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A B S T R A C T

Learners are limited in how much they can learn when a language is passed from one generation to the next. This 
transmission bottleneck is thought to play a crucial role in shaping language by promoting the emergence of 
systematic structure that enhances learnability. Prior work has investigated the impact of transmission bottle
necks by experimentally manipulating how much input learners receive. However, in natural language learning, 
bottlenecks can also result from learners' cognitive limitations. Here, we take a naturalistic approach to testing 
the effects of such learning bottlenecks by comparing cultural transmission in two populations that differ in their 
cognitive capacities: children and adults. Specifically, we investigate the emergence of two cross-linguistic sta
tistical properties that were shown to facilitate learning: statistically coherent units, and Zipfian frequency 
distributions. Transmission chains of child and adult learners observed and reproduced sets of colour sequences 
that were produced by the preceding participant, simulating the process of cultural transmission. For both age 
groups, initially random sets of sequences evolved to have statistically coherent units with a Zipfian frequency 
distribution, but crucially, these statistical properties emerged faster with children. In addition, both children 
and adults learned the final child-generated sequence sets more easily than the adult-generated ones. Together, 
these findings suggest that children's more limited cognitive capacities create a narrower learning bottleneck, 
which in turn accelerates the emergence of statistical properties that enhance learnability. These results provide 
novel evidence that cognitive constraints can modulate the emergence of systematic structure that facilitates 
learning.

1. Introduction

While the range of linguistic expressions in everyday communication 
is effectively unbounded, language learners are constrained in how 
much they can learn as language is passed from one generation to the 
next. This transmission bottleneck has been proposed to play a crucial 
role in shaping language by promoting the emergence of systematic 
structure that enhances learnability (Brighton, 2002; Ferdinand & 
Zuidema, 2009; Kirby, 2000, 2001; Smith et al., 2003). For example, a 
productive affix marking past tense (e.g., the English suffix -ed) im
proves learnability by reducing the need to memorise each verb form 
separately, facilitating faithful transmission despite limited learning 
capacity. A substantial body of work has examined how transmission 
bottlenecks shape linguistic structure by experimentally manipulating 
their size (Ferdinand & Zuidema, 2009; Kirby et al., 2007; Kirby et al., 

2015; Kirby & Hurford, 2002). This work suggests that narrower bot
tlenecks accelerate the emergence of systematic structure because 
learners must generalize from limited input. In contrast, wider bottle
necks lead to more faithful transmission, allowing for the preservation of 
irregularities and slowing down the emergence of systematic structure. 
Typically, transmission bottlenecks are imposed on learners by varying 
how much of a behaviour they are exposed to: for example, given an 
artificial language that has ten novel object-label mappings, studies vary 
whether learners see all ten meanings (the widest possible bottleneck), 
or only a subset of them (a more narrow bottleneck). However, in nat
ural language learning, bottlenecks are not only imposed by the quantity 
of input that learners receive; they are inherent to cognition. Learners' 
limited memory, attention, and processing capacities inherently restrict 
how much of the input they can encode and retain (Christiansen & 
Chater, 2016; Kirby & Tamariz, 2022). In this study, we investigate 
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how such learning bottlenecks shape the emergence of systematic 
structure. Rather than manipulating the quantity of input, we compare 
two populations that differ in their cognitive capacities: children and 
adults. By leveraging naturally occurring differences in cognitive ca
pacities, we simulate the effects of narrower and wider learning bot
tlenecks and examine how they shape the emergence of systematic 
structure over generations. If cognitive limitations function as trans
mission bottlenecks, then populations that differ in cognitive capacity 
should shape language differently over cultural transmission.

Because children's cognition is still developing, they differ from 
adults in memory, attention, and processing efficiency (Craik & 
Bialystok, 2006). These limitations impose a narrower learning bottle
neck which could accelerate the emergence of systematic structure in 
cultural transmission with children compared to adults. Several findings 
from the emerging sign language literature suggest that children indeed 
introduce more systematic structure than older learners during learning. 
For example, spatial modulation in Nicaraguan Sign Language (NSL) 
originated primarily in younger learners (exposed to the language before 
the age of ten), rather than adults from the same cohort (Senghas & 
Coppola, 2001). Similarly, younger learners produced more segmented 
and linearised expressions for complex events compared to older ones 
(Senghas et al., 2004), a pattern has been linked to children's stronger 
tendency to segment and linearize their gestures compared to adoles
cents and adults (Bohn et al., 2019; Clay et al., 2014). Moreover, chil
dren have been suggested to be more likely to regularize grammatical 
inconsistencies during learning, resulting in more systematically struc
tured output: deaf children were found to produce systematic gram
matical forms despite exposure to the inconsistent sign language of their 
parents (Singleton & Newport, 2004), and while adults tend to repro
duce probabilistic variation, 5- to 7-year-olds have a tendency to regu
larize variation and learn categorical rules (Hudson Kam & Newport, 
2005, 2009; Newport, 2020; Samara et al., 2017). This difference in 
regularization behaviour between adult and child learners has been 
attributed to children's more limited memory, which may prevent them 
from fully learning and reconstructing the variation (Hudson Kam & 
Chang, 2009; Hudson Kam & Newport, 2005, 2009). Supporting this 
idea, adults were found to be better at reproducing variation when their 
cognitive load was experimentally decreased (Hudson Kam & Chang, 
2009), and to regularize more when the input variation was more 
complex (Hudson Kam & Newport, 2009). Regularization by adults is 
also impacted by pragmatic assumptions about the domain being 
learned (Ferdinand & Zuidema, 2009; Montag, 2021; Perfors, 2012), but 
the contribution of such factors in children is not clear.

Taken together, previous findings suggest that children's more nar
row learning bottleneck may accelerate the emergence of systematic 
structure during cultural transmission. However, direct experimental 
evidence for this claim remains limited. Cultural transmission can be 
investigated in the lab using iterated learning paradigms where partic
ipants form transmission chains in which each participant learns and 
produces a behaviour that was produced by the previous participant in 
the chain (Kirby et al., 2008). Only a small number of studies to date 
have used this experimental paradigm to test how cultural transmission 
by children affects the emergence of systematic structure (Kempe et al., 
2015, 2019; Raviv & Arnon, 2018). In a non-linguistic iterated learning 
task where children and adults had to reproduce visio-spatial patterns 
(dots on a grid), systematic structure emerged more readily with chil
dren: children increased the systematicity of the patterns to a level that 
allowed them to reproduce the patterns as successfully as adults (Kempe 
et al., 2015). In contrast, studies using artificial languages, where 
learners acquire mappings between meanings and labels, found that less 
structure emerged with children (Kempe et al., 2019; Raviv & Arnon, 
2018). These contrasting findings may be explained by the higher 
cognitive load of learning form-meanning mappings, which could have 
impaired children's generalization and hindered the emergence of sys
tematic structure. Consistent with this interpretation, artificial language 
learning studies with adults show that generalization depends on 

successful learning of the input (Johnson et al., 2020), and computa
tional models found that systematic structure does not emerge when 
learners only learn a small subset of the language (Kirby & Hurford, 
2002). The divergent findings may also be driven by age-related dif
ferences in task demands: children may struggle in learning the 
compositional structure of form-meaning mapppings because it requires 
certain pragmatic insight about communicative expressivity (Kempe 
et al., 2019; Naigles, 2002). This interpretation aligns with prior work 
showing that children experience difficulties in referential communi
cation tasks (Kempe et al., 2019; Matthews et al., 2007; Nilsen & 
Graham, 2009). Taken together, the current findings regarding age- 
related differences in the emergence of structure are mixed, calling for 
additional investigation using a task that is simpler and where age- 
effects from learning are not conflated with pragmatic task demands 
associated with the learning of form-meaning mappings.

