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ABSTRACT

On the social media platform TikTok, users are able to engage with
each other’s content by using the Duet feature, which allows them
to re-share another user’s video while also layering on additional
content to the original video. Through this, the affordances of the
Duet feature facilitate a distributed and collaborative creative pro-
cess, in which we can observe the evolution of cultural artifacts
through the different versions that are produced from user contri-
butions. As a result, the open-ended nature of these collaborations
positions engagement as both a creative and social act. In this paper,
we identify the ways in which the Duet feature supports decentral-
ized co-creativity and engagement between users. We find that the
cumulative nature of an artifact’s creative evolution, along with the
ability for multiple iterations of an artifact to develop in parallel,
facilitates development of diverse creative artifacts.
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INTRODUCTION

Creativity is important for the generation of novel and innovative
ideas and products, and collaboration can often support the devel-
opment of creativity by increasing the diversity of the ideas and
perspectives being considered [1, 10, 26, 57, 64, 74]. With digital
technology, more and more collaborative work is being done online,
meaning that these collaborative interactions are being mediated
by digital platforms and tools [11, 61, 83]. This is particularly true
in the case of large-scale online collaborations such as Wikipedia,
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which are developed through the contributions of many distributed
individuals [47, 55].

Within the music industry, the development of digital platforms
such as Spotify’s Soundtrap [75] has allowed musical collabora-
tions to occur entirely remotely. With interactions between col-
laborators being mediated by digital tools and platforms, we see
the development of new collaborative practices emerge as a result
[20, 54, 60, 61, 84]. In online music collaborations, the ease of du-
plicating and sharing digital artifacts has led to the rise of more
open-ended approaches to collaboration. For example, on the music
collaboration site BandLab, users are able to ‘fork’ a music track,
allowing them to clone work by another user and build off of it
without committing to a formal collaboration [79]. Projects created
by layering together music from different sources can also be found
on other online platforms, and serve as examples of musical artifac-
tual creativity, in which existing ideas or objects are recombined
or repurposed in order to generate new and innovative artifacts
[36, 82]. For example, a YouTube video created by Andre Antunes
features him playing a System of A Down song on electric bass over
a simultaneous video of the musical group the Nooran Sisters, who
are singing a traditional Sufi devotional song [5]. On the website
Reddit, there is also an ‘Improvised Harmony’ community, where
users take naturally occurring rhythmic sounds, such as the sound
created by a running washing machine, and layer melodic and har-
monic components in order to create a music artifact [38]. These
differ from more ‘traditional’ creative collaborations, in that there
is no defined group of collaborators, allowing for a collective and
decentralized process of collaborative creativity to develop. One
example of this is the social media platform TikTok, which has a
feature specifically designed to enable these types of collaborations.

TikTok, a video sharing platform that allows users to create
and share their own videos, currently has over 138 million active
users in the US, and has risen to play a prominent role in modern
popular culture as one of the fastest-growing social media platforms
[16, 30, 51, 80]. On TikTok, users are able to use the ‘Duet’ feature,
which allows a user to take an existing video and create a new
version of it which includes both the original parent video content,
alongside new content created by the user. In the new child video,
this creates the effect of both the original and new content being
played together at the same time, analogous to how two musicians
would play a duet together, hence the name [44]. In this way, the
virtual spaces offered by TikTok and other platforms serve as both
a creative and a social outlet for many musicians [44, 49].

The Duet function also allows for longer Duet chains to form
as new contributors sequentially add additional layers of content,
as can be observed in the screenshot in Figure 1. It is also possi-
ble for an individual video to be Dueted by more than one user,
meaning that a parent video might have multiple child videos, each
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Figure 1: A Duet chain formed through the accumulation of
multiple individual contributions.

of which will be a different version of the original artifact. As a
result, is it possible for an individual TikTok video to proliferate
into numerous digital versions. Because we are able to capture the
parent-child relationships between videos, it is possible to graph
the relationships between these versions by representing individual
videos as nodes, and the parent-child relationships between them
as edges, as seen in the example in Figure 2. Here we see that each
Duet chain can be traced back to one initial root video, which is
the first video created in the chain. The root video itself is not a
Duet, and therefore does not have a parent video, as is illustrated in
Figure 2, where we can see that root video content contains a single
video contribution. In this example, the root video was then Dueted
3 times, making it the parent video for videos A, B and C. Video C
was then Dueted twice, making it the parent video for videos D and
E. This open collaboration model allows anyone on the platform
to contribute to the creative evolution of the artifact, facilitating a
process which is distinct from coordinated online creative collabo-
rations. In this paper, we examine how the technical affordances
of the Duet feature structure these collaborative interactions and
shape the development of the creative artifacts being produced.
Using digital trace data from TikTok Duet videos which featured
musical content, we examined the interaction networks formed by
individual videos’ relationships to one another. This allowed us to
consider the structural elements of the artifact networks created
by users’ collaborative interactions with TikTok Duets. Looking
at three specific case studies, we then extracted quantitative data
about the musical attributes of the videos using Music Information
Retrieval (MIR) software in order to examine artifact development
throughout the process of collaborative creativity. This allowed
us to perform a computational analysis of the evolution of video
content over the course of the Duet interactions by measuring how
the quantitative musical features of the video artifacts changed

Figure 2: An example of the network structure formed by
relationships between videos within Duet Chains. The initial
video, referred to as the root video, is the parent video to
videos A, B, and C, which were created by Dueting the root
video. Video C is then the parent video to videos D and E,
which were created when video C was Dueted. The screen-
shots illustrate how the content changes as additional con-
tributions are added.

over time. We then expanded our analysis to include over 2,000
parent-child video pairs, and collected data on the amount of time
that passed between when a parent video was posted, and when
the corresponding child video was posted. With this data we were
able to model the probability distribution of time in between when
videos were Dueted in order to identify patterns in user engagement
with Duet videos.

