interaction we will assume for simplicity and clarity of presentation that punishment is 

apportioned without error. Using equation 3.1 we can then write the mean investment in 

cooperation by the resident per round as

As conditional cooperation in response to punishment is inherently two-trait in nature 

there are two key forms of assortment necessary for it’s evolution (Gardner & West 2004): 

a negative relationship between punishment received and cooperation given ( d V / d x  < 0) 

and a positive relationship between cooperation received and one's tendency to punish 

{ d X / d y  >  0). Using d Y / d x  =  { d Y / d x ) { dx / dx)  it is easy to show that d Y / d x  reduces 

to -1 .  This is the case as we have assumed that punishment can occur during or 

immediately following an interaction (so probability of repetition has no effect) and that 

error in punishment is vanishingly small (cognition has no effect). However, for conditional 

cooperation in response to punishment to be favoured there must also be selection for a 

tendency to punish, which relies on assortment term d X / d y  , which is

X  =  y { l -  e - ^ s Y ,a c \ „2„2 (3.13)

and by the actor as

x  =  (x ( l -  e - ^ ^ )  +  e“ “ ^ )sVac"! „ 2 „ 2 (3.14)

We can also then write the investment in punishment by a resident as

((1 —x) ( l  —e “ ^) +  e a c \ „2„2

1 —  s^p-
(3.15)

and by the actor as

(3.16)



The effects of c and s on assortment are then

d X / d y
dc

(3.18)

and

d X / d y
ds

=  2(1 -  e (3.19)

which are both strictly positive meaning that assortment based on an actor’s tendency to 

punish is monotonically increasing with both cognitive capacity and survival rate.

(e) Kin discrimination

Kin discrim ination operates based on the preferential helping of related individuals 

(Hamilton 1964), thus leading to cooperation being returned by one’s relatives. For 

simplicity we will consider a scenario where individuals aim to distinguish a class of 

highly related individuals (e.g. siblings), of average relatedness n ,  from random group 

members, of average relatedness r 2 . We concern ourselves here with kin discrimination 

based on behavioural and/or environmental cues (Komdeur & Hatchwell 1999; Russell & 

Hatchwell 2001; McDonald & W right 2011) rather than those based on genetic recognition 

systems. We will assume that the processing of these cues to determine kinship relies on 

cognitive processing and that the iterative accumulation of information from cues leads to 

more accurate assignment (e.g. via associative learning). Following these assumptions 

we write the relatedness between a focal individual and the partners they choose to 

cooperate with at time t  as

where a  and 7  are scaling factors for the effect of cognition on cue discrimination and how 

cue information accumulates during associative learning. Here the error in assignment
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(e is a declining function of the product of effective cognitive power (ac) and 

accumulated cue information {■yt). We can then write assortment as

f = ( 3.21)

The effects of c and s on assortment are then

d { d X / d x )  _  { I  — sp) { \  +  sp) { r i  — T2)

dc — s^p^Y

and

d { d X / d x )  2{e°‘^  — \ ) { r i  — r 2 ) sp '2^2

(3.22)

(3.23)
ds — s^p^y^

which are both strictly positive (as n  > t 2 ), meaning that, as long as the processing 

of kinship cues relies on cognition and the accumulation of information over time, 

increasing cognitive capacity and survival rate are expected to increase assortment via 

kin discrimination.

3.3. Comparative analysis

My theoretical models suggest that increased cognitive capacities and lifespan should 

facilitate the evolution of cooperation by increasing the potential for assortment via 

conditional behaviours. To test my theoretical predictions I performed a comparative 

analysis on the distribution of two forms of cooperation in non-human primates: coalition 

formation (i.e. agonistic support) and food sharing. As quantitative data are not currently 

available, I collected presence/absence data on the occurrence of coalition formation and 

food sharing for both sexes for all available primate species. Data on coalition formation 

were taken from Plavcan et al. (1995) and Jaeggi & van Schaik (2011) and data on food 

sharing were taken from Jaeggi & van Schaik (2011). Data on food sharing between 

males and females or between parents and offspring was not included as these are 

adequately explained by the food-for-sex’ hypothesis and parental care, respectively. For
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food sharing, only data from interactions among non-relatives were included, suggesting 

that conditional behaviour will be the likely mechanism of assortment. For coalition 

formation no information on relatedness between cooperators was available.

Data on the social system (solitary/mated pair, multi-female single-male or multi­

female multi-male groups) of each species were taken from Rowe (1996) and 

www.theprimata.com. Species that are solitary or live in mated pairs were omitted from 

the analyses, as intra-sex cooperation could not occur. I collated data on the mean 

endocranial volume, which is isomorphic with brain size in primates (Isler et al. 2008), 

and body weight for each species from Isler et al. (2008). The residuals of a log-log 

regression of endocranial volume on body weight were taken as a measure of body- 

mass-corrected cognitive capacity. I used maximum-recorded lifespan as a proxy for 

species’ average lifespan, which was taken from the AnAge database (de Magalhaes & 

Costa 2009), supplemented using Rowe (1996). Finally, data on social group size were 

also collated for each species from Nunn & van Schaik (2002). Group size may affect 

competition for food and may influence the benefit of coalitionary support in agonistic 

interactions. Given this possibility and the strong correlation between group size and 

relative brain size in primates (Dunbar 1998), group size was included as a covariate in 

the analyses as a potential confounding variable. The version 3 primate consensus tree 

from the 10k Trees Project (Arnold et al. 2010) was used in the analyses to account for 

the non-independence of species owing to shared ancestry. In total, data were available 

for 76 species for the coalition formation analysis and 49 species for the food sharing 

analysis.

I analysed the coalition formation and food sharing data using linear mixed models 

implemented in the R (R Core Development Team 2012) package MCMCgImm (Hadfield 

2010), which uses a Markov chain Monte Carlo algorithm for model fitting. Coalition 

formation and food sharing were modelled as binomial response variables in separate
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Figure 3.1: The barplots show mean values and their standard error for maximum 

lifespan, residual brain size and the log of group size for different coalition formation 

and food sharing scores. Sample sizes (number of species) are 53, 20 and 3 for coalition 

formation and 44, 2 and 3 for food sharing for scores of 0, 0.5 and 1, respectively. The 

cooperation scores correspond to the proportion of sexes with multiple individuals per 

group that cooperate for each species.

analyses, with the number of sexes cooperating in each species acting as the number of 

successes, and with the number of trials taken as 1 for species with single-male/multi-
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female groups and 2 for species with multi-male/multi-female groups. This gives each 

species a measure of cooperation of (number of sexes cooperating)/(number of sexes 

with multiple individuals per group), giving a score of 0, 0.5 or 1. This binomial approach 

helps take account of the qualitative nature of the available data on cooperation by 

weighing species were both sexes cooperate more heavily than species were only one 

sex does so. The primate phylogeny was included as a random effect and lifespan, 

residual brain size and the log of group size were included as predictors. All predictors 

were mean standardised prior to analysis. Priors for both the residual and phylogenetic 

variances were set using a inverse-Wishart distribution with variance of 1 and degree of 

belief of 0.002 (code: R=list(V=1, nu=0.002), G=list(V=1, nu=0.002)). Priors for the fixed 

effects were set using a normal distribution with mean of 0 and variance of 4.3 + 

which is approximately uniform on the probability scale, fulfilling the requirement of a 

weakly informative prior. Priors of larger variance show high densities near probabilities 

of 0 and 1, which can cause problems for mixing behaviour (Hadfield 2010). Models 

were run for 2,100,000 with the first 100,000 iterations discarded as a burn-in and with a 

thinning interval of 100. To avoid autocorrelation in the posterior samples.

Table 3.1: Results of comparative analyses

Explanatory variable Parameter estimate 95% credible interval

Coalition formation

Lifespan 0.828 [0.195, 1.473]

Residual brain size 0.741 [0.164, 1.376]

ln(group size) 0.868 [0.163, 1605]

Food sharing

Lifespan 2.363 [0.658, 4.374]

Residual brain size 1.996 [0.343, 3.823]

ln(group size) 0.035 [-2.167, 2.259]

Table 3.1 shows the posterior parameter estimates (mode) and 95% credible intervals
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for both the coalition formation and food sharing models (see also Fig. 3.1). For both 

forms of cooperation, lifespan and residual brain size had significant positive effects 

on cooperation (95% credible intervals do not overlap with zero), supporting the model 

predictions that increased cognitive capacity and lifespan should facilitate the evolution 

of cooperation. Group size had a significant positive effect on coalition formation, 

suggesting that agonistic support may be of more importance under stronger competition 

in larger groups, though it had no significant effect on food sharing.

3.4. Discussion

Both the theoretical models and comparative analysis suggest that cognition and 

lifespan play an important role in the evolution of conditional cooperation. Increased 

cognitive capacities facilitate conditional cooperation by allowing for the accurate 

assessment of a partner's phenotype/behaviour, its committal to memory and future use 

in decision-making. Increased lifespan facilitates conditional cooperation by increasing 

the opportunity for current investment in cooperation to affect the future actions of one's 

partners and/or allowing more time for the assessment of the behaviour/phenotype of 

others. However, it is important to note that my models consider a best-case scenario for 

the effect of cognition on cooperation. While large brains may facilitate assortment via 

conditional behaviour they may also facilitate deception (Byrne & Whiten 1988; Byrne 

& Corp 2004), which may allow individuals to conceal or misrepresent their actions, 

undermining conditional cooperation (see Chapter 4). Nonetheless, as long as deception 

does not completely undermine cooperation, increased cognitive abilities should facilitate 

the evolution of cooperation.

My results highlight important links between morphology, life history and social 

behaviour. The facilitation of conditional cooperation that increased cognition provides 

may be an important selective factor in the evolution of large brains (Brosnan etal. 2010;
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Chapter 2; McNally et al. 2012). Additionally, theory and comparative analyses suggest 

that brain size and lifespan coevolve and positively reinforce each other, as the fitness 

benefits of increased brain size are likely to be manifest as increased survival and the 

benefits of the learning that big brains facilitate are likely to take time to accumulate 

(Kaplan & Robson 2002; Robson & Kaplan 2003; Gonzlez-Lagos etal. 2010; van Schaik 

etal. 2012). This also points to the importance of sources of extrinsic mortality, such as 

predation, in the evolution of cooperation. High extrinsic mortality will obviously reduce 

lifespan, but is also expected to reduce the benefits of increased brain size (as these are 

expected to accumulate overtime: van Schaik etal. 2012), and thus limit the potential for 

the evolution of conditional cooperation.

There is growing evidence for the importance of conditional behaviour in the evolution 

of primate sociality, mainly in the forms of partner choice (Schino & Aurelli 2009; Fruteau 

et al. 2011; Sabbatini et al. 2012), direct reciprocity (Brosnan & de Waal 2002; Silk 

2005), punishment (Clutton-Brock & Parker 1995; Silk 2005) and kin discrimination (Silk 

2009). My theoretical and comparative results suggest the coevolution of brain size and 

lifespan has played a key role in the evolution of primate sociality, and in the evolution 

of the human socio-cognitive niche’, and ultimately resulted in our global colonisation 

(Pinker 2010; Whiten & Erdal 2012). Our big brains and long lifespan may have driven 

the emergence of human society.
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Chapter 4

Cooperation creates selection for tactical deception

This chapter is in revision for resubmission for publication.

Authors: McNally L & Jackson AL.

Authors’ contributions: LM conceived the idea; LM developed and analysed the model, 

and collated and analysed the data; LM and AJ interpreted results; LM wrote the 

manuscript with input from AJ
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4.1. Introduction

Though there are multiple routes through which cooperation can evolve (Lehmann & 

Keller 2006; West et at. 2007), conditional cooperation has become a major focus 

for studies on the evolution of cooperation in taxa of relatively advanced cognitive 

capabilities, particularly primates, and even more so humans. As a result, myriad 

mechanisms of conditional behaviour that facilitate the evolution of cooperation have 

been identified, including direct reciprocity (Trivers 1971; Axelrod & Hamilton 1981), 

indirect reciprocity (Alexander 1987; Nowak & Sigmund 1998), generalised reciprocity 

(Pfeiffer et at. 2005; Barta et al. 2011), partner choice (Roberts 1998; Sheratt & 

Roberts 1998; McNamara et al. 2008), punishment (Boyd & Richerson 1992; Gardner 

& West 2004), and reward (Oliver 1980; Rand et al. 2009). While the details of how 

these mechanisms favour the evolution of cooperation differ, they all share the implicit 

requirement of correlation between the behaviours of interacting individuals (Frank 1998; 

Woodcock & Heath 2002; Henrich 2004). This correlation leads to cooperative individuals 

receiving more cooperation, less punishment, and/or more rewards than cheats, thus 

giving them a fitness advantage.

For this correlation to arise an individual’s behaviour must be either directly or 

indirectly conditional on their partner’s behaviour, e.g. by accounting for their past actions 

or recognising some cue of their current intentions. Almost all models for the evolution of 

conditional cooperation implicitly assume that the past or current actions of others can be 

assessed acurately and that cheats act passively during this assessment (i.e. they do not 

conceal their cheating). One possible mechanism by which cheats could avoid detection 

is tactical deception - the misrepresentation of the state of the world to another individual 

(Whiten & Byrne 1988; Byrne & Whiten 1988; Byrne & Whiten 1991; Byrne & Whiten 

1992; Lewis & Carolyn 1993). If individuals can use tactical deception to avoid their
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cheating being detected (e.g. by misdirecting a social partner’s attention or lying about 

their past actions or current intentions), they could circumvent enforcement mechanisms, 

gaining a fitness benefit.

Of course, deception may have benefits in many spheres of animal behaviour 

other than cooperative interactions, e.g. mating behaviour, aggressive encounters, 

etc. Regardless, the benefit of illiciting cooperation at lower cost may help select for 

the psychological and cognitive capabilities necessary for tactical deception in species 

with more frequent, and more diverse forms of, cooperation. Here I first present a 

theoretical model exploring the evolution of tactical deception as a strategy in cooperative 

interactions before presenting a comparative analysis to test the relationship between 

deception and cooperation in primates.

