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Abstract

Generative Al is transforming creative industries, particularly music, and raising questions
about artistic practice and creator roles. Text-to-music systems can produce full songs from
prompts, yet their effect on human creativity and quality is unclear. This paper analyzes how
Al assistance shapes the creative process and outcomes in music. We conduct a randomized
controlled trial with musically trained individuals who compose an original 15-second piano
melody, assigning them to either an Al-ideation group or a no-Al control. External evaluators of
varied musical experience rate each melody on perceived creativity, musicality, and enjoyment.
On average, we find that average listeners rate the melodies generated under the treatment
condition as less creative. Furthermore, access to the AI changes stylistic choices, which are

perceived as less creative by evaluators.

1 Introduction

Generative Artificial Intelligence (Al) is driving profound transformations across society by enhancing
productivity, reshaping industries, and redefining the nature of human work. A growing body
of research has examined the productivity effects of generative Al across various contexts. For
instance, Brynjolfsson et al. (2025) find that generative Al assistance improves call-center agent
productivity by 14%, while a recent study by the Federal Reserve Bank (Bick et al., 2024) reports
an aggregate productivity increase of 1.1% following generative Al adoption. However, the majority
of existing studies have focused on text-based generative systems, such as ChatGPT, and emphasize
productivity, leaving other creative domains, particularly music, relatively understudied.

Recent advances in generative Al enable the production of sophisticated, human-like artworks.
In music, generative Al is likely to impact the economics of music creation, industry workflows, cost
structures, and revenue opportunities (Epstein et al., 2023). By automating aspects of composition,
production, and performance, Al can reduce barriers to entry for creators and enable new business
models that may disrupt traditional music production and distribution. Text-to-music systems
can now produce complete songs from textual prompts, fundamentally altering artistic workflows

and raising questions about authorship, originality, and the future role of human artists. Major



streaming platforms such as Spotify and Deezer now host large volumes of Al-generated music;
however, controversies have emerged regarding authenticity and platform practices (Reuters, 2025;
Milmo, 2025; Stokel-Walker, 2024). In particular, Spotify recently removed more than 75 million
Al-generated songs due to concerns about quality and copyright compliance (Spotify, 2025).

Beyond productivity, creativity and quality are central outcomes in music. If generative Al
tools can produce songs that match human compositions in perceived quality and creativity, this
raises questions about the future role of artists. It is also possible that, while generative Al can
replicate patterns and generate novel sound combinations, it may lack the interpersonal experiences
and cultural context that humans care about. Conversely, if Al-assisted or Al-generated music is
perceived as less creative or less engaging, that would lower concerns about full substitution but still
imply important changes in how music is created and consumed. However, existing empirical work
on text-based generative Al and creativity has focused almost entirely on text and images, with
mixed findings on whether Al-generated or Al-assisted outputs are more creative. This literature
also finds evidence of output homogenization. To our knowledge, there is no causal evidence on how
access to generative Al affects creativity in music composition.

This paper analyzes how generative Al ideation shapes the creative process and outcomes in
music composition. We conduct a randomized controlled trial in which musically trained participants
are asked to compose an original 15-second melody on a piano. Participants are randomly assigned
to one of two conditions. In the Al-ideation group, they have access to Udio!, a text-to-music
generative Al platform, during composition. In the control group, they compose music without
AT access. In both conditions, participants record their own melody on a piano; the Al system
is used only as an ideation tool, not as a direct source of the final audio. External evaluators of
varying musical backgrounds, recruited online, listen to the resulting melodies and rate each one on
perceived creativity, musicality, and enjoyment. Creativity is our primary outcome, and musicality
and enjoyment are secondary outcomes that capture broader listener judgments of the piece.

Our analysis addresses three questions: (1) How does access to a text-to-music generative Al
tool during the ideation phase affect perceived creativity, musicality, and enjoyment of the melodies
that composers produce? (2) How does Al access change the musical structure of these melodies
(for example, their density, timing, pitch range, and tonal characteristics)? (3) Which aspects of
musical structure are most predictive of creativity ratings, and do structural changes induced by Al
access align with dimensions that listeners reward or penalize?

We find that access to Udio during ideation does not increase creativity ratings; instead, it
leads to lower creativity among average listeners. Assignment to the Al condition reduces average
creativity ratings by about 0.14 points on a 1-5 scale. Interestingly, self-reported enjoyment and
satisfaction with one’s own melody do not differ by treatment arm, suggesting a gap between
composers’ internal evaluations and how their music is judged by external listeners. We also find
similar declines in musicality and enjoyment, suggesting that all three listener-rated dimensions are

reduced under Al-assisted ideation.
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We further document systematic differences in compositional choices between the treatment and
control groups. We use the symbolic representation of each melody to extract measures of note
density, timing, pitch register and range, contour, tonality, and pulse. Relative to the control group,
melodies composed with Al access contain fewer notes, a narrower pitch range, and are rhythmically
sparser, with longer average note durations and inter-onset intervals. We then relate these features
to creativity ratings. We find that timing and density measures explain a substantial share of the
variance in creativity scores. Melodies with more notes and faster pacing tend to be rated as more
creative, while sparser, slower melodies receive lower creativity scores.

We make the following contributions to the literature. First, we provide causal evidence on
how access to a generative text-to-music system affects perceived creativity in human-composed
music. Second, we show that Al access systematically changes the musical structure of compositions
and that these structural shifts are strongly associated with how listeners evaluate the melodies.
These findings suggest that in creative domains such as music, generative Al assistance can expand
the range of available ideas without a clear gain in perceived creativity and may nudge outputs
toward patterns that listeners perceive as less creative, highlighting a potential trade-off between
convenience and quality relevant to creators and platform designers. Our study also sheds light on
the current debate about training Large Language Models (LLMs) on copyright-protected content.
The fair use doctrine permits the use of such material if it can generate significant innovation. If
creativity, musicality, and enjoyment are the criteria for innovation, we find that the use of generative
Al tools for music composition diminishes these factors, raising questions about the extent to which

such training enhances innovation.

2 Conceptual Background and Related Work

2.1 Creativity and generative Al

Creativity is commonly defined as the ability to produce something novel and valuable, such as an
idea, solution, or product that departs from expected responses while remaining appropriate to its
context (Marrone et al., 2024). Creative work often involves combining existing knowledge in new
ways, exploring alternative possibilities, and iteratively refining ideas. In this sense, creativity has
both a divergent component (i.e., generating multiple possibilities) and a convergent component
(evaluating, selecting, and refining them).

A central challenge in studying creativity is measurement. Depending on the approach and
definition of creativity adopted by researchers, different tests have been developed to measure it
(Said-Metwaly et al., 2017). Traditional tests such as the Torrance Tests of Creative Thinking
(TTCT; Torrance, 1966, 2008) or the Alternative Uses Task (Guilford, 1967) capture divergent
thinking by scoring responses on originality, fluency, and flexibility, while convergent tasks such
as the Remote Associates Test (RAT; Mednick, 1962, 1968) focus on insights and problem-solving.
These tests are useful for comparing individual traits or cognitive processes, but are less suitable for

evaluating concrete creative products, such as pieces of music, in context. In contrast, product-based



approaches such as Amabile’s Consensual Assessment Technique (CAT; Amabile, 1982) assess
creativity by asking knowledgeable observers to rate real outputs, on the premise that creativity is
best judged by those familiar with the relevant domain.

Generative Al systems can change the environment in which creative work occurs. Large
Language Models (LLMs) and related systems can generate ideas, continuations, or even full
artifacts, expanding the set of readily available options for creators. Recent work studies the impact
of such generative Al systems on creativity. However, this literature has largely examined general-
purpose LLMs (e.g., ChatGPT) and reports mixed effects. Some studies report that generative
AT improves individual performance in some dimensions while increasing similarity and reducing
collective novelty. In writing tasks, for example, Al-suggested ideas can increase ratings of creativity,
quality, and enjoyment, but also make stories more similar across authors (Doshi and Hauser, 2024;
Doshi and Oliver, 2024). In poetry, Porter and Machery (2024) find that non-expert readers do
not distinguish human-written from Al-generated poems, and tend to rate Al-generated poems
more favorably. In that study, the Al is not used for ideation; the poems are created entirely by the
LLM, which suggests that fully Al-generated products can be experienced as highly creative by
some consumers.