We find that the open-ended nature of Duet collaborations and
the social transparency of the TikTok platform encourages a diverse
and collaborative exploration of the creative space by allowing
users to directly engage with publicly accessible digital artifacts.
Our work highlights the importance of digital tools for supporting
collective ideation, and identifies key HCI affordances that can be
leveraged to support collective creativity at scale. This research
furthers our understanding of how the design of socio-technical
tools and platforms can facilitate collective creativity, and how we
can harness the innovation potential of these platforms.

RELATED WORK

Social Creativity

Research into creativity as a social phenomenona has shown that
the larger socio-cultural context affects the ways in which creative
ideas are developed and disseminated [4]. Social networks also play
an important role in the process of creative development, particu-
larly for their role in exposing creative individuals to a wider range
of diverse ideas [6, 10, 22, 64]. For example, research has shown
that musical artists with wider and more well-connected networks
have been observed to create more novel and unique work [57]. In
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addition to affecting the creative process of an individual, social
interactions can also lead to the emergence of a collective creative
process within a group, a phenomenon known as distributed cre-
ativity [63, 71]. In this setting, the creative process is distributed
across multiple actors, and their collaborative interactions of shar-
ing and evaluating ideas, brainstorming, and providing feedback
lead to the development of what Parolin and Pellegrinelli term
a ‘collective creative imagination’ [35, 63, 71]. As a result of the
web of interactions between actors, we can observe a collaborative
emergence of creativity.

Because of this, distributed creativity cannot be understood with-
out examining the interactions that make up these generative pro-
cesses. This is done with interaction analysis, which involves exam-
ining the impact of each individual’s contribution to the creative
artifacts as the collaboration unfolds over time [63, 71]. When con-
sidering how distributed creativity may occur in digital spaces, we
must consider the ways in which interactions are shaped by the
technical affordances of the available tools, both for interactions
between users, and for interactions between users and the creative
artifacts being shared [20, 23, 50]. Currently, much of the research
into distributed creativity has mainly looked at collocated, synchro-
nous interactions, and the qualitative nature of interaction analysis
makes it difficult to scale to larger interaction contexts such as
online platforms [46, 63, 71]. As a result, we do not have a great
deal of information on how the process of distributed creativity
unfolds when these interactions are occurring in a digital space.
Additionally, existing research into online music collaboration has
mainly focused on cases where collaborators are able to directly
communicate and coordinate with one other, typically through a
shared digital work space, or user interfaces that encourage in-
teraction [9, 13, 21, 43, 59, 90]. These studies have highlighted
how shared representations and awareness of others’ activities
can help to encourage greater engagement between collaborators
[21, 39, 59, 65, 78]. With this type of online collaboration, coordina-
tion tools are used to allow collaborators to all work on the same
artifact throughout the project, or aggregate their work into one
final product at the end [41, 76, 83]. However, this is not the case
with the artifactual creativity we observe on TikTok and the other
platforms mentioned above, where contributors do not directly in-
teract with one another and do not share a common workspace. In
order to understand how users are engaging with the collaboration
under these circumstances, we examine the artifact network that is
formed by representing each video as a node, with the edge between
them representing the parent-child relationship. This allows us to
model the structure of the interactions that take place between
the artifact and the individual contributors, and identify the group
collaboration patterns that emerge.

Computational Music Analysis

With TikTok Duets, the interactions occur solely between the user
and an artifact, not between individual users. Since the contribu-
tion made by each individual user is captured when they interact
with the artifact to create a new version, we can examine how
the content of the artifact changes over time across these differ-
ent versions. Here we see the video artifact serves the function of
an ‘intermediary object’, acting as a shared representation within
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the collaborative process [18]. The content of the video provides
the user with the information necessary to identify the available
perceptual affordances, which are the ways a user perceives they
can interact with and add to the artifact [27-29]. As a result, the
artifact also serves a communication purpose and allows for the
flow of information within the interaction network [34]. Through
examining the artifact content and how it changes with each addi-
tional user contribution, we can therefore analyze the emergence of
distributed creativity over the course of the artifact’s development
[2, 71].