In this study, we will examine the emergence of two cross-linguistic 
statistical properties that have been shown to emerge through cultural 
transmission with adult learners but have never been examined in 
children (Arnon & Kirby, 2024; Wolters, Kirby, & Arnon, 2025). First, 
that language consists of parts that tend to be statistically coherent. For 
example, the transitional probabilities between adjacent syllables tend 
to be higher when both syllables belong to the same word, as opposed to 
when they cross a word-boundary (Saksida et al., 2017; Stärk et al., 
2022). And second, that across languages, word frequencies follow a 
Zipfian or near-Zipfian distribution when ordered by rank, such that a 
small number of words occur very frequently while many occur rarely, 
with frequency declining according to a power law (Ferreri Cancho, 
2005; Kaplan & Yu, 2025; Kimchi et al., 2023; Lavi-Rotbain & Arnon, 
2023; Mehri & Jamaati, 2017; Piantadosi, 2014; Zipf, 1949). Infants, 
children and adults can use the statistical coherence of words to discover 
word boundaries in continuous speech, a crucial milestone in language 
learning (for review: Saffran & Kirkham, 2018). In addition, speech 
segmentation is facilitated when the relevant words follow a Zipfian 
distribution, as opposed to a uniform one where all words appear 
equally often (Kurumada et al., 2013; Lavi-Rotbain & Arnon, 2022; 
Wolters, Ota, & Arnon, 2025). Based on these findings, prior work hy
pothesized that the learnability advantages of statistically coherent units 
and Zipfian frequency distributions can drive their emergence in lan
guage over the course of cultural transmission, explaining their recur
rence across languages (Arnon & Kirby, 2024; Christiansen & Chater, 
2016; Cornish et al., 2017; Isbilen & Christiansen, 2020; Shufaniya & 
Arnon, 2021; Wolters, Kirby, & Arnon, 2025). Recent work tested this 
hypothesis by having adults reproduce sets of non-linguistic colour se
quences in transmission chains (Arnon & Kirby, 2024; Wolters, Kirby, & 
Arnon, 2025). Sequence sets evolved to have statistically coherent units 
(sub-sequences) with a frequency distribution approaching a power law. 
Importantly, sets with more skewed frequency distributions were 
reproduced with fewer transmission errors, suggesting that the emer
gence of the statistical properties increased learnability. In the present 
study, we use the same iterated sequence learning paradigm to inves
tigate the effect of learning bottlenecks on the emergence of statistically 
coherent units and Zipfian frequency distributions, by comparing the 
rate of their emergence in transmission chains with children and adults 
(Study 1). This paradigm is particularly well-suited for comparing the 
emergence of systematic structure across age groups. Its non-linguistic 
design substantially reduces task complexity, alleviating the con
straints that often make it difficult for children to generalize from 
limited exposure in short experimental sessions, while also avoiding 
potential age-related differences in the pragamatic assumptions 
involved in learning form–meaning mappings (Kempe et al., 2019; Raviv 
& Arnon, 2018). At the same time, it is complex enough to create a 
learning bottleneck for both child and adult learners.

We predict that children's more limited cognitive capacities will 
create a more narrow learning bottleneck in comparison to adults, which 
in turn will accelerate the emergence of properties that facilitate 
learning. As an indication of this narrow bottleneck, we expect children 
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to make more reproduction errors at the start of transmission in com
parison to adults. Importantly, we also expect to see the faster emer
gence of statistically coherent units with a skewed frequency 
distribution in the transmission chains with children, increasing the 
learnability of the sequence sets. If alternatively, the more limited 
cognitive capacities of children hinders their learning, then we expect to 
see a slower or no emergence of statistically coherent units with a 
skewed frequency distribution in the transmission chains with children, 
accompanied by less or no improvement in learnability over trans
mission. In Study 2, we ask children and adults to reproduce the final 
sequence sets of the child and adult transmission chains. This allows us 
to assess whether the statistical properties emerging from transmission 
chains with children and adults similarly impact learnability across age.

2. Study 1: Iterated sequence learning by children and adults

2.1. Methods

2.1.1. Participants
A total of 100 children and 69 adults participated in the experiment, 

forming six transmission chains per age-group, with ten generations in 
each chain. Children ranged in age from 7;5 to 11;0 years (mean age =
8;5). Children in this age-range exhibit more limited cognitive capacities 
than adults, while being sufficiently old to perform the task, allowing us 
to investigate the effects of learning bottlenecks on cultural trans
mission.1 Children were recruited in the Living Lab at the Bloomfield 
Science Museum in Jerusalem (https://www.thelivinglabjerusalem. 
com/). Parental consent and spoken assent were obtained for all chil
dren. All children were Hebrew speakers2 with no known language or 
learning difficulties. Each child received a small prize for participation. 
During data collection, 40 children were excluded from the study for 
having more than nine invalid trials during testing (n = 33, see Section 
2.1.3), or because they chose not to complete the study (n = 7).

Adults were recruited on the crowdsourcing platform Prolific (https 
://www.prolific.co/) and pre-screened to be native English speakers, 
aged 18–40, have no prior participation in similar experiments run by 
the research team, and a prolific approval rating above 95%. Partici
pants received monetary compensation at an hourly rate of nine pounds. 
During data collection, nine participants were excluded due to (1) 
having more than nine invalid trials during testing (n = 4), (2) having 
more than three incorrect trials during practice (n = 4), and (3) using 
recording devices to complete the study, based on their answer to a 
question posed at the end of the study (n = 1).

2.1.2. Stimuli
The stimuli consisted of sets of 30 colour sequences (red, yellow, 

green and blue), presented as successive colour flashes on a playing 
board modelled after the Simon Game (see Fig. 1). Because this was a 
transmission experiment, participants reproduced sets of sequences that 
were produced by the preceding participant in the chain (see Procedure, 
Section 2.1.3). The sequence setsfor participants in the initial generation 
of the transmission chain (generation zero) were created by randomly 
generating sequences with a length of ten. The sequence length was set 
to ten, rather than the twelve used in prior studies (Arnon & Kirby, 2024; 
Wolters, Kirby, & Arnon, 2025), to make the task more suitable for 
children.

2.1.3. Procedure
Children and adults were assigned to transmission chains, forming 

six independent transmission chains per age group, with ten participants 
in each chain. Within each chain, each participant represented a single 
“generation”. To simulate the process of cultural transmission over 
generations, participants reproduced a sequence set that was produced 
by the immediately preceding participant. The first participant in each 
transmission chain saw a randomly generated sequence set (as specified 
in Section 2.1.2), ensuring that the initial input contained no systematic 
structure beyond chance. Because each participant only learned from 
the output of the immediately preceding generation, any systematic 
changes observed across generations reflect cumulative effects of 
learning.

