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ABSTRACT

The songs of some birds are learnt, much like human music and languages, and they change over time—they
evolve culturally. Learning is imperfect and more likely to occur from nearby individuals, and this simple fact
opens the door for behaviours to evolve differently in distinct populations. When these differences accumu-
late and persist over time, cultural traditions emerge. The resulting cultures can be transient or long-lasting,
disorderly diverse, or monolithically uniform. This thesis addresses some of the challenges associated with
studying cultural diversity in natural populations, and provides empirical evidence of factors that drive change
and stability within vocal cultures.

After a general introduction to bird song and cultural evolution in the first chapter, the second introduces
Pykanto, an open-source Python library designed to process and help analyse large datasets of animal vocal-
izations recorded in the field. The third chapter presents a comprehensive and richly annotated open dataset
of wild bird songs collected over three years from a single population of Great Tits (Parus major) in the UK,
which provides the data used in the remaining chapters. Then, the fourth chapter explores how demographic
factors influence the frequency and diversity of cultural traits on small spatiotemporal scales, revealing that
dispersal, immigration, and age structure are associated with variation in cultural diversity and turnover, and
that this process is driven by individual-level differences in song repertoires. The fifth and final chapter char-
acterises variation in the melodic and rhythmic structure of songs, suggesting that it is both non-random and
categorically organised, which might contribute to large-scale stability in bird song cultures.

In summary, this thesis hopes to contribute to animal culture research by providing a substantial acoustic
dataset of wild bird songs, introducing new computational tools for data analysis, and examining how extrinsic
and intrinsic factors influence the diversity of bird song, rhythm, and melody; all of which are important for
understanding emergent cultural processes at larger scales.
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Great tit male singing by a nest box at sunrise.
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1. INTRODUCTION

[T]he birds are in misery. I don’t think they—they sing, they just screech in pain.
– Werner Herzog, Burden of Dreams (1982)

ANIMAL CULTURE AND SOCIAL LEARNING

THe idea that culture demarcates humans from
other animals was widely prevalent in West-

ern academia. Over the past few decades this view
was steadily challenged, and today it is common to
find references to non-human animal cultures in sci-
entific journals and the popular press alike (Whiten,
2019). To be sure, some energetically oppose the no-
tion (Galef, 1992; Laland & Janik, 2006; Sahlins, 1976),
and there is no shortage of disagreement over the def-
inition of the term ’culture’ (Heyes, 2020; Kroeber &
Kluckhohn, 1952; Laland & Hoppitt, 2003). But intri-
cate and distinctive as human culture might be, the
now burgeoning field of animal cultural research is
showing us that the difference is one of degree and
not kind (Whiten et al., 2017).

So what do we mean by culture in this context?
For our purposes, we can define it as any behavioural
trait or information that is maintained in a popula-
tion by virtue of being learnt from others—not ge-
netically inherited, or independently acquired (see
definitions in Laland and Hoppitt, 2003; Whiten et
al., 2017). Human ritual funerary practices are cul-
tural; so are religions, the game of croquet, and PhD
degrees. Crucially, under this definition, so is tool
use in capuchin monkeys, homing efficiency in pi-
geons, the songs of many birds, feeding behaviours
in humpback whales, and even mate preferences in
fruit flies (Allen et al., 2013; Danchin et al., 2018;
Falótico et al., 2019; Sasaki & Biro, 2017; Slater, 2003).

Social learning, where animals learn by observing
or interacting with others, is widespread and a pre-
requisite for culture. While it may not always be ad-
vantageous (Giraldeau et al., 2002; Henrich & Boyd,
1998; Whitehead & Richerson, 2009), there is ample
evidence that many of the skills that animals need to
survive and reproduce can only be acquired by ob-
serving or interacting with others (Galef & Laland,
2005). Learning is more likely to occur from animals
in close proximity or within the same social group,
and this simple fact opens the door for behaviours to
evolve differently in distinct populations, which can
happen due to variation in learning abilities, ecolog-

ical differences, or stochastic and neutral processes
(Aplin, 2016; Araya-Salas et al., 2019; Mesoudi et
al., 2016). When these differences, advantageous or
not, accumulate and persist over time, cultural tra-
ditions emerge (Nunn et al., 2009; Tchernichovski
et al., 2017). The resulting cultures can be transient
or long-lasting, disorderly diverse, or monolithically
uniform: in two primate examples, chimpanzees
may have used stone tools in a similar way for thou-
sands of years (Carvalho et al., 2008; Mercader et
al., 2007), while white-faced capuchin monkeys fre-
quently invent and abandon quirky social conven-
tions such as eyeball-poking, hand-sniffing, and tail-
sucking (Perry et al., 2003).

CULTURAL BIRDS—AND THEIR STUDY

The fact that animal lives have a cultural dimension
was perhaps recognized earliest in birds. In 1920s
South East England, some birds in the tit family
started perforating the wax board or metal foil that
sealed milk bottles to guzzle the cream accumulated
at the top. This behaviour increased in frequency and
geographic spread in the following decades, in what
became a famous case of likely cultural transmission
(Fisher & Hinde, 1949). Many years later, Aplin et
al. (2015b) carried out experiments in a wild popu-
lation of great tits Parus major which demonstrated
that new foraging behaviours can indeed spread so-
cially, and even persist over more than one gener-
ation. Similarly, information acquired by individu-
als and groups of birds when flying along a route
can accumulate in populations and, over time and
even generations, lead to distinct migratory cultures
(Berdahl et al., 2018; Byholm et al., 2022; Jesmer et al.,
2018; Sasaki & Biro, 2017).

While numerous examples of social learning and
cultural phenomena exist in birds, it is their songs—
thanks to their music-like qualities, and the remark-
able ability of some species to imitate a wide range
of sounds—that have garnered the most interest. Hu-
manity’s captivation with bird songs is also far from
a recent development. As far back as 350 BCE.,
in his work ’Historia Animalium’. Aristotle noted
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Figure 1.1. Musurgia Universalis, sive Ars Magna Consoni et Dissoni.
’The Universal Musical Art, of the Great Art of Consonance and Dissonance’, is a work by the Jesuit scholar Athanasius Kircher,
published in 1650. Book one includes a rich discussion of bird song, including this illustration (Iconismus III), where the top part
contains a study of Glottismi modulationum sibilo exprimendi in Luscinia observati, or ’Modulations of the glottis to express whistling
observed in Luscinia’, which is contrasted with the much simpler vocalizations of cocks and hens. Reproduction in the public domain.

that birds, especially ’broad-tongued’ ones, were ca-
pable of learning their songs; and that, sometimes,
their voices changed with the ’diversity of locality’
(Book 4, Chapter 9). Aristotle’s is one of the earli-
est recorded examples in a long tradition of analogies
drawn between bird songs and human language and
music across times and cultures (Kleczkowska, 2015;
Zirin, 1980).

Many centuries later, in 1650, the German Jesuit
Athanasius Kircher would use musical notation to
transcribe and analyse bird songs in his early mu-
sicology treatise, ’Musurgia Universalis’, at a time
when incorporating bird song-inspired phrases into
instrumental compositions had become rather popu-
lar (See Figure 1.1). However, it would not be un-
til after the Industrial Revolution that technological
advancements enabled the first recordings of singing
birds, a crucial step in the study of changes and vari-
ations in their songs. (One earliest, if not the earliest,
dates back to 1889 and was made by the pioneering
sound recordist and broadcaster, Ludwig Koch, at
the age of eight; British Library, 2023.) Fast-forward
to the 1940s, and the invention of the sound spectro-
graph at the Bell Telephone Laboratories paved the
way for a generation of researchers interested in bird
song who were, for the first time, able to measure
songs in unprecedented detail (Baker, 2001; Koenig
et al., 1946; see Figure 1.2). An exhaustive study of
the development of the song of the chaffinch Fringilla
coelebs by Thorpe (1958) was followed by an explo-
sion of interest in the matter, both in the field (Marler

& Tamura, 1962; Marler & Tamura, 1964) and the lab-
oratory (see, for example, Nottebohm et al., 1976 on
the neurobiology of song production), which contin-
ues unabated to this day.

As researchers’ fascination with animal cultures
and the population consequences of song learning
grew, they began describing cultural variation and
longitudinal change in bird songs in great detail
(Baptista, 1977; Lachlan & Slater, 2003; Nelson,
2017; Zann, 1993; Zimmerman et al., 2016). This
is well exemplified by the extensive research, over
four decades, on a population of Savannah spar-
rows Passerculus sandwichensis in Kent Island, New
Brunswick, Canada (Dixon, 1978; Hensel et al., 2022;
Mennill et al., 2018; Williams et al., 2013, 2019). Our
growing understanding of bird song cultures, which
forms the backdrop for this thesis, provides the most
comprehensive evidence to date for the presence
of culture and its evolution in non-human animals
(Aplin, 2019; Slater, 2003). However, as with any
behaviour, song learning is a complex process gov-
erned by numerous factors of diverse nature. To un-
derstand why change happens, we first need to un-
derstand why birds learn songs in the first place and
the mechanisms behind change and variation.

WHY DO SOME BIRDS LEARN THEIR SONGS?

Most birds vocalize in one way or another, but
the ability for vocal learning is a specialized trait
found in only three orders: Psittaciformes, Apodi-
formes, and Passeriformes (Kroodsma, 2004; Päck-
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ert, 2018). Among passerines, commonly known as
the perching birds, oscines (suborder Passeri) learn
their songs, while suboscines (Tyranni) do not—but
see Searcy et al., 2021; ten Cate, 2021. Song learning
requires a significant investment of time, is metabol-
ically costly, and requires a specialized syrinx and
brain system, so the question arises: Why did it
evolve, and why did it persist? Many hypotheses
attempt to explain the potential advantages of vocal
learning, which include a better ability to match the
acoustic requirements of different habitats (Hansen,
1979; Ríos-Chelén et al., 2012), the potential bene-
fits of sharing songs with neighbours (Payne, 1982),
and the ability of learned songs to serve as an ’hon-
est signal’ of developmental stability, nutritional sta-
tus, and other indicators of fitness (Nowicki et al.,
2002; Ritchie et al., 2008). Existing evidence sug-
gests two primary functions: attracting and securing
mates and deterring rivals (Collins, 2004). Neverthe-
less, there is considerable variation among species,
and the current fitness consequences of song learn-
ing, on which these ideas are based, do not necessar-
ily bear on its evolutionary origins.

Not all birds that learn their songs do so at the
same point in their lives or for the same length of
time. Some can only learn during the first months af-
ter they are born: Zebra finch Taeniopygia guttata juve-
niles, for example, can only learn and develop their
song roughly between 20 and 80 days after hatch-
ing (Liu et al., 2004). Other birds, such as the Euro-
pean starling Sturnus vulgaris, can continue to learn,
mimic, and perhaps invent new sounds throughout

their lives. Furthermore, many birds that disperse
early in their lives have a ’sensitive period’ for learn-
ing that extends to the time when they establish their
first territory (Beecher & Brenowitz, 2005; Liu et al.,
2004). While this variation is often categorized as ei-
ther ’open-ended’ learning, where adults can keep
learning, or ’closed-ended’ learning, where songs so-
lidify before the first year, it may be better viewed
as a spectrum (Brenowitz & Beecher, 2005). Lastly,
there is remarkable variability in the size and com-
plexity of the song repertoires among vocal learn-
ers. Some birds learn and endlessly sing a simple,
single-syllable song, while others, like the brown
thrasher Toxostoma rufum, never seem to stop incor-
porating new sounds into their repertoires (Boughey
& Thompson, 1981).

(SOME OF) THE FORCES THAT SHAPE BIRD SONG

Various factors shape the evolution of bird songs on a
broad scale. These include physiological constraints
on song production, the influence of past evolution-
ary trajectories (phylogenetic inertia), the acoustic
environment, and sexual selection. Others, such as
the dynamics of cultural transmission, learning bi-
ases, and the social, spatial, and demographic struc-
ture of populations, lead to changes in the relative
frequencies of different song variations—that is, cul-
tural evolution (Whiten, 2019). Although these pro-
cesses and their often complex interactions all influ-
ence bird song, their relative importance is not well
understood. We will briefly touch on some of them
and then turn to those that have been least studied

Figure 1.2. Early spectrograph device and spectrograms of bird songs.
Left: Early magnetic tape spectrograph, built by Bell Telephone Laboratories circa 1946 around a modified commercial turntable.
Right: Spectrograms of the songs of a nightingale Luscinia megarhynchos (A, B) and a wood thrush Hylocichla mustelina (C, D),
generated from uncredited phonograph records. Both reproduced from Koenig et al. (1946).
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and are part of the focus of this thesis: demography’s
influence on cultural change and diversification in
bird song, and structural biases that underpin cul-
tural stability.

Physiological constraints, phylogenetic inertia
Birds produce their songs using an organ called the
syrinx, which is located at the base of the trachea
in an air sac close to the lungs (Larsen & Goller,
2002). Its structure and precise location vary be-
tween species; those with more complex songs tend
to have more syringeal muscles, which allows for
precise control of sound (Suthers, 2004). The sounds
produced by the syrinx are then filtered and modu-
lated by the trachea and the beak, which together
constitute the vocal tract (Podos et al., 2004). The
body mass of a species is correlated with the size
of its syrinx, which in turn influences the fundamen-
tal or lowest resonant frequency of the sounds that it
can produce (Martin et al., 2011; Ryan & Brenowitz,
1985a). This means that vocal evolution will be con-
strained by any selective pressures impinging on
body size, as well as the particular evolutionary tra-
jectory of the species. The same is true for the mor-
phology of the beak, which influences the pace at
which a bird can produce notes and the range of their
frequencies (Derryberry et al., 2012, 2018; Podos,
2001; Seddon, 2005). These and other constraints, not
least those derived from neural development and en-
ergy expenditure, determine the degrees of freedom
available to other forces driving song evolution.

Ecological factors
Sound propagates differently in different habitats.
For example, vegetation attenuates sound amplitude,
filters some frequencies more than others, and causes
reverberation. Different physical environments have
different levels of background noise; there may be
sounds of abiotic origin, such as wind, streams, and
rain, and a cacophony of other species striving to be
heard. Songs, like any other signal, need to be de-
tectable to be effective, and this process of acoustic
adaptation is thought to be important in driving the
evolution of song and other social signals (Endler,
1992; Grant and Grant, 2010; Tobias et al., 2010; but
see Mikula et al., 2020). On a shorter timescale,
birds can respond to increased noise levels by adjust-
ing the properties of their songs to reduce overlap
with background noise, which they can do, for exam-
ple, by increasing their minimum frequency (Brumm,
2004; Derryberry et al., 2020; Halfwerk et al., 2011;
Liu et al., 2020; Nemeth et al., 2013; Roca et al., 2016;
Winandy et al., 2021). However, it’s not entirely clear
whether this response is always driven by individual
plastic responses or something that can also evolve
across generations.

There are other ecological factors that can lead to
song divergence: body size and beak morphology
often change when a population of birds adapts to
a different foraging niche, which, as mentioned ear-
lier, can influence some of the acoustic and tempo-
ral features of songs as a by-product (Mayr, 1963; Po-
dos, 2001). Additionally, songs can undergo changes
when different bird species co-exist in the same habi-
tat (sympatry). In such cases, selective processes
may favour songs that can more easily distinguish
birds from different species, which can help avoid
the fitness costs of hybridization or aggressive inter-
actions; a mechanism known as character displace-
ment (Seddon, 2005). Interestingly, the opposite—
convergent character displacement in sympatry—
might also happen if better recognition of competi-
tors is advantageous (Grant, 1972; Tobias & Seddon,
2009; Tobias et al., 2014).

Sexual selection
Bird song has traditionally been considered a male
ornament that evolved through female preference.
However, recent phylogenetic analyses suggest that,
at least in oscine passerines, dimorphism in this trait
is a consequence of multiple losses of elaborate fe-
male songs rather than gains in males (Odom & Bene-
dict, 2018; Odom et al., 2014), and that the paucity
of research on female song is significantly influenced
by sociological factors (Haines et al., 2020). Indeed,
most of the work done in the field of behavioural
ecology over the past decades has focused on how fe-
males respond to songs and how males use them in
territorial interactions. And, as a result, there is a vast
literature detailing how songs can encode multiple
messages and serve different, sexually selected func-
tions, with great variation between species and some-
times inconsistent results (see Catchpole and Slater,
2008 for reviews; also Sierro et al., 2023 for recent
work on this). To mention just a few themes: song fre-
quency can be a reliable indicator of body size (Ryan
& Brenowitz, 1985b), temporal and spectral consis-
tency can evidence the nutritional stress suffered in
early life (MacDonald et al., 2006), and sharing songs
with other males can influence territory acquisition
and the outcome of agonistic encounters (Demko et
al., 2016; Krebs et al., 1978).

Learning biases and cultural dynamics
For birds that learn their songs, the process itself in-
troduces a host of new variables that can influence
which songs a bird ultimately sings, their structure,
and how they evolve over time. Initially, a bird needs
to learn songs from another bird. Some birds may
prefer specific ’tutors’ over others, such as those that
are older, louder, or sing more frequently (Greig et
al., 2012). This preference is variously referred to as
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a tutor, model, or demonstrator bias in the field of
cultural evolution (Kendal et al., 2015; Van De Waal
et al., 2010). Cultural transmission of songs can oc-
cur in different ways. When songs are passed from
parents to offspring, this is referred to as ’vertical
transmission’. If songs are shared among birds in
the same generation, it is known as ’horizontal trans-
mission’, and ’oblique transmission’ when songs are
learned from unrelated individuals in the previous
generation (Cavalli-Sforza et al., 1982; Ram et al.,
2018). Sometimes, tutor ’choice’ can have extreme
consequences: if a female pairs up with a male of a
different species because he sings the same song as
her father, and her father learnt the ’wrong’ song, this
can lead to the production of hybrid offspring (Grant
& Grant, 1997a; Grant & Grant, 1997b).

Then, some songs may be preferred independently
of who sings them—a ’content bias’ (Richerson &
Boyd, 2005). Song production is costly, and birds
could favour learning easy-to-sing variants, or the
opposite if singing difficult songs is rewarded with
better reproductive resources. More broadly, how-
ever, there is a well-documented tendency for birds
to preferentially learn the songs sung by members of
their own species (Slabbekoorn & Smith, 2002), or
even subspecies (Nelson, 2000). These preferences
can arise through the interaction of innate biases for
some regions of the syntactic or acoustic trait space,
exposure to sounds during early life, and feedback
loops during the learning process (Fehér et al., 2009,
2017; Verzijden et al., 2012). This interaction can be
highly complex and shows great variability between
species and even individuals (James et al., 2020; Mets
& Brainard, 2017, 2019; ten Cate & Rowe, 2007).

Song acquisition in birds can also be influenced
by how frequently they have heard a particular vari-
ant, or how many other birds sing it (Aplin et al.,
2015a; van Leeuwen et al., 2015). The relation-
ship between the frequency of a trait in a popula-
tion and the probability that it is learned can be
linear: if this is the case, transmission is unbiased.
However, if more popular traits are more likely to
be learned than would be expected given their fre-
quency, learning is said to be conformist, or posi-
tively frequency-dependent. When the opposite is
true the pattern is one of anti-conformism, or neg-
ative frequency dependence. Conformist learning
seems to be a common strategy in nature, perhaps
because it can help individuals leverage collective in-
formation to make decisions about locally adaptive
behaviour (Danchin et al., 2018; Pike & Laland, 2010;
Whiten, 2019); all else being equal, cultural traits
will have a slower rate of change if their learning is
conformist. Conversely, anti-conformist biases will
cause faster turnover (Acerbi & Alexander Bentley,

2014) and might arise if individuals have a prefer-
ence for novelty (Smaldino & Epstein, 2015).

Another determinant of the nature and pace of
change in a population’s songs is the precision with
which birds learn them. Some authors have tried
to calculate ’cultural mutation rates’ for different
species to reflect how much songs change from one
generation to the next: Chaffinches, for example, ap-
pear to learn their songs very accurately (Lachlan &
Slater, 2003; Slater, 1986), which slows change. How-
ever, determining this quantity is complicated by the
fact that many other factors also influence the pace
of cultural change. One is the learning strategy used
by individuals, as already mentioned. Another is
the fact that songs can be modified during the learn-
ing process in non-random directions, in a process
sometimes called convergent transformation or cul-
tural attraction (Claidière et al., 2018; Gray et al.,
2007; Heyes, 1993; Morin, 2016). This can be illus-
trated by an elegant experiment carried out by Fe-
hér et al. (2009): song tutoring lineages were started
with birds that were raised in isolation, and each new
bird learned from the previous—mimicking natural
generations of tutors and pupils. Many of the char-
acteristic song features of the species emerged over
the course of a few generations, presumably as a con-
sequence of directional modifications introduced by
the learners.

Consequences of learning

The available evidence suggests that the changes
brought about by cultural dynamics are often neutral
and can even be negative with respect to individual
fitness (Langin et al., 2017; Slater & Lachlan, 2003),
akin to genetic drift (Grant & Grant, 2010). How-
ever, in some cases, cultural change might help birds
adapt to new acoustic landscapes (Ríos-Chelén et al.,
2012; Slater & Lachlan, 2003), or fine-tune the song’s
characteristics to better match the shifting percep-
tual preferences of the receivers (Renoult & Mendel-
son, 2019). At deeper timescales, the accumulation
of neutral or directional cultural changes in songs
might promote reproductive isolation between pop-
ulations. However, although this possibility has at-
tracted much interest, strong evidence for it is lack-
ing (Freeman et al., 2022; Lachlan & Servedio, 2004;
Verzijden et al., 2012; Yeh & Servedio, 2015). More
generally, and further complicating things, songs are
not necessarily fixed behavioural packages, and dif-
ferent elements (notes, phrases, spectral properties,
syntax) might change at different rates and be af-
fected by different cultural, sexual, or ecological pres-
sures (see, for example, Williams et al., 2013).
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Spatial, social, and demographic factors

The most fundamental determinant of the interac-
tions that lead to vocal learning in a population is the
habitat that it occupies. Its physical features, vegeta-
tion structure, and distribution of resources, which
are all tightly linked, bound the use of space made
by individuals (Albery et al., 2021; Firth & Sheldon,
2016b; Spiegel et al., 2016). This influences their
social interactions and emergent social organization
(see He et al., 2019 for a review), which, in conjunc-
tion with dispersal and learning norms, ultimately
dictates who learns from whom. For instance, spa-
tial proximity will typically be correlated with vocal
similarity if birds in a population learn their songs
with some accuracy and their dispersal is limited—
although the precise nature of this pattern depends
on whether birds disperse before or after they learn,
how many songs they learn, and from how many
birds (Ellers & Slabbekoorn, 2003; Williams & Slater,
1990), as well as the many sources of learning bias
discussed above. When birds remain close to the lo-
cation where they learned, or if they selectively set-
tle in places where they hear familiar songs, dialects
or local song ’neighbourhoods’ can emerge (Podos
& Warren, 2007). It then follows that increased dis-
persal between any two areas within a population
will promote vocal sharing and that the influx of im-
migrants from other populations can introduce new
variation.

Space and movement play a significant role in how
information flows and its impact on diversity. How-
ever, other factors, such as group size and turnover,
also affect the speed of cultural change. First, smaller
groups are more susceptible to stochastic factors, par-
alleling the effects of genetic drift on small popula-
tions (Kimura & Crow, 1964). As a consequence,
smaller group sizes can increase the probability of ex-
tinction of any given song variant (Nunn et al., 2009),
and lead to idiosyncratic changes in song structure
(Lachlan et al., 2013). Second, higher background
mortality and emigration will also lead to faster rates
of change, independently of the learning strategy em-
ployed by individuals or the fidelity of their learning
(Nunn et al., 2009; Slater, 1986).

Finally, a number of recent theoretical and experi-
mental results suggest that the number, distribution,
and connectedness of individuals in a population
can influence the diversity and complexity of cul-
tural traits in addition to their frequency distribution
(see, for example, Creanza et al., 2017; Derex and
Boyd, 2016; Derex et al., 2018; Kempe and Mesoudi,
2014). While this phenomenon might be of great im-
portance in human culture, bird songs are heavily
constrained by ecological, cognitive, and sexual se-
lective factors, which limits the potential of extrin-

sic factors to lead to appreciable gains in diversity or
complexity. There is, however, some evidence from
laboratory experiments that suggests that the avail-
ability of tutors and the quality of their instruction
can reduce the influence of genetic contributions to
the song phenotype (Mets & Brainard, 2017, 2019),
and this mechanism could help explain the loss of
song cultural diversity observed in some fragmented
populations (Hart et al., 2018; Paxton et al., 2019).

