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Abstract

This thesis examines the impact of several factors affecting cultural transmission, such as transmission

mode, population size, social network structure, and rate of replacement, on the emergence of a

preference for compositionality. It also investigates the impact of individual learning mechanisms, such

as the impact of new evidence and the strength of a simplicity bias. Using an agent-based model with

Bayesian learners, I replicate earlier findings that a preference for compositionality emerges due to

a trade-off between compressibility and expressivity. When agents learn from multiple teachers, a

preference for compositionality can emerge even with a relatively weak simplicity bias. Population size

and network structure do not seem to impact the emergence of preference for compositionality, though

this might be due to the limited possibility for input variability in the model.
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Chapter 1 – Introduction

It has been proposed that studying the evolution of human language could be the hardest problem

in science (Kirby & Christiansen, 2003). One major difficulty is the fact that spoken and signed

languages have not left behind any direct fossils to study (Arnon et al., 2025; Fitch, 2010). To

overcome these problems, the field of language evolution uses a broad set of diverse methodologies from

various scientific disciplines. Examples are computer simulations, laboratory experiments with artificial

languages, fieldwork investigating recently emerged sign languages, or comparative studies with animal

communication systems (Fitch, 2010; Raviv & Boeckx, 2025; Steels, 2011b). By combining insights

from these different fields, researchers can gain more insight into how language emerged and evolved.

A widely proposed theory is that language evolved through interactions of three processes that operate

on different time scales: individual language learning and use, cultural evolution, and biological

evolution (Arnon et al., 2025; Kirby et al., 2007). More precisely, genes shape the learning mechanisms

that in turn influence the outcomes of cultural evolution, and these outcomes modify the fitness

landscape, as shown in Figure 1.1.

Cultural
Evolution

Biological
Evolution

Individual
Learning

Emergent universals
affect fitness landscape

Genes shape
learning mechanisms

Learning mechanisms
determine cultural dynamics

Figure 1.1: Language evolution is affected by the interactions between three processes operating on
different time scales: Individual learning, cultural evolution, and biological evolution. Adapted from
Figure 1 in Kirby et al. (2007).
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This thesis focuses on the emergence of one specific property of language, compositionality, which has

been defined as follows:

Compositionality : The meaning of a complex expression is compositional if it is determined by

its structure and the meanings of its constituents.(Pickel & Szabó, 2025).

Compositionality, sometimes more broadly referred to as linguistic structure, is seen as one of the

core features of language: “Anything that deserves to be called a language must contain meaningful

expressions built up from other meaningful expressions” (Pickel & Szabó, 2025). Together with

recursion, compositionality allows us to generate infinitely many meaningful sentences from a finite set

of units, and to generalize to novel, unseen situations (Partee et al., 1995). Consider, for example, the

phrase “indigo coffee mug”. While it is likely that you have never heard this precise combination of

words before, you can still understand it, thanks to your knowledge of the individual word meanings

and the compositional nature of language.

Learning more about how compositionality evolved not only teaches us more about what pressures

shaped language to be the powerful communication system that it is today, but it might also in-

form us how we can guide artificial communication systems (e.g., neural agents or robots) towards

compositionality, and thus more effective communication.

Over the past 25 years, a growing body of work has focused on the emergence of compositionality,

with an emphasis on the cultural evolution of language (Arnon et al., 2025; Tamariz & Kirby, 2016).

This stands in contrast to earlier work that tried to explain linguistic structure through biological

evolution (e.g., Pinker & Bloom, 1990). From this cultural-evolutionary perspective, linguistic structure

emerges through repeated cycles of cultural transmission, as language is used between individuals and

across generations. Multiple modes of cultural transmission can be distinguished, such as horizontal

transmission (interactions within one generation), vertical transmission (cross-generational interactions

between biologically related members), and oblique transmission (cross-generational interactions

between unrelated members) (Cavalli-Sforza & Feldman, 1981; Gong, 2010). Next to these transmission

types, other aspects of transmission dynamics—such as population size and social network structure

(who interacts with whom)—also seem to play an important role in shaping languages (e.g., Gong

et al., 2011; Josserand et al., 2021, 2024; Lupyan & Dale, 2010; Raviv et al., 2019b, 2020).

However, how precisely the different transmission modes and other aspects of transmission dynamics

interact with the emergence of compositionality remains unknown. Moreover, as illustrated in Figure 1.1,

the results of cultural evolution are influenced by individual learning mechanisms. To obtain a

comprehensive understanding of how compositionality emerges, this thesis investigates both the effects

of transmission dynamics and the role of individual learning mechanisms on the emergence of a

preference for compositionality. Accordingly, the research questions addressed in this thesis are divided

into two categories:

Cultural Transmission:

(i) How do horizontal, vertical, and combined modes of transmission impact the emergence of

compositionality?

(ii) How does population size impact the emergence of compositionality in a setting with both

horizontal and vertical transmission?
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(iii) How does social network structure impact the emergence of compositionality?

(iv) How does the rate of agent replacement affect the emergence of compositionality?

Individual Learning Mechanisms:

(v) How does regulating the impact of new evidence modify the emergence of compositionality

under different transmission modes?

(vi) How does the strength of a simplicity bias influence the emergence of compositionality?1

The remainder of this thesis is structured as follows. First, I review the relevant literature in Chapter 2.

Then, Chapter 3 introduces the Computational Framework, the agent-based model with Bayesian

learners, that serves as the foundation for all experiments in this thesis. Chapter 4 presents experiments

addressing research questions on Cultural Transmission (i-iv). Chapter 5 contains the experiments

addressing the research questions on the individual learning mechanisms (v and vi). Chapter 6 revisits

research questions (ii) and (iii), integrating insights from both Chapter 4 and Chapter 5. Lastly,

Chapter 7 presents the general discussion and conclusions.

1The simplicity bias is in this case a preference for more compressible languages, which will be explained in more
detail in Subsection 3.3.1
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Chapter 2 – Literature Review

In this literature review, I will discuss previous work using two different methodological approaches

commonly used in the area of language evolution, namely computer simulations and artificial language

learning in the lab. The reason for focusing on these two methods is that both allow for systemic

manipulation of variables in controlled conditions, which is less straightforward to do with, for example,

fieldwork investigating newly emerging sign languages (Sandler et al., 2025). I begin by broadly outlining

these two methods and will discuss their strengths, weaknesses, and related fields. Then I will go into

more detail on previous work regarding compositionality and the three factors influencing cultural

transmission: i) horizontal and vertical transmission (and their combination), ii) population size, and

iii) network structures. Each factor is addressed in a separate section; the section on transmission

modes also includes some previous work concerning individual learning mechanisms.

2.1.1 Artificial Language Learning in the Lab

Over the past two decades, researchers have investigated newly emerging language systems in controlled

laboratory settings. In these kinds of studies, participants had to learn an artificial language or play

a communication game, which were designed to simulate aspects of language evolution. To limit

the impact of a participant’s linguistic knowledge, many different communication media were used.

Examples of these novel ways of communicating include, for example, silent gesture experiments (e.g.,

Motamedi et al., 2019), communicating with a sliding whistle (Verhoef, 2012; Verhoef et al., 2014), a

drawing pad (e.g., Roberts et al., 2015), or an artificial language (e.g., Kirby et al., 2008). An advantage

of these lab experiments is the highly controllable setting, where a researcher can carefully design

experiments to investigate specific cognitive, social, or cultural pressures that might impact language

change. Another advantage is that since these experiments are done with human participants, real-life

cognitive biases and learning mechanisms are included. A downside is, however, that all participants

are language-capable and have a “language-ready” brain, which might constrain the generalizability of

the results. Additionally, these artificial settings cannot fully mimic how language changes in the real

world. Lastly, practical constraints such as time, funding, and ethical considerations further limit the

scale and scope of these kinds of experiments.

2.1.2 Computational Simulations

Computer simulations are widely used in the field of language evolution (Raviv & Boeckx, 2025). One

of the advantages of computational work is the fact that researchers have to be very explicit about the
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assumptions they make (Smaldino, 2017). Sometimes it is argued that a formal model is too simple;

often, many details that we see in the real world are purposely omitted or ignored. Smaldino (2017)

argues that the simplicity of a formal model might just be one of its strengths: this simplicity allows for

a clear articulation of all the parts of the system, as well as the relationships between these parts. An

incorrect model might help to suggest which features cannot be left out. A simple model can be used

as a starting point, from which it can be expanded to make the model more realistic. Furthermore,

computer simulations allow one to easily adjust and investigate different parameter settings, scale up

certain aspects of a simulation, such as population size or the time span over which it runs, allowing

one to explore settings that can not be achieved in the laboratory (Raviv & Boeckx, 2025). Earlier

models in the field were often symbolic (e.g., Griffiths & Kalish, 2007; Kirby & Hurford, 2002), while

recently the focus has shifted towards deep-learning models (see Lazaridou & Baroni, 2020, for an

overview). In this review, the discussion of deep-learning models is limited to multi-agent systems

that explicitly investigate the linguistic properties of emergent communication (Chaabouni et al., 2020,

2022, e.g., ), rather than task-driven multi-agent reinforcement learning work that mostly focuses on

solving coordination problems (e.g., Foerster et al., 2016; Lowe et al., 2017). Additionally, while work

on multi-agent systems in the field of, for example, game theory, signaling games, or epistemology

might be relevant (e.g., Shoham & Leyton-Brown, 2008), these formal models are not discussed to

keep the scope focused on work that directly investigates the emergence of compositionality. Finally, it

should be noted that computational models have some limitations: their simplicity and abstract nature

harm the ecological validity, and they lack empirical validation (Smaldino, 2017); insights should be

complemented by data from laboratory experiments, corpus data, or fieldwork. Other fields that are

related, but beyond the scope of this review, are, for example: swarm robotics (e.g., Brambilla et al.,

2013), or evolutionary computing (e.g., Eiben & Smith, 2015).

This thesis will employ the latter methodological approach: computational simulations. The primary

reason for this is convenience, as designing and conducting experiments to address the research questions

of this thesis is both time-consuming and costly. However, I would like to emphasize the importance of

including empirical validation of computational models. If your model is not behaving similarly to

empirical observations, it indicates that the computational model needs refinement. Adjusting, for

example, assumptions or the model’s simplicity could bring the model closer to real-world dynamics.

Then, a more refined model can be used to investigate complex scenarios that would be difficult or

impossible to test experimentally.

2.2 Transmission Modes

As briefly mentioned in Chapter 1, one can make the distinction between three modes of cultural

transmission: i) Horizontal transmission—interactions between members of the same generation; ii)

Vertical transmission—interactions between members of different generations who are biologically

related; and iii) Oblique transmission—interactions between members of different generations who

are not biologically related (Cavalli-Sforza & Feldman, 1981; Gong, 2010). However, the distinction

between vertical and oblique transmission is often blurred, since computational models do not always

include information about biological relatedness, and in lab experiments, biological relatedness is

typically not included either, as participants are usually unrelated. For this reason, I will adopt a
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simplified distinction: horizontal transmission, referring to peer-to-peer interactions within the same

generation, and vertical transmission, referring to interactions between different generations, regardless

of biological relatedness.

diffusion chain

micro-society

dyad dyad + chain

Figure 2.1: Illustration of cultural transmission modes: vertical transmission (across generations),
horizontal transmission (within generation), and their combination.

2.2.1 Vertical Transmission

Iterated learning is based on the principle that language is passed on from generation to generation

(i.e., vertical transmission), where a learner learns from data produced by the previous generation,

who in turn learned the same way. Since the 1990s, a series of computer simulations has been used to

show that compositionality can arise due to cultural transmission alone, once certain biases or learning

strategies are in place. These models left out any natural selection or biological evolution (Kirby,

2017; Kirby et al., 2014). While many different models and learning mechanisms were considered

(Batali, 2002; Brighton, 2002; Brighton et al., 2005; Kirby, 2000, 2002; Kirby & Hurford, 2002; Smith

et al., 2003) overall results showed similarities: if a simulation started with unstructured language,

compositionality would eventually arise as the language was passed on through generations (Kirby,

2017).2 What seemed to impact the rate at which compositionality arises is the so-called information

bottleneck, or in other words, the amount of data a learner observes. If a learner observed very little

data, compositionality would arise faster than when more data was available. In the real world, this

bottleneck can be compared to the limited data a child observes when they learn a language. All in all,

this wide range of models suggests that the emergence of compositionality could be entirely explained

by vertical transmission, if one assumes that certain learning strategies or inductive biases are already

in place (Kirby, 2017).

To clarify the effect of innate constraints and biases on the emergence of compositionality, Griffiths and

Kalish (2007) introduced the Bayesian approach to iterated learning. This allows one to make explicit

assumptions about what the prior inductive biases of the learner are, while over time, the learner will

be affected by the data they are exposed to (Kirby, 2017). In these Bayesian models, Bayes’ rule is

used to update hypothesis of an agent which is based on their prior inductive bias and observed data:

P (h|d) ∝ P (d|h)P (h)

2Examples of these different model types and learning mechanisms are neural networks, symbolic models based on
grammar induction and exemplar learning.
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where d is observed data, h the hypothesis, P (h) the prior and P (d|h) the likelihood of observing

the data given the hypothesis. In these models, the data, d, can be thought of as observed words or

sentences, while each hypothesis h represents a language (Kirby, 2017). Since the process of iterated

learning can be described as a Markov Chain, one can investigate its long-term behavior by calculating

the transition matrices and stationary distributions (Griffiths & Kalish, 2007). Griffiths and Kalish

(2007) found that the way in which the agent selects their hypothesis, so sampling from the distribution

or MAP (maximum a posteriori), impacts the stationary distribution. In the case where agents

sample their hypothesis (and learn from only one teacher), the stationary distribution converges to

a distribution precisely the same as the prior, where the size of the bottleneck has no effect. For

MAP-learners, the stationary distribution was close to, but not completely the same as the prior. Since

both mechanisms lead to a stationary distribution close to, or exactly the same as the prior, they

concluded that iterated learning reflects the innate biases of the learners (Griffiths & Kalish, 2007).

Later work showed that exact convergence to the prior breaks down when learners learn from multiple

teachers, if the agent is assuming to learn a single language (Smith, 2009). Kirby et al. (2007) showed

that a weak bias can be strengthened through the process of iterated learning. Assuming that agents

pick an hypothesis that disproportionally favors hypotheses with a higher posterior probability (of

which MAP is the most extreme option), their experiment in a Bayesian Iterated Framework showed

that, regardless of the strength of the initial bias for regularity, the stationary distribution showed a

similar preference for regularity. In settings where the information bottleneck was smaller, i.e., the

agent learned from fewer datapoints, the stationary distribution favors more regularity in comparison

to a larger bottleneck.

