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Humans stand alone in terms of their potential to collectively and
cumulatively change their culture in an open-ended manner. This open-
endedness provides societies with the ability to continually expand their
resources and to increase their capacity to store, transmit and process
information at a collective level. Here, we propose that the production
of resources arises from the interaction between cultural systems (a
society’s repertoire of interdependent techniques, artefacts, norms and
knowledge) and search spaces (an ensemble of needs, problems and goals
facing a society). Starting from this premise, we develop a macro-level
model wherein both cultural systems and search spaces are subject to
evolutionary dynamics. By manipulating the extent to which these dynamics
are characterized by stochastic or selection-like processes, we demonstrate
that open-ended growth is extremely rare, historically contingent and only
possible when cultural systems and search spaces co-evolve. Here, stochastic
factors must be strong enough to continually perturb the dynamics into
a far-from-equilibrium state, whereas selection-like factors help maintain
effectiveness and ensure the sustained production of resources. Only when
this co-evolutionary dynamic maintains effective cultural systems, supports
the ongoing expansion of the search space and leads to an increased
provision of resources do we observe open-ended cultural evolution.

This article is part of the theme issue ‘The evolution of collective
intelligence’.

1. Introduction

Over the last 300 000 years, our species has improved, diversified and complex-
ified the range of cultural traditions available to us, allowing human societies to
collectively address various needs and goals as well as tackle diverse challenges
and problems [1-4]. Even in their simplest guises, human cultures constitute
complex systems of interdependent techniques, artefacts, norms and knowl-
edge [5-8] that are collectively shared, culturally transmitted and cumulatively
evolving [3,9-15]. Cultural systems are powerful in this respect because humans
are able to collectively adapt [16,17] and discover highly optimized solutions
for a wide variety of social and ecological niches [18]. What makes human
culture special, however, is that it falls under a special class of dynamics ex-
hibiting open-ended evolution: evolutionary processes capable of continually
generating novelty and undergoing sustained, long-term growth in complexity
[19-34]. It is this open-ended capacity that ultimately underpins our ability to
extract and harness diverse sources of energy, to access and manufacture novel
materials and to transmit and process information at vast scales [33,35-37].
Explaining why and how human culture is uniquely open-ended remains
an unresolved challenge of the biological, social and cognitive sciences [22-
24,26,38]. Computational models offer a particularly powerful tool for theory-
building in this regard [39-43] and figure prominently in the literature on the

©2026 The Authors. Published by the Royal Society under the terms of the Creative Commons Attribution License
http://creativecommons.org/licenses/by/4.0/, which permits unrestricted use, provided the original author and
source are credited.

Downl oaded from http://royal soci et ypublishing.org/rstb/article-pdf/doi/10.1098/rstb. 2025. 0255/ 6132832/ r st b. 2025. 0255. pdf
by Brunel University user
on 22 April 2026


https://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1098/rstb.2025.0255&domain=pdf&date_stamp=
https://doi.org/10.1098/rstb.2025.0255
mailto:james.winters@brunel.ac.uk
https://orcid.org/
http://orcid.org/0000-0003-2982-2991
http://creativecommons.org/licenses/by/4.0/

evolution of culture [31,44-49]. However, as it currently stands, a strict separation exists between models focusing on the adaptive
nature of cultural traits (e.g. [46,50-56]) and models focusing on the open-ended evolution of cultural systems (e.g. [45,47,57,58]).
Adaptive approaches often employ search spaces [54] (also see fitness landscapes [59-61]) and model cultural evolution as a pro-
cess of cumulative optimization (see [15,22,31] for similar perspectives). In these models, cultural traits exist in a bounded state
space where different trait configurations map onto varying fitness or payoff values. A population then searches within this space
by modifying, evaluating and selecting cultural traits based on maximizing (or minimizing) an objective function (e.g. optimizing
an arrowhead to improve hunting [53,55]). Yet, despite the utility of such models for investigating evolutionary dynamics under
the constraints of rich, high-dimensional search spaces (e.g. [51,53,54]), the bounded landscapes used are of limited applicability
to questions of open-endedness [39,61].

Meanwhile, models of open-ended cultural evolution tend to abstract away from explicitly representing search spaces and are
instead concerned with the cumulative and combinatorial dynamics of cultural systems [45,47,57,58,62—-64]. The explanatory goal
here is to identify the conditions in which collections of cultural traits undergo long-term growth in complexity and/or diversity
[45]. Yet, in omitting search spaces, these approaches effectively ignore an important source of constraints on the structure and
function of cultural systems. This has led to various simplifying assumptions about cultural traits, their utility and the costs and
benefits of complexity. One pervasive assumption, which is present to varying degrees in all models surveyed, is that cumulative
improvements only arise from the selection of novel cultural traits [47,57,58,64,65]. Loss, in cases where it is explicitly modelled,
tends to be viewed as neutral or deleterious: cultural traits are either removed through stochastic perturbations (e.g. [66]) or as
a result of selecting out low utility traits (e.g. [64]). Under such assumptions, a cultural system will inevitably experience open-
ended growth so long as the mechanisms of generating and adopting novel cultural traits overcome any limiting mechanisms of
loss.

A clear implication here is that existing models implicitly build-in a bias towards open-endedness. All that is required is some
probability of generating and then selecting novel cultural traits. Still, even if we grant that this is a convenient simplification, it is
not immediately obvious why the addition of cultural traits is the only pathway for discovering improvements. On the contrary,
if we assume that cultural systems are adapting to the ecological and socio-economic demands of a search space [2,67], then a
plausible adaptive response could be for a society to actively maintain or simplify its current cultural system (for similar argu-
ments see [31,68]). Missing from these models is any formal or computational representation of the interactions between cultural
systems and search spaces. Not only does this fail to capture how cultural systems adapt to an underlying search space, it also
ignores the possibility that search spaces dynamically change in response to the cultural systems of a society.

To address these limitations, we develop a computational model that incorporates cultural systems and search spaces using
a minimal set of processes and assumptions. Simplifying, our model abstracts away from individual-level interactions found in
agent-based models [43], and models cultural evolution at the macro level [45]. In our model, the dynamics of cultural evolution
are conceived of as a co-evolutionary relationship between two fundamental processes: one which changes the structure of cul-
tural systems (the repertoire of interacting techniques, artefacts, norms and knowledge available to a population) and another
which changes the structure of search spaces (an ensemble of needs, problems and goals facing a society at a given point in time).
By modelling cultural evolution in this way, our model makes four contributions that link together cultural systems and search
spaces with their potential for open-ended evolution.

First, we explicitly represent search spaces alongside the cultural systems of societies. Unlike previous models, where search
spaces are either bounded (e.g. [52,54,55]), black boxed in favour of intrinsic utility/fitness values (e.g. [47,57,64]) or ignored alto-
gether (e.g. [45,48,69]), we assume cultural systems and search spaces are structured. This provides us with a way of modelling
the structure of cultural systems and search spaces as varying both in terms of their mutual fit as well as their complexity. In the
context of our model, search spaces serve as adaptive targets that dynamically influence the adoption of changes to a cultural
system. These changes include modifications (that maintain complexity), simplifications (that decrease complexity) and expan-
sions (that increase complexity). Importantly, this recognizes that the structure of search spaces is not inherently geared towards
a progressive increase in complexity. Instead, search spaces can impose pressures to maintain or even simplify the complexity of
cultural systems.

Second, we propose that cultural systems and search spaces are subject to evolutionary dynamics. Needs, problems and goals
are not static and invariant properties of the world, but rather form a dynamically shifting landscape that influences the direc-
tion of cultural evolution. Although it is relatively uncontroversial to model cultural systems as evolving entities [8,45,70,71], we
consider parallel dynamics to be at play in changing the structure of search spaces [32,33,72,73]. Extending the logic of cultural
evolutionary theory to search spaces naturally follows if we think of needs, problems and goals as a form of information that is
socially transmitted [74]. In aggregate, this information determines what constitutes an effective cultural system, and serves as
an adaptive landscape to explore and exploit. Not only does our approach build upon the well-established notion that needs,
problems and goals are cognitive phenomena [72,75-77], it also enables us to model search spaces as co-evolving with the cultural
systems of a society.

Third, co-evolutionary dynamics in our model follow a two-step process of generating and then adopting changes to both cul-
tural systems and search spaces. Crucially, this allows us to model co-evolution in terms of stochastic and deterministic factors.
Stochastic factors, which are analogous to mutation and drift in biological evolution [78,79], assume random changes shape the
evolutionary trajectory of cultural systems and search spaces. In a purely stochastic scenario, cultural systems and search spaces
are maximally decoupled —the adoption of changes in one does not causally influence the adoption of changes in the other. Deter-
ministic factors, which are analogous to selection dynamics [80] in biology or social learning biases [81] and selective filters [71] in
culture, evaluate and adopt changes based on effectiveness: cultural systems are refined to more effectively exploit search spaces,
while search spaces are restructured to more effectively align with the cultural capabilities of a society.

Downl oaded from http://royal soci et ypublishing.org/rstb/article-pdf/doi/10.1098/rstb. 2025. 0255/ 6132832/ r st b. 2025. 0255. pdf
by Brunel University user
on 22 April 2026

GST0200 °18€ § 205y Suoi g qpsy/enof/BioBusygndianosielor [



Cultural System Search Space

(Ct <4===== Effectiveness '==== - St
N E(C
2 ©s) v
00”. ; "’0
4 Resources »
Legend
. ; I Inputs sesssssund »
E .
(Ct+1 ! . ¢ Mapping <= =m==3 St+1
R Causal  — CHANGE

v
Allocation of I,

Evolutionary dynamics of C Evolutionary dynamics of S

Figure 1. A diagram outlining the general dynamics of bitwOr1d at a single timestep (t). For a given t, a society measures the effectiveness between C, and S, (see
§2a(i)) and their levels of complexity (§2a(i)). The effectiveness of this mapping as well as the complexity of cultural systems (£ ) and search spaces (¢ <) determine
the amount of resources (R,) (82b(i)). These resources, in the form of resource iterations (i € /,), are then allocated to two processes: one which changes the cultural
systems of a society and another which changes the underlying search space (§2bii)). Both processes follow a cultural evolutionary dynamic of first generating and then
adopting changes (§2c). Our model varies the selection pressures on C and S by manipulating the extent to which the adoption of changes is stochastic or deterministic:
7) controls the selection pressures on C and A controls the selection pressureson S.

