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Abstract

Human cognition and behavior result from complex interactions between cultural
and biological evolution, obscuring their origins. Existing approaches to solving this
problem use theoretical models to generate hypotheses that are then tested in
laboratory experiments. However, theoretical models make strong simplifying
assumptions about the nature of human minds in order to be tractable, and
laboratory experiments do not reveal evolutionary dynamics. Here, we overcome
these limitations by inserting human participants into large-scale evolutionary
simulations, assigning them artificial genes that modify the tasks they are asked to
perform. In this way, cognitive capacities can be masked, enhanced, and transformed
as if through biological evolution. We use this method to replicate and extend
theoretical results concerning the evolution of social learning, the impact of learning

on genetic evolution, and the co-evolutionary dynamics of learning and memory.

Preserved remains provide only limited information about the evolution of human
behavior and cognition. As a result, such questions are typically addressed indirectly by
combining theoretical evolutionary models with laboratory experiments. The former
generate predictions and identify candidate behaviors; the latter compare human behavior
with these predictions. For example, theoretical models of social learning strategies have
received extensive empirical verification (1-3). However, each approach has its limitations.
Although theoretical evolutionary models can expose the conditions under which a
candidate trait will evolve, their creation requires simplifying assumptions about the

behavior or cognitive ability in question. Thus, although they illustrate the evolutionary



40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

consequences of an assumed trait, their ecological validity in the specific context of human
evolution remains unclear. Empirical studies, unlike theoretical models, examine the
behavior of organisms directly and thus require fewer assumptions about their behavior.
But they suffer from a different limitation: they provide only a static snapshot of human
behavior or cognition, with no means to study evolutionary dynamics.

Here, we combine the strengths of theoretical models and empirical studies through
large-scale online evolutionary simulations. Our technique assigns thousands of
participants artificial genes that influence the structure of the task they are asked to
perform, inserts them into an evolving population, and then uses their behavior to

determine their fitness and hence simulated reproductive success (
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Figure 1). Use of human participants rather than mathematical abstractions or computer-
based agents is advantageous because we need make no simplifying assumptions about the
nature of the cognitive processes involved. Because modern humans already possess the
traits we seek to explain, it is possible to construct a mapping from artificial genes to
experimental tasks that masks participants’ abilities (e.g., using desaturated images to
mask color vision) and then explore the circumstances under which selection unmasks

those abilities.
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Figure 1. Three approaches to studying the evolution of human cognition. (A) Theoretical evolutionary models
such as agent-based modeling simulate artificial agents embedded in an environment, making strong
assumptions about their psychology. (B) Laboratory experiments examine the behavior of individual human
participants. (C) Our approach embeds human participants, endowed with artificial genes, into large-scale online
simulations of evolutionary dynamics orchestrated by a computer.

In what follows, we use this method to replicate and extend theoretical results
concerning the evolution of social learning in a changing environment, the impact of
learning on genetic evolution, and the co-evolutionary dynamics of learning and memory.
In each case, we demonstrate that theoretical results hold in evolutionary simulations with

human agents and that nuances of human behavior lead to phenomena unanticipated by

theory.

Although humans are adept inventors, we are perhaps best defined by our ability to
learn from others (4). Social learning enables innovations to accumulate in a population,
leading to technologies that go beyond what any one person could create. Although culture
might appear to be inherently advantageous, early theoretical work found that as the
frequency of social learning increases in a population its fitness declines until, at
equilibrium, average fitness is no better than in a population of asocial learners (5). This
result, known as Rogers’ Paradox, arises because social learning recycles existing
information and thus cannot track environmental change.

To verify that our approach reproduces well-established evolutionary dynamics, we
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first sought to recreate Rogers’ Paradox. In the experiment, 1600 participants took part in
125 parallel simulations, each involving 40 generations of 40 agents. Within each
simulation, participants played the role of a single agent and, according to an artificial gene
assigned to them, were either an asocial or a social learner. Asocial learners viewed an
array of blue and yellow dots for 1s and decided which color was more numerous (Error!
Reference source not found.A). Social learners made the same decision, but did not see
the dots directly, instead observing the decision of a single agent selected randomly from
the previous generation (Error! Reference source not found.B). The difficulty of the task
varied across simulations (3 levels: easy, moderate, and hard, see SI). Every 10 generations,
and unbeknownst to participants, the environment changed state: all the dots switched
colors. Accordingly, the information acquired by social learners could be outdated. The
fitness of each agent was a function of whether their decision matched the current state of
the environment, with asocial learners paying a cost to observe the current state. Agents
inherited their artificial gene from an agent in the previous generation, chosen with
probability proportional to fitness. Inheritance was subject to mutation with a 10% chance
that an agent’s strategy would differ from that of their parent. The first generation

consisted only of asocial learners.
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Figure 2. The evolution of social learning in a changing environment. (A) The perceptual task faced by
human participants when agents learn asocially. On some trials, participants judged whether a display
contained more blue or yellow dots. (B) Social information. On some trials, participants were told the
decision of an individual from the previous generation. (C) Contrariness. Knowledge of the possibility of
environmental change increased the probability that a social learner adopted the opposite decision of
their demonstrator: without knowledge: 3.7% [3.3%, 4.2%], with knowledge: 33% [32%, 34%)]. Despite the
genuine possibility of environmental change, this decreased the frequency of social learning. When social
learners could observe the entire previous generation, contrariness (i.e., adopting the minority opinion)
was less prevalent: 8.3% [7.8%, 8.8%]. (D) During periods of environmental stability (within white or grey
regions), the frequency of social learning increased, but following environmental change (the border
between white and grey regions) it decreased. The relative resilience of social learning when the learning
problem was hard is due to the low performance of the asocial learners (asocial performance: easy: 98%
[98%, 98%)], moderate: 84% [84%, 85%], hard: 66% [65%, 67%]), which reduces the fitness of asocial
learners and, by increasing the amount of inaccurate information in the population prior to change,
increases the accuracy of the information after environmental change relative to easier conditions. (E)
Access to the decisions of the entire previous generation increased the peak frequency of social learning.
However, it also increased the impact of environmental change.

