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Abstract
Background music plays a crucial role in social media videos, yet
finding the right music remains a challenge for video creators.
These creators, often not music experts, struggle to describe their
musical goals and compare options. AI text-to-music generation
presents an opportunity to address these challenges by allowing
users to generate music through text prompts; however, these mod-
els often require musical expertise and are difficult to control. In
this paper, we explore how to incorporate music generation into
video editing workflows. A formative study with video creators
revealed challenges in articulating and iterating on musical pref-
erences, as creators described music as “vibes” rather than with
explicit musical vocabulary. Guided by these insights, we developed
a creative assistant for music generation using editable vibe-based
recommendations and structured refinement of music output. A
user study showed that the assistant supports exploration, while
direct prompting is more effective for precise goals. Our findings
offer design recommendations for AI music tools for video creators.

CCS Concepts
• Human-centered computing → User centered design; Inter-
active systems and tools; • Applied computing → Sound and
music computing.
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1 Introduction
Music is an essential component of storytelling in videos. From
epic feature-length films to social media shorts, the strategic use
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of music can profoundly influence a video’s emotional impact and
memorability [38, 61]. On social media platforms, the vast majority
of videos include music (in 2023, 85% of videos on TikTok and 84%
of videos on YouTube contained music [21]), though the style and
prominence of music in social videos varies widely. Most “narrative-
style” videos such as vlogs, explainer/how-to videos, interviews, and
podcasts feature dialogue, voiceover, and/or other audio. For these
videos, background music can help underscore a narrative, add
energy or emotion, emphasize key moments, and attract viewers
[61].

While some narrative-style videos are made by professional
teams, most are made by hobbyist or professional-aspiring indi-
viduals who handle every aspect of video production themselves
[10, 29, 48]. These creators typically do not have expertise in com-
posing or producing music, so they rely on existing songs as back-
ground music for their videos. However, finding the right song for a
given video is a challenging and tedious process [28]. Creators must
be careful to avoid using copyrighted music without permission, so
they often rely on popular royalty-free stock music libraries such
as Epidemic Sound [50] and Artlist.io [8]. As prior work has found
[28, 44, 55], searching these libraries is hard because users have
to describe their desired music in words and/or filter by a limited
selection of facets (e.g., genre, mood). Creators must also ensure
that the song they choose fits the duration and narrative arc of their
video, which requires careful previewing of potential options. This
can quickly become time-consuming and frustrating.

Recent breakthroughs in AI music generation present new op-
portunities for creators to make their own songs using only a text
prompt [3, 15, 20, 27, 42, 49]. While this technology is promising,
prior work has not yet explored how it might be leveraged in the
context of video editing and how to best help users overcome the
challenges in prompting generative models [22, 66]. This paper
provides an initial investigation into this burgeoning design space,
exploring the potential and challenges of incorporating generative
music into video editing workflows. First, we conducted a forma-
tive study with eleven social narrative video creators to understand
the role music plays in their videos, their current workflows and
challenges, and their experience with existing music generation
technologies. Our findings revealed that while many creators lack
formal musical training, they often have strong opinions about the
kind of music they want. However, challenges arise when they try
to articulate these preferences as queries on music search platforms,
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as creators primarily describe music in terms of its emotional im-
pact or “vibe”, rather than technical aspects like instruments, genre,
or tempo. We also found that participants valued creative control as
well as the ability to explore options and iterate, but current music
search interfaces make exploration feel aimless and unproductive.

Based on our formative study as well as prior work, we distill a
set of design goals for interfaces that bring text-to-music genera-
tion into the hands of video creators. Through an iterative design
process, we designed and implemented a creative assistant that em-
bodies these goals with a focus on balancing automated guidance
with user control. This assistant automatically recommends an ed-
itable “vibe” based on the user’s video, translates this vibe text into
generated music, and provides a structured interface for iterating
on the generated music. Using this prototype as a design probe, we
conducted a user study with seven video creators who generated
music with and without the creative assistant to understand how
this interaction paradigm compares to directly prompting a music
generation model. Our findings suggest that vibe-based assistance
is useful when creators are open to new ideas, while direct prompt-
ing is valuable in situations where creators already have specific
song attributes in mind.

In this work, we make the following contributions:
• Findings from a formative study with social video creators
that underscore the importance of emotional impact or “vibe”
in describing music for videos

• The design and implementation of a vibe-based creative
assistant that integrates text-to-music generation into video
editing workflows

• Design recommendations for generative music interfaces for
video creators, including offering initial guidance based on
users’ videos, surfacing intermediate structures, and allow-
ing navigation between layers of control

2 Related Work
Despite the importance of music in videos, there is limited existing
HCI research on the needs and workflows of video creators when
it comes to music [28]. In this section, we first discuss the general
challenges of human-AI co-creation, then discuss common chal-
lenges and potential solutions from prior work regarding music
search and recommendation, and AI music generation.

2.1 Human-AI Co-Creation
Iteration is a key part of the creative process [22, 68, 69], but when
it comes to prompting large models, iteration can often feel unpro-
ductive due to their opaque nature [22, 34, 64, 66]. Recent work has
explored how AI tools can better support productive iteration by
designing human-AI co-creation tools across creative domains in-
cluding writing [14, 18], image creation [34], video editing [58, 60],
and music creation [28, 35, 69].

One common challenge with interacting with large AI models is
developing an effective prompt. Prompting a model in natural lan-
guagemight sound intuitive, but in reality, writing effective prompts
can be challenging for non-experts due to the “black box” nature
of AI models [9, 22, 64, 66] Prior work has shown that effective
prompts often conform to specific structures [9, 22, 64]. Human-
AI co-creation tools therefore often provide the user with prompt

templates [14] or transform user input to improve the quality of a
prompt [58, 60, 69].

Prior work has also shown that breaking complex tasks down
into smaller, more concrete subtasks can improve model trans-
parency, feelings of control, and output quality [64]. Human-AI
co-creation systems break the creative process into concrete stages
to help users more easily guide AI output and iterate within indi-
vidual stages [18, 58, 60, 69]. Our design process was informed by
this prior work, and we demonstrate through a design probe how
similar strategies might be applied to the creative task of generating
music for an edited video in order to give users creative control
and enable productive iteration.

2.2 Music Search and Recommendation
Frid et al. [28] identified common workflows and challenges in
adding music to videos through two formative questionnaires with
social video creators. They found that most creators source music
from free or paid online music libraries, and the main factor they
consider when searching for music is its emotion or mood. Most
popular stock music libraries rely on keyword-based search, but
constructing a search query with keywords can be difficult, espe-
cially for non-music experts who don’t have a specific song in mind
[44, 55]. Filtering songs by attributes limits the user’s expressivity
and control to a small set of platform-defined attributes (usually
genre, instruments, mood, and theme [8, 50]). Research on multi-
modal text-audio embeddings shows promise for more effective
natural language music search [30, 37], but would still require the
user to articulate a concrete description of their goal. Some music
platforms also support searching for “similar” music to an input
song [2], but this is only useful if the user has an example song in
mind.