Fourth, in order to sustain the costs of changing both cultural systems and search spaces, societies need to produce and then
allocate resources at each generation to these two processes. Resource constraints are a feature of any system subject to compu-
tational and energy demands. Human societies are no different and must therefore produce, consume and allocate resources in
order to maintain their activities [35,36,82-84]. Differences in the ability to produce resources lead to differences in the capabil-
ities of societies to generate and adopt changes to cultural systems and search spaces. Failure to procure sufficient resources is
commonly associated with cultural stagnation [85] and societal collapse [86,87], whereas surplus resources are critical for societies
to overcome the costs of increased complexity [88], to engage in innovation [84] and to maintain long-term cumulative growth
[83,89]. A key feature of our model is that resources can theoretically grow without limit so long as societies expand their search
space and maintain effective cultural systems.

Open-ended evolution in this context corresponds to a process of continually increasing the complexity of both cultural sys-
tems and search spaces. The challenge facing societies, then, is to simultaneously maintain effective cultural systems and engage
in the ongoing expansion of the search space. Here, we assume more complex search spaces have a greater potential for producing
resources than simpler ones. Yet, to realize this potential, societies need to also adopt improvements to their cultural systems. An
inability to find effective outcomes is penalized by assuming the cost of maintaining cultural systems scales with their complex-
ity. This represents the observation that supporting complex systems requires overcoming increasingly sophisticated problems
associated with the production and consumption of resources [83,88-90]. We argue it is this co-evolutionary interaction between
maintaining effective cultural systems, the ongoing expansion of the search space and the increased provision of resources that
underpins the open-ended evolution of human culture.

In the following, we manipulate the extent to which the co-evolutionary dynamics between cultural systems and search spaces
are stochastic or deterministic and examine in which conditions open-ended evolution emerges. Our findings suggest that the
balance between stochastic and deterministic factors constitutes a fundamental limiting or enabling factor on the long-term sus-
tainability of co-evolutionary dynamics. For the vast majority of cases, the co-evolutionary dynamics end up exhausting the
available resources and hit an absorbing barrier [39,91]: a boundary condition on the ability of societies to generate and adopt
changes to their cultural systems and search spaces. Open-ended growth is comparatively rarer, only emerging when both cultural
systems and search spaces are shaped by sufficiently powerful selection pressures.

2. Model description: bitwOr1d

BitwOrld is a general framework for simulating cultural evolution. Adopting a macroscopic approach, which aims to explain
long-term patterns of change using a minimal set of endogenous macro-level properties [45,63], we model the dynamics of cul-
tural evolution in terms of two causally interacting processes: one that changes the structure of cultural systems (C) and another
that changes the structure of the search space (S) (figure 1).

Cultural evolutionary dynamics unfold as a discrete-time process (f € T). At a given timestep (f), the effectiveness and complex-
ity of C and S determine the amount of resources available to a society. These resources are then allocated in the form of resource
iterations (i € I;), to the evolutionary dynamics of generating and adopting changes to C and S. We allow for three types of change
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in bitwOrld: simplifications (which reduce complexity), modifications (which maintain complexity) and expansions (which in- n
crease complexity). Whether or not a change is adopted depends on the balance between stochastic and deterministic factors. We
manipulate this balance via two parameters: 7 controls the selection pressures on C and A controls the selection pressures on S.

(a) State variables: cultural systems (C) and search spaces (S)

At the start of a simulation, a society is initialized with a cultural system (C) and a search space (S). Both C and S are operationalized
as bitstrings of N-length (see [19,20,31,59,92] for similar approaches). Search spaces represent an ensemble of needs, problems and
goals facing a society and determine what constitutes an effective cultural system, whereas cultural systems represent the totality
of techniques, artefacts, norms and knowledge used to exploit these spaces.

Using bitstrings allows us to represent C and S as structured entities that interact with one another and change over time.
Structure, in this sense, refers to the distribution and organization of 0 s and 1 s in string (e.g. 11, 01, 111 and 0101 all have dif-
ferent structures). By modelling C and S as structured, we capture three important properties. First, the structure of C or S at
one point in time constrains the possible single-edit changes available to a society (i.e. it restricts the adjacent possibilities [93]).
Second, the mapping between C and S can be measured as a metric distance, which approximates the level of effectiveness (i.e.
the degree to which cultural systems and search spaces are adapted to one another; see §2a(i)). Finally, the string length of C and S
serves as a proxy for complexity (i.e. longer strings denote more complex cultural systems and search spaces, while shorter strings
correspond to simpler ones; see §2a(ii)).

(i) Effectiveness: E(C, S)

Effectiveness refers to the mapping between cultural systems and search spaces. Motivating this system-level focus is the idea

that the utility of a cultural trait is derived from its contribution as part of a wider cultural system in addressing the relevant

needs, problems and goals of a society [8,44,45,94]. A car, for instance, is only useful insomuch as it fulfils general needs related to

transportation, solves specific problems associated with safety and is supported by a system of roads, mechanics and other related

infrastructure. This demand is greatly diminished if there is a lack of infrastructure (e.g. no road or access to fuel), minimal safety

(e.g. engines or tyres susceptible to exploding) and no need for long-distance transportation (e.g. living on a small island).
Formally, effectiveness is measured using an inverted form of the normalized Levenshtein distance [95]:

$S705707 SL8E § 205y Ui iy qisy/jeumol/BioBuysygndiraposiefos
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where LD(C, S) measures the minimum number of single-edit operations (insertions, deletions and substitutions) required to
transform one string into another:

k
LD(C,S) = mkinﬁz c(ej)} (2.2)
j=1

Here, 6; denotes the set of single-edit operations for transforming a string, k represents the number of edit operations in a partic-
ular sequence that transforms C into S (where miny aims to find the sequence with the fewest operations), and c is the unit cost of
each operation, where ¢(6;) = 1. As C and S can differ in lengths, we normalize the Levenshtein distance by the longest string, i.e.
max(€¢, €s), and then invert the values so that E(C, S) — 1.0 represents increasingly effective outcomes and E(C, S) — 0.0 repre-
sents increasingly less effective ones. An optimal outcome is achieved when the structure of a cultural system is equivalent to the
structure of a search space, i.e. E(C,S) = 1.0.

Formulating effectiveness as a granular measure allows us to capture the degree to which C and S are adapted to one another.
This means different mappings of C and S can be more or less distant. For example, neither C, = 0100 nor C; = 0000 constitute an
optimal mapping for S; = 1010, but it also holds that C,, is closer to optimal than C;. Importantly, our measure of effectiveness is
agnostic as to the process of change (i.e. whether differences in effectiveness come from changes to C or S) as well as the type of
change (differences in effectiveness could result from simplifications, modifications or expansions to C or S). As such, we avoid
assuming that (i) improvements in effectiveness solely stem from changes to the cultural system, and (ii) that improvements are
concomitant with increases in diversity or complexity.

(ii) Complexity: € - and € ¢

Complexity is measured as the string length of cultural systems (£¢) and search spaces (¢s). Restricting our definition of com-
plexity to string length allows us to formulate it in terms of computational principles, i.e. the time required (on average) to find a
maximally effective outcome given an initial state and an underlying process. Within the general constraints of our model, longer
strings can be viewed as more complex than shorter ones because there are a greater number of possible configurations. On av-
erage, if we assume C and S are maximally distant from one another, i.e. E(C,S) =0.0, then a ¢¢ = s = 20 will require far fewer
changes to find an optimal outcome than ¢ ¢ = s = 200 (see electronic supplementary material for a fuller treatment of this point).
All else being equal, this assumes that greater computational demands are linked to increases in different types of complexity (see
[96] for a thoughtful discussion). Motivating our assumption here is the idea that changes to more complex cultural systems and
search spaces should require more computations than simpler ones.
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For cultural systems, differences in complexity therefore approximate both the combinatorial sophistication of individual cul- n
tural traits as well as the diversity of traits available to a society. A modern smartphone is complex in that it is made up of modular,
hierarchically organized components (e.g. integrated circuitry, battery technology and software operating systems), and its con-
struction is supported by a variety of manufacturing and distribution processes (e.g. rare earth mineral extraction, semiconductor
fabrication, precision assembly and global logistics networks). Meanwhile, differences in the complexity of search spaces not only
denote the diversity of needs, problems and goals facing a society, but also the degree to which these interact with one another and
are well-defined [97]. Smartphones fulfil diverse needs related to communication, navigation and entertainment in ways that re-
quire solving several well-formulated problems and goals (e.g. trade-offs in processing power versus battery life, the relationship
between screen size and pixel density and thermal management within constrained form factors).

(b) Resources: R,

Evolutionary dynamics in our model are both constrained by and responsible for the production of resources. Differences in re-
sources translate into differences in the ability of societies to change C and S. Gains in resources therefore aim to approximate
increases in population size [46], new technologies that enhance a society’s capacity to store and process information [33], or
improvements in the harnessing and utilizing of new energy sources [36]. We conceptualize this as a two-step process of first
producing (§2b(i)) and then allocating resources (§2b(ii)).

(i) Producing resources: R(C, S, E)

The production of resources (R) is governed by the interaction between ¢, s and E (which denotes a simplified notation for
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effectiveness):
R(f¢,?s,E)= ¢sE —€c(1—E) (2.3)
—— N
benefits costs

where ¢ sE represents the benefits of effectively exploiting a search space and € ¢ (1 — E) captures any costs arising from ineffective
cultural systems.

We make two main assumptions here. First, gains in resources are bounded by the complexity of the search space (fs), with
E(C, S) determining how close a society is to realizing this resource potential. As such, more complex search spaces are associated
with a greater resource potential than simpler ones (i.e. the possible ways in which needs, problems and goals can be converted
into resources). Second, the costs for ineffectiveness, 1 — E(C, S), scale with the complexity of cultural systems (£¢). As cultural
systems grow in complexity, a society will incur increased costs if it is maintaining cultural traits that do not effectively contribute
to the production of resources (i.e. techniques, norms, artefacts and knowledge that use more resources than they produce).