Outside text, Zhou and Lee (2024) analyze over four million artworks by more than 50,000 users
on an online platform and show that, after the adoption of text-to-image generative Al, creative
productivity rises by about 25% and favorites per view by roughly 50%. At the same time, average
content novelty and average visual novelty decline, generating a more homogeneous idea space. This
homogenization effect on creative results is also observed in other settings where technology is used
to assist creative tasks. Oppenheimer and Patterson (2025) show that the use of a search engine
leaves individual creativity unchanged while reducing collective creativity. Kumar et al. (2025)
show that when an LLM is used as an assisted guide or as a direct answer provider in a creative
writing task, creativity decreases relative to a condition without Al assistance. In summary, there is
mixed evidence on whether Al-generated or Al-ideated output is more creative. However, a common
theme in these studies is that these technologies lead to homogenization and lower average novelty,
highlighting the potential downstream consequences of the extensive adoption of these technologies
in creative tasks.

A key mechanism often mentioned in creativity research and psychology is fixation. Psychological
research shows that exposure to examples can anchor people’s mental representations and constrain
their search for alternatives. Therefore, exposure to external ideas can actually diminish creativity.
When participants are given examples of solutions to problems, they tend to be influenced by those
answers and explore a narrower region of the idea space (Smith, 1995; Smith et al., 1993). Similarly,
working in groups has been shown to inhibit creativity. Indeed, studies often show that the number
of ideas generated by people brainstorming in actual groups is lower than the number of ideas
generated by nominal groups (i.e., aggregating the ideas of people brainstorming by themselves;
Diehl and Stroebe, 1987; Nijstad et al., 2003; Taylor et al., 1958; Kohn and Smith, 2011).

Generative Al can amplify these fixation dynamics. LLMs sample from a list of possible



next tokens. Unless directed otherwise, models are trained to assign high probability to common
continuation tokens. Therefore, outputs tend to reflect central tendencies of the training distribution.
Users can in principle push models toward more unusual regions by prompting, but the initial model
suggestions serve as strong priors. Once an Al system proposes a particular direction, users may
fixate in that direction, refining around it rather than exploring more distant alternatives. Recent
work on human-computer interaction describes this as a “creative fixation” on LLM outputs (Xusen
and Zhang, 2025). This suggests that Al assistance during ideation may systematically steer users
toward certain stylistic choices and reduce the likelihood of highly creative and novel outcomes,
even when users remain in the loop.

To our knowledge, there is no causal evidence on the impact of large language models or related
generative Al systems in the context of music. Given that music composition experiments are hard
to run at scale, the effects of generative Al on musical creativity remain unclear. This is particularly
salient because creativity is an important component of both music creation and music enjoyment.
These gaps motivate our study, in which we examine how access to text-to-music models during
ideation influences and potentially steers composers’ stylistic choices, and how those choices are

judged by listeners in terms of creativity, musicality, and enjoyment.

2.2 Generative AI models for music

AT models for music can be broadly categorized by the musical representation they are trained on
and the form of their output: symbolic models and audio (text-to-music) models. Symbolic models
work with discrete encodings of musical structure, such as scores or Musical Instrument Digital
Interface (MIDI) sequences, that represent notes, rhythms, and harmonies. These systems output
new symbolic representations that can be edited and refined. For example, Hookpad Aria (Donahue
et al., 2025) is a symbolic generative AT model designed for Western pop songwriting. The model
is intended for the composition of lead sheets (symbolic music scores that describe melody and
harmony) and supports non-sequential workflows. Users can generate left-to-right continuations of
their existing material, fill in missing spans in the middle, and generate harmony from melody and
vice versa.

Audio-based models operate directly on sound, often in a text-to-music framework. Systems
such as Udio and Suno, two leading commercial generative Al music products, are trained on
large collections of audio recordings and associated text, and generate fully instrumented or vocal
tracks in response to text prompts. In these systems, users describe their desired genre, moods,
instrumentation, or reference artists, and the models generate complete audio clips. While powerful,
these tools typically offer less granular control over the musical structure of the output. The
generated songs are finished-sounding tracks, and editing their structure requires external audio
or MIDI tools. Furthermore, current commercial models are often “one-shot” and stateless. Each
prompt generates new tracks without a persistent chat history (in contrast to systems like ChatGPT)
or an explicit model of the user’s evolving ideas.

Given the difference in outputs, the degree to which these tools can be incorporated into creative



workflows also differs. Symbolic models operate at the same level as many composers, support
non-sequential workflows, and can “fill in the blanks” or extend existing material, making them well
suited for iterative refinement of a musical piece. Text-to-music models, in contrast, generate audio
files that resemble finished songs and are harder to modify structurally. Because music composition
is typically an iterative process, the one-shot nature and lack of memory in such tools may inhibit
iteration, diminish a sense of agency, or steer creators toward a narrower set of stylistic options. At
the same time, text-to-music models may expand the idea space by providing quick, ready-made
musical examples from a wide range of styles, potentially helping users overcome creative blocks or
explore directions they would not have considered on their own, and thus primarily assisting in the

divergent phase of the creative task.

2.3 Udio

In our study, we use Udio, an audio-based text-to-music model in the second class described above.
Udio is a web-based generative Al tool developed in 2023 by a team of former researchers from
Google DeepMind. The platforms main feature is creating songs from text prompts that specify the
desired genre, lyrics, mood, or reference artists. For each text prompt, the program generates two
songs between 32 seconds and 2:10 minutes in length (chosen by the user), along with descriptive
tags and track names. Users can adjust parameters such as output length, a “quality of generation”
setting, and the models adherence to the prompt. Users can also choose whether to include lyrics or
to generate purely instrumental music. Udio’s prompt system does not provide a chat-like experience.
Users cannot have a conversation with the agent, ask for modifications to a given output, or rely on
a memory of previous requests. Instead, each generation is initiated by a new textual prompt, and
the resulting audio tracks are self-contained. Udio also does not expose symbolic-level controls over
pitch, rhythm, or harmony; any structural editing must be done outside the platform. We show
Udio’s user interface in Figure 1.

In a creative workflow, Udio is therefore most likely to be used as an ideation tool. Composers
prompt the system, listen to the resulting tracks, and use them as references, sources of motifs, or
high-level inspiration for their own work. These design features matter for our setting. Given that
Udio generates polished audio, its outputs are likely to serve as strong anchors for tempo, density,
contour, and other stylistic dimensions. For composers, the convergent stage now includes evaluating
not only their own music but also Udios output. This shifts the role of the creator toward that of a
critic or editor. Composers may select elements from Udio’s tracks, internalize them, and reproduce
these patterns consciously or not in their own melodies. At the same time, Udio expands the set of
available initial ideas, providing more options during the divergent phase of the composition.

As previously discussed, music-based generative Al models are trained on large datasets of
existing music. The generated melodies, while new to the user, may resemble known patterns,
reducing true novelty. On the other hand, Al systems can also produce odd combinations or
less conventional sequences, potentially increasing surprise. Whether an Al-influenced output is

ultimately judged as more creative by listeners will depend on the prompts composers use and on
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Figure 1: Udio User Interface for Creating Songs Based on a Song Description

how these factors balance out in practice.
Our experiment uses this setting to measure the net effect of providing access to Udio during
ideation by comparing the melodies composed with and without the tool, their musical structure,

and how listeners evaluate them in terms of creativity, musicality, and enjoyment.

3 Methods

3.1 Experimental Procedure

We recruited 140 musically trained participants from Carnegie Mellon University (CMU) and the
surrounding Pittsburgh area. The study received approval from the university’s Institutional Review
Board. Recruitment took place between March and August 2025 through several channels: we
placed posters on the CMU, University of Pittsburgh, and Duquesne University campuses and in
nearby neighborhoods; an email was circulated through the CMU School of Music mailing list; and
a posting was created on CMU’s online research participation pool website. All communication
informed prospective participants about the subject of the study, required tasks, compensation, and
contact information, and included a link to an online screening survey.

The online screening survey asked prospective participants about their main instrument and years

of formal training on that instrument, years of piano training, and whether they felt comfortable



composing a melody on a keyboard. It also collected basic contact information. Based on these
responses, we invited only those individuals who reported prior piano experience and indicated that
they felt comfortable composing a melody on a keyboard.

The invited participants then scheduled an in-person session. Assignment to treatment and
control was implemented at the session level once a time slot was scheduled, with each session
randomly assigned to either the Al-ideation or control condition. Upon arrival, participants were
informed about the study procedures and provided with a written consent form. Each participant
received a fixed payment of $20 USD for completing the study, regardless of treatment assignment

or the outcome of the session.

3.2 Experimental Design

The experimental task was a constrained composition exercise in which each participant composed
and recorded an original 15-second melody using a piano keyboard. To minimize the role of
performance skill, we required all melodies to be monophonic: no accompaniment, harmony, or
chords. This design isolates ideation from instrumental proficiency.