Prior work has proposed methods to automatically recommend
music for a given video, typically by training a model on an existing
dataset of music-video pairs [25, 33, 39, 45, 46, 55, 65]. This can be
helpful for situations where the user does not have a specific idea in
mind. However, most of these models either consider only the visual
attributes of the video, not existing audio such as dialogue [39, 46,
55], or they explicitly focus on the domain of music videos, where
music is at the forefront and there is typically no other audio [25,
33, 45]. Approaches also exist for recommending music based only
on the textual content of an audio story [62], but for narrative-style
videos, both the visuals and the dialogue/voiceover are important
[61]. Inspired by this prior work, our work demonstrates how both
a video’s transcript and visual data can be leveraged to recommend
styles of music to generate.

Most of the above methods are fully automatic pipelines that
do not allow the user to specify their intent or iterate on the rec-
ommended music [33, 45, 46, 55, 65]. There are a few exceptions;
McKee et al. [39] allow the user to include a natural language text
description of their desired music, and MuseChat by Dong et al.
[25] allows the user to iterate once on the recommended song with
a natural-language response. However, these systems were not eval-
uated with users, so it is unclear how they would fit into a video
creator’s workflow.
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2.3 AI Music Generation
Research and development of text-to-music generation models has
exploded in popularity recently, both in academic research [3, 15, 20,
26, 27, 40–42, 49] and in commercial platforms (e.g., Stable Audio
[5], MusicFX [31], Suno [54], Udio [56], and Riffusion [4]). Most
commercial interfaces provide an open-ended text box as the main
user input, oftenwith suggested example prompts and keywords the
user can try. Thesemodels present a new opportunity for non-music
experts to quickly create and iterate on their own personalized
songs.While AI-generatedmusic has been an active area of research
in the Computer Music research community for decades [19], the
more recent text-to-music models are an exciting development
for two main reasons: 1) they generate high-fidelity raw audio
files, as opposed to symbolic (MIDI) music which consists of a
limited number of prescribed instrument tracks [28]; and 2) they
take natural language as input, as opposed to lower-level music
parameters such as time signature and pitch [28]. However, these
benefits also have trade-offs. First, while high-fidelity raw audio
provides richer and more realistic soundscapes than MIDI music, it
is hard to control the output of these models at a fine-grained level
with a single text prompt [67, 69]. Second, although these models
can take any text as input, like other generative models [9, 22, 64]
they tend to perform better when the input has more structure
and mentions specific musical properties such as instruments and
tempo [6, 67] (see Stable Audio’s user guide [6] and the examples
typically shown in commercial products [5, 31, 54, 56]).

Prior work has proposed interactions to help users express their
intent and control music generation models such as steering along
specific structured dimensions [36], conversational dialogue for
iteration [69, 70], and drawing notes as input [35]. Zhang et al. [69]
demonstrated how an LLM can help interpret the user’s intention
in order to select the best fitting AI model for the type of edit they
want to make to a song (e.g., add or remove tracks, re-generate
sections, transpose key). Recent work has also begun to explore
how generative models themselves might directly support more
user control by providing additional inputs such as images [17],
audio [24, 63], and other time-varying attributes like dynamics or
rhythm [40, 41, 63]. However, none of this work has considered
how music generation might apply to video creators, who have
more constraints around the music they want based on their video,
such as duration and timing [28].

2.4 Music Generation for Videos
Some recent work has developed AI models that can directly gen-
erate music given a video as input, by learning a correspondence
between music and video representations [23, 53]. Similar to the
aforementioned research on automatic music recommendation,
these methods show promise for helping users get started without
needing to explicitly describe their intent, but they do not address
how users might control and iterate on this initial output.

To our knowledge, the only work that has specifically explored
interactions for video editors to generate music is Frid et al.’s Music
Creation by Example [28]. This paper proposed an interaction par-
adigm for non-music-expert video creators to generate symbolic
(MIDI) music based on a reference song, and iterate on the output
by combining different instrument tracks from different generated

songs. Our work is largely inspired by this paper and its focus on
bringing powerful AI systems into the hands of non-expert users
with a careful balance of automation and control. We build on this
work by exploring how interfaces for high-fidelity text-to-music
generation can strike a similar balance, to bridge the gap between
how video creators conceptualize music and the language gener-
ative models expect. Because symbolic music generation systems
require lower-level input parameters, a main contribution of Mu-
sic Creation by Example was to extract low-level features from a
reference song and use those as input parameters to generate new
music. In contrast, since modern music generation models use text
prompts as input, our approach focuses on helping the user express
their intent in natural language and translating that intent into a
structured prompt that the model can understand. We believe these
two approaches can be complementary, as both text and reference
songs are likely to be important input modalities for video creators.

3 Formative Study
To design music generation interfaces for video creators, we first
needed to understand their current experiences with AI music
generation, the role music plays in their videos, their workflows,
and the challenges they face. To this end, we conducted a formative
study with eleven experienced social video creators. Our study
focused on the following questions:

• What workflows and strategies do video creators employ
when adding music to their videos?

• What challenges do video creators face when adding music
to their videos?

• How do video creators conceptualize music?
• What are video creators’ perceptions of AI music generation?

3.1 Participants
We targeted social media video creators who produce narrative-
style videos that include background music, such as vloggers, how-
to YouTubers, and travel content creators. Our inclusion criteria
required participants to be at least 18 years old, manage their own
production and editing processes, and have publicly available con-
tent on a platform such as Youtube, Instagram, or TikTok. To reach
this audience, we posted a recruitment message on X as well as
corporate and university Slack channels, engaged with specialized
content creator communities such as Discord servers for YouTu-
bers, and sent cold emails to YouTubers whose work aligned with
our study criteria. Prospective participants completed a screener
survey to ensure eligibility, which included questions about their
video editing experience, links to their video channels, frequency
of music use in videos, and their preferred platforms for finding
music.

In total, eleven participants took part in the study. Table 1 sum-
marizes the diverse range of content types and platforms used by
our participants.