4.2. Game theoretic model

I consider the scenario of an iterated prisoner’s dilemma between pairs of individuals 

in an infinite, well-mixed population. In any given interaction individuals can choose to 

cooperate, bestowing a fixed benefit b on their partner at a fixed cost c to themselves, or 

to defect, bestowing no benefit and paying no cost. Here we will only consider conditional 

strategies that modify their cooperation in response to their partner’s cooperation, though 

the general logic of the model also applies to cooperation based on punishment or reward. 

For simplicity we will assume that individuals can take one of three fixed strategies for this 

game: conditional cooperator [CC), tactical deceiver {TD), or honest defector {HD). 

Conditional cooperators aim to only cooperate with other cooperative individuals and 

not cooperate with defectors, while honest defectors simply always defect. We assume 

that tactical deceivers always defect but attempt to hide that defection from others in 

some manner (e.g. by waiting until they are unobserved or manipulating their reputation 

by lying), and that this deception carries a cost d. I do not specify the mechanism
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(e.g. partner choice or some form of reciprocity) by which conditional cooperation 

is achieved, but assume that conditional cooperation is somewhat constrained by 

repetition probability (i.e. current behaviour is somehow based on previous partner 

behaviour) and/or individual cognition (mistakes are sometimes made) so that conditional 

cooperators will cooperate with honest defectors in a proportion p of their interactions. 

As tactical deceivers attempt to conceal their defection, conditional cooperators fail to 

recognise them as defectors with probability q, meaning that a conditional cooperator 

will cooperate with a tactical deceiver in a proportion q +  p -  qp their interactions. 

Following our assumptions the average payoffs per round (ttj) for each of the three 

strategies are: wcc =  { b -  c )xcc  - c { q + p -  qp)xTD -  cpxHu  for conditional cooperators; 

t^ td  =  h { q + p - q p ) x c c  -  tactical deceivers; and -khd =  bpxcc  for honest defectors, 

where Xi  denotes the current frequency of strategy i  in the population.

Initially we will assume that q \s a constant, but will later consider the case where q 

is frequency dependent. We will constrain our analysis to the scenario where b -  c >  

pb >  0,q >  0,p <  1, and o  d >  0, meaning that there is bistability between conditional 

cooperators and honest defectors (neither can invade the other from rarity), conditional 

cooperators do not dominate tactical deceivers, and honest defectors dominate tactical 

deceivers. In this scenario there are two qualitatively different outcomes possible, which 

are illustrated using the replicator equation dx i /d t  =  Xi{TTi -  T^jnjXj)  (Weibull 1995) in 

Fig. 4.1a and b. Firstly, b{q +  p -  qp) -  d >  b -  c then tactical deceivers dominate 

conditional cooperators. In this case transient invasion of the tactical deceiver strategy 

into a monomorphic population of conditional cooperators undermines the stability of 

the pure conditional cooperator equilibrium, making honest defection the only Nash 

equilibrium and causing the collapse of cooperation (Fig. 4.1a). Beginning from a 

monomorphic population of conditional cooperators, a rare tactical deceiver will invade 

and go to fixation. However, this equilibrium will be unstable and can be invaded by a rare
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Figure 4.1: The dynamics of deception and cooperation. SInown are tine evolutionary 

dynamics of the three strategies for the model with constant (a,b) and negatively 

frequency dependent (c) efficiency of deception. Solid and open circles represent stable 

and unstable equilibria respectively. Parameter values are b =  1.5, c =  0.5, p  =  0.2 for 

all plots and (a) q =  0.8, (b)q =  0.5, and (c) g =  1 -  x t d - Graphical output based on the 

Dynamo software (Sandholm etal. 2012).

honest defector (as t: td  =  - d  and t:hd  =  0), which then goes to fixation. Alternatively, 

W b{q + p  -  qp) -  d <  h -  c, then both conditional cooperation and honest defection are 

Nash equilibria and the introduction of tactical deceivers has little effect (Fig. 4.1b), as 

they cannot invade either monomorphic population. Note that in both scenarios there will 

be no stable mixed equilibrium owing to the lack of any negative frequency dependence 

among strategies.
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Figure 4.2: Equilibrium mixture of conditional cooperators and tactical deceivers. The 

coloured contour plot shows the frequency of conditional cooperators ^ c c  at the mixed 

equilibrium (frequency of tactical deceivers is 1 ~  ^ c c )  as a function of the benefit 

of cooperation b and the cost of deception d for the model with negative frequency 

dependence (see Fig. 4.1c). Darker (lighter) greys indicate a higher frequency of 

conditional cooperators (tactical deceivers) at the equilibrium. White areas indicate 

parameter values where there is no stable mixed equilibrium and the population 

converges on honest defection. Parameter values are c =  0.5, q =  1 -  x t d  for all plots 

and (a) p  =  0.1, (b) p  ~  0.2, and (c) p  =  0.3.

In both of the cases above tactical deceivers will only appear transiently before 

disappearing from the population, so how can tactical deceivers persist in the population? 

One possible factor leading to the coexistence of tactical deceivers and conditional 

cooperators is frequency dependence in the efficiency of deception. It would be expected 

that as tactical deceivers become more common in the population conditional cooperators 

would become more adept at spotting deception, likely via associative learning. The 

necessary negative frequency dependence for a mixed equilibrium may exist if the 

efficiency of deception q declines with increasing frequencies of tactical deceivers. Here 

we will consider the simplest scenario where q =  I  -  x t d ,  s o  that deception is seldom 

detected when very rare, but is almost always detected when deception is the norm. 

In this scenario a rare tactical deceiver can always invade a monomorphic population of 

conditional cooperators as they will have payoffs t t t d  =  b - d  and t t c c  =  b - c ,  and we have 

assumed that the cost of deception is less than that of cooperation {d  < c). Additionally a
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rare conditional cooperator will be able to invade a population of tactical deceivers when 

- c p  <  - d .  This negative frequency dependence can lead to a stable mixed equilibrium 

of x q q  condtional cooperators and 1 -  tactical deceivers (Fig. 4.1c), which can 

resist invasion by honest defectors If 6(1 -  >  d. The full expressions for the

location and stability of this equilibrium are too unwieldy to yield analytical insight but 

are numerically explored in Fig. 4.2. Extensive numerical exploration showed no other 

stable mixed equilibria. Increasing cost to benefit ratio (c/b)  and decreasing costs of 

deception {d) increase the equilibrium frequency of tactical deceivers as their relative 

advantage over conditional cooperators is increased. However, tactical deceivers may 

become victims of their own success as if their equilibrium frequency becomes too 

high this equilibrium becomes invadable by honest defectors (i.e. 6(1 -  p ) { x q q )'  ̂ <  d). 

Increasing the proportion of rounds conditional cooperators fail to defect against identified 

defectors (p) reduces the parameter space in which the mixed equilibrium is stable as the 

amount of cooperation tactical deceivers receive from conditional cooperators relative to 

that received by honest defectors is reduced (i.e. there is less benefit to outweigh the 

cost of tactical deception as conditional cooperation becomes less efficient).

4.3. Comparative analysis

Overall my theoretical results suggest that conditional cooperation can create selection 

pressures favouring investment in tactical deception. However, some form of negative 

frequency dependence in the efficacy of deception, possibly owing to associative 

learning, is necessary for tactical deception to be maintained at equilibrium. From these 

results we can now ask what will happen as a species begins to cooperate in more 

ways (i.e. begin to play more games where some cooperation occurs). From the model 

we can predict that, given the requisite negative frequency dependence, adding more 

cooperative behaviours will lead to more tactical deception as conditional cooperation
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and tactical deception will coexist. As more cooperative behaviours (games) evolve 

this is expected to increase selection for deception, which should be manifest as a 

positive relationship between the the frequency of tactical deception and the number of 

cooperative behaviours a species engages in.

To test this prediction I used the collation of Byrne & Whiten (1990) of the frequencies 

of tactical deception across non-human primates. This catalogue is based on a survey of 

expert reseachers of a wide range of primate species and includes all records known 

at the time, that conform to the following definition of tactical deception: “acts from 

the normal repertoire of the agent, deployed such that another individual is likely to 

misinterpret what the acts signify, to the advantage of the agent” (p. 3 of Byrne & 

Whiten 1990). While all forms of deception involve the misrepresentation of some 

information to other individuals, tactical deception implies that this misrepresentation is 

context-dependent and, at least in a functional sense, involves deliberately altering one’s 

behaviour in a given context to mislead another individual. As in Byrne & Corp (2004), 

we included all records which were considered by the original observers to meet this 

definition. I performed two analyses on these frequencies of tactical deception across 

species. Firstly, following Byrne & Corp (2004), I only analysed observations of deception 

which were made on free-ranging individuals. However as tactical deception may be more 

difficult to detect in the field I also performed an analysis on all data including observations 

on captive individuals (as in Reader etal. 2011). I used the log of the deception frequency 

plus one in all aniyses.

In order to assess how cooperativeness affects the frequency of tactical deception 

across species I collated data on the presence of three cooperative behaviours that have 

been important during human evolutionary history: coalition-formation, food-sharing and 

alloparenting from Plavcan et al. (1995), Jaeggi & van Schaik (2011) and Riedmann 

(1982). Food-sharing between males and females and parents and offspring were not
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included as these are easily explained by the “food for sex’ hypothesis” and simple 

parental care (Jaeggi & van Schaik 2011). I used the unweighted sum of the number 

of these cooperative behaviours a species engages in, giving a score of cooperativeness 

between 0 and 3. To avoid the possibility of inherent correlation between deception and 

cooperation owing simply to the fact that more behaviours are being performed in more 

cooperative species, examples of deceptive behaviours directly relating to the forms of 

cooperation considered here were removed from the data. Thus my analysis tests for 

an association between a species level of cooperative ness and their general propensity 

towards deception.

As deception is generally considered an indicator of intellectual capabilities (Whiten 

& Byrne 1988; Byrne & Whiten 1988; Byrne & Whiten 1991; Byrne & Whiten 1992; 

Lewis & Carolyn 1993), and has been previously been shown to correlate with neocortex 

size (Byrne & Corp 2004) and load strongly on measures of primate general intelligence 

(Reader et al. 2011), it is important to control for cognitive ability. To this end, I 

included neocortex ratio (size of the neocortex divided by the size of the rest of the 

brain) as a covariate in the analyses. Data on neocortex ratios were taken from multiple 

sources (Stephan et al. 1981; Zilles & Redkamper 1988; Macleod et al. 2003; Bush & 

Allman 2004). Volumes calculated using serial sections were supplemented with volumes 

calculated using magnetic resonance imaging for species where no serial section volume 

was available as these do not differ significantly within the primates (Reader etal. 2011).

In total, data for all variables were available for 24 species spanning a wide taxonomic 

distribution: 3 prosimians, 7 new world monkeys, 10 old world monkeys, and 4 apes. 

Analyses were performed using phylogenetic generalised least squares regression 

(PGLS) in R (R Core Development Team) with the caper package (Orme et al. 2012). 

As estimation of the level of phylogenetic signal in a dataset becomes unreliable at 

small sample sizes (Freckleton et al. 2002; Munkenmuller et al. 2012), I set Pagel’s
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A =  1, which is equivalent to independent contrasts. I used version 3 of the consensus 

primate tree from the 10k Trees Project (Arnold et at. 2010) to control for the phylogenetic 

relationships among species.

As the number of reports of deception may be influenced by the research effort a 

species receives, I included a measure of research effort in both analyses. I used 

the research effort measure of Reader et al. (2011), which is based on the counts of 

published papers on each species in the Zoological Record. I took two approaches 

to controlling for research effort in our analyses. Firstly I included the log of research 

effort as a covariate in our models. This analysis showed a significant positive effect 

of cooperativeness on the rate of tactical deception for both the free-ranging only 

iP =  0 .m ,S .E . =  0.22,P =  0.006) and full (/? =  0.61, S’.£:. =  0.13,p <  0.0001) 

datasets (see Fig. 4.3). Neocortex ratio bordered on significance in the free-ranging 

dataset (/3 =  1.22, S.E. =  0.64,p =  0.07), but was not significant in the full dataset 

(P =  0.29, S.E. =  0.37, p =  0.44).

I also repeated the analysis using a more conservative approach of first taking the 

residuals of a log-log regression of deception frequency on research effort (free-ranging: 

P =  0.32, S.E. =  0.12,P  =  0.04; all data: /3 =  0.42, S.E. =  0.18,p =  0.03), and then 

performing a PGLS as before with cooperativeness and neocortex ratio as predictors. 

This analysis yields similar results to the previous analysis for both the free-ranging 

(cooperativeness: (3 =  0.Q2, S.E. =  0.20,p =  0.006; neocortex ratio: P =  1.04, S'.E'. =  

0.57,p =  0.08) and complete (cooperativeness: /3 =  0.51,S'.E. =  0.13,p =  0.001; 

neocortex ratio: j3 =  -0 .11 , S.E. =  0.37,p =  0.77) datasets.

4.4. Discussion

Both our theoretical model and the results of our comparative analysis provide strong 

support for the hypothesis that the presence of conditional mechanisms to enforce
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Figure 4.3: The relationship between deception and cooperation in non-human primates. 

The data points are independent contrasts for the rate of deception and cooperativeness 

scores with the effects of neocortex ratio and research effort partialled out for the free- 

ranging (a) and full (b) datasets. Lines are the predicted values from the models reported 

in the main text.

cooperation provides a major selective benefit to tactical deception. The explanation 

for this benefit is simple; tactical deception can allow individuals to illicit cooperation 

(or avoid punishment/gain reward) without paying the costs of cooperation. The ability 

to deliberately deceive others is generally held as a pinnacle of intelligence, exhibiting 

complex psychological abilities such as second order intentionality and theory of mind 

(Premack & Woodruff 1978; Byrne & Whiten 1988,1991,1992; Byrne & Corp 2004). Our 

results suggest that, in addition to selecting for capacities such as shared intentionality 

(Moll & Tomasello 2007), conditional cooperation may have driven the development of 

many our other complex psychological abilities by creating selection pressures favouring 

tactical deception.