Replicating previous theoretical results, we found that social learning increased
during periods of stability, and decreased following environmental change (Figure 2D). The
average frequency of social learners after 10 generations of stability was 70% [69%, 72%]
(median and 95% credible interval), dropping to 61% [60%, 63%] two generations after
environmental change. The difficulty of the learning problem affects the evolutionary

dynamics: harder learning problems led to higher average frequencies of social learning
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(hard: 74% [72%, 76%)], moderate: 65% [62%, 67%], easy: 60% [58%, 62%], hard-
moderate: 9% [7%, 12%], moderate-easy: 5% [2%, 7%]) and smaller drops in social
learning in response to environmental change (easy: 16% [14%, 19%], moderate: 12%

[10%, 14%)], hard: 3% [1%, 5%]).

Social learning strategies (1) such as copying the decisions of successful individuals
or disproportionately adopting the majority decision (“conformist transmission” (3)), have
been identified as possible solutions to Rogers’ Paradox because they increase the efficacy
of social learning. However, these strategies can also be deleterious. Conformist
transmission, for example, is particularly harmful after environmental change because it
prevents the spread of new ideas. Humans engage in conformist transmission (2), but there
is some evidence they adjust their social learning to account for environmental change (6).
Accordingly, we explored the effect of environmental change on the evolutionary dynamics
of social learning when the social context is enriched by informing participants of the
decisions of multiple other individuals, thus allowing more complex responses to
consensus, such as conformist transmission. We recruited 1600 participants to take part in
a further 89 repeat simulations. All simulations were set to moderate difficulty and
participants were informed of the environmental change. Across repeats, we varied
whether social learners saw the decisions of the entire previous generation (40
individuals) or of a single demonstrator selected at random, as in the previous experiment.
If people can tailor their social learning to environmental change, it will have less impact on

the frequency of social learners.
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We found that, although access to the entire previous generation’s decisions
increased the frequency of social learning when the environment was stable, it exacerbated
the drop in social learning that follows environmental change (single demonstrator, prior
to change: 47%, [44%, 49%], after change: 34%, [32%, 36%], drop: 13%, [11%, 15%], 40
demonstrators, prior to change: 74%, [72%, 76%], after change: 28%, [26%, 30%], drop:
46%, [44%, 47%] Figue 2E). This is because when participants could observe the entire
previous generation their behavior was consistent with conformist transmission. Despite
this, there is some evidence that participants adjusted their behavior to the risk of
environmental change. For instance, when shown only a single demonstrator, participants
were more likely to be contrary when aware of the risk of environmental change than
when they were not aware (Figure 2C). However, the level of contrariness when the entire
previous generation was available was consistently low (Figure 2C). It seems the

magnitude of the social information overpowered the risk of environmental change.

At the end of the 19t century, James Baldwin, along with several others, proposed a
mechanism by which learned behaviors interact with genetic evolution (7, 8). Originally
known as organic selection, and now more widely known as the Baldwin Effect, it is a
process by which learned behaviors are increasingly reliably acquired because of
accumulated genetic change that favors their acquisition. The Baldwin Effect has been
proposed as an important factor in human evolution, particularly in the evolution of
language (9, 10), However, it has yet to be demonstrated in a human population.

To address this, we carried out an experiment in which 2400 participants each took
part in 18 parallel simulations, each involving 40 generations of 60 agents. Within each

simulation, participants completed a category-learning task, categorizing 8 objects that
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varied along three binary dimensions into one of two categories (based on (21)). Following
the theoretical model in (11), agents were assigned an artificial genome with 8 genes, each
of which corresponded to one of the objects and had two alleles: a neutral allele that was
inert, and a beneficial allele that corrected categorization errors. Fitness was determined
by an agent’s accuracy in categorizing the objects. Agents reproduced sexually, with an
agent’s two parents chosen from the previous generation with probability proportional to
fitness and with each gene being inherited from a randomly selected parent. Each gene had
a 10% chance of mutation, which produced a beneficial allele 25% of the time.

Consistent with theoretical analyses of the Baldwin Effect, the equilibrium was one
in which agents had only a subset of beneficial alleles (average beneficial allele frequency
after 40 generations: 46% [45%, 48%]). This is because human learning abilities make it
possible to perform well with only moderate levels of genetic assistance.

Not all regularities are equally easy to learn, which enables us to explore the effect
of learnability on the Baldwin Effect. Following (12), we considered three rule types
(Error! Reference source not found.A-C): Type I rules were easiest to learn (99% correct
[99%, 99%] unaided by genes), Type II rules were slightly harder (89% [88%, 89%]), and
Type V rules were harder still (85% [84%, 85%]). We found that the beneficial allele was
more frequent when the learning problem was more difficult: highest with a Type V rule
(60% [59%, 63%]), lower with Type II (0.42% [0.40%, 0.44%]), and lower still with Type I

(28% [25%, 30%];Error! Reference source not found.D).
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The ability to access human learning directly allows us to answer another question:

What will the Baldwin effect affect? For example, if the human capacity for language were
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Figure 3. Experimental evidence of the Baldwin Effect and its dependence on the difficult of learning.
(A) A Type | rule, in which category membership depends only on a single dimension: “blue amoeba
are good and green amoeba are bad.” (B) A Type Il rule, in which category membership depends on
two dimensions: “orange amoeba with green nuclei and blue amoeba with purple nuclei are good”. (C)
A Type V rule, in which category membership depends on all three dimensions. Type V rules
superficially resemble a Type | rule, but include two exceptions to the rule. In this case, the rule is
“amoeba with purple nuclei are good, unless they are blue and don’t have spots, in that case the
amoeba with a green nucleus is good”. (D) The Baldwin Effect depends on the difficulty of learning,
with a greater genetic response in the context of harder learning problems. (E) . In the case of Type V
rules, the beneficial allele was most prevalent at loci corresponding to exceptional amoeba (76%
[73%, 79%)] v. 55% [53%, 57 %], difference = 21% [18%, 25%]). Again, this was driven by a difference
in the learning ability of participants: accuracy for non-exception amoeba was 88% [87%, 88%)], while
for exception stimuli it was 73%, [72%, 74%] (difference = 15% [14%, 15%)])

to have resulted from such a process, what form of genetic influence might we expect on
the development of language? To this end, we tested whether the genetic response can be
tailored to the more difficult components of a task. In particular, note that Type V rules can
be described as a simple rule with a pair of exceptions; these exceptions are particularly
hard to learn (non-exception accuracy: 88% [87%, 88%], exception accuracy: 73%, [72%,
74%]). Thus the difficulty of the task varied across the eight objects. We found that the
beneficial allele reached higher frequency at loci corresponding to exception objects (76%
[73%, 79%]) that at the other loci (55% [53%, 57%], Error! Reference source not
found.E). Thus, extrapolating to the case of language, we might expect features that were

most problematic for human learning mechanisms to be supported genetically.