THIS THESIS

STRUCTURE

STudying the processes that influence temporal
and spatial patterns of bird song diversity in nat-

ural populations presents significant challenges. Al-
though a long and fruitful history of field studies
has provided us with examples of some of the pro-
cesses outlined in the introduction, they often suffer
from limitations such as small sample sizes, a lack of
data for individual birds, and idiosyncratic analytical
choices.

To address these challenges and contribute to the
understanding of animal cultural diversity, as part
of this thesis I introduce computational tools de-
signed to efficiently collect and analyse extensive
amounts of bird songs from the field (Chapter 2).
Then, I present and document the largest open-access
dataset of songs from a single wild bird population to
date, which includes comprehensive song and indi-
vidual metadata, allowing researchers to rigorously
test hypotheses that previously lacked robust sup-
port because of the limited data available for individ-
ual birds (Chapter 3). It is perhaps worth noting that
this field, like so many others, is increasingly reliant
on technology and computational tools, which may
pose a steep learning curve. In my case, transition-
ing from a background in fine arts and anthropology
meant dedicating a substantial portion of my PhD
to acquiring skills in statistics, high-performance
computing, and programming—although I was also
lucky to spend almost 9 months quite literally run-
ning around the woods!

Having introduced the new software and data,
which form the core of this thesis, I move on to its em-
pirical section. As I briefly reviewed in the general in-
troduction above, there has been extensive research
on macroevolutionary patterns and social learning
strategies or biases (Aplin et al., 2017; Kendal et al.,
2015; Lachlan et al., 2018; Pike & Laland, 2010; Tch-
ernichovski et al., 2021), but there remains a gap in
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our understanding of how demography contributes
to the emergence and persistence of cultural traits in
wild populations. Factors extrinsic to culture, like
juvenile recruitment, emigration, mortality, and age
structure, are thought to impact individuals’ oppor-
tunities for learning and exposure to cultural vari-
ants (Barta et al., 2023; Deffner & McElreath, 2020,
2022; Deffner et al., 2022; Derex & Boyd, 2016; Fog-
arty et al., 2019; Kandler et al., 2023; Kirby & Tama-
riz, 2021; Nunn et al., 2009). But translating these
expectations into empirical evidence remains a chal-
lenge; In this context, Chapter 4 of this thesis pro-
vides evidence that demographic factors are associ-
ated with cultural diversity and turnover at the indi-
vidual and neighbourhood level, identifying the rele-
vant spatial and temporal scale that drives emergent
patterns within a wild bird population.

On the other hand, while we think that demo-
graphic factors can influence the pace of cultural
change and promote or restrict diversity, they alone
cannot explain why some song cultures are stably
polymorphic, without collapsing into single variants
or experiencing complete cultural replacement. It is
generally assumed that innate mechanisms for accu-
rate and conformist learning are the primary forces
behind cultural stability in bird song (Lachlan &
Slater, 2003; Lachlan et al., 2018). However, there
is also growing support for the idea that perceptual,
cognitive, and production biases, innate or culturally
acquired, serve as attractors that can align the per-
ception, memory, and reproduction of information

among individuals and, as a consequence, enhance
the fidelity of cultural transmission and limit the drift
of cultural traits (Fehér et al., 2009; Saldana et al.,
2019; Trehub, 2015). In Chapter 5 I present some early
evidence that the melodic space explored by a popu-
lation of wild birds is highly non-random, in a way
that parallels human musical traditions.

STUDY SYSTEM

I conducted all the research presented in this the-
sis within the long-term population study of great
tits Parus major in Wytham Woods, near Oxford, UK,
which spans 76 uninterrupted years and has already
recorded the life histories of nearly 120,000 individ-
ual birds (Sheldon et al., 2022). It began in 1947 with
John Gibb and David Lack from the University of
Oxford, initially with 100 nest boxes and later ex-
panding to over 1000 around 1960. This study fo-
cuses primarily on great tits, a species that has be-
come somewhat of a model species for various evo-
lutionary, ecological, and cognitive studies in nat-
ural populations (Aplin et al., 2017; Boyce & Per-
rins, 1987; Charmantier et al., 2008; Cole et al., 2012;
Firth & Sheldon, 2016a; Firth et al., 2018; Spurgin et
al., 2019). Their well-documented life history and
behaviour, coupled with the characteristics of their
songs, also make them ideal subjects for research
on song learning and cultural change (see, for ex-
ample, Lambrechts and Dhondt, 1990; Lind et al.,
1996; Ritschard et al., 2012; Rivera-Gutierrez, Matthy-
sen, et al., 2010; Rivera-Gutierrez, Pinxten, and Eens,

Figure 1.3. The author (me!) in the field office, Wytham Woods, 2021.
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Figure 1.4. Wytham Woods 2021 fieldwork season group photo.
From left to right: Sam Crofts, Nilo Merino Recalde, Kristina Beck, Charlotte Regan, Joe Woodman, Anett Kiss, Carys Jones, Loanne
Pichot, Andrea Estandía, Ben Sheldon, Keith McMahon, and Julia Haynes.

2010; Rivera-Gutierrez et al., 2011; Slagsvold et al.,
1994).

Male great tits sing a repertoire of one to over
ten simple song variants, each characterized by a
small number of repeated notes that are repeated in
a stereotypical manner (Krebs et al., 1978; Rivera-
Gutierrez, Matthysen, et al., 2010). They primar-
ily learn these songs from conspecifics during their
first year, up to the point where they establish their
own territory, and, consequently, are more likely to
share their songs with neighbouring males than with
other birds (McGregor & Krebs, 1982a; McGregor &
Krebs, 1989). Research on great tit song conducted
within the Wytham Woods population, in particu-
lar, has given rise to influential ideas and insights
into bird singing behaviour, encompassing themes
such as neighbour interactions, song matching, the
connection between song repertoires and reproduc-
tive success (McGregor & Krebs, 1989; McGregor et
al., 1981; Mcgregor et al., 1983), dynamics of song
learning (McGregor & Krebs, 1982b, 1989), the role
of song repertoires in maintaining territories (Krebs,
1976; Krebs et al., 1978), the functions of dawn song
(Kacelnik & Krebs, 1983; Mace, 1987), and the influ-
ence of spatial factors and movement on song culture
(Fayet et al., 2014).

I am not one to particularly cherish tradition in
other aspects of life, but I feel honoured to be able to
contribute—if much more modestly—to the rich his-
tory of research on bird song, and especially to do so
here at Wytham. If you are about to read this thesis:

thank you, and I hope it is not too painful.

A FEW NOTES TO THE READER

Each chapter in this thesis is a standalone piece of
work. This means that some information, like the in-
troduction to the study system and certain methods,
is repeated in each chapter. To save time and avoid re-
dundancy, Chapter 3 offers the most detailed descrip-
tion of the study system, fieldwork, and data anno-
tation process. I have invested significant time into
ensuring that all the code (over 25,000 lines, many
more than in this thesis!) and the data generated dur-
ing my PhD are easily accessible and reasonably well-
documented, so that they may be useful to other stu-
dents and researchers. You will find links to these
resources within the manuscripts and highlighted in
the Outputs page at the beginning. Lastly, I am told
that the hyperlinks will not work properly if, for
some reason, you have printed this thesis on paper.
Well, you shouldn’t have, what can I say?
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ABSTRACT

Studying the vocalizations of wild animals can be a challenge due to the limitations of traditional computational meth-
ods, which often are time-consuming and lack reproducibility. Here, I present pykanto, a new software package that
provides a set of tools to build, manage, and explore large sound databases. It can automatically find discrete units in
animal vocalizations, perform semi-supervised labelling of individual repertoires with a new interactive web app, and
feed data to deep learning models to study things like individual signatures and acoustic similarity between individuals
and populations. To demonstrate its capabilities, I put the library to the test on the vocalizations of male great tits in
Wytham Woods, near Oxford, UK. The results show that the identities of individual birds can be accurately determined
from their songs and that the use of pykanto improves the efficiency and reproducibility of the process.

Keywords: bioacoustics; animal vocalizations; python; bird song

INTRODUCTION

COllecting large amounts of acoustic data from
wild bird populations has traditionally been

very difficult. Due to technical limitations, stud-
ies have often been constrained to tens of individ-
uals and tens, or at best hundreds of vocalizations.
But this has changed rapidly within the last decade:
compact and economic autonomous recording units,
such as the AudioMoth (Hill et al., 2019), now make
it possible to collect orders of magnitude more data
from many more individuals at once—and to do so
much more cheaply. As a direct consequence, many
of the computational tools traditionally employed
with bioacoustic data have quickly become obsolete:
they require manual curation, segmentation, and la-
belling of data, which are extremely time-consuming
and prone to errors.

To illustrate this point, as part of our research on a
wild population of great tits (Parus major), we record
around 50,000 songs every year, which translates to
well over half a million discrete acoustic units. Any
analysis that required finding, labelling, and charac-
terizing them, if done manually—as it is still often
the case in wild bird vocalization research (Beecher et
al., 2020; Demko & Mennill, 2018; McLean & Roach,
2020; Pipek et al., 2018; Youngblood & Lahti, 2022)—
would take a very long time to complete. This bot-
tleneck, in turn, severely limits researchers’ ability to
ask questions that require large datasets to answer—

such as those about social learning, vocal develop-
ment, large-scale cultural diversity, and the syntac-
tic organization of animal vocalizations (Aplin, 2019;
Kollmorgen et al., 2020; Lachlan et al., 2018; Sainburg
et al., 2019).

In addition to concerns over the scalability of ex-
isting data analysis pipelines, there is now a demand
for tools that are freely accessible and promote trans-
parent, reproducible research. Existing proprietary
software, such as the widely used Raven Pro (up to
$800; K. Lisa Yang Center for Conservation Bioa-
coustics, 2019) and Avisoft-SASLab Pro (up to $2,835;
Specht, 2002) are difficult to reconcile with contempo-
rary data science practices that rely on open-source
programming languages such as R (R Core Team,
2021) and Python (van Rossum, 1995). There exist
some excellent open-source options, such as Luscinia
(Lachlan, 2016), Sound Analysis Pro (Tchernichovski
et al., 2000) and the more recent Koe (Fukuzawa et
al., 2020). However, these were generally not de-
signed to cope with large volumes of data, and their
reliance on point-and-click graphical user interfaces
limits their flexibility and hinders reproducibility.

As a response to the need for scalable and open-
source tools for vocalization data analysis and re-
lated issues, the field of bioacoustics has recently
started to experiment with a new suite of methods
based on deep-learning artificial neural network ar-
chitectures, the same that excel at, for example, com-
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Figure 2.1. Interactive web app to review and correct cluster assignment.
Interface of the interactive web app in pykanto. This app can be used to explore datasets as well as to review and correct automati-
cally assigned class labels in bulk.

puter vision and speech recognition tasks (Stowell,
2021). Segmentation and annotation pipelines based
on deep neural networks have already been shown
to work well in laboratory settings, where three con-
ditions hold: i) acoustic data have a high signal-to-
noise ratio, ii) there are orders of magnitude more
examples per vocalization type than there are vocal-
ization types, and iii) vocalizations are produced by
relatively few individuals (fewer than ten to a few
tens) that do so in a stereotyped manner (Coffey et
al., 2019; Cohen et al., 2022; Steinfath et al., 2021).
Unfortunately, none of these conditions tend to be
the case in field studies, and this creates a barrier to
the adoption of new methods by researchers working
with natural populations.

This is the context in which I present pykanto
(pronounced pIů’kænt@U). This software library was
born of three needs, which can be summarized as fol-
lows.

First, it needed to provide the infrastructure neces-
sary to catalogue, explore and label large acoustic
datasets collected in often suboptimal field condi-
tions.

Second, it had to serve as a flexible starting point that
would allow researchers to perform both traditional
analyses (such as extracting hand-picked features
from the vocalizations) and to use machine learning
algorithms to learn low-dimensional representations
of the data (Goffinet et al., 2021; Kollmorgen et al.,
2020; Morfi et al., 2021; Sainburg et al., 2020), train

classifiers, or detect vocalizations in unseen record-
ings (Cohen et al., 2022; Kahl et al., 2021; Stowell &
Plumbley, 2014).

Third, I wanted to build a tool that was free, open
source, followed sustainable software practises, and
geared towards computational reproducibility and
transparency.

PYKANTO: IMPLEMENTATION

pykanto is a software library designed to stream-
line the process of analysing animal vocalizations. It
is programmed in Python and offers various mod-
ules to assist users in their work (see Figure 2.2).
The central module is pykanto.dataset , which
serves as a database for vocalizations and includes
methods to visualize, segment, and label them. The
pykanto.signal module provides tools for sig-
nal processing and creating spectrograms, while
pykanto.parameters contains classes and func-
tions for managing parameters. The web applica-
tion pykanto.app allows users to explore and la-
bel large numbers of vocalizations (Figure 2.1) and
pykanto.plot provides functions for plotting spec-
trograms. Finally, pykanto.utils includes parsers,
I/O tools, custom typing, and general computing
functions. The documentation for pykanto is avail-
able at nilomr.github.io/pykanto.

Dependencies
pykanto was written in Python 3.8 and tested in
Python 3.8, 3.9 and 3.10. Its interactive web appli-

https://nilomr.github.io/pykanto
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cation also relies on JavaScript, HTML, and CSS. Ex-
ternal dependencies are automatically downloaded
during package installation (see the pyproject.toml
file for a full list of dependencies).

API and documentation

pykanto is a well-documented code library, mak-
ing it easier to use and contribute to its develop-
ment. The methods and functions in pykanto have
clear and concise documentation, including type an-
notations and descriptions of their intended use. Its
API (Application Programming Interface) reference,
along with tutorials and practical examples, can be
found in the online documentation at nilomr.github.
io/pykanto.

Reproducibility and open research

pykanto encourages the user to create reproducible
data science projects. For example, one of its mod-
ules is dedicated to creating consistent project struc-
tures, inspired by popular utilities such as cookiecut-
ter. Using the library requires writing simple scripts
in Python, which allows every step of the research,
from data ingestion to eventual model training and
reporting, to be explicitly reproduced. The documen-
tation includes a complete user guide with examples
of best practices.

The input and output files use open data formats,
and all code is available under the MIT licence (a sim-
ple and very permissive licence). Where applicable,
we have followed the guidelines and recommenda-
tions of the Software Sustainability Institute, a UK-
based facility dedicated to research software sustain-
ability (software.ac.uk).

Many of the processes that pykanto carries out
are computationally intensive, such as calculating
spectrograms, performing operations on large arrays,

and running dimensionality reduction and cluster-
ing algorithms. High-level, interpreted languages—
like R or Python—are notoriously slow: where possi-
ble, we have optimized performance by both a) trans-
lating functions to optimized machine code at run-
time using Numba (Lam et al., 2015) and b) paral-
lelizing tasks using Ray, a state-of-the-art platform
for distributed computing (Moritz et al., 2018). As
an example, the segment_into_units() function
can find and segment 20,000 discrete acoustic units
in approximately 16s on a desktop, 8-core machine;
a dataset with over half a million (556.472) units
takes 132s on a standard 48-core compute node. If
pykanto detects a suitable GPU unit and the op-
tional dependencies are installed, algorithms such as
UMAP (McInnes et al., 2018) switch to their GPU
implementation, which provides a 15-100x speed-up
(Nolet et al., 2021; Raschka et al., 2020). The library
has a module dedicated to making it easy for users
to run their scripts in a high-performance computing
context (for example, a university compute cluster),
and its documentation includes examples of configu-
ration and submission scripts.

Limitations

This final section discusses some of the main limita-
tions of pykanto . Although it will hopefully offer
a flexible solution for researchers, it is also limited in
important ways.

Limitation 1 Vocalization unit segmentation via the
very simple amplitude thresholding algorithm will
not work well with species whose vocalizations vary
greatly in amplitude, or with very noisy datasets. In
those cases, and depending on data volume, segmen-
tation might better be performed either manually or
in a semi-automated way. For example, one could
use chipper (Searfoss et al., 2020) or train a neural net-

modulesworkflow

ProjDirs() Parameters()KantoData

project setup

( )
build dataset

.segment_into_units()

.get_units()

.cluster_ids()

.open_label_app()

methods

further analysis

.data

.files

.metadata

.units

attributes

.plot functions to plot spectrograms

.utils parsers, I/O, typing and general computing

.app interactive web app to explore vocalisations

.dataset builds the main dataset class & methods

.parameters  store and modify pykanto parameters

.signal signal processing and segmentation

Figure 2.2. General structure of the library: main class and modules.
pykanto is written around a central dataset class, KantoData , which provides methods to segment, visualize and label vocaliza-
tions. The library contains six modules with functions and classes to carry out common tasks in animal vocalization analysis.
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work like TweetyNet, (Cohen et al., 2022) on a manu-
ally annotated subset of the data.

Limitation 2 pykanto has been tested on species that
produce vocalizations made up of a small or moder-
ate number of different but distinct elements (vari-
ously referred to as notes or syllables). It will be use-
ful for researchers working with any species, but the
automatic part of the clustering process will work in-
creasingly poorly with those that have many, very
variable elements. This is true of any clustering
method: they will fail or produce spurious results if
variation in the data is continuous.

Limitation 3 The library does not include methods to
train models intended to find analysable vocaliza-
tions in long recordings of entire soundscapes. This
is a particularly challenging problem (Priyadarshani
et al., 2018) without a universal solution. However,
pykanto can be used to generate and organize the
training data required by these models (Kahl et al.,
2021; Stowell & Plumbley, 2014; Stowell et al., 2019),
and to work with their output annotations.

Limitation 4 pykanto is intended as a flexible solu-
tion for managing and preparing animal vocalization
data for further analysis. It provides tools that can
save researchers a great deal of time while making
analysis pipelines more reproducible. However, it
does not implement any specific analysis or feature
extraction methods, since these will vary greatly by
use case. This means that researchers using the li-
brary as part of their work will need to either have
or develop familiarity with bioacoustic analysis and
scripting in Python.

USING PYKANTO: CAN INDIVIDUAL BIRDS BE
IDENTIFIED FROM THEIR SONGS?

I now provide a worked example of how pykanto
can be used to help answer real research questions
about vocalizations—bird song in this case:

Introduction
Great tits are small, short-lived birds (average lifes-
pan: 1.9 years) that sing acoustically simple yet
highly diverse songs. In Wytham Woods, Oxford-
shire (UK), a population of these birds has been the
focus of a long-term study that is now in its 75th year.
For the past three years, I have recorded the song
repertoires of hundreds of individual males when
they sing close to their nest before their partner be-
gins laying. With the help of these data, we are trying
to answer questions about song learning and cultural
change in natural populations.

To do this we first need to know which individu-
als are present in the breeding population for the first
time, and which were already around in previous

years. However, individual survival over the winter
months is low and detection by traditional means—
such as mist-netting or identification in the nest—is
imperfect. So we would first like to test whether in-
dividual birds can be identified based on their songs
alone, and then quantify how much variation in song
types occurs within and between years.

Our example dataset consists of 5293 songs from
12 males that were known (from physical recaptures)
to be present in the breeding population in two dif-
ferent years, 2020 and 2021. Although this is a small
subset of our data, it is large enough that it would
still take weeks to process and analyse using tradi-
tional methods. We demonstrate the use of pykanto
to a) organize, segment and label the dataset, and
b) prepare it so that we can train a deep neural net-
work to recognize the bird’s song types. The entire
process, which takes under an hour to complete, can
be computationally reproduced using its dedicated
repository. The repository includes raw data, aux-
iliary scripts and detailed instructions. Below is a
short narrative description of the process.

Data collection
Most great tits in our population nest in nest boxes
with known locations. Every year, fieldworkers
record the identities of breeding males and females,
clutch initiation and egg-hatching dates, clutch size,
and fledgling success using standardized protocols.
A significant number of birds in the population are
fitted with a unique British Trust for Ornithology
(BTO) metal leg ring as nestlings or adults. Dur-
ing the breeding season (March to June), great tit
pairs are socially monogamous and protect territo-
ries around their nest boxes (Hinde, 1952).

We collected data during the breeding seasons of
2020 and 2021, from early April to late May, us-
ing a dense sampling design with multiple recorders
placed in nest boxes throughout the study site. Field-
workers checked every nest box in the study site
at least once a week before and during egg laying,
which can last from one to 14 days (Perrins, 1965).
Once a nest box was believed to be in use by a great
tit, we placed an autonomous sound recorder in its
vicinity, either in the same tree or in a suitable neigh-
bouring tree. We left each recorder in the same loca-
tion for at least three consecutive days before moving
it to a different nest box. Throughout the recording
period, we relocated 20 recorders every day.

We used 60 AudioMoth recorders (Hill et al., 2019)
in 2021 and 30 in 2020, which were housed in wa-
terproof custom-built enclosures. Recording began
about an hour before sunrise (from 05:36 to 04:00
UTC during the recording period) and consisted of
seven 60-minute recordings with a sample rate of 48
kHz. Since the recording process was automated,

https://github.com/nilomr/pykanto-example
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there is a possibility that some of the songs recorded
in the immediate vicinity of a given nest box do not
belong to the focal bird. To reduce the risk of false
positives, we discarded recordings with more than
one vocalizing bird, unless one was distinctly louder
than the others. We also discarded all songs with
a maximum amplitude below −16dB, calculated as

20 log10

(
A
A0

)
, with A = 5000 and A0 = 32767 (the

maximum value for 16-bit digital audio). This thresh-
old was determined from the observation that, in
cases where we had simultaneous recordings of close
neighbours from the centres of their respective ter-
ritories, an amplitude cut-off greater than 4000 al-
ways separated a focal bird from its neighbours. It
should be noted that these values are not calibrated
and are relative to the recording equipment and set-
tings used, as well as other factors such as sound di-
rectionality and vegetation cover.

Running the analysis
Installation

pykanto can be used outside a virtual environment,
but this is not encouraged. Using clean environments
for each project will allow you to avoid dependency
issues. Once inside a new environment with Python
3.8 or above, you can install pykanto by simply run-
ning pip install pykanto , then install the pack-
age containing this example. See detailed installation
and use instructions in the .README .

Creating a new project and dataset

Our first step will be to define a directory structure
for our project and a ProjDirs object to hold every-
thing together. Then, we can test and set adequate
parameters for our dataset. These include things like
low- and high-cut filters, spectrogram settings, am-
plitude thresholding, and whether the analysis will
be carried out at the song or note level. The data
folder in the project already contains .wav audio
files and their corresponding .json with annota-
tions, so we can create a KantoData instance: this
will be our database.

Segmenting songs and using the interactive app

Then, using the .segment_into_units() method,
we find segment onsets, offsets, unit and silence du-
rations and add them to KantoData.data , the main
data frame in our database object. At this point, we
could already carry out most of the analyses com-
mon in the bird song literature, for example, by ex-
tracting some simple acoustic parameters from the
segmented data. Instead, we want to preserve all the
temporal and spectral information that is available in
the spectrograms to train a more accurate classifier.

The next step is to compute and store spec-
trograms for each unit under examination, and

then reduce their dimensionality and group them
into clusters. This can be achieved by using the
.get_units() and .cluster_ids() methods,
which employ algorithms such as UMAP (McInnes
et al., 2018) and HDBSCAN (McInnes et al., 2017).
Afterwards, we can launch the interactive web app
by calling .open_label_app() . Using this app, we
can review the automatic labels for up to tens of thou-
sands of vocalizations at once, splitting or combining
clusters as needed. Once completed, we will have a
fully annotated dataset, which can be divided into
training and testing sets and exported as labelled
spectrograms using pykanto .

Training a convolutional neural network classifier

Our goal is to generate compressed representations
of songs that can facilitate comparisons and identifi-
cation of those sung by the same individual, even in
the presence of variations in performance and noise.
To do this, we can train a model to distinguish be-
tween 44 different song types, which are categori-
cally distinct within individual song repertoires, so
that we can try to assign song IDs back to individ-
ual birds. This is a small example; see Chapter 3
and specially Chapter 4 for a more precise bird re-
identification method used on a much larger dataset.

In this example, we use weights from a pre-trained
ResNet50 backbone (He et al., 2015) and gradually
unfreeze the earlier layers of the network during
training. By doing so, we can fine-tune the network
to attain better performance in our task, while still
benefiting from the weights learned on a much larger
dataset (Zhuang et al., 2021).