The changes to the artifact’s content will be informed by the
perceptual affordances of the artifact, which are based on the user’s
understanding of the rules or conventions of the particular creative
domain they are working in. This is also referred to as a ‘concep-
tual space’, meaning the structures of thought and generative rules
which impact the ways in which we explore and develop new ideas
[15]. Within the domain of music there are fairly universal princi-
ples of music composition which are grounded in how the human
brain processes sound, and which help us to understand what af-
fordances will be perceived by a listener. One example of this is
the distinction between consonance and dissonance. While some
musical styles will incorporate dissonant elements for color and
decoration, it is a fairly universal principle that music is grounded
in the construction of consonant sounds. Through research into Au-
ditory Scene Analysis, we know that the human brain goes through
the process of auditory grouping, which allows us to take the raw
input of sound waves, and make sense of them based on features
such as pitch, timbre, and amplitude [19]. This allows us to distinctly
perceive the main components of musical organization, which are
rhythm, melody, harmony, and affect, or is the emotional impact
of music [42]. From these, we see the emergence of certain basic
rules for musical organization, similar to how syntax structures lan-
guage in a way that allows us to extract meaning from it [48]. This
foundation of understanding informs the perceptual affordances
that are available for a specific artifact. For example, if a Duet video
features a song that is in the key of E minor, then that will inform
the user of the kinds of chords and intervals that it would make
sense for them to use in their contribution. Similarly, if the parent
video has music with a Beats Per Minute (BPM) of 60, then the user
would know that their musical contribution needs to be performed
with a BPM of 30, 60, 120, or some other multiple that allows it to
line up with the original.

We can therefore analyze the changes that occur within an arti-
fact over time by using Music Information Retrieval (MIR) software
to extract quantitative data about these perceptually meaningful
music features [12, 32]. This data, referred to as audio features, or
audio descriptors, is information that can be extracted from au-
dio signals and has been demonstrated to provide accurate and
robust data for comparisons of music similarity [12, 52] as well as
for identifying trends in how music genres and styles evolve over
time [17, 40, 56, 67, 73, 85]. Because we are able to capture this
quantitative data, we can perform a computational analysis of the
contributions made by individuals within the interaction network.
As such, the methodology outlined in this paper contributes an
analytical framework with which to examine distributed creativity
in digital spaces.
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Online Interactivity

Previous studies of human interactivity have shown that the tempo-
ral distribution of interaction events tends to be heavily right-tailed
and ‘bursty’, meaning that there are a large number of events with
short periods of time between them, and fewer events with longer
periods of time in between [8, 14, 68]. Within online spaces like Tik-
Tok, the technical affordances of the platform are designed so that
users are able, and encouraged, to engage and interact with existing
content in ways that generate new content, facilitating what are
known as ‘participatory cultures’ [44]. Often on these platforms,
the content creation process incorporates a social element which
helps to encourage user participation and engagement [25, 66]. This
is what is known as an ‘experiential-affection’ type of participation,
which emphasises collective experiences and interactions [45]. We
would therefore expect to observe similar bursty behavior in the
temporal dynamics of users sharing Duets. Additionally, bursty
patterns of interactivity have also been observed during the process
of information diffusion on online platforms as users share content
with one another. During this process of information diffusion on
online platforms, studies have shown that the majority of content
propagation occurs shortly after the initial posting and quickly
drops off [37, 53, 89]. Previous research has also found that when
bursts of attention are recurring, for example when an article is
re-shared on a social media platform, these later bursts tend to both
decrease in volume and have increasingly larger periods of time
between them [37]. The decrease of collective attention over time,
seen in the diminishing returns of recurring bursts, has been attrib-
uted to a decrease in novelty due to previous audience exposure to
the content [37, 53, 89]. In addition to being a form of interaction,
Duets also serve as a mechanism of content diffusion, and for Duet
chains, a new generation being added to an existing chain can be
viewed as a recurring burst of activity. We examine whether, on
average, the amount of time in between generations of a Duet chain
also tends to increase, indicating decreasing collective attention.

METHODOLOGY
Data Collection

For this study, we collected digital trace data from publicly acces-
sible TikTok Duet videos. We started by considering the case of
the TikTok video of the song ‘The Wellerman’, sung by Nathan
Evans, which became a viral sensation in early 2021 both on the
TikTok platform and beyond. By searching the ‘wellerman’ hashtag
on TikTok, we were able to manually collect an extensive list of the
Duet videos which could be traced back to the original Wellerman
video, providing us with a case study that allowed us to examine
the structure and content of the video interaction network. In order
to gather a larger data set that would also allow us to look at the
temporal trends of interactivity, we additionally collected the first
130 Duet videos urls that were returned from a manual search run
in mid March 2022 on the TikTok website for videos tagged with the
‘duet’ hashtag. From this initial data set, we took the list of TikTok
users who had posted the Duet videos, and used a Selenium-based
web scraper which checked the 10 most recent videos that had been
posted to their account. We then collected data on those videos
that were marked with the ‘duet’ hashtag. This data consisted of
the video url, the TikTok user handle of the video poster, the date

the video had been posted, and all hashtags that had been added
to the video. The script also collected the same information for
the original parent video that had been Dueted, meaning that thr
account for the user who had posted the parent video would also be
scraped for Duet videos the next time the script was run. This script
was then run roughly 1-2 times a week for the months of May and
June 2022. Additionally, the script checked all parent videos that
were collected in order to determine if they had also been Dueted.
If so, then the grandparent video data was also collected, and the
parent-grandparent video pair would also be added to the data set.
This was repeated until the original root video was returned. If we
were unable to trace the chain back to the root video due to missing
data, that chain was excluded from the dataset.