10



192 There is a broad consensus that the human mind represents partially independent
193 faculties that co-evolved (4, 13), with the benefits of each supporting the others. Consider,
194  for example, the coevolution of memory and learning in the context of sequential decision-
195  making problems (14). Because greater investment in learning favored extending the
196  temporal capacity to store information (i.e, memory), which in turn favored further
197  investment in learning, memory and learning co-evolved. Environmental change disrupted
198 this co-evolution by reducing the utility of memory. However, the more aspects of cognition
199 that are considered, the more assumptions are required, meaning that such coevolutionary
200 models represent a particular challenge for theoretical work. As such, using human
201 participants in this context is particularly valuable. Moreover, more realistic versions of
202 learning and memory may allow the co-evolution to occur despite a changing environment.

203 Accordingly, we tested whether these results hold true for human behavior.
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Figure 4. Experimental co-evolution of learning and memory. (A) The experimental task. On each trial,
participants visited a country (in the case shown, Sierra Leone) and searched for treasure hidden in
one of 10 locations. Participants could check a number of locations before making a decision, as
specified by their learning gene. Checking a location revealed whether the treasure was there (as
indicated by the treasure chest) or not (the red “X”s). After checking locations, the participants made
their final decision for that round. (B) When both learning and memory were permitted (solid lines),
they co-evolved, with learning reaching a greater equilibrium value with memory than it did without it.
(C) Reducing the constraints on behavior enabled learning and memory to co-evolve even when the

204 environment was unstable.

205 We carried out three experiments, each with 1600 participants, simulating an
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evolutionary process with 40 generations of 40 agents. Within each simulation,
participants played 20 trials of a sequential decision-making task in which they searched
for treasure at different locations within a country. There were 4 different countries, each
with 10 locations, only one of which produced a reward. Agents were assigned two genes: a
learning gene that controlled the number of locations that could be tested before making a
selection, and a memory gene that controlled the elapsed time after which a previously
visited country would become unrecognizable (it would change to a new country). Fitness
was a function of the accumulated reward and the costs associated with memory and
learning. Agents inherited their genes from a parent in the previous generation chosen with
probability proportional to fitness. Each gene mutated with probability 50%, causing its
value to increase or decrease by 1.

In the first two experiments, we verified that learning and memory co-evolve in a
static environment when there are heavy constraints on participants’ behavior, matching
those of the theory. Specifically, participants checked the number of locations specified by
their learning gene and, when revisiting a familiar country, relied entirely on their memory.
In one of the two simulations, we fixed memory to zero; in the other, it was allowed to
evolve. Matching the theoretical model, we found that when both learning and memory
were permitted, they evolved to high equilibria (9.15, [8.74, 9.55] locations and 6.67 [6.21,
7.14] trials, respectively). Without memory, learning evolved to a lower equilibrium value
of 3.60 [3.18, 4.03] locations (Figure 4B), providing strong evidence that learning and

memory co-evolved.

In the third experiment, we examined whether the co-evolution could proceed in the

face of environmental change when more complex behaviors are permitted. Participants
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could now check any number of locations, up to a maximum determined by the value of
their learning gene; this was true both of new and familiar countries. We set the probability
of environmental change to 40%, such that at the end of every trial, there was a 40%
chance that the treasure would move. Modeling results (see SI) showed that, if participants’
behavior were consistent with the constraints in the previous experiments, this rate of
environmental change prevents evolution of memory or learning. In contrast, we found
that the co-evolution proceeded in the face of environmental change when real human
participants were involved, with the final value of memory being around 2.5 times the
environmental half-life (final generation, learning: 9.30,[8.97, 9.63] locations, memory:

3.25[2.77, 3.74] trials, Figure 4C).

We have shown that the insertion of human participants into large-scale
evolutionary simulations facilitates the experimental study of the genetic and cultural
evolution of cognition and behavior. Constraining human behavior to match the
assumptions of theoretical models reproduces theoretical results such as Rogers’ Paradox,
the Baldwin Effect, and the co-evolution of learning and memory. Relaxing these
constraints leads to new insights. Although people adjust their social learning in light of
environmental change, they do so ineffectively, lessening the frequency of social learning.
The Baldwin effect is more likely to genetically support behaviors that are harder to learn.
Finally, human behavior enables learning and memory to coevolve despite rapid
environmental change. Collectively, these results support large-scale evolutionary
simulations as a paradigm for investigating human cultural and biological evolution,

complementing approaches based on theoretical models and laboratory experiments.
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1 Full methods

Here, we describe the methods of the studies in the same order in which they were
presented in the main text. For each study, we describe (1) the experimental task,
(2) the experimental procedure, (3) the simulation parameters (e.g., simulated

genes, fitness), and (4) the simulation procedure.

1.1 The evolution of social learning

We carried out 218 simulations in which two genotypes evolved - an asocial
genotype and a social genotype - in a changing environment. The different

simulations used tasks of different difficulty and different forms of social learning.

1.1.1 Experiment 1
The first experiment investigated the evolution of a limited form of social learning in

the context of a task with three levels of difficulty.

1.1.1.1 The experimental task
Participants took part in 125 trials of a numerical discrimination task. On each trial,
participants were required to decide if an array of blue and yellow dots contained
more blue dots or more yellow dots. The information participants received on
whether the participants’ genes marked them as an asocial learner or a social
learner.

On asocial trials, participants saw the array of blue and yellow dots for 1s
(Figure S2a). After which they made their decision by clicking one of two buttons

labeled “more blue” and “more yellow”. In total there were 80 dots each of which
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was positioned randomly on a rectangular grey canvas with no dots overlapping.
The size of each dot was randomized such that the radii of the dots ranged from 10
pixels to 20 pixels. The difficulty of each trial was determined by the number of dots
of the majority color relative to the number of dots of the minority color. Using pilot
studies we selected three difficulty levels: 52 vs 28 being easy, 45 vs 35 being
moderate and 42 of the 38 being hard. The chosen levels of difficulty were arrived at
through an experiment in which 120 participants completed 125 trials of the asocial task
across different levels of difficulty. The resulting psychometric function, fit using a
logistic function, was used to determine task difficulties that would produce performance
close to ceiling (i.e. easy), ~85% accuracy (moderate) and ~65% accuracy (hard, Figure
S1).