(ii) Allocating resources: /ﬁ* and /[

At each timestep, a society allocates a set of resource iterations (i € I;) for changing its cultural system (Iﬂt: ) or its search space (ItS).
Each resource iteration denotes an indexed position, I; = {iy, ... , i;}, where the total number of iterations available is bounded by the
resources produced at the previous timestep, i.e. the total resources at t-1 rounded to the nearest integer,| R;_1|. As a simplifying
assumption, resource allocation to C or S remains unbiased, i.e. Pyjjocate ~ Bernoulli(0.5), meaning there is no inherent preference
for making changes to C or S.

One consequence of our approach is that changes to C and S are interleaved with one another. Imagine, for instance, there are
six resource iterations available to a society at t: resource iterations 1, 2 and 5 could be allocated to changing C (i.e. I‘tC ={1,2,5})
whereas the remaining iterations are allocated to changing S (i.e. ItS ={3,4,6}). As such, a change to C at resource iteration 5 is
made in reference to the state of S at iteration 4, while a change to S at resource iteration 6 is made in reference to the state of C at
iteration 5.

By assuming the order of changes are interleaved, our model better reflects the fact that changes in cultural systems often lead
to changes in the search space, and vice versa. For instance, we commonly observe instances where the adoption of a cultural solu-
tion triggers a cascade of potential new problems to solve (e.g. a society dependent on fire for purposes of warmth and protection
needs to solve additional problems associated with finding fuel, smoke ventilation and fire containment), and the adoption of a
goal serves as a catalyst for novel solutions (e.g. the goal of actively increasing farming yields has led to the creation of synthetic
fertilisers, pesticides and advanced irrigation systems).

(c) Cultural evolutionary dynamics

Cultural evolutionary dynamics are modelled as two discrete-time processes: one which changes a cultural system (Cy, ..., C;)
and another which changes a search space (Sy, ..., S;). For each timestep, the resources allocated to cultural systems (If) and
search spaces (It§ ) determine the number as well as the order of changes available to the dynamics (§2b(ii)). We can describe the
accumulated changes to C and S at ¢ + 1 in terms of two general functions:

Ci41 =ACp,Sin 15 =C + Ziel‘f AC; o
Si41=8(Sh Ci,l,lg) =S+,

i€ly AS;
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where C; and S; are the states of the cultural system and the search space at time f, C; and S; are the states of the cultural system n
and the search space at resource iteration i, If and Il‘S are the allocated resource iterations available for changing C; and S;, and 7
and A are the parameters for controlling the strength of selection on C; and S;.

Equation (2.4) tells us that the accumulated changes to cultural systems and search spaces are resource constrained: the number
of possible changes at t + 1 is proportional to the allocated resource iterations of I f and | tg . The selection parameters 7 and 4 deter-
mine which changes are adopted within those constraints. As changes are indexed by i, selection dynamics for cultural systems
are made in reference to the state of the search space at that resource iteration (i.e. S;), and vice versa for selection dynamics in the
context of search spaces (Where a selected change is made in reference to C;). Here, a single resource iteration corresponds to an
evolutionary process of first generating (§2c(i)) and then adopting changes (§2c(ii)) to either C or S.

(i) Generative dynamics: @/

Generating a change to C or S is possible via three general operators: to remove a randomly chosen bit (e.g. simplify: 1011 — 101),
to flip a randomly chosen bit to its Boolean complement (e.g. modify: 1011 — 1111) or to introduce a new randomly chosen bit at
a randomly assigned position (e.g. expand: 1011 — 10111). The choice of operation always remains unbiased in the model, i.e. the
probability of choosing an operation is P(6;) = % where 6; € {Osimplify> Omodify» Gexpand}-

By modelling the generation of changes as unbiased, we can investigate the role played by stochasticity in driving long-term
evolutionary dynamics. This means any deterministic factors are found in the adoption of changes to C or S (§2c(ii)). It is worth
noting that our assumption here only pertains to population-level factors. Certain individuals within a society could be biased
towards introducing specific types of change, but we assume these biasing factors are non-systematic at the population level.

(ii) Adoption dynamics: 7 and A

Once a change is introduced, its adoption is contingent on whether the dynamics are stochastic or deterministic. For cultural
systems, the adoption of a change at a given resource iteration is underpinned by the following:
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P(C'|C;, S, = (A —n) +1n-1[E(C,S)) > E(C;,S))] (2.5)

stochastic deterministic

where C; is the current state of a cultural system at i for timestep ¢, C’ represents a proposed change to this system at i, and S; is
the current state of the search space at i. 7 is a parameter € [0, 1] that allows us to manipulate the probability a change is adopted
stochastically or deterministically.

If 7 = 0.0, then the evolution of a system is purely stochastic and reduces to P(C’ | C;, S;, ) = (1 — ) = 1.0, i.e. a change is adopted
irrespective of whether or not it increases effectiveness. Conversely, for 7 = 1.0, the evolutionary dynamics are purely determin-
istic and the outcome depends on the indicator function 1[-]: here, if C’ is more effective for exploiting a search space, as denoted
by E(C',S;) > E(C;,S;), then C’ is adopted as the new state of the system at the next resource iteration (C; = C’). Otherwise, if
E(C',S))<E(C;,S) a society remains with the existing state of C;. Intermediate values, 7 = (0.0, 1.0), incorporate some mixture of
deterministic and stochastic factors into the dynamics of adopting changes. As such, the structure of cultural systems will to some
extent reflect both randomly adopted changes as well as changes selected on the basis of improving effectiveness. Modelling the
dynamics in this way assumes the adoption of changes is endogenous and incremental. A cultural system adapts insomuch as the
adoption of changes helps address the needs, problems and goals of a society.

Parallel dynamics hold for the evolution of search spaces:

P(S"|C;, S, A)= (1 —-2) +1-1[E(C;, S") > E(C;, S))] (2.6)

stochastic deterministic

except A now controls the stochastic and deterministic forces acting upon the adoption of changes to a search space (S). Values of
A — 0.0increasingly adopt random changes to the search space, whereas values of A — 1.0 increasingly evaluate and adopt changes
to S; that improve effectiveness. This means search spaces evolve by changing the needs, problems and goals of a society. Some
of these changes are random and others are selected when A € (0.0,1.0]. A search space culturally adapts by adopting changes
that improve effectiveness, i.e. the needs, problems and goals are restructured to more effectively map onto the existing cultural
capabilities of a society.

We can think of different parameter values for 7 € [0,1] and 1 €[0,1] as determining the extent to which cultural systems
and search spaces are coupled to one another and capable of co-evolution. Selecting improvements for effectiveness is therefore
possible by changing either C or S. This represents a process by which cultural systems adapt to search spaces, and vice versa.
For example, a society that wants to land a person on the Moon can adapt their cultural systems to utilize rockets for escaping
the atmosphere, computers for rapidly performing complex trajectories and life support systems for surviving in the vacuum of
space. All of these represent finely tuned solutions to a variety of needs, problems and goals related to space travel. However,
societies are not just passively responding to some exogenous set of demands. Instead, individuals and groups play an active role
in constructing their search spaces: through institutions, markets and other forms of collective deliberation, societies select the
needs they prioritise, the problems that require solving, and the goals deemed worthy of pursuing. Indeed, the goal of landing a
person on the Moon before the end of the 1960s was formulated in the context of the technological (e.g. the availability of rocketry),
scientific (e.g. knowledge of orbital mechanics) and economic (e.g. the use of supply chains) capabilities of the period [98].
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(d) Simulation runs and boundary conditions

For the reported simulation runs, societies are initialized with randomly sampled cultural systems and search spacesof ¢ =g =2
(minimum level of complexity is ¢ =1). Parameter combinations of 7 €(0,1) and 4 €(0,1) consist of K, =1000 simulations.
This assumes there is always some degree of co-evolution between C and S and allows us to investigate a range of scenarios:
from strongly stochastic (7 =4 =0.01) to strongly deterministic (n =1 =0.99). A simulation halts under one of three conditions:
(i) the maximum number of timesteps is reached (max; = 10 000), (ii) the upper bound of cultural complexity is either matched or
exceeded (max,_ > 10000), or (iii) societies hit an absorbing barrier having exhausted their resources (R; < 0).

For (iii), absorbing barriers refer to a point of no return from which a system cannot recover [91]. In the context of our model,
this approximates a situation where cultural evolutionary dynamics are unsustainable for producing resources. Importantly, we
assume absorbing barriers only come into effect after societies have exhausted an initial resource endowment (Repgow = 100).
Providing an endowment allows for a warm-up period that mitigates the initial conditions from too strongly influencing the dy-
namics (see electronic supplementary material for different initial endowments). Societies only draw upon this endowment if the
resources produced at the previous timestep are |R;_1] <0. Here, a society is allocated a single resource so that I; =1, and the
endowment is reduced by the corresponding loss in resources (e.g. an |R;_1 | = =10 would mean an initial endowment is updated
to Rendow = 100 — 10 = 90). A special case exists where | R;_1] = 0: we treat this as costly and subtract 1 from the endowment. If an
endowment is exhausted, Repgow < 0, the dynamics will terminate at the next timestep (i.e. I; = ).

3. Results

A general finding of our model is that absorbing barriers represent the majority outcome across all parameter configurations (see
figure 2). Without resources, a society cannot make changes to either its cultural system or search space. In total, ~ 98% of simulation
runs terminated as a result of an absorbing barrier, suggesting this constitutes a hard constraint on the emergence of open-ended
growth. Of these, runs that most successfully avoided absorbing barriers corresponded to 7 = 0.95 and 4 = 0.80 (=~ 11.4% reaching
10000 timesteps) while the runs with the highest average survival rate are found at 7 =0.99 and 4 = 0.99 (reaching an average of
~ 3060 timesteps).

The likelihood of hitting an absorbing barrier grows as the dynamics become increasingly stochastic. At one extreme of the
parameter space (7 =A = 0.01), all simulation runs terminate as a result of absorbing barriers. Similar findings hold even when
lowering the degree of stochasticity (e.g. 7 =0.2 and 1 =0.6). In these cases, excessive stochasticity causes C and S to evolve rel-
atively independently of one another, with changes largely following a random walk (i.e. cultural drift). This quickly results in
collapse as societies are unable to discover effective outcomes and produce a net gain in resources.