It is also worth noting however, that not all forms of deception are necessarily 

intentional; individuals could also deceive others by deceiving themselves. Trivers has 

recently advanced a theory for the evolution of self-deception as a means to better 

deceive others (Trivers 1991,2000, 2010,2011; von Hippell & Trivers 2011). The essence
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of this theory is that concious deception has a high ’’cognitive load” leading to tell-tale 

signs that an individual is deceiving you, such as signs of nervousness. By reducing this 

cognitive load, self-deception may allow deception of others to go unnoticed. Additionally, 

unconcious deception may not receive the same retribution as concious deception, as it 

may appear to be an "accident” or owing to ignorance. Although our model applies in 

principle to intentional and un-intentional deception the deception catalogue collated by 

Byrne & Whiten (1990) is restricted to cases of deception that show the appearance 

of deliberate manipulation. Further empirical research is necessary to ascertain the 

relative roles of concious and unconcious deception in elliciting cooperation from others. 

However, if Trivers’ thesis holds, the ability to elicit cooperation (or avoid punisment/gain 

reward) without paying the costs of cooperation may have also been a major selective 

factor in the evolution of self-deception in humans.

While my simple model provides a general overview of the coevolution of deception 

and conditional cooperation, much further theoretical investigation of this relationship is 

required. Our model does not explicitly account for the underlying behavioural dynamics 

of conditional cooperation and there is great potential for more mechanistic models. The 

inclusion of the possibility of tactical deception could lead to greater nuance in strategy 

evolution, with individuals showing different responses to the detection of honest cheating 

(e.g. possibly eliciting than to attempted deception. Given the infinite strategy space 

and complex dynamics of iterated games, and the additional complexity of the possibility 

of deception, approaches based on finite state automata (Rubenstein 1986; Ho 1996; 

van Veelen et al. 2012) and/or artificial neural networks (Harald & Fogel 1996; Mitri 

et al. 2009; McNally et al. 2012) may be particularly fruitful. Additionally, models of 

cognitive arms races (Gavrillets & Vose 2006) between tactical deceivers and conditional 

cooperators owing to selection for more subtle forms of deception and its detection could 

help shed further light on the drivers and evolutionary history of human cognitive evolution
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(Byrne & Whiten 1988; Dunbar & Schultz 2007).

Great progress has been made in recent years in illucidating both the proximate 

psychology of, and the ultimate explanations for, human cooperation. However, 

human psychology shows a mixture of conformance to moral/social norms that favour 

cooperation (Fehr & FIschbacher 2003) and Machiavellian capabilities that facilitate 

selfish ends (Byrne & Whiten 1988). Explaining how evolutionary forces have balanced 

these tendencies is a major theoretical and empirical challenge. Our results suggest that 

studying the evolution of deception in the context of social interactions could provide a 

key window into the origins of this balance. Ultimately this most Machiavellian element of 

human behaviour may be the product of one of our most beneficent characteristics - our 

tendency to seek mutually cooperative relationships.
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Chapter 5

Assortment, coevolutionary feedback and the 

evolution of culture.

This chapter is being prepared for submission for publication.

Authors: McNally L & Jackson AJ

Authors’ contributions: LM conceived the idea; LM developed and analysed the model, 

and collated and analysed the data with advice from AJ; LM and AJ interpreted results; 

LM wrote the manuscript with input from AJ
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5.1. introduction

The human capacity to produce innovations and transmit them is generally held to be key 

in humans’ evolutionary success and our near global colonisation (Boyd & Richerson 

1985, Boyd et al. 2011). The desire to identify the selective pressures responsible 

for the evolution of these capabilities is manifest in large numbers of theoretical and 

empirical studies of the strategies used by humans and other animals to acquire novel 

behaviours. The diverse learning abilities that underlie culture are frequently grouped into 

two main categories (Boyd & Richerson 1985); innovation (i.e. individual learning) and 

social learning (i.e. learning from others). Theoretical developments in this area have 

largely been based on a trade-off between these two forms of learning (Rogers 1988). 

The trait of interest in these models is the ratio of learning time invested in innovation, and 

social learning, though often the analyses are restricted to pure strategies (e.g. Rogers 

1988; Lehmann & Feldman 2009; Rendell et al. 2010). These models have lead to 

many predictions regarding the factors governing the balance of innovation and social 

learning such as the role of temporal variability (e.g. Feldman et al. 1996; Aoki et al. 

2005; McElreath & Strimling 2008) and details of the social learning strategy that is used 

(e.g. Boyd & Richerson 1995; Kameda & Nakanishi 2003; Laland 2004, Enquist et al. 

2007). However, while these analyses can tell us a great deal about how the balance 

of time investment in innovation and social learning is affected by ecological factors and 

the resultant impacts on cultural evolution, they tell us little regarding the selective factors 

that drive the evolution of investment in learning.

A new paradigm has recently emerged in the study of primate cognitive evolution: 

the cultural intelligence hypothesis’ (Reader & Laland 2002; Whiten & van Schaik 2007; 

Van Schaik & Burkhart 2011; Reader et al. 2011; van Schaik et al. 2012). This 

hypothesis holds that primate cognitive evolution is driven by selection for improved
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general learning capacities, which as a by-product also endows species with a general- 

purpose' intelligence (Reader et al. 2011; van Schaik et al. 2012). From the 

perspective of the cultural intelligence hypothesis, humans’ increased investment in 

culture, compared to other primates, is proximately achieved by investment in increased 

brain size, an idea which is well supported by comparative analyses (Reader & Laland 

2002). However, viewing increased brain size as the proximate mechanism by which 

learning capabilities are increased, rather than as an ultimate explanation for them, 

begs the question of what shapes the costs and benefits of this investment? The main 

factors identified as determinants of these costs and benefits have been life-history filters 

(reviewed in van Schaik et al. 2012). The essence of the argument here is that brains 

are energetically costly and take time to develop, meaning that fitness benefits will likely 

accrue through increased survival rate. Life-history factors which constrain lifespan will 

therefore also constrain brain size, and hence investment in learning.

Here I present a general model for the evolution of investment in innovation and 

social learning based on the logic of the cultural intelligence hypothesis. I focus on how 

phenotypic assortment, either owing to interactions with kin (Hamilton 1964) or partner 

choice (Roberts 1998; Sheratt & Roberts 1998; McNamara et al. 2008), modulates the 

costs and benefits of investment in learning.

It has previously been suggested that culture may be viewed as a public good, as 

individuals produce novel behaviours by innovation, which can then be acquired by others 

via social learning (Lehmann etal. 2010). Much theory and empirical research suggests 

that assortment, where the phenotypes of interacting individuals are correlated, is key 

in the evolution of public goods investment as increases in investment by one individual 

will then result in increases in investment by their social partners (Frank 1998). Here 

I first present a theoretical model examining the effects of assortment on investment in 

innovation and social learning, and then present a comparative analysis of culture in

66



primates in support of my theoretical results.

5.2. Theoretical model

I take the direct fitness approach (Taylor & Frank 1996; Frank 1998), commonly used in 

kin selection analyses, to model the joint evolution of investment in innovation and social 

learning. Here I present a general illustrative model, but I also present a model with 

explicit description of the learning dynamics and fitness function below. We denote total 

investment by a focal mutant in innovation as x and in social learning as y. The trait values 

for the focal individual’s resident group-mates are denoted as X  and Y, respectively. 

Here the values of x and y represent total cognitive investment in learning multiplied by 

the proportion of learning effort invested in innovation and social learning, respectively. 

Therefore the total cognitive investment in learning \sx +  y. We assume that the number 

of cultural traits that an individual holds. A, is a function of their phenotype and that of 

their social partners. For simplicity we will also assume global competition, though our 

general conclusions should be robust to this assumption. From these assumptions we 

can write the fitness of a focal individual as

w =  B { A { x , y , X , Y ) - C { x  +  y), (5.1)

where B is a benefit function for the number of cultural adaptations an individual holds 

and C is the cost function for investment in cognition. Assuming no linkage between traits 

{dx/dy = dy/dx =  0) we can use the chain rule to write the gradient of selection with 

respect to x and y as

dw _  dB{A)  ̂  dB{A) dX dBiA) dY
dx dx dx ^  dX dx dY dx

and

dw _  dB{A)  ̂  dB{A) dY dB{A) dX
dy dy dy dY dy dX  dy ’
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respectively. In all cases the partial derivatives indicate marginal fitness effects. The 

derivatives dX/dx  and dY/dy  capture the effects of changes in the focal individual’s 

investment in innovation and social learning on investment in the same trait in that 

individual’s social partners - i.e. assortment. These associations may be positive if 

individuals interact with genealogical relatives, in which case they are equivalent to the 

standard Hamilton’s coefficient of relatedness (Hamilton 1964). However, it is worth 

noting that a positive phenotypic association may arise owing to other factors such 

as partner choice. The remaining derivatives dY/dx  and dX/dy  capture the effects 

of changes in the focal individual’s investment in innovation and social learning on 

investment in the other trait in that individual’s social partners. Interactions with relatives 

are not expected to produce positive values of these derivatives in the absence of trait 

linkage, though they may increase via partner choice if individuals assess the values of 

both traits when deciding which individuals to interact with (discussed below).

Obviously, in the absence of phenotypic correlation the gradient of selection for 

both traits is simply decided by the direct effects of an individual’s own phenotype 

{dB{A) /dx  -  dC jdx  for innovation and dB{A ) /dy  -  dC jdy  for social learning). Here 

the benefit and cost functions B  and C  are likely to be determined by life history filters, 

factors limiting what life histories are possible, that influence the costs of investment in 

cognition and the benefit that can be accrued from learned behaviours. Specifically, it has 

previously been predicted that low extrinsic mortality is expected to increase the benefits 

of learning by allowing for a longer lifespan to accrue its benefits, and also reduce the 

costs of investment in cognition by allowing for a longer developmental period (van Schaik 

et al. 2012). However, here I will focus on how correlations among the phenotypes of 

social partners are expected to affect selection for innovation and social learning. Three 

main expectations arise from the model:
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(a) All forms of positive assortment should Increase selection for Innovation and 

social learning. We will first consider the effects of assortment on selection for Innovation 

(dw/dx). The third term in equation 5.2 is { dB{A) /dX) {dX/dx) ,  which is the product of 

the fitness benefit of increased innovation by a focal individual’s social partners and the 

derivative of partner investment in innovation on that of a focal individual. As long as 

the innovations of others can be acquired through social learning we expect increasing 

values of dX jdx  to increase selection for innovation. The fourth term in equation 5.2 

is [ dB{A) / dY){dY/ dx), which is the product of the fitness benefit of increased social 

learning by a focal individual’s social partners and the derivative of partner investment in 

social learning on the investment in innovation by a focal individual. As long as the social 

learning of others helps spread innovations to a focal individual, we expect increasing 

values of dYjdx  to increase selection for innovation. Identical logic applies to the third 

and fourth terms of equation 5.3, leading us to expect selection for social learning to 

increase monotonically with increases in the assortment terms dYjdy  and dXjdy.  Thus 

increased innovation and social learning are expected to be favoured by assortment.

(b) There is expected to be a positive coevolutionary feedback between Innovation 

and social learning, which is increased by assortment. Here I focus on the terms 

dB{A) /dy  and d B { A ) / d X  and consider the sign of the their partial derivatives with 

respect to X  and y, respectively. In both cases this gives the quantity d'^B{A)/dydX.  

This quantity is expected to be positive, as the benefit of social learning requires the 

production of innovations by others. Thus there is positive coevolutionary feedback 

between investment in innovation and social learning, as the advantage of social learning 

increases with increasing innovation by social partners. However, the term d B { A ) / d X  

is weighted by the assortment measures dXjdx  and dX/dy  in equations 5.2 and
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5.3, respectively. Thus increases in these two forms of assortment are expected to 

create selection for simultaneous increases in innovation and social learning via this 

coevolutionary feedback.

(c) Increasing group size may increase selection for innovation and social learning 

via this coevolutionary feedback, depending on the form of assortment present.

Here I consider the effect of group size {N) on the term dB{A)/dy.  As previously 

stated dB{A)/dy  is expected to increase with X  as higher levels of innovation will mean 

that there are more adaptive behaviours to be gained by social learning. Following 

this logic we might expect that, holding X  constant, increased group size will increase 

the benefit of social learning, as more individuals will be producing innovations (i.e. 

d‘̂ B{A)/dydN >  0). Note that this relies on the assumption that the effective social 

contact rate, at a minimum, declines sub-linearly (or does not decline) with group size. 

By increasing the benefit of social learning, increasing group size will strengthen the 

coevolutionary feedback outlined above (i.e. d^B{A)/dydNdX  > 0). However, it is worth 

noting that group size may also have effects on assortment, in particular if this assortment 

is via interactions with kin owing to limited dispersal. For example, if we consider the case 

of haploid asexual individuals in an infinite island model with dispersal rate d between 

groups and group size N, the expected relatedness between a focal individual and their 

social partners is - I ) )  (Taylor 1992), which declines with N. Thus

increased group size may decrease assortment based on limited dispersal. However, 

other mechanisms of assortment, such as partner choice, could, in principle, maintain 

assortment even with increasing group size.

Overall this illustrative theoretical analysis suggests that innovation and social 

learning should be favoured by increased assortment, and that there will be a positive
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coevolutionary feedback between innovation and social learning. The results also 

suggest that increasing group size may increase selection for social learning, and 

consequently innovation via coevolutionary feedback, as long as increasing group size 

does not have a strong negative effect on assortment. To complement these results I 

now present a mechanistic model with explicit cultural dynamics.

Explicit cuiturai model. I consider a scenario where all individuals in a group interact 

and individuals sample from the total pool of cultural traits present in the group. The 

number of cultural traits n an individual possesses follows the differential equation

—  =  ax  +  j3ym — 771, (5.4)

where m  is the number of cultural traits present in the group that have not been learned 

by the focal individual, a  are j3 scaling factors for the efficiency of innovation and social 

learning, and 7 is the rate at which cultural traits become obsolete. Similarly the number 

of traits not yet learned by the focal individual follows the differential equation

——  =  a X  — pyrn — 7 m .  (5.5)
dt

If we assume that the learning dynamics occur on a much faster timescale than the 

evolutionary dynamics, we can take the steady-state values of n*, which is given by

^  +  3^7 +  y^l^jN -  1))
l iyP  +  'y)

I use the following fitness function to model the evolution of investment in learning:

w =  a +  bn* — c{x + y)̂ , (5.7)

assuming accelerating costs of brain size and linear benefits of cultural traits.

