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Figure 1: Generating effects sounds from motion graphics videos via MoSounD. Given a motion graphics video, our interactive
system extracts the key events and generates the corresponding sound effects. (A) The user interface of our system, which
includes views of the automatically extracted visual events, their timing, and descriptions of the graphics and motions. From
there, the user can choose how to map the visual events to the sound effects, preview the generated sound effects, and export
the final audio. (More details are in Figure 3.) (B,C) Several keyframes of an example video, along with the corresponding
guide sounds from the extracted motions, suggested prompts, and final effect sounds generated by MoSounbD. Please see the
accompanying video for animation and sound effects. Water video ©® Alejandro Imondi.

Abstract

Motion graphics, which bring logos, text, and other illustrations
to life, are greatly enhanced with sound effects. Sound design for
motion graphics presents unique challenges due to their short,
abstract nature. Sound designers must identify opportunities for
adding sound, decide on the sound’s character to match the visual
graphics, synchronize sounds with events, and align sonic proper-
ties with motions. We introduce MoSOUND, an interactive system
that helps with all steps of this creation process. We designed the
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interface of MoSoUND based on formative studies with practition-
ers and implemented the system as a combination of visual event
detection, spatial attribute mapping, and generative sound styliza-
tion. We demonstrate MOSOUND on a variety of examples, showing
that it is capable of creating high quality soundtracks while being
accessible to novices.

CCS Concepts

« Computing methodologies — Motion processing; « Human-
centered computing — Sound-based input / output.
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1 Introduction

Motion graphics are short animations in which logos, text, and other
simple illustrations are brought to life. They are often enhanced
with sound effects that add vitality [14], emotional impact [31], and
memorability [47]. The sound design for a motion graphic is an
integral part of its appeal and recognizability. For example, Netflix
named its annual public-facing event “Tudum” after its iconic sound
logo. Other examples of sound logos include the HBO Static Angel,
the Intel jingle, the MGM lion, the THX Deep Note, and the 60 Min-
utes ticking clock. Designing sounds for motion graphics presents
unique challenges due to the often short, abstract visual content
and the need to match the visual and auditory events in timing
and character. Pre-existing rhythmic audio like music will not, in
general, match the events. Good sound design provides synchresis,
“the spontaneous and irresistible mental fusion, completely free of
any logic, that occurs between a sound and a visual when these
occur exactly at the same time” [14].

Both the research literature (e.g. [37-39, 66]) and commercial
products (e.g., [1, 2, 7]) have explored tools for creating and editing
motion graphics. These tools help with visual motion generation,
allowing users to add motions to static illustrations via a variety of
input modalities, including text prompts, timeline sequences, and
node-based interfaces. However, they only consider visual rather
than sound design.

There are multiple tasks that a sound designer must accomplish:
identifying opportunities for adding sounds, deciding on the char-
acter of the sounds based on the visual content, creating the sounds,
synchronizing the sounds’ timing with the graphical events, and
aligning the sounds’ precise sonic properties with the motions.

Current automatic or low-guidance generative techniques (e.g.,
[11-13, 24, 35, 42, 68]) are one-shot generation pipelines. They
provide controllability at the clip level (text prompts, reference
audio, etc.) but don’t support direct frame-level editing or adjust-
ment. Only MMAudio [12] reliably generated reasonable results but
only when provided with precise and well-crafted prompts, which
MoSounD is designed to automate. See a detailed comparison in
Section 5.2.

MoSouND aims to help with all steps of this process while provid-
ing flexible user control for novices and experts. MOSOUND presents
users with a list of automatically identified events, populated by a
vision language model (VLM)’s analysis of the video frames (Fig-
ure 3a). Events are accompanied by a description of a sound effect
(Figure 3a) and its placement on the timeline (Figure 3f). Users can
modify these suggestions, adjust timing, and identify objects for
motion tracking (Figure 3b). Users can map motion characteristics
(Figure 3d) such as position and velocity to the properties volume
and stereo panning (Figure 3e). A sound synthesis model [22] gen-
erates sound effects from the textual descriptions and optional
mapped properties (Figure 3c).
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We conducted a user study to evaluate our pilot prototype (Sec-
tion 6). Overall, participants are satisfied with the generated sound
effects and found the overall interface fun and easy to use. Experts
appreciated the ability to quickly create sound effects, though noted
that more precise controls are needed for MOSOUND to replace pro-
fessional tools. Results from the user study along with those created
by the authors are provided in the supplemental materials.

The contributions of our work are as follows:

e MoSounD, a human-in-the-loop interactive workflow that
facilitates sound designs for motion graphics videos by com-
bining visual event detection, motion-to-sound mapping,
sound effect suggestion, and user control.

e A motion-to-sound mapping between visual events and gen-
erative sound effects, which enables users to create a wide
range of sound designs for different types of motion graphics
videos.

e Insights from a user study in which experts and novices use
MoSounD, demonstrating that the mixed-initiative nature
of the design lowers barriers for novices and offers experts
valuable prototyping tools.

2 Related Work
2.1 Motion graphics design and authoring

Despite their often short temporal durations, motion graphics tend
to be very challenging to create, given the multiple stages involved
and the steep learning curves for various tools faced by novice de-
signers [30]. Thus, simplifying and unifying the authoring process
is a key goal of many recent works, including end-to-end tools
[28, 29, 39], automation [54], design spaces [25, 49], and specific
aspects such as motion [37, 56, 67] and color [48]. However, these
prior works predominantly focused on motion and visuals instead
of sound, which our work addresses.

2.2 Sound design

Sound can be an integral part of logos for branding and marketing
[52] and a key modality to convey information, aesthetic, and emo-
tional qualities in interactions [26, 45]. However, sound design can
be a quite involved process, requiring both technical expertise and
artistic creativity. INVISO [9] is an interface for designing virtual
sonic environments from existing sounds that can be interactively
explored by spatial positioning. In contrast, we focus on synthesiz-
ing new sounds to enhance linear motion graphics videos. Kamath
et al. [32] studied the adoption of generative Al for professional
sound designers and made several observations on their practices
and recommendations for interface design. They focused on the
synthesis of individual sounds controlled by two kinds of sliders
(domain- and technology-specific), including recommendations for
interacting with the model itself (e.g., perceptually linear controls,
using spectrograms to visualize sounds). In contrast, we focus on
harnessing sound synthesis for the multiple events in a motion
graphic video with an interface suitable for novices and experts.