In order to filter our data to only include videos with musical
content, we utilized the hashtags that accompanied each video.
From our data set, we compiled a list of all unique hashtags, and
manually coded them to identify those which indicated musical
content. These included generic music terms (eg. music, harmony,
song), instrumentation and voice parts (eg. violin, alto), genre and
style descriptors (eg. rock, indiepop), and song information such
as the song name, artist name, or lyrics. We then used this list to
filter the Duet videos to only include those which had been tagged
with one of the musical content hashtags, or which were in a Duet
chain that included a video tagged with a music content hashtag.
Additional manual review of the videos was also performed in order
to remove Duet chains that contained musically relevant hashtags,
but did not have music as the primary focus of their content, such
as dance videos or videos where the music was used as background.
This left us with 3,242 unique videos, 1,073 of which were root
videos, created by 1,359 unique users and giving us 2,173 parent-
child pairs in total.

Data Analysis

Tree Structure. Because our data collection process preserved the
parent-child relationship between each child Duet video and the
parent video it was Dueted from, we can capture the tree structures
that are formed by longer Duet chains. We can see from the example
in Figure 2 that by tracing the parent-child ties within a given
tree, we can identify the unique paths of nodes between the root
node and each of the terminal leaf nodes, which represent the final
videos in each Duet chain which were not themselves Dueted. We
can then identify which generation an individual video is based
on its distance from the root node, with the root node indicating
generation zero. With this, we can describe individual trees based
on the total number of root-to leaf paths they contain, and the
number of generations in their longest path. Within the trees that
developed from these root nodes, the total number of paths per
tree ranged from 1 to 189, with the total length of individual paths
ranging from 1 to 18 generations.

Although the child video is linked to the parent video within
our data set, this is a one directional tie, and the parent video does
not contain metadata that links it to any of its child videos. As a
result, it is not possible to determine what percentage of all child
videos we have captured for each of the root videos in our data
set. Because of this, we limited our tree structure analysis to the
three largest trees in the dataset. For these, we performed additional
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manual searches on TikTok using relevant hashtags to ensure we
had captured the majority of the videos that linked back to the
root nodes, thereby capturing the majority of the tree structure.
These three trees were the ‘Scream It Out’ tree, with 81 paths and
a maximum path length of 3, the ‘Misty Mountains’ tree, with 14
paths and maximum path length of 18, and the ‘Wellerman’ tree,
with 189 paths and a maximum path length of 16. The Scream
It Out root video, which refers to one of its hashtags, is a short,
humorous clip of a woman about to record herself singing, who
accidentally falls, with the video catching the surprised yell she
makes. The Misty Mountains root video features the song ‘Misty
Mountains’ from The Hobbit movie being performed a cappella by 4
male bass vocalists. The Wellerman root video features an a cappella
male tenor vocalist singing the sea shanty of the same name. One
interesting note is that the root video for the Misty Mountains tree
was actually created by the TikTok user account, The Wellermen,
so named because it was created by a handful of male vocalists
who all connected through contributing to the Wellerman Duet
tree [86].

Video Content Analysis. In the case of Duet videos, each video is the
result of a user interacting with an existing video by Dueting it. The
methodology of interaction analysis involves examining the im-
pact of each individual’s contribution as the collaboration unfolds
over time [71]. Since we are looking at this from the perspective
of the creative development of the artifact, we want to focus on
measuring novelty, as creativity is typically defined in terms of
novelty or originality [69]. For Duet videos, this entails comparing
the key perceptual features of the child video content to that of
the parent video [7, 62, 70]. This can be done using computational
analysis of Music Information Retrieval (MIR) data to map the de-
velopment of the artifact as it undergoes each of these interactions.
However, because Duet videos are created by layering additional
audio over the parent video, many of the quantitative audio fea-
tures that we could capture with MIR data would be effectively
the same for both the parent and child video. These include things
like tempo, musical key, whether the video is in a major or minor
key, the duration of the audio, and the time signature. To account
for this, we instead analyzed video content using automatic music
tagging, a classification process which predicts the semantic tags
most likely to be relevant for an audio sample. These semantic tags
are descriptive keywords that contain high-level meta-data about
the audio qualities of the music sample in questions, such as genre,
mood, the time period the song is from, and the instruments being
played [24, 31]. The process of automatic music tagging consists
of first identifying which audio features extracted from the audio
signal are most relevant for predicting the semantic tags, and then
training a model on a multi-label classification task to assign the
correct tags to the audio samples based on this feature data. For
feature selection, deep convolutional neural networks are often
used, as they are able to learn hierarchical features [24].

To analyze the music content of the videos in our data set, we
used a publicly available Pytorch implementation of a Harmonic
Convolutional Neural Network for automatic music tagging [87, 88].
The model, developed by Minz Won, is trained on audio samples that
have been notated with descriptive semantic feature tags containing
information about the aural attributes of the music. When given
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Figure 3: Output of a Harmonic CNN semantic tagging model,
indicating the probability that each of the semantic features
is accurate for the audio input being analyzed.

new audio samples, the network extracts the audio data and returns
the probability distribution for the top 50 semantic features most
frequently used in the training data, as demonstrated in Figure 3.
This allowed us to generate a feature vector for each video from the
values of the probability distribution across the same 50 semantic
descriptors. With this data, we were able to compare the difference
between each child video’s feature vector and its parent video
feature vector to quantify the change in aural features for each new
version of the video artifact. For example, if a parent video consisted
of an a cappella singer, and the child video added a trumpet player,
the feature vectors for the two videos would be distinct, even if
the trumpet player was doing nothing but doubling the singers
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part exactly. To calculate the aural novelty of each new video with
respect to its parent video, we measured the Euclidean distance
between the two feature vectors. We opted for a distance metric as
opposed to cosine similarity, because the goal of our analysis was to
not just compare similarity between parent-child pairs, but to also
capture the magnitude of the aural feature change that occurred
between the first and last video within a Duet chain.