Participants were randomly assigned to one of two conditions: an Al-ideation condition or a
control condition. In the Al-ideation condition, participants were given access to Udio, a web-based
text-to-music generative Al platform, and were told they could use it during the composition process.
In the control condition, participants composed and recorded the melody without access to any Al
music tool. In both conditions, the final outcome of the session was a 15-second piano recording
produced by the participant. The Al-generated songs from Udio were used only for ideation in
the treatment condition. Of the 140 participants, 73 were randomly assigned to the Al-ideation
condition and 67 to the control condition.

The sessions were conducted in person, and the melodies were captured using a 25-key Musical
Instrument Digital Interface (MIDI) controller with two octaves (C—C). The keyboard was set to
operate with octave shift equal to 0 and transpose equal to 0 semitones, so it recorded unshifted
MIDI note numbers (with middle C equal to MIDI 60). Recordings were made using Cakewalk,
a digital audio workstation (DAW), with the instrument sound set to a “Dark Grand” piano. No
other actions were allowed in the DAW beyond recording and deleting whole takes; for example,
participants could not manually edit notes or change instrumentation.

We restricted the length of the melody to 15 seconds. Previous studies on musical creativity use
musical examples of varying length. Geringer and Johnson (2007) use 12 seconds as a lower bound,
and Priest (2001) uses 20 seconds as a lower bound. Our choice of 15 seconds is between these two
values. The length of a melody to be evaluated for creativity should be fixed or strongly limited, as
length is known to modulate creativity ratings, with longer examples typically rated higher than
shorter examples (Loui et al., 2024; Wapnick et al., 2005; Geringer and Johnson, 2007).

All participants received the same initial textual prompt:

“Compose an energetic and rhythmic melody in a major key. Use lively patterns and

playful rhythmic variations to create a sense of motion and excitement.”



They were told that they could use this prompt as inspiration or ignore it if they preferred.

FEach session followed a standardized sequence. First, participants were given details about
the session and asked to complete the pre-task survey (described below). They were then given
instructions for the composition task along with the initial prompt. Participants were allowed
up to 30 minutes for rehearsal and recording, and could re-record as many times as they wished
within that window. In the Al-ideation condition, the computer display showed the DAW and the
Udio web interface side by side, as shown in Figure 2. Participants in the treatment condition
were instructed to enter the initial prompt into Udio and to listen at least once to the two songs
generated. After this baseline interaction, they were free to create as many prompts as they desired
and to incorporate ideas from the generated songs into their composition as they wished. Udio
was configured to generate two 32-second instrumental (no vocals) audio clips per prompt. Control
participants saw only the DAW and the prompt and did not interact with Udio at any point. After
recording and submitting their final melody, all participants completed a post-task survey and were
then debriefed and paid.
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Figure 2: Split screen setup for treatment condition participants

3.3 Self-Reported Surveys and Udio Data

We collected self-reported measures from participants before and after the composition task. All
surveys were administered on the lab computer. In the pre-task survey, we collected basic demo-
graphic information and a baseline measure of self-perceived creativity. Participants reported their
age, gender, and current status (for example, full-time student, employed, or other), whether they

were currently enrolled in the School of Music at Carnegie Mellon University, their major, and



their current academic year when applicable. The survey also included a baseline self-assessment of
creativity, where we asked: “How creative do you feel you are relative to your peers?” answered on
a 1-5 scale.

In the post-task survey, we captured how participants evaluated the melody they had just
composed, their experience of the task, and additional information about their musical background.
All participants, regardless of treatment condition, answered the following questions on a 1-5 scale:
“How much do you like the melody you composed?”, “How satisfied are you with the final melody
you composed?”, “Compared to your peers, how creative do you consider your final melody to be?”,
and “How easy or difficult was it to come up with ideas for this melody?”. They also reported
approximately how many minutes they spent working on their melody. In addition, participants
were asked to briefly explain how they came up with their melody and to describe any feelings they
experienced during the composition process.

The post-task survey also asked about musical experience and past exposure to Al-based music
tools. Participants reported their primary instrument (the instrument they play the most), the
number of years of formal training with that instrument, and the number of years of experience
playing the piano. They also rated, on 1-5 scales, how skilled they felt they were in composition
relative to their peers and how often they compose music. Participants were asked to rate their
exposure to non-Western music. Additionally, they were asked whether they had ever used Udio
before this task and whether they had used any other Al-based music tools (for example, Suno,
MUREKA, Stability AI), with yes/no responses.

Participants in the Al-ideation condition answered additional questions about their interaction
with Udio. On a 1-5 scale, they rated the following: “To what extent did you utilize the AT tool
during your composition process? (1 = None, only used my own ideas; 5 = Extensive, heavily
guided by Al suggestions)”, “How helpful was the Al tool in generating ideas or composing your
melody? (1 = Not at all helpful; 5 = Extremely helpful)”, “How well did the AI tools suggestions
match the kind of melody or style you had in mind? (1 = Not at all aligned; 5 = Completely
aligned)”, “How do you feel the AI influenced your creativity? (1 = No influence; 5 = Significantly
enhanced creativity)”, “How much control did you feel you had over the final melody, as opposed
to the AI controlling it? (1 = I felt I had almost no control; 5 = I felt I had complete control)”,
and “Overall, how would you rate the quality of the Als musical suggestions? (1 = Very poor; 5 =
Excellent)”. They also indicated whether they would use Al again for music composition and could
provide additional comments about their experience composing with Al

For participants in the Al-ideation condition, we also collected interaction logs from Udio. For
each session, we recorded the text prompts entered into the system, the tracks generated in response,
the descriptive tags Udio produced for each track, and the number of times each track was played by
the participant. These logs summarize how participants engaged with the Al tool during ideation

and provide measures of Al usage intensity and diversity of prompts.
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3.4 Creativity Measurement

To measure how listeners perceive the melodies produced by participants in the composition task,
we conducted a separate online evaluation study. We recruited 176 evaluators using Prolific? and
collected 3,143 ratings. Each melody received at least 21 evaluations, with a median of 22 and a
maximum of 24. Evaluators were required to be at least 18 years old, be fluent in English, have
completed secondary or higher education, and report no hearing difficulties. All evaluators were
located in the United States. We report summary statistics for the demographic characteristics of
the evaluators in Appendix Table Al. Although musical experience was not required to participate
in the evaluation, 43% of participants reported some musical training, with 18% reporting four
or more years of formal training on their primary instrument. Furthermore, 27% reported some
piano experience, with 10% reporting four or more years. The most common primary instrument
was piano (14%), followed by woodwinds (8%) and guitar (7%). Additionally, 19% of evaluators
reported doing some level of music composition, with 7% composing at least a few times a month.
Our sample skews slightly female (55%), is predominantly white (66%), and is overwhelmingly born
in the United States (93%). Median age is 38, and the majority have some employment (49% full
time, 20% part time) and a college degree (60%).

Each evaluator completed a listening task in which they rated a sample of the melodies generated
in the composition task. On each survey, evaluators were randomly assigned 18 distinct melodies
from the pool of 140, without replacement within evaluator and without any information about the
source of the melodies. The order of melodies was randomized for each evaluator, and melodies
were presented sequentially. For every melody, participants were instructed to listen at least once,
with the option to replay if desired. The survey interface was designed so that ratings could only be
submitted after the melody had been played in its entirety at least once. After listening, participants
answered three questions on 5-point Likert scales: (1) “How creative do you find this melody?”, (2)
“How musical do you find this melody?”, and (3) “How much do you like this melody?”. Responses
ranged from 1 (“Not at all”) to 5 (“Extremely”). Evaluators were instructed to use the full scale in
their assessment. Each evaluator received a fixed payment of $4 USD for completing the survey.

Our measurement of creativity follows a product-based, consensual assessment approach. Follow-
ing Amabiles Consensual Assessment Technique (CAT), we operationalize creativity as the degree
to which appropriate observers independently agree that an output is creative in its context (e.g.,
Amabile, 1996). Instead of relying exclusively on domain experts, we intentionally use a sample of
typical listeners, since our focus is on perceived creativity, musicality, and enjoyment as experienced
by a general audience. Prior work using CAT indicates that undergraduate and other non-expert
judges can provide reliable and valid ratings of creative products, and that their judgments often
align with those of experts, especially when the task is to compare relative creativity within a set
of stimuli rather than to enforce a narrow domain-theoretic definition of creativity (e.g., Amabile,
1983; Sternberg and Lubart, 1995; Chen et al., 2005).

For our main specification, we use the mean rating for each melody as the dependent variable.