2.3 Sound generation

Sounds can be generated in a variety of ways, including physical
recording, simulation, and generative AL
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Physical sounds. Foley [5] is a sound effect creation technique
that uses physical objects to create sounds that are recorded and
synchronized with visual content. It is popular in film production
but can require high expertise and significant physical labor. Sha
et al. [46] explored sounds as a form of human-matter interaction,
where sound is used not only to convey information, but also to
create and modify the experience of a physical space or object. We
focus on a purely digital scenario, leveraging recent advances in
generative Al to create sounds for an input video.

Simulated sounds. To avoid manipulating physical objects, a va-
riety of works have explored sound generation by simulating the
underlying physical phenomena [6, 10, 34, 70]. These approaches
can produce highly realistic sounds perfectly synchronized with vi-
sual objects. However, these approaches are not directly applicable
to abstract visuals such as animated logos, which are not typically
grounded in physical reality. Furthermore, for motion graphics,
cinematic effects are often more important than physical realism;
even for logos that do resemble physical objects, the sound is often
exaggerated for effect. Our system addresses these limitations by
generating sound effects which may not be physically realistic, but
are based on the motion graphics video, rather than relying on
physical simulation or field recordings.

Generative sounds. Generative Al provides an alternative ap-
proach to sound synthesis beyond field recording and physical
simulation. Some works rely solely on text prompts to generate
sound effects, similar to one-shot text-to-image generation [11-
13, 36, 65, 68]. With these approaches, it is difficult to control the
timing and style of the generated sound effects. This is true for
OpenAT’s Sora 2 and Google’s Veo 3, which generate both video
and audio from a text prompt and optional start and end frames.
Other works provide more flexible sonic modalities to control the
sound generation process [15, 17, 19, 22, 41, 55, 63], as well as syn-
thesis driven by sketching [57], gestures [20], and scene objects
[27, 35, 51]. AutoFoley [23], an early such work, is a deep learning-
based approach for generating synchronized sound tracks for silent
captured videos. The method is trained on a dataset of captured
natural scenes with a discrete catalog of sound effects (e.g., footstep,
typing, car, horse, etc.) and may not be applicable to abstract motion
graphics. MoSoUND leverages this line of work for motion graph-
ics needs. Namely, MOSOUND generates text and sound prompts
for Sketch2Sound [22], a state-of-the-art approach which stylizes
the visual-to-sound curves into high-quality sound effects. Our
approach to mapping properties of motion into sound resembles
data sonification techniques [27, 50, 61, 62]. However, our mapped
sounds are not the end result; rather, they are used as guidance for
sound effect synthesis. We compare to recent one-shot generative
approaches [11-13, 35, 68] in Section 5.2.

2.4 Music generation

Beyond individual sound clips, music can be generated to pro-
vide a more holistic experience. Amuse [33] supports collaborative
songwriting by generating chord progressions and melodies from
multi-modal inspirations such as images, text, and audio. Other
work has embedded generative models directly into professional
workflows, for example through MMM-C [53], a one-knob plugin
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for Cubase that enables Al-assisted composition and has been eval-
uated with expert composers. Beyond these settings, systems such
as AffectMachine-Classical [4] generate real-time classical music
conditioned on emotional states, while ConL2M [69] focuses on
controllable lyrics-to-melody generation. In contrast to these sys-
tems, which primarily aim to assist in creating musical structures,
our work targets the under-explored domain of event-based sound
design, emphasizing temporal precision and synchronization of
generated sound effects with motion in motion graphics.

3 Formative Steps

We conducted a design study to better understand the challenges
of existing tools and workflows. While prior works investigated
automatic or minimally guided generative audio tools, we aimed to
understand the creative possibilities and necessary controls for such
methods within a audio design workflow for our domain. Based on
our observation and insights, we formulate the design goals for our
system.

3.1 Method

We used a mixed-method approach for our formative steps, con-
sisting of expert interviews and surveying existing workflows. We
interviewed three expert sound designers (P1-P3) with at least
10 years of experience in sound design for animation and motion
graphics. The participants are proficient with motion graphics tools
(e.g., After Effects) and sound design tools (e.g., Tsugi, Adobe Audi-
tion, Reverb). The interviewers were semi-structured, conducted
remotely for approximately 60-80 minutes.

We recruited participants through our professional network us-
ing purposive sampling. Participation was voluntary and uncom-
pensated. We anonymized all responses in reporting.

3.2 Observations and Design Goals

Audio-Motion Synchronization. Akey challenge for creating sound
effects for motion is the accurate audio-video synchronization (such
as, directionality, velocity, appearance, disappearance, swinging)
that is critical to believability and immersion (P3). Yet it constitutes
the most tedious aspect of the design. Using traditional tools (i.e.,
After Effects), designers have to painstakingly synchronize these
two channels using keyframes in the timeline editor (P1-P3). Other
tools, such as Tsugi, allow designers to control the properties of
sound by drawing, where the position, speed, and other properties
of the mouse movements are evaluated to generate a sound effect
that matches the drawn motion (P3). However, precise synchroniza-
tion with the video motion is still challenging and tedious.

Creative controls and exploratory workflows. Due to the abstract
nature of motion graphics, artistic interpretation and creative con-
trols are essential for sound effects design (P1-P3). Given a motion
graphics video, sound designers prioritize the most significant ob-
jects and events that actively contribute to the narrative, audience
attention, emotional impact, and brand identity (P3). However, this
process requires considerable experience and expertise, and famil-
iarity with the nuanced intricacies of audio design and mixing. For
amateurs, it is challenging to identify the right events and express
sonic properties with natural language for searching or generating
sound effects.
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Iterative and multi-layered workflow. Sound design relies on it-
eration and layering, where designers repeatedly test variations
and combine multiple tracks to build complexity (P1, P3). Iteration
allows users to explore alternative directions and gradually refine
results, while layering enables richer compositions by blending
overlapping sounds. Together, these practices foster creativity, en-
courage experimentation, and mirror the way complex effects are
constructed in professional sound design.