The procedures for the children and adults were kept as similar as 
possible to ensure a valid comparison between groups. The main dif
ference was that adults completed the experiment remotely on a 
browser-based platform, while children participated in the lab using a 
tablet, with an experimenter present to ensure they were progressing 
through the task. Any additional procedural differences were necessary 
to adapt the adult version for online testing and are described below.

Each participant saw the set of 30 sequences in a randomized order, 
with a self-timed break after the tenth and twentieth sequence. At the 
start of the experiment, participants were told they would see and repeat 
30 sequences. After seeing the playing board for 400 ms, they saw a 
sequence of colour-flashes.3 Each colour lit up for 300 ms, with an in
terval of 300 ms between individual flashes.4 At the end of the sequence, 
the prompt “repeat” appeared. Children reproduced the sequences by 
tapping on the tablet, whereas adults reproduced the sequences using 
the q, w, a, and s keys on their keyboard, which respectively mapped 
onto the top-left, top-right, bottom-left and bottom-right-location of the 
playing board.5 A colour lit up for 300 ms when a key was pressed. After 

Fig. 1. The playing board (Hebrew version).

1 Informal piloting with an age-range from 5 to 12 years, suggested that 
children aged over 6 would have no issue to complete the task. We chose to test 
a more narrow age-range (3.5 years) to justify generalization across age for the 
child transmission chains. The exact age-range of 7;5–11;0 was decided due to 
practical reasons, as this was the sample of participants that was expected to be 
available in our testing location.

2 There was a Hebrew and an Arabic version of the experiment. Only one 
Arabic speaking child participated in the study.

3 Hex colour codes of the colours on the playing board: Green: #005500, red: 
#550000, blue: #000055, yellow: #D5BE1A. Hex colour codes of the colours 
on the playing board during the flashes: Green: #00FF00, red: #FF0000, blue: 
#0000FF, yellow: #FFFC00.

4 The presentation rate and inter-stimulus interval were set to match the 
parameters used in Cornish et al. (2013) and Wolters, Kirby, and Arnon (2025).

5 At the start of the experiment, participants were asked to select whether 
they have a QWERTY or AZERTY keyboard. For participants with an AZERTY 
keyboard, the a, z, q, and s keys respectively mapped onto the top-left-, top- 
right-, bottom-left- and bottom-right-location of the playing board.
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each trial, feedback was shown at the centre of the playing board to help 
maintain participants' engagement throughout the task. For children, 
this feedback took the form of a smiling emoji randomly chosen from a 
set of eight, while for adults it was a percentage score indicating their 
accuracy on that trial.6

Before starting the testing phase, participants reproduced randomly 
generated practice sequences with a length of four. Participants 
continued to the test phase of the experiment when they reached the 
maximum of six practice trials, or when they correctly reproduced three 
sequences in a row. During the testing phase, a trial was considered 
invalid if the length of the produced sequence fell outside the range of 6 
to 14, or if the participant took longer than five seconds to start repro
ducing the sequence. Invalid trials were repeated at the end of the 
experiment, with a maximum of nine repeated trials. If participants had 
more than nine invalid trials, they were removed from the transmission 
chain and replaced by a new participant. To control the quality of the 
data of the adult participants, who completed the experiment online, we 
applied two additional exclusion criteria: participants were excluded (1) 
when they had more than three incorrect trials during practice, and (2) 
when using recording devices to complete the study, based on their 
answer to a question posed at the end of the study. The experiment took 
approximately ten minutes to complete.

2.2. Results

The data was analyzed using linear regression models, implemented 
using the lme4 library (Bates et al., 2015) in R (R Core Team, 2021). 
Following Barr (2013), we adopted a maximal random-effects structure. 
Consistent with standard practice, we restricted maximality to theoret
ically motivated predictors (referred to as independent variables in the 
description of the analyses). Analyses included the data of both age 
groups combined, excluding invalid trials. All data and analyses can be 
accessed on the Open Science Foundation project page of this study: 
https://osf.io/ujfvn7.

2.2.1. Sets become more learnable over transmission for both children and 
adults

Transmission error for each sequence was calculated as the by-length 
normalized Levenshtein edit-distance between a seen and produced 
sequence. This is calculated as the minimum number of insertions, de
letions, and substitutions required to turn one sequence into the other, 
divided by the length of the longest sequence. Fig. 2 shows that at the 
start of transmission, generation zero, transmission error was higher for 
children compared to adults (mean children = 0.47, sd = 0.07; mean 
adults = 0.34, sd = 0.04). A model including only the data of generation 
zero, with transmission error on trial as the outcome variable, age group 
as an independent variable (dummy coded, adults as the reference), trial 
number (mean-centered) as a control variable, and a random intercept 
for chain, confirms this difference is significant (β = 0.12, SE = 0.03, t =
3.92, p < .01). This indicates that the randomly generated sets were 
initially harder for children to reproduce, suggesting that they indeed 
have a more narrow learning bottleneck than adults.

Fig. 2 shows that transmission error decreased over generations in 
both age groups, with a slightly lower mean transmission error for 
children. We fitted a model with transmission error on trial as the 

outcome variable, generation, age group and their interaction as inde
pendent variables, trial number as control variable, as well as a by-chain 
random slope for generation. Generation and trial number were mean- 
centered for this and following analyses. Transmission error decreases 
significantly over generations (β = − 0.02, SE = 0.01, t = − 3.26, p <
.01), with no significant interaction between generation and age group 
(β = − 0.01, SE = 0.01, t = − 0.91, p = .384), indicating a similar 
reduction in transmission error across groups. Transmission error was 
not affected by trial number (β = 0.00, SE = 0.00, t = 1.33, p = .184).

2.2.2. Sequence length impacts learnability for both children and adults
One way in which sequence sets may become more learnable over 

time, for both children and adults, is through a reduction in sequence 
length; shorter sequences place lower demands on memory and pro
cessing, and are therefore easier to reproduce. In the children's chains, 
sequence lengths decrease from the starting length of 10 to a mean 
sequence length of 7.6 (sd by chain = 0.6), compared to a mean of 8.5 in 
the adult chains (sd by chain = 1.1) (see Fig. 3). This means that by the 
end of transmission (generation ten), sequences are on average one 

Fig. 2. Transmission error in reproducing individual sequences decreases over 
transmission, showing that sequence sets become easier to reproduce over 
generations in both age groups. The solid lines with error bars represent the 
mean error of sequences across chains within each age group (descriptive sta
tistics); error-bars represent the 95% confidence intervals across sequences. The 
lines without error bars represent the mean transmission error of individ
ual chains.

Fig. 3. Length of sequences over transmission, showing that sequences 
decrease in length over generations in both age groups. The solid lines with 
error bars represent the mean length of sequences across chains within each age 
group (descriptive statistics); error-bars represent the 95% confidence intervals 
across sequences. The lines without error bars represent the mean sequence 
length of individual chains.

6 We did not use the smiley feedback with adults since we thought it would 
not be sufficiently motivating, whereas we expected that simple smiley feed
back would not be sufficiently motivating for adult participants. Importantly, 
both forms of feedback seemed to be similarly effective: the reduction of 
transmission error was similar for children and adults.

