Chapter 7

Monolingual Biases in Simulations
of Cultural Transmission
Seán Roberts

7.1 Introduction
Cultural groups are very rarely isolated. They interact for trade, politics and war.
Communication is key to these interactions, and so a common language is important.
The emergence of common languages has been studied using computational models.
However, one aspect of cultural interaction has been left largely ignored – the
ability to learn many languages at once, or bilingualism. This chapter considers
the importance of incorporating bilingualism into studies of cultural evolution.
Bilingualism is by no means a rare phenomenon. Statistics on the exact prevalence of bilingualism are difficult to obtain. In the USA 18 % of the population are
estimated to speak two or more languages (U.S. Census Bureau 2003). The estimate
is 34 % for Canada (Statistics Canada 2007), 66 % in the EU (Euopean Comission
2006) and 80 % in China (Baker and Jones 1998). Bilinguals are a majority in about
a third of countries (Baker and Jones 1998). These are likely to be conservative estimates, and with over 6,000 languages squeezed into in around 200 nations, it’s likely
that contact with multiple languages is an everyday feature of most people’s lives.
Recently, industrialisation and globalisation have meant that, in the first world,
the perception of the prevalence of bilingualism is artificially low – especially for
native speakers of global languages such as English (Thomas and Wareing 1999;
Kostoulas-Makrakis 2001; Luchtenberg 2002). It’s no surprise, then, that when
cultural processes come to be modeled, one of the first simplifying assumptions
would be that people speak one language. However, the abstraction to monolingualism ignores several linguistic phenomena such as the prevalence of bilingualism in
societies and the ease with which children learn more than one language (Pearson
et al. 1993).
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This chapter will consider the validity of monolingual assumptions in models
of cultural evolution. Firstly, the way in which bilingualism might affect the
evolutionary dynamics of language is explored. Next, a case-study of the ‘Minimal
Naming Game’ will reveal an implicit monolingual bias, namely mutual exclusivity
(the assumption that each object only has one name and each name only refers to one
object, see Markman and Wachtel 1988 and Merriman and Bowman 1989). Since
bilinguals do not exhibit mutual exclusivity (Byers-Heinlein and Werker 2009;
Healey and Skarabela 2009; Houston-Price et al. 2010), the model is generalised to
weaken this constraint. The model demonstrates that communicative success can be
achieved even without mutual exclusivity, in opposition to previous research (Smith
2002, 2009). The model suggests that cultural phenomena adapt to the function
they are required to fulfill (e.g. Christiansen and Chater 2008 and Beckner et al.
2009). When seeking to model the integration of cultures a common measurement is
required. However, even small differences in the way different communities interact
can lead to fundamental cultural differences between them, meaning that a common
metric might be very abstract.