Kirby et al. (2008) introduced an experimental iterated learning paradigm, which has been used

in several different studies since then (see Tamariz and Kirby (2016) for an overview). These lab

experiments allow us to relate the results from computer simulations to the learning abilities and

inductive biases of real human learners. Participants were asked to learn an “artificial language”,

where made-up written labels were matched to visual stimuli. Each visual stimulus has 3 features:

shape, color, and motion, which all vary over 3 possible values3, resulting in a total of 27 stimuli.

Initially, the labels paired with visual stimuli lacked systematic structure. The set-up makes use of

“diffusion-chains”: the first participant learns from data generated by the researchers while subsequent

participants learn from their predecessor’s output (see Figure 2.1). In total, the diffusion chain consisted

of 10 participants. Based on the results from the computational models, it was expected that as

the language was passed over generations, the labels would become more learnable and structured

(reflecting the inductive biases of the participants). Results confirmed that the labels became more

learnable and structured over time; however, the language also became ambiguous, as the same label

was used for several stimuli. In the second experiment, discussed in the same paper, the researchers

manually filtered ambiguous picture-label pairs and found that the final language showed signs of

compositionality.

To summarize, research using the iterated learning paradigm (both computational models and ex-

periments) has shown that compositionality can arise due to vertical transmission of the language in

combination with inductive biases of learners.

3Square, circle, triangle; black, blue, or red; horizontal, bouncing, or spiraling motion for the shape, color, and motion,
respectively
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2.2.2 Horizontal Transmission

One of the pioneers in computational models investigating the impact of horizontal transmission on

language is Luc Steels, who introduced the Language Game Paradigm (Steels, 1995, 1997, 2012). In a

language game, virtual or robotic agents who are grounded in an environment create a shared lexicon

through interaction and negotiation. During one iteration of the language game, an agent from the

population is selected as speaker, and another as hearer. The speaker’s goal is to convey information

on something in the environment to the hearer. Usually, agents have some kind of grammar, which can

contain meanings, categories, or structures. If communication is successful, the used linguistic elements

are reinforced, while if communication fails, the elements are altered or removed from the speaker’s

internal grammar, or the hearer updates their grammar to contain the new elements (Van Eecke

et al., 2018). The language game paradigm has been used to investigate emergent vocabularies of

proper names (e.g., Steels, 1995), the emergence of concepts (e.g., Steels, Belpaeme, et al., 2005),

and the emergence of grammar (Van Eecke et al., 2018). Luc Steels and colleagues also introduced

‘Fluid Construction Grammar’ (FCG), which is a computational platform for developing grammars

from a constructional perspective (De Beule & Steels, 2005; Steels, 2011a, 2017). Broadly speaking,

FCG is a system that is based on form-meaning mappings, which are called constructs. From these

constructs, one can simulate production (meaning to form) and comprehension (form to meaning)

(Beuls & Van Eecke, 2023). Agents start with an empty set of constructs and build their grammar

through interactions with other agents.4 Some earlier experiments combined the language game

paradigm and FCG and explicitly investigated the emergence of compositional structure. For instance,

De Beule and Bergen (2006) investigated whether compositional languages could occur within one

generation and in a setting where language change is driven by communicative success. When an agent

came across a new meaning, they could either create a new form for the entire meaning (holistically)

or, if they already had a form for part of the meaning, they could come up with a compositional

representation. Compositionality emerged in settings where agents had to communicate about atomic

and more complex expressions. It also appeared when agents were themselves ‘cognitively’ limited, i.e.,

they ignored complex expressions until a certain level of communicative success was reached. Similarly,

De Beule (2008) showed that compositionality, recursion, and hierarchy can emerge within the same

generation, due to agents striving for communicative success, arguing that vertical transmission is not

necessary.

More recently, language emergence has been studied in settings with neural agents (see Lazaridou &

Baroni, 2020; Peters et al., 2025; Rita et al., 2024, for overviews). Often, these simulations make use of

a version of the Lewis Signaling Game (Lewis, 1969).5 In this simple communication game, one agent

is the sender and the other the receiver. After the sender observes a state, they generate a message

and send it to the receiver. The receiver then takes some action based on this message. This simple

version of the game resembles the dyad setting, as depicted in Figure 2.1. An advantage of these

neural models is that communication is much more open-ended compared to the older symbolic models,

where either some grammar was already in place (e.g., Vogt, 2007), or agents relied on predefined

4A detailed explanation of the precise workings of FCG is beyond the scope of this thesis, but see Steels (2017) for an
introduction and Beuls and Van Eecke (2023) for a description of the state of the art.

5While Steels’ language games and Lewis’ signaling games are closely related, Steels does not explicitly cite Lewis, and
most deep-learning research on emergent communication builds on Lewis’ framework, with only an occasional reference to
Steels’ work.
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form-meaning mappings. Neural agents develop a protocol from scratch, often in an unsupervised

setting, and thus allow for a more flexible testbed for studying language emergence (Lazaridou &

Baroni, 2020). Furthermore, the framework allows for exploring more complex environments, such

as using images as input or having agents navigate in a 2D or 3D environment (Lazaridou & Baroni,

2020). Agents generally learn via reinforcement learning or Gumbel-softmax (Lazaridou & Baroni,

2020). Of key interest in many of these studies is whether the communication protocol that emerges

has natural language-like properties, where many studies focused on compositionality specifically (e.g.,

Chaabouni et al., 2020; Kottur et al., 2017; Lazaridou et al., 2018; Resnick et al., 2020). Often,

the level of compositionality of the protocol is measured using topographic similarity (Brighton &

Kirby, 2006), which captures the correlation between the distances in the meaning and signaling space.

Recently, alternative metrics have been proposed to capture non-trivial compositionality (Korbak et al.,

2020), or more intricate measures of compositionality that for example take positional disentanglement

into account (Chaabouni et al., 2020).6 While the emergent protocols do not always show signs of

compositionality (Kottur et al., 2017), various studies have shown that factors such as introducing

strangers (Cogswell et al., 2019; Ren et al., 2020), or communicating in a noisy environment (Kuciński

et al., 2021) increase the level of compositionality of the emerged communication protocol.

The field of Experimental Semiotics focuses specifically on the emergence of new communication

systems with the use of laboratory experiments (Galantucci, 2009; Galantucci & Garrod, 2011). Some

of these experiments are focused on the vertical transmission of language (e.g., Kirby et al., 2008,

2015), while others study the horizontal transmission by having participants communicate in dyads or

micro-societies (Tamariz & Kirby, 2016).

Fay et al. (2010), for example, arranged participants in either micro-societies or isolated pairs to play a

“Pictionary” game, where pairs communicated about items using only drawings. In the micro-society

condition, participants switched partners after a couple of rounds. For both conditions, they observed

that signals started iconic, but became simpler and more symbolic over time. Furthermore, they

highlight the difference between an iterated learning setting, where the final communication system

reflects participants’ inductive biases, while in a micro-society setting, the final communication system

is based on negotiation with other members of the community. In a similar vein, Theisen et al. (2010)

studied participants playing a graphical communication game in dyads, focusing solely on that condition.

They were particularly interested in the level of arbitrariness and systematicity of the signals over time,

finding that participants created systematic signals that started iconic but became more arbitrary over

time.

Kirby et al. (2015) proposed that two complementary pressures are essential for the emergence of

compositionality: a pressure for compressibility, arising from vertical transmission, and a pressure for

expressivity, arising from horizontal transmission (this study is discussed in more detail in Subsec-

tion 2.2.3). Building on this idea, Raviv et al. (2019a) suggested that vertical transmission might not

be necessary. Compressibility pressures could be introduced by either an expanding meaning space, or

communicating in a larger group. To investigate this, Raviv et al. (2019a) conducted an experiment

where pairs of participants within a micro-society performed a communication task, using an artificial

language, over an expanding set of visual stimuli. Results confirmed the hypotheses; compressibility

6Something is non-trivially compositional when the meaning of the complex whole is a complex function of the meaning
of its parts. An example would be “bad dancer” compared to the trivially compositional meaning of “blond dancer”
(Berthet et al., 2025).
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pressures introduced by communicating in a larger group and over an expanding meaning space were

enough to elicit the emergence of compositional languages. Additional analysis revealed that group size

had a bigger impact on the emergence of compositionality than the expanding meaning space. This

experiment demonstrated that findings from earlier computational studies on horizontal transmission

and compositionality such as De Beule (2008) and De Beule and Bergen (2006) also apply in real-world

settings.

To conclude, in contrast to the work using the iterated learning paradigm, work investigating the

impact of horizontal transmission is often driven by communicative success. This line of research shows

that compositionality can arise within one generation, particularly when communication happens in

larger groups.

2.2.3 Horizontal and Vertical Transmission Combined

Vogt (2005a) combined the language game and iterated learning in a computational model. The

population was divided into teachers and learners, where the teachers were selected as the speakers and

the learners as the hearers for the language game. Furthermore, at each “generation” in the model, the

old learners became teachers and new agents were introduced as learners. The model uses grammar

induction - where agents induce generalizations, i.e., compositional rules if they are available. Results

showed that in a population with only 2 agents, compositionality would arise without an imposed

bottleneck, but for compositionality to arise in a population of 6 agents, a bottleneck had to be enforced,

which caused agents to generalize more often and thus generate more compositional rules. In a follow-up

study (Vogt, 2005b), learners could also learn from other learners, instead of learning from the previous

generation only. This setting created an implicit bottleneck, since learners had to come up with words

for concepts they had not yet learned. Compositionality was more stable in settings with horizontal

transmission (learners learning from learners) in comparison to the vertical transmission setting, where

no explicit bottleneck was imposed. A downside of these models is the grammar induction mechanism,

causing agents to create compositional rules whenever possible, effectively hard-coding the emergence

of compositionality into the model itself.

Brace et al. (2015) and Kirby and Tamariz (2021) both also investigated what happens if agents learn

from agents who are still learning the language themselves. The former focused on the emergence of

compositionality, while the latter looked into the emergence of combinatoriality. In contrast to earlier

iterated learning models, where agents often learned from a single mature teacher (e.g., Brighton, 2002;

Kirby, 2001; Smith et al., 2003), here, agents can learn from both mature and immature teachers, where

immature teachers are still learners themselves. Learning from mature teachers corresponds to vertical

transmission of the language, since they learn from an older generation, while learning from immature

learners corresponds to horizontal transmission. Using neural networks as agents, Brace et al. (2015)

shows that compositional languages arise if a learner learns from more mature than immature teachers.

The emergence of compositionality is unstable when immature teachers outnumber mature teachers.

Furthermore, the greater the number of mature teachers, the higher the level of compositionality. This

suggests that in their model, vertical transmission of a language is necessary for a stable emergence

of compositionality. The Bayesian iterated learning model from Kirby and Tamariz (2021) showed

that when agents learn from a combination of mature and immature teachers, combinatorial languages
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arose around 10 times faster in comparison to the setting where agents consistently learned from the

oldest in the population.

Lastly, several studies using neural-agents included iterated-learning into the model, by, for example, a

designated learning algorithm (Ren et al., 2020) or by having agents learn from the previous generation

before they interact with each other (Guo et al., 2020). Results showed similar patterns: the emergent

communication protocol had a higher level of compositionality when vertical transmission was included.

Theisen-White et al. (2011) was the first study combining horizontal and vertical transmission in the

lab. Participants were asked to play a graphical communication game, similar to the ones previously

described (Theisen et al., 2010). A difference was that after the first “generation” of participants, the

next generation was shown the final drawings of the previous generation. While the drawings in the

horizontal transmission only setting were compositional, adding vertical transmission enhanced the

level of compositionality even further, suggesting that both forms of transmission could be a pressure

that leads to the emergence of compositionality.

Kirby et al. (2015) hypothesized that a pressure for compressibility, caused by the vertical transmission

of the language, in combination with a pressure for expressivity, caused by horizontal transmission

of a language, leads to the emergence of compositionality. Pressure for compressibility only leads to

degenerate languages, as observed by Kirby et al. (2008), and a holistic language would emerge when

there is only pressure for expressivity. Their hypotheses were confirmed by a lab experiment similar

to the experiment described earlier, with the modification that within one generation, participants

interacted in dyads (see Figure 2.1). Furthermore, an additional Bayesian iterated learning model

confirmed their hypotheses as well. In their conclusion, they argued that both horizontal and vertical

transmission are necessary for compositionality to emerge.

In conclusion, some models and laboratory experiments have investigated the emergence of composi-

tionality in a setting including both horizontal and vertical transmission. Overall, the different models

and experiments showed similarities: if both forms of transmission were included, compositionality

would emerge faster compared to when only one form of transmission was present.

2.3 Population Size

A cross-linguistic study by Lupyan and Dale (2010) suggests that larger communities have languages that

are less morphologically complex, compared to languages used in smaller communities. Furthermore,

Meir et al. (2012) show that a newly emerging sign language used in a larger community (Israeli Sign

Language) is more structured compared to a newly emerging sign language used in a small community

(Al-Sayyid Bedouin Sign Language). However, in the real world, population size cannot be examined

separately from network structure and the number of non-native speakers (Raviv et al., 2019b). To

disentangle these properties, some computational models and a limited number of experimental studies

systematically examined the impact of group size on the emergence of linguistic structure.

The agent-based model by Vogt (2007), which is similar to the previously discussed model in Subsec-

tion 2.2.3 (Vogt, 2005a), suggests that larger groups promote faster emergence of compositionality. He

argues that since there is an increase in input variability, there is also an increase in the likelihood of

observing regular patterns between form and meaning, and thus a higher probability of compositionality
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to arise. In contrast, recent deep learning models of language emergence did not reliably exhibit this

phenomenon (Galke et al., n.d.). Chaabouni et al. (2022) found that a larger population does not

increase the agent’s ability to generalize, or in other words, the protocol that emerged in a larger

population was not more compositional than the one in a smaller population. Rita et al. (2021) argued

that previous work did not consider a heterogeneous population: having differences in agents might be

the reason for an increase in compositionality in a larger population. They explore this hypothesis by

sampling different learning rates for each agent and thus creating a heterogeneous population. Results

show that in a heterogeneous population, a larger group leads to a more stable and compositional

language.

Raviv et al. (2019b) investigated in an experimental setting whether group size impacted the level of

structure of the language that was used during a communication game. Participants had to communicate

about visual stimuli using an artificial language. There were two conditions: a group size of four and a

group size of eight. Results showed that the languages used in communities of size eight became more

compositional over time than those in groups of four. In some small groups, structure never emerged:

participants communicated with holistic signals. Raviv et al. (2019b) argue that since there is more

input variability in a larger group, there is more pressure to converge to a compositional language.

2.4 Social Network Structures

Within a population, interactions between individuals are embedded in social networks, which can be

represented by a graph. The nodes of the graph represent the individuals, and the interactions between

the individuals are denoted by the edges. These social networks can have specific characteristics

that could limit the transmission of linguistic features (Castellano et al., 2009; Group” et al., 2009).