Content Diversity Analysis. Using the individual feature vectors for
the videos within a Duet tree, we are able to analyze how the artifact
changes over the course of the interactions that it undergoes. For
each of the paths within a given tree, we can look at the distance
between each video’s feature vector and the feature vectors of
the videos that came before it in the path in order to understand
how much overall change is being introduced to the artifact, and
how the artifact is moving through the feature space. To examine
the overall change within a path, we calculated the net distance
between the root video’s feature vector, and the feature vectors of
each video in the path. This allows us to see the net distance from
the root node that each path travels within the feature space for each
successive generation. From this, we can see the total magnitude
of change being made to the aural features of the artifact over time.
Additionally, we calculated the distance between each child video’s
feature vector and its parent video feature vector, in order to see
the relative magnitude of change between each generation of an
individual path. We then also took the cumulative sum of these
distances across the entire path in order to calculate the absolute
distance within feature space that the path had traveled over each
successive generation.

Temporal Metrics. In order to consider the temporal nature of user
interactivity with Duet videos, we need to look at the distribution of
inter-event times, which is the amount of time that passes between
when the parent video is posted, and when the child video is posted.
Within our data set, we were able to collect data about the posting
date for 3,030 videos across 1,268 users, giving us 2,005 pairs of
parent-child videos for which we could calculate the inter-event
time. For our analysis, we considered both the amount of time that
had passed between when the parent video was posted and the
child video was posted, as well as which generation the child video
was within its Duet chain. The available TikTok data for when
each video was posted only included a date and not a time stamp,
therefore the time in between video events for each child-parent
pair was calculated by subtracting the parent video date from the
child video date to yield the number of days that elapsed.

RESULTS
Tree structure

To examine the tree structures that were formed, we selected the
three largest trees from the data as case studies. These were the
‘Scream It Out’ tree, with 81 paths and a maximum path length of 3,
the ‘Misty Mountains’ tree, with 13 paths and maximum path length
of 18, and the ‘Wellerman’ tree, with 189 paths and a maximum
path length of 16. The tree structure for each of these can be seen
in Figures 4, 5, and 6. These three examples illustrate that there
can be a great deal of variety in the tree structures that are formed

by Duet chaining. These differ from more traditional creative col-
laborations, in that there is no defined group of collaborators, and
the collaborative process is both uncoordinated and decentralized.
Most importantly, we see that there is no one final end product,
rather the original artifact is able to branch off into multiple ver-
sions. This is distinct from the other types of online collaborations
we have seen, both small and large-scale, where coordination tools
are used to allow collaborators to all work on the same artifact
throughout the project. Duet chains therefore contrast sharply with
more traditional creative collaborations, in that there is no one
defined group of collaborators, and the number of contributors is
able to scale considerably.

Content Diversity

We then examined the content diversity of the videos contained
within these three case studies. As seen in Figures 7, 8 and 9, the
graphs on the left display the net distance within feature space
traveled by each path, and the graphs on the right display the
the relative magnitude of change between each generation of an
individual path, and the cumulative amount of absolute distance
each generation of the chain has traveled within the feature space.

We can observe how novelty can be introduced through the
successive iterations that occur within an individual path, which
captures the evolution of an individual instance of the artifact. With
the Misty Mountains tree in Figure 8 and the Wellerman tree in
Figure 9, we can see the aggregation process and its effect on the
novelty of a path over many generations. From these examples we
can observe that the net distance traveled within the feature space
tends to increases over time. However, because the Duet feature
preserves each iteration of the artifact along a path, the amount of
novelty represented by a path is not solely limited to how far from
the root node the leaf node of a path is, but also by the amount of
exploration that is happening as it moves within the feature space.
This is demonstrated by the fact that the cumulative distance a path
travels through feature space is not necessarily the same as the net
distance that it travels from the root node. We can also observe how
different paths that develop from the same root node can end up
moving into different areas of feature space. By applying Principal
Component Analysis to the video feature vectors, we can map this
movement within a 2-dimensional representation of the feature
space, and look at the differences in the relative positioning of two
different paths.