Zwww.prolific.com
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Each melody is rated by between 21 and 24 evaluators (mean = 22.4, median = 22), which yields
reasonably precise estimates of its mean creativity score. The typical within-melody standard
deviation of individual creativity ratings is about 1.05 on the 1-5 scale. This implies an average
standard error of a melody’s mean of roughly 1.05//22.4 ~ 0.22, which corresponds to the expected
sampling noise around the mean for a single melody. A corresponding 95% interval for the mean of
a melody is therefore approximately the mean +0.43. In contrast, the cross-melody distribution of
mean creativity scores has a standard deviation of about 0.46, indicating substantive between-melody
variation beyond sampling error. These patterns are similar for musicality and enjoyment ratings.
Consistent with this, a linear mixed-effects model with random intercepts for melodies and evaluators
yields intraclass correlations for the mean score of 0.77 (creativity), 0.80 (musicality), and 0.78
(enjoyment), indicating good inter-rater reliability.

For each melody, we construct outcome measures by averaging the ratings across all evaluators
who heard that melody. Our main dependent variables are thus the mean creativity, mean musicality,
and mean enjoyment scores for each melody. Treating the 5-point scales as approximately continuous
is standard in this literature and is justified by the number of raters per melody and the observed

reliability of the ratings.

3.5 Musical Features

Each melody generated by participants during the composition task is stored in MIDI format,
a symbolic representation of music. A melody consists of a sequence of notes, and each note is
represented by its pitch (MIDI note number), onset time, duration, and velocity (intensity on a
0-127 scale). Using this symbolic representation, we summarize each melody with a set of musical
features computed with the Python library music21 (Cuthbert and Ariza, 2010). These features
describe the structure of the melody along several musical dimensions: density and timing, pitch
and register, melodic contour, tonal strength, and pulse.

We include density and timing features such as the total number of notes, the mean and standard
deviation of note durations, and the mean and standard deviation of inter-onset intervals (the time
between successive note onsets). We also calculate an entropy measure over note durations to
capture rhythmic variety. These features describe how dense or sparse the melody is in time, and
how regular or varied its rhythmic surface is.

We extract pitch and register features, including the mean MIDI pitch (overall register) and the
pitch range in semitones (maximum minus minimum pitch). These measures capture whether a
melody sits higher or lower on the keyboard and the range of pitches it covers.

We also include measures of contour and interval that summarize the shape of melodic motion.
These capture melodic intervals between successive notes (for example, the mean absolute interval
size) and the rate at which the contour moves in small steps versus larger leaps.

Tonal strength features measure how strongly the melody supports a stable key. In particular,
we use a scalar measure of tonal strength, which describes the degree to which the distribution of

pitches aligns with a clear major or minor key. Finally, we include pulse and organization related
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features that capture aspects of rhythmic regularity and metrical clarity, such as the strength of an
underlying beat.

A complete list of the musical features, along with definitions and summary statistics by treatment
condition, is provided in Table 6. We use these features both to compare the musical structure of
melodies composed with and without AI access and to relate that structure to creativity, musicality,

and enjoyment ratings.

3.6 Empirical Strategy

We analyze our data in four steps. First, we estimate intent-to-treat (ITT) effects of Al access on
listeners’ ratings. For each melody level outcome Y; (mean creativity, musicality, or enjoyment), we

estimate
Vi=ag+aTi+ X a+e, (1)

where T; = 1 if melody ¢ was produced by a participant assigned to the Al-ideation (Udio) condition
and T; = 0 otherwise, and X; is a vector of composer characteristics (musical background, prior Al
exposure, demographics, and session timing). The coefficient «; identifies the causal intent-to-treat
effect of Al access on the average rating of the melody, since the composers were randomly assigned
to the experimental condition. We estimate equation (1) by ordinary least squares (OLS).
Second, we estimate local average treatment effects (LATE) of engaging with the AT tool beyond
the required baseline prompt. Participants in the treatment condition can prompt Udio as much or
as little as they want during their composition process. As a result, some participants choose not to
engage with Udio beyond the initial required prompt, and the decision to engage is endogenous. We
therefore use treatment assignment as an instrumental variable to estimate local average treatment
effects of AT usage on outcomes. We consider two measures of Al usage U;: (1) a binary indicator
equal to 1 if the composer generated at least one prompt in addition to the initial baseline prompt
and 0 otherwise, and (2) a self-reported usage-intensity measure based on the question “To what
extent did you utilize the Al tool during your composition process?”. For each usage measure, we

estimate a two-stage least squares model,

Ui =m0 +mT; + X/ m+ v, (2)
E:BO+BII7¢+XIB+5¢- (3)

The first regression serves as the first stage of our instrumental variable estimation, and the second
equation as the outcome equation. The coefficient 3; identifies a local average treatment effect,
which we interpret as the average causal effect on Y; of engaging with Udio beyond the baseline for
compliers, that is, participants who engaged with Udio due to the treatment assignment.

Third, we examine how Al access changes the musical structure of the melodies using the features

described in Section 3.5. For each musical feature Z;, we estimate a separate OLS regression of

13



that feature on the treatment indicator,
Zri = 0ok + 01615 + vii (4)

and report treatment and control means, treatment-control differences, and HC3-robust standard
errors. Again, random assignment of treatment ensures that d1; is an unbiased estimate of the
ITT effect of Al access on feature k. We control the false discovery rate at ¢ = 0.05 using the
Benjamini—Hochberg procedure, which is standard under positive dependence among tests.
Finally, we relate musical structure to all three listener rating outcomes by regressing their

melody-level means on the vector of standardized musical features. For each outcome, we estimate
Y =0+ Z] v + i, (5)

where Y; is the mean rating of melody ¢, and Z; is the vector of standardized musical features for
melody i. The coefficients v describe which aspects of timing, density, pitch, contour, tonal strength,

and pulse are most strongly associated with higher or lower ratings on each dimension.

4 Results

4.1 Summary Statistics

In Table 1, we report summary statistics for baseline covariates by treatment condition. These
variables measure musical background (piano and primary-instrument experience, self-reported
composition skill, and whether the participant is a Carnegie Mellon University (CMU) School of
Music major), prior exposure to Al for music (Udio and other tools), demographics (gender, age,
work /student status), and session timing (morning vs. afternoon; day of week). Treatment and
control are well balanced on these characteristics, and we find no statistically significant differences
by treatment arm on any covariate (all p-values > 0.15).

Most participants list piano or keyboard as their main instrument (about 54%). Over half report
at least eight years of piano experience (about 55%), and about two thirds report eight or more
years of experience on their primary instrument (about 64%). Close to 49% of participants report a
high exposure to non-Western music. Prior Udio use is uncommon (about 7%), and around 20%
report experience using other Al music tools. The sample is predominantly composed of students
(about 83%), and most are between ages 18 and 24 (about 69%). Sessions occurred on weekdays and
were mostly scheduled in the afternoon (12-5 pm), with about one third beginning in the morning
(9-11 am).

4.2 Self-reported Creative Process and Composition Experience

As described in Section 3.3, participants completed a short survey about their experience during

the composition task and their own evaluation of the melody. In particular, we asked them to rate,
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Variable Control (N=67) Treatment (N=73) All (N=140) p
Self-reported Outcomes

Self-reported Melody Enjoyment 3.85 (0.74) 3.81 (0.76) 3.83 (0.75) 0.740
Self-reported Melody Satisfaction 3.79 (0.71) 3.71 (0.75) 3.75 (0.73) 0.528
Self-reported Melody Creation Difficulty 3.94 (1.00) 3.99 (1.03) 3.96 (1.01) 0.791
Self-reported pre-task creativity 3.57 (0.81) 3.52 (0.85) 3.54 (0.83) 0.743
Self-reported post-task creativity 3.06 (0.83) 3.08 (0.86) 3.07 (0.85) 0.876
Covariates