7.1.1 Bilingualism and Cultural Evolution
The dynamics of language evolution have been extensively studied through computational modelling. The canonical language learner in these models is an agent
that tries to settle on a single grammar that explains the variation in its input. This
implicit monolingualism is seen as a necessary abstraction in order to get at the
more fundamental dynamics of language evolution. There is a sense in the field
of language evolution that bilingualism is a sociolinguistic phenomenon that is the
product of the interactions of several monolingual communities who have already
evolved language. Implicitly, bilingualism is seen as a secondary linguistic ability –
a sort of by-product.
For instance, many models represent languages as discrete entities which compete with one another (Niyogi and Berwick 1995; Abrams and Strogatz 2003). Even
when language is modelled as distributions over words, two standard simplifying
assumptions are made by many approaches to language evolution and change
(e.g. Griffiths and Kalish 2007; Kirby 2001 and Smith et al. 2003). Firstly, it is
assumed that there are discrete generations with one agent per generation. This
limits the amount of complexity that can be added by the cultural system. Secondly,
it is assumed that all learners use the same learning algorithm, or that learning
algorithms do not change over a learner’s lifetime.
The first assumption has already been criticised (Niyogi and Berwick 2009;
Burkett et al. 2010) and recent research has shown that the complexity of cultural
dynamics can effect the eventual distribution of languages in a population (Smith
2009). A model has also been proposed which allows agents to speak and acquire
multiple languages from multiple speakers (Burkett et al. 2010).
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However, the second assumption may also be called into question. I will illustrate
this with research on the mutual exclusivity bias, and continue in the next section to
show that this bias exists in certain models of language evolution and change. It has
been demonstrated that monolingual children and adults exhibit a mutual exclusivity
bias (Markman and Wachtel 1988; Merriman and Bowman 1989): a tendency to
assume that each object only has one name and each name only refers to one object.
However, recent research has shown that bilinguals do not exhibit mutual exclusivity
(Byers-Heinlein and Werker 2009; Healey and Skarabela 2009; Houston-Price et al.
2010). It is hypothesised that the bias is overridden because of a higher variance
in the input of children in bilingual contexts. Applying mutual exclusivity when
presented with two languages is not suitable, since there will be at least two words
for each object.
If the amount of linguistic variance (at any level of description) influences the
learning strategy for that variance, then this will affect the selective pressure on
languages. This will, in turn, affect the kinds of languages that emerge, thus feeding
back into the amount of linguistic variance. These aspects would then co-evolve.
Given this, there are two possible fundamental states of the language learner.
Either they begin with a mutual exclusivity bias which is overridden in certain
situations or they begin with no assumptions and develop mutual exclusivity if the
conditions are right. In the next section, it will be shown that some models make
implicit assumptions about the development of mutual exclusivity and see it more
as a fundamental part of language acquisition and language evolution rather than an
acquired heuristic that is applied in suitable contexts. It will be argued that the most
abstract learner is one without the mutual exclusivity bias, and so models should not
assume mutual exclusivity as part of the learner’s bias.

7.2 Categorisation Games
This section presents a case-study of a model of cultural evolution – the Categorisation Game – and demonstrates implicit monolingual biases that obscure
some interesting dynamics. The Categorisation Game looks at how agents in a
population converge on a shared system for referring to continuous stimuli (Nowak
and Krakauer 1999; Steels 1996; Steels and Belpaeme 2005). This paradigm is
often couched in terms of deciding on words for objects referred to by their
colour. The colour spectrum is continuous, so agents must decide where to place
category boundaries as well as the label for that category. The ‘minimal naming
game’ (Loreto et al. 2010) (also used in Gong et al. 2008; Puglisi et al. 2008 and
Baronchelli et al. 2010) is a simplification of the categorisation game which “possibly represents the simplest example of the complex processes leading progressively
to the establishment of complex human-like languages” (Loreto et al. 2010). I’ll
show that even this ‘minimal’ algorithm has implicit monolingual assumptions.
First, however, a note is made about the measurements that researchers have used to
study the categorisation game.
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Fig. 7.1 An example of how two agents might split the meaning space into categories and label
those categories. The meaning space spans the interval 0.0–1.0. Agent A and B both have the same
conceptual space, but agent A has multiple labels in each category while agent B only has one
label in each category. The representation for agent A above pulls apart sections of the space that
are contiguously labelled with the same label into two systems