The distribution of song sample sizes per individ-
ual approximately follows a power law, so there is a
very large amount of data for a few birds and very
little for most. This imbalance of data is problematic
for learning algorithms, as they may develop a bias
toward larger classes and perform poorly on rarer
ones. There are different ways to deal with this (see,
e.g., Krawczyk, 2016; Thabtah et al., 2020); however,
to keep things simple, here we will just undersam-
ple majority classes so that all birds have the smallest
common sample size for each song type.

Background noise can also bias our analysis. Each
bird’s acoustic environment is unique, and the net-
work may learn to distinguish between songs based
on this noise rather than the signal of interest. To ad-
dress this issue, we remove most background noise
by thresholding the spectrograms, taking advantage
of the difference in amplitude between the focal bird
singing near the recording and its acoustic back-
ground. Additionally, we apply a series of data aug-
mentation techniques during the training process to
prevent over-fitting and ensure that the algorithm
does not memorize irrelevant or highly variable ele-

https://github.com/nilomr/pykanto-example


34 Chapter 2 | Pykanto: a python library to accelerate research on wild bird song

0 1

0
1

Pairwise song similarity

De
ns

ity

same song type in
the same year 4

the most similar song
across years 3

same song type in
different years 2

all other birds 
in the dataset1

++ ++ ++
+++
+ 4

+
+++
+

+ +
+
+

+

3

++

+
+ ++++
+

+

2

+
2020
2021

Within individual repertoires

++ ++ ++
+++
+

+
+++
+

+ +
+
+

+

++

+
+ ++++
+

+

+ +++
++
+
+

++
+ +++ +

+ ++ ++

++++
+
+++
+

Between all birds and songs

1

Par��oning acous�c similarity
across individual birds and years   
Songs iden�fied by the model as most similar across years       are 
from the same individuals, without overlap with the distribu�on 
of pairwise song similarity with all other birds      . This allows 
100% accuracy in iden�fying birds across years from their songs.

3

1

Figure 2.3. Partitioning acoustic similarity between and within birds.
(From left to right and top to bottom.) First, we calculate the pairwise similarity between the songs of all birds, which provides a base-
line distribution of similarity in the population (1). Then, we compare song types from the same bird in different years (2), find the
pair of songs within song types that are most similar across years (3), and compare songs within the same year (4). The probability
density estimates in the bottom panel show how pairwise similarities in (3) allow us to re-identify birds across as they do not overlap
with any other birds (1).



Merino Recalde, 2023 35

ments. These techniques include semi-random crop-
ping in the time domain, blurring and sharpening,
random erasing of parts of the spectrogram, and
contrast and brightness changes. After training the
model, we can verify that background noise is not
causing bias by checking whether songs recorded in
the same location are classified as more similar than
expected by chance. In addition, we can create class
activation maps to identify the regions of the spectro-
grams used by the model to generate predictions.

Once the model is trained, we can assess its abil-
ity to classify unseen songs drawn from the held-out
dataset, which can reach an accuracy of around 92%.
As described below, most of the remaining 8% can be
attributed to confusion between the same song types
sung by the same birds in different years.

Finally, we can use the model to extract a com-
pressed representation of each song in the entire
dataset. This is achieved by passing each song
through the trained network and obtaining the out-
put from the last hidden layer. This output consists
of a feature vector that captures the most relevant in-
formation to distinguish between different types of
songs; these feature vectors can then be used to de-
termine whether two songs are very similar. In our
case, we do this by taking the complement of the co-
sine distance between each pair to build a similarity
matrix.

The repository that supports this paper contains a
streamlined way of doing this using PyTorch (2019)
and PyTorch Lightning (2019) that can be easily
adapted for use with other datasets.

Results & Discussion

After calculating the similarity scores between all
pairs of songs, we grouped them according to song
type, the bird that sang them, and the year they were
sung. For each bird in the first year, we identified the
individual who sang the song with the highest simi-
larity to any within its repertoire during the follow-
ing year. We found that we were able to successfully
identify the correct bird in all cases, even though the
baseline probability was only 2.27% (1 out of 44 song
types). This suggests that we would have been able
to re-identify the individuals even if they had not
been observed or captured again.

As shown in Figure 2.3, the highest similarity val-
ues correspond to comparisons of the same song
types within years and birds. The similarity between
the same song types sung by the same bird across dif-
ferent years is consistently higher than that between
different birds, even when some song types were
shared by individuals: this means that individual vo-
cal signatures are at least partly maintained across
their lifespan.

The conclusions drawn from this analysis are lim-
ited by the small size of the dataset: including more
birds would likely lead to noisier results, as it in-
creases the chances of finding a second bird with
even more similar songs. Nonetheless, in combina-
tion with other information (such as spatial location),
they might allow high-confidence identification of in-
dividuals between years without physical capture.

This example illustrates how pykanto can be
used to help address a specific research question.
The model-based feature vectors used to describe
each song can be imported back into the KantoData
database as a new column, enabling a wide range
of research possibilities while maintaining a clear
project structure.

DATA AVAILABILITY

We distribute pykanto with three sample datasets
that are used to run unit tests and as examples in the
documentation (Merino Recalde, 2023b).

Great tit songs 20 songs recorded from male birds
during the dawn chorus in a population in Ox-
ford, UK. Recorded by the author and accessible at
pykanto/data/great_tit.

European storm-petrel purr songs Two males singing
from burrows in the Shetland and Faroe Islands.
Source: XC46092 (l’ Dougie Preston), XC663885 (l’ Si-
mon S. Christiansen). Under CC BY-NC-ND 2.5 li-
cence.

Bengalese finch songs Recordings from 2 isolated Ben-
galese finches. Originally published in Tachibana,
Koumura and Okanoya (Tachibana et al., 2015), data
can be accessed at OSF.

They can be found under pykanto/data when you
install the package, as well as in the GitHub reposi-
tory.

Additionally, the worked example in this article uses
5293 songs from male great tit songs recorded by the
author between 2020 and 2021 in Wytham Woods,
Oxfordshire, UK. They are available from pykanto-
example/data on GitHub, along with detailed meta-
data (Merino Recalde, 2023a).

CODE AVAILABILITY

The latest version of pykanto is available from PyPI
( pip install pykanto ) and its source repository
(github.com/pykanto). See the repository for de-
tailed installation instructions.
pykanto and the example in this article rely on

the following open-source scientific libraries or tools:
numpy (Harris et al., 2020), scipy (Virtanen et al.,
2020), pandas (The pandas development team, 2023),

https://github.com/nilomr/pykanto/tree/main/pykanto/data/segmented/great_tit
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numba (Lam et al., 2015), pytorch (Paszke et al.,
2019), torchvision (TorchVision maintainers and con-
tributors, 2016), pytorch lightning (Falcon & The Py-
Torch Lightning team, 2019), tqdm (da Costa-Luis,
2019), ray (Moritz et al., 2018), soundfile (Bechtold
& Geier, 2022), umap (McInnes et al., 2018), joblib
(Joblib Development Team, 2020), hdbscan (McInnes
et al., 2017), seaborn (Waskom, 2021), scikit-image
(van der Walt et al., 2014), librosa (McFee et al., 2015),
bokeh (Bokeh Development Team, 2018), ujson (van
Kemenade et al., 2023), psutil (Rodola, 2023), attrs
(Schlawack, 2019).
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ABSTRACT

We present a high-resolution, densely-sampled dataset of wild bird songs collected over multiple years from a single
population of great tits (Parus major ) in the UK. The dataset includes over 1,100,000 individual acoustic units from
109,963 richly annotated songs, sung by more than 400 individual birds, and provides unprecedented detail on the
vocal behaviour of wild birds. Here, we describe the data collection and processing procedures and provide a sum-
mary of the data. We also discuss potential research questions that can be addressed using this dataset, including
behavioural repeatability and stability, links between vocal performance and reproductive success, the timing of song
production, syntactic organization of song production, and song learning in the wild. We have made the dataset and
associated software tools publicly available with the aim that other researchers can benefit from this resource and use
it to further our understanding of bird vocal behaviour in the wild.

Keywords: animal culture; bird song; demography, cultural evolution

INTRODUCTION & BACKGROUND

DEspite a long history of scientific interest from
disciplines as diverse as behavioural ecology,

neurobiology and physiology, there is still much to
learn regarding the evolution and function of animal
vocalizations. Ongoing research covers a wide range
of topics, including speech recognition and language
evolution in humans, animal welfare, and even fish
vocal communication. The study of animal vocaliza-
tions offers valuable insights into the intricacies of
social interactions and reproductive strategies. They
frequently convey crucial information about an indi-
vidual’s condition and identity (Lehmann & Seufert,
2017; Linhart et al., 2019), the cohesion of social
groups, and the structure of social hierarchies (Bell
et al., 2010; Engesser & Manser, 2022; Radford & Rid-
ley, 2007). Additionally, animal vocalizations play a
substantial role in the formation of social bonds, the
selection of mates, and the provision of parental care
(Behr & von Helversen, 2004; Gerhardt, 1991; Pitcher
et al., 2010; Roulin, 2001).

For those interested in social learning and cultural
evolution, animal vocalizations, particularly those of
birds, have long been a focus of research. This in-

terest dates back at least to the pioneering work of
Marler and Thorpe with Chaffinches Fringilla coelebs
and White-crowned Sparrows Zonotrichia leucophrys
(Marler & Tamura, 1962; Marler, 1952; Marler &
Tamura, 1964; Thorpe, 1958), which paved the way
for what continues to be a thriving field today (see
Mets and Brainard, 2019; Riebel et al., 2015; Williams
and Lachlan, 2021; Youngblood and Lahti, 2022). In
addition, and from a more mechanistic point of view,
they offer a window into the physiological and neu-
ral mechanisms underlying vocal production and
perception, as well as the consolidation of memories
and motor coordination, to name but a few (Daven-
port & Jarvis, 2023).

Beyond their fundamental scientific importance,
animal vocalizations have practical applications in
various fields. For example, there is increasing
recognition of their potential as a non-invasive tool
for monitoring populations. By analysing entire
soundscapes, researchers can gather crucial informa-
tion about population dynamics, species distribution,
and the presence of rare or elusive species (Kahl et al.,
2021; Sethi et al., 2020; Sugai et al., 2019).

However, despite the growing interest in ani-
mal vocalizations and their potential applications,
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publicly available data from wild populations are
still scarce—with the xeno-canto community science
project as a prominent exception, focusing primar-
ily on sparse recordings of most of the world’s bird
species rather than dense sampling of populations
within the same species. This can severely limit re-
searchers’ ability to ask questions that require large
datasets to answer, such as those about social learn-
ing, vocal development, large-scale cultural diversity,
and the syntactic structure of animal vocalizations
(Aplin, 2019; Kollmorgen et al., 2020; Lachlan et al.,
2018; Sainburg et al., 2019). Indeed, while controlled
laboratory settings allow researchers to track vocal
development and production in minute detail, it is
much harder to obtain finely-grained data from ani-
mals in their natural habitats. The process of collect-
ing such data can be quite demanding and requires
significant time, technical expertise, and resources:
this includes both data collection itself and the sub-
sequent processing of acoustic data files.

A second limitation arises after data have been
collected, due to (i) researchers’ understandable fo-
cus on specific, often narrowly defined questions,
(ii) practical constraints, and (iii) scientific cultural
norms that have not encouraged data-sharing. Com-
bined, these factors often lead to a tendency of not
publishing or only partially publishing the data col-
lected during research. This lack of data sharing can
hinder scientific progress and make it difficult to re-
produce research findings (Jenkins et al., 2023; Pow-
ers & Hampton, 2019; Reichman et al., 2011; Wilkin-
son et al., 2016); hence, we argue that there is great
intrinsic value in publishing fully curated acoustic
datasets. If this practice becomes widespread, it
would allow scientists to explore a broader range
of research questions, improve reproducibility, and
facilitate the validation of findings across different
studies and populations (Hersh et al., 2023; Powers
& Hampton, 2019).

In line with this perspective, we present a com-
prehensive dataset of wild bird songs recorded from
a single population of great tits (Parus major) in
Wytham Woods, Oxford, UK. We collected 21,283
hours of continuous recordings across 703 nesting
sites over three spring seasons, which resulted in the
annotation of over 1,100,000 notes or acoustic units
from more than 100,000 songs (see below for defini-
tions of these terms), sung by approximately 400 dif-
ferent male great tits. Among these birds, we have
detailed information on the identity and life history
of 242 individuals, including 50 that were recorded
in multiple years. This information includes the time
and location of breeding attempts, clutch size, num-
ber of fledglings, age of the bird, and basic morpho-
logical traits. For birds born in the population (106,

or 43% of the total), we also include details such as
birthplace, postnatal dispersal distance, mother, and
social father.

To complement the song recordings, we have pre-
pared extensive metadata for each of the more than
100,000 songs. This includes details such as the on-
set and offset times of each note within the song, a
song type label, and the time of recording. We also
provide the time of the first song during dawn. Fi-
nally, we augment the dataset by providing embed-
dings of each song, which are vector representations
derived from a deep metric learning model specifi-
cally trained on this dataset. These can be used to
identify individuals and in tasks that require similar-
ity judgements.

Great tit song has been the subject of extensive
research activity (see, for example, Lambrechts and
Dhondt, 1990; Lind et al., 1996; Ritschard et al., 2012;
Rivera-Gutierrez, Matthysen, et al., 2010; Rivera-
Gutierrez, Pinxten, and Eens, 2010; Rivera-Gutierrez
et al., 2011; Slagsvold et al., 1994). Research con-
ducted within the Wytham Woods population, in
particular, has given rise to many influential ideas
and insights into bird singing behaviour. These
include investigations into neighbour interactions,
song matching and the connection between song
repertoires and reproductive success (McGregor &
Krebs, 1989; McGregor et al., 1981; Mcgregor et al.,
1983), the dynamics of song learning from neighbour-
ing individuals and the acquisition of distinct song
types (McGregor & Krebs, 1982, 1989), as well as the
role of song repertoires in maintaining territories and
reducing listener habituation (Krebs, 1976; Krebs et
al., 1978), the functions of dawn song (Kacelnik &
Krebs, 1983; Mace, 1987), and the influence of spa-
tial factors and movement on song culture (Fayet
et al., 2014). We hope that this dataset—which is,
to the best of our knowledge, the largest publicly
available collection of bird songs from a single wild
population—will contribute to that effort by provid-
ing valuable insights into a range of scientific ques-
tions, including behavioural repeatability and sta-
bility, links between vocal performance and repro-
ductive success, the timing of song production, the
syntactic organization of song production, and song
learning in the wild.

What follows is a detailed description of the data
collection and curation process and the resulting
dataset, together with some discussion around poten-
tial uses of data presented in this format.

DATA COLLECTION

Study system & fieldwork

Great tits are small, short-lived birds—average lifes-
pan: 1.9 years—that sing acoustically simple yet

https://xeno-canto.org/
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703 nesting sites over three spring seasons.
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Figure 3.1. Description of the study site and dataset.
(A) Map of the study site and sample locations, (B) total sample sizes for each bird and year, (C) distribution of repertoire sizes, and
(D) distribution of song lengths. *The exact number of individual birds is not known exactly.
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highly diverse songs. During the breeding sea-
son, from March to June, great tit pairs are socially
monogamous and defend territories around their
nests (Hinde, 1952). In Wytham Woods, Oxfordshire,
UK (51◦46 N, 1◦20 W), a population of these birds
has been the focus of a long-term study since 1947
(Lack, 1964). Wytham Woods is a semi-natural pre-
dominantly deciduous woodland that spans an area
of approximately 385 hectares and is surrounded by
farmland. Most great tits in this population breed in
nest boxes with known locations (see map in Figure
3.1), and the majority of individuals are marked with
a unique British Trust for Ornithology (BTO) metal
leg ring as nestlings or adults.

We collected data from late March to mid-May
during the breeding seasons of 2020, 2021, and 2022.
Every year, fieldworkers checked each of the 1018
nest boxes at least once a week before and during the
egg-laying period, which typically lasts from one to
14 days (Perrins, 1965), and recorded the identities of
breeding males and females, the dates of clutch ini-
tiation and egg hatching, clutch size, and fledgling
number and condition under standardized protocols.
We found the first egg date by assuming that one egg
is laid every day and counting back from the day
of observation. In cases where we did not observe
the chicks on the day of hatching, the actual hatch-
ing date was determined by assessing the weight of
the heaviest chicks and extrapolating their age from
established growth curves.

To record the vocalizations of male great tits, we
took advantage of their behaviour during the re-
productive period, when they engage in continuous
singing near their nests at dawn before and during
egg laying (Mace, 1987). Collectively, this vocal dis-
play is referred to as the dawn chorus and has been
demonstrated to yield a reliable estimation of the
song repertoire of individuals when recorded in full
(Rivera-Gutierrez et al., 2012; Van Duyse et al., 2005).
As soon as we suspected that a pair of great tits
were using a nest box based on nest lining materials,
egg size if present, or other signs of activity, we de-
ployed an autonomous sound recorder nearby. These
recorders were placed on the trunk of the same tree
or on a nearby tree, between 1 and 2 metres above the
ground and no more than 5 metres away, depending
on tree availability. We aimed to keep the recorder
in a consistent position and orientation. The micro-
phone pointed upwards and slightly away from the
nest box, in the same direction as the entrance hole.
The birds sang close to the recorder—we were not
able to collect data on this, but the mean distance
to the nest box was 10 m in a different population
(Halfwerk et al., 2012), which matches our anecdo-
tal observations— and moved around. Although

changes in amplitude due to distance and direction-
ality impacted song selection, we didn’t observe any
systematic bias.

Ethical note
All work involving birds was subject to review
by the University of Oxford, Department of Zo-
ology, Animal Welfare and Ethical Review Board
(approval number: APA/1/5/ZOO/NASPA/ Shel-
don/TitBreedingEcology). Data collection adhered
to local guidelines for the use of animals in research
and all birds were caught, tagged, and ringed by BTO
licence holders.

Recording equipment and schedule
We used 60 (30 in 2020) AudioMoth recorders (Hill et
al., 2019), which were housed in waterproof, custom-
built enclosures. Recording began approximately
one hour before sunrise (05:36 – 04:00 UTC during
the recording period) and consisted of seven consec-
utive 60-minute-long recordings with a sample rate
of 48 kHz, and a depth of 16-bit. To sample as
many birds as possible, we left each recorder in the
same location for at least three consecutive days be-
fore moving it to a different nest box. We relocated
20 recorders (10 in 2020) every day throughout the
recording period.

A note on terminology
There is no consistent terminology used to
describe the various hierarchical levels of a
bird’s vocal production. For clarity, we adopt
the terminology outlined in Thompson et al.,
1994; see also Figure 3.2B for a graphical ex-
planation. The fundamental temporal unit is

referred to as a note. Notes are represented by
continuous traces on the sound spectrogram
and are separated by silences. Moving up the
hierarchy, syllables are sequences of one or
more notes that are always repeated in the
same order. Beyond syllables, we have songs,
which consist of clusters of the same type of
syllables punctuated by longer pauses, often
in the order of seconds. Lastly, song bouts are
uninterrupted performances of songs of the
same type. great tits tend to sing the same
song type repeatedly before transitioning to
a different type. They continue this pattern
until they stop singing altogether, often af-
ter having performed their entire song reper-
toire.

DATA PROCESSING AND ANNOTATION

We processed and annotated the recordings using
custom software and scripts written in Python 3
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Figure 3.2. Data collection and analysis pipeline used to prepare the Wytham great tit Song Dataset.
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C. Nearest neighbour queries  

KNN QUERIES FROM THE DATASET

Query

Query

Query

Low High

Local density (k=30)A. (Above) PCA projection | B. (right) 
UMAP projection of the model-based 

feature vectors (for illustration only)

Songs that are closer in this embedding space are more 
similar, which allows us to study the cultural landscape 
of the population. Individual vocal signatures are at 
least partly maintained across their lifespan, which 
also allows us to re-identify bird across years. This is a 
2D representation of the space: in reality, we calculate 
neighbourhood metrics on a 384-dimensional space.

Identification of individual birds across 
years and local measures of song similarity

Figure 3.3. A visual representation of the song spectrogram embedding space.
Measuring similarity is a very hard problem, in large part because there is often no objective way to compare the performance of
different methods. Here, we took a data-based approach by training a Vision Transformer (ViT) model as a feature extractor in a Eu-
clidean metric learning task. The resulting embedding space allows us to judge if two songs are very similar, and to re-identify birds.
(A) PCA projection of the feature vectors: two orthogonal linear components do not capture much of the high-level distinguishing
features. (B) This figure shows a UMAP projection of the 384-dimensional vectors for each song in the dataset into 2D, which leads
to a fairly arbitrary but useful visualization where tight clusters of points correspond to song types in the repertoire of individual birds.
They are coloured by how densely occupied that region of space is in the high-dimensional space, based on k=30 neighbours from
other song types. (C) A k-nearest neighbour search returns the closest matches for a query vector (highlighted).

(van Rossum, 1995), using the open-source package
pykanto (Merino Recalde, 2023a). These are avail-
able from github.com/nilomr/great-tit-hits-setup
(Merino Recalde, 2023b). Figure 3.2 shows a graphic
illustration of the process. See also Box 1 for a note on
the terminology used for different parts of the songs.

Song segmentation

We inspected spectrograms for each raw recording
and selected songs based on a simple criterion: that
its notes were clearly distinct from background noise
and other bird vocalizations. We chose entire songs
where it was possible; where it was not, we selected
the longest contiguous segment possible. This pro-
cess was carried out manually using the open-source
software Sonic Visualizer (Cannam et al., 2010) by
drawing boxes bounding songs in the time and fre-
quency domains.

Assigning song bouts to individuals

Due to the automated recording process, there is a
possibility that some of the recorded songs near a
particular nest box may not originate from the focal
bird. To minimize the chance of false positives, we
discarded recordings with more than one vocalizing
bird if one was not distinctly louder than the rest dur-
ing the segmentation process. Additionally, we dis-

carded all songs with a maximum amplitude below

−16 dB, calculated as 20 log10

(
A
A0

)
, with A = 5000

and A0 = 32767 (the maximum value for 16-bit
digital audio). This specific threshold was derived
from observations indicating that when simultane-
ous recordings captured neighbouring birds, an am-
plitude cut-off greater than 4000 consistently differ-
entiated the focal bird from its closest neighbours. It
is important to note that these are not calibrated val-
ues and are, therefore, relative to the recording equip-
ment and settings we used — as well as other factors
like sound directionality and vegetation cover.

Spectrogramming

For most operations beyond this point, we used nor-
malized, band-passed and log-scaled mel spectro-
gram representations of each of the songs (sampling
rate = 22050, window length = 1024, hop length =
128, mel bins = 224; see the repository nilomr/great-
tit-hits-setup for full details on the process).

Note segmentation

We segmented the resulting song selections into their
constituent notes using a custom dynamic threshold
algorithm implemented in pykanto (Merino Recalde,
2023a), based on the work of Sainburg et al. (2019).
Briefly, the algorithm finds minima in the spectral

https://github.com/nilomr/great-tit-hits-setup
https://github.com/nilomr/great-tit-hits-setup
https://github.com/nilomr/great-tit-hits-setup
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envelope of a spectrogram, which are considered si-
lences; if the length of the signal between these min-
ima exceeds a maximum note duration, a new lo-
cal minimum is defined that divides the signal into
two shorter segments. This is repeated until multiple
notes are defined or there are no local minima below
a maximum amplitude threshold. Then, segments
below a minimum note duration threshold are dis-
carded. To make the algorithm more robust to noise,
the spectrogram is subject to morphological transfor-
mations and de-echoing before amplitude informa-
tion is extracted. The de-echoing algorithm imple-
mented in pykanto is based on that in Luscinia (Lach-
lan, 2016), and works by subtracting a delayed ver-
sion of the spectrogram from itself. We determined
minimum and maximum note length ranges by man-
ually segmenting a small, random subset of songs (n
= 30).

It should be noted that the automated segmenta-
tion process is susceptible to various factors that can
influence its accuracy. These include background
noise, significant variation in amplitude between
notes, attenuation caused by vegetation, changes in
the direction of sound production, and even varia-
tions in performance where some notes may be much
quieter. As a result, the algorithm may fail to detect
or incorrectly delimit certain notes. Despite this, we
estimate that approximately 96% of the notes are cor-
rectly segmented (0.037 error rate based on a random
subset of n = 1048 notes that were checked manually).
Still, depending on specific goals, we recommend
manual verification of note segmentation if complete
accuracy is crucial.