Main Instrument: Piano/keyboard 0.57 (0.50) 0.52 (0.50) 0.54 (0.50) _ 0.586
Main Instrument: Bowed strings 0.15 (0.36) 0.12 (0.33) 0.14 (0.34) 0.660
Main Instrument: Woodwind 0.04 (0.21) 0.11 (0.31) 0.08 (0.27) 0.153
Main Instrument: Other 0.24 (0.43) 0.25 (0.43) 0.24 (0.43)  0.916
Piano experience 1-3 yrs 0.31 (0.47) 0.29 (0.46) 0.30 (0.46) 0.744
Piano experience 4-7 yrs 0.16 (0.37) 0.14 (0.35) 0.15 (0.36) 0.659
Piano experience >8 yrs 0.52 (0.50) 0.58 (0.50) 0.55 (0.50)  0.536
Main Instrument experience 1-3 yrs 0.16 (0.37) 0.11 (0.31) 0.14 (0.34) 0.357
Main Instrument experience 4-7 yrs 0.18 (0.39) 0.26 (0.44) 0.22 (0.42) 0.252
Main Instrument experience >8 yrs 0.66 (0.48) 0.63 (0.49) 0.64 (0.48) 0.747
Self-reported Composition skill (self) 2.93 (1.15) 3.04 (1.18) 2.99 (1.16) 0.561
High non-Western music exposure 0.48 (0.50) 0.59 (0.50) 0.54 (0.50) 0.193
CMU School of Music major 0.24 (0.43) 0.26 (0.44) 0.25 (0.43)  0.773
Used Udio (past) 0.09 (0.29) 0.05 (0.23) 0.07 (0.26)  0.436
Used other AI for music (past) 0.19 (0.40) 0.21 (0.41) 0.20 (0.40) 0.868
Female 0.43 (0.50) 0.48 (0.50) 0.46 (0.50)  0.586
Age 18-24 0.67 (0.47) 0.71 (0.46) 0.69 (0.46)  0.608
Age 25-34 0.24 (0.43) 0.19 (0.40) 0.21 (0.41)  0.506
Age 35-44 0.03 (0.17) 0.04 (0.20) 0.04 (0.19)  0.723
Student 0.81 (0.40) 0.84 (0.37) 0.82 (0.38)  0.653
Full-time worker 0.07 (0.26) 0.11 (0.31) 0.09 (0.29)  0.480
Part-time worker 0.04 (0.21) 0.04 (0.20) 0.04 (0.20)  0.916
Task start period (Morning=1/Afternoon=0) 0.30 (0.46) 0.34 (0.48) 0.32 (0.47) 0.583
Task day of week 1.88 (1.45) 1.78 (1.48) 1.83 (1.46) 0.690

Table 1: Demographic balance by arm (HC3 robust).
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on a 5-point Likert scale: how much they enjoyed the melody they composed, how satisfied they
were with their melody, how creative they considered their final melody to be, and how easy it was
to come up with ideas for the melody. Table 1 reports the average scores by treatment status. We
find no statistically significant differences between treatment and control.

Self-reported melody enjoyment is 3.81 (SD = 0.76) in treatment vs. 3.85 (0.75) in control.
Satisfaction with the final melody is 3.71 (0.75) in treatment and 3.79 (0.71) in control. Perceived
difficulty of generating ideas is similar across arms as well (3.99 (1.03) in treatment vs. 3.94 (1.00)
in control). Self-rated creativity relative to peers shows comparable levels before and after the task
in both conditions, with a small average decline that is similar in magnitude across arms. The
results are robust to including composer covariates in regression models. We find no evidence that
interacting with the AI model during composition changes how much composers like their own
melody, how satisfied they are with it, how difficult they found it to come up with ideas for their
final melody, or how creative they judge their final melody to be.

4.3 Main Intent-to-Treat Effects on Listener Ratings

Table 2 reports intent-to-treat estimates of the effect of Al access on mean creativity, musicality, and
enjoyment ratings. The coefficients are estimated using Equation (1) and OLS, including composer

covariates (musical background, prior Al exposure, demographics, and session timing).

Table 2: Treatment effects on ratings

creativityRating musicalRating enjoymentRating

Intercept 2.780*** 2.965%** 2.589H**
(0.202) (0.205) (0.223)
Treatment —0.139* —0.138* —0.164*
(0.077) (0.079) (0.086)
Num.Obs. 140 140 140
R2 0.233 0.248 0.237

*p < 0.1, ¥ p < 0.05 ¥* p < 0.01

Giving participants access to the text-to-music model Udio during ideation reduces listener
ratings on all three dimensions. The estimated treatment effect on mean creativity is —0.139 points
on the 1-5 scale (SE = 0.077, p = 0.075), which is statistically significant at the 10% level. This
corresponds to about 0.3 standard deviations of the cross-melody distribution of mean creativity
scores, and the implied 95% confidence interval is approximately [—0.29,0.01].

The effects on musicality and enjoyment are similar in magnitude. For musicality, the treatment
effect is —0.138 (SE = 0.079, p = 0.082), and for enjoyment it is —0.164 (SE = 0.086, p = 0.057).
Both are statistically significant at the 10% level. These estimates indicate that providing access to
a text-to-music model during ideation does not improve listener ratings and instead leads to lower

perceived creativity, musicality, and enjoyment.
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4.4 Local Average Treatment Effect (LATE)

We first provide summary statistics on Udio usage. Table 3 reports engagement with Udio among
treated participants. Most participants in the Al-ideation condition (82%) generated at least one
additional prompt beyond the required baseline prompt. On average, treated participants generated
3.55 prompts (median = 3), leading to an average of 7.2 Udio tracks (median = 6). The average

total number of plays per session was 8.41, and most tracks were listened to at least once.

Variable All mean (SD) Median Min Max N

Self-reported Al usage outcomes

AT usage for composition overall (higher = more usage) 2.19 (1.08) 2.00 1.00 5.00 73
AT helpfulness in ideation (higher = more helpful) 2.58 (1.34) 2.00 1.00 500 73
Al fit with intendede style (higher = better fit) 2.36 (1.21) 2.00 1.00 5.00 73
AT influence in creativity (higher = more enhancing) 2.49 (1.20) 2.00 1.00 5.00 68
AT vs human control (higher = more human control) 4.40 (1.06) 5.00 1.00 500 73
AT suggestions quality (higher = better quality) 2.78 (1.06) 3.00 1.00 5.00 73
Use Al again for music composition? (Yes) 0.25 (0.43) 0.00 0.00 1.00 73
Use AI again for music composition? (No) 0.30 (0.46) 0.00 0.00 1.00 73
Observed Udio activity

Number of Udio prompts created 3.55 (1.98) 3.00 1.00 9.00 73
Number of Udio prompts created (beyond baseline) 2.55 (1.98) 2.00 0.00 800 73
Number of Udio tracks generated 7.22 (3.97) 6.00 2.00 18.00 73
Number of Udio plays 8.41 (5.23) 7.00 0.00 24.00 73
Created at least one more prompt (beyond baseline) 0.82 (0.39) 1.00 0.00 1.00 73

Table 3: Summary statistics of Al usage

Next, we compare simple averages across three groups: control (no access to Al), treated
participants who generated at least one prompt beyond the required baseline, and treated participants
who did not generate additional prompts. Table 4 reports means and standard deviations for each
group. The mean creativity rating is 3.29 in the control condition, 3.17 among prompters, and 3.36
among non-prompters. Musicality and enjoyment follow a similar pattern, with lower scores among
prompters. These comparisons suggest that active users of the Al tool tend to produce melodies
that are rated less favorably, but we treat these as descriptive, given the endogenous decision to

engage with the tool.

Variable Control mean (SD) High mean (SD) Low mean (SD)

Creativity ~ 3.29 (0.43) 3.12 (0.39) 3.25 (0.54)
Musicality ~ 3.54 (0.46) 3.42 (0.34) 3.48 (0.56)
Enjoyment 3.23 (0.48) 3.07 (0.47) 3.16 (0.58)

Table 4: Outcomes by self-reported Udio Usage

To estimate the causal effect of engaging with Udio beyond the baseline among treated composers,
we implement the instrumental variables strategy described in Section 3.6, using randomized
assignment to the Al-ideation condition as an instrument for Al usage. We consider two measures

of Al usage. The first is a binary indicator equal to one if the composer generated at least one
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prompt in addition to the baseline prompt. The second is a binary indicator for high self-reported
reliance on AI during the task, defined as reporting a score of at least 3 (on a 1-5 scale) on the item
“To what extent did you utilize the Al tool during your composition process?”.

Table 5 reports the IV estimates for creativity. First-stage regressions show that assignment to
the Al-ideation condition significantly increases both prompt-based and self-reported measures of
AT usage, indicating a reasonably strong first stage. Using the “generated at least one additional
prompt” indicator as the endogenous regressor, the 2SLS estimate implies that, for compliers,
engaging with Udio beyond the baseline reduces mean creativity ratings by about 0.16 points (SE =
0.091, p = 0.075), marginally significant at the 10% level and slightly larger in magnitude than the
ITT effect. When we instead use the high self-reported usage indicator, the IV estimate is larger in
magnitude (about —0.382, SE = 0.221, p = 0.087), also marginally significant at the 10% level. The
LATE results are consistent with the ITT findings and suggest that heavier reliance on the tool

causally lowers the perceived creativity of the resulting melody for compliers.

Table 5: IV estimates for creativity

IV: Promp-based usage IV: Self-Reported Al usage

Intercept 2.781+%* 2.820***
(0.202) (0.215)
Udio: Generated at least 1 prompt —0.164*
(0.091)
Self-Reported: High AI usage —0.382*
(0.221)
Num.Obs. 140 140
R2 0.234 0.170
R2 Adj. 0.113 0.039

*p < 0.10, ¥ p < 0.05, *** p < 0.01

4.5 Composer Heterogeneity

We explore whether the effect of Al access varies with composer characteristics by extending
Equation (1) to include Treatment x Moderator interactions. In a single specification, we interact
the treatment indicator with four composer-level moderators: self-reported composition skill, prior
experience with Al music tools, having piano as main instrument, and current enrollment as a
Carnegie Mellon School of Music major. The resulting interaction coefficients test whether the
intent-to-treat effect differs systematically across levels of these moderators. We report the estimated
coefficients in Table A2.