7.2.1 Measurements of Coherence
Other models looking at this problem have considered measurements apart from
communicative success. For instance, the ‘level of lexical coherence’ in the system,
according to Baronchelli et al. (2006) is the average proportion of shared lexical
items in a population. The category overlap function (Loreto et al. 2010; Puglisi
et al. 2008) measures the level of alignment between the category boundaries of
the agents. However, an appropriate measurement when considering the possibility
of ‘bilingualism’ is less clear. For instance, consider the example of two agents
with categories and labels as described in Fig. 7.1. Adapting the lexical coherence
measurement from Baronchelli et al. (2006) gives a coherence of 75 %. This
measurement fails to capture the fact that agent B would always be understood by
agent A and that agent A could always make itself understood to agent B given the
right choice of lexical item. In other words, although the agents have differences in
the words that they know, they are still able to communicate unambiguously about
the whole spectrum.
Measuring category overlap is also problematic. Agents with category boundaries at exactly the same locations will have a category overlap of 1.0. However,
the overlap of the example above is 0.09, despite the relatively good communicative
success possible between the pair. This is because the measurement collapses the
category boundaries of an agent into a single system before comparing it to another
agent. By doing this, the division between the two ‘languages’ of agent A in Fig. 7.1
is ignored.
These measures reflect the level of coherence in the population, but only
effectively for a population whose goal it is to converge on a single, ‘monolingual’
system. Researchers have used these measurements to gauge the progress of their
model, demonstrating a monolingual bias in their approach. Further research is
required to find a good way of measuring coherence in a heterogenous population
(see Komarova and Jameson 2008; De Vylder 2006 and De Beule 2006). This paper
will proceed assuming that communicative success should be the most important
measure of coherence between agents.
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7.2.2 The Minimal Naming Game
The algorithm for the categorisation game is reproduced below. However, two of the
steps are re-analysed as heuristics rather than essential elements. These heuristics
impose a mutual exclusivity bias in the agents. The steps are as follows (following
Puglisi et al. 2008): There is a population of N agents, each able to partition the
perceptual space into categories. Each category has a list of associated words. Each
agent has a minimum perceptual difference threshold dmin , below which stimuli
appear the same. At each time step:
1. Two individuals are chosen at random to be the speaker and the listener.
2. They both have access to a scene containing M stimuli. The stimuli must be
perceptually distinguishable by the agents (perceptual distance  dmin ).
3. The speaker selects a topic and discriminates it in the following way:
• Each stimulus is assigned to a perceptual category
• If one or more other stimuli are assigned to the same category as the topic, the
agent splits its perceptual categories so that each stimulus belongs to only one
perceptual category. Within a category with two or more stimuli, a boundary
is placed halfway between the first two stimuli.
• The new partitions inherit the associated words of the old partition.
• Heuristic A: Each new partition is given a new, unique name. It’s assumed
that no two agents will create the same name.
4. The speaker transmits a word that it associates with the topic to the listener. If
it has no words associated with the category, it creates a new one. If it has more
than one word associated, it transmits the one that was last used in a successful
communication.
5. The hearer receives the word and finds all categories which have the associated
word and which identify one of the stimuli in the scene. Then:
• If there are no such categories, the agent does nothing.
• If there is one such category, the agent points to the associated stimulus.
• If there is more than one such category, the agent points randomly at an
associated stimulus.
6. The hearer discriminates the scene, as above.
7. The speaker reveals the topic to the listener.
8. If the hearer did not point to the topic, the communication is a failure. The hearer
adds the transmitted word to the category discriminating the topic.
9. If the hearer pointed to the topic, the communication is a success.
Heuristic B: Both agents delete all other words but the transmitted one from the
inventory of the category discriminating the topic.
Heuristic A, above, invents new words for each sub-category when a category is
split. This is an implementation of the assumption that each name only refers to one
object, hence when there are two objects with the same name, the agent should
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discriminate between them linguistically. This interacts with Heuristic B which
removes all competing names associated with a category from the listener’s lexicon
when communication is successful. The effect is that the listener conforms to the
speaker’s labeling, but also ‘forgets’ any previously associated words. This is an
implementation of the assumption that each object only has one name.
These two heuristics, then, implement a mutual exclusivity bias: Each name
only refers to one object and each object is only labeled by one name. Stable
bilingualism is impossible in this model because only one name is retained after
successful communication. The role of the two heuristics in the evolution of a
shared communicative system is clear: heuristic A creates new labels for categories,
introducing variation into the system needed to distinguish between categories.
Heuristic B causes the agents to converge on shared labels for categories by selecting
for labels common to an interacting pair.
However, these heuristics are still arbitrary. As we have seen, not all human
learners assume mutual exclusivity. In the next section, it will be demonstrated that a
population of agents can converge on a shared communication system without these
heuristics.