At the other extreme (1 = 1 = 0.99), stronger selection pressures are more capable of sustaining co-evolutionary dynamics, but
many simulation runs remain trapped in low complexity states for C (E[€¢] =10.79) and S (E[¢s] = 10.76). This is due to the
co-evolutionary dynamics maintaining a tight coupling where the adoption of changes in C are made in reference to improving
effectiveness for S, and vice versa. We can think of this in terms of emergent local optima that confine the dynamics to simpler cul-
tural systems and search spaces. For the majority of runs, the dynamics will either remain in these simple states or hit an absorbing
barrier. However, as figure 3 illustrates, a minority do manage to escape and undergo open-ended growth.

Avoiding absorbing barriers is also possible when one process is strongly deterministic (7 =0.99) and the other is strongly
stochastic (4 = 0.01). This creates a moving target where the deterministic adoption of changes in one process tracks the stochastic
changes of the other. Simulation runs in these instances are capable of reaching t = 10 000, but the stochastic nature of the dynamics
means we cannot definitively state for a given simulation run whether C and S will keep co-evolving indefinitely or eventually
hit an absorbing barrier (figure 3). Long-term sustainability in such circumstances somewhat depends on the complexity of C
and S. Reaching more complex states is advantageous insomuch as a single adverse change represents a proportionally smaller
reduction to the overall effectiveness. Crucially, this robustness-enhancing effect of complexity only holds when deterministic fac-
tors are present and strong enough to act as a countervailing force: here, adopting changes that improve effectiveness counteracts
stochastic perturbations, preventing drift-like dynamics from dramatically depleting the resources available to a society.

Notably, important differences exist depending on whether these stronger selection pressures are applied to cultural systems
(e.g. 1 =0.99;1 =0.01) or search spaces (e.g. 7 =0.01;4 =0.99). As figure 3 demonstrates, stronger selection pressures for cultural
systems result in high levels of sustainability and more complex outcomes than when similarly powerful selection pressures are
applied to search spaces. This asymmetry is largely driven by our formulation of the resource function. While strong selection
pressures on C help mitigate any excess costs by tracking changes to S, weak selection pressures on C are especially costly when
a random change that lowers effectiveness also increases cultural complexity (£¢).

A critical threshold exists in our model where the dynamics transition to an open-ended regime, i.e. the dynamics avoid ab-
sorbing barriers and undergo long-term growth in the complexity of cultural systems and search spaces. At this point, simulation
runs either reach t = 10 000 or exceed the upper limit of the simulation (where ¢ ¢ > 10 000). Different parameter combinations of 7
and A influence the timing, frequency and rate of this growth (see figure 2C and top row of figure 4). For some runs, open-ended
evolution is late emerging, extremely rare and slow growing (e.g. figure 2C for 7 = 0.95 and 1 = 0.05) whereas other runs are early
emerging, more common and undergo accelerated growth (e.g. figure 2C for 7 = 0.80 and A = 0.80). Minimally, for simulation runs
across all relevant parameter values, the emergence of open-ended evolution depends on three general conditions.

First, the dynamics exist in a far-from-equilibrium state, resulting from a balance of stochastic and deterministic factors. Specifi-
cally, the parameter values most conducive to open-endedness are those where stochastic factors play a prominent role in shaping
both C and S, but are generally weaker than deterministic ones, e.g. compare 7 = 0.40 and 1 = 0.40 with 7 =0.90 and 4 = 0.90 (see
top row of figure 4). Having some degree of stochasticity prevents the dynamics from settling into a stable equilibrium, while the
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Figure 2. (A) Heatmap showing the average survival time (log,) for all simulation runs across 77 and A (note that runs which exceeded ¢ = 10 000 were treated as
reaching the full 10 000 timesteps). (B) Heatmap showing the average complexity of cultural systems (€ ) for all simulation runs across z) and A at the point of termina-
tion. (C) Selected simulation runs showing a range of dynamics. Coloured lines represent the complexity of cultural systems (denoted with 7)) and search spaces (denoted
with A) for different parameter values.

presence of strong selection pressures helps maintain effectiveness in the face of these stochastic perturbations (see bottom row
of figure 4).

Second, in this far-from-equilibrium state, selection is strong enough to preferentially adopt expansionary changes. Although
the generation of changes is equiprobable, with P(Qj) =1/3, there are many more ways to expand C or S. A greater diversity
of possible states means that, on average, there is a greater chance of discovering an effective outcome via expansion than via
modification or simplification. As a result, we should expect a net growth in complexity when (i) stochastic factors continually
perturb the dynamics and open up the possibility for improving effectiveness (see previous paragraph), and (ii) there are sufficient
resources to discover and adopt expansionary changes (see next paragraph).

Third, discovering these expansionary changes requires a society to increase its production of resources. In low-complexity
states, the advantages of expansion can remain masked due to resource scarcity, with fewer resources translating into fewer evo-
lutionary opportunities for changing C or S. As a consequence, the likelihood of discovering a beneficial expansion is constrained
by the probability of generating this type of change in the first place. However, as the dynamics transition to more complex states
for C and S, gains in resources increase the number of iterations, which, in turn, amplifies the chances of adopting expansionary
changes. Under the right conditions, this causes open-ended growth to accelerate and eventually reach the upper limit of our
simulation (i.e. € > 10000).

4. Discussion

Our article started from a relatively simple premise: that cultural systems (C, the techniques, artefacts, norms and knowledge avail-
able to a population) and search spaces (S, an ensemble of needs, problems and goals facing a society) co-evolve with one another.
Unlike previous macro-level models, which focus on explaining the evolution of cultural systems and abstract away from explic-
itly representing search spaces, we modelled cultural systems and search spaces as evolving entities that are shaped by a mixture
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of stochastic and deterministic factors. In our model, adopting changes not only impacts the mutual fit between cultural systems
and search spaces, it also leads to changes in structure that expand, maintain or reduce complexity. By manipulating the extent
to which the adoption of these changes is stochastic or deterministic, we investigated the conditions in which co-evolutionary
dynamics are sustainable and lead to the emergence of open-ended evolution.

Modelling C and S as co-evolving forces us to think seriously about processes that are typically idealized away and placed in a
black box. In the model, we assume humans interact with the world by generating and adopting changes to their needs, problems
and goals. This allows individuals to evaluate their own behaviours, as well as the behaviours of others, in reference to underlying
psychological constructs [75-77]. In aggregate, collections of needs, problems and goals constrain the structure of cultural systems
by determining what does and does not constitute an effective change to the cultural traits of a society. Our theoretical aim here
is to employ search spaces as a conceptual bridge between problem spaces in cognitive science [76] and adaptive landscapes in
evolutionary theory [61]. Although it is relatively uncontroversial to model cultural systems as evolving [8,16,17], we also argue
similar dynamics extend to search spaces [73] (see [99] for a recent review of similar debates in the context of open-ended learning).
Assuming that changes to the search space are evolutionary might appear to contradict the expectation that adaptive pressures
are linked to the local environment (e.g. [57]). However, our model remains agnostic about the origin of these adaptive pressures
and is compatible with two general interpretations.

One reading of our model is that environmental constraints determine the range of available needs, problems and goals. Cli-
matic variability [100], migration to different ecologies [101] and niche construction [102] each represent ways in which changes
in the environment interact with search spaces. Under this reading, selecting changes to a search space entails discovering which
needs, problems and goals are relevant within a wider space of latent possibilities, i.e. those changes that are addressable given
the current state of the environment and the existing cultural system. For instance, some sources of infertility may be present
in populations 50 000 years ago, existing as an objective biological problem. Yet, recognizing that infertility is a problem worth
addressing, identifying a relevant set of well-defined sub-problems and then taking steps to develop actionable solutions is not
culturally possible without advanced scientific knowledge, access to biomedical technology and significant economic resources.
Another reading is that societies not only select needs, problems and goals through their culture, but actively provide or construct
new ones [32,73]. Architectural problems (e.g. how to build a pyramid), scientific goals (e.g. landing a person on the Moon) and
economic needs (e.g. establishing a stable international currency exchange) are all instances where changes to a search space are
constructed and then adopted in reference to existing cultural and technological capabilities of a society. Of course, these are two
extremes, and it is likely that some problems objectively exist in the world, awaiting to be discovered and solved, while others are
culturally constructed as a result of intentional activities and unintended consequences [103,104].

A key contribution of this article is to link the underlying co-evolutionary dynamics to the costs and benefits of producing re-
sources. Two routes exist in our model for increasing the resources available to a society: by improving the effectiveness of cultural
systems or through expanding the search space. We show that both routes are only possible under sufficiently strong selection
pressures. Although maintaining a certain level of effectiveness is necessary for minimizing the costs of supporting a complex
cultural system, open-ended growth only emerges when there is a sustained expansion of the search space. Search spaces play
a critical role in this sense because they serve as an upper limit on the maximum resource potential. Conceptually, expansion
can be thought of as recognizing and adopting needs, problems and goals associated with gains in the total available resources.
This is clearly a simplification in that the adoption of new needs, problems and goals is not strictly concomitant with increases in
resources. Nevertheless, it is also the case that resources are an ultimate constraint on technological progress [62], which suggests
that any long-term expansion has to eventually resolve issues concerning computational and energy demands [35,36,82,88].
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The co-evolutionary dynamics in the model are sensitive to the selection pressures acting on both cultural systems () and
search spaces (1). The strength of these pressures is determined by the relative balance of stochastic and deterministic factors.
As such, we can think of 7 and 1 as a map of where co-evolutionary dynamics are and are not sustainable. At one extreme, in
regions dominated by stochasticity (e.g. 7 =4 = 0.01), an inability to produce resources very quickly leads to an absorbing barrier:
a boundary condition on the ability of societies to generate and adopt changes to their cultural systems and search spaces. Our
findings here place a very clear limit for explanations that rely on stochasticity as a primary driver of open-endedness [105,106]
and contribute to wider debates over the role of neutral models in cultural evolution [107-109]. We show that in a mutualistic
co-evolutionary scenario, where survival is contingent on the coupling of co-evolving entities, any factor that causes a decoupling
runs the risk of collapse. Stochasticity is a relevant contributing factor, but only when it exists alongside strong selection pressures
that help maintain effectiveness.