Song type annotation
We annotated each song type in the dataset using a
semi-supervised approach implemented in pykanto
. The process involved several steps to ensure accu-
rate classification. First, we generated average unit
spectrograms for each song by taking the mean of
the centred and padded spectrograms of its units or
notes, which provided a concise representation of the
temporal and spectral characteristics of the syllable
within it. Next, we performed non-linear dimension-
ality reduction using UMAP (McInnes et al., 2018)
and a cluster search using HDBSCAN (McInnes et
al., 2017) for each bird in the dataset. See (Sainburg
& Hedley, 2020; Thomas et al., 2021) for similar ap-
proaches. This strategy, while useful, often leads to
spurious outcomes. For instance, it may separate ren-
ditions of the same song type if variation in perfor-
mance or background noise exists, or if certain song
elements are sometimes attenuated. Such variation
could be misinterpreted as distinct song types, lead-
ing to an overestimation of repertoire size. To ad-
dress this, we used the interactive app in pykanto

to review and split or combine clusters as necessary
for each bird. It is worth mentioning that this process
would be significantly more challenging in species
with highly variable songs: our approach benefited
from the great tits’ relatively limited repertoires (1 to
fewer than 15 song types in our population) and their
tendency to produce stable and stereotyped songs.

Calculating song embeddings
Comparing animal vocalizations poses a significant
challenge for researchers. Traditionally, two ap-
proaches have been used: visual comparisons of
spectrograms and, more recently, measurement of
hand-picked acoustic features (Goffinet et al., 2021).
However, these methods have limitations when
dealing with noise, variations in performance, and
changes in syntax (where compositional syntax is not
relevant). For instance, if a song with the sequence
’tea-cher, tea-cher’ is recorded as ’cher-tea, cher’, it
might be wrongly perceived as highly dissimilar, de-
spite being the same song (see Stowell, 2021; Zand-
berg et al., 2022 for a good overview of these is-
sues). Additionally, these methods often fail to cap-
ture high-level features such as the syntactic relation-
ships between notes and other complex spectrotem-
poral characteristics that cannot be easily character-
ized by an orthogonal combination of simple acous-
tic features.

Unfortunately, we cannot rely on the birds’ percep-
tual judgements due to the lack of a hard to obtain ex-
perimental data (though recent studies, such as Morfi
et al., 2021; Zandberg et al., 2022, have explored this
avenue). This can be an issue where the focus of re-
search is behavioural interactions or the social func-
tions of song. At the same time, for monitoring or in-
dividual identification purposes, fully mimicking the
bird’s perceptual space may not be ideal: the perfor-
mance of metric learning or classification algorithms
trained for narrow purposes can surpass the organ-
ism’s abilities, as exemplified by facial recognition in
humans (Lu & Tang, 2014). Here, our goal was to
define a similarity space based on the inherent vari-
ation in the data and the only categorical labels that
we know are perceptually and behaviourally signif-
icant: song types sung by individual birds. Given
that great tits can recognize each other based on their
vocalizations (Lind et al., 1996), we aimed to define
a similarity space that facilitates similarity-based re-
search and captures some of the song characteristics
that birds themselves might attend to when distin-
guishing individuals. To do this, we took advan-
tage of recent advances in the fields of deep learn-
ing and computer vision and used a data-driven ap-
proach. Below is a simple narrative description of the
process. For further details, see the dedicated repos-
itory nilomr/open-metric-learning and the OML li-

https://github.com/nilomr/open-metric-learning/tree/great-tit
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Table 3.1. Short description of the files included in the dataset.
Short description of the files included in the dataset. See the docs for detailed documentation.

109,963 raw song files with their corresponding metadata

Model-based feature vectors, with 109,963 samples and 384 dimensions

A main derived dataset including information on broods, adult bird life-history traits, nesting locations, and acoustic
recordings

Morphological measurements for birds captured and re-trapped in the study area. Includes information on species, age,
sex, weight, and various other traits

Information on the location and characteristics of nest boxes in Wytham Woods, along with a map of the site

brary (Shabanov, 2023).

Metric Learning and Vision Transformers

Rather than focusing on classification, we aimed to
develop semantically meaningful embeddings. To
achieve this, we used a Vision Transformer (ViT)
model as a feature extractor in a (Euclidean) metric
learning task. These models, inspired by the suc-
cess of transformers in natural language processing
applications, process images by splitting them into
patches, treating them as tokens similar to words in
a natural language (Dosovitskiy et al., 2021; Raghu
et al., 2022). In this case, we used the ViT-S/16 ar-
chitecture (21.7 M parameters), pre-trained on Ima-
geNet using the DINO method (self-distillation with
no labels; Caron et al., 2021), and fine-tuned of spec-
trogram representations of songs.

Model Training

During the training phase, we fine-tuned the ViT
model using the great tit song dataset. To optimize
the performance of the model, we used Triplet loss,
a loss function that ensures that the projection of a
positive sample, which belongs to the same class as
the anchor point (i.e., song-type-within-individual),
is closer to the anchor’s projection than that of a neg-
ative sample, which belongs to a different class, by
at least a specified margin (Hermans et al., 2017; Hof-
fer & Ailon, 2018). This loss function enables embed-
ding points of the same class to form clusters without
collapsing into a single point, which allows us to also
explore differences within song types. While training
the model we mined hard triplets—where the nega-
tive sample is closer to the anchor than the positive—
and used the Adam optimizer with a fixed learning
rate of 1 × 10−5.

Handling Data Imbalance and Batch Generation

The distribution of song sample sizes per individual
in the great tit dataset approximately follows a power
law, resulting in a significant data imbalance. Al-
though the use of triplet loss already addresses this
issue to some extent (Thakur et al., 2019), we adopt
a random subsampling strategy where classes with
more than 100 samples are reduced to 100 for compu-

tational efficiency, classes with fewer than 15 samples
are excluded to allow a large enough query/gallery
split for validation, and we ensure fair representation
during training using a balanced sampler (Hermans
et al., 2017). Our batch generation strategy involves
uniformly sampling P song types without replace-
ment and sampling K spectrograms for each song
type, with replication as necessary. This guarantees
that all labels are selected at least once in each epoch.

Train-Time Data Augmentation

To enhance model robustness and prevent overfit-
ting, we apply various train-time data augmenta-
tion techniques (Mumuni & Mumuni, 2022; Perez &
Wang, 2017; Shorten & Khoshgoftaar, 2019). These
include random cropping in the time domain, drop-
ping out parts of the spectrogram, adding Gaussian
and multiplicative noise, equalization, sharpening,
changes to brightness and contrast, blurring, and
slight shifting in both time and frequency domains.
The latter augmentations are applied within the typi-
cal variation in performance observed in the great tit
vocalizations.

Results

Our trained model shows very good performance,
achieving a mean Average Precision at 5 (mAP5) of
0.98 and a Cumulative Matching Characteristic at 1
(CMC1) of 0.98. This indicates that in approximately
98% of the queries made to the similarity space, the
returned candidate song type by a bird is the cor-
rect one. Errors primarily stemmed from instances
where songs of the same type sung by the same bird
appeared more than once in the dataset, which hap-
pened if a bird survived to the next year. Given that
the model was trained on almost 2000 classes, this
means that there is enough individual information
contained in each song type to distinguish between
birds with high confidence, which has important im-
plications for both the study of individuality and
population monitoring. See Figure 3.3 for a visual
representation of the embedding space and nearest-
neighbour queries.

https://nilomr.github.io/great-tit-hits
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Table 3.2. Description of the dataset and sample sizes.
A brief description of the dataset and sample sizes for different subsets of the data.

Description Value

Number of segmented notes 1,161,033

Number of songs 109,963

Mean repertoire size 4.24

SD repertoire size 1.98

Median repertoire size 4

Number of unique classes 1,930

Mean class size 56.98

SD class size 68.35

Median class size 31

Number of nest sites recorded 706

Number of nest sites with data 454

Number of unique birds with data that were ID’d 242

Number of times each bird was recorded 192 (1y), 42 (2y), 8 (3y)

DATA RECORDS AND DESCRIPTION

Table A3.1 contains a summary of the files included
with the dataset. Detailed data documentation, in-
cluding variable descriptions, can be found online at
nilomr.github.io/great-tit-hits.

The dataset provides a comprehensive view of
the populations’ natural dawn singing behaviour
over three spring seasons. It documents changes
in individual performance, the appearance and dis-
appearance of birds—and with them, their songs—
and highlights just how much behavioural variation
there is along every dimension of what could at first
seem a relatively simple trait. Table 3.2 presents
some simple summary statistics, and Figure 3.1 pro-
vides a visual overview of the dataset.

Even though most birds in the dataset are one or
two-year-olds recorded within a single year (which
can be attributed to high turnover rates in the popula-
tion given low annual survival), the dataset includes
valuable data on much older individuals, including
a 7-year-old. Among the recorded birds, some dis-
play metronome-like regularity in their performance,
while others have highly variable or unusual songs,
due to learning from allospecific vocalizations, or
even issues with their vocal apparatus. You can find
some interactive examples at nilomr.github.io/great-
tit-hits. The longest song recorded is approximately
20 times longer than the shortest song (and, coinci-
dentally, was sung by one of the largest great tits ever
recorded in the Wytham population). The median
number of songs per song type and per bird in the
dataset is 31, with a significant number of birds hav-
ing a much larger count, reaching into the thousands;
the median repertoire size per bird is four song types,
although some birds performed as many as 13 dis-
tinct song types.

Known biases and problems

Working with third-party datasets can be challeng-
ing, perhaps particularly so in the study of behaviour
in natural populations. The familiarity that field-
workers inevitably develop with the study system
and the data is difficult to replace, and, as a result,
there is a risk of unintentionally overlooking impor-
tant sources of bias and variability. We have com-
piled a list of some key considerations, which, while
not exhaustive, can serve as a starting point for iden-
tifying and addressing biases when testing hypothe-
ses, estimating parameters, or evaluating findings
from the data. These issues can be broadly classified
into two groups: those around bird and song type la-
belling, which can be partially addressed, and those
that are inherent in the data or how it was collected.

Individual and song identification

One factor that can be partially addressed is that the
birds recorded in our dataset are not a random sub-
set of the population; they are those that establish
territories and begin the breeding process. In turn,
birds that are subsequently identified are more likely
to be those whose chicks hatch and survive for at
least six days, when the first identification attempt
is made. This may skew the distribution of certain
behaviours within the dataset or lead to endogenous
selection bias (Elwert & Winship, 2014). One way to
quantify the extent to which the subset of identified
birds is representative of the entire breeding popula-
tion would be to compare the distribution of the trait
of interest in both groups. See, for example, Kidd
et al., 2015, who found that females in nests that fail
early in our population are more likely to be immi-
grant birds breeding in poor-quality areas.

Another issue to consider is that birds may at-
tempt to breed again in the same nest box or else-
where after a failed attempt. This, coupled with a

https://nilomr.github.io/great-tit-hits/
https://nilomr.github.io/great-tit-hits/
https://nilomr.github.io/great-tit-hits/
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failure to identify the male associated with those at-
tempts, means that it is conceivable (although likely
very rare) that songs from the same bird could ap-
pear in the same year twice, leading to pseudorepli-
cation. Similarly, unidentified birds present in the
dataset for multiple years could contribute to this
problem. One potential way to address these issues
is by using song embeddings for identification based
on similarity and assigning dummy IDs to birds be-
lieved to be the same individual. At least, this should
be modelled to assess the sensitivity of any results
to varying degrees of pseudoreplication from this
source.

Finally, a few songs might have been mislabelled
before model training, as it is not feasible to manu-
ally check such a large dataset. However, the model-
based embeddings can help identify any mislabelled
songs: they will be clear outliers within their respec-
tive classes, thanks to the relatively discrete nature of
great tit repertoires.

Unequal samples; songs and calls—and female
song

As is common in many complex systems, the inter-
action of the many processes involved in both song
production and sampling results in a heavy-tailed
frequency distribution of sample sizes. This varia-
tion stems from various sources, including charac-
teristics inherent to the study system, such as indi-
vidual differences in singing activity and temporal
fluctuations throughout spring. The sampling pro-
cess introduces further variation, through factors like
equipment malfunctions causing small gaps in the
data, variation in recording dates relative to peak ac-
tivity, and the impact of rain and hail on singing ac-
tivity and recording quality. We cannot assume these
processes to be completely independent of each other.
Therefore, when analysing song output or repertoire
size, it is important to explicitly specify the assumed
causal relationship between factors such as individ-
ual characteristics, sampling probability, and the out-
come measure.

Another important aspect to consider is that, while
we have said that the dataset consists of songs, the
demarcation between songs and calls is not entirely
straightforward. Some vocalizations that would typ-
ically be classified as calls, due to their acoustically
simpler, shorter, and possibly more stereotyped na-
ture, are actually used as part of the dawn vocal be-
haviour. These vocalizations are repeated in a man-
ner that creates an impression of functional equiva-
lence to songs. While we have followed criteria sim-
ilar to other studies (Baker et al., 1986; Fayet et al.,
2014; Krebs et al., 1978; Rivera-Gutierrez, Matthysen,
et al., 2010) to maintain consistency, we believe that
this phenomenon warrants further attention. These

calls were not segmented and thus are not included
in the dataset, but we are happy to provide sound-
scape recordings to anyone interested in exploring
this aspect further.

Finally, although female song in birds has received
relatively little historical attention (see Langmore,
2020; Odom and Benedict, 2018; Riebel et al., 2005 for
further discussion), female great tits also sing (see a
brief treatment in Gompertz, 1961; Hinde, 1952). The
vast majority of songs in the dataset belong to the
dawn song, a behaviour exclusively performed by
the male prior to the female leaving the nest (a pat-
tern observed in blue tits as well, as documented by
Sierro et al., 2022). Females, on the other hand, vocal-
ize within the nest, but these vocalizations (Gorissen
& Eens, 2004, 2005) differ from songs and were not
typically detectable by our recording devices. Nev-
ertheless, Hinde, 1952 suggests that in the absence of
males, females may be more inclined to engage in ter-
ritorial behaviour that involves singing rather than
just producing calls. If that is the case, it is possible
that our dataset contains some isolated instances of
female song.

USES AND SUGGESTIONS

The dataset we are presenting contains detailed in-
formation about the vocal behaviour and life of wild
birds, providing valuable opportunities for investi-
gating a wide range of research questions. In this
section, we suggest several research areas that can be
explored using this dataset and provide references to
relevant studies in the literature.

Behavioural repeatability and stability across
multiple scales: Researchers can use the dataset to
examine the repeatability and stability of song pro-
duction and song characteristics across different tem-
poral and spatial scales. This includes studying con-
sistency in vocal behaviour within individuals over
time and across different contexts, and its links to age
(Rivera-Gutierrez et al., 2012; Zipple et al., 2019) and
reproductive fitness (Sierro et al., 2023).

Links between vocal performance or diversity
and reproductive success: Our data can be used to
explore the relationships between vocal performance
metrics, such as song complexity or vocal diversity,
and individual breeding success on a dataset that is
much larger than what is typical in the field (Beecher
et al., 2020; Crates et al., 2021; Hiebert et al., 1989;
Hutfluss et al., 2022; McGregor et al., 1981).

Spatial and temporal properties of acoustic com-
munities: The dataset enables investigations into the
spatial properties of acoustic communities, including
the distribution of singing individuals within a given
habitat and across time. This can provide valuable
insights into the spatial dynamics of communication
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Figure 3.4. Great tit song activity closely tracks advancing sunrise times and female fertility.
Days get longer as the spring progresses and male great tits track the advancing sunrise times with great precision, so that they
always begin singing, on average, 25 minutes before the morning breaks. This figure also shows (z-axis) how song activity peaks
alongside egg laying: males sing the most in the morning right before their partner lays the first egg.

networks and acoustic interaction among neighbour
birds.

Timing and volume of song production: Re-
searchers can use the dataset to analyse the temporal
patterns and timing of song production in great tits.
This might involve studying diurnal variation, sea-
sonal trends, and the influence of environmental fac-
tors on the timing and abundance of vocal behaviour.
As an example, Figure 3.4 provides an overview of
key temporal shifts in dawn singing behaviour: male
birds sing more during the fertile period of the fe-
male, and their activity closely tracks advancing sun-
rise times.

The syntactic organization of song production:
The dataset captures song activity over entire dawn

song periods, across days, and even years for many
individuals. This would allow researchers to investi-
gate the set of rules that govern the arrangement of
song elements and transitions within the vocal reper-
toire of wild great tits, in terms of short and long-
distance dependencies and other properties of their
sequential dynamics (Hedley et al., 2018; Lachlan et
al., 2010; Sainburg et al., 2019; Searcy et al., 2022).

Song learning in the wild: While this dataset does
not directly provide evidence of song learning, re-
searchers can use song similarity and proximity in
time and space to infer cultural transmission pro-
cesses. This allows for the exploration of the influ-
ence of spatial and social factors on song learning
(James et al., 2020; Lachlan & Feldman, 2003; Nelson



52 Chapter 3 | The Wytham Woods great tit song dataset

& Poesel, 2014; Peters & Nowicki, 2017; Wheelwright
et al., 2008).

CONCLUSION

With over 1,100,000 annotated notes and acoustic
units from more than 100,000 songs, collected over
three spring seasons, we hope that this dataset will
offer valuable insights into bird vocal behaviour and
song culture. The dataset is enriched with detailed
metadata such as note onset and offset times, song
type labels and embeddings derived from a deep
metric learning model, as well as identity and life-
history information for the birds, which makes it use-
ful for a wide range of research purposes. By sharing
this comprehensive dataset, we also aim to help pro-
mote data-sharing and scientific collaboration.
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A singing male great tit. Digital Illustration, Tawatha T. Elguero, 2022
In the background: 2D UMAP sliding window trajectories of the repertoire of a single bird.
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SUMMARY

Social learning within communities can lead to shared behavioural patterns that persist over time, which we know as
culture. Examples of culture include bird and whale songs, cetacean feeding techniques, and avian and mammalian
migratory routes. Shaped by neutral and selective forces, animal cultures evolve dynamically and form cultural tradi-
tions that vary greatly in their diversity and stability. These cultural traits can influence individual and group survival,
population structure, and even inform conservation efforts, underscoring the importance of understanding how pop-
ulation processes interact with social learning to shape culture. Although the impact of social learning mechanisms
and biases has been extensively explored, the role of demographic factors—such as population turnover, immigra-
tion, and age structure—on cultural evolution has received theoretical attention but rarely been subject to empirical
investigation in natural populations. Doing so requires very complete trait sampling and detailed individual life history
data, which are hard to acquire in combination. To this end, we compiled a multi-generational dataset containing over
109,000 songs from >400 repertoires in a population of great tits (Parus major ), trained a deep metric learning model
to re-identify individuals and quantify song similarity, and fit spatially explicit regression models of cultural diversity
and turnover at the individual and neighbourhood scales. We show that demographic variation within the small spatial
scales at which learning takes place has the potential to impact the diversity and pace of change of animal vocal
cultures. In particular, longer natal dispersal distances within the population reduce cultural diversity and uniqueness,
while immigrant birds seem to adopt existing song types rather than introducing new ones, but tend to have larger
repertoires and so increase the absolute diversity of neighbourhoods. Birds of the same age tend to have more similar
repertoires, and neighbourhoods comprising a mix of ages tend to have more cultural diversity. The main driver of cul-
tural turnover is individual turnover; at the same time, dispersal, a higher proportion of immigrant birds, and an older
population slow change down. Our analyses support theoretical expectations regarding a key role of demographic
processes in cultural evolution, while highlighting their interaction with species-specific factors such as the timing of
song acquisition.

Keywords: animal culture; bird song; demography, cultural evolution

RESULTS AND DISCUSSION

SOme behavioural traits are shared and persist
within communities due to social learning (Vi-

ciana, 2021). We refer to these behaviours as ’animal
culture’, exemplified by tool use in capuchin mon-
keys (Falótico et al., 2019), the learned songs of os-
cine birds, migration routes (Berdahl et al., 2018; By-
holm et al., 2022; Jesmer et al., 2018), and the feed-
ing techniques of some cetaceans (Allen et al., 2013;
Rendell & Whitehead, 2001). Animal cultures are not
static: neutral and selective mechanisms influence
the frequency of cultural traits (Potvin & Clegg, 2015;

Williams & Lachlan, 2021), leading to a process of
cultural evolution. The resulting cultural traditions
vastly differ in their diversity and stability (Tcherni-
chovski et al., 2017), determined by both learning bi-
ases and mechanisms and the demographic structure
of populations (Deffner et al., 2022; Kandler et al.,
2017).

While the role of social learning strategies and
biases—frequency dependence, tutor biases, etc.—
has been extensively studied (Aplin et al., 2017;
Kendal et al., 2015; Lachlan et al., 2018; Pike & La-
land, 2010; Tchernichovski et al., 2021), there exists
a substantial gap in our understanding of how de-
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Figure 4.1. Study system and main variables in our analysis.
(A) Cultural variables measured at the neighbourhood level: Diversity is the relative number of unique song types in a neighbourhood;
uniqueness is the complement of the average frequency of those song types in the entire population, and turnover is the proportion
of unique song types in a given year not present in the same neighbourhood the preceding year. See methods for full definitions. (B)
Variation in the demographic properties and composition of neighbourhoods across the population. See demographic variables for
full definitions. (C) Cartoon representation of the pairwise continuous repertoire similarity network used in our individual level anal-
yses. Each node represents an individual bird, and the edges represent the similarity between their song repertoires. The network
is based on the similarity of the songs produced by each bird during the dawn chorus, and is used to estimate the cultural similarity
between individuals. (D) 3D render of our study site, Wytham Woods, seen from the East. Image based on first return LiDAR data
(Department for Environment Food and Rural Affairs, 2020) and made with rayshader (Morgan-Wall, 2023). Elevation is exaggerated.
Aquamarine (darker) arrows represent natal dispersal within the population, and the yellow (lighter) arrow represents immigration
into the population, two of the variables used in this work. Age and bird (individual) turnover are not depicted.

mography contributes to the emergence and persis-
tence of distinct cultural traits within wild popula-
tions. Processes such as the recruitment of juveniles
and immigration, emigration, mortality, and varia-
tion in age structure are likely to strongly affect an
individual’s opportunities for learning and exposure
to different cultural variants, which has been amply
emphasized by theoretical work (Barta et al., 2023;
Chimento & Aplin, 2024; Deffner & McElreath, 2020,
2022; Deffner et al., 2022; Derex & Boyd, 2016; Dyble

& Micheletti, 2024; Fogarty et al., 2019; Kandler et al.,
2023; Kirby & Tamariz, 2021; Nunn et al., 2009). How-
ever, translating theoretical expectations into empir-
ical evidence remains a challenge (see Chimento et
al., 2021; Fayet et al., 2014; Payne and Payne, 1993 for
exceptions).

Culture is increasingly recognized as both a funda-
mental aspect of many animals’ lives and a valuable
tool in monitoring and conservation efforts (Brakes
et al., 2019, 2021). Cultural traits play a role in the
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survival and reproduction of individuals and social
groups; they reflect or even shape the structure of the
population (Brakes et al., 2019), and can be lost when
habitat fragmentation and population decline lead to
reduced learning opportunities (Crates et al., 2021;
Paxton et al., 2019). A comprehensive understand-
ing of cultural change and loss, then, requires that
we have the ability to detect and study not just intrin-
sic factors—social, cultural, cognitive—but also ex-
trinsic, ecological and demographic processes. This
entails identifying the relevant spatial and temporal
scales at which these processes manifest within natu-
ral populations, as well as their relative importance.

To contribute to this goal, we built a comprehen-
sive dataset that spans three years and documents
the dawn songs produced by male great tit birds
during 454 breeding attempts in a single popula-
tion located in Wytham Woods, UK. The popula-
tion’s marked variation in individual turnover, post-
natal dispersal distances, age structure, and immi-
gration across space—known through ongoing long-
term monitoring (Lack, 1964)—allowed us to esti-
mate their effects on song cultural repertoires at both
individual and group levels. First, we assign more
than 109,000 songs in 330 song repertoires to 242 indi-
vidual birds through a combination of direct physical
capture, radio frequency identification microchips,
and a novel song-based reidentification method us-
ing a deep metric learning model. Then, we quanti-
fied individual and group-level traits and analysed
variation in song cultural similarity, diversity, and
turnover (see definitions) using network and spa-
tially explicit Bayesian multilevel regression models.
See Figure 4.1 for a visual abstract of the study.