Unfortunately, even such a simple representation of the cultural dynamics leads to

the model quickly becoming analytically intractable. However, Fig. 5.1 illustrates the
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evolutionarily stable trait values for a representative numerical solution of the model, 

illustrating that both increased assortment and group size select for increases in 

investment in innovation and social learning.

30

S 20
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0.25 0.5
Assortment

0.75

• I 10

0.25 0.5
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Figure 5.1: Shown are evolutionarily stable levels of investment in innovation (left panel) 

and social learning (right panel) from the model with explicit, as a function of assortment 

(dX/dx). Solid lines are for N  =  10, dashed lines N  =  20, and dotted lines for N  =  50. 

Other parameter values are: c =  0.1,b =  0.5, a =  0.15, /3 =  0.5/{N -  1) and 7 =  0.2.

5.3. Comparative analysis

To test my model predictions I analysed the frequencies of innovation and social 

learning across primate species using comparative phylogenetic methods. Data on the 

frequencies of innovation and social learning for each species were taken from Reader 

et al. (2011). These data are based on comprehensive counts of the frequencies 

of occurrences of innovation and social learning in the primatological literature (see 

Reader & Laland 2002, and Reader et al. 2011 for details). As these data could show 

pseudoreplication, which could increase the correlation between innovation and social 

learning, all examples of behaviours present in both innovation and social learning for 

a given species were removed. To avoid excessive biasing of our analysis by large 

numbers of species for which no observations of culture have been made, we restricted
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our dataset to species for whicli at least one occurrence of innovation or social learning 

has been recorded, giving a total of 49 species. As in Reader etal. (2011) I corrected the 

frequencies of innovation and social learning for research effort by taking the residuals of 

a log-log regression of these frequencies on a research effort measure based on counts 

of published studies on each species (see Reader & Laland 2002 and Reader etal. 2011 

for details).

As cooperative behaviours should be favoured by phenotypic assortment (Frank 1998, 

West et al. 2007), I used a measure of the cooperativeness of each species as a 

proxy for assortment. To measure the cooperativeness of species I collated data on 

the presence/absence of three cooperative behaviours that have been important during 

human evolutionary history: coalition-formation, food-sharing and alloparenting. Data 

were taken from Plavcan et al. (1995) and Jaeggi & van Schaik (2011) for coalition- 

formation; Jaeggi & van Schaik (2011) for food-sharing between adults of the same sex; 

and Riedman (1982) for alloparenting. Food-sharing between males and females and 

parents and offspring were not included as these are easily explained by the food for 

sex’ hypothesis and parental care (Jaeggi & van Schaik 2011). We used the unweighted 

sum of the number of these cooperative behaviours a species engages in, giving a score 

of cooperativeness between 0 and 3. To assess the effect of group size on innovation 

and social learning, data on social group size were taken from the compilation of Nunn 

& van Schaik (2002). To control for the phylogenetic relationships among species I used 

the consensus primate tree from the 10k Trees Project (Arnold et al. 2010). Fig. 5.2 

shows bivariate plots of all data used in the models. Note that I do not include brain 

size measures in our models, as in our theoretical model investment in cognition is the 

proximate mechanism via which innovation and social learning are achieved. It would 

therefore not be appropriate to include brain size measures as explanatory variables, 

as they are considered latent proximate variables within our framework (i.e. we would be

73



explaining the response variable using the proximate mechanism via which it is achieved).

5 -o
Cg

>o
c
c

0.0 1.0 2.0 3.0

co
CO>o
c
c

Cooperativeness

o o ^
o oO

-e---------

8  oo o o
o o
O Q

1 I-------- 1-----------T ------------ r ~

0 20 40 60 80

Social group size

o>c
‘c
L_CD

jQ )

"tooo
CO

o

od

o

0.0 1.0 2.0 3.0

Cooperativeness

O)
c

to

goo
CO

Oo
o

o
d

O O qO

0 20 40 60 80

O)c
‘c
L_
CD©
"to
OO

CO

o

oo,Od

o
I

- 1.0 0.0 1.0

Innovation

0)
N
W
Q.DO
O)
'tooo
CO

o00

o<o

o

o
CM

o

0.0 1.0 3.02.0

CooperativenessSocial group size

Figure 5.2: Bivariate plots of the data used in the models are shown. Lines are simply 

added for illustrative purposes and were fit using linear models. Innovation and social 

learning frequencies have had the effect of innovation removed.

We implemented multiple response models using the R (R Core Developmenat Team) 

package MCMCgImm (Hadfield 2010). MCMCgImm uses a Markov chain Monte Carlo 

algorithm to fit generalised linear mixed models. We modelled both innovation and 

social learning as gaussian response variables. This approach allows us to estimate 

both residual and phylogenetic correlation between innovation and social learning while 

simultaneously estimating the effects of cooperativeness and group size on each of them. 

We modelled the effect of phylogeny as a random effect. We used inverse-Wishart 

distributions for the priors for both the residual and phylogenetic covariance matrices. 

We set prior variances for the residual and phylogenetic covariance matrices at 0.5 and 

covariances at 0, with a degree of freedom parameter of 2 for each matrix (code: R = 

list(V = 0.5*diag(2), n = 2), G = list(V = 0.5*diag(2), n = 2)). The prior value of 0.5 for 

the variance parameters corresponds to the prior belief that the variance is split evenly
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between the residual and phylogenetic effects as both innovation and social learning 

were standardised to unit variance. Setting the prior covariances to 0 implies a priori 

independence of innovation and social learning. In our initial model we estimated both 

the residual and phylogenetic covariances and fit seperate effects of cooperatives and 

group size on both innovation and social learning, but attempted to simplify our models 

based on the deviance information criterion (DIG, a generalised Bayesian equivalent of 

the Akaike information criterion AlC). We ran each model for 600,000 iterations with a 

burn-in period of 100,000 and a thinning interval of 100.

The maximal model had cooperativeness and group size as predictors with seperate 

slopes for their effects on innovation and social learning, and had estimated covariances 

for both the residual and phylogenetic covariance matrices. Using the square of 

both cooperativeness and group size improved model fit (ADIC = 3.53), so these 

transformations were used in all subsequent analyses. The simplification step of fitting 

a shared slope for the effect of cooperativeness on innovation and social learning also 

lead to an improvement in DIG (ADIG = 1.74) so was retained as a more parsimonious 

model. Fitting a shared slope for the effect of group size significantly reduced model 

fit so was rejected (ADIG = -4.22). Finally, we attempted model simplification by fixing 

the different covariance terms to 0. While fixing the phylogenetic covariance led to a 

disimprovement in DIG (ADIG = -10.03), fixing the residual covariance at 0 showed 

a significant improvement in DIG and was retained (ADIG = 6.61), indicating that the 

relationship between innovation and social learning is adequately explained by their 

correlated evolution.

Fig. 5.3 illustrates the structure and results of the minimal adequate model. The 

model shows a significant (95% credible intervals of posterior distribution do not overlap 

with zero) positive effect of cooperativeness on innovation and social learning. As 

cooperation is also expected to be favoured by phenotypic assortment this result provides
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support for our main tlieoretical conclusion. The model also shows a significant 

positive phylogenetic correlation between innovation and social learning, suggesting 

coevolutionary feedback between innovation and social learning. We also find a 

significant positive effect of social group size on social learning, though the effect of group 

size on innovation was not significant at the 95% probability level. However, an indirect 

effect of group size on innovation via the coevolutionary feedback with social learning is 

expected.

p = 0.19,
95% C.I. = [0.01,0.39]

Phylogenetic correllation

(3 = 0.19,95% C.I. = [0.09,0.45]*

p = -6.86x10-5, \  
95% C.I. = 

[-2.94x10^,2.29x10^]

^ p  = 2.52x10^, 
95% C.I. = 

[5.12x10-5,4.50x10^]

Innovation

(Group size)

Social learning

(Cooperativeness)

Figure 5.3: The diagram illustrates the structure of the minimal adequate model. The 

branching arrow for the effect of cooperativeness indicates the shared effect on both 

innovation and social learning. The double-headed arrow between innovation and social 

learning indicates phylogenetic correlation. Modal posterior parameter estimates (/3) and 

95% credible intervals (95% C.l.) are shown. Significant effects are denoted with an 

asterisk.
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5.4. Discussion

My results have strong Implications for our understanding of the evolution of culture and 

cognition in primates. The coevolution of innovation and social learning shares much in 

common with the evolution of public goods investment. The logic of our model shows 

many similarities to models for the coevolution of investment in public goods production 

and exploitation (Brown & Taylor 2010), with innovation being viewed as public goods 

production and social learning being somewhat akin to exploitation. However, there are 

important differences between social learning and exploitation of public goods. Cultural 

adaptations are generally judged to be non-rival (Lehmann & Feldman 2009), i.e. their 

use by one individual does not generally erode their value to another individual, thus 

meaning that social learning does not have the same negative impact as other forms 

of exploitation. Additionally, as discussed in our illustrative model, social learning may 

be considered cooperative if it secondarily helps spread innovations to others. Both our 

theoretical and empirical results support this view that culture evolves with dynamics 

similar to those of public goods production.

Both the results of our theoretical model and the significant effect of cooperativeness 

on innovation and social learning suggest that assortment may have been a key factor in 

the evolution of human culture. However, the mechanism, or mixture of mechanisms, 

leading to assortment based on investment in culture is still unclear. Interactions 

among kin owing to limited dispersal have previously been suggested as an important 

mechanism (Lehmann et al. 2010), though as stated previously large group sizes 

may ameliorate this effect. Alternatively, partner choice, i.e. choosing to interact with 

individuals that invest more in learning, could provide such assortment. There is now 

a wealth of evidence for the importance of partner choice in maintaining cooperation in 

humans (Barclay 2004; Sylwester & Roberts 2010; Rockenbach & Milinski 2011; Fehl et
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al. 2011; Rand et al. 2011; Wang et at. 2012), and evidence is also accumulating for the 

importance of partner choice in non-human primates (Schino & Aurelli 2009; Fruteau et 

al. 2011; Sabbatini ef a/. 2012). In principle partner choice can achieve assortment 

even in large groups (Baumard et al. In Press), thus allowing for the maintenance 

of assortment while simultaneously gaining the benefit of providing access to a large 

number of individuals from which to learn.

My results do not prove causation and much further theoretical and empirical work is 

necessary to ascertain the role of assortment in the evolution of culture and cognition. 

There is much scope for the development of theory on the evolution of partner choice 

in the context of investment in learning. Recently, sophisticated experimental protocols 

have been developed to study the role of partner choice in human cooperation (e.g. Rand 

et al. 2011; Wang et al. 2012). These protocols could likely be adapted to games 

of innovation and social learning, such as the game used in the recent social learning 

strategies tournament’ (Rendall etal. 2010).

It is also worth noting that causation between assortment and investment in culture 

may not be unidirectional. The cognitive investment necessary for the evolution of 

cultural learning capacities may itself allow for assortment by improving assessment of 

the phenotypes of others via their past actions (Brosnan et al. 2010; McNally et al. 2012). 

This points to a potential synergy between the cultural intelligence' and social intelligence’ 

hypotheses. The social intelligence hypothesis holds that a major benefit of a large 

brain is the ability to negotiate complex social scenarios by modifying one’s behaviour 

in response to others and seeking out the best social partners (Dunbar 1998; Dunbar & 

Schultz 2007). The coevolution of these abilities to create phenotypic assortment and the 

investment in culture that they favour may have been important factors in the evolution of 

human intelligence.

Finally, it is worth noting the possible implications of my results for our understanding
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of the nature of the human brain as an adaptation. As I have argued, investment in culture 

may be seen as investment in a public good. If, as is held by the cultural intelligence 

hypothesis, increased brain size is the proximate mechanism via which investment in 

culture is achieved, our brains may have largely evolved as a public good. The evolution 

of social learning gives us access to each other's creative investments, transferring the 

benefits across our social groups. The element of humans that seems most private, our 

minds, may have evolved, in a proximate sense, for the benefit of others.
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Chapter 6

General discussion
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In this chapter I briefly review the results of the preceding chapters before synthesising 

some general implications for our understanding of primate cognitive evolution.

6.1. Overview of results

Chapter 2: Cooperation and the evolution of intelligence.

In chapter 2, I developed a model to test the mechanistic validity of the social 

intelligence hypothesis (Humphrey 1976; Byrne & Whiten 1988; Dunbar 1998). 

Specifically, I assessed the role of the demands of decision-making in two social 

dilemmas in selecting for increased brain size. The model consisted of individuals 

endowed with artificial neural networks playing each other in two social dilemmas; the 

iterated prisoner’s dilemma and the iterated snowdrift game. A genetic algorithm was 

used to evolve the size, structure and the weights between nodes of the networks, 

allowing for the flexible evolution of decision-making strategies. The model showed that 

transitions towards cooperative groups maximise selection for large brains, supporting 

the predictions of the social intelligence hypothesis. Additionally, my results showed that 

higher frequencies of intelligent contingent strategies increase selection for intelligence, 

leading to a Machiavellian arms race (Byrne & Whiten 1988). Overall the results of this 

study suggest that selection for conditional cooperation may have played a key role in the 

evolution of human intelligence. Finally, I argued that these results might help explain the 

apparent bimodal distribution of the pinnacles of cooperation on intelligence across taxa 

(Brosnan et al. 2010), with interactions among kin owing to population structure driving 

cooperation at low levels of intelligence (e.g. microorganisms, social hymenoptera) and 

conditional behaviour driving cooperation at high levels of intelligence (e.g. humans).
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Chapter 3: Bigger brains and longer lives facilitate the evolution of cooperation.

