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E V O L U T I O N A R Y  B I O L O G Y

Language-like statistical structure arises in learned 
signaling: evidence from birdsong
Simon Kirby1*, Kazuo Okanoya2*, Ellen C. Garland3,4, Miki Takahasi5, Inbal Arnon1,6*

All languages have statistically coherent subsequences (e.g., words) whose frequency distribution follows a power 
law. These properties facilitate language learning in humans, making them good candidates for arising through 
cultural transmission as a way to help faithful transmission across generations. Recently, both properties were 
found in whale song, which is also culturally transmitted, leading to the strong prediction that they should be 
found wherever complex sequential signaling is culturally transmitted. Here, we use the same tools used to ana-
lyze human data and whale song to reveal that culturally transmitted Bengalese finch song also has statistically 
coherent subsequences whose distribution follows a power law. We additionally show that statistical coherence 
increases over development, but the power law is present throughout, suggesting that it reflects a fundamental 
principle of learned representations. Finding these parallels between evolutionarily distant species illustrates the 
importance of cultural transmission in shaping communication and suggests that core properties of language 
arise through convergent evolution.

INTRODUCTION
Language has two statistical properties that are strikingly rare in 
other species. First, it is made up of statistically coherent units (e.g., 
words) consisting of sequences of sounds, whose internal structure 
is relatively predictable. Second, the frequency distribution of these 
units follows a characteristic shape known as a Zipfian distribution 
where the most frequent unit appears approximately twice as often 
as the second most frequent one, three times as often as the third, 
and so on (1, 2). While Zipfian distributions are found across the 
natural world, with different explanations applicable in different do-
mains (3), recent work has shown that this distribution serves a 
learning function in human language: Having statistically coherent 
subsequences (4) and having their frequency follow a Zipfian distri-
bution facilitate language learning in humans (5–9). For example, 
infants, children, and adults are better able to discover words in con-
tinuous speech when their frequency distribution follows this par-
ticular power law distribution (5, 7, 9). The fact that both statistical 
properties aid learning makes them good candidates for arising 
through cultural transmission: An extensive literature shows prop-
erties that aid learning may be present in language precisely because 
they help its faithful transmission over generations of learners (10–12). 
There is experimental evidence that cultural transmission can lead 
to the emergence of statistically coherent subsequences that follow a 
Zipfian distribution in humans, even in the absence of meaning or 
communication (13). Both statistical properties were thought to 
be uniquely human; however, the same statistical structure has been 
recently found in humpback whale (Megaptera novaeangliae) song, 
a culturally transmitted complex signaling system where individual 

sound elements are concatenated to form longer sequences (14). Us-
ing tools inspired by how human babies segment speech, the study 
found that whale song has language-like statistical structure (15): The 
song contains statistically coherent subsequences whose distribution 
is Zipfian. If the similarity between these two very different species 
is related to culture, then we can make the strong prediction that 
similar structure will be found wherever complex sequential signaling 
is culturally transmitted.

Passerine birds make an ideal test case for this prediction: Songs 
are made up of individual syllables used to form longer sequences. 
The song is complex and learned (16, 17), and we have data on song 
development (currently lacking for whales). Previous work on bird-
song has examined the distribution of the individual syllables, find-
ing that it is highly skewed (18–23), with some studies reporting a 
good fit to a Zipfian distribution (18–20). However, these findings 
only pertain to the individual sound elements, whose learning and 
transmission may be affected by different learnability pressures than 
those affecting larger sequences. Existing findings cannot tell us 
whether birdsong, such as human language and whale song, contains 
statistically coherent subsequences whose distribution is Zipfian, as 
would be expected if these statistical properties arise to facilitate 
faithful transmission. We test the prediction that similar structure 
will be found in culturally transmitted birdsong when applying the 
same infant-inspired tools used to analyze human data and hump-
back whale song. The method uses dips in transitional probability 
between the basic acoustic building blocks to segment the song into 
subsequences. This is the same cue that is used by infants to segment 
speech (4): Because words are statistically coherent, transitional 
probabilities between syllables are higher (on average) within words 
than between words (24). Using developmental data, we can addi-
tionally ask whether this structure is also present in juvenile song or 
only in the adult target.