7 All reported analyses were repeated after removing the randomly generated 
sequence sets from generation zero. Excluding generation zero did not lead to 
any substantive changes in the findings. The results of these analyses are 
available on the OSF project page.
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colour shorter in the children's sets. We fitted a model with sequence 
length as the outcome variable, generation, age group and their inter
action as independent variables, trial number as control variable, and a 
by-chain random slope for generation. Sequence length decreases 
significantly over generations (β = − 0.17, SE = 0.05, t = − 3.71, p <
.01), and is overall shorter in the children's chains compared to the 
adults' chains (β = − 1.60, SE = 0.46, t = − 3.46, p < .01). We do not find 
a significant interaction between generation and age group (β = 0.01, 
SE = 0.07, t = 0.19, p = .851), indicating that there is no significant 
difference in sequence length reduction between children and adults. To 
test whether the decrease in sequence length across generations con
tributes to the increase in learnability of the sequences, we reran the 
model of transmission error in Section 2.2.1 while including an addi
tional independent variable for sequence length (mean centered) and its 
interaction with generation and age group. Sequence length signifi
cantly predicts transmission error across age groups8 (β = 0.02, SE =
0.00, t = 6.97, p < .001) but we do not find an interaction between 
sequence length and age group (β = 0.00, SE = 0.00, t = 0.22, p = .828), 
suggesting that children and adults are similarly impacted by sequence 
length during sequence reproduction. Generation is still a significant 
predictor of transmission error (β = − 0.01, SE = 0.01, t = − 2.51, p <
.05), suggesting systematic changes beyond reductions in sequence 
length contribute to the increase in learnability over time.

2.2.3. Segmentation method
To analyze the emergence of statistically coherent units and their 

statistical properties, we segmented the sequences into units using the 
method developed by Arnon and Kirby (2024), which has since been 
used to analyze other culturally transmitted sequential behaviours 
(Arnon et al., 2025; Wolters, Kirby, & Arnon, 2025). This method 
identifies unit boundaries based on drops in the transitional probabili
ties between colours, similar to how language learners can use drops in 
the transitional probabilities between syllables to discover word 
boundaries in continuous speech (e.g. Saffran et al., 1996). A colour's 
transitional probability is estimated as its conditional probability given 
the two preceding colours in the sequence, based on their occurence 
across the entire sequence set. The segmentation method posits a 
boundary when the probability of a transition is low relative to that of 
the preceding transition, using the ratio between the two transitional 
probabilities. A set of non-structured sequence sets are used as a baseline 
to estimate when a drop in transitional probability is large enough to 
justify segmentation. To do this for the present study, we generated 500 
random sequence sets of 30 sequences with a length of ten, and 
computed the transitional probability ratios for each set separately. We 
then created an aggregated distribution of all the transitional probability 
ratios and took the low five percentile point of this distribution as the 
segmentation threshold (= 0.39). For each sequence set, we applied the 
segmentation method and then used the posited unit boundaries to 
extract a lexicon9 of unique units that can be analyzed for their statistical 
properties.10 Fig. 4 shows an example of the evolution of a single 
sequence over the ten generations.

2.2.4. Statistically coherent units emerge over transmission for both 
children and adults

To see whether the statistical coherence of units increases over 
transmission in the two age groups, we asked whether the transitional 
probabilities of colours within units increase over generations relative to 
those at unit boundaries. Fig. 5 shows that for both children and adults 
the within-unit transitional probabilities increase over transmission 
while the probabilities at unit boundaries remain low, and that this 
pattern is more pronounced for children. We fitted a model with tran
sitional probability as the outcome variable and generation, age group, 
transition type (within-unit vs. between-unit, dummy-coded with 
within-unit as the reference), and their three-way interaction as inde
pendent variables, as well as a control variable of sequence length. A by- 
chain random slope for generation was included. The transitional 
probability of within-unit transitions are higher than between-unit 
transitions (β = 0.20, SE = 0.01, t = 39.45, p < .001), indicating the 
presence of statistically coherent units across generations in both age 
groups. As shown in Fig. 5, this pattern is stronger for children than for 
adults across generations. This is confirmed by a significant interaction 
between transition type and age group (β = 0.07, SE = 0.01, t = 9.60, p 

Fig. 4. The evolution of a single sequence out of a set of 30 (item 24 from Adult 
chain C), over ten generations. The black lines between colours indicate the unit 
boundaries posited by the segmentation method (i.e., points in the sequence 
where the transitional probability ratio was lower than 0.39).

Fig. 5. Mean transitional probability within units and between units over 
generations (descriptive statistics), for both age groups. The error-bars repre
sent the 95% confidence intervals across individual transitions. The figure 
shows that for both age groups within-unit transitional probability increases 
over generations, indicating increasingly statistically coherent units, and that 
the rate of evolution is faster for children compared to adults.

8 Note that since transmission error is quantified as the length-normalized 
Levenshtein edit distance, any effect of sequence length on transmission error 
cannot be attributed solely to learners producing shorter sequences.

9 By ‘lexicon’ we refer to a collection of segmented units extracted from the 
sequence set, which, unlike the traditional use of the term, do not carry any 
inherent meaning.
10 To ensure that any age-related effects we find are not related to the specific 

use of trigram probabilities (it is theoretically possible that children and adults 
rely on ngrams of different sizes, so that a certain ngram would be a better fit 
for capturing one age groups' behaviour), we conducted additional robustness 
analyses where segmentation is based on different n-gram sizes (bigrams, tri
grams, and fourgrams). The overall pattern described in the results sections 
remains are consistent across n-gram sizes. The full analyses using bigrams and 
fourgrams can be found in Supplementary Materials A.

L. Wolters et al.                                                                                                                                                                                                                                 Cognition 275 (2026) 106622 

5 



< .001), indicating that the salience of the cue to unit boundaries is 
stronger in the sets produced by children compared to those produced by 
adults. In addition, a significant interaction between transition type and 
generation indicates that the probability of within-unit transitions in
creases more than that of between-unit transitions over generations, 
suggesting units increase in their statistical coherence over generations 
across age groups (β = 0.01, SE = 0.00, t = 3.55, p < .001). Crucially, a 
significant three-way interaction (β = 0.01, SE = 0.00, t = 4.73, p <
.001) indicates that this effect is stronger in children: the emergence of 
statistically coherent units–and the corresponding emergence of salient 
unit boundaries–occurs at a faster rate in children compared to adults. 
We did not observe a main effect of sequence length, nor did sequence 
length interact with any of the other predictors in the model.

