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Introduction

The behavioural adaptations that explain the success of our species
are widely thought to be cultural: they are transmitted among
individuals by social learning and have accumulated over
generations.
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Introduction

This demographic success is driven mainly by cultural and not genetic
evolution.

There are significant patterns of geographical variation in human
behaviour at the social groups level: neither genes, nor environment,
nor a combination of the two is sufficient to explain them.
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Introduction

To understand our demographic success (and human behaviour in
general), we must understand the process of cultural evolution.

→ The core idea of cultural evolution is that cultural change
constitutes an evolutionary process that shares fundamental
similarities with — but also differs in key ways from — genetic
evolution.
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Introduction

The behavioural adaptations that explain the success of our species
are widely thought to be cultural: they are transmitted among
individuals by social learning and have accumulated over
generations.

Social learning/cultural transmission is defined as learning through
observations of, or interactions with other individuals of the
population or its products Heyes (1994), Hoppitt and Laland (2013)
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Introduction

→ BUT there is no single unique way on how to learn socially e.g.

Laland (2004)!
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Learning/transmission biases

to both when it is best to choose social sources to acquire
information and from whom one should learn. These latter
class are often referred to as learning biases [5]. These can
be based on content (such as a preference for social infor-
mation [28], attractive information [29], or content that
evokes a strong emotion such as disgust [30]) as well as
context, such as the frequency of a trait in a population (e.g.
a conformist bias towards adopting the majority behav-
iour), the payoff associated with it (e.g. copy the most
successful individual), or some property of the individuals
from whom one learns (model-based biases such as copy
familiar individuals).

Many studies have focussed on establishing the theoreti-
cal viability of a given strategy or a small number of strate-
gies, and explored the conditions under which each is
expected to prosper [5,11,12,15,16,18–21,31]. A different
approach is to establish a framework within which the
relativemerits of awide range of strategies can beevaluated

[11,32]. A recent example is the social learning strategies
tournament [32], an open competition in which entrants
submitted strategies specifying how agents should learn in
order to prosper in a simulated environment (Box 4). This
study relaxed some assumptions prevalent in the field, such
as thatasocial learning ismorecostly thansocial learning, to
surprising effect. It revealed that copying pays under a far
greater range of conditions than ever previously thought,
even when extremely error-prone. In any given simulation
involving the top-performing strategies, very little of the
learningperformedwasasocial and learning for thewinning
strategy was almost exclusively social. The strength of this
result depends in part on the tournament assumption that
individuals build up a repertoire of multiple behaviour
patterns, rather than focussing on a single acquired behav-
iour, as in most analytical theory. This meant that when a
copied behaviour turned out to confer low fitness, agents
could switch rapidly to an alternative behaviour in the
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Figure 1. Social learning strategies for which there is significant theoretical or empirical support. The tree structure is purely conceptual and not based on any empirical data
on homology or similarity of cognition. The sources given are not necessarily the first descriptions or the strongest evidence, but are intended as literature entry points for
readers.
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Introduction

→ Understanding how (and when) social learning is used is one of
the central challenges in cultural evolution
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Previous work

Research to establish the presence of particular learning strategies in
human populations has mainly centered around

• Laboratory-based approaches: ‘Microsocieties’ (e.g. Coultas 2004,

Baum et al. 2004, McElreath et al. 2008, Morgan et al. 2012) and diffusion chain
experiments (e.g. Mesoudi and O’Brien 2008, Caldwell and Millen 2008, Kirby et al.

2008)

• Inference-based approaches: adoption curves (e.g. Cavalli-Sforza and

Feldman 1981, Boyd and Richerson 1985, Rogers 2003, Henrich 2001, Reader 2004, Kendal et al.

2007, Hoppitt et al. 2010), power-law distributions (e.g. Hahn and Bentley 2003,

Herzog et al. 2004, Bentley et al. 2004, Mesoudi and Lycett 2009), model selection
frameworks (McElreath et al. 2008, Franz and Nunn 2009, Hoppitt et al. 2010)

• Modelling-based approaches (e.g. Feldman, Cavalli-Sforza et al., Boyd,

Richerson et al.)
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Previous work

Modelling-based approaches (e.g. Feldman, Cavalli-Sforza et al., Boyd,

Richerson et al.)