In chapter 3, I examined the role of cognition and lifespan in the evolution of 

conditional cooperation. It had previously been suggested that a bigger brain should 

favour conditional cooperation by increasing the accuracy of the assessment of social 

partners (Trivers 1971; Stevens & Hauser 2004; Hauser et al. 2009; Melis & Semmann 

2010), and that a longer lifespan should favour conditional cooperation as there will 

be more opportunities for one’s current actions to affect the future actions of others 

(Trivers 1971; Axelrod & Hamilton 1981; McNamara et al. 2008). I developed 

a series of mathematical models to show that the potential assortment created by 

conditional cooperation increases with cognitive capacity and survival rate for five 

different mechanisms (partner choice, direct reciprocity, indirect reciprocity, punishment 

and kin discrimination). These models elucidated the key role of brain size and life 

history in shaping phenotypic correlations among individuals. I then used comparative 

analyses to show that bigger brains and longer lives facilitate the evolution of two forms 

of cooperation in primates - coalition formation and food sharing. The results suggest 

that the evolution of human cooperation and society was driven by the evolution of our 

enlarged brains and extended lifespan. I also stressed how these results help elucidate 

the evolutionary links between brain size, life history and sociality, and the inhibition of 

cooperation by sources of extrinsic mortality, via its effects on these traits (van Schaik et 

al. 2012).

Chapter 4: Cooperation creates selection for tactical deception.

In chapter 4, I turned my attention to a possible negative consequence of conditional 

cooperation: selection for tactical deception (Byrne & Whiten 1988; Whiten & Byrne
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1988). I used a simple game theoretic model to show that conditional cooperation 

can create selection for tactical deception, as it erodes the assortment that conditional 

cooperation creates. I showed that tactical deception can undermine an otherwise stable 

population of conditional cooperators, dooming the population to a state of defection. I 

also showed that associative learning could lead to the stable coexistence of conditional 

cooperators and tactical deceivers owing to negative frequency dependence in the 

efficiency of deception. I then used data from the primate deception database of Byrne 

& Whiten (1990) to show that primate species that engage in more forms of cooperation 

also deceive each other more frequently. Trivers’ argument that self-deception evolved 

as a mechanism to better conceal deception from others (Trivers 2011) was used to 

illustrate the potential role of cooperation in selecting for self-deception. As the ability 

to deceive others is generally viewed as a major benefit of theory of mind and second 

order intentionality (Premack & Woodruff 1978; Byrne & Whiten 1991), I argued that 

conditional cooperation may have been important in the evolution of these psychological 

capabilities in humans by creating selection for deception. Finally, this study has 

interesting implications for the evolution of moral behaviour in humans. Cooperation and 

self-sacrifice’ are generally viewed as bedrocks of our morality, while deception is seen 

as one of our most immoral behaviours. That this most noble aspect of human behaviour 

could have selected for dishonesty and manipulativeness paints an intriguing picture of 

selection balancing moral extremes.

Chapter 5: Assortment, coevolutionary feedback and the evolution of culture.

In chapter 5 , 1 applied social evolution theory to the coevolution of cognitive investment 

in innovation and social learning, and considered culture as a form of public good. 

I built a general illustrative model using the direct fitness approach (Taylor & Frank
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1996; Frank 1998), which showed that assortment could be of key importance in the 

evolution of culture. Assortment leads to increased investment in innovation and/or social 

learning resulting in increased investment by one’s social partners, which can then be 

exploited via social learning. As social learning allows the acquisition of the innovations of 

others there is a positive coevolutionary feedback between innovation and social learning, 

which is strengthened by assortment. Assortment of investment in innovation and social 

learning could arise owing to interactions with kin or partner choice, though I argued 

that interactions with kin could be of less relative importance. A comparative analysis 

of rates of innovation and social learning in primates yielded general support for the 

model predictions. The analysis highlights that assortment of different types of cognitive 

abilities may be a driving force in primate brain evolution. Interestingly, if the resultant 

intelligence is general domain (Reader et at. 2011), increased cognitive investment 

in culture may create further assortment by allowing for more efficient partner choice 

(chapter 2). The general conclusion of this study is that, to the extent that the cultural 

intelligence hypothesis holds true (van Schaik & Burkhart 2011; van Schaik et al. 2012), 

our brains evolved as a form of public goods investment. This highlights the key role of 

social learning in turning our cognition from a private to a public good, by giving us access 

to the innovations of others.

6.2. Conclusions

The cultural intelligence hypothesis is really social.

The cultural intelligence hypothesis is quickly becoming the most popular explanation 

for human cognition (Whiten & van Schaik 2007; van Schaik & Burkhart 2011; van 

Schaik et al. 2012). As result the popularity of the social intelligence hypothesis has 

somewhat waned. However, my results suggest that these explanatory frameworks are
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more interconnected than previously thought. Assortment creates selection favouring 

cognitive investment in culture (chapter 5). However, this assortment can be increased 

by cognition (chapter 3). The ability to create assortment can facilitate cooperation as 

well as culture (chapters 2 and 3), which in turn could select for further investment in 

cognition (chapter 2). When viewed from the perspective of social evolution theory the 

social and cultural intelligence hypotheses are intimately connected in terms of ultimate 

explanation.

The human mind is inherently social.

The confluence of the social and cultural intelligence hypotheses suggests social 

forces have been the major factors determining human cognitive evolution. Our brains 

seem to be at once a form of public goods Investment and a tool for creating assortment. 

Conditional cooperation facilitated by a powerful intellect creates selection for tactical 

deception, thus likely selecting for theory of mind and second (and higher) order 

intentionality. Our very consciousness and self-awareness is likely an adaptation to our 

social environment.

Life history is crucial.

While only formally considered in chapter 3, it is clear that life history, and the extrinsic 

mortality rate in particular, is a crucial factor shaping selection on cognition. Longer lives 

increase the potential for assortment via conditional behaviours (chapter 3), which is an 

important benefit of cognition (chapter 2; Brosnan etal. 2010). However, we also expect 

lower extrinsic mortality to favour investment in cognition by allowing more time for the 

benefits of learning to accrue, allowing time for the brain to develop, and allowing for
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fitness benefits to manifest as an increased survival rate (van Schaik etal. 2012). Much 

further modelling and comparative analysis is needed to combine social and life history 

effects to further elucidate their shared influence on cognitive evolution. For example, 

predation rate is likely to be a major source of extrinsic mortality. This could create 

selection for increased group size via safety in numbers (Krause & Ruxton 2002) or for 

alarm calls to warn others, or deter the attack, of approaching predators (Zuberbhler et 

at. 1999). There is great potential for the interaction between ecological factors and the 

social forces shaping primate brain evolution.

Social evolution theory can enrich our understanding of cognitive evolution.

Throughout this thesis, assortment, the central quantity in social evolution theory 

(Frank 1998), has been shown to have profound effects on cognitive evolution. Increased 

cognitive capabilities increase the potential for assortment via conditional cooperation 

(chapter 3) and the benefits of this assortment can select for bigger brains (chapter 2). 

While the importance of assortment for the evolution of cooperation is well understood 

(Frank 1998; West et al. 2007), the effects of cognition on this assortment and the 

potential for assortment to select for bigger brains have almost entirely been overlooked. 

It is hard to imagine how the view of cognitive investment in learning as a public 

good favoured by assortment (chapter 5) could be reached without the use of social 

evolution theory. Similarly, the result that cooperation selects for deception (chapter 

4) seems puzzlingly counter-intuitive without the lens of social evolution theory firmly 

fixed on assortment. While there have been many advances in our understanding of 

primate cognitive evolution over recent decades (Dunbar & Schultz 2007; van Schaik & 

Burkhart 2011; Reader et al. 2011; Whiten & Erdal 2012), the field has suffered from a 

lack of rigorous modelling approaches and often a conflation of proximate and ultimate
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explanations. The formal modelling approach of social evolution theory promises great 

insight in this field, both via the clear expression of the evolutionary logic behind current 

thinking and the discovery of novel explanatory hypotheses. A trait whose evolution has 

been primarily shaped by social forces deserves a social theory to explain its evolution.
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Appendix A

This appendix contains the published manuscript from Chapter 2.
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T he high levels of intelligence seen in humans, other primates, certain cetaceans and birds remain a major 
puzzle for evolutionary biologists, anthropologists and psychologists. It has long been held that social 
interactions provide the selection pressures necessary for the evolution of advanced cognitive abilities 
(the ‘social intelligence hypothesis’), and in recent years decision-making in the context o f cooperative 
social interactions has been conjectured to be of particular importance. Here we use an artificial 
neural network model to show that selection for efficient decision-making in cooperative dilemmas can 
give rise to selection pressures for greater cognitive abilities, and that intelligent strategies can themselves 
select for greater intelligence, leading to a Machiavellian arms race. O ur results provide mechanistic 
support for the social intelligence hypothesis, highlight the potential importance of cooperative behaviour 
in the evolution o f intelligence and may help us to explain the distribution of cooperation with intelligence 
across taxa.

K eyw ords: reciprocity; Machiavellian intelligence; cognition; social brain; prisoner’s dilemma;
snowdrift game

1. INTRODUCTION
Natural selection never favours excess; if a lower-cost sol­
ution is present, it is selected for. Intelligence is a hugely 
costly trait. The hum an brain is responsible for 25 per 
cent of total glucose use, 20 per cent of oxygen use and 
15 per cent of our total cardiac output, although 
making up only 2 per cent of our total body weight [1). 
Explaining the evolution of such a costly trait has been 
a long-standing goal in evolutionary biology, leading to 
a rich array of explanatory hypotheses, ranging from eva­
sion of predators to intelligence acting as an adaptation 
for the evolution of culture [2 -4 ]. Among the proposed 
explanations, arguably the most influential has been the 
‘social intelligence hypothesis’, which posits that it is the 
varied demands of social interactions that have led to 
advanced intelligence [4-12].

In recent years, the cognitive demands of reciprocity, 
one of the mechanisms posited as im portant in the main­
tenance of cooperation in hum ans and other intelligent 
taxa, have been suggested to be a causal factor in the evol­
ution of advanced intelligence and hum an language. This 
has been particularly apparent in the evolutionary game 
theory literature, where conjecture regarding this relation­
ship is frequent [13-16]. Indeed, there is a rich history of 
work relating intelligence and reciprocity in the game 
theory literature, though most of this work has focused 
on the cognitive abilities required for the evolution of 
cooperation, rather than the possible role that the nego­
tiation of these interactions has in the evolution of 
intelligence [17-24]. As well as the cognitive abilities

* Author for correspondence (mcnalll@tcd.ie).

Electronic supplementar>' material is available at http://dx.doi.erg/ 
10.1098/rspb.2012.0206 or via http://rspb.royalsocietypublishing.org.

required for the coordination of parmers during coopera­
tive acts, both direct (decisions based on what you do 
to me) and indirect (decisions based on what you do to 
others) reciprocity have additional demands in terms of 
the ability to remember previous interactions and to inte­
grate across these interactions to make decisions in 
cooperative dilemmas [25-31]. These cognitive demands, 
combined with the occurrence of cooperative behaviour 
between unrelated individuals in intelligent taxa, suggest 
that selection for these mechanisms of cooperation could, 
at least in part, be responsible for advanced cognitive 
abilities [26].

The many subfields within the social intelligence 
hypothesis have shown a rich elaboration of verbal argu­
ments, and data from comparative studies support many 
of their predictions [32-34]. However, verbal reasoning 
and comparative analysis alone are not sufficient to 
assess the relative merit of competing hypotheses [35]; 
mechanistic models are needed to assess the plausibility 
of these different explanations for advanced cognition.

Here, we use an artificial neural network model to focus 
on the potential for direct reciprocity, a behaviour that is 
widespread in hum ans, to select for advanced cognitive 
abilities. Rather than m anufacturing some form of func­
tional relationship between intelligence and fimess, we 
allow this relationship to emerge based on the demands 
of decision-making in two social dilemmas, and analyse 
the consequences for the evolution of intelligence.

2. MATERIAL AND METHODS
(a) The social d ilem m as
In order to consider the dynamics of cooperative social inter­
actions, we use the framework of two classic social dilemmas: 
the iterated prisoner’s dilemma (IPD) and the iterated

Received 27 January 2012 
Accepicd 16 March 2012 1 This journal is © 2012 The Royal Society
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(c)

gains cognitiveinitial network gains context
node node + context node

Figure 1. T he artificial neural network model, (a) A schematic to aid in the understanding of our network structures is shown. 
Input nodes, which receive the payoffs of both  players in the previous round, are labelled A. Cognitive nodes, which can receive 
input from both input and context nodes, are labelled B. Context nodes, which store the previous state of their cognitive node 
and return this state (times a weight) as input in the next round, are labelled C. T he output node that receives inputs from the 
cognitive nodes and gives the individual’s decision to cooperate or defect is labelled D. T he most complex artificial neural net­
work allowed in our simulations is shown in (fc), possessing 10 cognitive nodes and 10 context nodes. A sample of a possible 
sequence of m utations to network structure is shown in (c). Individuals gain and lose cognitive and context nodes by random 
m utation. If a cognitive node with a connection to a context node is lost by m utation, the context node is also lost.

snowdrift game (ISD). In both games, two players must 
choose between cooperation and defection during repeated 
rounds. In the event of m utual cooperation or m utual defec­
tion, both players receive payoffs R  or P, respectively, while a 
defector exploiting a cooperator gets T  and the cooperator 
gets 5. In the prisoner’s dilemma, the benefit of an individ­
ual’s cooperative behaviour goes to their opponent, while 
they pay all of the costs (e.g. food sharing, reciprocal coali- 
tionary behaviour). This results in a payoff order of 7’>  
R  > P >  S. Here, the worst possible outcom e for an individ­
ual is to cooperate while their opponent defects, while the 
best outcome is to defect while the opponent cooperates. 
In the snowdrift game, the benefits o f cooperative behaviours 
are shared between opponents, and the costs are shared 
if both individuals cooperate (e.g. cooperative hunting, 
coalitionary behaviour with shared benefits). This results in 
a payoff order of T >  R >  S  > P. Again, the best outcome 
for an individual is to defect while their opponent coopera­
tes, though the worst possible outcome for an individual is 
for neither them  nor their opponent to cooperate. In 
both  games, the overall payoff (sum of both individual’s 
payoffs) is greatest for m utual cooperation and lowest for 
m utual defection.