Minimally, open-ended growth is only possible so long as stochastic factors keep the co-evolutionary dynamics in a far-from-
equilibrium state, and deterministic factors lead to the increased adoption of expansionary changes. Regions of the parameter
space most conducive to open-endedness are those characterized by significant selection pressures on cultural systems and search
spaces. Here, co-evolutionary dynamics play a compensatory role: cultural systems adapt to the structure of search spaces, and
search spaces adapt to the structure of cultural systems. There are many possible parameter combinations that give rise to open-
ended growth in this respect. We suggest the most plausible route is one in which the selection pressures are gradually increasing
in both cultural systems and search spaces. Not only does this account provide a gradualistic pathway to emergence, as the values
of 7 and A make it easier to traverse from unsustainable to sustainable co-evolutionary dynamics, it also corresponds to regions
of the parameter space where open-ended growth is most likely to undergo progressive acceleration.

Accelerated growth is arguably the defining characteristic of the last few centuries of scientific, technological and economic
progress [47,62,110-112]. Growth accelerates in our model when there are sufficient resources to search for and discover benefi-
cial expansions. A subtle difference between our model and others is that we show how the advantages of expansion can remain
masked when selection is weak for one process (e.g.  =0.99 and A1 = 0.01). Unmasking this advantage, then, requires significant
selection pressures in both cultural systems and search spaces (e.g. 7 = 0.40 and 4 = 0.40). It is only under these conditions that
the co-evolutionary dynamics are powerful enough to overcome initial resource limitations and to amplify the opportunities for
generating and adopting expansionary improvements. Analogous constraints exist in cultural evolutionary models where differ-
ences in the effective population size impact the maintenance and spread of adaptive cultural traits [46,113]. An advantage of our
approach is that differences in resources are not limited to demographic factors, but could also vary due to the utilization of cog-
nitive technologies for processing information [33,37] (e.g. societies with and without writing systems) as well as the availability
of certain energy sources [36,88] (e.g. societies which can and cannot harness the energy potential of coal).

Like all models, which are always wrong and sometimes useful [114], our model relies on several theoretical and method-
ological simplifications. First, to help avoid absorbing barriers, we assume societies start out with an initial resource endowment
(Rendow = 100). Methodologically, our choice of Repgow = 100 is a convenient simplification, which avoids the initial conditions
from too strongly constraining the dynamics (see the electronic supplementary material for different resource endowments). The-
oretically, we should expect societies to have access to some initial resources that are potentially non-renewable and susceptible
to depletion. For example, we know that during the Pleistocene there was an abundance of megafauna, with technological regres-
sions and advancements linked to the overexploitation of these resources [111,115]. Societies can therefore temporarily exceed
their natural carrying capacity by drawing upon excess resources. The challenge, when viewed through the lens of our model, is
to either develop sustainable practices before exhaustion or culturally adapt via the co-evolutionary dynamics.
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Our second assumption is that the complexity of a search space forms a linear relationship with its resource potential: each
additional expansion of S yields a unit increase in the maximum obtainable resources (e.g. a s = 10 produces a maximum of
R =10 whereas a s = 100 produces a maximum of R = 100). Relaxing this assumption to consider a greater diversity of resource
functions would allow us to model situations where search spaces of the same complexity differ in their maximum resource
potential. By incorporating such extensions, future work could manipulate the extent to which resource functions form smooth
(adjacent search spaces share similar resource functions) or rugged distributions (adjacent search spaces have different resource
functions). This represents a tantalizing prospect for bridging the tunable topologies of N/K fitness landscapes [39,59] and the
open-ended search spaces of bitwOrld. Navigating these topologies would likely lead to a greater variety of dynamics and could
help us understand the situations in which open-ended growth undergoes long-term stagnation [116,117].

A third assumption pertains to the unbiased allocation of these resources. Maintaining an equitable distribution of resources
assumes societies always have an equal chance of changing their cultural systems or search spaces. This essentially builds in a
resolution to any explore-exploit dilemmas when allocating resources [118-120]. However, we do not know if this represents an
optimal allocation strategy, and neither do we know whether societies are capable of reaching this balanced allocation in the first
place. A more sophisticated model could treat societies as Bayesian learners [121] that dynamically update how resources are allo-
cated. Different priors would represent different initial resource allocation strategies, i.e. hypotheses over allocating resources to
changing C or S. Learning would then be represented as a process of testing different allocation strategies, seeing if a strategy im-
proves effectiveness and/or increases the production of resources, and then updating the priors accordingly. Modelling resource
allocation in such a way would allow us to both investigate the feasibility of reaching a balanced allocation as well as observe if
skewed allocation strategies converge on sustainable co-evolutionary dynamics.

A fourth and final assumption is that societies do not interact. Indeed, in our model, each simulation run had only one evolving
society. To some extent, this assumption could be taken to represent the entirety of human civilization, but it does overlook the
richer dynamics of modelling societies as entities that interact with one another through competition (e.g. warfare) and coopera-
tion (e.g. trade) over resources [122]. A more ambitious extension in this vein would model multiple societies via a fission—fusion
process [123,124]. Societies could now compete and cooperate, but also proliferate over time by branching off into distinct ones
(fission), homogenize by integrating into larger civilizations (fusion), as well as collapse and disappear through processes already
modelled in this article (i.e. absorbing barriers). Future research is now well-positioned to link each of these processes to the abil-
ity of societies to develop effective and complex cultural systems, to exploit and expand their search spaces, and to produce and
allocate resources.

5. Conclusion

Any theory of human cultural evolution, which seeks to explain its cumulative, adaptive and open-ended nature, must account
for the relationship between cultural systems (C) and the changing needs, problems and goals of societies (what we termed search
spaces, S). Our model tentatively provides the stepping stones for such a theory by positing that C and S are subject to evolution-
ary dynamics and capable of co-evolving with one another. Crucially, we formulated the relationship between C and S in terms of
their ability to produce resources. This sets up a non-trivial challenge for the dynamics of our model: societies need to overcome
the resource costs of maintaining complex cultural systems by finding effective outcomes and through continually increasing their
access to resources by expanding the search space.

By controlling the degree to which the co-evolutionary dynamics are stochastic or deterministic, our model arrived at three
general conclusions. First, sustaining long-term co-evolution is difficult when societies need to produce resources, with absorbing
barriers representing a hard constraint on the emergence of open-ended growth. Second, open-ended growth is possible so long
as stochastic factors keep the dynamics in a far-from-equilibrium state, and deterministic factors increasingly adopt expansionary
changes. Third, regions of the parameter space most conducive to open-ended evolution are those characterized by significant
selection pressures on both C and S. Understanding the long-term evolution of human culture is therefore going to require a fully
articulated theory of how cultural systems and search spaces co-evolve over time.

Ethics. This work did not require ethical approval from a human subject or animal welfare committee.
Data accessibility. All code, data and supplementary material for reported runs are available from the following repository: https://github.com/j-
winters/bitwOrld. An interactive version of bitw0r1d is available at https://j-winters.github.io/bitw0r1d/.
Declaration of Al use. We have not used Al-assisted technologies in creating this article.
Authors’ contributions. J.W.: conceptualization, data curation, formal analysis, investigation, methodology, project administration, resources, software,
supervision, visualization, writing—original draft, writing—review and editing; M.C.: conceptualization, investigation, writing—original draft,
writing —review and editing.

Both authors gave final approval for publication and agreed to be held accountable for the work performed therein.
Conflict of interest declaration. We declare we have no competing interests.
Funding. No funding has been received for this article.

References

1. Richerson PJ, Boyd R. 2005 Not by genes alone: how culture transformed human evolution. Chicago, IL: University of Chicago Press. (doi:10.7208/chicago/9780226712130.001.0001)
2. Arthur WB. 2009 The nature of technology: what it is and how it evolves. New York, NY: Free Press.
3. MokyrJ. 2016 A culture of growth: the origins of the modern economy. Princeton, NJ: Princeton University Press.

Downl oaded from http://royal soci et ypublishing.org/rstb/article-pdf/doi/10.1098/rstb. 2025. 0255/ 6132832/ r st b. 2025. 0255. pdf
by Brunel University user
on 22 April 2026

GST0200 °18€ § 905y Suoi g qsy/eunol/BioBusigndiianoseor [


https://github.com/j-winters/bitw0r1d
https://github.com/j-winters/bitw0r1d
https://j-winters.github.io/bitw0r1d/
http://dx.doi.org/10.7208/chicago/9780226712130.001.0001

4. Henrich J. 2015 The secret of our success: how culture is driving human evolution, domesticating our species, and making us smarter. Princeton, NJ: Princeton University Press. (doi:10. m
2307/j.ctvc77f0d)

5. Kelly RL. 2013 The lifeways of hunter-gatherers. Cambridge, UK: Cambridge University Press.

6. KuhnSL. 2020 The evolution of Paleolithic technologies. New York, NY: Routledge.

7. Hughes TP. 1989 The evolution of large technological systems. In The social construction of technological systems (eds E Wiebe, TPH Bijker, T Pinch), pp. 51-82. Cambridge, MA: MIT
Press.

8. Buskell A, Enquist M, Jansson F. 2019 A systems approach to cultural evolution. Palgrave Commun. 5,1-15. (doi:10.1057/541599-019-0343-5)

9. Ogburn WF. 1922 Social change with respect to culture and original nature. New York, NY: Huebsch.

10.  Basalla G. 1988 The evolution of technology. Cambridge, UK: Cambridge University Press.

1. Ziman JM, Ziman J. 2003 Technological innovation as an evolutionary process. Cambridge, UK: Cambridge University Press.

12. Boyd R, Richerson PJ. 1996 Why culture is common, but cultural evolution is rare. In Evolution of social behaviour patterns in primates and man (eds WG Runciman, JM Smith, RIM
Dunbar), pp. 77-93. Oxford, UK: Oxford University Press.