On social trials participants did not get to see the dots for themselves, rather
they were informed of the decision of another participant randomly selected from
the previous generation of the same simulation (Figure S2b). As with asocial trials,

after receiving information participants made their decision by clicking one of two

o o o
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o
N
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Proportion blue

Figure S1. Results of the psychophysics experiment used to determine task
difficulty.
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buttons labeled “more blue” and “more yellow”.

1.1.1.2 The experimental procedure

Participants were recruited through Amazon Mechanical Turk (AMT), an online
labor market where people perform short tasks for pay. Recruitment was limited to
U.S. participants for whom at least 95% of their previous tasks on AMT had been
approved. Recruitment and testing were approved by the Committee for Protection
of Human Subjects at University of California, Berkeley and carried out in

accordance with their regulations.

Of the 125 trials, the first 5 were practice trials. In practice trials there were 64
dots in the majority so they were very easy. After this the participants took part in
the remaining 120 trials in a random order. Of these 36 were easy, 36 were
moderate and 36 were hard. The remaining 12 trials were “catch” trials - they were
the same difficulty as the practice trials and were used to identify participants who

were not paying attention to the task (see below).
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Figure S2. Stimuli from the numerical discrimination task. (a) An example of the
dot arrays shown on asocial trials. In this case there are more yellow dots than
blue dots and this would considered a very easy trial. (b) An example of the
social information shown on social trials.
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For each trial, whether there were more blue or yellow dots was randomized
such that each trial was independent of the others.

The experiment took around 10 minutes in total and participants were paid $1
for taking part. In addition, participants received a bonus of up to $1 contingent on
their success in categorizing amoeba. Performance on practice trials did not affect
their bonus and participants were informed of this. Each participant’s bonus was

given by

b = max (min(ﬁ -1, 1),0), (1)

where N; is the number of trials (excluding practice and catch trials) on which

participants made the correct decision.

1.1.1.3 The simulation parameters
Each trial that participants took part in corresponded to a different agent in a
different repeat simulation. Thus we were able to carry out 108 repeat simulations
(excluding the 5 practice repeats and the 12 catch repeats). Within each simulation
the difficulty was constant, so there were 36 hard repeats, 36 moderate repeats and
36 easy repeats.

Each agent had a single gene with two possible values that dictated whether
they were a social learner or an asocial learner. Thus, across trials, as the
participants moved between different agents in different simulations whether or not

they were a social learner or an asocial learner varied.
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At the end of each trial, the fitness of the agent the participant had just played

as was given by

1, asocial and right
0 asocial and wrong
= ’ 2
f 1.69, social and right (2)
0.09, social and wrong

Each new agent inherited its gene from a single agent in the previous
generation of the same simulation. The parent agent was randomly selected
weighted by fitness. Inheritance was subject to mutation and with a 10% chance
agents would switch from one genotype to the other. Mutation was not possible in
the practice or catch simulations, thus ensuring that all these trials involved asocial

learning.

1.1.1.4 The simulation procedure

As described above, participants took part in 125 repeat simulations. In each
simulation, agents were arranged into a “discrete generational” network consisting
of 40 non-overlapping generations each of 40 agents, totaling 1600 participants
(Figure S3). After every 10t generation the environment changed such that the
color of the majority of dots changed, but the difficulty of the task (i.e. the number of
dots of the majority color) remained the same. Agents inherited their gene from an
agent in the previous generation and agents in the first generation were all asocial

learners (there was no previous generation from which they could learn socially).
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Figure S3. A discrete generational network. Agents are arranged into generations
of a specific size — in this case 40. Inheritance occurs from one generation to the
next. The simulation continues for a specified number of generations, here 40.

After completing all trials each participant’s data was checked for
completeness and for whether the participant appeared to have attended to the
task. Participants failed the completeness check if (i) they had the incorrect number
of agents, (ii) they hadn’t taken part in each repeat once, (iii) any of their agents did
not have a fitness. Participants failed the attention check if they got fewer than 10 of
the 12 catch trials correct. If either check was failed, or if the participant failed to
finish the experiment, the participant was removed from the network and another

participant was recruited to replace them.
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In total, 1600 participants (83.7%) completed the experiment successfully, 24
(1.2%) failed the attention check, 4 (0.2%) failed the data check, 232 (12.0%) quit

without finishing and 53 (2.7%) ran out of time (the time limit was 30 minutes).

1.1.2 Experiment 2
The second experiment investigated the evolution of a more complex form of social

learning. It was the same as the previous experiment with the following differences:

1.1.2.1 The experimental task

Participants took part in 89 trials of the numerical discrimination task. As before, on
each trial, participants were required to decide if an array of blue and yellow dots
contained more blue dots or more yellow dots. The information participants
received on whether the participants’ genes marked them as an asocial learner or a
social learner.

On asocial trials the task was the same as before, with difficulty held constant
to moderate, however, on social trials it was different. On some social trials, as in the
first experiment, participants were informed of the decision of a single previous
participant. However on other social trials, participants were informed of the
decisions of all 40 agents in the previous generation of the same simulation (Figure
S4). Moreover, in this experiment participants were informed that between every
generation there was a 10% chance that the dots would change color causing the old

information to be out of date.

1.1.2.2 The experimental procedure
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As before, the first 5 trials were very easy practice trials and 12 of the subsequent
trials were catch trials. Of the remaining 72 trials - 36 provided social learners with
the decision of a single individual whilst the remaining 36 provided social learners

with the decisions of all 40 agents from the previous generation.

In the previous batch:
30 people decided BLUE and

Figure S4. An example of the social information participants might receive on
social trials. In this case the participant can see the decisions of all 40
participants in the previous generation, 30 of whom chose blue and 10 of whom
chose yellow.

1.1.2.3 The simulation parameters

Each trial that participants took part in corresponded to a different agent in a
different repeat simulation. Thus we were able to carry out 72 repeat simulations
(excluding the 5 practice repeats and the 12 catch repeats). Within each simulation
the nature of social learning was constant, so there were 36 repeats where social
learning involved seeing the decision of one other individual and 36 repeats where

social learners were informed of the entire previous generation.

1.1.2.4 The simulation procedure

In each of the repeat simulations the color of the dots changed every 10 generations,
however, each simulation was staggered such that some in some simulations the
dots changed color after generations 1, 11, 21 and so on, while in others the dots

changed color after generations, 2, 12, 22 and so on. This meant that whether or not

10
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you thought the dots had recently changed color in one simulation that told you
nothing about other simulations.

In total 1600 participants (83.0%) successfully completed the experiment, 0
failed the data check, 0 failed the attention check, 259 (13.4%) quit without

finishing and 69 (3.6%) ran out of time (the time limit was 30 minutes).