2.2.5. Unit distributions become more Zipfian over transmission for both 
children and adults

To measure the statistical structure of the frequency distributions of 
units over generations, we looked at the entropy of the distributions 
(Shannon, 1948), which increases with set size (the number of unique 
units) and decreases with distribution skew. Fig. 6 (left) shows that 
entropy decreases for both age groups. To test whether frequency dis
tributions become increasingly skewed over generations in the two age 
groups, we fitted a model with entropy as the outcome variable and 
generation, set size (mean centered), age group and the two two-way 
interactions (age group × generation, and age group × set size) as 
predictors. A by-chain random slope for generation was included. The 
set sizes of lexicons are overall smaller for children, as indicated by a 
significant interaction between set size and age group (β = 0.01, SE =
0.00, t = 4.52, p < .001). Since we control for set size, the effect of 
generation in this model reflects an increase in skew. We find a signif
icant effect of generation on entropy, indicating that the frequency 
distributions become more skewed over transmission for both age 
groups (β = − 0.01, SE = 0.00, t = − 2.73, p < .01). Crucially, we find that 
this effect is stronger for children (β = − 0.01, SE = 0.00, t = − 3.51, p <
.001). This suggests that the sets that were transmitted by children 
evolved to be more skewed than those transmitted by adults. Fig. 6
(right), shows the change in entropy after normalizing entropy by set 
size,11 showing the faster increase in distribution skew in the trans
mission chains of children.

Power law distributions like the Zipfian distribution are charac
terised by a linear relationship between the logarithm of frequency and 
the logarithm of rank. Therefore, to evaluate whether the transmitted 
frequency distributions increasingly resemble a Zipfian power law, we 
calculated the R2 of the distributions to a linear regression between 
frequency and rank on a log-log scale. If the distributions become 
increasingly Zipfian, then we expect R2 to increase over transmission. 
Fig. 7 shows that the R2 of the frequency distributions of both age groups 
increase over transmission. A model with R2 as the outcome variable, 
generation, age group, and their interaction as independent variables, 
and a by-chain random slope for generation confirms that this increase is 
significant (β = 0.04, SE = 0.01, t = 5.99, p < .001). Additionally, R2 is 
overall higher for children (β = 0.20, SE = 0.07, t = 3.02, p < .05), 
suggesting that sets transmitted by children exhibit distributions with a 
better fit to a power law. However, the rate of change towards a Zipfian 
distribution is similar across both age groups, as indicated by the lack of 
a significant interaction between generation and age group (β = − 0.00, 
SE = 0.01, t = − 0.20, p = .843).

Several alternative distributions besides the power law can also show 
an approximate linear relationship between frequency and rank on a 

log-log scale, for example the exponential distribution (Clauset et al., 
2009). To address this, we conducted additional analyses comparing 
the goodness-of-fit of the frequency distributions to a power law, uni
form and exponential distribution (following Wolters, Kirby, & Arnon, 
2025). The uniform distribution was included to test whether the 
chains start out with a uniformly distributed frequency distribution and 
gain a better fit to a power law over time. To compare the fit of the 
observed frequency distributions to the three examined distributions 
(power law, uniform, exponential), we first estimated the parameters for 
each distribution using maximum likelihood estimation. Next, we 
derived the expected frequency distribution for each distribution based 
on the estimated parameters and the number of units and tokens in the 
observed distribution. We then quantified the goodness-of-fit of the 
observed distributions to the different examined distributions by 
calculating the Akaike Information Criterion (AIC). The AIC values for 
the different examined distributions were compared by converting them 
into relative probabilities. This was done by subtracting each AIC from 
that of the best-fitting distribution (ΔAIC), transforming the differences 
into relative likelihoods, and normalizing these likelihoods so they 
summed to one.

Fig. 8 shows that for both children and adults at generation zero, the 
uniform distribution provides the best fit but over subsequent genera
tions, the relative probability of the power law distribution increases, 
eventually surpassing the alternatives. Interestingly, the frequency dis
tributions in the children's chains gain a better fit to a power law earlier 
on in transmission (generation three) compared to those in the adult's 
chains (generation ten).

2.2.6. The emergent statistical properties reflect the sequential ordering of 
colours

One potential concern with our results is whether the emergence of 
the statistical properties, as well as the difference in the rate of emer
gence in the two age groups, might be an artifact of changes in the 
distribution of individual colours or the length distribution of the se
quences. To confirm this is not the case, we compare the experimental 
data to a shuffled baseline that maintains the length of the sequences 
and the unigram distribution of the individual colours but destroys any 
sequential information in the original data. Specifically we ask whether 
the emergence of a Zipfian distribution across age groups and the faster 
emergence with children (as described in Section 2.2.5) stem from the 
sequential ordering of colours rather than from changes in the unigram 
distributions or sequence lengths.

To create the baseline, we shuffled the tokens of each set fifty times, 
generating fifty shuffled sets for each experimental sequence set, and 
then reapplied the segmentation method to each shuffled set. Like 
before, we look at the R2 of the distributions to a linear regression be
tween frequency and rank on a log-log scale. We fitted a model with R2 

per set as the outcome variable and included data set (original: 120 sets; 
shuffled: 6000 sets, with shuffled as the reference), age group, genera
tion, and their three-way interaction as independent variables, along 
with a random intercept for chain.12 We find that the R2 of the experi
mental sets is significantly higher than that of the shuffled sets (β = 0.24, 
SE = 0.03, t = 9.12, p < .001). Furthermore, the R2 of the experimental 
sets increases more over generations, as evidenced by a significant 
interaction between data set and generation (β = 0.03, SE = 0.01, t =
4.65, p < .001). This finding suggests that the emergence of statistical 
properties is indeed driven by changes in the sequential ordering of 
colours. Additionally, the difference in R2 between the experimental and 
shuffled sets is larger for the those transmitted by children, compared to 
those transmitted by adults, as indicated by a significant interaction 
between age group and data set (β = 0.19, SE = 0.04, t = − 5.31, p <
.001). This suggests that the higher R2 of sets transmitted by children (as 11 Normalized entropy, also referred to as Efficiency, is calculated by sub

tracting the actual entropy from the maximum possible entropy for the given set 
size, and then dividing this difference by the maximum entropy. This results in 
a number between 0 and 1 that represents the fraction of the maximum possible 
entropy.

12 We initially fitted the model with an additional by-chain random slope for 
generation but the model did not converge.
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described in Section 2.2.5) at least partially stems from the sequential 
ordering of the colours, rather than changes in the unigram distributions 
of colours or sequence lengths of the children's sets. There is no inter
action between generation and age group (β = − 0.00, SE = 0.00, t =
− 1.88, p = .059), or between generation, age group and data set (β =
0.00, SE = 0.01, t = − 0.08, p = .936).

2.2.7. Lexicons become more learnable over generations for both children 
and adults

Both children and adults reproduced the sequences with increasing 
accuracy over generations (Section 3.1). Here, we ask how well children 
and adults reproduce the lexicons of the sets of sequences. To test this, 
we measured the similarity of lexicons across generations. Specifically, 
we created pairings between the units of lexicons from subsequent 

Fig. 6. Left: entropy over transmission; Right: normalized entropy over transmission. The lines with error bars represent the mean of chains (descriptive statistics); 
error-bars represent the 95% confidence intervals across chains. The lines without error bars each represent the mean of individual chains.

Fig. 7. Left: The R2 of the linear regression between log frequency and log rank for the frequency distributions in both age groups, over generations. The lines with 
error bars represent the mean across chains (descriptive statistics); error-bars represent the 95% confidence intervals across chains. Over transmission, frequency 
distributions are becoming more Zipfian, reflected by an increase in R2. Right: The frequency distributions of units of both age groups in generation ten. Error bars 
represent 95% confidence intervals across chains.