Because these moderators were not pre-specified, we treat this heterogeneity analysis as ex-
ploratory and adjust for multiple testing across the four interaction terms using the Benjamini—
Hochberg (BH) procedure. None of the interactions remains statistically significant after BH
adjustment. The interaction between treatment and being a School of Music major is statistically
significant at the 5% level before correction (p = 0.04) and suggests that access to Udio is associated

with a more negative effect on creativity ratings. Since School of Music majors tend to have more
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extensive musical training and experience than the rest of the participants in the sample, this
pattern suggests that more experienced composers may see a larger drop in perceived creativity
when they use the Al tool. However, the BH-adjusted p-value for this interaction is 0.161, so we
consider this suggestive rather than conclusive. The remaining interaction terms are not statistically
different from zero even before adjustment, and overall we do not find strong evidence of systematic

heterogeneity in the effect of Al access across these composer characteristics.

4.6 Effect on Musical Structure

We now assess how Al access affects the musical structure of the melodies using the feature set
described in Section 3.5. Table 6 reports, for each feature, the mean in the full sample and
by treatment status, as well as the treatment—control difference (T—C) and the corresponding
Benjamini-Hochberg g-values. The T—C coefficients are obtained from separate OLS regressions of

each feature on the treatment indicator, as specified in Equation 4.

Variable All mean (SD)  Control mean (SD) Treat. mean (SD) T-C g (BH)
Notes: count 44.45 (13.60) 47.37 (13.18) 41.77 (13.51) -5.61  0.040
Melody duration: total length (sec) 15.57 (1.86) 15.53 (1.74) 15.61 (1.97) 0.08  0.946
Pitch: mean MIDI 67.96 (6.33) 67.93 (5.98) 67.98 (6.67) 0.06  0.958
Pitch: range (semitones) 16.08 (4.33) 17.13 (4.38) 15.11 (4.08) -2.02 0.018
Pitch entropy: scale-relative (01 0.75 (0.17) 0.75 (0.18) 0.74 (0.17) -0.00 0.946
Melodic interval: mean (semitones) 3.16 (1.30) 3.25 (1.44) 3.08 (1.15) -0.17  0.705
Melodic interval: share 2 st 0.37 (0.15) 0.36 (0.17) 0.37 (0.13) 0.01  0.864
Melodic contour: arc size mean (semitones) 6.55 (2.49) 6.76 (2.53) 6.35 (2.45) -0.41  0.632
Melodic interval: chromatic motion share (01) 0.12 (0.09) 0.12 (0.10) 0.13 (0.09) 0.01  0.867
Note duration: mean (sec) 0.40 (0.19) 0.33 (0.15) 0.46 (0.20) 0.14  0.000
Note duration: SD (sec) 0.26 (0.15) 0.22 (0.11) 0.29 (0.17) 0.07  0.010
Inter-onset interval: mean (sec) 0.41 (0.15) 0.37 (0.12) 0.45 (0.16) 0.08  0.006
Inter-onset interval: SD (sec) 0.24 (0.13) 0.20 (0.10) 0.27 (0.15) 0.07  0.008
Pulse: strongest BPM (bin) 138.14 (39.81)  133.33 (43.13) 142.49 (36.30) 9.16 0.387
Pulse: strength (01) 0.46 (0.17) 0.49 (0.17) 0.44 (0.17) -0.05 0.214
Tonal strength: best-key correlation 0.84 (0.08) 0.85 (0.08) 0.83 (0.09) -0.01  0.632

Table 6: Treatment effects on musical characteristics (N = 140).

We observe several differences in musical structure between AI and control melodies. Note
density is lower in the treatment condition, with treated melodies containing on average 41.77 notes
compared to 47.37 in control, an estimated difference of —5.61 notes (¢ = 0.040). Pitch range is
also narrower: the average range is 15.11 semitones in treatment versus 17.3 in control, a reduction
of about 2 semitones (¢ = 0.018). By contrast, mean pitch level is unchanged across conditions.

Most notably, we observe clear shifts in timing and density features. Average note durations
are longer in the treatment condition (0.46 seconds vs. 0.33 seconds, an estimated difference of

0.14 seconds, ¢ < 0.001). There is also greater variability in note duration, with the standard

deviation larger by 0.07 seconds (¢ = 0.010), and similarly higher note duration entropy (¢ = 0.004).

Inter-onset intervals (the time between note onsets) are also longer, with a mean difference of

0.08 seconds (¢ = 0.006) and more variable, with a standard deviation difference of 0.07 seconds
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(¢ = 0.008). These results indicate that melodies composed under the treatment condition are, on
average, slower and sparser in time.

In contrast, we do not detect statistically significant effects on tonal strength, pulse strength, and
measures of contour and interval. As a robustness check, we compute the effects under Holm and
Bonferroni corrections. The main timing shifts remain significant under these stricter corrections,
while the note count and pitch range differences are attenuated. In general, Al access steers
composers toward slower, sparser, and narrower-range melodies while leaving tonal strength, mean

register, and contour characteristics unchanged.

4.7 Musical Features and Listener Ratings

The previous section showed that access to Udio shifts aspects of melodic structure, particularly
timing, density, and pitch range. We now examine how these musical features relate to listener
ratings, in order to understand whether the structural changes induced by access to Al move
melodies toward or away from musical aspects that listeners reward.

We first look at simple bivariate relationships between musical features and creativity ratings.
In Appendix Figure Al we plot each musical feature against the mean creativity rating and
report Pearson (r) and Spearman (p) correlations. Density and timing features show the strongest
associations with creativity. Melodies that contain more notes tend to receive higher creativity
scores (note count: r = 0.64, p = 0.62), while sparser melodies are associated with lower scores. In
particular, longer inter-onset intervals are strongly negatively associated with creativity (r = —0.62,
p = —0.59), and longer average note durations are also negatively correlated (r = —0.48, p = —0.43).
Pitch and register measures are moderately associated with creativity: melodies with a wider pitch
range and a higher average pitch are rated as more creative (range: r = 0.29; mean MIDI: r = 0.24),
and, to a lesser degree, so is higher tonal strength (r = 0.23). Contour and interval measures (mean
interval size and average arc size) and pulse strength have weak or near-zero correlations with
creativity.

We then estimate a model relating creativity ratings to all musical features jointly, as described
in Section 3.6. Table 7 reports estimates from an OLS regression of mean creativity on standardized
musical features, and Appendix Figure A2 shows the corresponding coefficient plot. This model
explains about half of the variation in creativity (adjusted R? = 0.52).

Several features remain strongly associated with creativity after controlling for the others. Note
count has a highly significant positive association (standardized coefficient =~ 0.20, p < 0.01), and
mean inter-onset interval remains strongly negative (coefficient ~ —0.28, p < 0.01). Mean pitch
is positively associated with creativity, and tonal strength has a small but statistically significant
positive coefficient. Average note duration, which is negatively correlated with creativity in the
bivariate analysis, has a positive and statistically significant coefficient once other features are
included. This pattern suggests that the simple negative correlation largely reflects the fact that
sparser, slower melodies tend to use longer notes and are rated as less creative, whereas conditional

on overall density, melodies with longer note values are rated as more creative. Pitch range, interval
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and contour measures, pulse strength, and inter-onset-interval variability contribute little once the
other features are accounted for.

To understand where the explanatory power of the model comes from, we add blocks of features
sequentially and track changes in R?. With timing features alone (note durations and inter-onset
intervals), the model explains roughly 0.42 of the variance in creativity scores. Adding density,
pitch /register, contour, tonality, and pulse (the full model) increases R? to about 0.55. Decomposing
the explained variance relative to the full model, timing accounts for about 75% of the explained
variance, density adds about 8%, pitch and register about 10%, tonality about 4%, contour about
1%, and pulse less than 1%. This level of explained variance is sizable for subjective ratings of
short melodies, implying that our musical features meaningfully capture aspects of the music that
evaluators use when forming creativity judgments.

These results, combined with the treatment effects on musical structure in Section 3.5, show
that Al access pushes participants toward melodies characterized by fewer notes, longer inter-onset
intervals, and narrower pitch ranges, which are associated with lower creativity ratings. The same
density and timing dimensions that Udio shifts most strongly are also those that listeners appear
to use most when judging creativity, which is consistent with Al-assisted melodies receiving lower

creativity scores on average.