Our results reveal an interplay of demograph-
ics and song cultural dynamics that, albeit com-
plex, largely matches theoretical expectations, as dis-

cussed below. This work also demonstrates that bird
song, which already provides what is perhaps the
largest body of evidence for cultural change in ani-
mals (Laland & Janik, 2006), also has the potential to
help us shed light on the impact of other population
processes on animal cultures, owing to the fact that
we can sample song cultural repertoires with relative
ease.

Reduced dispersal, higher immigration and
and age associated with higher cultural diver-
sity
Population genetics provides robust evidence sup-
porting the notion that high dispersal rates facili-
tate gene flow, which, in turn, reduces the efficacy
of selection and diversification. Conversely, low
dispersal facilitates genetic differentiation through
mechanisms such as mutation and drift, leading to
allopatric population divergence (Claramunt et al.,
2011; Papadopoulou et al., 2009; Suárez et al., 2022).
Were we to adhere to an analogy from genetics to
culture, we would anticipate that reduced dispersal
rates will decelerate the diffusion of cultural traits
(Nunn et al., 2009). This, in turn, should result in the
maintenance of distinct behavioural patterns within
populations if learning is somewhat accurate, lead-
ing to a greater number of cultural variants unique
to a neighbourhood or region (Planqué et al., 2014;
Whitehead & Lusseau, 2012). Our analysis indeed in-
dicates that neighbourhoods where more birds have
remained in proximity to their natal areas harbour
greater and more unique cultural diversity (diver-
sity: P(βdisp(m) < 0|D) = 1, mem = −0.018,
CI95% [−0.023,−0.012]; uniqueness: P(βdisp(m) <

0|D) = 0.96, mem = −0.005, CI95% [−0.01, 0]; Fig-
ure 4.2A&B, Table S4.3), in line with prior research at
a much coarser grain (Fayet et al., 2014).

The analogy breaks down as soon as we con-
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Figure 4.2. Influence of demographic variables on cultural diversity and uniqueness within neighbourhoods.
(A) Marginal effects at the mean of neighbourhood characteristics including mean dispersal distance, proportion of immigrant birds,
average age, and individual turnover. (B) Adjusted predictions and partial residuals of the effect of mean neighbourhood dispersal
distance on cultural uniqueness. Low-dispersal neighbourhoods are those in which birds were born in the same area. (C) Adjusted
predictions and partial residuals of the effect of the mean age of the neighbourhood on cultural diversity. A neighbourhood with a
mean age of 1 would be one where all birds are breeding for the first time. (D) The average distribution of cultural diversity in the
population across space during the study period (2020-2022). This map captures the residual variation in cultural diversity after tak-
ing into account the demographic variables in (A). The map is based on a Gaussian process model with an exponentiated-quadratic
kernel covariance function, which allows us to interpolate between the locations where we have data.
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Figure 4.3. Individual and dyadic analysis of cultural diversity and similarity.
(A) Illustrative example showing the repertoires of two different birds in the population, with three songs in each, one of which is
shared. Each sub-panel shows a cartoon spectrogram, with time in the horizontal axis and frequency in the vertical. Units not
shown. (B) Marginal effects of dispersal, immigration status, and age on individual song repertoires, described in therms of their
absolute size (the total number of distinct song types sang by that bird) and their relative uniqueness (how rare, on average, those
songs are in the entire population within that year). (C) Marginal effects of dispersal, immigration status, and age on song repertoire
similarity between individuals. Dispersal: Birds that are close neighbours are more culturally similar, regardless of where they were
born, whereas natal distance may have a weak positive effect on cultural similarity. Immigration: There is no strong evidence that
birds born outside the population are dissimilar from resident birds. Age difference: Birds are less culturally similar the greater the
difference in their birth years.

sider the underlying individual-level mechanisms,
however, due to complex interactions between the
timing of dispersal and learning mechanisms that
are specific to the cultural domain. Some species
only learn songs early in life from their parents, in
a manner reminiscent of genetic inheritance, while
others learn continuously from their neighbours, or
only after dispersal (see Searcy et al., 2021 for an
overview of different strategies). In the case of our
study species, the great tit, these learning mech-
anisms are thought to involve selective retention
or modification of songs encountered early in life,
while they disperse, and up until before they begin
breeding for the first time—a process that results in
crystallized repertoires of 1 to ≃ 10 different song
types (McGregor & Krebs, 1982b; Merino Recalde
et al., 2023; Rivera-Gutierrez et al., 2011). In our
individual-level analysis, we see that birds that dis-
persed over longer distances tend to have learned
repertoires composed of songs that are more com-
mon within the population (uniqueness: P(βdisp(m) <

0|D) = 1, mem = −0.2, CI95% [−0.3,−0.09]; Fig-
ure 4.3B, Table S4.3), and possibly smaller reper-
toires as well (rep.size: P(βdisp(m) < 0|D) = 0.91,
mem = −0.2, CI95% [−0.44, 0.05]; Figure 4.3B; Ta-
ble S4.3). We hypothesize that birds with more ex-
tensive movements are more likely to sample and
acquire a larger proportion of common cultural vari-
ants, simply because they are exposed to more songs
across their learning period. This finds support in
a spatially explicit simulation of song learning with
dispersal, which shows this pattern would emerge
under positively frequency-dependent learning or a
process leading to similar acquisition curves (see Fig-
ure S4.10; note that we do not currently know which
learning strategies are employed by great tits).

Building on our understanding of cultural dynam-
ics in relation to dispersal we expect that, when song
learning is relatively precise and dispersal is limited,
cultural differences between populations will accu-
mulate, and immigration will introduce cultural nov-
elty to the recipient population. However, the extent
to which immigration introduces new cultural vari-
ants also hinges on an interplay between the species’
learning programme, the timing of dispersal, and
the spatial movements of individuals. Animals that
learn first and then disperse, for example, may bring
cultural novelty with them. But this is not the case
for great tits, whose young disperse in late summer
and autumn, shortly after achieving independence,
learn their songs until the end of their first winter
(Rivera-Gutierrez et al., 2011), and become chiefly
sedentary as adults (Dhondt, 1979; Dingemanse et al.,
2003; Greenwood et al., 1979). In this species, then,
we anticipate that immigrant birds will learn or re-
tain songs they encounter upon arrival, either before
or during the establishment of their territories (Gra-
ham et al., 2018; Keen, 2020).

Indeed, in our population, we find no evi-
dence that the repertoires of birds originating from
outside the population significantly differ acous-
tically from those of resident birds (mem =

−0.002, CI95% [−0.006, 0.002]; Figure 4.3C). This,
in conjunction with the observation that song reper-
toire similarity between individuals is predicted by
the distance between breeding territories (mem =

−0.005, CI95% [−0.006,−0.004]; Figure 4.3C; Ta-
ble S4.3), supports the hypothesis that great tits are
predominantly closed-end learners that learn primar-
ily from territorial neighbours after dispersal (Mc-
Gregor & Krebs, 1982b; Rivera-Gutierrez et al., 2011).

This leads to a somewhat contradictory scenario,
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Figure 4.4. Influence of demographic variables on cultural turnover within neighbourhoods.
(A) Marginal effect at the means for mean dispersal distance, proportion of immigrant birds, average age, and individual turnover on
the rate of cultural turnover within neighbourhoods (B and C) Adjusted predictions and partial residuals of the effects of the proportion
of individual turnover on cultural turnover (B) and the effect of mean neighbourhood age on cultural turnover within neighbourhoods
(C). (D) The population’s average distribution of cultural turnover across space during the study period (2020-2022). (E) Posterior
counterfactual predictions for two scenarios: all variables at their maximum (Max.) and minimum (Min.) observed values in the
population, holding turnover constant at its mean value. Cultural turnover is expected to be over two times higher if neighbourhood
dispersal, immigration and age are low, as they slow down cultural change.

however: immigrant birds, while not acoustically
distinct, tend to have larger repertoires compared to
their resident counterparts (Figure 4.3B; P(βimm. >

0|D) = 0.87, mem = 0.24, CI95% [−0.098, 0.593]; Ta-
ble S4.3). At the group level, this small and uncer-
tain effect amplifies, such that neighbourhoods with
a higher proportion of immigrant birds do not have
increased cultural diversity relative to the total num-
ber of songs (mem = 0.002 CI95% [−0.004, 0.007];
Figure 4.2A); but they do have a higher absolute
cultural diversity—above what would be expected
based solely on the number of birds (P(βimm. >

0|D) = 0.98, mem = 0.47, CI95% [0.1, 0.84]; Fig-
ure S4.9, Table S4.3).

Previous research (Verhulst et al., 1997) has re-
vealed that most birds arriving from outside the pop-
ulation disperse over two kilometres, significantly
farther than the typical distances observed within the
population (median for males = 558 metres; Green-
wood et al., 1979). This extended dispersal may
have qualitative consequences for cultural diversity,
through a combination of factors: first, an initial ex-
posure to songs from the source population; then, a
heightened pressure to adopt vocalizations similar to
those of territorial neighbours to avoid any social or
reproductive costs associated with non-local signals,
as seen in other species (Baker et al., 1981; Beecher,
2008; Lachlan et al., 2014; Mortega et al., 2014; Payne,
1983).

Finally, we find that individual turnover does not
significantly affect cultural diversity or uniqueness,
and we uncover an association between age struc-
ture and cultural diversity and uniqueness. Indi-
viduals of the same generation share the most sim-
ilar song repertoires, and while age itself does not
directly relate to changes in the repertoires of in-
dividual birds (Figure 4.3B), the acoustic similarity
between pairs of individuals decreases as the age

gap between them widens (Figure 4.3C; Table S4.3).
This is expected in birds that cease to learn new
songs as they age, and has detectable consequences
for neighbourhoods: those with a higher proportion
of older individuals have heightened levels of cul-
tural diversity and uniqueness (Figure 4.2A&C, Fig-
ure S4.9). Conversely, in areas where the majority of
the population comprises younger birds surrounded
by similar-aged peers, birds tend to produce fewer
unique songs that are also more common within the
population (diversity: P(βage < 0|D) = 1, mem =

0.021, CI95% [0.014, 0.027]; uniqueness: P(βage <

0|D) = 0.99, mem = 0.012, CI95% [0.005, 0.019]; Fig-
ure 4.2A&C, Table S4.3).

Demographic processes moderate the rate
of cultural change at small spatio-temporal
scales

We now shift our focus from static measures of cul-
tural diversity to cultural turnover, examining how
quickly song types disappear from neighbourhoods
and the consequences this has for their cultural
makeup. The primary driver of cultural turnover
within neighbourhoods is individual turnover (to-
tal effect mem = 0.072 CI95% [0.051, 0.093]): as
birds leave or die, many song types disappear with
them, and the young birds that replace them might
speed up the adoption of new song types (Dyble &
Micheletti, 2024). Across the three-year study pe-
riod, now considering the entire population, cultural
turnover between consecutive years averages 0.45
(0.47 and 0.44; note that specific values are contin-
gent on the granularity of song type definitions, see
manual categorization). If all variants faced an equal
chance of disappearing, this would quickly lead to
complete cultural replacement. However, after a two-
year gap, turnover only slightly increases to 0.59%.
We anticipate this rate to taper further over longer pe-
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riods, as rare variants encounter greater stochasticity
while common songs endure (Figure S4.8A). Indeed,
some common song types documented over four
decades ago persist within the population (Keen,
2020; McGregor & Krebs, 1982b). This persistence
might be due to different factors, like accurate learn-
ing based on song frequency, or strong tendencies to
converge on certain song types (Claidière & Sperber,
2007; James & Sakata, 2017; Lachlan et al., 2018; Tch-
ernichovski et al., 2021).

After factoring in individual turnover, we exam-
ine how mean natal dispersal distance, the propor-
tion of immigrant birds, and mean neighbourhood
age affect cultural change within a neighbourhood.
We find that higher levels of these factors correlate
with slower cultural change (Figure 4.4A; Table S4.3).
Specifically, when individuals have dispersed over
greater distances to get to their breeding neighbour-
hood, there is a high influx of immigrants, and the
distribution of age is skewed towards older individ-
uals, the model predicts slower cultural change, at
less than half the rate compared to the converse sce-
nario ([0.66, 0.77]0.39 CI95% [0.24, 0.51] vs. 0.72 CI95%,
as illustrated in Figure 4.4E). This twofold differ-
ence in cultural turnover, based on realistic param-
eter values, is likely to significantly influence the cul-
tural composition of neighbourhoods over time if it
persists, highlighting the importance of the demo-
graphic structure of populations in also moderating
the pace of cultural change.

The observed slowdown in cultural change due to
dispersal and immigration aligns with our findings
that dispersal homogenizes song repertoires and that
immigrants tend to adopt the existing population’s
variants rather than introducing new ones (see Fig-
ure 4.2A and Figure 4.3A). At the same time, our es-
timate for the effect of neighbourhood age (P(βage <

0|D) = 1, mem = −0.044, CI95% [−0.063,−0.026];
Figure 4.4C) aligns with modelling work suggest-
ing that learning from older individuals should slow
down cultural change (Kirby & Tamariz, 2021). In-
deed, age may serve as a brake on change, as older
birds continue to sing song types that are becoming
less frequent in the population, an idea supported
by the observation that individual birds’ repertoires
are least similar when there is a large age difference
(Figure 4.3C). The differences between the older and
younger birds’ repertoires also increases cultural di-
versity and uniqueness within neighbourhoods that
include many older birds, as discussed above, sug-
gesting an important role of age structure in shaping
both cultural diversity and turnover.

Consequences for cultural structure, stability
and diversity

Cultural traits, learnt bird song in this case, are
shaped by many factors: some external, such as those
discussed here, others intrinsic to learning and cul-
ture, and yet others that arise from selective pro-
cesses driven by preference and function. Even
within the confines of a relatively small population—
Wytham Woods spans a mere four kilometres—we
have been able to recover associations between het-
erogeneity in the demographic composition of neigh-
bourhoods and cultural outcomes using a large
dataset of song repertoires, and show that these are
most likely underlied by differences in individual
learning and exposure to cultural variants. In par-
ticular, dispersal within the population reduces cul-
tural diversity and uniqueness. Birds that were born
outside the population seem to adopt existing song
types rather than introducing new ones, but tend
to have larger repertoires and so increase the abso-
lute diversity of neighbourhoods. Birds of the same
age tend to share similar song types, while neighbor-
hoods comprising both older and younger birds are
more likely to exhibit a broader array of song types.
Additionally, such neighborhoods are more likely to
host a greater number of birds singing rare song
types, perhaps because, as we also find, aged neigh-
bourhoods have slower cultural turnover. The main
driver of cultural turnover is individual turnover,
and, at the same time, longer postnatal dispersal dis-
tances, a higher proportion of immigrant birds, and
an older population slow it down. This emphasizes
the need for both empirical studies and modelling ef-
forts on cultural change to account for the popula-
tion’s demographic characteristics and their inherent
heterogeneity across time and space, as these shape
individuals’ exposure to cultural variants and oppor-
tunities for learning and, therefore, emergent group-
level cultural dynamics.

METHODS

Resource availability

The complete Wytham great tit song dataset is avail-
able in osf.io/n8ac9, and documented here. The
main repository with code and data to reproduce the
analysis and figures in this article can be found at
github.com/nilomr/birdsong-demography.

Data collection

Study system and fieldwork

Great tits are small, short-lived birds—average lifes-
pan: 1.9 years—that sing acoustically simple yet
highly diverse songs. Each male great tit has a reper-
toire of one to over 10 song types, also referred to
as song types, which are repeated multiple times in

https://osf.io/n8ac9
https://nilomr.github.io/great-tit-hits/
http://github.com/nilomr/birdsong-demography
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short bursts separated by longer periods of silence.
Although detailed studies on how individual great
tits learn their songs are limited, existing evidence
suggests several key points. First, it appears that
great tits do not learn their song repertoires from
their fathers (McGregor & Krebs, 1982b). Instead,
their song development is influenced by the songs
they encounter during their early life until they estab-
lish a territory and breed for the first time. We do not
currently know how precisely great tits learn songs,
or how social interactions affect the process. This pe-
riod of vocal learning results in a final crystallized
repertoire that remains relatively stable afterward—
a process known as close-ended learning (Rivera-
Gutierrez et al., 2011). Additionally, while there is
evidence that birds can continue to learn to recognize
new songs later in life (that is, learning for discrimi-
nation, as opposed to learning for production), this
ability seems to be limited compared to their early
learning experiences (McGregor & Avery, 1986). Fur-
thermore, females are able to individually recognize
males based on their songs (Lind et al., 1996), and
even across a large population, individual song ren-
ditions can accurately indicate the identity of the bird
producing them (Merino Recalde et al., 2023).

During the breeding season, from March to June,
great tit pairs are socially monogamous and de-
fend territories around their nests (Hinde, 1952). In
Wytham Woods, Oxfordshire, UK (51◦46 N, 1◦20
W), a population of these birds has been the fo-
cus of a long-term study since 1947 (Lack, 1964).
Wytham Woods is a semi-natural, predominantly
deciduous and partly discontinuous woodland that
spans an area of approximately 385 hectares and is
surrounded by farmland. Most great tits in this popu-
lation breed in nest boxes with known locations, and
the majority of individuals are marked with a unique
British Trust for Ornithology (BTO) metal leg ring as
either nestlings or adults.

We collected data from late March to mid-May
during the 2020, 2021, and 2022 breeding seasons. Ev-
ery year, fieldworkers checked each of the 1018 nest
boxes at least once a week before and during the egg-
laying period, which typically lasts from one to 14
days (Perrins, 1965), and recorded the identities of
breeding males and females, the dates of clutch ini-
tiation and egg hatching, clutch size, and fledgling
number and condition under standardized protocols.
We found the first egg date by assuming that one egg
is laid every day and counting back from the day of
observation. In cases where we did not observe the
chicks on their day of hatching, the actual hatching
date was determined by assessing the weight of the
heaviest chicks and extrapolating their age from es-
tablished growth curves (Cresswell & Mccleery, 2003;

Gibb, 1950).

Nest box occupancy and breeding density vary
across the study area, with some areas having a
higher density of nest boxes and a higher proportion
of occupied boxes, which we account for in some of
our analyses as described in the sections below. In
the years of our study, 261, 289 and 278 nest boxes
were occupied by pairs of great tits, with 173, 184 and
184 that lead to successful breeding attempts where
at least one chick fledged. See Figure S4.1 for a map
of the study site and sampling locations.

To record the vocalizations of male great tits we
took advantage of their behaviour during the re-
productive period, when they engage in continuous
singing near their nests at dawn before and during
egg laying (Mace, 1987). Collectively, this vocal dis-
play is referred to as the dawn chorus, and has been
demonstrated to yield a reliable estimation of the
song repertoire of individuals when recorded in full
(Rivera-Gutierrez et al., 2012; Van Duyse et al., 2005).
As soon as we suspected that a pair of great tits were
using a nest box—based on nest lining materials,
egg size if present, or other signs of activity—we de-
ployed an autonomous sound recorder nearby. The
microphone faced upwards and slightly away from
the nest box, aligning with the nest box entrance
hole’s direction. The birds sang near the recorder:
although we did not gather data on this aspect, our
anecdotal observations were in line with a different
population where the average distance to the nest
box while singing was 10 metres (Halfwerk et al.,
2012). The birds also changed perches and moved
around during our recording. Although variation
in sound amplitude due to changes in distance and
direction could affect song selection, we did not ob-
serve systematic bias, ruling out potential issues like
consistently low signal-to-noise ratios causing exclu-
sion of entire song types.

For this study, we calculated postnatal dispersal
distance was as the straight line distance from the na-
tal site to the breeding site. The dispersal distances of
birds classed as immigrants (not ringed as chicks in
the population) are not known, but most are thought
to come from other populations at least 1 km, and
likely more than 2.5 km, away (Quinn et al., 2011; Ver-
hulst et al., 1997). We determined age based on the
year of hatching for birds born in the population and
using plumage characteristics for immigrants, which
are most often caught as yearlings (76%)—allowing
us to age them accurately (Woodman et al., 2023).

All work involving birds was subject to review
by the University of Oxford, Department of Zo-
ology, Animal Welfare and Ethical Review Board
(approval number: APA/1/5/ZOO/NASPA/ Shel-
don/TitBreedingEcology). Data collection adhered
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to local guidelines for the use of animals in research
and all birds were caught, tagged, and ringed by BTO
licence holders (NMR’s licence: C/6904).

Recording equipment and schedule

We used 60 (30 in 2020) AudioMoth recorders (Hill
et al., 2019), which were housed in custom-built wa-
terproof enclosures. Recording began approximately
one hour before sunrise (05:36 – 04:00 UTC during
the recording period) and consisted of seven con-
secutive 60-minute-long recordings with a sample
rate of 48 kHz and a depth of 16-bit. To sample as
many birds as possible, we left each recorder at the
same location for at least three consecutive days be-
fore moving it to a different nest box. We relocated
20 recorders (10 in 2020) every day throughout the
recording period.

Data processing and annotation
We processed and annotated the song recordings,
109,963 in total, using custom software and scripts
written in Python 3 (van Rossum, 1995) and the open
source package pykanto (Merino Recalde, 2023a).
These are available from github.com/nilomr/great-
tit-hits-setup (Merino Recalde, 2023b). Our anno-
tated dataset and a detailed description of the pro-
cess can be found in Merino Recalde et al(Merino Re-
calde et al., 2023).

Re-identifying individuals from their songs
In some cases, we failed to capture or identify birds
using PIT (Passive Integrated Transponder) tags, as
tags sometimes malfunction, birds can be difficult to
catch, or disappear before their chicks are old enough
to attempt this. We were able to match an addi-
tional 31 song repertoires belonging to this subset of
birds with existing individual IDs by training a deep
metric learning model to recognize individual songs.
This increased the number of identified repertoires
from 299 to 330, belonging to 242 unique birds. We
summarise the process here, but see (Merino Recalde
et al., 2023) for details on model design and training.

Briefly, we calculated pairwise song distances us-
ing the feature vectors obtained from a vision trans-
former on a metric learning task. This model
achieved a mean average precision at 5 (mAP5) of
0.98 and a cumulative matching characteristic at 1
(CMC1) of 0.98, which roughly means that in 98% of
the queries made to the similarity space on a held
out test dataset the returned candidate song type by
a bird is the correct one. Given that the model was
trained on almost 2000 classes, this means that there
is enough individual information contained in each
song type to distinguish between birds with high
confidence, even if we dont know just how precisely
they are able to learn songs from a tutor.

We then use these distances between song embed-
dings to infer when two repertoires belong to the
same bird, even if had not been physically identified
more than once. To do this, we set very conserva-
tive criteria: that a minimum of two songs are more
similar than the 0.025 quantile of the distribution of
distances for all song types sung by birds already
known to be different, or 0.9, and that the bird is no
more than 100 metres apart from the reference bird. If
we query the metric learning model across the songs
of the entire population, which increases the chances
of a false positive, we find that the percentage of
wrongly assigned birds in our ground truth data
(birds that we have physically re-identified across
years) is 0.3%, or 34 out of 11,359 unique compar-
isons if we only use acoustic distance—further re-
duced to 0.04%, or 4 out of 11359, if we also add the
spatial constraint (see Figure S4.7 for a graphic expla-
nation).

Characterising repertoire similarity
Our analyses require i) a measure of the acoustic
similarity between any two birds for the individual-
level analyses, and ii) a way to identify categorical
song types for the neighbourhood analyses. The un-
derlying assumption is that song repertoires will be
more similar if one bird has learned it at least in
part from a second, or if they have both learnt from
other individuals who are themselves similar due to
intergenerational cultural descent. There is no sin-
gle optimal solution for this problem, both due to
technical challenges and because we do not know
enough about song perception and learning mecha-
nisms in this species. There are three main possible
approaches, each with its own advantages and disad-
vantages, which we describe below.

Continuous similarity (individual-level analyses)

Traditional methods used to compare bird vocal-
izations include visual inspection of spectrograms
and measurement of hand-picked acoustic features.
However, these approaches have limitations in deal-
ing with noise and variations in performance and
can be extremely time-consuming. So, instead, we
adopted a data-driven approach by training a Vision
Transformer (ViT) model for feature extraction in a
metric learning task on spectrogram representations
of great tit songs. Our goal was to create a simi-
larity space based on inherent variation in the data,
using categorical labels of song types sung by indi-
vidual birds, which we know to be perceptually and
behaviourally significant (Lind et al., 1996). Further
details, data, and code to reproduce this process are
available at (Merino Recalde, 2023a) and (Merino Re-
calde et al., 2023); we include a summary here.