1.2 The Baldwin Effect

We carried out 18 behavioral simulations in which error-correcting genes could
evolve in the context of a categorization task. The different simulations used Type I,

Type Il and Type V categorization rules.

1.2.1 The experimental task

Participants took part in 18 trials of a categorization task. On each trial, participants
were required to categorize 8 different amoeba into two categories; “good” and
“bad”. The amoeba varied in 3 dimensions; body color (blue or orange), nucleus
color (green or purple) and spottiness (spotty or not spotty). On every trial, 4 of the
amoeba were “good” and the other four were “bad” however which of the amoeba
were good or bad varied across trials. On every trial the correct categorization was
determined by either a Type I, Type Il or Type V rule (Figure S5a-c). Type I rules
depend on a single dimension, for example “blue amoeba are good”. Type II rules
depend on a conjunction of two dimensions, for example “blue and spotty amoeba
and orange and not spotty amoeba are good”. Type V rules are like a Type I rule, but

with a pair of exceptions, for example “amoeba with green nuclei are good, unless

11
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the amoeba has a blue body and spots in which case the amoeba with a purple
nucleus is good and the amoeba with the green nucleus is bad”.

At the start of each trial, participants were shown the correct categorization
of all 8 amoeba for 15 seconds (Figure S5a-c). They were then sequentially shown
all 8 amoeba, in a random order, and asked to categorize them by pressing “up” for

good or “down” for bad (Figure S5d).

These are good amoebas These are good amoebas

AN
(&
9
R
O

These are bad amoebas These are bad amoebas

Is this a good or a bad amoeba?

Press UP for good or DOWN for bad

These are bad amoebas

Figure S5. (a) A Type I rule, in this case the rule is “blue amoeba are good”. (b) A
Type II rule, in this case the rule is “orange amoeba with green nuclei and blue
amoeba with purple nuclei are good”. (c) A Type V rule, in this case the rule is
“amoeba with purple nuclei are good, unless they are blue and don’t have spots, in
that case the amoeba with a green nucleus is good”. (d) After being shown the
correct categorization of all 8 amoebas participants were then asked to categorize all
8 amoeba themselves. In the image shown the participant is being prompted to
categorize the blue spotty amoeba with a purple nucleus.
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1.2.2 The experimental procedure
As before, participants signed up through Amazon’s Mechanical Turk, gave consent,
were provided with instructions, completed the trials and were then debriefed.

Of the 18 trials, the first three were practice trials, involving a Type [, Il and V
rule respectively. Of the remaining 15 trials, 3 used a Type I rule, 6 used a Type Il
rule and 6 used a Type V rule and participants completed them in a random order.
Which dimensions were involved in the rule, and which values corresponded to
“goodness” was randomly selected at the start of the simulation and varied across
trials.

The experiment took around 10 minutes in total and participants were paid $1
for taking part. In addition, participants received a bonus of up to $1 contingent on
their success in categorizing amoeba. Performance on practice trials did not affect
their bonus and participants were informed of this. Each participant’s bonus was
given by

b = max (min(%—l, 1),0), (3)
where N; is the number of amoeba participants successfully categorized.

1.2.3 The simulation parameters

Each trial that participants took part in corresponded to a different agent in a
different repeat simulation. Thus, we were able to carry out 15 repeat simulations
(excluding the 3 practice repeats). Within each simulation the type of the
categorization rule was constant, so 3 of the repeats involved a Type I rule, 6

involved a Type Il rule and the remaining 6 involved a Type V rule.
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Each agent had a genome consisting of 8 different genes. Each gene
corresponded to one of the 8 amoeba and had two possible alleles: a neutral allele
and a beneficial allele. The neutral allele had no effect on the agent, however, the
beneficial allele automatically corrected categorization errors made by the
participant with regards to the amoeba that the gene corresponded to. This error
correction was hidden from the participant and did not affect their bonus, however
it did affect the fitness of the agent.

At the end of each trial the fitness of the agent the participant had just played

as was given by

f = max ((% - 1)3 ,0.0001), (4
where N is the number of the 8 amoeba that were successfully categorized by the
participant, or were corrected by the beneficial alleles. The fitness function is cubed
to increase fitness differences, allowing selection to proceed on the relatively small
population sizes we used.

Each new agent inherited its genes via simulated sexual reproduction from two
agents in the previous generation. The parent agents were selected at random,
weighted by fitness. The offspring’s genome was a random combination of their
parents’ genes with each gene being equally likely to be inherited from one parent
or the other. Inheritance was subject to mutation - for each gene there was a 5%
chance its contents would be randomized producing a neutral allele with a 75%

chance or a beneficial allele with a 25% chance.
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1.2.4 The simulation procedure
As described above, participants took part in 18 repeat simulations. In each
simulation, agents were arranged into a “discrete generational” network consisting
of 40 non-overlapping generations each of 60 agents, totaling 2400 participants.
Agents inherited their genes from agents in the previous generation of the same
network and agents in the first generation were randomly initialized with genes
reflecting the expected output of mutation: each allele of each agent had a 75%
chance of having the neutral allele and a 25% chance of having the beneficial allele.

After completing all trials, each participant’s data was checked for
completeness and for whether the participant appeared to have attended to the
task. Participants failed the completeness check if (i) they had not taken part in each
simulation once, (ii) any of their agents did not have a fitness, or (iii) they had not
categorized the correct number of amoeba. Participants failed the attention check if
they averaged les than 7 out of 8 amoeba correctly categorized on trials with a Type
[ rule. If either check was failed, or if the participant failed to finish the experiment,
the participant was removed from the network and another participant was
recruited to replace them.

In total, 2400 participants (72.7%) completed the experiment successfully, 460
(13.9%) failed the attention check, 60 (1.8%) failed the data check, 293 (8.9%) quit

early and 87 (2.6%) ran out of time (the time limit was 30 minutes).
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1.3 The coevolution of learning and memory

1.3.1 Experiment 1
We carried out two simulations, one in which both learning and memory were able

to evolve, and another in which only learning was able to evolve.