13. Tomasello M. 2009 The cultural origins of human cognition. Cambridge, MA: Harvard University Press.

14.  Dean LG, Vale GL, Laland KN, Flynn E, Kendal RL. 2014 Human cumulative culture: a comparative perspective. Biol. Rev. 89, 284-301. (doi:10.1111/brv.12053)

15. Mesoudi A, Thornton A. 2018 What is cumulative cultural evolution? Proc. R. Soc. B 285, 20180712. (doi:10.1098/rsph.2018.0712)

16.  Denton KK, Ram Y, Feldman MW. 2023 Conditions that favour cumulative cultural evolution. Phil. Trans. R. Soc. B 378, 20210400. (doi:10.1098/rsth.2021.0400)

17.  Galesic M et al. 2023 Beyond collective intelligence: collective adaptation. J. R. Soc. Interface 20, 20220736. (doi:10.1098/rsif.2022.0736)

18.  Boyd R, Barkoczi D, Henrich J. 2013 The cultural evolution of technology: facts and theories. In Cultural evolution: society, technology, language and religion (eds P) Richerson, MH
Christiansen). MIT Press: NY, New York. (doi:10.7551/mitpress/9894.003.0011)

19.  Banzhaf W et al. 2016 Defining and simulating open-ended novelty: requirements, guidelines, and challenges. Theory Biosci. 135, 131-161. (doi:10.1007/512064-016-0229-7)

20.  Corominas-Murtra B, Seoane LF, Solé R. 2018 Zipf's Law, unbounded complexity and open-ended evolution. J. R. Soc. Interface 15, 20180395. (doi:10.1098/rsif.2018.0395)

21. Bedau MA, Gigliotti N, Janssen T, Kosik A, Nambiar A, Packard N. 2019 Open-ended technological innovation. Artif. Life 25, 33—49. (doi:10.1162/artl_a_00279)

22.  Derex M. 2022 Human cumulative culture and the exploitation of natural phenomena. Phil. Trans. R. Soc. B377,20200311. (doi:10.1098/rsth.2020.0311)

23. Morgan TJH, Feldman MW. 2024 Human culture is uniquely open-ended rather than uniquely cumulative. Nat. Hum. Behav. 9, 1-15. (doi:10.1038/s41562-024-02035-y)

24.  Borg JM, Buskell A, Kapitany R, Powers ST, Reindl E, Tennie C. 2024 Evolved open-endedness in cultural evolution: a new dimension in open-ended evolution research. Artif. Life
417-438. (doi:10.1162/artl/_a/_00406)

25.  Pattee HH, Sayama H. 2019 Evolved open-endedness, not open-ended evolution. Artif. Life 25, 4-8. (doi:10.1162/artl_a_00276)

26.  TaylorT.2019 Evolutionary innovations and where to find them: routes to open-ended evolution in natural and artificial systems. Artif. Life 25, 207-224. (doi:10.1162/artl_a_00290)

27.  Ruiz-Mirazo K, Umerez J, Moreno A. 2007 Enabling conditions for ‘open-ended evolution'. Biol. Phil. 23, 67-85. (doi:10.1007/510539-007-9076-8)

28.  Herndndez-Orozco S, Herndndez-Quiroz F, Zenil H. 2018 Undecidability and irreducibility conditions for open-ended evolution and emergence. Artif. Life 24, 56-70. (doi:10.1162/
ARTL_a_00254)

29.  Charbonneau M. 2015 All innovations are equal, but some more than others: (re)integrating modification processes to the origins of cumulative culture. Biol. Theory 10, 322-335.
(doi:10.1007/513752-015-0227-x)

30.  Rasmussen S, Sibani P. 2019 Two modes of evolution: optimization and expansion. Artif. Life 25, 9-21. (doi:10.1162/artl_a_00277)

31.  Winters J. 2019 Escaping optimization traps: the role of cultural adaptation and cultural exaptation in facilitating open-ended cumulative dynamics. Palgrave Commun. 5, 149. (doi:
10.1057/541599-019-0361-3)

32.  Charbonneau M, Strachan JWA, Winters J. 2023 The problem with solutions: a commentary of ‘Blind alleys and fruitful pathways in the comparative study of cultural cognition’ by
Andrew Whiten. Phys. Life Rev. 44, 61—63. (doi:10.1016/j.plrev.2022.11.012)

33.  Charbonneau M. 2026 Open-ended technological evolution: the co-evolution of invention and cognitive technologies. Top. Cogn. Sci. 18, 26—42. (doi:10.1111/tops.70012)

34.  TaylorTetal. 2016 Open-ended evolution: perspectives from the OEE Workshop in York. Artif. Life 22, 408—423. (doi:10.1162/ARTL_a_00210)

35.  White LA. 1943 Energy and the evolution of culture. Am. Anthropol. 45, 335-356. (doi:10.1525/aa.1943.45.3.02a00010)

36.  Smil V. 2017 Energy and civilization. Cambridge, MA: MIT Press.

37.  Smaldino PE, Richerson PJ. 2013 Human cumulative cultural evolution as a form of distributed computation. In Handbook of human computation (ed. P Michelucci), pp. 979-992.
New York, NY: Springer. (doi:10.1007/978-1-4614-8806-4_76)

38.  de Vladar HP, Santos M, Szathmary E. 2017 Grand views of evolution. Trends Ecol. Evol. 32, 324-334. (doi:10.1016/j.tree.2017.01.008)

39.  ThurnerS, Hanel R, Klimek P. 2018 Introduction to the theory of complex systems. Oxford, UK: Oxford University Press.

40.  Smaldino PE. 2017 Models are stupid, and we need more of them. In Computational social psychology (eds RR Vallacher, SJ Read, A Nowak), pp. 311-331. New York, NY: Routledge.
(doi:10.4324/9781315173726-14)

41.  Axelrod R. 2007 Simulation in social sciences. In Handbook of research on nature-inspired computing for economics and management (ed. JP Rennard), pp. 90—100. New York, NY: IGI
Global. See http://services.igi-global.com/resolvedoi/resolve.aspx?doi=10.4018/978-1-59140-984-7.

42.  Fogarty L, Ammar M, Holding T, Powell A, Kandler A. 2022 Ten simple rules for principled simulation modelling. PLoS Comput. Biol. 18,1009917. (doi:10.1371/journal.pchi.1009917)

43.  Acerbi A. 2022 Individual-based models of cultural evolution: a step-by-step guide using R. New York, NY: Routledge. (doi:10.4324/9781003282068)

44.  Arthur WB, Polak W. 2006 The evolution of technology within a simple computer model. Complexity 11, 23-31. (doi:10.1002/cplx.20130)

45.  Enquist M, Ghirlanda S, Eriksson K. 2011 Modelling the evolution and diversity of cumulative culture. Phil. Trans. R. Soc. B 366, 412—423. (doi:10.1098/rstb.2010.0132)

46.  Henrich J. 2004 Demography and cultural evolution: how adaptive cultural processes can produce maladaptive losses—the Tasmanian case. Am. Antiq. 69, 197-214. (doi:10.2307/
4128416)

47.  Koppl R, Gatti RC, Devereaux A, Fath BD, Herriot J, Hordijk W, Kauffman S, Ulanowicz RE, Valverde S. 2023 Explaining technology. Cambridge, UK: Cambridge University Press.

48.  TriaF, Loreto V, Servedio VDP, Strogatz SH. 2014 The dynamics of correlated novelties. Sci. Rep. 4, 5890. (doi:10.1038/srep05890)

49.  Derex M, Perreault C, Boyd R. 2018 Divide and conquer: intermediate levels of population fragmentation maximize cultural accumulation. Phil. Trans. R. Soc. B 373, 20170062. (doi:
10.1098/rsth.2017.0062)

50.  Rivkin JW. 2000 Imitation of complex strategies. Manage. Sci. 46, 824—844. (doi:10.1287/mnsc.46.6.824.11940)

51.  Kauffman S, Macready W. 1995 Technological evolution and adaptive organizations. Complexity 1, 26—43. (doi:10.1002/cplx.6130010208)

52.  KauffmanS, Lobo J, Macready WG. 2000 Optimal search on a technology landscape. J. Econ. Behav. Organ. 43, 141-166. (doi:10.1016/50167-2681(00)00114-1)

$S705707 SL8E § 205y Ui iy qsy/jeumol/BioBuysygndiraposiefos

Downl oaded from http://royal soci et ypublishing.org/rstb/article-pdf/doi/10.1098/rstb. 2025. 0255/ 6132832/ r st b. 2025. 0255. pdf
by Brunel University user
on 22 April 2026


http://dx.doi.org/10.2307/j.ctvc77f0d
http://dx.doi.org/10.2307/j.ctvc77f0d
http://dx.doi.org/10.1057/s41599-019-0343-5
http://dx.doi.org/10.1111/brv.12053
http://dx.doi.org/10.1098/rspb.2018.0712
http://dx.doi.org/10.1098/rstb.2021.0400
http://dx.doi.org/10.1098/rsif.2022.0736
http://dx.doi.org/10.7551/mitpress/9894.003.0011
http://dx.doi.org/10.1007/s12064-016-0229-7
http://dx.doi.org/10.1098/rsif.2018.0395
http://dx.doi.org/10.1162/artl_a_00279
http://dx.doi.org/10.1098/rstb.2020.0311
http://dx.doi.org/10.1038/s41562-024-02035-y
http://dx.doi.org/10.1162/artl/_a/_00406
http://dx.doi.org/10.1162/artl_a_00276
http://dx.doi.org/10.1162/artl_a_00290
http://dx.doi.org/10.1007/s10539-007-9076-8
http://dx.doi.org/10.1162/ARTL_a_00254
http://dx.doi.org/10.1162/ARTL_a_00254
http://dx.doi.org/10.1007/s13752-015-0227-x
http://dx.doi.org/10.1162/artl_a_00277
http://dx.doi.org/10.1057/s41599-019-0361-3
http://dx.doi.org/10.1016/j.plrev.2022.11.012
http://dx.doi.org/10.1111/tops.70012
http://dx.doi.org/10.1162/ARTL_a_00210
http://dx.doi.org/10.1525/aa.1943.45.3.02a00010
http://dx.doi.org/10.1007/978-1-4614-8806-4_76
http://dx.doi.org/10.1016/j.tree.2017.01.008
http://dx.doi.org/10.4324/9781315173726-14
http://services.igi-global.com/resolvedoi/resolve.aspx?doi=10.4018/978-1-59140-984-7
http://dx.doi.org/10.1371/journal.pcbi.1009917
http://dx.doi.org/10.4324/9781003282068
http://dx.doi.org/10.1002/cplx.20130
http://dx.doi.org/10.1098/rstb.2010.0132
http://dx.doi.org/10.2307/4128416
http://dx.doi.org/10.2307/4128416
http://dx.doi.org/10.1038/srep05890
http://dx.doi.org/10.1098/rstb.2017.0062
http://dx.doi.org/10.1287/mnsc.46.6.824.11940
http://dx.doi.org/10.1002/cplx.6130010208
http://dx.doi.org/10.1016/S0167-2681(00)00114-1