3.2 Procedure
Each study session was conducted remotely via Microsoft Teams,
consisting of a 25-minute semi-structured interview, a 25-minute
taskwalkthrough, and concludingwith a ten-minute semi-structured
interview. Prior to the study, participants were asked to prepare
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Participant Content Type Content Platform(s) Music Platform(s)
P1 Get Ready With Me TikTok, Instagram CapCut stock music
P2 Travel, vlog YouTube YouTube, SoundCloud
P3 Sport highlights YouTube, Instagram YouTube
P4 Short film, vlog YouTube, Instagram Spotify, Artlist.io
P5 Vlog, TV show reviews YouTube Vllo stock music, SoundCloud
P6 DIY crafts TikTok, Instagram Instagram
P7 Vlog, travel, short film YouTube Epidemic Sound
P8 Vlog YouTube Epidemic Sound
P9 Vlog, travel YouTube YouTube
P10 Vlog, video diary YouTube Epidemic Sound, YouTube
P11 Travel, documentary YouTube, Instagram YouTube

Table 1: Information about our formative study participants, including types of videos they make, the platforms they post their
videos on, and the platforms they use for music.

an in-progress project to share during the task walkthrough. In
total, sessions lasted approximately 60 minutes and were recorded
and transcribed for analysis. Participants received a $30 gift card
as compensation.

The first semi-structured interview focused on participants’ ex-
isting workflows and challenges. Questions covered the role of
music in their videos, when in the editing process they typically
add music, their current strategies for finding and adding music
to their videos, what challenges they face during this process, and
what an ideal workflow might look like.

Next, participants completed a task walkthrough and think-
aloud, adding music to the in-progress video project they had pre-
pared. We interspersed the walkthrough with additional questions
about the challenges in music selection, strategies for resolving
issues, and their approach to finalizing a song choice. The task
walkthrough concluded with a “music supervisor” question: we
asked participants to describe their desired music as if they were
delegating the music search and selection process to an expert.

We closed the session with additional semi-structured questions
focusing on participants’ experiences with AI music generation
systems. These questions included whether they had used music
generation technologies before, their impressions of such tools, and
their requested features for future music-generation systems.

3.3 Results
Two members of the research team transcribed and cleaned session
transcripts. We then employed an inductive coding approach to
identify key themes [11].

Overall, music played a critical role in participants’ videos in
several ways: establishing the creator’s brand identity (P6, P11);
“captur[ing] the essence” of the content (P1), particularly by aug-
menting storytelling (P3); and promoting viewer engagement (P3,
P5, P9). Our interviews revealed the challenges that participants
face when attempting to achieve these musical goals. We elaborate
on these challenges as well as the remainder of the study’s findings
below.

3.3.1 Rough-cut first workflow is commonly used for narrative-style
videos. In line with prior work [28], most participants used a rough-
cut first approach, where they edited raw footage into a draft video

before integrating music (P1, P2, P3, P5, P6, P7, P8, P9, P10, P11).
While some participants were thinking about themusic theywanted
as early as filming (P1, P4), most began thinking about music only
after completing their rough cut, allowing the video’s emerging
structure to guide their music selection process.

3.3.2 Participants conceptualize music in terms of “vibe”. As prior
work suggests [28], participants focused on the mood they wanted
the music to evoke, rather than referring to musical attributes like
instruments or genre. Notably, all participants used the word “vibe”
when describing their goals for the emotional resonance of a piece
of music. While the term is somewhat ambiguous, it generally refers
to the “mood or character of a place, situation, or piece of music and
the way they make you feel” [13] and is a common colloquialism
in modern English. Participants needed the vibes of the music
to align with the “overall feeling” (P6) of the video. For example,
P4 described their desired music as “beach sunset summer vibes”,
which illustrates the flexibility of the term “vibe” when layering
multiple moods or atmospheres into a single description. When
asked about future interfaces, participants imagined getting music
recommendations based on a video’s vibe, which they felt would
streamline their process (P1, P2, P5, P7, P8).

Some participants also referenced other media to help articulate
their vision, whether by pointing to existing artists (e.g. Taylor
Swift), soundtracks (e.g., Interstellar), or broader categories like
movie styles and genres (e.g., Disney). For instance, P5 described
her desired music as “Disney meets Romcom,” remixing familiar
genres to communicate the tone she wanted. This form of musical
reference differs from what previous research has identified [28], as
participants are not simply pointing to specific songs but invoking
broader cultural touchstones, such as styles, moods, or iconic asso-
ciations (e.g., “Interstellar” or “Disney”) that immediately convey a
shared understanding of the desired tone.

3.3.3 Music must align with the video. When asked to describe their
desired music to a music supervisor, nine out of eleven participants
began by providing an overview of the video’s narrative to offer
context, including both verbal descriptions and scrubbing through
their footage while screensharing. Some participants went a step
further, offering a detailed breakdown of how they wanted the
music to evolve throughout the video, describing specific points
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where the music should crescendo or transition to a different mood
(P1, P8). In other words, narrative video creators needed music to
align with the video’s structure and story, in addition to producing
the right vibe.

3.3.4 Music search is messy and inefficient. In line with previous
findings [28], participants attempted to develop search strategies
that addressed known challenges including finding royalty-free
music, finding music of the right length and mood, and finding mu-
sic that would need minimal editing. Strategies included browsing
well-known music platforms such as Spotify or Epidemic Sound
(P4, P7, P8), using stock libraries integrated into their video editing
apps such as CapCut or Vllo (P1, P5), and exploring music from
other creators’ videos (P2, P4, P6, P10, P11).

Overall, participants were dissatisfied with the search strategies
available to them, feeling that the process was time-consuming and
aimless. They could not predict whether their search was “going in
the right way” (P10), and often felt that finding the right music was a
matter of luck rather than skill. Although they wanted to search for
music based on vibes, they hesitated to use keywords for searching
(P1, P2, P4, P5, P6, P8, P9, P10, P11). It was hard for them to translate
“something so abstract like a vibe into something that assists you
to find it” (P1) and some believed they were “bad at figuring out [...]
keywords” (P2), in part because existing search tools often failed
to interpret their keywords accurately. For example, the keywords
“Spanish Romantic” returned results fitting only one of the terms,
but not both (P2). Even when they found a song that matched their
desired vibe, it often turned out to be too short or too long for their
video, making it unusable (P1, P2, P8, P10). These challenges led
many participants to reuse music to save time (P1, P2, P5, P9. P10),
at the cost of settling for less-than-perfect music (P10).

3.3.5 Music results can fail when validated with the video. After
searching, participants validated their song choice by listening to
the music while watching their video (P2, P3, P4, P5, P7, P8, P9).
Rather than listening to songs all the way through, participants
typically sampled short segments—ranging from two to thirty sec-
onds—to determine whether a track matched the desired vibe (P1,
P7, P8, P9). Some participants scrubbed through songs, jumping to
the middle or end for brief evaluations (P4, P5). If the “vibes aren’t
vibing” (P2), the music would be rejected.