All of this means that the equilibrium  frequency of 
cooperation for a single interaction (single-interaction Nash 
equilibrium) will be zero in the prisoner’s dilemma bu t will 
be non-zero for a single-interaction snowdrift game [36]. 
T hese single-interaction N ash equilibria provide a useful 
benchm ark against which to assess the effects of contingent 
behaviours (i.e. those that depend on the behaviour of 
others) in repeated interactions.

(b) The neural ne tw ork  m odel
Any attem pt to define a m etric of intelligence will always be a 
contentious matter. However, comparative studies across 
taxa have usually focused on two m ain classes of brain

properties as proxies of intelligence: metrics based on relative 
or absolute size of the brain or certain brain regions, and 
metrics based on more specific properties such as numbers 
of cortical neurons [37]. It is with this tradition in mind 
that we develop our artificial neural network model, with 
evolving network structure, using the num ber of neurons, iy 
as our proxy for intelligence. Each individual can display 
varying levels o f intelligence, from simply being characterized 
by a binary response of always cooperate or always defect to 
large neural networks that possess complex neuronal struc­
ture, allowing for com putations to inform decisions based 
on payoffs and the integration o f longer-term memory into 
their current decision-making processes.

Each individual in our simulated populations possesses 
a neural network that determ ines their behaviour in social 
dilemmas (illustrated in figure 1). T he networks each have 
two input nodes (which receive the payoffs of the individual 
and their opponent in the previous round as inputs) and one 
output node (giving the probability that they cooperate 
during their next interaction). T he hidden layer of each indi­
vidual’s network has an evolving structure, possessing 
different num bers of cognitive and context nodes [38] 
(figure 1). Cognitive nodes allow for computation based on 
the values o f network inputs and context nodes, which in 
turn  allow for the build-up o f mem ory based on previous 
states o f their associated cognitive nodes.

Com putation in the network is implemented via synchro­
nous updating of nodes. T he value of each input node is 
passed to each of the network’s cognitive nodes, multiplied 
by the weight linking the two nodes. Each cognitive node is 
also passed the current value of their associated context 
node (if they possess one) m ultiplied by the weight linking 
the two nodes. T he cognitive nodes sum across all o f the 
weighted values that they receive and pass this value through 
a sigmoidal squashing function, resulting in a value between 
0 and 1, analogous to a probability o f activation. All context
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nodes are then passed the value o f  their associated cognitive 
nodes. T h is allows the context nodes to build up m em ory o f  
previous interactions w ithout having to store the actual 
sequence o f events that have occurred. T h e internal states 
o f these context nodes could be considered analogous to 
em otional states. Finally, the values at all cognitive nodes 
are then passed to the output node (m ultiplied by their 
w eights), sum m ed and again passed through a sigmoidal 
squashing function. This output gives the probability that 
the individual will cooperate in the current round. As the sig­
m oidal function asym ptotes to 0 at -c o  and 1 at oo, there will 
always be inherent noise in the network’s probabilistic 
decision. T his propert>' o f the function also means that it is 
easy to m inim ize noise in the network’s behaviour if that be­
haviour shows a lack o f contingency (as the node can always 
be near one o f the asym ptotes), while contingent behaviour 
will show greater noise (as switching is m ore difficult to 
achieve near the asym ptotes). This form ulation has intuitive 
appeal over simply adding extraneous noise to individual 
decisions, as in nature we would expect individuals to make 
few m istakes when their behaviour is non-contingent, while 
m ore com plex decisions would be expected to be more 
error-prone. As the network cannot make decisions without 
an input, each individual has an additional trait encoding  
whether they cooperate or defect in the first round.

We allowed networks to evolve according to natural selec­
tion using a genetic algorithm where fitness is the mean  
payoff per round from the iterated games m inus a penalty 
for the individual’s intelligence, i. W hen individuals repro­
duce, m utations allow for the gain and loss o f  nodes from  
the hidden layer o f their network with a fixed probability. 
C ontext nodes could only be gained if there was already a 
cognitive node present w ithout an associated context node. 
T he loss o f  a cognitive node with an associated node resulted 
also in the loss o f the associated context node.

T lie  addition o f extra cognitive nodes gives networks the 
potential to  perform com plex com putation based on payoffs 
by increasing the dim ensions o f  internal representation o f the 
network. T h e  addition o f  context nodes gives the potential 
for the integration o f  longer-term  m em ory o f previous inter­
actions in these com putations. If an individual possessed no 
hidden layer nodes in its network, its behaviour in all rounds 
was decided by its first round move (i.e. they either always 
cooperated or always defected). T he weights o f each node  
in the network (arrowed lines in figure 1) and the threshold  
o f each nod e (see the electronic supplem entary material) 
were encoded  as continuous genetic traits, again subject to 
m utation during reproduction. This m eans that, while the 
num ber o f  nodes in the network constrains the possible be­
havioural repertoire, it is the way that the constituent parts 
o f the network interact that actually decides the individual’s 
behaviour. In this way, our m etric o f  intelligence assesses 
the potential for com plex behaviour that the individual pos­
sesses, rather than the appropriateness or ‘w isdom ’ o f  their 
behaviour, similarly to the m easures o f  intelligence used in 
comparative studies.

(c) M o d e l  im p le m e n ta t io n
In order to elucidate when selection favoured intelligence, we 
ran 10 replicates o f our m odel for both the IPD  and ISD , 
with each replicate lasting 50 000  generations. T he payoff 
values used  for all sim ulations were i? =  6, P = 2 ,  T = 1  and 
5 = 1  for the IPD , and i ? = 5 ,  P = l ,  7’= 8  and 5  =  2 for

the ISD. T he genetic algorithm was im plem ented as follows 
(see the electronic supplem entary material for further details):

—  an initial population o f  random networks was generated;
—  each individual played every other individual in the popu­

lation (50 individuals) in an IPD  or ISD;
—  each individual network’s fitness was calculated as their 

m ean payoff per round m inus a fitness penalty for their 
level o f intelligence, 7;

—  individuals were selected to reproduce asexually with 
probability proportional to  their fim ess;

—  newly produced offspring underwent m utation o f  their 
network weights, node thresholds and network structure 
with constant probabilities;

—  the previous generation died; and
—  the algorithm returned to step 2 until 50 00 0  generations 

was reached.

D uring sim ulations we recorded the frequency o f 
cooperation in the population, the intelligence o f  individuals 
(0  and assessm ents o f the behaviour o f individuals against a 
pre-determ ined test set o f moves (see the electronic sup­
plem entary material). We then analysed the gradients o f 
selection for intelligence across these sim ulations by taking 
selection for intelligence as the covariance betw een fitness 
and intelligence in any given generation [39]. As 50 million  
individual neural networks were simulated in our study, 
and individuals were not constrained to base their behaviour 
only on the previous move, our sim ulations generated a great 
diversity o f strategies. In order to gain a coarse-grained over­
view o f the strategic com position o f the population, we 
clustered individuals based on their proximity to four canoni­
cal strategy types: always-defect-like, always-cooperate-like, 
tit-for-tat-like (do what your opponent did to you) and 
Pavlov-like (if your payoff is over a threshold, repeat your 
previous move). Assignm ent to each o f  these strategy types 
was based on which o f these four strategies each individual 
network clustered closest to  based on its behaviour against 
the test set. W hile this clustering is only a coarse-grained 
view, it allows assessm ent o f  the effects o f shifts towards con­
tingent cooperative strategies on selection for intelligence. 
Additionally, contingent hum an cooperation has previously 
clustered as either tit-for-tat-like or Pavlov-like [40], though 
longer-term  m em ory is often included [41]. For full details 
o f  our data analysis, we direct readers to the electronic 
supplem entary material.

3. RESULTS
O ur m od el show s th e sp on tan eou s evolu tionary em er­
g en ce  o f  behaviours sim ilar to  strategies kn ow n  to  
perform  w ell in  th e IP D  and IS D , su ch  as tit-for-tat and  
Pavlov, as w ell as s im p le  a lw ays-cooperate or alw ays- 
d efect strategies (figure 2 ) [42 ]. A lth ou gh  ou r netw orks’ 
behaviours are sim ilar to th ese strategies, th ey  o ften  
sh ow  integration over m an y previous round s to  dec id e  
o n  their n ext m oves. F or exam ple, m anual in terrogation  
o f  netw orks revealed that, o f  th e tit-for-tat type strategies 
that em erge, m any are tit-for-2 (or  m ore)-ta ts, and  m an y  
o f  th e Pavlov-like strategies also show  a th reshold  m ech ­
an ism , sw itch ing to  constant d e fec tio n  against 
o p p on en ts  that show  behaviou r c lo se  to  an a lw ays-defect 
strategy. B ehaviour w as observed  that appeared to  be  
c lo se  to  m any other strategies— for exam p le, grim  variants
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prisoner’s dilemma snowdrift game
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(c) 1.0
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Figure 2. The emergence of intelligent strategies. Shown are the dynamics during 10 000 generation subsets of our simulations 
for the (fljC) prisoner’s dilemma and the {b,d) snowdrift game. (a,i) Sample cycles in the frequency of cooperative acts in the 
population. (b,d) Frequencies of different strategy types (black, always-defect-like; white, always-cooperate-like; dark grey, tit- 
for-tat-like; light grey, Pavlov-like) as determined by clustering individuals with their nearest pure strategy (see §2 and elec­
tronic supplementary material for details). Transitions to cooperation are characterized by high numbers of contingent 
strategies, followed by the invasion of the always-cooperate strategy.

(cooperate until the opponent defects, then defect for­
ever), though often requiring more than one defection 
to trigger perm anent defection; false cooperator 
(cooperate first then switch to defection), though often 
giving another cooperative move after m any defections; 
and m any other variants of tit-for-tat such as 2-tits-for- 
1-tat and 2-tits-for-2-tats. It is worth noting that strategies 
of these types that use longer-term memory are observed 
in behavioural experiments of repeated games with noise 
[41]. These responsive strategies require greater cognitive 
abilities in order to carry out computations based on pay­
offs, memorize past rounds and integrate across them to 
make decisions, in comparison with the lower require­
ments of simply always cooperating or defecting. We 
hasten to add, however, that the strategies emerging 
orJy resemble these strategies; the strategies vary in a con­
tinuous m anner and often incorporate m em ory over more 
rounds. O ur goal here is not to describe the strategies that 
can emerge in repeated games, as there is already exten­
sive literature on this topic (see table 2.1 in [43]), but 
rather to elucidate the potential effects of their evolution 
on selection for cognitive capacities.

In order to elucidate the causal factors leading to the 
evolution of more complex strategies, we analyse the gradi­
ent of selection for intelligence in response to population 
features such as the prevalence of cooperative acts. 
We find that the selection for intelligence is maximized 
as the level of cooperation in the population moves above 
the single-interaction Nash equilibria towards more

cooperative regimes (figure 3). In the IPD, this maximum 
occurs during increases in cooperation from the single- 
interaction Nash equilibrium, whereas in the ISD selection 
for intelligence is maximized at levels o f cooperation just 
above the single-interaction Nash equilibrium. This discre­
pancy between the games is explained by the different 
natures o f their single-interaction Nash equilibria. In the 
IPD, this equilibrium is zero, meaning that declining 
cooperation near this equilibrium is caused by increases 
in the frequency of individuals that always defect, requiring 
only little cognitive ability. In the ISD, the equilibrium is 
non-zero (0.23 in our simulations), meaning that decreases 
in cooperation back towards the equilibrium can be caused 
by ‘meaner’ contingent strategies (e.g. 2-tits-for-l-tat and 
false-cooperator variants), as well as individuals that 
always defect. As a result, transitions back to the single- 
interaction Nash equilibrium in the ISD can in 
principle select for intelligence, while this is very unlikely 
in the IPD.

We also find that increasing intelligence decreases the 
mean frequency of cooperative acts in the IPD (Spearman’s 
rank correlation test; p =  -0 .2 3 3 3 , p  < 0.001; figure 4a), 
while slightly increasing cooperation in the ISD (Spear­
mans’ rank correlation test; p =  0.0089,/; <  0.0001, figure 
46). Increasing intelligence increases the variance in the fre­
quency of cooperative acts in the population in both the IPD 
(Breusch-Pagan test; intercept =  0.0294, slope =  0.0582, 
p  <  0.0001; figure 4a) and the ISD (Breusch-Pagan test; 
intercept =  0.0309, slope =  0.0384, p < 0.001; figure 46),
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snowdrift gamepnsoner s dilemma
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Figure 3. Selection for intelligence and transitions to cooperation. Shown is the level of selection for intelligence, taken as the 
covariance between fitness and intelligence, against the frequency of cooperation in the current generation and the change in 
the frequency of cooperation since the last generation. Darker shades indicate greater selection for intelligence. White areas 
indicate impossible value combinations. Selection for intelligence is maximized during transitions away from single-interaction 
equilibria, which are no cooperation for the IPD (a), and a frequency of cooperation of 0.23 for the ISD ib). Values displayed 
were smoothed using a Gaussian kernel.
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Figure 4. Intelligence and the distribution of cooperation. Shown are the relationships between the frequency of cooperative 
acts in the population and the mean level of intelligence in the population (a) for the prisoner’s dilemma and (i) for the snow­
drift game. Mean values are shown by the open circles and lines, and the ranges of the data are shown by the error bars. Greater 
intelligence decreases the mean level of cooperation in the IPD, while slightly increasing the mean level of cooperation in the 
ISD. The maximum and variance in the frequency of cooperative acts increases with intelligence, showing that the evolution of 
intelligent, contingent strategies leads to greater extremes in the frequency of cooperation.

showing that intelligence can facilitate greater extremes 
of cooperation. These results can be explained by assort­
m ent o f individuals’ cooperative acts [44]; the contingent 
strategies facilitated by increased intelligence allow an indi­
vidual to increase the probability that they assort their 
cooperative acts with other cooperative acts. This leads to 
a synergistic process, where this increase in cooperation 
due to increased intelligence creates further opportunities 
for intelligent individuals to engage in mutual cooperation. 
However, as levels of cooperation increase fiarther this feed­
back can break down, as there may be enough cooperation 
occurring for unconditional cooperators to increase in the 
population, allowing in turn for the invasion of uncondi­
tional defectors or ‘meaner’ intelligent strategies (e.g. grim 
variants, false-cooperator variants, etc.). This results in 
intelligence-facilitating cycles in the levels of cooperation

seen in the population (figure 2), which increases both the 
variance in, and the maximum level of, cooperation.