We focus here on Bengalese finches (Lonchura striata var. domestica) 
whose song has been extensively studied (25). Bengalese finches are 
a domesticated variant of a wild songbird, the white-rumped munia 
(L. striata) (26). Bengalese song is learned, culturally transmitted, 
and has complex structure (27). Only males sing (28), and songs differ 
between birds, with each bird’s song typically consisting of around 
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eight distinct syllables that are combined to form longer sequences 
(25). Bengalese finches are sensitive to transitional probabilities (29), 
the cue used by our segmentation method. In a seminatural environ-
ment, Bengalese chicks can learn from multiple tutors (29). They 
splice sections of song from different adult males when the transi-
tion between syllables in the tutor’s song is less predictable (29). This 
indicates that the song has statistical structure and that this infor-
mation is relied on by chicks during learning: Bengalese finches do not 
learn songs as a stereotyped, fixed sequence but learn them as smaller 
chunks based on the transitional probabilities between syllables.

Here, we apply the same segmentation method used on human 
data and whale song to a corpus of Bengalese finch song (30). The 
corpus includes data from six male birds, each of which was recorded 
on five separate days throughout development, from the earliest 
analyzable song to fully crystallized song. If cultural transmission is 
a driving force in the emergence of statistically coherent parts and 
their Zipfian distribution, then we should find similar statistical 
structure in Bengalese finch song. We take advantage of the existence 
of developmental data to ask whether the statistical structure changes 
as the song approaches the adult target. One possibility is that a 
Zipfian distribution of statistically coherent subsequences will only 
be found in the adult song. Alternatively, these statistical properties 
could be found throughout development, suggesting that they reflect 
a more fundamental organizing principle of learned representations.

RESULTS
Bengalese finch song has statistically coherent 
subsequences that follow a Zipfian distribution
If birdsong has statistically coherent parts, we should detect local 
dips in transitional probabilities between syllables. We used the 
syllable classification provided by Takahasi and Okanoya (30) (fig. S1). 
To identify dips between syllables, we used the same method used in 
the analysis of human data (13) and whale song (15). We estimated 
the transitional probability between each pair of consecutive syllables 
for each of the 30 recordings in our dataset (six birds, five recordings 
each). Each recording (but one) contains 10 song bouts [a song bout 
is defined as a sequence of singing in which syllables were not sepa-
rated by a silent interval longer than 500 ms (31)]. For example, if a 
recording contained the sequence “AB.” then we estimated the prob-
ability of B given a preceding A in the recording. We inferred seg-
mentation boundaries when the ratio between two consecutive 

transitions was deemed low. We used ratios and not the transitional 
probabilities themselves to be able to detect relative dips: A transi-
tional probability of 0.4 is not very low, but a drop from 0.9 to 0.4 may 
be meaningful. We used the same 0.5 cutting ratio used previously 
for segmenting whale song (15): A boundary was posited whenever 
the ratio was lower than 0.5 (meaning whenever the probability of 
the current transition was half that of the previous one). Prior work 
applying a similar segmentation pipeline to data from human partici-
pants used a threshold of 0.42 derived from a random baseline used 
in the experimental setup. However, we do not have such a random 
baseline for the real-world birdsong data (or for whale song). Instead, 
we chose to use the same 0.5 threshold used previously to segment 
whale song. Figure 1 illustrates the segmentation method for an extract 
of a sequence taken from one recording of one bird at day 100.

We ran the segmentation pipeline separately for each recording, 
preserving the boundaries between song bouts (since each song is a 
separate instance of the bird singing). Our method detected subse-
quences within the song: We conducted an average of 10.72 cuts for 
each song bout. We then calculated the frequency of the detected sub-
sequences in each recording. To give an example, this is how our 
pipeline segmented a song bout produced by one bird on the final day 
of recording (each song syllable is represented by a unique letter):

cc | bbc | aaaaaa | bccddeefaaaaaa | ghccddeefaaa | ghcc | bccddeefaaa | 
ghccddeefaaa | gh | ghccddee | bccddeefaaaa | gh | ghccddeefaaa | ghc | 
bccddeefaaa | gh | bccddeefaaa | gh | bccddeefaaaaa | gh | bccdde