Generative Sound Synthesis. Traditionally, sound designers rely
on existing audio libraries and Foley for source material. A basic
organic sound is shaped with multiple layers of effects to produce
dynamic modulations and variations (P3). However, novices lack
such libraries and Foley abilities. Moreover, they do not know how
to describe or search for their desirable sounds.

Based on the above observations, we define the following design
goals for our interactive system.

G1: Synchronization of audio and video: Align the precise
sonic properties of sounds with motions and synchronize
their timing with graphical events.

G2: Events Detection: Empower designers with intuitive tools
to discover and select key graphical events in the video, of-
fering both quick exploration and precise customization for
audio design.

G3: Multilayered Timeline: Enables users to stack, balance,
and refine multiple sound clips in parallel. It supports the
iterative and exploratory nature of sound design and the
richness that comes from blending overlapping sounds.

G4: Generative Sound Synthesis: Provide users with on-demand,

unique sound effect synthesis using Generative Al. Genera-
tive sound synthesis presents an opportunity for rapid explo-
ration and unique sound effect creation. Generating sound
descriptions allows novices to participate effectively.

4 MoSounD System

Guided by our formative study and design requirements, we cre-
ated MOSOUND, an interactive system for generating sound designs
for motion graphics videos. At a high level, users import a motion
graphics video, review and refine automatically detected events, ex-
plore motion-to-sound mappings, test generated sound candidates,
and compose them with the input video.

MoSounD is implemented with a React-based web interface and
a Python backend. Users begin by uploading a motion graphics
video, which is analyzed to detect key visual events. For each de-
tected event, motion tracking algorithms extract salient motion
features from the corresponding video clip. These extracted motion
features are then mapped to sound properties—such as volume and
panning—to synthesize a guide sound. This guide sound serves as
a conditioning signal for a text-to-audio generation model, which
produces sound effects that are temporally and semantically aligned
with the motion graphics. Once the sound effects are generated,
they are composited with the original video, resulting in a new
video file enhanced with motion-consistent audio. This final output
is made available for user download.
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4.1 Interface

Before walking through the interface, we provide an overview of
the end-to-end workflow in Figure 2. The diagram outlines how
MoSouND analyzes video frames, extracts events and motion fea-
tures, enables user-defined mappings, and synthesizes audio that is
assembled into a layered timeline.

The interface can be seen in Figure 3 and in the accompanying
video. When using MoSoUND, the user begins by loading a motion
graphics video such as a logo animation. MOSOUND uses a vision-
language model (VLM) to identify objects and events involving
those objects (Section 4.2).

The objects and their events populate the Event Panel along
the left side of the interface (A). Each event has a start time, an end
time, a visual description (e.g., “Sphere squishes and flattens.”), and
a proposed sound effect description (e.g., “Liquid, smooth, squish”).
The descriptions are editable in-place. (Sound effect descriptions
created by experts and expected by the generative model we use
are shorter than the text prompts commonly used by image synthe-
sis techniques (§4).) Users can manually add additional events by
clicking “Add New Event.”

The user selects events to add to the timeline with checkboxes
(A). Selected events appears in the Timeline View (F, along the
bottom of the interface) with the suggested start time and duration.
The user can adjust the start and duration in the Timeline View.
(The Event Panel contains an “Update” button to re-generate the
event and sound description from the adjusted batch of frames.)

To generate sound for an event, the user double-clicks on it in the
Timeline View. The relevant frames appear in the Motion Analysis
Panel (B, along the top of the interface). The Motion Analysis Panel
provides access to sound generation and optional motion tracking.
The Generate Audio button generates four candidate effect sounds
(C) based on the event’s duration and the sound description text
(Section 4.4). The candidate effect sounds are presented side-by-
side. For in situ perceptual evaluation, we play each effect sound
multiplexed with the video clips for a synchronized audio-video
preview. This allows users to compare how well each effect sound
aligns with the visual motion. The user can choose from these four
options or click the Generate Audio button again for a new set
of choices, with or without changes to the descriptions, motion
mappings, and event start/end.

The Motion Analysis Panel also provides access to motion track-
ing for shaping the generated audio to precisely match the visual
motion (Section 4.3). To perform motion tracking, the user marks
one (or more) points as inside the shape (e.g., inside a water droplet)
in one (or more) frames (B). The user can optionally also mark
points as outside the shape. The Track button initiates a tracking
procedure which segments every frame of the clip and analyzes
the motion of the segmented object. This populates the Motion
Analysis plot (D) with curves for various properties, such as posi-
tion, rotation, scale, and velocity. The user can then select a motion
property (E) to map to a sound property (stereo panning or volume)
and control its smoothing and range. The user can add additional
mappings as desired and preview the guide sound, which is the
audio generated from the motion curves. The guide sound is pro-
vided to the sound synthesizer (Section 4.4) along with the event
and sound description to produce the corresponding effect sound.
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Figure 2: Overview of the MoSouND pipeline. The system processes the input video through event detection and motion analysis,
enables user-driven motion-to-sound mapping through control curves, and synthesizes sound effects via Sketch2Sound before
assembling them into a layered timeline. Water video © Alejandro Imondi.

Video Analysis

Figure 3: The MoSoUND user interface. Automatically de-
tected events are shown along with suggested sound descrip-
tions in the Event Panel (A). The Timeline View (F) shows
the chosen events. The Motion Analysis Panel allows users
to track objects (B), generate sounds (C), and choose motion
mappings (D,E). Water video © Alejandro Imondi.

Previewing the guide sound is useful for immediate feedback, since
re-generating the effect sounds takes nearly 10 seconds. The guide
sound is provided as a prompt along with the descriptions for the
sound generation model.

Finally, MoSoUND combines the individual effect sounds to form
the soundtrack for the entire video. At any point, the user can play
or export the entire video with its soundtrack.

4.2 Event Detection

The video is first downsampled to either 10 Hz or one-third of the
original frame rate, whichever is lower, and every 20 consecutive
frames are grouped into a single batch for analysis by a visual-
language model (GPT-40). This batching strategy allows the model
to focus on isolated motion segments and extract sound-related
events more accurately.