4.8 Within-Group Variation and Similarity

We now assess whether Al access makes participants’ melodies more homogeneous or more diverse
within the treatment group, relative to the control group. Prior work on generative Al has
documented both convergence and diversification effects in creative outputs. In our setting, Udio
could lead composers toward similar stylistic choices, for example if its outputs reflect central
tendencies of the training data or if users gravitate toward high-probability patterns, which would
increase within-group similarity. At the same time, access to many quickly generated examples
could widen the set of ideas that participants consider and increase dispersion, thereby decreasing
within-group similarity. Therefore, the effect of exposure to Al on within-group similarity is unclear.

To study this, we compare within-group similarity between treatment and control using two
approaches and report the results in Table A3. First, we use the symbolic, theory-aligned musical
features extracted from the MIDI files and described in Section 3.5. We standardize each feature (z-
scores) and compute pairwise distances between melodies using cosine distance and, as a robustness
check, Euclidean distance. For this approach, larger values correspond to greater dissimilarity
between melodies. For each feature block and distance metric, we compute the mean distance
among all treated pairs and among all control pairs. We then test the null of equal within-group
means using a permutation test that randomly shuffles treatment labels and recalculates the mean
difference. We compute two-sided p-values based on 5,000 permutations.

For the second approach, we use audio-based similarity measures implemented in MiRA (Batlle-
Roca et al., 2024), a model-independent tool designed to detect how closely a generated audio

sample resembles a reference sample. We compute three pairwise metrics for each pair of audio files:
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Table 7: OLS creativityRating on Standardized Musical Features

creativityRating
Intercept 3.243***
(0.028)
Notes: count 0.196***
(0.063)
Melody duration: total length (sec) 0.016
(0.036)
Pitch: mean MIDI 0.097***
(0.029)
Pitch: range (semitones) 0.016
(0.037)
Melodic interval: mean (semitones) 0.035
(0.037)
Melodic contour: arc size mean (semitones) —0.011
(0.041)
Note duration: mean (sec) 0.131**
(0.063)
Inter-onset interval: mean (sec) —0.277%**
(0.092)
Inter-onset interval: SD (sec) 0.062
(0.044)
Pulse: strength (01) —0.036
(0.030)
Tonal strength: best-key correlation 0.081***
(0.031)
Num.Obs. 139
R2 0.555
R2 Adj. 0.516

Standard errors in parentheses.
* p<0.10, ** p<0.05, *** p<0.01.
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(i) CoverlID distances from Essentia for cover-song identification, which aligns pitch-content while
allowing for tempo and instrumentation changes (lower values indicate higher similarity); (ii) a
symmetric Kullback—Leibler divergence between PaSST classifier posterior distributions (lower values
again indicate higher similarity); and (iii) CLAP embedding similarity, which compares melodies in
a joint audio—text latent space using cosine distance (higher values indicate higher similarity). Thus,
for CoverID and KL, larger numbers mean more dissimilar (less similar) pairs, whereas for CLAP,
smaller numbers mean more dissimilar pairs. As with the feature-based distances, we compare mean
within-group (treatment vs. control) values for each metric and obtain permutation-based p-values
under random reassignments of the treatment labels.

Using the cosine distance on the full set of standardized features, we find that overall within-
group dispersion is very similar across arms. The mean within-group cosine distance is 0.993 for the
treatment group and 0.976 for the control group, a difference of 0.017 with a permutation p-value of
0.057. This suggests a modest increase in dispersion under Al access that is borderline at the 10%
level. The Euclidean analogue is also small and not significant (5.451 vs. 5.190, difference 0.261, p
= 0.498). Overall, the distribution of melodies in feature space is not dramatically more or less
spread out in the treatment group.

However, the pattern differs when we compute distances within music-theory-based feature blocks.
For rhythm-related features (timing, durations, and inter-onset intervals), the mean within-group
cosine distance is 0.968 for treated melodies and 0.861 for control, a difference of 0.107 (p = 0.002).
This corresponds to a 12% increase in within-group distance relative to the control mean, indicating
that Al access increases dispersion along rhythm and timing dimensions. In contrast, several other
blocks show small convergence in the treatment group. For density features, the mean cosine
distance is 0.986 in treatment and 1.006 in control, a difference of —0.021 with p = 0.067, which
corresponds to about a 2% reduction in within-group distance. For interval and contour features,
the mean is 0.968 in treatment and 1.008 in control, a difference of —0.040 with p = 0.072, or
roughly a 4% reduction relative to the control mean. Pitch/register, tonal strength and pitch-class
diversity, and pulse show very small and statistically insignificant differences in cosine distances.
Euclidean distances by block generally exhibit similar signs but none are statistically significant at
conventional levels.

The audio-based MiRA measures in the bottom panel of Table A3 show a similar pattern. For
CoverID (lower is more similar), the mean within-group value is 0.573 in the treatment group and
0.581 in control (difference = —0.009, p = 0.804). For CLAP similarity (higher is more similar), the
means are 0.904 and 0.899 (difference = 0.006, p = 0.462). For the symmetric KL divergence (lower
is more similar), the means are 0.113 and 0.110 (difference = 0.003, p = 0.881). Across these metrics,

differences in within-group similarity are small, mixed in sign, and not statistically significant.
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5 Discussion and Conclusion

This paper studies how access to a generative Al text-to-music system during ideation affects
both the structure and perceived creativity of short musical compositions. Using a randomized
controlled trial, we find that giving musically trained participants access to Udio does not increase
perceived creativity and instead leads to lower creativity as judged by average listeners. In particular,
assignment to the Al condition lowers mean creativity scores by about 0.14 points on the 1-5 scale.
We find similar negative effects on musicality (about —0.14 points) and enjoyment (about —0.16
points). These reductions are modest in size and marginally significant at conventional levels. At
the same time, self-reported enjoyment and satisfaction with one’s own melody are similar across
treatment arms.

We also find differences in compositional choices under AI access that are closely linked to
these rating differences. Relative to the control group, treated melodies contain fewer notes, have
a narrower pitch range, and are rhythmically sparser, with longer note durations and inter-onset
intervals. Timing and density measures explain a substantial share of the variation in creativity
scores. In our data, melodies that are more rhythmically active and temporally dense tend to be
judged as more creative, whereas slower, sparser melodies receive lower creativity ratings. Udio
access therefore nudges composers toward musical patterns that listeners in our sample associate
with lower creativity.

These results also highlight a gap between self-reported and external evaluations of creativity.
As noted above, treated and control participants report similar enjoyment and satisfaction with their
melodies, even though external listeners judge Al-influenced melodies as less creative on average.
Generative Al may therefore make the creative process feel equally enjoyable and productive without
improving, and in our setting slightly worsening, how creative the output appears to others. For
individual creators, this points to a trade-off: Al can support ideation and provide a wide range of
options quickly, while shifting stylistic choices in ways that reduce perceived creativity for listeners.

We view these patterns as consistent with at least two plausible mechanisms, though our design
does not directly identify them. The first involves musical arousal. Prior work links faster, denser
musical stimuli to higher arousal states, and arousal has been associated with heightened perceptions
of novelty, engagement, and problem solving (Williams et al., 2015). In our setting, the musical
features that predict higher creativity ratings, such as more notes and faster pacing, are also those
likely to produce higher arousal. If Udio’s outputs encourage participants to adopt less dense
textures or more relaxed pacing, exposure to the model may lower the arousal profile of the melodies
that composers ultimately create. Listeners may then interpret these pieces as less creative even if
they are competently structured.

A second mechanism is creative fixation. Psychological research shows that exposure to examples
can anchor people’s mental representations and narrow the range of ideas they explore, and recent
work on human—AlI collaboration suggests that generative models can act as particularly strong
anchors. In our experiment, Udio provides polished musical examples in response to text prompts.

Even though participants must still compose and record their own 15-second melodies, the Al-
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generated tracks likely serve as salient references for tempo, density, contour, and overall pacing.
The musical structure shifts we observe line up with dimensions that are strongly associated with
higher perceived creativity in our sample, which is consistent with Al-guided ideation steering
composers toward regions of the musical space that listeners regard as less creative.

Several limitations of our study suggest directions for future work. First, our experimental
design abstracts away from an important feature of real-world creativity, namely throughput. In
the experiment, each participant produces a single 15-second melody under time constraints. In
practice, text-to-music models may allow musicians to generate many ideas quickly and discard most
of them. A reduction in average creativity across all Al-influenced ideas might be less concerning if
higher throughput substantially increases the likelihood of producing a few exceptionally creative
outputs. Our results speak to how Al access affects the creativity of a given melody under controlled
conditions, but not to the overall distribution of work that a composer might select after exploring
many Al-assisted ideas. Studying this trade-off between average creativity and the probability of
rare, highly creative outcomes is an important direction for future work.