Because participants often evaluated multiple songs, they did
not want to go to the effort of importing all their music options
into their video timeline, so instead played them from their original
source. However, the context switching required to validate songs
against the video can also be chaotic. P2, for example, described how
relying on YouTube often left her with numerous tabs open that
“usually have no relation to one another” as she tried to validate
potential songs against her rough cut (P2). Participants desired a
more streamlined approach to comparing multiple songs against
their videos, which was seen as an important part of the creative
process (P1, P2, P6, P7, P8, P10, P11). As P7 put it, “I’m not going to
be sure [of my song choice] because I haven’t kissed enough frogs
to get my prince. You know, there’s actually a lot of value in kissing
frogs.”

3.3.6 Participants see potential in music generation, but want to
maintain creative control. Most participants were unfamiliar with

AI music generation technology (P1, P2, P5, P6, P7, P8, P10, P11),
and none had used it in their videos. Nonetheless, participants be-
lieved that music generation could address key challenges in their
search and evaluation processes, such as helping them create music
that matches their desired vibe (P1, P8), enabling quick compar-
isons between multiple options (P5, P7), and creating personalized
instrumentals that alleviate the need to reuse the same songs in
every video (P2, P10). Participants also expressed interest in using
AI for manipulating musical structure, such as producing variable-
length songs tailored to their needs (P1, P8, P9, P10) or aligning the
instruments or sections with their video’s narrative (P1, P4, P5, P6).

Despite the interest in music generation to help with their pro-
cess, particularly the potential of natural-language interfaces (P2,
P5, P7, P10), participants also wanted to maintain creative control
over features such as song length, instruments, and the overall vibe
(P1, P3, P4). P4 argued that relinquishing creative control is “what
a lot of creatives are scared of,” because the process of engaging
with the musical material is a valuable creative act. Instead, P4
envisioned music generation tools “that can enhance your ability
to be creative, instead of just doing it all for you.”

4 Design and Prototyping
Based on our formative study findings as well as prior work, we
identified several key design goals to guide our exploration of inte-
grating music generation into video editing workflows. With these
goals in mind, we designed and implemented a creative assistant
as a design probe. This section details the goals and process that
went into this design, followed by a description of the prototype
we built.

4.1 Design Goals
(DG1) Support a rough cut-first approach: For narrative-style

videos, the most prevalent workflow among participants was
to add background music to the video after it has been edited.

(DG2) Center on vibe and emotion: Participants consistently
described music in terms of its “vibe,” corroborating related
work [28, 44]. Thus, interfaces should abstract lower-level
musical attributes (e.g., genre, tempo, instruments) in favor
of higher-level descriptors like vibe and emotion.

(DG3) Consider video context:Music must account for the nar-
rative and content of the video [28, 61]. Participants in our
formative study framed their music choices by describing
their video’s content, emphasizing the need for music that
aligns seamlessly with the story being told in their videos.

(DG4) Enable music validation with video: Validating candidate
songs with the video before adding them to the timeline
was a critical step for participants. This process includes
ensuring the music matches the video’s vibe and aligns with
its duration [28].

(DG5) Support structured exploration of multiple music op-
tions: Participants emphasized the importance of exploring
multiple song options, but their current strategies for doing
so were overwhelming and lacked direction. Interfaces that
add structure to the exploration process can help it feel more
productive.
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(a) An interface mock-up exploring how users could annotate the video timeline with emotive markers to illustrate the mood of
desired music.

(b) An interface mock-up exploring how a mood board could help users illustrate desired characteristics of music.

Figure 1: Early prototype sketches created during our iterative design process

4.2 Design Process
With these design goals in mind, we conducted an iterative design
process to brainstorm how an interface for text-to-music genera-
tion could support video creators. Central to our exploration was
determining the inputs the system should process. These fell into
two categories: implicit system inputs for automated assistance and
explicit user inputs to articulate intent.

For implicit system inputs, we explored leveraging video data to
inform music guidance (DG3) such as:

• Transcript and Audio: Emotion, topic, and narrative cues
• Visual Information: Scene descriptions, prominent objects,
people, colors, and actions

• Editing Features: Cut points, cut pacing, text effects, and
sound effects
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Figure 2: The creative assistant prototype featuring a (1) video player, (2) a multi-track timeline, and (3) a music generation
panel.

For explicit user inputs, we explored modalities that allow users
to express their intent or refine system-generated suggestions.
These included:

• Natural language text: E.g., “uplifting, cinematic”
• Visual sketches: E.g., Graphing emotional curves over time
• Audio-based inputs: Humming or uploading reference songs
• Structured input to specify musical attributes: E.g., drop
downs to select genre, instruments, tempo, etc.

One early sketch introduced emotion tagging directly on the
timeline, where emoji-like characters represented the changing vibe
of the video (Figure 1a). Though this visual approach helped convey
temporal changes, it lacked the expressivity needed for the types
of nuanced, verbal vibe descriptions our formative study partici-
pants used. We excluded the modalities of humming and sketching
because none of our participants mentioned or used them, and we
did not want to overwhelm users with novelty given that AI music
generation was already a novel technology for most participants.
In a later mock-up, we tried supplementing natural language text
input with additional “mood board” features, allowing users to drag
and drop musical elements (e.g., instruments or themes) (Figure 1b).
In the final design, we replaced the mood board with structured text
boxes (Figure 3) to give users the flexibility to type their own text
while also producing structured prompts that the music generation

model can understand [67]. In other words, although we explored
many options in our design process, we chose natural language text
as the primary input modality due to its approachability and preva-
lence in current generative AI interfaces, and because it aligned
effectively with participants’ existing practices for expressing mu-
sical intent.

Eventually, we converged on an interaction paradigm where
users can upload a rough-cut video (DG1) and select a section of
the video timeline to define the music’s duration (DG4). The system
automatically recommends a vibe based on the video content in that
section (DG3). Users can then edit the textual representation of the
vibe before submitting it as input for music generation (DG2). The
system generates multiple different songs based on this vibe, and
users can then refine finer details of each song in a more structured
interface (DG5), which is visible alongside the video (DG4). Like
most commercial music generation interfaces today [5, 31, 54, 56],
our approach provides the user with suggestions to get them started,
but unlike commercial interfaces, these suggestions are tailored to
their specific video.

This approach provides a higher-level abstraction of music at
the start of the process to support the user’s mental model, while
providing more structure and control over musical attributes during
the refinement stage. By structuring the music generation process
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around multiple intermediate stages, our design supports a human-
in-the-loop paradigm, striking a balance between automated guid-
ance and user control, and aligning with principles from human-AI
collaboration research [64]. Importantly, the user is always able to
modify or rewrite any AI-generated text to ensure it captures their
intent.