Figure 2A plots the frequency distribution of the segmented sub-
sequences, collapsed over recordings. Figure 2B gives the same data 
on a log-log plot. The distribution shows an excellent fit to a power 
law [mean R2 (coefficient of determination) = 0.89]. We estimated 
the slope of the distribution for each recording using maximum 
likelihood estimation. The mean slope (averaged over recordings) was 
1.05, extremely similar to that found in human languages (2, 32, 33). 
Applying this infant-inspired pipeline to birdsong resulted in the 
detection of recurring subsequences that follow a Zipfian distribu-
tion. We repeated the analyses with two additional thresholds, 0.3 and 
0.7, and find that the results are robust to changes in cutting sensi-
tivity (see figs. S1 and S2). Changing the threshold affects how many 
cuts are made: Decreasing the threshold leads to fewer cuts (5.01 cuts 
on average per song bout when using a 0.3 threshold compared to 
10.72 when using a 0.5 threshold), while increasing it leads to more 
cuts (16.75 cuts, on average, per song bout when using a 0.7 threshold). 
This reflects the fact that changing the threshold leads to detecting 

Fig. 1. Our segmentation pipeline as applied to an extract from a recording taken at day 100. The pipeline takes an unsegmented sequence of birdsong syllables, 
each of which is coded using a single unique letter. The transitional probabilities (TPs) are estimated by counting the frequency of pairs of syllables in each recording. The 
ratio of subsequent TPs is given in the top row of the diagram. Wherever this ratio drops below 0.5, shown here in red, a cut is made in the sequence. The subsequences 
found between cuts, e.g., HHABC here, are added to the inventory of subsequences for that bird on that day.
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units of varying sizes: smaller units when the cutting ratio is higher 
and larger ones when it is lower. Using these two additional thresholds 
also leads to the detection of statistically coherent subsequences whose 
distribution shows a good fit to a Zipfian distribution (R2 = 0.75 for 
the 0.3 threshold and R2 = 0.90 for the 0.7 threshold). That is, the 
Zipfian distribution seems to be present at different levels of granu-
larity, as has been found for human language (34).

Zipfian distributions reflect sequential structure in birdsong
It is possible that the Zipfian distribution of subsequences is simply 
an artifact of the distribution of individual syllables. To address this, 
we created 1000 pseudo datasets by shuffling the syllables within each 
song bout [following (15)]. This preserves the distribution of syllables 
but modifies the sequential structure. We reran our segmentation 
pipeline on each of the shuffled datasets and calculated the mean R2 
for each of these datasets to assess the fit to a power law. If the statis-
tical structure we found in birdsong reflects its sequential structure, 
then we should find a lower fit in the shuffled datasets. Figure 2C 
shows that the mean R2 derived from the real data has a much better 
fit to a power law than any of the shuffled datasets (z = 17.05, P < 
0.00001; z = 16.32, P < 0.00001 for the 0.3 cutting threshold; z = 
9.04, P < 0.00001 for the 0.7 cutting threshold). Since syllables in 
Bengalese finch song are not entirely independent of one another 
(there are predictive relations between subsequent syllables, (35)], 
we were interested to see if using bigram statistics alone would lead 
to the presence of statistically coherent subsequences which show as 
good a fit to a Zipfian distribution. If not, then this would suggest 

that Bengalese finches are sensitive to sequential information larger 
than the bigram. To implement this baseline, we generated a further 
1000 pseudo datasets, which preserved the bigram statistics of the 
real song but disrupted larger sequential information. We ran our 
pipeline on each of these bigram-based datasets, calculated the dis-
tribution of the detected subsequences, and examined the fit to a 
Zipfian distribution. Figure 2D shows the fit to a Zipfian distribu-
tion in the bigram baseline and in the real data, indicating a better 
fit in the real data (z = 6.77, P < 0.00001; z = 9.22, P < 0.00001 for 
the 0.3 cutting threshold; z = 1.87, P = 0.0307 for the 0.7 cutting 
threshold). This demonstrates that the Zipfian distribution of subse-
quences in the song of Bengalese finches arises due to sequential 
structure above the bigram.

To further ensure that the results we found are related to our spe-
cific segmentation cue, we performed a more stringent validation 
that keeps the sequential order and the length of the detected subse-
quences, but where the cuts do not correspond to dips in transitional 
probability (15). We did this by generating “rotated” datasets, where 
the cutting points of the song bouts in the original data were shifted 
by a random number of steps (e.g., if a sequence was cut at position 
5 in the original dataset and the random number was 6, then the cut 
would now be placed at position 11 in the sequence). We calculated 
the frequency distribution for 1000 “rotated” datasets. The fit to a 
Zipfian distribution in the real data, as assessed by mean R2, was 
much better than in any of the rotated datasets as shown in Fig. 2E 
(z = 15.69, P < 0.00001; z = 11.9, P < 0.00001 for the 0.3 cutting 
threshold; z = 9.661, P < 0.00001 for the 0.7 cutting threshold).