An example of such characteristics would be average shortest path length, clustering coefficient, or

the average degree (i.e., the number of edges a node has). Based on these characteristics, one can

distinguish several network types, such as a fully-connected, a small-world (Watts & Strogatz, 1998), a

scale-free (Barabási & Albert, 1999), a hierarchical (Ravasz & Barabási, 2003), or a random network

(Erdos, Rényi, et al., 1960). Furthermore, for example Reali et al. (2018) used a network structure

inspired by real social networks based on mobile communication records from Portugal and the UK

(Schläpfer et al., 2014).7

Previous work in the area of language evolution often makes the distinction between esoteric communities

and exoteric communities, where the former are tightly-knit and smaller societies with barely any

non-native speakers, while the latter are sparser and larger, with more contact with outsiders and thus

more non-native speakers (Lupyan & Dale, 2010; Wray & Grace, 2007). Languages in esoteric societies

are found to be more morphologically complex, while languages in exoteric communities are often

simpler, since there is more pressure for the language to be learnable for (adult) strangers (Lupyan &

Dale, 2010; Nettle, 2012; Wray & Grace, 2007). Small-scale, esoteric communities can be represented

as a fully-connected network, while large-scale, exoteric communities can be represented as small-world

or scale-free networks (Gong et al., 2011; Mudd, 2022).

Several computational models suggest that language change is impacted by social network structure.

7Details of these networks and the algorithms used to create them are discussed in Experiment 3.
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New linguistic innovations spread faster in a dense network (e.g., fully-connected) compared to a

sparser network (small-world or scale-free) (Fagyal et al., 2010; Gong et al., 2008, 2011). Others,

for example, investigated the impact of social network structure on category formation (Gong et al.,

2011; Zubek et al., 2017). Josserand et al. (2024) disentangled what features of a network have the

most impact on language variability, using a Bayesian model where agents were arranged on many

different networks. Specifically, they investigated the impact of the average shortest path length,

clustering coefficient, global assortativity, degree distribution, and size on interindividual variation and

intraindividual variation. Interindividual variation denotes the variation within the entire population,

while intraindividual variation shows how consistent an agent is in their own language use. They found

that intraindividual variation is not affected by network structure, but that interindividual variation is

mainly impacted by clustering coefficient and path length.

Relatively little research has examined the impact of social network structures on the emergence of

compositionality specifically. Lou-Magnuson and Onnis (2018) investigated whether smaller communities

enhance the development of morphological structure, and whether larger communities inhibit this

development, and so possibly increase syntactic structure. In their agent-based model, they use the

number of reanalyses done by the agent, i.e., the number of times an agent reassigns a different meaning

to a known form, as a measure of the increase of morphological complexity. Results showed that

networks with a higher level of transitivity, thus a more tight-knit community, resulted in a language

with higher morphological complexity. Moreover, there seemed to be a connectivity threshold beyond

which, once the network was sufficiently connected, further increases in connectivity no longer led to

greater morphological complexity. An additional experiment compared the impact of four different

network types, with varying levels of transitivity and clustering, on the morphological complexity. They

find that a network with high transitivity and so-called hubs - a few agents are connected to many other

agents - complex morphology is inhibited. Using a symbolic iterated learning model where agents were

placed on a network, Nakamura et al. (2015) found that when the amount of interaction with neighbors

is higher than the amount of interaction with a parent, languages do not become compositional. The

two different network structures they compare, scale-free and a 2D-lattice, do not seem to make a

big difference. Overall, these computational models suggest that social network structure matters for

language change, but its impact on compositionality specifically remains unclear.

In an experimental study, where again participants had to communicate using an artificial language,

Raviv et al. (2020) found that network structures, such as scale-free, small-world, and fully-connected,

did not impact the level of compositionality of the emerged language. Languages became more

systematic over time, regardless of the network structure in which the participants were arranged.

A limitation of this study was the relatively small group size of only 8 participants, resulting in an

average shortest path of 1.5 between the participants in both the small-world and scale-free networks

(compared to an average shortest path of 1.0 in a fully connected network), allowing linguistic variations

to spread quickly through the entire population.

In summary, quite some work investigated the impact of several factors affecting cultural transmission,

such as transmission mode, population size and social network structure, on the emergence of composi-

tionality. However, some specific questions remain unanswered, such as the relative contribution of

vertical and horizontal transmission on the emergence of compositionality, or for example how the rate

of generational turnover affects the emergence of compositionality. Additionally, less work has focused
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on the individual learning mechanisms and their impact on the emergence of compositionality. For

each of the research questions as introduced in Chapter 1, I provide a more detailed motivation in

their respective experiment section.
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Chapter 3 – Computational Framework

The computational framework used in this thesis, and as described in this section, is an altered version

of the model used in Simon Kirby’s simulating language course, which is a simplified version of the

model by Kirby et al. (2015).8 The description of the framework roughly follows the ODD (Overview,

Design Concepts, Details) protocol for agent-based simulations (Grimm et al., 2006, 2010). My code is

available here: https://github.com/francijnk/MoLThesis.

3.1 Purpose

The purpose of this computational framework is to investigate how different factors that impact

cultural transmission (horizontal & vertical transmission, population size, network structure, and

rate of generational replacement) affect the emergence of a preference for compositional languages.

Furthermore, by altering individual learning mechanisms (regulating the impact of new evidence and

the strength of the prior), we can investigate how this impacts the long-term outcomes of cultural

transmission. Parameters, their descriptions, and default values can be found in Table 3.1.

Table 3.1 Parameters, descriptions, and default values

Parameter Symbol Description Default

Population size pop size Number of agents initialized at the start
of the simulation.

25

Horizontal Transmission h Number of rounds the language game is
played during horizontal transmission.

20

Vertical Transmission v Number of rounds the language game is
played during vertical transmission.

20

Network Type Network Network type representing how the pop-
ulation is connected. Options are fully-
connected, small-world, scale-free, hier-
archical, mobile-phone, or dynamic.

fully-connected

Mode M Sampling mode used by the agents dur-
ing production. Options are Sample or
MAP (Most likely hypothesis).

Sample

Error Probability ϵ The probability an agent makes the oc-
casional mistake when producing a sig-
nal.

0.05

Iterations N iterations Number of iterations per simulation run. 10000

Run ID ID ID for the run to set the seed. 1

8Their model can be found here: https://github.com/smkirby/simlang2022-23/blob/main/lab6.ipynb.
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3.2 Entities & Variables

There is a single entity in the model: the agent. The population is a set of agents, and is characterized

by its network structure. More information on the different network types and their properties can be

found in Experiment 3. An agent is characterized by its unique ID and a distribution over possible

languages. Similar to Kirby et al. (2015), in this model, a language is a system that expresses meanings

using forms. The forms and meanings chosen are very simplistic, yet they allow one to discriminate

between the different language types: degenerate, holistic, and compositional. The set of meanings is

defined as M = {02, 12, 03, 13} where the first component of a meaning can either be a 0 or a 1, and

the second component can be either a 2 or a 3. The set of forms is defined as any combination of a’s

and b’s, thus F = {aa, ab, ba, bb}. All the possible combinations of forms and meanings result in 256

possible mappings, or thus languages, which can be divided into the 4 different types. A language is

degenerate if each meaning has the same form, such as {(02, aa); (12, aa); (03, aa); (13, aa)}. A language

is compositional if a part of the meaning is consistently mapped to either an ‘a’ or a ‘b’, for example,

{(02, aa); (12, ba); (03, ab); (13, bb)}, where the first part of the meaning consistently maps to the first

symbol of the signal, and the second part of the meaning consistently maps to the second symbol of the

signal. A holistic language is a language where every meaning has a distinct form, but the mapping is

not compositional, thus {(02, aa); (12, bb); (03, ab); (13, ba)}. Languages are labeled as other if they are

only partially holistic, degenerate, or compositional. Notice that in this setup, some types occur more

frequently in the space of all languages than others. See Table 3.2 for the frequency of each language

type. Additionally, while I use the term language here, conceptually these are not different languages,

such as English and Dutch, but abstract communication systems that differ in their form-meaning

mappings.

Table 3.2 Frequency of types in all 256 languages

Language Type Frequency

Degenerate 4

Compositional 8

Holistic 16

Other 228
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3.3 Process overview and scheduling

The model consists of an initialization phase and two sub-processes: the language game and data

collection.

3.3.1 Initialization

During the initialization phase of the model, pop size agents are created. All agents are initialized with

the same distribution over languages, which is characterized by a preference for compressible hypotheses.

This preference for compressability can be seen as a (domain-general) simplicity bias (Chater & Vitányi,

2003; Culbertson & Kirby, 2016; Kirby et al., 2015). Chater and Vitányi (2003) surveys studies

exploring the idea that simplicity drives cognitive processes. Culbertson and Kirby (2016) reviews

research showing that a weak, domain-general simplicity bias, when amplified by communication and

cultural transmission, can produce language-specific patterns such as compositionality, regularization,

and consistent word order. But how does one decide what a ‘simpler’ grammar is? Following Kemp

and Regier (2012) and Perfors et al. (2011), grammars are simpler when they contain either fewer

rules or fewer and simpler rewrite rules. To obtain the compressibility of each language, I calculate its

coding length using the method described by Kirby et al. (2015). First, the form-meaning mappings,

i.e., languages, need to be formalized as rewrite grammars. In this small form–meaning space, there

are two types of rewrite rules: X → Y Z or X : M → F , where M is a set of possible meanings (or a

single meaning feature if it represents the set) and F is a form. The first rule indicates that X can be

rewritten as Y Z (order-specific), and that the meaning of X is the combination of the meanings of Y Z.

For the second rule, it means that X rewrites to the form F and takes any of the meanings in M . The

rewrite grammar can then be reduced to its minimally redundant form, which is the minimal string of

characters from which you can reconstruct the grammar. To be more specific, to obtain the minimal

redundant form, the left-hand side (LHS) of the rule is concatenated with the right-hand side (RHS).

In case the LHS is of the form X : M → F and M contains more than one meaning, the meanings are

comma-separated. Distinct rules are separated by a full stop. The coding length of a language in bits

is calculated from the minimally redundant forms as follows:

L(l) = −
|l|∑
i=1

log2 p(li)

where p(li) is the probability of the ith character in the code for l. To be precise, if the character

a appears twice in the entire minimal redundant form of length 7, its probability is 2
7 . Then the

compression-based prior for a language, G0(l), is obtained as follows: G0(l) ∝ 2L(l). Essentially, this

leads to a preference for degenerate languages, since these are highly compressible, while holistic

languages are the least compressible and thus have the lowest initial probability. For each type of

language mentioned in Section 3.2, the corresponding formal grammar, minimal redundant form, coding

length, and proportion of the prior distribution can be found in Table 3.3. See Table 3.4 for the values

of the prior per language type.

To initialize the population, a network structure is created, where each node corresponds to a unique

agent ID. Edges in the network represent who can play a language game with whom. More information

20



Table 3.3 Formal grammars, minimal redundant form, coding lengths, and normalized prior for
different languages.

Degenerate Language Compositional Language Holistic Language

Formal grammar S : {02, 12, 03, 13} → ab

S → AB

A : 0 → a

A : 1 → b

B : 2 → a

B : 3 → b

S : 02 → aa

S : 12 → bb

S : 03 → ab

S : 13 → ba

Minimal redundant form S02,12,03,13ab SAB.A0a.A1b.B2a.B3b S02aa.S12bb.S03ab.S13ba

Coding length L(l) 40.55 59.20 67.29

Normalized prior G0(l) 0.100 0.0000002423 0.000000000892

Table 3.4 Prior probabilities for each language type

Language type Prior

Compositional 0.000001938715

Degenerate 0.9987714

Holistic 0.00000001426784

Other 0.001226692

on the different network types and their properties is provided in Experiment 3.

3.3.2 Language Game

The number of times the language game is played in each step of the model is dependent on the

parameter values of horizontal transmission and vertical transmission, and will be explained in

more detail in Experiment 1. One iteration of the language game can be described as follows: a

speaker and a learner are selected from the population, as well as an arbitrary meaning. Then the

speaker samples a language from their distribution, and produces a signal that, according to the

sampled language, corresponds to the selected meaning.9 Note that in this model, each meaning can be

referred to with only 1 signal, i.e., no synonymity is possible. With a small probability ϵ, an arbitrary

signal is produced to simulate the occasional mistake. To include a pressure for expressibility, it is

assumed that we are dealing with a pragmatic speaker. This means that, before selecting a signal, the

speaker considers whether a learner will guess the intended meaning after observing the signal. This

consideration is based on the language the speaker themselves selected, hence I refer to the learner in

this case as ‘hypothetical learner’. If the hypothetical learner does not guess the intended meaning,

a random signal is selected. This process penalizes ambiguous languages that use the same form

for different meanings. The probability that the signal is produced that corresponds to the selected

meaning in the sampled language is given by:

P (f |m, l) =

(1 − ϵ), If hypothetical learner chose the correct meaning.

1
|F| , Otherwise.

9In this set-up, the agents are sample-learners. In case the Mode is set to MAP learners, agents pick the most probable
hypothesis.
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Where f is one of the forms, m is the selected meaning, l is the sampled language, and ϵ is the

probability of error.

The hypothetical learner chooses a meaning based on which meaning(s) correspond to the received

signal. If no meanings correspond to the signal, a random meaning is chosen, and if several meanings

correspond to the signal, the hypothetical learner uniformly samples one of the possible meanings.

Notice that this ‘hypothetical learner’ is only a way for the speaker to produce a signal; the actual

selected learner does not have anything to do with this process.

Once the signal is selected, it is time for the learner to update their distribution, based on the

meaning/signal pair they observed. Let P (l), where l = {l1, l2, ...l256}, denote the current distribution

of the agent over all possible languages. The likelihood of the observed form meaning pair depends on

whether or not it is in a language:

P (f |m, l) ∝

(1 − ϵ), if f,m ∈ l

( ϵ
|F|−1), if f,m /∈ l

where ϵ is the error-probability and f is the produced form and m is the selected meaning.10 Then,

the posterior gets updated for each possible language li ∈ l using Bayes rule:

P (li|f,m) ∝ P (f |m, li) · P (li)

After updating for all languages, the posterior is normalized. In the next posterior update, the most

recent posterior is used as the prior to allow for gradual learning. Updates are performed in log-space

to avoid numerical underflow.

At each iteration, agents’ posterior distributions over languages are collected. These values are

aggregated across the entire population by language type and then normalized. This data gives insight

into which language types are most prominent in the population.

All simulations were run using the Snellius computing cluster, using CPU nodes with 128 cores per

node and 224 GM of RAM.

10Note that the likelihood when producing a form is slightly different from the likelihood that is used for updating.
This was the case in their implementation, and I decided not to change it.
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Chapter 4 – Cultural Transmission

Language evolves culturally, as it is repeatedly transmitted between individuals within and across

generations. It remains unclear, however, how various factors affecting cultural transmission, such

as transmission mode, population size, social network structure, and rate of generational turnover,

precisely affect the emergence of compositionality. This Chapter presents a series of experiments

investigating the impact of these factors. Each experiment begins with a brief motivation, followed by

details on the experimental setup, results, and a discussion.