1.3.1.1 The experimental task

Participants performed 20 trials of a sequential decision-making task in the form of
a “treasure hunt” game. Each trial was labeled with a country and participants were
tasked with finding which of 10 locations in that country contained the treasure.
Each location was represented with a labeled image and the 10 images were
arranged in a ring around a central panel containing the name and flag of the
country the trial was set in (Figure S6a). Before committing to a decision,
participants were required to check between 1 and 10 of the locations. Checking a
location informed participants whether the treasure was hidden at that location.
Participants checked locations by clicking on the corresponding images, and, if the
treasure was at that location, the image was replaced with an icon of a treasure
chest; otherwise it was replaced with a red X (Figure S6b). After checking the
required number of locations, all the location images returned to their initial state
and participants were asked to guess which location had the treasure (Figure Sé6c).
If participants found the treasure during the checking period, this decision ought to
be trivial. However, if they had not found the treasure, they would need to guess by

selecting among the unchecked locations.

Across trials, participants might revisit a country. In such cases, participants
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were unable to check any more locations — they were required to immediately

make a decision based upon their memory of their previous visit (Figure S6d).

1.3.1.2 The experimental procedure

Participants signed up through Amazon’s Mechanical Turk, gave consent, were
provided with instructions, completed the trials and were then debriefed.

Upon signing up, participants were asked to give their consent. If consent was
given, the participants proceeded through a series of instruction pages that
described the task. After the instructions, participants completed all 20 trials and

were then debriefed.

The experiment took around 5 minutes and participants were paid $0.50 for
taking part. In addition, participants received a bonus of up to $0.50 contingent on
their success in finding the treasure. The bonus earned by each participant was

given by

b = max (min(w, 0.5) ,0), (5)

200

where N; is the number of trials on which participants chose the correct location

and N is the number of times participants checked a location.

1.3.1.3 The simulation parameters

Each participant had two simulated genes: a memory gene and a learning gene. The
learning gene was an integer between 1 and 10 and determined how many locations
participants could check per trial in an unfamiliar country. Thus, the number of

locations participants could check was constant across trials for any given
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participant, but varied across participants. Because a lower value of the learning

gene made the task harder, the bonuses were adjusted accordingly (Equation (5)).

The memory gene was a positive integer that affected the probability that a
participant would recognize a previously visited country. For each participant, at
the start of the experiment, 4 countries were chosen from a list of 75. On each trial,

one of the four was randomly selected to be the visited country. However, if the
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Genghis Khan Square  Hustai National Park

Cotton Tree

Zaisan Memorial

You are looking for treasure in
Sierra Leone

_

You can check 5 locations

You are looking for treasure in
Mongolia

1@<
—

You can check 5 locations

‘Bogd Khan Palace

w0

St George's Cathedral Bunce Island Karakorum

X

Makeni Central Mosque Lake Hovsgol Orkhon Valley

Erdene Zuu Monastery

Colosseum

The House of Slaves Lake Retba
P“"‘h“" You are looking for treasure in Italy Milan Cathedral Djoud; Bird Sanctuary You are looking for treasure in Reserve of Bandia
1w — Senegal again
m “ ﬁ
Venice Grand Canal Please make your final choice. Sassi di Matera Popenguine Beach Joal Fadiouth

You have been here before so you cannot check
any more locations.
Remember; the treasure is in the same place as
before.
Please make your final choice.

Mosque of the Divinity

Tuscany Fathala Reserve

Mnu‘nt Et Sicily Gandiol Lompoul Desert

Figure S6. Screen shots from the treasure hunt task. (a) Upon arrival at a new
country participants are instructed to check a number of possible locations. (b)
Checking a location reveals either the treasure or a red X. (c) After finishing checking
all locations return to their original images and the participant must make a final
decision. (d) If participants revisit a familiar location they cannot check locations
again and were asked to make a single decision immediately.
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participant had visited it before but the elapsed time since the previous visit
exceeded the value of their memory gene, that country was replaced with another
country from the list of 75 that had not yet been visited, simulating forgetting. Thus,
a memory value of 0 prevents participants from recognizing previously visited
countries, masking their memory. In contrast, a participant with a memory value of
10 would likely recognize their repeated revisiting of a small number of countries,

and so would be able to use their memory.
The agent’s fitness was given by
f = (10 + 10N, — N, — 2M)?, (6)

where M is the value of the agent’s memory gene. The fitness function is squared to

increase fitness differences and allow selection to proceed more rapidly.

Each agent inherited genes from a randomly selected parent agent in the
previous generation, weighted by fitness. Inheritance was subject to mutation —
there was a 50% chance the value of each gene would be unchanged, a 25% chance
that the value would increase by 1, and a 25% chance that it would decrease by 1,
unless the mutation would produce a value outside the permitted range (e.g. a
negative value for memory), in which case it was prevented. In the control
simulation without memory, the memory genes of all participants were forced to

have a value of 0.

1.3.1.4 The simulation procedure

In both simulations, agents were arranged into a “discrete generational” network —
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each had 40 non-overlapping generations of 40 agents, totaling 1600 agents per
simulation. Agents inherited their genes from a single agent in the previous
generation. Agents in the first generation inherited their genes from a simulated

agent with both learning and memory of 1.

After completing the experiment, each participant’s data was checked for
completeness and for whether the participant attended to the task. The
completeness check was failed if the participant either (i) had taken part as the
incorrect number of agents, (ii) had the incorrect number of genes, (iii) was
connected to an incorrect number of other agents, (iv) had made an incorrect
number of decisions or checks, or (v) did not have a fitness. The attention check was
failed if, more than twice, the participant found the treasure but did not then choose
that location as their final decision. If either check was failed, or if the participant
failed to finish the experiment, the participant was removed from the network and

another participant was recruited to replace them.

In the simulation with both memory and learning, 1600 (81.1%) participants
completed the experiment successfully, 181 (9.2%) failed the attention check, 18
(0.9%) failed the data check, 125 (6.3%) quit without finishing and 48 (2.4%) ran
out of time (the time limit was 15 minutes). With only learning allowed to evolve,
1600 (79.6%) participants completed successfully, 233 (11.6%) failed the attention
check, 16 (0.8%) failed the data check, 130 (6.5%) quit without finishing and 32

(1.6%) timed out.
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1.3.2 Experiment 2
The second experiment was the same as the previous experiment with the following

differences:

1.3.2.1 The experimental task

Participants took part in 40 rounds of the “treasure hunt” task. In this simulation,
participants were allowed to check locations for treasure even on revisits to a
familiar country. Moreover, the value of their learning gene no longer controlled the
number of checked locations. Rather, it set the upper limit on the number of
locations that could be checked — doing so was optional. Finally, the treasure
changed location: at the end of each trial, the treasure changed locations with

probability 0.40. The time limit was 20 minutes.

