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ABSTRACT

Selecting a soundtrack is a critical step in video editing.
However, evaluating music is a slow, sequential process.
Creators must listen to tracks one by one, making direct
comparison difficult and forcing them to rely on auditory
memory to predict a track’s impact on their video. We
present VidTune, a system that facilitates exploration and
comparison of generative soundtracks with Visual Thumb-
nails. We introduce a technique for generating contex-
tual visual thumbnails that translate a music track’s char-
acter into a stylized preview of the user’s own video. Our
method maps analyzed musical attributes like valence and
energy to visual parameters such as color and brightness
applied to a keyframe. This approach transforms sound-
track selection from a slow process of sequential listening
into a rapid act of parallel visual comparison, allowing cre-
ators to more intuitively imagine each track’s final impact
on their video.

1. INTRODUCTION

Music is a powerful device in storytelling that can empha-
size emotions and engage the audience [1]. To add ef-
fective soundtracks, video creators make strategic musi-
cal choices based on their videos – upbeat, popular music
to create a pleasant atmosphere for their vlogs [2], ambi-
ent music for tutorial videos [3], and memorable hooks to
build brand identity in advertisements [4]. While profes-
sional video production teams often work with dedicated
composers to create music, most individual content cre-
ators search for suitable tracks in stock music libraries [5].
However, searching for effective soundtracks can be a chal-
lenging process as they have to find copyright-free tracks
that match a specific style and emotion of the video.

As high-quality text-to-music models are becoming eas-
ily accessible on commercial platforms like Suno [6] and
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Table 2. Pipeline - rule of how we generate thumbnails

User Video Visual Anchor Generated Music Visual Thumbnail

Base Prompt

Base Prompt

Style Prompt

Style Prompt

Figure 1. The core concept of our generative thumbnails.
The system synthesizes a base prompt, derived from the
video’s visual anchor (the ’what’), with a style prompt, de-
rived from the music’s character (the ’how’). The resulting
thumbnail fuses the video’s content with the music’s style,
as seen in the transformation of an octopus character into
a jazz musician or the Eiffel Tower into a neon DJ scene.

Udio [7], more content creators are using them to gener-
ate music for their videos [8]. Text-to-music models can
be a powerful alternative that offers flexible customiza-
tion that traditional stock music lacks. However, there are
core challenges that non-expert creators face. First, cre-
ators struggle to find the right words to describe the music
they want [5,9]. They often discover their preferences only
after listening to several diverse alternatives, highlighting
a need for broad exploration. Second, even when pre-
sented with multiple options, creators face an evaluation
hurdle [10–12]. It is difficult and time-consuming to dis-
cern the nuanced differences between abstract audio tracks
and predict their emotional impact on the video. Finally,
refining a promising but imperfect track presents another
challenge, as translating a high-level creative goal (e.g.,
“make it more emotional”) into a precise prompt modi-
fication is not intuitive.

We present VidTune (Figure 2), a system that facilitates
exploration and comparison of generative soundtracks. To
support creative exploration, VidTune first expands a user’s
prompt to generate musically diverse alternatives. At the
core of our system are visual thumbnails, which allow cre-
ators to quickly skim and compare different music options.
These thumbnails translate a rich set of musical attributes
– from high-level genre and mood to specific qualities like
valence and energy – into intuitive visual parameters like
artistic style, color, and brightness. By grounding these



Figure 2. VidTune’s interface integrates video player for
users to preview music in context to the video. VidTune’s
visual thumbnails enable users to quickly sensemake dif-
ferent music options.

visuals in an anchor from the user’s own video, VidTune
helps creators more intuitively imagine each music’s im-
pact. Users can also preview music synchronized with their
video and review VidTune’s fit indicators that explain how
a track matches the video’s context and the user’s goals.

2. PIPELINE FOR GENERATING THUMBNAILS

VidTune’s visual thumbnails allow creators to instantly see
and compare how different musical options would feel in
the context of their actual footage (Figure 1). To generate
the thumbnails, our pipeline 1) extracts the core semantic
visual anchor from the video (e.g., key subject or scene)
and 2) analyzes each track for musical attributes like va-
lence, energy, and tempo. Then, we generate each thumb-
nail by blending the musical impact directly into the style
of the visual anchor.

2.1 Identifying the Visual Anchor

Our pipeline uses a large multimodal model (LMM) [13]
to identify the visual anchor from the users’ video. We
prompt LMM to first identify one or more protagonists,
such as stylized protagonists, such as animated figures, an-
imal characters, or generated human avatars. By focus-
ing on non-real characters, we set a clear boundary against
modifying real humans’ appearance and behavior from the
video recording, which can lead to ethical issues [14] and
uncanny valley effect [15]. In videos where no such pro-
tagonist is present, LMM first identifies the video’s cen-
tral theme or setting. For instance, for a travel vlog, the
model would first identify the theme “Paris” then select a
keyframe from the segment that best illustrates the theme
(e.g., a shot of the Eiffel Tower) as the visual anchor.

Musical Attribute Visual Mapping Rule

Genre & Style Background scene and artistic style
e.g., electronic → neon cityscape

Instruments Protagonist performing instrument
(size proportional to prominence)

Tempo Implied motion
e.g., fast → speed lines & blur

Emotion & Mood Facial expressions and body language
matching emotion

Valence Visual filter: hue/tint adjustment
e.g., positive → warm, negative →
cool

Energy Visual filter: brightness and satura-
tion
e.g., high → bright, low → dim

Table 1. Mapping of musical attributes to AI-generated
thumbnails in VidTune.

2.2 Analyzing Music and Generating Thumbnails

Whenever a new music track is generated, we prompt an
LMM [13] to produce a detailed description of its musical
character, covering the attributes in our mapping frame-
work (Table 1). From this description, we then generate a
stylistic modifier – a short phrase that translates the music’s
qualities into visual effects. For consistent translations, we
prompt LMM with both the mapping rules (Table 1) and
several in-context examples [16] of rules being applied.
Finally, the stylistic modifier is appended to the visual an-
chor’s description to construct a complete prompt for the
text-to-image model [17]. For example, the anchor ‘a shot
of the Eiffel Tower’ is combined with a modifier derived
from an upbeat electronic music to become: ‘A cinematic
shot of the Eiffel Tower at night. The artistic style is fu-
turistic electronic, with the surrounding scene transformed
into a vibrant neon cityscape’ (Genre & Style). The image
is bright and highly saturated with a warm color palette of
gold and magenta (Energy & Valence). There is a dynamic
sense of implied motion, with subtle light streaks and mo-
tion blur to reflect the fast tempo (Tempo)’.

3. CONCLUSION

We introduce a technique for generating contextual visual
thumbnails that translate a track’s analyzed musical char-
acter into a stylized preview of the user’s own footage. Our
method provides a visual proxy for audio, transforming a
cognitively demanding task of listening and imagining into
a rapid act of parallel visual comparison. The potential of
this cross-modal approach extends far beyond generative
music. Our analysis pipeline can be applied to any audio
track, envisioning a future where existing music libraries
are browsed not just by tags, but by dynamic visual pre-
views contextualized to the user’s project.
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