Fig. 8. The relative probability of each model (power law, exponential, uniform) across generations, for each age group. Error-bars represent the 95% confidence 
intervals across chains. For both age groups, the relative probability of the power law model increases and surpasses the alternatives by the end of transmission.

L. Wolters et al.                                                                                                                                                                                                                                 Cognition 275 (2026) 106622 

7 



generations, and calculated the inverse Levenshtein distance for each 
pairing, divided by the length of the longest unit, resulting in a similarity 
measure ranging from zero to one for each pair of units. To find a pairing 
of units that gives the maximal similarity between subsequent lexicons, 
we used the Hungarian algorithm (also known as the Munkres assign
ment algorithm),13 a widely used algorithm to solve assignment prob
lems. Crucially, this algorithm ensures that each unit is paired uniquely, 
preventing multiple assignments of the same unit. Because lexicon sizes 
differ across sets, some units remained unpaired. These unpaired units 
were assigned a similarity score of zero.

Fig. 9 shows that the similarity of units increases over generations for 
both age groups. We fitted a model with the similarity of units as the 
outcome variable, generation, age group, and their interaction as inde
pendent variables, and a by-chain random slope for generation. Simi
larity increases significantly over generations (β = 0.02, SE = 0.00, t =
4.51, p < .001), suggesting that not only the sequences, but also the 
lexicons of both children and adults become increasingly learnable over 
generations. Moreover, similarity is overall higher for children (β =
0.06, SE = 0.02, t = 2.95, p < .05), indicating that the sequence sets 
transmitted by children evolve lexicons that are easier to reproduce by 
its learners, compared to those transmitted by adults. There is no sig
nificant interaction between age group and generation (β = 0.01, SE =
0.01, t = 1.09, p = .303).

2.2.8. Children and adults are sensitive to the transitional probabilities of 
colours

Previous work has shown that participants' online behaviour reflects 
the emerging statistical structure of the sequence sets (Wolters, Kirby, & 
Arnon, 2025). Specifically, the probability of the colour transitions were 
predictive of the reaction times of adults during reproduction, such that 
more probable transitions resulted in faster reaction times. This suggests 
that the transitional probabilities that were used to measure the emer
gence of the statistical propertiesare indeed tracked by learners. Here, 
we test whether this is also true for children. As children reproduced 
sequences by tapping on a tablet and adults used a keyboard to do so, we 
cannot directly compare the reaction times of the two age groups. 
Instead, we will analyze the two age groups separately. For each age 

group, reaction times below 100 ms were excluded, to remove extremely 
short reaction times (children: 0% of the data; adults: 0.3% of the data, 
36 data points), as were reaction times outside the range of 2 SD from 
the participant's mean (children: 4.4% of the data, 448 data points; 
adults: 4.2% of the data, 556 data points). For children, the mean re
action time decreases from 690 ms in generation one (sd by chain = 80 
ms) to 621 ms in generation ten (sd by chain = 90 ms). For adults, the 
mean reaction time decreases from 589 ms in generation one (sd by 
chain = 262 ms) to 466 ms in generation ten (sd by chain = 123 ms).

We fitted a model with log reaction time as the outcome variable for 
each age group. The model included an independent variable for tran
sitional probability, control variables for generation and position in the 
sequence (mean-centered), and by-chain random slopes for generation. 
Transitional probability significantly predicts reaction time in both age 
groups, with faster reaction times for more predictable transitions, as 
expected if participants' online behaviour reflects the statistical struc
ture of the set (children: β = − 0.14, SE = 0.02, t = − 9.63, p < .001; 
adults: β = − 0.12, SE = 0.02, t = − 5.38, p < .001).14 There was also a 
significant effect of position (children: β = − 0.01, SE = 0.0, t = − 5.62, p 
< .001; adults: β = − 0.02, SE = 0.00, t = − 12.10, p < .001), with re
action time decreasing towards the end of sequences. Reaction time did 
not decrease significantly with generation (children: β = − 0.01, SE =
0.01, t = − 1.60, p = .171; adults: β = − 0.00, SE = 0.02, t = − 0.22, p =
.833). These findings indicate that both children and adults are sensitive 
to the transitional probabilities that were used to infer the statistical 
structure within the sequence sets.

2.2.9. Sets with lower entropy are transmitted with fewer errors
To ask whether sets with more statistical structure were easier to 

reproduce, we look at the correlation between the entropy and mean 
error of the sequence sets. We find a clear inverse relationship between 
the entropy and mean accuracy in the sets produced by children (r(58) 
= 0.46, CI[0.24, 0.64], p < .001) and those produced by adults (r(58) =
0.31, CI[0.07, 0.53], p < .05) (see Fig. 10), suggesting that the increase 
in learnability over transmission is related to the increase in distribution 
skew over transmission.

We conducted additional analyses to ensure that the increase in 
learnability is related to skew, and cannot be fully explained by a general 
reduction in complexity resulting from cultural transmission (e.g., 
Kempe et al., 2019; Tamariz and Kirby, 2015). These analyses are 
described in detail in Supplementary Materials B. We estimated Kol
mogorov complexity at both the sequence level (using the acss package; 
Gauvrit et al., 2016) and the set level (using a standard compression 
algorithm). At the sequence level, complexity decreased over genera
tions, and more so in child chains, suggesting age-related differences in 
how individual sequences change over time. However, analyses at the 
set level confirmed that while compression decreases over generations, 
it does not do so more strongly in child chains, and model comparisons 
indicate that Zipfian fit better predicts transmission error than 
compression-based estimates. Moreover, the emergence of the statistical 
properties is not driven only by changes in sequence-level complexity. 
Together, these findings suggest that the statistical properties we mea
sure capture aspects of system-level structure that are relevant to 
learners beyond what compression-based estimates of complexity 
reflect.

3. Study 2: Are sequence sets transmitted by children easier to 
learn?

In the previous study, we found that sets transmitted by children 

Fig. 9. Lexion similarity increases over generations, showing that lexicons 
become easier to reproduce over generations in both age groups. The lines with 
error bars represent the mean similarity of units in the lexicon across chains 
within each age group (descriptive statistics); error-bars represent the 95% 
confidence intervals across units. The lines without error bars represent the 
mean unit similarity of individual chains.

13 We implemented the algorithm using the ‘linear_sum_assingment’ function 
in the Scipy Optimize library.

14 In a separate model we added an interaction between generation and 
transitional probability to see whether transitional probabilities are more pre
dictive of reaction times in later generations. The model revealed no significant 
interaction.
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evolved to have units with higher statistical coherence and a more 
skewed frequency distribution compared to the sets transmitted by 
adults. Here, we further investigate the relation between these statistical 
properties and learnability by asking whether the sequence sets gener
ated by children are more learnable than those generated by adults for 
both children and adults. To do this, we asked a different sample of 
children and adults to observe and reproduce a sequence sets taken from 
the final generations of a child or adult chains.

3.1. Methods

3.1.1. Participants
A total of 49 children and 45 adults participated in the experiment. 

We used the same recruitment procedure as for the transmission study. 
(see Section 2.1.1). During data collection, five adults and nine children 
were excluded due to having more than nine invalid trials during testing. 
No participants were excluded based on the other exclusion criteria.