In Figure 10 we compare the movement within the feature space
for two different paths from the Wellerman tree. Here we can
see that the two paths overlap for the first few generations and
then branch off. Following that, each successive generation within
the individual paths brings them to a new location, and they ulti-
mately end up in two different areas of the feature space. For the
first few generations where the paths overlap, we saw a capella
male bass harmonization added. Path A, which was 9 generations
long, then diverges from the other path with the addition of an
electronic bass line, created in the style of bump house music.
Following that, additional acoustic violin voices are added. The
leaf node video for Path A can be viewed at https://www.tiktok.
com/@annaeyink/video/6921079536071347461. Path B, instead has
only acoustic contributions. Following the point where the two
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Scream It Out Duet Tree
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Figure 4: In the tree formed from Duet chains originating from the ‘Scream It Out’ root video, we see a large number of paths,

but all of the paths are very short.
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Figure 5: In the tree formed from Duet chains originating from the ‘Misty Mountains’ root video, we see fewer total paths,
however this tree has a path which is 18 generations long, the longest in our data set.

paths diverge, Path B also sees the additional of acoustic violin,
along with female soprano, flute, and harp parts. The leaf node for
Path B can be viewed at https://www.tiktok.com/@harpistkt/video/
6918390090163096838. We can see that despite the two paths shar-
ing the same starting point, and having some commonalities in the
types of instruments and voice parts they contain, the end results
are aurally quite different, which is reflected by their diverging po-
sitions within the feature space. We can contrast this with the Misty
Mountains tree, where we see the amount of aural change over time
in the longest path is more gradual and consistent than those of the
paths in the Wellerman tree. If we look at the content of this Misty
Mountain path, which can be viewed at https://www.tiktok.com/
@_luke.the.voice_/video/7072762537795931438, we can see that the
majority of the contributions are additional male bass vocals, hence

with each additional generation there is minimal change to the aural
attributes, and therefore less distance between the feature vectors.
Regardless of its starting point, where a path ends up traveling to
in feature space is entirely dependent on the specific contributions
made over the course of that path. This demonstrates that TikTok
Duets are indeed examples of distributed creativity, as their creative
development is an emergent property of the specific network of
interactions that each individual path undergoes.

What is also interesting about TikTok Duet trees is that we can
not only see the evolution of the artifact over time by following a
unique path, but we can see all of the alternative branching paths
that are created. As we can see in Figure 7, the Scream It Out tree
is a good example of this, as it contains a number of unique paths
that all branch out from the root node. From this, we are able to
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Figure 6: The tree formed by Duet chains originating from the “Wellerman’ root video is the largest in our data set, with both a
large number of paths, and more paths containing a higher number of generations than the average for our data set.
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Figure 7: The figure on the left displays the net distance from the root node that each path travels within the feature space with
each additional generation. The figure on the right displays the cumulative amount of absolute distance each generation of
the chain has traveled within the feature space, allowing us to see the gradient of change between each successive generation.
Because the Scream it Out tree contains a high number of short paths, we see lots of initial branching.

observe how multiple branching instances of an artifact allows
for the parallel development of novelty. In addition to comparing
the relative positioning of individual paths, we can also look at
the total span of a Duet tree within feature space across all paths
and all generations, as seen in Figures 11, 12, and 13. This makes
TikTok Duets distinct, in that they are able to facilitate and capture

the proliferation of diversity that results from this decentralized
collaborative process.

Within these Duet trees, we can see how the amount of aural
diversity increases both through the aggregation of additional con-
tent over successive generations within an individual path, and
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Figure 8: The figure on the left displays the net distance from the root node that each path travels within the feature space with
each additional generation. The figure on the right displays the cumulative amount of absolute distance each generation of the
chain has traveled within the feature space, allowing us to see the gradient of change between each successive generation. We
see initial branching, with the longest path showing slight increases in total distance over successive generations.
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Figure 9: Figure on the left displays the net distance from the root node that each path travels within the feature space with
each additional generation. The figure on the left displays the cumulative amount of absolute distance each generation of the
chain has traveled within the feature space, allowing us to see the gradient of change between each successive generation. Here
we see a great deal of variation in the distances traveled by the different paths, and can observe that some paths show sharp
increases in net and cumulative distance at different generations.

through the proliferation of branching paths which can evolve inde-
pendently. This distributed creative process is enabled by the Duet
feature’s ability to create multiple digital instances of an artifact
which can each be interacted with and developed independently.
We also observed examples of content diversity which were outside
the scope of our music tagging data. For example, one of the videos
within the Wellerman tree, which can be viewed at https://www.
tiktok.com/@marypapageorge/video/6918860151374073093, features
an Irish dancer, and is interesting because it introduces a new kind
of interaction not previously seen in the chain. It is also inter-
esting because while it is common for dance and music to be per-
formed together, contextualizing the dancing within a musical Duet
chain reframes it as a music generating activity through its addi-
tion of a percussive component. Additionally, another video in the
Wellerman tree, seen at https://www.tiktok.com/@veepats/video/
6918206108133870854 and in Figure 14, features a user performing

a sign language translation of the song. Here we see the video
modality creating new opportunities for expression and allowing
a more diverse community to engage with and contribute to the
content [58, 77].

Engagement

When considering the time between parent and child videos, we
can see in Figure 15 that the distribution of time in between video
events is very right tailed, suggesting that Duet interactivity ex-
hibits bursty behavior [8]. Additionally, when we model the dis-
tribution of inter-event times with a probability density function
as shown in Figure 16, we can see that the probability of a parent
video being Dueted drops off very quickly as we get further from
the time the video was originally posted.