For every batch analysis, the system prompt positions the model
as an expert in motion graphics and sound design. The user prompt
provides the frame window and instructs the model to identify key
transitions only—ignoring frames without motion—and to describe
each event with precise frame indices, object name, motion descrip-
tion, and a structured sound effect (material/texture, style/adjective,
event). Each new prompt includes all previous model responses to
maintain temporal context across clips. The complete prompts are
provided in the supplemental materials

After processing all clips, a summarization prompt instructs the
model to merge events across clips, enforce consistency in object
naming and formatting, and produce a complete chronological
list of sound-mapped events using the same structured format.
These results populate the interface’s Event Panel. Formally, each
detected event consists of:

Start and end frames (defining the temporal window),

Object name (e.g., Blue blob”),

Motion description (e.g., Squishes and flattens”),

Sound description, which combines:

- Material/Texture: Auditory or physical quality of the
object (e.g., liquid”, metallic”),

— Style/Adjectives: Tone or energy qualifiers (e.g., smooth”,
sharp”),

- Event: A succinct sound action or onomatopoeia (e.g.,
whoosh”, pop”).

4.3 Motion Tracking

To generate a sound that aligns precisely with visual motion, MoSounD
constructs a motion-consistent guide sound—a synthesized audio
signal shaped directly by object dynamics in the video. The process
involves three key stages: (1) user-guided segmentation and track-
ing to isolate the object of interest, (2) motion feature extraction
from the tracked object masks, and (3) user-defined mapping of
these motion features to sound properties. This guide sound acts
as a dynamic control signal for sound generation, ensuring both
semantic and temporal consistency between audio and motion.
First, users activate motion tracking for a selected event on the
timeline. A short video clip is extracted based on the event’s start
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and end frames. Then users could annotate one or more frames
by clicking on points inside (and optionally outside) the object of
interest. These annotations are passed to the backend segmentation
module, Segment Anything Model 2 (SAM 2) [43]. As immediate
feedback, the clicked frames are segmented to allow users to verify
the annotation quality. Once satisfied, users trigger full-clip seg-
mentation, enabling SAM 2 to propagate the mask across all frames
for reliable object tracking.

Then we extract motion features from the sequence of segmen-
tation masks produced by SAM 2. These features are computed on
a per-frame basis:

e Centroid position and velocity magnitude

¢ Rotation magnitude, estimated from changes in the mask’s
principal components

e Object size, derived from the square root of the average
eigenvalue of the mask’s pixel covariance matrix

¢ Distance and angle to the frame center

Each feature is smoothed using a configurable moving average
filter and normalized to a [0, 1] range. The resulting motion curves
are displayed in the Motion Analysis Panel, where users can
preview and tune the extracted dynamics for subsequent sound
mapping.

These curves are combined with the user’s chosen sound prop-
erty mappings (e.g., volume or stereo panning) to create a guide
sound for sound effect synthesis. The guide sound captures the
timing and dynamics of the motion and is passed as a conditioning
input to the generative model.

4.4 Sound Effect Synthesis

In our early experiments, we tested simpler generative approaches
that produced continuous tonal or music-like audio. While these
methods could generate background textures, they often failed
to produce convincing event-based effects such as footsteps. In
particular, discontinuous or transient sounds were difficult to align
with the precise actions in a scene, leading to mismatches between
the visuals and the audio.

To overcome these limitations, we adopted Sketch2Sound [22],
a state-of-the-art text-to-audio model that integrates text prompts
with interpretable, time-varying control signals such as loudness,
brightness, and pitch. In Sketch2Sound, these temporal dynamics
take the form of a time-aligned control waveform that specifies how
properties such as loudness and spatial balance evolve throughout
the clip, enabling the model to condition audio generation on this
waveform so that sound events naturally follow the timing and
structure of visual motion. This makes it especially effective for
MoSouND ’s needs, where users often want short, temporally pre-
cise effects (e.g., drops, impacts) rather than long continuous sound
textures in motion graphics. Moreover, Sketch2Sound is lightweight
to integrate and supports flexible degrees of temporal precision. We
apply Sketch2Sound directly without architectural modifications
and provide it with the following control parameters (prompts):

o The structured sound and event description (Sec. 4.2).
e The duration of the clip.
e (Optional) Guide sound.
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Sketch2Sound outputs four candidate effect sounds. The sounds are
baked together with the video clips to allow direct comparison in
the interface.

Guide Sound. The amplitudes of motion curves (Sec. 4.3) are
transformed to become the time-varying control signals for Sketch-
2Sound. Sketch2Sound accepts a stereo waveform that conditions
the audio output based on each channel’s loudness. MoSounD
combines multiple features (e.g., velocity and x-position) to be
combined into that curve, enabling richer mappings while keeping
the interface lightweight.

The smoothed and normalized motion curves are resampled to
match the audio rate and used to shape a synthesized waveform.
For example, mapping a rising velocity to volume results in a sound
that becomes perceptibly louder as the object speeds up; similarly,
mapping the x-position to stereo panning creates a spatial effect
where the sound moves between the left and right channels. To
avoid artifacts, the first and last 0.2 seconds of the waveform are
tapered with linear fade-in and fade-out ramps.

5 Technical Evaluation

We have used MoSOUND to create sound effects for a variety of
motion graphics. Examples are visualized in Figures 1 and 4, which
took us between 10-40 minutes each to create. The full videos are
provided in the supplemental materials.

5.1 Running Time and Clip Length Scalability

Event Detection takes approximately 5 seconds to process each
second of input video. Motion tracking via SAM 2 takes approxi-
mately 9 seconds of processing per second of video in the event.
Sound synthesis typically takes 10 seconds to generate four can-
didate effect sounds for a one-second video. All other operations
in MoSounD take negligible time. This includes generating guide
sounds, playing or exporting the effect sounds along with the video,
and handling UI events.

The sound-synthesis model does not impose a strict architec-
tural limit on duration; however, empirical evidence from public
examples and our own observations indicates that high-quality, tem-
porally coherent generation is most reliable for clips up to roughly
30 seconds. Beyond this range, synthesized audio may gradually
exhibit temporal drift or reduced consistency. As a result, MoSouND
is most effective for short motion-graphics sequences, which aligns
with common practice in professional workflows where animations
are brief and event-dense.