7.3 Convergence Without Mutual Exclusivity
The algorithm was modified to remove the mutual exclusivity bias in order to test
the effects on communicative success. However, the changes to the dynamics will
not be explored in detail. The purpose of the changes, here, is not to explore the
best way of modelling the cultural evolution of language, but to demonstrate that
the biases of the researcher can influence the dynamics of the model and thus the
conclusions drawn from it.
Heuristic B can be modified while retaining communicative success (Baronchelli
2011). If the hearer, but not the speaker applies heuristic B, a coherent vocabulary
still emerges in a similar time with similar memory resources required. If only the
speaker applies heuristic B a coherent vocabulary does emerge, but on a longer
timescale and in a qualitatively different way (approached as a thermodynamic system, consensus is reached due to large, system-size fluctuations of the magnetisation
(Baronchelli 2011)). However, this research was concerned with the effect of
feedback on the convergence dynamics. This study looks at the assumptions built
in to the individual learning algorithm.
The heuristics were modified by generalising the algorithm. Firstly, agents in a
population either all applied heuristic A or all did not apply heuristic A. Heuristic
B was made optional in the same way. If heuristic B did not apply, a maximum
number of words sMAX were retained after a successful communication. A firstin, first-out stack memory was also implemented so that the oldest stored form
would be removed first. A word was pushed further back in the stack (safer from
deletion) when a listener heard it being used by a speaker. This is a generalisation
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of the mechanism that weakens links between signals and meanings which do
not co-occur.
The purpose of generalising the model was to allow bilingualism. However, the
advantages of knowing more than one word for an object are not yet fully available.
A bilingual, failing to communicate with one word, might try another. Therefore,
the algorithm was modified to allow an arbitrary maximum number of attempts
aMAX at communicating before communication failed. If speakers had more than
one label for a perceptual category, they transmitted them in a random order until
this maximum was reached. Listeners searched their lexicon at each attempt until
either they found a match in their own lexicon and made a guess at the referent or
the maximum number of attempts was reached and they signaled failure, as before.
Each guess was independent of any other, so successful communication was not
always guaranteed, even when aMAX D M:
It has been shown that an algorithm which leads to successful communication in
a population of agents must strengthen connections between signals and meanings
that appear together (or are absent together) and weaken connections between
signals and meanings that do not co-occur (Smith 2002). The changes to the
algorithm above do not violate these conditions, but simply weaken their strength.

7.4 Results
Four versions of the algorithm were run: with both heuristics, as in the original, with
only heuristic A, only heuristic B and with neither heuristic. Results shown here are
for a population of 4 over 10,000 rounds with a context size of 2.

7.4.1 Communicative Success
Table 7.1 and Fig. 7.2 show the communicative success for the algorithm run with
different heuristics with aMAX D 2 and sMAX D 2. All heuristics manage in
achieving good communicative success at some point (shown by the maximum
communicative success achieved). That is, a mutual exclusivity bias is not necessary
for communicative success in this model. It should be noted that the probability of
choosing the correct referent by chance is c1 = 0.5 (where c is the context size)
because the algorithm tends to limit the number of words linked to a perceptual
category to one. However, algorithms without heuristic B (i.e. ‘A only’ and ‘None’)
have a higher probability because they are more likely to be able to take advantage
of extra communicative attempts. Therefore, for algorithms without heuristic B, the
probability of selecting the correct referent by chance is
aX
MAX
iD1