4.3 Creative Assistant Prototype
We implemented a prototype that embodies our design in a creative
assistant powered by a generative AI pipeline (Figure 2). The pro-
totype comprises a video player, a music generation panel, and a
multi-track timeline. These interface elements and the core interac-
tions are drawn from existing video editor paradigms (e.g., Premiere
Pro, Final Cut Pro, CapCut) but are limited in functionality to only
the music-related tasks described below. The timeline displays the
user’s video on the first track, and all generated music is rendered
on audio tracks below (DG4).

4.3.1 Video understanding. As an offline pre-processing step, we
compute two metadata features from the user’s video: a transcript
of all spoken dialogue in the video, and visual scene captions com-
prising a textual description of the visual contents of each salient
scene in the video. This metadata is used in the following two steps
(DG1, DG3).

4.3.2 Vibe recommendation. The user starts by selecting a region
on the timeline where theywould like to addmusic. This determines
the duration of the music that will be generated and its position
on the timeline (DG4). Once a region is selected, a recommended
“vibe description” will automatically appear in the music generation
panel (DG2). This recommendation is generated by prompting a
large language model (LLM) to describe the overall vibe/emotion of
the selected section of the video (see A.1 for our prompt template).
The prompt first includes the transcript and visual captions from the
selected portion of the video to target the user’s selection, followed
by the full transcript and visual captions of the entire video. We
include the full transcript and captions to ensure that the LLM
has access to the broader narrative of the video with the goal of
increasing the relevance of the vibe descriptions (DG3). Since “vibe”
is an inherently ambiguous and subjective concept, we also allow
the user to edit the recommended vibe description to ensure it
captures their intent before moving to the next step.

4.3.3 Translating vibe into structured music prompts. When the
user is satisfied with their vibe description, they can press the
“Generate” button, which translates the vibe description into three
distinct music prompts and submits each prompt to a text-to-music
generation model. To achieve this translation, the system prompts
an LLM to generate three music-generation prompts that incorpo-
rate information about the selected clip and the overall vibe (DG2,
DG4). We generate three prompts at once to provide the user with
multiple options for exploration (DG5) that capture different poten-
tial interpretations of the vibe, since there is no one correct way to
map an abstract vibe to a concrete music description.

The structure we ask the LLM to use for each prompt is as
follows:

• “genre”: “1-2 genre descriptors”,
• “instruments”: “1-2 instrument descriptors”,

Figure 3: Interface shown in the music generation panel
when the user selects a song for refinement. They can op-
tionally edit any of the prompt’s properties before clicking
“Re-Generate,” after which the “Previous Song” button will
be enabled. If the user clicks “Previous Song,” the UI will
update to show the previous prompt, and the “Re-Generate”
button will change to “Next Song,” allowing them to navigate
between versions.

• “mood”: “1-2 words describing the mood of the video”,
• “theme”: “1-2 words describing the video theme”,
• “energy”: “energy level of the video”

This prompt structure is based on publicly available prompt guid-
ance for the popular music generator Stable Audio [6], common
music attributes used by popular stock music libraries [8, 50, 52],
as well as trial-and-error testing during development. See A.2 for
our prompt template.

4.3.4 Generating and previewing music. The system submits three
requests to the text-to-music service, each with a prompt as per
the previous section, along with a randomly-generated seed. The
seed is a random number that serves as a starting point for AI
generation. We use a different seed for each prompt, following the
typical default behavior for generative AI services [1]. Once they are
ready, the three generated music tracks are placed on the timeline
in the region the user had selected, in three vertically-aligned tracks
below the video track. Users can mute and unmute each music item,
drag and drop it in the timeline, and delete it using the Delete key.
Finally, they can use the playhead to seek and the play/pause button
to play the video, as they would in a regular video editor. The video
plays in sync with any unmuted music items (DG4).
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Figure 4: Overview of our prototype implementation, starting from the (1) Video Understanding step that generates transcripts
and captions for (2) the vibe recommendation. Once the user submits the vibe (3) the system translates the vibe into structured
music prompts for (4) the text-to-music model to generate three songs. To iterate on the songs, the user can (5) refine the
structured prompt.

4.3.5 Refining generated music. The user can select a music item
on the timeline to see the prompt that generated it in the music
generation panel. Since the prompt conforms to a specific structure
(see section 4.3.3), the interface breaks the prompt into indepen-
dently editable text boxes for genre, instruments, mood, theme, and
energy (DG5) (Figure 3). If the user clicks “Re-Generate” without
modifying the prompt at all, the system uses a new random seed in
its request to the text-to-music service; otherwise the same song
would be generated again. If they did modify the prompt, it uses
the same seed as before. This can help maintain consistency across
iterations when making minor tweaks to the prompt (e.g., changing
one instrument), as it means the generative model will start from
the same initial number, making it more likely to produce a similar
song. The generated result replaces the selected music item on
the timeline, and the user can toggle between iterations using the
“Previous song” and “Next song” buttons to hear how their prompt
changes affected the resulting music (DG4, DG5).

4.3.6 Prototype Implementation. Figure 4 illustrates the core com-
ponents of our prototype’s implementation. First, the user uploads
a rough cut video. Our offline pre-processing step computes a tran-
script of the video using Speechmatics [51] and visual scene cap-
tions using CLIP [43] and LLaVA [47]. We used GPT-4-Turbo as the
LLM that generates the vibe recommendation (section 4.3.2) and
the structured music prompts (section 4.3.3). To generate music, the

prototype uses a custom text-to-music generation model, trained on
licensed instrumental-only music. The model takes a text prompt
and desired duration as input, and generates up to five minutes of
instrumental music. Finally, all user interactions are done through
our web interface, developed using Typescript, React, and MobX.

We note that the implementation details of these features are not
part of this paper’s contribution. In practice, each element could be
replaced by other technical solutions, e.g., a different text-to-music
model, as long as the components of the system can communicate
as per Figure 4.

5 User Study
Our design and prototyping phase yielded a high-fidelity design
probe which allowed us to explore different aspects of the emerging
design space, given limited current understanding of how users
interact with music generation tools in the context of video edit-
ing. We invited seven video creators to use our probe along with
a similar prototype with a standard text-prompt interface. We in-
troduced the second prototype as a baseline to compare how our
probe, whose design enables assisted human-in-the-loop interac-
tions, compares to the type of interface music generation tools use
today. We examined how participants experienced the features of
both prototypes and how they compare to their current workflows
for sourcing music.
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Figure 5: The baseline prototype used in the user study. The music generation panel features a single text box where the user
enters their prompt.

Below we discuss the study details, including the baseline proto-
type, and the study results.