→ formal models of cultural evolution, along the lines of those models
that stimulated the modern synthesis in biology, appeared in the
1970s and 1980s

→ applied the same bookkeeping methods developed by Fisher,
Haldane, Wright and others to culture on the assumption that
biological and cultural change are at heart both Darwinian
systems
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Previous work

Modelling-based approaches (e.g. Feldman, Cavalli-Sforza et al., Boyd,

Richerson et al.)

→ Evolutionary advantage/disadvantage of social learning over its
counterpart, asocial learning (innovation) in unstable environments

The usefulness of social learning decreases when environments become
more and more unstable Aoki and Feldman (2014) for a review of the literature 11



Previous work

Modelling-based approaches (e.g. Boyd and Richerson et al., Feldman et al.)

→ Evolutionary advantage or disadvantage of social learning over
its counterpart, asocial learning (or innovation)

→ Learning strategies that are expected in human populations
especially in spatially and temporally changing environments at
equilibrium

→ Important insight into what human populations are expected to
do (at least based on the models used) if the cultural system is at
equilibrium
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Introduction

But it often hard to verify these theoretical predictions empirically as
fine-grained data detailing who is learning from whom and why is
only rarely available.

→ We still don’t know how humans learn socially (based on the
available empirical data)

Available data (at least in archaeological and anthropological
applications): population-level frequencies detailing the usage or
occurrence of different variants of a cultural trait at one or different
points in time
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Introduction

Pattern to process problem (inverse problem)

To be inferred: underlying spdkhjk
processes of social learning spdf

Observed: population-level spii
frequencies of different variants
of a cultural traits

14



Introduction

Generative inference framework

Generative model

To be inferred: underlying spdkhjk
processes of social learning spdf

Observed: population-level spii
frequencies of different variants
of a cultural traits
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Generative inference framework

Generative model Population-level data 
Statistical comparison

i. Generative model: (Non-equilibrium) framework capturing the
main cultural and demographic dynamics of the cultural system

→ Frequencies of different cultural variants present in a
population under the assumed learning hypothesis

→ Causal relationship between learning processes and
observable frequency pattern

ii. Statistical comparison: Conclusions about which (mixtures
of) learning processes are consistent with the observable
frequency data and which are not.
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Generative inference framework

demographic history and a mutation model, it allows for very
efficient simulation of genetic—or genomic-scale—data for an
observed sample with no a priori assumption of equilibrium.
This has proved very useful in inferring population history,
and while there is a wide array of other methodological
approaches (e.g. [50–55]), the generative approach—in
which simulated genetic data are statistically compared to
the observed data—is growing in popularity, with the
models of demographic history becoming increasingly
complex and realistic (e.g. [56–58]).

However, generative inference crucially relies on the abil-
ity to make an evaluation of the quality of the model used.
Rather than simply rejecting those demographic models or
hypotheses that generate genetic variation inconsistent with
what we observe (as in [59,60]), there exists a large and grow-
ing body of statistical techniques that allow for the explicit
comparison of competing scenarios and the estimation of
their underlying parameters. One such approach, ABC
[61,62], was developed by statistical and population geneti-
cists to circumvent the difficulty, or impossibility, of
specifying the likelihood functions for complex models.
ABC relies on repeatedly simulating pseudo-data under an
explicitly specified model and, by retaining just those par-
ameter values that generate data ‘close’ to the observed
data, allows estimation of their posterior distributions (full
details are given in §2b). A number of researchers have
used this pairing of coalescent-based simulation and ABC
to answer diverse questions about human demographic his-
tory, from early population differentiation in sub-Saharan
Africa [63], to the global expansion of modern humans
during the Late Pleistocene [58], to hunter–gatherer popu-
lation replacement in Europe [64] and the initial
colonization of the Americas [57] at the end of the last Ice
Age.

2. Generative inference for cultural evolution
In the following, we demonstrate how generative inference
procedures can be constructed and used to infer social learn-
ing processes from cultural data in the form of time-series
detailing the usage or occurrence frequencies of different cul-
tural variants. Similar to the population genetic applications,
the inference procedure consists of two steps. First, we
develop a non-equilibrium generative model capturing the
main cultural and demographic dynamics of the considered
system. This model describes the frequency evolution of
different cultural variants present in a population at given
time points under an assumed social learning hypothesis.
Second, ABC techniques are used to derive conclusions
about which (mixtures of) learning strategies are consistent
with the observable frequency data and which are not. The
aim of this framework is to allow researchers to ‘reverse
engineer’, which learning strategies are likely to have been
used in current or past populations, given knowledge of
how frequencies have changed over time, independent of
optimality or equilibrium assumptions. Figure 1 summarizes
the steps of the generative inference framework described in
this section.