3.1.2. Stimuli
Participants were tested on the sequence sets produced in the last 

generation of the child and adult chains in the transmission experiment. 
We had six possible sets to select from for each age group (since there 
were six transmission chains for each age group). For each age group, we 

selected the two sets that were closest to the mean entropy of the six sets 
(mean child-sets = 5.02, mean adult-sets = 5.28). This was done to 
ensure that the selected sets were representative of the statistical 
structure of the chains at the end of transmission. The four sequence sets 
had similar sequence lengths, with a mean sequence length of eight in 
both conditions (sd child-sets = 1.6, sd adult-sets = 1.7). We tested 20 
children and 20 adults on each sequence set, resulting in 40 children and 
40 adults in the two experimental conditions: child-generated sets or 
adult-generated sets.

3.1.3. Procedure
The procedure for this experiment was identical to that of a single 

iteration in the transmission experiment, including the procedural dif
ferences between the adult and child version of the experiment (see 
Section 2.1.3).

3.2. Results

Fig. 11 shows that both children and adults reproduced the child- 
generated sets with lower transmission error than the adult-generated 
sets (mean adult error for adult-generated sets = 0.25, sd = 0.2; mean 
adult error for child-generated sets = 0.07, sd = 0.15; mean child error 
for adult-generated sets = 0.32, sd = 0.21; mean child error for child- 

Fig. 10. The correlation between entropy and mean transmission error of sets from generation zero to nine for each age groups. The figure shows sets with lower 
entropy are easier to reproduce.

Fig. 11. Mean transmission error (descriptive statistics) is lower for the child-generated sets than the adult-generated sets for both age groups, indicating the child- 
generated sets are more learnable. The error-bars represent the 95% confidence intervals across participants. The transparent dots represent the means of individual 
participants.
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generated sets = 0.18, sd = 0.2). That is, both children and adults found 
the child-generated sets easier to reproduce. We fitted a model with 
error on trial as the outcome variable, condition (child-generated set/ 
adult-generated set), age group (adults/children) and their interaction 
as independent variables, sequence length (numeric, 6–14) and trial 
number (numeric, 1–30) as control variables, and a random intercept for 
participants.15 Condition and age group were effect-coded (sum-to- 
zero), so that the model intercept represented the grand mean across 
conditions age groups. Overall, children made more transmission errors 
than adults (β = 0.09, SE = 0.02, t = 5.35, p < .001), in line with the idea 
that they have a narrower bottleneck. In addition, the child-generated 
sets were reproduced with fewer errors than the adult-generated sets 
(β = − 0.15, SE = 0.02, t = − 9.48, p < .001), a pattern present in both 
children (β = − 0.14, SE = 0.02, t = − 5.9, p < .001) and adults (β =
− 0.17, SE = 0.02, t = − 7.5, p < .001). These findings suggest that 
transmission by children introduces a greater learnability pressure 
compared to transmission by adults, which in turn increases the learn
ability of the resulting sequence sets for both child and adult learners.

4. Discussion

Language learning is constrained by the capacity of our cognition, 
creating a bottleneck when a language is transmitted from one genera
tion to the next. Prior work has argued that systematic structure emerges 
as an adaptation to this learning bottleneck by enabling learners to 
generalize from limited exposure to the language (Brighton, 2002; 
Ferdinand & Zuidema, 2009; Kirby, 2000, 2001; Smith et al., 2003). 
Specifically, more narrow bottlenecks are expected to lead to a greater 
increase in structure compared to wider bottlenecks. Prior work has 
primarily tested this idea by manipulating the amount of input adult 
learners receive during learning (Ferdinand & Zuidema, 2009; Kirby 
et al., 2007, Kirby et al., 2015; Kirby & Hurford, 2002). However, nat
ural language is also shaped by bottlenecks that arise from constraints 
on our cognitive capacities (Christiansen & Chater, 2016; Kirby and 
Tamariz, 2022). In this study, we set out to experimentally test the ef
fects of such learning bottlenecks on the emergence of two statistical 
properties of language: statistically coherent units and Zipfian frequency 
distributions. We did this by comparing the rate of their emergence in 
two populations, children and adults, that differ in their cognitive 
capacities.

We conducted an iterated learning experiment in which chains of 
child or adult learners observed and reproduced sets of colour se
quences. Consistent with prior cultural transmission studies (Arnon & 
Kirby, 2024; Carr et al., 2017; Kempe et al., 2015; Kirby et al., 2008; 
Wolters, Kirby, & Arnon, 2025), transmission error decreased over 
generations in both age groups, indicating that the sequences became 
more learnable over time. Error rates were significantly lower for chil
dren compared to adults in the first generation of the transmission 
chains, confirming their more limited cognitive capacities and the 
resulting narrow bottleneck. However, by the end of the transmission, 
children's error rates had converged with those of adults. How, then, did 
the sequence sets change such that children, despite their more limited 
cognitive capacities, achieved adult-level learnability over the course of 
cultural transmission?

To address this question, we examined the sequence sets for the 
emergence of two statistical properties that have been shown to facili
tate learning (Kurumada et al., 2013; Lavi-Rotbain & Arnon, 2022; 
Saffran & Kirkham, 2018; Wolters, Ota, & Arnon, 2025). We segmented 
each sequence set into units based on the transitional probabilities be
tween colours, using dips in these probabilities as indicators of unit 
boundaries (Arnon & Kirby, 2024). Across both age groups, the initially 

random sequence sets evolved to have statistically coherent units with 
frequency distributions that were best fit by a Zipfian power law. 
Moreover, we found a significant correlation between distribution en
tropy and transmission error, suggesting that the emergence of these 
statistical properties, particularly the skew of the frequency distribu
tions, increased the learnability of the sets for both children and adults. 
These findings suggest that the same hallmark statistical properties of 
language, previously only shown to emerge through cultural trans
mission with adults (Arnon & Kirby, 2024; Wolters, Kirby, & Arnon, 
2025), can also reliably emerge under the narrow learning bottlenecks 
characteristic of child learners, highlighting the potential of these sta
tistical properties as robust learnable patterns in the evolution of lin
guistic structure.

Crucially, while both children's and adults' sequence sets evolved 
learnable statistical properties, they evolved faster in transmission 
chains with children: statistically coherent units, and the corresponding 
saliency of unit boundaries, emerged at a faster rate in the transmission 
chains with children. Similarly, the frequency distribution of segmented 
units became more skewed in the children's chains compared to the 
adult's chains, as indicated by a larger reduction in entropy and a better 
Zipfian fit in the children's sets. Looking at the change over generations 
in more detail reveals an interesting pattern: children introduced high 
levels of statistical structure in early generations, after which the rate of 
evolution slowed down, whereas adults showed a more gradual, 
continuous accumulation of structure over time. This early structuring 
in children's chains suggests that the more narrow bottleneck creates a 
stronger pressure towards learnability from the outset. To ensure that 
the faster evolution rate in the children's chains were not simply driven 
by differences in the basic properties of the sets produced by children 
and adults, we compared the sequence sets to a shuffled baseline in 
which sequence length and the unigram distribution of individual col
ours were preserved, but all sequential structure was destroyed. This 
comparison confirmed that the accelerated emergence of statistical 
structure in the children's chains was driven by changes in the sequential 
ordering of the colours. Taken together, these findings show that the 
statistical properties emerge faster in children's chains compared to 
adults chains, potentially explaining why, despite the initial differences 
in error rates, the sets generated by children and adults are learned with 
similar error rates by the end of transmission. In addition, we also find 
that both children and adults developed increasingly learnable lexicons 
of units over generations. Lexicons became increasingly similar between 
successive generations over time, and this effect was stronger with 
children. This suggests that the structural changes introduced during 
transmission not only reduced reproduction errors of the sequences, but 
alsoresulted in lexicons of units that are easier to reproduce.