Experiment 1: Horizontal and Vertical Transmission

Vertical transmission of language, extensively studied via iterated learning both computationally and

experimentally, has demonstrated that it promotes the emergence of compositionality when inductive

biases or learning mechanisms are already in place (e.g., Kirby & Hurford, 2002; Kirby et al., 2008).

The horizontal transmission of language, particularly in larger groups, promotes the emergence of

compositionality within a single generation (De Beule & Bergen, 2006; De Beule & Steels, 2005;

Raviv et al., 2019a). Combining these modes of transmission tends to accelerate the emergence of

compositionality (e.g., Kirby et al., 2015; Vogt, 2007). However, existing studies combining horizontal

and vertical transmission have limitations: often the population within one generation consists of only

2 agents, reducing the impact of horizontal transmission (e.g., Guo et al., 2020; Kirby et al., 2015).

Studies using larger populations within one generation either rely on grammar induction, effectively

hard-coding the emergence of compositionality (Vogt, 2005b), or use of neural networks, which contain

implicit inductive biases (Brace et al., 2015).

The experiment presented here investigates the effect of horizontal and vertical transmission in larger

populations within each generation, without relying on grammar induction mechanisms, and uses

agents with explicit inductive biases. Additionally, the setup allows for separating the contributions of

each of the transmission modes.

4.1.1 Experimental Setup

To investigate the contribution of horizontal and vertical transmission to the emergence of composi-

tionality, the two transmission modes are included in the model as follows.

Horizontal transmission is simulated by randomly selecting a speaker and a learner from the population,

which is repeated h times. Then, each selected speaker and learner will play the language game, as
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described in Subsection 3.3.2, h times. In one iteration of the model, a total of h2 horizontal language

games are played.11

Vertical transmission is simulated by removing r randomly chosen agents from the population, after

which the same number of new agents are added. New agents are initialized with the compression-based

prior, as described in Subsection 3.3.1. After initialization, the new agents play v language games as

learner, where a randomly selected agent from the ‘old’ population is the speaker. In one iteration of

the model, r × v vertical language games are played.

By varying the amount of h and v, representing the number of language games in a horizontal or

vertical setting, the impact of these variables on the emergence of a preference for compositionality is

examined. Furthermore, results are reported for simulations where r = 1, where at each iteration only

one agent is replaced, and r = pop size, where at each iteration the entire population is replaced. See

Figure 4.1.1 for an example of the different conditions. The population size was set to 25, and h and v

were assigned values of 0, 10, or 20. Note that there is pressure for expressivity due to the “pragmatic

speaker”, as the speaker agent tries to be understood, explained in Subsection 3.3.2. Data is collected

after the horizontal language games, as the vertical language games can be seen as a preparation for

the next iteration.12

11While it is quite unrealistic, h was used twice to reduce the number of parameters in the model.
12This ensures that the data captures the impact of both the horizontal and vertical transmission. If data were collected

after vertical transmission, the posteriors of the new agents would only be impacted by the data observed from their
vertical language games.
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Figure 4.1.1: Graphs depicting the different conditions when the population size is 2. In the top figure,
if vertical transmission > 0, at each iteration, one agent from the population is replaced (r = 1), while
in the bottom figure, at each iteration, the entire population is replaced (r = pop size). Numbers
identify each unique agent, and colors identify the iteration at which the agent was introduced to the
population. Arrows between agents show who plays the language game with whom.
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4.1.2 Results

The results presented here are averaged over a population of 25 agents and aggregated across 50

independent runs per condition. Agents in these simulations are sample-learners, meaning they sample

from their posterior distribution during production rather than selecting the maximum a posteriori

hypothesis (MAP).13 Simulations were run for 10000 iterations.
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Figure 4.1.2: Proportion of posterior for compositional languages averaged for the entire population
of sample-learners, averaged over 50 run per condition. The shaded area represents 95% confidence
intervals. If there is vertical transmission, in the left Figure, all agents are replaced at each iteration,
while in the Figure on the right, only one agent is replaced per iteration.

Horizontal transmission alone does not lead to a strong preference for compositionality, as shown in

Figure 4.1.2. On average, only around 18% (CI: 7% - 29%) of the posterior probability mass is focused

on compositional languages in these settings. While the preference is weaker than in the condition

with v = 20 and h > 0, it is still substantially higher than chance: given that there are 8 compositional

languages in the entire space of 256 languages, the chance level is 3.125%. As shown in Figure 4.1.3,

most of the posterior distribution lies on “other” languages if there is only horizontal transmission.

Furthermore, these simulations exhibit more variability compared to the other simulations, as indicated

by the larger confidence interval. In the case of vertical transmission, the preference for compositionality

depends on the number of vertical transmission rounds. When the new agent does not observe enough

data, no preference for compositionality emerges with a proportion of compositionality of 1%, regardless

of the level of horizontal transmission. In this condition, most of the posterior lies on degenerate

languages (see Figure 4.1.3), suggesting that there was not enough pressure for expressivity. If, on

the other hand, the new agent observed more data, a clear preference for compositionality emerges.

In the scenario where one agent is replaced per iteration, horizontal transmission in these conditions

accelerates the emergence of a preference for compositionality, but the final level of compositionality

converges to a similar point, of around 77% (CI: 75% - 79%) regardless of the amount of horizontal

13Plots for MAP-learners can be found in Appendix B.
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Figure 4.1.3: Proportion of posterior per language type, for varying levels of horizontal and vertical
transmission. Values are averaged for the entire population of sample-learners and averaged over 50
runs per condition. Per iteration, one agent is replaced (if there is vertical transmission). The shaded
area represents 95% confidence intervals.
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transmission. Finally, when the entire population is replaced each generation, convergence to a high

preference for compositionality is much faster compared to single-agent replacement, though both

settings eventually converge to similar levels of compositionality of around 75%.

4.1.3 Discussion

Similar to previous work (e.g., Kirby et al., 2015), the right trade-off between pressure for compressibility,

caused by the compression-based prior of agents and expressivity caused by the interactions between

agents, results in a preference for compositionality. This is most evident in settings with vertical

transmission, where there is a stable pressure for compressibility, since new agents with a fresh

compressibility prior are introduced, and thus it the pressure for compressibility does not fade away

over time. When a new agent has too few interactions (v = 10), no preference for compositionality

arises since the pressure for expressivity is too weak. When the number of interactions increases

(v = 20), a strong preference for compositionality emerges.

Horizontal transmission alone does not lead to a strong preference for compositionality, which differs

from results in laboratory experiments (Raviv et al., 2019a). As shown in Figure 4.1.3, during

simulations with no vertical transmission, a preference for “other” languages emerged. It could be

that the “other” languages are partly compositional, suggesting that horizontal transmission leads

to the emergence of more structured languages, but not fully compositional ones. However, this

difference could also be explained by the models’ assumed learning dynamics. Currently, the pressure

for compressibility diminishes over time if no new learner is introduced, since only agents with a

“fresh” initial prior have a strong preference for compressible languages. As an agent interacts with

other agents, the observed data overwrites the prior of the agent, and so the compressibility pressure.

However, if someone assumes that humans have a stable cognitive bias in favor of simpler, and thus

more compressible languages, it seems unlikely that this bias would vanish entirely due to interactions

with others. In Experiment 5, I investigate this further by examining the effect of regulating the impact

of new evidence.

The amount of vertical interactions, even when only one agent is replaced per iteration, has a greater

impact on the preference for compositionality compared to the amount of horizontal interactions. To

be specific, in simulations with v = 10, regardless of the number of horizontal interactions, most of the

posterior probability mass is concentrated on degenerate languages. Though based on the increased

horizontal interactions, we would expect a higher pressure for expressivity in these settings.

A sensitivity analysis, reported in Appendix A, revealed that indeed, over time, most of the variance

in the model output is caused by the amount of vertical interactions. Why precisely this is the case

remains unclear. Future work could point out whether this effect is model-specific or if it generalizes

to other modeling frameworks as well.

Finally, in the setting where one agent is replaced per iteration, more horizontal transmission leads to

faster emergence of a preference for compositionality, which is in line with previous work (e.g., Brace

et al., 2015). In the setting where all the agents are replaced, we cannot observe this, as the increased

number of vertical interactions completely overrules any differences between horizontal settings.
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Experiment 2: Population Size

Previous experiments, both with human participants and computational agents, showed that population

size affects the emergence of compositionality: in larger populations, compositionality arises faster

and more prominently than in smaller ones (e.g., Raviv et al., 2019b; Rita et al., 2021; Vogt, 2007).

However, it remains unclear whether we can observe similar effects in a Bayesian setting and whether

this effect is present in a setting with both horizontal and vertical transmission. The current experiment

explores this question by testing for population size effects in the model.

4.2.1 Experimental Setup

Increasing the population size in the simulations can be done easily by adjusting the parameter

pop size. It should be noted that as population size increases, the number of interactions remains

stable during both horizontal transmission and vertical transmission when one agent is replaced per

iteration. However, in the setting with vertical transmission and when the entire population is replaced,

then the total number of language games played is larger when the population is larger. Simulations

were run for v = 20, h = 20, population sizes 2, 10, 25, 50, 100, and 200, and for 10000 iterations.

Furthermore, simulations were run in which either the entire population was replaced each iteration or

a single agent was replaced at each iteration.

4.2.2 Results

The results shown in Figure 4.2.1 and Figure 4.2.2 indicate that a larger population does not lead to

a stronger or faster emergence of a preference for compositionality.14 When the entire population is

replaced at each iteration, all population sizes follow a similar trajectory, converging to comparable

levels of compositionality ranging from 75% (CI: 73% - 76%) for a population of size 50 to 79% (CI:

71% - 87%) for a population of size 2. In the condition where one agent is replaced per iteration, a

preference for compositionality emerges for all population sizes. The larger the population is, the longer

it takes to converge. For population sizes 100 and 200, it is unclear whether they would eventually

converge to the stable level of around 77%, as they currently reach a final value of around 69% and

55%, respectively.

14Results reported here are for sample-learners; corresponding plots for MAP-learners can be found in Appendix B.
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Figure 4.2.1: Posterior probability for compositional languages averaged for the entire population of
sample-learners, averaged over 50 runs, for different population sizes. The shaded area represents the
95% confidence interval. In the left figure, every agent is replaced each iteration, and in the figure on
the right, only one agent is replaced each iteration.
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4.2.3 Discussion

In contrast to previous work (Raviv et al., 2019b; Rita et al., 2021; Vogt, 2007), a larger population did

not result in a faster emergence or a higher overall level of compositionality. After a closer inspection of

the models’ dynamics, these results are actually somewhat unsurprising. In this model, the emergence

of compositionality is caused by a combination of two pressures: 1) a pressure for compressibility, which

is present due to the initial prior of the agents, and 2) a pressure for expressivity, which is present due

to the pragmatic agents who penalize ambiguous languages, as explained in Subsection 3.3.2. The

strength of the expressivity pressure depends on how often agents interact, as regulated by parameters

h and v. When these two pressures are balanced in a specific way, a preference for compositional

languages emerges. Notably, Experiment 1 showed that the number of horizontal interactions does not

have a substantial effect on the emergence of compositionality when vertical interactions are present; so,

in the following explanation, I will focus on the pressure of expressivity caused by vertical interactions

only.

When population size increases, every agent still has the same compressibility prior, and hence, the

average pressure for compressibility in the entire population remains constant. To gain insight into

why we observe no population size effects, it is useful to make the distinction between two simulation

settings: (i) one where all agents are replaced per iteration, and (ii) one where only one agent is replaced

each iteration. In setting (i), we have the same balance between compressibility and expressivity

regardless of population size: during each iteration, every agent is replaced, and so every agent has

20 vertical interactions. Since the balance of expressivity and compressibility does not change as we

increase the population size, we observe no difference in the emergence of compositionality. In setting

(ii), we replace one agent per iteration, and so as we increase the population size, the average number

of vertical interactions per agent per iteration decreases. As a result, it takes longer to reach the

balance between expressivity and compressibility that leads to the emergence of compositionality as

the population size increases. Even though convergence is slower in larger populations, the system

ultimately reaches the same level of compositionality, as the long-term outcome depends on the

dynamics between compressibility and expressivity.

Additionally, in the real world, a larger population leads to more input variability, which needs to

be conquered to achieve successful communication (Raviv et al., 2019b). Linguistic variants that are

predictable and structured, i.e., compositional, can be a helpful strategy to overcome this high level of

variability. In a computational model with neural agents, Rita et al. (2021) observe that an increase in

input variability only occurs when the population is heterogeneous, so the agents differ in, for example,

their learning mechanisms. When heterogeneity was included, larger populations led to more structured

languages, consistent with experimental findings (Raviv et al., 2019b).

In the current model, at the start of the simulation, the population is homogeneous: they do not

differ in their learning mechanisms, initial prior, or sampling mode. Over time, the agents will differ

in distributions, but this might not be enough to elicit the population size effect as observed in

previous work. In Experiment 7, I will investigate whether we can observe population size effects in a

heterogeneous population.
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Experiment 3: Social Network Structures

In addition to transmission mode and population size, the network structure of the social community

might also impact the emergence of compositionality (Raviv et al., 2020). The distinction can be

made between esoteric and exoteric communities, where the former are tightly-knit, and often smaller

communities mostly consisting of native speakers, and the latter are sparser and larger, with more

adult non-native speakers (Raviv et al., 2020). Languages used in these different communities seem

to have different properties; i.e., languages used in exoteric communities tend to have a less complex

morphological system compared to languages used in esoteric communities (Lupyan & Dale, 2010). We

would expect a higher level of compositionality in exoteric communities, compared to the tightly-knit

esoteric communities (Reali et al., 2018).

In the real world, however, it is hard to investigate the impact of the individual parameters that

characterize these different communities, such as population size, network structure, or the number of

outsiders, since these are naturally confounded.

Previous work on the effect of social network structure and the emergence of compositionality is

conflicting. On the one hand, several computational models suggest that tightly-knit networks promote

morphological complexity, while others find minimal effects of network topology on the emergence of

compositionality (Lou-Magnuson & Onnis, 2018; Nakamura et al., 2015). Experimental work with

small populations organized into various network structures has reported no clear influence of network

type on the emergence of structure in the languages (Raviv et al., 2020). Additionally, to the best

of my knowledge, little work has yet investigated language change in a dynamic network, i.e., one in

which nodes and edges are added and removed.

The experiment presented here investigates the effect of social network structure on the preference

for compositionality in a setting with both horizontal and vertical transmission. The network types

considered in this experiment are a fully-connected network, a small-world network (Watts & Strogatz,

1998), a scale-free network (Barabási & Albert, 1999), a hierarchical network (Ravasz & Barabási,

2003), a dynamic network, and a network based on mobile-phone data (Schläpfer et al., 2014).