 i
1
c

(7.1)
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Table 7.1 Communicative success for different heuristics for 10 runs each with 4 agents and
aMAX D 2 and sMAX D 2 for 10,000 rounds. The maximum communicative success was calculated
as follows: for each run, the average communicative success for data grouped into 100-round bins.
The average of a bin was taken as the value of that bin. The values shown in the table are the average
of the maximum bin values for 10 runs. The final communicative success is the average success for
last 100 rounds over 10 runs. The statistics show a two tailed t-test indicating performance above
chance
Heuristics
A and B
A only
B only
None

p
< 0.0001
< 0.0001
< 0.0001
< 0.0001

Final
0.62
0.86
0.52
0.84

t
3.06a
7.17b
1.44a
5.96b

p
0.01
< 0.0001
0.18 (N.S.)
< 0.001

Calculated with chance level at 0.5
Calculated with chance level at 0.75
1.0
0.8
0.6
0.4

Communicative Success

0.8
0.6
0.4
0.2

0.0

0.0

Communicative Success

1.0

b

t
23.89a
44.26b
9.04a
43.50b

0.2

a

Max
0.84
0.95
0.77
0.94

A and B

A only

B only

Heuristics

None

A and B

A only

B only

None

Heuristics

Fig. 7.2 Maximum communicative success (left) and final communicative success after 10,000
rounds (right) for 10 runs of populations with various heuristics. Statistics in Table 7.1

For the current settings, this is 0.75. Even taking this into account, all algorithms are
able to reach stable periods with high levels of communicative success. The result
is robust against changes to sMAX : The relative communicative success between the
different heuristic combinations remains the same for sMAX up to 1,000, while the
absolute communicative success drops about 5 % for sMAX of 4 and remains around
that level for sMAX up to 1,000.
However, eventually all agents converge on a single word for the whole meaning
space. This is typical behaviour for this model (Baronchelli 2006). This reduces
the communicative success, since agents cannot distinguish linguistically between
referents. Table 7.1 shows the average final communicative success after 10,000
rounds. These are less than the maximum. In the case of using heuristic B only,
the communicative success is no better than chance. The other algorithms still yield
a communicative success above chance, but the algorithms without heuristic B (A
only and no heuristics) do better than algorithms with heuristic B (average with
B = 0.57, without B = 0.85, t = 10.9, p < 0.0001). The same collapsing process
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Fig. 7.3 The linguistic labels of an agent after 3,500 rounds for separate runs. Agent 1 (above)
used heuristics A and B and agent 2 (below) used neither heuristic. The perceptual space runs
from left to right. Contiguous linguistic categories are indicated by boxes with the linguistic label
(a number in this implementation) drawn in the centre. Agent 2 has more than one label for a given
perceptual stimulus

occurs as in the algorithm without heuristic B, but since there is more variation
within perceptual categories due to extra labels being stored, a single label takes
longer to dominate. In fact, a single linguistic item tends to spread over the whole
meaning space as with the original algorithm, but a sort of secondary ‘language’
keeps distinctions between perceptual categories for longer.
Figure 7.3 illustrates this with a diagram of agents’ memories from mid-way
through separate runs. Agent 1 was run in a population using both heuristics
and agent 2 was run in a population using neither heuristic. Agent 1’s linguistic
categories are already heavily collapsed while Agent 2 has a greater variation which
allows it to communicate more effectively. The memories of both agents at this point
are nearly perfectly similar to the other agents that they interact with.
Another measure of communicative efficiency is the entropy efficiency of an
agent. Effectively, this is the average probability that an agent has a different
linguistic label for any two stimuli. An agent has a set of linguistic labels which
uniquely identify regions of the meaning space. L is the list of lengths of these
regions. The entropy efficiency is given as
jLj
X
Li log.Li /

log.1=d
min /
iD1

(7.2)