5.1 Baseline Prototype
Since none of our formative study participants had any previous
exposure to existing AI music generation systems, we wanted to
explore how directly prompting a text-to-music model compares
to the assisted workflow found in the probe. We thus created a
prototype that does not include any video analysis or automated
assistance (Figure 5). As in the probe, the user selects a region of
the timeline where they want music. Once a region is selected, a
text box appears in the music generation panel, where the user can
enter a natural-language prompt describing the music they want.
When the user clicks “Generate”, their prompt is sent to the music
generation service. Unlike the probe, only one song is generated at
a time.

When the user selects a music item on the timeline, they can see
and modify the prompt that generated it in the music generation
panel. As in the probe, clicking “Re-Generate” will submit the new
prompt to the music generation service. We chose to keep the
“Previous Song” and “Next Song” buttons from the probe since
existing music generation interfaces also allow users to explore
their previous prompts and results [5, 31, 54, 56].

5.2 Participants
As with the formative study, we targeted social video creators who
produce narrative-style videos with background music, with one
added constraint: participants were recruited internally from a large

tech company due to the prototypes’ use of an internally deployed
text-to-music model. Interested individuals filled out a screener sur-
vey, where we asked about the types of videos they create, how they
source their music, and their general video production practices.
Selected participants were emailed consent forms and scheduling in-
formation. In total, we recruited seven participants, three of whom
had also participated in the formative study. Importantly, the forma-
tive study did not include exposure to generative music or mention
the prototypes, ensuring that repeat participants approached this
user study without prior bias or familiarity with the systems being
tested.

Table 2 summarizes the content types and platforms used by our
participants in the user study.

5.3 Procedure
Study sessions were conducted remotely via Microsoft Teams, with
participants sharing their screens and audio to allow for real-time
observation. In total, sessions lasted approximately 80 minutes and
were recorded and transcribed for analysis. Participants received a
$50 gift card as compensation.

Since our prototype assumes a rough-cut-first workflow (DG1),
participants were asked to submit two in-progress videos in rough-
cut form, simulating the point in their workflow just before they
begin searching for and adding music. They submitted videos ahead
of time so we could pre-process them and add them to our internal
database.

Each session began with two 20-minute think-aloud tasks, one
with each prototype (presented in random order). In each task,
participants had 15 minutes using the prototype to add music to
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Participant Content Type Content Platform(s) Music Platform(s)
P1 DIY Crafts TikTok, Instagram Instagram
P2 How-To YouTube Epidemic Sound
P3 Vlog YouTube Epidemic Sound
P4 Vlog YouTube Adobe Stock
P5 Get Ready With Me TikTok, Instagram CapCut stock music
P6 Vlog Instagram Adobe Stock
P7 How-To YouTube/Internal Company Videos YouTube

Table 2: Information about our user study participants, including types of videos they make, the platforms they post their
videos on, and the platforms they use for music.

one of their submitted videos, followed by 5 minutes to complete a
post-task survey. The post-task survey comprised twenty questions
on a seven-point Likert Scale. We designed the survey by adapting
relevant elements from Cherry & Latulipe’s Creativity Support In-
dex (CSI) [16], Amershi et al.’s Guidelines for Human-AI Interaction
[7], and similar post-task surveys from related work [28, 58]. See
the Supplementary Materials for the full list of survey questions.

After completing both think-aloud tasks, the session concluded
with a 40-minute semi-structured interview, which complemented
the survey by providing deeper insights into participants’ experi-
ences.We asked about their overall impressions of the systems, their
preferences, and how the tools compared to their current workflows.
Observational notes were also revisited during the interview.

5.4 Data Analysis
While the small sample size makes statistical testing inappropriate,
subtle variations emerged across specific survey questions, which
warranted further investigation to understand participants’ nu-
anced perceptions. To investigate these trends, we used exploratory
data visualizations including divergent stacked bar charts and slope
graphs. To derive qualitative insights from the interview data, we
conducted a thematic analysis of the transcripts using an inductive
coding approach.

5.5 Results
While both prototypes were well-received, participants had con-
flicting opinions on which system offered better creative control.
The main takeaways from our user study are as follows:

• The design probe was helpful for getting started and explor-
ing possibilities, mainly due to its vibe recommendations
and multiple output suggestions.

• The baseline prototype was most helpful when participants
had a specific musical idea in mind, and was preferred by
participants with musical expertise.

• Participants disagreed on which prototype gave them more
agency and control; some found the design probe’s struc-
tured prompt easier to control, while others found it overly
constraining and preferred the baseline’s direct prompting
approach.

5.5.1 Vibe recommendations and structured prompts enable produc-
tive exploration. All participants found the vibe recommendations
in the design probe to be useful (Figure 6), describing the system as

Figure 6: Participants’ responses when asked about the rec-
ommended vibe for their videos

a great starting point for the music process that helped them gener-
ate ideas and explore possibilities (P2, P4, P7). Several participants
likened the probe to a conversational assistant, offering a helping
hand when needed (P2, P4, P5, P7). One participant highlighted
the vibe recommendation as an excellent way to establish “a solid
enough playground to mess around with things” (P5). This partici-
pant also found the suggested prompts helpful: “It was good to have
a bit of training wheels, I think, because I don’t know the words
to necessarily use when it comes to describing instruments, for
example” (P5). Overall, exploration emerged as one of the probe’s
key strengths (Figures 7 and 8): “having the three [songs] laid out is
beneficial if you’re trying to explore totally different themes” (P1).
Participants pointed out that the three music suggestions allowed
them to consider genres they might not have explored otherwise
(P2, P3, P5) while making it easy to track different iterations (P6,
P7).

5.5.2 System preference depends on user expertise and situation.
Four out of seven participants preferred the design probe for their
workflows (P2, P3, P4, P7), citing its flexibility and ability to suggest
ideas they might not have considered. Two participants enjoyed
using both systems but noted that the baseline was especially useful
in scenarios where they had a specific musical idea in mind and
needed a more direct approach to realize it (P1, P5). P6, who has
more musical expertise than the other participants, was critical of
both systems due to the inability to definemusical attributes directly.
Despite this, they acknowledged being impressed by the design
probe’s capacity to accurately recommend music that matched their
intended vibe.

Participants emphasized that their choice of system would likely
depend on situational factors (P1, P3, P5, P6, P7). For example, “if
[their goal] was exploration, the [probe] is more ideal” (P1). In
contrast, the baseline would be preferable in situations where they
already have “a very clear idea of the type of music” (P3) in mind
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Figure 7: Participants’ responses when asked about ease of
exploring ideas using each prototype

Figure 8: Participants’ responses when asked about their
ability to track ideas throughout their use of each system

or even “already [have] a track to edit” (P1). However, the ability
to describe a specific musical direction using the baseline “would
be limited by how musical the user is” (P7). Accordingly, one of
the most commonly requested improvements was for the system to
“progressively [disclose] more and more controls” (P4), and to allow
users to move between different levels of abstraction depending on
their use case. P7 echoed this, stating that “it would be neat if there
could be an open mode [i.e., the baseline] and guided mode [i.e.,
the design probe]”, so they could choose when they want to use
the vibe recommendations versus directly prompt the model.