We stress that this particular inference framework is
designed to analyse the temporal dynamic of cultural
change, defined as the change in frequency of different
variants of cultural traits. If the observed data are of a
different nature, e.g. describing the continuous variation
of certain attributes of cultural artefacts, such as the
dimensions of an arrowhead, then researchers have to
first construct a hypothesis about the relationship between
temporal variation of the attribute and the social learning
processes considered in order to apply a similar inference
procedure.
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Figure 1. Schematic representation of the proposed generative inference framework. This non-equilibrium framework requires multiple observation (i.e. at least two)
of cultural data D(tj), in our case population-level frequencies of different cultural variant types, at known times tj. D!(tjj~u1,~u2) denotes the theoretical data
produced under the social learning process described by (~u1,~u2). The generative model is initialized with the data observed at the beginning of the time
series t1. (Online version in colour.)
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Kandler and Powell (2018); Example of an application to archaeological data: Kandler and Shennan (2016)
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Generative inference framework

→ How well the inverse problem can be solved depends on both, the
quality of the empirical data and the “appropriateness” of the
generative model
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Generative inference framework

Precise inference results can only be achieved if the generative model
is indeed a meaningful reflection of the cultural system!

→ Move away from simply adopting models of biological evolution
towards developing a bespoke theory of cultural evolution that is
applicable to the available data

→ BUT we cannot keep simply increasing modelling complexity

→ “What” needs to be included in the model?
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Model (mis-)specification problem

Most models of cultural evolution have been adopted from biological
evolution and assume:

• no age structure of the population,
• no social structure (i.e. no restriction of interactions between

individuals through the interaction network),
• no learning of packages of traits,
• equilibrium,
• individuals possess no memory (i.e. if individuals learn a new

cultural variant they immediately forget the one previously held),
• · · · ?
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Model (mis-)specification problem

Most models of cultural evolution have been adopted from biological
evolution and assume:

• no age structure of the population Kandler, Fogarty, Karsdorp (2023),
• no social structure (i.e. interactions between individuals are

controlled by an interaction network) Smolla et al. (in prep),
• no learning of packages of traits Yeh et al. (2019),
• equilibrium Kandler, Crema (2018),
• individuals possess no memory (i.e. if individuals learn a new

cultural variant they immediately forget the one previously held),
• · · · ?

→ Which demographic and/or cultural processes have a sizeable
impact on the dynamic of cultural change and therefore have to be
included into models of cultural evolution?
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Model (mis-)specification problem

Most models assume cultural traits to be similar to genetic traits, i.e.
each individual can adopt only one variant of the cultural trait at any
point in time, there is no “memory” included in the models. But
humans are clearly different!

→ How does this modelling assumption influence e.g. results about
the importance of social learning in changing environments?
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Model (mis-)specification problem

Answer from theoretical cultural evolutionary research:
through a combination of asocial (innovation) and social learning

The usefulness of social learning decreases when environments become
more and more unstable Aoki and Feldman (2014) for a review of the literature 23



Model (mis-)specification problem

High environmental stability

Adaptation through de novo innovation
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Model (mis-)specification problem

Classical result:

The usefulness of social learning decreases when environments become
more and more unstable Aoki and Feldman (2014) for a review of the literature
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Model (mis-)specification problem

Low environmental stability

Adaptation through standing variation
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Memory

Human cognitive capacity allows for memory processes, i.e. the recall
of past experiences — in our case cultural variants and their
adaptation level in experienced environments

→ expressed and unexpressed cultural traits

Can “memory” contribute to the efficiency of the cultural adaptation
process?

Ammar, Fogarty and Kandler (2023)
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Model

Environment: can assume 2 distinct states E = {1, 2}
→ in each time step the environment can change with probability penv

Cultural variants: each variant is only adapted to a single
environmental state and possesses an adaptation value ai ∈ (0, 1)

Individuals:

• possess a cultural memory comprised of their knowledge about a
number of cultural variants and the adaptation level they
provided in the experienced environmental states

• are characterised by their propensity, ξj , to engage in social
learning and its propensity, φj , to forget knowledge
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Model

Cultural dynamics:

• Choice of cultural variant to express
• Evaluation of memory: each individual j goes through their

memory and chooses a variant proportional to their adaptation
level in the current environment (expected adaptation value:
amemory)