To then test whether the time in between bursts also increases
within Duet chains, we can compare the distributions of total time
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Figure 10: Using a 2 component PCA, we map two paths from the Wellerman tree to semantic feature space. We can observe
that the paths branch off from one another and develop different aural characteristics, which is represented by their diverging

positions within the feature space over successive generations.
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Figure 11: A 2 component PCA analysis of the Scream It Out
tree videos, mapping each video to its relative position within
the semantic tagging feature space.

between parent-child video pairs for successive generations of
Duets. Because these distributions are heavy-tailed, we can model
each distribution using a power law, which takes the form:

24

p(x) occx” )

Primary Component 1

Figure 12: A 2 component PCA analysis of the Misty Moun-
tains tree videos, mapping each video to its relative position
within the semantic tagging feature space.

Since power laws are scale invariant, this allows us to compare the
different generations’ distributions to one another, even though
we do not have the same amount of data for each generation. This
can be done by comparing the alpha values that are returned when
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Figure 13: A 2 component PCA analysis of the Wellerman
tree videos, mapping each video to its relative position within
the semantic tagging feature space.
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Figure 14: A sign language interpretation of ‘The Wellerman’
is added to the original song via the Duet feature.
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Figure 15: Distribution of total time in days between when
parent video is posted and child video is posted.

each generation’s distribution is fit to a power law. For power law
distributions, a higher alpha value indicates a higher proportional
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Figure 16: Probability density function (p(X), blue) and com-
plementary cumulative distribution function (p(X §x), red)
of frequencies of times in between parent-child video pairs.

concentration of smaller values within the data. If on average, time
in between generations increases for Duet Chains, like we’ve seen
with other examples of online diffusion, then we would expect to
see the alpha value decrease for each successive generation [37]. Us-
ing the Python powerlaw package, we fit the different generations
to a truncated power-law distribution to find the alpha value and
standard error, as seen in Table 1 [3]. We tested each distribution
for goodness of fit using a one-way chi-squared test between the
observed data and simulated data generated from the fitted distri-
bution, and found no statistically significant differences within the
bounds of the observed data.

Table 1: Power-law distribution fit for inter-event times of
different generations of Duet chains.

H Generation Alpha Standard Error H

1 1.2 0.005
2 1.36 0.02
3 1.46 0.05
4 1.27 0.05
>=5 1.26 0.02

Interestingly, what we find is that the alpha values increase
slightly for the first three generations before then decreasing. When
considering why this might occur, it is important to note that for
TikTok Duets, interacting with a Duet chain doesn’t just involve
re-sharing the video, but also adding to the video content in some
way. With TikTok, the defining feature of the Duet function is that
it allows a user to interact with existing videos by adding their
own material to create and share a new version of the artifact
[44]. Therefore, unlike in previous studies of online information
dissemination [37, 53, 89], where content remains static during the
process of propagation, the act of sharing content via the Duet
function also introduces a change to the content. It is possible that
the dynamic nature of the Duet video content means that novelty
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does not immediately begin to decay after the first burst due the
creation of new iterations of the original artifact.

Another consideration is that while the Duet chain videos from
later generations might help bring attention to the Duet tree that is
developing, users viewing them might opt to create a new chain by
Dueting the root video, rather than adding to an already existing
chain. This could potentially explain why we see longer inter-event
times for first generation videos. In Figure 17 we can see from the
timeline of when videos in the Scream It Out tree were posted that
there is initially a delay before activity peaks. It is possible that users
saw the child videos, rather than the root video, and this is what
inspired them to then Duet the root video. If we look at the timeline
for the Wellerman tree in Figure 18, we can also see a similar
pattern on 2021-01-15, where a peak in posts of first generation
videos occurs soon after we observe a larger peak in posts of later
generation videos. This suggests that the social visibility of the
platform also plays a role in motivating user engagement with
Duets.

DISCUSSION

Our results highlight the ways in which the technical affordances of
the TikTok Duet feature shape the creative process of its users, and
the ways that creative artifacts can evolve on the platform. We see
the occurrence of distributed creativity at scale, which is facilitated
by the social nature of the platform, the ability of individuals to
easily view and contribute to creative projects, and the ability for
digital artifacts to proliferate into multiple versions.

Collaborative Exploration of Conceptual Space

The Duet feature allows for an iterative, chaining process of creative
development to occur, which has been shown to lead to greater
diversity in cultural artifacts over time [33]. Additionally, due to the
digital nature of the artifacts, the Duet feature is able to preserve
all versions of an artifact that have been created, and can ‘clone’
any version of the artifact. Because Dueting a video creates a new
instance of the artifact, a Duet chain is able to branch into multiple
paths at any given point, which allows it to diverge and proliferate
into multiple distinct versions. Because the development of one
path doesn’t necessitate pruning of the other paths, we see a form of
decentralized collaboration emerge, where multiple individuals are
able to engage in parallel development of creative ideas that spring
from the same initial seed idea. As a result, we see that users are able
to engage in a collective exploration of the conceptual space that
the artifacts exist in [15]. Because there is no structure put in place
to enforce a convergence to a single final product, such as we see
with Wikipedia where there can only be one version of the article
at a time, the TikTok Duet function is able to support collaborative
ideation at scale by enabling the development of diverse artifacts
[1, 74, 92]. With the example of Paths A and B from the Wellerman
tree in Figure 10, we can see that this can enable greater exploration
within the conceptual space [72, 91]. Allowing for both chained
and parallel development of artifacts also means that the scale and
diversity of the platform’s user base can be leveraged to bring in a
wide range of ideas and perspectives. This can lead to unexpected
creative developments, as seen with the the sign language version of
the Wellerman video, in which we see new ways for users to engage

with the content. By introducing new paradigms for how individuals
can experience and engage with music, these artifacts have the
potential to impact creative culture beyond the TikTok platform.
The methodological approach we have introduced in this paper
allows us to analyze this process of distributed creativity in terms
of the exploration of the overall conceptual space and the degree of
content diversity present within the collaboration. Additionally, this
approach allows us to explore how a single seed idea can proliferate
into a range of artifacts through different combinations of ideas,
which could provide valuable insight into the process of creativity
more generally.