A C

B

D

E

Fig. 2. Subsequences detected in birdsong by our infant-inspired segmentation method follow a Zipfian frequency distribution. We calculate the frequency-by-
rank distribution for each bird and day (i.e., recording) separately and graph the mean and 95% confidence intervals around the mean. (A) Frequency of the detected 
subsequences plotted by rank. (B) Same data plotted on a log-log scale. The data show a good fit to a Zipfian distribution (as measured by the mean R2 value across all 30 
recordings). (C) Mean R2 of the real data as a dashed line compared to the mean R2s found by running our entire pipeline on 1000 randomly shuffled datasets. (D) Com-
parison to 1000 datasets generated using the bigram statistics of the real data (but disrupting larger sequential information). (E) Comparison to 1000 randomly rotated 
datasets. The z-scores demonstrate that the real data are a far better fit to a Zipfian distribution than any of the baseline datasets.
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Statistical coherence of detected subsequences increases 
during development
Bengalese finches typically start singing around day 35 at the earli-
est, but in some individuals, singing could start as late as day 50 (36). 
Our earliest recordings start around day 60, not far into song devel-
opment, and end around day 120 when the song is already stable 
(36). Each bird was exposed to a single tutor, older than 120 days, 
meaning that they are learning only one target song throughout 
development. Figure 3A shows changes in the average transitional 
probability within subsequences and between subsequences during 
development: If statistical coherence increases over time, we should 
see a greater difference in the later recordings. We ran a mixed-
effects model on the full set of transitional probabilities in the data 
with fixed effects of day and transition-type (within versus between) 
and their interaction, as well as a random effect of bird, and a by-bird 
random slope for transition-type. Here, as with all the models re-
ported below, this was the maximal random effects structure that we 
were able to fit [following (37)]. We found a main effect of transition 
type and a significant interaction: transitional probabilities within 
subsequences were higher than between subsequences (β = 0.39, 
SE = 0.037, P < 0.00001) as would be expected since this was the cue 
we were using to segment sequences, but this difference increased 
with development (β = 0.0005, SE = 0.0002, P = 0.033). This could 
occur if the juvenile song is a noisy version of the adult target, reduc-
ing the statistical coherence of the detected subsequences in the 
juvenile song. To examine this, we compared the song bouts produced 

by each bird to song bouts produced by that bird’s adult tutor. We 
used the inverse of normalized Levenshtein string distance to quantify 
this (Fig. 3B). We then averaged over all the comparisons for a par-
ticular recording (since each recording contains 9 to 10 song bouts, 
this is based on 90 to 100 comparisons). We ran a mixed-effects 
model on average similarity with a fixed effect of day and a random 
effect of bird. Similarity increased by day, meaning that the detected 
subsequences became more like the adult target over development 
(β = 0.0021, SE = 0.0067, P = 0.0044).

Detected subsequences follow a Zipfian distribution 
throughout development
The developmental data allows us to investigate whether the fit to a 
Zipfian distribution changes during learning. To examine this, we 
looked at the effect of day of recording on R2 (we also ran this analysis 
using recording number rather than day, and found the same pattern 
of results, see supplementary materials). Figure 3C shows the fit to a 
Zipfian distribution (assessed using R2) during development. We ran 
a mixed-effect model with bird as a random effect and found no effect 
of day on the fit to a power law (β = 0.0003, SE = 0.0005, P = 0.56). 
That is, the fit remained similarly high throughout development.

The slope of the Zipfian distribution increases 
during development
The presence of this distribution throughout song development is 
intriguing. Although the detected subsequences initially differ from 