We optimized model performance using Triplet

https://github.com/nilomr/great-tit-hits-setup
https://github.com/nilomr/great-tit-hits-setup
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loss, a loss function that ensures the projection of
a positive sample (belonging to the same song-type-
within-individual class as the anchor point) is closer
to the anchor’s projection than that of a negative
sample (belonging to a different class) by a specified
margin (Hermans et al., 2017; Hoffer & Ailon, 2018).
During training, we mined hard triplets—where the
negative sample is closer to the anchor than the
positive—and used the Adam optimizer with a fixed
learning rate of 1 × 10−5.

To prevent the model from overfitting to irrele-
vant features within localized portions of the training
data or background noise, we applied various train-
time data augmentation techniques (Mumuni & Mu-
muni, 2022; Perez & Wang, 2017; Shorten & Khosh-
goftaar, 2019). These included random cropping in
the time domain, dropping out parts of the spec-
trogram, adding Gaussian and multiplicative noise,
equalization, sharpening, changes to brightness and
contrast, blurring, and slight shifting in both time
and frequency domains. This leads to a more robust
model that can generalize better.

Finally, we used the resulting model to calculate
feature vectors for each song in the dataset (109,963
samples x 384 dimensions), which serve as com-
pressed representations that can be used to compare
them. Great tits have variable repertoire sizes and
there is no evidence that they ever learn them en bloc
(McGregor & Krebs, 1982b; Rivera-Gutierrez et al.,
2010). Therefore, the simplest continuous measure
(an average pairwise Euclidean distance between all
songs) would mask any signatures of learning if
the average repertoire similarity is similar across the
population, and does not take into account the asym-
metry in total repertoire size. To improve on this, we
define repertoire similarity as the average minimum
Euclidean distance (AMED), given by

AMED =
1
|A| ∑

a∈A
min
b∈B

|a − b|2 (4.1)

where we compare each song feature vector a in
set A with all song feature vectors b in set B and com-
pute their Euclidean distance |a − b|2. We then retain
the minimum distance for each element in set A and
obtain the AMED by averaging these minimum dis-
tances over all elements in set A. The main advan-
tage of this approach is that it allows us to avoid
imposing discrete population-wide song categories.
On the other hand, if song learning is categorical and
not very precise in terms of fine song structure, this
method could underestimate it or fail to detect it. We
used this approach for all individual-level analyses
in this paper.

Automated clustering (first step for neighbourhood
analyses)

Instead of calculating a continuous measure of reper-
toire similarity, we can build a pairwise distance ma-
trix for all songs, assign them to discrete clusters us-
ing a clustering algorithm, and then calculate the in-
tersection between repertoires by using the Jaccard
coefficient or modelling it as a binomial process, with
n = the combined repertoire size and s = the num-
ber of songs in the same cluster. Here we used UP-
GMA hierarchical clustering and dynamic tree-cut
techniques to classify the songs into distinct types
(since songs consist of repeated syllables, syllable
and song types are synonymous in this species). We
allowed a minimum cluster size of 1 to ensure the
representation of rare song types. The usefulness
of this method relies on the global properties of the
embedding space derived from the continuous sim-
ilarity process. In a low-dimensional space where
linear distances effectively capture meaningful vari-
ation, creating clusters by cutting the hierarchical
tree at different heights yields varying cluster counts
while maintaining meaningful groupings. However,
in a high-dimensional space where global distances
are not meaningful, only relatively small clusters of
nearby points remain interpretable. This is the case
with our dataset and embedding space: we find that
the method reliably groups song renditions by the
same bird across different years, alone or together
with other birds with highly similar songs, yet con-
sistently splits songs that are similar by human (and
perhaps great tit, Falls et al., 1982) standards, ulti-
mately leading to a very large number of clusters (the
most stable clustering solutions were close to the to-
tal number of different individual song types, >1000).
Due to these issues, we did not use song types de-
fined in this way, and performed an additional man-
ual categorization step.

Manual categorization (second step for neighbour-
hood analyses)

All great tit song research has, to date, visually classi-
fied songs into population-level types (Baker et al.,
1987; Falls et al., 1982; Fayet et al., 2014; Hutfluss
et al., 2022; McGregor & Krebs, 1982a; McGregor
& Krebs, 1982b; McGregor et al., 1981). This pro-
cess is both inevitable and very subjective. However,
despite its clear problems, human perceptual judg-
ments might be our best available substitute for those
of the birds for some tasks (but see recent work by
Morfi et al., 2021; Zandberg et al., 2022). Indeed,
across fields, advanced classification algorithms are
routinely evaluated against ground truth created by
humans, and this is also the case in bird song re-
search.

Our neighbourhood-level analyses require that we
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define discrete cultural units, so, given the diffi-
culties with the alternatives described above, we
adopted a variant of this approach and used the crite-
ria followed by McGregor and Krebs McGregor and
Krebs (1982b) and most subsequent work. With over
100,000 songs, our dataset is much larger than is com-
mon in the field and would have been impossible to
label entirely manually. Instead, we used the output
of the automated clustering process described above,
consisting of labelled song repertoires (birdID x song
type). This made the problem 57 times smaller: 1920
song types that were already assigned to small clus-
ters of highly similar songs, which we reviewed man-
ually.

Following common practice in the field, we vali-
dated our resulting 335 manually assigned labels sta-
tistically (see Figure S4.8), although we note that i)
the ability of a statistical method to differentiate be-
tween manually defined clusters does not mean that
these are perceptually meaningful, only that they can
be distinguished in a manner that aligns with human
classification, and ii) a large range of clustering solu-
tions will be compatible with the data. To do this,
we retrained the ResNet50-based classifier described
in Merino Recalde Merino Recalde (2023a) to predict
manual cluster ID using a random subset of the data
and obtained an accuracy of 0.87 on the validation set
(see other metrics in the repository). With the caveats
already mentioned, this means that our manual clas-
sification following McGregor and Krebs McGregor
and Krebs (1982b) is successful at finding a stable so-
lution that reduces intraclass variation. A compara-
ble process by Fayet et al. Fayet et al. (2014) was able
to reach 0.71 accuracy for 374 songs. We further ex-
plored the result by building a dendrogram based on
the confusion matrix during test time and reviewing
the classes that were not well supported, which led
us to combine seven classes into two. There is an in-
verse relationship between how densely occupied a
region of the song space is and the ease with which
we can find categorical divisions: the more examples
the more graded the variation and, in consequence,
what may have seemed like clear-cut categories if we
had fewer data blend into one another without an ob-
vious transition.

In practical terms, because most of the great tits
in our population sing some variation of the well-
known ’tea-cher, tea-cher’ song, these are much
harder to categorize than the many rare songs with
complex structures only sung by one or a few birds.
This was our impression when manually labelling
the songs, and it was also the case when applying the
supervised classification algorithm. As mentioned
in the main text, the direct consequence of this for
our analysis is that the absolute estimates of cultural

turnover depend on the granularity of this process:
when we lump all similar ’tea-cher’ songs, as Mc-
Gregor and Krebs McGregor and Krebs (1982b) do,
the estimates of turnover are necessarily lower—but,
crucially, any relative differences remain the same.
Precisely quantifying turnover using categorical met-
rics might be altogether impossible in some speceis,
because song categories are not likely to be natural
kinds beyond the scale of interacting neighbours. See
Figure S4.4 for examples of song types defined in this
study.

The code used to perform this song type valida-
tion process, along with the figures generated during
it, can be found in the main narrative notebook and
a dedicated repository.

Quantification and statistical analysis

Modelling pairwise similarity and individual reper-
toires

It is common for analysis of song similarity to fit
simple linear regression models using all pairwise
comparisons in a population. However, this leads
to very strong pseudo-replication and, therefore, an
increased chance of Type I errors. To avoid this,
we treat our song similarity data as a fully con-
nected network and build Bayesian multilevel mod-
els with a multi-membership structure and the pair-
wise AMED described above as the response vari-
able. The full model specifications can be found in
the main repository for this project; also see a sum-
mary in Table S4.1 and variable descriptions in Ta-
ble S4.2.

Individual repertoires We first modelled individual
repertoire size using Poisson and negative binomial
models, but this led to poor performance as assessed
through posterior predictive checks (both underes-
timation of mean values and either under or over-
estimation of very low repertoire sizes). Instead,
we built continuation ratio models, a type of se-
quential ordinal model where reaching a particular
level (number of song types in the repertoire) re-
quires first reaching all lower levels (Chambers &
Drovandi, 2023; Warti et al., 2020). repm1 , repm1.1 ,
and repm1.2 estimate the association between immi-
grant status, distance dispersed, age, and repertoire
size. Three further log-normal models, repnovm1 ,
repnovm1.1 , repnovm1.2 , do the same for the average
cultural uniqueness of individual repertoires, de-
fined as one minus the mean of the relative frequen-
cies of each song type present in the repertoire.

Pairwise similarity Our first model (dispm1 ) explores
the interaction between natal distance, that is, the
distance between the nests where two resident birds
were born, and the distance between the centre of

https://github.com/nilomr/wytham-songtype-validation/blob/main/notebooks/4_train-model.ipynb
https://github.com/nilomr/wytham-songtype-validation
https://github.com/nilomr/birdsong-demography
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their breeding territories, adjusting for year and ab-
solute age difference. We do not have direct infor-
mation on how long birds have spent around one
another, so instead we estimate the effect of the in-
teraction of the distance at which they were born
and the distance at which they subsequently breed:
If both are small, they will have had more opportu-
nities for interaction and learning. We extract pre-
dictions for the interaction and calculate marginal ef-
fects at minimum distances, to answer the questions
’How does cultural similarity change with distance
for birds that were born nearby’ and ’Does how close
a bird was born matter for birds that hold territories
nearby’. We use a similar model structure (agem1 ) to
estimate the marginal effects of the absolute age dif-
ference, this time adjusting for the natal and territo-
rial distance between birds. Then, to study the effect
of immigration, we fit a model (immm1 ) with the pos-
sible combinations of immigration status (both immi-
grant, both residents, one of each) and adjust for age
difference and territorial distance.

Modelling group-level outcomes

Defining neighbourhoods and their demographic prop-

erties Song turnover, diversity, and uniqueness are
group-level properties. However, our study lacks
naturally occurring distinct subpopulations that we
can use as units for analysis. Rather than partition-
ing the population using a discrete polygonal grid
or non-overlapping areas, we opted to model neigh-
bourhoods continuously across space, with a radius
of 200 m around each of 549 nest boxes occupied at
least once during the study (Fayet et al., 2014), which
we sampled across the duration of the study. This ra-
dius is necessarily arbitrary but strikes a good com-
promise between describing the relevant spatial scale
at which vocal interactions occur, which extends up
to around 180 metres (Bircher et al., 2021; Blumen-
rath & Dabelsteen, 2004), and maintaining an ad-
equate sample size in areas of low density (neigh-
bourhood sizes range from 7 to 60, mean 30.3 ±
14.9). Importanty, neighbourhoods defined in this
way are highly non-independent, so we model both
this methodological spatial dependence and other
sources of complex spatial autocorrelation intrinsic
to the study site by including a 2D Gaussian process
(GP), which estimates a length-scale parameter defin-
ing a variance-covariance matrix for the spatial lo-
cations based on their distance (Dearmon & Smith,
2016; Gelfand & Schliep, 2016; Wright et al., 2021).
We confirmed that this eliminated the residual spa-
tial autocorrelation via Moran’s I tests. Note that we
fit a separate GP for each year, as treating the spa-
tial dependence as fixed across the study duration,
as is often done, risks further underestimating uncer-
tainty.

We define our predictor variables in the following
way:

• Individual turnover is the proportion of birds
that were not already in a neighbourhood in the
preceding year.

• Dispersal is the mean of the distances, in metres,
that birds in the neighbourhood travelled to get
from their natal territories to their current terri-
tories if they were hatched within the Wytham
population.

• Immigration is the proportion of birds that were
not ringed as nestlings in the population, and

• Neighbourhood age is the mean age of the birds
within it.

Figure S4.2 illustrates that our sampling process did
not introduce bias into any of these predictor vari-
ables: the birds from which we recorded song reper-
toires were, on average, representative of the true
neighbourhood composition. Figure S4.3 shows the
distribution of the ’raw’ variables across the study
site.

Operational definitions of cultural diversity, uniqueness,

and turnover In this paper we use simple descriptions
of cultural diversity, uniqueness, and turnover, that
intuitively capture relevant aspects of the collective
song repertoires of neighbourhoods in relation to the
rest of the population. We define our outcome vari-
ables in the following way:

• We calculated a simple relative diversity index
by dividing the number of unique song types by
the total number of songs in a neighbourhood.

• To calculate the uniqueness index, we computed
the relative frequency of each song type in the
current year in the entire population. We then
took the complement (1 - ) of the logarithm of
the mean of the relative frequencies of each song
type present in the neighbourhood.

• We calculated the rate of song cultural turnover
as the proportion of unique song types in a given
year that were not already present in the same
neighbourhood the preceding year.

In this way, ’diversity’ describes the relative pro-
portion of unique songs in a neighbourhood, and
’uniqueness’ refers to how uncommon, on average,
the songs of the birds in a neighbourhood are. These
two ways of characterizing cultural diversity are
(as expected) anti-correlated in our study site due
to the effect of sampling: more frequent songs are
sampled more readily, causing larger sample sizes—
neighbourhoods with more density and therefore
songs—to yield lower average estimates of diversity
and higher average estimates of uniqueness, in a non-
linear manner. Once this is adjusted for, which we
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do by including a GAM term capturing the nonlin-
ear effect of the sample size, diversity and unique-
ness are positively correlated, as expected (see Fig-
ure S4.5; models novm2 and novm2.1 ; spatial distribu-
tion of these variables in Figure S4.6). All the rel-
evant models adjust for these effects of neighbour-
hood density and sampling.

Models To study the effect of dispersal and immi-
gration on local cultural diversity and uniqueness,
we built log-normal models (divm1 , novm1 ) and esti-
mated the marginal effects of the proportion of im-
migrants, mean dispersal distance, and mean neigh-
bourhood age, while also adjusting for individual
turnover, year, and spatial dependence. Lastly, to ex-
amine whether the effects of immigration and disper-
sal on cultural diversity were related to individual
differences in repertoire size and uniqueness, we fit
two further models predicting the absolute number
of unique songs in a neighbourhood while also ad-
justing for the number of birds (divm2 ) and the num-
ber of songs (divm2.1 ).

The rate of song cultural turnover was the re-
sponse variable in two models: one (turnm1 ) trying
to estimate the total effect of turnover and a sec-
ond (turnm2 ) estimating the marginal effects of the
proportion of immigrants, mean dispersal distance,
and mean age while also adjusting for individual
turnover, year, and spatial dependence. In both cases,
we modelled the response distribution as a truncated
log-normal with a hurdle (logistic) part to account for
the zeroes.

Model estimates and reporting

We built the models and approximated the poste-
rior distributions of the parameters of interest using
brms (Bürkner, 2017), an interface to the Hamiltonian
Monte Carlo engine Stan (Stan Development Team,
2023). We then processed the posterior distributions
with the help of the marginal effects package. We
checked model convergence via the effective number
of samples, visual inspection of the chain trace plots,
and the Gelman-Rubin diagnostic. Estimation in a
Bayesian framework returns a posterior distribution
of possible values instead of point estimates. By con-
vention, we report posterior central estimates (means
or medians) and their 95% credible intervals, but also
include plots with full posteriors. Note that categori-
cal predictors are dummy-coded and continuous pre-
dictions z-score transformed.

For each parameter of interest, we calculated pre-
dictions or marginal effects at the means or other rel-
evant values. Regression plots show predicted val-
ues of the mean and their credible intervals, as well
as partial residuals adjusted to the means or other
relevant values of the explanatory terms included

in the model (Fox & Weisberg, 2018; Larsen & Mc-
Cleary, 1972). We have tried to build reasonable mod-
els, but even then our estimates should not be inter-
preted causally. Figure S4.11 shows posterior predic-
tive checks for all models in the study. See the soft-
ware section at the end for a complete list of libraries
used in the various analyses and the code repository
for full model specifications.

Software

Song processing and analyses were carried out us-
ing pykanto (Merino Recalde, 2023a) and rely on
the following open-source scientific libraries or tools:
numpy (Harris et al., 2020), scipy (Virtanen et al.,
2020), pandas (The pandas development team, 2023),
numba (Lam et al., 2015), pytorch (Paszke et al.,
2019), torchvision (TorchVision maintainers and con-
tributors, 2016), pytorch lightning (Falcon & The Py-
Torch Lightning team, 2019), tqdm (da Costa-Luis,
2019), ray (Moritz et al., 2018), soundfile (Bechtold
& Geier, 2022), umap (McInnes et al., 2018), joblib
(Joblib Development Team, 2020), hdbscan (McInnes
et al., 2017), seaborn (Waskom, 2021), scikit-image
(van der Walt et al., 2014), librosa (McFee et al., 2015),
bokeh (Bokeh Development Team, 2018), ujson (van
Kemenade et al., 2023), psutil (Rodola, 2023), attrs
(Schlawack, 2019). We also used R version 4.2.1
(R Core Team, 2022) and the following R packages:
bayesplot (Gabry & Mahr, 2022; Gabry et al., 2019),
box (Rudolph, 2023), brms (Bürkner, 2017, 2021),
ClustGeo (Chavent et al., 2021), colorspace (Zeileis et
al., 2020), config (Allaire, 2020), devtools (Wickham
et al., 2022), DHARMa (Hartig, 2022), fs (Hester et al.,
2023), ggdist (Kay, 2023), ggraph (Pedersen, 2022a),
httpgd (Rupprecht, 2023), igraph (Csardi & Nepusz,
2006; Csárdi et al., 2024), insight (Lüdecke et al.,
2019), kableExtra (Zhu, 2021), languageserver (Lai,
2023), marginaleffects (Arel-Bundock, 2023), model-
summary (Arel-Bundock, 2022), patchwork (Peder-
sen, 2022b), progress (Csárdi & FitzJohn, 2019), renv
(Ushey & Wickham, 2023), rprojroot (Müller, 2022),
scales (Wickham & Seidel, 2022), scico (Pedersen &
Crameri, 2023), sf (Pebesma, 2018; Pebesma & Bi-
vand, 2023), svglite (Wickham et al., 2023), terra (Hi-
jmans, 2023), tidygraph (Pedersen, 2023), tidyverse
(Wickham et al., 2019), viridis (Garnier et al., 2023).
See the code repositories for specific versions of these
libraries.
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SUPPLEMENTARY INFORMATION

Table S4.1. Model information

Individual Repertoires

rep_m_1 repertoire_size ∼ 1 + immigrant + s(sampling_effort) + year +
(1 | father)

cratio 301 242

rep_m_1.1 repertoire_size ∼ 1 + dispersal_distance + s(sampling_effort)
+ year + (1 | father)

cratio 133 105

rep_m_1.2 repertoire_size ∼ 1 + age + s(sampling_effort) + year + (1 |
father)

cratio 256 205

repnov_m_1 average_frequency ∼ 1 + immigrant + s(sampling_effort) +
year + (1 | father)

lognormal 300 242

repnov_m_1.1 average_frequency ∼ 1 + dispersal_distance +
s(sampling_effort) + year + (1 | father)

lognormal 133 105

repnov_m_1.2 average_frequency ∼ 1 + age + s(sampling_effort) + year + (1
| father)

lognormal 256 205

Cultural Similarity

disp_m_1 mean_dist1 ∼ 0 + natal_distance + nest_distance +
year_born_diff + year + (1 | mm(father, father2))

Gaussian 8745 105

imm_m_1 mean_dist1 ∼ 0 + resident_status + year_born_diff +
nest_distance + year + (1 | mm(father, father2))

Gaussian 11029 205

age_m_1 mean_dist1 ∼ 0 + natal_distance + nest_distance +
year_born_diff + year + (1 | mm(father, father2))

Gaussian 8745 105

Cultural Novelty and Diversity

nov_m_1 uniqueness ∼ 0 + prop_immigrant +
mean_dispersal_distance + prop_same_birds + mean_age +
s(n_current_songs) + year + gp(x, y, by = year)

lognormal 791 GP

div_m_1 diversity ∼ 0 + prop_immigrant + mean_dispersal_distance +
prop_same_birds + mean_age + s(n_current_songs) + year +
gp(x, y, by = year)

lognormal 791 GP

nov_m_2 uniqueness ∼ 0 + diversity + s(n_current_songs) + year +
gp(x, y, by = year)

lognormal 791 GP

nov_m_2.1 uniqueness ∼ 0 + diversity + year + gp(x, y, by = year) lognormal 791 GP

div_m_2 n_unique_current_songs ∼ 0 + prop_immigrant +
mean_dispersal_distance + prop_same_birds + mean_age +
s(recorded) + year + gp(x, y, by = year)

Gaussian 791 GP

div_m_2.1 n_unique_current_songs ∼ 0 + prop_immigrant +
mean_dispersal_distance + prop_same_birds + mean_age +
s(n_current_songs) + year + gp(x, y, by = year)

Gaussian 791 GP

Cultural Turnover

turn_m_1 prop_shared ∼ 0 + prop_same_birds + year + gp(x, y, by =
year, k = 25, c = 5/4)

hurdle
lognor-
mal

544 GP

turn_m_2 prop_shared ∼ 0 + prop_immigrant +
mean_dispersal_distance + mean_age + prop_same_birds +
year + gp(x, y, by = year, k = 25, c = 5/4)

hurdle
lognor-
mal

544 GP

Model Formula Family N Groups
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Table S4.2. Model variable key

repertoire_size Number of distinct song types sung by an individual

immigrant Immigrant status (hatched in the population / not hatched in the population)

sampling_effort Total number of recordings obtained for this individual

year Year in which the repertoire was recorded

father ID of the male; BTO (British Trust for Ornithology) ring number

dispersal_distance Postnatal dispersal distance, in metres, from the natal nest box to the breeding nest box

age The age of the bird. This is exact if the bird was ringed as a pullus in the population, or
approximate (based on plumage moult) otherwise

average_frequency The mean of the frequency of each song in a bird’s repertoire in a given year

mean_dist1 Average minimum Euclidean distance between the repertoires of two birds

natal_distance Distance in metres at which two birds were born

nest_distance Distance in metres at which two birds bred

year_born_diff The absolute difference between the birth years of two birds

mm(...) Multi-membership grouping term for the similarity network

resident_status Origin of a pair of birds: both, one or neither were hatched in the population

prop_immigrant Proportion of the birds in a neighbourhood that were not hatched inside the population

mean_dispersal_
distance

Mean postnatal dispersal distance, in metres, of the birds in the neighbourhood

prop_same_birds Proportion of the birds in a neighbourhood that were already there the year before

mean_age Mean age of the birds in a neighbourhood

n_current_songs Absolute number of song types in a neighbourhood (not unique song types), which correlates
with neighbourhood size but we use to further adjust for the fact that some birds sing more songs

gp(x, y) 2D Gaussian process to model spatial dependency in the data

n_unique_
current_songs

Number of unique song types in a neighbourhood

uniqueness The uniqueness of a bird’s repertoire, quantified as 1 minus the logarithm of the mean frequency
of the songs in its repertoire for a given year

recorded Number of birds recorded singing in a neighbourhood, which is linearly correlated with
neighbourhood size

prop_shared Proportion of the song types in a neighbourhood that were already present. Reported as 1-
prop_shared: ’song turnover’

Variable Description

Table S4.3. Model estimates

Individual Repertoires

rep_m_1 immigrant > 0 0.239 [-0.098, 0.593] 6.963 0.874

rep_m_1.1 dispersal distance < 0 -0.201 [-0.443, 0.045] 10.111 0.910

rep_m_1.2 age > 0 0.064 [-0.108, 0.241] 2.701 0.730

repnov_m_1 non-immigrant < 0 -0.049 [-0.2, 0.1] 2.401 0.706

repnov_m_1.1 dispersal distance > 0 0.203 [0.088, 0.316] 741.857 0.999

repnov_m_1.2 age > 0 -0.017 [-0.093, 0.058] 0.540 0.351

Model Hypothesis Estimatea Evid. Ratio Post. Prob

Continued on next page
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Table S4.3. Model estimates (Continued)