In addition to dependency on the prevalence of, and 
change in, cooperative actions (figure 3), we find that intel­
ligence can be subject to a Machiavellian runaway process 
[11,12]. In the ISD, as the frequency of contingent (intel­
ligent) strategies increases, so too does selection for 
intelligence in the population (tit-for-tat-like strategies: 
Spearman’s p =  0.2025, p < 0.0001; Pavlov-like strategies: 
p =  0.2352, p <  0.0001; see figure 5; electronic sup­
plementary material, table SI and figure S I). In the IPD, 
increasing frequencies of tit-for-tat and Pavlov reduces 
selection for intelligence at low levels of cooperation (fre­
quency of cooperation < 0 .5 ; tit-for-tat: p = -0 .0 9 4 5 , 
p < 0.0001; Pavlov: p =  —0.0529, p < 0.0001), but does 
increase selection for intelligence when cooperation
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Figure 5. Strategic composition and selection for intelli­
gence. T he barplots show the Spearm an rank correlation 
(p) between the frequency of each of our four strategy 
types and selection for intelligence for (a) all levels of 
cooperation, ( i)  low cooperation (frequency of cooperative 
acts less than 0.5) and (c) high cooperation (frequency of 
cooperative acts greater than  or equal to 0.5). T it-for-tat- 
like and Pavlov-like strategies always increase selection for 
intelligence in the ISD, bu t only when cooperation is high 
in the IPD. For further details, see electronic supplementary 
material, figure SI and table S I.

is m ore frequen t (frequency o f cooperation  >  0.5; tit- 
for-tat: p =  0 .5491 , p  <  0 .0001; Pavlov; p  =  0 .3187 , 
p  <  0 .0001). T h e  reason for th is d istinction  betw een the 
IP D  and  the ISD  is that there m u st already be  som e 
cooperation occurring  for cooperative con tingen t strategies 
to  be  favoured via their ability to  assort cooperative acts. 
In  the  ISD , the partially  cooperative single-interaction 
equilibrium  provides sufficient baseline cooperation  for 
tit-fo r-ta t and  Pavlov to be favoured, w hereas in the IP D  
the  single-interaction equilibrium  o f zero cooperation 
m eans that unless con tingen t strategies (o r random  drift) 
have already increased cooperation , tit-for-tat-like an d  
Pavlov-like strategies canno t b e  favoured, and  hence 
cannot lead to  an  arm s race. N ote  th a t it is still the  case 
that intelligence is selected for in  the IP D  w hen coopera­
tive acts are rare yet increasing (figure 3a). H ow ever, the 
cooperative acts th a t drive selection fo r intelligence in 
this case are generated  by less cooperative con tingen t strat­
egies, w hich cluster w ith always-defect as their closest pure 
strategy ( p =  0 .1095 , / ) <  0 .0001; see electronic sup ­
plem entary  m aterial, table 81 and  figure S I) .  T h is  m eans 
th a t there is a succession in the  arm s race in the  IPD , 
w ith ‘m ean ’ con tingen t strategies initially increasing selec­
tion  for intelligence a t low cooperation , and  ‘k ind’ 
contingent strategies increasing selection for intelligence 
as cooperation  increases.

I t  is n o t any p a rticu la r single strategy th a t drives these 
arm s races; ra ther, as the  com plexity  o f the  strategies in 
the  p opu la tion  increases, there  is selection for o th er com ­
plex strategies to  outw it them . U nlike previous analyses 
w here fixed strategies o r  strategies w ith  constrained 
m em ory  were u sed , o u r o p en -ended  system  allows for 
n ear infinite strategic variations to outw it opponents . In

pnsoner s dilemma this way, selection for intelligence occurs owing to  a con­
stantly  shifting strategic envirorm ient, w here the ‘best 
response’ to  the  population  o f  strategies can  be shifting 
firom generation  to  generation. Increases in m em ory  
allow for the  po ten tia l o f  the  recognition  o f  oppo n en ts’ 
strategies, allowing for the alteration  o f  o n e’s own strategy 
in response (e.g. Pavlov-like strategies th a t can recognize 
individuals th a t always defect). In tu rn  this can  allow 
for a ttem pts to  deceive oppo n en ts  regarding o n e’s own 
strategy (e.g. false cooperators).

4. DISCUSSIO N
It is im p o rtan t here  to no te  th e  closed natu re  o f our m odel 
system; individuals can only choose w ithin one social task 
(w hether to  cooperate  o r defect against ano ther individual 
based  on  th e ir behaviour in previous interactions w ith 
them ). H ow ever, o u r results m ay apply in principle to 
o th er social scenarios w here individuals use strategies to 
decide w ho to  cooperate w ith o r w hen to  cooperate, 
such as ind irect reciprocity [17,18], policing/punishm ent 
[45,46] an d  p a rtn e r  choice [4 7 -4 9 ] . A long w ith kin selec­
tion , these are the  m ajor m echanism s thought to  lead to 
transitions to cooperative groups. As the  intelligence o f  an 
individual increases, it is likely th a t m ore o f  these behav­
ioural repertoires will becom e available to  them , w ith 
increased intelligence acting as a pre-adaptation . F or 
exam ple, increased intelligence owing to  selection for 
direct reciprocity co tJd  facilitate the  evolution o f indirect 
reciprocity o r p artn e r  choice, highlighting the  contingent 
na tu re  o f  social evolution in m ultip le  strategic d im en­
sions [50]. T h e  facilitation o f  new  social behaviours due 
to em ergent intelligence could allow for a perpetuated  
M achiavellian arm s race leading to  ever-greater levels o f  
intelligence. A dditionally, in o u r sim ulations populations 
evolved to  play only a single gam e (either the IP D  or 
ISD ). T h e  sim ultaneous play o f  m ultiple gam es could 
greatly increase strategic com plexity, w ith the  possibility 
o f  the  in tegration  o f  inform ation  fi'om previous in terac­
tions in gam es w ith different payoff structures into the 
decision-m aking process.

It has previously been suggested th a t the pinnacles o f 
cooperative behav iour in na tu re  show  a b im odal d istri­
b u tio n  with intelligence, w ith the  m ost cooperative 
species displaying e ither lim ited cognition  (e.g. m icrobes, 
social hym enoptera) o r exceptional intelligence (e.g. 
hum ans and  o th er p rim ates, certain  cetaceans and  
b irds) [26]. I t is clear in the  fo rm er case th a t cooperation 
has evolved prim arily  owing to  com binations o f  kin selec­
tion  and  ecological factors [51]. How ever, in the la tter 
case, kin selection is n o t the  only m echanism  leading to 
cooperation , and  m ay n o t even be  the  m ost im portan t. 
A  recent study has in fact suggested th a t relatedness was 
too  low in h u m an  h u n te r -g a th e re r  groups for kin selec­
tio n  to  drive th e  evolution o f  h im ian  cooperation  [52]. 
In  highly intelligent species, con tingen t behaviours (reci­
procity, p a rm er choice, e tc.) appear to  have been 
im p o rtan t in the  evolution o f  cooperation  [26]. O u r 
results m ay help  us to  explain th is p a tte rn  by show ing 
th a t the  selection for appropria te  behavioural assort­
m en t o f cooperative acts can lead to  se lea io n  for greater 
cognitive abilities an d  M achiavellian arm s races, an d  tha t 
intelligence facilitates greater extrem es o f cooperation. 
Additionally, a lthough kin selection is still o f im portance
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in  h ig h ly  in te llig en t tax a , h ig h  re la te d n ess  m ay  h in d e r  
th e  e v o lu tio n  o f  in te llig en ce  b y  d riv in g  u n c o n d itio n a l 
c o o p e ra t io n  to  fix a tio n  in  th e  p o p u la tio n , w ith o u t any  
n e e d  o f  c o n tin g e n t b eh av io u rs .

A  tra i t  as co m p lex  as a d v an c e d  in te llig en ce  is likely to  
h ave  evo lved  ow ing  to  a c o m b in a tio n  o f  several fa c to rs  
r a th e r  th a n  a  s ing le  fa c to r  [4]. A lo n g  w ith  th e  socia l 
in te llig e n c e  h y p o th e sis , m a n y  o th e r  th e o rie s  a t te m p t­
in g  to  e x p la in  th e  e v o lu tio n  o f  a d v an c e d  in te llig en ce  
h ave  b e e n  su g g es te d , a m o n g  th e m  th a t  in te llig en c e  is 
a n  a d a p ta t io n  fo r to o l u se  [5 3 ,5 4 ] , th a t  in te llig en ce  
is a n  a d a p ta t io n  fo r socia l le a rn in g  a n d  th e  a c c u m u la tio n  
o f  c u ltu re  [ 5 5 - 5 7 ] ,  a n d  th a t  in te llig en ce  is th e  re s u lt o f  
sex u a l s e le c tio n  [58 ]. A ll o f  th e se  th e o rie s  a re  s u p p o r te d  
b y  ev id e n ce  fro m  a t  le a s t so m e  o f  th e  m o s t in te llig e n t an i­
m a ls . H o w ev e r, th e  d ifficu lty  lies in  d isen tan g lin g  th e  
t ra its  th a t  a re  cau sa l fa c to rs  in  th e  e v o lu tio n  o f  in te llig en ce  
f ro m  th o s e  th a t  a re  b y -p ro d u c ts  o f  a d v an c e d  in te llig e n c e . 
T h e  c o m b in a tio n  o f  g am e  th e o re tic  fram e w o rk s  a n d  a r t i ­
ficial n e u ra l  n e tw o rk  m o d e ls  p re s e n te d  h e re  m a y  p ro v id e  a 
f ram e w o rk  fo r th e  e v a lu a tio n  o f  th e  m e c h an is tic  s tre n g th s  
o f  th e se  d iffe ren t h y p o th e se s . W hile  p re v io u s  m o d e ls  have 
s o u g h t to  re la te  c o o p e ra t io n  a n d  in te llig en ce , th e  fo cu s  
h a s  m o s t fre q u e n tly  b e e n  o n  th e  c o g n itiv e  re q u ire m e n ts  
o f  c o o p e ra t io n , ra th e r  th a n  o n  th e  se lec tio n  fo r in te lli­
g en ce . M a n y  o f  th e se  m o d e ls  h ave  la ck ed  a n  ex p lic it 
b r a in  s t ru c tu re  [ 1 7 - 2 2 ] ,  a n d  a m o n g  th o se  s tu d ie s  th a t  
h ave  u s e d  a rtif ic ia l n e u ra l n e tw o rk s , w e k n o w  o f  n o  
ex a m p le s  w h e re  th e  n e tw o rk  s tru c tu re  w as a llow ed  to  
free ly  evolve o r  im p lic a tio n s  o f  se lec tio n  fo r d e c is io n ­
m a k in g  s tra teg ies  fo r th e  e v o lu tio n  o f  in te llig en ce  w ere  
d ire c tly  a d d re ss e d  [2 3 ,2 4 ] . W h ile  a rtif ic ia l n e u ra l n e t­
w o rk s  a re  n o t  rea l b ra in s , re ly ing  o n  a b s tra c tio n  o f  th e  
ac tiv ity  o f  m illions  o f  rea l n e u ro n s  d o w n  to  a m a n a g ea b le  
n u m b e r  o f  a rtif ic ia l n e u ro n s ,  th e y  c a n  p ro v id e  in s ig h t in to  
th e  d y n a m ic s  o f  cogn itive  e v o lu tio n  a n d  a llow  fo r  th e  flex­
ib le  e v o lu tio n  o f  b e h av io u r  [59]. O u r  re su lts  sh o w  th a t ,  in  
a free ly  evo lv ing  sy stem , se le c tio n  fo r  e ffic ien t d e c is io n ­
m a k in g  in  socia l in te ra c tio n s  c a n  give rise  to  se le c tio n  
p re s su re s  fo r  a d v a n c e d  c o g n itio n , s u p p o r tin g  th e  view  
th a t  th e  tra n s it io n  to  th e  co o p era tiv e  g ro u p s  see n  in  th e  
m o s t  in te llig e n t tax a  m a y  b e  th e  key to  th e ir  in te llec t.

We th an k  G . D. R ux ton , C . J. T anner, I. D o n o h u e , 
N . M . M arp les , K. Irv ine, R . B shary  and  tw o anonym ous 
review ers fo r helpful com m ents o n  a previous version o f 
th is  m an u sc rip t. We also th an k  F. J. W eissing, S. G avrillets, 
J. A. R. M arshall and  R. K iim m erli fo r helpful discussions. 
L .M . w as su pported  by  a scholarsh ip  from  the  Irish  
R esearch  C ouncil fo r Science, E ngineering  and  Technology. 
S .R B . was su p p o rted  by the  W ellcom e T ru st.

REFERENCES
1 C larke , D . D. & Sokoloff, L . 1999 C ircu lation  and  energy 

m etabo lism . In  Basic neurochemistry: molecular, cellular 
and  medical aspects (eds G . J. Siegel, B. W. A granoff, R. 
W  A lbers, S. K . F ish e r & M . D. U h le r), pp . 6 3 7 -6 7 0 . 
P h ilade lph ia , PA: L ipp inco tt-R aven .