4.3.1 Experimental Setup

Each agent has their own place in the network and is represented by a node. The edges in the network

represent who can play the language game with whom. The edges are undirected, since communication

is often bi-directional. Furthermore, the networks do not contain self-loops, meaning that agents cannot

communicate with themselves. The levels of horizontal and vertical transmission (h = 20, v = 20)

and the population size (pop size = 25) are stable during the simulations. Simulations were run for

10000 iterations, where at each iteration, one agent in the network is replaced.15 The networks are

implemented using the Python package NetworkX (Hagberg et al., 2008).

15Except for in the dynamic network, where potentially more agents are replaced each iteration.

32



Fully-Connected Network

As the name already suggests, in this network, every agent is connected to every other agent. See

Figure 4.3.1 for an example of a fully connected network. This network could represent small-scale, i.e.,

esoteric, communities as it is more likely that everyone communicates with everyone (Gong et al., 2011).

This network structure is rarely found in the real world, but it might be similar to early hunter-gatherer

societies (Raviv et al., 2020).

Figure 4.3.1: Fully-connected network with 10 agents.

Small-World Network

A small-world network is a sparsely connected network with relatively little distance between uncon-

nected nodes (small average path length) and high clustering. Every node has approximately the same

number of edges. It could represent more sparsely connected, exoteric communities (Mudd, 2022; Raviv

et al., 2020). The small-world network is generated by starting with a ring network of n nodes. Then

each node is connected with k nearest neighbors. For each edge (u, v) in the network, it is replaced by

a new edge (u,w) with probability p, where w is a uniformly chosen different node (Watts & Strogatz,

1998). The small-world network used in the model is initialized with n = 25, k = 4, and p = 0.1,

similar to Gong et al. (2011). It is ensured that the network is connected; otherwise a new network is

generated. See Figure 4.3.2 for an example of a small-world network.
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Figure 4.3.2: Example of a small-world network with 10 agents, where initially each node is connected
to k = 4 of its nearest neighbors (2D-Lattice), and the rewiring probability is p = 0.1, similar to the
small-world network used by (Gong et al., 2011).

Scale-Free Network

A scale-free network is also a sparse network with relatively short paths, but the connections roughly

follow a power-law distribution: a few nodes have many connections, while others are more isolated

(Barabási & Albert, 1999). A node with many connections is sometimes referred to as a “hub”. These

hubs lead to a faster spread of linguistic innovations (Gong et al., 2011; Raviv et al., 2020), and

so result in less variation, potentially leading to a lower level of compositionality compared to the

small-world network. A scale-free network can be created by preferential attachment: when a new

node is added to the network, the probability p of it being connected to node i in the network depends

on the connectivity ki, such that p(ki) = ki/
∑

j kj (Barabási & Albert, 1999). To create the scale-free

network, the standard scale-free graph generator function of the NetworkX package is used (Hagberg

et al., 2008). See Figure 4.3.3 for an example of a scale-free network.

Figure 4.3.3: Example of a scale-free network with 10 agents.
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Hierarchical Network

This network combines two properties that are often observed in the real world: scale-freeness and

high clustering (Ravasz & Barabási, 2003). In a sense, it can thus be seen as a combination of a

scale-free and a small-world network, since a hierarchical network has both hubs and high clustering.

As described by Ravasz and Barabási (2003), a hierarchical network starts as a small cluster of a

fully-connected network with 5 nodes. Next, four replicas of this fully-connected network are connected

by the non-central nodes to the central node of the initial network, resulting in a network of size 25.

Then, to create a larger network, again, four replicas of this network are created, and the 16 non-central

nodes are connected to the central node of the original network, resulting in a network of size 125.

This process can be repeated indefinitely. An example of a hierarchical network of size 25 is shown in

Figure 4.3.4. While the hierarchical structure in this specific network is highly artificial and so unlikely

to represent any real-world situation, it is argued that larger societies have a hierarchical structure

(e.g., Peter & Sergey, 2009), which is mimicked by this network.

Figure 4.3.4: Example of a hierarchical network with 25 agents.

Network Based on Mobile Phone Data

This network is based on mobile phone records in Portugal and the UK (Schläpfer et al., 2014), and

is similar to the network used by Reali et al. (2018). Mobile phone records showed that the average

number of contacts per phone, i.e., the average degree k, grows super-linearly with population size

n: k nβ−1 (Reali et al., 2018; Schläpfer et al., 2014). The specific networks created were similar to

networks used by Reali et al. (2018), where β = 1.677 and clustering coefficient C ≈ 0.25. To create

a network with a specific average degree and clustering coefficient, I sample graphs similar to Reali

et al. (2018). First, I create a random Erdős-Rényi graph (Erdős & Rényi, 1961), using the graph

generator available in NetworkX, where the number of nodes is equal to the population size, and the

probability of edge creation is set to 0.25. The following loop is then run iteratively to obtain the final

graph: Two random nodes are selected, and if there’s an edge, it is removed; otherwise, an edge is

added. Then, the average degree and clustering coefficient of the network are calculated. Based on the
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current average degree and clustering coefficient, the hamiltonian is calculated as follows

h = β1(ADcurrent −ADtarget)
2 + β2(Ccurrent − Ctarget)

2

where AD is the average degree and C is the clustering coefficient. The graph with updated edges is

accepted as the current graph with probability p = ehprev−hnew , where hprev is the hamiltonian of the

old graph and hnew is the hamiltonian of the new graph. After some trial and error, the number of

iterations was set to 3000, β1 = 500, and β2 = 10000, which resulted in a final graph with the desired

average degree and clustering coefficient.

Figure 4.3.5: Example of a network based on mobile phone data with 10 agents.

Dynamic Network

The dynamic network is the only network that changes in structure over the course of the simulation.

The network is initialized as a small-world network. Then, at each iteration, there is edge removal and

addition, as well as node removal and addition. During edge removal and addition, for each agent, the

probability of an edge being removed or added is 0.5. If an edge is added for agent u, 10 agents from the

population are selected whose distribution over languages is most similar to the distribution of agent u.

This is measured using the Jensen-Shannon distance, which is the square root of the Jensen-Shannon

Divergence (Lin, 2002), for which I used the function included in the SciPy package (Virtanen et al.,

2020). From these 10 agents, one random agent is selected to create the new edge towards. If an edge

is removed, a random neighbor is chosen to be disconnected. During node removal, at least one node,

or thus agent, is removed from the network. Which agent is removed from the network is based on

communicative success: after the horizontal interactions, each agent is evaluated. During evaluation,

an agent plays the language game as the speaker with every other agent in the population as the

learner. If the guessed meaning by the learner is the same as the intended meaning, the communicative

success score of the speaker agent is increased by 1. After evaluation of all agents, the communicative

success scores are normalized and then reversed, such that the least successful agents have a higher

probability.16 From this probability distribution, an agent is sampled to be removed from the network.

16Specifically, pnewi = pmax − poldi , where pnewi is the new probability for agent i, pmax is the highest probability value
in the distribution and poldi is the old value for agent i.
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Additionally, agents who are not connected to any other agent are removed from the network. At each

iteration, at least one new agent is introduced to the network. In case additional agents were removed

since they were completely disconnected, the same number of new agents is added to maintain a stable

population size. A random agent is selected to be the first parent, and a random neighbor of parent 1

is chosen to be parent 2. Then, the new agent is added to the graph, and edges are created to connect

to its parents. The new agent will learn for v rounds from one of its parents.

4.3.2 Properties of the Networks

Numerous properties of the networks were tracked and are reported in Table 4.1.

The average degree is the average number of edges per node in the network. If the average degree is

high, the network is more tightly knit compared to a network with a lower average degree.

The clustering coefficient is a measure that captures how connected a node’s neighbors are to each

other, and is calculated as follows:

cu =
2T (u)

deg(u)(deg(u) − 1)

where T is the number of triangles through node u, and deg(u) is the degree of node u. The clustering

coefficient reported in Table 4.1 is the average clustering coefficient of the entire graph.

The average shortest path measures, as the name suggests, the length of the shortest path between any

two nodes in the network:

average sp =
∑
s,t∈N
s̸=t

d(s, t)

n(n− 1)

where N is the set of nodes in the network, n is the number of nodes, and d(s, t) is the shortest path

from node s to t. This captures how fast information travels through the network.

N edges is the total number of edges in the network. Lastly, the network density is the percentage of

possible edges that are realized in the network.

Table 4.1 Network characteristics: means and standard deviations.

Type Average Degree Clustering Coefficient Average Shortest Path N Edges Network Density

Fully-connected 24.0 ± 0.0 1.0 ± 0.0 1.0 ± 0.0 300.0 ± 0.0 100%
Mobile-phone 8.827 ± 0.038 0.261 ± 0.006 1.643 ± 0.006 110.34 ± 0.479 37%
Hierarchical 5.28 ± 0.0 0.902 ± 0.0 2.033 ± 0.0 66.0 ± 0.0 22%
Small-world 4.0 ± 0.0 0.383 ± 0.058 2.81 ± 0.183 50.0 ± 0.0 17%
Dynamic 3.279 ± 0.418 0.158 ± 0.072 2.61 ± 0.249 38.713 ± 5.626 13%
Scale-free 2.624 ± 0.28 0.178 ± 0.061 2.382 ± 0.146 32.8 ± 3.504 11%

Based on these properties, the networks are ordered from tightly-knit (top) to sparse (bottom).

Generally, denser networks converge more rapidly (Fagyal et al., 2010; Gong et al., 2008, 2011),

but sparser networks might promote the emergence of compositionality, since throughout the entire

population there is a higher input variability since new innovations spread slower in the network. To

be able to communicate successfully, and thus overcome the higher input variability, there is a higher

pressure for compositionality (Raviv et al., 2020).
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4.3.3 Results

The results shown in Figure 4.3.6 and Figure 4.3.7 indicate that overall, network structure has little

to no effect on the emergence of a preference for compositionality. Across five of the network types-

fully-connected, small-world, scale-free, hierarchical, and the network based on mobile phone data- the

proportion of compositional languages in the population increases at a similar pace. It converges to a

similar level, of around 75% of the final distribution. Only in the dynamic network do we observe a

faster increase, but a lower final preference for compositionality, reaching approximately 68% (CI: 55%

- 81%). Compared to the other networks, in the dynamic network, the proportion of holistic languages

in the final distribution is quite high, around 30% compared to 0% for the other networks. There is an

observable difference in convergence speed between the different network types. The scale-free network

converges the slowest, especially compared to the fully-connected and mobile-phone networks.
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Figure 4.3.6: Posterior probability for compositional languages averaged for the entire population of
sample-learners, averaged over 50 runs, for different network types. The population size is 25. Vertical
and horizontal transmission rounds = 20. Shaded area represents 95% confidence intervals.
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Figure 4.3.7: Proportion of posterior per language type, for various network types. Values are averaged
for the entire population of sample-learners and averaged over 50 runs. Per iteration, one agent is
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4.3.4 Discussion

The difference in convergence speed between the network types can be explained by the network density.

Sparser networks (e.g., scale-free or small-world networks) converge more slowly than tightly-knit

networks, such as the fully-connected or mobile-phone networks. As there are fewer edges in the

network, it takes longer to spread information through the entire population. These findings are in line

with previous work (Fagyal et al., 2010; Gong et al., 2008, 2011). A notable exception is the dynamic

network, which converged fastest while it is quite sparse. This could be explained by the different

proportion of vertical transmission compared to the other networks, as in this setting, potentially

more agents are replaced per iteration. Furthermore, in the dynamic network, a larger proportion of

the posterior distribution focused on holistic languages compared to the other network types. This

can be explained by the extra pressure for expressivity, which is introduced by replacing agents with

low communicative success instead of a randomly selected agent. Since degenerate, and thus most

compressible languages, are not efficient for communication, agents with higher communicative success

may have a posterior distribution with a weaker preference for compressibility, which facilitates the

rise of holistic languages.

The finding that network structure has little impact on the final level of preference for compositionality

is consistent with previous experimental results using smaller-scale networks (Raviv et al., 2020) and

extends these findings to larger networks with a population size of 25. Additionally, it is also in line

with previous computational work (Nakamura et al., 2015). Nevertheless, conclusions should be drawn

with caution, as some limitations of the current model settings might explain the observed results.

As discussed in Subsection 4.2.3, the emergence of a preference for compositionality in this model is

caused by the combination of pressure for expressivity and compressibility. The different network types

do not change the pressure for compressibility, since all agents still have the same compressibility prior;

hence, the trade-off between expressivity and compressibility is not affected. Similarly, for vertical

interactions, the network structure does not change anything either: a new agent takes the place of the

removed agent in the network, and has 20 interactions with the removed agent. The only exception is

the dynamic network, where possibly more than one agent is replaced per iteration. When an agent is

completely unconnected, it is removed, and an extra new agent is added. This results in a higher level

of vertical interactions, and thus a higher pressure for expressivity compared to the other networks.

Furthermore, in the dynamic network, agents are removed from the network with low communicative

success, leading to extra pressure for expressivity. Only in the case of horizontal transmission is the

network structure limiting expressivity in a way, since it restricts who can communicate with whom.

As observed in Experiment 1, if there’s any vertical transmission, the contribution of the horizontal

transmission to the final stationary distribution is limited. Since vertical transmission is included in

the current simulations, we do not observe any difference between the network types except for the

dynamic network, because the network structure does not alter the trade-off between expressivity

and compressibility. To potentially observe an impact of network structure on the emergence of a

preference for compositionality, a setting without vertical transmission should be considered. However,

as mentioned in Experiment 1, in a setting with only horizontal transmission, the compressibility

pressure fades away due to the impact of new evidence the agents observe. In Experiment 5, I will

introduce a mechanism to regulate the impact of new evidence, allowing for a setting with horizontal

transmission and a stable pressure for compressibility. Then, in Experiment 8, I examine the impact of
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network structure in a setting with only horizontal transmission while regulating the impact of new

evidence.
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Experiment 4: Rate of Replacement

In all previously reported experiments, if there was any vertical transmission, either one agent was

replaced per model iteration or the entire population was replaced. Here, I explore settings around

these two extremes to gain more insight into the impact of replacement dynamics on the emergence

of a preference for compositionality. Additionally, the replacement mechanism is adjusted to make it

more ecologically plausible: instead of selecting an agent at random, an agent with low communicative

success is replaced, which can be seen as a sort of “survival of the fittest” mechanism.

4.4.1 Experimental Setup

To gain more insight into the effects of agent replacement, I modified the model so that at each iteration,

agents are replaced probabilistically based on a global parameter r. The number of replacement decisions

matches the population size. If, for example, r = 0.5, each of the pop size replacement opportunities

has a 50% chance of resulting in an agent replacement.17 When a replacement happens, an agent

from the old population with low communicative success is selected and removed from the population.