5.5.3 Participants disagree on which system provides more control.
Participants had varied experiences when it came to control, trans-
parency, and creativity. While the survey results suggested that the
design probe’s feature set was clearer (Figure 9), there was some
disagreement regarding the feedback provided by both systems
(Figure 10).

Some participants found the design probe to be more transparent
than the baseline prototype, as it provided insight into how the
system was generating music recommendations (P2, P3, P4, P7) and
gave them more output parameters to tinker with (P2, P4, P7). “I
felt like I was co-creating because it got my creativity flowing more

Figure 9: Participants’ responses when asked about system
clarity

Figure 10: Participants’ responseswhen asked about feedback
provided by both systems

and I could see what [the system] was thinking [...] It’s giving me
a bigger look inside the black box of AI” (P7). These participants
felt that the baseline system required a significant amount of trial
and error to achieve desired results (P2, P3, P7).

Conversely, the other participants felt less agencywith the design
probe, saying that its structured interface limited their ability to
refine or control music output (P1, P6). These participants found
the baseline prototype easier to guide toward their desired result
due to its focus on a single-song output and resemblance to familiar
LLM interfaces and music search interfaces (P1, P5).

Participants also shared ideas for future features, some that
would increase the amount of automated assistance, and others
that would provide more fine-grained control. Interestingly, these
ideas did not align with which prototype they preferred. For exam-
ple, both P1 and P3 wanted the system to automatically synchronize
the video with their music (increasing assistance), while both P5
and P6 wanted more precise control over the musical structure,
such as specifying where a beat should drop (increasing control).
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6 Discussion and Takeaways
Through our formative and user studies, we gained a deeper under-
standing of how video creators conceptualize music and explored
how a creative assistant can facilitate music generation for videos.
Below, we present three key takeaways that can serve as actionable
recommendations for designers of future music generation systems.

6.1 Offer Initial Guidance Based on User
Content

A significant challenge for video creators is describing the music
they envision in words. Our findings suggest that offering person-
alized recommendations based on the user’s content at the start of
the music generation process can be a powerful way to address
this problem. Personalized recommendations are more effective
than predefined examples, as they directly align with the user’s
unique context, enabling them to begin their creative process with
guidance rather than guesswork.

In addition to being personalized, initial guidance should align
with the user’s mental model of a task, so that they can easily mod-
ify it to suit their intent. Our approach of describing the vibe of a
video was one way to achieve this, but future systems could explore
other user-friendly representations such as the timeline emotion
tagging and mood boards we explored in our design process. Alter-
natively, systems could directly generate music given a video by
leveraging video-to-music generation models [23, 53], but would
need to provide mechanisms for users to iterate on their outputs
and guide them towards their creative goals.

6.2 Surface Intermediate Structure for
Productive Iteration

Prompting generative AI models is challenging [66], especially for
users with limited expertise in the model’s domain. In the context
of text-to-music generation, these challenges are exacerbated by
the inherently abstract nature of describing music and the subjec-
tivity of music interpretation. Our findings suggest that surfacing
intermediate structures can help users iteratively refine their output.

Under the hood, a text-to-music model implicitly interprets and
transforms the text prompt in order to arrive at a coherent musi-
cal output. In our baseline prototype, the model’s interpretation
of prompts remained opaque, and participants struggled to infer
how their input influenced the output when refining their prompts.
While this mismatch between user conceptualization and model
interpretation was partially due to users’ limited musical literacy, it
also stems from the complexity of mapping subjective descriptions
to structured musical outputs. Our design probe introduced a struc-
tured intermediate representation that allowed users to iterate on
their input more effectively. By making the system’s interpretation
more explicit, this approach provided users with concrete axes of
control, supporting more productive exploration and refinement.

While we explored one potential representation for intermediate
structure, many other representations are possible. For example,
Music Creation by Example [28] employs a grid-like interface that
allows users to mix and match five attributes across five generated
outputs. Future work should consider other interpretable interme-
diate structures that provide clear opportunities for refinement and

empower users to engage more effectively with generative music
tools.

6.3 Allow Users to Navigate Between Levels of
Control

Our study revealed conflicting opinions among participants regard-
ing which prototype provided better control. Even within the same
session, participants’ preferences shifted depending on their task
or creative intent. This finding highlights the importance of offer-
ing users multiple levels of control rather than a one-size-fits-all
interface solution.

While some participants found the design probe easier to con-
trol because of its structured refinement interface, others felt the
predefined categories were overly constraining. Similarly, some
participants found the baseline’s open-ended text box familiar and
straightforward, while others found it daunting and unproductive
without clear feedback. Future systems must account for these vary-
ing needs, offering intuitive ways to move between structured and
unstructured modes of interaction. Systems could allow users to
toggle between high-level guidance (e.g., vibe-based recommenda-
tions) and detailed customization (e.g., control over tempo, instru-
mentation, or structure) to seamlessly navigate between levels of
abstraction as their needs evolve during the creative process. Such
systems could also provide educational scaffolding to help address
the gap in musical literacy observed among non-expert users, such
as tooltips or interactive explanations of musical attributes. This
dual role—both as a creative tool and a learning platform—could
empower users to make more informed decisions about music while
building their confidence in interacting with generative models.

7 Limitations and Future Work
Our study has several limitations that point to opportunities for
future research. First, the small number of participants and the
exploratory nature of our design probe limit the generalizability of
our findings. Rather than conducting a full evaluation, we aimed
to observe how video creators interacted with our creative assis-
tant to uncover initial insights into this design space. While our
exploratory visualizations of the survey data suggest some poten-
tial trends, larger studies with a more diverse participant pool are
needed to validate the effectiveness of our proposed workflow.
Second, our study only tested one music generation model, and
some participants had concerns about the quality of the generated
music. While other models may vary in their ability to interpret
natural language prompts and quality of their outputs, music gen-
eration technology is rapidly improving in general. Future work
could compare different models to better understand their relative
strengths and weaknesses. Finally, we did not directly compare our
creative assistant to participants’ existing music search workflows,
nor explore how the two might work together. Future work should
consider when one approach might be preferred over the other, or
even how the two could be blended to combine their strengths—for
example, music “outpainting” technology [41] could be used to
generatively extend a short stock song to match the duration of a
user’s video.