A B

C

D

Fig. 3. Detected subsequences follow a Zipfian distribution throughout development, but their statistical coherence and slope increase as they approach the 
adult target. Our dataset consists of recordings from six Bengalese finches, each recorded on five days during development, from the earliest analyzable song to fully 
crystalized song. In these graphs, each bird is shown by dots with a particular color. (A) Statistical coherence increases over development. The cue for segmentation be-
comes increasingly clear over development, reflected in a growing difference between the transitional probabilities within subsequences and between subsequences. 
(B) The songs gradually approach the adult target, demonstrated by their growing similarity to song bouts of the adult tutor for that bird (measured using the inverse of 
normalized Levenshtein string distance between all pairs of song bouts, where a score of 1 indicates identical sequences). (C) Detected subsequences fit a Zipfian distribu-
tion throughout development, and the R2 value does not change by day of recording. (D) Last, the slope of the Zipfian distribution—the exponent alpha of the power 
law—increases over development (see Materials and Method for details), meaning the distribution becomes more skewed.
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the target, their frequency distribution nevertheless follows a power 
law. However, the slope of that distribution does increase with de-
velopment (see Fig. 3D). We ran a mixed-effects model with a ran-
dom effect of bird to confirm this (β = 0.006, SE = 0.002, P = 0.0056). 
This means that although the distribution is Zipfian from the start, 
it becomes more skewed as the song approaches the adult target. As 
an additional confirmation of this effect, we ran a combined model 
predicting log frequency from log count directly, with an interaction 
term for day and a random effect of bird. If the distribution becomes 
more skewed during development, then we would expect the inter-
action with day to be significant, which is what we found (full de-
tails are in the Supplementary Materials) (β = 0.006, SE = 0.0007, 
P < 0.00001).

Subsequences in Bengalese song follow Zipf’s law of brevity
Zipf ’s law of brevity states that more frequent units are typically 
shorter. This pattern is found across many species, including song-
birds, and is taken as evidence for optimal coding (18, 38–43). If the 
detected units are relevant to the birds, then we may expect them to 
follow Zipf ’s law of brevity. As Fig. 4 shows, there is a strong relation-
ship between frequency and length: Longer subsequences tend to be 
less frequent than shorter ones [β = −0.04, SE = 0.0045, P < 0.00001 
using Poisson mixed effects regression, with bird as a random effect, 
following Youngblood (18)].

DISCUSSION
In this paper, we test the hypothesis that cultural transmission under-
lies recently found similarities between human language and whale 
song. This hypothesis makes the strong prediction that we should 
find similar structure whenever complex sequential signaling is cultur-
ally transmitted. Using the same segmentation pipeline previously 
applied to humans and humpback whales, we find that Bengalese 
finch song does indeed exhibit this structure: The song is made up 
of statistically coherent subsequences whose distribution follows a 

power law, with a slope similar to that found in human language. 
This distribution is not commonly found in animal communication: 
While Zipf ’s law of brevity (where more frequent elements tend to 
be shorter) has been documented across species (38, 40, 41, 43), 
there is much less evidence for the presence of Zipfian frequency 
distributions. Relatively few studies evaluate the law, and the ones 
that do report mixed findings. Zipfian distributions, or the less con-
strained Zipf-Mandelbrot distribution, have been reported for indi-
vidual sound elements in some species [songbirds (18), dolphins 
(44), and humpback whales (45)], but not in others [marmoset vocal-
izations (46), skylark calls (21), and California Chickadee calls (47)]. 
Prior work has assessed the distribution of individual elements, not 
larger sequences, which may be prone to different learning pressures. 
Finding statistically coherent subsequences that follow a Zipfian dis-
tribution in humans (1, 2, 7, 13), humpback whales (15), and now 
Bengalese finches demonstrates that cultural evolution can lead to 
convergent properties in unrelated species.

Bengalese finches provide an ideal species to study because we 
have access to recordings of birds at different stages of song develop-
ment, and we know that they are sensitive to transitional probabilities 
during song learning (29), the same cue used by infants to segment 
speech (4), and by our segmentation method. Using a corpus of song 
development, we found that the statistical coherence of subsequences 
increases over development, as does the slope of the distribution, 
which gradually approaches the adult target, but, nevertheless, the 
subsequences follow a Zipfian frequency distribution throughout. The 
developmental change in slope that we found has also been suggested 
for the distribution of individual whistles in dolphins [but see (48)], 
where the slope of the distribution of whistles produced by infant 
dolphins was lower than that of ones produced by adult dolphins 
(44). That is, the juvenile song of Bengalese finches seems like a 
noisy version of the adult target in some respects, but not others. 
This raises the intriguing possibility that Zipfian distributions reflect 
a more general organizational principle underpinning the represen-
tation of complex behavior, even when those representations differ 
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Fig. 4. Detected subsequences follow Zipf’s law of brevity, frequent sequences are shorter. In this graph, we plot the frequency of the detected subsequences in 
each recording by their length (in syllables). The data show a strong relation between frequency and length, assessed using a Poisson mixed effects regression (P < 0.00001). 
The blue line shows a Poisson regression line collapsing over all data.
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from the adult target. In our case, this means that although the juvenile 
song subsequences differ from the adult ones, they nevertheless 
follow a Zipfian frequency distribution. The idea that Zipfian distri-
butions are a fundamental organizational principle receives some 
support from analyses of their presence in human language data. A 
Zipfian distribution is found not only when looking at the lexicon as 
a whole but also within different parts of speech [e.g., nouns, verbs, 
and prepositions (32)] and semantic categories [e.g., planet names 
and numbers (2)]. That is, the same organizational structure found 
in the whole domain (the lexicon) is also reflected in specific catego-
ries within it.