Cultural Similarity

disp_m_1 natal distance > 0 0.001 [0, 0.002] 22.529 0.958

disp_m_1 nest distance > 0 -0.005 [-0.006, -0.004] Inf 1

imm_m_1 both resident-both immigrant
< 0

0.002 [-0.005, 0.01] 0.438 0.304

imm_m_1 both resident-one immigrant
< 0

0.002 [-0.002, 0.006] 0.331 0.248

age_m_1 age difference 0-1 > 0 0.002 [0, 0.003] 12.289 0.925

age_m_1 age difference 0-2 > 0 0.004 [0.002, 0.006] Inf 1

age_m_1 age difference 0-3 > 0 0.006 [0.003, 0.008] 1999 1

age_m_1 age difference 0-4+ > 0 0.01 [0.006, 0.013] Inf 1

Cultural Novelty and Diversity

nov_m_1 mean dispersal distance < 0 -0.018 [-0.023, -0.012] Inf 1

nov_m_1 proportion immigrant < 0 0.001 [-0.005, 0.006] 0.752 0.429

nov_m_1 mean age < 0 0.012 [0.005, 0.019] 399 0.998

nov_m_1 individual turnover < 0 0.001 [-0.005, 0.008] 1.733 0.634

div_m_1 mean dispersal distance < 0 -0.005 [-0.01, 0] 26.65 0.964

div_m_1 proportion immigrant < 0 0.002 [-0.004, 0.007] 0.442 0.306

div_m_1 mean age < 0 0.021 [0.014, 0.027] Inf 1

div_m_1 individual turnover < 0 -0.002 [-0.008, 0.005] 0.446 0.309

nov_m_2 diversity > 0 0.713 [0.629, 0.795] Inf 1

nov_m_2.1 diversity > 0 -0.099 [-0.216, 0.018] 0.086 0.080

div_m_2 mean dispersal distance < 0 -0.658 [-0.999, -0.315] 570.429 0.998

div_m_2 proportion immigrant < 0 0.469 [0.1, 0.837] 62.492 0.984

div_m_2 mean age < 0 1.045 [0.576, 1.495] Inf 1

div_m_2 individual turnover < 0 0.204 [-0.291, 0.683] 3.077 0.755

div_m_2.1 mean dispersal distance < 0 0.019 [-0.213, 0.249] 0.824 0.452

div_m_2.1 proportion immigrant < 0 0.072 [-0.168, 0.312] 2.259 0.693

div_m_2.1 mean age < 0 0.928 [0.599, 1.245] Inf 1

div_m_2.1 individual turnover < 0 -0.031 [-0.349, 0.279] 0.726 0.421

Cultural Turnover

turn_m_1 individual turnover > 0 0.072 [0.054, 0.09] Inf 1

turn_m_2 mean dispersal distance < 0 -0.022 [-0.039, -0.006] 79 0.988

turn_m_2 proportion immigrant < 0 -0.051 [-0.065, -0.037] Inf 1

turn_m_2 mean age < 0 -0.044 [-0.063, -0.026] 3999 1

turn_m_2 individual turnover < 0 0.047 [0.028, 0.066] Inf 1

Model Hypothesis Estimatea Evid. Ratio Post. Prob

a Estimates are Medians and 95% Credible Intervals
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Each point in this map 
represents a nest box 
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Figure S4.1. Map of the study site and sampling locations.
This study was conducted in Wytham Woods, a 385-hectare semi-natural woodland surrounded by farmland. Data was collected
during the breeding seasons of 2020, 2021, and 2022 by regularly checking 1018 nest boxes, documenting information such as
breeding pair identities, clutch initiation and hatching dates, clutch size, and fledgling details according to standardized protocols,
and recording the songs of the birds in the population using 60 AudioMoth acoustic loggers. The map shows the location of the nest
boxes where we recorded song repertoires.
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Figure S4.4. Examples of song type clusters in the study population.
Colours and connected lines represent the same song type cluster sung by different birds. Some song types are sung by many birds,
while others are unique to a single bird. The clustering process is based on song similarity derived from a deep metric learning model
and a manual categorization process following McGregor and Krebs (McGregor & Krebs, 1982b).
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3D mesh spectrogram of a great tit song.
Watch video animation here
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SUMMARY

Human and avian song traditions are not static; they evolve culturally. When melodies are passed from one individual
to another, be it a person or a bird, they are shaped in non-random ways by the inherent biases of learners and their
interactions. If biases are shared among individuals, this process can serve to stabilize variation. For instance, while
human songs exhibit considerable cross-cultural diversity in the organization of pitch and rhythm, some melodic and
rhythmic patterns emerge repeatedly, and these facilitate accurate learning and transmission. Despite their many
differences, both human and bird songs rely on vocal production and a process of cultural transmission, which sug-
gests that a comparable process might also occur in bird songs. This study presents preliminary evidence that the
acoustically simple yet highly diverse songs of great tits are also underpinned by non-random rhythmic and melodic
structures. These structures share some common characteristics with human songs, such as the use of a limited
number of melodic interval categories, small interval sizes, and isochronic rhythms. Our findings suggest that i) biases
associated with vocal learning and performance can give rise to similar structural patterns across different species,
and ii) melodic and rhythmic biases may help to stabilize song cultures, even in the face of high turnover.

Keywords: animal culture; bird song; demography, cultural evolution

INTRODUCTION

MUsic, especially in the form of song, is ubiqui-
tous across human societies. Although some

features of music are considered universal—songs
are dominated by short phrases, discrete pitches with
small melodic intervals, and simple rhythmic ratios
(Mehr et al., 2019; Savage et al., 2015)—there exists
significant variation that is specific to different cul-
tural traditions, times, and places. This diversity
emerges from a complex interplay between cogni-
tive and motor factors common to all humans, which
anchors variation, with the dynamics of exposure
and preference, transmission errors, and other neu-
tral processes that lead, over time, to cultural diver-
gence (Savage, 2019; Tchernichovski et al., 2017; Tier-
ney et al., 2011a; Verhoef & Ravignani, 2021)

Songs are typically passed down orally, and this
process of learning and reproduction introduces
changes in their structure; some random, and oth-
ers directional. However, these learning and cul-
tural transmission processes do more than just intro-
duce minor variations in pitch or timing; they can
also shape the underlying structure of melody and
rhythm, pushing them toward stable musical ’cul-
tural attractors’ (Buskell, 2017; Claidière & Sperber,

2007). These attractors manifest as relatively discrete
modes within the distribution of melodic and rhyth-
mic intervals (Anglada-Tort et al., 2023; Jacoby et al.,
2021; Verhoef & Ravignani, 2021), which may serve
to align the perception, memory, and reproduction
of information between individuals, enhancing the fi-
delity of cultural transmission and limiting the drift
of cultural traits (Anglada-Tort et al., 2023; Falandays
& Smaldino, 2022; Fehér et al., 2009; Heyes, 2018; Sal-
dana et al., 2019; Trehub, 2015).

Recent findings suggest that similar processes may
take place in the songs of certain bird species that
exhibit structured, categorical organization in their
songs. For example, Roeske et al. (2020) found that
domestic zebra finch Taeniopygia guttata and thrush
nightingale Luscinia luscinia songs had discretized
isochronous rhythms. Xing et al. (2022) describe
that Australian pied butcherbird Cracticus nigrogu-
laris rhythms are categorically organized, and the
songs of hermit thrushes Catharus guttatus (Doolittle
et al., 2014) and musician wrens Cyphorhinus arada
(Doolittle, 2012) use notes whose frequencies are re-
lated by small intervals in the overtone series (but see
exceptions: Araya-Salas, 2012; Dobson and Lemon,
1977). This has been interpreted as evidence that

https://orcid.org/0000-0003-3903-1288
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some basic characteristics of human music might
arise through processes that are more taxonomically
widespread and not exclusive to it (Doolittle et al.,
2014).

It is essential to recognize that, while human mu-
sic and bird song are often compared, they are far
from perfect analogues; they serve different pur-
poses and are subject to distinct evolutionary pres-
sures. Birdsong, in particular, is much more con-
strained due to factors such as sexual selection, en-
ergy costs, and the different species’ ecology (De-
mery et al., 2021; Nowicki et al., 1998; Sierro et al.,
2023; Spencer et al., 2003; Verzijden et al., 2012). Nev-
ertheless, there are significant parallels between hu-
man and songbirds’ vocal learning capabilities and
the neural circuitry that underlies them, which has
led to the establishment of songbirds as a model sys-
tem in the study of vocal learning (Jarvis, 2019; Rouse
et al., 2021). Our current understanding suggests that
bird species capable of vocal learning have a genet-
ically predetermined ’song space’ (James & Sakata,
2017; Lachlan et al., 2010); within it, and paralleling
human cultural variation, songs can evolve in vari-
ous directions due to demographic and cultural pro-
cesses. In this sense, it is reasonable to speculate that
some of the same mechanisms that give rise to ’cul-
tural attractors’ biasing or enhancing the fidelity of
song transmission in human cultures may also oper-
ate in bird songs. These mechanisms, as discussed
by (Tchernichovski et al., 2017), likely include a com-
pression process that leads to the transition from
continuous variation to categorical syllable types—
a phenomenon similar to that described in the evo-
lution of linguistic structure (deCastro-Arrazola &
Kirby, 2019; Gibson et al., 2019; Kirby, 2017; Silvey
et al., 2019; Tamariz & Kirby, 2016). This transition
could result from motor and perceptual biases, or be
driven by the dynamics of cultural transmission it-
self: both of these processes could contribute to more
accurate song transmission, aided by a restricted, cat-
egorical song space.

This leads to the intriguing possibility that cultural
stability in bird song across larger temporal and spa-
tial scales may not solely result from accurate learn-
ing of existing variation, as assumed in most models
of song evolution (Hudson & Creanza, 2022; Lachlan
et al., 2018; Pichkar et al., 2023; Youngblood & Lahti,
2022). Instead, underlying structural biases similar
to those present in music and language may play an
important role during the learning and production
process. The presence of stable structural patterns in
bird songs could shed light on the seemingly para-
doxical nature of cultural change in species where
song cultures exhibit polymorphism, experience sig-
nificant and rapid turnover of cultural variants, and

yet adhere to recognizable and stable patterns over
long time periods. To explore these questions, rather
than focusing on concrete acoustic features such as
spectral bandwidth, fundamental frequency, or note
duration, we need to move on to study the relational
properties underpinning songs—their melodic and
rhythmic structure. We aim to determine a) whether
these structural aspects exhibit clustering within the
song space of species and, if so, b) to what extent at-
tractor points or regions of high probability can them-
selves vary culturally.

This chapter tackles only the first of these ques-
tions, which regards the empirical distribution of
melodic and rhythmic structure in bird songs. To
do this, we use a dataset comprising more than a
million notes from a population of great tits, col-
lected over three years in Wytham Woods, Oxford-
shire, UK (Merino Recalde et al., 2023). While great
tits may not be celebrated for their melodious tunes,
with some likening their songs to a ’squeaky wheel-
barrow’ or ’bicycle pump’, they are great for this re-
search: their songs consist of phrases composed of
one to three spectrally simple and stable notes, which
restricts their combinatorial complexity and allows
automated analysis. Our preliminary findings pro-
vide evidence that the melodic and rhythmic land-
scape of great tit songs exhibits a high degree of struc-
ture, suggestive of sources of stability beyond accu-
rate learning of song types.

METHODS

Chapter 3 contains a detailed description of the data
collection and preparation process, and Figure 3.2
shows a graphical description. Figure 5.1A contains
a visual summary of the melodic interval and rhyth-
mic ratio extraction process.

Study site and data collection

We study great tits, small birds with a short repro-
ductive lifespan of around 1.9 years. These birds
sing often during the breeding season, which lasts
from March to June. They form socially monoga-
mous pairs and defend territories around their nests
(Hinde, 1952). We carried out this research Wytham
Woods, in Oxfordshire, UK (51◦46 N, 1◦20 W). This
semi-natural deciduous woodland spans approxi-
mately 385 hectares and has been under study since
1947 (Lack, 1964). Most great tits in this population
breed in marked nest boxes, with individuals bearing
unique British Trust for Ornithology (BTO) metal leg
rings. Our data collection spanned from late March
to mid-May in the breeding seasons of 2020, 2021,
and 2022. Fieldworkers regularly checked the 1018
great tit nest boxes weekly before and during the egg-
laying period, recording information such as breed-
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ing pair identities, clutch initiation and egg-hatching
dates, clutch size, and fledgling number.

To capture male great tit vocalizations, we took ad-
vantage of the bird’s behaviour during the reproduc-
tive period, when they consistently sing near their
nests at dawn, before and during egg-laying (Mace,
1987). We deployed autonomous AudioMoth (Hill
et al., 2019) sound recorders near nest boxes occu-
pied by great tits, placing them on nearby trees at
a consistent height and orientation (within 1 to 2
metres of the nest box and no more than 5 metres
away). We used 60 AudioMoth recorders (30 in 2020),
housed within custom waterproof enclosures. Our
recording sessions began approximately one hour be-
fore sunrise, (sunrise times during the recording pe-
riod spanned from 05:36 to 04:00 UTC). Each session
consisted of seven consecutive 60-minute recordings,
sampled at 48 kHz with a 16-bit depth. To cover a
wide range of bird activity, we placed each recorder
at a single location for at least three consecutive days
before relocating it to a different nest box. This in-
volved moving 20 recorders daily (10 in 2020) across
the study site. Despite variations in song ampli-
tude due to distance and direction, our observations
didn’t reveal any systematic bias in song selection.

Data processing and annotation
We processed and annotated the recordings using
custom software and Python 3 scripts (van Rossum,
1995), with the open-source package pykanto
(Merino Recalde, 2023). The tools and scripts can be
accessed at github.com/nilomr/great-tit-hits-setup.
In our data processing workflow, we began by seg-
menting songs based on visual inspection of spec-
trograms, aiming to isolate segments where bird
notes were distinctly discernible from background
noise. This manual process was performed using
Sonic Visualiser (Cannam et al., 2010). To ensure
that songs were correctly attributed to individual
birds, we implemented measures to minimize false
positives. Recordings with multiple vocalizing birds
were discarded unless one bird’s vocalization was
significantly louder. Songs with a maximum ampli-
tude below a threshold of -16 dB were also discarded
(see Merino Recalde et al., 2023). We used normal-
ized, band-passed mel-scale spectrogram representa-
tions for all subsequent operations (specific parame-
ters detailed in the repository repository).

Note segmentation

Next, we segmented songs into their constituent
notes using a dynamic threshold algorithm imple-
mented in pykanto (Merino Recalde, 2023), partly
based on work by Sainburg et al. (2019). After a series
of morphological transformations and de-echoing,
the algorithm identified spectral envelope minima as

silences and divided the signal into shorter segments
when needed, while discarding segments below min-
imum note duration. This relatively naive automated
segmentation process is sensitive to factors like back-
ground noise, varying note amplitude, vegetation
interference, sound direction changes, and perfor-
mance variations, which can lead to missed or incor-
rectly delimited notes. Despite these challenges, we
achieved an estimated 96.3% accuracy based on man-
ual checks of 1048 randomly selected notes.

Song type annotation

Finally, we classified each song type in the dataset
using a semi-supervised approach implemented in
pykanto . This involved creating average unit spec-
trograms for each song, reducing dimensionality
with UMAP (McInnes et al., 2018), and perform-
ing cluster analysis with HDBSCAN (McInnes et al.,
2017) for each bird. While useful, this method can
sometimes separate similar song renditions due to
performance variation or background noise, poten-
tially overestimating the repertoire size. To mitigate
this, we employed pykanto ’s interactive app to re-
view and adjust clusters as needed Merino Recalde et
al., 2023. We benefited from the consistent songs of
great tits, which have relatively limited, stereotyped
repertoires (1 to fewer than 15 song types).

Calculating rhythmic and melodic structure

Melodic intervals

First, for each note segment, we convert onset and
offset times in seconds to frame indices, extract
the corresponding audio segments and compute the
Short-Time Fourier Transform (window size = 1024,
giving a frequency resolution of 21.53 Hz). Then,
we apply a binary frequency mask to the magnitude
spectrogram to retain only the frequencies within a
specified range ( fmin to fmax), determined by the re-
gion of interest in the frequency domain drawn dur-
ing segmentation. We then compute the mean of the
masked spectrogram along the frequency axis to ob-
tain the mean magnitude for each frequency bin and
identify the one with the maximum value as the peak
frequency. Great tit songs are spectrally simple, so
this provides a good estimate in most cases.

After this, we calculate the interval size for each pair
of adjacent note peak frequencies in the song,

∆ST = 12 · log2

(
fi

fi+1

)
(5.1)

Where ∆ST represents the semitones difference be-
tween two consecutive note frequencies, fi is the fre-
quency of the i-th note, and fi+1 is the frequency of
the i + 1-th note.

https://github.com/nilomr/great-tit-hits-setup
https://github.com/nilomr/great-tit-hits-setup
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Strength of interval categories For clarity, we partition
our analyses based on the spectral properties of notes
in a song (see Song typology). The pure and un-
modulated melodies typically preferred in studies of
bird songs (Dobson & Lemon, 1977; Doolittle, 2012;
Doolittle et al., 2014; Tierney et al., 2011b) show
strong evidence of interval categories, which cannot
be attributed to poor sampling (this is the second
most common category, with n = 28,542) or an arte-
fact of the frequency extraction process (we can re-
solve differences > 21.5 Hz). Although the position
of the modes in the distributions derived from all
other 2-note types is similar, we still need to make
sure that the weaker pattern found in songs where
notes are spectrally more complex (e.g., have har-
monics) is not an artefact of the frequency extraction
process and indeed reflects looser categories.

Rhythmic intervals

We calculated song rhythmic ratios, denoted as R, as
the ratio of each interval to the total length of that
interval along with the subsequent one, following
Roeske et al. (2020) and Xing et al. (2022):

R =
in

in + in+1
(5.2)

Here, in stands for the Inter-Onset Interval between
the n-th note and the next note (n + 1). Each Inter-
Onset Interval (IOIi) is calculated from the time seg-
mentation described in the previous section as:

IOIi = Onseti+1 − Onseti (5.3)

Where i ranges from 1 to n − 1, representing each
note except the last one.

Resampling and Kernel Density Estimation

Songs have varying lengths, and levels of vocal pro-
duction by birds differ greatly. To ensure that our
results were not driven by an imbalance in the data,
we sampled 5 intervals with replacement from each
song sung by each bird, then repeated this process for
each song type, so that each song type contributed 10
songs to the balanced dataset. Finally, to account for
variation in repertoire size and sample size per year,
we again sampled songs with replacement from each
individual bird or year, depending on the analysis,
during the Kernel Density Estimation (KDE) proce-
dure.

To explore the distribution of melodic interval
sizes and rhythmic ratios, following Anglada-Tort et
al. (2023) we compute one-dimensional KDEs over
a grid of 1000 values in the range of the data, us-
ing a bandwidth of 0.15 semitones for melodic inter-
vals and 0.015 s for the rhythmic intervals to balance
smoothing and resolution. Then, to quantify uncer-
tainty around the mean KDE estimates, we bootstrap

them by repeatedly resampling the data, recomput-
ing the KDE, and calculating the mean and standard
deviation of the density estimate across the bootstrap
samples. We do this for the entire dataset, and for
each in the typology of songs described below sepa-
rately.

Song typology

To investigate potential variations in the motor chal-
lenges and constraints associated with different song
types, we classified songs into distinct subsets based
on the number of notes, spectral properties of the
notes, and the presence or absence of frequency mod-
ulation, defining the following song typology (sam-
ple sizes in the balanced dataset in parentheses):

• One note: Songs consisting of a single note re-
peated rhythmically (5,161).

• Two notes: All songs composed of two different,
alternating notes (126,947).

• Two notes, pure and unmodulated: Songs with
two notes, each consisting of a single stable,
pure, unmodulated tone (28,542).

• Two notes, none pure: All two-note songs
where neither note is pure and unmodulated
(19,394).

• Two notes, both harmonic: Songs featuring two
notes, both of which have harmonic components
(75,665).

• Three or more notes: Songs comprising three or
more notes. There are few three-note melodies,
so we did not split these by spectral or modula-
tion properties (31,305).

Because we are extracting dominant or peak frequen-
cies fd instead of fundamentals f0, there is a chance
that the results for songs with notes that are not pure-
tone or where fd and f0 do not coincide are noisier, or
do not capture the target pitch as well. This typology
also allows us to isolate songs made up of pure-tone
notes, which have been preferentially used in prior
work (Dobson & Lemon, 1977; Doolittle, 2012; Doolit-
tle et al., 2014; Tierney et al., 2011b), and where that
is not a problem.

Ethical note

All work involving birds was subject to review
by the University of Oxford, Department of Zool-
ogy, Animal Welfare and Ethical Review Board (ap-
proval number: APA/1/5/ZOO/NASPA/Sheldon/
TitBreedingEcology). Data collection adhered to lo-
cal guidelines for the use of animals in research and
all birds were caught, tagged, and ringed by BTO li-
cence holders (NMR’s licence: C/6904).
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RESULTS AND DISCUSSION

We analyse a dataset of 1,161,033 notes and extract
a balanced dataset of 164,055 melodic and rhythmic
intervals. Our results are divided into two main
sections, one focusing on melodic structure and the
other on rhythm. In both cases, we find that the struc-
ture of great tit songs is not random and shares simi-
larities with human songs and those of other singing
birds and mammals. Our findings have implications
for understanding cultural change and variation in
bird songs, which we discuss briefly.

Melodic structure

In a series of iterated learning experiments with hu-
mans, Anglada-Tort et al. (2023) discovered that as
melodies were learned and passed on, they acquired
properties seen across human cultures (Brown & Jor-
dania, 2013; Mehr et al., 2019; Savage et al., 2015). In
particular, they became biased towards a small vo-
cabulary of intervals (≤7 categories, or ’peaks’), and
used small interval sizes (≤7 semitones, or a perfect
fifth). We now present evidence that the distribution
of melodic intervals in the songs of our great tit pop-
ulation follows a structured pattern and shares some
of these characteristics with human melodies and dis-
cuss some possible reasons for this convergence. (See
Figure 5.1A and Figure 5.2.)

Great tit songs favour small intervals

The mean interval size observed in great tit songs
from Wytham Woods was approximately 4.37 semi-
tones (95% CI [4.36, 4.38]). This falls in line with the
interval sizes produced by human participants from
India and the United States, which had a combined
mean of 4.48 semitones (95% CI [4.24, 4.72]). This
prevalence of small interval sizes (≤7 semitones),
one of a few true statistical ’universals’ in music
(Savage et al., 2015), can be likely attributed to vo-
cal range constraints: melodies transmitted orally
tend to be biased toward small intervals, in contrast
to those transmitted through other means or solely
driven by preference Anglada-Tort et al. (2023). That
the precise range is so similar to humans is inter-
esting but presumably a coincidence driven by the
particular vocal abilities of great tits. In contrast, a
study analysing melodic intervals in musician wrens
(Doolittle, 2012) found that the most common inter-
val was the octave (12 semitones), which is extremely
rare in great tits; and a comparison of 80 bird songs
with human melodies showed that the latter have
smaller average intervals on average (Tierney et al.,
2011b). This difference might stem from the fact that
some birds can execute large pitch jumps in their
songs by independently adjusting tension in the labia
of their bipartite syrinx (Suthers, 2004).

Interestingly, in the cross-cultural experiment by
Anglada-Tort et al. (2023), melodic intervals pro-
duced by Indian participants were significantly
smaller (3.25 [2.93, 3.57] semitones on average, 95%
CI) than those produced by US participants (5.71
[5.55, 5.86] semitones). This aligns with corpus stud-
ies showing that intervals in Carnatic melodies are
smaller than those in Western melodies (Bowling et
al., 2012) and suggests that, even within the range
dictated by motor-vocal constraints, cultural influ-
ences can still shape the general distribution of inter-
val sizes in human music. As for great tit song, we
cannot definitively conclude whether the variation in
average interval sizes is similarly influenced by cul-
tural factors, simply because our dataset, although
comprehensive, is derived from a single population.
However, we present qualitative evidence that, de-
spite the high turnover in great tit songs due to pop-
ulation turnover and other demographic processes
(as discussed in the previous chapter), the coarse-
grained distribution of interval sizes remains remark-
ably stable across three consecutive years (see Fig-
ure S5.1). This stability is again likely to stem, at least
in part, from vocal range constraints (both motor and
physiological).

Skip-reversal patterns In order to further characterize
the general melodic structure of great tit songs, we
plot the interval size in semitones as a function of the
interval’s starting frequency in Figure 5.1C. This re-
veals a very strong pattern known as ’skip-reversal’,
where larger intervals are associated with extreme
pitches—a phenomenon that has stirred debate in
musicology quarters (Von Hippel, 2000) but likely
arises from a simple process of regression to the
mean due to motor constraints. In essence, when a
melody approaches the boundaries of the singer’s
comfortable vocal range, also known as the ’tessi-
tura,’ it has little choice but to return toward the cen-
tre of the range (Tierney et al., 2008; Von Hippel, 2000;
Von Hippel & Huron, 2000).