2 D e an e r, R. O ., N u n n , C . L. & van Schaik, C. P. 2000 
C om para tive  tests o f p rim ate  cognition: d ifferen t scaling 
m e th o d s  p roduce  d ifferen t results. Brain Behav. E vo l 
55, 4 4 - 5 2 .  (do i:10 .1159 /000006641)

3 B arto n , R. A . 2006  P rim ate  b ra in  evolution: in tegrating  
com para tive , neurophysio logical, and  ethological data . 
E v o l A n thropol 15, 2 2 4 -2 3 6 .  (do i:10 ,1002/evan .20105)

4 R eader, S. M ., H ager, Y. & L a land , K . N . 2011 T h e  evol­
u tio n  o f  p rim ate  general and  cu lm ra l intelligence. 
P h il Trans. R. Soc. B  366, 1 0 1 7 -1 0 2 7 . (doi: 1 0 .1098/ 
rs tb .2 0 1 0 .0342)

5 H um phrey , N . K . 1976 T h e  social fun c tio n  o f intellect. 
In  Growing points in ethology (eds P. P. G . B ateson  & 
R. A. H in d e), pp. 3 0 3 -3 1 7 .  C am bridge , U K : C am bridge  
U niversity  Press.

6 Jerison , H . J. 1973 Evolution o f  the brain and  intelligence. 
N ew  York, N Y : A cadem ic Press.

7 B yrne, R. W. & W h iten , A. 1988 M achiavellian intelli­
gence: social expertise and the evolution o f  intellect in 
monkeys, apes and  humans. O xford , U K : C la ren d o n  Press.

8 W h iten , A. & B yrne, R. W, 1997 M achiavellian intelligence 
II: evaluations and  extensions. C am b rid g e , U K : C am ­
bridge U niversity  Press.

9 D u n b a r, R. I. M . 1998 T h e  social b ra in  hypothesis. 
E vo l Anthropol 6, 1 7 8 -1 9 0 . (d o i:1 0 .1 0 0 2 /(S IC I)1 5 2 0 - 
6 5 0 5 (1 9 9 8 )6 :5 < 1 7 8 ::A ID -E V A N 5 > 3 .0 .C O ;2 -8 )

10 K ap lan , H ., H ill, K ., L ancaste r, J. & H u rta d o , A. M . 
2000  A theo ry  o f h u m a n  life h isto ry  evolution: 
d ie t, in telligence, an d  longevity. Evol. Anthropol. 
9, 1 5 6 -1 8 5 . (d o i:1 0 .1 0 0 2 /1 5 2 0 -6 5 0 5 (2 0 0 0 )9 :4 < 1 5 6 :: 
A ID -E V A N 5 > 3 .0 .C O ;2 -7 )

11 A dolphs, R. 2003  C ognitive neuroscience  o f h u m an  
social behaviour. N at. Rev. Neurosci. 4 , 1 6 5 -1 7 8 . 
(d o i:1 0 .1 0 3 8 /n rn l0 5 6 )

12 E m ery, N . J., C lay ton , N . S. & F rith , C . D . 2007 
In tro d u ctio n . Social intelligence: from  b ra in  to  cu ltu re . 
Phil. Trans. R. Soc. B  362, 4 8 5 -4 8 8 .  (do i:10 .1098 /rstb . 
2006 .2022)

13 N ow ak, M . A. & S igm und , K . 1998 E volu tion  o f ind irec t 
reciprocity  by im age scoring. N ature  393, 5 1 3 -5 1 1 .  
(d o i:1 0 .1038/31225)

14 N ow ak , M . A. & S igm und , K . 2005 E volu tion  o f ind irec t 
reciprocity. Nature  437, 1 2 9 1 -1 2 9 8 . (do i:10 .1038 / 
na tu re0 4 1 3 1 )

15 N ow ak , M . A. 2006  Five ru les for the  evolu tion  o f 
cooperation . Science 314, 1 5 6 0 -1 5 6 3 . (d o i:1 0 .1 126/ 
science. 1133755)

16 N ow ak , M . A. 200 8  G enerosity : a w inner’s advice. 
Nature  456, 479 . (d o i:10 .1038 /456579a)

17 R ub inste in , A. 1986 F in ite  au to m ata  play the  repeated  
p riso n e r’s d ilem m a. J. Econ. Theory 39, 8 3 -9 6 .  (doi: 10. 
1016/0022-0531 (86)90021  -9)

18 A breu , D. & R ub inste in , A. 1988 T h e  s tru c tu re  o f N ash  
equ ilib rium  in rep ea ted  gam es w ith finite au tom ata . 
Econometrica 56, 1 2 5 9 -1 2 8 1 . (do i:10 .2307 /1913097)

19 G ilboa, I. & S am et, D . 1989 B o u n d ed  versus u n b o im d ed  
rationality : the  ty ranny  o f  the  weak. Games Econ. Behav. 
1, 2 1 3 -2 2 1 .  (d o i:1 0 .1 0 1 6 /0 8 9 9 -8 2 5 6 (8 9 )9 0 0 0 9 -2 )

20 Fogel, D . B. 1993 Evolving behav iours in the  itera ted  
p riso n e r’s d ilem m a. E vo l Comput. 1, 7 7 -9 7 .  (doi:10. 
1 1 6 2 /ev co .l9 9 3 .1 .1 .7 7 )

21 H o , T .-H . 1996 F in ite  au to m ata  play rep ea ted  p riso n e r’s 
d ilem m a w ith  in fo rm ation  processing  costs. J. Econ. 
Dyn. C ontrollQ , 1 7 3 -2 0 7 . (do i:10 .1 0 1 6 /0 1 6 5 -1 8 8 9 (9 4 ) 
0 0848-1 )

22 M iller, J. H . 1996 T h e  coevo lu tion  o f au to m ata  in the  
rep ea ted  p riso n er’s d ilem m a. J. Econ. Behav. Organ. 29, 
8 7 -1 1 2 .  (d o i:1 0 .1 0 1 6 /0 1 6 7 -2 6 8 1 (9 5 )0 0 0 5 2 -6 )

23 H ara ld , P. G . & Fogel, D. B. 1996 Evolving con ti­
n u o u s  behav iour in  the  ite ra ted  p riso n e r’s dilem m a. 
Biosystems 37, 1 3 5 -1 4 5 . (d o i:1 0 .1016 /0303-2647(95 ) 
0 1550-7 )

24 C hellapilla, K . & Fogel, D . B. 1999 E volution , neural 
netw orks, gam es and  intelligence. Proc. IE E E  87, 
1 4 7 1 -1 4 9 6 . (doi: 1 0 .1109 /5 .784222)

25 S tevens, J. R ., C u sh m an , F. A. & H au se r, M . D. 2005 
Evolving the  psychological m echan ism s fo r cooperation .

Proc. R. Soc. B



Dow nloaded from rspb.royalsocietypublishing.org on  A ugust 24, 2012 

8 L . M cN ally et al. Cooperation and intelligence

Annu. Rev. Ecol Evol Syst. 36, 499-5 1 8 . (doi:10.1146/ 
annurev.ecolsys.36.113004.083814)

26 Brosnan, S. R , Salwiczek, L. & Bshary, R. 2010 T he inter­
play of cognition and cooperation, Phil Trans. R. Soc. B  
365, 2699-2710. (doi:10.1098/rstb.2010.0154)

27 Brosnan, S. F. & de Waal, F. B. M. 2002 A proximate 
perspective on reciprocal altruism. Hum. Nat. 13, 
129-152 . (doi:10 .1007/sl2110-002-1017-2)

28 Stevens, J. R. & H auser, M . D. 2004 W hy be nice? 
Psychological constraints on the evolution of 
cooperation. Trends Cogn. Sci. 8, 6 0 -6 5 . (doi:10.1016/j. 
tics.2003.12.003)

29 Barrett, L. & Henzi, R 2005 T he social nature of primate 
cognition. Proc. R. Soc. B  22, 1865-1875. (doi:10.1098/ 
rspb.2005.3200)

30 Hauser, M ., McAuliffe, K. & Blake, P. R. 2009 Evolving the 
ingredients for reciprocity and spite. Phil Trans. R. Soc. B  
364, 3255-3266. (doi:10.1098/rstb.2009.0116)

31 Melis, A. R & Sem m ann, D. 2010 How is hum an 
cooperation different? Phil. Trans. R. Soc. B  365, 
2663-2674 . (doi:10.1098/rstb.2010.0157)

32 Pawlowskil, B., Lowen, C. B. & D unbar, R. I. M . 1998 
Neocortex size, social skills and m ating success in 
primates. Behaviour 135, 357-368 . (doirlO .1163/ 
156853998793066285)

33 D unbar, R. I. M . 2003 T he social brain: m ind, language, 
and society in evolutionary perspective. Ann. Rev. 
Anthropol. 32, 163-181 . (doi:10.1146/annurev.anthro. 
32.061002.093158)

34 Byrne, R. W. & Corp, N. 2004 Neocortex size predicts 
deception rate in primates. Proc. R. Soc. Land. B  271, 
1693-1699. (doi:10.1098/rspb.2004.2780)

35 Gavrilets, S. & Vose, A. 2006 T he dynamics o f M achia­
vellian intelligence. Proc. N a d  Acad. Sci. USA 103, 16 
8 2 3 -1 6  828. (doi: 10.1073/pnas.0601428103)

36 H auert, C. & Doebeli, M . 2004 Spatial structure often 
inhibits the evolution o f cooperation in the snowdrift 
game. Nature 428, 6 4 3 -6 4 6 . (doi:10.1038/nature02360)

37 Roth, G. & Dicke, U. 2005 Evolution of the brain and 
intelligence. Trends Cogn. Sci. 9, 2 5 0 -2 5 7 . (doi: 10. 
1016/j.tics.2005.03.005)

38 Elm an, J. L. 1991 Distributed representations, simple 
recurrent networks, and grammatical structure. Mach. 
Learn. 7, 195-225 .

39 Price, G. 1970 Selection and covariance. Nature 227, 
5 20-521 . (doi:10.1038/227520a0)

40 Kiimmerli, R., Colliard, C ., Fiechter, N ., Petitpierre, B., 
Russier, F. & Keller, L. 2007 H um an cooperation in 
social dilemmas: com paring the snowdrift game
with the prisoner’s dilemma. Proc. R. Soc. B  274, 
2 965-2970 . (doi:10.1098/rspb.2007.0793)

41 Fudenberg, D., Rand, D. G. & Dreber, A. In press. Slow 
to anger and fast to forgive: cooperation in an uncertain 
world, .^m. Econ. Rev. (doi: 10.2139/ssrn. 1616396)

42 Nowak, M. A. & Sigm und, K. 1993 A strategy of win- 
stay, lose-shift that outperforms tit-for-tat in the prison­
er’s dilemma game. Nature 364, 5 6 -5 8 . (doi: 10.1038/ 
364056a0)

43 Dugatkin, L. A. 1997 Cooperation among animals: an evol­
utionary perspective. Oxford, UK: Oxford University 
Press.

44 Fletcher, J. A. & Doebeli, M . 2009 A simple and general 
explanation for the evolution o f altruism. Proc. R. Soc. B
276, 13 -19 . (doi:10.1098/rspb.2008.0829)

45 Boyd, R., Gintis, H ., Bowles, S. & Richerson, R J. 
2003 T he evolution of altruistic punishm ent. Proc. N ad  
Acad. Sci. USA 100, 3531-3535 . (doi:10.1073/pnas. 
0630443100)

46 H auert, C ., Traulsen, A., B randt, H ., Nowak, M . A. & 
Sigmund, K. 2007 Via freedom to coercion: the em er­
gence of costly punishm ent. Science 316, 1905-1907. 
(doi: 10.1126/science. 1141588)

47 Roberts, G . 1998 Competitive altruism: from reciprocity 
to the handicap principle. Proc. R. Soc. Lond. B  265, 
4 27 -4 3 1 . (doi:10.1098/rspb. 1998.0312)

48 Sherratt, T  N . & Roberts, G . 1998 T he evolution of 
generosity and choosiness in cooperative exchanges. 
J. Theor. Biol 193, 167-177 . (doi:10.1006/itbi.l998. 
0703)

49 M cNam ara, J. M ., Barta, Z., Fromhage, L. & Houston, A. 
I. 2008 T he coevolution o f choosiness and cooperation. 
Nature ASl, 189-192 . (doi:10.1038/nature06455)

50 Brown, S. P. & Taylor, P. D. 2010 Joint evolution of m ul­
tiple social traits: a kin selection analysis. Proc. R. Soc. B
277, 4 1 5 -4 2 2 . (doi:10.1098/rspb.2009.1480)

51 West, S. A., Griffin, A. S. & G ardner, A. 2007 Evolu­
tionary explanations for cooperation. Curr. B iol 17, 
R 661-R 672 . (doi:10.1016/j.cub.2007.06.004)

52 Hill, K. R. et a l 2011 Co-residence patterns in hun ter— 
gatherer societies show unique hum an social 
structure. Science 331, 1286-1289. (doi:10.1126/
science. 1199071)

53 Oakley, K. P. 1949 M an the tool maker. London, UK: 
Trustees of the British M useum .

54 W ynn, T. 1988 Tools and the evolution of hum an intelli­
gence. In Machiavellian intelligence: social expertise and 
the evolution of intellect in monkeys, apes and humans (eds 
R. W. Byrne & A. W hiten), pp. 271-294 . Oxford, UK: 
Clarendon Press.

55 W hiten, A. & van SchaikjC. P. 2007 The evolution of animal 
‘cultures’ and social intelligence. Phil Trans. R. Soc. B  
362, 603-620. (doi:10.1098/rstb.2006.I998)

56 Moll, H . & Tomasello, M . 2007 Cooperation and 
hum an cognition: the Vygotskian intelligence hypothesis. 
Phil Trans. R. Soc. B  362, 639 -6 4 8 . (doi:10.1098/rstb. 
2006.2000)

57 van Schaik, C. P. & Burkart, J. M . 2011 Social learning 
and evolution: the cultural intelligence hypothesis. Phil 
Trans. R. Soc. B  366, 1008-1016. (doi:10.1098/rstb. 
2010.0304)

58 Miller, G. F. 2000 The mating mind: how sexual choice 
shaped the evolution of human nature. London, UK: 
Heinem ann.

59 Enquist, M . & Ghirlanda, S. 2005 Neural networks and 
animal behaviour. Princeton, NJ: Princeton University 
Press.

Proc. R. Soc. B