There are, of course, substantial differences between human lan-
guage on the one hand and whale song and birdsong on the other. A 
primary function of language is to communicate and convey mean-
ing, whereas whales and birds use song primarily for sexual display 
(49). In other words, the detected subsequences in Bengalese finch 
songs are not expected to convey semantic meaning. This illustrates 
that key statistical properties of language can be found in culturally 
transmitted systems even in the absence of semantic content. This 
begs the question of why Zipfian distributions have not been found 
more widely in other species with learned communication systems. 
There is evidence that the distribution of individual sound elements 
in such systems is highly skewed, with some studies reporting a fit to 
a Zipfian distribution (44, 50, 51) and more finding a fit to the more 
convex Zipf-Mandelbrot extension (18–23, 45). However, it is very 
hard to evaluate what counts as a “good fit” to a particular distribu-
tion (20, 48, 50). Our approach addresses this challenge by moving 
away from simply reporting the fit to a power law and instead com-
paring that fit to baselines. We can do this because we segment the 
song into statistically coherent parts and analyze their distribution, 
rather than look at the distribution of the individual sound elements. 
This allows us to generate baseline distributions and show that the fit 
to a power law that we are getting is driven by the sequential struc-
ture of the song, and the particular cues we are using to segment it. 
Applying this approach more broadly may reveal similar statistical 
structure in the communication systems of a wider range of species. 
Note, however, the directionality of our prediction: We expect cultur-
ally transmitted communication systems to be Zipfian, but we do not 
expect all Zipfian distributions to necessarily have a cultural origin (3).

These findings illustrate a parallel between three species sepa-
rated by hundreds of millions of years of evolution. Humans, hump-
back whales, and Bengalese finches all have signaling systems made 
up of statistically coherent parts whose frequency distribution follows 
a power law. Our claim is that these properties arise due to their 
facilitative effect on learning and are found in these three species 
because their signaling systems are culturally transmitted, a process 
that leads to properties that maximize learnability. Looking across 
very different species using the same analytic techniques has uncovered 
previously undetected structure in their communication systems 
while also revealing the origins of properties of language previously 
thought to be uniquely human.

MATERIALS AND METHODS
Song recordings
The dataset is from (30). Bengalese finches typically start singing 
around day 35 at the earliest, but in some individuals, singing could 
start as late as day 50. Syllable classification is not possible until 
productions are stable enough, around days 60 to 70; therefore, the 

annotation of recorded data started at around days 60 to 70. The 
earliest developmental points are from around day 60, not far into 
song development (36). Birds were recorded every 2 weeks (on aver-
age) until the bird was around 120 days old. At this point, Bengalese 
finch songs are crystallized and do not develop further (36). Each 
song was recorded in a sound-proof chamber (640 mm by 1295 mm 
by 1720 mm, Science cabin) using a DAT recorder (Sony ZA5ES, 
Tokyo, Japan) or a personal computer (PC) with a microphone (Sony 
ECM- MS957). A song bout was defined as serial sound production 
separated from the next bout by an interval of longer than 500 msec 
(31). The recordings were carried out in compliance with Japanese 
ethical procedures at the time of the original study. SASLab Pro 
sound analysis (Avisoft, Germany) software was used to make sono-
grams for each bird. Song syllables were identified by eye by the lead 
researchers (see fig. S1). Each syllable was assigned a unique letter, 
and songs were transformed into a sequence of letters. Reliability 
was assessed by having two additional experienced coders identify 
syllables. Agreement between all coders was very high (93.3%) (30).