5.2 Comparison and Ablation with Generative
Sound Techniques

For comparison, we ran five recent generative sound techniques on
our motion graphics examples, namely FoleyCrafter [68], MMAudio
[12], LOVA [13], Soundify [35], and MultiFoley [11]. With a generic
prompt (“Add sound effects to this motion graphic video”), these
approaches produce silence, incoherent babbling, or noise. The
generated audio can be found in the supplemental materials. These
degenerate outputs do not merit a quantitative evaluation.

As an ablation, we combined MoSOUND’s analysis with other
approaches’ sound synthesis. We generated specific prompts by



MoSound: An Interactive Tool for Generative Sound Design in Motion Graphics

An animated triangle with arms and legs falls to the ground. The horizonal (x) movement of the pink stroke

The Ul shows all (eight) events in the timeline. creates a panning effect (left to right).

The ostrich's size is mapped to volume,
creating peaks for each footstep.

A basketball player dunks the ball and then
jumps offsreen and back on.

The player’s horizontal position controls
both the panning effect and volume of the
guide sound.

The speed of the triangle’s drop is mapped
to volume.

The wing’s vertical motion controls the

Its horizontal position controls stereo panning.
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The blinking sound effects are controlled by
a text description only.

The ostrich's speed is mapped to volume,
producing peaks in the guide sound

volume of a flapping sound.
pping that match its footsteps.

The falling and landing sound is controlled by
a text description only: “Air, bounce, whoosh;
Person jumps and falls on the ground.”

The player’s velocity controls the sound volume.

Abstract shapes expand, spin, and move.

The velocity of the green circle controls the
volume of the guide sound, which leads to
adrum sound effect.

The sound effect is controlled only by a text
description: “Smooth, Soft, Swirl;
Concentric circles swirl and shrink inward.”

The sound effect is controlled only by a text
description: “Smooth, dynamic, whoosh;
Circle moves and stripes slide off screen.”

Figure 4: Sounds effects created with MoSounD for motion graphics (top to bottom: Triangle, Ostrich, Basketball, Color).
Automatic generative sound techniques produce silence, incoherent babbling, or noise. Triangle/Ostrich/Basketball videos ©

Alejandro Imondi. Color video © Enchanted Studios (Adobe Stock asset #217867437).

using MOSOUND to generate a list of events and suggested sounds
and summarized them with ChatGPT. For some videos, MMAu-
dio (and sometimes MultiFoley) can produce results comparable to
MoSounD, but only when provided with precise and well-crafted
prompts—something that MoSoUND is designed to generate au-
tomatically. (The other approaches generated incoherent output.)
All competing methods struggled with abstract motion graphics
that lack recognizable objects, such as scenes based purely on color
or shape transformations (e.g., Figure 4, 4th row). MOSOUND can
still generate creative and meaningful sound effects in these cases.
Other systems also lack control over motion-driven cues like steps

or drops, which MoSounD handles by directly mapping visual mo-
tion to sound properties.

This ablation motivates our choice of Sketch2Sound, whose high-
quality output and controllability meet our requirements.

We considered the applicability of recent video (with audio)
synthesis approaches, OpenAI’s Sora 2 [42] and Google’s Veo 3 [24].
However, their APIs do not allow providing an input video and
generating only a soundtrack. As input, they take a text description
and optional first or last frames. To test applicability, we ran Sora 2
Pro with the first frame from a motion graphic video (the triangle
from Figure 4), a text description of the entire video (generated by
MoSounD), and event descriptions, suggested sound effects, and


https://dribbble.com/shots/3291056-Triangle
https://dribbble.com/shots/3241945-Ostrich-running
https://dribbble.com/shots/4034160-Jump
https://dribbble.com/Ale_Imondi
https://stock.adobe.com/video/flat-color-thick-animated-lines-and-shapes-motion-graphics-animation-perfect-for-logo-reveals/217867437
https://stock.adobe.com/video/flat-color-thick-animated-lines-and-shapes-motion-graphics-animation-perfect-for-logo-reveals/217867437
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precise start times and durations. Sora 2 generated a new video
with different content than the original. As the events are not the
same, the generated soundtrack cannot be used for the original
video. This provides further motivation for MoSouND.

5.3 Guide Sound and Final Sound Consistency

We quantitatively evaluated how well the final sound effects follow
the temporal and spatial structure specified by the guide sounds.
In particular, we focus on three aspects: (1) the timing of salient
events, (2) the overall loudness dynamics, and (3) the left-right
panning behavior. We measured the following on the 15 generated
sounds in the examples shown in Figures 1 and 4 that used a guide
sound. (One guide sound was mono, so the panning evaluation was
conducted on 14 generated sounds.)

Across all clips, the median onset deviation between the guide
and final sounds is 0.032 seconds (measured via 1ibrosa [40]). This
indicates that the start times of salient events in the final audio
remain tightly aligned with those in the guide and are within typical
perceptual thresholds for asynchrony perception [18]. The mean
(+ SD) envelope correlation between the guide and final sounds
is 0.536 + 0.332 (comparing root-mean-square values). This shows
a consistent similarity in overall loudness dynamics while still
allowing the generative model to introduce local variation driven
by text prompts and stochastic sampling. Panning is preserved even
more strongly: the mean correlation between inter-channel level
difference (ILD) curves is 0.731 + 0.191, demonstrating that the
left-right motion of the final sounds closely follows the panning
encoded in the guide. Since the guide sound directly encodes the
user-defined stereo panning, the high ILD correlation indicates that
the spatialization behavior of the final audio preserves the intended
left-right motion.

Taken together, these results show that our guide-based design
effectively preserves the motion-derived temporal and spatial struc-
ture in the final audio, while still supporting flexible stylistic control
through text conditioning.

5.4 Event Detection Accuracy

We quantitatively evaluated event detection accuracy by comparing
VLM-generated events to user-edited events. We assess accuracy
along two complementary dimensions: semantic similarity and tem-
poral agreement. Together these measures indicate whether the
VLM provides conceptually relevant and temporally useful guid-
ance. Because users frequently adjust, merge, or refine the VLM’s
suggestions, our measurements cannot assume a correspondence
between the VLM suggestions and the user’s events.