Since dmin is set so that there can be a maximum of 10 perceptually distinct regions,
the highest entropy efficiency is given by an agent who can uniquely label 10 regions
of equal length (entropy efficiency of 1.0). The lowest possible entropy efficiency
is given by an agent with no labels or one label spanning the whole meaning space
(entropy efficiency of zero). Figure 7.4 shows that the algorithm with both heuristics
achieves a lower entropy efficiency than the algorithm without heuristic B and
degrades faster than the algorithm without heuristic A.
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Fig. 7.4 Entropy efficiency for populations of agents with different heuristics. Number of
agents = 4, aMAX D 2 and sMAX D 2
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Fig. 7.5 Communicative success for a population of two agents (left) and a population of four
agents (right). Solid lines indicate success for a consistent algorithm where no heuristics are
applied. Dashed lines represent success for an algorithm that incorporates the heuristics after 1,500
rounds

7.4.2 The Development of Mutual Exclusivity
The model has shown that mutual exclusivity is not necessary for communicative
success. However, the mutual exclusivity bias is exhibited by monolinguals. The
model can be manipulated to explore the rationale behind this and the most likely
starting assumptions of a language learner.
Simulations were run where the mutual exclusivity heuristics were ‘switched
on’ after some rounds. Figure 7.5 shows the difference between an algorithm that
has no heuristics and one that changes to incorporate them after 1,500 rounds. For
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Fig. 7.6 The difference in percentage communicative success when switching from using no
heuristics to using both heuristics for different population sizes (the difference between solid and
dashed lines after 1,500 rounds in Fig. 7.5). Values shown are mean and 99 % confidence intervals
for five runs. Positive values indicate an advantage for using no heuristics. In a population of 2,
there is no difference between using the heuristics or not, as shown in Fig. 7.5

a population of two agents (low cultural complexity), switching on the heuristics
makes no difference to the communicative success. Therefore, in this situation,
applying mutual exclusivity makes rational sense in order to save memory: The
application of heuristic B will reduce the number of words stored for each category.
However, in a population of four agents, switching on the heuristics decreases the
communicative success. In this situation, the most rational approach is to keep the
heuristics switched ‘off’. This is because the complexity of the cultural system is
greater with four agents, leading to more variation between agents. The system
evolves to store many words for an object to cope with this variation. The drop
in this difference reflects the empirical findings that bilinguals do not exhibit mutual
exclusivity. Figure 7.6 shows that this difference increases with larger populations.
However, when sMAX becomes many times greater than the number of agents, the
disadvantage of switching decreases. That is, agents retain words that have already
been discarded by others.
The most rational strategy for any agent is not to assume mutual exclusivity
to begin with, and only to activate it under relevant conditions. This reflects the
findings that 14-month-old children do not exhibit it while 17-month-olds do
(Halberda 2003). From this model we might conclude that mutual exclusivity is
an acquired heuristic which is applicable in situations where there is likely to be
low variation (monolingualism). More research is required into this kind of model.
The point here is that the assumptions of the original model obscure the distinction
between mutual exclusivity as an innate, universal bias and an acquired, culturespecific one.
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7.5 Discussion
Communicative success can emerge without mutual exclusivity. The results of
this model stand in opposition to previous research (e.g. Smith 2002; Vogt and
Haasdijk 2010; Hutchins and Hazlehurst 1995; Oliphant 1999 and De Vylder 2006).
For instance, it has been claimed that “human language learners appear to bring
a one-to-one bias to the acquisition of vocabulary systems. The functionality of
human vocabulary may therefore be a consequence of the biases of human language
learners” (Smith 2004, p. 127). The current research suggests that mutual exclusivity
is not an innate bias. Furthermore, the bias becomes functional as a consequence
of the variance in the vocabulary and social dynamic. A related model shows
similar results (Smith 2005): Mutual exclusivity is not necessary for communicative
success, but helps agents co-ordinate linguistically when they have conceptual
differences. Multiple consensus systems can be maintained in a population with
complex social structures (de Vylder 2007). However, the current model shows that
mutual exclusivity does not always aid the co-ordination process.
However, rather than directly opposing the claims of some previous models, the
constraints in the current model can be seen as a relaxation of the constraints embodied by the mutual exclusivity bias. Both models contribute the necessary ingredients
for an evolutionary system: Heredity, variation and differential fitness (e.g. Lewontin
1970). Although generational turnover is not modelled, there is heredity in the
sense that each agent inherits its own memory from the previous round. Heuristic
A introduces the variation by adding new words. Heuristic B introduces differential
fitness by selecting words which are successful in communication. Without heuristic
A, variation is still introduced by agents creating new words at early stages of the
game when they have no words at all (step 4 of the algorithm). The generalisation of
Heuristic B to keep an arbitrary number of words after successful communication
allows selection to operate over groups of words rather than single ones.
Heuristics A and B, then, are an efficient way of introducing the ingredients
for evolution into the system. However, cultural processes can also introduce these
ingredients – the individual learning processes need not be the source. Other
processes could also introduce variation such as errors in production or perception
or differences in contact with other agents.