1.3.2.2 The experimental procedure

The procedure was the same as before. Participants were informed that the treasure
could move. The experiment took around 7 minutes in total and participants were
paid $0.60 for taking part. In addition, participants received a bonus of up to $0.60
contingent on their success in choosing the locations where the treasure was

hidden. The bonus earned by each participant was given by

3(10Ng—N,

b = max (min ( X250 0,6, 0.0). (7)
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1.3.2.3 The simulation parameters
Fitness was given by

f = (10 + 10N; — N, — 4M — 4L)?, (8

where L is the value of the agent’s learning gene. The cost of memory was doubled
from 2 to 4 because participants took part in twice as many trials as before. In the
previous experiment checking was costly, but also mandatory, so it was equivalent
to a fixed cost proportional to the value of the learning gene. Here, because checking
was optional, we split the cost into both a fixed cost proportional to the value of the
learning gene, plus a cost proportional to the number of time an agent checked
locations. Thus, the fitness function assumes that learning has both a fixed cost,
whether or not you engage in checking, as well as a direct cost for each checked

location.

1.3.2.4 The simulation procedure

As before, the simulation used a discrete generational structure. We observed that
1600 (82.3%) participants completed the experiment successfully, 79 (4.1%) failed
the attention check, 24 (1.2%) failed the data check, 122 (6.3%) quit without

finishing and 119 (6.1%) timed out.

2 Theoretical pilot work for the co-evolution of learning and

memory
In the main paper, we presented three simulations investigating the coevolution of

learning and memory. Specifically, we first considered the case of a static
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environment, both with and without memory. We found evidence that the two
would coevolve with learning reaching a higher value when memory was permitted.
After this, we then sought to test the effects of environmental change on this co-
evolution. The theory that these experiments were based upon suggests that
environmental change would prevent the co-evolution.

To identify an appropriate rate of environmental change to test this
hypothesis, we ran an agent-based simulation with a configurable rate of
environmental change. Across repeats of the simulation, we considered three
behaviors. The first matched that of the theory our experiments were based upon:
agents check as many locations as they can, but upon returning to a familiar country
they make the same decision as before. In addition, we considered a slightly more
strategic behavior, but that still struggled to use memory effectively: agents check
locations until they find the treasure or until they cannot check any more locations,
upon returning to a familiar country they make the same decision as before. Finally,
we considered a more complex behavior: agents check locations until they find the
treasure or until they cannot check any more locations, upon returning to a familiar
country they first check the location that they chose on their last visit. If the treasure
is not there they continue checking locations until they find the treasure or cannot
check any more locations.

We varied the rate of environmental change until we found a value for which
these three behaviors produced reliably different evolutionary outcomes. The value
we selected was 0.4. In this case, if agents perform the behavior assumed in the

theory our work is based upon then neither learning nor memory evolves. If agents
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perform the intermediate behavior then learning, but not memory evolves. Finally,
the more complex strategy allowed both learning and memory to coevolve. Thus,
this parameter value represents a point where the assumed behavior prevents the
coevolution, but more complex behaviors may still permit it and we sought to test

the effects of real human behavior.

2.1 Simulation code

The simulations were carried out in R. The code was as follows:

# number of repeats

n_reps <- 20

# number of generations per repeat
n_gens <- 40

# population size

N <- 40

are the agents smart
O=basic

l=moderate
2=advanced
smart_agents <- 2

3 ¥ W H

# number of trials in a lifetime

n_trials <- 40

# number of bandits

n_bandits <- 4

# number of arms per bandit

n_arms <- 10

# the good arms

good_arms <- sample(c(l:n_arms), n_bandits, replace=TRUE)
# number of possible decisions at each trial

n pulls <- 10

# probability of good arm changing

p_change <- 0.4

# probability participants correctly remember their decision
p_remember <- 0.8

# fitness parameters
f min <- 10
f pow <- 2

# payoff from getting right arm
payoff <- 10

# the cost of memory

¢ m <- (n_trials*payoff/n arms)*0.1
# the cost of curiosity
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482 c ¢ <- (n_trials*payoff/n arms)*0.1

483 # the cost of each check

484 c_check <- l*payoff/n_ arms

485

486 # the probability of mutation

487 g <- 0.5

488

489 # turn cognitive abilities on or off

490 allow_c <- TRUE

491 allow _m <- TRUE

492

493 # vectors to store the data

494 m_results <- array(l, dim=c(n_reps, n_gens))
495 c_results <- array(l, dim=c(n_reps, n_gens))
496

497 # for every repeat

498 for (rep in 1l:n_reps) {

499 # reset genes

500 if (allow_m == TRUE) {

501 M <- rep(l, N)

502 } else {

503 M <- rep(0, N)

504 }

505 if (allow_c == TRUE) {

506 C <- rep(l, N)

507 } else {

508 C <- rep(0, N)

509 }

510

511 # for every generation

512 for (gen in 1l:n_gens) {

513 #reset fitness

514 f <- rep(0, N)

515

516 # for every individual

517 for (i in 1:N) {

518

519 # initialize data vectors

520 success <- rep(FALSE, n_trials)

521 num_checks <- rep(0, n_trials)

522 decisions <- rep(0, n_trials)

523

524 # pick the bandits they visit:

525 bandits <- sample(c(l:n_bandits), n_trials, replace=TRUE)
526

527 # for every trial

528 for (t in 1l:n_trials) {

529

530 # give the bandits a chance to change their good arm
531 for (b in 1l:n _bandits) {

532 if (runif(l, 0, 1) < p_change) {
533 good_arms[b] <- sample(c(l:n_arms), 1)
534 }

535 }

536

537 # get their memory of bandits, decisions and successes
538 remember bandit <- FALSE

539 if (M[i] > 0 & t > 1) {
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540 memory_ start <- max(1l, t-M[i])

541 memory_end <- t-1

542

543 remembered bandits <- bandits[memory start:memory end]
544 remembered decisions <-

545 decisions[memory start:memory end]

546 remembered_successes <-

547 success[memory start:memory_end]

548

549 remember bandit <- bandits[t] %in% remembered bandits
550 if (remember bandit == TRUE) {

551 if (runif(l, 0, 1) < p remember) {

552 remembered decision <-

553 tail(remembered decisions[remembered bandits == bandits[t]], 1)
554 } else {

555 remembered decision <- sample(c(l:n_arms), 1)
556 }

557 }

558 }

559

560 if (smart_agents == 2) {

561 # if the agents are smart

562 # if they remember the bandit, they check their past
563 decision

564 if (remember bandit == TRUE & remembered decision ==
565 good arms[bandits[t]]) {