53. " Mesoudi A, 0'Brien MJ. 2008 The cultural transmission of Great Basin projectile-point technology II: an agent-hased computer simulation. Am. Antig. 73, 627-644. (doi:10.1017/ n
$0002731600047338)

54.  Acerbi A, Tennie C, Nunn CL. 2011 Modeling imitation and emulation in constrained search spaces. Learn. Behav. 39, 104—114. (doi:10.3758/513420-010-0009-2)

55. Thompson B, Griffiths TL. 2021 Human biases limit cumulative innovation. Proc. R. Soc. B 288, 20202752. (doi:10.1098/rspb.2020.2752)

56.  Miton H, DeDeo S. 2022 The cultural transmission of tacit knowledge. J. R. Soc. Interface 19, 20220238. (doi:10.1098/rsif.2022.0238)

57. Kolodny 0, Creanza N, Feldman MW. 2015 Evolution in leaps: the punctuated accumulation and loss of cultural innovations. Proc. Nat/ Acad. Sci. USA 112, E6762-9. (doi:10.1073/
pnas.1520492112)

58.  (Creanza N, Kolodny 0, Feldman MW. 2017 Greater than the sum of its parts? Modelling population contact and interaction of cultural repertoires. J. R. Soc. Interface 14, 20170171.
(doi:10.1098/rsif.2017.0171)

59.  KauffmanS, Levin S. 1987 Towards a general theory of adaptive walks on rugged landscapes. J. Theor. Biol. 128, 11-45. (doi:10.1016/50022-5193(87)80029-2)

60.  Gavrilets S. 2004 Fitness landscapes and the origin of species. Princeton, NJ: Princeton University Press.(Monographs in Population Biology 41).

61.  Erwin DH. 2017 The topology of evolutionary novelty and innovation in macroevolution. Phil. Trans. R. Soc. B 372, 20160422. (doi:10.1098/rstb.2016.0422)

62.  Weitzman ML. 1998 Recombinant growth. Q. J. Econ. 113, 331-360. (doi:10.1162/003355398555595)

63.  Mesoudi A. 2011 Variable cultural acquisition costs constrain cumulative cultural evolution. PLoS One 6, €18239. (doi:10.1371/journal.pone.0018239)

64.  Lewis HM, Laland KN. 2012 Transmission fidelity is the key to the build-up of cumulative culture. Phil. Trans. R. Soc. B 367, 2171-2180. (doi:10.1098/rsth.2012.0119)

65.  lacopinil, Milojevic S, Latora V. 2018 Network dynamics of innovation processes. Phys. Rev. Lett. 120, 0483071. (doi:10.1103/PhysRevLett.120.048301)

66.  Steel M, Hordijk W, Kauffman SA. 2020 Dynamics of a birth-death process based on combinatorial innovation. J. Theor. Biol. 491, 110187. (doi:10.1016/j.jthi.2020.110187)

67. (Cazzolla Gatti R, Koppl R, Fath BD, Kauffman S, Hordijk W, Ulanowicz RE. 2020 On the emergence of ecological and economic niches. J. Bioecon. 22, 99-127. (doi:10.1007/510818-
020-09295-4)

68.  Horton DR. 1979 Tasmanian adaptation. Mankind 12, 28—34. (doi:10.1002/j.1996-8175.1979.th00462.x)

69. Lee ED, Kempes (P, West GB. 2024 Idea engines: unifying innovation & obsolescence from markets & genetic evolution to science. Proc. Natl Acad. Sci. USA 121, €2312468120. (doi:
10.1073/pnas.2312468120)

70.  Wagner A, Rosen W. 2014 Spaces of the possible: universal Darwinism and the wall between technological and biological innovation. J. R. Soc. Interface 11,20131190. (doi:10.1098/
rsif.2013.1190)

71. Jansson F, Aguilar E, Acerbi A, Enquist M. 2021 Modelling cultural systems and selective filters. Phil. Trans. R. Soc. B 376, 20200045. (doi:10.1098/rsth.2020.0045)

72.  Enquist M, Ghirlanda S, Hattiangadi A, Lind J, Gredebdck G. 2024 A joint future for cultural evolution and developmental psychology. Dev. Rev. 73, 101147. (doi:10.1016/j.dr.2024.
101147)

73.  Winters J, Charbonneau M. 2026 Subjective selection needs socially transmitted goals and culturally evolving problems. Behav. Brain Res. (doi:10.31235/0sf.io/52z7k _v1)

74.  Boyd R, Richerson PJ. 1988 Culture and the evolutionary process. Chicago, IL: University of Chicago Press.

75.  Maslow AH. 1943 A theory of human motivation. Psychol. Rev. 50, 370—396. (doi:10.1037/h0054346)

76.  Simon HA, Newell A. 1971 Human problem solving: the state of the theory in 1970. Am. Psychol. 26, 145-159. (doi:10.1037/h0030806)

77.  Singh M. 2022 Subjective selection and the evolution of complex culture. Evol. Anthrapol. 31, 266—280. (doi:10.1002/evan.21948)

78.  Bentley RA, Hahn MW, Shennan SJ. 2004 Random drift and culture change. Proc. R. Soc. B 271, 1443—1450. (doi:10.1098/rspb.2004.2746)

79.  Rice SH. 2004 Evolutionary theory: mathematical and conceptual foundations. Sunderland, MA: Sinauer Associates.

80.  Nowak MA, Tarnita CE, Antal T. 2010 Evolutionary dynamics in structured populations. Phil. Trans. R. Soc. B 365, 19-30. (doi:10.1098/rsth.2009.0215)

81.  MesoudiA. 2021 Cultural selection and biased transformation: two dynamics of cultural evolution. Phil. Trans. R. Soc. B 376, 20200053. (doi:10.1098/rsth.2020.0053)

82.  Wolpert DH, Harper K. 2024 The computational power of a human society: a new model of social evolution. arXiv. (doi:10.31235/0sf.io/qj83z_v1)

83.  André JB, Baumard N. 2020 Cultural evolution by capital accumulation. Evol. Hum. Sci. 2, e18. (doi:10.1017/ehs.2020.19)

84.  Boserup E. 1991 Agricultural growth and population change. In The world of economics (eds ) Eatwell, M Milgate, P Newman), pp. 1-14. New York, NY: Springer. (doi:10.1007/978-
1-349-21315-3_1)

85.  Dow GK, Reed CG. 2011 Stagnation and innovation before agriculture. J. Econ. Behav. Organ. 77, 339-350. (doi:10.1016/j.jeb0.2010.11.006)

86.  Tainter JA. 1988 The collapse of complex societies. Cambridge, UK: Cambridge University Press.(New studies in archaeology).

87.  Diamond JM. 2005 Collapse: how societies choose to fail or succeed. New York, NY: Viking.

88.  Tainter JA. 2000 Problem solving: complexity, history, sustainability. Popul. Environ. 22, 3-41. (doi:10.1023/A:1006632214612)

89. Efferson C, Richerson PJ, Weinberger VP. 2024 Our fragile future under the cumulative cultural evolution of two technologies. Phil. Trans. R. Soc. B 379, 20220257. (doi:10.1098/rsth.
2022.0257)

90.  Segovia-Martin J, Creutzig F, Winters J. 2023 Efficiency traps beyond the climate crisis: exploration-exploitation trade-offs and rebound effects. Phil. Trans. R. Soc. B 378, 20220405.
(doi:10.1098/rsth.2022.0405)

91.  Nicholas Taleb N. 2021 Bitcoin, currencies, and fragility. Quant. Finance 21, 1249-1255. (doi:10.1080/14697688.2021.1952702)

92.  Seoane LF, Solé R. 2023 How Turing parasites expand the computational landscape of digital life. Phys. Rev. £ 108, 044407. (doi:10.1103/PhysRevE.108.044407)

93.  Kauffman SA. 2014 Prolegomenon to patterns in evolution. BioSystems 123, 3—8. (doi:10.1016/j.biosystems.2014.03.004)

94.  Coccia M, Watts J. 2020 A theory of the evolution of technology: technological parasitism and the implications for innovation magement. J. £ng. Technol. Manag. 55, 101552. (doi:
10.1016/j.jengtecman.2019.11.003)

95.  Levenshtein VI. 1975 On the minimal redundancy of binary error-correcting codes. Inf. Control 28, 268—291. (doi:10.1016/50019-9958(75)90300-9)

96.  Adami C. 2002 What is complexity? Bioessays 24, 1085—-1094. (doi:10.1002/bies.10192)

97.  Simon HA. 1973 The structure of ill structured problems. Artif. Intell. 4, 181-201. (doi:10.1016/0004-3702(73)90011-8)

98.  Gisler M, Sornette D. 2009 Exuberant innovations: the Apollo program. Soc. Sci. Public Policy 46, 55—68. (doi:10.1007/512115-008-9163-8)

99.  Sigaud 0, Baldassarre G, Colas C, Doncieux S, Duro R, Oudeyer PY, Perrin-Gilbert N, Santucci VG. 2023 A definition of open-ended learning problems for goal-conditioned agents. arXiv
(doi:10.48550/arXiv.2311.00344)

100. Richerson PJ, Boyd R, Bettinger RL. 2009 Cultural innovations and demographic change. Hum. Biol. 81, 211-235. (doi:10.3378/027.081.0306)

101.  Nakahashi W, Wakano JY, Henrich J. 2012 Adaptive social learning strategies in temporally and spatially varying environments: how temporal vs. spatial variation, number of cultural
traits, and costs of learning influence the evolution of conformist-biased transmission, payoff-biased transmission, and individual learning. Hum. Nat. 23, 386—418. (doi:10.1007/
$12110-012-9151-y)