7.6 Conclusion
The naming game was reanalysed in the light of evidence from bilingual language
acquisition research. The measurements used to analyse the model were also reassessed and shown to favour monolingual systems. Steps in the categorisation game
were re-analysed as implementing a mutual exclusivity constraint. To explore the
effects of these steps, the learning algorithm was generalised so that the steps could
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be omitted. Communicative success at the lexical level was achieved without mutual
exclusivity constraints. In fact, in some cases, the constraint impedes the process.
This goes against some previous research which argued that mutual exclusivity is
necessary for communication to emerge. What seems to be important is the presence
of the ingredients for evolution – inheritance, variation and selection. The mutual
exclusivity bias is seen as an efficient way of integrating these ingredients. However,
the model also showed that rational agents should not assume mutual exclusivity
to begin with. This reflects research which shows that children only start using
mutual exclusivity in certain situations. Mutual exclusivity is not appropriate in a
bilingual environment, so bilinguals do not exhibit it. Given this, the monolingual
assumptions of the naming game are unrealistic for two reasons. First, a learner’s
learning algorithm may change over time, as demonstrated by the differences found
between monolinguals and bilinguals. Secondly, they are not valid abstractions
because the heuristics which implement mutual exclusivity are optional extras,
so the simplest, default assumptions of learners should be bilingual. That is,
monolingualism is a specialised form of bilingualism.
When modelling cultural processes, abstraction is necessary. However, the
cultural phenomena that appear simplest (e.g. monolingualism) may not be caused
by the simplest learning mechanisms. Much of the complexity in cultural phenomena stem from complex interactions between individuals. That is, the cultural
transmission process itself can shape and influence the cultural practices it transmits.

7.6.1 Integrating Cultures in the Light of Cultural Adaptation
The communication system in the model above adapts to fit the needs and
constraints of its users. Indeed, the hallmark of a cultural phenomenon is that it
has adapted to the cognitive niche of its community’s members (Christiansen and
Chater 2008; Beckner et al. 2009). If different communities have different dynamics,
such as population size or differences in social structures, then the cultural
phenomena that emerge in them may be radically different. In the model above, the
communication system between two agents became optimised for efficiency while
the communication system in a more complex social structure became optimised
for flexibility. Biases in communities towards these different optimisations could be
amplified by cultural transmission (Kirby et al. 2007). Over many generations, and
for a more complex cultural phenomenon (e.g. a language system, judicial system
or musical form), the commonalities between two communities may erode to very
abstract principles. When seeking to integrate them, then, a common measure for
separate cultures may be difficult to find. Even something as simple as assuming
each object only has one associated word may reflect the deep structure of the
culture in which it is embedded.
Acknowledgements Thank you to Simon Kirby, Kenny Smith, Antonella Sorace and Liz Irvine
for comments. Supported by the Economic and Social Research Council [ES/G010277/1].
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