To obtain robust estimates, we used five example videos with
user-edited events (Figures 1 and 4). For each example, we repeated
our evaluation five times with different VLM suggestions. The
reported measures are the averages across these runs.

Semantic similarity. For each user event in an example video,
we compute its semantic similarity to all VLM-suggested events
(for that run) and take the maximum value (indicating the best
match, since we lack a correspondence). We define the semantic
similarity between two events (one VLM and one user) as the aver-
age similarity of the three attribute descriptions: the main object,
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event, and suggested sound. Attribute description similarity is de-
fined as the cosine similarity between the text embedded in a latent
space (SentenceTransformer model all-MiniLM-L6-v2 [44]). This
measurement varies between -1 (worst match) and 1 (perfect match)
and reflects whether the VLM produced a conceptually relevant
description of the event, independent of when it occurs. Across all
25 generated events, the mean semantic similarity was 0.505 + 0.141.
This indicates that VLM suggestions frequently capture substantial
aspects of the event semantics that users ultimately retain, such as
the type of motion, the object involved, or the qualitative sound
characteristics. The moderate spread of values reflects the diversity
of scene structures, spanning from concrete physical interactions
to more abstract or stylized animations.

Temporal alignment. To measure broad temporal alignment, we
compute the Jaccard similarity (intersection over union or IoU)
between the union of all VLM event intervals and the union of
all final event intervals. The mean temporal IoU is 0.337 + 0.128.
Although modest, these values are expected given that the events
are short (typically 0.2-0.6 seconds), making IoU highly sensitive
to even small onset differences. This metric should therefore be
interpreted as a coarse indicator of timeline overlap rather than
precise temporal accuracy.

Center alignment error. To provide a more interpretable measure
of temporal deviation, we compute the absolute distance between
each final event’s center time and the closest VLM event center.
The mean center alignment error is 0.660 + 0.247 seconds, with
most runs falling between 0.5 and 1.0 seconds. This shows that
VLM suggestions usually fall in the general neighborhood of the
final event locations but are not tightly aligned. This looseness is
consistent with the fact that VLMs are not trained for fine grained
temporal grounding and that our examples span a wide range of
motion dynamics.

Taken together, these results show that VLM suggestions provide
semantically meaningful but temporally coarse guidance. Users
typically refine timing and specificity during editing, while the VLM
helps surface relevant conceptual events and sound characteristics
as starting points for the design process.

6 User Study
6.1 Protocol

To evaluate MoSouUND, we conducted a user study in which three
experts (E1-E3) and four novices (N1-N4) used MoSounD and
provided feedback. The expert users had 22, 12, and 30 years of
professional sound design experience, respectively. We began each
session by teaching the participants how to use MoSounD. Par-
ticipants were given a step-by-step live demonstration using the
example from Figure 1, in which we thoroughly explained each but-
ton and the logic of MoSouND. We then asked them to create sound
effects themselves on the same video. (E2 and E3 felt comfortable
skipping this step.) Next, participants chose a video from a set of
motion graphic videos we collected with permission from right-
sholders and used MoSouUND to create sound effects. The authors
played the role of an interactive help system; participants were
told to ask questions as needed. After using MOSOUND, participants
were asked to fill out a questionnaire to provide feedback about
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the system. The questionnaire included numerical and open-ended
questions. We analyzed these qualitative responses using thematic
analysis to identify recurring user perceptions about MOSOUND’s
workflow and controls.

The survey questionnaire, responses, and user-created videos can
be found in the supplemental materials. Our protocol was approved
by our institutional ethics board.

6.2 Quantitative Evaluation

All users were able to successfully use MoSounD to add sound
effects. On average, users took 9 minutes creating sounds effects
for the tutorial video and 21 minutes for the free choice video. For
the free choice video, users created 3-7 events. Responses to our
quantitative Likert questions (Q1-Q7) are visualized in Figure 5.
The p-values shown are computed via a t-test against the theoreti-
cal mean response of neutral and adjusted with a Holm-Bonferroni
family-wise error correction. Users were satisfied and found appeal-
ing the quality of generated sounds (Q1, Q2), the events and their
descriptions (Q3), the effectiveness of the motion tracking (Q5), and
its role in producing motion-synchronized audio (Q6). The weakest
aspect of MoSOUND is the accuracy of automatic event placement
on the timeline (Q4).

6.3 Comparison to Professional Tools

Although our study lacked a direct comparison to expert tools,
expert participants E1 and E2 estimated that recreating the audio
effects manually in their preferred professional tools (e.g., ProTools)
would have taken 30 minutes, involving sound sourcing, editing,
mixing, and synchronization. In contrast, E1 created the artifact
using our system in 5 minutes, which included creative exploration
and refinement. E1 commented, “T was able to get to my [minimum
viable product] MVP design faster than with my tool.” E1: “MoSouND
makes it easier for people to do the tracking and syncing. In other tools
[Tsugi], you have to watch the video and you (manually) draw it. But
its hard to be accurate.” E2 worked more slowly and methodically as
in his typical workflow, marking every sound opportunity with an
event. E2 wished for finer controls throughout the interface, like the
ability to zoom and make frame-by-frame adjustments in the time-
line, or the ability to edit motion curves directly. E3 tried the same
video twice, aiming to explore the full range of possibilities offered
by MoSounp. E3 highlighted the system’s strengths in generating
appealing foreground sounds, but wished for a way to create ambi-
ent and atmospheric layers. E3 also wished for fine-grained controls
(e.g., layer mixing, panning, timeline precision, attack decay sustain
release controls). E3 emphasized that he viewed MoSouND as an
augmentation rather than a replacement of traditional practices,
and praised its scalability and potential for professional integration.
E3 had particular expertise in vocal Foley and suggested allowing
users to record effects.