Second, the musical task in our experiment is intentionally constrained. Participants compose
fixed-length, short, monophonic piano melodies in a laboratory setting. This allows for precise
control, but limits generalization to longer, fully produced pieces and to more natural workflows. We
also study a single commercial text-to-music system and a particular way of interacting with the tool.
Other models, especially symbolic Al tools that operate on scores or piano-roll representations, may
have different effects on stylistic choices and perceived creativity. Our composer sample consists of
musically trained individuals mostly from a single institution (CMU), and our main evaluator pool
comprises average listeners recruited online. A broader and more diverse sample of both composers
and listeners would help test our findings across genres, populations, and levels of expertise.

Third, our evaluator sample is aligned with our main research question but also suggests
directions for future work. We focus on perceived creativity among typical listeners, so our primary
evaluators are online participants with varied but mostly non-professional musical backgrounds,
which is appropriate for our constructs of interest, namely creativity, musicality, and enjoyment as
experienced by average listeners. Preliminary analyses using a smaller group of evaluators (N = 69)
with substantially more musical and compositional experience suggest that these experts do not
penalize Al-influenced melodies as strongly, with point estimates for the effect of treatment on
creativity closer to zero. These exploratory results suggest that expert and non-expert listeners
may weigh the same stylistic shifts differently. Future work should examine these differences more
systematically.

Future research can build on our results in several ways. One question is whether there are
modes of using text-to-music models that increase, rather than reduce, perceived creativity. For
example, designs that explicitly promote diverse generations or highlight atypical outputs (perhaps
informed by music theory and genre) may help users avoid fixation on high-probability patterns.
Another direction is to study other classes of Al music models, especially symbolic composition

tools designed to be more deeply integrated into compositional workflows and to give users greater
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control over the structure of the output. Models that operate on symbolic representations and allow
users to iteratively accept, reject, and modify suggestions in context may yield different outcomes
than one-shot text-to-music models. Comparing how text-to-music and symbolic systems affect both
the mean and the tails of creative outcomes would help to understand whether and how generative
Al can expand creative possibilities in music.

Finally, our findings relate to ongoing policy debates about training generative models on
copyright-protected music. Many current text-to-music systems are trained on copyrighted recordings
without permission, and fair use arguments often emphasize the potential for such training to generate
more innovative and creative works. In our setting, we do not find evidence that access to a text-
to-music model raises perceived creativity, musicality, or enjoyment of the resulting compositions;
instead, we find small declines along all three dimensions. Although our evidence comes from one
model and one task, it suggests that large creativity gains in music from such training are not

guaranteed.
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6 Appendix

Variable Control (N=1510) Treatment (N=1633) All (N=3143) q (BH)
Survey duration (min) 11.32 (5.01) 11.18 (4.74) 11.25 (4.87) 0.845
Total Prolific approvals 3267.01 (2974.95)  3294.62 (2969.67) 3281.35 (2971.76)  0.852
Age 40.48 (13.32) 40.63 (13.25) 40.56 (13.28) 0.852
Has musical training 0.41 (0.49) 0.45 (0.50) 0.43 (0.50) 0.530
Main instrument: Piano 0.14 (0.34) 0.15 (0.36) 0.14 (0.35) 0.845
Main instrument: Woodwind 0.07 (0.26) 0.09 (0.28) 0.08 (0.27) 0.530
Main instrument: Guitar 0.07 (0.26) 0.08 (0.27) 0.07 (0.26) 0.849
Main instrument: Other 0.14 (0.34) 0.14 (0.34) 0.14 (0.34) 0.991
Formal musical training: 1-3 years  0.25 (0.43) 0.26 (0.44) 0.26 (0.44) 0.845
Formal musical training: 4-7 years  0.09 (0.28) 0.09 (0.29) 0.09 (0.29) 0.849
Formal musical training: 8+ years 0.08 (0.27) 0.09 (0.29) 0.09 (0.28) 0.753
Piano experience: 1-3 years 0.17 (0.38) 0.17 (0.38) 0.17 (0.38) 0.920
Piano experience: 4-7 years 0.05 (0.21) 0.06 (0.23) 0.05 (0.22) 0.845
Piano experience: 8+ years 0.05 (0.22) 0.05 (0.22) 0.05 (0.22) 0.849
Composes music 0.19 (0.39) 0.20 (0.40) 0.19 (0.40) 0.845
Composes once/month 0.12 (0.32) 0.12 (0.33) 0.12 (0.32) 0.845
Composes few times/month 0.07 (0.26) 0.08 (0.27) 0.07 (0.26) 0.845
Sex: Female 0.54 (0.50) 0.56 (0.50) 0.55 (0.50) 0.677
Ethnicity: White 0.66 (0.47) 0.67 (0.47) 0.66 (0.47) 0.845
Country of birth: USA 0.93 (0.26) 0.92 (0.27) 0.93 (0.26) 0.845
Age 1-24 0.12 (0.32) 0.11 (0.32) 0.11 (0.32) 0.852
Age 2-34 0.26 (0.44) 0.27 (0.44) 0.27 (0.44) 0.849
Age 3-44 0.27 (0.44) 0.25 (0.43) 0.26 (0.44) 0.845
Age 4-54 0.19 (0.39) 0.20 (0.40) 0.19 (0.39) 0.849
Age 55+ 0.17 (0.37) 0.18 (0.38) 0.17 (0.38) 0.845
College degree 0.61 (0.49) 0.59 (0.49) 0.60 (0.49) 0.845
Employment: Full-time 0.51 (0.50) 0.47 (0.50) 0.49 (0.50) 0.530
Employment: Part-time 0.18 (0.38) 0.22 (0.41) 0.20 (0.40) 0.154
Employment: Not paid 0.08 (0.26) 0.07 (0.26) 0.07 (0.26) 0.852
Employment: Unemployed 0.08 (0.26) 0.07 (0.26) 0.07 (0.26) 0.850

Table Al: Demographic balance of evaluators (Prolific) by arm (HC3 robust).
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Table A2: ITT with Treatment(EModerator Interactions

ITT with interactions

Intercept 2.857F**
(0.211)
Treatment —0.243*
(0.127)
CMU School of Music major 0.312**
(0.141)
Piano is main instrument —0.117
(0.138)
Piano > 8 yrs 0.031
(0.103)
Main Instrument > 8 yrs 0.030
(0.092)
High non-Western music exposure 0.124
(0.082)
Used any Al for music (past) —0.037
(0.141)
Self-reported Composition skill > 4 0.210
(0.131)
Age 18-24 0.281
(0.187)
Age 25-34 0.323*
(0.183)
Female 0.056
(0.082)
Full-time worker 0.5477%%*
(0.199)
Student 0.161
(0.161)
Task start period (Morning=1/Afternoon=0) 0.009
(0.093)
Treatment x Self-reported Composition skill > 4 0.112
(0.179)
Treatment x Used any Al for music (past) 0.124
(0.197)
Treatment x Piano is main instrument 0.225
(0.163)
Treatment x CMU School of Music major —0.380**
(0.184)
Num.Obs. 140
R2 0.277
R2 Adj. 0.141
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Table A3: Within-group similarity scores and differences. For CoverID and KL divergence, lower
values indicate higher similarity. For CLAP, higher values indicate higher similarity.

Method Feature Group Within Treatment Within Control — Delta p-value
Cosine distance All 0.993 0.976  0.017 0.057
Cosine distance Rhythm 0.968 0.861  0.107 0.002
Cosine distance Density 0.986 1.006 -0.021 0.067
Cosine distance Pitch/Register 0.991 1.001 -0.010 0.209
Cosine distance Intervals/Contour 0.968 1.008 -0.040 0.072
Cosine distance Tonal Strength/Pitch Class diversity 1.003 1.005 -0.001 0.956
Cosine distance Pulse 0.988 1.011  -0.023 0.370
Euclidean distance  All 5.451 5.190  0.261 0.498
Euclidean distance Rhythm 2.119 1.859  0.260 0.278
Euclidean distance Density 1.736 1.653  0.083 0.689
Euclidean distance  Pitch/Register 1.799 1.781  0.018 0.873
Euclidean distance Intervals/Contour 2.667 2.934 -0.267 0.421
Euclidean distance  Tonal Strength/Pitch Class diversity 1.612 1.692 -0.081 0.769
Euclidean distance Pulse 1.633 1.847 -0.215 0.230
CoverID Audio File 0.573 0.581 -0.009 0.804
CLAP Audio File 0.904 0.899  0.006 0.462
KL divergence Audio File 0.113 0.110  0.003 0.881
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Figure Al: Creativity vs. feature blocks.
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