566 decisions[t] <- remembered decision

567 num_checks[t] <- 1

568 } else {

569 # otherwise check arms

570 checked arms <- sample(c(l:n_arms), C[i],

571 replace=FALSE)

572

573 if (good arms[bandits[t]] %in% checked arms) {
574 decisions[t] <- good arms[bandits[t]]

575 num checks[t] <- match(good arms[bandits[t]],
576 checked_arms)

577 } else {

578 decisions[t] <- sample(c(l:n_arms)[!c(l:n_arms)
579 %$in% checked arms], 1)

580 num_checks[t] <- C[1]

581 }

582 }

583 } else if (smart agents == 1) {

584 # if the agents are moderate

585 if (remember bandit == TRUE) {

586 # if they remembered the bandit

587 # do what they did last time

588 decisions[t] <- remembered decision

589 num_checks[t] <- 0

590 } else {

591 # otherwise check arms

592 checked arms <- sample(c(l:n_arms), C[i],

593 replace=FALSE)

594

595 if (good arms[bandits[t]] %in% checked arms) {
596 decisions[t] <- good_ arms[bandits[t]]
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num_checks[t] <- match(good arms[bandits[t]],
checked_arms)

} else {
decisions[t] <- sample(c(l:n_arms)[!c(l:n_arms)
$in% checked arms], 1)
num_checks[t] <- C[1]
}
}
} else {
if (remember bandit == TRUE) ({

# if they remembered the bandit

# do what they did last time

decisions[t] <- remembered decision

num_checks[t] <- 0

} else {

# otherwise check arms

checked _arms <- sample(c(l:n_arms), C[i],
replace=FALSE)

if (good arms[bandits[t]] %in% checked arms) {
decisions[t] <- good arms[bandits[t]]
num_checks[t] <- C[1]

} else {
decisions[t] <- sample(c(l:n_arms)[!c(l:n_arms)
$in% checked _arms], 1)
num_checks[t] <- C[1]
}
}
}
success[t] <- (decisions[t] == good arms[bandits[t]])

}

#calculate fitness
f[i] <- max(f_min + sum(success)*payoff -
sum(num_checks)*c_check - C[i]*c_c - M[i]*c_m, 0.001)
#f[1i] <- max(f min + sum(success)*payoff - sum(num checks)
- M[i]*c_m, 0.001)
}

# assign fitness as a probability
fb <- (£/100)**f pow
f2 <- fb/sum(fb)

# save state
m_results[rep, gen] <- mean(M)
c_results[rep, gen] <- mean(C)

#do reproduction and mutation
M2 <- M
C2 <-¢C
fdum <- cumsum(£f2)
parents <- runif(N,0,1)
for (i in 1:N) {
parents[i] <- match(TRUE, fdum>parents[i])
}
if (allow_m == TRUE) {
M2 <- pmax(M[parents] + sample(c(0, 1, -1), N, prob=c(l-qg,
q/2, q/2), replace=TRUE), 0)
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}

if (allow _c == TRUE) {
C2 <- pmin(pmax(C[parents] + sample(c(0, 1, -1), N,

prob=c(l-q, q/2, g/2), replace=TRUE), 1), n pulls)

}

M <- M2

C <- C2

}
}
3 Analyses

We analyzed the data with Bayesian models using MCMC methods to estimate
parameter values. All analyses were carried using the rjags package in R. Unless
otherwise stated, all parameter estimates are based on >3000 independent samples
generated from 3 chains. The values quoted in the main paper are the central
credible intervals of these samples presented as the median sample and the 2.5%

and 97.5% quantiles. In all cases, we used vague priors.

3.1 The evolution of social learning

3.1.1 Experiment 1

3.1.1.1 Allele frequency

We modeled the probability an agent was a social learner as a Bernoulli variable
with a logit link function. The linear predictor contained a fixed effect for the
number of generations since the environment changed (ranging from 0 to 9) for
each of the three levels of difficulty and an additional random effect for the repeat,
such that:

social learner ~ Bern( p) (9)

where:
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logit(p) = Bya + & (10)

where 3 and ¢ are estimated effect parameters, g is the number of generations since
environmental change, d is the difficulty level and r is repeat number.

The priors were as follows:

B ~ N(0.0,0.01) (11)
e ~N(0.0,7) (12)
T ~ gamma(0.001,0.001) (13)

Data from the practice trials was discarded, as was data from the first 10
generations, to allow the population to reach equilibrium.

The average frequency of social learning for each difficulty level was calculated
by averaging the  parameters for that level of difficulty. The magnitude of the drop
in social learning following environmental change was calculated by taking the

difference between 14 and f3a.

3.1.2 Experiment 2

3.1.2.1 Allele frequency
The analysis was as described in section 3.1.1.1, except that the social information

condition took the place of difficulty.
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3.2 The Baldwin Effect

3.2.1 Allele frequency

We modeled the probability that an allele present in an agent was beneficial as a
Bernoulli variable with a logit link function. The linear predictor contained a fixed
effect for the type of learning rule the agent was learning, an effect of whether the
amoeba that the gene corresponded to was an exception and a random effect for

repeats. Such that:

allele~ Bern(p) (14)
where:
. B: + &, nonexception
= 15
logit(p) {,Bt +y+¢, exception (15)

where £, y and ¢ are estimated parameters, t is the type of rule and r is the repeat
number.

The priors were as follows:

B ~ N(0.0,0.001) (16)
e ~N(0.0,7) (17)
T ~ gamma(0.001,0.001) (18)
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Data from the practice trials was discarded as was all data from the first 39
generations as we wished to study the frequency of the beneficial allele in the final

generation.

3.3 The coevolution of learning and memory

3.3.1 Learning
We modeled the value of an agent’s learning gene as a normally distributed variable.
The linear predictor contained a fixed effect for the generation the agent was in.

Such that:

learning~ N(u,0?) (19)

where:

k=6, 20)

where B is a parameter to be estimated and g is the generation within the
simulation.
The priors were as follows:

B ~ N(0.0,0.001) (21)

02 ~ gamma(0.001,0.001) (22)

3.3.2 Memory

Memory was analysed in the same way as learning (see section 3.3.1) such that:
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memory~ N(u,c?) (23)

where:

u= ﬁg (24)

where B is a parameter to be estimated and g is the generation within the
simulation.
The priors were as follows:

B ~ N(0.0,0.001) (25)

02 ~ gamma(0.001,0.001) (26)
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