6.4 Event Detection and Sound Synthesis

Both novices and experts added additional events and modified the
event and sound descriptions. Novices did this when the automatic
generation omitted objects they wished to consider. E1 created
duplicate, overlapping events in order to add an ambient sound.
Professional sound designers often create appealing sounds by
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layering samples from an existing audio library. E2 commented
that the generated effect sounds were surprisingly appealing and
usable as is. (E2 still recommended changing MoSouND to allow
choosing more than one candidate effect sound.) E2 appreciated
that MoSoUND suggested events but wished for more accurate
timeline placement. E2 created many additional events to cover the
scene with individual short-duration clips to ensure that all relevant
events were adequately captured and represented. “Half of the job of
a sound designer is go through through every single frame and watch
for the things happening.” To enhance audio design, E1 proposed
allowing the system greater creative freedom, suggesting it could
generate more detailed and nuanced audio elements (e.g., “magical
shimmering”) that are not explicitly depicted in the video. Beyond
simply adding multiple clips, E3 emphasized that professional sound
design depends on careful layering and mixing. E3 questioned: “Can
I explicitly control the loudness mix? Can I synthesize a combined
sound? A lot of times we listen back 100 times to get the balance.” This
highlights that while MoSOUND currently supports event addition
and duplication, experts expect more fine-grained control over
dynamic mixing parameters. N1 wish for multi-object tracking and
object identity detection across clips for consistent sound synthesis.

6.5 Event and Sound Descriptions

The suggested event and sound descriptions were deemed appropri-
ate by all users (Q3). This functionality sped up the creative process
and facilitated exploration, especially for novice users who often
find describing sound to be difficult. E1 commented, “You don’t
know how to describe what you’re seeing ...a lot of things are really
abstract. So being able to have like a video understanding is really
helpful” and “sometimes it’s really hard to find, to describe the sounds
in the library.”. E3 noted that “video analysis and custom user events
is a really powerful idea” and emphasized the need for automatic
ways to evaluate and refine generated outputs, or to direct the Ul
to generate an automatic description for a manually selected time
range.

6.6 Motion Tracking

Study participants had an overall favorable opinion of MOSOUND’s
object tracking (Q5). All participants had a favorable opinion of
motion synchronization (Q6). Novice users were able to synchronize
their sounds to motion, a fairly advanced and tedious endeavor. E2
wished for the ability to edit the motion curves directly. E3 strongly
valued the automatic motion-tracking-to-audio automation feature,
calling it a “million dollar idea” and suggesting it could stand alone
as a plugin for professional software.

6.7 Creative Control

Participants commented on their sense of creative control and
agency, even with the available automation and defaults. N1 stated
that MOSOUND “make[s] me feels like a powerful designer”. N3 re-
marked that “there [are] a lot of options to make adjustment[s] for the
sound effect”. E1: ‘I felt that I have full creative control over it. (The
system) just made it easier for me, but I still was able to make decisions
on what type of sound and with how I wanted to move, and focus on
the details. You unleash more creative power to me because it (the
default) already sounds good and then it was all about enhancing and
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Figure 5: Quantitative Likert questions from our user study (Section 6). p values were adjusted with a Holm-Bonferroni family-

wise error correction.

adding details.” E2 suggested that MOSOUND is more appropriate
for users with medium expertise, “but not for a really professional
level like Hollywood movies”. While N2 appreciated how MoSound
transforms a complex video into multiple manageable segments
for sound design, E3 expressed a preference for maintaining long,
continuous control across the entire sequence, reflecting different
creative approaches to structuring audio.

7 Discussion and Implications for Design

MoSouNnD shows how automatic event detection, motion curve
extraction, and generative audio synthesis can be combined into a
single workflow that lets users control sound timing and dynamics
directly from the video. This integration, rather than any individual
component, gives users a level of synchronized and editable motion
driven control that existing text-only or one-shot workflows do
not support. Novices treated MOSOUND as a replacement for tradi-
tional workflows, relying on its end-to-end automation to produce
soundtracks without prior expertise. Professionals, by contrast, ap-
proached it as an augmentation, valuing the motion-tracking and
curve-extraction features but also identifying gaps around layer-
ing, precision, and multimodal control that point toward future
opportunities.

7.1 Generative Audio tools as Replacement or
Augmentation

Our findings indicate that MoSouND plays different roles depending
on user expertise. For novices, the system acts as a practical replace-
ment for traditional workflows, not because it removes compli-
cated control but because it offers a guided, semi-automatic process
that remains editable at every step. Instead of one-shot generation,
MoSounbD surfaces event candidates, proposes sound descriptions,
and produces motion-aligned audio that users can refine, adjust,

or regenerate. This scaffolded pipeline enabled beginners to cre-
ate synchronized soundtracks without requiring prior technical or
artistic knowledge, while still keeping them in control of timing,
content, and stylistic choices.

For professionals, however, MOSOUND was less suited as a re-
placement, since expert workflows rely on fine-grained layering,
mixing, and integration with existing tools. This is in line with re-
cent findings for generative audio tools [32]. Participants valued the
system’s automatic motion tracking and curve extraction as a use-
ful augmentation, but also noted the lack of detailed controls such
as track-based loudness balancing, spatial panning, and envelope
shaping (e.g., ADSR). While effective for short, event-based sounds,
MoSouND was less suited for continuous textures or complex lay-
ering. These gaps reflect a broader limitation of current Al models,
which are optimized for high-level semantic generation rather than
the low-level parametric control demanded in professional practice.

Together, these divergent patterns illustrate a broader implica-
tion for generative sound and motion tools: the same system can
simultaneously act as a point of entry for beginners and as an au-
tomation layer for experts. Designing for this dual role requires
balancing end-to-end scaffolding with opportunities for expert con-
trol. This insight could be transferable to the development of future
Al-assisted creative tools across domains where user experience
varies widely.

7.2 Expanding Motion Features Beyond Current
Parameters

MoSoUND currently maps a limited set of motion descriptors (po-
sition, velocity, size, and rotation) into sound parameters. While
these proved sufficient for generating basic time-varying audio
control signals , our findings point to opportunities for expanding
the parameter space in future systems. In particular, incorporating
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physics-inspired descriptors such as collisions, tension, or spring
dynamics could enable more expressive and intuitive mappings.
For example, the sharp increase in pitch during a car braking event
is difficult to express through position or velocity curves alone,
but can be naturally described by a rising tension parameter. The
importance of timbre variations is widely recognized [60], and can
be captured by simulation methods [64, 70]. However, such meth-
ods are specific to certain scenarios, and do not apply to general
motion graphics. Also, these parameters may be especially valuable
for animation or film sound design, where the physical dynamics
of motion influence the viewer’s sense of perceptual plausibility.
Sound synthesis would need to be adapted to consider additional
properties of the guide sound. Automatically detecting and quanti-
fying such properties over the length of the video would require
new visual understanding models.