More broadly, our design probe represents one point in a broad
and largely unexplored design space. We therefore highlight some
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of the choices we made to emphasize opportunities for future work.
First, our prototype requires the user to initiate music generation
by selecting a region on the timeline; future versions could enable
a mixed-initiative experience by proactively suggesting regions to
add music to based on the video’s structure. Second, our prototype
only provides song-level control over music generation, though
some participants wanted to specify how the dynamics or mood of
a song should change over time. Future work could explore how
we might leverage model improvements that enable finer-grained
temporal control (e.g., dynamics or musical structure [40, 41, 63])
by automatically suggesting temporal parameters based on the
user’s video or providing intuitive mechanisms for users to spec-
ify such parameters (e.g., sketching to specify musical structure).
Third, our current method of reusing the same seed for a modi-
fied prompt does not guarantee that the re-generated result will
sound similar, especially if more than a few words in the prompt
are changed, because the seed only controls the start of the gener-
ative process. Future systems could use the previously-generated
song as additional input to guide re-generation, and leverage model
optimization techniques to provide specific editing controls such as
“inpainting” (replacing a selected region of a song while leaving the
rest unchanged) [40, 41] and adding or removing instruments [68].
Finally, future work could also explore how AI music tools might
apply to other types of videos, beyond our focus on narrative-style
content.

7.1 Ethics and Social Impact
While generative AI tools have the potential to democratize cre-
ativity, many creative professionals are also concerned about the
potential of such tools to disrupt their livelihoods [57]. Our design
process and choice to focus on background music for social videos
was informed by the desire to enable more creators to do what they
otherwise could not: create and customize unique music for their
own videos. Our hope is that by reshaping the creative process in
this way, our approach might diversify the landscape of music in
narrative videos, as creators may be less likely to reuse the same
stock songs in multiple videos.

However, the diversity of a model’s generated music depends on
its training data, which often under-represent non-Western music
[59]. In addition, many AI music generation models have come
under recent scrutiny for training on copyrighted music without
permission [12, 32], thus producing music that directly competes
with the data it was trained on. While training models only on
licensed music can help ensure that creators have agreed to the
use of their music as training data, questions remain around how
this broader shift toward generated content might impact music
creators, and how to ensure that generated music represents a broad
range of styles and cultures. By addressing these questions, we can
build AI tools that empower creators while fostering equitable and
sustainable artistic communities.

8 Conclusion
This paper explored the challenges and opportunities of incorporat-
ing AI-generated music into video editing workflows for narrative
social video creators. Insights from a formative study informed the
design of a vibe-based creative assistant that balances automated

guidance with user control. Using this creative assistant as a de-
sign probe, we conducted a user study that compared it against
open-ended text prompting. Our results showed that the creative
assistant helped spark ideas and enabled exploration. However, it
also highlighted the need for creators with specific musical goals
to have more direct control. These findings emphasize the impor-
tance of flexibility in the design of text-to-music interfaces for video
creators, whose needs of exploration, control, and creativity can
change depending on expertise and video content. As text-to-music
models continue to evolve, our work underscores the need for a
design space for music generation interfaces for video workflows
that meet the needs of video creators.
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A LLM Prompts
This section contains the prompts used by our creative assistant
prototype for generating vibe recommendations and structured
music prompts. We used the 1106-preview version of GPT-4-Turbo.

A.1 Vibe Recommendation
Describe the overall vibe/emotion of a specific section of

my video. Give me five adjectives that describe it, and one

short phrase describing how a viewer should feel while

viewing the video. Here is an example for a travel vlog:

exciting, energetic, adventurous, happy, curious, like a

really fun concert. DO NOT INCLUDE ANY PREAMBLE. Just give

me the adjectives and the phrase in a single comma

separated sentence.

Here is the transcript for the specified section of the

video:

"${filteredTranscriptSentences}"

For context, here is the full transcript from the whole

video:

"${transcriptSentences}"

Here is an array describing the visual features of the

video in JSON format. Each item in the array represents one

salient visual scene in the video, and describes the visual

attributes of that scene.

This array is of the visual scenes from the specified

section in the video:

${filteredVisualScenes}

For context, here is the full captions for the whole video:

${visualScenes}

Where:
• transcriptSentences = a string containing the entire tran-
script of the video with punctuation

• filteredTranscriptSentences = a string containing only sen-
tences in the transcript that occur within the region of the
video selected by the user

• visualScenes = an array of strings, where each string repre-
sents one visual scene and contains a few sentences describ-
ing the visual attributes of that scene

• filteredVisualScenes = an array of strings, containing only
the scenes that occur within the region of the video selected
by the user

A.2 Translating Vibe into Structured Music
Prompts

Come up with three prompts for a music generation model for

music that will go with a specified section of the video

where the generated music will play. Here is a summary of

the mood/vibe of the video:

"${vibeRecommendation}"

The model accepts prompts that use the following

properties: genre (1-2 genres), mood, energy, instruments

(1-2 instruments), and theme. Each prompt should produce a

different kind of music, but they should all still relate

to the mood/vibe of the video.

For "theme", you can use words like ${themes}.

Use language that is easy to understand and do not

hallucinate. Don't include words such as 'Sure! Here's a

short description for the music' or 'Generate a song

that...'.

Write the prompts so that they match the following template

in JSON format:

{

"prompts": [

{

"genre": "1-2 genre descriptors",
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"instruments": "1-2 instrument descriptors",

"mood": "1-2 words describing the mood of the video",

"theme": "1-2 words describing the video theme",

"energy": "energy level of the video"

},

{

...

},

{

...

}

]

}

The output must be able to be parsed as JSON. Do not start

the response with "{". Start your response with {

To help with creating the prompt, use the following

transcript and visual captions from the video. Here is the

transcript for the specified video section:

"${filteredTranscriptSentences}"

For context, here is the full transcript from the whole

video:

"${transcriptSentences}"

Here is an array describing the visual features of the

video in JSON format. Each item in the array represents one

salient visual scene in the video, and describes the visual

attributes of that scene.

This array is of the visual scenes from the specified

section in the video:

${filteredVisualScenes}

For context, here is the full captions for the whole video:

${visualScenes}

Where:
• vibeRecommendation is the output from A.1, potentially mod-
ified/rewritten by the user

• themes is the following hardcoded list of themes, which was
used in the training of our text-to-music model but is based
more generally on common themes that appear in stock mu-
sic for video (and could be omitted or replaced by any list of
example themes): Business/Corporate, Vlog, Commercial,

Trailer, Weddings, Documentary, Food, Education, Lifestyle,

Road Trip, Travel, Gaming, Sport & Fitness, Slow Motion,

Urban, Party, Fashion, Science, Medical, Industry, Drone

Shots, Landscape, Nature, Podcast, Tropical, Love Song,

Action Adventure

• transcriptSentences, filteredTranscriptSentences, visualScenes,
filteredVisualScenes are the same as in A.1 above
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