Melodic intervals are categorically organized

As we have seen, great tit songs predominantly fea-
ture small melodic intervals, which can likely be at-
tributed to motor-vocal constraints. Next, we want to
determine if the distribution of interval sizes within
the vocal range of great tits is different from what
we would expect by chance. To find out, we cre-
ated a null distribution by shuffling the empirical
distribution of frequencies and recalculating inter-
val sizes. This null distribution represents what we
would expect if birds with the same vocal range had
no preference for specific interval sizes (shown as
the grey discontinuous line in Figure 5.1B). Sim-
ply due to the unimodal shape of the distribution of
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Figure 5.1. Visual description of the methods; melodic structure in great tit songs.
(A) Simplified visual summary of the process used to extract melodic and rhythmic intervals; see also Methods (B) Density estimate
of the distribution of interval sizes over the entire dataset (songs consisting of two notes), with mean (black line) and SD (orange line).
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for interval sizes within their range. (C) Great tit songs strongly show a pattern known as skip-reversal, where larger intervals are
associated with extreme pitches, which has been the subject of debate in (human) musicology (Von Hippel, 2000) but likely arises
from a simple process of regression to the mean.

note frequencies sung by great tits (mean frequency:
4310.05 Hz, SD: 926.5; Figure 5.1C, top panel), inter-
val sizes in this null distribution are centred around
zero. Though perhaps naive—due to communicative
and perceptual pressures, we might expect birds to
avoid barely perceptible changes, for example—this
comparison allows us to see that the empirical distri-
bution of melodic intervals is highly structured, and
it is so in interesting ways. Figure 5.2 presents the
probability density distribution estimated for each
set of songs in our typology.

One-note songs The one-note case in Figure 5.2A is,
by definition, tightly clustered around the unison (0
semitones), and gives a good idea of the population-

level variance found when birds are trying to repeat
the same note consistently.

Songs with multiple notes In cases where birds sing
melodies with two or more notes (Figure 5.2B-F), we
observe a noticeable dip in the smallest intervals (less
than 2 semitones). This suggests that birds strongly
avoid melodies with very small frequency changes.
Interestingly, this pattern resembles what we find in
human songs, where it’s interpreted as a result of
perceptual preferences (Bowling et al., 2012; Kuroy-
anagi et al., 2019). However, it could also relate to
production difficulties, as very small intervals might
be harder to sing accurately than unisons or larger
leaps (Anglada-Tort et al., 2023).
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The rest of the distribution also exhibits non-
random features. It reveals evidence of potential
melodic interval categories, defined as local max-
ima or modes. These patterns may be driven by
a preference for certain interval sizes or interval ra-
tios, a phenomenon observed in human music and
hypothesized to play a role in bird song (Doolittle,
2012; Doolittle et al., 2014); motor or physiological bi-
ases, or other, currently unknown processes. Some
melodic intervals produced by great tits in our popu-
lation cluster around specific interval categories com-
monly found in human music; these include inter-
vals of 7 and 4 semitones, both ascending and de-
scending, which correspond to what is considered
the most consonant interval within the octave (per-
fect fifth, 3:2) and the major third, respectively. See
Table 5.1. The latter, which in the harmonic series
would correspond to the interval between the fourth

and fifth harmonics, is the most common interval
size in great tit songs.

We also see a peak around 5.2 semitones in the
simpler (two-note, pure, unmodulated) songs Figure
5.2C which is not present in Figure 5.2D–F. The differ-
ence in the exact location of these peaks across the ty-
pology of songs might reflect an interaction between
song syntax or production and interval categories, or,
as discussed in the Equation 5.2.3, less precise mea-
surement due to the spectral complexity of notes.

It is fascinating to consider the possibility that
similar perceptual, cognitive, and production biases
might shape the interval structure in both great tit
and human melodies. However, even if the align-
ment of interval categories is coincidental, the pres-
ence of a limited number of modes (at ≈7, ≈5.2,
≈4, and ≈0 semitones; ascending and descending)
within a comprehensive dataset of songs represent-
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Figure 5.2. Kernel density estimates of the distribution of melodic intervals across a typology of songs.
In this figure, we categorize songs into distinct types based on the number of notes they contain and their spectral properties and plot
the estimated density distribution of melodic intervals, measured in semitones and spanning the octave (ascending and descending).
(A) One note: Songs consisting of a single note repeated rhythmically. (B) Two notes: All songs composed of two different, alternat-
ing notes. (C) Two notes, pure and unmodulated: Songs with two notes, each consisting of a single stable, pure, unmodulated tone.
(D) Two notes, none pure: All two-note songs where neither note is pure and unmodulated. (E) Two notes, both harmonic: Songs
featuring two notes, both of which have harmonic components. (F) Three or more notes: Songs comprising three or more notes.
There are few three-note melodies, so we did not split these by spectral or modulation properties.

https://en.wikipedia.org/wiki/Perfect_fifth
https://en.wikipedia.org/wiki/Perfect_fifth
https://upload.wikimedia.org/wikipedia/commons/transcoded/2/2a/Just_major_third_on_C.mid/Just_major_third_on_C.mid.mp3
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Table 5.1. Name and size of intervals within the octave in the Western chromatic scale.
This table includes interval name, number of semitones, interval sizes measured in cents within equal temperament, corresponding
frequency ratios with respect to just intonation, and the decimal values for those just intonation intervals in twelve-tone equal temper-
ament (adapted from Muller, 2016).

Scale-Step Interval Semitones Equal Temp. (cents) Ratio 12 TET value

Perfect Unison (U) 0 0 1:1 1

Minor Second (m2) 1 100 16:15 1.059463

Major Second (M2) 2 200 9:8 1.122462

Minor Third (m3) 3 300 6:5 1.189207

Major Third (M3) 4 400 5:4 1.259921

Perfect Fourth (P4) 5 500 4:3 1.33484

Tritone (T) 6 600 64:45 1.414214

Perfect Fifth (P5) 7 700 3:2 1.498307

Minor Sixth (m6) 8 800 8:5 1.587401

Major Sixth (M6) 9 900 5:3 1.681793

Minor Seventh (m7) 10 1000 16:9 1.781797

Major Seventh (M7) 11 1100 15:8 1.887749

Octave (P8) 12 1200 2:1 2

ing distinct song types that undergo rapid turnover,
suggests that melodic structure does not merely
evolve randomly due to copying errors. Instead, it
raises the possibility that interval categories play a
role in stabilizing and anchoring cultural variation,
much like they do in human melodies, whether of
motor, perceptual, or cognitive origin. More gener-
ally, there is evidence that the emergence of shared
categories in an otherwise graded or continuous
trait space facilitates efficient and accurate transmis-
sion (deCastro-Arrazola & Kirby, 2019; Falandays &
Smaldino, 2022; Kirby, 2017; Silvey et al., 2019; Tcher-
nichovski et al., 2017), and we suggest that a similar
process might drive the patterns in our data.

From our multi-year dataset, we observe that the
exact positions of interval categories are relatively
stable, although not as much as the broader shape
of the distribution (two main modes and a trough
between them, Figure S5.1). However, adequately
testing whether these fine-scale melodic biases can
also shift due to cultural evolutionary processes will
require longer-term data or data from a wider geo-
graphic region.

Rhythmic structure
Rhythmic patterns in songs are constructed by the
temporal intervals between note onsets and can be
broadly categorized into periodic or aperiodic. Peri-
odic or repeating patterns can further be divided into
isochronous—where a single interval, say, 0.5 sec-
onds, is consistently repeated—and heterochronous,
where intervals vary in duration. Heterochronous
patterns, in turn, can be described by small integers
(like 1:2) or more complex ratios (e.g., 16:23). In hu-
man music, rhythms often employ ratios such as 1:2,
1:3, and 2:3 but avoid ratios like 31:8 (Ravignani et al.,
2014). Regular or isochronous patterns are a perva-

sive feature of musical rhythm, often attributed to the
need for group coherence and predictability in collec-
tive performance and dancing (Kotz et al., 2018).

Furthermore, cross-cultural experiments have
shed light on the prevalence of specific rhythmic tem-
plates across different societies. 1:1 and 2:1 rhyth-
mic templates are widespread across cultures, while
more complex ratio categories, such as 3:2 and 4:3,
are influenced by cultural trajectories and exposure
(Jacoby & McDermott, 2017; Jacoby et al., 2021; Polak
et al., 2018). Combined with other laboratory experi-
ments (Ravignani et al., 2017) showing how these can
emerge from random stimuli and enhance how accu-
rately participants can reproduce them, this may in-
dicate that these categories emerge, at least in part,
during learning and cultural transmission and serve
to stabilize it.

Rhythmic abilities in other species

While the focus of most research on rhythm has
rested with human music, there is increasing evi-
dence that other animal species can both produce
and discern regular rhythms (Rouse et al., 2021; van
der Aa et al., 2015; Verga et al., 2022). For exam-
ple, zebra finches, thrush nightingales, rock hyraxes
Procavia capensis, and various singing primates have
demonstrated isochronous rhythm production (De
Gregorio et al., 2021, 2023; Demartsev et al., 2023;
Norton & Scharff, 2016; Raimondi et al., 2023; Roeske
et al., 2020). This suggests that more fundamental,
widespread motor or perceptual processes may un-
derlie these rhythmic abilities. Integer ratio rhythms
might be more easily produced, for example, or rep-
resentational constraints could affect perception and
make categories characterized by simple mathemat-
ical relationships more likely to arise (Jacoby & Mc-
Dermott, 2017; Ravignani et al., 2018; Roeske et al.,
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Figure 5.3. Rhythmic ratios in one and two-note songs.
Density estimate of the distribution of rhythmic ratios in one-note (left) and two-note songs (right), with mean (black line) and SD
(orange line). The discontinuous grey line represents a null distribution created by shuffling the empirical distribution of inter-onset
intervals and recalculating interval sizes.

2020).

Exploring Rhythmic Structure in Great Tit Songs

In this context, we examine the rhythmic structure
of great tit songs. Similar to our approach with
melodies, we compare the empirical distribution of
rhythmic ratios with a null distribution obtained by
shuffling the observed range of inter-onset intervals
(the time between consecutive note onsets) and recal-
culating the ratios between them. The analysis re-
veals that rhythm in great tit songs is generally bi-
ased towards isochrony (Figure 5.3). We also inves-
tigate whether rhythmic structure remains invariant
when considering other song properties, such as the
number of notes in a phrase. Our findings suggest
that rhythm interacts with syntax or melodic struc-
ture, as it is not consistent across all song types (Xing
et al., 2022).

One-note songs For instance, the distribution of one-
note songs (0 semitone intervals) is strongly orga-
nized around isochronic rhythms (identical intervals,
1:1 ratio), as evidenced by a steeply unimodal dis-
tribution perfectly centred around 0.5 in Figure 5.4A.
This finding contributes to a small but growing body
of evidence of this universal characteristic of hu-
man music in other species (De Gregorio et al., 2021,
2023; Demartsev et al., 2023; Raimondi et al., 2023;
Roeske et al., 2020; Rouse et al., 2021; Xing et al.,
2022). Indeed, we speculate that as more instances of
isochrony in animal vocalizations are discovered, ex-
ceptions may become more intriguing than the norm.

Two-note songs As summarized in Figure 5.4B, two-
note songs also have a unimodal distribution of
rhythmic ratios, with more variance. Interestingly,
they deviate slightly from an isochronous pattern,
with the first interval being more often slightly
shorter than the second. This pattern is reminiscent

of patterns observed in Indris lemurs (De Gregorio et
al., 2021) and Australian pied butcherbirds (personal
observation from Xing et al., 2022). We believe there
are two possible explanations for this deviation: mo-
tor constraints due to producing alternating frequen-
cies that are not present in the single-note phrases,
or a more complex, perceptually-mediated departure
from expectations akin to ’tempo rubato’ (De Grego-
rio et al., 2021; Parncutt, 1994) or ’backbeat delay’ in
music (Frane, 2017).

Songs with more than two notes In songs that fea-
ture more than two alternating notes, the rhythmic
landscape becomes more complex. Peaks emerge
around isochrony (1:1) and a ≈ 1:2 ratio, along with
other, more complex rhythms. When great tits pro-
duce three-interval rhythms, our analysis reveals dis-
tinctive modes near the two smallest integer ratios,
which are widely prevalent in human music perfor-
mances and traditions (Jacoby & McDermott, 2017;
Jacoby et al., 2021). This, which has also been found
in thrush nightingales and indris (De Gregorio et al.,
2021; Roeske et al., 2020), is again strongly sugges-
tive of common motor, cognitive, or perceptual bi-
ases across vocalizing species.

CONCLUSION

In this study we examined the melodic and rhyth-
mic structure of great tit songs using a large multi-
year dataset of over 100,000 songs from a popula-
tion in Wytham Woods, UK. We found that great tit
songs favour small intervals, likely due to vocal mo-
tor constraints, and also showed patterns like avoid-
ance of very small intervals (<2 semitones). Great tit
songs exhibited structured patterns in their melodic
intervals rather than random variation, with poten-
tial evidence of interval categories or modes around
specific interval sizes like 0, 4, 5.2 and 7 semitones.
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The songs also showed biases towards isochronous
rhythms (1:1 ratios) in one-note songs, with increas-
ing complexity in multi-note songs including emer-
gent modes around small integer ratios like 1:2.

These results provide preliminary evidence that
the melodic and rhythmic structure of great tit songs
is not simply shaped by random variation, and is
suggestive of underlying processes like motor con-
straints, perceptual biases, or cultural evolutionary
dynamics. Some of these patterns, like the preva-
lence of small melodic intervals, multimodal interval-
lic distributions, and isochronous rhythm, align with
observations in human music and other species, hint-
ing at potentially shared mechanisms. However, di-
rect comparisons should be made cautiously given
the very different functions and factors shaping bird-
song and human music.

The existence of relatively stable interval cate-
gories within the rapidly changing song culture of
great tits (see Chapter 4) raises the possibility that

such categories could play a role in anchoring or
stabilizing cultural evolution, analogous to hypothe-
sized mechanisms in human music and language. In
order to test if some of these fine-grained patterns
themselves evolve culturally, which would provide
evidence for a cultural origin, we will need longer-
term and geographically more widespread data. Our
results are descriptive and cannot shed light on the
underlying causes (e.g. production constraints, cog-
nitive biases, cultural processes) of the observed dis-
tribution of intervals: further experimental and com-
parative studies will be needed to tease apart these
factors.

DATA AND CODE

The code to replicate these analyses and figures can
be found at github/nilomr/greti-song-intervals. All
the data are available from osf.io/n8ac9, and docu-
mented here.
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Figure 5.4. Kernel density estimates of the distribution of rhythmic ratios across a typology of songs.
We categorize songs into distinct types based on the number of notes they contain and their spectral properties and plot the es-
timated density distribution of rhythmic ratios, calculated as the ratio of the first inter-onset interval to the sum of the first and the
second. Orange vertical lines and shaded areas represent, from left to right 1:2, 1:1, and 2:1 rhythms, and the ’on-integer’ ranges as
per De Gregorio et al. (2021) and Roeske et al. (2020)
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Figure S5.1. Kernel density estimates of the distribution of melodic intervals across a typology of songs in different years.
In this figure, we categorize songs into distinct types based on the number of notes they contain and their spectral properties and plot
the estimated density distribution of melodic intervals, measured in semitones and spanning the octave (ascending and descending).
Colours represent separate years in our study.
(A) One note: Songs consisting of a single note repeated rhythmically. (B) Two notes: All songs composed of two different, alternat-
ing notes. (C) Two notes, pure and unmodulated: Songs with two notes, each consisting of a single stable, pure, unmodulated tone.
(D) Two notes, none pure: All two-note songs where neither note is pure and unmodulated. (E) Two notes, both harmonic: Songs
featuring two notes, both of which have harmonic components. (F) Three or more notes: Songs comprising three or more notes.
There are few three-note melodies, so we did not split these by spectral or modulation properties.







6. GENERAL DISCUSSION

SUMMARY OF THE THESIS

BIrd song captivates human imagination. It has
influenced music, literature, and inspired exten-

sive research into its neurobiology, production, and
function. Today, the study of bird song is experienc-
ing a renaissance driven by new technological and
theoretical tools. Advances in acoustic data collec-
tion, signal processing, and machine learning have
made it feasible to collect and analyse vast datasets
at lower costs. At the same time, insights from cul-
tural evolution theory provide new conceptual tools
that are allowing a richer understanding of diversity
and variation in bird song, understood as a cultural
phenomenon. This thesis tries to take advantage of
both and contribute to our understanding of vocal
behaviour and cultural dynamics within natural pop-
ulations of birds. It makes contributions across four
areas that are of significance for the research process
(chapters 2 and 3) and bird song cultures (chapters 4
and 5).

When I started this project, I, very naively, in
hindsight, thought that the methodological tools I
would need were available. As I built enclosures for
the audio recorders and planned the first field sea-
son, I began trying different workflows around ex-
isting tools—which was difficult given how little I
knew about signal processing and programming—
and nothing seemed to be quite right for the task,
especially given just how much data I was going to
try to collect. It was not planned at first, but as I
went on, some of the tools and ideas that I was learn-
ing coalesced into a software library, which is now
published and has already been used by other re-
searchers. This is introduced in Chapter 2.

I knew that the kinds of questions about cultural
change and diversity that I wanted to ask required
large amounts of data, beyond what has typically
been the case in fields such as behavioural ecology—
it is simply difficult to collect lots of high-quality
bird songs from individual birds in their natural
habitats, so it is rarely done. During approximately
nine months in the field, I, with the invaluable help
of fantastic masters students Loanne Pichot in 2021
and Antoine Vansse in 2022, collected and later an-
notated over 100,000 songs from hundreds of birds.
As part of this process, I was also lucky to con-

tribute to the collective long-term monitoring effort
in Wytham Woods, which involved ringing and mea-
suring traits for around 2,000 great and blue tits
over three years. Now, although my personal in-
terests lie in cultural evolution, I know that there
are many open research questions—about repeatabil-
ity and stability, vocal individuality, and the connec-
tions between vocal performance, diversity, and fit-
ness, to name a few—where research is hindered by
the fact that individual-level datasets of songs from
wild birds tend to be small and hard to come by. So, I
made publishing all the song data and associated in-
formation on individual life histories a priority, hop-
ing that others will benefit from my effort, too. Chap-
ter 3 consists of a detailed description of the dataset
and how I generated it.

Then, I use this extensive dataset to explore
two processes, or rather, combinations of processes,
which influence cultural change and diversity in ani-
mal groups:

The first of these concerns the demographic com-
position and structure of populations, which, al-
though in a way extrinsic to culture, has been theo-
rized to play a central role in cultural evolution. In
Chapter 4, I assess the strength of associations be-
tween variation in the demographic composition of
neighbourhoods and cultural outcomes. I present ev-
idence showing how individual-level differences in
repertoire size and diversity can influence emergent
group-level cultural dynamics. The results empha-
size the need for empirical and modelling studies of
cultural change to account for the demographic char-
acteristics of populations, as well as their inherent
heterogeneity across time and space: They shape in-
dividuals’ learning opportunities, and this, in turn,
can have large impacts on cultural diversity and
turnover.

A second set of processes is intrinsic to the cogni-
tive and motor abilities that support social learning
and the formation of cultures. In the preceding chap-
ter we saw that cultural turnover, the progressive re-
placement of song types, is very high at short tempo-
ral scales. And yet, this highly polymorphic culture
is stable on larger spatial and temporal scales. In the
final chapter, Chapter 5, I use ideas from the study
of musical and linguistic evolution and find prelim-
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inary evidence that, despite their diversity, great tit
songs use fewer rhythmic and melodic patterns than
would be expected by chance. These categories likely
result from motor, information-processing, or percep-
tual biases, and, paralleling their role in human mu-
sic, they might serve to stabilize cultural change—
even in the face of high turnover.

FUTURE DIRECTIONS

The week I began to get the hang of this and, for the
first time, felt like I had learned enough to begin this
research—that very same week I found myself facing
the thesis submission deadline. That is to say that
each of these chapters, and particularly the last two
that present empirical findings, feels like an initial ex-
ploration. There is ample room for improvement, a
few clear next steps, and some aspects of bird song
culture that, while important, this thesis has not ex-
plored.

In Chapter 4, I developed a method for re-
identifying birds based on their songs. This method
uses deep metric learning with a visual transformer
model and has proven surprisingly effective: It en-
abled the identification of birds that could not be
physically identified but were present in the vocal
dataset across different years. Given its practical ap-
plications, I intend to conduct more thorough testing
and create a more streamlined pipeline to make it ac-
cessible to other researchers.

Chapter 5 is still very much a work in progress. I
started thinking about this only recently, but I think
it holds some potential. I plan to use data from citi-
zen science platforms to test if rhythmic and melodic
structures are stable over very large spatial scales—
if they can vary, this would represent evidence that
cognitive biases can be socially acquired and evolve
culturally—and to develop more formal tests of these
ideas.

Although we compiled a large dataset contain-
ing both song recordings and individual-level fitness
metrics (see Chapter 3), I did not carry out any ex-
plicit research on the potential adaptive or selective
consequences of cultural diversity or signal structure.
Fitness is a complex trait influenced by many factors,
such as environmental conditions, resource availabil-
ity, predation pressure, territory quality, competition,
and individual condition. Disentangling any spe-
cific fitness effects of cultural variation in songs from
these confounding factors is extremely difficult, espe-
cially in a natural population where many variables
cannot be controlled and there may be a bidirectional
relationship between songs and individual fitness.
Research attempting to do this often tests for correla-
tions between a host of song characteristics and some
fitness outcome, interpreting any significant results

as evidence for direct selection: avoiding this prob-
lematic approach would require at the very least a
full thesis of its own. So, instead, I chose to concen-
trate on investigating other, understudied processes
shaping cultural diversity and turnover within the
population, as well as the structure of the songs them-
selves. Why? Neutral or non-adaptive change is an
important aspect of cultural evolution, and it hap-
pens to align most closely with my personal research
interests. Be that as it may, exploring the potential
adaptive significance of cultural diversity, turnover,
and song structure—especially in the context of sex-
ual selection—remains a logical next step for future
research on this system.

The thesis presents evidence that demographic fac-
tors, such as population turnover, immigration, and
age structure, can impact the diversity and pace of
change in animal vocal cultures. However, cultural
traits themselves may also influence demographic
processes. For example, culturally transmitted mi-
gratory routes or feeding techniques may affect sur-
vival and reproductive success, shaping population
growth and structure. Additionally, cultural prefer-
ences for certain mates or behaviours can influence
patterns of dispersal and gene flow, further shaping
demographic dynamics. Learning and song-sharing
can also reinforce or modifying existing social struc-
tures by affecting mate choice, territorial behaviour,
or social hierarchies, which in turn can influence the
transmission and maintenance of cultural traits.

Similarly, cognitive and motor biases, such as per-
ceptual or production constraints, are known to in-
fluence the structure and stability of cultural traits
like bird songs. But, slightly annoyingly, cultural
traits themselves could potentially shape or reinforce
these biases. For example, which cultural variants
are learned could influence the development and tun-
ing of auditory perception or vocal motor skills in in-
dividuals while, at the same time, songs that align
with existing biases may be more readily acquired
and maintained, reinforcing or amplifying those bi-
ases over generations.

The potential for these recursive interactions be-
tween culture and the factors that shape it has impor-
tant implications for our understanding of cultural
evolution: it suggests that cultural processes cannot
be studied in isolation but must be considered within
a broader ecological and evolutionary context where
culture may act as a source of evolutionary feedback,
shaping the conditions that initially gave rise to it.
Studying these feedback loops empirically will re-
quire conducting research over different timescales
and using approaches different from those in this the-
sis, as well as integrating demographic, genetic, cog-
nitive, and cultural data.
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In this vein, an early and more humble goal of this
thesis, which I never had time to fulfil (why does ev-
erything take so long?) was to integrate our knowl-
edge about demographic processes in the Wytham
great tit population with insights on structural bias
in songs within the same modelling framework. This
would allow us to estimate how they, together and

separately, affect estimates of frequency-dependent
learning biases and learning fidelity. Who knows
what will come next, and if I will ever get around to
doing any of this, but if you are reading this and are
interested, please reach out.

K



SInging great tit male perched on a hawthorn
in bloom. Vector Illustration. This thesis was

typeset using LATEX, developed by Leslie Lamport
based on Donald Knuth’s TEX. By Nilo Merino Re-
calde, 2023
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