Social Drivers of Creative Participatory Cultures

The Duet feature creates an environment which supports the gen-
eration of diverse ideas and artifacts through user interaction. The
interaction networks we can observe serve to illustrate how the
visibility and accessibility of shared representations on the platform
lead to collaborative engagement [21]. This is enabled by the high
degree of social transparency and visibility of users activities and
content which is available on the TikTok platform. The scale of the
platform therefore provides users with a wide range of opportuni-
ties for participation, while its high degree of social transparency
allows users to make inferences about the potential creative and
social value of engagement with a given artifact [25]. The visibility
of the platform can also positively impact the creativity of individ-
ual contributors by exposing them to a wider range of diverse ideas
[68]. As a result, we see that when distributed creativity occurs
in digital spaces, the boundaries of what defines a collaborative
group become more permeable. As a result of both the platform’s
social transparency and the flexibility of how and when new artifact
versions can be created, the porous nature of collaborations on Tik-
Tok allows for ideas to be shared across a larger network of users,
increasing the potential diversity of ideas that can be achieved.

Additionally, when examining creative systems, it is important
to recognize that there is a conceptual distinction between the act
of creativity, and a creative product [81]. On the TikTok platform,
participation in the creative process is framed as a way of connect-
ing and engaging with the wider community. This is evidenced
in our analysis of the temporal dynamics of Dueting, where we
observe the burstiness characteristic of human interactivity, but
not an immediate drop off in engagement with later bursts that
has been observed in cases of static content sharing. Due to the
accessible and dynamic nature of Duet artifacts, the act of Dueting
allows users to engage with one another through a shared creative
experience [44, 49]. The case of the Wellerman Duet chain sparking
the formation of the collaborative Wellermen group account, is one
example of how Duets allow users to connect and engage with the
wider community through participation in a shared creative pro-
cess. Social interaction is therefore a driver for Duet engagement,
and is able to be leveraged into distributed creativity due to the
transparency of the TikTok platform, and the open-ended nature
of Duet collaborations.

Implications

Our results highlight the importance of digital tools for collective
ideation, as well as the necessity of examining how interactions
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between social and technical forces affect the development of par-
ticipatory cultures online. From this we can identify key HCI af-
fordances that can be leveraged to support distributed creativity at
scale. We see that artifacts are easily accessible, and serve as shared
representations encourage engagement across larger collaboration
networks. Additionally, it is important that these digital artifacts
are able to support dynamic versioning. In addition to preserving
the full history of the artifacts development, this also allows for
digital artifacts to proliferate into multiple versions, and allows for
parallel development across multiple collaborators. This flexibil-
ity in copying and preserving multiple versions of digital artifacts
allows for a collective exploration of the conceptual space, which
leads to increased idea diversity. Finally, transparency and visibility
into the activities of other users on the platform is needed in order
to tap into social motivators that drive creative engagement and
the development of larger collaborative networks. These are consid-
erations which can be used to design platforms that support large
scale distributed creativity and facilitate diverse creative ideation
in digital environments [1, 74].

Limitations

This study analyzed TikTok Duet videos, which means the data
was limited to the TikTok platform, and to the Duet feature, which

is currently a functionality specific to TikTok. Although similar
examples of musical collaboration have been observed on other
platforms, additional research comparing these patterns in different
contexts and with different kinds of content would help to fur-
ther examine the influence of specific technical affordances on the
creative process. Additionally, this analysis did not include social
network information or success metrics such as views, likes, or
the potential effect of Tiktok recommendation algorithms. Since
these are factors that can influence the visibility of shared content
and the motivation for users to engage with it, future work should
investigate their impact on user interactivity patterns.

Additionally, this study looked solely at music collaboration. To
understand digital distributed creativity more broadly, future work
should also examine digital collaborations within other creative
domains, such as visual art, literature, etc. Although the HCI af-
fordances outlined above are applicable to different platforms and
different creative domains, it is possible that we might see the emer-
gence of different collaboration practices and interactions patterns
due to variations in the available perceptual affordances of different
systems and creative domains.
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CONCLUSION

In this paper, we analyze TikTok video content to identify the ways
in which the technical affordances of the Duet feature support co-
creativity and engagement between its users. We examine how the
affordances of the Duet feature facilitate a distributed and collabora-
tive creative process, in which we can observe the evolution of the
cultural artifacts through the different versions that are produced
through user contributions. By analyzing the audio content of these
videos with an automated semantic music tagging neural network,
we are able to quantify information about how video artifacts evolve
over time. Additionally, we find that the open-ended nature of col-
laboration with the Duet function prioritizes engagement as both a
creative and social act.
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