To test whether the increased emergence of the statistical properties 
in the child chains enhances learnability across age groups, we con
ducted a second experiment in which both adult and child learners were 
tested on the final sequence sets of the child and adult chains. Both age 
groups reproduced the child-generated sets with significantly lower 
transmission error, indicating that the structural changes introduced by 
children improved learnability across age groups, and reconfirming that 
sets with increased statistical structure, like those generated by children, 
are more learnable. These findings suggest that children and adults share 
similar biases in learning statistical structure, in line with prior research 
showing a facilitative effect of Zipfian distributions on learning in both 
children and adults (Lavi-Rotbain & Arnon, 2022).

Similar learning outcomes (in terms of the statistical properties we 
examined) do not necessarily imply identical learning mechanisms. It is 
possible that children, in addition to having more limited processing 
capacities, also have a stronger tendency to regularize statistical pat
terns (Perfors, 2012, 2016). Relatedly, children may be better implicit 
learners than adults (under certain conditions), potentially leading to 
their transmission errors being more systematically shaped by statistical 
regularities (Janacsek et al., 2012; Juhasz et al., 2019). More generally, 
our operationalization of the learning bottleneck collapses across 

15 We initially ran a model including a random intercept for the sequence set 
but this model did not converge due to low variance in the random effect 
structure.
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multiple cognitive capacities (memory, attention, implicit learning), 
each of which may contribute differently to the observed bottleneck 
effect (Ferdinand & Zuidema, 2009; MacDonald, 1999; MacDonald, 
2013; Smalle et al., 2021). It therefore remains an open question to 
what extent the differences observed between childr and adult chains 
reflect differences in memory, attention, production biases, or their 
interaction. In addition, the use of visual stimuli may also interact with 
these mechanisms, as several studies have revealed modality differences 
in statistical learning (Conway & Christiansen, 2005; Conway & 
Christiansen, 2006; Frost et al., 2015). Given that language is primar
ily processed in the auditory modality, future work should test whether 
our findings reflect general learning dynamics rather than modality- 
specific effects. An further question for future work, relevant not only 
to the present study but also to other iterated sequence learning studies 
that use non-linguistic stimuli (Arnon & Kirby, 2024; Wolters, Kirby, & 
Arnon, 2025), is how pressures from sequence learning express them
selves when signals are used to express meaning. Although learning the 
sequential structure of language, including the task of word segmenta
tion, constitutes to some extent an independent learning problem, 
naturalistic language acquisition involves the simultaneous acquisition 
of multiple aspects of language, including the learning of form–meaning 
mappings. An interesting direction for future research, therefore, is to 
understand how pressures from sequence learning interact with pres
sures introduced by the learning of form-meaning mappings, and how 
this in turn shapes the statistical properties of language.

Although numerous iterated learning experiments have been con
ducted with adults, this is only the second study to show that cultural 
transmission by children leads to the emergence of more systematic 
structure and increased learnability, and the first to demonstrate that 
transmission by children can drive the emergence of cross-linguistic 
statistical properties. The only other study reporting similar findings is 
Kempe et al. (2015), in which children and adults reproduced visuo- 
spatial patterns (dots on a grid). Consistent with our results, they 
found that structure emerged more readily in children's chains, with the 
trajectories of change similar to those in our study: children introduced 
high levels of structure early, while adults exhibited a more gradual, 
incremental emergence over time. These findings diverge from cultural 
transmission studies that used an artificial language learning paradigm, 
where structure did not emerge with children. This divergence may be 
explained by the different experimental tasks: whereas the present study 
and Kempe et al. (2015) used non-linguistic stimuli without meaning 
(sequential in our case, spatio-visual in theirs), Raviv and Arnon (2018)
and Kempe et al. (2019) used artificial languages, involving the learning 
of compositional structure, which may pose higher cognitive and prag
matic demands (Kempe et al., 2019; Naigles, 2002).

The mixed findings with regard to age-effects in iterated learning 
studies relate to a larger debate on the role of children in driving lan
guage emergence and change. On the one hand, children have been 
argued to play a significant role in the emergence and systematization of 
linguistic structure in several settings. For example, in the formation of 
grammatical structures in the process of creolization (Bickerton, 
1984),16 the emergence of compositional and linearized expressions in 
sign languages (Senghas et al., 2004; Senghas & Coppola, 2001; Vogt, 
2005), and the spontaneous emergence of grammatical structure in 
the home sign systems of deaf children (Goldin-Meadow, 2003). More
over, it has been argued that in the presence of unpredictable variation 
and a lack of normative mechanisms (e.g. in places of intense language 
contact or a mixture of L1 and L2 speakers) children's learning biases 
will systematize linguistic structure (Dale & Lupyan, 2012; Kirby & 
Tamariz, 2022; Sanz-Sánchez & Moyna, 2023). On the other hand, 
children's contribution to language change has been challenged (see 

Raviv et al., 2025 for an in-depth argument). Children do not innovate 
novel linguistic forms until later in childhood, and agents of innovation 
are generally considered to have some social influence in society, which 
young children typically lack (Kerswill & Williams, 2000; Labov, 2007; 
Nettle, 1999; Raviv et al., 2025). More generally, there is little empirical 
evidence of child-generated innovations that have spread through lan
guage communities. These apparent dicrepancy between these findings 
may be reconciled by two observations: first, that the effects of children's 
systemization will be most pronounced in cases of language emergence 
where children are the agents of change, for example, in the emergence 
of deaf community sign language where there is peer-to-peer trans
mission or in home-sign systems. In such scenarios, children's narrow 
bottleneck may accelerate the emergence of systematic structure 
compared to scenarios of language change where children learn from 
more experienced individuals (Kirby & Tamariz, 2022). And second, 
that when children have a role in language emergence or change, it will 
mostly concern the systematization of language, including linear 
sequencing, segmentation, or regularization. This means that while such 
processes may introduce novel linguistic forms through, for example, 
overregularizatons, children likely play a smaller role in the introduc
tion and diffusion of entirely novel grammatical constructions (Raviv 
and Arnon, 2018). Our findings align with these observations by 
showing that children systematize statistical structure, and that the 
transmission by children alone accelerates the emergence of systemic 
statistical properties in comparison to transmission by adults.

In conclusion, we show here that two core statistical properties of 
language–statistically coherent units and Zipfian frequency dis
tributions–emerge reliably over cultural transmission with adult and 
child learners, and that the rate of this emergence is faster under the 
more limited cognitive capacities characteristic of child learners. With 
that, our findings extend previous work examining the effects of trans
mission bottlenecks by exposing learners to only a subset of a language 
during training.Specifically, they show that transmission bottlenecks 
arising from cognitive limitations similarly modulate the emergence of 
structural properties that facilitate learning.
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