SST05207 £18 905 Y Ubil g sy/eunol/bioBusigndfyanosiefos

Downl oaded from http://royal soci et ypublishing.org/rstb/article-pdf/doi/10.1098/rstb. 2025. 0255/ 6132832/ r st b. 2025. 0255. pdf
by Brunel University user
on 22 April 2026


http://dx.doi.org/10.1017/S0002731600047338
http://dx.doi.org/10.1017/S0002731600047338
http://dx.doi.org/10.3758/s13420-010-0009-z
http://dx.doi.org/10.1098/rspb.2020.2752
http://dx.doi.org/10.1098/rsif.2022.0238
http://dx.doi.org/10.1073/pnas.1520492112
http://dx.doi.org/10.1073/pnas.1520492112
http://dx.doi.org/10.1098/rsif.2017.0171
http://dx.doi.org/10.1016/S0022-5193(87)80029-2
http://dx.doi.org/10.1098/rstb.2016.0422
http://dx.doi.org/10.1162/003355398555595
http://dx.doi.org/10.1371/journal.pone.0018239
http://dx.doi.org/10.1098/rstb.2012.0119
http://dx.doi.org/10.1103/PhysRevLett.120.048301
http://dx.doi.org/10.1016/j.jtbi.2020.110187
http://dx.doi.org/10.1007/s10818-020-09295-4
http://dx.doi.org/10.1007/s10818-020-09295-4
http://dx.doi.org/10.1002/j.1996-8175.1979.tb00462.x
http://dx.doi.org/10.1073/pnas.2312468120
http://dx.doi.org/10.1098/rsif.2013.1190
http://dx.doi.org/10.1098/rsif.2013.1190
http://dx.doi.org/10.1098/rstb.2020.0045
http://dx.doi.org/10.1016/j.dr.2024.101147
http://dx.doi.org/10.1016/j.dr.2024.101147
http://dx.doi.org/10.31235/osf.io/52z7k_v1
http://dx.doi.org/10.1037/h0054346
http://dx.doi.org/10.1037/h0030806
http://dx.doi.org/10.1002/evan.21948
http://dx.doi.org/10.1098/rspb.2004.2746
http://dx.doi.org/10.1098/rstb.2009.0215
http://dx.doi.org/10.1098/rstb.2020.0053
http://dx.doi.org/10.31235/osf.io/qj83z_v1
http://dx.doi.org/10.1017/ehs.2020.19
http://dx.doi.org/10.1007/978-1-349-21315-3_1
http://dx.doi.org/10.1007/978-1-349-21315-3_1
http://dx.doi.org/10.1016/j.jebo.2010.11.006
http://dx.doi.org/10.1023/A:1006632214612
http://dx.doi.org/10.1098/rstb.2022.0257
http://dx.doi.org/10.1098/rstb.2022.0257
http://dx.doi.org/10.1098/rstb.2022.0405
http://dx.doi.org/10.1080/14697688.2021.1952702
http://dx.doi.org/10.1103/PhysRevE.108.044407
http://dx.doi.org/10.1016/j.biosystems.2014.03.004
http://dx.doi.org/10.1016/j.jengtecman.2019.11.003
http://dx.doi.org/10.1016/S0019-9958(75)90300-9
http://dx.doi.org/10.1002/bies.10192
http://dx.doi.org/10.1016/0004-3702(73)90011-8
http://dx.doi.org/10.1007/s12115-008-9163-8
http://dx.doi.org/10.48550/arXiv.2311.00344
http://dx.doi.org/10.3378/027.081.0306
http://dx.doi.org/10.1007/s12110-012-9151-y
http://dx.doi.org/10.1007/s12110-012-9151-y

102.
103.
104.
105.
106.

107.
108.
109.
110.
m.
12.

113.
4.
115.

116.
17.

118.
119.
120.
121.

122.
123.
124.

Odling-Smee FJ, Laland KN, Feldman MW. 1996 Niche construction. Am. Nat. 147, 641—648. (doi:10.1086/285870)

Tenner E. 1997 Why things bite back: technology and the revenge of unintended consequences. New York, NY: Vintage.

Mokyr J. 2018 The past and the future of innovation: some lessons from economic history. Explor. Econ. Hist. 69, 13—26. (doi:10.1016/j.eeh.2018.03.003)

McShea DW, Wang SC, Brandon RN. 2019 A quantitative formulation of biology’s first law. Evolution 73, 1101-1115. (doi:10.1111/ev0.13735)

Stout D. 2024 Stability and change in Paleolithic toolmaking. In The evolution of techniques: rigidity and flexibility in use, transmission, and innovation (ed. M Charbonneau), pp.
139-158. Cambridge, MA: MIT Press. (doi:10.7551/mitpress/15181.003.0014)

Billiard S, Alvergne A. 2018 Stochasticity in cultural evolution: a revolution yet to happen. Hist. Phil. Life Sci. 40, 9. (doi:10.1007/540656-017-0173-y)

Leroi AM, Lambert B, Rosindell J, Zhang X, Kokkoris GD. 2020 Neutral syndrome. Nat. Hum. Behav. 4, 780—790. (doi:10.1038/541562-020-0844-7)

Bentley RA, Carrignon S, Ruck DJ, Valverde S, 0'Brien MJ. 2021 Neutral models are a tool, not a syndrome. Nat. Hum. Behav. 5, 807—-808. (doi:10.1038/s41562-021-01149-x)
Enquist M, Ghirlanda S, Jarrick A, Wachtmeister CA. 2008 Why does human culture increase exponentially? Theor. Popul. Biol. 74, 46-55. (doi:10.1016/j.tpb.2008.04.007)

Richerson PJ, Boyd R, Bettinger RL. 2009 Cultural innovations and demographic change. Hum. Biol. 81, 211-235. (doi:10.1353/hub.2009.2362935)

Steffen W, Broadgate W, Deutsch L, Gaffney O, Ludwig C. 2015 The trajectory of the Anthropocene: the Great Acceleration. Anthropocene Rev. 2, 81-98. (doi:10.1177/
2053019614564785)

Powell A, Shennan S, Thomas MG. 2009 Late Pleistocene demography and the appearance of modern human behavior. Science 324, 1298-1301. (doi:10.1126/science.1170165)
Box GEP. 1976 Science and statistics. J. Am. Stat. Assoc. 71,791-799. (doi:10.1080/01621459.1976.10480949)

Dembitzer J, Barkai R, Ben-Dor M, Meiri S. 2022 Levantine overkill: 1.5 million years of hunting down the body size distribution. Quat. Sci. Rev. 276, 107316. (doi:10.1016/j.quascirev.
2021.107316)

Cowen T. 2011 The great stagnation: how America ate all the low-hanging fruit of modern history, got sick, and will (eventually) feel better. London, UK: Penguin.

Jones BF. 2009 The burden of knowledge and the ‘Death of the Renaissance Man': is innovation getting harder? Rev. Econ. Stud. 76, 283-317. (doi:10.1111/j.1467-937X.2008.00531.
X)

March JG. 1991 Exploration and exploitation in organizational learning. Organ. Sci. 2, 71-87. (doi:10.1287/0rsc.2.1.71)

Hills TT, Todd PM, Lazer D, Redish AD, Couzin ID. 2015 Exploration versus exploitation in space, mind, and society. Trends Cogn. Sci. 19, 46—54. (doi:10.1016/j.tics.2014.10.004)
Berger-Tal 0, Nathan J, Meron E, Saltz D. 2014 The exploration-exploitation dilemma: a multidisciplinary framework. PLoS One 9, €95693. (doi:10.1371/journal.pone.0095693)
Krafft PM, Shmueli E, Griffiths TL, Tenenbaum JB. 2021 Bayesian collective learning emerges from heuristic social learning. Cognition 212, 104469. (doi:10.1016/j.cognition.2020.
104469)

Levin SA. 2014 Public goods in relation to competition, cooperation, and spite. Proc. Natl Acad. Sci. USA 111, 10838—10845. (doi:10.1016/50022-5193(87)80029-2)

Crema ER. 2014 A simulation model of fission—fusion dynamics and long-term settlement change. J. Archaeol. Method Theory 21, 385—-404. (doi:10.1007/510816-013-9185-4)
Madsen A, de Silva S. 2024 Societies with fission—fusion dynamics as complex adaptive systems: the importance of scale. Phil. Trans. R. Soc. B379, 20230175. (doi:10.1098/rstb.2023.
0175)

Downl oaded from http://royal soci et ypublishing.org/rstb/article-pdf/doi/10.1098/rstb. 2025. 0255/ 6132832/ r st b. 2025. 0255. pdf
by Brunel University user

on 22 April 2026

$5205207 “L8E § 905y Suoi g qsyjeumolSiobusygndbaposiefos by


http://dx.doi.org/10.1086/285870
http://dx.doi.org/10.1016/j.eeh.2018.03.003
http://dx.doi.org/10.1111/evo.13735
http://dx.doi.org/10.7551/mitpress/15181.003.0014
http://dx.doi.org/10.1007/s40656-017-0173-y
http://dx.doi.org/10.1038/s41562-020-0844-7
http://dx.doi.org/10.1038/s41562-021-01149-x
http://dx.doi.org/10.1016/j.tpb.2008.04.007
http://dx.doi.org/10.1353/hub.2009.a362935
http://dx.doi.org/10.1177/2053019614564785
http://dx.doi.org/10.1177/2053019614564785
http://dx.doi.org/10.1126/science.1170165
http://dx.doi.org/10.1080/01621459.1976.10480949
http://dx.doi.org/10.1016/j.quascirev.2021.107316
http://dx.doi.org/10.1016/j.quascirev.2021.107316
http://dx.doi.org/10.1111/j.1467-937X.2008.00531.x
http://dx.doi.org/10.1111/j.1467-937X.2008.00531.x
http://dx.doi.org/10.1287/orsc.2.1.71
http://dx.doi.org/10.1016/j.tics.2014.10.004
http://dx.doi.org/10.1371/journal.pone.0095693
http://dx.doi.org/10.1016/j.cognition.2020.104469
http://dx.doi.org/10.1016/j.cognition.2020.104469
http://dx.doi.org/10.1016/S0022-5193(87)80029-2
http://dx.doi.org/10.1007/s10816-013-9185-4
http://dx.doi.org/10.1098/rstb.2023.0175
http://dx.doi.org/10.1098/rstb.2023.0175

	Modelling the emergence of open-ended cultural evolution
	Introduction
	Model description: bitw0r1d
	State variables: cultural systems () and search spaces ()
	Effectiveness: 
	Complexity:  and 

	Resources: 
	Producing resources: 
	Allocating resources:  and 

	Cultural evolutionary dynamics
	Generative dynamics: 
	Adoption dynamics:  and 

	Simulation runs and boundary conditions

	Results
	Discussion
	Conclusion
	References