To be specific, after the horizontal interactions, each agent is evaluated. During evaluation, an agent

plays the language game as the speaker with every other agent in the population as the learner. If the

guessed meaning by the learner is the same as the intended meaning, the communicative success score

of the speaker agent is increased by 1. After evaluation of all agents, the communicative success scores

are normalized and then reversed, such that the least successful agents have a higher probability.18

From this probability distribution, an agent is sampled to be removed from the network. Then, the new

agent learns for 20 (vertical transmission) rounds from an arbitrary agent in the remaining population.

Simulations were run with replacement probabilities ranging from 0.0 to 1.0. See Table 4.2 for the

average number of agents replaced per iteration for each value of r.

Table 4.2 Average Number of Agents Replaced per Iteration

r Agents replaced (mean)

0.00 0
0.01 0.25
0.05 1.25
0.10 2.50
0.25 6.25
0.50 12.50
0.75 18.75
0.90 22.50
1.00 25.00

For both horizontal transmission and vertical transmission, the number of interactions was set to 20.

The population size was 25, and simulations were run for both sample and MAP-learners, for 10000

iterations.

17This does not mean that each agent has an independent probability r of being replaced. Rather, each replacement
event is determined probabilistically, and when replacement occurs, the specific agent is chosen based on communicative
success.

18Specifically, pnewi = pmax − poldi , where pnewi is the new probability for agent i, pmax is the highest probability value
in the distribution and poldi is the old value for agent i.
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4.4.2 Results

As shown in Figure 4.4.1, different replacement probabilities result in varying preference for composi-

tionality in the final distribution.19 Replacement probabilities of 0.5, 0.75 and 0.9 result in the highest

preference for compositionality, of around 81% (CI: 71% - 92%), 85% (CI: 76% - 95%) and 84% (CI:

73% - 94%), respectively. When the replacement probability is lower or higher, the final preference for

compositionality is lower. To be specific, when approximately 1 agent, 2.5 agents, or all agents are

replaced each iteration, the final value of compositionality is around 65%. When either 1 agent per

approximately 4 iterations is replaced, or 6.25 per iteration, the final preference for compositionality is

around 72%. There is a clear trend in convergence speed for r > 0.0: as the replacement probability

increases, the convergence speed increases as well. This is in line with the previous experiments, where

convergence speed was higher when the entire population was replaced compared to when only one

agent per iteration was replaced.

As shown in Figure 4.4.2, simulations where r > 0.0 result in an average final distribution divided

between compositional and holistic languages, where the relative balance between the two language

types depends on the replacement probability.
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Figure 4.4.1: Posterior probability of compositional languages across 9 replace probabilities, averaged
over 50 runs. Simulations were run for 10000 iterations. Population size = 25.

19The results reported here are for sample-learners; corresponding plots for MAP-learners can be found in Appendix B.
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Figure 4.4.2: Proportion of posterior per language type, for various replacement probabilities. Values
are averaged across the entire population of sample-learners and averaged over 50 runs. The shaded
area represents 95% confidence intervals.
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4.4.3 Discussion

Overall, the rate of replacement seems to impact the level of preference for compositionality. Again,

similar to the previous experiments, this preference for compositionality emerges due to a trade-off

between expressivity and compressibility. Since in this model the agent to be replaced is selected based

on low communicative success, replacement of an agent not only introduces pressure for compressibility,

as a new agent with a strong compressibility prior is added to the population, but it also introduces

pressure for expressivity. Because of this, it is hard to explain why we see this specific division between

compositional and holistic languages in the various replacement settings. Compared to previous

experiments in which the replaced agents were selected at random rather than based on communicative

success, the proportion of holistic languages in the final distribution is higher. The extra pressure for

expressivity thus leads to the rise of holistic languages.

The difference in convergence speed can be explained by the fact that as more agents are replaced,

more (vertical) interactions take place, and so the distributions of agents are updated more often,

resulting in faster convergence compared to when fewer agents per iteration are replaced.
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Chapter 5 – Individual Learning Mechanisms

Cultural transmission is not only impacted by factors such as transmission modes, population size,

or network structure, but it is also impacted by learning mechanisms of the individual (Arnon et al.,

2025; Kirby et al., 2007). Accordingly, the experiments reported in this chapter investigate how

changes in the assumptions about agents’ learning mechanisms affect the emergence of a preference for

compositionality.

Experiment 5: Regulating the Impact of New Evidence

In all the previously reported experiments, the standard version of Bayesian updating is used. By the

nature of this update rule, eventually, the initial compressibility prior is completely washed out by

the evidence an agent observes. Since we see this initial compressability prior as a “cognitive bias”

(Culbertson & Kirby, 2016; Kirby et al., 2015), it is conceptually quite strange that this cognitive bias

completely diminishes once an agent observes enough data. By making a small change to the update

rule, the prior can remain a stable bias through the entire simulation.

5.1.1 Experimental Setup

By adjusting the update rule to a version where, at every update, a little bit of the compressibility

prior is added into the posterior, the preference for compressibility never completely fades away. The

new update rule is as follows:

Pt(li|f,m) ∝ (1 − α) · P (f |m, li) · Pt−1(li) + α · P0(li)

Where α ∈ [0.0, 0.00025, 0.0005, 0.00075, 0.001], P (f |m, li) is the likelihood, P0(li) is the initial com-

pressibility prior, and Pt−1(li) is the posterior value of language li before updating. The posterior is

updated for every li ∈ l. After updating, the posterior distribution is normalized.

Similar to Experiment 1, h and v were assigned values of 0, 10, or 20. The population size was 25, and

simulations were run for 10000 iterations for both MAP and sample-learners.

5.1.2 Results

Results presented in Figure 5.5.1 show that when a little bit of the compressibility prior is injected

at each update, i.e., α > 0, horizontal transmission alone leads to a preference for compositionality,
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while this is not the case when α = 0. Specifically, 10 horizontal interactions lead to a preference for

compositionality, of around 99% when alpha > 0. More horizontal interactions (h = 20) lead to a

slightly lower level of compositionality, ranging from 90% (CI: 83% - 98%) for α = 0.001 to 97% (CI:

92% - 100%) for α = 0.00075. When none of the prior was injected during updating, the preference

for compositionality was around 18% (CI: 7% - 28%) for both h = 10 and h = 20. When there is a

sufficient amount of vertical transmission, injecting increasing amounts of the prior at each update

leads to a decrease in the final preference for compositionality. To be specific, when there is no prior

injection, the final level is around 77%, regardless of the level of horizontal transmission, compared to

a final value of around 59% when the most prior is injected. Similar to Experiment 1, if there is too

little vertical transmission (v = 10), no preference for compositionality emerges, reaching a final value

around 0% for all conditions, as there is not enough pressure for expressivity. Furthermore, similar to

Experiment 1, once vertical transmission is included, the impact of horizontal transmission is minimal.
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Figure 5.5.1: Proportion of posterior for compositional languages averaged for the entire population
of sample-learners, averaged over 50 runs, for various values of α. The shaded area represents 95%
confidence intervals. If there is vertical transmission, one agent is replaced per iteration.
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Figure 5.5.2: Proportion of posterior per language type, for various levels of horizontal and vertical
transmission. Values are averaged for the entire population of sample-learners and averaged over 50
runs. Per iteration, one agent is replaced. α = 0.0005. The shaded area represents 95% confidence
intervals.
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5.1.3 Discussion

When a small amount of compressibility prior is added to the posterior at every update, resulting in a

stable bias for compressibility throughout the simulation, a preference for compositionality emerges

within a single generation. The finding that compositionality can emerge within a single generation is

in line with previous experimental and computational work (Raviv et al., 2019a; Vogt, 2005a). The

stable bias does not have a big impact on the results when vertical transmission is included in the

simulations.

These results highlight the importance of how assumptions about individual learning mechanisms

interact with the outcomes of cultural evolution. To be specific, maintaining a stable bias changes the

dynamics of the emergence of compositionality when only horizontal transmission is considered.

Similar to the previous experiments, the preference for compositionality reflects a trade-off between

compressibility and expressivity. As the impact of the evidence decreases, since more of the com-

pressibility prior is interjected at each update, the pressure for compressibility is stronger. This

shift in the trade-off between compressibility and expressivity explains the decrease in final value for

compositionality when larger values of α are used, as more of the final distribution is centered on

degenerate languages in these settings.

Although the current learning mechanism is not directly based on empirical findings in human cognition,

it demonstrates that even minor changes to the learning mechanisms can lead to significant differences

in outcomes of cultural transmission. For future work, it would be interesting to model a learning

mechanism directly based on empirical work.
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Experiment 6: Strength of the Compressibility Prior

For all previously reported experiments, agents’ initial priors were determined by the compressibility

of each language in its minimally redundant form (see Subsection 3.3.1 for details). This prior strongly

favors degenerate languages, reflecting a domain-general bias toward ‘simplicity’ (Chater & Vitányi,

2003; Culbertson & Kirby, 2016; Kirby et al., 2015).

Kirby et al. (2007) showed that iterated learning can lead to strong linguistic universals, even when

assuming a weak bias. Through vertical cultural transmission, this weak bias gets amplified over

generations. In their model, the regularity of the final language depended completely on the size of

the information bottleneck, and not on the strength of the prior. These results were only observed

when agents are not precisely sample learners, i.e., they pick a hypothesis with a higher probability

disproportionally more often, of which MAP-learning is the most extreme option.

Whereas Kirby et al. (2007) directly assumed a bias in favor of structural regularity, the model used in

this thesis combines a compressibility bias with a pressure for expressivity. The current experiment

investigates whether the strength of this compressibility bias impacts the emergence of a preference for

compositionality.

5.2.1 Experimental Setup

The compressibility bias used in all previous experiments is quite strong, since around 99% of the prior

is focused on degenerate languages. To weaken the bias, I introduce β, which allows us to adjust how

strongly coding length influences the initial base distribution:

G0(l) ∝ 2β·L(l)

Here, β ∈ [0, 1], and L(l) is the coding length of language l. When β = 0, the initial prior is uniform, so

coding length has no effect. As β increases, more compressible languages receive higher prior probability.

By varying β, we can test whether the strong simplicity bias is necessary for the emergence of a

preference for compositional languages, or whether similar patterns emerge under weaker assumptions.

See Figure 5.6.1 for the prior per language type for various values of β. The population size was 25,

and vertical and horizontal transmission were set to 20. Simulations were run for both sample and

MAP learners, for 10000 iterations.
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Figure 5.6.1: Prior probability across language types for different values of β. When β = 0, the prior is
uniform, and “other” languages dominate because they are most frequent in the set of all languages.
As β increases, the prior increasingly favors more compressible (simpler) language types.
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5.2.2 Results

As shown in Figure 5.6.2, when agents are sample-learners, a weaker compressibility bias (e.g., β ≥ 0.5),

in combination with pressure for expressivity, leads to the emergence of a preference for compositionality.

Specifically, when one agent is replaced per iteration, and β = 0.5, β = 0.75 or β = 1.0, the final value

for a preference for compositionality are 75% (CI: 73% - 77%), 82% (CI: 80% - 84%) and 77% (CI: 74%

- 79%), respectively. Even when the compressibility bias is relatively weak (β = 0.25), and so most

of the prior does not lie on degenerate hypotheses but on ‘other’ hypotheses, we see the emergence

of a preference for compositionality, where around 60% (CI: 58% - 63%) of the final distribution lies

on compositional languages, when one agent is replaced per iteration. As shown in Figure 5.6.3, as

the strength of the compressibility prior decreases, a larger proportion of holistic languages are in the

posterior. This is the case since holistic languages are effective for communication, in comparison to

degenerate or other languages, but they are not compressible. On the other hand, if the compressibility

prior is extreme (β = 1), a larger proportion of the posterior lies on degenerate languages compared to

the other settings.

When we look into the results for MAP-learners (Figure 5.6.4), the results are even stronger: when

β = 0.25, so the compressibility prior is much weaker than the original one, a strong preference

for compositionality arises, of around 85% (CI: 83% - 87%). Additionally, assuming a weaker bias

(0.25 ≥ β ≥ 0.75), leads to an overall higher final level of compositionality of above 80%, while the

original compressibility prior leads to a final level of compositionality of around 76%. This is because

in this setting, more of the posterior is focused on degenerate languages, as shown in Figure 5.6.5.

When there is no compressibility bias at all, the results of the sample and MAP-learners are similar,

where the biggest part of the posterior is focused on holistic languages.
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Figure 5.6.2: Proportion compositionality in posterior distribution for various strengths of the com-
pressibility bias. Agents are sample-learners. Population size = 25, horizontal transmission rounds =
20, vertical transmission = 20.
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Figure 5.6.3: Proportion of posterior per language type, for various compressibility prior strength.
Agents are sample-learners. If β = 0, the prior is uniform across all languages, while if β = 1.0, the
compressibility prior is the strongest. Values are averaged for the entire population of sample-learners
and averaged over 50 runs. Per iteration, one agent is replaced. The shaded area represents 95%
confidence intervals.
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Figure 5.6.4: Proportion compositionality in posterior distribution for various strengths of the com-
pressibility bias. Agents are MAP-learners. Population size = 25, horizontal transmission rounds = 20,
vertical transmission = 20.
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Figure 5.6.5: Proportion of posterior per language type, for various compressibility prior strength.
Agents are MAP-learners. If β = 0, the prior is uniform across all languages, while if β = 1.0, the
compressibility prior is the strongest. Values are averaged for the entire population of sample-learners
and averaged over 50 runs. Per iteration, one agent is replaced. The shaded area represents 95%
confidence intervals.

5.2.3 Discussion

As in Kirby et al. (2007), we see that weak biases in combination with vertical transmission can lead to

strong linguistic universals, in this case, the emergence of compositionality. In contrast to their findings,

we observe these results with both MAP and sample learners, rather than only with MAP learners.

This difference can be explained by the fact that in our model, agents learn from multiple teachers

rather than from just one, as this affects the stationary distribution (Smith, 2009). This finding is

particularly interesting because it shows that, regardless of sampling mechanism, weak biases can lead

to linguistic universals when learning happens from multiple teachers, which is a more ecologically valid

assumption. While it remains difficult to determine precisely what inferential process humans use, it is

generally accepted that humans acquire language from multiple teachers. Overall, the results indicate

that weak individual biases for compressibility, especially in a setting with MAP-learners, a preference

for compositionality can arise when combined with a pressure for expressivity and vertical transmission.

How precisely this bias for compressibility arises remains unclear, but a plausible explanation is the need

to communicate in an expanding meaning space under constraints of limited memory. For future work,

it would be interesting to explore settings between these two extreme sample modes. In such a setting,

an agent samples a language with a higher probability disproportionally more often. This would give

more insight into how precisely the sampling mode interacts with the emergence of compositionality.