Sound designers in animation, film, and games often describe
motion using concepts such as impact strength or tension buildup,
even though current tools do not explicitly represent these cues.
If future audio systems could capture such higher-level motion
semantics, either by detecting them automatically or by letting
designers annotate them, then generated sound could better reflect
how professionals think about timing and expressive emphasis.
Building this intermediate layer between geometric motion and
sound synthesis would allow tools to interpret motion in terms of
meaningful patterns, supporting workflows that are more consis-
tent and transferable across creative domains without increasing
interface complexity.

7.3 Multimodal Workflows

MoSounD demonstrates the potential of multimodal authoring
by combining motion features with text prompts to generate syn-
chronized audio. This approach already provided users with a new
expressive channel, where visual motion could guide time-varying
audio control signals of the generated audio while text captured
semantic intent. In current practice in animation, film, and games,
sound designers rarely describe what they want purely in words
or numeric parameters. Instead, they rely on vocal sketches [22]
or vocal Foley (E3), directly drawing on the screen or uploading
reference sounds [3, 16, 57], or importing audio tracks. These exam-
ples are not just convenient workarounds; they are a primary way
professionals encode timbre, pacing, and style. This suggests that
in audio design, creative intent is naturally expressed as a mixture
of voice, movement, and concrete sound examples rather than as
text alone.

For generative audio systems, this reframes what a “prompt”
should be. Systems that only accept textual descriptions or abstract
controls risk ignoring the forms of expression that practitioners al-
ready use to think, communicate, and iterate about sound. Treating
vocal sketches, reference sounds, and other example-based inputs
as first-class prompts would bring generative methods closer to
established workflows in animation and film sound design. It would
also open up a design space where models are trained and evaluated
not only on output quality, but on how well they respond to the
multimodal traces that designers naturally produce when working
with sound.
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7.4 Events and Sound Description Accuracy

Our current pipeline relies on GPT-4o0 for generating event and
sound descriptions. While this approach provided a baseline for
semantic alignment, the outputs were often imprecise. Descriptions
lacked nuanced detail, temporal boundaries were approximate and
mismatched, and events were treated as isolated occurrences rather
than part of a continuous scene. Moreover, the generated descrip-
tions tended to emphasize salient objects rather than identifying
the core object driving the action.

This observation points toward a broader design implication for
Al-assisted creative tools: when models generate semantic struc-
tures such as events, annotations, or timelines, these outputs must
remain legible, editable, and available at multiple levels of gran-
ularity. Providing clearer temporal grounding and more precise
object references would improve accuracy, while structured but
flexible representations would allow users to refine model sugges-
tions without discarding them.

Such principles generalize beyond sound design. Systems for
animation authoring, video editing, and multimodal content cre-
ation increasingly depend on model-generated intermediate rep-
resentations. Ensuring that these representations are transparent,
correctable, and incrementally refinable is essential for integrating
generative models into creative workflows where precision and
interpretability matter.

7.5 Intellectual Property Concerns

Intellectual property concerns pose not only legal questions but
also structural barriers to adopting MoSOUND in professional set-
tings. As U.S. Copyright Office guidance notes, Al-generated audio
may not qualify for copyright protection [58], and training on unli-
censed datasets can expose users to liability if generated outputs
resemble copyrighted material [59]. When the provenance of model-
generated audio is opaque, users cannot determine whether the
output is copyrightable, whether it unintentionally resembles items
in the training set, or whether it can be safely deployed in commer-
cial pipelines. This uncertainty limits the integration of generative
audio tools regardless of their technical capability.

To address these barriers, future systems need mechanisms that
reduce legal ambiguity at its source. One direction is to train or fine-
tune models exclusively on open-licensed or user-owned sound li-
braries, making the provenance of generated material auditable. Ap-
proaches such as Datamind Audio’s Concatenator [16] demonstrate
the feasibility of workflows that restrict models to user-provided
datasets, ensuring that generated sounds inherit clear licensing
status. Allowing users to select a “transparent-data” model would
give creators greater confidence that outputs can be cleared for
commercial use.

A complementary direction is to incorporate model-side safe-
guards that prevent close reproduction of training examples. Tech-
niques such as dataset de-duplication [8] or embedding-level repul-
sion [21] that steers generation away from copyrighted clusters can
further reduce the risk of memorized patterns. These approaches
proactively reduce memorization risk within the model itself, help-
ing ensure that generated audio does not inadvertently mirror copy-
righted material.
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Although our focus is on sound effects, these strategies general-
ize to Al systems that generate images, animation, or video. As gen-
erative models increasingly support creators of all kinds building
copyright-aware training regimes and copyright-safe generation
modes will be essential for enabling broader and safer adoption in
everyday creative workflows.

8 Conclusion

We have presented MoSoOUND, an interactive tool for enriching
motion graphics with sound effects. MOSOUND assists users with
all stages of sound design. It makes use of a VLM to automatically
generate events in the form of event and sound descriptions placed
on the timeline. MoSouND allows users to track objects and provide
precise sound guidance based on motion features. Finally, MoSounD
leverages a state-of-the-art sound synthesis technique to create
effect sounds for the motion graphics sound track. Beyond this
pipeline, our work also clarifies how motion cues in motion graphics
can meaningfully guide generative sound, outlining a motion-to-
sound design space specific to this domain.

Our study shows that MoSounD lowers barriers for novices by
automating end-to-end workflows, while offering experts a novel
prototyping tool and augmentations in the form of motion-driven
automation data. Our observations clarify how different users en-
gage with generative workflows and inform how future systems
might better align Al capabilities with real production practices.

Building on MoSouND’s strength in generating short, event-
based effects, future work should explore continuous and con-
sistent textures and sound identity, fine-grained layering, more
precise video analysis, richer motion parameters, and multimodal
input. An important goal for future work is to better bridge Al-
assisted automation with expert practice, combining the flexibility
of Al analysis and generation with the precision, personalization,
and workflow integration required by professionals when creating
production-ready soundtracks.
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