Segmentation pipeline
Our analysis was carried out on each recording separately. In other 
words, we ran the pipeline 30 times (six birds × five recordings per 
bird) for each cutting ratio (0.3, 0.5, and 0.7). The recordings contain 
previously coded sequences of syllables. Each recording contained 
9 or 10 song bouts. We first estimated the transitional probabilities 
between song syllables in each recording by counting the frequency 
of each distinct syllable given each distinct previous syllable (we did 
not calculate frequencies for syllables that crossed song bout boundaries 
since these mark the end one of song bout and the start of another). 
We then scanned through each song bout, looking at pairs of adja-
cent transitional probabilities and posited a cut whenever the ratio 
between the previous transitional probability and the current one was 
smaller than our cutting ratio threshold (0.3, 0.5, and 0.7). The 
detected subsequences (across all song bouts) were added to the in-
ventory of subsequences for that recording. We then calculated the 
frequency and length distributions of all the subsequences in the 
recording. The segmentation pipeline was implemented in Python 
and is available as code S1.

Statistical analyses
We calculated R2 for the relation between the log frequency and log 
rank of the detected subsequences using Pearson’s product moment 
correlation. The shuffled baseline involved randomizing the order of 
the syllables within each song bout in each recording, and running 
the pipeline again. We did this 1000 times. We then compare the 
mean R2 across all the real song bouts (i.e., a single number, cal-
culated over the 299 song bouts) to a distribution of the mean R2 
(calculated more than 299 shuffled song bouts) for each of the 1000 
shuffled datasets.

To implement the bigram baseline, we generated multiple pseu-
do datasets whose bigram distribution was sampled from the distri-
bution of the real song bouts. Each of these pseudo datasets contains 
one pseudo song bout for each real song bout in our data. To generate 
a pseudo song bout for a particular target song bout, we go through 
the following steps: (i) Start with an empty pseudo song bout; (ii) 
pick a random point in the target song bout and add the syllable 
found at that point to the pseudo song bout; (iii) find all of the oc-
currences of the current last syllable in the pseudo song bout and 
randomly select one of those, adding the syllable following it to the 
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pseudo song bout (if the syllable only occurs at the end of the target 
song bout, go to step (ii). Repeat step (iii) until the pseudo song 
bout is the same length as the target song bout. We ran our pipe-
line on each of these bigram-based datasets, calculated the distri-
bution of the detected subsequences, and examined the fit to a 
Zipfian distribution.

The rotated baseline involved taking the cutting points from each 
song bout in the original data and shifting them by a random number 
of steps (e.g., if the random number was 5 for a particular song bout, 
a cut at position 10 of the sequence would now be placed in position 
15). We rotated any steps that fell off the end of the song bout back 
to the start again. We then compare the mean R2 across all the real 
recordings to that of the distribution of mean R2 for each of 1000 
rotated datasets.

To estimate the slope of the power law, we used the scipy.opti-
mize library to fit the data for each recording to the power law using 
a maximum likelihood approach with the Nelder-Mead algorithm 
and report the exponent α in f ≈ 1

r−α
 , where f  is frequency and r is 

rank frequency.
To compare the song bouts in each recording to the adult target, 

we used Levenshtein string edit distance, with insertion, deletion, 
and substitution costs all set to 1. We normalized the edit distance 
by dividing by the length of the longest string and subtracting the 
result from 1. This creates a string similarity measure, where 1 indi-
cates identical strings. For a given recording, we computed the aver-
age similarity of all of the song bouts in that recording to all of the 
song bouts in the song bouts of the adult tutor for that particular 
bird (so that for all recordings but one, this would involve 100 com-
parisons). We used linear mixed effects regressions to determine the 
effect of day of recording on our various measures (reported in the 
main text). We used the maximal random effects structure that led 
to convergence (37). We repeated these analyses after recoding day 
of recording from a continuous variable indicating the age of the 
bird into a consecutive number, such that the first recording of a 
particular bird is given the number 1 and the final recording of that 
bird is given the number 5. These analyses give an identical pattern 
of results and are reported in code S1. To evaluate Zipf ’s law of brevity 
(the relationship between frequency and length), we use a Poisson 
mixed effects regression with frequency (in a recording) as the out-
come variable and a fixed effect for length in syllables, with random 
intercepts for bird, following Youngblood (17).

Supplementary Materials
This PDF file includes:
Figs. S1 to S3
Code S1
Dataset
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