55



Chapter 6 – Cultural Transmission Revisited

In this chapter, I introduce two follow-up experiments based on population size (Experiment 2)

and on social network structures (Experiment 3). Specifically, for the population size experiment, I

consider a setting with a heterogeneous population, and for the experiment on network structures, I

look into a setting with horizontal transmission only while maintaining a stable compressibility prior

(Experiment 5). Together, these experiments give insight into whether earlier results are caused by

specific modeling assumptions or if the results are robust across different settings.

Experiment 7: Heterogeneous Population

This experiment is a follow-up of Experiment 2, where in comparison to previous work (e.g., Raviv

et al., 2019b; Rita et al., 2021; Vogt, 2007), we did not see a faster or more prominent emergence

of compositionality in larger populations. As suggested by Rita et al. (2021), the absence of this

population size effect might be caused by the homogeneity of the population. In a heterogeneous

population, the increase in the population leads to an increase in input variability, which is not the

case in a homogeneous population. Overcoming this larger input variability might be the reason why

we see a faster and more prominent emergence of compositionality in larger populations. In the current

experiment, I investigate whether this population size effect can be observed when the population is

heterogeneous.

6.1.1 Experimental Setup

To create a heterogeneous population, agents are initialized with initial priors varying in their compress-

ibility strength. Specifically, an agent’s compressibility strength, and thus their prior, is determined by

generating a β value between 0 and 1 (as introduced in Experiment 6). The prior of the agent is then

calculated as follows:

G0(l) ∝ 2β·L(l)

where L(l) is the coding length of a language. Simulations were run for population sizes 2, 10, 20, 50,

100, and 200. The number of horizontal and vertical interactions was set to 20, and simulations were

run for both MAP and sample learners for 10000 iterations.
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Figure 6.7.1: Posterior probability for compositional languages averaged for the entire population of
sample-learners, averaged over 50 runs, for different population sizes. The shaded area represents the
95% confidence interval. In the left figure, every agent is replaced each iteration, and in the figure on
the right, only one agent is replaced each iteration.
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Figure 6.7.2: Proportion of posterior per language type, for various population sizes. Values are
averaged for the entire population of sample-learners and averaged over 50 runs. Per iteration, one
agent is replaced. The shaded area represents 95% confidence intervals.
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6.1.2 Results

As shown in Figure 6.7.1 and Figure 6.7.2, larger populations do not lead to a faster or more prominent

emergence of compositionality, even when the population is heterogeneous. Specifically, the final values

of the proportion of the posterior focused on compositional languages range from 70% to 74% when

the entire population is replaced each iteration, and from 61% to 77% when one agent is replaced

each iteration. Compared to the results of Figure 4.2.1, populations of size 100 and 200 show a faster

increase in preference for compositionality, but overall convergence slows as population size increases

when one agent is replaced per iteration. If the entire population is replaced, there is no difference

in convergence speed between the homogeneous and heterogeneous populations. However, the two

settings differ slightly in the final value of preference for compositionality, where the heterogeneous

population results in a slightly lower preference of around 72%, compared to approximately 77% in the

homogeneous population.

6.1.3 Discussion

These results suggest that having a heterogeneous population is not sufficient to produce the population

size effect on the emergence of compositionality as reported in previous work (e.g., Raviv et al., 2019b;

Rita et al., 2021; Vogt, 2007). The absence of this effect may be explained by three factors. First,

the form-meaning space in this model is very small, which limits the possibility for increased input

variability. Each of the four meanings can be matched with any of the four forms, leading to only 16

different form-meaning pairs. Hence, having a larger and diverse population will likely not lead to

increased input variability, and so there is no additional pressure for compositionality to emerge in

larger populations. Second, the pressure for communicative success in this model is implemented by

pragmatic agents, who only penalize ambiguous languages rather than communicative failures. Agents

are not actively striving for communicative success; they only try to avoid ambiguity. Hence, the

expressivity pressure in the current model might be too limited to overcome the input variability leading

to the emergence of compositionality. Lastly, it might be the case that this specific manipulation does

not make the population heterogeneous enough to cause a difference in the input variability.

This suggests that, next to heterogeneity, other factors such as pressure for communicative success

and a large enough meaning-signaling space might be necessary to elicit a bigger preference for

compositionality in larger populations.
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Experiment 8: Social Network Structures Revisited

This experiment is a follow-up of Experiment 3, and focuses on the impact of social network structures

in a setting with only horizontal transmission specifically. The goal of this experiment is to investigate

whether the network structures inhibit the pressure for expressivity, affecting the emergence of a

preference for compositionality.

In the original simulations with horizontal transmission only, the compressibility bias was completely

washed out by new evidence. By regulating the impact of new evidence, the agents in this simulation

have a stable compressibility bias, as introduced in Experiment 5.

6.2.1 Experimental Setup

Simulations are run for the different network types, as introduced in Experiment 3. To be specific, I

compare a fully-connected network, a small-world network, a scale-free network, a hierarchical network,

and a network based on mobile-phone data. The dynamic network is excluded, as it requires the

introduction of new agents (i.e., vertical transmission) when an agent in the network becomes completely

disconnected due to edge removal. Simulations were run for both MAP and Sample learners, with 20

horizontal transmission rounds, a population size of 25, and 10000 iterations. To maintain a stable

compressibility bias throughout the simulations, a little bit of the prior is injected at each update, as

introduced in Experiment 5, with α = 0.0005.

6.2.2 Results

As shown in Figure 6.8.1, all network types show a similar trajectory in the emergence of preference for

compositionality. The final mean level of compositionality was high in every condition, ranging from

87% (CI: 80% - 96%) for the small-world network to 96% (CI: 92% - 99%) in the scale-free network.

The final values for the fully connected network, mobile-phone network, and hierarchical network were

90% (CI: 81% - 98%), 92% (CI: 84% - 99% ), and 94% (CI: 89% - 99%), respectively. While the final

values of compositionality are similar, there is an observable difference in convergence speed between

the different network types. Specifically, sparser networks (e.g., scale-free) take about 1000 iterations

to reach a stable level of compositionality compared to more tightly-knit networks (e.g., fully-connected

or mobile-phone), which stabilize around 125 iterations. Shown in Figure 6.8.2, the remaining part of

the posterior lies on holistic languages, but this is consistently less than 10% for all the network types.
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Figure 6.8.1: Posterior probability for compositional languages averaged for the entire population of
sample-learners, averaged over 50 runs, for different network types. The population size is 25. Vertical
and horizontal transmission rounds = 20. Shaded area represents 95% confidence intervals.
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Figure 6.8.2: Proportion of posterior per language type, for various network types. Values are averaged
for the entire population of sample-learners and averaged over 50 runs. Per iteration, one agent is
replaced. The shaded area represents 95% confidence intervals.
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6.2.3 Discussion

Consistent with Experiment 3, and previous experimental work (Raviv et al., 2020), we found no impact

of social network structure on the final level of compositionality. In this Experiment, compared to

Experiment 3, there was only horizontal transmission, and so for all interactions in the simulation, the

network structure limited who could interact with whom. Since we still observe no impact of network

structure on the emergence of a preference for compositionality, we can conclude that the results are

not caused by the setup in Experiment 3, which included vertical transmission whereby the network

structure did not limit the interactions in any way. Overall, we can conclude that network structure

can influence the amount of compositionality in the short term, as different networks exhibit different

convergence speeds. In sparser networks, it takes longer for compositionality to emerge compared to

more tightly-knit ones. In the long term, however, network structures do not completely prevent the

emergence of compositionality, as preference for compositionality always arises regardless of network

structure.

However, these conclusions should be drawn with caution, since previous work has shown that network

structure impacts input variability. Specifically, networks with longer average paths and low clustering

result in higher variability than more tightly-knit networks (Josserand et al., 2024). Raviv et al. (2020)

suggest that more input variability might be a driver for the emergence of compositionality, since it is

harder to communicate successfully with more variation, and so there is more pressure for a systematic

language to arise. As mentioned before, in this model, the possibility for variability is limited, since

there are only 4 meanings and 4 signals. So, it could be the case that the networks do not lead to

differences in input variability, and therefore, there is also no difference in the level of compositionality.

Similarly, Raviv et al. (2020) argue that the lack of input variability could cause the lack of difference

in level of compositionality in their experiment. Future work should carefully consider experimental

setups that allow for more input variability, such as expanding the meaning and signaling spaces, or by

adopting a more open-ended signaling space rather than a fixed set of signals.
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Chapter 7 – General Discussion & Conclusions

7.1 Discussion

This thesis addressed two sets of research questions concerning the emergence of compositionality.

The first set of experiments, presented in Chapter 4, examined how various factors impacting cultural

transmission, such as vertical and horizontal transmission, population size, social network structure,

and rate of generational replacement, shape the emergence of compositionality. The second set of

questions, presented in Chapter 5, focused on the role of individual learning mechanisms and their

impact on the emergence of compositionality. Specifically, the first experiment examined how regulating

the impact of new evidence affects the emergence of compositionality, and the second investigated how

the strength of the compressibility bias impacts the emergence of compositionality. Finally, Chapter 6

presented two follow-up experiments, building upon Experiment 2 and Experiment 3.

In general, all experiments showed that compositionality emerges from a trade-off between expressivity

and compressibility, as proposed by Kirby et al. (2015). When this trade-off is disrupted, for example

by introducing new agents with a strong compressibility prior or increasing the amount of interactions

between agents during vertical transmission, the final proportion of compositional languages in the

posterior distribution of the population changes, as demonstrated in Experiment 1. Similarly, by

introducing new agents at a different rate, which results in differences in compressibility pressure,

the emergence of compositionality is affected, as demonstrated in Experiment 4. Conversely, if the

experimental setting does not affect the pressure for compressibility or expressivity, as in Experiment 2

with various population sizes and in Experiment 3 with different network structures, the emergence of

compositionality is not affected.

This trade-off between expressivity and compressibility is a well-known phenomenon that seems to play

a more general role in shaping the semantic structure of lexical systems. For example, this trade-off is

has been observed across several semantic domains, including kinship systems (Kemp & Regier, 2012)

and color terms (Zaslavsky et al., 2018), among others. The tension between these two pressures is

thus not only important for the emergence of compositionality, but more generally for the organization

and evolution of communication systems.

Results from Experiment 1 and Experiment 4 highlighted that introducing new learners (i.e., vertical

transmission) encourages the emergence of compositionality. Experiment 1 and the sensitivity analysis

showed that the number of vertical interactions has a greater impact on the final level of compositionality

than the number of horizontal interactions. In other words, if a new agent with a still strong preference

for compressibility is added to the population, the initial number of interactions with its assigned
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teacher has a large impact on the entire population compared to the interactions among existing agents.

The precise reason for this remains unclear, and it may be specific to this computational model.

The experiments on population size (Experiment 2) and social network structure (Experiment 3)

demonstrated the importance of carefully selecting specific modeling settings and considering potential

interactions before conducting an experiment. In both cases, the observed results could be explained

by limitations of the modeling settings: the heterogeneity of the population in Experiment 2 and the

inclusion of vertical transmission in Experiment 3. This illustrates how modeling assumptions can

impact experimental outcomes, underscoring the need for critical evaluation of these assumptions. As

argued by Smaldino (2017), critical evaluation of modeling assumptions can be helpful for modeling

refinements. As such, the follow-up experiments (Experiment 7 and Experiment 8) dealt with the

initial limitations, yet they still showed similar results, where both population size and social network

structure did not seem to impact the emergence of compositionality. Both experiments further revealed

a limitation of the model: the small meaning signaling space restricted the possibility for an increase

in input variability.

The meaning-signaling space was originally chosen for its simplicity. Its small size allows for running

full inference over all possible languages, resulting in a conceptually and computationally simpler model,

while it is still complex enough to distinguish between the different language types (degenerate, holistic,

compositional, and other). However, precisely its simplicity is thus also a limitation, since it does not

allow for much variation in the level of input variability. Simply expanding the meaning signaling space to

allow for more input variability is not as straightforward as it seems. To illustrate, increasing the meaning

signaling space by a single dimension, e.g., the set of meanings M = {03, 13, 23, 04, 14, 24, 05, 15, 25}
and the set of signals F = {aa, ab, ac, ba, bb, bc, ca, cb, cc}, results in |F||M| = 99 possible languages.

This large set of possible languages makes full inference infeasible, and addressing this requires a model

that is both computationally and conceptually more complex. One possible solution is to utilize the

Chinese Restaurant Process, similar to Kirby et al. (2015). However, implementing this was beyond

the scope of this thesis, as I prioritized conducting the experiments on individual learning mechanisms

and the follow-up experiments, broadening and strengthening the experiments on the factors impacting

cultural transmission. Moreover, Woensdregt et al. (2021) argued that scaling these kinds of Bayesian

models to a realistic size is intractable. They proved that learning signal-meaning mappings, i.e.,

language learning, is NP-hard, even when other parts of the model are severely restricted. Specifically,

the set of possible languages an agent considers grows exponentially with the number of meanings and

signals, and cannot be searched efficiently.20 Therefore, this type of model of language evolution is

intractable, and it is impossible to scale these models beyond toy-size, limiting the generalizability of

the findings.

As a potential solution, Woensdregt et al. (2021) suggest constraining the input domain while being

explicit about the reason for the specific restrictions. This could make the computations tractable,

enabling simulation at a more realistic scale. Future work could build on this suggestion by designing a

model that not only allows for simulating at a more realistic scale, but also for more input variability.

Another promising direction would be to conduct experiments in an emergent communication setting,

20In contrast to the example where the number of possible languages is |F||M|, they allow for synonyms, resulting in
2|M|×|F| possible languages. Hence, considering a set of only 50 meanings and 25 signals results in 1.9× 10376 possible
languages.
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using neural networks as agents. An advantage is that this is a more open-ended framework, where

agents come up with a communication protocol themselves, instead of having a predefined set of

signals or languages. In these kinds of models, there is no need to search the hypothesis space as in

the Bayesian models, so the meaning and signaling space is easier to scale to a more realistic size.

Furthermore, parameters such as alphabet size and message length can be used to directly manipulate

the potential for input variability.

In the bigger picture, this could help to investigate whether the level of input variability is directly

related to the level of compositionality. As suggested by Raviv et al. (2019b), more input variability

leads to a higher pressure for compositionality. However, future work should not only consider external

factors impacting input variability, such as population size or social network structure, but also internal

factors such as one’s cognitive abilities. To illustrate, an individual who is able to distinguish a greater

number of phonemes experiences higher input variability. If a species lacks the ability to distinguish

between different signals, there is less pressure for compositionality to arise, and so this might explain

why non-human communication systems are less complex than ours.

Furthermore, iconicity may play an important role in the level of input variability and so potentially

the level of compositionality. Mudd et al. (2020) showed that smaller communities can more often

communicate successfully by using an iconic link, where the form of the signal directly resembles the

meaning, as they share more social context than larger communities. Using an agent-based model

Mudd et al. (2020) showed that because of this, smaller communities show a higher level of lexical

variability than larger communities. It would be interesting to see how precisely iconicity interacts

with not only the level of input variability but also with the emergence of compositionality.