• With probability amemory it expresses the chosen variant

• Decision to learn (or not):
• With probability 1− amemory individual j learns

→ it engages in social learning with probability ξj and in
innovation with probability 1− ξj

Social learning: payoff-biased learning
Innovation: introduction of variant i with adaptation level
ai ∼ U(0, 1) in the current environment

→ variant i is expressed and added to individual j’s memory
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Model

Cultural dynamics:

• Forgetting: each individual forgets a cultural variant, contained
in its cultural memory, with probability φj

→ Variant to be forgotten is chosen inversely proportional to the
number of times it has been expressed.
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Model

Demographic dynamics: Moran model

→ one individual is chosen for death and one for reproduction (death
occurs at random, reproduction occurs proportional to the
adaptation level of the expressed variant in the last time step)

Intergenerational transmission dynamic:

→ individual j passes on its ξ and φ-values with probability 1− µξ

and 1− µφ, respectively. Otherwise mutations occur

ξj + ε with ε ∼ N (0, σ2
ξ ),

ϕj + ε with ε ∼ N (0, σ2
φ).

→ individual j passes on its memory
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Influence of memory

φj = 1, ∀ j → no memory, classical social learning result

Adaptation level ξ φ
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Influence of memory
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Influence of memory

φj = 0, ∀ j → full memory

Adaptation level ξ φ
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Influence of memory
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Influence of memory

Evolving memory

Adaptation level ξ φ
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Influence of memory
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Structure of memory

→ Individual memories stay relatively small
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Structure of memory

→ Individual memories stay relatively small

→ Not every individual contains information about the other
environment in the memory
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Conclusions

The inclusion of memory, i.e. individual collections of cultural
variants in the past, can change the relationship between social
learning and environmental uncertainty.
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Conclusions

Demographic and cultural properties of the population can have a
great influence on the dynamic of cultural change.

→ We need to carefully move away from modelling cultural change
with biological models and develop cultural models — also to
make the generative inference approach an useful endevour.

Generative inference frameworks allow a straightforward application
of such theoretical models to empirical data to inform on processes of
social learning that are consistent with the available data.

However, how much information about those learning processes is
indeed contained in specific population-level frequency data can vary
from application to application.
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“Quality of data” problem

Data about the cultural composition of (a sample of) the population
at a large number of consecutive time points

→ Baby name statistics
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Neutral progeny distribution

Statistic: Progeny distribution recording the abundances of cultural
variants which produce k new individuals (progeny) over a fixed
period of time Bentley et al. (2004)

100 101 102 103 104 105 106

Number of variants with 1
instance

Number of variants 
      with 102 instances
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Neutral progeny distribution

O’Dwyer and Kandler (2017)
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Neutral progeny distribution

Expectation (based on a neutral birth-death process)

q(k) = (−1)k−1

( 1
2

k

)
2d/b

1 + d/b

(
4

1
d/b + 2 + d/b

)k−1
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Neutral progeny distribution

q(k) = (−1)k−1

( 1
2

k

)
2d/b

1 + d/b

(
4

1
d/b + 2 + d/b

)k−1

Statistical comparison: maximum likelihood estimation for d/b

d

b
=

Ktotal
Ktotal − S
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Application to Southern Australia baby names

Girls Boys

https://github.com/odwyer-lab/neutral_progeny_distribution
47

https://github.com/odwyer-lab/neutral_progeny_distribution


Incomplete data

→ Many data set for registered baby names in other regions are
incomplete; providing only the most popular names due to
privacy considerations.

Two common ways of preprocessing cultural frequency data

• Remove all names containing < 5 instances in considered time
interval (total threshold)

• Remove all names containing < 5 instances in each year
(year-by-year threshold)
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Incomplete data

Complete data Total threshold Year-by-year threshold
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Incomplete data

Even if we have a lot of data omitting key parts of the data set (such
as all low-frequency variants) can lead to misleading inference results.

→ Important role of rare variants for inferential purposes
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Conclusions

Demographic and cultural properties of the population can have a
great influence on the dynamic of cultural change.

→ We need to carefully move away from modelling cultural change
with biological models and develop cultural models — also to
make the generative inference approach an useful endevour.

Generative inference frameworks allow a straightforward application
of such theoretical models to empirical data to inform on processes of
social learning that are consistent with the available data.

However, how much information about those learning processes is
indeed contained in specific population-level frequency data can vary
from application to application.
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Thanks to you

... for listening!

Please get in touch if you have any questions!

anne_kandler@eva.mpg.de
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