The experiments on individual learning mechanisms, reported in Chapter 5, revealed that a preference for

compositionality can arise across various types of learning mechanisms. Experiment 5 showed that when

a little bit of the initial compressibility prior is injected at each update, a preference for compositionality

can emerge, even within one generation. Furthermore, Experiment 6 showed that for various strengths

of the compressibility prior, for both sample and MAP learners, a preference for compositionality

emerged. On the one hand, these experiments show that a preference for compositionality emerges

robustly across various conditions. On the other hand, they show that it is important to be explicit

about the learning mechanisms used, since compositionality emerging within one generation differed

between the two update mechanisms. Future work could explore more realistic learning mechanisms

directly informed by empirical findings from language acquisition research. Additionally, since children

and adults differ in language learning strategies (e.g., Newport, 2020), these differences could be

interesting to model as well.

Finally, grounding computational work in laboratory experiments is important to critically assess

whether the results are generalizable to real-life settings. I am particularly interested in investigating

whether the different transmission modes lead to differences in the rate of emergence and final level of

compositionality. As previous work has shown, compositionality can emerge due to the pressure of

compressibility caused by vertical transmission of the language in combination with the pressure of

expressivity caused by communication in dyads (Kirby et al., 2015). However, compositionality can

also arise within just one generation, when communication takes place in a micro-society, which results

in a different pressure for compressibility (Raviv et al., 2019b). To date, no experiment has investigated

whether these two types of compressibility pressures yield differences in either the rate of emergence
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or the final level of compositionality. An experiment similar to Raviv et al. (2019b) and Kirby et al.

(2015), in which participants play a communication game using an artificial language, could be used to

address this gap. To be precise, by comparing three different conditions: vertical transmission in dyads,

horizontal transmission in a micro-society, and vertical transmission in a micro-society, the effect of the

various compressibility pressures can be investigated. While comparing the effect of these two types

of compressibility pressure is closely related to the work in this thesis, the model in its current form

is not suitable to investigate this specific question, as for the compressibility pressure from a larger

population, some form of memory constraints and a larger signaling space is needed.

7.2 Conclusions

In this thesis, I investigated how different factors impacting cultural transmission, such as transmission

mode, population size, network structure, or rate of generational replacement, impact the emergence

of a preference for compositionality. Additionally, since individual learning mechanisms affect the

outcomes of cultural transmission, I considered various settings regarding these learning mechanisms,

such as the strength of a simplicity prior and the strength of the impact of new evidence. In line with

previous work, the experiments revealed that the emergence of a preference for compositionality is

the result of a trade-off between a pressure for compressibility and expressivity. I showed that the

amount of vertical interactions between a new agent and an older agent has a substantially greater

impact on the emergence of compositionality than horizontal interactions within the same generation.

Furthermore, I demonstrated that whether a preference for compositionality can arise within one

generation depends on the assumed learning mechanism. This highlights the importance of carefully

considering and justifying certain modeling assumptions. Moreover, I showed that even a relatively

weak prior bias for compressibility, in combination with a pressure for expressivity, leads to the

emergence of compositionality for both MAP and sample learners, if an agent learns from multiple

other agents. Lastly, population size or social network structure does not seem to impact the emergence

of a preference for compositionality in the model used in this thesis. This could potentially be explained

by the limited possibility for input variability. In conclusion, when investigating the emergence of a

preference for compositionality, one should not only consider aspects that impact cultural transmission

and the trade-off between a pressure for expressivity and compressibility but also the role of the assumed

individual learning mechanisms.
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Appendix A – Sensitivity Analysis: Horizontal

& Vertical Transmission

To gain more insight into how horizontal transmission, vertical transmission each impact the emergence

of compositionality, I performed a Sobol Sensitivity analysis (Saltelli, 2002; Saltelli et al., 2010; Sobol,

2001). Sobol sensitivity analysis is a variance-based method to quantify how much each parameter,

as well as the interaction between parameters, contributes to the variability in the model’s output.

It calculates first-order effects (influence of individual parameters), higher-order effects (interactions

between parameters), and total effects (combined impact including interactions). More specifically,

first-order effects look at the variance of the output of the model, in this case proportion of the posterior

focused on compositional languages, when only parameter Xi is varied. Total order effects capture the

overall contribution of parameter Xi, including its interaction with other parameters. Second-order

effect measures the output variance caused by the interaction between parameters Xi and Xj .

To run a Sobol sensitivity analysis, the model must be evaluated across a wide range of parameter

settings. More specifically, I used the Saltelli sampling technique, as provided in the SALib package

(Herman & Usher, 2017; Iwanaga et al., 2022). This is an extension of the standard Sobol scheme,

which is a quasi-random, low-discrepancy sequence used to generate a uniform sample of a parameter

space.

For possible parameter values, I chose h ∈ [1, 50) and v ∈ [0, 20), as the results from Experiment 1

suggested that vertical interactions have more impact on the emergence of compositionality than

horizontal interactions. By increasing the range for horizontal interactions, I made sure that the bigger

impact of vertical interactions was not caused by too little horizontal interactions.

To obtain the final parameter values, one has to choose a value for N , which is the base sample size.

As N was set to 512, and the possibility for calculating the second order effects was set to true, the

final number of parameter values for which the model was evaluated was N · (2D + 2), where D is the

number of parameters considered. This results in 3072 different parameter settings.

Since the model is stochastic, I run each parameter setting five times and average the results to reduce

noise. Population size was set to 25, one agent was replaced per iteration, the mode was set to sample,

and the model ran for 10000 iterations.

Then, the Sobol analysis was performed using the function provided by the SALib package (Herman &

Usher, 2017; Iwanaga et al., 2022).
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A.0.1 Results

As shown in Figure A.1, in the first few iterations of the model, h, thus the number of horizontal

interaction, has the biggest impact on the variance in the proportion of compositionality in the

distribution. Over time, however, v explains all the variance in the output of the model, as shown by

the first-order and total-order effects. As shown by the second-order effects, is the interaction between

h and v relevant in the beginning of the simulation, but this diminishes over time. Overall, we can

conclude that the final output of the simulations is driven by the amount of vertical interactions.
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Figure A.1: First, total and second order effects of a Sobol sensitivity analysis of the parameters h and
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Appendix B – Additional Figures Experiments

Cultural Transmission

B.1 Transmission Modes
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Figure B.1: Posterior probability for compositional languages for MAP-learners, averaged over 50 runs.
Shaded area represents 95% confidence intervals.
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Figure B.2: Proportion of posterior per language type, for varying levels of horizontal and vertical
transmission. Values are averaged for the entire population of sample-learners and averaged over 50
runs. Per iteration, one agent is replaced (if there is vertical transmission). The shaded area represents
95% confidence intervals.
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B.2 Population Size
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Figure B.3: Posterior probability for compositional languages averaged for the entire population of
MAP-learners, averaged over 50 runs, for different population sizes. The shaded area represents the
95% confidence interval. In the left figure, every agent is replaced each iteration, and in the figure on
the right, only one agent is replaced each iteration.
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Figure B.4: Proportion of posterior per language type, for various population sizes. Values are averaged
for the entire population of MAP-learners and averaged over 50 runs. Per iteration, the one agent is
replaced. The shaded area represents 95% confidence intervals.
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B.3 Social Network Structures

0 2000 4000 6000 8000 10000
Iteration

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

Pr
op

or
tio

n 
co

m
po

si
tio

na
l

Proportion Compositional - Network Structures - Mode: MAP

Condition
dynamic fully-connected hierarchical mobile-phone scale-free small-world

Figure B.5: Posterior probability for compositional languages averaged for the entire population of
MAP-learners, averaged over 50 runs, for different network types. The population size is 25. Vertical
and horizontal transmission rounds = 20. Shaded area represents 95% confidence intervals.
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Figure B.6: Proportion of posterior per language type, for various network types. Values are averaged
for the entire population of MAP-learners and averaged over 50 runs. Per iteration, one agent is
replaced. The shaded area represents 95% confidence intervals.

B.4 Rate of Replacement
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Figure B.7: Posterior probability of compositional languages across 9 replace probabilities, averaged
over 50 runs. Simulations were run for 10000 iterations. Population size = 25.
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Figure B.8: Proportion of posterior per language type, for various replacement probabilities. Values
are averaged across the entire population of MAP-learners and averaged over 50 runs. The shaded
area represents 95% confidence intervals.
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Appendix C – Additional Figures Experiments

Individual Learning Mechanisms

C.1 Regulating the Impact of New Evidence
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Figure C.1: Proportion of posterior per language type, for various levels of horizontal and vertical
transmission. Values are averaged for the entire population of MAP-learners and averaged over 50 runs.
Per iteration, one agent is replaced. α = 0.0005. The shaded area represents 95% confidence intervals.
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Figure C.2: Proportion of posterior for compositional languages averaged for the entire population
of MAP-learners, averaged over 50 runs, for various values of α. The shaded area represents 95%
confidence intervals. If there is vertical transmission, one agent is replaced per iteration.
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Appendix D – Additional Figures Experiments

Cultural Transmission Revisted

D.1 Population Size Effects in a Heterogeneous Popula-

tion
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Figure D.1: Posterior probability for compositional languages averaged for the entire population of
MAP-learners, averaged over 50 runs, for different population sizes. The shaded area represents the
95% confidence interval. In the left figure, every agent is replaced each iteration, and in the figure on
the right, only one agent is replaced each iteration.
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Figure D.2: Proportion of posterior per language type, for various population sizes. Values are averaged
for the entire population of MAP-learners and averaged over 50 runs. Per iteration, one agent is
replaced. The shaded area represents 95% confidence intervals.

D.2 Social Network Structures Revisited
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Figure D.3: Posterior probability for compositional languages averaged for the entire population of
MAP-learners, averaged over 50 runs, for different network types. The population size is 25. Vertical
and horizontal transmission rounds = 20. Shaded area represents 95% confidence intervals.
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Figure D.4: Proportion of posterior per language type, for various network types. Values are averaged
for the entire population of MAP-learners and averaged over 50 runs. Per iteration, one agent is
replaced. The shaded area represents 95% confidence intervals.
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Appendix E – Explorative Experiments

Experiment 9: Holistic starting language

For the experiments previously reported, the very first generation of agents starts producing signals

based on the language they sampled from their prior distribution. Since degenerate languages are highly

favored in the prior, their starting hypothesis is most likely degenerate. Because we are dealing with

‘pragmatic’ agents (i.e., the agent selects their signal based on whether communication is successful

or not), the chances are 1
4 − ϵ that the agent generates a signal from the degenerate language, and

3
4 + ϵ that the agent generates an arbitrary signal. So essentially, the initial signals used by the first

generation of agents are quite random. It is quite unlikely, however, that language started out to be

this random. Previously, it has been suggested that (proto)languages might have started holistically,

similarly to non-human animal communication systems (Wray, 1998). This experiment aims to explore

what happens to the emergence of compositionality in this model if the first generation of agents learn

from a holistic starting language.

E.1.1 Experimental Setup

Similar to Kirby et al. (2015), the very first generation of agents learns for a set number of learning

rounds from a randomly selected holistic language. An example of how the prior of a single agent

is distributed across the different language types, after updating for i = 5, i = 10 or i = 20 learning

rounds from a randomly selected holistic language, can be seen in Figure E.9.1. Note that in these

settings, the initial prior of the agents remains unchanged, i.e., new agents still have a prior preference

for highly compressible languages. Horizontal and vertical transmission were assigned values of 20, and

the population size was 25. Simulations were run for MAP-learners and sample learners, for 10000

iterations.

E.1.2 Results

As shown in Figure E.9.2, the initial learning rounds, regardless of the amount, lead to a slower

emergence of a preference for compositionality, in the setting where one agent is replaced per iteration.

When the entire population is replaced, there is no observable difference between the conditions.

When one agent is replaced per iteration, eventually all conditions converge to a similar level of

compositionality, of around 75%. In Figure E.9.3, at the very beginning of the simulation, we see a
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Figure E.9.1: Prior probability across language types after learning for varying numbers of initial
rounds.

peak in the proportion of holistic languages, where the height of the peak is related to the number of

initial learning rounds.
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Figure E.9.2: Proportion compositionality in posterior distribution for various amounts of initial
learning rounds from a holistic starting language. Agents are sample-learners. Population size = 25,
horizontal transmission rounds = 20, vertical transmission = 20.
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Figure E.9.3: Proportion of posterior per language type, for various amounts of initial learning rounds
from a holistic starting language. Agents are sample-learners. Values are averaged for the entire
population of sample-learners and averaged over 50 runs. Per iteration, one agent is replaced. The
shaded area represents 95% confidence intervals.
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Figure E.9.4: Proportion compositionality in posterior distribution for various amounts of initial
learning rounds from a holistic starting language. Agents are MAP-learners. Population size = 25,
horizontal transmission rounds = 20, vertical transmission = 20.
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Figure E.9.5: Proportion of posterior per language type, for various amounts of initial learning rounds
from a holistic starting language. Agents are MAP-learners. Values are averaged for the entire
population of sample-learners and averaged over 50 runs. Per iteration, one agent is replaced. The
shaded area represents 95% confidence intervals.
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E.1.3 Discussion

On closer inspection, these results are unsurprising. As suggested by Griffiths and Kalish (2007), the

stationary distribution is determined by the initial prior, the sampling strategy of the agent, and the

number of teachers an agent learns from. Additionally, in this model, the pressure for expressivity (as

implemented by the pragmatic agents) and the number of interaction rounds also have an impact on

the stationary distribution. This suggests that, indeed, as we see in these results, adding initial learning

rounds from a holistic language does not impact the long-term results or the stationary distribution,

since it does not change any of these factors that have an impact on the stationary distribution. In

hindsight, I should have considered the working of the model more thoroughly a priori, as the outcome

of the experiment could have been anticipated from the model’s assumptions and its impact on the

long-term dynamics.
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Experiment 10: Interaction between Prior Strength and

Regulating the Impact of Evidence

This experiment investigates whether there is an interaction between the parameter that regulates the

impact of new evidence (Experiment 5) and the strength of the compressibility prior (Experiment 6).

E.1.4 Experimental Setup

Simulations were run for α, the parameter that regulates the impact of new evidence, and α ∈
[0.0, 0.00025, 0.0005, 0.00075, 0.001]. β ∈ [0.0, 0.25, 0.5, 0.75, 1.0], the parameter that regulates the

strength of the compressibility prior. Values for horizontal and vertical transmission were set to 20,

and the population size was 25. Simulations were run for both sample and MAP-learners, for 5000

iterations.

E.1.5 Results
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Figure E.10.1: Heatplots interaction strength compressibility prior and impact of new evidence.
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